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An Influence Maximization Algorithm Based
on Community-Topic Features for Dynamic
Social Networks

Xi Qin", Cheng Zhong

Abstract—Real social networks are huge and continueto expand
rapidly. Most existing dynamic influence maximization (IM)
algorithms are based on the node-to-node propagation model;
hence, they have high time complexity and large storage space
consumption. They usually reduce computational complexity
using a sampling method while sacrificing the influence spread. In
this paper, we propose a topic-aware community independent
cascade (IC) model to reduce the complexity of dynamic IM
without losing accuracy. The proposed model reduces the problem
domain through community-level propagation, and then enhances
the global features by integrating community structural features,
community topic features, and time information into an IC model.
We construct the data structure of the dynamic community index
to avoid recalculation when the network grows. Based on the
dynamic community index, we design a dynamic IM algorithm to
quickly approximate the solution with the (1 — %)-approximation
guarantee. The experimental results on real social networks
demonstrated that, compared with existing IM algorithms, the
proposed algorithm had better stability and dynamic adaptability,
higher computational efficiency, and less space consumption
without reducing the approximation ratio and influence spread.

Index Terms—Influence Maximization, Dynamic Social Net-
works, Community Features, Topic-Aware.

1. INTRODUCTION

EAL social networks can quickly spread product news

by virtue of their large user groups and word-of-mouth
effects. Research on the influence maximization (IM) of
social networks has been receiving extensive attention from
academia and industrial fields. There are two important IM
issues in a social network. The first issue is how to identify
the most influential users, we call them seeds, to maximize
the spread of information. The second issue is how to esti-
mate the influence spread of seeds. Domingos [1] and
Richardson [2] proposed the basic algorithm of the IM

Manuscript received January 12, 2021; revised September 22, 2021; accepted
November 8, 2021. Date of publication November 15, 2021; date of current ver-
sion March 23, 2022. Recommended for acceptance by Xiaoming Fu.
(Corresponding authors: Xi Qin; Cheng Zhong.)

Xi Qin is with the School of Computer Science and Engineering, South
China University of Technology, Guangzhou 510641, China, and also with
the School of Computer, Electronics and Information, Guangxi University,
Guangxi 530004, China (e-mail: qinxi @gxu.edu.cn).

Cheng Zhong is with the School of Computer, Electronics and Information,
Guangxi University, Guangxi 530004, China (e-mail: chzhong @ gxu.edu.cn).

Qingshan Yang is with Government Department, Kunming, Yunnan 650032,
China (e-mail: gqingshan_yang @sina.cn).

Digital Object Identifier 10.1109/TNSE.2021.3127921

, and Qingshan Yang

problem. Kempe et al. [3] further proposed two classic IM
propagation models: the linear threshold (LT) model and
independent cascade (IC) model. Kempe also proved that
although the IM problem is NP-hard, if the influence propa-
gation function satisfies non-negativity, monotonicity, and
submodularity, then the greedy method can be used to solve
the IM problem with the (1 —!— ¢)-approximation ratio,
where e is the base of the natural logarithm and ¢ is any posi-
tive real number. Subsequently, researchers proposed approx-
imation IM algorithms based on static network models, such
as CELF [4], CELF++[5], TIM [6], and IMM [7]. However,
the topology of the network, propagation probability between
users, and interests of users constantly change over time in a
real social network. Hence, researchers began to further
explore the IM problem in a dynamic network environment.
The dynamic network is modeled as a collection of static net-
work snapshots at multiple time steps. This indicates that the
dynamic IM problem is more complicated than the static IM
problem. Solving the dynamic IM problem not only requires
solving the tracking problem of the dynamic network but
also studying the reduction of the algorithm time-space
complexities.

To reduce the complexity of the dynamic IM problem, we
model the dynamic social network as a set of “community
networks” at multiple time steps and study influence propa-
gation at the community level. We establish a community
feature set to enhance the influence spread of the IM model
by integrating community topological features, community
topic features, and time information. We also design a
dynamic community index (DC-index) structure to record
network changes and dynamically update the results of the
IM algorithm without recalculation. The contributions of this
paper are as follows:

1) We propose a topic-aware community IC (TCIC) model
to reduce the required time-space complexities of
dynamic IM without losing accuracy.

We construct the data structure of the DC-index to obtain
the effect of avoiding recalculation when the network
grows. Based on the DC-index, we design a dynamic IM
algorithm to implement the goal of quickly approximating
the solution with the (1 — %)—approximation guarantee.

The experimental results on real social networks
demonstrated that the proposed algorithm is superior
to existing algorithms in terms of influence spread,

2)

3)
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stability, scalability, running time, memory usage, and
acceleration.

The remainder of the paper is organized as follows: In
Section II, we summarize recent work. In Section III, we intro-
duce the TCIC model in detail. In Section IV, we describe the
DC-index structure and algorithm. In Section V, we present
the experimental results. In Section VI, we summarize the
paper and propose future work.

II. RELATED WORK
A. Influence Maximization Analysis in a Dynamic Network

Dynamic IM analysis has become a challenging problem
because of the constantly evolving relationships in real social
networks. In recent years, studies have been conducted on the
IM problem in a dynamic network environment. Aggarwal
et al. [8] expressed the dynamic network as an initial graph
G" and evolution graph G’ in the time interval [t,¢ + h], and
proposed a heuristic method to identify the seed set S! at time
t whose influence value is the largest at time ¢ + h. This was
an early solution to the dynamic IM problem. Chen et al. [9]
designed a upper bound interchange (UBI) greedy algorithm
with the 1/2-approximation ratio based on the upper bound-
based lazy forward algorithm [10] and shortest path 1
model [11]. The UBI algorithm is currently only applicable to
IC models. Ohsaka et al. [12] designed a dynamic IM algo-
rithm based on the classic IC model, which uses the index
structure to update the network topology information. Bao
et al. [13] proposed a dynamic IM algorithm called RSB. In
the model training stage, RSB relies on a large amount of
training data to ensure the accuracy of the model. Wang et al.
[14] proposed a general regularized learning framework to
model topic-aware influence propagation in a dynamic net-
work. Li et al. [15] proposed an agent-based long-term influ-
ence automatic maintenance model and a timeliness increase
heuristic algorithm, which can select influential nodes multi-
ple times in a dynamic social network. Then, Li [16] further
proposed a collective intelligence model to investigate influ-
ential nodes in a fully dynamic environment. It occupies many
computers’ running memory when processing a large number
of sample data, and its result falls easily into the local optimal
solution. Meng ef al. [17] used the dynamic IC model to
explore dynamic IM problems. Min et al. [18] proposed a new
concept of “time-aware IM,” and designed a topic-based time-
aware greedy algorithm and topic-based time-aware heuristic
algorithm. Yerasani et al. [19] proposed a simple memetic
algorithm to identify seeds that are activated at various time
intervals to maximize the gain of the influence value.

