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Abstract: Bulk RNA sequencing (bulk RNA-seq) is extensively used in livestock research to
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characterize transcriptomic variation at the tissue level. However, as it captures only the average gene
expression across mixed cell populations, it fails to resolve cellular heterogeneity, thereby limiting the
dissection of complex trait regulation at the cellular scale. In contrast, single-cell RNA sequencing
(scRNA-seq) , with its high resolution and sensitivity, enables detailed profiling of cellular composition
and uncovers regulatory mechanisms underlying cell-to-cell variability. Despite its advantages, large-
scale adoption of scRNA-seq in livestock is hindered by high costs, complex biological systems, and
technical barriers. Against this background, single-cell deconvolution algorithms have emerged.
Depending on data characteristics, these methods leverage strategies such as reference expression
profile construction, marker gene selection, or unsupervised learning to infer cellular composition
proportions from bulk RNA-seq data, thereby overcoming its inherent limitation in resolving cellular
heterogeneity. Moreover, advanced algorithms can further predict cell-type-specific expression
patterns, enabling functional interpretation at single-cell resolution from population-level
transcriptomes. In recent years, these methods have been applied in key domestic species such as
pigs, cattle, and chickens, supporting studies in traits related to growth, reproduction, and immune
function. This review systematically summarizes the principles, mainstream algorithms, and current
applications of single-cell deconvolution in livestock, with a particular focus on challenges in reference
matrix construction, cross-platform data integration, and model adaptation. Furthermore, we discuss
the expanding potential of deconvolution in multi-omics integration and functional cellular analysis,
aiming to provide a conceptual and methodological framework for advancing its use in livestock
research.

Keywords: single-cell deconvolution; domestic animals; transcriptome; cellular composition

* Corresponding authors: ZHANG Yuebo, E-mail: ybzhangfd@hunau. edu. cn; HE Jun, E-mail:
hejun@hunau. edu. cn

RIS R NIERIWYIME 0 T4 A I8 RN N

JETE S R A AN, TR A BRI IR B0 4 M 2%

R R AR AR R

o EMA R BT sh ¥ 8 B B TE IR R B
& Y EFERMAESRGERE RS B
YER o Bl 3 ) BE 5 B 98 DA 28 WM R 38 28 3 1) 4
L5 40 2 G, A el A6 AL 2L 2% B hORS HE f# BT K TR 4
L2 A T RE 43 T, 1IE B Ch 8  AE BRAIL R RN A
ZeMER AR BT LA 0 B AL IR . N R BRI KSR B
Wy R DR 3K 1) it AL R S WL, FarmGTE Wi H 4%
G T XSS Z R R IR Y0 2 18U A8
it 5 A A KO i 3 B A AR A B I R IR R AL R
GrUEE T R IR R GR 1Y R AT AR R, 00 i O B 4
AN T = DN L K o 2 R S R RS S
P, Ry Al 35 PR Y 43— B g AT RN 2 i 2 IR 42
AR T KBNS HIR R R, iz H A 32
Ph bulk RNA-seq %0 , A 8 TR BE fff B 40 i 21 784 1]
22 S 5 O0RE S e . S b I 2 O A
TG Bl PR A S VR RE S A0 T A RS A, anAR i

AU A A 4 UIR S A8 fh e B O Y SR,
X L6 A i SR BT Gk W D e AR 5, 11 41 B bulk
RNA-seq &2 B Y B RO " Pr 4 55, 3 10 B0 4%
O R R s e . R, DA AT A 2 G
KRS S Wy A b 0 20 B B 5 TR L AN
By RS s M AR iE S P M E AR ol
o 7R 8L PR AR 5 O k2R SRR R S SRR IR S
Uy g B N A2 8 5 g B R A g ) TE e R R
KR,

UL AE R, B0 L RNA T (seRNA-seq) Y TR
J J& Ry i A A0 B S B AR R T 0R OR TR FE R SRS
RIS LI s B NI AT 12 NA = SN | A | R SR N
A Te MRy FOLRI 0 G T Bez — o 4R, 3%
PR T G e B A R R S 2 P ko) R AR G i R )
F R (1), scRNA-seq i ME LA K B R T #F
IR AL 5y BT o o O% A i UM R, A G s A FR Rk



2 WS 3R 55 - 400 M I 3 R 0 B G 5% 3% 3 W 0T 2 v 1 7 ) 32 7 5k 571

8 A % 7 20T LUK seRNA-seq BUE1E B 5 %,
M bulk RNA -seq H 4 B 25 48 i 218 84 49 L 4], 38 49 5
A I W — 2 A AN 2 R Ry S 1 O TR R Gk
LN M R A BB R AT D R I O
A BT BT AR I e A AS B8 BEAT bulk RNA-
seq BOHE 098 A0 N R 4ERE O RIS R Ak
AR 388 1% i BT 55 48 B S o PR AT 9 R It 2 O i A
R % . ZHEARCTHENRE S 5EY FE S
L IR BN R B R Y RIS Y 2
A R R S 5L A E A LB S R
07 25 ) X A i A AR R T 4 3 L Al o 40
S % B, bulk RNA-seq 5 7] 8% “ T+ 4k~ 2 40 Mg /K
VL IR R IR S TR B R Ty o A SO
TG0 LRI U M S A R AR i | R R AR M R
FE ) T B N R UE AT S 8 B A R
P #5545 OC B 0, O R B O OR Ok K e
T 1), B TE A ARG I 4R i B9 2 2% 5 05 1 S04,
HE B IZHARAE K 57 5 Wy U 1) TR A H o

pyginE s Bulk RNA-seq scRNA-seq
Myt
AR
HEAALIH

ceV el cad cand
LA ——

1 Bulk RNA-seq 5 scRNA-seq #{#E 3% BUi 12 &
Fig.1 Bulk RNA-seq and scRNA-seq data acquisition

flow chart

1 HiERSERMEESE X
1.1 HRERWERFE

4 B VR 5 5 Ak BRA 8K, B T F R R R
J B A B A E S R A AT 55 R B AE TR
BT PR R A% A A B A ST AR S R B

1N A 5 S5 21 2 LS BT A 29 A Tm) A i 2 R
B JC L) A R A U — 2 L T A R
(N e P 0 JE 670 8E B 20 e 55 ) 0 3T 5307 vk L R
bulk RNA-seq % ik %04t 5 2 2% 3% 1K 1% #k: W 40 i 20
BN e AR S MR e 3k, B T SR AR ) 2 TR A T o
HAZ OB H AR Rk 2 & A i 2R B Rk 1
P,
Ti=>] S;P,(8,20,P,=0, ' P,=1)(1)
$__Lh

DI

A (D) a4 3 2R 7 bulk RNA-seq 1
R R IB B T, 2 25 S A0 M A i B (] | Y R 3k K
S, 5 H B P AR AR T A G4 AR R 1
1 28 B 25 1 D) GRIE T A 2 SO T R R Y
3 B o SO T AR, AT 25 A T A R e
Rk, RERABAX ) hagm > P,°
SR T AT di i 28 B LG 5] P, 1) O FN AT A — Ak,
X — A FRAE QR UE A T T fi R A (] I 34 BB sl AR F
JEE 240 4 3K o v ik, AT S X AN [ 44 i 2 A v
FEDR IR0 LTI L 2 TR o A T AK
ST 200 L 2 R[] 6% 2 3k R S R (AR TE Y I 3 22
5t ) U R AE ) B (A ORI L B B Be by It
Fic A R0 g AN R A T A5 B ) 40 L £
5B AN BE e K 4l FAE 4 U EE 38 AT AR R B AR
T MR AR P AL S T T R AR T
M, @ % 42 7+ bulk RNA-seq ¥ #5 i 4= ¥y = fit
B
1.2 HRERHEEZEFEZE

