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Abstract

Understanding and predicting biological processes from protein-protein interaction (PPI) networks requires accurate and efficient
representations of their structure. However, many existing methods fail to capture the complex, overlapping modular structure of
biological systems. To address this, we propose a network embedding strategy that improves both biological interpretability and
predictive power. By transforming networks into a low-dimensional space while preserving key topological properties, embedding
enables the discovery of novel functional relationships. Pre-clustering a network before embedding enhances representation quality, i.e.
the ability to preserve meaningful structural and functional properties in the embedding space. However, traditional non-overlapping
clustering methods can introduce bias by ignoring the overlapping nature of biological communities. We overcome this limitation
by integrating the Hierarchical Link Clustering (HLC) algorithm into an embedding workflow tailored for large, weighted, undirected
networks. First, we introduce two optimized HLC implementations for Python and R, both outperforming existing methods in clustering
accuracy and scalability. Then, by restricting random walks to HLC-defined communities, we improve the representation of biological
pathways, as shown using Reactome on the human PPI network. We also apply our full cluster embedding workflow to analyze
RASopathies, a group of interrelated disorders with a diverse range of phenotypes, caused by mutations in genes from the RAS/MAPK
pathway. This approach was used not only to represent known pathways, but also to identify potential novel gene candidates associated
with RASopathies, including Noonan and Costello syndrome. HLC implementations are available in the CDLIB library (https://github.
com/GiulioRossetti/cdlib), and at https://github.com/jimrperkins/linkcomm for Python and R, respectively.
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Introduction

Network analysis is fundamental to bioinformatics and systems
biology, where these techniques have been applied to molecular
interactions (e.g. protein networks [1], metabolites [2]) and
phenotypic traits such as comorbidities [3, 4]. In recent years,
network embedding has emerged as a powerful addition to
these approaches, allowing the transformation of nodes into
low-dimensional vector spaces that preserve topological and
functional relationships [5]. These embeddings facilitate tasks
such as module detection, gene prioritization, and disease
classification by revealing hidden patterns and improving the
integration with machine learning models [6].

Methods for embedding include matrix factorization methods
such as Laplacian eigenmap [7], Singular Value Decomposition
[8], and network kernels [9, 10]. In addition, powerful and pio-
neering methods for network embedding based on deep-learning

have emerged in recent years. These include random walk-based
methods like DeepWalk [11] and Node2vec [5], which have been
applied in diverse tasks, including link prediction [12, 13], node
classification [6, 14], community detection [15-17] and single-cell
analysis [18, 19].

In these random walk-based approaches, custom random
walks are integrated into a word2vec framework to generate
embeddings [5, 11, 20]. Various algorithms have refined this
scheme, such as node2vec, which balances breadth-first and
depth-first sampling to enhance representation quality [5]. More
recently, these methods have been improved by incorporating
classical clustering techniques, making them community-aware
and showing promising results in embedding biological networks
[21-24].

Choosing an appropriate clustering method is crucial when
integrating classical network techniques with network
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embeddings and other deep learning approaches. Most methods
use non-overlapping clustering, assigning each node to a single
community. However, in biological networks, genes and proteins
often belong to multiple pathways or functional modules [25],
making overlapping clustering methods essential [26]. To address
these challenges, we propose a novel embedding pipeline that
integrates overlapping edge-based clustering with random walk-
based node embedding. Specifically, we incorporate Hierarchical
Link Clustering (HLC) [25, 27] to identify overlapping commu-
nities, and we constrain random walks to remain within these
communities. This strategy enhances the functional coherence of
the embeddings and improves biological pathway representation.

Recent work has explored alternative strategies to improve
network representations, preserving properties such as struc-
tural roles [28], high-order node proximity [29], and integrating
global structural information [30], each capturing complemen-
tary aspects of network complexity. In contrast, our approach
prioritizes the preservation of overlapping community structure,
a defining characteristic of biological networks, by incorporat-
ing an edge similarity-based clustering step i.e. computationally
efficient and scalable to large, weighted networks. This allows
the integration of biologically meaningful community informa-
tion into the embedding process without incurring substantial
computational overhead.

Despite these advantages, current HLC implementations
face limitations. The widely used R package linkcomm [31]
supports weighted networks but struggles with large datasets,
while the Python package CDLIB [32] offers only an unweighted
implementation, limiting its applicability to weighted biological
networks.

Network embedding can be applied to analyze genes related
to diseases, such as RASopathies. These developmental disorders
are caused by germline mutations in genes of the RAS/MAPK
signaling pathway [33], involved in multiple processes including
angiogenesis [34] and cancer [35]. Despite significant advances in
genetic testing, the full mechanisms driving these conditions and
the relationships among the various disorders remain unclear.
Further investigation into how these genes interact and regulate
the pathway may provide crucial insights into their overlapping
yet distinct clinical features, as well as providing potential novel
drug targets.

Applying graph embedding and overlapping clustering to study
RASopathies highlights its potential to uncover crucial insights
into gene interactions and pathway regulation. This not only helps
explain their overlapping yet distinct clinical features but also
suggests novel drug targets. Given the molecular links between
RASopathies and cancer, our approach may further support the
repurposing of cancer therapies for these disorders, offering new
avenues for targeted treatment.

The main contributions of this work are as follows:

e We present a new node embedding framework which inte-
grates community information obtained from HLC.

e We optimize the HLC algorithm for large-scale, weighted
biological networks, providing efficient Python and R imple-
mentations.

e We demonstrate that the new embedding enhances the rep-
resentation of known biological pathways in the human inter-
actome, outperforming multiple baseline node embedding
methods.

e We apply the method to RASopathies, providing novel rep-
resentation of known genes and revealing novel candidate
genes associated with the disorders.

