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Abstract

Single-cell RNA sequencing (scRNA-seq) technology can be used to perform high-resolution analysis of the
transcriptomes of individual cells. Therefore, its application has gained popularity for accurately analyzing the ever-
increasing content of heterogeneous single-cell datasets. Central to interpreting sScCRNA-seq data is the clustering of cells
to decipher transcriptomic diversity and infer cell behavior patterns. Although clustering plays a key role in the
subsequent analysis of single-cell transcriptomics, its complexity necessitates the application of advanced
methodologies capable of resolving the inherent heterogeneity and limited gene expression characteristics of single-cell
data. In this study, we introduced a novel deep learning-based algorithm for single-cell clustering, designated scFCN,
which can significantly enhance the clustering of scRNA-seq data through a fusion network strategy. The scFCN
algorithm applies a dual mechanism involving an autoencoder to extract attribute information and an improved graph
autoencoder to capture topological nuances, integrated via a cross-network information fusion mechanism
complemented by a triple self-supervision strategy. This fusion is optimized through a holistic consideration of four
distinct loss functions. A comparative analysis with five leading scRNA-seq clustering methodologies across multiple
datasets revealed the superiority of scFCN, as determined by better Normalized Mutual Information (NMI) and Adjusted
Rand Index (ARI) metrics. Additionally, scFCN demonstrated robust multi-cluster dataset performance and exceptional
resilience to batch effects. Ablation studies highlighted the key roles of the autoencoder and the improved graph
autoencoder components, along with the critical contribution of the four joint loss functions to the overall efficacy of
the algorithm. Through these advancements, scFCN set a new benchmark in single-cell clustering and can be used as an
effective tool for the nuanced analysis of single-cell transcriptomics. The source code of scFCN is publicly available at

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

Single-cell RNA sequencing (scRNA-seq) technology represents a considerable advancement in high-throughput
technology. It can be used to analyze the transcriptome of individual cells at the finest level [1]. This technique differs
from conventional bulk RNA-Seq methodologies, which miss the intricate heterogeneity among cells [2]. The ever-
increasing content of heterogeneous single-cell data highlights the need for the development of efficient tools
specifically for conducting single-cell transcriptome analysis [3]. Cell clustering is an important technique that can be
used to determine cell heterogeneity and perform cell development trajectory analysis [4], as well as, the KEGG pathway
analysis and Gene Ontology (GO) analysis. By grouping cells based on their expression matrices, clustering facilitates
the elucidation of internal structural information and molecular profiles, thus, influencing the quality of downstream
single-cell transcriptomics analyses. Single-cell clustering, however, is hindered by the high heterogeneity and low gene
expression rates of single-cell transcriptomics data.

Conventional clustering methods, such as k-means clustering [5], hierarchical clustering [6], principal component
analysis (PCA), and KNN (K-Nearest Neighbors), have been used to develop cell clustering approaches. For example,
SC3 [7] uses genetic filtering along with PCA and Laplace transforms, enhancing k-means with hierarchical clustering
to refine the clustering outcome by integrating the initial value and condition variations. This approach addresses the
limitations of greedy algorithms by ensuring consistency. Additionally, approaches like PARC [8] and Seurat [9] utilize
KNN to allocate cells to their nearest clusters based on computational distances and neighbor counts, which can vary
significantly. TSCAN is an unsupervised approach that links gene expression to the temporal or spatial orientations of
cells, enabling cell clustering via trajectory inference analysis [10]. However, when dealing with large datasets,
conventional clustering techniques struggle with scalability, and the efficacy of methods like KNN depends heavily on
the choice of the definition of computational distance and the number of nearest neighbors.

Deep learning has introduced various sophisticated methods for clustering and analyzing scRNA-seq data. These
advanced single-cell data clustering approaches are categorized into five main groups based on their network
optimization objectives. These groups include generative adversarial network-based methods (e.g., scGPCL [11] and
scDECL [12]), subspace clustering-based methods (e.g., sScBGEDA [13]), Gaussian mixture model-based methods (e.g.,
scSSA [14]), spectral clustering-based methods (e.g., Secuer [15] and scDSSC [16]), and self-optimization-based
methods (e.g., scziDesk [17], scDeepCluster [ 18], DESC[19], and GraphSCC [20]). The methods are described in Table
1. A summary of deep learning-based single cell clustering methods.. For example, scDSSC [16] applies an autoencoder
for noise reduction and dimensionality reduction and performs spectral clustering through a sparse self-expressive
matrix (SEM). However, the model uses different hyperparameters for different datasets while training. DESC [19]
obtains parameters through an automatic encoder and learns the spatial structure by iteratively optimizing the clustering