20 0 iz A RR A 7 75 MORSE 5/ 96 20 i S A ., ] 40
R 22 W (reference-based) . JC £ % M (reference-
free) 5 2¢ % % M (semi-reference-free) 3 2% 5 ¥
(K 2)™ 2% R %R E 8 (nRid
LA BRI i R TR 1 A5 ) AR S SRR, DT i R I 2
HRARFEIE RO S A R R S
TSR, AT 4 T AR C R R O 2 3R A 1 RN B 4
LA 3 Fh A e S 2 Mok S 2 R I e W
(BT ) S g (s B, HOmE st 24008 7 %07
GBS T HE T, 1 B3 DA bulk RNA -seq #fE W7 48
JHLZH A, 5 A 2D A T B B AT A B R
L2.1 AZHFWNAMERERFEE T ARcE
PRI (1% TR Al A5 18 5 5408 19T 328 200 i 288 A8 4% S 1k i
B PR R 2 2 S I B U BRE P 7E bulk RNA-seq

(2)



572 R

SR S 57 %

(18 2 TR 7KF- A B3 200 i L 4 AR SR M T AL R SR
FAAN A E /N — 3 [0 4 (CLS) 8 ¥ DCQ . X 710
3 A A B CIBERSORT™ | MIXTURE™ #il
FARDEEP"™, DA K $& fit Z Fh 153 5 s (1 My Sort ™ |
quanTIseq " fl Bseq-SC™" % . 4> T H7E 3R 15 [b
6] J R 3 A M RE S SR A, BROAR TN ORG B A2
i ic 56 B B L AR F 2R 2 A B A H & A AT
W, A REN THREERERLZEREE 5
IO R RE SRR 5, TRV IR L) 5 1T 29 (e
WL) WLEF 2 25 A — 2 e 5 00 b i 3% R, ] i e 7 3
Pk il L) 22 5 o BRTE O AR R fRT A L L
A S % B A PR BT R B A TR B O A Y
575 =S

FE T ¥ 3R A3 0 52 A R 32 G Aok o 4
B B A IS Al O 3 3R GRS VE S 2 %L 4% bulk
RNA-seq I RIEMAE NS F i IMAL A G .
LR g i 5 L Z AR A R B 4 O Tk R AR
T3 AL 5 REARTE Bl A F7 , 40 CPM™Y 5| AREAS 5 57 1k
BHE | AutoGeneS™ 52 Bl 2 % 3 M 4 A ) i 1L .
Bisque' "™ Fl MuSIC™*" % £ 2 5 U4 DL 5 25 A A
Fedad Pk 3 B8O TR IR S RAE e
1, W DWLSH i AR AE 3 PR L H S =2 B2 Ak
DeconPeaker ! gt & #L #8% 2% > #E 28, DeMixT!® 5
BayesPrism"*'43 il 5& A 2% 5 DL H7 2 A5 A A7 S I
55 I8 IR E AR S 85 R AR e Z R
S, 1 SCDC™ 5 DigitalDLSorter 2% Jl] £ 3 %
N3 e LA A A v A o M R RO T DR T A
fith . 1925 TS HMEMEEE M AN EKEREL,
I TIEAE B A2 20 v A AR PR A A B L
FER LSS 15 515 10 RE A A 40 2K AR e 5 1) 2 5K
T, O B A 2 BT AR AL T

BT P20 MBS Y R 4y PR R T R 4 B A
FHR G R BUs F £ 5 25 40 0 L BR A0 i S5 T 5
B AR, B TR AR AR R SRS AR BT e
J1. 1 DESeq2’s unmix ' fil PREDE " & % F #
FALER AL THAE R E A7 AL 35 1 oo 4 s Bl
Xt 41 i L 81 1 &S R A 3 s EPICT # dtangle™ 1 3
Tk R AIE PR 2 3 A5 R in AL [l ) 5 w5 ARIC 5]
NS A ) LA (SVR) DA 5 0 3k 28 o g 75 %
i (AR ARV s ImmuCell AT $ (3t A i 4 93 4H i 24 7
S 18 T 0 b 96 2 20 e g A A T
TICPE"™ 38 12 56 F 143 19 A5 55 75 10k 55 0 22 440 R R 1k
(AT 4K s EMeth ™ HE— 2544 41 i )2 45 B4 i 22

AL B, b A A 2E AL T AT RE , DeCompress'™
i oF AR B2 R S A B O i A R B T 0 R A
PSR . Ak O A R S R i
BEOR B fm , AB AT AP 518 YRS i B2 L 7E scRNA-seq
TR S B3 & D i AT 5 AR IR 4
BLH HE SRS HE & A 5 P A% 0 TR

1.2.2 EZHFMMMERERRT L LTS HEUR
12 58 A AN ARG St 0 40 i 28 AR A5 R Tk 38 o 6 T 3
fift C4n NME \PCA) | DT - Hr 4 W7 s 82 2% 2] (CNIN/
RNN) &5 J6 W B 5 757, LA i R[] 48 it 25 70 AE TR
GAF 5 AT O B8 0] 43 2 09 SRR HRAE , 1T XT bulk %%
i AT O % A RRAE B ORI 5 A e & B
T AE ) B AR T R M T H AU 4 : deconf ™
) FH G Wi B v ] 3 8 3 # bulk RNA-seq B9 N 1E
F B FFAE ; ReFACTor™ | TOAST " debCAM'™
1 CellDistinguisher ™ 38 13 3 Ji 43 4341 Al A 1 $2 BOR
SV AE B RFAEAS 5 s BayesCCE ™ 7E T8 Wi B (0 17 10
51 DL BT T ) 5 AR {dk M 5 DeconICA A
Linseed " 45 A &V 1 19 5 #1452 21 52 B 3 204 4
SR, T B = BT 19 40 P R AN e 15 B, L AS
IR 22 R B M W W A RO A A DA e S 3 L A A
JHL TG 3k AT b S A A R Y R R AR R . X
J5 VA 3 1T R N I R g B B B A i A T R 2 2R
FEAS, AT B A 12 35 0 3R GA R A I T 48 7R B
TR T P O e ) S A A R AR (AR
B RE LS HMESZ T EAKE RS %
R (HILA BT T e A e 4 et il — A I X
R AIE 2% 35 155 3 E B (gene X expression patterns) , iX
58 2% )7 502 % 5 B (gene X cell types) 7EJE
vl = S i 9K N e o S I U SR (VR S s
G 27 I aE AR L T HeE AL, R T 25 R
AR S O A I R GRS 25 G S T AT

1.2.3 B0 40 M & Rk e =Rk
B TWEZ 0 AUHT D bric B (T 8 &
k), i 2 o A Bulk B4k 5 AR IC ik N PR R Y 2R
ISR FE . BT RS E 8 A
MCP-counter ™ fifi FJ P4 & 119 47 ic 3 B 4 (401 stromal
Al immune cell types) % bulk RNA-seq ¢ # #F 17 4
i =F BEPE 43 s DSAVRI BisqueMarker ™ U 25 4 3 i
5353 M 4 B 5 b a0 2k BN P AR Y 32 BLRRAE TR
i 20 g 21 B 4% 4k ; Deblender ™' 1 46 2R H C Wi B 5
FEMG AR IO HE PR 43 21, O R T SR G H (A 550 45 2
KA RIRFRAE . S RE RIS W R



