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Abstract Online social networking services entice mil-
lions of users to spend hours every day interacting with
each other. The focus of this work is to explain the effect
that geographic distance has on online social interactions
and, simultaneously, to understand the interplay between
the social characteristics of friendship ties and their spa-
tial properties. We analyze data from a large-scale online
social network, Tuenti, with about 10 million active users:
our sample includes user profiles, user home locations
and online social interactions among Tuenti members. Our
findings support the idea that spatial distance constraints
whom users interact with, but not the intensity of their
social interactions. Furthermore, friendship ties belonging
to denser connected groups tend to arise at shorter spa-
tial distances than social ties established between members
belonging to different groups. Finally, we show that our
findings mostly do not depend on the age of the users,
although younger users seem to be slightly more constrained
to shorter geographic distances. Augmenting social struc-
ture with geographic information adds a new dimension to
social network analysis and a large number of theoretical
investigations and practical applications can be pursued for
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online social systems, with many promising outcomes. As
the amount of available location-based data is increasing,
our findings and results open the door to future possibilities:
researchers would benefit from these insights when study-
ing online social services, while developers should be aware
of these additional possibilities when building systems and
applications related to online social platforms.

Keywords Online social networks · Geographic
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factors

1 Introduction

Every day, more and more people spend an increasingly
larger amount of time online, interacting on social network-
ing platforms. Studying online social networks has allowed
researchers to extend the scope of traditional social network
analysis, scaling up to millions of individuals and billions
of social links. The combination of large-scale data analysis
and insights provided by sociological theories has resulted
in a plethora of applications and systems that mine online
social interactions to provide suggestions, offer recommen-
dations and filter information. This has impacted the Web
in an unprecedented way, as these features are profoundly
different from the predominantly static content lacking any
personalization, users were restricted to only two decades
ago. In fact, insights into the properties of online social
services can be exploited to design novel applications that,
for example, provide recommendations about items (Gol-
beck 2008), answer Web search queries (Evans and Chi
2008; Horowitz and Kamvar 2010), and reduce spam (Gar-
riss et al. 2006). Information related to online social ties can
even be used to improve existing distributed systems and
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applications: for instance, by taking into account how peo-
ple use online social services to share and consume content
items, it becomes possible to optimize delivery and stor-
age of online content (Scellato et al. 2011a; Traverso et al.
2012).

In this work we aim to explore effects that geographic
distance has on online social interaction and to compre-
hend the interplay between the social characteristics of
online social ties and their spatial properties. Unveiling the
role of the geographic factors in online social interactions
is a first step towards a better design and understand-
ing of many real-life applications and phenomena ranging
from location-aware social dating platforms to online social
movements (Conover et al. 2013; Bastos et al. 2014; Borge-
Holthoefer et al. 2011). Given the increasing importance of
online social networks as information pathways in our soci-
ety, and ultimately as a new public sphere (Castells 2008),
understanding the geographic properties of interactions on
these services is essential to study information propaga-
tion dynamics, and to interpret phenomena such as rumour
spreading or the echo chamber effect (Colleoni et al. 2014).

Geographic distance and social connections More recently,
the widespread adoption of powerful mobile devices has led
to a dramatic change in the way the Web is accessed. In par-
ticular, every day hundreds of millions of individuals use
a smartphone to interact with their friends. An important
related aspect is the increased access to social network-
ing services through mobile devices: mobile users spend
more time interacting with social applications than desktop
users (Mascolo 2010). Simultaneously, mobile Web access
has caused a substantial shift in the feasibility of pervasive
and ubiquitous services. The deployment of location-based
services has been made possible by the location-sensing
capabilities of these devices; they are able to generate
location-tagged information and enable users to share their
physical whereabouts. As a result, online services are
increasingly becoming location-aware.

Hence, the access to information about user location
has paved the way for a new thread of research investigat-
ing the relationship between geographic distance and social
ties (Liben-Nowell et al. 2005; Backstrom et al. 2010a; Scel-
lato et al. 2010; Onnela et al. 2011; Spiro et al. 2016).
Sociologists have widely discussed how individuals tend to
minimize their social efforts by interacting more with close
friends (Mok et al. 2009; Goldenberg and Levy 2009), sug-
gesting that the principle of least effort stated by Zipf may
make long-distance ties fade away (Zipf 1948). Nonethe-
less, as popularly suggested by Cairncross (2001), the cheap
and fast communication tools provided by the Web might
have instead completely removed the costs imposed by
distance. However, several studies show how geographic
distance still matters even in online social platforms: users

tend to connect preferentially to spatially close acquain-
tances rather than with individuals further away (Leskovec
and Horvitz 2008; Backstrom et al. 2010a; Scellato et al.
2011b; Spiro et al. 2016). These results suggest that the first
law of geography seems to hold even on online social net-
works: “everything is related to everything else, but near
things are more related than distant things” (Tobler 1970).

Interestingly, the exact relationship between geographic
distance and social ties is still under debate: while the
probability that two individuals are connected has always
been found to decrease with their mutual geographic dis-
tance, different systems exhibit different properties. Social
networks extracted from mobile phone interactions appear
much more constrained by distance than mainstream online
social services such as Facebook (Lambiotte et al. 2008;
Backstrom et al. 2010a), denoting how online communica-
tion on the Web might be less affected by spatial proximity.
Furthermore, the new generation of location-based social
services exhibit properties that suggest how they are even
less constrained by geographic distance, even though spatial
proximity still plays an important role in shaping the social
networks among users (Scellato et al. 2010; Scellato et al.
2011b).

