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Fig. 1 Overall architecture of a graph neural network-driven method for predicting plant-plant interactions
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Fig. 3 The plant-plant interaction of different types
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Table 2 A score table of plant-plant interactions
predicted by the GNN-PPI
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Plant Plant Prediction score
RS Strawberries :;;ijfffﬁi 0.999 99
EiAf Strawberries FkZE Okra 0.999 99
H%F Strawberries i F Eggplant 0.999 79
H A H Passion fruit k%% Okra 0.999 78
i3 Peas ¥EZ Onion 0.999 70
H%E Strawberries ML Peppers 0.999 66
HRE Strawberries LY B Potatoes 0.999 63
K Garlic FJK Squash 0.999 58
%] Grapes W | Radishes 0.999 55
WIME 5 Beans 4 Onion 0.999 52
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A,

LR
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F &l

AR
Brassicas
- '.(

TI4530.999 99 Prediction score 0.999 99
B4 GNN-PPIF =430 045 F 9 1 3 iE P Fh 2
Fig. 4 GNN-PPI predicts inhibitory interaction
on 1 pair of plant species
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A graph neural network-based method for predicting
interactions between plants

CUI Ziwen, WANG Huan, LI Han, WEI Le
College of Informatics ,Huazhong Agricultural University, Wuhan 430070, China

Abstract A heterogeneous network-based on interactions between plants was constructed , and a graph neu-
ral network-based method for predicting interactions between plants was proposed to solve the problem of accu-
rately predicting inhibitory and promotive interactions between plants based on prior knowledge. The method is
primarily composed of three modules including a representation learner, an interaction identifier, and a type classi-
fier. The representation learner is responsible for extracting representations of interactions. The interaction identifi-
er collaborates with the representation learner to predict whether an interaction exists on types of targeted plant
and applies perturbations to the type classifier to maximally acquire transferable features across different types of
interaction. The type classifier is designed to accurately distinguish types of interactions between plants to avoid
being affected by the interaction identifier. The inter adversarial relationship among the three modules is lever-
aged to enhance robustness against the differences in the types of inhibitory and promotive interactions between
plants, thereby effectively solving the problem of accurately predicting targeted interactions between plants. The
AUC, precision, and accuracy of this method on the dataset of companion plant improved by 7.74,1.61,and 8.62
per cent, respectively compared with the best method SVM that of existing methods including SEAL , GATNE,
HeGAN, PME, SVM, and RF, reaching 92.00%, 80.12% , and 86.21%, respectively. The results indicate that
the proposed method effectively mitigates the interference caused by target interaction type differences, enabling
accurate prediction of plant interactions. This approach can be applied to optimize agricultural production practic-
es.

Keywords interactions between plants; robustness; graph neural networks ; inhibition and promotion
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