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A B S T R A C T

Influence maximization in social networks has been an important research issue
in the recent decade. This issue is identifying the most influential individuals
in a social network who can convey influence to the largest number of the
network’s members. However, in influence maximization, the costs of all of
the nodes to be selected as seeds are considered the same for the companies
that do not hold in the real world. Accordingly, influence maximization-cost
minimization has gained attention recently. Available studies have applied
multi-objective optimization methods which are time-consuming. Applying the
existing approaches of influence maximization for other variants of this problem
has been considered in some studies about other multi-objective versions of the
influence maximization problem. In this study, extending and well-applying run
time-efficient methods of influence maximization are considered to influence
maximization-cost minimization. Accordingly, two methods are proposed. The
first, Local Lowest Degree Rank (LLDR) is a heuristic-based one which by
considering the degree of nodes aims to find the cost-affordable influential
nodes with minimum influence overlap among them. The second proposed
method, Ratio-aware-CELF-based (RCELF) method, is a Cost Effective Lazy
Forward (CELF)-based algorithm which extends CELF as a run-time efficient
greedy approach for influence maximization by incorporating the cost function
of the nodes into consideration. The proposed methods are evaluated by
applying two real-world datasets, Facebook and Last.fm. The results establish
the outperformance which in comparison with the most effective benchmark
method is between 4% to 32% for LLDR and between 34% to 96% for RCELF.
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1 Introduction
In recent years, influence maximization (IM) in social
networks has received so much attention. The goal
is to find the most influential nodes from the social
network graph to make the maximum final spread
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[1]. This issue has many applications including rec-
ommendation systems [2], disease spreading [3], and
rumor control [4]. Viral marketing is one of the most
important applications of IM [5]. Today, many busi-
nesses use online social networks to conduct their
business. Influence maximization helps companies se-
lect people to promote their products. Although the
advertising of products by influencers on social me-
dia is very successful, commercial companies have to
pay each person individually for doing this task [6].
In the original influence maximization problem, the
cost of all the nodes is considered equal when select-
ing influential ones [1]. However, the cost of paying
different people is not the same as the ones with more
friends would be more cost-consuming. Accordingly,
an important variant of influence maximization with
the goal of minimizing the cost as well is introduced
by Yang, & Liu, (2017) [6]. It is called the influence
maximization-cost minimization problem (IMCM).

Although there are many studies in the literature
considering influence maximization, few works exist
with respect to the IMCM problem [6–10] despite
its importance. As to the best knowledge of the au-
thors here, all of these methods apply multi-objective
optimization methods to solve this problem. These
methods are time-consuming in presenting a near-
optimal solution and have no guarantee to deliver the
best near-optimal one [7]. Extending greedy-based
and heuristics-based solutions presented in the lit-
erature for the IM problem is considerable to solve
other variants of this problem including multiobjec-
tive ones, as they have been applied in some related
studies [11, 12]. This issue is considered in this study
to solve the IMCM problem.

In this study, two new algorithms are proposed to
solve the influence maximization-cost minimization
problem. The first algorithm, called Local Lowest De-
gree Rank (LLDR), applies the degree information of
nodes to approximate both their influence and cost to
IMCM while decreasing the influence overlap among
the seed nodes. The second algorithm called the Cost-
Effective Lazy Foreward (CELF)-based algorithm to
IMCM extends the CELF [13] algorithm as a well-
known time-efficient method for IM. Accordingly, the
contributions of this study are presented as follows:

• The Local Lowest Degree Rank (LLDR) algo-
rithm is presented to solve the IMCM problem
heuristically. In the first phase of this algorithm,
a percent of high-degree nodes of the network is
selected as the candidate seed set. In the second
phase, the nodes with the lowest degree among
their neighbors are selected from the candidate
set greedily.

• A ratio function is introduced for the IMCM

problem as the ratio of influence function and
the defined cost function.

• The CELF-based algorithm is proposed by ex-
tending the CELF algorithm [13] which selects
the seed nodes in a greedy manner optimizing
the ratio function. This method is called Ratio-
aware-CELF-based (RCELF).

• The proposed algorithms are evaluated on real-
world Facebook and Last.fm datasets using de-
gree centrality and the CELF algorithm [13] as
the benchmarks.

