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Large proteomic data sets identifying hundreds or thou-
sands of modified peptides are becoming increasingly
common in the literature. Several methods for assessing
the reliability of peptide identifications both at the individ-
ual peptide or data set level have become established.
However, tools for measuring the confidence of modifica-
tion site assignments are sparse and are not often em-
ployed. A few tools for estimating phosphorylation site
assignment reliabilities have been developed, but these
are not integral to a search engine, so require a particular
search engine output for a second step of processing.
They may also require use of a particular fragmentation
method and are mostly only applicable for phosphoryla-
tion analysis, rather than post-translational modifications
analysis in general. In this study, we present the perform-
ance of site assignment scoring that is directly integrated
into the search engine Protein Prospector, which allows
site assignment reliability to be automatically reported for
all modifications present in an identified peptide. It clearly
indicates when a site assignment is ambiguous (and if so,
between which residues), and reports an assignment
score that can be translated into a reliability measure for
individual site assignments. Molecular & Cellular Pro-
teomics 10: 10.1074/mcp.M111.008078, 1–9, 2011.

Proteomic research is increasingly moving from simply
cataloging proteins to trying to understand which compo-
nents are most important for regulation and function (1, 2).
Protein activity can be controlled over the long term by
changes in expression levels, but for rapid and precise
changes, the cell employs a range of post-translational
modifications (PTMs)1. Mass spectrometry is the enabling
tool for PTM characterization, as it is the only approach that
can study thousands of modification sites in a single exper-
iment (3). Modern mass spectrometers are able to produce
large amounts of data in relatively short periods of time,
such that the bottleneck in most proteomic research is the
data analysis (4).

There is a broad spectrum of mass spectrometry search
engines that can be employed for data analysis (5), and from
most of these programs a measure of reliability for individual
peptide identifications is reported, commonly in the form of a
probability or expectation value. These calculations determine
how much better than random a particular assignment is. As
a modified peptide with an incorrect modification site assign-
ment is highly homologous to the correct answer, assign-
ments to the correct peptide sequence but with incorrect site
assignment will generally give a confident identification score.
Hence, although these tools can be applied for analyzing
peptides bearing chemical or biological modifications they will
report some incorrect modification site assignments and no
search engine currently reports a measure of reliability for the
assignment of a site of modification within a peptide.

To address this issue, a range of tools has been written to
try to assess phosphorylation site assignments from search
engine results (6–10). Phosphorylation is an obvious modifi-
cation on which to focus on developing tools, as in addition to
it being arguably the most important biological regulatory
modification, it is also a modification that can occur on a
broad spectrum of amino acid residues, although it is most
commonly found on serines, threonines, and tyrosines. Typi-
cal peptides produced from proteolytic digests of proteins will
contain multiple potential sites of phosphorylation, so there is
a clear need for software that can determine how reliably a
particular assignment is pinpointed. Most of these tools take
outputs from a particular search engine, then look for diag-
nostic fragment ions that would distinguish between potential
sites of modification. Probably the best known of these is
Ascore (7), which calculates a probability for a site assignment
by working out how many b or y ions could be observed to
distinguish between potential sites, and what percentage of
these were observed in the particular spectrum. However, this
software was designed only for low mass accuracy ion trap
collision induced dissociation (CID) data and requires an out-
put from a particular version of the search engine Sequest
(11).

Determining site assignment reliabilities directly from a
search engine result has a number of advantages. It allows
site assignment scoring for all data types that can be analyzed
by the software. It also permits determining scores for all
modifications; not just phosphorylation. Two groups have
used results from the search engine Mascot (12) to report
confidences for site assignments based on the difference in
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score between a particular site assignment and the next high-
est scoring modified version of the same peptide (10, 13). This
information is not displayed directly in the search engine
output, but software has been written to parse information out
from links contained in the search engine results. In the study
by Savitski et al., the authors created a range of fragmentation
data from analyzing synthetic phosphopeptides where the
modification sites were known, which allowed determination
of a phosphorylation site false localization rate (FLR).

