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1 Spreading on complex networks
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Christakis & Fowler ’10

Relevant question in spreading

• Reach 

• How many people are infected from a initial  
spreader? 

• Time 

• How long does it take to infect them? 
• Early detection of an outbreak, possible? 

• Optimization 

• How do we choose a given a number N of initial spreaders, so that reach is 
maximize in a given time? What is the optimal N for a given cost? 

• How do we choose a given number of immune people so that reach of the 
disease is minimized? (resiliance of networks) 

• How do we choose sensors to detect propagation?
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Simple model for spreading

• SI / SIR / SIS models (Kermack & McKendrick ’27) 
• S: suceptible (non infected) 
• I: Infected 
• R: resiliant 
• S + I + R = N 
!

!

!

!

• R0: basic reproductive number

�
IS R

�

dS

dt
= ��IS

dI

dt
= �IS � �I

dR

dt
= �I

dI

dt
= �(R0S/N � 1)I

R0 = N
�

�

R0 > N/S(0) ) dI/dt > 0
R0 < N/S(0) ) dI/dt < 0
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SIR on temporal networks = percolation

T̃ ij

P. Grassberger, On the critical behavior of the general 
epidemic process and dynamical percolation, Math. 
Biosci., 63 (1983), pp. 157–172. !

Newman, M., 2002. Spread of epidemic 
disease on networks. Physical Review E, 
66(1), p.16128.
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Comparison with null models

• Real data 
!

!

!

!

• Time Shuffled data  
 
 
 
 
 
 

⌦

⌦

P(dt) heavy tailed 
Correlated bursts 
Correlated tie activity 
Temporal motifs 
Tie dynamics

P(dt) exponential 
Uncorrelated bursts 
Uncorrelated tie activity 
No temporal motifs 
No tie dynamics
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Data-driven simulations

vi, vj , t
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5,4,631 
3,7,782 
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5,4,631 
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1,2,921 
4,7,999

Select seed 
+ 

infect in each 
contact with  
probability     

=

• SIR model on real contact data
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Spreading including tie activity

• Spreading (SIR) on contact networks 
• Hypothesis: 

• In every contact there is a 
probability     to infect 

• Nodes only remain infected for a 
time “                   “ 

• Transmissibility: probability that i 
infects j after being infected at 

2

events and in particular, the possible heavy-tail proper-
ties of P (�tij) are directly inherited by P (⇤ij). Fig. 2
shows our (rescaled) results for P (�tij) and P (⇤ij). For
comparison, we also show the results obtained when i)
the time-stamps of the ⇥ ⇤ i events are randomly se-
lected from the complete CDR, thus destroying any possi-
ble temporal correlation with i ⇤ j and e�ectively mim-
icking Eq. (1) and ii) when the whole CDR time-stamps
are shu⌅ed thus destroying both tie temporal patterns
and correlation between ties. Both shu⌅ings preserve the
tie intensity wij [18], i.e. the number of calls and their
duration and also the circadian rhythms of human com-
munication [15]. The result for P (�tij) shows that small
and large inter-event times are more probable for the real
series than for the shu⌅ed ones, where the pdf is almost
exponential as in a Poissonian process, apart from a small
deviation due to the circadian rhythms. This bursty pat-
tern of activity has been found in numerous examples
of human behavior [6] and seems to be universal in the
way a single individual schedules tasks. Here we see that
it also happens at the level of two individuals interac-
tion confirming recent results in mobile [15] and online
communities [7] dynamics. The pdf for ⇤ij is also heavy-
tailed but displays a larger number of short ⇤ij compared
to the shu⌅ed one. The abundance of short ⇤ij suggests
that receiving an information (⇥ ⇤ i) triggers commu-
nication with other people (i ⇤ j), a manifestation of
group conversations [11–13]. While the fat-tail of P (⇤ij)
is accurately described by Eq. (1), i.e. large transmission
intervals ⇤ij are mostly due to large inter-event commu-
nication times in the i ⇤ j tie, the behavior of P (⇤ij) is
not only due to the bursty patterns of �tij , but also to the
temporal correlation between the i ⇤ j and the ⇥ ⇤ i
events. In fact, if the correlation between the i ⇤ j and
the ⇥ ⇤ i series is destroyed, the probability of short-
time intervals decreases and approaches the Poissonian
case (Fig. 2). In summary, relay times depend on two
main properties of human communication that compete
to one another. While the bursty nature of human ac-
tivity yields to large transmission times hindering any
possible infection, group conversations translate into an
unexpected abundance of short relay times, favoring the
probability of propagation.

To investigate the e�ect of these two conflicting prop-
erties of human communication on information spread-
ing, we simulate the epidemic Susceptible-Infectious-
Recovered (SIR) model in our social network considering
the real time sequence of communication events [15, 23]
and compare them to the shu⌅ed data. We start the
model by infecting a node at a random instant and con-
sidering all other nodes as susceptible. In each call an
infected node can infect a susceptible node with prob-
ability ⇥. Due to the synchronous nature of the phone
communication, this happens regardless of who initiates
the call. However, since the same results are obtained
by considering directionality in the calls, for computa-

i � j

� ⇥ i

t�
t

t

�ij �tij

FIG. 1. (color online) Schematic view of communications
events around individual i: each horizontal segment indicates
an event between i ! j (top) and ⇤ ! i (bottom). At each
t
↵

in the ⇤ ! i time series, ⇥
ij

is the time elapsed to the next
i ! j event, which is di�erent from the inter-event time �t

ij

in the i ! j time series. The red shaded area represents the
recover time window T

i

after t
↵

.

10-6 10-4 10-2 100 102
10-4

10-2

100

10-4 10-2 100 102

10-6

10-3

100

103

⇥ij / �tij

P
(⇥

ij
/
�t

ij
)

P
(�
t i
j
/
�t

ij
)

FIG. 2. (color online) Distribution of the relay time inter-
vals ⇥

ij

(main) and of the inter-event times �t
ij

(inset) in the
i ! j tie rescaled by �t

ij

. The black circles correspond to
the real data, while the red squares is the overall-shu⇥ed re-
sult. Blue diamonds correspond to the case in which only the
⇤ ! i sequence is randomized. Only ties with w

ij

� 10 are
considered. In both graphs the dashed line correspond to the
e�x function.

tional reasons we consider the latter case. Nodes remain
infected during a time Ti until they decay into the re-
covered state. For the sake of simplicity we simulate the
simplest model in which the recovering time Ti is deter-
ministic and homogeneous Ti = T and set T = 2 days,
although di�erent and/or stochastic Ti can be studied
within the same model. The spreading dynamics gener-
ates a viral cascade that grows until there are no more
nodes in the infected state. We repeat the spreading pro-
cess for 3 � 104 randomly chosen seeds. Note that our
model includes the SI model simulations in [15] where
⇥ = 1 and T = T0, with T0 being the total duration of
the dataset.
By looking at the size of the largest cascade smax (over

all realizations) at each value of ⇥, we first ensure the
existence of a percolation transition [4] (see Fig. 3), con-
firmed by a change in the behavior of smax from small
to large cascades at a given value of ⇥ (tipping point).

T

T ' 1/�

�

t↵

i

j

wij

⇤

t↵

Miritello, G., Moro, E. & Lara, R., 2011. Dynamical 
strength of social ties in information spreading. 
Physical Review E, 83(4), p.045102.
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Spreading including tie activity

• Transmissibility: 
!

!

• where 

2

events and in particular, the possible heavy-tail proper-
ties of P (�tij) are directly inherited by P (⇤ij). Fig. 2
shows our (rescaled) results for P (�tij) and P (⇤ij). For
comparison, we also show the results obtained when i)
the time-stamps of the ⇥ ⇤ i events are randomly se-
lected from the complete CDR, thus destroying any possi-
ble temporal correlation with i ⇤ j and e�ectively mim-
icking Eq. (1) and ii) when the whole CDR time-stamps
are shu⌅ed thus destroying both tie temporal patterns
and correlation between ties. Both shu⌅ings preserve the
tie intensity wij [18], i.e. the number of calls and their
duration and also the circadian rhythms of human com-
munication [15]. The result for P (�tij) shows that small
and large inter-event times are more probable for the real
series than for the shu⌅ed ones, where the pdf is almost
exponential as in a Poissonian process, apart from a small
deviation due to the circadian rhythms. This bursty pat-
tern of activity has been found in numerous examples
of human behavior [6] and seems to be universal in the
way a single individual schedules tasks. Here we see that
it also happens at the level of two individuals interac-
tion confirming recent results in mobile [15] and online
communities [7] dynamics. The pdf for ⇤ij is also heavy-
tailed but displays a larger number of short ⇤ij compared
to the shu⌅ed one. The abundance of short ⇤ij suggests
that receiving an information (⇥ ⇤ i) triggers commu-
nication with other people (i ⇤ j), a manifestation of
group conversations [11–13]. While the fat-tail of P (⇤ij)
is accurately described by Eq. (1), i.e. large transmission
intervals ⇤ij are mostly due to large inter-event commu-
nication times in the i ⇤ j tie, the behavior of P (⇤ij) is
not only due to the bursty patterns of �tij , but also to the
temporal correlation between the i ⇤ j and the ⇥ ⇤ i
events. In fact, if the correlation between the i ⇤ j and
the ⇥ ⇤ i series is destroyed, the probability of short-
time intervals decreases and approaches the Poissonian
case (Fig. 2). In summary, relay times depend on two
main properties of human communication that compete
to one another. While the bursty nature of human ac-
tivity yields to large transmission times hindering any
possible infection, group conversations translate into an
unexpected abundance of short relay times, favoring the
probability of propagation.

To investigate the e�ect of these two conflicting prop-
erties of human communication on information spread-
ing, we simulate the epidemic Susceptible-Infectious-
Recovered (SIR) model in our social network considering
the real time sequence of communication events [15, 23]
and compare them to the shu⌅ed data. We start the
model by infecting a node at a random instant and con-
sidering all other nodes as susceptible. In each call an
infected node can infect a susceptible node with prob-
ability ⇥. Due to the synchronous nature of the phone
communication, this happens regardless of who initiates
the call. However, since the same results are obtained
by considering directionality in the calls, for computa-

i � j

� ⇥ i

t�
t

t

�ij �tij

FIG. 1. (color online) Schematic view of communications
events around individual i: each horizontal segment indicates
an event between i ! j (top) and ⇤ ! i (bottom). At each
t
↵

in the ⇤ ! i time series, ⇥
ij

is the time elapsed to the next
i ! j event, which is di�erent from the inter-event time �t

ij

in the i ! j time series. The red shaded area represents the
recover time window T

i

after t
↵

.

10-6 10-4 10-2 100 102
10-4

10-2

100

10-4 10-2 100 102

10-6

10-3

100

103

⇥ij / �tij

P
(⇥

ij
/
�t

ij
)

P
(�
t i
j
/
�t

ij
)

FIG. 2. (color online) Distribution of the relay time inter-
vals ⇥

ij

(main) and of the inter-event times �t
ij

(inset) in the
i ! j tie rescaled by �t

ij

. The black circles correspond to
the real data, while the red squares is the overall-shu⇥ed re-
sult. Blue diamonds correspond to the case in which only the
⇤ ! i sequence is randomized. Only ties with w

ij

� 10 are
considered. In both graphs the dashed line correspond to the
e�x function.

tional reasons we consider the latter case. Nodes remain
infected during a time Ti until they decay into the re-
covered state. For the sake of simplicity we simulate the
simplest model in which the recovering time Ti is deter-
ministic and homogeneous Ti = T and set T = 2 days,
although di�erent and/or stochastic Ti can be studied
within the same model. The spreading dynamics gener-
ates a viral cascade that grows until there are no more
nodes in the infected state. We repeat the spreading pro-
cess for 3 � 104 randomly chosen seeds. Note that our
model includes the SI model simulations in [15] where
⇥ = 1 and T = T0, with T0 being the total duration of
the dataset.
By looking at the size of the largest cascade smax (over

all realizations) at each value of ⇥, we first ensure the
existence of a percolation transition [4] (see Fig. 3), con-
firmed by a change in the behavior of smax from small
to large cascades at a given value of ⇥ (tipping point).
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FIG. 3. (color online) Average size dynamics for a large (a)
and a small (b) value of � (left) and maximum size (right)
of the infection outbreaks (over 104 realizations) for the real
data (black lines) and shu�ed data (red lines) for T = 2
days. The dashed line shows the critical point estimation
of the percolation transition given by R1[�, T ] = 1 with R1

calculated using Eq. (6).

The same behavior is observed for the shu⇧ed-time data
where the transition seems to happen almost at the same
value of �, although an accurate analysis of the percola-
tion point if beyond of the scope of this letter. On the
contrary, there is a significant di�erence in the behavior
of the asymptotic average size s1 between the real and
the shu⇧ed-time data for di�erent regimes of �: when �
is small, s1 is bigger for the real data than for the shuf-
fled one, while the opposite behavior is observed for large
�. This di�erence, that can be very large for moderate
values of �, shows the impact of the real time dynamics
of communication in the reach of information in soci-
ety. Specifically, if information propagates easily (large
�), the average reach in social networks is narrower than
the one expected when a Poissonian dynamics is consid-
ered. In this sense, temporal patterns make social net-
works bigger than expected at large scales. However, in
most real situations � is very small [14] and in this case
the observed behavior is the opposite: despite the low
propagation, information cascades are larger in real data
than in the Poisson case, which suggests that information
spreading is more e⌅cient at small (local) scales.