The rest of this article is organized as follows: The
related works are reviewed in Section 2. In Section 3,
the proposed methods are presented. The details of
the experiments on two real-world datasets are pre-
sented in Section 4. Finally, the study is concluded in
Section 5.

2 Related Works
2.1 Influence Maximization-Cost Minimiza-

tion

Kempe et al. [14], for the first time, introduced the
influence maximization problem as an NP-hard dis-
crete optimization problem. The final number of the
influenced nodes by the seed set is named the in-
fluence function of IM, or its fitness function. This
influence function is proven to have two properties
of monotonicity and submodularity. Accordingly, a
greedy hill-climbing approach can provide the best
near-optimal solution [14]. Such a greedy-based ap-
proach is presented by Kempe et al. [14] and is known
as one of the ground solutions in the literature to solve
the IM problem. However, the time complexity of this
method is very high, which is O(knmR), where n is
the number of nodes, m is the number of edges, R is
the iterations of simulation to compute influence func-
tion and k is the size of the seed set. The presented
methods in afterward studies in the IM context can
be divided into two categories. The first category cov-
ers the methods which are greedy-based to be more
run-time efficient in comparison with their ancestors
[15, 16] including CELF [13], CELF++ [17], SimPath
[18], PMIA [19], UBLF [20], ASIM [21], greedy-based
random reverse reachable set method [22], TIM and
TIM+ [23], IMM [24], Stop-and-Stare [25], and Tip-
Top [26]. The second category covers heuristics-based
solutions. The purpose of this category is run-time
efficiency. It includes methods such as basic central-
ity measures [27], degree centrality, closeness central-
ity, betweenness centrality, and PageRank centrality,
which have been and are being applied in the IM
problem to determine the top-k nodes with the high-
est centrality values as well as SingleDiscount and



Research Article, 2024, Volume 11, Number 1 (pp. 29–37) 31

DegreeDiscountIC [28], diffusion degree [29], Group-
PageRank measure [30], local index rank (LIR) [31],
and weighted k-shell degree neighborhood method
[32].

The influence maximization-cost minimization
(IM-CM) problem is proposed for the first time by
Yang, & Liu (2017) [6] based on the fact that in the
real world, companies not only demand the highest
influence spread by the seed set in social networks,
but also want it with minimum cost. They consid-
ered this problem as a multi-objective optimization
problem and accordingly, proposed a multi-objective
discrete particle swarm optimization (MODPSO-IM-
CM) algorithm to solve it. Afterward, methods to
solve this problem have applied the multi-objective
optimization methods as well. Accordingly, a multi-
objective biography-based optimization strategy by
De, & Dehuri (2020) [7], a multi-objective crow search
algorithm (MOCSA) by Wang & Zhang (2023) [8], a
non-dominated sorting moth flame optimization by
Wang, et al., (2023) [10], and NSGA-II as a classical
multi-objective optimization algorithm by Qian et
al., (2020, August) [9], are extended and applied to
solve the IM-CM problem.

Although any multi-objective optimization algo-
rithm may be suitable to find out the non-dominated
near-optimal solution for IM-CM [7], other studies
about other multi-objective variants of IM show that
the available methods presented in a decade to solve
the IM problem can be extended and applied to solve
other variants of this problem including its multi-
objective variants [11, 12]. Moreover, while none of
the available methods for IMCM are compared with
each other experimentally, only two of them have
applied methods for IM as the benchmarks [6, 9].

Based on the presented content above, in this re-
search, the new line of extending methods available
for IM to solve the IMCM problem is considered.
Accordingly, two methods, a heuristics-based, and a
greedy-based are introduced.

2.2 Independent Cascade Information Diffu-
sion Model

How the information spreads in the social network is
modeled through information diffusion models. Com-
puting the influence spread, and accordingly identi-
fying the influentials in the IM problem and its vari-
ants including the IMCM problem is conducted by
applying these models. Information diffusion models
are considered in two cascade-based and threshold-
based categories [33]. Independent-cascade model is
one of the main models introduced by Kemp et al.,
[14] which is applied in this study. In the independent
cascade (IC) model, each node v may be activated by

each of its neighbors independently based on an acti-
vation probability p(u, v). Having the seed set S with
size k in iteration 0, activating other nodes is done
in some discrete iterations. In every iteration t, each
newly activated node u in iteration t − 1 tries to ac-
tivate each one of its inactive neighbors with the cor-
responding probability [14]. It should be noted that
every newly activated node u has only one chance to
activate each one of its neighbors. The activation pro-
cess ends when no other nodes can be activated. Ac-
cordingly, the final influence spread of the set S under
the IC model is the final number of activated nodes.

