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Abstract The drug-target interaction prediction is one of the important assistant approaches in drug
discovery and design, however, experimental identification and validation of potential drug-target
encoded by the human genome is both costly and time-consuming. Therefore, querying and validating
the predicted drug-target interaction in databases is an important assessment of prediction methods. In
this paper, the query and validation method of drug-target interaction named as DTcheck (drug-target
check) is developed and designed with Web spider based on KEGG, DrugBank, ChEMBL databases,
which realizes efficient query and validation function for drug-target pair providing both KEGG DRUG
ID and KEGG GENES ID. ID mapping function is also designed in DTcheck, which can map Uniprot
ID from DrugBank and ChEMBL into KEGG GENE ID. DTcheck expands 907, 766, 458, 40 pairs of
new drug-target interaction for Enzyme, IC (ion channel), GPCR (G-protein-coupled receptor), NR
(nuclear receptor) standard datasets, respectively. Moreover, combined with query and validation
result, the analysis of the prediction results of the BLM (bipartite local models) method shows that
evaluation of Top N is more reasonable than AUC (area under curve) value for the prediction method
of drug-target interaction. It also shows that the BLMd method with low AUC value is superior to the

BLMmax method with high AUC value in predicting the drug-target interaction.
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OB AYEFEAXRAAMNE —MEZGHLHTLT B, M AD K EEIELhIin Rl X R4
BALRE, B L, B P A& 0 IR TN 69 25 S ARAE R X AR AT TR M O k69 & 2 KA T KEGG,
DrugBank, ChEMBL iX 3 N33 B, Al A fe R K BAZ 849 7 KR FF A T Atz EN X 2 &M kiE
75 ik DTcheck(drug-target check) , £ 7 2t T # 4 KEGG DRUG ID % KEGG GENES ID #j 25 45 ¥e
MATE & R F 9 I E P 48, A B DTcheck % % 4 Enzyme, IC Cion channel), GPCR ( G-protein-
coupled receptor) , NR(nuclear receptor) WANAF/MERKEE T A I G W ¥eimtE A X % 907,766,458,40
b gh, 45 4 DTcheck % i) 34E , ¥4 BLM (bipartite local models) 77 i& 4 4] 947 7 FA M| 45 R 49 3 4 9]
M, %R AW, KA AUC(area under curve) 183 4 25 4 $e A7 1E A % & Tl 7 ik % A Top N 3+ &2,

H AUC A& % BLMd 7 & & T2 #7 69 25 4 e Ar1F A X Z BH £ T AUC 14 % %9 BLMmax 7 i%.

XA B YeARAE A X A TN F 9 IR ; 2 M Fe AR B s AUC 3 4 Top N 3R

HREEDES TP391

YR IRE A IR S, Wgl R T EAR R
I 5T B S AL B 25 W) 15T 2 X AR S Y S 5
YL S IR AP 78, N TR 24 0F K E R L A A 25 W)
W F 8], BEARR 25 W 0T e JUAS | Ta) B 42 T 25 W) 0F e it

% % 245 3 % (network pharmacology) ™ Fil 24
) H F v (drug repositioning) B T 14 24
Vbt B 58385 T 2R ARAE I OC & (drug-target
interaction) T I %) BE ¢ 3 Al , A 1 58 L HE B 245 W) 1%
TRt TR R T2k S Rt A AT
B FE KEGGH, DrugBank'™ , CREMBLM 4 tf1 (1
ARG 2 AR 22 T 24 W SR AR AR T OC R 5
Jrik g R e L R RO T A E Y
FOARECHE A AR ] OC & 000 5 v O i b S B OF
B SR G HEAT 2 BRAE FH G 28 Pl 3 26 3155 5 VA DR Ab
TSI Ty v B s R] T AR R R B AR A B

