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Abstract 
Motivation: Single-cell RNA sequencing (scRNA-seq) data analysis is often performed using network projections that pro
duce co-expression networks. These network-based algorithms are attractive because regulatory interactions are funda
mentally network-based and there are many tools available for downstream analysis. However, most network-based 
approaches have two major limitations. First, they are typically unipartite and therefore fail to capture higher-order infor
mation. Second, scRNA-seq data are often sparse, so most algorithms for constructing unipartite network projections are 
inefficient and may overestimate co-expression relationships, or may under-utilize the sparsity when clustering (e.g. with 
cosine distance). To address these limitations, we propose representing scRNA-seq expression data as hypergraphs, which 
are generalized graphs where a hyperedge can connect more than two nodes. In this context, hypergraph nodes represent 
cells, and hyperedges represent genes. Each hyperedge connects all cells in which its corresponding gene is actively 
expressed, indicating the expression of that gene across different cells. The resulting hypergraph can capture higher- 
order information and appropriately handle varying levels of data sparsity. This representation enables clustering algo
rithms to leverage higher-order relationships for improved cell-type differentiation.

Results: To distinguish cell types using hypergraph representations of scRNA-seq data, we introduce two novel clustering 
algorithms: (i) Dual-Importance Preference Hypergraph Walk (DIPHW) and (ii) Co-expression and Memory-Integrated Dual- 
Importance Preference Hypergraph Walk (CoMem-DIPHW). DIPHW is a new hypergraph-based random walk algorithm that 
computes cell embeddings by considering the relative importance of genes to cells and cells to genes, incorporating a 
preference exponent to facilitate clustering. CoMem-DIPHW integrates two unipartite projections, the gene co-expression 
and cell co-expression networks, along with the cell–gene expression hypergraph derived from single-cell abundance 
count data into the random walk model. The advantage of CoMem-DIPHW is that it accounts for both local information 
from single-cell gene expression and global information from pairwise similarity in the two co-expression networks. We 
benchmark the performance of our algorithms against established and state-of-the-art deep learning approaches using 
both real-world and simulated scRNA-seq data. Real-world datasets include cells from the human pancreas, mouse pan
creas, human brain, and mouse brain tissues. We also use a ground-truth labeled cell-type annotation dataset based on 
human lung adenocarcinoma cell lines. Quantitative evaluation shows that CoMem-DIPHW consistently outperforms 
established algorithms and state-of-the-art deep learning algorithms for cell-type clustering. Our proposed algorithms 
show the greatest improvement on scRNA-seq data with weak modularity. Moreover, CoMem-DIPHW successfully anno
tates clusters with biologically relevant cell types. Our results highlight the utility of hypergraph representations in the 
analysis of scRNA-seq data.

Availability and implementation: Our methods are implemented in Python and available on GitHub (https://github.com/ 
wanhe13/CoMem-DIPHW) and archived at Zenodo (https://doi.org/10.5281/zenodo.18927437).

Received: 29 April 2025. Revised: 23 December 2025. Accepted: 22 January 2026 
© The Author(s) 2026. Published by Oxford University Press.  
This is an Open Access article distributed under the terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted reuse, distribution, 
and reproduction in any medium, provided the original work is properly cited. 

Bioinformatics, 2026, 42(4), btag148 
https://doi.org/10.1093/bioinformatics/btag148 
Published: 27 March 2026 

Original Paper | Gene expression 

https://orcid.org/0009-0002-6004-4462
https://orcid.org/0000-0003-3148-6296
https://orcid.org/0000-0001-5716-2770
https://orcid.org/0000-0002-1892-1188
https://github.com/wanhe13/CoMem-DIPHW
https://github.com/wanhe13/CoMem-DIPHW
https://doi.org/10.5281/zenodo.18927437


1 Introduction
Network analysis has become a popular tool for studying com
plex systems in biology, reflecting the combinatorial interac
tions of biomolecules. Its applications include functional 
analysis (Vazquez et al. 2003, Szklarczyk et al. 2015, Veres et al. 
2015, Ashtiani et al. 2018) and prediction of interactions in pro
tein–protein interaction (PPI) networks (Lei and Ruan 2013, 
Murakami et al. 2017, Kov�acs et al. 2019), identification of regu
lators and analysis of pathways in gene regulatory networks 
(Zickenrott et al. 2016, Muzio et al. 2021, Coleman et al. 2023), 
disease modeling, prediction, and intervention in epidemiology 
(Chinazzi et al. 2020, Kraemer et al. 2020, Davis et al. 2021), and 
identification of cell types in co-expression networks (Langfelder 
and Horvath 2008, Satija et al. 2015, Butler et al. 2018, Wolf 
et al. 2018).

However, traditional methods represent biological systems us
ing unipartite networks, which capture relationships only be
tween a single type of entity. Such representations are often not 
the most natural or information-preserving choice, since many 
complex systems involve interactions between multiple types of 
entities. Most often, a unipartite network projection is chosen 
such that the system can be analyzed with the abundant network 
analysis methods developed for unipartite networks (Langfelder 
and Horvath 2008, Horv�at and Zweig 2012). However, this focus 
on unipartite networks restricts our attention to biological inter
actions just between pairs of genes, proteins, or other kinds of 
nodes (We use the terms node and vertex interchangeably.). In 
reality, biological processes often entail multiway interactions 
that cannot be represented by unipartite networks. For instance, 
three-gene epistatic interactions vastly outnumber pairwise epis
tasis in experimental analyses of yeast genetic networks (Kuzmin 
et al. 2018). In PPI networks, unipartite representations capture 
relationships between proteins but fail to capture the biological 
functions associated with groups of proteins. Similarly, unipartite 
projections of gene regulatory networks connect genes based on 
regulatory relationships but do not capture relationships among 
different entities such as transcription factors or their binding 
sites. Therefore, network analysis methods are needed to more 
accurately capture the higher-order interactions that are appar
ently ubiquitous in biological systems.

Single-cell RNA sequencing (scRNA-seq) has enabled the pro
filing of gene expression at the individual cell level (Picelli et al. 
2014, Macosko et al. 2015, Zheng et al. 2017, Yanai and 
Hashimshony 2019), whereas conventional bulk-tissue RNA se
quencing measures expression at the tissue level, averaging 
gene expression over an ensemble of cells. Cell-type identifica
tion, as one of the most important downstream tasks in single- 
cell RNA-seq (scRNA-seq) data analysis (Hwang et al. 2018), 
has applications in biology and medicine, including tracing 
the trajectories of different cell lineages in the development of 
cell differentiation studies (Marioni and Arendt 2017), tissue het
erogeneity analysis for cancer research (Karaayvaz et al. 2018, 
Laviron et al. 2022, Wong et al. 2022), immune cell profiling for 
therapy development (Ermann et al. 2015, Chung et al. 2017, 
Lyons et al. 2017, Landhuis 2018), and biomarker discovery 
for diagnosis.

