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Abstract

The promise of mass spectrometry as a tool for probing signal-transduction is predicated on reliable
identification of post-translational modifications. Phosphorylations are key mediators of cellular
signaling, yet are hard to detect, partly because of unusual fragmentation patterns of phosphopeptides.
In addition to being accurate, MS/MS identification software must be robust and efficient to deal
with increasingly large spectral data sets. Here, we present a new scoring function for the Inspect
software for phosphorylated peptide tandem mass spectra for ion-trap instruments, without the need
for manual validation. The scoring function was modeled by learning fragmentation patterns from
7677 validated phosphopeptide spectra. We compare our algorithm against SEQUEST and X!
Tandem on testing and training data sets. At a 1% false positive rate, Inspect identified the greatest
total number of phosphorylated spectra, 13% more than SEQUEST and 39% more than X!Tandem.
Spectra identified by Inspect tended to score better in several spectral quality measures. Furthermore,
Inspect runs much faster than either SEQUEST or X!Tandem, making desktop phosphoproteomics
feasible. Finally, we used our new models to reanalyze a corpus of 423 000 LTQ spectra acquired
for a phosphoproteome analysis of Saccharomyces cerevisiae DNA damage and repair pathways and
discovered 43% more phosphopeptides than the previous study.
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1. Introduction

Finding sites of protein modification has been of great interest in proteomics.1 Protein
phosphorylation, which regulates many cellular processes,2 has been a prime target of research.
To enable the large-scale discovery of protein phosphorylation sites, a variety of experimental
techniques have been developed for phosphopeptide enrichment.3=> As a result, tandem mass
spectrometry has been Wideli/ used to annotate the phosphoproteome of both whole ceIIs,G‘
12 and subcellular fractions.23-15 As the protocols for isolating phosphopeptides improve,
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the bottleneck for phosphopeptide identification has shifted to data interpretation of the MS/
MS spectra. Most search algorithms are not optimized specifically for phosphopeptide spectra
which could have very different characteristics.

Phosphopeptide fragmentation under collision induced disassociation (CID) is perceptiblf/
different from unmodified peptides. Cleavage is highly biased to the phosphoester bond. 6
Phosphate loss from the precursor typically dominates the MS/MS spectrum, averaging 20—
30% of the total ion current. Moreover, b/y ions also frequently lose the phosphate, further
weakening the signal of the b/y ladder, complicating peptide identification. Highlighting the
difficulty of accurate phosphopeptide identification are studies which set a weak score cutoff
followed by either exhaustive manual validation, 1315 or substantial postprocessing
techniques to obtain a low false discovery rate.5:9 Such attempts to recover misscored false-
negatives require subjective intervention to ensure quality identifications. Although manual
validation is invaluable for gaining an overall confidence in the results, its application to
;igosphoproteome scale searches (tens of thousands of spectra) is neither realistic nor prudent.

Current algorithmic improvements for phosphopeptide identification focus on postprocessing
instead of the original scoring function. Lu et al. developed criteria for automated validation
which judges annotations based on characteristics of phosphopeptide spectra.18 Because of
the potential ambiguity in the placement of the phosphate group within the peptide, Beausoleil
and colleagues have developed a confidence metric for phosphate localization.1” While
validation and localization are important, they help primarily in reducing false positives, but
not false negatives. To overcome poor scoring of false negatives, a scoring function must be
trained to discriminate annotations based on the unique fragmentation probabilities of
phosphopeptide spectra. Moreover, the development of an improved scoring function does not
preclude application of postprocessing techniques.

Our strategy for scoring phosphopeptides is based on well-established principles, specifically,
that fragmentation of the peptide backbone is not uniform;19-22 all ion types are not equally
likely to appear in the spectrum with uniform intensity. Classic examples include proline
directed fragmentation and the isotopic envelope: fragmentation N-terminal to a proline
produces more intense b/y ions than fragmentation C-terminal to the proline; isotopic peaks
(e.g.,y + 1) rarely occur without the monoisotopic peak. More generally, the expected intensity
of an ion can change based on flanking residue, related peak presence or other factors. If we
consider annotations in context, we obtain a more discerning scoring function. The main
contribution of our paper is an automated system that learns the fragmentation propensities
and peak dependencies of phosphopeptides using a Iarge training corpus of annotated spectra.
We use this knowledge to devise a Bayesian network?S based scoring function for the Inspect
software.24

