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Influence maximization (IM) is a concept in social network analysis and data science that focuses on finding the most influential
nodes (people, users, etc.) in a network to maximize the spread of information, behavior, or influence. IM studies have become
more crucial due to the quick uptake of social media and networking technologies, which have revolutionized communication and
information sharing. Using information from the Scopus database, this study conducts a thorough bibliometric analysis of the
literature on instant messaging from 2006 to 2024 to investigate publishing trends, significant contributors, and developing
themes. The three primary issues the study attempts to answer are finding the most productive journals, nations, and scholars in
IM research; assessing the growth and influence of publications; and predicting future research trends. The results show that IM
research is dominated by China and the US, with significant contributions from organizations like the Department of Computer
Science and Microsoft Research Asia. The development of the field toward scalable algorithms and practical applications is
highlighted by highly cited articles, such as Chen’s (2009) work on successful instant messaging. The investigation also shows the
possibility of incorporating Al into future advancements and points out shortcomings in behaviorally informed techniques. This
study offers a valuable summary of information management research for academics and professionals trying to understand this
ever-evolving topic.
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1. Introduction

The adoption of social media and various networking tech-
nologies available today has changed how people go about their
lives and communicate with each other [1, 2]. Various net-
working platforms serve different purposes, such as sharing
news updates or messages with others online for publicizing
events or expressing viewpoints on common interests.

Enabling users to interact and create connections online can
lead to the spread of ideas and news items among communities,
while influencing opinions effectively through these user-
generated networks [3]. It has been widely recognized that
not all users in a network hold importance or influence levels
due to their activities or connections within the network. Some
users may have a higher level of engagement and impact based
on their interactions or friends in their network circle [4].
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Influence maximization (IM) involves determining
a group of individuals within a network who can effectively
and widely impact users. This task is recognized as intricate
since it necessitates a measure to quantify influence [5]. At
first, Domingos and Richardson viewed the question of IM
from the standpoint of an algorithmic formulation. The
problem was first formulated as a discrete optimization
problem by Kempe, Kleiberg, and Tardos [6], Domingos and
Richardson (2001) [7], and Richardson and Domingos
(2002) [8]. Given the fact that IM through social networks
has great significance in the present times, although attempts
have been made to resolve the IM problem, there are sig-
nificant glaring gaps and niches in the domains of the
problem that seek to know “who” or “who” are likely to be
sensitive receivers of the message [9, 10] and/or who in-
fluences the recipients [11, 12] continue to be appreciated by
scholars.

One of the most common methods for forming a social
network representation relies on the graph’s structure,
where nodes represent users and edges reflect their in-
teractions. After that, a user’s influence can be quantified in
numerous ways. Still, some scholars claim that this pro-
pensity for influence is rooted in the geometric nature of
a comprised network, which is why some individuals are
defined as influential based on their position within the
structure [13].

Other studies also consider user behavior traits as
preferences or trust and look for them within the network
structure. While the former can be regarded as behavior-
agnostic, the latter can be referred to as behavior-aware. One
of the main concerns with behavior-agnostic approaches is
that they lack the specificity of identifying target individuals
based on behavioral patterns and instead employ a graph-
based structural approach to locate target users. They have
power (and additional complexity) as to how, in everyday
situations, users’ behavior can be regarded and used in
matching them with various systems [14].

As far as the authors are aware, up to this study, there has
been descriptive statistical analysis of the IM theme in the
literature as cited, although there have been several recent
works focusing on this aspect [15-17]. Additional biblio-
metric analysis is very appealing to scholars as it not only
provides an overview of trends in the development of the
discipline but also enables them to identify possible di-
rections for future research. Besides, instead of being
daunted by the number of published papers, junior re-
searchers might be able to look for a niche to begin their
explorations with the help of bibliometric analysis [18]. As
a result, this study aims to conduct a bibliometric analysis of
IM by addressing the following questions:

¢ Q1: Which journals have published the largest share of
research articles on IM?

¢ Q2: Which countries are the most productive in IM
research, and what are the most highly cited studies
and most influential scholars in the field?

¢ Q3: What are the anticipated research directions and
emerging trends in IM over the next decade?
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2. Method

2.1. Data Source and Search Strategy. The study’s objectives
include understanding the research lines and exploring the
IM problem in social network research. Due to its accuracy
in defining and evaluating scientific publications, biblio-
metrics was utilized [19]. The Scopus database was also
employed to collect data. There are two basic and primary
sources for carrying out bibliometric analyses: Scopus and
Web of Science (WoS). However, Scopus has some ad-
vantages, such as better accessibility to the public, more
exhaustive coverage of content, and profiles of all authors
and institutions, as well as serial sources. In addition, several
studies have confirmed that Scopus provides more extensive
coverage than the other and indexes more unique sources
than WoS covers [20].

