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Abstract

In recent years, the development of spatial transcriptomics has enabled multiple analyses of cell
transcriptome and its spatial location. With the increasing ability and efficiency of experimental
technology, the requirement of developing analytical methods has gradually emerged. Techniques
for generating Spatially Resolved Transcriptome (SRT) data are rapidly improving and being ap-
plied to study a variety of biological tissues. It is critical to study how spatially localized gene ex-
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pression provides new insights into different tissue development. This paper reviews the pack-
ages available for analysis of different SRT data sets, with emphasis on the identification of Spa-
tially Variable Genes (SVGs, Spatially Variable Genes). In addition, as sequencing protocols con-
tinue to be developed, it is necessary to reevaluate and adjust the basic assumptions in existing
analytical methods in order to use increasingly complex data. In order to inspire and assist future
model development, this paper reviews the recent progress of statistical learning methods in spa-
tial transcriptomics, summarizes useful resources, and introduces future challenges and oppor-
tunities.
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1. 5|8

R, 25 A g S E AR PR R R AR T AR B AR AN R Sk R A B 1] 25 () o Fie S 28
VERATAHIRA U TS 5, ST fE ST AL . S BiX — M n4e s O 2RI b A &k, XovEk
HESR M S H 7 T W LRt T8 A . SR, R FHPEARNKBEIMK THREESSE
T, SSEER TR TR I EOTERI R, At m AR GG TR A SGEa, il
41 RNA =7l &30 7 (scRNA-seq, signel cell RNA-sequencing) IR 78 [2]. 80U, 75 [A14E Sk 2 22 80 s 40
BT R R SR C A RS R I E A2 (3] [4]. AEBRARTT T, 1R ZEEX) scRNA-seq Hdh 73 #r 1 & R 1
ST AR AL S N 2 23 [0 e e A2 Bl it e b (5] [6]. (HRZ, N T RAMAREER, Wit r7riEd)
IR L .

scRNA-seq 7% [A) % 5 4H 22 s i AR AR BRI, & HOBURR IO PR IR 35 o RV 70 At L ) % i A
TR T A RMM A AL E S, ZRIME B T e I8 ) 4 i i DR A i gk A7 H . 59— T T
AL S A 2R B B AN R, AR 2 SR BE AN 2 e s ALVE L ) ), AN R FE (R A0 R 43 2« 4 T,
I AR BT BN A, 7R A R A B R SRRk B 2 AR A . N T R RIX
AN, FRATTRT DR ISR 2 ST ARE, R A SR ABA AT 2 ST AR, FE IR R diite,  Hicdi BE 25 5 3R K
oY A bR e R [ 7] FESEBRBF A, R A scRNA-seq AR 223K 1% DA e M2 8] % s 4 R 4R ) 25
A ] DA S B P S B T () S iR A s, AT A B T 00 3 T SRR 3R A7 A

ARLEAREEEH P RANHE T2 00 P s Gt b ik 23 (B sl 508 23 b TAE
MAREFE IS AN, B PRI, EEAIEREE . ERREE e P g
RS o NATTAT DB 25 (8] i R DR A AR A S # it — D3R OB I = 2 R 28], #ET R, AMITH]
LI I 72 1) R SR A Jr 3 e DR s B R M v SR AR AR 2 e, 3 AT DL — AR gk 2 () ] AR TR )
Pe Beah, 2l 5dE v T3 B E 2 scRNA-seq i H =i & . RE Bl — it 55k
FEAZ ARG A2 T R S, ABATSE ) 75 0T R 5 5 AR (A RSk 8 %o 2 [ e s 20 7 H0dfs 4 i b H 2
FPERIBRER . N T IRANAET R R SEIR FR 5 AT TR R R Z B R 28R, BRATEMRAE 7Rt @seEs
(G SR 0 R S, R AR B FH 580K HL 73 R ) 2 (R R IR SUER RN B 2R . dde s FRATTRRIR 1
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25 ) 15 7 T R T B AR L
2. RHRBFREREEANGEH T E

T LA 20 2 1 A B L1 K 00 9 A5 73k g W 25 1 R 5 5 R P92 08 1 5
HHESL. B0, MAMIRRAERFE SRR SR, MG, WRGHHER, WihEE &AM S
L I B RBOR R o B, SEIEN R IGEH IR A SVG. B2 TR K LG0T )5
R 1)

Table 1. Computational methods for recognizing SVGs based on statistical modeling

1. ET5HERARA SVGs it E 5 &

Method Platform URL Reference
trendsceek R https://github.com/edsgard/trendsceek Edsgard ef al.
SpatialDE Python https:/github.com/Teichlab/Spatial DE Svensson ef al.

