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Abstract  Cancer subtype identification is crucial for understanding tumor heterogeneity. Existing
methods for identifying cancer subtypes have primarily focused on utilizing traditional clustering
algorithms (such as k-means and hierarchical clustering) to cluster gene expression data and thus
to identify subtypes. These traditional approaches, however, separately group the data from
genes or samples dimension only, so they cannot discover the patterns that similar genes exhibit
similar behaviors only over a subset of conditions (or samples). Bi-clustering can simultaneously
group large scale gene expression data from sample and gene dimensions, and find out bi-clusters
that relevant samples exhibit similar gene expression profiles over a subset of genes, and thus to
identify corresponding cancer subtypes. The discovered bi-clusters bring insights for categorizing
cancer subtypes and precise gene treatments. Incorporating the information of gene-gene interaction
networks can further improve the quality of the discovered bi-clusters. However, current efforts

generally use the networks to weight and select genes. They are often interfered by noisy interactions
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and misled by missing interactions. There are many types of bi-clusters, including constant
bi-cluster, constant row bi-cluster, constant column bi-cluster, coherent values additive bi-cluster
and coherent value multiplicative bi-cluster. To address these limitations and explore multiple
types of bi-clusters, in this paper, we introduce a gene-gene interaction Network Regularized
Bi-Clustering algorithm (NetRBC) based on the Semi-Nonnegative Matrix Tri-Factorization
(SNMTF). NetRBC firstly integrates the mean square residuals into SNMFT, and optimizes the
gene-cluster and sample-cluster indicator matrices via minimizing the sum-squared loss of the
discovered bi-clusters. Next, it constructs a graph regularization term by using the gene networks
and gene-cluster indicator matrix. The core idea of the regularization term is that if a pair of genes
interact with each other, these genes may co-regulate the production of one cancer subtype, so we
except that these genes can be grouped into the same bi-clusters. After that, NetRBC incorporates
the regularization term into a sum-squared loss based SNMTF to guide the collaborative factorization
and thus to pursue gene-cluster indicator matrix and sample-cluster indicator matrix, and thus to
improve the accuracy of cancer subtypes categorization. At the same time, NetRBC uses a
regularization parameter to control the contribution of gene-gene interaction network. We also
give an optimization technique to optimize the gene-cluster and sample-cluster indicator matrices,
which uses the multiplicative updating technique to alternatively optimize one variable, while
fixing the other variables, until convergence. We conduct experiments on six cancer gene expression
datasets with known subtypes to comparatively study the performance of NetRBC. We further
test NetRBC on two large-scale cancer gene expression datasets from The Cancer Genome Atlas
(TCGA) project and use the clinical features of patients to evaluate the performance, since the
true subtypes of these samples belonging to are unknown. Extensive experimental results show
that NetRBC can better group patients into subtypes than competitive comparing methods,
and the proposed network regularization term indeed significantly improves the cancer subtype
categorization accuracy.
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®i% 1. NetRBC.
B SRR SRR S5 FE RSB A
FEARFRARL LN BAEM % P
B PR ST R M R REAS AR R AR C
. L3t FHAEM S P 538 5 0 40 B
. R.C<Init(R.C.k,D) //¥IlH1L R.C

R, <update(R,) //FIFAX(16)FEH R
C,; <update(C;) //FIHAKX 22 EH C

1
2
3. WHILE(not convergence)
4
5
6. END WHILE

4 LIS

4.1 EEEIRCHINERREIGEELNIE

A SLEG R 6 A T 9 AE AL Y ik PR 3R A R
PRAEIEAT S, 6 1 g T A S AR A Y A oG
5 2. o, Breast Sy ZUMRE SR A 3 AT,
HREA K Ry 34.44.20; DLBCL 2 #5118 Kk B 4 jiid
R ELR ARG A AL T 4 Rl A S REAR L 22,
39.25.50; Multi 2R A T 4 B AS [ 98 E W Y 1) %L
A K FEARUR R 26.26.23,28; ALL J& & Pk ik
C2L 200 i P o 5 4 A % T 3 R I Y, 5 AR AR 5
O 19.11.85 TOX SHIRA T 4 Flfis i 0 8 (1% 5 (K]
FRBE A FEAS B S 45,45,39,42; Liver 2
g B 45 AL & 4 Fh AL, £ FEARBCH Ol 67,32,
21.2.
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51 BETHCHOMEESAMIES RT3 BTG 2% T AR I TR A SO G