The importance of online social interactions Overall,
online social networks represent ideal systems to study
social phenomena at a large scale: in fact, they offer fine-
grained information about social behavior of large amounts
of users. Hence, several studies have addressed the struc-
tural properties of the social networks arising among users
of these services (Kumar et al. 2006; Ahn et al. 2007). In
addition, these properties shed light on whether user behav-
ior is purely social or, instead, more influenced by other
non-social factors, resulting in online behavior appearing
different than what is observed in “offline” real-life social
ties (Mislove et al. 2007; Kaltenbrunner et al. 2011; Kwak
et al. 2010b).

In particular, not all the online ties declared by users on
social platforms are the same: even if some users have hun-
dreds of connections, due to the finite amount of resources
available, such as time (Miritello et al. 2011), communi-
cation tends to be biased towards those relationships that
are deemed more important (Dindia and Canary 1993).
As in real life, where tie strength is an extremely impor-
tant facet of social interactions and where weak ties with
“familiar strangers” often appear predominant (Granovetter
1973; Milgram 1977), online friendship connections exhibit
heterogeneous intensity, with a large fraction of users inter-
acting mainly with a small subset of acquaintances (Wilson
et al. 2009; Jiang et al. 2010). In addition, online social con-
nections are usually carefully chosen and displayed by users
to represent their status and identity, supporting the hypoth-
esis that such links often fail to signal social proximity,
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mutual trust or even shared interest (Donath and Boyd
2004). Furthermore, reciprocity and transitivity of inter-
action have been shown to be important factors for the
perceived importance of a social tie (Friedkin 1980; Krack-
hardt and Kilduff 1999). Failing to take these factors into
account when studying the development of online social
links is unlikely to uncover any true social property of these
platforms.

Social properties, tie strength and spatial distance The
importance of tie strength is directly connected to the
hypothesis that weak ties, which are more likely to connect
together otherwise separated portions of a network, play
a meaningful role in information diffusion, as confirmed
by a study on the Facebook social network (Bakshy et al.
2012). In turn, space is constraining network structure as
well: in fact, social communities tend to be limited in their
geographic span (Onnela et al. 2011; Expert et al. 2011).

The three properties – tie strength, social overlap and
spatial distance – represent three different facets of a single
system which combines spatial and social factors and binds
together individuals, affecting complex processes such as
the spreading of information over social links (Rogers 1995;
Newman et al. 2006) or the ability to navigate the social net-
works to route a message to a particular individual (Klein-
berg 2000). Nonetheless, the research community still lacks
a broad understanding of the interplay between the structure
of a social network, the strength of its ties and the space that
embeds it.

Our work Given how social links on online networking
platforms are likely to represent a wide range of social
interaction levels, and given that the effect of geographic
distance on such online social networks appears present but
still not fully understood, the main research questions we
address in this work concern the effect that geographic dis-
tance has on online social interactions and, simultaneously,
the interplay between the social features of online friend-
ship ties and their spatial properties. We aim to address
these questions through a detailed study of a large-scale
social network service, Tuenti, at the time of data collec-
tion1 the most popular online social network in Spain with
almost 10 million active users. We have access to a com-
plete snapshot of the social network including friendship
ties among Tuenti members, the number of their online
interactions with each other and their home locations, dis-
cretized across more than 7 000 Spanish cities. This allows
us to study the social graph focusing on the spatial distances
between users and on the level of interaction between them.
In this paper we deepen the analysis of the interplay between
geographic distance and social interactions started in our

1Data collected by November, 2010.

previous work Kaltenbrunner et al. (2012) and Volkovich
et al. (2012), and extend it to account for age factors and
technology adoption patterns.

Our results support the idea that geographic distance
strongly affects technology adoption patterns and the friend-
ship connections that users establish on online social net-
works; however, the intensity of interaction on social ties
seems unaffected by distance, with negligible differences in
how users interact with spatially close friends and friends far
away. Furthermore, even though users tend to allocate their
interactions in a highly skewed way, sending a large frac-
tion of their messages to few important friends, geographic
distance does not play a significant role in affecting interac-
tion strength. This finding supports the idea that geography
affects whom we interact with, but it does not influence how
much we interact.

In turn we show that how much we interact depends
strongly on social overlap, which counts the number of
friends two connected users have in common. This social
feature reflects how likely these users form part of a partic-
ularly well connected community. Furthermore, we discuss
how age of a user might be influencing the spatial and
social properties of online social interactions. We find that
our results are mostly independent of this feature and can
be observed across all age groups. We find however that
younger users tend to be both the most active and the most
spatially constrained while older users tend to have more
friendship ties over long-range distance and exhibit lower
levels of online interactions. Finally, we notice that the pop-
ularity of the social networking service goes hand in hand with
its ability to penetrate significantly into layers of older users.

The rest of this article is organized as follows: in
Section 2 we provide a review of results related to our
work, in Section 3 we describe the online social service we
study and introduce basic notations. In Section 4 we study
the impact of geographic distance on technology adoption
patterns, online social ties and levels of interaction. Fur-
ther, in Section 5 we analyze the effect of user age on
the socio-spatial properties and in Section 6 the interplay
between interaction strength, structural and spatial proper-
ties of a social tie. Finally, we draw conclusions and outlook
in Section 7.

2 Related Work

There are two main areas of research that are directly related
to our work: studies of user interactions on online social
services and works on the geographic and spatial properties
of online social networks.

Online User Interactions Online social services initially
sparked many works on understanding the network structure
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among users. One of the initial studies focused on social
connections on the Web between Stanford students, find-
ing high levels of clustering and evidence of small-world
behavior in the result network (Adamic et al. 2003). With
the rising popularity of massive online services it became
possible to study social interactions at larger and larger
scale. Studies have found that these systems often show
power-law distribution in the number of links and strongly
connected cores of high-degree users (Kumar et al. 2006;
Ahn et al. 2007; Mislove et al. 2007). Even if in some
online social services, such as Twitter, user behavior may
appear more interest-driven than purely social (Kwak et al.
2010b; Cha et al. 2010), connections between online users
represent rich source of information to understand these
systems.

