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Self-optimized Single Cell Clustering Using ZINB Model and Graph Attention Autoencoder

KONG Fengling, WU Hao and DONG Qingqing

School of Information Science and Engineering, Yunnan University, Kunming 650500, China

Abstract One of the most important aspects of single-cell data analysis is the clustering of individual cells into clusters of sub-
populations. However,due to the limitation of sequencing principle and sequencing platform, the obtained single cell dataset ge-
nerally has high-dimensional sparsity,high variance noise and a large amount of data loss, which lead to many challenges in cluster
analysis and application of single cell data. Single-cell clustering methods proposed in recent years mainly model the relationship
between cell and gene expression,ignoring the full mining of the potential characteristic relationship between cells and the remo-
val of noise,resulting in unsatisfactory clustering results, which hinders the later analysis of data. In view of the above problems,
a self-optimized single-cell clustering algorithm(scZDGAC) combining zero expansion negative binomial(ZINB) model with graph
attention autoencoder is proposed. The algorithm firstly uses ZINB model combined with extensible DCA denoising algorithm,
better fit data feature distribution through ZINB distribution, to improve the denoising performance of autoencoder,and reduce
the impact of noise and data loss on the output of KNN algorithm. And then using the graph attention autoencoder to spread the
information between cells of different weights,which can better capture the potential features between cells for clustering. Final-
ly,scZDGAC uses the self-optimization method to make the originally two independent clustering modules and feature modules
benefit from each other,and constantly update the clustering center iteratively to further improve the clustering performance. In
order to evaluate the clustering results,this paper uses adjusted RAND index(ARI) and standardized mutual information(NMI)
as two general evaluation indicators. Compared with six single cell datasets of different scales,experimental results show that the
clustering performance of the proposed clustering algorithm has greatly improved.
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Table 1 ARI values of different clustering methods on six datasets

methods Zeisel Altsl  Altaslse GSE130114 Macaque Mouse
DESC 0.6307 0.5691 0.5563 0.6355 0.5529 0.3617
scDRHA 0.6270 0.6040 0.5183 0.6916 0.5406 0.6863
SC3 0.5894 0.5048 0.4355 0.6958 0.4437 0.5864
scGAE 0.6331 0.5812 0.6958 0.6459 0.4128 0.6342
scGNN 0.6973 0.4080 0.6141 0.6686 0.5657 0.6511
scGAC 0.7237 0.4626 0.6018 0.7375 0.6331 0.7130
Seurat 0.5901 0.4674 0.3885 0.6626 0.4423 0.4128
scDeepCluster  0.5391 0.3316 0.4752 0.5880 0.5671 0.6342
scZiDESK 0.6545 0.4752 0.4913 0. 6507 0.5400 0.5941
SCVI 0.4211 0.4474 0.5108 0.5730 0.4366 0.5160

scZDGAC 0.8541 0.6302 0.7115 0.7905

(=}

.5786 0.8337
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Table 2 NMI values of different clustering methods on six datasets

