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transforming this complex data into actionable biological 
insights. This technology is particularly crucial for iden-
tifying novel cell types, understanding tumor microenvi-
ronments in cancer research, and guiding personalized 
medicine approaches. However, the inherent high dimen-
sionality, sparsity, and technical noise of scRNA-seq data 
make its precise clustering—that is, accurately identi-
fying different cell types or states—always face severe 
challenges [4–7], which also complicate downstream 
analyses such as the accurate identification of differen-
tially expressed genes [8].

Early methods (such as PCA combined with k-means 
[9, 10]) assume that the data is located on a linear 

Introduction
Single-cell RNA sequencing (scRNA-seq) technology 
has become a core tool for analyzing cellular heterogene-
ity, bringing significant progress to developmental biol-
ogy and the study of cancer studies and other disease 
mechanisms [1–3]. The precise identification of distinct 
cell types through clustering is the critical first step in 
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Abstract
Objective  Single-cell RNA sequencing (scRNA-seq) is pivotal for deciphering cellular heterogeneity in biomedical 
research, from developmental biology to cancer studies. However, accurate cell type identification via clustering 
remains challenging. Current graph-based methods are limited by ignoring higher-order topologies.

Methods  We present Deep Graph MinCut (DGM), an end-to-end deep learning framework designed to overcome 
these limitations. Its core innovation is the joint optimization of three objectives: (1) a higher-order MinCut loss for 
capturing complex cellular communities; (2) an inter-cluster orthogonality loss to enforce clear separation between 
cell populations; and (3) a reconstruction constraint to maintain global graph structure.The model jointly optimizes 
autoencoder denoising, graph learning, and cluster assignment.

Results  Evaluated on ten public scRNA-seq datasets, DGM achieved average improvements of 2.03% in NMI and 
3.11% in ARI, outperforming baseline methods. Crucially, downstream biological analysis demonstrated alignment 
with known marker genes and developmental trajectories, verifying its ability to produce biologically meaningful and 
interpretable clusters.

Conclusion  DGM provides a robust and biologically interpretable framework for cell type identification, with 
potential for applications in cancer research and developmental biology. By addressing key computational challenges, 
DGM generates reliable outcomes that may contribute to downstream research, such as biomarker discovery or 
characterization of tumor microenvironment heterogeneity.
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manifold and the clusters have a spherical distribution, 
which is difficult to capture complex nonlinear relation-
ships and sensitive to high noise and dropout events 
[11, 12].Subsequently, deep autoencoder-based meth-
ods, including those built on autoencoder [13, 14] or 
jointly optimizing deep learning with k-means objectives 
[15], improve the robustness by nonlinear dimensional-
ity reduction and denoising, but they usually ignore the 
inter-relationship between cells [16], and the learned 
high-dimensional embedding may still collapse. In recent 
years, Graph neural networks (GNNS) have shown great 
potential in this field by explicitly modeling the relation-
ships between cells [17, 18]. Among them, the differen-
tiable MinCut method [18], which draws on the idea of 
spectral clustering, has achieved remarkable results by 
optimizing the goal of “compactness within clusters and 
alienation between clusters”. However, the existing GNN-
based clustering methods have three common defects 
that have not been solved by the system: (1) they gener-
ally rely on first-order adjacency relationships [17, 18], 
and cannot capture higher-order topological structures 
such as triangle motifs, which are crucial for defining sta-
ble cell communities [19]; (2) The column Spaces of the 
soft assignment matrix output by the model are easy to 
overlap, which makes the cluster boundaries fuzzy and 
the embedding vectors of different cell types difficult to 
distinguish; (3) When optimizing the MinCut objective, 
excessive pursuit of the minimum cut value is easy to 
cause over-cut, destroy the global topology of the graph, 
and cause the biologically coherent cell population to be 
split. These problems not only make the clustering worse 
but also make the results harder for biologists to under-
stand. For example, missing complex cell connections 
can hide true cell groups, and unclear group boundaries 
can cause rare cell types to be put into the wrong groups. 
This ultimately leads to wrong conclusions in the biologi-
cal research that follows.

It is worth noting that even the latest researches (e.g. 
DESC [14] and scBGEDA [20]) still focus on the optimi-
zation of first-order graph convolution and fail to solve 
the above fundamental problem. Recent studies have 
attempted to improve the performance by graph con-
trastive learning or knowledge injection. However, these 
works still have not systematically proposed solutions 
to these three defects due to the inherent mechanism of 
graph clustering, which provides a clear innovation space 
for our research.

