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Abstract—We study the temporal behavior of messages ar- messages sent to a particular user, it is essential to obtain
riving in a social network. We specifically study the tweets gz Jarge sample size of messages set to the user. Most of the
and re-tweets sent to president Barack Obama on Twitter. ., rent OSNs define a “friendship” relation between the siser
We characterize the inter-arrival times between the tweets . .
the number of re-tweets and the spatial coordinates (latitde, A user of interest can sc_end messages to or receive me_ssages
longitude) of the users who sent the tweets. The modeling ohe from only those users with whom he/she shares a relation of
arrival process of tweets in Twitter can be applied to predi¢ friendship. Alternatively, OSNs contain “groups” on cémta
co-ordinated user behavior in social networks. While thereis topics and messages can 0n|y be exchanged between users
sufficient literature on social networks that pres.entllargevolumes that are registered in the group. These restrictions litmit t
of collected data, the modeling and characterization of thalata
have been rarely discussed. The available data are usuallyery amount of data that can _be 90||eCted to .S’tUdy_ the messag-es
expensive and not comprehensive. Here, we develop a softwar that are sent to a user. Twitter is one OSN in which any user Is
architecture that uses a Twitter application program interface permitted to send short messages called “tweets” to any othe
(API) to collect the tweets sent to specific users. We then e&tt  yser or on any topic. The users exchanging messages neither

the user ids and the exact time-stamps of the tweets. We usepggeq to maintain a relation of friendship nor need to possess
the collected data to characterize the inter-arrival timesbetween bership to th Thi bl lecti |
tweets and the number of re-tweets. Our studies indicate thta MEMDErshiptoihe same group. This enables collec iongélar

the arrival process of new tweets to a user can be modeled as aamount of data in reasonably quick time, which, in turn, can b
Poisson Process while the number of re-tweets follow a geotrie  used to develop stochastic models to characterize the sweet
distribution. Our data collection architecture is operating system From the time Twitter originated, billions of tweets haveshe
(OS) independent. The results obtained in this research cabe  craataq with the current average being fifty-five million et
applied to study correlations between patterns of user behaor . . .
and their locations. a day [5]. Th|§ is a grovyth of 1,400% since 2009 [6]. While
Index Terms:- Social networks, Twitter, API, modeling there are studies |n_the Iltera_ture that model the arrmad:qass_
of e-mails [7] and video traffic [8], there are not many stgdie
. INTRODUCTION that characterize the arrival process of messages in OSiNs. O
Online social networks (OSNs) have provided a means fef the reasons is the lack availability of free data and tick la
users all over the globe to get in touch with each othef an architecture that can enable data collection to sthey t
to satisfy their professional interests (e.g., linkedld) [ds statistics. Very recently, the arrival of tweets on eartias
well as their personal interests (e.g., FaceBook [2], Bwittand their correlation to the earthquake map was studied [9].
[3]). With a large volume of messages arriving from users iHowever, the results cannot be directly generalized torothe
different parts of the world, it poses an interesting chie topics since the origin of tweets exclusively depends on the
to researchers to model the traffic on these OSNs. The figglcurrence of a particular event- namely, earthquake.
step to characterizing the traffic or population of messages In this paper, we demonstrate an architecture for twitter
OSNs is to characterize the arrival process of the messagesta collection and analysis for formulation and developme
Some key reasons describing the importance of developidystochastic models of Twitter Data by considering a more
stochastic models to characterize OSNs are as follows [4].general data set. Specifically, we focus on the inter arrival
1) Social behaviour is complex: Stochastic models captuitme between tweets and the frequency of users re-tweeting
regularities in the behavior and allow for variability. to the same user. This is because, tweets sent to a user
2) A well specified stochastic model allows an estimatgepend on multiple events or many other factors like common
of certain parameters associated with the observed oisiterests, common profession, etc. Our data collectiohiarc

comes. tecture is based on Twitter APIs developed in conjuncticth wi
3) The model can be used to obtain the distribution ¢fYTHON [10] and MySQL [11]. A Twitter network can be
several possible outcomes. modeled as a directed graph as shown in Fig. 1 [12], in which

