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FBWatch: Extracting, Analyzing and Visualizing Pigbl
Facebook Profiles

Lukas Bruckner, lukas@Iukas-brueckner.de, Kyto GmbH
Simon Caton, Simon.Caton@ncirl.ie, National Collefj&eland

Margeret Hall, hall@kit.edu, Karlsruhe Service Ras Institute

An ever-increasing volume of social media datalifatés studies into behavior patterns, consumphiahits,
and B2B exchanges, so called Big Data. Whilst mtanis exist for platforms such as Twitter, thera isotice-
able absence of tools for Facebook-based studi¢aith both scalable and accessible to socialt&tenn this
paper, we present FBWatch, an open source webcafiph providing the core functionality to fetchiia
Facebook profiles en masse in their entirety aradyae relationships between profiles both onling afiline.
We argue that FBWatch is a robust interface foiad@esearchers and business analysts to identdjyae and

visualize relationships, discourse and interactimetsveen public Facebook entities and their audignc

1 Big Data Challenges in the Social Sciences

The vision of a Social Observatory is a low latemsgthod for the observation and measurement ofakoci
indicators. It is a computer-mediated research atett the intersection of computer science andstiwal
sciences. The term Social Observatory is usedsimrilginal context (Lasswell 1967; Hackenberg 1970
framework is the archetypal formalization of intisaiplinary approaches in computational social soée The

essence of a Social Observatory is characterizétdsswell 1967) as follows:

“The computer revolution has suddenly removed dddimitations on the processing of information][But

the social sciences are data starved [...] Oneonefi it is reluctance to commit funds to longrteprojects;
another [...] is the hope for achieving quick swscby ‘new theoretical breakthroughs’ [...] It s though we
were astronomers who were supposed to draw cdlds8ans and to neglect our telescopes. The ssdi@hces

have been denied social observatories and toldttorgwith dreams”

This is also in line with the approach of the Amari National Science Foundation’s call for a neknafrSocial

Observatories:

“Needed is a new national framework, or platforor, $ocial, behavioral and economic research thabth
scalable and flexible; that permits new questionse addressed; that allows for rapid responseadagtation to
local shocks [...]; and that facilitates understagdiocal manifestations of national phenomena ssobcanom-

ic volatility.”


https://www.researchgate.net/publication/222751939_The_Social_Observatory_Time_Series_Data_for_Health_and_Behavioral_Research?el=1_x_8&enrichId=rgreq-09e99f5b16a048d147ece8f311e9420c-XXX&enrichSource=Y292ZXJQYWdlOzI4Mjg3MDMyNTtBUzoyODUxNjI2NDM0NDM3MTNAMTQ0NDk5OTQ4MDg5Mw==

Today, the notion of a Social Observatory lendslfittowards social media platforms, as digital nagalis of
social exchange, discourse and representation, @kislemonstrated by the COSMOS project (Burnagl. et
2014), becomes especially valuable when combingtl government data streams. However, empowering

social scientists to access data from social mgldiforms (even in the singular) is non-trivial.

Figure 1 illustrates a general architecture of al@no Social Observatory entailing three processasiely 1)
Data Acquisition; 2) Data Analysis; and 3) Intetat®n. Whilst it is apparent that a Social Obs@macaptures
multiple sources of data, currently few scienti@pers or services report this ability in a wayilgasplicable
by social scientists (Cioffi-Revilla 2014). This d@espite prevalent availability of Application Pragiming
Interfaces (APIs), and an almost endless supplyapkers and studies that focus on specific platfqiRussell
2013).
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Figure 1. A General Architecturefor a Social Observatory

Data Acquisition is well supported by most social media platfornes REST or streaming APIs, which are
underpinned by lightweight data interchange fornfiges JISON. User authentication and access authwiz is
handled by technologies such as OAuth. There acea ever-increasing number of software libreaieslable,

reducing the implementation effort to extract data.

The challenges instead lie in dam@ume, velocity, and varigtaccess rights, and cross-platform differences in
curating data. The big data aspects of social ndatia are well known: producing 2,200 Tweets (atiad 58kb
each) per second, Twitter is a clear demonstratatata volume and velocity. Variety is best shovaing a
Facebook post as an example: version 1 of Facebdaddph API contained at least 15 categories foves post
and this discounts other social actions like tagggommenting, poking etc., as well as the diversgent range

of a Facebook user’s profile. Lastly, the methoddafa curation is not without its ambivalence. Tevitdata



curation tends to be proactive; by accessing futuveets that fulfil a specific set of user-drivetriautes (e.g.,
hashtags or geolocation). Facebook is retrospediven a Facebook entity (e.g. a person, or pagegss their
posts, profile, likes etc. From the perspectiveaadlyzing social data, this subtle difference Sigantly alters
the effort and planning needed to curate a datésmizalez-Bailon, Wang, Rivero, & Borge-Holthoef2014).
The technical challenges also differ significarflgm receiving a continuous stream of data (iwegets) vs.
Facebook’s paginated results. The latter incitegelamumbers of API calls, which are not limitle€n a side

note, the validity period of an access token is alst infinite and must be refreshed periodically.

