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Abstract

With the development of online social media, influencer detection methods on these plat-
forms have become an important area of study. However, existing influencer detection
methods often place significant emphasis on the number of followers, which can lead to a
drawback in maintaining the influence of users who have not been very active recently. In
this paper, we propose an influencer detection method that takes both social interactions
and the graph structure of social media into account. By considering both social interac-
tions and graph structure, the proposed method prevents influence scores of users who
have not been recently active from remaining disproportionately high. To demonstrate
the superiority of the proposed method, we conducted a performance comparison with
existing methods.
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1. Introduction

Online social networks have emerged with the development of Web 2.0 technologies
and the increased use of the Internet. Early social networks were mainly created to connect
friends, but now they are used in various areas such as business, news, and entertainment,
and several platforms exist, including Facebook, Twitter, Instagram, and LinkedIn. The
importance of online social networks is steadily increasing [1]. Using a small number
of influencers to spread information to many users is important for effective advertising
or disaster information dissemination. For this reason, research on influencer detection
methods has been actively conducted [1-6].

With the advancement of the information and communication technology field and
the growing influence of online social media, many studies have explored applications
that leverage the characteristics of influencers who exert impact on numerous followers
to disseminate information to a large audience through a small number of influential
individuals [4]. Most existing influencer detection methods place significant emphasis on
the number of follower edges in a social graph. However, relationships between users in
social media platforms, once established, tend not to be easily dissolved. Consequently,
approaches that rely solely on follower counts often suffer from the issue that inactive
followers disproportionately contribute to the perceived influence of a user. Therefore,
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in the rapidly evolving social media environment, it is necessary to consider various
additional features beyond follower count when identifying influencers.

In this paper, we propose an influencer detection method that considers both social
interactions and graph structure in social media. The proposed method uses a dissemination
score, which is calculated from the influencer’s social interactions, and an infrastructure
score, which is calculated from the graph structure. By considering both social interactions
and graph structure, the method solves the problem where users with many inactive
followers receive an overly high final influencer score. To show the effectiveness of the
proposed method, we conduct various performance evaluations.

The structure of this paper is as follows. Following the introduction in Section 1,
Section 2 analyzes existing methods for detecting influencers in social media and dis-
cusses their limitations. Section 3 describes the proposed influencer detection method.
Section 4 presents the results of a comparative evaluation between the proposed
method and existing methods, and analyzes the performance evaluation results. Finally,
Section 5 concludes the paper and discusses future research directions.

2. Related Work

Recent studies have focused on detecting influencers who can have a significant
impact on networks. Existing research can be categorized into non-graph-based methods,
graph-based methods, and network models.

2.1. Non-Graph-Based Methods

Non-graph-based methods do not use the structure of the network at all. Instead,
they detect influencers using non-graph information such as interactions or content [1].
In [1], features from social media platforms such as Twitter, Facebook, and Instagram are
used. These features include the number of shares, results of sentiment analysis, monthly
interactions, user activity time, and the number of posts. Using these variables, multiple
regression models such as Lasso [7] and k-NN regression [8] are applied to estimate the
influencer score of users.

Because non-graph-based methods do not use relational and connection information
in social media, they can easily miss important contextual and connection information.
They are also less adaptable to structural changes in social media, and, compared to
dynamic network models, it is difficult to detect or update new influencers and relationship
changes in real time. In addition, they do not consider network topology, which contains
important information for information diffusion. Furthermore, when machine learning is
used, labeled data are required for training.

2.2. Graph-Based Methods

Graph-based methods calculate user influence by using the structure of the network to
detect influencers [4—6]. These methods can be broadly divided into information diffusion
models and structural centrality methods. Representative information diffusion models
include the Independent Cascade (IC) model, Linear Threshold (LT) model, and Susceptible-
Infectious-Recovered (SIR) model [6]. These models were originally designed based on the
spread of infectious diseases and simulate the diffusion of information between users in
the network through edge-based propagation probabilities.

