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ABSTRACT

Social media systems allow a user connected to the Inteymeot
vide useful data about the context in which they are at angrgiv
moment, such as Instagram and Foursquare, which are calted p
ticipatory sensing systems. Location sharing servicesxamples

of participatory sensing systems. The sensed data is a -theck
of a particular place that indicates, for instance, a reat#un a
specific location, and also a signal from a user expressisitér
preference. From a participatory sensing system we camedari
participatory sensor network. In this work we compare twitedi
ent participatory sensor networks, one derived from Irrstag and
another one derived from Foursquare. In Instagram, theededata

is a picture of a specific place. On the other hand, in Foursqua
the sensed data is the actual location associated with dispate-
gory of place (e.g., restaurant). Using those social ndtswae can
extract information in many ways. In this work we are intéees
in comparing two datasets of Foursquare and two datasetsaf-|
gram. We analyze those datasets to investigate whethermabea
serve the same users’ movement pattern, the popularitygaine

in cities, the activities of users who use those social neksyand
how users share their content along the time. In answerioggeth
questions, we want to better understand location-relatfmtra-
tion, which is an important aspect of the urban phenomena.

Categories and Subject Descriptors
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1. INTRODUCTION

The world continues to be more and more social with social me-
dia generating a huge amount of data. Currently, there asede
different social networking websitbsuch as Facebook, Twitter,
Foursquare and Instagram, which can play an importantifumat
urban computing since they have the potential to improveithan
environment, human life quality, and city operation system

Some of those social networks share location-related rimder
tion, which is part of our daily lives. In many situations weuwid
like to know the location of other people to decide our owrivact
ties. For instance, when we are organizing a night out wiénfs,
choosing a dish at a new restaurant or looking for a suggeftio
what place to visit next in a trip.

Created in 2009, Foursquare is a location-based socialonetw
that allows registered users to perfoatmeck-ins (post their loca-
tion) at a venue by selecting the location from a list of ventie
application locates nearby. Users can also post their eimscin
their accounts on Twitter, Facebook, or both. Users arewnco
aged to be as specific as possible with their check-ins bgatidig
and sharing the places they visit, their precise locatioaaivity
while at a venue. As a result, Foursquare tries to providertbst
of a given place where a user is, supplying personalizedmeco
mendations and business deals. Foursquare awards pougsro
whenever they check into a place according to differentsiuile.,
roughly speaking Foursquare can be seen as a game where users
can have different status and can “carry” badges. As candm se
the location of a place plays a fundamental role in Foursgjuas
of January 2013, there have been more than 3 billion cheliin
Foursquare from over 30 million people worldwide.

Created in 2010, Instagram is an online photo-sharing acidlso
networking service that allows users to take pictures,agigital
filters to them, and share them on a variety of social netwagrki
services, such as Facebook or Twitter. Users can uploadresGt
attach their Instagram account to other social networkérgises,
and follow other users’ feeds. The user can also associateaa |
tion with each picture. Currently, Instagram users cantereeb

'http://en.w ki pedi a. org/wi ki/List_of _
soci al _networ ki ng_websi tes



profiles featuring recently shared pictures, biographictdrma-
tion, and other personal details. As of February 2013, ¢rata
announced that they had 100 million active users.

Social networks and social software have been driven by swo a
pects: connections between people who use them and thenafor
tion they share, in particular location-related inforroat{18]. In
this work we are interested in comparing two datasets of$epare
and two datasets of Instagram. We analyze those datasetses i
tigate whether we can observe the same users’ movementrpatte
the popularity of regions in cities, the activities of usenso use
those social networks, and how users share their contemg dhe
time. In answering those questions, we want to better utatels
location-related information, which is an important agpafcthe
urban phenomena.

The rest of this work is organized as follows. Section 2 de-
scribes the related work. Section 3 briefly describes soseadia
as a source of sensing and its importance to urban compBew.
tion 4 compares the four datasets of the two social netwasksgu
location-related information as the main aspect of theyaigl In
that section we answer the questions stated above. Filssgly
tion 5 presents the conclusion and future work.

