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Abstract: This study quantitatively investigates the collaborative framework and competitive land-
scape of Thailand’s evolving music industry, driven by technological progress and changing consumer
preferences. By examining data obtained from Thailand’s Department of Intellectual Property, specif-
ically 138,868 songs, it explores the complex network of relationships among music creators, artists,
and various rights-holders, including those associated with recording, music, melodies, and lyrics.
Utilizing social network analysis, this research uncovers a power law distribution in these networks,
reflecting a scale-free market configuration. This characteristic is marked by a few dominant players
exercising considerable market influence, contrasted with numerous less-interconnected participants.
This investigation notes regular patterns of collaboration between artists and different rights-holders.
Furthermore, the network of music creators displays small-world properties, with short collaborative
distances fostering efficient information exchange and creative synergy. Crucially, this study identifies
key influential players instrumental in directing the industry’s major trends, highlighting their role in
market concentration. These significant findings will provide critical evidence for informing future
policy development aimed at improving efficiency and equity in the digital content industries.

Keywords: music; social network analysis; market concentration; Thailand; small-world phenomenon

1. Introduction

The music industry, both on a global scale and in Thailand, plays an integral role in the
broader cultural and economic framework. Music can shape societal identities and promote
social structure as an influential cultural factor (Tofalvy and Koltai 2023). Furthermore,
its economic significance is evident, with global revenues ascending to $21.6 billion in
2020, marking a compound annual growth rate of 7.4% from 2017 to 2020 (IFPI 2020).
Moreover, technological advancements have brought in a new era for the music industry.
They provide music producers the tools needed to create and distribute their music more
effectively and efficiently than before (Krueger 2019). Similarly, the growth of digital
platforms in the music industry in Thailand can provide an opportunity for Thai artists
and music producers to extend their reach far beyond local boundaries. This evolution is
illustrated in Figure 1, showing a rise in song releases by the accumulated number of songs
in Thailand up to 2020.

It is also essential that music products with consumption and production patterns,
such as songs, deviate from the normal distribution and randomness. They are instead
characterized by a long-tail distribution (Anderson 2006; Brynjolfsson et al. 2006; Celma
2010; Bagley et al. 2022; Benner and Waldfogel 2023). This distribution reflects a market
with a high demand for a small number of popular items (a short head) and a wide variety
of niche items making up the rest (a long tail). Anderson (2006) introduced the concept of
long-tail distribution to describe patterns in digital consumption, highlighting the difference
between mainstream hits and niche products. In this distribution, there is a short head of
frequently consumed items that command high demand, representing market dominance
in sales and visibility (Anderson 2006; Brynjolfsson et al. 2010; Krueger 2019; Benner and
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Waldfogel 2023). Conversely, there exists a long tail comprising a large number of items that
may not individually capture significant attention. The long tail accommodates a variety of
less common and diverse preferences. This principle aligns with empirical findings in the
Thai music industry, as demonstrated by an analysis of data from the Top 200 daily charts
on Spotify (Stockholm, Sweden) (Spotify n.d.) for Thai songs and artists from 2018 to 2020.
These findings are illustrated in Figures 2 and 3, respectively. The horizontal axis represents
the popularity rank based on the number of streams. A logarithmic scale is applied to
the vertical axis to transform the streaming volumes. This transformation modifies the
visual representation from a long-tail curve to a more linear one but still maintains the
fundamental long-tail nature of the distribution, exhibiting the exponential decline in the
number of streams for both songs and artists, from the most popular to the least popular.
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Figure 1. Accumulated number of songs in Thailand (1985–2020). The data was taken from the De-
partment of Intellectual Property, Thailand (2021). 
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Figure 1. Accumulated number of songs in Thailand (1985–2020). The data was taken from the
Department of Intellectual Property Thailand (2021).
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Figure 2. Linearized long-tail distribution of streaming popularity for Thai songs (logarithmic scale
on the vertical axis).

The long-tail distribution, with a few products dominating the market while many
others maintain niche roles, indicates that network analysis is an appropriate analytical tool
for comprehending industry dynamics (Newman 2005; Grando et al. 2018). By mapping
relationships and measuring individual centrality, network analysis provides insights into
how influence and information spread through a complex network. It helps to identify key
connectors and reveal patterns of collaboration that lead the industry (Wolff et al. 2020).
Also, social network analysis facilitates understanding of the industry’s small-world nature
and how closely connected entities can rapidly share information (Watts and Strogatz 1998;
Grando et al. 2018).
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Figure 3. Linearized long-tail distribution of streaming popularity for Thai artists (logarithmic scale
on the vertical axis).

Given the unique characteristics of the music business, this study is delineated based
on the hypotheses that the distribution of music creators follows a long-tail pattern as well
as a small-world phenomenon. Specifically concentrating on the case of Thailand, this
paper has the following key objectives: The first aims to examine long-tail and power law
distribution among music creators. Secondly, the paper seeks to study the characteristics
of music creator networks. The third objective involves investigating the small-world
phenomenon in the network of music creators.

This paper is structured as follows: Section 2 of the paper carries out the literature
review on the concentration of music stakeholders, the impact of power law and long-tail
distributions, and the theoretical aspects of network analysis within the music industry.
Section 3 explains the data and the methodologies applied, such as the Easley–Kleinberg
model and the social network analyses. Section 4 presents the empirical results, which
reveal a non-random network and long-tail patterns with small-world characteristics and
identify key influential music creators. In addition, this section discusses the implications
and makes recommendations for the music industry’s landscape. The final section, Section 5,
summarizes the main contributions of this paper.

2. Literature Review
2.1. Concentration among Music Stakeholders

Market concentration is a considered topic within the music industry. Concentra-
tion ratios define the percentage of the market share held by the largest firms within a
market (Aguiar and Waldfogel 2021). Studies by Gayer and Shy (2003), Lee (2015), and
Im Kampe et al. (2020) have used these ratios to establish the music industry’s high level of
concentration, revealing that a small number of firms control a significant part of the market.
For instance, a study conducted by Gowers (2006) focused on the UK music industry and
found that the top five music labels held over 80% of the market share, demonstrating a
high concentration level within the industry. The paper suggested the implementation of
policies promoting competition to encourage more diversity in the music industry.

Several studies have further investigated the effects of concentration within the music
industry. One area of particular interest has been the influence of new technologies,
especially music streaming, due to their potential to modify market concentration and
spur innovation. Their results suggested that streaming has decreased concentration by
offering independent artists a platform to compete with major labels (Oberholzer-Gee and
Strumpf 2007; Aguiar and Waldfogel 2015; Tofalvy and Koltai 2023). In another study, Ko
and Lau (2015) explored the music streaming business model, emphasizing the prominent
role of a few global brands, such as Spotify and Deezer (Paris, France), in the streaming era.
Aguiar and Waldfogel (2017, 2021), and Aguiar et al. (2023) investigated Spotify’s impact on
popular song consumption, exploring whether song-level analysis showed a displacement
of music sales. Moreover, Prinz (2017) noted that these platforms had reshaped the music



Economies 2024, 12, 45 4 of 27

popularity landscape, allowing more popular musicians to top the charts, and creating
success in the song market.

