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Abstract 11 

Single-cell RNA sequencing (scRNA-seq) technology can be used to perform high-resolution analysis of the 12 

transcriptomes of individual cells. Therefore, its application has gained popularity for accurately analyzing the ever-13 

increasing content of heterogeneous single-cell datasets. Central to interpreting scRNA-seq data is the clustering of cells 14 

to decipher transcriptomic diversity and infer cell behavior patterns. Although clustering plays a key role in the 15 

subsequent analysis of single-cell transcriptomics, its complexity necessitates the application of advanced 16 

methodologies capable of resolving the inherent heterogeneity and limited gene expression characteristics of single-cell 17 

data. In this study, we introduced a novel deep learning-based algorithm for single-cell clustering, designated scFCN, 18 

which can significantly enhance the clustering of scRNA-seq data through a fusion network strategy. The scFCN 19 

algorithm applies a dual mechanism involving an autoencoder to extract attribute information and an improved graph 20 

autoencoder to capture topological nuances, integrated via a cross-network information fusion mechanism 21 

complemented by a triple self-supervision strategy. This fusion is optimized through a holistic consideration of four 22 

distinct loss functions. A comparative analysis with five leading scRNA-seq clustering methodologies across multiple 23 

datasets revealed the superiority of scFCN, as determined by better Normalized Mutual Information (NMI) and Adjusted 24 

Rand Index (ARI) metrics. Additionally, scFCN demonstrated robust multi-cluster dataset performance and exceptional 25 

resilience to batch effects. Ablation studies highlighted the key roles of the autoencoder and the improved graph 26 

autoencoder components, along with the critical contribution of the four joint loss functions to the overall efficacy of 27 

the algorithm. Through these advancements, scFCN set a new benchmark in single-cell clustering and can be used as an 28 

effective tool for the nuanced analysis of single-cell transcriptomics. The source code of scFCN is publicly available at 29 

https://github.com/11051911/scDFN. 30 
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1. Background 32 

Single-cell RNA sequencing (scRNA-seq) technology represents a considerable advancement in high-throughput 33 

technology. It can be used to analyze the transcriptome of individual cells at the finest level [1]. This technique differs 34 

from conventional bulk RNA-Seq methodologies, which miss the intricate heterogeneity among cells [2]. The ever-35 

increasing content of heterogeneous single-cell data highlights the need for the development of efficient tools 36 

specifically for conducting single-cell transcriptome analysis [3]. Cell clustering is an important technique that can be 37 

used to determine cell heterogeneity and perform cell development trajectory analysis [4], as well as, the KEGG pathway 38 

analysis and Gene Ontology (GO) analysis. By grouping cells based on their expression matrices, clustering facilitates 39 

the elucidation of internal structural information and molecular profiles, thus, influencing the quality of downstream 40 

single-cell transcriptomics analyses. Single-cell clustering, however, is hindered by the high heterogeneity and low gene 41 

expression rates of single-cell transcriptomics data. 42 

Conventional clustering methods, such as k-means clustering [5], hierarchical clustering [6], principal component 43 

analysis (PCA), and KNN (K-Nearest Neighbors), have been used to develop cell clustering approaches. For example, 44 

SC3 [7] uses genetic filtering along with PCA and Laplace transforms, enhancing k-means with hierarchical clustering 45 

to refine the clustering outcome by integrating the initial value and condition variations. This approach addresses the 46 

limitations of greedy algorithms by ensuring consistency. Additionally, approaches like PARC [8] and Seurat [9] utilize 47 

KNN to allocate cells to their nearest clusters based on computational distances and neighbor counts, which can vary 48 

significantly. TSCAN is an unsupervised approach that links gene expression to the temporal or spatial orientations of 49 

cells, enabling cell clustering via trajectory inference analysis [10]. However, when dealing with large datasets, 50 

conventional clustering techniques struggle with scalability, and the efficacy of methods like KNN depends heavily on 51 

the choice of the definition of computational distance and the number of nearest neighbors. 52 

Deep learning has introduced various sophisticated methods for clustering and analyzing scRNA-seq data. These 53 

advanced single-cell data clustering approaches are categorized into five main groups based on their network 54 

optimization objectives. These groups include generative adversarial network-based methods (e.g., scGPCL [11] and 55 

scDECL [12]), subspace clustering-based methods (e.g., scBGEDA [13]), Gaussian mixture model-based methods (e.g., 56 

scSSA [14]), spectral clustering-based methods (e.g., Secuer [15] and scDSSC [16]), and self-optimization-based 57 

methods (e.g., scziDesk [17], scDeepCluster [18], DESC[19], and GraphSCC [20]). The methods are described in Table 58 

1. A summary of deep learning-based single cell clustering methods.. For example, scDSSC [16] applies an autoencoder 59 

for noise reduction and dimensionality reduction and performs spectral clustering through a sparse self-expressive 60 

matrix (SEM). However, the model uses different hyperparameters for different datasets while training. DESC [19] 61 

obtains parameters through an automatic encoder and learns the spatial structure by iteratively optimizing the clustering 62 

objective function. Additionally, DESC uses the traditional MSE loss as the data reconstruction error and ignores the 63 
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distance between similar cells; thus, it cannot maintain the global and local structure of the data. DCA [21] uses a deep 64 

count autoencoder network to denoise the scRNA-seq data. In scDeepCluster [18], autoencoders are trained to denoise 65 

the data by simultaneously reducing reconstruction loss and separation loss, which helps in learning transcriptome 66 

expression and clustering features simultaneously. However, as it does not pre-select highly variable genes as input 67 

features, it has low clustering accuracy, is time-consuming, and requires a lot of memory. The scSSA [14] uses a semi-68 

supervised autoencoder and fastICA for dimensionality reduction and constructs a Gaussian mixture model that yields 69 

accurate clustering results. However, different epochs may be required to minimize the loss in different datasets. Because 70 

it uses a semi-supervised autoencoder, at least some cells need to be labeled while training. Otherwise, the clustering 71 

performance may be greatly affected. The scziDesk [17] model combines deep learning techniques with denoising 72 

autoencoders to characterize scRNA-seq data, and a soft self-training k-means algorithm is used to cluster cell 73 

populations in the potential learning space. The scBGEDA [13] performs single-cell clustering by a dual denoising 74 

autoencoder and bipartite graph ensemble clustering algorithm. Most of the models mentioned above use k-means 75 

clustering for initialization, and the results are optimized based on clustering loss. However, they ignore the structural 76 

information among cells and face difficulties while dealing with large datasets. In scTAG [22], a topologically adaptive 77 

graph convolutional autoencoder is developed to learn cell-cell topological representations. A hypothesis-free cell 78 

learning framework, known as scGNN [23], uses graph neural networks to characterize the relationship between cells. 79 

