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PART 1.  DATA:  

 

I. Introduction 

 

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

contains the date, time and coordinates of the phone tower, and a record of each phone call and text 

message sent or received by each of approximately 6.2 million costumers. The dataset summarizes one 

month of activity. To guarantee anonymity, each user is identified by the data source with a security key 

(hash code) and any potential personal identifier was previously removed from the dataset.  

 

In our dataset, there are over 10,000 mobile phone towers, the Voronoi diagram around each tower 

offering a reasonable estimate of the towerôs service area. The Voronoi diagram areas are obtained by 

Delaunay triangulation (1), finding that the distribution of the tower areas follows a power-law with two 

different scaling regions (Fig. S8A).  

 

The cell phone dataset records the communication pattern of the user base, providing the time and 

the tower location for each call. Yet, given that the interevent time between consecutive calls is irregular, 

the sampling is often too sparse (Fig. S1A). To identify the hourly location we developed the following 

procedure: we discretized time, breaking each day into 24 hour long time intervals (Fig. S1B). If the 

user calls during a specific hour period, we set userôs position to the tower indicated by the dataset. If 

there are multiple locations recorded in the same hour long period, we choose one of the recorded 

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

period. For example, if there are two calls from two towers between 1 and 2pm, we will randomly 

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

tower two, then with 0.67 chance we choose tower one. Given the sparseness of the calls, this leaves us 

with an incomplete location record. Therefore, we developed a methodology to identify the userôs likely 

location building on the results of Ref. (2) on human mobility patterns (see Section 2.III and Fig. S1, C 

and D). 
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Fig. S1. Predicting the movement of mobile phone users. (A) Temporal patterns of communication. The 

numbers listed are the towersô IDs to which the userôs phone connected during a call. (B) A cartoon 

showing usersô recorded locations and simulated locations. (C) A userôs trajectory. (D) The userôs 

simulated trajectory based on the method described in Section 2.III. Each Voronoi cell approximates a 

towerôs service area. 
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PART 2.  METHOD:  

 

I. Introduction 

 

To identify the user locations with an hourly frequency we follow a two step procedure. First, we 

determine each userôs travel characteristics following the results of Ref. (2). Second, we reconstruct the 

position of the user at times when there are no calls such that the fundamental characteristics of each 

user are preserved. We will then validate our methods by comparing different statistics for the empirical 

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

 

II. Determining the user characteristics 

 

To characterize the mobility pattern of the user base we calculate for each user five parameters 

based on the original data collected by the mobile carrier. 

 

1. Center of mass position (xcm, ycm) 

Using the recorded locations of a user, we determine its trajectoryôs center of mass position (xcm, ycm) 

as: 
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where (xi, yi) are the x and y coordinates of the tower routing the ith call (or text message) made by the 

user in question, n is the number of calls (or text message) recorded. 

 

2. Radius of gyration rg 

The radius of gyration of a user measures the range of distances covered regularly by a user: 
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3. Most frequent position 

We define a userôs most frequent position as the location of the mobile phone tower routing most of 

its calls (or text message). 
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4. Principal axis ɗ 

To compare the trajectories of different users we calculate the 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 inertia tensor is given by 
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We define the x axis of userôs intrinsic reference frame as the eigenvector associated with the 

smaller eigenvalue of the inertia tensor, looking for a reference frame that satisfies: 0x'y' y'x'I I= =.  

This can be achieved by performing the rotation: 

cos( ) sin( )x' x yq q= + , sin( ) cos( )y' x yq q=- +                        (S5) 

such that  0x'y' y'x'I I= =.    
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This leads us to three possible solutions: 

(A). If  cos( ) 0q¸  and  0xyI ¸  then 
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We select one of the roots to make sure x'x' y'y'I I< .  

(B). 0xyI ¸   and cos( ) 0q= , then from (S7) we must have sin( ) 0q= , hence there is no valid 

solution in this case. 

(C). 0xyI = , we derive from (S7) ɗ=0 or ɗ= /́2. We select 0 or /́2 according to in which of these 

angles the momentum of inertia is minimum. 

Finally, we make a conditional rotation with  ́ to make sure the most frequent position has a 

positive value on the horizontal axis. 

 

 

http://en.wikipedia.org/wiki/Tensor
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5. ůx, ůy      

Finally, we define ůx and ůy as a way to characterize the vertical and horizontal spread of userôs 

location in its intrinsic reference frame.  
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Here ( , )i ix' y'  are the coordinates of positions in userôs intrinsic reference frame. We will use these 

quantities later to help create a universal pool of possible positions to simulate a userôs motion. 

 

III. Simulating mobility patterns 

 

1. Initial condition 

We start our simulation with each user located at its most frequent position. 

 

2. Deciding when users move 

We incorporated the fact that the probability that a user ñjumpsò to a new location depends on the 

time of the day by estimating the probability that a user changes position directly from the data. We 

achieve this using a detailed dataset in which the position of each user is recorded every hour. Some 

services provided by the mobile phone carrier, like pollen and traffic forecasts, rely on the approximate 

knowledge of the customerôs location at all times of the day. For customers that signed up for location 

dependent services, the date, time and the closest tower coordinates are recorded on a regular basis, 

independent of their phone usage. We were provided with 6 days of such records for 1,000 anonymized 

users, among which we selected the group of 206 users whose coordinates were recorded at every hour 

during 6 day period, resulting in 23,231 recorded positions. For each pair of consecutive hours, we 

define NT(t) as the total number of users for which we have location records in both hours. We then 

define ND(t) as the number of records in which a displacement is recorded. Hence, the empirically 

observed displacement probability is given by PD(t)=ND(t)/NT(t) (Fig. S2), which is properly normalized 

for each hour by NT(t)=ND(t)+NND(t), where NND(t) is the number of consecutive records where no 

displacement was recorded. 
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Fig. S2. The moving probability of a user, given by PD(t)=ND(t)/NT(t). 

