ETXAEFRHENBRRENTEAY LN

WA, ST, KE, F, 27, A", AR (LR 8ias, 1T 21 222005 2. iR
T LV A, TR 2100165 3. 5 [ BB B 5 B RIBS S B 25 BT 7 , L3¢ 100050)

BE.BH AT X ARERMNZ M 2% (Text-Convolutional Neural Network, Text-CNN) J- ik, # & #43% & H) F 3K 1A (Staphylococ-
cus aureus ) PR A TR AL | 38 1 WS R LA A 4] S, aureus FEHEE G KALA 4, FiE A ChEMBL 33 & J 0k 4 5 %
T 26327 ANARIEA S. aureus FEVERAE WA BT AR AR IE 5 10 091 %4 Aol X 4R, SRR Text-CNN Jok s 52 10 A4
A B A AR A SRR AR AR R AR AR AR R AT Y- AR B A B R 3R AT, AE R R AR A R L 0% b N SR AL A S, A
TR LG RBNAY, R AT R AR ENTACA YIRS, aureus 7EH, B5R %A Text-CNN3 LB F TP LA R
U6 5 VEAE AR 3T T K AR 09 DS MR £ A KA 0.573,ROC W& F@ARA 0.881, A Tz A6y & 5005 A 1 %
MK, R T BmAFR E A Y5 F2 YT, L3¢ S. aureus #9 52 /%37 1§ 7K & (minimal inhibitory concentration, MIC) 43| 4 8
Fod pg-ml™' ) GHI® O KBFRE 549 Text-CNN3 A 5T A 20 L I S. aureus 4L4&3 , T R ILEG G Sk Aebh Y5 = YT ik —
FRR 0 FE XML,

KBIR A XET FRE ; LAERANE R L% S TR ; FARIT R
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Text-Convolutional Neural Network-based Discovery of Antibacterial Agents

YAO Mingli', GAO Dingjia>, ZHANG Jie’, LI Shan®, WU Song’, SI Xinxin'*, XIA Jie’* (1. School of Pharmacy,
Jiangsu Ocean University, Lianyungang 222005, China; 2. School of Economics and Management, Nanjing University of Aeronautics
and Astronautics, Nanjing 210016, China; 3. Institute of Materia Medica, Chinese Academy of Medical Sciences, Peking Union Medical
College , Beijing 100050, China)

ABSTRACT: OBJECTIVE To build a text-convolutional neural network ( Text-CNN)) -based prediction model for anti-Staphylococcus
aureus( S. aureus) activity and identify anti-S. aureus hits by virtual screeningg. METHODS A dataset containing 26327 compounds
annotated with S. aureus activity data was collected and curated from the ChEMBL database. Ten pairs of training and test sets were
generated by random partition for 10 times and then 10 models were built using the Text-CNN algorithm. The best-performing model
was determined by model evaluation and further studied by Y-randomization test and applicability domain analysis. Following that, the
best-performing model was used to virtually screen the in-house chemical library, by which the potential antibacterial agents were deter-
mined. The micro-broth dilution method was used to test anti-S. aureus activity of the potential hits. RESULTS The machine-learning
model ( named Text-CNN3) performed well in classification. Evaluated on the test set, its Mathews correlation coefficient was 0. 573
and the area under the ROC curve was 0. 881. With this model for virtual screening as well as antibacterial screening, compounds Y5
and Y7 were identified as antibacterial compounds, with minimum inhibitory concentrations( MIC) of 8 and 4 pg - mL™", respectively.
CONCLUSION The Text-CNN3 model in this study is effective to identify anti-S. aureus compounds, while the antibacterial hits Y5
and Y7 are worthy of further study.

