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Abstract

In view of the forwarding microblogging, secondhand smoke, happiness, and many other phe-
nomena in real life, the spread characteristic of the secondary neighbor nodes in this kind of phe-
nomenon and network scheduling is extracted, and sequence influence maximization problem based
on the influence of neighbor nodes is proposed in this paper. That is, in the time sequential social
network , the propagation characteristics of the second-level neighbor nodes are considered emphati-
cally, and k nodes are found to maximize the information propagation. Firstly, the propagation prob-
ability between nodes is calculated by the improved degree estimation algorithm. Secondly, the
weighted cascade model (WCM) based on static social network is not suitable for temporal social
network. Therefore, an improved weighted cascade model (IWCM) is proposed, and a second-level
neighbors time sequential maximizing influence algorithm (STIM) is put forward based on node de-
gree. It combines the consideration of neighbor nodes and the problem of overlap of influence scope
between nodes, and makes it chronological. Finally, the experiment verifies that STIM algorithm has
stronger practicability, superiority in influence range and running time compared with similar algo-
rithms, and is able to solve the problem of maximizing the timing influence based on the influence of
neighbor nodes.

Key words: neighbor node influence, time sequential social network, influence maximization

(IM) , information propagation model

0 Introduction

With the rapid development of Internet, more and
more people like to spread their ideas and information
through social media to influence other users on the
platform. How to make the shared information spread
quickly and influence the widest range has become a
hot issue in the field of social network analysis. For this
kind of problem, Ref. [ 1] proposed the influence max-
imization problem for the first time. At present, the
widely used problem of influence maximization based
on static social network is to find £ users in the social
network as seed nodes, so that the information can in-
fluence other users in the network as much as possible
through k£ users under a specific propagation model.

At present, most studies usually abstract social

network as static graph, which simplifies the study of
influence maximization problem, while neglecting some
important characteristics existing in the actual network ,
thus causing the problem of inaccurate scope of influ-
ence. To solve this problem, in view of the timing of
network and the propagation characteristics of neighbor
nodes, taking the timing social network and second-
level neighbor nodes as the research objects, and a
timing influence maximization algorithm based on the
influence of neighbor nodes and the improved weighted
cascade model (IWCM) is proposed in this paper.
This algorithm has strong pertinence and practicability ,
and can efficiently solve the problem of maximizing the
time sequential influence based on the influence of
neighbor nodes.

Because time sequential effect maximization re-

search based on the influence of the neighbor node is
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very few, and most studies focused on only considering
the temporal characteristics of the network or only con-
sidering the influence of the neighbor nodes, without
considering a variety of characteristics of network, so
the timing effect maximization problem based on the in-
fluence of the neighbor node challenges are as follows.
(1) The traditional information dissemination model
does not consider the timing characteristics of the net-
work, it cannot be applied to the timing social net-
work; (2) In the process of seed node selection, it is
necessary to comprehensively consider the propagation
characteristics of the second-level neighbor nodes and
the timing of the network.

In order to solve the above problems, taking the
time sequential social network as the research object,
timing the traditional information transmission model,
the time sequential influence maximization algorithm is
designed based on the influence of neighbor nodes.
Firstly, the influence measurement method of second-
level neighbor nodes and the selection method of seed
nodes are given. Secondly, the second-level neighbor
node influence measurement method is time-serialized
so that it can be applied to time-series social networks.
Second-level neighbors time sequential maximizing in-
fluence algorithm (STIM) takes full account of various
characteristics of the network, and is able to efficiently
solve the problem of maximizing the time sequential in-
fluence based on the influence of neighbor nodes, and
provides a foundation for the modeling of related prob-
lems, the selection of seed nodes and how to reduce
the time complexity.

The major contributions of this paper are as fol-
lows.

(1) On the basis of the traditional weighted cas-
cade propagation model, a new method of transmission
probability between computing nodes is introduced,
and an improved weighted cascade model is proposed.
It enables information to be transmitted in the social
network graph based on time sequential relationship.

(2) In view of the propagation characteristics of
secondary neighbor nodes in the network, the influence
measurement method of secondary neighbor nodes is
designed, and the timing characteristics of the network
are integrated into the selection process of seed nodes.

(3) It is verified that STIM algorithm can effi-
ciently solve the problem of time sequential influence
maximization based on the influence of neighbor nodes,
and guarantee a high influence range under the premise
of short running time.

