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AR S = Fh A R B SR L. BRI
Sk AN B (B iEBA s Ak F 5 5
HZN I 7 (single-cell sequencing)4s&, REMEHHIEILSN
i oSN G D& e 475 B S  - E
T B G R ERAE (RN, ARG ANMDIR S K
Peshmny. X E6sCEG 1% A ML AE UE T KB 3)
R AR s B R4, 2% T MRS s &
P A AR Y A s R

P I B R ) & R S5 AR A5 B K B
PR Bl AR & . S B B A% O S I 25 P BN
SN ARATT . S R O L P sh A A e A P s A ek
St BN, PR g s A B TRk
Bl RO PR T3 2 ST R R
Py 57 F50 T LS00 A I 3 4% 1F R iy 2 2020
s AN RN, BB A A T A R R s 2 M 2 A 1
e HUIE AR Pesh e il 538 gk Fn A A
PeALSEm T, STAEk, Fanudh sl T H 2R &
AIEK, HESh oI i SO K sl il B e K sh e A8, 2
PR AR B, ARGty akl o7 A8y A g
g2z g 202 A p R 25200 )
T FH LRSI 28048 350 e o fif A A T &2
PLahRns . a7~ FE DR R R 45 5387 25 01 & A iy T
RMGBRAL T T 3R

AR ST K2 B | AR oAt
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Figure 1 Schematic diagram of single cell perturbation technology and perturbation modeling. Some icons are sourced from BioRender.com and Iconfont
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PN ACKE P A2 B2, BEAT AR i i e
SN G X IR TR UK R 2252, A5, F
FEA T A4 7 ik DR 2 i 2 ) Ak B SR B9 23 T AR AL,
I R A AR P S ) RE S A FIBIL. i DR i PR
B2, fEAT A E USRI Eh S R Y B3 2 Rk
BN EIREUEHEAE AR R BRI, DR O A e o
PRPER T, S2800 B A A W B A 5 5 AL, HEWT
TRTERIRE B AR, TR BEI B A O 57 7 R
PR T HCFBLC ), AR, DG S
P, TSl AR U R SRR ZS A2, L5 A )
AMDTRER R . s ieis, DLRCREE R
lfibres AR

1.2 e

Pt 2y 107 T 2 X4 4 B A Snek Hh fe A% 0 B
R ZWMES Z—, BN M 7E 32 2 R e thah
(AN AbBE | BEPH i) 5 BT A W 2H S AR A (AN S
. ) LA SGRARVS AL (AN 25 W U A AR AS
AR A P22 A A RS (1) 22 E B
dEdhsh sy, EESEBENISmBIES; ) Hish
M i &Y, RIS 35 5 T B gk . 28
YRR R B SRR AE P, (3) 4041 out-of-
distribution, OOD)ZH 27w J T, RISz A 21 A Wiy
P& cnmiE . FEE . EY . A YRS EL
20 i 21 75 A A e 7 102 AT 45 AT B T A A
XA A iz B, S PRAR 25 VR AL R0 2 v
TEIRIT MO M EZRAE, R H & B S M,
AAETOT KIS I (AT T, TR LI 1t 2 i 4
MIZEAR B S, FETHIF T SR PR AR

1.3 HLghd A pi

Pezh 4 & B S 2 h IR (an254- 259
L PR DR 2 i) 14 DI ) sl U P T, S B 52 2 ]
U PSR R LR IS/ T S s i
WA 532 R R (An P[] vl B3 ] ) = [ 4 T 2t
HE T BURIETEor), )2 T 25t
o o2 PRI T T LA B 5 B 42 4] 3 A 1 45 3
SRV S B2 A RO A BT 55 A T 2 41
A PR SEEHTRON Y, AR AT R R % 2 [0 (D g
PEARE AR 2R, it . ERFEHT . JC4 s
A,

14 bk Sk

Yoo A S BT 55 B 7R Ve K Ho i 4E 3 23 1)
b, JETARRE B A2 H AR B R A0 2 8, B e,
ik . A A B SR (2 . BRI B ),
AT 8 T 52 365 850 2% 9 ST 390 5 5L B (L %) A= 0 R0
S5 NERAF, S KATT £ oh2E T 5k
A AN, A5G CA PR I, SRR
A 5| R B B A U A E AR B B,
REGY R AR YT RN L iz I 4 A N SR AL
AR OR B B PR SRR, 205 e i I AT 55 e TEA
PR S 56 T APLsh Ik (active  intervention selec-
tion)? 7 | T H AR 4396 1) o F BET T
TESRS 2584 %) . A Pah b 214, RS
e e DIECR BTN IOP S 57l

2 AN B B

o SO B L R M) B 240 L 0 50l i #4240 A 3
AT 1 RE A R e, BN A S E AR i 3 7 R A
PR N P B A2 Bh, IC RIS AR T A
ARz, DATIT LA R | RS L A7 U s ZE N I RE |
VERIBLI B 250 B ARRAE, Bl Re B R 41 5 2 iF
RARBE T O AR SRR AR T IR sh 2 AL AR
[, BUA B AR Sh SR HOR SRR 5 nl K2
PIRZE: BRIl S AN L3N, 20 % 1
BETA S 555 /N 03 1 25 W AL BRI 5 | K B A LR 2SR 1L
X RIS ER AR AS . BERAIE SN H] B AR 45 R
Frea(R1), LR T A T ST A O
B,