In this manuscript we present Site Localization In Peptide
(SLIP) scoring that is automatically calculated for all modifi-
cations identified in peptides identified by the search engine
Batch-Tag in the Protein Prospector suite of tools (14). To
characterize its performance, we compare it to the results
using alternative tools AScore and Mascot Delta Score and
we also test it using a larger phosphopeptide data set, deter-
mining FLRs associated with a given site score.

MATERIALS AND METHODS

Samples Used for Creating Data Sets for Analysis—The quadrupole
fragmentation data was acquired using a quadrupole time-of-flight
(QTOF) Micro (Waters, Milford, MA) mass spectrometer and the de-
tails describing the sample creation and data acquisition are de-
scribed in the publication where the data set was created (10). Briefly,
180 phosphopeptides were synthesized bearing a mixture of phos-
phorylated serine, threonine, and tyrosine residues. The majority of
them were singly phosphorylated, but some doubly phosphorylated
peptides were also present. Each peptide was analyzed separately by
liquid chromatography (LC)-tandem MS (MSMS), then all the data
from the 180 peptides were combined for data analysis. The raw data
and peak lists created from this data are freely available for download
from Tranche (https://proteomecommons.org/tranche/).

The phosphopeptide data for assessing ion trap fragmentation
spectra was derived from a tryptic digestion of mouse synaptosomes.
Mouse synaptosomes were resuspended in 1 ml buffer containing 50
mM ammonium bicarbonate, 6 M guanidine hydrochloride 6� Roche
Phosphatase Inhibitor Cocktails I and II, and 6� PUGNAc inhibitor.
The mixture was reduced with 2 mM Tris(2-carboxyethyl)phosphine
hydrochloride and alkylated 4.2 mM iodoacetamide. The mixture was
diluted to 1 M guanidine with ammonium bicarbonate and digested for
12 h at 37 °C with 1:50 (w/w) trypsin.

Phosphorylated peptides were enriched over an analytical guard
column packed with 5 �m titanium dioxide beads (GL Sciences,
Tokyo, Japan). Peptides were loaded and washed in 20% acetoni-
trile/1% trifluoroacetic acid then eluted with saturated KH2PO4 fol-
lowed by 5% phosphoric acid. High pH reverse phase chromatog-
raphy was performed using an ÄKTA Purifier (GE Healthcare,
Piscataway, NJ) equipped with a 1 � 100 mm Gemini 3� C18 column
(Phenomenex, Torrance, CA). Buffer A consisted of (20 mM ammo-
nium formate, pH 10). Buffer B consisted of buffer A with 50%
acetonitrile. The gradient went from 1% B 100% B over 6.5 mls.
Twenty fractions were collected and dried down using a SpeedVac
concentrator.

Phosphopeptides were separated by low pH reverse phase chro-
matography using a NanoAcquity (Waters) interfaced to an LTQ-
Orbitrap Velos (Thermo) mass spectrometer. Precursor masses were
measured in the Orbitrap. All MS/MS data was acquired using CID in
the linear ion trap and all fragment masses were measured using the
linear ion trap.

Search Parameters—Data was searched using Protein Prospector
version 5.8.0 (14). QTOF Micro data was searched against a concate-

nated database of SwissProt downloaded on August 10th 2010 and
randomized versions of these entries. Only human entries were con-
sidered, meaning a total of 40574 entries were queried. Fully tryptic
cleavage specificity was assumed, all cysteines were assumed to be
carbamidomethylated and possible modifications considered in-
cluded oxidation (M); Gln-�pyro-Glu (peptide N-term); Met-loss,
acetylation and the combination thereof (protein N-term); and phos-
phorylation (S, T, or Y). Precursor masses were considered with �
200 ppm mass tolerance and fragments with � 0.4 Da tolerance. The
results are presented in supplemental Table S1.

