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PART 1. DATA:

I. Introduction

The studied dataset was collected by a mobile phone carrier for billing and operational plirposes.

contains the date, time and coordinates ofpthene towerand a record oéach phone call and text
messageent or received by each of approximai@lg million costumersThe dataset summarizese
month of activity. To guarantee anonymity, each user is idenbfyatie data sourosith a securityjkey

(hash code) and any potentersonaldentifier was previously removed from the dataset.

In our dataset, there are over 10,000 mobile phone tothers/oronoi diagranaroundeachtower
offering areasombleestimaeé of thet o wer 6 s s ee& Woilomoediagrameaeame dbtainedy
Delaunay triangulatiofl), finding thatthe distribution of the tower arefollows a powerlaw with two

differentscalingregiors (Fig S8A).

The cell phone dataset records tmenrmunication pattern of thaser kase,providing the timeand
thetowerlocaion for eachcall. Yet, given that the interevent tirbetweerconsecutivesalls isirregular,
the samplings oftentoo spars€Fig. S1A). Toidentify the hourly locatiorwe developed théllowing
procedure: & discretized time, breaking each day into 24 hour long time intervals SEB). If the
user calls durin@ specific hour period, we set usgpositionto the tower indicated by the dataset. If

there are multiple locations recorded in the same hour lengdy we choose one of the recorded

locatiors with a probability that in proportional to the frequency of the towers observed in that time

period. For example, if there are twalls from two towers between dnd 2pm, we will randomly

choose one for thesais location. If, however, there are two calls from tower one and one call from

tower two,then with 0.67chance we choose tower one. Givengparsenesgsf the callsthis leaves us
with an incompletdéocationrecord. Therefore, wdevelogd amethodobgy to identify the useis likely

locationbuilding on the resultef Ref. (2) on human mobility patternsee Section 2.11l and Fig.1SC

and D.
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PART 2. METHOD:

I. Introduction

To identify the usedocaions with an hourly frequercy we follow a two step procedurEirst, we
determineeachusefs travel characteristic$ollowing the results ofRef. (2). Second, weeconstructhe
position of the user at timewhen there arao calk such thathe fundamentakharacteristics of each
userarepreservd. We will thenvalidate our methods by comparing different statistics foetmgirical

and simulated data, finding a good agreement between these two datasets.

Il. Determiningthe user characteristics

To characterizeéhe mobility patternof the user basee calculatefor eachuserfive parameters

based orthe originaldatacollected by thenobile carrier

1. Center of masposition(Xcm Yem)
Using the recorded locations of a ysee determine itrajectorys center of mass positi§Rem, Yem)
as
Xcm:a Xi/n’ ycm :aY. m (Sl)
i=1 i=1
where(x;, y;) are the x and y coordinate$ the tower routing thé&h call (or text messaganade by the

user in questiom is the number of call@r text messageecorded.

2. Radius of gyrationyg
The radius of gyration of a usereasurs the rangef distance covered regularligy auser

rg=\/%é CRESERTIERD (s2)

i=1

3. Most frequent position
We define a userod6s most frequent position

its calls(or text message

as



4. Principal axisd

To compare the trajectories different users wecalculatethe individual reference frame for each
user. We do this by finding the set of axes in which the inertia tensor defined by the collection of points
visited by each user takes a diagonal form.

The moment of inertikensoris given by

él XX I Xy
1=¢ (S3)
el 1y
Wherel XX = a (yi -ycm)z ’ Iyy = a (Xi -Xcm)z ’ Ixy :| yX = a (Xi Xc-m)(yi ycr?) (84)
i=1 i=1 i=1

We define the x axis of ugsrintrinsic reference framas the eigenvector associated with the

smalle eigenvalue of the inertia tensdwoking for a reference framatsatisfes 1,,. =1, 9.

This can be achieved by performittge rotation:

X' =xcos@) Hysin(qg, y = xsin(@) ycos(qg (S5)

such thatl,, =1, .
A (X - %,)C050) +0 %n)SIN(AN (6 %)Sin( F (¥ + g, )o0s( W (6)
- sin@)cos(g),, - (co§ (g -sift (), sin( )eps( ), g (S7)

This leads us to three possible solutions:
(A). If cos@), Cand I, O then

Ixx_ Iyy o\/(l XX I_y))z 4+x;
2l

Xy

tan@)= (S8)

We select one of the roots to make slye<lI ...

(B). 1,,. 0 andcos@)= (, thenfrom (S7)we must havesin(@)= 0, hencethere is no valid
solution in this cse.

(C). 1,, =0, wederivefrom (S7)d=0 ord="/2. We select 0 of /2 accordng to in which of these
angleshe momentum of inertia is minimum.

Finally, we make aconditioral rotation with ~ to make sure the mostequentposition has a
positive value orthe horizontalaxis


http://en.wikipedia.org/wiki/Tensor

5. Uy, Oy
Finally, we definelly and(ly as a way to characterize the verti]eah d hor i zont al S

location inits intrinsic reference frame.

a, = /a x\?n, G, = /a y'2In (S9)
i=1 i=1

Here (X}, y,) are the coordinates of positions in W@sentrinsic reference fram&Ve will use these

quantities later to help create a universal pool of possible positions to siaulatee r 6 s mot i on.

I1l. Simulatingmobility patterns

1. Initial condition

We start our simulation with each user located at its rfresfuentposition.