Most existing dynamic IM algorithms are based on the
“node-to-node” diffusion model. The time-space complexity
of these models is high, and the seed search efficiency is low.

B. Community Influence

Community is an important structure in social networks.
Nodes in the community have the characteristics of close topo-
logical correlation, similar focus on topics, and frequent

interaction [20]—[22]. Studies have been conducted that use the
community structure to optimize the IM algorithm. Belak et al.
[23] proposed a cross-community influence analysis frame-
work to provide coarse-grained analysis for social networks.
Eftekhar et al. [24] proposed a coarse-grained propagation
model that examines the social network at the group level. An
IM algorithm that uses this model can quickly identify the most
influential “groups” instead of “individuals,” which greatly
accelerates the IM calculation in a social network. Chen et al.
[25] proposed a community IM algorithm in a static network.
Wang [26] proposed an evolutionary network modeling
method using the community structure. Researchers have
shown that using the community structure can help the IM algo-
rithm to improve the processing power for social networks.

Existing analysis of IM based on the community structure is
not sufficiently good for the adaptability of network evolution.
Additionally, existing algorithms lose features in the commu-
nity abstraction process, which reduces their accuracy.

C. Topic-Aware Influence

The mining of users interests in social networks is a very
important issue that requires topic extraction from the content
to which users pay attention [27]. Therefore, the topic is an
important form of content dissemination in social networks.
Topic-aware IM modeling is an effective extension of topol-
ogy-based modeling. By integrating topic characteristics, the
model can describe IM problems more accurately in a real net-
work. Recently, studies have been conducted on the topic-
aware IM problem. Barbieri et al. [28] proposed an Authorita-
tiveness-Interest Relevance (AIR) model and designed a gener-
alized expectation maximization algorithm to learn the
parameters in the AIR model. Aslay et al. [29] proposed a tree-
based index to quickly search seeds for the topic-aware IM
problem. Wei et al. [30] studied the pre-processing of real-time
topic-aware IM to avoid recalculating the IM for each topic.
Chen et al. [31] proposed an maximum influence arborescence
algorithm to approximate the influence propagation using the
local tree structure of nodes. This algorithm is different from
those in the topic-aware IM studies that used edge topic depen-
dence to establish a propagation model. Li et al. [32] proposed
a real-time topic-aware maximization algorithm based on node
topic-relevant target modeling. Wang et al. [14] designed a
general regular learning framework to model the influence
propagation of topic perception in a dynamic network.

Most existing topic-aware IM algorithms are based on
node-to-node propagation models. Although the accuracy and
influence spread of the algorithm have been improved, the cal-
culation efficiency is not high.

III. PROBLEM MODELING

In this section, we introduce the TCIC model and formalize
the IM problem in a dynamic network environment. Table I
shows the symbols used in the model.
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TABLE I
SYMBOLS AND THEIR MEANINGS IN THE MODEL
Symbol | Description
G original social network
\%4 the set of individual users
E the set of social relations between individual users
Geom community network
Veom the set of super nodes
FEcom the set of social relations between super nodes
dg in-degree of community C
do out-degree of community C
m number of communities
M size of seed set
t t-th time step
T total number of time steps
l iterative variable of the propagation within the
community
F number of iterations of the propagation within
the community
Gt o community network at time step ¢
AGE,,, | the change of topology of G%,,,
Stom community seed set of time step ¢
o' (Stom) | influence value of the community seed set of time
step £
C a super nodes (community) in Veom
N¢ neighbors of community C'
z topic ID
k total number of topics
9? distribution of topic z in community C
Pe target probability of community C at time step ¢
q propagation probability within the community
PL coagulation coefficient of community C at time
step ¢
wéil community influence coverage of community C
at time step t after [ internal diffusion
Feo feature set of community C
Jer ability of community C to influence other
communities
feo ability of community C to accept influence from
other communities
Weu,cv influence weight of community cu on community
cv
Tev,cu total number which users in community cv follow
users in community cu

A. Diffusion Model

In the classic IC model, the social network is represented as
a directed graph G = (V, E)), where V' denotes the set of indi-
vidual nodes in the network and E denotes the set of social
relationships between individual nodes. Each user v € V has a
status of either inactive or active, and the status does not return
to inactive after the user is activated. Each edge (u, v) € E has
a propagation probability p(u,v) that represents the strength
of the influence of user v on user v. Propagation starts from
the seed S and proceeds in discrete time steps. When user u is
activated in time step ¢, it attempts to activate all inactive
neighbors in time step ¢ + 1.

To use the community feature to reduce the calculation com-
plexity, we redefine the IC model at the community level. We
define community C' as a super node C' = (CV,CE), where
CV C V is a group of users that belong to the community and
CE C FEis a group of relationships between community mem-
bers. The out-degree d., and in-degree dj, of the super node C'
refer to the sum of the out-degree and sum of the in-degree of
all members in community C, respectively. Based on the super
nodes, we describe the social network as Georm = (Veom, Eeom)s