4) From the set of observed data, it is possible to obtaitertices represent users. A directed edge from a verigxp
a model from which the observed data may have beenother vertexy,, indicates that the usey is “following” user
generated. v OF uservs is “followed by” userv;. Typically, the retweets
Development of stochastic models to characterize the i@hawf tweets sent by a user has a correlation with the number
of OSNs requires a large amount of data samples. As an ef-users following the user of interest [13]. In our expenthe
ample, in order to characterize the inter-arrival timesMeein  we collect tweets from users that are following Barack Obama



Fig. 1. Following/followed relationships in Twitter

We then extract the user ids and the exact time-stamps of
tweets. We use the collected data to characterize the int
arrival times between tweets and the number of re-tweets
Barack Obama. Our studies indicate that the arrival proce
of new tweets to a user can be modeled as a Poisson Proc
while the number of re-tweets follow a geometric distributi

The impact of these research findings is as follows. The
are many models available in the queuing theory literatu
to study Markovian Queuing Systems with Poisson arrival
Those results can be applied to study of behavior of user pc
ulation in social networks like Twitter. Important paraeret
that can be determined are the mean growth and decay time
social networks i.e., mean time taken to grow a required si
of population or the mean time for the population of a socii
network to decay to a specified value. This can be determin
using the mean first passage time distributions. This, in,tui
provides a means to determine the growth or loss of popular
of topics or user following in Twitter. This queuing analysi
technique can also be applied to provide means of estiméte:
frequency of advertisements to generate the desired priyula
for a topic or for a desired population of user following.

The rest of the paper is organized as follows. The archite
ture for the data collection process is described in Sedtion
In Section Ill, we outline the pre-processing and the arisily<
of the collected Twitter data. Conclusions are drawn in iBact
V.

Il. ARCHITECTURE ANDTOOLS

Our experiment was run on a Dell Server Power Ed¢
running Windows Server 2003, Python [10] and MySQL [11]
Fig. 2 describes our experimental set up.

Python enables a fast adaptation of the code. One ¢
change the high-level layer of the application without diag
the business rules that are coded within the modules. MyS(
is an extensible, open storage database engine that of
multiple variations such as Berkeley DB, InnoDB, Heap an
MyISAM. MySQL integrates seamlessly with a number o
programming languages such as Python. Implementing 1
architecture using Python and MySQL provides the flexipilit
to adapt to other operating systems such as Linux, UNIX, e
To write an application in python to interact with MySQL

and Matlab we require an APl (Application Programming

Interface). The APIs used in our architecture are listecabld
l.
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Fig. 2. Twitter data collection architecture



TABLE | . .
PYTHON APIS MATLAB, MYSQL points. The MySQL database is shared between the PHP web

resources and the python twitter collection program.

APl Name Download Location
MySQLdb | http://mysql-python.sourceforge.net/ IIl. DATA COLLECTION AND ANALYSIS
mlabwrap http://mlabwrap.sourceforge.net/

The parameters of interest are the Twitter ids, and the time
when the tweet was sent. However, there are many attributes
In order to collect the required data for our analysis, it itshat can be obtamed,. €.g. Tvx{ltter USers name, language

reference, date they joined twitter, description, etg H

essential to use an API that is not only of low complexit 0?
implementation. but also compatible Wi¥h the thonpsofm)//a lllustrates examples of tweets that were sent to Barack @bam
P ' P Py that were collected using the architecture described iti@ec

We implement two TW|tter.APIs namely REST and TWythOI?I. The data collection procedure is detailed in SectiorAll
to enable our data collection process. Representatioadd St
Transfer (REST)[14] is an API that allows a user t0 qUER’ of Tweets
and extract tweets based on customized parameters. As|
example, it is possible to extract tweets by topic, a twitter
user id, a specified date range, etc. To obtain spatial datat ak
users who tweeted (e.qg., full name, location, descripc),

we use a Python API called Twython. The Twython API call

tweet text tweet date - tweet user

{@BarackObama Hey bro can I get an invite to - 2010-03-
tomorrow's bill signing? Prettv pleeceecease. | 29T18:01:207
@ BarackObama - 3,503,874 followers, go to 2010-03- .
www._congress.org and tell vour Congress - i sarabialb

