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Peak detection is a key step in the analysis of SELDI-TOF-MS spectra, but the current default
method has low specificity and poor peak annotation. To improve data quality, scientists still have
to validate the identified peaks visually, a tedious and time-consuming process, especially for
large data sets. Hence, there is a genuine need for methods that minimize manual validation.
We have previously reported a multi-spectral signal detection method, called RS for ‘region of
significance’, with improved specificity. Here we extend it to include a peak quantification algo-
rithm based on annotated regions of significance (ARS). For each spectral region flagged as sig-
nificant by RS, we first identify a dominant spectrum for determining the number of peaks and
the m/z region of these peaks. From each m/z region of peaks, a peak template is extracted from
all spectra via the principal component analysis. Finally, with the template, we estimate the
amplitude and location of the peak in each spectrum with the least-squares method and refine
the estimation of the amplitude via the mixture model.

We have evaluated the ARS algorithm on patient samples from a clinical study. Comparison with
the standard method shows that ARS (i) inherits the superior specificity of RS, and (ii) gives
more accurate peak annotations than the standard method. In conclusion, we find that ARS
alleviates the main problems in the preprocessing of SELDI-TOF spectra.

The R-package ProSpect that implements ARS is freely available for academic use at http://
www.meb.ki.se/~yudpaw. T
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Proteomic profiles from surface-enhanced laser desorption
and ionization (SELDI) have been used for clinical bio-
marker discovery with promising results, e.g. for identify-
ing patients with early stage cancer [1-3]. SELDI protein

Abbreviations: ANOVA, analysis of variance; ARS, annotated . . A
profiling was first described in 1993 [4] and has been

regions of significance; FDR, false discovery rate; MSE, mean

squared error; RS, regions of significance; SSA, simultaneous
spectrum analysis; SPF, simple peak finding
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developed subsequently by Ciphergen Biosystems. In
SELDI-based profiling, retentate chromatography and mass
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spectrometry are combined, allowing direct mass spec-
trometry based protein profiling of biological samples. The
raw spectral data generated is pre-processed in several
calibration and adjustment steps that yield two quantities,
the intensity (ion abundance) and the mass per charge (m/
z) registered at each time point (see [5] for the Ciphergen
default method or [6] and [7] for more recent alternative
suggestions). A protein profile of a sample is the collection
of all pairs of intensity and m/z-value measured on the
sample, with peaks in the intensity characterizing the
presence of a protein or peptide.

SELDI spectra usually contain high frequency noise and
consequently a multitude of misleading peaks that are
entirely due to measurement error, chemical and other
background noise. The next step in the SELDI work-flow is
therefore usually the identification of peaks that represent
genuine biological differences between samples. Once these
peaks have been identified in each spectrum, the actual peak
intensities still need to be determined. This latter step is
referred to as peak annotation or peak labeling, and it is often
complicated by slight misalignments between spectra along
the m/z axis, which may be due to either subtle biological
signal modifications or simple technical measurement
variability.

The currently most widely-used peak detection method
combines the peak identification and annotation steps into
one procedure. It has been introduced by Ciphergen and
implemented in their ProteinChip software. This algorithm,
which will be referred to as the standard or default method,
has an unfortunate tendency to find too many false peaks
(i.e., low specificity) and to mislabel even some of the real
peaks it detects. By using the results of the standard method
uncritically, scientists risk both missing relevant peaks and
including biologically meaningless noise into the down-
stream biomarker discovery process. In practice, researchers
usually try to verify that the identified peaks are real and
correctly annotated by visually going through each of the
spectra in parallel. Much of this time-consuming work can
Dbe avoided, if specificity and peak labeling can be sufficiently
improved.

Dissatisfaction with the standard method has lead to
numerous proposed alternatives (e.g. [8-11], see also Sec-
tion 4.2). We have previously reported a peak detection
method that uses a multi-spectral approach for identifying
regions containing potential biomarkers [12]; we have
demonstrated that this signal detection algorithm, called RS
for ‘region of significance’, has better operating character-
istics than the standard and several other methods. In con-
trast with many existing methods, RS takes advantage of the
information from all spectra simultaneously and gives the
user an objective control of the false discovery rate (FDR)
among the reported regions.