Peak lists for LTQ-Velos data were created using in-house software
“PAVA.” LTQ-Velos data was searched against a list of 3794 rodent
proteins and randomized versions thereof that are all found in
UniprotKB downloaded on August 10th 2010. Fully tryptic cleavage
specificity was assumed and all cysteines were considered to be
carbamidomethylated. A precursor mass tolerance of 15 ppm and
fragment mass tolerance of 0.6 Da were permitted. Two searches
were performed. In each case the same variable modifications were
considered as for the QTOF data set described above. However, in
one search phosphorylation of proline was also considered; in the
other phosphorylation of glutamic acid was considered. Batch-Tag
identifies both phosphorylated fragment ions and those for which
phosphoric acid has been eliminated. Therefore, to fully simulate
other potential sites of phosphorylation the code was adapted to
consider phosphate loss from glutamates and prolines that were
assigned as phosphorylated. Results were filtered to a 0.1% spec-
trum false discovery rate (FDR) according to target-decoy database
searching.

Description of SLIP Scoring—SLIP scores are determined by com-
paring probability and expectation values for the same peptide with
different site assignments. As a default, Protein Prospector was only
saving the top five matches to each spectrum, and in some cases the
match to the same peptide with the next best modification site
assignment was not in these results (e.g. if the other potential mod-
ification site is at the other end of the peptide). Hence, the manner in
which the results were saved was altered so that the score for the
next best site assignment is always stored for all of the top five
peptide matches to a particular spectrum. The SLIP score is derived
by comparing the probability or expectation value for each peptide to
the next best match of the same peptide but with different site
assignment (the difference between probabilities and expectation
values will be identical as the expectation value is the probability
multiplied by a constant (number of precursors in the database within
the precursor mass tolerance)). This difference is converted into a
simple integer score by converting into Log10 scale and then multi-
plying by �10. This transformation is analogous to that used by the
Mascot search engine for converting its probability scores into Mas-
cot scores (12). Under this conversion, a SLIP score of 10 means an
order of magnitude difference in probability scores for the different
site assignments whereas a SLIP score of 5 corresponds to about a
sevenfold higher confidence for a peptide assignment.

RESULTS

Comparison to AScore and Mascot Delta Score for Quad-
rupole CID Data—A previous study compared the perform-
ance of the Mascot Delta Score to the alternative phosphor-
ylation site scoring software AScore (10). Generously, they
made the raw data produced for this comparison freely avail-
able. Hence, this allows new tools for phosphorylation site
assignment to be benchmarked against these results.

The data set given the most focus in the previous study was
acquired on a QTOF Micro mass spectrometer, so we de-
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cided to employ Batch-Tag for analyzing this same data set,
then assessed the SLIP scoring integrated into the Search
Compare output to determine site assignment reliability.
The results are summarized in the first column of Table I and
the full results are supplemental Table S1. Search Compare
reported 2334 correct peptide identifications, containing
2437 phosphorylation site assignments. Of these, 164 pep-
tides contained only one possible site of modification, so
site assignment scoring was not relevant. A further 220 sites
were reported as completely ambiguous; i.e. multiple sites
achieved exactly the same score. In the remaining 2053
cases, one possible site assignment scored better than the
others, so a SLIP score was reported. Of these, 130 of the
site assignments were incorrect, corresponding to a 6.3%
FLR. The previously reported result for Ascore when ana-
lyzing this data set was 1584 IDs with 138 incorrect (9%

FLR) and 1840 with 201 incorrect (11% FLR) for Mascot
Delta Score.

Results were broken down by SLIP score to try to deter-
mine a reliability estimate for a given SLIP score. Fig. 1 pres-
ents score histograms for correct and incorrect site assign-
ments and the corresponding plots for Ascore and Mascot
Delta Score are also presented. In Fig. 1D a plot of the FLR
against score is shown. This plot is quite noisy, because of the
fact that there are only 130 incorrect results (and only 32 with
a score of three or greater), but it suggests that a SLIP score
of six corresponds to a local FLR of about 5%; i.e. 5% of
results with a SLIP score of exactly six are incorrect.