eamatrtinez

; ; T17-50-2
are listed in Table II. members what you want for America. (B2 [
TABLE Il @BarackObama Schools can get away with 2010-03-
PYTHON/TWYTHON API CALLS tfinancial aid fraud! Check out my blog on the s Jaghoi24
: : 5 | 29T17:58:55Z
| topic hitprhardtopic blogspot.com/spref=tw
Method Description T S
searchTwitter| searches on topic and retrieve tweets @Baka__GbamaRT L e e .
showUser Returns the User Profile @KyraCNN Schools can get away with 2010-03- Jasboi24
financial aid fraud! Check out my blog \29T17-57:19Z2 B
hitprhardiopic blogspot. com/spref=tw
We use the Twython API, ShowUser, to determine locatic| | 2010-03- N
({@BarackObama will you follow me at twitter? | martijpusername

of tweets. However this API provides only the city and th

state but does not provide the latitude and longitude ceordi

nates. To obtain the spatial coordinates, we use a Restful AP

web service provided by Yahoo [15], to which, the address,

city and state are provided as input parameters and the toutgid the data analysis is described in Section 1I-B.

is an XML file which contains the latitude and longitude.

Fig.3 illustrates an example of using the Yahoo web serviée Data Collection

to determine the geographical location. In this examples Th Fig. 5 describes our data collection process. The twittex da
collection program captures two input parameters, i.e.,

20T17:51:427

Fig. 4. Tweet messages to President Barack Obama

1) Twitter id
ftp:ocal.yahaoapis.comMapsSenvca/Vt/geocodePappid=YD-GTbey8 JixQPAnd BF GglaNjaDMACQA- 2) time interval in minutes
Astreet=T01+First+Avebety=Sunnyvaledstate=CA . . . )
The Twitter Id is used to extract tweets sent to the specifled i

ol verson="10° 7> In our analysis, we collect the tweets sent to Presidentdiara

- <ResultSet xmins;xsi="http:/ /www.w3.0rg/2001/XMLSchema-instance’ xmins="urn:yahoo:maps' xsi:schemaLocation="urn:yahoo:maps . H H . [ . H
hitp://api.local.yahoo.com/MapsService/V1/GeocodeResponse.xsd"> Ot.)ama' The time Interval IS the.pe”OdICIty Wlth .WhICh the

- <Resul preciion="address’> twitter API is called. In our experiments, we consider a time
< atitude:37.416307 ¢/ Latitude . . . . .
dongiude>-122.025055<Longides interval of five minutes. Thus, every 5 minutes a request is
jéftjfsz;Z‘:\‘,i‘}c"‘ff!’m“> made to Twitter using the Twitter APIs, to obtain tweets sent
StatesCh</State> to Obama. The experiment was conducted for a period of 6
i days from 14th to 20th of April, 2010, to obtain about one
fResult> and a half million data points. The structure of the Twitter

<fResultSet>
e wgld

data that is collected. is illustrated in Fig 6. The key htités
which we extract are

1) Tweetld
Fig. 3. Yahoo geo web service 2) TimeStamp (Time of Tweet)
3) Tweet User (Twitter ID of user who sent Tweet)
latitude and longitude for 701 First Ave Sunnyvale Califarn )
are 37.416397 (north of the equator) and 122.025055 (i.B:, Data Analysis
west of the Greenwich meridian), respectively. Additidy,a Fig. 7 illustrates the overall Data Analysis procedure. The
web server running PHP and Apache is used to plot the spaparameters extracted using the described procedure are