A total of 1288 publications regarding IM problems were
collected. Articles published in multidisciplinary journals
that mentioned IM problems using direct messaging but not
related to computer science concepts or methodologies were
excluded. Following the search, 1446 items were taken out
for additional examinations.

Next, a search string was developed that comprised all
documents where “IM problem” appeared anywhere in
the title, abstract, or keywords as well as “influence
propagation,” “seed selection,” “viral marketing,” and
“information diffusion.” The primary keywords should
now be sufficiently represented to attain the goal. They are
not overly generalist or overemphasizing. The primary
purpose is to treat IM in its appropriate sense, concept,
and approach.

It is worth noting that during the first phase, 2734 IM-
based studies were found in the Scopus databases, mainly
from computer sciences and engineering. Other than the
retrieved items, the documents covered publications from
the year 2006 to the year 2024 (18 years), focusing on ac-
countancy, mathematics, and computer science. In addition,
other types of nonjournal papers, such as book chapters,
trade reports, and conference proceedings, among others,
have not been accounted for in this study. With this in-
formation, we set our parameters and define our search
strings. We first limited our search to studies that discussed
the issue of IM, and second, attempts were made to include
studies that were purely relevant to IM. Nonetheless, it is
disturbing that only 1446 items were returned, even though
the flowchart in Figure 1 depicts the data collection pro-
cedure. We selected Scopus database as the primary data
source for this bibliometric evaluation due to its broader
journal coverage, particularly in the fields of computer
science, engineering, and technology, which are dominated
to IM research. Compared to Web of Science, Scopus
contains a larger number of peer-reviewed journals, con-
ference proceedings, and publications from emerging re-
gions and disciplines. This guarantees a more
comprehensive and inclusive dataset for detecting key
trends, influential authors, and collaborative networks
within the rapidly evolving landscape of complex network
studies.
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Topic

Influence Maximisation in Social Networks

A

Scope

Bibliometric analysis of IM research from 2006-2024

1

Coverage

« Database: Scopus

« Search fields: article title, abstracts, keywords
« Time frame: 2006-2024

« Language: English

» Document type: journal articles

U

Keywords and search string

TITLE-ABS-KEY ("influence maximization" OR "influence propagation" OR "seed selection" OR "viral
marketing" OR "information diffusion") AND (LIMIT-TO(DOCTYPE, "ar")) AND (LIMIT-
TO(LANGUAGE, "English")) AND (LIMIT-TO(SRCTYPE, "j"))

|

) Exclusion and inclusion criteria
« Inclusion:

« Peer-reviewed journal articles (Article/Review), English, 2006-2024, indexed in Scopus.

« Topic explicitly on influence maximisation / seed selection / information diffusion / viral marketing /

rumor blocking / competing cascades in networks.
o Network-based methods or analyses (e.g., IC/LT/CT diffusion, RIS/TIM/IMM, learning-to-influence,
fairness/privacy/robustness in IM).
« Exclusion:
« non-journal items (conference papers, book chapters, theses, editorials/letters/notes) or non-English.

« Uses of “influence” without graph/diffusion context (e.g., psychology/management with no network model).

« Duplicates, retracted/unavailable full texts, or studies not centered on IM.
o (If space is tight, keep the bold headers and the first bullet on each side; point to Methods §2.2 for full details.)

1

Data extracted
[insert extraction date, 18 April 2025]

U

« Initial records: 2,734

Record identified and screened

o Records removed: 1,288

o Records included for bibliometric analysis: 1,446

FiGUre 1: Overview of the data collection and screening process used in the bibliometric study on influence maximization in social

networks, covering journal articles from 2006 to 2024.

3. Data Analysis

The first step involved applying bibliometric measures to the
data in terms of quantity and quality [21]. While other
measures like total citations (TC), number of cited publi-
cations (NCP), average citations per publication (C/P), and
average citations per cited publication (C/CP) assessed the
quality dimension, the total number of publications (TP)
assessed the quantity dimension of publication output [22].
In addition, rather than using standard measurements, the

g-index (g) and h-index (h) have also been included in
bibliometric measures that determine the prospective
forecast of future accomplishments. The indicators are used
at several levels, including author, journal, organization, and
country levels. Based on the RIS, the Scopus database was
accessed to extract relevant research data, which was then
processed and analyzed using Harzing’s Publish or Perish
(PoP) software. The second stage aimed at investigating the
relationships within the constituents of the research, com-
prising authors and their affiliations (organizations),
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nations, their citations, and sketching keywords; hence, the
research network was visualized. Only the term co-
occurrence has been used in analyzing the potential of
past, present, and future in the context of the IM problem.
While our research is a bibliometric analysis rather than
a systematic review of clinical or experimental tests, we used
several aspects of preferred reporting items for systematic
review and meta-analysis (PRISMA) to improve scientific
transparency.

