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ToVR AR R AR R J I 72 AR P 2006 TR 1, #8053 AE AR 52 A% 2R 48 1) R RASE A A X 24 S35 DDA O
“HIRAEYIMN S MR MG B R B AR B AR KRG T, SCI R P R 25 515 BRN 22 X AHT
() — AN BB AL T B 2R AR I 28 A FU I — MR A [ R 2 X T AR R 2 RS MR LR 1
B, BFE OCRY BISRi Bt BARL, X2 BAARK TR X — RGN
BRZ . FTRLACH, FESTUER, BRIE 5 KA — DA X, BEEXT <R B, PEZ
(RRF A TR, BN B4R BB FRRIER B 524 RIMEZ KRR, HEb 550+ 4
S5 SO T 3R TR G AR AT AR R 2 R M ) 5 38 JEe i e A 2R R AH R, B Bk 2 o0 T AR A
R RGEMHETE. Q0] R G 4 2 AR SO Sk, i B BT R P B 2 R T I ) — N0 [
R E BRFE — AN 8L Science BT 125 2 Fr, ¥ “How will big pictures emerge from a
sea of biological data?” %I 25 AN NFEARKEN IR ) iz —, ARIL 7 BR AR I AR A W00 2 TR ok
Z7 DL SRR IR B B . DR, ARG A R R T PR R 12T N AE AR ) — AN EOR R,
S AT g AT RIS R L 2 TR R & «IC 287, iF AT U BE R . 2988 hR S5 R B R

BT bR PR, A TR R O (B & 2 >) B T HE K Eh 1 ST v UAE g =
MARGHH) KA BRI LTS (1) 2206 B RS, EEREMMEZ 3 Hrd,
“ZRR AR R ., hiugyEENUE R, W EAREORIE A . MR R A T A AR
RUE . BEAE 2 il P SR IR N R JE, 3 R 2B R GO0 S A S Rt — 20 7 Nk R4 4%
A EARA ., BWHEZDMEIR. 2 B2 25 BRE R R B E IR EY RS R
2 ST 5O, RIS AE Y S AT R BORKI L, J& T R R AWM 2%,
FR BE M B AR g T ARG /N ROBE W 2% i @ 2 45 SR A A A e DA B S . BRI, AT g
SEEFRTRRE . 2 /2 REVI 4 145 D A, R OB A HEWT T I ) — M HERRL. (2) “/NREASHEMT
MR, AR A E T, ANFEAS R I AR, AP HE R 5% R HEWT 9B, H T C R0 B0 3k R &
A (RPIEREAS) B LEBIAES N, AAAE KRBT BN PIR R (FlinhERAE). R - 32
PRIOC R O, WAEAE DUREASE AT IGO0, IEREAS D T sk, SOREA AN BAEA, X H ATAONL AR ]
NT BB MR SARK IR, W0 RBAEADRZE AR, SEELEE T/ MEAR L ERREAN “2257 &
SR AW TR ) 53— (R, BRI R AR AT I ARVE R IR 5 A MR IE K,
YR B 5 AN TR

NEKHR R SR, B3] “F e 8, B R 8 R, 5T iiz) 5 e BAH ¢
A5 2L B RS Bl ] R R AR 55 SR v BRI B e i 2 S R B I B RE HEAT 2R,
HIFHMAET R R R E. N R 53R IYE, DAL T 200 = 1, an A RH T
MEIR, T R8N FATT 5 IR 22 J2 R A5 JE Rt 5 LA /N A AR T R R, ST SR B 2 3 ARG TAEFHE IR 2 Bt 4
B XA DT, ENAMEEIFR T A s, IR T L E R, REEES B T 1999
YRR S 7 T A SRR AR, JE sl bR <R G JBYER T 52 2R 45 73 #,
BUEEEE T2 OISR EEAUER R “Ok RHEWT BIR 5773k, ok PO IR 24 75 1 L] 45 SRS /N RE A HE IR
MR TR A1 4. 2007 98 [E %38 Hopkins ) 2 H “Z8 251227 sif | LT A 40 T 25 1)
2N RS EL 2 B TR R W A 25 R RO LB A B2 TR R < — AR R IR R0
2017 4, KEFF2EBEBE 1 Loscalzo 25 1 #E The New England Journal of Medicine RZFEALE, B T
M 18 28 DLSRIE JR 8 7 B 27 AU ) FE P e 55 R PR A, RO 1 DA 22 R A W I 238 D Rt < oA
ZRPES T AR AR I R Gt DA KR 5 R B KR S IR BRI T o WA A 2% A R B 5 2K L
SRYER T O JE IR, 31T 2 AR (1 90 RHEMT T VAT K T BB
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Problem analysis Solution

