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Single-cell sequencing technology can not only view the heterogeneity of cells from a molecular perspective, but also discover new cell types. Although there are many effective methods on dropout imputation, cell clustering, and lineage reconstruction based on single cell RNA sequencing (RNA-seq) data, there is no systemic pipeline on how to compare two single cell clusters at the molecular level. In the study, we present a novel pipeline on comparing two single cell clusters, including calling differential gene expression, coexpression network modules, and so on. The pipeline could reveal mechanisms behind the biological difference between cell clusters and cell types, and identify cell type specific molecular mechanisms. We applied the pipeline to two famous single-cell databases, Usoskin from mouse brain and Xin from human pancreas, which contained 622 and 1,600 cells, respectively, both of which were composed of four types of cells. As a result, we identified many significant differential genes, differential gene coexpression and network modules among the cell clusters, which confirmed that different cell clusters might perform different functions.
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INTRODUCTION

The fundamental unit of an organism is the cell. Coordinated gene expression in each cell is essential to biological functions, and aberrations often cause illness. Consequently, the genome-wide quantification of RNA experiments help to understand the growth and development of organism as well as pathogenesis of disease. One traditional technology of mRNA abundance measured at cell line or tissue level averaged over thousands or millions of cells, which is also called bulk RNA-seq (Stark et al., 2019). The bulk RNA-seq experiments has been successfully applied to a multitude of studies, and improved our biology knowledge. However, the disadvantage of bulk RNA-seq is that cell-specific mRNA abundance could not been provided, and some important gene expression signals might be unobserved. Our current knowledge related with cell types and there dynamic changes in biological system remains highly incomplete. Owing to resolution in sequencing technology, single-cell RNA-seq (scRNA-seq) at genome-wide level was first invented by Tang et al. (2009), and has been under rapidly booming development. The scRNA-seq technology makes some very important and challenging scientific research possible. For instance, unknown cell types were identified (Trombetta et al., 2014; Buettner et al., 2015). How to dissect gene expression changes during dynamic development (Tang et al., 2010; Xue et al., 2013; Yan et al., 2013). Study uncovered how tumorgenesis and cancer cell immune escape and tumor cell heterogeneity (Chung et al., 2017; Zhao et al., 2020). scRNA-seq was also used to predict therapeutic response in patients and understanding drug resistance mechanism (Lee et al., 2014; Liang et al., 2020), and clarify the pathophysiology of complex diseases and guide the successful treatment and intervention of patients with intractable diseases (Shalek and Benson, 2017; Kim et al., 2020). Collectively, the scRNA-seq technology has significantly promoted basic biological research and clinical personalized medicine. At the same time, the analysis of scRNA-seq data is challenging due to a number of problems such as sparsity caused by technical dropout, bimodal and multi-modal expression distributions (Korthauer et al., 2016), and highly biological and technical cell-to-cell variability (Vallejos et al., 2017; Hicks et al., 2018) giving rise to cellular heterogeneity. One very important step of scRNA-seq data analysis is to identify gene-specific expression pattern and/or a gene-gene interacting network within a population of cells or a biological condition in studies. Although numerous computational methods have been developed and applied during the past few years, most of them focused on difference in single gene-level differentiation (Finak et al., 2015; Korthauer et al., 2016; Butler et al., 2018; Miao et al., 2018; Stuart et al., 2019). In the present study, we integrated a variety of computational methods into a variance analysis workflow.

A fundamental question raised of expression data is what genes differentially expressed across conditions and circumstances. Despite technological revolution for scRNA-seq in recent years, technical stability of RNA quantification by scRNA-seq is still worse than that in bulk RNA-seq. Thus, the numerous variation computational tool established for bulk RNA do not work well for single-cell RNA-seq. During the past few years, a couple of computational methods have been designed particularly for single-cell RNA-seq data (Soneson and Robinson, 2018). For example, MAST based on Generalized linear model (Finak et al., 2015); DEsingle based on Zero inflated negative binomial (Miao et al., 2018); D3E based on Cramér-von Mises test, Kolmogorov-Smirnov test, likelihood ratio test (Delmans and Hemberg, 2016); SCDE based on Poisson and negative binomial model (Kharchenko et al., 2014); SigEMD based on Non-parametric earth mover's distance (Wang and Nabavi, 2018) and so on. Marker genes found by differential expression analysis play important role in cell type identification and discovery. It is also essential for downstream drug targets prediction and thus to prevent or treat disease. In addition to analyzing single gene, analyzing the relationship between genes is also crucial for construction of biological networks. For instance, the R package DGCA offers a suite of tools for computing and analyzing differential correlations between genes across multiple conditions (McKenzie et al., 2016).

