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ABSTRACT

Traditional automatic music recommendation systems’
performance typically rely on the accuracy of statistical
models learned from past preferences of users on music
items. However, additional sources of data such as de-
mographic attributes of listeners, their listening behaviour,
and their listening contexts encode information about lis-
teners, and their listening habits, that may be used to im-
prove the accuracy of music recommendation models.

In this paper we introduce a large dataset of music lis-
tening histories with listeners’ demographic information,
and a set of features to characterize aspects of people’s lis-
tening behaviour. The longevity of the collected listening
histories, covering over two years, allows the retrieval of
basic forms of listening context. We use this dataset in the
evaluation of accuracy of a music artist recommendation
model learned from past preferences of listeners on music
items and their interaction with several combinations of
people’s demographic, profiling, and contextual features.
Our results indicate that using listeners’ self-declared age,
country, and gender improve the recommendation accu-
racy by 8 percent. When a new profiling feature termed
exploratoryness was added, the accuracy of the model in-
creased by 12 percent.

1. LISTENING BEHAVIOUR AND CONTEXT

The context in which people listen to music has been
the object of study of a growing number of publications,
particularly coming from the field of music psychology.
Konec̆ni has suggested that the act of music listening has
vacated the physical spaces devoted exclusively to mu-
sic performance and enjoyment long ago, and that music
nowadays is listened to in a wide variety of contexts [13].
As music increasingly accompanies our everyday activi-
ties, the music and the listener are not the only factors,
as the context of listening has emerged as another vari-
able that influences, and is influenced, by the other two
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factors [11]. It has been also observed that people con-
sciously understand these interactions [6] and use them
when choosing music for daily life activities [23]. The
context of music listening seems to influence the way in
which people chooses music, and so music recommenders
should suggest music items to fit the situation and needs of
each particular listener.

Modelling the user needs was identified by Schedl et
al. as one key requirement for developing user-centric mu-
sic retrieval systems [20]. They noted also that person-
alized systems customize their recommendations by using
additional user information, and context-aware systems use
dynamic aspects of the user context to improve the qual-
ity of the recommendations. The need for contextual and
environmental information was highlighted by Cunning-
ham et al. and others [5, 12, 16]. They hypothesized
that listeners’ location, activity, and context were proba-
bly correlated with their preferences, and thus should be
considered when developing music recommendation sys-
tems. As a result, frameworks for abstracting the context
of music listening by using raw features such as environ-
mental data have been proposed in the literature [16, 22].
While some researchers have reported that context-aware
recommendation systems perform better than traditional
ones [15, 22, 24], others have shown only minor improve-
ments [10]. Finally, others have carried out experiments
with only the most highly-ranked music items, probably
leading to models biased by popularity [15, 25].

We will now discuss the impact of using listeners’
demographic and profiling characteristics— hereafter re-
ferred to as user-side features [19]—in improving the ac-
curacy of a music recommendation model. User-side fea-
tures were extracted from self-declared demographics data
and a set of custom-built profiling features characterizing
the music listening behaviour of a large amount of users
of a digital music service. Their music listening histories
were disaggregated into different time spans to evaluate if
the accuracy of models changed using different temporal
contexts of listening. Finally, models based on latent fac-
tors were learned for all listening contexts and all combi-
nations of user-side features. Section 2 presents the dataset
collection, Section 3 introduces a set of custom-built fea-
tures to profile listeners’ listening behaviour, and Section 4
describes the experimental set up and presents the results.
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2. DATASET

We are interested in evaluating the impact of using demo-
graphic and profiling features, as well as contextual in-
formation, for a large number of people, on the predic-
tion accuracy of a music artist recommendation model. A
few publicly available datasets for music listening research
provide information relating people and music items. Dror
et al. presented a dataset of 1M people’s aggregated rat-
ings on music items [7]. McFee et al. introduced a dataset
of song playcounts of 1M listeners [17]. Neither of these
two datasets, however, provided timestamps of the mu-
sic logs or demographic information about the listeners.
Celma provided a dataset of playcounts with listeners’ de-
mographic data for 360K listeners and a set of listening
histories with full time-stamped logs; however this last
dataset only included logs for 1K listeners [3]. Cantador
et al. presented another small dataset with song playcounts
for 2K users [2]. Finally, EMI promised a dataset of 1M
interviews about people’s music appreciation, behaviour,
and attitudes [9], but only partial information was made
available.