2 WS 3R 55 - 400 M I 3 R 0 B G 5% 3% 3 W 0T 2 v 1 7 ) 32 7 5k 573

A, 8 T bR e R I 2 RE B = B g 2
Bl R IR G A A AR i Ty
i PR IR B o AR B R SR A RO R
ol 7 306 5 FHE A ekt Bt D00 %) BT R A K0k A e B

Cell types

Bulk RNA-seq
EE =7

GeneA
GeneB
GeneC
GeneD

e ISRIIES

B2 B2EMMERATENITHEERE

FARIUAED

Y5k

FEERMESE I BR AR o SR, 3% 07 VA P BE o E MR AR i
B DR B S A9 B 5 S8 R R TR S W) R B AR O
LRI, B 5 oA I e B R A e R R Al
I 22

X
\
I
Bulk RNA-seq
JABulk RNA-seq/1]

FIBHEE
TE AR AR

Genes

v

Sample

[

Bulk RNA-seq

Genes

Fig. 2 The computational methods of single cell deconvolution principle

2 HRERERFHYARPHEA

0 i Fz A B A O A A TE T SR 40 i 2 2
) 248 % G B, T 7E T 48 7S 4N A 4 AR S T RECIR S Y B
A o BT A = & 1Y scRNA -seq FE 35 5
5 M 1 bulk RNA-seq, 1% J5 v 38 i 1 5 g B b 45 2E
YoF e 8, 15 10 52 B bulk RNA-seq $0HE 79 “ 40 i
Gt o FARAS | AR, U H IS B K 5R Bl
Yk o b A R R 00 o 5O B R, R IR Y 2R
Wy o AL S F PR AR AL BF 93 42 41 v o3
b I LY SV N I T R = D IV A E i
SR R R T 0 L Ao
2.1 FRFRFEHYET RO A E

RPN AERKEE KA EHie S
PR il BT S5 A 0 R DR R AR, 452 B 4 2 b O ) A i 2k
TR (10 Ay g b B8] B HL T RTR A5 1 5 o 4 L i B
40 A f B FUAL L | AT 36T bulk RNA -seq 47 1 5 4 41

it 25 78l JUL U 20 B B D 4 B L SRR A AR ) 1Y
L 491 2% £ B, S T A 4 B KT i BT 52 2 MR i
WAL DR bR R ], © AT T % 2% B B 0L
R AR 4 (T R A Bh T4 DA A% BORE XU
7T R LER 2 C 1 L) W) 57 A5 ) 1 412 AR sl e,
i 2 43 AT WLET 25 S0 Y L ) 0 A% Ak F 5 o E— 2
£ T 4N FABP4 F PPARy %5 5 I 17 2 AR 15 AH ¢ 1) 5¢
AR E LA S TR S EE R R AL T
S A R T A FLAR AL 2 Kk B, FLAR L 4
JitL B 3] 5 7 A R R S T A G () B LR A A
P (an PANK3 F CSN2) 8 & 7= A b i 3 Rl
FEAEB R e, 6 B AL 5 SO S OB B A B R
B, J0URL 20 M L S RF 40 i S5 OG B T RE S RE 19 EL 49 Dk
2 5 HEOE R RS TS ) B MR B VA G, D iR
TS5 A R BRI T RS 4 A AR 3 a4
Y B AP e Ak Ry mT Ak nT s G T BE SR R 41 il
J A BV T M H S5 20 B Al 30 3t A O 4 T 4% 1) A



574 & oMn

=]

= o R

57 &

P B B H R R A BEBE 1 HL I 3K 3h 7 4 Ty
2.2 BREFRFDNVURE/SBRELXEBERSF
FRig

Bl ) KT 5 995 RN B B L SR e N v B AR B T e
SR Y5 W OB ) 09 3 28 5AE TR L Sk A
HIAE L DX 43 B DR A R TR T A0 M PN A S
I 2 R A G 32 240 i VS W 48 o BT BT Al i S A 7R
49 7 FH AT A A i A ik — TR VA, LI 2o o Ak AR A i Bk
s 7L 2 2 v A g5 2 R R 1Y) B AR A O R L R R i
o AL A T o ) G, FE A BB 5 VIR 2R R B
(PRRSV) &Y Al b CIBERSORT Jz %5 FR ML 55
SRALE B 13 A B A, #85 CD4T T 5 NK 21
DR A T I o O R V= G N B SRS o
TE , A VA B A A A T AL R0 A A i S S
PR A v I 2 M LY ) T 5 e D T B O A DG
Hh MR 20 3G 00 5 A 2 [ A 4o AR AR
5 B WU 6, O R B R R B 4R K
/R || ) W o0 Y U = R A VA R SN 2 VA € i
w2 M | SRR A M A AR A e R A R
X R85 R 7 v R R, HL A9 AR Ak RT AR S B
M) 87 P9 A A A 0 sk S A i T AP 3 TR (A
HMOX1.,GPX1) i1y 3t 3% 35 o 3 — 25 48 7R W 38 #L
il AR AR R S b, B A DG 40 B S A
AR HE A B A R AR R, AT BE — 20 T A 4 i 2 R
S PER 40 A, T 2 B0 R R AR Bi e g
3 R0 NE ST 52 PR S A T T 4R T B AR O AR
et R 7K S RN 30 1 g
2.3 HMESDBERFIYEREDMEEE

HY T 7E a B 45 A8 2R BRI 5 A g S W A5 7 T
H5ANEBEAREWAHMME, & PSRRI
Ry L NS AR AL i i i B 5
A i — 25 5 T i S A TR A 24 i KT 19 £ BT fig
JE HGE T B R A 200 4 i 5 5 M S i R R 2
V) 4 B0 o B, X A A 1 I 0 P
(NAFLD) g o 58 v, 0 58 N B2 R 48 IF 4 280 1
bulk RNA -seq &8 45 4 4 il 52 46 LU0 M, B 4
JtL 55 P S B A A L B8] K A 5 2 4 0 AR EE 2 DDA OC
A 9 BHBIL R BT 50 O ok R T AR
ZE Al b, AE AW 2R A AR E L D O B 0 B T 41 2
T Y B 92 A LA B, B AT B8 s T R T R B A
55 0 BT A I 2 0 B[R] A2 Bl i 4, i — 25 00 &
A 55 1 5 ZEHRAT S U)AH 56 0 40 i B K A5 S B

W CD36 " 5 Ik 40 fg A TL-18 96 fk il g o 72 %
Fh &% B B A 5 AR B2 SR, 5% S B R Al i
WMo M . AR, 454 CRISPR/Cas9 %5 3 [X 4 4
TB AW BN A it B NI e R GE
ARSI A Bl A0 R A AR BIE A T S R A
% L 2H 23 v G 5 A i R A 1 3l 2 AR A i S P
T 40 5 NK 28 M % 38 4 0300, DA T 4l B 3F Ak G 22
He s A2 5 5 AE 05 i BRILZ A 7E A
Bf G E S 1) BN B S R A9 5 b CAnFLAR R K B
PEIF 255, 40 M I 4 B A © 9 T TR0 G B 4R T
200 SRS A0 3 i b R A iR Th17 40 i
R, Bl g g vy T LB ) P A T R
2.4 ETHMEABSEREEEXKS RIS
WEI 5 F B ML R R