Comparing Different Peak List Filtering Approaches—When
raw data is converted into a peak list for analysis by a data-
base search engine there is typically no peak detection step
during the process; i.e. the peak list contains a mixture of real
and noise peaks. Hence, most search engines employ a fil-
tering step to try to maximize the number of real peaks while
minimizing the number of noise peaks considered. Batch-Tag
in Protein Prospector normally splits the observed mass range
into two, then uses the 20 most intense peaks in each half of
the mass range (a total of forty peaks if there are at least 20
peaks in each half of the mass range) for database searching
(15). Ascore uses a more extensive binning approach where it
considers a fixed number of peaks per 100 m/z, and varies
this value to try to optimize site assignment discrimination (7).

We decided to investigate the effect of using a 100 m/z
binning approach, comparing it to the standard Batch-Tag
20 � 20 approach, assessing it both for peptide identification

FIG. 1. Distribution of correct and incorrect SLIP scores for the QTOF Micro data set. SLIP scores for analysis of the same data set of
quadrupole CID data are plotted for Ascore (A); Mascot Delta Score (B), and PP Site Score (C). Correct site assignments are in blue; incorrect
are plotted in red. Panel D plots a histogram of the local FLR for a given SLIP score. Panels A and B are reproduced from Savitski et al. (10).

TABLE I
Comparison of different peak list filtering approaches. Three different
peak list filtering approaches are compared for their ability to identify

phosphopeptides and pinpoint modification sites

20 � 20 4 per 100 5 per 100

Spectra 2334 2378 2282
Phosphosites 2437 2488 2397
Correct 1924 1910 1883
Incorrect 130 136 161
Ambiguous 220 255 211
One Site 164 187 142
FLR (%) 6.3 6.6 7.9
Ambiguous (%) 9.0 10.2 8.8
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and site assignment reliability. Values from three to nine peaks
per 100 m/z were investigated. The results for 20 � 20, four
per 100 and five per 100 are presented in Table I.

Using four peaks per 100 identified marginally more spectra
than the other two analyses, but had the highest number of
ambiguous modification site assignments. Considering five
peaks per 100 identified the fewest number of both spectra
and sites and made the most mistakes, partly because it
reported fewer sites as being ambiguous. The 20 � 20 results
correctly identified the most sites and gave the most reliable
site assignments.

Testing SLIP Scoring on a Larger Scale with Ion Trap CID
Data—Determining the accuracy of site assignments can be
difficult, as it requires knowledge of the correct answer, which is
practically never the case when analyzing large, biologically
derived data sets. The results presented so far were created
from synthetic peptides with known sites of modification, but
there were only 130 incorrect results (using the 20 � 20 peak
filtering approach) from which to measure the FLR. Therefore, to
create a larger data set for testing, and also to test a different
fragmentation data type, we employed an alternative strategy
for assessing site assignment scoring. We temporarily changed
the settings in Batch-Tag such that it would consider phosphor-
ylation of proline and glutamic acid residues. We also allowed
it to consider loss of phosphoric acid from these amino acids.
Hence, we were able to perform searches considering phos-
phorylation of two amino acids that if assigned as the site of
modification, would always be incorrect.

We analyzed a large phosphopeptide data set acquired
using ion trap CID fragmentation on an LTQ-Orbitrap Velos
mass spectrometer. Two searches were performed: in the first
we considered phosphorylation of S, T, Y, and P; in the
second search we considered phosphorylation of S, T, Y, and
E. In each search, over 90,000 spectra were identified at an
estimated 0.1% false discovery rate according to searching
against a concatenated normal/random database (16). Of
these spectra, roughly 60,000 were of phosphopeptides.

