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Abstract

This study proposes a graph neural network (GCN)-based model for predicting fungicide activity. The
model directly parses molecular SMILES strings to construct molecular graph structures and utilizes
GCN for end-to-end graph representation learning. This approach overcomes the limitations of tradi-
tional methods that rely on manual feature engineering, enabling a more comprehensive and auto-
mated capture of molecular structural information. To evaluate model performance, we conducted a
systematic comparison between the GCN model and descriptor-based models—Support Vector Ma-
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chine (SVM), Random Forest (RF), and Deep Neural Network (DNN)—on the same fungicide activity
dataset. Experimental results demonstrate that the GCN model significantly improves the true posi-
tive rate (TPR), effectively enhancing screening efficiency. Concurrently, it surpassed the SVM, RF, and
DNN models in overall predictive performance. This work validates the strong capability of graph neu-
ral networks in predicting bioactivity directly from molecular structures and provides a more prom-
ising computational tool for the efficient discovery of novel fungicide candidate molecules.

Keywords

Fungicides, Graph Convolution Neural Network, Support Vector Machine, Random Forest, Deep
Neural Network

Copyright © 2025 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0/

1. 51§

VRN IRBRARO A P2 R SGRE N ,  RAGTE E B s h R IEE B AR . o, REFMENRZH)
HERG, LR EYDR E R T TS AT A . R, AERAREAREE—MEK. &
AT TN, R T MBS ik . IXAMNFESY EORVEIR, HRI K[ 1], =
R R HEHD IO 7 7 B R B R, 6 TR AR B A R I BRI R lAs BA B RS S
B, FRRGHERITH R TIELAL, DA ST oy T 8540 5 A id M 2 I B el S8 00, RO IR 250 K
AU SRR TR R

WAESR, TRPES: SRR SEAE FOi R HARFHAE B Zh 38 BRI & 2 B AR RE 71, TEZ5%) 53 J@ PR T 4oidek
BAS T RERT, DL ERAL Gt BRI E RIS /). 1X SR R 8 A1 23 1A Hh 2 ST IR B IR
WIRRR ZR, TR EN o T AE D IE VSR AL TR s Kk TR . AR EN1CIRR T AR SR E M 4% |
TEIPR L X2 DL R B 28 I 4 TE N 1) 2 PR B 2 S 280, R TR BEAN AR UK 2y T 3R0oR, HRIEZ AN
RIUT S LIGAE 1 A 2tk

BEXS R B ANE PE TN IX — R @ 155, AT QIR PR BB AR 2 4% (GCN)TE % LAY 2],
B 844> 71 Simplified Molecular Input Line Entry System (SMILES) 775 8 ¥4k W H 4y TR S5 R oR, If
FEMLBEA FREATAE B AR S RIE S ) o X P B R 77 S0 GON Ref% B R 46 73 1 45 K T 4 3R 5
FlaFwINES: . R FHE LLGEEN R EE R, ORI e o T Fa Sra N TPk i 4
AREF N T ATHVEG GON FIVERE, T PR IL TINS5 5 5T 2 T ROB T 10 4% GubL a8 2 S B AL SR ) E AL
(SVM)FIBENLARR(RF), PLRIRFEFHZ N Z5(DNN)IEAT T RGubbE . SRIaah SR, 76 AH R I 3% B R0 1
Himge b, BHBA 7 B GON BIALLE TN A - AT 7 35T F iR SVM. RF 5 DNN.
BRI S, GCN 7E R BV TR bR I ERA 2 (Accuracy). ROC #h4E N TH FL(AUC) MK i (PRE) - 1) £ 9l it
oo Hordr, X TR EZEPFMIESR PRE, SVM. RF 5 DNN [#)°F-35{E 7374 0.858. 0.761. 0.857, 1fif GCN
(P IMEIE R T 0.962, X —TEREMFATEMIEM T GCON RER 22 5165 Z8 R TR R 2k, Ik
BRI T S R LR SR T SRR R T A

2. BBBS
2.1. RS
AT ML E VR PRS2 51 23 (BCPC, https://www.bepe.org )Wk R & T R E 9T, MENIEFEA.

pu

DOI: 10.12677/mo0s.2025.147534 261 e RSE TR


https://doi.org/10.12677/mos.2025.147534
http://creativecommons.org/licenses/by/4.0/
https://www.bcpc.org/

HRZ &%

FEABE W@ DL FRAESREG: 18 FEk T ZINC HdiE L) PRI 15 ARG T R0 T
Jii, ik 2 Hao’s Rule (47 <435, ClogP < 6. S A% <o6. S4gftiks <2. mlieicis <
9. FHEEE <17) 31150 B RENEES IEFEABE SR 2 TN AR

BB 43 F ¥ LA SMILES & 2UAR 7R o 76 200 TAL 38 B B, FRATTSRFH DL R 0 e bt - 1 S8 PR B SMILES
R BERE RDKit T HEALIERMHT BACEEA I 100 AN, vk 22 B B8R -3 3 I P A ) S 350 345
SMILES #ixx: EHRETE “7 FF5M%H, DRIESMERY AR — T4 RERE IEFEA
R E R % 372 1.

IbAh, ASCEISTE PubMed 04 R AT SCHRES 22, AR T 48 SR IGUF HA R IS 4 T R R T
INGEHE PR E R T), TR T — Mg . 28 AR IEREA, M ZINC %L
I e 1k 6 (R SRR 2y TAE N REA, DA RE— 0 X B 1t R A7

22. FFEHE

RDKit 7& M T EE B ZHE TR, R SMILES F4F & BB ks 2D 4y 145
. HIDJReZ OAE T AT SMILES SRR AR AL IREhM . SR B RS, WEs Rt
B, Jfdd & e FE AR T B R AARHEA, B RAR RGE . B R & T RO A B R S HER R
Ko B A bR 5 AL B DAL B 4 T S (A T . X e T 45 M AN GON 22 I3 %, AR EL
KEEL

PLARE R B, H SMILES iy CC1=C(C(=CC=C1)C)N(C(C)C(=0)0C)C(=0)CC2=CC=CC=C2, i
TS XA AR . R X TR 0 A Je 454 . RDKit A0SR H IR EREAL A . BRFE(C(=0)0C) %%
BERMIE, CRIFBEIZBE(N-C(=0) YA A, FFAERRRIA T IRk i DU THAR R R o AR ) AR 41 ] 1
FrR:

Figure 1. Benalaxyl molecular structure diagram
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Figure 2. The complete framework of GCN
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Figure 3. The complete framework of DNN
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Figure 6. Performance comparison of models on independent test sets
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