KEY WORDS: Staphylococcus aureus; Text-CNN; activity prediction; minimum inhibitory concentration

YA Zifif 257 (antibiotic resistance ) 25 A JS fidt HER W3] 2050 EA4ERA 1000 77 ASET-P
Rtk LR, WHO 245 Ha g sk A4 T SRR R 250, B2y Wt kR =R B E . AR
T M . ST U R L B 2 OB R TR REVE R LA
BT HUEREHL, REREEA 70 TS TG SRR L T 20 4Rk, BRI P kL
B BN MR B R DR A B AL 254 R LA 4 2 B

E SR : [ B 2Rl 5 B2 2 5 (@ RERl-H s TR2 s R PrE AF I 3 3¢ 8 (2021-12M-1-069 )

=R DS L T e i e S /e SRR &l 1 I e (= S K= SR BT 7 e CEWAEE . AESE, L WL, Bl R WFSEI7 1 2 43 T 25 30
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- 249 -

T E 224 2024 4F 2 H 56 59 #2553 1Y Chin Pharm J, 2024 February, Vol. 59 No.3



B2 (A 2 e fie ) IR IRZE (i fe s R ) VB
FLMH 26 (g b Zaak) o Hop EAimstiE 9
(AR EE R R e i PR A 1D &) FNEAL
TG RTT & By B i s 25 9 b, R o 259 s T
DA b K700 5 e R 8 R B B0 25 W A R
AR R LA 2R 7 A 28 U 24, o ik MR A
[ vE AR AR R 2 1, PR AR T A T 4 A 2 A
HIHL I 2590

o U 2 5 AR S R T K 3 4 A SIS R A T TR
YA A LT B, IEAR, A N LY
REBCA I PR3 & i, BOR 8 2 i WF 58 N 53T B R
FHIZHA Ty v 1 S U I 1 T000 ASE B 5 T % R 40
femrs R T 2R A (- 1) . L
1, Wang 25100 ffi FIAN 26 00 H7 S pig 4L L 0
Pr 53 ks 3 S8, T AL M BT R R £ R0 4 1
BOUR T T Mg o 2 BB I 1k e o A
ARSI I T 470 48 B 68 7 % BRI ( Staphylococcus
aureus ) 145 W) 1Y HE 40 i 3% , I & AL-& 1 C1
C2 Xt S. aureus FHH BLAF BB G P, 5 AR
B¢ ¥ ( minimal inhibitory concentration, MIC ) 73 [H|
4~16 png - mL™", Stokes 257 SR AT 9 K A% 3%
VR A1 25 M) 2% ( directed message passing nerural net-
work, D-MPNN) #5714 B 15 e 70000 482 Y, 5 xf
ZINCIS b5 W e 0 A7 TN A0 8, e B T BA it
S. aureus WEVE LG C3 F C4, H MIC 4351k 2
0.25 pg - mL™',

O/
/O\é)/o\ on
2 J
)
C1 2

MIC:8-16 pg-mL"! MIC:4-8 pg-mL"*
O
Br, BrO HEN\,S:'
o T
N=N' O N
e e
0w I, N P N
N I:P { b N\OI o -
6 oH N~g N
O o O
3 c4
MIC:2 pg-mL"! MIC:0.25 pg-mL"!

Bl ATHBEFIRIANEAReEZCHGREAF LS
REMAED
Fig.1  Representative anti-Staphylococcus aureus compounds

discovered by machine learning

2014 47, Kim 25172 YCHR i SOR S BRI 22 19 2%
(text-convolutional neural network , Text-CNN ) 347 f:
B Foz RSO 73 JAT 55 o, BORE T 880 A4 L 8%
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Ho Text-CNN S3L R H L, 154 25 W) 70 T RO T £k
Oy M S A (simplified molecular input line
entry system , SMILES ) &7 1 Ay i A 57 1% 1 T 00
BRI AT RE . SO R 45 R R W], H AR A R
JH Text-CNN #ERY AT kg 207 16 5T K BT 18 1L 5 W)
MIAE o T I, AWE IR AR T A S, aureus
TR R AL & W, X Sl R A7 AL B S, R A
Text-CNN B M a1 10 > Text-CNN #5 | fif J5 18
I AR P 0 2 P BB SR CEASE Y ) R AU 1 , O i
TSRS I, B T BA B S. aureus 1V
F: s P A8