The structure of this paper is as follows. In Sec-
tion 1, the related work is introduced. In Section 2,
the main definition and propagation model of the time

sequential influence maximization problem based on the
influence of neighbor nodes are discussed. In Section
3, the correlation algorithm of the time sequential in-
fluence maximization problem based on the influence of
neighbor nodes is described. In Section 4, the experi-
ment results on different data sets are analyzed and
compared. In Section 5, the work of this paper is sum-
marized and prospected.

1 Related work

In recent years, researchers at home and abroad
have done a lot of research work on impact maximiza-
tion. Kempe et al. "> proposed the greedy algorithm for
the problem of influence maximization ( IM ) and
proved that its operation result could reach an approxi-
mate optimal of 63% . However, the greedy algorithm
still has a high time complexity and is not suitable for
large-scale social networks. Leskovec et al.'*’ opti-
mized the traditional greedy algorithm for the submodu-
larity and monotonicity of the influence maximization
problem, and proposed a cost-effective lazy-forward
(CELF) algorithm, which is about hundreds of times
faster than the greedy algorithm. Goyal et al. " proposed
CELF ++ by optimizing CELF algorithm, and proved
that it was 35% -55% faster than CELF.

All the above algorithms are greedy algorithms or
improved greedy algorithms. In recent years, many re-
searchers have studied heuristic algorithms with lower
time complexity. Chen et al. ' proposed the De-
greeDiscount algorithm to solve the overlap problem of
influence range of traditional degree estimation algo-
rithms. The node with the highest degree is selected as
the seed node, and then the degree of the neighbors of
the selected node is discounted until £ nodes are select-
ed. Zhou and Gao'® used PageRank algorithm to esti-
mate the influence of nodes, and selected nodes with
greater influence as alternative nodes to calculate the
combined collision probability of alternative nodes. Li
et al. "' proposed an influence maximization algorithm
based on k-kernel filtering in combination with the
heuristic algorithm. It has been verified that the algo-
rithm has a wider scope of influence compared with the
existing heuristic algorithm.

At present, more and more researchers begin to
study the extension deformation with maximum effect.
Qiu et al. "’ proposed the influence maximization algo-
rithm of overlapping communities, which could in-
crease the running time by up to 90% and could be ap-
plied to large social networks. Ren et al. °' proposed
the problem of influence maximization under multi-top-
ic consciousness. Across-social network model of influ-



HIGH TECHNOLOGY LETTERSI Vol. 28 No. 2| June 2022

155

ence maximization for topic perception is designed by
improving the linear threshold model, and seed nodes
are selected by means of heuristic algorithm. Li et al. "’
took price and other factors into consideration, and
studied how to price a product under multiple condi-
tions to maximize income. Zhao et al. """ took into ac-
count the situation that there are multiple relationships
among users in social networks and that multiple rela-
tionships affect information transmission together, MR-
RRSET algorithm was proposed to solve the problem of
influence maximization of multi-relationship social net-
works.

Kim et al. "' transferred the research object of
maximum impact to the dynamic graph and designed an
algorithm to deal with the update operation on the dy-
namic graph. Wang et al. ' defined novel influence
maximization (IM) queries in social networks and used
a window sliding model to solve the problem of real-
time impact maximization on dynamic graphs. Zhang et
al. " studied the problem of influence maximization
when there are different relationships in the network
that mutually promote communication and inhibit com-
munication. Guo and Lu'"" improved the sketch-based
design influence maximization algorithm and applied it
to the influence maximization problem of dynamic
graphs, then recalculated the seed node set by calcu-
lating the influence of the deletion or addition of nodes
on the current sampling set. Cao et al.'® set a time
window and regarded the connection between nodes as
an action. The window slides down with time, and
then the new action enters the window while the old ac-
tion exits. According to the entry and exit of nodes, it
is judged whether it is necessary to recalculate the seed
nodes in the window obtained in the previous period to
solve the problem of maximizing the influence in the

17]

dynamic graph. Wu et al. """’ studied the problem of
influence maximization with the object of time sequence
diagram, improved the traditional independent cascade
model, and proposed two algorithms AIMT and IMIT to
solve the problem of influence maximization of time se-
quence diagram. Wei et al. "' studied the influence
maximization problem of dynamic social networks with
time change as the main feature, and proposed the in-
fluence maximization algorithm of dynamic social net-
works based on the feature. Yang et al. ") proposed a
method to measure the influence of complex network
nodes with three levels of neighbors according to the
propagation characteristics of neighbor nodes. This
method regarded the neighbors of node level 2 and 3
with propagation attenuation characteristics as a whole
to measure the influence ability of nodes.

