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Abstract

Music listening is an inherently cultural behavior, which may be shaped by users’ back-

grounds and contextual characteristics. Due to geographical, socio-economic, linguistic,

and cultural factors as well as friendship networks, users in different countries may have dif-

ferent music preferences. Investigating cultural-socio-economic factors that might be asso-

ciated with between-country differences in music preferences can facilitate music

information retrieval, contribute to the prediction of users’ music preferences, and improve

music recommendation in cross-country contexts. However, previous literature provides

limited empirical evidence of the relationships between possible cross-country differences

on a wide range of socio-economic aspects and those in music preferences. To bridge this

research gap, and drawing on a large-scale dataset, LFM-1b, this study examines the possi-

ble relationship between cross-country differences in artist, album, and genre listening fre-

quencies as well as the cross-country distance in geographical, socio-economic, linguistic,

cultural, and friendship connections using the Quadratic Assignment Procedure. Results

indicate: (1) there is no significant relationship between geographical and economic dis-

tance on album, artist, and genre preferences’ distance at the country-level; (2) the cross-

country distance of three cultural dimensions (masculinity, long-term orientation, and indul-

gence) is positively associated with both the album and artist preferences distances; (3) the

between-country distance in main languages has a positive relationship with the album, art-

ist, and genre preferences distances across countries; (4) the density of friendship connec-

tions among countries negatively correlates to the cross-country preference distances in

terms of artist and genre. Findings from this study not only expand knowledge of factors

related to music preferences at the country level, but also can be integrated into real-world

music recommendation systems that consider country-level music preferences.

Introduction

With the popularity of music available online through worldwide streaming services, growing

importance has been attached to exploring cross-country similarities and differences in music
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taste within the field of music recommendation and retrieval [1–3]. Gaining the knowledge of

country-specific preferences allows the personalization of music retrieval and recommenda-

tion systems on an individual, as well as on a group level. In fact, recent advances in music

retrieval and music recommendation systems research have demonstrated that users’ back-

ground and contextual information is essential for personalized results [4–7]. Users’ contextual

information is defined as various external factors that impact how a listener perceives music

[8], which can be divided into five groups, i.e., environment context, personal context, social

context, and spatial-temporal context [9]. Users’ context information is important to enable

personalized music services that are crucial to the future of Music Information Retrieval (here-

after MIR) [8, 10]. Geographical, economic, linguistic, cultural, and social network factors are

perceived as critical aspects of user context [2, 5, 11, 12]. In this paper, we conduct a study that

analyses not only the differences in music tastes between countries on a large scale, but also

sets out to uncover the relationships between the country differences in the aforementioned

factors and those in music preferences.

A long-standing view in the literature is that an individual’s patterns of tastes, opinions,

and consumption of cultural objects can reflect a broader vision of moral, social, and cultural

values [13]. Music listening is an important component of cultural behavior. There are, how-

ever, ongoing discussions about the cross-culture or cross-country disparity in music informa-

tion behaviors, such as music search, management, consumption, as well as music mood

perception [1, 14–16]. The literature on music preferences has also studied cross-country dif-

ferences from cultural and socio-economic perspectives [4, 17]. Addressing these questions

can promote the construction of cross-country/cultural music retrieval and recommendation

systems, and improve recommendation and retrieval results by taking the cultural and socio-

economic background of users into account [4]. From a global and multicultural perspective,

this line of research also contributes to enriching the knowledge of cross-country difference as

evidenced in customs, traditions, cultural values, and other socio-economic indicators.

To date, the literature provides limited empirical evidence of the relationship between

cross-country differences in music preferences and a wide range of socio-economic aspects,

e.g., language, culture, and income. Early studies investigated the relationship between socio-

cultural-economic factors, e.g., social connections [18], cultural traditions [19], social class

[20], educational level [20] and languages [21], and individuals’ music preferences. However,

these studies suffered limitations due to small sample sizes and self-reported data. More

importantly, these studies usually focused on a single cultural or national context, whereas

whether the relationship exists in the context of multiple countries remains unknown.

Although in some recent cross-country studies, the relationship between one or two aspects of

socio-cultural-economic factors (e.g., the economic aspect [22], the cultural aspects [23], and

friendship connections [24]) and music listening has been explored, many important factors

have not been included in the models, which may lead to unreliable results [25, 26]. This is

because missing relevant variables in statistical models may bring omitted variable bias. In

other words, the estimator becomes inaccurate if the omitted variable is correlated with at least

one of the explanatory variables. Besides which, previous studies have not attempted to explore

the differences between album, artist, and genre preferences. In other words, it is unclear

whether the between-country differences in socio-cultural-economic factors that are related to

the between-country differences in album or artist listening can also explain the between-

country differences in genre listening or not.

Inspired by these research gaps, this study aims to examine whether cross-country differ-

ences in music taste represented by artist, album, and genre preferences are related to a range of

cultural and socio-economic factors. We do so through a series of quantitative analyses includ-

ing descriptive analysis and the Quadratic Assignment Procedure (QAP), on a large-scale

Cross-country music preferences
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dataset of listening events from around the world, i.e., LFM-1b dataset [27]. The dataset con-

tains listening histories of a large quantity of users obtained from the online music service

Last.fm. Compared to self-reported data, or data collected in user experiments, this dataset

could provide a naturalistic and relatively objective picture of users’ listening behaviors and

preferences.

The remainder of this paper is organized as follows. First, we discuss existing literature on

music preferences, as well as cultural and socio-economic factors (Section 2), from which a

theoretical framework is constructed for formulating our research questions and hypotheses

(Section 3). Next, the data source used in the study and the methods applied are detailed (Sec-

tion 4). Results of our analysis and a detailed discussion that answers the research questions

are provided in Section 5. Robustness check based on world vector technique is presented in

Section 6. The paper is rounded off by a conclusion that also indicates the limitations of the

study (Section 7) and an outlook to future work.

Related work

This study investigates the relationship between various cultural-socio-economic factors and

music listening behavior, with a focus on the country-level geographic location, economic sta-

tus, cultural dimensions, language, and density of cross-country friendship relationships. Cor-

responding related work is therefore composed of studies that address the relationship

between these cultural-socio-economic factors and music taste.

Geographic location and music preference

In recent years, despite increasing attention paid to users’ geospatial context for music recom-

mendation [7, 28, 29], there are few studies on the association between geographical factors

and users’ music preferences. Some recent research has suggested that the geographical infor-

mation of listeners can promote the quality of music recommendation [30]. Although geo-

graphical proximity is often connected to cultural similarity, it is not always the case. For

example, although located geographically close to each other, people in North Korea and

South Korea may show distinct music preferences and it has therefore been suggested that

combining cultural, and geographical distances may better explain differences in music taste

[28].

Economic status and music preference

Economics status can shape music preferences. Existing literature has documented that cul-

tural consumption has a close relationship with individuals’ social status, which is frequently

measured by income. Bourdieu’s class theory suggests that knowledge and appreciation of

highbrow/elite culture (e.g., ballet, or opera) depends on the cultural capital people have,

which is evidenced by the finding that family income during a person’s childhood plays a cru-

cial role in the formation of their tastes [31]. People from more affluent economic back-

grounds have more opportunities to visit cultural institutions and events such as museums,

concerts, and theaters, and thus tend to have more knowledge and appreciation of highbrow

culture [32–34]. In the field of music, the link between economic status and music preferences

also exists in that music taste varies with people’s income. For example, it has been suggested

that people from high-income backgrounds prefer classical music more than those from low-

income backgrounds [35]. There is a difference in musical taste between people from upper-

income backgrounds and people from lower-income backgrounds or those with a lower level

of education [36]. Some studies have also demonstrated that individuals with high socio-eco-

nomic status have a more open attitude towards new music [13]. While the influence of
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income on individual’s music preferences has been discussed, few studies have focused on this

relationship at the country level, Woolhouse and Bansal’s study is an exception, which pro-

vides evidence of a significant correlation between countries’ Human Development Index val-

ues (this value is calculated based on life expectancy, adult literacy and school enrollment, and

Gross National Income per capita), and music-download variability [22]. Some researchers

have found that people’s cultural capital varies across countries [37, 38]. For example, a well-

known comparative study [39] found that upper-middle-class Americans tended to narrow

the distance to people in lower status by accepting popular culture while sharper boundaries

existed between people in different statuses in France. Therefore, economic distance between

countries may help explain some between-country differences in music preferences.

Culture and music preference

Culture is a well-discussed factor in music information research, compared to other socio-eco-

nomic aspects. It is well-acknowledged that individual taste is not fortuitous but rather is influ-

enced by cultural standards [40]. It is argued that the formation of a person’s general behaviors

and preferences largely relies on culture [41]. In the domain of music retrieval and recommen-

dation, taking cultural factors into consideration has been a useful strategy to investigate users’

music needs at the country level [11, 23] and retrieval methods that take such cultural differ-

ences into account are considered highly desirable [14]. Some researchers integrated personal

listening habits with countries’ socio-cultural-economic factors to measure listeners’ similarity

and found a set of clusters where each cluster consists of a group of countries which share

common music listening patterns and common cultural characteristic [42]. A recent study by

Ferwerda et al. explained the between-country differences in music listening by means of six

cultural dimensions proposed in Hofstede’s cultural dimensions theory [23, 43]. However,

whereas Ferwerda et al. only considered the cultural factors, this current study investigates

these factors in conjunction with other socio-economic features at the same time, aiming to

reveal the relative importance of these factors in forming cross-country differences in music

tastes.