In this paper, we describe a new annotation algorithm,
referred to as annotated regions of significance (ARS), that
labels peaks in regions previously identified as significant by
RS. This reduces the risk of trying to identify peaks where
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there is little or no biological signal, which is the most com-
mon reason for spurious peaks. Furthermore, by focusing on
regions with strong signal, this approach allows us to iden-
tify peak templates from all spectra without assuming a spe-
cific parametric shape through the principal component
analysis (PCA) [13]. A similar procedure was applied in the
context of nuclear magnetic resonance spectral data [14]. All
spectra are then fitted to the template through the least-
squares method that estimates the location and amplitude of
the peaks. In addition, the mixture model is applied to the
estimation of amplitude because it allows for differences in
peak shapes among spectra but all coming from the same
peptide/protein.

We have applied our new method to SELDI profiles of
serum collected from lung cancer patients. Comparison with
the standard method shows that our novel approach has
better sensitivity and is more accurate in labeling peaks. The
complete ARS algorithm is implemented in the package
ProSpect for the statistical computing language R. The pack-
age performs both the signal detection and peak quantifica-
tion steps, offers graphical displays of the results, and allows
the export of the detected regions of peaks to the ProteinChip
software. The package is freely available for academic use at
http://www.meb.ki.se/~yudpaw.

2 Materials and Methods

2.1 Tissue samples, sample preparation and
chemicals

Serum samples were obtained from lung cancer patients
(stadium IIIa). The study was approved by the local ethical
research committee, and samples were obtained with the
patients’ consent. The sera were prepared according to
standard protocol and stored at —80°C until analysis. The
study included eight serum samples from patients diag-
nosed with adenocarcinoma and eight serum samples from
patients diagnosed with squamous-cell carcinoma.

2.2 SELDI analysis of serum samples with standard
method

Serum was fractionated prior to protein profiling to reduce
sample complexity. Weak Cationic Exchange (CM10) Pro-
teinChip Arrays (Ciphergen, CA, USA) were used through-
out the study. Fractionated serum was diluted 1:5 in binding
buffer containing 50 mM ammonium acetate pH 4.5,
0.1% w/v Triton X-100. Duplicates of 100 pL of diluted sam-
ple were applied to CM10 chips and incubated at 4°C for
1.5 hours. The ProteinChip surface was washed twice with
the appropriate buffer, briefly rinsed with water and air-
dried. Two times 1puL of 20% saturated alpha-cyano-4-
hydroxy cinnamic acid in 50% acetonitrile and 0.5% tri-
fluoro-acetic acid were applied to each spot. ProteinChip
arrays were analysed using a ProteinChip analyser
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(TOF MS), Protein Biology System IIc (Ciphergen, CA,
USA). Data was collected using the automated chip protocol.
For detection of low molecular weight proteins, the protocol
settings were: high mass 100 kDa with optimized mass be-
tween 2-10 kDa, laser intensity 127, detector sensitivity 8;
70 shots were averaged for each spot.

Standard ProteinChip software data analysis was done
following baseline subtraction (using 8-times expected peak-
width), peak intensities were normalized using total-ion-
current (using external normalization coefficient 1.0). Bio-
marker wizard was used for peak detection using the follow-
ing settings: first-pass detection S/N 5, present in at least 5%
of spectra, mass difference of 0.3% allowed and second-pass
detection at S/N 2. Altogether 89 peak regions were detected.
‘Min Peak Threshold’” was set to a low level because we
expected more heterogeneity in spectra from patient samples
than from e.g. cell lines. The setting for the ‘first pass’ was
obtained by an experienced SELDI analyst (MP), by visually
inspecting the spectra at various settings and choosing one
that minimized false positives.

2.3 Peak Detection Algorithm
2.3.1 Signal Detection Algorithm: RS

We first describe briefly the method we use in [12] to identify
the regions of significant variation between spectra. Baseline
subtraction and normalization are applied as described
above. The signal detection algorithm performs some addi-
tional pre-processing, specifically alignment of the m/z va-
lues and an additional robust baseline correction. In the next
step, it constructs windows that divide the spectra along the
m/z axis in a consecutive and non-overlapping fashion, with
the same number of measurements in each window. The al-
gorithm then computes a F*-statistic for each window. This
F* is a modification of the standard F-statistic from a one-
way analysis of variance (ANOVA) model with spectra as
factor. F*is designed to test for intensity differences between
spectra irrespective of the underlying biology of the samples.
The modifications made to the F-statistic increase its
robustness and adjust for the dependency between closely
neighboring measurements. The distribution of F* has been
verified empirically, using blank chips without biological
material. To account for multiple testing, instead of using
traditional p-values, the significance of differences between
spectra is assessed via the false discovery rate (FDR), defined
as the expected proportion of false positives among the sig-
nificant results.