B kB WEEE  REATE MRAHR XA A PR R A 1007 ~10%, )10 I 4

e ” o YT 10 A5, ASCLE 6 MO 1 AT 1 2= 0,

DLBCL  [42] 4 129 3795 o

Multi [42] 4 103 5565 AT 245 1E ) 4k 1 Fil NetRBC 1932 17 45 3. (H

ALL [43] 3 38 5571 JEL G 1 oy L o E ~

TOX Cad] i o s 545 1A J& . NetRBC(A=0) 55 NetBC A [d] ,‘NetBC

Liver [45] 4 122 8799 AR, T NetRBCQA=0)%H. & 1 ELETENE

o1 T F 3R RO 4R b BR IR L AR A I R 1 G K
TR AT S I LAAS SCEE X AR A 1Y SR 2R 45 R AT I
3. A S0 BioGRID $#i BN (5 1a) H # . 2017-
4-30) T 2 T )k i 35 DR B AR D 4L O AR A AN (W) A0l
AR R R RH O B BT B 32 S JHCXE R ) B DR LA T 4 P

ARSCR AT R ZE R ) B 5 45 A5 Rand Index
(RD™  Fl-measurel*™ | Accuracy F1 NMI"“S $E 4y
SEIE LAY A3 A ROR. O 1R E B R A A
AERMAEOEE T ML IiE 4T T 50 IR k-means B
W PR T — B R ADY e L SR A O R
B BRI R AR SRR R A B R AR R A
B 1A SR AL R R R L R N 3R 2.

K2 BEREBNHLBEEEREANRI

i RICIO R STIB 4T (6D NI LB 25 5 & 2
JETEVEAN B & Fl-measure | {9 5250 25 5. M
ALUE L BEE A R E] 10° £ A NetRBC AL
NetRBC(A=0) kG B UF M RIS L5 R oy 2 th Bk 4
Y/ IN. 3 R R A A AR 1Y) B R B8 R 4 AR 3L A
B TR A [ 1) T B ) S B L R R 1 R
AT ARG A 5 35 TR AR T 4% 0o 356 [ 4 s
W AR AR 2 48 7 I 1) 2 SR H8 AR R KL ML T
FEL 2 (1 285 2 ] 0 A i TR 3 aR 4al b 46 & 3 IR B
VW 2%, w] ARG AR R IR 2 35 5000 v Mg s ) T4 R 7
USSR L E T H8 50 98 A 7Y ) 43 kG B .t TR
PR A I 248 AR B 7 A Bk B AR R 7R B AR 45 o
o R O 1)k DR B AR 8 A7 AE 22 5 T AR T AN ] 1Y
BOHE A 5| AL R B R W 45 19 5Tk kR A ) L A

f{*ﬁ% £ ! (9 A BEE R B 40 7E Breast f1 ALL $#i 4 |,
reast 5 3

DLBCL 7 1 22 B 107 ~ 107 Bf , 25 S W RS BE B I R R ik, ml

I\A/Ilui“ i j SRR REIDWY R TSR (TR POPIE Ea3 € i)

TOX 6 1 k. 5 NCIS 1 NetBC 1 % ) FH & PR /9 28 i A3 3 1A

Liver 6 ! (19 75 =M E AR SO 5 v T R 295 A AL

0.90 0.80 0.90

0.85 0.75 0.85

0.80 W 0.80

e - W o M
~ ~ H I ~
m0.70 a9 0.657—T—1 1 a9 0.70

0.65 0.60 0.65

0.60 0.60

055 ——NetRBC 055 ——NetRBC 055 ——NetRBC

: —NetRBC(A=0) —NetRBC(A=0) ’ —NetRBC(A=0)