To tackle these three interrelated challenges simul-
taneously, we propose the Deep Graph MinCut (DGM) 
model. DGM is a deep learning framework designed to 
enhance the accuracy and interpretability of single-cell 
clustering.

Its core innovation is to collaboratively optimize three 
loss functions: differentiable high-order MinCut loss 

(which is the first to explicitly model high-order topology 
by introducing the admittance of high-order structures 
such as triangle motifs into the clustering loss in a differ-
entiable form); Inter-cluster orthogonality loss (explicitly 
separating the distance between clusters by enforcing 
the column orthogonality of the soft assignment matrix 
to solve the problem of fuzzy cluster boundaries) And 
topology reconstruction constraints (regularizing the 
clustering process through the adjacency matrix recon-
struction loss to prevent over-segmentation and main-
tain the global topological consistency of the graph). The 
overall architecture of the proposed framework is shown 
in Fig.  1, which collaboratively optimizes autoencoder 
noise reduction, graph structure learning, and cluster 
assignment.

Our contributions are three-fold: (1) We introduce a 
differentiable higher-order MinCut loss, enabling the 
capture of complex cellular communities that are crucial 
for defining robust cell types; (2) We enforce inter-clus-
ter orthogonality, ensuring clear separation between cell 
populations to prevent misclassification and aid in the 
discovery of rare subsets; (3) We regularize the cut objec-
tive with topology reconstruction, preserving the global 
tissue architecture and preventing biologically implausi-
ble over-cut. Collectively, these innovations make DGM a 
effective tool for generating biologically trustworthy clus-
tering results.

The following chapters of this paper are arranged as fol-
lows: The second part details the methodology of DGM; 
Sect.  3 shows the experimental results and analysis. Sec-
tion  4 provides discussion and conclusion. Overview of 
our approach is shown in Fig. 1 .

Methods
The overview our approach is shown in Fig. 1, which con-
sists of autoencoder, GNN encoder, end-to-end cluster-
ing assignment network, joint loss function, etc. In the 
following sections, we will introduce each part of the 
model in detail. The overall pipeline begins with data 
processing of the raw scRNA-seq data. Specifically, the 
expression profile matrix X undergoes normalization to 
adjust for technical variations and gene filtering to select 
informative genes, resulting in a processed matrix X . 
This processed data is then fed into an autoencoder for 
denoising and dimensionality reduction, producing a 
low-dimensional representation Z. Subsequently, the 
representation Z is used to construct a cell-cell graph 
with adjacency matrix A. Graph Neural Network (GNN) 
encodes this graph into node embeddings H, which are 
subsequently fed into a clustering assignment network to 
produce the soft assignment matrix S. Finally, the model 
parameters are optimized by jointly minimizing a total 
loss function that combines reconstruction, clustering, 
and topology-preserving objectives.
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Problem definition
Given single-cell transcriptome data, it is represented as 
a matrix X ∈ Rn× m, where n is the number of cells and 
m is the number of genes. The gene expression vector 
of each cell is denoted as Xi. Our goal is to assign these 
cells into different cell types by clustering such that cells 
of the same type have a higher similarity in gene expres-
sion patterns.

Preliminaries
Define the adjacency matrix of an undirected graph 
G = {V, E} as A ∈ Rn× n and the node degree matrix 
D=diag(A). The goal of graph partitioning is to divide 
V into K mutually exclusive subsetsThe gusive subsets 
C1, C2, . . . , CK . Traditional mincut minimizes the sum 
of edge weights between clusters [21, 22]:

	
mincut (C1, C2, . . . , CK) =

∑k
i=1cut

(
Ci,

?
Ci

)
� (1)

To avoid cutting all nodes to one cluster, normalized 
mincut is used:

	
Norm_mincut

∑k
i=1

cut
(

Ci,
?
Ci

)

vol (Ci)
� (2)

In the formula, vol (Ci) =
∑

u∈ Ci

∑
v∈ V Auv , is the 

sum of all the nodes in the cluster Ci degree nodes [23, 
24].

Figure 2 shows three common local structures in net-
work analysis: (a) Simple edge connection (2-node); (b) 
The triangular closed structure (3-node) reflects the local 
cluster characteristics and is the basic unit for measur-
ing the transitivity and clustering of the network. (c) The 
cyclic structure (4-node) represents the cyclic path in the 
network. These structures are the fundamental units for 
understanding the principles of complex networks.

Higher-order mincuts extend the traditional mincut 
problem by considering higher-order connection pat-
terns in graphs (such as triangles, 4-node cycles, etc.). 
The objective of motif conductance is to minimize the 
number of inter-group motif cuts while maximizing the 
number of intra-group motifs. The high-order derived 
degree is defined as follows.