To preserve the topological structure and attribute information of the scRNA-seq data, multi-task-oriented graph 80 

autoencoders are applied by scGAE [24] for dimensionality reduction. GraphSCC [20] combines graph convolutional 81 

networks (GCNs) and denoising autoencoders to integrate the structural information of scRNA-seq data and a dual self-82 

supervised module is designed to optimize the latent representation. In scMGCA [25], a graph-embedded autoencoder 83 

is constructed to learn cell-cell topological representations and cluster assignments simultaneously. Notably, Ding et al 84 

[26] provides an end-to-end toolkit DANCE, which supports 3 modules and 8 tasks with 32 state-of-art methods on 21 85 

benchmark datasets. However, graph autoencoders often miss key patterns in gene expression data, which is a major 86 

limitation of these methods. 87 

Based on these approaches, several deep graph clustering methods have been developed, which combine 88 

autoencoder and graph encoder to extract the structural and attribute information of graphs. This combination has 89 

advantages over an autoencoder or a graph autoencoder used alone. SDCN [27] integrates multiple representations and 90 

structures of the data based on a dual self-supervised combination of autoencoder and GCN. In this process, the 91 

autoencoder and GCN help each other to improve clustering performance. DFCN [28] captures the shared representation 92 

of local and global information in input data by an autoencoder and a graph encoder. These results suggest that 93 

combining classic autoencoder and graph autoencoder is an effective method to extract cell information and cell-cell 94 

topology information of scRNA-seq data. 95 
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In this study, we propose a self-optimization deep single-cell clustering algorithm known as scFCN, which can 96 

extract the attribute information and structure information of scRNA-seq data through a fusion network. The scFCN has 97 

three main modules, including a data processing module, an information coding module, and an information fusion 98 

module. The data processing module is used to select highly variable genes and reduce the dimension of the features of 99 

the input scRNA-seq data. The information coding module extracts the cell representation information through the 100 

autoencoder and the improved graph autoencoder. This is the first study to apply the augmented graph network for the 101 

topological representation of data at the single-cell level. The information fusion module combines the extracted 102 

attribute and topology information based on the cross-network information fusion mechanism and the triple self-103 

supervision strategy. Quadruple joint losses are adopted to optimize the cell clustering representation in the whole model. 104 

The results of a comprehensive evaluation and analysis confirmed that scDFN can improve scRNA-seq clustering 105 

effectively. Compared to five state-of-the-art scRNA-seq clustering methods, scDFN achieves better NMI and ARI on 106 

multiple datasets. Additionally, scDFN can be used to analyze multi-cluster datasets effectively. Ablation studies have 107 

not only shown the necessity of an autoencoder and an improved graph autoencoder but also revealed the importance of 108 

four joint losses. Our scDFN method also exhibits excellent robustness during clustering and effectively eliminates batch 109 

effects. 110 

 111 

Table 1. A summary of deep learning-based single cell clustering methods. 112 

 113 

Method 
Classification 

Tool Year Model Objective Autoencoder 
Hyperparameters 

consistency 

Generative 
adversarial 

network-based 

scGPCL 2023 
Graph prototypical 
contrastive learning 

Clustering 
GNN-based 
autoencoder No 

scDECL 2023 

Contrastive learning 
and pairwise 
constraints 

Clustering 
Deep 

autoencoder No 

Subspace 
clustering-

based 

scBGEDA 2023 

Dual 
denoising 

autoencoder with 
bipartite graph 

ensemble 

clustering 

Clustering 
and 

interpretable 
analysis 

Denoising 
autoencoder Yes 

Gaussian 
mixture model-

based 

scSSA 2022 
Semi-supervised 

autoencoder Clustering 
Deep 

autoencoder Yes 

Spectral 
clustering-

based 

Secuer 2022 

Construct weighted 
bipartite graph, k-
means clustering 

Clustering None No 

scDSSC 2022 
Autoencoder, 

subspace clustering 

Clustering 
and 

interpretable 
analysis 

Denoising 
autoencoder No 

Self-
optimization-

based methods 

scDeepCluster 2019 Autoencoder Clustering 
Denoising 

autoencoder No 

DCA 2019 
Deep count 
autoencoder 

Clustering 
and 

interpretable 
analysis 

Deep 
autoencoder No 
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scziDesk 2020 
Autoencoder, soft 

K-means clustering 

Clustering 
and 

interpretable 
analysis 

Deep 
autoencoder No 

DESC 2020 

Stacked 
autoencoder, 

iterative clustering 

Clustering 
and 

interpretable 
analysis 

Stacked 
autoencoder Yes 

GraphSCC 2020 

Graph convolutional 
network, Denoising 

Autoencoder 

Clustering 
and 

interpretable 
analysis 

Denoising 
Autoencoder Yes 

scGNN 2021 

Graph neural 
networks, 

left-truncated 
mixture Gaussian 

model 

Clustering 
and 

interpretable 
analysis 

Deep 
autoencoder 
and graph 

autoencoder 

Yes 

scGAE 2021 
Multitask-oriented 
graph autoencoder 

Clustering 
and 

interpretable 
analysis 

Graph 
autoencoder Yes 

scTAG 2022 

Graph 

embedding 
clustering 

Clustering 

Deep graph 
convolutional 
autoencoder 

Yes 

scMGCA 2023 
Graph-embedded 

autoencoder 

Clustering 
and 

interpretable 
analysis 

Graph 
autoencoder Yes 

scDEFR 2023 

Fusion Cell 
Topology Encoder, 

Transcriptomics 
Profile-based Graph 

Encoder 

Clustering 

Deep 
autoencoder 
and graph 

autoencoder 

Yes 

 
114 

2. Results and Discussion 115 

2.1 Overall framework 116 

The scDFN method we developed mainly included three parts for optimizing clustering results by learning a low-117 

dimensional representation of cells, whose overall framework is illustrated in Figure 1. The first part involved data 118 

processing using the Python Scanpy package [29]. We selected M, a highly variable gene, and plotted a K-Nearest 119 

