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Abstract

Tourism favors more economic activities, employment, revenues and plays a sig-

nificant role in development; thus, the improvement of this activity is a strategic

task. In this work, we show how social sensing can be used to understand the

key characteristics of the behavior of tourists and residents. We observe dis-

tinct behavioral patterns in those classes, considering the spatial and temporal

dimensions, where cultural and regional aspects might play an important role.

Besides, we investigate how tourists move and the factors that influence their

movements in London, New York, Rio de Janeiro and Tokyo. In addition, we

propose a new approach based on a topic model that enables the automatic

identification of mobility pattern themes, ultimately leading to a better under-

standing of users’ profiles. The applicability of our results is broad, helping to

provide better applications and services in the tourism segment.

Keywords: Location-based Social Networks, Tourists, Mobility, Urban

Computing, Social Sensing

1. Introduction

Location-based Social Networks (LBSNs) are massively used these days, and

some of the data generated by users on those systems represent relevant charac-
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teristics of urban environments. Thus, LBSNs can be seen as a source of social

sensing, and their data enables new research opportunities [1, 2, 3, 4]. For ex-

ample, Foursquare1, one of the most popular examples of LBSNs, allows users

to share visited locations, providing unprecedented opportunities for the large

scale study of urban societies [4].

The tourism activity not only contributes to creating more businesses but

also generates more revenues, employment and development [5]. With that,

its development is a strategic action for a sustainable development. Tourists,

while in a different city, may have different desires from those in their typical

routines. Besides, various factors, such as distance and personal preferences,

play an important role in the activities tourists chose to perform. Thus, to

understand the behavioral patterns of tourists is a fundamental step to enable

improvements in the tourism activity [5].

One particular behavior that is under-explored in previous studies is the

mobility [6, 7]. Understanding how tourists move through time and space,

and the factors that influence their movements have important implications in

several segments, ranging from transport development to destination planning.

Despite some efforts in the area, very few studies have attempted to model the

actual movement patterns of tourists on a large scale [8, 9].

In this work, we study how we can use data shared by LBSN users, the

so-called check-ins, to better understand the mobility of tourists that would

be difficult using traditional methods, such as surveys. Check-in is an action

performed by a user to register and share his/her location at any given time. It

is a voluntary contribution provided by the user that allows the study of human

behavior at different granularities, leading to a better understanding of urban

areas, such as the identification of popular places.

1In 2014, Foursquare was divided into Foursquare Swarm, responsible for letting users per-

form check-ins in places, and Foursquare, which focuses on the personal, location-based dis-

covery. For compatibility with the dataset explored in this study, when we refer to Foursquare,

we include the functionalities of Foursquare Swarm.
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We consider the spatiotemporal aspects of the behavior of tourists and res-

idents. Spatial aspects refer to the distinct types of places available in urban

areas. It is essential to analyze this dimension because, for example, the number

of check-ins at a given location may vary according to its popularity and cate-

gory (i.e., a type of place such as a restaurant). Temporal patterns are related

to events that occur at specific time intervals. This is also another important

dimension, since users’ behavior may vary, for example, during different periods

of the day. The joint treatment of these two dimensions is essential for a better

understanding of users’ behavior and the dynamics of the city where a given

person is located.

The main objective of this work is to investigate if and how LBSN check-

ins, specifically from Foursquare, can be used to study the mobility behavior

of tourists. To that end, a fundamental step is to evaluate the potential of

using Foursquare data to extract useful properties of the behavior of tourists

and residents in a city. We show that we can have the opportunity to go one

step forward in the understanding of tourists’ mobility, identifying where and

when places are more important to users in different cities. Based on data from

Foursquare, we characterize the behavior of tourists and residents, showing, for

instance, their preferences and routines in four popular cities around the world:

London, New York, Rio de Janeiro and Tokyo. Besides that, we perform a

large-scale study of tourists’ mobility considering several aspects. For example,

we use a spatiotemporal graph model to study the urban mobility of tourists

of the studied cities. We show that it is possible to find popular transitions

among tourists, and typical times that tourists visit certain places. This model

also allows the identification of central places regarding tourist mobility and

how they could be explored to evolve the urban computing area. In addition,

we propose a new approach based on a topic model that enables the automatic

identification of mobility pattern themes, which, ultimately, lead to a better

understanding of the profile of users.