Our new algorithm outperforms current algorithms (SEQUEST, COMET, X!Tandem) in both
speed and accuracy on large training and testing data sets of spectra acquired on ion-trap
instruments. On a small test set of 6410 spectra, at a fixed false-discovery rate for each program
(1%), Inspect had the highest true-positive rate, annotating 13% more spectra than SEQUEST
and 39% more than X!Tandem. Additionally, when we reanalyze a previously published data
set of 423 000 spectra, we recover 43% more phosphopeptides than the original work.2% A
better recovery of phosphopeptides from the spectra provides a more complete view of the
phosphoproteome, enabling researchers to better understand the dynamic signaling processes
of the cell. Furthermore, the run time was 1 or 2 orders of magnitude faster than current
algorithms, making desktop phosphoproteome analysis possible. The new models have been
incorporated into the Inspect software package, which is freely available for download from
our Web server, http://peptide. ucsd. edu/. In addition to the strong performance of the new
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models, we discuss the distinct characteristics of phosphopeptide fragmentation probabilities
and the use of Bayesian networks for probabilistic scoring, both of which are of independent
interest.

2. Materials and Methods

2.1. Overview

MS/MS peptide identification programs typically have four major stages: spectral-
preprocessing, database filtering (searching), scoring and validation.2% Each stage functions
as a distinct module within Inspect. lon-trap instruments, like the LTQ, are the workhorse
instrument of proteomics. However, the accuracy of these instruments necessitates the
preprocessing steps of parent mass correction and charge state determination. The experimental
parent mass is often off by 2-3 Da. Moreover, the charge state of an LTQ spectrum is
ambiguous because the isotopic envelope of the precursor cannot be established. High accuracy
instruments such as a QTOF or Orbitrap may not require these corrections.

After parent mass and charge state are determined, the spectrum is searched against a protein
database to produce a list of candidate annotations. Database filtering is used to rapidly
eliminate many of the peptides from the database without explicitly scoring them. Parent-mass
based filters are common but not as effective when dealing with post-translational
modifications. Inspect uses a tag-based search for filtering by performing a partial de novo
interpretation during preprocessing.24 Tag-based filtering is orders of magnitude more
efficient than other filters, but requires accurate tagging.

The filtered peptides are rank-ordered based on scoring against the spectrum. This score
represents how well the annotation agrees with the spectrum'’s peak list. The best candidate
peptide should get the highest score, followed by the next best candidate, and so on. Even with
an accurate scoring function, the top-scoring peptide might still not be the correct one. It could
be, for example, that the correct peptide is not in the database, or that there is not enough
information in the spectrum to distinguish between the top two peptides. A final validation
step is used to determine the probability that the top scoring peptide is the correct one. In this
work, we focus on the preprocessing and scoring steps in the context of phosphorylated
peptides. The filtering and validation steps remain unchanged. The new models are
incorporated into the Inspect software version 2007.07.12 and later.

2.2. Parent Mass Correction

Correcting the observed parent mass is a crucial preprocessing step for any de novo MS/MS
program. 7 Inspect's tag generation utilizes a partial de novo interpretation of the spectrum,
and is therefore sensitive to erroneous parent mass values. Peptide fragmentation creates
matching b/y ion pairs, whose mass sums to the parent mass of the precursor ion. Thus, given
a spectrum, we can determine the parent mass by finding matching b/y ion pairs. Our parent
mass correction routine is based on spectrum self-convolution introduced by Dancik et al.2?
Define M as the measured mass of the charge 1 precursor ion; P; as the m/z of the ith peak in
aspectrum; I(v) is the intensity of the peak at mass value v (binned to 0.3 Da). Dancik corrected
the parent mass of a spectrum within the range [M—e, M+¢€] as

M*= argmax XI(P;)I(m-— P;)
M—-e<m<M+e! (1)

The intuition here is that at the correct parent mass, M*, we will see a large number of high
intensity cognate pairs corresponding to the b/y ladder.27,28

We extend this algorithm in two ways, exploiting the neutral losses from phosphopeptides.
Here, itis necessary to define the two types of phosphate neutral losses from peptides. The loss
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of phosphate from a b or y ion is called a fragment neutral loss. The second ion type is neutral
loss from the precursor ion, or M — p. These two distinct ion types are used in different ways
in the models.

