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Understanding individual human mobility patterns
Marta C. González1, César A. Hidalgo1,2 & Albert-László Barabási1,2,3

Despite their importance for urban planning1, traffic forecasting2

and the spread of biological3–5 and mobile viruses6, our under-
standing of the basic laws governing human motion remains
limited owing to the lack of tools to monitor the time-resolved
location of individuals. Here we study the trajectory of 100,000
anonymized mobile phone users whose position is tracked for a
six-month period. We find that, in contrast with the random tra-
jectories predicted by the prevailing Lévy flight and random walk
models7, human trajectories show a high degree of temporal and
spatial regularity, each individual being characterized by a time-
independent characteristic travel distance and a significant prob-
ability to return to a few highly frequented locations. After
correcting for differences in travel distances and the inherent
anisotropy of each trajectory, the individual travel patterns col-
lapse into a single spatial probability distribution, indicating that,
despite the diversity of their travel history, humans follow simple
reproducible patterns. This inherent similarity in travel patterns
could impact all phenomena driven by human mobility, from
epidemic prevention to emergency response, urban planning
and agent-based modelling.

Given the many unknown factors that influence a population’s
mobility patterns, ranging from means of transportation to job- and
family-imposed restrictions and priorities, human trajectories are often
approximated with various random walk or diffusion models7,8.
Indeed, early measurements on albatrosses9, followed by more recent
data on monkeys and marine predators10,11, suggested that animal tra-
jectory is approximated by a Lévy flight12,13—a random walk for which
step sizeDr follows a power-law distribution P(Dr) ,Dr2(1 1 b), where
the displacement exponent b , 2. Although the Lévy statistics for some
animals require further study14, this finding has been generalized to
humans7, documenting that the distribution of distances between con-
secutive sightings of nearly half-a-million bank notes is fat-tailed. Given
that money is carried by individuals, bank note dispersal is a proxy
for human movement, suggesting that human trajectories are best
modelled as a continuous-time random walk with fat-tailed displace-
ments and waiting-time distributions7. A particle following a Lévy
flight has a significant probability to travel very long distances in a
single step12,13, which seems to be consistent with human travel pat-
terns: most of the time we travel only over short distances, between
home and work, whereas occasionally we take longer trips.

Each consecutive sighting of a bank note reflects the composite
motion of two or more individuals who owned the bill between
two reported sightings. Thus, it is not clear whether the observed dis-
tribution reflects the motion of individual users or some previously
unknown convolution between population-based heterogeneities and
individual human trajectories. Contrary to bank notes, mobile phones
are carried by the same individual during his/her daily routine, offering
the best proxy to capture individual human trajectories15–19.

We used two data sets to explore the mobility pattern of indivi-
duals. The first (D1) consisted of the mobility patterns recorded over

a six-month period for 100,000 individuals selected randomly from a
sample of more than 6 million anonymized mobile phone users. Each
time a user initiated or received a call or a text message, the location of
the tower routeing the communication was recorded, allowing us
to reconstruct the user’s time-resolved trajectory (Fig. 1a, b). The
time between consecutive calls followed a ‘bursty’ pattern20 (see
Supplementary Fig. 1), indicating that although most consecutive
calls are placed soon after a previous call, occasionally there are long
periods without any call activity. To make sure that the obtained
results were not affected by the irregular call pattern, we also studied
a data set (D2) that captured the location of 206 mobile phone users,
recorded every two hours for an entire week. In both data sets, the
spatial resolution was determined by the local density of the more
than 104 mobile towers, registering movement only when the user
moved between areas serviced by different towers. The average ser-
vice area of each tower was approximately 3 km2, and over 30% of the
towers covered an area of 1 km2 or less.

To explore the statistical properties of the population’s mobility
patterns, we measured the distance between user’s positions at con-
secutive calls, capturing 16,264,308 displacements for the D1 and
10,407 displacements for the D2 data set. We found that the distri-
bution of displacements over all users is well approximated by a
truncated power-law:

P Drð Þ~ DrzDr0ð Þ{bexp {Dr=kð Þ ð1Þ

with exponent b 5 1.75 6 0.15 (mean 6 standard deviation),
Dr0 5 1.5 km and cutoff values k D1j ~400 km and k D2j ~80 km
(Fig. 1c, see the Supplementary Information for statistical valida-
tion). Note that the observed scaling exponent is not far from
b 5 1.59 observed in ref. 7 for bank note dispersal, suggesting that
the two distributions may capture the same fundamental mechanism
driving human mobility patterns.

Equation (1) suggests that human motion follows a truncated
Lévy flight7. However, the observed shape of P(Dr) could be explained
by three distinct hypotheses: first, each individual follows a Lévy tra-
jectory with jump size distribution given by equation (1) (hypothesis
A); second, the observed distribution captures a population-based
heterogeneity, corresponding to the inherent differences between indi-
viduals (hypothesis B); and third, a population-based heterogeneity
coexists with individual Lévy trajectories (hypothesis C); hence, equa-
tion (1) represents a convolution of hypotheses A and B.