The remainder of this work is organized as follows. Section 2 presents and

discusses the related work. Section 3 presents our dataset and the approach we

3



used to identify tourists. Section 4 presents the behavioral properties of resi-

dents and tourists in distinct cities worldwide. Section 5 studies the mobility

of tourists. Section 6 studies the behavior of tourists by looking at centrality

metrics of spatiotemporal urban mobility graphs. Section 7 uncovers pro�les

of tourists based on mobility patterns. Section 8 discusses some of the poten-

tial applicabilities of our results and some of their main limitations. Finally,

Section 9 concludes this study and discusses some future directions.

2. Related Work

We divided the related studies into four groups: mobility studies with tradi-

tional data, such as GPS traces (Section 2.1); proposals that study mobility with

social data, such as data from LBSN (Section 2.2); studies that focus speci�cally

on the understanding of the mobility of tourists (Section 2.3); and applications

based on tourist mobility (Section 2.4).

2.1. Studying Mobility Through Traditional Data

Human mobility is a fundamental aspect of cities and is the object of study

of several areas, such as anthropology, geography and biology. One possible

approach to perform this type of study is to explore digital traces from users,

such as GPS traces. In the literature, we can �nd studies about users' routines

and habits in urban areas using digital traces. Some of them analyzed GPS data

and cell phone signals of users to understand, for instance, their typical trajec-

tories [10, 11]. As an example, An et al. [12] developed a method for measuring

urban recurrent congestion evolution based on mobility data of GPS-equipped

vehicles. Other examples include [11, 13, 14, 15, 16]. However, only the spa-

tial dimension may not be enough to understand the user context at that time.

Karamshuk et al. [13] point out that human movements are highly predictable,

but it is crucial to take into account regular spatial and temporal patterns.

Gathering traditional mobility data, such as GPS traces, is di�cult; for this

reason, the investigation and exploration of alternative sources are important.
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2.2. Studying Mobility Through Social Data

By using GPS records and cell phone signals, it is possible to understand,

with reasonable accuracy, the path often performed by users. However, there is

evidence that this type of study is also possible using data from social media

[17, 18, 19]. Several studies used social media data, such as check-ins from

Foursquare, to understand various aspects of urban social behavior, including

mobility [1, 19, 2, 18, 17, 3, 20, 21].

In this direction, Machado et al. [20] observed an impact of mobility of users,

seen through Foursquare check-ins, according to distinct weather conditions.

Wang et al. [21] studied the correlation between the social relationship among

users, observed in the social network, and the spatial mobility patterns. They

explored data from Gowalla and Brightkite2. Cheng et al. [1] used 22 million

check-ins shared on Twitter 3 to study mobility patterns, showing that users

adopt periodic behavior and are in
uenced by their social, geographical and

economic status.

In the same direction, Pianese et al. [19] were able to identify patterns in

days and times regarding the activities performed by users and explored this

information to discover communities and places of interest. Also, Preo and Cohn

[18] showed a possible approach to identify pro�les of user behaviors.

Nevertheless, �nding useful patterns from social media data brings nontrivial

challenges, since there is an irregularity in the distribution of data over time

among users [19].

2.3. Mobility of Tourists and Residents

Tourism is one of the main economic activities that promote regional devel-

opment [5]. For instance, the people displacement of their place of residence to a

di�erent one, where there might be a meeting of new cultures and the search for

2Gowalla, and Brightkite are out of operation, but there are public data from these systems

on the Web.
3http://www.twitter.com.
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new experiences. A tourist may have di�erent needs compared to what he/she

is used to do in his/her routine. In addition, factors such as cost, climate and

personal preferences in
uence the activities to be carried out by the tourist in

the visited city.

Despite the e�orts in understanding urban mobility mentioned in Sections

2.1 and 2.2, few studies investigated urban tourist mobility in large scale [6, 7].

Zheng et al. [8] analyzed 107 GPS logs of users over one year. They concluded

that the movement of tourists and residents is di�erent, and tourists' behavior

is in
uenced by their traveling experience and their relationships.

