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Resumen. El tipo de redes sociales que se basan en la ubicacion de sus usuarios
recibe el nombre de redes sociales basadas en localizacion (LBSN) y son un
medio oportuno para el analisis del comportamiento espacio temporal de las
personas. Utilizando datos registrados en Foursquare, aplicacion para
dispositivos moviles que provee a sus usuarios busquedas personalizadas y
localizadas, se construy¢ la red social de usuarios con actividades en lugares de
la Ciudad Autéonoma de Buenos Aires entre 2009 y 2015. En este trabajo se
describen en primer lugar aspectos metodoldgicos para la recoleccion y
procesamiento de datos de redes sociales utilizando informacion publica, y en
segundo lugar se estudia las caracteristicas estructurales de la red social que
componen estos usuarios. Entre los hallazgos mas importantes se encuentra una
estructura fuertemente comunitaria, de mundo pequefio y con un grado neutral
de afinidad selectiva, que no se enmarca en una distribucion de grados de ley de
potencias.
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Location-based social networks in
Buenos Aires (2009-2015)

Abstract. The type of social networks that are based on the location of their
users is called location-based social networks (LBSN). These networks are an
adequate means for spatio-temporal users’ behavior analysis. Using data from
Foursquare, an application for mobile devices that provides its users with
personalized and localized searches, the social network for users was built
based on activities within Buenos Aires Federal District between 2009 and
2015. In this paper in the first place the methodological aspects for the
collection and processing of social network data using public information is
described. Secondly the structural characteristics of this social network are
analyzed. Among the most relevant findings, we could see that the network has
characteristics of a strong communitary, small-world and neutral degree of
assortativity structure. It was also found that this network does not fit the
power-law degree.

Keywords. LBSN, Foursquare, social networks, geolocation, Buenos Aires,
social network analysis

1 Introduction

The integration of online social networks with smart portable devices has
revolutionized the way individuals communicate and share information. Location-
based social networks (LBSN) rely on the location of their users and serve as a
conducive medium for researching sociability at the intersection of online and offline
contexts, as well as discovering mobility and spatio-temporal patterns. LBSNs
provide a rich, detailed collection of data on individual behaviors, including with
whom, when, and where people interact, which is crucial for understanding activity
patterns in both time and space, and even the sentiments or preferences of individuals
at specific moments and locations.

During the last decade Foursquare was a widely used platform designed to
recommend venues (places) to a user according to the search, tastes, habits, needs,
geographical location, ranking of places, and the behavior of his/her friend users.
Foursquare users could register and share their geographical location by marking their
presence (check-in) at a specific site (venue) physically located near where the user
was. In addition to checking in at venues, users could read and post comments about
their experiences, as well as establish links on the platform with other users (Fig. 1).
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Figure 1. Example of places recommended by the Foursquare application based on a search
and user location. In blue are the recommended places and their locations.

The aim of this study is to describe the topological characteristics of social
networks formed by users of the Foursquare platform with geolocated activities within
the Autonomous City of Buenos Aires (CABA). The time frame for the analysis is
from December 2009 to March 2015, as access to data became much more restrictive
thereafter.

Some key indicators about the use of mobile devices and the internet can be
identified to better understand the extent of this application designed primarily for
mobile devices. Locally, taking into account data from the World Bank [1], the
proportion of households that owned mobile telephony in Argentina and used the
Internet from the same was 48% for the year 2010. Although there is no data
regarding the penetration of social networks in Argentina for the period analyzed in
this work, Foursquare is recognized as the most widespread LBSN worldwide during
the period considered in this work [2][3]. Internationally, by 2011 more than 12% of
mobile phone users in the United States had used their phone for LBSN such as
Foursquare or Gowalla [4].

2 Data extraction and methods

2.1 Data extraction

Data collection was carried out through the platform's API. The area of the City of
Buenos Aires was exhaustively covered, collecting all the places registered on the
platform, which required using official geographical information for the location of
the 12,373 geographical blocks of the city. For this purpose, the “Manzanero”
database [5] was used (Fig. 2).
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Figure. 2. Places in CABA initially collected (left) and distribution of places considered in the
analysis (right).