Language and music preference

Research involving linguistic elements in the domain of music has been traditionally con-

cerned with lyrics, but language factors can also result in differences in music appreciation and

preferences. Using small-size survey data, Abril found a significant positive correlation

between familiarity with a language and attitude toward the language in song lyrics [44]. More-

over, the empirical analysis also indicated that children might respond to foreign-language

songs negatively [45]. Evidence from other studies has shown that English-speaking students

liked pop songs performed in English better than those with Spanish or Chinese lyrics [21].

Therefore, the dominant language of a country may relate to music exposure and possibly the

collective music preference of listeners in this country as previous studies implied, a factor that

will also be examined in this study.

Friendship connections and music preference

Prior studies have demonstrated that friendship connections among listeners influence music

preferences, especially for adolescents and young adults [46–48]. According to categorization

in social identity theory [49, 50], individuals usually classify themselves by the music they listen

to, and are also classified by others based on their music tastes [51]. For example, North and

Hargreaves observed that music is utilized as a “badge” of one’s inter- and intragroup self-defi-

nition [52]. In addition, adolescents and young adults tend to like music that their friends

Cross-country music preferences
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listen to [47, 48]. These findings suggest the social functions of music and thus social relation-

ships may be a factor of music preferences. However, these studies are traditionally built on

questionnaire data, only covering specific user groups with small sample sizes. Although the

Experience Sampling Method (ESM) [53] can provide better granularity and accuracy, the

sample sizes in ESM is still incomparable to datasets based on listening logs, such as the LFM-

1b.

There are several research gaps in the existing literature. Three strands of relevant literature

discussed socio-cultural-economic factors and music preferences. The first strand directly

investigates the association between socio-cultural-economic factors, e.g., income, social con-

nections (such as parents, teachers [18] and peers [54]), cultural traditions [19], social class

[20], educational level [20], and languages [21]), and music preferences at the individual level

and usually focuses on a single cultural or country context [13]. However, these studies often

suffer the drawbacks of small sample sizes and self-reported responses. More importantly,

whether the relationship between socio-cultural-economic factors and music preferences still

holds in the context of multiple countries or cultures remains unknown, considering individu-

als with different countries or cultural backgrounds may have different characteristics.

The second strand directly explores the relationship between one or two aspects of socio-

cultural-economic factors and music listening in the context of multiple countries, while miss-

ing important factors may lead to unreliable results [25, 26]. For example, some studies only

focus on the economic aspect (or human wellbeing) [22], the cultural aspects [23], or friend-

ship connections [24].

In the third kind of literature, researchers proposed new music recommendation

approaches that combine users’ contextual information, e.g., geographic locations [28, 30], cul-

tural aspects [42, 55], and found that these techniques outperform traditional methods. How-

ever, the relationship between socio-cultural-economic aspects and music preferences was not

directly explored, neither was the extent to which these factors were related to music

preferences.

Besides, the existing literature largely ignores the different levels of music listening, i.e.,

album, artist and genre listening when exploring the relationship between socio-cultural-eco-

nomic aspects and music preferences. Album, artist and genre represent music on different

levels and are important entities in music retrieval and recommendations. However, the simi-

larity or difference of music listening behaviors represented at the three levels remains to be

investigated. Given the limitations in the existing literature, which socio-cultural-economics

aspects, and to what extent these aspects account for the between-country differences in music

preferences, are unclear, neither are the differences between album, artist and genre listening

when exploring this relationship.

To fill the research gap and complement existing studies with a large-scale analysis carried

out with real-world data, we set out to comprehensively explore music preferences at a country

level as well as music preference relationships with geographic, socio-economic, cultural, lin-

guistic, and friendship factors. Our preliminary study [56] already discovered the relationship

between between-country differences in music artist preferences and the differences in several

socio-economic aspects among countries.

There are some novelties in the current study compared to our previous efforts. This paper

proposes a theoretical framework based on several prominent theories in sociology and psy-

chology (Bourdieu’s class theory, Social identity theory and Hofstede’s cultural dimension the-

ory), which was not in the previous paper [56]. This current study considerably extends our

previous one [56] by including album and genre preferences of listeners in different countries

to make comparisons at different granularity levels. Many studies in the previous literature [3,

57, 58] investigated one or two aspects of music listening behaviors, while falling short in
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capturing a comprehensive picture of users’ music preferences. Furthermore, these studies did

not investigate the differences between album, artist, and genre listening. As all three consti-

tute important entities in music collections and recommendation systems, we assume that

album, artist, and genre listening indications each carry information at different but comple-

mentary levels. Intuitively, album and artist directly reflect some country or cultural informa-

tion, i.e., the publisher of albums, the main language, ethnicity, and the nationality of the

performers. However, genre does not directly include this kind of information. As some

researchers stated, there is a tendency for people to be increasingly open to appreciating all

genres [13, 59]. Nevertheless, recent research showed that even very little data about a listener’s

artist and genre preferences is sufficient to predict his or her country of residence with high

accuracy [60]. Therefore, it seems reasonable to assume that also genre can provide hints of

the listener’s cultural background.

In this study, we provide multiple evidence to show that the between-country difference in

album and artist listening may be relatively larger than that in genre listening. The results of

QAP show that the between-country differences in album and artist listening may be explained

by the between-country differences in some cultural dimensions, whereas the between-country

differences in genre listening may not be. Considering the fact that the sparsity of the album

and artist listening data may lead to unreliable measures of the between-country differences in

music listening and thus hamper the reliability of the regression results, we used the word2vec

technique (which is known to be effective in alleviating data sparsity) to confirm the robust-

ness of the main findings. Our findings provide new insights in understanding music prefer-

ences that may facilitate music recommenders through considering the differences between

album, artist, and genre listening.

Moreover, the study at hand analyzes the between-country differences in various socio-cul-

tural-economic aspects and album, artist, and genre listening, which deepens our knowledge

of the cross-country differences. The matrices of the cross-country differences in a wide range

of socio-cultural-economic aspects and music preferences, which we computed, can be incor-

porated in algorithms used in current music recommenders to add a cultural component. For

instance, they could be integrated as individual user factors in users’ preference vectors and

factorized in a model-based approach [55]. Alternatively, in a memory-based recommendation

approach (more precisely, user-based collaborative filtering), country-specific similarities

could be integrated by re-weighting the user similarities according to their socio-cultural-eco-

nomic proximity.

In addition, building on social identity theory, we here propose an approach to gather data

about friendship connections within and between countries, and we add the density of these

friendship connections as a new variable in our investigations, which reveals the association

between friendship networks and music preferences in the context of multiple countries.

Theoretical framework and research questions

Based on established theories and models, we have constructed a theoretical framework to

guide this study, which is presented in Fig 1. According to Schedl and Stober [61], and the

reciprocal feedback model [62], there are four main elements that impact (and be influenced

by) human music perception: music content, music context, user properties, and user context.

Music content refers to information encoded in, or extracted from, the audio signal, such as

rhythm patterns, melody, or instrumentation. Music context refers to information beyond, but

nevertheless related to, a music item, such as the political background of the songwriter or per-

former, the design of an album cover artwork, or style of a music video clip. User properties

describe individual user background variables, such as demographics or musical training,
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while user context relates to the situational dynamics of listeners, such as location, mood, or

social connections. The reciprocal feedback model not only indicates important personal (e.g.,

demographics and musical knowledge), musical (e.g., complexity and familiarity of the music)

and situational (e.g., social and cultural contexts, and everyday situations) variables which

impact music perception, but also incorporates the reciprocal causal influences of all variables

included in the model. In this study, music preference is a core aspect of user properties [5],

and is measured by album, artist and genre listening frequency. The socio-economic factors in

this study are considered important to describe user context, including geolocation [61], eco-

nomic status via Bourdieu’s class theory [31], language spoken in a country, cultural back-

ground [43], and friendship network [49]. These lay a solid theoretical foundation for probing

the potential relationships between music preference and a variety of cultural-socio-economic

factors.

Based on the above framework, we formulate the following research questions:

RQ1: What are the between-country differences in a wide range of cultural-socio-

economic aspects and in album, artist and genre listening preferences?

RQ2: To what extent can the between-country differences in album, artist and

genre preferences be predicted by the cultural-socio-economic factors?

To answer RQ2, we will use geographic location, economic development, language, culture,

and friendship connections to present the between-country differences in cultural-socio-eco-

nomic factors.

Geography plays a major role in shaping human behavior and international relationship

[63]. Geographic locations of countries can present not only information of their physical loca-

tion, but also countries’ cultural, political, and economic links [64, 65]. Additionally, some

user-specific information is normally not available on online music platforms (e.g., ethnicity

or religion). In such cases, geographic locations of users may provide clues to users’ cultural

information, facilitating the improvement of music recommendation systems. Given these

considerations, the geographic location of countries is incorporated in this study.