TER ML, K2 LR B bulk RNA-seq X
it F I 45 BR A B AR IR 2 T, K BB VR A48 7 R AR
T B A AL o A B S A AR R BT X S Ty s AR
P B2 AL T OC i 8 M 1 ——— A R T AN
Z: % [R5 | O A4 A B I Y B AT R S 20
2R G A T oG B 2 20 A0 i A BT T RE IR AR
LR AR A0 = B Can T/ 11 Y WLZF 4 3L 90 4 g
PE PR T 4 A5 ) BLA R AR AT L PR 5 s L Rl AT
FE SR o BRI RE R AL, B T L AL,
XR IR R A A ] T A AR T 51
A Yk R A 8t & {7 25 (Expression quantitative trait
locus, eQTL) , & i /N H AR IR 2 5 4k 40 ¢
B 53 #1 (Genome-wide association study, GWAS) 1{
86 5 2 B 43 (Transcriptome-wide association
study, TWAS) o o #E R AL 1 5 18 G 2 1k 45 7 422
il FE A 245 4, 240 i LE ) T A A Wil A 22 4 2 BT AE
A g DR — A — R SR B 2 A S/ BT
By 5] A B 2 R GWAS Bl R 7 A5 A 4 =5
0 AERE S T GE T RRE . PRI R B BT R s
A A %) i SIS AR e M R SR U A A | B8 2 R T
FEPZH B $E (GS) Hhr Ty B 2 PR 22 38 10 F00I0 A B2, #E 3
BFEE MBI CHR” I ) HLEBK B e 4 S
AT WA AR ) 240 2 ) B ROBEAS TR

3 NMAMHS

3.1 &MEFHRMXMEARBHBERN TR
KIF S AE SR K 1 B BOAI A2 BROIR 25 77

T A7 5 75 JEE S S b B fe Rt ] — L U6 Y, 7R R[]

A A TE] o AT R 5 B AN R R A M AL S e . il



2 WS 3R 55 - 400 M I 3 R 0 B G 5% 3% 3 W 0T 2 v 1 7 ) 32 7 5k 575

WLAFEAS TR B R 5 32 KR, WLET 48 g i 4n
FEL T 2 40 B 0 B AR AR B B XRS5
— 4 2 2 B B 3 R TR A A TR Ot A 40 i IR
A0 5 0 N S R o A0 S A R ) O A
FELISI00N0T ] — 41 i 2 R AR S [ IR BT G g R A
S AR T R R B AR R T R ki . |
B ER S 5 TGRS N Y 5 W 40 i s T 40 i, H o
B 5 R ERAE S B0 35 25 5, A A A A SR
X 43, 5y 5 B3040 28 ALV S0 B IR 2 o TR [
Fof 6] (1 38 1% 95 S5 R0 P B bR 2 5 040 2
VR R NG e e o= (e S LI N B R
T8 A T) 7L R 0 S 4 D 3 e R P S L
PETE R AL, H A S 1R N 4% A0 45 R A
), i — A ) 55 7 AR %) g A AT
3.2 SR BEZRHEIBEHES TR

20 2 A B A 0 AE R R Y A
27 R U Sl e oE R R {H H T 2 R SR
Y TC o 3 A0 ML . DL SE R A SRR
B R B, 28 F AT A AN A B e R A A
BRI B gE A AR HURE [ /N FAE RO 4 ek B
5 FH 5 ) ol 3 35 0 | R A A 11 455 A0 7E ] — ) ol N
WERBAERD BA L, EARFHL R LEH
B ol it ) b I P ) I ORG R 4 R R R, B
e 4SO AV BAER YRl 2
T 26 A 2 SRR A 40 O B T RRL R | X LA
AR ET X O B ) i M A R TR AR I 25 5 56
WE. BRI Z b, bulk RNA-seq 53 A £ 5 UL B9 I )3
TIPSR TR O s RN L R S B A
i AR G AT BE 45 R 2 e i — 2 )55 TR R IR
SN M EL ) EE A BE Y YT R IR sh W L
EEIRE o < O N 1TSS e 7 S R (I N
VE B IR AF AR L35 25 i, 3 26 5 0L R A1E 5 TR DT G By
BLw B G H AR 1 T v E A R, TR X S A L,
HFHI 59 T BB A R R et A m] A M L IS,
WA REZBREBRBMAENE AR SHEkE 5
119 A2 8 T X A JE /N BRUAE B A  dk AT T
b, i Z X 5K 5 8l W) e o B 45 0 0 A ) 2 AR 1
WS R PR TR E S YR ST
IO7 FH i fiE % 4
3.3 HERENMSITE LR

BT ol o R = RS R A CI L=
FCAE B d5 /I 3 i | DL S0 9 K7 R 2 e R
S E LR RS R IRER E 2 kR

SRR ESANS BB ERZET A
e uli/N B I R B 17 5, 0 L B R IT A2 A R N 2
LR ST A N S TR R Y R R S B e L
LEAPERERY g {51, PR B A0 I R AR AR E R IR RS IR
T VA R — B REAS  (HAE 3 J Z2 JE T 20 Y
A7 S A WS S 3 AL B R S M L 4Up TR TR
7 A LA i 2 DL e 407 S AR A L AR
IR AR RERS R S R AR N SRR R (AR Rk
R TR S 6 M R S S 2 2 A A Y RO B
e, EHLTH SRR B, BRI T R LR A A Ak B e
TR BRI AR R 4R A TR B A ) T IR A
R AL 2 IO AR L 0L O T R B S, (H HO I 5
A A A aE B B R R AR R R B R
FEAMUBA FR LA K Bk = B AR 19 K 57 3 9 b xfe

4 REWSE57ME
4.1 #9E B IR A 55 304 B 40 i B i

Z: 7 H e B 2 O 2 RR A0 S s AR A
O IR 7R AR RE (Y RV E R RS L P I 7 ) VA
NS E S Z YR 28 2R = B A
Ji V% e B, REBIRTERE A R S R E AT
L7/ RSN T S N =l V= 1 IS SRR I RSB LIR N
BN B i R R B, Rl FE R IR
B LR SRS . A AT A E PR A ETE
FarmGTEx f1 FAANG IiE 7£ #f 2l Ak bulk RNA-seq
[ia) ERL 240 B 4 B 8 0 S A o [R] E RS 2 E —2P o
O TR R G BRI S AR U DA KA R
WAk X BERE RN i g — T I K SR )
Y27 5 MR B8 Al , 1 2 B T A0 B s A R AL (1Y
HERRPE s R 5 R .
4.2 AREYMHIBZEIEERR

THT X 58 3% 3l W) 00 1 R A e 20 2 S o i N R
IRV AL W AR R, R R R — Ak S AR A ()
YL . TS H R R B
FEYFCIAZE L) BT LR 3R 3K AR A
TEARFEIYH AR E B A MRS KRG
5 H LUK H B A5 Al B AR i 4 SRS AE AN [R] 2R
Yas s N gz ALBe gy o Ml R 2R I 2% (GNIN) B
o PRI R 20 L ) A B A T A 4 A 5 R A
3k W 45 1 AU AR R SR A | 38 5B 0 B A S
AR A FE e 0 F00 o BE X RE AR A BRI 2K 57 3
Wy, w2k b FE AR (few-shot learning) 5 JG 2% 2