Nonetheless, as users spend more time and accumulate
more links in these services, establishing friendship con-
nections may be largely different than actually interacting
and exchanging information over these connections. Hence,
researchers have studied not only how social links are cre-
ated but also how they are used: in fact, online interactions
appear affected by external factors such as age, gender, geo-
graphic distance, thus social links exhibit heterogeneous tie
strength (Leskovec and Horvitz 2008). In particular, users
seem to allocate in a skewed way their attention, devot-
ing a large fraction of their online interactions with few
key friends: as a result, it has been proposed that interac-
tion graphs should be extracted from the underlying social
network, considering only connections that present a cer-
tain given amount of explicit, or implicit, communication
events (Wilson et al. 2009; Jiang et al. 2010). Our work fur-
ther extends our knowledge on online social interaction by
addressing the influence of geographic factors on users and
on relationships.

With respect to this body of works, our paper brings a
new factor into account in the analysis of user interactions:
geographic distance. Thanks to our dataset we are able to
discuss how, despite strongly affecting social links, spatial
proximity has a negligible influence on online user inter-
actions, while other non-geographic factors like age have a
stronger influence on this variable.

Spatial Properties of Online Social Networks Even though
the spatial properties of several technological networks such
as Internet router connections or electric power grids have
been widely studied (Barthélemy 2011), social analysis has
often neglected the spatial dimension: very few works have
tried to correlate social interaction and geographic char-
acteristics, mainly because of the lack of data containing
these features or because self-reported user locations are
often misleading (Hecht et al. 2011). A seminal work on
the effect of geographic distance on online social links
investigated the probability of connection as a function of

distance between bloggers in LiveJournal, exploring the
navigability of the resulting spatial social network and find-
ing that online social ties seem affected both by spatial
proximity and by other non-geographic factors (Liben-
Nowell et al. 2005). Online communication through instant
messaging also appears more biased towards users liv-
ing in spatial proximity: however, even though there are
more conversations between geographically close users, the
amount of interactions over a social link increases with
distance (Leskovec and Horvitz 2008).

The only study of the Facebook social network based on
the whole graph (Ugander et al. 2011) considers geography
at the granularity of countries, and reports that about 84%
of the friendship ties fall within countries, with a high value
of modularity (∼ 0.75) for the partitioning of the users into
countries. Other studies based on samples of data from the
Facebook social graph confirmed the importance of distance
at lower levels of granularity: the limiting effect of geo-
graphic distance on social links, with the probability of con-
nection increasing with spatial proximity, seems so strong
that it is possible to predict a user’s location given only the
friends’ position. Likewise, in Twitter reciprocity and inter-
actions in the form mentions have been used as predictors
of spatially closer connections (McGee et al. 2013; Rout
et al. 2013; Sadilek et al. 2012; Jurgens et al. 2015). How-
ever, distance affects users in different ways: there is a wide
heterogeneity in the socio-spatial properties of individual
users, with important correlations between the number of
social connections and their geographic length of suggesting
how social and spatial factors are jointly influencing social
network structure (Scellato et al. 2011b). Beyond purely
dyadic relationship, the effect of spatial constraints on more
complex network structures such as triangles and commu-
nities appears less trivial: social triangles are not strongly
constrained by spatial proximity (Lambiotte et al. 2008),
while connected groups of individuals tend to be geographi-
cally tight when they have few members and more spatially
diverse once their number of members grows (Onnela et al.
2011).

While building up on several of these results, this
paper continues the investigation, started in our previous
works (Kaltenbrunner et al. 2012; Volkovich et al. 2012),
on how space and distance constrain user interaction and
social tie strength on online social services. While most pre-
vious work focuses on services like Twitter, where social
interactions may typically just reflect a common interest
on specific topics (Kwak et al. 2010b), here we delve
into an online social network where relationships are likely
to reflect pre-existing offline ties, and in this context we
address not only the effect of geographic distance on online
social interactions but also analyze the interplay between
these characteristics and the social and age properties of the
users.
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Fig. 1 Tuenti’s population pyramid: the continuous line shows the
average between male and female users across the different age groups

3 Dataset

Here we present the dataset under analysis and introduce
notations we will use throughout our work. We also dis-
cuss basic demographics and social properties of the online
service we study, Tuenti.

3.1 Tuenti

We use a large sample of Spanish, invitation-only social net-
working service, Tuenti2 for our analysis. Founded in 2006,
thanks to its widespread popularity in the country, Tuenti
was commonly referred to as the “Spanish Facebook”. Since
2012 it has been rebranded as virtual mobile operator. Tuenti
provided many features common to other popular social
networking platforms: it allowed users to set up a profile,
connect with friends, share web links and media items and
write on each other’s walls. In particular, the terms of agree-
ment specified by Tuenti did not allow kids younger than
14 to join the service and oblige users to specify a place of
residence located in Spain3.

Our dataset is based on a full anonymized snapshot
of Tuenti friendship connections as of November 2010.
It includes about 9.8 million registered users, more than
580 million bidirectional friendship links, and 500 mil-
lion directed interactions (an interaction is an exchange of
a wall message) during a 3 months period and the user’s
self-reported city of residence (selected from a predefined
list)4.

