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Abstract Accurate prediction of Absorption, Distribution, Metabolism, Excretion, and Toxicity
(ADMET) properties plays an important role in reducing clinical trial failure rates and lowering drug
development costs. In this study, we propose a novel method to improve ADMET prediction
performance for drug candidate compounds by integrating molecular embeddings from a graph
transformer model with pretrained embeddings from a UniMol model. The proposed model can capture
bond type information from molecular graph structures, generating chemically refined representations,
while leveraging UniMol's pretrained 3D embeddings to effectively learn spatial molecular
characteristics. Through this, the model is designed to address the problem of data scarcity and
enhance the generalization performance. In this study, we conducted prediction experiments on 10
ADMET properties. The experiment results demonstrated that our proposed model outperformed
existing methods and that the prediction accuracy for ADMET properties could be improved by
effectively integrating atomic bond information and 3D structures.
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Table 1 Performance Comparison Between the Baseline Model and the Proposed Model on 10 ADMET Endpoints

No.| | Positraae! tive) | Metric [ ST-GCN | ST-MGA | MT-GCN | MGA | MTGLL | ours
1 HIA 734 (632/102) AUC 0.916 0.972 0.899 0911 0.981 0.985
2 | p-gp substrates 388 (548/340) AUC 0.775 0.755 0.733 0.719 0.801 0.802
3 | CYP1AZ inhibitor 9748 (3582/6166) AUC 0.932 0.931 0.914 0.941 0.952 0.942
4 | CYP2D6 inhibitor | 10682 (1401/9281) AUC 0.848 0.841 0.839 0.877 0.869 0.887
5 | CYP3A4 inhibitor | 11369 (3586/7783) AUC 0.892 0.915 0.865 0.875 0.916 0.925
6 Half life 1323 (538/785) AUC 0.725 0.708 0.688 0.707 0.727 0.762
7 Hepatotoxicity 1313 (782/531) AUC 0.653 0.669 0.612 0.713 0.701 0.812
8 Respiratory-tox 1399 (844/555) AUC 0.842 0.872 0.810 0.828 0.859 0.877
9 PPB 1830 (Regression) R? 0.599 0.585 0.589 0.568 0.626 0.636
10 ESOL 1128 (Regression) R? 0.814 0.896 0.824 0.866 0.931 0.923
Average 0.7996 0.8144 0.7773 0.8005 0.8363 0.8551
Aee 2SS AU & Utk ole &= He] JYE Julde ARSI, F A AEelAE UniMol
HAlAE 45 dukst 5S G + IS dF AP S AAsF e, A HA dFolAe 2F 73
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Table 2 Ablation Study Based on Molecular Embedding

Methods
ADMET - Settings
Endpoints etric w/o w/o w/o

Bond-type| UniMol | Both

HIA AUC 0.9692 0.5000 | 0.7877
p-gp-substrates AUC 0.7016 0.5417 | 0.4792
CYP2D6 inhibitor | AUC 0.82193 0.7455 | 0.7149
CYP3A4 inhibitor | AUC 0.88728 0.8452 | 0.8348
half-life AUC 0.6843 0.5214 | 0.6391
Hepatotoxicity AUC 0.7135 0.5000 | 0.6391
Respiratory-tox AUC 0.7452 0.4889 | 0.6046

PPB R? 0.3417 -2.86973 | -2.8125
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Fig. 2 t-SNE Analysis of Feature Representations Based on Molecular Embedding Methods. Representation ability
is quantified via embeddings. a. For CYP2D6 (Classification), t-tests were performed on each t-SNE axis
and averaged (Avg p-value); b. For PPB (Regression), Pearson correlation coefficient(PCC) between t-SNE

distances and label differences was utilized
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