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Abstract

Protein database search engines are an integral component of mass spectrometry-based peptidomic
analyses. Given the unique computational challenges of peptidomics, many factors must be

taken into consideration when optimizing search engine selection, as each platform has different
algorithms by which tandem mass spectra are scored for subsequent peptide identifications. In
this study, four different database search engines, PEAKS, MS-GF+, OMSSA, and X! Tandem,
were compared with Aplysia californicaand Rattus norvegicus peptidomics datasets, and various
metrics were assessed such as the number of unique peptide identifications, unique protein
identifications, and peptide length distributions. Given the tested conditions, PEAKS was found to
have the highest number of peptide, neuropeptide, and protein identifications out of the four
search engines in both datasets. Furthermore, principal component analysis and multivariate
logistic regression were employed to identify whether specific spectral features contribute to false
C-terminal amidation assignments by each search engine. From this analysis, it was found that
the primary feature influencing incorrect peptide assignments were the precursor and fragment
ion my/zerror tolerances. Finally, an assessment employing a mixed species database was also
performed to evaluate search engine precision and sensitivity when searched against an enlarged
search space containing human proteins.
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Introduction

Peptidomics is the study of characterizing the suite of endogenous peptides in a biological
system, and these analyses are typically performed with the goal of understanding

which peptides may be involved in a specific biological process or disease, and also
identifying novel peptides as potential biomarkers.! In peptidomics, peptide identifications
are performed in an untargeted manner, allowing for the identification of potentially
hundreds to thousands of peptides within a sample. Liquid chromatography coupled to
mass spectrometry (LC-MS) is typically the method by which peptidomic experiments are
conducted. The peptides identified in these analyses comprise not only intact peptides with
known biological functions, such as neuropeptides and peptide hormones, but also modified
and truncated forms of these peptides along with fragments of more abundant cytosolic
and structural proteins.2 The basic workflow of most peptidomics workflows include
sample stabilization, peptide extraction from the biological specimen and sample cleanup,
chromatographic separation of the peptides, analysis with tandem mass spectrometry,

and peptide identification from the acquired mass spectra for subsequent statistical and
bioinformatic analyses.

A key feature of peptidomics is the computational step of inferring a peptide’s amino

acid sequence from its tandem mass spectrum. During this process, the obtained MS/MS
spectra along with the target organism’s protein database are imported into a database search
engine, whereby the search engine performs an /n-sifico digestion of each protein in the
protein database depending upon the user-selected enzyme cleavage parameters to generate a
theoretical spectrum of the potential peptides from the database. However, with peptidomics,
the enzyme cleavage parameter is typically not selected, enabling an /n-sifico search of the
protein database without the constraint of enzyme-specific cleavage parameters to identify
potential endogenous peptides from the spectra. However, this has the consequence of
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increasing the search space, since all potential peptide combinations and fragments in the
protein database must be considered, usually resulting in longer search times and a higher
probability of false identifications compared to shotgun proteomics. The MS/MS spectra are
then compared against candidate peptides from the database to generate potential peptide-
spectrum matches (PSMs), and depending upon the search engine’s scoring algorithm and
the quality of the spectrum, these PSMs are assigned a score to reflect the confidence in
which the spectra match the theoretical spectra.2 These identification scores reflect various
features of the mass spectra such as the fragment ion coverage of the peptide, the mass
error for both precursor and fragment ions, and low levels of noise peaks in the spectrum.?
Various open-source and commercial database search engines exist for this purpose and they
share certain features that allow users to select for optimization of their analysis based on
the instrument type used for the experiment. These features include selection of the m/z
error tolerances for the precursor and fragment ions, selection of fixed and variable peptide
modifications to search against, and selection of the fragmentation type used by the mass
spectrometer (e.g., collision-induced dissociation or electron-transfer dissociation).

Most studies comparing the performance of database search engines have been applied

for bottom-up proteomics applications, while few comparisons have been applied at the
peptidomics level.>=8 For instance, Akhtar er a/. compared the performance of three different
search engines to assess neuropeptide identification rates, but this study was focused on
analyzing simulated peptide spectra which represents idealized MS/MS spectra which

may not capture the spectral complexity of experimental spectra, nor did it assess the
search engines’ ability to identify peptides with various PTMs, which may comprise a
significant portion of the endogenous peptides in a sample.® Peptidomics presents specific
computational challenges that may not be as apparent in proteomics, such as the fact that
endogenous peptides have various residue cleavage sites that cannot be completely captured
by user-specific enzyme parameters, structures that may make them difficult to fragment

by MS, and a multitude of possible PTMs. Furthermore some peptides have unknown
protein precursors (e.g. endomorphin 1 and 2), and may only be identified through de

novo approaches, placing additional computational demands on the software.19-12 The wide
dynamic range of endogenous bioactive peptides (some may be present at high levels and
other will be present below the detection limits of the system, even for peptides from the
same precursor) introduce another issue. Some bioactive peptides are short (for example