None of the aforementioned datasets provide, at the
same time and for a large amount of listeners, access to full
music listening histories as well as people’s demographic
data. This means it is not possible to extract all of the user-
side features that we were interested in, and so we decided
to collect our own dataset made with music listening his-
tories from Last.fm. Last.fm stands out from most online
digital music services because it not only records music
logs of songs played back within its own ecosystem, but
also from more than 600 media players.

Next, we will present the criteria and acquisition meth-
ods used to collect a large number of music listening his-
tories from the Last.fm service.

2.1 Data criteria, acquisition, and cleaning

Aggregating people’s music listening histories requires
collapsing their music logs into periods of time. In order to
obtain data evenly across aggregated weeks, months, sea-
sons, or years, we searched for listeners with an arbitrary
number of at least two years of activity submitting mu-
sic logs since they started using the system, and also with
an average of ten music logs per day. These two restric-
tions forced our data-gathering crawler to search for lis-
teners with a minimum of 7,300 music logs submitted to
the Last.fm database. Also, these constraints assured us
that we would collect listening histories from active listen-
ers with enough data to perform a good aggregation over
time.

Data acquisition was performed by means of us-
ing several machines calling the Last.fm API during a
period of two years (2012–2014). We collected lis-
tening histories by using the Last.fm’s API method
user.getRecentTracks(). This API call allowed us to
obtain full listening histories. Along with this data, we also
stored all available metadata for each listener, including the
optional self-declared demographic features: age, country,
and gender.

We performed several processes of data filtering and
cleaning in order to avoid noisy data. For example, we re-
alized that there were listeners with numerous duplicated
music logs (i.e., same timestamp for many music item
IDs), and listening histories with a great deal of music logs
that were too close in time (i.e., less than 30 seconds apart,
which is the minimum that Last.fm requires to consider a
played track as a valid music log). Hence, we decided to
filter out all duplicated logs as well as logs that were less
than 30 seconds apart in time.

2.2 Dataset demographics

Our dataset consists of 27 billion music logs taken from
594K users’ music listening histories. This large reposi-
tory of music listening records accounts for the interaction
of listeners with more than 555K different artists, 900K
albums, and 7 million tracks. There are music listening
histories from people in 239 self-declared different coun-
tries, with listeners from all time zones represented. How-
ever, listeners from Africa, South Asia, and East Asia are
under-represented in our dataset. In fact, the 19 “top coun-
tries” combined account for more than 85 percent of the
total number of listeners in the dataset. Table 1 summa-
rizes some of the overall and demographic characteristics
of users in the dataset.

Items No. Demographic % Age groups %
Logs 27MM Age 70.5 15–24 57.5

Tracks 7M Country 81.8 25–34 35.8
Albums 900K Gender 81.6 35–44 5.5
Artists 555K 45–54 1.2

Listeners 594K

Table 1. Dataset summary (Demographic: the percentage
of people who provided demographic information)

Table 1 shows that large proportion of listeners self-
declared their age, gender, and country. Previous research
on online profiles concluded that people usually want to
be well typified by their online profiles [4], and so we as-
sumed there is a high degree of truth in these demographic
features. Listeners from all ages are not equally repre-
sented in the dataset. The age distribution is biased towards
young people, with an average age of 25 years old.

3. FEATURES FOR LISTENER PROFILING

We hypothesized that by better understanding the listening
behaviour of people, we will be able to more accurately
model the user needs. Hence, the recommendation can be
tailored to each listener and the prediction accuracy will
probably improve.