2. RELATED WORK

The class of social media named Location-based social netwo
is probably the most popular type of participatory sensiysjesm,
and they have been receiving a lot of attention recently 220,
Here we discuss some studies that explore this popular fyjpero
ticipatory sensing systems to enable the better undeiisgoéicity
dynamics and urban social behavior. Cranshaw et al. [3epted
a model to extract distinct regions of a city that reflect eatrcol-
lective activity patterns. Noulas et al. [10] proposed apraach
to classify areas and users of a city by using venues’ categor
of Foursquare. Long et al. [7] used a Foursquare dataseti$s cl
sify venues based on users’ trajectories. Despite notragalith
participatory sensing systems Jiang et al. [6] and Toolé. §18]
also investigated users’ activities in regions inside y cising calll
records to predict land usage, and a travel diary surveyial in-
dividuals by daily activity patterns showing that daily times can
be highly predictable, respectively.

In our previous work [15], we proposed a technique calleg Cit
Image for summarizing the city dynamics based on transgffaphs,
and we show its applicability using eight different citiessexam-
ples. In another previous work [16] we performed the firstrcha
acterization of Instagram using photos shared by user$yzng
them from a sensor network point of view. Moreover, we showed
that photo-sharing systems, particularly the Instagramn,aiso be
used to map the characteristics of urban locations at a I®s# co
Hsieh et al. [5] proposed a time-sensitive model to reconthtep
routes based on the information extracted from Gowallalclex

Frias-Martinez et al. [4] used a dataset from Twitter and pro
posed a technique to determine the type of activities thatdst
common in a city by studying tweeting patterns. They also pro
posed another technique to automatically identify landkhan a
city. Quercia et al. [12] studied how social media commaesiti
resemble real-life ones. They tested whether establishedleg-
ical theories of real-life social networks still hold in Tigr. They
found, for example, that social brokers in Twitter are opmiead-
ers who take the risk of tweeting about different topics. |Piabet
al. [11] analyzed a twitter dataset aiming the discoverynsfghts
of how tweeting behavior varies across countries, as wéll@pos-
sible explanations for these differences. Sakaki et al. $fidied
the real-time interaction of events (e.g., earthquake$itter and
proposed an algorithm to monitor tweets to detect a targaitev

Interval
Apr/2012 (1 week)
11 May 13 — 25 May 13
30Jun 12 - 31 Jul 12
11 May 13 - 25 May 13

# of data
4,672,841 check-ing
4,548,941 check-ing

2,272,556 photos
1,855,235 photos

System
Foursquare-OLD
Foursquare-New

Instagram-OLD
Instagram-New

Table 1: Dataset information.

This work differs from previous ones (including ours) besait
compares Instagram and Foursquare aiming at understantiether
data from one system could complement the other, or theyoane ¢
patible regarding the study of city dynamics and urban $dsa
havior.

3. SOCIAL MEDIA AS A SOURCE OF
SENSING

Social media systems allow anyone connected to the Intesnet
provide useful data about the context in which they are agargn
moment, such as Instagram and Foursquare, which are calted p
ticipatory sensing systems (PSSs). A PSS is a concept tiggt or
nally considers that the shared data is generated aut@ihatior
passively, by sensor readings from portable devices [1jvéver,
here it is also considered manually or proactively useegsed
data. Systems with those characteristics have been cabigd u
uitous crowdsourcing [8]. The popularity of participatsgns-
ing systems grew rapidly with the widespread adoption oésen
embedded and Internet-enabled cell phones. Those dewses h
become a powerful platform that encompasses sensing, ¢omgpu
and communication capabilities, being able to generatie tnain-
ual and pre-programmed data.