The consumption of cultural products or service is closely linked to economic development

[66]. Residents’ consumption structure is considered optimized and upgrading with the

improvement of national income level [67]. Economic development of countries encompasses

both growth and welfare values, which is concerned with various socio-economic indicators

(e.g., people’s entitlements, education and living standard) [68]. Hence, countries’ economic

Fig 1. The theoretical framework of this study.

https://doi.org/10.1371/journal.pone.0208186.g001
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development is included as a comprehensive and representative indicator of countries’ socio-

economic aspects.

Language reflects, and is shaped by, culture [69]. It is also the major means of social com-

munication [70]. Speaking different languages is often attributed to different countries of ori-

gin, or different cultural backgrounds [70]. Given the importance of language in human life,

and the inseparate relationship between language and culture, we regard the dominant lan-

guage of countries as a key factor to reflect the cultural-socio-economic distance between

countries.

Cultural aspects of countries encompass a wide range of concepts, e.g., belief, behavior, atti-

tudes, values, and customs shared by people [71]. Hofstede proposed six dimensions to differ-

entiate national cultures and established value scores on these dimensions for countries, which

allows some cross-country comparisons [72]. Since Hofstede’s cultural dimension theory is

generally accepted as the most comprehensive framework of national cultures, we used the

value scores on six cultural dimensions for countries to measure the between-country distance

in cultures.

Social relationships are essential parts of social aspects, serving important social functions

[73]. As a crucial facet of social relationships, friendship ties on social network sites can reflect

users’ online interaction, communication, and information sharing [74]. In the recent years,

the role of social networks in music discovery and recommendation has been increasingly

emphasized [75]. Therefore, friendship connections can not only be a useful indicator to mea-

sure the between-country distance in online social interaction, but also provide insights into

the ongoing discussion about the relationship between social networks and music listening

behavior.

To help investigate RQ2, we have constructed the following specific hypotheses:

H1: The geographical distance between countries reflects the difference in

music preference between countries.

H2: The distance in terms of wealth between countries is related to their distance in terms

of music preference.

H3: Cross-country distance of the cultural dimension is related to cross-country differences

in music preference.

H4: The linguistic distance between countries is related to cross-country differences in

music preference.

H5: The density of friendship connections between countries is related to cross-country dif-

ferences in music preference.

Data and methodology

LFM-1b dataset and data processing

The LFM-1b (www.cp.jku.at/datasets/LFM-1b) dataset is used in this study. With more than

one billion music listening events created by 120,322 users, the dataset allows a large-scale

analysis of music listening behaviors. The data acquisition procedure of LFM-1b is described

in detail in a previous study [27]. The dataset covers the listening events of Last.fm users over

nearly a decade (between 2005 and 2014). Users in the dataset originated from 208 countries,

covering 3,190,371 artists. Nearly 54.13% of the users in LFM-1b dataset report their national-

ity. The distribution of users across the sampled countries and the populations of the country

is shown in S1 Table. The number of users across countries is very unbalanced and to avoid

unreliable results, we only retained countries with more than 1% of the total users in LFM-1b.

This filtering resulted in 20 countries with 46,619 users and 678,640,512 listening events that

cover 11,165,177 unique albums, 2,259,103 unique artists and 20 unique genres. The 20
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countries are (in descendent order of user numbers): the United States (US), Russia (RU), Ger-

many (DE), the United Kingdom (UK), Poland (PL), Brazil (BR), Finland (FI), Netherlands

(NL), Spain (ES), Sweden (SE), Ukraine (UA), Canada (CA), France (FR), Australia (AU),

Italy (IT), Japan (JP), Norway (NO), Mexico (MX), Czech Republic (CZ), and Belarus (BY).

The genre labels are artist-based and correspond to those in Allmusic, a major online music

repository [76].

To investigate cross-country friendship connections of the users in the dataset, we collected

country information of their Last.fm friends by means of the user.getFriends API provided by

Last.fm. According to Last.fm, friends of a user include both the followees and followers [77].

For the users in the 20 included countries, 40,076 unique friendship connections were identi-

fied, i.e., connections for which both connected users are included in the filtered LFM-1b

dataset.

Using a large-scale dataset such as LFM-1b is of great significance. False positives and false

negatives are two errors that often exist. Most measures or strategies to reduce one kind of

error are often at the cost of increasing the likelihood of the other kind of error [78]. As Huron

points out, using a large-scale dataset is the best way to minimize these two kinds of error [79].

The LFM-1b dataset was randomly sampled from all users on last.fm [27], and thus it does not

suffer the problem of sampling bias [80]. Therefore, using the LFM-1b dataset contributes to

mitigating two types of errors and thus improves the reliability of the results.

Modeling cross-country differences in music preference

The between-country music preference distances are the dependent variables in this study,

determined by the differences in albums, artists, and genres listening frequencies among

countries.

We use album, artist, and genre listening frequencies to measure music preferences for

multiple considerations. Album, artist, and genre are basic musical metadata types and are fre-

quently involved in music retrieval and recommendation [81, 82], and as criteria for searching

and browsing [83]. According to a survey[84], these three musical metadata types are impor-

tant factors for both creating playlist and managing music collections. In the existing literature,

album [85, 86], artist [23, 60, 87–89], and genre listening [2, 23, 87, 90] are often used to mea-

sure users’ music preferences[8]. Therefore, incorporating album, artist, and genre is not only

for providing a relatively comprehensive picture that reflects users’ music preferences, but also

for the consideration of the setting of the current music retrieval and recommendation sys-

tems. Besides, listening histories represented by album, artist, and genre may convey different

and complementary information. Album and artist can inherently reveal information regard-

ing cultural or country-specific aspects, e.g., the country of albums’ publishers, the ethnicity,

language, and country of origin of artists. Genre preference is often considered related to

users’ cognitive aspects, such as emotion [91], personality traits [46], and age [92]. Although

genre can also uncover some cultural-specific information (for example, some genres, i.e., hip

pop and rap, are closely related to black popular culture), it is often indirect. The average per-

centage of genre listening counts to the total listening frequencies in each country is shown in

S1 Fig. It indicates that generally, the distributions of genres in most countries are similar to

one another, which may imply that the between-country difference in genre listening is small.

Cosine similarity is widely used to measure proximity between two vectors, which is scale-

invariant and especially efficient for sparse vectors since only the non-zero dimensions need to

be considered [93]. Hence, based on the listening events in LFM-1b, we will calculate the

cosine distances of album, artist, and genre preferences among countries, considering the

invariance of cosine distance to the population size of countries and the inherent sparsity of
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the data (e.g., albums and artists). Specifically, each country is represented by a vector of albums,

artists, or genres, with each dimension of the vector being the listening counts of the album, art-

ist, or genre contributed by all the users in each country. For example, let C be a row vector

with 20 dimensions where each dimension indicates a country, and let A be a column vector

with 15,956,004 dimensions where each dimension represents an album. The value of the cell

corresponding to Country C and Album A corresponds to how many times users in country C

listened to Album A. Following the same strategy, we will construct the vectors of the artist and

genre listening counts of users for all the sampled countries. Based on the vectors, the cosine

distances of albums, artists, and genres between each pair of countries will be calculated.

Modeling the cultural-socio-economic distances between countries

In this study, the cultural-socio-economic distance between countries is reflected by the fol-

lowing aspects: geographic, economic, linguistic, cultural distance, and the density of friend-

ship connections among countries.

Based on the latitudes and longitudes of the capital cities of the countries, the geographic
distances between countries can be calculated using Vincenty’s equations [94] which is based

on the length of the shortest curve between two points on a spherical surface. This formula is

widely used in geodesy and is accurate to within 0.5mm on the spheroidal earth and as such is

considered sufficiently accurate for the purposes of this study [95]. In this study, we used the

geodist package in Stata [96] to calculate the between-country geographic distance.

We define the economic distance between two countries as the between-country difference in

the GDP per capita based on purchasing power parity (PPP), obtained from the World Bank

(http://databank.worldbank.org/data/home.aspx) database. GDP per capita (PPP) is a better

indicator than GDP (nominal) per capita for the purposes of this study as it can reflect the rela-

tive costs of living and the standard of living in countries rather than the whole country’s wealth.

Based on the GDP per capita (PPP, current international dollars) of 20 countries from 2000 to

2017, we obtained the average GDP of each country. The average GDP ranged from 7,103 to

53,827 among these 20 countries, with NO and UA being the highest and lowest respectively.

For the linguistic distance between countries, the main language of a country is defined as

the one spoken by the largest proportion of the population in that country which is obtained

from the website of the Central Intelligence Agency (https://www.cia.gov/library/publications/

the-world-factbook/fields/2098.html). Ethnologue (https://www.ethnologue.com/) provides

the information of the global language family tree, from which we calculate the distance

between two languages using the method proposed by Fearon [97] and Laitin [98]. This

method has two main advantages over other methods (e.g., lexicostatistical distances between

languages): it considers various aspects of languages’ characteristics, such as lexicon, syntax,

and grammar; and it is available for almost all languages in the world [99]. Due to these merits,

this method was later adopted by many researchers [100, 101]. According to Fearon and Lai-

tin, the relative distance between languages depends on how many nodes they have in com-

mon in the language family tree. For example, English is classified as Indo-European,

Germanic, West, English; whereas Swedish is classified as Indo-European, Germanic, North
Germanic, East Scandinavian, Continental Scandinavian, Swedish, while Japanese is catego-

rized into the branch of Japonic. The distance between English and Swedish is smaller than

that between English and Japanese in that English and Swedish share two common nodes,

while there is no common node for English and Japanese.

