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Abstract

Music streaming services increasingly incorporate different ways for users to browse for

music. Next to the commonly used “genre” taxonomy, nowadays additional taxonomies,

such as mood and activities, are often used. As additional taxonomies have shown to be

able to distract the user in their search, we looked at how to predict taxonomy preferences

in order to counteract this. Additionally, we looked at how the number of categories pre-

sented within a taxonomy influences the user experience. We conducted an online user

study where participants interacted with an application called “Tune-A-Find”. We measured

taxonomy choice (i.e., mood, activity, or genre), individual differences (e.g., personality

traits and music expertise factors), and different user experience factors (i.e., choice dif-

ficulty and satisfaction, perceived system usefulness and quality) when presenting either

6- or 24-categories within the picked taxonomy. Among 297 participants, we found that per-

sonality traits are related to music taxonomy preferences. Furthermore, our findings show

that the number of categories within a taxonomy influences the user experience in differ-

ent ways and is moderated by music expertise. Our findings can support personalized user

interfaces in music streaming services. By knowing the user’s personality and expertise, the

user interface can adapt to the user’s preferred way of music browsing and thereby mitigate

the problems that music listeners are facing while finding their way through the abundance

of music choices online nowadays.

Keywords Personality · Taxonomy · Music · Categorization · Overchoice ·

Choice overload · Music sophistication

1 Introduction

The increasing volume of music imposes a cognitive challenge when users explore preferred

music from a large collection. To overcome this, music streaming services try to organize

their collections in such a way that users can easily browse and find what they would like
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to hear. For this purpose, different categorization methods from music information retrieval

(MIR) are used to organize music (for an overview see [4, 40]).

Whereas, the “genre” taxonomy has been most commonly used to organize music, popu-

lar music streaming services, such as 8tracks (http://www.8tracks.com), AccuRadio (http://

www.accuradio.com), Songza (http://www.songza.com), Spotify (http://www.spotify.com),

have started to provide additional, user-centric, taxonomies to better serve users with diverse

music browsing needs. Derived from research that investigated how people use music in

their everyday life (e.g., [67]), taxonomies such as mood and activity are being used.

Although, providing different taxonomies serve different browsing needs of users, tax-

onomies can start to compete with each other and thereby influence the overall satisfaction

[47]. Even taxonomies that are not relevant for the search goal can distract the user [74],

complicate the search process [9], and increase the search effort because of conflicting

attention [54]. Therefore, understanding taxonomy preferences on an individual level is

important to provide a personalized music experience. For example, music streaming ser-

vices could emphasize the taxonomy that is important to the user while muting less preferred

taxonomies to the background, or not showing them at all.
The subsequent amount of content within a taxonomy can further influence the users’

preference strength and satisfaction with the eventually chosen item [53]. Ample research

has shown that presenting more options may not always have positive effects. More options

can cause overchoice (also referred as “choice overload”), which in turn influences the

difficulty to make a choice and satisfaction with the eventually chosen item and decreases

choice satisfaction [6, 46, 51, 80, 86, 88].
In this work we look at the two aforementioned aspects (i.e., taxonomic music browsing

strategies and overchoice effect within taxonomies). To investigate taxonomic music brows-

ing strategies, we explore the relation with personality traits. Personality has shown to be a

reliable predictor of human preferences. It has shown to be an enduring factor that influences

people’s behavior [56], interests, and taste [32, 59, 78]. Hence, the preference for a certain

taxonomic music browsing style may be reflected through users’ personality as well. Fur-

thermore, we look at the amount of content presented within a taxonomy on the occurrence

of overchoice. As the effect of overchoice has been shown to be influenced by different

moderators (e.g., expertise, choice set attractiveness. For an overview see Scheibehenne et

al. [85]), we investigate whether the musical expertise of users influence the preference for

a smaller or larger choice set. In this study, where we rely on stable constructs, such as per-

sonality and expertise, systems can be adapted towards specific behaviors, preferences, and

needs of users. Hence, it allows systems to accommodate for a better user experience.
The research questions (RQs) that we try to answer in this work are:

RQ 1: How do personality traits relate to taxonomy (mood, activity, genre) preferences in

music streaming services?

RQ 2: How does the size of the choice set influence the user experience (i.e., choice

satisfaction, perceived system usefulness, and perceived system quality), and how is this

moderated by expertise?

To investigate these research questions, we conducted a user study (preceded by a pre-

liminary study) in which we simulated a music streaming service application. Among 297

participants we found that personality is related to different music browsing strategies. Fur-

thermore, looking at the effect of the choice set size within a chosen music taxonomy, we

found that musical expertise plays a moderating role in how the system is evaluated by the

user. Within the mood taxonomy, participants with higher musical expertise rated the system

http://www.8tracks.com
http://www.accuradio.com
http://www.accuradio.com
http://www.songza.com
http://www.spotify.com
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as more useful and of higher quality when they were facing the choice set with less options.

However, this was the other way around for the genre taxonomy, where participants with a

higher music expertise rated the system more useful and of a higher quality when facing a

bigger choice set. The presented findings have important implications on how music inter-

faces should be designed in order to maximize the user experience by facilitating in specific

music preferences and needs of users. Based on our work, music services could be further

personalized by adapting the user interface depending on the user’s personality and level

of music expertise. This allows for counteracting on decreased user experience by the user

interface.

Overall, we provide new insights on how music streaming services can adapt their inter-

faces by targeting the user browsing needs, hence supporting users in finding music that

they would like to listen to. Next to that, our work makes contributions to several research

fields. Firstly, we contribute to the field of personality-based preferences. We show that

personality does not only explain music genre preferences [78], but that it extends to the

overarching music categorizations (i.e., taxonomies) by showing that personality traits are

related to different music browsing strategies (i.e., browsing for music by mood, activity, or

genre). Secondly, we contribute to the decision-making literature by extending the knowl-

edge about when and how overchoice occurs in the context of music. For this we look at

the categories within a taxonomy, and show that music expertise is an important influencing

factor on the evaluation of the system and chosen item.

We investigated two different RQs within one study. Therefore, the remainder of the

paper is structured as follows. We first discuss the related work separately for each RQ in

Section 2. After the related work, we continue with the materials (Section 3) that were used

for the user study to answer RQ 1 and 2. In Section 4 we discuss the preliminary study that

was necessary to define the content for the user study. Subsequently, we divided Section 5

into Study A and B, where we will treat the hypotheses, findings, and discussion related to

RQ 1 and 2. We discuss the limitations and future work in Section 6. Finally we round off

the paper by drawing conclusions in Section 7.

2 Related work

We review the literature about taxonomies and categories according to the two parts of our

user study respectively. The first part discusses work that is related to the taxonomies and

personality traits (Study A. Section 2.1), and the second part focuses on the overchoice

effect (Study B. Section 2.2).

2.1 Study A - taxonomies

In the following sections we discuss how taxonomies influences users’ decision making,

and how personality is able to predict the preference for a taxonomy.

2.1.1 Taxonomic influence

The effects of overchoice have been well studied. However, most research on overchoice

in consumer decision making has investigated choice satisfaction by focusing on choices in

isolation (i.e., choices within a taxonomy; e.g., [6, 46, 51, 80, 86, 88]). For example, Iyen-

gar and Lepper [51] investigated overchoice by using an assortment of on a specific set of

jams, whereas Bollen et al. [6] created movie recommendations by using only the Top-5 and
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Top-20 movies. Although they found effects of overchoice on choices in isolation, others

have shown that the satisfaction with the eventually chosen item already starts at the over-

arching categorizations; the taxonomies (e.g., [43, 47, 74]). Herpen et al. [47] asked their

participants to choose a shirt from clothing brochures and found that taxonomies can distract

in the decision making process. Their participants experienced higher decision effort, had

more difficulties grasping the selection, andothing taxonomies (e.g., shirts, pants, shoes)

than when substituted with content of one taxonomy (i.e., only shirts). Complementary

taxonomies can cause consumers to extend their decision making time even when comple-

mentary taxonomies are not relevant for the initial search goal [74]. When taxonomies are

placed next to each other, they start to compete and this is exacerbated especially when they

consist of features that are unique and not directly comparable [43].