The colored dots on Figure 2 on the right are places that have users’ comments and
are included in this work. As can be seen, both distributions spatially resemble the
communes of CABA -administrative subdivisions of the city-, and were colored with
a color scale associated to population density: lighter tone represents communes with
higher density. It is observed that the analyzed places are distributed mainly in areas
with high population density.

2.2 Software processes and components

This work used open-source software entirely for data collection, processing, and
analysis. The combined use of QGIS and PostGIS allowed the manipulation of the
Manzanero database, converting it to latitude-longitude coordinates and then
transforming it into a PostgreSQL database for the necessary spatial calculations for
interaction with the Foursquare API. Talend Open Studio was used for data
integration from the API and process orchestration. Figure 3 shows an overview of
high-level processes, data and software supports used.
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Fig. 3. High-level diagram of processes, information, and analysis performed.

Regarding the software used for social network analysis, Python was chosen for
processing, SQL for querying, and Gephi (https://gephi.org/) for the network
exploration and visualization. For graph and social network analysis within Python,
NetworkX was mainly used. In every case, the relevant software was linked to the
database developed in PostgreSQL to facilitate dynamic data processing.

2.3 Data Processing

Once all the venues in the city existing on Foursquare were identified, the collection
of comments left on them, the people who had left those comments, and their links
with other users was carried out. Of the total number of people who left comments in
CABA, outliers were univariately excluded based on their score transformed to a Z
scale, discarding 0.5% of users furthest from the average number of comments. Bots
and advertising agents on Foursquare, as well as other social networks, have been
detected and analyzed in different studies [6], and are widely extended [7].

After pruning users with extreme values, 31,385 remained, with whom the graph of
relationships between venue commentators in CABA was built. The data cleaning
process also involved identifying the unique users commenting on the places,
deduplicating ties between users. Also, the main network components were identified,
s0 5,234 disconnected small components were discarded.

Although it was not possible to attribute a geographical origin to each of the users
considered in the graph, it was possible to use the textual content of the comments
they entered for CABA venues to be classified according to their language using a
classification model. For practical purposes and to facilitate analysis, it was decided to
divide the users into two groups: Spanish speakers (78.2%) and non-Spanish speakers
(21.8%).
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2.4 Graph Construction

Given the characteristics of user relationships enabled on Foursquare, an undirected
and unweighted graph was used to represent the social interactions. Figure 4 shows a
schema depicting the users’ roles and their relationship to the venues, showing which
users (nodes delimited by a continuous circle) and relationships are considered in the
graph. The same person can have comments in different places, and a friend of a
commenter can be: 1) a commenter at the same venue, 2) a commenter at a different
venue, or 3) a direct first-degree friend of a commenting person even though they
have not commented at any venue in CABA. The third case has been omitted from
this work.

4 N Friend of a
" p CABA
' ; commenter.

CABA
Commenters

CABA Venue 1 CABA Venue 2 CABA Venues

----- Edge (friendship) with a user excluded from the analyzed
graph.

—— User's comment in a venue.

—— Edge. A friendship between two nodes (users)

I:l Venue located in CABA.

O Node (User). CABA's venue commenter.

Figure. 4. Graph Scheme in relation to user’s relationships, comments and venues in CABA.

3 Results and Discussion

3.1 General Characteristics of the Graph

Real social networks are not random, but they are also not highly regular; they
have unique characteristics where order and structure coexist with disorder to
different extents. In the following sections, some of the properties of the graph that
will allow the identification of the general structure, communities, and characteristics
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of this social network are analyzed. Although there are numerous centrality metrics,
this work concentrates on the most used centrality indices in the field [8]. It had been
observed that many graph metrics are correlated with each other and partially describe
the same properties, so only some of them are sufficient for practical purposes of
social network analysis [9].

