Computational and Structural Biotechnology Journal 23 (2024) 77-86

Contents lists available at ScienceDirect

COMPUTATIONAL
ANDSTRUCTURAL
BIOTECHNOLOGY
M. JOURNAL

Computational and Structural Biotechnology Journal

ELSEVIER journal homepage: www.elsevier.com/locate/csbj

Database article ' :.)

Check for

SCInter: A comprehensive single-cell transcriptome integration database for [
human and mouse

Jun Zhao®', Yuezhu Wang’»', Chenchen Feng “', Mingxue Yin>®%"!) Yu Gao?, Ling Wei ™',
Chao Song ™“, Bo Ai°, Qiuyu Wang el Jjan Zhang ™, Jiang Zhu™ ",
Chunquan Li>»&%&58

@ School of Medical Informatics, Daqing Campus, Harbin Medical University, Daging, 163319, China

Y The First Affiliated Hospital, Cardiovascular Lab of Big Data and Imaging Artificial Intelligence, Hengyang Medical School, University of South China, Hengyang,
Hunan, 421001, China

¢ School of Computer, University of South China, Hengyang, Hunan 421001, China

4 Hunan Provincial Key Laboratory of Multi-omics And Artificial Intelligence of Cardiovascular Diseases, University of South China, Hengyang, Hunan, 421001, China
¢ Department of Biochemistry and Molecular Biology, School of Basic Medical Sciences, Hengyang Medical School, University of South China, Hengyang, Hunan,
421001, China

f Department of Cell Biology and Genetics, School of Basic Medical Sciences, Hengyang Medical School, University of South China, Hengyang, Hunan, 421001, China
8 National Health Commission Key Laboratory of Birth Defect Research and Prevention, Hengyang Medical School, University of South China, Hengyang, Hunan,
421001, China

" Institute of Medical Innovation and Research, Peking University Third Hospital, Beijing 100191, China

i Cancer Center, Peking University Third Hospital, Beijing 100191, China

I School of Artificial Intelligence, Jilin University, Changchun 130012, China

ARTICLE INFO ABSTRACT

Keywords: Single-cell RNA sequencing (scRNA-seq), which profiles gene expression at the cellular level, has effectively
Single cell imeE_ratiOﬂ database explored cell heterogeneity and reconstructed developmental trajectories. With the increasing research on dis-
Cell heterogeneity eases and biological processes, scRNA-seq datasets are accumulating rapidly, highlighting the urgent need for

Multi-method automatic cell-type annotation

o collecting and processing these data to support comprehensive and effective annotation and analysis. Here, we
Cell to cell communication

have developed a comprehensive Single-Cell transcriptome integration database for human and mouse (SCInter,
https://bio.liclab.net/SCInter/index.php), which aims to provide a manually curated database that supports the
provision of gene expression profiles across various cell types at the sample level. The current version of SCInter
includes 115 integrated datasets and 1016 samples, covering nearly 150 tissues/cell lines. It contains 8016,646
cell markers in 457 identified cell types. SCInter enabled comprehensive analysis of cataloged single-cell data
encompassing quality control (QC), clustering, cell markers, multi-method cell type automatic annotation,
predicting cell differentiation trajectories and so on. At the same time, SCInter provided a user-friendly interface
to query, browse, analyze and visualize each integrated dataset and single cell sample, along with comprehensive
QC reports and processing results. It will facilitate the identification of cell type in different cell subpopulations
and explore developmental trajectories, enhancing the study of cell heterogeneity in the fields of immunology
and oncology.

1. Introduction that enables high-throughput sequencing of genes at the individual cell
level [1]. The scRNA-seq can perform unbiased, reproducible,
Single-cell RNA sequencing (scRNA-seq) is a cutting-edge technology high-resolution and high-throughput transcription analysis of single
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cells [2]. Compared to traditional transcriptome analysis, scRNA-seq
effectively identifies the heterogeneity among morphologically indis-
tinguishable cells [3-5]. It also contributes to the discovery of novel and
rare cell types and gain insight into the gene regulatory mechanisms of
cell development and cell fate decisions [6-8]. In the past few years,
there have been significant improvements in the quality and quantity of
scRNA-seq data [9-12]. These massively generated single-cell data have
been deposited on some public resource platforms, such as Human Cell
Atlas (HCA) and NCBI/Gene Expression Omnibus (GEO) [13,14].
However, platforms lack user-friendly interfaces and fail to adequately
assist single-cell researchers [15]. Therefore, it’s necessary to integrate a
large number of single-cell datasets and conduct comprehensive analysis
for better understanding cellular identity and function [16,17].