The signal detection step outputs a FDR value for each
window. For further processing, we select only windows with
FDR less than a pre-specified cutoff value (usually 5%).
Selected windows that are contiguous along the m/z axis are
merged, and the resulting distinct spectral regions are called
clusters. To illustrate this, for the clinical data described in
Section 2.1, we started with an initial set of 1053 windows
with five measurements each; 302 of these were found to
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have FDR below 5%; after merging contiguous windows we
obtained 102 distinct clusters containing between 5 and
55 measurements.

2.3.2 Peak Quantification Algorithm: ARS

The proposed peak quantification algorithm for peak anno-
tation is run separately on each of the clusters identified
during the signal detection step. The algorithm comprises
two distinct steps: (i) identifying a template across all spectra
in each m/z range of peak via PCA [13], and (ii) fitting the
template to the spectra via the least-squares method and
mixture model.

We have investigated a simple alternative procedure for
Step 1 based on choosing the spectrum with the strongest
signal as the template; see the Supplementary Material for
details. The PCA-based algorithm is less ad hoc and better in
the sense that it automatically chooses the best fitting tem-
plate from among the collection of spectra in a cluster. In
Step 2, we estimate the amplitude and m/z location of the
peak via least-squares method with a refinement made to the
estimation of amplitude via the mixture model. We illustrate
the detailed application of the individual steps for a specific
cluster from the clinical data in the Supplementary Material.

The cluster for analysis, consisting of contiguous win-
dows constructed in RS, is not guarantee to cover an entire
peak shape. To overcome this, before applying the peak
quantification algorithm, we extend the spectra appropriately
along the m/z dimension. To simplify this is done on the
spectrum with a strong signal (dominant spectrum) in the
cluster. After the extension, we identify m/z region of each
peak by using a modification of the simple peak fin-
ding (SPF) algorithm described in [9] to the dominant spec-
trum. Details of this algorithm are in the Supplementary
Material.

Step 1: Identification of a template for each peak region

We perform PCA across all spectra in the m/z region of each
peak to obtain a template that best captures the peak shape.
Assuming the spectra S(t)’s have a common template f{t)
with varying amplitudes A’s, but are misaligned due to shifts
d’s, we can express each spectrum as

S(t) = By + Af(t — 9). (1)

The B, is an additive parameter needed to make the intensity
values non-negative; some negative values might occur as an
artifact of background correction. Because of the unknown
shifts, the problem of estimating A, f(t) and & from the data
is a non-linear PCA problem. To linearize the problem, we
first perform a first-order Taylor expansion on (1) to give

S(t) = Bo + Aflt) — A3f(t). (2)

This suggests a 2-component decomposition of S(t). Thus,
the first principal component (PC) of the spectral data (PC;)
provides a template for the peak shape. The second PC (PC,)
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captures the remaining signal-associated PC due to the shift
and the remaining PCs are associated with noise [14].
Therefore, S(t), can be modeled via the first two PCs.

S(t) = Bo + B1PCy(H) + BoPCy(t). G)

By equating the terms in (3) with (2), we get A = B, and
& = —PB,/B;. Therefore, B; in (3) is constrained to be non-
negative, while 8 in (3) is constrained to avoid mixing peak
shapes from neighboring regions. We estimate B, to be the
smallest non-positive intensity in the spectrum and obtain
estimates for B; and B, by treating (3) as a least-squares
problem with constrained parameters. However, this
approach sometimes does not align the spectra well, so we
improve upon the final estimate with a direct least-squares fit
in Step 2. Therefore, the role of Step 1 is to extract a template
via PCA.

In summary, Step 1 consists of the following process:

1.1 Restrict the spectra to the m/z region of a peak.

1.2 Perform PCA on the restricted spectra.

1.3 Estimate A and & in (1) via (3), and correct the misalign-
ment in the restricted spectra.

1.4 Iterate Steps 1.2 and 1.3 until the mean squared differ-
ence or percent of variation explained by PC1 between
templates of consecutive runs are within some tolerance
level.

For pathological cases, when the templates do not con-
tain a peak, the algorithm stops and returns the maximum
intensity value and the corresponding location as the esti-
mated peak height and location.

Step 2: Fitting of the template to the other spectra

From Step 1, we obtain the template f{t) that we fit to the
spectra individually The fitting is done by minimizing the
weighted mean squared error (MSE) between the template
f{t) and the measurements S(t):

MSE = w3 {S(t) - By — Af(t = 8)}*/m, )

where the weight w is defined as the reciprocal of the median
intensity of the spectrum for the region and » is the number
of points in the template. The MSE can also be used to com-
pare the quality of the fit. For example, from the collection of
all the spectra, we flag the spectral peaks with the top
2.5% MSEs as doubtful and set the parameter values to
missing.

