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Abstract. This study explored hierarchical community detection in gene
co-expression networks to enhance the functional classification of cell-
cycle regulated genes in Saccharomyces cerevisiae. We evaluated three
hierarchical community detection algorithms—Girvan-Newman (GN),
Paris, and Local Optimization Function Model (LFM)—on a gene co-
expression network of Saccharomyces cerevisiae. Our findings showed
that the GN algorithm effectively identified distinct community struc-
tures at various hierarchical levels, demonstrating high modularity and
closeness centrality. The Paris algorithm provided a comprehensive view
of the network’s hierarchical structure, while the LFM algorithm revealed
detailed sub-communities sensitive to the alpha parameter. The study’s
results were validated using modularity, closeness centrality, and the Ad-
justed Rand Index (ARI), highlighting their potential applications in
genomics and cellular biology. This research advanced the field by pre-
senting new perspectives and methods for biological network analysis,
paving the way for more targeted and effective approaches to under-
standing gene functions.

Keywords: Networks, Community Detection, Gene Co-expression, Hi-
erarchical Structures, Saccharomyces cerevisiae, Biological Networks, Mod-
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1 Introduction

Prior research highlighted the urgent need for more sophisticated methods to
unravel the complexities of biological networks. These networks, illustrating in-
teractions among genes, proteins, and other biological entities, were incredibly

© The Author(s) 2025

J. Caro et al. (eds.), Proceedings of the Workshop on Computation: Theory and
Practice (WCTP 2024) , Atlantis Highlights in Computer Sciences 23,
https://doi.org/10.2991/978-94-6463-684-0_14


http://crossmark.crossref.org/dialog/?doi=10.2991/978-94-6463-684-0_14&domain=pdf

216 J. K. Calderon et al.

intricate. This complexity made it difficult to accurately interpret and analyze
these networks, as noted by Besas and Redeakar. Their work underscored the im-
portance of community detection in uncovering hidden structures and functional
relationships within these networks.

Our study focuses on one specific challenge: exploring hierarchical community
structures. This area holds great promise for uncovering the layered intricacies of
biological networks, potentially revealing new insights into how different elements
within these networks are interconnected and function. Building on foundational
research by Rossetti and others, we aim to expand upon their methodologies and
findings.

The goal of our study is to assess the capability of predicting hierarchical
sub-clusters within the Saccharomyces cerevisiae gene co-expression dataset. By
addressing this challenge, we hope to open new pathways for research and ap-
plication in understanding biological networks.

We evaluated the performance of three hierarchical community detection
algorithms—Girvan-Newman (GN), Paris, and Local Optimization Function Model
(LFM)—on the gene co-expression network of Saccharomyces cerevisiae. The GN
algorithm effectively identified distinct community structures at multiple hierar-
chical levels, demonstrating high modularity and closeness centrality. The Paris
algorithm provided a comprehensive overview of the hierarchical structure, while
the LFM algorithm revealed detailed sub-communities sensitive to the alpha pa-
rameter. Our findings indicate that these algorithms offer valuable insights into
the intricate hierarchical structures within biological networks, each contributing
uniquely to our understanding of gene co-expression patterns. Detailed evalua-
tions using modularity, closeness centrality, and Adjusted Rand Index (ARI)
further validated the efficacy of these methods, highlighting their potential for
practical applications in genomics and cellular biology.

2 Background of the Study

2.1 Network Analysis

Network analysis served as our analytical beacon, guiding us through the maze of
biological complexities. It’s a versatile framework applied in diverse realms such
as social networks, transportation pathways, and biological systems (Hanneman
& Riddle, 2005; Hevey, 2018; Ma & Gao, 2012; X. Zhang et al., 2015).

In the context of biological networks, network analysis revealed patterns and
relationships among biological entities. Biological activities arise from interac-
tions among multiple molecules, cells, and genes (Ma & Gao, 2012). Initially
thought to be linear and isolated, biological processes are now understood as
complex, interconnected networks (Bhalla & Iyengar, 1999).

