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Abstract

Background Single-cell RNA sequencing (scRNA-seq) allows for the measurement of gene expression at the tran-
scriptomic level with single-cell precision, thereby deepening our comprehension of cellular heterogeneity. However,
the high dimensionality and sparsity of scRNA-seq data impede downstream analyses (such as cell clustering and tra-
jectory inference), and learning effective embedded representations of the data has become a key aspect in scRNA-
seq data analysis.

Result We present scDEBGCL, a novel deep embedding algorithm based on bipartite graph contrastive learning.
scDEBGCL leverages Singular Value Decomposition (SVD) for bipartite graph enhancement and integrates graph
contrastive learning, graph reconstruction, and data reconstruction to jointly learn low-dimensional embedded
representations of cells, which are used for downstream tasks such as cell clustering, trajectory inference, and marker
gene identification. Specifically, scDEBGCL first converts the gene expression matrix into a cell-gene bipartite graph
and applies SVD to this bipartite graph for graph enhancement. This strategy effectively preserves the global cell-gene
interactions and facilitate the learning of global synergistic signals within the data. To further capture the discrimina-
tive cellular representations, sScDEBGCL performs contrastive learning between the enhanced graph and the original
bipartite graph. Then, scDEBGCL integrates the contrastive learning loss, bipartite graph reconstruction loss, and ZINB
distribution-based reconstruction loss to jointly optimize and learn the low-dimensional representations of cells

for downstream analyses such as cell clustering, cell trajectory inference, and marker gene identification.

Conclusions Experiments results demonstrate that scDEBGCL is a useful GCL framework for deep embedding
in scRNA-seq data, providing a reliable foundation for various downstream analyses.
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Background

Single-cell RNA sequencing (scRNA-seq) technology
enables the measurement of transcriptome-wide gene
expression at the single-cell level, which is crucial for
identifying cell types [1, 2], inferring cell trajectories
[3-5], investigating cellular heterogeneity [6, 7], and
exploring the mechanisms of complex diseases [8—10].
However, scRNA-seq data presents significant analyti-
cal challenges due to its complex and uncertain data
distribution, as well as the presence of numerous drop-
out events [11]. Learning the deep embedding repre-
sentations of cells and genes has become a critical step
in scRNA-seq data analysis, as it can provide effective
feature information for downstream analyses.

Recently, a series of representation learning meth-
ods have been applied by researchers to learn effective
embedding representations from scRNA-seq data. In
addition to methods specifically designed for analyz-
ing single-cell RNA sequencing (scRNA-seq) data such
as SC3 [12], deep learning-based methods have been
widely developed for feature learning. Autoencoder-
based models accomplish downstream tasks such as
cell type identification by independently learning the
feature representations of individual cells or genes. For
example, scDeepcluster [13] learns feature representa-
tion and clustering via explicit modeling of scRNA-seq
data generation. DESC [14] gradually removes batch
effects through iterative self-learning. Graph neural
network (GNN)-based methods aim to capture high-
order relationships between nodes through iterative
information propagation, making them highly suitable
for modeling complex scRNA-seq data. For instance,
scGAE [15] construct cellular graphs and employ graph
convolutional networks (GCNs) or attention mecha-
nisms to learn the complex structures and feature
information of data. scBiG [16] models cell-gene rela-
tionships by transforming the gene expression matrix
into a cell-gene bipartite graph, and employs a model-
driven graph reconstruction strategy to perform self-
supervised training of the GNN on this sparse graph,
thereby effectively capturing high-order topological
features. Contrastive learning-based methods exhibit
excellent performance on sparse data by effectively
identifying discriminative feature representations. For
example, Contrastive-sc [17] constructs positive/nega-
tive sample pairs through data augmentation and lever-
ages contrastive loss to learn cell embeddings, thereby
mining the latent structure of single-cell data in unsu-
pervised scenarios. SCAGCL [18] generates meaningful
clustering representations for single-cell RNA sequenc-
ing (scRNA-seq) data via adversarial contrastive learn-
ing. This process involves first constructing a cell—cell
graph, with the contrastive learning supported by
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adversarial attacks on both graph structures and node
features.

Although these methods have achieved certain success
in learning low-dimensional representations of scRNA-
seq data, they still have some limitations. For exam-
ple, auto-encoder-based deep learning models [19-21]
ignore the structural information between cells. Most
GNN-based algorithms [22-24] are limited by the over-
smoothing problem, which leads to indistinguishable fea-
ture representations. Furthermore, while models based
on contrastive learning or graph contrastive learning
such as GraphCL [25] and GCA [26] are capable of learn-
ing discriminative feature representations, they typically
adopt random augmentation techniques such as node
or edge perturbation, or heuristic augmentation strate-
gies to generate contrastive views. These augmentation
approaches tend to lose critical data signals, which is not
conducive to preserving the global structure. Therefore,
there is an urgent need for a method that can accurately
capture the critical interaction information between
genes and cells, and effectively learn the embedding rep-
resentations of cells and genes to support reliable down-
stream analyses.

