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Dynamics on networks:
competition of temporal and
topological correlations
Oriol Artime, José J. Ramasco & Maxi San Miguel
Links in many real-world networks activate and deactivate in correspondence to the sporadic
interactions between the elements of the system. The activation patterns may be irregular or bursty
and play an important role on the dynamics of processes taking place in the network. Information or
disease spreading in networks are paradigmatic examples of this situation. Besides burstiness, several
correlations may appear in the process of link activation: memory effects imply temporal correlations,
but also the existence of communities in the network may mediate the activation patterns of internal an
external links. Here we study the competition of topological and temporal correlations in link activation
and how they affect the dynamics of systems running on the network. Interestingly, both types of
correlations by separate have opposite effects: one (topological) delays the dynamics of processes on
the network, while the other (temporal) accelerates it. When they occur together, our results show that
the direction and intensity of the final outcome depends on the competition in a non trivial way.
Networks are used to represent or establish the interaction framework between the basic elements of complex
systems. Several features of the network may play a significant role in the behavior of the system dynamics. Some
examples are the network topology (e.g., heterogeneity in the connections, abundance of loops, multiplex structure) or the presence of different intensities (weights) in the links1–9, to name a few. Other than static properties,
the temporal nature of the activation of the elements of the network itself can bring new phenomena in the system dynamics that do not have a counterpart in static or time-aggregated networks like reachability, causality or
the time-ordering contact sequences10–16. The temporal dimension becomes specially important when dealing,
for example, with human interactions since time inhomogeneities between consecutive activations are notable.
Long-tailed distributions in the link activation inter-event times are a generic feature observed and modeled in
human dynamics at the level of links17–25 and nodes26,27. Such unevenly distributed activations affect the propagation of information across the network and change the outcome of models running on the graph14,16,26,28–33.
One recent example is the shift detected in the epidemic threshold of the SIS and SIR models running in
activity-driven temporal networks34.
It is extensively reported that single Poisson processes, characterized by an exponential inter-event time distribution, do not faithfully describe real interactions patterns in a variety of systems. The times between consecutive
link activations are better described by heavy-tailed distributions as a reflection of the large heterogeneity at
play. In first studies of this problem, the description has been restricted to the characterization of the inter-event
time distributions. This first approximation does not address the question of the correlations or independence
between consecutive inter-event times. The activation inter-event times of real-world networks can show, however, a much richer behavior with different types of correlations involved29,30,35. Link activations can display
temporal correlations, the so-called memory effects35, in which the activations take place in avalanches keeping
short inter-event times close together, followed by long periods of infrequent activity. From the point of view of
the variable describing the time between consecutive activations of the same link τ, this phenomenon can be
understood as a positive correlation in which low values of τ are followed with high probability by low τ’s and
vice-versa. In addition, link activation can also be related to topological characteristics of the network. The simplest topologically induced inter-event time correlations appear between links connecting to the same node26,27,32.
For instance, the limited cognitive capacity of the individuals (nodes) in social networks reflects in the time and
effort invested in each relation (link) impacting thus the inter-event times between consecutive contacts36. More
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Figure 1. In (a), typical activity pattern for a directed link of two generic Twitter users. Each vertical tick
represents a directed message. The inter-event time τ corresponds to the separation between two consecutive
ticks. In (b), inter-event time distribution for all the users. Blue and red dots represent the lin- and log-binned
scales in the τ axis. The localized maxima in the tail of the distribution correspond to circadian rhythms,
as shown in the bottom inset. In (c) the inter-event time distributions for internal and external links to the
communities detected with Infomap are displayed. The inset shows the detail of the tail of the distributions. In
(d), colormap depicting the conditional probability of two consecutive inter-event times. Equiprobable lines are
shown on top, evenly spaced in the log-scale from probabilities of 10−5 to 10−18.

elaborated correlations may rise in networks with community structure where the inter-event time activation in
links internal and external to the communities can be different. In this work, we will focus on the effects of the
competition between the temporal correlations and this latter topologically (community) induced correlations
in link activation.
Understanding the interplay between dynamical process and temporal and structural properties of the networks has been an active area of research. In general, it has been reported that non-Poissonian inter-event time
distributions, as well as temporal and topological correlations, contribute to slow down the dynamical processes
on networks, especially when the dynamics on empirical networks is compared with that on randomized null
models15,20,23,29–31,37. Some recent analytical results point to the existence of regimes where an acceleration of
the dynamical process with respect to these null models might be possible38–40. It has been also pointed out the
importance of different contributions to the evolution of both the network and the processes on top of it41. For
instance, it has been found that the absence of memory in the pathways can overestimate the time to reach equilibrium in diffusion42. Here we approach the problem from a new perspective. In order to study how dynamical
processes on the network are affected by topologically induced and temporal correlations, we add them artificially with the possibility of tuning their strength. We perform exhaustive numerical simulations to discriminate
the outcomes of the models in function of the power of the correlation and to grasp the mechanism behind the
alterations seen in the dynamics. As paradigmatic examples we consider two dynamical processes of diverse
nature: Susceptible-Infected SI spreading and the voter model as prototypes of epidemics and opinion models.
Our results show that the effect of both types of correlations alone on the dynamics are opposite (memory effects
accelerate the dynamics, while correlations induced by community structure slows it down). However, when both
types are combined the final dynamics crucially depends on how the combination is built reflecting the competition between correlations.