SPARK R https://xzhoulab.github.io/SPARK/ Sun et al.
SPARK-X R https://xzhoulab.github.io/SPARK/ Zhu et al.
GPcounts Python https:/github.com/ManchesterBioinference/Gpcounts BinTayyash et al.

BayesSpace R https://github.com/edward130603/BayesSpace Zhao et al.

2.1. Trendsceek

Trendsceek [9]f AR 1L i ik FE SRR IE A R IR AN fg AL Az 2 [A] 1) KB . Trendsceek H4 54N iR m N
— NI, IR S AR IC R R N B R AR, FF U A (B B RE S o VRAN AU 23 (8] 20 A0 5 HAR G hRid (R
IS 2 )& AT AR R B8 R o X TR FE T, VA B R (0 bric 2 S AR TS iU AL B, e f)ih e,
T RA TR B 8 VU AL AR 1 DAk D7 vk AR 18 0 B COMEFR I R 2, 7 ZE b iR 3L
Fric A8 5 B U Stoyan FRic AHICERE) . W1 SR 70 ORI 73 Fo o A2 A DS, W 3 BEAS R )RR B S =2 ]
B AFAPRC BEIL R SIS S, Trendsceek £ 17 VYN LART AW S B ST HE B . XYMt
A E A RO IIC R SRR, DVENIZEBIEEE r sk NOCHER T DU RRME A B ST o,
YT R, PRAIEEN r MEXNES, my, my BRI IARIL

1) BMEARCRE, ERITE SEARTIE, BT HIES r IR A
E(mm,),(r)

Emark (l"): 2

2) TP EARCRREL XX AR R 2
V

s (1) =E|(m = E(m), (1)) | (7)

P

3) FRicAE S R Eh R AU R AR IC AL S B, B R T EEES (0 SON TR R AR 10 22 (P 07
1
/)= Sm-m) ] ()

P

4) Stoyan FRICHI R BRHL, EAEHIELES » AEPTA XS ARSI T 07 JURT A, FH T s i1 05 S9ME A — 1k,
TEVR R i .
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2.2. SpatialDE

SpatialDE [10]/2& —FpJE Ty B #2 B H B 75325 i Wit #2(GP, Gaussian Process) & — /ML #E,
FRRIER /34 6 RVFARG M B E A S A2 5 I Re 2 (R )G HE,  IF H GP XFT SRT #idis vl H
TR BE PR 20K (1) 75 [ 2 A8 4K, . SpatialDE A7 | BA = k% 1) B R ik ik (i 2R VR G880, JR¥ A
AT A% e il 9 2 TR BRI 28 (R AR S o S8 FH O 0 e 75 X6 S 23 ) A S b AT A, 725 ) 3% e 5 AT 3R B R
AN AR R (1 B 5 ZHE R RN o X T8N Wik, SpatialDE A LSRRG 56 5 AR A HEAT LT S AL
p &, FHRREE BES WAL SRR .

