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An influencer is someone who has the ability to persuade a 
large number of people to take specific actions, regardless of space 
or time. The role of influencers, especially on social media plat-
forms, has grown significantly. One common feature utilized by 
businesses today is follower grouping. However, this feature is lim-
ited to identifying influencers based solely on mutual followership, 
highlighting the need for a more advanced approach to influenc-
er detection. This study proposes a new method that integrates 
the Leiden coloring algorithm with Degree centrality for influenc-
er detection. This approach employs network analysis to identify 
patterns and relationships within large-scale datasets. First, the 
Leiden coloring algorithm partitions the network into various com-
munities, which are considered potential influencer communities. 
Degree centrality then enhances this process by identifying highly 
connected nodes, which are indicative of influencers. The proposed 
method is validated using crawled data from Twitter (X) with the 
keyword “GarudaIndonesia”. The data collection process was car-
ried out using Tweet Harvest, resulting in a dataset of 22,623 rows. 
The dataset was tested across three scenarios: the first with 1,000 
rows, the second with 2,000 rows, and the third with 5,000 rows. The 
proposed method was compared with the Louvain coloring meth-
od, showing an increase in the modularity value of the Leiden col-
oring algorithm by 0.0240. This increase demonstrates the Leiden 
method's ability to achieve more optimal network partitioning. 
Additionally, the Leiden coloring algorithm reduced the process-
ing time by 14.85 seconds compared to the Louvain method, high-
lighting its faster performance. This is particularly important for 
applications requiring quick results, especially in big data analy-
sis. Lastly, the Leiden algorithm reduced the number of communi-
ties by 1,149, producing a simpler and more organized community 
structure, which facilitates easier and more efficient analysis
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1. Introduction

The role of influencers, especially on social media plat-
forms, has grown significantly, creating a demand for more 
sophisticated influencer detection methods [1–3]. These 
methods are a crucial component of community detec-
tion [4, 5], which is essential for identifying key individuals 
who shape opinions and behaviors within a network [6]. 
In the business world, identifying the right customers and 
responding to their needs is vital for maintaining competi-
tiveness. As the business landscape evolves, companies are 
increasingly adopting digital marketing strategies to stay 
ahead of the competition [7, 8]. The study of social networks 
has gained significant traction due to their widespread ap-
plications across various fields, including marketing, social 
media, and online communities. Accurately detecting influ-
encers is crucial for effective targeted marketing, information 
diffusion analysis, and community management, making it a 
key aspect of social network analysis.

Digital marketing promotes and disseminates informa-
tion and searches for markets through digital media by 
utilizing various means such as social media [9, 10]. Digital 
marketing makes it easier for business people to unite and 
satisfy the desires of potential consumers. When viewed 
from the perspective of potential consumers [11], digital mar-
keting can provide product information simply by exploring 
cyberspace, making it easier and faster to search for informa-

tion [12, 13]. To increase the number of consumers, business 
actors need to detect people or groups who have the potential 
to help market their business, people or groups who can in-
crease the number of consumers are called influencers [14].

In the existing digital marketing applications that can 
help solve the problems faced by business people in pro-
moting their products, especially on social media Twit-
ter (X) [15], various features can be used by business people 
to help promote their products, one of which is the follower 
grouping feature.

The follower grouping features only groups based on 
accounts that follow the business person’s account without 
displaying information in the form of topics discussed by 
the group and without telling business people how large the 
group is formed and who the most influential figures are 
in the group (influencers). This can be challenging for new 
business owners using social media for promotion. Therefore, 
a way is needed to detect influencers based on certain topics 
or keywords using the Social Network Analysis (SNA) meth-
od on social media Twitter (X), which is then represented in 
graph form. The process of crawling data from Twitter (X) 
using Tweet Harvest with the keyword “GarudaIndone-
sia” [16, 17].

Existing influencer detection methods often face chal-
lenges related to the scalability and accuracy of the under-
lying community detection algorithms. The rapid growth 
of social media platforms and the increasing complexity of 
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this local optimization can cause the algorithm to become 
stuck in a local minimum, where further partitioning does 
not significantly increase modularity, even if a better global 
partition exists. While the proposed algorithm in this study 
addresses some limitations in community detection, modu-
larity-based methods, including Louvain, inherently struggle 
to accurately identify small communities within large net-
works. This is because modularity optimization often favors 
merging smaller communities into larger ones, potentially 
overlooking more nuanced community structures.