Biological networks, such as protein-protein interactions, metabolic path-
ways, and gene co-expression networks, are analyzed for various topological prop-
erties. Key properties include degree and centrality for identifying hub genes or
biomarkers, and motifs and modules for functional units and recurring patterns
(Ma & Gao, 2012; Rahiminejad et al., 2019).
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Schwikowski et al. (2000) studied a global yeast protein network with 1,548
proteins and 2,358 interactions, predicting functions for 72% of characterized
proteins and clustering proteins with similar functions and locations.

Tang (2018) used weighted gene co-expression analysis on GEO data to iden-
tify prognostic biomarkers for breast cancer. They discovered five modules, one
of which correlated with cancer severity. Key hub genes like CASC5 and RAD51
in this module were associated with poorer survival outcomes.

The heart of our study lies in gene co-expression networks. These networks are
intricate maps representing the functional relationships among genes, revealing
how their expression patterns correlate under various conditions (Montenegro,
2022). Two methods for network (or graph) construction are rank-based and
value-based. In value-based construction, genes are represented as vertices, and
edges are formed based on Pearson’s correlation coefficient to create the gene
co-expression network.

Central to understanding networks is the concept of communities—non-
overlapping groups of nodes more densely connected internally than with the
rest of the network (Fortunato & Newman, 2022). Identifying these communi-
ties is crucial for understanding gene functional clustering and can uncover new
aspects of gene function and interaction.

Gene expression data provides insights into gene activity and co-expression
patterns. Gene co-expression networks, which reflect collective up-regulation or
down-regulation of genes, help in identifying functional relationships and can
suggest annotations for genes with unknown functions based on known genes in
the same cluster (Oyelade et al., 2016; Yeung, 2001).

2.2 Community Detection in Networks

Community detection in gene co-expression networks has evolved into a fun-
damental approach, with notable contributions from researchers such as Besas
et al., who leveraged community detection algorithms to predict the biological
classification of cell-cycle regulated genes in Saccharomyces cerevisiae.

Community detection aims to identify clusters where nodes (genes) have
higher connectivity within their group than with nodes outside (Fortunato &
Newman, 2022; Girvan & Newman, 2002). In gene co-expression networks, this
approach helps reveal hidden structures and functional associations.

Fortunato categorizes community detection algorithms into:

— Optimization approach: Scores are assigned to potential network divi-
sions, favoring those with higher scores. Examples include Modularity, Spec-
tral Clustering, and Hierarchical Clustering.

— Statistical inference approach: Communities are viewed as key drivers
of network structure, with nodes connecting based on shared affiliations.
Techniques include Stochastic Block Model (SBM), Bayesian Inference, and
Maximum Likelihood Estimation.

— Dynamical process approach: This method connects community struc-
ture to dynamical processes on networks, using techniques such as InfoMap
and Random Walk Methods.
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Application of Community Detection in Biological Networks

Selecting an appropriate community detection algorithm is crucial as it signifi-
cantly impacts the quality and validity of the insights derived from the analysis of
biological networks. These networks, which can represent relationships between
genes, proteins, or other biological entities, often exhibit complex structures that
necessitate specialized approaches for accurate interpretation.

In recent years, the application of community detection to biological net-
works has been extensively explored. Redekar and Varma (2022) categorizes the
commonly used algorithms for biological networks as shown in Table 1

Table 1. Comparison of Community Detection Methods (Redekar & Varma, 2022)

Category Type Methods

Disjoint Community Traditional Method (Graph Partitioning,
Hierarchical Clustering, Spectral Cluster-
ing), Divisive Method (Girvan-Newman
Method), Modularity-Based  (Greedy
Techniques, Simulated Annealing, Exter-
nal Optimization, Spectral Optimization)

Type of community

Overlapping Community|Clique Percolation Method, Line graph
and Link Partitioning, Local Expansion
and Optimization, Fuzzy Detection

Static Community Graph Partitioning, Spectral Bisection, Hi-

Nature of network erarchical Clustering

Dynamic Community Random Walk, Spin Models, Synchroniza-
tion

Table 1 helps researchers choose the best method for network analysis, par-
ticularly for biological data like gene co-expression networks in Saccharomyces
cerevisiae. Each method offers unique strengths for different network structures
and community detection needs.