3.1. An Overview of the Collected Literature. The terms were
analyzed based on their clusters, edges, and frequency. Two
or more clusters containing various study themes are formed
due to the arrangement of edges (the connections between
keywords) and nodes (keywords) [23]. In the visual styles of
the keywords, the bigger nodes are the ones that were most
frequent, while the stronger associations are shown by
thicker edges. At the same time, in the study’s cluster
analysis, it is possible to determine the combination of re-
search interest and keywords within the group by grouping
words with comparable meanings and differentiating them
from those with different meanings in distinct groups. The
scope of the work is further limited to the works that study
IM and fall into the period between 2006 and 2024. For
subsequent analysis, the study excluded books, editorials,
review articles, and any publications except journal articles.
Finally, 1446 papers have been taken up by the study.
Nevertheless, the search encompassed only articles pub-
lished in English. The papers concerned had 29,606 citations,
or 1644 citations a year, and 18 for each published piece on
average. Table 1 displays the citation metrics for each article.

In addition to IM as the most popular keywords as
a main keyword were “social networks (online)” (14.5%),
“economic and social impacts” (5.1%), “approximation al-
gorithms” (5.0%), “maximization problem” (4.0%), “viral
marketing” (3.0%), and others. Table 2 contains a list of the
top keywords. Typically, high-frequency terms are well-liked
within a specific subject [24]. The listed keywords are used
together to maximize dissemination with social network
research.

3.2. Research Growth. Regardless of the rise and fall in re-
search production during the year, it is noticeable that re-
search productivity has increased over the years. We find
that in the first four years from 2006 to 2010, publishing was
limited and reached only 22 research papers, whereas in
2010, the total number of published research papers was only
22 research papers. The number of published research pa-
pers doubled in 2014 to about six times (reaching 66 research
papers) and continued to increase until 2021, reaching 166
research papers. We also notice a decrease in the level of
research production after this year, which is in the years
2022, 2023, and 2024. The average number of citations per
publication was highest for publications published in 2007
(196.75). Nonetheless, the years 2017 (h-index 30) and
2018-2019-2020 (h-h-index 24) had the highest h-index,
indicating a significant cumulative impact of the articles
based on their quantity and quality. Since citation counts

Complexity

TaBLE 1: Statistical information for published papers.

Metric Value
Number of papers 1446
Number of years 18
Number of citations 29,606
The yearly average of citations 1644
The mean number of citations in each paper 20.47
g-index 149
h-index 75

TaBLE 2: Top recurrent keywords and their corresponding total
publication percentages across the dataset.

Number Keywords pul;li?ct:tlion Percentage
1 SOCIAL nF:tworking 797 13.80%
(online)
) Economic and social 284 4.90%
effects
3 Approximation 277 4.80%
algorithms
4 Maximization problem 220 3.80%
5 Viral marketing 209 3.60%
6 Marketing 208 3.60%
7 Greedy algorithms 177 3.00%
8 Heuristic algorithms 172 2.90%
9 Information diffusion 166 2.80%
10 Budget control 152 2.60%
11 Commerce 142 2.40%
12 Online social networks 132 2.20%
13 Influential nodes 126 2.10%
14 Optimization 126 2.10%
15 Information 118 2.00%
dissemination
16 Diffusion 115 2.00%
17 Diffusion model 103 1.70%
18 Social influence 102 1.70%
19 Complex networks 97 1.60%
20 Algorithms 89 1.50%
21 Data mining 87 1.50%
22 Heuristic methods 87 1.50%
23 NP-hard 85 1.40%
24 Efficiency 71 1.20%
25 Linear threshold models 66 1.10%
26 Cascade model 65 1.10%
27 Real-world datasets 64 1.10%
28 Information 63 1.00%
propagation

29 Propagation modeling 63 1.00%
30 Artificial intelligence 62 1.00%

have been rising over time, low citations per publication in
recent years were anticipated. Figure 2 shows the average
number of citations per publication as well as the
publishing trend.