In Fig. 1 we present the population pyramid for Tuenti.
We observe a small difference between numbers of male

2www.tuenti.com
3This requirement was later changed, but after our dataset was collected.
4In other words all users are assigned to a city (represented by a point)

Fig. 2 Map of connections between Tuenti users: the Canary Islands
archipelago is visible in the inset on the right. The shorter the geo-
graphic distance the brighter the connection

(4 899 659) and female (4 784 975) participants. Tuenti is
particularly popular among teenagers: there are 4 376 472
(45% of the total) participants aged 14 to 20 with a Tuenti
profile. A comparison with the official census data coming
from the Spanish National Statistical Institute shows that,
surprisingly, there are only 3 232 012 officially registered
teenagers in Spain. Possible explanations for this discrep-
ancy might be: (a) users that have several profiles, (b) users
that live outside Spain and misreport their real location or
(c) users that lie about their age. The latter is the most
likely since the social networking service under study did
not allow people under 14 to register, so we assume that
many users reported falsely their age to be able to open an
account. Indeed, according to a report (Livingstone et al.
2013) around 30% of Spanish kids aged 9–12 have a Tuenti
account, i.e. lie about their age when using social media ser-
vices. We therefore advise the reader that, in what follows,
the results about usage patterns of the youngest user-groups
might likely contain data of even younger users.

The location where users live is an important discrimi-
nator when a search returns a list of users with the same
name. Since the top ten surnames cover about 20% of the
population5, in general, Tuenti users have an incentive to
specify the exact city where they live to be discoverable by
the people they know.

Tuenti originated in Madrid, and further gained popu-
larity in Seville, Valencia, Malaga and Gran Canaria, pro-
gressively gaining traction in Spain: in fact, the service has
become pervasively used in many cities. In the map in Fig. 2
we plot a line between the geographic positions of two
cities if the total number of friendship connections between
these two cities exceeds a threshold of 50. The color of
the lines reflects the distance: dark blue for the longest dis-
tance friendship links and dark red for the shortest. We

5en.wikipedia.org/wiki/Spanish naming customs

en.wikipedia.org/wiki/Spanish_naming_customs
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clearly observe that the existence of many short distance
links allows to deduce the geographic structure of Spain.

3.2 Basic Notations

In this work we explore how users’ geographic locations
correspond to their online social interactions. These inter-
actions may be either explicitly declared connections such
as friendship links in a social network or implicit ones
retrieved from interactions, i.e. from wall comments. We
note that Tuenti only allowed users that are friends to
exchange wall messages: thus, we model the social network
among Tuenti users as an undirected graph G = (V , E),
where nodes are users and edges are friendship connections
on Tuenti. We refer to this graph as the undirected friend-
ship network. In Fig. 3 we plot the distribution (pdf) of
the number of friends in the friendship network. We see a
peak at 1 000 friends, that was the friendship limit defined
by Tuenti. Nonetheless, Tuenti opened this limit occasion-
ally for users with special merits (e.g. celebrities), which
explains why some users managed to overcome the limit.

In line with Gilbert and Karahalios (2009), we take the
frequency of interaction as a proxy for interaction strength.
Every edge eij ∈ E between users i and j is assigned with
corresponding interaction weights wij and wji , equal to
the number of messages user i posted on the wall of user j

and vice versa. Two users may be connected to each other
but never exchange a message, hence wij ≥ 0. In general
wij �= wji , hence we introduce an associated undirected
balanced interaction weight:

w̄ij = min(wij , wji) + (1 − δwij ,wji
)/2,

where δx,y is Kronecker delta (returns 1 if arguments are
equal and 0, otherwise). The reason behind this definition
is that, following Friedkin (1980) as well as Krackhardt
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Fig. 3 Probability distribution function for the number of friends in
Tuenti

and Kilduff (1999), we are most interested in measuring
bidirectional interactions (since non-reciprocated commu-
nication may indicate spam or anecdotal interactions ) but
we also want to take into account (to a much lesser extent)
these non-reciprocated interactions. Therefore, for the non-
reciprocated interactions we only add 1/2 no matter the
difference in the numbers of messages exchanged. The
balanced interaction weight assigned to each social link
captures how likely a social tie is to be used to spread
information.

Leveraging the edge balanced weights w̄ij we define
graph Gm in such way that there is a link between user i

and j only if w̄ij ≥ m. We call G1 as wall network, as it
connects only users who have exchanged wall posts in both
directions.

In Table 1 we report the main properties for the friendship
and wall networks.

In our previous work (Volkovich et al. 2012) we have
shown that additional friendship links are unlikely to signif-
icantly increase the levels of interaction. In particular, we
found that the absolute number of active connections does
not exceed 150 users. This value is in good agreement with
Dunbar’s number (Dunbar 1998), which is an alleged theo-
retical cognitive limit to the number of people with whom
one can maintain stable social relationships.

4 Geographic Properties

The goal of this section is first to describe the geographic
features of online (Tuenti) and offline (Spanish) popula-
tion. Second, we discuss how distance between users affects
their making friends behavior. Finally, we study the inter-
play between friendship strength and spatial properties of
social ties.

4.1 Geographic Footprint

To provide a quick overview of the Tuenti population placed
on the real geographic map we draw a histogram for the top
50 cities by number of users together with their population
in Fig. 4. We observe that these top cities are, in general,
the most populated ones. We look at the fraction of the
number of registered users and find that for many of these
top cities the fraction of involved users exceeds half of the
population. In particular we note a very high proportion of
registered users in medium-size cities with large university
campus, such as Ciudad Real or Granada: this is probably
due to the high number of young people who move in and
actually live and study in these cities, although their offi-
cial residence is still in their original hometown. For other
cities, e.g. Barcelona and Palma, the percentage of Tuenti
population is very small. This might be caused by the fact
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Table 1 Properties of the wall and friendship networks: number
of nodes N and edges K , size of the giant connected component
GC, average node degree 〈k〉, average clustering coefficient 〈C〉, 90-
percentile effective network diameter ∅eff , maximal distance �max

between two nodes in the network, average path-length between nodes
〈l〉, average geographic distance between nodes 〈D〉 [km], average link
length 〈d〉 [km]

Network N K size GC 〈k〉 〈C〉 ∅eff �max 〈l〉 〈D〉 〈d〉

Friendship 9 769 102 587 415 363 99.47% 126 0.200 5.8 9 5.2 531.2 98.9

Wall 6 487 861 111 503 001 99.56% 34 0.137 6.8 10 6.1 531.2 79.9

that Tuenti only later extended its language support to the
other Spanish co-official languages, in particular to Catalan,
an important co-official language in these cities. Barcelona
also has a large international community which might have
brought in Facebook earlier.

