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The Integration of scRNA-seq and scATAC-seq Data Analysis Methods
and Their Applications in Biomedicine
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Abstract With the advancement of sequencing technologies, the advent of scRNA-seq (single-cell RNA
sequencing) and scATAC-seq (single-cell assay for transposase-accessible chromatin sequencing) allows research-
ers to explore gene expression and chromatin accessibility at the single-cell level. The integrative analysis of these
two types of sequencing data provides groundbreaking analytical approaches and methodologies for biomedical re-
search. Researchers can obtain a more comprehensive understanding of cellular functions and states, as well as the
intricate gene regulatory networks within cells, thereby uncovering the fundamental principles and mechanisms of
life. This manuscript provides a comprehensive discussion of the analytical processes, principles, and characteristics
of available tools for integrating scRNA-seq and scATAC-seq data. It also demonstrates their application outcomes
in areas such as disease mechanisms, oncology, and developmental biology. The unique value of integrative analy-
sis techniques is emphasized in revealing cellular molecular mechanisms, understanding disease progression, and

developing novel therapeutic strategies.
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scDNA-seq)"" FL40 8 (o 2000 /77 70, R4 i
s Al DI (single-cell assay for transposase-
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FIDNA T BOB I, AT 3845 G ¢ )51 ] S A 2,
XEE(E B AR RATIRAIDNAT S, G5 E8) T 1
LS RNEEZCE” SR/ a3 1 W1 B b (BT BV PN

X L T A A BRI 1, AT DA SR ARAT T ik ]
Feak AT B BEAR, IR BT FUAIETIR T A K
AT AR A o

scRNA-seq = L T 73 B 5./ 41 ffd (1) 55 (Rl ik
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N 2t I 40 SR AL kAT 1 VR4 ) 4, I AT ORI
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Table 1 Tools for integrating scRNA-seq and scATAC-seq data
THAHK CAFUEE e HEAME KRR EEBEN
Tool name Algorithm principle Functionality Compatibility and References
integration
scDART (single cell deep Deep learning framework, learn- ~ Handles batch effects and accurately ~ Designed for integra- [16]
learning model for ATAC- ing a low-dimensional latent depicts gene activity tion with TensorFlow
seq and RNA-seq trajectory space to preserve the cellular and PyTorch
integration) trajectory structure
Seurat v3 CCA (canonical correlation Integrates highly variable features Supports R environ- [19]
analysis) in scRNA-seq and scATAC-seq data ~ ment
and maps the data to a shared space
LIGER (linked inference of iNMF (integrative non-negative Integrates scRNA-seq and scATAC- Supports R environ- [20]
genomic experimental rela- matrix factorization) seq data, revealing common biologi-  ment
tionships) cal processes across datasets
scNCL (single-cell neighbor- Converts scATAC-seq features Through neighborhood contrastive Supports Python envi-  [21]
hood contrastive learning) into a gene activity matrix and learning, it preserves the neighbor- ronment
introduces neighborhood con- hood structure of the original feature
trastive learning space; learns transferable latent
features with feature projection loss
and alignment loss for high-accuracy
label transfer
SCAWMV AWMV (adaptively weighted Generates biologically meaningful Supports Python envi-  [22]
multi-view) learning, matrix de-  low-dimensional representations, ronment
composition, and neighborhood reveals latent structures of cell states,
contrastive learning and improves the accuracy of cell
heterogeneity analysis
scBridge Heterogeneous transfer learning ~ Evaluates the accuracy of cell clas- Supports Python envi-  [23]
sification through reliability model- ronment
ing, optimizes integration quality,
and effectively enhances data fusion
precision and efficiency
GLUE (graph-linked unified VAE (variational autoencoder), Embeds information into a shared Supports Python envi-  [18]
embedding) guidance graph, adversarial low-dimensional space, enabling ronment
learning cross-omics data integration and
gene regulatory network inference
MOFA (multi-omics factor Factor analysis and VI (varia- Identifies latent factors across dif- Supports R and Py- [24]
analysis) tional inference) ferent datasets and maps them intoa  thon environments
unified latent factor matrix
scEMC (single-cell effective SAN (skip aggregation network)  Integrates scRNA-seq and scATAC- Supports Python envi-  [25]
multi-modal clustering) and ZINB (zero-inflated negative  seq data to improve clustering ronment
binomial) denoising autoencoder  performance while retaining rich
information
scJoint (single-cell joint learn- ~ Pre-trained neural network, Performs label transfer and cluster- Supports Python envi-  [26]
ing) semi-supervised learning ing optimization, supports large-scale  ronment
data processing
MAESTRO (model-based Collaborative (NMF non-nega- Projects data into a shared feature Supports Python envi-  [27]
analyses of single-cell tran- tive matrix factorization) space to reveal cell types and regula- ~ ronmen
scriptomics and regular omics) tory networks
SMGR (single-cell multi- ZINB (zero-inflated negative Identifies consistently expressed Supports Python envi-  [28]