2. Deciding when usermove

We incorporated the fact that theopability that a useii j usdtp a new location depends on the
time of the day by estimating the probability that arushanges position directly frothe data. We
achieve thisusing a detailed dataset in which the position of each user is recorded evergdmer.
services provided by the mobile phone carrier, like pollen and tfafiecasts, rely on the approximate
knowl edge of the customer 0s custones that signedaip for dotation t i
dependent services, the date, time and the closest tmoedinates are recorded on a regular basis,
independent of their pherusage. We were providadth 6 days of such records for 1,0a@onymized
users, among which we selected the groupO&fusers whose coordinates were recorded at every hour
during 6 day period resulting in 2231 recorded positiong:or each pair of consecutive hours, we
define Nr(t) as the total number of users for which we have location re@ordoth hours We then
define Np(t) as the number of records in which a displacement is recorded. Hence, the empirically
observed diplacement probability is givasy Pp(t)=Np(t)/N1(t) (Fig. S2), which is properly normalized
for each hourby Nr(t)=Np(t)+Nnp(t), whereNyp(t) is the number of consecutive records where no

displacement was recorded.
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Fig. 2. Themoving probabilityof a usergiven byPp(t)=Np(t)/N+(t).

3. Generatingmotion

To simulate epidemic spreading we dde assign hourly positiorte each individual. Because of
the limited amount of informatio available in our daset, we interpolated the original data fbose
hours in which locatiordata was not available. Henda, our epidemic simulation, the sequence of
positions describing the motion afuser combines real data and positions simulated according to the
algorithm we describe next. For those hours where there is call data available for a given user, we assig
the user to the loation of the tower routing #éhcall. Whenmore than one call was recorded in a given
hour, outed by different towers, we randomly choose one ofeberdedpositions, as we deciddo

keep a consistent record in which only one locatsoassigned to a user in each time period.

For the hours wha there is ndocation data availabldor a given userwe generate stlocation

according to the following algorithm.

(1) Decideif the user moves
For each user, we dedif it will move or notin a gven hour according to theoving probability
described abové-ig. ).

(2) Extract a positiorseed
Next we extract a position seéat a user. This is done frothe pool file generated directly from

the empirical data according to the followipgpcedure:
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Following the results oRef. (2) we calculated/ly andy/dyinu s er 6 s i nt framefsri5c
million empirical locations. We then storedeievaluesin a file. Pool file was generated before the
simulation.

For those hours in whicthere is no loalization informationour simulation begins by randomly

choosinga seed from the podile.

(3) Scaling and rotating s etrajéctoly

After randomly selectingg( b) from the(x/Uy, y/y) poolfile we rescale these values as:
X'=as,,y s (S10)

We then rotate and +eenter these coordinates nwove themf r om t he wuser 6s

frame to the countryés coordinates

x=c0s@ )X - sin(qy" #, ,y =sin( & +cos( ¥ ¥, (511

(4) Check if new position is in the country
After re-centering and rotating the coordinates we look whether the newly cfgsgnposition

falls within the countrgs territory. In the case ilosenot, wediscard itand extract a new position seed.

(5) Find the nearest tower
After generating a new set of, {y) positionfor the usewe identify the nearest cell phone towef. |
the tower idifferentfrom thetower recorded in thasefs previous location wassign thigo the user

as its new positiarif it is the sameéowerwe go backto (2) andre-start the process

IV. Validation

In this section we test our methodology by compathngstatistical properties of the sidated
trajectories and thosabserved dr the empirical data. In general, wadi that our shulation does not

introduceconsiderable bi&sin the statistical properties of the observed trajectories.

1. Globalvariables
We begin our analysis by looking at the y) position distribution As it is expected, we find that
there ae no significant differences between the real and simulated distrib(Fign$3, A and B. Next

we show the distribution for the scaled variab{e&l,, y/(,) (Fig. S3, C and D, which again are

r

e
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consistent between the real and simulated data, allgeitote thatthe simulated data appears to be
slightly more isotropic than the empirical on&e continue our validation by looking at the cross
section ofthe (X0, y/Gy) distribution wherey/G,=0. Again, we find good agreement between the
empirical and real data, albeite also observe small tendency for the simulated data to define a
slightly more symmetrical distribution than that defined by the datd(Fig. S3E). Finally, we look at

therg distribution for the real and simulated data, finding a good agreement between both distributions
despite a tiny discrepancy at large gyration radius where the empirical distribution tends to be slightly
more poplated(Fig. S3F). We do not believe that thesenall deviatons will affect our resuls onthe

spread of mobile viruses.

2. Local variables

To study the changes introduced by the simulation time parameters characterizintpe user
trajectories we first look at therq of the simulatedusertrajectores as a function of they measured
directly from the calling data (FigS4A). As expected, the simulation introduces noise into the
trajectories which results in a moderate scatter between these varitledoth ry appear to be
consistent along thiull range. Nextwe study the principal anglé of real and simulated trajectories
(Fig. $4B) finding in general that thé anglesare either the same or differ by a difference of one or two

Hence the simulation does not appear to int

axis of motion. We continue our validation procedure by studying variations in the anisotropy of
trajectories introduced by osimulation. We do this by looking at the ratio betwégmnd (y for real
and simulated trajectorig$ig. S4C), finding that the snulation does introduce some scatter with a
small biasto reduce the anisotropy of the most anisotropic trajectories. Finallgxplerethe distance
bet ween the empirical and simulated center of
some cases these two quantities differ by as much ag tdidghe user in question, in most caseis th
distancas aboutl 0 % o f rq (fFig. 84D)0 s
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Fig. S3. Comparisorof the dobal parameterfor the real and simulated trajectori€&) Distribution of
(X/Gy, y/Gy) for 10 million recorded locationgB) Simulated distribution ofx/Cy, y/Gy) for 10 million
recorded locationg(C) Same agqA), but for the distributiorof (x, y). (D) Same agB), but for the
distributionof (x, y). (E) The distributia of P(x/ ,{i 0). (F) Comparison of the real, distribution and

simulatedrg distribution.



