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ABSTRACT

Social network analysis is a process of studying social structures and relationships using graph theory
and data analysis techniques. It involves mapping and measuring connections and entities in a network.
However, on online selling platforms, identifying influential entities such as individuals and high-value
products remains a challenge due to the complexity of customer and seller interactions. This study aims
to assess seller performance and product lifetime value using Al-driven network analysis involving a
measure of centrality. Al-driven network analysis utilises artificial intelligence (Al) to identify
influential individuals and predict emerging trends in consumer engagement. It uses weighted degree
and betweenness centrality to assess their effectiveness in identifying influential entities, including
sellers, products, or organisations in a commercial network. Weighted degree centrality measures the
strength and frequency of direct connections, while betweenness centrality identifies entities that act as
intermediaries across different network segments. The analysis reveals that weighted degree centrality,
with a value of 3190 for annual seller performance, is more closely aligned with actual sales
performance and stakeholder assessments, making it a more suitable metric for supporting business
decisions in this context. The findings demonstrate that Al-driven analytics enable businesses to
consistently identify high-performing sellers and products based on their structural positions within the
network. It contributes to the development of more targeted marketing strategies, systematic recognition
of top performers, and enhanced customer engagement through data-informed decision-making. Future
research may explore the integration of dynamic network modelling with multi-layered e-commerce
networks, thereby increasing the depth of analysis across various platforms and industries.

Keywords: Social network analysis, Al-driven market analysis, influencer identification, weighted
degree centrality, business decision-making.

INTRODUCTION

The COVID-19 pandemic has accelerated global digital transformation, rendering online platforms
indispensable for communication, e-commerce, and digital marketing. In Malaysia, 83.1% of the
population, or approximately 28.68 million people, actively use social media, underscoring its integral
role in daily life (Howe, 2024). Social media advertising has become the primary method of brand
discovery, preferred by 40.1% of consumers over traditional search engines (Wan, 2024). As a result,
many businesses have shifted to online platforms to expand their reach and increase engagement.
However, this transition has intensified competition in the digital marketplace, making it difficult for
small and medium-sized enterprises (SME) to attract and retain customers.

Despite the vast amount of customer interaction data available, many businesses struggle to analyse and
utilise it effectively. Limited or inadequate datasets hinder businesses’ ability to monitor trends and
make informed decisions (Gomez et al., 2023). Traditional data analysis methods exacerbate this issue,
as they struggle to manage large volumes of data or capture the complex relationships among sellers,
customers, and products (Camacho et al., 2020; Kusuma et al., 2023). The complexity of social
networks necessitates effective visualisation to facilitate an understanding of online community trends.
Therefore, visualisation tools such as network graphs play a vital role in simplifying relationships,
revealing hidden patterns, and presenting data in an accessible format (Singh et al., 2025; Mondal et al.,
2024; Recuero et al., 2019; Smith et al., 2021). Without effective visualisation, businesses face
challenges in extracting actionable insights and risk missing opportunities to understand customer
behaviour, identify popular products, and refine their strategies.
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To address these challenges, this study employs Social Network Analysis (SNA) to examine transaction
data from Malaysian e-commerce businesses. The comparison between weighted degree and
betweenness centrality measures is used as an experiment-based approach to investigate key
relationships between sellers, products, and customers. The findings enhance the understanding of
network structures and provide valuable insights for marketing and business optimisation. This research
establishes a foundation for data-driven decision-making, enabling businesses to refine strategies,
enhance customer retention, and improve product management. It offers a practical and cost-effective
method for small businesses to analyse customer behaviour and market trends, supporting sustainable
growth in the competitive digital marketplace.

RELATED WORKS

This section provides an overview of SNA, including its application in e-commerce, marketing,
education, healthcare, social media, and energy management. It concludes by highlighting the related
literature and identifying the gaps addressed by the proposed research.