Materials and methods

Implementation of HLC

We developed new implementations for analyzing weighted undi-
rected networks for both R and Python. They extend original
methods, which also apply to unweighted networks.

In R, the original linkcomm clustering method (LKCM) has
significant memory limitations when analyzing large networks.
We addressed this issue by utilizing sparse matrices, result-
ing in the implementation referred to as linkcomm sparse
(LKCMsD).

We modified the linkcomm implementation to calculate Tan-
imoto coefficients following formulations proposed by Ahn et al.
[25]. In our approach, the Tanimoto coefficient, S(ey, ejr), is com-
puted as shown in Equation (1).

aj - aj

(1)

S(eik, ejp) = .
R ai-ai+aj-aj—ai-aj

where ey, represents the edge between nodes i and k. a; or g; define
the 1 and j rows of the adjacency matrix, known as adjacency
vectors, respectively. In the original implementation [25], each ith
position of g; assigns the average degree of the ith node, whereas
in linkcomm this value is set to 1. We refer to these formulations
as the linkcomm and the Ahn formulation, respectively.

In Python, CDLIB includes a weighted HLC implementation
derived from a repository related to the Ahn formulation; however,
the authors have not fully adapted it to their library interface. In
this study, we addressed this gap. The HLC algorithm is optimized
for low-density networks and represents adjacency using a dictio-
nary data structure.

We propose an alternative, HLC NumPy (HLCnp), that uses
NumPy array representation and SciPy operations to vectorize
the Tanimoto coefficient calculation, which is developed within
the CDLIB library. This strategy is particularly efficient for dense
networks in terms of execution time, although it may not optimize
memory usage.

Moreover, using SciPy operations in hierarchical clustering
allows for linkage methods beyond single linkage. An interme-
diate filtering step can also be added to eliminate spurious edge
similarities, i.e. those with values below a given threshold.

All different symbols and acronyms used in this study are
presented in Table 1.

Benchmarking of HLC: measuring technical
performance and accuracy

We used eight different weighted networks, ranging from 100
to 12 000 nodes, with the number of edges varying from 2000
to 472 000 (Supplementary Fig. S1). Most of these networks are
biological in nature and are also commonly used in bioinfor-
matics, including protein-protein interaction (PPI) and semantic
similarity networks, as described in the Supplementary Section.

For accuracy, we applied the metrics proposed in the Ahn study
[25], specifically community and overlap coverage. Community
coverage quantifies the total number of nodes in the network
that belong to at least one non-trivial cluster (at least three
nodes) while overlap coverage is the average number of non-trivial
communities to which a node belongs.

For technical performance, we measured the percentage of CPU
usage, total runtime, and maximum memory usage using the
GNU/Linux time command. Each run was conducted on a Lenovo
SR645 node equipped with 156 cores and 512 GB of physical
memory.
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Table 1. Glossary of terms and definitions used in the study

Term Definition
Formulation
Ahn Tanimoto formula proposed by Ahn and collaborators

[25] to compute the edge similarity.

Version of computation by Kalinka and collaborators
[31] to compute edge similarity.

HLC implementations

Linkcomm

HLC Original python CDLIB implementation

HLCnp Python CDLIB implementation based in numpy array
operations

LKCM Original linkcomm HLC implementation

LKCMsp Linkcomm HLC implementation with sparse matrices
operations

Networks

huST700 Interactome network of proteins in Homo sapiens with a
cutoff of 700

huST900 Interactome network of proteins in Homo sapiens with a
cutoff of 900

ecST700 Interactome network of proteins in Escherichia coli with
a cutoff of 700

ecST900 Interactome network of proteins in Escherichia coli with
a cutoff of 900

coORPHA Comorbidity network with data extracted from
ORPHANET

coOMIM Comorbidity network with data extracted from OMIM

CcoMERGED Comorbidity network with data merged from
ORPHANET and OMIM

Wikipedia Interaction network from Wikipedia

For the execution of the different algorithms, the following
parameters were used: HLC with default parameter values;
HLCnp with hcmethod = single and min_edges = 2; LKCMsp with
hcmethod = single, diagnorm = TRUE, minedges = 3; and LKCM
with edglim = 10® and removetrivial = TRUE. All algorithms
were configured to remove clusters with fewer than two edges,
except for HLC, which required the removal of trivial clusters in
subsequent steps to achieve comparable results. For LKCM, the
edglim was set to a higher value than the number of edges in any
network used in the study (10%) to minimize the number of disk
write operations.

Network embedding using implemented HLC

Our network embedding system builds upon previous approaches,
such as node2vec [5], which consists of an initial generation of
random walks followed by the application of a skip-gram model
to generate node embeddings. For the first step, we build on
the work of Zhang and collaborators with the CRARE algorithm
[21], modifying their approach to develop a custom random walk
model that incorporates information about overlapping commu-
nities. In CRARE, walks are generated using a random walk process
that allows jumps not only between neighboring nodes but also
between nodes belonging to the same community or sharing
the same structural properties, such as nodes with the same
degree.

This implementation has been incorporated into and made
available through NetAnalyzer [10], a Python library developed by
our group for advanced network analysis and embedding.

In our implementation, we made the following changes: (i) we
removed the jumps in the random walk between nodes with the
same structural property, (ii) the method was generalized to use
any clustering algorithm and adapted for overlapping clustering,
and (iii) the transition probability from one node to a node in
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another community is weighted by the inverse of the community
size. Our random walk model can then be formulated as follows:

Given ng as the source node and n; as the visited node at step
t, we defined a flexible random walk strategy using the following
transition probability:

My if (x,y) € EoryeCy,
/ : (2)

Pnt=y|n1=x = .
0 otherwise.

where Eis the edge set, C, represents the union of all communities
to which x belongs, and Iy is the combined probability defined
in Equation (3).