For testing site assignment scoring we wanted spectra
where the correct site assignment is known. Hence, we re-
stricted our subsequent analysis to those spectra matched to
phosphopeptides where there was only one serine, threonine,
or tyrosine in the peptide sequence. For the “phosphoproline”
search results there were 5433 of these peptide identifica-
tions, and for the “phosphoglutamate” results there were
5415. Of these, 361 and 245 respectively reported phosphor-
ylations on the relevant decoy amino acid, corresponding to
6.6% and 4.5% global FLRs.

Fig. 2 plots false localization rates against SLIP score for
the two different search results. As can be seen, very similar
results were produced for the two decoy amino acid
searches, and as in the QTOF Micro data analysis results, a
SLIP score of six corresponded to a 5% local FLR.

SLIP Scoring of Electron Transfer Dissociation (ETD) Data of
O-GlcNAcylated Peptides—To test the performance of the

SLIP scoring for a third type of fragmentation and also for a
different regulatory PTM we re-analyzed data used in a pre-
vious publication studying O-GlcNAc modified peptides in
mouse brain (17). In this study 58 sites of O-GlcNAc modifi-
cation were identified from roughly eighty modified peptide
spectra. Clearly, with this limited number of modified peptide
spectra it is not possible to accurately calculate a FLR for a
particular SLIP score. However, it is possible to examine
spectra with assignments of a particular SLIP score and make
general comments about the amount of evidence supporting
the site assignment.

Fig. 3 compares site assignments in a peptide from Ankyrin
G that contains two O-GlcNAc (HexNAc) modifications. One
modification is assigned to the seventh residue in the peptide
(middle threonine) with a SLIP score of nine; the second to the
tenth residue (final serine) with a SLIP score of three. The next
best assignment alternative to residue 10 is residue nine.
Assignments that are unique to serine 9 are shown in blue,
whereas assignments unique to serine 10 are in green. A peak
at m/z 1024.97 matches a c-19 ion containing no modification,
which supports the assignment of serine 10 as the modifica-
tion site. Conversely, the peak at 1228.18 would correspond
to a modified c-19 ion. However, this peak can also be ex-
plained as a z�19 ion from either site assignment interpreta-
tion. Hence, the assignment of serine 10 explains more peaks,
but there is some level of ambiguity, which is consistent with
the assignment only getting a SLIP score of three. The as-
signment of modification to threonine 7 is supported by the
mass difference between z�15 and z�16 ions corresponding
to a modified threonine. Hence, this interpretation explains an
extra z�1 ion in comparison to site assignments on neigh-
boring residues. z�1 ions are very common in ETD spectra of
doubly charged precursors (18) and Protein Prospector scor-
ing takes this into consideration (19). Therefore, this extra
peak assignment gives a SLIP score of 9.

A second example is shown in supplemental Fig. S1 for a
spectrum with a SLIP score of five. In this example there is

FIG. 2. FLR as a function of SLIP score for an ion trap CID data
set. Histograms of FLR for a given SLIP score are plotted for the
searches considering phosphoglutamate and phosphoproline
modification.
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some evidence to suggest that the spectrum may be a mix-
ture of two different site assignments, but the mass difference
between z�19 and z�110 strongly suggests modification of
the second most N-terminal serine in the sequence.

DISCUSSION

Mass spectrometry instrumentation has improved dramat-
ically in the last 15 years, such that it can now produce a vast
amount of high quality data. This puts tremendous pressure
on database search engines to be able to analyze these large
data sets and produce reliable, unsupervised peptide and
protein identification summaries. Initially, there was a period in
which results of uncertain reliability were being produced and
published. However, through pressure from the community
and proteomic journals (20), software has now “caught up”
such that reliability metrics are now associated with most
published peptide sequence identifications.