objective function. Additionally, DESC uses the traditional MSE loss as the data reconstruction error and ignores the
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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
count autoencoder network to denoise the scRNA-seq data. In scDeepCluster [18], autoencoders are trained to denoise
the data by simultaneously reducing reconstruction loss and separation loss, which helps in learning transcriptome
expression and clustering features simultaneously. However, as it does not pre-select highly variable genes as input
features, it has low clustering accuracy, is time-consuming, and requires a lot of memory. The scSSA [14] uses a semi-
supervised autoencoder and fastICA for dimensionality reduction and constructs a Gaussian mixture model that yields
accurate clustering results. However, different epochs may be required to minimize the loss in different datasets. Because
it uses a semi-supervised autoencoder, at least some cells need to be labeled while training. Otherwise, the clustering
performance may be greatly affected. The scziDesk [17] model combines deep learning techniques with denoising
autoencoders to characterize scRNA-seq data, and a soft self-training k-means algorithm is used to cluster cell
populations in the potential learning space. The scBGEDA [13] performs single-cell clustering by a dual denoising
autoencoder and bipartite graph ensemble clustering algorithm. Most of the models mentioned above use k-means
clustering for initialization, and the results are optimized based on clustering loss. However, they ignore the structural
information among cells and face difficulties while dealing with large datasets. In scTAG [22], a topologically adaptive
graph convolutional autoencoder is developed to learn cell-cell topological representations. A hypothesis-free cell
learning framework, known as scGNN [23], uses graph neural networks to characterize the relationship between cells.
To preserve the topological structure and attribute information of the scRNA-seq data, multi-task-oriented graph
autoencoders are applied by scGAE [24] for dimensionality reduction. GraphSCC [20] combines graph convolutional
networks (GCNs) and denoising autoencoders to integrate the structural information of scRNA-seq data and a dual self-
supervised module is designed to optimize the latent representation. In scsMGCA [25], a graph-embedded autoencoder
is constructed to learn cell-cell topological representations and cluster assignments simultaneously. Notably, Ding et al
[26] provides an end-to-end toolkit DANCE, which supports 3 modules and 8 tasks with 32 state-of-art methods on 21
benchmark datasets. However, graph autoencoders often miss key patterns in gene expression data, which is a major
limitation of these methods.

Based on these approaches, several deep graph clustering methods have been developed, which combine
autoencoder and graph encoder to extract the structural and attribute information of graphs. This combination has
advantages over an autoencoder or a graph autoencoder used alone. SDCN [27] integrates multiple representations and
structures of the data based on a dual self-supervised combination of autoencoder and GCN. In this process, the
autoencoder and GCN help each other to improve clustering performance. DFCN [28] captures the shared representation
of local and global information in input data by an autoencoder and a graph encoder. These results suggest that
combining classic autoencoder and graph autoencoder is an effective method to extract cell information and cell-cell

topology information of scRNA-seq data.
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In this study, we propose a self-optimization deep single-cell clustering algorithm known as scFCN, which can
extract the attribute information and structure information of scRNA-seq data through a fusion network. The scFCN has
three main modules, including a data processing module, an information coding module, and an information fusion
module. The data processing module is used to select highly variable genes and reduce the dimension of the features of
the input scRNA-seq data. The information coding module extracts the cell representation information through the
autoencoder and the improved graph autoencoder. This is the first study to apply the augmented graph network for the
topological representation of data at the single-cell level. The information fusion module combines the extracted
attribute and topology information based on the cross-network information fusion mechanism and the triple self-
supervision strategy. Quadruple joint losses are adopted to optimize the cell clustering representation in the whole model.
The results of a comprehensive evaluation and analysis confirmed that scDFN can improve scRNA-seq clustering
effectively. Compared to five state-of-the-art scRNA-seq clustering methods, scDFN achieves better NMI and ARI on
multiple datasets. Additionally, scDFN can be used to analyze multi-cluster datasets effectively. Ablation studies have
not only shown the necessity of an autoencoder and an improved graph autoencoder but also revealed the importance of

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

effects.
Table 1. A summary of deep learning-based single cell clustering methods.
M?thOd. Tool Year Model Objective Autoencoder Hyp erpflrameters
Classification consistency
. scGPCL 2023 Graph prototypu;al Clustering GNN-based No
Generative contrastive learning autoencoder
adversarial Contrastive learning D
network-based scDECL 2023 and pairwise Clustering eep No
. autoencoder
constraints
Dual
Subspace autoiilnc(:cslle?%)vith Clu;;eémg Denoisin
clustering- scBGEDA 2023 . . & Yes
bipartite graph interpretable autoencoder
based .
ensemble analysis
clustering
Gaussian Semi-supervised Dee
mixture model- scSSA 2022 uP Clustering P Yes
autoencoder autoencoder
based
Construct weighted
Secuer 2022  bipartite graph, k- Clustering None No
Spectral means clustering
clustering- Clustering
based scDSSC 2022 Autoencoder,. ' and Denoising No
subspace clustering  interpretable autoencoder
analysis
scDeepCluster 2019 Autoencoder Clustering Denoising No
Self- autoencoder
N Clustering
optimization- Deep count and Dee
based methods DCA 2019 P . P No
autoencoder interpretable autoencoder
analysis
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Clustering
Autoencoder, soft and Deep