The paper [22] evaluates the performance of the Leiden 
algorithm on several benchmarks and real-world networks. 
However, the clustering results produced by the Leiden algo-
rithm can be challenging to interpret, particularly in the con-
text of large and complex networks. While the paper makes 
a significant contribution by defining commuter zones using 
the Louvain algorithm, it is important to recognize the in-
herent limitations of modularity-based community detection 
methods. One key limitation is their tendency to favor larger 
communities, which can lead to the merging of smaller but 
meaningful commuter zones. This, in turn, may result in an 
underestimation of the diversity and complexity of commut-
ing patterns within a region.

In the paper [23], it is stated that a new approach to graph 
clustering, developed by Tel Aviv University (TAU), efficient-
ly explores the solution space using a genetic algorithm. In 
this research, TAU is compared with synthetic and real data-
sets, demonstrating its superiority over previous methods 
in terms of both the modularity of the computed solutions 
and its similarity to ground-truth partitions, where such 
partitions exist. However, TAU does not address the inherent 
weakness of genetic algorithms, which typically have high 
computation times, particularly when applied to big data.

In the paper [24], LouvainNE is introduced as a novel 
hierarchical clustering approach for network embedding. 
LouvainNE leverages the Louvain algorithm, a fast and ac-
curate community detection method, to construct a hierarchy 
of progressively smaller subgraphs. By recursively applying 
the Louvain algorithm, this approach generates node repre-
sentations at different levels of the hierarchy. These hierar-
chical representations are then combined to learn the final 
node embedding. However, the paper primarily focuses on 
network reconstruction and node classification, and the ef-
fectiveness of this method for other tasks, such as community 
detection, remains unexplored.

In the paper [25], a fast community detection algorithm 
based on local balanced label diffusion (LBLD) is proposed. 
The LBLD algorithm starts by assigning an importance score 
to each node using a novel local similarity measure. However, 
a comprehensive comparison with other prominent communi-
ty detection algorithms is lacking, which hinders a thorough 
assessment of LBLD’s relative strengths and weaknesses.

In the paper [26], the clique-based Louvain algo-
rithm (CBLA) is introduced, which can classify non-clas-
sified nodes (NCNs) obtained after finding cliques in one 
of the communities by applying the Louvain algorithm. 
The Louvain algorithm is used to classify non-overlapping 
communities, but with the help of cliques, it can also detect 
overlapping nodes. While the algorithm is claimed to exhibit 
good performance, the paper lacks an in-depth analysis of 
CBLA’s scalability when applied to very large datasets. Fur-
thermore, it is important to note that, in general, clique-based 
algorithms often have high time complexity and may require 
further optimization for efficient execution.

online networks necessitate the development of robust and 
efficient methods for analyzing these intricate structures. 
Identifying influential nodes, who play a pivotal role in shap-
ing opinions, behaviors, and trends, has become paramount 
in social network analysis.

The Leiden algorithm, a significant advancement over the 
widely used Louvain method, has demonstrated exceptional 
performance in identifying communities within large-scale 
networks. By optimizing modularity more effectively, the 
Leiden algorithm provides a more accurate and refined net-
work partitioning. This has garnered considerable attention 
within the community detection research field.

While the Leiden algorithm excels at community detection, 
it may not fully capture the nuances of influencer identification 
within these communities. Community detection primarily 
focuses on identifying groups of densely connected nodes. How-
ever, pinpointing influential individuals within these commu-
nities requires a deeper understanding of their impact and in-
fluence within the network. Therefore, studies that are devoted 
to the accuracy and effectiveness of influencer detection within 
complex social networks are of scientific relevance.

2. Literature review and problem statement

The study in [18] introduced the Louvain algorithm for com-
munity detection. The Louvain algorithm is one of the most pop-
ular and efficient methods for identifying communities in com-
plex networks. In this context, a community refers to a group of 
nodes within a network that are more densely connected to each 
other than to nodes outside the group. However, the algorithm 
has a notable limitation regarding modularity. It struggles to ac-
curately detect small communities within large networks. This 
limitation arises because the optimization of global modularity 
tends to favor larger structures, often leading to the merging of 
smaller communities into larger ones.

The Leiden algorithm, introduced in [19], has been 
shown to produce guaranteed connected communities. Fur-
thermore, it demonstrates that iterative application converg-
es to a partition where all subsets of all communities are 
optimally assigned locally. By utilizing the fast local move 
approach, the Leiden algorithm operates faster than the 
Louvain algorithm. While the Leiden algorithm addresses 
several limitations of the Louvain method, such as enhancing 
community connectivity, it may still encounter challenges 
when handling networks with highly heterogeneous edge 
weights. The presence of significantly varying edge weights 
can complicate the algorithm’s ability to accurately identify 
and delineate distinct communities.