2 Problem definition

2.1 Basic definition

Definition 1 ( time sequential social network )
Given network G,(V,E,T,) based on the time sequen-
tial relationship between social network diagram,V re-
presents node set, E represents the edge of the collec-
tion, including VI =n, |El =m, T, represents the
set of moments with connection between nodes in the
network , and T,  represents the set of moments with
connection between nodes u and .

Take Fig. 1 as an example to illustrate the social
network graph based on time sequential relationship.
Compared with static social network graph G ( edge
weights for the node transmission probability ), time
sequential social network graph G, are given the con-
cept of timeline, each node only at specific time
points, the weight on the edge represents the moment
when there is a connection between the two nodes. For
example, in Fig. 1(b), node a and node b are only
connected at two moments 3 and 6, there is no connec-
tion at other moments. Now calculate the influence
range of node a in Fig. 1 (a) and Fig. 1 (b) respective-
ly. The calculation process is as follows.

For convenience of calculation, it can be sup-
posed that the propagation probability between nodes in
Fig.1(a) and Fig. 1(b) is the same, and is the
weight values of each edge in Fig. 1 (a). Therefore, in
Fig. 1(a), node a activates node b and node ¢ with
probabilities of 0. 1 and 0. 03, respectively. If node ¢
is activated at this time, then node ¢ activates node e
with @ probability of 0. 1. If node e is activated at this
time, then node a successfully activates node ¢ and e,
with an influence range of 2. In Fig. 1(b), node a ac-
tivates node b and node ¢ at moments 3 and 2 with
probabilities of 0.1 and 0.03, respectively. If node ¢
is activated, then node ¢ will be activated after time 2.
Since node ¢ and node e are only connected at time 1,
and node ¢ is not activated at time 1, node ¢ will no
longer be able to activate node e. Therefore, node a
will only successfully activate node ¢ and its influence
range is 1.

Therefore, it can be seen that if only the static
graph-based influence maximization algorithm is ap-
plied to the time sequential social network graph, the
correct result cannot be obtained. Therefore, it is nec-
essary to study the time sequential relations based so-
cial network influence maximization problem.

2.2 Calculation of propagation probability
Definition 2 ( propagation probability) The prob-
ability that the active node u successfully activates its
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(a) Static graph G

Timeline —————F—+————1

————
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(b) Social network graph based on time temporal relationship G,

Fig.1 Static graph and time sequential social network graph

neighbor node v through the edge (u, v) is the propa-
e [0,1].

In the traditional research of influence maximiza-

gation probability, expressed as P, ,
tion algorithm, the degree estimation method is usually
used to calculate the probability of inter-node propaga-
tion, that is, the reciprocal of in-degree of the node is
used to estimate the probability of the node being acti-
vated by the upper node, as shown in Eq. (1).

P,, =1/InDegree(v) (1)

In Eq. (1), InDegree (v) represents the in-de-
gree of node .

This method has been well proved and applied in
the traditional research of influence maximization algo-
rithm. However, the method does not take into account
the problem of different contact times between nodes in
the social network graph based on time sequential rela-
tionship. Now, an example is given to illustrate this
problem, as shown in Fig. 2. In the static graph G, the
in-degree of node ¢ is 2, the probability that node ¢ is
affected by both nodes a and d is 1/2. But in figure
G;, when considering the number of connections, it
can be found that the contact number of nodes ¢ and a
is less than the contact number of nodes ¢ and d, and
the more times a node is contacted, the greater the
probability that it will be affected. Therefore, in
Fig.2(b) , the probability of node ¢ being affected by
node a should be less than the probability of node ¢ be-
ing affected by node d. The calculation result is incon-
sistent with that in Fig.2(a), that is, it is inaccurate
to use traditional degree estimation methods to calculate
the probability of node influence in a time sequential
social network graph. Therefore, the traditional calcula-
tion method needs to be improved.

In the traditional degree estimation algorithm, the
probability of node v being activated by node u is; the
proportion of edges (u,v) in all edges of node v,
namely P, , =1/InDegree(v). But in the degree esti-
mation algorithm based on time sequential social net-
works, because of the addition of time sequential rela-
tions, the weight of each edge is no longer the same,

and it is related to the number of connections between
two nodes | T(u,v) |, that is, the more connected the
edge, the greater the weight, and is proportional to the
relationship between them. Therefore, the weight of
the edge (u, v) is set to |T(u, v) |, then the propor-
tion of edges (u,v) in all income of node v is

| T(u, v) | , and the activation probability of
Z | T(v,, v) |
vy, € In(v)
node v by node u is shown in Eq. (2).
P = | T(u, v) | (2)

Z | T(v,, v) |

vpelIn(v)
In the Eq. (2), | T(u,v) | represents the number
of connections between node u and node v, and v, repre-
sents all in-degree nodes of node v.