Structural centrality methods include well-known approaches such as PageRank [9,10] and
K-Shell Decomposition [11,12]. PageRank-based methods (hereafter PR) apply the PageRank
algorithm to the social network and select the top-k users with the highest PageRank scores [5].
K-Shell-based methods (Evidential Centrality-Related Method, hereafter ECRM) use the
number of followers and the K-Shell similarity between a user and their followers [6].
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Because social media graphs are extremely large, graph-based methods often require
dividing the full network into subgraphs to perform centrality analysis with high compu-
tational complexity, such as betweenness centrality. Additionally, on social media, once a
relationship is established, it usually remains unless there is a special reason for removal.
Therefore, methods that consider only the structural characteristics of the graph tend to
favor older users when detecting influencers. These methods also struggle in situations
where a user has many connections, but neighboring nodes do not actively interact with
them. Therefore, rather than relying on indirect measures such as similarity [6], it is neces-
sary to adopt a method that measures actual social interactions and the real propagation
process as scores and utilizes them for influencer detection.

In influence maximization studies, researchers have investigated selecting a spe-
cific number of nodes in social media to maximize information diffusion [13-20].
In [13], an approximate algorithm based on submodular function optimization was pro-
posed. In [14,17,19], Graph Neural Networks (GNNs) were used to optimize the influence
maximization problem based on data. In particular, [19] improved accuracy by using deep
graph representation learning in social networks. Refs. [18,20] investigated the prediction
of influence maximization using deep reinforcement learning. However, the methods also
have limitations, as they either do not consider social interactions and graph structure or
consider them only in a limited way. Moreover, GNN, deep representation learning, and
deep reinforcement learning-based approaches aim to improve accuracy, but they need
high computational resource requirements and long training times.

2.3. Network Models

Network models can be classified into static network models, snapshot network
models, and dynamic network models. Static network models do not reflect changes in the
network over time. Snapshot and dynamic network models require continuous collection
of network change information, which incurs collection costs, and they depend on the APIs
of social media platforms for ongoing data collection, which is a limitation.

3. The Proposed Influencer Detection Method
3.1. Characteristics

Figure 1 shows the overall structure of the proposed influencer detection method.
The proposed method is based on the social media platform X (Twitter). The method
consists of building the social graph and retweet graph, feature analysis, and influencer
score calculation. The proposed method returns the users with the highest influence as the
result by considering both the infrastructure score and the dissemination score.

3.2. Feature Analysis

Feature analysis is the process of deriving the attributes needed to calculate influence
from the graphs constructed from social media data. Figure 2 shows the calculation process
for the attributes in the feature analysis stage. To indirectly measure the influence of each
user in the social graph and the retweet graph, user attributes are calculated for all users
in the entire network. In this process, the attributes used for calculation consist of social
features and retweet features. The social features and retweet features are calculated based
on the social graph and retweet graph, respectively.

Social features based on graph structure include the number of followers and the
K-Shell iteration value of each user. The number of followers indicates how many people a
user can potentially influence. The K-Shell iteration value measures the centrality of a user
within the graph. The proposed method assumes that users with higher centrality in the
graph are more likely to participate in information propagation. The number of followers
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and the K-Shell iteration value are denoted as F; and F(it;), respectively. The number
of followers considers only incoming edges for each user. The K-Shell iteration value is
calculated using the K-Shell decomposition method. Here, the K-Shell iteration value refers
to the iteration at which the node (user) is removed, rather than the K-Shell value of the
node itself. The reason for using the K-Shell iteration value instead of the K-Shell value is
that the iteration value provides a simple and effective measure of node centrality [4].

Build Social & Retweet Graph
T

Feature Analysis

Social Feature Retweet Feature
Calculation Calculation
Iﬁl lll —«a II
Infrastructure Dissemination
Score + Score

Influencer Score Calculation

L

Top-k Rank

Figure 1. Overall processing procedure of the proposed method.

Social Feature Retweet Feature
Calculation Calculation
User K-
User U;Er I’f‘ User Shell
Followers Itera(taion Retweets [=»{ lIteration
count Calculation count i;lgaztg:;

Figure 2. Process of feature calculation.

First, for all users in the entire graph, the incoming edges for the number of followers
are calculated. Then, the K-Shell iteration value for each user is computed through a graph
decomposition process.
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Retweet features based on social interactions include the number of retweets and the
Retweet K-Shell iteration value of each user. The number of retweets indicates how much
attention and engagement a user receives from others. The retweet K-Shell iteration value
measures the centrality of a user in the retweet graph. The number of retweets and the
retweet K-Shell iteration value are denoted as R; and R(it;), respectively. The number
of retweets considers only incoming edges for each user. The K-Shell iteration value is
calculated for the retweet graph in the same way as it is calculated for the social graph.