Although different taxonomies in music streaming services serve the same goal of pro-

viding users with music that they would want to listen to, they also consist of unique features

that are not directly comparable: the taxonomies provide users the possibility to browse for

music in different ways. In general, the mood taxonomy provides users with music that is

similar to how they feel, the activity taxonomy provides music that fits a specific activity,

and the genre taxonomy has music categorized based on a set of stylistic criteria. Given that

the features of the taxonomies are not directly comparable, they can distract the user and

increase the effort of picking the right music taxonomy to continue the music browsing. In

the end, it can influence the satisfaction with the eventually chosen music item.

To minimize the negative influence of competing taxonomies, we try to counteract that

by identifying the intrinsic music browsing preference of the user. By identifying the user’s

most preferable music browsing strategy, the system can anticipate the desired user inter-

face. For example, the system can display the preferred music browsing taxonomy or

already recommend music that is in line with a user’s music browsing strategy (e.g., [26]).

In order to identify the music browsing preference of users, we rely on personality traits.

We will discuss prior work related to personality in the next section.

2.1.2 Personality

Personality has shown to be an enduring factor that influences an individual’s behavior

[56], interest, and tastes [59, 78]. As personality plays such a prominent role in shaping

human preferences, one can expect similar patterns (i.e., behavior, interest, and tastes) to

emerge between similar personality traits [10]. Different models have been created to cate-

gorize personality, where the five-factor model (FFM) is the most well known and widely

used [69]. The FFM consists of five general dimensions that describe personality. Each

of the five dimensions consist of clusters of correlated primary factors. Table 1 shows the

general dimensions with the corresponding primary factors.

Table 1 The five-factor model adapted from McCrae and John [69]

General dimensions Primary factors

Openness to experience Artistic, curious, imaginative, insightful, original, wide interest

Conscientiousness Efficient, organized, planful, reliable, responsible, thorough

Extraversion Active, assertive, energetic, enthusiastic, outgoing, talkative

Agreeableness Appreciative, forgiving, generous, kind, sympathetic, trusting

Neuroticism Anxious, self-pitying, tense, touchy, unstable, worrying
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There is a growing amount of psychological literature investigating the relationship

between personality traits and music consumption (e.g., [32, 38, 39, 76, 78, 79, 94]).

For example, music preferences were found to be correlated with personality traits. Rent-

frow and Gosling [78] categorized music pieces into four music-preference dimensions

(reflective and complex, intense and rebellious, upbeat and conventional, and energetic

and rhythmic), and found correlations with the five general personality dimensions (i.e.,

openness to experience, conscientiousness, extraversion, agreeableness, and neuroticism),

such as, a relationship between energetic and rhythmic music, and extraversion and agree-

ableness. The psychological work on personality provides valuable information for the

development of domain specific recommender systems.

Personality in personalized systems There has been an emergent interest in how to use

personality in personalized systems (e.g., recommender systems), and several directions

have been proposed (e.g., [14, 21, 23, 24, 26, 28, 34, 92, 93]). For example, Tkalcic et

al. [93] propose a method to overcome the “cold-start problem”1 by including personal-

ity information to enhance the neighborhood measurement. Hu and Pu [49] have shown

that personality-based recommender systems are more effective in increasing users’ loyalty

towards the system and decreasing cognitive effort compared to systems that do not use

personality information.

2.2 Study B - categories

In this work, we further look into the influence of the number of categories presented within

each taxonomy (Section 5.3). With this we join decision-making research on overchoice.

Overchoice (or choice overload) refers to the increase of choice difficulty and eventual

decrease of satisfaction as the number of choices increase. Iyengar and Lepper [51] were one

of the first to define overchoice by testing the attractiveness between a set of 6 or 24 types

of jam. Although their result shows that initially participants were more attracted to the

larger (24 item) set, those who were exposed to the smaller (6 item) set were more inclined

to actually buy a pot of jam (3% and 30% respectively of the participants bought jam).

Additionally, assessment of satisfaction showed that those who bought jam from the larger

choice set were less satisfied compared to those with a purchase from the smaller choice set.

The overchoice effect has been replicated numerous times in different context, and was

shown to affect motivation to choose as well as satisfaction with the chosen item (e.g., [6,

46, 52, 80, 88]). Shah and Wolford [88] found a motivational buying decrease in purchasing

black pens when the assortment size increases. When they increased the assortment size of

the black pens, participants’ motivation to purchase decreased from 70% to 33%. Reutskaja

and Hogarth [80] investigated overchoice in the context of gift-boxes prices, and found that

satisfaction with the chosen gift-box decreased when the number of gift-boxes to choose

from increased. Similar findings were shown by Haynes [46] in the context of the number

of lottery prices to choose from. Likewise, Bollen et al. [6] demonstrated a decrease in

choice satisfaction in a movie recommender system among an increased number of movies

to choose from.

Although there is an increased chance of a decrease in choice satisfaction, people some-

how still cherish more choice, and studies have shown that shops with a large variety of

1The cold-start problem is most prevalent in recommender systems, and occurs when there is not enough
data (yet) to recommend personalized items to the user. This problem especially occurs for new users.
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products even create a competitive advantage by providing more choices (e.g., [1, 8, 12,

13, 50, 57, 63, 68, 72]). So it seems that even though consumers risk to be more dis-

satisfied with their choice at the end, they still are attracted to more choices. A larger

choice set becomes more attractive because of the summed benefit of each option, and

thereby the total benefit of the set increases [18]. However, satisfaction decreases because

making the right choice becomes more difficult. The psychological cost increases as a

consequence of an increased number of choices. In other words, the summed benefit of

a larger choice set is outweighed by the cost of comparing each option in order to make

the right decision, increased risk of making a wrong choice, and increased expectations

with the chosen item [18, 86, 87]. This results in that a larger choice set has a higher

chance of decreased satisfaction or that no choice is made at all. Reutskaja and Hoga-

rth [80] showed that overchoice occurs in an inverted satisfaction U-curve, where at one

point the total cost of the choice set grows faster than the total benefit, causing a decrease of

satisfaction.

Apart from studies that have shown the overchoice effect, there are also studies that

demonstrate an opposing view (e.g., [5, 7, 19, 58, 91, 95]). They found that reducing the

variety in retail shops often result in decrease sales or no change at all. Scheibehenne et

al. [85] performed a meta-analysis of 50 studies voting against and in favor of the over-

choice hypothesis, and found that the overall effect size comes close to zero. There seem to

be necessary preconditions for a choice set before overchoice occurs [84, 85]. One factor

is the attractiveness of the choice set plays. When items of a choice set are compara-

bly attractive, and especially when they additionally consist of incomparable features, the

chances of overchoice increases [15, 22]. Furthermore, a factor that has shown to play a

significant role is domain expertise [70, 85, 96]. Domain experts are less prone to be over-

whelmed by the increasing number of choices, and therefore, overchoice is less likely to

occur.

In order to investigate the overchoice within a music taxonomy, we first needed to create

a choice set that meets the precondition (i.e., a choice set with attractive items). We con-

ducted a preliminary study where we identified the categories that would be most attractive

to our participants (see Section 4). Additionally, the moderator effect of musical expertise

on overchoice is further investigated in Section 5.3.