omics gene co-regulatory)

binomial) and generalized linear

regression model

genes and peaks, determines co-
regulatory programs, and uncovers
gene regulatory networks specific to
cell types

ronmen
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Tool name Algorithm principle Functionality Compatibility and References
integration
sciCAN (single-cell chro- Cycle-consistent adversarial Uses an encoder to project high- Supports Python envi-  [29]

matin accessibility and gene
expression data integration via
cycle-consistent adversarial

network

dimensional chromatin accessibil-

ity and gene expression data into
a shared low-dimensional space,

ronmen

network)

effectively representing the biologi-

cal information of both data types

coupleCoC+ Clusters and matches similar
features, transferring knowl-
edge from source datasets (e.g.,
scRNA-seq data) to assist in
analyzing target datasets (e.g.,
scATAC-seq or sc-methylation
data)

Con-AAE (contrastive cycle Adversarial autoencoder and

adversarial autoencoders) self-supervised contrastive learn-

ing

Utilizes features from the target data
that are not directly linked to the

Projects different modalities of data
(e.g., scRNA-seq and scATAC-seq)

into a low-dimensional manifold

Supports Python envi-  [30]

ronmen

source data, improving data analysis
accuracy and efficiency by clustering
multiple layers of source and target
data simultaneously

Supports Python envi-

ronmen [31]

space, enhancing consistency be-

tween different data modalities

LR, NAEVIEE S0 FUE Bk o A TR A
WA o

1 scRNA-seqFscATAC-seq##EEE S 4T
e

i % scRNA-seq il scATAC-seq B (15 4 77
Hr, BefE 4R s B A e — P B P vk R
MDD 22T L. IR B R H V2 T 5038 5
scRNA-seq5scATAC-seq 1) %45 73 B #E 4T 25348, LU-
ECKEN%C2%} scRNA-seq ¥ ¥, M LI ib 22, 2
R T ARAG 2B, TR A E B 3 T scRNA-seq
BB A A AR, R PRl I W T A
5t [Ry, LAREAUSEPY SRR TAR AR I b 1 3& 17
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M S HHESE
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FHAEM; &5, EEERRG S5 0 i 5L ah E, 7
T DAk — 5 ) g A D] ] F e a2k [ 29 A L 12 )i [ X
S T R A DX 4, SR AR 7 ik [R] 2 38 1R 48 R G £ Jg
R e R, S AR AR B 264 T 1Y
KBEVE (). i 571 ¢ (anchor identification) &
scCRNA-seq 5 scATAC-seq i B A AT 28 —20, B
Fe I AR — . (ESERBR R, A RUE R T
ERL T S N B B 2R A, R, AN R BRE R AS
TE1] ) DT FE A FEE (R 75 47— — o L P 2 L R AE)
9, i e ide 56 00 B B PRI DR 2R o AR R A S AN [
I, MRS AT DL KR

HEBAMXMEE =K, KFESEEHTHA
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TEAKTHEG TR, 5 B e 43 7 025 3 B T 2k
DRl 3k (1) L e Bl B ) 20030 00 &R, o I D VR 4
MNN(mutual nearest neighbors)JG it . LIGER. Har-
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Fig.1 Workflow for integrating scRNA-seq and scATAC-seq data
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Seurat v3;£20194F HISTUART 523 & [ 2 T
RiE S IS, N scRNA-seq 5 scATAC-seq 3
EEG ok T — BN EES B i
o BB ZE R LI B B 58 8 7p AT ifi A2 . Seurat
v3iE I 5] N4 55 (anchors) A% &, R FFE A
IF7) 7 200 o A0 v ) 4 L, X el S AR
AN [ 508 52 () 4 B 2H R 1Y), B AR A e 4 i 1) S
AR, AR EATAE A ) 22 RRAE b AH (R SRR ALL ),
TR B 6T R 5C 2 (BP 4 A1), Seurat v3 1] PLEEAS
A B dls e O B S 7E — . E% 5 scRNA-seq
F1scATACseqZFi i, Seurat v3 1) D IR 2 it
scATAC-seq ] peak matrix“E B DR 75 P4 5 [ (gene
activity matrix)ff], X —iIFEE R EE, XN
ARV 7 ¥ 3 ST AE R DR 428 5 G (0o mT B A 2 T £