Currently, several scRNA-seq related databases have been devel-
oped. For example, SCRNASeqDB (Cao et al., Genes (Basel), 2017) pro-
vided the gene expression of different cell types for only 36 human
datasets from GEO [18]. ColorCells (Zheng et al., Brief Bioinform, 2020)
supported comparative analysis of IncRNA expression, classification and
function in single-cell RNA-Seq data without annotating cell subtypes
[19]. SCovid (Qi et al., Nucleic Acids Research, 2022) [20], DISCO (Li
et al., Nucleic Acids Research, 2022) [21], AgeAnno (Huang,et al.,
Nucleic Acids Research, 2023) [22] and HTCA (Pan et al., Nucleic Acids
Research, 2023) [23] only store some human single cell data, but they
do not fully consider the analysis of integrated datasets and
single-sample data. Multi-sample integration can effectively reveal tis-
sue heterogeneity, and the collection and processing of gene expression
profiles across cell types at the level of single sample is also helpful to
explore the potential specificity within cells [24,25]. Therefore, we have
collected and screened thousands of single cell samples from multiple
sequencing platforms, integrating the datasets. Additionally, annotating
data information at the single-sample level is quite complicated for most
biological researchers. Therefore, there is an urgent need to compre-
hensively collect and integrate these rapidly accumulating scRNA-seq
datasets, and provide a platform for storing gene expression profiles
and analytical results of single cell datasets.

To this end, we developed a comprehensive Single-Cell tran-
scriptome Integration database for human and mouse (SCInter, https://
bio.liclab.net/SCInter/index.php). SCInter aims to provide a compre-
hensive manually curated single cell transcriptome integration data-
base. Additionally, it supports the provision of gene expression profiles
across cell types at the sample level. The current version of SCInter in-
cludes a total of 115 integrated datasets and 1016 single-cell samples
covering nearly 150 tissues/cell lines. It is worth noting that each
sample represents a single-cell expression map confirmed by high-
throughput experiments. We have annotated 12,925 clusters and
8016,646 cell markers in 457 cell types using the gene expression profile
matrix. At the same time, we have implemented a series of uniform
download and multiscale identification on each integrated dataset and
single cell sample. This includes accurate multi-method cell type anno-
tation, functional gene expressions, data dimension reduction, cell
clustering, screening of specific cell markers, cell differentiation tra-
jectories and etc. In addition, our database supports scRNA-seq data
generated from various protocols and platforms, such as 10x Chromium,
Microwell-seq, Drop-seq, SMART-seq2 and CEL-Seq2 [26-29]. In sum-
mary, SCInter is a user-friendly database to query, browse, analysis and
visualize information associated with single cell. We believe that SCInter
could become a useful and effective platform for exploring develop-
mental trajectories and heterogeneity of cells in diseases and biological
processes.

2. Materials and methods
2.1. Data collection and quality control

We manually collected thousands of publicly available human and
mouse scRNA-seq data from GEO based on the following keywords
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“scRNAseq” OR “single-cell RNA-seq” OR “scRNA-seq” OR “single-cell
RNA-sequencing” OR “single cell RNA sequencing” (Fig. 1). All data
were examined in the sample description text of GEO, and only data
containing barcode, genes/features and matrix were retained. Given the
technical noise inherent in scRNA-seq data, we performed data filtering
and quality control. First, we filtered out cells with less than two hun-
dred expressed genes, and genes with detectable expression in fewer
than three cells. To further ensure the quality of cells, we used the
popular open-source R package Seurat to plot violin graphs of three
features: number of feature genes, gene counts and mitochondrial ratio
of each cell. We removed cells with mitochondrial contamination and an
abnormal number of feature genes by following the quality control
principle [30,31]. Moreover, we considered potential experimental er-
rors and variations in data accuracy resulting from different times, ex-
perimenters, and instruments during the single-cell sample integration
process. Therefore, we used Harmony software to remove batch effect by
applying the iterative clustering method [32].