If some genes always have similar expression patterns in a physiological process or metabolic process, then we can consider these genes to be functionally dependency, so they can be defined as a functional module. If a gene module is identified, then numerous researches would be done based of which, such as screening the core genes of relevant trait modules, modeling metabolic pathways, and establishing gene interaction networks. Weighted correlation network analysis (WGCNA) is a typical analysis tool at the network co-expression level (Langfelder and Horvath, 2008). Since WGCNA is an analysis tool designed for bulk sequencing data, almost no one uses it to analyze scRNA-seq data. Based the correlation between the analyzed module and the sample characteristics we can quickly extract gene co-expression modules related to the sample characteristics from the complex data for subsequent analysis. WGCNA builds a bridge between sample characteristics and gene expression changes (Iancu et al., 2012; Xue et al., 2013).

In the present study, we performed differential expression genes (DEGs) analysis for each two categories in the scRNA-seq data from a single gene level. Based the level of gene pairs, differential correlation analysis for each two categories were analyzed for the purpose of digging deeper biological information. The gene pair with the most significant difference in each category pair was obtained. The results of this analysis provide theoretical support for medical staff. Based the level of gene network, we used WGCNA to perform network analysis on scRNA-seq data, and in order to explore the difference in gene expression of each module, we used DiffCoEx (Tesson et al., 2010) to analyze the difference network module. The results of analysis from different levels of single cells, cell pairs, and cell networks showed that such a complete system is more capable of mining the underlying information contained in the scRNA-seq data. The study provided a comprehensive analysis approach for scRNA-seq researches in future.



MATERIALS AND METHODS

In recent years, with the microfluidic technology that can separate individual cells from a piece of tissue, researchers have made it more accurate to predict the diversity of biological tissues and target drugs for related diseases. Compared with bulk sequencing technology, the resolution of scRNA-seq technology is very accurate for single-cell level analysis, so scRNA-seq technology has developed rapidly. Although a series of work on single-cell sequencing technology has been developed in recent years, most of them are tested and verified in a single field, and there is no complete system to mine the potentially valuable information in single-cell data. Ignore some algorithms that have been developed in bulk sequencing technology, such as WGCNA. In this work, we have established a set of procedures for analyzing scRNA-seq data, including differential gene expression analysis (DEsingle, SigEMD), differential correlation analysis (DGCA), network analysis (WGCNA), differential network analysis (DNA). The specific flow chart is shown in Figure 1. These processes are described in detail below.


[image: Figure 1]
FIGURE 1. Flow chart of scRNA-seq data analysis. Cat. is the abbreviation of category, cat.1–4, respectively represent four cell types. Note that the gene filtering method in each method is different, please refer to the specific introduction in each section for details.



Data Information

In this work, we used two single-cell data sets. One of them is Usoskin [622 (cells) * 25335 (genes)], which comes from the GEO database (GSE59739) (Usoskin et al., 2015). This data is mainly divided into 4 categories: NF, NP, PEP, and TH. We performed a concise preprocessing of the data, the gene filter removes genes/transcripts that are expressed in <3 cells, and the cell filter removes cells that are expressed in <500 genes, the number of remaining samples is 622, and the gene dimension is 25333. Table 1 summarizes the basic information of Usoskin data.


Table 1. Brief information about Usoskin data.
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The other data used in this article is from human pancreas, named Xin [1600 (cells) * 39851 (genes)], which comes from the GEO database (GSE81608) (Xin et al., 2016). Xin is also divided into four categories: α, β, δ, and PP. The data uses the same preprocessing method as Usoskin data, the number of remaining samples is 1492, and the gene dimension is 28403. Table 2 summarizes the basic information of Xin data.


Table 2. Brief information about Xin data.
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Differential Gene Expression Analysis

We performed pairwise difference expression genes (DEG) analysis on the four types of cells in these two data sets. The methods used for DEGs are DEsingle (Miao et al., 2018) and SigEMD (Wang and Nabavi, 2018), both of which are methods for scRNA-seq data.