Our first extension to the Dancik algorithm is the inclusion of a mass offset into the convolution.
In addition to the cognate pair at (P;, M* — P;), we also expect to see a pair at (Pj, M* — P; +
1), corresponding to matching a +1 isotope, for example, b/y + 1 or b + 1/y. Similarly we would
expect to see cognate pairs from neutral losses. We modify the original convolution equation
to take as input an arbitrary offset, O:

f,,,_():%‘-I(P,') I (m — Pi+0) "

Using the training data as input, we plot fy, , for all values of O between —101 and +4 (Figure
1). The highest fy, 5 values represent offsets for which intense pairs (P;, — P; + O) were found.
For example, when no offset is applied (Figure 1, x = 0), eq 2 sums the intensity of all b/y peak
pairs in the training set. The strong peaks at —18 and —17 (water and ammonia loss) and +1

(isotopic peak) all correspond to known biological events. A strong peak was observed at —98,
phosphate loss. Unfortunately, this feature did not add discriminatory power to the parent mass
correction model; see Results and Discussion for a possible explanation. On the basis of these

observations, we define a feature vector F m) =1 fin-0) fun1) fun—17) fun—18))- At the correct
parent mass, we expect to see strong values in F (m)-

Our second extension of the Dancik algorithm is the explicit use of the precursor neutral loss.
For phosphopeptides, we expect to see an intense neutral loss from the precursor, M — p. We
model this by the intensity and skew of the peak from the expected position, m/z — 98/z. The
most intense peak at this location (+0.5 Da) is assigned the M — p identity. Its intensity, Iy, and
skew from expected location, Sp, are added to the feature set. We use the feature set

—
(F (m) ,I,),S,,) as input to a Linear Discriminant Analysis model for distinguishing the correct
mass from a range. Formally,

M*= argmax LDA (? (m).1,,.S ,,)

M—-e<m<M+e 3)
The model was trained to find the optimal linear combination of features by comparing correct
and incorrect parent mass values for spectra in the training set. We show in Results and
Discussion that this model vastly outperforms models for unmodified spectra. For charge state
correction, we closely follow the features and methods of Klammer et aI.,29 but include the
M — p peak intensity as an additional feature.

Inspect's scoring function comprises six features: percent of total ion current explained by the
annotation, fraction of b ions observed, fraction of y ions observed, length of the peptide,
number of enzymatically digested end points, and the cut-score (described below). Values for
each of these features are used as input into a Support Vector Machine,30 which returns the
final score of Inspect, the MQScore. A new set of fragmentation probabilities impacts only the
cut score, as explained below.

Note that a peptide (with parent residue mass Py,) can be described by a set of cuts, or prefix
residue masses Py <P, < ... <P\. Note that if a certain cut P; is indeed a true cut for the
spectrum, we will see many peaks corresponding to the fragment ions that support this cut (b,
y, b — H0). Figure 2 illustrates this for the peptide RGSphosDVEDASNAK. CID
fragmentation between the seventh and eighth residue (cut P7) predominantlg/ produces b7 and
ys. However, we also see other related ions. Following Frank and Pevzner, Llet
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—
Pop ( 1 |P/"S) denote the probability of detecting a set of ions, 7, given that P; is a valid cut of

the spectrum S. From Figure 2, Pj is P7; 7 is [by, b7 + 1, by — H3POy, ¥s5, y5 + 1, y5 — NH3,

N
and y5 — H,QO]. As the null hypothesis, let Py ( I |PJ'*S) denote the probability of observing 7
by chance. The cut-score of a peptide is given by ¥j score(Pj, S) where,
P, (_1’|P,-,s)
score (P,,S) =log ——

=
P (1 P~,S)
o\ 11P) (4)

AN
The critical part of this is the determination of Pe ( I'=1lo.h,...] |P/’S) given that the
occurrence of fragment ions are not independent. It is usually not possible to estimate all
dependencies due to lack of sufficient training samples. We approximate this with a Bayesian
network?3 described by a directed acyclic graph on the ion-types with limited outgoing edges
(dependencies) for each ion-type. Let I denote the set of ions that I; depends upon. Then,

.
P, ( T=[Ip.L,,...]|P j,s) = [ [Pew (1P xS )
i (5)

The set of dependencies I, is not well-understood for phosphopeptides. Therefore, we
computed a minimum entropy architecture based on observed fragmentation in our training
data set.

To getrobust estimates of conditional probabilities, each possible combination of values should
have a potentially large number of observed instances. To prevent the network from being too
large and to ensure that the calculated statistics are well-formed, we only include as nodes the
ion types which are regularly observed in phosphopeptide CID fragmentation. We required an
observed frequency of 1 instance per spectrum. Observed frequency was calculated by making
an offset frequency histogram27 of all spectra in the training set, Figure 3. Also, we generalize
this framework slightly. Nodes in the network include ion type and also associated meta data.
The ion-types are listed in Table 1. A variety of meta data was investigated. Only those with
a high information content were kept: amino acid flanking the break, spectrum region (divide
m/z range into 5 equally sized bins), and whether the phosphate group is on this fragment of

the peptide (ContainPhos).