To address these issues, we propose the scDEBGCL
(deep embedding approach based on bipartite graph con-
trastive learning) algorithm, which integrates SVD-based
graph augmentation with GCL to learn cell embedding
and intercellular topological structures. Specifically,
scDEBGCL first converts the gene expression matrix
into a cell-gene bipartite graph, and then retains the top
k largest singular values and their corresponding eigen-
vectors via Singular Value Decomposition (SVD), thereby
preserving critical gene-cell interactions. Unlike local
graph augmentation methods (e.g., node/edge perturba-
tion, k-nearest neighbor graph construction), which rely
solely on the local neighborhood information of individ-
ual nodes, this augmentation approach is a global matrix
decomposition method that can capture synergistic sig-
nals spanning the entire graph. Subsequently, scDEB-
GCL adopts the LightGCL [27] paradigm to contrast the
primary view and the augmented graph, thereby effec-
tively and efficiently learning informative embedding
representations of cells. By injecting global collaborative
relationships, LightGCL mitigates the problems caused
by inaccurate contrast signals. Furthermore, scDEBGCL
integrates the contrastive learning loss, bipartite graph
reconstruction loss, and ZINB distribution-based recon-
struction loss, which enables it to effectively capture the
high-order topological patterns and data characteristics
of scRNA-seq data. Experimental results demonstrate
that scDEBGCL facilitates the extraction of cellular
embedding representations and the reconstruction of
scRNA-seq data. The learned cellular representations
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exhibit excellent performance in various analyses, includ-
ing cell clustering, trajectory inference, and marker gene
identification. The main contributions of this study are as
follows:

« We propose a deep embedding approach called
scDEBGCL based on bipartite graph contrastive
learning for single-cell RNA-seq data. scDEBGCL
converts the gene expression matrix into a cell-
gene bipartite graph and leverages SVD for graph
enhancement, thereby capturing the global key infor-
mation underlying cell-gene interactions.

+ scDEBGCL adopts a highly effective and robust
graph contrastive learning (GCL) paradigm for rep-
resentation learning. It simplifies the contrastive
learning (CL) framework by directly contrasting the
cell embeddings derived from the SVD-augmented
view and the primary view in the InfoNCE loss func-
tion.

+ We combine the contrastive learning loss, bipartite
graph reconstruction loss, and ZINB distribution-
based reconstruction loss to jointly optimize and
learn the low-dimensional embedded representations
of cells.

+ Experimental results demonstrate that scDEBGCL
surpasses seven existing representation learning
methods in single-cell clustering tasks. Furthermore,
cell trajectory inference and marker gene identifica-
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tion analyses validate that the learned representa-
tions offer a robust foundation for downstream anal-
yses.

Methods

The framework of scDEBGCL

scDEBGCL consists of three main components: data
pre-processing & graph construction; graph augmenta-
tion & contrastive learning; and downstream analysis
(Fig. 1). First, scDEBGCL pre-process the raw single-cell
gene expression data and constructs a cell-gene bipar-
tite graph based on the gene expression matrix. Subse-
quently, a graph convolutional network (GCN) is applied
to the bipartite graph for feature extraction, learning
embedding of cells and genes (upper half of the figure).
Meanwhile, inspired by LightGCL [27], to enhance graph
contrastive learning with global-structure-aware rep-
resentation, we use an SVD-based scheme [28, 29] to
efficiently distill key collaborative signals from a global
perspective. And the SVD-enhanced bipartite graph
likewise uses GCN to extract features of cells and genes
(lower half of the figure). Finally, effective cell and gene
embedding representations are learned through graph
contrastive learning combined with ZINB-distribution-
guided data modeling; the resulting cell embedding rep-
resentations are then employed for downstream tasks
such as cell clustering, trajectory inference, and marker
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Fig. 1 Overview of the scDEBGCL workflow. A Data pre-processing & graph construction; B graph augmentation & contrastive learning; C
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gene identification. The details are illustrated in the fol-
lowing sections.