1 #EHnE=%
1.1 Text-CNN
L11 i msEs M ChEMBL 29 545 4
( https://www. ebi. ac. uk/chembl/) T # #5 1 A
S. aureus FAR A TR W EE B 46 5 A2 W) o s 102,891
%%, {#iF RDKit(2019. 09. 3 i) F1 MolVS (0. 1.1 %)
Jeth R SMILES RuEfe™ o ALk B B A7 7 D)
MIC RS, [ M B YIEATAE L 5% MIC £
DB . ARIEZEZGPE( drug-likeness) J5U, X
PREA A 4> F s A KT 600 Hon]ligsk iR £+ 20
M. ARG MIC B2 75/ F 32 pg - mL™' KAk
BYrmC R TE A YIRS Y. BEDLAHK
80% BEAE N INZREE, 53 Hb 20% B A a4
ZRERAR 2 B E A 10 U, ARAF 10 X5 ZRAR Al
A,
1.1.2 L5 Y) SMILES £7R ki) A& ¥4t
K SMILES 375, B f5 % SMILES i#47 Ji 4% 43-in)
(atom-level tokenization ) $£BUiA] JG ( token ) , H. {45
VEGLHE . OF Z AT R A5 (Fln“ C1” & “Br” ) #
S IR T s Q¥ T U 455 R 1R IR A5 (1
WO~ [nH] %) W A i o0 ; QBRI PAF1F
oD W SR i b

1556, % ChEMBL £045 28 W B /b o3 7165 W)
AT IR T o i), 245 2] 256 > 16 5T I A4 )i 4 i)
VUL [ RE D, K S aureus K4 HE N BN 1AL
AW SMILES #4743 18] 15 2116 7 , AR 45 43~ 10] 1) Bt
FHiEl oG i ID #E 47 4 . & 583t AR
S. aureus B4 5 W /N5y 746 & W) SMILES 1137 J5
MR Z N, HIRFFITA /N TG
SMILES 19 4 1% & B — 3, f#i F keras ( https://
keras. io/) [{] pad_sequences pRECE: SMILES 4549 )5
AR 91 iAo K B2, FIAE Text-CNN #2841 i
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Ao BIXFRBEEA AR AN O, X0 T 5
it O1 Y N FEAT AT

L1.3  PIZRILARZUN  ABIEI0 R T £ R 22 )
St 2 BToR . input S AJZ, T2
245 J5 1) SMILES 5K & ; embedding ik AJZ,
K input JZA5 325 1Yy A 50 3 FUE SCRY 1) 43 (8]
conv_0 conv_1  conv_2 #E— 4 HEHZE, H— 2
A TR, 0 R AT R AE S 0 B

J5 , 433 batch_normalization . batch_normalization_1 |

conv_0: Conv 1D

Input: Input lay
erembedding: Embedding

conv_1: Conv 1D

batch _normalization _2 473t BLIE AL , ¥ O Bh B T
IR0, 41 4533 maxpool _0 ,maxpool _1 ,maxpool_2
WAL 2 BT I AL, BIXTHRFAIE 3K it KAH 5 concate-
nate )22 TG R T2 6 R AERTEAL b Ak 5 15 2 1 4
MEFEAT G %4 s dropout J2 3 3 B dropout 2, ¥R
SEVROIACE, B Ik UG s B dense il IR
HE T AR A IR G 35 RO e BOHE T 326
AW 55 i B TensorFlow A7 £E f i) Keras API % 37
Text-CNN #2751

conv_2: Conv 1D

batch_normalization: Batch normalization

batch_normalization_1: Batch normalization

batch_normalization_2: Batch normalization

\

l

/

| Maxpool_0: Global max pooling ID |

Maxpool_1: Global max pooling ID |

| Maxpool_2: Global max pooling ID |

concatenate: Concatenate

dropout: Dropout

dense: Dense

2 SURAERME F 25 (Text-CNN) By FE AR £ H
Fig.2 The infrastructure of Text-CNN

L1.4 #HAGESHEE WER, Fahay
[ SMILES f 3] 7T 1 B 5 [ 5y O 1, PRt I b 15
B AKR/INR 91 Ta)dik A it 4 B s O 50, B
SMILES 4 ARG , i fix A 2 52 3K 4 50k 1) it
KN (256 4t ) 11 4G A W 56 3 48 50k 50 1Y SE 1
[

