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Abstract

In recent years, with the rise of large-scale biological experiments that focus on single-cell RNA
sequencing (scRNA-seq) technology, researchers can conduct more in-depth studies at the cellular
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level. Based on the advantages of scRNA-seq technology, particularly its ability to study cell hete-
rogeneity, an increasing number of single-cell databases have emerged, providing a research foun-
dation for the occurrence and treatment of diseases, especially for complex cancers and the cur-
rently unsolved COVID-19 problem. As scRNA-seq technology continues to develop, single-cell da-
tabases are also constantly improving and expanding, covering more and more species data in-
formation, while providing multiple analysis functions, facilitating single-cell research. This ar-
ticle reviews currently widely used single-cell databases and summarizes their data volume and
data types. In addition, we investigated the usage of researchers in data analysis and obtained the
latest progress in the construction of single-cell databases. Finally, this article proposes some im-
provement suggestions for the limitations of current single-cell databases.
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1. 53|

1M 2009 4F B4 i 4 S 40 I 5 scRNA-seq (Single-cell RNA sequencing) £ AR #k & AR i LK [1], 1%
BRI 2+ JUFEFS R 7R K. scRNA-seq F AR WS ¥ AN P20, A5 M
T RNA 2K, ST 0T S i 1 4 sk P o 1 —BEAR B4 B AS [F) D) BRR S 3 t 1 i ATk
BHIBLS o T T S B S R PE[2] [3], scRNA-seq Fi AR AR B AWM. MR, B2
G A U AR A TV 22 B AR () R AR 4] [5] o [RIENF , AP 5 B 200 B S 2R 1) Jr J P 10 A2 T 0 I TR TP 455
SPE . RIFHLE] A DL 2 B R AR 28 AN W i B R [6], 4RI YERT ST COVID-19 JTH,
sCRNA-seq HAREA AT BEMIER[7]. 1AL, 2N R scRNA-seq $5 A %5 i 5 v ik Rl ik
(s St o B, FERT R ZRIEERIA A, B 0N OB A AR 4 52 2 AN 42 U 4N A 1) 22 S Rk B TR
[8], fEAZPERIAN M M, BTN G RAEA [ B B T 40 M A 1R 0 FAFAE[9] . ZBAREH R T 2
Tk PR 993 v 41 B SR R S M R IR AR 46 [10]. scCRNA-seq B RS 7N R NI AEEMSRKE .
JRg S5 [ 11] [12]

b4 scRNA-seq BiARNIRE, HguM % LR K. Bt O& h IS U RS0 P, 78 56
AFEIPFR . AL ARSI BRI R 0N 2 (e i il A, R A FE O R AT
DR G o FRRE SN M B AR S R R A B A T B, NIRRT LRI T R TT
WE R A MEAL 22 97 S 545U it 45 1530 91T, CCLE (Cancer Cell Line Encyclopedia) % ¥ ZE $2 {1t T
PR R KT A SR [13], W DA T8 7 S 20 i AR 1 5 R P R A e i, DT 35 BT R S SR T
T3 o S A R A R LR TS RS AR, S TRERT UM R RE . 534k, B A 2019 4EK COVID-19
FEATRIB R LLK, PN SR FE R T #F 98 COVID-19 B S JH[14], $R4E T KRR R IA B F1 T
HH o BGH M PEIE A BT T fif COVID-19 I Ge e e A 2R 2 L 7 IR FNR BUR-AE[15] . BEAE, B
YA Pk v] LU ZG I R AR T IR E 253, 15 Bh T 28/ COVID-19 (¥4 7% Ffz i 2 15 [16]
AT it B R T R P AR B T ERON T RS [ SR B A A B R R AR A . N, SR B E T LS
BB FE N G s TR e R e T 4B RS AL R B2 A, DA AS [ R TR 40 i v s 78 S N 45 171
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XEEAE ARG B TR RN A E—22 T % COVID-19 BRI MHLHIAI 38 5 N A B A BAEH, vif
J7T AT COVID-19 YR A MERIE R . BEE PAREE M ER AW K e, BHEEx eIt inik
AN M 0 M 2 R BRI (18], V2 B AR PR B R 3t T AT DhAE s AR s A A T et
. R, B8 AR IR AL T DI AE, AT B RENE PR BRI B &5