Begin bl.l.txt-Nutepad 100X

Tweet Data @ :
Collection e £t Famat ew tep
TR, ;2010-04-14T20:29:4?2;|tandrew52927| ,EB-EMIEBHZOIO-M-MTEO:29:272;babybarac ,lﬂ
T UT-DA=147 2008142 prashant HLTOT, TTRTAA1677; JUT-04-L4T20: 06:072; Dver dnk ITTRIA0IL4; 2
Y er04-14T19:51:112;Ummm1mm  J1ROTOL248] POL0-04-14710:50:562; Beckaalouts
CARTURE KBUT 0: Q0000414710241 302 b 1218G300700; 000--TATTG 0 Tz e Terce 201
SEARCH hris_garber [TZL7980783; DOL0-04-14719:29:467; |oTocrazy2ld  L2A74876688; [UL0 ;
PARAMETERS = E 4 !
| Twiegt I et ThneSHany Titegd User
hile Process NO
NOT Terminated
By Admin L
/ Call Restful Search
- Twitter APl Based On =
YES Input Parameters
™ FI - )
Em[‘,:tv;w i Fig. 6. Raw data structure of tweets
Collection
STORE TWEET . .
IDs, TimeStamps, And users to twitter may lack accuracy or may be incomplete, e.g.
Tueet Users in Text a user may provide only the state and not the city or may
provide an incorrect city/state.
From the inter-arrival times computed using the collected
_ data, we determine their normalized frequencies. This ieedo
() seerstin by computing the statistical frequencies and normalizimg t
maximum frequency to one. From the extracted inter-arrival
times, we compute the mean inter-arrival tirfig,and define
the arrival rate as\ 2 L. We fit an exponential probability
density function (pdf) for the inter arrival times of tweets
that are sent to Barack Obama. If is the random vari-
able that denotes the inter-arrival times with sample space
St = {z|z € (0,00)}, then we fit the pdff(z), given by
fla) = re™ 1)
and the cumulative distribution function (cdf)(x) given by
Fig. 5. Twitter data collection procedure F(gc) —1 e (2)
To model the number of re-tweets to Barack Obama, we
1) Computing Inter-arrival between tweets proceed as follows. Le¥ be the random variable that denotes
2) Number of Tweets Sent to Obama by the same user the number of re-tweets. The sample spaceNofs Sy =
3) Determining Spatial Coordinates of Tweets {n|n € {0,1,2,3,---, }}. We fit a geometric probability mass

After the raw data was imported into the database, it W(Ij‘lénction (pmf), given by

found that off the total number of one and half m_iIIion tweets Pr{N =k} = p*(1 — p), (3)
only 5000 of these tweets were unique (determined using the .

tweet ids). The unique Tweets were ordered from the highagere0 < p < 1. The expected value oV, N, is then given
to the lowest tweet id to compute the inter-arrival time bedw by

tweets. From the unique tweets, frequency of tweets by each N = L, (4)
user and its spatial co-ordinates were determined andeplott -
on a map as shown in Fig 8 Despite having many twesdts.,
we were only able to determine 95 spatial coordinates. This N

is attributed to the fact due that the information provided b p= +1 ()
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Therefore, the parametep, can be obtained by computing
the mean number of re-tweets, from the collected data and
applying (5).

Spatial Coordinates of Tweets To Barack Obama

\
@ Greeniand

| tedrih pacific
Ocean

| o
i Pacific
g | FG

eeeeee

Fig. 8. Spatial coordinates of Twitter users tweeting toskient, Barack
Obama

tweets is 0.07, yielding an accuracy of 93%.

TABLE Il
RMSEOF THE MODELS FOR THE INTERARRIVAL TIMES AND NUMBER OF
RE-TWEETS

Graph | Parameter | RMSE

Fig.9 | AX=10.0083 | 0.0274
Fig.10 | p=0.7542 | 0.0674

IV. CONCLUSION

We developed an architecture that used PYTHON and
MySQL in conjunction with Twitter APIs to obtain tweets
sent to specific users. We used our architecture to obtain
the inter-arrival times between the tweets, the number of re
tweets and the locations of the users sending the tweets. An
exponential pdf was fitted to model the inter-arrival timds o
tweets with 97% accuracy and a geometric pmf was used to
model the number of re-tweets with 93% accuracy. Our results
can be used in conjunction with available results on quepein
theory, to study the transient and steady-state behavior of
social networks. The proposed architecture can be used to
monitor OSNs for correlation between user behaviors anid the
locations. The application of the obtained results to stilny
growth of population in OSNs is under investigation.
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