A set of computational features that attempt to de-
scribe some aspects of music listening behaviour in rela-
tion to musical artists was already proposed in previous re-
search [21]. However, the ranking of the music items was
not take into consideration and feature values were binned
into categories. In our approach we try to represent similar
characteristics of listening behaviour but we also consider
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the position of the music items within each listener’s rank-
ing as well as using normalized feature values to express
the precise value of a certain listening behaviour charac-
teristic in relation to a music item.

3.1 Feature design

We restricted ourselves to designing three novel features
to describe listener behaviours: exploratoryness, main-
streamness, and genderness. Values for these features were
computed for the three types of music items in the dataset:
tracks, albums, and artists. Therefore, each listener’s lis-
tening behaviour was described by a vector of nine values.

We will describe the goals behind each one of these
features, give details about their implementation, visualize
data patterns, and provide some analysis about the results.

3.1.1 Exploratoryness

To represent how much a listener explores different music
instead of listening to the same music repeatedly we devel-
oped the exploratoryness feature.

For each user x’s listening history, let L be the number
of submitted music logs, Sk be all submitted music items
of type k, where k={tracks, albums, artists}, sk,i be the
number of music logs for the given music item key k at
ranking i. We computed the exploratoryness ex,k for lis-
tener x on a given music item of type k as:

ex,k = 1− 1

L

Sk∑

i=1

sk,i
i

(1)

Exploratoryness returns a normalized value, with val-
ues closer to 0 for users listening to the same music item
again and again, and values closer to 1 for users with more
exploratory listening behaviour.

3.1.2 Mainstreamness

With the goal of expressing how similar a listener’s listen-
ing history is to what everyone else listened to, we devel-
oped the mainstreamness feature. It analyses a listener’s
ranking of music items, and compares it with the overall
ranking of artists, albums, or tracks, looking for the posi-
tion of co-occurrences.

For each user x’s listening history, let N be the number
of logs of the music item ranked first in the overall rank-
ing, L be the number of submitted music logs, Sk be all
submitted music items of type k, where k={tracks, albums,
artists}, sk,i be the number of music logs for the given mu-
sic item key k at ranking i, and ok,i be the number of music
logs in the overall ranking of music item type k ranked at
position i. We defined the mainstreamness feature mx,k

for listener x on a given music item of type k as:

mx,k =
1

NL

Sk∑

i=1

sk,iok,i (2)

Listening histories of people with a music item’s rank-
ing similar to the overall ranking receive mainstreamness
values closer to 1. Listeners’ mainstreamness whose rank-
ing differ more from the overall ranking receive values
closer to 0.

3.1.3 Genderness

With the aim of expressing how close a listener’s listen-
ing history is to what females or males are listening to,
we developed the genderness feature. The genderness fea-
ture computation basically relies on mainstreamness, but
instead of computing just one overall ranking from all lis-
teners, it uses two rankings: one made with music logs
from listeners self-declared as female, and another one
from male data.

For each user x’s listening history and music item of
type k, let mx,k,male be the mainstreamness computed
with the male ranking, mx,k,female be the mainstreamness
calculated with the female ranking.

We defined the feature genderness gx,k for listener x on
a given music item of type k as:

gx,k = mx,k,male −mx,k,female (3)

3.2 Profiling listeners

To illustrate how the features we developed can be used
to profile listeners, we calculated exploratoryness, main-
streamness, and genderness of users in our dataset. In order
to not violate the homogeneity of variance we binned lis-
teners into four age groups with balanced number of sam-
ples for each group. To obtain balanced groups, we drew a
random sample of 100 people of each age, and created 10-
year groups with 1000 people each. We then bootstrapped
these groups with 1000 replications of the original sam-
ple and calculated 95 percent CI error bars. Although we
quantified these characteristics in the relation of listeners
with artists, albums, and tracks, and their interaction with
listeners’ age group, preliminary tests indicated that the in-
teraction with artists was most significant. Therefore, for
the rest of the paper we present only the results of the in-
teraction between listeners and artists.

