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Figure 1 Workflow of feature detection in different situations of EIC
[20] (color online).
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Figure 2 Extension from MS2LDA to MS2LDA+ [39] (color online).
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Step 4 — Molecular network

v Qui
Network Fusion ’:} """"" A

Combination of both
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® = No annotation

@ = /n silico propagation network Fusion scoring

@ = MS/MS library match @ = In silico propagation network Consensus scoring

B3 MR H R 537 X TR R (o) A I A A TR 7 7 (b~ s 7 BB (I i )

Figure 3 The process for creating a molecular network from MS/MS data (a) and network annotation propagation illustration (b—g) [50] (color

online).
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Figure 4 The metabolite identification framework through MKL [61] (color online).
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Abstract: Metabolomics aims at comprehensive analysis of the metabolome to discover biological phenomenon and

mechanisms. Due to the complexity of metabolites in the biological samples, it is necessary to detect the metabolites as

many as possible with advanced analytical techniques. Mass spectrometry is the most popular instrument in

metabolomics research. The abundant ion signals from mass spectrometry are reflections of metabolome. However, it is

still a huge challenge to process data and mine information from mass spectrometry data. Computational metabolomics

fully exploits data from instruments, then combines methods from statics, chemometrics or artificial intelligence to make

data processing and analysis efficiently, and therefore promotes the development of metabolomics. In this review, we

firstly introduce general metabolomics data analysis procedure on the basis of the characteristic of data. Then data-

driven computational metabolomics methods are reviewed, including feature detection, metabolites identification and

annotation. Finally, knowledge-assisted computational metabolomics methods and future perspectives are briefly

presented.

Keywords: computational metabolomics, mass spectrometry, feature detection, metabolites annotation and
identification
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