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Abstract

Single-cell RNA sequencing (scRNA-seq) technology can analyze transcriptome data at the single-cell
level and is widely used in biology. However, technical issues can lead to missing gene expression in
scRNA-seq data, which is called zero-inflation event. This situation seriously hinders downstream
analysis, so it is necessary to impute the scRNA-seq data. This article proposes an imputation algo-
rithm of scRNA-seq data based on graph collaborative filtering, providing a deep learning frame-
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work for scRNA-seq analysis. It extracts cell feature representations and gene feature representa-
tions through the graph collaborative filtering method of comparing structural neighbors, and ap-
plies the inner product of the two to the zero-inflated negative binomial distribution autoencoder
to impute scRNA-seq data. The simulation experiment results have verified the imputation ability
of the algorithm on the simulation dataset, and downstream clustering analysis experiments have
shown the performance of the algorithm on cell clustering on public real datasets.
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1. 518

YR RNA I (Single-cell RNA Sequencing, scCRNA-seq) [11HEAR B YIS B A IR 5T #05 .
ScCRNA-seq HiARTE AN /K T Eordre L 5085, BB T 72[2] [3] [4].

S SCRNA-seq FATE S 53 B o AT 75, AH FL S ATY 52 B35 A e 7 0 S 6 2% A RO BIR 1) 4810
1T RNA $ AN AS 2 B2 Bl 7 8 FEAS J2 S AR B I6 25 A BR 1), ] BB 2 H 3350 40 DR 2 18 B s 2k 1) 1
O, BVFTE B F 2K SR 5L dropout F4F . IX LGk RAE F] e o> 3 BUE EAEY) 25 B 2%, JEX scRNA-seq
KRR 0 B3 RS o SR LA it >R Aih B Bl i e i S B A B SCRNA-seq HIHE B2 1 — AN A T Bk
FLIR, it /2 scRNA-seq HdiH %

BFXT scRNA-seq Hidfs i BB AN a) @, HATHEFLN B TR 7V 285k, filtn, FEah s
Jf13E %M (Single-cell Impute, sclmpute) [5]iE 1T Gamma- IE 25 73 A7 TR A B 45 R L4415 52 31 dropout 520,
$5¢ S 8 I A FH A AR DA 20 A A R DR A5 Bk Al . R T4l Markov S A0 ] (1) kM (Markov Affini-
ty-based Graph Imputation of Cells, MAGIC) [6]2% T~ #4475 BLAE H X AR A A (1045 S BSR4 T 45 5
dropout. I [ 3& B 5 8 KRk L E 4 (Adaptively Thresholded Low-rank Approximation, ALRA) [7]: iz Wi 22
FIPRRE N B HE PR AT SRR AR ek 4, PR T3 S 0 MR e b T 3 ikh . B T BRSO, HATEE
X sScCRNA-seq #H (M m4EfE . mitbith, TR I BB AU AT = e o IR FETHE B w25
Z: 1 (Deep Count Autoencoder Network, DCA) [8]# 3 [K] 3 ik 4347 A% 4y 1 — T (Negative Binomial, NB)
I3 A7 B K £ 351 (Zero-inflated Negative Binomial, ZINB) 23 Aii , 38 i [ 4 i 2% 27 > 1) ) 20 A1 2 Bk 1
TR 2 R J F I R 3R 08 40 5 o T 54 P AR 4> HE W7 (Single-cell Variational Inference, scV1) [91# i 4% 43 H 4
T #2455 ZINB 23 A5 BEAT SE AN o B 20 it [ 1 22 X 4% 3EL 4D (Single-cell Graph Neural Network, sScGNN) [10]
IR E g hG A 2= I M R A L, R B B gmbD 28 R A e O¢ R, e 5 THREIE B did 2 AR
L

BT scRNA-seq Z#fE b o] f, A SCHE H — Fh 5k T B W [5G B 19 SR 40 i RNA I 5 £ 48 T b
(Imputation of sScRNA-seq Data based on Graph Collaborative Filtering, ScCGCF)5.i2: . i ik [ #p [R 3 i 43 731 3¢
AP S AR R IE R R, PR A AR RS AR RIE R RS B, S TAMAZE T ZINB 73 A i)
4 il 2% 1 73 sSCRNA-seq HfE A
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2. IRBINT R

SCGCF 175 2 3 ph 1 B 3 JEHESE  ZINB 4315 [ LS8 5 A 50 3 L EL 80 % R A 1 e
AN X = (x,)  R™, MMRidA C={c} Hic|=m, EWi%kaG={g) H|o|=n, Ml