PTM analysis is progressing through a similar cycle where
the ability to reliably identify modified peptides is ahead of the
software’s ability to measure the confidence in the modifica-
tion site assignment (21). However, again spearheaded by
pressure from journals, programmers are busily developing
tools to report reliabilities for site modifications reported. Most
of these are stand-alone tools that re-analyze spectra for site
assignment reliability using peptide identification results from
a particular search engine as the reference. However, there

are now attempts to use the search engine results directly to
report site assignment reliabilities. The first of these have used
score differences between different site assignments from the
search engine Mascot (10, 13). Researchers have written soft-
ware to extract results from the Mascot output and report
score differences. In this manuscript we present an analogous
approach using the Batch-Tag search engine in Protein Pro-
spector. The difference here is that the site assignment scor-
ing is directly incorporated into the output from the search
engine. It reports SLIP scores that are based on the difference
in expectation value for identifications with different site as-
signments, and these are calculated for all modifications in
reported peptides.

We used two data sets to benchmark the FLR for a given
SLIP score. The first was a data set that has previously been
used to characterize the performance of two other site as-
signment scoring methods (10). This data set was acquired
using quadrupole-type fragmentation, so will be representa-
tive of data acquired on QTOF instruments and also high-
energy collision-induced dissociation data. For this data set,
we identified a higher number of phosphopeptide spectra
compared with the previously published results, due to Batch-
Tag correctly interpreting more spectra than Mascot. How-
ever, the salient information for this study is the reliability of
site assignment scoring. The SLIP scoring returned results
with a global 6.3% FLR, whereas the Ascore and MD-score

FIG. 3. Comparison of three different site assignment combinations for a doubly O-GlcNAc modified peptide from Ankyrin G.
Assignments in common among the different assignments are in black, those that differentiate between different assignments are labeled in
the color of the peptide.
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result had 9 and 11% FLRs. This suggests that Batch-Tag is
making fewer mistakes in site assignments compared with the
competing tools.

The use of different peak list filtering algorithms for peptide
and modification site assignment was investigated, as multi-
ple groups have proposed using binning of peaks per 100 Da
for peak filtering and site assignment (6, 7). Our results sug-
gest that as you increase the number of peaks considered by
Batch-Tag you actually achieve fewer correct peptide identi-
fications and make more mistakes in incorrectly assigning
modification sites through the consideration of more noise
peaks. When considering fewer peaks, more site assignments
are deemed ambiguous. This is not necessarily a bad thing in
that many would argue that it is better to report a result as
ambiguous rather than reporting results with an elevated FLR.
However, our results suggest that the 20 � 20 peak list
approach normally employed by Batch-Tag is generally
slightly better at reporting site assignments than the “per 100
Da” binning approach: it makes relatively few incorrect as-
signments while reporting fewer ambiguous site assignments
than use of a similar number of peaks with 100 Da peak
binning. Batch-Tag now has the option of using either of these
peak filtering approaches, and as it is possible in Search
Compare with combine or compare multiple search results of
the same data set one could use both approaches (and vary
the number of peaks considered), then take consensus site
identifications. However, this would be extra work and we
think for relatively small gain compared with just using the
20 � 20 results alone.

The second data set used for benchmarking the SLIP scor-
ing was ion trap CID data. For this study we temporarily
altered the Batch-Tag search engine to allow consideration of
phosphorylation of glutamate and proline residues; two resi-
dues commonly found close to phosphorylation sites. Phos-
phorylation of proline does not exist in nature. Phosphorylated
free glutamate (�-glutamyl phosphate) is an intermediate in
the biosynthesis of both glutamine and proline, but there are
only a couple of reports suggesting it may occur in proteins
(22). As it is chemically very unstable, it is highly unlikely it
could ever survive to be found in a proteomic study. By
knowing that all of these modification assignments were in-
correct, this allowed analysis of a large phosphopeptide data
set and by filtering the results to only those spectra of pep-
tides that contain a single serine, threonine or tyrosine (such
that we know the correct modification site) we were able to
characterize incorrect site assignment scores based on phos-
phorylation matches to proline and glutamate residues.