Apart from language issues a possible explanation for
a low proportion of users in a city can also be the fact
that many people move away for study or work and get in
contact with other social networking services. For exam-
ple in Zaragoza a significant amount of people migrate to
Barcelona for better job opportunities. It is likely that they
signed up with other social networking services more pop-
ular in Barcelona and help to spread and increase the usage
of these services (and decrease the usage of Tuenti) in their
age-group back in their original hometown.

To investigate this idea and better understand the popu-
larity of the service in different age groups, we compare the
average age for people registered in the top cities on Tuenti
with the population fraction. For these 50 cities we observe
large correlation (0.64, p-value < 10−6), which can be also
seen on top plot in Fig. 4. Therefore, for cities with low aver-
age user ages we find, in general, that a smaller fraction of
the population was using Tuenti.

To summarize it seems that the popularity of the social
networking service depends on whether it is able to pene-
trate significantly into layers of older users. This statement
brings us to an open question about the relation between
popularity of the social network platform and the number
of teens present in it. In Section 5 we further study age fac-
tors and their connection with the geographic properties of
online social interactions.

4.2 Distance between Friends

For every edge eij ∈ E, G = (V , E), we define dij as the
geographic great-circle distance6 between the cities of res-
idence of user i and user j . We set dij = 0 if users report
the same city of residence. In other words we approximate

6The shortest distance between two points on the surface of
a sphere measured along the surface of the sphere: dij =
r arccos(sin φi sin φj + cos(λi − λj ) cos φi cos φj ), where φi, λi and
φj , λj are geographic latitude and longitude cities of user i and j . We
use the mean Earth radius r ≈ 6378km.

spatial closeness between users by considering “as the crow
flies” distance. Note that distance between towns does not
always reflect perfectly actual distances in km between per-
sons. In particular, when distance is zero the users might live
in the same city but a few kilometers away from each other.

As an alternative solution to absolute geographic dis-
tance, to take into account differences in population density
(especially marked in the case of Spain), we experimented
the ranked distance introduced by Liben-Nowell et al.
(2005). With such definition, the distance between a user
and a given point in space is not defined in number of kilo-
meters, but in terms of the number of people who live closer
to that point than the given user. While the model is useful
to account for the different impact of distance in differ-
ently populated areas, its application raises several issues.
As the granularity of our data corresponds to the municipal-
ity, for cities like Madrid or Barcelona with population in
the order of millions, this model entails an extremely high
number of tied values, and a user living in the surround-
ings of a big city may result to be very far from friends who
actually live just across the municipality border. Due to the
possible biases and issues introduced by this model, we pre-
ferred to rely on the absolute geographic distance, which
has also the advantage of representing a straightforward and
immediately understandable measure.

As found in other online social networks (Backstrom
et al. 2010a; Scellato et al. 2011b), Tuenti users tend to
preferentially connect to closer users. In fact, as depicted in
Fig. 5, the distribution of geographic distance between con-
nected users show much lower values than for random pairs
of users. There are about 60% of social links between users
at a distance of 10 km or less (blue line), while only 10% of
all distances between users are below 100 km (black line). If
we restrict this analysis to the wall network G1 we see a sim-
ilar trend as in the friendship network, though with slightly
shorter distances.

We now focus on the distribution of geographic distance
between friends. Different behavioral patterns associated
with large, intermediate or short distance relationships are
revealed. Figure 6 depicts the distribution of the geographic
distance for all pairs of friends (black stars) and for all the
friendship ties where at least one of the two users is living
in one of the 4 largest cities in Spain: Madrid, Barcelona,
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Fig. 4 Top cities by number of
users (red bars) together with
their populations (blue bars) and
the fractions of the population
present on Tuenti (blue line, top
plot). Average age for Tuenti
users registered in these cities
(red line, top plot) 21
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Valencia, and Seville. Since Madrid is, roughly, in the center
of Spain one might expect that it is on average “closer” than
other cities. We fit these distributions partially to power-law
distributions and find low exponents (α1) for short distance
friendship links (distances less than 300 km). The exponents
in this region oscillate between 1.05, if we only consider
friendship links with one end in Barcelona, and 1.45 for
friendships which involve people from Seville. The lower
this exponent is the larger is the proportion of longer dis-
tance friendships. The distribution of all the distances has
an exponent of 1.41 in this distance region. For friend-
ships over distances between 300 and 1 000 km a much
steeper slope is observed. The exponent (α2) then oscillates
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Fig. 5 Cumulative distribution function (cdf) of geographic distance
of social links (red squares), mutual interaction links (blue triangles)
and all pairs of users (black circles)

between 2.44 for the global distance distribution and 4.56
for Barcelona.

We see a clear difference in the proportion of short and
large distance friendships between the main cities in Spain.
The fraction of large distance friendships is much larger in
Barcelona than in Madrid (and the remaining cities shown
in Fig. 6). Only 30% of all friendships are within a radius of
300 km for users from Barcelona, while this fraction is 76%
for users from Madrid and even 87% for Seville. The latter
percentage also coincides with the overall fraction of friend-
ships in Spain which can be found within a 300 km radius. If
we just take into account the closer neighborhood, we find
that only 17% of all friendships are within a radius of 10
km for Barcelonians, while in the overall case this number
is elevated to about 56%. In particular, we find about 47%
of all friendships within this distance for Madrid.