scziDesk 2020 K-means clustering  interpretable autoencoder No
analysis
Stacked Cluj;e(;lng Stacked
DESC 2020 autoencoder, . Yes
iterative clustering interpretable autoencoder
analysis
Graph convolutional Clu:ltlegmg Denoisin
GraphSCC 2020 network, Denoising . ) £ Yes
Autoencoder 1nterpretzf1b e Autoencoder
analysis
Graph neural Clustering Deep
networks, and autoencoder
scGNN 2021 left-truncated . Yes
. . interpretable and graph
mixture Gaussian .
model analysis autoencoder
Clustering
scGAE 2021 Multitask-oriented . and Graph Yes
graph autoencoder  interpretable autoencoder
analysis
Graph Deep graph
scTAG 2022 embedding Clustering convolutional Yes
clustering autoencoder
Clustering
ScMGCA 2023 Graph-embedded . and Graph Yes
autoencoder interpretable autoencoder
analysis
Fusion Cell Dee
Topology Encoder, au toencrc)) der
scDEFR 2023 Transcriptomics Clustering and erah Yes
Profile-based Graph srap
Encoder autoencoder

2. Results and Discussion

2.1 Overall framework

The scDFN method we developed mainly included three parts for optimizing clustering results by learning a low-
dimensional representation of cells, whose overall framework is illustrated in Figure 1. The first part involved data
processing using the Python Scanpy package [29]. We selected M, a highly variable gene, and plotted a K-Nearest
Neighbor (KNN) graph as the input of the improved graph autoencoder (IGAE). The second part involved the
establishment of the framework of AE and IGAE to obtain a low-dimensional potential representation of cells. In this
part, AE was used to integrate the attribute information of cells and obtain low-dimensional potential embedding. IGAE
may be used to extract the main cell information and the topological structure of the cells by learning the expression
matrix and the cell graph. The third part was the most important; in the third part, the zero-inflated negative binomial
model (ZINB) distribution was used to not only simulate the distribution of cells but also to act as a decoder to
reconstruct the representation of genes. The Mean Square Error (MSE) reconstruction loss was used to reconstruct the
cell representations of AE and IGAE. The self-optimizing clustering task based on the Kullback-Leibler (KL) divergence

was performed on the embedded representation, which we called the triple self-monitoring mechanism. By
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simultaneously correcting clustering loss, ZINB-based loss, and cell graph and expression matrix reconstruction loss,

we captured the optimal attribute information and topology information of cells.
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Figure 1. Network architecture of scDFN. a. The data preprocessing module. b. Attribute and topology information
fusion (ATIF).

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

We compared scDFN with five advanced single-cell clustering methods using 32 real scRNA-seq datasets originating
from multiple platforms to evaluate the clustering performance of scDFN. These methods, including scMGCA, scDEFR,
scTAG, scDeepCluster, and scDSSC, are the most advanced methods developed in recent years and have achieved good
clustering performance. To ensure that the comparison was fair, the method of the baseline model was analyzed and
found to be consistent with the original publication. The results of the comparison are summarized in Figure 2 and
Supplementary Tables S2 and S3. We found that scDFN achieved the highest average scores of NMI (0.8131) and ARI
(0.7518) on all 32 datasets, and scDFER achieved the second highest scores (NMI=0.8161 and ARl =0.7518) (Figures
2A and 2B). Specifically, the NMI score of scDFN performed well on 15 datasets, with the highest score of 0.9693
recorded for the QS Diaphragm dataset [30], and scDFER performed well on seven datasets, with the best score of
0.9637 for the QS Limb Muscle dataset (Figure 2g). The ARI value of scDFN performed well on 16 datasets, with the
highest score of 0.9693 for the QS_Diaphragm dataset; the ARI value of the performance of scDSSC on six datasets
was the second highest (Figure 2h). We also compared the overall clustering performance (NMI and ARI) of the methods
on various data platforms, including plate-based platform, flow cell-based platform, Smart-Seq 2, SMARTer, 10X
Genomics, and inDrop (Figures 2¢-f). The experimental results showed that the clustering performance of the sScMGCA

algorithm on cross-platforms was better than the performance of the other five clustering algorithms, which confirmed
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Figure 2. (a and b) A comparison of the average value of NMI and ARI on the 32 real scRNA-seq datasets among six
clustering methods. (c-f) A comparison of the mean value of NMI on various data platforms among six clustering
methods. (g and h) Specific numerical values for each method on each dataset.