where V., = {C1,C5,...,C,,} represents the set of super
nodes, m = |V |, and Eeom={(cu, cv), cu € C,, cv € Cy, and
Co,Cyp € Veom, 1 < a,b<m, a#b} represents the set of
social relations between super nodes. Each super node C' €
V.om has a target probability pc. Among the activated super
nodes, the top M super nodes with the strongest influence are
called community seeds. The diffusion process of the commu-
nity IC model has two stages: community activation and intra-
community spread. Starting from community C, the influence
diffusion process is performed on G, as follows: when the
community C'is activated at time step ¢, the internal nodes of C
are affected with probability ¢ at time step ¢ + 1, and at time
step t + 2, the newly added activation node in community C'
influences neighboring communities N¢. Neighboring commu-
nity N € N¢ is activated with target probability py, and com-
munity C' continues to activate internal nodes simultaneously.
The diffusion process of the TCIC model is shown in Fig. 1.
Given community seed set S, its influence value is defined
as the expected number of activated individual nodes at the end
of the diffusion process, represented by influence function
0(Seom). The IM problem based on the TCIC model aims to
identify S C V., that maximizes (S, ) among all sets of
size at most M. Formally, the IM problem is defined as the fol-
lowing optimization problem:
S = argmax o(Scom), |Seom| < M. (1)
To calculate the target probability pc- of the community
(super node) C'in TCIC model, we define the community fea-
ture set Foo = (fen, foo), where for represents the influence
of community C on other communities and f¢ represents the
acceptance of community C' of external influences. We calcu-
late the two features using the information transmission calcu-
lation [23]. Assume that there are two communities cu and cv,
where cv pays attention to cu. We use We, ., to represent the
weight of cu’s influence on cv, and define it as follows:

Tev,cu
Wey,co = - 3 (2)

cv

where 7, ., represents the total number of users in community
cv that follow the users in community cu, d_, denotes the sum
of the outgoing degrees of community cv. fo1 = (wee,, Weey
e ,’wccm), fCQ = (wC1 C,Wey Cy- - - ,w(jmc), where C, Cl,
Cy, .o, Ch € Voo, m = |Vcom|'

We define target probability pc as the probability of com-
munity C' being activated under the influence of community
feature set Fio. To enhance the global characteristics of pc, we
consider p¢ as the topic-aware probability. There is a topic z €
[1, k] in Gop,. Then each super node C' has topic-aware target
probability p¢:

k
pe = p(ClFe) =Y p(Clz) x p(zl Fe). &)

z=1

Assume that the features in the community feature set are
independent of each other. Hence, (3) can be transformed into
the following using the Bayesian formula and total probability
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Fig. 1. Topic-aware community independent cascade propagation model.

formula:

" p(Fel2) x p(2)
p(Fo)

[, p(12) % p2)
Yo [ ep (A1) x p(2)
(€]

where p(z|C) is the distribution of topic z in community C,
denoted by 67. According to the prior probability, p(z) =
p(?) =1.p(C) = L. Hence,

& I1,.. »(f12)
= 92 C .
e = 2% b [ ep (1)

z=1

k
. ;pucz(:)p(c*)

_ -p([0) x p(C)
B ; p(2) )

(&)

After a community is activated, the diffusion among internal
users is related to the internal topology of the community.
Within a cohesive (highly connected) community, members
have a high influence on each other. We use cohesion coeffi-
cient p- [24] to describe the internal structure of community C:

po =0 O e, ©)
c

where cu represents the users in community C, e_, denotes the
number of outgoing edges that cu connects to other nodes in
community C, > ~e., represents the sum of outgoing
edges among all users in community C, and d is the out-
degree of community C. The internal diffusion of community
C is described by the community influence coverage m¢ €
[0,1],C € Vpp. mc =0 means that there are no activated
users in community C' and 7o = 1 means that all users in
community C' have been successfully activated. After

adjacent communities with a certain probability. The members of the
activated community are activated group by group due to environmental
influence and turn red. The blue ones are inactive members.

community C'is activated, the activations inside this commu-
nity lead to an expected number of pc X ¢ X p- additional
activated members. The newly activated members start the
intra-community diffusion process and succeed in increasing
the progress fraction by pc(g X pC)Q. Adhering to this intra-
community diffusion process yields the first influence cover-
age 7}, of community C'is:

2
ne = po+pe x g% pe+pc(gx pe)’ + -

_ mm<1,7p0 ),c € Vion. )
1—gxpc

In the community diffusion process, the nodes in commu-
nity C are not only affected by C' but also by neighboring
communities of C. The influence coverage of the (I + 1)-th

diffusion in community C'is 7/

+1 _ . I . - pc
jTC = mln(l,n’c +]I\2(}\/’)é((ﬂ{]v — ]Ti,\“.l) X Wye X m)
i pc
+(1_RC>X1_qXpC)7N7C€‘/Com7 (8)

where community N represents the neighboring community of
l -1 26

C, maXNENC((JTN — 7TN ) X WNne X 17{15/)0

newly activated nodes of neighboring communities attempt to
. . _ 2

activate members of community C, and (1 — 7)) X osro

denotes mutual diffusion between nodes in community C.

) means that the

B. Influence Maximization Problem in a Dynamic Network
Environment

In a dynamic network environment, we regard social net-
works as a set of static network snapshots at a series of time
steps GP ={G! |t=1,...,T}. The change of topology

com com ‘
between two time steps is expressed as AG! ==
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(AVE, JAE! ). The relationship between network snapshots
at time steps t and t+1 is GiJL =Gi UAG! .t
1,...,7—1, where G', = (VI E' ). For each G, ,

there is a set of corresponding community target probabilities
p? and a set that consists of community influence coverage
JTCl The first inﬂuence coverage of the TCIC model in
dynamic network, nC , 1s expressed as

1
pc) C € ‘/com (9)
1—¢gx :00

J'[lcl1 = min (1
At each time step ¢, the influence coverage of the [+ 1th
propagation, thélﬂ, is expressed as

AAS N t 1 ti-1 ¢
o =min| 1,7/ + max (JTN — Ty ) X Wy
NeN¢

¢ ¢
)y (ot x 2,
1—gxp, 1—qxpg

N,CeV, (10)

com

At time step ¢ + 1, the influence coverage of the first propa-

1,1
gation, ng , is expressed as

n B, tF tF _ _tF-1 t+1
7o = min| 1,74 + max (nN — Ty ) X Wiye
NENC

o P Y (1) ),
1— q x Iot+1 c 1— q x pt+1

N,C € Veom, (11)

where F' represents the last diffusion at time step ¢.

To solve the dynamic IM problem, it is necessary to identify
a series of seed sets SD = {S! |t = ,T} of size at
most M to maximize the influence functlon o' (S’ ):

com

tx
S, = argmaxo (

< M,t=1,....,T. (12)

(om) | com

We use the final influence calculation method in [24] to esti-
mate the influence value of the seed set. At each time step ¢,
the inﬂuence value of the community seed S%  is ol =
nl x ”5 , where ns is the number of internal users of the
seed S and 71 ¥ is the final influence coverage of the seed S at
the time step t.