KF 2z b, AT AN S 307 DX 380R H At
TR X I ITTBOIR &S 5 HL R TE K AR AE AR A,
I, scATAC-seqBU s H UG 11 55 B 1 LA e HE B 22 [A]
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S5 DRIV A PR B R AR AR B R ik, T X AN
FEscATAC-seq 1) 45 BE 1% 15 scRNA-seq U #5 /£ — 4
FL [ 4 A B2 wh AT B SR M. 7E 5% L, Seurat
V3SR I A 10 8 30 B 8 X3l 4 o 1)
P SCATAC-seqii 1) 5t 52 it 45 225 DS 76 41 0 Ho 1) 7
P, 10 B scATAC-seq U B Ak o — N AL F 3 1A
FRAIKFERE RN . Ny 1 58 1 s Kb 38 9 A K af 4R 2 )
IR 72 57, Seurat v I IE I 46 HCCAP MRS 5k
7 M B s RN A-seq R 3 1 R R 5000 ) — ML =
A 45 ) rh, i L2 03 — A — 25 Ak 2 i xoF
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ALh ) 208 o (R AE A ) 2 E AR AR, R 48 ), T8 4 3 A 5
R B2 B, X R A4S AN [F] SR R 1) Hdfs
LEREE TERE 5 J5 B D b s et B AT T 1) AR A 2
P, TTREAT S RTFER T U207 o
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GLUE(graph-linked unified embedding)s& H 1t
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PLUR JUAS KBB4 8 %%, GLUEAE A2 75 H 4 i 45
(variational autoencoder, VAE)HIAL #5827 IR I
A 2H 22 2 (WscRNA-seq B scATAC-seq i $i5) H
SIB| AT R AR YE )RR TT I, R BT AL
BRI R AR BARA RN, K
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TEHHE A 2 1, LIGER W] PLKfscRNA-seq. scATAC-
seq~ R £ 1 ot 40 55 AN R S Y 1) LA P A AR AR
ok N E i, 2 Al A A S R 57U B ) i@ (integrate
nonnegative matrix factorization, iNMF)&2: R ff it
Z M B AR S T R A R T, gk

RIS A FRIA R R MRS B bR e B A, DA
KA B B i R s AR . INMFIE It
FE LTI ZE 7% 18] A RE 55 ARABL ) 48 PR 78 AN 4 i S
R, SEBL T ANF SR SR R A ARG, RINREE TR
NIRRT AR S, s 1 40 AL
(R HERIE, Hfo VI IT 3 48 AS [ B 52 Hh i A
FROEAZE e AR hnid, ARV IR T
P4t 7o KH T H. Btz 4b, LIGERTE £ 4 vl Al
o7 B AT 35 1 DhfE, $2ft 1 Wit-SNEATUMAP
S22 PP T HL, I B[R AT A AR ) 5 AR A AT T
AE % B U S F0 43 B B0 T 4R BRI oy SR 5 4R
Sy Y A
2.4 scBridge