4 — 6 amino acids long), hindering the scoring algorithms used by some search engines.
Lastly, the goal is not to identify the presence of the precursor protein but each individual
peptide so that missing values become problematic. In the current study, four commonly
used database search engines, PEAKS,13 MS-GF+,14 X! Tandem,® and OMSSA,16 were
compared to assess their performance for peptidomics from experimental tandem mass
spectra. The advantage of comparing multiple database search engines lies in the fact that
since search engines have different peptide scoring algorithms, some may be better suited
towards identifying peptides with certain features, such as smaller or larger peptides, or
peptides with specific PTMs. Finally, there is also the issue of the search engine’s precision
with respect to its ability to discern true hits from false hits. Thus, an assessment comparing
the precision of the four search engines was also performed.
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For this study, two previously published peptidomics datasets, one from the Aplysia
californica abdominal ganglia (Aplysia)l’ and the other from Rattus norvegicus
hypothalamus (rat)!®, were analyzed with each of the four search engines. Additionally,
peptides that were C-terminally amidated, were subjected to further analysis to assess the
occurrence of false amidation assignments. This PTM occurs in the secretory vesicles

of endocrine cells by the action of an enzyme called peptidylglycine a-amidating
monooxygenase (PAM), and is critical for imparting enhanced biological activity and
stability to various endogenous peptides.1® However, a requirement for enzymatic C-
terminal amidation by PAM is that prior to amidation, the peptide must be C-terminally
extended by a glycine residue in order to act as a substrate for this enzyme.20 After
recognition by PAM, the C-terminal glycine on the peptide is oxidatively cleaved to yield the
a-amidated peptide and glyoxylic acid.2! Despite this requirement though, some peptides
identified by database search engines in peptidomic analyses are still assigned with this
PTM, even if the C-terminally extended version of this peptide does not contain a glycine
residue. This discrepancy therefore provides an efficient method to screen against peptides
that have been incorrectly assigned with this PTM by checking whether these peptides
possess the required glycine residue, which is an approach utilized by Anapindi et al.1’
Though there is a provision in certain search engines to input this PTM as a variable
modification parameter that does take into the C-terminal Glycine requirement, this variable
modification was not selected here, as the main purpose of this analysis was to compare the
search engines in terms of their selectivity for discerning true biological amidated peptides.
Since C-terminal amidation followed by glycine serves as a proxy for true biological
peptides, we chose to not include it as a pre-defined criteria for the modification, as this
provides a method by which known false positives can be accounted for. A multivariate
analysis with principal component analysis (PCA) and multiple logistic regression was
performed to determine whether certain MS/MS spectral features contribute to incorrect
amidation assignments.

Materials and Methods

Tandem MS Data

Both the Aplysiaand the rat datasets were analyzed from three different biological
replicates. The three Aplysiaabdominal ganglia mass spectra datasets analyzed by orbitrap-
ion trap were the same datasets used in a previous study in our group, done by Anapindi et
al.1” More experimental details regarding the sample preparation and the LC-MS parameters
can be seen there.

The three rat hypothalami mass spectra datasets were downloaded from the UCSD
MassIVE repository, and the datasets used were from Ye et al,18 specifically datasets

titled “041213 HT_A2.raw”, “041213 HT_A3.raw”, and “041213 HT_Ab.raw” (MassIVE
MSV000080106).

Protein Databases

The Aplysia and rat protein databases used in this study were downloaded from UniProt.
The Aplysia californica protein database contained 443 protein entries consisting of both
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reviewed (Swiss-Prot) and unreviewed (TrEMBL) proteins. The Rattus norvegicus protein
database contained only reviewed (Swiss-Prot) proteins and initially consisted of 8094
protein entries; however, to reduce the search times, this database was shortened to only
contain proteins with a predicted signal peptide. In order to separate the secretory proteins
from the non-secretory proteins, SignalP-5.0 Server?2 was employed, and this reduced the
database size to 1566 proteins.

Database Searching with SearchGUI and PEAKS

SearchGUI (v. 4.1.1, http://compomics.github.io/projects/searchgui)?® was used for
searching the MS/MS spectra from both organism datasets with MS-GF+, OMSSA, and
X! Tandem. The raw MS/MS files were converted to MGF format upon importing into
SearchGUI. When the protein databases were imported into SearchGUI, the reversed decoy
sequences were generated by the software and automatically appended to the end of the
target protein database for false discovery rate (FDR) calculations by the target-decoy
method. The precursor charge range was set to 1-7, isotopes 0-3 were selected, the
digestion parameter was set to “Unspecific”, the fragment ion types selected were “b”

and “y”, the FDR cutoff was set to 1%, and the peptide length range was set to 4 to 65
residues. The results for the SearchGUI analyses were visualized with PeptideShaker (v
2.2.0),24 downloaded from http://compomics.github.io/projects/peptide-shaker. The search
results were set to display b, b-H,0, b-NHs, y, y-H,0, and y-NHj3 ions, and were exported
as Excel files for further analysis.

