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Abstract. The massive amounts of geolocation data collected from mobile phone records have sparked an ongoing effort to
understand and predict the mobility patterns of human beings. In this work, we study the extent to which social phenomena are
reflected in mobile phone data, providing some proof-of-principle examples. We illustrate in various ways how these events are
reflected in the data, and show how information about the events can be used to improve predictability in a simple model for a
mobile phone user’s location. We further propose a method for the automatic detection of such events and discuss their relation
to the social fabric as derived from mobile phone communications.
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1. Introduction

Mobile phone operators have access to an unprece-
dented volume of information about users’ real-world
behavior. The records of calls and messages exchanged
between their users provides a deep insight into the in-
teractions and activities of millions of individuals. The
social graph induced by mobile communications has
provided a rich field to apply social network analy-
sis to real-world problems. For instance, we can high-
light the use of community detection techniques (see
[2,7,13,21]); and the more recent advances in detect-
ing the evolution of communities in dynamic networks
(taking into account the evolution of the social graph
over time) in [1,17].

A key aspect of the data collected by mobile phone
operators that has attracted considerable attention in
recent years is the information about how people are
moving in the real world. In fact, mobile phone records
can be considered as the most detailed information on

*Corresponding author: Carlos Sarraute, Grandata Labs, Buenos
Aires, Argentina. E-mail: charles@grandata.com.

human mobility across a large part of the population
[19]. The study of the dynamics of human mobility us-
ing the collected geolocations of users, and applying
it to predict future users’ locations, has been an ac-
tive field of research [6,12]. In particular, this infor-
mation can be used to validate human mobility models
(as the authors of [14] did with the information from a
location-based social networking site); and to study the
interplay between individual mobility and social net-
works [20].

The study of human mobility can be applied to do-
mains as diverse as city planning and traffic engineer-
ing (e.g. to optimize the public transportation system
and the roads network); public health (e.g. to allow
health officials to track and predict the spread of con-
tagious diseases); or to guide humanitarian relief af-
ter a large-scale disaster (see [12] wherein the au-
thors study population movements after the Haiti 2010
earthquake). Using real-world data to understand hu-
man mobility is critical to such applications. On the
business side of applications, mobile carriers are seek-
ing for new revenue streams based on the anonymized
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and aggregated analysis of their subscribers’ mobility
data [11].

In this work, we study the extent to which social
phenomena are reflected in mobile phone data, focus-
ing in particular in the cases of urban commute and ma-
jor sports events. The rest of the paper is organized as
follows. Section 2 describes the real-world data source
that we used for our experiments. In Section 3, we
present a simple model to predict the location of a mo-
bile phone user, that we used as baseline of predictabil-
ity. In Section 4, we illustrate how urban commute can
be observed in the data, and compute basic metrics.
The mobility pattern associated with a sports event is
exposed in Section 5, where we also discuss how ex-
ogenous information about social events can be used to
improve the predictability of the simple model. In Sec-
tion 6, we show that the information from social events
is actually already contained in the data, and illustrate
this by implementing a mechanism for automatically
detecting events from the call data records alone. We
further include the information from the topology of
the network to argue for a ‘herd behavior’ of people
when attending sociocultural events, which constitutes
the basis for an effective tagging of users, for which we
give an outline. Finally, Section 7 concludes the paper,
and discusses ideas for future work.

2. Mobile data source

Our data source is anonymized traffic information
from a mobile operator in Argentina, focusing mostly
in the Buenos Aires metropolitan area, over a period
of 5 months. The raw data logs contain around 50 mil-
lion calls per day. Call Detail Records (CDR) are an
attractive source of location information since they are
collected for all active cellular users (about 40 mil-
lion users in Argentina), and creating additional uses
of CDR data incur little marginal cost.

For our purposes, each record is represented as a tu-
ple 〈x, y, t, d, l〉, where user x is the caller, user y is
the callee, t is the date and time of the call, d is the di-
rection of the call (incoming or outgoing, with respect
to the mobile operator client), and l is the location of
the tower that routed the communication. The tempo-
ral granularity used in this study is the hour, justified
by the findings in [18,19].