2.2. Data integration

For each integration dataset, we integrate multiple GSM samples
from the same sequencing platform and the same GSE dataset through
the “merge” function. In order to ensure the quality of cells for each
integration dataset, Seurat was used to plot violin graphs of three fea-
tures, including the number of mitochondrial ratios, gene counts and
feature genes of each dataset. To remove lowly quality cells and lowly
expressed genes, we excluded cells with mitochondrial contamination
and abnormal gene numbers by observation. Considering the influence
of technical noise, we adopt “Harmony” function to remove the batch
effect between samples. Then we use the same R package for data
integration, clustering visualization and other analysis. For these ana-
lyses, the function “SCTransform” was used to integrate and scale data.

2.3. Cell clustering

To cluster the cells, for each sample, we first use linear dimension
reduction principal component analysis (PCA) to reduce the dimension
of data. Then, the function "ElbowPlot" is used to identify PCs, and
ElbowPlot ranks the main components based on the percentage of
variance explained by each component. In the ElbowPlot results, the
sharp decline of the PC variance curve represents the "real" signal related
to the biological differences between cell groups. When the PC variance
curve gradually flattens, it represents technical variation or random
noise of a single cell. Therefore, we take the PC cutoff point whose cu-
mulative contribution is greater than 90% variance as the inflection
point of the curve, and select the most suitable number of PCs for each
data sample [33]. Immediately after that, we applied the FindClusters
function with clustering resolution tocluster cells based on the Louvain
algorithm. Then, based on the above analysis, we use two nonlinear
dimensionality reduction methods umap and tsne to realize cell clus-
tering, and provide a comparative display. Its purpose is to help better
retain the structural characteristics of data in single cell clustering,
accurately capture the similarities and differences between cells, and
thus achieve more accurate clustering results.

2.4. Differential gene expression

To identify the positive markers for each cluster, we employed the
FindAllMarkers function of Seurat to identify the positive markers with
specific expression levels by comparing current cluster with all
remaining clusters [34]. We used three methods to find the markers of
each cluster for single sample data processing, including Wilcoxon rank
sum test [35], Student’s t-test [36] and logistic regression framework
[37]. In addition, SCInter also provides significant differential gene
analysis from any two clusters through the FindMarkers function.
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Fig. 1. Database content and construction. SCInter is a comprehensive single-cell transcriptome database for human and mouse with a large number of datasets.
Importantly, SCInter provides useful single-cell clustering analysis to identify specific cell markers, available pseudotime analysis and cell type automatic annotation.
Users can query to determine the integration datasets and single-cell samples through three paths. SCInter provides a user-friendly interface to query, browse, analyze
and visualize each integration dataset and single-cell sample with comprehensive QC reports and processing results.

2.5. Selection of hypervariable genes

Considering cell-to-cell variation in gene expression, many studies
have demonstrated that genes with the power to distinguish cell het-
erogeneity showed higher variation [38]. Therefore, we used the Find-
VariableFeatures function to calculate the mean expression values and
variance expression values, and finally generated the top 2000 genes as
hypervariable genes.

2.6. Pseudotime analysis

To study and simulate the dynamic biological processes of cells,

SCInter adopted the popular software Monocle to produce a trajectory of
cell’s development [38,39]. Firstly, we used DDRTree to reduce the
dimensionality of the dataset [40]. The orderCells function of Monocle
was then performed to re-order the cells. Finally, to visualize the
changes of in different clusters with the development of state and
pseudotime, we used the plot_cell_trajectory function. It is worth noting
that we provided markers and hypervariable genes for pseudotime
analysis, respectively.