methods Zeisel Altsl  Altaslse GSE130114 Macaque Mouse
DESC 0.7042 0.6363 0.6298 0.6754 0.6863 0.5365
scDRHA 0.7270 0.6874 0.6021 0.7126 0.6269 0.6755
SC3 0.6712 0.5941 0.6234 0.7088 0.6413 0.6841
scGAE 0.6615 0.6462 0.7008 0.6636 0.5489 0.6592
scGNN 0.7063 0.5800 0.6870 0.7342 0.6249 0.6940
scGAC 0.7359 0.5382 0.6371 0.7144 0.6615 0.7147
Seurat 0.6576 0.6173 0.5259 0.7032 0.5015 0.5489
scDeepCluster  0.6256 0.4840 0.6184 0.5930 0.6889 0.6592
scZIDESK 0.6792 0.6184 0.5681 0.6753 0.6584 0.6513
SCVI 0.5654 0.5974 0.5692 0.5752 0.5331 0.6303
scZDGAC 0.8112 0.7184 0.7177 0.7615 0.7131 0.7550
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Table 3 Basic information of six real datasets .
(ARTFI NMD K PEAG R RIS Tr iy Mg, [ 2 451 7 X
B E Zeisel Altsl Altaslse GSE130114 Macaque Mouse P 4 " N
Cell 3005 3500 8500 1453 2157 2187 SRATT IR AE 6 A FUSK 9 5020 ML 5000 S L 00 SRR AE s O L
Gene 19972 29452 139832 30792 39608 39671 Bl 3 B T & Rl LI BB 1 scZDGAC 15 T A 0 4
Cell type 9 17 19 12 10 16 %%i@ﬁ%ﬁ%%
10 0.70 08
09 g:gg 07
08
07 ggg 06
o o Lo s
< 05 < 035 04
04 gg‘; .
03 020 .
02 015
. 010 01
: 0.05
0
996%\* £ s&v\igb“ ﬁ‘& 9’3;(’?& 99,%0@" 2SS %& ‘{‘1& eﬁp S s&,\ﬁ@v& 33;&
(a)Zeisel (b) Altsl (c) Altaslse
09 0.70 1.0 09
08 g:: 09 08
07 055 08 07
050 07
- 06 045 . 06
& 05 % 040 05
< < 035 05
04 030 04 04
- oz " 03
02 015 02 02
01 [());(5) 01 01
0 0 0
0@6%.\3 G S gcobb ctf,s 0@6%.\* 5& oﬂt\,s\?/ Q,%%_\* S S é&b‘“ Qf,s qﬁs%.\* o S50 9&?-":;8\,&@5 %c/ 0“’?’
(d)GSE130114 (e)Mouse (f) Mouse (g) Average
B 2 scZDGAC 5 HAl 10 ffr SR J B 1 19 4 Lo
Fig. 2 Comparison between scZDGAC and other 10 clustering algorithms
ol Y M 2 " RLEL ], secZDGAC e HiAl 10 Fhxt e )5 k%
080 —=— ARI
o5 2 PRAS S A, BAR SR UL, HAE Zeisel, Altsl, Altaslse, GSE130114
070
B 0 || ™ N A Mouse 3% 5 YRS LAY ART A NMI A9 45 S48 W 2 06T
21N T\ RY FOfl LA R T BB AE Zeisel BURAE 1 55 scGAC Al
&= N H.scZDGAC 76 ART F3THT 13% NMIEF T 7.5% . &
.45
-l papeapepapegys e GSE130114 ¥fit 4 1 5 KM 7 i M 1L seZDGAC #£ ART |-
$ g P o G o o™ ROV oo?' )
P S JIHT 5.3% .46 NMI_L3RTFT 4.71% . 7 Mouse $iR 4
&3 11 AR5 IR A BT A U 4 1 RS B4R ARl 5 seGAC M It ,scZDGAC 7F ARI F427FT 12% .78 NMI

Fig. 3 Average index value of 11 clustering methods on all datasets

PRI T 4,030, T E WL HL R R R AR B iE % A AL TR



110

Computer Science THEMEL2  Vol. 50,No. 12, Dec. 2023

2% MR R 412 B e 24 500 0K A4 AR A Dy T M SR 2 T T A R L AR
SR =SNE ¥ B 101k 5 28 5 1Y 45 2R 505 31 — 4 25 o] bt
AL, 4 45 H T scZDGAC B B9 41 i 2 B8R 10 Fh

100

XF T i B AT AR AL B AR SCHE % T B 4R Zeisel B AR
BRI ER AT AL A AR — A SR R W] Y B
7R T A A ) 5 248 i

"
: wz--
et K ;
R
bai N TP 25
Sy, S
o) i Ol g - <2 0
KT 1Y L5
e # s
E SERE:

o

-5

-75
-0 -5 0 5 10 -10 -5 0 5 10 -50 -25 0 25 50 75 100 125
(a)scZDGAC (b)SCVI (¢) scDeepCluster
125
10 100
100
75
5 75
50 50
N 25 25
0 0
-5 -25 -25
-50 -50
o 751" 75 :
-10 %6 -4 -2 0 2 4 6 8 -125 -100-75 -50 -25 0 25 50 75