3.3. Influencer Score Calculation

Influencer score calculation is the process of computing the influencer score by com-
bining the dissemination score and the infrastructure score derived in the feature analysis
stage. The influencer score is obtained by assigning weights to the dissemination score and
the infrastructure score and then summing them.

3.3.1. Infrastructure Score Calculation

Figure 3 shows the process for calculating the infrastructure score. The infrastructure
score is calculated using the number of followers and the K-Shell iteration value of each
user in the social graph. A high infrastructure score indicates that the user or the user’s
followers have high centrality in the graph structure or a large number of followers, which
makes information propagation more effective.

a

Infrastructure Score

Centrality Score
p 1-§

User Follower User K-Shell
Count H Iteration

I
Build Page Rank Graph G(V,E)

V = User Centrality Score Set , E = Social Graph edge Set

v

PageRank

Figure 3. Process of infrastructure score calculation.

The centrality score is obtained by assigning weights to the number of followers and
the K-Shell iteration value of a user and summing them. This centrality score is used as
the initial PageRank score, and the final PageRank score, obtained after iterating until
the convergence condition (10~°) [5] is met, is used as the infrastructure score. This score
is denoted as PR;. The infrastructure score is calculated according to Equation (1). The
assigned weight (3 is a user-defined value that can be adjusted depending on the application,
and a value of 0.5 is used in the experiments in this paper.

PR; = PR((Bx F;) + ((1—B) x F(it;))) (1)
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3.3.2. Dissemination Score Calculation

Figure 4 shows the process for calculating the dissemination score. The dissemination
score is calculated using the number of retweets and the K-Shell iteration value of each user
in the retweet graph. A high dissemination score indicates that the user receives a high level
of attention from surrounding users, making it more favorable for information propagation.
The dissemination score is calculated by assigning weights of vy and 1-y to the number of
retweets and the retweet K-Shell iteration value, respectively, and summing them. The
dissemination score is denoted as DS; and is calculated according to Equation (2). The
assigned weight v is a user-defined value that can be adjusted depending on the application,
and a value of 0.5 is used in the experiments in this paper.

DS; = (v x R;) + ((1 =) x R(it;)) (2)

1—«

Dissemination Score

Y 1-y
User Retweet User K-'Shell
Count + Iteration
(Retweet)

Figure 4. Process of dissemination score calculation.

3.4. Top-K Rank

The influencer score, called the User Influence Score (UIS), is obtained by multiply-
ing the infrastructure score and the dissemination score by their respective weights and
summing the results. The formula is expressed in Equation (3), where the weights for the
infrastructure score and the dissemination score are determined through hyperparameter
tuning to achieve optimal performance. The final influencer score is calculated for all nodes
in the graph. The users are then sorted in descending order based on their UIS, and the
top-k users are selected as the initial propagators of information. The assigned weight ot is a
user-defined value that can be adjusted depending on the application, and a value of 0.5 is
used in the experiments in this paper, as PR; and DS; are assumed to have equal importance.
If optimized, for example, through grid search, the performance of the proposed method
could be improved.

UIS; = (a x PR;) + ((1 —a) x DS;) 3)

Algorithm 1 shows the algorithm for Influencer score calculation. Input is a social
graph and a retweet graph. Output is Rank [v]. Lines 01~08 show the Feature Analysis
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step. Lines 09~16 show the Influencer Score Calculation step. Lines 17~20 show the Top-k
Rank step.

Algorithm 1. Influencer Score Calculation

input Social graph G <V, E>, Retweet graph G; < V, E;>
output Rank [v]

1 foreach node v in V

2 add v indegree edges to F;

3 KsHashMap = K-Shell Decomposition (G)

4 foreach node v in V;

5 add v indegree edges to R;

6 KsrHashMap = K-Shell Decomposition (Gy)
7 foreach node v in V;

8 DSi = (Equation (2))

9 Gpr < VpRr, Epr> = Empty Graph

10 foreach node vin V

11 add v to Vpr

12 foreach edge ein E

13 add e to Epr

14 foreach node v in Vpg

15 v’s initial page score = (Equation (1))
16 Infrastructure Score Map < Vjg, score > = PageRank (Gpr)
17 for each node vin V