To distinguish between hypotheses A, B and C, we calculated the
radius of gyration for each user (see Supplementary Information), inter-
preted as the characteristic distance travelled by user a when observed up
to time t (Fig. 1b). Next, we determined the radius of gyration distri-
bution P(rg) by calculating rg for all users in samples D1 and D2, finding
that they also can be approximated with a truncated power-law:
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with r0
g ~5:8 km, br 5 1.65 6 0.15 and k 5 350 km (Fig. 1d, see

Supplementary Information for statistical validation). Lévy flights
are characterized by a high degree of intrinsic heterogeneity, raising
the possibility that equation (2) could emerge from an ensemble of
identical agents, each following a Lévy trajectory. Therefore, we
determined P(rg) for an ensemble of agents following a random walk
(RW), Lévy flight (LF) or truncated Lévy flight (TLF) (Fig. 1d)8,12,13.
We found that an ensemble of Lévy agents display a significant degree
of heterogeneity in rg; however, this was not sufficient to explain the
truncated power-law distribution P(rg) exhibited by the mobile
phone users. Taken together, Fig. 1c and d suggest that the difference
in the range of typical mobility patterns of individuals (rg) has a
strong impact on the truncated Lévy behaviour seen in equation
(1), ruling out hypothesis A.

If individual trajectories are described by an LF or TLF, then
the radius of gyration should increase with time as rg(t) , t3/(2 1 b)

(ref. 21), whereas, for an RW, rg(t) , t1/2; that is, the longer we
observe a user, the higher the chance that she/he will travel to areas
not visited before. To check the validity of these predictions, we
measured the time dependence of the radius of gyration for users
whose gyration radius would be considered small (rg(T) # 3 km),
medium (20 , rg(T) # 30 km) or large (rg(T) . 100 km) at the end
of our observation period (T 5 6 months). The results indicate that

the time dependence of the average radius of gyration of mobile
phone users is better approximated by a logarithmic increase, not
only a manifestly slower dependence than the one predicted by a
power law but also one that may appear similar to a saturation
process (Fig. 2a and Supplementary Fig. 4).

In Fig. 2b, we chose users with similar asymptotic rg(T) after
T 5 6 months, and measured the jump size distribution P(Drjrg)
for each group. As the inset of Fig. 2b shows, users with small rg travel
mostly over small distances, whereas those with large rg tend to
display a combination of many small and a few larger jump sizes.
Once we rescaled the distributions with rg (Fig. 2b), we found that the
data collapsed into a single curve, suggesting that a single jump size
distribution characterizes all users, independent of their rg. This
indicates that P Dr rg

&&! "
*r{a

g F Dr
%

rg

! "
, where a < 1.2 6 0.1 and

F(x) is an rg-independent function with asymptotic behaviour, that
is, F(x) , x2a for x , 1 and F(x) rapidly decreases for x? 1.
Therefore, the travel patterns of individual users may be approxi-
mated by a Lévy flight up to a distance characterized by rg. Most
important, however, is the fact that the individual trajectories are
bounded beyond rg; thus, large displacements, which are the source
of the distinct and anomalous nature of Lévy flights, are statistically
absent. To understand the relationship between the different expo-
nents, we note that the measured probability distributions are related

Figure 1 | Basic human mobility patterns. a, Week-long trajectory of 40
mobile phone users indicates that most individuals travel only over short
distances, but a few regularly move over hundreds of kilometres. b, The
detailed trajectory of a single user. The different phone towers are shown as
green dots, and the Voronoi lattice in grey marks the approximate reception
area of each tower. The data set studied by us records only the identity of the
closest tower to a mobile user; thus, we can not identify the position of a user
within a Voronoi cell. The trajectory of the user shown in b is constructed
from 186 two-hourly reports, during which the user visited a total of 12
different locations (tower vicinities). Among these, the user is found on 96
and 67 occasions in the two most preferred locations; the frequency of visits

for each location is shown as a vertical bar. The circle represents the radius of
gyration centred in the trajectory’s centre of mass. c, Probability density
function P(Dr) of travel distances obtained for the two studied data sets D1

and D2. The solid line indicates a truncated power law for which the
parameters are provided in the text (see equation (1)). d, The distribution
P(rg) of the radius of gyration measured for the users, where rg(T) was
measured after T 5 6 months of observation. The solid line represents a
similar truncated power-law fit (see equation (2)). The dotted, dashed and
dot-dashed curves show P(rg) obtained from the standard null models (RW,
LF and TLF, respectively), where for the TLF we used the same step size
distribution as the one measured for the mobile phone users.
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drg, which suggests (see Supplemen-

tary Information) that up to the leading order we have
b 5 br 1 a 2 1, consistent, within error bars, with the measured
exponents. This indicates that the observed jump size distribution
P(Dr) is in fact the convolution between the statistics of individual
trajectories P(Drgjrg) and the population heterogeneity P(rg), con-
sistent with hypothesis C.