1 ( Wheigh )
Myx=z|—7"" igh (Y | X)
nx 2 Wreigh + Weomm Preignly

} ( U']COYHYY[

©)
o (e X
2\ Wreigh + Weomm ) Peomm (1)

=1 = DPreigh Y | X) + QPeomm Y | ¥),  q € [0,1].

Here, Wyeigh and Weomm are parameters that define the relevance
of being part of the same neighbor or the same community,
respectively. Unlike classical methods such as DeepWalk [11] and
node2vec [5], which rely on uniform or biased random walks over
direct neighbors, our model introduces a dual mechanism that
considers both structural proximity (via neighbors) and functional
context (via community membership). This formulation enables
the embedding to capture overlapping modular structures, which
are common in biological networks, while maintaining local con-
nectivity. Additionally, by adjusting the parameter q, the walker
can be tuned to favor intra-community transitions, something
that traditional approaches cannot directly control. The probabil-
ities Preigh and peomm are simply defined as uniform distributions
(as defined in Equation (4) and Equation (5)).

Preigh(y | X) = T L XY €E, “
net = '
’ otherwise.
=+ ifyeCy,
Peomm (Y | X) = 1Cxl y X -

0 otherwise.

For each node, ten random walks with a length of 100 are
generated to be used as corpus for Word2vec (vector_size=128,
window=10, epochs=5, sg=1, hs=1, min_count=0), a popular skip-
gram model [36]. Finally, the parameters of the model are opti-
mized by the stochastic gradient descent [37].

Network embedding benchmark

The network embedding implementation was applied to the
human PPI network from human STRING (huST) using two
different score cutoffs, 700 and 900, producing the networks
huST700 and huST900, respectively [1]. We used the combined
score from STRING, which integrate the information from
different channels in this database.

During the network embedding process, we used the com-
munities identified by HLC in each PPI network. As a reference,
we also included Louvain clustering, since it is used by the
CRARE algorithm. We explored different parameter settings:
baseline (random selection of edges, with parameters: Wyeign =
0, Weomm = 0); neigh (random walk between connected nodes, with
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parameters: Wpeigh = 1, Weomm = 0); HLC_comm and Lou-
vain_comm (random selection of nodes inside the same com-
munity, with parameters: Wpeigh = O, Weomm = 1); and neigh-

HLC_comm and neigh-Louvain_comm (random walk combining
both neigh and comm strategies, with parameters: Wpegn =
1, Weomm = 1)-

In addition to our custom embedding strategy, we incorporated
a diverse set of existing network embedding methods for compar-
ative analysis. These included node2vec [5], DeepWalk [11], Role2Vec
[28], NodeSketch [29], GloVe [38], GraRep [30], GGVec, NetMF [39], HOPE
[40] and NMFADMM [41]. For each of these methods, we used the
default parameter settings provided by the karateclub [42] and
nodevectors Python libraries.

To assess the improvement in embedding, we retrieved gene
annotations from the Reactome database (https://reactome.
org/download/current/Ensembl2Reactome.txt) [43]. We then
evaluated the normalized distance between genes within the
same Reactome pathways in the embedding space, comparing
results across the different parameter settings. The normalized
distances were computed starting from the euclidean distances
in the embedding space is extracted. Then, all pair or nodes
are z-normalized and the median of the normalized distance
inside every group of nodes is obtained. Additionally, we
computed the size and internal edge density for each pathway.
Statistical comparisons between distributions across methods
were conducted using t-tests with P-values adjusted using the
Benjamini-Hochberg (BH) procedure.

Finally, we used the Uniform Manifold Approximation and
Projection for Dimension Reduction (UMAP) learning technique
to visually represent the embedding spaces generated for each
parameter setting. UMAP was computed using the Python umap
library (https://pypi.org/project/umap-learn) with the following
parameters: n_neighbors = 15,min_dist = 0.1,n_components =
2, metric = euclidean’.

Using the network embedding to improve our
understanding of RASopathy related genes

We applied our methodology to RASopathy related genes. To
obtain a list of RASopathies and associated genes, we used a
semi-automated approach using the MONDO (Human Disease
Ontology) and Monarch databases. The methodology was as
follows:

1. Identification of Rasopathy Terms in MONDO: We began by
capturing the child terms related to the term “RASopathy”
(MONDO:0021060) in the MONDO ontology.

2. Manual Grouping of Disorders: After retrieving the relevant
terms, we manually grouped disorders that are considered
to represent the same underlying condition, based on expert
curation, e.g. Noonan syndrome 1 and Noonan syndrome 2
were both considered Noonan Syndrome. Full details of the
grouping are given in Supplementary Table S1.

3.Gene Association Using Monarch: For each identified
RASopathy child term, we used the Monarch database
(https://monarchinitiative.org/) to associate the relevant
genes with the respective disorders.

We used the network embedding obtained for the human
PPI networks, huST700 and huST900 to further investigate the
RASopathy related genes. This was done firstly by visualizing the
RASopathy genes using the UMAP representation of the network
and showing each of the RASopathy related genes in different
colors, corresponding to the RASopathy grouping.

Then, to perform more formal analysis, we performed prioriti-
zation analysis, to find potential new RASopathy related genes.