2.3 Performance on multi-cluster datasets

The analysis of single-cell RNA sequencing (scRNA-seq) datasets with a large number of cell clusters is challenging
because unsupervised learning methods are affected by the number of cell clusters [31]. We found that scDFN can
achieve better NMI and ARI performance on datasets with a large number of clusters (Supplementary Tables S2 and
S3). For example, for the Chen dataset (46 clusters) and the TASIC dataset (49 clusters), the NMI scores of scDFN were
0.7655 and 0.8178, and the ARI scores were 0.6420 and 0.5689, respectively. The high performance of scDFN occurred

mainly because the newly constructed interactive potential space can capture the subtle differences in different cell
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clusters. For example, the TASIC dataset included 49 clusters, among which nine clusters included less than 15 cells per
cluster (Supplementary Table S10). The original cell expression matrix of TASIC is visualized in Figure 3a, which
demonstrates that several clusters were mixed. After the interactive potential space was reconstructed in scDFN, most
clusters were separated (Figure 3b). To evaluate how scDFN distinguishes the rare cell clusters contained in TASIC, we
selected the rare cell clusters to make the t-SNE projection and found that the cell clusters were well-separated in the
potential space (Figure 3c). The relationship between real cell clusters and the number of cells they contain is presented

in Supplementary Table S12.
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Figure 3. (a-c) The scDFN separated different cell types in the TASIC dataset: (a) Author’s noted labels on latent space;
(b) The scDFN prediction of 32 cell types; (c) The projection of scDFN on small cell clusters. (d-e) Ablation studies:
(d) Comparison of ARI values for the 32 real scRNA-seq datasets with different modules ((i) AE only, (ii) IGAE only,
(iii) the pre-training part after the fusion of AE and IGAE, and (iv) the fine-training part); (¢) Comparison of ARI values
for the 32 real scRNA-seq datasets with different losses.
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2.4 Superiority of information fusion

To assess the effectiveness of our proposed model at various stages and the contribution of each unit to the performance
of scDFN, we conducted an ablation study containing (i) AE only, (ii) IGAE only, (iii) the pre-training part after the
fusion of AE and IGAE, and (iv) the fine-training part. We evaluated the performance of different modules, the
distribution of ARI values are shown in Figure 3d, and the results of the NMI values and ARI values of different modules
are shown in Supplementary Tables S4 and S5, respectively. The pre-training stage achieved an average NMI value of
0.7956 and an average ARI value of 0.6987 on 32 scRNA-seq datasets; these values were better than the average NMI
and ARI values (0.7797 and 0.6912, respectively) obtained using only AE. Since we added triple self-supervised loss
during the training stage, the average NMI and ARI values were further improved to 0.8161 and 0.7518, respectively.
All results obtained indicated that the information fusion module can effectively extract the attribute information and

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

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

In our proposed scDFN, the decoder network used four loss functions to learn the latent representation, and thus, it
collaboratively optimized the ZINB reconstruction loss, the MSE reconstruction loss of AE, the MSE reconstruction
loss of IGAE, and the KL triple self-supervised clustering loss. To examine the reasoning behind adopting ZINB loss
and self-supervised triple clustering loss, we compared the performance of scDFN, scDFN without ZINB loss, scDFN
without KL loss, and scDFN without both of them on 32 real scRNA-seq data. The distribution of ARI values for
different losses is shown in Figure 3e, and the detailed results of NMI values and ARI values are shown in
Supplementary Tables S6 and S7, respectively. We found that the performance of scDFN without KL and ZINB losses
decreased considerably, with an average decrease in NMI of 0.0224 and an average decrease in ARI of 0.0542, whereas
the performance of scDFN without KL loss decreased slightly, with an average decrease in NMI of 0.0032 and an
average decrease in ARI of 0.0091. Using four types of losses, the NMI value improved on 14 datasets, while the ARI
value improved on 16 datasets. Based on these findings, we concluded that ZINB loss and clustering loss in auto-

encoders positively affected the clustering performance of scDFER.

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

To determine whether the choice of the number of cell clusters affects the clustering performance of scDFN, we changed
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
indicates the true number of clusters. The NMI results of scDFN on 32 datasets with different clusters are shown in
Figure 4a. The best NMI and ARI scores were obtained when k was set as the true number of clusters, such as on

10X PBMC [32], Romanov [33], Human [34], etc. Even when the best NMI value was not obtained under the actual
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number of clusters, changing the number of clusters had a negligible effect on the NMI value. For the datasets
Wang_Lung (K=2), Biase (K=4), and Xin (K=4), the NMI values were more affected by interference, which occurred
probably because the datasets contained few cell clusters. We observed that scDFN was not sensitive to the number of
clusters (Figure 4a). By comparing the average values, we found that changing the number of clusters had a greater
impact on the ARI value than the NMI value (Supplementary Tables S8 and S9). Overall, changing the number of clusters
slightly affected the NMI and ARI values. The effects of different numbers of selected genes (M) on clustering
performance are presented in Supplementary Tables S10 and S11. The results showed that scDFN had the best overall

clustering performance for most datasets when M was 2,000, compared to other conditions.
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Figure 4. (a) The impact of different numbers of cell clusters on clustering performance (k represents the real number
of cell clusters. (b) The t-SNE plots were used to compare the effectiveness of batch effect correction using four methods,
including scDFN, scMGCA, scDEFR, and scTAG. The dataset used is a fusion of Human1 (Batch0O), Human2 (Batchl),
Human3 (Batch2), and Human4 (Batch3).

