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Abstract

Breast cancer is one of the most prevalent diseases worldwide and is often
accompanied by various comorbidities. Comorbidity network analysis can be
used to identify diseases that play important roles within the network; how-
ever, conventional centrality measures do not consider the underlying community
structure. This study aims to optimize the Community-Consideration Central-
ity (CCC) method by comparing several community detection algorithms and
evaluating the effect of different α parameter values. A comorbidity network
was constructed using Disease Ontology Identifier (DOID) data and partitioned
using the Leiden, Girvan-Newman, Belief Propagation, and Spinglass algorithms.
Community-Consideration Degree, Closeness, and Betweenness Centrality were
then calculated. The results show that the Leiden algorithm achieved the highest
modularity, indicating the best community structure. The CCC method con-
sistently identified central diseases, including DOID.863, DOID.77, DOID.331,
and DOID.150. Furthermore, Jackknife evaluation demonstrated that α = 0.9

provided the most stable performance. These findings indicate that integrating
community detection with CCC is effective for identifying important diseases in
breast cancer comorbidity networks.

Keywords: Breast Cancer, Community Detection, Comorbidity, Optimization
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1 Introduction

Breast cancer is one of the most significant global health challenges and continues to
be a major concern in cancer control [1, 2]. According to the Global Cancer Statistics
2020, breast cancer surpassed lung cancer as the most commonly diagnosed cancer
worldwide, accounting for approximately 2.3 million new cases or 11.7% of all newly
diagnosed cancer cases in that year [3]. This high incidence is also reflected in many
countries, including the United States, where more than 250,000 new cases of inva-
sive breast cancer are reported annually [1]. In addition to its high incidence, breast
cancer remains one of the leading causes of cancer-related mortality among women
worldwide [1, 2]. Although advances in early detection and treatment have signifi-
cantly improved patient survival, disparities in healthcare access, delayed diagnosis,
and limited availability of effective treatment continue to contribute to high mortal-
ity rates, particularly in developing countries [2]. These conditions demonstrate that
breast cancer is not only an individual health issue but also a substantial global health
burden requiring continuous attention and intervention [2–4].

In addition to the characteristics of the cancer itself, comorbidities represent
another important factor influencing disease progression in patients with breast cancer.
Numerous studies have shown that breast cancer patients frequently experience comor-
bid conditions such as hypertension, diabetes mellitus, coronary heart disease, chronic
respiratory diseases, and stroke [5]. In a prospective cohort study involving 4,664
breast cancer patients, hypertension was identified as the most prevalent comorbidity
(22.4%), followed by chronic gastritis (14.3%), diabetes mellitus (6.2%), chronic bron-
chitis or asthma (5.8%), coronary heart disease (5.0%), and stroke (2.2%) [5]. These
comorbid conditions have been shown to influence clinical outcomes, with diabetes
being associated with increased mortality risk, while a history of stroke is linked to a
higher risk of non–breast cancer-related mortality [5]. Similar findings were reported
in a study of breast cancer survivors in Australia, where 88.7% of participants had at
least one additional chronic health condition [6]. Beyond increasing the complexity of
patient management, a high burden of comorbidities has also been associated with an
elevated risk of developing second primary cancers among breast cancer survivors [7].
Therefore, understanding comorbidities and the relationships among them is essential
for improving prognosis, quality of life, and the overall effectiveness of breast cancer
management [5–7].

Comorbidity refers to the presence of one or more additional diseases or medical
conditions occurring alongside the primary disease that is the main focus of clini-
cal attention [8, 9]. The presence of comorbidities has become an important concern
in healthcare because it affects multiple aspects of disease management, including
diagnosis, treatment selection, and patient outcomes [9]. Among cancer patients,
comorbidities increase treatment complexity, limit available therapeutic options, hin-
der the completion of optimal treatment regimens, and negatively affect prognosis
and overall survival [9]. Furthermore, previous studies have demonstrated that comor-
bidities are associated with increased mortality, reduced quality of life, and greater
healthcare utilization [5, 6]. The high prevalence of comorbidities among cancer
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patients indicates that this is not an uncommon phenomenon but rather a critical fac-
tor that should be considered when understanding disease progression and improving
patient management [6, 10].

Although previous studies have successfully identified various comorbid diseases
associated with breast cancer and their prevalence, most have relied on conventional
statistical approaches that are limited to identifying pairwise relationships between
diseases [11]. Such approaches cannot adequately control for potential confounding
diseases, making the identified associations susceptible to being indirect or superficial
[12]. Moreover, conventional methods fail to provide a comprehensive understanding
of the complex relationships among multiple comorbidities simultaneously [13]. To
address these limitations, network analysis has become increasingly popular in comor-
bidity research. In this approach, diseases are represented as nodes, while associations
between diseases are represented as edges, with edge weights reflecting the strength
of their associations [13]. Network analysis has been successfully applied to various
diseases, including cardiovascular disease, heart failure, type 2 diabetes, depression,
and chronic obstructive pulmonary disease (COPD), revealing complex relationships
that cannot be detected using traditional statistical methods [11, 14]. Furthermore,
network analysis enables the identification of central nodes that may serve as effective
intervention targets, as well as bridge symptoms that contribute to the progression of
comorbidities [15].

Within comorbidity network analysis, two complementary concepts are commu-
nity detection and centrality analysis. Community detection aims to identify groups
of densely connected nodes (diseases), thereby revealing clusters of diseases that fre-
quently co-occur or share common underlying risk factors in clinical practice [11, 16].
Several algorithms have been developed for community detection, including Leiden,
Spinglass, Girvan-Newman, and Belief [16–20]. Meanwhile, centrality measures eval-
uate the importance or influence of individual nodes within the network. Three
commonly used centrality measures are degree centrality, closeness centrality, and
betweenness centrality. Degree centrality quantifies the number of direct connections a
node has, reflecting how actively a disease is associated with other diseases. Closeness
centrality measures how close a node is to all other nodes in the network, indicat-
ing how rapidly a disease can influence other diseases through the shortest paths.
Betweenness centrality measures how frequently a node lies on the shortest paths con-
necting other nodes, reflecting its role as a bridge facilitating interactions between
comorbid diseases [14, 15, 21]. In the Community-Consideration Centrality (CCC)
method proposed by [16], these traditional centrality measures are extended by incor-
porating community structure through the weighting parameter α, which balances the
importance of community-level information and the overall network structure.

