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Interpretable Prediction Model for Cocrystal Formation Based on a Light

Gradient Boosting Machine

LIU Yukun, LIU Yanfei, DU Ziang, LIU Bo
(Rocket Force University of Engineering, Xi’an 710025, China)

ABSTRACT: This study aimed to address the issues of low screening efficiency for energetic material co-
crystals, insufficient interpretability of existing prediction models, and poor adaptability to imbalanced data-
sets. An interpretable prediction model for cocrystal formation based on a lightweight gradient boosting ma-
chine ( Light-GBM) was proposed, achieving high—-precision and interpretable prediction of energetic ma-
terial cocrystal formation. The model employed Morgan molecular fingerprints as input features to accurate-
ly characterize the local chemical environment of molecules; a LightGBM algorithm integrating histogram
discretization, depth—constrained Leaf-wise splitting; and gradient-based one-side sampling was adopted
for cocrystal prediction. An improved logarithmic loss function was introduced to balance the training
weights of positive and negative samples, and the Bayesian optimization algorithm was utilized to deter-
mine the optimal hyperparameter combination of tree quantity and maximum depth. Furthermore, an inter—
pretability analysis module was constructed based on the SHapley Addictive exPlanation ( SHAP) theory to
quantify the contribution of each fingerprint bit to the prediction results, screen out key Morgan fingerprint
bits, and realize the visualization of the local molecular environment through reverse mapping. The results
demonstrate that on a completely isolated independent test set, the model achieves a balanced accuracy of
95.15%, an accuracy of 97.16%, and an Fl-score of 98.35%. After three—, five—, and ten—fold crossvalida-
tion, the evaluation metrics exhibit minimal fluctuations, indicating superior generalization ability and ro-
bustness compared with other machine learning models. The interpretability analysis clarifies key structural
features, such as aromatic rings, hydrogen bond donors and acceptors, hydrophobic regions, and their cor—
responding mechanisms, providing theoretical reference for the targeted screening and structural modifica-
tion of cocrystal components.

KEYWORDS: cocrystal; interpretable prediction; lightweight gradient boosting machine; molecular fin-

gerprint; SHapley Addictive exPlanation
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