Overview of SNA

SNA has seen significant growth due to its ability to extract valuable insights from web-based
connections (Camacho et al., 2020). SNA examines relationships between entities within networks to
identify influential individuals based on direct and indirect interactions (Laghridat & Essalih, 2023). It
is structured into shell, mantle, and core layers, enabling the identification of key factors influencing
the core layer (Chai & Ye, 2024). SNA has been applied in various domains, including project
management, risk management, tourism, and supply chain management (Anugerah et al., 2022).
Additionally, it has been used to analyse the Irish bio economy network and the role of brokers in
involving marginalised groups (Harrahill et al., 2023). The integration of big data, social media, and
sentiment analysis further enhances its potential applications.

SNA in E-Commerce, Marketing, and Education

SNA plays a crucial role in understanding consumer behaviour and optimising marketing strategies on
platforms like Facebook, Instagram, and TikTok (Almashaleh et al., 2025; Arab, 2021). It has also
contributed to market expansion in niche industries, such as the cuttlefish market (Goémez et al., 2023).
E-commerce platforms use collaborative filtering recommender systems alongside SNA to identify
influential customers and enhance product recommendations, though they remain vulnerable to shilling
attacks (Rahardjo, 2019). Efforts to address these challenges include leveraging user trust, ratings, and
contextual factors for improved recommendation systems (Hamidi & Moradi, 2024). Beyond
marketing, SNA is also valuable in education, helping educators analyse social presence and learning
behaviours in online learning communities (Norz et al., 2023). The technique has been applied to
measure student engagement and academic performance in virtual classrooms (Chai & Ye, 2024).

SNA in Healthcare, Social Media, and Energy Management

SNA provides valuable insights into healthcare access within rural communities, revealing key network
structures that influence service availability (Mondal et al., 2024). It also aids in analysing patient
behaviour and healthcare decision-making (Strozzi et al., 2019). In social media studies, SNA is widely
used to track sentiment trends, misinformation spread, and network roles such as activists and opinion
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leaders (Recuero et al., 2019). For instance, it has been instrumental in understanding public reactions
to COVID-19 on Twitter (Kusuma et al., 2023). Beyond social media, SNA is applied in energy
resource management, facilitating efficient decision-making in water distribution networks and carbon
emission analysis (Latifi et al., 2023; Zhu et al., 2024). It has also been used to assess energy trade
networks within the EU, identifying key stakeholders and vulnerabilities (Zehir et al., 2023). These
applications demonstrate SNA’s versatility across various sectors, extending beyond traditional social
networks. Table 1 presents a review of related literature and identifies gaps in the proposed research.

Table 1

Review of Related Literature and Gaps in the Proposed Research

Study Focus Area Key Findings Gap with Proposed Works
Camacho et al. SNA Growth SNA extracts insights from General application of SNA,
(2020) web-based networks not specific to e-commerce
Laghridat and Network Identification of key Lacks emphasis on influencer
Essalih (2023) Influence influencers in networks marketing and e-commerce

. . Role of brokers in Focuses on economic
Harrahill et al. Bio Economy -

marginalised group structures, not consumer
(2023) Networks : . .
involvement relationships
, . SNA facilitates niche market  Limited to a specific market,
Gomez et al. (2023) Marketing . . P
expansion (cuttlefish) not broader e-commerce
Hamidi and Moradi Recommender  Enhancing recommendations  Focuses on system security,
(2024) Systems using user trust and ratings not market influence
. Measures social presence in Different domain; does not
Norz et al. (2023) Education . P . .
online learning analyse social commerce
Kusuma et al. . . Analyses COVID-19 Public sentiment analysis, not
Social Media . . . . .
(2023) interactions on Twitter influencer impact