To prioritize genes for each RASopathy, we applied a Bayesian
integration approach. Rather than ranking genes solely based on
their average distance in the embedding space, we estimated the
probability that each gene is associated with a causal gene of the
disease. Genes with higher probabilities were given higher priority
in the ranking, as described in the next Equation (6).

Daisease(@ene) =1—  [] (1 —pgene(genen) (6)

gene € disease

where pgisease (gene;) represents the probability of gene i being asso-
ciated with the set of genes related to the disease, and pgene(gene;)
denotes the probability of association between gene i and a par-
ticular gene.

To compute the probabilities of association, we trained a logis-
tic regression model using the cosine similarity between gene
embeddings as scores, pair of nodes from edges in the PPI network
were considered positive labels, and the remaining cases were
randomly selected as negatives labels. All the edges and the
equivalent number of negative where used during the training
step.

Results

Comparison of community detection across HLC
implementations

To illustrate these differences, we analyzed results from smaller
graphs. In Fig. 1A, we compared the linkcomm formulation
(implemented in LKCM) with the Ahn formulation (used in
LKCMsp, HLCnp, and HLC) across four weighted graphs. The Ahn
formulation identified highly connected edge communities that
were not detected by linkcomm. Consequently, in these cases,
Ahn’s approach outperformed linkcomm in terms of overlapping
coherence and the identification of additional clusters across
different network structures.

This trend is further supported by the overlap coverage metrics
shown in Fig. 1B, where the linkcomm formulation consistently
led to slightly lower values in terms of overlap and community
coverage across the studied networks. Notably, ecST700 exhibited
greater overlap coverage than ecST900, as the higher cutoff value
of 900 reduced the number of connections between proteins,
limiting their potential membership in multiple communities. In
all three cases, overlap coverage remained above one, highlighting
the necessity of clustering methods that account for overlapping
communities.

Additionally, no major differences were observed in community
coverage metrics between the chosen cutoff values, indicating
that the proportion of nodes assigned to at least one community
remained stable. However, it is worth noting that the Ahn for-
mulation consistently achieved higher community coverage than
linkcomm, despite never reaching full coverage (i.e. 1).

To assess the consistency among the three implementations of
the Ahn formulation, we evaluated the coherence of the detected
clusters in two widely used benchmark networks: The Karate Club
and Les Misérables (Supplementary Fig. S2). In both cases, HLC,
HLCnp, and LKCMsp achieved a maximum normalized mutual
information value of 1 (Supplementary Fig. S2C), indicating that
they identified identical clusters.

In contrast, LKCM, which deviates from the Ahn formulation,
produced notably different clustering results. This divergence is
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Figure 1. A) Graph representation of differences between the Ahn formulation (HLC, HLCnp and LKCMsp) and the linkcomm formulation (LKCM) using
four different small networks. (B) Overlap and community coverage metrics measured for three real biological networks, calculated using the cases
where LKCM could be executed. (C and D) Time and memory usage, respectively, across the different implementations.

reflected in its lower mutual information score and is visually
evident in the graph plots (Supplementary Fig. S2A and B).

Technical performance and scalability of HLC
implementations

With regard to technical performance, Fig. 1C and D show that
both HLCnp and LKCMsp outperformed LKCM in terms of exe-
cution time (reductions of x19.4 and x3.3, respectively; Table 2)
and memory usage (reductions of x7.18 and x15.21, respectively;
Table 2). Notably, results could be generated for all eight networks
in the cases of HLC and HLCnp, whereas LKCM only executed
successfully for three networks and LKCMsp for six. Failures in
execution were attributed to memory limitations (using more
than 450 GB) or excessive execution time (lasting more than three
days).

Although the original CDLIB implementation (HLC) demon-
strated greater memory efficiency compared to our Python
implementation, HLCnp (x53.4 and x7.2, respectively; Table 2),
its execution time increases significantly when handling dense
networks (Supplementary Fig. S4). In contrast, our NumPy-
based matrix approach exhibits superior scalability, as it
uses vectorized operations to optimize performance. This is
particularly evident for the Wikipedia network, where HLC
requires considerably more time due to its high edge density

Table 2. Mean ratio for time and memory used in all four HLC
implementations with respect to LKCM, expressed as
fold-change, i.e. how much faster it take to run, or how much
less memory is used

Implementation Time speedup Memory reduction
LKCM 1x 1x

LKCMsp 3.312x 15.214x

HLCnp 19.404x 7.185x%

HLC 12.77 % 53.39x%

Ratio is computed against LKCM time or memory values.

(Fig. 1C and Supplementary Fig. S2A), as further supported by
Supplementary Fig. S1.

HLCnp introduces new functionalities that enhance perfor-
mance by utilizing NumPy and SciPy for customizable linkage
procedures (Supplementary Fig. 53) and Tanimoto matrix distance
filtering (Fig. 2). The latter significantly reduces memory usage
and execution time while preserving overlap and community
coverage, particularly for low cutoffs such as 0.2 (Fig. 2, panels A
and B).

Additionally, HLCnp supports multiple linkage methods,
expanding beyond single linkage to include complete linkage,
which can further improve coverage and overlap. This is
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Figure 2. Application of filters to the Tanimoto matrix. Time (A), memory (B), coverage and overlap (C) are measured with respect to different cutoff
filters. HLC and HLCnp were added to the analysis as controls for every dataset. The cutoff values applied to the filters are specified in the format

“HLCnp-cutoff value”.

demonstrated in Supplementary Fig. S3, where complete linkage
consistently outperforms single linkage across nearly all tested
networks.

