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The shortest path is a widely studied network science problem and has attracted great attention. Nevertheless, it
draws little attention in temporal networks, in which temporal edges determine information dissemination. In this paper,
we propose an information spreading-based method to calculate the shortest paths distribution in temporal networks. We
verify our method on both artificial and real-world temporal networks and obtain a good agreement. We further generalize
our method to identify influential nodes and found an effective method. Finally, we verify the influential nodes identifying
method on four networks.
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1. Introduction
Networks can be implemented in numerous systems in

the real world,[1] such as logistics transportation, World Wide
Web, social contact.[2–6] Previous researches mainly focused
on static network, in which the network structures do not
change with time. Extensive empirical studies indicated that
the network structures are time-varying, which should be de-
scribed by using the framework of temporal networks.[7–10]

Information and diseases can be disseminated through
nodes in temporal networks. For temporal network propa-
gation, the scope of dissemination can be directly studied by
simulating the interaction between groups within a period.[11]

And it can be predicted by individual-based (IB) models for
research[12–15] as well. IB model overcomes the shortcom-
ings of the homogeneous and heterogeneous mean-field ap-
proaches. Aims to decrease the complexity of the solution
from exponential O(3N) to polynomial O(N), it is inspired
by the continuous-time Markov chain SIR model.[16] How-
ever, compared to the individual-based model, the contact-
based (CB) model proposed by Koher et al.[17] is derived
from the message-passing framework,[18,19] which improves
the approximation of existing epidemic thresholds and an-
alytic estimations concerning the IB approach for arbitrary
time-evolving graphs.

In the network propagation, information spreads through
nodes, hence forms numerous paths between different pairs
of nodes. Knowing the path distribution within the net-
works is significant for many reasons such as the World

Wide Web[20] design, epidemic spreading,[21,22] information
transmission on social networks,[23] network system struc-
tures reconstruction,[24] flood control, and water resources
conservation.[25] Among these paths, only the shortest one can
be used to define the length between two nodes. Some stud-
ies showed interest in the shortest paths distribution (SPD).
The authors in Refs. [26–28] studied the statistical characteris-
tics of uncorrelated random networks with an arbitrary degree
distribution. Hofstad et al. studied the SPD in various ran-
dom graph models with general degree sequences and extreme
modular networks.[29,30] Some developed analytical methods
to compute the SPD in Erdős and Rényi and configuration-
model networks.[31,32] Another paper has studied the SPD in
modular random networks,[33] testing the conditions in which
the number of interlinks between two or more modules con-
trols the network topology. SPD was also applied in identify-
ing the diffusion source on networks.[34]

However, the SPD problem in the temporal network has
drawn little attention. According to Eitan et al., an one-pass al-
gorithm, as well as a graph transformation approach has been
proposed.[35] In this paper, we treat SPD calculating process
as a way of Markovian information dissemination and put for-
ward a new method to calculate the SPD in temporal net-
works. By predicting the Markovian information dissemina-
tion process,[17] we compute the SPD of four heterogeneous
temporal networks. Besides, we utilize simulation of tempo-
ral network message spreading to verify the validity of our
method. Some studies have introduced methods to calculate
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the influence maximization in information propagation.[36–38]

In this article, we set strategies to study the influence of a node
in propagation range in four temporal networks.

2. Model
In this section, we will introduce the basic concepts and

models of temporal networks, as well as the property dynam-
ics model.

2.1. Artificial temporal networks

The network in the traditional sense is a static network
composed of nodes and edges. The temporal network we are
studying is a network that takes the interaction time of nodes
into account. The interactions between nodes could be seen as
events. Each edge is active only when the event occurs, that is,
two nodes solely have connected edge between them when the
event occurs, and every activity happens in chronological or-
der. Mathematically, we use 𝐺 stands for the network at some
point in time, and 𝐺t for a sequence of 𝐺. The adjacency ma-
trix of 𝐺t at time t is 𝐴t . If the interaction between node i
and node j exists at time t, then 𝐴t(i, j) = 1. Otherwise, if no
connection between node i and j at time t, 𝐴t(i, j) equals 0.

Here we introduce two types of artificial temporal net-
work models that will be applied in the rest of the paper. The
first is the ER temporal network, in which the temporal net-
work 𝐺t is built by using ER[39] network. The network gen-
erating method is as follows. (i) Specify the number of nodes
N and the node connect probability p of each pair of nodes.
(ii) At each time t, generate an ER network 𝐺t with nodes be-
ing arbitrarily connected with probability p. The degree dis-
tribution of network 𝐺t is Pt(k) =

(N
k

)
pk(1− p)N−k, and the

average degree is 〈kt〉 = p(N − 1) ≈ pN, cluster coefficient
c = p. (iii) At the end of each time step, deleting all edges.
(iv) Repeating steps (ii) and (iii) until t = tmax. Therefore, the
structure of ER temporal network at two adjacent moments has
no correlation.