	
Norm_mincutM =

∑k
i=1

cutM (Ci,
′

Ci)
volM (Ci)

� (3)

Here: cutM (Ci,
−
Ci) is a Motifs Cut: it represents the 

number of motifs when two nodes belong to different 
groups. volM (Ci) is the Motif Volume and represents 
the number of nodes of the motif whose nodes are in the 

group. cutM (Ci,
−
Ci)and volM (Ci).

represent the number of motif instances across clusters 
and within clusters, respectively.

The traditional MinCut objective [21] aims to mini-
mize the weight of connections between clusters, but its 

Fig. 1  Overview of our approach
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discrete optimization is NP-hard. Spectral clustering [25, 
26] provides a relaxation via eigen-decomposition, while 
local graph partitioning methods [27] offer an alterna-
tive perspective. However, traditional spectral cluster-
ing requires the eigen-decomposition of the Laplacian 
matrix [25, 26, 28], and the computational complexity 
increases with n3 and it is easy to fall into local minima. 
Dimensionality reduction techniques, such as trace ratio 
optimization [29, 30], can reduce computational costs 
by projecting data into a lower-dimensional space, but 
they may not fully address the fundamental limitations 
of spectral clustering in capturing complex graph struc-
tures. To overcome these challenges, our deep clustering 
strategy is inspired by recent advances in graph neural 
networks (GNNs) [31, 32], which highlight the advan-
tages of GNNs in graph pooling and incorporate ideas 
from trace ratio optimization [29] and dimensionality 
reduction [30] into the optimization process. Specifically, 
in this paper, we adopt the continuous relaxation strat-
egy from [33] to relax Eq. (3) as a differentiable loss and 
embed it into the end-to-end training of the GNN; details 
are provided in subsequent sections. Since the discrete 
optimization of Eq.  (3) is NP-hard, this approach trans-
forms the hard assignment matrix into a probabilistic 
simplex, enabling differentiable optimization and seam-
less integration with GNN training via backpropagation. 
By leveraging continuous relaxation and backpropagation 
in the GNN framework, node embedding and the soft 
assignment matrix are learned synchronously, thereby 
avoiding the explicit calculation of feature vectors [34]. 
Further details are elaborated in subsequent sections.

Dimensionality reduction with autoencoder
We employed a deep autoencoder [35] to denoise the 
data and learn its salient features [36], a strategy com-
monly used in scRNA-seq data analysis [37], which is 
optimized by minimizing the MSE reconstruction error:

	
minθe′ θd

LAE = 1
n

∑n
i=1 ∥ Xi − X̂i ∥2

2� (4)

Here, X̂i is the output of the decoder and represents the 
reconstruction of the input data Xi. By minimizing the 
reconstruction error, the autoencoder is able to learn 
important features of the data while removing part of the 
noise.

Construction of the cell adjacency matrix
Using the hidden feature data Z  after dimension reduc-
tion, we construct the adjacency matrix A between cells. 
Specifically, we use a Gaussian kernel function to com-
pute the similarity between cells:

	
Aij = exp(−

∥ Zi − Zj∥2
2

2σ2 )� (5)

Here, σ  is the width parameter of the Gaussian kernel, 
which controls the rate of decay of the similarity. For 
each cell, the top K nearest neighbors are selected based 
on this similarity measure. The selection of σ and K will 
be discussed in detail in the parameter analysis and simu-
lation data analysis sections. To ensure the connectivity 
of the graph, we usually normalize the adjacency matrix 
and add self-connections.

Node embedding with graph neural networks
Graph Neural Networks have shown great potential in 
this domain [38, 39]. We employ topologically adaptive 
graph convolution TAGConv [40] to learn cell embed-
dings. TAGConv captures high-order path patterns by 
aggregating 0-K order neighbor information [41], and 
introduces attention weights to automatically learn the 
importance of different orders. Its propagation rule for 
the l-th layer is

	
H(l+1) = σ

(∑k
k=0α (l,k)AkH(l)W(l,k)

)
� (6)

Fig. 2  Three representative motifs in biological networks, (a) edge, (b) triangle motif, (c) 4-node cycles
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Where: H(l) is the node feature matrix of the l th layer, 
where each row represents the feature vector of a node 
A is the adjacency matrix of the graph, Ak denotes the 
adjacency matrix of order k, Where Ak records the num-
ber of paths of length k, α (l,k) is the attention coeffi-
cient, which is calculated by the learnable vector α (l,k) 
and LeakyReLU activation [40]. We take K = 3 in all 
experiments, and the final output H l is used as the cell 
representation for subsequent clustering and reconstruc-
tion constraints.