3 Method

To investigate music taxonomy preferences for music browsing, and overchoice of cate-

gories within a music taxonomy, we created an online experiment where we simulated

a music streaming service application. This application allowed us to study both RQ1

Activity Instructions 
6 categories 

24 categories
Questionnaires

Taxonomy choice Random category assignment

Genre 

Mood 

Fig. 1 Experiment work-flow. Participants were given instructions about the study, then continued by inter-
acting with the music streaming application (see Section 5.2 for details). After choosing a music taxonomy
to continue the music browsing, participants were randomly assigned to either the small choice set (i.e.,
6-categories) condition or the large choice set (i.e., 24-categories) condition. After picking a category,
participants continued to the concluding questionnaires
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Fig. 2 Screen shot of Tune-A-Find with the “Mood” tooltip

and RQ2 at the same time. The studies are divided in Study A and Study B respec-

tively. In the following sections we will discuss the experiment and the materials used in

detail.

3.1 Procedure

To answer RQ1 and RQ2, we simulated a music streaming service application named “Tune-

A-Find” (see Fig. 1 for the work-flow of the experiment). Before participants started the

experiment, instructions were given stating that they were about to test a new music stream-

ing service. We emphasized that it is important that they interact with the application in the

most ideal way for them. This allowed us to minimize experience bias with any of the tax-

onomies. After participants agreed with the instructions they continued by interacting with

Tune-A-Find.

Tune-A-Find consists of a simple interface with three taxonomies (i.e., mood, activity,

and genre) for participants to browse for music (see Fig. 2 and Section 5.2). A tooltip pro-

vided users a description of each taxonomy.2 The order of the taxonomies was randomized

to prevent order effects. After participants chose a taxonomy to search music by (i.e., mood,

activity, or genre), they continued on by choosing a category (i.e., type of mood, type of

activity, or type of genre) within the chosen taxonomy.

For the categories within a chosen taxonomy, participants were randomly assigned to

either the small choice set (i.e., 6-categories) condition or the large choice set (i.e., 24-

categories) condition (Fig. 3 and Section 5.3). The categories within each taxonomy were

based on the results of the preliminary study (Section 4). We did not allow participants

to go back to pick a different taxonomy. Therefore, we included a “None of the items”

option. Category order was randomized with “None of the items” option always placed last

to increase chances that participants would naturally assess all the options first. After par-

ticipants picked a category, they continued with the concluding questionnaires (i.e., user

experience, musical expertise, personality, and demographics questionnaires). We tried to

maximize ecological validity by not including real music recommendations (so that eval-

uations of participants were not influenced by the algorithm) and by stressing out that the

application concerned a prototype of a new music streaming service.

2Mood tooltip description “Browse for music that fits how you’re feeling”. Activity tooltip description
“Browse for music that fits what you’re doing”. Genre tooltip description “Browse for music by music style”.
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Fig. 3 Screen shots of the 6- and 24-categories conditions (top and bottom, respectively) with an extra option
of “None of the items”

3.2 Materials

The taxonomies used in Tune-A-Find (i.e., mood, activity, and genre), are based on a close

observation of current music streaming services. We found that these labels are increasingly

being used (see Table 2).

For the number of categories to present within each taxonomy, we followed the original

work of Iyengar and Lepper [51] on overchoice. They observed the occurrence of overchoice

between choice sets consisting of 6 and 24-items. We conducted a separate user study to
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Table 2 Grasp of the observed

music streaming services and the

taxonomies they use to organize

music

Mood Activity Genre

8Tracks X X X

AccuRadio X X

Earbits X

Grooveshark X

Google Play Music X

Guvera X X

Jango X X

Last.fm X

Musicovery X X X

Pandora X

Slacker X X

Songza X X X

Spotify X X X

determine which categorical labels (types of moods, activities, or genres) to include within

each taxonomy (see Section 4).

For the concluding questionnaires we made use of existing questionnaires measuring:

user experience, musical expertise, and personality. To measure user experience factors

we adapted the original user experience questionnaire of Knijnenburg et al. [61] to fit the

music streaming context of our study. The questionnaire depicts different parts of the user

experience. It measures participants choice difficulty, choice satisfaction, perceived system

usefulness, and perceived system quality.3

To measure participants’ musical expertise, we relied on the Goldsmiths Musical Sophis-

tication Index (Gold-MSI; [71]). Although recent research has shown that personality traits

can predict music sophistication [25, 44], we decided to explicitly measure music sophisti-

cation in order to obtain a more accurate music sophistication measurement. The Gold-MSI

questionnaire measures music sophistication based on the following dimensions:

– Active engagement (how much time and money one spends on music)

– Perceptual abilities (cognitive musical ability related to music listening skills)

– Musical training (musical training and practice)

– Signing abilities (skills and activities related to singing)

– Emotions (active behaviors related to emotional responses to music)

In the remainder of this paper, we will talk about “dimension expertise” to refer

to the separate dimensions of the Gold-MSI. For this study we adopted parts of Gold-

MSI that are related to the taxonomies (i.e., active engagement, perceptual abilities, and

emotions).4

To measure personality, we relied on the widely used, 44-item Big Five Inventory (5-

point Likert scale; disagree strongly - agree strongly; [55]). Finally, standard demographic

questions were asked (i.e., age and gender).

3See Appendix B for the questions
4See also Appendix C for the used questions
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4 Preliminary study

To determine which categories to use in each taxonomy, we conducted a preliminary study.

Prior research has shown that before overchoice occurs, the items in the choice set are

subject to preconditions. For example, when the differences between the attractiveness of

the items is small, and especially when they consist of incomparable features [15, 22].

In the following sections we outline the method and findings.

4.1 Method

For this preliminary study we recruited 45 participants through Amazon Mechanical Turk, a

popular recruitment tool for user-experiments [60]. Only those located in the United States,

and with a very good reputation were allowed to participate (≥95% Human Intelligence

Task [HIT]5 approval rate and ≥1000 HITs approved). We compensated participants with

$1 for their participation.

We extracted the categories provided by Songza,6 as they have a clear separation of

categories between taxonomies whereas others (e.g., Spotify) have a mixed taxonomy view.

For each taxonomy we asked participants to pick 12 categories7 that they would most likely

use when browsing for music.

4.2 Findings & conclusion

In line with prior work of [51] on overchoice, and work defining the preconditions of the

choice set [15, 22], we picked the 6 and 24 most attractive (i.e., the categories that par-

ticipants indicated to use most likely in their music browsing) categories (Table 3), and

were used for Study B (see Section 5.3) where we investigate overchoice within a music

taxonomy.

5 Main studies

In the following subsections, we discuss the main studies where we treat the hypotheses,

findings, and discussion for each study separately. Study A depicts the taxonomy prefer-

ences (Section 5.2), and Study B addresses the overchoice effect within a chosen taxonomy

(Section 5.3).8

5.1 Participants

We recruited 326 participants through Amazon Mechanical Turk. Participation was

restricted to those located in the United States, and also to those with very good reputa-

tion (≥95% HIT approval rate and ≥1000 HITs approved) to avoid careless contributions.