“Multi-level modular relationship” Relationship inference based on biological networks

Inference principle Methods and applications

Relationship representation Methods:

Macroscopic (phenotypes, drugs, etc.) The principle of network

. T aj del
multi-level similarity @ Inference for unknown relationships
? ® Al he mechanism of disease occurrence and
The principle of network:
modularization . formulas
® Analysis of the biological basis o

Microscopic (genes, targets, etc.)

1 (MEhRFEE) BETEIMEHN X RHERTDRIEL . S5 RRRE
Figure 1 (Color online) The process of raising, analyzing and solving problems related to biological network relationship
inference

2 ETHEYIMFZIXREMNRES G

MR FIAS A 2% A= D 5 R T OUE_E B0 FE R L 25D E AR5 R B B, LT 2 B AR L 3R A 0
Bk SRR BT SRR KB, ARSI S AR T 20T «FRIRR, BEihn i JFae i <4
P2, AR B TR 3401 B8l 7T <R AR AL, ke A, MIHAERT SR AR
TN, P PR 29 R Ak itk B R BBk, B R 2T LI L5 DL AR S Bt 1) Ax i o i, TR
R R INPIRRTY — TR DL K 25 — SEARAE AR AEMI £ vh 2 A7AE <RIBS R 27, RN “BE
BeAe R AN 2 JROHR XA, W 1 R

PASSOR B RTINS, AR AR S I B0 A RO AT BRI (B 2021 5 5 H, COSMIC
B e T S5 R e S0 SR AR DR B 576 ), BTXTHECT fU T IR RE SR o R Y. B2
HA R B 2, FoA R0 o R AR R AE T I o2 A IR . SO B2, IX RS 3t
PRl 2 8] TR by 2 R4 v BE RO RH AU, 5 A= 0 0 24 o T 1) 70 F B S A I P 2 At SR 3L
R AL, 1X5E7R, B RGUEWZ IR IRIAEROR ERA B e (%R . X B
oAl BUR AR, BLER A B OCIK, AR A [ 3K 2 1A A SR 5 5 3t — b, A TIE 2 21
T WORAN ) 2 AR P 2 TR] A7 A6 ORI, A 2 U 2 BUBRARALL, AR 2 B0 25 DK B2 ) S AR AE I 25 L
PRI SCIBOR R, S AN AR IR AE D B3 2 IR AR TR BRI Y <2 JRIRORICT . BB R AE M
28 PP R JR IRl AR BRAG A R 22 J2 AR B OGIR A J 56 2R, FATPRE LA <R IRBEEE G 7.

