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Abstract Protein identification plays an important role in proteomics. An algorithm for peptide identification using support vector machines
(SVM), pepReap, which consists of a two-layered scoring scheme, is designed and implemented. First, a list of peptide candidates is obtained by
coarse scoring calculated from total intensity and number of matched peaks and peptide length. Second, the preliminary peptide candidates are
evaluated by an SVM-based scoring scheme using other important factors, such as correlations between ions, average match error, peptide
sequence information, to improve the reliability of peptide identifications. Matthews correlation coefficient is used to measure the classification
performance in the SVM training process in order to accommodate to unbalanced datasets. Experiments on a public dataset of tandem mass
spectra demonstrate that the pepReap algorithm outperforms the popular software SEQUEST, which uses threshold evaluation, in terms of

identification sensitivity with comparable identification precision.
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Fig. 1 The general structural formulas for amino acids and peptides.
(a) The general structural formula for 20 different natural amino acids; (b) Peptide backbone structure.
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Fig. 2 Fragmentation patterns of peptide ions and nomenclature for
various types of fragment ions.
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Fig. 3 Matching matrix for peptide and experimental MS/MS. The
numbers in the first row denote cleavage site of peptide, and the
letters in the first column denote various fragment ion types to be
involved. Py holds the information of corresponding matched
spectral peaks, or keeps null.
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Table 1 The Top 20 Features Selected by Information Gain Ratio
£ 1 15 BH 5 HEIEN 20 44T

FEATURE GAIN RATIO FEATURE GAIN RATIO
delta_coarse_score 0.409 £+ 0.096 missed_cleavage site 0.045 £ 0.001
coarse_score 0.409 + 0.096 total_intensity b 0.044 = 0.003
match_ratio_intensity 0.274 £0.035 intensity b 0.037 £0.001
coarse_score_rank 0.275 £ 0.001 average_match_error 0.032 £0.001
intensity y 0.156 + 0.004 homologous y 0.031 £ 0.004
match_ratio_peak 0.16 +£0.026 peptide_match_error 0.027 £ 0.001
complementary by 0.146 £0.013 peptide_mass 0.027 = 0.001
total_intensity y 0.092 £ 0.003 number HKR_pep 0.016 0
total_consecutive_y 0.088 £0.012 hydrophobicity_pep 0.012 +0.001
total consecutive b 0.056 + 0.001 clvgsite median b 0.012 +0.001
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Table 2 Comparison of performance between pepReap and SEQUEST using threshold evaluation on a public test set.
LIBSVM, an implementation of SVM, with the RBF kernel, was employed. The “Weight” item in the table is used to

set the parameter C of class 1 and -1 to weightxC.

# 2 pepReap H¥E5 R RGP /75 )5 B SEQUEST BLVEFEA R PIHRLE b i 45 R ELEL

pepReap SEQUEST(Threshold)

Training Set (Dataset B) Test Set (Dataset A) Test Set (Dataset A)
Weight  best C  best gamma MCC MCC Recall Precision Recall Precision
o ®

111 4.0 003125 09212400158 | 09106 09128 09262 | 0348 0.9410
0.5397° 0.9420”
10:1 0.0625 0.1250 0.9269 +0.0177 | 0.9116 0.9204 0.9204 . .
0.8715” 0.9107”
50:1 1.0 0.1250 0.9300+0.0105 | 0.9175 0.9257 0.9257 0.6757" 0.9391°

Note: The commonly used threshold criteria for evaluating SEQUEST identification results are, 1D4Cn>0.1, XCorr>1.8, 2.2, 3.7 for +1,
+2, +3 fully tryptic peptides, respectively!'”; @4Cn>0.1, XCorr>1.9, 2.2, 3.75 for +1, +2, +3 fully tryptic peptides, respectively);
®XCorr>1.5, 2.0, 2.0 for +1, +2, +3 fully tryptic peptides, respectively!"”; @ACn>0.08, XCorr>2.0, 1.5, 3.3 for +1, +2, +3 fully tryptic

peptides, respectively!'*!
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identification based on tandem mass spectrometry plays an increasingly important role in high-throughput proteomics. Our team is one of a few groups dedicated to computational problems in mass-spectrometry-based

proteomics in China. Our goal is to develop a suite of solutions to reliably identify proteins from mass spectra and to acquire independent intellectual property rights in this key domain. Peptide identification and

validation is a critical step in the protein identification process. Although various algorithms for the purpose have been proposed, they do not fully exploit the information implied in MS/MS spectra and the corresponding

peptide candidates. What we do here is to improve the reliability of peptide identifications using matching indices derived from peptide fragmentation models or calculated from MS/MS spectra and peptide sequences.

Through the above validation, we will be more confident that an MS/MS spectrum is correctly identified. The next task is to demonstrate the effectiveness of our algorithm on more MS/MS spectra from different

laboratories and instruments.