R scRNA-seq HiR OB EITE K e, (H H BIAFE 1 AN ECHE B 0 R A5 4xii, B g uiede &%
AR RIIIRAE — PR BEE NI TR B SR AN S v, D7 208 P 1 70 A D RE B Xk LA BN
MIBEESR o ASSORE X H Al KW 783 A S 4 e odhs e R S 2 R Al 0 A 5 24T A 4

2. BYAMRRIEEE RER N IRAE

B scRNA-seq BRI ZMH], scRNA-seq #u#li e G R R R, (B H ATE A A .40
Kol PE I PL S V- o PP A R R A A 55 R B R UL R LA TS T «

1) Hlm B A R L . BdE AN o P A AR I P e o A B AR . R B AR 2 A
26 PR A 2R A R R P A B, T 7R R AR R B R A NIRRT L LG R ATy
T2 R o IR b AT LA R] s e St e 1) et B 8 R AN S A

2) Bl AT D RE . B R (70 Mt T RE 2 VP A PR B I P A e O R Y IR R B N 1%
SeftmRe WA E R BTk, DA BT TN S R B A i R SR IO R4S 2

3) Hodle AR S B R e A N ISR IEAE AN WA R, B 1 B4 Kt SR AN W B
Hs B ) SR N %, CAEWEFEN SR RE NS S SRAG e At o (R PR A i B A7 22 At 5, 2 10x
Genomics. Drop-seq <%, ¥ MiZ S22 Al A pOEeds,  CMERE LN 50T DA AARATT B 2y TR A7)
Hrim ARt AT £ 7 Hr -

A RISRE, — A e S ) B A 2 2 R4 B i P (K R R K Bt 4 5 T P IR 20 T L
e S HTIA AT FE B R SRR BN 2 Rl A A

3. BUAMBIEENRIRESIT

WA PN R AR B T, BT 0 5 5 R R B L IR R N, X R T AN B R
(R FEAIHE R o PR BRI e 500 2 b O oK . 7 2 R e BE W T AT M T AR BRI 2 R T
REFIAH ELAEFH o 100 T ERARAE Y22 R U o B[Rk, A 0 20 2 S 2 Bl 3 25030 2 11 2 it
I 75 P

BN B B A 2 AR 2SR, B, SCovidl9 BHE JE & — N X HT ek i 5 (COVID-19) J& 4 1)
scCRNA-seq ##EZE[19]. ZEHE FEid 3 T Y COVID-19 1) 10 M AKALUR 21 A 54 i A HE 4 1)
1,042,227 S EEAHHL . CancerSEA UM A& —ANET X I S 40 fu % S 20 i 858 PE[20], 456 1 49 ANAEAH
JKH) scRNA-seq F4E 41 41,900 N AAE, Wi 7R 450, FUMRE. Ml S5 2 FloeaE 5 AL
HCA (Human Cell Atla) ¥ g & — A~ 2 4L TRy inl (s PE[21], e s 7T B AR )
ek WA E A A EIE22], DA ARG S . HATiE HCA HlE C&a ik A 2K 80
ANHZGERE 1990 AN . AHEL T AW R ZE, HCA ¥ E A £ & I 4n i Y 78 o Yo RN = o = 1
B, Hm T EFBAFSRE. 44, RENBAERRE T4y, w AR5 4 m A e 5 1
NG IR, I HLHAS B 5e 1) SCRNA-seq F3 AR FIARAEAL IR S0 A S A0 B RS, DADRIE 2040 1)
AT L. CellMarker 4 & — N H T4 M S B broic B R 45 08 I PE 2R 38 2 [23] . CellMarker2.0
7 CellMarker (15 iR A< [24], HAric 2 FEHERIE T 24 AFF 40 RNA P EE 4, 245 N8R
ZRAFAL AR FEI A bR S . HP s T 355 FERERRAH g bric, e 7 AR
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FAGHERS 150 FRANMLR TR M RE I (5 ., COdm e e . AR, OIS, v A
R0 KR b TR R 7 R o S5 Pt S MM SO St T K Tek. 6 B e 8
5 B2 1R