Data pre-processing and bipartite graph construction

For clustering analysis, we collect nine real scRNA-seq
datasets with cell type annotations from different plat-
forms (Additional file 1: Table S1) [30-38]. These data-
sets are derived from different sequencing platforms (e.g.,
10X Genomics, Smart-seq2), covering a variety of human
and mouse tissues, with sample sizes ranging from 576 to
14,653 cells. For cell trajectory analysis, we download a
human embryo dataset named Yan (90 cells from 6 devel-
opmental stages) [39] and a simulated dataset named
DPT (500 cells and 10,000 genes) [16] with ground
truth and pseudotime orders. We assume that scRNA-
seq data are summarized as count matrix, and we pre-
process the original count matrix through the following
steps. First, we filter out genes expressed in<3 cells and
cells with <200 expressed genes and denote the remain-
ing matrix as X = [x,ﬂ € R™*", where x;; represents the
expression of gene j in cell i, m represents the number
of cells, and # represents the number of genes. Then, for
each cell i, we calculate the library size factor /; as:

[ >jm1 X
=
mediany{Z;':l x,-/j} M

According to the size factor, the counts are normalized
and log-transformed as:

% =log (22 +1
y — g li (2)

In addition, we define the gene factor s;; as the maxi-
mum expression value of gene j across all cells:

Sj = max,-{%,’j} (3)

To represent the relationship between cells and genes,
we convert the gene expression matrix into a cell-gene

bipartite graph denoted as A = [ai,-] e R
1, if genej is expressed in cell i,
4= 0, otherwise. ()

The edge between gene j and cell i is defined as a posi-
tive edge if @;; = 1and a negative edge if a;; = 0.

Local graph structure learning

To capture the local graph structure information, we
assign each cell ¢; and gene g; with an embedding vector
el(c),e(g) € R, where d is the embedding size. The col-
lections of all cell and gene embeddings are defined as
E© e Rmxd and E©) ¢ R7xd, respectively. Then, we
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adopt a two-layer GCN to aggregate the neighboring infor-
mation for each cell and gene. In layer /, the aggregation
process is expressed as follows:

o) =o(4i: B9, 2 =0 (A5 - E%) )

(c

where z, ) and z ) denote the Ith layer aggregated

embeddmg for cell c, and gene gj. o (-) represents the acti-
vation function, which is the identity function here. A is
the normalized adjacency matrix which is defined as
follows:

A= sl
/deg, (i), /deg, () ©)
where deg, () => ;11 (aj #0) and
deg, (j (j) = X1 T1 (ajj # 0) represent the row degree

and col degree of the adjacency matrix A, respectively.
The final embedding for a cell or gene is the sum of its
embedding representations across all layers, and the
inner product between the final embedding of a cell
ci and a gene g; predicts the reconstruction of the local
graph.

() (©)
€ Z Ztl ’ e

~ T )
Z 9,55 =T e (7)

Global collaborative learning

To effectively capture the global relationships between
cells and genes, we introduce Singular Value Decomposi-
tion (SVD) in scDEBGCL to emphasize the principal
components of the graph by identifying high-expression
values in the cell-gene matrix. Specifically, we perform
SVD on the normalized adjacency matrix A as
A=USVT, where U/V isan I x I x ] x ] orthonormal
matrix with columns being the eigenvectors of A’s row-
row/column-column correlation matrix. S is an I x]
diagonal matrix storing the singular values of A. We
truncate the list of singular values to keep the largest ¢
values, and reconstruct the normalized ad)acency matrix
with the truncated matrices as A = U, S4 Vq, where
U; € R"™4 and V; € R"*7 contain the first g columns
of U and V, respectively. S; € R7*7 is the diagonal matrix
of the g largest singular values. The reconstructed matrix
A is a low-rank approximation of the normalized adja-

cency matrix A, for it holds that rank (2) = q. Based on

the A, the message is propagated on the reconstructed
graph in each layer:

o =o(A E9) gf =0 (4, E%) @
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To avoid the high cost of SVD, we adopt the rand-
omized SVD algorithm [40] as a replacement.

I:\[q, §q, \7qT = ApproxSVD (X,q), AGVD) _ I,A[q §q
)

where ¢ is the required rank for the decomposed matri-
ces, and Ijlq e RIxq, Sq € RTX4, 17q e R/*1 are the
approximated versions of U, S;, V;. Therefore, the mes-
sage propagation process with the approximated matrices
can be rewritten as follows:

Gl(c) =0 (std . El({)l) =0 (flq §q 4

~

VT

q

vr El(‘f)l), Gl(g) =0 (ﬁsvd -El(i)l) =0 (Iflq §q
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view embedding representations z?cl), z l) in the InfoNCE

D)

loss as follows:

I L
Lgc):ZZ—log i

i=0 =0 =0 €XP (s (Zi(,?’ gi(’fl) / T))
I L © ,© ))
s T . Ly, © ,©
i=0 =0 dlr=0exp(s(2; 8 /7
(13)
T £ (10)
Vi £

where Gl(c) and Gl(g) are the collections of cell embed-
ding encoded from the augmented graph and o (-) repre-
sents the activation function.

