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a b s t r a c t 

The knowledge of the urban mobility is a crucial aspect for city planners and administrators. The huge 

amount of geo-spatial data, generated by the combination of social media systems and the wide use of 

smart devices, is creating new challenges and opportunities to satisfy this thirst of knowledge. In this 

work, we explore how social media data can be used to infer knowledge about urban dynamics and 

mobility patterns in a urban area. Specifically, in order to highlight the main advantages, limitations, and 

open issues, we focus on mobility patterns by presenting a survey of the state of the art and a case-study 

based on the city of Barcelona. 

© 2017 Elsevier B.V. All rights reserved. 
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1. Introduction 

Recent years observed an increasing trend to move from rural

(non-urban) to urban areas. Indeed, more than half of the word

populati on lives in cities [1] and this tendency will keep growing

over the following years. It has been estimated that in the near fu-

ture about the 9% of the world population will live in 41 very big

cities. 1 The above mentioned urbanization is changing a lot of peo-

ple’s lives, often improving those, but at the same time cities are

becoming more and more complex and dynamic. Therefore, new

challenges, such as air pollution, traffic congestion, resource allo-

cation, and mass tourism are continuously arising. To tackle these

challenges and to improve the user’s city experiences, administra-

tors and city planners need to deeply know dynamics of the city

and how they interact. Indeed, several actors, such as the user

habits, mobility patterns, and most visited POIs (Points Of Inter-

ests), play a role in these dynamics. 

During the past years, most of the studies to understand the

trends of a city were based on citizen surveys [2] . Recently, other

worthy sources of data have also been considered, for instance

wireless sensors and mobile network data. In the following, we

will review some details of the above mentioned sources of data. 

Surveys. Surveys are able to provide accurate information about

user residence, mobility patterns, and habits in general. However,
∗ Corresponding author. 

E-mail address: kaltenbrunner@gmail.com (A. Kaltenbrunner). 
1 http://www.economist.com/node/21642053 
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his methodology presents several limitations, since it has high

osts, which leads to surveys being usually applied to a small sam-

le of the population. Moreover, the collected data is limited in

pace and time and, usually, surveys are updated with a very low

requency, thus complicating the job of the administrators in try-

ng to make decisions that improve the quality of life in a specific

ity. 

ireless sensors. Wireless sensors and traffic cameras represent a

aluable and alternative source of data to infer information about

ser behavior in a given area. Many research works exploit wire-

ess sensor logs to obtain knowledge about urban user behavior

nd mobility patterns. Song et al. [3] developed and evaluated sev-

ral location predictors using a dataset containing two years of

races collected from the Dartmouth College’s wireless network.

he authors of [4] use video surveillance cameras to study the

itizens’ behavior and social dynamics in St. Petersburg. Although

ome of the limitations related to classical surveys can be solved

ith wireless sensors and cameras (like the low update frequency

nd limitation in time), some others still keep existing like the

igh cost, due to the installation and management of the sen-

ors [5] , and the spatial limitation. 

obile phone networks. Given the strong impact that mobile de-

ices have had on our lives, another opportunity to gain a deeper

nowledge about the city dynamics is given by mobile phone

etworks. Moreover, differently from citizens surveys, mobile

etworks allow to perform large scale studies. For instance, in [2]

http://dx.doi.org/10.1016/j.osnem.2017.04.002
http://www.ScienceDirect.com
http://www.elsevier.com/locate/osnem
mailto:kaltenbrunner@gmail.com
http://www.economist.com/node/21642053
http://dx.doi.org/10.1016/j.osnem.2017.04.002
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uthors implemented a model to extract mobility information from

 dataset of about 1 million mobile phones in East Massachusetts. 

Another study [6] analyses a six-month mobile phone dataset

nding that human mobility is characterised by a high degree

f temporal and spatial regularity. These results are confirmed

n [7] where the authors exploit mobile phone data to high-

ight the lack of variability in mobility predictions. Pappalardo et

l. [8] use mobile phone and GPS data to study user mobility, dis-

overing two main classes of users: returners, who focus their mo-

ility to a few locations and explorers, whose mobility is not lim-

ted to few locations. 

Berlingerio et al. [9] implemented a system that uses the loca-

ion of mobile phone data to identify travel patterns in a city with

he aim to help decision makers to improve the public transport

ystems. In [10] , Gabrielli et al. use mobile phone data to study

he mobility behavior of visitors in a urban area. In [11] , De Nadai

t al. exploited the mobile phone data coming from an Italian ser-

ice provider (Telecom Italia Mobile) to extract user activity and

sed it to test the four conditions proposed by Jane Jacobs in her

ook, “The Death and Life of Great American Cities”, in six Italian

ities. From the above mentioned works it is obvious that mobile

hone networks provide a useful tool to mine mobility patterns

nd user behavior in a city, thus allowing large scale studies and

ata updates with a very high frequency or almost in real time.

evertheless, the main limitation (that also affects the previously

entioned sources of data) regards the not free and public avail-

bility of the data due to privacy, security, and proprietary rea-

ons. Indeed, usually this data belongs to service providers and, to

ave access to the data, an agreement with the company is nec-

ssary [12] . Other sources of data like GPS traces and government

ata would also be worthy in understanding cities phenomena, but

lso this cases would be characterized by several restrictions in

erms of data access. 

ur contribution. Given the limitations highlighted for the previ-

usly described sources of data, this work focuses on a different

ossible one. Nowadays, the ever growing popularity of social me-

ia systems and the ubiquitous use of smart devices is generating

 huge amount of data that is freely available and that covers all

spects of user behavior and life, such as the behavior in social

edia systems and Internet in general, economic activities, visited

laces, and user preferences and opinions. In such a scenario, users

epresent sensors that continuously generate a stream of data that

an be exploited by everyone to infer information about collec-

ive user behaviors and to analyze what the users want to disclose

bout the so-called spatial self [13] . Therefore, this data represents

 new challenge and a new opportunity for urban scientists, city

lanners, and administrators. Indeed, the use of social media data

as several advantages, for instance it does not have temporal or

patial limitations, it allows large-scale studies, it is accessible (al-

ost) in real time and without the need to sign any agreement

ith companies or service providers; the use of the API (Applica-

ion Programming Interface) provided by the social media company

s enough. 