Referring to Table 1, although SNA has been applied in various fields, a theoretical gap remains in its
application to e-commerce, particularly in understanding the role of influencers. The studies
summarised provide insights into network structures and influencer identification (e.g., Camacho et al.,
2020; Laghridat & Essalih, 2023) but do not adapt these concepts to the unique interactions between
consumers and influencers in digital marketplaces. Research on bio economy and niche marketing
(Harrahill et al., 2023; Gomez et al., 2023) explores network roles but lacks a focus on trust and
influence mechanisms that are central to commercial contexts. Similarly, work on recommender
systems and social media (Hamidi & Moradi, 2024; Kusuma et al., 2023) emphasises technical or
sentiment-related aspects without developing theoretical frameworks for understanding how influencers
drive consumer engagement and purchasing decisions in social commerce. This study aims to address
this gap by advancing SNA theory in the context of e-commerce influencer networks, thereby enhancing
the understanding of their structural dynamics, influence mechanisms, and implications for consumer
behaviour in digital marketplaces. Identifying influencers is crucial in e-commerce because they can
have a substantial impact on consumer behaviour, brand visibility, and sales (Singh et al., 2025; Park
& Ahn, 2025). Influencers often have a trusted relationship with their followers; the recommendations
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they provide feel personal and authentic, and followers are more likely to try or purchase products based
on word-of-mouth (Rizgar & Zeebaree, 2025). Influencer marketing represents an emerging marketing
strategy compared to traditional digital advertising. Compared to traditional digital advertising, such as
paid advertising, influencer marketing offers a better return on investment (ROI) when matched with
the right audience. It can also provide lower costs (especially for micro-influencers) for niche markets,
such as small to medium-sized enterprises (SMES).

METHODOLOGY

In this study, the Knowledge Discovery in Databases (KDD) model was adapted to support the
development of SNA. KDD helps extract hidden patterns from large datasets, identifying insights that
are valid, novel, useful, and understandable (Behera et al., 2019). This iterative process requires
refinement at different stages (Ljupco Markuseski et al., 2019). To achieve this, the study integrates the
KDD and SNA models into a unified architecture (Figure 1), with each phase explained in detail to
clarify their interaction.

Figure 1
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Data Selection and Collection Phase

The first step in the KDD model is to define the analysis objectives. This study aimed to investigate the
relationships between sellers, products, and customers within an e-commerce system. The goal was to
identify functional patterns to support business decisions. Before selecting data, researchers reviewed
available data sources and their potential applications. The dataset, obtained with company approval,
included transaction records from April 2023 to March 2024, sourced from WhatsApp and the official
website (https://rockherbs.com.my/). It contained 65,235 rows (about 5,000 per month) and 38
attributes covering orders, customers, and sellers. The data was analysed to determine attributes suitable
for the SNA process. Table 2 presents the total number of records per month, while Table 3 lists the
attributes included in the dataset.

Table 2

Total Number of Records Per Month

Month Total Data Attributes
April 2023 4906 38
May 2023 4687 38
June 2023 4737 38
July 2023 8132 38
August 2023 7084 38
September 2023 4678 38
October 2023 6417 38
November 2023 5326 38
December 2023 5909 38
January 2024 5270 38
February 2024 3990 38
March 2024 4099 38
Total (One Year) 65235 38

Table 3

List of Attributes in the Dataset

Category Attributes

Order ID, Order Status, Quantity X Product, Total Quantity, Instructions,
Payment Method, Payment 1D, Payment Status, Payment Date, Bank

Order details Code, Shipping Provider, Rider ID, Weight (g), Tracking Number, Cost,
Amount, Shipping Charge, COD Charge, FPX Charge, GST, Discount,
Grand Total, Order Date, Channel URL

Seller information Seller Role, Seller Name, Seller ID, Sales Commission, Points

Customer Name, Address, Street Address, Postcode, City, State,

Customer information .
Country, Phone, Email
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Data Preprocessing Phase

The data preprocessing phase ensured accuracy, consistency, and proper formatting for analysis,
maintaining data integrity and reliability. Conducted in Python using Google Colaboratory, this phase
leveraged its integration with Google Drive, cloud resources, and collaborative features. Key libraries,
such as Pandas, NumPy, and Matplotlib, facilitated data cleaning, transformation, and visualisation. To
simplify trend analysis, monthly datasets were aggregated into quarterly and annual datasets, reducing
computational complexity while preserving detail. The cleaning process removed irrelevant and
incomplete data, such as non-completed orders, and excluded redundant attributes to enhance
efficiency. Feature selection retained only the most relevant attributes, ensuring the dataset was
optimised for SNA. This refined dataset provided a strong foundation for advanced analysis.