Table 1. Database data volume

F 1 BEERRE

Ko HAY Vb HPRERECD) HHFRR) 0 (D) JHRFN (RN
SCovid COVID-19 %7 AHE 21 10 1,042,227 /
CancerSEA 25 e N 49 / 41,900 /
SC2disease 25 Fhe N / 29 / 341
CellMarker2.0 Fric £ A ANZEL DR / 656 / 2578
Expression Atlas [25] ey }\1%8 /[\%LE% / / 590 73 /
HCA ZRe NS 200 80 1990 /i 200
CancerSCEM [26] 20 Fh A\ BJESE A% 208 / / /
Cellatlas [27] Zh N 15 AN / / 260 /3 /
HTCA [28] mh N 3000 / 230 i /
HUSCH [29] ey N 185 45 300 /3 270
ABC portal [30] MmBRERSE A PR 198 / / /
MCA [31] b NER / 56 / 160
Tabula Muris [32] %A /MR / 20 10 73 /
Algzrt]a(b::sltla B/?F,)]es NN / / 27,000 60
The Human
BioMolecular Atlas i N 1480 31 / /
Program (HUBMAP) [34]
Tabula Muris Senis [35] e EACAN ) / 21 151,882 60
PanglaocDB sEE N MR / 258 559 i /
scRNASeqDB [36] gibr NE 200 / / 8,910
CellBlast e Ai%g‘; 168 / / /

b, )7 ACRIEEE R Gt i A 2 B A SRR B OG A 2

1 B3] DUE HH RS20 A e K 2 ) A ) LA Bt P s ANig 4xiid, 49140, CancerSEA
RS NS iE 115 2 s SCovid Hedfe 22 O BR T8 el o 7 A T B SR Al i e s AL Bt ANad - LAt
B AR A S A RNA T it A A 80, B RE e 2B s BRI AL T BT R SR A AN
R CellMarker2.0 L1 TAFFL AEAN R EOFRCIER, (HIFAZ PIrA iR #A IR bRic R . i
Hli P A7 AE B0 70 A M 2R TR AR TC ZE R R AR B 00 o B AR BEE SR A R 8 BRI G n, AFI Tl . B S fa iR
JIG LA F5 T FE AT 2k th A i s DLt NRATHIRLES , R 5 1 3RA DA R A 40 i 2 s /e R, (H
TR LEW R A BORL AR R, I AR O SRR FUIE B 1 BHAS o BRAh, S AR IO B B e R B R R LR,
140 PanglaoDB A1 CancerSEA [ £i4f i .28 A RT FH K SCHRAE J2. F SR EAN [ 41 1 SR 7 F) 35k DR] P 440 7 )
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TERE[37]. ST, SXEEHHR P BORRC S B BAT s MRIRTE, PRid AGURIE . SKAMAFHARAL,
oS e AN R RO MR . CellMarker2.0 th8k/boxf Bk N SR/ B LSNP Rlbr i 5 R R ics . S 4 i 2
a2 A BT T AR R, AR DS AR SR SR T D AR T T R SRR I TR . BRI, AROR M R
(R e 5 255 R AR S K AR B (0 L, AN K 22 WA ) 22 b RO ZS 1) B A U Kdie, By K2
M ERIARIC R (5 B

4. BURBRES N ZR ST LIRS
4.1. BARRYIESRER 2T

P A S AL R B 0 W T 0y IR BN N U M, TR I 1 PR . PARER R AR R 4650
Fr it et A B A 2 IO RE, THEOERE R IR BUE AR AR A mRNA 73 T s D 3k 18
AN Py A B [38] R AR P T ORAIE T 90 20 A7 Bt s o A B s A A T A B T A 2 AT
JBCAE AR M 18] T B B AR R S PR R 2 2 [39], 26 B s ol AR Hh BE AL A 52 o B A IE /4 H AR At
BB RBFBRR AR SIE R B AR R R, Btk dropout B4H AL A R Hi R (K2 [40] o

.
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Figure 1. Classic workflow for single cell analysis
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ZIITERN AR AT B 4 . BRAER S — DIl W R Re IR 35, RIO St S 2 DRI R 47 3 D8 R B0 250905 1
A M HAAE B UTHR I R o RRAEIE 75, T DU I 1 P A B0t — 20 ) B4 0 8 i i o gk AT e 4
W FH R B4 7 048 32 120 20 B PCA (Principal component analysis) Al diffusion maps 5. scRNA-seq £
ATRLAK B B L B4 B 4 77 172 t-SNE (t-distributed stochastic neighbour embedding) A1 UMAP (Uniform Ma-
nifold Approximation and Projection) [41].

