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SR AE M H G A f A 2 T %
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b, R E @ I B H B ( Graph
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Fig. 1 Architecture of SLFCN
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26)
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(26) X, a, b, c FINHESE, AR
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PREL Lo 1 CGN BLER [ Z REWe 4t A4t
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Tab.l The list of datasets used in this study.
FIGITES GSE/ID aife | FERE | dif
# i
Biase GSES57249 56 25733 4
Goolam E-MTAB-3321 124 41427 5
Darmanis GSE67835 466 22088 9
Deng GSE45719 268 22431 6
Baron_mouse GSE84133 1886 14878 13
Romanov GSE74672 2881 24341 7
Zeisel GSE60361 3005 19972

9
o A R B B SR SCHR[ 151 7 V42
HUH 2000 ANEEFEVENRRE, FE48E1[0,1]
AN

2.2 PR

RRLEEFERH = A& RV 18
FRIEAT VRN, 202 SR UERA FE (Clustering
Accuracy, CA)[23]. #r#E .15 5 (Normalized
Mu-tual Information, NMI) [7]F1 1% >4 1 %
% (Adjusted Rand Index, ARD) [24], VA IF8
FnAa bk v W) SRR AU e e

23 ZHHKE

GAEBRLH S E 4 Nd-512-256-64-
10-64-256-512-d, ds2Hi NERE I 4ERE s GAE
FEHR I 2R 2 2] %% 90.00001; Batch
size 32, FEANBHEEIZS00 MG ; KA
Adamflifb#t . GCNEIHILe =, HimAKIW)
ARHIE 7 Z O FORATEZ 10 4 2 144256 ;
YR 25 I 400 MIEFR AT A E oI 2%
1BV LB TV S 50 F R G618 S0
B2, FrA LK ENVIDIA GTX 2080Ti
(12GB) H AT, i HIHELL NPytorch. i
RUSEIACRD Bt AL &



https://github.com/WHUminghui/SLFGCN .

2.4 SEHEER
2.4.1 RRFORELK:

XL T7 1R A T A& M TR A )
Lo 1 N /5 O G T B SR B
scDeepCluster[7]. £ i[5 T~ P 28 X 25 1)
GraphSCC[151M & G 1 5 KT k-mean,
S ERME 2 i, SR 2 ATLLE |
SLFGCN P& T1E Zeisel ##i4E L2 =1
RO, AR B S LIS 2R — R I,
SLFGCN #H#:F GraphSCC. scDeepcluster
Al K-mean, RRHFR/0IEm T 7.53%;
23.3%A19.13%; XS Zeisel X —HHE 5,
ZHEEEREEMEH T H BN T FE
STRT/C1 /N bR Kl B2 J2 X 4k AT 25 Ak

FEFI P AbEEAT 2, BT Re i dm S A R
P 25 1) B 200 i, LA REABL ) 2 PRI R AR AR A
ifi {73 SLFGCN [ LFGCN i fF F R A
B, BEHURMIET scDeepCluster;
scDeepCluster i/ 40 g 2 7] 45 74 5% R 1)
fe B AR Al A 4 SR BRI A
GraphSCC EAAFIH T GCN X &5t f5 Bk
ITHRIGNA T AHBKIRII, (HRRA Rl
7 ARE g8 ) B &R D7 ) SLFGCN, iX
R RN BME 5 8 IR I8 I 8 4 10 B ik AR
FREE 0T, TOLE T R (1) [R]— R4 B4
B AR R E R 7R s K-mean 1E &4t
(IR AR5 2] 70, Sk Ty BB 2 R 2
(1), XX T Ede. ", Km0 5%
ZH I P B AE A A BRI A2

K2 BINERIHRN

Tab.2 Clustering results on all seven datasets

HiEE Ei=tin GraphSCC scDeepcluster kmean SLFGCN

CA 1 0.9107 0.9821 1
Biase NMI 1 0.8209 0.9501 1
ARI 1 0.7888 0.9556 1

CA 0.9516 0.8306 0.9032 0.9516

Goolam NMI 0.9513 0.8877 0.9184 0.9516

ARI 0.9808 0.9097 0.9633 0.9808

CA 0.8219 0.7618 0.7918 0.8348

Darmanis NMI 0.7511 0.7469 0.7604 0.7702

ARI 0.7448 0.6743 0.7544 0.7639

CA 0.6231 0.4963 0.8209 0.8582

Deng NMI 0.7484 0.6835 0.8880 0.9084

ARI 0.5267 0.4127 0.8747 0.8826

CA 0.8383 0.5541 0.6506 0.8956

Baron_mouse NMI 0.8230 0.7429 0.8037 0.9177

ARI 0.7915 0.4388 0.5921 0.9464

CA 0.7796 0.7681 0.6762 0.8133

Romanov NMI 0.5905 0.6772 0.5667 0.6566

ARI 0.6007 0.6234 0.5082 0.6954

CA 0.9238 0.8136 0.8915 0.9249

Zeisel NMI 0.8214 0.7147 0.8062 0.8167

ARI 0.8778 0.6890 0.8384 0.8698

2.42 WAL

ffil SLFGCN #ZHX Baron mouse F
Romanov ##E4E MRHIER R, B 8
GCN o —ZMHHAHE 2%, Ll t+-SNE