2.2. Power Law Distributions and Long Tails in the Music Production Network

Power law distribution describes networks in which many nodes are significantly more
connected than others (Benner and Waldfogel 2023). In the context of the music industry,
this indicates that a few artists or pieces may enjoy extensive connections and popularity,
overshadowing the rest (Zhang and Hu 2021; Bagley et al. 2022). Gunaratna et al. (2011)
observed this in their study of Brazilian music, noting that collaborations between musicians
and composers followed a power law distribution. This pattern suggests that a small
number of musicians and composers maintain network dominance, showing extensive
collaborations compared to their peers. Similarly, Bryan and Wang (2011) proposed an
influence rank method to combine song-level networks into artist and genre networks.
Also, Donker (2019) and Benner and Waldfogel (2023) further supported this view through
a network analysis on Spotify and revealed a small-world network exhibiting a power law
distribution, indicating that the music industry is clustered around a few influential actors.

In addition, the concept of a long tail is associated with power law distributions. It
refers to the pattern wherein a few entities accumulate significant popularity or success
while the majority remain relatively unknown (Grando et al. 2018; Benner and Waldfogel
2023). This pattern often emerges due to differences in network connections and popularity
among nodes (Zhang and Hu 2021). McAndrew and Everett (2015) brought this concept
to light in their exploration of British composers. They suggested that the network of
composers might have fostered the emergence of particular musical movements and styles,
as it allowed for the sharing of ideas and collaboration. Watson (2012), Budner and Grahl
(2016), and Zhang and Hu (2021) repeated this perspective by demonstrating that the music
industry’s collaboration network follows a scale-free topology, confirming the occurrence
of the long-tail phenomenon.

2.3. Network Analysis

Network analysis originated from graph theory, which is a mathematical field focused
on examining structures and properties of graphs and compositions of nodes connected by
edges. One of the pioneers in this field was Euler (1736), who solved the Seven Bridges of
Konigsberg problem, establishing a foundation in graph theory. Over time, graph theory
has found applications in various fields. Notably, Erdős and Rényi (1959) introduced
the model for random graphs, a widespread model for investigating random networks.
Furthermore, Barabási (2003) utilized graph theory to explore complex system structures.

Thus, one significant application of graph theory is network analysis, an essential
instrument in this study. Network analysis examines network structures and dynamics,
representing a vast array of systems, including social and communication networks (Alar-
cao and Neto 2016; Pachayappan and Venkatesakumar 2018). It has become a tool for
comprehending complex systems and is used across multiple fields. This study focuses
on social network analysis, with theoretical foundations drawn from Granovetter (1973),
Gladwell (2002), Freeman (2004), Scott (2012), Alarcao and Neto (2016), Pachayappan and
Venkatesakumar (2018), and Godart and Mears (2022).

Network analysis contains measures and techniques to interpret the complexities
of networks. Centrality analysis emerges as one of the instrumental measures for iden-
tifying the details of nodes within a network (Pachayappan and Venkatesakumar 2018).
Freeman et al. (1979) studied the importance of individual entities within large networks
based on their positions and interconnections within a network. Building on this foun-
dation, Bonacich (1987) expanded the narrative by exploring the equilibrium of power
dynamics and how this balance impacts resource distribution. Everett and Borgatti (1999)
shifted the idea to studying the roles of groups and classes, emphasizing their dynamics
within the network. Bonacich (2007) then introduced the layered dimensions of influence
within asymmetric network relations, magnifying the eigenvector centrality concept. The
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study further evolved with modern research focusing on algorithmic advancements in
centrality measures (Grando et al. 2018; Di Tommaso et al. 2020).

In addition to the general framework of network analysis, social network analysis
focuses on examining social relationships and interactions among individuals or organi-
zations. It utilizes tools and techniques from network theory and graph theory to probe
the structure and dynamics of social networks. Key contributors to the concept and theory
of social network analysis include Freeman (2004), Scott (2012), and Hevey (2018). Barnes
(1954) was one of the pioneers in applying social network analysis, analyzing a small
English community’s structure. Furthermore, centrality analysis has become essential in
social network analysis (Klärner et al. 2022). The importance of a node often translates
to the influence or power of an individual or network (Wasserman and Faust 1994; Land-
herr et al. 2010; Bögenhold 2013; Iacobucci et al. 2017). Bonacich (1987) highlighted the
asymmetrical nature of social interactions and their connection to influence dynamics.
Then, Everett and Borgatti (1999) emphasized the importance of groups and classes within
social networks. Iacobucci et al. (2017) studied the social dynamics in communities. Their
findings emphasized how collective entities shape social dynamics and influence paths.

A critical component within social network theory is the concept of six degrees of
separation, suggesting that any two people on the planet can be connected through a chain
of no more than six connections. In the 1970s, Milgram (1967) conducted the famous six
degrees of separation experiment, which offered evidence for the small-world phenomenon
in social networks. Frank (1978) illustrated that social networks tend to exhibit short aver-
age path lengths, a defining feature of small-world networks. This phenomenon, in which
people are linked through a small number of intermediaries, inspired the development
of the Watts–Strogatz model (Watts and Strogatz 1998), which produces small-world net-
works by randomly renewing a fraction of a regular framework’s edges. The small-world
phenomenon has often been the subject of intensive study in the field of social networks.
Recently, small-world network studies have broadened to include various real-world sys-
tems, such as brain networks (Sporns et al. 2000), transportation networks (Barthélemy
2011), the World Wide Web (Albert et al. 1999), director networks (Puttanapong 2018),
English words (De Deyne et al. 2019), and the internet of drones (Rehman et al. 2020).

In the scope of specific industries, creative industries comprise numerous players
cooperating as a network. Studies by Joel (2009), Felton et al. (2010), Lee (2015), and Go-
dart and Mears (2022) explored creative industries using social network analysis method-
ology to characterize these networks. Furthermore, social media networks within the
media sector have been examined using network analysis by Kietzmann et al. (2011),
Malinick et al. (2013), and Kim and Chen (2015). In addition, the film industry was among
the first to be studied using the network analysis model. For the centrality analysis, Chen
(2015) and Di Tommaso et al. (2020) examined the important players on media platforms.
Malinick et al. (2013) and Alarcao and Neto (2016) used centrality analysis to calculate the
in-degree index for the target actors.

In addition, after the small-world experiment in 1994, the industry has seen a surge
in studies exploring its network structure, such as Ahmed et al. (2007), Spitz and Horvát
(2014), Kagan et al. (2020), and Noroozian et al. (2022). Additionally, research has focused
on the networks and relationships among the various roles within the industry.