3 Proposed Methods
3.1 Problem Formulation

Having the S as the seed set with a predefined size of
k, the number of final activated nodes by S is shown
with σ(S). Moreover, the cost of seed set S is defined
as follows [6]:

C(S) = C1 + C2 + ...+ Ck (1)

where Ci is the cost of seed node number i. This cost is
defined in different related studies [6, 8, 9] in different
forms, but all of them consider the cost related to the
degree of nodes, which means the higher the degree of
a node, the higher the cost of that node. Accordingly,
the problem would be a multi-objective one as follows
[6]: {

max σ(S)

min C(S) = C1 + C2 + ...+ Ck

(2)

And eventually, it is equivalent to [6]:

min

{
−σ(S)

C(S) = C1 + C2 + ...+ Ck

(3)

The degree of nodes is discussed as a clue of their cost
in viral marketing [34, 35]. Accordingly, in this study,
the cost function of a node is considered proportional
to its normalized degree as follows:

C(u) =
d(u)

Σv∈Nd(v)
(4)

where d(u) is the degree of node u, and N is the set
of all the nodes of the social network.

3.2 The First Proposed Method: Local Low-
est Degree Rank (LLDR)

In this section, a heuristic-based method is proposed
considering both maximizing the influence spread and
minimizing the cost of seed nodes. This method is
inspired by local index rank (LIR) proposed by Liu
et al., (2017) [31]. In LIR, the nodes whose degree
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is higher than the degree of their neighbors are de-
termined as local leaders, and local leaders with the
highest degree are selected as influential nodes. This
strategy decreases the influence overlap happening as
high-degree neighbor nodes are not selected all as the
seed nodes.
Algorithm 1 Local Lowest Degree Rank (LLDR) al-
gorithm

Input: A social network G = (V,E), number
of seed nodes k.

Output: A k-size set S, Final influence
spread, Final Cost.

1: S = ∅, Q = ∅
2: V ′ = 10% of high degree nodes of V and their

neigbors.
3: Sort nodes of the V ′ ascending based on their

degrees in list Q.
4: while |S| < k do
5: v = Q[0]
6: if (v.degree ≤ degree of its neighbors which

exist in Q) and (none of v’s neighbors belong to
S) then

7: S = S ∪ {v}
8: Q = Q− {v}
9: else

10: Q = Q− {v}
11: end if
12: end while
13: Return (S, Final_Spread, Final_Cost)

The algorithm of the proposed Local Lowest De-
gree Rank (LLDR) is presented in Algorithm 1. In
the presented LLDR, two main points are consid-
ered: 1) selected influential nodes should also be cost-
affordable as possible, 2) the influence overlap among
seed nodes should be decreased. According to line 2
of Algorithm 1 in Algorithm 1, the candidate nodes
as seeds are 10% of high-degree nodes union with
their neighbors. From these candidate nodes, nodes
are selected ascending based on their degree in a man-
ner that they have the lowest degree comparing their
neighbors in the Q. The value of 10% is selected based
on conducted experiments on real-world datasets in
this study.

3.3 The Second Proposed Method: Ratio-
Aware-CELF-Based (RCELF) Method
Algorithm

In the influence maximization-cost minimization, the
goal is to maximize the influence spread of the seed
set, σ(S), and to minimize the cost of the seed set,
C(S). Accordingly, the ratio of (σ(S))/(C(S)) is ap-
plied to evaluate the effectiveness of the methods in
the studies of this context and other variants of the
IM problem which consider the cost value of nodes

[6, 11]. This function is both the target optimization
function of IMCM and the evaluation function, where
the goal is to find a seed set that maximizes the final
influence with minimum cost simultaneously. In the
proposed method here, this ratio function is applied
as the optimization function as well. Accordingly, the
ratio function of a set of nodes, S, is presented in equa-
tion 5, and the ratio function of a node v is presented
in equation 6, as follows:

