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ABSTRACT
Recommender systems have been increasingly used in online ser-
vices that we consume daily, such as Facebook, Netflix, YouTube,
and Spotify. However, these systems are often presented to users
as a “black box”, i.e. the rationale for providing individual recom-
mendations remains unexplained to users. In recent years, various
attempts have been made to address this black box issue by provid-
ing textual explanations or interactive visualisations that enable
users to explore the provenance of recommendations. Among other
things, results demonstrated benefits in terms of precision and user
satisfaction. Previous research had also indicated that personal
characteristics such as domain knowledge, trust propensity and
persistence may also play an important role on such perceived
benefits. Yet, to date, little is known about the effects of personal
characteristics on explaining recommendations. To address this
gap, we developed a music recommender system with explanations
and conducted an online study using a within-subject design. We
captured various personal characteristics of participants and ad-
ministered both qualitative and quantitative evaluation methods.
Results indicate that personal characteristics have significant influ-
ence on the interaction and perception of recommender systems,
and that this influence changes by adding explanations. For people
with a low need for cognition are the explained recommendations
the most beneficial. For people with a high need for cognition, we
observed that explanations could create a lack of confidence. Based
on these results, we present some design implications for explaining
recommendations.

CCS CONCEPTS
• Human-centered computing → User studies; Information
visualization; User models; User interface design; Visualization de-
sign and evaluation methods; • Social and professional topics→
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1 INTRODUCTION
In the field of bothHuman-Computer Interaction and Recommender
Systems, personal characteristics have been researched substan-
tially. For instance, Knijnenburg et al. [29] have shown that the
preference for interaction methods in recommender systems de-
pends on several personal characteristics such as domain knowl-
edge, trust propensity and persistence. In the Music Recommender
Systems domain, the effects of both personal characteristics and
controllability have been investigated on acceptance, perceived di-
versity and trust [26, 27, 34]. In recent years, the idea of explaining
the inner process of recommender systems to users has attracted
increased research interest. For example O’Donovan et al. [37] ar-
gued that existing recommender systems are not transparent to
users to be able to make informed decisions and thus designed
PeerChooser, a film recommender system providing users with a
visual explanation of the recommendation process and the ability to
steer recommendations [37]. Smallworlds made the recommenda-
tion process transparent by providing visual explanations of social
links and similarities between the user and others [22]. In the Music
Recommender Systems domain, TasteWeights [5] provides visual
connections between users’ favourite artists and recommended
trending item. However, to the best of our knowledge, no previous
studies have investigated the effects of personal characteristics on
the need or effectiveness of visual explanations in recommender
systems. A few researchers [14, 15, 43, 45] have investigated the ef-
fects of personal characteristics on the perception of visualisations,
but did not focus on explanations in recommender systems.
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To address this gap, we present in this paper the results of an on-
line user study using a within-subject design where we researched
the effect of personal characteristics on two versions of a music
recommender system: one with and one without explanations.

To conduct this study, we built a music recommender system
which uses the Spotify API 1 on top of existing music recommender
systems [27, 34]. The design provides bar charts and a scatter plot
to explain and compare the recommendations.

The specific user characteristics that we tested in the study in-
clude a personality trait (locus of control [41]), a variety of cognitive
skills (need for cognition [10], visualisation literacy [6] and visual
working memory [28]), and abilities related to the specific task of
using a music recommender (musical sophistication [36], Spotify
usage and tech savviness [34]).

The objective of the study was to answer the following research
questions:

RQ1: How do personal characteristics impact user perceptions
of the system when recommendations are explained?

RQ2: How do personal characteristics impact user interaction
with the system when recommendations are explained?

The results of our study show that explanations are raising the
confidence of userswith a low need for cognition in contrast to users
with a high need for cognition. For the latter group explanations
seem to be lowering their confidence. Additionally, there are main
effects for visualisation literacy and musical sophistication.

The main contribution of this paper is twofold: first, we address
the gap between the research about personal characteristics and
the research about explanations in recommender systems. Second,
we provide evidence that personal characteristics have a significant
influence on the interaction and perception of explanations.

This paper is organised as follows: we first discuss previous work
related to personal characteristics and explanations in recommender
systems. We then describe our music recommender system and the
design of the experiment in detail. Next, we present the results of
the study and discuss the implications of our findings. Concluding
remarks as well as limitations of this study finalise this paper.

2 BACKGROUND
2.1 Personal characteristics
Previous research [14, 15, 43, 45] has investigated the influence
of personal characteristics on the perception of visualisation, but
we have yet to understand the influence on recommender expla-
nations. In this study, we captured a number of different personal
characteristics, including some suggested by [3]. In the following
sub-sections, we present each of these characteristics in detail.

2.1.1 Locus of Control. Locus of control (LOC) is defined by Fourier
[18] as "the extent to which people believe they have power over
events in their lives." Users with an internal locus of control may
believe that they have control over events and their outcomes,
whereas users with an external locus of control tend to submit to
outside forces. We used the LOC test proposed by Rotter et al. [41],
which measures the degree of control individuals perceive towards
outcomes. LOCwas an important characteristics to measure for this
study since our experimental system provided options to control

1https://developer.spotify.com/documentation/web-api/

and steer the recommend process (see the Implementation section
for details of the system).