(a) Figure G

(b) Figure G,
Fig.2 Schematic diagram of propagation probability calculation

2.3 Improvement of weighted cascading model
2.3.1 Traditional weighted cascading model

In the traditional weighted cascade model ( WCM) ,
each directed edge (u,v) is given a real value P, , =

1/InDegree(v) and P,, € [0,1], where P ,

sents the probability that node u successfully influences

w,v u,v repre-

node v through the directed edge (u,v). The propaga-
tion process of WCM model is as follows: at the initial
time ¢, the active node u has only one chance to acti-
vate each of its inactive neighbor nodes v, and the acti-
vation probability is P, ,. If node v has multiple active
parents at time ¢, then the active parent node activates
node v in any order at time ¢. If v is successfully activa-
ted, it becomes active node at time ¢ + 1 and tries to
activate its next level of inactive neighbor node in the

same way. This cycle continues until no new nodes in
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the network are activated.
2.3.2

Definition 3 (node active initial time) The time
when node v is successfully activated by its active par-

Improve the weighted cascade model

ent node u is its active initial time, which is expressed
as Act, and Act, =min{t|(t e T(u,v) and t=Act,) | .

Take Fig.2(b) as an example, the set node d is
the seed node (the initial active time of the seed node
is 0), and if it successfully activates node ¢, Act, = min
4,5} =4.

The traditional influence maximization algorithm
does not consider the initial time when nodes are acti-
vated , while the initial time when nodes are successful-
ly activated in the time sequential social network graph
needs to be considered. Therefore, the traditional
weighted cascade model is improved, and a new propa-
gation model is obtained based on time sequential so-
cial network graph—improved weighted cascade model
in this paper.

Take Fig. 1(b) as an example, let node d be the
seed node and successfully activate its neighbor node
c, then the initial active time of node ¢, Act, =2, that
is, node c is active after time 2. And because node ¢
and node e are only connected at time 1, at this time ¢
is still in an inactive state, so node ¢ must not activate
node e.

The TWCM propagation model is proposed based
on the WCM propagation model, so that information
can be transmitted in the social network graph based on
the time sequential relationship. The propagation
process of information in the time sequential social net-
work diagram through the IWCM model is described as
follows.

(1) In the initial network, the initial active time
of all nodes is set to Act, = — 1, indicating that all
nodes are in an inactive state. Set the initial active
time of seed node u, Act, =0, indicating that the seed
node is in active state at the time of 0. At this point,
seed node u activates its neighbor node v with a certain
probability, and node u has only one chance to try to
activate node v.

(2) When node u tries to activate the node v, it
first determines whether it meet Act, =max(T,, ). If
Act, > max(T,,, ), skip the node and start trying to
activate the next neighbor node; if meeting the Act, =

max (T, ,, ), then node u activates node v with proba-

| T(u, v) |
>

| T(v,, v) |
(3) No matter whether the node can activate node

bility Puw =

v eIn(v)

vor not, u will not try to activate node v in the future
propagation process.

(4) If node v is successfully activated, its initial
active time Act, is recorded, where Act, € T(u,v),
Act, =Act, = max(T, ).

(5) In the whole network, information is trans-
mitted from new active nodes to inactive neighbor nodes
until no new nodes in the network are activated.

2.4 Problem definition

This section defines and explains the problem of
time sequential influence maximizing based on the de-
scription of the above discussions. And the concept of
node influence and marginal benefit in time sequential
social network is introduced.

Definition 4 ( node influence) Node influence
refers to the set of all nodes that can be successfully
activated by node v in the network , expressed as o (v).

Definition 5 ( marginal benefit) The marginal
benefit of node v refers to the increase in revenue that
can be brought by adding a node v to the seed set S.
The calculation formula is shown in Eq. (3).

o,(S) =a(SU fol) -o(S) (3)
where , o (S) represents the influence range of seed set
S.

Problem definition ( time sequential influence
maximization problem based on neighbor node influ-
ence) Given time sequential social network graph G,
= (V, E, T,), and specific propagation model, in
the time sequential social network to find a node set S,
the number of nodes in the set S| S| = k, make the
effect of the set S most widely, set S is the seed node
set of G;.