050 - . , 050 = - v 0.50" = ,

107 10° 10° N 10" 10° 10° 1072 10° 10° . 10 10° 10° 1072 10° 10° . 10 10° 10°
(a) Breast (b) DLBCL (¢) Multi
0.80 0.80 0.60
0.75 0.75 0.55 W
:

0.70 0.70 0501 L ° :
Bo65t /F\TW 5 0.65 /H SRS e 2045

0.60 \i/ T 0.60 0.40

0.55 ——NetRBC 0.55 ——NetRBC 0.35 ——NetRBC

—NetRBC(A=0) _ NetRBC(A=0) —NetRBC(A=0)
050 -2 0 2 | 6 8 0.50 -2 0 2 4 6 8 0.30 -2 0 2 1 6 8
10 10 10° N 10 10° 10° 107 10 10° . 10 10° 10° 107 10 10° . 10 10° 10
(d) ALL (e) TOX (f) Liver
[ 1 NetRBC7EAR[ A 250 F # RI
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0.9 05 0.7
0.4 0.6
g 0‘83 ¢ £ 7 g
207 g S 3
F Foz Foa
S i i
' —x— NetRBC 0.1 —%— NetRBC 0.3 —— NetRBC
s NetRBC(A=0) o NetRBCA=0) 02 NetRBC(A=0)
07 100 107 . 00 100 10° 107 100 107 . 100 10°  10° 07 10 107 . 00 100 10°
(a) Breast (b) DLBCL (c) Multi
0.7 0.7 0.6
—%— NetRBC
0.6 0.6 NetRBC(A=0)

g g g
205 X 205 z
I : O o E e gewgE
L 04 04 -~ 3
& = £ R T
0.3 —%— NetRBC 03{M " —%— NetRBC
NetRBCQA=0) NetRBCG=0)
0.2 - 021 _ : 0.2k - -
102 10° 10° 10° 10° 10° o2 10° 10° 10° 10° 10° 102 100 10° 100 10° 10°
A A A
(d) ALL (e) TOX (1) Liver

& 2 NetRBC ZEA[E A Z5E F Y F1-measure
it — 2% 4 BT NetRBC (1) M 6, 45 3C % BB TR — AN N R — AN R AR e, T
NetBC#* \NCIS®" \NMTF* | MSSRCC*") | SBC ' #1 PIAS SO 53X =07 325 5 Eb. A SCTE B 3080 5
k-means {F i % F Bk, o CCH L QUBICH Al SLIBATRCEE X LA TR 10 YR, Ik X R 25 S ik AE
SGFAP 3 31 1) SR S A7 7F B, A SCR 1) F3~F 6.

R3 WNUEFECHEBETHERRZHELHIBERRD

Bk Breast DLBCL Multi ALL TOX Liver
NetRBC 0.791140. 011 0.6923+0.010 0.7363£0.018 0.6767%0.017 0.6593+0. 017 0.5347+0.016
NetBC 0.7203+0.018 0.6263+0.016 0.7018+0.013 0.6147+0.012 0.6437£0.013 0.5670£0.019
NCIS 0.6704+0.012 0.6129+0. 004 0.6323+0.003 0.6296+0. 009 0.6316=0. 004 0.5582+0.012
NMTF 0.5982+0.018 0.6237£0.010 0.6587+0.015 0.6149+0.015 0.62712£0. 003 0.5493+0.012
MSSRCC 0.7008+0.013 0. 63050. 005 0.6662+0.017 0.6238+0.015 0.6541+£0.012 0.52354+0.014
SBC 0.4124+0. 000 0.41794£0. 000 0.6488+0.017 0.36134£0. 000 0.63172£0. 001 0.411140. 000
k-means 0.775240.012 0.6119+£0.014 0.6429+0.015 0.6110£0.019 0.6348£0.016 0.54134+0.015