2.7 scDFN can effectively eliminate the batch effect

Our scDFN method not only exhibited excellent performance in clustering but also showed its ability to effectively
eliminate batch effects. Humanl, Human2, Human3, and Human4 are single-cell RNA sequencing datasets from four
human donor pancreatic cells. The number of cells in these datasets is 1,937, 1,724, 3,605, and 1,303, respectively. The
number of genes is 20,215. Each dataset has 14 consistent cell types. These cells were derived from different batches[34].
As the cells were derived from different pancreatic tissues, there may be subtle differences between them related to
batch effects. To evaluate the performance of scDFN in eliminating batch effects, we used R to integrate four datasets
(Human1, Huamn2, Human3, and Human4). We obtained a combined dataset containing 8,569 cells and 14 different
cell clusters. We evaluated the ability of three state-of-the-art sScRNA clustering methods, including scMGCA, scDEFR,
and scTAG, to eliminate batch effects, determined by cluster visualization and batch correction results. The experimental
results are shown in Figure 4b. We found that scTAG could not completely separate some cell types, such as clusters 8,
10, and 12, scDEFR could not separate most cells, and scMGCA could effectively separate cells. Overall, scTAG and
scDEFR performed poorly in eliminating batch effects. Both scDFN and scMGCA efficiently eliminated batch effects,
demonstrated by clustering a mixture of cells of the same type but obtained from different batches. However, although
scMGCA effectively eliminated batch effects, its clustering performance was not as good as that of scDFN because
scDFN showed larger distances between clusters. To summarize, sScDFN can mix cells of the same type but in different

batches and accurately distinguish different cell types.

2.8 Finding marker genes

Single-cell RNA sequencing data are often annotated using marker genes of the cell type, which can be predefined or
defined de novo. Successful artificial interpretation requires high expression levels of closed cell clusters with distinct
marker genes, and these genes are mainly concentrated in specific cell clusters. Finding marker genes related to cell
clusters is a prerequisite for cell annotation, and the selection of marker genes strongly depends on the accuracy of the
final results. In this study, we selected the Goolam dataset and used it to find the marker genes of each newborn [35].
For the Goolam dataset, we calculated the ranking of highly different genes in each cluster and only performed logistic
regression analysis for validation (see Figure S1). Then, the top two genes from each cluster were selected for visualizing
the results. The visualization results of Goolam are shown in Figure 5. We used bubble plots and violin plots to display
the expression of marker genes in each cell cluster. The marker genes for each cell cluster in the Goolam dataset are

shown in Figure 5. The results were visualized using the Python package Scanpy.
11



254
255
256
257
258
259

260

261

262

263

264

265

266

267

268

269

270

271

272

273

274

275

Sy S

v
ENSMUSG00000019851 1 | ensmusGoooooo19esl 1 @ @ @
ENSMUSG00000100205 - : ENSMUSG00000100205 - 4]
.
ENSMUSG00000066359 ENSMUSG00000066359 &
Fraction of cells
ENSMUSG00000022025 { | @ ENSMUSG00000022025 1 = @ in group (%)
ENSMUSG00000021696 Y ENSMUSG00000021696 Q-9 -°000
ENSMUSG00000098343 r o® ensmMusG0000098343 { @ @ @ @ @ | 1 1 e =010
ENSMUSG00000050777 , : . o ensMusG00000050777 1 @ @ @ @ @
ENSMUSG00000032324 i ENSMUSG00000032324 &
ENSMUSG00000042106 - A _ ENSMUSG00000042106 - o0
A Median expression Mean expression
In grou i
ENSMUSG00000059763 | ) Y s ENSMUSG00000059763 | @ O 'n group
413 0 2 o 2 a4 e~ monN 0 2 4

Figure 5. Visualization of the results of the Goolam marker genes. (a) A violin plot and (b) A bubble chart; the abscissa
represents marker genes, and the ordinate represents cell clusters. The color depth of the violin plot reflects the degree
of expression of the marker genes, while the shape of the violin plot shows the distribution of the expression of the
marker genes in different cell types. The distribution of expression of the marker genes was different in different types
of cells. The marker genes for each cluster were prominent.

