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• Model (and predict) how information spreads 
between individuals

Our work and relevance for 
Telefonica

• Characterize interactions between users

• Understand how people communicate
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How do people communicate?



Human communication happens in cascades 
of events (bursts)

We obtained the letter correspondence records
for 16 writers, performers, politicians, and scien-
tists. Each data set consists of a list of letters that
were sent by each of these individuals, and each
record comprises the name of the sender, the name
of the recipient, and the date when the letter was
written [see supporting online material (SOM) text
S1 for details]. The nature of the data raises two
issues to consider during analysis. First, the precise
authorship date of some letters is unknown, so
we restricted our analysis to only those letters that
have precise authorship dates. Second, it is highly
unlikely that all of the letters written by a partic-
ular individual are present in the database.We have
confirmed that our results are insensitive to sam-
pling effects from this method of data collection
(SOM text S2).

An important consideration in studying the
letter correspondence patterns of these individu-
als is that the data cover their entire lifetimes. As
a result, it is conceivable that changing commu-
nication needs might affect letter correspondence
patterns. For example, before Einstein became
widely known, the bulk of his recorded commu-
nication was to friends and relatives. After the
confirmation of his theory of relativity in 1919,
Einstein’s need to communicate with other indi-
viduals substantially increased. By that time, his
stepdaughter Ilse Einstein was helping him with
secretarial tasks, resulting in greatly improved cov-
erage of his recorded correspondence (23). Because
of this secretarial assistance and his increased fame,
we expect that the average time between consecu-

tively sent letters, the average interevent time 〈t〉,
is significantly larger during the beginning of
Einstein’s life than during the latter part of his
life. Our expectations are verified in Fig. 1, A and
B, demonstrating that these time series are non-
stationary; that is, the heavy-tailed t distribution
results from a mixture of time scales (24).

Because these time series are nonstationary,
we partitioned each complete time series into
smaller time segments so that we could approx-
imate stationary behavior within each time seg-
ment. We accomplished this by splitting the time
series into segments lasting 364 days (52 weeks),
unless fewer than 10 events fell within that time
period, in which case consecutive segments were
merged until this criterion was met.

Assuming that the correspondence patterns
within each time segment are stationary, we can
then model the behavior within each time seg-
ment with standard techniques. As a first approx-
imation, one might naively expect that letters are
sent at a constant rate r and that the time at which
every letter is sent is independent of all others.
Such a process is referred to as a homogeneous
Poisson process, which gives rise to an exponen-
tial t distribution p(t) = re−rt. Whereas the tail of
the t distribution within these time segments is ap-
proximately exponential, the best-estimate predic-
tions of a homogeneous Poisson process do not
produce the correct decay rate (Fig. 1C). This sug-
gests that only a few changes to the homogeneous
Poisson process are needed to reproduce the ob-
served t distribution. We hypothesize that, as for

e-mail correspondence, two additional ingredients
must also be considered for modeling letter cor-
respondence (14).

First, circadian and weekly cycles of activity
may influence when individuals communicate.
Previously, we accounted for these cycles of
activity in e-mail communication with a non-
homogeneous Poisson process whose rate r(t)
changes periodically on daily and weekly time
scales. For letter correspondence, however, the
resolution of the data does not permit us to
identify activity patterns within a day, and day-to-
day changes in activity provide no additional
insight (SOM text S3).We therefore approximate
the nonhomogeneous Poisson process r(t) by a
homogeneous Poisson process with constant rate
ri during time segment i; that is, we model the
rate of activity r(t) throughout each individual's
life by a piecewise constant function of time.

Second, individuals are much more likely to
continue writing letters once they have written one
letter, in order to use their time more effectively.
We account for this behavior by hypothesizing
that, once an individual finishes writing a letter,
there is a probability xi that they will write an-
other letter. This process repeats itself until this
cascade of additional letters concludes with prob-
ability 1 − xi, at which point the individual’s
behavior is again governed by a homogeneous
Poisson process with rate ri (25). We refer to the
resulting model as a cascading Poisson process.