However, cell-type identification often relies on conventional 
transcriptomic data analysis pipelines such as WGCNA 

(Langfelder and Horvath 2008), Scanpy (Wolf et al. 2018), and 
Seurat (Satija et al. 2015, Butler et al. 2018). These packages em
bed the cell–gene interactions to a unipartite graph structure 
such as the co-expression network or the K-nearest neighbor 
(KNN) graph, which draws edges between the cell pairs based 
on their similarity, followed by unipartite graph partitioning 
algorithms to detect closely related cell clusters for cell-type 
identification in the scRNA-seq data. These unipartite projec
tions of the scRNA-seq expression data have two limitations: 
Firstly, cell and gene co-expression networks capture only pair
wise expression similarity among cells or genes. As a result, 
higher-order information, such as the expression level of a spe
cific gene in a specific cell or the coordinated expression of mul
tiple genes within the same cell, is lost. Secondly, scRNA-seq 
data are sparse, with non-zero entries often accounting for less 
than 10% of the total (Huang et al. 2018, Jiang et al. 2022), com
pared to 60%–90% in bulk-tissue data. Despite this sparsity, 
constructing a unipartite co-expression network produces in a 
fully-connected network, which is an inefficient representation 
of the originally sparse transcriptomic data. Furthermore, the 
high sparsity of scRNA-seq data (both dropouts and biological 
zeros) results in inflated correlations, leading to spurious con
nections and obscure meaningful biological signals, as will be 
discussed further in Section 3.3. In addition, determining 
whether zero inflation in scRNA-seq data is due to technical 
dropouts or true biological absence is a challenging task (Kim 
et al. 2020, Qiu 2020, Jiang et al. 2022).

Given the issues with unipartite projections, it is crucial to ex
plore alternative network representations that can accurately 
reflect the scRNA-seq data and the underlying biological 
reality of higher-order interactions among genes. Hypergraphs 
(Battiston et al. 2020, 2021, Bianconi 2021) offer a nice solution 
by directly representing multiway relationships in scRNA-seq 
data, without requiring further data projection. Existing work on 
hypergraph representations has demonstrated the improved 
performance they can achieve in modeling complex biological 
systems by incorporating higher-order interactions. For exam
ple, Liu et al. (2022) developed a hypergraph-based neural net
work to predict synergistic drug combinations for cancer 
treatment. Wang et al. (2024) integrated multi-omics data with 
hypergraph convolutional neural networks to classify patients 
with diseases such as breast cancer and Alzheimer’s. Gaudelet 
et al. (2018) used hypergraphs to model interactions across dif
ferent levels of protein organization (such as PPIs, complexes, 
and pathways) to better capture the complexity of biological 
systems and predict biological functions. Ma and Ma (2022)
developed a hypergraph-based logistic matrix factorization 
method that predicts possible metabolite—disease interactions 
and uncovers novel disease-related metabolites. These suc
cesses highlight the potential of hypergraphs to model multiway 
relationships inherent in biological systems, motivating their ap
plication to scRNA-seq analysis (see Figs 1 and 2).

2 Materials and methods
We conceptualize scRNA-seq data as a hypergraph H and design 
two hypergraph random walk algorithms that capture cell–cell 
relationships by sampling cell-to-gene and gene-to-cell 
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interactions in the hypergraph. This hypergraph representation 
of scRNA-seq data does not require additional data transforma
tion, does not cause information loss, or increase computational 
cost (see Table 1 for notation summary).

2.1 Hypergraph representation
scRNA-seq data can be conceptualized as a hypergraph 
H¼ ðV;EÞ, where

· V represents the set of nodes corresponding to the cells pro
filed in the experiment, 

· E denotes the set of hyperedges representing genes, with 
each hyperedge e 2 E connecting to all cells 2 V in which the 
gene e is actively expressed. The weight of connection of a 
hyperedge (gene) to each node (cell) is determined by the 
gene’s expression level in that cell. 

Thus, each hyperedge captures the expression profile of a 
gene across all cells, preventing any loss of information. The in
cidence matrix IH of the hypergraph H is constructed such that 
IHðv;eÞ is given by the expression level, i.e. abundance counts, 
of gene e in cell v.

2.2 Method 1: dual-importance 
preference hypergraph walk
Building on this hypergraph representation, we introduce a 
novel hypergraph random walk approach for cell embedding 
computation, the Dual-Importance Preference (DIP) Hypergraph 
Walk (DIPHW), which accounts for both the relative importance 

of edges to nodes and nodes to edges, or the importance of 
genes relative to cells and cells to genes, along with a prefer
ence exponent for faster clustering. In a hypergraph random 
walk process, the walker alternates between transitioning 
from a hyperedge to a node and from a node to a hyperedge, 
following the node-to-edge transition probabilities PEjVðe; vÞ
and edge-to-node transition probabilities PVjEðv;eÞ. In the 
hypergraph random walk with edge-dependent vertex weight 
(EDVW) by Chitra and Raphael (2019), the edge-to-node 
transition probability is edge-dependent, but the node-to-edge 
transition probability does not consider the importance of 
the edge to the node. As a natural extension to EDVW, we 
define the node-to-edge transition probability to be vertex- 
dependent in DIPHW and use a preference exponent to acceler
ate the clustering process. The modified random walk process 
is as follows:

1) Node-to-hyperedge transition probability: The probability of 
selecting hyperedge etþ1 given that the walker is currently at 
vertex vt is defined as: 

PEjVðvt ! etþ 1Þ ¼
ωðetþ 1Þγetþ 1

ðvtÞ
P

e02EðvtÞ
ωðe0Þγe0 ðvtÞ

In scRNA-seq cell clustering, this represents the probability 
of selecting a gene based on its expression level relative to 
other genes in the same cell. 

2) Hyperedge-to-node transition probability: Upon the walker’s 
arrival at hyperedge etþ1, the probability of moving to vertex 
vtþ1 2 etþ1 is given by: 

Figure 1 Network representations of scRNA-seq data. Expression data can be represented by various networks, including unipartite network 
projections such as cell and gene co-expression networks. In a cell co-expression network, nodes are cells and edge weights represent similarity in 
cell-pair expression. In gene co-expression networks, nodes represent genes. Hypergraph and bipartite network representations preserve the exact 
expression level of a gene in a cell. In the hypergraph representation, nodes represent cells and hyperedges represent genes. In the bipartite 
representation, one set of nodes represents cells and the other set represents genes.
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PVjEðetþ 1 ! vtþ 1Þ ¼
γα

etþ 1
ðvtþ 1Þ

P
v02etþ 1

γα
etþ 1
ðv0Þ

In scRNA-seq cell clustering, the transition from a gene to a 
cell is based on the relative expression level of a gene in a 
cell, amplified by a preference exponent to improve cluster
ing convergence. 

3) Node-to-node transition probability: The unipartite node-to- 
node transition probability of DIPHW is calculated by sum
ming the products of the node-to-edge and edge-to-node 
transition probabilities across all hyperedges. This probabil
ity is used to sample random walk node paths, which 
are then input into a neural network to compute cell 
embeddings 

Pðvt ! vtþ 1Þ ¼
X

e2E
PEjVðejvtÞPVjEðvtþ 1jeÞ:

Substituting the expressions for PEjVðetþ1jvtÞ and 
PVjEðvtþ1jetþ1Þ, we get: 

Pðvt ! vtþ 1Þ ¼
X

etþ 12E

ωðetþ 1Þγetþ 1
ðvtÞ

P
e02E ωðe0Þγe0 ðvtÞ

×
γα

etþ 1
ðvtþ 1Þ

P
v02etþ 1

γα
etþ 1
ðv0Þ

(1) 

The expression of node-to-node transition probability could 
be simplified by removing reference to any particular time 
points as, 