Gene expression reconstruction

To better capture data features, we introduce the ZINB
distribution into the GCN decoder to model the count of
gene j in cell i:

ZINB (s |7y, wijp 07) = (1= 7y) - NB (x| 1wz, 03 ) + 75 - 8o ()
(11)
where x;; is the count value of gene j in cell i, 7;; is the
probability of zero-inflation, NB represents the nega-
tive binomial distribution with mean 1;; and dispersion
0ij, and 8o(-) is the Dirac delta function. By transform-
ing the decoding process into a learning process for the
parameters of the ZINB distribution, the expression
data of genes and cells can be reconstructed. Inspired by
scBig, we also integrate a generalized matrix factoriza-
tion (GMF) model [41] into the GCN decoder to learn
the ZINB parameters. The propagation process can be
described as follows:
© e}«(g) )
Wij = exp (Sigmoid(WMe) X sj) x 1,
0 = softplus(Wge X sj),
i = sigmoid(Wye),

where efc) and e® are the embedding representations

of cell i and gene j, © denotes the Hadamard product,
W, € R1x4, Wy € R1x4 W, € R1%4 are weight param-
eters, and /; and s; are the library size factor and gene fac-
tor. Sigmoid and softplus are activation functions.

e= el@

(12)

Objective function optimization

To better learn the embedding representations of cells
and genes, we first directly contrast the SVD-augmented
view embedding representations gi(j), gl(‘f) with the main-

where s(-) is the cosine similarity and 7 is the tempera-
ture, respectively.

Additionally, given that the inner product between the
final embedding of a cell and a gene predicts the recon-
struction of the bipartite graph (Eq. (7)), we designed a
pairwise loss function in the model to optimize the low-
dimensional representations of cell expression profiles:

(14)

1
L, = Z Z max (0, 1 =Jip, +5’i,pn)'

i=0 s=1

where 7y, and y;,, denote the predicted scores for
a pair of positive and negative items of cell i. This opti-
mization approach of the loss function can reduce the
distance between cells with similar expression character-
istics in the low-dimensional space, while increasing the
distance between cells with significantly different expres-
sion characteristics.

To better reconstruct the data, we define the decoder
module loss as a negative log-likelihood estimation
based on the Zero-Inflated Negative Binomial (ZINB)
distribution.

Lzing = —log (ZINB(X|m, w, 0)) (15)

Finally, the loss function of the entire model is defined
as:

Loss =L, +« (Lgc) + ng)) + BLzinB (16)

where a and f are weight parameters.

Clustering metrics

Two commonly used clustering metrics are used to eval-
uate the clustering performance of different methods,
including normalized mutual information (NMI) [42]
and adjusted rand index (ARI) [43]. NMI produce scores
from O to 1, and the score of ARI ranges from—1 to 1.
Higher values represent better clustering performances.
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In addition, Qo and Qgjep, [44] metrics are used to
evaluate the preservation of local and global structure in
the cell embedding representations.

Results and discussion

Cell embedding obtained by scDEBGCL enhance clustering
performance

To evaluate the ability of scDEBGCL to learn cell repre-
sentations, we apply it to nine real scRNA-seq datasets
and compared it with seven state-of-the-art methods,
namely Contrastive-sc, scAGCL, scGAE, scDeepclus-
ter, DESC, SC3, and scBiG. Among them, Contrastive-
sc and scAGCL are contrastive learning-based methods.
scGAE, scDeepCluster, and DESC learn cell embedding
features using autoencoders or graph autoencoders. SC3
is a single-cell-specific clustering algorithm. scBiG con-
verts the gene expression matrix into a bipartite graph
and captures high-order features of the data via GNN.
All comparative methods are executed using their default
clustering algorithms, while scDEBGCL adopt the Lou-
vain method to ensure their optimal performance. NMI
and ARI metrics are employed to evaluate clustering
performance, while Q... and Qg metrics are used
to evaluate the preservation of local and global struc-
ture in the cell embeddings (Additional file 1: Tables
S§2-S5). To ensure fairness, all methods except SC3 are
run ten times to obtain the average results as the final
cluster performance. Figure 2A and B shows the heat
maps of two metrics values of these nine algorithms in
nine real scRNA-seq data sets. The results indicate that
scDEBGCL achieves the best clustering performance.
Specifically, scDEBGCL achieves higher ARI values
than the other seven clustering algorithms on six data-
sets (excluding Human PBMC, Adam, and Mouse ES),
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with particularly high ARI values of 0.9788 on the Dia-
phragm dataset and 0.9259 on the Human pancreas data-
set. Despite not achieving the optimal ARI value on the
Mouse ES dataset, scDEBGCL still ranks second. Simi-
larly, according to NMI, scDEBGCL ranks first on seven
data sets except for Mouse ES and Diaphragm. For Mouse
ES, the ARI value of scDEBGCL is only lower than that of
the optimal algorithm by 1.74%. For Diaphragm, the NMI
value of scDEBGCL is only lower than that of the opti-
mal algorithm by 1.60%. Tables S4 and S5 show Q. and
Qgiobal [44] on nine scRNA-seq data sets. The results indi-
cate that the low-dimensional cell embeddings learned
by scDEBGCL effectively maintain the global structural
features of the data, thereby facilitating the accuracy of
downstream analytical tasks.

