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Abstract: Fusarium oxysporum widely exists in farmland soil and is one of the main pathogenic fungi of root
rot, which seriously affects the growth and development of plants and often causes serious losses of cash crops. In
order to screen out natural compounds that inhibit the activity of Fusarium oxysporum more economically and
efficiently, random forest, support vector machine and artificial neural network based on machine learning
algorithms were constructed using the information of known inhibitory compounds in ChEMBL database in this
study. And the antibacterial activity of the screened drugs was verified thereafter. The results showed that the
prediction accuracy of the three models reached 77.58%, 83.03% and 81.21%, respectively. Based on the inhibition
experiment, the best inhibition effect (MIC = 0.312 5 mg-mL") of ononin was verified. The virtual screening
method proposed in this study provides ideas for the development and creation of new pesticides derived from
natural products, and the screened ononin is expected to be a potential lead compound for the development of novel
inhibitors of Fusarium oxysporum.
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Figure 1 Screening process of active drugs against Fusarium
oxysporum
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Figure 2 Two-dimensional spatial distribution of AlogP and

molecular weight in the data set of compounds associated with the

activity inhibition of Fusarium oxysporum
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Table 1 Prediction results of the three machine learning models

in the training set. RF: Random forest; SVM: Support vector

machine; ANN: Artificial neural network

Model  Accuracy Precision Recall Flscore AUC

RF 0.829 6 0.809 7 0.7989  0.8010 0.9001
SVM 0.789 0 0.762 0 0.7659 0.7580 0.8789
ANN 0.821 4 0.807 7 0.7802 0.7897 0.886 6

Table 2 Prediction results of the three machine learning models

in the test set

Model ~ Accuracy  Precision Recall Flscore AUC

RF 0.775 8 0.745 5 0.6406 0.6891 0.9013
SVM 0.8303 0.790 3 0.7656  0.7778 09129
ANN 0.812 1 0.770 5 0.7344  0.7520 0.899 8
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Figure 3 ROC curve (A) and confusion matrix diagram (B) of three machine learning models
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Table 3 Top 20 drugs with high average accuracy selected based

Table 4 Chemical structures and MIC values of candidate com-

on machine learning pounds
Accuracy/% Average Compound Chemical structure MIC/mg-mL"
Compound
RF SVM ANN  accuracy/%
Phyllanthostatin A 93.58 95.70 99.83 96.37
Icariside IT 89.30 98.26 100 95.86
Icariin 91.44 94.11 100 95.18 Icariside 11 0.625
Homaloside D 88.24 96.71 99.93 94.96
Etoposide 93.58 91.29 100 94.96
Dehydrodeguelin 87.11 96.72 100 94.61
Pierreione B 84.99 98.78 100 94.59
Lethedoside A 84.99 98.54 99.99 94.51
Tremulacin 91.44 92.92 99.05 94.47
Luzonoside D 90.91 93.03 99.46 94.47 B
Cypellocarpa C 87.17 9620 99.98 9445 leariin 1.25
Nigrolineaxanthone K 86.04 97.00 100 94.35
Pongapinone B 88.71 93.40 100 94.04
Curculigoside A 85.52 97.19 99.25 93.99
Prunose I1 90.37 91.41 100 93.93
Thiocolchicoside 86.63 95.05 100 93.89
Paederoside 84.50 97.00 99.99 93.83
Ligstroside 88.24 93.39 99.71 93.78 Etoposide 2.5
Ononin 84.99 96.33 100 93.77
Styraxlignolide B 93.58 87.93 99.80 93.77
g
Eﬁ, 28.9% W25 FH A ujﬂj“l:%gﬁ)\%m], R Thiocolchicoside 1.25
HE B P 2 P R AR SR T
VER AL R, RV IR AL, 2
Ononin 03125