Figure 2 Hypergraph clustering algorithm illustration. In the hypergraph representation of scRNA-seq data, nodes represent cells and edges 
represent genes. The expression level of a gene in a cell is captured by the weight of a node in an edge. Random walks are performed on the 
hypergraph by alternately considering the probability of the walker choosing a node given an edge and choosing an edge given the current node. For 
DIPHW, the input is the hypergraph representation of the scRNA-seq data. For CoMem-DIPHW, the input includes the hypergraph, cell co-expression 
network, and gene co-expression network, which serve as node and edge similarity matrices to incorporate memory during the walk. A small neural 
network (word2vec) is applied to the sampled node paths from the hypergraph random walk process to compute cell embeddings. Finally, cell 
clustering is performed by applying K-means to the resulting cell embeddings.
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Pðu ! vÞ ¼
X

e2EðuÞ

ωðeÞγeðuÞP
e02E ωðe0Þγe0 ðuÞ

γα
eðvÞP

u02e γα
eðu0Þ

4) Node-to-node transition probability in vectorized format: The 
jVj× jVj node-to-node transition probability matrix PVjV could 
be written in the matrix form as: 

P ¼ D − 1
EjV WEjV D − 1

VjE WVjE 

The matrix formulation eliminates explicit iteration and 
reduces computation time. Here, WEjV ¼ IT

HWE is the jVj× jEj
node-to-edge transition weight matrix, where column e of WEjV 

contains the vertex weights in hyperedge e multiplied by the 
weight of hyperedge e. Similarly, WVjE represents the edge-to- 
node transition weight matrix before normalization with 
dimensions jEj× jVj, given by WVjE ¼ Iα

H; wve ¼ ½IHðe;vÞ�α. 
Finally, DEjV and DVjE are diagonal matrices that normalize 
vertex-to-edge and edge-to-vertex transitions to ensure the 
probability distribution sums to 1.

2.3 Method 2: co-expression and memory- 
integrated dual-importance preference 
hypergraph walk (CoMem-DIPHW)
CoMem-DIPHW is an extension of DIPHW. It incorporates co- 
expression networks and single-cell transcriptomic profiles. The 
memory mechanism of CoMem-DIPHW leverages cell and gene 
co-expression networks to account for previously visited nodes 
and edges during transitions to capture both local expression 
relationships and global co-expression patterns.

1) Hypergraph representation of the scRNA-seq data: We note 
that a matrix can be directly interpreted as the incidence ma
trix of a hypergraph to represent the relationship between 
two variables, without additional computation. 

2) Node and edge similarity networks: Using scRNA-seq data, we 
construct two co-expression networks: the cell co-expression 
network (GV ) and the gene co-expression network (GE). In the 
cell co-expression network, cells are nodes, and edges repre
sent correlation coefficients between cell pairs, indicating 
the similarity of their expression profiles. Similarly, in the 
gene co-expression network, genes are nodes, and edges rep
resent correlation coefficients between gene pairs. We use 
Spearman’s rank coefficient to measure pairwise similarity of 
expression profiles, as it captures non-linearity better than 
Pearson’s correlation. These unipartite networks serve as 
node and edge similarity matrices, embedding global-level 
information that summarizes associations between cell and 
gene pairs. 

3) Memory-integrated random walk: CoMem-DIPHW incorpo
rates a memory component by considering the similarity be
tween consecutively visited nodes and edges. This memory 
mechanism adjusts the transition probabilities so that the 
node-to-edge transition probability depends on the previ
ously visited edge, and the edge-to-node transition probabil
ity depends on the previously visited node. Node–node and 
edge–edge dependencies are incorporated through the node 
and edge similarity networks, which are two correlation net
works derived from transcriptomic expression data. The 
memory mechanism constrains the hypergraph walker to fo
cus on cell–gene interactions among similar nodes (cells) and 
edges (genes), thus better revealing modularity within the 
data. While the co-expression networks provide global 
perspectives through unipartite projections, the specific ex
pression levels of genes in individual cells (local information) 
are preserved in the hypergraph structure. CoMem-DIPHW 
integrates global and local information for more accurate 
cell-type identification. 

4) Formulation: The random walk process in CoMem-DIPHW is 
formulated as follows. Let GV be the vertex similarity matrix, 
where GVðv;wÞ quantifies the similarity between nodes v and 
w. Similarly, let GE be the edge similarity matrix, where each 

Table 1 Notation table for our hypergraph random walk representation.

Notation Description

H Hypergraph
IH Incidence matrix of the hypergraph H

V Set of nodes (cells)
E Set of hyperedges (genes) in the hypergraph
GV Cell co-expression network (node similarity matrix)
GE Gene co-expression network (edge similarity matrix)
ΓeðvÞ Weight of node v in hyperedge e (i.e. expression of gene e in 

cell v)
PðV ¼ v j E ¼ eÞ Probability of selecting node v given hyperedge e
PðE ¼ e j V ¼ vÞ Probability of selecting hyperedge e given node v
PðEtþ1 ¼ e0 j Et ¼ e;Vt ¼ vÞ Probability of transitioning to hyperedge e0 at time tþ1, given 

current hyperedge e and node v at time t
PðVtþ1 ¼ w j Etþ1 ¼ e;Vt ¼ vÞ Probability of selecting node w at time tþ1, given hyperedge e 

at time tþ1 and previous node v
PðVtþ1 ¼ w j Vt ¼ vÞ Unipartite node-to-node transition probability
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element GEðe; fÞ represents the similarity between edge e 
and f. 

2.3.1 Method 2.0: CoMem
In CoMem, we calculate the unipartite node-to-node transition 
probability of the hypergraph random walker. To do this, we 
first calculate the following four probabilities.

1) The probability of selecting vertex v in edge e is: 

PVjEðe ! vÞ ¼
ΓeðvÞ

P
u2e ΓeðuÞ

2) The probability of selecting edge e given vertex v is: 

PEjVðv ! eÞ ¼
ΓeðvÞ

P
e2E ΓeðvÞ

3) The probability of transitioning from node v in edge e1 to 
edge e2, considering edge similarity, is given by: 

PEtþ 1 jV;Et ðe2jv; e1Þ ¼
GEðe1; e2ÞPðe2jvÞ

P
e02E GEðe1; e0ÞPðe0jvÞ

4) Similarly, the probability of selecting node w from edge e af
ter transitioning from node v, incorporating node similarity 
and the node-edge connection, is formulated as: 

PVtþ 1jE;Vtðwje; vÞ ¼
GVðv;wÞPðwjeÞ

P
w02e GVðv;w0ÞPðw0jeÞ

Finally, the unipartite node-to-node transition probability of 
the hypergraph random walk process is: 

PVt! Vtþ 1ðv1; v2Þ /
X

e1;e22E
PVjEðv1 j e1Þ

× PE2jV;E1ðe2 j v1; e1Þ × PVtþ 1 jE;Vt ðv2 j e2; v1Þ

To encourage exploration, we modify the node and edge simi
larity graphs such that the diagonal elements are set to zero. 
This ensures non-lazy walks, where the random walker does not 
remain at the same node or edge in consecutive steps.

2.3.2 Method 2.1: CoMem based on DIPHW
For CoMem-DIPHW, we integrate DIPHW into the CoMem walk 
framework from Section 2.3. Specifically, the vertex selection 
probability PVjEðe ! vÞ and the edge selection probability 
PEjVðv ! eÞ are both defined as in DIPHW (Section 2.2), while all 
other probability distributions remain as specified in Section 2.3.

2.4 Cell embedding and clustering
We perform random walks using the defined hypergraph 
node-to-edge and edge-to-node transition probabilities to 
sample sequences of visited cells. These sampled cell paths, 
which capture the geometry of the hypergraph representing 
the scRNA-seq data, are then used as input to word2vec 
(Mikolov et al. 2013) to learn low-dimensional vector represen
tations of cells (see Fig. 2 for illustration). Cells with similar ex
pression profiles frequently co-occur in the sampled random 
walk paths and are closer in the embedded space. Finally, K- 
means clustering is applied to cell embeddings to obtain clus
ter assignments.