The music industry, a creative industry subset, has seen network analysis applied to
a variety of topics, from collaboration networks to industry structure and the impact of
digital technologies. Joel (2009) conducted one of the earliest network analysis studies in
the music industry, examining the changing structure of international music trade flow.
The impact of digital technologies on the music industry has also been studied, for example
by Leyshon (2001). Recently, network analysis has been used to study the structure and
evolution of the music industry in both online and offline fields, as in the works of Watson
(2012) and Donker (2019). In Eastern countries, such as China and Taiwan, similar studies
were conducted by those such as Lin (2014). Furthermore, centrality analysis in the music
industry has shown patterns of collaboration, influence, and popularity (Shin and Oh 2002;
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Bryan and Wang 2011; Goodrich et al. 2011; McAndrew and Everett 2015; Budner and
Grahl 2016; Grando et al. 2018; Donker 2019).

In Thailand, social network analysis has been applied across multiple fields. In the
medical and science sector, studies by Tiangtip and Jongwutiwes (2002) and Boonthanapat
et al. (2019) used social network analysis to examine patient relationships. Noopataya et al.
(2015) analyzed cattle movement patterns, while Phimpraphai et al. (2018) studied food
sharing in Thai Isaan culture. Political networks have also been examined, such as in the
work of Amorndoljai et al. (2015). Nonetheless, there is still a shortfall in the use of network
analysis within Thailand’s creative or music sector.

Based on the literature review elaborated in this section, it is evident that there are
research gaps in comprehending the intricate network structures of Thailand’s music
industry, specifically regarding aspects like the long-tail and power law distribution. Hence,
this paper aims to address these gaps by employing network analysis to explore the intricate
relationships and collaborations among music creators in Thailand.

3. Data and Methodologies
3.1. Data Preparation

The primary data for this study was obtained from the Department of Intellectual
Property (DIP) under the Ministry of Commerce in Thailand. The DIP is responsible for
overseeing the protection of intellectual property rights, including copyrights and royalties
related to production. The DIP’s dataset is sourced by companies that earn royalties
from songs and contains numerous variables for each song in the companies’ collections.
Additionally, this dataset contains data accumulated up until the year 2020 (Department of
Intellectual Property Thailand 2021).

This paper aims to examine a network of five groups of creators in the music industry.
The first group of music creators in this study is the recording owners who hold the rights
to a song in terms of the records in Thailand. The second group is the music owners who
create and own the song. The third group is the melody owners or musicians who compose
the melody or instrumentals. The fourth group is the lyric owners or the lyricists. Lastly,
the fifth group is the artists who perform and present the songs to the public. The study
investigates bipartite networks to understand the relationships between these creators
and artists.

The data-cleaning process started by removing duplicates from the DIP’s dataset,
focusing on song titles and their initial lyrics to ensure each song’s uniqueness. The
process also included selecting and focusing on specific variables relevant to the study’s
scope: recording owner, music owner, melody owner, and lyric owner. Subsequently,
the study integrated an artist’s information from online music platforms such as Google
Music (California, United States), Spotify, and YouTube (California, United States). This
integration was achieved through Python version 3.10.1 (by Python Software Foundation,
Wilmington, NC, United States) scripting and utilizing Spotify’s Application Programming
Interface (API) (Spotify n.d.) to access and retrieve data from Spotify (Spotify n.d.). This step
was designed to integrate the unique characteristics of each song along with supplementary
data gathered from publicly available resources. The approach finally resulted in a well-
organized dataset of 138,868 songs up to the year 2020.

3.2. Data Description

Table 1 presents the total number of music creators in each role. The data indicates
that a number of recording owners, primarily associated with record labels, have the fewest
players among all roles. In contrast, the artist player category displays the highest number
of players. These initial descriptive findings necessitate further examination using network
analysis tools to validate the structure of creators in the Thai music industry.
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Table 1. The number of music creators in each role in the Thai music industry.

Creator Category Number

Recording owner 101
Music owner 364

Melody owner 7584
Lyric owner 7969

Artist 8078

3.3. Analytical Framework

This section represents the key steps in the whole analytical framework. Figure 4
shows a visual summary of the research methodologies implemented in this study. Initially,
data from the Department of Intellectual Property were collected and cleansed. This data
facilitated the creation of four bipartite networks. Each network represents the connections
between artists and different types of music creators: recording owners, music owners,
melody owners, and lyric owners. The study then applied several analytic tests to these
networks. Firstly, the Easley–Kleinberg model by Easley and Kleinberg (2010) was tested
to statistically confirm the power law distribution within music creators’ networks. Sub-
sequently, social network analysis methods were applied to decipher interaction patterns
within the networks of music creators and artists. The computation of the centrality indices
provided insights into the importance and roles of specific network nodes. Furthermore,
each network was examined for small-world patterns as defined by Watts and Strogatz
(1998), testing the network’s clustering coefficient and average path length to confirm the
small-world characteristics of the networks.
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3.4. Easley–Kleinberg Model

The test of the power law in the popularity of songs applied the model developed by
Easley and Kleinberg (2010). They explored the concepts of power law distributions in
networks. Utilizing their model in this paper, then f (k) represents the number of songs
of each creator with rank k. Equation (1) represents the logarithm form of a power law
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relationship, in which the number of popular songs f (k) is negatively proportionate to
rank k. The coefficient c runs the intensity of this relationship.

log f (k) = log a − c log k (1)

With additional modification, this model can quantify the magnitude of the popularity
effects as a bias influence. The advanced model, with the application from Bollobás and
Riordan (2005), showed that f (k) is proportional to another term of the power of k, as
shown in Equation (2). The value of p in Equation (2) represents the probability that creators
will randomly collaborate in producing another song. On the other hand, the value of
1 − p represents the probability that creators will repeatedly collaborate with the same
colleagues and artists who previously produced hit songs (i.e., the popularity bias or the
popularity effect).

f (k) ∝ k−(1+ 1
1−p ) (2)

Therefore, by applying Equations (1) and (2), the value of c can be obtained in
Equation (3). Thus, when p is close to one, rank formation predominantly relies on uniform
random choices. Conversely, when p is near zero, the growth of the popularity of the
products is significantly ruled and biased by the popularity.

c = 1 +
1

1 − p
(3)

3.5. Network and Centrality Analysis

Network analysis is a research method examining structures of connectivity which
consist of nodes and edges. (Scott 2012; Bögenhold 2013; Iacobucci et al. 2017; Hevey 2018;
Puttanapong 2018). Nodes are the fundamental units or entities in a network, representing
individual elements (Klärner et al. 2022). Particularly, this study represents individual mu-
sic creators. Edges identify the relationships or interactions between pairs of nodes (Abbasi
et al. 2011; Iacobucci et al. 2017; Pachayappan and Venkatesakumar 2018). Moreover, the
networks between two groups (a bipartite network) of music creators (Malinick et al. 2013)
were examined. In this study, each edge is the connection between two creators based
on musical collaboration. Specifically, because the relationship in this paper indicates
collaboration, the edges are undirected.