To estimate Pcip(ljllx(), S, Pj), we tabulated the values for these nodes for each cut of each
spectrum in the training set. From this large table, we calculated both entropy (Shannon
information entropy) and conditional entropy. Bayesian networks require a topological
ordering for the directed acyclic graph. As many network reconstructions are possible, to
algorithmically compute the optimal ordering would require a much larger training data set.
Therefore, we use an ordering based on ion prevelance, or the fraction of possible ions (for a
given ion type) observed in the training data. When including the nonion type nodes, our final
order was: spectrum region, flanking amino acid, ContainPhos, and the ion list as ordered
above, Table 1. Let Pred(X) denote the set of nodes that precede node X in the node order. To
construct the network, we choose at most 2 parent nodes (i.e., I (j)) for each node (i.e., Ij). Thus,
L= argmin H(X|P,P;)
P .P;€ Pred(1;) (6)

An example probability table is shown in Table 2. Peak binning into strong, medium, weak,

and absent are based off the median peak intensity, and is a learned parameter. The set of
I ¢y comprises the Bayesian network as shown in Figure 4. After the network structure is
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finalized, conditional probability tables representing the ion profiles are stored and this
becomes our Bayesian model.

2.4. Generating the Training Set

A total of 62 000 LTQ MS/MS spectra were generated from Saccharomyces cerevisiae and an
additional 109 000 LTQ MS/MS spectra were generated from Schizosaccharomyces pombe.
These spectra came from whole cell lysates, purified by IMAC as described in Sample
Preparation. To obtain a corpus of highly confident phosphorylated spectra, we relied on the
overlap in annotation from four independent programs: Inspect,24 SEQUEST,26 COMET,
32 and X!Tandem.33 SEQUEST was run on a SageN Sorcerer system; other programs were
downloaded and installed on a local linux cluster. Each program searched the data set allowing
up to two phosphorylations on serine, threonine, or tyrosine as a variable modification; parent
mass tolerance of 3 Da, fragment mass tolerance of 0.5 Da. SEQUEST, COMET, and X!
Tandem set a semitryptic cleavage specificity with 2 missed cleavages; Inspect has no such
parameter due to the tag, not parent mass, filter. The database for S. cerevisiae was downloaded
from http://www.yeastgenome.org on January 12, 2007; the database for S. pombe was
downloaded from http://pombe.nci.nih.gov/ genome on July 28, 2006. Each database was
concatenated with decoy protein sequences. To create the decoy database, we shuffled each
protein record once. Results of Inspect and X!Tandem were ranked based on the provided p-
values. SEQUEST results were processed with the trans proteomic pipeline, and the Peptide
Prophet p-value was used for ranking. COMET results were ranked by using both the Ay and
Z-score. Each program’s results were filtered to 2% false-discovery rate, as measured by hits
to decoy sequences.34 We compiled the training set from these filtered results by requiring
that a spectrum be identified by at least three of the four programs. We observed that the overlap
between any two programs was typically 70%. The final set consisted of 7677 spectra (5218
charge 2 and 2459 charge 3). The total number of distinct peptides was 2293 charge 2 and 1087
charge 3. This training set was used for all model building. There were two test set. The first
was 6410 LTQ MS/MS spectra from S. cerevisiae whole cell lysate enriched for
phosphopeptides by IMAC. Time trials for this test set were performed on a single processor
of the Linux cluster (including a local installation of SEQUEST). The second was 423 000
LTQ MS/MS spectra from S. cerevisiae as described.2S Al data sets, including spectra and
annotations, are available from the authors upon request.

2.5. Sample Preparation

2.5.1. Cell Growth—TFor S. cerevisiae, 50 mL of budding yeast cells (BY4741) were grown
in YPD medium to an ODggg of 0.5 and cells were treated with 0.05% MMS for 3 h. For S.
pombe, 50 mL of fission yeast cells (FY259) were grown in YES medium to an ODggq of 0.5
and cells were treated with 0.01% MMS for 3 h.