To highlight the capabilities of social media data in this context,

his work investigates the following research question: 

esearch question 1. To what extent social media data can be ex-

loited to gain knowledge about urban dynamics and mobility pat-

erns in a city or in a urban area in general? 

To highlight the main advantages, limitations, and open issues,

e focus on mobility patterns by presenting a survey of the state

f the art. It is worth to highlight that other surveys have been

resented in the literature, focusing on spatio-temporal analysis

f Twitter data [14] , data analysis on location-based social net-

orks [15,16] , and urban computing in general [17] . However, none
f the previously mentioned studies is devoted at analyzing how

ocial media can be employed to mine urban mobility patterns.

herefore, our study represents the most extensive and up-to-date

nalysis of the literature in this area. This analysis of the literature

lso allowed us to define a workflow that can be followed in order

o mine these patterns. To illustrate this workflow, we conducted

 case-study based on the city of Barcelona, whose main goal was

o make a comparison between mobility patterns of local citizens

ith respect to those of tourists. The city of Barcelona was chosen

ecause of its massive flow of tourists, which makes the extrac-

ion of deep knowledge of movement dynamics essential for city

dministrators. 

The scientific contributions of this work can be summarized as

ollows: 

• this study represents the first literature survey that focuses on

the employment of social media data to mine urban mobility

patterns; 

• we identify a workflow that shows how social media can be-

come a source to extract these patterns; 

• we apply this workflow into a real-world case-study on the city

of Barcelona; 

• we present open issues and future research challenges in this

area. 

Section 2 presents a state-of-the-art survey following all steps

f the above mentioned workflow, Section 3 highlights the main

nsights coming from the case study, Section 4 contains open is-

ues, future research challenges and concluding remarks. 

. Workflow for mining urban mobility patterns 

In this section, we tackle the problem of mining urban mobil-

ty patterns using social media data. Based on an analysis of the

iterature in the field, we identified a set of tasks that is usually

erformed to solve the problem. 

Thanks to this sequence of tasks, we identified a workflow that

akes it possible to mine urban mobility patterns by employing

ocial media data. The workflow is illustrated in Fig. 1 . The first

f these tasks deals with the data collection and preprocessing (an

nalysis of how it can be performed is presented in Section 2.1 ).

fter the data has been collected, each user can be profiled (an

verview of the user profiling process is given in Section 2.2 ), each

eolocated data point can be classified according to the mining

urpose (the analysis of this task is presented in Section 2.3 ). Fi-

ally, the user profile and the classified geolocated data points can

e employed to define the paths followed by the users and mine

he mobility patterns ( Section 2.4 ). 

The presentation of each task of the workflow is structured as

ollows: we first present the problem definition, then introduce our

roposal; after that, we show the applied proposal in a case-study

f the city of Barcelona, and conclude with a survey on how other

pproaches in the literature solve this task. 

.1. Data collection and preprocessing 

Data collection and preprocessing is a crucial and not negligi-

le aspect of each data mining process. It has been estimated that

he 80% of the whole data mining process consists of data prepa-

ation [18] . In this section this task is analyzed in the context of

rban mobility pattern mining. 

Most of the social media platforms use APIs to provide access

o their data. Usually the APIs make multiple functions available

ased on a set of parameters that allow to perform several activ-

ties, such as to download a stream of data in real time, to specify

 time window, to specify a set of keywords, or to specify a

ounding box. The use of these functions represents a valuable
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Fig. 1. Mobility pattern mining workflow: each box indicates the section explaining details about the corresponding step. 
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method to create a collection of geolocated data coming from

social media. 

Before analyzing the approaches to data collection and prepro-

cessing, we should present the different sources of data consid-

ered in the literature, for example Twitter , where a short message

can be geolocated, or Foursquare, Gowalla , and Brightkite , where a

check-in location is associated to a category of place (e.g., restau-

rant), and Instagram and Flickr , where a picture can be geolocated. 

In the case of Twitter the most common approach to collect

data for a specific area implies using Twitter’s public Streaming

APIs 2 defining a bounding box. These APIs retrieve all tweets

that have the geo-coordinate field populated and that fall within

the specified bounding box as well as all tweets without a value

in the coordinate field, but with a value in the place field that

corresponds to a geographic region which intersects with defined

bounding box. All the remaining tweets will not be retrieved by

the streaming APIs. However, the data collection process can be

affected by a sampling bias since the amount of data retrieved

through Twitter’s public streaming APIs cannot exceed 1% of all

tweets being tweeted at a specific moment. This means that if the

result of the query consists of more than this threshold, a random

sub-sample of these tweets will be retrieved corresponding to less

than this 1%. The exceeding part will be lost to the data collector. A

strategy to avoid reaching this limit is the combination of smaller

bounding boxes and several accesses to the APIs in parallel from
different machines. 