3. Conclusion

In this study, a deep single-cell clustering model was developed through the fusion of AE and IGAE to identify cell
populations in scRNA-seq datasets. First, high-dimensional scRNA-seq data were preprocessed, and the top highly
variable genes were selected to eliminate redundant genes with low levels of expression that could interfere with the
clustering results. These results indicated significant improvements in clustering performance. Next, AE and IGAE were
combined through an information fusion mechanism to learn the attribute information and topological information of
scRNA-seq data. Then, clustering was optimized using a quaternion loss function to identify cell types from the learned
latent cell representations. To validate our model, we conducted a comprehensive study, in which we compared our
model to other benchmark methods for cell type identification and characterization from different perspectives. We
found that scDFN was better than the currently used methods. With the development of advanced high-throughput
technologies for scRNA-seq and emerging cell atlases, we aim to investigate the performance of the proposed scDFN
method on larger-scale scRNA-seq data in the future. One reason why scDFN did not consistently outperform other
models was that it used hyperparameter settings uniformly across all datasets. However, this approach, in turn, decreased
the problem of overfitting, which commonly occurs in methods trained on a specific dataset. This view was supported

by the fact that the other five methods had lower performance rankings on average and showed larger differences than
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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-
cell omics datasets, such as scATAC-seq and scMethyl-seq, to comprehensively understand cellular heterogeneity and

epigenetic regulation.

4. Materials and Methods

4.1 Data collection

We collected 32 real scRNA-seq datasets of mouse and human tissues. The cell types ranged from 2 to 49, and cell
numbers ranged from 56 to 12,089 [30, 32, 34-51]. These datasets were obtained from four sequencing platforms,
including inDrop, 10X, SMARTer, and Smart-seq2. These datasets had known labels for each cell and had been used to
test performance in previous studies. Detailed information on the collected scRNA-seq datasets is summarized in

Supplementary Table S1.

4.2 Details regarding model implementation

Our model was implemented using the PyTorch platform. While constructing graph neural networks, we used the KNN
algorithm to construct the cell graph, and the number of nearest neighbor k was set to 10, the same as that set in another
study [52]. Our model training strategy was as follows. We first trained AE and IGAE independently and achieved
potential embedding Z. Then, we integrated these two modules into a unified framework for pre-training to quickly
obtain the optimal combination of hyperparameters. Finally, the triple self-supervised strategy was used to fine-tune the
hyperparameters and obtain clustering results. Specifically, we used the classical symmetric encoder structure in AE and
set the dimension reduction dimension to M-1024-512-128-20, the learning rate to le-3, and the epoch to 50 in the
encoder part. We used a symmetrical graph encoder structure in IGAE and set the dimension reduction dimension to M-
1024-512-128-20, the learning rate to 1e-7, the fusion parameter to 0.1, and the epoch to 50.

The module of attribute and topology information fusion consisted of pre-training and fine-training processes, whose
learning rate of pre-training was le-5, fine-training was le-8, epoch of pre-training was 100, and fine-training was 50,
respectively. The weight vector {y;, ., V3, v4} of the objective function was set to {0.3,0.3,3,0.2}. For the parameters,
the Adam optimizer was used uniformly, while learning rate attenuation was fixed. We did not set the hyperparameters
for each dataset separately; instead, all test datasets used the same hyperparameters to assess the robustness of scDFN

in the following sections.

4.3 Data processing module
The scDFN model uses the original gene expression matrix X € RV*4 as input, in which N represents the number of

cells and d represents the number of genes. The raw gene expression matrix was processed by the Scanpy package. We
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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
median of the ratio of the gene expression to the geometric mean of the gene and is standardized by the cell library; thus,
the total count was the same between cells. If the library size (the number of total read counts) of cell i is represented as
s;, the cell size factor can be represented as s;/median (s). Since the single-cell expression matrix represents the
information on gene expression levels in each cell transcriptome, all elements in the matrix have non-negative values.
Therefore, we performed a logarithmic transformation to eliminate the influence of the differences in the value range of
different interval data. Finally, to discard genes with low recognition and description information, the function in the
Scanpy package was used to select the first M(M = 2000) highly variable genes. After standardizing and compressing
the data, we obtained the gene expression matrix X’ € RVNX?, d' <d.

Given an undirected graph G = {V, E},V = {v,v,, -+, vy} represents the set of nodes, E represents the set of edges,

and N represents the number of cells. The original adjacency matrix of G is defined by:

1,if (v;,v;) €EE,
A= (aij)NXN - {O,elsel l @

The degree matrix is represented by D, where D = diag(d,,d,, ...,dy) € RNV, and d; = Zvjev a;j. Then, A can

be normalized as follows:

5 1 1
A=D2(A+1)D2 (2)

Here, I € RVN*N represents an identity matrix. Thus, the gene expression matrix X’ and the standard adjacency matrix A

of the cell graph are the input of IGAE.