Some proposals consider data from social media data. For example, Silva

et al. [22] showed how to extract touristic sights by using the mobility of users

observed in photos shared on Instagram. Besides that, Hallot et al. [23] used

check-ins performed at the Art Institute of Chicago to show evidence that it is

possible to use this source of data to infer the behavior of tourists. In the same

direction, Long et al. [2] investigated travelers' mobility patterns by mining the

latent topics of users' check-ins performed in one city in the United States.

Zheng et al. [24] studied how to predict the tourist's next movement within

Summer Palace, a tourist attraction in Beijing, China. The authors obtained

movement information from tourists using GPS tracking technology in the area

under study. Using a dataset of Foursquare, from 2012, Ferreira et al. [25]

studied spatiotemporal properties of tourists and residents, both identi�ed by

the city of residence informed in the user pro�le, and, among other results,

presented a graph model that can be useful for identifying central places in

tourist mobility.

The present study signi�cantly builds upon our previous work [26] in several

directions. Di�erently from all the previous works, in this study, we propose

an approach to identify mobility patterns, which help to better understand the

pro�le of tourists, in particular, properties of their mobility. We also explore

a graph model for identifying central places in tourist mobility, relying on the

model described in [25]. In addition, we present essential characteristics re-

garding the behavior of tourists, including a discussion of the implications of
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such results. These �ndings show the importance of the spatial and temporal

dimensions, helping to identify and understand mobility patterns. Besides, it

could be useful in decision making regarding the proposition of new services and

applications, as it is now discussed.

2.4. Applications Based on Tourist Mobility

The study of spatiotemporal tourist mobility in the city and the factors that

in
uence their movements have essential implications in several segments, such

as in smarter destination planning and help city planners to better support

tourists.

Hsieh et al. [27] developed an application to recommend tourist itineraries

based on users' check-ins. In the same direction of personalized itineraries,

Yoon et al. [9] proposed an architecture to recommend itineraries for tourists,

considering the length of the stay and their interest. Also, Diplaris et al. [28]

created a framework that integrates the user's interests and the corresponding

real-time search context. Choudhury et al. [29] and Majid et al. [30] used photos

from Flickr 4 to automatically generate tourist itineraries. Shi et al. [31] used

the same approach but focused on recommendations of Landmarks, adding data

from Wikipedia 5 to enrich the recommendation.

Exploring user preferences, Basu Rody et al. [32] developed an application

where users give feedbacks and iteratively construct their itineraries based on

personal interests and time budgets. Yerva et al. [33] proposed an itinerary rec-

ommendation system based on user preferences, using data from Lonely Planet,

Foursquare and Facebook. Baraglia et al. [34] presented a prediction model for

the next point of interest of the tourist based on their history.

4https://www.
ickr.com.
5https://www.wikipedia.org.
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3. Dataset

In this section, we describe our dataset (Section 3.1) and the procedure to

identify tourists (Section 3.2).

3.1. Dataset Description

We collected check-ins from Foursquare using the Twitter service, where

they are publicly available. This was possible for Foursquare users who shared

their check-ins on Twitter, which provides an API to obtain tweets in real-

time. We collected data spanning four months, April{July of 2014 shared in

London (5,884 check-ins), New York (32,554 check-ins), Rio de Janeiro (61,886

check-ins) and Tokyo (51,177 check-ins).

Each check-in has the following attributes: check-in ID, user ID, time, and

geographic coordinate (latitude and longitude). We also performed an extra

collection using the Foursquare API to complement our dataset by retrieving

information about the type of the venue (i.e., category, and subcategory).

In our dataset, Foursquare categorized places in 10 categories:Arts & En-

tertainment, College & University, Food, Professional & Other Places, Nightlife

Spots, Residences, Outdoors & Recreation, Shops & Services, Travel & Trans-

port, and Events. Each of these categories has subcategories, resulting in more

than 350 subcategories. In this study, we re-categorized some of the subcate-

gories in new categories that are more intuitive: Arts & Entertainment to (1)

arts ; Arts & Entertainment / Nightlife Spot / Event to (2) entertainment ;

Professional & Other Places to (3)city , (4) health , (5) professional , and (6)

religion ; Food / Nightlife Spot to (7) drink ; Food to (8) fastfood , and (9)

restaurants ; Residences to (10)home ; Outdoors & Recreation to (11) out-

doors , and (12) sports ; College & University to (13) school ; Shop & Service

to (14) services , and (15) shopping ; Travel & Transport to (16) transport ,

and (17) travel .