Figure 1 shows feature means by age group as well as
95 percent CI bars. In terms of artist exploratoryness, Fig-
ure 1(a) shows that while younger listeners in our dataset
tend to listen more often to the same performers than
adults, older listeners tend to explore more artists. Also,
the rise in exploratoryness tends to stabilize in the mid-
thirties. Figure 1(b) shows that while younger people listen
more to the same artists that everyone is listening to, older
people tend to listen to less common performers. This ef-
fect could be generated by the behaviour of older people
or the fact that there are fewer older people in the original
dataset, and so the artists they listen to are less represented
in the overall ranking. Figure 1(c) shows artist gender-
ness by age and gender. Listeners self-declared as male
tend to listen more to music that is ranked higher in the
male ranking, in all age groups, however their preference
for the male ranking diminishes with age. Females, on the
contrary, listen more to artists ranked higher in the female
ranking when they are young, but adult women listen more
to artists ranked higher in the male ranking. Overall, men
and women have opposite trends of genderness in the dif-
ferent age groups, which seem to stabilize as they mature.
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Figure 1. Feature means and 95% CI bars for a random group of listeners in our dataset. Each age group has 1K listen-
ers. Error bars were calculated by taking 1K populations replicated from the original sample using bootstrap. (a) Artist
exploratoryness by age group of listeners, (b) artist mainstreamness by age group of listeners, and (c) artist genderness by
listeners’ age group and gender.

We hoped that the aforementioned features captured
some information about people’s listening behaviour and
will help to improve the accuracy of a music recommender
model. However, as genderness was derived directly from
mainstreamness, we did not use it in the experimental pro-
cedure for evaluating a music recommendation model with
user-side data.

4. EXPERIMENTAL PROCEDURE

Our goal is to evaluate if demographics, behavioural pro-
files, and the use of observations from different contexts
improve the accuracy of a recommendation model. Our
sources of data involve a matrix of user preferences on
artists derived from implicit feedback, a set of three cat-
egorical demographic features for each user: age, country,
and gender, and a set of two continuous-valued features
for describing people’s listening behaviour: exploratory-
ness and mainstreamness. Preference matrixes were gen-
erated by considering full week of music listening histories
data, as well as data coming from music logs submitted on
weekdays and weekends only.

We followed a similar approach to Koren et al., in which
a matrix of implicit feedback values expressing prefer-
ences of users on items is modelled by finding two lower
dimensional matrixes of rank f Xn×f and Ym×f , which
product approximates the original preference [14]. The
goal of this approach is to find the set of values in X and
Y that minimize the RMSE error between the original and
the reconstructed matrixes. However, this conventional
approach of matrix factorization for evaluating the accu-
racy of recommendation models using latent factors does
not allow the researcher to incorporate additional features,
such as user-side features. In order to incorporate latent
factors as well as user-side features into one single rec-
ommendation model, we used the Factorization Machines
method for matrix factorization and singular value decom-
position [18]. In this approach, interactions between all
latent factors as well as additional features are computed
within a single framework, with a computational complex-

ity that is linear to the number of extra features.
In order to perform a series of experiments with differ-

ent sets of model parameters and user-side features in a
timely fashion, we randomly sampled 10 percent of per-
user music listening histories in the dataset, and we split
this new subset into two disjoint sets: training (90 per-
cent) and testing (10 percent) datasets. The training dataset
had more than 60M observations from 59K users on 432K
artists, with a density of observations of about 0.24 per-
cent. We aggregated each dataset of listening histories by
creating <user, artist, playcounts> triples. Then,
we transformed the number of playcounts in each triple
into a 1–5 Likert scale value by means of calculating the
complementary cumulative distribution of artists per lis-
tener [3]. Hence, artists in each distribution quintile were
assigned with a preference value according to how much
each user listened to them.