The second artificial network is the activity-driven
network.[40] The steps of generating temporal network 𝐺t are
as follows. i) Specify the number of nodes N and time T of
the network. For each node i, we assign an activity potential
value xi, which follows a power-law distribution f (x) ∼ x−γ ,
x∈ (ε,1) and γ is an exponent. The larger value of γ , the more
homogeneous of degree distribution. ii) At each time step t,
nodes are activated with a probability ni = ηxi, where η is a
remodeling factor, and each activated node randomly connects
to m nodes. iii) At the end of each time step, deleting all edges.
iv) Repeating steps ii) and iii) until t = tmax.

2.2. Real-world temporal networks

In this paper, we utilize two real-world temporal networks
as well. The first is a high school dynamic contact network,[41]

which contains the temporal network of contacts between stu-
dents in a high school in Marseilles, France, during four days
in December 2011. The dataset includes the connection be-
tween 126 people during 13617-time steps, and each time step
in dataset representing the active contacts in 20-second inter-
vals of the data collection.

The second real-world temporal network is a dynamic
contact network of hospital ward.[42] This dataset contains the
temporal network of contacts between patients, patients, and
health-care workers (HCWs) and among HCWs in a hospital
ward in Lyon, France, from Monday, December 6, 2010, at
1:00 pm to Friday, December 10, 2010, at 2:00 pm. The study
included 46 HCWs and 29 patients during 17375 times, and
each time representing the active contacts during 20-second
intervals of the data collection. Table 1 shows the details of
the data we apply in this paper.

Table 1. Temporal network data.

Network Node number Time Time interval

ER 200 200 1
Activity driven 200 200 1
High school 126 13617 20 s
Hospital ward 75 17375 20 s

2.3. Propagation dynamics model

In this paper, we use the susceptible-informed (SI) model
to describe information spreading dynamics. At any time, a
node could only have two states: susceptible or informed. If
a node is in an informed state, that means it has received the
message and has the chance to forward it to others. If a node
is in a susceptible state, which means it has not received any
messages yet. Each informed node transmits the message to
its neighboring nodes that are in a susceptible state, and once
neighbors receive, it is in a known state and could never return
to a susceptible state. The steps of information dissemination
on the static network are as follows. Initially, we set one node i
in the network as informed at the first step, which is the source
of propagation, and the others are susceptible. Node i then
conveys the message to its susceptible neighbors with a par-
ticular transmission probability λ . If successful, its neighbors
changed from susceptible to known ones. At this point, infor-
mation initiates to spread on the network. Whereafter, each
informed node will notify their susceptible neighbors with the
propagation probability λ until all susceptible nodes in the net-
work know the information.

The above is the notification situation of the SI model
in a static network. Now we discuss the process of the SI
model in a temporal network. Similarly, we set one node i
in the network 𝐺0 to be informed at the initial time t0, which
is the source of propagation, and the others are susceptible.
At the time t0, the transmission source notifies its susceptible
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neighbors with specific transmission feasibility λ . If the noti-
fication is successful, its neighbors change from susceptible to
informed. Distinct from the static network, the temporal net-
work contains time. Each time after that, only several nodes
have active edges, and the ER temporal network and activity-
driven temporal network we use have different connection sit-
uation at each time. Therefore, not all known nodes can inform
their neighbors at t1. Only when there are informed nodes
among nodes that have active edges at this time, can these
informed nodes notify susceptible neighbors. Figure 1(a) is
an example of the propagation process of the SI model in a
temporal network. Each node in the informed state only has
neighbors at certain moments, so it can only propagate at these
moments.

(a)

(b)

susceptible informed

t/ t/ t/ t/

   
`

H
↼`
↽







t/ t/ t/ t/

Fig. 1. Illustration of the relationship between spreading and shortest path.
(a) An example of the information propagation procedure of the SI model
in a temporal network. (b) The number H(ℓ) of path length ℓ versus ℓ on
the temporal network above, and it shows the exact time of each node be-
ing notified and their message source. Meanwhile, it reveals the similarity
between the information dissemination process and the SPD calculation pro-
cess so that we can compute the path length and distribution in the procedure
of information propagation. From the figure, it is shown that the distance be-
tween the node and the initial source is equal to the time it is notified.