One of the biggest features of scRNA-seq data is that it contains a high proportion of 0 values, which is mainly due to two reasons: on the one hand, these “true” 0 values are the natural expression values of genes; on the other hand, due to the reverse transcription and sequencing process, there are too many “false” 0 values caused by the technical noise of the company, we call the latter “dropout.” In response to this phenomenon, most of the current differential analysis methods cannot separate the two situations, so DEsingle was developed to solve the differential analysis that contains the dropout problem data. DEsingle employed Zero-Inflated Negative Binomial model to estimate the proportion of real and dropout zeros and detect three types of DEGs in scRNA-seq data with higher accuracy.

The SigEMD method also takes into account the “dropout” problem. Using a logistic regression model and a non-parametric method based on the distance of the earth mover can accurately and effectively identify the DEGs in the scRNA-seq data. Regression models and data imputation are used to reduce the impact of a large number of zero counts, and non-parametric methods are used to improve the sensitivity of detecting DEGs from multimodal scRNAseq data. And used simulated data sets and real data sets to verify the accuracy of this method.



Differential Gene Correlation Analysis

The key step to establish a biological system prediction model is to analyze the regulatory relationship between genes, so an effective solution is to study the difference in correlation between gene pairs. Differential Gene Correlation Analysis (DGCA) is proposed to solve such problems (McKenzie et al., 2016). In order to minimize parameter assumptions, DGCA calculates empirical p-values through permutation tests. In order to understand the differential correlation at the system level, DGCA conducted a higher-level analysis through simulation research. The simple method based on Z score adopted by DGCA is significantly better than the existing alternative methods of calculating differential correlation.



Network Analysis

Weighted correlation network analysis (WGCNA) is a systems biology method used to describe gene association patterns between different samples (Liu et al., 2017). WGCNA can be used to identify highly coordinated gene sets, and identify candidate biomarker genes or therapeutic targets based on the interconnectivity of gene sets and the association between gene sets and phenotypes. Compared with only focusing on differentially expressed genes, WGCNA uses the information of thousands or tens of thousands of genes with the greatest changes or all genes to identify the gene set of interest, and conducts significant association analysis with the phenotype. It not only makes full use of information, but also converts the associations between thousands of genes and phenotypes into associations between multiple genomes and phenotypes, eliminating the problems of multiple hypothesis testing and correction.



Differential Network Analysis

In scRNA-seq data, if certain genes always have similar expression changes in a physiological process or in different tissues, then we have reason to believe that these genes are functionally related and can be defined as a module. When the gene module is defined, we can use these results to do a lot of further work. For example, we use DiffCoEx for differential network analysis (Tesson et al., 2010), which is a method for identifying changes in association patterns. This method is based on the commonly used WGCNA framework for co-expression analysis. Prove its usefulness by identifying biologically relevant, differentially co-expressed modules in the mouse dataset.




SOFTWARE AVAILABILITY

The codes for the two methods of differential gene expression analysis are freely available (DEsingle: https://bioconductor.org/packages/DEsingle, SigEMD: https://github.com/NabaviLab/SigEMD); This article uses the DAVID website for feature enrichment analysis. The website is available for free in https://david.ncifcrf.gov/ Difference correlation analysis is freely available in https://github.com/andymckenzie/DGCA WGCNA is freely available in https://cran.r-project.org/web/packages/WGCNA/index.html DiffCoEx is freely available in https://bmcbioinformatics.biomedcentral.com/articles/10.1186/1471-2105-11-497.



RESULTS


DEGs Between Two Categories

With the development of high-throughput technology, the field of biomedical related research has entered the omics era, and the research of a single gene can no longer meet the needs of researchers. However, such a large amount of data brings new challenges to the effective extraction and analysis of information. Taking sequencing data as an example, the analysis of sequencing results often results in a list of differentially expressed genes or proteins. But for many researchers, it is difficult to associate this long list of genes or proteins with a biological phenomenon to be studied and its underlying mechanism. Functional enrichment analysis is to divide a gene or protein list into multiple parts, that is, to classify a bunch of genes, and the classification criteria here are often limited according to the function of the gene. In other words, it is to put together genes with similar functions in a gene list and associate them with biological phenotypes.