Methods

Twitter data description. To illustrate the different types of correlations, we use a data sampling extracted

from Twitter. Our dataset contains 73405100 directed tweets (replies and mentions) obtained following the activity of 2590459 unique users. In this case, the nodes of the network are the users and a directed link is established
every time that a user sends a message with a defined target (replies). In total, there are 5812089 links among the
considered users. Figure 1a shows the activity pattern of a particular link. The x-axis represents time and a blue
tick is displayed every time an unidirectional message is interchanged between the same pair of users. As can be
seen, the events are concentrated in avalanches with periods of high activity and short inter-event times followed
by long periods of inactivity. In the Fig. 1b, the inter-event time distribution between consecutive messages of
every pair of connected users is displayed. The peaks correspond to circadian rhythms of multiples of 24 hours
(see inset).
The network can be divided in groups using a community detection algorithm. In this case, we employed
Infomap43. With this information at hand, we compute the activation inter-event times of the links internal to
the communities, Pin(τ), and those connecting different communities Pout(τ). They look similar at first sight (see
Fig. 1c). Nevertheless, taking a closer look at the tails, we see that Pout(τ) decays slower than Pin(τ). This means
that the communication of members within the same community tend to be more frequent than those between
members of different communities. To check the level of these differences, we apply a Kolmogorov-Smirnov test
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with the null hypothesis that both histograms are coming from the same distribution. The test completely rules
out this possibility with certainty within our numerical precision.
Finally, the Fig. 1d depicts the single link inter-event time correlations. To estimate this, we measure the conditional probability P(τ|τ′) of a link to present an inter-event time τ after another τ′. This probability shows the
presence of temporal correlations in the empirical data. The Pearson auto-correlation coefficient for empirical
inter-event times of the same link is 0.115, while reshuffling the inter-event times this correlation becomes of the
order of 10−5. The temporal correlations are thus low, but significant and positive.

Modeling link activation with temporal and topological correlations.

The empirical observations offer already some insights on which features of link activation must be included to model these networks.
In particular, we want to consider interactions that are distributed according to an arbitrary function (usually
long-tailed), as well as taking into account the first-order correlations of their inter-event times. In addition, we
want also to include communities in order to incorporate the different paces of activation of the internal and
external links.
The first step is to build the network. We use Lancichinetti’s LFR benchmark44 to generate networks with
planted communities. This algorithm produces scale-free networks with a distribution of community sizes that
falls as a power-law with exponent −1 and it has been used as a test-bed for community detection methods. The
heterogeneity in the community size is important because this is is a common feature to a number of real networks. The mixing parameter μ controls the fraction of internal versus external links in the communities in such
a way that for μ = 1 the links are all external and for μ = 0 are all internal, while the community structure is lost
at an intermediate value of μ.
We also add pure temporal correlations associated with memory in the update rule for the links. The activation rule is link-based: every link j keeps a clock with its time of activation, tj′, that is reset to a new time tj =  tj′ +  τ
after activation. When a link activates, the two nodes that it is joining interact accordingly to the dynamical
model. The important question is, therefore, how τ is selected given the previous inter-event time for the same
link τ′. For simplicity, a Markovian stochastic extraction approach is followed so that if τ and τ′are independent
(the conditional probability is just P(τ|τ′) =  P(τ)) the link activation has no memory. On the contrary, if the
conditional probability P(τ|τ′) explicitly depends on both times, memory effects are present and their intensity
can be tuned by changing the shape of P(τ|τ′). To be specific, the first value of τ for every link is chosen from an
independent P(τ). The ulterior update times are generated using P(τ|τ′). This is a rather general framework, the
distributions can even come from empirical data as those of Fig. 1 (see below). Here we use the function45
P (τ|τ ′) =