The paper [20] states that the Louvain algorithm aims to 
maximize the modularity value of a network partition. Mod-
ularity is a metric that measures how well a partition (the 
division of a network into communities) represents the actual 
community structure within the network. However, similar 
to the standard Louvain algorithm, the approach presented 
in this paper may encounter limitations in detecting smaller 
communities. This is because modularity optimization often 
favors the formation of larger communities, potentially merg-
ing smaller, less prominent communities and overlooking 
nuanced community structures.

The paper [21] states that the Louvain algorithm works 
by locally optimizing modularity for each node. Each node 
is evaluated to determine whether moving it to a different 
community improves the overall modularity value. However, 
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In the paper [27], a novel Louvain-based algorithm called 
“NI-Louvain” is introduced, which incorporates the influ-
ence of individual nodes within a community. This enhance-
ment allows the algorithm to not only detect communities 
but also identify the most influential nodes within them. The 
algorithm operates in three stages: First, the input graph is 
processed to reduce its density by calculating cliques. Next, 
Louvain’s multilevel algorithm is applied to the clique graph. 
While the algorithm considers the influence of each node, it 
does not clearly explain how this influence is quantified or its 
impact on the community formation process.

In the paper [21], the authors introduced an enhancement to 
the Louvain algorithm, known as the Fast Louvain algorithm. 
This version improves the iterative process by shifting from a 
cyclic to a dynamic approach, which accelerates convergence 
and optimizes the network’s local tree structure. The network 
is progressively partitioned and refined using a tree-based struc-
ture, leading to better community aggregation and improved 
community detection results. Experimental tests on various 
datasets show that the Fast Louvain algorithm outperforms 
the traditional Louvain algorithm in both partition quality and 
operational efficiency. However, despite its design to improve ef-
ficiency, the algorithm still faces challenges with computational 
complexity, particularly in large-scale networks.

In the paper [28], a community detection algorithm was 
analyzed, comparing the Louvain and Leiden algorithms. The 
results show that the Louvain algorithm suffers from poor 
connectivity within communities and experiences disconnec-
tions during iterative runs. In contrast, the Leiden algorithm 
is regarded as the newest and fastest option compared to Lou-
vain. However, this paper primarily emphasizes the analytical 
insights and advantages of both algorithms, without providing 
in-depth empirical analysis or case studies that demonstrate 
their practical performance across different types of networks.

In the paper [29], graph coloring was applied to the Lou-
vain algorithm, yielding improved results in detecting large 
network communities, as evidenced by higher modularity 
values and reduced processing time. Through a series of 
rigorous tests across diverse scenarios, the Louvain Coloring 
algorithm demonstrated superior performance in both ef-
fectiveness and efficiency when compared to the traditional 
Louvain algorithm. However, the algorithm faces challenges 
in detecting very small or very large communities. Further-
more, modularity, while commonly used as an evaluation 
metric, has its limitations; high modularity does not always 
correlate with high-quality communities, particularly in 
datasets prone to noise or outliers. 

All this allows us to assert that it is expedient to conduct 
a study on overcoming these challenges based on a new ap-
proach that builds on existing methods.

3. The aim and objectives of the study

The aim of the study is to increase the modularity value of 
the Leiden algorithm in detecting communities using the graph 
coloring method. This will help speed up the process because as-
signing colors to nodes is akin to indexing a relational database.

To achieve this aim, the following objectives are accom-
plished:

– to deepen and understand the concept of the Leiden col-
oring algorithm and its implementation in influencer detection;

– to evaluate the performance of the Leiden coloring algo-
rithm approach in obtaining better modularity values;

– to evaluate the performance of the Leiden coloring al-
gorithm approach in obtaining better processing time values;

– to evaluate the performance of the Leiden coloring algo-
rithm approach in obtaining a small number of communities.

4. Materials and methods

The object of the study is the community detection ar-
chitecture model and how to optimize the architecture. The 
subject of the study is to determine the best model for the com-
munity detection architecture and how to optimize the archi-
tecture with graph coloring. The main hypothesis of this study 
is that graph coloring can optimize the community detection 
architecture, especially in influencer detection to improve the 
community detection model. The problem in this study is the 
difficulty business actors face in detecting influencers, which 
causes inefficiency in their business. This study uses laptop 
hardware with the specifications of a 16-inch Acer Aspire 
A314 laptop, with 4 GB of memory, an Intel(R) Celeron(R) 
N4120 CPU @ 1.10GHz processor, and Windows 11 operating 
system software, Tweet Harvest for Crawling dataset, Google 
Colab with Python 3.9.13 programming language. The stages 
of Leiden coloring research are as follows: 

– business understanding. During this stage, information 
is gathered regarding potential influencers, encompassing 
indicators, phenomena, and factual data;