JE R B ERAY 5% 28 il 1R A2 25 A W X 2% S S R FHE T T W 1) 20 2 VR S R i M AL </ MR A HE T
AEREGEAL 7R, — 5T, BATRBUIE A AW 2 B AT AL O, I SRS AR X R RUEE R 45
IIMTIE, T DASR AR RIS, R AR 0 BT A SRR . BE O EE LA, M AR, W] ASEEL R 2B
RGEM (W PaERM) ST (A1) GRS o, TERZ RN 2 2 GO (I
FRAAPE) SCRT L —2D T2 SoOUE S @A d, TSk 2 /2 s B & o5 — o, FUAZEER
T2 JR IS Y 5 FLAt B K AR, DA e 2 TR A SR B OR 2R, FRATTAT BAMSRVE 23K B 5 R AR 21
FIEERZMN kR £, B E5HAMERN R RENZE 4L NRHAE. XA, X FEE A2
R (EFEA), TR HE S RAREKAREE S, A DU S IEREAZ (8] (ARG 2R, SEBLTH St
Wr, AITAEAS/NEEAS L S AR AHEWT OV P RE. PR, DA IRBEERAL S 2 O3kt A S R AE Y
2R BLRMEWT 3BT 53, SRR I LE R 28 AT (R T A L.
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TR I, W4 i VR 5 M2 55 4 KRG mT Mo M 9 OCRE A. a0, Lin %5 17 48
TN VAT B A 1) W 28 R T 42 1 530 20 SR B 15 R B UIAR K, Vinayagam 55 81 I T 4% AR A=
VIR OGN 2% (RINZE PPT M%%) B i i/ BB 15 A, BHE 17350 29 19 A L6 U 750 AT i IR A 2 [RT )
REYE AR SCHREE . Yan %5 O 8 I 2 AR R GBI — AN 191 X245, R3S )5 5 RS R AN 2R T
P TUAEIB AT AT IS 5 AT I, SR RS o s IR R E R M 451 — THRER R, N
MR AR R R RGER A “OC R 1R J1 B SCHE.

TR, BATRGE H—FEE 20k OCRY Sl Beeh . B, dEmHENT R a0 R 13K
W&, BRA “RRHMEWT, 7008 3 DEZBIR. (1) RAMGHE: BIASTHR . A s sl 20 7 K8 gk
WERRBRERZ IR R, QR RN ZIRERZ PR R, MR RE R R R U — T
BRI KRR, AR R ERAEMRRERZ MR RN EHERR TR (2) RRFRSEEL: Xt
BIRARG T — WOEZR R RIEATEC AR, OSBRI 5 e DL AR B 2 18] B C R I B EUR .
EAAEERZ, T LR REHE RN ENERRRE . WO E BRI A 5C R, BV AR 1) 4
R, X8OG RHEWT TV e R 2 R BRI A% . (3) ARKEIC R HEWT: BRI (2) TSI
RN, AR FIHE R RGO A B E R KR EHEW R R R

KAHEWTTT VR — B 2T AR R a0 R

(1) KARMEERIEE. & RHAEWTI AT IR 2 WDk by . 2 RBER L R RN A SO IX A —
PMRAEMGE ENXANATTH G = (y, 2, U, V, W), K

Y= (Yi)nx1 s n DEMBIRE R (WRRRITE) K500 m) &

T = (T))mx1 B m NI REZR (WPHRIER . T PEEARSE) A4 R ) &

U = (uij)nxn T n DNEMBRERZIAIPRR, uy TR ZEKR (uy; =0 80 1) 8ER
# (uij € R);

V = (0ij)mxm A8 m MEMEIRE R Z AR R, vy TR TAHKRR (v; =0 80 1) BUEER
A (v € R);

W = (Wij)nsxm RAFMBETERSHMZRERZARRR, wy; AT ZMHERR (wy =0
1) BEE KRR (v €R).

RIELL g X, FTRAS ), ool A = (y,U) RRZEMERZ AN K RZNE. —J6H B = (2, V)
KRR E R Z MR AMLE, =0l C = (y, 2, W) R ST ZR Z [0 19 R 4.

ELL bsE R, KRR G BREEE TR OISR (WEAMEAER), &g r KEdE
A SRIR AR BT KRR (WHEERIARER). HAh, G B[ RREKH ., 4. »TEZNZIRER
KA.

