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Table 1 Quality control analysis of 6 typical gene selection methods
SEHE BT 1L J€ Filtering
! . 51

Gene selection Normalization

methods 2 Cell FHH Gene

Seurat Delete the cells with expressed genes Delete the genes with 0 expres-  size. factors = total counts per cell/10000, log
more than 2 000 or less than 200,and sion in all cells (counts) /size. factors + 1
filter the cells with mitochondrial genes
more than 5%

Scran Delete the cells with too low counts or  Delete the genes with 0 expres-  preclusters = quickCluster (counts), size. fac-
too high spike-in sion in all cells tors = computeSumFactors (counts, clusters =

preclusters) ,log (counts) /size. factors + 1

Monocle Delete the cells with expressed genes Delete the genes expressed in  size. factors = total counts per cell/10000; log
more than 2 000 or less than 200, and less than 10 cells (counts) /size. factors + 1
filter the cells with mitochondrial genes
more than 5%

Brennecke Delete the cells with total counts below  Delete the genes with 0 expres-  size. factors = total counts per cell/he mean of
three times Median Absolute Devia-  sion in all cells total counts in all cells;log (counts) /size. fac-
tions (MADs) in all cells tors+1

M3Drop Delete the cells with expressed genes Delete the genes with 0 expres-  size. factors = total counts per cell/the mean of
less than 2 000 sion in cells or with mean value total counts in all cells;counts/size. factors

less than 0. 05
NBDropFS Delete the cells with expressed genes Delete the genes with 0 expres-  size. factors = total counts per cell/the mean of

less than 2 000

sion in cells or with mean value

total counts in all cells;counts/size. factors

less than 0. 05
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Table 2 Comparison of 6 typical gene selection methods and their characteristics
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Gene selection o Model [ ) S lath ) Lo f hods Ad .
methods Types odel lactors equence plattorms Limitation of methods vantages
Seurat HVG Dispersion Full length sequen- Identify a few number of Lower time complexity; suitable
cing; UMI genes for different datasets
Scran HVG Mean; variance UMI Identify a large number Higher robustness
of genes
Monocle HVG Mean UMI Poorer robustness Lower time complexity; suitable
for large scale datasets
Brennecke HMG Mean Full length sequen- Identify a few number of Lower time complexity; suitable
cing; UMI genes for different datasets and large
scale datasets
M3Drop Drop-out based Mean;dropout Full length sequen-  Higher time complexity Higher robustness; suitable for
method rate cing Poorer stability high-noisy datasets
NBDropFS Drop-out based Mean;dropout UMI Sensitive to preprocess-  Higher sequencing efficiency
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Table 3 Comparison of the 6 typical single-cell clustering methods and their characteristics
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SHARP Map-based 124 —1 000 000 Larger memory Higher scalability, higher accuracy and
robustness
scDeepCluster Map-based 4 271,2 717,2 746, Larger memory Higher scalability

4186

Monocle 3 Graph division-based =>1 000
SIMLR Density-based <1 000
Seurat Density-based 851
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PRI ID é?ji%s Sequencing Number of Number Number Siﬁfa&jf_y//@ liirjfnﬁfe
protocol categories of cells of gene
GSE94333 Adam Drop-seq 8 3660 23797 92.33 [40]
GSE84133 Baron2016_m InDrop 13 1 886 14 878 88.97 [41]
E-MTAB-3321 Goolam2016 Smart-seq2 4 124 41 480 68. 55 [42]
GSE65525 Klein2015 InDrop 4 2717 24 175 65. 76 [43]
GSE81861 Li2017 SMARTer 9 561 55 186 78.52 [44]
GSE67835 Muraro CEL-seq2 9 2122 19 046 73.02 [38]
GSE63473 Plasschaert InDrop 8 6 977 28 205 92.57 [45]
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Continued table
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L D s Sctgencing Namperof  Number  Number  JESC SEERR
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E-MTAB-2805 Pollen SMARTer 11 301 21721 64.11 [46]
GSE74672 Romanov2016 Fluidigm C1 7 2 881 24 341 87.77 [47]
GSE71585 Tasic2016 SMARTer 17 1679 24 150 68. 30 [48]
GSE109488 Wang_Kidney STRT-seq 12 2714 22 329 80. 89 [49]
GSE106960 Wang_Lung 10 X genomics 2 9 519 14 561 85. 30 [50]
PMC6104812 Young 10 X genomics 11 5 685 33 658 94.70 [51]
GSE60361 Zeisel2015 STRT 7 3 005 19 972 81. 21 [52]
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Fig. 2 Upset plots of genes detected by 6 gene selection methods
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Abstract: Single-cell RNA-sequencing (scRNA-seq) data has the characteristics of high sparseness, high
noise, high dimension,lack of structural information and location information.,and the scale of data increases
rapidly, which makes single-cell clustering face great challenges. In order to facilitate the selection of appro-
priate analysis methods for different scRNA-seq data,this study compared and analyzed the quality control,
gene selection and clustering methods of scRNA-seq data. Firstly, the method of filtering and normalization in
quality control and its threshold setting are analyzed. Then,six typical gene selection methods were compared
from the aspects of model factors,sequencing technology,method limitations and advantages. Finally,6 typi-
cal single-cell clustering methods are described in detail,and their applicable scale of datasets,advantages and
disadvantages are analyzed. 14 scRNA-seq datasets with real labels were collected,including 5 full-length se-
quencing datasets and 9 double-ended sequencing datasets, among which 5 datasets were larger than 3 000
cells. 6 typical gene selection methods and 6 single-cell clustering methods were compared experimentally to
analyze their differences in identifying highly differentially expressed genes and clustering performance. The
results showed that different gene selection methods could detect 182 and 124 common genes,as well as some
unique genes in Adam and Wang_Lung datasets,respectively. In addition, Seurat,SC3,Monocle 3 and scDeep-
Cluster have better clustering stability. Seurat has the best clustering stability and accuracy on all data sets,
and scDeepCluster has good clustering accuracy on most datasets. Therefore, selecting the appropriate
scRNA-seq data analysis method requires comprehensive consideration of factors such as sequencing plat-
form,data size,and gene expression distribution.

Key words: single-cell RNA-sequencing data;quality control;gene selection;clustering;cell type identification
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