Neighbor (KNN) graph as the input of the improved graph autoencoder (IGAE). The second part involved the 120 

establishment of the framework of AE and IGAE to obtain a low-dimensional potential representation of cells. In this 121 

part, AE was used to integrate the attribute information of cells and obtain low-dimensional potential embedding. IGAE 122 

may be used to extract the main cell information and the topological structure of the cells by learning the expression 123 

matrix and the cell graph. The third part was the most important; in the third part, the zero-inflated negative binomial 124 

model (ZINB) distribution was used to not only simulate the distribution of cells but also to act as a decoder to 125 

reconstruct the representation of genes. The Mean Square Error (MSE) reconstruction loss was used to reconstruct the 126 

cell representations of AE and IGAE. The self-optimizing clustering task based on the Kullback-Leibler (KL) divergence 127 

was performed on the embedded representation, which we called the triple self-monitoring mechanism. By 128 



6 

simultaneously correcting clustering loss, ZINB-based loss, and cell graph and expression matrix reconstruction loss, 129 

we captured the optimal attribute information and topology information of cells.  130 

 131 

 132 

Figure 1. Network architecture of scDFN. a. The data preprocessing module. b. Attribute and topology information 133 

fusion (ATIF). 134 

 135 

2.2 Performance comparisons with five state-of-the-art scRNA-seq clustering methods 136 

We compared scDFN with five advanced single-cell clustering methods using 32 real scRNA-seq datasets originating 137 

from multiple platforms to evaluate the clustering performance of scDFN. These methods, including scMGCA, scDEFR, 138 

scTAG, scDeepCluster, and scDSSC, are the most advanced methods developed in recent years and have achieved good 139 

clustering performance. To ensure that the comparison was fair, the method of the baseline model was analyzed and 140 

found to be consistent with the original publication. The results of the comparison are summarized in Figure 2 and 141 

Supplementary Tables S2 and S3. We found that scDFN achieved the highest average scores of NMI (0.8131) and ARI 142 

(0.7518) on all 32 datasets, and scDFER achieved the second highest scores (NMI = 0.8161 and ARI = 0.7518) (Figures 143 

2A and 2B). Specifically, the NMI score of scDFN performed well on 15 datasets, with the highest score of 0.9693 144 

recorded for the QS_Diaphragm dataset [30], and scDFER performed well on seven datasets, with the best score of 145 

0.9637 for the QS_Limb_Muscle dataset (Figure 2g). The ARI value of scDFN performed well on 16 datasets, with the 146 

highest score of 0.9693 for the QS_Diaphragm dataset; the ARI value of the performance of scDSSC on six datasets 147 

was the second highest (Figure 2h). We also compared the overall clustering performance (NMI and ARI) of the methods 148 

on various data platforms, including plate-based platform, flow cell-based platform, Smart-Seq 2, SMARTer, 10X 149 

Genomics, and inDrop (Figures 2c-f). The experimental results showed that the clustering performance of the scMGCA 150 

algorithm on cross-platforms was better than the performance of the other five clustering algorithms, which confirmed 151 
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the effectiveness and accuracy of the scMGCA algorithm in cross-platform clustering. 152 

 
153 

Figure 2. (a and b) A comparison of the average value of NMI and ARI on the 32 real scRNA-seq datasets among six 154 

clustering methods. (c-f) A comparison of the mean value of NMI on various data platforms among six clustering 155 

methods. (g and h) Specific numerical values for each method on each dataset. 156 

 157 

2.3 Performance on multi-cluster datasets 158 

The analysis of single-cell RNA sequencing (scRNA-seq) datasets with a large number of cell clusters is challenging 159 

because unsupervised learning methods are affected by the number of cell clusters [31]. We found that scDFN can 160 

achieve better NMI and ARI performance on datasets with a large number of clusters (Supplementary Tables S2 and 161 

S3). For example, for the Chen dataset (46 clusters) and the TASIC dataset (49 clusters), the NMI scores of scDFN were 162 

0.7655 and 0.8178, and the ARI scores were 0.6420 and 0.5689, respectively. The high performance of scDFN occurred 163 

mainly because the newly constructed interactive potential space can capture the subtle differences in different cell 164 
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clusters. For example, the TASIC dataset included 49 clusters, among which nine clusters included less than 15 cells per 165 

cluster (Supplementary Table S10). The original cell expression matrix of TASIC is visualized in Figure 3a, which 166 

demonstrates that several clusters were mixed. After the interactive potential space was reconstructed in scDFN, most 167 

clusters were separated (Figure 3b). To evaluate how scDFN distinguishes the rare cell clusters contained in TASIC, we 168 

selected the rare cell clusters to make the t-SNE projection and found that the cell clusters were well-separated in the 169 

potential space (Figure 3c). The relationship between real cell clusters and the number of cells they contain is presented 170 

in Supplementary Table S12. 171 

 172 

Figure 3. (a-c) The scDFN separated different cell types in the TASIC dataset: (a) Author’s noted labels on latent space; 173 

(b) The scDFN prediction of 32 cell types; (c) The projection of scDFN on small cell clusters. (d-e) Ablation studies: 174 

(d) Comparison of ARI values for the 32 real scRNA-seq datasets with different modules ((i) AE only, (ii) IGAE only, 175 

(iii) the pre-training part after the fusion of AE and IGAE, and (iv) the fine-training part); (e) Comparison of ARI values 176 

for the 32 real scRNA-seq datasets with different losses. 177 

 
178 
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2.4 Superiority of information fusion 179 

