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ICTeCollective introduction

ICTeCollective (Harnessing ICT enabled collective social behaviour) aims to develop systematic
means of exploring, understanding and modelling2 systems where ICT is entangled with social
structures. In particular, we will focus on behavioural patterns, dynamics and driving mechanisms
of social structures whose interactions are ICT-mediated, from the level of individuals to the level
of groups and large-scale social systems. Our unique approach is based on combined expertise in
complex systems and the social sciences. By contrast with the majority of complexity studies that
start from extremely simplified assumptions concerning social dynamics and concentrate on
diagnosing structural features of social systems, we emphasize that ICT networks are dynamic
systems of interacting humans and groups, and fully utilize the theories and methods of the social
sciences are to be in ICTeCollective.

We will study and relate high quality datasets on ICT mediated social interactions and groups that
have already been acquired, and also create new sets of data by conducting experiments with
human subjects to examine the properties of social interactions mediated by technological means.
The first source of data, electronic records of interactions, is a by-product of how ICT mediated
communities operate. In particular, we will use some of the most extensive ICT datasets available
at present, such as time-stamped data sets on mobile telephone communications between millions
of users, the editing history of Wikipedia documents, and the popularity of Facebook
applications. Secondly, entirely new data will be generated and released into the public domain
by conducting laboratory experiments on ICT-mediated human interactions.

This project addresses the goals of the FP7 FET-OPEN call by trying to build an integrated
picture of ICT-mediated social systems focussing on some aspects that are

1) critical to social interaction,
i) can be easily tracked in large datasets and confirmed in experiments, and
i) have a considerable

chance of improving our understanding and usage of ICT, with the possibility of leading to new
and exciting technologies that can shape the future of ICT. The particular aspects that we focus
on are activity patterns, social influence, and group dynamics. This choice helps us to address a
large number of practical issues such as the driving mechanisms of social interactions mediated
by ICT, and how these mechanisms then shape groups and society. All of these are critical to the
goals of ICTeCollective.

We define the above terms as follows: Activity patterns are temporal sequences of social
interaction and communication events, measurable in electronic communication records and
representing the “atoms” of social interaction processes. Social influence refers to all processes
where individuals affect each other’s beliefs, behaviour, activities, and representations of reality.
Group dynamics comprises processes such as emergence, growth, merging, and splitting of
groups, and associated behavioural patterns of individuals.

1w
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Executive Summary

The very inhomogeneous dynamic patter of human communication, which is partly
responsible for the slow spreading in communication networks and runs under the
notion of burstiness is usually characterized by an extremely broad distribution of inter-
event times. However, it is difficult to capture the correlations behind such a dynamics.
We have introduced a new measure of temporal behaviour of communicating
individuals and proved that indeed the empirical patterns are highly correlated. We
measured the number of events E within a well-defined bursty period and showed that
the distribution P(E) of that number is sensitive to the mentioned correlations. We could
make a direct link between P(E) and the memory of the process. Interestingly, very
similar, correlated bursty time serried could be observed in a number of natural
phenomena, showing the universal character of our findings. We implemented a simple
two-state model to give a complete qualitative description of the empirical facts. The
model contains a built in memory process and a reinforcement feedback mechanism.
Using analytical tools we derived for a class of cases a scaling relationship between the
exponents involved.

Understanding the patterns of human dynamics and social interaction, and the way they
lead to the formation of an organized and functional society are important issues
especially for techno-social development. Addressing these issues of social networks has
recently become possible through large scale data analysis of e.g. mobile phone call
records, which has revealed the existence of modular or community structure with
many links between nodes of the same community and relatively few links between
nodes of different communities. The weights of links, e.g. the number of calls between
two users, and the network topology are found correlated such that intra-community
links are stronger compared to the weak inter-community links. This is known as
Granovetter's "The strength of weak ties" hypothesis. In addition to this inhomogeneous
community structure, the temporal patterns of human dynamics turn out to be
inhomogeneous or bursty, characterized by the heavy tailed distribution of inter-event
time between two consecutive events. In this work, we study how the community
structure and the bursty dynamics emerge together in an evolving weighted network
model. The principal mechanisms behind these patterns are social interaction by cyclic
closure, i.e. links to friends of friends and the focal closure, i.e. links to individuals
sharing similar attributes or interests, and human dynamics by task handling process.
These three mechanisms have been implemented as a network model with local
attachment, global attachment, and priority-based queuing processes. By comprehensive
numerical simulations we show that the interplay of these mechanisms leads to the
emergence of heavy tailed inter-event time distribution and the evolution of
Granovetter-type community structure. Moreover, the numerical results are found to be
in qualitative agreement with empirical results from mobile phone call dataset

In most of the studies before the communication network as whole was investigated and
considered as a proxy for the social interaction network. A traditional, complementary
approach in sociology is to study the so-called egocentric networks. The new component
from the point of view of computational social science is that we are now able to
investigate a huge number of such egocentric networks, take averages over them and
group the individuals according to their behaviour. Our first move in this direction was
that we analysed the age and gender dependence of the first, second and third best
“friends” (most frequently contacted persons) of individuals. In sociology it is widely
accepted that homophily is a major friendship-forming factor. In most cases, however,

\7
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studies of homophily have focussed on psychological or social traits such as personality,
interests, hobbies, religious or political views. Based on communication data we show
homophily may also arise through a tendency for close friendships to be gender-biased.
We also analyse the effect age on the observed pattern in egocentric networks.

171
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1. Introduction

The data deluge due to ICT development has opened an entirely new approach in
sociology. Instead of using surveys, case studies or observations on a rather limited set
of target people, the sample of the size of whole society can be studied by investigating
their “digital footprints”. This data analysis, and the related modelling with massive
computational demand is called Computational Sociology. Most of the efforts so far
have been concentrated on static features like the topology of the network [1] and its
relation to the intensity of the connections or to averaged dynamic properties, like
mobility patterns [2] of individuals. The intrinsically inhomogeneous character of the
human dynamics is usually taken into account by the broad distribution of the
properties. Only recently it has become clear that this inhomogeneity is of major
importance, e.g., in describing spreading phenomena in communication or contact
networks [3,4]. The study of the bursty character [5] of individual dynamics, the dyadic
patterns of communications has become a focus issue in this respect. The
inhomogeneities are easily characterized by the distribution of inter-event times,
however, this approach is unable to detect the correlations between the events. The
traditional way of measuring correlations is hampered by the fat tailed inter-event time
distribution. Therefore, there is a clear need to measure and model such correlations.
Clearly, the first question in this context was to find the appropriate measure for the
correlations. By defining the notion of bursty periods with respect to a time window, we
were able to introduce a very sensitive quantity, the distribution P(E) of the number of
events in bursty periods. This is a plain exponential for any uncorrelated inter-event time
distribution, thus deviations from an exponential clearly indicate non-trivial
correlations. The correlations are related to memory effects and we have found an exact
relationship between P(E) and the description of the memory. The new measure of
correlations has helped us to define a simple model, which is able to reflect qualitatively
our empirical observations [6].

The observation of Granovetter-type community structure and individual bursty
dynamics calls for integrating both structural and dynamical inhomogeneities into single
framework or model in order to better understand the social dynamics with the smallest
set of parameters. Although there are some approaches in integrating these structural
and dynamical properties, the bursty nature of human behavior has been inherently
assumed in these models. Instead, we are interested in the emergence of burstiness from
the intuitive and natural model rules while at the same time generating the Granovetter-
type community structure. In order to investigate the basic mechanisms responsible for
various empirical observations, we incorporate the task handling process to the
weighted network formation studied by Kumpula et al. [39]. In the presented model the
weight assigned to a link is interpreted as the aggregate number of events on that link.
Driven by both the cyclic and focal closure mechanisms a link is created by the first
event occurring between individuals. Once created, the link is maintained by a series of
events on that link, and finally removed by accidental memory loss of the individual.
Each individual may initiate events or respond to those initiated by others, de- pending
on the protocols determining the selection and execution of tasks given to individuals.

We assume that intensive communication means also close social ties. In humans,
homophily (a striking tendency for individuals who share traits to preferentially form
relationships) has emerged as an important organizing principle of social behavior [8].
In most such cases, studies of homophily have focussed on psychological or social traits
such as personality, interests, hobbies, religious or political views. However, there is
evidence that homophily may also arise through a tendency for close friendships to be
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gender-biased [9]. Novel insights can be gained into both the structure of relationships
and how the patterns of relationship change over the lifespan when the information that
is available in large-scale mobile phone databases can be exploited in an appropriate
way. We used such data to demonstrate striking differences in both mating and parental
investment strategies between the two sexes.