(Mixed Method) Analysis as illustrated in Figure 1, is inherently iterati@nd interdisciplinary. Foreseeable is
repeated interaction with the social media adapaeid apps. Whilst approaches from computer sciamce
computational social science are becoming moreagheat, the question of research methodology isnoéte
poignant discussion point and challenge that cameobverlooked. Computer scientists and socialntists
speak very different languages. Therefore, thezatidn of a Social Observatory needs to accomneodatast

array of (interdisciplinary) methodological apprbes.

Irrespective of methodology, an important featura §ocial Observatory is the ability to view a coonity at a
variety of resolutions; starting from an individualcro layer, and progressively zooming out via -egatric
networks, social groups, communities, and demoggeafstub) groups, up to the macro layer: commurnityis
ability is of significant importance for understamgl a community as a whole; different granularitresent
differentiated views of the setting. Interpretatisnhence domain specific in nature, and shouldiéeded

according to the proposed research questions. ithéecture supports both inductive and deductasearch.

Necessary to address at this point are the ethmatdaries of an unobtrusive approach of Big Datdyses of
social data. Both Twitter and Facebook have ternts @nditions allowing for the anonymized assessmén
data which the use has indicated to be public. iBpaity Facebook has argued that this is tantanidarin-
formed consent, and this is a common position acemxial media platforms. This study agrees thagnwvh
information is placed in public fora and domaingsisubject to public review. This is in line withe ethical
guidelines of (Markham & Buchanan, 2012). In theecaf obtrusive design (i.e., greedy apps), infaloen-
sent must continue to be in place as the stand#rtisiman subject research demand. A further eth{aadl
security) concern is that the provide architecttam also be used irresponsibly. In the case ofipfiting data,
this is of a lesser concern. Obtrusively-designeshitectures still require user consent (e.g., doaaing an
app), as such research works are neither the widraaking nor ‘Trojan horses,’ thus guaranteeingaaerately

informed subject base.

1.1 Implementation: a Facebook Social Observatory Aglapt

The first step towards a Social Observatory focuses Facebook social adapter for several reasorstly,
Facebook lends itself to the case study, espedlakyto the large number of “open” Facebook estitiavhere

Facebook pages are a prime example. Secondly, exieacting data from Facebook, the researchervesei



near complete datasets. Finally, there is laclgerieral-purpose Facebook data acquisition tooldaine
Those that are available tend to rely either omvling techniques, which cannot fully acquire paggubFace-
book data, or data extraction via the Graph AP tygaically focus on the logged-in user or do neturn data in
full. Whilst such approaches are useful, espaciallclassroom settings, they do not provide meismas to
curate research worthy datasets. This chapter mesegeneral and extensible Facebook data adéquisind

analysis tool: FBWatch.

The objective is simple: an interface-based tolmwihg social as well as computational scientistsatcess
complete Facebook profiles irrespective of programgnability or data size, as no such tool is avdéda In
extracting data from Facebook, the researcherrigsts to define what is accessed: an entity gmahunique
Facebook identifier. FBWatch is implemented sudt tt can access any Facebook entity that is publifor

which it has received user permissions.

FBWatch is implemented using the Ruby on Rails &amrk, and consists of five top-level componentd an
modules: 1) Sync is the module responsible forhiety data from Facebook. It executes Graph APlscall
converts graph data to the internal data structanelsstores it in the database.b2) Metrics aretiadysis com-
ponents of FBWatch and responsible for analyzinighfed data. They contain parameters used for ¢cades
and data structures for storing results. A meten therefore be any result of an analysis (seeid®ed). 3)
Tasks are an abstraction for running Sync and Bl@itis as background processes. 4) A relatiortabdae for
storing Facebook resource data, and running momglex queries regarding connections between Faéeboo
entities. Any SQL-Server can be used provided ithstipports UTF-8 encoding, as this is needed #&ordling
foreign languages. MySQL and PostgreSQL both pradetjuate. 5) A web front-end as an access poiht an
controller for FBWatch. Here the user can requbst retrieval of new Facebook entities, refresh ionesty
fetched entities, group entities together for corapiee analysis, execute metric calculations, Migaametrics

as well as the social network of individual or gved entities, and download datasets for use iml tharty

analysis tools (see Section 3).
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Figure 2. Workflow illustrating the stepsto acquire, analyses, and inter pret Facebook

Figure 2 shows the architecture of FBWatch, andhllggts a typical request involving either the degiching,
or the metrics calculation. Upon a request, thetrotlar triggers a background worker class and rretuan
appropriate view to the user who is notified thaask was started. The worker then performs ongoftasks,

depending on whether Facebook data is to be rettiew retrieved data is to be analyzed.