2.1 Al e Yiah AR

CRISPREL A JE Ty R K 20 2= BIF 58 A 7] = ke 14 T
A9 20164F, H40ICRISPRI# % (scCRISPR sequen-
cing) SEIL 1 AU B 48 At 3 B SR TR A st AL T B
B HAZOHARGHE T 117 FRNA(single  guide
RNA, sgRNA)WIT, il 5| ARtk Sl nl s
P51 R sgRNA, SR R 3 0 e e AR
PEARBIAHLE, BLPLBh F 2 AR (knockout,
CRISPRKO). @i (knockdown, CRISPRi). 4% (acti-
vation, CRISPRa). {7 s{%”%(mutation, CRISPR base
editing) Fl1ZH & #i 5li(combinatorial perturbation), SZELX}
R S A E R dn . BRCRISPREEASN, Tl
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Table 1 Indicative examples of single-cell perturbation methods
s Wk RS PeahpLiil Pk PR KA S5 30K
Perturb-seq RNA CRISPRi, CRISPRKO Barcode 10xChromium 2016 [6]
CRISP-seq RNA CRISPRKO Barcode MARS-seq 2016 [9]
Mosaic-seq RNA CRISPRi Barcode Drop-seq 2017 [43]
CROP-seq RNA CRISPRKO Polyadenylated sgRNA Drop-seq 2017 [44]
POKI-seq RNA CRISPR knock-in Barcode 10xChromium 2020 [45]
TAP-seq RNA CRISPRi Polyadenylated sgRNA 10xChromium 2020 [46]
. 10xChromium/
Direct-seq RNA CRISPRKO. CRISPRa sgRNA Fluidigm CI 2020 [47]
Direct-capture Per- CRISPRKO. CRISPRi. .
turb-seq RNA CRISPRa sgRNA 10xChromium 2020 [48]
scifi-RNA-seq RNA CRISPRKO Polyadenylated sgRNA 10xChromium 2021 [49]
FiCS Perturb-seq RNA CRISPRi Barcode 10xChromium 2025 [50]
. Droplet-based
SEUSS RNA ORF overexpression OREF barcode scRNA-seq 2018 [51]
Perturb-ATAC ATAC CRISPRi. CRISPRKO Barcode Fluidigm C1 2019 [11]
Spear-ATAC ATAC CRISPRi, CRISPRKO sgRNA in genome 10xChromium 2019 [52]
sift CRISPR-sciATAC ATAC CRISPRKO Polyadenylated sgRNA Combinatorial indexing 2021 [53]
Psh Pro-Codes Protein CRISPRKO Barcode CyTOF 2018 [54]
Imaging-based .
CRISPR screen Imaging CRISPRKO Polyadenylated sgRNA MERFISH 2019 [55]
CRaft-ID Imaging CRISPRKO sgRNA in genome Microscopy 2020 [56]
Raft-seq Imaging CRISPRKO ¢DNA mutation CellRaft air system, [57]
microscope
SHAREseq RNA+ATAC ORF overexpression ORF barcode 10xChromium 2023 [58]
ECCITE-seq RNA-+Protein CRISPRKO sgRNA 10xChromium 2019 [59]
Perturb-CITE-seq RNA-+Protein CRISPRKO Polyadenylated sgRNA Dr"p's(‘:gl’ei‘;w Y 2019 [2]
OverCITE-seq RNA+Protein ORF overexpression OREF barcode 10xChromium 2022 [60]
Perturb-FISH ~RNA+Imaging CRISPRi. CRISPRKO /\MPlified sgRNA-based MERFISH 2025 [61]
optical barcode
RNA + Protein CyTOF, MICSSS,
Perturb-map + Imaging CRISPRKO Barcode MIBL, 10xVisium 2022 [62]
. Custom High-through-
+ L
NIS-seq RNA Pf"te‘“ CRISPRKO. CRISP.Ra\ sgRNA put imaging and in situ 2024 [63]
+ Imaging cDNA overexpression .
sequencing platform
MIX-seq RNA Drug treatment SNP+Cell Hashing 10xChromium 2020 [64]
sci-Plex RNA Drug treatment Nuclear Hashing 10xChromium 2020 [10]
96-plex DNA oligonucleotide tag- .
scRNA-seq RNA Drug treatment ging of cellular proteins 10xChromium 2020 [65]
k2 Microwell-based Microwell-based
ez ScRNA RNA Drug treatment Barcode ScRNA 2021 [66]
TraCe-seq RNA Drug treatment Barcode 10xChromium 2022 [67]
Mosaic RNA Drug treatment GigaLab Mosaic 2025 [68]
JUMP .Cell Imaging Drug treatment Unique JUMP identifier Flv.e types of 2024 [13]
Painting microscope

PEMES F3h (open reading frame overexpression, ORF

overexpression) & i s TRz —, AT

P B S0k BRSNS P81, A7 BT R GEE
AT LA S D

b
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ARk, PANMEBE ShEAR I & e, TR T LA
AR F RPN BRI ZFhEOR B2, MR35 L
JRL2H 2 T Be i AN 6], 24 it A% 4 sl 3 200 o 2k
(1) BTRNA-seqILBIHEA; (2) HET ATAC-seq(assay
for transposase-accessible chromatin using sequencing)
PR, (3) T HE TR IARIN (proteome probing)
IPBHHAR; (4) FTZH AT, (5) T %
(image-based)IHLBNIFLAR. H2 Tk, FRATARYEFRLHMIH,
ARSI TSI AT AR (E2(a)), X
T AN BB AR 405 T A2 2% Cheng % A7)
W —R L5 L.

2.1.1  ZE-TRNA-seq#y % 48 3% fh 4 30 B AR

KT RNA-seqfscCRISPR-seq & HA20 il 5t (54 5
5T ol BT ARIG 2 —. FLR AR TR e B
WARIE LA sgRNA |, 4185518 (cell barcode,
CBC). sgRNA%JEY(guide barcode, GBC)M 4> TH5
iH4F(unique molecular identifier, UMI)ZFHHR 1t 4 7
. Hrh, sgRNA T3 | A% BRBEHE ) H A5 FE P 41X
I, CBCHITHmicfE N4IiE, mMGBCH THridfA
sgRNA, UMIH FAric M AR, iEsgRNARIZS R
XTOA LT, FL5 3R EME: (1) sgRNAKE
SR, (2) ZRIETTRREsgRNA; (3) A HIIRT 5
fJsgRNA.

HIR T RIS AR, WiPerturb-seq!® FICRISP-
seq”, E UK CRISPRH SN 5 scRNA-seqdi4s &, it
TEsgRNAKE 5| AGBC, 454 54 iiflizk b AICBC,
SEPLT P sh 5 BN M L R DGR, SR, IR
i e, B & A B U (template switching),
FEsgRNA 5 SICHEEDRICKS, SEmH sl T REErf v,
A i 1) 0 2 ) R A B S A MR T B A 2.
X-Atlas/Orion" 5 125 K I 77 o A 35 A 80 HE 1 T
[ 22 - A7 HL A0 L FiC S (fix-cryopreserve-scRNA-
seq)Perturb-seq V-5, a7~ T FEHIE M Aol Bl Fe e T
TOCRE it 14 98 B2 1T A8 4k

it B ALRE AR M), CROP-seq! Xt 2%
BT TR, BT PEHUOR sgRN AR R IK B T
RNARGEEI(Pol IDFBIT T, IHFSIAZRIRTIRIL
(polyadenylation)f5*5, ffifHsgRNABEMRNA B Ab5ifE
fscRNA-seqii B2, TCAEAISNGBCIXTT, MM 1
WS G HATE. Mosaic-seq it 5] AR T
CRISPRIJHUA, SN IS 38 T REH 5l S OHAE S 4n i
IR B s ma N, A TR g R A ST R

RERIBTSERE .

T XoF 4 Sy 2 ) 7 AP 3 8 25 PR i fl s P sl 28 iz
TAEMELL A BRI R, TAP-seq ' Perturb-seqfE4L
I BAR BRI AR e vk A GRS, s e 4
19, ARG R AR AR R Y, BER S
TR AT . kPR BRI
A, scifi-RNA-seq!"JF % T B4R 2 A iR R 51 H R,
TEAHMLIE AR5 SE AT IR 51, P38 A T 43 g A 7 I
Ji. B A B N2 A i, il i
il 52 FH AN Rk 1, (RS AT A FRE TR, KR
PETF T REASHE A AR S

FyiE— T sgRN A FRAK, direct capture Per-
turb-seq!** 13 it FE sgRN ARG HEA ik A BT 3K
J¥ % (capture sequence, CS), Z5A H AN | H5ZEsgRNA
MRE R PEY 3 5 B AR, (BIZ7 MK/ 10 Geno-
mics V- S REA EREN IS i it, MELIRZA A7
5. RIRTI TR I, Direct-seq 7 HE— 2 5
A CSHEAL A AT Spoly(dT) RTH IR K HIA/GIR 5 51,
T SZHEAS [EN - 65 F BsgRNAJZR, WEHR 1
J7 B NS T T