In Fig. 6a we observe a jump around 500 km in the distri-
bution of Barcelona indicating connections with users from
Madrid, a much smaller jump around 300 km for Valencia
indicating friendships both from Barcelona and Madrid, and
an even smaller jump for Sevilla again reflecting connec-
tions to Madrid. We observe a much smoother distribution
for Madrid implying for example that the friendship links
between Madrid and Barcelona occupy a smaller share of
the total connections of Madrid than they do for Barcelona.

In general, we can conclude that the Tuenti friendship
network has a clear predominance for short distance friend-
ships, even if a different pattern arises in Barcelona. It seems
that at least in Barcelona Tuenti was mainly used to main-
tain links with distant friends but not as a medium to interact
with the local circle of friends. Given the low penetration
of the social network in Catalonia, and the attractiveness
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Fig. 6 Distribution (ccdf) of friendship distances and break-down for
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of Barcelona in the internal migration flows for study and
work, we conjecture that a remarkable part of Tuenti users
located in Barcelona may be people from other parts of
Spain, who live in Barcelona and use Tuenti to keep in con-
tact with friends in their home region, where the service is
widespread.Given the low penetration of the social network
in Catalonia, and the attractiveness of Barcelona in the inter-
nal migration flows for study and work, we conjecture that
a remarkable part of Tuenti users located in Barcelona may
be people from other parts of Spain, who live in Barcelona
and use Tuenti to keep in contact with friends in their home
region, where the service is widespread.

4.3 Distance and Technology Adoption

We now take a look at how distance affects technology
adoption patterns. Previous work showed that gender plays
an important role at the time of joining a social network ser-
vice, with 72% of female users joining Tuenti on invitation

of other women (Laniado et al. 2016). Here we inspect how
joining the social network service is affected by distance.

Tuenti was an invitation only social network service at
the time of data collection, therefore we assume that the
first friend of each user is the friend who successfully
invited her/him to join the platform. In Fig. 7 we show
the cumulative distribution of distance for such connections
representing successful invitations to join the service (blue
line with triangles). The figure also shows for comparison
all social links (red line with squares, corresponding to the
red line in Fig. 5). On the one hand, we observe that short
distances are more frequent in invitations with respect to
the overall friendship graph, which indicates that distance
is generally more relevant at the moment of joining the ser-
vice through the invitation of the first friend than at the
moment of adding other friends. On the other hand, after 50
km there is an inversion in the trend, indicating that longer
distances are also more frequent among accepted invitations
than among the overall friendships, which may point out
the behavior of users who join the service to connect with
friends who live in another part of the country.

4.4 The Effect of Distance

To assess the constraining effect of geographic distance on
social ties we now compute the probability that two indi-
viduals are connected as a function of their spatial distance.
Since the fraction of short-range social links is high, and
since there are many more users at a large distance than
close by, the probability of connection must be decreasing
with distance.

In fact, in Fig. 8 we observe a strong effect of dis-
tance d on the probability of connection P(d): while the
probability has a flat trend below 30 km, then it quickly
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triangles), compared to all social links (red squares)
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Fig. 8 Probability of friendship
and of wall interaction between
two users as a function of their
geographic distance. Gx

indicates a minimum of x

balanced interactions between a
pair of users
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decreases as d−α + ε, with α ≈ 1.8. The constant value
ε becomes non-negligible only at large distance, denoting
a constant background probability of connection between
individuals that does not seem affected by distance. Sim-
ilar patterns containing a constant offset, although with
different exponents, have been also found on other online
social networks (Liben-Nowell et al. 2005; Backstrom et al.
2010a).

In Fig. 8 we observe similar shapes for different inter-
action levels. In order to further understand the relationship
between social interactions and spatial distance we com-
pute a different property: the probability that a message
is exchanged over an existing friendship link as a func-
tion of geographic distance. More formally we calculate
|EGk(d)|/|EG(d)|, where |EG(d)| and |EGk(d)| are the cardi-
nalities of the set of all edges in G which have distance d

and the set of all edges in Gk which have distance d. If spa-
tial distance affects interactions as it affects social ties, then
we would expect another relationship with a strong decay:
to our surprise, this is not the case. In fact, as highlighted
in Fig. 9, the probability of interaction ranges between 0.35
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Fig. 9 Probability of interaction with a friend as a function of geo-
graphic distance for the weighted wall network and for the thresholded
networks

and 0.15 even when geographic distances increases from 0
to 1000 km for k = 1. If we consider larger thresholds
we see that the large-distance tail becomes flatter: high-
intensity communication takes place on social connections
regardless of their geographic distance. Thus, even if we
see a decreasing trend, geographic constraints on online
interactions do not appear nearly as strong as for social
connections.

5 Age Factors

As we have already discussed in Section 4.1, user age may
have an impact on the geographic properties of online social
networking. Recall that we study here a social networking
platform which is very popular among teenagers but has also
a significant number of users in older population layers. To
complete our analysis we now investigate whether the con-
clusions drawn in the previous section hold when the age of
the users is considered. As discussed in Section 3, we can-
not consider self-reported user age to be reliable in all cases;
in particular, we recall that users younger than 14 are likely
to report a slightly higher age in order to be able to register
to the service, so among the youngest users in our data there
may be also users whose real age is below 14. We believe
that, despite this caveat, the analysis proposed in this section
can be helpful to assess the impact of distance on users of
different age classes.