R 978 2 R R 2R T 60% ~70%, K AR J s il FL sk
7= 20%~30%", Hk85 N SR JE 1 K0 26 s 50%1°,
BT LR o1 SR 25 ) e A0 SNV B 245 ) et
TE & 25 008 S ) 2 )80 T 8 e R 307 BT JR R
T BRI I Y SRR B IR 2T R, BB 2 AT
T2 530 B AR O 1 A A, (HIX e B
Hh 5 A 2 B R A A DG 1S R BRI T
WIRA LG W I o AT 00T 245 AL PR JE3 9 11 8 22

BO TR A 11 2 0 R D TR A B R AR 245 W Bk T
7%, 38 1T #4 @ RFLSVM L ANN 80 X6 K R 2459 43 1 3
ATV, d /0 7R 25, S T AR S 2 R BT
IREBUN TAERRE, S 740 2R i 2k . ik
S, SAHE ] B I BURHLE QA5 212 R0, EFET

Figure 4 Morphology of Fusarium oxysporum under different ononin concentrations
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Figure 5 Root morphology (A), spot area (B) and relative spore number (C) of ginseng under different ononin concentrations. In Figure A,

a and b were negative controls, ¢, d, e, f, g was 0.312 5, 0.625, 1.25, 2.5, 5 mg-mL", and h were positive controls, respectively. In figure B

and C, PC represents the positive control, and different lowercase letters above the bar chart indicate significant differences (P < 0.05)
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Fa st 5, HAA B2 AR YT, 38 S5 R A B vE P R

18 . Ononin /& 3 1€ | 20 B F BE M ™, BA B
(0 28 v Ve, FF HLRE 88 400 e 40 PRI BT . AR SIS
R I ononin 7] LA Yk 3 #1168 70 B AR K, BRA LT
Lo AR ZE R, AR A X 2 H, HLA B R B 25 0K
JEE P38 v 5B AN BH S o K ononin $E R BN SR, BE
g 56F N2 R JE 0 1 K Rt B/ F . AR L MIC
5 0.312 5 mg-mL", FIXE & B2 Y0 FE i e, (HAE —
J5 TV AT DA W AT A 5 o0, (RO T o B3,
— B R RN ARZ P oy — T7 AT BAE R 2
PRI, 5 T2 U 42 1) 24 75 S LAt 4E 245 FH A 5%
YE L HEAERL, B BEUR IR Rl RE SRR S, [R] I S et
TIEHAT R, R A

AHE NGBS TH S SEIR IR AR 45 &, 0 B
X SR AR T TR R SR PR R . f AR A A
G (TERRACTE) B BEAE B vk B 84 9 78 8k T B 410 1
FRIE R EY .. RSLIPHFAER, — T HRUE T
i 3 B A S (TR AR ) X 2 ik 70 BRI 14 1 0
HIVER 5 — D7 R Bh 52 3% 1 H03 e b 5 9 fa ik U
BVE MEAR SC AL S S B, e RAEY i L5 24
VRS SRR A RS VR AR LR . T AR
AR i e 285 B b () S NS WEAT T SRR SR, fRAE
—EM R R T B, AR IR R
R34 3 BB, o HE B 26 > 90% K 259 ¥ 330 4T S I 364U,
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PASRAS R R A PR B ACIF 0 AR R 14 400 1) S A B
WS ERL &), T SRR 25 T R S A -
[ AN, H5 A it 5 24490 9 328 K0 P v 45 2 #9701 40 1)
FUAH R e iR 3™ 38, W] Lt — 20 B2 e 25 W i a1
ANHERG L, IR, B 75 B0t — B IR SR A ) i R )
MR AR G 1) R I LR AN B0 [, BEAT SE IR B X 1k
INESEY UL AT

B3 STk B 5 IR ST TR VR T O R R
NGRS 5 LIRS RE, L T RE 2
PS5 5 e B AT SERR BOR (R it F R TE AN 2R P S 6 5
S B R S

FUEEPSE: T A AE & KA WA 2 R
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