BRCRISPERF AR 4P, SEUSSPUILT %K 5 St 5
[ F(transcription factors, TFs)ORFid 3 ik i i,
scRNA-seq FITE N JE VAN, RGN HETEX AL
BET40ffi(human pluripotent stem cells, hPSCs)% %20
SRR, 0 TR & T IR 45 0 B

SRR, BET G I 35 15 R S B AR R AW
i, SR R | i PSRt KO
fEFEME G OCHE M R Lt fk, © R il i D) Re SE A
HIEZVPMIPS ST S5 %

2.1.2  # T ATAC-seqty % 41 i 3% th 4 20 B A

HARFE AL SR Gt T AT SR SE 5T
Tk T ZM#& 4 ATAC-seqfitscCRISPR-seq i, SEEL
TGN o BER A Y T AT S M4y BT, Perturb-
ATAC!E Yok £ H CRISPRK OB CRISPRi 5 sc ATAC-
seqFHZE A, REMSIRIIHAS I sgRN AT B 5 4 K K 46 i
Peti R IX K. (A& Perturb-ATACTF 768 2% . PCR
(polymerase chain reaction) i Bt A 738 M e
A, R T ME, Spear-ATACP X sgRNASE
FHERT 1A, SIATEE G A R Aric s 1), 1f
sgRNA i B REH AR S B 4R, A RN T =g, W)
A S 2 4R T T A0 B R TR AR T ORAS . O — R ik
CRISPR-sciATACP R S A AL & 525 | w4 i
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(a) WEERA AFRS BRRHE BIEHE BHRYE
10X scRNA RNA e ) 110,424 157,905 74 10x Chromium
Perturb-seq RNA 1,476,843 35,635 7282 10x Chromium
CRISP-seq RNA i 6144 34,016 2 MARS-seq
Mosaic-seq RNA b i 106,670 58,382 518 Drop-seq
CROP-seq RNA 205,797 36,722 6547 Drop-seq
POKI-Seq RNA 25671 20,953 22 10x Chromium
TAP-seq RNA 120,310 17,192 4086 10x Chromium
scifi-RNA-seq RNA 10,712,770 25,904 20 10x Chromium
Direct-capture Perturb-seq RNA 114,648 33,972 104 10x Chromium
Direct-seq RNA 13,435 33,538 12,472 10x Chromium/Fluidigm C1
SEUSS RNA 35,565 33,694 60 Droplet-based scRNA-seq
FiCS Perturb-seq RNA 8,000,000 18,903 18,903 10x Chromium
Perturb-ATAC ATAC 2656 238,349 12 Fluidigm C1
Spear-ATAC ATAC 316,200 125,834,048 41 10x Chromium
CRISPR-sciATAC ATAC 30,000 108,893 105 Combinatorial indexing
Pro-Codes Protein 500,000 364 54 CyTOF
CRaft-ID Imaging 119,050 324 1078 Microscopy
Raft-seq Imaging 68,348 170 1 CellRaft air system, microscope
Imaging-based CRISPR screen Imaging 30,000 36 54 MERFISH
SHAREseq RNA+ATAC 69,085 36,844 19 10x Chromium
ECCITE-seq RNA+Protein 20,729 32,738 25 10x Chromium
Perturb-CITE-seq RNA+Protein 218,331 23712 248 Drop-seq, flow cytometer
OverCITE-seq RNA+Protein 4312 33,538 34 10x Chromium
NIS-Seq RNA+Protein+imaging 1,688,893 | 768 19,019 Chetom lmagilr;?fs::g sequencing
Perturb-FISH RNA+Imaging 76,400 500 127 MERFISH
Perturb-map RNA+Protein+Iimaging 8,442,439 5000 35 CyTOF, MICSSS MIBI, 10% Visium
Perturb-Multimodal RNA+Protein+imaging 79,000 683 202 RCA-MERFISH, 10x Chromium
() REHEA AT il 25 ] HERE ST E
MIX-Seq RNA 72,326 ' 10x Chromium
sci-Plex RNA 649,340 10x Chromium
96-plex scRNA-seq RNA 20,382 10x Chromium
Microwell-based scRNA RNA 165,748 Microwell-based scRNA
TraCe-seq RNA 42,277 10x Chromium
JUMP Cell Painting RNA 1,600,000,000 Five types of microscope
Mosaic Imaging 100,648,790 Mosaic

B 2 A sh AR L (a) SRARBAE LS EARNS LLEL (b) A= sh BRI LU S8 B AR BEAR A TR AN I 5 1 441, ReLkk
A/ MBI KA, HURFR B M REAS IEUE. I E T W, 23 1K M 508 P BRI, BRI AR A 1 de A

Figure 2 Comparison of single-cell perturbation techniques. (a) Comparison of single-cell genetic perturbation technologies. (b) Comparison of
single-cell chemical perturbation technologies. The length of the bar represents the average value of each metric for each technique. The vertical lines
represent the minimum and maximum values. The scattered points represent individual sample values. For clarity, bars that are too long are truncated
with a slash, and the maximum value for that technique is marked with a number

245 (cell barcode)”, ﬁ'éﬁzlﬁllﬂﬁﬁangNA%uATAc}#
B, SEPL T Rl b sgRNA A 5 540 it 2 U026 475 LIk
BNRE . 2R A i 5 AR I Spear-ATACHT X, H
TESFAT IS G LB AR Ay T A —E B, T4 B
F A ECE SRRk — k. BRI S, %2k
BAR 0 T scCRISPRE 2 Wik (L PR AL AF 52 o
AT .
2.1.3 #:-FProteome probing ] 3 41 i 1% 1% 4, 30 LA
T Proteome probingfscCRISPRE: A3 i 46
4 iy 2 T sl N B KO B AR AL, SRR T AR G
sk B0 PR, IS T (5556 5 . R
N EREAE R AN, HTTHE ULAY SRS 2SR —Fh
S 3E o BRI A A AR (1 AR TE 5 (Pro-Codes), 7ECy-
TOF(cytometry by time of flight)H -5 it 21 2 1 3
[R5 —Fh il i DN A BT BR T C 40 e 5

J& AT AR B AL 53 8 FF A TR A

Pro-Codes!™ ™V J& 14 4™ 325 A HIASE B 400 fifd 338 1 41t 5
IR ARB RS, E A 10F AR £ A7 Y DNA
AN T =0 A, A 1 20F0 AT X 43 B4 B 1 450,
Ff-Fl 5 dNGFR(a truncated receptor without an intracel-
lular domain) AfE APro-Codes. % F& 4t 5 CRISPR
gRNAMSRIK, 5B Bk i X Cy TOF S B 215
BHEARMM PRI, Baamd Rtk f s it
3. Perturb-map! it — 4K 473 A1 2K (A 412 2 I‘Eﬁ
s, SR IR SO T L B8O 1 23 (RIS SR
M, Pro-Codes M43 & 37 B, ANid Fﬁ?fﬁﬂﬁ%ﬁ’]%
PRI 1B S 55