2.5 scRNA-seq data simulation
In our study, we develop an algorithm to simulate data that 
mimics the characteristics of scRNA-seq expression data (see 
Algorithm 1). In addition to the underlying assumption of 

Algorithm 1. Simulation Algorithm for scRNA-seq Data

1: Input: Number of genes E, number of cells V, number of cell types K; average genes per cell type �g and average cells per cell 
type �c; average expression levels for within-cell-type λct, cross-cell-type λcross, and background λbg; densities within-cell-type 
ρct, cross-cell-type ρcross, and background ρbg; and crosstalk probability pcross.

2: Output: Sparse expression matrix X 2 RE×V with ground-truth labels.
3: Initialize X 0E×V .
4: Sample cell type sizes: gk � Poissonð�gÞ, ck � Poissonð�cÞ for k¼ 1; . . . ;K.
5: Phase 1: Within-Cell-Type Signal
6: for each cell type k¼ 1; . . . ;K do
7:   For each gene e 2 Ek and cell v 2 Vk: with probability ρct, set X½e; v�  PoissonðλctÞ.
8: end for
9: Phase 2: Background Noise
10: Randomly fill ρbg fraction of remaining zero entries with Poissonðλbg values.
11: Phase 3: Cross-Cell-Type Crosstalk
12: for each cell type pair ðk; lÞ where k 6¼ l do
13:   With probability pcross: randomly fill ρcross fraction of X½Ek;Vl� with PoissonðλcrossÞ values.
14: end for
15: return X, ground-truth labels.
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within-cell-type homogeneous expression that governs most 
cell-clustering methods, we incorporate between-cell-type 
crosstalk (Lehuen et al. 2010, Zepp and Morrisey 2019, Armingol 
et al. 2021, Bayik and Lathia 2021, Zhang et al. 2023) by integrat
ing configurable intermodular covariance, density, and signal 
strength into the simulation model. The algorithm generates a 
sparse matrix representing the simulated scRNA-seq expression 
data, with numerous user-configurable parameters, including 
number of modules, module density, shape, background signal 
strength, modular signal strength, intermodular signal strength, 
intermodular covariance, and noise level (see Table S4, available 
as supplementary data at Bioinformatics online). This method is 
implemented as a function in our codebase and is available for 
use by other researchers (He et al. 2025).

Our simulation model is highly flexible to accommodate vari
ous types of scRNA-seq data. For example, the model can simu
late both sequenced datasets with high density (up to 50%) and 
sequenced datasets with low density (as low as 1%) (Andrews 
et al. 2021). The proportion of non-housekeeping genes can be 
adjusted by changing the number of differentially expressed 
genes (DEGs) in each module. In addition, the variance in mod
ule sizes and the number of co-expressed genes in each cell type 
can be configured by setting different variances for the Poisson 
distribution used in the embedded module simulation. The 
modules embedded in the simulated data can be configured 
with higher density and average signal strength to model the ex
pression profiles of biomarker genes that are highly expressed 
in certain cell types. This enables us to mimic the sparsity and 

Table 2 List of clustering methods evaluated in our study.a

Method Type Input Packages

Greedy Modularity 
(Newman 2004)

Community detection Cell co-expression network igraph (Csardi and 
Nepusz 2006)

Louvain (Blondel et al. 2008) Community detection Cell co-expression network Seurat (Satija et al. 2015), 
Scanpy (Wolf et al. 2018), 
WGCNA (Langfelder and 
Horvath 2008)

Infomap (Rosvall and 
Bergstrom 2008)

Community detection Cell co-expression network igraph (Csardi and Nepusz  
2006)

Leiden (Traag et al. 2019) Community detection Cell co-expression network igraph (Csardi and Nepusz  
2006)

PCA (Pearson 1901) Linear embedding Gene × cell matrix Seurat (Satija et al. 2015), 
Scanpy (Wolf et al. 2018), SC3 
(Kiselev et al. 2017), Cell 
Ranger (Zheng et al. 2017)

t-SNE (Van der Maaten and 
Hinton 2008)

Manifold embedding Gene × cell matrix Seurat (Satija et al. 2015), 
Scanpy (Wolf et al. 2018)

UMAP (McInnes et al. 2018) Manifold embedding Gene × cell matrix Seurat (Satija et al. 2015), 
Scanpy (Wolf et al. 2018)

Node2Vec (Grover and 
Leskovec 2016)

Graph embedding Cell co-expression network Multiple implementations 
available (Grover and Leskovec 
2016); SNAP implementation: 
https://github.com/snap-stan 
ford/snap/tree/master/exam 
ples/node2vec

graph-sc (Ciortan and 
Defrance 2022)

Deep graph embedding Cell co-expression network Ciortan and Defrance (2022)

tsImpute (Zheng et al. 2023) Imputation Gene × cell matrix Zheng et al. (2023)
CAKE (Liu et al. 2024) Deep contrastive clustering Gene × cell matrix Liu et al. (2024)
scASDC (Min et al. 2024) Deep clustering Gene × cell matrix Min et al. (2024)
EDVW (Chitra and Raphael 

2019) + word2vec 
(Mikolov 2013)

Hypergraph embedding Gene × cell matrix Implemented based on Chitra 
and Raphael (2019); GitHub 
(He et al. 2025)

DIPHW + word2vec 
(Mikolov 2013)

Hypergraph embedding Gene × cell matrix Our proposed method; GitHub 
(He et al. 2025)

CoMem + word2vec 
(Mikolov 2013)

Hypergraph embedding Gene × cell matrix, plus gene 
and cell co-expression  
networks

Our proposed method; GitHub 
(He et al. 2025)

a K-means was used to cluster the output of all embedding-based methods that do not include a clustering algorithm. Since tsImpute is an imputation 
method, we evaluated its impact on clustering performance by applying PCA followed by K-means to its imputed data.
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modularity of real scRNA-seq data, where a small number of 
genes are highly expressed in specific cell types. Alternatively, 
the embedding modules can be user-specified without using the 
embedded module simulation.

3 Experiments and results
3.1 Baseline and competing methods
To evaluate the performance of DIPHW and CoMem-DIPHW, we 
compared them with 13 cell-clustering methods from various 

categories, including community detection, embedding-based 
methods, and recent deep learning methods that cluster scRNA- 
seq data. Table 2 summarizes these methods. For a fair compari
son under consistent conditions, we focus on core clustering 
algorithms rather than specific implementations in packages 
such as Seurat (Satija et al. 2015), Scanpy (Wolf et al. 2018), and 
WGCNA (Langfelder and Horvath 2008). This approach allows us 
to evaluate the clustering capabilities of each method indepen
dently of any additional preprocessing or optimization steps. 
The hyperparameters used for each experiment are detailed in 
Table S4, available as supplementary data at Bioinformatics 
online.

Table 3 List of publicly available datasets used in our study.a

Datasets # of cells # of genes Sparsity (%) Results in

scMixology (3-class) 
(Tian et al. 2019)

902 16 468 45.02 Table 4

scMixology (5-class) 
(Tian et al. 2019)

3918 11 786 63.01 Table 4

Human pancreas 
(Muraro et al. 2016)

3072 18 348 78.74 Section 3.6

Human brain (Camp 
et al. 2015)

735 18 929 80.11 Section S6, available as supplementary 
data at Bioinformatics online

Mouse brain (Zeisel 
et al. 2015)

3006 19 973 81.21 Section S7, available as supplementary 
data at Bioinformatics online

Mouse pancreas (Baron 
et al. 2016)

1065 14 881 87.79 Section S7, available as supplementary 
data at Bioinformatics online

a Sparsity measures the percentage of zero entries in a cell × gene matrix.

