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Abstract—The unprecedented amount of data from mobile Il. DATA

phones creates new possibilities to analyze various aspgctf . :
human behavior. Over the last few years, much effort has been Because the methodology we will develop here is partly

devoted to studying the mobility patterns of humans. In this motivated by the type of data available, we will first briefly

paper we will focus on unusually large gatherings of people,e. introduce them. The original data set we propose to analyze
unusual social events. We introduce the methodology of deteng  consists of all the calls of a large mobile phone company
such social events in massive mobile phone data, based on gn 3 European country. For each call, we have an identifier

Bayesian location inference framework. More specificallywe also . .
de\)//elop a framework for deciding who is attenging an e):\//ént. W (properly anonymized) for the person making the call (cplle

demonstrate the method on a few examples. Finally, we discsis and for the person receiving the call (callee). For bothecall
some possible future approaches for event detection, andme and callee we also have available the cell tower identifier at

possible analyses of the detected social events. the time the call started. Coupled with the location of aél th
antennas of the company, we can infer some position of the
users. We included both text messages and actual calls in our
Over the last decade many new data sources have arigg|ysis. The relevant data cover 14 months for asoti
that can be used in the social sciences, ranging from onligfjion users and aroungo0 million calls and text messages.
social networks, such as Facebook or Twitter, to huge mobilewe perform a selection of the users based on their calling
phone data, promising a completely new approach in th@navior. In order to be able to correctly identify users’
social sciences [1], [2]. This unprecedented amount of dafgations, we need sufficiently regular connections to the
on social behavior can be, and has been used to study fa@york, which can be expressed in terms of the time between
behavior of human beings. Data from mobile phones haygg calls [18]. We impose tha#0% of the time, a user will
been used to analyze many dynamics [3] such as mobilig involved in a new call less than one day after his last one.
behavior of people [4]-[6], uncovering highly regular werkgased on this selection, we keep arousi of the users,

office patterns [6], [7], communities in mobile phone netyhile keeping around7% of the total number of calls and
works [8], [9], the geography of calling behavior [10], shog  text messages.

a (gravitational like) effect of distance on the probabpilif a
link [11], and the so-called strength of weak ties [12]. Ill. L OCATION INFERENCE

In this paper we will focus on detecting social events in a To be able to extract accurate and meaningful informa-
massive mobile phone data set. One can think of events sticim from this raw data, we use a simplified probabilistic
as rock concerts and sports finals, but also of events sddimework, based on the work of [19]. The most important
as protests or emergencies. The idea here is to focus on tb@son for taking a probabilistic modeling approach is the
non-routine behavior of people, unlike earlier approa¢h®s somewhat erratic antenna jumps. It frequently happens that
[14]. For example, in an office district, many people will be user switches from neighbouring antennas while making
in a single place around the same time, but this does rsgveral calls, although it is unrealistic the user is atjual
constitute any social event. moving (because he would move too fast to be realistic).

Earlier analysis of events showed common geographidalirthermore, since we expect usage to be more intense than
profiles for certain types of events, and suggested a proximusual when events take place, multiple antennas will prighab
effect [13]. Such events will presumably have a significaserve customers at the event location due to load balancing.
impact on urban transit, so are important for urban plafrinally, our method can be seen as a smoothened Voronoi
ning [15], [16]. Another approach focused on anomalies tessellation, thereby dealing automatically with thegeetpf
detect emergency events [14]. Moreover, people seem pgloenomena.
behave differently at social events [17]. This highlight® t We denote byz the position of the user and hy; the
importance of detecting social events, in order to analyeent position of antenna. We will denote the probability to be

I. INTRODUCTION
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whether there is an event taking place or not at a certain
location at a certain time.