3.3. Leading Nations, Institutions, and Authors in IM
Research. With 673 and 353 articles, respectively, the
United States and China were the most productive nations.
The study found that the distribution of impact
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FIGURE 2: Annual trends in publications and citations related to
influence maximization (2006-2024).

maximization research was roughly even between Asia and
America, except for Europe, where research was unevenly
distributed among the rest of the continents. The top 10
countries (see Table 3) included one North American
country, six Asian countries, one African country, Australia,
and the United States. The United States and China, the two
most productive nations, both produced high-caliber pub-
lications with average citation counts per publication of
32.52 and 16.44, respectively. With average citations per
publication of 84.23 and 93.81, respectively, Singapore and
Canada published the fewest. Based on a rating of the top 10
most productive nations, Asian nations had the fewest ci-
tations: India (14.62) and Iran (13.94) were at the bottom of
the list.

With the highest h-index and g-index and 74 published
publications, the Department of Computer Science was the
most productive institution (see Table 4). The number of
publications exceeded that of the second-most productive
department, the Department of Computer Science and
Engineering (51). However, the top 10 list showed that
Microsoft Research Asia had the highest average citations
per publication with 580.12, followed by the School of In-
formation Systems (229) and Microsoft Research (206).
Three American universities were ranked as the most pro-
ductive in the nation, accounting for 35.8% of all US articles.
This indicates the distribution of the publications to other
US institutions. Nevertheless, 51 articles were published
from the Department of Computer Science and Engineering
for the Indian Institute of Technology Bombay (45.5% of the
country’s total articles).

The two most prolific institutions carried out studies on
distinct topics. Figure 3 shows that the Department of
Computer Science’s use influences maximization in nu-
merous areas, such as “viral market,” “community de-
tection,” “social network analysis,” “seed selection,”

“information propagation,” and others. Nonetheless, the
Department of Computer Science and Engineering research
mostly involved tourism; the keywords were “differential
evaluation,” “information dimension,” and “information
diffusion.”

Table 5 shows the most productive authors who have
published the most articles in the field of IM. The author
with the most publications, Wu Weili, was the most prolific,
followed by Chen Wei (32) from Singapore and Guo
Jianxiong (23) from the United States. Although Chen Wei
did not have the most research in the field of influence
maximization, he had the highest number of citations as well
as an h-index. Wu Weili and Guo Jianxiong, as the most
productive authors, have similar research interests, which
are in online social networks. Based on the study database,
they had written 20 articles together using IM in social
networks. Liu Wei and Chen Ling are experts in positive IM
in social networks.

3.4. Top Active Journals. The journals were distributed
among three publishing houses. Specifically, four of the 12
source titles were Elsevier journals; three were published by
Springer Nature, three by IEEE, and one by Conference.
Lecture notes in computer science (including subseries
lecture notes in artificial intelligence and lecture notes in
bioinformatics) were the most active source with 131 articles,
followed by information sciences and IEEE Access with 38
and 33 articles, respectively. The average number of citations
per publication is calculated as follows, Proceedings of the
ACM SIGKDD International Conference on Knowledge
Discovery and Data Mining (c/p = 177.07), followed by IEEE
Transactions on Knowledge and Data Engineering (c/
p=>53.82) and knowledge-based systems (c/p =32.68). Ta-
ble 6 lists the most active sources with research on social
network IM together with their impact score (2023 SCImago
Journal Rank (SJR) Citation Score).

3.5. Highly Cited Articles. Chen (2009) [25] published the
most top-cited article in IM titled “Efficient IM in Social
Networks.” The publication had 1900 citations. The article
also discussed another use of instant messaging, which is
described in the section on “most active journals” of the
organizational study. The study found that most of the top 15
articles were about social networks. At the same time, some
papers also looked at the use of instant messaging in
marketing, recommendation systems, and other areas. Ta-
ble 7 lists the top 15 highly cited articles.

3.6. Co-Citation and Bibliographic Coupling Analysis. The
VOSviewer was used to create the author-level and
reference-level co-citation network, along with a biblio-
graphic coupling analysis, to supplement keyword co-
occurrence analysis. These visualizations advance topics
influencing maximization research and offer a multilayered
perspective on intellectual structure. A co-citation network
of authors was constructed using VOSviewer. In Figure 4,
each node in the graphic represents an author, the shapes of
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TaBLE 3: Bibliometric performance of top contributing countries in influence maximization research (2006-2024).
Average
Cited Average citatiois
Country TC TP L. citations . h-index g-index
publications . per cited
per publication publication
1 United States 8619 265 237 32.52 36.36 38 87
2 China 8140 495 388 16.44 20.97 39 79
3 Singapore 3201 38 34 84.23 94.14 19 38
4 Canada 2064 22 21 93.81 98.28 11 22
5 India 1638 112 92 14.62 17.80 24 38
6 Australia 1102 44 40 25.04 27.55 15 33
7 Japan 1059 34 30 31.14 35.30 15 32
8 Iran 1018 73 63 13.94 16.15 19 29
9 South Korea 815 27 25 30.18 32.60 11 27
10 Hong Kong 719 34 32 21.14 22.46 13 26