Table 1 lists the main topographical features of the graph of interactions among
Foursquare users in Buenos Aires. While the heatmap on Fig. 5 shows the correlation
between pairs of centrality measures. The high r values are expected, have been
previously reported, and are due to the high levels of association that occur in data
organized in networks.

Table 1. Graph Characteristics. NetworkX was used for metric calculations.

Metric Value
Nodes 31385
Edges 229224
Connected components |

Mean centrality degree 14.6
Density 0.000465
Mean clustering coefficient 0.1304
Transitivity 0.0134
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Fig. 5. Pearson's r correlation values between centrality measures represented in a heatmap.

The average centrality degree is somewhat lower than in other studies [10][11] on
the same platform, but the differences may be due to the way the analyzed graph was
constructed, restricted only to users with comments in CABA. Regarding other
network structure measures, as can be observed in Figure 6, it was found that the
clustering coefficient decreases as the degree of the nodes increases, indicating that
nodes with higher degrees may be using the platform less oriented towards relating to
real friendships, and instead establishing indiscriminate relationships.
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Figure 6. Average Clustering Coefficient (y-axis) according to degree (x-axis).

3.2 Resilience

Resilience measures the impact on connectivity and cohesion of the network when
one or more nodes are removed. Most social networks are robust to the removal of
nodes, but not so much to the removal of high-degree nodes. Resilience is an
important property as it measures the redundancy of paths between different nodes
and the interconnectivity of the network, since when an edge is not available,
connectivity still exists in the network. Due to the computational complexity required
to measure the number of nodes or edges needed to turn the connected component
into a disconnected component, the calculation of density was used instead, which
measures the fraction of possible edges that exist. The greater the number of edges
that exist in a network, the more redundant paths between nodes. In this case, the
density calculation was 0.000465 (out of a maximum value of 1, where all nodes are
interconnected) indicating a very sparse network.
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This density value is reasonable considering that the graph contains only people
who have left comments in CABA and the links between them, but not the totality of
relationships that the nodes could have outside the city.

3.3 Assortativity

Real social networks often present characteristics of assortativity among their nodes
based on their attributes (age, gender, ethnicity, etc.) as well as structural or intrinsic
attributes of the nodes (degree of closeness, etc.). This assortativity, also called
homophily in sociology, measures the tendency of people to relate to similar people.

Initially, to understand degree assortativity, the relationship between the degree of
the nodes and the average degree of their neighbors was analyzed (Figure 7).

140 1

120 A1

100 A

80 1

Average degree of neighbors

0 100 200 300 400 500
Node degree

Figure 7. Association between the node degree (x-axis) and the average degree of neighbors (y-
axis). Red line: Simple linear regression fit.

At first glance, there is a negative assortativity trend with a Pearson's r value of
0.59, where higher-degree nodes have neighbors with a lower average degree. A
similar pattern emerges when analyzing the degrees of connected node pairs. In Fig.
8, it is observed that as the degree of a node increases, it tends to relate more to nodes
of a lower degree. This pattern is confirmed with the Newman coefficient, which was
-0.11, indicating that the nodes in the network are at an intermediate or neutral level
of assortativity with a tendency towards inverse assortativity. This value is consistent
with some studies [12] that propose that real networks have a low degree of
assortativity and 58% of them are classified in a "neutral”" degree (between -0.19 and
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+0.19). This value is also consistent with the degree found in other online social
networks like YouTube [13].
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Figure 8. Degrees of nodes (both) connected by edges.

To get a deeper insight into assortativity we analyzed two attributes that were
significant to the demographic aspect of the social network: declared gender and user
language classified based on their comments. For the case of user language, we
observe in Table 2 that 76.9% of the nodes relate to nodes of the same language,
which the affinity coefficient confirms with a positive value of 0.11. While 73% of
the edges connect Spanish-Spanish speakers, only 3.9% do so among non-Spanish
speakers. Considering the total number of edges established by Spanish-speaking
people, Spanish speakers relate to each other 86% of the time. Whereas considering
the total relationships established by non-Spanish speakers, 74% of the time they do
so with Spanish speakers.