We identified three key challenges in the literature: dynamic communities,
hierarchical community structures, and overlapping communities. To address
these, we compiled a list of algorithms specifically designed for these issues in
biological network analysis. This list, presented in Table 2, was compiled with
insights from Vieira et al. (2020), Jaguzovic et al. (2022), Wagenseller IIT and
Wang (2017), Rossetti et al. (2017), and Rossetti (2019). It provides a compar-
ative overview of various community detection methods and approaches, facili-
tating the selection of the most suitable algorithm for each open problem.

The Table 2 includes a variety of community detection algorithms, each
backed by significant research (Bonald et al., 2018; Coscia et al., 2014; Girvan
& Newman, 2002; Gregory, 2010; Lancichinetti et al., 2009; Palla et al., 2005;
Pons & Latapy, n.d.; Reichardt & Bornholdt, 2006; Rossetti et al., 2017; Rosvall
& Bergstrom, 2008; Xie et al., 2011; Yang & Leskovec, n.d.).
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Table 2. Comparison of Community Detection Methods for the Identified Open Prob-

lems
Open Problem Algorithm Approach CDLib Network Communities
o . Spinglass Dynamical spinglass |Undirected, Un-| Crisp
Identification of A
. weighted, Temporal
Dynamic TnfoMap Dynamical infomap |Directed, Weighted Crisp
Communities Random Walk Dynamical walktrap |Undirected, Unweighted | Crisp
TILES Dynamical tiles Undirected, Un- | Temporal
weighted, Temporal
Examination of GN-Method Optimization girvan- Undirected, Unweighted | Crisp, Hierarchical
Hierarchical Local Optimiza- [Optimization lnf(xfx‘;vman Undirected, Unweighted [ Overlaps Hierar-
Community i ) F P } ’ g hical P,
ion chica
Structures Hierarchal Cluster-|Optimization paris Undirected, Weighted |Crisp, Hierarchical
ing
Clique Percolation|Optimization kclique Undirected, Unweighted | Overlaps
. Method
Analysis f:)f Demon Optimization demon Undirected, Unweighted | Overlaps
Overlapplln.g SLPA Optimization slpa Undirected, Unweighted|Overlaps
Communities Bigclam Optimization big_clam |Undirected, Unweighted | Crisp, Overlaps,
Nested
CFinder Optimization - Undirected, Unweighted | Overlaps
Copra Optimization - Undirected, Unweighted | Overlaps

3 Related work

This section uncovers the gaps and opportunities in the current body of knowl-
edge. Specifically, we are interested in the sophisticated analysis of hierarchical
community detection algorithms, particularly in their application to the Saccha-
romyces cerevisiae gene expression data.

3.1 Gene Expression Data

We identified a particularly pertinent dataset comprising a subset of 384 genes,
observed across 17 distinct time points. This dataset, initially used in the study
by Yeung et al. (2001) and originating from Cho et al. (1998), is a rich repository
of information, accessible via the supplementary website for Yeung’s paper. The
utilization of gene co-expression networks in our study was motivated by the
accessibility and richness of such online datasets.

Cho et al. (1998) conducted a meticulous analysis of the Saccharomyces cere-
visiae gene expression data derived from laboratory experiments. Their study
categorized approximately 380 genes into five primary functional groups—early
G1 phase, late G1 phase, synthesis phase, second growth phase, and mito-
sis—adding further depth by identifying subgroups within each of these cate-
gories.

Building upon this foundational work, Clemente (2022) conducted an anal-
ysis of the Saccharomyces cerevisiae gene co-expression network. Using commu-
nity detection techniques on the same gene set examined by Cho et al. (1998),
Clemente’s study identified five primary clusters. These clusters broadly align
with the five main functional groups identified by Cho et al. (1998), offering a
macroscopic view of gene activity during various phases of the gene cycle.