PEAKS searches were performed with PEAKS Studio (v. 8), where a de novo search of
the spectra was performed prior to the database search. The same MGF files used for the
SearchGUI searches were also employed in the PEAKS searches. The following instrument
parameters were selected: the ion source parameter was set to “ESI (nano-spray),” the
fragmentation mode was set to “high-energy CID (y and b ions),” the MS scan mode was
set to “FT-ICR (Orbitrap), and the MS/MS scan mode was set to “Linear lon Trap.” For
the database search parameters, “none” was selected for the enzyme option, the maximum
allowed variable PTMs per peptide was set to 3, and the option to estimate the FDR with
decoy-fusion was selected, and an FDR cutoff of 1% was applied. Though the search
engine suggested option of FDR was used to filter the initial results, a different FDR was
empirically calculated from the percentage of false amidations in all the identified peptide.
Additionally, PEAKS automatically searches for peptides up to 65 residues in length. The
search results were set to display b, b%*, b-H,0, b-NHs, y, y2*, y-H,0, and y-NHj ions.
Search results were exported to excel files for further analysis.

For the both the SearchGUI and the PEAKS analyses, the following variable PTMs that that
are commonly encountered in peptidomic analyses were selected: amidation of the peptide
C-terminus (-0.98 Da), methionine oxidation (+15.99 Da), phosphorylation of tyrosine,
threonine, and serine (+79.97 Da), and pyrrolidone from glutamic acid and glutamine
(—18.01 Da and -17.03 Da, respectively). The precursor m/ztolerance was set to 10 ppm
and the fragment m/ztolerance was set to 0.1 Da.
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Data Processing and Statistical Analysis

OriginPro 2021 (v. 2021b, OriginLab Corporation, Northampton, MA, USA) was used to
perform the statistical analysis of the collected search results and to make the figures.
Results are presented as the mean and the standard deviation, where a one-way ANOVA was
used to determine significance between groups by comparing the means with the Bonferroni
test. For the principal component analysis, the correlation matrix of the different values for
each tested variables were calculated, in which the column values were standardized. The
logistic regression analysis was also performed with Origin Pro whereby multiple spectral
features were used as covariates to create a binary prediction model with Boolean output.
The maximum number of iterations was set to 100 and the Wald test was used to determine
which independent variables were significantly different, while the Hosmer and Lemeshow
test was used to determine the goodness of fit for the observed data relative to the expected
results of the logistic regression model.

Results and Discussion

Peptide Identification Comparison Across Search Engines

The first metric that was evaluated to assess search engine performance was to compare the
number of identified peptides across the different programs. For both the Ap/ysiaand rat
searches, the following numbers of unique peptides were identified by each search engine,
respectively: PEAKS (517 + 19.3 and 919 + 103.3), MS-GF+ (238 + 9.0 and 748 + 100.9),
OMSSA (66 = 29.7 and 417 £ 55.6), and X! Tandem (83 + 22.9 and 533 + 41.8) (Figure

1A and 1B). Furthermore, given that in peptidomics, many identified peptides comprise
truncated forms of bioactive peptides or fragments of more abundant structural proteins, a
comparison between the numbers of identified neuropeptides (NPs) was also assessed to
determine which search engine had the highest sensitivity for identifying these this class

of peptides. To perform this comparison, previously reported NPs for both organisms were
downloaded from the NP database NeuroPep (v. 1.0),2° and the identified peptides were
searched against this list to find NP hits. When performing this comparison, only unique
NPs were considered; in other words, if a NP was identified in multiple forms with different
PTMs, it would only be considered as one NP. A similar trend for NP identifications in terms
of sensitivity was observed as when comparing total peptide identifications, with PEAKS
identifying the following number of NPs (Aplysia: 63 + 3.3, rat: 59 + 3.1), followed by
MS-GF+ (Aplysia. 26 + 2.4, rat: 49 + 1.3), X! Tandem (Aplysia. 13 + 2.9, rat: 36 £ 2.2) and
OMSSA (Aplysia. 11 £ 2.4, rat: 29 + 2.2) (Figure 1C and 1D).