Sk B AN 3 A I, MRS E R S TR
SR A SRS, Perturb-CITE-seq 2 Fl A A A% 4
MR A BT IARPRIC AR A, 2455 sgRNAFER
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ARG SO, SCHHRE) S5 R AR RGN AR
v (cell hashing)! U 1o A ct 338 5 14 A 2 1T 25 1 LA
FIAFEARE R 560, SCRFZREASR G e B XAt i
PUI. XA RR SRS B T s 8 KPRk
I R BTG B S A A i

214 BT % U500 E MR ER AR

TECITE-seq(cellular indexing of transcriptomes and
epitopes)FLili |, ECCITE-seq ™4 T #5540 . T4
ZAK(T-cell receptor, TCR)., T . FEASRZFI
sgRNA, SLHZRIEEHR WIS KM, Perturb-CITE-
seql' 4k 4 Perturb-seq 5 CITE-seq, SZ¥lsgRNA ., {5 fifi
A% 2 (messenger RNA, mRNA)5 F 125 [ 1) [R] it
RN, 33X 86 22 24 2 )5 DA il st AL PR st 2 Rk R
DR RS2 it 154 J) T H, #J% T scCRISPR
B0 PR E 5B . OverCITE-seq " h A ORFt 3
IRTRBE T, T 7E A0 )2 1 [R] SR ORF Y
FIRAF B LA ML) S 2 IR TR A 1E. Perturb-
Multimodal'” i@ i % & CRISPRIR A 7 1% 5 5. 41 ffd
RNA P XRNA | 4 H B AT A0 A5 Y 22 5 iR 52
B 26/ S Rl

Joung 5 NPMHET T — A0 & i BRI N e ¢
PR 70 1 4 TR ORF SC%,  FlISHARE-seqf AR
ST ORFEK By (14 4 €2, 5 ] e 5 B PR e IR B 5y 119 F.
AP, SHARE-seq! VHE ST 75 AN S0 4 24
AKPaired-seq " HKefll [, FIFH 24N ARSIy 2
A — A M A e S AT S IR IR R R, B
JERTY bk,

2.1.5 ET Gy em Rtz fR

BT U4 scCRISPREE AR 38 i3 45 & CRISPRKE )y
oot sy, Kk TN ARTEEAS
2 GERE PR, SR AIES . S RE L L )
SAT HHPRTANRAE. XTI KRB Iy ke — 2Rk
TS PUNEAR, B GO F (in situ sequencing,
ISS). Z#IIEIRNI 244 (multiplexed error-robust
fluorescence in situ hybridization, MERFISH), LA M7
YR A A58 (fluorescence in situ hybridization, FISH); 75
— RG-S UL, Wmicroraftl- 5 X H AR L
HEAT UG e T .

TENEAE AR Mg, Feldman® AUS779F % AY1SS
FeARFIH IR 5 5% | padlockdR AT % 1 5IR IR 4
(rolling circle amplification, RCA ), SZEL T EME 54k3h
B[R Wang % AP FMERFISHAE ) ima-

ging-based CRISPR screen%; & A4 # (1% 1] DL i sgRN A
I Gits, N SEsgRNA B 01 5 I 75 8] Fe b A X oy
Mr. Perturb-FISH'*' 4% 4 MERFISH S T7)5 8l F 9K 8l
sgRNAFIEI G341, AEAN N SE BlsgRNA 5 5%
SRR, B T AN R R S A A AT o3
PR NIS-seq @M 7EsgRNAZAA TPl AT7 S 37, il
F3sgRNAR H Kk, AR UARNARE D1 2830 5 53 |
i (padlock probe) i SIRIA )5, 78575
M REEF SO, IITEHEE M a5 B4 &
23 () SR (R 3.

HET Y HR S HE 5 R (1 HE WK 1 CRaft-IDP Y FIR aft-
seql7hil g microraft V- £ X6} [F G B A0S, IR
Iy BN T IS ST, Raft-seq” ik T
T A0 M AR R BAAR S5 K, DT e 1 X 2l 25 4 g R
MITCSRAE T, SR, 13X 27 R AR B4 i M A
12 WEME IR (complementary DNA, cDNA)JZ—3 15
WY, 38652 B, PRali U 7 s P 2 AR 6 s T AR
TEsgRNAZHH.

22 AL ILSEA

Rt AR AR R, R BN T
S SR P EE A, SCELT AR SR AR T XA
250 Ny 1) FRGEVEREATT, DU H T 220 o 4 [ o 24
W) K oA i S Bk . St sh A L, fhF P
e s e N 1 S s B S B AR R i OP T R g
JEL B 03 1 SO R, R bR BR . A RG]
H AR Z MRS A EUR S BT 5 F- B, DASEBR AR 24
Wit e A 80 B N Fg T (1€12(b)).

MIX-seq & —Ffi il FH 4% 41 iR 22 25 (single-nu-
cleotide polymorphism, SNP)ZAT4NAEMIIR 7L, fE
BETE IO 5 I A SR 2 B T3 T BUNTR & 40 iR U5
ZOTE DR N R A R IR A A B, 456 SNPA T HEST
RS, SEBL T XA Bl 20 R A AN R T
RIS N AL, S55 M AHR, T 2 Aab 8
FF [ 3R] 5 A0 o, b BT S0 3 . sci-Plex! DRI
A UAZ S (nuclear hashing)bRic SRS, KF A FEEDNA
PRESIAAIIEZ T, DAric A FERsh &4 T 4,
T ALY 35 v S 088 T 25 1) R0 e b s 2500 1
HERT], FIFESRURSLE R R AT T LT3 4%
P R S . 2T B KRBT T RS AR, i
FHF KBS0 k. Zhang®5 A8 7 % 1 il 42
Mosaic 55, H = B AL BPL AT 4R AT (cell
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village)"Z1A, AR DHEREN, FFPARTETARA 1R
TS BN BT A A5 AR A T B0 L 53 HE SR R AT 43 BT,
FAEE T 78 35 50 I 22 5 11002 Fh /N3 F 18 Tahoe-
100MEHE4E, A& AP RIAIE, BERA T
el A2 A ST 1Y RE

TEH AR B SEH,  GehringZ5 A 1Ohi i Ki R
MR EE: R MR E N, 7EE 40 F 5L
BALAARIC, AT 2 e B A I RN A -
6. RS AT E— IR S BT 2 AP 25 ) MR R A
PR, LA 25 o St 13- B

IAh, Drop-seq 13 T L FscRNA-seq V- 5 F i
WIFFAE Ak 2= sk i, (A il e S R e Mk
Tz T 25 A B B S Am B o By, N, AissafE
VSR I Drop-seqift4 7 i g 244 db LA s 1E]FF 51 A5,
s TR SRS ST egbE | BEIRIT Z M1 K HE.
Zhao%5 NN 25 B S AL A IR A, it
g 212300 i B ARA24 ) o A =

TraCe-seq!*"He&:—Ffult ] ik 25D 53 Si5scRNA-
seqAR AT IS RIBEFROR. O IE A 18N R =
BRI A N AL R A, SEB v KT 3B
RSP N I, 18 T 2 A B AR v S B
PEREAA ) 38 1 P ) R 5 i i 46

TERAZ 7], Cell Painting$ AR FH £l iE DG
BHRICAIMIAZ . SRR . RS ANESEtY, 456
1 PN A% -5 MG A A B8 ) 2 BT A R AE 3267 7 v 3
b, AR 2=, 27 A 2V E LR
ey, RARLE LAY EE M RIE T EL/EN, A
WG AR A M. R A AR AL,
Broad Institute X FJUMP Cell Painting®i "), 4%
J5 1 ST W VU RN 20T A se R 3 ok
PRIPR AL MR S8R, O R 16445k A1 Y
KAVEMG, NS S 25 kit 7% 5t
TR

2.3 AgniyiEh G b

VAR, FERE AL S R APk & e, 281
BEPER . FHIR) 2 (1 A i 4 s s SE AR Ak ST, b
P83 D I RE K IR I 4 . 250 FAIL A K 25 9 ot
KARE T R, LR 290 28 s e sh ffk
SR SRR B TR (2 2).