Yamanishi 2 AU 2008 3T KEGG #UiE
FEFST T Enzyme,ICGon channel) , GPCR(G -protein-
coupled receptor) , NR (nuclear receptor) P4-/~254%)
FEARAE HIOC 2 s 4R (L4625 W M A A FH G R A B
2454924 Wy AE AL 3 R I A — R A R L BE AR ) L L
oL B AR 2 W ARE T G R AT 1 RO R AME
FH & R B 25 W ¥ 45 X% Cunknown interaction) J§ 0 3
NS5 BNz 832 SO TE], Google 22 R R 51 HIR
BN 467 UL BN N 2 2 W) HE AR AR T SG FR 100 A Y
F s o A6 56 B4 4. 2009 4F , Bleakley % A7 7E
AR R L PR T ) R R
T (bipartite local models, BLM) 24 4 # 5 AF FH 5%
FI0I J7 ¥k, IR H S AR R B, R ] ROC
(receiver operating characteristic curve) il & % jilj
28T Jr X Carea under curve, AUC)E R 1Z J i
) PEAfT AR .

R A T AR T AR 22 R0 ik A e A
1M AUC WA bR WX 5 2207 12577 A T B 252 MR AR
TS LV 5 B R A T G 2R 9 285 W) 38 Bn X B
T3 S —Fh A G BB, PR AR 22 2R A 1R
KARAREIPR FAFAEA BAEHIOC R . HE 3 H ATl
AE AT A S8 50 BT R S 0 B, S0 5 25 ) B ARt
S i SR TS TE AR ] OC 2R I o ok s BIVRE A OC &=
O TN AC 148 it s X B AN & B3 7 At —
ELAEAE ZE A —Fh R b T B, 208 0 45 R b AT
AT RE Y 25 ) MR AR X CEE AN Top N, BV 4 3000 () 24
Y AR X VR FH OC & T RE I AN R BN HE L ORI N
) FE B J2E R AT i) 56 4IF. Laarhoven 25 AN 2
GIP-RLS (Gaussian interaction profile-regularized
least squares) ¥ 5, A AUC & AUPR(area under
precision-recall curve) #4T T WA % T 75 2 0 I 1Y
YRR AR AE I DG R AU B A $i i 52 Top 20 A3 i
KEGG ,DrugBank, ChREMBL ¥4 ). Gonen " 2 i
#) KBMF2K (kernelized Bayesian matrix factori-
zation with twin kernels) Tl 77 % . 1 AUC #47
PR BAUXT R A RO S Top 5 & B i KEGG.
DrugBank, CREMBL %% 4 . Mei %% AU 2
BLMNII ( bipartite local models with neighbor-
based interaction-profile) il Jy ¥ )5, F§ AUC K&
AUPR #4717 VP4, 100 35 A % 5000 4 245 ) 38 b % 2
A7 H5CHE P 11 A 380 36 T 0 gl 8 A 38 P S80I 1% 4
KFR R A C 2845 52 56 S0 I 19 25 W B AR X . Hao
e NV Y RLS-KF(regularized least squares with
kernel fusing) i J5 % . JH AUC K AUPR H#EATIF
M AR NR %4 4 U Top 100 X 24 49 #E 5 4
Fr 8Ol e A R, BRI AUC HIRIE T 1.0 T
TR UL, 82T T 1 AUC B R R % 8 A
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T 2 305 F 56 42 IE 8, AT NR 0l 5ok Ui, 13
Top 100 f . A 45 31 Xf 25 ¥y #l4R C 203145 T /LW ik
2SI IR R T H T AT DA ) B 09 B Rk i 25 9
FEARXS R UL AR 9 XA SN X W ERBT,
I 22 v B TOOIORG B2, E 52 PR 1000 oz ok Gk B AR 45
W Luo & AP 2 1 DTINet (network integra-tion
pipeline for drug-target interaction) Tl /5 & , 9
AUC J AUPR #4751 BERIDE A, I8 700 45 2R 19
Top 150 25 Yy ¥E AR X HEAT 1 K4l e £ 360 26 31k L 47 1)
ML R T ARAT AT REELAT AR O & Y COX inhibitory
SEAT T A M S Yo i . 5 B S T DTINet
RS (3 T 4. Hao 55 A7 42 1y DNILMF (dual-
network integrated logistic matrix factorization)
)5 ¥k . H AUC J2 AUPR WM iZ R, R 5
Yamanishi 25 AU ARG 5 Kl T — A5 B
8 e f e W TIN 45 2R AR Top 5 1Y 25 4 $E bR %)
FEAT T A 1] 36 UE. Olayan 25 A" #2 1 DDR (novel
method that improves the drug-target interaction
prediction accuracy) TN J7 ¥ . 76 7 ¥ W VF-4r O 1
EFET AUC WA L M EE££ I ACE- 2 AUPR WAL I
B X g 5y Top 25 #4T T & if] 6 iF. Peng %
AT PreNNDS ( drug-target identification
mode by integrating neighbor interac-tion profiles,
nonnegative matrix factorization, discriminative
low-rank representation, and sparse representation
classification into a unified frame-work) Tl J7 & ,
R AUPR JEATPF i, 55 H Al SR iz [ 3 00 45 73
(ERMEAO) e #E Top N A 24 ) #E A5 X 3547 A5 ) 56 3E
A, Peng %5 NIE# T 2 A AR (ID 4 51 4
hsal132 B hsall24) BT Xf B B Top 20 #2549 17
A 8, A AR, BB T 2 25 (ID Bl
D00255 & D00195) X} )i i Top 20 AYHE AR #EFT £
B . Liu 28 AP #2 F NRLMF (neighbor-hood
regularized logistic matrix factorization) 7 | 77 %
Ja HAUC J AUPR #4734, i% 3CfE KEGG,
DrugBank , ChREMBL., Matador % #i§ J% " 2% 1] % IIF
T 4 NEHESET Top 1000 25 58 45X, R I H:
51T Top 10, Top 30, Top 50 BTN 45 5. 4R 1
FEIF A 4 A T DA B T R 455 b X 20 sk A 1 R T
R F 2 ) M R A 1) B Y T 1 TG R R ) B
FW RS TAEE. £ -, % F Enzyme, IC,
GPCR.NR P44 Hdfa 45k 35 . Top 1000 47328 2 R A
5B AE I O R AR /N — TR Jr. 2 R 5k i A
WYE Top N {HM 5L 1.