S TALERS, R BT TS R T AR R I RR I E I A R T, AT AR
IR ANEE R K BT SR Mo R A e SRR R, T8 A A S 23 Hr R 5 — S R T 5 2R, AR
ATAT DAAFE I 03 A ) B 40y o SR 2R3 7 ZLAFE K-means, Hierarchical clustering, Density-based clustering
A1 Graph clustering %[42] [43] [44] [45] 4H A% AE 402 10 AT LARRE FL AL e sl 4 73 SR M, [ SE AN
FE it V& N A A 1 40 IR LA 1R AT 20 BT o SR HE T T4 SR 40 I B 0y 2 TRI R RS . AR a4k 23
SCERAE A D R ik 2R R 2 AR AL [46] o 222 AN D IR 18] 90 BBl A 2 281 R A8 A4 PR 268 1R s R s U320 1) O e
AL AT TR AR B A 2 B o A0 B TR AR EL AR FH 23 A FH T 0F 9 B 400 D P AH B A FH R0 24 i ) 3
B HINLHI[AT], %75 AT AFE B 0N SR SE IR N e 4 ) F) 52 08 7 2R AL, DA R AN [R] 40 g 2K 7Y
RS Z B A EAEH - BT scRNA-seq 28 B A7 e 2 i VAN ME 7 1%, DR G £ 95 AT 40 I 1) A ELAE FH 2
Brisy,  RERE DSESAR B S A AT SV, R A 2 E EURROE D7V AT 25 R A IE A AIE . Ak, B
g HAb AR A5 5, 140 GO/KEGG enrichment J3 At 1S s R -1~ 42 73 B 45 (48], 3k — B4R 58 40 i [A] AH
HAEH B 5 Lo SCRNA-seq HHE 1 J& 31 3 17 42 — i F T+ 18 AN 40 P 70 A [R) 200 B J& SUI R B 7 v
[49], ZHMLJE B AN I> 2B R — IR R — R PR, A48 G1. S, G2 M1 M IUANE BL. 1£ scRNA-seq
s b, A I A0 R S AE DGR R 20, AT AR S FRLAS 40 M P Ak £ 440 B SR B, T B et R
MRS FIARIIRE . B 7 R TRz Ab, R MK B o ki S FG A B2 e o At RN SRR &
BN LA S A AR 2S5 B 55

EREHR 2 REEE 2 RER, a2 7Rk o B SR KRR N 25 e, AR 2R E AT a0
JRE, AT R R R IR R RIA MR R . scRNA-seq Hdi it 2 57 21k 70 2 FR i@ 6 A R 464
NI scRNA-seq R #AT LUER, IRAITEAN R 2610 300k 22 S W3 2R DN . 22 e Rk o0 vl Lhodiad EL A
A4 & I B A R 2 2 ) scRNA-seq Hidi,  KILAEAN A & B Bl A R 2H 2R rp 3 ik 72 3t 4 25 ) B (A
Z2 BT AT AR R A0 B S AR S R R B B S R I T 4R D e DS S RE R, S RE NS R T
At B A A () AH ELAE A3 A S 4R LAt s . BRI R AR R A ) — Bl B TR I A v, W TR
AN JE DR BEE A P AN 2R . 7F scRNA-seq H, JE K878 S5 4Bt ] LU B Aff s A [F) 40 g 25 74
22 T f DR 2R 3A 22 S DA B S [ 8 £ 375 14 7K SF - GO/KEGG enrichment 434 F - 4R 7E B4l /K B s
FREA M E EE N . 7E#E1T GO/KEGG enrichment 73 HTH}, 75 204 BRI KL &5 GOIKEGG £
5 P2 RS AT LU, SRR TR AR SRR D e R Ul R T N E R . W R RIS
f1FE Fisher’s Exact Test. Hypergeometric Test il GSEA (Gene Set Enrichment Analysis)%[50] [51]. i &
SO HTINEE AL, WFFT N D3] DATE G by PR AR K DR () Th e AT LR, AN F R SE & 2 A 2 7. DL E
RAEFERIKT BB T, BRIGZ A, 3 B4 B DR 1 425 ) 265 HE 7 D R e s R - 23 i 56