scBridge(single-cell Bridge for RNA-seq and ATAC-
seq data integration)/2 FH VU 1| R 2% AT HL R K
IR T A BB B — PR B 2 STHE SR, 2 A48 ]
7673 ) FH 48 B e Jog 1 2 5 AN TR 4 IR T scRNA-seq A
SCATAC-seq 4 o 4HE L2 4045 Py > BEATHL IR AL
P22 X 2% 2 i 2 R 43 R AR ABE B, DA S ] S d ABE A
PEL 2EN S . B G, 1 CFRIE I scRNA-seql
0T VR JEE A0 22 X 24 AT TIN5, T R AR A0 A8 IR R
TSR BURI A 7 268 77 He5, I R 1) X 4% 182
F T-scATAC-seq#i 4, I H =1 7 I & 15 & (gaussian
mixture model, GMM)PFAiti 5™ 41 Al 11 43 28 0 A5 &,
U TS 2 5 scRNA-seq £ 5 22 57 55 /N [f1sc ATAC-
seq 2 o (71 35 PR ZR I8 AT G 68 o HFIROIR S 2 T B R
fm IE AR R4l ). BE S, 115 FF X FFscRNA-seq
HIscATAC-seq# 4 o & 20 g 28 B4 (1 R AE A 0o (AR
2B M )P I R B SR B, B AR N A
6] 1) 22 o 3 I 22 AR, H 0 2445 ¥ scATAC-
seq4i iU I Bl br v 24l S, ERIIZd e, B0
A T Z 1) scATAC-seq il i, AW LB AP gE
BRI A S R oh B S . TR # 18 #scBridgeft £
NI 4E (4 SNARE-seq. SHARE-seq il 10X Multi-
ome) TR, & BlscBridge7E £ 4 B A b 25 %
FEHER 2 T7 BRI A, W0 T HAR SR 207
o I TAEAML IR 1 IRFE 2 SIHEZR AR HAN [F]
B PR R D T 3, O JE SR TR R A T —
ML scRNA-seq5sc ATAC-seq B ) os K T H .
2.5 MOFA

MOFA (multi-omics factor analysis)5.i%, &AR-
GELAGUETZPJF &, HI T8 & 2 42 4l S
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scRNA-seq. scATAC-seq- DNAF F4k. HHRA
S EEMESL . MOFAT JeFIH 4 K+ 40 #ir
(factor analysis) 4t 27 BORMY, XN 22 2 4R
BEAT o3 R, FF 3R EL— 438 75 K T (latent factors),
T ASE FH 28 11 A5 28 SR 2 7= L 540 -5 9 AR TR 1 (1]
K FR e HARRUE, BEANEAE DR 1 0] S & B3 77
A8 B, IX AN — AN (B R )k
Foorne RIE, FX L AL K 1ol L% B BB, R
EATTHINAE — A2, WUAT DA 3 G 2 ORI Bt . X
T 2 AR 365 B RAT T 7 A AR B AR A 2 i) P B2 2% O
R, I H s S B BCE (R K0S, AT DA T R
FE DR 700 00 E 5 A S5 R 52, AT 48 7 H s
B JE A AL 2N IR R, MOFAIE i
7 — P iy {25 75 4 W7 (variational inference, VI)F £
AREISRAL TH BRI AE BB 1 1945 43, 38 1 A i 1 2 0
Ptk 2% 43 41 W 35 BIMOFAIZ A5 $% 45 AN H0 4 46
AT RE I AE DR 1, DL RO 8 IR -1~ e 52 i A (7] 1 2
. FERAE TIAE R 1 2 5, MOFARR G816 Fr G 1
H R R LI B [F] — N AE R 7 A, JREA g —
NG — I AE DR 5B B, i 1X Fh 7 AT DA [
(%) 5 5 25 7 (s DR 3 08 AN % €8 J5T 4 ) FH — ZELAH )
78 7R R 7 ff BE . MOFAIAR S 7E T e il it 2e =11
TELE DR A8, S AN [R)2H 2 B0 1 R 5 43 i, AH
EE T HoAh J7 7%, MOFAIE 1 28 43 HE W7 KA 24 b 3 i
LR A 23 Bl R B, OB A T na k, S45R
INFS e o 75 32 B AR 2 AR R 2 B A 5 AR B4, B L 3%
18 1 TMOFA. LIGERAISeurat v3 =l % £ J7 i %t
— 41 M [F] ) scRNA-seq 5 scATAC-seq % 45 5 2 47
R, KILMOFATE S HT UCBC A 5 H 1599 fe e, 72—
Pl 7 v 03 B e R B U7V fEMOFA 1) it
fiti £, WFICH ATE20204F 38— D T K T MOFA+™,
5 MOFA# E., MOFA+R I 7 58 2 33F 1 48 =R HE 22,
REA% B8 0 B SR M AL BE B RAE, M4 T 1 B8 A 5
B I FH H 0 B 1, AE B50HE AN 58 B I MOFA 173 8
REBS IR ML T SE M AT 45 R, A I\ T BENLAR 73 4
It (stochastic variational inference, SVI), it GPUMN
R ST T OUH R, A Ak P OO AR H i R
MOFA+SEHL [ =ik 2075 B FE 42 T, A8 G A T
T A 2 s R AR
scRNA-seqf1scATAC-seq ¥4 1% A 43 T A X
AJ A 5 AT 0 40 21 2 T BLAR, IR HES) AR
Tl A= 4 2 A 50 RN ML A FE (0 R, 3 A R Fh