Fig. 2 shows that a few phosphoproline and phosphoglu-
tamate site assignments with SLIP scores all the way up to 20
(indeed there are a few with even greater scores but not
plotted on this scale) were observed. However, these high
scoring results are probably not examples of incorrect site
assignments, but rather of incorrect peptide identifications.
Although these results as a whole have an estimated 0.1%

false discovery rate, we believe that the incorrect identifica-
tions are heavily enriched in the identifications with assign-
ments of phosphorylated prolines and glutamates. Evidence
for this is that, for example, in the phosphoproline search
results as a whole 6465 out of the 93,554 reported results
(7%) contained a phosphoproline site assignment. However,
of the decoy database hits 33% (289/872) contained a phos-
phoproline. Incorrect peptide identifications are going to have
randomly distributed SLIP scores. As one moves to higher
SLIP scores there are fewer spectra with a given score.
Hence, each incorrect identification creates a larger “spike” in
the FLR plot (two phosphoproline site assignments with a
score of 20 gave a large spike because of there being only 25
correct site assignments with a score of exactly 20).

The global false localization rate to prolines was similar to
incorrect assignments in the quadrupole CID data set,
whereas the incorrect phosphoglutamate assignment rate
was lower. The difference is probably because of the fre-
quency of these amino acids occurring next to real phosphor-
ylation sites. The most common incorrect site assignments
are when there are two potential residues next to each other
that could be modified. Kinases have sequence recognition
motifs, and a large number of biological phosphorylation sites
are on sites surrounded by other serines and threonines (23).
Similarly, there are many proline-directed kinases, so prolines
are commonly found in proximity to phosphorylation sites.
There are also kinases that contain acidic residues in their
recognition motif, but these are less prevalent, so this may
explain the reduced number of incorrect phosphoglutamate
identifications.

Global FLRs are likely to be data set dependent: the higher
the quality of the data (greater information content), the lower
one would expect the FLR to be. However, for a given SLIP
score, there should be a more consistent measure of reliabil-
ity. In plots for the quadrupole and ion trap CID data a SLIP
score of 6 corresponded to a local FLR of 5% and results
analyzing ETD data of O-GlcNAc modified peptides were
consistent with this score having a similar reliability.

A point of discussion is how site assignment results should
be reported. Simply by reporting all site assignments that
have any SLIP score would have returned 93–96% correct
results in the described phosphopeptide analyses, which
some would argue is an acceptable level of error. On the other
hand, one could draw a site score threshold and only report
site assignments that score above this. This is an option in the
Search Compare output; it will report all results below this
threshold as ambiguous. This will, of course, remove more
correct site identifications than incorrect. The middle ground
is to report all results but attempt to attach a measure of
reliability to each SLIP score. The problem with this is that for
real data sets, correct assignments are not known for enough
spectra to calculate statistics unique to that set of data.
Hence, one would have to extrapolate from results from a
similar standard data set. In the two large studies described in
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this manuscript the 5% local FLR corresponded to the same
score, but it may be a dangerous conclusion to assume that
this is always the case.

Unlike many of the site scoring tools developed thus far, the
Batch-Tag scoring is applicable to all modifications. We used
SLIP scoring to examine site assignments of O-GlcNAc mod-
ified peptides fragmented by ETD (17). This data set was not
large enough to determine a FLR for a given score, but it is
possible to manually assess site assignments with different
SLIP scores to get an impression of the reliability of a given
score. Example spectra are presented in Fig. 3 and
supplemental Fig. S1. In these examples an assignment with
a SLIP score of three was ambiguous, whereas scores of five
and nine both seemed reliable. These scores are consistent
with a given SLIP score having a similar meaning in O-GlcNAc
ETD data to the two phosphopeptide CID data sets. Never-
theless, the distribution of scores for other modifications may

differ from those for phosphorylation and O-GlcNAcylation.
As these modifications can occur on multiple amino acid
side-chains and serines and threonines are relatively common
amino acids, there are regularly going to be multiple potential
sites of modification in a typical peptide and often quite close
together. In contrast, methionines are much less common, so
peptides containing multiple potential sites of modification are
going to be infrequent. Thus, in most cases a site assignment
score is not required and if there are multiple sites they will
often be many residues apart. As a result, it will typically be
easier to confidently distinguish between candidate sites of
methionine oxidation and few incorrect site assignments will
be made. On the other hand, if oxidation of tryptophan and
oxidized proline (hydroxyproline) are also considered, then
site assignment scoring to differentiate between multiple po-
tential residues would be more important. For large data sets,
a similar approach to employed here; i.e. allowing the search