From the operator’s data, it is possible to have di-
rect information on mobile phone usage patterns, as
can be seen in Fig. 1, which shows the volume of
communications according to the day of the week

Fig. 1. Call distribution according to the day of the week and the
hour, averaged over a period of five months. (Colors are visible in the
online version of the article; http://dx.doi.org/10.3233/AIC-150687.)

and the hour. The expected contrast between weekend
and workweek is evident. More interesting informa-
tion is given by the communications peaks during the
morning (around 11 a.m.) and the afternoon (around
18 p.m.) from Monday through Friday, which depend
on the working habits in Argentina. The pattern for
Monday appears in Fig. 1 as a mixture between week-
days and weekends, which is explained by the fact that
most public holidays in the period studied were on this
day of the week.

Further insight into the dataset can be gained from
Figs 2 and 3, where we show the distribution of users
according to the total number of calls, and the distribu-
tion of call durations. These constitute a sanity check
for our data.

3. Mobility model

To predict a user’s position, we use a simple model
based on previous most frequent locations, and com-
pute its correct prediction probability (i.e. accuracy).
In order to find these locations, we split the week in
time slots, one for each hour (as in Fig. 1), totaliz-
ing 7 ∗ 24 = 168 slots per week. We then predict a
user’s location as the most visited in the prior equiva-
lent time slots of the week. Since humans tend to have
very predictable mobility patterns [8,10,19], this sim-
ple model turns out to give a good predictability base-
line, achieving an average of around 35% correct pre-
dictions for a validation period of 2 weeks (and training
with 15 weeks of data), including peaks of over 50%
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Fig. 2. Distribution of users according to their total number of calls. (Colors are visible in the online version of the article; http://dx.doi.org/10.
3233/AIC-150687.)

Fig. 3. Distribution of users according to the duration of calls. (Colors are visible in the online version of the article; http://dx.doi.org/10.3233/
AIC-150687.)

predictability. This model was used as a baseline in [3],
with which our results agree. In Fig. 4 we show the av-
erage predictability for all time slots (considering the
week from Sunday to Saturday).

Although the kind of periodic behavior observed in
the figure is widely explained in the literature, it is im-
portant to make a few remarks about the results ob-
tained:

– It is clear that predictability is at least 25% higher
during weekdays (Monday–Friday) than during
the weekend.

– During the night, people have a peak of pre-
dictability, corresponding to the time they typi-

cally spend at home.
– Predictability is slightly higher when computed

from outgoing calls than when computed from in-
coming calls.

One way to improve predictability would simply
consist in restricting the analysis to frequent callers,
but our aim here is predicting positions for as many
users as possible. Another possible way to improve the
accuracy of this simple model would be by clustering
antennas, since we are considering each antenna as a
different location. Although this seems to be a reason-
able choice, real life situations do not adjust perfectly
to this schema. While a user is at her house, she might
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Fig. 4. Users’ location predictability by time slot. Blue: Outgoing
calls. Red: Incoming calls. Green: All calls. We considered the week
starting at Sunday, so the first time slot corresponds to Sunday from
midnight to 1 a.m., whereas time slot 168 corresponds to Saturday
from 11 p.m. to midnight. (The colors are visible in the online ver-
sion of the article; http://dx.doi.org/10.3233/AIC-150687.)

Fig. 5. Antenna call distribution in Buenos Aires city and its sur-
roundings (the Greater Buenos Aires). Note that the color scale is
different than the one used in Fig. 6. (Colors are visible in the online
version of the article; http://dx.doi.org/10.3233/AIC-150687.)

be using more than one antenna, and we are consid-
ering that she is in two different places. On the other
hand, a user might use the same antenna while she is in
different locations, like her workplace and the nearby
restaurant where she eats lunch. Some of these prob-
lems are pathological, and can not be tackled due to the
poor space resolution given by antennas (as contrasted,
for example, with GPS information). However, several
problems can be solved by clustering antennas, where
those clusters would represent real locations for users.

4. Urban commute

The phenomenon of commuting is prevalent in large
metropolitan areas (often provoking upsetting traffic
jams and incidents), and naturally appears in mobile
phone data. For instance, in [9] the authors study com-
mute distances in Los Angeles and New York areas.
Mobile data allows for the quantification of this phe-
nomenon by providing indicators whose direct mea-
surement is unfeasible. Figure 5 shows the call distri-
bution for each antenna in the area of interest, averaged
over a whole month. We include a series of call pat-
terns illustrating the Buenos Aires commute in Fig. 6.

Red color corresponds to a higher number of calls,
whereas blue corresponds to an intermediate number
of calls and light blue to a smaller one.

