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The potential mechanisms of the spreading phenomena uncover the organizations and functions of various systems.
However, due to the lack of valid data, most of early works are limited to the simulated process on model networks. In this
paper, we track and analyze the propagation paths of real spreading events on two social networks: Twitter and Brightkite.
The empirical analysis reveals that the spreading probability and the spreading velocity present the explosive growth within
a short period, where the spreading probability measures the transferring likelihood between two neighboring nodes, and
the spreading velocity is the growth rate of the information in the whole network. Besides, we observe the asynchronism
between the spreading probability and the spreading velocity. To explain the interesting and abnormal issue, we introduce
the time-varying spreading probability into the susceptible-infected (SI) and linear threshold (LT) models. Both the analytic
and experimental results reproduce the spreading phenomenon in real networks, which deepens our understandings of

spreading problems.

Keywords: social network, information diffusion, spreading probability, asynchronism

PACS: 89.75.-k, 87.23.Ge, 05.45.—a

1. Introduction

In real systems, a mass of biological substance and
virtual information spread among different social groups,
such as causative agents,!""? plausible rumors,>* and mar-
keting messages.>®) Complex network is a simple but ef-
fective approach to the studies of ubiquitous propagation

7.8

phenomena,[”# and has witnessed fruitful achievements in

computer science, epidemiology, and other areas. For in-
stance, the massive data collected from the online sys-
tems have revealed the underlying spreading mechanisms
on the global scale,”! helping manage the information

10.111 and better understand the spreading influence

diffusion!
of nodes.!">~14 For some infrastructure and financial systems,
studying the intricate interaction patterns between nodes con-
duces to the maintenance of perfect functions and resisting the
risks.1>-17] Besides, another striking example is the critical
threshold of the spreading probability below which the spread-
ing process will spontaneously die away, otherwise it endan-
gers the whole population.['8! It enlightens better immuniza-

19.201 Therefore,

tion strategies by improving the critical value. !

the spreading issue provides a convenient access to understand

the interplay between the network structures and functions.
Early works on the simple epidemic models solved the

critical conditions for different regimes>'-># and proved the
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non-trivial effects of the network structure and individual be-
haviors on spreading dynamics.>>->’ More recently, empiri-
cal researches developed classical models to describe the real
spreading process. Min ef al. combined the heterogeneous hu-
man activity patterns with the susceptible-infected (SI) model,
resulting in the power-law decreasing spreading velocity in the
long-time limit.[*8] Gernat et al. extended the deterministic
SI model on temporal networks, where the evolving contacts
were comparable to the spreading dynamics. Compared with
the randomized reference networks, they concluded that the
inherent burstiness of the social interactions and the acceler-
ated spreading process could co-occur in the bee communica-
tion network.>”) Wu er al. proposed a susceptible-accepted-
recovered (SAR) model that considers information sensitivity
and social reinforcement. The model reproduced main fea-
tures of the real spreading events on Sina Weibo, the extremely
fast or slow spreading process, by theoretical analysis and nu-
found that the diffu-
sion of conspiracy and scientific information among Facebook

merical simulations.% Vicario et al.

users shared the similar consumption patterns but showed dif-
ferent cascade dynamics.’3!! To mimic the rumor spreading,
they proposed a data-driven percolation model that demon-
strates the decisive roles of homogeneity and polarization in

predicting the cascade size. Mei ef al. proposed a hetero-
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geneous multi-stage model to investigate the impacts of the
social reinforcement on spreading of information,*?! which
hinders the diffusion process but facilitates the emergence of
some hot spots. Besides, they maximized the spreading pro-
cess with limited control sources by using Pontryagin’s max-
imum principle. Although the above-mentioned works have
shed light on the real-world spreading mechanisms, there is
still a lack of the knowledge of the evolution of the infection
intensity and reaction rate of real spreading processes.