R(S) =
σ(S)

C(S)
(5)

R(v) =
σ(v)

C(v)
(6)

By applying this ratio function, the CELF algorithm
[13] as a run-time efficient greedy algorithm to solve
IM, is extended here. The proposed algorithm (Algo-
rithm 2) is presented in Algorithm 2, and is called
Ratio-aware-CELF-based (RCELF) method. In line
2 of this algorithm, candidate nodes are filtered to
have a degree higher than the average degree of the
graph in order to prevent preferring nodes with both
low influence and low cost to nodes with higher influ-
ence but higher cost as well. This is because influence
is important here and it should not be sacrificed by
cost. This point leads to a decrease in the run time as
well.

3.4 Time Complexity of the Proposed Algo-
rithms

Having the degree of nodes, the time complexity of
LLDR is computed as follows. The sorting of nodes
has the complexity of O(|V ′|log|V ′|) .The time com-
plexity of lines 4-10 is O(t), where t would be |V ′|
at maximum. The whole time complexity of LLDR is
O(|V ′|log|V ′|+ |V ′|).

Having the degree of nodes, the time complexity of
RCELF is O(|V ′|mR + t|V ′|log|V ′|), where m is the
number of the edges of the social network, R is the
number of simulations to compute final influence, and
t would be |V ′| at maximum.

4 Evaluations
The evaluations are conducted to answer the following
question:

• How is the functionality of the two proposed
methods in comparison with benchmarks consid-
ering the final influence spread, final cost, and
the ratio of them?

All the experiments are run on a system with an Intel
Core i7 4.20GH processor and 16GB of RAM. The im-
plementations are conducted by applying the Python
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Algorithm 2 Ratio-aware-CELF-based (RCELF) al-
gorithm

Input: A social network G = (V,E), number
of seed nodes k.

Output: A k-size set S, Final influence
spread, Final Cost.

1: S = ∅, Q = ∅
2: V ′ = subset of nodes of the social network

which their degree is higher than or equal with
G.average_degree.

3: for each node v in V ′ do
4: v.marg_gain = R(v)
5: checkv = 0
6: end for
7: add nodes of V ′ to Q by v.marg_gain in descend-

ing order
8: while |S| < k do
9: v = Q[0]

10: if (checkv = |S|) then
11: S = S ∪ {v}
12: Q = Q− {v}
13: else
14: v.marg_gain = R(S ∪ {v})−R(S)
15: checkv = |S|
16: Resort Q by v.marg_gain in descending

order
17: end if
18: end while
19: Final_Cost = calculateCost(S)
20: Final_Spread = σ(S)
21: Return (S, F inal_Spread, F inal_Cost)

programming language and the NetworkX library.
As mentioned, the independent cascade (IC) infor-

mation diffusion model is applied to calculate the in-
fluence of nodes. According to the settings applied in
the literature, the influence probability between all
pairs of nodes is set to 0.1, and the number of the
Monte Carlo iterations is set as 10000 to simulate in-
fluence spreading.

4.1 Datasets

Two real-world datasets applied in studies are intro-
duced as follows:

• Facebook [36]: This dataset includes the informa-
tion of 4039 nodes and 88234 edges of one of the
most popular social networking services, Face-
book. This dataset is taken from the Stanford
University website.

• Last.fm [37]: This dataset includes the informa-
tion of 7624 nodes and 27806 edges of Last.fm, a
music distribution service. This dataset is taken
from the Stanford University website. In this
dataset, nodes are users from Asian countries
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Figure 1. Influence Spread of last.fm Dataset.
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Figure 2. The Cost Function of last.fm Dataset.
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Figure 3. The Ratio Function of last.fm Dataset.

that are members of this network. The edges also
indicate the existence of a friendly relationship
between the nodes.