2.7. Cell to cell communication

Cells of multicellular organisms often communicate with each other
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through cytokines and membrane proteins, so as to regulate life activ-
ities and ensure the efficient and orderly operation of living organisms.
Among them, receptor-ligand mediated intercellular communication is
very important for coordinating various biological processes such as
development, differentiation and diseases. Therefore, in order to iden-
tify the receptor and ligand proteins that play a significant role in each
cell cluster, we used CellPhoneDB to perform cell to cell communication
network analysis in Linux environment [41,42]. This enabled us to un-
derstand the differences between cell types in physiological and path-
ological conditions, thereby providing new ideas and methods for
disease diagnosis and treatment. The principle of CellPhoneDB to
recognize cellular protein interactions by predicting the type and
mechanism of intercellular communication. This is achieved by calcu-
lating the probability and intensity of intercellular communication
based on the gene expression data of single cell transcriptome [43].
CellPhoneDB contains 978 types of proteins, of which 501 are secreted
proteins and 585 are membrane proteins, participating in 1396 kinds of
interactions. The database also considers the subunit structure of ligands
and receptors, and accurately represents 466 heteromer complexes,
which plays a vital role in the study of cell communication mediated by
multi-subunit complexes. In addition, as the database is limited to
human, we compared the marker genes identified by mouse single cell
data to the human genome through homologous gene transformation.
This allowed us to complete the exploration of cell communication
mechanism among various cell types [44].

2.8. Automatic cell-type annotation

It is a key step to annotate cell clusters into specific cell types ac-
cording to the expression of cell-specific marker gene and the biological
functions performed by cells. The common strategy for defining cell
attributes is to extract specific expression marker genes from different
cell clusters based on verified literature and experiments. Therefore, the
selection of reference background genes is particularly important for cell
annotation.

2.8.1. Reference datasets collection

Cell marker was used for defining and distinguishing cell types [45].
Although the use of cell markers is very important in defining and dis-
tinguishing cell types, the key aspect of cell type annotation is to identify
the characteristic genome of single cells and the reference genome of
known cell types. For our annotation analysis, we selected reference
databases containing marker lists associated with well-established cell
types namely, CellMarker and PanglaoDB. CellMarker is a comprehen-
sive and accurate cell marker resource that provides multiple cell types
of human and mouse tissues [46]. We collected 13,605 cell markers
across hundreds of cell types in human and mouse recorded in Cell-
Marker. From these markers, we further selected more accurate cell
markers as our reference for automatic cell type annotation analysis.
PanglaoDB is a marker database for annotation of cell population, which
contains information about tissue and organs of more than 4 million
cells, involving more than 6000 marker genes. We incorporated Pan-
glaoDB as another cell type reference gene set for users to choose.

Methodl SCInter supports automatical cell types annotation for
clusters based on cell markers. We jointly used hypergeometric tests and
Jaccard similarity to determine cell types of different clusters [47,48].
The significance of cluster A being annotated as cell type B was
measured by the hypergeometric test P-value. The P-value was
measured as:

where, n represents the number of all human or mouse genes, k repre-
sents the number of all markers interacting with cluster A, s represents
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the number of genes interacting with the cell markers of cell type B, and
x represents the number of genes shared between cluster A and cell type
B.

In addition, we also calculated the Jaccard similarity between cell
type and cluster. The Jaccard coefficient is a probability used to compare
the similarity and dispersion in the set. The Jaccard score was calculated
as:

xXny| XNy
XUuY| |X|+|Y|-|XNY]

Jaccard (X, Y) =

where, X represents the marker set of cluster A and Y represents the
genes set of cell type B.

Method2 SCInter added SingleR automatic cell type annotation to the
single cell integration datasets to help us better understand the function
and characteristics of each cell [49]. SingleR is a software package based
on the R environment. Its principle is based on the heterogeneity and
similarity of gene expression in scRNA-seq data. By calculating the
similarity between single cell expression patterns and cell type patterns
in the reference dataset, the cell type and subtype to which each single
cell belongs is determined. It is worth noting that SingleR can annotate
not only cells on the new scRNA-seq datasets, but also the existing public
datasets [50]. SingleR annotation can effectively reveal previously un-
discovered subtypes and new cell types, and help identify and study rare
cell types in the human body [51].

2.8.2. Cell marker analysis

Because the marker genes in cells are important sign of cell definition
and classification, the markers in the same cluster often have similar
expression patterns. In order to measure the consistency among major
marker genes. Pearson correlation coefficients were used to calculate the
correlations between the genes entered by users and other markers in
the cluster where the genes belong. The Pearson calculation is as fol-
lows:

_cov(X,Y) _E[(X—pX)(Y — pY)]
" oXoY cXoY

p(X,Y)

where, Pearson correlation number p(X, Y) is equal to the covariance cov
(X, Y) between two continuous variables (X, Y) divided by the product
(X, Y) of their respective standard deviations. X is the average value of
X, uY is the average value of Y, and E is the expectation. The calculated
correlation coefficient is a number between — 1 and 1. If the coefficient
is close to 0, there is no correlation between the calculated two vari-
ables, and if it is close to 1 or — 1, there is a strong correlation between
the two variables. At last, we use R language function cor.test to
calculate Pearson correlation coefficient R expressed between marker
genes and statistical P value of correlation test.