The first step in the process flow the user praxgdihe Facebook URL of one or more entities ofrgge which
are parsed for their username or Facebook ID. Tatspnize the data of Facebook resources, a bashkdro
sync task is started by FBWatch. The user can ctiecktatus and progress of the task, as requiregending
on the size and number of entities, synchronizatemtake several hours, and can also encounteraerrors
that need to be handled manually. Once synchraaizaas successfully completed, this will be visiahd the
user informed of how many feed entries have betieved. If errors were encountered that could behan-

dled this will also be displayed.

To access data, Koala, a lightweight and flexibldWlibrary for Facebook, is used. It provides mpe user
interface to the Graph APl and the Facebook Quenyguage. As the Graph API returns the data in JSON
format, Koala automatically parses the resultingngtand converts it into the appropriate datacstne using
Arrays and Hashes and aligns the primitive datadyipto Ruby’s data types. Furthermore, the libsagports

the use of the OAuth protocol to authenticate withécebook through the use of the OmniAuth Rulnafip A
valid, i.e. Facebook authenticated, instance ofl&@agenerated on a per-session basis and stotbéd session
context. At this time this is also the only reathantication the application performs directly. Miigate expos-

ing all data fetched by FBWatch, HTTP authenticai®enforced on the server.

Synchronizing a Facebook resource is done in astep-process. First, any basic information of tkaburce is

pulled by calling the Graph API link facebook-i@asic information contains the information visilaiethe top



of a Facebook page and in the about section, iikednd last names, website, the number of liktesSecond,

the actual feed data is retrieved.

This is not trivial. First of all, not all data Wwiind can be received at once, as Facebook litmisatimber of
results per query; 25 per default. Increasing liniét drastically reduces the number of Graph ARlls; and
thus, speeds up the data gathering process. Bulte\Watch uses a limit of 900, increasing speed manag-
ing scalability. Facebook also only returns a stilb$¢he comments and likes of a feed item; fourdeyault.
The resulting data contains a paging feature, ambd the one of the feed itself in a single faethi Comments
as well as like arrays have to be fetched usingtipt@l API calls, dramatically increasing runtimeher
UserDataGatherer module automatically navigatespiging system until it receives an empty datayarra
FBWatch also stores the link representing the fiespponse from Facebook. This allows FBWatch tdlyeas
update a resource at some point in the futurendfyever, a problem occurs, the last feed queryared to

enable the future continuation of a sync task.

The second part of the Sync module stores fetclhgal vla the UserDataSaver. Aside from transfornkiage-
book JSON into internal data models, data entrysde be optimized such that it scales. In ordedtdorease
runtime, multiple INSERT and UPDATE statements gireuped into transactions. However, not all statgme
can be executed in one transaction due to interdigreies between data models. Thus, saving theird dte
correct order is important. In order to take inbe@unt all possible dependencies, four transactéoadised: 1)
resources and their basic data are updated asawell new Facebook entities that posted or intedaon the
feed at the root level. 2) Feed entries. 3) Resmuwhich interacted at a lower level, i.e. withoanment, like or

tag. 4) The comments, likes and tags.

Once an entity has been fetched, it can at any hieneesynchronized to retrieve any new feed itenustheir
properties or continue to fetch all historic ddtthé synchronization was not successfully compldtefore. If a
resource is no longer available on Facebook orongdr relevant for the analysis it also can bebdéshor
removed. Apart from the ability to traverse Facdbdata automatically using the provided paging raedm,
the other main feature of the UserDataGathererreg éandling. The Facebook API is not reliableth#é time,
and is badly documented. Therefore, flexible ehandling is required. The most pertinent hurdla igmit to
the amount of calls a single application can ex@dot a given access token in a certain time frémm the
same IP address. While it is not officially docuneeh as per Facebook, apps tend to be limited € dBlls
every 10 minutes. For large resources, this limtit multiple times. FBWatch handles this by paggshe sync
task, and retrying periodically (every five minytés resume it. This can require up to 30 minutBWatch
also handles when a resource cannot be querigtihz it was deleted or disabled, when a usernhasebeen

changed, and other miscellaneous errors.