These results are all pointing toward a better understanding of the structure of the
society on small (inter community) scale. We are now able to zoom in into the network,
characterize the individuals or their small groups by their dynamic behaviour, and
identify similar groups and follow the mechanism of the formation of opinions.
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2. Bursty correlations in human communication

2.1 Measuring intrinsic correlations with broad inter-event time distributions

Human communication is very inhomogeneous. It is characterized by bursts of
activities, which are separated by long inactive periods [5]. This shows up in a
communication network at the level of individuals and his/her partners (see Fig. 1). This
bursty character is clearly recognizable in the digital records of human communication
activities through different channels. During the last few years different explanations
have been proposed to explain the origin of inhomogeneous human dynamics [5, 10, 11,
12]. The main discussion is about the impact of circadian and weekly fluctuations versus
intrinsic correlations rooted in human nature and possibly related to decision-making
processes or task handling. The latter was emphasized in a recent work using the novel
technology of Radio Frequency ID's, where heterogeneous temporal behaviour
explained by a reinforcement dynamics [13] driving the decision making process at the
single entity level.

6h  Bh  10h  12h  14h  16h  18n  20n  22h 21d.0h
Figure 1. Bursty pattern of outgoing phone calls.

0d:0h  2h 4h

For systems with discrete event dynamics it is usual to characterize the observed
temporal inhomogeneities by the inter-event time distributions, P(t,), where t, denotes
the time between consecutive events. A broad P(t,), reflects large variability in the inter-
event times and denotes heterogeneous temporal behaviour. Note that P(t;,), alone tells
nothing about the presence of correlations, characterized usually by the autocorrelation
function, A(zr), or by the power spectrum density. However, for temporally
heterogeneous signals of independent events with fat-tailed, power law P(t,), the Hurst
exponent can assign spurious positive correlations together with the autocorrelation
function [14]. To understand the mechanisms behind these phenomena, it is important
to know whether there are true correlations in these systems. Hence for systems
showing fat-tailed inter-event time distributions, there is a need to develop new
measures that are sensitive to correlations but insensitive to fat tails.

A sequence of discrete temporal events can be interpreted as a time-dependent point
process, X(t), where X(t) = 1 at each time step, when an event takes place, otherwise it is
zero. To detect bursty clusters in this binary event sequence we have to identify those
events we consider correlated. The smallest temporal scale, at which correlations can
emerge in the dynamics is between consecutive events. If only X(t) is known, we can
assume two consecutive actions to be related if they follow each other within a short
time interval At. For events with the duration this condition is slightly modified.

This definition allows us to detect bursty periods, given as a sequence of events where
each of them follows the previous one within a time interval At. By counting the number
of events, E, that belong to the same bursty period, we can calculate their distribution
P(E) in a signal. For a sequence of independent events, P(E) is uniquely determined by

the inter-event time distribution P(¢;) as follows:
2

P(E =n) =( f P(tie)dtie) (1— ) P(tie)dtie) , 2.1)
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which leads for finite At and for any P(t,) an exponential distribution for P(E).
Deviations from this exponential behaviour indicate correlations in the timing of the
consecutive events.

To check the scaling behaviour of P(E) in real communication systems we focused on
outgoing events of individuals in three selected datasets: (a) A mobile-call dataset from a
European operator; (b) Text message records from the same dataset; (c) Email
communication sequences [15]. For each of these event sequences the distribution of
inter-event times measured between outgoing events are shown in Fig.2 (left bottom
panels) and the estimated power-law exponent values are summarized in Table 1. To
explore the scaling behaviour of the autocorrelation function, we took the averages over
1; 000 randomly selected users with maximum time lag of r = 10° In Fig.2.a and b (right
bottom panels) for mobile communication sequences strong temporal correlation can be
observed (for exponents see Table 1). The power-law behavior in A(z) appears after a
short period denoting the reaction time through the corresponding channel and lasts up
to 12 hours, capturing the natural rhythm of human activities. For emails in Fig.2.c (right
bottom panels) long term correlation are detected up to 8 hours, which reflects a typical
office hour rhythm (note that the dataset includes internal email communication of a
university staff).

10° 10° : -
10t} Q At=100s 107 At=605
et B At=300s o, B At=120s
107 ® At=600s 10 ® At=300s
107 ® At=3600 s 107 ® At=600 s
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o 107 o a4 o i
a 1 v o 1 a 10° o a
',C; r o} B :U 7 o
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10 B : 10" -
E 10° 7 102 i
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(a) Mobile-call sequence (b) Short message sequence (c) Email sequence

Figure 2. top: Distribution of the number of events in bursty periods. The inset shows
the At-values. Bottom left: inter-event time distributions; bottom right: autocorrelation
functions. a) Mobile-call data; b) SMS data; c¢) email data.

The broad shape of P(t,) and A(r) functions confirm that human communication
dynamics is inhomogeneous and displays non-trivial correlations up to finite time
scales. . However, after destroying the correlations by shuffling the inter-event times in
the sequences, the autocorrelation functions still show slow power-law like decay (empty
symbols on bottom right panels), reflecting spurious positive correlations. This clearly
demonstrates the disability of this function to characterize correlations for heterogeneous signals
with fat tailed inter-event time distributions. However, for P(E), we see a rather nice power
law scaling with

P(E)~E*, (2.2)
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for each of the event sequences as depicted in the main panels of Fig.2. Especially strong
evidence for is that the roughly three orders of magnitude scaling is rather insensitive to
changing At over a large interval, which corresponds to the scaling regime in the Figs. 2
b and c. However, after destroying the correlations by shuffling the inter-event times, we
obtain an exponential P(E), as expected. The effect is not due to the circadian or weekly
patterns always present in human activities. Even by using a sophisticated de-seasoning
technique [16] to get rid of these regularities, the remaining time series showed
qualitatively the same results.

2.2 Relation to memory process

In each studied system qualitatively similar behavior was detected as single entities
performed independent events or they passed through longer correlated bursty
cascades. These cascades can be viewed as being the result of building up some stress in
the system, e.g., the accumulation of important tasks in communication. Our hypothesis
is that each bursty period is related to a single excitation that triggers a cascade relieving
this stress, which would naturally explain the correlation between the events within the
same train. Accordingly, we speculate that a single task execution can occasionally
trigger a series of events responsible for the appearance of long bursty trains. This
assumption is supported by the observation that bursty nodes communicate
predominantly with only one of their neighbors [17], indicating that a bursty period
maybe linked to a single task.

The correlations taking place between consecutive bursty events can be interpreted as a
memory process, allowing us to calculate the probability that the entity will perform one
more event within a At time frame after it executed n events previously in the actual
cascade. This probability can be written as:

P(E =n)

n) = —~— ")
= S ) (2.3)
Therefore the memory function, p(n), gives a different representation of the distribution
P(E). The p(n), calculated for the mobile call sequence are shown in Fig.3a for trains
detected with different window sizes. Note that in empirical sequences for trains with
size smaller than the longest train, it is possible to have p(n), = 1 since the corresponding
probability would be P(E = n) = 0. At the same time, due to the finite size of the data
sequence, the length of the longest bursty train is limited such that p(n) shows a finite
cutoff.

We can use the memory function to simulate a sequence of correlated events. If the

simulated sequence satisfies the scaling condition in (2.2) we can derive the
corresponding memory function by substituting (2.2) into (2.3), leading to:

pn) = (L) , (2.4)
n+l

with a scaling relation

B=v+1. (2.5)
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Figure 3. Memory function (a), complementary memory function (b) and calculated P(E)
from the measured memory function and compared to the empirical curve.

In order to check whether (2.5) holds for real systems and whether the memory function
in (2.4) describes correctly the memory in real processes we compare it to a memory
function extracted from an empirical P(E) distributions. We selected the P(E) distribution
of the mobile call dataset with At = 600 seconds and derived the corresponding p(n)
function. The complement of the memory function, in form of 1 - p(n), is presented in
Fig.3.b where we show the original function with strong finite size effects (grey dots)
and the same function after logarithmic binning (black dots). Taking equation (2.4) we _t
the theoretical memory function to the log-binned empirical results using least-squares
method with only one free parameter, v. We find that the best fit offers an excellent
agreement with the empirical data (see Fig.3.b and also Fig.3.a) with v = 2.971 + 0.072.
This would indicate # = 3.971 through (5), close to the approximated value g = 4.1,
obtained from directly fitting the empirical P(E) distributions in the main panel of Fig.2.
In order to validate whether our approximation is correct we take the theoretical
memory function p(n) of the form (2.4) with parameter v = 2.971 and generate bursty
trains of 10° events. As shown in Fig.5.c, the scaling of the P(E) distribution obtained for
the simulated event trains is similar to the empirical function, demonstrating the validity
of the chosen analytical form for the memory function.