576

& oMn

(meta-learning) 5 W , fff A5 78 AV G5 /b i by 3 A A R
AR U — 2D G iR 2 75 N 58 A R ) e £
& JE N Rl RS TR, NE A
BXS 5 L H B R R TR 45 T fg , DL TR
ST R AR RO B . R R Y 4 S A PR
R fEZY M ZHE Z V6 & TREBTT, N
K Ir ) 2 R 5 0 B AL Y 40 B 2% A A 42 3t
IR
4.3 ZHAFIRINMA AR S FRTN S E
AT, ZHF G NIRRT E TR
A B A BURG BE SR AR T R R B . TE AR TR kA
T g ATAC-seq o 34k) B A R4
S 8] B s 2H 45 2 RS 5 ny e el B M AR )
ShRiC - T BE M4 Y A G 2 44 I DA R B 4
KAVRE S W 3 s AR 3k | OB e o o ] Je M R
P A A R 25 ) 4 A A5 S, DT B A A DX 40 v B S T
UM AT WA oAb T R T A R A 2 AL R S
F2 R B MR AT 05 (cell-type-specific eQTL) 5 FE K
KX B B AE QTL (GXE QTL, Genotype-by-
Environment interaction QTL) 2% 5 fx A U1 1 Hf #E
A DLBE R BR R A B ALV AR A e AR B I AUA [F]
2 1 26 B AR A [) 35t 45 T 557 RN A% R 1 0 55 PR
& AR AT AL 51 S 0 20 M R AL PR A T
TR a5 28 W 45 4 Bl 28
25 SRR il 4 4 A 1 TE R L B U
By Al . L DA AL R T e 2
A 2 O R A R B AR SR i K SR B
Wy 2H 2 Y A B L BB IS TR TR N 4 78 A L - PR -
R Z )Y 2 )2 AR C R, kG e A £ R4S B
55 5 Al 5 A 15 A0 B 5 IR S A A 5 AL R SR

5 & it

4 ff [z A B2 — B bulk RNA-seq %% #is H &
A 2H 2 T 2H 0 v RO i A B T N A K
V- ik BT 52 A P AR S AL L 52 T A BT BE e B
AL K BEAR S W RGN A, REZ R RS
ST i 0 © B AL (E AT T I 2 5 5
P = RIS BN R 5 B R P v A PR
A N PR 2R G Ak B P i 2 8 R AR
BRI AR ST REE s It S £
ARG Kast L or Br G N o B A O R R
55 K JE By AW HEE 40 M S BRUR B R HE Bl
KIS WEIE 0] R GeAb K A0k K e i) DG B S 4

o Rk 57 %
2 % 3k (References) :
[1] FANG L, CAI W, LIU S, et al. Comprehensive

[4]

[9]

[10]

[11]

analyses of 723 transcriptomes enhance genetic and
biological interpretations for complex traits in cattle
[J]. Genome Res,2020,30(5) :790-801.
TALAMANCA L, GOBET C, NAEF F. Sex-
dimorphic and age-dependent organization of 24-hour
gene expression rhythms in humans[J]. Science, 2023,
379(6631):478-483.

CHEN S, LIU S, SHI S, et al

epigenomics reveals the impact of ruminant-specific

Comparative

regulatory elements on complex traits[J]. BMC Biol,
2022,20(1):273.

YAO Y, LIU S, XIA C, et al
transcriptome  in
populations[ J]. Genome Biol,2022,23(1) :176.
ZENG H, ZHANG W, LIN Q, et al. PigBiobank: a

valuable

Comparative

large-scale human and cattle

resource for understanding genetic and
biological mechanisms of diverse complex traits in pigs
[T]. Nucleic Acids Res,2024,52(D1) :D980-D989.
DING J, LIU R, WEN H, et al. DANCE: a deep
learning library and benchmark platform for single-cell
analysis[J]. Genome Biol,2024,25(1):72.

FUJITA M, GAO Z, ZENG L, et al. Cell subtype-
specific effects of genetic variation in the Alzheimer’s
disease brain[J]. Nat Genet,2024,56(4) :605-614.
JRZE . B 2% 20 SV M 21 A LE 90 A T Y B A BR AR Tk
WD, M AR AR L, 2024,

ZHOU S S. Research on deconvolution algorithms for
estimating cellular composition proportions in complex
tissues [ D J. Fuzhou: East China University of Technology ,
2024. (in Chinese)

ZHU J, CHEN F, LUO L, et al. Single-cell atlas of
domestic pig cerebral cortex and hypothalamus[J]. Sci
Bull,2021,66(14) :1448-1461.

NATRI H M, DELL AZODI C B, PETER L, et al.
Cell-type-specific and disease-associated expression
quantitative trait loci in the human lung[J]. Nat Genet,
2024.

ZIMMERMAN K A,BENTLEY M R,LEVERJ M,
et al. Single-cell RNA sequencing identifies candidate
renal resident macrophage gene expression signatures
across species [J]. J Am Soc Nephrol, 2019, 30 (5) :
767-781.

ZHANG L,GUO M, LIU Z, et al. Single-cell RNA-

seq analysis of testicular somatic cell development in



2 2 T A < A L A Bk B HU A 5% 9% 3 W0 A o ) O 5 577
pigs[J].J Genet Genomics,2022,49(11):1016-1028. Chinese)

[13] ZHONG Y, WAN Y W, PANG K, et al. Digital [24] CHEN Z, JI C, SHEN Q, et al. Tissue-specific
sorting of complex tissues for cell type-specific gene deconvolution of immune cell composition by integrating
expression profiles [J]. BMC Bioinformatics, 2013, bulk and single-cell transcriptomes[ J]. Bioinformatics,
14(1):89. 2020,36(3):819-827.

(14] #E3CIE . BT 8BS A R R B A9 25 ) 4% 5 41 [25] DONG M, THENNAVAN A, URRUTIA E, et al.
BRI EMEID]. KF 5K, 2025. SCDC: bulk gene expression deconvolution by
DU W H. Research on spatial transcriptomics data multiple single-cell RNA sequencing references [J].
clustering methods based on deconvolution and Brief Bioinform,2021,22(1) :416-427.
adaptive graph adjustment [D]. Changchun: Jilin [26] AHN J, YUAN Y, PARMIGIANI G, et al. DeMix:
University, 2025. (in Chinese) deconvolution for mixed cancer transcriptomes using

[15] ZHAO J,CHING W K,WONG C W, et al. BANMF - raw measured data[J]. Bioinformatics, 2013,29(15) :
S: a blockwise accelerated non-negative matrix 1865-1871.
factorization framework with structural network [27] NEWMAN A M, STEEN C B, LIU C L, et al.
constraints for single cell imputation [J]. Briefings in Determining cell type abundance and expression from
Bioinformatics,2024,25(5) :432. bulk tissues with digital cytometry[ J]. Naz Biotechnol,

[16] BARON M, VERES A, WOLOCK S L, et al. A 2019,37(7):773-782.

Single-cell transcriptomic map of the human and [28] BROWN A A,FERNANDEZ-TAJES JJ,HONG M
mouse pancreas reveals inter- and intra-cell population G, et al. Genetic analysis of blood molecular
structure[ J]. Cell Syst,2016,3(4) : 346-360. phenotypes reveals common properties in the

[17] TENG J, GAO Y, YIN H, et al. A compendium of regulatory networks affecting complex traits [J]. Naz
genetic regulatory effects across pig tissues [J]. Nat Commun,2023,14(1) :5062.

Genet,2024,56(1) :112-123. [29] COBOS F A, PANAH M J N, EPPS J, et al.

[18] LIU S, GAO Y, CANELA-XANDRI O, et al. A Effective methods for bulk RNA-seq deconvolution
multi-tissue atlas of regulatory variants in cattle [J]. using scRNA-seq transcriptomes [J]. Genome Biol,
Nat Genet,2022,54(9) :1438-1447. 2023,24(1):177.

[19] WANG K, ABID M A, RASHEED A, et al [30] CHEN C,LEUNG Y Y,IONITA M, et al. Omnibus
DNNGP, a deep neural network-based method for and robust deconvolution scheme for bulk RNA
genomic prediction using multi-omics data in plants sequencing data integrating multiple single-cell
[J]. Mol Plant,2023,16(1):279-293. reference sets and prior biological knowledge [J].