. 1, if x;>0
HR A A=(a;) eR™, Ha= 0if x —g’ TARELIT:
1 |J -
T={V&} o))

WV ={CUG| FrTnitk, £={(c.g)lceC.geq A, =1} FRIL%E.

|-| A3 FE DK 52 AR A
i) GNN(0)
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EiliUE N E-3EE N
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x FaEsEs = H

Figure 1. Schematic diagram of scGCF’s model structure
1. scGCF R R =&

2.1 WHETRALIE

BFXF SCRNA-seq HCHHJEA SRR A% SCRIL T FAL TR LI S (AT BOBUIR R TR S4BT RO
AR T AERE SO 3 AN Ak 3518 LR 7/ HE(bF 200 BBk i, 195114
FIE X = (x;)  €R™", Fhrhrm,n 4h AR RO A AT R

RE L AN NEE ST

S =20 xij/mediani:h,,ym (Z'}Zl X; ) ©)
PR RN U5 — A R IBAR AN R PR FE W] R K52, J5 48 log 4. Dhit o 1 )5, 531
X’=|og(G;1x +1), 3
Ho | A —u R R, G, =diag(s, s, S, ) e R™™ H diag(s,,s,, -,y ) &AL s, s, -, s, BN
F LR IRI6T 1 AR B
YRR, s SRR
g; = max i, (4)
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7] B2 A BE A A T U BB G = diag (9, 95,0+, 0, ) € R™™ o FERE X AR AR y—AMFEA, v
(K120 P | R R K 7 S AR N, REAS TR AV E AR, SN . SRR G, A G IS Tt
J5 i1 scRNA-seq Hdfa 4 .

2.2. BthRETEES
o %2 21 B A R AN L IR 2 8] 22 B3R AT A, SR AR T b S R AR AR AN TR eR HROR AR Al i AN S LR

RFIE RN :
el = ReLU el
’ [.GN JN IN] ]

ot K2 B2 4% (Graph Neural Network, GNN)IZ%L, el e R Filel” e R 435I /& Xavier #144k.
JE AR ¢ FHIERR LA SIEN g FHIERR, B3 K R CE R R R P R AELERE . el F el 43

R 1+1/2 GNN J5 M ¢ FHEZR SRR g FriERoR, HI(0<I<K-1). N $u|N |§J\ﬁui%r
YA ¢ 757 LSRR K IAREA . LA 1 GNN 25, SR iﬁl?ﬁﬁﬂéﬂﬂﬂ@%‘ﬁ%ﬁ%ﬂ%
PR IE R R

Ul ¥ = ©

eJ
o [N [N

K

o -1 a0
e K+1Ze ’ K+1§eg' ©)
TR &y =] e, KIEER g LA ¢ P RILE.
ETRZEE R K, B IEHERAE B BT MREOK GNN 115, 2 B IR R & [F 45 48 & 1)

155 JE o AR SOOGS0 D B FL 235 K 40 Ja A0 L, s 2R A B (2= A AU GNIN AR 2B 1 (9 R i — 4
BETF InfoNCE Rf/MESRE— X Z 18] A B -
exp| (el -e!”
P

= Sl )]

ceC

Y]

o 7 R softmax HIREEZ, e &&—MEH, el Mel” N5 e 2 GNN FIWILAIIAIER R, [HFE
(9, AT LA BB S DR A S A T LA 2K -

©®)
40 gé‘;exp[(ege) -el? )/r]
S o 7116 4131 € 2 GNN ATHIARTHE I, 3425 KXt st ST
Ly =L +alf ©)
Hrh o MBS, FITPHALE.
2.3. ZINB % B 4588
8 5] cRNA-s0q (I HHCE 2B N B BB A, BEREEE A N K 51— T 1
ZINB(x| 7, 11,0) = 7+ 1, (x) + (1-7)- NB(x | 1,0), (10)
Hoeh 51 NB(x | 1,0) = Tgﬁ(eij(mW]%ExMquﬁﬁmﬁﬁﬁﬁ 1.0 By
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EREE, 7 RR SR RIEEENA 0 1R, 1o (x) ARtk sE.
HT scRNA-seq ZidE 11 ZINB 7 AR AE K 15 B H R 45 . 35T ZINB 7347 (19 575 B R 153 5 BR 0N «
Lowe =—ZINB(X |7, 1,6), (11)
PL_E 3 bR B A 35 5k B B3 A TR SR AL sScRNA-seq a4 A, AR = NMat 2o, M,e ., el
Iy A dropout FAFMER . NB AR RSB NS, A T