End to end cluster assignment
After obtaining the node embedding H_L, we directly 
input the two-layer MLP to obtain the soft assignment.

matrix: S = Softmax (MLP ( H
(l) )) (7)

Each row Si represents the probability that cell I 
belongs to each cluster. Different from the classical spec-
tral clustering that requires re-feature decomposition of 
new samples [25, 26], this mapping is updated through 
back propagation together with GNN parameters in the 
training phase to realize the end-to-end joint optimiza-
tion of “embedding learning-clustering assignment” [34]. 
During training, S is used to compute mincut, higher-
order mincut, and orthogonal loss, as detailed in the fol-
lowing sections.

First-order mincut loss
To reduce the connection weights between different cell 
clusters, we adopt normalized mincut as the clustering 
loss [18].

	
Lmincut = −

Tr
(
STAS

)
Tr (STDS)

� (8)

Where S is the node-to-cluster assignment matrix, and 
each row represents the probability that a node belongs 
to each cluster. A is the adjacency matrix of the graph; 
Tr() denotes the trace of a matrix. Tr

(
STAS

)
 repre-

sents the sum of weights of inter-cluster connections, 
and Tr

(
STDS

)
 represents the sum of weights of intra-

cluster connections.

Higher-order minicut loss
While the first-order MinCut loss in Eq. (10) only consid-
ers pairwise connections, it fails to capture higher-order 
structures like triangles, which are crucial for defining 
robust cell communities [19, 42]. To address this, we 
introduce a higher-order MinCut loss that operates on 
triangle motif-based adjacency matrices. The formulation 
of triangle motif is

	 AM = A ◦ A2� (9)

A is the adjacency matrix of the network, with Aij = 1, 
if nodes i and j are connected, and 0 otherwise. A2 rep-
resents the number of length-2 paths between node 
pairs, ◦ denotes the Hadamard (element-wise) prod-
uct. AM  encodes triangle structures, where (AM )ij > 0 
indicates that nodes i and j participate in triangles. This 
matrix-based representation provides a computationally 
efficient framework for analyzing higher-order network 
structures.

We choose the triangular motif as the representative 
of high-order structures mainly based on the following 
considerations: Firstly, the triangular motif is the sim-
plest high-order connection mode in the network, and 
its computational complexity is relatively low. Secondly, 
the triangular motif is closely related to the local aggrega-
tion characteristics of the network and serves as the basis 
for measuring the clustering coefficient and transitivity of 
the network.

After the motif adjacency matrix AM is constructed 
where each element ( AM)ij counts the number of motifs 
involving both node I and j, the higher-order mincut loss 
is defined as follows.

	
LH_mincut = −

Tr
(
STAMS

)
Tr (STDMS)

� (10)

Where S is the node-to-cluster assignment matrix, and 
each row represents the probability that a node belongs 
to each cluster. A is the adjacency matrix of the graph; 
Tr() denotes the trace of the matrix, Tr

(
STAMS

)
 

denotes the sum of node weights of participating motifs 
between different clusters, and Tr

(
STDMS

)
 denotes 

the sum of node weights of participating motifs within a 
cluster.

Inter-cluster orthogonality loss
The orthogonality constraint encourages the column 
vectors of S be orthogonal. This not only separates clus-
ter centroids in the embedding space but also implicitly 
balances the cluster sizes, preventing the degeneration 
where all cells are assigned to a few large clusters. To pre-
vent embedding space overlap and balance cluster sizes, 
we force the cluster assignment matrix to be approxi-
mately column-orthogonal. Inter-cluster orthogonal loss 
is defined as follows.

	
LOrth =

∣∣∣∣
∣∣∣∣

ST S
||ST S||F

− IK√
K

∣∣∣∣
∣∣∣∣
F

� (11)

Here, ∥ ·∥ F  denotes the Frobenius norm, S is cluster 
assignment matrix, IK is the identity matrix, and K  is 
the number of clusters. Inter-cluster orthogonal loss 
can effectively prevent the overlap of clusters in the 
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embedding space, balance the number of nodes between 
clusters, and make the clustering results more clear and 
interpretable.