WK 2 fos  ARRRIILIOE 3 M — 4B RR &
BN I E R 2.3 4, B K ECE S 1, B0
BRIBCN RelU, H 43 b5 B 191 B &l 256 4
TEG TS — A TRZ JEAT RRAE 2 I AL KLY A A i R
WACHERAES , X RPAE AT 5 0F % 36, SRS BT Soft-
Max pREGHAT 5328, fa tE A Al BRARZS , R LT
TEPERRTCTEPE . BT 2k s KUK ] sparse _categori-
cal_crossentropy , {1t %% % A Adam &3, fR B 25
IR AR B & 40,

FPIE 2y ek 2024 4F 2 H A 59 45 3 )

Bk 1 DA S 6 S 502 R 10 3758 LB UE LA K
PRSI R B E 1. BART &, TCRUCR 22 o0 1Y L
il ( dropout rate ) {48 23 [H:0. 1,0.2.,0. 3, it K
/IN(batch size) {8 R 0 Fl o 32.64 128, 22 ) R
(learning rate ) 19 % & ¥ &l 24 0.000 1.0.001 .
0.01, Xf TH—HBSEMHSE, HH 10 Wl
JIE A 30 0 VA B 01 Y (R 3l 3 B BOAS [RD 2 A
HE & B AE 10 728 S UE 0 w0 B2 0 5 Bt
HZHL
L1.5 MAVEREIEAS  AHEITI i RABUE (sensi-
tivity ,SE) 5% (specificity, SP) " T B 4 6
Z K ( Matthews correlation coefficient, MCC) "™/ | &
ZiRE TAE R gl 28 (receiver operating characteris-
tic, ROC) gl £k ' M 2 (area under the curve,
AUC) "33 DU AN $ 4 3of 15278 1) 1 i 1R AT DPA .
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H, SE SURRECPH R S, S 45 52 B S B o)A A ]
YRR A e SP R B PER S Pr o B
PERREAS FIW A BAYE R LB . E B (true positive,
TP) AU G AL &5 W) B, B A (false positive,
FP) 27 K AR 15 P 46 & 4 5000 O 3 AL 5 1 A 2K
i, H AP (true negative, TN) fUERARTE PEL 590 1Y
B BT (false negative, FN) 7B i PEAL 5 4)
TR A PR Ko, MCC D LAE 4 A5
ML AR bR . AUC AR BIPERE A HE7E B PEREAS
AR, LR 7 , Ul WIS TR X B PAAE AR PR HE
RORBF , AR AT ~3

TP .
- At
SE =15 4 FN 2ENEY
TN .

- N
SE TN + FP ANE(2)