2 https://dev.twitter.com/streaming/overview 
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An interesting aspect to notice related to data collection is that

n several cases a social media site can become a source to col-

ect the data of another social media site. This is especially true

ith Twitter, because of the simplicity with which the data can

e collected. Indeed, the platform has been employed by several

tudies to collect Foursquare check-ins [5,19–24] , both Instagram

hotos and Foursquare check-ins [25] , or Foursquare and Gowalla

heck-ins [26] . The reason behind the use of Twitter for the data

ollection process is mostly related to the fact that, at the time in

hich these studies were conducted, the original platforms did not

ffer the data publicly. We can formulate the associated data col-

ection task as follows. 

roblem 1. How can we collect a set of geolocated objects com-

ng from social media systems? And given this collection of data,

ow can a preprocessing task transform raw data into consistent

ata that can be analyzed? Common problems that characterize

aw data are: presence of errors and outliers, missing values, and

nconsistencies in the data. 

.1.1. Our proposed solution 

Being the goal of the analysis the study of user mobility pat-

erns, all objects of the dataset should contain geolocation infor-

ation, i.e., latitude and longitude. So, a first needed preprocessing

ask consists of filtering out all data containing missing values for

hese fields or filling the missing values. Other filtering and pre-

rocessing tasks are strictly related to the kind of analysis that is

oing to be performed. For instance if we were interested in ana-

yzing objects within a specific geographical area, a solution based

n the use of a shape file for that area of interest can be applied. In

https://dev.twitter.com/streaming/overview
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Table 1 

Dataset description. 

Number of geolocated tweets in Barcelona 1,120,216 

Proportion of tourists’ tweets 19% 

Proportion of locals’ tweets 81% 

Number of unique users 93 946 

Proportion of tourists 57.5% 

Proportion of locals 42.5% 
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3 http://professional.barcelonaturisme.com/imgfiles/estad/Est2015.pdf 
his case, a geometric merge between the point (latitude and longi-

ude) of the data objects and the polygons of the geographical area

s performed. Other preprocessing tasks could involve the selection

f a specific time windows, removal of inactive users, data trans-

ormation and normalization, and any other operation that makes

ata consistent for the specific analysis. 

.1.2. Case-study 

The initial dataset used in the proposed case-study was built by

eans of the Twitter Streaming APIs. 

In a first stage, our data collection process filters data by lo-

ation specifying a bounding box for Catalunya, i.e., two comma-

eparated pairs of longitude and latitude representing the coordi-

ates of the bottom-left point and the coordinates of the top-right

oint: [0.1592, 40.523, 3.3326, 42.8615]. 

The obtained dataset, created specifying the Catalunya bound-

ng box, contains 12 , 873 , 348 tweets posted during the year 2015.

he proportion of tweets has been far below the rate limit of 1%

f the streaming APIs during the entire data collection period. We

pply some preprocessing operations to select only tweets needed

or our subsequent analyses. First of all, from the initial dataset we

lter out tweets that do not contain geolocation information, but

hat were retrieved using the place field value (reducing the size

f the dataset to 3 , 288 , 440 tweets). Moreover, since our analy-

is focuses on tweets published in Barcelona, we need to filter out

ll tweets that do not fall within the area covered by the city. To

chieve this and to be as accurate as possible we did not use a

ounding box but we employed a shape file of Barcelona and se-

ected all tweets that fell within those boundaries. Filtering out the

weets that were outside of the city of Barcelona, we obtain a fi-

al set of 1 , 225 , 199 geolocated tweets (see Table 1 ). Moreover, we

emoved tweets from a user who published 104 , 983 tweets from

he same coordinates (latitude and longitude) as this was likely a

ot account, which is no longer active and has probably been sus-

ended. This left us with a dataset of 1 , 120 , 216 tweets. 

.1.3. Other solutions and similar approaches 

Data collection and preprocessing is an essential step that is

sually driven by the type of mobility pattern that has to be

ined. In order to analyze the everyday lives of people, Fuchs

t al. [27] considered all the tweets of users who stayed in the

eattle area for at least 10 days during a two-month period, and

utside for less than 10 days; the data was preprocessed to remove

weets that contained Foursquare logins (i.e., they only considered

eolocated tweets). Similarly, another form of data collection that

llows the approach to capture information about the life of the

sers focuses on the frequency with which a user posts geolocated

ata, and [22] considers only users who used Foursquare at least

hree times per day over one month. In [28] , the area in which

he patterns have to be mined can be specified through a query,

o that the system can automatically retrieve the area of interest

ith a quadtree-based approach, and collect the data through the

witter API. Other approaches focused on the data collection on

 specific area, such as [29] that collected all the tweets in Man-

attan for a 1-year period. Similarly, in [30] the authors aim to

erify if the city of Louisville (Kentucky) is actually divided into

ast and west, according to the notion of the ‘9th Street Divide’;
or this reason, they collect two datasets from Twitter of 703 users

rom the east and 662 from the west. Another approach that in-

olves a location-based data collection is that of Girardin et al. [31] ,

hich collected Flickr data for two years in the province of Flo-

ence; moreover, data was collected before and after the users en-

ered or left the province, in order to monitor inbound and out-

oud activities. 

Apart from selecting the desired users and geolocated data,

he preprocessing step is also aimed to remove noise in the data.

n [ 26 , 32 ] two collected consecutive locations are removed if the

peed was higher than 10 0 0 km/h (i.e., faster than a passenger

lane). In order to preprocess the data, Jurdak et al. [33] measure

he displacement distribution, known as spatial dispersal kernel

 ( d ), where d is the distance between a user’s two consecutive re-

orted locations; the function that characterizes the displacement

istribution P ( d ) is then used to remove all the displacements

ower than 10 m. 

