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ABSTRACT

OPTIMIZING DISCRIMINATING POWER

We present a methodology for (1) optimizing the discriminating power between correct and incorrect
peptide identifications, and (2) estimating the confidence that a peptide identification is correct. The
use of this methodology is illustrated by applying it to the Interrogator™ algorithm for database
searching. We find that for the Interrogator algorithm, the percent confidence predicted by performing
a least-squares linear fit to each MS/MS spectrum's cumulative score distribution provides both good
discriminating power and reasonably accurate confidences.

Linear discriminant analysis (LDA) is used to consider the discriminating power of several metrics as well as linear combinations
of these metrics. Some metrics considered are:
• High score – for each MS/MS spectrum, the highest score from the score distribution
• Distance-to-pack – for each MS/MS spectrum, the difference between the highest score and the seventh highest score from the
score distribution
• Delta mass – the difference between the actual peptide mass and the mass measured by the mass spectrometer

Knowing the composition of our experimental sample facilitated annotation of the MS/MS spectra – that
is, for each MS/MS spectrum, we determined which potential peptide identification was correct and
which was incorrect. (Note: the annotation process was not trivial; for further details, see reference 7.)
This annotation was used in data analysis as well as in evaluating the effectiveness of various data
analysis methods.
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This lack of robustness to varying database search types makes it difficult to directly use distance-to-pack as a predictor for
percent confidence. We have tried two different methods to try to address this problem. The first method involves using the
average distance-to-pack of the data set to calibrate percent confidence. The second method is discussed below.
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For each MS/MS spectrum let F(s) represent the score distribution (histogram) – that is, F(s) is the number of times each score s
is found.
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Figure 5. Comparison of predicted percent confidence and actual percent confidence derived
from the annotated data set

Note that the predicted percent confidence calculated using the cumulative score distribution G(s) does not rely on data set
annotation. Thus, we can use the annotation to perform an unbiased test of the accuracy of the predicted percent confidence.
This graph shows that the predicted percent confidence is reasonably accurate for a variety of MS/MS database search types.
In addition, the discriminating power of this predicted confidence based on modeling G(s) is comparable to distance-to-pack
(data not shown).

s ' =s

0

0

0.2

0.4

0.6

False positive fraction

0.8

1

Figure 1. Visualization technique: ROC
plots

ROC plots provide a method for visualizing the
discriminating power of different metrics.
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ROC plot shows that distance-to-pack has slightly better
discriminating power than high score. (Search type:
search #1, described below.)

Given that distance-to-pack has been found to be the metric with the optimal discriminating power, we can use an annotated
data set to empirically calculate percent confidence for distance-to-pack as follows:
For each distance-to-pack d, percent confidence =
where

10

A(d )
× 100%
A( d ) + Z (d )

A(d) = number of correct peptide identifications in the annotated data set for distance to pack d
Z(d) = number of incorrect peptide identifications in the annotated data set for distance to pack d

We perform a variety of database searches in order to study the robustness of our results under varying conditions:

Search #1: Non-zone modification search; MS/MS tolerance = 0.05 Da
Search #2: Non-zone modification search; MS/MS tolerance = 1 Da
Search #3: Zone modification search ±1000 Da; MS/MS tolerance = 0.05 Da
Search #4: Zone modification search ±1000 Da; MS/MS tolerance = 0.05 Da; modify Interrogator algorithm
so that all MS/MS peaks are weighted equally

Note that this is a fairly severe test of robustness as searches #1/#2, #3, and #4 represent three different algorithms.
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Figure 2. ROC plot comparing distance-topack and high score
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We have presented some techniques for assessing the validity of peptide identifications made by a
database search algorithm. All of our techniques require the presence of an annotated data set
containing many MS/MS spectra since the annotation is used in the data analysis as well as in
evaluating the effectiveness of various methods of data analysis. We find that for the Interrogator™
algorithm for database searching, modeling the cumulative score distribution G(s) provides an
estimated percent confidence that is reasonably accurate, has good discriminating power, and is
robust under varying search conditions.
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A well-characterized protein mixture was denatured, reduced with dithiothreitol, alkylated with
iodoacetic acid, digested with trypsin, separated by reverse-phase liquid chromatography, and injected
via electrospray ionization into an API QSTAR® Pulsar LC/MS/MS System. The collected MS/MS
spectra were scored by the Interrogator algorithm for database searching. For each MS/MS spectrum,
the Interrogator algorithm calculated a score distribution (histogram) – for each peptide in the database
which satisfied the error tolerances, a score was calculated by matching a weighted subset of the
experimental MS/MS peaks against the theoretical MS/MS peaks expected for that peptide. The
resulting score distributions were stored for later analysis and visualization by linear discriminant
analysis (LDA)4, receiver operating characteristic (ROC) plots5, and least-squares modeling.6
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Figure 3. Percent confidence as a
function of distance-to-pack for different
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MATERIALS AND METHODS
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There are now many algorithms available for performing MS/MS database searching. All of these
algorithms generally calculate some kind of "score," which measures how closely peptide sequences
match MS/MS fragmentation spectra. In a typical peptide identification run, for each experimentallyderived MS/MS spectrum, the algorithm compiles a list of peptide-to-spectrum matching scores.
These lists are then presented to the scientist, who must then assess which of the potential peptide
identifications on the lists are valid – that is, which peptides are in the actual sample injected into the
mass spectrometer. Assessing the validity of potential peptide identifications on the basis of score
alone can be difficult and time-consuming. This problem must be addressed before any sort of highthroughput proteomics can be achieved, and several recent publications1-3 have discussed various
aspects of this issue. Here, we present a methodology for (1) optimizing the discriminating power
between correct and incorrect peptide identifications, and (2) estimating confidences: probabilities that
potential peptide identifications are correct.
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The conclusion obtained by LDA is that distance-to-pack alone is the most discriminating metric. The ROC plots below visualize
this result. (Note that the ROC plots do not prove the result; it is the LDA which proves the result.)
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Figure 4. Cumulative score distribution G(s) is used to predict percent confidence
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Shown here are examples of the cumulative score distribution G(s). For each MS/MS spectrum, we would like to estimate the
probability that the peptide corresponding to the high score smax is a true "hit" (match) rather than a random "hit." We hypothesize
that the bulk of the distribution G(s) arises from matches against random peptides and that the farther away smax is from the bulk
distribution, the higher the probability that the peptide corresponding to smax is indeed a true hit. It is found empirically that, except
at the tail near smax, the decay of log10G(s) as the score s increases is approximately linear. Thus, we model the bulk of the
distribution log10G(s) by performing a linear regression. The resulting linear least-squares model is then extrapolated and used to
estimate <log10G(smax)>, the expected value of log10G(s) at smax due to random hits. According to the Poisson distribution, the
probability of finding at least one random hit with score s >= smax is 1 – exp(–10 ^ <log10G(smax)>). Therefore, the statistical
significance of a high score of smax is 1 – [1 – exp(–10 ^ <log10G(smax)>)] = exp(–10 ^ <log10G(smax)>), and the predicted percent
confidence based on the separation between smax and the bulk of the distribution G(s) is:
Predicted percent confidence = e-10

< log10 G ( smax ) >

× 100%
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