This step aimed to reduce computational complexity while preserving the granularity needed for
meaningful insights. Each quarterly dataset consisted of approximately 15,000 records (Table 4),
representing a manageable yet comprehensive subset of the data for detailed analysis. The data cleaning
process addressed several common issues, such as irrelevant, noisy, and missing data. For example,
order statuses like “Rejected”, “Returned”, “Pending”, and “Pending COD” were removed because they
did not contribute to the study’s objectives, which only focused on the completed orders. Attributes
irrelevant to the construction of nodes and edges for the SNA, or those deemed redundant, were
excluded to optimise the dataset and enhance computational efficiency. Feature selection techniques
were rigorously applied to identify and retain only the most relevant attributes, ensuring the final dataset
was both concise and rich in information. By the end of this phase, the dataset was fully refined and
aligned with the requirements for advanced SNA, laying a robust foundation for the subsequent
analysis.

Table 4

Total Number of Records Per Quartile

Quartile Month Total data

April 2023

1 May 2023 14330
June 2023
July 2023

2 August 2023 19894
September 2023
October 2023

3 November 2023 17652
December 2023
January 2024

4 February 2024 13359
March 2024
Annual 65235
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Data Transformation Phase

The data transformation phase standardised attributes for SNA by structuring the nodes and edges files
based on the relationships under study. Seller performance analysis involved standardising customer
phone numbers and structuring seller interactions, while product lifetime value analysis refined product
labels, separated multi-product records, and excluded gift items to enhance accuracy. Customer loyalty
analysis focused on repeat orders, using customer 1Ds and product labels to track engagement. Nodes
and edges files were generated for quarterly and annual datasets, ensuring consistency and analytical
precision. After transformation, all files were verified for accuracy and stored for further analysis.

During this phase, attributes were selected and extracted based on the relationships requiring analysis
and transformed into a standardised format suitable for SNA. The primary objective of this phase was
to ensure that the data was accurately formatted for a practical relationship analysis and visualisation.
Nodes files included unique IDs and labels, while edges files comprised source, target, type, and weight
information. For seller performance analysis, customer phone numbers were standardised into the “60”
format, facilitating accurate edge file generation by linking seller performance to customer interactions.
The node files were structured with “SellerID” as the ID and “SellerName” as the label. The edges files
utilised “SellerID” for both source and target, marked as “Undirected”, with weights calculated based
on connections between “SellerID” and customer “Phone”. This transformation ensured a clear
representation of seller interactions within the dataset. Separate nodes and edges files were created for
each quarterly and yearly dataset, maintaining consistency and granularity across timeframes.

For product lifetime value analysis, the “QuantityXProduct” column was split into two separate
columns: “Quantity” and ‘“ProductLabel”. The product label was further refined to ensure consistency,
using only abbreviations of product names for simplicity and accuracy. Records containing multiple
products were duplicated and separated into individual rows, with each row representing one product
to enhance analytical precision. Gift items, such as “AROMATHERAPY”, “PERFUME”, and
“KYJELLY”, were excluded since they did not represent actual sales. Product labels were standardised
by removing suffixes like “RO”, “PROMO”, “WEB”, “FREE”, “PWP”, and “TOPGUN?”, as these
represented variations of the same product (“RO” = repeat orders or “PROMO” = promotions). Labels
like “AEJ” were consolidated, removing size distinctions (“L”, “XL”, and “2XL”) to simplify analysis.
Nodes files featured product IDs (numbered 1-67) as the ID and the refined “ProductLabel” as the label.
Edges files utilised product IDs for source and target, with weights calculated from interactions between
product IDs and “OrderDate”. Nodes and edges files were generated for each quarterly and yearly
dataset to facilitate a detailed understanding of product trends over time.

For customer loyalty analysis, node files were created using customer IDs (generated sequentially from
1 - 40,030 for distinct customers) as the ID and “Phone” as the label. Edges files used customer IDs as
both source and target, marked as “Undirected”, with weights calculated from the frequency of
interactions between “Phone” and “ProductLabel.” Only records with product labels ending in “RO”
were included in the analysis. The inclusion of these records was intentional because the “RO” label
indicated repeat orders made by customers. Therefore, these records were deemed valuable for
analysing customer loyalty, as they reflected the frequency and consistency of customer engagement
with the company’s products. The nodes and edges files were generated for yearly data only, as
stakeholders requested an annual analysis of customer loyalty. After the transformation process, all
node and edge files were rigorously checked for accuracy and completeness. The finalised nodes and
edges files were stored for use in subsequent analysis phases.
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Data Mining (Social Network Analysis) Phase