Although the Community-Consideration Centrality (CCC) method has been pro-
posed as an extension of traditional centrality measures that incorporates community
structure [16], its application remains limited. Previous research evaluated the method
using a lung cancer Protein-Protein Interaction (PPI) network, where nodes represent
proteins and edges represent biological interactions [16]. This network structure differs
fundamentally from disease comorbidity networks, in which nodes represent diseases
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and edges represent clinical associations between diseases. Consequently, the applica-
bility of CCC to disease comorbidity networks, particularly breast cancer comorbidity
networks, requires further investigation.

Furthermore, the original study constructed community structures using the Dis-
assembly Greedy Modularity (DGM) algorithm [16]. Meanwhile, various community
detection algorithms, including Leiden, Spinglass, Girvan-Newman, and Belief, have
been widely employed in network analysis. However, to the best of the author’s knowl-
edge, no previous study has systematically compared these algorithms for constructing
community structures in breast cancer comorbidity networks to support the identi-
fication of central diseases using the CCC method. Consequently, the most suitable
community detection algorithm for generating meaningful community structures in
breast cancer comorbidity networks remains unknown.

Moreover, the CCC method utilizes the parameter α to balance the contribution of
community-level and global network information [16]. While this parameter has been
evaluated using lung cancer PPI networks, studies investigating the influence of dif-
ferent α values in disease comorbidity networks remain limited. In addition, research
integrating the comparison of multiple community detection algorithms with the
CCC method in Disease Ontology Identifier (DOID)-based breast cancer comorbidity
networks is still scarce. Therefore, further research is required to compare different
community detection algorithms, evaluate the effect of varying the parameter α, and
identify central diseases in DOID-based breast cancer comorbidity networks using the
CCC method.

2 Methodology

The overall research workflow is presented in Figure 1.

Fig. 1 Research framework of the proposed methodology.

The detail of each research steps as follow:

• Data Acquisition. The dataset used in this study was adopted from the breast
cancer comorbidity network research conducted by [22]. The original dataset was
constructed by mapping breast cancer comorbidities to their corresponding Disease
Ontology Identifiers (DOIDs) and computing pairwise semantic similarity using the
Disease Ontology framework. Among the available similarity matrices, the Wang
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similarity matrix was selected because it provides a more stable similarity distribu-
tion and achieves a better balance between community modularity and false positive
rates. The resulting similarity matrix serves as the primary dataset for constructing
the breast cancer comorbidity network in this study.

• Data Preprocessing. The Wang similarity matrix is preprocessed by applying a
similarity threshold of 0.5, where similarity values below the threshold are discarded
to eliminate weak disease associations. Subsequently, the diagonal elements of the
matrix are set to zero to remove self-loops, resulting in an adjacency matrix that
serves as the basis for constructing the breast cancer comorbidity network.

• Network Formation. The preprocessed adjacency matrix is transformed into an
undirected weighted comorbidity network, where each node represents a disease
identified by its Disease Ontology Identifier (DOID), and each edge represents the
semantic similarity between a pair of diseases. To ensure a connected and repre-
sentative network for subsequent analyses, only the largest connected component is
retained. The resulting network provides the structural foundation for community
detection and centrality analyses.

• Community Detection. The constructed comorbidity network is partitioned
into communities using four community detection algorithms: Leiden [17], Girvan–
Newman [18], Belief Propagation [20], and Spinglass [19]. These algorithms employ
different optimization strategies to identify groups of densely connected diseases
within the network. Since the resulting community structures may vary depending
on the algorithm, multiple community detection methods are evaluated to investi-
gate their influence on the subsequent Community-Consideration Centrality analysis
and to determine the most suitable community structure for identifying important
diseases in the breast cancer comorbidity network.

• Community-Consideration Centrality Analysis. The community structures
identified in the previous stage are incorporated into the Community-Consideration
Centrality (CCC) framework proposed by Rustamaji et al. [16]. Unlike conven-
tional centrality measures, which evaluate node importance solely based on the
global network topology, CCC integrates both global and community-level informa-
tion to identify diseases that are influential across the entire comorbidity network
as well as within their respective communities. In this study, the CCC framework
is applied to three centrality measures, namely degree, closeness, and between-
ness centrality. These measures respectively evaluate the connectivity, accessibility,
and bridging role of each disease while simultaneously accounting for both global
and local community structures. The corresponding formulations are presented as
follows.

CCDC(v) =
dC(v) + α(dG(v)− dC(v))

|c|+ α(|V | − |c|)− 1
, (1)

CCCC(v) =
|c|+ α(|V | − |c|)− 1

dC(v) + α(dG(v)− dC(v))
, (2)

CCBC(v) =
BCC(v) + α (BCG(v)−BCC(v))

PC + α(PG − PC)
. (3)
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In the above equations, dG(v) and dC(v) denote the degree or total shortest-path
distance of node v computed over the global network and its corresponding commu-
nity, respectively, depending on the centrality measure being evaluated. Similarly,
BCG(v) and BCC(v) represent the global and community betweenness centrality
of node v. The terms |V | and |c| denote the total number of nodes in the network
and the number of nodes within the corresponding community, respectively, while
PG and PC represent the normalization factors for the global network and the local
community. The balancing parameter α determines the relative influence of global
and community-level information, where larger values emphasize the global network
structure and smaller values emphasize the local community structure.

• Performance Evaluation and Parameter Optimization. To determine
the most effective configuration of the proposed framework, the Community-
Consideration Centrality method is evaluated using different values of the balancing
parameter α in combination with each community detection algorithm. The result-
ing disease rankings are subsequently compared against known breast cancer
hallmark genes to assess the ability of each configuration to identify biologically rel-
evant diseases. This evaluation facilitates the selection of the optimal combination of
community detection algorithm and parameter setting for breast cancer comorbidity
network analysis.

3 Results

3.1 Data Acquisition

The dataset used in this study was adopted from the breast cancer comorbidity net-
work developed by Permana et al., in which breast cancer comorbidities were mapped
to their corresponding Disease Ontology Identifiers (DOIDs) and pairwise semantic
similarity was computed using the DOSE package. After data cleaning, 1,006 unique
diseases were retained. The Wang similarity matrix was selected as the input dataset
because it provides a stable similarity distribution and a favorable balance between
community modularity and false positive rates.