If there is no overlap between the communities, the influ-
ence value of the optimal seed set S™ . o' (S% ), is calculated
as follows:

St*

(O’!VL

= Y nkxadt=1,...T (13)

Se SLom

If the communities overlap, the influence value o/ (S% ) of

com
optimal seed set S**  is calculated as follows:

(14)

t o _tF
n X | I b
ﬁjr 15 r=1 biT ’

77777 Stom]

=1,..

For example, if there are three community seeds in the seed

set 5% and they overlap, the total influence value o*(S% ) is

b _ .t t.F t t.F t t.F
ol(S% ) = Mg, X WG +ng, X TG, + ng, X TG,

tF tF tF tF
nsmsz X g X TG, — nSQnS2 X g X Mg,
LF LF

nSﬂTSg X nél X 7[»53
t.F tF t.F

+ nslﬁSQQSJ X 7[51 x 7T52 x T[bg (15)
: : t ¢
At any time-step t, solving S¥ = argmaxo’(S’, ) has

been proven to be NP-hard [3]. The influence function repre-
sents the expected number of active nodes at the end of the dif-
fusion process; hence, mapping function o/ (S’ ) : 2Veom — R
is a non-negative function. Because the state of activated
nodes in the TCIC model does not roll back, influence value
o'() increases when seed set S’ is expanded. Therefore
o'(+) is a monotonically increasing function. Next, we prove
the submodularity of o' (-).

Submodularity: ot( -) is a submodular if and only if for any

commumty CeV! and two seed sets S! ~—and T

(‘0777, com com?

S(t()"L — LU"L’ ( com U {C}) -0 (S(t()'ﬂl) > O’(j_'(t()'ﬂl U {O})
o'(T?,,) holds.
Proof: Because S', CT! . ngf X ntc P nsfo,,m{C} <
ntTZm x 7 x nl o) According to (14), o' (St U{C})
(S(t’()”n) Z ( com U {C}) -0 ( (07”) Therefore at( ) iS
submodular.

According to the [33], if o'(-) is non- negative, monotonic
and submodular, and o' (¢) = 0, then for S’, = obtained by the
greedy strategy-based IM algorithm, o(Szom) >(1-(1-
M)M) x o(S™ ) holds. Because 1—1 < (1 —(1- —)M),
M > 0, and limp/ (1 — (1 — —)M) =1—1, the approxi-
mation ratio can be simplified to (1 —2). If the IM algorithm
approximately solves the IM problem using a sampling
method, there is an additional term ¢ (sampling error) in
approximation ratio; that is, (1 — % — ¢). Our proposed algo-
rithm does not perform sampling; hence, its approximation
ratio is (1 —1).

IV. METHOD
A. Dynamic Community Index Structure

In a real social network, the snapshots of two adjacent time
steps are similar. Similar snapshots may lead to similar seed sets.
Hence, the seed set and influence value of the next time step snap-
shot can be calculated based on the result of the previous time
step. We propose the DC-index structure to store Gy
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Algorithm 1. CFDI

Algorithm 2. CFCI

Input: G! v

com ( com?

Output: DC-index [
1 // Stage 1:offline preprocessing

E!

com )

T,q, M,k F

2 fort=1;t<T;t++do

3 for each community C'in V! do

4 Calculate I, = (fe1, feo) using (2);
5 forz=1;2<k;z+ + do

6 Calculate G?f using the LDA model [34];
7 end

8 Calculate p, using (5);

9 Calculate pf, using (6);

10 Count the number of nodes nt(,
11 7t — 0,IsSeed., «— 0,0k, — 0;

12 end

13 I« IU(IsSeed., ok, nk, 7l)

14 end

15 //Stage 2:0On-line Diffusion Processing
16 for each communzty CinV! do

com

17 Calculate rrC using (9);

18 end
19 fort =1;t <T;t+ + do
20 for each community C'in V. do
21 //nitialize temporary variables thc’o
22 ntc’o «— 0;
23 forl=1;I<F—-1;l4++do
24 Calculate rrt 1 using (10);
25 end
26 Lt — bl
27 //Calculate the influence of each community I.o}, <
nk X mhy;
28 //Calculate the value of 7'rt+ L at next
//time-step
29 Calculate an - using (11);
30 end
31 //Set the top-M communities with the largest
//influence value as seed communities
32 S—¢;
33 fori=1;i < M;i++do
34 s — argmax.. g (L.0og)
35 S — Su{sh
36 LIsSeed! «— 1;
37 end
38 end
39  return I;

community diffusion information at time step ¢. The DC-index
structure [/, is a four-tuple I}, = (IsSeedC,ch,nC7 ), C e
Veom,t = 1,...,T, where I sSeed is the seed tag,ac is the com-
munity influence value, ny, is the number of community nodes,
and 7, is the final community influence coverage. For the com-
munity C' € V., if C'is a seed community at time step ¢, then
the value of I sSeedtC is 1, and if C'is not a seed community, then
the value of IsSeed is 0.

B. Proposed Algorithm

Based on the DC-index structure, we propose a community
topic feature-based dynamic IM (CFDI) algorithm. First, the

Input: DC-index I, T
Output: o', t =1,....T
fort =1;t <T;t+ + do

1

2 ot —0.0;

3 //G is temporary variable

4 G—¢

5 S* « Query the communities with I./sSeed' = 1;
6 for each community C'in St do

7 ol — o'+ Lol

8 if G N C # ¢ then

9 ot — ol — Ingnc x [.yrtC',F X I.rrfG’F;
10 end

11 G —{C},

12 end

13 print o';

14 end

CFDI algorithm performs data preprocessing to generate the
four-tuple data of the DC-index structure. During the online
diffusion process, the CFDI algorithm calculates the IM value
for network snapshots of 7" time steps. At each time step, after
F' intra-community propagation iterations, M community
seeds are searched, and then their tags I. .IsSeedff9 are set to 1.
At time-step ¢ + 1, the seed set members are updated accord-
ing to the network changes to avoid recalculation. Algorithm
1 formally describes the CFDI algorithm.