o3t TR IO R R T ' R R
Mo fE EIRNEF, AT T SHET LT
scATAC-seq5 scRNA-seq & 7 Hr I AEYE B2 L
B, IEvEdnsze 7 & B ERIhae SIS 24, e
ZEREFLE R T ANE TR B4t 2%, JFH,
H X e 4R TR AN 58 3% AL A, seRNA-seq il
SCATAC-seq Bl 1A 73 AT B R K 75 A ) = 24 1
FOAM A2 Wr o 4% 5 R IIAE

3 scRNA-seq5scATAC-seqE & S HTHI
Rz F

B % scRNA-seqf1scATAC-seq®& & 43 #T T EL 11
AW e 5 R g, 1R AR 2 B 9T s X SR
FBNH T AR UL, 357 7V 2 58T
BCR(F3). IXEL R A R T LAl AR P27, 30 75
T MR AL L. ST R, LR B
WV2E 5 2 AN, AFRAER L TR T e an f 2
BIHTE o
3.1 BB

TE R 2245188, scRNA-seqFll scATAC-seq %
(AR5 53 A B T4 s IR A 58 N 1 2% BBl O
Fo MIBETII BTS2 tH 2 PpAS [R] 28 1Y 1) 4 i (0 455 i
JEAM. AN, 1A oT 40 S5 R, Il A A
1K L 241 i (1) s R 2 RN G B8 RS, AT DA BE B 2
fi AT A A BLAE F, BRI S8 AH BLAE H ey fie
BN R 0 AR K AN B

TR 78 BB B R 2% B — U 7t R, B 5T )
FfSeurat. Signac T. E., %F19/ 5 i% HH 41 il & (clear
cell renal cell carcinoma, ccRCC)FEA ] scRNA-seq
EscATAC-seq B4l #4785 40 M. 83t & .ccRCC
P i A SR RN e 0 Jo ] S PRI, R T AN [
I 24 PRI 2R PR A R, FE ORI T AN BE S gt
ccRCCIR 28 FIE# (1 K F 2 ASRNA(RP11-661C8.2
FCTB-164N12.1). X IGHF 78 50 8 T 76 filv8a 1ol o8 355
HH T A 1) 55 2% A8 B ) B R, U T g
R B R EE IneRNA, A A K 1RG22 7 AN 44k
BT R T AT REME . AE 5 — WA FEEE X ccRCCIY
i 7 A B4 B R Seurat T E | KK H scRNA-
seqfll scATAC-seq I HE1E4T T G i, HL, b
ATT0T R Bt AT SR SR A AN M MR 28 5 s AR5 A
H scATAC-seq$dls ot e i vl e i, I H 5
scRNA-seq#Uf AT KBE, DR R 4% . i
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J& 45 A A RIS SR e 8 IR, B 9 [T BA 2
1 ccRCC M Tl M 558 11 240 B AR FL A FH L3, R B,
FAIEREAT T CD8" THH ML AN EmR 40 i G ()5t v] S 4k
MR LR W L5 G oM, IFoR e A
A TC 3, LRI R BE A R O AR 52 A4 AH LA
F A5 1 20 P TB) S8 A, 3 — 2B RE T ccRCCIH4H
FE I, WOZIEE UG 57 4Rt 1 OCBARR .
3.2 RHEHIER R S