The data mining phase used SNA to uncover hidden patterns and relationships within the dataset. Nodes
and edges files were imported into Gephi, an open-source tool chosen for its powerful visualisation and
analysis features. All relationships were set as “Undirected,” and key metrics like centrality measures
and community detection were calculated. Modularity determined node colours, while the weighted
degree metric set node sizes to highlight direct interactions. The Fruchterman-Reingold layout ensured
that network graphs were clear and readable. Final visualisations were generated for seller performance,
product lifetime value, and customer loyalty across quarterly and annual datasets.

The objective of this phase was to uncover and analyse hidden patterns, relationships, and community
structures within the dataset using SNA. After transforming the dataset into nodes and edges files, these
files were imported into Gephi for analysis. Gephi, an open-source software tool, was chosen for its
robust capabilities in network visualisation and analysis. It provided essential features for calculating
centrality measures, detecting communities, and visualising network structures. Gephi’s user-friendly
interface allowed for the manipulation and customisation of visualisations, making it easier to interpret
patterns and relationships in the data. Its ability to process large networks efficiently made it an
indispensable tool for this study.

During the import process, all relationships were set to “Undirected”, as the connections for seller
performance, product lifetime value, and customer loyalty were indirectly linked through hidden
attributes. Key metrics, including network overview statistics, community detection, and node and edge
overviews, were calculated. These metrics informed the selection of visualisation parameters. For node
colours, modularity was used to identify and partition communities within the network. For node size,
the weighted degree metric was selected, emphasising direct interactions and connections over other
measures, such as betweenness centrality. The Fruchterman-Reingold layout algorithm was applied to
ensure visually appealing, well-spaced graphs. This algorithm was chosen for its ability to enhance
readability and clarity, which was critical for stakeholders’ understanding. Additional adjustments,
including repositioning nodes, resizing labels, and fine-tuning edges, were performed to improve the
visual presentation. The final network graphs were generated for each relationship type (seller
performance and product lifetime value) and both quarterly and annual datasets.

Evaluation and Analysis Phase

In SNA, the evaluation and analysis phase compares different network metrics to understand
relationships and influence. The weighted degree metric measures the total strength of a node’s
connections by considering both the number and weight of edges. It helps identify nodes with the
highest direct influence, making it useful for analysing seller performance, customer loyalty, and
product lifetime value. A highly weighted degree indicates a highly connected and influential node in
its immediate surroundings. See Equation 1 for the weighted degree centrality of a node in a network.

Cu) = ) Wiy @

U€EN(v)

where:
C,,(v) is the weight degree centrality of node v,
N (v) is the set of neighbors of node v,
W, is the weight of the edge between node v and node u.
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The weighted degree centrality takes into account the strength (weight) of each connection, unlike
degree centrality, which only counts the number of connections (edges) a node has. The higher the
weighted degree centrality, the more influential the node is in terms of direct interactions.

In contrast, betweenness centrality measures how often a node acts as a bridge between other nodes. It
identifies key connectors or intermediaries that influence the flow of information or transactions. Nodes
with high betweenness centrality play a crucial role in connecting different parts of the network, making
them essential for understanding critical points in the structure. See Equation 2 for the betweenness
centrality of a node v is calculated as:

= Y B @

o
sevet St

where:
Cp(v) is the betweenness centrality of node v,
g, 1S the total number of shortest paths between node s and ¢,
o (v) is the number of those shortest paths that pass through node v,
The sum is taken over all pairs of nodes s and t in the network, excluding v itself.

This metric measures the frequency at which a node lies on the shortest paths between other nodes. A
node with higher betweenness centrality indicates that it acts as a bridge, playing a key role in network
flow and connectivity. It is beneficial for identifying influential intermediaries in a network.

Usage or Feedback Phase

After the evaluation and analysis phases, including usability testing, the findings were documented and
shared with stakeholders at the e-commerce company to transform insights into actionable strategies.
The documented findings serve as a foundation for future business strategies and performance
improvements.