MCC TP x TN - FP x FN

(TP + FP) (TP + FN) (TN + FP) (TN + FN)
A(3)
L1.6 Y-FEPLILREE  Y-BEPLIEAS 5 (Y-randomi-
zation test) FH| T I JIE AR TR pr) €5 M 1S AE A 5T
oY BEYUCR IR ILIEAT 3 . BRI, Ry
YIZRAR T AR IE B AS 28 , B I 5 4 rh i PR R AR
T AR HEATBEHLATHEL , T A B — BT I 2R
SR AT 10 H7 38 I UE LA K WA 18 2R i o A fL
ZHUE AR TERRL P REPTAS b, FH AN
PR H AR [R] I o An SRR I 25 2 R A AL
REIZEAN N JAS Y () PR BE , IS 2 Ji s 7 1% ) 428 e 5k
ANEAEIRE
L1.7 &8 AT MACCS #5805 0
LML E Y SIGRE T B G YA A R AL
(tanimoto coefficient, Tc) , Wi 5 E Te BE (M 1
#) 0.5, B AL 0.05) , B0 5 B i 4 b 591 2
AL YA ARLRE B Ao B 1 A5 40 , o TTASE A S
HEBRARAL 25 44 J5 i i 3 4R AR5 W B3 1k 5
AUC i, th MR B BE G 22 AR P it 22 4k
LTS
L2 ENfFs
TR U R Fo A ()T TR P ST A AR Rl DL e DR
R N EBIAL B (% 435 MEE9) , P58
FAPURTEERIE Y. B TR AR T AT BT
TEPEALE Y S E SR S. aureus BAEHE N TEE
A PR RLBE (BIJE T MACCS i Te fi) "7, 4
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P00 ) B e R %A A 4. A Discov-
ery Studio /4 (v16.1.0) H 9 “ Cluster Ligands” 5
YUARHE FCFP_6 $520 7 40 F R 10 7. ek, %
ST G SR R, Pkt — e BE ik &
YA TR ST B T PR DU

1.3 RANGUH E RN

R FACR A 9 s B 1 0 A B W B A A T
WEVEHEAT VRN, SR T IR AE S, auwreus S HRIE R
ATCC29213 , 1& 4845 4 MIC,

96 FLEEFRMCK G, 55 1 5 H A 200 pl
PP, Ay 11 BRI 100 pL wik. SRS
TR & FH DMSO YR Befl W BE R 1.6 mg - mL™",
B4 pL WA R EA 200 pL @ik e FLE , R
2 fEME R R G 1 AL B AL A W TR E
IMAFNIHAR &AL (% 100 wL B&K) H, &L i
WLy N 32.16.8.4.,2.1,0.50,0.25,
0.125.0.062 5.0. 031 25 .0. 015 625 pg - mL ™' ¥
96 fLIRFEH 2 37 CHEFFHINIESR 16 ~20 h, K%
2 B 96 fLARE TR S N, SR fL N 4
A RIENL, WA 1 MLERSG — L, R LA
AR B LT R B AR 0k BE B R iZ Ak & i

MIC, S5aR I 3 S AL, B¢ B2 1 Xk AR ZH 0 BH A4 %o
MR (LERDR)
2 #F R

2.1 Text-CNN A A

2.1.1 S awreus BEFIRE T REEHEEN
WPESARTE AL W 0V, ABF RS 32 pg -

mL R BIE . Rt PO S A A A RS
PEAL G YR E 23 0y 18 489 F17 838, 4] 3A i
/N T T Morgan2 8800 B AL A 409 9 1] B 45
FARLUBEAE Te 534 . Bz IE AT 0L, B TR 25k
GYIZIIE) Te {H/NTF 0.25,3% S. aureus FEBLEE
SRR SRR E5 i Z R

2.1.2  FEANARMERE WOTIRETIR AT IS
FEALRAEIRAT T 10 2 ZREE RNl AR | Bl S 51 % 43
— N - R , R Text-CNN Bk 837 Bt
S. aureus FEVERMARL, 3% 1 FIE 3B J&/R T Frgkar
() 10 MBI R S ECRIAEIR AR B P RETE AR, T
HHRIRIA) MCC JE[E N 0.485 ~0.582, AUC {HIE FEl N
0.863 ~0. 881, FKIK BRI ) /- M REAH ZE A K, H
o JETES 4 XN ZR-DNR AR T S 1 44 A Text-CNN3
B3 AP ERE ST, H AUC (Bl 0. 881, N iR
R R SO i KNy 32, TEa s 40Ty
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LB 0. 1,%72) %5 0. 001,

0 0.1 02 03 0.4 0.5 06 07 08 0.9 1.0

Models
A - 3T Morgan2 58U P P Z5 A4 40 L B ( Tanimoto R4, Tc) 4341 ;B - 10 4~
Text-CNN BUBEIRSE - 10905 5 JSERE - S IENFHE R HL(MCC) UZ A%
TAEFHEfhZ T AL (ROC AUC) o

