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ABSTRACT
Social connections and cultural aspects play important roles in shaping an individual’s preferences.
For instance, people tend to select friends with similar music preferences. Furthermore, preferences
and friending are influenced by cultural aspects. Recommender systems may benefit from these
phenomena by using knowledge about the nature of social ties to better tailor recommendations to an
individual. Focusing on the specifities of music preferences, we study user connections on Last.fm—an
online social network for music. We identify those countries whose users are mainly connected within
the same country, and those countries that are characterized by cross-country user connections.
Strong cross-country connection pairs are typically characterized by similar cultural, historic, or
linguistic backgrounds, or geographic proximity. The United States, the United Kingdom, and Russia
are identified as countries having a large relative amount of user connections from other countries.
Our results contribute to understanding the complexity of social ties and how they are reflected in
connection behavior, and are a promising source for advancements of personalized systems.
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INTRODUCTION
Social connections play an important role in shaping an individual’s taste and preferences [9]. For in-
stance, people tend to select friends with similar life style and music taste, and also adopt their friends’
preferences [13]. Recommender systems may benefit from this phenomenon and use knowledge about
social ties to better tailor recommendations to an individual [18].
In this work, we focus on the music domain (in particular, analyzing the OSN for music Last.fm

(www.last.fm), with the goal to use findings in personalized (music) recommender systems. Besides
social ties, many other factors influence an individual’s music taste and preferences including, for
instance, demographics [10] or personality traits [5]. In user modeling and recommender systems
research, cultural aspects—as drivers of music taste and preferences—have only recently started
gaining considerable attention. With country-specific differences considered as a proxy for national
culture, studies have found strong relationships between culture and music preferences (e.g., [15, 17]).
As social ties are always set in a particular social setting, it may be particularly beneficial for

personalized systems to put both influencing factors—social ties and culture—into context. Yet, social
ties and cultural aspects have been studied in separate research streams. The novel asset of our work
is that we interweave these topics. Thereby, the objective of our ongoing research is to leverage the
interweaving of studying social ties and cultural aspects to ultimately advance personalized systems.
The overall research question is: Which countries are particularly important for social ties and are,
thus, relevant to be considered for taste and preferences for personalized systems?RQ1: Which are the countries whose users

show a high proportion of within-country user
connections? Which are the ones that show
transnational behavior?
RQ2: What are the most important “attractor”
countries, i.e., countries whose users are sub-
stantially more often the target of a user con-
nection than other countries (in relative num-
bers)?

Sidebar 1: ResearchQuestions (RQs)

With the aim to exploit findings for personalized systems, this paper approaches the following
specific research questions presented in Sidebar 1.

RELATEDWORK
Basically, our work on cross-country user connections in an OSN for music bridges several threads of
research, including the role of shared music preferences in friending, social connectedness in OSN,
and the nature of within-country and cross-country user connections on OSN. We briefly discuss the
most important related literature in these areas.

The foundation of our work is research showing that shared music preferences create bonds between
people [4] and that user connections play a role in shaping music preferences [9], for instance, as
friendships and music taste tend to co-evolve [16]. Further, research in the field studies friendship
strength prediction based on music preferences [3] or focuses on the social influence in music OSN [7].
Already early studies on social connectedness in OSN reported that users tend to manifest and

intensify locally bounded social circles also in their online interactions [19], although OSN enable
users to transcend geographical borders [6].
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Another relevant research thread studies proposes variousmethodological approaches to study cross-
country user connections. For instance, Nash [12] examined the connection patterns of individual OSN
users, whereas Barnett and Benefield [2] used an aggregation of individual cross-country connections
per country tomeasure the relational strength between countries. Bailey et al. [1] analyzed connections
across counties within the United States (US), but also connections between US counties and foreign
countries.Reasons for focusing on the online social

network for music: Last.fm (www.last.fm).

• User connections on Last.fm are not yet
studied in detail; in contrast to Facebook
(e.g., [2]) and Twitter (e.g., [11]).