Participants were recruited at various times of the day to balance night and day time music

application usage. Several comprehension-testing questions were used to filter out fake and

5Human Intelligence Tasks represent the assignments a user has participated in on Amazon Mechanical Turk
prior to this study.
6see Appendix A for the complete surveyed list
7We chose the arbitrary number of 12 as we believed that this would provide us with sufficient information
without burdening the participants too much with answering.
8The studies extend the preliminary results published in Ferwerda et al. [33].
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Table 3 Top 6- and 24-categories chosen by participants. # represents the number of votes

Mood # Activity # Genre #

1 Energetic 40 Relaxing 30 Pop 29

2 Happy 37 Being Creative 26 Rock 23

3 Soothing 35 Rainy day 24 Rock: Classic Alternative 21

&Punk

4 Mellow 34 Staying Up All Night 22 Indie: Indie Rock 20

5 Atmospheric 31 Road Trip 21 Indie: Indie Pop 19

6 Hypnotic 30 Working/Studying (without lyrics) 19 Easy Listening 19

7 Introspective 28 Reading in a Coffee Shop 18 Classical 18

8 Warm 27 Singing in the Shower 18 Blues & Blues Rock 18

9 Motivational 27 Housework 18 Film scores 18

10 Funky 25 Working/Studying (with lyrics) 17 Folk 17

11 Sad 24 Romantic Evening 17 Dance 16

12 Celebratory 24 Gaming 17 R&B 16

13 Nocturnal 23 Energy Boost 17 Pop: Classic Pop 15

14 Aggressive 22 Working Out: Weight Training 17 Rap 15

15 Seductive 22 Unwinding After Work 16 Oldies 14

16 Gloomy 22 Working Out: Cardio 16 Electronica 14

17 Sweet 22 Dance Party: Beach 16 Jazz 14

18 Classy 20 House Party 16 Rock: Modern Rock 13

19 Sexual 19 Barbecuing 15 Indie: Indie Electronic 13

20 Raw 19 Lying Low on the Weekend 15 Dance: House & Techno 13

21 Angsty 18 Sleeping 14 Singer-Songwriter 13

22 Visceral 18 City Cruising 14 Pop: Dance pop 12

23 Spacey 16 Waking Up on the Right Side 12 Funk 12

of the Bed

24 Trippy 16 Lying on a Beach 12 Dubstep & Drum ’n Bass 12

careless entries. This left us with 297 completed and valid responses. Age (19 to 68, with a

median of 31) and gender (159 males and 138 females) information indicated an adequate

distribution. Participants were compensated with $2 for their participation.

5.2 Study A

In Study A, we looked at how taxonomy preferences are related to different personality

traits. To investigate this relation we simulated a music streaming service (Fig. 2). The appli-

cation consists of a simple interface with three taxonomies (mood, activity, and genre) for

participants to browse for music. A tooltip provided users a description of each taxonomy.

The order of the taxonomies was randomized to prevent order effects. Once a taxonomy

was picked, participants continued by choosing a category within the chosen taxonomy (this

is addressed in Study B in Section 5.3). As we are interested in users’ intrinsic taxonomy

preferences, participants were not able to go back once a taxonomy was picked. For those

who want to choose a different taxonomy, we included an additional option of “None of

the items” among the available categories. For those who picked this option, we included

an additional question in the concluding questionnaire where they could indicate what they
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would have picked otherwise in terms of taxonomy (i.e., mood, activity, or genre) as well

as the category within a taxonomy.

In order to prevent an experience bias with one of the music taxonomies (i.e., mood,

activity, or genre), participants were told during the instructions of the user study that they

were going to test a new music streaming service, and therefore it is important that they

interact with the system in the most ideal way for them.

As there is no strong evidence from the literature to form hypotheses, we decided to

adopt an exploratory approach. We try to draw relationships between our findings to what

is known from prior research in the discussion section.

5.2.1 Findings

Using a chi-square test of independence, we explored the relationship between participants’

five personality dimensions and the chosen music taxonomy (mood, activity, and genre). We

used a median split to divide each personality trait into a low and high measure and a binary

value was assigned to each taxonomy representing whether or not a participant chose for a

certain taxonomy. The distribution of the music taxonomy choices made by the participants

are shown in Table 5. Participants in general chose the genre taxonomy followed by the

mood and activity taxonomies. In the following sections we discuss the relationship between

personality traits and the music taxonomy chosen by the participants (see Table 4 for an

overview).

Mood taxonomy Results of the chi-square test indicated a positive relationship between

openness to experience and mood χ2(1, N = 297) = 3.117, p = .05. This means that those

who scored high on the openness to experience dimension were more likely to choose for

mood than for activity or genre taxonomy. We did not find any significant effects of the

other personality traits: conscientiousness χ2(1, N = 297) = .934, p = .334, extraversion

χ2(1, N = 297) = .870, p = .351, agreeableness χ2(1, N = 297) = .044, p = .833, and

neuroticism χ2(1, N = 297) = .703, p = .402.

Activity taxonomy When looking at the chi-square test results for the activity taxonomy,

we found a positive significant effect of conscientiousness χ2(1, N = 297) = 3.210,

p = .05. Additionally, we found a positive relationship of neuroticism χ2(1, N = 297) =

12.663, p < .001. These results indicate that those who scored high on neuroticism or con-

scientiousness were more likely to choose the activity taxonomy. We did not find significant

effects for openness to experience χ2(1, N = 297) = .046, p = .830, extraversion χ2(1,

N = 297) = .507, p = .477, and agreeableness χ2(1, N = 297) = .406, p = .524.

Table 4 Summary of the results for each taxonomy (i.e., mood, activity, and genre) with each personality
trait: (O)pennes to experience, (C)onscientiousness, (E)xtraversion, (A)greeableness, and (N)euroticism

χ2 (p)

O C E A N

Mood taxonomy 3.117 (0.05) 0.934 (0.334) 0.870 (0.351) 0.044 (0.833) 0.703 (0.402)

Activity taxonomy 0.046 (0.830) 3.210 (0.05) 0.507 (0.477) 0.406 (0.524) 12.663 (<0.001)

Genre taxonomy 3.079 (0.11) 0.000 (0.997) 1.506 (0.220) 0.266 (0.606) 6.583 (0.01)

Bold faced numbers indicate a significance level of ≤ 0.05
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Genre taxonomy The chi-square test results for the genre taxonomy indicated a positive

significant effect of neuroticism χ2(1, N = 297) = 6.583, p = .01, which implies that those

who scored high on neuroticism were more inclined to choose for genre than for the other

taxonomies.. All the other personality traits were not significant: openness to experience

χ2(1, N = 297) = 3.079, p = .11, conscientiousness χ2(1, N = 297) = 0, p = .997,

extraversion χ2(1, N = 297) = 1.506, p = .220, and agreeableness χ2(1, N = 297) =

.266, p = .606.

Additional finding Additionally, we looked for effects of gender and age. Controlling for

gender and age did not result in any significant effects. However, as seen in Table 5, the

distribution of gender is interesting and indicates some trends. The distribution of women is

higher in mood and activity, while conversely for genre.

5.2.2 Discussion

In this study, we investigated whether music taxonomy (mood, activity, and genre) prefer-

ences can be inferred from personality traits. We found that there is a relationship between

personality traits taxonomy preferences that are used by music streaming services. We

visualized our findings in Fig. 4.

We found a positive relationship between openness to experience and the mood taxon-

omy. This indicated that those scoring high on openness to experience are likely to choose

for music organized by mood. Knoll et al. [62] found that open individuals show recipro-

cal behavior towards emotional support. Those scoring high on openness to experience are

more aware of, and more capable to judge their own emotions. Therefore, music can play a

supportive role for them, and would find greater benefit from browsing for music by mood.

Furthermore, a positive relationship between conscientiousness and the activity taxon-

omy was found. In other words, highly conscientious people show an increased preference

for activity, but not for genre. Conscientiousness refers to characteristics, such as, self-

discipline. People that score high on the conscientiousness scale tend to be more plan- and

goal-oriented, organized, and determined compared to those scoring low [10]. As conscien-

tious people are more plan- and goal-oriented, they would benefit of taxonomies that consist

of concrete music categories (e.g., activities) to support their plans and goals.

Lastly, we found relationships between neuroticism and the activity and genre taxonomy.

This indicates that those scoring high on neuroticism are more likely to choose for activity

or genre. The neuroticism dimension indicates emotional stability and personal adjustment.

High scoring on neuroticism are those that frequently experience emotional distress and

wide swings in emotions, while those scoring low on neuroticism tend to be calm, well

adjusted, and not prone to extreme emotional reactions [10]. Additionally, those who are

highly neurotic do not believe that emotions are malleable, but rather difficult to control and

strong in their expressions [45]. As neurotic people do not consider emotions to be easily

changed, they will not benefit much from the mood taxonomy, but more of the activity or

genre taxonomies instead.

