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Recent availability of geo-localized data capturing individual human activity together
with the statistical data on international migration opened up unprecedented
opportunities for a study on global mobility. In this paper we consider it from the
perspective of a complex network, built using a dataset of digital photos and videos
posted on the Flickr website. This dataset provides insights on the global mobility
highlighting short-term visits of people from one country to another. We use this
mobility network to infer the structure of the global society through a community
detection approach and demonstrate that consideration of mobility network between
countries can reveal interesting global spatial patterns.

Introduction
People travel from one country to another for different reasons and while doing
so, a lot of them leave their digital traces in various kinds of digital services. This
opens tremendous research opportunities through the corresponding datasets, many of
which have been already utilized for research purposes, including mobile phone call
records [1-4], vehicle GPS traces [5-6], smart cards usage [7-8], social media
posts [9-11] and bank card transactions [12-15].
Using these traces we can reconstruct people movements and afterwards analyze
them to see if interesting or useful patterns emerge. Based on this results we can build
models to predict where people will go next. It has already been shown that results of
such analysis can be applied to a wide range of policy and decision-making
challenges, such as for example regional delineation [16-17] or land use
classification [18-19]. A number of studies focus specifically on studying human
mobility at urban [20-22], country [23] or global scale. While considering aspects of
human mobility at global scale, one can observe two major types of movements: an
international migration [24-27] and short-term trips explored for example through
geo-localized data from Twitter [28] or Flickr [29-30].
Some studies tried to primarily explain and model global mobility [24-27], while
other rather focused on its applications, such as revealing the structure of the global
society through global mobility networks [16, 17, 28]. Some scholars even
considered relationships between human migration and economic links between
countries [31-32]. However, global human dynamics by itself has a complex nature
containing various types of mobility, including different processes as permanent
relocation and short-term visits; thus it is extremely important to consider different
aspects of human behavior. And analysis of the data from various available sources
can help to achieve this.
In this study we use a dataset obtained from Flickr. Country-to-country mobility
network extracted from it mostly represents short-term human mobility, as in the
most cases it reflects activity during a leisure time and visits of touristic places. We

explore the topological architecture of this global mobility network by studying its
community structure, e. i., partitioning of the countries around the world into clusters.
Detecting the community structure of the complex mobility network and
understanding how it correlates with country-specific variables and geography is
crucial from an international-travel perspective. Indeed, finding communities in the
mobility network means identifying clusters of countries that carry tightly interrelated
cultural and historical linkages among them, while being relatively less
interconnected with countries outside the cluster. Following the approach from [1618, 25] we use modularity maximization to determine the partitions. And to be able to
deal with network without loop-edges we had to adjust modularity function. As final
results we present and discuss partitions found at different levels of granularity
obtained by performing clustering with different values of resolution parameter.
Dataset
A Flickr dataset used in our study contains more than 130 million photographs
and videos. It was created by merging two publicly available Flickr datasets – one
coming from a research project and another from Yahoo [33-34]. The records in two
datasets partially overlap, but since each digital object in both datasets has its id, we
were able to merge them by omitting duplicates and choosing only those records that
were made within a 10 year time window, i.e., from 2005 and until 2014.
In order to build a directed and weighted network that describes short-term
human mobility, we had to convert the Flickr datasets into origin-destination matrix
where origins represented users' home countries and destinations are places (i.e.,
countries) where users took photos or created videos. Since the dataset does not
contain information about user home location, we had to determinate it. Previous
works showed that it is important to use proper method for home location definition
[35], taking this into account we chose the most conservative method from techniques
used in similar studies. Namely, we decided which of the users are acting in each
location as residents by using the following criteria: a person is considered to be a
resident of a certain country if this is the country where he/she took the highest
number of the photographs/videos over the longest timespan (calculated as the time
between the first and last photograph taken within the country) compared to all other
countries for the considered person.
Using this simple criteria, we were able to determine home country for over
500 thousand users in the Flickr dataset that took almost 80% of all the
photographs/videos in the dataset (i.e., more than 90 million in total), while the rest
of the users for which home country could not be defined mostly belong to a lowactivity group taking photographs only occasionally. When constructing weighted
and directed mobility network, we only considered users for whom we were able to
determine their home country. Finally, two countries are connected with a link if
there is at least one person from the first country that had some activity in the second
country where the value of every weighted link in this network corresponds to the
total number of users from one country that made digital objects in the other one.
We should mention here that Flickr are much more widely used in developed
countries while penetration into some other countries can be quite low. Figure 1

shows how many users per 1 million of population from each country we determined
to be active outside their homeland. We can see that penetration in China and India as
well as in most African counties is pretty low.