A. Presence Probability

We will be looking for an event in regiond, at some
starting timet, and ending time. during a specific weeky.
Let us denote byt 4 those antennas who cover the region
A. Furthermore, letr be the time windowlt,,t.] of the
% potential event ane, be the same time window during week
v =1,...,W. We can then select all calls that took place
within the time windowr,, at antennas it 4. Furthermore,

Fig. 1. Probability density);(x) (represented by the level curves) for a . : ;
particular antenna (the central black ‘X’), showing neighboring antennasa useru has made calls at antennas. .. ,ic, € X4 at time

(the red ‘X's) and the local Voronoi tessellation (in darkei). The density t1---:tc, IN 7. We are interested in the probability, a
can be seen as a smoothened Voronoi tessellation, where ithatso some useru was present a#l during timer,,.

(small) probability to be connected to antennwhen the user is in another For the exact time., for a specific calk, the probability a

\\

Voronoi cell. . ; . .
user was ind is clear from the previous section, and we denote
ity Wac(te) = [ ¥i. (z)dz. We now have to infer somehow
connected to antennagiven positionz with the probability to be present at at some time # ¢.. Keeping
it simple, we assume a person leaves a particular locatian at
¢i(z) = Pr(a = i|z) constant rate for ¢ > ¢., without any probability of returning.
< lz — X;|° Similarly, we assume a person to arrive at a constant-yate
= /0 ¢ 1;[ (1 —eXp (_Tm>) dr; (1) for ¢ < t,. This constant rate assumption then yields
JF
where 8 is a parameter representing how quickly the signal Ua.(t)= ef”'t*m/ i, (z)dx. 3)
A

decays [19]. As stated, this can be seen as a smooth approxi-
mation of the Voronoi tessellation, in which a user will ajga we have chosen such that there remains only% of the
connect to the closest antenna. To see this, assume thatdfiginal probability 15 minutes after and before the call

distanced; = |z — X;| < d; = ||z — Xj| is smaller fori Taking all calls into account, and normalizing by the théore
than for j. Then the fractiond;/d; < 1, and the probability jcal maximum, it follows that

¢j(x) — 0 for 8 — oco. Hence, the probability to connect to .

any antenngj, while there is another antennacloser, goes 1 jt max, W4 .(t)dt

to 0 for 3 — oo, congruent with the Voronoi tessellation. An Prp(u, A, 7w) = to —t, maxiex, Ui(A) )
example of this probability density is shown in Fig. 1. Since *

we are interested in the probability;(z) to be present at B. Ordinary Probability and Probability of Attending

upon connecting to antenmausing Bayes’ rule (without prior  gased on the same idea we used to compute the presence

information), we obtain probability Pr,(u, A, 7,), we derive the average probability
bi(x) a useru was in A within a certain time windowr for all
Yi(z) = +— 45— (2)  weeks different from w. This probability will be called ordinary
Jp #i(z)dx
D (3

probability Pr, to reflect the fact that it concerns ordinary
behavior, i.e. regular mobility pattern independent ofdkient
that may occur at week. This can be defined as

In this section we will introduce the methodology to detect

IV. EVENT DETECTION

w
. . ! 1

soc!al events based on _the calling patterns_of users. Weedefin Pro (1, A, ) — Z P (u, A, 1), ()

social events as exceptionally large gatherings of people w wW-1 ot

are ordinarily not present at a specific location. There are a vFEw

few key ingredients in this definition that need to be ma
clear: (1) presence at a location; (2) ordinary presence
location; and (3) exceptionally large gatherings. We wéfide
these concepts more clearly and formally in the followin
subsections.