2.5.2. Protein Extraction and Trypsin Digestion—Cells were broken in an ice-cooled
bead-beater with 2 mL of lysis buffer containing 50 mM Tris-HCI, pH 8.0, 150 mM NacCl,
0.2% NP40, 0.5 mM DTT, 5 mM NaF, 10 mM p-glycerolphosphate, 1 mM sodium vanadate,
5mM EDTA, 1 mM PMSF, 0.2 mM Benzamidine, 1 uM Leupeptin, and 1.5 xM Pepstatin.
Cell debris was removed by centrifugation at 30 000g for 30 min. Approximately 10 mg of
proteins was then denatured by boiling in the presence of 2% SDS and 10 mM DTT for 5 min.
Proteins were alkylated with 50 mM iodoacetamide, precipitated with 3 vol of cold ethanol/
acetone (1:1, v/v) and then resuspended with buffer containing 2 M urea and 50 mM Tris-HCI,
pH 8.0. Twenty micrograms of trypsin (Worthington, Lakewood, NJ) was added for overnight
digestion, and then the tryptic peptides were desalted using a 200-mg C18 column (Waters).

2.5.3. Phosphopeptide Purification and Mass Spectrometry—Desalted peptides
were dried in Speed-Vac, resuspended in 150 xL of 1% acetic acid and loaded to a gel loading
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tip column containing 25 L of immobilized metal affinity column (IMAC) resin. IMAC resin
was prepared from silica Ni-NTA (Qiagen), where the nickel was substituted by iron as the
bound metal. After loading of the peptides, the IMAC resin was washed twice with 25 uL of
wash buffer containing 25% acetonitrile, 100 mM NaCl and 0.1% acetic acid. Bound
phosphopeptides were successively eluted by four different eluting solutions containing
increasing concentrations of phosphoric acid (0.01%, 0.05%, 0.1%, 1%) to yield four distinct
eluted fractions. Each of the four elutions was performed with 100 xL of solution and processed
independently. Each fraction was transferred to a silanized glass insert (National Scientific,
Rockwood, TN), dried under reduced pressure, resuspended in 10 L of 0.1% TFA and
subjected to mass spectrometry analysis. Mass spectrometry experiments were performed
using the 1100 QuadPump HPLC system (Agilent, Santa Clara, CA), the Ultimate 3000
autosampler (Dionex, Sunnyvale, CA), and the LTQ tandem mass spectrometer (Thermo
Fischer Scientific, San Jose, CA). Four microliters of each eluted fraction was loaded using
the autosampler viaa 5 uL sample loop directly to an in-house packed 125 um (inner diameter)
x 20 cm microcapillary RP-HPLC column, packed with 3 um C18 resin (Magic beads;
Michrom Bioresources, Auburn, CA). For RP-HPLC-MS/MS analysis, buffer | consisted of
0.1% formic acid and 2% acetonitrile. Buffer 11 consisted of 0.1% formic acid and 80%
acetonitrile. A 120 min gradient from 15% to 35% buffer Il was used. Xcalibur 2.2 software
(Thermo Fischer Scientific, San Jose, CA) was used for the data acquisition, and mass
spectrometer was set to perform one full MS scan followed by 6 consecutive MS/MS scans
according to the ion intensities detected in the full MS scan. The minimal threshold for the
dependent scans was set to 6500 counts, and a dynamic exclusion list was used with the
following settings: repeat count of 1, repeat duration of 2 s, exclusion list size of 150, exclusion
duration of 60 s, and exclusion mass width of 0.2% relative to the reference mass. Raw data
files were converted to mzXML with ReAdW 2006Nov01,
http://tools.proteomecenter.org/ReAdW.php.

and Discussion

To generate the models, we first obtained a highly confident training set of 7677
phosphopeptide spectra. These spectra were identified by at least three independent algorithms
(see Materials and Methods).

Correctiné; the observed parent mass is a crucial preprocessing step for any de novo MS/MS
program. 7 Inspect uses a partial de novo for tag generation and database filtering, and is
therefore sensitive to erroneous parent mass values. As explained in Materials and Methods,
we create a new model that explicitly uses neutral loss of phosphate. The trained models
produce a significant improvement over the uncorrected and generic models (Table 3). For
charge 3 spectra, the observed parent mass is only accurate (within 0.5 Da) 5% of the time.
After parent mass correction, the accuracy is 90%. The new phosphorylation specific model
has nearly twice as many spectra accurately predicted to 0.3 Da. We explored efficacy of using
—98 as an offset for this model (Materials and Methods). However, the presence of amino acid
masses close to 98 Da was confounding (i.e., 97 Da for proline and 99 Da for valine). Given
the inaccuracy of the instrument, an offset of —98 Da could be a fragment neutral loss, or merely
the next peak in the b/y ladder (compare the broad peak surrounding —98 with the narrow peak
at —18 in Figure 1). Thus, when —98 was added to the feature set, the model gained no extra
discriminatory power.