Note: Total publications (TP) refers to the number of publications analyzed for each country or entity. Cited publications denotes the number of publications
that received at least one citation. Total citations (TC) denotes to the sum of all citations received. Average citations per publication is calculated as TC divided
by TP. Average citations per cited publication is computed as TC divided by the number of cited publications. h-index is the number of publications (h) that
have received at least h citations. g-index is the highest number (g) such that the top g articles received at least g citations in total.

the nodes correspond to the frequency of co-citation, and the
colors depict local intellectual communities by highlighting
groups of authors whose works are frequently quoted
together.

The study revealed a wide variety of groups: cluster 1
(red): theoretical model and algorithm efficiency (Wang X.,
Zhang J., Liu J., Liu X., and Shang J); cluster 2 (yellow):
applied optimization and socioeconomic reference (Liy., He
Z., Tan K.-L., Cai Q., and Sellis T); cluster 3 (green): in-
tegrated principle and application (Chen W., Xiao X., Thai
M.T., and Song L); cluster 4 (blue): scalable algorithm for
large-scale networks (Tang I, Motoda H., Muller E,
Mahajan V., and Cordasco G); cluster 5 (purple): Al and
multiagent application (Kleinberg J., Richardson M., and
Walker D). This reflects the historical intellectual backbone
of the network sector and highlights bridges to writers such
as Chen W. and Tang J. Co-citation interactions between the
primary references are depicted in Figure 5, where nodes
stand in for the works, colors frequently depict groups of
works that have argued together, and link thickness denotes
co-element power. The analysis identifies three intellectual
columns: the founding theoretical functions in social net-
work analysis and influence propagation (Leskovec et al.,
Granovetter’s threshold model, Barabasi-Albert network
theory, and Goldenburg et al.’s diffusion study), as well as
the studies conducted in the field of algorithms for maxi-
mizing the effect and the possibility of developing them,
such as the studies that focus on efficiency, conducted by
Chen W., Wang C., and Wang Y, and the algorithm opti-
mization framework (Kempe, Kleinberg, Tardos).

The bibliographic coupling network’s texts are shown in
Figure 6, where the node size indicates the extent of shared
contexts in recent publications and color groups authors that
share book list profiles. According to this analysis, the largest
cluster (Wu Veli, Tang Zueyan, and Guo Ziaxian) combined
social network analytics and algorithm innovation, while the
second cluster (Chen Wei and Tang Shogi) concentrated on
big data references. Bridging figures like Tambe Milind
connected Al, decision principle, and priority. When taken

as a whole, these visualizations not only chart the region’s
historical underpinnings, remarkable functions, and the-
matic alignments but also show the multidisciplinary con-
nections that are developing and the likely direction of
future research.

4, Discussion

In this section, the findings were discussed as follows:

o The purpose of the study was to examine IM research
on social network topics. The number of articles
generally showed an upward trend, with a notable
increase since 2005. Another notable increase was
found in 2017, the second highest increase in the last
20 years, rising 50.60% from the previous year. This
study demonstrated that a bibliometric examination of
IM research delivered a similar tendency, with IM
publications steadily rising since 2006. The highest
average citations per publication were found in pub-
lications published in 2010 and 2014, according to
quality measures. Furthermore, most citations in or-
ganizational science were found in many works
published during those years. Chen’s (2009) research
shaded alight on the IM problem in social networks.
Authors in that study addressed the problem by
selecting a small group of users (seed nodes) to
maximize the impact on users as much as possible.
They proposed a new algorithm that achieved better
results than greedy algorithms in speed, making it
a unique solution for maximizing diffusion in complex
networks.

e Chen (2009b) presents the MIA algorithm as a faster
and more efficient alternative to greedy algorithms for
maximizing influence in large-scale social networks. It
relies on local influence structures (arborescence)
instead of calculating global influence, presenting
a faster model than traditional methods while
achieving close to the same influence. The study
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FiGure 3: The topic keywords comparison between (a) Department of Computer Science and (b) Department of Computer Science and