Regarding the choices of PTMs that were included in the search parameters, the most
commonly reported for endogenous peptides were selected. For instance, C-terminal
amidation and N-terminal pyrrolidone formation from glutamine and glutamic acid are
commonly observed modifications in peptidomics and they possess biological significance
due to their role in enhancing the bioactivity of many endogenous peptides, while also
enhancing the resistance of these peptides against degradation by proteolytic enzymes.19:26
Phosphorylation is also a widely-reported PTM on serine, tyrosine, and threonine residues
in many endogenous peptides, and since the original mass spectra that were analyzed here
were acquired by fragmentation by higher energy collisional dissociation, this fragmentation
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mode has been shown to be suitable for confidently identifying phosphorylated peptides by
MS/MS.27

Among the search engines that were evaluated here, PEAKS is unique out of the four in
that it employs a de novo sequencing step of the spectra prior to performing the database
search. This step generates de novo sequence tags of the amino acids in a spectrum based on
the spectral quality, followed by a protein shortlisting step whereby only the proteins in the
database that contain the de novo sequence tags will be searched against. Finally, a peptide
shortlisting step is performed whereby the proteins in the previously generated protein
shortlist are /n sifico digested, and the MS/MS spectra are searched against these theoretical
peptides to generate PSMs, and the PSMs are scored according to their spectral quality.13
Thus, it is likely that the higher identification number of peptides and neuropeptides for both
datasets by PEAKS can partly be attributed to the incorporation of this de novo sequencing
step, as it facilitates peptide identifications by filtering out protein candidates from spectra
that did not possess high-quality de novo sequence tags, thereby reducing the search space.
Interestingly, each of the search engines identified significantly more peptides in the rat
datasets than in the Aplysia datasets, though this observation can likely be attributed to

the fact that the rat protein database was larger and hence more MS/MS spectra could be
matched to more proteins in the database, and could also be due to differences in spectral
quality since the datasets were from different sources.

Peptide Overlap Among Search Engines

The percentage of peptide overlap between the four search engines was also assessed by
combining the peptides from each replicate and analyzing how many peptides were uniquely
identified by each search engine and shared across all four. This analysis could be beneficial
to assess whether multiple search engines could be used for peptidomics to improve peptide
identification coverage. For the number of identified peptides unique to a particular search
engine, PEAKS identified 431 unique peptides in the Aplysia data (Figure 2A) and 577
peptides in the rat data (Figure 2B), comprising 54.9% and 27.9%, respectively, of the

total number of identified peptides across the four search engines. On the other hand, in
both the Aplysiaand rat datasets, X! Tandem had the lowest number of unique peptide
identifications, comprising 2.0% and 0.3%, respectively, of the total number of peptides
identified. Additionally, there was a moderate level of peptide overlap shared between all
search engines for the Aplysiaand rat data, with 8.7% and 18.5% overlap, respectively.

Additionally, when comparing the percentages of the total peptides, instead of unique
peptides, identified by a search engine in relation to the combined number of peptide
identifications across all four search engines in the Aplysia data, the percentages of the
identified peptides were 91%, 41%, 16%, and 14% for PEAKS, MS-GF+, X! Tandem,
and OMSSA, respectively. Similarly in the rat datasets, the percentages of identified
peptides were 79%, 59%, 43%, and 34% for PEAKS, MS-GF+, X! Tandem, and OMSSA,
respectively.

When comparing peptide overlap between two combined search engine results, in both
organism datasets, PEAKS and MS-GF+ combined searches had the highest total number of
identified peptides out of the different combinations of two search engines. These combined
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searches yielded 99.0% and 94.4% of the total identified peptides out of the four search
engines in the Aplysiaand rat datasets, respectively, confirming the notion that multiple
search engines can be used to improve peptide coverage.

Peptide Length Distribution Among Search Engines

The peptide length distribution for the search results from each of the search engines

was evaluated in order to assess whether the search engines were biased towards longer

or shorter peptides. Endogenous peptides may have wide differences in peptide lengths,
ranging from approximately 2 residues up to over 90 residues. Therefore, if different search
engines are skewed towards identifying longer or shorter peptides, certain peptides may be
missed, compromising peptide coverage. For this analysis, the lengths of the peptides in
each replicate were combined and duplicates were removed. For each of the search engines,
the largest density of peptides for both organisms was in the range of 10 to 20 residues,

and the median peptide lengths were between 14 and 22 residues. For both organisms, X!
Tandem had the shortest range of peptide lengths, with the peptides ranging from 9 to 46
residues in the Aplysiaresults (Figure 3A), and 7 to 51 residues in the rat results (Figure
3B). Conversely, MS-GF+ had the largest range of peptide lengths in the rat results, with

a range of 6 to 65 residues, and in the Aplysiaresults, PEAKS had the largest range of
peptide lengths, with a range of 5 to 60 residues. These observations are not surprising,

as fragmentation efficiency is typically less efficient for larger peptides, resulting in less
complete ion series in the spectra and subsequently lower identification rates due to reduced
peptide fragment ion coverage.2® The decreasing frequency of peptide identifications with
shorter sequences (e.g. 5-9 residues) can partly be attributed to the fact that smaller peptides
are more likely to be singly charged, reducing fragmentation as compared to multiply
charged peptides especially if basic residues such as arginine or lysine are present, resulting
in low ion series production for confident peptide assignments.2® Furthermore, while some
short peptides, such as enkephalins, are known to exert potent biological effects, various
forms of peptide processing are often observed in peptidomics, where the extended forms
of these peptides are observed along with peptide fragments of more abundant structural
proteins, thereby potentially skewing the peptide length distribution towards longer peptides
in the range of 10—20 residues.30:31