To uncover the mechanism stabilizing rg, we measured the
return probability for each individual Fpt(t) (first passage time
probability)21,22, defined as the probability that a user returns to the
position where he/she was first observed after t hours (Fig. 2c). For a
two-dimensional random walk, Fpt(t) should follow ,1/(t ln2(t))
(ref. 21). In contrast, we found that the return probability is char-
acterized by several peaks at 24 h, 48 h and 72 h, capturing a strong
tendency of humans to return to locations they visited before,
describing the recurrence and temporal periodicity inherent to
human mobility23,24.

To explore if individuals return to the same location over and over,
we ranked each location on the basis of the number of times an
individual was recorded in its vicinity, such that a location with
L 5 3 represents the third-most-visited location for the selected indi-
vidual. We find that the probability of finding a user at a location with
a given rank L is well approximated by P(L) , 1/L, independent of the
number of locations visited by the user (Fig. 2d). Therefore, people
devote most of their time to a few locations, although spending their
remaining time in 5 to 50 places, visited with diminished regularity.
Therefore, the observed logarithmic saturation of rg(t) is rooted in
the high degree of regularity in the daily travel patterns of individuals,
captured by the high return probabilities (Fig. 2b) to a few highly
frequented locations (Fig. 2d).

An important quantity for modelling human mobility patterns is
the probability density function Wa(x, y) to find an individual a in a
given position (x, y). As it is evident from Fig. 1b, individuals live and
travel in different regions, yet each user can be assigned to a well
defined area, defined by home and workplace, where she or he can
be found most of the time. We can compare the trajectories of dif-
ferent users by diagonalizing each trajectory’s inertia tensor, provid-
ing the probability of finding a user in a given position (see Fig. 3a) in
the user’s intrinsic reference frame (see Supplementary Information
for the details). A striking feature of W (x, y) is its prominent spatial
anisotropy in this intrinsic reference frame (note the different scales
in Fig. 3a); we find that the larger an individual’s rg, the more pro-
nounced is this anisotropy. To quantify this effect, we defined the
anisotropy ratio S ; sy/sx, where sx and sy represent the standard
deviation of the trajectory measured in the user’s intrinsic reference
frame (see Supplementary Information). We found that S decreases
monotonically with rg (Fig. 3c), being well approximated with
S*r{g

g for g < 0.12. Given the small value of the scaling exponent,
other functional forms may offer an equally good fit; thus, mecha-
nistic models are required to identify if this represents a true scaling
law or only a reasonable approximation to the data.

To compare the trajectories of different users, we removed the
individual anisotropies, rescaling each user trajectory with its
respective sx and sy. The rescaled ~WW x=sx ,y

%
sy

! "
distribution

(Fig. 3b) is similar for groups of users with considerably different
rg, that is, after the anisotropy and the rg dependence are removed
all individuals seem to follow the same universal ~WW ~xx,~yyð Þ probabi-
lity distribution. This is particularly evident in Fig. 3d, where we
show the cross section of ~WW x=sx ,0ð Þ for the three groups of
users, finding that apart from the noise in the data the curves are
indistinguishable.

Taken together, our results suggest that the Lévy statistics observed
in bank note measurements capture a convolution of the population
heterogeneity shown in equation (2) and the motion of individual
users. Individuals display significant regularity, because they return
to a few highly frequented locations, such as home or work. This
regularity does not apply to the bank notes: a bill always follows
the trajectory of its current owner; that is, dollar bills diffuse, but
humans do not.

The fact that individual trajectories are characterized by the
same rg-independent two-dimensional probability distribution
~WW x=sx ,y