• Focusing on Last.fm allows for exploiting
a rigorous publicly available dataset (i.e.,
the LFM-1b dataset [14]), while with
other OSN we would have to deal with
unbalanced user samples with less cover-
age (because—from outside—we do not
have access to those OSN’s complete
sets of user connections).

• As Last.fm is a domain-specific OSN that
accumulates the music taste of its users
over the lifetime of their accounts, find-
ings may be particularly beneficial for
the advancement of music recommender
systems.

• In contrast to Twitter, user connections
on Last.fm are always bidirectional or
commutative, i.e., if a user u1 is con-
nected to u2, user u2 is also connected
to u1.

Sidebar 2:Whywe focus on the online
social network for music Last.fm

METHODS AND MATERIALS
In order to assess the cross-country relationships between users, we investigate user connections on
Last.fm. We take an approach similar to Bailey et al. [1] to calculate these relationships for pairs of
countries. For each pair c1 and c2, we compute the share of users in c1 that are connected to users
in c2. This yields a (per-row) normalized country connection matrix (cf. Table 1), which is asymmetric.
Using this country connection matrix (Table 1), we approach our research questions (Sidebar 1)

as follows: To answer RQ1, for each country c , the share of user connections maintained with other
users in c is compared to the share maintained with users from other countries on a per-country basis.
Addressing RQ2, we define an attractor measure for a country c . This measure models the (relative)
amount of users from countries other than c that are attracted to establish connections with users in c .
More precisely, we define the attractor measure as the median of all shares of user connections from
other countries maintained with users in c . In other words, we compute the median over all rows in the
country connection matrix for the column representing country c , resulting in the attractor measure,
which is given in the last row of Table 1. (Note that the country connection matrix is asymmetric and
therefore allows to investigate which countries serve as an attractor for other countries.) We use the
median instead of the mean to correct for outliers, e.g., if only one or two countries account for a vast
share of user connections to country c , we do not consider c as a global attractor.
For various reasons (cf. Sidebar 2), we use the publicly available LFM-1b dataset [14]. Because

we are interested in the cross-country user relationships, we exclude all users for whom the dataset
does not report country information. Then, we use the Last.fm API endpoint user.getFriends (https:
//www.last.fm/api/show/user.getFriends)to obtain all connected users. We cross-match these friends
with the users in the LFM-1b, which eventually yields a total of 55,191 users and 1,087,662 user-user
connections. For our analysis, we consider the top 20 countries in terms of total number of users.

RESULTS AND DISCUSSION
Table 1 shows the cross-country user connections, in relative numbers, for Last.fm. For a given row
(country c), the values denote the share of connections by users in c maintained with users in all
countries (columns).1 For example, Table 1 shows that 16.47% of user connections from Australia (first1 Note that rows do not sum up to 100% as only

the top 20 countries are depicted. row) are maintained with users in the United States, but only 0.69% with users in Japan. Likewise,
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the diagonal elements contain the percentage of within-country user connections, i.e., connections
maintained between users within the same country.
As concerns RQ1, Table 1 reveals that the countries with the most within-country connections are

Poland (76.87%) and Brazil (76.04%), followed—with a large margin—by Finland (65.27%), the Czech
Republic (64.21%), and Russia (62.80%). The most transnational countries (i.e., having the largest
proportions of cross-country connections) are Canada (29.01%) and France (38.60%).

With respect to strong cross-country connections, Belorussian and Ukrainian users are particularly
well connected to Russians (17.12% and 19.22%, respectively). Russians themselves, in contrast, do not
connect to that extent to Belorussians (1.93%) and Ukrainians (4.84%).2 Canadian users connect a lot to2Note that these figures already account for dif-

ferent numbers of users in different countries;
the values are therefore comparable.

users in the United States (26.46%). So do users in Australia (16.47%) and the United Kingdom (13.37%).
In contrast, users from the United States show a substantial share of cross-country connections only
to users from the United Kingdom (6.29%). We observe that the connected countries share similar
cultural, historic, or linguistic backgrounds, or geographic proximity, which seems to be reflected
in their connections. This is largely in line with findings in [2] analyzing connection behavior on
Facebook and [8] comparing connection behavior on Facebook, Twitter, and offline.
Addressing RQ2, we illustrate the attractor measures in the last row of Table 1. Recall that this

measure is defined as the median share of users in other countries who connect to users in the country
under consideration. The countries with the highest attractor values are the United States (7.07%), the
United Kingdom (4.22%), Russia (3.30%), and Germany (2.92%). The countries with the lowest attractor
values are Belarus (0.32%), the Czech Republic (0.35%), and Norway (0.48%).