Table 1 The Checked Top N Values of Various Methods
R1 EMAXEEMEIEIE Top N &

Method Top N Reference
GIP-RLS 20 Ref [16]
KBMF2K 5 Ref [17]
RLS-KF 100 Ref [19]
DTINet 150 Ref [20]
DNILMF 5 Ref [21]
DDR 25 Ref [22]
PreNNDS 20 Ref [23]
NRLMF 1000 Ref [24]

DAL Ib i 365 1 3 48 T 00 445 R 1 o 2 F R
T ) — P 7R B R BR SRR B IR B [E]
TH A B S AR AN T B8 X BT A A (1) 24 ) HE A A
FHEAT A WA 24 5200 08 UE. 28 & BUAT 10 45 RO
P, — Ml ATy 7 At AUC & AUPR 55 ik i
D7 3 AT A e R TIOR3 R A k= an A T
B ¥% FE DrugBank, KEGG, ChEMBL, & it i 8 £
2 W R 2 8] /R T OC 2R 808  f 5000 59 4 oG &
R TEACHE P v R AT A ) 95 TR L B IR AR
KRBT PO LI B E. X Fh oy X5 3] 1 2%
ARG i A AT SR, BRAT 1 7 i AN (A 9 5 IR
Top N 25 W84 XF . A A 5 18] 3 ik & — A4~ &2 H #E
I8 A s R FH O 2 10 24 4 S8 A ) oy T 00
B £ K 2250 T B R B 6 TE T 2 SR A O o
Sk X I SR IR FH DG 2 1 24 ) 8 s ) 7 B8 2
A 1) 55 I — 3hi .