– Twitter data collection. Data collection was conducted 
by employing the tweet-harvest service to retrieve Twitter 
data of specified topics or keywords within the timeframe of 
January 1, 2020, to October 16, 2024. The dataset successfully 
obtained was 22623;

– network construction. This stage of dataset processing is 
carried out by selecting data based on needs, then continuing 
with cleaning the dataset so that the dataset to be used is clean 
from unnecessary data, and also changing the data format to 
graph format so that the data can be used for the next stage;

– community detection. In this stage, the dataset that has 
passed the previous stage will undergo the process of influ-
encer detection using the Social Network Analysis method. 
The methods used are the Leiden algorithm and the Leiden 
coloring algorithm;

– analysis results. At this stage, analysis is carried out, 
concluding and evaluating the results of influencers detected 
in the previous stage. The information produced can be in the 
form of graph visualization and the number of communities 
formed along with who the influencers are in the community;

– evaluation. This stage involves an evaluation of the 
algorithm’s performance, considering factors such as modu-
larity, processing time, and the number of communities.

5. Results of an improvement of the Leiden algorithm 
for influencer detection

5. 1. Results of deepening and understanding the 
concept of the Leiden coloring algorithm and its imple-
mentation in influencer detection

5. 1. 1. Results of influencer detection with a data-
set of 1,000 rows

This section presents the results of our improved Leiden 
algorithm for influencer detection. These results encompass a 
deeper understanding of the Leiden Coloring Algorithm and 
its implementation, an evaluation of its performance in terms 
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of modularity, processing time, and the number of identified 
communities.

In the paper [30], one of the shortcomings of the Leiden 
algorithm is its lack of guarantee in processing large net-
works, which results in relatively low processing times. To 
modify the Leiden algorithm using graph coloring, hereinaf-
ter referred to as Leiden coloring, it is necessary to consider 
the coloring process when optimizing the modularity of Q. 
These two methods can be combined by adding coloring con-
straints during community updates. 

The steps of the Leiden coloring algorithm are as follows:
– phase 1: community detection.
Employing the Leiden algorithm, as detailed in (1), to 

identify communities within the graph:
– phase 2: community coloring.
Following community detection, each identified commu-

nity is assigned a distinct color.
The final outcome is a network where each node is as-

signed a community and color label.
Influencer detection is performed by calculating degree 

centrality, which is determined by the following formula:

( ) ( )
=

−
deg

,
1D

v
C v

N

where CD(v) – degree centrality of node v;
deg(v) – the degree of node v, representing the number of 

edges connected to v;
N – the total number of nodes in the graph;
N−1 – the maximum possible degree a node can have in 

a network.
The first test scenario was carried out with a dataset of 

1,000-rows randomly. In this scenario, 5 usernames were 
obtained as top influencers, as seen in Table 1. 

Table 1

Results of influencer detection with a dataset of 1,000 rows

No. Leiden coloring algorithm
1 IndonesiaGaruda
2 GarudaCares
3 wandiseptian11
4 PinterPoin
5 idbcpr

In Table 1, it can be seen that for the 1,000-row dataset, the 
first rank as an influencer is the username “IndonesiaGaruda”, 
meanwhile the fifth ranking is the username “idbcpr”. 

5. 1. 2. Results of influencer detection with a data-
set of 2,000 rows

The second test scenario was carried out with a dataset 
of 2,000-rows randomly. In this scenario, 5 usernames were 
obtained as top influencers, as seen in Table 2. 

Table 2

Results of influencer detection with a dataset of 2,000 rows

No. Leiden coloring algorithm
1 IndonesiaGaruda
2 GarudaCares
3 antar_news
4 wandiseptian11
5 kompascom

In Table 2, it can be seen that for the 2,000-row dataset, the 
first rank as an influencer is the username “IndonesiaGaruda”, 
meanwhile the fifth rank is the username “kompascom”. 

5. 1. 3. Results of influencer detection with a data-
set of 5,000 rows

The third test scenario was carried out with a dataset 
of 5,000-rows randomly. In this scenario, 5 usernames were 
obtained as top influencers, as seen in Table 3.

Table 3

Results of influencer detection with a dataset of 5,000 rows

No. Leiden coloring algorithm
1 IndonesiaGaruda
2 disemuacom
3 GarudaCares
4 astuceclover
5 TiketPesawatPro

In Table 3, it can be seen that for the 5,000-row dataset, the 
first rank as an influencer is the username “IndonesiaGaruda”, 
meanwhile the fifth rank is the username “TiketPesawatPro”. 