The cultural distance among countries is built on Hofstede’s cultural dimensions theory

where national cultures are captured by the following six dimensions [43], each in a scale of [0,

120]:
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Power distance (PDI) is the extent to which the less powerful individuals in a society accept

and expect that power is distributed unequally. In countries high in power distance, a hierar-

chical order is clearly established, whereas in a low power distance society, people attempt to

equalise the distribution of power;

Individualism (IDV) refers to the degree of preference for a loosely- or tightly-knit social

framework. In highly individualistic societies, individuals often only relate themselves to their

immediate family, whereas low individualism represents a society where tightly-integrated

links extend beyond families;

Masculinity (MAS) indicates the extent to which the use of force in socially endorsed. Com-

pared to feminine societies, in masculine societies designated gender roles are more expected

(this definition of masculinity is on Hofstede’s website: https://geerthofstede.com/culture-

geert-hofstede-gert-jan-hofstede/6d-model-of-national-culture/);

Uncertainty avoidance (UAI) refers to the attitude of individuals towards uncertainty and

ambiguity. Societies scoring high in this index are intolerant of unorthodox behaviour and

ideas;

Long-term orientation (LTO) is the tendency of connecting the past with the present and

future actions/challenges. Countries with high scores in this index value adaptation and cir-

cumstantial, pragmatic problem-solving, rather than traditions and steadfastness;

Finally, Indulgence (IND) refers to the degree of gratification of enjoyment. Countries scor-

ing high in this dimension tend to allow gratification of human desires concerning enjoying

life and having fun. In countries with low Indulgence, gratification of needs is controlled and

regulated by strict social norms.

The scores of countries in the six cultural dimensions were acquired from the homepage of

Hofstede (http://geerthofstede.com/research-and-vsm/dimension-data-matrix/). We regard

the difference in scores of each cultural dimension as the between-country cultural distance.

The values of the six cultural dimensions for the sampled countries are shown in S2 Table.

The average density of friendship connections between country i and j is defined by Eq 1.

Dfriend
i;j ¼

1

2
�

C2
ij

Ni � Nj
ð1Þ

where Ni and Nj denote the total number of friendship connections generated by users in

country i and country j respectively; Cij represents the friendship connections between country

i and country j. Therefore, density Dij denotes the extent to which the listeners in any two

countries are friends of each other.

An overview of the socio-cultural-economic aspects investigated in this study is presented

in S3 Table.

Cross-country relationship between differences in music preferences and

cultural-socio-economic factors

In this study, we apply the Quadratic Assignment Procedure (QAP) [102, 103] via Double

Dekker Semi-partialling [104] to examine whether the between-country differences in album,

artist and genre preferences are associated with the differences in geographic, economic, cul-

tural, linguistic proximities, and friendship connections between countries. In this study, each

observation is a pair of countries and thus observations are interdependent. Ordinary Least

Square regression analysis that assumes independent distribution of data may therefore lead to

biased estimators [105–107]. In contrast, QAP explicitly takes into account the autocorrelation

of errors in the dyadic dataset, and has been frequently used to address this problem [102,

108–111].
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In our analysis, the explanatory variables are matrices of between-country differences in six

cultural dimensions (i.e. PDI, IDV, MAS, UAI, LTO and IND), between-country density of

friendship connections (FRIEN), geographical (GEO), economic (ECO), and language (LAN)

distance among countries. The dependent variables are matrices of between-country differ-

ences in album, artist, and genre preferences which are included in Model 1 (Album), Model 2

(Artist) and Model 3 (Genre), respectively. To test the hypotheses, we will use UCINet, a soft-

ware tool specialized for network analysis [112], to conduct multiple regression QAP by

importing the 10 matrices of explanatory variables, and the matrix of dependent variables.

Results and discussion

To answer RQ1 (cf. Section 3), we present the results and discussions of our analysis of country

differences in music preferences and in cultural-socio-economic factors. Subsequently, we reveal

the results of our QAP correlation and regression analysis to learn about the relationship
between the differences in music preferences and cultural-socio-economic factors (RQ2).

To avoid the bias resulting from the unbalanced distribution of listening counts across

countries, we look into both the raw listening counts and proportions of listening counts by

normalizing albums, artists, and genres listening frequencies for each country. As the results

are very similar, we have only reported results on the raw listening counts in this section.

Cross-country differences in music preference and cultural-socio-economic

factors

Figs 2 to 4 present the between-country (cosine) distance of music preferences, for albums, art-

ists, and genres, respectively. Shades of blue indicate smaller distance, shades of red indicate

larger a distance between the respective pairs of countries. The most salient characteristic is

that the distances between Japan and all other countries are larger than those between all other

pairs of countries, irrespective of the level at which music preference is modeled (album, artist,

or genre). Furthermore, the average cosine distance of album preferences across all country

pairs (0.47) is larger than that of artist (0.36) and genre preferences (0.01). Also in common

across the three figures are: 1) the distances between the U.S., U.K., Canada, and Australia are

shorter; 2) the distances between Russian, Ukraine, and Belarus are shorter; and 3) the dis-

tances between Finland, Sweden, and Norway are not short. The first two observations reflect

cultural similarity and/or historical connections, while the third appears to contradict with the

geographic proximity of the three Nordic countries.

Fig 5 shows the average between-country distance of album, artist, and genre preferences of

each country. The average between-country distance of the U.K., Canada, the Netherlands,

and Norway is smaller than that between other countries, whereas Japan, Belarus, Finland, and

Sweden have larger average between-country distances than the remaining countries.

The between-country differences in genre listening preferences are not as pronounced as

those in album and artist preferences. Taking the inequality or diversity of album, artist, and

genre listening across countries as an example by means of a Lorenz curve (compared to other

techniques, e.g., Gini index, Lorenz curve provides a graphical representation of the distribu-

tion of music listening, which facilitates our understanding of the inequality of music listening

across countries) [113], we found that genre listening is more balanced than that of albums

and artists as reported in S2 to S4 Figs in Supporting Information. Specifically, 90% of genres

contributed more than 60% of the total listening counts in all countries. However, 90% of art-

ists and albums listened to by users in most countries have approximately 10% and 20% of the

total listening frequency, respectively, in each country. The Lorenz curves suggest that the dif-

ference in genre listening is far slighter than that in artist and album listening.

Cross-country music preferences
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Figs 6 to 8 illustrate the socio-economic distance among countries from the aforementioned

five cultural-socio-economic dimensions. As shown in Fig 6, Australia is unsurprisingly the

country which is geographically furthest away from all other countries. In the matrix of GDP

distance among countries presented in Fig 6. The average GDP ranged from 7,103 to 53,827

among these 20 countries, with NO and UA being the highest and lowest respectively.

As for language differences, the main languages in Japan and Finland are considerably dis-

tinct from those in other countries as shown in Fig 7(A). This is consistent with the fact that

Japanese and Finnish are assigned to Japonic and Uralic language families respectively, while

the main languages in the remaining 18 countries are all included in the Indo-European lan-

guage family.

To investigate cultural distances, we performed a Principal Component Analysis on the six

cultural dimensions (rather than the average distances as the six dimensions may not be

orthogonal to one another), to obtain an overall culture score for each country, for illustrative

purposes. As can be seen in Fig 7(B), Russia and Sweden have a greater disparity in culture

from the remaining countries.

Fig 8 reports the density of friendship connections among countries. It is not surprising that

most of the users’ friends come from their own countries. The color of cells in the diagonal is

Fig 2. The cosine distance of album preferences among countries.

https://doi.org/10.1371/journal.pone.0208186.g002
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far darker red than that of the remaining cells, especially for Poland, Brazil, Finland, the Czech

Republic, and Russia. This suggests that users in these five countries are more inclined to

maintain friendship with those who originate from the same country. However, Canadian

(0.29) and French (0.39) users show a lower density of friendship connections with other users

from the same country, implying that they have a more open and tolerant attitude towards fol-

lowing foreigners, or are frequently followed by users in other countries. In addition, there are

strong friendship connections between some country pairs, e.g., the U.S. and Australia, Russia

and Belarus, the US and Canada, Ukraine and Russia, and the U.K. and the U.S. Intuitively,

these country pairs are either geographically adjacent or culturally close to each other.

Most of the country pairs show differences in album and artist preferences, while half of the

country pairs show similar genre preferences. Japan and Finland have larger distances of

music preferences to other countries, which may be related to the fact that the Japanese and

Finnish languages are of very different origins from the major languages in the other 18 coun-

tries. Users tend to keep friendship connections with those from the same country except for

users in Canada and France. Additionally, some country pairs that are either geographically

or culturally close to each other show intensive friendship connections, e.g., the U.S. and

Australia, Russia and Belarus, the U.S. and Canada, Ukraine and Russia, and the U.K. and the

U.S.