F 4 NHEZXACMEETRERERIELE LR L R (F1-measure)

Bk Breast DLBCL Multi ALL TOX Liver
NetRBC 0.7776£0. 012 0.3902+0.013 0.5235+0.018 0.5286+0.012 0.3369+0.015 0.3742+0.011
NetBC 0.6622+0.012 0.3127+0.016 0.43414+0.010 0.4263+0.014 0.3079+0.016 0.3585+0.012
NCIS 0.647940. 009 0.2700+£0. 007 0.3187+0.012 0.471140.012 0.2554=£0.010 0.3720+0.013
NMTF 0. 6578+0. 009 0.2901+0.015 0.3557+0.016 0.4540+0. 015 0.2499-+0. 006 0.3481+0.015
MSSRCC 0.6704+0.018 0.32124£0.010 0.4078+0.014 0.448140.013 0.3156£0.018 0.3651+0.012
SBC 0.5839+0. 000 0.3739-+0. 000 0.44714+0. 009 0. 5308%0. 000 0.3458+0. 001 0.4564+0. 000
k-means 0.7489+0.017 0.3085+0.014 0.3390+0.013 0.4408+0.012 0.3162+0.017 0.3735+0. 015

5 MUEZECHNBETIREEFRRIEHIE LHLIELE R (Accuracy)

(ER7S Breast DLBCL Multi ALL TOX Liver
NetRBC 0.9373+0.010 0.4936+0. 009 0.7750£0. 015 0.7106+0. 014 0.4653+£0.013 0.5503+0.013
NetBC 0.8694+0.011 0.4527+0.013 0.6313+0.012 0.5974+0.012 0.4082+0.011 0.4344+0.013
NCIS 0.7765+0.018 0.3550£0. 020 0.5969+0.013 0.507940.012 0.3357£0.013 0.477940.015
NMTF 0.8357+0.013 0.3961+£0.011 0.5000+0.011 0.6158+0.015 0.3287+0.013 0.4148+0.011
MSSRCC 0.7969+0.016 0.4767+0.013 0.5594+0. 011 0.7158+0.012 0.48012£0.010 0.517240.012
SBC 0.5500+0.016 0.4690+0.015 0.5125+0.012 0.7053+0.013 0.5708+0. 003 0.5197+0. 000
k-means 0. 8255+0. 008 0.4318+0.014 0.5125+0.011 0.723740.012 0.4813+0.011 0.5067+0.017
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o6 MNELEFECHBETIRERFRRIEHE LMWIRERNMD
(2R3 Breast DLBCL Multi ALL TOX Liver
NetRBC 0.5806%0. 008 0.1556+0. 016 0.5591+0. 005 0.3503+0.011 0.1674£0. 015 0.1374+0.015
NetBC 0.5021+0.012 0.1097+0.017 0.3765+0.018 0.2162+0.011 0.0801+0.011 0.0947+0.014
NCIS 0.2182+0.019 0.0374=+0.018 0.2877+0.011 0.1357+0.017 0.0235+0.018 0.1108+0.012
NMTF 0.3364+0.013 0.0737+0.016 0.2254+0.016 0.2474+0.014 0.0198+0.010 0.0813+0.011
MSSRCC 0.5274+0.019 0.1462+0.015 0.3384+0.010 0.555240.011 0.1289=+0.010 0.1576%0.010
SBC 0. 2484+0. 000 0. 1476 0. 000 0.4984+0.016 0. 0145+0. 000 0.1169+0.001 0.1498+0.012
k-means 0.5647+0.014 0.1207+0. 004 0.2742+0.018 0.5402+0.017 0.1386+0.015 0.1504+0.012