[20] MA W, QI X, SUN Y, et al. Computer vision-based Bioinformatics,2022,38(19) : 4530-4536.
measurement techniques for livestock body dimension [31] TRAN K A, ADDALA V,JOHNSTON R L, et al.
and weight: a review [J]. Agriculture, 2024, 14 (2) : Performance of tumour microenvironment deconvolution
306. methods in breast cancer using single-cell simulated

[21] O’NEILL N K,STEIN T D, HU 7J, et al. Bulk brain bulk mixtures[ J]. Naz Commun,2023,14(1) :5758.
tissue cell-type deconvolution with bias correction for [32] FERNANDEZ E A, MAHMOUD Y D, VEIGAS F,
single-nuclet RNA sequencing data using DeTREM et al. Unveiling the immune infiltrate modulation in
[J]. BMC Bioinformatics,2023,24(1) : 349. cancer and response to immunotherapy by MIXTURE—

[22] CHENG C, WANG G, ZHU Y, et al. Multiplexed an enhanced deconvolution method [J]. Brief Bioinform,
bulk and single-cell RNA-seq hybrid enables cost- 2021,22(4):317.
efficient disease modeling with chimeric organoids[J]. [33] HAOY,YAN M,HEATH B R, et al. Fast and robust
Nat Commun ,2024,15(1) : 3946. deconvolution of tumor infiltrating lymphocyte from

(23] B RoR . BT i s 4000 5 B4 ) 20 B s 46 AR B vk o expression profiles using least trimmed squares [J].
F[D]. Prm: IR R, 2024. PL0S Comput Biol,2019,15(5) :976.

LYU X R. Research on cellular deconvolution [34] CHEN S H, KUO W Y, SU S Y, et al. A gene

algorithms based on transcriptome sequencing data
[D]. Jinan: Shandong Jianzhu University, 2024. (in

profiling deconvolution approach to estimating immune

cell composition from complex tissues [J]. BMC



578 BN R % 57 %
Bioinformatics,2018,19(S4) : 154. deconvolution and its applications [D]. Hefei: Anhui

[35] LOVE M I, HUBER W, ANDERS S. Moderated Jianzhu University, 2025. (in Chinese)
estimation of fold change and dispersion for RNA-seq [47]  XNEAS 20T 6, B AR RL, 45 . B 40 ffd 4 s 4L i) )3
data with DESeq2 [J]. Genome Biol, 2014, 15(12) : HOR B AL B o myni R [T]. BHE R
550. #,2023,54(2) :421-433.

[36] TRUONG D D, LAMHAMEDI-CHERRADI S E, LIUY Y,LI X Y,BAYINNAMULA, et al. Single-
PORTER R W, et al. Dissociation protocols used for cell RNA sequencing technology and its application
sarcoma tissues bias the transcriptome observed in progress in animal reproduction [J]. Acta Veterinaria
single-cell and single-nucleus RNA sequencing [J]. et Zootechnica Sinica, 2023, 54 (2) : 421-433. (in
BMC Cancer,2023,23(1) :488. Chinese).

[37] SOREK G, HAIM Y, CHALIFA-CASPI V, et al. [48] QIN Y,ZHANG W, SUN X, et al. Deconvolution of
sNucConv: A bulk RNA-seq deconvolution method heterogeneous tumor samples using partial reference
trained on single-nucleus RNA-seq data to estimate signals[J]. PLoS Comput Biol,2020,16(11) :452.
cell-type composition of human adipose tissues [J]. [49] RACLE J, GFELLER D. EPIC: a tool to estimate
iScience,2024,27(7):110368. the proportions of different cell types from bulk gene

[38] ALIEE H, THEIS F J. AutoGeneS: automatic gene expression data[ M ]//BOEGEL S. Bioinformatics for
selection using multi-objective optimization for RNA- Cancer Immunotherapy: Vol. 2120. New York, NY:
seq deconvolution [J]. Cell Syst, 2021, 12 (7) : 706~ Springer US,2020:233-248.

715. ed. [50] HUNT G J, FREYTAG S, BAHLO M, et al.

[39] FANJ,LYU Y,ZHANG Q, et al. MuSiC2: cell-type dtangle: accurate and robust cell type deconvolution
deconvolution for multi-condition bulk RNA-seq data [J]. Bioinformatics,2019,35(12) : 2093-2099.

[J]. Brief Bioinform,2022,23(6) :430. [51] ZHANG W, XU H, QIAO R, et al. ARIC: accurate

[40] DU R, CAREY V, WEISS S T. deconvSeq: and robust inference of cell type proportions from bulk
deconvolution of cell mixture distribution in sequencing gene expression or DNA methylation data [J].
datal J]. Bioinformatics,2019,35(24) :5095-5102. Briefings in Bioinformatics,2022,23(1) :362.

[41] LI H, SHARMA A, LUO K, et al. DeconPeaker, a [52] MIAO Y, ZHANG Q, LEI Q, et al. ImmuCellAl: a
deconvolution model to identify cell types based on unique method for comprehensive T-cell subsets
chromatin accessibility in ATAC-seq data of mixture abundance prediction and its application in cancer
samples[J]. Front Genet,2020,11:392. immunotherapy[J]. Adv Sci,2020,7(7) :1902880.

[42] JEW B,ALVAREZ M,RAHMANI E, et al. Publisher [53] XIAO H, ZHANG J, WANG K, et al. A cancer-
correction ; accurate estimation of cell composition in bulk specific qualitative method for estimating the proportion
expression through robust integration of single-cell of tumor-infiltrating immune cells[ J]. Front Immunol,
information[J]. Nar Commun,2020,11(1) : 2891. 2021,12:672031.

[43] CARDOSO-MOREIRA M, HALBERT J, VALLOTON [54] ZHANG H, CAI R, DAI J, et al. EMeth: an EM
D, et al. Gene expression across mammalian organ algorithm for cell type decomposition based on DNA
development[J]. Nature,2019,571(7766) : 505-509. methylation data[J]. Sci Rep,2021,11(1) :5717.

[44] ANGERMUELLER C,PARNAMAA T,PARTS L, [55] BHATTACHARYA A, HAMILTON A M,
et al. Deep learning for computational biology[J]. Mol TROESTER M A, et al. DeCompress : tissue compartment
Syst Biol,2016,12(7) :878. deconvolution of targeted mRNA expression panels

[45] STEEN C B, LIU C L, ALIZADEH A A, et al. using compressed sensing [J]. Nucleic Acids Res,
Profiling cell type abundance and expression in bulk 2021,49(8):48.
tissues with CIBERSORTx [M]//KIDDER B L. [56] KARIOTIS S, TAN P F,LU H, et al. Omada: robust
Stem Cell Transcriptional Networks: Vol. 2117. New clustering of transcriptomes through multiple testing
York,NY:Springer US,2020:135-157. [T7]. GigaScience,2024,13:039.

[46] Z k. — Fh4n B S5 A 4 B i vk B L T [57] CHEN G, NING B, SHI T. Single-cell RNA-seq

FRID]. A ZREEFIR ¥, 2025.

NIE B. An integrated approach for cell-type

technologies and related computational data analysis
[J]. Front Genet,2019,10:317.