To compare the predictions of the cascading
Poisson process (26) to the empirical data, we

Fig. 1. Nonstationarity
of Albert Einstein’s letter
correspondence activity.
We selected Einstein as
an example, but nonsta-
tionarities are present for
all 16 writers, performers,
politicians, and scientists
studied here. (A) Average
of t over 100 consecutive
t’s. During the beginning
of Einstein’s life (blue-
shaded region), 〈t〉100 is
significantly larger than
during the end of his life
(orange-shaded region).
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(B) Logarithmically binned probability density of the nonzero t’s. If we separately consider the t
distribution during each portion of Einstein’s life, it is clear that the complete t distribution
(black line) is actually a mixture of behaviors. To emphasize the origins of the heavy-tailed
distribution, the probability densities of each portion of Einstein’s life are normalized so that
their integrals are equal to the fraction of nonzero t’s during that time period. d, days. (C)
Comparison of the empirical t distribution during a particular time segment with the simulated
predictions of the best-estimate homogeneous Poisson process that is interval-censored in the
same manner as the data. It is visually apparent that a homogeneous Poisson process is not
consistent with the empirical data, which is confirmed by Monte Carlo hypothesis testing (SOM
text S3).

www.sciencemag.org SCIENCE VOL 325 25 SEPTEMBER 2009 1697

REPORTS

 o
n 

Se
pt

em
be

r 2
5,

 2
00

9 
w

w
w

.s
ci

en
ce

m
ag

.o
rg

D
ow

nl
oa

de
d 

fro
m

 

Albert Einstein’s letter correspondence activity

time

Malmgren et al.(2009)

Giovanna Miritello - Mathematical Modeling of Human Communication



Human communication happens in cascades 
of events (bursts)

Malmgren et al.(2009)

We obtained the letter correspondence records
for 16 writers, performers, politicians, and scien-
tists. Each data set consists of a list of letters that
were sent by each of these individuals, and each
record comprises the name of the sender, the name
of the recipient, and the date when the letter was
written [see supporting online material (SOM) text
S1 for details]. The nature of the data raises two
issues to consider during analysis. First, the precise
authorship date of some letters is unknown, so
we restricted our analysis to only those letters that
have precise authorship dates. Second, it is highly
unlikely that all of the letters written by a partic-
ular individual are present in the database.We have
confirmed that our results are insensitive to sam-
pling effects from this method of data collection
(SOM text S2).

An important consideration in studying the
letter correspondence patterns of these individu-
als is that the data cover their entire lifetimes. As
a result, it is conceivable that changing commu-
nication needs might affect letter correspondence
patterns. For example, before Einstein became
widely known, the bulk of his recorded commu-
nication was to friends and relatives. After the
confirmation of his theory of relativity in 1919,
Einstein’s need to communicate with other indi-
viduals substantially increased. By that time, his
stepdaughter Ilse Einstein was helping him with
secretarial tasks, resulting in greatly improved cov-
erage of his recorded correspondence (23). Because
of this secretarial assistance and his increased fame,
we expect that the average time between consecu-

tively sent letters, the average interevent time 〈t〉,
is significantly larger during the beginning of
Einstein’s life than during the latter part of his
life. Our expectations are verified in Fig. 1, A and
B, demonstrating that these time series are non-
stationary; that is, the heavy-tailed t distribution
results from a mixture of time scales (24).

Because these time series are nonstationary,
we partitioned each complete time series into
smaller time segments so that we could approx-
imate stationary behavior within each time seg-
ment. We accomplished this by splitting the time
series into segments lasting 364 days (52 weeks),
unless fewer than 10 events fell within that time
period, in which case consecutive segments were
merged until this criterion was met.

Assuming that the correspondence patterns
within each time segment are stationary, we can
then model the behavior within each time seg-
ment with standard techniques. As a first approx-
imation, one might naively expect that letters are
sent at a constant rate r and that the time at which
every letter is sent is independent of all others.
Such a process is referred to as a homogeneous
Poisson process, which gives rise to an exponen-
tial t distribution p(t) = re−rt. Whereas the tail of
the t distribution within these time segments is ap-
proximately exponential, the best-estimate predic-
tions of a homogeneous Poisson process do not
produce the correct decay rate (Fig. 1C). This sug-
gests that only a few changes to the homogeneous
Poisson process are needed to reproduce the ob-
served t distribution. We hypothesize that, as for

e-mail correspondence, two additional ingredients
must also be considered for modeling letter cor-
respondence (14).

First, circadian and weekly cycles of activity
may influence when individuals communicate.
Previously, we accounted for these cycles of
activity in e-mail communication with a non-
homogeneous Poisson process whose rate r(t)
changes periodically on daily and weekly time
scales. For letter correspondence, however, the
resolution of the data does not permit us to
identify activity patterns within a day, and day-to-
day changes in activity provide no additional
insight (SOM text S3).We therefore approximate
the nonhomogeneous Poisson process r(t) by a
homogeneous Poisson process with constant rate
ri during time segment i; that is, we model the
rate of activity r(t) throughout each individual's
life by a piecewise constant function of time.

Second, individuals are much more likely to
continue writing letters once they have written one
letter, in order to use their time more effectively.
We account for this behavior by hypothesizing
that, once an individual finishes writing a letter,
there is a probability xi that they will write an-
other letter. This process repeats itself until this
cascade of additional letters concludes with prob-
ability 1 − xi, at which point the individual’s
behavior is again governed by a homogeneous
Poisson process with rate ri (25). We refer to the
resulting model as a cascading Poisson process.