2.1.2 Need for Cognition. Cognitive skills have been investigated
by numerous previous work [1, 8, 11, 14, 17, 46, 47]. Unlike mea-
suring cognitive skills, need for cognition (NFC) is a measure of the
tendency for an individual to engage in, and enjoy, effortful cogni-
tive activities. Cacioppo et al. [10] presented a test for NFC, which
comprises of 18 questions on a 5-point Likert scale. We used this
test because we were interested in participants’ natural willingness
to engage with interface components when creating playlists for
different occasions.

2.1.3 Visualisation Literacy. Visualisation literacy (VisLit) is the
ability to interpret and to make meaning from information pre-
sented in the form of images and graphs. Boy et al. [6] proposed
a test to check VisLit, which is designed in a way that it captures
an individual’s ability to confidently use a graph to translate data
and interpret visual patterns. Boy et al. created a number of tests
for different visualisation techniques, including bar charts and line
graphs. We selected the specific test designed for bar charts, as we
used bar chart the most for explanations in our system.

2.1.4 Visual Working Memory. Working memory is the part of
our cognitive system that is responsible for short-term holding of
information for further processing [35] and it can be categorised
into visual and verbal working memory. Previous work has found
that visual working memory can influence cognitive load when
interacting with visual information systems [14, 32, 45]. As the
main focus of our study involved visually explaining recommenda-
tions, we measured visual working memory (VM) of our participants.
Following the approach of Millecamp et al. [34] and Jin et al. [27],
VM was measured using a Corsi block-tapping technique2, which
captures the longest sequence of block tapping a participant can
correctly repeat.

2.1.5 Musical Experience. Musical experience of a participant may
also influence the way they interact with music recommender sys-
tems [27]. The Goldsmiths Musical Sophistication Index (Gold-
MSI) [36] has been considered an effective way to measure domain
knowledge of users and has shown a strong correlation with person-
ality [21] and music preferences [36]. Previous research in music
recommender systems [26, 27, 34] have also used the Gold-MSI as a
factor of personal characteristics. Similarly, in this study, we used a
total of 18 Gold-MSI 7-point linear scale questionnaires to measure
individual participants’ musical sophistication (MS). The minimum
and maximum possible MS scores are 18 and 126 respectively [36].
Since we used the Spotify platform to provide recommendations,
we additionally measured the participants’ Spotify usage in number
of hours per week, similar to [34].

2.1.6 Tech-Savviness. We define tech-savviness of participants as
their confidence in trying out new technology. Previous studies
have investigated a similar personal characteristic, namely internet-
savviness [19, 50]. However, these studies focused on participants’
familiarity with the internet rather than their confidence in trying
out new technology. It has been shown that tech-savviness can
influence the behaviour of mobile device usage [16]. We believe
2https://www.psytoolkit.org/experiment-library/corsi.html
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that tech-savviness also plays an important role in influencing the
way participants interact with new music recommender interfaces.
Therefore, using the approach of Millecamp et al. [34], we captured
tech-savviness by asking the participants to identify themselves
between confident, not confident and somewhere in-between when it
comes to trying new technology.

2.2 Explanations in Recommender Systems
Recommender systems rely on different algorithms to predict items
a user might like. Although a number of algorithms have been pro-
posed to provide the best possible suggestions for users, insights
into the logic or justification of the recommendations are not trans-
parent to users [42]. This raises an issue of not understanding why
certain recommendations are being provided which in turn could
lead to doubts against the recommendations [23].

Tintarev and Masthoff [44] listed seven possible aims of an ex-
planation facility that have been found in the existing systems,
namely: transparency, scrutability, trust, effectiveness, persuasive-
ness, efficiency and satisfaction. Although not all of the reviewed
systems have focused on facilitating all seven aims, the types of
explanations fall under three categories: content-based explanation
(e.g. "We have recommended X because you liked Y"), collaborative-
based explanation (e.g. "People who liked X also liked Y") and
preference-based explanation (e.g. "Your interests suggest that you
would like X").

In addition to textual explanations, a number of other researchers
have looked into visual explanations. Interactive visualisations al-
low users to not just understand, but also to manipulate recom-
mender components that may affect the way recommendations are
presented. For instance, by visualising user profiles and the recom-
mendation process, transparency and user control of the system can
be significantly improved [25]. Donovan et al. [37] designed amovie
recommender system, PeerChooser, to provide users with a visual
explanation of the recommendation process and the opportunity
to manipulate input weights to steer the recommendations. Small-
World, a social recommender system designed by Gretarsson et al.
[22], is similar to PeerChooser in that it visually explains social con-
nections between recommended users using a node-link diagram.
Another social recommender system, SFViz (Social Friends Visu-
alisation) [20], used a radial space-filling technique [13] to show
relationships between users and their interests in order to suggest
potential new friends with similar interests. Verbert et al. [51] pre-
sented a system that increases the effectiveness of decision-making
by explaining the provenance of recommendations and offering
control to users. Tsai and Brusilovsky [48] designed a diversity-
enhanced recommender system that visualised recommendations
with multiple attributes in a two-dimensional scatter-plot, which
inspired our visualisation approach.