P (τ , τ ′ )
(1 + α)(1 + τ ′)1 +α
=
,
P (τ ′)
(τ + τ ′)2 +α

(1)

where the exponent α > 0 is always positive. This conditional probability derives from a joint one with the
simple form P(τ, τ′) ∝  1/(τ +  τ′)2+α, which in turn leads to power-law decaying inter-event time distributions
P(τ) ~ τ−1−α in the large τ limit, and it induces positive correlations with the following average inter-event time
activation for a single link being 〈τ〉  =  (1 +  α +  τ′)/α45. This is a growing function of τ′implying that large values
of τ′are followed on average by large values of τ and vice-versa. Note that the strength of the temporal correlations can be controlled through the parameter α: the lower α is, the stronger the positive correlations between
τ and τ′become. As in the empirical data, if the network has community structure, instead of a single α we use
the same distribution of equation (1) but with exponents αin or αout depending on the nature of each particular
link. Since generally the communication inside the same community is more frequent than across communities,
we assume that αin ≥  αout. Tuning thus μ and controlling the values of αin and αout, one can pass from a network
with strong topologically induced correlations in the links activation to a homogeneous situation with a single
type of links.
When needed for comparison, we introduce null models in the network activation. These null models are
build differently depending on the type of correlations. In the case of temporal correlations alone, the null model
is produced by generating link activation inter-event times using P(τ) instead of P(τ|τ′). When communities are
present and the inter-event time distributions can be different for internal and external links, we reshuffle the
connections maintaining the node degrees and the activation statistics of the reshuffled links to ensure that the
proportion of internal and external links is kept invariant. Finally, when both type of correlations are present the
inter-event times come from distributions P(τ|τ′) whose exponents depend on the nature of the link with respect
to the communities. The way to generate a null model in this last case is to use the corresponding P(τ) and to
reshuffle the connections preserving the link statistics.
The models run on these networks are the Susceptible-Infected (SI) spreading46 and the voter model47. The
SI is a simple model simulating the spreading of information or the early stages of an infection invading the
network. The nodes can be in two states: susceptible S and infected I. Infected nodes can transmit the disease
to susceptible ones with probability β every time they interact. The final system state is always fully infected,
but the time to reach it depends on β and on the link activation dynamics. The initial condition is a single
randomly chosen node infected and the rest susceptible. In the voter model, on the other hand, each node has
a state, or opinion, that can take the values +1 and −1. In every update, nodes blindly copy the state of one of
their neighbors chosen at random. The initial condition is a random configuration with equal probability for
each node of being +1 or −1. The dynamics of the system depends on the effective network dimensionality48.
General complex networks are high dimensional where the system remains in a long-lived dynamical state
until the absorbing state (consensus) is reached due to finite size fluctuations in a time that is a function of the
system size. As a first approach, we have chosen these two models because they present very simple dynamics
with a single time-scale directly related to the system size. In more involved models with further time-scales or
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Figure 2. Complementary cumulative distribution function of the times to reach the absorbing state C(Tabs)
in different topologies and with different distributions. C(Tabs) stands for the fraction of realizations still active
at time Tabs. In (a), simulations performed with inter-event time distributions of equation (1), for different values
of α. The network is random (Erdös-Rényi) and the model is SI. The value of β = 0.1 and it is the same in all the
following SI simulations. In (b), the same but for the voter model. In (c) (SI model) and (d) (voter model) results
are shown on networks with community structure (αin =  1 and αout = 0.75) and compared with those obtained
on reshuffled instances of the graphs. Network sizes are N = 5000 for the SI simulations and N = 2000 for the
voter simulations. In all the networks, 〈k〉  = 12 and the results are sampled over 1000 realizations.
characteristic times, the interaction between the link activation and model dynamics must be also taken into
account. However, this goes beyond the scope of the present study.

Results

Effects of isolated temporal and topological correlations.

This section reports the impact of each
type of correlations alone on the model dynamics. In particular, we compare the time to arrive at the absorbing
state, Tabs, when correlated link activation is considered against the corresponding uncorrelated case. For the SI
model, the absorbing state corresponds to the configuration with all nodes infected, while for the voter model to
the general consensus. The results of the simulations are shown in Fig. 2.
We focus first on the effects of temporal correlations running the models on a random network, the so-called
Erdös-Rényi graph, for several values of α. We compare the values of Tabs for the correlated dynamics (P(τ|τ′))
with the null model (P(τ)). The results are displayed in Fig. 2a (SI model) and 2b (voter model). We find that
for strong correlations (low α) the outcome is an acceleration of the dynamics. In fact, the presence of temporal
correlations notably reduces Tabs. As temporal correlations become lower, the separation between the correlated
and uncorrelated case is less significant. Eventually, when correlations are low there is no acceleration at all, being
both cases indistinguishable. This is the case of the leftmost curves in Fig. 2a,b, in which the correlated and uncorrelated case overlap almost perfectly. Note also that the system dynamics in the limit of large α tends toward the
Poissonian one.
When the topologically induced correlations enter into play, the scenario becomes richer. Now, the networks
to be used are generated with the LFR benchmark. The topology is characterized by a tunable community structure and, therefore, there are two types of links: internal and external, with their corresponding distributions
with different exponents αin and αout. In Fig. 2c,d, we see that in a first analysis and regardless of the presence
of temporal correlations the dynamics in networks with communities suffers a delay as already reported in refs
29 and 30. In this case, the communities act as local traps for the spreading process or for the diffusion in the
voter model. Moreover, on the same type of topology (either random or with communities) when comparing the
dynamics with P(τ|τ′) and P(τ) we obtain that the temporal correlated case speeds up the system with respect to
the uncorrelated one. It is worthy to make a final remark in this section. Note that for the SI model (Fig. 2c) the
way the cumulative distributions decay is different in the random networks and in the network with communities.
We obtain a much broader distribution, with a slower decay in the latter case. This reveals the fact that the SI is a
model highly sensitive to the community structure. On the opposite, the cumulative curves for the voter model
(Fig. 2d) decay similarly, maintaining approximately the same distance and functional shape. In fact, it has been
discussed in the literature that the voter dynamics is not so sensitive to community structure in undirected networks except for the limit in which the communities are sparsely connected49,50.