4.4 Autoencoder
As learning effective cell representation is a critical step for clustering scRNA-seq data [53], we used an autoencoder to
learn the representation of sScRNA-seq data. We assumed that the autoencoder has [ layers, in which [ represents the

layer number. Then, the [-th layer of a specific encoder process can be represented as follows:

HO = o (WVHED + b)) 3)

Here, o represents a linear activation function, such as the Relu and Sigmoid function, We(l) and bl represent the

weight and bias, respectively, and the initial H(® represents the gene expression matrix H(©.

The function of the decoder is to pass the data from encoding to the output layer and restore the extracted
information to its original structure. The structure of encoding and decoding is symmetrical. We used the decoder to

reconstruct the sSCRNA-seq data, which can be expressed as follows:
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HO = o (WPHD + b} 4)

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

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

N N
1 L1 o
Lag :mZ llx; — %115 ZWZ X" = X:ll, (5)
l= l=

4.5 Improved Graph Autoencoder

The classical autoencoder is usually symmetric, but the graph convolutional network is usually asymmetric. A general
solution is to reconstruct the adjacency matrix; however, it ignores the structure-based attribute information. To
compensate for the deficiency, we used a novel symmetric improved graph autoencoder (IGAE) to enhance stability by
simultaneously reconstructing the attribute matrix and the adjacency matrix. In IGAE, the encoder and decoder were

modified as follows:

1 1
70 = g (D‘f(A + I)D‘EZU-HW(D)
1 1 (6)
AOES (D‘E(A + I)D‘iz“(h—l)w(h))

Here, W® and W™ represent the parameters that can be learned by the I-th coding layer and the h-th decoding
layer, respectively, and o represents a linear activation function. For satisfactory cell representation, the mixed loss

function was defined by the following formula:
Ligag = Ly +vLq (7)

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

study, we sety = 0.1. The loss L,, and L, can be expressed as follows:

1

LW:WIIAX—ZII% (8)
1 A A n2

La=ﬁ”A_A”F 9

Here, Z represents the reconstructed weighted attribute matrix, and A represents the reconstructed adjacency matrix.
The goal of the network is to minimize the reconstruction loss of the weighted attribute matrix and the adjacency matrix

simultaneously.

4.6 Attribute and Topology Information Fusion (ATIF)
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The information fusion module was used to fully mine the feature attribute and topology information of the gene
expression matrix, and an information fusion module of attribute information and topology information was proposed.
The module consisted of two parts, including the cross-network information fusion mechanism and the triple self-
supervision strategy. The overall structure of ATIF is shown in Figure 1b.

First, the potential embedding Z,; € RN xd" obtained by the AE and the potential embedding Z,;4r € RY xd'
obtained by the IGAE underwent initial information fusion; in the expressions, d’ represents the dimension of the
potential embedded gene. The above-mentioned terms were combined as follows:

Zy = aZyp + (1 — a)Zigag (10)

Here, a represents a learnable parameter. The value of @ was initialized to 0.5, and then, automatically adjusted by
the gradient descent method. Using a message-passing operation, we obtained Z;, = AZ,, which was equivalent to a
local data augmentation of the initial fused information.

Based on local data enhancement, we used an autocorrelation method to investigate the non-local relationship
between cells through the autocorrelation matrix. Specifically, we first calculated the normalized autocorrelation matrix

S, and the element S;; was defined as follows:

5 = exp((Z5)i))
Y 2%:1 exp((Zs)ix)

(11)

where Z, = Z, ZI'.

Based on the autocorrelation matrix, we used Z; to consider the global connection between cells and found Z; =
SZ; . Finally, we linked the global relationship and the local relationship matrices to ensure the smooth transmission of
the initial fusion information in the information fusion module Z = Z; + Z,. In the equation, 8 is a learnable
parameter. The information fusion mechanism can be used to extract the global information and local information of
cells from the aspects of local correlation and global correlation. The attribute information obtained from AE and the
topological relationship of cells obtained from IGAE can achieve a better potential cell representation than that achieved

by using either one alone.