Assessment of Falsely Assigned Amidation to Peptides

Another main aspect of this work was the evaluation of the occurrence of falsely assigned
C-terminal amidation of the peptides. This PTM requires the presence of a glycine residue
on the C-terminus of the immature peptide for conversion into the amidated peptide by

the enzyme PAM; however, a common occurrence in peptidomic studies is the observation
that some peptides that do not follow this requirement are still assigned with this PTM.

This observation was described in detail by Anapindi et al, whereby the rate of occurrence
of these false amidations was evaluated across different MS analyzers.1’” Here, amidated
peptides were classified as incorrectly assigned if the amidated peptide was not flanked by a
C-terminal glycine residue, and the percentage of falsely assigned amidated peptides relative
to the total number of assigned amidated peptides was calculated.
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For the Aplysia search results, MS-GF+ and PEAKS had the same average percentage of
falsely amidated peptides relative to the total number of amidated peptides (12.4 + 6.9%
and 12.4 + 1.7%, respectively, Figure 4A). X! Tandem and OMSSA had the lowest and
second lowest average percentage of falsely amidated peptides, respectively; however, with
both search engines, only one sample contained false amidation assignments. For the rat
search results, X! Tandem and OMSSA had similar percentages of falsely assigned amidated
peptides relative to the total number of amidated peptides (20.3 £ 6.0%, and 20.2 + 2.9%,
respectively) and PEAKS had the lowest average percentage of false amidation assignments
(8.2 + 3.2%), while MS-GF+ had an average percentage of 10.2 + 4.4 (Figure 4B). The
total amidated peptides for each of the search engine and sample type are included in the
supplementary information (Supplementary Table 1).

While we state that a peptide assigned as amidated without its required glycine-containing
precursor is not possible, a few caveats must be addressed. For instance, peptide amidation
has been reported to occur in bacteria through enzymes other than PAM which do

not require the C-terminal glycine residue on the extended peptide.32 Furthermore, non-
enzymatic routes of peptide amidation have been reported /n vitro for peptides extended by
serine, threonine, or cysteine residues.33:34 However, these biosynthetic routes for peptide
amidation have not been reported for mammals or mollusks in the intervening decades. In
support of chemical modification not being a significant pathway in this study, the majority
of peptides assigned as amidated that were not extended by glycine, were mostly extended
by residues other than serine, threonine, or cysteine, suggesting that these assignments were
likely incorrect, as indicated by the sequence logos for both true and false amidated peptides
identified by each search engine in both animal datasets (Supplementary Figures 1 and 2).

While the average percentage of falsely amidated peptides between PEAKS and MS-GF+
was the same in the Aplysia set, PEAKS had the lowest false identification rate in the rat
dataset. This may be since PEAKS employs a different method of calculating the FDR
compared to MS-GF+, OMSSA, and X! Tandem, all of which employ the target-decoy
method in SearchGUI to calculate the FDR, whereas PEAKS employs the decoy-fusion
method for FDR calculations. The target-decoy method relies on the concatenation of

either the reversed or shuffled protein sequences (decoys) to the end of the target protein
database, effectively doubling the size of the database.3® On the other hand, the decoy-fusion
technique adds the decoy protein sequence to the end of the target protein sequence, keeping
the number of entries in the database the same. The decoy-fusion approach has been shown
to be a more accurate method of FDR estimation, due to the claim that the target-decoy
strategy can potentially underestimate the FDR.13:36 Therefore, the implementation of the
more accurate decoy-fusion strategy in PEAKS may contribute to fewer poor quality spectra
crossing the FDR threshold, reducing the overall percentage of false amidation assignments.