2.3 Model study: Reinforcement dynamics with memory

We assume that the investigated systems can be described with a two-state model,
where an entity can be in a normal state A, executing independent events with longer
inter-event times, or in an excited state B, performing correlated events with higher
frequency, corresponding to the observed bursts. To induce the inter-event times
between the consecutive events we apply a reinforcement process based on the
assumption that the longer the system waits after an event, the larger the probability
that it will keep waiting. Such dynamics shows strongly heterogeneous temporal
features as discussed in [13]. For our two-state model system we define a process, where
the generation of the actual inter-event time depends on the current state of the system.
The inter-event times are induced by the reinforcement functions that give the
probability to wait one time unit longer after the system has waited already time ¢, since
the last event. These functions are defined as

tie Hap
fA,B(t,'e) =(t- +1) ’ (2-6)

le

where u, and p, control the reinforcement dynamics in state A and B, respectively. These
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functions follow the same form as the previously defined memory function in (2.4) and
satisfy the corresponding scaling relation in (2.5). If x, << y; the characteristic inter-
event times at state A and B become fairly different, which induces further temporal
inhomogeneities in the dynamics. The actual state of the system is determined by
transition probabilities shown in Fig.4.b, where to introduce correlations between
consecutive excited events performed in state B we utilize the memory function defined
in equation (2.4).

At=1024

—_ -5

d) |

a)

10° 16: lé; 163 1040_10" ot Tot 101" f&T’ T
Figure 4: Model calculation. a) shows P(E); b) the flow diagram of the model, ¢) and d)
are the inter-event time distribution and the autocorrelation functions, respectively.

Figure 4 shows that the model is able to produce qualitatively satisfactory results, as all
three characteristic functions have considerable scaling regimes, as observed in the
empirical data.

2.4 Discussion

Using the measure we introduced, we were able to demonstrate for the first time the
presence of intrinsic correlations in human communication patterns. Since we carefully
analyzed the effect of circadian and other periodic patterns, as well as the effect of the
heterogeneity of the users, we can conclude that a) Human communication is
intrinsically bursty; b) This means not only a very broad, power law type inter-event
time distribution but also long time memory related correlations. A simple
phenomenological model was able to reflect the findings at least qualitatively. It remains
to be understood, what influences the scaling exponents and how they are related to
each other. Finally we mention that the correlated character of bursty time series was
also demonstrated in natural phenomena, like earthquake activity patterns and neuron
firing signals.
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3. Emergence of bursts and communities in evolving
weighted networks

3.1 Motivation

Recently, large scale data analysis of mobile phone call records, has revealed the
existence of modular or community structure with many links between nodes of the
same community and relatively few links between nodes of different communities. The
weights of links, i.e. the number of calls between two users, and the network topology
are found correlated such that intra-community links are stronger compared to the weak
inter-community links. This feature is known as Granovetter's “The strength of weak
ties” hypothesis. In addition to this inhomogeneous community structure, the temporal
patterns of human dynamics turn out to be inhomogeneous or bursty, characterized by
the heavy tailed distribution of time interval between two consecutive events, i.e. inter-
event time.

We study how the community structure and the bursty dynamics emerge together in a
simple evolving weighted network model [26]. The principal mechanisms behind these
patterns are social interaction by cyclic closure, i.e. links to friends of friends and the
focal closure, i.e. links to individuals sharing similar attributes or interests, and human
dynamics by task handling process. These three mechanisms have been implemented as
a network model with local attachment, global attachment, and priority-based queuing
processes. It is expected that the interplay of these mechanisms leads to the emergence
of heavy tailed inter-event time distribution and the evolution of Granovetter-type
community structure.

3.2 Model and results

We assume that the network evolves by means of link creation, link maintenance, and
link deletion. Once a link between two stranger nodes is created by either the cyclic or
the focal closure mechanisms, it is maintained by a series of events on that link, which
we call the neighboring interaction (NI), or it is deleted by random memory loss. The
focal closure mechanism is implemented by the random pairing of nodes, which is
called global attachment or GA process. The cyclic closure mechanism is realized when a
node interacts with its next nearest neighbor, which is called local attachment or LA
process. While the GA process involves dyad interaction, the LA process is mediated by
the third node, implying triad interaction. The NI process between neighboring nodes
can happen directly, i.e. as dyad NI, or can be mediated by their common neighbor, i.e.
as triad NI. Let us assume that only the event like the peer-to-peer phone call is
considered. Then we can implement the triad interaction by splitting it into dyad
interactions such that a node i has a chance to interact with j at time step f only when
both i and j have interacted with the third node k recently, no more than, say, 2 time
steps before (see Fig. 1).

A B

A A A

t-1
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We introduce the Triad-Interaction-enhanced model (TI model in short). The TI model is
a direct extension of the weighted network model by Kumpula et al. [27], where the
dyad NI process is analogous with Barabadsi's task execution model [5]. The dynamics at
each time step t consists of the following three stages:

1) Triad Interaction (LA and triad NI): For each pair of nodes i and j satisfying {t;,t;}={t-
2,t-1} with a third node k, we check whether i and j are connected. If they are connected,
an event between i and j occurs, i.e. w; — w; + 1, corresponding to the triad NI process.
Otherwise, the event between i and j occurred with probability p;, leads to w; = 1,
implying a link creation by the LA process. These LA and triad NI processes are
responsible for the community formation and weight reinforcement, respectively.

2) Dyad Interaction (GA and dyad NI): Every node not involved in the previous stage
selects a target node to make an event. If isolated, the node selects the target node from
the whole population at random, preparing for the GA process. If non-isolated, the node
selects the target node either from the whole population or from its neighbors with
probabilities pgy or 1 - pga, respectively. In other words, all nodes are free to find new
neighbors while the non-isolated nodes are also responsible for maintaining links to the
existing neighbors, the degree of which is controlled by pc,. In the case of selecting the
target from its neighbors, preparing for the dyad NI process, the probability of the node
i selecting its neighboring node j is proportional to the weight between them, w;. Thus
there is preference for the strong links. Targeting j by i is denoted by i — j. One can
make the analogy between the target selection from the population or from the
neighbors and the task selection from the task list.

The nodes having selected their targets make events with targets in a random order only
when both the node and its target are not yet involved in any other event at this time
step. If the node i and its target j were not connected, the event would lead to a link
creation between them, i.e. the realization of the GA process. Otherwise, the event
between them results in w; — w;+ 1, implying the dyad NI process.

3) Memory Loss: With probability py;, each node, i, becomes isolated and a stranger to
all its neighbors j as w; = 0. This completes the time step t.

Through all the above stages it has been assumed that the target has no choice to reject
the event initiated by some other node. We term this the OR protocol [28] in a sense that
it is enough for at least one of two nodes to initiate and make an event between them.
Hence we call this version as the TI-OR model. Alternatively we can assume that an
event can occur only in the reciprocal case, i.e. i — j and j — i, which implies the AND
protocol. It should be noted that for example a mobile phone user can reject a call from
his/her friend by some reason. Here we will consider an TI-AND model, where the
AND protocol is applied only to the dyad NI process.

As observables we obtain the cumulative weight distribution P (w), the average number
of next nearest neighbors k,,(k), the average overlap O(w), the local clustering coefficient
c(k), the inter-event time distribution P(z), and the average strength s(k). In all cases
results are averaged over 50 realizations for networks with N = 50000 and pyy = 10”. For
the TI-OR model we obtain the average degree, <k> = 10.1 and the global clustering
coefficient, <c> = 0.08 for p , = 0.013 and pg, = 0.1. The cases with p, = 0.1 and/or with
pca = 0.07 are plotted for comparison, see Fig. 2(left). For the TI-AND model we obtain
<k>=9.6 and <c>=0.13 for p;, = 0.07 and pg, = 0.1. The cases with p., = 0.4 and/or with
pca = 0.04 are plotted for comparison, see Fig. 2(right).
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For the temporal dynamics the inter-event time distributions are characterized by the
power-law with an exponential cutoff, i.e. P(t)~ 7 exp(-t/1.), where the scaling regimes
span over about one decade. In case of TI-OR model, o = 2.5 or 1.2 when p;, = 0.013 or
0.1, respectively. In the case of TI-AND model, when p;, = 0.07 or 0.4, we find o = 0.8 or

0.6, respectively, both of which are close to the empirical value 0.7 of mobile phone call
dataset within error bars.
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Figure 2. TI-OR model (left) and TI-AND model (right). See the text for details.