SpatialDE i FH LA T & 201 2 J0 IE A BEAY S 45 78 5L BRI 7E 28 A AAAR X = (x,x,,+-,x,y ) bR R A 1
y=(02a e yy ) AT, A0 ()R

P(y|y,0'f,5,2)=N(y|,u~1,of-(Z+5~1)) (1)

[ 5E S g -1 TR PR IEIKT, T X o3k T B TC A0S 2 IR R A N A A 58 SR 22 R B 7 ZERE B o
AR P 5 R RO Ty 2 R X E A 3(2)

3, =k | L3 2
= (x,.,xj)—exp — ()
SN I e KIA BRAURRIL GBS 4, A G) R
1 1 2 1 T > -1
LL=—;N-10g(2n)——10g(0s-(Z+§~I)|)—E-(y—,u~1) (O’S~(Z+§-[)) (y—p-1) 3)

2
RNTAE GBS, KR A 2 AR B R B AT e 1t 5 ) B 5 0 7 R B A 22 1 2 s PR AR B Y R e
HATHE, WmAX@GFTR

P(y|,u,62):N(,u-1,0'2-I) 4

SRJE A DU B A5 S HEAT L, in A (S B
BIC =log(N)-M —2-LL (5)

KR M IR RS EOR, N FRREARR, LL (A R()) SR K HGAE 4 .

Y = (31 ypseye ) RAEIERE G EAE—NAEIRLE, 1= (g, 1, ) SRR KRR IR . 7 LA 1]
u TR ke AN, 4 Z N HRIRIRAERE, R 2, =1, MR ¢ ARAER k. T4, FiA
SR 5% B A0 11 A 38(6) 7

P(Y.u.2,0.,%2)=P(Y|.2,07)- P(u[X) - P(Z2)

P(Y,y,z,aj)=H]g[N(yg|uk,Gf)

K
K=l g=1

(6)
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2.3. SPARK

SPARK [11]38 ik S 7% [A) 2 AT Y B Bt M5 ot 2 [R] 3 ety SR 2 25 4 AR 2B A e AR Bt ik A7 A5
EWICT T AT S A SRR SR 12] [13 AR T & I TSR I M gi it A [ 14], $R4ExT
I RER A S b I = s ik fe

55 SpatialDE L, SPARK #E47 T —ubhkE et . SPARK 3T H A5 24 2% [ 4% (46 = 1% A A
WM ZS 0] SCER MR A AR SVG,  DLE 0 28 [ TH S 3k AT A . 8 7@ M AN [ i 2 Tl A =,
SPARK BRINEH+N2S [ A%, GG 5 ILIK 25 (B KA. SPARK 3@ 7& i VBUR Sl ih- 244,
SPARK #KHi TR A 1 S ARG I RN 2= AL I p 8, SRR R PR 40 SR Tl p (i T4,
DA HE R A1 p 4B, AT LA RIS 1 BNRER R A, JeAk, iEFF R T SPARK MIm ikl A, 7ETH X &
THECH SRT By, W LLERR R E MPERS . 78 SPARK J7vkrh, Xf n MASIAIREA b IR HE S R () ik 1
B E K GLSM 245

yi(sl.)~P0i(Nl.(sl.)ll. (si)), i=12,---,n
log(/ll. (sl.)) =X, (S,- )T B+Db, (sl.)+gl.
)

b(s)=(b,(5,).b,(5,),.b, (s,)) ~MVN(0,7,K (s))
Hy:1,=0

Horl y, (s,) A58 | MREAL AR R R RIS N, (s,) FORE § AMREAD T HE R 82014
2 (s;) R ASRBIIINER B, FORE | AP R R I TE SR RIB KT, s, FoR88 | MR
FOZ AR R« 9 TR HE R B 22 M BER, 4 log (4, (s,)) @BEN x,(s,) B+ b.(s,) » & ZIUIGIEALE,
x, (5,) RARPEARBAT R B, LS — AN FOR IR AR R AL GBI R AR B AR i I SRR A B AE
Y UTRLAR AT TR, TR S HLAL IR B A S B A B B k AERARAL b (s,)
R—ATEHEIPRRIILRR, g (1<i<n) RIEA 0. 72N o, BIST RS K ESHHER . BT
b (s,) BISATTRL b(s) RSN 0 BhI7 ZEHLNE R 1, K(s) ML TRIES AT Jorh o R T
K, (s)=K(s.s,) REMGE s =(s,..5,) FZEE

2.4. SPARK-X

SPARK-X [15]/&AbH KR ARG SRT $diEit SPARK HIF % 4h 78 SPARK-X 37 7E 5k K IHh 5 %
MRAEZL 2 b, FETAESHERBL, SPARK-X A RBEAK T WAF R RAIVH ST R], R B OR4E T AR m St