From participatory sensing systems we can derive partmipa
sensor networks (PSNs). In a PSN, users carry portableatethat
are able to sense the environment and make relevant olises/at
a personal level. Thus, each node in a participatory seretaronk
consists of a user and his/her mobile device to send data o we
services. After that, the data usually can be collectedutjinout
APIs. More details about PSNs can be found in [14, 16]

In this paper we compare two different PSNs, one derived from
Instagram, and another one derived from Foursquare. In &f¢ P
derived from Instagram the sensed data is a picture of afgpeci
place. On the other hand, in the PSN derived from Foursqhare t
sensed data is the actual location associated with a speatfe
gory of place (e.g., restaurant). Using those PSNs we caaatxt
information in many ways. For example, we can visualize iarne
real time how the situation is in a certain area of the citpgshe
network from Instagram. We can also have location labelsigg
the Foursquare network enabling a better understandingcataf
the city. Another example using both networks is the exivaabf
popularity of areas in the city.

4. COMPARISON OF DATASETS

4.1 Dataset description

In this work, we analyze four different datasets as desdrihe
Table 4.1. The datasets Instagram-OLD and Foursquare-CarB w
previously collected and discussed in [16] and [14], reSpely.
However, the datasets Instagram-New and Foursquare-New we
collected specially for the study presented in this pap#datasets
were collected directly from Twitté since Instagram photos and
Foursquare check-ins are not publicly available by defahlibte

2http://www.twitter.com



that Instagram-New and Foursquare-New have the time oéeoll
tion in common, which is not the case for Instagram-OLD and
Foursquare-OLD datasets. Each content (photo or cheakeim)
sists of GPS coordinates (latitude and longitude) and the then

it was shared.

Throughout this paper we are going to consider three large an
populous cities (New York, Sao Paulo, and Tokyo) in severalya
ses. Figure 1 shows the heat map of the coverage of the dataset
each city, containing all data from Instagram-New and Fqugise-
New. The darker the coldrin the figure, the higher the num-
ber of content shared in that area. The coverage for theatatas
Instagram-OLD and Foursquare-OLD can be seen in [16] anid [14
respectively.

(e) Tokyo — Foursquare

(f) Tokyo — Instagram

Figure 1: All sensed locations in three populous cities. The
number of check-ins in each area is represented by a heat map.
The color range from yellow to red (high intensity).

4.2 User behavior

Considering the Instagram-New and Foursquare-New (datase
with a common collection time), we group users in three @sss
(1) users that only participated in Instagram; (2) users$ timdy

3Colors of the heat map for all subfigures are in the same scale.

participated in Foursquare; and (3) users that participatéoth
systems. Figure 2a shows the cumulative density functid=)C

of the frequency of sharing content per class, showing ther-in
sharing time in minutes between consecutive content shakive
can observe that Class 1 (Instagram only), and Class 3 (lgsth s
tems) contribute more content in shorter intervals thars<#a For
instance, approximately 20% of users in Class 1 and 3 shaye-a ¢
secutive content in an interval up to 10 minutes. In Clas$e, t
portion of users that share content up to 10 minutes is approx
mately 12%. This suggests that users tend to share morentonte
in the same place when using Instagram. This was also oluserve
in [16]. The sharing pattern of Class 3 might be dominatedhiey t
use of Instagram, explaining the closer similarity amorgdiwves.
Itis natural to expect a higher volume of content to be sharée
same place through Instagram than in Foursquare. For estan

a night club users can share a photo of the place, of a drink, an
friends.

Figure 2b shows the CDF of the median distance between con-
secutive uploads for each user. We observe that a signifjant
tion of users from Class 1, around 20%, shared consecutiverb
at a very short distance, around [1]meter (this was alsorebde
in [16]). This is not observed in the same proportion for thgeo
classes of users. The results for Classes 2 and 3 are 3% and 15%
respectively. This reinforces what was previously obsarie.,
users tend to share content in a shorter distance in Instaiji@n
in Foursquare. For instance, Noulas et al. [9] observed2bit of
the shared locations happen up to [1]km away. Again, thesbeha
of users that participate in both systems (Class 3), is marias
to Class 1. This closer similarity might be explained by a enor
intense content contribution in Instagram.

The understanding of user behavior is the first step to madel i
With models that explain the user behavior we can make predic
tions of actions and develop better capacity planning otfstem
that supports the service.

10°

——Instagram
Foursquare

x —Both
X 10" —-Instagram N\ 06 o
X Foursquare X04
o —=Both o
0.2]
-2
10 0!
10° 10° 10°

A, (min) Median distance (km)

(a) Contribution — Minute (b) Distance (km)

Figure 2: Analysis of classes of users.