3.2 Data Preprocessing

The Wang semantic similarity matrix containing 1,006 Disease Ontology Identifiers
(DOIDs) was preprocessed by applying a similarity threshold of 0.5. Pairwise similarity
values below this threshold were discarded to eliminate weak disease associations, while
the diagonal elements were set to zero to remove self-loops. Following preprocessing,
192 DOIDs became isolated, indicating that they no longer shared semantic similarity
of at least 0.5 with any other disease. Consequently, these isolated nodes were excluded
from subsequent network analysis, resulting in an adjacency matrix containing 814
interconnected DOIDs.

Table ?? presents a representative portion of the resulting adjacency matrix after
preprocessing. The retained similarity values represent disease pairs with semantic sim-
ilarity of at least 0.5, whereas weaker associations have been removed. This adjacency
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matrix serves as the basis for constructing the breast cancer comorbidity network used
in the subsequent analyses.

Table 1 Summary of preprocessing results.

Metric Value

Original DOIDs 1,006
Similarity threshold 0.5
Isolated DOIDs removed 192
Remaining DOIDs 814
Output Sparse adjacency matrix

3.3 Network Formation

The threshold Wang semantic similarity matrix was transformed into an undirected
weighted network, where each node represents a disease identified by its corresponding
Disease Ontology Identifier (DOID) and each edge represents a semantic similar-
ity relationship with a value of at least 0.5. The resulting raw network consists of
1,006 nodes and 3,155 edges, partitioned into 222 connected components. The large
number of connected components indicates that many diseases form small isolated
sub-networks after weak semantic associations are removed, while only a subset of
diseases remains highly interconnected.

Fig. 2 Raw breast cancer comorbidity network obtained after applying a similarity threshold of 0.5.
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As illustrated in Figure 2, one connected component clearly dominates the net-
work, whereas the remaining components consist of relatively small disconnected
sub-networks. Since community detection algorithms and shortest-path-based central-
ity measures are most meaningful when applied to a connected graph, only the largest
connected component, referred to as the Giant Component, was retained for subse-
quent analysis. The extracted Giant Component contains 323 nodes and 1,078 edges,
while 683 nodes and 2,077 edges belonging to the remaining 221 connected components
were excluded. This Giant Component represents the principal structure of the breast
cancer comorbidity network and serves as the input for all subsequent community
detection and Community-Consideration Centrality analysis.

Fig. 3 Giant Component extracted from the threshold breast cancer comorbidity network.

Figure 3 illustrates the resulting network after the Giant Component extraction
process. As shown in the figure, the previously disconnected components have been
removed, leaving only the largest connected structure of the threshold breast cancer
comorbidity network. The resulting network consists of 323 nodes and 1,078 edges, rep-
resenting the interconnected disease relationships that are retained for the subsequent
community detection and Community-Consideration Centrality analysis.

3.4 Community Detection

Community detection was performed on the Giant Component using four algo-
rithms implemented through the CDlib library: Louvain, Belief Propagation, Girvan-
Newman, and Spinglass. The algorithms produced 12, 5, 6, and 17 communities,
respectively, as summarized in Table 2. The different numbers of communities reflect
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the distinct characteristics of each algorithm in partitioning the network. The resulting
community structures are visualized in Figure 4.

(a) Louvain (b) Belief Propagation

(c) Girvan-Newman (d) Spinglass

Fig. 4 Community detection results using the four community detection algorithms.
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Table 2 Number of communities generated by
each algorithm

Algorithm Number of Communities

Louvain 12
Belief Propagation 5
Girvan-Newman 6
Spinglass 17

To evaluate the agreement between the community detection results, a Consensus
Similarity Matrix was constructed. The matrix measures the proportion of algorithms
that assign each pair of diseases to the same community, with values ranging from 0
to 1. A value of 1 indicates that a pair is consistently grouped together by all four
algorithms, while values of 0.25, 0.50, and 0.75 indicate agreement by one, two, and
three algorithms, respectively. An example of the resulting matrix is presented in
Table 3. For instance, DOID.678 and DOID.4724 have a similarity value of 1, whereas
DOID.678 and DOID.10123 have a value of 0.

Table 3 Example of the Consensus Similarity Matrix from community detection results.

DOID DOID.0050681 DOID.678 DOID.11282 DOID.4724 DOID.10123

DOID.0050681 1.00 0.25 0.25 0.25 0.25
DOID.678 0.25 1.00 0.25 1.00 0.00

DOID.11282 0.25 0.25 1.00 0.25 0.00
DOID.4724 0.25 1.00 0.25 1.00 0.00
DOID.10123 0.25 0.00 0.00 0.00 1.00

The Consensus Similarity Matrix was subsequently used to construct a consensus
network by retaining only disease pairs with Sij = 1. As shown in Figure 5, each
connected component represents a group of diseases that were consistently assigned
to the same community by all four algorithms. A total of 23 connected components
were identified. The largest components contained 34, 33, and 29 diseases, while four
components consisted of single diseases: DOID.437, DOID.11668, DOID.8505, and
DOID.11486. These consensus community structures were then used as the basis for
the subsequent Community-Consideration Centrality analysis.
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Fig. 5 Consensus network constructed from the community detection algorithms based on Sij = 1.

3.5 Community-Consideration Centrality

After obtaining the community structure through the community detection process,
the next stage is to calculate the Community-Consideration Centrality (CCC) val-
ues. This calculation aims to identify diseases that play important roles not only at
the global network level but also within the communities to which they belong. By
considering both aspects, the CCC method is expected to provide a more representa-
tive ranking than conventional centrality measures that rely solely on global network
information.

In this study, three variants of Community-Consideration Centrality are used:
Community-Consideration Degree Centrality (CCDC), Community-Consideration
Closeness Centrality (CCCC), and Community-Consideration Betweenness Central-
ity (CCBC). All calculations are performed using the Python programming language
by utilizing the previously constructed graph structure and the community detection
results from each algorithm. The parameter α is used to control the balance between
the contribution of global network information and local community information. Fol-
lowing the study by Rustamaji et al. [23], α is varied from 0 to 1 at intervals of 0.1 to
evaluate its effect on the identification of central diseases.

3.5.1 Louvain

After obtaining the community structure using the Louvain algorithm, Community-
Consideration Centrality (CCC) was calculated to identify diseases with important
roles in the breast cancer comorbidity network. The analysis uses Community-
Consideration Degree Centrality (CCDC), Community-Consideration Closeness Cen-
trality (CCCC), and Community-Consideration Betweenness Centrality (CCBC), with
α varied from 0 to 1. Tables present the top ten diseases for α = 0, α = 0.1, α = 0.9,
and α = 1.0.