Figure 3 Impact of increased sparsity on correlation coefficients. This figure shows the relationship between the proportion of zeros added to the 
expression profile (representing increased sparsity) and the resulting correlation coefficients. This process was repeated 100 times. Shaded areas 
indicate the 95% confidence intervals around the average correlation values. The dashed lines represent the average initial correlation without 
added sparsity. Induced sparsity in scRNA-seq data can inflate correlations in co-expression networks, highlighting the need for alternative scRNA- 
seq data representations.
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3.2 Data and preprocessing
We use simulated and publicly available scRNA-seq datasets for 
our study. The simulated data is generated using our simulation 
algorithm described in Section 2.5, with pseudocode in 
Algorithm 1 and code at He et al. (2025).

For both simulated and real scRNA-seq data, preprocessing 
includes Counts Per Million (CPM) normalization (Vallejos et al. 
2017) to account for differences in sequencing depth, log trans
formation to reduce skewness, and removal of genes and cells 

with zero total expression. For real scRNA-seq datasets, we addi
tionally retain the top n highly variable genes using Scanpy’s im
plementation of the Seurat (Satija et al. 2015) method. The 
values of n used for each dataset are provided in Table S4, avail
able as supplementary data at Bioinformatics online.

We use six publicly available scRNA-seq datasets: (i) human 
brain (Camp et al. 2015), (ii) human pancreas (Muraro et al. 
2016), (iii) mouse brain (Zeisel et al. 2015), (iv) mouse pancreas 
(Baron et al. 2016), (v) scMixology benchmark with three classes, 
and (vi) scMixology benchmark with five classes. scMixology 

Figure 4 Comparing performances of clustering methods on simulated scRNA-seq data across modularity. The performance of clustering methods is 
measured by ARI, NMI, ACC, AMI, and F1 across different levels of data modularity. The x-axis represents parameters determining data modularity, 
including the average number of co-expressed genes per cell type and the number of embedded modules. Our proposed methods, DIPHW, CoMem, 
and CoMem-DIPHW, are highlighted with dashed lines. CoMem-DIPHW, in particular, maintains strong performance and is least affected by decreases 
in modularity, performing significantly better even under conditions of extremely weak modularity. This behavior is observed consistently across all 
evaluation measures. Experiments are repeated 10 times for each parameter setting, and the 95% confidence intervals (CIs) are shown. The bar plots 
represent Barber’s bipartite modularity, normalized so that the most modular graphs have modularity = 1. K-means is used to cluster the output of all 
embedding-based methods that do not include an inherent clustering mechanism.
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benchmark which is a curated benchmark dataset with ground- 
truth cell line labels (Tian et al. 2019). Table 3 provides a sum
mary of these datasets.

3.3 Sparsity-induced inflated correlation 
in scRNA-seq co-expression networks
The zero-inflation problem in scRNA-seq data analysis refers to 
the excessive number of zero counts (or “dropouts”) observed in 
the data. These zeros may arise from technical limitations in 
detecting low-abundance transcripts (false negatives) or from 
the true absence of transcripts (true negatives) (Kim et al. 2020, 
Qiu 2020, Jiang et al. 2022). Integrating individual cell expres
sion profiles into a unified scRNA-seq dataset requires con
structing a matrix that includes every gene detected in any cell. 
This process introduces zero entries for genes that are not 
expressed in specific cells. Because cells typically express differ
ent sets of genes, the merged dataset becomes highly sparse. In 
co-expression network construction, edge weights are inflated 
due to these artificially introduced common zeros, as the com
mon zeros are interpreted as evidence of expression homogene
ity. This issue is especially pronounced at the single-cell level 
compared to bulk-tissue RNA-seq data, since the proportion of 
expressed genes per cell is much smaller, resulting in greater 
data sparsity.

In Fig. 3, we examine how induced sparsity affects correlation 
coefficients and the interpretation of gene and cell connections 

in co-expression networks. To simulate this effect, we generate 
gene expression data with a fixed base size and introduce vary
ing proportions of zeros to represent different sparsity levels. 
Our results indicate that as induced sparsity increases, correla
tion coefficients between expression profiles become artificially 
inflated, leading to an overestimation of similarity between cell 
expression profiles. These findings highlight the importance of 
addressing zero inflation in scRNA-seq data analysis and the 
need for accurate representation of underlying biological 
relationships.

Table S1 in Section S1, available as supplementary data at 
Bioinformatics online, shows that ignoring shared zeros using 
cosine similarity results in poorer clustering performance, as 
these inactive genes still have biological significance.

3.4 Results on the simulated data
To evaluate performance of the clustering methods on datasets 
with known ground-truth, we employ five widely used measures 
to compute coherence between the identified clusters and the 
ground-truth clusters: adjusted rand index (ARI), normalized mu
tual information (NMI), adjusted mutual information (AMI), clus
tering accuracy (ACC), and F1 score. All evaluation measures are 
invariant to permutations, with a score of 0 representing ran
dom labeling and a score of 1 indicating identical clusters. 
K-means is used to cluster the output of all embedding-based 
methods that do not directly assign cluster membership.

Figure 5 Impact of module size on clustering performance by ARI. The bar plots show the mean ARI (top) and average ranking (bottom) for each 
method, ordered by their average ARI. Each experiment was repeated 10 times per parameter setting, with error bars representing the 95% 
confidence interval. Dashed lines indicate the highest ARI values or best ARI rankings. Our proposed hypergraph-based methods (CoMem-DIPHW, 
CoMem, and DIPHW) show significant advantages when data modularity is weak, i.e. when the average number of co-expressed genes per cell-type 
module is low (10 genes per module). Under strong modularity conditions, where the average number of genes per cell-type module is high (100 
genes per module), many methods (e.g. PCA, CoMem-DIPHW, CoMem, and Node2Vec) perform well and achieve average ARI scores above 0.9. These 
observations are consistent across NMI, ACC, AMI, and F1, as shown in Section S5, available as supplementary data at Bioinformatics online. K-means 
is used to cluster the output of all embedding-based methods that do not directly assign cluster membership.
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We evaluate the performance of clustering methods under 
varying data modularity conditions. Modularity is controlled by 
two key parameters: the average number of co-expressed genes 
per cell type and the number of embedded cell modules. The 
number of modules corresponds to the number of cell types in 
the simulated scRNA-seq data. Weak modularity refers to a small 
number of co-expressed genes per module or a large number of 
embedded modules, which makes data structures more difficult 
to detect. The modularity bar plots in Fig. 4 and the heatmap vi
sualization in Fig. S11, available as supplementary data at 
Bioinformatics online, show that the simulated scRNA-seq data 
exhibit stronger modularity when the average number of co- 
expressed genes per cell type is higher or when the number of 
modules is smaller. We implemented Barber’s bipartite modular
ity (Barber 2007), as shown in the bar plots in Fig. 4, to quantify 
the modularity of the underlying data for clustering and to ana
lyse the association between modularity and clustering perfor
mance. Clustering performance generally improves as data 
modularity increases. Our proposed methods, DIPHW, CoMem, 
and CoMem-DIPHW, demonstrate strong and highly competitive 
performance across varying modularity. Specifically, CoMem- 
DIPHW consistently remains competitive with the best- 
performing methods evaluated, with its advantage particularly 
pronounced under weak data modularity conditions. For clarity, 
we present the most contrasting cases from our analysis: (i) an 
average of 10 versus 100 co-expressed genes per module in Fig. 5
and (ii) 10 versus 100 embedded modules in Fig. 6.