To understand this behavior, we follow the approach
of [17] mapping the dynamical SIR model to a static
edge percolation model where each tie is described by
the transmissibility Tij , that represents the probability
that the information is transmitted from i to j and is a
function of � and T . If user i becomes infected at time
t� and the number of communication events i ⇤ j in the
interval [t�, t� + T ] is nij(t�), then the transmissibility
in that interval is (see Fig.1) Tij = 1 � (1 � �)nij(t↵).
User i may become infected at any ⇥ ⇤ i communication
event. Assuming these events independent and equally
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FIG. 4. Ratio of the number of events (a) and probability
of no events (b) as a function of the recovery time T for the
real (black circles) and shu�ed � ⇥ i (red squares) data with
respect to the overall-shu�ed data. Right panel (c) shows the
ratio of the average size of the outbreaks (black circles) and
of R1 calculated using Eq. 6 (dashed blue line).

probable, we can average Tij over all the t� events to get

Tij [�, T ] = ⌃1� (1� �)nij(t↵)⌥�. (2)

If the number of ⇥ ⇤ i events is large enough we could
use a probabilistic description of Eq.(2) in terms of the
probability P (nij = n;T ) that the number of communi-
cation events between i and j in a given time interval T
is n. Thus

Tij [�, T ] =
1�

n=0

P (nij = n;T )[1� (1� �)n], (3)

which in principle can be non symmetric (Tij ⌅= Tji).
This quantity represents the real probability of infection
from i to j and defines the dynamical strength of the tie.
Note that Tij depends on the series of communication
events between i and j, but also on the time series of
calls received by i. In [17] Newman studied the case in
which both time series are given by independent Poisson
processes in the whole observation interval [0, T0]. Thus,
P (nij = n;T ) is the Poisson distribution with rate ⇥ij =
wijT/T0, where wij is total number of calls from i to j
in [0, T0], thus

T̃ij [�, T ] = 1� e�⇥⇤ = 1� e�⇥wijT/T0 , (4)

which shows the one-to-one relationship between the in-
tensity wij and the transmissibility Tij in the Poissonian
case: the more intense the communication is, the larger
the probability of infection. However, as we have seen in
Fig. 2, the real i ⇤ j and ⇥ ⇤ i series are far from being
independent and Poissonian and in order to investigate
the e�ect of real patterns of communication on the trans-
missibility we approximate Eq. (2). For small values of �

nij(t�) = number of             events in  
the time interval

i ! j
[t↵, t↵ + T ]
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Spreading including tie activity

• Assuming                contacts are independent and equally probable in the 
observation period

⇤ ! i

3

0

50

100

150

0 20 40 60 80 100
0

1

2

3

4

0.05 0.1 0.15 0.2

1!105

2!105

a

c

t (in days)

�s
(t
)⇥

b

a

b

s
m

a
x

�

FIG. 3. (color online) Average size dynamics for a large (a)
and a small (b) value of � (left) and maximum size (right)
of the infection outbreaks (over 104 realizations) for the real
data (black lines) and shu�ed data (red lines) for T = 2
days. The dashed line shows the critical point estimation
of the percolation transition given by R1[�, T ] = 1 with R1

calculated using Eq. (6).

The same behavior is observed for the shu⇧ed-time data
where the transition seems to happen almost at the same
value of �, although an accurate analysis of the percola-
tion point if beyond of the scope of this letter. On the
contrary, there is a significant di�erence in the behavior
of the asymptotic average size s1 between the real and
the shu⇧ed-time data for di�erent regimes of �: when �
is small, s1 is bigger for the real data than for the shuf-
fled one, while the opposite behavior is observed for large
�. This di�erence, that can be very large for moderate
values of �, shows the impact of the real time dynamics
of communication in the reach of information in soci-
ety. Specifically, if information propagates easily (large
�), the average reach in social networks is narrower than
the one expected when a Poissonian dynamics is consid-
ered. In this sense, temporal patterns make social net-
works bigger than expected at large scales. However, in
most real situations � is very small [14] and in this case
the observed behavior is the opposite: despite the low
propagation, information cascades are larger in real data
than in the Poisson case, which suggests that information
spreading is more e⌅cient at small (local) scales.

To understand this behavior, we follow the approach
of [17] mapping the dynamical SIR model to a static
edge percolation model where each tie is described by
the transmissibility Tij , that represents the probability
that the information is transmitted from i to j and is a
function of � and T . If user i becomes infected at time
t� and the number of communication events i ⇤ j in the
interval [t�, t� + T ] is nij(t�), then the transmissibility
in that interval is (see Fig.1) Tij = 1 � (1 � �)nij(t↵).
User i may become infected at any ⇥ ⇤ i communication
event. Assuming these events independent and equally
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of no events (b) as a function of the recovery time T for the
real (black circles) and shu�ed � ⇥ i (red squares) data with
respect to the overall-shu�ed data. Right panel (c) shows the
ratio of the average size of the outbreaks (black circles) and
of R1 calculated using Eq. 6 (dashed blue line).

probable, we can average Tij over all the t� events to get

Tij [�, T ] = ⌃1� (1� �)nij(t↵)⌥�. (2)

If the number of ⇥ ⇤ i events is large enough we could
use a probabilistic description of Eq.(2) in terms of the
probability P (nij = n;T ) that the number of communi-
cation events between i and j in a given time interval T
is n. Thus

Tij [�, T ] =
1�

n=0

P (nij = n;T )[1� (1� �)n], (3)

which in principle can be non symmetric (Tij ⌅= Tji).
This quantity represents the real probability of infection
from i to j and defines the dynamical strength of the tie.
Note that Tij depends on the series of communication
events between i and j, but also on the time series of
calls received by i. In [17] Newman studied the case in
which both time series are given by independent Poisson
processes in the whole observation interval [0, T0]. Thus,
P (nij = n;T ) is the Poisson distribution with rate ⇥ij =
wijT/T0, where wij is total number of calls from i to j
in [0, T0], thus

T̃ij [�, T ] = 1� e�⇥⇤ = 1� e�⇥wijT/T0 , (4)

which shows the one-to-one relationship between the in-
tensity wij and the transmissibility Tij in the Poissonian
case: the more intense the communication is, the larger
the probability of infection. However, as we have seen in
Fig. 2, the real i ⇤ j and ⇥ ⇤ i series are far from being
independent and Poissonian and in order to investigate
the e�ect of real patterns of communication on the trans-
missibility we approximate Eq. (2). For small values of �
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FIG. 3. (color online) Average size dynamics for a large (a)
and a small (b) value of � (left) and maximum size (right)
of the infection outbreaks (over 104 realizations) for the real
data (black lines) and shu�ed data (red lines) for T = 2
days. The dashed line shows the critical point estimation
of the percolation transition given by R1[�, T ] = 1 with R1

calculated using Eq. (6).

The same behavior is observed for the shu⇧ed-time data
where the transition seems to happen almost at the same
value of �, although an accurate analysis of the percola-
tion point if beyond of the scope of this letter. On the
contrary, there is a significant di�erence in the behavior
of the asymptotic average size s1 between the real and
the shu⇧ed-time data for di�erent regimes of �: when �
is small, s1 is bigger for the real data than for the shuf-
fled one, while the opposite behavior is observed for large
�. This di�erence, that can be very large for moderate
values of �, shows the impact of the real time dynamics
of communication in the reach of information in soci-
ety. Specifically, if information propagates easily (large
�), the average reach in social networks is narrower than
the one expected when a Poissonian dynamics is consid-
ered. In this sense, temporal patterns make social net-
works bigger than expected at large scales. However, in
most real situations � is very small [14] and in this case
the observed behavior is the opposite: despite the low
propagation, information cascades are larger in real data
than in the Poisson case, which suggests that information
spreading is more e⌅cient at small (local) scales.

To understand this behavior, we follow the approach
of [17] mapping the dynamical SIR model to a static
edge percolation model where each tie is described by
the transmissibility Tij , that represents the probability
that the information is transmitted from i to j and is a
function of � and T . If user i becomes infected at time
t� and the number of communication events i ⇤ j in the
interval [t�, t� + T ] is nij(t�), then the transmissibility
in that interval is (see Fig.1) Tij = 1 � (1 � �)nij(t↵).
User i may become infected at any ⇥ ⇤ i communication
event. Assuming these events independent and equally
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FIG. 4. Ratio of the number of events (a) and probability
of no events (b) as a function of the recovery time T for the
real (black circles) and shu�ed � ⇥ i (red squares) data with
respect to the overall-shu�ed data. Right panel (c) shows the
ratio of the average size of the outbreaks (black circles) and
of R1 calculated using Eq. 6 (dashed blue line).

probable, we can average Tij over all the t� events to get

Tij [�, T ] = ⌃1� (1� �)nij(t↵)⌥�. (2)

If the number of ⇥ ⇤ i events is large enough we could
use a probabilistic description of Eq.(2) in terms of the
probability P (nij = n;T ) that the number of communi-
cation events between i and j in a given time interval T
is n. Thus

Tij [�, T ] =
1�

n=0

P (nij = n;T )[1� (1� �)n], (3)

which in principle can be non symmetric (Tij ⌅= Tji).
This quantity represents the real probability of infection
from i to j and defines the dynamical strength of the tie.
Note that Tij depends on the series of communication
events between i and j, but also on the time series of
calls received by i. In [17] Newman studied the case in
which both time series are given by independent Poisson
processes in the whole observation interval [0, T0]. Thus,
P (nij = n;T ) is the Poisson distribution with rate ⇥ij =
wijT/T0, where wij is total number of calls from i to j
in [0, T0], thus

T̃ij [�, T ] = 1� e�⇥⇤ = 1� e�⇥wijT/T0 , (4)

which shows the one-to-one relationship between the in-
tensity wij and the transmissibility Tij in the Poissonian
case: the more intense the communication is, the larger
the probability of infection. However, as we have seen in
Fig. 2, the real i ⇤ j and ⇥ ⇤ i series are far from being
independent and Poissonian and in order to investigate
the e�ect of real patterns of communication on the trans-
missibility we approximate Eq. (2). For small values of �

Probability of having n interactions between 
i and j in a time interval of length T
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events and in particular, the possible heavy-tail proper-
ties of P (�tij) are directly inherited by P (⇤ij). Fig. 2
shows our (rescaled) results for P (�tij) and P (⇤ij). For
comparison, we also show the results obtained when i)
the time-stamps of the ⇥ ⇤ i events are randomly se-
lected from the complete CDR, thus destroying any possi-
ble temporal correlation with i ⇤ j and e�ectively mim-
icking Eq. (1) and ii) when the whole CDR time-stamps
are shu⌅ed thus destroying both tie temporal patterns
and correlation between ties. Both shu⌅ings preserve the
tie intensity wij [18], i.e. the number of calls and their
duration and also the circadian rhythms of human com-
munication [15]. The result for P (�tij) shows that small
and large inter-event times are more probable for the real
series than for the shu⌅ed ones, where the pdf is almost
exponential as in a Poissonian process, apart from a small
deviation due to the circadian rhythms. This bursty pat-
tern of activity has been found in numerous examples
of human behavior [6] and seems to be universal in the
way a single individual schedules tasks. Here we see that
it also happens at the level of two individuals interac-
tion confirming recent results in mobile [15] and online
communities [7] dynamics. The pdf for ⇤ij is also heavy-
tailed but displays a larger number of short ⇤ij compared
to the shu⌅ed one. The abundance of short ⇤ij suggests
that receiving an information (⇥ ⇤ i) triggers commu-
nication with other people (i ⇤ j), a manifestation of
group conversations [11–13]. While the fat-tail of P (⇤ij)
is accurately described by Eq. (1), i.e. large transmission
intervals ⇤ij are mostly due to large inter-event commu-
nication times in the i ⇤ j tie, the behavior of P (⇤ij) is
not only due to the bursty patterns of �tij , but also to the
temporal correlation between the i ⇤ j and the ⇥ ⇤ i
events. In fact, if the correlation between the i ⇤ j and
the ⇥ ⇤ i series is destroyed, the probability of short-
time intervals decreases and approaches the Poissonian
case (Fig. 2). In summary, relay times depend on two
main properties of human communication that compete
to one another. While the bursty nature of human ac-
tivity yields to large transmission times hindering any
possible infection, group conversations translate into an
unexpected abundance of short relay times, favoring the
probability of propagation.

To investigate the e�ect of these two conflicting prop-
erties of human communication on information spread-
ing, we simulate the epidemic Susceptible-Infectious-
Recovered (SIR) model in our social network considering
the real time sequence of communication events [15, 23]
and compare them to the shu⌅ed data. We start the
model by infecting a node at a random instant and con-
sidering all other nodes as susceptible. In each call an
infected node can infect a susceptible node with prob-
ability ⇥. Due to the synchronous nature of the phone
communication, this happens regardless of who initiates
the call. However, since the same results are obtained
by considering directionality in the calls, for computa-

i � j

� ⇥ i

t�
t

t

�ij �tij

FIG. 1. (color online) Schematic view of communications
events around individual i: each horizontal segment indicates
an event between i ! j (top) and ⇤ ! i (bottom). At each
t
↵

in the ⇤ ! i time series, ⇥
ij

is the time elapsed to the next
i ! j event, which is di�erent from the inter-event time �t

ij

in the i ! j time series. The red shaded area represents the
recover time window T

i

after t
↵

.
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FIG. 2. (color online) Distribution of the relay time inter-
vals ⇥

ij

(main) and of the inter-event times �t
ij

(inset) in the
i ! j tie rescaled by �t

ij

. The black circles correspond to
the real data, while the red squares is the overall-shu⇥ed re-
sult. Blue diamonds correspond to the case in which only the
⇤ ! i sequence is randomized. Only ties with w

ij

� 10 are
considered. In both graphs the dashed line correspond to the
e�x function.

tional reasons we consider the latter case. Nodes remain
infected during a time Ti until they decay into the re-
covered state. For the sake of simplicity we simulate the
simplest model in which the recovering time Ti is deter-
ministic and homogeneous Ti = T and set T = 2 days,
although di�erent and/or stochastic Ti can be studied
within the same model. The spreading dynamics gener-
ates a viral cascade that grows until there are no more
nodes in the infected state. We repeat the spreading pro-
cess for 3 � 104 randomly chosen seeds. Note that our
model includes the SI model simulations in [15] where
⇥ = 1 and T = T0, with T0 being the total duration of
the dataset.
By looking at the size of the largest cascade smax (over

all realizations) at each value of ⇥, we first ensure the
existence of a percolation transition [4] (see Fig. 3), con-
firmed by a change in the behavior of smax from small
to large cascades at a given value of ⇥ (tipping point).

P (�tij) = ⇢e�⇢�tij

⇢ = wij/T0

P (nij = n;T ) =
e�⇢T (⇢T )n

n!
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FIG. 3. (color online) Average size dynamics for a large (a)
and a small (b) value of � (left) and maximum size (right)
of the infection outbreaks (over 104 realizations) for the real
data (black lines) and shu�ed data (red lines) for T = 2
days. The dashed line shows the critical point estimation
of the percolation transition given by R1[�, T ] = 1 with R1

calculated using Eq. (6).