1E 95 993 ML BF 5T 1, scRNA-seqFlscATAC-seq
O (8 Gor B 2 R4 7 2 Mo o (B 4
FERE BB R AR AT PR 55 ) 1) 48 iR
JE AL I8 EE S0, B FTE REAS R ) H R E
) 2 DR R 98 X 2, DL R K 6 ) 28 7 5 i IR R A
RIBRZIHNE TR IER B o X 28R AT
D BR AN [R50 R AR P 2 Rt R T T A A,
RIF R A R IT RS Rt ISR A
7 32 [B #r 5 4R K 22 GRANJASEWSI I 50 vk, W 903
{5 FH Cicerot sc ATAC-seq i 4 % i~ HE T 11 2[R 36
Y455y SRJE B 3L Seurat v3FICCATT V%, KX 4t 3
RIS PE1S 70 5 scRNA-seq % 1A £ o 55 21 3L 7] =[],
ST T OEE MR B KR ME G B 2L, DRI &
F I 2P A ML (mixed phenotype acute leukemia,
MPAL) & ML A 0 78 0 A4 AE . B % 3 sk 2
MG A KA 256 70, BEFLE I E 191 601
ANV AE I VA - BE R IR &R, JF 4808 1 A9 B LR R
e 1 B DR PR e S R B AT TR I T — A Sk
HE I I CD69RI I (1) i 4% oA, 1% Jo A i % % A
TRUNXE % BEAT st — DR EL#E T MPAL
FE A [F) 28 25 v IR 1R 3 (] S8 A AR AR R0 AN AR R 5 (1)
WHERHIE, B MR FE 52 138 A0 A RS AR 1Y
BITHEAR . FE—TUEE 0 B BRI BB 9T e, BRSO
BIELECKIZUIF 51 # i i Signac 5 Seurat T, X
scRNA-seq 5 scATAC-seq £ ¥ i3 17 fil & 2 #r, $R
7B R B B ) 5 % bk B2 41 B (innate lymphoid cells,
ILC)ER B R R I ERH . BHFi & KB, f£H
IL-2380 oK B 2EAE 5 S AR S i b, R JIRILCs#% A48
FEARBENEMILCIFERA, JF B, W& fans 171X
LG 20 M E RS TS I Bh A4, LS I SRS
BIILC2RA VIR A 3. FEF K R FE R, IX 4k
A M 3k — 25 e AR N IRl I B AT TLC2 AL C3HFAIL 1) T
FIRA o X —RIBRI T B RILCs R 418 1 g vy
L0 R R gV, FRPR T RS ) S T B

TE A 52 12 il B 7T e 5 35008 BEAE SOAR, 0 B A 7 R 4
95 N R A M N Bh A M B O B, MR B R IR
TR T I A

7 ] V1 4% K 22 1 POOS [ BA W & 1 42 3
R . scRNA-seq il scATAC-seq, PA & 2kki {4k
DNARAEHE, KIRF1S52 E RS2 R
HE B I e B LS M Ak . WEAUR I, 2 R M
B B8R 0 v B 2 TR) A7 1E 0k 355 1 3R W0 8L A% RN A 3¢ 5
JR M, X BB R T AN [R5 R S YR 9T e 8 A
MR, R A, DB (%) iR A2 gk IRl MY C
BCL-2FINF-kB7E — £V 5 B H (- 48 (0 )5 [X 45k 5
IR, FEOX LR 7 Ik K- T, X — ISR
TX LR X TR P I AR VR T RE . B AR,
WFFEad A I 1 0 o o 2 TR] () 9% 398 SR ATL 1), 451 e
T PD-L 1 TR MR35 1, B 78R B, CXCR4 J 3
B A& SDF-1 (1) BH.Wr =] G645 Bh 400 il B % 78 40 P (1) 3
R STAS A EAER . X RIATT KT
35 FI 20 PR B B e YR T SR MK SR AL TR T 1)
P8 5 — WUEE R 2 1t 48 22 I A B0 A A 7 O, Bt 5
FEH T Seuratfll Signac T. H R HE A F1 7 HT scRNA-
seqGscATAC-seq ¥ . 18 1T SeuratiF AT 41 f 2 Y 11
FryE FIE B 4, SignacH T 4b Psc ATAC-seq 2 ¥,
VAl J DR 3% M 7 ORI R A7 e s DR 10 1tk o A i
TERS R, W E RN 1 4 U0 A Op 5 v B A
My = S, XS R4l i Rk 7 542 A
KL, WECMALAEFVE il A e FE K. Hr o
B A W 2Rk T 2 A N L KRS AH OC
HL K, WIBRCAI. BRCA2FITP53. WhAb, F 41
AR J5T 24 2 TR A AE TS BRI Al E A, 8 X TGF-B.
WNTHIHedgehog 55 58 I, 45 51l 2 ¥ B 5 <= 35 ik
71~ Hh 5 H A DXIEAN [ ) 5 DR 3 s T IR . X SR
A BT A FRATINT 46 22 I 4 90 A8 A0 B S 40 e 25 1
(R B AR, HE B X 48 22 A B B SR RS IR T
T R
3.3 ZABEMFIY