4.7 Decoder based on ZINB

To capture the structure of the scRNA-seq data, we employed ZINB loss to the decoder. Specifically, ZINB is used to
model the dropout event of sScRNA-seq data based on zero components and the distribution of NB [21]. This method
connects three independent connection layers with the last layer, and then, estimates the parameters of ZINB, including

the dropout rate 7, dispersion degree 8, and mean u. The output of the network is as follows:
11 = sigmoid (W, X)
M = exp(W,X) (12)
0 = exp(WpX)
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Here, W represents the learnable weight of the loss function, and uses a ZINB-based decoder to reconstruct sSCRNA-

seq data; NB and ZINB can be expressed as follows:

x+8)/ 8 \? x
NB(X|p6)= I;a);(e) (m) (ﬁ) (13)
ZINB(X | 7, 1,0) = 184(X) + (1 — m)NB(X) (14)

The reconstruction loss function of the gene expression matrix X is defined as the negative log-likelihood of the
ZINB distribution and is expressed as follows:

Lzing = —log(ZINB(X | m, p, 0)) (15)

4.8 Triplet Self-supervised Strategy

We integrated the autoencoder and the improved graph autoencoder in the neural network architecture, the combination
of which helped us extract the attribute information and topology information of the matrix. We proposed a triple self-
supervised module, which combined the autoencoder and the improved graph encoder. We trained these two modules
to achieve end-to-end single-cell clustering. In the first step, to generate a more reliable clustering network for guiding
training, we used a more stable clustering embedding Z € RN xd' For the i-th cell and the j-th cluster, Z combined the
information from AE and IGAE to generate the target distribution. We used t-distribution [54] as the kernel to determine

the similarity between the data representation Z; and the cluster center vector u;. The process can be expressed as follows:

_v+t
(1 + ]z — myl|/v) 2

qij = v+l
NI O
]

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

(16)

being assigned to the j-th center (i.e., a soft assignment), and Q = [qi j] represents the distribution of all samples. In the
second step, we optimized data representation by learning from high-confidence assignments. Specifically, we made the
data representation closer to the cluster center, thereby improving the cohesion of the cluster. Thus, we introduced the

target distribution P, which was calculated as follows:

(17)

Here, 0 < p;; < 1 represents the element that generates the target distribution P € RV*X, which represents the
probability of the i-th sample belonging to the j-th center. Each assignment in Q was normalized by the sum of squares,

so that the assignment had a higher confidence level, and the following objective function was obtained:
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Ly, =KL(P I Q)= Z Z Pilegq—l.]_ (18)
- ij
7

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

AE and IGAE. On the potential embedding of the two sub-networks, we expressed the soft allocation distribution of
IGAE and AE as Q' = [q; j] and Q = [qi}], respectively.

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

designed a triple clustering loss using the following formula:

Dij
L= Y pylog—— 10— (19)
= (qy +ai; + aij
3

4

Through this loss, we aligned AE, IGAE, and their fusion distribution with the target distribution. The objective
function had two advantages. (1) Compared to the traditional multi-classification loss function, the KL divergence
updates the entire model in a more reasonable way to avoid serious interference with the data representation. (2) The
AE module, IGAE module, and fusion representation are unified on the same optimization objective, causing their
results to be consistent during the training process. Since the target of the AE module, IGAE module, and fusion
representation is the approximate target distribution P, these three modules are strongly connected, giving rise to the

triple self-monitoring mechanism.

4.9 Quadruple joint losses
The learning goal of the model has four main parts, including the reconstruction loss of AE, the double reconstruction
loss of IGAE, the clustering loss of the triple self-monitoring mechanism, and the ZINB loss. These four losses are
combined to jointly optimize the clustering representation of cells. The joint clustering loss is expressed as follows:
L =y1Lag +VaLligae + V3lkr + Valzing (20)
Here, y4, 72, Y3 represent predefined hyperparameters that balance clustering optimization and reconstruction losses,
and y, represents a hyperparameter that controls the data structure that captures the distribution of the scRNA-seq data.
Various losses play certain roles in optimizing single-cell clustering representation (explained in the subsequent ablation

analysis).

4.10 Performance evaluation indicators

To evaluate the results of each clustering method, we selected two evaluation metrics for commonly used clustering.
Based on the clustering results of the model, the Normalized Mutual Information (NMI) [55] and the Adjusted Rand
Index (ARI) [56] can be used to evaluate the advantages and disadvantages of the model. NMI is calculated as follows:
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T H{) + H(d) @1

1(2;C) = Z z P(wy N ¢;) log Pig‘;’;ggg (22)

Here, H(t) and H(d) represent the entropy of the true label and the detected cluster, respectively; I represents mutual
information and H represents entropy. A more detailed description of the calculation of NMI is provided in another study
[57].

The ARI is another commonly used measure to evaluate the similarity between real labels and detected clusters. Given

n cells with s true clusters C; = [Cyq1, Cez, -+, Crs] and 1 detected clusters C; = [Cg1,Cq2, =+ ,Cqr]. The overlap

between the two partitions can be summarized as a continuous table, where each entry n;; = [Cy; N Cyj]n,; =[C, N C,]

represents the number of elements shared between the two clusters Cy; and Cy; C,;. Based on the above-mentioned

information, ARI can be defined as follows:

£y (1) - = (gi();)f )

i )+ ()2l

2

ARI = (23)

2 (3)]

Here, a; represents the sum of the row i of the contingency table, b; represents the sum of the row j of the contingency

table, and () represents the binomial coefficient.
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