This leads us to a conspicuous gap in the existing literature: a comprehen-
sive analysis and comparison of results obtained from hierarchical community
detection algorithms, particularly applied to the Saccharomyces cerevisiae gene
expression data, remains unexplored.
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Recognizing the immense potential of sub-cluster analysis to yield finer,
more detailed insights into gene functions—as suggested by H. Zhang et al.
(2018)—our study aims to bridge this gap. By employing and comparing vari-
ous hierarchical community detection algorithms, we aspire to uncover a more
nuanced understanding of the Saccharomyces cerevisiae gene co-expression net-
work,

3.2 Hierarchical Community Detection Algorithmns

In the context of community detection within complex networks, hierarchical
algorithms not only detect communities but also reveal the multi-level structure
inherent within networks. In Table 2, we have highlighted three such hierarchi-
cal algorithms available in CDLib: Girvan-Newman, Paris, and LFM. Each of
these algorithms offers a unique approach to uncovering the layered structure of
networks.

In the context of our study, these three algorithms — Girvan-Newman, Paris,
and LFM — offer a diverse range of analytical lenses through which we can ex-
amine the gene co-expression network of Saccharomyces cerevisiae. Their unique
characteristics and methodologies provide us with a comprehensive toolkit for
dissecting and understanding the intricate web of relationships and structures
within our dataset.

Girvan-Newman Algorithm

The Girvan—Newman algorithm excels in community detection by systemati-
cally removing edges based on their betweenness centrality. This iterative process
continues until distinct community structures emerge, with the graph fragment-
ing into tightly connected groups. The effectiveness of the algorithm is evident in
its ability to reveal natural divisions within a network, visualized through a den-
drogram. While it is particularly suited for undirected and weighted networks,
it does not handle directed networks (Bonald et al., 2018; Clemente, 2022).

In terms of hardness, it has been known that Girvan-Newman is an NP-Hard
problem (Brandes et al., 2008). Specifically, it is (1 + ¢)-inapproximability for
dense graphs and logarithmic approximation for sparse graphs (DasGupta &
Desai, 2013).

Paris Algorithm

The Paris algorithm combines modularity-based clustering with a hierarchical
approach, using a unique distance metric based on the probability of sampling
node pairs. Operating agglomeratively, Paris effectively reveals community struc-
tures at various levels of granularity. While it excels with undirected networks,
it does not support directed or weighted graphs. Its simplicity and intuitive dis-
tance metric make it valuable for exploring complex gene co-expression networks
(Girvan & Newman, 2002).
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LFM Algorithm

The LFM algorithm is a powerful tool for detecting overlapping communities
and hierarchical structures in networks. It uses local optimization of a fitness
function and adjusts community granularity through the alpha parameter, with
larger values yielding smaller communities. This adaptability makes LFM ideal
for undirected networks, allowing for tailored community detection based on
specific data needs (Lancichinetti et al., 2009).

3.3 Statistical Analysis of Hierarchical Community Detection

We now turn our focus to the critical aspect of evaluating their effectiveness.
The success of any community detection algorithm lies not only in its ability
to identify patterns but also in how accurately these patterns reflect the true
underlying structure of the data. To this end, we employ both internal and
external criteria in our statistical analysis, ensuring a rigorous assessment of the
algorithmic outputs.

Internal criteria assess community quality based on network structure alone.
Key metrics include:

- Modularity: Measures the density of links within communities versus be-
tween them, indicating the strength of the community structure. A high modu-
larity score signifies effective community detection, especially relevant for algo-
rithms like Girvan-Newman (Hajibabaei et al., 2023).

- Closeness Centrality: Assesses how central each node is within its com-
munity, reflecting the coherence and accuracy of node allocation (Jarukasem-
ratana et al., 2014).

These metrics validate the algorithms’ ability to capture the network’s in-
trinsic clustering and the complex relationships in the gene co-expression data.

For external validation, we use the Adjusted Rand Index (ARI) to com-
pare our algorithmic clusterings with true clusterings based on prior biological
knowledge. ARI adjusts for chance grouping, providing a more accurate similar-
ity measure between predicted and true clusterings. The ARI is calculated as
ARI = #%. An ARI of 1 indicates perfect agreement, while a negative
score suggests less than random alignment (Clemente, 2022; H. Zhang et al.,
2018). ARI helps evaluate how well the algorithms categorize gene sets accord-
ing to their biological functions, offering a comprehensive understanding of their
performance.