Role of temporal backbones in the acceleration of the dynamics. While the consequence of topo-

logical correlations alone is well understood15,29,30,49, the same cannot be said for the temporal correlations. Which
is the mechanism that leads to the acceleration of the models’ dynamics? In order to find an intuitive answer, we
introduce next the concept of activation backbone. Commonly, the backbone or “superhighway” of a weighted
network refers to the set of links that act as the main skeleton through which the information travels across the
system51. In this case, we count in a given time window how many times each link has become active. This defines
a weight for every link. The backbone is calculated as the largest connected component at percolation when the
links are dropped from weakest to strongest. The backbone marks the most likely pathways used in the spreading
of information for any dynamical process occurring on the network.
To compute the backbones we proceed as following. We define a time window duration, which depends on α
but does not depend on whether the update is correlated or not to ensure a fair comparison between both cases.
The reason for this is that we want to characterize the dynamics taking place in the time scales needed to reach
the absorbing state Tabs, and this is strongly dependent on α. Therefore, it is necessary to divide the time window
in given number of equal intervals. It is important to reach a compromise between capturing the system dynamics and having good link activation statistics in every of these interval. This constraint determines the range of
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Figure 3. In (a), sketch of the persistence of the backbones in two consecutive intervals. The network is random
and with 75 nodes, 〈k〉  = 6, and the link activation is simulated with α = 0.2. In (b), the average fractions of links
contributing to the spreading in the backbone and outside the backbone is displayed for the SI as a function of
time. In the background, the average fraction of infected nodes 〈I〉is depicted to provide a guide on the global
state of the outbreak. In (c), the average number of active interfaces inside and outside the backbones for the
voter model. In (b,c), the averages are taken over 1000 realizations in networks of 2000 nodes, the inter-event
times are uncorrelated P(τ) with α = 0.75. In (d), persistence probability of the consecutive time spent by a
link belonging to a backbone. The time interval is different for different values of α but it is the same for the
correlated and uncorrelated cases. Simulations are done in Erdös-Rényi networks of 1000 nodes and 〈k〉  =  12,
averaged over 100 realizations.
possible number of intervals to be used. We are using a division in 100 intervals, although we tried with different
numbers to obtain qualitatively similar results.
How do we relate the dynamical models with the backbones? In the case of the SI, when the disease is outside
the backbone due to the infrequent link activation, the contagion process is slow and local around the neighborhood of the infected nodes. It is enough for the infection to hit a node in the backbone to spread quickly across
the network. In Fig. 3b, we plot 〈fbb〉 and 〈foutbb〉, which are the average fraction of links inside and outside the
backbone that participate in the spreading. At initial times when the average fraction of infected nodes 〈I〉is very
low, the spreading is equally probable to be through links of the backbone or outside the backbone. As time goes
on and 〈I〉grows, we see that the spreading contributions mainly come from those links belonging to the backbone. The case of the voter model is more convoluted since there is no limitation on the number of times a node
can change its state. To shed some light on how it works in this case, we compute at the end of each time interval
the fraction of interfaces (number of links joining nodes of different states) inside and outside the backbone,
ρbb and ρout respectively (Fig. 3c). We find that there is always more order inside the backbone than outside, so
ρbb(t) <  ρout(t).
The temporal behavior of the backbone depends on the presence or absence of memory effects: if P(τ|τ′) is
used in the update, the backbones are more persistent than in the case of P(τ). In Fig. 3a, a sketch of this phenomenon is displayed. The fraction of a backbone in one interval and remaining in the following one is computed. In
the correlated case, a larger part of the old backbone is contained in the next one than in the uncorrelated case.
It is interesting to note that the size of the backbones does not depend on the temporal correlations, since they
are computed at the percolation transition and there is no topological correlations. This means that in each time
interval, the backbones are formed approximately by the same number of nodes. What changes is the probability
of finding the same set of links belonging to the backbone from one interval to another. Indeed, the acceleration
is not produced by an increase in the size of the superhighways but by their persistence in time. We compute the
time that a link spends consecutively within the backbones, tpers. If a link stops belonging to the backbones in a
given interval, its temporal counter is reset to zero. The distributions of tpers are shown in Fig. 3d, where we can see
that as the correlation increases, so does the persistence of a link in the backbone. The presence of the backbones
and their temporal behavior is independent of the dynamical processes occurring on top of a network. Still, persistent backbones provide privileged pathways for the spreading of information and diffusion in the networks.
For the SI, the backbones in uncorrelated networks change fast in time hindering the development of the global
breakout. Similarly, for the voter model the nodes in the backbone reach consensus quicker in the correlated
networks, which in turn pulls the rest of the network to the absorbing state.
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Figure 4. In (a), time variation ΔTtemp between the correlated dynamics and the uncorrelated one as a function
of α in a random scale-free network with exponent γ =  −2. In (b), time variation ΔTtopol between a network
with community structure and a null model with the links reshuffled. In the reshuffled case, the proportion of in
and out links is maintained. The exponents are αin =  1 and αout = 0.75. In (c) (SI) and (d) (voter), for each value
of μ the time variation ΔTcomb between the correlated dynamics and a null model without temporal correlations
and with the links reshuffled but maintaining the proportion of in and out as a function of αout. αin =  αout +  0.25.
The inset is a zoom of the bifurcation area. In all cases, the network size is N = 2000 for the SI and 1000 for the
voter model. Each point corresponds to an average over 1000 realizations.