Fig. 1. Penetration of Flickr into countries all over the world as number of users who travel
abroad per 1 million of population

Community detection method
Previous studies [16-17] have shown that community detection in human
interaction and mobility networks usually leads to connected spatially cohesive
communities (even with no spatial properties being considered in the community
detection method) often revealing meaningful geographical patterns. There was no
exception for the global mobility networks estimated from Twitter [28], as well as
from migration data [25]. In this work we applied similar approach to the network
based on the Flickr data.
We used one of the most popular and well established approaches to the network
partitioning based on maximization of modularity function [36-37]. But in the
mobility network we consider, loop edges are absent. In order to account for this we
had to adjust classical modularity function. In particular, we altered the way nullmodel used by modularity estimates weight of each edge. In its classical form
modularity uses ∑ as an expected weight of the edge from i to j, where if ij is the
∑ ij and
∑ ij . This can be explained as that
weight of the link from i to j then
among all the possible destinations is
distribution of the outgoing weight
proportional to their incoming weight . However, if loop edges do not participate in
or ∑ , depending on whether it is seen
this distribution then it should be rather ∑
as distribution of the outgoing weight among all the destinations except i itself, or
as distribution of the incoming weight among all the origins except j. Finally, as a
,
final estimation we use average of these, that leads to the expression
∑
∑ij ij is the total weight of all edges.
where m ∑
Since it has already been shown that modularity suffers from certain drawbacks,
such as a resolution limit [38-39] preventing it from recognizing smaller communities,

we also used the approach proposed by Arenas et al. [40] that involves introduction
of a so-called resolution parameter, leading to the further adjustment of the
modularity score. This way the final formula for the adjusted modularity measure
used for our case of the mobility network free of the loop edges is:
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where a denotes the resolution parameter, i, j are nodes, , – the communities they
belong to, x,y 1 if x y, 0 otherwise.
Finally, in order to find the best partitioning, we optimized this version of
modularity using efficient and precise Combo algorithm [41], suitable for dealing
with different types of objective functions.
Community structure of the mobility network
For the sake of noise reduction, we excluded nodes for which incoming or
outgoing strength was less than 10, that left us with a network of 201 countries. We
consider partitioning for different values of resolution parameter. Applying
modularity maximization with the default resolution parameter of 1.0 leaves us with
only five communities, while for resolution parameter equal to 2.0, number of
obtained communities goes up to seventeen making it already harder to visually
recognize and analyze different communities on a map. That is why we considered
only partitions for parameter taking values between 1.0 and 2.0 presenting the results
in Figures 2, 3 and 4 for resolution parameter values 1.0, 1.5 and 2.0, respectively
(countries are colored according to the community they belong to).
From all figures we can see that main geographical regions such as North and
South Americas, East Asia, South Africa, Commonwealth of Independent States (CIS)
are usually united into one community. Partitions start to be more complicated for
higher a, but this is because more local patters are discovered. Nevertheless, we can
see some interesting features at each level. For example, Egypt and Turkey are
always fall into the same community with most CIS countries which could be
explained by (and can serve as a nice evidence of) high popularity of these counties
as destinations for tourists from CIS. Looking at community structure of higher
granularity can reveal significant presence of US in Iraq and Afghanistan as well as
still strong relationships between European countries and their African ex-colonies.
At the same time only Ireland falls into community of United Kingdom, once mighty
dominion with colonies spread across the whole globe. Found mobility clusters
intimate that while people tend to travel more to close-by destinations rather than
further afield, common language and history play important role in choice of travel
destination.

Fig. 2. Community structure for resolution parameter value equal to 1.0

Fig. 3. Community structure for resolution parameter value equal to 1.5

Fig. 4. Community structure for resolution parameter value equal to 2.0

From the results shown it is clear that found community structure for mobility
network constructed on Flickr data has interesting property inherent in most other
mobility networks studied: clusters are spatially continuous and reflect common
world regions. This is consistent with the previous findings for mobility networks
constructed using mobile phone [16-18], Twitter [28] and migration [25] data. The
reasons behind grouping some countries into one community can include close
geographical distance, strong economic ties and cultural aspects.
Conclusions
In this study we explored short-term human mobility network created using
dataset of media objects posted on the Flickr website. In order to study the structure
of the global human society we applied a community detection method to this
network. While applying well established modularity maximization approach, we
improved it by altering underlying null-model to better account for the absence of
loop-edges in network. After consideration of different values of resolution parameter,
we obtained partitions with higher granularity. We discussed results pointing specific
spatial patterns revealed. Also by this work, we confirmed finding of previous studies
that partitioning of mobility network results in meaningful geographically connected
communities.
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