In order to learn the best set of parameters of the rec-
ommendation model, we performed a grid search on the λ
regularization parameter as well as the f number of latent
factors with no user-side data, just using plain matrix fac-
torization for the matrix of preferences of users on artists.
Finding a good λ value helps to avoid overfitting the ob-
served data by penalizing the magnitudes of the learned
parameters. Finding the best f number of factors helps to
obtain a better recommendation accuracy while also pro-
viding a set of to-be-interpreted latent factors. We used the
Graphlab Create framework 1 to search over the number
of latent factors in the range [50, 200] , and regularization
values in the range [1×10-5, 1×10-8]. The best combina-
tion of parameters was achieved for λ=1×10-7 and f=50
latent factors. We used the Adaptive Stochastic Gradient
Descent optimization algorithm [8] and set the maximum
number of iterations at 50.

4.1 Demographic and profiling features

With these model parameter values, we evaluated the rec-
ommendation accuracy in the testing dataset of models

1 https ://pypi.python.org/pypi/GraphLab-Create
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Figure 2. Root mean square error means and 95 percent CI bars for learned models evaluated in the testing dataset, with 32
combinations of the user-side features: age, gender, country, exploratoryness, and mainstreamness , ranked in decreasing
order. Feature combinations are labelled according to the first letter of the word they represent. Baseline for comparison is
combination u: user’s preferences only, without any user-side features.

learned from the training data for all combinations of user-
side demographic and profiling features. Since we had five
user-side features: age, gender, country, exploratoryness,
and mainstreamness, there were 32 different combinations.

Learning a model using an optimization algorithm can
sometimes cause the results to converge into local minima
instead of the global minimum. We informally evidenced
that the variance in results of the optimization algorithm
was larger than the variance in using different samples of
the dataset. Hence, we repeated the process of learning
and testing the accuracy of the learned models 10 times for
each user-side feature combination. Using this procedure,
we also wanted to compare and evaluate if results in model
error were similar throughout several trials. The experi-
ment baseline was established as the approach in which
plain matrix factorization was used to estimate the recom-
mendation accuracy of the learned models by just using the
matrix of preferences of listeners on artists, without any
user-side feature combination. By using this approach, we
will be able to compare if the use of any feature combina-
tion resulted in a decrease in RMSE error, thus indicating
an increase in the accuracy of the model.

Figure 2 summarizes the results of all trials. It shows
all feature combination means, ranked in decreasing order,
with 95 percent CI error bars generated from a bootstrap
sample of 100 replications of the original sample. Feature
combinations are labelled according to the first letter of the
word they represented. For example, user preference data
with age, gender, and exploratoryness is labelled u.a.g.e;
user data with no user-side feature combinations is just la-
belled u. It can be seen that u, the baseline without user-
side features, achieved an average RMSE value of .931 and
exhibited a small variability, indicating that models in this
setup were stable across all trials. All feature combinations
to the right of the u show a smaller RMSE error, thus pro-
viding evidence for an increase in the learned accuracies of
those models. Several feature combinations achieved bet-
ter accuracy than the baseline. In particular, those combi-
nations using just one of the demographic features: country
(u.c), age (u.a), or gender (u.g) achieved improvements of
about 7, 8, and 9 percent, respectively. Also, the combina-

tion of only demographic features (u.a.g.c), and all demo-
graphic and profiling features (u.a.g.c.e.m) improved the
baseline model by almost 8 percent. However, the combi-
nation of features that achieved the best result was all de-
mographic features together, plus the listener profiling fea-
ture of exploratoryness (u.a.g.c.e), exhibiting an improve-
ment of about 12 percent above the baseline. The small
variability in the model error of this combination through-
out all trials suggested that models based on this user-side
feature combination were quite stable. On the other hand,
the combination of profiling features (u.m.e) achieved the
worst performance, with a 29 percent increase in error, and
a large variability in the estimated model error throughout
trials. The variability in the results with these features sug-
gests that the data topology using only profiling features
is complex, probably making the iterative process of op-
timization converge into non-optimal local minima in the
data.