From the data, we can estimate the radius of the
commute (RoC – the average distance traveled by com-
muters). To do so, we take into consideration the two
most frequently used antennas as the important places
for each user (home and work, see [5]). We proceed
first to define a night time, where users are usually at
their houses (9 p.m.–5 a.m. during weekdays) and a
day time where users are usually at their workplace
(12 p.m.–4 p.m. during weekdays). We then count how
many times each user makes or receives calls in each
of those two time spans.

To simplify the procedure, we take a square area
roughly corresponding to the country capital (the au-
tonomous city of Buenos Aires), which is separated
by a political boundary from the rest of the large
metropolitan area (the Greater Buenos Aires). Around
3 million people live in Buenos Aires city, whereas
around 13 million people live in the Greater Buenos
Aires, which is among the top 20 largest agglomera-
tions of the world by population.

A large part of the individuals working in Buenos
Aires city live in the Greater Buenos Aires, and com-
mute every day. Surveys and estimations state that
more than 3 million people commute to Buenos Aires
city every day. Thereby, we define a user as a com-
muter if she makes most of her night time calls from
outside the city and most of her day calls from inside
the city. To perform the experiment, we chose a thresh-
old τ = 80%, meaning that at least τ of a user’s night
time calls must be made from outside the city and at
least τ of day time calls must be made from inside the
city in order to be considered a commuter.

After defining commuters, their home and work lo-
cations have to be found in order to compute the radius
of commute. We define their home to be the antenna
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Fig. 6. Commute to Buenos Aires city from the surrounding areas on a weekday, for different hours. (a) 6 a.m.; (b) 8 a.m.; (c) 10 a.m.; (d) 2 p.m.;
(e) 5 p.m.; (f) 6 p.m.; (g) 7 p.m.; (h) 8 p.m.; (i) 10 p.m. The color scale can be seen in image (a) where numbers represent estimated number of
people in a circle from the corresponding color. Image (g) – corresponding to 7 p.m. – clearly shows the major roads and highways connecting the
city center to the North, West and South suburbs. (Colors are visible in the online version of the article; http://dx.doi.org/10.3233/AIC-150687.)

with the highest number of calls from outside the city
during night time, and analogously define their work to
be the antenna with highest number of calls inside the
city during day time. We consider the distance between
those two main antennas as the RoC for each user.

Having made the preceding definitions and assump-
tions, we compute an average RoC of 7.8 km (as a
comparison, the diameter of the city is about 14 km,
and the diameter of the considered metropolitan area is
90 km).

We also computed a random RoC assuming users’
locations were randomly distributed in the region of in-
terest and, once more, defining as commuters users that

live outside the city but work inside. The result was a
randomized average RoC of 32.9 km. This confirms an
intuitive idea: people’s living and working places tend
to be closer than what a random distribution would pre-
dict.

5. Sports events

As in the urban commute case, we study human mo-
bility in sports events as seen through mobile phone
data. In Fig. 7, we show how assistants to a Boca Ju-
niors soccer match converge to the stadium in the hours
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Fig. 7. Convergence to Boca Juniors stadium on hours prior to a soccer match, and dispersal after its end. (a) 5 h before; (b) 2 h before; (c) 1 h
before; (d) 1 h after; (e) 2 h after; (f) 3 h after. The color scale can be seen in image (a) where numbers represent estimated number of people in
a circle from the corresponding color. (Colors are visible in the online version of the article; http://dx.doi.org/10.3233/AIC-150687.)

Fig. 8. Similar to Fig. 7 on a day with no match. The time references are relative to the time of the match in Fig. 7 and are provided for ease of
comparison. (a) 5 h before; (b) 1 h before; (c) 1 h after; (d) 3 h after. (Colors are visible in the online version of the article; http://dx.doi.org/10.
3233/AIC-150687.)

prior to the game, and disperse afterwards. Average at-
tendance to Boca Juniors home matches is 42,000 peo-
ple.

Note that postselecting the users attending the event
necessarily produces the effect of having no calls out-
side the chosen area during the match. However, the
convergence pattern observed is markedly different
from the one seen for the same time slot of the week
on a day with no match, as shown in Fig. 8.

5.1. Improving predictability with external data

So far, our results illustrate how social events ap-
pear in the analysis of mobile phone data. This can
be in turn used to improve the mobility model. So-
cial relations among individuals have been used to im-
prove predictability in mobility models before, as in
[3], where social links learned from the mobile phone
records are used to this end. In this section, we show
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how an external data source can be used to improve the
model.