The same behavior is observed for the shu⇧ed-time data
where the transition seems to happen almost at the same
value of �, although an accurate analysis of the percola-
tion point if beyond of the scope of this letter. On the
contrary, there is a significant di�erence in the behavior
of the asymptotic average size s1 between the real and
the shu⇧ed-time data for di�erent regimes of �: when �
is small, s1 is bigger for the real data than for the shuf-
fled one, while the opposite behavior is observed for large
�. This di�erence, that can be very large for moderate
values of �, shows the impact of the real time dynamics
of communication in the reach of information in soci-
ety. Specifically, if information propagates easily (large
�), the average reach in social networks is narrower than
the one expected when a Poissonian dynamics is consid-
ered. In this sense, temporal patterns make social net-
works bigger than expected at large scales. However, in
most real situations � is very small [14] and in this case
the observed behavior is the opposite: despite the low
propagation, information cascades are larger in real data
than in the Poisson case, which suggests that information
spreading is more e⌅cient at small (local) scales.

To understand this behavior, we follow the approach
of [17] mapping the dynamical SIR model to a static
edge percolation model where each tie is described by
the transmissibility Tij , that represents the probability
that the information is transmitted from i to j and is a
function of � and T . If user i becomes infected at time
t� and the number of communication events i ⇤ j in the
interval [t�, t� + T ] is nij(t�), then the transmissibility
in that interval is (see Fig.1) Tij = 1 � (1 � �)nij(t↵).
User i may become infected at any ⇥ ⇤ i communication
event. Assuming these events independent and equally
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FIG. 4. Ratio of the number of events (a) and probability
of no events (b) as a function of the recovery time T for the
real (black circles) and shu�ed � ⇥ i (red squares) data with
respect to the overall-shu�ed data. Right panel (c) shows the
ratio of the average size of the outbreaks (black circles) and
of R1 calculated using Eq. 6 (dashed blue line).

probable, we can average Tij over all the t� events to get

Tij [�, T ] = ⌃1� (1� �)nij(t↵)⌥�. (2)

If the number of ⇥ ⇤ i events is large enough we could
use a probabilistic description of Eq.(2) in terms of the
probability P (nij = n;T ) that the number of communi-
cation events between i and j in a given time interval T
is n. Thus

Tij [�, T ] =
1�

n=0

P (nij = n;T )[1� (1� �)n], (3)

which in principle can be non symmetric (Tij ⌅= Tji).
This quantity represents the real probability of infection
from i to j and defines the dynamical strength of the tie.
Note that Tij depends on the series of communication
events between i and j, but also on the time series of
calls received by i. In [17] Newman studied the case in
which both time series are given by independent Poisson
processes in the whole observation interval [0, T0]. Thus,
P (nij = n;T ) is the Poisson distribution with rate ⇥ij =
wijT/T0, where wij is total number of calls from i to j
in [0, T0], thus

T̃ij [�, T ] = 1� e�⇥⇤ = 1� e�⇥wijT/T0 , (4)

which shows the one-to-one relationship between the in-
tensity wij and the transmissibility Tij in the Poissonian
case: the more intense the communication is, the larger
the probability of infection. However, as we have seen in
Fig. 2, the real i ⇤ j and ⇥ ⇤ i series are far from being
independent and Poissonian and in order to investigate
the e�ect of real patterns of communication on the trans-
missibility we approximate Eq. (2). For small values of �

T̃ij [�, T ] ' �wij
T

T0

�
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FIG. 3. (color online) Average size dynamics for a large (a)
and a small (b) value of � (left) and maximum size (right)
of the infection outbreaks (over 104 realizations) for the real
data (black lines) and shu�ed data (red lines) for T = 2
days. The dashed line shows the critical point estimation
of the percolation transition given by R1[�, T ] = 1 with R1

calculated using Eq. (6).

The same behavior is observed for the shu⇧ed-time data
where the transition seems to happen almost at the same
value of �, although an accurate analysis of the percola-
tion point if beyond of the scope of this letter. On the
contrary, there is a significant di�erence in the behavior
of the asymptotic average size s1 between the real and
the shu⇧ed-time data for di�erent regimes of �: when �
is small, s1 is bigger for the real data than for the shuf-
fled one, while the opposite behavior is observed for large
�. This di�erence, that can be very large for moderate
values of �, shows the impact of the real time dynamics
of communication in the reach of information in soci-
ety. Specifically, if information propagates easily (large
�), the average reach in social networks is narrower than
the one expected when a Poissonian dynamics is consid-
ered. In this sense, temporal patterns make social net-
works bigger than expected at large scales. However, in
most real situations � is very small [14] and in this case
the observed behavior is the opposite: despite the low
propagation, information cascades are larger in real data
than in the Poisson case, which suggests that information
spreading is more e⌅cient at small (local) scales.

To understand this behavior, we follow the approach
of [17] mapping the dynamical SIR model to a static
edge percolation model where each tie is described by
the transmissibility Tij , that represents the probability
that the information is transmitted from i to j and is a
function of � and T . If user i becomes infected at time
t� and the number of communication events i ⇤ j in the
interval [t�, t� + T ] is nij(t�), then the transmissibility
in that interval is (see Fig.1) Tij = 1 � (1 � �)nij(t↵).
User i may become infected at any ⇥ ⇤ i communication
event. Assuming these events independent and equally
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FIG. 4. Ratio of the number of events (a) and probability
of no events (b) as a function of the recovery time T for the
real (black circles) and shu�ed � ⇥ i (red squares) data with
respect to the overall-shu�ed data. Right panel (c) shows the
ratio of the average size of the outbreaks (black circles) and
of R1 calculated using Eq. 6 (dashed blue line).

probable, we can average Tij over all the t� events to get

Tij [�, T ] = ⌃1� (1� �)nij(t↵)⌥�. (2)

If the number of ⇥ ⇤ i events is large enough we could
use a probabilistic description of Eq.(2) in terms of the
probability P (nij = n;T ) that the number of communi-
cation events between i and j in a given time interval T
is n. Thus

Tij [�, T ] =
1�

n=0

P (nij = n;T )[1� (1� �)n], (3)

which in principle can be non symmetric (Tij ⌅= Tji).
This quantity represents the real probability of infection
from i to j and defines the dynamical strength of the tie.
Note that Tij depends on the series of communication
events between i and j, but also on the time series of
calls received by i. In [17] Newman studied the case in
which both time series are given by independent Poisson
processes in the whole observation interval [0, T0]. Thus,
P (nij = n;T ) is the Poisson distribution with rate ⇥ij =
wijT/T0, where wij is total number of calls from i to j
in [0, T0], thus

T̃ij [�, T ] = 1� e�⇥⇤ = 1� e�⇥wijT/T0 , (4)

which shows the one-to-one relationship between the in-
tensity wij and the transmissibility Tij in the Poissonian
case: the more intense the communication is, the larger
the probability of infection. However, as we have seen in
Fig. 2, the real i ⇤ j and ⇥ ⇤ i series are far from being
independent and Poissonian and in order to investigate
the e�ect of real patterns of communication on the trans-
missibility we approximate Eq. (2). For small values of �

� ⌧ 1 ) 1� (1� �)n ' �n

Tij � �⇥nij⇤t↵
� ' 1 ) 1� (1� �)n ' 1 for n > 0

Tij ⇥ 1� P 0
ij

P 0
ij = P (nij = 0;T ) =

Z 1

T
P (�ij)d�ij



@estebanmoro 

Spreading including tie activity

!

!

• General process. Approximations 
• If 
!

!

• If 
 
 
 
 
where

3

0

50

100

150

0 20 40 60 80 100
0

1

2

3

4

0.05 0.1 0.15 0.2

1!105

2!105

a

c

t (in days)

�s
(t
)⇥

b

a

b

s
m

a
x

�

FIG. 3. (color online) Average size dynamics for a large (a)
and a small (b) value of � (left) and maximum size (right)
of the infection outbreaks (over 104 realizations) for the real
data (black lines) and shu�ed data (red lines) for T = 2
days. The dashed line shows the critical point estimation
of the percolation transition given by R1[�, T ] = 1 with R1

calculated using Eq. (6).

The same behavior is observed for the shu⇧ed-time data
where the transition seems to happen almost at the same
value of �, although an accurate analysis of the percola-
tion point if beyond of the scope of this letter. On the
contrary, there is a significant di�erence in the behavior
of the asymptotic average size s1 between the real and
the shu⇧ed-time data for di�erent regimes of �: when �
is small, s1 is bigger for the real data than for the shuf-
fled one, while the opposite behavior is observed for large
�. This di�erence, that can be very large for moderate
values of �, shows the impact of the real time dynamics
of communication in the reach of information in soci-
ety. Specifically, if information propagates easily (large
�), the average reach in social networks is narrower than
the one expected when a Poissonian dynamics is consid-
ered. In this sense, temporal patterns make social net-
works bigger than expected at large scales. However, in
most real situations � is very small [14] and in this case
the observed behavior is the opposite: despite the low
propagation, information cascades are larger in real data
than in the Poisson case, which suggests that information
spreading is more e⌅cient at small (local) scales.

To understand this behavior, we follow the approach
of [17] mapping the dynamical SIR model to a static
edge percolation model where each tie is described by
the transmissibility Tij , that represents the probability
that the information is transmitted from i to j and is a
function of � and T . If user i becomes infected at time
t� and the number of communication events i ⇤ j in the
interval [t�, t� + T ] is nij(t�), then the transmissibility
in that interval is (see Fig.1) Tij = 1 � (1 � �)nij(t↵).
User i may become infected at any ⇥ ⇤ i communication
event. Assuming these events independent and equally
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of no events (b) as a function of the recovery time T for the
real (black circles) and shu�ed � ⇥ i (red squares) data with
respect to the overall-shu�ed data. Right panel (c) shows the
ratio of the average size of the outbreaks (black circles) and
of R1 calculated using Eq. 6 (dashed blue line).

probable, we can average Tij over all the t� events to get

Tij [�, T ] = ⌃1� (1� �)nij(t↵)⌥�. (2)

If the number of ⇥ ⇤ i events is large enough we could
use a probabilistic description of Eq.(2) in terms of the
probability P (nij = n;T ) that the number of communi-
cation events between i and j in a given time interval T
is n. Thus

Tij [�, T ] =
1�

n=0

P (nij = n;T )[1� (1� �)n], (3)

which in principle can be non symmetric (Tij ⌅= Tji).
This quantity represents the real probability of infection
from i to j and defines the dynamical strength of the tie.
Note that Tij depends on the series of communication
events between i and j, but also on the time series of
calls received by i. In [17] Newman studied the case in
which both time series are given by independent Poisson
processes in the whole observation interval [0, T0]. Thus,
P (nij = n;T ) is the Poisson distribution with rate ⇥ij =
wijT/T0, where wij is total number of calls from i to j
in [0, T0], thus

T̃ij [�, T ] = 1� e�⇥⇤ = 1� e�⇥wijT/T0 , (4)

which shows the one-to-one relationship between the in-
tensity wij and the transmissibility Tij in the Poissonian
case: the more intense the communication is, the larger
the probability of infection. However, as we have seen in
Fig. 2, the real i ⇤ j and ⇥ ⇤ i series are far from being
independent and Poissonian and in order to investigate
the e�ect of real patterns of communication on the trans-
missibility we approximate Eq. (2). For small values of �

� ⌧ 1 ) 1� (1� �)n ' �n

Tij � �⇥nij⇤t↵
� ' 1 ) 1� (1� �)n ' 1 for n > 0
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ij
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ij = P (nij = 0;T ) =
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T
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FIG. 3. (color online) Average size dynamics for a large (a)
and a small (b) value of � (left) and maximum size (right)
of the infection outbreaks (over 104 realizations) for the real
data (black lines) and shu�ed data (red lines) for T = 2
days. The dashed line shows the critical point estimation
of the percolation transition given by R1[�, T ] = 1 with R1

calculated using Eq. (6).

The same behavior is observed for the shu⇧ed-time data
where the transition seems to happen almost at the same
value of �, although an accurate analysis of the percola-
tion point if beyond of the scope of this letter. On the
contrary, there is a significant di�erence in the behavior
of the asymptotic average size s1 between the real and
the shu⇧ed-time data for di�erent regimes of �: when �
is small, s1 is bigger for the real data than for the shuf-
fled one, while the opposite behavior is observed for large
�. This di�erence, that can be very large for moderate
values of �, shows the impact of the real time dynamics
of communication in the reach of information in soci-
ety. Specifically, if information propagates easily (large
�), the average reach in social networks is narrower than
the one expected when a Poissonian dynamics is consid-
ered. In this sense, temporal patterns make social net-
works bigger than expected at large scales. However, in
most real situations � is very small [14] and in this case
the observed behavior is the opposite: despite the low
propagation, information cascades are larger in real data
than in the Poisson case, which suggests that information
spreading is more e⌅cient at small (local) scales.