5. 1. 4. Results comparison of influencer detection
This section will show the results of a comparison of the 

proposed Leiden coloring algorithm with the Louvain coloring 
algorithm. The comparisons made are influencer detection, 
modularity value, processing time, and number of communi-
ties. In this study, three scenarios of the dataset testing process 
were carried out. The first test scenario was carried out with a 
dataset of 1,000 rows randomly. The second test scenario was 
carried out with a dataset of 2,000 rows randomly. The third test 
scenario was carried out with a dataset of 5,000 rows randomly.

5. 1. 5. Results comparison of influencer detection 
with a dataset of 1,000 rows

The first test scenario was carried out with a dataset of 
1,000-rows randomly. In this scenario, 5 usernames were 
obtained as top influencers, as seen in Table 4.

Table 4

Comparison of influencer detection with a dataset 
of 1,000 rows

No. Louvain coloring algorithm Leiden coloring algorithm
1 IndonesiaGaruda IndonesiaGaruda
2 GarudaCares GarudaCares
3 astuceclover wandiseptian11
4 TiketPesawatPro PinterPoin
5 disemuacom idbcpr

In Table 4, it can be seen that the Louvain coloring algo-
rithm and the Leiden coloring algorithm on the 1,000-row 
dataset produce the same influencer detection for the first rank, 
which is the username “IndonesiaGaruda”, and the second rank 
is the username “GarudaCares”. Meanwhile, the ranks up to the 
third rank produce different influencer detections.

5. 1. 6. Results comparison of influencer detection 
with a dataset of 2,000 rows

The second test scenario was carried out with a dataset 
of 2,000 rows randomly. In this scenario, 5 usernames were 
obtained as top influencers, as seen in Table 5. 
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Table 5

Comparison of influencer detection with a dataset of 2,000-rows

No. Louvain coloring algorithm Leiden coloring algorithm
1 IndonesiaGaruda IndonesiaGaruda
2 GarudaCares GarudaCares
3 astuceclover antar_news
4 TiketPesawatPro wandiseptian11
5 disemuacom kompascom

In Table 5, it can be seen that the Louvain coloring 
algorithm and the Leiden coloring algorithm on the  
2,000-row dataset produce the same influencer detection for 
the first rank, which is the username “IndonesiaGaruda”, 
and the second rank is the username “GarudaCares”. 
Meanwhile the third to tenth ranks produce different in-
fluencer detections.

5. 1. 7. Results comparison of influencer detection 
with a dataset of 5,000 rows

The third test scenario was carried out with a dataset of 
5,000-rows randomly. In this scenario, 5 usernames were 
obtained as top influencers, as seen in Table 6. 

Table 6

Comparison of influencer detection with a dataset of 5,000 rows

No. Louvain coloring algorithm Leiden coloring algorithm
1 IndonesiaGaruda IndonesiaGaruda
2 GarudaCares disemuacom
3 TiketPesawatPro GarudaCares
4 disemuacom astuceclover
5 astuceclover TiketPesawatPro

In Table 6, it can be seen that the Louvain coloring algo-
rithm and the Leiden coloring algorithm on the 5,000-row 
dataset produce the same influencer detection for the first 
rank, namely the username “IndonesiaGaruda”. Meanwhile, 
the second to fifth ranks produce different influencer detec-
tions. 

Based on Tables 4–6, it can be seen that the Louvain col-
oring algorithm and the Leiden coloring algorithm produce 
the same influencer detection for the first rank, namely the 
username “IndonesiaGaruda”. Meanwhile, the second to 
fifth ranks produce different influencer detections.

5. 2. Results of evaluating the performance of the Leiden 
coloring algorithm approach in obtaining better modularity 
values

By incorporating coloring constraints into the modularity 
function Q, we can improve results. Let g(i, j)=1 if vertices i 
and j have different colors, and 0 otherwise. The modularity 
function Q with graph coloring becomes: 

( ) ( )= ∑ − δ,

1 , * ,
2 2

i j
i j i j

k k
Q A c c g j i

m m
,		  (1)

where Ai,j represents the edge weight between nodes i and j;
ki and kj are the sum of the weights of the edges attached 

to nodes i and j;
m is the sum of all edge weights in the graph;
ci and cj are the node communities;
δ is the Kronecker delta function ((ci, cj)=1 if ci=cj, 0 oth-

erwise);

g=(i, j), which is 1 if nodes i and j have different colors 
and 0 if they have the same color.

In Table 7, it can be seen that for the 1,000-row dataset, 
the modularity value is 0.9396, for the 2,000-row dataset, the 
modularity value is 0.9367 and for the 5,000-row dataset, it 
is 0.9381. 