BVA[25]1 9 P 24 T B0 L Fae 4 2] — 2 2 [h) gk
TR, AR R ) AR R — 2R 4
M. w2 pron, B2 (a). B2 (o) 735l



#& Baron_mouse. Romanov J5 A 404 17T 41
g Fs 1B 2(0) B 2D N2 45 SLFGCN
SRR RE R I AT A S R LUK I
JR AR Bt B rh AR R RE A S HIF — R
FEA S T 708, {HJ2 LFGCN 42 HUH (1)

(a) Baron_mouses ${ 4 4E Ji 4 FFAE

(¢) Romanov ¥ & R4 4F1E

AEAE A5 7] — S IR A A BRI AR [8] B
B EINE, X FONFE— A i EE S
ARAF AN A2 [ — 7% P 3 RAG S AR LI
TR MR T RR REES.

(b) Baron_mouses #4241 LFGCN $2HLZ J5 FI4FAE

(d) Romanov ##E4:4 LFGCN HEL 2 J& M4 1E

P 2 LFGCN #& B REARHAE T RLAL 1B
Fig. 2 Visualization of features extracted by LFGCN

2.4.3 JHEMSLES

RNBE SR K H Tk, T
Baron_mouse #7545 kAT IHH Al SLLe,
SEIG 45 RANZR 3 TR /LI 25 GAE AR,
A EREAR B HE R, BUAEH Lyese
I, SRR B 1.32%. 734h, SLFGCN A
i R e BE S, SRR TR T
9.59%, LA FAER] 7RI BN BB ERAE T
Pkt .

#3 WHhIs R

Tab.3 The Results of ablation experiments on Baron _mouse

2.4.4 EBSHEURNE b
Xt (26) X a, b, c ZANESEIE Deng
e b ot U, 2 a-by ac. bc
i a, b, ¢ ¥ 0.0001, 0.1, 0.01 i, J35HI%f
cv by a WURFME. SR04 Ransk 4 s,
RN E BB AE IEAEH,  Lyese X245 R
JREUAN S Lot A1 Lgeno

N b IR R

Tab.4 Results of experimental hyperparameter analysis

a 0.00001  0.00005  0.0001 0.0005  0.001

TH S5 CA NMI ARI

SLFGCN-Lrese  0.8838  0.8985  0.9411
SLFGCN-LF  0.8396 0.8334  0.8221
SLFGCN 0.8956 0.9177 0.9464

CA 0.8365 0.8465 0.8582 0.8523 0.8362



NMI 0.8362 0.8663 0.9084 0.8421 0.8741
ARI 0.8320 0.8757 0.8826 0.8701 0.8126

CA 0.6567 0.8059 0.8582 0.8246  0.6523
NMI 0.8045 0.8484 0.9084 0.8883  0.8041
ARI 0.5714 0.8125 0.8826 0.8749  0.5695

c 0.001 0.005 0.01 0.05 0.1

CA 0.6529 0.8134 0.8582 0.8246  0.8059
NMI 0.8012 0.8207 0.9084 0.8883  0.8493
ARI 0.5762 0.8462 0.8826 0.8748  0.8156

3 R

Bxr2gE. B, KEM PR A
W07 B BRI =W ) 8, AT T —
TR I A 8 1 B B AR P 254 % 7 X, a8 %
% EE 5 AR AR T 3R A5 5 e i i S
TR, AR T S BRI S AR ABAT
F T RFAES AT FEH, BEHEICE] FREE
RS G 45 B0 GAE BEUE i
B AL, SEI0RIZAR T HUAS FEAL I 5
By

& E X |
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Abstract: Single-cell RNA sequencing (scRNA-seq) provides high-resolution observation tools at
the cell level for biological domains, such as embryonic development, cancer evolution and cell
differentiation. A key step in using scRNA-seq data is to cluster cells with similar biological
functions into one group. However, the current clustering methods are not able to perform the
clustering task well in a large number of high-dimensional and complex scRNA-seq data, and
don’t use the structural relationship information between samples. Here, we propose a GCN based
deep clustering framework, named Self-supervised Low-pass Filted Graph Clustering Networks
(SLFGCN). Firstly, a new propagation method of graph convolutional network is proposed. For



the proposed method, the graph information in the spectral domain passes through the frequency
response function of the low-pass filter to obtain smoother node feature representation, which is
more conducive to the clustering task. Secondly, we use the self-supervised module to optimize
the network based on the representation learned from the low-pass filted GCN module and the
representation learned from the graph auto-encoders module, which can obtain better clustering
effect. Experiments indicate that our model outperforms the state-of-the-art methods in various
evaluation metrics on real datasets. Further, the visualization results show that our model provides
representations generating better intra-cluster compactness and inter-cluster separability.
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