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ScRNA-seq Data Analysis Based on Adaptive Graph Regularization
and Low-rank Representation

Feng Sifan, Wang Zhenyou, Jin Yinghua
(School of Mathematics and Statistics, Guangdong University of Technology, Guangzhou 510520, China)

Abstract: Single-cell RNA sequencing (scRNA-seq) can be used to study the gene expression of single cell and
generate a large amount of single-cell gene expression data. This type of data generally has high-dimensional and
complex structures, requiring dimension reduction and clustering analysis to reveal differences between cell types
and states. A new scRNA-seq data analysis method (scLRRAGR) is proposed based on adaptive graph
regularization low-rank representation. This method can fully utilize the global and local information of scRNA-seq
data for graph learning, and capture the similarity and interaction between cells by adaptive graph regularization
and the introduction of rank constraint. Its outcome can better reflect the clustering structure between cells and help
to reveal differences between different cell types and states. When applying this method, scRNA-seq data can be
transformed into a graph structure with each node representing a single-cell sample and edges representing
similarities or interactions between cells. Then this method is used to learn and optimize this graph to obtain the
optimal graph representation. Finally, typical clustering algorithms can use the optimal graph representation to
recognize cell types and states. The experiment results show that the proposed method can significantly improve

clustering performance on scRNA-seq datasets.
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Patel., PollenflI Treutlein>k: H https://hemberg-lab.github.
io/scRNA.seq.datasets/, Usoskin 1 Zeisel K H https://
github.com/BatzoglouLabSU/SIMLR .

F 1 scRNA-seq¥dm e &k H g
Table I ScRNA-seq datasets and and their attributes

Dataset Number of cells Number of genes Number of populations

Patel 430 5948 5
Usoskin 622 17772 4
Treutlein 80 23271 5

Pollen 301 9 966 11

Zeisel 3005 30 000 9

1.2 BUETAIE
12,1 ARfe

TEAL i scRNA-seq Ui I, “FrifE AL () Pl 22
e EE PR P B R @ T 7y Z 4R
BIF5 € Yo B R U B R A b B SR G T2 A3RAS ]
AR RFE S  FRUEATT DATH BB AR N 926 22 57, AR
FEARKCHE 22 5, BRI Rl Rk B I 22 , $8 sy AN [) 52
95 2 6] B AT EG A o B AR AEAL T VE B FE TPM

(Transcripts Per Kilobase per Million Mapped Reads).

RPKM(Reads Per Kilobase per Million Mapped
Reads) MIDESeq3% , ‘BT THS AT AT R TH BR e A 2 [7]
(22 53, B e s 1Y P SE P AT ] B S PR dE AL AE A
HscRNA-seq & ¥t 45 S A 1, W LA DR £
I A AERA VAN AT SR, AT S Ay M BEAT S 2 B Hdls
T o

SCHR271EEAE T seRNA-seq it 122 FibrifE £k 75
%o i BRI, ZSCERIE ELE T AN RIAR AL 0T %
B> BT AR S5 20, 3 B AT BB A — A
NI 58 38" ARAEAL T3 1% o BT ABEAR IS T Ui 7 BT AT 55
HEHHE PR S A AR HEAL TV

AR T He T Scran bR HEAL F77% o Scran$ )
Z MR I TR RIE R BRSSOk — 2R
H T Delta 7 VEPHIFRHEAL 7325, BAEH T i B 07
V2 RAG T 40 B b o e PR R A TRV RN R
R S 2 iR FH 8030 4R Hh B 400 o ) B0 P ) 22
5, TEAS FH B AT d i RS Scranf a1 FH o
122 #5fEiksF

scRNA-seq &4l 2 1 brEAL J5 , 598 DR B L)
J B2 7 PR R R A AR R scRNA-
seq U4 £ T RE > 10 B 221430 000 JE [, T i bk
HEAL T TR 2 I B — L6 7 22 A 40 g v A ) 21 F) 2
ART, FER R EE R P AR Z AR iR AHE S,

I HILT-5A THE DR, B v ) TRAL B AR AL 75 2
REAE G 3R (1) 20 BR o RRAE e 358 2 48 R B AH SRR 1)
TR, R LG B ER KRR K
B 22 g5 K BARFAE H IR HRRR AT REAMR AR A
AV = AR AR e () S B