Principal Component Analysis of Amidated Peptides

While these results indicate that there are differences between the search engines with
regards to their ability to accurately assign peptides with a given PTM, they do not explain
which spectral features are responsible for these false positive hits. Therefore, to assess
which factors in the mass spectra may contribute to false amidation assignments, PCA was
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employed to determine if true and false amidated peptides could be distinguished based on
various spectral features. This assessment was performed for the rat datasets only due to
having a higher number of amidated peptides identified overall, whereby the search results
for all three rat datasets were combined for each search engine dataset. For performing these
analyses, both singly and doubly charged b and y ions were included for analysis, along
with singly charged b and y ions containing water and ammonia losses for the MS-GF+,
OMSSA, and X! Tandem analyses. However, with PEAKS, only singly and double charged
b and y ions without neutral losses were used in the analyses due to better visualization of
the true and false amidated peptides by PCA. PCA was also performed on the individual rat
datasets with these same parameters, and the biplots for those analyses can be seen in the
supplementary information (Supplementary Figures 3A-D). The spectrum features that were
evaluated for PCA can be seen in Table 1. Though the extent of the impact of these features
is workflow dependent, the list itself comprises of factors that would have the most impact
on peptide identification by search engines. Hence, the importance of these factors might
vary based on the workflow; however, the list of features still represents the most impactful
factors towards peptide identifications. We also discussed the impact of MS platforms on
false peptide identifications in one of our previous works (Anapindi et al).1” The PCA
biplots indicate that true amidated peptides can largely be distinguished from the false
amidated peptides, with over 50% combined variation in PCs 1 and 2 for MS-GF+, OMSSA,
and X! tandem, and PCs 1 and 3 for PEAKS (Figure 5A-D). Additionally, the PCA loadings
vectors indicate that for each search engine, the absolute median and mean fragment ion m/z
errors contribute highly to the false amidation assignments, with the incorrect assignments
having a larger magnitude of m/zerror (ppm). Additionally, for each of the search engines
except PEAKS, the peptide precursor m/zerror also plays a role in distinguishing the true
and false amidated peptides

Multivariate Logistic Regression Analysis of Spectral Features to Predict True and False
Amidation Assignments

Due to the dichotomous classification of correct or incorrect amidation assignments,
multivariate logistic regression was also performed in addition to PCA, to determine if the
status of amidated peptides, either true or false, could be predicted based on the evaluation
of various spectral features seen in Table 1. To perform the logistic regression analysis,

all features were originally included in the model as the independent variables, with the
amidation status of the peptide (true or false) serving as the dependent variable. However,

to avoid issues of multicollinearity such as reduced precision and wider confidence intervals
of the variable coefficients, the features ‘B lon Intensity %’ and ‘Y lon Intensity %’ were
excluded from this analysis.37:38 Furthermore, if other highly correlated variables (Pearson
correlation > ]0.70]) were present in the correlation matrix between the different variables,
the variable that had the higher p value between the two highly correlated variables was also
excluded from the analysis. The variables included in the logistic regression model for each
search engine can be found in Supplementary Tables 2-5.

The logistic regression analysis results largely agreed with the PCA results, whereby
for both MS-GF+ and X! Tandem, the peptide precursor m/zerror (ppm) was found to
be significantly associated (p < 0.05) with incorrectly assigned amidated peptides (odds
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ratio = 1.925 and 1.628 for MS-GF+ and X! Tandem, respectively). Furthermore, for X!
Tandem and OMSSA, the mean or median fragment ion //z error (ppm), respectively, were
found to be significantly associated with false amidations (odds ratios = 1.051 and 1.161,
respectively), whereas for PEAKS both the mean and median fragment ion /m/z errors were
found to be significant variables (odds ratios = 1.070 and 1.166, respectively).

With respect to the accuracy of the different logistic regression models for each search
engines, where accuracy here is defined as the number of correctly predicted peptides (true
or false amidation) relative to the total number of peptides with the observed outcome,

all displayed an accuracy of over 95% correct predictions for true amidated peptides
(100.00%, 99.19%, 98.25%, and 97.10% for PEAKS, MS-GF+, X! Tandem, and OMSSA,
respectively), and accuracies over 60% for the false amidation assignments (80.00%,
61.54%, 71.43, and 82.35% for PEAKS, MS-GF+, X! Tandem, and OMSSA, respectively).
For these models, a threshold for a predicted probability of 0.5 was implemented, whereby
falsely amidated peptides were considered correctly predicted by the logistic regression
model as false amidations if their probabilities were calculated at above 0.5, whereas true
amidated peptides were classified as correctly predicted if their probabilities were calculated
at under 0.5. The resulting predicted probabilities calculated for each logistic regression for
each search engine were then plotted as a function of their rank, whereby the predicted
probabilities were assigned a rank in order of increasing predicted probabilities (Figure 6).

While the accuracy of these logistic regression models indicates a distinction between the
true and false amidated peptides, some of the regression models for some of the search
engines clearly did not perform as well compared to others. One of the main limitations

of this analysis is that is that while we know that certain peptides cannot be true, e.g.,

those without the required glycine, we do not know for certain which amidated peptides

are true. Here we assume that any amidated peptide that is C-terminally flanked by glycine
is a true peptide; however, this may not necessarily be true because a peptide that did
possess the glycine residue and was assigned as amidated could have potentially still been a
false positive with a sufficiently high score to pass the FDR threshold. However, measuring
the false positive rate is difficult in this scenario since only a potential subset of all the

false positives is known, and it is therefore possible that the false amidation rate is being
underestimated by our assumption, which may account for some of the true amidated
peptides being classified as false amidated peptides by the logistic regression model. Further
accuracy of these logistic regression models could potentially be achieved if other spectral
features that were not included in this analysis were evaluated such as the number of
continuous ion series in a spectrum; however, this assessment indicates that a relatively high
level of accuracy can be obtained when selecting these various spectral features as predictors
of true and false amidation.