Engineering.

revealed Canada, Singapore, and the United States as
the most productive countries. Furthermore, they
discovered that Canada had led IM research, with
Singapore coming in second and the US third. Asian
institutions, including those in Japan, South Korea,

Hong Kong, China, Taiwan, and Iran, scored lower
than other institutions based on the average number of
citations (18.80). For authors from Asian institutions,
higher caliber and more significant research are
required.
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TaBLE 7: The highly cited articles.
Authors Titles Citations
Chen (2009) [25] Efficient Influence Maximization in Social Networks 1900
Chen (2010b) [26] Scalable Influence Maximization for Prevalent Viral Marketing in Large-Scale Social 1455
Networks
Goyal (2011¢) [27] CELF++: Optimizing the Greedy Algorithm for Influence Maximization in Social 789
Networks
Chen (2010a) [28] Scalable Influence Maximization in Sizzaéelfetworks Under the Linear Threshold 774
Borgs (2014) [29] Maximizing Social Influence in Nearly Optimal Time 686
Tang (2014) [29] Influence Maximization: Near-Optimal Time Complexity Meets Practical Efficiency 676
Tang (2015) [30] Influence Maximization in Near-Linear Time: A Martingale Approach 654
Community-Based Greedy Algorithm for Mining Top-K Influential Nodes in
Wang (2010) [31] Mobile Social Networks 472
SIMPATH: An Efficient Algorithm for Influence Maximization Under the Linear
Goyal (2011a) [32] Threshold Model 468
Li (2018c) [33] Influence Maximization on Social Graphs: A Survey 442
Bharathi (2007) [34] Competitive Influence Maximization in Social Networks 405
Jung(2011) [35] IRIE: Scalable and Robust Influence Maximization in Social Networks 353
Influence Blocking Maximization in Social Networks Under the Competitive Linear
He(2012b) [36] Threshold Model 349
Goyal (2011b) [37] A Data-Based Approach to Social Influence Maximization 324
Nguyen (2011) [38] Stop-and-Stare: Optimal Sampling Algorithms for Viral Marketing in Billion-Scale 305
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e In the VOSviewer map shown in Figure 5, there were
three tightly knit citation communities. A founda-
tional cluster (green/yellow) is anchored by Kempe,
Kleinberg, Tardos, and classic submodularity work
(Nemhauser, Wolsey) which provides the theoretical
basis for IM. A red, highly connected core around
Leskovec, Krause, links diffusion modeling and net-
work science (Barabasi, Albert) with marketing

FIGURE 4: Author co-citation analysis, showing the frequency with which pairs of authors are cited together in the same documents.

diffusion studies (Goldenberg, Libai-Muller). To the
right, a blue cluster dominated by Chen-Wang and
collaborators reflects scalable IM algorithms (e.g., RIS/
TIM/IMM, sketch-based methods), showing strong
within-cluster cohesion and directed ties back to the
theory core. Node size (citation weight) and edge
thickness (co-citation strength) indicate that these
groups form the intellectual backbone of the field and
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FIGURE 5: Reference co-citation network, illustrating the relationships between references that are frequently cited together within the

analyzed corpus.
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FIGURE 6: Author bibliographic coupling network, illustrating the strength of connections between authors based on shared references.
Thicker links represent stronger coupling, indicating a higher degree of overlap in cited literature.

that approach advances in scalability are explicitly
grounded in the earlier submodular framework.

e Figure 6 depicts the author’s map. It reveals several
collaboration communities with dense intragroup ties
and sparser cross-group bridges. A large blue com-
munity led by Chen Wei exhibits high centrality and
tight internal collaboration around scalable IM; a large
green community cantered on Wu Weili and Guo
Jianxiong indicates another active hub; a red com-
munity around Qiu Liying and Tang Jianxin points to
learning-based, social computing lines; and a smaller

purple cluster around Tambe, Milind proposes a fo-
cused stream (e.g., public interest/fairness), moder-
ately connected to the main hubs. Overall, node size
(productivity and impact) and proximity (collabora-
tion strength) illustrated a mature field clustered
around algorithmic scalability and diffusion modeling,
with developing more specialized subcommunities
that align with our review’s thematic trends (learning,
robustness, fairness, and application-driven IM).

e The outcomes of this bibliometric analysis have
practical implications for both industry practitioners
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and academic researchers. In particular, the increasing
demand for developing scalable IM algorithms un-
derlines the growing need for approaches that can be
applied to large-scale, real-world social networks.
Scalable algorithms are important in platforms such as
LinkedIn, Facebook, and Twitter where millions of
nodes (users) and edges (connections) exist. Effectively
detecting key influences in these networks can sig-
nificantly improve public health messaging, viral
marketing, emergency response communication, and
opinion shaping in elections or awareness campaigns.
For example, adopting heuristic-based algorithms or
scalable greedy models assist decision makers to
simulate and optimize knowledge spread within lim-
ited computational resources and time. This made IM
not just a theoretical problem but also a critical so-
lution of high impact in the digital age. Moreover, our
findings showed there are attempts toward deep
learning-based graph neural network approaches,
indicating future IM models may suggest both scal-
ability and adaptiveness, further broadening their real-
world applicability.