For both the TI-OR and TI-AND models, we find that the cumulative weight
distributions are broad but do not follow power-law behavior for the various values of
pra and pg, as in the empirical analysis. It turns out that as the empirical results, the
networks are assortative and have the Granovetter-type community structure,
characterized by the increasing behavior of k,,(k) and O(w), respectively. The sample
networks shown in Fig. 3 also confirm the emergence of Granovetter-type community
structure, such that the communities of internal strong links are connected by weak
links. In addition, for the TI-OR model with p;, = 0.1 we observe a slightly decreasing
behavior of O(w) for large w values, implying the existence of smaller but stronger
communities. The decreasing behavior of the overlap was observed in the empirical
analysis but not in the previous model studies [27].
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Figure 3. Snowball samples of networks for TI-OR (A, B) and TI-AND models (C, D). In B and
D the links with weight 1 were removed for clear visualization. The color of links ranges from

blue for weak links through yellow for intermediate links to red for strong links.

To figure out what are the possible underlying mechanism for these findings, we first
identify the triangular chain interaction (TCI) among three neighboring nodes, say i, j,
and k: Both the event between nodes 7 and j at time step -2 and the event between nodes
j and k at time t-1 lead to an event between nodes i and k at time f, again leading to
another event between nodes i and j at time #+1 and so on, unless interrupted either by
the events from/to nodes outside the triangle or by a random memory loss of nodes in
the triangle. Since the TCI is exclusive due to the priority of the triad interaction
including the LA process, the LA process enhanced by the large value of p;, inhibits the
interruption by the events from/to nodes outside the triangle, including the GA process,
and thus making the community structure more compact in turn resulting in a smaller
average degree. While the compact community structure enhances the TCI again, it can
also make some neighbors of the TCI nodes wait for long time to interact with the TCI
nodes. Hence, the larger value of p;, gives rise to larger fluctuation in the inter-event
times, implying the heavier tails of inter-event time distributions.

We have studied the emergence of Granovetter-type community structure, characterized
by the increasing behavior of overlap as a function of the link weight, and the heavy
tailed inter-event time distributions, i.e. bursty dynamics, in a single framework of
simultaneously evolving weighted network model. By incorporating simple and
intuitive task execution models for human dynamics into the weighted network model
reproducing the Granovetter-type community structure of social systems, we
successfully observe the qualitatively same behaviors as observed in the empirical
networks based on the mobile phone call dataset. In addition, we have found that the
exclusive triangular chain interaction (TCI) identified in the TI models plays the central
role both in community structure formation and bursty dynamics.

11



5.2 Report on model of within community dynamics I C T

collective
4. Intimacy variations during life span

4.1 Egocentric networks and dyad formation

In sociology, the traditional way of studying the tie formation of an individual (ego) is
the method of egocentric networks. The availability of metadata, like gender and age in
the mobile call network enables us to use this method to study the gender and age
dependence of dyadic connection with an unprecedented statistics.

In humans, homophily (a striking tendency for individuals who share traits to
preferentially form relationships) has emerged as an important organizing principle of
social behavior [18]. In most cases, however, studies of homophily have focussed on
psychological or social traits such as personality, interests, hobbies, religious or political
views. However, there is evidence that homophily may also arise through a tendency for
close friendships to be gender-biased [19,20].

4.2 Data analysis and modeling

We used a very large mobile phone database to investigate gender preferences in close
friendships: i) to test the hypothesis that preferences in the choice of the best friend are
gender-biased; and ii) to investigate how these preferences change over the lifespan. We
focus our attention on the three most preferred friends, as indexed by the frequency of
contact. Several studies have demonstrated that frequency of contact is a reliable index
of emotional closeness in relationships [21,22]. Recent research also reveals that personal
social networks are hierachically structured [23,24], having a layer-like structure with
distinct differences in the emotional closeness and frequency of contact with alters in the
different layers, with an inner core of ~ 5 alters who between them account for about
half our total social time.

In the dataset, all the calls as well as short text messages sent or received by each private
subscriber was available over a seven month period. In order to filter out spurious
effects like accidental or wrong number events as well as professional (e.g. call center)
calls, we considered calls and text messages only between individuals that have at least
one reciprocated contact (i.e. a contact in each direction). The original dataset contains
information for about 6.8 million subscribers. In this study, we consider only those
subscribers whose gender and age are both known. There are Nj~1.8 million male and
Nr=1.4 million female subscribers for whom these data are available (see details below).
To minimize errors due to individuals having multiple subscriptions, we took into
account only those users with single subscriptions. Because both the user and the
subscriber of the service (if different) have to be registered, we believe that the risk of
double counting is insignificant.

For our analysis [25], we introduce a gender variable g, that can take the values gy
= 1 for males and gr = -1 for females. Using the dataset, we define the average or
representative gender of subscribers of known age and gender of users as follows:

Ny N
= + ,
)= N, S, W, o
which gives rise to an overall average gender bias for subscribers of <g> = 0.130,
indicating a general bias in favour of male alters. However, best friends with
representative gender <g> = 0.007, on average, are more female-biased than the
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subscribers themselves, suggesting an overall preference for female alters as compared
to random gender choice.

We first consider only those pairs of egos and alters whose age and gender information
is available. This accounts for about 1.26 million ego/best-friend pairs, 0.84 million
ego/second-best-friend pairs and 0.68 million ego/ third-best-friend pairs.

In Fig. 8a, we present the average gender <g>" of the best friend as a function of ego’s
age, for male and female egos separately. Until the age of ~50 years, both male and
female egos prefer the best friend to be of opposite gender, although this effect is
strongest for 30 years old males and 25 years old females.
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FIG. 8. a: The average gender of the best friend of an ego of specified age and gender.
b: The average gender of the second best friend of an ego of specified age and gender.
Blue squares correspond to male egos and red squares to female egos.

Notice that not only does the preference for an opposite-sex best friend kick in
significantly earlier for females than for males (early 20s vs ~30 years of age: STATY), it
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maintains a higher plateau for much longer. Whereas males exhibit a distinct and quite
short-lived peak (a maximum of about 5 years from around age 30), women have a long,
relatively higher male-biased plateau running from around the early 20s to as late as the
early 40s — at which point, the male best friend seems to be moved into second place
(Fig. 8b) and is replaced as best friend by a new (more typically female) alter. While
males’ best friends remain slightly female-biased throughout their lives, women’s only
eventually become so during their early 50s. The two sexes eventually converge on a
slightly female-biased pattern at around 70 years of age.

The pattern for second best friends (Fig. 8b) is a partial mirror image of the pattern for
best friends. Second best friends are typically same-sex, reaching a sharp peak in the
early 20s before falling away gradually to reverse the gender bias in the late 30s. The
transition is sharper for women than for men: males exhibit a shallower decline, and
settle at a asymptotic value very close to gender equality, whereas women show a striking
reversal to a strong male-biased peak in their late 40s (and a steady decline back towards
equality by the late 60s). We ran a similar analysis for the gender of the third best friend:
since the pattern is virtually identical to that in Fig. 8b. The similarity in the plots for
second and third best friend reinforce the contrast to those for best friends, suggesting a
more privileged status for the best friend.

In Fig. 9, we show age distributions of the best friends for male and female egos aged 25
and 50 years, respectively. On this finer scale of analysis, some additional patterns
emerge. The distributions for friends of both genders are bimodal, with one maximum at
around the ego's own age and the other with an approximately 25 year age difference.
The maxima at ego’s own age are opposite-gender biased, and most likely identify a male
partner for female egos and vice versa for males. The maxima at the 25 year age
difference (i.e. the generation gap) have a more balanced gender ratio, and most likely
identifies, respectively, children and parents for 50-year-old egos and 25-year-old egos.
The progression in this switch can be seen very clearly in the profiles for the intervening
age cohorts.