4.2. REMEBIEERSHTIR

FANA AT IR AR 2 AL TR R B TR S, 18 T B i A2 1 LAtk . B scRNA-seq
MRECEH R THEZ 5, scRNA-seq 7T T EAWI S B Ik J&. Cell Ranger J&Hi 10x Genomics F
KRR ARG RNA W5 204 T [50], W DABEAT R AL 3 . RSk AR L e & 40 M 1R A 2R 26
SRR, AT AR T B S, Cell Ranger #/EWIE . S, &M THI2EE FE 4. Seurat /&5
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SRR AT /M- G [52], FTLAMi scRNA-seq #df it S 4%l Bl /i A 248, @] DL &
Wi AR, e ) — R B S R i, e ) DUR R R BN R FP B AN R P AN [] A 3
AR Hh SR 1R A AR SR AT IR0 25 540 H . Monocle IR H T —ANE L H] (Pseudotime) b % B4 41 g gk
ATHE T B SR [53], I AR Wi 2 v B 20 2 T AN [0 ) e RS SR J5 A A i A% 1 4 i U
WA DAF T t-SNE S5 FR4E ) 77 kAT K, ARG RINZE S 3RIB B . Scanpy #&—M5ET Python (1A
R I B4R 3 ¥ G [40], 1Z%-F- 6 0T LAY R R T 73 # S8 R HUAS ) S 4 i 25 9 4, & mT BL#E 5 DL Python
NHRFEIETIRZ TR, JUHZENE S FiAT i T . Scater 715 & 42 il FO A4 1A B2 7 TH A5 4
PRAC A [54]. HAtH F 9 7 G188 4% TSCAN (Tools for Single-Cell Analysis) LA &2 RCA (Reference
Component Analysis)<[55] [56], 1XL&5341-F & I K A A1 B AR 2 Brde gt 1 AR I E R

gr BRTR, 0T B AR 2 S AR A S B (B A B AR AN TR R T LA, B R E A

1) KAk X RGO EAT R . R RRRR R REROUE AR SRR
PR IESE AL B AL IR, ALRAIE G 8253 M B HERf 1 -

2) YU AR 732« A SRS BEE T A0 M AT 4 4, RO S R AR AL, JEIEAT 4 LA AT .

3) FEKEKIEEST: IFEAANBR G MM RIAE, TR ZE R LA S, LURIIA
[Fi) 4 i A 7Y 2 ) ) Bt S 22 ¢

4) 4HHI AL 54 ) FH 0 P B R SRR B AT WAL A0 AT, ORISR R RS, Xt AT ThRg Ak
BT,

5) JEAFLRIE ML AT A BE R RIA B R A g S DR Sh ik N 4%, R tH 3R IA R, X AT
AW T REFIAR B ER 7307, DUR IR I AR ) 2 A ORI e 2

6) ZHMDIRZAS RN I8 RE AN [R1R S 4 ) 2 i 2R A7 LU, R AN [FPIRES , FEX0 k47T

REAR Y )T o
7) BRI, AT BAR B T O IR RS SR, DA BRI T PR T A
IHTE R

SR, DU I B2 e S AL N P K P L i 4R Ak e T P A 2 A AR ARAL T RE, DA B T
RN ERAA BN AU A e SR LRSI, I 8 2B dw B2 U it FE SR A I E 5 B A TR