Effects of mixed correlations on the dynamics.

In the discussion above some instances with mixed
temporal and topologically induced correlations have been shown. In this section, the objective is to analyze systematically how the mix impacts the model dynamics. To quantify the effects of the different correlations, the
variation of Tabs with respect to the corresponding null model is depicted as a function of μ and α in Fig. 4. The
variation is measured setting a threshold in the cumulative distributions C(Tabs) (as those of Fig. 2) at 0.1 and
calculating the difference between the dynamics on the null model and on the (topologically and/or temporally)
null
corr
correlated networks, ∆T = Tabs
(0.1) − Tabs
(0.1). With this definition, ΔT > 0 implies a speeding up due to
correlations, while ΔT < 0 a slowing down. The first panel 4a shows how the presence of temporal correlations in
the link activation alone speeds up the arrival at the absorbing state. We compare the absorbing times for the
temporally correlated update P(τ|τ′) against the null model on the same random graph as a function of the
parameter α. We see that as temporal correlations get weaker, the differences in the absorbing times ΔT for both
models decrease. On the contrary, the differences diverge as α → 0. The topologically induced correlations alone
delay the dynamics as can be seen in Fig. 4b for all the values of α. The results are obtained using fixed values of
αin =  1 and αout = 0.75, but without temporal correlations. The presence of community structure delays the
dynamics with respect to the null model and the effect is stronger when μ decreases.
The dynamics under the mix of the two types of correlations is far from trivial. Here we set a gap of
Δα =  αout −  αin = 0.25. As shown in Fig. 4c,d, the system dynamics can accelerate or decelerate depending on the
particular mix. When the community structure is not very defined (high μ), an increase in temporal correlations
with lower α speeds up the arrival at the absorbing state. However, for lower μ (better defined communities),
the effect is the opposite and the dynamics notably slows down for small α. There exist a bifurcation in a middle
ground value of μ where the correlations exactly compensate and no effect is observed. This value is found to be
μ ≈ 0.15 in the two studied models.
The gap value Δα = 0.25 is arbitrary. We study next how this gap can influence the results. We first take a look
at Δα =  0, i.e., αout =  αin. This extreme case corresponds to the case in which the nodes of the same community
interact in the same way as those connecting different communities. Figure 5a,c show the results for the SI and the
voter model, respectively. In the SI model, a decrease in the value of μ where the bifurcation appears is observed.
In the limit of low α, for μ = 0.1 there is still an acceleration, while for μ = 0.05 the arrival at the absorbing state
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Figure 5. Bifurcation diagram for several values of Δα = αout − αin. In (a,b) we show ΔTcomb for the SI
model with the values Δα =  0 and Δα = 0.5, respectively. Similar plots in (c,d) for the voter model.
is delayed. For the voter model, on the other hand, the bifurcation does not appear in the range of values of μ
explored. In the extreme case of μ = 0.05 and low α, it seems that the curve begins to bend down, but it finally
goes to the region ΔTcomb > 0, where the speeding up dominates. After a zero gap, we also consider an extended
difference between αin and αout with Δα = 0.5. The activation of links connecting nodes in different communities
is much less frequent than those in same communities in this case. In Fig. 5b,d, we display the behavior of ΔTcomb
for the SI and the voter model. The bifurcation still appears, and it occurs at higher values of μ (μ ≈  0.15−0.2
for the SI and μ ≈ 0.3 for the voter model). To summarize, the presence of the bifurcation occurs for different
gaps between αin and αout, although the value of Δα has an impact on the bifurcation value of μ. When in- and
out-links activate at same or very similar rhythm, we find that the bifurcation μ is decreased. In the voter model
and for Δα = 0, it decreases so much that we do not appreciate the bifurcation in the studied region of parameters. On the contrary, when links internal to the communities activate much more frequently than external links,
we see that the μ of bifurcation increases for both models.