The scoring function of Inspect uses six spectrum features as input into an Support Vector
Machine3U to get the final MQScore. As described in Materials and Methods, we use a
Bayesian network to model the probability that each assigned peak is correct. Phosphopeptide
fragmentation characteristics lead to a Bayesian network that is significantly different from the
one for unmodified peptides. For example, our model clearly shows that b ions are twice as
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likely to be accompanied by a phosphate neutral loss than y ions (Table 2). Indeed, the
probability of observing y — H3PO,4 given a strong y ion is very similar to the probability of
observing b — H3PO,4 given an absent b ion.

After training, the new Inspect program was run on the test data set of 6410 MS/MS spectra
and filtered to a 1% false-discovery rate. These results were compared to the results of
SEQUEST and X!Tandem (Figure 5). We first note that Inspect is orders of magnitude faster
than SEQUEST and X!Tandem. Inspect ran in 30 min on a desktop PC (1.6 GHz, 2 GB RAM).
X!Tandem took 6 h and SEQUEST took 36 h. As for identifications, Inspect identified a total
of 1089 phosphopeptide spectra. This is 13% more than SEQUEST and 39% more than X!
Tandem at the same false-discovery rate. Moreover, Inspect also had the strongest overlap with
other confidently identified spectra.

When looking at the overlap in Figure 5, we see 15-20% of any program's annotations were
unique. As it is possible that some of these could be false-positive identifications, we attempted
to objectively compare the quality of these single program identifications. First, we plotted
several features of phosphorylation spectra as discussed by Lu et al.18 For each feature, we
compare the unique annotations to the 501 consensus spectra (Figure 6). The most
distinguishing feature of a phosphopeptide is the fragment neutral loss, for example, b —
H3PO4.18 As a labile modification, the phosphate is frequently lost during CID; thus, true
phosphopeptide spectra will contain many fragment neutral loss peaks. Figure 6a plots a
histogram of the fragment neutral loss count per spectrum. Each line in the graph represents
the distribution of fragment neutral losses in the identified spectra. The blue line is the
distribution of the 501 consensus spectra; green is for the 203 spectra uniquely identified by
Inspect; red is for the 116 spectra uniquely identified by SEQUEST; and gray is for the 92
spectra uniquely identified by X!Tandem. Here, Inspect is the most similar to the consensus
spectra, averaging more fragment neutral loss peaks per spectrum than SEQUEST or X!
Tandem. A second highly characteristic feature of phosphopeptides is the intense M — p peak.
18 This peak is typically the base peak of the spectrum and contains 20-30% of the total ion
current. Figure 6b plots the intensity of this peak compared to be base peak of the spectrum.
Here both Inspect and SEQUEST are very similar to the consensus spectra, each having a high
percentage of spectra where the base peak is the M — p peak. Next, we look at a common
spectral quality metric, the fraction of b and y ions observed (Figure 6¢,d). Again, Inspect more
closely resembles the distribution of the consensus spectra, having on average a higher
percentage of b/y ions observed. Another common quality assurance check, the intensity of
proline directed fragmentation, shows no difference between the program's annotations, Figure
7.

A close look of the false negatives of Inspect (the 74 spectra identified by SEQUEST and X!
Tandem but not Inspect) shows the current deficiencies of the program. A total of 53 spectra
were missed due to tagging errors. Of these, 39 are charge 3 spectra which are notoriously
harder to tag. However, even though Inspect mistagged these spectra, it still identified nearly
20% more charge 3 spectra than SEQUEST (See Table 4), a true-positive gain more than
covering the false-negative loss. In ongoing research, we plan to improve the tagging accuracy
of higher charge peptides. Among the remaining false negatives, 10 represent spectra that
Inspect identified but at a less significant p-value than 0.01. Another 9 of the false negatives
are charge determination errors; remaining spectra score poorly in the phosphorylation-specific
scoring function. When considering the 1165 spectra that Inspect identifies in total, losses for
tagging (<5%) and charge correction (<1%) are minimal. Moreover, the number of false
negatives for Inspect is smaller than either SEQUEST or X!Tandem. It is worth reiterating that
as mass spectrometers become more accurate, charge detection and tag identifications will
improve dramatically. This potentially enables longer tags, further improving the speed of
search.
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After training and testing our models, we compared their performance against some of our
previous work. A subset of the authors recentl)égublished a phosphoproteome analysis of DNA
damage and repair pathways in S. cerevisiae.~° This study identified 2457 nonredundant
phosphopeptides found in both wild-type and kinase-null cells, using the COMET software.
The data set of 423 000 LTQ MS/MS spectra ran for ~40 days on a 22 processor Linux cluster,
atotal of ~21 000 CPU hours. We reran these spectra with Inspect and annotated 41 077 spectra
(8118 distinct peptides) at a false-discovery rate of 1%. When we restricted the results to
peptides found in both wild-type and kinase-null samples, we found 3518 nonredundant
phosphopeptides, an increase of 43% from the original results. Additionally, the speed of
Inspect was evident, running in less than 3 days on a single-processor desktop PC (66 CPU
hours). A grid compiled version of Inspect finished the computation in 2 h.