Table 7

Results of the modularity matrix

No. Dataset Modularity of Leiden coloring

1 1,000 rows 0.9396

2 2,000 rows 0.9367

3 5,000 rows 0.9381

Average 0.9381

The matrix above can also be seen in graphical form, as 
shown in Fig. 1.

Fig. 1. Results of the modularity matrix

In the graph in Fig. 1, it can be seen that the modularity 
value for the 1,000-row dataset is 0.9396, then decreases for 
the 2,000-row dataset to 0.9381 and increases again for the 
5,000-row dataset to 0.9381.

The modularity value of the Leiden coloring algorithm 
is better than that of the Louvain coloring algorithm. Of the 
3 test scenarios carried out, the Leiden coloring algorithm 
excels in all scenarios, as seen in Table 8. 

Table 8

Comparison of the modularity matrix

No. Dataset
Modularity

Louvain coloring Leiden coloring

1 1,000 rows 0.9114 0.9396

2 2,000 rows 0.9259 0.9367

3 5,000 rows 0.9050 0.9381

Average 0.9141 0.9381

The modularity value of the Leiden coloring algorithm is 
at the lowest value of 0.9367 and the highest of 0.9396, with 
an average of 0.9381. Meanwhile, the Louvain coloring algo-
rithm has the lowest value of 0.9050 and the highest of 0.9252 
with an average of 0.9141.

The comparison graph of the modularity matrix is 
shown in Fig. 2. The graph illustrates an increase of 0.0240 
in the modularity value when using the Leiden coloring 
algorithm.
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Fig. 2. Comparison of the modularity matrix

5. 3. Results of evaluating the performance of the 
Leiden coloring algorithm approach in obtaining bet-
ter processing time values

The processing time of the Leiden coloring algorithm can 
be calculated by considering the time complexity of its core 
operations, which include the modularity optimization phase 
and the graph coloring constraints. Here’s a general formula 
expressed in English:

Processing Time (T)=T_partition+T_coloring+T_update,

where:
1. T_partition: The time taken to partition the graph into 

communities.
This depends on the size of the graph (number of nodes n 

and edges m) and is generally O(m) for modularity optimization.
2. T_coloring: The time required to apply graph coloring 

constraints during the community updates.
This depends on the graph structure and is influenced by 

the coloring process, which can be approximated as O(n+e), 
where e is the number of conflicting edges that require re-
coloring.

3. T_update: The time taken to update modularity values 
after applying coloring constraints.

Typically O(n) per iteration.
In Table 9, it can be seen that for a dataset of 1,000 rows, 

the processing time value is 29.5491 seconds, for a dataset of 
2,000 rows, the processing time value is 80.7600 seconds, and 
for a dataset of 5,000 rows, it is 434.1838 seconds. 

Table 9

Result of the processing time matrix

No. Dataset Processing time of Leiden coloring (second)
1 1,000 rows 29.5493
2 2,000 rows 80.7600
3 5,000 rows 434.1838

Average 181.4977

The matrix above can also be seen in graphical form, as 
shown in Fig. 3.

In the graph in Fig. 3, it can be seen that the processing 
time value for the 1,000-row dataset is 29.5491 seconds, then 
increases for the 2,000-row dataset, namely 80.7600 seconds 
and continues to increase for the 5,000-row dataset, namely 
434.1838 seconds.

The processing time value of the Leiden coloring algo-
rithm is better than that of the Louvain coloring algorithm. 
Of the 3 test scenarios carried out, the Leiden coloring algo-
rithm excels in all scenarios, as seen in Table 10.

Fig. 3. Results of the processing time matrix

Table 10

Comparison of the processing time matrix

No. Dataset
Processing time (second)

Louvain coloring Leiden coloring
1 1,000 rows 41.85 29.5493
2 2,000 rows 96.32 80.7600
3 5,000 rows 450.86 434.1838

Average 196.3433 181.4977

The processing time value of the Leiden coloring algo-
rithm is at the lowest value of 29.5493 seconds and the high-
est of 434.1838 seconds with an average of 181.4977 seconds. 
Meanwhile, the Louvain coloring algorithm has the lowest 
value of 41.85 seconds and the highest of 450.86 seconds with 
an average of 196.3433 seconds. 

The comparison graph of the processing time matrix is 
shown in Fig. 4. The graph indicates a reduction of 14.85 sec-
onds in the processing time achieved by the Leiden coloring 
algorithm.

Fig. 4. Comparison of the processing time matrix

5. 4. Results of evaluating the performance of the 
Leiden coloring algorithm approach in obtaining a 
small number of communities

In the Leiden Coloring algorithm, the formula to calcu-
late the number of communities can be described as:

Number of Communities (C)=Sum of all unique commu-
nity labels identified after graph partitioning.