For Community-Consideration Degree Centrality, Figure 6 and Table 4 show a
substantial ranking change when α increases from 0 to 0.1. At α = 0, DOID.50 ranks
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first because only within-community connectivity is considered. When global network
information is introduced at α = 0.1, DOID.863 becomes the highest-ranked disease
and remains in first place through α = 1.0. DOID.77 also remains consistently near the
top, while DOID.331, DOID.1287, and DOID.150 remain among the top five at higher
α values. In contrast, DOID.7998, DOID.1459, and DOID.12176 disappear from the
top ten as global connectivity becomes more influential, indicating that their centrality
is more strongly associated with local community structure.

Fig. 6 Top ten diseases by Community-Consideration Degree Centrality using the Louvain algorithm
at different α values.

For Community-Consideration Closeness Centrality, Figure 7 and Table 5 show
a similar transition from local to global network structure. At α = 0, DOID.50,
DOID.0050161, and DOID.850 occupy the highest positions, reflecting their strong
closeness within their respective communities. When α increases to 0.1, DOID.863
becomes the top-ranked disease and remains first through α = 1.0, while DOID.77
consistently ranks second. Diseases such as DOID.1287, DOID.17, DOID.1579,
DOID.14330, DOID.3688, and DOID.3635 appear among the top ten at higher α

values, whereas DOID.7998, DOID.1459, DOID.12176, and DOID.7187 no longer
appear. This indicates that increasing α shifts the ranking toward diseases with greater
closeness across the overall network.

For Community-Consideration Betweenness Centrality, Figure 8 and Table 6 show
a more pronounced ranking change. At α = 0, DOID.77 ranks first, followed by
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Table 4 Top ten diseases by Community-Consideration Degree Centrality using the
Louvain algorithm.

Rank α = 0.0 α = 0.1 · · · α = 0.9 α = 1.0

1 DOID.50 DOID.863 · · · DOID.863 DOID.863
2 DOID.0050161 DOID.77 · · · DOID.77 DOID.77
3 DOID.850 DOID.1287 · · · DOID.331 DOID.331
4 DOID.77 DOID.331 · · · DOID.1287 DOID.1287
5 DOID.2723 DOID.0050161 · · · DOID.150 DOID.150
6 DOID.7998 DOID.850 · · · DOID.0060037 DOID.0060037
7 DOID.1459 DOID.150 · · · DOID.0050161 DOID.0050161
8 DOID.12176 DOID.552 · · · DOID.1561 DOID.850
9 DOID.7187 DOID.2723 · · · DOID.850 DOID.1561
10 DOID.552 DOID.417 · · · DOID.1289 DOID.1289

Fig. 7 Top ten diseases by Community-Consideration Closeness Centrality using the Louvain algo-
rithm at different α values.

DOID.0050736 and DOID.1287, reflecting their importance as intermediary nodes
within local communities. At α = 0.1, DOID.863 becomes the highest-ranked dis-
ease and remains first through α = 1.0, while DOID.77 remains second. DOID.12217,
DOID.1307, and DOID.417 also rise as global network information becomes more
influential, indicating their roles as bridge nodes between communities. Conversely,
DOID.0050736, DOID.11823, DOID.0060056, and DOID.0080001 appear mainly at
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Table 5 Top ten diseases by Community-Consideration Closeness Centrality using the
Louvain algorithm.

Rank α = 0.0 α = 0.1 · · · α = 0.9 α = 1.0

1 DOID.863 DOID.863 · · · DOID.863 DOID.863
2 DOID.9335 DOID.331 · · · DOID.77 DOID.77
3 DOID.790 DOID.9335 · · · DOID.1287 DOID.1287
4 DOID.0060260 DOID.790 · · · DOID.1289 DOID.17
5 DOID.331 DOID.0060260 · · · DOID.1579 DOID.1579
6 DOID.1289 DOID.1289 · · · DOID.17 DOID.1289
7 DOID.870 DOID.870 · · · DOID.331 DOID.331
8 DOID.1826 DOID.1826 · · · DOID.14330 DOID.14330
9 DOID.0050850 DOID.0050850 · · · DOID.3688 DOID.3688
10 DOID.4724 DOID.4724 · · · DOID.3635 DOID.3635

lower α values. The resulting ranking indicates that local intermediary roles do not
necessarily correspond to the same importance at the global network level.

Fig. 8 Top ten diseases by Community-Consideration Betweenness Centrality using the Louvain
algorithm at different α values.
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Table 6 Top ten diseases by Community-Consideration Betweenness Centrality

using the Louvain algorithm.

Rank α = 0.0 α = 0.1 · · · α = 0.9 α = 1.0

1 DOID.77 DOID.863 · · · DOID.863 DOID.863
2 DOID.0050736 DOID.77 · · · DOID.77 DOID.77
3 DOID.1287 DOID.1287 · · · DOID.12217 DOID.12217
4 DOID.11823 DOID.417 · · · DOID.1307 DOID.1307
5 DOID.863 DOID.1307 · · · DOID.417 DOID.417
6 DOID.150 DOID.12217 · · · DOID.1287 DOID.1287
7 DOID.0060056 DOID.150 · · · DOID.1289 DOID.1289
8 DOID.417 DOID.17 · · · DOID.17 DOID.17
9 DOID.17 DOID.1289 · · · DOID.150 DOID.150
10 DOID.0080001 DOID.1579 · · · DOID.3635 DOID.3635

3.5.2 Girvan-Newman

After obtaining the community structure using the Girvan-Newman algorithm,
Community-Consideration Centrality (CCC) was calculated using Community-
Consideration Degree Centrality (CCDC), Community-Consideration Closeness Cen-
trality (CCCC), and Community-Consideration Betweenness Centrality (CCBC). The
Girvan-Newman algorithm forms communities divisively by progressively removing
edges with the highest edge betweenness. The results are evaluated at α = 0.0, α = 0.1,
α = 0.9, and α = 1.0 to observe the transition from local community structure to
global network structure.

