2021 4 9 f TR LA F W CH AR F RO Sep. 2021
% 38 % %5 H Journal of Chongqing Normal University (Natural Science) Vol. 38 No. 5

DOI:10. 11721/cqnuj20210401
B RNA MFHBEINHTERARER

F B KRR
(FERITIE A2 Bl 2222 B, B K 401331)

WELTEWIER YR RNANFHEIAT X R BRI T . NB T RAFE 2N S FrF R E M &R RAT
IR, [FEYALXBAF EE TS LA RNAMFHELI MO R EMKREART R, (ERYF S 40201
RNAM FHFEH oM ARMTERGETFRERATANEERETRBEEDF 2R ETETELARRKER B H
EHSTIE, (ERIEAR RNANFELAGREZFTFRIRETRAEENAC RN B BN AL EAZREA
RBrLARELERFEEENBELADFFEANXEAYT, EWMEAM RNAMNFEELQ NS RO T AT EE 5.5
REDRELR G R RFCEERANSNM T EETE,

KR 2 RNAN F i BFE A RE Al ERANE

hESES.Q31 X HRARERD : A XEHS .1672-6693(2021)05-0129-07

P RNA M F (Single-cell RNA sequencing, scRNA-seq) & — Fl 7 B8 40 il /K S _E A RNA I 7 % 457 78
200 P AR A 35 DR 3 2 T e 10 R o S R R R 2 2R o A A S O RINA B 3 S SO A
FI o A AT ) RO A AT AR A5 22 A 4 B A R TR R GR I . 5 % G Y i Sk A S I AE LE  seRN A-seq $52 R 7T DA
27 4 2 e (ol 200 A2 V80 T B 200 it AR 178 R PRI 3R IR AR, R IR A 1 400 i S B

scRNA-seq A& H 7 & B2 A8 2009 4F B YR L 12 47 AR AT L[] Bk A6 0 22 A4~ 240 B rp 50T 3 IR A9 % Sk
S, M5 s Quartz-Seq. CEL-seq. Smart-Seq. Smart-Seq2 . MARS-seq. Drop-seq A & inDROP % K [\ % & i
scRNA-seq £ R L8 5 A& 1240l s B oG8k (8 1), 2013 4F scRNA-seq #f Nature methods 2% 5 Jy 4
B FE R Tk L2019 DL scRNA-seq A% O QR 14 B 40 il 22 40 2% J7 15 B IR BE Nature methods %
2019 AFRETT . WK, scRNA-seq T MV LR Y 1if A: i B 27 Sl i % BR AT IR 2 —

PR (471) b=z (1066 )

2278 s
2000 - - %&3’%(;%;7% 2)86) W BRI (474)
e (s RS (375)
SR (381) Mg (959)
1500 - THRAY (616)
FEH L
?\fﬁ (3722) A= (1840)
ﬁ 1000 IR, 2 G HeF (496)
29 (395)
X R (499)
S ILAS Y5
o L,szllg;%;ﬁ i’#@%fi"‘% (232)
s 2P (492)
(1650) WAEYE SOV (413)
WIS (391) AV T
O L L L L L L L L L L L L &Hﬁ% ( 240 ) J_t{m N A/f/t l<_J2)?(.)'7?1 )%%
2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 ( 2,\111 ) ﬁig/}ﬂi ?’fl%i;
AEfy (861)
H S NEEFECTERE
a  BHER R CEUE b PRANAE RNA T 04 0 4008 5 & R 0 e

Bl YEBEME RNAAUFRANEZRKAAE

Fig. 1 A survey of current developments on single cell RNA-seq technology
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Advances on Approaches Used in Single-Cell RNA Sequencing Data Analysis

LI Bo, DUO Hongrui
(College of Life Sciences, Chongqing Normal University, Chongqing 401331, China)

Abstract: [ Purposes | To review the current key processes and aspects of single-cell RNA sequencing data analysis, and to introduce
representative methods and popular tools required to accomplish different analysis tasks. [ Methods] The current analysis processes
and representative tools for single-cell RNA sequencing data are summarized through a survey of the literature and condensed
summaries. [ Findings] Many analytical procedures and tools for single-cell RNA sequencing data have been developed to uncover
biological knowledge from the vast amount of data, in order to reveal complex diseases or phenotypes. [ Conclusions] Single-cell
RNA sequencing plays an extremely important role in life science field, and a good data analysis strategy is a key component to
effectively reveal the biological information behind single-cell expression profiling data. There is a wide range of steps and tools
available for single-cell RNA sequencing data analysis, and researchers should choose the appropriate and accurate analysis methods
and tools, according to the practice scenarios.

Keywords: single cell RNA-seq; data analysis; dimension reduction; clustering; cellular trajectory; co-expression network
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Fig.3 Schematic diagram of advanced analysis of single-cell RNA sequencing data



