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under “simulated real life imaging” conditions to determine to what extent the ability
of a compound to be ionised and which adducts are likely to be observed can be
predicted based on a 2D chemical structure and its physicochemical properties. ,
Our goal in this study Is to predict which ion types would be expected for a given | .
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Overlap in annotated compounds between MALDI and MALDI-2 for the ion types
considered if only isotope pattern matching but no S/N threshold is considered. “Any"
Indicates the overlap in annotation for compounds detected as at least one of the ion
types considered in positive ion mode

chemical compound based on its 2D chemical structure and explore whether we can
link ionisation behaviour to specific parts of the chemical structure.
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MALDI and MALDI-2
analysis in positive and
negative ion mode
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Data Processing

The presence of a compound-ion was determined in MALDI and MALDI-2 for
common ion types, ([M], [M-H], [M]*, [M+H]*) using Isotope pattern
matching, yielding 8 prediction endpoints.
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Machine Learning

Two-dimensional chemical structures were standardized by de-salting and
charge neutralization and were digitally vectorized using Morgan fingerprints. These
fingerprints record the presence or absence of specific substructures
(e.g. functional groups), in a fixed-length binary vector.
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Eight models were trained and evaluated. An average ROC-AUC of >0.7 was
achieved for  the lon types considered, providing a chemo-
Informatics model with satisfactory predictive performance. This indicates the model
has effectively captured underlying relationships between the 2D chemical
structures and ionisation.
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All animal studies were ethically reviewed and carried out in accordance with
Animals (Scientific procedures) Act 1986 and the GSK Policy on the Care, Welfare Influence measures the effect that the presence of a substructure has on the

and Treatment of Laboratory Animals.

Conclusions

- : Using Machine Learning we have been able to identify chemical substructures which if
prObablllty Of d@teCthﬂ. present in a molecule will promote or hinder its detection. Additionally, the prediction
lonisation behaviour can be used to determine the most suitable mass spectrometry
conditions to use and if post-ionisation is advisable.
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