These data allow us to draw three conclusions. First, women are much more focused on
opposite-sex relationships than men are during the reproductively active period of their
lives, suggesting that women invest more heavily in maintaining pair bonds than men do
[23]. Second, as they age, women’s attention shifts from their spouse to their children,
but in particular to their daughters (reflected in the slight female-bias in older women’s
best friends). This transition is relatively smooth and slow for women (perhaps taking
about 15 years to reach its new asymptote at around age 60), and may reflect the gradual
arrival of grandchildren. Third, women in particular switch individuals around in their
preference rankings much more than men do. Men tend to maintain a steadier pattern
over a longer period, whereas women tend to switch individuals from one position to
another in a more exaggerated way, perhaps reflecting shifts in their allegiances as their
reproductive strategies switch more explicitly from mating to parental investment. This
seems to be reflected in a tendency for women’s gender-biases to be stronger than men’s.
Women’s stronger investment in parental and grandparental investment is indicated by
the fact that men’s gender-biases for both best and second/third best friends show much
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less evidence for any preference for contacting children: the younger (25-year) peak for
50-year men is half that for women’s and shows a more even sex balance, whereas that
for women is strongly biased in favour of female alters (i.e. daughters) (Fig. 9¢c,d).
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FIG. 9. The distributions P(af ) of the best friend's age af for 25 years old male (a) and
female (b) egos. In ¢ and d we show the same distributions P(af ) for 50 years old male
and female egos, respectively. Red squares correspond to female best friends while blue
squares to male best friends.

Fig. 10 plots age distributions of best friends for the two genders of ego. The profiles

show clear differences demonstrating the well-known tendency of the age differences in
romantic and marital relationships.
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Figure 10. Gender and age dependence of best friends.

Furthermore, the analysis of the same kind of data for older age groups shows a clear
double peaked structure, indicating that the parent-child relationships come into play.
This tendency goes to the high ages, moreover, the peak with the age difference about 30
years becomes more and more dominant, indicating that elderly people have their close
ties preferably with their adult children. Again, breaking down the data according to the
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genders, reveals interesting differences between mother/daughter, mother/son,
father/daughter and father/son relationships.

4.3 Discussion

While, inevitably, our analyses pool together large numbers of individuals, and so still
lose some of the richness of the original data, nonetheless we have been able to
demonstrate striking patterns in mobile phone usage data that reflect shifts in relationship
preferences across the lifespan. Such patterns have not been noted previously, and open
up novel opportunities for exploiting large network datasets of this kind. Aside from this
purely methodological aspect, our analyses identify striking sex differences in the social
and reproductive strategies of the two sexes that have not previously identified. One of
the most important message of our work is that “digital footprints”, like massive mobile
phone billing data can be efficiently used to deep sociological studies.
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Abstract

Understanding the patterns of human dynamics and social interaction and the way they lead to the formation of an
organized and functional society are important issues especially for techno-social development. Addressing these issues of
social networks has recently become possible through large scale data analysis of mobile phone call records, which has
revealed the existence of modular or community structure with many links between nodes of the same community and
relatively few links between nodes of different communities. The weights of links, e.g., the number of calls between two
users, and the network topology are found correlated such that intra-community links are stronger compared to the weak
inter-community links. This feature is known as Granovetter’'s “The strength of weak ties” hypothesis. In addition to this
inhomogeneous community structure, the temporal patterns of human dynamics turn out to be inhomogeneous or bursty,
characterized by the heavy tailed distribution of time interval between two consecutive events, i.e., inter-event time. In this
paper, we study how the community structure and the bursty dynamics emerge together in a simple evolving weighted
network model. The principal mechanisms behind these patterns are social interaction by cyclic closure, i.e., links to friends
of friends and the focal closure, links to individuals sharing similar attributes or interests, and human dynamics by task
handling process. These three mechanisms have been implemented as a network model with local attachment, global
attachment, and priority-based queuing processes. By comprehensive numerical simulations we show that the interplay of
these mechanisms leads to the emergence of heavy tailed inter-event time distribution and the evolution of Granovetter-
type community structure. Moreover, the numerical results are found to be in qualitative agreement with empirical analysis

results from mobile phone call dataset.
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Introduction

Human dynamics and social interaction patterns have been a
subject of intensive study in many different fields ranging from
sociology and economics to computer science and statistical
physics constituting what is nowadays called network science [1—
4]. Partially due to the fact that huge amounts of various kinds of
digital data on human dynamics have become available,
explorative and quantitative analysis of these kinds of data has
enabled us to have unprecedented insight into the structure and
dynamics of behavioral, social, and even societal patterns.
Examples of such data consist of email correspondence [5,6],
mobile phone call (MPC) and Short Message (SM) communication
[7-9], online social network services [10,11], and scientific
collaboration [12].

The interaction structure among individuals in such large scale
social data has been investigated by applying the concepts and
methods of complex networks where individuals and their
relationships represent nodes and links, respectively [13-15]. In
many real networks, the link is characterized by a weight
corresponding to the strength or closeness of social relationship
[15,16], which in the case of MPC can be described by the

@ PLoS ONE | www.plosone.org

aggregate number of calls between two individuals [7,17]. It has
turned out that social networks are inhomogeneous and they can
be characterized by modular or community structure [18]: The
whole network is composed of separate communities connected by
bridges, i.e. there are more and stronger links within communities
than between communities, in accordance with Granovetter’s
“The strength of weak ties” hypothesis [19], corroborated later in
[7,17]. This weight-topology coupling was successtully reproduced
in the model of weighted networks driven by the cyclic and the
focal closure processes [20]. Here the cyclic closure process refers
to the link formation with one’s next nearest neighbors, i.e. the link
formation with friends of friends. The focal closure refers to the
attribute-related link formation independently of the local
connectivity [21]. It has been shown that these simple processes
can lead to the emergence of complex weight-topology coupling,
where the inhomogeneity of weights is a crucial factor for the
emergence of communities.

In addition to the inhomogeneous community structure of social
networks, the temporal patterns of human dynamics are
inhomogeneous or bursty [6,22,23]. The bursts of rapidly
occurring events of activity are separated by long periods of
inactivity. The bursty dynamics is characterized by the heavy
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tailed distribution of inter-event times 7, defined as the time
interval between consecutive events, shows a power-law decay as
P(t)~1~* with 2x0.7 or 1 for the MPC [23] or for the emalil [6],
respectively. Two mechanisms for the origin of burstiness have
been suggested: a) inhomogeneity due to the human circadian and
weekly activity patterns [24,25] and b) inhomogeneity rooted in
the human task execution [6,22]. Although such dynamic
inhomogeneity is obviously affected by the circadian and weekly
patterns, it was claimed that the burstiness turns out to be robust
with respect to the removal of circadian and weekly patterns from
the time series of MPC and SM activities [26]. Here we will
concentrate on considering the dynamic inhomogeneities other
than those due to circadian and weekly patterns, namely due to
those related to individual behavior.

In relation to the inhomogeneity of human task execution,
several priority-based queuing models have been studied [6,22,27—
30]. Each individual is assumed to have a task list of finite size and
select one of tasks under the selection protocol, such as selecting
the task with the largest priority. Most of these models focus on the
waiting time of task, which is defined as the time interval between
the arrival time and the execution time of the task. However, in
some cases, since the arrival times of tasks to the queue are not
given, the waiting times cannot be empirically measured and thus
cannot be directly compared to the empirical inter-event times.
Furthermore, in spite of studying the communication patterns,
such as the email correspondence, the interaction between
individuals has not been properly considered in the models
[6,22]. Some interactive models defined on networks assume that
the underlying networks are binary and fixed [27-30]. However,
in reality both the topology and the weights of social networks co-
evolve according to the individual task executions as well as to
social interaction by cyclic and focal closure mechanisms.

Both the structural inhomogeneity of social interaction and the
dynamical inhomogeneity of human individual behavior affect the
dynamical processes taking place on evolving social networks. For
example it has been shown that the Granovetter-type weight-
topology coupling slows down information spreading [7]. By using
the analogy between link weight and information-bandwidth
information turns out to spread fast and to get trapped within
communities due to the internal strong links (broad bandwidth)
and the weak links (narrow bandwidth) between communities,
respectively. In addition to the effect of Granovetter-type
community structure on information spreading individual bursty
behavior also plays a crucial role in social dynamics. The long
inactive periods represented by large inter-event times, inhibit the
information spreading compared to the randomized null model,
while the bursty periods of short inter-event times do not
necessarily enhance the spreading [23]. Thus both the weight-
topology coupling and the individual bursty dynamics should be
taken into account and implement to a model in order to better
understand the dynamics in the evolving social networks.