K AW GBI IIAZ DR R < e S EE. AYERZ RN RERELRIL, K
WRPE. RIS Z MR v NDIRE . A RIEFZMMEHATEE. Kb, JLHIZ A E R AE
SCHR B E A B BRI ) SR IOC Rl s RNl i AR R ) AL R R 5 SR M T A5
BIAHAARE B, JEPR LR IA SCIAE 2 — P WA DI B & T ) SR 1tk PR 47 B AT R 428 L 8% AH ELAE
DA K 2254558 I p T P48 0 ) R SROC G, AR R I F S HERR” &5 7R AW R B0 Hh SR E ) ok
SR SR OCHAOC R, Bl Park 55 (101 g i 4 g T S S0 S M3 A - SRAE 22, DA P00 oL S 4 i v 4
Wit 7 B A R A R — BEERIOCHG. hAh, 4 i B A e H A <Rk AR AR R OC RI
FREN, oA s L 7 =UfE 2 2 T 20 00 2 I 288 FIO 47 A ] 58 .

(2) RAKREEER. FIHERRGE . W <RI R R, KR ERRT Lo NP ER 75
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Relationship representation Relationship modeling Relationship inference
Phenotypes
Macroscopic < Drugs
~—> ~
»— 8
- Z r ] ar—e—e 0 L.
- Distance-based
| Random walk
N Cell types
Matrix factorization
fox v v|w,)
Graph embedding . Molecules
. icroscopic
"~ — GCN (Genome,
Transcriptome, etc.)
=~ i}

2 (MBARFE) XFRMEETE—ARME 75 IRAES

Figure 2 (Color online) The general methodological framework for relationship inference
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pla,y|zccandyce)>ply|e¢corydo)

Hrp p FORME R RO E RN E RS F R R R % L, C R EREMN S WO ERES X
HRAMLE, ¢ Zom ARG SRR . MO ERES KRR ML, MBI RGN
PRI LU RO 8, AR AR AR MG s PO 4

(i) % WOEHZ (B4 AL <2 JRIRRHR:

Wij = f (y7 Z, U7 Va W—[zg]) ) (2)

SO, £ BT DL R, T LR AR, R (2) M R AR, X B R L T
B f RonF ) BB 4E %  WOURER 2 (B I k. I BLON B T ik LA OC &R, X 0 2R 0 465 [ A AR 4
AT BN S 2] S0 R B — RME T EHEZL W] 2 Fro.

Z IR I % R, FEAG LT LR IE (AR REL — SO R ¢ R B A i 4 151,
).

(1) FET W BB Tk, X RTTVEMR RS R R A u 5EUREER o 158 R RS 5 AH 5T mis
B2 16 B 0 248 B 3 3z 30T 22 1) S22 A7 RE e I 18] St A 2 X 4% 1 s 2 T P B 8 P i 5 o d (B
FEAT), BIA] 8 B AN [F] JZ OB TR (R R OC R W

d(u,v) = ShortestPath(u,v), Wy, = e, (3)

(ii) T BENLIEE 55, IR IERBRR A . B0 2k R 55 AN [F) )2 OB 2 8] 1 0% R AR A
TR RAE M 2% ) R i 14101 AL A 51 AT AR A TS R Ha 4 S5 R (R I 28, SRR 2R IR 28 R
KA T — A BEIHELE.

p =1 -mW'p' +mp’, (4)
Hop p FRORAT ST ORINER ) &, ¢ RIEE DR, p° N AR GRS ) &

(iil) FETHFED fRE 7. X RTTEEFE R A PCA 8 NMF 45751k D6~18] Wi R — o2t

[R 5% S B FEAT 0 i, 49 308 3 AN ) 23 IS H 2 TR] 9% 2008 1 P4 R Bl ) 387 (W0 meta-gene). 411
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Y EPIR BRI B B R p LRI EE q, & RBEDE s N
sij = D; qj- (5)

(iv) ZETERARIE. R ETREI R IR R A - SURSE RIS R A @ BT, IR0 H ik
N5 K IR R SRS 81 24 17 B 2 ) v, SEEAN )2 R BEBOG R IR AR M . IR A TV
PR A A PRI o o KRN A 2 i R 3RS B R B PRI 2R ) S5 415 S AT A R g [10~21) ) IR fRAIE
IES Y- LhRIES

mjz}x Z log Pr (Ng(u) | f(u)),

ueV
Pr(N,(U) | f(w) =[] Prnilf(u), (6)
n;ENg(u)
)y = R () - f(w)
Pr(n; | f(u)) > vev exp(f(v) - f(u))’