Fig 3. The cosine distance of artist preferences among countries.

https://doi.org/10.1371/journal.pone.0208186.g003
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Cross-country correlation between differences in music preferences and

cultural-socio-economic factors

To test the hypotheses listed in Section 3, we create and compare three models to explore the

relationship between cross-country distances in music preference (as represented by album,

artist, and genre listening frequencies) and cross-country distances in geographical, economic,

language, cultural and friendship density aspects. It should be noted that the reason why we

Fig 4. The cosine distance of genre preferences among countries.

https://doi.org/10.1371/journal.pone.0208186.g004

Fig 5. The average between-country cosine distances of music preferences. (A): distances of album preferences; (B):

distances of artist preferences; (C): distances of genre preferences.

https://doi.org/10.1371/journal.pone.0208186.g005
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used six cultural distances rather than the overall cultural distance is that we specifically sought

to discover which dimensions of the six cultural factors account for music preference distances

across countries. The QAP correlation coefficients among variables are reported in Table 1,

showing a high correlation of between-country distance in album, artist, and genre listening

frequencies. To avoid imprecise estimations caused by multicollinearity of the explanatory var-

iables, we calculated the mean variance inflation factor score (1.79), which is far lower than

critical point 10 [114], implying that multicollinearity can be ignored in this study. The QAP

regression results are presented in Table 2.

In Table 2, the adjusted R2 in all models are significant, indicating that the between-country

distances in the geographic, economic, linguistic, cultural, and the friendship density aspects

together are responsible for nearly 62.8%, 64.2% and 41.3% of the variance in the matrix of the

album, artist and genre preference distances among countries, respectively.

All models revealed no significant association between the geographical and economic dis-

tance on album, artist, and genre preferences’ distance at the country level. Accordingly,

hypotheses 1 and 2 are not supported in all models. This result may be accounted for by the

fact that only considering the geographical distance between countries based on the pure coor-

dinates does not reflect their difference in music preferences. As for economic distance,

although at the individual level it was confirmed that music preference varies by income, this

was however not reflected at the country level. As Levine [38] emphasized, the correlation

between specific cultural behaviors and social status strongly depends on the social context

[38]. At the country level, there might be very different social contexts, and thus the income

difference among countries cannot explain the difference in music preference.

The distances of three cultural dimensions among countries show significantly positive

effects on both the album and artist preferences distances among countries. In model 1, the

Fig 6. The between-country geographical and economic distances. (a): geographical distances in kilometers; (B):

economic distances in current international dollars.

https://doi.org/10.1371/journal.pone.0208186.g006

Cross-country music preferences

PLOS ONE | https://doi.org/10.1371/journal.pone.0208186 December 14, 2018 16 / 29

https://doi.org/10.1371/journal.pone.0208186.g006
https://doi.org/10.1371/journal.pone.0208186


Fig 7. The between-country linguistic and cultural distances. (a): linguistic distances; (b): cultural distances; “null” for UA and BY is due to the missing value in the

original culture scores of these countries released by Hofstede (http://geerthofstede.com/research-and-vsm/dimension-data-matrix/). Although cultural scores for BY

and UA are unavailable, other aspects of these two countries have values (e.g., geographic, economic and linguistic aspects, and friendship connections) which are

included in the QAP regressions.

https://doi.org/10.1371/journal.pone.0208186.g007
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coefficient for masculinity (β = 0.17; p<0.01), long-term orientation (β = 0.12; p<0.01) and

indulgence (β = 0.19; p<0.05) is positive and significant. One standard deviation increase in

the cross-country differences in masculinity, long-term orientation and indulgence, is related

to 0.17, 0.12, 0.19 standard deviation increases in the cross-country differences in album pref-

erences, respectively. Masculinity (β = 0.13; p<0.05), long-term orientation (β = 0.12; p<0.01)

and indulgence (β = 0.13; p<0.05) are also positively associated with the artist preferences dis-

tance as reported in model 2. This indicates that one standard deviation increase in the cross-

country differences in masculinity, long-term orientation and indulgence, is related to 0.13,

0.12, 0.13 standard deviation increases in the cross-country differences in album preferences,

respectively. However, it seems that there is no significant association between the cross-coun-

try differences in cultural aspects and those in genre preferences. Therefore, hypothesis 3 is

partially accepted.

Fig 8. The density of friendship connections among countries.

https://doi.org/10.1371/journal.pone.0208186.g008

Table 1. The QAP correlation results.

ALBUM ARTIST GENRE GEO ECO LAN FRIEN PDI IDV MAS UAI LTO

ARTIST 0.971��� 1

GENRE 0.692��� 0.706��� 1

GEO 0.217 0.248 0.087 1

ECO 0.184 0.117 0.121 -0.043 1

LAN 0.714��� 0.745��� 0.600 0.066 0.046 1

FRIEN -0.537��� -0.430��� -0.272��� -0.062 -0.135�� -0.425��� 1

PDI 0.183 0.149 0.092 -0.034 0.570��� 0.211 -0.160� 1

IDV 0.217 0.215 0.090 0.354� 0.483�� 0.136 -0.052 0.458�� 1

MAS 0.377�� 0.34� 0.168 -0.056 0.003 0.317� -0.231� 0.005 -0.106 1

UAI 0.141 0.144 -0.014 -0.101 0.264� 0.241� -0.116 0.566�� 0.266� 0.120 1

LTO 0.275�� 0.267�� 0.157� 0.266�� 0.034 0.081 -0.177� 0.019 0.112 0.010 0.025 1

IND 0.328�� 0.269� 0.225� 0.112 0.329�� 0.140 -0.334��� 0.416�� 0.326�� -0.037 0.398�� 0.346��

Notes: Significance levels

���: p < 0.001

��: p < 0.01

�: p < 0.05.

https://doi.org/10.1371/journal.pone.0208186.t001
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In the six cultural dimensions, between-country distances of masculinity, long-term orienta-
tion and indulgence are positively related to both the album and artist preference distances

among countries. First, masculinity culture clearly differentiates gender roles which are related

to the expression and perception of emotion [115]. It has been widely agreed that music listen-

ing preference and emotions are strongly connected to each other [116, 117]. Some literature

has also demonstrated that masculinity can explain the gender difference in personality traits

[118] which are empirically connected to music behavior studies [119, 120]. Consequently, it

is possible that on the country level, the music listening differences account for the masculinity
differences that lead to gender difference in both emotion and personality traits that impact

music behaviors. Second, some studies have offered evidence that people in countries with low

long-term orientation have less preference for diverse artists since they honor traditions and

value steadfastness [23], and thus may rather listen to more traditional music. Furthermore, a

recent study found that individuals in countries that score high in long-term orientation tend

to be more patient [121] which might impact their music preferences. This assumption will be

tested further as part of future work. Third, in countries scoring high on indulgence, people

have more freedom to control their daily life and choose the way in which they enjoy life and

have fun. Given that listening to music is an important entertainment activity, the difference

in indulgence can bring about the difference in music preference across countries. However, it

seems that there is no significant association between the cross-country differences in cultural

aspects and those in genre preferences. As shown in Fig 5 and S2 to S4 Figs, the between-coun-

try differences in genre listening are not as pronounced as those in album and artist listening,

which may be a reason for the result that the cross-country differences in some cultural aspects

(MAS, LTO, IND) are significantly correlated to the cross-country differences in album and

artists preferences, but are not significantly related to the cross-country differences in genre
preferences. Furthermore, as compared to albums and artists, genre can only provide limited

information to users, such as emotion and music style, and may not tell more about country-

specific or culture-specific information.

Table 2. The QAP regression results.

Variable Model 1 Model 2 Model 3

(Album) (Artist) (Genre)

GEO 0.119 0.145 0.010

ECO 0.124 0.071 0.100

LAN 0.643��� 0.688��� 0.626���

FRIEN 0.000 -0.001��� -0.001���

PDI -0.033 -0.055 -0.016

IDV 0.015 0.036 -0.041

MAS 0.170�� 0.126� -0.016

UAI -0.107 -0.065 -0.209

LTO 0.121�� 0.124�� 0.050

IND 0.193� 0.126� 0.175

Adjusted R2 0.635��� 0.645��� 0.418���

N of Obs 380 380 380

Notes: All coefficients presented are standardized coefficients

Significance levels

���: p < 0.001

��: p < 0.01

�: p < 0.05.

https://doi.org/10.1371/journal.pone.0208186.t002
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The between-country distance in main languages has a positive association with the album,

artist, and genre preferences distance among countries. The coefficient for the linguistic dis-

tance between countries is significant and positive in all models (β = 0.63–0.69; p<0.001). The

cross-country linguistic distance seems the most important factor for predicting the album,

artist and genre preferences distances among countries since the standardized coefficient for

this variable is larger than those for other variables in all models. One standard deviation

increase in the cross-country linguistic distance leads to 0.64, 0.69 and 0.63 standard deviation

increases in the album, artist and genre preferences differences among countries. Hence,

hypothesis 4 is supported. One possible explanation is that familiarity is a central factor influ-

encing music preference [122, 123]. It not only refers to the assumption of having heard the

song before, but also can be reflected by familiarity degree of language in songs [44]. Hence,

listeners may prefer listening to songs in languages with which they are familiar.