231 #mLHHHEE
BHLI SR BEE T, CRISPREGAIK S 1Y KA

2R T e R AR R ELA R e . Dixit S AU F Adamson
2 NBIFEFPerturb-seq /3 HI7EK 562 FIBMDC 41 it 2
BEAT T AT L R 9 CRISPRISER, 22451 1w iy 14
M B, o BMDCE S S04 5 85 B 1] s i 3l 2
Bl HAE, Son%: ALY Jin%e A1 Ursus \PV3ET
Perturb-seq$i R, 435058 T CRISPRKOXT 2B /R ik
iR B2 2B Ak 240 Y DA B AT 5 5788 Xk A S A9 itz 44 it 1
IfERZI. Replogle N Weid250 15 4t 7
TARIRARNEARCRISPRI Perturb-seq, RAFHL T
K562 HIRPE 1 41 i rh £ T Bk R P Bl 2k 5 1Y 52 4%
. Norman%5 A4 T 2575440 i) CRISPRag]
AP, BRI BEAEMIT B TR

Datlinger®: A2 1 T CROP-seqdi &K, fEJurkat T
0 RS2 T £ 3 P CRISPRK O 16 55 55 Wi 137 F) 156
A508r. Shifrut® AP CROP-seq B A T IATA
KT SN CRISPRKOFR 1. Tian%s P> ik—4
T CROP-seqfE AZK1F5 5 2 R8T 40 i >k P pf 28 9T (hu-
man induced pluripotent stem cells (iPSCs)-derived
neurons) [ JT /ECRISPRi 5 CRISPRaffi ik, Az A 7 i
2007 A B B4 . Gasperini®s AP FIHINAE A S 5
T K562 FIMCF 10aZi fit] £ 20 5 55 H CRISPRaffi .

e S B R R e, TAP-seqf ] T7EK 56241 il
Z b S L DR 4 BB CRIS PR 6 5 0 I 4, 497
Schraivogel % A*TF] FH TAP-seqf RAEHE T A58
T h- UL R K, T 55 1778 s X ek, LA T30
BEIGIE 55 0715, X-Atlas/Orion® 3£ FFiCS Perturb-
seq V-5 & A0 YT BRI A s Bk E, B
78000000 A LM 40, i 2GHCT116 HIHEK293T
P 20 i 2R DA ZH AR 351 it 43 )2 CRISPRIA 6. 55—
17, ORFAYIE FEik w12 B TSl Az
fiE T-41 il (human pluripotent stem cells, hPSC)P® VFIiR G
T g S04 FLAE A T RE R A S R 1 Bk ke v,
& B1OverCITE-seq*”) . SHAREseq*!, SEUSSI'IAI
10xscRNASE M T 242 HdR e s min g
YA, SCRPER A RN 5 5 SR SO B ASASH . e A b, T
ECCITE-seq!”, CaRPool-seq®®, Perturb-CITE-seq''?
FECCITE-seq V2 41+ KRR, dE—24ET
WAL S BHE A R K RN G S AR 22 T Y AR RE
232 fEHkHHESE

AR b, sci-Plex!" S Bl T X5 T-F
) BRI i SR AT 0 BP0 A S 2 e .
sci-Plex3i#i i ' A549 . KS62HIMCFT=Fh4ifli &, X
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Table 2 Indicative examples of single-cell perturbation datasets
PshEh  PiEiER IFRS Pishin Pzl LEITETN ZEE e EiEs BEX
RNA  Embryonic stem cells ORF overexpression 60997 - - - [58]
RNA T cell CRISPRKO 6932 - - - [79]
RNA Embryonic stem cells ORF overexpression 174942 2 Rounds - Yes [80]
RNA T cell CRISPRa 103805 - - Yes [81]
10xscRNA + )
perturbation  RNA Mul“‘”lettye;::’ma cell " crispRKO 98958 - - - 82]
RNA LUHMES CRISPRi 14473 - - - [83]
RNA T cell CRISPRKO 8095 - - - [84]
RNA T cell CRISPRKO 10018 - - - [85]
RNA K562 CRISPRi 86111 - - Yes(part)  [8]
RNA T2D islet cell CRISPRKO 19665 - - Yes [86]
RNA K562 CRISPRa 111668 - - Yes [87]
human foreskin .
RNA fibroblasts CRISPRi 35601 - - - [88]
Perturb-seq
RNA Brain CRISPRKO 34939 - - - [89]
RNA RPE1. K562 CRISPRi 1960923 - - - [89]
RNA A549 CRISPR base editing 263423 - - - [90]
RNA K562, BMDC CRISPRi 195990 (})31\}1“330}1 - [6]
RNA K562 CRISPRi 289959 — — Yes [91]
pudig . . .
ez RNA iPSC derived neurons CRISPRi 182790 - - - [92]
CROP-seq RNA T cell CRISPRKO 52236 - — - [93]
RNA iPSC derived neurons CRISPRi, CRISPRa 53493 - - - [94]
RNA MCF10a CRISPRi 12007 - - Yes [95]
RNA Jurkat cells CRISPRKO 5905 - - - [44]
RNA K562 CRISPRi 106670 - - Yes [96]
Mosaic-seq
RNA K562 CRISPRi 24142 - - Yes [43]
TAP-seq RNA K562 CRISPRi 320503 - - Yes (part) [46]
POKI-seq RNA T cell CRISPR knock in 62116 - - Yes [45]
scifi-RNA-seq RNA Jurkat cells CRISPRKO 20228191 - - - [49]
Direct-capture .
Perturb-seq RNA K562 CRISPRi, CRISPRa 259673 - - Yes (part) [48]
Quant-seq RNA iPSC CRISPRi 275708 Dl;‘)’;gzl’ - Yes [92]
scGOF-seq RNA ND islet cell CRISPRKO 19792 - - Yes [86]
SEUSS RNA hPSC ORF . 60237 - - Yes [51]
overexpression
scRNA-seq .
CRISPRi RNA hESC CRISPRi 17234 - - - [97]
FiCS Perturb-seq RNA  HCT116, HEK293T CRISPRi 8000000 - Dose- [50]
dependent
B cell, epidermal CRISPRi,
Perturb-ATAC ATAC keratinocytes CRISPRKO 4190 - — Yes [11]
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(8:322)
Wb HEEAR AR Peghtsin Peahpliy it ZEE  ZHlE PG S0
K562, GM12878. . K562: D3, D6,
Spear-ATAC ATAC MCF7 CRISPRi 4423481 D9, D21 — Yes [52]
+Pro-
CaRPool-seq RNfei:“’ THP-1 CRISPR RNAi 30707 - - Yes [98]
RNfe;Pm‘ THP-1 CRISPRKO 20729 - - - (71
ECCITE-seq RNASP
oin ro- K562 CRISPRKO 7343 - - - [59]
+Pro-
OverCITE-seq RNii:ro T cell ORF overexpression 4312 - - - [60]
e
it Perturb-CITE-seq VAP0 clanoma cell CRISPRKO 218331 - - Yes [12]
izl temn
SHAREseq RNA+ATAC Embryonic stem cells ORF overexpression 791791 - - - [58]
ASAP-seq RNA+ATAC T cell CRISPRKO 10018 - - Yes [99]
+Protein
Cell Painting Imaging U208 CRISPRKO, .ORF 1600000000 - - - [13]
overexpression
RNA + Pro- . .
Perturb- = 4 Ima. <002 liver tissue of CRISPRi 10000000 - - - [73]
Multimodal . mice
ging
T3 murine methyl- 1 dose for
RNA cholanthrene (MCA)-  Drug treatment 14618 - ea;)}?eIC(; Yes [100]
10XSCRNA + induced sarcoma line
perturbation E D
RNA MEF Drug treatment 96680 Veryl . meo - [101]
PC9: DO, D3
PC9: DO, D1,
D3
Drop-seq RNA PC9. M14 Drug treatment 255116 M14: DO, D2, - - [78]
D11, D19
PC9: DO, D11
pia== . 1 dose for 3
Wodh MIX-seq RNA cancer cell lines Drug treatment 134682 6h,24h cach drug [64]
sci-Plex RNA AS49 Ksl\gzc F7. Drug treatment 885454 - Multiple - [10]
96—ple);echNA— RNA Neural stem cells Drug treatment 20382 - Multiple Yes [65]
Microwell-based 1 dose for
SCRNA RNA GBM cell Drug treatment 165748 - cach drug - [66]
Mosaic RNA 50 cell lines Drug treatment 100648790 - Multiple - [68]
TraCe-seq RNA PC9 Drug treatment 42277 - - - [67]
JUMP Cell .
Painting Imaging U208 Drug treatment 1600000000 - - - [13]