2.4. Relationships between the shortest path and spread-
ing dynamics

For temporal networks, the shortest path is time-
dependent. Mathematically, the shortest path between nodes
i and j represents that a walker can reach node j from node
i through a temporal path {ei,1(ta),e2,3(tb), . . . ,eℓ, j(tx)}, and
the path length ℓ is the minimum value for any paths between
the two nodes, where em,n(tb) means that nodes m and n are
connected at time tb.

To calculate the shortest path of temporal network, we
can see that the procedure of each reached point reaching its
neighbors is similar to the information propagation process in
the SI model mentioned above. The former is that a node
changes from an unreached state to a reached state until all
nodes become reached, while the latter is from an unknown
state to a known state until all nodes become informed. Fig-
ure 1 exhibits the relationship between the SPD and the mes-
sage passing process. We pick out the successful process of
notification in panel (a) and show it in panel (b), and mark the

path length from each node to the propagation source (node
1) as well as the number of paths length. For example, the
path length from node 5 to the source is 3. Some may have
doubts that this path length seems to be 1, however, because
the connection of nodes in the temporal network changes with
time, there is no connection between node one and node 5 in
the first two steps while they are connected in the third step, so
the path length between them is 3. From the figure, there are
three nodes with a path length of 3 to the source, which means
H(3) = 3. Each step of the notification process requires a time
unit, so the shortest path length from each node to the source
and the notified time are numerically equal, which can be seen
in the figure. Therefore, by performing information dissem-
ination, we calculate the time each node is notified to obtain
the shortest path length.

3. Simulations
In numerical simulation, we set the network size N = 200

and maximum time step tmax = 200 for ER temporal networks.
For activity-driven networks, we set N = 200, tmax = 200,
ε = 10−3, m = 20, and η = 10. In both networks, the propa-
gation probability β = 1.

To compute the shortest path distribution of a temporal
network, we should use a fast Monte-Carlo simulation method
to study the SI model. From Subsection 2.3, it is illustrated
that each node in the network is set as the source node to calcu-
late the shortest path distribution, so it causes a large amount
of calculation. The time complexity is O(N2), n represents
the number of nodes. Inspired by Ref. [11], we use a general-
ized a matrix-based approach with time complexity O(LT ).
We get a set of formulas to express its calculation process
𝑆t+1 = 1− 𝐼t+1 and 𝐼t+1 = 𝐼t +β𝛷t , where 𝑆t+1 represents
the susceptible node vector at time t+1, 𝐼t+1 for the informed
node vector at t+1, and 𝛷t denotes the edge connection situa-
tion among all the nodes at time t, and its concrete expression
will be discussed in the next paragraph. Both vectors are N×1
in size. In the 𝑆 matrix, the value is nonzero if the node is in
a susceptible state, otherwise it is 0. Similarly, we know the
meaning of the element in the vector 𝐼 , i.e., if the node is
informed, its value is nonzero, otherwise, it is 0. On the con-
nection 𝛷 between a susceptible node and an informed node,
the susceptible node is notified with β probability. To com-
pute the shortest path distribution, we should set β = 1, thus
𝐼t+1 = 𝐼t +𝛷t .

Subsequently, we will discuss the specific expression of
𝛷. We use a common and convenient way to represent tem-
poral networks: a set of adjacency matrices 𝐴t with dimen-
sion N×N. These adjacency matrices represent the connected
edges of each node at time t = 1, . . . , tmax Therefore, we can
get 𝛷t = 𝐴t𝐼t . The informed node at each moment notifies
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its neighbors according to the active edge status at that mo-
ment. At the initial time, only one node has a value of 1 in 𝐼0,
which indicates the source of notification, and the remaining
values are all 0. After analysis, we get the final expression that
simulates propagation

𝑆t+1 = 1−𝐼t+1, (1)

𝐼t+1 = 𝐼t +𝐴t𝐼t . (2)

From this method, we can get the known status of each
node in the temporal network at time ti, so that we can calcu-
late the number of informed nodes nti that increases at each
time compared to the previous time. For the statistical value,
since the notification time can be regarded as the length of
the temporal network path, nti represents the number of paths
whose length is ti, and the value of the time ti corresponding to
the last non-zero newly increased informed node is the shortest
path of the temporal network.

     
`

     
`
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Fig. 2. The number H(ℓ) of path length ℓ versus ℓ on ER temporal networks.
Nodes connection probability is p = 0.01 in panel (a), p = 0.02 in panel (b)
and p = 0.04 in panel (c), respectively.