Table 5 Distribution of men and

women across the music

taxonomy preference

Category #Male (percentage) #Female (percentage) #Total

Mood 26 (38%) 42 (62%) 68

Activity 5 (31%) 11 (69%) 16

Genre 128 (60%) 85 (40%) 213
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Fig. 4 Visualization of our
findings: (O)penness to
experience, (C)onscientiousness,
(E)xtraversion, (A)greeableness,
(N)euroticism

5.3 Study B

In Study B we looked into how the number of categories presented within a chosen music

taxonomy influences the user experience (i.e., category choice satisfaction and difficulty,

perceived system quality and usefulness), and how this effect is moderated by the par-

ticipant’s musical dimension expertise (i.e., active engagement, emotion, and perceptual

abilities). The conditions (6- and 24-categories) of Study B originate from the behavior in

Study A, where participants picked a music taxonomy to continue their music browsing

(Study A; Section 5.2). In the following subsections we continue with hypotheses building,

findings, and discussion.

5.3.1 Hypotheses

Overchoice is not always bound to occur; the choice set needs to satisfy preconditions.

We covered the choice set preconditions in Section 4. However, overchoice does not only

depend on choice set characteristics, but the user’s characteristics play a role as well. A

significant moderator for overchoice is the expertise of the user [11, 12, 64, 70, 85].
In line with findings showing expertise as a moderator for overchoice, we therefore

hypothesize that also in the context of this study, expertise plays a role. In order to mea-

sure expertise, we rely on the different dimensions (i.e., active engagement, emotion, and

perceptual abilities) of the Gold-MSI. The active engagement dimension depicts general

music expertise (e.g., how much time and money one spends on music listening), while the

dimensions emotion and perceptual abilities depict expertise related to the individual music

taxonomies (mood and genre taxonomy respectively). For example, the emotion dimen-

sion is related to how often someone might choose music that will send shivers down their

spine or how often music can evoke memories of past people and places, thereby mapping

to the mood taxonomy. As the perceptual ability dimension is related to how well some-

one can compare two pieces of music or how well someone can identify genres of music,

thereby mapping to the genre taxonomy. The active engagement dimension depicts gen-

eral behavior, we believe that it has a positive effect in both the mood and genre music

taxonomy.
Furthermore, we do not only investigate the effects of overchoice on choice satisfac-

tion, but assess other parts of the user experience as well. Besides satisfaction, we also

include choice difficulty, perceived system quality, and perceived system usefulness. Unless

otherwise specified, we will refer to these factors as the user experience.
We hypothesize:

H1: The number of categories within any of the taxonomies will have a positive effect

on the user experience for dimension experts in active engagement, but not for non-

experts.
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Table 6 Distribution of chosen categories within each taxonomy (6-categories condition)

Mood # Activity # Genre #

0 None 2 None 3 None 20

1 Energetic 8 Relaxing 0 Pop 16

2 Happy 6 Being creative 2 Rock 30

3 Soothing 5 Rainy day 0 Classical Rock 21

4 Mellow 10 Staying up all night 4 Indie Rock 11

5 Atmospheric 3 Road trip 0 Indie Pop 2

6 Hypnotic 2 Working/studying 3 Easy Listening 7

without lyrics

Total 36 12 107

The dimensions emotion and perceptual abilities are more specifically oriented

towards the mood and genre music taxonomy. Therefore we hypothesize:

H2: The number of categories within the mood taxonomy will have a positive effect on

the user experience for dimension experts in emotion, but not for non-experts.

H3: The number of categories within the genre taxonomy will have a positive effect on the

user experience for dimension experts in perceptual abilities, but not for non-experts.

We do not hypothesize overchoice within the activity taxonomy as it depicts specific

activities, and is unrelated to any kind of expertise or ambiguity.

5.3.2 Findings

A multivariate analysis of variance (MANOVA) was conducted to test for user experience

(i.e., perceived system usefulness, perceived system quality, choice difficulty, and choice

satisfaction) differences between 6- and 24-categories. With the MANOVA we first tested

differences between the number of categories within each music taxonomy (i.e., without

controlling for expertise). Tables 6 and 7 show the categories that the participants chose,

and the total distribution across the music taxonomies respectively. Results show that for

the mood, activity, and genre taxonomies, participants did not experience any significant

difference whether it was the smaller choice set or the bigger choice set that they chose from

(see Table 8 for means and standard deviations).

In order to investigate the effects of expertise, we conducted a moderated multiple regres-

sion (MMR) analysis. We used the dimensions of the Gold-MSI (i.e., active engagement,

perceptual abilities, and emotions) to assess participants’ expertise level, and added these as

a moderator to the analyses. This allowed us to investigate how expertise influences the over-

choice effect and the user experience factors (i.e., perceived system usefulness, perceived

system quality, choice difficulty, and choice satisfaction).

The analyses were conducted in two steps.9 In the first step we tested for main effects.

This allowed us to see the general effects of expertise on the user experience factors within

each music taxonomy, regardless of the number of categories. The second step involved the

9The full results can be found in Appendix D
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Table 7 Distribution of chosen categories within each taxonomy (24-categories condition)

Mood # Activity # Genre #

0 None 0 None 0 None 5

1 Energetic 2 Relaxing 0 Pop 9

2 Happy 4 Being creative 0 Rock 9

3 Soothing 4 Rainy day 0 Classical Rock 8

4 Mellow 3 Staying up all night 0 Indie Rock 5

5 Atmospheric 1 Road trip 0 Indie Pop 2

6 Hypnotic 0 Working/studying without lyrics 0 Easy Listening 4

7 Introspective 1 Reading in a coffee shop 0 Classical 0

8 Warm 1 Singing in the shower 0 Blues/Rock 3

9 Motivational 1 Housework 2 Film scores 4

10 Funky 1 Working/studying with lyrics 0 Folk 5

11 Sad 1 Romantic evening 0 Dance 1

12 Celebratory 0 Gaming 0 R&B 6

13 Nocturnal 1 Energy boost 0 Classic Pop 4

14 Aggressive 0 Working out: weight training 0 Rap 6

15 Seductive 1 Unwinding after work 0 Oldies 7

16 Gloomy 1 Working out: cardio 2 Electronica 7

17 Sweet 0 Beach party 0 Jazz 5

18 Classy 2 House party 0 Modern Rock 8

19 Sexual 3 Barbequing 0 Electronic Indie 2

20 Raw 1 Lying low on the weekend 0 Dance/House/Techno 2

21 Angsty 1 Sleeping 0 Singer-songwriter 1

22 Visceral 1 City cruising 0 Dance Pop 1

23 Spacey 2 Waking up on the right side of the bed 0 Funk 1

24 Trippy 0 Lying on a beach 0 Dubstep/Drum and Bass 1

Total 32 4 106

moderators (i.e., emotion, perceptual abilities, and active engagement dimension expertise).

By including the moderators, we were able to look at how expertise influences overchoice,

and in turn the user experience.

We separately discuss the significant findings of each music taxonomy on the user expe-

rience factors (i.e., perceived system usefulness, perceived system quality, choice difficulty,

and choice satisfaction) below. In each of the following result sections, we first start with the

Table 8 Mean and standard deviations of the user experience factors on category size per taxonomy

Mood Activity Genre

6 24 6 24 6 24

Perceived system usefulness 4.07 (.78) 4.14 (.68) 3.50 (1.21) 4.25 (.50) 3.71 (.96) 4.02 (.88)

Perceived system quality 3.95 (.84) 4.10 (.78) 3.21 (1.23) 4.37 (.48) 3.50 (1.26) 4.01 (1.09)

Choice difficulty .97 (.17) .94 (.25) .83 (.39) .75 (.50) .90 (.30) .91 (.29)

Choice satisfaction 4.21 (.72) 4.27 (.59) 3.46 (1.37) 4.37 (.63) 3.91 (1.08) 4.31 (.81)
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significant main effects (i.e., the effect of expertise on the user experience without taking

into account the different number of categories). After that we continue with the significant

moderator effects (i.e., the effect of expertise on overchoice and the user experience).