MFE 3 k-means 5 NetRBC [y RI 25 5-7] DL
i, Bl S DR 4E B A3 . NetRBC fil £-means 1Y
PERE XA T TR X 02 i T B R A 2
() AE AL P P R S AN T o 0 1T R e X e SR R Rk
(RS B2 . k-means H NetRBC [ ¥4 g T [ 1 2 57
R D DR B R T T A DR A A A 2 (] A A
J& . 1M NetRBC {H &8 73 B . 3R 3 NetBC,
NCIS FI NMTF f9xf Feg5 R ml KL L A T & A
AR 445 B H NetBC 1 NCIS A X NMTF £k
R BE AR B XA AR Tt R W A5 A L R A R 4%
BHE AT DL T W R 1 43 ORGSR T L 4 T
JEAR AR .. 3X J& A 2 NetBC 1 NCIS £& T 5 A
A W 28 A PR o ) 2% A B A7 75 Bl 2K R0 R P AR
RS TRRN I, NetRBC i i3 F X3 TR H
A 19 4% 1) T D0 350 8 5 5% DRI 72 R RE A B 48 7R B B O3
fife 76— 78 TR BE LU0 T W25 rh ik 8 ELAR Y 52 ()
FF 8 AT T R S A 18 0 T L HG 8 T 28R AR X
NetBC f1 NCIS ¥ 7 2. \# 4 ¥ Fl-measure [ %5

2.0
1.5
1.0
0.5

0
—0.5
-1.0
-1.5
—2.0

(a) NetRBC#E

(d) NMTF#

(b) NetBCHE]

(e) MSSRCC#E

WK FE, B MSSRCC ¥ A 45 A FH HAEM 4, H
BRI B 45 A 5 W 45 1) NCIS, X &
S MSSRCC AL RE % & B 5 & 7 18 BE & B 3
AR, 1 NMTFE f1 NCIS {2 fg 42 9 % & 7. 1F
Fl-measurefS#n |, SBC ER KT, X2 H T SBC
FE LR 22 iS5 D L A R A T T R AE 40 A A A
FEA T M s 1 T4 T DB FE— Se B Ui 4 13k AS T4
Hek s it e, (A2t T4 %ok A AW
LR B HL4 2 AN [ 1 150 Ak B, SBC 9 FAE 0 i A1
TR AL T A B A A 0 T e e e A
WA AR B NetRBC. 7 Liver 3448 4 I, NetRBC,
NetBC,MSSRCC F1 SBC 43 $I7E A [6] 9 ¥4 i & F
AR AF I 25 5 . NetRBC 7E8 1K | R 9K 545 Hrix sk
D5 A I A SR X BE PR B e A [R) 1 o TR 3R
REERL, — D IIRARMEAE 451> AR B AR 8 5 b — A5
2 WARMEZE AN R B0 4 1 Yl ik o — N5k,

R T AT M R R BRI 45 R AR SO A ARk
1E Breast 04l 4 b5 245 0 B i 7 N HE 3

(¢) NCIS# A

(f) SBCH ]

[ 3 A[BEAE Breast £ 4 BRI MR A 45 R i B (T R R L 9 FRORHEAD
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AT R, B R AT R R S B R R RE AR, B gk
SRR FRn T TR LT FEA %
TAAE BAT 358 1) AH OGP B AT LA . NetRBC
R B4 KR S A 1) B85 Ky AN ASURH % At B30 32 B BH I
7 L A7 AL P 3R H [ L 1 NetBC Fl NMTF
fia) 5 R 3R 5 6 R ) A 00 B 2 R AN B L (AR
WA RE T Y PR A R B SRR 22 &
S [R]VE A 25 5% o O (S0FI) FH 36 1R 26 38 308 e
3 AL st X 43 45 o e A .