For Community-Consideration Degree Centrality, Figure 9 and Table 7 show that
DOID.0050161 ranks first at α = 0.0 and remains first at α = 0.1, while DOID.863
gradually rises and becomes first at higher α values. At α = 1.0, DOID.863 and
DOID.77 occupy the first and second positions, followed by DOID.331, DOID.1287,
and DOID.150. Meanwhile, diseases such as DOID.3082, DOID.10123, DOID.1584,
DOID.1558, and DOID.8893 mainly appear at lower α values, whereas DOID.0060037,
DOID.1561, and DOID.1289 emerge at higher values. This indicates a gradual
transition from local community connectivity toward global network connectivity.

For Community-Consideration Closeness Centrality, Figure 10 and Table 8 show
that DOID.0050161 ranks first at α = 0.0, followed by DOID.850 and DOID.2723.
At α = 0.1, DOID.863 becomes first and remains there through α = 1.0, while
DOID.1287 initially ranks second before DOID.77 takes that position at higher α

values. DOID.17, DOID.1579, DOID.331, DOID.1289, DOID.14330, DOID.3688, and
DOID.3635 remain among the top-ranked diseases as the global network contribution
increases. In contrast, DOID.3082, DOID.10123, DOID.1584, DOID.1558, DOID.8893,
and DOID.0050426 are mainly present at α = 0.0. These changes indicate a gradual
shift from local closeness toward closeness across the overall network.

For Community-Consideration Betweenness Centrality, Figure 11 and Table 9 show
a more dynamic ranking pattern. At α = 0.0, DOID.1287 ranks first, followed by
DOID.863 and DOID.77, reflecting their importance as intermediary nodes within the
local communities. When α increases to 0.1, DOID.863 becomes first and remains

15



Fig. 9 Top ten diseases by Community-Consideration Degree Centrality using the Girvan-Newman
algorithm at different α values.

Table 7 Top ten diseases by Community-Consideration Degree Centrality using the
Girvan-Newman algorithm.

Rank α = 0.0 α = 0.1 · · · α = 0.9 α = 1.0

1 DOID.0050161 DOID.0050161 · · · DOID.863 DOID.863
2 DOID.850 DOID.850 · · · DOID.77 DOID.77
3 DOID.2723 DOID.150 · · · DOID.331 DOID.331
4 DOID.552 DOID.863 · · · DOID.1287 DOID.1287
5 DOID.3082 DOID.2723 · · · DOID.150 DOID.150
6 DOID.10123 DOID.77 · · · DOID.0060037 DOID.0060037
7 DOID.1584 DOID.552 · · · DOID.0050161 DOID.0050161
8 DOID.1558 DOID.3082 · · · DOID.850 DOID.1561
9 DOID.8893 DOID.10123 · · · DOID.1561 DOID.850
10 DOID.0050426 DOID.1287 · · · DOID.1289 DOID.1289

there through α = 1.0, while DOID.77 consistently ranks second. DOID.12217 and
DOID.1307 also rise into the top five at higher α values, indicating stronger roles
as bridges between communities. DOID.417, DOID.1287, DOID.1289, DOID.17, and
DOID.150 remain in the top ten, whereas DOID.12858, DOID.331, DOID.2723, and
DOID.0060037 are mainly present at lower α values. At higher α, the ranking converges
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Fig. 10 Top ten diseases by Community-Consideration Closeness Centrality using the Girvan-
Newman algorithm at different α values.

Table 8 Top ten diseases by Community-Consideration Closeness Centrality using
the Girvan-Newman algorithm.

Rank α = 0.0 α = 0.1 · · · α = 0.9 α = 1.0

1 DOID.0050161 DOID.863 · · · DOID.863 DOID.863
2 DOID.850 DOID.1287 · · · DOID.77 DOID.77
3 DOID.2723 DOID.17 · · · DOID.1287 DOID.1287
4 DOID.552 DOID.331 · · · DOID.17 DOID.17
5 DOID.3082 DOID.1289 · · · DOID.1579 DOID.1579
6 DOID.10123 DOID.1579 · · · DOID.331 DOID.1289
7 DOID.1584 DOID.3688 · · · DOID.331 DOID.331
8 DOID.1558 DOID.77 · · · DOID.14330 DOID.14330
9 DOID.8893 DOID.870 · · · DOID.3688 DOID.3688
10 DOID.0050426 DOID.1826 · · · DOID.3635 DOID.3635

toward DOID.863, DOID.77, DOID.12217, DOID.1307, and DOID.417 as the main
intermediary diseases in the network.
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Fig. 11 Top ten diseases by Community-Consideration Betweenness Centrality using the Girvan-
Newman algorithm at different α values.

Table 9 Top ten diseases by Community-Consideration Betweenness Centrality

using the Girvan-Newman algorithm.

Rank α = 0.0 α = 0.1 · · · α = 0.9 α = 1.0

1 DOID.1287 DOID.863 · · · DOID.863 DOID.863
2 DOID.863 DOID.77 · · · DOID.77 DOID.77
3 DOID.77 DOID.1287 · · · DOID.12217 DOID.12217
4 DOID.17 DOID.417 · · · DOID.1307 DOID.1307
5 DOID.150 DOID.17 · · · DOID.417 DOID.417
6 DOID.417 DOID.1307 · · · DOID.1287 DOID.1287
7 DOID.12858 DOID.12858 · · · DOID.1289 DOID.1289
8 DOID.331 DOID.150 · · · DOID.17 DOID.17
9 DOID.2723 DOID.331 · · · DOID.150 DOID.150
10 DOID.0060037 DOID.1289 · · · DOID.3635 DOID.3635

3.5.3 Belief

After obtaining the community structure using the Belief Propagation algorithm,
Community-Consideration Centrality (CCC) was calculated using Community-
Consideration Degree Centrality (CCDC), Community-Consideration Closeness Cen-
trality (CCCC), and Community-Consideration Betweenness Centrality (CCBC).
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Unlike Girvan-Newman, which forms communities by progressively removing edges,
Belief Propagation uses a message-passing approach to estimate the probability of
each node belonging to a community. The results are evaluated at α = 0.0, α = 0.1,
α = 0.9, and α = 1.0 to examine the transition between local and global network
contributions.