Mood taxonomy When looking at the results of perceived system usefulness, we found

a significant main effect of emotion expertise (t(1, 63) = 1.939, p = 0.05). This indi-

cates that in general participants that are emotion experts found the system more useful

than non-experts. For perceived system quality, we found a significant main effect of

active engagement expertise (t(1, 63) = −2.379, p = 0.02), as well as emotion expertise

(t(1, 63) = 2.285, p = 0.02). This means that active engaged participants indicated that

they perceived the system of lower quality while participations with emotion expertise rated

the system of higher quality. Furthermore, we found a main effect on choice satisfaction of

emotion expertise (t(1, 63) = 1.764, p = 0.08), indicating that those who use music for

emotional activities are in general more satisfied with their category label choice.

When looking at differences between the number of categories while controlling for the

expertise dimensions, we found the following moderator effects on the different factors of

the user experience. For the perceived system usefulness, we found a significant moderator

effect of emotion expertise (t(1, 63) = −2.147, p = 0.03). The results of the moderator

effect indicate that emotion experts perceived the system as less useful when given more

choices, while non-emotion experts perceived the system as more useful when given more

choices (Fig. 5). When looking at the perceived system quality, we found a moderator

effect of emotion expertise (t(1, 63) = −1.834, p = 0.07), indicating that emotion experts

perceived the system of less quality when given more choices (Fig. 6). Lastly, we iden-

tified moderator effects on choice difficulty by emotion expertise and active engagement

expertise. Emotion experts show a decrease in choice difficulty when given less choices

(t(1, 63) = −1.754, p = 0.08; Fig. 7), whereas active engagement experts show a decrease

of choice difficulty when given more choices (t(1, 63) = 2.385, p = 0.02; Fig. 8). No

significant effects were found on choice satisfaction.

Activity taxonomy As expected, no main or moderator effects were found for the cate-

gories within the activity taxonomy.

Genre taxonomy No main effects were found of the different expertise dimensions on the

user experience. However, moderator effects were observed on the user experience factors

Fig. 5 Moderator effect of emotion (E) expertise on perceived system usefulness (higher means more
useful) within the mood taxonomy
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Fig. 6 Moderator effect of emotion (E) expertise on perceived system quality (higher means higher quality)
within the mood taxonomy

when looking at the differences between the number of categories. A significant moderator

effect was found on perceived system usefulness when controlling for perceptual abilities

expertise (t(1, 197) = 2.260, p = 0.02). Participants with expertise in perceptual abilities

rated the system as more useful when given more choices. On the other hand, those with

low perceptual abilities rated the system as more useful when given less choices (Fig. 9).

For perceived system quality, we found a moderator effect of perceptual abilities expertise

(t(1, 197) = 1.838, p = 0.06). The results show that perceptual experts rated the system of

higher quality when given more choices, while it hardly made a difference for non-experts

(Fig. 10). No significant effects were found on choice satisfaction or choice difficulty by

expertise in perceptual abilities, nor did we find any effects on the user experience factors

by active engagement.

5.3.3 Discussion

Our results show that expertise plays a role in whether overchoice occurs or not. With

regards to H1, we only found partial support. We hypothesized that general musical exper-

tise (active engagement), would play a role in whether overchoice occurs. However, we only

found an overchoice effect in the mood taxonomy on choice difficulty. Those who were

more expert indicated to find it more difficult to choose a category when they were given

Fig. 7 Moderator effect of emotion (E) expertise on choice difficulty (higher means easier) within the mood
taxonomy
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Fig. 8 Moderator effect of active engagement (AE) expertise on choice difficulty (higher means easier)
within the mood taxonomy

less choice, whereas non-experts indicated to experience more difficulties when given more

choice. As this was the only effect found, the effect of expertise seem to be very specific,

and cannot take any general form.

Remarkable is the effect of emotion expertise within the mood taxonomy. Here, the emo-

tion expertise seem to adopt an opposite effect of overchoice. Therefore, we need to reject

our hypothesis (H2). Instead of an increase in the user experience factors when given more

choice, emotion experts show a decrease. In other words, they perceived the system as more

useful and of higher quality, and indicated to have less difficulties to pick a category, when

provided less choice. Non-experts indicated the opposite effect and were experiencing a

higher user experience when given more choices. A possible explanation for this could be

that emotional experts are in general more emotionally aroused and therefore prefer less

choice because it takes less cognitive effort. This is in line with findings that show that

emotional arousal can have an adverse effect on decision making because of reduced cog-

nitive processing [20, 66]. In other words, information processing decreases as a result of

emotional arousal. Making a choice from a bigger choice set would then take more effort to

assess every option. Also, especially for those who rely more on the emotional triggers of

music, making a bad choice will have bigger consequences than making a good choice [3].

Hence, as the choice sets within each music taxonomy were designed to be most attractive,

choice difficulty within the mood taxonomy is exacerbated for the more experienced ones.

Fig. 9 Moderator effect of perceptual abilities (PA) expertise on perceived system usefulness (higher means
more useful) within the genre taxonomy
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Fig. 10 Moderator effect of perceptual abilities (PA) expertise on perceived system quality (higher means
higher quality) within the genre taxonomy

The effect of expertise in the genre taxonomy is partially in line with our hypothesis

(H3). Prior research suggests that expertise is a moderator for overchoice [11, 12, 64, 70,

85]. Those who indicated to be experts in perceptual abilities rated the system of higher

quality, and more useful, when more choices were provided.

It is striking that we did not observe a clear overchoice effect on the choice that was made

(i.e., choice difficulty and choice satisfaction), but only on the evaluation of the system

(i.e., perceived system usefulness and perceived system quality). Evaluating the necessary

preconditions for overchoice to occur state that the user needs to have a lack of familiarity

with the items, and should not have a clear prior preference for an item [51]. However, not

meeting these preconditions should lead to preferring more choice [11, 12], whereas our

results show no differences. Others argue that overchoice can only occur when all options

are attractive. So, there should be no dominant option and the proportion of non-dominant

options should be large [16, 17, 48, 77]. Otherwise, making a decision would be easy,

regardless of the size of the choice set. In this study, we tried to control for that by creat-

ing choice sets with the most attractive items (see the preliminary study in Section 4). Also,

by looking at the distribution of the choices made by the participants (see Tables 6 and 7),

there is no category that excessively stands out of being chosen. The most plausible explana-

tion for why we did not observe the hypothesized effects comes from Hutchinson [50]. He

argued that overchoice seldom occurs among animals, because they seem to have adapted

to the different sizes of choice sets that naturally occur in their environment. Although this

hypothesis has not been verified on humans so far, it would explain best why the overchoice

effect on the choices made (i.e., choice difficulty and choice satisfaction) was not found

in our study. The sizes of the choice sets we used are not uncommon for music streaming

services. We picked the size of our largest choice set (24 categories) to be in line with the

original work of overchoice by Iyengar and Lepper [51]. However, this was just a subset of

what would be presented to actual users of such a service. It could be that participants are

accustomed to the sizes of the presented choice sets as currently in music streaming services

they would need to deal with even larger choice sets than used in this study.

Although we did not experience the overchoice effect on the category items, it does not

mean that our choice sets did not have any effects. We did find effects on the factors evalu-

ating the system (i.e., perceived system usefulness and perceived system quality). These are

important factors that help to form users’ general perspective of the system as a whole.