The observation of Granovetter-type community structure and
individual bursty dynamics calls for integrating both structural and
dynamical inhomogeneities into single framework or model in
order to better understand the social dynamics with the smallest set
of parameters. Although there are some approaches in integrating
these structural and dynamical properties, the bursty nature of
human behavior has been inherently assumed in these models
[31,32]. Instead, we are interested in the emergence of burstiness
from the intuitive and natural model rules while at the same time
generating the Granovetter-type community structure. In order to
investigate the basic mechanisms responsible for various empirical
observations, we incorporate the task handling process to the
weighted network formation studied by Kumpula ez al. [20]. In our
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model the weight assigned to a link is interpreted as the aggregate
number of events on that link. Driven by both the cyclic and focal
closure mechanisms a link is created by the first event occurring
between individuals. Once created, the link is maintained by a
series of events on that link, and finally removed by accidental
memory loss of the individual. Each individual may initiate events
or respond to those initiated by others, depending on the protocols
determining the selection and execution of tasks given to
individuals.

Our model can be called co-evolutionary, in the sense that the
task handling process of individuals affects the network evolution
while the network structure constrains the individual behaviors.
One of the typical issues in the co-evolutionary networks is that the
timescale of network evolution competes with that of the
dynamical process on the network [33,34]. In social dynamics
the timescale for social relationship updates (a few weeks or
months) is much larger than communication dynamics taking
place on daily or hourly basis. In our case, since the events are the
building blocks of the structure and the dynamics simultaneously,
the relevant timescales are not explicitly controlled but emerged
from the simple and intuitive rules of our model. In this paper, we
show that by using the models with a few control parameters one
can obtain the Granovetter-type community structure and also
observe the emergence of bursty dynamics characterized by the
heavy tailed inter-event time distribution.

This paper is organized such that we first introduce our two
kinds of co-evolutionary models, the Triad-Interaction-enhanced
model and the Process-Equalized model. Then we present the
results for these models and discuss them in comparison with the
empirical analysis results followed by the conclusions on the
findings in the paper.

Methods

In our model we assume that the network evolves by means of
link creation, link maintenance, and link deletion. Once a link
between two stranger nodes is created by either the cyclic or the
focal closure mechanisms, it is maintained by a series of events on
that link, which we call the neighboring interaction (NI), or it is
deleted by random memory loss. The focal closure mechanism is
implemented by the random pairing of nodes, which is called
global attachment or GA process. The cyclic closure mechanism is
realized when a node interacts with its next nearest neighbor,
which is called local attachment or LA process. While the GA
process involves dyad interaction, the LA process is mediated by
the third node, implying triad interaction. The NI process between
neighboring nodes can happen directly, i.e. as dyad NI, or can be
mediated by their common neighbor, ie. as triad NI. Let us
assume that only the event like the peer-to-peer phone call is
considered. Then we can implement the triad interaction by
splitting it into dyad interactions such that a node 7 has a chance to
interact with j at time step ¢ only when both i and j have interacted
with the third node k recently, no more than, say, 2 time steps
before, see fig. 1. In the following we propose two kinds of models.
In the first kind the triad interaction takes place prior to the dyad
interaction. We call this as Triad-Interaction-enhanced model (11
model in short). The TT model is a direct extension of the weighted
network model by Kumpula et al. [20], where the dyad NI process
is analogous with Barabasi’s task execution model [6]. In the
second kind all the three processes (LA, GA, and NI) are
considered equally and the framework of interacting and non-
interacting tasks is adopted from [27], as the variant of Barabasi’s
task execution model. We call this as Process-Equalized model (PE
model in short).
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Figure 1. Schematic representation of local and global
attachments of the model. Vertical lines represent the time lines
of users. Horizontal solid and dashed lines represent events occurred
and to be occurred between nodes, respectively. The number of events
on a link defines the weight of the link. A. Local Attachment (LA): The
node i has a chance to interact with node j at time step ¢ only when
there exists a temporal path connecting i and j through their common
neighbor k within time window [r—2,7—1]. B. Global Attachment (GA):
The isolated node / has a chance to interact with a randomly chosen
node m.

doi:10.1371/journal.pone.0022687.g001

Now let us consider an undirected weighted network with N
nodes. A weight of a link between nodes 7 and j, denoted by wj;,
can be interpreted as the aggregate number of events between
them. The number of neighbors of node i is defined as the degree
ki. The time step of the most recent event between node i and
node j is denoted by £;. Initially all nodes are set to be isolated, i.c.
the initial network is without links.

Triad-Interaction-enhanced model

In the TI model the dynamics at each time step ¢ consists of the
following three stages:

1) Triad Interaction (LA and triad NI). For each pair of
nodes i and j satisfying {#,tj } = {t—2,1 — 1} with a third node k,
we check whether 7 and j are connected. If they are connected, an
event between i and j occurs, i.e. w;—wj;+ 1, corresponding to
the triad NI process. Otherwise, the event between i and j
occurred with probability p,, leads to w;=1, implying a link
creation by the LA process. These LA and triad NI processes are
responsible for the community formation and weight
reinforcement, respectively.

2) Dyad Interaction (GA and dyad NI). Every node not
involved in the previous stage selects a target node to make an
event. If isolated, the node selects the target node from the whole
population at random, preparing for the GA process. If non-
1solated, the node selects the target node either from the whole
population or from its neighbors with probabilities p,, or 1 —p,,,
respectively. In other words, all nodes are free to find new
neighbors while the non-isolated nodes are also responsible for
maintaining links to the existing neighbors, the degree of which is
controlled by p.,. In the case of selecting the target from its
neighbors, preparing for the dyad NI process, the probability of
the node i selecting its neighboring node j is proportional to the
weight between them, w;;. Thus there is preference for the strong
links. Targeting j by i is denoted by i—j. The analogy between the
target selection from the population or from the neighbors and the
task selection from the task list will be discussed later.

The nodes having selected their targets make events with targets
in a random order only when both the node and its target are not
yet involved in any other event at this time step. If the node i and
its target j were not connected, the event leads to a link creation
between them, i.e. the realization of the GA process. Otherwise,
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the event between them results in w; —w;; + 1, implying the dyad
NI process.

3) Memory Loss. With probability p,,, each node, i,
becomes isolated and a stranger to all its neighbors j as w; =0.
This completes the time step .

Through all the above stages it has been assumed that the target
has no choice to reject the event initiated by some other node. We
term this the OR protocol [28] in a sense that it is enough for at
least one of two nodes to initiate and make an event between them.
Hence we call this version as the TI-OR model. Alternatively we
can assume that an event can occur only in the reciprocal case, i.e.
i—j and j—i, which implies the AND protocol. It should be noted
that for example a mobile phone user can reject a call from his/
her friend by some reason. Here we will consider an TI-AND
model, where the AND protocol is applied only to the dyad NI
process.

Process-Equalized model

In the TT model, since the triad interaction is executed prior to
the dyad interaction, one can not control the intensity of the triad
mteraction. Therefore we have devised the PE model where we
consider the triad interaction on the equal footing with the dyad
interactions, i.e. the LA, GA, and NI processes are equally
considered. In this case we incorporate the task execution process
with interacting and non-interacting tasks [27], as described next.

Each node has the task list with one interacting task and one
non-interacting task, denoted by I-task and O-task, respectively.
The I-task represents the task requiring simultaneous interaction
of two nodes, such as a phone call by a caller to a receiver, while
the O-task represents some other task not requiring the
simultaneity such as shopping, watching TV, etc. We count the
inter-event times only for /-tasks, which settles down the issue of
realistically interpreting the waiting time, as mentioned in [27].
The priorities of tasks are randomly drawn from the uniform
distribution.

In this model the dynamics takes place such that at each time
step #, every node selected in a random order goes through the
stages 1) and 2). Then the stage 3) is performed:

1) Task and Target Selection. The node selects the task
with larger priority. Only when it is /-task, this node, which we call
a root node i, selects its target node either

® from the whole population with probability p_,, i.e. the GA
process, or

® from its next nearest neighbors with probability p, ,, i.e. the LA
process, or

® from its neighbors with probability 1—p_, —p,,, i.e. the NI
process.

For the LA process, the next nearest neighbor of the root node is
defined as the node j satisfying {tu.tx}={t—2,t—1} with
another node k. If the number of next nearest neighbors is more
than 1, one of them is selected at random. For the NI process, the
probability to target one of the root node’s neighbors j is
proportional to the weight w;;, as in the TT model.

2) Task Execution. Only when the target node has not been
involved in any event at this time, the event between the root node
and the target node occurs, implying that the OR protocol is used.
After this execution the priority of the /-task for the root node is
replaced by the new random number while j's task list is not
updated, implying that the target node did not execute its /-task
but simply responded to the root node.