We illustrate this effect using as proof of concept the
case study of soccer matches. By taking the soccer fix-
ture, we tag users as “Boca Juniors fans” if they make
calls using antennas around the stadium and during
the time slots of Boca matches for three selected con-
secutive matches (which include both home and away
matches), which can be considered as part of our train-
ing set for the new approach. Using this tagging, we
can dramatically improve predictability for this group
of Boca fans, even predicting locations that had never
been visited by a user before, 1000 km away from her
usual location.

In the basic model, we predicted a user’s location
in a particular time slot to be her most frequent lo-
cation in that particular time slot in the training set,
whereas in this enriched model, we predict the stadium
location (as a cluster of the antennas surrounding it) in
case the user is a Boca Juniors fan and we are mak-
ing predictions on a day where Boca plays a match
on that stadium. To evaluate the basic model, we use
15 weeks of data for training purposes, as described
in Section 3. For the enriched model, we use the same
training data, adding the previously mentioned social
information (i.e. tagging users) on three consecutive
Boca matches in that period. The evaluation is made
on the same testing data set in both cases, consisting
on the three days where Boca plays the next matches.

The predictability of the model for these tagged
users considering the fixture data rises for the days
where there is a Boca Juniors match to 38% – which
doubles the 19% accuracy achieved by our previous
model for the same set. Moreover, the initial model is
only able to make predictions in 63% of events in the
given set (as a consequence of a lack of information
from the training set data), whereas the socially en-
riched model tries to predict 100% of the events dur-
ing match days, which make the previous results even
more significant.

In order to understand these results, we illustrate
with a few examples where the enriched model out-
performs the simple model. On one hand, the simple
model would never predict a user’s location on a dif-
ferent city or in an unvisited location, whereas the en-
riched model would do so if the user is a Boca fan, and
Boca has an away match in that city. On the other hand,
if Boca usually plays matches on Sundays at 7 p.m.
a Boca fan could have a stadium antenna as its most
frequent antenna for that particular time slot. Conse-
quently, the simple model would predict her to be in

that location for any other Sunday. However, the en-
riched model wouldn’t do so for away matches, and
can even take into account that season is over, and
therefore predict the location of the following most fre-
quent antenna. We note that although we have illus-
trated the improvement in predictability only in cases
of massive events, there is no requirement for this in
principle. As long as one has a satisfactory tagging of
users, which could be achieved automatically by col-
lating a big number of small events (like users who sys-
tematically go to local movie releases), or even manu-
ally, the improvement in location predictability would
be warranted.

6. Automatic event detection

In the previous sections, we showed how social
events show up in mobile phone data, and how infor-
mation about these events can be used to improve the
predictability in human mobility models. This infor-
mation was exogenous in the sense that we had to con-
sult sources other than the cell phone data in order to
find out the location of the Boca stadium, or the time
of the matches, for instance. In this section, we show
how we can use the actual phone data in an endogenous
manner in order to detect past events automatically (as
[4,15] did with social media such as Twitter). The cen-
tral idea here is that the events we are interested in in-
volve a large amount of people, and hence change the
usage patterns of antennas nearby, as evidenced in their
traffic time series.

We consider the number of calls per hour registered
in each antenna, according to the week wi (0 � i < n,
where n is the number of weeks in the studied dataset),
the day of the week dj (0 � j � 6) and the hour of the
day hk (0 � k � 23). For each time slot (wi, dj , hk),
we denote the number of calls as C(i,j,k) and we com-
pute an event index E(i,j,k) given by the ratio

E(i,j,k) = C(i,j,k)

1
n−1

∑
0��<n,� �=i C(�,j,k)

. (1)

To understand the rationale of the event index, we
should notice that the traffic of calls in two different
antennas usually differ. Moreover, even for the same
antenna, the traffic of calls can vary widely among the
different days of the weeks, or hours of the day. Thus,
a fair way of determining whether the traffic received
by an antenna in a particular timeslot is extraordinary
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Fig. 9. Event index E and volume of calls registered in a cell tower near Plaza de Mayo for each time slot (hour) during a period of 3 months.
A massive event was detected on March 24th, 2012 (a demonstration at Plaza de Mayo). (Colors are visible in the online version of the article;
http://dx.doi.org/10.3233/AIC-150687.)