Jg T i —H5E 0 NetRBC S i 4 B 4E Fi i 75 1
VEEA 547 W& 1 . A SCHE Breast B4 4 L k47
W S, (1) BEHL G 3 B AR R4 i
(2) BEHLIH B 35 PR A I 4% o 430 5 (3D [) st 45 i Bl
HILH) B3k 0 348 o 5k R A 9 4 o 0. AE D B =Rl

Bl N2 = BT G [ P o L B d S S
Fr. M 4 AT LLE H , NetRBC . NetBC 1 NCIS fE—
FERRRE B HRAZ B T B BRI RS B R, 45

YA Bk 5, 15 & NetRBC 945 5 B WAk T NetBC
1 NCIS, J gl 8/ X 36 8] NetRBC % & B 5. 4E ¥
R (A SN TS I - S ol 7 S o | I )
NetRBC B %5 4 ity A1) FH 2k DX 9 2% 1) 9+ 45 44 1
ST NetBC Fl NCIS JEF W 48 25 4 AL 3L X L 5 %2
Mg R B AR AR S TR IR A L FRATT A 2 B R B
B0 BEBL A S I R — e i i L = AR
PURS BE_EFH G ik S TR S R B AR N 28 AR B A7 A
SRR AR 7 A L B AL N300 T R 2 48 70 A Bk
S LA S AL B 20 7T B 2% 25 B8 43 M A ELAE A
T B2 T 35 R B A ) 2 A B 1) I o 4t e R 2O .

0.90 0.90 0.90

i NetRBC _ — NetRDC . “NetRBC
0.85 e NetBC 0.85 ——NetBC 0.85 ——NetBC
0.80 w 0.80 —=—NCIS 0.80 ——NCIS

0.75

T N
0'70/% 0.75\_//\\\'/\,‘

EOJO/\‘\W EO.']O/E/Q\S\S\E/E\E/E\E“ EOJO;\S\/E/E\E’A_E/E\E—A
0.65 0.65 0.65

0.60 0.60 0.60
0.55 0.55 0.55
00— % 3 4 5 05— 540 5 Y% 3 3 i 3
R B /10" Wb HcE /10" [ I 484 el 40320 F B /10
(a) FEMLIE AT (b) FEHLI AT (c) [FIRTSE s b i1
0.90 _ 0.90 0.90
i ~—NetRBC NetRBC r “NetRBC
0.85 ——NetBC 0.85 ——NetBC 0.85 ——NetBC
0.80 —=NCIS 0.80 = NCIS 0.80 —=NCIS
g g | g
Z0.75 70.75 2 0.75
20.70 20.70 2070

0.55 0.55

] - /\/‘\'/\’/\‘\1 7 r/./‘\"‘\‘\/._a/.‘1 - ' I
2 00 R TN O'G°W
0.60 0.60 0.60

0-505 1 3 1 5 0505 1

2 :
Wi %R /10"
(d) BENLIE AT

2 3
TR HCR /10"
(e) FEMLIRAILTT

4 5 0 1 2 3 4 5
e 48 o 2 g3 B it /10
() RIS A 1T

B4 B ML 0 ek S 3k W 2% R HfE B 5F NetRBC . NetBC fil NCIS 1 BE B9 5% Wi ( Breast 3(3E 4 )

R XS HESE B HE— 25 UE B L 5] AL TR B
DX £ 4y I D) 3R R O it B & B0 R 0 S T 5 5 ORI R 3
PRI ) 2468 T A E TR ) 7 32 A B s A ST O 1 6 RUER 28
=R AR S A AT E
4.2 ETCCAEEEFERZHFEE LR

ARTCE N TCGAP Kl 5 F #8 T FLIRE (Breast
invasive Carcinoma, BRCA) il fifi## (Lung cancer,
LUNG) 1Y R RS 8 i K A 3R 38 B8040 AR G 1 I IR
Bl 9 M BioGRID I %% 1 AH ¢ 3 X 22 1] 1) B AR 4R
. X2 A B B v it R RE T B R A, 2 BNCITS Al
NetBC, A 3 128 I PRAFAE S PFAil 58 248 25 3 1 g 42t
J a6 i) BRCA B85 1215 PMHEA, 20530 4~
ARSCHEEE 4 NI FRERAE . ACTJ stage, Node Code,
Tumor F 43l 1 Survival. 4 26+ A B ik K7 B2