There is a significantly negative relationship between the density of friendship connections

among countries, and preference distance among countries measured by artist and genre. As

displayed in models 2 and 3, a higher density of friendship connections among countries indi-

cates less difference in their artist and genre preferences. One standard deviation increase in

the density of friendship connections among countries is related to 0.001 standard deviation

decrease in the cross-country differences in artist and genre listening. In contrast, this relation-

ship does not exist when album listening preference is the independent variable and thus

hypothesis 5 is partly accepted. It is well understood since people’s behaviors and friendship

interact [124]. Specifically, users with similar music taste incline to follow and be followed by

each other. On the other hand, the user’s music taste or listening behavior may also be influ-

enced by his or her followings. The relationship between the density of friendship connections

and the differences in music preferences is arguably reciprocal: the difference of users in music

preferences may influence their friendship connections, and in turn friendship connections

also possibly shape their music taste. Whether the music preferences influence the friendship

connection, or the latter influences the former, or both, needs to be investigated further in

future research by means of econometric techniques, e.g., instrumental variable techniques

and difference-in-differences models [125].

Robustness check based on word vector technique

To mitigate the possible problem in measuring the between-country difference caused by the

sparsity of the album and artist listening data, we used word vector [126], a popular word

embedding technique in Natural Language Processing, to represent album and artists in low-

dimensional dense vectors that capture the numerical features of albums/artists. It is notewor-

thy that the genre listening data for countries are not sparse since there are only 20 genres, and

thus the word vector method is only applied to album and artist listening data.

The basic idea of a word vector is that words appearing in similar contexts tend to have sim-

ilar meanings. The context of a word is represented by its neighboring words. Given a corpus,

i.e., a set of sentences, the model loops on the words of each sentence and either uses the cur-

rent word to predict its surrounding words (Skil-Gram model) or uses these surrounding

words to predict the current word (Continuous Bag of Words model) [126]. The limit on the

number of neighboring words is determined by “window size”. The weights that constitute a

word vector are typically generated by estimating the probability that other words are contex-

tually close to a given word based on the corpus.

We consider an album/artist ID as a word, the listening history (of album/artist) of a user as a

“sentence”, and all the listening histories of sample users as a corpus. In the corpus, there are

11,165,177 unique albums and 2,259,103 unique artists. In the listening history of each user, the
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IDs of albums/artists are organized in chronological order according to the time when users lis-

tened to a certain album/artist. The order of album/artist IDs carries the information about the

albums/artists users listened to before or after users listening to a specific album/artist. Using Skip-

gram Word2vec with Negative Sampling [127, 128], we fed the listening history of each user into

the model to obtain the word vector of albums/artists. The window size is set to 20, which means

that 20 album/artist before and after a given album/artist would be included as neighboring

album/artist. The dimensionality of the output word vectors is set to 100. Any album/artist appear-

ing less than 5 times in the corpus is ignored by the model. This procedure reduces the final num-

ber of unique albums to 299,502, and that of unique artists to 287,353. Other parameters are set by

default of the Word2vec module implemented in the Gensim library. The outputs are a

100×299,502 dimensional feature matrix of albums, and a 100×287,353 dimensional feature matrix

of artists. 100-dimensional vectors of each album/artist capture the feature of them.

We calculate the between-country distance in album/artist listening based on the feature

matrices of albums/artists. Taking album as an example, let C = {c1, . . ., c20} be the set of 20

countries, and A = {a1, . . ., a299,502} the set of unique albums users in 20 countries listened to

and appearing in the feature matrix of albums. A country is represented as a 299,502 dimen-

sional vector. The value of each dimension of the vector denotes the listening frequency of

album a2A users in country c2C listened to. Then, we captured a 20 × 299,502 matrix that

presents the listening frequency of albums users in 20 countries listened to. We multiplied this

album listening matrix by the feature matrix of albums (299,502×100), then obtained a 20×100

dimensional matrix of countries that captures the sum of the features of albums to which users

in a country listened, weighted by the listening frequency of each album to which users in the

country listened. Based on this low-dimensional matrix where data sparsity is eliminated, we

calculated the between-country cosine distance of countries in album listening. Following the

similar procedure, the between-country cosine distance of countries in artist listening is

obtained. S5 and S6 Figs show the heatmaps of the between-country cosine distance in album

and artist listening based on word vector technique, respectively. Generally, the relative

between-country distances in these two figures are similar to those in Figs 2 and 3 although

the scale is different. For example, in S5 and S6 Figs, the distance in album and artist listening

between JP and the remaining countries is larger than that between any other country pairs.

Using the between-country distance in album and artist listening based on word vector

technique, we ran QAP regressions again. The results are shown in S4 Table. Generally, most

of the results are consistent with the findings, despite the non-significant relationship between

IND and the between-country distance in album listening, and the non-significant correlation

between MAS and the between-country distance in artist listening.

Conclusions and future work

Users’ contextual information, including geographical, economic, linguistic, cultural and

social factors, play a critical role in music listening and preferences. Revealing the relationship

between the difference among countries in music preference and in the aforementioned con-

text categories is of vital importance to answer which cultural-socio-economic factors should

be integrated into music retrieval and recommender systems, for instance, to provide a better

personalization of results. Built on a theoretical framework developed from classic theories in

cultural and social studies, and using Quadratic Assignment Procedure techniques, this study

uncovered various between-country differences in cultural-socio-economic aspects and in

album, artist, and genre listening preferences (RQ1), as well as in the relationship between

these differences (RQ2). We found that the between-country differences in genre listening are

much smaller than those in album and artist listening. We found no significant association
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between neither geographical nor economic distance and the music preferences’ distance at

the country level, while distances on language, culture and friendship are significantly related

to cross-country differences on music preferences. Future research includes taking into

account music content and music context descriptors to model music preferences in multifac-

eted ways, to subsequently investigate whether there are more subtle differences (e.g., between

cultural aspects of the listener and certain melodic or lyrical music features).

The findings are especially meaningful to mitigate the cold-start problem in cases when

only the country information of a new user is available to the recommendation system. Tradi-

tionally, user-item recommendation requires obtaining a sufficient amount of listening rec-

ords of users which needs time to accumulate. Furthermore, if there are only a small number

of users in some certain countries, capturing the average music preferences of these countries

is challenging. Based on the estimated coefficients of the between-country distances in various

socio-cultural-economic variables in this study, the differences between any two countries in

album/artist/genre listening can be estimated since socio-cultural-economic data of countries

is publicly available. According to the estimated between-country differences in music listen-

ing, the recommendation system can recommend new users popular albums/artists/genres in

the countries that have the smallest estimated differences in music listening with the countries

of these users. Additionally, the contextual variables could be modeled as explicit dimensions

in the user-item matrix used for factorization. Collaborative filtering approaches could be

enhanced by context-based filtering of users according to cultural-socio-economic aspects.

However, our findings show that not all contextual variables account for users’ music prefer-

ences. For example, the economic income, the geographic location, and some cultural aspects

of users’ countries may not be incorporated. In contrast, we found that the cross-country dis-

tance in main languages has a positive association with the cross-country difference in album,

artist and genre listening. The between-country difference in three cultural aspects (i.e., mas-

culinity, long-term orientation, and indulgence) is positively related to both the album and art-

ist listening distance across countries. Furthermore, the density of friendship connections

among countries negatively relates to the cross-country distance regarding artist and genre lis-

tening. In addition, the algorithms for album/artist recommendation and those for genre rec-

ommendation should be designed differently. For example, the genre recommendation may

not necessarily consider the cultural aspects of users’ countries.

There are some limitations to this study. We used cosine distance to measure the between-

country distance in various socio-cultural-economic aspects and the between-country differ-

ences in album, artist, and genre listening preferences. Although cosine distance is invariant to

scale, the sparsity of the data (e.g., album and artist listening) may increase the distance

between countries, which could potentially affect the reliability of the measure of music prefer-

ences. However, compared to other similarity measures (e.g., Euclidean distance, Manhattan

distance), cosine distance performs better with high dimensional and sparse data [93, 129,

130]. Furthermore, we used word2vec technique [128] to mitigate the possible problem caused

by the sparsity of the album and artist listening data through a robustness check. The results

indicate that the main findings are robust and reliable. Hence, this problem may not hamper

the reliability of the findings. Second, the LFM-1b dataset extracted from Last.fm suffers the

community bias, which means that it only contains listening behaviors of music listeners who

used Last.fm or other online music services connected to Last.fm, such as Spotify and Sound-

Cloud. However, this challenge also exists for data generated from any other online music plat-

forms, since users’ listening behaviors captured by these platforms only reflect a part of the

real-world situation. The LFM-1b dataset has advantages in its substantial size and a wide

range of detailed user-specific information, compared to other publicly available datasets, e.g.,

the Million Song Dataset [131] and Celma’s dataset [132]. Due to the data availability, despite
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the community bias, we still consider LFM-1b as a trustful dataset, given the fact that it has

emerged as an increasingly used dataset in MIR [16, 27, 133]. Besides, we measured users’

album/artist/genre listening based on their listening histories. While listening histories cannot

tell whether all the songs were actually listened to by the user, or they were always actively

selected by the users, it is largely safe to assume that in most cases the users did listen to the

songs in the listening histories and they at least did not dislike these songs. Therefore, the

results based on the aggregation of large-scale listening histories are valid in studying users’ lis-

tening preferences. In addition, as the dataset contains only online music listening histories,

presumably only listeners who were able to operate networked digital devices were included in

the sample. Therefore, readers should be cautious when generalizing the results.
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15. Nettamo E, Nirhamo M, Häkkilä J, A cross-cultural study of mobile music: retrieval, management and

consumption. Proceedings of the 18th Australia conference on Computer-Human Interaction: Design:

Activities, Artefacts and Environments; 2006: ACM.