%
sy

! "
suggests that key statistical characteristics of indi-

vidual trajectories are largely indistinguishable after rescaling.
Therefore, our results establish the basic ingredients of realistic
agent-based models, requiring us to place users in number propor-
tional with the population density of a given region and assign each
user an rg taken from the observed P(rg) distribution. Using the
predicted anisotropic rescaling, combined with the density function
~WW x,yð Þ, the shape of which is provided as Supplementary Table 1,
we can obtain the likelihood of finding a user in any location. Given
the known correlations between spatial proximity and social links,
our results could help quantify the role of space in network develop-
ment and evolution25–29 and improve our understanding of diffusion
processes8,30.
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Figure 2 | The bounded nature of human trajectories. a, Radius of gyration
Ærg(t)æ versus time for mobile phone users separated into three groups
according to their final rg(T), where T 5 6 months. The black curves
correspond to the analytical predictions for the random walk models,
increasing with time as Ærg(t)æ | LF,TLF , t3/2 1 b (solid curve) and
Ærg(t)æ | RW , t0.5 (dotted curve). The dashed curves corresponding to a
logarithmic fit of the form A 1 B ln(t), where A and B are time-independent
coefficients that depend on rg. b, Probability density function of individual
travel distances P(Dr | rg) for users with rg 5 4, 10, 40, 100 and 200 km. As the
inset shows, each group displays a quite different P(Dr | rg) distribution. After
rescaling the distance and the distribution with rg (main panel), the different
curves collapse. The solid line (power law) is shown as a guide to the eye.
c, Return probability distribution, Fpt(t). The prominent peaks capture the
tendency of humans to return regularly to the locations they visited before,
in contrast with the smooth asymptotic behaviour ,1/(t ln(t)2) (solid line)
predicted for random walks. d, A Zipf plot showing the frequency of visiting
different locations (loc.). The symbols correspond to users that have been
observed to visit nL 5 5, 10, 30 and 50 different locations. Denoting with (L),
the rank of the location listed in the order of the visit frequency, the data are
well approximated by R(L) , L21. The inset is the same plot in linear scale,
illustrating that 40% of the time individuals are found at their first two
preferred locations; bars indicate the standard error.
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The human mobility study relied on an anonymized billing dataset
that was previously recorded by a mobile provider as required by law
and billing purposes, and not for the purposes of this project. The
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CORRECTIONS & AMENDMENTS NATUREjVol 458j12 March 2009

238
 Macmillan Publishers Limited. All rights reserved©2009



Understanding individual human mobility patterns

Supplementary Material
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I. DATA

A. D1 Dataset: This dataset was collected by a European mobile phone carrier for billing and

operational purposes. It contains the date, time and coordinates of the phone tower routing the

communication for each phone call and text message sent or received by 6 million costumers. The

dataset summarizes 6 months of activity. To guarantee anonymity, each user is identified with a

security key (hash code). Furthermore, we only know the coordinates of the tower routing the

communication, hence a user’s location is not known within a tower’s service area. Each tower

serves an area of approximately 3 km2. Due to tower coverage limitations driven by geographical

constraints and national frontiers no jumps exceeding ∼ 1, 000 km can be observed in the dataset.

The research was performed on a random set of 100, 000 selected from those making or re-

ceiving at least one phone call or SMS during the first and last month of the study, translating to

16, 364, 308 recorded positions. We removed all jumps that took users outside the continental ter-

ritory. We did not impose any additional criterion regarding the calling activity to avoid possible

selection biases in the mobility pattern.

B. D2 Dataset: Some services provided by the mobile phone carrier, like pollen and traffic

forecasts, rely on the approximate knowledge of customer’s 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

such records for 1, 000 users, among which we selected the group of users whose coordinates

were recorded at every two hours during an entire week, resulting in 206 users for which we have

10, 613 recorded positions. Given that these users were selected based on their actions (signed up

to the service), in principle the sample cannot be considered unbiased, but we have not detected

any particular bias for this data set.

For each user in D1 and D2 we sorted the time resolved sequence of positions and constructed

individual trajectories.
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FIG. S1: Interevent time distribution P (∆T ) of calling activity. ∆T is the time elapsed between consecutive

communication records (phone calls and SMS, sent or received) for the same user. Different symbols

indicate the measurements done over groups of users with different activity levels (# calls). The inset shows

the unscaled version of this plot. The solid line corresponds to Eq. (S1).

II. CHARACTERIZING INDIVIDUAL CALLING ACTIVITY

Communication patterns are known to be highly heterogeneous: some users rarely use the mo-

bile phone while others make hundreds or even thousands of calls each month [1]. To characterize

the dynamics of individual communication activity, we grouped users based on their total number

of calls. For each user we measured the probability that the time interval between two consecutive

calls is ∆T [2–4]. The inset of Fig. S1 shows that users with less activity tend to have longer

waiting times between consecutive calls. By rescaling the axis with the average interevent time

∆Ta as ∆TaP (∆T ) and ∆T/∆Ta the obtained distributions collapse into a single curve (Fig. S1).

Hence the measured interevent time distribution can be approximated by the expression P (∆T )
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= 1/∆TaF(∆T/∆Ta), where F(x) is independent of the average activity level of the population.

This is a universal characteristic of the system and it agrees with earlier results on the tempo-

ral patterns of e-mail communication [5]. In addition, we find that the data in Fig. S1 is well

approximated by

P (∆T ) = (∆T )α exp(∆T/τc), (S1)

where the power-law exponent α = 0.9±0.1 is followed by an exponential cutoff of τc ≈ 48 days.

Equation (S1) is shown by a solid line in the inset of Fig. S1 and its scaled version is presented in

the main panel of Fig. S1. Here we used ∆Ta = 8.2 hours, which is the average interevent time

measured for the whole population. The heterogeneity in the communication pattern translates

into heterogeneous sampling for the D1 dataset. The D2 dataset, with records at every two hours,

obviously does not display this heterogeneity. Below we show that this temporal heterogeneity

does not affect our results on the observed travel patterns.