4 Problem Statement

In this study, we confront several critical gaps in the field of gene co-expression
network analysis, particularly focusing on the Saccharomyces cerevisiae genome.
Our primary objective is to assess the capability of predicting hierarchical sub-
clusters within the Saccharomyces cerevisiae gene co-expression dataset using
hierarchical community detection algorithms. This objective addresses the fol-
lowing key issues:
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1. Outdated Gene Function Classification: To enhance our findings, we
updated the dataset by integrating recent genomic data. The outdated clas-
sifications from Cho et al. (1998) were replaced with updated gene func-
tion classifications from resources like the Kyoto Encyclopedia of Genes and
Genomes (KEGG).

2. Limited Precision in Gene Function Identification: The five major
classifications from Clemente (2022) were too general compared to the more
detailed groups and subgroups from Cho et al. (1998). Our research pro-
vided a more precise identification of gene roles within the Saccharomyces
cerevisiae gene co-expression network, improving upon existing classifica-
tions.

3. Absence of Network Analysis on Hierarchical Sub-clusters: A pre-
vious study by Salido (2016) has investigated hierarchical clusters within
our chosen dataset, it limited its analysis to traditional cluster methods,
particularly Non-metric Multidimensional Scaling (nMDS). Our study ap-
plied a network-based analysis to identify hierarchical clusters, comparing
the performance of various algorithms on the yeast cell-cycle regulated gene
network for a more nuanced community detection analysis.

5 Methodology

As we move forward from defining the precise aims and objectives of our research,
we now step into the methodology. In this section, we take a look at the specific
steps in our methodology.

5.1 Data Collection and Organization

Our methodology starts with collecting data from the Kyoto Encyclopedia of
Genes and Genomes (KEGG) for genes in the dataset used by Cho et al. (1998).
We scraped gene details, identifying three consistent classification levels, each
with a unique ID.

We acquired classifications for 242 of the 384 genes from Cho et al. (1998).
The remaining 142 genes had incomplete data in KEGG and were removed from
the dataset.

To clarify the groupings, we generated a graph visualization. This graph,
structured as a forest, had level 1 classifications as tree roots, with level 2 and
level 3 classifications as intermediate levels, and the genes as the leaves.

Figure 1 shows the graph of the 242 genes and their classifications at each
level. The hierarchical structure is clearly depicted, with classifications at lower
levels nested under those at higher levels.

The next step is to explore relationships between KEGG groupings and the
two classification levels from Cho et al. (1998). We used the Adjusted Rand
Index (ARI) for this comparison. KEGG data was filtered to include only the
149 genes with detailed classifications from Cho et al. (1998), as not all 384 genes
were classified in detail.
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Fig. 1. Graph of Gene Groupings From KEGG

ARI was computed for each level combination, with the highest score around
0.16. The results are detailed in Table 3.

Table 3. Relationships between KEGG and CHO classifications with ARI

KEGG Level CHO Level ARI

1 1 0.022699
1 2 0.083272
2 1 0.057357
2 2 0.118445
3 1 0.043423
3 2 0.156492

5.2 Gene Co-expression Network Formation

Building on previous insights, we proceed to construct gene co-expression net-
works using data from Yeung (2001). We employed a value-based algorithm for
network construction, validated for its effectiveness in Clemente (2022).

Our process, organized in a Jupyter notebook for clarity, utilized NetworkX in
Python to build the network by calculating pairwise gene similarities with Pear-
son’s correlation coefficient. The ¢ parameter was introduced to set a threshold
for co-expression, allowing fine-tuning based on gene similarity.

Figure 2 displays the gene co-expression network, illustrating that a ¢ value of
0.85 results in a structure with the most non-trivial connected components. This
finding aligns with Clemente (2022), confirming similar connectivity patterns and
functional groupings.
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Kegg Network Formation

Fig. 2. Gene Co-expression Network

5.3 Script Implementation for Community Detection

For the automated community detection script, we reviewed algorithms from
NetworkX and CDLib. NetworkX lacked LFM and Paris algorithms, highlighting
CDLib’s unique offerings.

