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Abstract: This study employs a data—driven strategy to enable precise analysis and the development of high—
performance cryogenic hydrogen storage adsorbent materials. In this work, thousands of Computation—Ready
Experimental MOF (CoRE-MOF) were digitized using molecular fingerprints. Predictive models were constructed
based on SHAP technology and five machine learning algorithms, and integrated with high—throughput molecular
simulation results to elucidate the structure — property relationship of MOF materials for hydrogen storage under
cryogenic high—pressure conditions(159K and 30bar). Among the models, the categorical boosting algorithm
(CatBoost) achieved the best predictive performance, with R’ of 0.951. The results indicate that three descriptors—
adsorption heat (Q,), density (p), and porosity (¢)—are critical for enhancing material adsorption performance.
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Specifically, when Q_>15kJ-mol™, p<1000kg-m™, and ¢>0.7, MOFs exhibit a high level of adsorption performance.
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Analysis of the variation in Rl across different datasets reveals that as material performance reaches the top 20% or
top 10%, the influence of descriptors such as 0, on MOF adsorption performance gradually diminishes, while the
contribution of molecular fingerprints to AW becomes increasingly significant. Therefore, this study employs SHAP
analysis to interpret the model constructed using the CatBoost algorithm, quantifying the contribution of each
molecular fingerprint to cryogenic hydrogen storage performance (AW). The final results identify fingerprints 99, 62,
45, and 65 as key substructures for enhancing hydrogen storage capacity in MOFs. Among these, fingerprint 65
corresponds to aromatic nitrogen—containing heterocycles (such as imidazole, pyridine), confirming that when MOF
performance reaches the top 10%, the introduction of such aromatic nitrogen heterocycles facilitates the formation of
local hydrogen bond-like interactions under cryogenic conditions, further boosting hydrogen storage performance to
the top 5%. Through this data—driven strategy, this study precisely identifies the key substructures governing the
cryogenic hydrogen storage performance of MOFs, laying a solid foundation for the design of high—performance

cryogenic hydrogen storage materials.
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