We output the influence value o' (S?) at time step ¢ using the
DC-index structure, obtain the ID of the community seed at
time step ¢ from the DC-index structure, and calculate the
influence value of the seed set using (14). Algorithm 2
describes the algorithm for calculating the influence value of
the seed set, called CFCI.

The CFDI algorithm uses the DC-index structure to store com-
munity diffusion information at each time step. There are m
communities and 7" time steps in the dynamic network. There-
fore, the space complexity of the CFDI algorithm is O(Tm).
In the preprocessing stage, there are 7' time steps, and each
time step needs to calculate the parameters of m communities.
Hence, it takes O(Tmk) time to calculate the community topic
distribution of k topics and O(Tm) time to calculate
FlL,pb,pl and nl, t=1,...,T. In the propagation stage,
there are 7" time steps and /m communities. At each time step,
F iterations of influence diffusion are performed in each com-
munity; hence, it takes O(TFm) time to calculate final com-
munity influence coverage and takes O(TM) time to search
the seeds. The results of the CFDI algorithm are stored in DC-
index I. Therefore, it takes O(TM) time to execute the CFCI
algorithm to estimate the total influence spread of the commu-
nity seed set.

Now, we compare the online time-space complexity and
approximation ratio of the CFDI algorithm using existing three
dynamic algorithms: DFA [12], RSB [13] and InfoIBP [14]. Let
T be the number of time steps, F' be the number of diffusion itera-
tions within the community, M be the seed size, m be the number
of communities, m’ be the number of edges in the network, n be
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TABLE II
THE TIME-SPACE COMPLEXITY AND APPROXIMATION RATIOS OF THE FOUR
ALGORITHMS
. Time Space Approximation
Algorithm Complexity Complex1ty Ratio
DFA O(TIW('m «:;)logn) O(T(m +n)logn) 171/676
RSB O(TMn) O(TJWn) 1—1/e—¢
InfolBP O(TMn) O(TMn) 1—1/e
CFDI O(T(Fm + M)) O(T'm) 1—1/e
TABLE III
INFORMATION ABOUT THE THREE DATASETS
Datasets n e m
HepTh 27,770 352,807 888
DBLP 1,511,035 2,084,019 7,694
Wiki 1,791,489 | 28,511,807 | 17,364

the number of nodes in the network, and € be the sampling error.
The time complexity of the CFDI algorithm is O(T'(Fm + M)),
its space complexity is O(Tm), and its approximation ratio is
(1- %) The time complexity of the DFA algorithm is
oT W), its space complexity isO(T W), and its
approximate ratio is (1 —2 — ¢). The time complexity of the
RSB algorithm is O(TMn) its space complexity is O(TMn),
and its approximation ratio is (1 — ¢ — ). The time complexity
of the InfolBP algorithm is O(TMn) its space complexity is
O(TMn), and its approximation ratio is (1 — ). Because 1 <
M<m<n<m,0<e<l O(Tm) < OTMn) <

o(r m) which means that the space complexity of the
CFDI algorlthm is much smaller than that of the other three algo-
rithms. In the experiment parameter determination in Section 5,
the value of F'is 10, and the number of communities m is much
smaller than the number of nodes in the network n; that is,

because (Fm + M) < Mn < (m'+n), O(T(Fm + M)) <

O(TMn) < O(T %ﬂog") 0 < & < 1. This means that the
time complexity of the CFDI algorithm is also less than that of
the other three algorithms. For the approximate degree, because
0 < (1-1-¢) < (1-1) < 1, approximation ratios of the
CFDI algorithm and InfolBP algorithm are higher than
those of the DFA and RSB algorithms. The time-space com-
plexity and approximation ratios of the four algorithms are

shown in Table II.

V. EXPERIMENTS

We conducted experiments on the high-performance paral-
lel cluster system at Guangxi University, in which one com-
pute node configuration was eight Intel Xeon E7-8850, 1 TB
main memory, 8§ x 900 GB storage space, and 1 x HCA card.
The running operating system was Red Hat Enterprise Linux
6.2. The DFA algorithm was written in C++ and the other
algorithms were written in Python.

A. Datasets

To effectively evaluate the performance of the CFDI
algorithm, we selected three open source real social network
datasets that contained topical information. Table III shows

(a)HepTh Community
SISSA N | Md::s \

L
S
s AL

Ry

TASSNS \

—

(2356 78 O 02 04 06 08
Ti Ci

PUPT

DAMTP

CERN

ity topic distribution

(b)DBLP

Information Theory

Community

nodes
1.022E+04

9056
7892
6728

Discrete Mathematics

Automatic Control

Antennas and Propagation
Theory Compute SCI
Microwave Theory and Tech.
IEEE Trans.Computers

Magnetics

Electronics{ [ 6
B ks
ACM Bk
3
0026 a6i6 0600 X kz
Til C ity topic distribution [ |k1
(c)Wiki Community
SilentFilmDirectors Nodes
4.760E+04
BillboardHotR&B 3808E+04
2.856E+04
P _
" 9520
ActorsNYCity 7771 I |_
DirectorialBebut N Community
20thFoxFilms §§| g_ IoP ies

\\\\\\\\\ 11

FrenchAstronomers

- k9
[ k8

RiversCovasna

OlympicCanoeistsUK

[ ks
i
N
10|22
k1

AUSfootball

t1 2 t3 t4 t5 t6 t7 t8 9 tl0 0.2 0.4 0.6 0.8

Timestamps Community topic distribution

Fig. 2. Popularity and topic distribution of the top 10 communities in the
three datasets.

the information about the three datasets HepTh-Citation-
network,! DBLP-Citation-network \/4,2 and Wiki—topcats,3
where n is the number of nodes, e is the number of edges, and
m is the number of communities.

