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Molecular property prediction based on graph neural network and Fourier transform

LIU Yu, REN Zhen
School of Medical Information Engineering, Gansu University of Chinese Medicine, Lanzhou 730000, China

Abstract: Current molecular property models primarily focus on optimizing pre-training tasks, yet they lack exploration of
foundational models suitable for molecular property prediction. Therefore, a novel model that integrates unweighted and
weighted graphs into spectral-domain and spatial-domain graph convolutional neural networks is proposed, with Fourier
filters employed to denoise node features. The proposed model is validated on relevant datasets from MoleculeNet, with
ablation experiments conducted to confirm its effectiveness. Experimental results demonstrate that the model outperforms all
non-pretrained baseline models. Compared with classical graph neural networks, the proposed model exhibits enhanced
adaptability to molecular graphs and enable more efficient capture of molecular structural and property information, making
it a promising approach for molecular property prediction tasks.
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Figure 1 Overall model architecture

X SMILES f) — P s, (i3 1 s pOHHIE,
X IEALIE, AR 1P AT SRR (HI 2R R HAE
PRGN HE 45 2R B AR I | I 2Z IR A7 A AH L ) 1
S U O A7 AR 42 5 X TR AL 3R 1R A
AL HZRHEN AR SR FERY TR . 5L 1, RDKit
A RLARBUS T (4 3 245 HE CRLAT A4l 55 A 1k M
THOLAE) (RS, RZBURPEAE T E 2
RO 28% BIAR AT 55, BL PR RENS A TR
22 LR

XT AL, 2 A IR BR A AESOT
St —FPLRE USRI SR A e PERE A IS I8 D de o X
TR B AR AL, EA T SC R R LA S



- 383 -

®1 P FEFERBEXFERER

Table 1 Relevant feature information utilized by molecular graphs
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Table 2 Dataset-related information
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Table 3 Comparative experiments using ROC—AUC as the evaluation metric (%)
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Figure 2 Heatmap of ablation experiments on various datasets
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