Topology reconstruction loss
The pure cut objective function may over-partition 
the graph, so the inner product is used to recon-
struct adjacencies to constrain the global struc-
ture [43]. Cross-entropy is used to ensure that A’ 
is consistent with the original A distribution, for-
mally, A′ = sigmoid

(
HT

LHL

)
 ,we use cross-entropy loss 

to calculate the difference between the newly constructed 
adjacency matrix A′ and the original matrix A, and min-
imize this loss as a constraint in the learning process of 
graph neural network:

	 LRecon = − 1
n

∑ n

i=1

∑ n

j=1
[Aij logA′

ij + (1 − Aij)log(1 − A′
ij )]�(12)

Total loss function
The overall training objective is to minimize the follow-
ing total loss function (Eq. 14), which is a sum of all pre-
viously described loss components, we define the total 
loss function as follows.

	 LTotal = LRecon + Lmincut + LH_mincut + LOrth�(13)

By jointly optimizing the total loss function, we can 
achieve dimensionality reduction and denoising of data, 
graph structure learning and cluster assignment optimi-
zation at the same time, thereby improving the perfor-
mance of clustering.

Evaluation metrics
To evaluate the clustering performance, we employ 
the following commonly used evaluation metrics, with 
higher values indicating better clustering. Normalized 
Mutual Information (NMI): measures the mutual infor-
mation between the clustering results and the true labels, 
Adjusted Rand Index (ARI): This measures the agree-
ment between the clustering results and the true labels, 
with higher values indicating better clustering. These 
evaluation metrics are able to evaluate the clustering per-
formance from different perspectives, providing us with a 
comprehensive performance evaluation.

Experimental results and analysis
To evaluate the performance of our proposed DGM 
model, we evaluate the model on 10 public scRNA-seq 
datasets covering a variety of organizations and plat-
forms (e.g., 10x, Drop-seq, Smart-seq2). All datasets are 
publicly available and no ethical approval is required. 
Table 1 summarizes the details of the different datasets. 
We compare it with eight representative baseline meth-
ods covering different technological routes. The compari-
son methods include traditional methods (PCA, Seurat 
[44], Scanpy [45]) and deep learning methods scBGEDA 
[20], DCA [43], scDeepCluster [13], scziDesk [46], DESC 
[14]. Etc.). Table 2 summarizes the core features of these 
baseline approaches.

Table 1  Summary of scRNA-seq datasets in this study
Dataset Class Cells_Num Organ Platform Ref.
Adam 8 3660 Kidney Drop-seq  

[47]

Bach 8 23,184 Mammary 
Gland

10x  
[48]

Klein 4 2717 Embryonic 
Stem Cell

inDrop  
[49]

Muraro 9 2122 Pancreas CEL-seq2  
[50]

QS_Diaphragm 5 870 Diaphragm Smart-seq2  
[51]

QS_Heart 8 4365 Heart Smart-seq2  
[51]

QS_Lung 11 1676 Lung Smart-seq2  
[51]

Qx_Bladder 4 2500 Bladder 10x  
[51]

Tosches_turtle 15 18,664 Turtle Brain Drop-seq  
[52]

Wang_Lung 2 9519 Lung 10x  
[53]

Table 2  Summary of baseline methods and their capabilities
Method Category Core Idea / Technical Feature
PCA + k-
means [10]

Traditional 
Linear Model

Performs k-means clustering after 
dimensionality reduction via Principal 
Component Analysis (PCA)

Seurat [44] Classic scRNA-
seq Tool

Clusters a nearest-neighbor graph 
using community detection algo-
rithms (e.g., Louvain)

Scanpy [45] Classic scRNA-
seq Tool

Provides various graph clustering and 
Leiden algorithm options; a main-
stream tool in the Python ecosystem

DCA [43] Deep Learning 
Method

Uses Denoising Autoencoders for 
dimensionality reduction and impu-
tation, followed by clustering

scDeepClus-
ter [13]

Deep Learning 
Method

Jointly optimizes an autoencoder 
and a clustering loss for end-to-end 
clustering

scziDesk [46] Deep Learning 
Method

Handles dropout noise using a zero-
inflated negative binomial model and 
autoencoders

DESC [14] GNN-based 
Method

Learns embeddings using a graph au-
toencoder and employs a self-train-
ing mechanism to refine clustering

scBGEDA [20] GNN-based 
Method

Guides clustering by combining 
graph autoencoders with biological 
pathway prior knowledge

Our DGM GNN-based 
Method

Coordinates high-order MinCut loss, 
orthogonality loss, and topology 
reconstruction constraint
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We carried out clustering experiments on these ten 
datasets, recorded the experimental results, and com-
pared our results with several existing methods. As can 
be seen from Fig. 4, scBGEDA, scziDesk, scDeepCluster 
and other methods also perform well, and our results 
in the other three datasets are close to the top-ranked 
method, also showing competitive performance. For each 
dataset, we run each setting with multiple random seeds 
and record the median value. Finally, we compared the 
average performance gains of all methods across the ten 
datasets. Fig. (4a, b, c and d) shows the proposed method 
achieves the optimal NMI and ARI on 7/10 datasets, and 
the other 3 datasets are also ranked in the top two, which 
are better than the existing optimal methods, verifying 
the robustness and generalization ability.