This special classi�cation helps us to better understand the users' intentions,

which are more di�cult when considering categories like Travel & Transport
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that puts subcategories such as Hotels and Train Stations in the same group.

In our approach, Travel & Transport was divided into two categories: (1) travel

to group subcategories related to that; and (2)transport to group subcategories

related to urban transportation.

3.2. Identifying Tourists and Residents

In possession of our dataset, we need to separate data shared by tourists and

residents. For this task, we identify the city where the user spent the most time,

with at least 21 days of stay, based on check-ins intervals6. From the check-ins

sequence performed in each city, we check how many days were spent on them.

For example, if a user gave a check-in in cityA on May 5, 2018, and another

check-in at the same city on May 30, 2018, we assume that he/she stayed 25

days in city A. Eventually, a user may have been in di�erent cities for more

than 21 days; in this case, we consider the city where he/she spent the most

time. If a user gives a check-in in a city di�erent from his/her home, he/she is

regarded as a tourist in that city. We decided to apply this tourist identi�cation

process because it was successfully implemented by previous studies [35, 29].

After the application of this process for each city, we have: 737 tourists and

2,584 residents for New York; 498 tourists and 3,550 residents for Rio de Janeiro;

584 tourists and 514 residents for London; and 629 tourists and 4.260 residents

for Tokyo. Users that we could not identify his/her residence, due to a lack of

data, were excluded from the analysis to minimize misinformation.

To evaluate the assertiveness of the proposed approach to identify tourists

and residents, we randomly selected ten pro�les for each city and class (resident

or tourist). We evaluated all the 80 pro�les manually, and, in all cases, our

approach correctly separated tourists and residents.

6All users had their check-ins sequence sorted chronologically.
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4. Behavior of Tourists in Di�erent Cities Worldwide

Tourists can behave di�erently in di�erent cities, depending on the purpose

of their visit. To try to capture that, the cities considered in this study are

located in distinct parts of the world and have di�erent customs and cultures.

In this section, we study the behavior of tourists and residents from several

perspectives.

4.1. Frequency and Time Interval of Check-ins

By studying the number of check-ins performed by tourists and residents,

we �nd that tourists perform more check-ins than residents for all the cities

analyzed. Although the volume varies between cities, the pattern observed is

similar for most of them. We believe that this behavior might be directly related

to the people's motivation obtained from the new experiences and places they

are discovering while traveling [36].

Figure 1 shows the distribution of time interval (in hours) of check-ins per-

formed by the same user in each city. Unlike observed for the number of check-ins

shared by users, the distribution of time interval of check-ins varies consider-

ably between cities. Data for New York and Tokyo have similar patterns, with

tourists and residents sharing check-ins at similar intervals and frequency. The

pattern observed for London and in Rio de Janeiro is similar among themselves.

For these cities, tourists and residents tend to perform fewer check-ins by hour

compared to Tokyo and New York. However, in London and Rio de Janeiro,

tourists share data more frequently than residents, and this happens in a shorter

time interval. These di�erences can be seen as characteristics of the behavior

of tourists while they are in those cities.

4.2. Visited Places

The study of visited places also helps us to better understand the behavioral

characteristics of tourists and residents. In this direction, Figure 2 presents

the places where residents (blue) and tourists (green) performed check-ins in

the studied cities. As we can see, certain areas are more visited by tourists

10



(a) London (b) New York

(c) Rio de Janeiro (d) Tokyo

Figure 1: Distribution of the time interval (in hours) between the check-ins performed by

tourists (green) and residents (blue) (�gure better in color).

than others, as expected. For example, in Rio de Janeiro, most of the tourist

activity happens by the sea in a speci�c part of the city (bottom-right part of

Figure 2), where many tourist attractions are available. In contrast, in New

York, Manhattan is the most popular destination for tourists.