188FIb A WL itia I mAL B, 3 T4608F151F, A2y
PIHLE AL T F IR, MIX-seq ® 523 T 76 240
iz 2 S Ol SR & bl U e N N FE Nt % =
A= Bl 137 B8 AT

TENGRFEAT, Zhao® A OWE i T BEAH IR (glio-
blastoma multiforme, GBM)ZHZY) A FhaiEl T et
A S FIFHDACH §I F P sh it 5%, 4w 1 40

10

FAVR SR R AR AissaZE A8 HIDrop-seqfi
A, TEAE/NYH AT (non-small cell lung cancer,
NSCLO)/Ifi RAEGERL 3B 1 s S BRI 1 550 (4
JEIBE)AL PR A AR IS S 835, faon TiRYrid iR
HES 2P RIS IR IR S AT TERIL . LAk, AR
LINCS(The Library of Integrated Network-Based Cellu-
lar Signatures) Connectivity Map (CMap)!'**! 3% ) Bulk
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RNAD PG A 3, (HALAL 58 53 PR A RN A 3450
W, AEYEENL . ALHI TR R P A AL T

B/ T F25 80, AT IR AN e A A s 411
1ot I 7/ SN £ S R TR 411V R Rt =7 i K
R T TwEYERE. GubinZE A"YF] F10% Genomics -
&, 01 T T3/ FLAH (T3 methylcholanthrene, T3
MCA)iF T R IR B TE 45 52 o2 6 A AIR YT (immune
checkpoint cancer therapy, ICT)/5 )G ERAE1k.
Gehring % A\ VS T B4 M /K- %o ] — 20 i 2R AE
VORI R K U Rh ) i 2 G GRoe M sh A5 T %
SR AT, Schiebinger®: A UOMNET315000 24
HPERNAD T EE, RGEE T AR E RS R
Fesk s, WEFE T % 53RF Obox 6 I s K GDF97E
/N BRI AT 4E 4 g (mouse  embryonic  fibroblasts,
MEF)H %% N5 2 e T4 Mi(induced pluripotent
stem cells, iPSC)id AP IThRERIE. Al fedst "
2RO OOV A D R WS AR T E TR £ R
T E EE.

TE AR S A2 VERN W 42 7+ 9 8 3K, Tahoe-
100M" 235 A RIS I A2 ek sh B 48, 7 35501
AR . 11002 R 259 5 250 & 5% 0F, Bit@es
Ik, HARRYEANM R 5 13 BRI A 2
RSN 5AE, FrIZsYrhin-Eaoh e ETigid). JUMP
Cell Painting! IR TR SHFHAREE A, BHE11T
FibEY . 1.3078HER s, 162 dnM A
SRR, R S R AR T RSV
233 Btz HEE

Rt SR A Sh A AR R, ©A 25T 24
A OB B 240 M 2 B8l A 0T T TR R ek 4 AT
scPerturb(http://projects.sanderlab.org/scperturb/) ¥ &
T 44T AT SR, TR T 2SRRI ZH
2FPH b, scPerturb5| A T E-distancefg4r, FT&E
AR B 5 B8 T O BN [ 5 30722 0 Xof 540 45 ) T 52 W
RS B LB SRS A AR AL S G BT B T
HESH. EIERE, PerturBase[m](http://Www.per—
turbase.cn/)iff — 4 B T IR G B SWREES
T HA6I N TFITFE 122 scPerturbationZ{ 542, H
F AL A 115 SRR SR 4R (N B 4 Jfa e s 28 74> 2
RSB AR (N e 21 5 3R T A ), SR AR
BEHAEGHhRAR . TS50, ©RCh 40k
P h Gl i) S LSRR, HeAb, BLER oA T HALAE

AWisERE. PertPy(https://pertpy.readthedocs.io/en/latest/
installation.html)J&— A~ X B4 At 88 sh 8508 - A& 1Y
SCRY 58 ) Python R 41, N T 2 PnifEfLThSadts
A BB, Fept T 2 M E T H A sy 74T
BT HEWTSE), JEECR T RN R S R, e
R Rl e e L A= G i Vi 2 S S Y AN =
HR S TR, B T R an it shir
FEBAREE S . AL 5 AT E T

3 ALMRRYISh Tk

FFEATT AR S0 BRL A4 )22 T ) PG SRR N 2 LA L B
BRI AT S, I BT B T HF 0 an e 3K
SRR AR, IR N EE DI RETE R . B bL I T
R T & AL P I fl . RS H 14 T 2Rk
LM [ AR £ 80 it R0 T30 A R e sl iy . AR
PRI R C P S SR S RORHESR, X 8677 1 KB
OyA: ¥R (shallow models), [ X 45
(graph neural networks based Models, GNN-based
Models), AN IREEA: 5% (deep generative models),
Ja B ATRY B, T T A5 B gAY A% (variational
autoencoder, VAE) . A f& i (optimal transport Models,
OT). ¥ HEA(diffusion models)V) J2 52 K F ARG
R e B L AR 7Y (foundation models) 3522
FRETHTIT IR, T2 N TS O AT . B sl iy 35t
W, B Bh 20 G 0 A R 3h A 5 Bt 45 0 R AT 55
(33).