4.2 Evaluation Measures

According to the objective of this study, which is in-
fluence maximization-cost minimization in social net-
works, the proposed methods are evaluated and com-
pared with benchmarks considering three measures:
1) the final influence spread, 2) the total cost of the
identified seed set, and 3) the ratio function (defined
in equation 5) as the main objective of this study.
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Figure 4. Influence Spread of Facebook Dataset.
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Figure 5. The Cost Function of the Facebook Dataset.
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4.3 Benchmarks

Benchmark methods applied here are: Degree central-
ity (DC) [27], and CELF algorithm [13]. Degree cen-
trality is a well-known heuristic approach for IM. As
this method selects k nodes with the highest degree
as seeds, the cost function of it would be the worst in
comparison with any other method. Accordingly, it
can be a special benchmark considering the influence
spread and ratio of it in comparisons. The CELF algo-
rithm is a time-efficient greedy approach to IM that
identifies the best near-optimal solution for the IM
problem due to the monotonicity and sub-modularity
of the influence function of basic information diffusion
models [14, 17, 33]. Considering its influence function,
it can be another special benchmark algorithm in this

context.

4.4 Evaluation Results

The evaluations are conducted with different seed set
sizes from 5 to 30 [6, 10, 14, 33]. The evaluation results
are presented in the following in Figures 1-6.

The evaluation results of the proposed methods
considering influence spread for Last.fm and Face-
book are compared in Figures 1 and 4, respectively.
As it is evident, CELF has the best and DC has the
worst functionality in this respect, and RCELF out-
performs LLDR. LLDR outperforms DC as it consid-
ers the influence overlap among seed nodes although
it selects nodes with lower degrees than DC, but as
it selects nodes with lower degrees among 10%, its fi-
nal influence spread is not as good as RCELF. The
RCELF method avoids selecting high-degree individ-
uals as much as CELF by considering the cost of
nodes. This issue leads to less final influence spread
than the CELF method.

The evaluation results of the proposed methods
considering cost function for Last.fm and Facebook
are compared in Figures 2 and 5, respectively. DC
and CELF have the first and second worst cost
functions as it was predictable. The cost function
of LLDR is better in comparison with RCELF. It
is because LLDR targets low-degree nodes among
candidate nodes, but RCELF aims to maximize the
ratio function which leads to selecting seed nodes
with higher cost and higher influence as well as how
the ratio function of them is maximized.

The evaluation results of the proposed methods
considering the Ratio function for Last.fm and Face-
book are compared in Figures 3 and 6, respectively.
Accordingly, RCELF produces a higher ratio than the
LLDR method and the other benchmarks. By filtering
nodes, it selects nodes that have a degree above the
average degree. Using this filter prevents the RCELF
algorithm, which seeks to find influential nodes with
the least costs, from choosing very low-degree nodes
because nodes with a very low degree will not have
a good influence on the network. Combining filtering
nodes and considering costs in the RCELF algorithm
increases the ratio value for the seed set, while the
nodes with properly produced final influence are se-
lected. This means that the RCELF method is proper
to maximize influence spread and minimize total costs
simultaneously.

As is demonstrated, the proposed methods behave
similarly in both the Facebook and Last.fm datasets.
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5 Conclusions
Influence maximization-cost minimization is an im-
portant variant of influence maximization as it in-
corporates the cost of nodes for companies as well
as their influence when identifying the seed set.
Available methods apply multiobjective optimization
methods in this regard which are time-consuming.
Extending the existing time-efficient methods of IM
context, two methods are presented for IMCM. The
first proposed method, called Local Lowest Degree
Rank (LLDR), selects the nodes with the lowest de-
gree among their neighbors from the candidate nodes
which are a percent of high-degree nodes of the social
network. The second proposed method, called Ratio-
aware-CELF-based, extends the CELF algorithm for
IM in the context of IMCM. The algorithm optimizes
the ratio function between the influence spread and
the cost function of the nodes. In identifying the in-
fluential people in the proposed Ratio-aware-CELF-
based method, nodes below the average degree are
removed. This point leads the algorithm to find nodes
with acceptable influence. Incorporating cost into the
seed identification phase makes these proposed algo-
rithms to be applied in real-world social networks.
The evaluations on two real-world datasets establish
the superiority of the proposed methods in IMCM.

Assessing other more time-efficient methods of IM
to be applied in the IMCM context is one of the future
research directions. Considering other network struc-
ture properties including community structure as well
as the influence propagation as a special property of
social networks in defining cost function and solving
IMCM problem is another future work of this study.
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