Embedding analysis and evaluation of pathway
cohesion in the human interactome

To evaluate the potential of different HLC algorithms in enhancing
network representation learning in PPI networks, we first assessed
whether pathways with high internal coherence (i.e. pathways
whose members are highly connected) are better represented
when HLC communities were integrated into the graph embed-
ding procedure. As shown in Fig. 3, we observed that the distances
in embedding space between genes within the same pathway
decrease as the internal edge density increases. This trend is
further enhanced when HLC clustering is incorporated into the
graph embedding, suggesting that HLC improves the capture of
pathway cohesion.

Building on these results, we evaluated the proximity of genes
within coherent pathways (internal edge density > 0.75) in the
embeddings generated from two human PPI networks (huST700

and huST900). We normalized the embedding distances between
pathway genes as z-scores based on the overall distribution of dis-
tances in the embedding; negative z-scores indicate that pathway
genes are closer together than average, whereas positive z-scores
indicate larger distances.

As shown in Fig. 4A and B, integrating both node neighborhood
and HLC communities produced a significant improvement,
leading to the shortest average distance across the parameter
settings tested. We further compared the HLC-based method
against 11 baseline approaches (Supplementary Fig. S5), and in all
cases, our method outperformed the alternatives. A t-test with BH
correction confirmed the statistical significance of these results,
with all adjusted P-values falling below.01. In contrast, when this
combination was performed with Louvain clustering, the result-
ing embedding exhibited the poorest distance representation. This
is likely because the Louvain algorithm, which produces a small
number of large, non-overlapping communities (see Supplemen-
tary Fig. S6) can negatively impact the embedding process by dis-
torting the natural structure of the network. This can occur when
clustering is too coarse to reflect the finer-grained relationships,
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Figure 3. Relationship between embedding distance and internal edge density for huST700 (A and B) and huST900 (C and D) using various embedding
strategies: baseline (random edge selection), neigh (random walk between connected nodes), HLC_comm (random selection within the same HLC
community), Louvain_comm (random selection within the same Louvain community), and neigh-HLC_comm or neigh-Louvain_comm (random walk
combining both neighborhood and community strategies). Linear regression is shown with the associated confidence region.

reducing the ability of embedding to capture meaningful local
distinctions in the network. Additionally, since random walks play
a key role in learning node representations, the rigid community
structure imposed by Louvain may bias these walks by forcing
them to remain within clusters longer than they naturally would.

We further explored the impact of the clustering methods
on the embedding space of the huST networks (Supplementary
Figs S7 and S8). Analysis of the top 20 clusters from each method
revealed that Louvain clusters cover almost the entire network,
while HLC clusters represent a smaller portion (Supplementary
Fig. S7B vs. A for huST700 and Supplementary Fig. S8B vs. A
for huST900). This difference greatly impacts the embedding:
as illustrated in Supplementary Figs 7D and 8D, Louvain
clustering groups nodes by community membership in a way
that disrupts the original network structure (see Supplementary
Figs S7B and S8B), whereas the HLC method better preserves this
structure (see Supplementary Figs S7C and S8C).

Finally, we examined the top ten largest Reactome pathways
(internal edge density > 0.75) to illustrate how our analysis

represents biological pathways. Figures 4C and D show that using
HLC clusters results in pathway members being closer together
in the embedding space compared to those generated using
Louvain clusters. Further UMAP analyses of the top five and ten
largest pathways are shown in Figs 5 and 6, respectively. We see
clear differences between the HLC and Louvain methods, with
the former tending to show much clearer separation between
pathways.

Case study: RASopathies

To further explore the biological relevance of candidate genes
identified through our analysis, we conducted a focused case
study examining their potential involvement in RASopathies and
RASopathy-associated signaling. We selected a subset of genes
for manual curation based on their presence in the prioritization
lists obtained through embedding. For each gene, we assessed the
strength of the evidence linking it to RASopathy phenotypes by
integrating information from published literature, known signal-
ing pathways, and documented pathogenic variants. This analysis
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Figure 4. Embedding results using different node selection strategies: baseline (random selection of edges), neigh (random walk between connected
nodes), HLC_comm (random selection of nodes within the same HLC community), Louvain_comm (random selection of nodes within the same
Louvain community), and neigh-HLC_comm or neigh-Louvain_comm (random walk combining both neighborhood and community strategies). (A and
B) Distributions of mean z-scores for distances between nodes within the same high-cohesion pathway (edge density > 0.75) in huST700 and huST900,
respectively; (C and D) Distributions of mean z-scores for distances within the ten largest high-cohesion pathways in huST700 and huST900, highlighting

neigh-HLC_comm (light blue) and neigh-Louvain_comm (dark blue).

allowed us to distinguish between genes with strong functional
or genetic evidence of involvement in RASopathies, those with
more tentative or indirect associations, and those with no clear
evidence of relevance to the RASopathy disease spectrum.

In total, 21 RASopathy related genes, belonging to 9 different
RASopathy groups were compiled through analysis of MONDO
and Monarch, as shown in Table 3. The positions of these genes in
the UMAP representation of the graph-embedding of the human
PPI network are shown in Fig. 7A. We see that the HLC informed

graph embedding approach (neigh-HLC_comm) leads to clear
groupings of genes in close, but distinct areas of the UMAP rep-

resentation.