3 Time sequential influence maximization
algorithm based on neighbor node influ-
ence

3.1 Influence measurement method of second-lev-
el neighbor nodes

The influence of nodes on second-order neighbor
nodes can be explained by independent probability
events in probability statistics. Independent probabilis-
tic events are defined as: if event A and event B are in-
dependent, then P(AB) = P(A) x P(B), that is, the
probability of event A and event B occurring at the
same time is the probability of event A multiplied by
the probability of event B occurring.

Similarly, in the time sequential social network as
shown in Fig. 3, the probability that node 1 activates
node 4 through node 2 is the probability that node 1 ac-
tivates node 2 multiplied the probability that node 2 ac-
tivates node 4 , that is, P
0.2 x0.3=0.06.

(node 1 activates node 4 through node 2) =
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Fig.3 Social network diagram (second-level neighbor)

Given the time sequential social network G, (V,
E,T.), Vand E represent network node set and edge
set respectively, and T, represents the set at the time
when there is a connection between nodes. According to
the improved weighted cascading model, the probabili-
ty that node u activates its neighbor node v is P, ,, and
the probability that node v activates its next-level node

v, is P, , then the probability that node u activates its
neighbor node and second-level neighbor node along
the path (u,v,v,) is shown in Eq. (4).

P=P, +P,  xP (4)
wherein, P represents the sum of the probability that
node u activates its neighbor nodes and second-level
neighbor nodes on the path (u,v,v,).

Therefore, node u is the sum of activation proba-
bilities of all its neighbor nodes and second-level neigh-

bor nodes in the whole network, as shown in Eq. (5).

Po= Y (P xS PP ()
wherein, O(u) is the outgoing node of node u, and P,
represents the influence range of node u in the whole
temporal social network.

Since the influence range of nodes is directly af-
fected by the activation probability between nodes,
Eq. (5) can be used to estimate the influence range of
nodes. However, when information is transmitted in
the actual social network as shown in Fig. 3, node 3 is
set as the seed node, and the information transmission
process is as follows.

Time step 0 Activate node 3.

Time step 1 Node 3 tries to activate node 2 and
node 1 with probabilities of 0. 15 and 0. 2 respectively,
assuming that both node 2 and node 1 are successfully
activated.

Time step 2 Since node 2 is already active at
this time, node 1 will not try to activate node 2 again.
However, when calculating the influence P, of node 1,
the influence probability of node 1 on node 2 has been
included, which is inconsistent with the actual trans-

mission process.

Considering the influence range overlap between
the nodes, when node i is selected as seed nodes, all
parent nodes u and ancestor nodes v ( the relationship
between node i, node u, and node v are shown in
Fig.4) are treated with influence discount. In its esti-
mate, subtract the overlapping part of influence, as

shown in Eqs(6) and (7).

Pu, = Pu _Pu,i - Z”EO“)PU,I'PL',A (6)
wherein, node u is the parent node of node i, and node
i, is the next-level node of node i.

P' =P -P,, (7)
wherein, node v is the ancestor node of node i, and
node u is the parent node of node i.

O—(—0

Fig.4 Schematic diagram of node relationship

3.2 Timing of influence

Due to the addition of time sequential relationship
in time sequential social network, Eqs (6) and (7)
need to be time-serialized. As shown in Fig. 5, assum-
ing that the initial active time of node 4 is 2, node 4 is
already active when node 4 contacts node 2 and node
5. Therefore, node 2 and node 5 have a chance to be
activated by node 4 respectively. However, if the ini-
tial active time of node 4 is assumed to be 5, node 4 is
inactive in the two moments (2 and 3) when node 2
and node 4 are connected, so node 4 has no opportuni-
ty to activate node 2. But, node 4 is already active at
the time 6 when node 4 is in contact with node 5.
Therefore , node 5 has a chance to be activated by node
4 once. It can be seen that, since the initial active
time of all nodes in the network is in an unknown
state, the larger the maximum value of the contact time
between two nodes, the greater the chance that the
node has to be tried to activate.