2 2 T A < A L A Bk B HU A 5% 9% 3 W0 A o ) O 5 579

[58] NGUYEN T,WEI Y,NAKADA Y,et al. Analysis of deconvolution pipelines for transcriptomics data [J].
cardiac single-cell RNA-sequencing data can be Nat Commun ,2020,11(1) :5650.
improved by the use of artificial-intelligence-based [69] JIA S, LYSENKO A, BOROEVICH K A, et al.
tools[J]. Sci Rep,2023,13(1) :6821. scDeeplnsight: a supervised cell-type identification

[59] X 5. BT U 0y 520 M S BT vk 43 B 5 i b method for scRNA-seq data with deep learning [R].
FELD]. MR - Iy R Tolk K %, 2025, Bioinformatics, 2023.

WANG F. Research on single-cell heterogeneity [70] BECHT E, GIRALDO N A, LACROIX L, et al.
analysis methods based on deep learning[ D ]. Harbin: Estimating the population abundance of tissue-
Harbin Institute of Technology, 2025. (in Chinese) infiltrating immune and stromal cell populations using

[60] REPSILBER D, KERN S, TELAAR A, et al. gene expression[ J]. Genome Biol,2016,17(1):218.
Biomarker discovery in heterogeneous tissue samples (717 ZRBEREE, D 5%, 230, 55 . g iy 5 R 7 40 2
-taking the in-silico deconfounding approach[J]. BMC GUEAERET SR P ORI T]. & s i,
Bioinformatics,2010,11(1) : 27. 2025,56(7) :3080-3087.

[61] LIZ,WU H. TOAST: improving reference-free cell WEI K K,MA G,LIW D, et al. Research progress of
composition estimation by cross-cell type differential single-cell sequencing technology in the ovarian growth
analysis[J]. Genome Biol,2019,20(1) :190. and development of sheep [J]. Acta Veterinaria et

[62] CHEN L, WU C T, WANG N, et al. debCAM: a Zootechnica Sinica, 2025, 56 (7) : 3080-3087. (in
bioconductor R package for fully unsupervised Chinese)
deconvolution of complex tissues [J]. Bioinformatics, [72] JEW B,ALVAREZ M,RAHMANI E, et al. Accurate
2020,36(12) :3927-3929. estimation of cell composition in bulk expression

[63] NEWBERG L A, CHEN X, KODIRA C D, et al. through robust integration of single-cell information
Computational de novo discovery of distinguishing [J]. Nat Commun ,2020,11(1):1971.
genes for biological processes and cell types in [73] DIMITRAKOPOULOU K, WIK E, AKSLEN L A,
complex tissues[J]. PLoS One,2018,13(3) :67. et al. Deblender: a semi-/unsupervised multi-operational

[64] MADEN S K, KWON S H, HUUKI-MYERS L A, computational method for complete deconvolution of
et al. Challenges and opportunities to computationally expression data from heterogeneous samples[J]. BMC
deconvolve heterogeneous tissue with varying cell Bioinformatics,2018,19(1) :408.
sizes using single-cell RNA-sequencing datasets [J]. [74] DEKKERS J C M, GIBSON J P, BIIMA P. Design
Genome Biol,2023,24(1) :288. and optimisation of animal breeding programmes[J]. J

[65] RAHMANI E, SCHWEIGER R, SHENHAV L, Anim Breed Genet,2023,140(3):265-284.
et al. BayesCCE: a Bayesian framework for estimating [75] DU L, LI K, CHANG T, et al. Integrating genomics
cell-type composition from DNA methylation without and transcriptomics to identify candidate genes for
the need for methylation reference [J]. Genome Biol, subcutaneous fat deposition in beel cattle [J].
2018,19(1) :141. Genomics,2022,114(4):110406.

[66] RHM, 2 S, VHE, 4 S M FL S 20 P R R [76] CRESPO-PIAZUELO D, ACLOQUE H,
TER I sh Wy e e 1 [D]. 7 5 B2 2% i, 2024, 55 GONZALEZ-RODRIGUEZ O, et al. Identification of
(8):3276-3287. transcriptional regulatory variants in pig duodenum,
ZHANG X X, LI H,FENG P J, et al. Application of liver, and muscle tissues [J]. GigaScience, 2022,
single-cell RNA sequencing in domestic animals [J]. 12:042.

Acta Veterinaria et Zootechnica Sinica, 2024 ,55(8) : [77] XU D, WAN B, QIU K, et al. Single-cell RNA-
3276-3287. (in Chinese). sequencing provides insight into skeletal muscle

[67] ZAITSEV K, BAMBOUSKOVA M, SWAIN A, evolution during the selection of muscle characteristics
et al. Complete deconvolution of cellular mixtures [J]. Adv Sci, 2023,10(35) : 2305080.
based on linearity of transcriptional signatures[J]. Naz [78] GARIN-SHKOLNIK T, RUDICH A,
Commun,2019,10(1):2209. HOTAMISLIGIL G S, et al. FABP4 attenuates

[68] AVILA COBOS F, ALQUICIRA-HERNANDEZ J, PPARy and adipogenesis and is inversely correlated

POWELL J E, et al. Benchmarking of cell type

with PPARY in adipose tissues[J]. Diabetes, 2014, 63



580 BN R % 57 %
(3):900-911. Biol,2023,159(2) :163-183.

[79] HUNDE D, TADESSE Y, TADESSE M, et al. [90] MUELLER A, LEHNER J, HANCKE K, et al.
Community-based breeding programs can realize Fertility preservation: improved neovascularization and
sustainable genetic gain and economic benefits in follicle viability in cryopreserved bovine ovarian cortex
tropical dairy cattle systems [J]. Front Genet, 2024, transplants by remaining medulla tissue [J]. F&S Sci,
15:1106709. 2022,3(4):340-348.

[80] OLASEGE B S, VAN DEN BERG I, HAILE- [91] ANDERSON T K, CHANG J, ARENDSEE Z W,
MARIAM M, et al. Dissecting loci that underpin the et al. Swine influenza A viruses and the tangled
genetic correlations between production, fertility, and relationship with humans [J]. Cold Spring Harb
urea traits in Australian Holstein cattle [J]. Anim Perspect Med ,2021,11(3):737.

Genet,2024 :age. 13455. [92] MA W. Swine influenza virus: Current status and

[81] BUONAIUTO G, LOPEZ-VILLALOBOS N, challenge[ J]. Virus Res,2020,288:198118.

COSTA A, et al. Stayability in Simmental cattle as [93] XU S, XIAOJING L, XINYUE S, et al. Pig lung
affected by muscularity and body condition score fibrosis is active in the subacute CdCI2 exposure model
between calvings [J]. Front Vet Sci, 2023, 10: and exerts cumulative toxicity through the M1/M2
1141286. imbalance [J]. Ecotoxicol Environ Saf, 2021, 225:

[82] HAO Z, WANG J, LUO Y, et al. MicroRNA-200c 112757.
affects milk fat synthesis by targeting PANKS in ovine [94] HUANG S. The impact of ski servicescape on tourist
mammary epithelial cells[J]. Int J Mol Sci, 2022, 23 loyalty: evidence from Chinese market[J]. Curr Issues
(24):15601. Tour,2024:1-20.