We use DEsingle and SigEMD two methods to analyze the four types of data contained in Usoskin, overlap the differential genes obtained by the two methods, and select the differential genes with p < 0.05 for functional enrichment analysis. In this work, we used DAVID to perform two enrichment analyses of GO and KEGG on overlapping differential genes obtained from two NF-NP data, and correlated them with biological phenotypes. Among them, GO (Gene Ontology) enrichment analysis is mainly divided into three parts: Molecular Function (MF), Biological Process (BP), and Cellular Component (CC), as shown in Figure 2A, we have selected the top 20 representative Go terms for BP, CC, and MF. The x-axis represents the first 20 terms selected for each part, the y-axis represents the change of pvalue, and the color represents z-score. The KEGG (Kyoto Encyclopedia of Genes and Genomes) is a database that systematically analyzes the metabolic pathways of gene products in cells and the functions of these gene products. KEGG integrates data on the genome, chemical molecules, and biochemical systems, including metabolic pathways (PATHWAY), etc. As shown in Figure 2B, we can observe that seven pathways are obtained in the two sets of NF-NP data, and the number of genes expressed in the pathway Mmu030133: RNA transport pathway is large, and the p-value lower, indicating that the enrichment of this pathway is the most significant. In addition, we selected two terms with the most significant enrichment among the three indicators of BP, CC, and MF, and analyzed the up-regulated and down-regulated genes of these six terms, as well as their z-score changes, as shown in Figure 2C. The Xin data set and the other five analysis results are shown in Supplementary Material 1.


[image: Figure 2]
FIGURE 2. GO and KEGG analysis were performed on the differential genes with overlapping NF-NP data. (A) Perform enrichment analysis on the differential genes with overlapping datasets, and display the top 20 most significant terms in BP, CC, and MF. (B) Perform KEGG enrichment analysis on the differential genes with overlapping NF-NP data. (C) Basic information of six specified terms, among them, blue means down-regulated genes, red means up-regulated genes.




Gene Pairs With Significant Differences Between Two Categories

Analyzing the regulatory relationship between genes is a key step in establishing an accurate prediction model of biological systems. To achieve this goal, a powerful method is to systematically study the correlation differences between gene pairs in more than one situation. In our work, we will perform pairwise analysis on the four data types contained in Usoskin and Xin, and consider the difference and correlation between gene pairs in different types of datasets. We used overlapping differentially expressed genes as the input of DGCA, and listed the most different gene pairs in six different situations, as shown in Tables 3, 4.


Table 3. The six gene pairs in Usoskin data have the largest differences in different situations.

[image: Table 3]


Table 4. The six gene pairs in Xin data have the largest differences in different situations.

[image: Table 4]

The first column in Table 3 shows the matching analysis pairs of six different data subtypes, corresponding to class1 and class2, respectively in columns four and five, and the sixth column shows the change value of Z-score, indicating the change of correlation between gene pairs. Table 4 is the same. NF_NP, NF_PEP, NF_TH, NP_PEP, PEP_TH these five pairs of data from class1 to class2 gene pair correlation completely lost, on the contrary, NP_TH this pair of data is completely irrelevant from class1 to class2 correlation has been significantly improved. Please refer to Table 5 for basic information about the two genes Il17rd and Pde1b. For detailed information about these two genes, please refer to the database MGI (Mouse Genome Informatics, http://www.informatics.jax.org/).


Table 5. Basic information of genes Il17rd and Pde1b.
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Co-expression Networks Generated With WGCNA

WGCNA is mainly divided into two steps. In the first step, WGCNA analysis uses the weighted value of the correlation coefficient, that is, the gene correlation coefficient is taken to the power of β, so that the connection between the genes in the network obeys the scale-free network distribution (scale-free networks), determine the β parameter by the square of the correlation coefficient of log(k) and logp[(k)]. In general, the higher the square of the correlation coefficient, the closer the network is to the distribution without network scale. This algorithm has more biological significance. The second step is to construct a hierarchical clustering tree through the correlation coefficients between genes. Different branches of the clustering tree represent different gene modules, and different colors represent different modules. Based on the weighted correlation coefficients of genes, genes are classified according to their expression patterns, and genes with similar patterns are grouped into one module. In this way, tens of thousands of genes can be divided into dozens of modules through gene expression patterns, which is a process of extracting general information.

In this work, in order to reduce the running time of WGCNA, we calculated the standard deviation of the genes in each data set, and then left the genes with the largest standard deviation of the first 5000. The reason is that data with large variance contains the main biological information in the data, and it can also reduce the complexity of calculation. We first analyze two data subsets of NF and PEP, as shown in Figure 3. The Xin data set and the other two analysis results are shown in Supplementary Material 2.


[image: Figure 3]
FIGURE 3. (A,B) are network heat maps of NF and PEP, respectively. On the left side and top are the hierarchical clustering trees and modules of genes. In the figure, red represents higher similarity and yellow represents lower similarity. As the module is composed of genes with high similarity, it corresponds to the diagonal red in the figure.