We first explore how the probability of friendship varies
for individuals of different age groups. In Fig. 10 we com-
pute the probability that two users are connected as a
function of their spatial distance under assumption that at
least one of these users is within the selected age group.
We can observe that the probability of connection P(d) as a
function of geographic distance d exhibits a decay d−α + ε

with very similar values of α for the different age groups.
This behavior is also observed for the data of the entire
social network (black curve in Fig. 10, which is the same
as the red curve in Fig. 8). The main effect of age seems
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Fig. 10 Probability of
friendship in different age
groups as a function of
geographic distance
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to be a parallel vertical shift of the curve of the friendship
probability for the entire network reflected in different val-
ues for the constant background probability ε. Older users
have the smallest and younger users the largest probabilities
of friendship. Minor differences from this general tendency
appear for the youngest users who present higher probability
of connections at their immediate neighborhood (distance
≤ 1 km), while older age groups show slightly lower values
in this range compared to a shift of the overall friendship
probability (black curve).

In summary, age introduces only a slight bias in the prob-
ability of friendship connection and it becomes significant
only at short distances. Thus, distances below 10km seem
to constrain teens younger than 16, i.e. users with more lim-
ited mobility, while older users, probably due to commuting
or migration processes caused by job or family bonds, are
more likely to have connections at a distances of 10 to 40km
than in their immediate geographic neighborhood.

Finally, we study how age and distance interplay with the
interaction activity among friends. As found in other online
social platforms (Leskovec and Horvitz 2008), younger
Tuenti users tend to be more active than older ones.
Figure 11 shows the probability that at least one message
is exchanged in both directions over an existing friendship
link as a function of geographic distance given that at least
one of the friends is within the selected age group. We
observe a very similar behavior as in Fig. 9. This becomes
even more evident when comparing the data for the differ-
ent age groups with the complete interaction probability in
G1 (black curve in Fig. 11, or blue in Fig. 9).

We find that teenagers are the most active group, thus, the
probability to write a wall message for users younger than
18 ranges between 0.1 and 0.15 while for users older than 26
between 0.04 and 0.08. Again we observe that the youngest
users are slightly constrained by distance: the probability of
interaction decreases as distance increases. For older users
we see, however, a small increase for distances close to
1 000 km. It is possible that these users are interested in
reconnecting with old friends scattered all around Spain: for

instance, it was common practice in Spain to be assigned on
army service (now abolished) far away from the birthplace,
mixing up with people from different parts of the country.

To generalize we conclude that the findings presented in
the previous section are even more robust for the users aged
between 19 and 40. At the same time we suggest that the
slight geographic constraints on online interactions reported
in Section 4.4 are caused by the large presence of younger
users. These constraints seems to disappear for users older
than 19.

6 Distance and Social Interactions

In the previous section we found that the probability of
interactions among friends does not seem to depend on geo-
graphic distance between them. Here we further explore the
factors which influence the social interaction strength by
analyzing the threefold relationship between spatial prop-
erties, social overlap, and balanced interaction weight of a
social tie. Some of the results presented in this section have
been reported in our previous work (Volkovich et al. 2012).
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Fig. 12 Relationship between
link length and social overlap
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6.1 Distance and Social Overlap

The structure of social networks tends to reflect that individ-
uals usually belong to social groups: that is, friends usually
know each other, creating clusters of individuals that are
mutually connected to one another. In particular, when two
connected users have several friends in common, it is an
indication that their social link is situated inside a particu-
larly well connected social community. We define the social
overlap of an edge eij as oij = |�i ∩ �j |, where �i is the
set of users connected to user i.

We analyze the relation between social overlap and dis-
tance of a social tie in Fig. 12. We see in Fig. 12a that
the average geographic distance between two connected
users decreases as they share more and more friends, i.e.
they are probably inside a particularly well connected com-
munity. At the same time, in Fig. 12b, when looking at
social links of increasing geographic length, we observe
that social connections which span less than 60km exhibit
higher average values of social overlap. The social over-
lap of longer links decays then and stabilizes at distances
greater than 100km where it oscillates between 15 and 25
shared friends on average. This indicates how social links
can be divided into short-range and long-range connec-
tions, with the separation distance being between 60 and
100km marking the sizes of the zones of attraction of major
cities.

The presented analysis indicates how the division of the
social network into communities does not take place inde-
pendently of spatial distance. Instead, social ties belonging
to denser connected groups tend to arise at shorter spa-
tial distances than social ties established between members
belonging to different groups. Thus, there are Tuenti users
who seek connections at longer distances outside their local
social circle: this would signal that either they have no
potential connection available at short distance, as they may
be located in a scarcely populated area, or they are more
willing to connect to individuals far away. In general words,
we see evidence of a bridging behavior of spatially longer
social links, connecting together diverse portions of the net-
work, while shorter links are tightly integrated inside social
groups.

6.2 Social Interactions

The strength of the interaction between two members is an
important facet of social relationships that we capture in our
dataset since not all the social links are equally likely to be
used for interactions. Here we examine how the social net-
work carries and spreads information by studying whether
the balanced interaction weight of a social tie depends on its
social position and spatial length.

As previously discussed in Section 4.4 the probability
of connection between individuals seems to be affected by

Fig. 13 Relationship between
link length and interaction
weight
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geographic distance in the same way across different levels
of user interaction. Furthermore, the analysis of individual
social links conveys the same message: the number of mes-
sages sent over a certain social link exhibits only a weak
dependence on the geographic length of the link itself, as
shown in Fig. 13a. The average balanced interaction weights
are unrelated to users’ geographic distances and, at the same
time, the average distance between two individuals is only
slightly related to the number of messages they exchange.
In Fig. 13b we observe that there is a slight decay from
an average distance of around 80km for a lower number of
interactions to 60km if the users interact up to 100 times.
Friends who never interacted or interacted just once but not
mutually live on average further away, i.e. around 100 from
each other.