4.3 Popularity of areas

How is the popularity of regions across PSNs derived from In-
stagram and Foursquare? This is probably one of the mainsssu
in an urban scenario. To answer this question we divided ribeesa
of New York, Sao Paulo, and Tokyo inl@x 10 grid, as shown
in Figure 3. After that, we verified the number of content (gho
or check-in) shared in each cell of the grid for all four colesed
datasets. Then, we correlated the number of content in ezlth c
using the Pearson correlation. This result is shown in EidurAs
we can see the correlation is very high among all datasete Th
lowest correlation, although still high, was observed ikyimwith
respect to the correlation of Instagram and Foursquaré (ddtand



new). This might indicate that the popularity of regionsdescities
is consistent regardless of the system, and over the timealRe
that we use two datasets with the same collection time @nsta-
New and Foursquare-New) and two datasets with differerécol
tion time (Instagram-OLD and Foursquare-OLD). Besideg tha
difference of time between the “new” datasets and the “olt¥
are of approximately one year. Maybe what is popular in the ci
tend to remain popular for a long time and is captured by bggh s
tems, since they allow users to express their routinesyfreel

1 1
4sq 4sq
0.8 0.8
4sq OLD 0.6 4sq OLD 06
Instagram 0.4 Instagram 0.4
0.2 0.2
Inst. OLD| Inst. OLD|
o 0
)

(a) New York

4sq
4sq OLD
Instagram

Inst. OLD|

Figure 4: Correlation of popularity of sectors inside cities.

Next, we verified if the popularity of a city is consistent @ss
the systems. Popularity in this case is measured by the numbe
of content shared in the city. For that we considered 29 <itie
around the world: Latin American cities (Belo Horizonte, Buenos
Aires, Mexico City, Rio, Santiago, and Sao Paulo); Americiies
(Chicago, Los Angeles, New York, San Francisco); Europégsc
(Barcelona, Istanbul, London, Madrid, Moscow, and PaAs)jan
cities (Bandung, Bangkok, Jakarta, Kuala Lumpur, Kuwagnie,
Osaka, Semarang, Seoul, Singapore, Surabaya, Tokyo); asid A
tralian cities (Melbourne, Sydney). We ranked all the sitiy the
number of content shared on it, then we correlated theségok-
ing Spearman correlation. Figure 5 displays the correlagsults.
As we can see the popularity of cities tend to be very cordlaver
time for the same system, but this is not the case for diffesgs+
tems. This means that users may use Instagram and Foursquare
particular ways on different cities. For instance, Fouesgumight
be very popular in Tokyo, but Instagram might not be as papula
Cultural differences might help to explain these results.

4.4 Routines and the data sharing

Figure 6 shows the temporal sharing pattern for Instagragn an
Foursquare considering the old and new datasets. This ftpores

4sq

4sq OLD

Instagram

Inst. OLD

N

s

°
&

&

&Q‘
R4

3

Figure 5: Spearman correlation of popularity between cities.

(Monday to Friday), and also during the weekend (Saturdaly an
Sunday). As previously observed in [16] for the Instagrab>O
dataset, we can also see two peaks of activity throughoutdie
one around lunch and the other at dinner time. But, we care®t s
a clear peak at breakfast time, as the one observed in Figard
also in [2]. During the weekends we cannot observe cleargpefik
activities inherent of routines. Rather, the activity rémsantense
throughout the afternoon until early evening.

Surprisingly, we see that the sharing pattern for each cieve
garding to the old and new datasets, both on Instagram anddimare,
are very similar, despite the huge gap between collectamsrOx-
imately one year). This is the case for weekdays and weekends
suggesting that the user behavior in both systems tend dae
sistent over time, reinforcing what was observed in Sectich
This is an interesting and important result because it stimmswe
can use different datasets.