SPARK-X 5 T [AI 7 BN A FEA R @ — N EE B W 7 2R E = y( y' y)'1 vy REET A A BN AT
AREAK R T — N BE B Y7 ZH R, 1’E?'\32=S(STS)’l ST, y=(y1(s1),---,yn(sn))T , S:(sf,--~,s,j)T ,
v, (s,) NE 1 AR BERRETE, s, BRE 1 MFERIERAGE, ie(L-,n) . 3T IXFHHERE
SPARK-X ¥ 11N E, = HEH ML, = HY H . b H=(1-11]/n), I/ n*n (BAAERE, 1,42
JEFRA 1M n . SPARK-X MIE LN PSS E: T =trace(E X )/n . EWMLEL, AE—HhJ7 2HEHE
FH )RS 0 B AR AL B0 T S ) B R i 22 S DN 5 67 R 2 ) PR AR AL

2.5. GPcounts

GPcounts [16]F|H &g FEENH 72, 1% 077252 I A ISR B2 (o I R R K 1 — T 5[ ZINB,
Zero Inflated Negative Binomial])>k%§ SRT F4 AT G4, 78 ACHR THHOEH B S0 bL iy BT ALLA8 oR B0CSE g (1)
WG IR AR S 1P I B T ECRE R B AU S . GPeounts SR FLFEAFIUDURE A, DAHE T
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ZF[A)TH R T 5 R (AL 22 S A R R . AEFRREARAR O, SRR Y, R PR Rk A A AR S
PE, Y A T 22 o FERFEARNNA AN TH: 1) BA&M FRERRIAEE Z R 2) 1
H=AGP Ja, BAFEARMH— GP, FIRN GP EEHAMFEARZ[AFLE . GPcounts SZHL y° 4347 LAVFAL &
ANEEFEW p . UEAh, GPeounts AT LAEA] ZINB AR AL I A& 71— I xR Yk b 240 2 K 22 R iU -
GPcounts, 1] FJ T 23745 1) Bl 18] () KA scRNA-Seq $E iy, it fa fl 91 1 (NB, Negative Bi-
nomial /LSR XS T EUEE BT SR . 5 s T ALOR BT AR L, NB ALl SR ASE 20 7 B Y A b 4 2 I DR SR B4l 11
o3, BN E RS T AT RER) 57 22 e A NIV 2 R0 BURAAAE , (B 75 2R iE— 73 AR IRFF(UML, Unique
Molecular Identifiers)¥X7G46[17] [18]. GPcounts )32 H A Z I SVG, BILREMS IR A 2 R KL FLH,
PAT Do Bf TIHERT, SR R 43 SCRE DR R B [ E0ZE, 5 K28R, BmVEREE .

2.6. BayesSpace

BT GIN T — PRk DU 32 a) (1) 56 4 DU e vt 73, BAJE Tk B 23 (AR AE S 8E =1 SRT #dis
(3 H, JEEAT 23 (B BR I8 4B DAHE T FA ARADL R DR SR AR U i . DL 307 2 ) o i 1 A R00R H = TRl 43
ST 3 R IR EHE B2 B IR MR I6 B3 A R 0 #8% . BayesSpace [19]72 — M54 Ui Se 115
W, BAE R B A R AR 1F R R 2 () e S AL 1 23 SR AT R AT

3. MESRE

AR, SRT BIARAWIAE, BT HER . BRI E FREE R, 80 40 ) a3 A 7
BN PRI IR KT 2 8] B SR IRAE B hEE o SR A L s R AE R AL RO R [20] [21]. %52 BA
(A ARRAB L A2 SRT Bdf 70 W O SRBREAE 55, S TAHAT AR L A BT 7 VRS BT By 52
PN T BB o EAE TR 5 45 2 SR IX S 5% A R AR S BL SR R T 7 e it 1)z
P, TR T SR E DhREA R 2 (B A, IF a5 Bk AR IR AR 4L 1 LA
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