 

3. Generating motion 

To simulate epidemic spreading we need to assign hourly positions to each individual. Because of 

the limited amount of information available in our dataset, we interpolated the original data for those 

hours in which location data was not available. Hence, in our epidemic simulation, the sequence of 

positions describing the motion of a user 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 assign 

the user to the location of the tower routing the call. When more than one call was recorded in a given 

hour, routed by different towers, we randomly choose one of the recorded positions, as we decided to 

keep a consistent record in which only one location is assigned to a user in each time period. 

 

For the hours when there is no location data available for a given user, we generate its location 

according to the following algorithm. 

 

(1) Decide if the user moves 

For each user, we decide if  it will move or not in a given hour according to the moving probability 

described above (Fig. S2). 

 

(2) Extract a position seed  

Next we extract a position seed for a user. This is done from the pool file generated directly from 

the empirical data according to the following procedure:  
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Following the results of Ref. (2) we calculated x/ůx and y/ůy in userôs intrinsic reference frame for 5 

million empirical locations. We then stored these values in a file. Pool file was generated before the 

simulation. 

For those hours in which there is no localization information, our simulation begins by randomly 

choosing a seed from the pool file. 

 

(3) Scaling and rotating userôs trajectory 

After randomly selecting (a, b) from the (x/ůx, y/ůy) pool file we rescale these values as: 

,x yx' a y' bs s= =                           (S10) 

We then rotate and re-center these coordinates to move them from the userôs intrinsic reference 

frame to the countryôs coordinates   

=cos( ) sin( ) + , =sin( ) cos( ) +cm cmx x' y' x y x' y' yq q q q- +                                        (S11) 

    

(4) Check if new position is in the country 

After re-centering and rotating the coordinates we look whether the newly chosen (x, y) position 

falls within the countryôs territory. In the case it dose not, we discard it and extract a new position seed.  

  

(5) Find the nearest tower 

After generating a new set of (x, y) position for the user we identify the nearest cell phone tower. If 

the tower is different from the tower recorded in the userôs previous location we assign this to the user 

as its new position. If it is the same tower we go back to (2) and re-start the process. 

 

IV.  Validation 

 

In this section we test our methodology by comparing the statistical properties of the simulated 

trajectories and those observed for the empirical data. In general, we find that our simulation does not 

introduce considerable biases in the statistical properties of the observed trajectories. 

 

1.   Global variables  

We begin our analysis by looking at the (x, y) position distribution. As it is expected, we find that 

there are no significant differences between the real and simulated distributions (Fig. S3, A and B). Next 

we show the distribution for the scaled variables (x/ůx, y/ůy) (Fig. S3, C and D), which again are 
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consistent between the real and simulated data, albeit we note that the simulated data appears to be 

slightly more isotropic than the empirical one. We continue our validation by looking at the cross-

section of the (x/ůx, y/ůy) distribution where y/ůy=0. Again, we find good agreement between the 

empirical and real data, albeit we also observe a small tendency for the simulated data to define a 

slightly more symmetrical distribution than that defined by the real data (Fig. S3E). Finally, we look at 

the rg 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 populated (Fig. S3F). We do not believe that these small deviations will affect our results on the 

spread of mobile viruses. 

 

2.  Local variables  

To study the changes introduced by the simulation in the parameters characterizing the user 

trajectories, we first look at the rg of the simulated user trajectories as a function of the rg measured 

directly from the calling data (Fig. S4A). As expected, the simulation introduces noise into the 

trajectories which results in a moderate scatter between these variables. Still, both rg appear to be 

consistent along the full range. Next we study the principal angle ɗ of real and simulated trajectories 

(Fig. S4B) finding in general that the ɗ angles are either the same or differ by a difference of one or two 

ˊ. Hence the simulation does not appear to introduce a considerable bias in the direction of a userôs main 

axis of motion. We continue our validation procedure by studying variations in the anisotropy of 

trajectories introduced by our simulation. We do this by looking at the ratio between ůy and ůx for real 

and simulated trajectories (Fig. S4C), finding that the simulation does introduce some scatter with a 

small bias to reduce the anisotropy of the most anisotropic trajectories. Finally, we explore the distance 

between the empirical and simulated center of mass defined by usersô trajectories, finding that while in 

some cases these two quantities differ by as much as the rg of the user in question, in most cases this 

distance is about 10% of userôs rg (Fig. S4D). 
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Fig. S3. Comparison of the global parameters for the real and simulated trajectories. (A) Distribution of 

(x/ůx, y/ůy) for 10 million recorded locations. (B) Simulated distribution of (x/ůx, y/ůy) for 10 million 

recorded locations. (C) Same as (A), but for the distribution of (x, y). (D) Same as (B), but for the 

distribution of (x, y). (E) The distribution of P(x/ůx, 0). (F) Comparison of the real rg distribution and 

simulated rg distribution. 