In Figs 5 and 6, we compare the performance of our proposed 
hypergraph-based clustering methods (highlighted in red and 

yellow) with five embedding-based approaches, four commu
nity detection algorithms, and four state-of-the-art scRNA-seq 
clustering methods. K-means is used to cluster the output of all 
embedding-based methods that do not directly assign cluster 
membership. In weak modularity regimes (average number of 
co-expressed genes per module = 10 or number of mod
ules = 100), CoMem-DIPHW and DIPHW show a clear perfor
mance advantage. For example, when the average number of 
co-expressed genes is 10, CoMem-DIPHW achieves an ARI of 
0.30 and DIPHW achieves an ARI of 0.25, compared to 0.05 for 
the best baseline method (PCA). Under strong modularity con
ditions (average number of genes per module = 100 or number 
of modules = 10), multiple methods (PCA, CoMem-DIPHW, 
CoMem, and Node2Vec) performed well, achieving average ARI 
scores above 0.9.

Additional results from intermediate parameter settings (aver
age number of co-expressed genes per module: 20, 30, 40, 70, 
80, 90; number of embedded modules: 20, 30, 40, 70, 80, 90), as 
measured by NMI, ACC, AMI, and F1, support the same observa
tion. Across the 16 parameter settings under different modular
ity conditions, CoMem-DIPHW ranks first in all 16 settings by 
ACC and F1, 15 by ARI, and 10 each by NMI and AMI. DIPHW and 
CoMem also perform strongly. Either DIPHW or CoMem rank 
among the top three methods in at least 10 of 16 settings across 
all evaluation measures. Our hypergraph-based methods show 
significant advantages in weak modularity regimes, where data 
structures are harder to detect. Under comparatively strong 
modularity conditions, several methods (PCA, CoMem-DIPHW, 
CoMem, Node2Vec, DIPHW, and Leiden) perform well, with 

Figure 6 Impact of module count on clustering performance by ARI. The bar plots show the mean ARI (top) and average ranking (bottom) of each 
method, ordered by their average ARI. CoMem-DIPHW demonstrates significant advantages in weak modularity regimes, where the number of 
embedded modules (representing the number of cell types) in the simulated data is high (100 modules). Each experiment is repeated 10 times per 
parameter setting, with error bars representing the 95% confidence interval. Dashed lines indicate the highest ARI values or best ARI rankings. These 
observations are consistent across NMI, ACC, AMI, and F1, as shown in Section S5, available as supplementary data at Bioinformatics online. K-means 
is used to cluster the output of all embedding-based methods that do not directly assign cluster membership.
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average NMI scores above 0.9. Notably, PCA slightly outperforms 
CoMem-DIPHW by ARI, NMI, and AMI under strong modularity, 
with differences in scores ranging from 0.01 to 0.02. These addi
tional results are in Section S5, available as supplementary data
at Bioinformatics online.

3.5 Results on the scMixology 
benchmark datasets
A major challenge in scRNA-seq analysis is the lack of reliable 
ground truth for cell-type annotation, which complicates the 

Figure 7 Clustering performance of CoMem-DIPHW on the human pancreas dataset and cell-type annotation using differentially expressed genes 
(DEGs) and canonical markers. (a) Top 10 DEGs per cluster identified by CoMem-DIPHW. For example, Cluster 0 (acinar cells) includes genes 
associated with digestive enzyme production, a primary function of pancreatic acinar cells, including CPA1, CPA2 (Tamura et al. 2018), PLA2G1B (Hui 
2019), CTRB1 (Pinho et al. 2011), and PRSS1 (Masson et al. 2013). Clusters 2 and 7 (alpha cells) include markers GLS, CRYBA2, FAP, LOXL4, MAFB, and 
RGS4 (Cluster 2), and LOXL4, PAX6, RGS4, and CRYBA2 (Cluster 7). Cluster 3 (ductal cells) includes SLC4A4, ANXA4, KRT19, CFTR, CLDN1, and 
ONECUT2. Cluster 4, likely mesenchymal or endothelial cells, aligns with nine of the top 10 DEGs found by CoMem-DIPHW, including COL4A2, 
COL4A1, SPARC, EMP1, IGFBP4, HTRA1, PXDN, LAMA4, and NID1. Cluster 5 (delta cells) includes GAD2, PCSK1, LEPR, and CASR, while Cluster 6 (beta 
cells) includes MAFA, ERO1LB, PDX1, IAPP, SYT13, HADH, and ADCYAP1. Cell-type assignments are based on canonical marker expression patterns 
shown in (d). (b) Across-cluster average expression of cluster-specific DEGs. Violin plots show the distribution of average expression levels of these 
DEGs across all clusters. Strong clustering performance is indicated by high within-cluster expression of DEGs and low expression in other clusters. 
(c) Cell-type annotation using the PanglaoDB marker database. Cell types are determined by the overlap between each cluster’s DEGs and 
PanglaoDB cell type-specific markers, with match scores computed based on the proportion of matched markers. (d) Expression of human 
pancreatic canonical markers in CoMem-DIPHW embeddings. UMAP visualizations show CoMem-DIPHW cell embeddings, with cluster IDs assigned by 
K-means clustering. Each subplot displays the expression of a canonical marker gene for a specific human pancreatic cell type. The cell-type-specific 
markers considered include GCG (alpha cells), INS (beta cells), SST (delta cells), PPY (PP cells), PRSS1 (acinar cells), KRT19 (ductal cells), COL1A1 
(mesenchymal cells), and ESAM (endothelial cells). Color intensity represents gene expression levels, with red hues indicating higher expression. 
Clusters showing high expression of cell-type-specific canonical markers are assigned to the corresponding cell types. Overall, clustering quality is 
demonstrated by (b) high within-cluster DEG expression, (c) consistency between PanglaoDB-based annotation and clustering, and (d) distinct 
separation of cell types.
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evaluation of clustering algorithms. In most scRNA-seq datasets, 
cell-type labels are assigned using a combination of clustering 
results, differential expression (DE) analysis, and canonical 
marker genes. First, cells are grouped into clusters based on 
transcriptomic similarity using clustering algorithms such as 
K-means. Next, DE analysis identifies genes that are differen
tially expressed across clusters. Finally, these clusters are anno
tated based on known canonical marker genes associated with 
specific cell types. Because this annotation process relies on 
clustering results, using these labels to evaluate clustering per
formance introduces circular logic and bias toward the method 
originally used for annotation. To address this issue, we use the 
mixture control benchmarking dataset scMixology (Tian et al. 

2019), where ground truth is established based on cell 
line identity.