As shown in Fig.  3, we applied different clustering 
methods to multiple single-cell transcriptome datasets 
and reduced the high-dimensional data to two dimen-
sions by UMAP for visualization [54]. It can be observed 

that DEC and scDeepCluster also show strong perfor-
mance, and these methods show strong advantages when 
dealing with large-scale datasets. Meanwhile, our pro-
posed method (Ours) also shows clear clustering bound-
aries and reasonable cell population distribution on 
multiple datasets, showing similar performance with pre-
vious methods. For example, in the Adam and Bach data-
sets, our method can identify more cell populations with 
a clear degree of discrimination, which demonstrates the 
effectiveness of our method when dealing with single-cell 
transcriptome data.

As shown in Table 3, We use the Silhouette score (the 
ratio of intra-module compactness to inter-module sepa-
ration) to evaluate the clustering quality. The closer the 
silhouette coefficient is to 1, the better the clustering 
quality is. Among the comparison of several methods, 
DGM achieved the highest contour coefficients in six 
of the ten datasets (Adam, Bach, Klein, QS_Diaphragm, 
QS_Lung, Wang_Lung), indicating that its clustering 

Table 3  Silhouette score of several datasets obtained by baseline methods
Adam Bach Klein Muraro QS_Diaphragm QS_Heart QS_Lung Qx_Bladder Tosches_turtle Wang_Lung

DGM 0.6924 0.5606 0.8098 0.6686 0.7815 0.5550 0.6695 0.6921 0.5221 0.8900

DESC 0.4452 0.6528 0.118 0.3726 0.2796 0.2790 0.3355 0.4199 0.342 0.4532

scDeepCluster 0.5240 0.5500 0.4578 0.7642 0.6942 0.5697 0.3838 0.8244 0.4199 0.2163

Seurat 0.0524 0.0709 0.0448 0.1024 0.0752 0.0853 0.1507 0.0530 0.1147 -0.034

DCA 0.1641 0.3061 0.3294 0.4425 0.3682 0.1662 0.3411 0.4123 0.3271 0.0697

PCA 0.0828 0.0916 0.0439 0.1590 0.1004 0.0957 0.1638 0.0657 0.1599 0.1948

Fig. 3  Visualization of clustering results via DGM and baseline methods
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results have the best cohesion and separability. scDeep-
Cluster and DESC also demonstrated relatively high 
performanc. 

Ablation study
The ablation results on the ARI and NMI metric (Fig. 4e 
and f ) clearly show that removing any module leads to a 
performance degradation, confirming the indispensabil-
ity of each component in the DGM framework, as the 
removal of any module leads to a marked decline in aver-
age NMI and ARI. The contribution of individual mod-
ules, however, exhibits dataset-dependent characteristics. 
For instance, the high-order MinCut loss is the dominant 
factor on the Adam dataset. A similar trend was observed 
for the ARI metric (Fig. 4e). Notably, the orthogonality 
loss contributed most significantly on the Bach dataset. 

This context-specificity underscores the necessity for 
future research into adaptive loss weighting mechanisms.

The synergistic effect of our joint optimization strategy 
is key to the performance gain. The autoencoder provides 
a denoised and low-dimensional feature representation. 
The GNN captures complex cell-cell relationships. Cru-
cially, the high-order MinCut loss preserves the graph’s 
topological structure, while the orthogonality loss 
enhances inter-cluster separability. The topology recon-
struction constraint prevents over-segmentation and 
maintains global consistency. This integrated approach 
enables DGM to capture high-order structures effectively 
while avoiding topological collapse.