Here’s how it works in detail:
1. Partitioning the graph: the Leiden coloring algorithm 

partitions the graph into communities based on modularity 
optimization and graph coloring constraints.
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2. Community identification: each node in the graph is 
assigned a community label.

3. Counting unique labels: the total number of unique 
community labels after partitioning represents the number 
of communities.

Mathematically:

{ }= ∈: : Community Labels ,i iC c c

where ci represents the community label of node i;
{ci} is the set of all community labels;
∣⋅∣ denotes the cardinality (size) of the set, which gives the 

total number of unique communities.
This formula ensures that each distinct group or cluster 

formed by the algorithm is counted as one community.
In Table 11, it can be seen that for the 1000-rows dataset, 

the number of communities is 505, for the 2,000-row dataset, 
the number of communities is 934 and for the 5,000-row 
dataset, it is 1,969. 

Table 11

Results of the number of communities matrix

No. Dataset Number of communities of Leiden coloring
1 1,000 rows 505
2 2,000 rows 934
3 5,000 rows 1,969

Average 1,136

The matrix above can also be seen in graphical form, as 
shown in Fig. 5.

In the graph in Fig. 5, it can be seen that the number of 
communities for the 1,000-row dataset is 505, then increases 
for the 2,000-row dataset to 934 and continues to increase for 
the 5,000-row dataset to 1,969.

The number of communities of the Leiden coloring algo-
rithm is less than that of the Louvain coloring algorithm. Of 
the 3 test scenarios carried out, the Leiden coloring algorithm 
excels in all scenarios, as seen in Table 12.

Table 12

Comparison of the number of communities matrix

No. Dataset
Number of communities

Louvain coloring Leiden coloring
1 1,000 rows 936 505
2 2,000 rows 1,800 934
3 5,000 rows 4,119 1,969

Average 2,285 1,136

The sum value of the Leiden coloring algorithm is at the low-
est value of 505 and the highest in 1,969 with an average of 1,136. 
Meanwhile, the Louvain coloring algorithm has the lowest 
value of 936 and the highest of 4,119 with an average of 2,285. 

The comparison graph of the number of communities 
matrix is shown in Fig. 6. The graph indicates a reduction in 
the number of communities of the Leiden coloring algorithm 
by 1,149.

6. Discussion of the results of an improvement of the 
Leiden algorithm for influencer detection

The research results on the Leiden coloring algorithm 
to detect influencers provide valuable insights into the 
approach’s effectiveness. This study shows that the Leiden 

coloring algorithm approach consists of two phases, 
namely the initial phase of community detection uti-
lizing the Leiden algorithm, followed by the assign-
ment of unique colors to each identified community. 

The test results using the Leiden coloring al-
gorithm to detect influencers with a dataset of  
1,000-rows recommend five influencers: IndonesiaG-
aruda, GarudaCares, astuceclover, TiketPesawatPro, 
and disemuacom. Meanwhile, the test results using the 
Louvain coloring algorithm recommend five influenc-
ers: IndonesiaGaruda, GarudaCares, Wandiseptian11, 
PinterPoin, and idbcpr, as shown in Table 4. 

The test results using the Leiden coloring algorithm 
to detect influencers with a dataset of 2,000-rows rec-
ommend five influencers: IndonesiaGaruda, Garu-

daCares, astuceclover, TiketPesawatPro, and disemuacom. 
Meanwhile, the test results using the Louvain coloring algo-
rithm recommend five influencers: IndonesiaGaruda, Garu-
daCares, antar_news, wandiseptian11, and kompascom, as 
shown in Table 5. 

The test results using the Leiden coloring algorithm to de-
tect influencers with a dataset of 5,000-rows recommend five 
influencers: IndonesiaGaruda, GarudaCares, TiketPesawat-
Pro, disemuacom, and astuceclover. Meanwhile, the test 
results using the Louvain coloring algorithm recommend five 
influencers: IndonesiaGaruda, disemuacom, GarudaCares, 
astuceclover, and TiketPesawatPro, as shown in Table 6.

Based on Fig. 1, the modularity value of the Leiden color-
ing algorithm for the 1000-row dataset is 0.9396. This value 
decreases slightly to 0.9381 for the 2,000-row dataset but 
increases again to 0.9396 for the 5,000-row dataset.

According to Fig. 2, which compares the modularity re-
sults of the Leiden coloring algorithm, the modularity value 
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ranges from a minimum of 0.9367 to a maximum of 0.9396, 
with an average of 0.9381. In contrast, the Louvain coloring 
algorithm achieves a modularity value ranging from 0.9050 
to 0.9252, with an average of 0.9141. Thus, the Leiden col-
oring algorithm shows an improvement in modularity value 
by 0.0240, as shown in Table 8.