3. Database use and access
3.1. A search interface for retrieving single-cell data

SCInter is a powerful platform that provides users with an intuitive
search interface to access single-cell data. Users can determine the scope
of single cell integration datasets and single samples query through four
paths including “Search by tissue type (input tissue name of interest)”,
“Search by cell type (input cell type name of interest)”, “Search by cell
marker (input marker gene name of interest)” and “Search by disease
(input disease of interest)” (Fig. 2A). Based on the cell type query, users
can obtain all datasets and sample information by the cell type through
submiting a cell type of interest. For marker-based query, the search
results provide information about integration datasets or single samples
where the input gene is a cluster marker, including cluster information
and fold-change values. In the tissue based query, users can select spe-
cies for customizing filters. Based on the disease query, users can obtain
all datasets and sample information through submiting a disease type of
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Fig. 2. The main functions and usages of SCInter. (A) Three inquiry modes are available. (B) Table of search results including sample id/dataset id, biosample type
and name, tissue type, GEO ID, cell/gene number and plot diagram. (C) Cell clustering, accurately multi-angle cell annotation and functional gene expressions. (D)
Cell communication of receptor and ligand protein between different cell types. (E) Cell type correlation statistics.
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interest. The brief information from the search results is displayed in a
table on the results page. The table describes sample id/dataset id,
biosample type and name, tissue type, GEO ID, cell/gene number and
plot diagram (Fig. 2B). Upon finding a sample or dataset of interest,
users can click on the “Sample ID” or “Dataset ID” to access detailed
information, including: (i) sample overview; (ii) cell clustering and
accurately multi-angle cell annotation; (iii) functional gene expressions;
(iv) cell to cell communication; (v) cluster markers; and (vi) Functional
enrichment. By sample overview, the table for the sample overview
describes dataset ID, species, biosample type, tissue type, integration
sample number, cell number and gene number. In the cell clustering and
annotation module, SCInter uses multiple reference geneset annotation
method to display cell clustering results. Users can freely choose the
reference geneset to compare the cell types of specific cell cluster after
annotation. In the gene expression module, we provide the gene
expression of all markers in each cell cluster. The distribution graph of
marker gene expression in each cell can effectively reveal the signifi-
cantly high expression of marker genes in each cluster, and also help us
to further explore the potential functional characteristics of each specific
cell cluster (Fig. 2C). In the process of identifying the cell markers of
single samples, we also provide extra-information about the differences
between any two cell clusters in order to compare the heterogeneity of
each cell cluster. The resulting table of marker gene recognition displays
statistical information including pct.1, pct.2 and P value. In the cell
communication module, receptor and ligand proteins between various
cell types could be shown by clicking their respective drop-down boxes
and buttons (Fig. 2D). In the statistics module, we made statistics on the
number of cells in the integrated sample, the number of cells in each cell
type and the marker gene of each cell cluster (Fig. 2E).

3.2. User-friendly interface for browsing single-cell data

The “Browse” page was designed as an interactive and alphanu-
merically sortable table that allowed users to quickly browse single-cell
samples. Users could customize filters by selecting options such as
“Species”, “Biosample type”, “Tissue type” and “Biosample name”. Users
could use the “Show entries” drop-down menu to get different numbers
of records per page. To view the single-cell data for a specific dataset,
users only needed to click on the “Sample ID” and “Dataset ID”.

3.3. Effective online analysis tools

In the “Cell type annotation” tool, users submitted a gene list for
cell type analysis. SCInter performed hypergeometric tests and calcu-
lated the Jaccard similarity between the submitted gene list and the gene
set of each cell type from CellMarker or PanglaoDB to identify possible
related cell types. Users have the option to select the reference genome
of interest. The results table displayed cell types, intersection genes, the
number of intersection genes and hypergeometric test P values. Addi-
tionally, SCInter provides Venn diagrams as the results of hypergeo-
metric enrichment. When selecting the cell type of interest, all samples
of relevant cell types were listed, and the user further observed detailed
information (FigureS1A). In addition, users can explore the correlation
between these input genes and identified markers related cell types
through a co-expression network.