FERAAR MO Sh EAR T, R [RIMT 55 30 5 A T 2 A
R AT . 1R EA T BRI S ST W T
IR ML ) Bk, PRI 24 [ U R RE
MLARMEE. RS Eb | IHRRCRE . 45HiEH,
B RAFR AT R, JUHGE H TR A AN | e
FEACHFBARM Mgy . (e R4 O sh i 58 1) S By
BralRe e ST D, RSB R AR, &
ot 2 P 28 A TR 2 — 28 T oAy Kb R 2 A AR T 1 R TR
JE AR, BRI AT SSCEASEYY s (AR . B Z ]
G 3R B AR 48 T AR 800 . B2 B 48 2 A
T, PR 8 IO 245 A S o A e R AT 4 IR % s P
RKIEMLZE, 1AL e DI Sh7E 4l R S8 1Y
SIS R, TN T e e B AR
TR DA S R SR W AT 55 TR B AR BB 2 2 iy PR 44
LB Sh AR Y F 0 v, HAZ O SRR ) m 4 A
AR EENER 0, DUE RS BRSO /i — 20w
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Table 3 Summary of perturbation modeling methods

Pt sl Ji Fe sz b e
; . bR £ AN o R S RIE 4 oo s
Tk FEHELS S SRS s Hehdl  FERAEE 40 PR s ARk 4
JRAaRL AL B RN ERE RE N St o0
N WfERT BT T
ALFOL  ACVE IS gy g g SR A 3) v o Y
ramework
FIH 2 RFB AU SIUTSET, 17
ASGARD  Predictive pipeline i AJ 5452523 35 5 LR i foe i v [16]
259
A Random forest i1t 432 BT A A A0 1 J 18
ugur classifier A3, PR s 41 i 2Ry (18]
Beyondcell Therape'utic FIEERITRE, T AMERILIRI TR J J [108]
clustering fl
FIFHVQVAEM 1 53 WiBh 24 2 it
Biolord VQVAE RIS E M, SEA T8 A5 ma Ry v v v [24]
TR FNERIR S
Matrix factorization N -
X SIAMERE M S R G,
CaDRReS-Sc techniques for Re- . SR v v v [109]
e e R 2 ML
FA ARG H o) AR, Ayt
Interpretable ODE- 3} - M 5h 25 M 25 4544, 1
CellBox  model + deeplearn- I #55E F RS B b B A4k, v v v [110]
ing optimization  SCFFRIEAR BB G5 A GBI K
W&
Generalized IO 361 A ERUILS £ BOHHS
CellDrift oo Pa%CC WS b r sk s il sh - v [111]
tional data analysis ASpist
method el
A 20 I AR e ) R R 8 Y
4, JFam ik B R W] R AR B
CellOracle ~ GRN modeling X 5& K # 1k K ANME A B A5 IR, 52 v v [20]
R RS AR AT (T A
TAC iR
FIFHEARAL B S A AR S WG
CellOT Optimal transport  PREL, FEPLIZM T AIANAEIR v v [25]
. FETE R A REERIAY, 25 GRS
CellRank2 Markov chains SR % LI A3 B T2 v v [17]
FLTFA 5y A AL A T sh 3k
chemCPA AutoEncoder xiﬁ T 2 R B v v v v [112]
I RIEREIE, 456
Causal inference AR P AR L RN R R ]
CINEMA-OT .~ ST SWMAERA ¥, g dish v v v [26]
Optimal (ranSPOIt ijzs e )ty 5 R A AR
B
Optimal transport: R ZAT 5% 21 R T OTHE,
CondOT P P ZAERMM A SIS & v v [113]
context il
. Contrastive FETXF AR5 B FRfid S A BRIE YT IR
contrastiveVl variationalinference g 1) S B v v (114]
FETAR 5 A gt ai A T sh =ik ik
CPA AutoEncoder TR S X 4y s v v v [33]
AutoEncodert AR5y A SRS AR SR — S
cycleCDR JARTE R WA SR Az v v Vv [115]

cycle consistency He
E

12
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PSR P LSRN

R t5h s
ik Bk BLelp 1% SMESME BEshu Phahal ERAUE A RE gia Ak 20
JEAR R S R GEWN LR RE N g i O
[a; C  Tv T

Negative binomial gy p. 4, — 5075 kg om i 722 5
DESeq2  distribution model- LD AT v

ing
Functional enrich- F S A FFEICHE M Jieg 1% SR 200 i J N N
ment analysis Bt 2 25 et
F T ] WA, BT
Dual-branch deep 5 £ il -5 Dagibe, #7254 J J J
learning AT, ST 25 5 AL
fifise

[116]

DREEP [35]

DrugCell [22]

Nested effect model
using drug-subpopu-
lation effect matrix, A e pr N
DRUG-NEM maximize combined ﬁ*ﬁCnyﬁﬂéﬁﬂﬂdjﬁiﬁ, PSR N v
s ML
effect probabilities
with the fewest
compounds

Probabilistic Mar- 4 # LR F AR Y, R S/RAT R
D-SPIN kovrandom field BEHLIZIE RN HEWIX L FGA TR T 2 v v v v v [118]
model [ B HL 55 AR Bh =22 ) ) s 56 2R

Negative binomial yp g3 — gy iy EAINZ
edgeR distribution model- R v
IR

ing
Interpretable condi- #f 2%/-VAE5 F 4w )30 B AL L4
expiMap tional variational &, 7 EPL B0 N 14 [F] RS 56 v v [120]
autoencoder BRI R

Graph neural net- R s

FIAHRRE 5 Rl 2%,

GEARS  works +knowledge . : vz v v v v v
oraph YL RIS R B R

i o R
GeneCom Foundation model TR A B s YRR R TR v J J N N

pass TS
SRR, R 55 S VER N N
KiTHE>
Variational graph >R H7ZE53& B Gafit i 530 HE FUL 5L N J

autoencoder KOSLE:

First-align-then-gen- yeis ac/p. s st 55 05 L i J

GexMolGen erate” strategy with L gH T
encoder and decoder el AT AN 5

Variational Baye- . e
siaz::;uls(;rllainfear?:’relce aie T RIEE AR H\}‘ﬂ@ﬁ’)ﬂ\ )
GraphVCIT °7 n D SR, 2SI R RE Y v v [123]
cep Braph repre- Atk TR SR T

[117]

[119]

[21]

[121]
Geneformer Foundation model [27]

GenKI [122]

[39]

sentationlearning
Gromov-Was- Gromov-Wasserstei- T Gromov-Wassersteinli L 4
serstein OT  noptimal transport S FIBES I 35 B 5545 v v [124]
P P Eaisii
GRN-generative J§ FIJRGAN 5 GRNH#EWi &5 &, 2T
S Lt = . 125
GrouNdGAN 5 ey PR Rk Y v v [125]
Two-test algorithm
(sparse feature
weighting with P25 ARSI AN T R A 3)
ICAT semi-supervised B FHRSAR AL v [126]
Louvain community
detection)
i - R RS TR A TN 25 W4 B
Mpa A generative style- RSB BN YIS v [127]
transfer model &%