Soft, N, FRAE s AERAEANG T, B o (0A0RRIL, [(u) 2R FUHER B, max 2R KL
4w A EFRTAIE] N, (u) RO,

(v) BT PR ZEIR 1 i 7t R TIR 45 H B AR 20 — BRI % 2
VK R 9 T 4415 B 2 T 5 2R 7 M 0 8 3 P 0 BRI BBt
B {5 B I B WIS H i — 2 2 R MR, R 6 AR T R B T 5 B
U el b 61 B HENT 45 52 055 7 19

mitt = 3 M (Rl hlew) . BT =T (RlmiT) g=R({h][veGY), (7)
uEN,
Sl m R A MANE(S B, h FRERA (hidden state), e FORH A u, v ZIIKE. M, U, R 4
BIR A5 MR, (5 M B D TR 5 B 6 2

(3) KA RHEWT, 5y, IR ERNLE (2) R REB £, KT y,0 2 EE

R W HEATHRIT. 3 U AT 0 06 AT T A

W = f(y,&,U,V,W | z,y € C), (8)

Hrp ¢ TR EREW SR ERES LHRR M.

XHL HER R AT OANR 2 RGN R R IR E 2 N ER LMK T R4

FERX L, OBBR (1) ME X CRIR R IIER; B3 (2) MIE X RMEBA], DIR (3) i
BT SR AR O HEWT. 5% R HEWT R D7 IHES by I 2 A by i J2 R R A AR )
fith, WAL LIE R AR I 4 SC B B (N — Mok AR AR, [RIINHB AT BAAE 9 R 50 SR HEWT RO 5. AR 2%
BN TIN AL, ATBLSEELE O A MM 28 KB BRI G0 — o 5 R AT, 32E 1T SR B I 2% 5% 42 FA 4
A S BRI,

R AT ITE B AZ Lo FERT R Z TR 26 A 9 — T (5 B 5 NBER, A B2 5N T
FRERE, XMIA EHAI AN R ESE R (RHE) TR A DO . R, SR HERT AR “ &
giie” MBS EIE, RGERPITERIEKN BAEKT RS, HAFWEF ARG HEIE T REERZ
PSS

RAHEWHESL RA BRI B A, BARRI IR,
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Development of relationship inference methods

Key difficulties of complex biological system analysis: dissecting the mechanism of tumorigenesis & scientific basis of TCM

Drug-target-discase Molccular-cellular-phenotypi

Relationships ~ Phenotype-gene network Drug-target network Drug network B ok Cellular network
Algorithms CIPHER drugCIPHER NIMS comCIPHER MS-Model CIPHER-SC
2008 2010 2011 2012 2017 2019
'
L
L o— L L @ @
| Uncovering the mechanism of ~ Uncovering the mechanism of Uncovering the synergistic Uncovering the mechanism of Uncovering the mechanism of ~ Discovery of very early cells
Examples oM ZHENG & discovery of  classical formulas in TCM  effect of TCM formulas ~ TCM “different diseases with gastrointestinal tumorigenesis of gastric cancer
pancreatic cancer markers the same treatment”

B 3 (MERFE) XREHGTENLR (FHR-EA)

Figure 3 (Color online) Development of relationship inference-related algorithms (from Li’s research group)
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RAHMEWTIE RE R L JZ IR IR AV R G T RE 22, My BT AR a5 A IO 2 IR 1241 fgil e 57 g
SN RIGIZAT WL 22 2 2% 3 753 1290, $ thoeh Aol 22 e 22 2 kA5 I8 A S B AT 2 A
AN 73BT B2 HESE 1261,