Using the “Marker analysis” tool, users can analyze any sample and
any gene of interest. SCInter provides two visualization methods, UMAP
and tSNE, for user selection. The analysis results provide detailed in-
formation about the input genes in the specific sample, including the
gene expression distribution and co-expression with other markers. We
use heatmap and network map to display the co-expression results of
each marker gene. Notably, asterisks are used to highlight the genes of
interest, and users can freely choose the top 20 or top 30 marker genes
for viewing (FigureS1B).
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3.4. Case studies

3.4.1. Case study of cell type annotation

To provide examples of how SCInter can be used to explore which
cells that the interested genes associated with, we selected differential
genes (logoFC>2, P < 0.05) of hypertrophic cardiomyopathy (HCM) as
input (Fig. 3A; Table S1). The results identified several cell types asso-
ciated with HCM, such as cardiomyocyte cell (Rank=1, P = 1.0E-6) and
ventricular cardiomyocyte cell (Rank=2, P = 2.73E-4) (Fig. 3B). Studies
have shown that progressive cardiomyocyte enlargement leads to
increased cell death and fibrosis, and is related to the severity of hy-
pertrophic cardiomyopathy [52]. By clicking on cardiomyocyte cell, we
obtained related single-cell samples (such as Sample m_150, Sam-
ple_m_394) with the tissue type of heart. (Fig. 3C). SCInter also provided
the detailed analysis for these annotated samples, including cell clus-
tering analysis, pseudotime analysis and so on (Fig. 3D). The differential
expressed genes (Tnnil, Csrp3, Myl2, etc.) for sample scRNA-seq_m_394
are closely associated with hypertrophic cardiomyopathy. For example,
MYL2, which reveals molecular differences between dominant and
recessive forms of hypertrophic cardiomyopathy [53]. Previous studies
have also shown that CSRP3 mutations lead to HCM [54]. If the user
wanted to conduct a more in-depth study of cardiac hypertrophy, they
could download the sample. In addition, we used the differential genes
of Lymphoid Neoplasm Diffuse Large B-cell Lymphoma (DLBCL) from
TCGA as input and performed cell type analysis (Fig. S2A; Table S2)
[55-57]. SCInter can also accurately identify B cells as the related cell
types for these genes, while displaying samples related to B cells and
their detailed information (Fig. S2B-S2D). Above all, the validation of
these results demonstrates the usefulness and value of SCInter in the cell
type investigation.

3.4.2. Case study of marker analysis

Atherosclerosis is a prevalent vascular disease that can result in
conditions such as myocardial ischemia and cerebral ischemia. Severe
plaque rupture will form thrombosis, myocardial infarction, cerebral
infarction and other serious consequences. Therefore, atherosclerosis
can be the root cause of cardiovascular and cerebrovascular diseases.
Previous studies have shown that TPM2 is a potential biomarker of
atherosclerosis, so we input TPM2 for marker analysis [58]. Selected
cardiac-cerebral disease related tissue samples from SCInter, for
example, we analyzed Sample h 237 from cardiomyocytes tissue
(Fig. 4A-4B). The expression and distribution of this gene in this sample
can be known from the results of cell clustering analysis (Fig. 4C). We
observed that there was obvious high expression in cluster 0, which was
labeled as cardiomyocyte. However, we know that most cardiomyopa-
thy is mainly caused by atherosclerosis, which is the leading cause of
death. In addition, according to the heatmap results, we found that
ACTA2, PDLIM3 and CALD1 were co-expressed with TPM2, so we think
that this gene may also cause the occurrence and development of
atherosclerosis (Fig. 4D). Especially, the TPM family genes have played a
role in stabilizing myosin filaments and endothelial cells. It suggests that
the low expression of TPM2 in the diseased arteries might damage the
function of endothelial cells, and lead to the occurrence of atheroscle-
rosis. Meanwhile, the dysfunction of smooth muscle cells is also one of
the factors leading to atherosclerosis. However, the TPM family genes
can maintain the stability of smooth muscle activity and indirectly
promote vasoconstriction. The users can find other equally important
genes to further explore problems related to single cells.