Although the visualization on a map gives us a good sense of where tourists

are concentrated in cities, it is interesting to further investigate where these

two types of users tend to go. Tables 1 and 2 show the ranking of most popular

places, according to the number of check-ins, for tourists and residents in the four

studied cities. Some places are expected, such as Times Square, and the Empire

State Building in New York, and Oxford Street, and The Buckingham Palace
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(a) London (b) New York

(c) Rio de Janeiro (d) Tokyo

Figure 2: Places where tourists (green) and residents (blue) performed check-ins (�gure better

in color).

in London. Nevertheless, other places are not traditional sights, such as FIFA7

Fan Fest in Rio de Janeiro, which is a special place created for parties related to

the 2014 FIFA World Cup, event that Rio de Janeiro hosted, attracting many

tourists.

This example illustrates another potential of our study: identify automati-

cally dynamic changes in the popularity of places for tourists in the city, includ-

ing new places and the ones that may exist only for a short period. With such

a tool that could be leveraged by our study, policymakers could, for example,

know more precisely what places should receive more investment to improve

tourism in the city.

Looking at the ranking for residents (Table 2), we can identify places that

are also frequented by tourists, such as airports, shopping malls and parks.

7F�ed�eration Internationale de Football Association: http://www.�fa.com.
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Rio de Janeiro London New York Tokyo

Aeroporto do Gale~ao Starbucks John F. Kennedy

Airport

Î Ú � • (Akihabara

Sta.)

Aeroporto Santos

Dumont

Harrods Times Square � 3 • (Tokyo Sta.)

Est�adio Maracan~a The London Eye LaGuardia Airport ˜ î • (Shinjuku

Sta.)

Praia de Copacabana London Starbucks ç � • (Shibuya Sta.)

Rio de Janeiro Piccadilly Circus Apple Store , Ù • (Ikebukuro

Sta.)

Starbucks Oxford Street Empire State Build-

ing

ƒ F = • (Wakoshi

Sta.) (TJ-11/Y-

01/F-01)

Terminal Rodovi�ario

Novo Rio

London Euston Rail-

way Station

Museum of Modern

Art

JR � � . ˜ ‹ = � 3

•

FIFA Fan Fest Hyde Park American Museum of

Natural History

W - • (Shinagawa

Sta.)

Praia de Ipanema Buckingham Palace Yankee Stadium JR W- •

Shopping RioSul British Museum The Metropolitan

Museum of Art

h • • (Ueno Sta.)

Table 1: Ranking of most popular venues for tourists.

However, we can observe a di�erent pattern in the types of places. Residents

tend to go more in places related to daily routines, such as universities, places

to practice sport, and restaurants.

Tokyo is a peculiar example of our dataset. The most popular places for

tourists and residents are train stations. The rail network in Tokyo is one of the

world's largest, and tourists and residents probably use the system for di�erent

purposes. The Japanese rail network might favor people to travel from far away

cities to visit Tokyo to work or study. In this way, one hypothesis is that several

users are a sort of unique tourist because they may tend to have �xed routines.

Since Tokyo metropolitan area is the largest in the world [37], this area might

have some particularities. It could be the case to separate tourists in two types:

(i) tourists visiting Tokyo from di�erent cities to work or study, and (ii) tourists

visiting Tokyo for leisure mainly. Since we may have these two types of tourists,

the results for Tokyo should be considered carefully.
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Rio de Janeiro London New York Tokyo

FIFA Fan Fest Cineworld Starbucks Î Ú � • (Akihabara

Sta.)

McDonald's Vue Cinema Equinox ˜ î • (Shinjuku

Sta.)

BarraShopping Starbucks LaGuardia Airport ç � • (Shibuya Sta.)

Outback Steakhouse BFI Southbank John F. Kennedy

Airport

, Ù • (Ikebukuro

Sta.)

Universidade Est�acio

de S�a

Hyde Park Planet Fitness � 3 • (Tokyo Sta.)

Aeroporto do Gale~ao The O2 Arena New York Sports

Club

� 3 žè Í o o ( � 3

3 # � � � ( /Tokyo

Big Sight)

Est�adio Maracan~a The King Fahad

Academy

Crunch ý P d • (Kichijoji

Sta.)

Universidade Veiga

de Almeida

Harrods Blink Fitness H)0��AI >K!

A'�� Akiba

Starbucks InMobi Citi Field � î • (Harajuku

Sta.)

NorteShopping Soho Square New York Health &

Racquet Club

? • • (Nakano Sta.)