WIE TR, seRNA-seq SZ 56 A1 EH I = A= i 20HE
EEERIE— MR E AL L, R, R —/Nior 5
KL B (5 BRI A1) 22 0 AR 1 o A Ge i) 7 VA B At
SR e DRI PR A e AR (o P P AR R TR, A B
PIRIB KT (R AL B ), LA3RA3500~2 0001 1%
JE [R5 DR, JFR X SeRRAE F T3 R U 20 0 3R AR
M, 3X 877107 LR F AR AL BRI 8 sk . —
e, sScRNA-seq B i 1) FALEE TAE AR B FE bR AEAL
IR 5 RIRTHOE e AR, BT AN A] REX RS B I 2= 0
AT, DR LA o Bt 3R A7 % B 46 2 1T, 434
N UGB SAERTE H— A b i in—A~ /Ny it
AR, PATHE R B R AT R, W R g A S
(AR T R 22 , MR AE I B 7 A e =

All features

Identify [ |
informative
features
Selected
features

K1 R %

Fig.1 Feature selection

XF I, GermainSE U H 1 — b T 0 22 R ORFF
XF BR AR THECE R R AR 36 75 7% o (i 22 W] LA LAt A
FE TS, JF R AL R 5 AR A0 P 3R L R E
FIRRIE T, U X S RIA TR A 15 B BT ERIL
5 R 22 T R SR A, B AT — T 22
KA AL o 255 200 L Y v 15 S R DR BT v s 2218, 1R
B A5 TR (R 00 T 22 (B B AT 185 4 i P i 2o
H 1B E A ZRIE) o MR 2248, 1207 1508 BT 3 TR
AT HERE, ROR B v i 22 1) 6 R o A N ) 45 4 T it
RfscrysiHi .

1.3 BiFE*®
13.1 FiEAe

i 1 7% [8] 2 25 (Sparse subspace clustering,
SSC) PAMIE AL £ 78 (Low Rank Representation, LRR)
e PIRR A T B SRR 7V, 1 T v 4 2 P 4 A
RT3 Hr - SSCHERUE i dhs 1 2 MIRGE 7~ [ 4 B,
AT L — AN REK L — Pl 7 % 5] B

PCAZSE Iy Vs JEL A MO W e E R PR B4 % 4 )y


https://hemberg-lab.github.io/scRNA.seq.datasets/
https://hemberg-lab.github.io/scRNA.seq.datasets/
https://github.com/BatzoglouLabSU/SIMLR
https://github.com/BatzoglouLabSU/SIMLR

132 - N NI - 3

a0 %

IR REAR AT HEIR , 55 08 BRI R B R i
RHKBK-MEANSEE J5 M A 53 12 N7 23 1), I\
MK B R H 1 LRRABE Fdl b 2 MEFk 7=
() 2H RS, BN 25 [ R — AN R SR — il b
WARFRR R 5 T AR B0E 2 18] (15 22 KSR AR IR RR RO
FRECHERE, 55 0 G RIS EUK-MEANS S J7 KR
Ko AT 230, NIAEI R B H B T2
SSCIf/ZLRR#S A ) T2 ] /R FEAR IR K R
TR, T 2 T P SR A5 A o (RS B Ay 3 R e
TEHIRZ RN ER AN, BT LB FEARN R R R
HOA R 28 b R R AR T8 (P ARABARE B o R b, TX 7
P 4 73245 B BB A R UF T fke ks e
1R EL#2 53 HTscRNA-seq B , 1 2 ZME1Z 5 b
[ JR3 R G5 4 o AR SO A 28— AN B TSR S i 2
2] 771 ——scLRRAGR, I F & K73 HrscRNA-seq
el , 1207 R R R T HE RN I E R R, ATl
AR S5 AN 4 SR 451, W R BT e R AR A2 TR
(17, R FH oK B4 I WURE AR B ARABARR B, I H AR
B GIIEAY A
scLRRAGR& VA1 H Ak £y