EVALUATION AND ANALYSIS

Three significant findings in this section are the centrality-based analysis for influencer identification,
the modularity metric for market analysis, and the layout algorithm for network graph visualisation.

Centrality-Based Analysis for Influencer Identification

This section analysed findings from the experiments to determine node size in network graphs,
considering various metrics, including weighted degree centrality and betweenness centrality. The
weighted degree metric was identified as the most suitable, as it measures both the number and strength
of'anode’s connections, making it ideal for assessing seller performance, customer loyalty, and product
lifetime value. This metric effectively emphasises the number and strength of a node’s connections,
making it particularly ideal for analysing direct influence within a network. Nodes with high weighted
degrees represent highly connected or influential points in their immediate surroundings, providing
valuable insights into seller performance, customer loyalty, and product lifetime value.
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Betweenness centrality was also analysed for its role in identifying key connectors in the network.
Betweenness centrality was considered relevant due to its ability to highlight nodes that serve as bridges
or connectors within a network. This metric identifies critical nodes for network flow, which often act
as key influencers or gateways. Betweenness centrality measures the extent to which other nodes depend
on a specific node, providing insights into the structural importance of entities within the network. To
verify and validate the appropriateness of these metrics for deriving insights aligned with e-commerce
business sales records and real-world conditions, a comparative analysis was conducted during an
interview session with a stakeholder. The weighted degree metric proved to be more effective in
identifying direct influence, while betweenness centrality offered insights into bridging roles. However,
the stakeholder emphasised that the weighted degree metric aligned more closely with the company’s
operational reality and objectives.

For instance, an analysis of seller performance from April 2023 to March 2024 revealed that Nor Fatin
was the best-performing seller based on the weighted degree metric, followed by Muhammad Firdaus
and Muhammad Naseem. In contrast, betweenness centrality highlighted Nurul Najwa as the top seller,
with Muhammad Firdaus and Muhammad Naseem in subsequent positions. During the interview, the
stakeholder confirmed that Nor Fatin, Muhammad Firdaus, and Muhammad Naseem consistently
achieved the highest commissions and bonuses, validating the accuracy and relevance of the weighted
degree metric. Tables 5 and 6 show the list of sellers’ performance (annual) according to the weighted
degree metric and betweenness centrality metric, in descending order (from highest to lowest).

Table 5

List of Sellers’ Performance (Annual) According to the Weighted Degree Metric in Descending Order
(Highest to Lowest)

Id Label Weighted Degree

Centrality
37 NOR FATIN FARHANIM BINTI MOHD DEPI 3170.0
65 MUHAMMAD FIRDAUS AHMAD 2614.0
44 MUHAMMAD NASEEM BIN ABDUL MASHOOD NASEEM 1958.0
38 NURUL NAJWA BINTI AHMAD 1820.0
40 NURFAHMI ABDUL RAHIM 1507.0
30 KHAIRULNISSA SHARMILA 1266.0
91 MUHAMMAD SUKRI NGATIMAN 1187.0
39 NUR ILIANA FATIHAH BINTI ABDUL RASHID 1084.0
138 NIZAM TOP GUN 756.0

11
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Table 6

List of Sellers’ Performance (Annual) According to the Betweenness Centrality Metric in Descending
Order (Highest to Lowest)

Betweenness
Id L abel Centrality
38 NURUL NAJWA BINTI AHMAD 0.09312
65 MUHAMMAD FIRDAUS AHMAD 0.08967
44 MUHAMMAD NASEEM BIN ABDUL MASHOOD NASEEM 0.080312
38 NOR FATIN FARHANIM BINTI MOHD DEPI 0.06996
30 KHAIRULNISSA SHARMILA 0.05454
170 ATIKAH SUHAIMI 0.040391
138 NIZAM TOP GUN 0.040391
40 NURFAHMI ABDUL RAHIM 0.0322074
39 NUR ILIANA FATIHAH BINTI ABDUL RASHID 0.028284