Table 2: Ranking of most popular venues for residents.

By performing this analysis, we note that the most popular places, according

to the number of visits, provide valuable information for understanding the

behavior and motivation of tourists in the city. However, other factors, such as

time, could provide an additional perspective on this understanding.

4.3. Routines

Tourists and residents perform similar activities in the city, such as eat-

ing. However, di�erences may exist in the pattern of performing those activ-

ities [38]. To investigate this point, Figure 3 shows the number of check-ins

shared throughout the hours of the day for weekdays and Figure 4 shows this

information for weekends.

Observing the behavior of residents in all cities during weekdays, we can see
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peaks around the beginning of business hours (88 to 9 hours), lunchtime (12

to 13 hours) and at the end of business hours (18 to 19 hours). These results

clearly show routines following traditional business hours, which are performed

by residents in their daily lives. However, we observe a di�erent pattern among

the tourists, not very aligned with traditional daily routines. This could be

explained by the freedom that tourists have to perform various activities during

their trip. Perhaps Tokyo is the city where the behavior of tourists is more

similar to the behaviors of residents, because of the three peaks of activity in

common. Note, however, that the activity of tourists tends to be more intense

during the day. This might mean that Tokyo attracts a di�erent kind of tourist

that tends to perform activities in a more \regular way", for example, having

lunch at the same time as residents of Tokyo.

(a) London (b) New York (c) Rio de Janeiro (d) Tokyo

Figure 3: Temporal check-in sharing pattern throughout the day by tourists and residents

during weekdays (�gure better in color).

(a) London (b) New York (c) Rio de Janeiro (d) Tokyo

Figure 4: Temporal check-in sharing pattern throughout the day by tourists and residents

during weekend (�gure better in color).

8Time is in the 24-hour clock format.
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The pattern observed for tourists and residents in each city for weekends is

not very di�erent in most cases. We can also note that these patterns are very

di�erent from those observed during weekdays. This could be explained by the

fact that during weekends, typically, residents do not have routines, being able

to act somehow as tourists in the city, which usually do not have to follow �xed

schedules.

4.4. Preferences of Tourists

The categorization of places helps us to better understand the preferences

of tourists because, as we showed above, it is expected that cities have certain

places that attract more tourists than residents.

Figure 5: Number of check-ins performed by tourists and residents in each category (�gure

better in color).

To evaluate that point, Figure 5 shows a radar chart representing the pop-

ularity of the category of places for tourists (left �gure) and residents (right

�gure). To measure the popularity of a category c of place, we consider the

number of check-ins given in all places that are categorized byc. Some cate-

gories are expected to be visited by tourists, such as airports, hotels and mon-

uments. In contrast, others, such as houses, markets, colleges and universities,

are expected to be more popular among residents. Depending on the city, the

number and popularity of speci�c categories may vary. For example, in Tokyo,

it is not popular for residents to perform check-ins in places such as residence,

unlike other cities where residents typically perform check-ins in places that be-

long to that category. This is the case for Rio de Janeiro, where residents make
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several check-ins in the categoryhome, suggesting a smaller concern about their

privacy. Cultural di�erences could explain these results.

Tourists in New York tend to visit several places to drink, while in London,

tourists tend to attend places related to sports (this category is more common

among residents of Rio de Janeiro and New York). In Rio de Janeiro, tourists

tend to visit places in the category entertainment, such as concert halls, and in

the category outdoor, such as beaches. The category outdoor is quite popular

in Rio de Janeiro among tourists, not being the case for tourists in Tokyo.

However, the same category is popular among residents of Tokyo, demonstrating

their habits in attending monuments and outdoor sites.

Residents in New York visited considerably baseball stadiums, a very popular

sport in that city. In Rio de Janeiro, the subcategory related to barbecue

restaurants received several visits, re
ecting a typical habit of local culture.

London is known for its pubs and nightlife, beyond the great historical sites,

and behavior related to that is re
ected in the category of visited places by

tourists and residents. Besides showing di�erences among residents and tourists,

these results are also impressive because they re
ect common cultural di�erences

among the studied cities, a fact that could be explored, for instance, in new

recommendation systems.

4.5. Implications

Information like the ones presented in this section might help de�ne mar-

keting strategies focused on each type of tourist, as well as to understand what

tourism-related products might be relevant for each of them.