Both indicators are remarkably stable, supporting the
hypothesis that while geographic distance heavily influ-
ences how users establish social connections, its effect
on social interactions is only weak. In other words, once
users choose their social connections, spatial factors are
not important anymore. Thus, even though the likelihood
that two individuals are connected is heavily dependent
on distance, when considering how much friends interact
geographic distance is not a limiting factor.

Finally, we look at the threefold relationship between
interaction weight, structural properties and spatial distance.
To this end, we plot the heat maps for the logarithm of bal-
anced interaction weight as a function of distance and social
overlap of a social tie. From Fig. 14 we conclude that inter-
action strength between online friends strongly depends on
how many friends they have in common, i.e. if they are
inside a particularly well connected community, but very
little depends on how far from each other they are. We
can therefore conclude that social overlap is a determent
factor for strong ties between two users and the effect of
geographic distance is negligible in comparison to that.
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Fig. 14 Threefold relationship between social overlap, distance and
balanced interaction weight

7 Conclusions and Outlook

Our work was primarily inspired by the idea that individu-
als are affected by spatial proximity and geographic factors
in their online social interactions. Service providers gather
data about where individuals are located and where they
go, together with information about their social interactions.
This exposes the spatial properties of social connections
arising on the Web, that can be studied both to understand
the dynamics proper of the online sphere, and to investigate
the underlying social connections as they get reflected in
online services. In this context, online social networks like
Facebook or Tuenti, where so-called friendship connections
mostly reflect offline ties, offer an exceptional opportunity
for inspecting human social networks at a large scale, push-
ing forward sociological research in the line of Milgram’s
small world experiment (Travers and Milgram 1967).

While previous works on the geographic properties of
interactions in online social networks are mostly limited to
the US, and rely on surveys or samples of users (Backstrom
et al. 2010a; Spiro et al. 2016), in this study we offer an
unprecedented analysis of the entire social graph from a
large online social network representing an important part
of the population of a European country. We analyse the
interactions between about 10 million Tuenti users; given
the low average age of the users, results for older users may
be less representative, while with respect to young people
our dataset includes the majority of the Spanish population.
Indeed, according to user surveys nearly 70% of Spanish
people between 14 and 19 had a Tuenti account in 2011
(Telefónica 2012).

The lack of comparably rich datasets and studies from
other countries (with the partial exception of the US) makes
it difficult to assess to what extent our results might depend
on the specificities of Spanish territory and society, such as
the low internal mobility compared to other countries (Bell
et al. 2015), and to which extent they could be generalized
to other European or non-European countries. In absence of
adequate terms of comparison, we believe this study offers a
landmark for the understanding of the geographic properties
of online social interactions, and may be of general interest
well beyond the specific focus on the Spanish case.

We found evidence of a marked preference to connect
to spatially closer users; also the number of shared friends
is higher for shorter distance connections. Furthermore, we
have observed that geographical distance has an impact on
technology adoption patterns, with accepted invitations to
join the service coming in most cases from friends at very
short distances. However, once users have signed up to the
service and chosen their friendship connections, our results
show that spatial factors are not important anymore. This
finding is robust when analyzing different age groups sep-
arately, and is even stronger when considering only users
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aged over 19. Teenagers under 19, on the other hand, appear
to be slightly constrained to shorter spatial distance in their
interactions, and especially in their friendship connections.
This can be explained by their generally lower geographic
mobility.

Assuming that interaction strength captures how likely a
social tie is to be used to spread information, we have further
investigated communication patterns between Tuenti users.
We have found that extremely high levels of interaction
mainly take place between users with many shared friends.
The network community structure and the number of shared
friends, much more than geographic factors, appear to be
good indicators for a strong friendship tie.

These findings have implications on the understanding
of propagation phenomena in social networks over larger
distances, such as news spreading, rumor spreading, or the
emergence of nation-wide social movements (Conover et al.
2013; Bastos et al. 2014; Borge-Holthoefer et al. 2011).
They are relevant also to the delicate debate on the echo
chamber effect and the tendency to polarization in social
media where, due to homophily, users tend to be mostly
exposed to content spread by like-minded people (Colleoni
et al. 2014).

In this sense, on one hand the positive dependency
between spatial distance and social overlap in Tuenti con-
firms the prevalently local nature of cohesive communities.
This was also observed in the communication dynamics of
grassroot social movements in Spain on Twitter (Borge-
Holthoefer et al. 2011) - a case in which one might expect
geographic distance to be less relevant, given the country-
wide nature of the movement, and the largely topic oriented
nature of Twitter conversations (Kwak et al. 2010b).

On the other hand, our findings point out the impor-
tance of bridge ties that, despite spanning longer geographic
distances, and exhibiting in general smaller social overlap,
are as likely to convey information and communication as
shorter ties falling into cohesive communities. This con-
firms the critical role of such social links in connecting
geographically (and socially) distant communities, which
can ultimately be determinant for enhancing dialogue and
contributing to build a more cohesive society.

By increasing our ability to understand, model and pre-
dict the geographic properties of online social interactions,
the results presented here may help to improve the design
of real-life online applications such as recommender sys-
tems, news filtering or link prediction. Our study indicates
many possibilities for future work, ranging from models
that can reproduce the properties that we have observed in
empirical data to new algorithms that can help to partition
users better into communities with social and spatial focus.
An inspection of the geographic composition of clusters
resulting from community detection in the social network
would help to shed further light on the local dimension of

cohesive communities in different areas, and to inspect the
existence of composite communities that cross regional bor-
ders. A more detailed analysis of the users’ ego-networks
could furthermore help to study phenomena such as internal
migration.
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