n

min Y [lx; = x|,z + A I1ZIL + LIE],

ij
X=XZ+E
diag(Z) =0 (1)
st.< Z>0

rank(Lz)=n-c

ij,-,- =1

A X = [x1,%,,---,x,] € R NFEREC A m A5
n [R)scRNA-seq U i (4 , 4551~ 2 i = DRIt of
— s N RIE(— BT RS BARED 4L, H
ETESTZH 1N W 23 30 8, 1 JEE (N, A% T4
GEFER A AN ()T Z e R R F B 2L
Mk BRI, Kt R, R x £ B G
FoMEH AR T A ix, RS R XX = XZ+E
(A TR RN T SEILRR P LR, B & SSCHr
PRI X = XZ 554, 5N TiRZETE, ME 1
Z B PEX R B R s B B Z B 56 5 51 4 e
x, FEARARIA ¢ RFE R R R 23 L, AZ
BRI, € XONL, = D—(Z+Z")[2, D7E— %
MFERE, BRI N AR D, = Z/' (zij+2;0/2; 1E%R
NEZ AR T A BEARIE L, FFFEAR O B
BT Z R0 Gy oy R (R SRR H0 2
rank(Ly) = n—c)®; diag(Z) = OFFFR T B4 40 Aot

FMRREM, Z>0R R R % EAEARR R
ij,, = 1N T BRI E Z AT TC R H N0 Fh
ety 175 450 o (1) B s bR 5 1) 365 1 003 240 M 1) )
BOHR, B R R RAUE)N  SE2 I 4 IE] S R AR
TN Z AT e T Z (K, B SR fh 45
R R e, BT V5, R IERE T S 80, 8K,
MAAF 2N 1) Z PIRZTE /N s B3R R IR S S5
LK, IR X = XZ + E R ZE 1000, Ju B0 .

— e, (D) LA rank(Ly) = n— ¢ AT EAR
PR PR 5 FR I 7 o 307 B 1L, A 2 1 S (B L, B BT
BRAMEACK T-55T°0), LA K Fan & H ¥ 21, 7] PA
KA IR R ()2 S Q) AN A 7] -

n
. 2
mlnE Hxi_xszZij"'/ll”Z”*+/12||E”1+
Z.EF £—
ivj

2A4Tr(FTL, F)
X=XZ

2
diag(Z) =0 @

st.< Z>0

ZjZij =1

F'F=1

Ref:F= [ A7 f1] e R™Z—MEL, W1k
O6F £ 8 2 MR B0 /INHE PP IRTRFAE AR ) 19 1252 566 B 1D i
e, =N IEETTSEL, Tr() RIBIBHT, 1. RR
BN AR RE s IEFE ST S 0K, Tr(F L, F) /N

IR Rk BA H 50, B R Q) 8 s
FAEA TR RR(3) -

L(Z.S.F.UE)=>"|x;.—x]|[;s;+ AUl + | Ell, +

sJ

2 Te(F LsF) +(C,,X - XZ —E) +(C»,Z - S) +
(€. Z-U)+ 50X - XZ - Il +11Z - SIf; +
I1Z-Uli7) 3)
X SMUNMA IR, C,,C,,C; Fyhiks B H 7fe
T u AIEIETI S ¢,y A FE AL, |11, AR
FEE s 30(3) 1R AN AR 5 78 o Ath 2% 5[] 5 (1) 175 400
TR KA, IS BT R Z,S, F,U, E K
132 HikRmg
Stepl B Z - [Hl5E X ES, F,UE, W3
Z=X"X+2D)""(X"L, + L, + L) (4)

Step2 EHiS: [E & X HEZ,F,U,E, "[{3



5

I, 45 BT Bl R IE N AR R ) seRNA-seq Bl 707 77 12 133

min _lsi— (- g/, )

5;20,8;1=1,s;
Ko G A TR g, = % — x| + 4 || £~ £
~ / C T~ =
HEEYR, H=Z+ i ’ S;,hi’giﬁ%U%mS’H’GEG%

i17 . (5) BA B, 7T S CHR[26]
Step3 ¥ F: [HE X EZ,S,UE, "1

F = argmin Tr(F"LgF)
F

(6)
st.F'F=1,F e R™
3(6) AT R AEAE o fif 18T HR R R, FLAR N L T
N/ INEFIEAE A N e MR AE ) B B A o
Stepd FHU: [FELEZ,S,F,E, RIGF HH 7
{ERESH 7P 13
C;
U = 0/11/11 (Z + /1) (7)
R 0 ASVTIZHL
Step5 T E: E v K g de /M 1) /3, 1531