B 2R 1) A ORI R X SRR A G, BT 779 A AEAC AN
20530 AL R AT 92 5. I iR LUNG $of 4 4055
1124 ASFEA, 20 530 AN BE R, AR SCIEFE 4 A I R Fr
{E : Necrosis H 43 b+ Tumor Cell H 43 It . Tumor
Nuclei F 43 b Al Survival. S B I FR 55 fiF Bk 2 19 #f
A KT 901 ASFEACRT 20 530 AN R HEAT 52
B, O TR E R DRRIRE A B SRS B AR U k€
[3,12],1€ [3,8], % T AR M k.1 45 M 7817
k-means 50 K, F 3T — B R B LRI R
MEREC BRI £ 50 A4, HAkH, 78 BRCA
Bl AR SO E k=8,1=4;7F LUNG %4 4 -
WH kE=6,l=4.

FETE IR S B A SR AR 430 £ BRCA
1 LUNG #5448 % L Sr 247 6 A AH G X Fh 38
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XA Z RO B SR — T — R A AR SCIE
TCGA F# 7 mRNA #l DNA H AL % 5. IF 5
ConCM' | PINS* | SNF"*) #l iClusterPlus™" ix pg
AR W AT X b R 73R 8 4l
i 1k S VE AR A [R] G R A8 bR T A A 55 1H.

® 7 IELHEETE TCGA FLAR 8 HHE & L i R 4FAER) p-value

Bk ACJ]J NodeCode Tumor Survial
NetRBC 1. 5228E-03 8.8798E-05 3.7278E-06 3. 1656E-02
NetBC 4. 4106E-02 8.9104E-03 2.9006E-02 1.1293E-01
NCIS 6.3862E-04 6.3862E-04 5.2137E-06 7.0297E-02
NMTF 4.1909E-04 1. 0408E-04 3.6913E-03 7.5142E-02
MSSRCC 7.5845E-04 1.2392E-04 3.3069E-05 4.4514E-02
SBC 4.3565E-01 4.7699E-02 1.4606E-01 1.2668E-01
k-means 6.3862E-04 1.0408E-04 4.1909E-04 7.0297E-02
ConC 4.7237E-03 3.5925E-04 5.6835E-04 6.6948E-02
PINS 9.1937E-05 7.5404E-02 8.8535E-04 5.3756E-03
SNF 9.8682E-04 8.4982E-03 7.6131E-03 2.8047E-03
iClusterPlus 3. 3759E-03 6. 8815E-03 7.0593E-03 8. 8634E-03

® 8 IILHEETE TCGA FiifE 81 & LI K 4F1ERY p-value

=873 Necrosis ~ TumorCells TumorNuclei  Survial
NetRBC 4.7290E-02 7.3426E-03 2.8373E-02 1.1376E-02
NetBC 1. 7894E-01 3.2969E-02 3.4210E-02 3.2978E-02
NCIS 9.5730E-02 6.1266E-02 3.4331E-01 1.7886E-01
NMTF 1. 8964E-01 4.2285E-02 1.8879E-01 3.4663E-01
MSSRCC 8.6407E-02 6.6362E-02 2.3440E-03 5.3018E-02
SBC 1. 0916 E-01 2.3191E-02 8.5662E-01 7.1746E-01
k-means 7.0385E-02 1.6234E-02 2.9211E-03 2.3522E-02
ConC 7.0936E-02 6.5510E-02 5.9744E-02 7.5127E-02
PINS 7.5469E-02 9.2612E-03 3.4039E-02 5.5095E-03
SNF 7.6025E-01 1.1900E-02 5.8527E-03 3.0596E-02
iClusterPlus 6. 7970E-02 4. 9836E-02 2.2381E-02 4. 9908E-02