Fig. 10. Event index E and volume of calls registered in a cell tower near River Plate Stadium for each time slot (hour) during a period of 3
months. Several massive events were detected during March 2012 (the Roger Waters concerts). (Colors are visible in the online version of the
article; http://dx.doi.org/10.3233/AIC-150687.)

or not, is to compare with the traffic for the same an-
tenna, in the same day and hour, for different weeks.

Figure 9 shows (a) the event index E and (b) the
volume of calls registered in a cell tower near Plaza
de Mayo (in Buenos Aires downtown) for each time
slot (hour) during a period of 3 months (January 1 to
March 31, 2012). The peak in E corresponds to a
demonstration in remembrance of the beginning of the
military regime that ruled the country for six years
from 1976.

Figure 10 shows (a) E and (b) the volume of calls
registered in a cell tower near the River Plate stadium,
during the same period of 3 months. We can identify
the series of Roger Waters concerts that took place dur-
ing March 2012.

As was just illustrated, we can automatically detect
events through peaks in the event index E as defined
in Eq. (1), to which we can afterwards assign a mean-
ing manually as in the two examples provided. At this
point, we can proceed in the way we did with the Boca
match, by tagging users according to their interests and
improving their location predictability. The advantage
in using an automatic procedure for event detection lies
in that events most singular in terms of the E peak are
those which involve larger usage fluctuations, and thus
may allow for the tagging of larger amounts of users.

The autodetected events can also be used for a dif-
ferent purpose without going through the manual la-
beling stage. Given that users tend to assist events of
the same kind (as was exemplified in the Boca case),

[research-article] p. 8/10

http://dx.doi.org/10.3233/AIC-150687
http://dx.doi.org/10.3233/AIC-150687


UNCORRECTED  P
ROOF

N.B. Ponieman et al. / Mobility and sociocultural events in mobile phone data records 9

1 52

2 53

3 54

4 55

5 56

6 57

7 58

8 59

9 60

10 61

11 62

12 63

13 64

14 65

15 66

16 67

17 68

18 69

19 70

20 71

21 72

22 73

23 74

24 75

25 76

26 77

27 78

28 79

29 80

30 81

31 82

32 83

33 84

34 85

35 86

36 87

37 88

38 89

39 90

40 91

41 92

42 93

43 94

44 95

45 96

46 97

47 98

48 99

49 100

50 101

51 102

Fig. 11. Conditional probability of a user being in an event given
that nc of his/her contact were present in the event. (Colors are vis-
ible in the online version of the article; http://dx.doi.org/10.3233/
AIC-150687.)

we can tag users with similar patterns of participation
in events as having common interests, and then when
exogenous information about a user becomes avail-
able, we can propagate it to user with similar interests.
We will illustrate the plausibility of this procedure by
showing how events concentrate clusters of users in the
network.

In Fig. 11 we make use of the network topology to
plot the conditional probability of an individual being
in an event as a function of the number of contacts of
the individual present in the event. For each number of
contacts nc ∈ [1, 17] we define this probability as the
number of users present in the event that have nc con-
tacts also present in the event, divided by the total num-
ber of users having nc contacts present in the event. We
clearly see how the probability increases with the num-
ber of contacts, a clear manifestation of the ‘herd be-
havior’ in people’s attendance to sociocultural events,
which enables the propagation of tags as described
above. Further exploration of this phenomenon is per-
formed in [16].

7. Conclusions and future work

We illustrated how social phenomena can be studied
through the lens of mobile phone data, which can be
used to quantify different aspects of these phenomena
with great practicality. Furthermore, we showed how
including external information about these phenomena
can improve the predictability of human mobility mod-
els.

Although we showed this in a specific case as a proof
of concept experiment, we note that this procedure can
be extended to other settings, not restricted to sports
but including cultural events, vacation patterns and so
on (see [12] for a specially relevant application). The
tagging obtained is useful on its own and is of great
value for mobile phone operators. The big challenge in
this line of work is to manage to include external data
sources in a systematic way.

In this respect, we showed how automatic event de-
tection can be performed from mobile phone data and
then manually tagged, and drafted a procedure for the
automatic tagging of users’ interests. By combining
these techniques, we can build an expanding network
of common interests which nourishes both from mas-
sive events (tagged or otherwise) and individual user
tags arising from their phone usage pattern. Our chal-
lenge now is to fully develop the automatic user tag-
ging procedure delineated in Section 6 and set up the
actual population-scale interest network.
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