To compare the predictions of the cascading
Poisson process (26) to the empirical data, we

Fig. 1. Nonstationarity
of Albert Einstein’s letter
correspondence activity.
We selected Einstein as
an example, but nonsta-
tionarities are present for
all 16 writers, performers,
politicians, and scientists
studied here. (A) Average
of t over 100 consecutive
t’s. During the beginning
of Einstein’s life (blue-
shaded region), 〈t〉100 is
significantly larger than
during the end of his life
(orange-shaded region).
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(B) Logarithmically binned probability density of the nonzero t’s. If we separately consider the t
distribution during each portion of Einstein’s life, it is clear that the complete t distribution
(black line) is actually a mixture of behaviors. To emphasize the origins of the heavy-tailed
distribution, the probability densities of each portion of Einstein’s life are normalized so that
their integrals are equal to the fraction of nonzero t’s during that time period. d, days. (C)
Comparison of the empirical t distribution during a particular time segment with the simulated
predictions of the best-estimate homogeneous Poisson process that is interval-censored in the
same manner as the data. It is visually apparent that a homogeneous Poisson process is not
consistent with the empirical data, which is confirmed by Monte Carlo hypothesis testing (SOM
text S3).
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E-mails communication

Vazquez et al.(2007)
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Human communication happens in cascades 
of events (bursts)

We obtained the letter correspondence records
for 16 writers, performers, politicians, and scien-
tists. Each data set consists of a list of letters that
were sent by each of these individuals, and each
record comprises the name of the sender, the name
of the recipient, and the date when the letter was
written [see supporting online material (SOM) text
S1 for details]. The nature of the data raises two
issues to consider during analysis. First, the precise
authorship date of some letters is unknown, so
we restricted our analysis to only those letters that
have precise authorship dates. Second, it is highly
unlikely that all of the letters written by a partic-
ular individual are present in the database.We have
confirmed that our results are insensitive to sam-
pling effects from this method of data collection
(SOM text S2).

An important consideration in studying the
letter correspondence patterns of these individu-
als is that the data cover their entire lifetimes. As
a result, it is conceivable that changing commu-
nication needs might affect letter correspondence
patterns. For example, before Einstein became
widely known, the bulk of his recorded commu-
nication was to friends and relatives. After the
confirmation of his theory of relativity in 1919,
Einstein’s need to communicate with other indi-
viduals substantially increased. By that time, his
stepdaughter Ilse Einstein was helping him with
secretarial tasks, resulting in greatly improved cov-
erage of his recorded correspondence (23). Because
of this secretarial assistance and his increased fame,
we expect that the average time between consecu-

tively sent letters, the average interevent time 〈t〉,
is significantly larger during the beginning of
Einstein’s life than during the latter part of his
life. Our expectations are verified in Fig. 1, A and
B, demonstrating that these time series are non-
stationary; that is, the heavy-tailed t distribution
results from a mixture of time scales (24).

Because these time series are nonstationary,
we partitioned each complete time series into
smaller time segments so that we could approx-
imate stationary behavior within each time seg-
ment. We accomplished this by splitting the time
series into segments lasting 364 days (52 weeks),
unless fewer than 10 events fell within that time
period, in which case consecutive segments were
merged until this criterion was met.

Assuming that the correspondence patterns
within each time segment are stationary, we can
then model the behavior within each time seg-
ment with standard techniques. As a first approx-
imation, one might naively expect that letters are
sent at a constant rate r and that the time at which
every letter is sent is independent of all others.
Such a process is referred to as a homogeneous
Poisson process, which gives rise to an exponen-
tial t distribution p(t) = re−rt. Whereas the tail of
the t distribution within these time segments is ap-
proximately exponential, the best-estimate predic-
tions of a homogeneous Poisson process do not
produce the correct decay rate (Fig. 1C). This sug-
gests that only a few changes to the homogeneous
Poisson process are needed to reproduce the ob-
served t distribution. We hypothesize that, as for

e-mail correspondence, two additional ingredients
must also be considered for modeling letter cor-
respondence (14).

First, circadian and weekly cycles of activity
may influence when individuals communicate.
Previously, we accounted for these cycles of
activity in e-mail communication with a non-
homogeneous Poisson process whose rate r(t)
changes periodically on daily and weekly time
scales. For letter correspondence, however, the
resolution of the data does not permit us to
identify activity patterns within a day, and day-to-
day changes in activity provide no additional
insight (SOM text S3).We therefore approximate
the nonhomogeneous Poisson process r(t) by a
homogeneous Poisson process with constant rate
ri during time segment i; that is, we model the
rate of activity r(t) throughout each individual's
life by a piecewise constant function of time.