3) Memory Loss. Lach node becomes isolated with proba-
bility p,,, , by which the time step f is completed.
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Definitions of network properties

We calculate various network properties for the numerically
obtained networks. Given the weight distribution P(w), the
cumulative weight distribution is defined by

P.(w)= Jx P(w)dw'. (1)

W

For each non-isolated node i, the number of next nearest
neighbors, the individual clustering coefficient, and the strength
are defined by

1
K = T Z kj 2)
Jjed;
26,'
“= 1)’ )

§i= Z Wij, 4)

Jed;

respectively. Here A4; denotes the set of neighbors and e; denotes
the number of links among the node i’s neighbors. The averages of
the above quantities over the nodes with the same degree k define
the average number of next nearest neighbors k,,(k), the local
clustering coefficient ¢(k), and the average strength s(k),
respectively. In addition, to test the Granovetter-type community
structure the overlap is defined for each link connecting nodes 7
and j as follows:

|4;M 4]
AU )

Oy

i.e. the fraction of the common neighbors over all neighbors of i
and j. The average over the links with the same weight w defines
the average overlap O(w). For the dynamics we measure the inter-
event time distributions P(7).

Results and Discussion

The empirical analysis of mobile phone call data from a single
operator in one European country for the first four months in 2007
[17,23] shows that c(k)~k =% with d.~ 1, s(k) ~k® with d;~1.
It also shows an increasing behavior of k,(k), implying the
assortativity, and an increasing behavior of O(w) with slight
decrease for very large w values, where the increasing part implies
the Granovetter-type community structure. Moreover, it was
found that P(t) ~7t~* with 2~ 0.7. In addition the average degree
(k) turned out to be around 3.0 and the average clustering
coefficient {c¢) around 0.13 when the new year’s day of 2007 is
excluded. It should be noted that the average degree of the mobile
phone call network extracted from the single operator dataset
might be underestimated compared to the full mobile phone call
network composed by many operators. Therefore, we assume that
the overall average degree of the whole social network is larger
than 3, i.e. around 10. In this paper we consider the results to be
relevant and comparable with reality, when <{k»=10.

For the numerical simulations of the models described above we
set the initial values as N =5 x 10* and p,,, = 1073 for all the cases
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considered. The simulations of these models are found to become
stationary at about #=3x 10, after which the numerical results
are collected for 5x 10* time steps.

Triad-Interaction-enhanced model

For both the TI-OR and TI-AND models, we find that the
cumulative weight distributions are broad but do not follow
power-law behavior for the various values of p,, and p_, as in the
empirical analysis, see figs. 2 and 3. The similar behavior is found
for degree and strength distributions (not shown). It turns out that
as the empirical results, the networks are assortative and have the
Granovetter-type community structure, characterized by the
increasing behavior of k,,(k) for k>2 and O(w), respectively.
Here most nodes with k=1 are supposed to be connected to
randomly chosen nodes by the GA process, implying that
kun(1)~<k). The sample networks shown in fig. 4 A-D also
confirm the emergence of Granovetter-type community structure,
such that the communities of internal strong links are connected
by weak links. In addition, for the TI-OR model with p,, =0.1 we
observe a slightly decreasing behavior of O(w) for large w values,
mmplying the existence of smaller but stronger communities. The
decreasing behavior of the overlap was observed in the empirical
analysis but not in the previous model studies [20].

Based on the above observations it seems that a node is a
member of a few strong triangles and connected to some other
nodes outside its own triangles. This explains our finding of §, &2,
different from the empirical result. It is because if the degree of a
node increases mainly by means of the GA process, the number of
links between neighbors remains while the number of all possible
links grows as k2, resulting in c(k)~k~2. We also find d;~0
differently from the empirical value, which we will discuss later in
relation to the dynamics.

In order to confirm the Granovetter-type community structure
of networks, we perform the link percolation analysis. If links
within communities are strong whereas links between them are
weak as found in the empirical studies [7,17], the network should
disintegrate faster when the weak links are removed first than
when the strong links are removed first. Note that as shown in fig. 4
the links with weight 1 form an apparently random network as
backgrounds for the community structure. Thus we apply the link
percolation to the giant components of networks without links with
w=1 and denote its size by N'. By removing links in an ascending
or descending order of weights, we measure the remaining fraction
of the giant component Rgc, the susceptibility y, and the average
clustering {¢)» as a function of the fraction of removed links, f.
Here the susceptibility is defined as y= 3 n.s?/N’, where ny
denotes the number of clusters with size s and the giant
component is excluded from the summation. For the weak-link-
first-removal cases we find the sudden disintegration of networks at
the finite value of f, ie. f,=0.62 (0.21) for TI-OR (TI-AND)
model. When the strong links are removed first, there is an
apparent transition at the larger value of f, =0.87 (0.81) for TI-
OR (TI-AND) model as shown in fig. 5 A and C. For the weak-
link-first-removal cases the values of f maximizing {c), denoted
by fimax, are quite close to those of f.. When using the overlap
instead of the weight for the link percolation, almost the same
behavior is observed in fig. 5 B and D because O(w) turns out to
be the monotonically increasing function of w in our model.

For the temporal dynamics the inter-event time distributions are
characterized by the power-law with an exponential cutoff, i.e.
P(t)~t "exp(—1/t.), where the scaling regimes span over
about one decade, see figs. 2 E and 3 E. In case of TI-OR model,
ox2.5 or 1.2 when p,, =0.013 or 0.1, respectively. In the case of
TI-AND model, when p,, =0.07 or 0.4, we find «~x0.8 or 0.6,
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Figure 2. TI-OR model. A. The cumulative weight distribution P.(w). B. The average number of next nearest neighbors k,,(k). C. The average
overlap O(w). D. The local clustering coefficient ¢(k). E. The inter-event time distribution P(z). F. The average strength s(k). Results are averaged over
50 realizations for networks with N=5x10* and p,, =1073. We obtain (k)= 10.1 and {c¢>~0.08 for p,, =0.013 and p,, =0.1. The cases with

p,,=0.1 and/or with p ., =0.07 are also plotted for comparison.
doi:10.1371/journal.pone.0022687.9002

respectively, both of which are close to the empirical value 0.7 of
MPC dataset within error bars. In all cases, the values of o are
smaller for larger values of p, , but are barely affected by the value
of p.,. The values of 7, turn out to be larger for larger values of
p,, and for smaller values of p_,. The maximum value of 7, is
around 50.

To figure out what are the possible underlying mechanism for
these findings, we first identify the triangular chain interaction
(TCI) among three neighboring nodes, say i, j, and k: Both the
event between nodes i and j at time step f—2 and the event
between nodes j and k at time t—1 lead to an event between
nodes i and k at time ¢, again leading to another event between
nodes i and j at time ¢+ 1 and so on, unless interrupted either by
the events from/to nodes outside the triangle or by a random
memory loss of nodes in the triangle. Since the TCI is exclusive
due to the priority of the triad interaction including the LA
process, the LA process enhanced by the large value of p, , inhibits
the interruption by the events from/to nodes outside the triangle,
including the GA process, and thus making the community
structure more compact in turn resulting in a smaller average
degree. In case of TI-OR model with p, =0.1, (k) =~ 10.1 or 4.2
for p, ,=0.013 or 0.1, respectively. While the compact community
structure enhances the TCI again, explaining the observed peaks
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of P(t) at t=1 and 2, it can also make some neighbors of the TCI
nodes wait for long time to interact with the TCI nodes. Hence,
the larger value of p,, gives rise to larger fluctuation in the inter-
event times, implying a smaller value of the power-law exponent o
and a larger value of the cutoff 7., as observed. Based on this
argument, the effect of p,, dominates over that of p_,, so that the
value of p., barely affects the scaling of inter-event time
distributions but it controls the value of 7.. The larger value of
P, allows nodes to choose a random target and thus interrupt the
inter-event times of targets more frequently, leading to a smaller
value of 7.. The numerical results in the case of the TI-AND
model can be explained by the same arguments, except for the
observed values of « less than those found in the case of the TI-OR
model. Note that in general the AND protocol mhibits the
possibility of events.