In this paper, we explore the information diffusion of
real events on networks Twitter and Brightkite, and find that
the spreading probability changes over time, which violates
the constant transferring rate of standard spreading models.
Beyond that, the empirical process shows the asynchronism
that the maximal values of spreading probability and spread-
ing velocity do not always occur simultaneously. To explain
the phenomenon, we propose the improved SI and LT models
based on the time-varying spreading probability. The analytic
and experimental results show the time difference between the
spreading probability and the spreading velocity, demonstrat-
ing the consistency of the empirical analysis and the proposed
methods.

2. Materials and methods
2.1. Dataset

We use two datasets to study the empirical spreading pro-
cess. Higgs recorded the activities of users on Twitter span-
ning from 1°! to July 7" 2012,331 before and after the official
announcement of the Higgs boson on July 4. Table 1 lists an
example of the dataset, where RT and RE mean the retweet-
ing and replying actions. It specifies the spreading paths on
the network, which is composed of the friend/follower rela-
tionships between 456626 users all over the world. Therefore,
we can discuss the paths of the spreading process. In addition,
Brightkite is a location-based social network where users can
share their locations to friends.*¥ In Brightkite, each location
denoted by the longitude and latitude is treated as an inde-
pendent spreading event. We investigate the different spread-
ing events and concentrate on the check-in information of site
(40.440625, —79.995886) from June 19", 2008 to June 13™,
2009. Table 2 lists the statistical properties of the friendship
network of Twitter and Brightkite.

Table 1. An example of user activities on Twitter. RT represents retweet
and RE means reply.

User A User B Timestamp Interaction
223789 213163 1341100972 RE
376989 50329 1341101181 RT
26375 364376 1341101523 RE
75083 84647 1341101732 RT

Table 2. The structural properties of the friendship networks, includ-
ing the network size N, number of edges |E|, degree heterogeneity
H = (k?)/{k)?, average clustering coefficient (C), and network diam-
eter D.

Network N |E| H (C) D
Twitter 456626 14855842  42.0253  0.1887 9
Brightkite 58228 214078 8.6635 0.1723 16

2.2. The proposed time-varying SI model

We use the SI model to analyze the empirical process on
the social networks, where each node has two states: the in-
fected (I) state and the susceptible (S) state. Initially, all nodes
are in S state except a few particular infected ones. On Twitter,
when a user receives the information, the user either accepts
it or rejects (ignores) it. If the user retweets the information,
we consider that it will be activated and become into the in-
fected state. Similarly, the users on Brightkite can check in a
place and share the location. If a user visits the same place ac-
cording to his friends’ check-in information, the user will turn
into the infected state. The spreading processes on Twitter and
Brightkite are governed by!*3]

dxi(r)

N
dr :ﬁ[l_xl‘(’)];aﬁxj(t% (1

where x;(¢) is the infection probability of node i, the entry aj;
of the adjacency matrix A represents the connections between
nodes i and j, and f is the spreading rate and is treated as
constant in the classical model.

Fig. 1. An illustration of the information contagion and the calculation
of the spreading probability. The infected nodes are marked red and the
arrow represents the direction of the information flows.

In the empirical analysis, it is difficult to calculate the
transferring rate since each user may receive the information
from multiple spreaders with introduces nonlinear phenom-
ena. To simplify this issue, we evaluate the transferring rate
as

B(r) = %, )
where the denominator R is the amount of the susceptible users
that connect to the infected ones, and » is the number of newly
infected nodes per unit time. The spreading velocity is evalu-
ated by the fraction of the newly infected nodes. Figure 1 spec-
ifies the information flows and the calculation of the spreading
probability, where the infected nodes are marked red. At time
t1, the initial spreader node 1 infects two (nodes 2 and 3) of
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four neighbors (out-degree). The spreading probability is cal-
culated as 2/4 = 0.5. At the next time step #,, there are five
susceptible nodes connecting to the infected nodes 1, 2, and
3, but only two of them (nodes 4 and 5) get infected. Accord-
ingly, the spreading probability is 2/5 = 0.4.