13
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e shime 7 T BN it b I
: — Bt 97/ 2 IO iAo LRADE A R e g 55
ik WiLHERR % AL P Peshd  FERAE Al PR g A 22
itk i S N e BRI RE N m g O
NPT O EEE mREET MRT AT
Active learning ona F 3% > 5% fk Perturb-seq S 5
MterPert budget gk S Voo
Graph signal pro- 4L R T4 R 41T L 09HE
MELD  cessing+vertex fre- REEAR, 2454 KI5 5 A0 BRIR I 1 v v v [128]
quency clustering ABABLAY At
. K-nearest neighbor | 4041455 1% 22 P P sh
Milo graphs I v [129]
Reeularized linear AT AP BN 50 L) BB S AH B
MIMOSCA —#01 TEFIXIRESRAS | T AR S 2 v v [6]
mode T 9 B
. Mixture discrimi-  PUNFITEBRIEZLM9728 58, $&85 T
MixScape nant analysis PO A SR I L v 7]
Dynamic biological
Monocle2  processes analysis BT AL oA v v [130]
pipeline
. B Ry M ST (R P
multiCPA AutoEncoder - 22 S 7 T v v v Vv [131]
FLF F U (topic model)Xif EAL41
. . M FE PR BB A T BT, SRR
MUSIC  Topic modeling g e i, i1 1) v 1]
YN I A A R
Nicheformer Foundation model B 2s ()55 S 4l Lt ARE 76 v [132]
Norman et al. Linear regression ?ﬁ‘ﬁéﬁﬁﬁﬂﬁ‘ﬁ*ﬁﬁféﬁtipﬁéﬂﬁ% v v N [87]
model E1|
OntoVAE VAE ZFW%IE'HL”VAE&H??T@WU#EZJJHW N N J [133]
Partition-based FEF RIS X A T, £
PAGA o iraction TET PIERRHY . ST I At T vy [134]
£rp i, T AR, BUl i
Causally-inspired N . -
PDGrapher  graph neural net- ﬂﬁﬁ%@ﬁ%ﬁ@éﬁﬁg DRI [y v v v [135]
work LAzl
PeruIbation” congtrained quadra- LA IEAM A T BN bt 55 J 136
ress([:):;se ticoptimization SRR Z (B B G 2 [136]
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Figure 3 The timeline of the development of single-cell perturbation modeling methods
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Single-cell perturbation technologies have emerged as powerful tools for dissecting cellular responses to diverse
perturbations at single-cell resolution. By integrating perturbations with high-throughput single-cell sequencing
techniques, these methods enable the comprehensive profiling of transcriptomic, epigenomic, proteomic, and
morphological responses across thousands to millions of individual cells. Such advancements have significantly
broadened the scope of biological research, facilitating the detailed characterization of gene function, the investigation of
disease mechanisms, and the acceleration of drug discovery.

Recently, the surge of large-scale single-cell perturbation datasets has driven a paradigm shift in biomedical research,
from traditional hypothesis-driven frameworks to data-driven discovery. Perturbation modeling aims to reveal how
perturbations influence cell states and behaviors, encompassing key tasks including: (1) perturbation effect interpretation:
quantifying perturbation-induced changes at gene, gene program and cell levels; (2) perturbation response prediction:
predicting cellular omics and phenotype outcomes under unobserved perturbations or novel cell type; (3) perturbation
interaction prediction: identifying synergistic or antagonistic interactions between multiple perturbations; and (4)
perturbation generation and design: computationally optimizing or synthesizing perturbations to achieve desired cellular
states. Recent advances in artificial intelligence have significantly promoted the development of single-cell perturbation
modeling. These data-driven approaches enable more accurate and scalable modeling of complex cellular systems, leading
to deeper insights into the dynamic landscape of perturbation responses.

In this review, we provide a comprehensive overview of the recent progress in single-cell perturbation modeling. We
systematically summarize key modeling tasks and representative studies. In terms of single-cell perturbation technologies,
we curate and categorize 32 distinct single-cell perturbation technologies, encompassing both genetic (e.g., CRISPR-based
perturbations) and chemical (e.g., drug-induced perturbations) perturbation technologies. These technologies have
generated a rich and growing collection of 54 datasets. Some of these datasets include multi-omics and multi-modal data,
providing a valuable resource for model training, evaluation, and biological discovery. In terms of perturbation modeling,
we systematically categorize computational models according to the core modeling tasks and underlying algorithms. These
models range from traditional statistical inference and early machine learning models to more advanced deep learning-
based models. Deep learning-based models include graph neural networks (GNNs) for modeling cellular and regulatory
relationships, and deep generative models, such as variational autoencoders (VAEs), optimal transport (OT) models,
diffusion models, and foundation models, that enable perturbation response prediction and data generation. We further
discuss the emerging trend of developing large-scale, foundation models inspired by large language models (LLMs), which
aim to capture universal patterns of perturbation effects across diverse biological contexts.

Finally, we critically evaluate the current limitations and challenges in single-cell perturbation modeling. Despite
significant advances, several critical challenges remain. These include the integration of heterogeneous data modalities, the
lack of standardized benchmarks, and the limited interpretability of complex models. We also highlight several promising
directions for future research, such as the construction of comprehensive perturbation atlases, the development of
generalizable perturbation foundation models, integration of multi-modal perturbation modeling, and the exploration of
virtual cells. Single-cell perturbation, perturbation modeling, single-cell omics, perturbation response, artificial
intelligence.

single-cell perturbation, perturbation modeling, single-cell omics, perturbation response, artificial intelligence

doi: 10.1360/CSB-2025-0682

31


emailto:biozy@ict.ac.cn
https://doi.org/10.1360/CSB-2025-0682

	单细胞扰动建模研究进展
	1扰动建模关键任务
	1.1扰动效应解析
	1.2扰动响应预测
	1.3扰动组合预测
	1.4扰动生成与设计

	2单细胞扰动技术及数据
	2.1单细胞遗传扰动技术
	2.1.1基于RNA-seq的单细胞遗传扰动技术
	2.1.2基于ATAC-seq的单细胞遗传扰动技术
	2.1.3基于Proteome probing的单细胞遗传扰动技术
	2.1.4基于多组学的单细胞遗传扰动技术
	2.1.5基于成像的单细胞遗传扰动技术

	2.2单细胞化学扰动技术
	2.3单细胞扰动数据集
	2.3.1遗传扰动数据集
	2.3.2化学扰动数据集
	2.3.3单细胞扰动数据集


	3单细胞扰动建模方法
	3.1扰动效应解析
	3.1.1基因层面扰动分析
	3.1.2基因模块层面扰动分析
	3.1.3细胞层面的扰动分析

	3.2扰动响应预测
	3.2.1分布外扰动组学响应预测
	3.2.2扰动响应表型预测
	3.2.3扰动组学响应重建

	3.3扰动组合预测
	3.4扰动生成与设计

	4总结与展望

	Advances in single-cell perturbation modeling