The HepTh dataset has 27,770 articles (nodes), 352,807
citation relationships (edges), and 888 journals (communities),
and its time span is from 1993 to 2002. HepTh uses the data in
1993 as the basic graph G, and the remaining data are divided
into nine parts AG',AG?,... AG®, by year as incremental
data. The DBLP dataset has 1,511,035 articles (nodes),
2,084,019 citation relationships (edges), and 7,694 journals
(communities), and its time span is from 1989 to 2010. DBLP
uses the data from 1989 to 2001 as the basic graph G*, and the
remaining data are divided into nine parts AG', AG?,...,
AG? by year. The Wiki dataset is a Wikipedia hyperlink net-
work collected in September 2011. The nodes selected are
strongly connected components in Wikipedia and restricted to

! http://snap.stanford.edu/data/cit-HepTh.html
2 https://www.aminer.cn/citation
3 http://snap.stanford.edu/data/wiki-topcats.html
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pages in the top set of categories (those with at least 100
pages). Wiki is a large dense dataset. Because no specific time
information is carried, the dataset is equally divided into 10
parts in the order of edge occurrence. The first part is used as
the basic graph G, and the remaining nine parts are incremen-
tal data AG',AG?,...,AG®. For the three datasets, we used
the LDA model [34] to extract the community topic distribu-
tion 67, from the article abstracts of each community. Fig. 2
shows the popularity and topic distribution of the top 10 com-
munities in the three datasets.

The left-hand side of Fig. 2 shows that the number of users
in each community is constantly changing at different time
steps. The right-hand side of Fig. 2 shows the topic distribu-
tion of the top 10 community in the basic graph G'. It indi-
cates that different communities pay attention to different
topics. The three datasets are dynamic, and they have commu-
nity structure and topic information, which meets the experi-
mental requirements.

B. Evaluation Indicators and Baseline

We used the following five indicators to evaluate the perfor-
mance of the algorithm.

1) Influence spread [9], [35], [36]: a measure of the spread
ability of the diffusion model. A large influence spread value
indicates that the algorithm has a good effect on maximizing
influence.

2) Running time: the time required for running the IM algo-
rithm to search for seeds and estimate the maximum influence
spread.

3) Memory capacity used: the amount of memory used by
running the algorithm.

4) Scalability [36], [37]: measures the adaptability of the IM
algorithm to dynamic changes in the network. Generally, the
running time and influence value form a pair of comprehen-
sive indicators to measure the scalability of the IM algorithm.

5) Relationship between similarity and update time [9][36]:
the relationship between the similarity of two adjacent snap-
shots and the update time is used to quantitatively characterize
the speedup of the IM algorithm. The similarity between two
consecutive snapshots G' and G**! is measured using the Jac-
card similarity:

Et N Et+1
Jaccard(Gt, ~ GY = | |

com? com) - W (16)

The more similar the two adjacent snapshots, the lower the
time taken to update the seed set and the greater the IM algo-
rithm speedup.

In the experiment, we compared our proposed CFDI algo-
rithm with three existing dynamic IM algorithms, DFA, RSB,
and InfolBP, where DFA [12] is an IM algorithm that uses the
dynamic index structure, RSB [13] is a random IM algorithm
based on multi-armed bandit optimization, and InfoIBP [14] is
a general regularized learning framework for modeling topic-
aware influence propagation in dynamic network structures.
InfolBP integrates topics and network structure information
using hidden Markov models to identify influential users effi-
ciently and accurately.
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Fig. 3. Influence spread and running time of the CFDI algorithm for various
values of M and k.

C. Experimental Parameters Setting

In this section, we provide the settings of three important
parameters in the CFDI algorithm. First, we considered the
effect of the number of topics k£ on the algorithm. We tested
the influence spread and running time using various values of
k in the three networks. We extracted 10, 20, 30, 40, and 50
topics from three datasets, searched the top M seeds, M €
[10, 20, 30, 40, 50], and recorded the influence spread and run-
ning time. The experimental results are shown in Fig. 3. Fig. 3
shows that for datasets HepTh and DBLP, when k = 10, the
fitting effect was the best. When & > 10, the influence spread
decreased because of overfitting. However, the running time
increased as the value of k increased. For the Wiki dataset, the
influence spread of the CFDI algorithm was not greatly
affected by the number of topics, and the running time
increased slightly as the value of k& ncreased. According to the
above experimental results, we set k£ = 10 in the subsequent
experiments.

Next, we considered the number of intra-community
spread iterations F' to ensure that the CFDI algorithm
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Fig. 4. Influence-time ratio of the CFDI algorithm for various values of F.

obtained the best results. We used the influence-time ratio
to measure the effect of the algorithm. Fig. 4 shows the
influence-time ratio of the CFDI algorithm with different
values of iterations F' on three datasets HepTh, DBLP and
Wiki. Fig. 4 shows that for the three datasets, when F' =
10, the histogram area of the CFDI algorithm was the larg-
est. This means that the influence-time ratio was the largest
when F' = 10, which indicates that after approximately 10 iter-
ations, the CFDI algorithm had the best convergence effect.
Therefore, we set F' = 10 in the subsequent experiments.
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Fig. 5. Average influence-time ratio of the CFDI algorithm for various val-
ues of ¢ when F' = 10.

Finally, we considered the setting of the propagation proba-
bility ¢ in the community. For the setting F' = 10, we ran the
CFDI algorithm to search various sizes of seed sets for various
values of ¢. Fig. 5 shows the average influence-time ratio for
the CFDI algorithm. Fig. 5 shows that on the HepTh dataset,
the value of the average influence-time ratio of the CFDI algo-
rithm was the highest when ¢ was 0.8; on the DBLP dataset,
the value of the average influence-time ratio of the CFDI algo-
rithm was the best when ¢ was 0.9; and for the Wiki dataset,
the value of the average influence-time ratio of the CFDI algo-
rithm was the best when ¢ was 0.8.

In the next section, we compare the CFDI algorithm with
the DFA, RSB, and InfolBP algorithms. For all four algo-
rithms, the number of time steps 7" was set to 10. For CFDI,
the value of k was set to 10, F' was set to 10, ¢ was set to 0.9
on the DBLP dataset, and g was set to 0.8 on the HepTh and
Wiki datasets. For the DFA algorithm, the higher the value of
B, the greater the accuracy of the influence estimation; how-
ever, when B > 32, the improvement effect was limited;
hence, the value of 8 was set to 32 and the value of w was set
to B(n + m)logn following the experimental settings in [12].
In [13], the RSB algorithm had the highest accuracy when the
value of y was set to 0.2. In [14], the value of « in the InfoIBP
algorithm was set to 1.0.