By tracking the propagation paths, figures 2(a) and 2(c)
plot the evolution of the information about the new particle
Higgs boson on Twitter, where the time resolution of the pro-
cess is set as four hours. Initially, there were only 121 users
posting the information about the Higgs boson. The spreading
probability achieved the largest value on July 4™ at 8:00 be-
cause of the authoritative declaration of the Higgs boson,36-37]
followed by the maximum of the spreading velocity at the next
moment 12:00. Finally, the process ended up with more than
53% participants of the total users. We denote the peak time
of the spreading probability and the spreading velocity as g
and #,. For the spreading pattern on Twitter, At =1, —1g > 0
indicates that the maximal spreading probability occurs earlier
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than the maximal spreading velocity. Whereas on Brightkite,
we observe that the maximal spreading probability occurs later
[Figs. 2(b) and 2(d)], namely, A < 0. Unfortunately, the clas-
sical SI model in Eq. (1) cannot explain the phenomena. Be-
sides, the empirical analysis reveals the bursty pattern of the
spreading probability and the spreading velocity, which also
violates Eq. (1) of the SI model. To explain the phenomena,
we propose the advanced SI model based on the time-varying
spreading probability (¢), where the node state is described
by

3

The spreading velocity is equal to the expectation of being

. L di
infected for each node i, i.e., iT N LyN where i(t)

dt ’
represents the density of the infected nodes. Equation (3) is

nonlinear and cannot be calculated explicitly.

0.5

(g) ' ' e probability

January 14th, /2009

0.4r i
0.3F
0.2r

0.1g

0
‘O
N@&&&&&&&&ﬁ@

Date

(d) —=— velocity
| December 15th, 2008 1

0.05

Fraction of newly infected users

- At<0 T
ol -
D A0 O b» N » bv b&
N@&@&@&$WW&&
Date

Fig. 2. The spreading probability and the spreading velocity of the empirical processes. Ar indicates the time gap between the maximal
spreading probability and the maximal spreading velocity. Panels (a) and (c) show the spreading dynamics on Twitter. Panels (b) and (d) plot

the spreading dynamics of the location information on Brightkite.
Initially, most nodes are in S state, x;(t) — 0. Neglecting

the higher-order x;(¢)x;(r), we evaluate the early stage of the
spreading dynamics in Eq. (3) by

dx; (¢ N
S0 _B) Y. a0 4)
Jj=1
followed by the matrix formalism
dx(z
") ey Aar) )

xn (1)) is the state vector of all

[xl(t),xz(t),...,

nodes. Then, the infection probability is obtained as

where x(f) =

N
~ Y Cel POMdiy, (6)

r=1
where C, is a constant, A, is the eigenvalue, and v, denotes
the corresponding eigenvector. If the largest eigenvalue A; is
much larger than the others, the infection probability of each
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node roughly follows
x(t) ~ el BlMdiy (7

The change rate in the infected probability of each node is

Pe@) & dB(1) 1B)aa
a2 —r:ZlC,/l,v, 3 ¢

N
+Y Al A (r)e PO (8)
r=1

Finally, the peak time of the spreading probability and the
spreading velocity can be obtained by

aB() _

TR
d%i(r) 1 & d2x(r) o ©)
>~ N= d2

i=1

Based on Eq. (8), when df3(¢)/dt = 0, the change rate in the
spreading velocity d?i(¢)/d¢? is larger than 0. The results in-
dicate the asynchronism of the spreading dynamics.

2.3. The linear threshold model

Apart from the SI model, the linear threshold model has
also been widely used to imitate the information spreading dy-
namics on social networks. Here, we use the LT model to
show that the results of this paper are not limited to the SI
model and also hold on other spreading models. The SI model
emphasizes the contact transmission in the epidemic process,
while the LT model focuses on the accumulative effects of in-
teractions and the collective behaviors of social groups.*®! In
the LT model, every node is in one of the two states (S and
I). Except for a few initial spreaders, the others are susceptible
and endowed with the threshold values from the given distri-
bution. At each time step, the susceptible nodes will turn into
the infected state if the fraction of infected neighbors exceeds
the threshold value. In some researches, the term ‘threshold’
sometimes refers to the critical condition of spreading pro-
cesses. To avoid ambiguity, we use the personalized resistance
to characterize the intrinsic threshold of the nodes.