To understand this behavior, we follow the approach
of [17] mapping the dynamical SIR model to a static
edge percolation model where each tie is described by
the transmissibility Tij , that represents the probability
that the information is transmitted from i to j and is a
function of � and T . If user i becomes infected at time
t� and the number of communication events i ⇤ j in the
interval [t�, t� + T ] is nij(t�), then the transmissibility
in that interval is (see Fig.1) Tij = 1 � (1 � �)nij(t↵).
User i may become infected at any ⇥ ⇤ i communication
event. Assuming these events independent and equally
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FIG. 4. Ratio of the number of events (a) and probability
of no events (b) as a function of the recovery time T for the
real (black circles) and shu�ed � ⇥ i (red squares) data with
respect to the overall-shu�ed data. Right panel (c) shows the
ratio of the average size of the outbreaks (black circles) and
of R1 calculated using Eq. 6 (dashed blue line).

probable, we can average Tij over all the t� events to get

Tij [�, T ] = ⌃1� (1� �)nij(t↵)⌥�. (2)

If the number of ⇥ ⇤ i events is large enough we could
use a probabilistic description of Eq.(2) in terms of the
probability P (nij = n;T ) that the number of communi-
cation events between i and j in a given time interval T
is n. Thus

Tij [�, T ] =
1�

n=0

P (nij = n;T )[1� (1� �)n], (3)

which in principle can be non symmetric (Tij ⌅= Tji).
This quantity represents the real probability of infection
from i to j and defines the dynamical strength of the tie.
Note that Tij depends on the series of communication
events between i and j, but also on the time series of
calls received by i. In [17] Newman studied the case in
which both time series are given by independent Poisson
processes in the whole observation interval [0, T0]. Thus,
P (nij = n;T ) is the Poisson distribution with rate ⇥ij =
wijT/T0, where wij is total number of calls from i to j
in [0, T0], thus

T̃ij [�, T ] = 1� e�⇥⇤ = 1� e�⇥wijT/T0 , (4)

which shows the one-to-one relationship between the in-
tensity wij and the transmissibility Tij in the Poissonian
case: the more intense the communication is, the larger
the probability of infection. However, as we have seen in
Fig. 2, the real i ⇤ j and ⇥ ⇤ i series are far from being
independent and Poissonian and in order to investigate
the e�ect of real patterns of communication on the trans-
missibility we approximate Eq. (2). For small values of �

2

events and in particular, the possible heavy-tail proper-
ties of P (�tij) are directly inherited by P (⇤ij). Fig. 2
shows our (rescaled) results for P (�tij) and P (⇤ij). For
comparison, we also show the results obtained when i)
the time-stamps of the ⇥ ⇤ i events are randomly se-
lected from the complete CDR, thus destroying any possi-
ble temporal correlation with i ⇤ j and e�ectively mim-
icking Eq. (1) and ii) when the whole CDR time-stamps
are shu⌅ed thus destroying both tie temporal patterns
and correlation between ties. Both shu⌅ings preserve the
tie intensity wij [18], i.e. the number of calls and their
duration and also the circadian rhythms of human com-
munication [15]. The result for P (�tij) shows that small
and large inter-event times are more probable for the real
series than for the shu⌅ed ones, where the pdf is almost
exponential as in a Poissonian process, apart from a small
deviation due to the circadian rhythms. This bursty pat-
tern of activity has been found in numerous examples
of human behavior [6] and seems to be universal in the
way a single individual schedules tasks. Here we see that
it also happens at the level of two individuals interac-
tion confirming recent results in mobile [15] and online
communities [7] dynamics. The pdf for ⇤ij is also heavy-
tailed but displays a larger number of short ⇤ij compared
to the shu⌅ed one. The abundance of short ⇤ij suggests
that receiving an information (⇥ ⇤ i) triggers commu-
nication with other people (i ⇤ j), a manifestation of
group conversations [11–13]. While the fat-tail of P (⇤ij)
is accurately described by Eq. (1), i.e. large transmission
intervals ⇤ij are mostly due to large inter-event commu-
nication times in the i ⇤ j tie, the behavior of P (⇤ij) is
not only due to the bursty patterns of �tij , but also to the
temporal correlation between the i ⇤ j and the ⇥ ⇤ i
events. In fact, if the correlation between the i ⇤ j and
the ⇥ ⇤ i series is destroyed, the probability of short-
time intervals decreases and approaches the Poissonian
case (Fig. 2). In summary, relay times depend on two
main properties of human communication that compete
to one another. While the bursty nature of human ac-
tivity yields to large transmission times hindering any
possible infection, group conversations translate into an
unexpected abundance of short relay times, favoring the
probability of propagation.

To investigate the e�ect of these two conflicting prop-
erties of human communication on information spread-
ing, we simulate the epidemic Susceptible-Infectious-
Recovered (SIR) model in our social network considering
the real time sequence of communication events [15, 23]
and compare them to the shu⌅ed data. We start the
model by infecting a node at a random instant and con-
sidering all other nodes as susceptible. In each call an
infected node can infect a susceptible node with prob-
ability ⇥. Due to the synchronous nature of the phone
communication, this happens regardless of who initiates
the call. However, since the same results are obtained
by considering directionality in the calls, for computa-
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⇤ ! i sequence is randomized. Only ties with w
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considered. In both graphs the dashed line correspond to the
e�x function.

tional reasons we consider the latter case. Nodes remain
infected during a time Ti until they decay into the re-
covered state. For the sake of simplicity we simulate the
simplest model in which the recovering time Ti is deter-
ministic and homogeneous Ti = T and set T = 2 days,
although di�erent and/or stochastic Ti can be studied
within the same model. The spreading dynamics gener-
ates a viral cascade that grows until there are no more
nodes in the infected state. We repeat the spreading pro-
cess for 3 � 104 randomly chosen seeds. Note that our
model includes the SI model simulations in [15] where
⇥ = 1 and T = T0, with T0 being the total duration of
the dataset.
By looking at the size of the largest cascade smax (over

all realizations) at each value of ⇥, we first ensure the
existence of a percolation transition [4] (see Fig. 3), con-
firmed by a change in the behavior of smax from small
to large cascades at a given value of ⇥ (tipping point).

Tij ⇥ 1� P 0
ij

Long waiting times (bursts) 
make transmissibility smaller

Tij ⇥ 1� P 0
ij

Tij � T̃ij

� ' 1 ) 1� (1� �)n ' 1 for n > 0
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FIG. 3. (color online) Average size dynamics for a large (a)
and a small (b) value of � (left) and maximum size (right)
of the infection outbreaks (over 104 realizations) for the real
data (black lines) and shu�ed data (red lines) for T = 2
days. The dashed line shows the critical point estimation
of the percolation transition given by R1[�, T ] = 1 with R1

calculated using Eq. (6).

The same behavior is observed for the shu⇧ed-time data
where the transition seems to happen almost at the same
value of �, although an accurate analysis of the percola-
tion point if beyond of the scope of this letter. On the
contrary, there is a significant di�erence in the behavior
of the asymptotic average size s1 between the real and
the shu⇧ed-time data for di�erent regimes of �: when �
is small, s1 is bigger for the real data than for the shuf-
fled one, while the opposite behavior is observed for large
�. This di�erence, that can be very large for moderate
values of �, shows the impact of the real time dynamics
of communication in the reach of information in soci-
ety. Specifically, if information propagates easily (large
�), the average reach in social networks is narrower than
the one expected when a Poissonian dynamics is consid-
ered. In this sense, temporal patterns make social net-
works bigger than expected at large scales. However, in
most real situations � is very small [14] and in this case
the observed behavior is the opposite: despite the low
propagation, information cascades are larger in real data
than in the Poisson case, which suggests that information
spreading is more e⌅cient at small (local) scales.

To understand this behavior, we follow the approach
of [17] mapping the dynamical SIR model to a static
edge percolation model where each tie is described by
the transmissibility Tij , that represents the probability
that the information is transmitted from i to j and is a
function of � and T . If user i becomes infected at time
t� and the number of communication events i ⇤ j in the
interval [t�, t� + T ] is nij(t�), then the transmissibility
in that interval is (see Fig.1) Tij = 1 � (1 � �)nij(t↵).
User i may become infected at any ⇥ ⇤ i communication
event. Assuming these events independent and equally
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FIG. 4. Ratio of the number of events (a) and probability
of no events (b) as a function of the recovery time T for the
real (black circles) and shu�ed � ⇥ i (red squares) data with
respect to the overall-shu�ed data. Right panel (c) shows the
ratio of the average size of the outbreaks (black circles) and
of R1 calculated using Eq. 6 (dashed blue line).

probable, we can average Tij over all the t� events to get

Tij [�, T ] = ⌃1� (1� �)nij(t↵)⌥�. (2)

If the number of ⇥ ⇤ i events is large enough we could
use a probabilistic description of Eq.(2) in terms of the
probability P (nij = n;T ) that the number of communi-
cation events between i and j in a given time interval T
is n. Thus

Tij [�, T ] =
1�

n=0

P (nij = n;T )[1� (1� �)n], (3)

which in principle can be non symmetric (Tij ⌅= Tji).
This quantity represents the real probability of infection
from i to j and defines the dynamical strength of the tie.
Note that Tij depends on the series of communication
events between i and j, but also on the time series of
calls received by i. In [17] Newman studied the case in
which both time series are given by independent Poisson
processes in the whole observation interval [0, T0]. Thus,
P (nij = n;T ) is the Poisson distribution with rate ⇥ij =
wijT/T0, where wij is total number of calls from i to j
in [0, T0], thus

T̃ij [�, T ] = 1� e�⇥⇤ = 1� e�⇥wijT/T0 , (4)

which shows the one-to-one relationship between the in-
tensity wij and the transmissibility Tij in the Poissonian
case: the more intense the communication is, the larger
the probability of infection. However, as we have seen in
Fig. 2, the real i ⇤ j and ⇥ ⇤ i series are far from being
independent and Poissonian and in order to investigate
the e�ect of real patterns of communication on the trans-
missibility we approximate Eq. (2). For small values of �

2

events and in particular, the possible heavy-tail proper-
ties of P (�tij) are directly inherited by P (⇤ij). Fig. 2
shows our (rescaled) results for P (�tij) and P (⇤ij). For
comparison, we also show the results obtained when i)
the time-stamps of the ⇥ ⇤ i events are randomly se-
lected from the complete CDR, thus destroying any possi-
ble temporal correlation with i ⇤ j and e�ectively mim-
icking Eq. (1) and ii) when the whole CDR time-stamps
are shu⌅ed thus destroying both tie temporal patterns
and correlation between ties. Both shu⌅ings preserve the
tie intensity wij [18], i.e. the number of calls and their
duration and also the circadian rhythms of human com-
munication [15]. The result for P (�tij) shows that small
and large inter-event times are more probable for the real
series than for the shu⌅ed ones, where the pdf is almost
exponential as in a Poissonian process, apart from a small
deviation due to the circadian rhythms. This bursty pat-
tern of activity has been found in numerous examples
of human behavior [6] and seems to be universal in the
way a single individual schedules tasks. Here we see that
it also happens at the level of two individuals interac-
tion confirming recent results in mobile [15] and online
communities [7] dynamics. The pdf for ⇤ij is also heavy-
tailed but displays a larger number of short ⇤ij compared
to the shu⌅ed one. The abundance of short ⇤ij suggests
that receiving an information (⇥ ⇤ i) triggers commu-
nication with other people (i ⇤ j), a manifestation of
group conversations [11–13]. While the fat-tail of P (⇤ij)
is accurately described by Eq. (1), i.e. large transmission
intervals ⇤ij are mostly due to large inter-event commu-
nication times in the i ⇤ j tie, the behavior of P (⇤ij) is
not only due to the bursty patterns of �tij , but also to the
temporal correlation between the i ⇤ j and the ⇥ ⇤ i
events. In fact, if the correlation between the i ⇤ j and
the ⇥ ⇤ i series is destroyed, the probability of short-
time intervals decreases and approaches the Poissonian
case (Fig. 2). In summary, relay times depend on two
main properties of human communication that compete
to one another. While the bursty nature of human ac-
tivity yields to large transmission times hindering any
possible infection, group conversations translate into an
unexpected abundance of short relay times, favoring the
probability of propagation.

To investigate the e�ect of these two conflicting prop-
erties of human communication on information spread-
ing, we simulate the epidemic Susceptible-Infectious-
Recovered (SIR) model in our social network considering
the real time sequence of communication events [15, 23]
and compare them to the shu⌅ed data. We start the
model by infecting a node at a random instant and con-
sidering all other nodes as susceptible. In each call an
infected node can infect a susceptible node with prob-
ability ⇥. Due to the synchronous nature of the phone
communication, this happens regardless of who initiates
the call. However, since the same results are obtained
by considering directionality in the calls, for computa-
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events around individual i: each horizontal segment indicates
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⇤ ! i sequence is randomized. Only ties with w
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� 10 are
considered. In both graphs the dashed line correspond to the
e�x function.

tional reasons we consider the latter case. Nodes remain
infected during a time Ti until they decay into the re-
covered state. For the sake of simplicity we simulate the
simplest model in which the recovering time Ti is deter-
ministic and homogeneous Ti = T and set T = 2 days,
although di�erent and/or stochastic Ti can be studied
within the same model. The spreading dynamics gener-
ates a viral cascade that grows until there are no more
nodes in the infected state. We repeat the spreading pro-
cess for 3 � 104 randomly chosen seeds. Note that our
model includes the SI model simulations in [15] where
⇥ = 1 and T = T0, with T0 being the total duration of
the dataset.
By looking at the size of the largest cascade smax (over

all realizations) at each value of ⇥, we first ensure the
existence of a percolation transition [4] (see Fig. 3), con-
firmed by a change in the behavior of smax from small
to large cascades at a given value of ⇥ (tipping point).
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Long waiting times (bursts) 
make transmissibility smaller

Tij ⇥ 1� P 0
ij

Tij � T̃ij
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FIG. 3. (color online) Average size dynamics for a large (a)
and a small (b) value of � (left) and maximum size (right)
of the infection outbreaks (over 104 realizations) for the real
data (black lines) and shu�ed data (red lines) for T = 2
days. The dashed line shows the critical point estimation
of the percolation transition given by R1[�, T ] = 1 with R1

calculated using Eq. (6).

The same behavior is observed for the shu⇧ed-time data
where the transition seems to happen almost at the same
value of �, although an accurate analysis of the percola-
tion point if beyond of the scope of this letter. On the
contrary, there is a significant di�erence in the behavior
of the asymptotic average size s1 between the real and
the shu⇧ed-time data for di�erent regimes of �: when �
is small, s1 is bigger for the real data than for the shuf-
fled one, while the opposite behavior is observed for large
�. This di�erence, that can be very large for moderate
values of �, shows the impact of the real time dynamics
of communication in the reach of information in soci-
ety. Specifically, if information propagates easily (large
�), the average reach in social networks is narrower than
the one expected when a Poissonian dynamics is consid-
ered. In this sense, temporal patterns make social net-
works bigger than expected at large scales. However, in
most real situations � is very small [14] and in this case
the observed behavior is the opposite: despite the low
propagation, information cascades are larger in real data
than in the Poisson case, which suggests that information
spreading is more e⌅cient at small (local) scales.