This study showed the bipartite networks between the four roles of creators and
artists. The visualization of the network and the computation of the centrality analysis
were conducted using Gephi version 0.10.1 (by Gephi Consortium, Paris, France). The
obtained indicators representing the network characteristics are as follows:

1. Average degree: The average degree of a network is the average number of edges per
node in the network (Klärner et al. 2022). It is calculated by dividing the total number
of connections by the total number of nodes (Scott 1991; Iacobucci et al. 2017);

2. Average weighted degree: The average weighted degree is a graph computed with
weighted edges (Radhakrishnan et al. 2014). It is the average mean of the sum of the
weights of incident edges on nodes in the graph;

3. Average path length: The average path length is the average distance between all
pairs in a particular network (Hevey 2018; Pachayappan and Venkatesakumar 2018);

4. Network diameter: The network diameter is the longest path between a pair of nodes
in the network, and this indicator represents the width of the network (Parhami and
Yeh 2000; Bögenhold 2013; Klärner et al. 2022);

5. Connected components: The connected component of an undirected graph is a maxi-
mal set of nodes wherein a path connects each pair of nodes (Hirschberg et al. 1979).
Connected components in a graph refer to nodes connected by paths;

6. Modularity: Modularity is a measure of the structure of networks or graphs which
measures the strength of the division of a network into communities. Networks with
high modularity have dense connections between the nodes within modules but
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sparse connections between nodes in different modules (Sosa et al. 2007). Modularity
is the fraction of edges that fall within groups 1 or 2 minus the expected number of
edges within groups 1 and 2 for a random graph with the same node degree distri-
bution as the given network (Blondel et al. 2008; Pachayappan and Venkatesakumar
2018).

To advance the examination of network topology, centrality analysis is a frequently
used technique to identify a network’s most critical and central nodes (Bolland 1988;
Borgatti 2005; Gneiser et al. 2012; Landherr et al. 2010). The centrality measures used in
this analysis are as follows:

1. Degree centrality: Degree centrality is one of the most intuitive indicators of a node’s
effect on the overall network (Scott 1991; Freeman 2002). It is the sum of a node’s
degrees based on the number of connections a node has to other nodes. Its value
can also be used to standardize this measure by specifying the maximum number of
possible links (Zhang and Hu 2021);

2. Betweenness centrality: Betweenness centrality is based on the number of shortest
paths between pairs of nodes that pass a given node (Freeman 2002). It is from one of
the important properties of a particular node, which is the function of transmitting
physical matter. So, nodes with a high betweenness centrality are located on many
shortest paths and can play a key role in connecting other nodes in the network
(Pachayappan and Venkatesakumar 2018; Klärner et al. 2022);

3. Eigencentrality: Eigencentrality is based on the concept of eigenvectors in linear
algebra. It has been developed by summing only linkages connected to important
nodes (Bonacich 1987). Thus, this measure is the principal eigenvector of the graph’s
adjacency matrix, representing the strength of the node connections. Therefore, a node
with high eigencentrality is connected to other nodes with high eigen centrality, giving
it a high level of influence within the network (Budner and Grahl 2016; Pachayappan
and Venkatesakumar 2018; Klärner et al. 2022);

4. PageRank centrality: PageRank centrality measures the centrality of a node in a
network, which Google developed as part of its search algorithm (Brin and Page 1998).
It is calculated by iteratively updating each node’s importance based on the nodes it
is connected to (Zhang and Hu 2021).

3.6. Watts–Strogatz Model

The concept of small-world characteristics was formally introduced by Milgram (1967).
Watts and Strogatz (1998) then provided a mathematical model for a small-world network
in their paper. Small-world network theory describes a type of graph in which most nodes
are not neighbors of one another, but most nodes can be reached from every other node
by a small number of hops or steps (Grando et al. 2018). In other words, a small-world
network is characterized by short average path lengths and high clustering (Donker 2019;
Rehman et al. 2020). Therefore, this study applied the Watts–Strogatz statistic to verify the
small-world phenomenon in the case of Thai music creators. Following Humphries and
Gurney (2008) and Sankowska and Siudak (2016), the Watts–Strogatz statistics (SWS) can
be computed using Equation (4).

SWS =
γWS

λ
(4)

where γWS =
Clustering Coefficient of Actual Data

Clustering Coefficient of Random Graph
,

λ =
Average Shortest Path Length of Actual Data

Average Shortest Path Length of Random Graph

Based on Humphries and Gurney (2008), it is expected that γWS > 1.0 and λ ≈ 1.00,
resulting in SWS > 1.00, which serves as the primary indicator of the small-world case. This
indicates that a particular network is more likely to exhibit small-world properties charac-
terized by high clustering coefficients and relatively short average path lengths compared to
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the hypothetical random-network model. This paper used R version 4.2.2 (by R Foundation,
Vienna, Austria) with the igraph package to compute the Watts–Strogatz statistics.

4. Results and Discussions
4.1. Empirical Tests for Easley–Kleinberg Model

The first part of the results presents a mathematical analysis by examining the power
law distribution conditions from the Easley–Kleinberg model using Equation (1). The
equation is for all bipartite networks between the four roles and artists, ranked by weighted
degree, as shown in Table 2. The power law coefficients for these networks were signifi-
cantly less than two. The value of the creators’ coefficients in this chapter then indicates
that these networks display high levels of concentration with extremely few heads within
society. Moreover, Equation (3) shows that condition c > 2 enables the analysis of behavior
concerning society’s popularity, so the networks cannot specify the social behavior and
popularity effect in a normal way. However, according to Newman (2005), these networks
remained within the acceptable range for power law distribution, as coefficients below two
would render the distribution very extreme and a high deviation from the standard range.

Table 2. Power law coefficients for music creators in Thailand.

Recording
Owner–Artist

Music
Owner–Artist

Melody
Owner–Artist

Lyric
Owner–Artist

Constant 4.3616 ***
(0.0107)

4.6112 ***
(0.0101)

4.7365 ***
(0.0084)

4.7087 ***
(0.0082)

c 1.1903 ***
(0.0032)

1.2266 ***
(0.0029)

1.18 ***
(0.0023)

1.1748 ***
(0.0022)

R-Squared 0.9595 0.9597 0.9543 0.9554
N 5883 7445 13,146 13,238

Notes: Standard error in parentheses; *** p < 0.001.

The confirmation results of the distribution for music creators support previous stud-
ies that have identified power law distributions in various aspects of music production
networks. In particular, the obtained results are in line with the power law pattern found
globally in the recorded music industry (Watson 2012), as well as in the cases of Brazil (Gu-
naratna et al. 2011), British music (McAndrew and Everett 2015), and drum and bass artists
(Donker 2019). In addition, this phenomenon also occurs in the neighboring industries: the
film industry (Kagan et al. 2020) and creative industries (Lee 2015).

Although the results from this part confirm the power law distribution of the creators,
the details of coefficients in the power law of the creators cannot be fully explained in terms
of the popularity effects since the values are below the range in the theoretical explanation.
This case then only depicts the extremely thin head and very long tail. Then, the networks
of creators should have other confirmation of creators’ behaviors through other tools. The
next section of the results will explain the characteristics of the music creators and artists of
a song by employing social network analysis techniques.