E=Q,, (X—XZ+%) (8)

b QIR AR RAEFRTET,
Step6 E%ﬁcl,cbcbﬂ H ?j*% EE EI %%&Cl 5 C29C3 A
TS K 7 3 (0)~(12) 5 # -

)

C,=C +uX-XZ-E) Q)
C,=C,+u(Z-E) (10)
C,=Ci+u(Z-U) (11)
M= Min(OL, Hinax) (12)

T s o Ml g S W HL
AT LA, BLERGSAS BRI B U A OB
EATTEMATLABH SEHL, BARGNT
Bl scLRRARGH
DHIN: X 38, A, A5 B
2) WAL : Wi e AR AR B E S Z ) A A b
U=2,8=Z; i HEFHIVIIEHEME; E=0,
C=C,=C;=0,p=1.2, g, =10%, u =0.01
EFNIE/Gh
() FIH@) EHZ:
(b) FIHG) TBHS
(c) FIFH(6) W F;
(d) FIFH(7) BHU;
(e) FIH(®) EHE;

3) B S eI F R RS
4 %ith:Z,8,F.U.E

14 SR

ARG o B R 1B H I SASH AR 22 B scRN A -
seq U, IR 45 IR 5 AT I Se O AT LUA,
PFAliscLRRAGR AV #E scRN A -seq IS B HE 11 5 2%
PERE.
141 scLRRAGRFE %7 %

scLRRAGRA FH 2% > 2 AR AL g 1) B HR N
REANHA, SR, A I 1 SR 2R TT V0 S 15 A
ABLREHE B AT B 2R 43, IR IR 1Bl B AN IS R SR R 45
B T B g sl o 2 B SR
142 HEFEAT

N TG R EEE R, A SO T 2R 4R AR
A% Rand$E £ (Adjusted Rand index, ARI) F1JH—1k
H1% E.(Normalized Mutual Information, NMI) **, &
fIT#R & 7EscRNA-seq B8 . F1FR 1 5t P R4S 5R
KRR R & .

ARIIE SCUNF < AR n /> A L 5 ke 2 15
(. FRHEWT IR R IARAE, (v, RN TRSEARTE AR

25, WA
=(5)-EC)=0)6)
n; N n; ny n
EC)= )0 =CG)
(13)
Rotfs (Bl BOH A=) Tw=0 0, =
Do A=) me= Y K= DIy =) 1r=) 91
W pi=w/n q,=ngn iFule:nlx/n ’ /THE )Zh(u):
- Zl pilog(p) Mh(v) = — Z pilog(p,) 73l A )

PR R0, i) = zlog@y/ pida) A E.
A o R RENMIE SN

ARI=

NMI = i(u,v)/ \/ h(u)h(v) (14)
FIART—FE, NMLE— N2 & EH SRR, B A ok
B3 N T 9820 - ARTEINMI P 3¢ AR AN B3 /M43 3319
LF10. — B L T, ARIEUNMIUEER K, T8 REdR 1T

2 SERKTIR

2.1 scLRRAGRHASCIE 18
scLRRAGR [ B ARG IRUI K2 F 7~ . 88—, X
scRNA-seqZ#5 BT WAL B, Horp AT RoR £, 2113



134 7R Lok R R W42 %
FRNER G 1 | 1E5E [Fa ke
ScRNA-seq |— o 7 g{%im 5 fﬁiﬁﬁ
i AL R A T
(rrAEAL ft (AR R
RALIEH) v |mser| mE namer 2
i | | gy P Nouew 5%
BIERE 2 HEAT IR
A 4
RRAR

2 scLRRAGRISVAMAL R FE K
Fig.2 Process flowchart of ssLRRAGR method
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Table 2 NMI values for clustering methods for scRNA-seq

BRI B L IE L B R, 5 (RS = 3 datasets
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Table 3 ARI values for clustering methods for scRNA-seq
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Fig.3 The relationship between clustering accuracy and the
number of iterations in the Usoskin dataset.
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