(2) RARREGEBR AT L MR, R TRERRMFHCR (WEAMTEMNXR);
BET M AT 5 LIRS UELS B HISC R (WIZGH) — $EAR R ARSE); JE T R T A AESC & (it R3E
TIEKFR); BT RRF M Bl KR (kT Network embedding, FEI#HEE W 2% 55 7 VAR LI 4E
FORRHIE, SR YRR EAR AT 50 R AR ) 45 21

(3) KA T 5 K2 HAHEWT 7 ik, 5 I — OB B, SRER A A B bR —AhE Tt
PR A BVRF IR R AT, AOVEAR QIR B 5C AR HEWT (1 — b eI AL I 3K, 10 ST 0l ANt —
Toft 2 FAF AL R 0 A RV RF IR G R FHE I

3  ETEYIMEH X R RIET EZRB

TR AW SR O TR R A E YR G AT MERR BRI T AR R AR O AR HEWT IR B, AN TR
JeBtth T CIPHER '3 S5 RAVRRIESENE, SKHRB R, P57 7 2 MR R RGER, LA
L BUw L R 5 2 B0 s RS EE T, 4an B 3 .

EA CIPHER S8, o H MG E IR A, 2 e Bk PR o PO DR ) T 0 AL 4R
i SR RBRAL R ZR LG RHEWTIE AR LE, 0] 73 N LR A B 2P IR

(1) 455 —ARBA—AL R R N, IBILAT 208 o b R B AL 3R TR S R R 2 T AALLOR AR Y
B4, PIRRME CRBURE R RS, R RM S (5 H A LRI R 4).

(2) 55 10, KRAMZE  FEP - R S E AT DA MW EESR D R—WE%. 52 25,
MR 2% e B 2 R 5 R P R HE 7, AR S0 T B T S s B R 5 Heth i A R
TSE DA (R AR P T AR EEHE P . 55 3 25, AR Lt [m] VIS AL T 5403 e S5 AR BLE HE R (R AH A, AR
N REE 7 By Bo e R MR IR, 320 BeEFy rT A IR K 2K ).

Mty LINE |

Rl(pa g) = Corp/ENE(p,g) (f (pap/) ) f (gapl)) ) (9)
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CIPHER S35 FH 55 50 B 42 56 X 4884 5 s 2 TR ) SR R AT T o, DRZ 509 AT 4 R T
UbAh, BATERERE ., 4 TEARZRNG 5] N E S, X CIPHER SEIEHEERT T R
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HEtE, BMESIN 30% (e R (55, TONKS BEAKSR T IA S 0.35. ST UL 3By 27) s+ Bl
T A AE TR (28] Al 2 i ] AR (1 B335 03R 47 L A, CIPHER. S5035% (1 000 44: At 175 T3 S SRk de fh A 28 /0
43% 131 PRI FE T 2RV (A1 VARSE ZRY 1) 5% R HE BT B0256 AR ) I 245 Mt 7 45 5 (1) i B A 1k

K, CIPHER B8 T — LA BRI g 5Lnl, WA 7K b W Sum 5L R i <ok
AW B, B ST P78 S0 JE DA 110 4 i DRI TN, H 0 RS R B T A 2 ) [ B d v
AKE) 2 £5 LA E. CIPHER 7732 CLR SR TIUI H 8 5080 e s (1 BUm SR 1, FE )72 L FH 1 g
JIdeE . P S R B e b, B T RN R G IR, SN E B, FIF CIPHER 7736 5 YCSEI
AFERHZ R 400 AP R R AU R TR, 7R R M 3E . HAERIAEY) 7 7 4%, SEILET
X HR 2 % OB B8 SRR G R I B A ) R G ) R B T AT T