D. Experimental Results

First, we compared the stability of the DFA, RSB, InfolBP,
and CFDI algorithms on the three datasets. The experimental
results for these algorithms are shown in Fig. 6. Fig. 6 shows
that the influence spreads of algorithms RSB and DFA were
remarkably affected by the size of the dataset. When the size
of the dataset was not sufficiently large, the advantage of the
RSB algorithm was not obvious; hence, its influence spread on
the two datasets HepTh and DBLP was the lowest. On the large
Wiki dataset, the influence spread of the RSB algorithm was
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TABLE IV TABLE V
PERFORMANCE OF FOUR ALGORITHMS ON THE HEPTH DATASET PERFORMANCE OF THE FOUR ALGORITHMS ON THE DBLP DATASET
Size of Name of Influence Running  Memory Size of Name of Influence Running  Memory
Seed Set  Algorithms Spread Time Capacity Seed Set  Algorithms Spread Time Capacity
(h) Used(MB) (h) Used(MB)
DFA 596.27 0.15 654.90 DFA 10068.10 3.09 35635.20
RSB 11.27 0.0022 3.90 RSB 13.07 0.13 351.53
10 InfolBP 104.00 0.018 42.37 10 InfolBP 5016.28 0.12 2490.54
CFDI 1191.05 0.002 3.28 CFDI 49478.35 0.06 11.78
DFA 863.82 0.15 654.90 DFA 11332.60 2.53 35635.20
RSB 21.06 0.0036 490 RSB 26.91 0.18 42411
20 InfolBP 401.58 0.028 84.75 20 InfolBP 20005.37 0.24 4981.08
CFDI 1751.94 0.0038 3.28 CFDI 72118.55 0.13 11.78
DFA 596.27 0.15 654.90 DFA 12492.90 3.46 35635.20
RSB 35.64 0.0085 5.98 RSB 42.13 0.24 496.70
30 InfolBP 891.074 0.035 127.12 30 InfolBP 45047.55 0.33 7471.62
CFDI 2180.94 0.0055 3.28 CFDI 94428.23 0.19 11.78
DFA 863.82 0.16 654.90 DFA 13115.60 3.86 35635.20
RSB 48.84 0.011 6.97 RSB 53.08 0.32 569.28
40 InfolBP 1541.89 0.048 169.50 40 InfolBP 79537.82 0.46 9962.17
CFDI 2527.23 0.0071 3.28 CFDI 111474.50 0.25 11.78
DFA 863.82 0.17 654.90 DFA 14049.10 4.06 35635.20
RSB 61.36 0.014 8.01 RSB 66.10 0.38 641.86
50 InfolBP 2402.56 0.057 211.87 50 InfolBP 124070.50 0.55 12452.71
CFDI 2846.48 0.0087 3.28 CFDI 126541.02 0.32 11.78

high, whereas the influence diffusion value of the DFA algo-
rithm was the lowest. We also observed that, for the IM algo-
rithms, the value of the influence spread increased as the size of
community seed set M increased, and these algorithms had dif-
ferent sensitivities to the expansion of M. The influence spread
of the DFA algorithm was sensitive to M on the Wiki dataset.
The influence spread of the RSB algorithm was sensitive to M
on the HepTh and DBLP datasets. The influence spread of the
InfolBP algorithm was sensitive to M on all three datasets.
Only the CFDI algorithm obtained the highest influence spread
on all three datasets, and its influence spread was slightly
affected by the increase of M. This indicates that the DFA algo-
rithm was relatively stable on a small-scale dataset, the RSB
algorithm was relatively stable on a large-scale dataset, and the
InfoIlBP algorithm was not stable on the three datasets. The sta-
bility of the CFDI algorithm was best.

Next, we further comprehensively compared the influence
spread, required running time, and memory capacity of the
DFA, RSB, InfolBP, and CFDI algorithms on the three data-
sets HepTh, DBLP, and Wiki. Table IV, V and VI respec-
tively, show the algorithms’ influence spread, required
running time, and memory capacity when searching for 10,

20, 30, 40, and 50 seeds on the three datasets. Tables IV-VI
show that the influence spread, required running time, and
memory capacity of the four algorithms increased as the net-
work scale expanded. The required memory capacities of the
RSB and InfoIlBP algorithms increased as the size of the seed
set increased, but the required memory capacities of the DFA
and CFDI algorithms did not increase as the size of the seed
set increased. When the size of the seed set was 50, the influ-
ence spread of the InfolBP algorithm was close to that of the
CFDI algorithm, but the required running time of the InfoIBP
algorithm was up to 6.5 times than that of the CFDI algorithm,
and the required memory capacity up to 1,000 times than that
of the CFDI algorithm. The influence spread of the RSB algo-
rithm was lower than that of the CFDI algorithm, the required
running time of the RSB algorithm was up to 26.7 times than
that of the CFDI algorithm, and the required memory capacity
of the RSB algorithm was up to 54.5 times that of the CFDI
algorithm. The influence spread of the DFA algorithm was also
lower than that of the CFDI algorithm, the required running
time of the DFA algorithm was up 20 times that of the CFDI
algorithm, and the required memory capacity of the DFA algo-
rithm was up to 3,000 times that of the CFDI algorithm.
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TABLE VI
PERFORMANCE OF THE FOUR ALGORITHMS ON THE WIKI DATASET
Size of Name of Influence Running  Memory
Seed Set  Algorithms Spread Time Capacity
(h) Used(MB)
DFA 25.82 6.13 46387.20
RSB 11472.63 14.15 1698.88
10 InfolBP 989.39 0.15 2733.59
CFDI 16092.00 0.08 144.00
DFA 47.78 6.88 46387.20
RSB 15199.06 18.61 1968.19
20 InfolBP 4074.10 0.31 5467.19
CFDI 23312.00 0.16 144.00
DFA 68.59 8.00 46387.20
RSB 18018.77 13.93 2237.51
30 InfolBP 9151.17 0.48 8200.79
CFDI 29172.00 0.24 144.00
DFA 88.62 9.48 46387.20
RSB 18017.76 13.85 2506.83
40 InfolBP 16754.98 0.65 10934.39
CFDI 33834.00 0.32 144.00
DFA 107.93 11.30 46387.20
RSB 18392.78 14.42 2776.15
50 InfolBP 26905.04 0.78 13667.99
CFDI 38062.00 0.54 144.00