Table 2. Assortativity Matrix by Language Classification

Edges Non-hispanic Hispanic Subtotal
Non-hispanic  3.9% 11.5% 15.4%
Hispanic 11.5% 73.0% 84.6%
Subtotal 15.4% 84.6% 100%

Regarding the fraction of nodes that relate to the same gender, i.e., the proportion
of edges that connect women users (10%) plus the edges that connect male users
(45.9%), they add up to just over 55% of the total edges. Therefore, it can be said that
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the social network is not homophilic from a gender perspective, as confirmed by
calculating the assortativity coefficient for gender, which is just -0.0078.

3.4 Fitto a Power Law

Networks can be classified based on their degree distribution. In the original premise
of Barabasi and Albert [14], they stated that a large number of real networks exhibit a
power-law distribution, with a majority of nodes having a low degree and a few
having a high degree [15]. This degree distribution represents one of the three main
properties commonly found in social networks, along with short distances and a high
degree of clustering (described in the section on small-world networks). The power
law is not only the least intuitive of these properties but also the most studied and
debated since its description at the end of the last century [16]. It should be noted that,
while it was commonly understood that social networks usually exhibit this property,
this assumption is currently under question [17].

Despite an initial analysis shows that the degree distribution in the network
resembles a power law, the goodness of fit of alternative distributions, such as log-
normal or exponential, was also tested. For this purpose, the power law distributions
were graphically compared against log-normal and exponential distributions, as seen
in Figure 9.

P(x)
P(x)

Degree distribution Degree distribution

Fig. 9. Log-log plots for probability density functions P(x) fits to degree distribution. Left
panel: Power law (red line) fit to the degree distribution (continuous line). Right panel: Log-
linear (green line) and narrow exponential (blue) fits to the degree distribution.

Although difficulties in distinguishing log-normal distributions from power laws
are common [ 18], a comparative evaluation using the likelihood ratio was carried out
to identify which of the two distributions fits better. The log-normal (also called log-
linear) distribution fit better. The likelihood ratio value between the power law and
the log-linear distribution was -48.408. This number is negative as it indicates that it
is more likely for the distribution to fit a log-linear model. The p-value significance
was < 0.001, leading to the rejection of the power law as the best theoretical
distribution fitting the degree distribution of the analyzed graph.
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The assumption of a power law fit in social networks is currently being questioned,
and specific LBSN studies have also characterized that the degree distribution
partially fits the log-linear distribution [19], while others describe it as a power law
[20].

3.5 Small World

To determine if this social network has a small-world structure, with short distances
and a high degree of clustering, an experiment was conducted using seven rewiring
probabilities (p), using a Watts-Strogatz-based graph generation algorithm. The
Watts-Strogatz algorithm starts from a ring-shaped network (which ensures a high
clustering coefficient value) and randomly rewires some edges based on a given
probability p. This rewiring is done between distant nodes to ensure a decreasing
average shortest path length, reaching its highest randomness in node wiring when
p=1.

During the experiment, the topological characteristics of the number of nodes
(31385) and their average degree (14) as seen in the analyzed graph were maintained.
The experiment results are shown in Table 3.

Table 3. Experiment results for randomized graphs using Watts-Strogatz

Average  shortest  path

p Average Clustering length
0.000001 0.6923 1066.26
0.00001 0.6922 955.34
0.0001 0.6921 210.59
0.001 0.6902 40.03
0.01 0.6721 11.48
0.1 0.5078 5.81

1 0.0004 4.23

It can be observed that as the rewiring probability p increases, the clustering
coefficient decreases much more slowly than the graph's average shortest path length,
with the clustering value dropping only in graphs with very high p values. Figure 10
clearly shows the behavior of both measures using a logarithmic scale for p.
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Fig. 10. Clustering coefficient and average shortest path (y-axis) according to log(p) (x-axis)
for the experiment with randomized graphs using Watts-Strogatz.