For Community-Consideration Degree Centrality, Figure 12 and Table 10 show
a relatively rapid ranking convergence. At α = 0.0, DOID.0050161 ranks first,
followed by DOID.850 and DOID.863. At α = 0.1, DOID.863 becomes the top-
ranked disease, while DOID.0050161 remains second. At higher α values, DOID.863,
DOID.77, DOID.331, DOID.1287, and DOID.150 consistently occupy the top five,
while DOID.0060037, DOID.0050161, DOID.1561, DOID.850, and DOID.1289 remain
within the top ten. In contrast, DOID.3082, DOID.1584, DOID.1579, and DOID.552
mainly appear at lower α values. This indicates that the ranking converges relatively
quickly as global network information becomes more influential.

Fig. 12 Top ten diseases by Community-Consideration Degree Centrality using the Belief Propa-
gation algorithm at different α values.

For Community-Consideration Closeness Centrality, Figure 13 and Table 11 show
a highly stable ranking across α values. DOID.863 remains first from α = 0.0 through
α = 1.0, while DOID.1287 and DOID.17 remain among the top three at lower α values.
As α increases, DOID.77 rises to second place, followed by DOID.1287. DOID.1579,
DOID.1289, DOID.331, DOID.14330, DOID.3688, and DOID.3635 also remain in the
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Table 10 Top ten diseases by Community-Consideration Degree Centrality using the Belief
Propagation algorithm.

Rank α = 0.0 α = 0.1 · · · α = 0.9 α = 1.0

1 DOID.0050161 DOID.863 · · · DOID.863 DOID.863
2 DOID.850 DOID.0050161 · · · DOID.77 DOID.77
3 DOID.863 DOID.850 · · · DOID.331 DOID.331
4 DOID.552 DOID.331 · · · DOID.1287 DOID.1287
5 DOID.3082 DOID.1287 · · · DOID.150 DOID.150
6 DOID.1584 DOID.77 · · · DOID.0060037 DOID.0060037
7 DOID.1579 DOID.552 · · · DOID.0050161 DOID.0050161
8 DOID.1287 DOID.150 · · · DOID.850 DOID.1561
9 DOID.331 DOID.3082 · · · DOID.1561 DOID.850
10 DOID.77 DOID.1584 · · · DOID.1289 DOID.1289

top ten at higher α values. Only minor positional changes occur, indicating that
the Belief Propagation community structure produces stable closeness rankings with
limited sensitivity to changes in α.

Fig. 13 Top ten diseases by Community-Consideration Closeness Centrality using the Belief Prop-
agation algorithm at different α values.
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Table 11 Top ten diseases by Community-Consideration Closeness Centrality

using the Belief Propagation algorithm.

Rank α = 0.0 α = 0.1 · · · α = 0.9 α = 1.0

1 DOID.863 DOID.863 · · · DOID.863 DOID.863
2 DOID.1287 DOID.1287 · · · DOID.77 DOID.77
3 DOID.17 DOID.17 · · · DOID.1287 DOID.1287
4 DOID.331 DOID.331 · · · DOID.17 DOID.17
5 DOID.1289 DOID.1289 · · · DOID.1579 DOID.1579
6 DOID.1579 DOID.1579 · · · DOID.1289 DOID.1289
7 DOID.3688 DOID.3688 · · · DOID.331 DOID.331
8 DOID.77 DOID.77 · · · DOID.14330 DOID.14330
9 DOID.870 DOID.870 · · · DOID.3688 DOID.3688
10 DOID.1826 DOID.1826 · · · DOID.3635 DOID.3635

For Community-Consideration Betweenness Centrality, Figure 14 and Table 12
show the most stable ranking among the three measures. DOID.863 and DOID.77
remain first and second from α = 0.0 through α = 1.0, while DOID.12217 and
DOID.1307 rise into the top five as the global contribution increases. At higher α

values, DOID.863, DOID.77, DOID.12217, DOID.1307, and DOID.417 consistently
occupy the top five, followed by DOID.1287, DOID.1289, DOID.17, DOID.150, and
DOID.3635 within the top ten. The limited ranking changes indicate that the main
bridge nodes remain relatively stable across different α values.

Table 12 Top ten diseases by Community-Consideration Betweenness Centrality

using the Belief Propagation algorithm.

Rank α = 0.0 α = 0.1 · · · α = 0.9 α = 1.0

1 DOID.863 DOID.863 · · · DOID.863 DOID.863
2 DOID.77 DOID.77 · · · DOID.77 DOID.77
3 DOID.1287 DOID.12217 · · · DOID.12217 DOID.12217
4 DOID.417 DOID.1307 · · · DOID.1307 DOID.1307
5 DOID.17 DOID.417 · · · DOID.417 DOID.417
6 DOID.1307 DOID.1287 · · · DOID.1287 DOID.1287
7 DOID.12858 DOID.12858 · · · DOID.1289 DOID.1289
8 DOID.150 DOID.150 · · · DOID.17 DOID.17
9 DOID.331 DOID.331 · · · DOID.150 DOID.150
10 DOID.1289 DOID.1289 · · · DOID.3635 DOID.3635

3.5.4 Spinglass

After obtaining the community structure using the Spinglass algorithm, Community-
Consideration Centrality (CCC) was calculated to identify diseases with important
roles in the breast cancer comorbidity network. Unlike Louvain, Girvan-Newman, and
Belief Propagation, Spinglass forms communities using a statistical-physics approach
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Fig. 14 Top ten diseases by Community-Consideration Betweenness Centrality using the Belief
Propagation algorithm at different α values.

based on Hamiltonian energy optimization. The resulting structure was used to calcu-
late Community-Consideration Degree Centrality (CCDC), Community-Consideration
Closeness Centrality (CCCC), and Community-Consideration Betweenness Centrality
(CCBC). Results are presented for α = 0.0, α = 0.1, α = 0.9, and α = 1.0.

For Community-Consideration Degree Centrality, Figure 15 and Table 13 show
a distinct ranking pattern at low α. At α = 0.0, DOID.0050736, DOID.1727,
DOID.13094, DOID.13098, DOID.630, and DOID.8483 dominate the top ten, reflect-
ing the strong influence of the local Spinglass community structure. At α = 0.1,
DOID.77 becomes the highest-ranked disease, followed by DOID.331 and DOID.863.
As α increases, the ranking gradually converges, with DOID.863 becoming first and
DOID.77, DOID.331, DOID.1287, and DOID.150 following at α = 1.0. DOID.0060037,
DOID.0050161, DOID.850, DOID.1561, and DOID.1289 also remain among the top
ten at high α, while the diseases dominant at α = 0.0 disappear. This indi-
cates a gradual transition from community-level connectivity toward global network
connectivity.