We tested CDLib’s GN algorithm, which effectively identified communities in
our network data. The key parameter, "level,” determines the analysis depth and
where to cut the dendrogram for community structure observation. Increasing
the level shifts the view from broad communities to smaller, specific ones, which
will be discussed further with corresponding graphs.

Similarly, CDLib’s LFM algorithm revealed hierarchical community struc-
tures, with the alpha parameter adjusting resolution. Testing alpha values from
0.5 to 1.0 showed a significant impact on community detection, with higher al-
pha values yielding more communities. Graphs for different alpha values will be
shown in the next section.

For the Paris algorithm, no parameters were adjusted.

With the scripts for all three algorithms implemented, we will now evalu-
ate their performance by comparing the identified groups to our dataset. This
analysis will be covered in the following section.

5.4 Visualization, Evaluation, and Analysis

To compare the three community detection algorithms, we evaluated the commu-
nities using modularity, closeness centrality, and the Adjusted Rand Index (ARI).
We also created visual representations of the networks to provide a clearer, in-
tuitive understanding of the community structures and overall network.

Girvan-Newman
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Fig. 3. Communities Detected Using GN at Level 1

At Level 1, the Girvan-Newman (GN) algorithm identified six distinct commu-
nities in the gene co-expression network, as shown in Figure 3. Each community
is color-coded, illustrating clear separations and clustering of nodes.

The visualization reveals varying community sizes: Community 1 and Com-
munity 2 are the largest, while Community 6 is the smallest. This size distribu-
tion may reflect the hierarchical nature of gene interactions, where some gene
groups are more tightly interconnected due to similar functions or regulatory
roles.

The GN algorithm effectively captures the network’s modular structure, with
well-defined communities interconnected by fewer edges.

o
T
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Fig. 4. Communities Detected Using GN at Level 3

At Level 3, the Girvan-Newman (GN) algorithm identifies eight distinct com-
munities in the gene co-expression network, as shown in Figure 4. This level pro-
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vides greater detail than Level 1, highlighting finer subdivisions within earlier
identified clusters.

The visualization shows an increase in smaller communities, with Community
1 and Community 2 splitting into more specific clusters. This suggests that the
GN algorithm effectively captures detailed interactions and sub-communities
within the gene network.

The graph’s layout indicates that GN can detect both broad and subtle
relationships among genes, including isolated communities like Community 8.
This finer granularity offers a deeper understanding of the network, revealing
sub-structures that might be overlooked at higher levels, thus aiding targeted
biological investigations.

Paris

Paris Algorithm Communities

Fig. 5. Communities Detected Using Paris

The Paris algorithm, shown in Figure 5, identifies five distinct communities
within the gene co-expression network. Each community is distinguished by
color, revealing a range of sizes and structures.

Community 1, the largest and most central, forms a dense cluster, sug-
gesting core functional relationships. Communities 2 and 3 are substantial but
smaller, indicating distinct functional groups. Community 4 and Community 5
are smaller, with Community 5 comprising only a few nodes, possibly represent-
ing specialized or less connected genes.

The graph illustrates clear separations between communities, with some
nodes linking different clusters, hinting at interactions or overlaps. The Paris
algorithm provides a detailed view of the network’s modular structure, captur-
ing both large and small groupings effectively.

LFM
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Fig. 6. Communities Detected Using LFM with Alpha=0

The LFM algorithm at alpha 0, illustrated in Figure 6, identifies five distinct
communities within the gene co-expression network. Each community is color-
coded to show clustering based on node connectivity.

Community 1, the largest and most central, indicates a core functional group
or regulatory module. Community 2, another significant cluster, is located to-
wards the network’s upper part, suggesting a secondary functional grouping.

Communities 3 and 4 are smaller and more isolated, with Community 3
bridging between larger groups, implying an intermediary role. Community 5,
the smallest and peripheral, may represent specialized or less central genes.

The network structure at alpha 0 shows clear community boundaries and
varying sizes, demonstrating the LFM algorithm’s ability to reveal both central
and peripheral clusters in the gene co-expression network.