In the Music Recommender domain, TasteWeights [5] provides
visual explanations for user’s favourite artists and recommended
musics that are based on trending topics across social media and
Wikipedia. MoodPlay [2] is an emotion based music recommender
system. It allows users to explore music by inspecting the explana-
tion of recommendations and by modifying affective data, which
could further increase acceptance and understanding of recom-
mendations process. Jin et al. [27] designed a Spotify-based music

recommender system and investigated the effects of personal char-
acteristics on different levels of controllability. Unlike the work of
Jin et al. [27], we focus on scrutable explanations rather than only
on user control.

3 IMPLEMENTATION
For this study, we implemented a music recommender system using
the Spotify Web API to query artists and recommendations. We
designed two different versions of the system: 1) an interface with-
out explanations (baseline) and 2) an interface with explanations
(explanation interface). Figure 1 shows the explanation interface
which is comprised of seven different components: a) artists, b)
preference, c) list of recommendations, d) bar chart , e) scatter plot,
f) number of rated songs in a sidebar, and g) list of rated songs in a
sidebar. The only difference between the baseline and explanation
interfaces were parts d and e. In the next sub-sections, we describe
the components in detail.

3.1 Artist
On the upper left side, Figure 1(a), users can search for an artist or
select one of the artists that is already in the list. This list is based
on the user’s listening history in Spotify and shows their five most
favourite artists. The user can select one artist who is used as a
seed for recommendations.

3.2 Preference
Under the artist component, Figure 1(b), six different musical at-
tributes are displayed as sliders, namely acousticness, danceability,
energy, instrumentalness, tempo and valence. The attributes are
part of 14 different musical attributes offered by the Spotify recom-
mendation API and are selected based on the results of Millecamp et
al. [34]. Definitions for these attributes are displayed in the demon-
stration stage and are also available in the interface with a simple
mouse hover on the ? icon next to the attributes.

3.3 List of Recommendations
Using the selected artist and attribute values as the seeds, recom-
mendations are queried from Spotify3 and presented in a list of
ten songs at a time, as presented in Figure 1(c). The list layout
was selected because it is the most applied method for presenting
recommendations [49]. In this list, we showed the recommended
songs by the title and the artist. The user can click on to like a
song,  to listen to a thirty seconds preview of the song and
to dislike a song. In the explanation interface, there is also a Why
button for each song. Clicking on this button shows or hides a bar
chart which is part of the explanation component. The Why buttons
are not present in the baseline interface.

3.4 Explanations
To explain why a song is recommended, we used a grouped bar
chart, as seen in Figure 1(d), which shows a comparison of the
attributes between the selected song and the user’s preference.
For each of the six attributes, we showed the value of the user’s

3https://developer.spotify.com/web-api/get-recommendations
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Figure 1: The explanation interface highlighting all its components: a) artists, b) preference, c) list of recommendations, d) bar
chart, e) scatterplot, f) rated songs in a sidebar, and g) list of rated songs in a sidebar.

preference (striped bar) and the value of the the selected song (solid-
coloured bar). The colours of the bars match those of the sliders
from the preference component in order to show their relations. We
chose for bar charts because they are one of the most popular and
effective techniques to compare different values [46]. Under the bar
chart, there is a button More/Hide that shows or hides a scatter
plot.

With the bar charts, users can compare their attribute preference
with attributes of only one recommended song, but they cannot
visualise differences between multiple recommended songs. To
enable comparison of different attributes of all the recommended
songs, we used a scatter plot, as it provides an intuitive way to
present multidimensional data in an interactive way [49]. As seen
in Figure 1 (e), the recommended songs are displayed in a two
dimensional plot where users can select the attributes they wish to
see on the X and Y axes. The songs that have been liked are shown
in green, and the user’s attribute preference is shown by two lines
forming a cross. Hovering over a songs highlights the song in the
recommendation list and vice versa.

3.5 Side Bar
To assist the users with their task of liking 15 songs, users can
see the number of songs they liked and disliked, see Figure 1(f).
Clicking on this bar shows a list of all these songs as presented
in Figure 1(g). Users are also able to play the songs in this list to
enable them to get an impression of the "sound" of their playlist.

4 EXPERIMENTAL DESIGN
In the following sub-sections, we describe in more detail the partic-
ipants, procedure and measurements of our study.

4.1 Participants
All participants of this study were recruited via AmazonMechanical
Turk (MTurk)4. We required them to have a Spotify account and
to fill out the study within one hour. A total of 105 participants
completed the study. Out of these 105 participants, we removed
34 participants due to the inconsistencies in answers to questions
which were built in to verify the validity of the responses. As a
result, we had 71 valid participants (22 females and 49 males) who
were rewarded with $2 via the MTurk platform. A total of one
hour was allowed to complete the study although most participants
completed within 30 minutes. The distribution of the participants
across the demographic and personal characteristics are highlighted
in Table 1.

4.2 Study Procedure
As explained in the Implementation section, we designed two differ-
ent versions of the system, one with and one without explanations.
Participants evaluated both interfaces following a within-subject
design with a Latin-Square counterbalancing method. To optimise
study duration, tasks, questionnaires and interface components, a
pilot study was conducted with 20 participants. The pilot study
indicated that creating a playlist of 15 songs was optimal to evaluate
each interface and that a time limit of one hour was realistic. We
also found that recommending up to 10 songs at a time was the
best approach as it reduces overloading of information.