Aside of the fact that our results contribute to knowledge on how to design online music

systems (see Section 5.4), our results also contribute to knowledge in other domains (see
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Fig. 11 for a visualization of our results). We show that personality traits relate to interac-

tions within online music systems and thereby provide insights on how personality relate to

online behaviors through new interactions methods that technologies are facilitating. Fur-

thermore, our results provide additional insights important for decision making research

by showing the versatility of expertise on the overchoice paradigm. Although expertise

showed to be an important influencing factor, we show that it is case dependent whether it

contributes to overcoming the overchoice effect.

5.4 Implications

The results of these studies support the creation of personalized user interfaces by taking

into account the user’s personality and expertise (a proposed user model can be found in

Fig. 11). With applications getting more and more connected and sharing resources (e.g.,

applications connect with social networking sites, such as, Facebook, Twitter, or Instagram),

the automatic extraction of personality and expertise becomes more available. A possible

scenario could be:

A user has the music application connected to his Facebook account. Based on his Face-

book profile, the application inferred that he is someone open to new experiences. Therefore,

the music application adjusts the user interface by emphasizing the mood taxonomy to let

the user continue browsing for music. By analyzing his profile (e.g., he filled in artists and

bands that he likes) and postings (e.g., posting often that he goes to concerts), the sys-

tem may infer that he is actively engaged with music. Based on this, the system decides to

provide him more categories to choose from within the mood taxonomy.

In the last couple of years, it has been demonstrated that personality information can

be extracted from social networking sites (SNSs) like Facebook (e.g., [2, 35, 42, 73, 81]),

Twitter (e.g., [41, 75]), and Instagram (e.g., [29–31, 36, 65], or a combination of such [89]).

Being able to extract personality traits from SNSs caters the possibility for (music) appli-

cations to adjust their user interface based on our results. For example, when someone

appears to be open to new experiences, the mood taxonomy could be emphasized while

other taxonomies could be placed more in the background of the interface. In addition,

Fig. 11 Proposed user model. Personality traits: (O)penness to experience, (C)onscientiousness, (E)xtraversion,
(A)greeableness, (N)euroticism. Music expertise dimensions: active engagement (AE), perceptual abilities
(PA), emotions (E)
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music recommendations could be given based on the mood taxonomy (e.g., music with

similar mood expression).

Although recent work has shown that personality can predict music sophistication

[25, 44], we believe that also the expertise dimensions (i.e., active engagement, perceptual

abilities, and emotions) that we used in Study B, can be inferred from the same increased

connectedness with SNSs. For example, active engagement can be inferred by extracting

information on concert attendance (e.g., Facebook events, SongKick; http://www.songkick.

com) as well as purchase behavior (e.g., iTunes store, Amazon; http://www.amazon.com).

The “About” section, or the posted activities and status updates in SNSs can provide cues to

infer perceptual abilities. Analyzing postings of a SNS user could give an indication about

the emotion expertise dimension (e.g., postings about induced feelings when listening to a

song). Also, there seems to be some relationship between factors of the emotion expertise

dimension and the openness to experience personality factor. This could serve as an addi-

tional indicator. Music applications could anticipate the choice set based on the expertise

dimension of the user.

6 Limitations & future work

There are several limitations in this study that should be addressed in future work. Our sam-

ple focused only on participants situated in the United States. Recent work showed that

there are cultural differences in music consumption (e.g., [27, 37, 82, 83, 90]). Hence, cul-

tural differences may also play a role in taxonomy usage and category preferences. Future

work should address this.

We tested the relationship between personality traits and independent music taxonomies

(i.e., mood, activity, and genre). One of our results show a relationship between neuroticism

and the activity and genre taxonomy. On the other hand, it could well be that people prefer

combinations of taxonomies (e.g., sad pop music, funky road trip music, or happy cooking

music).

In the studies we conducted, we intentionally did not include real music recommenda-

tions as we believed this could interfere with rightfully answering our research questions.

Since this study only simulated the decision making stage of using a music streaming ser-

vice and did not play any actual music, it may have limiting effects on the holistic user

experience.

7 Conclusion

The goal of this work was to investigate whether music browsing strategies are related to

personality traits, by looking at the decision making of picking a music taxonomy (mood,

activity, or genre) to browse for music. Additionally, we looked at the occurrence of over-

choice with the number of categories within the music taxonomies, and how this effect is

moderated by expertise.

We found that users’ choice of a taxonomy (mood, activity, or genre) to browse for music,

is related to their personality. We found significant effects between openness to experience

and the mood taxonomy, Conscientiousness and the activity taxonomy, neuroticism and

the activity taxonomy, and neuroticism and the genre taxonomy. Furthermore, our results

show that overchoice is moderated by expertise. We found that the effects of overchoice

is counteracted by expertise in the genre taxonomy (i.e., a positive relationship between

http://www.songkick.com
http://www.songkick.com
http://www.amazon.com
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expertise and more choices). However, having more expertise/experience does not always

make choosing easier. In our case, emotion experts (e.g., those who easily identify with

emotions in music) had more difficulties making a decision with an increased choice set

(i.e., a negative relationship with expertise). Although expertise may take the role as a proxy

measure for cognitive processing, by assuming that expertise and experience with the topic

makes processing information about the topic easier, this does not always seem true. In

some cases, expertise or more experience can create averse effects.

Finally, while the majority of prior research focuses on the influence of overchoice on

choice satisfaction and/or choice difficulty, we show with our results that overchoice does

not necessarily limit its influence to these two factors. Our results show that even when

choice satisfaction or difficulty are not affected by the overchoice effect, it may still influ-

ence other aspects of the user experience (e.g., system usefulness, and system quality).

These other factors of the user experience should not be neglected, and could play an

important role in the recurring use of the system by users.
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Appendix A: Categories

Music categories extracted from Songza (http://www.songza.com)

Nr Mood Activity Genre

1 Visceral Housework Blues & Blues Rock

2 Mellow Drinking at a Dive Bart Bluegrass

3 Celebratory Hanging Out in the Man Cave Children’s

4 Warm Road Trip Christian

5 Motivational Skateboarding Christian: Gospel

6 Angsty Working/Studying (without lyrics) Christmas

7 Trashy Getting High Classical

8 Seductive Going for a Bike Ride Classical: Crossover

9 Hypnotic Unwinding After Work Classical: Vocal

10 Rowdy Staying up all Night Country

11 Aggressive Dance Party: Beach Country: Contemporary

Country

12 Sweet Singing in the Shower Dance

13 Soothing Energy Boost Dance: Disco

& Nu Disco

14 Introspective Slow Dancing Dance: House & Techno

15 Raw Sitting on a Back Porch Dancehall

16 Gloomy Reading in a Coffee Shop Dubstep & Drum ’n Bass

17 Atmospheric Working Out: Cardio Easy Listening

18 Nocturnal Breaking Up Electronica

19 Cold Making Out Film Scores

20 Spacey Dinner Party: Formal Folk

21 Earthy Workout Cool Down Funk

http://creativecommons.org/licenses/by/4.0/
http://www.songza.com
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22 Lush Getting Lucky Hawaiian

23 Sexual Driving in the Left Lane Indie: Indie Electronic

24 Classy Working Out: Weight Training Indie: Indie Folk

& Americana

25 Trippy Lying on a Beach Indie: Indie Pop

26 Energetic House Party Indie: Indie Rock

27 Sprightly Barbecuing International/World

28 Funky Cocktail Party International: African

29 Campy Romantic Evening International: Asian

30 Happy Rainy Day International: Brazilian

31 Sad Waking Up on the International: Jamaican

Right Side of the Bed

32 Cocky Working/Studying International: Mediterranean

(with lyrics)