III. OBSERVATIONS AT A FIXED INTEREVENT TIME

Given the widely varying distribution of the interevent times between two calls (an therefore

the localization data), we need to investigate if the observed displacement statistics are affected

by this sampling heterogeneity. Using the D1 dataset, we calculated the displacement distribution

P (∆r) for consecutive calls separated by a time∆To ± 0.05∆To, where ∆To ranged from 20min

to one day. Figure S2 shows that for ∆To < 4 h, the observed displacements are bounded by the

maximum distance that users can travel in the ∆To time interval. For ∆To ≥ 8 hours we already

observe ∆rmax ∼ 1, 000 km, which corresponds to the largest displacement we could possible

observe given the area under study (such large jumps likely are the result of airline travel). We

observe that the resulting P (∆r) distributions for different ∆To is again well approximated by

a truncated power-law with an exponent β = 1.75. This agrees with the exponent found when

we studied all consecutive calls (see Fig. 1C), suggesting that the use of consecutive calls is an

accurate proxy to measure human displacement at large enough scales (> 1 km).

6958                                                                                                                                                 



100 101 102 103 10410-7

10-6

10-5

10-4

10-3

10-2

10-1

100
∆To=20 min
∆To=40 min
∆To=60 min
∆To=2 h
∆To=4 h
∆To=8 h
∆To=1 d
D1

P(∆r)

∆r [Km]

FIG. S2: Displacement distribution P (∆r) for fixed inter event times∆To based on theD1 dataset. The cut-

off of the distribution is set by the maximum distance users can travel for shorter inter event times, whereas

for longer times the cutoff is given by the finite size of the studied area, as discussed in the manuscript. The

black line is from (1) reported in the manuscript, with the value κ = 400 km corresponding to D1 (solid

line).

IV. INTRINSIC REFERENCE FRAME FOR INDIVIDUAL TRAJECTORIES

A. Radius of gyration: The linear size occupied by each user’s trajectory up to time t is

characterized by its the radius of gyration defined as

ra
g (t) =

√

√

√

√

1

na
c (t)

na
c

∑

i=1

(r⃗a
i − r⃗a

cm)2, (S2)

where r⃗a
i represents the i = 1, ..., na

c (t) positions recorded for user a and r⃗a
cm = 1/na

c(t)
∑na

c

i=1 r⃗a
i

is the center of mass of the trajectory.
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B. Moment of Inertia: To compare different users’ trajectories we need to study them in a

common reference frame. Inspired by the mechanics of rigid bodies [6], we assign each user to an

intrinsic reference frame calculated a posteriori from a user’s trajectory. We can think of the num-

ber times a user visited a given location as the mass associated with that particular position. We

denote a user’s trajectory with a set of locations {(x1, y1), (x2, y2), ...(xnc , ync)}, where nc is the

number of positions available for the user. An object’s moment of inertia is given by the average

spread of an object’s mass from a given axis. A two dimensional object can be characterized by a

2 × 2 matrix known as the tensor of inertia

I =

⎛

⎝

Ixx Ixy

Iyx Iyy

⎞

⎠ . (S3)

We can calculate the inertia tensor for user’s trajectories by using the standard physical formulas

Ixx ≡
nc

∑

i=1

y2
i (S4)

Iyy ≡
nc

∑

i=1

x2
i (S5)

Ixy = Iyx ≡ −
nc

∑

i=1

xiyi. (S6)

Since the tensor I is symmetric, it is possible to find a set of coordinates in which Iwill be diag-

onal. These coordinates are known as the tensor’s principal axes (ê1, ê2). In this set of coordinates

I takes the form

ID =

⎛

⎝

I1 0

0 I2

⎞

⎠ , (S7)

where I1 and I2 are the principal moments of inertia. They also correspond to the eigenvalues

of I and can be calculated from the original set of points as

I1 =
1

2
(Ixx + Iyy) −

1

2
µ (S8)

I2 =
1

2
(Ixx + Iyy) +

1

2
µ, (S9)

with

µ ≡
√

4 Ixy Iyx + Ixx
2 − 2 Ixx Iyy + Iyy

2 (S10)
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The corresponding eigenvectors determine the principal axes (ê1 and ê2), representing the symme-

try axes of a given trajectory.

C. Rotation of user trajectories: We transform each user’s principal axes (ê1, ê2) to a common

intrinsic reference frame (êx, êy) calculating the angle between the axes êx and ê1, as

cos(θ) =
v⃗1.êx

|v⃗1|
(S11)

where v1, is the eigenvector associated with the eigenvalue I1

v⃗1 =

⎡

⎢

⎣

− Ixy

1/2 Ixx−1/2 Iyy+1/2 µ

1

⎤

⎥

⎦
, (S12)

resulting in

cos(θ) = −Ixy (1/2 Ixx − 1/2 Iyy + 1/2 µ)−1 1
√

1 + Ixy
2

(1/2 Ixx−1/2 Iyy+1/2 µ)2

. (S13)

After rotation by θ, we impose a conditional rotation of 180o such that the most frequent

position lays always in x > 0.