Assessment of Search Engine Precision with a Mixed Species Protein Database

The performance of the four database search engines was also assessed based on the
precision demonstrated when identifying peptides from the target organism database using
the Aplysia datasets. To evaluate this parameter, a mixed database search approach as
previously described by Anapindi et al, was employed, which consisted of 441 Aplysia
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proteins concatenated with 2000 randomly shuffled human proteins.1” One of the main
disadvantages of artificially expanding the protein database as was done here, is that this

can often lead to an increase in the number of spectra that are incorrectly matched to a
peptide, resulting in an increased number of false assignments that could potentially cross
the FDR threshold, in addition to an overall reduction in the sensitivity of the search space
when searching against a larger database.340 These issues are also magnified in peptidomics
since unspecific protein cleavage parameters are typically selected for the search parameters,
resulting in an even larger combination of peptides that could be matched to the spectra.ll
Therefore, utilizing this mixed organism protein database approach provides a convenient
method to assess the precision of the search engines, based on the assumption that peptides
derived from human proteins should not be present in the Aplysia extracts, and subsequently,
human peptide matches can be considered false positives. For these assessments, the Aplysia
spectra were searched against the Aplysia-human mixed database and no variable PTMs
were included in the search parameters to prevent an even larger increase of the search
space. To estimate the precision of the different search engines, the percentage of Aplysia
peptides identified relative to the total number of identified human and Aplysia peptides was
calculated at various PSM FDR thresholds: 0.1, 0.5, 1, 2, 3, and 5 %, with human peptide
matches considered false.

The effect of searching the Aplysia spectra against either the Aplysia or Aplysia+ human
protein database was first evaluated to determine if the larger search space would influence
the total number of identified Aplysia peptides. When comparing the number of peptides
identified, the average number of identifications across all search engines was higher when
searching against only the Aplysia database, though the difference between the number of
peptide identifications was only significant (p < 0.01) in the case of PEAKS (Figure 7A).
The decreased number of identifications when searched against the mixed database is not
surprising given the fact this database had a percent increase in the number of proteins
entries of approximately 450% compared to the Aplysia-only database, and this decrease in
sensitivity with an enlarged search space was previously demonstrated by Anapindi et al.
The percent decrease for the number of peptide identifications was also varied across the
search engines, with OMSSA having the highest percent decrease of 23.8% (112.3 + 9.8 to
88.0 + 24.1 peptides), while X! Tandem had the lowest percent decrease of 5.6% (47.3 £
11.3to 44.7 = 15.1 peptides).

For the search engine precision assessments across several FDR thresholds, it was observed
that MS-GF+, X! Tandem, and OMSSA performed similarly with a slow decrease in
precision at higher FDR thresholds, where the precision remained above 95% with each

of the tested FDR thresholds (Supplementary Table 6). In the case of X! Tandem, the highest
precision was calculated, with no human peptides assigned until the 3% FDR. PEAKS, on
the other hand, had the sharpest decrease in precision with a relatively linear decrease in
precision as the FDR threshold increased and a precision value of 83.7 + 3.8% at the 5%
FDR threshold (Figure 7B). These results suggest that while PEAKS has the greatest overall
sensitivity out of the four tested search engines, care must be taken at the higher FDR
thresholds, as there will be a higher proportion of false positives relative to the theoretical
FDR determined by the search engine. This was especially pronounced at the highest FDR
% tested, as when the precision was tested with PEAKS at this FDR, approximately 14%
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of the identified peptides were incorrectly mapped to human proteins. Such a pronounced
reduction in precision was not observed with the other three search engines; however, this is
likely attributed to the observation that the other search engines had a lower sensitivity and
thus had an overall lower number of spectra assigned. Given this information though, one
may suspect that the higher sensitivity of PEAKS, as was described in the first section of this
manuscript comparing the number of peptide identifications across the search engines, may
simply be due to PEAKS identifying a higher number of false positives; however, with this
mixed species database search comparison, it can be noted that while the average precision
of PEAKS at the FDR cutoff of 1% was the lowest (97.2 + 0.4%) of the four search engines,
it was only lower by 1.71, 2.16, and 2.81% when compared to MS-GF+, OMSSA, and X!
Tandem, respectively. Furthermore, in the previous peptide identification comparisons, the
search results were filtered to an FDR cutoff of 1%; therefore, if the assumption is made that
the rate of human hits in the mixed database searches is representative of the false positive
rate in the previous searches, the lower precision of PEAKS is not enough to suggest that
the higher number of peptide identifications by PEAKS is due solely to a higher number

of false identifications. However, unless there is an obvious situation where a peptide is
known to be false (such as with amidated peptides), it is difficult to determine specifically
which peptides are false positives, and therefore these combined-species database precision
assessments provide a method to estimate how the false positive rate is influenced when a
less stringent FDR is implemented. No investigation was conducted to assess specifically
why certain spectra were incorrectly mapped to peptides from human proteins, though it is
likely that this is due to poor spectral quality as was seen in the false amidation assessment.