For Community-Consideration Closeness Centrality, Figure 16 and Table 14 show
the largest ranking change among the community detection algorithms as α increases.
At α = 0.0, the top ten is dominated by DOID.0050736, DOID.1727, DOID.13094,
DOID.13098, DOID.630, and DOID.8483, indicating strong local closeness within
the Spinglass communities. At α = 0.1, DOID.863 becomes first, followed by
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Fig. 15 Top ten diseases by Community-Consideration Degree Centrality using the Spinglass algo-
rithm at different α values.

Table 13 Top ten diseases by Community-Consideration Degree Centrality using the
Spinglass algorithm.

Rank α = 0.0 α = 0.1 · · · α = 0.9 α = 1.0

1 DOID.0050736 DOID.77 · · · DOID.863 DOID.863
2 DOID.1727 DOID.331 · · · DOID.77 DOID.77
3 DOID.13094 DOID.863 · · · DOID.331 DOID.331
4 DOID.13098 DOID.1287 · · · DOID.1287 DOID.1287
5 DOID.630 DOID.0050161 · · · DOID.150 DOID.150
6 DOID.8483 DOID.850 · · · DOID.0060037 DOID.0060037
7 DOID.50 DOID.0060037 · · · DOID.0050161 DOID.0050161
8 DOID.0060037 DOID.0080001 · · · DOID.850 DOID.1561
9 DOID.0050161 DOID.150 · · · DOID.1561 DOID.850
10 DOID.850 DOID.1561 · · · DOID.1289 DOID.1289

DOID.77, DOID.1287, DOID.331, and DOID.1289, while DOID.1826, DOID.0050850,
DOID.4724, DOID.6364, and DOID.13413 enter the top ten. At higher α values,
DOID.863, DOID.77, and DOID.1287 consistently occupy the top three, followed
by DOID.17, DOID.1579, DOID.1289, DOID.331, DOID.14330, DOID.3688, and
DOID.3635. The results indicate a strong transition from local community closeness
toward global network closeness.
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Fig. 16 Top ten diseases by Community-Consideration Closeness Centrality using the Spinglass
algorithm at different α values.

Table 14 Top ten diseases by Community-Consideration Closeness Centrality using
the Spinglass algorithm.

Rank α = 0.0 α = 0.1 · · · α = 0.9 α = 1.0

1 DOID.0050736 DOID.863 · · · DOID.863 DOID.863
2 DOID.1727 DOID.77 · · · DOID.77 DOID.77
3 DOID.13094 DOID.1287 · · · DOID.1287 DOID.1287
4 DOID.13098 DOID.331 · · · DOID.17 DOID.17
5 DOID.630 DOID.1289 · · · DOID.1579 DOID.1579
6 DOID.8483 DOID.1826 · · · DOID.1289 DOID.1289
7 DOID.50 DOID.0050850 · · · DOID.331 DOID.331
8 DOID.0060037 DOID.4724 · · · DOID.14330 DOID.14330
9 DOID.0050161 DOID.6364 · · · DOID.3688 DOID.3688
10 DOID.850 DOID.13413 · · · DOID.3635 DOID.3635

For Community-Consideration Betweenness Centrality, Figure 17 and Table 15
show a substantial ranking change between α = 0.0 and α = 0.1. At α = 0.0,
DOID.630, DOID.77, DOID.0080001, DOID.870, and DOID.1287 occupy the top five,
reflecting bridge roles within the local Spinglass communities. At α = 0.1, DOID.863
becomes first, followed by DOID.77, DOID.1287, DOID.417, and DOID.1307, while
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DOID.12217, DOID.1289, DOID.150, DOID.17, and DOID.3635 enter the top ten.
At higher α values, DOID.863 and DOID.77 remain first and second, followed
by DOID.12217, DOID.1307, DOID.417, and DOID.1287. DOID.1289, DOID.17,
DOID.150, and DOID.3635 also remain in the top ten. Meanwhile, diseases such as
DOID.630, DOID.0080001, DOID.870, DOID.11823, DOID.0050700, DOID.0060056,
and DOID.0050736 disappear as global network information becomes dominant. Thus,
the results show a strong transition from local bridge roles toward globally important
intermediary diseases.

Fig. 17 Top ten diseases by Community-Consideration Betweenness Centrality using the Spinglass
algorithm at different α values.

3.6 Performance Evaluation and Parameter Optimization

The effect of α was evaluated using the Jackknife method following the approach
of Permana et al. [22]. For each α from 0.0 to 1.0 with an interval of 0.1, diseases
were ranked according to their Community-Consideration Centrality and compared
with the confirmed breast cancer comorbidities used as the ground truth. The number
of confirmed diseases identified within the top-k rankings was used to evaluate the
performance of each parameter. A higher and more consistent Jackknife curve indicates
better identification performance.

For Louvain, the selected parameters were α = 0.3, α = 0.0, and α = 0.0 for
Degree, Closeness, and Betweenness Centrality, respectively. Degree Centrality showed
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Table 15 Top ten diseases by Community-Consideration Betweenness Centrality

using the Spinglass algorithm.

Rank α = 0.0 α = 0.1 · · · α = 0.9 α = 1.0

1 DOID.630 DOID.863 · · · DOID.863 DOID.863
2 DOID.77 DOID.77 · · · DOID.77 DOID.77
3 DOID.0080001 DOID.1287 · · · DOID.12217 DOID.12217
4 DOID.870 DOID.417 · · · DOID.1307 DOID.1307
5 DOID.1287 DOID.1307 · · · DOID.417 DOID.417
6 DOID.11823 DOID.12217 · · · DOID.1287 DOID.1287
7 DOID.150 DOID.1289 · · · DOID.1289 DOID.1289
8 DOID.0050700 DOID.150 · · · DOID.17 DOID.17
9 DOID.0060056 DOID.17 · · · DOID.150 DOID.150
10 DOID.0050736 DOID.3635 · · · DOID.3635 DOID.3635

relatively similar performance across parameters, although α = 0.0 reached the highest
number of confirmed diseases at larger top-k values. However, α = 0.3 provided a more
stable performance throughout the evaluation. Closeness and Betweenness Centrality
both favored α = 0.0, which consistently produced higher Jackknife curves than the
other parameters. The corresponding results are shown in Figure 18, Figure 19, and
Figure 20.

Fig. 18 Jackknife curve for Community-Consideration Degree Centrality using the Louvain algo-
rithm.