Similarly, for product lifetime value in Q4 (January—March 2024), the weighted degree metric identified
Black Seed Honey (MHS), Honey Kids (MK), and Black Tumeric Coffee (KKHQ) as the top products,
which the stakeholder confirmed as the most purchased. In contrast, betweenness centrality highlighted
Black Seed Honey (MHS), Sacha Inchi Coffee (KSI), and Oh My Essay Book Basic Package
(OMKMENENGAHBASIC), which did not align with actual customer behaviour. A similar trend
appeared in the annual customer loyalty graph, where the weighted degree metric provided clearer
insights into loyal customers and their connections. The stakeholder concluded that the weighted degree
metric is more reliable for decision-making as it accurately reflects sales patterns and relationships.
Refer to Tables 7 and 8 for detailed information on weighted degree centrality and betweenness
centrality concerning product lifetime value.

Theoretically, the weighted degree metric is more effective in e-commerce settings because it captures
both the strength and frequency of direct interactions, which are key indicators of sustained commercial
activity, rather than focusing solely on structural positioning within the network. In contrast,
betweenness centrality highlights the intermediary roles of nodes by identifying those that serve as
bridges between otherwise disconnected parts of the network. Although this perspective is valuable in
contexts where the flow of information or influence is critical, it may fail to recognise individuals or
products that demonstrate consistently high levels of direct engagement. Consequently, weighted
degree centrality is more closely aligned with performance metrics such as sales volume, customer
loyalty, and product turnover, making it a more relevant and practical indicator for decision-making in
transactional and digitally mediated marketplaces.

12
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Table 7

List of Product’s Lifetime Value (Q4) According to the Weighted Degree Metric in Descending Order
(Highest to Lowest)

Id Label Weighted Degree Centrality
33 MHS 788.0
51 MK 772.0
2 KKHQ 320.0
KSI 253.0
4 KMRQ 212.0
11 KBG 174.0
Table 8

List of Product’s Lifetime Value (Q4) According to the Betweenness Centrality Metric in Descending
Order (Highest to Lowest)

Id Label Betweenness Centrality
33 MHS 0.157417
9 KSI 0.107854
50 OMKMENENGAHBASIC 0.073991
13 KMRR 0.07167
2 KKHQ 0.064649
19 OMKMENENGAHUPGRADE 0.053545
3 KKHB 0.043293
KC 0.040277
OMK 0.035749

The outcome of this proposed work is then visualised using SNA—figures 2 and 3 display network
graphs analysing seller performance based on weighted degree centrality. The network graph can also
be viewed across quarterly (Q1, Q2, Q3, Q4) and annual timeframes.
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Figure 2

Social Network Analysis of Seller Performance (Annual)
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Figure 3

Social Network Analysis of Seller Performance (Quartile 4)
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Similarly, Figures 4 and 5 display a social network graph focused on analysing product lifetime value,
following the same interactive and time-based structure as the seller performance analysis based on
weighted degree centrality.

Figure 4

Social Network Analysis of Product Lifetime Value (Quartile 1)
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Social Network Analysis of Product Lifetime Value (Quartile 4)
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This process allows companies to understand how SNA improves marketing efforts, optimises product
offerings, and improves seller performance. A network graph based on weighted degree centrality
identifies high-performing sellers who can be incentivised, while product lifetime value highlights the
total revenue a product is expected to generate over its entire life. This insight strengthens seller-
customer relationships and enables informed strategic decisions.

Modularity Metric for Market Analysis

The modularity metric was used as a critical tool for community detection. This metric identifies
clusters or groups within a dataset, with each detected community represented by a distinct colour, a
process known as node colour partitioning in network graphs. By visually differentiating relationships
between nodes, it enhances the interpretability of the network graph. For example, in the seller
performance network graph for the annual period (Figure 6), four main communities were detected and
distinguished by colour. The stakeholder confirmed that these communities accurately reflected the
real-world structure of the company. For instance, sellers whose names ended in “RER 5” and “RER
6” were correctly grouped as part of the same team, which collaborates to sell products. This validation
demonstrated the effectiveness of the modularity metric in capturing team dynamics.