The resistance has a significant influence on the spread-
ing dynamics. We calculate the resistance /; of the user i who
participates in the spreading of Higgs boson on Twitter(*"]

= (10)
where N; is the number of the infected neighbors when node i
forwards the information, and k; is the degree of node i. Fig-
ure 3(a) shows the distribution of resistance with the bin inter-
val 0.05, and figure 3(b) plots the average in-degree versus the
resistance. The fitted line suggests that the resistance is nega-
tively correlated with the in-degree of the nodes. According to

the spreading process on the scale-free network, the periph-
eral small-degree nodes firstly infect the large-degree ones,
and then the large-degree nodes transmit the information to

the whole network across the small classes.[!440

] Obviously,
the larger the degree nodes, the lower the resistance, and they

greatly accelerate the spreading process on Twitter.

0.15 T T

0.05} 7

Relative frequency

AT

0 NAZAZ 7!
0 0.2 0.4 0.6 0.8 1.0
Resistance
1000 T
_(b)
o - Ss.
& . el
¢ 100k el x w ;
eo] " B~ m =
é: i -
o) "
g  10f "
<
0.1 1
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Fig. 3. The resistance distribution and the average in-degree versus the re-
sistance. Panel (a) shows the histogram of the resistance distribution with
the bin width 0.05. Panel (b) shows the average in-degree of nodes in the
corresponding resistance intervals. The fitted curve reflects the negative cor-
relation between the average in-degree and resistance of nodes.

With the assumption that the negative correlation leads to
the asynchronism of the spreading process, we implement the
LT model by the following steps:

(1) Firstly generate the random sequence ¢ =
[@1,02,...,¢n] following the given distribution. The smaller
resistance is assigned to the larger degree node with the prob-
ability p; = ki/¥jk;.

(2) Select a proportion p of the nodes as the initial spread-
ers.

(3) At each step, the susceptible node observes the state
of its neighbors and turns in to the infected state when the frac-
tion of infected neighbors N;/k; exceeds the resistance.

(4) Repeat step 3 until the spreading process stops.

3. Results

For the advanced SI model, we use the Gaussian-like dis-
tribution to approximate the bursty pattern and the dynamical
spreading probability in Fig. 2,

B(r)=ae” ", (11
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where p and 8, respectively, represent the peak time and the
standard deviation of the spreading probability.

We first simulate the spreading process on the networks
based on Eq. (3). Figure 4(a) plots the change rate in the
spreading velocity for different 6 and p on Twitter, where
a=0.1 and p = 0.1%, which suggests that both parameters
0 and p influence the asynchronism little. Compared with
the peak time of the spreading probability at r = u, all the
curves present the time lag of the maximal spreading veloc-
ity (d%i(¢)/dt?> = 0). Without loss of generality, we set yu = 4
and & = 2. Besides, figure 4(b) shows the influence of a and
p on the time gap Ar between the maximum of the spread-
ing probability and the spreading velocity. When the param-
eters are relatively small, the spreading velocity is postponed
(At > 0). With the increase of a and p, the time gap gradually
decreases to —1, meaning that the spreading velocity precedes
the spreading probability. In general, the numerical solutions
validate the analytic results of the advanced SI model and the
asynchronism on the real-world networks. Note that the selec-
tion of other parameters is closely related to the characteristics
of the empirical results. For example, the process on Twit-
ter started with a small number of spreaders and showed the
lower spreading probability. Therefore, we consider the rela-
tively small a and initial infected density p for the simulated
process, while the parameters for that on Brightkite are higher.
We argue that the results are not limited to the parameter set-
tings. Apart from the Gaussian-like distribution, other f()
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that shows obvious peak is also applicable for the asynchro-
nism of the spreading process.
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Fig. 4. Numerical simulations of the advanced SI model. The spreading
probability follows different Gaussian-like distributions. Panel (a) plots
the change rate in the spreading velocity on Twitter as functions of &
and u, where the initial infected density p = 0.1% and a = 0.1. Panel
(b) plots the time gap At for different a and p on Brightkite.
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Fig. 5. The spreading dynamics of the advanced SI model. Panels (a) and (b) show the spreading probability on Twitter and Brightkite. Panels
(c) and (d) plot the spreading velocity of the corresponding spreading process.
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Furthermore, we simulate the advanced SI model under
different conditions. Figures 5(a) and 5(b) plot the spread-
ing probability of the simulated processes on Twitter and
Brightkite.
nodes, the simulated probabilities are much larger but present