To more intuitively demonstrate the clustering per-
formance of these methods, we draw UMAP visualiza-
tions of the low-dimensional embedding representations
learned by different methods. Figure 3A and B shows
the UMAP visualizations of the Human pancreas data-
set based on eight methods. In Fig. 3A, cells are visual-
ized by the inferred cluster labels, while in Fig. 3B, cells
are visualized by the annotated cell types. Each point
denotes a cell, and different colors mean different cell
clusters or cell types. As can be seen from the figure, the
cell visualization of Contrastive-sc, scAGCL, DESC, SC3,
and scGAE mix different cell subtypes, leading to errors,
while scDEBGCL is able to clearly delineate the distribu-
tion boundaries of different pancreatic cell types. Despite
achieving high clustering accuracy (ARI=0.91), scBiG
still faces the same challenges as other methods, such as
the mixing of other cell types within certain cell types.
In contrast, the boundaries of various cell clusters pre-
dicted by scDEBGCL are clearer than those of the other

B ARI
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Fig. 2 Comparison of different methods in 9 scRNA-seq data sets in clustering performance. A Average AR value across 10 experiments; B average

NMI values across 10 experiments
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Fig. 3 UMAP visualizations of the Human pancreas dataset based on eight methods. A Cells are visualized by the predicted cluster labels; B cells are

visualized by the annotated cell types

methods, and cell clusters predicted by scDEBGCL are
closer to ground truth, implying that scDEBGCL is supe-
rior to other competing methods.

Parameter analysis

In scDEBGCL algorithm, the graph augmentation is
guided by SVD. In SVD, the rank (g) denotes the num-
ber of largest singular values retained, directly control-
ling how much global collaborative signal is preserved.
Applying singular-value decomposition to the cell-gene
association matrix yields a low-rank approximation. A
larger g retains finer details but risks introducing noise,
whereas a smaller g keeps only the principal components,
emphasizing dominant patterns and suppressing noise.
Thus, g is a critical parameter in our model. To evalu-
ate the impact of parameter ¢ on model performance,
we perform experiments with different g values (3, 5,
10, 20, 30) across nine datasets. As shown in Additional
file 1: Table S6 and Fig. 4A and B, across the nine data-
sets, g=5 offers an optimal balance—retaining sufficient

global information without introducing excessive noise,
and yields high clustering performance. In comparison,
setting g=3 yields lower overall performance across the
nine datasets than ¢g=5, indicating that the smaller rank
cannot adequately capture the data’s complexity or pro-
vide sufficient contrastive information, thereby impairing
clustering performance. When ¢ is set to 10 or a larger
value, although this setting can improve the clustering
performance on certain datasets (such as Adam), the per-
formance on other datasets is not stable, and the compu-
tational cost is relatively high. Therefore, in our model, ¢
is set to 5 to preserve the global structural information of
the data and improve computational efficiency.

In addition, highly variable genes can capture more
biological information than lowly variable genes that
have little influence over determining cell types. To inves-
tigate the influence of highly variable genes’ number for
clustering results, we vary them from 1000 to 5000 and
apply scDEBGCL on nine real datasets. We use Addi-
tional file 1: Table S7 and bar plot (Fig. 4C) to show the
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ARI values of nine datasets by setting 1000, 2000, 3000,
and 5000 highly variable genes, respectively. Figure 4D
presents boxplots of the average ARI values across nine
datasets under different numbers of highly variable
genes. The results indicate that the clustering perfor-
mance of the model reaches the optimal value when the
number of highly variable genes is set to 2000. Further-
more, although setting the number of highly variable
genes to 5000 can improve clustering performance on
certain datasets, it leads to a significant increase in com-
putational resource requirements, resulting in a marked
slowdown in training speed and low computational effi-
ciency. Considering both clustering performance and
computational efficiency, we select the top 2000 highly
variable genes by default for clustering analysis in our
method.