A - distribution of pairwise structural similarity ( Tanimoto coefficient, Tc) based on

the Morgan2 fingerprints; B — the Matthews correlation coefficient( MCC) and the

area under the receiver operating characteristic curve( ROC AUC) of 10 text-CNN

models evaluated on test sets.
B3 cHCWaRAAEHERIEA 5 X KA
Fig.3 The S. aureus modeling set and the classification per-

formance of the models

®1 BMEANESRANRKE LA
Tab.1 The hyperparameters of each model and classification

performance on the test set

Hyperparameters
Models Batch  Dropout Learning  SE SpP McC AUC
size rate rate

Text-CNNO 64
Text-CNN1 64

0. 0.0001 0.849 0.732 0.564 0.878

0.
Text-CNN2 64 0.

0.

0.

1
1 0.000 1 0.953 0.439 0.485 0.863
1 0.000 1 0.889 0.640 0.545 0.867
Text-CNN3 32 1 0.000 1 0.900 0.652 0.573 0.881
Text-CNN4 32 1 0.0001 0.833 0.751 0.561 0.879
Text-CNN5 128 0.1  0.001 0.835 0.742 0.559 0.865
Text-CNN6 64 1 0.000 1 0.903 0.635 0.564 0.871
Text-CNN7 32 1 0.0001 0.881 0.694 0.582 0.878
Text-CNN8 32 10,0001 0.905 0.616 0.551 0.868
Text-CNN9 32 I 0.0001 0.879 0.673 0.557 0.876
T SE — R ;SP — Fi5t s MCC B EIHIS R AUC - i T IR,

Note : SE — sensitivity; SP — specificity; MCC — matthews correlation coefficient

0.
0.
0.
0.

AUC - areunder curve.

2.1.3 I fEPERERIT Text-CNN3 04T % 2 Ji&
T Y-FEALAAS B R v B S A 3 > Text-CNN

TP 257 2 2024 4R 2 J1 45 59 5 3 1]

BRI 4325 R, L AUC {E43 5124 0. 509 0. 478
1 0.506, MCC {4 %1 & - 0.009, — 0.016 F0I
0.000, MCC il AUC B 46 F5 B 2K F Text-CNN3
HEF (AUC ;0. 881; MCC:0.573) ,iF B 3L F Y-Bl#L
A I A B SR I 255 3] () B 78 I 3o YR A T 47 7T
Pho PRI, #5R) Text-CNN3 (1) i | ¥ fig B A &
Bk

F2Y-FALGAR I 2 SR AL B R
Tab. 2

trained in Y-randomization tests

RS

Performance and hyperparameters of three models

Hyperparameters
Models batch  dropout learning SE SP MCC AUC
size rate rate
M1 64 0.3 0.001 1.000 0.000 -0.009 0.509
M2 32 0.1 0.001  0.999 0.000 -0.016 0.478
M3 64 0.2 0.01 1.000  0.000 0.000 0.506

AW FTIE XS Text-CNN3 A5 7 {9 38 F kAT 1
WS . ZR R (B 4) , AUC {EREH MK T 5 W
A () ARARL BEAEL T 130 EL PR 980 /IN 10T D7) o 35 1
A AL & Wl 2 B R PR RS o O (AT
AUC {HRT 0.70 ( VAR 9 73 6P RE) , (LB 1
VEWN I 7 7 5 U2k 58 A 20 1 10 A0 B2 A A
0.80 DL I,

09, 0881

0.8+
0.715 0.692

| I 0.635

1.00 0.95 0.90 0.85
Similarity(MACCS fingerprints)

B4 Text-CNN3 & A iy ROC AUC {8 F )| % L & 4 5 Il R
U EAEE- T2 kY4 R 1
Fig. 4 The corresponding ROC AUCs of the Text-CNN3 model

with the maximum structural similarity of test compounds to the

0.7+

0.6

0.5

ROC AUC

0.4
0.3
0.2+

0.14

training compounds.