LFMatalpha 1

Fig. 7. Communities Detected Using LFM with Alpha=1
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The LFM algorithm at alpha 1, shown in Figure 7, identifies nineteen distinct
communities in the gene co-expression network, each color-coded for clarity.

At this alpha level, the network is divided into many smaller communities
compared to alpha 0, demonstrating the algorithm’s sensitivity to the alpha
parameter, which enhances the resolution of community detection. As alpha
increases, the LFM algorithm uncovers more detailed structures.

While Communities 1 and 2 remain central, they have fragmented into smaller
sub-communities, revealing finer functional groupings. Smaller, compact commu-
nities like Community 8 and Community 11 indicate specialized gene groups
with strong internal connections. The presence of many small communities,
such as Community 18 and Community 19, highlights the detailed segmenta-
tion achieved.

The dense network with numerous inter-community edges illustrates the gene
co-expression network’s complex, interconnected nature, providing deeper in-
sights into its modular organization and subtle functional relationships.

The collected results from both the quantitative evaluations and visual anal-
yses were then thoroughly examined. The insights gained from this analysis are
discussed in detail in Section 6.

Level Number of Communities Nodes in Largest i il i Cl Centrality ARl (Level 1) ARI (Level 2)
GN 1 4 64 0 0.331094126 0.4292961301 0.5947369851 0.15849833
2 5 64 0 0.3305609729 0.5090427336 0.5999552912 0.1639007852
14 17 58 6 0.3218033538 0.7451175912 0.574702 0.1923712549
49 52 38 37 0.244454 0.9030717181 0.303390071 0.1659151548
Alpha
LFM 0 3 85 0 0.2577457511 0.1565445117 0.4436266995 0.091332
0.5 4 65 0 0.331094126 0.1565445117 0.5947369851 0.15849833
0.6 5 65 0 0.330336056 0.1565445117 0.5963115436 0.1600950956
0.7 1 64 0 0.327002455 0.1565445117 0.6045236205 0.1753946801
0.8 8 64 0 0.3298426235 0.1565445117 0.5940667658 0.1684366058
0.9 9 64 0 0.3269775116 0.1565445117 0.6062407526 0.1704956699
1 10 64 0 0.3237162358 0.1565445117 0.6038008742 0.1709489366
PARIS 3 85 0 0.1142872613 0.2106443044  0.71500005 0.1522614824
Highest Values: 52 85 37 0.331094126 0.9030717181 0.71500005  0.1923712549

Fig. 8. Evaluation Results on Cho Dataset

6.1 Cho Dataset Results

From our analysis of the Cho dataset evaluation results, which can be seen at
Figure 8, we observed that the Local optimization Function Model (LFM) and
Girvan-Newman (GN) algorithms demonstrated a slightly higher average mod-
ularity compared to the Paris algorithm. This suggests that LEM and GN are
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more effective in forming tightly-knit communities within the gene co-expression
network. Specifically, the LFM algorithm showed a significantly higher Adjusted
Rand Index (ARI) at Level 1, indicating a better alignment with the ground
truth clustering results. This highlights LFM’s effectiveness in capturing the
underlying biological structure in its initial clustering.

Interestingly, the Paris algorithm achieved the highest ARI at Level 1 among
all algorithms, suggesting that Paris might also be highly effective at correctly
identifying the true community structure at this level. However, GN excelled
in closeness centrality, particularly at Level 49, where it achieved the highest
value (0.9030717181). This implies that the clusters identified by GN are more
central within the network, potentially indicating more meaningful or compact
groupings of genes.

Moreover, at Level 2, GN’s ARI slightly surpassed that of LEM and Paris.
This indicates that GN maintains better consistency in its clustering across dif-
ferent hierarchical levels, making it a robust choice for multi-level community
detection in gene co-expression networks. GN’s balance between high modular-
ity, closeness centrality, and consistent ARI scores across levels underscores its
potential as a reliable method for uncovering hierarchical community structures
in biological networks.

