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Fig. 1 The workflow of protein identification in shotgun proteomics
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Table 1 Information of software tools for the MS/MS spectrum prediction

R1 BEFUEEMUREEXER

WP RSO A Tk YA BORT R AT [A] SRIRAE  SCRAREZERAY
MassAnalyzer 2004 https: //www.thermofisher.com/ordet/catalog/product/OP- 4% 7EBioPharma Finderft Ui 2% CID/HCD
TON-30416 G
; s : ; 2 & HICID/
MS-Simulator 2012 http: //www.bioinfo.org.cn/OpenMS-Simulator/ 2015-08-15 VAR HCD
PeptideART 2010 https: //sourceforge.net/projects/peptideart/ 2013-04-15 AR CID
MS2PIP 2013 https: //compomics.com/ms2pip/ 2013-06-12 PAR/S CID
MS2PBPI 2014 https: //code.google.com/archive/p/ms2pbpi/ 2014-03-13 iR/ CID
pDeep 2017 http: //pfind.ict.ac.cn/download/pDeep.zip 2017-09-29 PAR/S HCD/ETD/
ETheD
TR B T T vk — MS-Simulator OpenMS-Simulator MassAnalyzer
ETEBEANTE — RankBoost MS2PBPI MS2PIP
FET BRI IE ‘{:
FE T 25 X 4% 1) 5 1 —  PeptideART Bayesian neural network pDeep
HoAth e Decision Tree MSSimulator Riptide SQID

Fig.2 The overview of spectrum prediction algorithms
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Abstract Tandem mass spectrometry (MS/MS)-based proteomics has become one of the most important tools in
bioscience, and researchers now pay much attention to the prediction of MS/MS spectra for protein identification
and quantification. With the accumulation of massive high-quality spectrum data and the development of
computing technology, quite a few new methods were emerged to solve this problem. These methods can be
divided into two catagories:mobile proton model-based methods, such as MassAnalyzer and MS-Simulator; and
machine learning-based methods, including traditional machine learning and deep learning, such as PeptideART,
MS2PIP, MS2PBPI and pDeep. In this paper, we investigated a wide variety of corresponding methods, and

briefly pointed out the deficiencies of existing software tools, and suggested the future work.
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