18 UIS; = (Equation (3))

19 sort UIS; list by descending

20 return UIS list

4. Performance Evaluation
4.1. Evaluation Environments

To demonstrate the effectiveness of the proposed influencer detection method, a
performance evaluation is conducted with existing influencer detection methods [5,6]. The
comparison evaluates both processing time and information propagation performance. In
particular, we compare the results of the Independent Cascade (IC) simulation to show that
considering both social interactions and graph structure is advantageous for information
propagation. The performance evaluation environment is summarized in Table 1. The
proposed method utilizes the Higgs Twitter Dataset [21] provided by Stanford SNAP for
finding influencers. The graphs used for performance evaluation are listed in Table 2.

Table 1. Performance evaluation environments.

Environment Specification
Processor Intel(R) Core (TM) i7-9700K CPU @ 3.60 GHz
Memory RAM 24.0 GB
(OF Windows 10 64 bit
Language Python 3.10.1
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Table 2. Data set.
Data \" E Clustering Coefficient
Social Graph 456,626 14,855,842 0.1887
Retweet Graph 256,491 328,132 0.0156

4.2. Evaluation Results of IC Model Propagation According to the Top-K Values

Figures 5-8 show the IC model propagation according to the top-k value of the social
graph and retweet graph. For the proposed method, the top-k nodes in both the social
graph and the retweet graph were evaluated with k = 5, 10, 15, 20, 30, 50, and 100. For
each top-k, 100 runs of the Independent Cascade (IC) model were performed, and the
average number of influenced nodes was measured. In addition, the ratio of the number of
influenced nodes to k (i.e., the number of nodes influenced per influencer) was calculated
to identify the k value that provides the highest propagation efficiency per influencer.

16,000

14,000
12,000
10,000
8000
6000
4000
2000
5 10 15 20 30 50 100

Infected nodes

0

the number of initial propagation nodes

Figure 5. Result of propagation simulation according to the k (Social Graph).
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2 I
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5 10 15 20 30 50 100

the number of initial propagation nodes

Infected nodes / k

=]
=]

o
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Figure 6. Result of propagation simulation/k according to the k (Social Graph).
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Figure 7. Result of propagation simulation according to the k (Retweet Graph).
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Figure 8. Result of propagation simulation/k according to the k (Retweet Graph).

In all bar chart figures in Section 4, the x-axis represents k, indicating the number of
initial propagators in the IC simulation, and the y-axis represents the number of nodes
influenced by the IC simulation. As shown in Figure 5, the average propagation gradually
increases as k increases, reaching the maximum value when k = 100, with an average
of 14,666 influenced nodes. However, the increase in average propagation slows down
when k exceeds 30. In a limited network, the diffusion process increasingly involves
redundant coverage of vertices, which explains why adding more initial propagators does
not yield proportional improvements in propagation efficiency. The average propagation
per influencer provides an approximate measure of how many nodes each influencer
propagates to, and it was highest at top-5, with a value of 1238. The IC edge propagation
probability was set to 0.003.

For the retweet graph, unlike the social graph, the increase in average propagation
became larger as k increased. In particular, the average propagation exhibited a sudden
surge when k reached 30. Furthermore, the value of average propagation per influencer
was also highest at k = 30. This indicates that, in the network used in the experiments,
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k =30 enables the most effective diffusion to cover the entire network. This result suggests
that, even when different datasets are used, the propagation efficiency will similarly increase
gradually as k increases and reach its maximum at a certain value of k.

4.3. Comparison of Evaluation Results with Existing Methods

Figure 9 shows the comparison of execution time between the proposed method and
existing methods. The execution time was measured from the moment the code was run
until the top-k influencers were identified. The existing methods compared were Follower,
PR, and ECRM.

M Follower PR WECRM # Proposed Scheme
4000
3457
3500
3000
2500
2000

1500

Execution time (sec)

1000

434

500

11 115

0

Figure 9. Comparison of execution time.

The Follower method simply selects the top-k users with the highest number of
followers. PR selects the top-k users based on PageRank scores computed from the social
network. This complexity is known to be O (T - | E |). ECRM calculates the number of
followers and the K-Shell similarity between users and their neighbors. The complexity of
k-shell decomposition is known tobe O(| V | + | E |). As a result, when combined with the
cost of computing similarity, ECRM exhibits a very high overall computational complexity.
In this case, the neighbor similarity is considered up to two hops to compute the influencer
score and select the top-k users.