16. Schedl M. Investigating country-specific music preferences and music recommendation algorithms

with the LFM-1b dataset. International journal of multimedia information retrieval. 2017; 6(1):71–84.

https://doi.org/10.1007/s13735-017-0118-y PMID: 28357190

17. Figueiredo F, Ribeiro B, Faloutsos C, Andrade N, Almeida JM, Mining Online Music Listening Trajecto-

ries. ISMIR; 2016.

18. Finnäs L. How can musical preferences be modified? A research review. Bulletin of the Council for

Research in Music Education. 1989:1–58.

19. Frith S. Performing rites: On the value of popular music: Harvard University Press; 1998.

20. Frith S. Sound effects; youth, leisure, and the politics of rock’n’roll. Sound effects; youth, leisure, and

the politics of rock’n’roll. 1981.

21. Abril CR, Flowers PJ. Attention, preference, and identity in music listening by middle school students

of different linguistic backgrounds. Journal of Research in Music Education. 2007; 55(3):204–19.

22. Woolhouse M, Bansal J. Work, rest and (press) play: music consumption as an indicator of human

economic development. J Interdiscip Music Stud. 2013; 7:45–71.

23. Ferwerda B, Vall A, Tkalcic M, Schedl M, Exploring music diversity needs across countries. Proceed-

ings of the 2016 Conference on User Modeling Adaptation and Personalization; 2016: ACM.

24. Baym NK, Ledbetter A. Tunes that bind? Predicting friendship strength in a music-based social net-

work. Information, Communication & Society. 2009; 12(3):408–27.

25. Clarke KA. The phantom menace: Omitted variable bias in econometric research. Conflict manage-

ment and peace science. 2005; 22(4):341–52.

26. Stock JH, Watson MW. Introduction to Econometrics (Third edition update). New Jersey: Pearson

Education, Inc; 2015.

27. Schedl M, The LFM-1b Dataset for music retrieval and recommendation. Proceedings of the 2016

ACM on International Conference on Multimedia Retrieval; 2016: ACM.

28. Schedl M, Vall A, Farrahi K, User geospatial context for music recommendation in microblogs. Pro-

ceedings of the 37th international ACM SIGIR conference on Research & development in information

retrieval; 2014: ACM.

29. Cheng Z, Shen J, Just-for-Me: An Adaptive Personalization System for Location-Aware Social Music

Recommendation. International Conference on Multimedia Retrieval; 2014.

30. Schedl M, Schnitzer D, Hybrid retrieval approaches to geospatial music recommendation. Proceed-

ings of the 36th international ACM SIGIR conference on Research and development in information

retrieval; 2013: ACM.

31. Bourdieu P. Distinction: A social critique of the judgement of taste: Routledge; 2013.

32. DiMaggio P, Mohr J. Cultural capital, educational attainment, and marital selection. American journal

of sociology. 1985; 90(6):1231–61.

33. Kirchberg V. Museum visitors and non-visitors in Germany: A representative survey. Poetics. 1996; 24

(2):239–58.

34. Knulst W, Kraaykamp G. Trends in leisure reading: Forty years of research on reading in the Nether-

lands. Poetics. 1998; 26(1):21–41.

35. Cutler B. For what it’s worth. American demographics. 1989; 11(August):42–5.

36. Duncan Herrington J, Capella LM. Practical applications of music in service settings. Journal of Ser-

vices Marketing. 1994; 8(3):50–65.

37. Calhoun C. Habitus, field and capital: the question of historical specificity. Bourdieu Critical Perspec-

tives. 1993.

38. Levine LW. Highbrow/lowbrow: Harvard University Press; 1988.

Cross-country music preferences

PLOS ONE | https://doi.org/10.1371/journal.pone.0208186 December 14, 2018 25 / 29

https://doi.org/10.1007/s13735-017-0118-y
http://www.ncbi.nlm.nih.gov/pubmed/28357190
https://doi.org/10.1371/journal.pone.0208186


39. Lamont M. Money, morals, and manners: The culture of the French and the American upper-middle

class: University of Chicago Press; 1992.

40. Schuessler KF. Social background and musical taste. American Sociological Review. 1948; 13

(3):330–5.

41. Kitayama S, Park H. Cultural Shaping of Self, Emotion, and Well-Being: How Does It Work? Social

and Personality Psychology Compass. 2007; 1(1):202–22.

42. Pichl M, Zangerle E, Specht G, Schedl M, Mining culture-specific music listening behavior from social

media data. Multimedia (ISM), 2017 IEEE International Symposium on; 2017: IEEE.

43. Hofstede G. Cultures and organizations: software of the mind London. UK: McGraw-Hill. 1991.

44. Abril CR. Multicultural dimensions and their effect on children’s responses to pop songs performed in

various languages. Bulletin of the Council for Research in Music Education. 2005:37–51.

45. LeBlanc A. Effects of style, tempo, and performing medium on children’s music preference. Journal of

Research in Music Education. 1981; 29(2):143–56.

46. Rentfrow PJ, Gosling SD. The do re mi’s of everyday life: the structure and personality correlates of

music preferences. Journal of personality and social psychology. 2003; 84(6):1236. PMID: 12793587

47. Creed WD, Scully MA. Songs of ourselves: Employees’ deployment of social identity in workplace

encounters. Journal of Management Inquiry. 2000; 9(4):391–412.

48. Knobloch S, Vorderer P, Zillmann D. The impact of music preferences on the perception of potential

friends in adolescence. Zeitschrift Fur Sozialpsychologie. 2000; 31(1):18–30.

49. Tajfel H, Turner J. The social identity theory of inter group behavior in Worchel S & Austin WG (Eds)

Psychology of intergroup relations. Chicago: Nelson. 1986.

50. Tajfel H. Social identity and intergroup behaviour. Information (International Social Science Council).

1974; 13(2):65–93.

51. Giles H, Hajda JM, Hamilton DL. Harmony and discord: The music of intergroup relations. Group Pro-

cesses & Intergroup Relations. 2009; 12(3):290.

52. North AC, Hargreaves DJ. Music and adolescent identity. Music education research. 1999; 1(1):75–

92.

53. Greasley AE, Lamont A. Exploring engagement with music in everyday life using experience sampling

methodology. Musicae Scientiae. 2011; 15(1):45–71.

54. Hargreaves DJ, North AC. The functions of music in everyday life: Redefining the social in music psy-

chology. Psychology of music. 1999; 27(1):71–83.

55. Zangerle E, Pichl M, Schedl M, Culture-Aware Music Recommendation. Proceedings of the 26th Con-

ference on User Modeling, Adaptation and Personalization; 2018: ACM.

56. Liu M, Hu X, Schedl M, Artist Preferences and Cultural, Socio-economic Distances across Countries:

A Big Data Perspective. The 18th International Society for Music Information Retrieval Conference,

Suzhou, China, October 23–27, 2017; 2017.

57. Hu X, Downie JS, Exploring Mood Metadata: Relationships with Genre, Artist and Usage Metadata.

ISMIR; 2007.

58. Schedl M, Hauger D, Mining microblogs to infer music artist similarity and cultural listening patterns.

Proceedings of the 21st International Conference on World Wide Web; 2012: ACM.

59. Peterson RA, Kern RM. Changing highbrow taste: From snob to omnivore. American sociological

review. 1996:900–7.

60. Krismayer T, Schedl M, Knees P, Rabiser R. Predicting user demographics from music listening infor-

mation. Multimedia Tools and Applications. 2018:1–24.
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84. Kamalzadeh M, Baur D, Möller T, A survey on music listening and management behaviours. ISMIR;

2012.

85. Greasley A, Lamont A, Sloboda J. Exploring musical preferences: An in-depth qualitative study of

adults’ liking for music in their personal collections. Qualitative Research in Psychology. 2013; 10

(4):402–27.

86. Schob H. The influence our friends have on our music taste: An empirical analysis: Erasmus Univer-

sity Rotterdam; 2014.

87. Serbun SJ, DeBono KG. On Appreciating the Music of Our Parents: The Role of the Parent-Child

Bond. North American Journal of Psychology. 2010; 12(1).

88. Hauger D, Schedl M, Exploring geospatial music listening patterns in microblog data. International

Workshop on Adaptive Multimedia Retrieval; 2012: Springer.