In the next paragraph, we will explain in detail the different
steps of the study. When recruiting participants, a URL to the study
was provided with the recruitment posts on MTurk. Once the URL
was loaded, participants were presented with detailed information
about the study and a consent form. If they agreed to participate

4https://www.mturk.com
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Demography/PC Category Frequency Mean SD

Age 15-24 13
25-34 28
35-44 21
45-54 7
55-64 0
65+ 2

Gender Male 49
Female 22

Tech-savviness Low 0
Between 8
High 63

Spotify Usage 0-5 hr/week 40
6-10 hr/week 15
11-15 hr/week 10
16-20 hr/week 5
21+ 1

MS low 34
67.634 20.051high 37

VWM low 20
5.93 1.477high 51

LOC low 40
12.099 4.583high 31

NFC low 35
62.845 14.962high 36

VisLit low 21
-0.073 0.977high 50

Table 1: The distribution of 71 participants across the demo-
graphic and personal characteristics (PC). MS: musical so-
phistication, VWM: visual working memory, LOC: locus of
control, NFC: need for cognition, VisLit: visualisation liter-
acy, and SD: standard deviation. High and low categories for
PC are divided at median.

in the study, they were asked to authorise their Spotify account
to the system in the next step, which allowed the system to ac-
cess their favourite artists and to create a playlist for them. After
authorisation, participants were presented with a series of question-
naires which included demographic questions (e.g. age and gender)
and personal characteristics questions (e.g. tech-savviness, Spotify
usage, MS, VWM, LOC, NFC and VisLit).

After completing the questionnaires, participants were given a
video demonstration of the interface components (i.e. either base-
line or explanation interface depending on the counterbalanced
rotation), and the task they needed to perform using the interface.
We devised two different realistic tasks to accommodate the two dif-
ferent interfaces. The tasks asked the participants to create a playlist
of 15 songs for either 1) a fun activity or 2) a relaxing activity. The
order in which the tasks were presented was rotated independently
from the interfaces using a Latin-Square counterbalancing method.

Next, participants performed their given task with the first inter-
face. This included selecting their favourite artist(s), manipulating
the musical attributes and liking (or disliking) the recommended

songs until they had collected 15 favourite songs for the given task.
After they had liked at least 15 songs, participants were given an op-
tion to keep the playlist in their Spotify account. After completing
the task, they were presented with a number of evaluation questions
which were based on similar previous work [9, 12, 30, 39]. Details of
the post-task questions are explained in the Measurements section.

Once the first interface had been evaluated, participants were
demonstrated with a different interface and task. The remaining
steps were exactly the same as the first iteration. After participants
had evaluated the second interface, they were provided with a series
of comparative questions between the baseline and explanation
interfaces (see the Measurements section for details).

4.3 Measurements
We performed measurements of personal characteristics and eval-
uation outputs in this study. An exhaustive list of personal char-
acteristics captured include: Spotify usage, MS, VWM, LOC, NFC
and VisLit. Detailed descriptions of the personal characteristics can
be found in the Related Work section. During data analysis, the
personal characteristics were used as independent variables. De-
pendent variables included evaluation outputs measured for each
interface using both qualitative and quantitative metrics. These
metrics included a total of 15 Likert scale questionnaire items, 4
comparative questionnaire items, 3 open-ended questions and 5
interaction log outputs. In the following paragraphs, we describe
these evaluation metrics in detail:

4.3.1 Post-task Questions. Post-task questions were administered
after performing a task with each interface. These included 5-point
Likert scale questions which were based on a number of previ-
ous work [9, 12, 30, 39] and focused on capturing participants’
perception towards 7 different aspects of the system, namely: rec-
ommender effectiveness, good understanding of recommender ra-
tionale, trust, novelty, use intentions, satisfaction and confidence.
An overview of the questions is shown in Table 2. The answer
for each question ranged from 1 (strongly disagree) to 5 (strongly
agree), with 3 being neither agree nor disagree.

Recommender effectiveness was measured by how well the partic-
ipants agreed that the recommended songs matched their interests
and that the system helped them find good songs for creating the
playlist. Good understanding of recommender rationale was mea-
sured by howwell the participants agreed that they understoodwhy
the songs were recommended, thought the information was suffi-
cient to make a good decision and understood the recommended
songs’ attributes in relation to their preferences. Trust was mea-
sured simply based on how well the participants agreed that they
trusted the system to suggest good songs. Novelty, use intentions,
satisfaction and confidence were respectively measured by how well
the participants agreed that the system helped them find new songs,
that they will use the system again, that they were overall satisfied
with the system, and that they were confident about the playlist
they had created.

Besides these questions, we also added five additional questions
for the explanation interface to capture the perceptions towards
the explanation components. These questions are as follows:

• Being able to ask why a song is recommended improved my
experience with the recommender system (Expl-Q1).
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Metric Question(s)

Recommender
Effectiveness

The songs recommended to me match my interests.
The recommender helped me find good songs for my
playlist.

Good
Understanding

I understood why the songs were recommended to me.
The information provided for the recommended songs is
sufficient for me to make a decision for my playlist.
The songs recommended to me had similar attributes to
my preference.

Trust I trust the system to suggest good songs.
Novelty The recommender system helped me discover new songs.
Use Intentions I will use this recommender system again.
Satisfaction Overall, I am satisfied with the recommender system.
Confidence I am confident about the playlist I have created.