On the other hand, the weights of the contrastive learn-
ing loss (a) and ZINB loss (f5) significantly impact model
performance. To determine optimal weight parameters,

we performed experiments on two datasets of varying
sizes. Specifically, we assign six values (0.01, 0.05, 0.1, 0.3,
0.5, 0.8) to each weight, evaluating all 36 combinations.
Figure 5 and Table S8 show the ARI scores obtained
from cell clustering using cell embedding representa-
tions learned by scDEBGCL on the Human pancreas and
Mouse ES datasets under different weight combinations.
The results indicate that when « is greater than 0.1, the
clustering performance of the model on the two data-
sets decreased significantly as the value of a increased.
When S is fixed, the smaller the value of a, the better the
model performance. This phenomenon indicates that the
value of & has a direct impact on the model’s clustering
performance. Increasing @ to make it greater than 0.1
may impair the model’s ability to learn discriminative
embedded representations, leading to a decline in per-
formance. Additionally, when « is fixed at a value less
than 0.1, changes in  have little impact on model per-
formance, which indicates that the contrastive learning



Wang et al. BMC Biology ~ (2026) 24:123

0.93 1
0.91
0.89 1
0.87
0.85
0.84
ARl 0.82
0.80
0.78 1
0.76
0.75
0.73 1
0.71

0.8 0.8

Page 9 of 15

0.93 ]
0.91
0.86
0.82
0.77
0.73 1
0.68

ARl 064
0.59
0.55
0.50 1
0.45
0.41 1
0.36 1
032"

0.8 0.8

Fig. 5 ARl scores of scDEBGCL on the Human pancreas and Mouse ES datasets under different weight combinations. A Human pancreas dataset; B

Mouse ES dataset

module plays a key role at this point. However, when a
is greater than 0.1, the model’s clustering performance
declines rapidly as the value of B decreases, which sug-
gests that data reconstruction exerts a certain effect on
the model. Overall, when =0.3 and a=0.01, the model
achieved the highest ARI scores on these datasets. We
performed corresponding experiments on additional
datasets and found that the combination of @ = 0.01 and
B = 0.3 achieved the optimal or near-optimal clustering
performance across most datasets. Therefore, @ = 0.01
and B = 0.3 are ultimately selected as the optimal con-
figuration of loss weights.

We further investigate the impact of the temperature
parameter 7 in the InfoNCE loss (Eq. (14)). As shown in
Additional file 1: Table S9, ARI values across nine data-
sets indicate that a setting of 7=0.2 yields the best per-
formance on most datasets. In addition, we investigated
the impact of key parameters such as the number of
GCN layers and embedding dimension. Additional file 1:
Tables S10 and S11 show the ARI values of scDEBGCL
on nine datasets with different layer and dimension set-
tings. The results indicate that the overall performance
of the scDEBGCL model is optimal with two GCN layers
and an embedding dimension of 64.

Ablation study

The scDEBGCL model consists of three components,
including contrastive learning, bipartite graph recon-
struction, and gene expression simulation based on the
ZINB distribution. To evaluate the contribution of each
component to the clustering performance of the scDEB-
GCL algorithm, we remove each module to generate
three variants of scDEBGCL: scDEBGCL-CL (with the

contrastive learning module removed), scDEBGCL-
REC (with the bipartite graph reconstruction module
removed), and scDEBGCL-ZINB (with the ZINB module
removed). We apply four datasets from different species
and sample sizes (PBMC, Mouse ES, Mouse bladder, and
Adam) to perform the ablation experiments. For fairness
of the comparison, the parameters of the three variants
are the same as those of scDEBGCL, and two cluster-
ing metrics (NMI and ARI) are employed to evaluate
the clustering performance of scDEBGCL and its vari-
ants. The results (Fig. 6 and Additional file 1: Table S12)
indicate that the clustering performance of scDEBGCL is
superior to its three variants on four datasets. For exam-
ple, on the Mouse_bladder data set, scDEBGCL signifi-
cantly increased by 10.64%, 5.74%, and 4.45% compared
with its three variants (scDEBGCL-CL, scDEBGCL-REC,
and scDEBGCL-ZINB) as per the ARI, respectively. The
results indicate that each component of the scDEBGCL
algorithm plays a crucial role.