B X5 b 3R ) B, AR SO AL Sy 25 W BE AR AR T 26 &R
B $ A — Bh s 5, B L AT AT B A 5 R Tk
DTcheck(drug-target check), 3 F] H DTcheck #F
RS R X 4 A Ar fEBUHE & S AUC PF 4 il 1 43
Br. EZETTERIA 40

1) 454 P25 € d Ry %, 3583 DTcheck # i) 58
UE 5 75 I S 8.

2) 3T KEGG, DrugBank, ChEMBL % % %2
it DTcheck ¥ 4 M HIEE P E L BIER 25 Y #
PR E R AT o8 %

3) X (it #) R it KEGG DRUG 1D K&
KEGG GENES ID i 25 ¥ #2 5 %, DT check A LATE
2k A1) 9% 1] HAE KEGG, DrugBank , ChEMBL %¢
I 22 v A B R 45 2R

4) FIF DTcheck #r i) i 45 &, T #7081
BLM J5 i w45 £ #8454 7 ROC th 4 iF 4 259
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ARIEHIOE R AR A B, IR 5] A Top N P4 18
b PR 25 SR B AUC AR 1) BLMd 78 3500 8 1)
2 80 bR AR % R B E T OAUC i & W
BLMmax, %5 AUC WA B9 A& B S 4L T4 4.

1 DTcheck i35 IF X o) WK g R B

Yamanishi % AU $2& 4t (14 B o 508 4 D OoR
KEGG ID #5F 259 J #8475 , i DrugBank , CREMBL
AHACH ID KR 1259 D02441 (KEGG DRUG
ID) 7 DrugBank Xf i 4 ID & DB00311, %&£
ChEMBL H %} #Y Compound 1D 4y CHEMBLI1S,

M 4% hsa766 (KEGG GENE ID) 75 % 5 UniProt
B PED) v P43166 (UniProt TD) X 7 3k , i 2
DrugBank o1 25 ¥ 8 & ChEMBL W1y 254 (8 1k
G W) A ik B 6 R S8 B . 23 3 fE X R B UniProt
ID. A 1t , He i — A~ ek 1) 3 2 75 20K 3 Bl I
A B R ] TD 2 BT I A K.

25 RRAE O B 2 O B A L G Do2441 ~
hsa766, K It , 76 2 1) 56 i 5 #2 b, 0l 3l 5 D02441
1 KEGG DRUG 4% #% 21 %t i $8 45 hsa766 . i 1]
1E DrugBank i 53 DB00311 £ £ 2] XF 1 # 45
P43166 (UniProt ID), 1fi hsa766 5 P43166 ft % [f]
—NEAR  BEASTE Y 1D AR [7]— > X G2 A0 XF 07 b

-

¥ Input drug-target ID

N
J

v
Sort target ID incrementally and
remove duplication

Y

Sort drug ID incrementally and
remove duplication

v

Get the ith drug and

v
Get the ith target and
its corresponding

> its corresponding
target set 7;

drug set D;

Get KEGG GENE ID |
corresponding ith drug |

4

Get the ith target
information from
KEGG GENE database

l No
Get KEGG DRUG ID If Gil::ll\;_E ID
corresponding the ith target i

Extract drug-target
pair and label as K

Extract drug-target
pair and label as K

v
Set the fth drug | Get Web link of the
KEGG DRUG database ith drug “lChEMBL
Get Web link of the ith Get the ith drug
drug in DrugBank information from
¢ ChEMBL database
Get the ith drug l
information from
DrugBank Get UniProt ID
¢ corresponding the ith drug
Get UniProt ID l

corresponding the ith drug

v

Map UniProt ID into
KEGG GENE ID

Yes

Map UniProt ID into
KEGG GENE ID

Extract drug-target
pair and label as D

Extract drug-target
pair and label as C

]

KEGG, DrugBank,

| ChEMBL query over

If target ID No | i=itl
query ends d
i=i+1
>{ Merge query results
(Output query validation results)
Fig. 1 Technical route and flow of DTcheck

1 DTcheck £ AR Bk & it
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AT LM EEFR hsa766 i &, N KEGG GENE Hr #x
FH 254 D02441. P, 5 — A~ & B 0] 815k 2 7 A
VS TIE 75 X 24 1 R X A T 0L 1) £ 1) 56 i