Table 2: An overview of 5-point Likert scale questionnaires
designed to capture recommender effectiveness, good under-
standing of recommender rationales, trust, novelty, use in-
tentions, satisfaction and confidence

• The bar chart explaining why a song was recommended was
easy to understand (Expl-Q2).

• The scatterplot comparing songs based on specific attributes
was easy to understand (Expl-Q3).

• The bar chart explaining why a song was recommended was
useful (Expl-Q4).

• The scatterplot comparing songs based on specific attributes
was useful (Expl-Q5).

Following the Likert scale questions, a pair of optional open-
ended questions were presented to capture a broad range of feed-
back regarding each interface. Specifically, these questions asked
the participants to describe parts of the interface that were the most
and least useful to them. Answers to these questions were analysed
using thematic analysis [7].

4.3.2 Post-evaluation Comparative Questions. The post-evaluation
questions were designed to understand whether the participants
preferred the baseline or explanation interface in relation to a set of
statements. For each of the following statements, the participants
had to choose an answer between "with explanation" and "without
explanation".

• If I had to choose, I would use again the recommender system
___.

• I trust the recommender system ___ to suggest good songs.
• I am the most confident about the playlist I have created in
the recommender system ___.

• The songs recommended to me match my preferences the
best in the recommender system ___.

4.3.3 Interaction Logs. Participants’ interactions with interface
components were captured using mouse-clicks together with their
timestamps. Based on this log data, we then calculated the following
metrics for both interfaces:

• nb_slider: the number of times a participant interacted with
the sliders.

• precision: the ratio between the number of songs liked and
the number of distinct songs seen by a participant. Unlike
traditional precision measure, true positives in this metric

are determined by individual’s perception towards a song in
relation to a given task.

• nb_play: the total number of songs played divided by the
total amount of time spent by a participant in a given inter-
face.

In addition to these, we calculated a fewmetrics that were unique
to the Explanation interface, namely:

• nb_why: the number of click on the "Why" button by a par-
ticipant.

• du_why: the duration, in minutes, the "Why" feature was
used by a participant.

5 RESULTS
5.1 Statistical Analysis
Since we used a within-subject design, participants were asked
to make a playlist both in the baseline and in the interface with
explanations. In our analysis, we wanted to verify the relationship
between the personal characteristics (LOC, MS, VisLit, NFC, VWM)
and the kind of interface. To include both the by-interface and
the by-subject variance, a linear mixed effect analysis is a suitable
option [14, 52]. For each dependent variable (DV), we ran a linear
mixed effect model with the personal characteristics and the kind of
interface as fixed-effects. To deal with the individual differences be-
tween subjects, we included subjects as a random-effect5, resulting
in the following model:

DV ∼ LOC + MS + VisLit + NFC + VWM + interface + (1| subject) (1)

To avoid overfitting our models, we performed a backward elim-
ination of random-effect terms followed by a backward elimination
of fixed-effects [31]6. P-values to verify the significant influence
of the interface and the personal characteristics on the DV are ob-
tained by a t-test with Satterwaite’s method between the full model
with the effect in question against the model without the effect in
question [31, 52].

To test whether the personal characteristics are significantly
inter-dependent on the interface, we performed a likelihood ratio
test of the model without interactions against the model with in-
teractions between the interface and the personal characteristics
[52]. As we performed this test for each DV and for each of the
personal characteristics, we adjusted the obtained p-values with the
Benjamini-Hochberg procedure [24, 38]. In the remaining sections,
we first discuss the interaction effects we found, followed by the
main effects of interface type and personal characteristics.

5.2 Interaction Effects
A significant interaction effect (χ2(1)=8.73, p=0.003) was found
between the need for cognition and the interface in terms of confi-
dence. To show the interaction effect, we divided the participants
into four quartiles based on their NFC score, as shown in Figure 2.

Figure 2 shows that participants with low NFC are reporting a
higher confidence in their playlist created with the explanations
interface than created with the baseline. An explanation might be
that low NFC participants benefited from the explanations because
5We implemented this using R [40] and the packages lme4 [4] and lmerTest [31]
6More information about this backwards elimination with α = 0.05, can be found in
the documentation of the step function of the lmerTest package or in [31]
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Figure 2: The interaction effect between NFC (divided into
4 quartiles Q1-Q4) and interfaces in terms of the confidence
metric. The blue solid line indicates the score for the base-
line and the green dotted line indicates the score for the ex-
planation interface.

they did not spontaneously engage in much extra reasoning to
justify the recommendations they received. Additionally, when
they received the rationale from the explanation, this increased
their confidence in their songs selection.

Figure 2 also indicates that as the NFC increased, the confidence
of participants in the playlist created in the baseline also increased.
This seems to imply that participants with a high NFC were more
willing to understand their own musical preference in relation to
the attributes of the recommended songs even without explanation.
This may have resulted in a higher confidence in their playlist.

We did not see the same increase in trust as NFC increases in
the explanation interface. As Figure 2 shows, the NFC scores in the
third quartile are almost the same for both interfaces. At the highest
NFC level, participants had a higher confidence in the baseline than
in the explanation interface. The reduced confidence within the
explanation interface could be an indication that users with a high
NFC have less need for explanations.