For Girvan-Newman, the selected parameters were α = 1.0, α = 0.0, and α = 0.0
for Degree, Closeness, and Betweenness Centrality, respectively. Degree Centrality
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Fig. 19 Jackknife curve for Community-Consideration Closeness Centrality using the Louvain algo-
rithm.

showed improved performance at higher α values, with α = 1.0 producing the high-
est Jackknife curve. In contrast, Closeness and Betweenness Centrality consistently
favored α = 0.0, indicating stronger identification performance when community-level
information was emphasized. The results are presented in Figure 21, Figure 22, and
Figure 23.

For Belief Propagation, the selected parameters were α = 1.0, α = 0.1, and α = 0.1
for Degree, Closeness, and Betweenness Centrality, respectively. Degree Centrality
favored higher α values, with α = 1.0 providing the highest and most stable perfor-
mance. Closeness Centrality showed relatively small differences between parameters
but achieved its highest performance at α = 0.1. Betweenness Centrality also favored
α = 0.1, which reached the highest performance earlier than the other parameters.
These results are shown in Figure 24, Figure 25, and Figure 26.

For Spinglass, α = 0.0 was selected for all three centrality measures. Degree and
Closeness Centrality showed a clear advantage for α = 0.0, reaching substantially
higher numbers of confirmed diseases than the other parameters. Betweenness Central-
ity also favored α = 0.0, although the difference was smaller. The results indicate that
the local community structure generated by Spinglass provides the strongest contribu-
tion to disease identification across the three centrality measures. The corresponding
curves are shown in Figure 27, Figure 28, and Figure 29.

The selected parameters are summarized as follows: Louvain uses α =
(0.3, 0.0, 0.0), Girvan-Newman uses α = (1.0, 0.0, 0.0), Belief Propagation uses α =
(1.0, 0.1, 0.1), and Spinglass uses α = (0.0, 0.0, 0.0) for Degree, Closeness, and
Betweenness Centrality, respectively.
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Fig. 20 Jackknife curve for Community-Consideration Betweenness Centrality using the Louvain
algorithm.

3.7 Disease Name Mapping from DOID

Based on the rankings obtained from all combinations of community detection algo-
rithms, centrality measures, and α values, several diseases repeatedly appeared among
the top-ten results. Each disease is represented by its Disease Ontology Identifier
(DOID), allowing consistent identification across configurations. From the 132 tested
combinations, 52 unique diseases appeared in the top-ten rankings. The complete list
is presented in Table 16.

Table 16: Diseases that appeared in the top-ten rankings of
Community-Consideration Centrality.

No. DOID Disease Name

1 DOID.77 Gastrointestinal System Disease
2 DOID.863 Nervous System Disease
3 DOID.1287 Cardiovascular System Disease
4 DOID.1289 Neurodegenerative Disease
5 DOID.331 Central Nervous System Disease
6 DOID.150 Disease of Mental Health
7 DOID.17 Musculoskeletal System Disease
8 DOID.0050161 Lower Respiratory Tract Disease
9 DOID.850 Lung Disease
10 DOID.0060037 Developmental Disorder of Mental Health
11 DOID.417 Autoimmune Disease
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No. DOID Disease Name

12 DOID.1579 Respiratory System Disease
13 DOID.1307 Dementia
14 DOID.12217 Lewy Body Dementia
15 DOID.3635 Congenital Myasthenic Syndrome
16 DOID.1561 Cognitive Disorder
17 DOID.14330 Parkinson’s Disease
18 DOID.3688 Plexopathy
19 DOID.870 Neuropathy
20 DOID.1826 Epilepsy
21 DOID.552 Pneumonia
22 DOID.0080001 Bone Disease
23 DOID.2723 Dermatitis
24 DOID.4724 Brain Edema
25 DOID.0050850 Diabetic Encephalopathy
26 DOID.3082 Interstitial Lung Disease
27 DOID.12858 Huntington’s Disease
28 DOID.0050736 Autosomal Dominant Disease
29 DOID.0060260 Ptosis
30 DOID.9335 Scotoma
31 DOID.790 Ocular Hypotension
32 DOID.50 Thyroid Gland Disease
33 DOID.1584 Acute Chest Syndrome
34 DOID.630 Genetic Disease
35 DOID.557 Kidney Disease
36 DOID.10123 Pigmentation Disease
37 DOID.0060056 Hypersensitivity Reaction Disease
38 DOID.437 Myasthenia Gravis
39 DOID.1459 Hypothyroidism
40 DOID.7998 Hyperthyroidism
41 DOID.6364 Migraine
42 DOID.0060038 Specific Developmental Disorder
43 DOID.8893 Psoriasis
44 DOID.1558 Angioedema
45 DOID.0050426 Stevens–Johnson Syndrome
46 DOID.11823 Hepatorenal Syndrome
47 DOID.1727 Retinal Vein Occlusion
48 DOID.13094 Branch Retinal Artery Occlusion
49 DOID.8483 Retinal Artery Occlusion
50 DOID.13098 Central Retinal Artery Occlusion
51 DOID.0050700 Cardiomyopathy
52 DOID.13413 Hepatic Encephalopathy
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Fig. 21 Jackknife curve for Community-Consideration Degree Centrality using the Girvan-Newman
algorithm.

4 Conclusion

Community detection using four algorithms produced different community structures:
12 communities for Louvain, six for Girvan-Newman, five for Belief Propagation,
and 17 for Spinglass. Based on modularity, Louvain produced the best commu-
nity structure, with stronger internal connectivity and clearer separation between
communities.

The Community-Consideration Centrality (CCC) method successfully identified
diseases with central roles by considering both community structure and the overall
network. The three CCC measures, namely Degree, Closeness, and Betweenness Cen-
trality, showed that diseases such as DOID.863 (Nervous System Disease), DOID.77
(Gastrointestinal System Disease), DOID.331 (Central Nervous System Disease),
and DOID.1287 (Cardiovascular System Disease) frequently appeared among the
top-ranked diseases.

The value of α affected the balance between local community information and
global network structure. Lower α values were more influenced by community struc-
ture, while higher values produced more consistent results across algorithms. Based on
the Jackknife evaluation, α = 0.9 provided stable performance across most combina-
tions of community detection algorithms and centrality measures, making it a suitable
parameter for CCC analysis on the breast cancer comorbidity network.
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algorithm.
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