4. Conclusions

Recent studies have shown the importance of post-translational modifications
(phosphorylations in particular) in mediating cellular signals. While identification of
phosphorylated peptides is key to these analyses, manual validation remains a standard of sorts
in MS/MS phosphorylation studies. One reason for this standard is that a phosphopeptides's
characteristic fragmentation pattern is easily picked out by eye. However, the other reason is
simply that existing software are not trained to take advantage of the unique fragmentation
patterns. We close this gap by training Inspect on a corpus of 7677 validated phosphopeptide
spectra (3380 peptides).

In both training and multiple testing data sets, the new program discovers more
phosphopeptides at a given false-discovery rate than any of the other programs considered. No
program annotated all spectra; each algorithm has a measurable false-negative rate. Here, we
show that the learned scoring function of Inspect out performs the other algorithms and has
the lowest false-negative rate. Second, examination of the quality of the identifications using
a variety of objective criteria show that the Inspect identifications are of uniform high quality.
Moreover, the tag-based filtering approach of Inspect allows it to be somewhere between 10
and 100 times faster than X!Tandem, SEQUEST and COMET. Our methodology is quite
general and will be applied to other important modifications and instrumentation as data
becomes available. With an increase in the quality and throughput of mass spectrometry data,
our methods will find broad applicability.
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Figure 1.

Self-convolution of spectra in the training data set. A spectrum self-convolution, as described
by Dancik et al., 2" is the product of a spectrum and its reflection. Formally, eq 1 describes it
as the product of intensity of a peak and its cognate. Eq 2 introduces a mass offset, O, applied
to the cognate peak. In this figure, O is plotted along the x-axis. The y-axis represent the value
of the convolution in intensity units. As the self-convolution in eq 2 is applied to many spectra
(all spectra in the training set), frequently observed offsets stand out. x = 0 represents the
matching of b and y ions. The peak at x=1 represents matching of an isotope to the b/y ladder:
b+1landy,orbandy+ 1. The peaks at —18, —17 and —98 correspond to the neutral losses of
water and ammonia and phosphate. The peak for phosphate loss is not used in the final model.
See Results and Discussion for possible explanation.
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Figure 2.

A cut of the peptide. When the peptide RGSphosDVEDASNAK is fragmented between the
seventh and eighth residue, the predominant resulting species are by (RGSphosDEVD) and
y5 (ASNAK). Seven peaks support the this cut of the peptide, each adding to the confidence
in the assignment. Zoom-in images around by and ys show the related ions (*) present in this
cut. Inthe b7 image, related ions include by + 1 and by — 98. In the y5 image, related ions include
y5 + 1, y5 — 17 and y5 — 18. Note the break in the y-axis scale.
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Figure 3.

TP?e offset frequency function of b ions. Offsets from the prefix residue mass are plotted.27
Offsets in black are the regularly occurring ions included in the model. Offsets in gray are not
included. The strong gray offsets (e.g., —113) were discovered to be parts of the b/y ladder and
not a novel neutral loss. Differentiating offsets caused by regularly occurring neutral losses
from offsets caused by neighboring b peaks was done by iteratively removing the strongest
offset from the spectra and repeating the analysis.
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Figure 4.
Bayesian network architecture. The nodes and connections of the Bayesian network.
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Benchmarking Inspect's new scoring function on test data set 1. The test data set of 6410 MS/
MS spectra was searched with the new Inspect models, SEQUEST and X!Tandem. Each
program used as input the same mzXML spectrum file and the same database. Search
parameters allowed up to 2 phosphorylations per peptide. Results of each program were filtered
to 1% false-discovery by using the hits to the decoy database. (a) Overlap between annotations
is plotted in a Venn diagram. Numbers represent individual spectra identified by an algorithm
(S). (b) Run times are plotted for each program (single processor desktop PC).
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Phosphopeptide spectral qualities. For each plot, the spectral quality feature was tabulated for
all spectra in the testing data set. The blue line represents spectra annotated by all programs