FIG. 4. Visual comparison of different modification site assignments. Protein Prospector allows superimposition of multiple interpreta-
tions onto the same spectrum. In this example, the reported modification site assignment result is compared with the correct identification. All
peaks labeled in red are explained by both peptide interpretations; only the single green y8 2� ion differentiates between the two
interpretations.
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engine to consider modification of a residue that cannot bear
the particular modification, could be employed to evaluate
SLIP scoring for other modification types.

One type of analysis that could benefit significantly from
SLIP scoring is mass modification searching, where unpre-
dicted or unknown modifications are being sought (14, 24). In
these types of analyses residue specificity is not known, so
the reliability of site assignments is particularly troublesome.
SLIP scoring quickly assesses the reliability of these site
assignments.

An important feature of any site assignment software is
having the ability to admit that it does not know the correct
answer. In many spectra there may be no evidence at all to
distinguish between potential sites. In this circumstance
Search Compare does not report a site assignment score;
instead it indicates between which residues the ambiguity
exists; e.g. ‘Phospho@4 �5� indicates that either the fourth or
fifth amino acid in the peptide sequence is phosphorylated. If
there are multiple phosphorylated residues in the peptide then
the site assignment can be more ambiguous; for example for
a couple of spectra of the doubly phosphorylated peptide
“TSSFAEPGGGGGGGGGGPGGSASGPGGTGGGK” the site
assignment was reported as ‘Phospho@1&2 �1&3 �2&3�; i.e.
two of the first three residues are modified, but there is no
evidence to determine which two. In addition to reporting the
residue/s within the peptide sequence that are modified and
their SLIP scores, SearchCompare can also report this infor-
mation at the protein residue number level. By sorting results
using this information it is easier to determine how many
unique phosphorylation sites within a protein there is evi-
dence for, as opposed to instances where the same phos-
phorylation site is identified in two related peptides where one
contains a missed cleavage.

One advantage of site scoring being integrated into the
Search Compare results is the ability to make use of linked
programs to visually assess the results. Protein Prospector
allows annotation of two or more different assignments to the
same spectrum, so it is possible to display and compare the
different site assignments (25). Fig. 4 shows an example of a
spectrum with an incorrect site assignment that scored seven;
i.e. one of the higher scoring incorrect site assignments. The
incorrect assignment is labeled in green and the correct in
blue. All explained fragment ions are in red; unexplained in
black. By selecting the “discriminating” tickbox it is only la-
beling the peak assignments (in this example, a single peak)
that differentiates between the two site assignments. A low
intensity peak was matched to a doubly charged y8 ion, which
presumably was a noise peak. From this interface it is also
possible to vary the number of peaks considered (including
switching to peaks per 100 m/z). If there are multiple site
assignments that are reported as ambiguous, then when the
user clicks on the peptide sequence from the Search Com-
pare results report, Protein Prospector will display the alter-
native site assignments as in Fig. 3. This is primarily useful if

a SLIP score threshold has been applied to the results, as this
will allow the user to compare site assignments that are below
the site assignment threshold applied, but there may be lim-
ited evidence to differentiate between potential sites.

The proteomics community has encountered problems with
determining the reliability of PTM site assignments, to the
extent that some journals currently require annotated spectra
for all site assignments (20). Hopefully with site scoring tools
such as the one described here, more reliable results will
populate the literature, so that biologists can start to unravel
the function of different modifications on cellular regulation
and signaling.
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