The DFA algorithm had the longest required running time
and the highest memory capacity. This is because running the
DFA algorithm relied on a huge dynamic index structure.
When a new node joined the social network, the DFA algo-
rithm spent great deal of time restructuring the graph, and
required much more running time than the other three algo-
rithms. Simultaneously, the DFA algorithm needed to store a
huge dynamic index structure whose space complexity was
positively related to the number of nodes and edges of the net-
work. Therefore, when the dataset was large, the amount of
calculation and required memory capacity of the DFA algo-
rithm became huge. The DFA algorithm needed to sample
data from the Wiki dataset. Table VI shows the results of run-
ning the DFA algorithm with a 10% sampling rate. Table VI
shows that the influence spread of running the DFA algorithm
on the Wiki dataset was very low, the required time was very
slow, and the memory consumption was the highest. The RSB
algorithm ran faster, but its influence spread was also the low-
est on the HepTh and DBLP datasets. This is because RSB is
an algorithm based on heuristic learning, which requires a
large amount of data to train the model. When the dataset was
small, the training of the model was not sufficient; hence, its
effect of maximizing the influence was not good. When the
dataset was sufficiently large, its effect of maximizing the
influence improved, but the large amount of model training
also resulted in more time consumption. Simultaneously, the
RSB algorithm needed to store the data structure of Monte
Carlo trees. As the size of the training set increased, the
required space of the RSB algorithm also increased. This indi-
cates that sampling was necessary before the RSB algorithm
was run on the large Wiki dataset. Table VI shows the experi-
mental results of running the RSB algorithm with a 50% sam-
pling rate. When the seed set was small, the influence spread of
the InfolBP algorithm was greatly affected by the size of the
seed set. When the seed set was sufficiently large, the influence
spread of the InfoIBP algorithm tended to be stable. The

InfolBP algorithm used a latent feature model to extract the
topological features and topic features for each node; hence, its
memory consumption was also very large. When the CFDI
algorithm ran on the small HepTh dataset, medium-scale
DBLP dataset, and large Wiki dataset, its influence spread was
the highest, and its required running time and memory capacity
were the lowest. The reason is that the CFDI algorithm created
a diffusion model at the community level and integrated topic
features, such that the algorithm more effectively maximized
the influence. The CFDI algorithm used incremental data to
update the calculation results to effectively improve the execu-
tion speed. The CFDI algorithm used the DC-index structure,
which was only related to the number of communities, to
remarkably reduce its memory consumption.

Next, we further compared the scalability of the four algo-
rithms. We used the three datasets to construct three growing
networks. HepTh and DBLP were increased according to the
scale |G = |G| + |AG|,t =1,...,9. |G!| of the HepTh
dataset is 142 KB, and |G'°| of the HepTh dataset was
increased to 19 MB. |G!| of the DBLP dataset was 22.9 MB
and |G'°| of the DBLP dataset was increased to 65.1 MB. The
Wiki dataset increased according to the scale |G| = ¢|GY|,t =
1,2,...,10. |G| of the Wiki dataset was 57.9 MB and |G'°| of
the Wiki dataset was increased to 579 MB. Fig. 7 shows the
required time for searching the three M-size seed sets. Fig. 7
shows that the required time for running the RSB algorithm on
the three datasets increased as the social network scale
expanded. This indicates that the scalability of the RSB algo-
rithm was not good. The required time for running the InfoIBP
algorithm on the three datasets was relatively stable and the
algorithm had good scalability, but its required time was the
highest. The required time for running the DFA algorithm on
the small HepTh dataset showed an increasing trend as the net-
work grew. On the medium-scale DBLP dataset, the required
time for running the DFA algorithm decreased, and on the large
Wiki dataset, the required time for running the DFA algorithm
was stable. This indicates that the DFA algorithm had good
scalability on medium-scale and large dynamic networks. The
required time for running the CFDI algorithm decreased on the
three datasets as the social network scale expanded. This illus-
trates that the CFDI algorithm had the best scalability.

Finally, we used the “similarity-update time” to evaluate the
acceleration capabilities of the four algorithms. We calculated
the Jaccard similarity between adjacent network snapshots at
10 time steps and calculated the update time of the four algo-
rithms at each time step. Fig. 8 shows the experimental results
for similarity and update time for the four algorithms. If the
update time of an algorithm decreased as the Jaccard similar-
ity increased, the algorithm achieved good speedup [9]. Fig. 8
shows that as the Jaccard similarity increased, the required
update time for running the RSB algorithm on the HepTh and
DBLP datasets decreased, but it increased on the Wiki dataset.
This illustrates that the speedup of the RSB algorithm on the
Wiki dataset was not good. As the Jaccard similarity
increased, the required update time for running the DFA algo-
rithm increased on the HepTh dataset, the required update
time increased on the DBLP dataset, and the required update
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Fig. 7. Scalability of the four algorithms on HepTh, DBLP and Wiki.
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Fig. 8. Jaccard similarity and update time of four algorithms.

time changed little on the Wiki dataset. This indicates that the
speedup of the DFA algorithm on the three datasets was poor.
As the Jaccard similarity increased, the required update time
for running the InfolBP algorithm changed little on the three
datasets. This illustrates that the InfolBP algorithm did not

speed up on the three datasets. For the CFDI algorithm, Fig. 8
clearly shows that as the Jaccard similarity increased, the
required update time decreased significantly on the three data-
sets. This indicates that the CFDI algorithm had the best
speedup on the three datasets.
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VI. SUMMARY AND FUTURE WORK

Our proposed TCIC model uses the feature of community
structure and regards a community as a super node to greatly
reduce the computational size of the dynamic social network.
Simultaneously, the topic features are integrated into the propa-
gation probability to enhance the accuracy of the community IC
model. We designed the DC-index structure to record network
changes to effectively use incremental data to improve the cal-
culation speed. The experimental results demonstrated that our
proposed method consumed less time-space than existing meth-
ods to calculate the IM of dynamic social networks, with good
influence spread, stability, and scalability.

In the future, we will study the TCIC model with the
community discovery function, and strive to apply the CFDI
algorithm to other general models, such as LT models.
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