To assess the effectiveness of our proposed model at various stages and the contribution of each unit to the performance 180 

of scDFN, we conducted an ablation study containing (i) AE only, (ii) IGAE only, (iii) the pre-training part after the 181 

fusion of AE and IGAE, and (iv) the fine-training part. We evaluated the performance of different modules, the 182 

distribution of ARI values are shown in Figure 3d, and the results of the NMI values and ARI values of different modules 183 

are shown in Supplementary Tables S4 and S5, respectively. The pre-training stage achieved an average NMI value of 184 

0.7956 and an average ARI value of 0.6987 on 32 scRNA-seq datasets; these values were better than the average NMI 185 

and ARI values (0.7797 and 0.6912, respectively) obtained using only AE. Since we added triple self-supervised loss 186 

during the training stage, the average NMI and ARI values were further improved to 0.8161 and 0.7518, respectively. 187 

All results obtained indicated that the information fusion module can effectively extract the attribute information and 188 

topological information of single-cell data, thus improving the clustering performance. 189 

 
190 

2.5Analysis of the influence of different losses on the experimental performance 191 

In our proposed scDFN, the decoder network used four loss functions to learn the latent representation, and thus, it 192 

collaboratively optimized the ZINB reconstruction loss, the MSE reconstruction loss of AE, the MSE reconstruction 193 

loss of IGAE, and the KL triple self-supervised clustering loss. To examine the reasoning behind adopting ZINB loss 194 

and self-supervised triple clustering loss, we compared the performance of scDFN, scDFN without ZINB loss, scDFN 195 

without KL loss, and scDFN without both of them on 32 real scRNA-seq data. The distribution of ARI values for 196 

different losses is shown in Figure 3e, and the detailed results of NMI values and ARI values are shown in 197 

Supplementary Tables S6 and S7, respectively. We found that the performance of scDFN without KL and ZINB losses 198 

decreased considerably, with an average decrease in NMI of 0.0224 and an average decrease in ARI of 0.0542, whereas 199 

the performance of scDFN without KL loss decreased slightly, with an average decrease in NMI of 0.0032 and an 200 

average decrease in ARI of 0.0091. Using four types of losses, the NMI value improved on 14 datasets, while the ARI 201 

value improved on 16 datasets. Based on these findings, we concluded that ZINB loss and clustering loss in auto-202 

encoders positively affected the clustering performance of scDFER.  203 

 
204 

2.6 Impact of cell cluster number and highly variable genes on scDFN 205 

To determine whether the choice of the number of cell clusters affects the clustering performance of scDFN, we changed 206 

the number of clusters, i.e., we set the number of experimental clusters to {𝑘 − 2, 𝑘 − 1, 𝑘, 𝑘 + 1, 𝑘 + 2} , where 𝑘 207 

indicates the true number of clusters. The NMI results of scDFN on 32 datasets with different clusters are shown in 208 

Figure 4a. The best NMI and ARI scores were obtained when k was set as the true number of clusters, such as on 209 

10X_PBMC [32], Romanov [33], Human [34], etc. Even when the best NMI value was not obtained under the actual 210 
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number of clusters, changing the number of clusters had a negligible effect on the NMI value. For the datasets 211 

Wang_Lung (𝐾=2), Biase (𝐾=4), and Xin (𝐾=4), the NMI values were more affected by interference, which occurred 212 

probably because the datasets contained few cell clusters. We observed that scDFN was not sensitive to the number of 213 

clusters (Figure 4a). By comparing the average values, we found that changing the number of clusters had a greater 214 

impact on the ARI value than the NMI value (Supplementary Tables S8 and S9). Overall, changing the number of clusters 215 

slightly affected the NMI and ARI values. The effects of different numbers of selected genes (M ) on clustering 216 

performance are presented in Supplementary Tables S10 and S11. The results showed that scDFN had the best overall 217 

clustering performance for most datasets when 𝑀 was 2,000, compared to other conditions. 218 

 219 
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Figure 4. (a) The impact of different numbers of cell clusters on clustering performance (k represents the real number 220 

of cell clusters. (b) The t-SNE plots were used to compare the effectiveness of batch effect correction using four methods, 221 

including scDFN, scMGCA, scDEFR, and scTAG. The dataset used is a fusion of Human1 (Batch0), Human2 (Batch1), 222 

Human3 (Batch2), and Human4 (Batch3). 223 

 
224 

2.7 scDFN can effectively eliminate the batch effect 225 

Our scDFN method not only exhibited excellent performance in clustering but also showed its ability to effectively 226 

eliminate batch effects. Human1, Human2, Human3, and Human4 are single-cell RNA sequencing datasets from four 227 

human donor pancreatic cells. The number of cells in these datasets is 1,937, 1,724, 3,605, and 1,303, respectively. The 228 

number of genes is 20,215. Each dataset has 14 consistent cell types. These cells were derived from different batches[34]. 229 

As the cells were derived from different pancreatic tissues, there may be subtle differences between them related to 230 

batch effects. To evaluate the performance of scDFN in eliminating batch effects, we used R to integrate four datasets 231 

(Human1, Huamn2, Human3, and Human4). We obtained a combined dataset containing 8,569 cells and 14 different 232 

cell clusters. We evaluated the ability of three state-of-the-art scRNA clustering methods, including scMGCA, scDEFR, 233 

and scTAG, to eliminate batch effects, determined by cluster visualization and batch correction results. The experimental 234 

results are shown in Figure 4b. We found that scTAG could not completely separate some cell types, such as clusters 8, 235 