The heavy tailed distribution of inter-event times, i.e. bursty
dynamics, was not expected but it emerged from the model
Analogously with the task execution model suggested by Barabasi
[6], the dyad NI process can be interpreted such that a node 7 has
the task list with size k; and it selects one of neighbors (tasks) j with
probability proportional to the priority of the task, i.e. the weight
wj; in our model. The degree k; also varies depending on the link
creation and deletion processes. A node having been isolated by
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Figure 3. TI-AND model. A. The cumulative weight distribution P.(w). B. The average number of next nearest neighbors k,,(k). C. The average
overlap O(w). D. The local clustering coefficient c(k). E. The inter-event time distribution P(z). F. The average strength s(k). Results are averaged over
50 realizations for networks with N=5x 10* and p,,, = 10~3. We obtain <k»~9.6 and {cy~0.13 for p,, =0.07 and p,, =0.1. The cases with p,, =0.4

and/or with p,, =0.04 are also plotted for comparison.
doi:10.1371/journal.pone.0022687.9003

the memory loss tries to interact with strangers. Once being
connected to some other node by the GA process, its degree
increases partly by means of the LA process but it will not diverge.
The degree mostly fluctuates and sometimes remains unchanged
for long periods of time. And the node finally becomes isolated
again by the memory loss. Thus, the whole life-cycle of a node is
assumed to consist of two types of periods, i.e. one with fixed-size
and the other with variable-size task list. The periods of fixed-size
task list, i.e. fixed degrees, are up to several hundred time steps,
which are much larger than the observed t.. This implies the
natural separation of timescales between network change and
dynamics on the network, which is consistent with everyday
experience of mobile phone usage. Due to the timescale separation
the inter-event time distribution for the whole period can be
represented by the superposition of those for fixed-size period and
for variable-size period. Thus, to understand the effect of size
variability on the scaling behavior of bursty dynamics, we refer to
the previous works studied in the different kinds of models, such as
by Vazquez et al. [22]. When the task list has a variable (fixed) size
in the Barabasi model, the power-law exponent for the waiting
time distribution turns out to be 3/2 (2). According to the
argument that the distribution of the inter-event times derived
from the waiting times has the same power-law exponent as that of
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the waiting times, one can expect the similar values of exponent
from our model. However, this is not the case with our model, so
we leave this for the more rigorous analysis in the future.

Finally, the apparent overall independence of the average
strength s(k) on k for large values of k is attributed to the fact that
once the node 1s a member of the TCI, its activity becomes
effectively independent of its degree due to the exclusive property
of TCI. We observe even the decreasing behaviors of s(k) for the
larger k values in the TI-AND model, i.e. the AND protocol based
interaction with too many neighbors can make nodes failing to
interact with any neighbors.

Process-Equalized model

The TT models show the expected behaviors of Granovetter-
type community structure and the heavy tailed inter-event time
distribution but they do not yield the expected behavior of the
local clustering coefficient and average strength of the nodes. This
is mainly due to too strong effect of the triad interaction and that is
why we need to consider the PE model for modeling improvement
and comparison with empirical results.

With the PE model we find that the cumulative weight
distributions P.(w) are broad, that the overlap O(w) increases
with w, 1.e. showing Granovetter-type community structure, that
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Figure 4. Snowball samples of networks [36]. A, B. TI-OR model. C, D. TI-AND model. E, F. PE model. For each model, we plot the sample
network starting from a random node (left panel) and the one without the links with w=1 (right panel) for clear visualization. The color of links
ranges from blue for weak links through yellow for intermediate links to red for strong links.

doi:10.1371/journal.pone.0022687.9g004

the average number of next nearest neighbor k,,,(k) increases with
k, i.e. showing the network being assortativity for k >2, and that
c(k)~k=% with d,~1 and s(k)~k% with d,~1, as shown in
fig. 6. All these results are consistent with the empirical analysis on
real data. Based on the sample networks in fig. 4 E and F, it is
evident that the TCI becomes weaker and less exclusive than in
the case of the above TI models. Therefore, as the degree of a
node increases, the neighbors of that node have the increasing
chance to interact with each other, resulting in e(k)~k~!.
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In fig. 5 E and F we show the results of the link percolation
analysis, done to confirm Granovetter-type community structure.
We find that when the weak links are removed first, the
percolation transition occurs at f,=0.86. On the other hand
when the strong links are removed first, a transition is observed at
fe=0.91, implying that the strong links play the role of bridges
between communities. This is also evident in the sample networks
in fig. 4 E and F. The curve of the average clustering coefficient
{c¢) turns out to be flat for a wide range of f* values. Similar
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Figure 5. Link percolation analysis. A, B. TI-OR model. C, D. TI-AND model. E, F. PE model. As the link strength, we use the weight (left panel)
and the overlap (right panel). For each panel, we calculate the fraction of giant component R, susceptibility y, and clustering coefficient {c) (inset)
as a function of the fraction of removed links, /. Results are averaged over 50 realizations for networks originally with <k~ 10 for each model.

doi:10.1371/journal.pone.0022687.g005

behaviors are also observed when the overlap is used instead of the
weight in the link percolation analysis. For the weak-link-first-
removal we find f, =0.79 and fj,,,x =0.55, where yet another kink
in the curve of Rgc is observed. This implies that the network goes
through two abrupt changes, first at f,,,x and then at f,.

Here we also observe the heavy tailed distributions of inter-
event times with exponential cutoffs following a power law
behavior with the exponent of ax1.1. The task execution model
for each node would result in =1 as in the case of Barabasi’s
queuing model if only initiating the [I-tasks are counted as the
relevant events and if the neighbors of the node always respond to
that node. However, the nodes are supposed to interact with each
other such that by initiating /-tasks some root nodes can interrupt
the inactive periods of their target nodes, which in general
decreases the inter-event times. On the other hand, if the target is
already involved in another event so that the trials by the root

@ PLoS ONE | www.plosone.org

nodes fail, the inter-event times of corresponding root nodes would
increase up to the points of next successful events occurring. The
observed value of a=1.1 indicates that any of the mentioned
factors did not affect much the scaling behavior of the
distributions. The values of 1, are largely or barely affected by
the value of p_, or p, ,, respectively, in an anti-correlated way. The
maximum value of 7. is around 270.

The observation of the average strength (k) ~ k behavior can be
explained by considering the dynamics where the OR protocol is
adopted. In this case the nodes with many neighbors might receive
more calls from their neighbors than those with few neighbors do,
while the chance to make calls is the same for any node.

Conclusions

We have studied the emergence of Granovetter-type commu-
nity structure, characterized by the increasing behavior of overlap

August 2011 | Volume 6 | Issue 8 | e22687
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Figure 6. PE model. A. The cumulative weight distribution P.(w). B. The average number of next nearest neighbors k,,(k). C. The average overlap
O(w). D. The local clustering coefficient c(k). E. The inter-event time distribution P(t). F. The average strength s(k). Results are averaged over 50
realizations for networks with N =5x 10* and p,,, =1073. We obtain (k»~9.9 and {¢)=0.11 for p,, =0.07 and p,, =0.02. The cases with p,, =0.2

and/or with p,, =0.01 are also plotted for comparison.
doi:10.1371/journal.pone.0022687.g006

as a function of the link weight, and the heavy tailed inter-event
time distributions, i.e. bursty dynamics, in a single framework of
simultaneously evolving weighted network model. By incorporat-
ing simple and intuitive task execution models for human
dynamics into the weighted network model reproducing the
Granovetter-type community structure of social systems, we
successfully observe the qualitatively same behaviors as observed
in the empirical networks based on the mobile phone call (MPC)
dataset. In addition, we have found that the exclusive triangular
chain interaction (T'CI) identified in the TI models plays the
central role both in community structure formation and bursty
dynamics. For the existence of TCI we have the evidence from the
empirical study on the dynamic motifs of MPC communication
[35]. The numerical results from TI-OR and TI-AND models are
qualitatively the same except for the power-law exponent o of
inter-event time distributions. The values of o from TI-AND
model turn out to be closer to the empirical value 0.7 for the MPC,
mmplying that the AND protocol is necessary to properly model the
MPC communication. Furthermore, in the PE model, by relaxing
the exclusive property of TCI to some extent we could obtain
more realistic results at least for the network structure. The scaling
behavior of inter-event time distributions seems to be mainly

@ PLoS ONE | www.plosone.org

affected by the incorporated framework of interacting and non-
interacting tasks, which should be made clear in the future.

Finally we believe that building simple empirical-observation-
based models, like our TI- and PE-models, by incorporating the
process of human task execution by priority-based queuing with
the basic processes of friendship-network formation by cyclic and
focal closure mechanisms enable us to better understand the
underlying mechanisms of real co-evolutionary networks. Further-
more, these models enable us to explore the social dynamics in
these networks as done differently by Karsai e/ al. [23] with the
susceptible-infected (SI) dynamics for the mobile phone call
communication. Moreover, the scaling properties and finite-size
scaling of real networks are usually not so informative but can be
considered and made more informative by means of simple but
still quite realistic models, where one can control the system size
and other parameters as well.
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