Robustness analysis

To verify the robustness of scDEBGCL, we conduct the
down-sampling experiment on nine real scRNA-seq data
sets. Each data set is randomly down-sampled to obtain
partial data sets containing 60%, 70%, 80%, and 90%
cells, respectively. We execute pre-processing and rep-
resentation learning according to the method described
in the section Materials and Methods on these down-
sampled data. For the testing of scDEBGCL, the same
parameters are used for both the down-sampled data
and the complete data to ensure consistency. Two clus-
tering metrics (NMI and ARI) are adopted to evaluate
the clustering performance of scDEBGCL on these data
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sets. The experimental results (Fig. 7 and Additional
file 1: Table S13) show that the clustering performance of
scDEBGCL on the down-sampled data is not significantly
different from that on the complete data, indicating that
our scDEBGCL algorithm can learn effective information
from incomplete data and exhibits excellent stability and
robustness.

Biological analysis

To further explore the effectiveness of the cell embed-
ding representations learned by our scDEBGCL algo-
rithm, we apply it to the task of cell trajectory inference.
Cell trajectory inference aims to construct continuous
paths representing dynamic cellular processes. Here we
select Slingshot [45] with default parameters to construct
minimum spanning trees on clustered cells (obtained by
the Louvain method in Scanpy) for lineage reconstruc-
tion. One simulated dataset (DPT) and a real scRNA-seq
dataset (Yan) are selected for this analysis. The simulated
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dataset DPT has five branches, and each branch repre-
sents a developmental state. The Yan dataset covers mul-
tiple key developmental stages from fertilized eggs to
blastocysts. The pseudotime ordering score (POS) [46]
and Kendall’s rank correlation (Cor) [47] coefficient are
used to quantitatively assess the similarity between com-
putationally inferred pseudotime orders and true time
points.

Specifically, DPT contains 500 cells and 10,000
genes with ground truth and pseudotime orders. This
simulated dataset models five cell states along a devel-
opmental trajectory. Figure 8A presents the cell tra-
jectories inferred by different methods; the curves
represent the inferred cell trajectories by Slingshot
based on the obtained cell embedding. It can be seen
that the cell embedding representations learned by
our scDEBGCL algorithm performed the best on the
simulated dataset, achieving high scores of Cor=0.84
and POS=0.99, and accurately reconstructing the
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Fig. 8 Cell trajectories inferred based on different dimensionality reduction methods. The curves represent the inferred cell trajectories by Slingshot
based on the obtained cell embeddings. A Results on the simulated dataset. B Results on the human embryo dataset
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continuous developmental path of cells from early
embryos to late embryos. The trajectory lines are
smooth with reasonable directions and can well pass
through cell clusters at different developmental stages.
In comparison, scBiG (Cor=0.84, POS=0.98) and
scAGCL (Cor=0.75, POS=0.92) also achieved excel-
lent trajectory inference results. However, methods
such as scGAE exhibited issues of trajectory deviation
or stage confusion, while the trajectories generated by
methods like Contrastive-sc and scDeepcluster devi-
ated significantly from the actual biological structure
and failed to reflect real biological processes. Similarly,
the cell embeddings learned by scDEBGCL achieved
the optimal performance on the Yan dataset with
Cor=0.88 and POS=1.00. The visualized trajectories
clearly run through all cell types, demonstrating its
precise inference ability for continuous developmen-
tal states. scBiG also achieves relatively high scores
(Cor=0.87, POS=0.99), but its trajectory paths are
slightly curved and the stage boundaries are not clear
enough. In comparison, methods such as scGAE and
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scDeepcluster exhibit trajectory jumping phenomena,
while Contrastive-sc and scAGCL perform even worse
in this task.

In parallel, to verify the clustering accuracy of scDEB-
GCL on scRNA-seq data and explore whether these
clustering results are conducive to downstream biologi-
cal analysis, we select Adam to perform marker gene
identification. Specifically, we use COSG to identify the
marker genes of each cell cluster predicted by scDEB-
GCL on the Adam dataset. Figure 9A and C shows the
expression dot plots and gene expression heat maps of
the top three marker genes identified by COSG for each
cluster. As shown, the marker genes exhibit distinct
expression profiles unique to their respective clusters.
To further verify the consistency of these marker genes
with ground-truth annotations, we also use COSG [48]
to identify marker genes for each cell type (Fig. 9B and
D). Figure 9 demonstrates that the marker genes identi-
fied from scDEBGCL-predicted cell clusters are highly
consistent with those derived from true cell labels. For
instance, the three marker genes (Slc12al, Cldnl0, and
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Fig. 9 Expression dot plots and heat maps of the top three marker genes identified by COSG on Adam dataset. A Expression dot plots of the top
three marker genes identified by COSG for each cluster; B Expression dot plots of the top three marker genes identified by COSG for each cell type;
C Expression heat maps of the top three marker genes identified by COSG for each cluster; D Expression heat maps of the top three marker genes

identified by COSG for each cell type
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Umod) identified for Cell Cluster 3 based on the cell
labels predicted by scDEBGCL exactly match those
identified based on the true cell labels. A similar situ-
ation is also observed in predicted cell cluster 0 and
true cell type 5. Furthermore, Fig. 9C and D shows
that the marker genes identified for each cell clus-
ter based on the predicted cell labels not only exhibit
specific expression patterns but also demonstrate high
similarity in expression to those identified based on
the true cell labels. This consistency indicates that the
cell clusters predicted by our model closely match true
cell types, which is conducive to the identification of
marker genes.