T KEGG DRUG £ it 7 % 25 ¥ 1
ChEMBL } DrugBank H 4 Xt 7 1D F1AH R A4 /) 5T
Bz, PR, ) IE AT OIBCECE 1 R L B G 2
£ KEGG DRUG 1 7 & fit i % i 845 1D J5 o 75 %
AN B 25 WY AE HoAts 2 S B0 PE b iy TD 2 B .
IM7E KEGG GENE 25 1] 9 5l 4 102 3% 48 b o2 75
XL ) 25 BRT DRI A 24 4 R AT R 1 X 1) £ 1A
B E H AT LA S A R L SRS A 25 .

M KEGG DRUG i3 HUiZ 25 %) 7. ChREMBL,
DrugBank WY &E 2 )5 , BT DLJM S7 s e AT A 6], SRR
B S A I . 5 B 0 1 6T (4 25 9 #0 bR X
KEGG DRUG £ty ChREMBL # £ [ fe & A £
AL B DT AT A AT RE A 4, 1 IR HE 42 ORIl Y
ChEMBL Target 5 5 5 Bk 4 4 5t T L4 i) 3
2% R B FR Y UniProt ID. )\ KEGG DRUG i
Al DL I0Z 265 90 19 DrugBank k%% 4 £ , #1) €
Vi )12 45 AR BOGR 145 2, A ISR 18145 S A s B
Targets, Enzymes,Carriers, Transporters P4~ fjg £t
= BTt 1Y UniProt 1D B o] 3 &£ 86 vT DL 3R BUGZ
25476 ChEMBL., DrugBank #1552 #i% Fg th BT XF i
FRAY UniProt 1D.

#AREY UniProt 1D 5 KEGG GENE 1D Jf A&
— R E A 4 AR HE R B T S AR ) 1D, R,
W Z 5 UniProt ID ## it KEGG GENE 1D A
A A% A 155 50 UE 19 25 W0 HE AR XTI VE FH C R 2 65 8 &k
UESE. i i Al DA BY UniProt % 4% 8 42 it 19 1D
mapping W EE B AR AT UniProt 1D # 4k i KEGG
GENE 1D, X — 25 1 52 8L 75 2 Bh E e % 36 B0 i
SR I ARIBGR 1145 B Rk

2  DTcheck Zif) I i %7 K & &

fif kT DTcheck i) 40 11 H 18 21 iy 5C 5 R] &,
ARSCETE TN 1 PR B OR B TR, AR
M https://github. com/Yul123456/DTcheck. )
1 Ay LU 001w £ 0 53 B 2 A58 43 ok 7 A i, B
LB 2 WA A A R A IT M 3 B A ]
T % Sg W KEGG DRUG 1 38 B DrugBank,
ChEMBL %45 2 1) B e 41 42 , 9K J5 MK Uk 35 IBORH 1oz %K
it FE v ) R AR A B, TR IX 2 A Bl R R T

Frde UniProt ID, R T 5 1 56 1iF 19 25 %) 40 b % %
X, 75 BN — 25 1D B e, f UniProt 1D 5% 4 1
KEGG GENE ID.
3 MNERTNREARIESH

Yamanishi 2 A" F 2008 4E & 57 T Enzyme,
IC,GPCR.NR AR R 46 I3 2 s e,
drug-target interactions 18 3 2 if E2 £ 510 3F /) 25 4
FHRAE FH2E % 5 unknown interaction X 2 24 i &
A2 EARAE O & iR 2 AT 2 RS R 25 )
FARE R R BMRBUER B RAEHI R R L2 T
ERAMEHIC R ZBIRENE L ZAEA 10 £
A TE X AT AR 2245 1 6 R A B AR W) S B 30k, A
SR A DTcheck # 1) KEGG, DrugBank, ChREMBL
ANBE PR BRI RO PE O R AP TESE LR IX 4
AN EE AR Bleakley 48 NPT 2009 4F 2 ) T 28 it
¥ BLM B0 J7 3% . 0F 1 AUC #4730, A% SORAK
fi DTcheck A2 2 B9 45 28 . R R AUC PFAT Y
NG, IR Top N H & &4 50 ik 19 25 Y #E b
PONIUEA QBN R TR RIS