4.2. Network Analysis Results

This section reveals the network analysis results divided into visual and quantitative
evaluations. Firstly, the visualization displays the bipartite networks that connect artists
with four groups of music creators: recording owners, music owners, melody owners, and
lyric owners. Figures 5–8 visually show these connections. Key players in the network are
identified by the varying size of their nodes of degree, which corresponds to the number of
connections they have. The figures also suggest collaboration patterns within the music
industry. The structures connecting artists with recording owners and music owners have
a notable centralization. There are more interconnected networks where these central
recording owners play a key role in the production landscape, engaging with a large array
of artists. Conversely, the networks consisting of artists with melody owners and lyric
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owners present a different situation. Artists seem to engage with a wider variety of melody
and lyric owners, which results in a network with less centralization. This result indicates a
more independent and possibly more separate interaction.
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The comprehensive network displayed in Figures 5–8 contains all connections and
can obscure the visibility of central figures. Hence, Figures 9–12 present a more simplified
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version of the network by filtering out less-connected nodes. This selective presentation
focuses on a core group of individuals who have a greater number of connections, as
indicated by their larger node sizes. The direction of these high-degree nodes or influential
members underscores their central role and the concentrated nature of collaboration in
the network.
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Figure 9. Network structure between recording owner and artist (filtered by degree). Purple nodes are
recording owners, and blue nodes are artists. The node size represents the degree size, comparatively.
Nodes displayed in the figure are filtered based on a degree greater than 25. This criterion is the
highest value that effectively reveals the bipartite network of collaboration between artists and
recording owners. There is a concentration of large-sized nodes, indicating that only a few nodes
have a significantly high degree. The symbol “(R)” after the names denotes individuals who are
recording owners, while “(A)” identifies those who are artists.

The visualizations of these figures reveal a similar trend, characterized by a few
dominant players with a bigger degree of size in the networks. Consequently, the networks
of music creators do not connect randomly. They tend to be scale-free networks (Barabási
2009), from the discussion of the power law in the previous results. This then is one of the
confirmations of the patterns among music creators, along with the power law distribution
results in the previous section. The results of these visualizations are consistent with prior
research into bipartite networks. Malinick et al. (2013) employed a target name roster to
generate two-mode data on social movement activists and subsequently transformed the
obtained network matrix into a bipartite graph. This approach facilitated the examination
of relationships among target actors in relation to the respondents. Similarly, Karpov and
Marakulin (2021) created two-mode data on social movement activists, allowing for the
analysis of relationships amongst the target actors with respect to the respondents.
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music owners, and blue nodes are artists. The node size represents the degree size, comparatively.
Nodes displayed in the figure are filtered based on a degree greater than 50. This criterion is the
highest value that effectively reveals the bipartite network of collaboration between artists and
music owners. There is a concentration of large-sized nodes, indicating that only a few nodes have
a significantly high degree. The symbol “(S)” after the names denotes individuals who are music
owners, while “(A)” identifies those who are artists.
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Figure 11. Network structure between melody owner and artist (filtered by degree) Dark-blue
nodes are melody owners, and light-blue nodes are artists. The node size represents the degree size,
comparatively. Nodes displayed in the figure are filtered based on a degree greater than 200. This
criterion is the highest value that effectively reveals the bipartite network of collaboration between
artists and melody owners. There is a concentration of large-sized nodes, indicating that only a few
nodes have a significantly high degree. The symbol “(M)” after the names denotes individuals who
are melody owners, while “(A)” identifies those who are artists.
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Nodes displayed in the figure are filtered based on a degree greater than 200. This criterion is the
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owners. There is a concentration of large-sized nodes, indicating that only a few nodes have a
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while “(A)” identifies those who are artists.

The quantitative indicators from the network analysis of the bipartite networks be-
tween artists and four distinct groups of music creators in the Thai music industry are
displayed in Table 3. The network composed of recording owners and artists is particularly
noteworthy due to its relatively smaller size, encompassing 5883 nodes and 13,659 edges.
This smaller network size and correspondingly higher density of connections create a
closer relationship between artists and recording owners, which seems more direct and
influential. In contrast, the networks between melody owners and artists (13,146 nodes
and 39,533 edges) and between lyric owners and artists (13,238 nodes and 39,607 edges)
are noticeably larger and less dense. The results imply a wider range of musical influences.
The network between music owners and artists stands out as the most interconnected, dis-
playing an average degree of 5.747 and a weighted average degree of 12.625. Furthermore,
the network between lyric owners and artists has a network diameter of 12, suggesting a
broader and more distributed network structure. The networks involving melody owners
with artists and lyric owners with artists both exhibit a fragmented structure with 457
and 508 components, respectively. This fragmentation indicates the isolated communities
within the network. The network between music owners and artists exhibited a modularity
value of 0.395, suggesting a propensity for artists to work within specific groups or niches.
Additionally, the average path length, a measure of the average number of steps along the
shortest paths for all possible pairs of network nodes, reveals that the networks involving
melody and lyric owners have the longest average path lengths (4.593 and 4.573, respec-
tively). This implies a relatively long chain of interactions between artists and these specific
music creators.

The findings enable the categorization of the four groups of music creators into two
primary clusters. The first cluster, composed of recording owners and music owners, was
distinguished by dense connections and less-diverse relationships with artists. The second
cluster, including melody owners and lyric owners, was characterized by less-crowded
connections and higher fragmentation, indicating a more complex relationship.
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Table 3. Network analysis of the bipartite network for music creators in the Thai music industry.

Recording
Owner–Artist

Music
Owner–Artist

Melody
Owner–Artist

Lyric
Owner–Artist

Nodes 5883 7444 13,146 13,238
Edges 13,659 21,391 39,533 39,607

Average Degree 4.644 5.747 6.014 5.984
Average Weighted Degree 12.119 12.625 7.824 7.771

Network Diameter 7 8 13 12
Connected Components 1 6 457 508

Modularity 0.477 0.395 0.452 0.454
Average Path Length 3.344 3.251 4.593 4.573

4.3. Analyses of Centrality Indices

Figures 13–16 display the distribution of collaboration among different roles of music
creators, as calculated by the degree in the bipartite graphs. These figures were generated
with filtering conditions to enhance the clarity and focus of the visualization. Each figure
represents a distinct role of music creators in the bipartite network. Next, a logarithmic
scale has been applied to the vertical axis in Figures 13–16 (similar to Figures 2 and 3) to
demonstrate the long-tail pattern. The vertical axis in these figures quantifies the degree
of collaboration, while the horizontal axis represents the rank, ordered by the degree.
The adaptation of the logarithm transforms the distribution into a more linear format
while still emphasizing the long-tail shape. The visualization in these figures validates the
concentration of collaborations among a few dominant players in each network.
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Figure 15. Linearized long-tail network of melody owners and artists by degree.
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Figure 16. Linearized long-tail network of lyric owners and artists by degree.

The centrality indices of the Thai music industry, illustrated in Tables 4–7, present a
comprehensive calculation of the relationships between the various industry roles of music
creators and artists. This specifically highlights the top 10 individuals in each category,
revealing the important players within the industry. The key players among the recording
owners are GMM (the full name of GMM is GMM Grammy Company Limited (Bangkok,
Thailand)) and RS (the full name of RS is RS Public Company Limited (Bangkok, Thailand)).
From Table 4, these two players hold dominance across all centrality measures. This
prominence intimates the central position and significant influence of GMM and RS within
the network of recording owners and artists. It potentially gives these entities the power to
guide the direction of music recording, thereby influencing musical trends. Table 5 shows
that the music owner Music Copyright (Bangkok, Thailand) claims the highest centrality
scores. This result marks it as a significant controller of music distribution. Following
closely behind are GMM and RS, further highlighting the concentrated nature of music
ownership. Notably, Music Copyright (Thailand) exhibits the highest eigencentrality score.