D. Example: Figure S3 shows the recorded trajectories of 3 users (u1, u2 and u3), each charac-

terized by a different radius of gyration: rg|u1 = 2.28 km, rg|u2 = 29.02 km, and rg|u3 = 313.72

km. Using (S4), (S5) and (S6), we calculated the different components of the tensor of iner-

tia. Equations (S12) and (S13) allow us to determine the intrinsic axes for each user (ê1, ê2),

which are displayed in Fig. S3a. Their respective angles are: θ|u1 = 127.67o, θ|u2 = 40.20o and

θ|u3 = 60.08o. Each set of points is rotated by −θ, such that (êx, êy) is the new intrinsic reference

frame of each user’s trajectory, as shown in Fig. S3b. The most frequent and the second most fre-

quent positions of each user are marked as a blue and orange circle respectively. After rotating the

trajectory of user 2, its most frequent position lays in x < 0, hence we apply an additional rotation

of 180o such that the most frequent position lays in x > 0. The purpose of this is to conserve the

asymmetry of the user’s visitation pattern. In the absence of the rotation the trajectories in Fig. S3a

and B (also Fig. 3 in the manuscript) will appear to be symmetric. Given, however, that there is a

significant difference in the most and the second most visited locations (see Fig. 2D in the paper),

we need to perform the symmetry breaking rotation to emphasize its presence. For example, we
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FIG. S3: Example of how to transform the user trajectories in a common reference frame. a, Initial trajec-

tories of three users and their principal axes (ê1, ê2). b, Each trajectory is rotated an angle −θ to align ê1

with êx. An additional rotation with 180o is required when the most frequent position (marked with a blue

circle) lays in x < 0 after the rotation. This is the case of user 2 (green line). c, Positions (x, y) are scaled

as (x/σx, y/σy) after which the different trajectories have a quite similar shape.

found that for finite Lévy flights the rotation induced a slight but detectable anisotropy, capturing

the fact that each finite trajectory has some inherent anisotropy.

We scale the trajectories on the intrinsic axes with the standard deviation of the locations for

each user a

σa
x =

√

√

√

√

1

na
c

na
c

∑

i=1

(xa
i − xa

cm)2, (S14)

σa
y =

√

√

√

√

1

na
c

na
c

∑

i=1

(ya
i − ya

cm)2. (S15)

Note that the coordinate origin for each user is placed at the center of mass of the trajectory,
⃗ra
cm = (0, 0). In this example, σx|u1 = 2.24 km, σx|u2 = 28.76 km, and σx|u3 = 313.60 km

whereas σy|u1 = 0.43 km, σy|u2 = 3.88 km, and σy|u3 = 8.49 km. After scaling, the shapes

of the three trajectories look similar (S3c), despite that we are showing users with significantly

different mobility patterns and ranges. This is the underlying procedure that allows us to obtain
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the universal density function Φ̃(x/σx, y/σy).

E. Spatial density function: For agent based modeling it is crucial to know the probabil-

ity that an individual can be found at a position (x, y) during the day. As our results show,

knowledge of the spatial density function Φ̃(x/σx, y/σy) represent the first step towards such a

modeling effort. Indeed, using the density function Φ̃(x/σx, y/σy) for an ensemble of agents

with rg’s following Eq.(3), each agent’s position can be rescaled using Eq.(4) and the fact that

σx = 0.94r0.97
g . The distribution of individuals in space can be arbitrary or more realistic if

taken from census information. The three matrixes shown in Fig. 3B can be downloaded from:

http://www.nd.edu/ mgonza16/DensityFunction/

V. SCALING RELATION BETWEEN EXPONENTS

Next we show that there is a consistent relationship among the different exponents describing

the travel patterns of the population. The exponent β characterizing the distances traveled by the

entire population is related to α, which characterizes distances traveled by individuals and βr,

that captures the distribution of the radius of gyration. We note that (1) should be the result of a

convolution between (3) and P (∆r|rg), hence

P (∆r) =

∫

∞

0

P (∆r|rg)P (rg)drg, (S16)

using the expressions introduced in the manuscript this equation can be expanded as

P (∆r) =

∫

∞

0

r−α
g F (

∆r

rg
)(rg + r0

g)e
−rg/κdrg. (S17)

Focusing on the asymptotic scaling behavior we drop the short length cutoff r0
g and extract the

leading term by performing the substitution rg = ∆rx. Finally the scaling is given by

P (∆r) ≈ ∆r−α−βr+1

∫

∞

0

x−αF (
1

x
)ex∆r/κdx, (S18)

indicating that β = α + βr − 1. Note, however, that the integral in (S18) also depends on ∆r,

therefore the scaling relationship is valid only to the leading order and further corrections may

result from the integral. This correction cannot be evaluated in the absence of an analytical ap-

proximation for F (x). For our data we find β = 1.75± 0.15, βr = 1.65± 0.15 and α = 1.2± 0.1,

indicating that the scaling relation, within error bars, is satisfied, and that there is a systematic

difference between β and βr of magnitude α − 1.