While this study offers valuable insights into research
trends, productivity, and influential contributions,
several limitations should be acknowledged. First,
citation bias can influence the observed impact of
publications, as older published papers or those
published in high impact journals are more likely to
collect citations regardless of quality or significance.
Second, depending on specific data sources, although
comprehensive, may exclude relevant publications
indexed exclusively in other databases such as IEEE
Xplore or Google Scholar. This could lead to imperfect
coverage, particularly for interdisciplinary or region-
specific research. Furthermore, bibliometric ap-
proaches primarily extract quantitative patterns and
may inspect methodological contributions that need
qualitative assessment. These limitations emphasize
the need to interpret the results with caution and,
where possible, complement bibliometric findings
with contents analysis.

For further analysis, we conducted temporal keyword
trend investigation. Figure 4 represents a heatmap to
illustrate keyword trends. The temporal keyword
analysis showed how research interests have changed
over time, offering valuable insights into developing
and declining topics within the field. By employing
yearly co-occurrence heatmaps, it becomes possible to
visualize not only the frequency of individual key-
words but also their interrelationships across different
years. The obtained results showed that there are shifts
in research emphasis, for example, the terms like “deep
reinforcement learning” and “competitive influence
maximization” have been used noticeably in recent
years, indicating emerging subfields. To improve
readability and highlight the most relevant topics, we
focused on the top 30 most frequent keywords across
the entire period. This allowed us to clearly visualize
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the growth of research motivations over time and to
identify emerging subtopics in IM.

¢ We conducted thematic evolution across three time
slices (2007-2012, 2013-2018, and 2019-2024).
Themes were gathered at each slice and synthetic link
weights were allocated to simulate merging/splitting
dynamics (e.g., IM — information diffusion —
deep learning for influence; social network analysis
— community detection — graph neural net-
works). Figure 7 reports a thematic evolution map
based on top keywords from 2007 to 2024. For each
period, the top eight keywords were selected as rep-
resentative themes. Continuity between periods was
established by matching identical keywords across
time slices, with ribbon thickness proportional to the
shared frequency. This mapping enables the visuali-
zation of stable core topics—such as IM and social
networks and highlights how emerging areas (e.g.,
information diffusion and viral marketing) evolved or
diminished over time. Figure 8 shows the heatmap of
the temporal evolution of top research keywords.

4.1. Research Themes. The problem of maximizing influence
in social networks is to identify a small group of users whose
interaction leads to the maximum spread of information or
products within the network [39]. Most studies rely on the
graph structure, where nodes represent users and edges reflect
their interaction, making influence related to the individual’s
position within the network. However, the actual spread of
information depends not only on the geometric structure but
also is affected by individuals’ behavior, interaction patterns,
and influence transfer probabilities. Therefore, the challenge is
to design models that can select influencers effectively, taking
into account factors such as dynamic interaction, shared
interests, and different levels of influence to ensure maximum
spread at the lowest possible cost.

4.2. Project Management. 'The first research paper that used
network analysis in complex networks was published in 2001
by Domingos, the concept of seed set selection to spread
influence in a network. This approach is based on selecting
a small group of customers (or nodes in the network) that
have the maximum ability to spread information or influ-
ence others within the social network. The research aims to
analyze the value of customers based on their influence
within the network, not just based on their characteristics. In
addition, Chen (2009) has received the highest citations in
the field of IM in social networks. Subsequently, the pub-
lication of IM in the social networks literature has increased
significantly.

The study [40] provides a standard scientific analysis of
the development of IM research in social and information
networks, focusing on research trends, methods used, and
the most influential institutions. 1026 research papers were
collected and analyzed from the Scopus database for the
period 2009-2023 using VOSviewer. The results show that
research in this field has seen significant growth since 2015,
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FiGUure 8: Heatmap showing the temporal evolution of top research keywords. Darker cells represent higher co-occurrence frequencies,

indicating periods of strong thematic association.

with China, the United States, and India dominating sci-
entific production. Recent developments are moving toward
integrating artificial intelligence and deep learning to im-
prove the efficiency of IM. The study recommends
expanding research in developing countries and developing
hybrid algorithms to enhance applications in various fields.