.2. User profiling and classification 

Now we address the problem of identifying different classes of

sers in a specific area. As stated in the Introduction, city plan-

ers and administrator are interested in studying different aspects

f urban areas. As a consequence, there often exists the need to

dentify different classes or types of users. We can formulate this

s follows: 

roblem 2. Given a set of social media users, how can we iden-

ify a discrete number of categories, based on specific criteria, and

rofile each user by assigning her to a given category? The initial

et of users should be segmented in multiple classes or groups (for

nstance all city users could be grouped in locals and tourists). 

.2.1. Our proposed solution 

Based on the domain of application, different user profiling and

lassification techniques can be applied. For instance, a user could

e classified as “active” or “passive” based on the number or fre-

uency of her social media posts. Another possible user profiling

ethod consists of classifying the user as “local” or “tourist” by

nalyzing the number of user’s active days (for instance by looking

t the dates of the last and the first posts) in a specific area or the

ser’s default location. Precisely, to separate the initial set of users

nto “locals” and “tourists”, we propose the heuristic presented in

lgorithm 1 . Given a user u , the algorithm checks the userLocation

eld of her tweets. If this field has a value among those contained

n a set S of predefined user locations, then the user is classified as

ocal . If the userLocation field does not have a value or it has any

ther value, the algorithm computes the number of days between

he first and the last tweet posted by the user in Barcelona. If this

umber is higher than 20, the user is considered a Local , otherwise

he is classified as a Tourist . 

.2.2. Case-study 

In the Barcelona case-study we separate the initial set of users

nto two subsets, Locals and Tourists , by applying the Algorithm 1 . 

As first step we need to define: I. the set S of specific user lo-

ations that make a user a local user, and II. the minimum num-

er of days � to consider a user as a local . The set S was defined

s S = [ “bcn”, “barcelona”, “badalona”, “hospitalet”]; so, if a user had

ne these values in her user location, she is considered a local . Al-

hough at the state of the art a user is usually considered a tourist

hen she publishes all her objects within 30 days [31,34] , we con-

ider this value too high for our case-study, because according to

 recent study 3 , the average number of nights a tourist stays in

http://professional.barcelonaturisme.com/imgfiles/estad/Est2015.pdf
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Algorithm 1 User profiling heuristic. 

1: Let T = { t i } m 

i =1 
be a set of all geolocated data objects; 

2: Let U = { u i } n i =1 
be the set of all users that published the objects 

in T ; 

3: Let S be a set of specific user locations; 

4: for i = 1 , . . . , n do 

5: u = U[ i ] � User 

6: if userLocation (u ) in S then 

7: u = Local 

8: else 

9: Let t last be the last objects of T published by the user u ; 

10: Let t f irst be the first objects of T published by the user 

u ; 

11: Let δu = t last − t f irst be the difference in days between 

the last and first object of u ; 

12: if δu > � then 

13: u = Local 

14: else 

15: u = T ourist 

16: end if 

17: end if 

18: end for 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 2 

Number of tweets per district. 

Ciutat Vella 333,183 

Eixample 245,517 

Gràcia 63,775 

Horta-Guinardó 55,490 

Les Corts 74,238 

Nou Barris 49,626 

Sant Andreu 55,936 

Sant Martí 136,201 

Sants-Montjuïc 137,328 

Sarrià-Sant Gervasi 73,905 
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Barcelona accommodations is much lower. We therefore decrease

the number of days from 30 to 20 (i.e., � = 20 ). 

After applying the preprocessing tasks and the user profiling al-

gorithm, we obtained the dataset reported in Table 1 . 

2.2.3. Other solutions 

Given the geolocated data of a user, a user profile in the

form of a vector that characterizes her preferences can be formed.

In [35] , Jin et al. build a vector whose elements are the points that

Foursquare awarded to the user in the considered week. 4 In [27] ,

the authors mine mobility patterns associated to the lifestyle of

the users and define 22 categories represented by keywords (such

as food, family, etc.) and profile each user based on the relevance

of each category for her (i.e., the relative frequency with which the

keyword occurred). 

The separation between locals and tourists has been done by

several approaches, for different purposes. Some of them make this

split in order to analyze migration patterns, such as [36] , in which

Cao et al. analyze the spread of the Influenza like Illness (ILI) in-

fection by monitoring Twitter posts; in their model, the authors

also consider if the user is a resident or a visitor. In order to study

global mobility patterns, the approach in [ 32 ] assigns as the coun-

try of residence of a user the one in which she tweeted the most,

and in all the other countries she is considered a visitor. Other ap-

proaches, instead, make the separation since they are interested

in analyzing either the locals or the tourists. In order to provide

space–time visual analytics of where the Seattle locals tweet and

what they talk about, in [37] the authors profile a user as local or

visitor, by counting the days in which a user tweeted inside and

outside Seattle. In order to mine the mobility patterns of tourists

in Florence, in [31] all the users who posted geolocated Flickr pho-

tos for less than 30 days in the province are considered. 

2.3. Geolocated data classification 

In the previous section, the problem of profiling each user ac-

cording to specific criteria was addressed. Now we focus on the
4 Foursquare used to award points, usually based on the users status related to 

the venue (e.g., a user was a mayor of a venue if she was the person who checked 

into that venue on more days than anyone else in the past 60 days). 

p  

c

rofiling of each geolocated data object, obtaining in this way a

egmentation of the initial dataset. More precisely, we address the

ollowing problem: 

roblem 3. Given a set of geolocated data objects, how can we

nd a set of categories and identify to which category each object

elongs? The main objective of a solution to this problem would

e to segment the initial set of geolocated objects in to multiple

roups. 