Figure 3 shows the heat map of the module. Both the abscissa and the ordinate are genes, and the entire module represents the relationship between genes. On the left and top is the hierarchical clustering tree and module allocation. Red represents higher similarity, and yellow represents lower similarity. Since the module is composed of genes with high similarity, corresponding to the red area of the diagonal line in the figure, the target gene analysis and the correlation between the module and the trait can be performed for the module of interest.

Hub gene is a gene that plays a vital role in biological processes. In related pathways, the regulation of other genes is often affected by this gene. Therefore, hub gene is often an important target and research hot spot. We use chooseTopHubInEachModule in the WGCNA package to find the Hub genes in each module, and predict the gene function of the module through functional enrichment analysis. Here we show the Hub genes of the NF data type in Table 6 and the results of the functional enrichment analysis in Table 7.


Table 6. The Hub gene of the NF data subset.

[image: Table 6]


Table 7. Functional enrichment analysis of Hub genes in NF data subsets.
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Differential Network Analysis With DiffCoEx

When we use DiffCoEx to analyze the difference network of each two types of Usoskin and Xin data, using the default parameters will lead to too many modules. In order to reduce the number of modules as much as possible, the gene is sampled, in other words, only 1/2 of the genes were randomly selected as the input to DiffCoEx, and the “cutHeight” parameter of the “mergeCloseModules” function was adjusted to 0.5 (default 0.2). Here, we only show the results of the two data types of NF-NP in the Usoskin dataset, as shown in Figure 4. The Xin data set and the other five analysis results are show in Supplementary Material 3.


[image: Figure 4]
FIGURE 4. Comparative correlation heat map of NF and NP. The upper diagonal of the main matrix shows a correlation between pairs of genes among the NF (the red color corresponds to positive correlations, blue to negative correlations). The lower diagonal of the heat map shows a correlation between the same gene pairs in the NP controls. Modules are identified in the heat map by black squares and on the right side of the heat map by a color bar. The brown bands on the right side indicate the mean expression of the modules in the NF (first column) and the NP (second column); darker colors indicate higher mean expression levels.


The upper half of the main matrix in the figure shows the relationship between genes and genes in the NF subset, and the lower half shows the relationship between genes and genes in the NP subset. There are a total of 21 modules in the figure. Some modules have a higher expression level in NF and some have higher expression levels in NP. The color difference between the two sides is more obvious, indicating that this module has a large difference between NF and NP, which can be targeted at the difference. Analysis of the more obvious modules plays a vital role in the exploration of downstream target genes and drug prediction.




DISCUSSION

In recent years, the rapid development of single-cell sequencing technology can simultaneously measure the expression levels of tens of thousands of cells in a single experiment. Because of this, single-cell sequencing technology has developed rapidly in recent years. Although a large number of research methods have been developed for single-cell sequencing technology, there is no systematic framework on how to compare two single-cell clusters at the molecular level. Due to the difference in gene expression levels, different cells have different biological meanings and different physiological functions. Each gene is involved in a different biological process. It is not feasible to analyze all genes blindly to predict drugs and treat diseases. Therefore, analyzing data from the perspective of genetics plays an important role in clinical trials and scientific research. In this work, we performed a complete process analysis of scRNA-seq data at the molecular level. For example, through DEGs, we can know whether there are differences between different groups, and which genes are different. Furthermore, the functional enrichment analysis (GO, KEGG) of these differential genes was performed to explore the relevant signal pathways and the biological processes mediated by the differences in the expression of these genes. By constructing a gene regulatory network (WGCNA), it is helpful to understand the function of different genes and the interaction between genes as a whole, to better understand the gene expression mechanism inside cells, and to promote the research of disease pathology. By analyzing the difference modules in the entire gene regulatory network, exploring modules that contain more biological information provides effective guidance for the prediction of targeted genes and subsequent analysis.

This work mainly focuses on the analysis of the gene level in single-cell data, including the analysis of differential genes, the analysis of differential correlation, the construction of gene regulatory networks and the analysis of differential networks, without considering the internal dynamics between cells. How to effectively express the biological information contained in genes and cells in words is one of our future research directions. And due to the lack of relevant biological background knowledge, the analysis and description of the analysis results and the regulatory relationship between genes are insufficient. At the same time, more algorithm models can be considered for constructing the relationship between genes.
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