6958                                                                                                                                                 



VI. TIME DEPENDENCEOF THE RADIUS OF GYRATION
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FIG. S4: Time evolution of the radius of gyration ⟨rg(t)⟩ vs. time, for various groups of users with different

asymptotic rg(T ) after T = 6 months. a, In a log-log scale the black lines correspond to the powers of

time for the random walk and Lévy flight models, which are in contrast with the time dependence of ⟨rg(t)⟩

measured for the mobile phone users. b, In a log-linear scale, note that the rg = 4 and rg = 10 visibly

deviate from the large rg curves. This is not surprising, as for these two curves the recorded distances are

comparable to the average tower distances (both curves appear to saturate under 10 km, while the average

area of reception for a tower is about 3 km2). Thus, small travel distances are overestimated due to the

measurement resolution. Curves with rg > 10 km are less affected by the tower resolution and all these

appear to collapse in the same behavior once rescaled with rg(T ), and they are all approximated with a

logarithmic time dependence. The straight line is not a fit, but it is shown only as a guide to the eye.

Figure 2A in the manuscript shows three groups of users chosen according to the asymptotic

rg(T ) after T = 6 months. In Fig. S4 we show that the same time dependence is observed for

a more strictly selected grouping of the users, choosing five different groups of users with very

similar asymptotic radius of gyration: rg(T )± 0.05rg(T ). Given the high daily and weekly-based
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fluctuations in the phone usage patterns, we averaged ⟨rg(t)⟩ over 168 different initial conditions,

i.e. we started the measurements at every 6 hours during one week. This averaging not only

removed the dependence on the initial conditions, but also significantly reduced the noise in the

curves.

The log-log scale in Fig. S4a allows to see in detail the early behavior of the curves, indicating

that a power law does not offer a good fit to the data. As we show in the log-linear plot in

Fig. S4b, we find that the radius of gyration increases logarithmically in time, which is in strong

contrast with the power law dependence expected for Lévy flights (rg(t)|LF/TLF ∼ t3/(2+β)) and

random walks (rg(t)|RW ∼ t1/2). This indicates that the average radius of gyration of mobile

phone users has a manifestly slower dependence than the predicted power laws, a behavior that

may appear similar to a saturation process. Note that the rg ∼ 4, 10 curves appear to deviate from

the logarithmic behavior. We belive that this is due to the spatial resolution offered by the tower

density: we cannot reliably and systematically resolve jumps in the vicinity of a few kms, given

that we record a motion only when a person moves between towers, that are often a few kilometers

apart. The rg > 10 km curves, given the distances involved, are not affected by the granularity of

the data collection process, and they all follow the logarithmic behavior.

VII. STATISTICAL TESTS OF FITTING DISTRIBUTIONS

Given the fat tailed distributions observed for human travel patterns, it is important to see if

the data is statistically consistent with the best fits. The purpose of this section is to support our

findings with rigorous statistical tests. In the past year there has been significant attention devoted

to the question of how to statistically measure the goodness of fit for a power law [7–10]. This

was prompted partly by the need to quantify the validity of the Lévy flight finding in animal travel

patterns. Note, however, that there is a significant difference between the data quality available in

the animal and human travel patterns. Indeed, the mammalian data was available for short time

periods for only a few animals, providing only a small number of observed individual displace-

ments. Given the scarcity of data, precise statistical tools are needed to extract the proper fit. In

contrast, the data analyzed in Ref. [11] as well as in this paper contain millions of displacements.

Thus we are in a regime where typically traditional statistical tools, designed to deal with limited

information, are less crucial. Yet, appropriate statistical tools can be used to explore the goodness
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of the fit.

In this respect, it is often believed that statistical methods can validate a particular fit. The

truth is, as emphasized in a recent publication [10], that these tools can only tell if a particular fit

is consistent with the data, and rule some fits out, rather than validate a particular fit. A second

important observation is that, given the high interest devoted to power laws, recently the issue of

fitting a power law has been addressed in detail, developing the proper statistical tools to address

the goodness of the fit [7–10]. The same tools are not available for truncated power laws, however,

thus limiting the available methods to address their statistical relevance. In general we find that all

the fits that we used in the paper pass the Kolmogorov-Smirnov test for the goodness of fit (Sect.

V.A) and that a power law offers a much better approximation overall than an exponential function

(Sect. V.B). Note that given the vast amount of data and the really good fit offered by the truncated

power law, this last conclusion is hardly surprising.

A. Kolmogorov-Smirnov goodness of fit test

We tested whether the empirical data could come from the fitted distributions by performing a

stringent variant of the Kolmogorov-Smirnov (KS) goodness of fit test [10]. The KS statistics is

a simple way to compare whether two distributions are the same. In this case, we use it to test the

hypothesis: Could the empirically observed distributions come from the distribution found as its

best fit. For this we generated synthetic data starting from the fitted distribution and then use the

KS test to see whether the empirical data we have behaves as well as the synthetic data generated

from the fitted distribution.