For full details of the top 20 prioritized results for each of the
RASopathies investigated, please see Supplementary Tables S2
and S3, for the huST700 and huST900 networks respectively.
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We can also see, in Fig. 7B and C, that the top prioritized non-
RASopathy related genes tend to lie close to the RASopathy related
genes. Interestingly, we see a small group of prioritized genes
far from the main groupings, these are all prioritized genes for
Noonan syndrome-like disorder with loose anagen hair, and are

close in the UMAP to the gene PPP1CB (Fig. 7D).
Our prioritization algorithm using all known RASopathy
related genes together for the huST700 network identified several
candidate genes with potential relevance to RASopathies among
the top 20 genes based on the prioritization score. For instance,
SHC domain proteins like SHC1 are involved in RAS-mediated
signal activation [44]. In addition, MAPK7 (a lesser-known MAP
kinase) and MAP3K2 also emerged among the top candidates;
kinases from this family have key roles in the RAS/MAPK signaling

pathway, particularly MAPK3 and MAPK1 [45].
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Table 3. RASopathies under study and their associated genes

RASopathy Genes
CBL-related disorder CBL
Costello syndrome HRAS
Legius syndrome SPRED1

Noonan syndrome

BRAF, KRAS, LZTR1, MAP2K1, MAPK1, MRAS, NRAS, PTPN11, RAF1, RIT1, RRAS2,

SOS1, SOS2, SPRED2

Noonan syndrome with multiple lentigines
Noonan syndrome-like disorder with loose anagen hair
RASopathy

BRAF, PTPN11, RAF1
PPP1CB, SHOC2
BRAF, CBL, HRAS, KRAS, LZTR1, MAP2K1, MAP2K2, MAPK1, MRAS, NF1, NRAS,

PPP1CB, PTPN11, RAF1, RIT1, RRAS2, SHOC2, SOS1, SOS2, SPRED1, SPRED2

Watson syndrome NF1
cardiofaciocutaneous syndrome
neurofibromatosis type 1 NF1

BRAF, KRAS, MAP2K1, MAP2K2

Notably, RAP1A and RAP1B, members of the Ras subfamily
implicated in cellular adhesion and morphogenesis, were also pri-
oritized and have been shown to influence cell proliferation [46].
Rapl has also shown possible association to Kabuki syndrome
[47], a disorder increasingly recognized as part of the RASopathy
spectrum due to its overlapping features and involvement of
genes in the RAS/MAPK signaling pathway [48]. Another priori-
tized gene, NKS1A (also known as Odin) is a PTB-domain adaptor
that regulates ER export of receptor tyrosine kinases (RTKs). It
binds EphA2/ErbB2 in the ER and loads them into COPII vesicles.

The gene ANKSIA also acts downstream of EGFR and Eph
receptors via its ankyrin and PTB domains [49]. By controlling
the trafficking of RTKs that signal through RAS, ANKSIA can

modulate Ras-MAPK activity. SKAP1 (Src kinase—associated phos-
phoprotein 1, or SKAP-55) is an adaptor in T cell signaling. It medi-
ates RapL (NORE1B/RASSF3) membrane localization and LFA-1
activation in a process dependent on its PH domain and PI3K activ-
ity [50]. Although SKAP1 has not been studied in RASopathies,
this role in PI3K-driven Rapl signaling suggests a possible cross-
talk between RAS and PI3K networks. Another highly ranked gene
RAPGEF5 (MR-GEF) is a Rap guanine exchange factor expressed
during development. Mutations have been reported associated
with congenital heart defects and neurological disorders, reflect-
ingits developmental importance [51]. Because RapGEFS5 activates
Rap (a Ras-family GTPase) and influences Wnt/cell polarity path-
ways, it may interface with Ras/MAPK signaling in embryogenesis.
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There were also a number of PI3K/AKT pathway members
among the prioritized genes. These include PIK3R1, which encodes
the p85« regulatory subunit of PI3K. Mutations in the C-terminal
SH2 domain of p85« impair binding with p110« in PI3K complexes,
which may indirectly affect Ras-pathway output [52]. These find-
ings suggest cross talk between PI3K and Ras/MAPK signaling,
which is to be expected given that PI3K is one of the main
effectors of Ras [52]. Interestingly PI3K/AKT/mTOR pathway often
cause developmental syndromes that share some similarity to
RASopathies at the phenotypic level [53]. These findings show
the potential use of our methodology to identify and investigate
related pathways in the context of disease.

Furthermore, our analysis identified several prioritized genes
that represent potential drug targets. For instance, ALK, a RTK
known to be implicated in multiple cancers, has been successfully
targeted using inhibitors such as crizotinib, which has shown
efficacy in non-small cell lung cancer [54]. In addition, the iden-
tification of PRKCA (protein kinase C alpha) suggests that phar-
macological modulators of PKC activity might have therapeu-
tic implications in disorders characterized by altered RAS/MAPK
signaling [45]. These findings demonstrate that our method not
only prioritizes known RASopathy-related genes but also uncovers
additional candidates with potential therapeutic relevance.

When the methodology was applied to the genes associated
with specific RASopathies, we found additional genes of interest
among the priotization results. For example, when using the
Noonan syndrome associated genes, RASA2 emerged as a high-
ranking gene; it encodes a Ras GTPase-activating protein whose
loss-of-function mutations have been associated with Noonan
syndrome-like phenotypes [55, 56]. We also found HRAS and NF1,
important genes associated with different RASopathies (neurofi-
bromatosis type 1 and Costello syndrome respectively) in the top
20. In addition, important RAS pathway related genes were also
found, including BRA and various Guanine nucleotide exchange
factors involved in Ras signaling. Interestingly, the results using
the Costello syndrome associated genes were broadly similar,
with the top twenty including multiple RAS genes involved in
other RASopathies. For CFC syndrome, multiple additional RAS
related genes are also found. Together, these findings highlight
the molecular overlap between distinct RASopathies and support
the idea that shared dysregulation within the RAS/MAPK
pathway underlies their related phenotypic features, enabling
the identification of novel common associations across the
spectrum.