We evaluate the performance of our proposed method, 
CoMem-DIPHW, using two benchmarking datasets from 
scMixology (Tian et al. 2019). These datasets provide ground- 
truth labels for cell-type annotation based on human lung ade
nocarcinoma cell lines. As shown in Table 4, tsImpute achieved 
the highest scores across all five evaluation measures (ARI, NMI, 
AMI, ACC, and F1) on the 3-class dataset, with CoMem-DIPHW, 
Louvain, and Leiden tied for second. On the 5-class dataset, 
CoMem-DIPHW achieved the best performance across all evalua
tion measures, followed by tsImpute and graph-sc. This result is 
consistent with the pattern observed in our simulation analysis 

Figure 8 Clustering performance of PCA on the human pancreas dataset and cell-type annotation using differentially expressed genes (DEGs) and 
canonical markers. (a) Top 10 DEGs per cluster identified by PCA. (b) Average expression of cluster-specific DEGs across clusters. Strong clustering 
performance is indicated by high expression of cluster-specific DEGs within their respective clusters and low expression in other clusters. (c) Cell-type 
annotation using the PanglaoDB marker database. (d) Expression of human pancreatic canonical markers in PCA embeddings. UMAP visualizations 
show PCA cell embeddings, with cluster IDs assigned by K-means clustering. Overall, the clustering of cell types is limited compared to CoMem- 
DIPHW clustering, as shown by the overlapping beta cells, delta cells, and PP cells in (d) and the absence of distinct high expression patterns of the 
DEGs in (b).
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(see Section 3.4), where CoMem-DIPHW maintains strong perfor
mance under low modularity conditions.

3.6 Results on the human pancreas  
dataset
For datasets without ground-truth annotations (specifically, hu
man pancreas, mouse pancreas, human brain, and mouse 
brain), we qualitatively evaluate clustering performance using 
DE analysis. We present detailed DE analysis results for the hu
man pancreas dataset using CoMem-DIPHW, PCA, graph-sc, 
tsImpute, CAKE, and scASDC in this section and provide 
results for the human brain, mouse brain, and mouse pancreas 
in Sections S6 and S7, available as supplementary data at 
Bioinformatics online.

We report the top 10 DEGs from each human pancreas cell 
cluster identified by CoMem-DIPHW (Fig. 7a), PCA (Fig. 8a), 
graph-sc (Fig. 9a), tsImpute (Fig. 10a), CAKE (Fig. 11a), and 
scASDC (Fig. 12a). To evaluate cluster purity, we examine the ex
pression of these DEGs across clusters (Figs 7b–12b). An effective 
clustering method should yield DEGs that uniquely characterize 
each cluster while showing minimal expression in other clusters.

Violin plots show that the DEGs identified by CoMem-DIPHW 
exhibit more cluster-specific expression patterns than those de
rived from PCA, which tend to show higher expression in multi
ple clusters. For example, the average expression of the DEGs 
from PCA Cluster 1 is higher in Clusters 2, 5, and 6. Similarly, the 
DEGs from Cluster 7 show higher average expression in Cluster 
6. Among the comparison methods, CAKE and scASDC produced 
highly distinctive DEGs, with scASDC yielding clusters that 
showed the strongest intra-cluster cohesion and inter-cluster 

Figure 9 Clustering performance of graph-sc on the human pancreas dataset and cell-type annotation using differentially expressed genes (DEGs) 
and canonical markers. (a) Top 10 DEGs per cluster identified by graph-sc. (b) Across expression of cluster-specific DEGs across clusters. Strong 
clustering performance is indicated by high expression of cluster-specific DEGs within their respective clusters and low expression in other clusters. 
Graph-sc clusters generally show moderate specificity with substantial cross-cluster overlap. (c) Cell-type annotation using the PanglaoDB marker 
database. Four clusters (1, 4, 7, and 8) yield no annotation, indicating that their DEGs did not match known cell-type markers. (d) Expression of 
human pancreatic canonical markers in graph-sc embeddings. UMAP visualizations show graph-sc cell embeddings, with cluster IDs assigned by 
K-means clustering. Overall, cell cluster separation is limited.
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separability. Graph-sc and PCA show less cluster-specific pro
files, with DEGs frequently expressed across multiple clusters.

To assess the biological relevance of the clusters, we cross- 
reference the cluster-specific DEGs (see Fig. 7a) with markers 
from the PanglaoDB cell-type marker database (version 27 
March 2020) (Franz�en et al. 2019). Cell-type assignment is based 
on the overlap between the DEGs of each cluster and the cell 
type-specific markers in the PanglaoDB database, with match 
scores calculated as the proportion of each cell type’s 
PanglaoDB marker genes that overlap with the cluster’s DEGs 
(Fig. 7c). CoMem-DIPHW (Fig. 7c) successfully annotates all nine 
clusters with biologically relevant pancreatic cell types. CAKE 
produces similarly meaningful annotations, while graph-sc has 
several clusters with no annotation or biologically implausi
ble labels.

To further validate the clustering results, we examine the ex
pression of canonical pancreatic marker genes (Muraro et al. 
2016), including GCG (alpha cells), INS (beta cells), SST (delta 
cells), PPY (PP cells), PRSS1 (acinar cells), KRT19 (ductal cells), 
COL1A1 (mesenchymal cells), and ESAM (endothelial cells) in the 
embeddings (Figs 7d–12d). Each marker is distinctly expressed 
in the embedding generated by CoMem-DIPHW, as shown in 
Fig. 7d, confirming that CoMem-DIPHW embeddings effectively 
distinguish different cell types. CAKE and scASDC also produce 
well-separated embeddings. In contrast, PCA embeddings show 
poor separation. The results from CoMem-DIPHW align well with 
the cell-type annotation by the PanglaoDB database. The only 
discrepancy is in Cluster 4. Matching the DEGs with PanglaoDB 
cell-type markers suggests pancreatic stellate cells (PSCs) or 
granulosa cells, while the COL1A1 and ESAM expression plots 

Figure 10 Clustering performance of tsImpute on the human pancreas dataset and cell-type annotation using differentially expressed genes (DEGs) 
and canonical markers. (a) Top 10 DEGs per cluster identified by tsImpute combined with PCA embeddings and K-means. (b) Average expression of 
cluster-specific DEGs across clusters. Strong clustering performance is indicated by high expression of cluster-specific DEGs within their respective 
clusters and low expression in other clusters. tsImpute DEGs show high specificity in Clusters 2, 4, 5, 6, 7, 8, and 9. (c) Cell-type annotation using the 
PanglaoDB marker database. Several annotations are biologically implausible for pancreas tissue, including parietal cells (Cluster 1), salivary mucous 
cells (Cluster 3), gamma delta T cells (Cluster 5), and pulmonary vascular smooth muscle cells (Cluster 8). These unexpected annotations suggest that 
the imputation process may introduce artifacts that confound cell-type identification. (d) Expression of human pancreatic canonical markers in 
tsImpute combined with PCA embeddings. UMAP visualizations show tsImpute plus PCA cell embeddings, with cluster IDs assigned by K-means 
clustering. tsImpute improves cluster separation compared to PCA without imputation.
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indicate mesenchymal or endothelial cells. However, this appar
ent discrepancy can be explained by the fact that PSCs can dif
ferentiate into cells with endothelial-like properties (Cheng et al. 
2021), and granulosa cells can exhibit mesenchymal-like behav
iors (Jozkowiak et al. 2020).

In contrast, PCA clustering results (Fig. 8) showed limited clus
ter separation. While some PCA clusters could be annotated 
consistently using both PanglaoDB markers and canonical 
markers, significant overlap remained among clusters. For ex
ample, PCA Cluster 8, identified as beta cells by both the 
PanglaoDB markers and the canonical marker INS, is not well 
separated from Cluster 5 (potentially delta cells, marked by SST 
expression). Similarly, Cluster 7, identified as ductal cells by 
both the PanglaoDB markers and the canonical marker KRT19, 
is closely embedded with endothelial cells (ESAM). These results 

highlight CoMem-DIPHW’s improved ability to distinguish pan
creatic cell types compared to PCA.