Conclusions

In summary, four commonly used database search engines were compared for two different
peptidomics datasets. The results obtained in this study demonstrate the advantage of
incorporating database searches with multiple search engines for obtaining higher peptide
coverage levels in peptidomic applications. Furthermore, a commonly observed issue
regarding C-terminally amidated peptides was evaluated as well as the precision of the
search engines when searching against a mixed species database. The amidation results are
useful to determine true error rates when evaluating search engine performance. Overall,
this information can help guide the selection of the specific search engines to employ for
peptidomics experiments when considering the balance between total peptide identifications,
PTM accuracy, and search precision.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1:

Bar graphs showing the average number of (A, B) peptides and (C, D) neuropeptides in the
Aplysia (left) and rat (right) datasets (n = 3) identified in each of the four search engines.
Error bars indicate the standard deviation. * p < 0.05, ** p < 0.01, *** p < 0.001.
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Figure 2:
Venn diagrams showing the number of unique peptides identified by each of the search

engines for the Aplysia (A) and rat (B) datasets. The percentages indicate the percent of
unique peptides identified in the search engine relative to the total number of identifications
across all search engines.
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Figure 3:

The violin plots illustrate the peptide length distributions among the search engines for the
Aplysia (A) and rat (B) datasets. The white circle indicates the median length, the black
boxes represent the interquartile range, and the whiskers indicate the outliers at a factor of
1.5 from the interquartile range.
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Figure 4
Bar plots illustrating the average percentage of falsely assigned amidated peptides relative to

the total number of amidated peptides in the Aplysia datasets (A), and the rat datasets (B).
Error bars indicate the standard deviation (n = 3).
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Figure5:

PCA biplots for the amidated peptides in each of the four search engines (A-D). Blue circles
represent true amidated peptides, and the red triangles correspond to false amidated peptides.
The left and bottom axes correspond to the score plot and the top and right axes correspond

to the loadings plot.
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Figure6:

Logistic regression scatterplots for each search engine. The blue circles indicate true
amidated peptides and the red triangles indicate false amidated peptides. The dashed line
indicates the predicted probability cutoff at 0.5, whereby false amidated peptides were
considered correctly predicted by the logistic regression models as false amidations if
their predicted probabilities were above this threshold, and true amidated peptides were
considered correctly predicted as true amidations if they had a predicted probability below

this threshold.
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Figure 7:
(A) Bar graph showing the average number of Aplysia peptides identified by each search

engine when searching against the Aplysia or mixed Aplysia-human database. (B) Plot
showing the average precision of the different search engines at various FDR thresholds (n =
3). The error bars indicate the standard deviations and * indicates p < 0.01.
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Table 1:

List of the different factors that were evaluated for PCA when assessing false assigned amidated peptides in
the four search engines.

Spectrum Features Description
Mean Fragment /m/z Error The average absolute fragment /m/z error for the b and y ions in a peptide (ppm).
Median Fragment 77/ Error The median absolute fragment /m/z error for the b and y ions in a peptide (ppm).
Precursor /m/z Error The absolute peptide precursor ion /m/zerror (ppm).
Peptide Length The number of amino acids in an assigned peptide.
Y lon Coverage The percentage of y ions annotated for the peptide sequence in the spectrum@
B lon Coverage The percentage of b ions annotated for the peptide sequence in the spectrum@
B lon Intensity % The percentage of the sum of the annotated B ions relative to the sum of all ions in a spectrum?
Y lon Intensity % The percentage of the sum of the annotated Y ions relative to the sum of all ions in a spectrum?

aWhen calculating percentages of b or y ion coverage for a peptide, only the position of the ion was counted, such that if the multiple forms of
an ion type position were assigned in the spectrum (e.g., y2 and y22+, and y2-NH3), only one instance of that ion position would be used for the
percentage calculation.

When calculating the percentages of b and y ion intensity coverage, all the assigned ions were counted separately, such that ions of the same type

(b or y) and position with different charge states or neutral losses (e.g., y2, y22+, and y2-NH3) were counted as three separate ions if they were all
present in the spectrum, and were each counted separately for the percentage calculation.
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