Parameter analysis
We studied the effects of K and σ. We tested different 
combinations of K and σ on 10 datasets. The range of 

Fig. 4  ARI and NMI Performance Comparison, (a) Box plots of the ARI metric for various methods across the ten datasets. b Bar chart comparing ARI 
scores for the methods across the datasets. c Box plots of the NMI metric for various methods across the ten datasets. d Bar chart comparing NMI scores 
for the methods across the datasets. e Bar chart of the ARI metric for the ablation study of the proposed method across the datasets. f Bar chart of the NMI 
metric for the ablation study of the proposed method across the datasets
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K was [3,5,10,15,20]. The range of σ was [1,3,5,10,100]. 
Fig. 5 shows the average ARI values for different combi-
nations. The ARI values change non-monotonically. They 
show a non-linear transformation. The highest values 
appear near the yellow region. The lowest values are in 
the dark blue region. For topk, medium values (around 
10–15) give higher ARI. When topk is too small (close 
to 5) or too large (close to 20), ARI decreases. The rea-
son is that a too small K cannot construct enough edges. 
This makes the data too sparse. A too large K adds more 
edges. But it may also introduce noisy edges. For σ, as 
σ increases, ARI changes non-linearly. It peaks near a 
medium value. Too small or too large σ values lower ARI 
for the reason that a too large σ favors local information 
of nodes and a too small σ favors global information. A 
balance between global and local information is needed.

Cell type identification and marker gene analysis
Taking Adam dataset as an example, we further carried 
out differential expression analysis to verify whether 
the embedding representation obtained by the scDGM 
method can facilitate functional genomics interpretation. 
Adam dataset [47] uses psychrophilic protease technol-
ogy to obtain high-quality single-cell transcriptome of 

kidney development. As shown in Fig.  6, the cluster-
ing results successfully reproduce the cell type-specific 
expression of known marker genes (such as Krt18, Fabp4, 
Slc12a1, and Emx1).

We used Scanpy [45] for downstream analysis of the 
clustering results (Fig. 6). Firstly, we plot the expression 
heat map of the top three differentially expressed genes in 
each cell cluster across all cells (Fig. 6a). Furthermore, we 
used the scanpy package to identify the most significantly 
differentially expressed genes in each cluster compared to 
other clusters The heat map, and violin plot consistently 
showed that Fabp4, Slc12a1, Emx1 and other marker 
genes were specifically expressed in each cluster. UMAP 
2D visualization (Fig. 6c) reveals that Corresponding cell 
clusters can be identified based on marker genes, which 
verifies that the clustering results are highly consistent 
with biological knowledge and have interpretability and 
usability. Fig.  6d shows the similarity between marker 
genes from different methods and the gold standard cell 
types. Each column represents a cluster from a specific 
method. Each row represents a known gold standard cell 
type. The cell types are CM, Distal Tubule, ED, LH, PT, 
Podocytes, Stroma, and Ureteric Bud. We used the top 
50 differentially expressed genes to identify specific cell 

Fig. 5  ARI heatmap for different parameter combinations
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Fig. 6  Marker Gene Expression and Cell Type Identification Performance (a), Expression of top marker genes across the identified clusters, shown as a 
heatmap, (b）Violin plots display the expression distribution of the most significant marker gene for each cluster. c UMAP projections visualize the spa-
tial expression patterns of the marker genes within the cell atlas. d Similarity matrix compares the cell clusters identified by four distinct deep learning 
methods (DCA, DESC, scDeepCluster, and DeepCluster) against established reference cell types, based on the similarity of their top marker gene profiles
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types. Methods DESC and scDeepcluster also achieved 
high similarity. Our results are consistent with popular 
methods.

Trajectory inference and enrichment analysis
Figure 7a depicts the core lineage relationships in mouse 
kidney development, which is consistent with established 
biological literature. In the diagram, CM (Cap Mesen-
chyme) is positioned as the central starting point. During 
kidney development, CM serves as a multipotent progen-
itor pool that generates the epithelial cells of the neph-
ron. An arrow points from CM to Oocytes, highlighting 
the key and direct differentiation pathway for glomerulus 
formation. Furthermore, CM is connected to other major 
terminal cell types, including PT (Proximal Tubule) and 
Distal tubule/LH. This schematic clearly presents the 
diverse cellular origins in the kidney and illustrates the 
main trunk of epithelial differentiation centered on CM, 
accurately reflecting their anatomical and functional 
continuity.

Functional enrichment analysis was performed on the 
two identified cell clusters: Podocytes and PT (Proxi-
mal Tubule) cells. Fig. 7b presents the results of gene set 
enrichment analysis, comparing the biological functions 
of two distinct renal cell populations: Podocytes and 
Proximal Tubule (PT) cells. The side-by-side bar charts 
reveal a striking and functionally coherent dichotomy 
in their enriched biological processes, strongly validat-
ing the cell type annotations. The Podocyte cluster is 
significantly enriched for processes intrinsic to its iden-
tity, such as Podocyte Differentiation, Glomerular Epi-
thelial Cell Differentiation, and Kidney Development. In 
contrast, the PT cell cluster shows enrichment for path-
ways directly related to its core physiological functions, 
including Fructose Metabolic Process, Receptor-Medi-
ated Endocytosis, and Phosphate Ion Homeostasis. This 

pattern of enrichment validates the cell type annotations, 
as the significant biological processes for each cluster 
align with their established roles in renal structure and 
function.