Overall, while LFM and Paris show strengths at specific levels, GN’s perfor-
mance across multiple evaluation metrics and levels makes it a strong contender
for community detection in the Cho dataset. This comprehensive analysis em-
phasizes the importance of considering multiple metrics and hierarchical levels
when evaluating community detection algorithms for biological applications.

6.2 KEGG Dataset Results

Level  Number of Communities Nodes in Largest C ity i ity C Centrality ARI(Level 1) ARI(Level2) ARI(Level3)
GN 1 6 86 0 0.3434830981 0.5612222908 0.0337574013Z 0063101 0.036326
2 7 86 0 0.3430306206 05739693694 0.031901 0.061727 0.036023
3 8 84 0 0.3438994678 06287934906 0036905  0.065596 0.035593
42 47 64 27 0.3084383113 0.803585 0.04781246601  0.081454 0.055733
43 48 64 27 0.3049668155 0.8050001952 0.04798033944  0.080478 0.056259
44 19 63 28 0.3038680595 08052317503 0.049356 0.08014 0.052442
45 50 62 29 0.3023369761 0.8054931566 0051025 0080189 0.04908497428
49 54 60 32 0.2941402547 08191581058 0.041532 0.078276 0.046109
Alpha
LFM 0 5 126 0 0.2560283436 01295114562 0.0492269442¢  0.069688 0.03168
05 6 % 0 0.3434830981 0.1295114562 0.03375740132  0.063101 0.036326
06 6 % 0 0.3434830981 0.1295114562 0.03375740132  0.063101 0.036326
07 9 86 0 0.3436331307 01295114562 0038579 0.065264 0.037519
08 8 86 0 0341914754 0.1295114562 0.03775841077  0.066443 0.03625
09 15 86 0 0.3290004215 01295114562 0035189 0.076349 0.042517
1 19 86 0 0.3339341458 0.1295114562 0.02676239691  0.038042 0.034276
PARIS 5 126 0 0.1253258451 01749535266 0.030291 0049484 002355150125
Highest Values: 54 126 32 0.3438994678 0.8191581058 0.051025 0.081454 0.056259

Fig. 9. Evaluation Results on KEGG Dataset
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The evaluation of community detection algorithms on the KEGG dataset,
shown in Figure 8, reveals several key insights:

- Girvan-Newman (GN) Algorithm: GN consistently outperforms the
Local Optimization Function Model (LFM) and Paris algorithms. It achieved
the highest modularity at Level 3 (0.3439), indicating superior identification of
strong community structures. GN also excelled in closeness centrality, with the
highest value at Level 49 (0.8192), suggesting that its identified communities
are more centrally positioned. In terms of the Adjusted Rand Index (ARI),
GN showed the best performance across levels, with the highest ARI at Level
2 (0.0815), indicating accurate clustering that closely aligns with the ground
truth.

- Local Optimization Function Model (LFM): LFM demonstrated flex-
ibility with different alpha values, adapting well to varying granularity of com-
munity structures. However, it did not achieve the highest values in modularity
or ARI compared to GN.

- Paris Algorithm: Paris provided a baseline comparison with consistently
lower performance across metrics. Its highest ARI at Level 1 was 0.0492, which
was lower than those achieved by GN and LFM.

Overall, GN is identified as the most effective algorithm for detecting hier-
archical community structures within the gene co-expression network, based on
its superior modularity, closeness centrality, and consistent ARI values.

7 Recommendations

Based on our findings, we propose the following recommendations to advance
gene co-expression network analysis and community detection:

1. Explore dynamic community detection algorithms to capture time-varying
changes in gene co-expression networks. This could provide deeper insights
into gene interactions over time.

2. Develop standardized benchmarking frameworks to systematically compare
the performance of community detection algorithms, assessing their robust-
ness and accuracy for various biological datasets.

3. Apply the methodologies from this study to gene co-expression networks in
other organisms to assess the generalizability of our findings and validate
the effectiveness of the algorithms across different species.

4. Collaborate with biologists and geneticists to enhance the interpretation of
results, leveraging their expertise to guide computational approaches and
accurately interpret detected gene groups.

These recommendations aim to enhance our understanding of gene co-expression

networks and improve the application of community detection algorithms in bi-
ological research.
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