We use two variants of the KS statistics to compare empirical data with the fitted distribution

and synthetic data with the fitted distribution. The first method is the standard KS statistics and is

given by:

KS = max (|F − P |) (S19)

where F is the cumulative distribution of the best fit and P is the cumulative distribution of the

empirical or synthetic data. The regular KS statistic is not very sensitive on the edges of the

cumulative distribution. Hence, we also used the weighted KS statistics defined as:
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FIG. S6: KSW test for Fig 1C D1

KSW = max
|F − P |

√

P (1 − P )
(S20)

To test whether the empirical data behaves as good as the synthetic data we calculated theKS

and KSW statistics between the empirical data and its best fit and compared these values with

those obtained by calculatingKS and KSW for 1, 000 synthetic data sets generated from the best

fit. If the values obtained for KS and KSW for the empirical data behave as good or better than

those obtained for the synthetic data, then we can conclude that the empirical data is statistically

consistent with its best fit. The results of the KS test can be summarized using a p − value
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by integrating the distribution of KS values generated with the synthetic data from the value

representing the empirical distribution. When integrating such distributions from left to right we

can interpret the p − value as the probability that the observed data was the result of its best fit.

A p − value close to 1 will indicate that the empirical distribution matches its best fit as good

as synthetic data generated from the fit itself [10], whereas a relative small p − value (typically

taken p < 0.01) would suggest that the empirical distribution can not be the result of its best fit.

Passing the KS test does not rule out the possibility that the empirical data could be fitted as

well or even better with some other function. In such a case, given the size of our samples, we
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believe that such an exercise would be technical rather than practical and that different functional

forms will closely resemble each other on the range were the fit was made once the fitting

parameters have been fixed.

1. KS statistics for Fig 1C,D1: Figure S5 compares theKS values obtained for the empirical

data presented in Fig 1C, D1 of the paper with those obtained for 1, 000 distributions of synthetic

data generated to comply with Eq. (1). Figure S6 shows the same forKSW . In both cases we find

that the empirical data passes the KS test, in fact behaving better than the synthetic data. Indeed

p(KS) = 1 and p(KSW ) = 1.

2. KS statistics for Fig 1D,D1: Figure S7 compares theKS values obtained for the empirical

data presented in Fig 1D, D1 of the paper with those obtained for 2000 distributions of synthetic

data generated to comply with Eq. (3). Figure S8 shows the same forKSW . In both cases we find

that the empirical data passes theKS test, behaving as some of the best examples of the synthetic

data, obtaining p(KS) = 0.62 and p(KSW ) = 0.82.

B. Maximum Likelihood Estimates: Comparing power-laws and exponentials

The Maximum Likelihood Method is a powerful way of estimating the fitting parameters best

describing a empirical distribution. The method can also be used to compare the relative likelihood

of two fits. In this section we are interested in testing whether a broad distribution, such as a

power-law, is a better fit than an exponential for many of the distributions presented on the paper.

It is not our intention to claim that the distributions presented here are in fact power-laws but

to build suggestive evidence testing if the data presented in the paper is better fitted by a broad

distribution, such as the power-law, rather than a narrow distribution such as an exponential. In

fact, as we discuss in the manuscript and the previous section, we believe that the best fit to our

data is given by a truncated power law rather than a simple power law. We do not present here

the maximum likehood estimate of the truncated power-law fit because being its cumulative a

Whittaker function, it is not readily to be handled with this method. For those interested in the

accuracy of the best fit we suggest reading section VII A of this supplementary material.
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The details of the maximum likelihood method have been widely published. Those interested

in performing such fits could find help in [10] and [7].
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FIG. S9:

Testing for broad and narrow distributions: The relative likelihood between two distribu-

tions can be calculated from its relative weights

Wi =
e−∆i

e−∆1 + e−∆2

, (S21)

where∆i = min (AICi − AICmin). Here AIC is the Akaike information criteria associated with

the power-law (i = 1) and exponential (i = 2) fits. The AIC can be expressed as a function of the

log-likelihood [7]

AICi = 2 log max(Li) + 2Ki

whereKi is the number of parameters used in the fit and Li is the likehood of a particular value of

a fitting parameter.

6958                                                                                                                                                 



Here we test two fits, a power-lawAx−β and an exponentialAe−µx, where A is a normalization

constant. In Fig. S9 we present the results of the Maximum Likelihood Fits for the distributions

introduced in Fig. 1C and Fig. 1D of the paper. Note, we use the data log binned data, which

has been recommended as the most accurate plotting method for this kind of analysis [8]. In each

case we find Wpow >> Wexp indicating that a power law is a more likely fit than an exponential,

indicating that the distribution of displacements, as well as rg, are better approximated by a broad

rather than a narrow distribution.
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