Fig.5 Time sequential social network (second-level neighbor)
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From the above examples, it can be seen that the
maximum value of the contact time between two nodes
max( T'(u,v)) will have an impact on the influence
range of nodes, and the larger the maximum value of
the contact time between two nodes, the wider the in-
fluence range of nodes. Therefore, consideration of
max( T'(u,v) ) is added into the estimation formula of
the influence range of nodes, and the time-serialized
formula is

P = Z (Pu, x max(T(u,v)) + Z P,.P,.,

u
ve0(u) vl € O(v)

x min(max(7T(u,v), max(T(v, v,))))
(8)

After node i is selected into the seed set, the in-

v

fluence of its parent node u is updated, and the influ-
ence range of the updated node is shown in Eq. (9).
P/ =P, -P, xmax(T(u,i) - > P,.P,
1E00i)
x min(max(T(u,7), max(T(i, i,)))
(9)
where , P, is the estimated value of influence of node u
after discount.

At the same time, the influence of its ancestor
node v is updated, and the influence range of the upda-
ted node is shown in Eq. (10).

P' =P, -P,, xmax(T(u,i)) (10)
where, P,’ is the estimated value of influence of node v
after discount.

The above formula is for estimating the influence
range of nodes in the time sequential social network.
The larger the estimated value of the node’ s influence,
the higher the influence range of the nodes. Therefore,
in the heuristic algorithm, the estimated influence of
nodes is often used to represent the influence of nodes,
and then seed nodes are selected, as shown in Eq. (11).

Inf(v) = P’ (11)
where, Inf(v) represents the influence range of node
v.

3.3 Description of STIM algorithm

The main research strategy of STIM algorithm pro-
posed is heuristic strategy, that is, the influence of
non-seed nodes is estimated in each seed node selec-
tion process, and the node u with the largest estimated
value is selected as the seed node.

The idea of STIM algorithm is as follows; the
problem of time sequential social network influence
maximization is solved in two steps. Firstly, the node
influence of the second-level neighbor is estimated ac-
cording to the measurement method in subsection 3. 1.
Then, according to the influence estimation results,
the node u with the largest estimated value is selected

as the next seed node, until all ¥ seed nodes are found
out. The specific description process of STIM algorithm
is Algorithm 1.

Algorithm 1 STIM
Input; social network G,(V,E,T,), k;

Output: seed set S;

(1) Calculate propagation probability between nodes in
time sequential social network according to the calculation
method of propagation probability between nodes in subsection
3.2;

(2) Use Eq. (5) to calculate the influence of all nodes
in the network, and make it time sequenced;

(3) Select the node v with the greatest influence as the

first seed node, mark node v as active state and add it to S;

(4) Update the influence estimate of parent node of S
and its grandfather node according to Eqs(9) and (10) ;
(5) Select the node u with the largest influence estima-

tion after updating as the second seed node and add it to S;

(6) Repeat Steps (3) to (5) until k nodes are selected.

3.4 Pseudo code

G,(V,E,T,) is used to represent a social network
based on time sequential relationship, where V repre-
sents the set of nodes, E represents the set of edges, T}
represents the set of contact moments between nodes, k
represents the number of seed nodes required, and S

represents the set of seed nodes. The pseudo code of
the STIM algorithm is Algorithm 2.

Algorithm 2 Time sequential influence maximization algo-

rithm based on neighbor node influence

Input; social network G,(V,E,T;), k;
Output : seed set S;

(1) Initialize S = @;

(2) For any node u in graph G, do;

(3) Calculate P
bor node of node u;

(4) End for;

(5) For any node u in graph G, do;

(6) P, =P, -P, xmax(T(u,i) = > P, P, X

// v indicates the next-level neigh-

uw,

u,i

&0t
min(max(T(w,i), max(T(i, i,)));
(7) End for;
(8) Fori = 1tokdo;
(9) v = argmax, {P," | u e V/S};
(10) S = SU {v};
(11) End for.

In Algorithm 2, Step (1) initializes the seed set S
to an empty set; In Steps (2) — (4), the propagation
probability between nodes in time sequential social net-
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work is obtained based on in subsection 2. 2; Steps
(5) = (7) estimate the influence range of all nodes;
Steps (8) — (11) find the first & nodes with a larger
estimated influence range and incorporate them into the
seed set.

The time complexity analysis of STIM algorithm is
as follows; let the number of nodes of network G,(V,
E, T,) be n, the number of edges be m, the size of
seed set be k, and the number of contact moments be-
tween nodes in the network be z. In Algorithm 1, Steps
(2) = (4), the time complexity generated when calcu-
lating the propagation probability between nodes is
O(m) ; Steps (5) — (7) estimate the influence scope
of each node in the time sequential social network, and
the time complexity generated is O(n); Steps (8) —
(11) select k nodes with the greatest influence and it-
erate k rounds, so the time complexity is O(k); To
sum up, the time complexity of STIM algorithm is O(n
+ m + k). Since the value of £ is generally less than or
equal to 50, that is, far less than n and m, so O(k)
can be ignored, then the time complexity of the STIM
algorithm is O(n + m).