.3.1. Our proposed solution 

Most of social media data objects contain information about the

ate and the time they were published. This information might be

xploited to classify data objects with respect to different criteria,

uch as day of the week (Monday, Tuesday, etc.), period of the day

hey were published (morning, evening, night), period of the week

working day or weekend), month name, or season. With respect

o the position, the classification task might assign as class the dis-

rict (neighborhood, zone, street, etc.) name where the object was

ublished from. 

.3.2. Case-study 

According to the needs of our analysis, the data of the

arcelona case-study was classified according to time and location.

recisely, we classify each tweet either as “weekend” or “working

ay” tweet based on the day it was posted. The obtained dataset is

omposed by 370,942 tweets, classified as “weekend” and 854,257

s “working day”. Moreover, based on the latitude and longitude

elds we add a label to each tweet indicating the district name it

as posted from. The result of this classification task is presented

n Table 2 where the number of tweets for each district is shown. 

.3.3. Other solutions 

Most approaches classify a social media data object as belong-

ng to a geographic area, in order to analyze the mobility patterns

n that area. In [38] , all the tweets associated to an area defined by

 Voronoi diagram 

5 are considered. In [39] , each geolocated tweet

s given as input to the k-means clustering algorithm, which de-

nes “Regions of interest” (RoIs), i.e., close places with the same

weeting activity (therefore, each tweet is assigned to a cluster).

asan et al. [40] assign each Foursquare check-in to a 200 m ×
00 m square into which a city is divided and the squares are

anked by popularity for the subsequent pattern mining step. 

Other approaches present a topic-based classification of geolo-

ated tweets. Given the 22 categories associated to the lifestyle

f the users, defined in [27] as keywords, each tweet was cate-

orized according to the keywords it contained. In order to evalu-

te the happiness associated to a pattern, Frank et al. [41] measure

he degree of happiness with respect to the covered distance in a

ravel; therefore, the happiness of each tweet in the path is com-

uted by comparing its content with a 10,0 0 0-word dictionary, in
5 Given a seed point, an area of a Voronoi diagram is represented by the points 

loser to that point than to any other seed point. 
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(a) Tourist paths (b) Local paths

Fig. 2. Paths performed by users in Barcelona. Shorter paths are visualized through warmer colors, the longer a paths the colder the color tone. 
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6 The longer paths have been represented with cool colors and the shorter ones 
hich each word contains a score from 1 (sad) to 9 (happy). In

rder to analyze the spread of the ILI influenza, in [36] a tweet is

flu-flagged” if it contains a set of keywords, such as flu, cough,

neeze, and fever. 

Another case is represented by the association of a check-in to

 friend’s house; indeed, if the location of the check-in of a user

 is close to the house of her friend’s B , the check-in is classified

s a visit of a user to B for the analysis of the social relations in

obility patterns [42] . 

.4. Pattern mining 

Given the geolocated data points of each user, in order to mine

he mobility patterns it is necessary to form a path or trajectory ,

hat puts together in an ordered way all the places visited by a

ser. Once all the information about each user has been collected

both in terms of paths and of category to whom she belongs), and

he places she visited have been classified, the mobility patterns

an finally be mined. The goal of the current section is to investi-

ate the following research problem: 

roblem 4. Given a dataset of social media users and their related

eolocated data objects (posts), how can we extract the user paths

voiding those that are too short, that span over too long time pe-

iods, or paths that involve more than one day (where the date of

he source point is different with respect to that of the destination

oint)? 

.4.1. Our proposed solution 

We propose to extract user paths or trajectories using two dif-

erent approaches depending on whether the analysis focuses only

n one-hop paths, i.e., paths that only involve two points (a source

nd a destination point), or multi-hop paths, i.e., paths that involve

ore than two points. The proposed approaches are based on the

ollowing definitions: 

efinition 1. Let ( t 1 , t 2 ) be a pair of consecutive posts by the same

ser u . We consider ( t 1 , t 2 ) a user path (trajectory) iff t 1 and t 2 
ave been published during the same day, the distance in meters

etween t 1 and t 2 is higher than a threshold d and the difference

n hours between t 1 and t 2 is lower than δt . 

efinition 2. Let (t 1 , . . . , t n ) be a set of consecutive posts of the

ame user u . We consider (t 1 , . . . , t n ) a user’s path (trajectory) iff

he ratio between the distance in kilometers and the time ex-

ressed in hours between two consecutive points t i and t i +1 is in
he range [ min _ speed, max _ speed] . w
.4.2. Case-study 

Given the set of geolocated data described in Table 1 , we ex-

loit Definition 1 to extract user paths with parameters d = 150 m

nd δt = 10 h. The measure of 150 m was chosen because of the

tructure of Barcelona. Indeed, Barcelona is structured as a set of

quared blocks and we estimated that the distance between two

arallel consecutive streets is approximately 150 m. So a pair of

weets is considered a trajectory if those tweets have been pub-

ished in different blocks. Precisely, for each user we collect all her

weets, sort those by timestamp and extract each possible pair of

weets that respects Definition 1 . As result, we obtain a total of

65 , 998 user paths, 41 , 626 performed by tourists and the remain-

ng 124 , 372 by local citizens. To provide a complete overview of

he mobility patterns, we plot all user paths in two different maps

f Barcelona, one for the tourists and the other for the locals (see

ig. 2 a and b). These maps have been created using ggmap [43] (a

 library for the visualization of spatial data) 6 . 

The maps in Fig. 2 show the different mobility behavior be-

ween tourists and locals, based on one-hop paths. In general

ourists tend to center in specific zone of the city characterized

y well known points of interest (i.e., Sagrada Familia, Camp Nou,

ont Montjuïc, Parc Güell) and in central neighborhoods (like Gotic,

orn, and Raval). While, as shown in Fig. 2 b, the paths of the local

sers are more spread all around the city, coinciding in many cases

ith the main traffic arteries. 