10, and 12, scDEFR could not separate most cells, and scMGCA could effectively separate cells. Overall, scTAG and 236 

scDEFR performed poorly in eliminating batch effects. Both scDFN and scMGCA efficiently eliminated batch effects, 237 

demonstrated by clustering a mixture of cells of the same type but obtained from different batches. However, although 238 

scMGCA effectively eliminated batch effects, its clustering performance was not as good as that of scDFN because 239 

scDFN showed larger distances between clusters. To summarize, scDFN can mix cells of the same type but in different 240 

batches and accurately distinguish different cell types. 241 

 
242 

2.8 Finding marker genes 243 

Single-cell RNA sequencing data are often annotated using marker genes of the cell type, which can be predefined or 244 

defined de novo. Successful artificial interpretation requires high expression levels of closed cell clusters with distinct 245 

marker genes, and these genes are mainly concentrated in specific cell clusters. Finding marker genes related to cell 246 

clusters is a prerequisite for cell annotation, and the selection of marker genes strongly depends on the accuracy of the 247 

final results. In this study, we selected the Goolam dataset and used it to find the marker genes of each newborn [35]. 248 

For the Goolam dataset, we calculated the ranking of highly different genes in each cluster and only performed logistic 249 

regression analysis for validation (see Figure S1). Then, the top two genes from each cluster were selected for visualizing 250 

the results. The visualization results of Goolam are shown in Figure 5. We used bubble plots and violin plots to display 251 

the expression of marker genes in each cell cluster. The marker genes for each cell cluster in the Goolam dataset are 252 

shown in Figure 5. The results were visualized using the Python package Scanpy. 253 
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254 

Figure 5. Visualization of the results of the Goolam marker genes. (a) A violin plot and (b) A bubble chart; the abscissa 255 

represents marker genes, and the ordinate represents cell clusters. The color depth of the violin plot reflects the degree 256 

of expression of the marker genes, while the shape of the violin plot shows the distribution of the expression of the 257 

marker genes in different cell types. The distribution of expression of the marker genes was different in different types 258 

of cells. The marker genes for each cluster were prominent. 259 

 
260 

3. Conclusion 261 

In this study, a deep single-cell clustering model was developed through the fusion of AE and IGAE to identify cell 262 

populations in scRNA-seq datasets. First, high-dimensional scRNA-seq data were preprocessed, and the top highly 263 

variable genes were selected to eliminate redundant genes with low levels of expression that could interfere with the 264 

clustering results. These results indicated significant improvements in clustering performance. Next, AE and IGAE were 265 

combined through an information fusion mechanism to learn the attribute information and topological information of 266 

scRNA-seq data. Then, clustering was optimized using a quaternion loss function to identify cell types from the learned 267 

latent cell representations. To validate our model, we conducted a comprehensive study, in which we compared our 268 

model to other benchmark methods for cell type identification and characterization from different perspectives. We 269 

found that scDFN was better than the currently used methods. With the development of advanced high-throughput 270 

technologies for scRNA-seq and emerging cell atlases, we aim to investigate the performance of the proposed scDFN 271 

method on larger-scale scRNA-seq data in the future. One reason why scDFN did not consistently outperform other 272 

models was that it used hyperparameter settings uniformly across all datasets. However, this approach, in turn, decreased 273 

the problem of overfitting, which commonly occurs in methods trained on a specific dataset. This view was supported 274 

by the fact that the other five methods had lower performance rankings on average and showed larger differences than 275 
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scDFN for the 32 datasets analyzed. In the future, we aim to expand the scope of scDFN and integrate different single-276 

cell omics datasets, such as scATAC-seq and scMethyl-seq, to comprehensively understand cellular heterogeneity and 277 

epigenetic regulation. 278 

 
279 

4. Materials and Methods 280 

4.1 Data collection 281 

We collected 32 real scRNA-seq datasets of mouse and human tissues. The cell types ranged from 2 to 49, and cell 282 

numbers ranged from 56 to 12,089 [30, 32, 34-51]. These datasets were obtained from four sequencing platforms, 283 

including inDrop, 10X, SMARTer, and Smart-seq2. These datasets had known labels for each cell and had been used to 284 

test performance in previous studies. Detailed information on the collected scRNA-seq datasets is summarized in 285 

Supplementary Table S1. 286 

 287 

4.2 Details regarding model implementation 288 

Our model was implemented using the PyTorch platform. While constructing graph neural networks, we used the KNN 289 

algorithm to construct the cell graph, and the number of nearest neighbor 𝑘 was set to 10, the same as that set in another 290 

study [52]. Our model training strategy was as follows. We first trained AE and IGAE independently and achieved 291 

potential embedding 𝑍. Then, we integrated these two modules into a unified framework for pre-training to quickly 292 

obtain the optimal combination of hyperparameters. Finally, the triple self-supervised strategy was used to fine-tune the 293 

hyperparameters and obtain clustering results. Specifically, we used the classical symmetric encoder structure in AE and 294 

set the dimension reduction dimension to 𝑀-1024-512-128-20, the learning rate to 1e-3, and the epoch to 50 in the 295 

encoder part. We used a symmetrical graph encoder structure in IGAE and set the dimension reduction dimension to 𝑀-296 

1024-512-128-20, the learning rate to 1e-7, the fusion parameter to 0.1, and the epoch to 50.  297 

The module of attribute and topology information fusion consisted of pre-training and fine-training processes, whose 298 

learning rate of pre-training was 1e-5, fine-training was 1e-8, epoch of pre-training was 100, and fine-training was 50, 299 

respectively. The weight vector {𝛾1, 𝛾2, 𝛾3, 𝛾4} of the objective function was set to {0.3,0.3,3,0.2}. For the parameters, 300 

the Adam optimizer was used uniformly, while learning rate attenuation was fixed. We did not set the hyperparameters 301 

for each dataset separately; instead, all test datasets used the same hyperparameters to assess the robustness of scDFN 302 

in the following sections. 303 

 
304 

4.3 Data processing module 305 

The scDFN model uses the original gene expression matrix 𝑋 ∈ 𝑅𝑁×𝑑 as input, in which 𝑁 represents the number of 306 

cells and 𝑑 represents the number of genes. The raw gene expression matrix was processed by the Scanpy package.  We 307 
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removed genes with non-zero counts in less than three cells and calculated the size factor of each cell, which is the 308 

median of the ratio of the gene expression to the geometric mean of the gene and is standardized by the cell library; thus, 309 

the total count was the same between cells. If the library size (the number of total read counts) of cell 𝑖 is represented as 310 𝑠𝑖 , the cell size factor can be represented as s𝑖 /median (𝑠 ). Since the single-cell expression matrix represents the 311 

information on gene expression levels in each cell transcriptome, all elements in the matrix have non-negative values. 312 