Table 2 Drug-Target and Their Interactions
x2 HYBRREMEAXRER

Ttems Enzyme 1C GPCR NR

Number of Drugs 445 210 223 54
Number of Targets 664 204 95 26
Drug-Target Interactions 2926 1476 635 90

Unknown Interactions 292554 41364 20550 1314

3.1 HEECRIEIERAXRITE

23t DTcheck (251, R4 54l 42 #0 vT DL 4R 5
B IR 7Y 245 W) BE AR X, An R 3 BT, A HE K R
(increased ratio) K7 , 7 24 ¥ HE bR ¢ 28 19 fin g PR 1Y)
Ri 4 0 GPCR 337 2 B 25 4 $0 48 %) Ko 2 19 )
& Enzyme 08545 .35 3] 907 XF; B4R NR 254 0 bR
XTI H b AR AR — 2 IA F) 40 X,

Table 3 Drug-Target and Their Increased Interactions

x3 LYBEREESEMGERAXR

Ttems Enzyme 1C GPCR NR
Number of Drugs 445 210 223 54
Number of Targets 664 204 95 26
Drug-Target Interactions 2926 1476 635 90
Increased Interactions 907 766 458 40
Increased Ratio 0.310 0.519 0.721 0.444
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R4 BHT NR BIEER DTcheck 2 2 1
40 X B 250 UE /Y 25 Y ¥ AR AR 06 &, DruglD,
TargetID 435l Fm 254 BRI ID; C. D 430l Fom
#£ ChEMBL, DrugBank % & & w25 if) 21 % 24 ¥ 40
PATERER K @ B — A X5 78 KEGG £ 1,
Foora i 5 R B T AR, 7E KEGGh £,
) 2 7% 3 5 AR 4R B T X R A 265 9 5 A 1 R o
AR R R A MBI CHER. R4 PHAREE A,
W] 3 B Z W A BRI WL, B,
WA ) B — A B P L B B gt . T NR S 4R
k%, DrugBank $24EA0 B K IEE 2 R £, HiIR
& KEGG, &5 4 /& ChEMBL.

Table 4 New Increased Drug-Target Interactions of NR

Continued (Table 4)

DrugID TargetlD ChEMBL DrugBank KEGG  KEGGh
D00586 hsa8856 D

D00596 hsa6258 D

D00596 hsa6257 D

D00596 hsa6256

D00596 hsa5465 D

D00950 hsa367

D00951 hsa2099 D

D00954 hsa367 D

D05341 hsa5465 D

D00898 hsa2100 K K
D00962 hsa2100 K K

Note: The blank indicates that the interaction relationship has not

R4 NREBEMGHWEERXR

DrugID TargetID ChEMBL DrugBank KEGG  KEGGh
D00348 hsa5916 C K K
D00348 hsa5915 C K K
D00690 hsa2908 C D K K
D00040 hsa9970 D

D00040 hsa7421 D

D00066 hsa2908 D

D00066 hsa367 D

D00066 hsa8856 D

D00066 hsa4306 D

D00067 hsa2100 D K K
D00067 hsa367 D

D00075 hsa4306 D

D00075 hsa2099 D

D00105 hsa2104 D

D00105 hsa8856 D

D00312 hsa2100 D K K
D00312 hsa367 D

D00327 hsa2908 D

D00443 hsa2908 D

D00443 hsa367 D

D00443 hsa8856 D

D00443 hsa5241 D

D00506 hsa8856 D

D00554 hsa8856 D

D00565 hsa5468 D

D00565 hsa8856 D

D00577 hsa367 D

D00577 hsa8856 D

D00585 hsa8856 D

been queried yet.

HF Enzyme, GPCR,IC iX 3 %4 5 45 i) 51
RS E G R B A B2 IR TR A FAESCh B
Fe A 1) 19 AR 1 45 2R W hetps://github. com/
Yul23456/Drug-targetChecked.