89. Schedl M, Bauer C, Distance-and Rank-based Music Mainstreaminess Measurement. Adjunct Publi-

cation of the 25th Conference on User Modeling, Adaptation and Personalization; 2017: ACM.

90. Pettijohn TF, Williams GM, Carter TC. Music for the seasons: seasonal music preferences in college

students. Current Psychology. 2010; 29(4):328–45.

91. McNamara L, Ballard ME. Resting arousal, sensation seeking, and music preference. Genetic, Social,

and General Psychology Monographs. 1999; 125(3):229.

92. Ferwerda B, Tkalcic M, Schedl M, Personality Traits and Music Genre Preferences: How Music Taste

Varies Over Age Groups. Proceedings of the 1st Workshop on Temporal Reasoning in Recommender

Cross-country music preferences

PLOS ONE | https://doi.org/10.1371/journal.pone.0208186 December 14, 2018 27 / 29

https://doi.org/10.1037/0022-3514.87.1.57
https://doi.org/10.1037/0022-3514.87.1.57
http://www.ncbi.nlm.nih.gov/pubmed/15250792
http://www.ncbi.nlm.nih.gov/pubmed/8668748
https://cbsi.secure.force.com/lastfm/articles/LastFM/Where-are-my-Last-fm-friends?retURL=%2Flastfm%2Fapex%2Fknowledgehome_lfm%3Fdata%3D%26referer%3Dlastfm.com&popup=false&categories=LastFM%3ALastFM_Eng&template=template_lastfm&referer=lastfm.com&data=&cfs=LFM
https://cbsi.secure.force.com/lastfm/articles/LastFM/Where-are-my-Last-fm-friends?retURL=%2Flastfm%2Fapex%2Fknowledgehome_lfm%3Fdata%3D%26referer%3Dlastfm.com&popup=false&categories=LastFM%3ALastFM_Eng&template=template_lastfm&referer=lastfm.com&data=&cfs=LFM
https://cbsi.secure.force.com/lastfm/articles/LastFM/Where-are-my-Last-fm-friends?retURL=%2Flastfm%2Fapex%2Fknowledgehome_lfm%3Fdata%3D%26referer%3Dlastfm.com&popup=false&categories=LastFM%3ALastFM_Eng&template=template_lastfm&referer=lastfm.com&data=&cfs=LFM
https://cbsi.secure.force.com/lastfm/articles/LastFM/Where-are-my-Last-fm-friends?retURL=%2Flastfm%2Fapex%2Fknowledgehome_lfm%3Fdata%3D%26referer%3Dlastfm.com&popup=false&categories=LastFM%3ALastFM_Eng&template=template_lastfm&referer=lastfm.com&data=&cfs=LFM
https://doi.org/10.1177/1745691612462587
https://doi.org/10.1177/1745691612462587
http://www.ncbi.nlm.nih.gov/pubmed/26168128
https://doi.org/10.1371/journal.pone.0208186


Systems (RecTemp) at the 11th ACM Conference on Recommender Systems, Como, August 31,

2017; 2017.

93. Li B, Han L, Distance weighted cosine similarity measure for text classification. International Confer-

ence on Intelligent Data Engineering and Automated Learning; 2013: Springer.

94. Vincenty T. Direct and inverse solutions of geodesics on the ellipsoid with application of nested equa-

tions. Survey review. 1975; 23(176):88–93.

95. Tseng W-K, Guo J-L, Liu C-P. A comparison of great circle, great ellipse, and geodesic sailing. Journal

of Marine Science and Technology. 2013; 21(3):287–99.

96. Picard R. GEODIST: Stata module to compute geodetic distances. Statistical Software Components.

2010.

97. Fearon JD. Ethnic and Cultural Diversity by Country. Journal of Economic Growth. 2003; 8(2):195–

222.

98. Laitin DD. What is a language community? American Journal of political science. 2000:142–55.

99. Spolaore E, Wacziarg R. War and relatedness. Review of Economics and Statistics. 2016; 98(5):925–

39.

100. Dickens A. Ethnolinguistic favoritism in african politics. American Economic Journal: Applied Econom-

ics. 2018; 10(3):370–402.

101. Lundgren M. Backdoor peacekeeping: Does participation in UN peacekeeping reduce coups at home?

Journal of Peace Research. 2018; 55(4):508–23.

102. Krackardt D. QAP partialling as a test of spuriousness. Social networks. 1987; 9(2):171–86.

103. Simpson W, QAP: The quadratic assignment procedure. North American Stata Users’ Group Meeting,

March; 2001.

104. Dekker D, Krackhardt D, Snijders TA. Sensitivity of MRQAP tests to collinearity and autocorrelation

conditions. Psychometrika. 2007; 72(4):563–81. https://doi.org/10.1007/s11336-007-9016-1 PMID:

20084106

105. Liu B, Huang SS, Fu H. An application of network analysis on tourist attractions: The case of Xinjiang,

China. Tourism Management. 2017; 58:132–41.

106. Bell GG, Zaheer A. Geography, networks, and knowledge flow. Organization Science. 2007; 18

(6):955–72.

107. Borgatti SP, Everett MG, Freeman LC. Ucinet for Windows: Software for social network analysis.

2002.

108. Connolly DT. An improved annealing scheme for the QAP. European Journal of Operational

Research. 1990; 46(1):93–100.

109. Choi JH, Barnett GA, CHON BS. Comparing world city networks: a network analysis of Internet back-

bone and air transport intercity linkages. Global Networks. 2006; 6(1):81–99.

110. Burris V. Interlocking directorates and political cohesion among corporate elites 1. American Journal

of Sociology. 2005; 111(1):249–83.

111. Dreiling M, Darves D. Corporate Unity in American Trade Policy: A Network Analysis of Corporate-

Dyad Political Action 1. American Journal of Sociology. 2011; 116(5):1514–63.

112. Borgatti SP, Everett MG, Freeman LC. Ucinet for Windows: Software for social network analysis.

Massachusetts: Analytic Technologies; 2002.

113. Gastwirth JL. A general definition of the Lorenz curve. Econometrica: Journal of the Econometric Soci-

ety. 1971:1037–9.

114. Wooldridge JM. Introductory econometrics: A modern approach: Nelson Education; 2015.

115. Matsumoto D. Cultural influences on the perception of emotion. Journal of Cross-Cultural Psychology.

1989; 20(1):92–105.

116. Koelsch S, Fritz T, Müller K, Friederici AD. Investigating emotion with music: an fMRI study. Human

brain mapping. 2006; 27(3):239–50. https://doi.org/10.1002/hbm.20180 PMID: 16078183

117. Koelsch S. Brain correlates of music-evoked emotions. Nature Reviews Neuroscience. 2014; 15

(3):170–80. https://doi.org/10.1038/nrn3666 PMID: 24552785

118. Costa Jr P, Terracciano A, McCrae RR. Gender differences in personality traits across cultures: robust

and surprising findings. American Psychological Association; 2001.

119. Ferwerda B, Yang E, Schedl M, Tkalcic M, Personality traits predict music taxonomy preferences. Pro-

ceedings of the 33rd Annual ACM Conference Extended Abstracts on Human Factors in Computing

Systems; 2015: ACM.

Cross-country music preferences

PLOS ONE | https://doi.org/10.1371/journal.pone.0208186 December 14, 2018 28 / 29

https://doi.org/10.1007/s11336-007-9016-1
http://www.ncbi.nlm.nih.gov/pubmed/20084106
https://doi.org/10.1002/hbm.20180
http://www.ncbi.nlm.nih.gov/pubmed/16078183
https://doi.org/10.1038/nrn3666
http://www.ncbi.nlm.nih.gov/pubmed/24552785
https://doi.org/10.1371/journal.pone.0208186


120. Pearson JL, Dollinger SJ. Music preference correlates of Jungian types. Personality and individual dif-

ferences. 2004; 36(5):1005–8.

121. Wang M, Rieger MO, Hens T. How time preferences differ: Evidence from 53 countries. Journal of

Economic Psychology. 2016; 52:115–35.

122. Getz RP. The effects of repetition on listening response. Journal of Research in Music Education.

1966; 14(3):178–92.

123. Droe K. Music preference and music education: A review of literature. Update: Applications of

Research in Music Education. 2006; 24(2):23–32.

124. Sieving RE, Perry CL, Williams CL. Do friendships change behaviors, or do behaviors change friend-

ships? Examining paths of influence in young adolescents’ alcohol use. Journal of Adolescent Health.

2000; 26(1):27–35. PMID: 10638715

125. Angrist JD, Pischke J-S. Mostly harmless econometrics: An empiricist’s companion: Princeton univer-

sity press; 2008.

126. Mikolov T, Chen K, Corrado G, Dean J. Efficient estimation of word representations in vector space.

arXiv preprint arXiv:13013781. 2013.

127. Levy O, Goldberg Y, Neural word embedding as implicit matrix factorization. Advances in neural infor-

mation processing systems; 2014.

128. Mikolov T, Sutskever I, Chen K, Corrado GS, Dean J, Distributed representations of words and

phrases and their compositionality. Advances in neural information processing systems; 2013.
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