In what follows, we calculate the path length distribution
for artificial and real-world temporal networks. Figure 2 ex-
hibits the path distribution of ER temporal network with con-
nection probabilities of p= 0.01, 0.02, and 0.04. From the fig-
ure, we can intuitively see that as the probability of continuous
edges in the ER graph increases, the time for information to
propagate to the entire network becomes shorter, so the short-
est path will be shortened, and the distribution of the shortest
path will increase. Simultaneously, it can be seen clearly that
the theoretical prediction results (see details in Section 4) are
consistent with the simulation results, indicating that our the-
ory can well predict the numerical results.
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Fig. 3. The number H(ℓ) of path length ℓ versus ℓ on activity-driven tem-
poral networks. γ = 2.3 in panel (a), γ = 3.0 in panel (b), and γ = 3.5 in
panel (c), respectively.

Figure 3 shows the temporal network path distribution of
the activity-driven model. The degree distribution is deter-
mined by γ . The smaller the γ , the stronger heterogeneous the
degree distribution. When γ = 2.3, the degree distribution is
more significant than γ = 3.0 and 3.5, the time required to in-
form all nodes is less, and the path is shorter as well. Through
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a large number of simulation experiments, it is found that other
values of γ will not qualitatively change our results. We fur-
ther study the shortest path distribution on two real-world net-
works. Figure 4 shows the high school dynamic contact net-
work and the hospital ward dynamic contact network. In high
school data, N = 126, t = 13617, β = 1, and in hospital data,
N = 75, t = 17375, β = 1. The x axis is the prediction result
and the y axis is the simulation result. It can be seen that the
slope of the function in the figure is 1, which indicates that the
simulation is consistent with the prediction result.

We further propose strategies to identify the influential
nodes. We propose five strategies. For strategies 1 to 4, the
source is selected with the widest propagation scope in the
first 1 to 4 steps, respectively. In strategy 5, the source node
is randomly selected. The spreading scope of these strategies
over time is shown in Fig. 5, with the propagation probability
P = 0.1. We study the spread of the different sources of in-
formation dissemination in the four networks. In Fig. 5(a), we

set the SI information spreading on ER temporal network with
nodes connection probability p = 0.01. In Fig. 5(b), the mes-
sage spreading on activity-driven temporal network γ = 2.3,
ε = 10−3, m = 20, and η = 10. For Figs. 5(c) and 5(d), the
information dissemination on high school and hospital ward
dynamic contact networks. To make Figs. 5(c) and 5(d) more
intuitive, we sample the data according to a certain length for
display. Conducting five experiments on each network, we
use different shapes of scattered points to represent the mean
of each strategy in five experiments and use error bars to rep-
resent the standard deviation of each strategy.

The spreading patterns of the four networks in Fig. 5
differ from each other. Since figures 5(a) and 5(b) are artifi-
cial temporal networks, the connection probability of nodes
is fixed, so their information propagation range is relatively
stable. At the same time, figures 5(c) and 5(d) are real-world
temporal networks, the connection between nodes and nodes
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Fig. 4. Simulation results versus prediction results in the high school dynamic contact network (a) and the hospital ward dynamic contact network (b),
respectively. The scatter points stand for true value, and the line is an auxiliary line, which is drawn to see the comparison of simulation and prediction
results more intuitively.
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Fig. 5. The information spread range I(t) versus time t on four networks with 5 strategies. Panels (a)–(d) are ER, activity-driven, high school contact, and
hospital ward contact temporal networks, respectively.
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is affected by practical factors, so they have uncertainty, which
makes the growth of the scope of information spread unstable.
At the same time, the propagation range is also affected by
the spreading probability P = 0.1 and degree distributions of
different graphs. As can be seen from the figure, nodes with a
wide range of propagation have a higher probability of spread-
ing fast, and the propagation speed of random node 5 is slower
than that of nodes with high degree distribution. According
to the performance of the five strategies, we can conclude that
strategy 3 has the best effect in the range of dissemination, and
strategy 5 has the worst impact.

4. Theory
In this section, we will describe mathematically how to

predict SPD in a temporal network. When calculating the
SPD of a temporal network, we use a contact-based (CB)
model to predict. In some related works, temporal networks
use individual-based (IB) models [12–16] to research the prop-
agation of temporal networks. The authors in Refs. [18,19]
proposed accurate message-passing frameworks on dynamic
networks. Still, according to the research by Koher,[17] the
CB model is derived from them and inherits their accuracy on
the loop-free topology, and improves analytical estimates con-
cerning the IB approach for arbitrary temporal graphs.