In Figure 7 we show the correlogram for the temporal sharing
pattern of Instagram-New and Foursquare-New dataseisgdine
weekday (Figure 7a) and weekend (Figure 7b). The correlogra
plots correlation coefficients on the vertical axis, andvalyies (in
hours) on the horizontal axis, and it is an important tooldoe-
lyzing time series in the time domain. As we can see, the lag of
one hour in the time series of Instagram-New dataset pre\tiue
highest correlation, however it is not 1 (maximum). Anahgthe
cross-correlation for weekend, we observe that a lag of Oiges
a correlation of 1, indicating that the time series is alyeasty cor-
related. This suggests that users have particular shaaittgrp in
each system during weekdays, but it is not the case on wegkend
The users’ routines performed on weekdays may be the explana
for these results. The act of sharing a photo might be moedylik
to happen in special occasions that are usually out of thénes
of people. For example, during breakfast time it is probalbly
common to happen something interesting to share a photdfdout
example, when you go out at night to have a dinner you have more
incentives to share photos.

We now study how routines impact the sharing behavior analyz
ing the sharing pattern during weekdays, considering tit@sdés
Instagram-New and Foursquare-New for New York, Sao Paulb, a
Tokyo. The results are shown in Figure & all figures we display
two cities from the same country for the new collected dasased
one city for the old dataset as a reference of comparison.

First, observe the distinction between curves of each nithé
same system (e.g., Instagram, Figures 8a, c, e) and alsssatifo
ferent systems (e.g., Figures 8a and 8b for New York). Neb, o
serve that the sharing pattern for each city in the same ppist

the average number of photos shared per hour during Weekdaysfamy Similar, which mlght indicate cultural behaviors othabi-

4_Chosen by their popularity and representativeness ofrdiftere-
gions

SEach curve is normalized by the maximum number of content
shared in a specific region representing the city.
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Figure 3: Grids for the areas of New York, Sao Paulo, and Tokyo

tants of those countries, presenting somehow the signatareer-
tain culture.

Note that the sharing pattern in Instagram for Americaresiti
(Figure 8a) and Japanese cities (Figure 8e) present pestketiect
typical lunch and dinner times. This is not the case for theesi
that represent the Brazilian sharing pattern in the citié¢ao Paulo
and Rio (Figure 8c), where not all peaks represent typicalme
times, suggesting that Brazilians share photos in atypicahents.
Besides that, in general, the Brazilian activity is moreinse late
at night. This information was also observed consideriny tre
Instagram-OLD dataset in [16].

The sharing pattern of the new dataset of Foursquare vagee m
when compared to the old one (Figures 8b, d, f), than the tiamia
observed in the Instagram datasets (Figures 8a, ¢, €). @hakso
that the sharing pattern in Instagram for each analyzed<ityore
distinct to each other than the one observed for Foursquitnis.
suggests that using the sharing pattern from Instagram \géatmi
have a more distinguishable “cultural signature” for a @ierte-
gion, and less susceptible to changes over time.

4.5 Mapping transitions

In a PSN, mobile nodes (users and portable devices) move ac-

cordingly to their routines or local preferences sharintaddong
the way. Looking at data people share it is possible to havet@s
rudimentary location tracking. If we aggregate all traiosis per-
formed by all users we can obtain common paths users tenieo ta
in the city.

Given that observation, a question emerges: can we obsesive a
milar movement of people using a PSN derived from Instagnaagn a
Foursquare? In order to address this question we createctetir
graphG(V, E), where nodes; € V are a cell in the grid a par-
ticular city shown in Figure 3. A direct edde, j), representing a
transition, exists from node; to nodev; if at some point in time a
user shared a content in cejljust after sharing a content in cel.
The weightw(4, j) of an edge is the total number of transitions that
occurred from celb; to cellv;. Some features of transitions: (i) the
content must be shared consecutively and by the same individ
(i) continuous content sharing at the same consideredeveri
represents a self-loop; and (iii) a transition must haveuoed at
the same day (we only consider transitions occurred fror@e6r0
to 6:00pm).