5.3 Main Effect of Explanations
We found a significant effect of interface type on the number of
songs a participant played each minute. As Figure 3a shows, par-
ticipants played fewer songs in the interface with explanations
than in the baseline (t=-2.421, p=0.01807). A possible reason for
this difference might be that with explanations, participants have
insights in the attributes of the recommended songs. This insight
may help reduce the need to listen to every song when searching
for an ideal song. Another reason could be that they need more
time to process the information resulting in playing fewer songs.

5.4 Main Effect of Personal Characteristics
Several main effects of personal characteristics are found on some
of our dependent measures, which are discussed in the next section.

5.4.1 Visualisation Literacy. The analysis shows main effects of
visualisation literacy on both the number of songs played, nb_play
(t=2.052, p=0.4408), and the precision (t=-2.795, p=0.00592). The di-
rection of these effects is presented in Figures 4a and 4b respectively,
where participants are grouped into high and low VisLit, based on
a median split. Figure 4a shows that as VisLit increases, the number

(a) The effect of each in-
terface on nb_play show-
ing that participants played
more songs in the baseline
than in the explanation in-
terface.

(b) The effect of MS on
nb_play showing that
participants with a low MS
played more songs than
those with a high MS.

Figure 3: The main effect results of a) interfaces and b) MS
on nb_play.

of songs a participant plays also rises. In contrast, Figure 4b shows
that an increase in the VisLit score lowers the precision.

A lower visual literacy score means that one has limited ability
to interpret visual patterns. A possible consequence could be that
these users need more time to translate visual representation of
the explanations and musical attributes in relation to their actual
preferences. This increase in processing time could have led to a
decrease in nb_play. Such delays in processing the visual elements
may have also lead to a decrease of engagement, resulting in less
exploration and instead clicking the like buttons quickly to com-
pensate for the time lost, or out of frustration (hence, increasing
the precision score). Further explanations for these effects are pro-
vided in the Discussion section. To gain a better understanding of
these effects, we plan to run a user study with eye tracking and

(a) The effect of VisLit on
nb_play showing that par-
ticipants with a low VisLit
played less songs than those
with a high VisLit.

(b) The effect of VisLit on
perceivedprecision show-
ing that participants with
a low VisLit have a higher
precision than those with a
high VisLit.

Figure 4: The main effect results of VisLit
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investigate whether users with a low visualisation literacy need
more time to process the explanations and musical attributes.

5.4.2 Musical Sophistication. The last significant effect was the
effect of musical sophistication on the number of songs played each
minute (t=-2.755, p=0.00757). In Figure 3b, we divided the partici-
pants into low and high MS based on a median split. Results indi-
cated that as musical sophistication increased, the number of songs
played was lowered. We assume that participants with a higher MS
enjoyed the top majority of recommended songs as they tend to
have a broad spectrum of musical taste, resulting in not trying out
other songs that may be at bottom of the recommended list.

5.5 Thematic analysis
In addition to the quantitative data analysis discussed above, we
also analysed the open-ended questions collected after the post-task
questions. To do so, we followed the step-by-step guides of Braun
and Clarke [7] and Maguire et al. [33]: first we made ourselves
familiar with the the results of the open ended-questions by read-
ing and discussing them. Once we were familiar with the data, we
organised the comments in a meaningful and systematic way, and
coded each segment of data that was relevant to our research ques-
tion. In a third stage, we grouped the codes in themes and discussed
if these themes made sense. We then iterated a few times, changing
the themes until we agreed on four different themes: explanations,
musical attributes, quality of recommendations and discoverability.
We discuss these themes in the following sub-sections.

5.5.1 Explanations. The first theme reported by nineteen partici-
pants in the open-ended questions concerned with “explanations”.
We analysed these results to verify our hypothesis proposed in the
“Interaction Effects” section: namely that low NFC users benefit
from the explanations because these users do not spontaneously
engage in much extra reasoning to justify the recommendations
they receive, and when they get the rationale from the explanation
this increases their confidence in their songs selection. To verify
this, we divided the users in four quartiles based on their NFC score
and compared their reactions.

Three participants with the lowest NFC reported that the why
component is the most useful part. Two of them mentioned the
explanations in general “Where it showed you why it was chosen
for you” (P50) and “I liked the "WHY"” (P57), whereas one user
explicitly mentioned the scatterplot as “The dot chart.” (P56). In ad-
dition to these three participants in the first NFC quartile, five other
participants in the second NFC quartile reported that explanations
were the most useful. Two participants reported that they liked
the explanations because they explain why the songs are recom-
mended: “it explained why a song was being recommended” (P6) and
“The bars showing why it matched search” (P11). The three other
users reported that they liked the Why component in general: “why?”
(P35), “the chart” (P33) and “It was really cool seeing the Why? bar
graph and scatter plot, cause it kinda lets you compare songs you
enjoy.” (P15). For these two groups, only one user reported that the
explanation were not needed: “ I didn’t really need the Why thing. I
didn’t find it useful, I know why the thing recommended all the songs.”
(P25).

In Figure 2, we also see that for the highest NFC users, the base-
line scored higher than the explanation interface. We expected that
the spontaneously reasoning about the explanations would give
users with a high NFC even more confidence in their playlist in
the explanation interface than in the baseline. In the results of the
open-ended questions, we saw two possible reasons why expla-
nations were not increasing confidence. The increased cognitive
engagement could make the explanations redundant and showing
the working of the system could lead to distrust of the system.