16 R B 4% 38, scRNA-seqfllscATAC-seq
(456 B T S AN 28 B R B S fit 1 Ry
(AR A o T8I R P 2 T ) e PR R A A58 AT
Jett FORZS 224k, W 70 & Be 8 22 Hh 40 i 4 4k 1Y)
TEAN R 2 1R, oF B S 28 AR W RE AN SO 1 28 5%
HIE,

i H A BOERIKENZE & & 2 B 1O MIYAO
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S VOLKG B 5 o) B BOR N A T8 o iR b Bz 48 i
(medullary thymic epithelial cells, mTECs)JHF 5T, 4ttt
114 H Signac 1 Seurat ., 454 T scRNA-seq#i
1 scATAC-seqEi i , IR AR FT 1 B Jig b 57 41 g (thy-
mus epithelial cell, TEC)[) & B EA - fbahzs . #FA
G TE A Gt Jo T R A DX RN e R R A L, I
4 IX L P 5 scRNA-seq B 47 2E 47 %5 bb, U H T
— PIRE R Y TR S T i R . X e AL
BRI G € 5T 254, JF ik B B e PR T IR T
Aire S FLHI 7 FCD80, £k — B [A] 4 1 )i,
X e AR i SRS, SR e AT i FE AR Ak 2 41
45 57 14 911 )i (tissue-specific antigens, TSAs). 1M 5T
T8 I 73 A X S A B AE S Ak O R A I T IR
A, o TR R B3R 215 O B, JF T RE
AR o BV TT HR A (1) SRS

FEET R MR R GE BT, S [ S1HF K #RAN-
ZONIPRI ) NS R6 ) L A0 - i 1 200 1 FJ scRNA-
seqfll scATAC-seq#i#is , E4H 5 HT 7 MG LI
JE R0 8 H B H G 8 0004 fe i 2k Y 3 I T+
21 MU HT 44 (hematopoietic stem and progenitor cells,
HSPCs). W50 1R M H = AN CHE ) 2 BE A 74 41 H B
A 22 284 JiR 4638 I AT AR 41 g (multipotent progenitor
cells, MPPs). - iy [ 3 I {7 /4 41 B (early lym-
phoid progenitors, ELPs)A1i% Ifil F4f ffd (hematopoietic
stem cells, HSCs). IX 2640 J 7 1 [m) T2 - BAH AL
NKAH M. A% 20 JfR A% 4 1 55 22 e If 240 L 32 1)
TERE . it pseudotimeLIE ST, W FCREAR T M
MPPsEI|fifi 5 A1k 2 R4 VR4 73 AL R4, /7 T
SR T WGATAL. PU.LRITCF7/EIX — i F2 H )
REEEIE o XL R IR AF NG ) LI L AAR ¢
MR S it 1 B (1) 43+ N 4H M BE Al A B TR
SR MLV 0 FRIAE FE ARG T SRS IR T %
3.4 Hithus

scRNA-seq-5scATAC-seq#i 4 113 & 7 B A1
P8 b AU SR =, AE AR AT R A 7 b 45 )
T Z M. fEYOSHIMURAZE ST 78 o, 58
B T BN RASE A B R ST R B 26 K 11
FEAR, 2 T scRNA-seq-5scATAC-seq#i 4, -1 H
Seurat v4 T B X Hit /T T &. B EHARTF
B, WEFRER 1 AL AR R B U, R
BN A A 3 A A D9 AN TR R A B 4 i
KM NE . FRRENESE) NS, IF

