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Lipidblast

~5x 10° in silico lipids spectra

To handle such a large dataset, libmetgem
library has been updated to store similiarity
scores in sparse matrices
(Compressed Sparse Row format)

Comparison of spectra
by pairs
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Operating System: KUbuntu 20.04
Processors: 32 X Intel® Xeon® CPU E5-2650 0 @ 2.00GHz
Memory: 128 GIB + 184 GIB of swap
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Fatty acid chains
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MultiLayer Perceptron e
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