In a second step, we study paths that also involve more than

wo points focusing just on walking paths. So, considering that

he average walking speed of a normal-weight adult is about

 km/h [44] and allowing some fluctuations around this value, we

pply Definition 2 setting min _ speed = 1 and max _ speed = 7 . The

btained paths (a total of 45 , 638 paths, 34 , 382 for local users and

1 , 256 for tourists) consists of (two or more) consecutive points

hat have been covered with a speed that falls in this speed range.

.4.3. Other solutions 

According to the type of approach, each point in a path might

nclude just the place visited by the user, or take the form of a tu-

le that includes other information such as the time, the category

f the venue (in case of check-in data), or the content of the tweet.

However, most of the approaches represent a path as a se-

uence of < location, timestamp > pairs. There are studies that, in-

tead of considering the timestamp, consider a time window, such

s [45] . 
ith warmer colors. 
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A path can also be represented as a graph, ignoring the specific

timestamp in which the geolocalization occurred, but simply mod-

eling the sequence of events. In [5,21,23] each location is repre-

sented as a node and there is a direct edge from a node to another

if the two locations where visited subsequently. 

When the mobility pattern is mined considering the content of

a social media data object, the text itself is part of the path, since

each point in it is represented as a tuple of the type < location,

timestamp, content > . An example of approach that includes also

the content in the tuple, is presented in [36] , where patterns are

mined to detect influence spread. In the following, different pat-

tern mining approaches are presented. 

Clustering-based approaches. A set of approaches cluster the indi-

vidual user paths, to discover how an area has been used by the

users. The most-widely known clustering algorithm in the litera-

ture is k-means [46] . The objective of the algorithm is to split a set

of n objects (vectors) into k groups (clusters), such that the objects

that belong to a cluster are closer to its center than to the center of

any other cluster. The algorithm has been employed in [38] , to de-

tect four clusters in Manhattan, by showing different tweeting be-

havior in each area, according to the time in the day or the day of

the week. A 72-element vector for each geographic area and each

day is built, where each component contains the number of tweets

generated in that area in a 20-minute interval. The vectors gener-

ated during weekdays and weekend days have been separated and

the vectors that belong to the same category have been averaged.

The average weekday vector and weekend vector for each area are

then merged into a 144-element vector that represents the activ-

ity in that area and is given as input to the clustering algorithm.

Other clustering algorithms are also used to detect the patterns.

In [45] , the paths are grouped thanks to a spatial clustering al-

gorithm, and visualised into 3D maps that show both the spatial

and temporal dimension in which an area has been used. Cran-

shaw et al. [20] represent each venue as a vector, each element of

the vector is associated to a user and it contains the number of

check-ins of that user for that venue. Venues are clustered with a

spectral clustering approach, in order to find which areas of a city

are characterized by the same dynamics. Jin et al. [35] also employ

a clustering algorithm (more specifically, Non-Negative Matrix Fac-

torization), in order to capture the temporal and spatial character-

istics of a users consecutive Foursquare check-in activities, accord-

ing to the score-based user profile previously presented. 

Model-based approaches. Model-based approaches usually build

models that consider a set of observed geolocated data points in

a path and assign a category to which this set of points belong

(i.e., a pattern). An important part of the literature is characterized

by adaptations of the Latent Dirichlet Allocation (LDA) algo-

rithm [47] for the detection of mobility patterns. LDA is a topic

modeling algorithm, which takes into account a sequence of words

that form a document and analyzes the corpus formed by all the

documents, in order to detect the topics that characterize the

corpus; this is done in an unsupervised way, thanks to a Bayesian

Network. Long et al. [48] discover local geographic topics from

Foursquare check-ins, using LDA model applied to the user paths

(each document is formed by a sequence of Foursquare check-ins

in a day); the discovered patterns showed that venues that appear

together in many users paths can be taken as geographic topics.

Similarly, Ferrari et al. [29] applied LDA to paths formed by

analyzing sequence of crowd-footprints in a day (a crowd-footprint

represents the most crowded place at a given time) and discov-

ered 30 geographical topics that characterize Manhattan. In order

to detect the patterns followed by the users affected by the ILI

(Influenza like Illness) influence, [36] presents a spatiotemporal

data cube model , which considers the temporal, spatial, and human
imensions of the paths. Cho et al. [42] developed a model that

onsiders the spatial locations that a user regularly visits, the

emporal movement between these locations, and a model of

ovement that is influenced by the ties of the social network;

esults show that users have a strong periodic behavior throughout

ertain periods of the day, alternating between home and work

uring weekdays, and between home and social network driven

ocations on weekends. Liu et al. [49] evaluate if check-in data can

e well fitted by the gravity model (which studies the interactions

etween two places and is used to estimate traffic and migration

ows), and found out that the observed spatial interactions are

overned by a power law distance decay effect; moreover, the

uthors found out that both inter- and intra-urban displacements

ollow an exponential distribution without the heavy-tail property.

n [24] , the authors present a model that views an activity pattern

s a multinomial distribution of activity labels (each activity label

s a Foursquare check-in) and individual activities as a mixture of

ctivity patterns. Moreover, the model is extended in two ways, in

rder to capture user-specific patterns and identify the top users

hat contribute to a specific pattern, and to account for missing

ctivities. Yuan et al. [50] present a probabilistic generative model,

amed W 

4 (Who, where, when and what). Thanks to it, it is

ossible to mine mobility patterns from four factors, i.e., user,

eographic information, time, and activity. 