CONCLUSIONS AND OUTLOOK
In this work, we examined the nature of user connections in OSN across countries.
The contribution of our work is two-fold: First, we identified those countries whose users are

mainly connected with other users from within the same country, and those countries that are
characterized by a wide spectrum of cross-country user connections. Particularly strong cross-country
connection pairs share that their countries are related culturally, historically, or linguistically. Second,
we identified the United States, the United Kingdom, and Russia as the major “attractor” countries,
being characterized by having a large relative amount of user connections from various other countries.

Beyond contributing to understanding the complex social ties, how they are reflected in connection
behavior in OSN, and their dependency on cultural, historic, and linguistic characteristics of countries,
our findings are a promising source for further developments in the modeling for personalized systems.
In-depth investigations in this research field will help to advance particularly in cold start scenarios,
where little is known about users’ social ties. Furthermore, user connections—and tie strength in
particular—play an important role for decision-support systems or in online information diffusion.
Knowing the users’ countries may be a good indicator for tie strength prediction.
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Table 1: Cross-country user connections in relative numbers for Last.fm, for the top 20 countries. Rows denote countries in which connections originate; columns
countries which they point to. Percentages are further visualized by different intensities of gray. The last row contains the attractor values. Country names are
abbreviated according to ISO 3166-1 alpha-2.

AU BR BY CA CZ DE ES FI FR IT JP MX NL NO PL RU SE UA UK US

AU 44.92% 2.66% 0.35% 2.28% 0.32% 2.60% 0.72% 0.86% 0.89% 0.90% 0.69% 0.80% 1.24% 0.66% 1.75% 2.90% 1.01% 0.71% 7.01% 16.47%

BR 0.37% 76.04% 0.20% 0.59% 0.21% 1.53% 0.57% 0.53% 0.48% 0.80% 0.41% 0.81% 0.47% 0.20% 1.73% 1.78% 0.41% 0.49% 2.00% 4.08%

BY 0.55% 2.18% 50.99% 0.59% 0.49% 2.38% 0.52% 0.57% 0.64% 0.73% 0.40% 0.44% 0.52% 0.21% 2.62% 17.12% 0.40% 4.85% 2.14% 3.71%

CA 2.08% 3.85% 0.34% 29.01% 0.36% 3.47% 0.93% 0.88% 1.40% 1.11% 0.94% 0.99% 1.28% 0.55% 2.02% 3.58% 1.14% 1.01% 6.71% 26.46%

CZ 0.44% 2.10% 0.44% 0.55% 64.21% 2.36% 0.45% 0.66% 0.71% 0.93% 0.36% 0.48% 0.67% 0.31% 2.65% 3.48% 0.45% 1.17% 2.85% 3.84%

DE 0.68% 2.86% 0.40% 0.99% 0.44% 56.79% 0.98% 1.12% 1.08% 1.23% 0.59% 0.70% 1.28% 0.51% 2.51% 3.74% 0.94% 1.05% 3.82% 6.89%

ES 0.60% 3.38% 0.28% 0.85% 0.27% 3.12% 54.45% 0.88% 1.07% 1.74% 0.67% 2.05% 1.06% 0.33% 2.22% 2.71% 0.70% 0.63% 4.29% 6.25%

FI 0.57% 2.55% 0.25% 0.64% 0.32% 2.88% 0.71% 65.27% 0.65% 0.90% 0.77% 0.56% 0.83% 0.38% 2.14% 3.16% 1.14% 0.80% 3.00% 4.92%