Three participants with a high NFC (P9, P52 and P53) reported
that they did not need the explanations. They answered respectively:
“The Why function wasn’t really necessary. I already know what I like
about songs and why and it was obvious enough why the songs were
being recommended when I changed the settings.”, “The why button
is not needed.” and “The Why? question. It’s pretty obvious, looking
at the genres.”.

In the results, we saw that one participant with a high NFC
reported that he distrusted the system: “[...] now that I see why the
system is selecting many songs that I do not want to listen I know that
it is not my mistake, but an arbitrary algorithmic decision.” (P70)

5.5.2 Musical attributes. Another theme that came back in 22 an-
swers was the theme “Musical attributes”. Based on the results of
the baseline in Figure 2, we proposed in section 5.2 that partici-
pants with a high NFC are more willing to understand their own
musical preference in terms of the provided attributes and that
this increased understanding results in a higher confidence in their
playlist. To verify this hypothesis, we divided the users in four
quartiles based on their NFC score and compared their reactions.
The results indicated that low NFC users are not willing to put
a lot of cognitive effort to understand their own preferences and
that they do not see the added value of the sliders. For the lowest
two quartiles, nine participants answered that they did not like the
sliders. For example P50 and P49 reported that they just did not like
or need the control: “I didn’t like the idea of the sliders on the side.
Danceability, tone, etc. It doesn’t really help and didn’t suggest any
great songs because of it.” and “The fine tuning adjustments. Helpful
yes indeed, but at the same time, I don’t know if I have a real need
to fine tune this stuf.”. One participant reported that he was unsure
how to adapt the musical attributes to get better recommendations
“I wasn’t sure which of the attributes were causing the lack of songs
that I wanted.” (P3). For the high NFC users in the highest two
quartiles, only two participants reported that the sliders were not
useful: “The selectors ad too many factors to something that should
be simple and automatic.” (P70) and “the sliders” (P61).

5.5.3 Novelty. In total, 11 participants reported that the system
helped them to find new or forgotten songs and artists. For instance,
one participant said “Broadening my horizon with groups I had not
heard of that were thematically similar.” (P45). Another reported
something similar: “The different songs that showed up that I haven’t
heard of before and ended up liking.” (P49).

Three of the participants reported “novelty” in both the explana-
tions and the baseline. Five participants reported this only for the
explanations interface. While explanations are not directly related
to discovering new music, we believe that seeing the values of the
song in bar chart as well as in a scatter plot could help to discover
new songs.
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To research the reason that participants with a high musical so-
phistication are playing less songs (see Figure 3b), we analysed the
open-ended questions of participants with a low and high musical
sophistication (median split). We see that for the baseline, all par-
ticipants reporting novelty as the most useful have a low musical
sophistication. For the explanation interface, the eight participants
reporting novelty are equally divided between high and low musi-
cal sophistication. These results seem to indicate that explanations
enable especially also high MS users to find novel songs. For the
baseline, results seem to indicate that these participants played less
songs because they discovered less new music.

5.5.4 Quality of Recommendations. Seventeen participants reported
positively about the recommendation component for both the ex-
planation and the baseline interfaces (n=8 and n=7 respectively).
For example, P28 mentioned, “Just the recommendations overall. It
was good at guessing similar songs.” and P67 mentioned “I just really
loved the music it chose for me”. While the number of participants
satisfied with the recommendations was almost equal for the two
interfaces, this was not the case for unsatisfied participants. Out of
the twelve participants that reported that they felt that the system
was not recommending good songs, three participants reported
this for the explanation interface, while nine participants were
not satisfied with the recommendations in the baseline without
explanations. These numbers seem to indicate that this difference
in perceived accuracy is partly caused by the lack of explanations.
The answers of six of the nine participants confirmed this: they
reported that the recommendations were not good because they
didn’t know what attributes to change or because they had the feel-
ing that the recommendations were not following their preference.
P3 mentioned “I wasn’t sure which of the attributes were causing the
lack of songs that I wanted.” P45 mentioned“The least useful would
be the valence adjustment. I was still a little confused how that altered
my preferences.”. Another participant, P23, also reported something
similar: “Some of the sliders didn’t seem to make a lot of difference”.

6 DISCUSSION
In the following sections, we discuss the findings from this study
in relation to our research questions.

6.1 Impact on User Perceptions
To answer the first research question (RQ1: How do personal charac-
teristics impact user perceptions of the system when recommendations
are explained?), we performed a statistical analysis of the post-
task questions. We found that there was an interaction effect for
need for cognition with confidence. Participants with a low need for
cognition were more confident about their playlist when recommen-
dations were explained, as opposed to those with a high need for
cognition. The results of the open-ended questions suggests several
reasons for this effect. Participants with a low need for cognition
benefited from explanations because they did not spontaneously
engage in much extra reasoning to justify the recommendations
they received, and when they obtained the rationale from the ex-
planation this increases their confidence in their songs selection.
In contrast, as users with a high need for cognition spontaneously
engaged in reasoning to justify the recommended songs, they had

less need for explanation. Otherwise, they became frustrated as
they realised that their effort was not rewarded because of the
limitations of the system.

Another difference between the participants with a high and low
need for cognition was that those with a high need for cognition
were more willing to understand their own musical preference
in relation to the provided attributes. Previous research has also
shown that users with a high need for cognition are more likely to
accept recommendations [47].