Therefore, we performed a logarithmic transformation to eliminate the influence of the differences in the value range of 313 

different interval data. Finally, to discard genes with low recognition and description information, the function in the 314 

Scanpy package was used to select the first 𝑀(𝑀 = 2000) highly variable genes. After standardizing and compressing 315 

the data, we obtained the gene expression matrix 𝑋′ ∈ 𝑅𝑁×d', 𝑑' <𝑑. 316 

Given an undirected graph 𝐺 = {𝑉, 𝐸}, 𝑉 = {𝑣1, 𝑣2, ⋯ , 𝑣𝑁} represents the set of nodes, 𝐸 represents the set of edges, 317 

and 𝑁 represents the number of cells. The original adjacency matrix of 𝐺 is defined by: 318 𝐴 = (𝑎𝑖𝑗)𝑁×𝑁 = {1, 𝑖𝑓(𝑣𝑖 , 𝑣𝑖) ∈ 𝐸,0, 𝑒𝑙𝑠𝑒 (1) 319 

The degree matrix is represented by 𝐷, where 𝐷 = 𝑑𝑖𝑎𝑔(𝑑1, 𝑑2, … , 𝑑𝑁) ∈ 𝑅𝑁×𝑁, and 𝑑𝑖 = ∑𝑣𝑗∈𝑉  𝑎𝑖𝑗. Then, 𝐴 can 320 

be normalized as follows:  321 𝐴̃ = 𝐷−12(𝐴 + 𝐼)𝐷−12 (2) 322 

Here, 𝐼 ∈ 𝑅𝑁×𝑁 represents an identity matrix. Thus, the gene expression matrix 𝑋′ and the standard adjacency matrix 𝐴̃ 323 

of the cell graph are the input of IGAE. 324 

 325 

4.4 Autoencoder 326 

As learning effective cell representation is a critical step for clustering scRNA-seq data [53], we used an autoencoder to 327 

learn the representation of scRNA-seq data. We assumed that the autoencoder has 𝑙 layers, in which 𝑙 represents the 328 

layer number. Then, the 𝑙-th layer of a specific encoder process can be represented as follows: 329 𝐻(𝑙) = 𝜎 (𝑊𝑒(𝑙)𝐻(𝑙−1) + 𝑏𝑒𝑙 ) (3) 330 

Here, 𝜎 represents a linear activation function, such as the Relu and Sigmoid function, 𝑊𝑒(𝑙) and 𝑏𝑒𝑙  represent the 331 

weight and bias, respectively, and the initial 𝐻(0) represents the gene expression matrix 𝐻(0). 332 

The function of the decoder is to pass the data from encoding to the output layer and restore the extracted 333 

information to its original structure. The structure of encoding and decoding is symmetrical. We used the decoder to 334 

reconstruct the scRNA-seq data, which can be expressed as follows: 335 
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𝐻(𝑙) = 𝜎 (𝑊𝑑(𝑙)𝐻(𝑙−1) + 𝑏𝑑𝑙 ) (4) 336 

Here, 𝑊𝑑(𝑙) and 𝑏𝑑𝑙  represent the weight and bias of the 𝑙-th layer. The output of the decoder is the reconstruction of 337 

the gene expression matrix, which is optimized by the MSE loss function: 338 

𝐿𝐴𝐸 = 12𝑁 ∑  𝑁
𝑖= 1 ∥∥𝑥𝑖 − 𝑥̂𝑖∥∥22 = 12𝑁 ∑  𝑁

𝑖= 1 ∥∥𝑋′ − 𝑋̂𝑖∥∥22 (5) 339 

 340 

4.5 Improved Graph Autoencoder 341 

The classical autoencoder is usually symmetric, but the graph convolutional network is usually asymmetric. A general 342 

solution is to reconstruct the adjacency matrix; however, it ignores the structure-based attribute information. To 343 

compensate for the deficiency, we used a novel symmetric improved graph autoencoder (IGAE) to enhance stability by 344 

simultaneously reconstructing the attribute matrix and the adjacency matrix. In IGAE, the encoder and decoder were 345 

modified as follows: 346 𝑍(𝑙) = 𝜎 (𝐷−12(𝐴 + 𝐼)𝐷−12𝑍(𝑙−1)𝑊(𝑙))𝑍̂(ℎ) = 𝜎 (𝐷−12(𝐴 + 𝐼)𝐷−12𝑍̂(ℎ−1)𝑊(ℎ)) (6) 347 

Here, 𝑊(𝑙) and 𝑊(ℎ) represent the parameters that can be learned by the 𝑙-th coding layer and the ℎ-th decoding 348 

layer, respectively, and 𝜎 represents a linear activation function. For satisfactory cell representation, the mixed loss 349 

function was defined by the following formula: 350 

𝐿𝐼𝐺𝐴𝐸 = 𝐿𝑤 + 𝛾𝐿𝑎 (7) 351 

Here, 𝛾 represents a hyperparameter that needs to be predefined to balance the weights of the two losses. In this 352 

study, we set 𝛾 = 0.1. The loss 𝐿𝑤 and 𝐿𝑎 can be expressed as follows:  353 𝐿𝑤 = 12𝑁 ∥ 𝐴̃𝑋 − 𝑍̂ ∥𝐹2 (8) 354 

𝐿𝑎 = 12𝑁 ∥ 𝐴̃ − 𝐴̂ ∥𝐹2 (9) 355 

Here, 𝑍̂ represents the reconstructed weighted attribute matrix, and 𝐴̂ represents the reconstructed adjacency matrix. 356 

The goal of the network is to minimize the reconstruction loss of the weighted attribute matrix and the adjacency matrix 357 

simultaneously. 358 

 359 

4.6 Attribute and Topology Information Fusion (ATIF) 360 
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The information fusion module was used to fully mine the feature attribute and topology information of the gene 361 

expression matrix, and an information fusion module of attribute information and topology information was proposed. 362 