To understand this behavior, we follow the approach
of [17] mapping the dynamical SIR model to a static
edge percolation model where each tie is described by
the transmissibility Tij , that represents the probability
that the information is transmitted from i to j and is a
function of � and T . If user i becomes infected at time
t� and the number of communication events i ⇤ j in the
interval [t�, t� + T ] is nij(t�), then the transmissibility
in that interval is (see Fig.1) Tij = 1 � (1 � �)nij(t↵).
User i may become infected at any ⇥ ⇤ i communication
event. Assuming these events independent and equally
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respect to the overall-shu�ed data. Right panel (c) shows the
ratio of the average size of the outbreaks (black circles) and
of R1 calculated using Eq. 6 (dashed blue line).

probable, we can average Tij over all the t� events to get

Tij [�, T ] = ⌃1� (1� �)nij(t↵)⌥�. (2)

If the number of ⇥ ⇤ i events is large enough we could
use a probabilistic description of Eq.(2) in terms of the
probability P (nij = n;T ) that the number of communi-
cation events between i and j in a given time interval T
is n. Thus

Tij [�, T ] =
1�

n=0

P (nij = n;T )[1� (1� �)n], (3)

which in principle can be non symmetric (Tij ⌅= Tji).
This quantity represents the real probability of infection
from i to j and defines the dynamical strength of the tie.
Note that Tij depends on the series of communication
events between i and j, but also on the time series of
calls received by i. In [17] Newman studied the case in
which both time series are given by independent Poisson
processes in the whole observation interval [0, T0]. Thus,
P (nij = n;T ) is the Poisson distribution with rate ⇥ij =
wijT/T0, where wij is total number of calls from i to j
in [0, T0], thus

T̃ij [�, T ] = 1� e�⇥⇤ = 1� e�⇥wijT/T0 , (4)

which shows the one-to-one relationship between the in-
tensity wij and the transmissibility Tij in the Poissonian
case: the more intense the communication is, the larger
the probability of infection. However, as we have seen in
Fig. 2, the real i ⇤ j and ⇥ ⇤ i series are far from being
independent and Poissonian and in order to investigate
the e�ect of real patterns of communication on the trans-
missibility we approximate Eq. (2). For small values of �

2

events and in particular, the possible heavy-tail proper-
ties of P (�tij) are directly inherited by P (⇤ij). Fig. 2
shows our (rescaled) results for P (�tij) and P (⇤ij). For
comparison, we also show the results obtained when i)
the time-stamps of the ⇥ ⇤ i events are randomly se-
lected from the complete CDR, thus destroying any possi-
ble temporal correlation with i ⇤ j and e�ectively mim-
icking Eq. (1) and ii) when the whole CDR time-stamps
are shu⌅ed thus destroying both tie temporal patterns
and correlation between ties. Both shu⌅ings preserve the
tie intensity wij [18], i.e. the number of calls and their
duration and also the circadian rhythms of human com-
munication [15]. The result for P (�tij) shows that small
and large inter-event times are more probable for the real
series than for the shu⌅ed ones, where the pdf is almost
exponential as in a Poissonian process, apart from a small
deviation due to the circadian rhythms. This bursty pat-
tern of activity has been found in numerous examples
of human behavior [6] and seems to be universal in the
way a single individual schedules tasks. Here we see that
it also happens at the level of two individuals interac-
tion confirming recent results in mobile [15] and online
communities [7] dynamics. The pdf for ⇤ij is also heavy-
tailed but displays a larger number of short ⇤ij compared
to the shu⌅ed one. The abundance of short ⇤ij suggests
that receiving an information (⇥ ⇤ i) triggers commu-
nication with other people (i ⇤ j), a manifestation of
group conversations [11–13]. While the fat-tail of P (⇤ij)
is accurately described by Eq. (1), i.e. large transmission
intervals ⇤ij are mostly due to large inter-event commu-
nication times in the i ⇤ j tie, the behavior of P (⇤ij) is
not only due to the bursty patterns of �tij , but also to the
temporal correlation between the i ⇤ j and the ⇥ ⇤ i
events. In fact, if the correlation between the i ⇤ j and
the ⇥ ⇤ i series is destroyed, the probability of short-
time intervals decreases and approaches the Poissonian
case (Fig. 2). In summary, relay times depend on two
main properties of human communication that compete
to one another. While the bursty nature of human ac-
tivity yields to large transmission times hindering any
possible infection, group conversations translate into an
unexpected abundance of short relay times, favoring the
probability of propagation.

To investigate the e�ect of these two conflicting prop-
erties of human communication on information spread-
ing, we simulate the epidemic Susceptible-Infectious-
Recovered (SIR) model in our social network considering
the real time sequence of communication events [15, 23]
and compare them to the shu⌅ed data. We start the
model by infecting a node at a random instant and con-
sidering all other nodes as susceptible. In each call an
infected node can infect a susceptible node with prob-
ability ⇥. Due to the synchronous nature of the phone
communication, this happens regardless of who initiates
the call. However, since the same results are obtained
by considering directionality in the calls, for computa-
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FIG. 2. (color online) Distribution of the relay time inter-
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(main) and of the inter-event times �t
ij

(inset) in the
i ! j tie rescaled by �t

ij

. The black circles correspond to
the real data, while the red squares is the overall-shu⇥ed re-
sult. Blue diamonds correspond to the case in which only the
⇤ ! i sequence is randomized. Only ties with w

ij

� 10 are
considered. In both graphs the dashed line correspond to the
e�x function.

tional reasons we consider the latter case. Nodes remain
infected during a time Ti until they decay into the re-
covered state. For the sake of simplicity we simulate the
simplest model in which the recovering time Ti is deter-
ministic and homogeneous Ti = T and set T = 2 days,
although di�erent and/or stochastic Ti can be studied
within the same model. The spreading dynamics gener-
ates a viral cascade that grows until there are no more
nodes in the infected state. We repeat the spreading pro-
cess for 3 � 104 randomly chosen seeds. Note that our
model includes the SI model simulations in [15] where
⇥ = 1 and T = T0, with T0 being the total duration of
the dataset.
By looking at the size of the largest cascade smax (over

all realizations) at each value of ⇥, we first ensure the
existence of a percolation transition [4] (see Fig. 3), con-
firmed by a change in the behavior of smax from small
to large cascades at a given value of ⇥ (tipping point).

Tij ⇥ 1� P 0
ij

Long waiting times (bursts) 
make transmissibility smaller

Tij ⇥ 1� P 0
ij

Tij � T̃ij

� ' 1 ) 1� (1� �)n ' 1 for n > 0
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FIG. 3. (color online) Average size dynamics for a large (a)
and a small (b) value of � (left) and maximum size (right)
of the infection outbreaks (over 104 realizations) for the real
data (black lines) and shu�ed data (red lines) for T = 2
days. The dashed line shows the critical point estimation
of the percolation transition given by R1[�, T ] = 1 with R1

calculated using Eq. (6).

The same behavior is observed for the shu⇧ed-time data
where the transition seems to happen almost at the same
value of �, although an accurate analysis of the percola-
tion point if beyond of the scope of this letter. On the
contrary, there is a significant di�erence in the behavior
of the asymptotic average size s1 between the real and
the shu⇧ed-time data for di�erent regimes of �: when �
is small, s1 is bigger for the real data than for the shuf-
fled one, while the opposite behavior is observed for large
�. This di�erence, that can be very large for moderate
values of �, shows the impact of the real time dynamics
of communication in the reach of information in soci-
ety. Specifically, if information propagates easily (large
�), the average reach in social networks is narrower than
the one expected when a Poissonian dynamics is consid-
ered. In this sense, temporal patterns make social net-
works bigger than expected at large scales. However, in
most real situations � is very small [14] and in this case
the observed behavior is the opposite: despite the low
propagation, information cascades are larger in real data
than in the Poisson case, which suggests that information
spreading is more e⌅cient at small (local) scales.

To understand this behavior, we follow the approach
of [17] mapping the dynamical SIR model to a static
edge percolation model where each tie is described by
the transmissibility Tij , that represents the probability
that the information is transmitted from i to j and is a
function of � and T . If user i becomes infected at time
t� and the number of communication events i ⇤ j in the
interval [t�, t� + T ] is nij(t�), then the transmissibility
in that interval is (see Fig.1) Tij = 1 � (1 � �)nij(t↵).
User i may become infected at any ⇥ ⇤ i communication
event. Assuming these events independent and equally
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FIG. 4. Ratio of the number of events (a) and probability
of no events (b) as a function of the recovery time T for the
real (black circles) and shu�ed � ⇥ i (red squares) data with
respect to the overall-shu�ed data. Right panel (c) shows the
ratio of the average size of the outbreaks (black circles) and
of R1 calculated using Eq. 6 (dashed blue line).

probable, we can average Tij over all the t� events to get

Tij [�, T ] = ⌃1� (1� �)nij(t↵)⌥�. (2)

If the number of ⇥ ⇤ i events is large enough we could
use a probabilistic description of Eq.(2) in terms of the
probability P (nij = n;T ) that the number of communi-
cation events between i and j in a given time interval T
is n. Thus

Tij [�, T ] =
1�

n=0

P (nij = n;T )[1� (1� �)n], (3)

which in principle can be non symmetric (Tij ⌅= Tji).
This quantity represents the real probability of infection
from i to j and defines the dynamical strength of the tie.
Note that Tij depends on the series of communication
events between i and j, but also on the time series of
calls received by i. In [17] Newman studied the case in
which both time series are given by independent Poisson
processes in the whole observation interval [0, T0]. Thus,
P (nij = n;T ) is the Poisson distribution with rate ⇥ij =
wijT/T0, where wij is total number of calls from i to j
in [0, T0], thus

T̃ij [�, T ] = 1� e�⇥⇤ = 1� e�⇥wijT/T0 , (4)

which shows the one-to-one relationship between the in-
tensity wij and the transmissibility Tij in the Poissonian
case: the more intense the communication is, the larger
the probability of infection. However, as we have seen in
Fig. 2, the real i ⇤ j and ⇥ ⇤ i series are far from being
independent and Poissonian and in order to investigate
the e�ect of real patterns of communication on the trans-
missibility we approximate Eq. (2). For small values of �

2

events and in particular, the possible heavy-tail proper-
ties of P (�tij) are directly inherited by P (⇤ij). Fig. 2
shows our (rescaled) results for P (�tij) and P (⇤ij). For
comparison, we also show the results obtained when i)
the time-stamps of the ⇥ ⇤ i events are randomly se-
lected from the complete CDR, thus destroying any possi-
ble temporal correlation with i ⇤ j and e�ectively mim-
icking Eq. (1) and ii) when the whole CDR time-stamps
are shu⌅ed thus destroying both tie temporal patterns
and correlation between ties. Both shu⌅ings preserve the
tie intensity wij [18], i.e. the number of calls and their
duration and also the circadian rhythms of human com-
munication [15]. The result for P (�tij) shows that small
and large inter-event times are more probable for the real
series than for the shu⌅ed ones, where the pdf is almost
exponential as in a Poissonian process, apart from a small
deviation due to the circadian rhythms. This bursty pat-
tern of activity has been found in numerous examples
of human behavior [6] and seems to be universal in the
way a single individual schedules tasks. Here we see that
it also happens at the level of two individuals interac-
tion confirming recent results in mobile [15] and online
communities [7] dynamics. The pdf for ⇤ij is also heavy-
tailed but displays a larger number of short ⇤ij compared
to the shu⌅ed one. The abundance of short ⇤ij suggests
that receiving an information (⇥ ⇤ i) triggers commu-
nication with other people (i ⇤ j), a manifestation of
group conversations [11–13]. While the fat-tail of P (⇤ij)
is accurately described by Eq. (1), i.e. large transmission
intervals ⇤ij are mostly due to large inter-event commu-
nication times in the i ⇤ j tie, the behavior of P (⇤ij) is
not only due to the bursty patterns of �tij , but also to the
temporal correlation between the i ⇤ j and the ⇥ ⇤ i
events. In fact, if the correlation between the i ⇤ j and
the ⇥ ⇤ i series is destroyed, the probability of short-
time intervals decreases and approaches the Poissonian
case (Fig. 2). In summary, relay times depend on two
main properties of human communication that compete
to one another. While the bursty nature of human ac-
tivity yields to large transmission times hindering any
possible infection, group conversations translate into an
unexpected abundance of short relay times, favoring the
probability of propagation.

To investigate the e�ect of these two conflicting prop-
erties of human communication on information spread-
ing, we simulate the epidemic Susceptible-Infectious-
Recovered (SIR) model in our social network considering
the real time sequence of communication events [15, 23]
and compare them to the shu⌅ed data. We start the
model by infecting a node at a random instant and con-
sidering all other nodes as susceptible. In each call an
infected node can infect a susceptible node with prob-
ability ⇥. Due to the synchronous nature of the phone
communication, this happens regardless of who initiates
the call. However, since the same results are obtained
by considering directionality in the calls, for computa-
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FIG. 1. (color online) Schematic view of communications
events around individual i: each horizontal segment indicates
an event between i ! j (top) and ⇤ ! i (bottom). At each
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in the ⇤ ! i time series, ⇥
ij

is the time elapsed to the next
i ! j event, which is di�erent from the inter-event time �t
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in the i ! j time series. The red shaded area represents the
recover time window T
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FIG. 2. (color online) Distribution of the relay time inter-
vals ⇥

ij

(main) and of the inter-event times �t
ij

(inset) in the
i ! j tie rescaled by �t

ij

. The black circles correspond to
the real data, while the red squares is the overall-shu⇥ed re-
sult. Blue diamonds correspond to the case in which only the
⇤ ! i sequence is randomized. Only ties with w

ij

� 10 are
considered. In both graphs the dashed line correspond to the
e�x function.

tional reasons we consider the latter case. Nodes remain
infected during a time Ti until they decay into the re-
covered state. For the sake of simplicity we simulate the
simplest model in which the recovering time Ti is deter-
ministic and homogeneous Ti = T and set T = 2 days,
although di�erent and/or stochastic Ti can be studied
within the same model. The spreading dynamics gener-
ates a viral cascade that grows until there are no more
nodes in the infected state. We repeat the spreading pro-
cess for 3 � 104 randomly chosen seeds. Note that our
model includes the SI model simulations in [15] where
⇥ = 1 and T = T0, with T0 being the total duration of
the dataset.
By looking at the size of the largest cascade smax (over

all realizations) at each value of ⇥, we first ensure the
existence of a percolation transition [4] (see Fig. 3), con-
firmed by a change in the behavior of smax from small
to large cascades at a given value of ⇥ (tipping point).

Tij ⇥ 1� P 0
ij

Long waiting times (bursts) 
make transmissibility smaller

Tij ⇥ 1� P 0
ij

Tij � T̃ij

� ' 1 ) 1� (1� �)n ' 1 for n > 0
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FIG. 3. (color online) Average size dynamics for a large (a)
and a small (b) value of � (left) and maximum size (right)
of the infection outbreaks (over 104 realizations) for the real
data (black lines) and shu�ed data (red lines) for T = 2
days. The dashed line shows the critical point estimation
of the percolation transition given by R1[�, T ] = 1 with R1

calculated using Eq. (6).