Table 6 then reveals the results of melody owners. Kaiwan Kulwattanothai stands out
as a dominant player with the highest degree, betweenness, and PageRank scores. However,
Chongrak Chankana has the highest eigencentrality, signifying a vast array of connections
within the network. Lastly, Table 7 shows that Kaiwan Kulavadhanothai emerges as the
predominant lyric owner with the highest degree, betweenness, and PageRank scores,
indicating a significant role in distribution. Chongrak Chankana once again demonstrates
considerable influence within the network, as indicated by the high eigencentrality score.
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Table 4. Centrality analysis between recording owner and artist.

Degree Betweenness PageRank Eigencentrality

Name Creator
Category Degree Name Creator

Category Betweenness Name Creator
Category PageRank Name Creator

Category Eigencentrality

GMM Recording
owner 2161 GMM Recording

owner 6,930,064 GMM Recording
owner 0.0861 GMM Recording

owner 1.0000

RS Recording
owner 1829 RS Recording

owner 5,153,199 RS Recording
owner 0.0658 RS Recording

owner 0.9011

Jamrak
Auea-

reenusorn

Recording
owner 1332

Jamrak
Auea-

reenusorn

Recording
owner 2,740,970

Jamrak
Auea-

reenusorn

Recording
owner 0.0416 Krung

Thai
Recording

owner 0.7268

Krung
Thai

Recording
owner 1325 Krung

Thai
Recording

owner 2,627,892 Krung
Thai

Recording
owner 0.0410

Jamrak
Auea-

reenusorn

Recording
owner 0.7225

Sound of
Siam

Record
Tape

Recording
owner 975

Sound of
Siam

Record
Tape

Recording
owner 1,639,873

Sound of
Siam

Record
Tape

Recording
owner 0.0293

Sound of
Siam

Record
Tape

Recording
owner 0.5476

Music
Train

Recording
owner 727

Sony
Music

Entertain-
ment

Recording
owner 1,510,457 Music

Train
Recording

owner 0.0226 Music
Train

Recording
owner 0.4027

Sony
Music

Entertain-
ment

Recording
owner 537 Music

Train
Recording

owner 1,262,719

Sony
Music

Entertain-
ment

Recording
owner 0.0207 Rose

Media
Recording

owner 0.2952

Rose
Media

Recording
owner 482

Warner
Music

Thailand

Recording
owner 1,223,269

Warner
Music

Thailand

Recording
owner 0.0167

Sony
Music

Entertain-
ment

Recording
owner 0.2262

Warner
Music

Thailand

Recording
owner 415 Spicy

Disk
Recording

owner 706,442 Rose
Media

Recording
owner 0.0138 Top Line Recording

owner 0.2254

Top Line Recording
owner 380 Rose

Media
Recording

owner 564,638 Top Line Recording
owner 0.0110 Chaiwut

Truktrong
Recording

owner 0.1635

Table 5. Centrality analysis between music owner and artist.

Degree Betweenness PageRank Eigencentrality

Name Creator
Category Degree Name Creator

Category Betweenness Name Creator
Category PageRank Name Creator

Category Eigencentrality

Music
Copy-
right
(Thai-
land)

Music
owner 3295

Music
Copy-
right
(Thai-
land)

Music
owner 13,342,482

Music
Copy-
right
(Thai-
land)

Music
owner 0.0911

Music
Copy-
right
(Thai-
land)

Music
owner 1.0000

GMM Music
owner 2161 GMM Music

owner 8,061,172 GMM Music
owner 0.0565 GMM Music

owner 0.6412

RS Music
owner 1408 RS Music

owner 4,047,106 RS Music
owner 0.0318

Prasert
Wangsan-

tiporn

Music
owner 0.4865

Prasert
Wangsan-

tiporn

Music
owner 1322

Prasert
Wangsan-

tiporn

Music
owner 2,632,669

Prasert
Wangsan-

tiporn

Music
owner 0.0254

Jamrak
Auea-

reenusorn

Music
owner 0.4595

Jamrak
Auea-

reenusorn

Music
owner 1250

Jamrak
Auea-

reenusorn

Music
owner 2,430,279

Jamrak
Auea-

reenusorn

Music
owner 0.0237 RS Music

owner 0.4586

Sound of
Siam

Record
Tape

Music
owner 975

Sound of
Siam

Record
Tape

Music
owner 1,638,525

Sound of
Siam

Record
Tape

Music
owner 0.0181

Sound of
Siam

Record
Tape

Music
owner 0.3691

Music
Train

Music
owner 578 Music

Train
Music
owner 975,408 Music

Train
Music
owner 0.0110 Music

Train
Music
owner 0.2189

Chonlathee
Thanthong

Music
owner 382 BEC

World
Music
owner 505,057 Chonlathee

Thanthong
Music
owner 0.0064 Chonlathee

Thanthong
Music
owner 0.1683

Nuch
Chalerm-

chai

Music
owner 368 Top Line Music

owner 400,338
Nuch

Chalerm-
chai

Music
owner 0.0062

Nuch
Chalerm-

chai

Music
owner 0.1619

Somboon
Samphan

Music
owner 350 Spicy

Disk
Music
owner 382,038 Top Line Music

owner 0.0060 Somboon
Samphan

Music
owner 0.1557
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Table 6. Centrality analysis between melody owner and artist.