Figures 9, 10, and 11 show the transition graphs for New York,
Sao Paulo, and Tokyo, respectively. In those figures, fdebet-
sualization, we excluded all edges with weight= 1. Nodes’

# of photos
# of photos

— Instagram new
— Instagram old

2 4 6 810121416182022
Time in hours

— Instagram new
— Instagram old
0
2 46 810121416182022
Time in hours

(a) Instagram — weekday (b) Instagram — weekend

[N

[

o
©
o
©

o
=)
o
)

I
>

o
)

# of check-ins
o
N

# of check—ins
o
B

— Foursquare new

—Foursquare old

0 2 4 6 810121416182022
Time in hours

— Foursquare new

—Foursquare old

2 4 6 810121416182022
Time in hours

(c) Foursquare —weekday  (d) Foursquare — weekend

Figure 6: Temporal sharing pattern for Instagram and
Foursquare — new and old datasets.

positions in the figure are depicted according to the celltioos
they represent in the city area. Nodes not displayed meamtha
one shared content in that particular area of the city.

Note that there are few transitions in the city. In other veord
typical movements in the city might not be very diverse. klso
interesting to observe that we could capture more tramsitioith
the Foursquare dataset. This means that check-ins mighbbe m
effective to track typical routes of users. However thisdthesis
needs further investigation, because this result mightueetd the
large amount of data obtained in the Foursquare dataset.nAn i
teresting possibility in this direction is use data minihgoaithms,
such as [22], on transition graphs to discover movemené et

In order to compare the similarity graph, we first discarcalf-
loops, since those transitions tend to be more likely to bapthen



§ § transitions in common. The results show that approximatehs,
H r ;\T‘H 50%, and 70% of the top transitions are similar for New Yor&p S

' Paulo, and Tokyo, respectively. However, if we take now the t
twenty transitions the results for transitions in commasnaprox-

0.6
0.5

0.4

02 imately: 59%, 53%, and 50%, for New York, Sao Paulo, and Tpkyo
0 ° respectively. This indicates that the graphs are not venylasi, but
0.2 popular transitions are more likely to be expressed by battems.
0455 3 5 3 10 %10 3 6 5 10 The similarity graphs are also evaluated in a different wegr
Heos tags this comparison we preserve the graphs without discardafiy s
. . loops, then we compute the difference between sets of edges o
(a) Correlation —weekday  (b) Correlation —weekend Instagram and Foursquare for each city. We discovered thphg

for NY have 156 different edges, and these numbers are 287, an
376 for Sao Paulo and Tokyo, respectively. This is a significa
difference, and these results are partially explained byfdht that
Foursquare graphs captured more transitions.

Figure 7: Cross-correlation between Instagram-New and
Foursquare-New datasets, during weekday and weekend.
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Figure 8: Temporal sharing pattern of Instagram and 4.6 Sights extraction
Foursquare for New York, Sao Paulo, and Tokyo during week- In a previous work [16] we showed that with a PSN derived from
days. Instagram it might be possible to identify points of inter@20l)

in a city, which are particular areas that attract more &tiarof

residents and visitors. We also showed that out of the P@igjitt
we rank the resulting transitions and select the top ten feach be possible to extract sights of the city. This is possibleabse
graph. We compare the groups of top transitions between-Inst each picture represents, implicitly, an interest of anviidltial at a
gram and Foursquare graphs of each city, analyzing the nuofibe  given moment.
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content assigned to each alternative cluster follows a abrm
distribution with mean and standard deviatiar);

5. Generate a grapt(V, E), where the vertices; € V are all
POls and there is an edgg j) from vertexv; to vertexv;
if in a given time a user shared a content on a RQlafter
having shared a content on P@L The weightw(s, j) of
an edge of represents the total number of transitions per-
formed from POly; to POl wv; considering transitions of all
users. Following the same procedure mentioned in [16], we
exclude fromG all edgeq(z, j) with weightsw(¢, j) smaller
than a threshold (t = 4 andt = 8 for the Instagram-New
and Foursquare-New datasets, respectively), which aemgiv
by the probability of generating (7, j) randomly in a ran-
dom graphGr(V, Er). The idea is to preserve edg@sy)
with high weightsw(i, j), because according to the conjec-
ture they denote these frequent transitions from one sight t
another.