4.2 Listening preferences in the contexts of entire
week, weekdays only, and weekends only

We hypothesized that if people listen to different music
during the weekdays than on weekends, we could create
more accurate models by using data from only the week-
days or weekends, respectively. To test this hypothesis, we
performed the same experimental approach that we car-
ried out with the full-week dataset. However, this time
we created two additional preference matrices of listeners
for artists. The first additional matrix was made by using
only music logs submitted during weekdays, and the sec-
ond matrix was made by using only weekend music logs.
Therefore, two extra sub-datasets were created using the
original full-week dataset: weekday and weekend datasets.
We then followed the same procedure described before: we
split the data into training and testing datasets, we learned
models from the training dataset for all 32 possible combi-
nations of user-side features, and evaluated the accuracy of
those models in the testing dataset. The number of obser-
vations, listeners, and artists, and also each of the matrix
densities are shown in Table 2.
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Dataset Observations Listeners Artists Density
Full-week 61M 59K 432K 0.237%
Weekdays 54M 59K 419K 0.216%
Weekends 35M 59K 379K 0.154%

Table 2. Number of observations, listeners, artists, and
density for each context-based preference matrix.

As expected, the number of observations decreased in
the datasets with partial data in relation to the full-week
dataset. The number of listeners remained constant, which
implies that most listeners in the dataset submitted music
logs during weekdays as well as on weekends. Interest-
ingly, the total number of artists for which there were sub-
mitted music logs on weekdays and weekends decreased
between 3 and 12 percent in relation to the full week data,
which implies that many artists in the dataset were only
listened during one of the two weekly periods.
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Figure 3. Root mean square error means and 95 percent
CI bars for learned models with weekday, weekend, and
full-week data. Only those feature combinations with a
better RMSE value than the baseline for full-week data are
shown.

Figure 3 summarizes model accuracies obtained using
music log data from the three aforementioned contexts.
Many of the models made with weekly-split listening data
achieved better performance than those using full-week
data. For example, models learned with weekday as well
as weekend data using feature combinations u.a.e, u.g.c,
and u.c.m achieved improvements in accuracy of about
7 percent in comparison to the model created with full-
week data. They also showed smaller variability meaning
more stability in model estimation. However, while the
best RMSE value was obtained using the user-side feature
combination u.a.g.c.e with full-week data, the same fea-
ture combination achieved worse performances by using
listening data from weekdays and weekends only.

5. CONCLUSIONS AND FUTURE WORK

We have evaluated the impact of listeners’ demographic
and profiling features as well as basic forms of listening
context, namely weekday and weekend versus full-week
listening, on recommendation accuracy. We described our
requirements for a dataset of music listening histories, ex-
plaining why none of the available datasets met our needs
and how we ended up collecting our own data. We then
formalized a set of profiling features that account some as-
pects of music listening behaviour. We also explained how
we split our dataset of listening histories into weekdays and
weekend listening histories to evaluate if having data from
different sets of listening histories improved the accuracy
of recommendation. Finally, we described how we set ex-
periments that evaluated all combinations of user-side data
features in the different contexts of listening. We found
that the feature combination that achieved the smallest er-
ror was all demographic features together plus listener’s
exploratoryness, obtaining 12 percent improvement over
the baseline of not using any user-side feature data. Al-
though for some feature combinations the use of split lis-
tening data improved the recommendation, the best combi-
nation of features did benefit from having full-week data.

The results, in particular the many low RMSE values
for several feature combinations using split listening data,
seem to indicate that these error values are close to the limit
in the minimum achievable error. This characteristic has
already been described in the literature as a “magic bar-
rier” in recommender systems design [1], referring to the
upper bound in rating prediction accuracy due to inconsis-
tencies in user’s ratings. However, since we are mapping
the number of submitted music listening logs into ratings,
we do not see how these inconsistencies can explain this
barrier. It would be interesting to perform a narrower grid
search in order to investigate if we are actually hitting a
wall in accuracy, or if there is a better set of model param-
eters that allows us to create more stable models and better
performances throughout many trials. In comparison with
previous research [21], the results are not comparable since
different metrics are used. Also, our experiment directly
integrated the profiling features into the matrix factoriza-
tion algorithm. Finally, although these results show an
improvement in the accuracy of a recommendation model
based on listeners’ past listening histories, we might re-
quire an online, user-centred study to measure people’s ac-
tual satisfaction with the learned model.
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