In addition to the human pancreas results presented here, 
we also analyse mouse pancreas, human brain, and mouse 
brain datasets. For these datasets, we include visualizations 
in Figs S12b–S29b, available as supplementary data at 
Bioinformatics online, that show the average expression of 
the top DEGs across clusters identified by different methods. 
These results show our proposed algorithm’s ability in effec
tively distinguishing cell clusters by their expression profiles. 
The supplementary material (Figs S12a–S29a, available as 
supplementary data at Bioinformatics online), also contain 
tables listing the top DEGs for clusters identified by CoMem- 
DIPHW, PCA, graph-sc, tsImpute, CAKE, and scASDC in each 
dataset for reference.

Figure 11 Clustering performance of CAKE on the human pancreas dataset and cell-type annotation using differentially expressed genes (DEGs) and 
canonical markers. (a) Top 10 DEGs per cluster identified by CAKE. (b) Average expression of cluster-specific DEGs across clusters. Strong clustering 
performance is indicated by high expression of cluster-specific DEGs within their respective clusters and low expression in other clusters. CAKE DEGs 
show good cluster specificity. (c) Cell-type annotation using the PanglaoDB marker database. Most CAKE clusters correspond to biologically relevant 
cell types: gamma/PP cells (Clusters 0 and 3), ductal cells (Clusters 1 and 5), pancreatic stellate cells (Cluster 2), acinar cells (Cluster 4), alpha cells 
(Cluster 7), and beta cells (Cluster 8). (d) Expression of human pancreatic canonical markers in CAKE embeddings. UMAP visualizations show CAKE 
cell embeddings, with cluster IDs assigned by K-means clustering. Marker genes show distinct concentration in the well-separated CAKE embeddings: 
GCG in Cluster 7, INS in Cluster 8, SST in Clusters 0 and 3, PRSS1 in Cluster 4, and KRT19 in Cluster 1.

Bioinformatics, 2026, Vol, 42, Issue 4                                                                                                                                                                                                                                                      17 

https://academic.oup.com/bioinformatics/article-lookup/doi/10.1093/bioinformatics/btag148#supplementary-data
https://academic.oup.com/bioinformatics/article-lookup/doi/10.1093/bioinformatics/btag148#supplementary-data
https://academic.oup.com/bioinformatics/article-lookup/doi/10.1093/bioinformatics/btag148#supplementary-data
https://academic.oup.com/bioinformatics/article-lookup/doi/10.1093/bioinformatics/btag148#supplementary-data
https://academic.oup.com/bioinformatics/article-lookup/doi/10.1093/bioinformatics/btag148#supplementary-data


To complement the qualitative biological validation pre
sented above, we further assess clustering performance using 
quantitative cluster quality measures, including the Silhouette 
score, Calinski–Harabasz index, Davies–Bouldin index, and co
efficient of variation. These evaluations are conducted in two 
settings: (i) directly in the learned embedding space and (ii) by 
evaluating the same cluster assignments on the preprocessed 
expression data used as input to the embedding algorithms. 
We refer the reader to Tables S2 and S3, available as supple
mentary data at Bioinformatics online. Evaluation in the em
bedding space captures the geometric separability and 
cohesion of clusters, whereas evaluation on the preprocessed 
data assesses whether the resulting cluster assignments cap
ture meaningful structure in the input gene expression data. As 
demonstrated by DE and cell-type annotation analyses in the 
human pancreas data set, strong embedding-space cohesion 

and separation alone do not necessarily guarantee biological 
interpretability.

4 Conclusion
In this study, we develop and analyse two hypergraph-based 
clustering algorithms, DIPHW and CoMem-DIPHW, to improve 
cell-clustering performance on scRNA-seq data. First, the DIP 
Hypergraph Walk (DIPHW) extends the EDVW hypergraph ran
dom walk (Chitra and Raphael 2019) and consistently outper
forms it in our experiments. The key idea of DIPHW is its 
symmetrized treatment of importance, considering both the rel
ative importance of edges to nodes and nodes to edges, or the 
importance of genes relative to cells and cells to genes, along 
with a preference exponent for faster clustering. Second, the 

Figure 12 Clustering performance of scASDC on the human pancreas dataset and cell-type annotation using differentially expressed genes (DEGs) 
and canonical markers. (a) Top 10 DEGs per cluster identified by scASDC. (b) Average expression of cluster-specific DEGs across clusters. Strong 
clustering performance is indicated by high expression of cluster-specific DEGs within their respective clusters and low expression in other clusters. 
scASDC DEGs show good cluster specificity. (c) Cell-type annotation using the PanglaoDB marker database. While most clusters are matched to 
relevant pancreatic cell types, some are annotated with unexpected cell types, including retinal progenitor cells (Cluster 0) and nuocytes (Cluster 7). 
Clusters 1 and 3 received no annotation. (d) Expression of human pancreatic canonical markers in scASDC embeddings. scASDC embeddings show 
the best internal cohesion and separability. The marker genes show distinct concentration in the well-separated scASDC embeddings. However, the 
cell-type annotations suggest that the embeddings may not necessarily correspond to biologically meaningful clusters.
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CoMem and CoMem-DIPHW clustering methods incorporate a 
memory mechanism that considers both the abundance counts 
data (conceptualized as hypergraphs) and the two co- 
expression networks to integrate local and global information 
when computing embeddings for clustering. Third, we identify 
and demonstrate through experiments (see Fig. 3) the issue of 
inflated signals in co-expression networks caused by the sparsity 
of scRNA-seq data, which further motivates the use of hyper
graph representations. Fourth, we compare our proposed meth
ods with 13 cell-clustering methods from various categories, 
including community detection, embedding-based methods, 
and recent deep learning methods used in clustering scRNA-seq 
data. Our evaluation covers a broad range of modularity condi
tions in the data, where CoMem-DIPHW and DIPHW consistently 
show superior performance, particularly in weak modularity 
regimes. When clusters are harder to detect, other methods ex
perience a much more pronounced decline in performance com
pared to CoMem-DIPHW. Fifth, we test our proposed methods 
on four real scRNA-seq datasets and two benchmark datasets. In 
these experiments, CoMem-DIPHW demonstrates superior per
formance in differentiating and classifying distinct cell types 
compared to other methods. Sixth, we design a versatile simula
tion algorithm for scRNA-seq data that is highly customizable 
through many user-specified parameters. This algorithm models 
a wide range of expression scenarios and modular structures. 
Notably, it incorporates intermodular co-expressions, which 
mimic cell-type cross-talk observed in real biological systems.

4.1 Future work
We plan to optimize the implementation of CoMem-DIPHW to re
duce its memory complexity, enabling it to scale to larger data
sets. We will also explore alternative methods for incorporating 
the memory mechanism into the hypergraph random walk. 
Currently, CoMem uses a simple product approach; moving be
yond this could reveal more effective clustering strategies. 
Although our current evaluation focuses on the biological rele
vance of clusters through cell-type annotation using PanglaoDB 
markers, future application-focused studies could include Gene 
Ontology enrichment analysis to characterize the functions of 
identified clusters.

With the increasing availability of data and studies in 
spatial transcriptomics (Longo et al. 2021, Rao et al. 2021, 
Kleshchevnikov et al. 2022, Li et al. 2024), extending the CoMem- 
DIPHW formulation for spatial transcriptomics analysis is a 
promising direction. While the current CoMem-DIPHW formula
tion focuses on cell clustering based on expression profile simi
larity, it could be extended to incorporate spatial proximity by 
replacing the cell expression similarity matrix GV with functions 
that characterize joint cell similarity based on both expression 
profiles and spatial information.
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