Empirical distributions. In the methods section, we introduced a database of Twitter communications to
illustrate the different correlations that can be present in an empirical environment. The main characteristics
found in the inter-event times, which were later implemented in the model networks, were a fat-tailed distribution for P(τ) and a positive correlations between consecutive activation times as given by P(τ|τ′) (see Fig. 1).
Beyond Twitter, other datasets of human recorded social interactions are reported to have similar characteristics17,18,20–22,24,29,30,35. We used these features as inspiration to construct the temporal activation patterns of our
networks and we also mentioned that P(τ) and P(τ|τ′) could be generic functions including those estimated from
empirical data. We show now how this is carried out with the Twitter dataset on networks with random topology
or communities generated with the LFR benchmark. In this case, the inter-event times for the link activations are
taken from the P(τ) and P(τ|τ′) shown in Fig. 1.
The results concerning the absorbing times Tabs of the SI and voter model run on these networks are displayed
in Fig. 6. The cumulative distributions C(Tabs) are plotted for uncorrelated inter-event times, for correlated ones
using P(τ|τ′) and, for completeness, also for a Poissonian process with the same average inter-event time 〈τ〉. In
Fig. 6, we see that the change from Poissonian to power-law distributed inter-event times accelerates the arrival
at the absorbing state regardless of the presence or absence of other correlations. Furthermore, in agreement
with the previous results, temporal correlations alone speed up the dynamics in random networks (see Fig. 6a).
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Figure 6. Complementary cumulative distribution function for the times to reach the absorbing state,
using empirical distributions Pemp(τ|τ′) in the update. The network sizes are N = 10000 for the SI simulations
and N = 5000 for the voter model. The results were obtained running 1000 realizations. In (a), effects of the
temporal correlations in an Erdös-Rényi network. In (b), effects of the temporal and topological correlation on
the SI model dynamics. In (c), the same for the voter model. In these last two, the random topology corresponds
to a link reshuffling of the network with communities respecting the node degree.

Topologically induced correlations are added in Fig. 6b,c. The absorbing times for the SI model in Fig. 6b follow
the patterns explained before: the community structure delay the dynamics (see the curves for (P(τ) or Poissonian
inter-event times on a random networks and for μ = 0.15), while the temporal correlations tend to accelerate it
(blue solid curves). The voter model is not so sensitive to the community structure and, therefore, the curves
obtained on random networks and for μ =  0.15 and μ = 0.25 almost overlap in Fig. 6c. The main observable effect
in this latter case is the acceleration due to temporal correlations. Although the empirical distributions Pin(τ) and
Pout(τ) are different, they are closer than the theoretical curves with a gap Δα = 0.25. This may explain the larger
differences in Tabs seen between the curves for correlated and uncorrelated networks in Fig. 2d with respect to
those in 6c.

Conclusions

In this work, we have addressed the question of how temporal correlations in the link activation and their interplay with the topology affect the evolution of models on networks. We introduce a model where the link activation correlations can be added manually and their strength tuned. Our results have been illustrated using two
paradigmatic dynamical models: the SI and the voter models. By introducing tunable temporal and topologically
induced correlations in the link activation, we have shown that while topologically induced correlations due to
the presence of communities alone tend to slow down the dynamics on the network, temporal correlations speed
it up. The origin of this acceleration is in the formation of stable backbones that allow for a faster communication
of the elements of the system. In case of the SI, this brings a faster spreading in the network while in the voter
model the persistence of the backbone induces the formation of ordered structures that pull the system towards
consensus. With respect to topologically induced correlations and motivated by data analysis, we assume that
there are communities in the networks and that the activation rate of the links inside and outside communities is
not equal. When acting alone, the activation patterns induced by the communities have a delaying effect on the
dynamics.
The procedure proposed to generate different activation patterns in the links is highly flexible. We have performed the analysis with a theoretical expression for the inter-event time distribution P(τ) and its conditional
form P(τ|τ′). The framework is, nevertheless, general and admits any other functional forms for these distributions including those coming from empirical data. This has been illustrated with an example using Twitter
interaction data.
Finally, we have focused on how the presence of mixed correlations impacts model dynamics. We have explored
different ranges of strength of temporal and topologically induced correlations. Interestingly, when both types of
correlations are present, as occur in most empirical networks, the final dynamics crucially depends on the mix.
Temporal correlations can accelerate or delay the dynamics depending on how defined the community structure
is. We observe a community mixing parameter μ for which a bifurcation on the effect correlations on the model
dynamics takes place. This point changes with the difference between the activation patterns of the links internal
and external to the communities but its presence seems to be quite generic. The more similar the activation patterns of external and internal links are, the strongest has to be the community structure to find the bifurcation.