(consensus spectra). The green line represents spectra uniquely annotated by Inspect, red for
unique SEQUEST annotations, and gray for unique X!Tandem annotations. Each figure shows
the overlaid histogram of the results. (a) Number of fragment neutral loss peaks per spectrum.
(b) Intensity of the M — p peak compared to the base peak of the spectrum. (c) Strength of the

b ion ladder. (d) Strength of the y ion ladder.
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Figure 7.

Proline directed fragmentation. Here, we compare the intensity of peaks produced by breaks
either nterminal or cterminal to proline. As in Figure 6, the blue line is consensus spectra; green
line is unique Inspect identifications; red line is unique SEQUEST identifications; gray line is
unique X!Tandem identifications. The plotted function is X = N/(N + C) where N and C
represent the intensity of the N-terminal and C-terminal breaks, respectively. It is expected that
N-terminal ions are much more intense than C-terminal ions, due to proline directed
fragmentation. As seen, all programs have identical profiles, having a large majority of breaks
where the N-terminal ion is an order of magnitude stronger than the C-terminal ion.
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C-terminal ions
N-terminal ions
fragments with
a +2 charge

Y, y+1,y+2,y—H,0,y—NH;y—H;PO,
b,b+1,b—H,0,b—NH,, b—H;PO, b—H,0 — HPO,, b — NH; — H,PO,
y2,y3 41,y = H,0, y2* — NH,, v — HPO,

b%*, b%* + 1, b?* — H,0, b?* — NH3, b%* — H,PO,

alons included in the Bayesian Network.
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Pein(jllagy S Py

I;=b—-H;PO, lj=y-H;zPO,
1) intensity I intensity g =b Ly =Y
strong strong 22.5% 9.5%
strong medium 20.4% 15.2%
strong weak 3.8% 4.8%
strong absent 53.3% 70.5%
medium strong 8.1% 1.7%
medium medium 25.1% 11.4%
medium weak 10.8% 8.6%
medium absent 55.9% 78.4%
weak strong 3.1% 0.4%
weak medium 12.9% 4.0%
weak weak 14.5% 9.4%
weak absent 69.5% 86.3%
absent strong 5.4% 1.5%
absent medium 15.9% 4.1%
absent weak 9.3% 4.4%
absent absent 69.4% 90.0%

aUsing the observed intensity for Ij and Iz(j), we look up the learned conditional probability and score the peak assignment Ij accordingly. This table
shows two conditional probabilities: the third column for b — H3PO4 given b, the fourth column for y — H3PO4 given y. Notice the distinct propensities
for fragment neutral loss of a b ion compared to ay ion. For example, a strong b peak produces a medium/strong b — H3PO4 43% of the time. Remembering

that on average only 50% of b ions contain the phosphate moiety, almost all phosphorylated b peaks are accompanied by a neutral phosphate loss. In
contrast, a strong y peak produces a medium/strong y — H3PO4 only 25% of the time, or roughly half of the fragments containing a phosphate.
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accuracy no correction general model phosphorylation specific model
Charge 2

0.1 Da 4.3 10.8 22.1

0.3 Da 15.6 47.8 76.4

0.5 Da 29.6 83.6 93.8

Charge 3

0.1 Da 0.5 9.7 26.8

0.3 Da 2.0 44.4 70.7

0.5Da 49 77.9 90.2

aData represent the percent of spectra that are correct to a given accuracy. The general model is the default Inspect model and was trained on unmodified
peptides. The phosphorylation specific model was trained on phosphopeptides and includes phosphorylation-specific features, see Materials and Methods.
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Table 4
Comparison of Inspect and SEQUEST?
Inspect SEQUEST
Total Spectra 1089 962
2+ Spectra 700 645
3+ Spectra 389 317
2+ Peptides 619 589
3+ Peptides 333 287
Run Time 05h 36h

aThe test data set of 6410 MS/MS spectra from S. cerevisiae was run permitting up to two phosphorylations per peptide. All results were filtered to 1%
false positives and then compared between programs. Shown are only the spectra with a phosphorylated peptide annotation. The rows for peptides are

counts of nonredundant phosphopeptide species.
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