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Abstract: Cell type identification is one of the main tasks of single cell RNA sequencing. This paper
proposes an automatic identification of cell types based on random forest (AICTRF) method to identify cell
types in single-cell sequencing data. This method uses the random forest classification model for training,
and then predicts unknown cell types according to the trained model. A random forest classification model
was trained on human peripheral blood mononuclear cells (PBMC) sequencing data set to predict the cell
types of related subtypes of human PBMC B cells. The results show that the proposed method can help
researchers automatically identify cell types in single-cell sequencing data.
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Tab.1 Details of data set

Name PBMC4k

Peripheral blood
mononuclear cells (PBMCs)

from a healthy donor

Description

Estimated Number

) 4340
of Cells
Number of Reads 379,462,522
Reads Mapped to Genome 96.1%
single cells ~
I reads QC
Single-cells sequencing
Y
raw sequencing data mapping

l

preprocessing '<

4
single-cells eequencing reads quantification
matrix
Y
construction of
. expression matrix
clustering -

) 4
identification of
maker genes

cellMaker databases

definition of cell

types
Y
annotation of
cell A subpopulations
_ | SVM model l
cell B ) 4
train classification random forest model
cell C model
- logical regression
'y ¥ model

Predicted|cell types T
random forest new data expression

classifier - matrix
1 SRR EEE AICTRF {252
Fig. 1 AICTRF Framework for identifying cell types
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Fig.2 Visualization of clustering results of K-means (k=4)
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Tab. 2 Cell types of different cell groups

Cell cluster Marker gene Cell type
. IL7R,CD3E,
Clusterl CD3G.CD3D T cell
Cluster2 S100A12,CD14  CD14+CD16+ monocyte
Cluster3 GNLY,NKG7 Natural killer cell

Cluster4 CD79A,CD79B,MS4A1 B cell
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Fig.3 Heat maps of gene expression in different cell groups
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Fig. 4 Scatter plots of partial marker genes
in different cell populations
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Fig.7 Venn diagram of subcellular marker genes

£33 WEFHRSERNAMER
Tab.3 Corresponds to the cell type of the marker gene

Cluster Marker gene Cell type
A1 cell MTMRI11,LEPROT, CD1C+_B
ce Cl4orf2 ,FCMR dendritic cell
A2 cell COTLI,LINC00926, Multilymphoid
ce HVCN1 progenitor cell
A3 cell CXCR1-MEF2C. Plasma cell

RP5. 887A10. 1,CCDC24

o P 5 5 DR 3R A 9 40 IR S TR X 3 R T 1 B
2R AR AT TR R AN 8 .

Vage

CDIC+_B dendritic cell [ ]
multilymphoid progenitor c...
plasma cell [ ]
B8 BAMIEIRER

Fig. 8 B cell subsets annotate the results
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Tab.4 Average classification results of three cell types

Method

Accuracy Precision Recall F;_score

SVM 0.964 13 0.959 5 0.958 3 0.958 8

Random forest 0.972 57 0.980 2 0.978 8 0.979 4

Logical regression 0.952 51 0.9123 0.9211 0.942 3
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