References

Newman, M. E. J. Networks: An introduction (Oxford University Press, Oxford, UK, 2010).
Barrat, A., Barthelemy, M. & Vespignani, A. Dynamical processes on complex networks (Cambridge University Press, 2008).
Pastor-Satorras, R. & Vespignani, A. Epidemic spreading in scale-free networks. Physical Review Letters 86, 3200 (2001).
Barthelemy, M., Pastor-Satorras, R. & Vespignani, A. The architecture of complex weighted networks. Proceedings of the National
Academy of Science USA 101, 3747 (2004).
5. Kivelä, M., Arenas, A., Barthelemy, M., Gleeson, J. P., Moreno, Y. & Porter, M. A. Multilayer networks. Journal of complex networks
2, 203 (2014).
6. Diakonova, M., Nicosia, V., Latora, V. & San Miguel, M. Irreducibility of multilayer network dynamics: the case of the voter model.
New Journal of Physics 18, 023010 (2016).
7. Wang, Z., Zhao, D., Wang, L., Sun, G. & Jin, Z. Immunity of multiplex networks via acquaintance vaccination. Europhysics Letters
112, 48002 (2015).

1.
2.
3.
4.

Scientific Reports | 7:41627 | DOI: 10.1038/srep41627

8

www.nature.com/scientificreports/
8.
9.
10.
11.
12.
13.
14.
15.
16.
17.
18.
19.
20.
21.
22.
23.
24.
25.
26.
27.
28.
29.
30.
31.
32.
33.
34.
35.
36.
37.
38.
39.
40.
41.
42.
43.
44.
45.
46.
47.
48.
49.
50.
51.