Degree Betweenness PageRank Eigencentrality

Name Creator
Category Degree Name Creator

Category Betweenness Name Creator
Category PageRank Name Creator

Category Eigencentrality

Kaiwan
Kulwat-
tanothai

Melody
owner 660

Kaiwan
Kulwat-
tanothai

Melody
owner 8,084,163

Kaiwan
Kulwat-
tanothai

Melody
owner 0.0215 Chongrak

Chankana
Melody
owner 1.0000

Chongrak
Chankana

Melody
owner 531 Chongrak

Chankana
Melody
owner 5,935,932 Chongrak

Chankana
Melody
owner 0.0051 Chonlathee

Thanthong
Melody
owner 0.8683

Chonlathee
Thanthong

Melody
owner 382 Various

Artists Artist 5,323,015 Chonlathee
Thanthong

Melody
owner 0.0033 Somboon

Samphan
Melody
owner 0.8408

Nuch
Chalermwong

Melody
owner 370 Chonlathee

Thanthong
Melody
owner 3,027,078 Nuch

Chalermwong
Melody
owner 0.0032 Nuch

Chalermwong
Melody
owner 0.8254

Somboon
Samphan

Melody
owner 367 Nuch

Chalermwong
Melody
owner 2,931,463 Somboon

Samphan
Melody
owner 0.0032

Eua
Sunthorn-

sanan

Melody
owner 0.7325

Eua
Sunthorn-

sanan

Melody
owner 345 Somboon

Samphan
Melody
owner 2,787,324

Eua
Sunthorn-

sanan

Melody
owner 0.0031

Arom
Phoom-

phak

Melody
owner 0.6927

Arom
Phoom-

phak

Melody
owner 318

Eua
Sunthorn-

sanan

Melody
owner 2,447,194 PIERANTON Melody

owner 0.0029 Khamae
Thongchan

Melody
owner 0.6646

Khamae
Thongchan

Melody
owner 279 Bird

Thongchai Artist 2,322,493
Arom

Phoom-
phak

Melody
owner 0.0028 Pornsuk

Songsang Artist 0.6645

Pranot
Uttamang

Melody
owner 272

Arom
Phoom-

phak

Melody
owner 2,154,826 Khamae

Thongchan
Melody
owner 0.0024 Sayan

Sanya Artist 0.6535

Rungcharoen
Serek

Melody
owner 236 Pranot

Uttamang
Melody
owner 2,020,457 Pranot

Uttamang
Melody
owner 0.0024 Pranot

Uttamang
Melody
owner 0.6279

Table 7. Centrality analysis between lyric owner and artist.

Degree Betweenness PageRank Eigencentrality

Name Creator
Category Degree Name Creator

Category Betweenness Name Creator
Category PageRank Name Creator

Category Eigencentrality

Kaiwan
Kulavad-
hanothai

Lyric
owner 659

Kaiwan
Kulavad-
hanothai

Lyric
owner 7,716,845

Kaiwan
Kulavad-
hanothai

Lyric
owner 0.0215 Chongrak

Chankana
Lyric

owner 1.0000

Chongrak
Chankana

Lyric
owner 531 Chongrak

Chankana
Lyric

owner 5,676,886 Chongrak
Chankana

Lyric
owner 0.0050 Chonlathee

Thanthong
Lyric

owner 0.8645

Chonlathee
Thanthong

Lyric
owner 382 Various

Artists Artist 5,117,055 Chonlathee
Thanthong

Lyric
owner 0.0033 Somboon

Samphan
Lyric

owner 0.8372

Nuch
Chalermwong

Lyric
owner 370 Chonlathee

Thanthong
Lyric

owner 3,053,777 Nuch
Chalermwong

Lyric
owner 0.0032 Nuch

Chalermwong
Lyric

owner 0.8231

Somboon
Samphan

Lyric
owner 366 Nuch

Chalermwong
Lyric

owner 2,953,369 Somboon
Samphan

Lyric
owner 0.0032

Arom
Phoom-

phak

Lyric
owner 0.6895

Arom
Phoomphak

Lyric
owner 318 Somboon

Samphan
Lyric

owner 2,812,346
Arom

Phoom-
phak

Lyric
owner 0.0028 Khamae

Thongchan
Lyric

owner 0.6649

Khamae
Thongchan

Lyric
owner 279

Arom
Phoom-

phak

Lyric
owner 2,088,924 PIERANTON Lyric

owner 0.0027 Pornsuk
Songsang Artist 0.6613

Pranot
Uttamang

Lyric
owner 272 Bird

Thongchai Artist 2,078,997 Khamae
Thongchan

Lyric
owner 0.0024 Sayan

Sanya Artist 0.6500

Rungcharoen
Serksiri

Lyric
owner 236 Pranot

Uttamang
Lyric

owner 1,965,217 Pranot
Uttamang

Lyric
owner 0.0024 Pranot

Uttamang
Lyric

owner 0.6271

Sanan
Muengmo

Lyric
owner 235 Khamae

Thongchan
Lyric

owner 1,933,807
Pornthep

Sri-
mongkon

Lyric
owner 0.0021 Mike Phi-

romphon Artist 0.6250

The findings in this section extend previous centrality analyses within the Thai music
industry’s context. Moon et al. (2010) applied network analysis methodologies to investi-
gate the international music trade. Their results indicated a notable dominance by a select
group of countries in the global music landscape. This approach to network analysis is
not particular to the music sector. Several empirical studies have showcased its efficacy in
both the film and music industries. Malinick et al. (2013) explored the centrality effects of
influential entities on media coverage volume within creative sectors. Kagan et al. (2020)
assessed the centrality and importance of female characters in cinematic narratives. Their
insights underscored the pronounced roles of these characters in shaping film storylines.
Similarly, both Kagan et al. (2020) and Jones et al. (2020) employed these analytical tools to
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interpret character centrality within film narratives, further exemplifying the versatility of
network analysis tools across varying contexts. Also, Lee (2015) examined the structure
and flow of knowledge within entrepreneurial networks in the creative domain. A notice-
able observation from this study was the importance of pre-existing relationships, which
frequently concluded in entities assuming central roles in their networks. Exploring the
creative clusters, Piccolo et al. (2018) highlighted the significance of generalists, individuals,
or entities engaging in a multitude of activities.

The findings of this analysis reveal a pattern of high concentration within the Thai
music industry, with a few significant select creators, particularly recording and music
owners, driving song creation. This concentration could potentially influence musical
diversity, the nature of artist contracts, distribution strategies, and the broader scope of
artistic creativity in the industry. Such findings require further investigation into the
implications and impact of these power dynamics on the overall creativity and dynamics
of the music industry. Obtaining parallels with other research, Moon et al. (2010) employed
analytical techniques similar to those used in the international music trade. Their research
showed a landscape wherein a limited number of nations exerted substantial influence
over the global music domain.

Further confirming this narrative, Watson (2012) pinpointed influential networks
anchored in specific urban hubs, notably in the USA and UK, which played critical roles in
shaping the recorded music industry. Complementing this line of inquiry, Donker (2019)
discovered the massive influence of a select set of artists within the music circle. Essentially,
the outcomes of this study echo previous research, consistently highlighting the dominance
of a few key players within the creative and media sectors. Such a power connection in
industry control repeats perceptions from Klärner et al. (2022). Hence, the results from this
study, scoped in the Thai music industry, augment the broader understanding of power
distribution in creative sectors globally.

4.4. Empirical Test for Watts–Strogatz Model

The results of the Watts–Strogatz model reveal patterns among the four distinct groups
of music creators who collaborate with artists, as presented in Table 8. The clustering
coefficient ratio (γWS) exceeding one is consistent across all networks of music creators and
artists. This indicates a significant level of interconnectedness within each group. Moreover,
the average path length ratio (λ) for all networks of music creators and artists is less than
one, suggesting that the networks are structured in such a way that there is a relatively
short path between any two nodes. This configuration enables the rapid distribution of
information across the network. Further examination of these two key indicators reveals
that the Watts–Strogatz statistics (sWS), which are a small-world indicator, are substantially
greater than one for all groups, confirming the small-world properties inherent in the music
creators’ networks. These findings corroborate the small-world phenomenon observed in
numerous prior studies. Researchers including Fields et al. (2011), Bryan and Wang (2011),
Goodrich et al. (2011), Gunaratna et al. (2011), McAndrew and Everett (2015), Lee (2015),
Puttanapong (2018), Donker (2019), and Kagan et al. (2020) contributed to the literature
supporting this phenomenon.