A SCXF I R AR AE Survival 56 50k 46 56, FoAth
I R Re AE AR D7 K 38 4 R 7 K B A5 B0 Y p-value
A Benjamini il Hochberg 757 10U #4778 %%, R
[Fi) 8 A V. 8 19 s R A A1 A7 7E B 8 7 28 e e L B e A
WZE RN p-value BN, R R LA W 2
REAORBAF. NP ] IF H NetRBC 1£ 24> i
REFAE I p-value M/, H/ANTF B2 £ K- 0. 05,
F W] NetRBC AR T & 57 125 B TE A 280 R T R A
ARG FR X3 AE 7R, 5 288 AR AR H At 5 ik 1
. AN T NetRBC fifi F 56 BB 5 BAE b %6
IR e B B 2K, PINS, SNF #1 iClusterPlus §ft &
T 2R AT AR WA Ay 26 INER 7.5k 8 R,
PINS #1 SNF 1 BRCA ¥4l 4 o34 ACI] FZE
L2453 A 0 i KRR AR B A B 47 45 R PINS A&
LUNG %4 5 19 LR A7 23 B v ) FE RS B o 25 21 Ut
W 55 22 DR R T AR s N ORS R LA HG A e IR
FRAE I NetRBC 3L T 3k 2655 125, J2& A Oy 3% 26 42 i
T ETERE S Z B W o R P A R AFTE — E AN

JE. iClusterPlus 3 i 3% 5 3 8yl 2 ] 0] &2 2% 2, (L
i A5 L 25 SR T Pk 3k i 5 5] s SNF 2 181 1 il &
FAZ 5 1 R 2R AR U B 8  (H B0 2 50 L B U
PINS BA 2% [ 7] 98 0 2 D8] 20 B4 7 0 7Y 43 28 i
(0 22 5 DTRR L 10 ELE A 1 3 I 8 0 R L B R LI
Bz AT 22 IR SE Rl IR B 1, T i [ RE 2
AR AR T SR 2K A B VT vk [ I o) R A
FFEAS HEAT B2

LA F R SR A A AR SN g AR B AR
EEEFESIE SNV TS /S E E g DK R
NetRBC fg#4% T A AH 56 U 24 350 3% 38 ok 1 bk Wi
JiE M7 7Y
4.3 HRESEXESH

254 3.3 /N AL, NetRBC 1148 X, 1 X, % [
HIES ) & 2% B2 9 o Ol? + 2 L+ »n® + mn®),
O(mk* +mnk) ,iTH A f1 B 2 LWy} [E] 52 2= 5 H
OCmnk-+nk®) , FEH R WEHEIE 24 R O (n® b+
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Background

Clustering gene expression data is an interdisciplinary
study of machine learning and bioinformatics. Gene expression
data contain two dimensions (gene and sample). Traditional
clustering techniques can only group gene expression data
from gene-wise or sample-wise, they can only discover the
global pattern of gene expression data. In real world scenarios,
similar genes may exhibit similar behaviors only over a subset
of samples, or relevant samples exhibit similar expression
profiles over a subset of genes. Therefore, bi-clustering,
which can simultaneously group genes and samples along two
dimensions, is proposed for analyzing gene expression data.
For gene clusters, pathway analysis with protein-protein
interactions network and gene set enrichment analysis with
Gene Ontology can be explored. For sample clusters, the

subtype of cancers can be discovered.

In this paper. motivated by the fact that interacting
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genes are more likely to share similar biological functions and
associated with same cancer subtypes, we propose a network
regularized bi-clustering method (NetRBC) based on nonneg-
ative matrix factorization. NetRBC defines a regularization
term based on the gene interaction networks and uses this
regularization to guide the gene-cluster and sample-cluster
indicator matrix factorization. Experimental results on vari-
ous gene expression datasets show that NetRBC surpasses
the existing methods and can serve as an effective tool for
categorizing cancer subtypcs.
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