(a) Foursquare - Day (b) Instagram - Day

Figure 11: Transition graphs — Tokyo.

Figure 12 shows sights identified for different PSNs. As a&bas
line of comparison, Figure 12a shows the sights previoudgyti-
fied using the dataset Instagram-OLD and presented in [1i§}. F
ures 12b and 12c show the sights identified for Instagram-alev
Foursquare-New datasets, respectively. During the d@leof
Instagram-OLD Belo Horizonte was not receiving soccer game
This explains why no soccer stadium was identified. Aparhaf,t
1. Associate with a point; each pairi (photo or check-in) of we can see that many of the sights identified are in commorl in al

coordinates (longitude, latitudé, y).; three _datasets, for exa_mple, Liberty_Square, one of the mrmstr
tant sights of Belo Horizonte. The sights that were only joesty

2. Calculate the distance [17] between each pair of péint®;);  identified, Palace of the Arts, and Bandeira Square, mighhaee
been identified in the new datasets because no special expnt h
pened in those places. Palace of the Arts is a gallery witlriéint
expositions, and Bandeira Square is not a spot that attnatis
4. Exclude clusters that may have been generated by random'@/ly many people, especially tourists. It is interestiogiote that,
situations, i.e., those that do not reflect the dynamics ef th gll social networks !dentlfled relevant sights of the citBeflo Hor-
city. In order to perform that, for each clusté},, we cre- izonte, and the_y might be able to complement each other siac
ate an alternative clustet,.. Then, for each photd;, we one found all sights.
randomly choose an alternate clustérand we assigtf; to

C,. After that, from the original cluster§’x found in the 5. CONCLUSIONS AND FUTURE WORK
prewm:]s step, Whe eﬁc.ludg th‘?Sh? lnk\]/vhaqh the nufmber ﬁf €ON- " pata available in Instagram and Foursquare can naturafty co
tent (photo or ech-ln) IS wit |n2t .e lstzanﬂe rorl? t ef plement each other. For instance, a user using Foursquaté co
averagey, or is in the rangéu — 20; 4 + 20] (number o check-in in a locationX and label this place as a restaurant. From

8for each cluster’;,, we consider only one point (photo or check- this we know that in locatiorX there is a restaurant. The same
in) per user. user could also share photos in locati@nusing Instagram. Now,

Here we have two goals: (i) verify whether with the Instagram
New dataset we can identify the same sights showed in [16&twh
used the Instagram-OLD dataset; and (ii) verify whetheFingrsquare
dataset can also be used for this purpose, by using the kauesq
New dataset. Following the steps described in [16], we ftirma
the process of identifying sights in the following manner:

3. Group all pointw; that have a distance smaller than [250]m
into a clusterC},®;




besides knowing that locatia is a restaurant we have the oppor-

tunity to visually check the environment by looking at theusid
pictures. In this work we do not take into account these giede

data that complement Instagram or Foursquare. Instead me co

pare Instagram and Foursquare considering just the timéoagad
tion where the content (photo or check-in) were shared. \We ai

to understand whether this data from one system could cemple

ment the other, or they are compatible regarding the stuaytpf
dynamics and urban social behavior.
In the following, we summarize our findings:

both Instagram and Foursquare datasets might be compatible

in finding popular regions of cities;

the temporal sharing pattern did not vary considerably over
time for the same system. However, the sharing pattern for 1

each system during weekdays are distinct;

(7]

(8]

9]

[10]

both Instagram and Foursquare might be used to capture par-

ticular signatures of cultural behaviors, but apparentbta-
gram offers a more distinguishable “cultural signatureid a
is less susceptible to changes over time;

[12]

Foursquare is apparently better to express typical routes o [13]

people inside cities;

and both Instagram and Foursquare are good in sights iden-

tification, and since the results might be complementary it i
recommended to use both of them in this task.

Currently, we are investigating in further details the umsta-
gram and Foursquare as a tool to identify cultural diffeesndNe
are also using data from those systems to better underdiaruity
dynamics, and, thus, offering smarter services in thesitids a

future step we intend to analyze other PSNs and develop new ap

plications that exploit these networks.
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