ath-distribution-based approaches. Other approaches study the

istribution of the data points in a path, in order to analyze the

obility patterns. In [19] , Noulas et al. study the complementary

umulative distribution function of Foursquare check-ins and find

ut that 20% of them cover a distance of 1 km, 60% are between

 and 10 km, 20% take place at distances over 10 km, and around

% go beyond 100 km. Cheng et al. [26] , by analyzing check-ins in

oursquare and Gowalla, found that the distance-based displace-

ent of consecutive check-ins made by users follows a power-

aw distribution, and that the return probability is strongest for

laces the users had visited most recently. In order to study if the

ity of Louisville (Kentucky) is characterized by the so-called “9th

treet Divide”, in [30] the authors studied mobility patterns, ob-

erving that the two neighborhoods of the city can be considered

s fluid, as people move from east to the west side of the city

and viceversa). Girardin et al. [31] consider the paths built with

lickr photos and build inbound and outbound maps that show

ow tourists move, and analyzed the most frequent flows. The re-

ults show that Americans follow a specific graph constituted by

he nodes of Florence, Siena, Pisa, Genova and Perugia, while Ital-

ans are more adventurous. The authors of [40] mine patterns con-

idering Foursquare check-ins (both the venue and the category)

nd the popularity of the area; results show a correlation between

he popularity of a place and the probability to select this place as

 destination. 

. Case-study outcomes 

This section reports the main insights of the Barcelona case-

tudy presented in Section 2 . Fig. 3 shows the distribution of

ourists and locals in all districts of Barcelona, emphasizing a

tronger presence of tourists in the central districts (Eixample and

iutat Vella), while the presence of locals is more spread all around

he city. 

Moreover, we analyze how users move inside and throughout

he districts of the city during working days and during the week-

nd. Table 3 reports the proportion of paths inside the same dis-

rict and across multiple districts, performed by tourists and locals.

he reported statistics highlight a similar behavior of locals and

ourists during working days and during weekends, i.e., about 60%

f all paths involve more than one district To deepen this aspect of
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Fig. 3. Tweets distribution per district of Barcelona in 2015. CV: Ciutat Vella, Ex: Eixample, Gr: Gràcia, HG: Horta-Guinardó, LC: Les Corts, NB: Nou Barris, SA: Sant Andreu, 

SM: Sant Martí, Mj: Sants-Montjuïc, SG: Sarrià-Sant Gervasi. 

Table 3 

Paths inside and across districts. 

Inside Across 

Locals weekend 0.36 0.64 

Locals working days 0.38 0.62 

Tourists weekend 0.39 0.61 

Tourists working days 0.4 0.6 
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ser paths and behavior, we study separately paths inside districts

nd paths that involve multiple districts. Fig. 4 shows the propor-

ion of single district paths per district segregated by locals and

ourists. We observe that almost 50% of the tourist’s single district

aths were performed inside of Ciutat Vella, i.e., the most central

istrict of Barcelona (and also among its most touristic ones). As

xpected, when analyzing the overall proportion of tweets per dis-

rict ( Fig. 3 ), there are only very few single district paths in more

esidential districts like Nou Barris and Sant Andreu. Furthermore,

e analyse the proportion of incoming paths, outgoing paths and

ingle district paths normalized per district. ( Fig. 5 ). The obtained

esults show that in general the proportion of incoming paths and

utgoing paths are very similar and usually higher than the pro-

ortion of single district paths. An exception of this pattern is rep-

esented by the behavior of the tourists in the district of Ciutat

ella, where the proportion of single district paths inside the dis-

rict is much higher than in the other districts and very close to

he proportion of incoming and outgoing paths. 

After this first analysis we want to gain more knowledge about

aths across districts. Fig. 6 shows the mobility behavior of both

lasses of users, i.e., locals and tourists, during working days and

uring weekends with respect to the districts of the city. These fig-

res report only the paths where the source tweet and destination

weet belong to different districts. 

Observing the chord diagrams in Fig. 6 , several aspects leap out.

ig. 6 a and b show that, although almost all districts are populated

uring weekend and during working days, the most central ones
like Ciutat Vella) are more visited during weekends to the detri-

ent of others like Nou Barris. As expected, differently from local

sers, tourists have the same behavior during working days and

uring weekends. Fig. 6 c and d report the mobility of tourists, re-

pectively during working days and during weekend days, through-

ut the Barcelona districts. We can also notice that most of the

ourists paths involve the two most touristic districts of Barcelona,

.e., Ciutat Vella and Eixample, while other districts like Sant An-

reu and Nou Barris are almost ignored by these users. 

Another aspect we analyse is the length of the travels. Fig. 7 a,

hows the paths distribution for locals and tourists by means of

wo boxplots which report minimum, first quartile, median, third

uartile, and maximum. Observing the figure, we can notice that

oth, locals and tourists, have approximately a median of 20 0 0 m

nd that the distances of tourist paths are less spread with respect

o those of locals. 

Fig. 7 b reports the cumulative distribution function and allows

o better understand the different behavior of locals and tourists.

he plot points out that locals are more likely to cover short or

ong distances, while tourists are more common to cover interme-

iate distances between approximately 500 and 5000 m. 

Until now we have only considered one-hop paths, i.e., paths

omposed by only two points: a source point and a destination

oint. Fig. 8 shows the average distance per hop with respect to

he number of path hops. The figure highlights that the average

istance per hop is inversely proportional to the number of path

ops, i.e., the average distance decrease as the number of path

ops grows. However this trend is weaker for tourists. Moreover,

ndependently of the number of path hops, tourists are inclined to

erform on average paths that involve longer hops in comparison

o those of the locals. Future research might also investigate how

o exploit these spatio-temporal features to cluster paths and dis-

over possible groups of users that move together. 