3.2 BLM 7RG RERHWIE R ITMH 7

BLM AT 45> K 3 A4~F 5 i% . B BLMd. BLMt.,
BLMmax,H # BLMmax & It BLMd, BLMt —#
T Y 5 K {E. Bleakley 28 APk Hl AUC(HE 5
JRR B FRAR R RO PR 8 L TE 3 ATk,
BLMmax P fE i #f . BLMd 1 BE e 2.

Table 5 AUC of 4 Datasets
£S5 AUC HEM{E

Method Enzyme 1C GPCR NR
BLMd 83.1 74.5 82.3 81.2
BLMt 94.2 93.5 87.2 53.6
BLMmax 97.3 97.0 95.3 85.8

Note: The boldface represents the best one of the three methods.

M AUC A KB . BLMmax B % W23 it T
BLMd. K 1t . BLMmax % 8 24 9 #8 AR A FH 56 & 1 15
25 5 N iZ G T BLMA, 2R, 2% 6 20 R 30 4R
MR 251878 Top N PEMH, WAL N op 4% 2]
WERIEXRAEREMR AR 6 higHECT L
R R.7E Top 50 Z AT A9 & — 1 Top N ', BLMd
T 1 4 1) 25 4 80 bR XT3 22 F BLMmax; 7E Top 50
% Top 1000 Z [&], A H BLJG — B Jr ik £ F A —
D7 R i Top 1000 W, BLMmax Tl 1F i 1
AR AT I B H 2 T BLMA AR JT & 25 W0 b
B FH G 2 T0000 5 32 1) W0 3R 02 Ay 592 300 A6 ) Ak 2 S Ak
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A SE AR A R I, B AT RE D Y SE AR T 4R
FIFIE AR G AR L N O 2R 9 5 06 06k 24 4
B T 5C Z BRFE I S 9% €8, G, Top 50 iF4 2 J2

— AW Y 2k B X A T K B, BLMd G T
BLMmax, X% WA AUC P4 25 9 2 AR 7500
BRI

Table 6 Comparing New Interaction of Top N Between BLMmax and BLMd
% 6 BLMmax 5 BLMd # Top N H#{EA X A LLEK

Enzyme 1C GPCR NR
Top N
BLMd BLMmax BLMd BLMmax BLMd BLMmax BLMd BLMmax

Top 10 4 2 10 3 8 6 4 3
Top 20 6 6 15 7 13 11 6 4
Top 30 9 8 20 13 18 17 7 6
Top 50 20 11 25 22 34 23 9 10
Top 100 27 18 42 52 50 42 12 13
Top 200 41 38 68 95 75 75 18 22
Top 1000 90 96 165 250 163 186 36 38

Note: The boldface represents the better interaction between BLMd and BLMmax.

(3]

[4]
KR A B I 9 BT DTcheck 76

KEGG, DrugBank, CREBML %48 & 1 5 %% | £ (1 r5]
25 AR HIOC R A I E . F ] DT check 52 88 %
bR SR BT I AE I R P b 58, 26 T BLM
D7 B A5 2, BB T AUC PEM 25 9 M AR AE
KR T A A BEYE L K Top N AT LSS B & B
FROPTAR A SO I 9 2 ) B AR 0T 78 2k A 1) 46 1 S 8%
Rz B, KK A8 WIF T A 100 90 Tk i ] A5 A T vk
F18 36 T FY AN AU AL R T A 54 B A A 38 0000 e &
HI A8 /0 B2 Wy SR AR X, A7 R T B O 1 3t 3 25 ) 42
i F00 J7 1.

DTcheck WA T4k £ ¥ &, H Hr LA £ i)
KEGG,DrugBank, ChEMBL =4~ %4 & , 2 Br E
Matador, SuperTarget S 5504 &t AT D) A if) 3] — 26
FHOCAE T G R IR ATFE 23 4k 2L Xtk TAE S S, LU
DTcheck L EA T {Z .
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