The same behavior is observed for the shu⇧ed-time data
where the transition seems to happen almost at the same
value of �, although an accurate analysis of the percola-
tion point if beyond of the scope of this letter. On the
contrary, there is a significant di�erence in the behavior
of the asymptotic average size s1 between the real and
the shu⇧ed-time data for di�erent regimes of �: when �
is small, s1 is bigger for the real data than for the shuf-
fled one, while the opposite behavior is observed for large
�. This di�erence, that can be very large for moderate
values of �, shows the impact of the real time dynamics
of communication in the reach of information in soci-
ety. Specifically, if information propagates easily (large
�), the average reach in social networks is narrower than
the one expected when a Poissonian dynamics is consid-
ered. In this sense, temporal patterns make social net-
works bigger than expected at large scales. However, in
most real situations � is very small [14] and in this case
the observed behavior is the opposite: despite the low
propagation, information cascades are larger in real data
than in the Poisson case, which suggests that information
spreading is more e⌅cient at small (local) scales.

To understand this behavior, we follow the approach
of [17] mapping the dynamical SIR model to a static
edge percolation model where each tie is described by
the transmissibility Tij , that represents the probability
that the information is transmitted from i to j and is a
function of � and T . If user i becomes infected at time
t� and the number of communication events i ⇤ j in the
interval [t�, t� + T ] is nij(t�), then the transmissibility
in that interval is (see Fig.1) Tij = 1 � (1 � �)nij(t↵).
User i may become infected at any ⇥ ⇤ i communication
event. Assuming these events independent and equally
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FIG. 4. Ratio of the number of events (a) and probability
of no events (b) as a function of the recovery time T for the
real (black circles) and shu�ed � ⇥ i (red squares) data with
respect to the overall-shu�ed data. Right panel (c) shows the
ratio of the average size of the outbreaks (black circles) and
of R1 calculated using Eq. 6 (dashed blue line).

probable, we can average Tij over all the t� events to get

Tij [�, T ] = ⌃1� (1� �)nij(t↵)⌥�. (2)

If the number of ⇥ ⇤ i events is large enough we could
use a probabilistic description of Eq.(2) in terms of the
probability P (nij = n;T ) that the number of communi-
cation events between i and j in a given time interval T
is n. Thus

Tij [�, T ] =
1�

n=0

P (nij = n;T )[1� (1� �)n], (3)

which in principle can be non symmetric (Tij ⌅= Tji).
This quantity represents the real probability of infection
from i to j and defines the dynamical strength of the tie.
Note that Tij depends on the series of communication
events between i and j, but also on the time series of
calls received by i. In [17] Newman studied the case in
which both time series are given by independent Poisson
processes in the whole observation interval [0, T0]. Thus,
P (nij = n;T ) is the Poisson distribution with rate ⇥ij =
wijT/T0, where wij is total number of calls from i to j
in [0, T0], thus

T̃ij [�, T ] = 1� e�⇥⇤ = 1� e�⇥wijT/T0 , (4)

which shows the one-to-one relationship between the in-
tensity wij and the transmissibility Tij in the Poissonian
case: the more intense the communication is, the larger
the probability of infection. However, as we have seen in
Fig. 2, the real i ⇤ j and ⇥ ⇤ i series are far from being
independent and Poissonian and in order to investigate
the e�ect of real patterns of communication on the trans-
missibility we approximate Eq. (2). For small values of �

Real 

Shuffled 

Poisson

2

events and in particular, the possible heavy-tail proper-
ties of P (�tij) are directly inherited by P (⇤ij). Fig. 2
shows our (rescaled) results for P (�tij) and P (⇤ij). For
comparison, we also show the results obtained when i)
the time-stamps of the ⇥ ⇤ i events are randomly se-
lected from the complete CDR, thus destroying any possi-
ble temporal correlation with i ⇤ j and e�ectively mim-
icking Eq. (1) and ii) when the whole CDR time-stamps
are shu⌅ed thus destroying both tie temporal patterns
and correlation between ties. Both shu⌅ings preserve the
tie intensity wij [18], i.e. the number of calls and their
duration and also the circadian rhythms of human com-
munication [15]. The result for P (�tij) shows that small
and large inter-event times are more probable for the real
series than for the shu⌅ed ones, where the pdf is almost
exponential as in a Poissonian process, apart from a small
deviation due to the circadian rhythms. This bursty pat-
tern of activity has been found in numerous examples
of human behavior [6] and seems to be universal in the
way a single individual schedules tasks. Here we see that
it also happens at the level of two individuals interac-
tion confirming recent results in mobile [15] and online
communities [7] dynamics. The pdf for ⇤ij is also heavy-
tailed but displays a larger number of short ⇤ij compared
to the shu⌅ed one. The abundance of short ⇤ij suggests
that receiving an information (⇥ ⇤ i) triggers commu-
nication with other people (i ⇤ j), a manifestation of
group conversations [11–13]. While the fat-tail of P (⇤ij)
is accurately described by Eq. (1), i.e. large transmission
intervals ⇤ij are mostly due to large inter-event commu-
nication times in the i ⇤ j tie, the behavior of P (⇤ij) is
not only due to the bursty patterns of �tij , but also to the
temporal correlation between the i ⇤ j and the ⇥ ⇤ i
events. In fact, if the correlation between the i ⇤ j and
the ⇥ ⇤ i series is destroyed, the probability of short-
time intervals decreases and approaches the Poissonian
case (Fig. 2). In summary, relay times depend on two
main properties of human communication that compete
to one another. While the bursty nature of human ac-
tivity yields to large transmission times hindering any
possible infection, group conversations translate into an
unexpected abundance of short relay times, favoring the
probability of propagation.

To investigate the e�ect of these two conflicting prop-
erties of human communication on information spread-
ing, we simulate the epidemic Susceptible-Infectious-
Recovered (SIR) model in our social network considering
the real time sequence of communication events [15, 23]
and compare them to the shu⌅ed data. We start the
model by infecting a node at a random instant and con-
sidering all other nodes as susceptible. In each call an
infected node can infect a susceptible node with prob-
ability ⇥. Due to the synchronous nature of the phone
communication, this happens regardless of who initiates
the call. However, since the same results are obtained
by considering directionality in the calls, for computa-

i � j

� ⇥ i

t�
t

t

�ij �tij

FIG. 1. (color online) Schematic view of communications
events around individual i: each horizontal segment indicates
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in the ⇤ ! i time series, ⇥
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. The black circles correspond to
the real data, while the red squares is the overall-shu⇥ed re-
sult. Blue diamonds correspond to the case in which only the
⇤ ! i sequence is randomized. Only ties with w

ij

� 10 are
considered. In both graphs the dashed line correspond to the
e�x function.

tional reasons we consider the latter case. Nodes remain
infected during a time Ti until they decay into the re-
covered state. For the sake of simplicity we simulate the
simplest model in which the recovering time Ti is deter-
ministic and homogeneous Ti = T and set T = 2 days,
although di�erent and/or stochastic Ti can be studied
within the same model. The spreading dynamics gener-
ates a viral cascade that grows until there are no more
nodes in the infected state. We repeat the spreading pro-
cess for 3 � 104 randomly chosen seeds. Note that our
model includes the SI model simulations in [15] where
⇥ = 1 and T = T0, with T0 being the total duration of
the dataset.
By looking at the size of the largest cascade smax (over

all realizations) at each value of ⇥, we first ensure the
existence of a percolation transition [4] (see Fig. 3), con-
firmed by a change in the behavior of smax from small
to large cascades at a given value of ⇥ (tipping point).

T0

T
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Spreading including tie activity

• Smaller transmissibility =  
• Slower propagation 
• Smaller propagation 
!

• Transmissibility can be used to 
predict the dynamical percolation  
transition
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FIG. 3. (color online) Average size dynamics for a large (a)
and a small (b) value of � (left) and maximum size (right)
of the infection outbreaks (over 104 realizations) for the real
data (black lines) and shu�ed data (red lines) for T = 2
days. The dashed line shows the critical point estimation
of the percolation transition given by R1[�, T ] = 1 with R1

calculated using Eq. (6).

The same behavior is observed for the shu⇧ed-time data
where the transition seems to happen almost at the same
value of �, although an accurate analysis of the percola-
tion point if beyond of the scope of this letter. On the
contrary, there is a significant di�erence in the behavior
of the asymptotic average size s1 between the real and
the shu⇧ed-time data for di�erent regimes of �: when �
is small, s1 is bigger for the real data than for the shuf-
fled one, while the opposite behavior is observed for large
�. This di�erence, that can be very large for moderate
values of �, shows the impact of the real time dynamics
of communication in the reach of information in soci-
ety. Specifically, if information propagates easily (large
�), the average reach in social networks is narrower than
the one expected when a Poissonian dynamics is consid-
ered. In this sense, temporal patterns make social net-
works bigger than expected at large scales. However, in
most real situations � is very small [14] and in this case
the observed behavior is the opposite: despite the low
propagation, information cascades are larger in real data
than in the Poisson case, which suggests that information
spreading is more e⌅cient at small (local) scales.

To understand this behavior, we follow the approach
of [17] mapping the dynamical SIR model to a static
edge percolation model where each tie is described by
the transmissibility Tij , that represents the probability
that the information is transmitted from i to j and is a
function of � and T . If user i becomes infected at time
t� and the number of communication events i ⇤ j in the
interval [t�, t� + T ] is nij(t�), then the transmissibility
in that interval is (see Fig.1) Tij = 1 � (1 � �)nij(t↵).
User i may become infected at any ⇥ ⇤ i communication
event. Assuming these events independent and equally
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FIG. 4. Ratio of the number of events (a) and probability
of no events (b) as a function of the recovery time T for the
real (black circles) and shu�ed � ⇥ i (red squares) data with
respect to the overall-shu�ed data. Right panel (c) shows the
ratio of the average size of the outbreaks (black circles) and
of R1 calculated using Eq. 6 (dashed blue line).

probable, we can average Tij over all the t� events to get

Tij [�, T ] = ⌃1� (1� �)nij(t↵)⌥�. (2)

If the number of ⇥ ⇤ i events is large enough we could
use a probabilistic description of Eq.(2) in terms of the
probability P (nij = n;T ) that the number of communi-
cation events between i and j in a given time interval T
is n. Thus

Tij [�, T ] =
1�

n=0

P (nij = n;T )[1� (1� �)n], (3)

which in principle can be non symmetric (Tij ⌅= Tji).
This quantity represents the real probability of infection
from i to j and defines the dynamical strength of the tie.
Note that Tij depends on the series of communication
events between i and j, but also on the time series of
calls received by i. In [17] Newman studied the case in
which both time series are given by independent Poisson
processes in the whole observation interval [0, T0]. Thus,
P (nij = n;T ) is the Poisson distribution with rate ⇥ij =
wijT/T0, where wij is total number of calls from i to j
in [0, T0], thus

T̃ij [�, T ] = 1� e�⇥⇤ = 1� e�⇥wijT/T0 , (4)

which shows the one-to-one relationship between the in-
tensity wij and the transmissibility Tij in the Poissonian
case: the more intense the communication is, the larger
the probability of infection. However, as we have seen in
Fig. 2, the real i ⇤ j and ⇥ ⇤ i series are far from being
independent and Poissonian and in order to investigate
the e�ect of real patterns of communication on the trans-
missibility we approximate Eq. (2). For small values of �

4

we have 1� (1��)n ⇧ �n, while when � ⇧ 1 we get that
1� (1��)n ⇧ 1 for n > 0. Thus, the transmissibility for
the two regimes is given by:

Tij [�, T ] =
�

�⌥nij�t� when � ⇤ 1
1� P 0

ij when � ⇧ 1
(5)

where P 0
ij = P (nij = 0;T ). Specifically, P 0

ij can be
estimated directly from Eq. (1) for each link P 0

ij =⇤�
T P (⇥ij)d⇥ij , since it measures the probability to find a
relay time bigger than T . Fig. 4 shows the comparison of
nij and P 0

ij (averaged over all links) for di�erent values
of T for the real and shu⌅ed data (denoted by tilde). On
one side, due to the correlation between the ⇥ ⌅ i and
i ⌅ j time series, the number of events in a tie following
an incoming call is always larger for the real data than
for the shu⌅ed one. This is the reason why, for small �,
the average transmissibility (and thus the size of the epi-
demic cascades) is always higher in real communication
patterns [12]. On the contrary, the bursty nature of the
i ⌅ j communication makes the tail for the real P (⇥ij)
heavier than the exponential distribution found in the
shu⌅ed data. Thus if T is large enough, P 0

ij is larger in
the real than in the shu⌅ed data and this is why we ob-
serve smaller cascades in that region. Note however that
this does not apply for very small values of T (T . 1
days), where the causality between ⇥ ⌅ i and the i ⌅ j
time series can make P0 even smaller in the real case.

To give a more quantitative analysis of the observed
behavior we investigate the percolation process in a so-
cial network in which links have transmissibility Tij . The
important quantity is the secondary reproductive num-
ber R1, that is the average number of secondary infec-
tions produced by an infectious individual. R1 gives in-
formation about percolation transition in the SIR process
(which happens at R1 = 1 [17]), but also about the speed
of di�usion (which is proportional to R1 [20]) and of the
size of the cascades (which is a growing function of R1

[17]). Assuming that the Tij are given and that the so-
cial network is random in any other respect, R1 can be
approximated as

R1[�, T ] =
⌥(
⇥

j Tij)2�i � ⌥
⇥

j T 2
ij�i

⌥
⇥

j Tij�i
. (6)

Note that in the homogeneous case in which Tij = T
we recover the common result in random networks R1 =
T (⌥k2i �/⌥ki� � 1) [17]. Figs. 3 and 4 show the accuracy
of the approximations used to get Eq.(6) to predict the
tipping point in the SIR process and the change in the
average size of the cascades in the two regimes. This sug-
gests that the dynamical strength of the ties Tij , defined
in Eq. (2), can be e�ectively used to model real strength
of human interactions in social networks.