FR 0.96% 3.72% 0.45% 1.66% 0.56% 4.50% 1.40% 1.05% 38.60% 1.79% 1.28% 1.10% 1.32% 0.54% 3.44% 5.75% 1.12% 1.40% 5.52% 9.12%

IT 0.62% 3.90% 0.32% 0.83% 0.46% 3.21% 1.43% 0.92% 1.13% 54.96% 0.69% 0.81% 1.11% 0.46% 2.62% 3.44% 0.77% 0.88% 4.44% 6.41%

JP 0.91% 3.88% 0.34% 1.35% 0.34% 2.96% 1.06% 1.51% 1.55% 1.32% 47.12% 1.05% 1.14% 0.66% 2.93% 3.98% 0.88% 1.13% 4.14% 9.08%

MX 0.81% 5.91% 0.29% 1.11% 0.35% 2.74% 2.53% 0.85% 1.04% 1.20% 0.81% 46.68% 0.82% 0.30% 2.57% 3.11% 0.68% 0.69% 3.09% 8.82%

NL 0.88% 2.38% 0.24% 0.99% 0.34% 3.48% 0.91% 0.88% 0.87% 1.15% 0.61% 0.57% 57.20% 0.61% 2.60% 2.60% 0.89% 0.69% 4.53% 7.26%

NO 1.08% 2.29% 0.22% 0.98% 0.36% 3.15% 0.65% 0.92% 0.81% 1.10% 0.82% 0.48% 1.39% 55.68% 2.77% 2.81% 2.06% 0.86% 4.76% 7.56%

PL 0.27% 1.94% 0.26% 0.35% 0.30% 1.51% 0.42% 0.50% 0.50% 0.60% 0.35% 0.39% 0.58% 0.27% 76.87% 1.98% 0.35% 0.70% 2.37% 2.62%

RU 0.51% 2.23% 1.93% 0.69% 0.44% 2.51% 0.57% 0.83% 0.93% 0.88% 0.53% 0.53% 0.64% 0.30% 2.21% 62.80% 0.50% 4.84% 2.67% 4.88%

SE 1.00% 2.92% 0.26% 1.23% 0.32% 3.57% 0.83% 1.69% 1.02% 1.11% 0.66% 0.65% 1.23% 1.25% 2.21% 2.79% 53.96% 0.76% 4.56% 8.25%

UA 0.49% 2.44% 2.17% 0.77% 0.59% 2.81% 0.53% 0.83% 0.90% 0.90% 0.60% 0.47% 0.67% 0.37% 3.12% 19.22% 0.53% 46.09% 2.61% 4.81%

UK 1.59% 3.24% 0.31% 1.66% 0.47% 3.32% 1.17% 1.02% 1.15% 1.47% 0.72% 0.68% 1.44% 0.66% 3.42% 3.44% 1.05% 0.85% 47.52% 13.37%

US 1.76% 3.11% 0.25% 3.09% 0.30% 2.82% 0.81% 0.79% 0.90% 1.00% 0.74% 0.92% 1.09% 0.50% 1.78% 2.97% 0.89% 0.74% 6.29% 59.77%

Attractor 0.75% 2.89% 0.32% 0.99% 0.35% 2.92% 0.82% 0.88% 0.92% 1.10% 0.68% 0.69% 1.10% 0.48% 2.58% 3.30% 0.88% 0.85% 4.22% 7.07%

Including more OSN and wider scales of user connections as well as more information thereof in
future analyses will open up a broad spectrum of new insights for various areas, including research
tasks such as the design of personalized systems or the analysis of social user behavior across cultures
and time. Research questions for future work include the following: How do cross-country user
connections vary in different domains (e.g., in a professional OSN such as LinkedIn versus Care2
for activists around the globe versus YouTube for video sharing)? How do OSN vary concerning
strong and weak ties? Which cross-country differences exist with respect to strong and weak ties?
Are cross-country ties equally strong as ties with users within a country?ACKNOWLEDGMENTS
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