6.2 Impact on User Interaction
For the second research question (RQ2: How do personal character-
istics impact user interaction with the system when recommendations
are explained?), we looked at the interaction logs to see how per-
sonal characteristics impact user interactions with the system when
recommendations are explained. We found four main effects: one
for the interface, one for musical sophistication and two for vi-
sualisation literacy. Three main effects showed a difference for
the number of songs a user played per minute. These effects are
discussed below in detail.

The results (see Figure 3a) showed that participants played more
songs per minute in the baseline than in the explanation inter-
face. This suggests that in the explanation interface, participants
were able to find their ideal songs without having to listen quite
often. It also shows that participants tend to rely significantly on
explanations when judging the songs regardless of their contents.

The second main effect is shown in Figure 3b and indicates
that users with a higher musical sophistication tend to listen less
when judging the songs. We believe users with a higher musical
sophistication have a broad spectrum of taste formusic and liked the
top majority of songs recommended by the system. Consequently,
they failed to explore the remaining songs that may be at bottom
of the recommended list.

The third effect, as presented in Figure 4a, indicates that users
with a lower visualisation literacy also listened to less songs. We
believe that users with lower visualisation literacy may have spent
more time interpreting the different visualisations and were not
able to listen to as many songs, but this hypothesis will need to be
tested with eye tracking data.

The fourth main effect, also concerned with visualisation liter-
acy, shows that a lower visualisation literacy results in a higher
precision (see Figure 4b). It is important to note that true positives
of the precision metric in this study are determined by the number
of songs a user liked (i.e. user’s perceived true positive). Therefore,
a possible explanation for this could be that since users with a low
visualisation literacy were believed to have spent more time inter-
preting the visualisations, they ended up clicking the like buttons
frequently to compensate or out of frustration.

6.3 Design guidelines
As our results show, personal characteristics have an effect on the
perception of, and interaction with, explanations. As guidelines
for future interfaces, we recommend to take personal characteris-
tics into account when designing explanations. In our study, we
find that explaining recommendations could be beneficial because
it helps users gain confidence in their choices and assist them to
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judge the songs faster. However, explaining recommendations could
also lower the confidence of users if they do not need the recom-
mendations or if they see that putting cognitive effort does not
always results in better recommendations. Based on these results
we suggest three design implications: firstly, like the recommenda-
tions themselves, explanations should be personalised for different
groups of end-users. Secondly, to reduce information overloading,
users should be able to choose whether or not they wish to see
explanations. Thirdly, explanation components should be flexible
enough to present varying level of details depending on a user’s
preference.

7 LIMITATIONS
Although immense cares have been put into the planning, our study
did not go without limitations. Firstly, we recruited the participants
via Amazon Mechanical Turk and found that a large proportion of
them reported being confident with trying a new technology. This
may have had a bias on results particularly related to tech-savviness.
Secondly, a different music taste could have affected the accuracy
of the recommendations and could have created a bias. Thirdly,
we tested the implications of bar chart and scatter plot to facilitate
explanations, but there are a number of other possible visualisations
that may facilitate explanations. Future research will explore other
possible visualisations as means to explain recommendations.

8 CONCLUSION AND FUTUREWORK
To close the gap between personal characteristics and explanations
in recommender systems, we performed an online study using
a within-subject design. Two versions of a music recommender
system were designed for the study: one with and one without
explanations. Specifically, we investigated the effects of personal
characteristics on user perceptions of and interaction with the
system when recommendations are explained. A combination of
qualitative and quantitative methods were used to evaluate the
different versions of the system.

Our results have shown that there is an interaction effect be-
tween need for cognition and confidence. Users with a low need
for cognition tend to benefit more from explanations as they help
raise the confidence of users on their decisions. For users with a
high need for cognition, explanations lower their confidence. In
addition to this interaction effect, we also found a main effect of
explanation on the number of songs users tend to play each minute.
This main effect indicates that explanations assist users to judge
the songs faster without having to listen quite often. A second
effect shows that users with a higher musical sophistication also
tend to judge the songs faster without having to listen quite long,
possibly because they have a larger knowledge of songs. Despite
this quality, we learned from the qualitative analysis that explain-
ing recommendations could still help users find new songs. The
last two main effects concern with visualisation literacy. Results
indicate that users with a lower visualisation literacy tend to judge
the songs faster without listening as often and, as a result, have a
higher precision. A possible explanation could be that these users
need more time to process the visual elements, resulting in a de-
crease of engagement, less exploration, faster liking of songs and

higher precision. We are planning to verify this hypothesis in an
eye-tracking study.

This paper contributes to the fields of Human-Computer Inter-
action and Recommender Systems by providing a better under-
standing of user perceptions towards explanations in recommender
systems, and design guidelines that could benefit the design of trans-
parent recommender systems. Future research should investigate
the possibilities of other visualisations for explaining recommender
systems. In addition, our results indicated that explanations could
also lower the confidence of users when creating a playlist. Future
research should look into the aspects of explanations that may have
produced this effect. To gain further insights into user interaction,
a eye tracking technique will also be deployed. Finally, we recom-
mend that explanations, much like recommendations themselves,
should be personalised for different end-users. Users may also be
allowed to choose the type and level of explanations they prefer to
see at any time.
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