4.3. BURBRENENSAERSHIR

H H sScCRNA-seq £l (170 M TEBEIERE A, AR TEEARFER SMIIEe, SR sdE =
TR S 3 A VA A o B, HCA Hdls BE Yt DhRe B =& A4 i, v DA AN [E] FH P I 75
Ko MWERPTRAL 77 RS, HCA Hid RSt 1 35 28 BT AL TR, w] LAAS B A 7 0 ) B
YRS AN f Kt . FH P R DB A O HEAR IS T SRR AN A 41 B SR A 2 (R 22 S AR AL
P, R RT DT 20T, T AR AN (A A i . HCA s PR R4t 17— 26 [Ty m]
PAL T, 1 “A=KH (Trajectory)” F1 “ =4En] #14k(3D Visualization)” , W] %5 B F 58 4 M 22 A 241 g
KEFEAGI ISR . EA0M 72805 T, HCA BUE R T 2R 5 2k M Mg AT 7028, BAEE ST
TEAS 2RI W) SR AR I 23 2R 7 V2 AN BB LA 25 20 ik o X 8 077 325 0T DA B FH P A [R] P 4 i 28 B 47
RGP, T BRI AT . AEDhREVERE ST, HCA BdE 35 Bh FH 7 o0 A A9 B AN [F) 41 i 2R 7R F o
REAN A, A0 483 K 5 R A M o 28 43 AT FIA U E % 23 M 45 . HCA 250488 P2 A FH 1 23 L R 045 Seurat,
Cell Ranger, Scanpy, Monocle LLJ% CellProfiler &5, ix 6T EAT AFE B IR N T Al 4 B ) A2 4 24 45 A1
FThfE, Toil2 IRk L IR A, #AA 1R KR A0 S A -

HCA Hd B FR A1 7 FrLai i % S 4 22 50 (1) WE R, 1T CancerSEA $f 1 & T R G Mt S e i s 4L 24 40 B
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fl°F-& . CancerSEA X7 A JE UG SCAE ) scRNA-seq B3 45 5% F 4 B A= W5 8 2 il AT I 5 il An
FTisgA, WFRETIRYE G EPE (Metadata) F1 SCRNA-seq #1138 DB 7 578 25 (AR vk g, JEid
JE TR E RN, CancerSEA #E /% 7K TCGA (The Cancer Genome Atlas) {4 TN it H 3 10
RNA-Seq ##, {8 FH— &R0 H LR IX S HER g AT bnvidl . 22 5 RIE MR K046 . CancerSEA i H]
Z Mt 5 VORI A% 55 R ¥ (Transcription factors, TF)FIVASEME R, AFE3E T #6568 745 & 07 A 1 T
HRIL IR TE-TF HAEM L 41. SC2disease Fidi 122 i1 2% H AL S A RN ISAL . AL SURIIZ I AH < i
FR ) 22 S S FE R 1) L AL [57], A SR AT i 4t — 8 TE RE R E8 o M 1 SRRk, DA iy AN [FI B 5 2 [
fURTEEE . CellMarker2.0 %4k FErb i) Cell Tools 51N T 2 3 Al i sk Lo M e, AL AmIRVERE . 21
MR SR, AU AR 3B 40 B STk Figg DL R 4 e RS, RS B 32 2 Fose

Table 2. Methods of database analysis
= 2. BURED TG E

.\ BE e . TELR AT
4 y DTN N B
Kl e b Rt 7512 NEHT ST LA i
. = Cell annotation, cell clustering, Seurat, clusterProfiler [58],
SCovid = UMAP " bEG Cytoscape [59], STRING [60]  ©
Seurat, DESeq2 [61], GSEA,
CancerSEA = PCA, t-SNE  Cell clustering ConsensusClusterPlus [62], ¥
EDGE [63]
PCA, t-SNE, Differential expression. gene Seurat, STRING, Cytoscape,
SC2disease = UMAP, exDIession cong arison’ g Reactome [64], i
Diffusion Map P P NetworkAnalyst [65]
Cell annotation, cell clustering, cell
CellMarker2.0 B UMAP. t-SNE feature_, cell dlffefentlatlon trajectory InferCNV, Monocle 3, Seurat %
analysis, cell malignancy, ell
communication
leferent_lal expression anal)_/3|s, Cell Ranger, Seurat, Scanpy,
systematic clustering analysis, Monocle, CellProfiler [66]
. o UMAP, t-SNE, expression comparison analysis, $ '
Expression Atlas  J& - - - GSEA, EnrichR [67], 7
PCA biological process enrichment
. . Cytoscape, STRING,
analysis, gene co-expression network :
- ; - BioGRID [68]
analysis, gene regulation analysis
= : Cell trajectory, gene regulatory
Cellatlas s t-SNE etwork Seurat, Scanpy H
dimension reduction. clusring, | SeUra Harmony (691,
HTCA Tz UMAP, t-SNE, DE analysis, cell t ‘e redictigr’I DoubletDecon [70], H
= PCA ysis, cell type prediction, org.Hs.eg.db, Scasa, SingleR
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