Second, individuals are much more likely to
continue writing letters once they have written one
letter, in order to use their time more effectively.
We account for this behavior by hypothesizing
that, once an individual finishes writing a letter,
there is a probability xi that they will write an-
other letter. This process repeats itself until this
cascade of additional letters concludes with prob-
ability 1 − xi, at which point the individual’s
behavior is again governed by a homogeneous
Poisson process with rate ri (25). We refer to the
resulting model as a cascading Poisson process.

To compare the predictions of the cascading
Poisson process (26) to the empirical data, we

Fig. 1. Nonstationarity
of Albert Einstein’s letter
correspondence activity.
We selected Einstein as
an example, but nonsta-
tionarities are present for
all 16 writers, performers,
politicians, and scientists
studied here. (A) Average
of t over 100 consecutive
t’s. During the beginning
of Einstein’s life (blue-
shaded region), 〈t〉100 is
significantly larger than
during the end of his life
(orange-shaded region).
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(B) Logarithmically binned probability density of the nonzero t’s. If we separately consider the t
distribution during each portion of Einstein’s life, it is clear that the complete t distribution
(black line) is actually a mixture of behaviors. To emphasize the origins of the heavy-tailed
distribution, the probability densities of each portion of Einstein’s life are normalized so that
their integrals are equal to the fraction of nonzero t’s during that time period. d, days. (C)
Comparison of the empirical t distribution during a particular time segment with the simulated
predictions of the best-estimate homogeneous Poisson process that is interval-censored in the
same manner as the data. It is visually apparent that a homogeneous Poisson process is not
consistent with the empirical data, which is confirmed by Monte Carlo hypothesis testing (SOM
text S3).
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Mobile phone communication

Miritello, Moro, Lara (2010)
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What is the impact of real bursty behavior in 
information spreading?
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Daley and Kendall , Nature, vol. 204, no. 4963 (1964)

Information diffusion model from epidemiology

Susceptible Infectious Recovered

• Fully mixed population

• Each user has the same probability             
of infection

• Homogeneous time

What is the impact of real bursty behavior in 
information spreading?

SIR MODEL 

Murray, Math. Biol, vol.17, Springer, NY (2002)
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SIR MODEL 

What is the impact of real bursty behavior in 
information spreading?

S I R
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SIR Model on Real Data from Mobile Phone Calls

X
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S I Ruser i

Modeling Human Communication
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RS Iuser i

Modeling Human Communication

Bus Waiting Time Paradox: how long do you wait for the bus?
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Bus Waiting Time Paradox: how long do you wait for the bus?

- buses arrive according to
- the mean interval between buses is

- you arrive at random t

?
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Probability to arrive at an interval

Bus Waiting Time Paradox: how long do you wait for the bus?

- buses arrive according to
- the mean interval between buses is

- you arrive at random t

?
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is equally distributed
given the interval

Bus Waiting Time Paradox: how long do you wait for the bus?

- buses arrive according to
- the mean interval between buses is

- you arrive at random t

?

Probability to arrive at an interval

Giovanna Miritello - Mathematical Modeling of Human Communication



Finally we average over all the is equally distributed
given the interval

Probability to arrive at an interval

Bus Waiting Time Paradox: how long do you wait for the bus?

- buses arrive according to
- the mean interval between buses is

- you arrive at random t

?
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Bus Waiting Time Paradox: how long do you wait for the bus?
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Bus Waiting Time Paradox: how long do you wait for the bus?
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makes the waiting time 
longer than the Poisson 

case
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The long-tail of
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SIR Model on Real Data from Mobile Phone Calls

X
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Implications in information spreading



M.E.Newman, Phys. Rev. E 66, 16128 (2002)
Case 

probability that the information 
will be transmitted from i to j 

Implications in information spreading

user i
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Assumptions

• in any call infection happens with 
probability

• an infected node recovers after a 
fixed

SIR MODEL on Real Data 

The bursty real dynamics 
makes the reach narrower!

Implications in information spreading
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Summary

• The observed behavior can be modelled and                     
understood by means of mathematical tools 

• The way humans communicate is very heterogeneous
  - bursty behavior - (hurry up and wait)

• Heterogeneity affects dynamical real processes 
e.g. information spreading

Daley and Kendall , Nature, vol. 204, no. 4963 (1964)

M.E.Newman, Phys. Rev. E 66, 16128 (2002)

 Murray, Math. Biol, vol.17, Springer, NY (2002)

Barabasi, Bursts: The Hidden Pattern Behind Everything We Do, Dutton Books (2010)
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Miritello, Moro & Lara, PRE Rapid Comm. (2011) 
http://arxiv.org/abs/1011.5367
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