[83] LEEJN,WANG Y,XU Y O, et al. Characterisation [95] MOTA L F M, GIANNUZZI D, PEGOLO S, et al.
of gene expression related to milk fat synthesis in the Genomic prediction of blood biomarkers of metabolic
mammary tissue of lactating yaks [J]. J Dairy Res, disorders in Holstein cattle using parametric and
2017,84(3):283-288. nonparametric models [J]. Genet Sel Evol, 2024,

[84] XIA K, LUO P, YU J, et al. Single-cell RNA 56(1):31.
sequencing reveals transcriptomic landscape and [96] MENG G, TANG W, HUANG E, et al. A
potential targets for human testicular ageing [J]. Hum comprehensive assessment of cell type-specific
Reprod ,2024:199. differential expression methods in bulk data[J]. Brief

[85] ZHOU H, YIN Z, NI B, et al. Whole exome Bioinform,2023,24(1) :516.
sequencing analysis of 167 men with primary infertility [97] FLECK J S, SANCHIS-CALLEJA F, HE Z, et al.
[J]. BMC Med Genomics,2024,17(1) :230. Resolving organoid brain region identities by mapping

[86] XU H, ZHANG S, DUAN Q, et al. Comprehensive single-cell genomic data to reference atlases [J]. Cell
analyses of 435 goat transcriptomes provides insight Stem Cell,2021,28(6):1148-1159.
into male reproduction[J]. Int J Biol Macromol, 2024, [98] YANG W,YUJ,YAO Y,et al. Comparative immune-
255:127942. relevant transcriptome reveals the evolutionary basis of

[87] IKEBUCHIR,FUJIMOTO M,MORIYA T,etal. T complex traits[J]. iScience,2022,25(12) : 105572.
cells are the main population in mouse breast milk and [99] XIE M, LEE K, LOCKHART J H, et al. TIMEx:
express similar profiles of tight junction proteins as tumor-immune microenvironment deconvolution web-
those in mammary alveolar epithelial cells [J]. J portal for bulk transcriptomics using pan-cancer
Reprod Immunol,2020,140:103137. scRNA-seq signatures [J]. Bioinformatics, 2021, 37

[88] GIORDANO A,PERUGINIJ,KRISTENSEN D M, (20) :3681-3683.
et al. Mammary alveolar epithelial cells convert to [100] LEIH,GUO X A, TAO Y, et al. Semi-deconvolution
brown adipocytes in post - lactating mice [J]. J Cell of bulk and single-cell RNA-seq data with application
Physiol ,2017,232(11) :2923-2928. to metastatic progression in breast cancer [J].

[89] JANKOVICOVA J, SECOVA P, HOROVSKA I., Bioinformatics,2022,38:386-394.
et al. Distribution of tetraspanins in bovine ovarian [101] LT C, WU H, GUO L, et al. Single-cell
tissue and fresh/vitrified oocytes [J]. Histochem Cell transcriptomics reveals cellular heterogeneity and



2 2 T A < A L A Bk B HU A 5% 9% 3 W0 A o ) O 5 581
molecular stratification of cervical cancer[J]. Commun [J].IntJ Biol Sci,2021,17(15) :4192-4206.
Biol,2022,5(1):1208. [112] ZHANG Z, SCHAEFER C, JIANG W, et al. A

[102] JIANG J,LIJ,HUANG S, et al. CACIMAR: cross- panoramic view of cell population dynamics in
species analysis of cell identities, markers, regulations, mammalian aging[ J]. Science,2025,387(6731) : 949.
and interactions using single-cell RNA sequencing data [113] OLING S, STRUCK E, NOREEN-THORSEN M,
[J]. Brief Bioinform,2024,25(4) :bbae283. et al. A human stomach cell type transcriptome atlas
[103] PAN Z,YAO Y, YIN H,et al. Pig genome functional [J].BMC Biol,2024,22(1) : 36.
annotation enhances the biological interpretation of [114] FANG C, SELEGA A, CAMPBELL K R. Beyond
complex traits and human disease [J]. Naz Commun, benchmarking and towards predictive models of
2021,12(1) :5848. dataset-specific single-cell RNA-seq pipeline performance
[104] LI J,ZHAO T, GUAN D, et al. Learning functional [T]. Genome Biol,2024,25(1) :159.
conservation between human and pig to decipher [115] HAN X, WANG R, ZHOU Y, et al. Mapping the
evolutionary mechanisms underlying gene expression mouse cell atlas by microwell-seq[J]. Cell, 2018, 172
and complex traits [J]. Cell Genom, 2023, 3 (10) : (5):1091-1107.
100390. [116] WANG J, HUANG M, TORRE E, et al. Gene
[105] ELOSUA-BAYES M, NIETO P, MEREU E, et al. expression distribution deconvolution in single-cell
SPOTlight: seeded NMF regression to deconvolute RNA sequencing [J]. Proc Natl Acad Sci U S A,
spatial  transcriptomics  spots  with  single-cell 2018,115(28) : E6437-E6446.
transcriptomes [J]. Nucleic Acids Res, 2021, 49 (9) : [117] CALDARELLI P, DEININGER L, ZHAO S, et al.
e50-¢e50. Al-based approach to dissect the variability of mouse
[106] HUANG Z Y,LUO Z Y,CAI Y R, et al. Single cell stem cell-derived embryo models [J]. Nat Commun,
transcriptomics in human osteoarthritis synovium and 2025,16(1):1772.
in silico deconvoluted bulk RNA sequencing [J]. [118] LI Y. Spatial transcriptomic cell-type deconvolution
Osteoarthritis Cartilage ,2022,30(3) : 475-480. using graph neural networks [J]. Nat Methods, 2023,
[107] XU Z,WANG X,FAN L, et al. Integrative analysis of 20(5) :678-689
spatial transcriptome with single-cell transcriptome [119] ¥ 2. NS DESA 40 i RNA W7 55000 4 4 8o
and single-cell epigenome in mouse lungs after FEMEE[D]. MA - AT K2, 2024,
immunization[ J |. iScience,2022,25(9) : 104900. PAN D. Integration of human liver single-cell RNA
[108] CHARYTONOWICZ D, BRODY R, SEBRA R. sequencing data and database construction [D].
Interpretable and context-free deconvolution of multi- Nanjing: Southeast University, 2024. (in Chinese)
scale whole transcriptomic data with UniCell [120] KO K D, SARTORELLI V. A deep learning
deconvolvel[J]. Nat Commun,2023,14(1):1350. adversarial —autoencoder with dynamic batching
[109] ZHAO P,GU L,GAO Y, et al. Young SINEs in pig displays high performance in denoising and ordering
genomes impact gene regulation, genetic diversity, and scRNA-seq data[ J]. iScience,2024,27(3) :109027.
complex traits[ J]. Commun Biol,2023,6(1) :894. [121] MA Y, ZHOU X. Spatially informed cell-type
[110] z.0ofE, 2338 . W, % . 3L T CIBERSORT & deconvolution for spatial transcriptomics [J]. Naz
FURE T SRS B 42 19 g B W WL S o A L 1) o 24 Biotechnol,2022,40(9) :1349-1359.
T[T, o et ik, 2024,40(10) : 2121-2129. [122] GROZA T,CAUFIELD H, GRATION D, et al. An
YUAN X Z, LI L Q, DU H, et al. Investigating evaluation of GPT models for phenotype concept
immune infiltration mechanisms in lupus nephritis and recognition [ J]. BMC Med Inform Decis Mak, 2024,
predicting potential targeted traditional Chinese 24(1):30.
medicines using CIBERSORT deconvolution [123] FELDMANN M J, COVARRUBIAS-PAZARAN
algorithm [J]. Chinese Journal of Immunology, 2024, G,PIEPHO H P. Complex traits and candidate genes:
40(10):2121-2129. (in Chinese) estimation of genetic variance components across
[111] WANG Z, LI X, YANG J, et al. Single-cell RNA multiple genetic architectures [J]. G3 (Bethesda) ,

sequencing deconvolutes the in wvivo heterogeneity of

human bone marrow-derived mesenchymal stem cells

2023:148.

(%% M)