33 Dance Party: Sweaty Jazz

34 Lounging in a Cool Hotel Jazz: Vocal Jazz

35 Lying Low on the Weekend Latin

36 Yoga Latin: Cuban

37 Pleasing Crowd Latin: Puerto Rican

38 Coding Latin: Salsa

39 Pool Party Latin: Tropical

40 Sleeping Nature Sounds & Soundscapes

41 Dinner Party: Casual Oldies

42 Gaming Pop

43 Relaxing Pop: Classic Pop

44 City Cruising Pop: Dance Pop

45 Coming Down After a Party Pop: Soft Pop

46 Stripping R&B

47 Shopping at a Vintage Store R&B: Classic R&B

48 Ballroom Dancing R&B: Contemporary R&B

49 Dirt Road Driving R&B: Soul

50 Walking Through a City Rap

51 Dance Party: Fun & Funky Rap: Classic Mainstream Rap

52 Being Creative Rap: Old School Rap

53 Cooking with Friends Rap: Today’s Mainstream Rap

54 Girls Night Out Rap: Underground & Alternative Rap

55 Getting Married Reggae & Ska

56 Grinding at a Nightclub Reggaeton

57 Rock

58 Rock: Classic Alternative & Punk

59 Rock: Contemporary Alternative

60 Rock: Emo/Pop-Punk

61 Rock: Hard Rock

62 Rock: Metal

63 Rock: Modern Rock

64 Rock: Rockabilly

65 Singer-Songwriter

66 Showtunes
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Appendix B: User experience

Below the questions depicting the user experience (adapted from [61]).

B.1 Choice satisfaction

5-point Likert scale: disagree strongly - agree strongly.

Nr Question

1 I don’t like the item I chose (negated).

2 I am enthusiastic about the item I chose.

B.2 Perceived choice difficulty

5-point Likert scale: very difficult - very easy.

Nr Question

1 How difficult was it to choose an item from the list?

B.3 Perceived system usefulness

5-point Likert scale: disagree strongly - agree strongly.

Nr Question

1 With this way of finding music, I can make better choices.

2 I don’t find this way of finding music useful (negated).

3 I would use this way of finding music more often if it was possible.

B.4 Perceived system quality

5-point Likert scale: disagree strongly - agree strongly.

Nr Question

1 I found good items in the list.

2 The list did not consist any of my preferred items (negated).

Appendix C: Music sophistication

Below the questions belonging to corresponding parts of the Gold-MSI (5-point Likert

scale: disagree strongly - agree strongly. Adopted from [71]).

C.1 Music emotions

Nr Question

1 I sometimes choose music that can trigger shivers down my spine.

2 Pieces of music rarely evoke emotions for me.

3 I often pick certain music to motivate or excite me.

4 Music can evoke my memories of past people and places.



20182 Multimedia Tools and Applications (2019) 78:20157–20190

C.2 Active engagement

Nr Question

1 I spend a lot of my free time doing music-related activities.

2 I often read or search the Internet for things related to music.

3 I don’t spend much of my disposable income on music.

4 Music is kind of an addiction for me - I couldn’t live without it.

5 I keep track of new music that I come across (e.g., new artists or recordings).

C.3 Perceptual abilities

Nr Question

1 I am able to judge whether someone is a good singer or not.

2 I find it difficult to spot mistakes in a performance of a song even if I know the tune.

3 I can tell when people sing or play out of time with the beat.

4 I can tell when people sing or play out of tune.

5 When I hear a music I can usually identify its genre.

Appendix D: Results

Below the results of the moderated multiple regression for the mood and genre taxonomy.

Step 1 depicts the analyses for the main effects (i.e., general effect of expertise on the user

experience without taking into account the different number of categories), and Step 2

depicts the moderator effects (i.e., the effects of expertise on the overchoice effect and the

user experience)

D.1Mood taxonomy & perceived system usefulness

b SE b β

Step 1 Constant 3.404 0.529 ***

6- or 24-item 0.096 0.172 0.071

Active engagement −0.112 0.127 −0.162

Emotions 0.297 0.153 0.340ˆ

Perceptual abilities −0.059 0.127 −0.074

Step 2 Constant 2.144 0.755 **

6- or 24-item 2.446 1.036 1.807*

Active engagement −0.28 0.174 −0.404

Emotions 0.7 0.241 0.802**

Perceptual abilities −0.036 0.152 −0.045

Item x Active engagement 0.366 0.258 1.016

Item x Emotions −0.657 0.306 −2.138*

Item x Perceptual abilities −0.203 0.271 −0.606

R2=0.063 for step 1, R2=0.160 for step 2. ˆp<0.1, *p<.05, **p<.01, ***p<.001
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D.2Mood taxonomy & perceived system quality

b SE b β

Step 1 Constant 3.404 0.61 ***

6- or 24-item 0.191 0.198 0.119

Active engagement −0.347 0.146 −0.422*

Emotions 0.403 0.176 0.390*

Perceptual abilities −0.001 0.147 −0.001

Step 2 Constant 1.864 0.874 *

6- or 24-item 2.903 1.198 1.808

Active engagement −0.396 0.201 −0.482

Emotions 0.804 0.278 0.777

Perceptual abilities −0.008 0.176 −0.008

Item x Active engagement 0.092 0.299 0.214

Item x Emotions −0.65 0.354 −1.782ˆ

Item x Perceptual abilities −0.06 0.313 −0.152

R2=0.116 for step 1, R2=0.200 for step 2. ˆ p<0.1, *p<.05, **p<.01, ***p<.001

D.3Mood taxonomy & choice difficulty

b SE b β

Step 1 Constant 4.906 0.634 ***

6- or 24-item −0.096 0.205 −0.060

Active engagement 0.025 0.152 −0.067

Emotions −0.069 0.183 −0.067

Perceptual abilities −0.114 0.153 −0.121

Step 2 Constant 3.967 0.900 ***

6- or 24-item 1.925 1.234 1.212

Active engagement −0.293 0.208 −0.360

Emotions 0.320 0.287 0.313

Perceptual abilities −0.027 0.182 −0.029

Item x Active engagement 0.734 0.308 1.735

Item x Emotions −0.640 0.365 −1.775ˆ

Item x Perceptual abilities −0.462 0.323 −1.178*

R2=0.024 for step 1, R2=0.133 for step 2. ˆ p<0.1, *p<.05, **p<.01, ***p<.001
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D.4 Genre taxonomy & perceived system usefulness

b SE b β

Step 1 Constant 3.45 0.499 ***

6- or 24-item 0.327 0.134 0.174*

Active engagement −0.056 0.094 −0.054

Emotions 0.043 0.12 0.031

Perceptual abilities 0.068 0.119 0.047

Step 2 Constant 4.148 0.717 ***

6- or 24-item −0.863 0.975 −0.458

Active engagement −0.037 0.136 −0.036

Emotions 0.158 0.164 0.115

Perceptual abilities −0.242 0.182 −0.168

Item x Active engagement −0.004 0.188 −0.007

Item x Emotions −0.232 0.239 −0.511

Item x Perceptual abilities 0.54 0.239 1.172*

R2=0.032 for step 1, R2=0.060 for step 2. ˆ p<0.1, *p<.05, **p<.01, ***p<.001

D.5 Genre taxonomy & perceived system quality

b SE b β

Step 1 Constant 3.313 0.631 ***

6- or 24-item 0.595 0.17 0.246

Active engagement −0.039 0.119 −0.029

Emotions 0.027 0.152 0.015

Perceptual abilities 0.049 0.15 0.027

Step 2 Constant 3.933 0.913 ***

6- or 24-item −0.468 1.242 −0.194

Active engagement 0.073 0.173 0.054

Emotions 0.1 0.209 0.056

Perceptual abilities −0.276 0.232 −0.149

Item x Active engagement −0.18 0.239 −0.271

Item x Emotions −0.135 0.304 −0.232

Item x Perceptual abilities 0.56 0.305 0.945ˆ

R2=0.060 for step 1, R2=0.077 for step 2. ˆ p<0.1., *p<.05, **p<.01, ***p<.001

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps
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