4 Experiment and result analysis

Three real datasets of different scales are selected
as input data to realize seed node selection and seed
influence calculation in time sequential social network
graph based on neighbor node influencein.

4.1 Experimental data and parameter setting
Dataset 1 used in the experiment is derived from
the online social network of University of California,
composed of private messages. Edges (u,v,t) indicate
that user u sends a private message to user v at time
1), Dataset 2 is the E-mail data of a large European
research institution, and the directed edges (u,v,t)
indicate that user u communicates with user v through

E-mail at time ¢'*"

. Dataset 3 is a time sequential net-
work that edits each other’ s ‘ conversation’ pages on
behalf of Wikipedia users. Edges (u,v,¢) indicate
that user u has edited the conversation page of user v at
time 1), The number of experimental datasets is

shown in Table 1.

Table 1  Adoption number of experimental datasets
Dataset Nodes of dataset Number of sequential edges Number of static edges Time span
Wiki-Talk 1140 149 7 833 140 3309 592 2320
CollegeMsg 1899 59 835 20296 193
Email-Eu-Core 986 332334 24 929 803

In this paper, the STIM algorithm is divided into
two steps. The first step is to calculate the propagation
probability between all nodes. The second step is to es-
timate the influence range of all nodes and select k
nodes with the largest influence range as the seed node
set. While realizing the algorithm, some classical algo-
rithms and new algorithms in recent years with better
running effect are reproduced. The advantages and dis-
advantages of each algorithm are compared and ana-
lyzed from two aspects of the influence range and run-
ning time of the algorithm.

Coverage threshold maximum influence ( CTMD)
is a degree maximum heuristic algorithm based on cov-
erage threshold. This algorithm uses the improved k-
shell algorithm to calculate the influence of nodes in
the network and select the initial seed node set. Mean-
while, the activation probability of nodes within two
degrees is considered.

Influence estimation influence ranking (IEIR) is
an algorithm based on influence estimation and influ-
ence ranking, and it has good comprehensive ability
among traditional influence maximization algorithms at
present.

DegreeDiscount is the representative of the heuris-
tic algorithm. The node with the highest degree is se-
lected as the seed node, and then the degree of the
neighbors of the selected node is discounted until %
nodes are selected.

Random, as a benchmark comparison method,
simply randomly selects k non-repeating nodes from the
time sequential social network graph as seed nodes.

In the stage of seed node selection, CTMD algo-
IEIR algorithm,
Random algorithm and STIM algorithm select the size
of seed node set k£ as 5, 10, 15, 20, 25, 30, 35, 40,
45, and 50 respectively.

rithm DegreeDiscount algorithm,

4.2 Influence of seed nodes in different algorithms

The correlation algorithm is tested on three differ-
ent datasets. Scope of influence refers to the number of
nodes ultimately affected by calculating the seed set
through the algorithm in the initial stage of the network
to spread the seed set in the network. The wider the
influence range of the seed set, the higher the accuracy
of the algorithm.

Fig. 6 shows the seed nodes impact on the Wiki-
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Talk dataset. As can be seen from Fig. 6, among many
comparison algorithms, IEIR algorithm and STIM algo-
rithm have a wide influence range, while the influence
range of other algorithms is at a low level. When selec-
ting different number of seed nodes, with the increase
of the number of seed nodes, the influence range of 1E-
IR algorithm is always in a stable state. As the number
of selected seed nodes increases, the influence range of
STIM algorithm expands. That is, when the number of
seed nodes is less than 25, the influence range of TEIR
algorithm is higher than that of STIM algorithm; but
when the number of seed nodes is greater than 25, the
influence range of STIM algorithm is higher than that of
IEIR algorithm.

—4- STIM
17 500 1(-e- TIM
TEIR ] e
15 000 DecgreeDiscount - .———0---""'
~®- Random J
12 500 | aand
8 10000
15}
|
E 7500
5000
2500
0 [ oy Erl TIE POl IO DDl Dol DOl DIOL |
0 10 20 30 40 50

Num_node

Fig.6 Effect of seed nodes on Wiki-Talk dataset

Fig. 7 is an effect diagram of seed nodes on Colle-
geMsg dataset. It can be seen from Fig.7 that the in-
fluence range of STIM algorithm is much higher than
that of other algorithms regardless of the size of the
seed node set. Atk = 50, the influence range of STIM
algorithm is 7. 82 times, 4.56 times, 2.25 times, and
6.92 times that of IEIR algorithm, CTMD algorithm,
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150 DegreeDiscount _-
-®- Random r
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Z 75 =¥
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Fig.7 Effect of seed nodes on CollegeMsg dataset

DegreeeDiscount algorithm, and Random algorithm re-
spectively. Among other algorithms, DegreeeDiscount

algorithm has better effect, while IEIR algorithm, CT-
MD algorithm, and Random algorithm have worse
effect.