4.3. Social Networks Online. The IM approach in social
network subjects was widespread, with “social network
online” among the most frequent and top 30 keywords (see
Table 2). Wu, Weili was the most productive author who
used IM in social network research. The exponential increase
in the use of social networks has drawn the attention of
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researchers to link prediction, community detection, and
information diffusion. There are several potential uses for
these, including social recommendation, rumor control,
viral marketing, and income maximization [41-43].
Besides, the study discovered three significant journals
with the most publications in social network research:
Lecture Notes in Computer Science, Information Sciences,
and IEEE Access, similar to [44, 45], whereby Lecture Notes
in Computer Science was the most productive journal.
Recently, the Information Sciences surpassed IEEE Access.

4.4. Social Network Analysis and Mining. The IM usage in
social network analysis and mining varies; For example,
Chin and others in [46] are used in viral marketing, in-
cluding how a marketing campaign can achieve maximum
reach at the lowest cost, while taking into account the
important issue of time. IM [47] has also been applied in
social network analysis to understand the mechanism of
information diffusion within a network, in addition to
controlling crisis management through information diffu-
sion [48] and more. The top productive journals are the
Social Network Analysis and Mining, Information Sciences,
and IEEE Access.

4.5. Recommendation System Management. The IM is used
for a recommendation system. Keywords under this subject
include “viral marketing,” “marketing,” “information dif-
fusion,” and others. The study presented a group recom-
mendation model that considers maximizing the impact of
diffusion.

It is considered optimizing recommendations provided
to the group, not just to include group members but also to
have the potential to spread beyond the group. Meanwhile,
the problem of maximizing influence also contributed to
data poisoning, increasing attacks on recommendation
systems, whereas the attack focused on influential users
rather than regular users, increasing the impact of the attack
at the lowest cost, as the targeted users are fewer in number
due to their influence. Specifically, the top three journals
were ACM SIGKDD International Conference, IEEE, and
Information Sciences.

4.6. Future Work Direction. In this section, we highlight the
future direction of our current study; we will (1) design seed
selection and spread estimators for heterogeneous/multiplex
networks and report advantages over single-layer baselines
on real cross-platform data (Magnani and Rossi, 2013; Li
et al,, 2019); (2) move beyond static IC/LT assumptions to
temporal and continuous-time diffusion, enabling staged
seeding and deadline-aware objectives evaluated with la-
tency/arrival metrics (Gomez-Rodriguez et al., 2011; Du
et al., 2013); (3) develop robust, distributionally robust IM
that optimizes worst-case spread under uncertainty in edges/
probabilities and reports robustness-utility frontiers (He
and Kempe, 2015); (4) apply graph learning and bandit/RL
models for influence prediction and adaptive seeding in
repeated campaigns (Qiu et al., 2018; Wang and Chen, 2017);
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(5) incorporate fairness constraints to guarantee minimum
exposure for protected groups and publish Pareto curves for
spread versus disparity (Tsang et al., 2019; Rahmattalabi
etal., 2020); (6) enforce privacy and security via differentially
private IM with formal utility bounds and resilience to
poisoning/rumor attacks (Lyu et al., 2017; Fang et al., 2018);
and (7) strengthen reproducibility through open, temporally
annotated benchmarks and transparent seed/budget pro-
tocols grounded in submodular IM foundations (Kempe
et al., 2003; Leskovec et al., 2007).

5. Conclusion

The development, state, and prospects of IM research in
social networks are clarified by this bibliometric analysis.
With important contributions from organizations and
writers like Wu Weili and Chen Weili, the study emphasizes
the dominance of China and the US in information man-
agement research. Publications have increased dramatically
since 2006, indicating the expanding significance of in-
formation management in crisis management, recommen-
dation systems, and viral marketing. Key findings highlight
the necessity of behavior-aware models to handle dynamic
user interactions and the significance of scalable algorithms,
as demonstrated by highly cited works. Even with ad-
vancements, there are still gaps, especially when it comes to
integrating deep learning and artificial intelligence to im-
prove the effectiveness of information management. The
study emphasizes how hybrid algorithms and under-
represented fields should be explored in future research.
This study’s mapping of the information management en-
vironment lays the groundwork for future research into
specialized fields and innovation, ultimately leading to more
efficient methods of disseminating information and influ-
encing social networks.
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