We also inspected the results of the huST900 network analysis.
For prioritization involving all genes associated with RASopathies,
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results were broadly simiar to the huST700 analysis, with some
differences. For example, RASA2, the Noonan-associated target
was found. More generally, our analysis highlighted several other
genes, including RAP1B, RASGRF1, OSBPL3, RASGRF2, ARHGEF12,
IL3RA, CNKSR1, CSF2RB, KIAA1549, GAB2, and RAPGEF5 that,
although not classically linked to RASopathies, play integral
roles in modulating Ras signaling. Given their involvement in the
regulation of the Ras-MAPK pathway, these genes may represent
novel risk factors or mechanistic contributors to developmental
disorders associated with dysregulation of Ras signaling [33].

In addition to examining RASopathy-associated genes, we
investigated the relative positions of the pathways to which
these genes belong using UMAP visualization (Fig. 8). Notably,
the genes involved in MAPK1 activation can be found in close
proximity to those participating in the CSF3 signaling pathway
and signaling by phosphorylated juxtamembrane, extracellular
and kinase domain KIT mutants pathway genes. KIT signaling
have been shown to activate the RAS/MAPK cascade, and that GM-
CSF and c-Kit together promote proliferation [57, 58]. Given that
MAPXK1 (also known as ERK?2) is a key effector in the RAS pathway,
such spatial proximity suggests that cross-talk or co-regulation
between these pathways may contribute to the abnormal signal
transduction observed in RASopathies. However, it should be
noted that the actual RASopathy-associated genes from the
MAPK1 activation pathway (MAPK1 and MAP2K2) are found

relatively far from the other members of this pathway in the
UMAP visualization.

Moreover, the UMAP visualization also revealed that genes
related to FGFR4 signaling, PDGFRA, and insulin signaling are
positioned near a MAPK1 activation gene and, again, in the vicinity
of CSF3 pathway genes. This arrangement is significant because
FGFR4 is an established upstream activator of RAS/MAPK signal-
ing [59], PDGFRA has been linked to RAS in a proliferation model,
and the insulin signaling cascade is known active the Ras-MAPK
pathway following the binding of Grb2 and SOS to IRS proteins
[60]. Again, proximity of these pathways implies a potential con-
vergence of signals that could amplify or modulate RAS activity.
Further analysis could involved examining and investigating the
genes that do not belong to these pathways, but fall between them
in the UMAP representation.

Discussion

In this study, we developed and evaluated two enhanced imple-
mentations of the HLC algorithm to address challenges in embed-
ding PPI networks. Our results show that clustering the network
before embeddingimproves pathway representation by increasing
coherence—meaning that functionally related genes are grouped
more closely together in the embedding space, making it easier
to identify biologically meaningful relationships. These results

G20z AInr £0 uo 3sanb Aq £128818/02€4edq/7/92/0101E/q1q/W0od dno-dlWwapede//:sdyy woly papeojumod



12 | Garcia-Criado et al.

UMAP-2
S

Reactome Pathway Description
@ FLT3 signaling by CBL mutants
Insulin receptor signalling cascade
® Interleukin-6 signaling
MAPK1 (ERK2) activation
@ Signaling by CSF3 (G-CSF)
) Signaling by FGFR4 in disease
@ Signaling by FLT3 ITD and TKD mutants
Signaling by PDGFRA extracellular domain mutants
@ Signaling by PDGFRA j and kinase domain mutants

=

Signaling by phosphorylated juxtamembrane, extracellular and kinase domain KIT mutants

background

amad 8 9 10
UMAP-1

1

Figure 8. UMAP representation of the embeddings generated for huST700. Various Reactome biological pathways (with an internal edge density > 0.75)

to which RASopathy associated genes belong are shown in different colors.

emphasize the value of incorporating community-aware strate-
gles into network representation learning, as they enhance the
ability to capture biologically relevant structures.

To address the computational limitations of HLC when applied
to large biological networks, we introduced two novel implemen-
tations: HLCnp in Python and LKCMsp in R. LKCMsp adheres more
closely to the original Ahn formulation while improving execu-
tion time and memory efficiency. HLCnp, integrated with CDLIB,
extends functionality by optimizing dense network processing,
providing greater flexibility in clustering, and enabling efficient
filtering of the Tanimoto distance matrix. Benchmarking these
tools on diverse weighted networks, including large biological
datasets and dense graphs like Wikipedia, demonstrated their
scalability and effectiveness.

We used our HLC implementation to enhance the embedding
of the human proteome network. Among the tested approaches,
integrating HLC clusters yielded the best performance (Fig. 4A
and B). In contrast, the Louvain algorithm performed poorly, likely
due to distortions in its embedding space (Supplementary Fig. S7).
(Supplementary Fig. S7). More specifically, Louvain tends to iden-
tify a few large clusters, which can artificially separate function-
ally related genes if a Reactome pathway is spread across multiple
clusters. Since the embedding process preserves local structures
within clusters but not necessarily between them, nodes assigned
to different Louvain clusters are distributed in isolated regions of
the embedding space. As a result, the distances between pathway
members increase, disrupting biological coherence and making it
harder to capture meaningful functional relationships. In addi-
tion, within the clusters identified by Louvain, the algorithm
was unable to reflect any meaningful internal structure, instead
displaying a homogeneous distribution pattern.