(e) Seurat

(DscDRHA

100

75
50 50 5
@ 25
0 0 0
-25
—25
-50 -5
501 -
=75 75|
-100 s ’ . -10 i
-100
-75 =50 -25 0 25 50 75 100 125 -100 75 50 -25 0 25 50 75 100 -50 -25 0 25 50 75 100 125
(g)DESC (h)scGAE (1) scZidesk

.ﬁ,. .
: LY NI
X
% 3 . R
5| 3. g g
s ) Ty
g 0
-10 ‘-‘_&
el

(j)scGNN

(k)scGAC

B 4 Zeisel £ 4 i n] Ak &l

Fig. 4 Visualization of Zeisel dataset

3.6 HELIRE

AR SCHR Y scZDGAC 155 %1 32 T2y 40 i 4 iE 2 M A5 B
ZINB.FEE I A g5 s M A 0L RSB e, Bk, A
SCIR T Rl S 56 Sk R AN O AR AE X BR AR B ZINB AT FE AL A
Pexl scZDGAC REVERE A 5Twk . i ] T scZDGAC Ky 3 F
D) A EITE R A A% A A A D84k 5 2 A 48 e 41k 1
50 £ B0 K4 5 2) FUAT 40 HiE A A 25 MR A B ZINB A B 3D B e
T 25 I ASE B 21 1 1) T 446 5 3) AT TR 78 00 1 2 T 2 — - A
BT 2%, 38 Ik 3 A T S 8 ok 43 i) 46 E AN O A AR 25 MR A B
ZINB #1 B A BB P X B M e Y T

WE 5 s . scZDGAC 5 HA 3 FiAS 48 L UG T 8 47
P B PR B L 4h S 3 A 40 R AE 25 R B B ZINB R A 1k R
FR YT AR MERE R AR T EEAR . RO AR AE
RWERE Y ZINB B HAE 6 S PLSC B4R DI R AR R 2,
JE DRI TIT R S M 7 oA 2 TR T R B80T M 3 1 KNIN R 158 3 A of
8w AT E % KNN B FE i — 25 i F & 200 A 65 2%

TR B TR R AT 25 18] 47 20 O Rl 3 285 4 5 8 5 R i 2 T I 4%
THEZRHRGEE . SEOREM R E, WL, hEEZ A
o ATy e AT B A vy B Ak ) KNIN R AR B

N T HE— 2B BAIE A G A SR SR T B I M B Y B
ARICR AT A0 AR 25 MR ZIND A3 ) A e
oy By PO 245 5 K AR 6 A LS R 4R b BEAT SCUR g . i P S
LG AR 6 D ELSCRa 4 L R MR RE R 2% IR R TR
PR 2 11 A 6 v SR S AE Bl 5 AT 27 o RS Bl i B 57 L R
FHIEAC A P AL 2 T5 i+ 1T LA P A58 B AR B 32 45 L A B0 b
R PO T R A BB A SR AR R T B R R T A A g T
g B T B T AR R BCRE .
Jo 4 20 M RRAE 2 MR ZINB A0 A 6 Ak ST P 238 5Bk
PR R A g a B 18 6 A BSR4k AT R
W B S AT RUE L 5 T A TR A A T 2% 5 K A L . it R
TR 25 B SRR RE A 22 . 3l 2 S 06 3R T 4R MO AR AT 25 MR A6 B
ZINB 1 [ P01 R A e X SR S5 2R+ H B