3.5. Data download

SCInter provided data downloading in “.csv” and “.txt” format,
including all marker profiles, cell annotation information and visuali-
zation graphs for each integration dataset and single cell sample. In
addition, SCInter supported export query results for each search result
page. Users can download all visual vector diagrams and tables in the
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Fig. 3. The online cell type annotation

tool of SClInter. (A) User submits a gene list of interest. (B) Results table for cell type analyses. (C) All single-cell data of related

specific types. (D) General information and detailed analysis results of the data sample.
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sample. (C) Sample clustering and gene expression distribution. (D) Heatmap and network visualization of co-expression results of marker genes.

database as valuable supplementary data for in-depth experimental

research.

3.6. Data submission

SCInter

encourages sharing single-cell data. We recommend that

84

users submit a sample’s GEO ID, tissue type, cell line and platform, as
well as a link to their data source. To ensure sample quality, we will
check the submitted data before updating. Finally, we will update the
database dynamically based on the comprehensive analysis results of
new datasets to ensure timely data release.
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4. System design and implementation

The SCInter website runs on the Linux-based Apache Web server
2.4.6 (http://www.apache.org) and is developed using MySQL 5.7.27
(http://www.mysql.com). The current version of SCInter uses PHP
5.6.40 (http://www.php.net) server-side scripts. In addition, the SCInter
web interface is developed and constructed based on Bootstrap v3.3.7
(https://v3.bootcss.com) and JQuery v2.1.1 (http://jquery.com).
Furthermore, ECharts (http://echarts.baidu.com) used as a graph visu-
alization framework. This database has been tested with Mozilla Firefox,
Google Chrome and Internet Explorer web browsers. The research
community can freely access the information in the SCInter database
without registering or logging in. The URL of SCInter is https://bio.
liclab.net/SClInter/index.php.

5. Conclusions and future extensions

At present, single-cell transcriptomics has become one of the most
significant areas of interest for researchers, leading to the rapid accu-
mulation of single-cell data. Notably, clustering of cells, identifying
markers, annotating cell type and analyzing pseudotime can elucidate
important roles in cell development and regulatory mechanisms for
single cells. SCInter provided comprehensive analyses for the cataloged
single-cell data, including cluster analysis for specific cell markers
identification, pseudotime analysis and cell type automatic annotation.
SCInter also provided cell type annotation and marker analysis for users
submitting gene lists. The current version of SCInter cataloged a total of
115 integration datasets and 1016 samples involving 164,253,165 cells
which are far more than the existing databases.

SCInter provides a user-friendly interface to query, browse, analyze
and visualize each integration dataset and single cell sample with
comprehensive QC reports and processing results. The advantages of
SCInter include: (i) mammalian single-cell data (human and mouse); (ii)
a total of 115 integration datasets and 1016 single cell samples from
various protocols and platforms covering nearly 150 tissues/cell lines;
(iii) the detailed preprocessing processes including data filtering, quality
control and normalization; (iv) user-friendly clustering visualization for
each integration dataset and single sample; (v) accurately the develop-
ment trajectory of cells, cell type automatic annotation and identifica-
tion of gene co-expression network; (vi) multiple differential gene
analysis methods to identify cell markers for each cluster, such as
“Wilcoxon rank sum test”, “Student’s t-test” and “logistic regression
framework”; (vii) Recognition receptor and ligand interaction for cell-
to-cell communication; (viii) two representative gene sets for pseudo-
time analysis for each single sample; (ix) useful and full-featured online
analysis tool; and (x) user-friendly displays of integration dataset/single-
cell sample information and cell type annotation information with
interactive tables.

To constantly follow up new datasets to expand our database, we will
consider the newly added transcriptome and single-cell Assay for
Transposase-Accessible Chromatin sequencing (scATAC-seq) datasets.
scATAC-seq data has recently been extended to thousands of cells for
complex diseases [59]. Through analyzing scATAC-seq data, we can
predict the activity of transcription factors and explore deep molecular
mechanisms [60,61]. In future, we will perform integrated analysis
based on scRNA-seq and scATAC-seq data [62,63]. And we believe that
SCInter can help reveal intrinsic mechanisms underlying complex bio-
logical processes, so as to better understand cellular identities and
functions.
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