The performance evaluation results show that the Follower method had the fastest
execution time, while ECRM exhibited the lowest performance. This is because the Fol-
lower method simply selects users with many followers as influencers. The proposed
method achieved the third-best performance. Since the proposed method includes PR cal-
culations, it takes longer to execute than PR alone. The proposed method performs k-shell
decomposition on each graph and executes PageRank once to compute the infrastructure
score. Therefore, its complexity can be regarded as O(| V | + | E| +T- | E |). Finally, al-
though not shown in Figure 9, machine learning-based methods [17-20] are analyzed to
require a substantial amount of training time and to exhibit higher execution times than
the ECRM method.

Figure 10 shows the results of the propagation simulation on the social graph. In the IC
model, a method is considered more effective if a larger number of nodes are influenced when
the simulation ends. To achieve a high number of influenced nodes, it is important to select
the initial propagators carefully. In this experiment, the top-k users selected by each method
were used as the initial propagators. The values of k were set to 5, 10, 15, 20, 30, 50, and 100,
representing the number of initial propagators in the IC simulation.
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Average of 100 Propagations for Top-k (Social Graph)
BFollower EPR ®ECRM m®mProposed Scheme

16,000
14,000
12,000
10,000
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Infected nodes

6000
4000

2000

the number of initial propagation nodes

Figure 10. Result of propagation simulation (Social Graph).

The evaluation results show that the ECRM method performs best when k is between
5 and 15. However, for k values of 20 and above, the proposed method exhibits the highest
performance. These results demonstrate that the proposed method achieves superior
propagation performance on social media graphs.

Figure 11 shows the results of the propagation simulation on the retweet graph. The
evaluation results indicate that the proposed method outperforms all existing methods
across all values of k. Existing methods, which consider only social features, exhibited
poor propagation performance on the retweet graph, with particularly large differences
observed when k > 30.

Average of 100 Propagations for Top-k (Retweet Graph)
mFollower EPR ®ECRM mProposed Scheme

1600

Infected nodes

1400
1200
1000
800
600
400 I
200
0 e Ml Ml mewl megl [EE M%@
5 10 15 20 30 50 100
the number of initial propagation nodes

Figure 11. Result of propagation simulation (Retweet Graph).

Since the proposed method demonstrated superior performance in propagation sim-
ulations on both the social graph and the retweet graph, it is expected to perform ef-
fectively in practical applications of finding influencers. For machine learning-based
methods [17-20], although their learning strategies differ, they are similar to ECRM in
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they do not incorporate propagation characteristics. As a result, their influencer selection
outcomes are expected to be comparable, and the corresponding diffusion simulation
results are likely to be similar to, or slightly better than, those of ECRM.

5. Conclusions

In this paper, we propose an influencer detection method based on social interaction
and graph structure in social media. The proposed method combines the dissemination
score, calculated from an influencer’s social interactions, with the infrastructure score,
derived from the graph structure. By considering both social interactions and graph
structure, the proposed method addresses the issue of users with many inactive followers
receiving disproportionately high influence scores.

Since the proposed method takes into account both dissemination and infrastructure
characteristics, it can prevent the influence of recently inactive users from remaining
excessively high. Performance evaluation results demonstrate that the proposed method
achieves superior propagation performance on both social and retweet graphs.

One advantage of the proposed method is that it considers both social and retweet
features. However, when considering retweet features, the propagation values can vary
significantly depending on the relationships between users and the timing of interactions.
This limits the method’s ability to effectively reflect these variations in the edge weights.
Therefore, future work will focus on developing an influencer detection method that incor-
porates various features through both infrastructure and dissemination scores to further
enhance performance. In addition, we will conduct various experiments to demonstrate
that the proposed method works effectively across different network environments with
machine-learning-based methods such as graph neural network-based methods, time-series
network-based influence maximization models, or methods combining deep representation
learning. Furthermore, we will enhance accuracy by incorporating propagation characteris-
tics into the methods. Finally, to enhance the robustness of the proposed method, we will
improve the proposed method by referring to studies such as [22,23].
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