Wang, Z. et al. Statistical physics of vaccination. Physics Reports 664, 1 (2016).
Zhao, D. et al. Immunization of epidemics in multiplex networks. PloS one 9, e112018 (2014).
Cattuto, C. et al. Dynamics of person-to-person interactions from distributed RFID sensor networks. Plos ONE 5, 11596 (2010).
Miritello, G., Moro, E. & Lara, R. Dynamical strength of social ties in information spreading. Physical Review E 83, 045102(R)
(2011).
Holme, P. & Saramäki, J. Temporal networks. Physics Reports 519, 97 (2012).
Gauvin, L., Panisson, A., Cattuto, C. & Barrat, A. Activity clocks: spreading dynamics on temporal networks of human contact.
Scientific Reports 3, 3099 (2013).
Machens, A. et al. An infectious disease model on empirical networks of human contact: bridging the gap between dynamic network
data and contact matrices. BMC Infectious Diseases 13, 185 (2013).
Karsai, M., Perra, N. & Vespignani, A. Time varying networks and the weakness of strong ties. Scientific Reports 4 (2014).
Vestergaard, C. L., Génois, M. & Barrat, A. How memory generates heterogeneous dynamics in temporal networks. Physical Review
E 90, 207 (2014).
Barabási, A.-L. The origin of bursts and heavy tails in human dynamics. Nature 435, 207–211 (2005).
Oliveira, J. G. & Barabási, A.-L. Human dynamics: Darwin and Einstein correspondence patterns. Nature 437, 1251 (2005).
Vazquez, A. et al. Modeling bursts and heavy tails in human dynamics. Physical Review E 73, 036127 (2006).
Vazquez, A., Racz, B., Lukacs, A. & Barabási, A.-L. Impact of non-Poissonian activity patterns on spreading processes. Physical
Review Letters 98, 158702 (2007).
Gonçalves, B. & Ramasco, J. J. Human dynamics revealed through Web analytics. Physical Review E 78 026123 (2008).
Oliveira, J. G. & Vazquez, A. Impact of interactions on human dynamics. Physica A 388 187–192 (2009).
Iribarren, J. L. & Moro, E. Impact of human activity patterns on the dynamics of information diffusion. Physical Review Letters 103
038702 (2009).
Radicchi, F. Human activity in the web. Physical Review E 80, 026118 (2009).
Meiss, M., Duncan, J., Gonçalves, B., Ramasco, J. J. & Menczer, F. What’s in a session: tracking individual behavior on the web.
Proceedings of the 20th ACM conference on Hypertext and hypermedia (ACM) 173–182 (2009).
Fernández-Gracia, J., Eguluz, V. M. & San Miguel, M. Update rules and inter-event time distributions: Slow ordering versus no
ordering in the voter model. Physical Review E 84, 015103 (2011).
Perra, N., Gonçalves, B., Pastor-Satorras, R. & Vespignani, A. Activity driven modeling of time varying networks. Scientific Reports
2, 469 (2012).
Stark, H.-U., Tessone, C. J. & Schweitzer, F. Decelerating microdynamics can accelerate macrodynamics in the voter model. Physical
Review Letters 101, 018701 (2008).
Onnela, J.-P. et al. Structure and tie strengths in mobile communication networks. Proceedings of the National Academy of Sciences
USA 104, 7332 (2007).
Karsai, M. et al. Small but slow world: How network topology and burstiness slow down spreading. Physical Review E 83, 025102
(2011).
Takaguchi, T. & Masuda, N. Voter model with non-Poissonian inter-event times. Physical Review E 84, 036115 (2011).
Liu, S., Perra, N., Karsai, M. & Vespignani, A. Controlling contagion processes in activity driven networks. Phys. Rev. Lett. 112,
118702 (2014).
Delvenne, J.-C., Lambiotte, R. & Rocha, L. E. Diffusion on networked systems is a question of time or structure. Nature
Communications 6 (2015).
Sun, K., Baronchelli, A. & Perra, N. Contrasting effects of strong ties on SIR and SIS processes in temporal networks. The European
Physical Journal B 88, 1 (2015).
Goh, K.-I. & Barabási, A.-L. Burstiness and memory in complex systems. Europhysics Letters 81, 48002 (2008).
Miritello, G., Lara, R. & Moro, E. ime allocation in social networks: correlation between social structure and human communication
dynamics. Temporal Networks. Springer, Heidelberg, Germany (2013).
Toivonen, R. et al. Broad lifetime distributions for ordering dynamics in complex networks. Physical Review E 79 (2009).
Rosvall, M., Esquivel, A. V., Lancichinetti, A., West, J. D. & Lambiotte, R. Memory in network flows and its effects on spreading
dynamics and community detection. Nature Communications 5 (2014).
Scholtes, I. et al. Causality-driven slow-down and speed-up of diffusion in non-Markovian temporal networks. Nature
Communications 5 (2014).
Scholtes, I., Wider, N. & Garas, A. Higher-order aggregate networks in the analysis of temporal networks: path structures and
centralities. The European Physical Journal B 89, 3, 1–15 (2016).
Ubaldi, E., Vezzani, A., Karsai, M., Perra, N. & Burioni, R. Burstiness and tie reinforcement in time varying social networks. arXiv
preprint arXiv:1607.08910 (2016).
Lambiotte, R., Salnikov, V. & Rosvall, M. Effect of memory on the dynamics of random walks on networks. Journal of Complex
Networks 3, 177 (2015).
Rosvall, M. & Berstrom, C. T. Maps of random walks on complex networks reveal community structure. Proceedings of the National
Academy of Sciences USA 105, 1118 (2008).
Lancichinetti, A., Fortunato, S. & Radicchi, F. Benchmark graphs for testing community detection algorithms. Physical Review E 78,
046110 (2008).
Ramasco, J. J. & Gonçalves, B. Transport on weighted networks: When the correlations are independent of the degree. Physical
Review E 76 (2007).
Daley, D. J., Gani, J. & Gani, J. M. Epidemic modelling: an introduction Volume 15, Cambridge University Press (2001).
Ligget, T. M. Stochastic interacting systems: contact, voter and exclusion processes. Springer Science & Business Media (1999).
Suchecki, K., Eguluz, V. M. & San Miguel, M. Voter model dynamics in complex networks: Role of dimensionality, disorder, and
degree distribution. Physical Review E 72 (2005).
Castelló, X. et al. Anomalous lifetime distributions and topological traps in ordering dynamics. Europhysics Letters 79, 66006 (2007).
Masuda, N. Voter model on the two-clique graph. Physical Review E 90 (2014).
Wu, Z., Braunstein, L. A., Havlin, S. & Stanley, H. E. Transport in weighted networks: partition into superhighways and roads.
Physical Review Letters 96, 148702 (2006).

Acknowledgements

Partial financial support has been received from the Spanish Ministry of Economy (MINECO) and FEDER
(EU) under the project ESOTECOS (FIS2015-63628-C2-2-R), and from the EU Commission through project
INSIGHT.

Author Contributions

All the authors conceived the method, O.A. conducted the numerical simulations and data treatment, all the
authors analyzed the results, contributed in the writing and reviewed the manuscript.
Scientific Reports | 7:41627 | DOI: 10.1038/srep41627

9

www.nature.com/scientificreports/

Additional Information

Competing financial interests: The authors declare no competing financial interests.
How to cite this article: Artime, O. et al. Dynamics on networks: competition of temporal and topological
correlations. Sci. Rep. 7, 41627; doi: 10.1038/srep41627 (2017).
Publisher's note: Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.
This work is licensed under a Creative Commons Attribution 4.0 International License. The images
or other third party material in this article are included in the article’s Creative Commons license,
unless indicated otherwise in the credit line; if the material is not included under the Creative Commons license,
users will need to obtain permission from the license holder to reproduce the material. To view a copy of this
license, visit http://creativecommons.org/licenses/by/4.0/
© The Author(s) 2017

Scientific Reports | 7:41627 | DOI: 10.1038/srep41627

10