The module consisted of two parts, including the cross-network information fusion mechanism and the triple self-363 

supervision strategy. The overall structure of ATIF is shown in Figure 1b. 364 

First, the potential embedding 𝑍𝐴𝐸 ∈ 𝑅𝑁×𝑑′  obtained by the AE and the potential embedding 𝑍𝐼𝐺𝐴𝐸 ∈ 𝑅𝑁×𝑑′ 365 

obtained by the IGAE underwent initial information fusion; in the expressions, 𝑑′  represents the dimension of the 366 

potential embedded gene. The above-mentioned terms were combined as follows: 367 𝑍𝐼 = 𝛼𝑍𝐴𝐸 + (1 − 𝛼)𝑍𝐼𝐺𝐴𝐸 (10) 368 

Here, 𝛼 represents a learnable parameter. The value of 𝛼 was initialized to 0.5, and then, automatically adjusted by 369 

the gradient descent method. Using a message-passing operation, we obtained 𝑍𝐿 = 𝐴̃𝑍𝐼, which was equivalent to a 370 

local data augmentation of the initial fused information. 371 

Based on local data enhancement, we used an autocorrelation method to investigate the non-local relationship 372 

between cells through the autocorrelation matrix. Specifically, we first calculated the normalized autocorrelation matrix 373 𝑆, and the element 𝑆𝑖𝑗  was defined as follows: 374 𝑆𝑖𝑗 = exp((𝑍𝑠)𝑖𝑗)∑  𝑁𝑘=1   exp((𝑍𝑠)𝑖𝑘) (11) 375 

where 𝑍𝑠 = 𝑍𝐿𝑍𝐿𝑇. 376 

Based on the autocorrelation matrix, we used 𝑍𝐿 to consider the global connection between cells and found 𝑍𝐺 =377 𝑆𝑍𝐿. Finally, we linked the global relationship and the local relationship matrices to ensure the smooth transmission of 378 

the initial fusion information in the information fusion module 𝑍̃ = 𝛽𝑍𝐺 + 𝑍𝐿 . In the equation, 𝛽  is a learnable 379 

parameter. The information fusion mechanism can be used to extract the global information and local information of 380 

cells from the aspects of local correlation and global correlation. The attribute information obtained from AE and the 381 

topological relationship of cells obtained from IGAE can achieve a better potential cell representation than that achieved 382 

by using either one alone. 383 

 384 

4.7 Decoder based on ZINB 385 

To capture the structure of the scRNA-seq data, we employed ZINB loss to the decoder. Specifically, ZINB is used to 386 

model the dropout event of scRNA-seq data based on zero components and the distribution of NB [21]. This method 387 

connects three independent connection layers with the last layer, and then, estimates the parameters of ZINB, including 388 

the dropout rate 𝜋, dispersion degree 𝜃, and mean 𝜇. The output of the network is as follows: 389 𝛱 = sigmoid(𝑊𝜋𝑋)𝑀 = exp(𝑊𝜇𝑋)𝛩 = exp(𝑊𝜃𝑋) (12) 390 
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Here, 𝑊 represents the learnable weight of the loss function, and uses a ZINB-based decoder to reconstruct scRNA-391 

seq data; NB and ZINB can be expressed as follows: 392 𝑁𝐵( 𝑋 ∣∣ 𝜇, 𝜃 ) = 𝛤(𝑋+𝜃)𝑋!𝛤(𝜃) ( 𝜃𝜃+𝜇)𝜃 ( 𝜇𝜃+𝜇)𝑥 (13) 393 𝑍𝐼𝑁𝐵( 𝑋 ∣∣ 𝜋, 𝜇, 𝜃 ) = 𝜋𝛿0(𝑋) + (1 − 𝜋)𝑁𝐵(𝑋) (14) 394 

The reconstruction loss function of the gene expression matrix 𝑋 is defined as the negative log-likelihood of the 395 

ZINB distribution and is expressed as follows: 396 𝐿𝑍𝐼𝑁𝐵 = −𝑙𝑜𝑔(𝑍𝐼𝑁𝐵(𝑋 ∣ 𝜋, 𝜇, 𝜎)) (15) 397 

 398 

4.8 Triplet Self-supervised Strategy 399 

We integrated the autoencoder and the improved graph autoencoder in the neural network architecture, the combination 400 

of which helped us extract the attribute information and topology information of the matrix. We proposed a triple self-401 

supervised module, which combined the autoencoder and the improved graph encoder. We trained these two modules 402 

to achieve end-to-end single-cell clustering. In the first step, to generate a more reliable clustering network for guiding 403 

training, we used a more stable clustering embedding 𝑍̃ ∈ 𝑅𝑁×𝑑′. For the 𝑖-th cell and the 𝑗-th cluster, 𝑍̃ combined the 404 

information from AE and IGAE to generate the target distribution. We used t-distribution [54] as the kernel to determine 405 

the similarity between the data representation 𝑧̃𝑖 and the cluster center vector 𝑢𝑗. The process can be expressed as follows: 406 

𝒒𝒊𝒋 = (𝟏 + ‖𝒛̃𝒊 − 𝝁𝒋‖ 𝒗⁄ )−𝒗+𝟏𝟐∑ (𝟏 + ‖𝒛̃𝒊 − 𝝁𝒋′‖ 𝒗⁄ )−𝒗+𝟏𝟐𝒋′
(16)