We will first explam hc_>w we define th_e prc_;bablhty to_be Pry(u, A, 7) = Prp(u, A7) (1 — Pro(u, A, 7)), (6)
present at a certain location. Then we will define the orginar
probability of a user to be present at a certain location, amthere higher values indicate a higher degree of certainty
use both these probabilities to define a measure of attendithg user was attending an event on weelkcompared to its
a (possible) event. Finally, we will specify how we deciderdinary behavior during all other weeks.

dﬁﬁis probability captures how regularly this particulaeuwas
a}nathe area of interestl during the time window specified by
T, at other weeks thaw. We then define the probability the
Hser was attending the event as



hal-00627122, version 1 - 27 Sep 2011

Attendi
Regula

!1'

No. of Calls

i
il i (4 H
[

i
I, il
i | H‘ |
L [ ”“”"'Hlﬂ""'ﬂl]“lf |'||||;Hilli|im..' 'ﬂ.'.‘.i‘ﬂllm ‘

-2 0 0
MayJun Jul AugSep  NovDec Jan FebMar Apr MayJun Jul MayJun Jul AugSep  NovDec JanFebMar Apr MayJun Jul 0 2 4 6 8 10 12 14 16 18 20 22 24 0 2 4 6 8 10 12 14 16 18 20 22 24
Hour Hour

(a) Stadium (b) Park (a) Stadium (b) Park

Fig. 3. Figure (a) shows the number of calls made by those wéwe h
attended the first final according to our method and those valwertit. At the
time of the match (between 17-19h), the drop is most visibletfiose who
attend, as expected. Figure (b) shows the number of callthése attending
and those not attending the music festival. The festivakthseveral days,
with music continuing late into the night (or early in the mimg).

May Jun a1 AugSepR Nuvl)le: Jan FebMar Apr MayJun Jul 2 MayJaJuI-IA-ugSep. :nv(;ec Ja;.rewa:pr MayJun Jul no events. The popular tOUI‘iSt destination iS inCIUded o se
(c) Rural area (d) Tourist destination how the method is affected by a strong seasonal trend.

Fig. 2. Z-scores of number of attendees for four differemiaarof interest: _ i
(a) the national football stadium; (b) a large city park; &aural area; and (d) The results of the z-scores for the football stadium are

a tourist destination. For the national football stadiuhe two finals clearly diSplayed in Fig. 2(a). The two peaks represent exactiyvioe t
stand out, and for the park the music festival stands out.rlite area shows finals played, and our method then seems to detect these two

only one eV(cajnt,_ nan%ely Christmas evening, while the todestination shows fjn5|s correctly. Both finals were played at a Sunday between
fwo events during the summer. 17-19h, and we used the data between 15-21h to detect the
event. A more detailed analysis of the first final shows that
the number of calls drop during the hours 17-19h, as shown
in Fig. 3(a), but more stronger for those who are attending
In order to classify wether a user is attending an event gfe event according to our method. The results for the second
not, we select a cut-off valuBr such that onlyl% of the final are similar.
users have such a high attendance probability on average oveue can also compare the number of calls to the average on
all weeks. We then say a user has attended a social even§q8 weekday, which is represented by the thin dark line. The
weekw wheneverPr, (u, A, 7,) > Pry. number of calls of the non-attendees is larger than usugl jus
Let us denote by, the number of users that accordinghefore and just after the match. So, this suggests that some
to this decision rule have attended for a weekThen, let  people could be incorrectly classified as non-attendees.
den_ote_z the average number of attendees, andthe standard  The z-scores for the large city park are displayed in
deviation of the number of attendees. We then state that B@. 2(b). We observe only one clear peak, which corresponds

C. Event Detection

event has taken place, whenever to the date of the music festival. We again consider the
N — difference between the calls of those who attended (aaegrdi
=z>3, (") toour method) and those who do not, as displayed in Fig. 3(b).

hich is k Si b I The most striking feature is that the calls of attendees does
\év_ IC’b IS anV\;]n as a z-score. 'nﬁ% secl-::ms to h'el'?or'rlrl]a Y really seem to be increasing or decreasing throughout the da
listributed, when one removes the outliers (which will mogf, .6 soecifically, those who attend the music festival seem
likely be our events), the above condition simply states tha |, mainly the ones who call during the night. Given the

the probability to see so many possible attendees given ure of the festival. brobablv manv vouna people continue
normal distribution ofn,, is only aboutl % with z > 3, hence to party into the nigh:c.p y y young peop

th.ﬁy realtlhy_ retﬁresEn;tdun;suzlly I?r:ge gathe(r;ngsfotfhpeGME For the rural area we unexpectedly found one event. Upon
wilt use this threshold ot > 5 In the remainder of the paper. | ,cq, examination, this specific day surprisingly turnatto

be Christmas evening. Probably many family members gather,
who would normally be elsewhere in the country. Indeed for