Fig. 8 is an effect diagram of seed nodes on Email-
Eu-Core dataset. As can be seen from Fig. 8, STIM al-
gorithm has the widest influence range, followed by IE-
IR algorithm and DegreeDiscount algorithm, and CTIM
algorithm and Random algorithm have the smallest in-
fluence range. When k < 15, the influence range of
IEIR algorithm is higher than DegreeDiscount algo-
rithm, while when k > 15, IEIR algorithm is overtaken
by DegreeDiscount algorithm. When k = 15, the influ-
ence ranges of CTMD algorithm and Random algorithm
reach the same level.
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Fig.8 Effect of seed nodes on Email-Eu-Core dataset

4.3 Selection time of seed nodes in different algo-

rithms

In this subsection, under the IWCM propagation
model, the running time of CTMD algorithm, TEIR al-
gorithm, DedegreeDiscount algorithm, Random algo-
rithm, and STIM algorithm are respectively counted.
The calculated time is the running time of 50 seed
nodes selected from three datasets of different scales,
as shown in Table 2.

Table 2 Running time of STIM algorithm

Algorithm ~ Wiki-Talk/s  CollegeMsg/s Email-Eu-Core/s
CTMD 42.290 1.070 0.310
[])jifﬁu 4.800 0.078 0.048
Random 2.900 0.041 0.026
TEIR 209.980 3.560 1.630
STIM 112.450 6.270 0.706

As can be seen from Table 2, the running time of
STIM algorithm, CTMD algorithm, DedegreeDiscount
algorithm, IEIR algorithm, and Random algorithm
grows gradually with the gradual increase of the scale of
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time sequential social network. IEIR algorithm has the
longest running time, followed by STIM algorithm, and
other algorithms have relatively short running time.
The analysis of the experimental results shows that
the Random algorithm has the shortest running time be-
cause of the randomness of seed node selection, but its
influence range is much smaller than other algorithms.
IEIR algorithm is a traditional influence maximization
algorithm with better comprehensive ability. Although
its influence range is relatively large, its running time
is also the longest. CTMD algorithm is a relatively new
influence maximization algorithm in the past two years.
Although its running time is short, it does not consider
the factors of time sequential and second-level neighbor
nodes, which leads to the shrinkage of the influence
range. DegreeDiscount algorithm is a heuristic algo-
rithm that only considers first-level neighbor nodes.
Compared with STIM algorithm, the running time of
DegreeDiscount algorithm is smaller than that of STIM
algorithm because the scope of neighbors it considers is
smaller, but its influence scope is also much smaller

than that of STIM algorithm.
5 Conclusion

In recent years, social phenomena such as sec-
ondhand smoke, happiness transmission and microblog
forwarding have two main characteristics; (1) Time
sequential change. As time goes on, the topology of
such networks also changes constantly; (2) Secondary
dissemination of information. Information is spread
widely in the category of secondary neighbors in such
networks. In view of the two characteristics of the net-
work, the STIM algorithm is proposed in this paper.
Firstly, the propagation probability between nodes is
calculated by the improved degree estimation algo-
rithm; Secondly, the traditional weighted cascade mod-
el is improved so that it can be applied to social net-
works based on time sequential relationships; Finally,
STIM algorithm is proposed based on the improved
weighted cascade model. Experimental results show
that STIM algorithm is more targeted than CTMD, De-
degreeDiscount, IEIR, Random and other influential
maximization algorithms with universal characteristics.
In the three networks selected in this section with time
sequential characteristics and next-level transmission
characteristics of information, STIM algorithm shows its
advantages in terms of influence scope and running
time, and can better solve the problem of maximizing
the influence of next-level neighbor’ s time sequential
social network.

The following in-depth studies will be carried out

in the future work: (1) Research the actual factors of
the time sequential influence maximization problem
based on the influence of neighbor nodes, such as the
different information types, cost, time; (2) Expand
the algorithm so that it can be applied to time sequen-
tial social networks targeting multi-level neighbor
nodes.
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