In addition, we calculated the similarities between
the top 50 DEGs of the predicted cell clusters and those
of the real cell types. As shown in the DEGs similarity
heat map for the Adam dataset (Fig. 10A), each cell type
consistently aligns with a specific cell cluster exhibit-
ing the highest DEG similarity. Specifically, six out of
eight cell clusters exhibit a similarity higher than 0.9,
which demonstrates that the marker genes identified
from the cell clusters predicted by scDEBGCL are accu-
rate and reliable. We also performed Gene Ontology
(GO) enrichment analysis of the top 50 DEGs on one of
these cell clusters (cluster 3), as shown in Fig. 10B. The
results reveal significant enrichment in the processes of
regulation of body fluid levels and kidney development,
consistent with established literature. For instance, the
Slc12al gene is closely associated with the overall sur-
vival of clear cell renal cell carcinoma [49]. Meanwhile,
Umod, which encodes uromodulin, plays a crucial role
in the pathogenesis of kidney diseases [50].
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Conclusions

In this article, we introduce scDEBGCL, a graph rep-
resentation learning method for learning single-cell
embeddings. scDEBGCL converts the intercellular
expression profiles of genes into a bipartite graph and
employs Singular Value Decomposition (SVD) to
enhance the bipartite graph for extracting global key
gene-cell interaction information. By contrasting the
primary and enhanced views, scDEBGCL effectively
learns discriminative cellular feature representations.
In addition, scDEBGCL jointly optimizes the model by
integrating contrastive learning loss, bipartite graph
reconstruction loss, and reconstruction loss based on the
Zero-Inflated Negative Binomial (ZINB) distribution,
so as to learn more accurate low-dimensional embed-
ding representations of cells. Experiments on real-world
data demonstrate that, compared with various existing
methods, the cell embedding representations learned by
scDEBGCL capture meaningful cell-cell relationships
and can improve the accuracy of downstream tasks such
as cell clustering, cell trajectory inference, and marker
gene identification.

Although scDEBGCL can effectively learn valid feature
representations of cells in scRNA-seq data and provide a
reliable basis for downstream analyses, sScDEBGCL has
its own limitations. For instance, the model relies solely
on gene expression matrices and does not yet incor-
porate external biological information or multi-omics
data. In addition, balancing multiple loss functions dur-
ing training increases computational costs. Therefore,
in the future, we will consider fusing gene-cell bipartite
graphs with protein—protein interaction networks [51]
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Distal tubule 4 0.000 | 0.000 | 0.000 | 0.000 | 0.000

] | regulation of body fluid levels

kidney development

] paracellular transport

sodium ion transport

tube morphogenesis

ED 0000 0.000 | 0.000 | 0.000 | 0.000 |0.000 |0.000

intracellular phosphate ion homeostasis

P inorganic anion transport
LH 4 0.000 | 0.000 | 0.000 [EEIEN 0.000 | 0.000 | 0.000 |0.000 — transepithelial transport
i regulation of BMP signaling pathway
B regulation of transmembrane transport
Podocytes 4 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 [BXELE 0.000 e regulation of MAPK cascade
B [—— e | response to fatty acid
E——|| regulation of protein transport
PT 4 0.000 ( 0.000 | 0.000 |0.000 |0.000 L | organic anion transport
| artery development
stromal 4 0.000 0.000 | 0.000 |0.000 2 0 2 3 % 5 & 1 B

Ureteric bud 4 0.000 | 0.000 0.000 geXElElen 0.000 | 0.000 | 0.000

' ' ' ' ' ' ' - 0.0
1 a o Y 9 ; 9

<og10(P)

Fig. 10 Biological analysis of DEGs based on Adam dataset. A Comparison of similarity of DEGs in eight scDEBGCL clusters with golden standard

eight cell types; B GO enrichment of the top 50 DEGs on one cell cluster



Wang et al. BMC Biology ~ (2026) 24:123

and leveraging multi-view graph contrastive learning to
learn the embedding representations of cells and genes.
To improve the efficiency of the model, we plan to adopt
lightweight GNN architectures, further optimizing
model for the analysis of complex biological processes.
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