Simulated data analysis
We used six simulated datasets generated by Splatter [55, 
56] to test scDGM. The dropout rates ranged from 0.05 to 
0.25. The clustering performance, evaluated by NMI and 
ARI, was compared against baseline methods in(Fig.  8a 
and b).Cell visualization results for one dataset are shown 
in Fig. 8c. scDGM clearly separated the five cell types.

At series dropout rate from 0.05 to 0.20, DGM outper-
formed all baselines across different levels. Performance 
decreased slightly when the dropout rate increased to 
0.25. To investigate this, we gradually increased the value 
of K on the dropout_25 dataset. Fig. 8d shows that NMI 
and ARI improved as K increased. The metrics stabilized 
after K exceeded 25. This suggests that the high-order cut 
is effective for dense graph structures and higher-order 
information, such as triangular motifs, can effectively 
reveal deeper relationships in dense subgraphs. However, 
in sparse graphs, there may not be too many higher-order 
structures for this method to detect. Thus, the high-order 
cut is useful, but its effectiveness depends on specific 
conditions.

Discussion and conclusion
Our study presents the Deep Graph MinCut (DGM) 
framework, which advances single-cell clustering by 
simultaneously addressing limitations of existing meth-
ods: the neglect of higher-order topology, ambiguous 
cluster boundaries, and over-cut. When compared to 
recent graph-based methods that focus on first-order 
convolutions [14], DGM’s integration of higher-order 
MinCut loss, inter-cluster orthogonality constraints, 

Fig. 7  Trajectory Inference and Cell Type-Specific Functional Enrichment. a Trajectory inference reveals the potential lineage relationships among major 
cell types. b Functional enrichment analysis demonstrates the specialized roles of two key epithelial cell types. The Podocyte cluster is enriched for devel-
opmental and structural pathways, while the Proximal Tubule (PT) cluster is enriched for metabolic and transport processes, aligning with their distinct 
biological functions
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and topology reconstruction offers a more integrated 
approach. Evaluated on ten public scRNA-seq datas-
ets, DGM achieved robust performance, with average 
improvements of 2.03% in NMI and 3.11% in ARI, out-
performing state-of-the-art methods and underscoring 
its generalizability.

Crucially, the value of DGM extends beyond com-
putational metrics to direct biological utility. Down-
stream analysis demonstrated strong concordance with 
known marker genes and developmental trajectories. 
For instance, as shown in Fig.  6, DGM accurately reca-
pitulates the specific expression of key markers in distinct 
renal cell types. This biological interpretability suggests 
that DGM can serve as a tool for discovery, with poten-
tial to aid in applications such as characterizing tumor 
microenvironments or facilitating the discovery of novel 
biomarkers [57].

Despite its strengths, our work has several limitations 
that should be acknowledged. First, the computational 
complexity of graph construction and high-order motif 
calculation may present challenges for ultra-large-scale 
datasets. Second, the performance of DGM can be influ-
enced by the hyperparameters of the graph construction 
process (e.g., the Gaussian kernel width σ and top k). 
Finally, while we demonstrated effectiveness on scRNA-
seq data, its applicability to other single-modal or multi-
omics data (e.g., spatial transcriptomics) requires further 
investigation. We acknowledge that these limitations 
define the current scope of our method’s application.

To address these limitations, future work will focus 
on addressing the current limitations to broaden DGM’s 
applicability. Concurrently, to improve usability and 
robustness, we will develop automated hyperparameter 
optimization techniques. These methodological advance-
ments will be crucial for reliably applying DGM to 

large-scale clinical datasets, which is necessary to thor-
oughly validate its utility in practical scenarios, such as 
discovering diagnostics biomarkers or characterizing 
tumor microenvironment heterogeneity.

In summary, DGM offers an interpretable and poten-
tially robust framework for single-cell transcriptomics 
through the integration of higher-order graph cuts with 
cluster orthogonality constraints. The results obtained 
with DGM may support ongoing biomedical research, 
particularly in the area of biomarker discovery, with the 
long-term aim of potentially contributing to improved 
diagnostic and therapeutic strategies.
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