2.2 JE U ARSI S, aureus 7 1A

R JH Text-CNN3 65 5 %of 25 99y ir )N &4 5 9 )%
(435 4>) BEAT TN (181 S ), O3 B 00 A A 36 41 1) £
BY137 Ao ARIESS BT, Of B S 2 T
S. aureus (L EPIFIBIE R Te /NF 0.75 ML)
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36 1~ i, AT FCFP_6 45806 HER M 10 #5118
PRt Z FEVE A& AT AT PR I O ML &) (£
3) o 43t PubChem #rif, 455 B/ FiR b &40
FEHEAR WARIE . WK FiRA G YT T IR SN TR
TEVEVEY , KA B YS(7S) 4-Z JE-7-H JE-5,6,
7,8-PUA-[ 1] R HRAEL2,3-d] [ 1,3 ] WEER-2-i il
M YT (5Z)-3-[ (4-ZHLIR B ) F 5L -5-[ (4-foR
FL) W R OAL ]-1, 3-E Mk BE2, 4- [ X} S. aureus
(ATCC29213) A B4 I 15 ¥, MIC 351 % 8 il
4 ng - mL ™',

In-house

compound
library (435)

|

Best model: Text-CNN3

. J
l Predicted to be aetive (137)

e ™\
Similarity search

(MACCS fingerprint)

- J

l Similarity <0. 75 (36)

[ lustering (FCFP_6) J

|

Hit compounds (9)

BS Hiew6H & RE e ENFRRRE
Fig. 5

compounds

The workflow of virtual screening for anti- S. aureus

3 £i5itie

AHFFE T R AL BAR A S, aureus TG PEEL
PR E Y, 57 T T LR S R B 4
26 327 A S. aureus AL G . Bifi 5 38 4 BE AL
KA T 10 XFYIZRERMIRE . A SCH R
ETILAYR SMILES R K JE T 94310 75 1, LU
Text-CNN BEYINZR T 10 LS. aureus 75 14 T35S
R, ZRERIVEREEAL , Text-CNN3 B P RE 47, HL
AR T Y BEALA I A S A BT, T LR
TR E . FEMIERE b AT R 7T Text-
CNN3 H5 T {14 K 0005 9 , 28 3 445 Ka) AR AL L %o A 2R
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Hor W, O AT Z R AL G W T RS e
S. aureus {HHEVFHY, K BAL G W) Y5 F1 YT ] LIAT 5L
Wk S. aureus(MIC: 4 ~8 ug - mL™") | JE gtk
RS Y.

R3 BAME KA N EMNREN RS aureus
(ATCC29213) ¥ #

Tab.3 The structures of potential hit compounds and in vitro
anti-S. aureus( ATCC29213) activity

Chemical MIC
1D
structure /g + mL !
9
§/\NJ\.\IH
Y1 Ve YW >32
o B

=
Br \)(L
0 o ’
Y2 Om o >32
WN S 0~

Y3 07 w70 >32
0.

v O-0fr =
\s
H

Ss_N
Ys @%ﬁfs 8
Y6 _ 532
7NN

N‘N%\s M
o
Y7 IméijO‘\ 4
YS AE/\@()VQ/ >32
1 /HN/©/
Y9 /@i/ﬁ/& >32
o o
¥ "OH
Levofloxacin N N | 0.015
IS RS

ABIFE A I B T 5T M 25 ) A B B, Bk
T Text-CNN S5 I T UL R 29 K B {E . (HA
WSS 1 A7 AL — 5 1Y R IRk — T i, AL 5 YS Al
Y7 WP 6 RS 2 AR U R A B2 ik A A
R, T ik — 253 3 Al = 45 4 Wi £ v HLHt vl
ke 73 —Jri, Text-CNN3 [ £ BE45 vr il A7 S T
23 [, J5 252 0 3 T A JR B O O A 1Y O ik 4R T
MAERE o
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