To gain more knowledge about patterns in user behavior, we

lso analyze if users tend to tweet frequently in a small set

f specific locations. To this end we round each geographic co-
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ordinate to three decimal digits, which splits our area of in-

terests (the city of Barcelona) into small rectangular grids of

approximately 110 m × 110 m . The centroids of each of these

sub-areas are the rounded coordinates and each point in a

sub-area is closer to the corresponding centroid than to any
t  
ther centroid of the other sub-areas (i.e a rectangular Voronoi

iagram). 

Fig. 9 reports the probability (solid lines) that active users (lo-

als and tourists) visited exactly L of these locations. The set of ac-

ive users has been obtained after removing user with less than 20

weets. The shaded areas represent the proportions of users that
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have been removed in relation to the active users (note that these

areas are not probabilities). The figure highlights that the probabil-

ity that the users visit a small number of location is slightly higher

for tourists. A limitation of our analysis is that we do not consider

the time variable, i.e., the time span during which the users are

active which might explain this result. 
After this initial analysis of the number of visited areas per user

e ranked for the active users the areas from which they tweeted

ased on the corresponding tweet-frequency. We compute the av-

rage frequency of each of the top- L ranked locations for all users

ho tweet from at least, L = 5 , 10, 30 or 50 different locations.

ur findings (reported in Fig. 10 ) confirm in most cases the results
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resented in [6] , i.e., that the probability P ( L ) to find a user in a

ocation with ranking L can be approximated by the function 1/ L

solid line in Fig. 10 ). This is especially true for local users; how-

ver, the figure highlights as well that the proportion of tweets

rom the the most frequent areas of tourists who tweet from many

ifferent areas (more than 30) is lower than the one observed for

ocals. In this case the approximation with the function 1/ L overes-

imates this probabilities which suggest that tourism activity may

lter this otherwise quite universal patter of human behavior. 

. Discussion and conclusions 

As this study shows, social media systems can be fruitful

ources of knowledge to extract urban mobility patterns. Indeed,

hey offer a global coverage at a low cost, the collected data can

e exploited for several mining purposes and it allows to classify

ll the actors involved in the problem, i.e., the users, the geolo-

ated data points, the geographic areas, and the content that the

sers share (e.g., the textual part of a tweet). 

Even though the number of advantages and possible solutions

hat can be developed thanks to social media is large, a set of

pen issues and research challenges still exists. In what follows we

resent them to highlight possible new frontiers in this research

rea. 

Low frequency of data sharing. The sharing frequency of geolo-

ated data by the users is unequal and is usually low (i.e., users

end to hide the location from which they are posting [14,45] ).

or instance, in Twitter less than 1% of published posts are geo-

agged [51] . This poses challenges on the analysis and interpre-

ation of the data [19] and on the ability to collect individual

aths [15,31] . 

To address this problem, different studies, have tried to in-

er geolocation information exploiting different features of social

edia data. For instance, some works use the user’s social net-

ork to infer her geolocation [52,53] . Another type of approaches

ddresses this problem through text-based geolocation inference
echniques [54] . As pointed out in [55] , a valuable method is repre-

ented by hybrid approaches that exploit both social and text fea-

ures of social media data. Moreover, incentive mechanisms, such

s micro-payments, are possible solutions being investigated for

his issue [5] . 

Data sampling. Social media users are a specific sample of the

ser population, since the users need to have an Internet connec-

ion and some technological expertise. This means that geolocated

ata collected from social media might be related to a younger

opulation [33] . While it is widely-known that a sampling bias ex-

sts for technologies that capture mobile dynamics [31,33] , study-

ng how social media’s sampling bias affects the mobility patterns

f geolocated data is still an open issue [33] . 

Data collection from third parties. When working with third-

arty services, the data might not be public [5] . Given the large

mount of information that these services collect (e.g., the Waze

pplication), this might limit the urban mobility pattern mining

rocess. 

Privacy issues. Even though people are aware of sharing personal

nformation publicly [28] , privacy concerns about collecting data

ithout the users’ consent exist [16,23,31] . To overcome this issue,

pproaches such as [22] anonymize user and venues ids. However,

ggregating the individual data points to extract information with-

ut the users’ consent might still violate privacy requirements. 

Big data issues. Even though the individual users might share

eolocated data with a low frequency, social media systems gener-

te data at a very high rate, leading to the widely-known big data

roblem. This might create challenges for real time storing, pro-

essing, and indexing of the data [5] , which can have an impact on

he mining of up-to-date mobility patterns. 

To face this problem, our proposed workflow (composed of four

ain steps: I. Data collection and preprocessing, II. User profiling

nd classification, III. Data classification, and IV. Pattern mining)

an be easily implemented in a distributed architecture by par-

llelizing the user profiling and classification and data classification

teps. 
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The presented study outlined multiple take-home messages.

Primarily, when collecting data using the Twitter streaming APIs

for a specific area, two main aspects have to be considered: I. the

limitations on the amount of data retrieved through Twitter’s pub-

lic streaming APIs, and II. the use of a bounding box might not be

precise enough, a subsequent preprocessing based on the employ-

ment of shapefiles is recommended. Secondly, in Section 2.2 we

have seen that the user classification is a non-trivial task and it

may not always be possible to find an obvious clear separation be-

tween the classes. A good practice in these cases consist in study-

ing heuristics which allow criteria and parameters that can be dif-

ferent for different places and domains. 

The analysis of the state of the art and the conducted case-

study have highlighted that social media may be a valuable source

of data for city planners, administrators, and urban scientist since

they allow to overcome many of the limitations that characterize

other mentioned sources of data. At the same time, this relatively

new source is generating many challenges which will be the ob-

jective of future research. 
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