Fig. 3 shows that the processing time for the Leiden col-
oring algorithm is 29.5491 seconds for the 1,000-row dataset. 
This increases to 80.7600 seconds for the 2,000-row dataset 
and further rises to 434.1838 seconds for the 5,000-row dataset.

Fig. 4 presents the processing time measurements for the 
Leiden coloring algorithm. The processing time ranges from a 
minimum of 29.5493 seconds to a maximum of 434.1838 sec-
onds, with an average of 181.4977 seconds. Meanwhile, the 
Louvain coloring algorithm exhibits processing times rang-
ing from 41.85 seconds to 450.86 seconds, with an average 
of 196.3433 seconds. This indicates a reduction in processing 
time for the Leiden coloring algorithm by 14.85 seconds, as 
detailed in Table 10.

Fig. 5 indicates that the number of communities generat-
ed by the Leiden coloring algorithm is 505 for the 1,000-row 
dataset. This number increases to 934 for the 2,000-row 
dataset and further rises to 1,969 for the 5,000-row dataset.

As shown in Fig. 6, the number of communities generated 
by the Leiden coloring algorithm ranges from a minimum 
of 505 to a maximum of 1,969, with an average of 1,136. In 
contrast, the Louvain coloring algorithm produces a mini-
mum of 936 communities and a maximum of 4,119, with an 
average of 2,285. This represents a reduction in the number 
of communities generated by the Leiden coloring algorithm 
by 1,149, as shown in Table 12.

Overall, the results obtained from the Leiden coloring 
algorithm for detecting influencers demonstrate its effec-
tiveness in recommending the top 5 influencers with higher 
modularity values. High modularity indicates the algorithm’s 
ability to achieve a more optimal network partitioning. The 
results also show a lower processing time, indicating faster 
performance, which is particularly important for applications 
requiring quick results, especially in big data analysis. Ad-
ditionally, the Leiden coloring algorithm produces a smaller 
number of communities, leading to a simpler and more or-
ganized community structure, which facilitates easier and 
more efficient analysis. The study’s results suggest that influ-
encer recommendations can be made more accurately. These 
recommendations are highly valuable for business owners in 
making informed decisions about influencer selection. How-
ever, additional details and experimental evidence are need-
ed to assess the performance of this approach on larger data-
sets. Further studies and comparisons with existing research 
could provide more comprehensive insights into the potential 
advantages and limitations of the Leiden coloring algorithm 
for detecting influencers across various types of data.

7. Conclusions

1. Influencer detection using the Leiden coloring algo-
rithm using a dataset from Twitter (X) with the keyword 

“GarudaIndonesia” provides recommendations for 5 ac-
counts selected as influencers.

2. The modularity value of the Leiden coloring algorithm 
in influencer detection is better than that of the Louvain 
coloring algorithm. Of the 3 test scenarios carried out, the 
Leiden coloring algorithm excels in all scenarios. The modu-
larity value of the Leiden coloring algorithm is at the lowest 
value of 0.9367 and the highest of 0.9396, with an average 
of 0.9381. Meanwhile, the Louvain coloring algorithm has 
the lowest value of 0.9050 and the highest of 0.9252 with an 
average of 0.9141. Thus, there is an increase in the modularity 
value of the Leiden coloring algorithm by 0.0240.

3. The processing time value of the Leiden coloring 
algorithm in influencer detection is better than that of the 
Louvain coloring algorithm. Of the 3 test scenarios carried 
out, the Leiden coloring algorithm excels in all scenarios. 
The processing time value of the Leiden coloring algorithm 
is at the lowest value of 29.5493 seconds and the highest 
is 434.1838 seconds with an average of 181.4977 seconds. 
Meanwhile, the Louvain coloring algorithm has the lowest 
value of 41.85 seconds and the highest is 450.86 seconds with 
an average of 196.3433 seconds. Thus, there is a reduction in 
the processing time value of the Leiden coloring algorithm 
by 14.85 seconds. 

4. The number of communities of the Leiden coloring 
algorithm is less than that of the Louvain coloring algorithm. 
Of the 3 test scenarios carried out, the Leiden coloring algo-
rithm excels in all scenarios. The sum value of the Leiden 
coloring algorithm is at the lowest value of 505 and the 
highest in 1,969 with an average of 1,136. Meanwhile, the 
Louvain coloring algorithm has the lowest value of 936 and 
the highest of 4,119 with an average of 2,285. Thus, there is a 
reduction in the sum value of the Leiden coloring algorithm 
community by 1,149.
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