In conclusion we have seen that both the bursty nature
of human communications and the existence of group

conversations are the two main dynamical ingredients to
understand the spreading of information in social net-
works. These two e�ects compete in the spreading, fa-
voring and hindering information reach when compared
with the homogeneous case. Our results indicate the ne-
cessity to incorporate temporal patterns of communica-
tion in the description and modeling of human interac-
tion. Actually, we have proven an e�ective way to map
the dynamics of human interactions onto a static repre-
sentation of the social network through the concept of
dynamical strength of ties. We believe its success in ex-
plaining information di�usion would encourage the use of
this dynamical strength in other areas of network research
which is based on information spreading like the deter-
mination of influence/centrality [21], community finding
[22], viral marketing [14, 23], etc.
We thank J. L. Iribarren and R. Cuerno for discussions
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Property effect on spreading

Bursty tie acitivity Slows down

Conversations (correlated 
contact patterns) Accelerates
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Other models
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Figure 4. (Color Online) Normalized coverage C(t)/N as a
function of the rescaled time pt/N , for the SRep, SRan and
SStat extension of empirical data. The numerical evaluation
of Eq. (13) is shown as a dashed line, and each panel in the
figure corresponds to one of the empirical datasets considered.
The exploration of the empirical repeated data sets (SRep) is
slower than the other cases. Moreover, the SRan is in agree-
ment with the theoretical prediction, and the SStat case shows
a close (but systematically slower) behavior. This indicates
that the main slowing down factor in the SRep sequence is
represented by the irregular distribution of the interactions
in time, whose contribution is eliminated in the randomized
sequences.

in the original contact sequence, for the SStat extension
we obtain numerically di↵erent values of p, which we use
when rescaling time in the corresponding simulations.

The coverage corresponding to the SRan extension is
very well fitted by a numerical simulation of Eq. (15),
which predicts the coverage C(t)/N obtained in the cor-
respondent projected weighted network. Moreover, when
using the rescaled time pt, the SRan coverages for di↵er-
ent datasets collapse on top of each other for small times,
with a linear time dependence C(t)/N ⇠ t/N for t ⌧ N

as expected in static networks, showing a universal be-
havior (not shown).

The coverage obtained on the SStat extension is sys-
tematically smaller than in the SRan case, but follows
a similar evolution. On the other hand, the RW explo-
ration obtained with the SRep prescription is generally
slower than the other two, particularly for the 25c3 and
ht datasets. As discussed before, the original contact
sequence, as well as the SRep extension, are character-
ized by irregular distributions of the interactions in time,
showing periods with few interacting nodes and corre-
spondingly a small number n(t) of new started conver-
sations, followed by peaks with many interactions (see
Fig. 5). This feature slows down the RW exploration,
because the RW may remain trapped for long times on

0 500 1000 1500 2000
t
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20

40

60

80

100

n(
t)

Figure 5. (Color Online) Number of new conversations n(t)
started per unit time in the SRep (black, full dots), SRan
(red, empty squares) and SStat (green, diamonds) extensions
of the school dataset.

isolated nodes. The SRan and the SStat extensions, on
the contrary, both destroy this kind of temporal struc-
ture, balancing the periods of low and high activity: the
SRan extension randomizes the time order of the contact
sequence, and the SStat extension evens the number of
interacting nodes, with n new conversations starting at
each time step.
The similarity between the random walk processes on

the SRan and SStat dynamical networks shows that the
random walk coverage is not very sensitive to the het-
erogenous durations of the conversations, as the main
di↵erence between these two cases is that P (�t) is nar-
row for SRan and broad for SStat. In these cases, the ob-
served behavior is instead well accounted for by Eq. (13),
taking into account only the weight distribution of the
projected network, i.e., the heterogeneity between aggre-
gated conversation durations. Therefore, the slower ex-
ploration properties of the SRep sequences can be mostly
attributed to the correlations between consecutive con-
versations of the single individuals, as given by the indi-
vidual gap distribution P

i

(⌧), (see [13, 15, 22] for analo-
gous results in the context of epidemic spreading).
A remark is in order for the 25c3 conference. A close

inspection of Fig. 4 shows that the RW does not reach
the whole network in any of the extensions schemes, with
C

max

< 0.85, although the duration of the simulation
is quite long pt

max

> 102N . The reason is that this
dataset contains a group of nodes (around 20% of the
total) with a very low strength s

i

, meaning that there
are actors who are isolated for most of the time, and
whose interactions are reduced to one or two contacts in
the whole contact sequence. Given that each extension
we use preserves the P (w) distribution, the discovery of
these nodes is very di�cult. The consequence is that we
observe an extremely slow approach to the asymptotic

Starnini, M. et al., 2012. Random walks on 
temporal networks. Physical Review E, 
85, pp.056115–056115.

V. Eguiluz & EM, unpublished, 2011

Random Walks Voter Model
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Spreading including tie activity

•  Some data/models shows that burstiness accelerates contagion

Figure 1A, we see that an infection spreads much more slowly in
the RD network model, reaching fewer than 50% of the
individuals compared to more than 60% in the original network.
Thus, correlations in the order in which the contacts occur speed
up disease spread. More concretely, one such tendency is that
individuals tend to be intensely active over a period of time
followed by idle periods. When the time stamps are randomized
(RD model), this tendency disappears such that the presence of
individuals in the system is now, on average, longer and the
contacts less frequent. The average time, between an individual’s
first and last active period of, increases from 170.960.1 days in the
original network to 337.560.1 days after randomization. In
addition to correlations in the temporal order of contacts, the
topology of the sexual network can also influence epidemics [3,6–
9,18]. In Figure 1B, we compare the evolution of epidemics in the
empirical network with the RT network model. The evolution of
the fraction of infected individuals ÆV(t)æ seems to grow slowly, at
least during the initial 200 days; afterwards, the topologically

randomized network yields more rapid and pervasive outbreaks
(Figure 1B). The more rapid initial epidemic spread in the original
network results from the high clustering of contacts within cities.
Finally, considering both the temporal and topological information
randomized (RDT model), the curve (evolution of the epidemics,
Figure 1C) is in between those of Figure 1A and Figure 1B. The
fraction of infected vertices increases slowly during the initial 300
days, but not more slowly than in the RD scenario in Figure 1A.
Later it increases more rapidly and by the end of the sampling
period reaches about 70% of the individuals (a little less than in the
RT scenario in Figure 1B, but still, larger than in the original
network).

The limit of high transmission probability r= 1 does not reflect
actual STI contagion; more realistic values lie in the range
0.001#r#0.3 [27–28]. In Figure 2, we present ÆVærel = ÆVræ/
ÆVr= 1æ, the average number of infected vertices (for probabilities
r) relative to the number of infected vertices when the maximum
transmission probability is used (r= 1). The relative number of

Figure 1. Temporal and topological correlations effect on epidemics. In A–C, we plot the time evolution of the fraction of infected vertices
ÆVæ. The curves correspond to SI epidemics in the original network (full line) and in its randomized versions: panel A represents swapping time stamps
(RD); B shows rewiring of the edges and keeping the sellers’ time correlations (RT); and panel C depicts simultaneous randomization of time stamps
and edges (RDT).
doi:10.1371/journal.pcbi.1001109.g001

Figure 2. Evolution of the infection for low transmission probabilities in the SI model. The panel shows the evolution of ÆVærel, the
number of infected vertices for lower transmission probabilities (0.001#r#0.3) relative to the number of infected vertices when we use the
maximum transmission probability (r= 1). The ordinate is in log-scale.
doi:10.1371/journal.pcbi.1001109.g002

Simulated Epidemics in Real Sexual Contact Network

PLoS Computational Biology | www.ploscompbiol.org 4 March 2011 | Volume 7 | Issue 3 | e1001109
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Comparison with null models

• Real data 
!

!

• Shuffled data (1)  
!

!

!

• Shuffled data (2) 
 
 
 
 
 

P(dt) heavy tailed 
Correlated bursts 
Correlated tie activity 
Temporal motifs 
Tie dynamics

P(dt) exponential 
Uncorrelated bursts 
Uncorrelated tie activity 
No temporal motifs 
No tie dynamics

⌦

⌦

⌦

P(dt) exponential 
Uncorrelated bursts 
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Tie dynamics
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Tie dynamics

• Burstiness + conservation of ties 
!

!

!
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!
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!

!

!

• Half of the slowing effect comes from destroying tie dynamics in the shuffling 
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Figure 5.7: Average fraction of infected nodes (over 104 realizations) as a function of time for
� = 0.2 and T=7 days obtained for real-time data (solid curve), shuffled-time data (dashed
curve) and shuffled tie creation/removal data (pointed curve). The effect of tie creation/removal
is to slow down the spreading dynamics.

investigate the effect of tie dynamics, we then simulate the SIR model on the three time
series by considering, once again, the simplest model in which the probability of in-
fection � is constant and the recovery time T deterministic and homogeneous. Fig. 5.7
displays the average cascade size dynamics for � = 0.2 and T = 7 days. This result
allows us to gain insight into the effect of each temporal feature of human communica-
tion. In fact, the difference between the real and the intra-tie shuffled data is due to the
bursty activity of ties, while the one between the Poisson-like and intra-tie shuffle is re-
lated to the tie formation/removal. As in the case of Fig. 5.4, for this value of � (above
the percolation point), information cascades are larger and the spreading faster for the
Poissonian series than in the real one, due to the bursty activity patterns. However,
when comparing the Poissonian case with the intra-tie shuffled one, we observe slower
and smaller cascades in this latter case, indicating that the way in which individuals
create and destroy relations has a slowing-down effect in the spreading dynamics.

5.5 Towards a dynamical model of human interactions

Our results indicate the necessity to incorporate temporal patterns of human activity in
the description and modeling of human interactions. As discussed in Chapter 2, the
static description of weighted networks implies a poissonization of human dynamics
where the weight w

ij

of a tie (aggregated volume of communication) can be seen as
the rate of communication such that P (i ! j) dt = ⇢

ij

dt and ⇢
ij

= w
ij

. This
approach neglects all those temporal patterns as the time correlations between events,

⌦

⌦

⌦

Miritello, G. (2013). Temporal Patterns 
of Communication in Social Networks. 
Springer.
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Figure 5. Assortativity and age dependence of the dynamical social strat-
egy: (A) Average value of the parameter �i for the neighbors of an individual as

a function of her own value of �i. A clear growth can be seen, indicating a strong

assortativity of the social dynamical strategy in our database. (B) Average value

of �i for di↵erent age groups compared with the average value over all individuals

�i = 0.75 (dashed line). Young people seem to keep a lot of their connections

by communicating with them permanently, while older people use communication to

wander around the social network.
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Figure 6. Time of infection: Di↵erence of infection time as a function of �i
for each of the iso-connectivity groups in figure 5. The relative di↵erence is with the

average infection time for each of the groups.

build out systems of generalized reciprocity, connectivity, and
commons-based production. This is in contrast both to an
earlier network im- agery that emphasized self-interest and
entrepreneurial exploitation of structural opportunities, and
to the model of action typically considered to be performed
by economic technologies.

[THIS PROMPTS US TO THE FOLLOWING QUES-
TION: IN THE OBSERVATION PERIOD, IS THERE A
TENDENCY FOR WANDERES TO BE SORROUNDED
BY OTHER WANDERERS?]

[ARE SOCIAL WANDERERS THE RESULT OF THIS
PERFORMATIVITY, OR IT IS NATURE?]

[REALLY OUT THERE: ARE COMMUNICATION
STRATEGIES CONTAGIOUS? IS IT EXPANDING OVER
TIME?]

�������

Information di↵usion
Finally, we investigate whether communication strategies have
an impact in an individual’s capacity to access information
being propagated in a network. To address this, we have run
the SI (Susceptible Infected) model on the real sequence of
CDRs, in a way analogous to the one described in [18]. For
each realization of the process, we have measured the time

in which a particular individual receives the information from
the starting time of the infection process. As we can see in
figure 6, when we control for social capacity, we see that the
social wanderers have a relatively larger time to awareness of
the information compared to social keepers.

There are two competing forces behind this phenomenon.
On the one hand, social wanderers have a higher structural di-
versity in their social connections, expressed as an ever chang-
ing set of open ties and lower clustering coe�cient. This ex-
ploratory behavior would benefit access to information origi-
nating in di↵erent parts of the network, conferring an advan-
tage. However, this comes at a cost of few stable interactions.
Furthermore, the majority of these interactions happen with
another social wanderers. Therefore, given a certain period of
time, most of the social connections around a social wanderer
are closed, and therefore their average distance to other mem-
bers of the social networks is large. On the other hand, most
of the relationships around a social keeper are open, as hap-
pen to the relationships of their neighbors, and information
can reach the node faster.

This result is, in essence, the individual communication
strategy version of Onnela et al. result, which is stated at the
tie level. The authors showed that in terms of information
di↵usion, weak ties are innefective as “because of the small
amount of open-air time and therefore little chance to infor-
mation transfer”. This is e↵ect is amplified in social wanderers
as (i) most of their ties are weak, and (ii) they are connected
to other social wanderer with weak tie access to the rest of
the world. Whereas in Onnela et al’s work, both weak ties
and strong ties are in similar level of performance regarding
information transmission, the assortative nature of the com-
munication strategies breaks the tie in favor of the strong ties.

[NEED SAPSHOTS OF THE EVOLUTION OF THE
CONNECTED COMPONENT SIZE (OR DIAMETER?)
AROUND A SOCIALWANDERER AND SOCIAL KEEPER
IN A GIVEN TIME, AND OVER TIME.]

[SNAPSHOT AROUNDA SOCIAL KEEPER/WANDERER]
This result establishesan interestic connection with ‘the

tragedy of the commons,’ as well as ‘the price of anarchy’
[PAPADIMITRIOU] a dilemma arising from the situation in
which multiple individuals, acting independently and ratio-
nally consulting their own self-interest, will ultimately deplete
a shared limited resource, even when it is clear that it is not in
anyone’s long-term interest for this to happen [?]. Individual
whiling to cover a larger part of the network, subjected to a
limited social capacity, would act extrategically by adopting a
social wandering strategy. Were the individual the only one to
make this strategic decision, it would certainly maximize the
coverage of the network, potentially tapping into information
spreading in remote locations of the network. However, given
that social wandering can only be adopted in scenarios where
it is acceptable, such as social and business networking gather-
ings, it is safe to assume that the majority of atendeed would
be themselves social wanderers. It is easy to see how this
result is a ‘tragedy’ for the atendees, as the deicision to sac-
rifice stable social ties (which would certainly re-transmit the
information were they to capture it) is replaced for weak rela-
tionships that have only instantaneous value (either they have
the information and this point and they would re-transmit it,
or they won’t in the future), finding themselves all trapped in
a volatility region.