{f[,M,é)}:arg max ZINB(X |1, M,8) =arg maxﬁf[ZlNB(xcg | Tog tog Oy ). (12)

M@ MMe o1 go1
Horm. n J3 1 3 4 HOR 3 TR

HE P LR S A SR JE R EE 22 2] 452k 5 ZINB J30 Al B AR R S, FRIR I GNN 2 3R 1) -3 A 11
e, W HERIIIZRI R XN

L=Lys +A4Ls + 4[], (13)

Forr A F0 2, 522 1] BT th PR 5 A8 48 JE 0 B 2 S 45 R ME A TR AL S (i 28, & 3208 GNN =4l
faAEE R FoR SRR .

4 ZINB 73411 E 2 i 25 5 B W 48 ZA s i T
H =ReLU(gW " +b),
B = BatchNorm(H ),
M =G, [exp(sigmoid(BWJI +by, )xG, ) —1], (14)

I1 = sigmoid ( BWy; +by, ),

@ =softplus((BW, +bg ) xG, ),

Hepg=(g, )mxn e R™" 2R K (BRIAA 2)1 GNN JZ 541 i AOBE PRI IA R R, r B2 AR 28 T HL

W e R™" A b e R™" 7352 WAZ B JZ BIFEHUZ MR E AW E, H e R™ ZFEMZRR. BatchNorm(-) &
VK H—4E.(Batch Normalization, BN) 2%, BeR™" /& BN JZHiH R R. MeR™" . TTeR™"
@ cR™" 7335 ZINB A= M 2%, W, eR™ . b,, e R™ 7352 MHZ TN r 9 BN 2k
BHEIIZETEA n S HN%ZE M B ORCEARE . Wy eR™ . by eR™ RIW, eR™ ., by e R™ [AH,
TRERHORN softplus K253 IR T M AT @ LA R EATTRIAE S, sigmoid ¥ ek 50 BR 1l TT ) BUfR S
A [0,1] o M A Ay e & TH (¥ 3 DR SRR A %

3. BELIE
3.1. ScCRNA-seq Bi#E&E

T 1AL scRNA-seq Hif FIHEANSCR, 18/ R 69 Splatter [11]4E i scRNA-seq 17 LA . [F & 17 %L
PP EOEERIE ML N 35%, 435 BEit54 dropout i 254 HL Iy 85%. 90%. 95% )47 B WL B4 Kt
AN Er dropout [9BSR R o R FH I = AN 5 A 5] A4 LA SR HEA T 05 LS

N T IR scGCF fE R ififie /1, KA H 52 scRNA-seq $i#E4E: PBMC #E4:[12]. Zeisel %1
PE4E[4]+ Human kidney ¥4 451351 Adam ¥l 4E[14]. PBMC $di 45 /2t 10x JE R 41 21 & W 715 21 )
NN i Az A AE 45, Human kidney  #icdfadio th 10x Jik 5 41 27 6 0 Fr 4521 19\ 58 ' I 4 i 4
£, Wi S5 PI 10x JERIZH 2 Wl T 3k, Zeisel 4 42 (1 Nlumina I F7F & 75 21 1) 3005 ANk [ /1N B A4
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TR JZ AN B AR X A B 4 R, Adam a5 00 3660 /0 Bl 1 2 i Ko 417 H. i Drop-seq 1 65l
F, P TR SR DR AR IR M 2 3K

3.2. MEEE AR IEHR

AL VA EZ B 128 FE FEVE R UE, 100 observed, FHiE#E TSRO LA sclmpute [5]. MAGIC [6]+
DCA [8]. ALRA [7]. scVI[9]. scGNN [10]. sclmpute FiI MAGIC 1F iR 22 S wt b s . Tl TR0k
W B B E R4 AT ZINB B Zwfisas, #ikHl ALRA. DCA. scVI Fl scGNN HEAT b . i % b i)
K HBASHOCR AT IHAMEAE

ﬁTﬁmiﬁ%bM% AR SC AT B FHE DR 208 1 5 S B AN BRI A B S 06 SRk seGCF HEATVEA . 7E
AL, @ Splatter [11]EBHE R — AN BEAIECE m. FERER n, TRIEMELHESHTIR
SLARIBFEREY =y, )mxn FIXS L4 dropout (I RLINHER F AR EY "= (y; )mxn o THXTY " AT EAMG B HERE