We will now demonstrate the method on a number dhe other locations this week also shows a somewhat higher
different examples: (1) the national football stadium; )ity z-score (although not very high). The tourist destinatiooves
park; (3) a rural area; (4) a touristic area. For the firsttiora signs of two events during the summer, and it is clear what
we know what matches were being played, in particular the the high season and what the low season. For the tourist
finals of the national football cups. We know that (at leastjestination it is quite normal there are relatively manypeo
one big music festival took place in the large city park. Wduring the summer who are not there often, namely to spend
included a remote rural area, for which we expected to fintdeir holidays.

V. RESULTS
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These four examples suggest our method is capable Ribndel and Gautier Krings for some helpful comments and
detecting events, although one should take care in inténgre discussion.
the results. Looking into the calling dynamics for specifaysl
of the event suggests that our classification of attendirty an
not attending may work well, although it remains difficult to[1] D. J. Watts, "A twenty-first century scienceNature, vol. 445, p. 489,

REFERENCES

Jan 2007.
assess the performance exaCtIy' [2] D. Lazer, A. S. Pentland, L. Adamic, S. Aral, A. L. Barahd3. Brewer,
N. Christakis, N. Contractor, J. Fowler, M. Gutmann, T. Jab&. King,
VI. CONCLUSION & DISCUSSION M. Macy, D. Roy, and M. V. Alstyne, “Life in the network: the eong

This method gives a probabilistic framework to detect ggggm computational social sciencestience, vol. 323, p. 721, Feb

events, and determine which users participated in the evemd] J.-p. Onnela, J. Saramaki, J. Hyvonen, G. Szabd, MDAMenezes,
Based on a simple Bayesian location inference framework, K. Kaski, A-L. Barabési, and J. Kertész, "Analysis of agerscale
we have suggested how we can indicate which users are aﬁ"ggt%o_l ffg’vglrjknozfozgé'to_one human communicatioteiv J Phys,
likely to have attended the event, and when and where any M. Gonzalez, C. Hidalgo, and A.-L. Barabasi, “Underating individual

events happened. We have demonstrated this method on_a human mobility patternsNature, vol. 453, no. 7196, pp. 779-782, 2008.
] D. Brockmann, L. Hufnagel, and T. Geisel, “The scalingidaof human

. .. .. 5
few examples, using I|m|te_d da_ta}, namely pnly positions of travel” Nature, vol. 439, no. 7075, pp. 462—465, 2006.
the antennas. Still, it remains difficult to validate the hwet  [6] . Song, Z. Qu, N. Blumm, and A.-L. Barabasi, “Limits ofaglictability
without additional information. . in human mability, Sxiencs Jan 2010, @ siors: id iyistucre |
. . . . . . Eagle an . Pentlana, Igenbenaviors: identityisgucture In
However, con_§|d§r|ng a simple Voronoi method, not USI!']é routine,” Behav Ecol Sociobiol, vol. 63, pp. 1057-1066, May 2009.
such a probabilistic framework, already seems to providg] V. D. Blondel, J.-L. Guillaume, R. Lambiotte, and E. Lbfee, “Fast

some indication whether there is an event or not. However, Unrogdggg of C%TQouonsisiesoiq ';ggg networksy' Sat Mech-Theory E,
. : gy ) - vol. » Pp. , Oc :
it can easily misinterpret which people are actually atiegd [9] G. Palla, A-L. Barabasi, and T. Vicsek, “Quantifying cial group