Due to the multiple contacts with the infected

similar trend to the given B(z), which have the peak values
at t = u = 4 (the dashed line). On Twitter, figure 5(c) plots
the maximal spreading velocity at t = 5, where a = 0.1 and
p = 0.1%. For Brightkite, we consider the higher spreading
probability (a = 0.3) and different amount of initial spread-
ers p =0.1% and 2.5%. Figure 5(d) shows that bigger p en-
hances the spreading process in the early steps and puts ahead
the peak time of the spreading velocity. The time gap Ar = —1
and At = 1 clearly illustrate two types of time difference be-
tween the spreading probability and the spreading velocity.

(a) _
0.03 -=—spreading probability
——spreading velocity
£ 0.02¢ %
<
= =
0.01
0 2 4 6 8 10
Time Time
10 15
Time Time

Fig. 6. The spreading dynamics obtained by the process of the LT
model. The initial density of spreaders is p = 0.05% on Twitter and
p = 1% on Brightkite. Panel (a) shows the decaying spreading process
on Twitter when the resistance of each node is random from the uniform
distribution. Panel (b) plots the bursty pattern and the asynchronism
of the spreading process when the resistance is negatively correlated
with the in-degree of node. Panels (c) and (d) show the counterparts on
Brightkite.

To verify the impacts of the resistance on the spreading
process, figure 6 plots the spreading dynamics by repeatedly
running the LT model. In Fig. 6(a), with very few initial
spreaders (p = 0.05%), the spreading process on Twitter grad-
ually dies down when the resistance of each user is randomly
drawn from the uniform distribution U(0,1). The spreading
velocity is close to 0. In contrast, figure 6(b) shows the out-
break pattern where the spreading velocity reaches the peak
value later. Figures 6(c) and 6(d) plot the results of the same
experiments on Brightkite. The difference is the much higher
p = 1%, which should be responsible for the time gap Ar = —1
and the empirical behaviors on Brightkite. Notice that, this
case really but rarely exists, because driving a larger number
of people to initiate the spreading process is always costly in

real scenarios. Besides, another condition is that the resistance

is positively correlated with the in-degree of the nodes. We can
imagine that the spreading process will stop in a very short
time, because the large-degree nodes who always play impor-
tant roles in spreading processes are hardly to get infected and
send out the information or virus.

4. Conclusion

Our work mainly explores the empirical spreading pro-
cess on Twitter and Brightkite based on the propagation paths.
The empirical analysis reveals the bursty spreading pattern,
where we observe the asynchronism underlying the spread-
ing process. However, the classical models cannot capture the
time difference between the peak values of spreading proba-
bility and spreading velocity. By considering the time-varying
spreading probability, we propose the improved SI and LT
models to investigate the abnormal phenomenon, which pro-
vide analytical explanations and replicate the time difference
that commonly exists in the real spreading process.

Understanding the spreading phenomena is of great sig-
nificance to the diffusion efficiency. The asynchronism helps
us determine better time to regulate the spreading process,
making the promotions or updated innovations reach more
people. Besides, the spreading paths suggest the temporal be-
haviors of users, especially during the outbreak period, which
provide insights into the influence of users instead of purely
structural information. Hence, our work not only enriches
the knowledge of the complicated spreading mechanisms but
also has widely potential applications to dissemination man-
agement and leadership identification.
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