Y =(9; ) o HURLY SRS RIAY 216 () £945% 1% (Mean Absolute Error, MAE), #7 Hili% %

(Root Mean Squared Error, RMSE). Pearson #H>% % % (Pearson Correlation Coefficient, PCC)ixX = MFM 55
DA B AR 5 P ER AR BB A 454 S AR I L . MAE 1 RMSE #RRIEAMR 2, KB
INFRAEIAN SR, R AT

N[

1 - 1 o )2
MAEz%ZZj]yij—yijLRMSEz(%ZZ(y”—y”) j : (15)

PCC R HAM G HE 5 5 R8s C AN AR G, e 1 AR S e s, kAT
ZZ( yij ~ Yinean )(yij - ymean)

PCC = L , (16)

sz:(yU - ymean) ZZ( ymean)

Horry NSRRI REEFEY B, e TR ERREY I

BRI IIE I A0 TR 2K 5 R B AR A, LR E SE AR AIT L, DT R R R UE R . T
KM BT kR AT Y Rand &%k (Adjusted Rand Index, ARNAIFR#ELL H.45 E (Normalized Mutual Informa-
tion, NMI). ARI {52 X UTF -

ssvear 3 () GOV ) 2B (22 ) Bl o

Sl N =(n,) OIRIERERE, ¢ VRS, KOVROKRER, Ha=Xn, . b =3, .

TN SRR AR R BAR RS o 10 NMI (7€ SCIR -

_21UY)
NMI_H(U)+H(V)’ 18)
HA1(UV)NEER
rok uﬂv| m|uiﬂv.|
1UV)= ZZ' T (19)
i=1 j=1 |Ui|><|Vj|

Hebu v vy 2 SR RIAR RS R T 5 | RIS M AR R T 5 § RIS, T3
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H(U)=—Zr:ﬂlogi,H(V)=—i L log—, (20)

i
iz M m j= M
ARI FI NMI FIBUE R 1 B G R A AR
3.3. {HEsEE

N T BSUEEANICR, AT 7O AR AN SR . AR SO R I R L B S SRR B X IR i B
MAE. RMSE LA} PCC $&#%, i 4 observed J7i2%. #4512 H T scimpute. MAGIC. DCA. ALRA. scVI.
SCGNN A1 ScGCF X -LRfANE [ 5%, X7 5 DU FE AT 1 BAMERAE, W IX SEIERD J5 R0 5 508 R AN
) B P P B SE SRR R PR AT T XL, FRETTSE 7 = AR bR, S HEIRHRE AN = AR R 2.
YT RIS LA F 85%-. 90%FH 95%H, scGCF Hyk L 1 W3 H 3, AMUHAT T 3 =1 PCC & #x,
SZIL T AR RMSE. R 7E T RIK LB 78 90%F1 95% 15, scGCF BykfE MAE LRI
7 observed F1HAth 6 RN L . 75 ZAH EL A 85%H scGCF 514 ) MAE {H (/KT DCA. iXLksz
B 45 T 7850 R W scGCF 8 bt HoAth S L 55095 T i bk 55 56 TR R 0 4

10 1.0
30 4 094 —— observed
81 —A— sclmpute
0.8 —o— MAGIC
[ W
W %’ 20 8 0.7 —— DCA
s = d —e— ALRA
4 1 0.6 —— scvi
10 1 scGNN
2 0.5 —r— sCGCF
0 - 0 - T T T
85% 90% 95% 85% 90% 95% 85% 90% 95%
FRIL L TRIL LA TRIE LA
(@) (b) (c)

Figure 2. Comparison of metrics (a) MAE; (b) RMSE; (c) PCC among methods on simulated data
2. (HEHE L REEMIEFREL B (a) MAE {&; (b) RMSE &; (c) PCC &

3.4. BESTLH

N TS scGCF F TRt fe, % 7& PBMC 3345, Zeisel 2354 . Human kidney % 41
Adam EH 4R . FEEI R Louvain [15]5828, HERIHFR K E R 1, HXF ARI AT NMI FEAREEATTHE