 407 

Here, 𝑣 represents the degree of freedom of the Student's distribution, 𝑞𝑖𝑗 represents the probability of the 𝑖-th node 408 

being assigned to the 𝑗-th center (i.e., a soft assignment), and 𝑄 = [𝑞𝑖𝑗] represents the distribution of all samples. In the 409 

second step, we optimized data representation by learning from high-confidence assignments. Specifically, we made the 410 

data representation closer to the cluster center, thereby improving the cohesion of the cluster. Thus, we introduced the 411 

target distribution 𝑃, which was calculated as follows: 412 

𝑝𝑖𝑗 = 𝑞𝑖𝑗2 ∑ 𝑞𝑖𝑗𝑖⁄
∑ (𝑞𝑖𝑗′2 ∑ 𝑞𝑖𝑗′𝑖⁄ )𝑗′

(17)
 413 

Here, 0 ≤ 𝑝𝑖𝑗 ≤ 1  represents the element that generates the target distribution 𝑃 ∈ 𝑅𝑁×𝐾 , which represents the 414 

probability of the 𝑖-th sample belonging to the 𝑗-th center. Each assignment in 𝑄 was normalized by the sum of squares, 415 

so that the assignment had a higher confidence level, and the following objective function was obtained: 416 
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𝐿clu = 𝐾𝐿(𝑃 ∥ 𝑄) = ∑  𝑖 ∑  𝑗 𝑝𝑖𝑗𝑙𝑜 𝑔 𝑝𝑖𝑗𝑞𝑖𝑗 (18) 417 

Similar to the generated target distribution 𝑄, we used equation (17) to calculate the soft allocation distribution of 418 

AE and IGAE. On the potential embedding of the two sub-networks, we expressed the soft allocation distribution of 419 

IGAE and AE as 𝑄′ = [𝑞𝑖𝑗′ ] and 𝑄" =  [𝑞𝑖𝑗′′], respectively. 420 

To train the network under a unified standard and improve the representation ability of each component, we 421 

designed a triple clustering loss using the following formula: 422 𝐿𝐾𝐿 = ∑  𝑖 ∑  𝑗 𝑝𝑖𝑗 𝑙𝑜𝑔 𝑝𝑖𝑗(𝑞𝑖𝑗 + 𝑞𝑖𝑗′ + 𝑞𝑖𝑗′′)3 (19)
 423 

Through this loss, we aligned AE, IGAE, and their fusion distribution with the target distribution. The objective 424 

function had two advantages. (1) Compared to the traditional multi-classification loss function, the KL divergence 425 

updates the entire model in a more reasonable way to avoid serious interference with the data representation. (2) The 426 

AE module, IGAE module, and fusion representation are unified on the same optimization objective, causing their 427 

results to be consistent during the training process. Since the target of the AE module, IGAE module, and fusion 428 

representation is the approximate target distribution 𝑃, these three modules are strongly connected, giving rise to the 429 

triple self-monitoring mechanism. 430 

 431 

4.9 Quadruple joint losses 432 

The learning goal of the model has four main parts, including the reconstruction loss of AE, the double reconstruction 433 

loss of IGAE, the clustering loss of the triple self-monitoring mechanism, and the ZINB loss. These four losses are 434 

combined to jointly optimize the clustering representation of cells. The joint clustering loss is expressed as follows: 435 𝐿 = 𝛾1𝐿𝐴𝐸 + 𝛾2𝐿𝐼𝐺𝐴𝐸 + 𝛾3𝐿𝐾𝐿 + 𝛾4𝐿𝑍𝐼𝑁𝐵 (20) 436 

Here, 𝛾1, 𝛾2, 𝛾3 represent predefined hyperparameters that balance clustering optimization and reconstruction losses, 437 

and 𝛾4 represents a hyperparameter that controls the data structure that captures the distribution of the scRNA-seq data. 438 

Various losses play certain roles in optimizing single-cell clustering representation (explained in the subsequent ablation 439 

analysis). 440 

 441 

4.10 Performance evaluation indicators 442 

To evaluate the results of each clustering method, we selected two evaluation metrics for commonly used clustering. 443 

Based on the clustering results of the model, the Normalized Mutual Information (NMI) [55] and the Adjusted Rand 444 

Index (ARI) [56] can be used to evaluate the advantages and disadvantages of the model. NMI is calculated as follows: 445 
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𝑁𝑀𝐼 = 𝐼(𝛺; 𝐶)𝐻(t) + 𝐻(𝑑) (21) 446 

𝐼(𝛺; 𝐶) = ∑ ∑ 𝑃(𝜔𝑘 ∩ 𝑐𝑗)𝑗𝑖 𝑙𝑜𝑔 𝑃(𝜔𝑘∩𝑐𝑗)𝑃(𝜔𝑘)𝑃(𝑐𝑗) (22) 447 

Here, 𝐻(𝑡) and 𝐻(𝑑) represent the entropy of the true label and the detected cluster, respectively; 𝐼 represents mutual 448 

information and 𝐻 represents entropy. A more detailed description of the calculation of NMI is provided in another study 449 

[57]. 450 

The ARI is another commonly used measure to evaluate the similarity between real labels and detected clusters. Given 451 𝑛  cells with 𝑠  true clusters 𝐶𝑡 =  [𝐶𝑡1, 𝐶𝑡2, ⋯ , 𝐶𝑡𝑠]  and 𝑟  detected clusters 𝐶𝑑 =  [𝐶𝑑1, 𝐶𝑑2, ⋯ , 𝐶𝑑𝑟] . The overlap 452 

between the two partitions can be summarized as a continuous table, where each entry 𝑛𝑖𝑗 =  [𝐶𝑡𝑖 ∩ 𝐶𝑑𝑗] [ ]ij ti djn C C=  453 

represents the number of elements shared between the two clusters 𝐶𝑡𝑖  and 𝐶𝑑𝑗 djC  . Based on the above-mentioned 454 

information, ARI can be defined as follows: 455 

𝐴𝑅𝐼 = ∑  𝑖𝑗   (𝑛𝑖𝑗2 ) − [∑  𝑖   (𝑎𝑖2 ) ∑  𝑗   (𝑏𝑗2 )](𝑛2)12 [∑  𝑖   (𝑎𝑖2 ) + ∑  𝑗   (𝑏𝑗2 )] − [∑  𝑖   (𝑎𝑖2 ) ∑  𝑗   (𝑏𝑗2 )](𝑛2)
 (23) 456 

Here, 𝑎𝑖 represents the sum of the row 𝑖 of the contingency table, 𝑏𝑗 represents the sum of the row 𝑗 of the contingency 457 

table, and () represents the binomial coefficient. 458 
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