LR, 45 A ZINB BT 5 7 &0 A g i & 09 A H A 5 2 if 2R 2 111
10 0.70 08 ‘
065
09 060 07 |
08 055 |
07 050 . |
045 05 |
06 .
~ w, 040 |
Sos & 035 S o4
04 = 030 <
- 025 03
03 020 ‘
02 015 02
010
01
01 005
0 0 0!
PRy L go® C oS L ao® (o) oS R (o)
P e o P G GN P B G
0" o -of! 9 0" o -of' g 0" o 0P I
b ot o ol W o o « A o’ o o
® ¥ ® ¥ ® ¥
o 2 ol N o AN
(a) Zeisel (b) Altsl () Altaslse
065 065 10 09
060 060 09
08
055 055
050 050 . 07
045 045 07 06
040 040 . 08 -
~ ~
g 035 g 035 S oo % 05
< 030 < 030 04
025 025 04
020 020 03 .
015 015 02 02
010 010
005 005 i .
0 0 0 0
® 0% R < \e3 L ao® R < \+3 0% R < \+3 L% g C
W o \W"“‘N s i 'LOGL\ V\""L“A \Wv“““qh Nl = OGF W"L“A \Wv“““m o = 'LOGP‘ W’l\\* \Wv“““qh o = 'LOGP‘
o= o e ot o R
o ® o® o o
) o o ol
(d)GSE130114 (e)Macaque () Mouse (g) Average

(@) N scZDGAC K 3 MR 6 464 1973 ARI 45,
& 5
Fig. 5
GRIE PR Seq-RNA 0¥ (9 B 25 43 B 22 J5 8L AT
L2 T B A3 AT 0 — A S EE A B, R B A i AR AE AT
RIS M ) 32 B 2 AR B | i R T AR R R TR P A Y 5
45 20 40 L 2R 2 AE N R A AT T AR A8 B 2k I R BT X 4
RS R M R R SCHR T — Bl B 40 R 2SI T T I sc-
ZDGAC, scZDGAC & Yo 76 40 il 5§ A 25 MR L ZINB #8 43 X%f
{2 0 g e R B3R 3 A AT BT, IR G A g g 5 TR R
DCA 2 M 57 3k XoF J5L U 119 2 35 B P 17 2 e A ¥, 58 5 ZINB
S3 A B E A A Y 2 M R < RS R T T ML AE AR
B4 4 A 1) 6 4745 B 3 =2, LA 38 40 1) FH 400 b 5 ik R 5% 5k T LA
T 40 0 5 40 22 10 A% A R T 5 2R L 2 ) TR 2R AR & A B
M A 5 3 i R TT 0 Ak 2R ISR e ol 2R S e 55 g AE 2 )
HOBAHSE B, I 587 2 2 Bl i A L A6 3R 28 v I 38 43 T
5L 6 AR L LT L v, RIS R T AT
LA R L scZDGAC 7E 6 A B E R4 LB T
LERITE B L G- i = A KO = W R G S 7 110 S W
RAEF . WA, scZDGAC 1 IT 52 540 i 55 4 4 3R 2% [n)
R R 0 R T, T S TR AR A Al M 4 R
41 il 2 AR AS (7 21 21 18] 42 BOAY 40 A8 £ 8 DL & i ] R 2
] 1 25 5 b 3207 s AR T G At 1 2R 28 O 3k R iR MUAS T 4
B 25 55
ScZDGAC I — R RYETE T B B IT80% ., scZDGAC
P32 AT I 18] 2 it 25 45040 58 v 200 i 280 0 1) 18 T . 2 B8 1.
50 B 1 S b 2 BB B A0 L IR 26 3R (9 5 95 U0 seGNINL 5%
BAAK, F L, 3E— 25 AL scZDGAC 7E 7 Hi R 20 40 g 5 4
B SRR R TR Y S B N 4 DG, 2R SR I BE Y
H4- 2 TR A 40 I 22 8] OG ZR 0 [R] Bt s 2 3T 3ok AR

scZDGAC K H At 3 Fp A [F] 28 {4 (1) 4 B

Performance comparison(ARD) of scZDGAC and three different variants
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