SE TR 53 A B (1) 5% B L TR 3k 1 R L £ 5 T
X 3, W Ah, 5T i — 0 il i CRISPR T HE £
A, #E ] H0H] T HNFIBR) B 3h + fIE 58 1 X 3, &
BUHNF 1B f 30 1) 55 35 BH 1 7 3% S 41 g 28 R 1 401k,
FECT KB P R ) B >, X — R
P FE— 25 UF B T HNF 1B3R 3535 vty /1N 41 i A =
FEGH M 734k B oy EERER . XI5 AMY
NE RS A B 1R B A AR AL T A T i B, [H)
It Rk — 25 A A A% B B R B AR WA DG
5 FALHI PR AL T B 0B SCRe . fEIRYIE R R
SR — DA 7 AR, B T A b T 4R RRE R
i M7 (maintenance hemodialysis, MHD) £ 3 7 41 ] Ifil
FAZ I B (peripheral blood mononuclear cells, PBMC)
] scRNA-seq 5 scATAC-seqtdli . WF72 K, iEHT
TEHG] T CD4T TH L H I TCRAE 5 5 L A%
i H (1 MHC THE#, /£ CD4™ T, TCRAH K
JEKI(WTRAVA. CD45%5) 335 B /b 18 5% 40 i
W, MHC ITFH 5% 3% [ (W HLA-DRBI . HLA-DQAI%%)
FIFERILHE R A. [, #5700 RIENT B %
PBMC IV [ Fr) 40 38 T 25 o T 2 T4 i A
FRZ AP 2 8] I TGF-TGFBR/E 538 % 4% 41 55, 7 H.
FEHTIE SR 7 — L8 5 TR M0 A R 5 5 i F 2
PIAR > HIE R, i HVEM-BTLAAIIL16-CD4{5 5 .
XIHF T VE N4 75 T MHD G 3 18 24 4 528 40 i 1)
MR AL RHE, R T BN B s Thig
BRI, $2 T BT R R S S A I 43 T
w, ARAIENT & FIER . J> Ho % R G
BT SR PR AL T R AR AR

scRNA-seq-5scATAC-seq ] 5 4 43 BT AN IHTR
T IRATS A R 72 5 L B, 18 AR R 1)
PR T 1ZWFEST R TR AR . BEA XL
FOR Bk — 2 58 8 RIS, KA T 2 005 1 1 R 0
JE AL FRATTIRAG, M e N ST I %) 4k R i) 3t i it
B BIRRTT R X AR 1) R bR A A
BT MRS HER T LR M BB 0, T H A
MM BRI Z AR EITERE . £k, b
B2 REERIT, B BRI 1%
BN — D2 A R, A B0 50 R0 = 2 3
AR &

4 RESRE
J8 1k %FscRNA-seq-5sc ATAC-seq B Hi 11 5 A 7
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45 scRNA-seq 5 scATAC-seqUi B & 73 b 7 T HAE AW B “F vh (1) R 1995

PrC BB, JRA A28 7R e fE B LR
A B FEOR R, DL AR TR, S5 o3& I A
M35 XL T H NG AL B, [, 4o fy
WU 3R 2 0 2% 23 BT 3R AL 1 0 4 T B Th BE ST,
HR RS 7 2R AV B R e . FE R
A1 B2 HR, o e e T BN BB 9 3 B 4
PRITIMJR oA S5 T BOAE AR L b = B DA A
ST HIVENLE, AR E A S U b B < T 45
N T YR AR R AR L . e Ah, FEER R
BUER T 1], 128 T 5 i 55 AN [R] 2 18 1) 701 25080,
W T Z IR N B R T hr SV AT LE R
TBITHE .

RUE XL T H O 4 AR AR W IR 27 U BIF 5
WAS 1 S35 B R, B S R 82 FH Hh A9 T 0k 5 A
AR RO AL . SERCR IR T DL A 51 5 5
BPERIPRAR; BLA, HETRE TR 2 S TR AR E R A
FEA VL R B b, B AN FANRE . A RIS 5%
PR B2 8 RS UEAR A R, IX AR — E TR A
IR RS TR 2 BT R 5 M
o FERRMIAE R, PR £E Rl MIAS 2 1 5< B

FE T 85 A RS VR RN SR 5 20 A BOR B A W 81 £
N BEMPLES 2 ST HOR B INRE T, KA i
FRLEE . B geih S U T ML TR AR AT

&, RIS T ZFEVERE AN R 28 PO 2 (K F 5T
BN, B BT s RS 0 BRI VE L, 52
FLAEAS [F) A S AR o (10 3 L A2 A0 HE R 78, Mffﬁﬁ
HE G iR 55+ A d R
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