1.2 Data Model

The data models representing social network dalaosely based on the Facebook Graph APl formatre-A
source model corresponds to one Facebook entitglbatconstitutes the most important object in FBANaAIl
overlapping properties of the different types otétzook resources are saved in this data modefrabetext
name, the unique Facebook ID, the unique usernamtiehee full link to the resource on the Faceboaostesy.
Additional data relevant for the application is sdvn this data model as well: a flag indicatingettter or not a

resource is active, i.e. if it should be synchredizand the date of the last synchronization.

Other information returned by Facebook differs gyefor different entity types and is thus storeddam array of
key-value pairs. Here, information such as the remds likes for pages, a website URL or the firstl dast
names of real users, their gender and email addrespresented. Furthermore, configuration dathefappli-
cation is stored: information of the last synchration so that it can be resumed more easily andupticates
are retrieved. The value of stores the URL of it& fink of the paging feature of the first feedge, i.e. where
at the moment of synchronization newer data woeld\rilable. A property is called ‘last link’ sterthe link to

the last feed page unsuccessfully queried if aor eccurred.

The core data structure is the feed (or timelinedet of feed items. A feed item is modeled suahdhy type of
textual activity can be represented, i.e. postsjments and stories. Obviously, stories play an itaoo role in
user feeds. Note, however, that stories often appeglat next to the actual activity, especially fmomments;
therefore, the content will be duplicated withoatee So as to not lose too much information whemdliag

different types of feed entries, a few additionadpgerties are needed to the standard Facebooknsetder to
simplify the data model differences in the avakapbst types are mostly ignored. Post types aks,liphotos,
statuses, comments, videos, swfs (flash objectsxhack-ins as well as the corresponding storiéter Analyz-
ing the properties of these entries, the followattyibutes were selected: the unique facebook itBedtamps
representing when the entry was created and wheasitast updated, the originator of the entryjamatlly also

the receiver of the entry and the comment andddwnt if present.

The originator and receiver are represented agaepeesources, hence, only their unique IDs anedthere.
The count of comments and likes are taken fromctirements and likes properties of the Facebook fbrma
present. A normal post has an attribute messagehwialds the text the user posted. A story, howed@es not
have a message, but rather a story property. Tferatit sub-types of a post additionally have bitrés contain-
ing the link, photo URL, etc. Each of these projesrare mapped onto a single property. In ordeligtnguish
between different types of feed items this propesy be any of message, story or comment. Théuaittrithen
holds either story or comment for these two dap@s$yand the concrete post type for messages. Ayfokey to
the resource which this feed item belongs to,arewhich timeline it is posted. Last, to link conmmt®to their

respective post, a parent property is includedcivig null for top-level posts.



1.3 Summary

The developed artifact demonstrated a first promtypforming a general service that is capableaofiifating

Big Data analyses based on Facebook data. Theingsabftware was designed to be modular enougbeto
extended in many fferent possible ways in order to support a multitofleesearch questions. As an endeavor
like this is a large project only a first foundatiaas implemented. Nevertheless, as a first exploratork in
that direction the feasibility of a larger servisas demonstrated. The aim of targeting softwareatds non-
computer scientists is met for the main workflowr Bus main workflow the other usability requiremexit
response times of less than ten seconds is metari@f data or loading the deep details of a resocan take
more than ten seconds. For future applicationset@drformed on a fferent set of resources, the application
provides a simple workflow without the need to atasy source code. Modifying the scoring or addiegv

metrics requires programming knowledge, but isifdas

In order to facilitate dferent analyses, the metric system was modulariynelfiBy providing a general base
class where all specific metric classes can rediséanselves, it can be easily extended. Shouldmeadteystems

be required to perform additional analyses, thehied data can be exported into a JSON format antbmiher
software. The structure of the JSON format wasgihesl to be close to the one Facebook provides. iSieice

not all returned data is saved and some partstamedsdiferently, the JSON feed of Facebook and FBWatch are
not a one-to-one match. Only smalffdiences exist, though, and any Facebook formaepam®uld be adapted

easily to the artifact’'s format. In general, theéadiaput is extensible.

In summary, it can be said that the contributiotthds research is twofold. First, it provides aplexatory social
network observatory. Essential information and leimgles were discovered and a robust error handting-
duced. Second, a comprehensive solution for rétges new market perspective from the customertpain
view was presented focusing on Facebook data. idddily, the information contained within shouldopide
guidelines and a solid base for conducting furtiaial network research and for creating furtherambserva-
tories. With internet services and online socialmoek services developing at a rapid pace and raotemore
services being created the possibilities of faility the data which they collect stays an int@rgstopic of
research. It remains to be seen whether or not serkéces will open up their platforms and provégeess to at
least some part of their data warehouses givingean& researchers and in particular social scisntisw ways

of studying people’s behavior and get a new petsmeon markets.
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