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Causal Mechanism-Based Molecular Property Prediction
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[Abstract] In the field of quantum chemistry, molecular pfoperty prediction is a fundamental and critical task,
which is widely used in many fields such as drug discovery and chemical synthesis prediction. With the development
of artificial intelligence, deep learning methods have been widely used in this field. However, current methods
often adopt two extreme levels of abstractiony, namely micro- and macro-views, to model molecular properties,
posing challenges in generalizing to out-of-distribution samples. The mesoscopic view of chemistry provides a
beneficial intermediate level for deseribing\ molecular properties through mesoscopic components containing
functional groups associated with thése properties. By considering these mesoscopic components and modeling them
from a causal perspective, mereénattention can be paid to the functional groups related to these properties. To
achieve this goal, this studysproposesa Mesoscopic Component Identification(MCI) model. This model is based on
a mesoscopic causal generative process that uses molecular data and a framework of variational autoencoders. The
proposed model predicts molecular properties by learning the representation of mesoscopic components related to
molecular properties. Initially, the model assumes that the atomic latent variables and semantic latent substructure
follow Gaussian and multivariate Bernoulli distributions, respectively. Molecular data are then input into a neural
network to identify the atomic latent variables and semantic latent substructure. Next, the identified atomic latent
variables and semantic latent substructures are used to predict molecular properties. To identify the substructures
of the atomic and semantic latent variables, variational lower bounds and sparse terms are used to construct the loss
function of the model. Experiments demonstrate that our model not only achieves state-of-the-art performance but
also offers in-depth explanations that provide a more comprehensive understanding of model predictions and improve
the accuracy and generalization ability of molecular property predictions.
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Fig.1 Example diagram of molecular prediction
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Fig.2 Illustration of mesoscopic causal

generation process for molecule data
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Table 1 AUC-ROC values of various methods on six molecular property prediction datasets
A molbace molbbbp molclintox moltox21 molsider moltoxcast
GCN 0. 758 8(0.019) 0. 664 7(0.009) 0. 862 3(0.028) 0. 677 5(0.007) 0. 584 3(0. 003) . 624 4(0.006)
GAT 0. 811 7(0. 008) 0. 671 7(0.005) 0. 834 7(0.014) 0. 688 1(0. 005) 0. 595 6(0. 010) . 614 1¢0. 006)
GraphSAGE 0. 785 1€0. 017) 0. 661 6€0.010) 0. 886 0€0. 024) 0. 688 8(0. 006) 0. 605 9€0. 002) . 628 2(0.007)
GIN 0. 745 0€0. 028) 0. 677 2(0.019) 0. 868 6(0. 038) 0. 642 0€0. 002) 0. 564 7(0.012) . 633 5(0.003)
GINO 0. 743 6(0. 035) 0. 666 5(0.013) 0. 893 1€0.021) 0. 646 2(0. 009) 0. 596 8(0.015) . 628 9(0.002)
MoNet 0. 769 2(0. 009) 0. 695 2(0. 005) 0. 867 5(0.0122) 0. 670 2(0. 003) 0. 600 3(0. 004) . 624 8(0.005)
SGC 0. 712 8(0.018) 0. 611 7(0.030) 0. 777 6(0.019) 0. 664 9(0.011) 0. 590 6€0. 003) . 628 3(0.001)
JKNet 0. 789 9(0. 134) 0. 656 2(0. 008) 0. 816 3(0. 028) 0. 659 8(0. 005) 0. 581 8(0. 016) 5,635 7(0. 006)
DIFFPOOL 0. 746 9¢0. 111) 0. 633 5(0. 022) 0. 904 8¢0.024) 0. 690 5(0. 009) 0. 575 8(04015) . 621 7(0.005)
CMPNN 0. 721 5(0. 049) 0. 640 3(0.017) 0. 794 7(0. 046) 0. 704 8¢0.011) 0. 57949(0.008) . 639 4(0.011)
StableGNN-GCN 0. 769 5(0. 033) 0. 688 2(0. 039) 0. 879 8(0. 024) 0. 708 0€0. 003) 04091°5(0. 012) . 632 9(0.007)
StableGNN-SAGE 0. 807 3(0. 040) 0. 684 7(0.025) 0. 909 6(0. 020) 0. 691 4(0. 002) 0. 521 6(0. 019) . 625 1(0.003)
DIR 0. 783 4(0. 015) 0. 646 7(0.017) 0. 812 9¢0.031) 0. 696 6(0. 029) 0. 579 4¢0.011) . 619 6(0. 014)
MCI 0. 820 8(0. 005) 0. 730 0€0. 029) 0. 920 3(0. 008) 0. 736:4.(0..004) 0. 625 2(0. 006) . 633 1(0.003)
p-value 0. 003 0.028 0. 026 0.0 0.0 0. 844
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