By considering the applied metrics, our analysis help to understand useful

properties on the behavior of tourists. Looking at when and the frequency

tourists and residents performed check-ins was valuable to gather evidence that

tourists have more free time (no prede�ned routine). In contrast, residents have

tied behavior to daily routines, as one would expect.

Beyond the time aspect, the spatial dimension, i.e., visited places, is also

essential to understand the purpose of the trip. Performing a spatial analysis of
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visited places, we can see which regions tourists tend to visit, information that

could help to provide better conditions/infrastructure for a visit. Besides, by a

spatial analysis, we can also understand the preferences of tourists in each city.

This is possible by looking at the types (e.g., categories) of places, information

available by Foursquare, and other sources. This could be useful to de�ne a

\pro�le" of each city. The properties presented in this section could also be

helpful in the modeling of the behavior of tourists according to a speci�c city,

as well as in the exploration of new services for the recommendation of activities

for tourists.

5. Understanding Mobility of Tourists

The study of user mobility within cities can bring rich information about the

dynamics of the urban environment, as well as the routines of users in the city.

Using spatial data that implicitly express the preferences of users by speci�c

locations in the city, such as check-ins, we have the possibility to know where

people come from and where they go.

5.1. User Displacement

We start the analysis of mobility with a study of the mean user displacement

inside the city. The mean user displacement is the mean of the cumulative

distance traveled by a user. To discover that we calculate the total distance-

based displacement of consecutive check-insvn made by users and divide this

value by the total number of check-insn the user has performed. The check-ins

were ordered by chronological order performed by the users. Equation 1 de�nes

the mean user displacement:

du = [ distance(v1; v2) + ::: + distance(vn � 1; vn )]=N; (1)

where vi 2 V , and V is the set of visited locations, andN is the total number

of check-ins. Figure 6 shows the cumulative distribution of mean tourists and

residents displacement. By studying the distance traveled by tourists, we note
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that tourists tend to travel shorter distances than residents. Analyzing the

behavior of tourists in each city, it is possible to see some variations. In Rio de

Janeiro, for example, tourists move more compared to the other cities, while in

London � 90% of the tourists move short distances, up to 5 km.

(a) Tourists (b) Residents

Figure 6: Distribution of displacement of tourists and residents (�gure better in color).

Considering residents, we observe a tendency for higher distances travels in

the city. This could be explained because in big cities, as those studied, it is

not uncommon to �nd residents residing far from their jobs. Besides, they also

may explore the city in more diverse ways, including hidden places and further

from central areas in the city. A possible cause for the smaller displacement

observed for tourists is the tendency to concentrate in some regions, which may

be a consequence of the limitation of time and knowledge of the city.

5.2. Radius of Gyration

The radius of gyration is the typical distance traveled by an individual

[11]. While the displacement gives the cumulative distance traveled between

all places, the radius of gyration indicates the area where the user was concen-

trated according to the locations she visited. With this metric, we can under-

stand the di�erences between the area of concentration of tourists and residents
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in the four studied cities. This is relevant information, for instance, for urban

planning. We can calculate the radius of gyration using Equation 2.

r g =

s
1
N

X

i 2 L

ni (r i � r cm )2; (2)

where N is the total number of check-ins,L is the set of visited sites,ni is the

number of check-ins at a placei , r i represents the geographical coordinates, and

r cm is the center of mass of the individual (average coordinates from all observed

for a user). For this analysis were considered users that performed at least �ve

check-ins, with this, disregarding users that use the system sporadically.

(a) Tourists (b) Residents

Figure 7: Distribution of radius of gyration (Rg) of tourists and residents (�gure better in

color).

Figure 7 shows a cumulative distribution function of the radius of gyration for

tourists and residents in the four cities. We observe a smaller radius of gyration

for tourists compared to residents. This means that the area of concentration

of tourists tends to be smaller. Among the cities, there are some di�erences,

which can be explained by geographic features and available transportation

infrastructure. Tokyo, for example, has a similar behavior among tourists and

residents, while Rio de Janeiro presents a more signi�cant di�erence in the area

of concentration of tourists and residents.

Figure 8 shows a representative movement of users, tourists and residents,
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