For example, in UMAP analyses of the top five largest pathways
(Fig. 5), the HLC method clearly differentiates pathways such as
“Formation of a pool of free 40S subunits,” “Mitochondrial trans-
lation elongation,” and “L13a-mediated translational silencing of
Ceruloplasmin expression,” whereas the Louvain method groups
them into a single cluster. This pattern persists when representing
the full set of the top ten largest pathways (Fig. 6), where addi-
tional related pathways appear connected in the HLC embedding
but remain indistinguishable in the Louvain embedding. Notably,
in the “Proteome assembly” pathway, although members cluster
together with both methods, the HLC algorithm positions them

closer to the previously described pathways, indicating that Lou-
vain clustering distorts the embedding space and fails to accu-
rately capture the relationships between biological pathways.

Furthermore, while both methods grouped protein degrada-
tion pathways (e.g. proteasome-related) in close proximity, only
HLC positioned them near protein synthesis processes, accurately
reflecting their functional relationship. In contrast, Louvain left
them isolated (Fig. 6). These findings illustrate how biological
insights can be extracted from the UMAP representation of net-
work embeddings.

Interestingly, Louvain clustering appears to perform worse
than no clustering at all, which is in contrast with previous
findings, such as those reported in CRARE [21]. To better
understand this discrepancy, future work should explore different
clustering parameters for embedding across a range of networks.
Reducing the weight assigned to clustering integration might help
mitigate distortions in the embedding space. In fact, a similar
pattern was observed in CRARE, where performance deteriorated
when a high weight was given to clustering. Furthermore, testing
alternative clustering methods could provide additional insights
into whether the issue arises from the Louvain algorithm itself or
from the specific way it interacts with the embedding process.

These findings demonstrate that HLC produces a biologically
meaningful organization of pathways, highlighting the value of
overlapping cluster structures in complex biological networks.
Consequently, this improved embedding could enhance deep
learning applications in genomics and proteomics, where embed-
ding serves as an essential preprocessing step [6, 12-14]. Moreover,
the embedding representation itself holds significant potential, as
demonstrated in this study. Researchers can map genes of interest
onto the embedding space, explore their connectivity to biological
pathways, and interpret their functional roles within this context.

In benchmark comparisons with other node embedding meth-
ods, our strategy consistently outperformed the alternatives, with
node2vec [5] and DeepWalk [11] ranking as the next best perform-
ers. Interestingly, Role2Vec [28] exhibited substantial variability in
its results. This may be due to the heterogeneous nature of bio-
logical pathways, with some of them having common structural
properties that are more favorable to the Role2Vec methodology.

The results of the application of our method to RASopathy
related genes found multiple novel candidate genes that may
contribute to the pathogenesis of RASopathies. Several of these
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genes were found across multiple RASopathies, highlighting a
significant overlap in the underlying biological processes shared
by these syndromes.. The identification of RASA2, a gene already
implicated in Noonan syndrome-like phenotypes, supports the
algorithm’s validity, while the discovery of additional modulators
of Ras signaling such as RAP1B, RASGRF1, and others opens new
avenues for research into the molecular mechanisms underlying
these disorders. Moreover, the recognition of druggable targets
such as ALK and PIK3CD shows the potential for identifying
existing targeted therapies for repurposing in RASopathy con-
texts, although efforts to validate these candidate genes through
functional assays and clinical studies are essential to translate
these findings into effective therapeutic strategies.

While our approach demonstrates strong performance across
diverse networks, several limitations should be acknowledged.
First, the accuracy of biological interpretation depends on the
quality and completeness of the input PPI data, which may carry
biases due to underrepresented or poorly annotated proteins
[61, 62]. Second, although our method performs well on the
human proteome network, its generalizability to other species
or to highly sparse or noisy biological graphs remains to be
evaluated.

Future work will focus on extending our approach to multi-
omics integration, enabling embeddings that simultaneously cap-
ture transcriptomic, epigenomic, and metabolomic relationships.
Moreover, applying these methods across a broader range of dis-
eases and biological systems will help to assess the robustness
and transferability of our framework. Finally, deeper validation
of candidate gene predictions through experimental and clinical
collaborations will be essential to fully realize the translational
potential of our approach.

In conclusion, our work underscores the importance of overlap-
ping clustering in biological networks and introduces computa-
tionally efficient tools to enhance graph embeddings. By leverag-
ing community-aware embeddings, we establish a robust frame-
work for uncovering biologically meaningful insights, particularly
in pathway and disease analysis within human PPI networks.

Key Points

* Optimized Edge-Based Clustering for Large Networks.We
introduce HLCnp (Python/CDLIB) and LKCMsp
(R/linkcomm), optimized implementations of the
Hierarchical Link Clustering (HLC) algorithm. These
tools enhance efficiency and accuracy in clustering
large, weighted, undirected networks, incorporating
complete linkage and Tanimoto filtering for improved
performance.

e Enhanced Graph Embedding via Community-
Constrained Random Walks. By integrating overlapping
clustering with network embedding, our approach
improves pathway representation in the human
interactome. Constraining random walks to pre-
computed communities improve embedding space with
respect to biological patwhay.

e Application to RASopathies for Gene Prioritization. We
apply our method to multiple RASopathies, including
Noonan and Costello syndrome, improving the visual-
ization of gene associations and prioritizing novel causal
genes and additional pathway-related genes.

Optimizing overlapping for large biological networks | 13

e Accessible Implementations and Benchmarking We pro-
vide open-source tools and benchmarking workflows,
enabling researchers to apply and extend our methods
in diverse biological and biomedical network studies.
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Data availability

HLCnp is available in the CDLIB library (https://github.com/
GiulioRossetti/cdlib), and LKCMsp can be accessed at https://
github.com/jimrperkins/linkcomm. Workflow with the bench-
marking process and datasets corresponding to HLC implementa-
tions and network embedding are available at https://github.com/

seoanezonjic/network_hlc_benchmark.git

and https://github.

com/federedef/embedding hlc_benchmark.
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