Figure 6

Network Graph for the Seller Performance (Annual) using Modularity Metric
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Similarly, in the product lifetime value network graph for the annual period, seven main groups were
identified using the modularity metric. The stakeholder validated these groupings, noting that products
such as KKHQ, KMRQ, and KSQ, which belong to the same category (“Qash”), were accurately
grouped together. Likewise, products such as OMK, OMKMENENGAHBASIC, and
OMKRENDAHBASIC (all OMK products) were placed in the same community, as were KSI and JSI
(coffee and juice products, respectively). The stakeholder confirmed that the modularity metric
effectively captured the relationships between sellers, products, and customers. These groupings
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reflected real-world categorisations, reinforcing the modularity metric’s value in supporting the
company’s decision-making processes for marketing strategies and resource allocation.

Layout Algorithm for Network Graph Visualisation

The Fruchterman-Reingold layout algorithm was selected for its effectiveness in organising and
structuring network graphs compared to other layout algorithms, such as ForceAtlas 2 and YifanHu.
This force-directed algorithm simulates a physical system in which nodes repel each other, while edges
act as springs that pull connected nodes closer together. This process minimises edge crossings and
optimises the overall graph structure, making it particularly effective for large and complex networks.
The algorithm offers a balance between computational efficiency and visual clarity, ensuring the
network graphs are both functional and aesthetically appealing.

When compared to network graphs without any layout algorithm, the Fruchterman-Reingold layout
significantly improved the organisation and readability of the graphs (Figures 7 and 8). Without the
algorithm, the graphs appeared cluttered and failed to display communities and relationships between
nodes effectively. Applying the Fruchterman-Reingold algorithm yielded structured and visually clear
graphs, facilitating the identification of key relationships and the extraction of actionable insights.
During the interview, the stakeholder expressed satisfaction with the algorithm’s clarity and efficiency,
reinforcing its suitability for this study. As a result, the Fruchterman-Reingold layout algorithm was
retained and seamlessly integrated into the dashboard for consistent use across all network graph
visualisations.

Figure 7

Network Graph for the Seller Performance (Quartile 1) without Layout Algorithm
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Figure 8

Network Graph for the Seller Performance (Q1) with Fruchterman-Reingold Layout Algorithm
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CONCLUSION

Researchers have extensively analysed network relationships to identify key influencers. While SNA
has been applied in healthcare, education, social media, and marketing, its use in business and
management remains limited (Anugerah et al., 2022). Most business-related studies focus on brand
awareness and community detection via hashtag analysis and social media comments.

This study advances SNA methodology by analysing real-world transaction records from the e-
commerce company’s social media platform and website database, shifting from digital engagement
metrics to structured transaction data. This approach enables a more precise examination of network
structures, identifying key influencers within the company’s customer base and operations. By
employing transaction-based network modelling, the study refines SNA techniques to extract actionable
business insights. The integration of weighted degree and betweenness centrality measures enhances
the analysis of relational dynamics, improving network structure interpretation in a commercial context.
This methodological refinement broadens SNA’s conventional scope, reinforcing its relevance for data-
driven decision-making in business management.

This study successfully integrated centrality measures into Social Network Analysis to uncover hidden
relationships among sellers, products, and customers, improving decision-making. Centrality measures,
such as weighted degree and betweenness centrality, helped identify key influencers and connections
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within the network, allowing businesses to optimise marketing strategies, product offerings, and
customer engagement. Key strengths included interactive visualisations and downloadable reports,
which enhanced data-driven decision-making by providing clear insights into sales trends and customer
behaviour. While limitations such as its static nature and limited sample size remain, the findings
demonstrate its potential as a valuable business tool for strategic planning and operational improvement.
Further research may explore the integration of dynamic network modelling with multi-layer e-
commerce networks to capture complex commercial dynamics and improve the depth of analysis across
various platforms and industries.

Additionally, future work will focus on expanding this SNA-based framework to other industries
beyond e-commerce, including education, public health, and supply chain management. In education,
for instance, transaction-based network modelling can be applied to analyse student engagement, peer
collaboration, and learning pathways within digital learning environments. Similarly, in healthcare, this
approach may reveal referral patterns, patient-provider interactions, or treatment outcomes across
institutional networks. By adapting the methodology to different sectors, future studies can further
validate the model’s flexibility and scalability, contributing to more targeted interventions, resource
optimisation, and policy formulation across diverse organisational contexts.
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