Therefore, we might consider the following improvement. We ~ evolution,” Nature, vol. 446, pp. 664—667, Apr 2007.
first detect social events using a simple Voronoi method, 0] V. D. Blondel, G. Krings, and I. Thomas, “Regions anddes of mobile
use the more refined method suggested here to decide which t;L%‘i’;mLeolmgeggig and in the Brussels metropolitan 2oBe,ssels
people actually participated in the event. So using the WoFo [11] R. Lambiotte, V. D. Blondel, C. de Kerchove, E. Huens, Rtieur,
approach we obtain a coarse-grained view of which events Z. Smoreda, and P. V. Dooren, “Geographical dispersal of ilgob
happened, while our method gives a more fine-grained view of ggggumcaﬂon networksPhysica A, vol. 387, no. 21, pp. 5317-5325,
who is attending, and could provide a more accurate estim@t® J. Onnela, J. Saramaki, J. Hyvonen, G. Szabo, D. i.age Kaski,
of the exact location. This would speed up the algorithm, J- Kertész, and A. Barabasi, “Structure and tie strengthsnobile
making it more feasible to detect events across the whole gor;‘%‘én'ggg%n networks,P Natl Acad S US, vol. 104, no. 18,
country with reasonable accuracy. [13] F. Calabrese, F. Pereira, G. D. Lorenzo, and L. Liu, “Temgraphy
Once we have detected a number of events, we can ana|yze of taste: Analyzing cell-phone mobility and social evéntServasive
them more closely. Since we are able to (re)trace the steps,qf e e, P, Wang, T. Schoenharl, G. Maded A.-L.
attendees, we can analyze their mobility behavior and their Barabasi, “Uncovering individual and collective human ayrics from
calling behavior. People attending any events are showing, Mobile phone recordsJ Phys A-Math Gen, vol. 41, p. 224015, Jun
by definition, mobility behavior that is different from thei [15] é(?OSém' S. Williams, D. Frenchman, and R. Pulselli, éMie land-
routine. So the non-routine mobility behavior of peoplensse scapes: using location data from cell phones for urban sisal¥Environ
to be correlated with each other. Furthermore, we can aealyz  Plann B, vol. 33, no. 5, p. 727, 2006. o
whether this correlation is different for people that caltk o j‘sisge ?ﬂgss’p';g atliﬁ?ée:tfhc?ﬂg g]; tﬁ?ﬂ;ﬁ;g?ﬁgﬁ:ﬁg@%fﬁs
other. It can be expected for example, that most people willn  Plann B, vol. 36, no. 5, pp. 824-836, 2009.
go to social events on their own, but rather meet with friendd?l J. P- Bagrow, D. Wang, and A.-L. Barabsi, “Collectivspense of human
It might also be possible to investigate any possible word- 8gp2u(|)a1t'fns {0 large-scale emergencidd oS ONE, vol. 6, p. e17680,
of-mouth effect. Finally, the methodology might be usefyls] A.-L. Barabasi, “The origin of bursts and heavy taifsfiuman dynam-
in situations of crowd management or emergency detectign, ics.” Nature, vol. 435, pp. 207-11, May 2005. o
One of the more interesting directions of research will ks thl19] H. Zang, F. Baccelli, and J. Botﬁt’ Bayesian infererfoe localization
in cellular networks,” inProc 29" Conf Info Comm, pp. 1963-1971,
although people are behaving differently from ordinargyth IEEE Press, 2010.

tend to do so together.

ACKNOWLEDGMENT

The authors acknowledge support from a grant “Actions
de recherche concertées — Large Graphs and Networks”
of the “Communauté Francaise de Belgique” and from the
Belgian Network DYSCO (Dynamical Systems, Control, and
Optimization), funded by the Interuniversity AttractiowlBs
Programme, initiated by the Belgian State, Science Poliey O
fice. The authors would like to thank Paul van Dooren, Vincent



	Introduction
	Data
	Location Inference
	Event Detection
	Presence Probability
	Ordinary Probability and Probability of Attending
	Event Detection

	Results
	Conclusion & Discussion
	References