B RHEWT I PR 507 A AE SR, LA CIPHER 3235k T G2 ST (R BUA Y 25 RY TR R0 4H 5 2 57
TRV, XA RT3 B UL R IE M 4y T 4 1) LMMA 735 291 150 v G 259 #E
1) drugCIPHER 5732 B0 SRR <o — 2R - 25497 BT comCIPHER 5Hik BU, 24
YA -G TN NIMS 592 321 fib-6r 22 2H 22 550 (1) B0 56 R 9848 T 507%: SPRING B3 46, Horf | drugCl-
PHER 5034 B Rl i ik [E Brds 47 7732310 6 4%, SEI 20 543 rh PU 25 A S REAR T 2R 51 7 v S
T e b = 25 E FIVIIE R A . DUARIE RCREASTE PRS0 . f ok, FRATEESE T — 1B A SR ——
HH R 24 ) 245 2 B 2 B4) ) R G 25 CRH AR 0 I 8% R RE R B8 R O, RRATT R« B DR R 24500 2 T R A B
R, BRI AL TR AR 1 2% 5 0772

4 ETHYIMEEI X RHERT AR N RS fl

4.1 PER S &R RS AT R S 45

FRG, SRR HEWT T IEAE N T A S 2 2 B Al R 2R 12T LR, R B TS B 2T b 5 )
JTHIBAR T — LI SR, ST T 5% R MW VAR R IR T 7T A A S AR A

B, 2R UR AL 5 b 5N = et T i e - AT A e 55 85 510, A 5% R HE T TR0 e e v
JRRS: 5 DA, R3] S P B TR0 FIORS HEALTT b 54 391 (18] 4). T 58RI CIPHER S0t 2 Hh JR i A 0%
(1705 WX 28%, AT 190 265 v i 12 MR e T B B 0 X 2 e, AL HE — 2 el 5 NSRBI T3
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Figure 4 (Color online) An application case of relationship inference in pancreatic cancer
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Figure 5 (Color online) The discovery of the very-early cells of gastric cancer through relationship inference in cellular
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Figure 6 (Color online) An application case of relationship inference in inflammation-induced tumorigenesis and tradi-
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Abstract In the era of big biomedical data, systematically discovering key elements, including diseasecausing
genes and/or drug targets, and understanding the micro-level nature of macro-level phenotypes in a holistic
fashion have remained a common challenge for information science, Western medicine, and traditional Chinese
medicine (TCM). The key to overcoming the challenge is how to solve the problems of multi-scale information
fusion and high-dimensionality, high-noise, and small-scale samples that exist in biomedical data, through the
in-depth understanding of the “relationship” nature of complex biological systems (CBSs), as biology is a typical
complex system. Biological networks, as the basis of CBSs, reflect the interrelationships of various biological
molecules such as genes and gene products in the human body, as well as those between biological molecules and
diseases and drugs at different levels. Biological networks have been widely used in biomedical sciences analysis of
data. We started the research on the relationship between Chinese and Western medicines and complex biological
networks (CBNs) more than 20 years ago, and took the lead in proposing the hypothesis of a “network target”, and
proceeded with the method construction and application. In principle, this article uncovers a novel relationship
named as “multilevel modular relationship”, between macro-level phenotypes and micro-level molecules based
on CBNs, and discusses CBN-based “relationship inference”. It reveals that the macro-level emergence has
local modularity at the micro-level, and the more similar the macro-level phenotypes, the stronger the modular
relationships among micro-level molecules (disease-causing genes or drug targets). Methodologically, we further
establish a general CBN-based computational framework for the relationship inference to infer key elements from
big biomedical data with a small number of positive samples, from a global perspective. It consists of three
parts: (1) relationship network construction, (2) relationship representation and modeling, and (3) unknown
relationships inferring, with the aim of the substantialization, mathematicization and integration of relationships.
At the application level, the relationship inference framework has shown good performance in predicting disease-
causing genes and drug targets, identifying disease-related markers, and uncovering molecular mechanisms related
to TCM. Thus, this framework has provided a systematic solution for comprehensively understanding the micro-
level nature of complex diseases and TCM. It has also provided important theoretical and methodological supports
for some emerging disciplines, including network pharmacology.

Keywords complex biological network, modularity, multilevel relationship, relationship inference, small-sample
inference, network pharmacology
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