Table 8. Watts–Strogatz statistics for music creators.

γWS λ sWS

Recording owner 2.6722 1.0383 2.5737
Music owner 3.0091 1.0339 2.9106

Melody owner 17.5455 1.2254 14.3177
Lyric owner 19.8289 1.1875 16.6987

The consistency between the observed small-world and power law distribution prop-
erties is noteworthy. Both phenomena are characterized by a low average path length,
implying that any two nodes within a network can be linked through a relatively small
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number of steps. Additionally, the networks display a high clustering coefficient, indicative
of highly interconnected local clusters. The consistency between these two properties
shapes the social pattern evident in the network structure among music creators and artists
in Thailand.

4.5. Summary of Discussions and Recommendations

This section summarizes the discussion points from the study’s empirical findings
linked with the framework of the analyses in the previous section (Section 3.3), as shown in
Table 9. The first statistical indicator by the Easley–Kleinberg model confirms the power law
distribution within the networks. It corroborates a significant concentration of connections
among a small number of influential players. This trend indicates a possible imbalance in
the music market sloping towards oligopoly. The social network analysis supported this
concentration by revealing highly centralized interaction patterns within the industry. The
centrality indices pointed to a few groups of influential creators at the core of the networks.
Moreover, the application of the small-world pattern revealed that the networks of music
creators verify short collaboration and communication pathways. This characteristic can
facilitate swift information transfer and collaborative opportunities within the industry.
Hence, the validation of the model strengthened the proposition that existing market
leaders continue to enhance their positions.

Table 9. Summary of empirical test results.

Test Result

The power law distribution (Easley–Kleinberg model) Statistically confirmed

Social network analysis: Centrality indices Networks were dominated by a small
group of entities

Social network analysis: The small-world pattern
(Watts–Strogatz model) Statistically confirmed

The growing digitization of the music business has prompted the current literature
to discuss two potential future roles for record companies. The first scenario involves
the continued predominance of their roles due to the ongoing need for their distinct and
practical abilities in capital investment, marketing promotion, property rights management,
and legal arrangements (Weng and Chen 2020; Wikström 2020; Aguiar and Waldfogel 2021;
Prey et al. 2022). Conversely, the second possibility implies that record labels are becoming
less important due to the emergence of online platforms that offer affordable opportunities for
music creation and market expansion. These platforms also facilitate increased collaboration
among all parties involved (Jain 2020; Baym et al. 2021; Prey et al. 2022).

Notably, the emergence of artificial intelligence (AI) and its impacts on the music
industry have been extensively discussed. The primary domains in which AI applications
exhibit promise are the fundamental procedures involved in the composition of songs and
the development of lyrics (Ji et al. 2020; Drott 2021; Hesmondhalgh et al. 2021). Moreover,
these characteristics facilitate the exploration and development of novel musical genres
(Ji et al. 2020; Drott 2021). In addition, artificial intelligence (AI) technologies enable data
analytics, which enhances the capacity to analyze musical inclinations and prospective
trends. The utilization of data-driven analyses will provide vital insights that will facilitate
the creation of songs that are in line with consumer demand (Hesmondhalgh et al. 2021;
Aguiar and Waldfogel 2021; Grando et al. 2018; Ji et al. 2020; Weng and Chen 2020).

The advent of Virtual Reality (VR) technology is also highly anticipated. VR applica-
tions allow for remote access, resulting in decreased traveling expenses and enabling the
innovative practice of organizing virtual events such as music festivals and conferences
(Rambarran 2021; Turchet et al. 2021). Moreover, VR will catalyze the creation of new
musical genres and unprecedented market segments, opening up new opportunities for
emerging artists and music creators (Rambarran 2021; Turchet et al. 2021).
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The findings from this study on the network of music creators in Thailand offer
significant implications for both industry stakeholders and policymakers. The observed
concentration of market power among a few major players suggests a competitive advan-
tage for established entities, hinting at an oligopolistic market structure. This dominance,
while beneficial for these entities, might limit opportunities for new entrants and innovation
within the industry (Shin and Oh 2002; Rayna and Striukova 2009; Byun 2016; Krueger
2019; Autor et al. 2020). Hence, it is essential to consider strategies that encourage diversity
and competitiveness in the music industry. Policies could be designed to support emerging
artists and independent labels, fostering a more inclusive environment that fosters diverse
talents and genres (Byun 2016; Kanellopoulou 2021). This approach would not only enhance
the variety of musical offerings but also potentially lead to a more vital and resilient music
industry in Thailand. Additionally, the significance of network centrality in determining
the success of music creators implies that promoting collaborative networks can be a cru-
cial strategy for upcoming artists and music creators (Kanellopoulou 2021). Suggestions
and initiatives that facilitate networking events, mentorship programs, and collaborative
projects could be instrumental in breaking the barriers to entry into the industry.

4.6. Limitations and Future Research

This study has a few limitations. Firstly, there are limitations in the data used, particu-
larly in terms of emerging markets and stakeholders. The data reported to the Department
of Intellectual Property might lead to the underrepresentation of emerging artists or music
creators who have not registered. Future studies could expand the scope by including a
more diverse range of songs, capturing a more comprehensive sample of Thailand’s music
production behaviors. Secondly, while the study effectively utilizes network centrality
to analyze the music industry’s dynamics, there could be an extension to explore other
crucial network characteristics over time. Lastly, the economic aspects of the music industry,
particularly the impact of diversity on the consumer side and on societal welfare, were not
extensively explored in this study. Future research could investigate how a wider variety of
music from diverse players in the market might influence welfare (Aguiar and Waldfogel
2017), offering critical insights into the economic and social implications of music industry
trends in both consumption and production. This exploration could inform strategies
and policies aimed at fostering a more inclusive and diverse music industry, balancing
commercial success with broader societal benefits.

5. Conclusions

The paper analyzes the networks of music creators in Thailand using data from the
Department of Intellectual Property. It focuses on four primary roles in song production:
recording owner, music owner, lyric owner, and artist. The findings reveal a power law
distribution in these networks, indicating a few popular players dominating. The study
also confirms the small-world characteristics of the creator network in Thailand, which
contribute to the network’s intensity. Such a structure not only accelerates innovation and
collaboration among Thai music creators but also contributes to the dominance of a few
popular numbers within the industry.

A few key players are identified as dominant in the Thai music industry, significantly
influencing popular music trends. The research suggests that this concentration of popular-
ity among a few players may impact competition and market diversity. It highlights the
potential benefits of policies promoting diversity and collaboration in the music industry
to enhance creativity and productivity.

This study’s limitations show future research opportunities. The reliance on specific
data sources from the DIP may not capture the full scale of Thailand’s music industry, indi-
cating the need for more-inclusive data. Further, aspects beyond network centrality, such
as the roles of less-prominent industry players, can be explored more deeply. Additionally,
the broader economic implications of music production diversity on consumers and social
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welfare present a constructive path for future studies, potentially offering insights into
industry trends and strategies.
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