The reason why this ‘tragedy’ hasn’t surfaced before
steems for the fact that attention and social capacity have
been considered infinite, and therefore strategic considerations
in the acquisition of a new link were out of the discussion.
Once this limited resource is identified, it follows that indi-
viduals would establish di↵erent strategies to overcome it. If

Footline Author PNAS Issue Date Volume Issue Number 5

Social keepers received  
information before 

Miritello, G. et al., 2013. Limited communication capacity unveils 
strategies for human interaction. Scientific Reports, 3.

keepers explorersTie dynamics

• Do strategies give an information  
awareness advantage? 
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Spreading including tie dynamics

• Thus, in general

Property Effect on spreading

Bursty tie acitivity Slows down

Conversations (correlated 
contact patterns) Accelerates

Tie dynamics Slows down
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Models for temporal networks

• Activity driven model 
!

!

• Each node is assigned an activity ai 
from a probability distribution P(a)  

• At each time step t the node is 
activated and create m links with other 
nodes 

• At next time step t+∆t all edges are 
removed 

• With memory: 

Perra, N. et al., 2012. Activity driven 
modeling of time varying networks. 
Scientific Reports, 2.

4

FIG. 2 Cumulative distribution of the activity potential, F
C

(x), empirically measured by using four di↵erent time windows and
a schematic representation of the proposed network model. In particular, in panel (A) we show the cumulative distributions of
the observables x for Twitter, in panel (B) for IMDb, and in panel (C) for PRL. In panel (D) we show a schematic representation
of the model. Considering just 13 nodes and m = 3, we plot a visualization of the resulting networks for 3 di↵erent time steps.
The red nodes represent the firing/active nodes. The final visualization represents the network after integration over all time
steps.

hub formation has a di↵erent interpretation than in growing network prescriptions, such as preferential attachment.
In those cases hubs are created by a positional advantage in degree space leading to the passive attraction of more
and more connections. In our model, the creation of hubs results from the presence of nodes with high activity rate,
which are more willing to repeatedly engage in interactions.

The model allows for a simple analytical treatment. We define the integrated network G

T

=
S

t=T

t=0 G

t

as the union
of all the networks obtained in each previous time step. The instantaneous network generated at each time t will be
composed of a set of slightly interconnected nodes corresponding to the agents that were active at that particular
time, plus those who received connections from active agents. Each active node will create m links and the total edges
per unit time are E

t

= mN⌘hxi yielding the average degree per unit time the contact rate of the network

hki
t

=
2E

t

N

= 2m⌘hxi. (1)

The instantaneous network will be composed by a set of stars, the vertices that were active at that time step, with
degree larger than or equal to m, plus some vertices with low degree. The corresponding integrated network, on the
other hand, will generally not be sparse, being the union of all the instantaneous networks at previous times (see
Fig. 3). In fact, for large time T and network size N , when the degree in the integrated network can be approximated
by a continuous variable, we can show (see Supplementary Information) that agent i will have at time T a degree in
the integrated network given by k

i

(T ) = N

�
1� e

�Tm⌘xi/N
�
. It can then easily be shown that the degree distribution

P

T

(k) of the integrated network at time T takes the form:

P

T

(k) ⇠ F


k

Tm⌘

�
, (2)

where we have considered the limit of small k/N and k/T (i.e. large network size and times). The noticeable
result here is the relation between the degree distribution of the integrated network and the distribution of individual
activity, which, from the previous equation, share the same functional form. This relation is approximately recovered
in the empirical data, where the activity potential distribution is in reasonable agreement with the appropriately
rescaled asymptotic degree distribution of the corresponding network (see Fig. 4-A). As expected, di↵erences between

Karsai, M., Perra, N. & Vespignani, A., 2013. 
Time varying networks and the weakness of 
strong ties. Scientific Reports, 4, pp.4001–
4001.
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Models for temporal networks

with prescribed properties such as in and out degree dis-
tributions and/or distributions of link weights (for defini-
tions of degree, weight, and strength, see, e.g., Ref. [6]).
The temporal network is built as follows. (i) First, the
following random walk characteristics are chosen: distri-
butions of starting times in W , of starting locations in S,
of walk lengths, and of residence times at each node.
(ii) Then, the random walks are generated independently,
one after another, using the characteristics specified above.
Each walk defines an itinerary that consists of a list of
events fði0;i1;t1Þ;ði1;i2;t2Þ;###;ði‘$1;i‘;t‘Þg with t1<###<t‘
(Fig. 1). At each step, the node ip is uniformly chosen
among the out neighbors of ip$1, and the residence time
tpþ1 $ tp is drawn from the residence time distribution
associated with ip. Any walk reaching a node with no out
link terminates there, even if it has not yet reached its
prescribed length. (iii) As the construction proceeds, the
graphG is continuously altered as follows: if a walk passes
through the link i ! j, the weight wij is decreased by 1;
whenever wij reaches 0, the edge i ! j is discarded from
the graph and cannot be used anymore. (iv) Walks are
generated until all edges have been discarded from G.
Then, the process terminates.

The temporal network N is defined as the union of all
the constructed itineraries. By construction, the set of
weighted directed edges resulting from the collection of
all events in N coincides with the original set E.
Itineraries are interpreted differently depending upon
context. For instance, in transportation systems, the event
(i, j, t) is regarded as a material displacement from i to j at
time t. In communication networks, events correspond to
transmission of information.

Note also that the construction can be used to model
routine or seasonal processes occurring in consecutive time
windows, using a ‘‘noisy deterministic’’ rule: for each n, a
tunable fraction of walks is redrawn in W n ¼ fnT; nT þ
1; . . . ; ðnþ 1ÞT $ 1g, while the remaining itineraries are
repeated identically from W n$1 to W n.

We claim that, under suitable choices of input parame-
ters, the network N can mimic real-world features, in
particular bursty temporal patterns and extended correla-
tions. To support these assertions, we benchmark the syn-
thesized network in a case study inspired by a cattle trade
system analysis [15]; note, this example is aimed to illus-
trate the construction algorithm, rather than to accurately
fit specific data sets. The robustness of the emerging
phenomenology is evaluated in Ref. [37], where statistics
obtained with other choices of parameters (e.g., residence
time distributions, mean path lengths, and weight distribu-
tions) are reported.
Case study.—In this application, we consider jSj ¼ 104

nodes representing farms. The graphG is constructed using
a variant of the uncorrelated configuration model [38].
Following statistics reported in Ref. [15], we use as in and
out degree distributions the power-law Pðkin;outÞ/k$2:5

in;out

(with cutoff at
ffiffiffiffiffiffiffi
jSj

p
to avoid degree correlations [38]).

Weights are also power-law distributed according to
PðwÞ / w$2:5. Interpreting events in N as material dis-
placements, we impose flux conservation at every node so
that in and out strengths balance; i.e.,

P
jwji ¼

P
jwij holds

for almost all i 2 S (in practice, more than 99% of S [37]).
We consider a temporal window W of length T ¼ 103

units (‘‘days’’), with periodic boundary conditions, to gen-
erate N from G. To this aim, we use random walks
with uniformly distributed starting times and locations.
We assign each node i a residence time !i, drawn from
Pð!iÞ / !$3

i for 1 ' !i ' 60; a walk visiting node i stays
for time !i, plus an additional random delay drawn from a
Poisson distribution with mean !i=5. (The power-law Pð!iÞ
is inspired by Ref. [15]; similar results are obtained for an
exponential Pð!iÞ [37].) Walk lengths are generated using a
Poisson distribution with average 10. Notice that since the
number of graph edges decreases as the construction pro-
ceeds, long walks can seldom be achieved when few edges
remain and the realized distribution accordingly exhibits
an excess of short paths, see Fig. 2.
Three main types of analysis have been proposed in

order to study structural and temporal properties of a time-
resolved transportation network [14,15,21]: (i) statistics of
aggregated networks on various time scales, (ii) distrib-
utions of activity and inactivity periods, and (iii) repetition

FIG. 1 (color online). Schematic representation of the con-
struction procedure: a weighted directed graph G can be re-
garded as a superposition of paths. Unfolding these paths in time
results in itineraries (of variable characteristics) that generate a
temporal network N .
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FIG. 2 (color online). Prescribed (solid line) and realized
(circles) distributions of random walk lengths in the temporal
network N . The discrepancy is due to the decay of the number
of remaining edges in G as the construction proceeds.

PRL 110, 158702 (2013) P HY S I CA L R EV I EW LE T T E R S
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• Random itinearies 
!

!

• Given an aggregated graph with  
egde weights  

• Generate random walk paths 
through the network 

• Decrease the weights of the path 
!

• If                   edge is discarded 
• Repeat until all edges are discarded

wij

wij ! wij � 1

wij = 0

Barrat, A. et al., 2013. Modeling 
Temporal Networks Using Random 
Itineraries. Physical Review Letters, 
110
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Outlook

• How universal is temporal/dynamical evolution of the network? 
• Burstiness 

• Tie evolution 
• Motifs 
• Community evolution 
• Network birth and death 

• How those process impact the way we observe the network? 
!

• What are the Erdos-Renyi / Preferential attachement model in temporal/dynamical 
networks? We need simple generative models
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Outlook

• Other human networks: mobility networks
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The dataset and functional partition of cities
Twitter provides an extremely rich and publicly available data set of
user interactions, information flows and, thanks to the geo location
of tweets, user movements. Nevertheless, the representativeness of
this geo-located Twitter as a global source of mobility data has still
received sparse attention. In this sense, while [?] present a promising
and extensive study regarding global country-to-country movements
(mostly driven by tourism), within-country human flows (comprising
not only internal tourism but also, in a greater extent than country-to-
country travels, visiting and commuting) still need further investiga-
tion.

For the Twitter analysis, we consider almost 146 million geo-
located Twitter messages (tweet(s)), collected through the public API
provided by Twitter for the continental part of Spain and from 29th
November 2012 to 10th April 2013. In this dataset we consider that
there has been a trip from place l to place k if a user has tweeted
in place l and place k consecutively. We only keep those transitions
when the first tweet and the second one are dated in the same day. We
filter the trips database to avoid unrealistic transitions and keep only
trips with a geographical displacement larger than 1km (see SI XX).
By this method, 1.38 million of trips from 167,376 different users are
considered in our work.

From those trips we construct the mobility flow Tij between mu-
nicipalities, which measures the number of trips in our database in
which the origin is within city i boundaries and destination lies within
those of city j. We also consider population and economical infor-
mation about the municipalities from the Spanish Statistics Institute
(REF). Figure shows the resulting simplified city graph based on the
transitions Tij .

Considering all of the available transitions in our database, one can
compute the distance between origin and destination, the elapsed time
of the transition and the number of trips per user among many other
statistics. All of them seems to show a Power-law distribution with a
cutoff due to the finite spatial size of Spain and the constraint of con-
sidering only transitions where the origin and destination checkins
are done the same day. Focusing on the log-linear part of the distri-
butions, self-similar behaviors arise when Twitter based mobility is
analyzed (see SI section XX).

To test whether Twitter might be used as a proxy of intra-country
mobility, we draw on the Gravity Law model, which is one of the
most extended methods to represent human mobility [?, ?] , with ap-
plications in many fields like urban planning [?], traffic engineering
[?] or transportation problems [?]. Recently, it has also been used as
a model for human mobility based on cell phone traces [?, ?, ?] and
social media data at a global scale [?] and at the inter-city level [?].
In our case, the Gravity Law model fits quite accurately the inter-city
mobility based on Twitter GPS checkins (see SI table XX). Merging
this result with the observed statistical features of other measures such

as distance of the trips, inter-trip times and number of trips per user,
we conclude that intra-day inter-city trips based on geolocated trips
satisfy the same statistical properties as other sources of individual
positioning used as main leg of human mobility.

Due to the heterogeneity of the cities in different aspects such as
population or extension, it is necessary to consider different region
limits from the administrative ones. On the inter-city network previ-
ously described, we carry out a community analysis by using Infomap
algorithm. For further details about the comparison among different
state-of-art community detection algorithms executed on the inter-
city graph, see SI XX. We obtain that communities obtaiend with
Infomap satisfy some nice properties: i) it provides a higher granu-
larity than provinces (339 vs 52) ,ii) it returns a partition with high
modularity, iii) the largest community contains 143 municipalities,
giving a highly homogeneous size distribution of the communities,
iv) correlates strongly with counties, a traditional territory distribu-
tion based on activity and geography and v) it is consistent when a
percentage p of links are randomly removed. All these considera-
tions, make natural consider the Infomap communities as functional
divisions of the country, where every community is connected (there
is no isolated municipality, see SI for further details). Communities
are plotted in the underlying blue scale colors in figure .

Fig. 1. Mobility graph and communities

Reserved for Publication Footnotes
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• Other human networks: mobility networks
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Book

• How two people communicate 
• Detect link decay 
!

• How people allocate their time 
across their social relationships 
• Find your “best” friends 
!

• How people manage their 
sociability? Social strategies? 
• Detect social behaviors
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The main interest of this research has been in understanding and char-
acterizing large networks of human interactions as continuously chang-
ing objects. In fact, although many real social networks are dynamic 
networks whose elements and properties continuously change over time, 
traditional approaches to social network analysis are essentially static, 
thus neglecting all temporal aspects. Specifically, we have investigated the 
role that temporal patterns of human interaction play in three main fields 
of social network analysis and data mining: characterization of time (or 
attention) allocation in social networks, prediction of link decay/persist-
ence, and information spreading. In order to address this we analyzed 
large anonymized data sets of phone call communication traces over long 
periods of time. Access to these observations was granted by Telefonica 
Research, Spain. The findings that emerge from our research indicate that 
the observed heterogeneities and correlations of human temporal patterns 
of interaction significantly affect the traditional view of social networks, 
shifting from a very steady to a highly complex entity. Since structure and 
dynamics are tightly coupled, they cannot be disentangled in the analysis 
and modeling of human behavior, though traditional models seek to do 
so. Our results impact not only the way in which social network are tradi-
tionally characterized, but more importantly also the understanding and 
modeling phenomena such as group formation, spread of epidemics, and 
the dissemination of ideas, opinions and information.
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