Importantly, the accuracy of the CB model improves the
approximation of existing thresholds, which is a crucial mea-
sure for public information dissemination. Therefore, we use
the CB model for propagation prediction to improve the accu-
racy of the SPD calculation. The CB model requires iteration
through all edges at each time step, and thus the time complex-
ity scales with O(LT ), in which L is the number of edges.

In the SI model, nodes have only two possible states: the
susceptible state (S) or the informed state (I), and at each mo-
ment, and informed state node can only propagate to the sus-
ceptible state neighbors with a distance of 1 from them. First,
we consider the probability that node l is susceptible at time
t, because of which, we assume that the probability of node l
being susceptible at the initial time Sl(0) = pl , it shows that
l is not notified by any neighbor nodes before time t, so the
probability of node l being susceptible Sl(t) = plΨl(t).

Next, we discuss Ψl(t). If the probability of node l at time
t is calculated from the informed source at the initial time, the
known status of each node from the initial time to time t must
be considered. The edge states are very complicated and vary
from the time, so this method is not applicable. Therefore, we
can start by considering the neighbors of node l at time t, and
rewrite Ψl(t) as

Sl(t) = pl ∏
k∈Nl

Θk→l(t), (3)

where Nl represents neighbor nodes of l at time t. Θk→l(t)
denotes the probability that no message will propagate from k

node to l node from the initial time to time t. Since there is
no information transmission at the initial time, Θk→l(0) = 1.
What is more, Θk→l(t +1) is determined by two factors: (I) k
and l have temporary edges at time t, the probability is repre-
sented by uk→l(t), and (II) k is at informed state at time t and
does not transmit the message to l before time t, which is de-
noted by Ik→l(t). We set β as the propagation probability, then
the chance of l being notified by k at time t is βuk→l(t)Ik→l(t),
from which the formula can be derived as

Θk→l(t +1) =Θk→l(t)−βuk→l(t)Ik→l(t). (4)

The probability Ik→l(t +1) that k is in the informed state
and did not transmit the message to l before time t +1 is also
determined by two factors: I) k is in the known state before
time t and does not inform l, which is Ik→l(t), and k still does
not notify l at t with the propagation probability of β and that
is 1− βuk→l(t). II) k is notified by its neighbor nodes other
than l at time t ∆Sk→l(t) = Sk→l(t)−Sk→l(t +1), since notifi-
cation can occur only one step at a time, k cannot inform l at
this time. From this we can get Ik→l(0) = 1− pl at the initial
moment, and derive the formula

Ik→l(t +1) = [1−βuk→l(t)]Ik→l(t)+∆Sk→l(t). (5)

Then we discuss the feasibility Sk→l(t) of the neighbor
node k of l at time t. Since k is not notified by l, then if k is
not notified by all its neighbors except l j ∈ Nk \ l at time t, k
is susceptible. We know that the corresponding probability[43]

is Ψk→l(t) = ∏ j∈Nk\l Θ j→k(t), which is similar to Eq. (3). So
Sk→l(t +1) = pkΨk→l(t +1), which is

Sk→l(t +1) = pk ∏
j∈Nk\l

Θ j→k(t +1). (6)

The progression of message transmission in the CB model
is mainly described by Eqs. (5) and (6). Finally, we discuss the
node-centric formula. Sl(t) has been shown in Eq. (3). More-
over, SI model has only two states of susceptible state S and
informed state I, so the node-centric formula can be expressed
as

Sl(t +1) = pl ∏
k∈Nl

Θk→l(t +1). (7)

Il(t +1) = 1−Sl(t +1). (8)

The CB model is accurate for temporal networks and allows
us to consider the dynamic correlation of the research objects
fully.

5. Conclusion
In this article, we proposed a method for calculating the

shortest path in temporal networks. By utilizing the SI model
of information propagation and simulating the propagation
process of the Markovian chain, we calculated the SPD. And
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using the method of predicting the whole process of infor-
mation dissemination to compute SPD, we performed calcu-
lations on artificial and real-world temporal networks. The
results are compared to our method to verify the accuracy of
ours. By displaying the histogram and scatter plot of the calcu-
lation results of path distribution, we can see the exactitude of
our proposed method. Moreover, we put forward five strate-
gies to study the influence of a node in propagation in four
temporal networks. By comparing the information dissemina-
tion range of the strategy, we get the conclusion which is the
best or the worst strategy.
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