X}T observed. sclmpute. MAGIC Fl ALRA 5%, AR UK WL BF BB AME FEEAT PCA 446 FE I
(L R 4E P 4R 45 50, IR a AT 52K, %FF DCA. scVI. scGNN 1 scGCF $ik, Bt v 59345 5 ity 48
M ERRN AT RS TR EPE4EPBMC, Zeisel. Human Kidney 1 Adam), i#id Louvain
BRI FRbREE F WA 3 fim. EIX UKL I scGCF HykEUS T &) ARI . [FIF scGCF 7
Zeisel B¥E4E FIAE 755 K0 NMIE, A= E0E%E ERUE 7 i NMIE. 58k E, 53
Xof LA AH LG scGCF 72 56 B a8 AR 1 BUUF I SRR AR

N T PPARX BB A0 A SRS AR I, T I A S R R B AR A P T R AR . BEATLN B S
FRAMPRAEHZ E 1 95%, HAAEMM—NTRALE. ZREEFRE— MR E BT 71K,
REN T HANTHREAR, BB EERH TR A TREARREMS 2 R85 . A EERE 15201 ARIE L
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4t
I
=

Je NMI B S5 2360 R ] 4 R 5 Friffa 2 .

HH /<] 4 AT #07E Zeisel.Human kidney F1 Adam iX = /M4 45 - scGCF (1) ARIME 5 7 H 5 25, 7 PBMC
HHE LMK ARIE_L scGCF 11 observed ) 1~ HAtxt b 5% Hil&] 5 A %1, scGCF 7£ PBMC fl Adam iX
PR BB NMIERILELF, TirE Zeisel 44 0 NMIAEAUEK T scGNN, 7£ Human kidney 4

(a) ARI (b) NMI

observed
sclmpute
MAGIC
DCA
ALRA
scVI
scGNN
scGCF

ARI
EEEEEN

Figure 3. (a) Barplot of ARI values obtained by clustering using methods on complete datasets; (b) Barplot of NMI values
obtained by clustering using methods on complete datasets

E 3. (a) TEHIEE LEEEARLSIN AR FHE; (b) TEHEE LREEARLSEIN NMI FRE

(a) PBMC (b) Zeisel
0.7 = ; i 0.6 T
0.6 . T 0.5 e ' .
[74 B2 7 4 + 1
<os{ T ro- o <o4{m i
- L 4
0.4
& 03 ‘ =
- : .
QS\@ Q&Q‘?@\O v ?\JQY’ %04\ Coée ch< éeb Q&evg\o Oov \gy 4\ %é &
5 TN < & 609‘2’ RO v
(c) Human kidney (d) Adam
0.60 - — 09 -
0.55 . 0.8 '
_ 0501 i Pl _or] 2 " +
x H . x 5} . ! B
< 045 i . . T <€ 0.6 T - 1 E
040{ T & r T 05 .
0351 = = 0.4 .
D @ 0 v QR‘ 4\ < 2 O F N K
Q\Q 0 C? 0 0% Oo C\G O Co\ @) O O I O
& @?’ v & 606‘2’ a}}&Q N\g O @ %c@ %00

Figure 4. Boxplots of ARI values obtained by clustering using methods on 10 subsamples of the dataset. (a) PBMC dataset;
(b) Zeisel dataset; (c) Human kidney dataset; (d) Adam dataset

4, FEHURE 10 MFHA N AR EERAMIRSH ARI FE4E. (a) PBMC #IEE; (b) Zeisel #1425 ; (c) Human
kidney #(#&&8; (d) Adam %i#E%E
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(a) PBMC (b) Zeisel
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L Q& QIO Cﬁ Y & S oL S > &
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Figure 5. Boxplots of NMI values obtained by clustering using methods on 10 subsamples of the dataset. (a) PBMC dataset;
(b) Zeisel dataset; (c) Human kidney dataset; (d) Adam dataset

5. TEHUIRE 10 NMFHA LR AEBEAREMIKRSHNMIFELE. (a) PBMCHIBE; (b) Zeisel##EEE; (c) Human
kidney#iE8E; (d) Adam#iEE

/) NMI EIUE T DCA.
e,

4. #hig

gib, ASCHRH T — T scRNA-seq Hdls S ANAE scGCF, B I [ B AHE 28 58 5 15 51 40 i
FHIEROR AL RIS AE AR R, IR IR T ZINB 205 (K B 4 f 43 K4 scRNA-seq Hidfs . /£ 4R
KAIE T scGCF BAMIAARNME, FFival 7 HIAANGE T RIS AR DU A FOseddla g BT 1 R0, R Y
SCGCF R IUFMIZH IR KA /). scGCF AMXAE scRNA-seq NS Hr LIfag TRl fEt:, LT
SCRNA-seq K4 AN I Uk
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