Considering that the analyzed graph has an average clustering coefficient of 0.148
and an average shortest path length value of 4.23, we can conclude that it is not at the
extreme where rewiring is completely random, thus classifying this network as a
small-world spatial structure.

Similar values have been found for social networks like Facebook [21], where the
average distance is 4.7, and other online social networks [22] or LBSNs like
Foursquare, where the average shortest path length distance is less than 6 and the
average clustering coefficient is between 0.18 and 0.26 [23]. These properties are also
in line with the small-world nature of LBSNs [24] studied.

3.6 Community Structure

Most social networks have a community structure [25], composed of groups, also
called clusters, meaning that there are groups of nodes densely connected to each
other and loosely connected to other groups. For the identification and partitioning of
communities, the Louvain heuristic was used, based on optimizing the graph's
modularity. Although the heuristic used is not deterministic, it provided similar results
in different executions for segmenting the graph into communities. The modularity
resulting from the partition of the graph was 0.52. This value indicates a high
community structure, where edges tend to be incident among nodes of the same
community. Out of a total of 37 identified communities, they have an average of 848
nodes, with a maximum of 4229 and a minimum of 3 nodes. The Kernel density
diagram of the community size distribution can be observed in Figure 11.
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Fig. 11. Kernel density estimation of community size

As an example, Figure 12 shows the graph of one of the communities, of fewer
than 200 nodes, characterized by having 55% of users classified as non-Spanish
speakers (in pink), deviating from the average language distribution found in other
communities.
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Fig. 12. Graph of selected community. Spanish speakers in green. Non-Spanish speakers in
pink. Size by degree centrality.

This community gives us an indication that people seem to relate to each other
according to their language, but this does not seem to be largely extendable to the
entire graph. This was addressed in more detail in the section on assortativity.
However, when plotted on the city map in Figure 13, a spatial indication was found
that non-Spanish speakers frequent more concentrated sectors of the city than Spanish
speakers, a hypothesis that will be addressed in more depth in another work.
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Fig. 13. Geographic centroid of comments from each member of the blue and pink community.
The composition of Spanish speakers for the first is 55%, while for the second, it is 15%.

Finally, while the identification of communities is useful for discovering
underlying properties in the social network that may be exclusive to that community
or then extend to the entire network, it is also possible to identify how each of these
communities relates to each other and understand the centrality of each of them for
different interests such as message diffusion or user segmentation.

4 Conclusions and Future Work

This work uses social network analysis (SNA) to characterize the structural aspects of
a geolocation-based social network in the Autonomous City of Buenos Aires.
Additionally, the methodology used for data collection, processing, and analysis using
open-source software and publicly available data sources in the state and online
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platforms is described. Regarding the characteristics of the analyzed social network,
the following structural aspects and properties were found:

- It is concluded that the power law is not the best theoretical distribution fitting the
degree distribution of the analyzed graph, finding the log-linear distribution more
suitable, in line with the most recent academic literature on the subject.

- It is verified that the network presents a low degree of negative assortativity,
within the parameters presented by other similar social networks.

- Similarly, the small-world structure is verified, coinciding with other studies.

- Lastly, a high community structure is found, and the structural characteristics of
different communities present are described.

From an applied perspective, this study shows the usefulness of the graph approach
to analyze tourist behaviors in CABA. For instance, it helps identify areas of the city
gaining tourist interest, segmented by their region of origin. Also, the degree of
connectivity found suggests that through proper targeting of advertising and
marketing actions, diffusion levels comparable to those obtained with more expensive
campaigns seeking high saturation can be achieved. In a future work, the spatial
component of the social network will be analyzed, focusing on the links between
users in relation to spatial distance and the structure of their social network. Although
there is agreement in the literature that the probability of a link between two users
decreases as the geographic distance between them increases [26][27], the
characteristics and importance of such a relationship are still being debated according
to different types of networks, platforms, and countries, making it important to
analyze what characteristics it acquires in the local context.
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