From the data it is obvious that some spectra have differ-
ent peak shapes from the template. This might be expected
because the peak shape are an aggregation of the template
perturbed around the m/z of the protein:

S(t) = By + Zizl Ayf (£ — 8x). Re-formulating this as a
mixture model problem, we get:
d

5(t) = > " mf(t— &), (5)

k=1
where
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o S(t)is S(t) — By divided by ,[S(t) — Bo] to be a probability
mass function (pmf),

e f(t)is f{t) divided by Z, f{t) to be a pmf,

e m,s are the mixing probabilities associated with A/s (i.e.
AL =mZ[S(t) — Bol/Z, f(t)) but restricted to be within 0 and
1, and

e d is the number of perturbation around the m/z of the
protein.

In this context it is natural to define the amplitude of an
aggregate as the sum of the individual amplitudes, i.e.

d
A=Y Abut

d
Ay { 5156 Bl zm}
k=1 k t t

=D [S(H) = Bol/ Y _f0), (©)

because X, = 1. So, no re-estimation is needed for the mix-
ture model and we can use (6) to refine the estimate of the
amplitude.

In summary, Step 2 consists of the following process:

2.1 Locate the valleys and peaks in the template with the
modified SPF (see Supplementary material). For those
templates with more than one peak, select the peak with
the largest height and its valleys.

2.2 Restrict the value of § to the range of whole numbers that
confine the potential peak location of the spectrum to be
fitted within the m/z range of the peak region.

2.3 For each eligible 5 value, the A value can be computed
via the mixture model approach (6).Compute the MSE.

2.4 The § and A values with the smallest minimized MSE
are § and A.

3 Results

When we applied the ARS algorithm as outlined above to the
clinical data set described in Section 2.1, we obtained
102 clusters from RS ata cutofflevel of 5% FDR; during ARS,
we found 151 peaks in these clusters. Among the 151 peak
regions, only 7 of them had templates without a peak. Table 1
summarizes cluster sizes and number of peaks per cluster.
Note that most of the unextended clusters are small (75 or
74% comprise three windows or less, corresponding to
15 measurements or less) and contain only one peak (73 or
72%, with a maximum number of six peaks for one cluster).

3.1 Performance of ARS templates in capturing the
signal

Overall, the template approach implemented by ARS cap-

tures peak shapes well and provides good estimates of peak
intensity and location. The results are best for strong signals
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Table 1. Distribution of the size (in windows of 5 measurements
each) and number of peaks detected for all 102 clusters
found in the lung cancer data.

Windows per cluster No of clusters

1 window 37 clusters
2 windows 24 clusters
3 windows 14 clusters
3 windows 6 clusters
5 windows 4 clusters
6 windows 7 clusters
27 windows 2 clusters
8 windows 2 clusters
9 windows 3clusters
10 windows 1 cluster
11 windows 2 clusters

Peaks per cluster No. of clusters

1 peak 73 clusters
2 peaks 16 clusters
3 peaks 9 clusters
4 peaks 2 clusters
5 peaks 1 cluster
6 peaks 1 cluster

and simple one-peak situations. We illustrate the perfor-
mance of the template approach graphically and demon-
strate that the results are satisfying even for clusters that are
chosen to give ARS a hard time.

(a) Cluster 92

Proteomics 2006, 6, 6124-6133

Based on the observed frequencies of peaks shown in
Table 1, we decided to compare one-peak and two-peak clus-
ters only. Visual inspection suggested furthermore that a
maximum intensity of 20 or more for the median of the top
third of the estimated peak intensities across spectra con-
stituted a good cutoff for separating clusters with high and
low signal strength. We therefore divided all one- and two-
peak clusters into four groups: (i) one-peak clusters with
strong signal, (ii) one-peak cluster with weak signal, (iii) two-
peak clusters with strong signal, and (iv) two-peak clusters
with weak signal. From each of the four groups we then
selected as representative cluster the one whose average MSE
(4) across all spectra was the 75th-percentile in the corre-
sponding group. Using MSE as a measure for goodness of
fit, where smaller values indicate better fit, this is a very
conservative choice: we choose clusters whose fit to the ARS
template is average in the worse half of the corresponding
group. Since MSE was unavailable for peak regions that had
templates without peaks, we adjusted the number of peaks
down for those affected clusters in this subsection only.

Figures 1 (a)—(d) show the representative clusters of each
group. Note that the plots show all 32 spectra simulta-
neously, but with special scaling so as to avoid visual clutter
and to concentrate on the essential feature. For this purpose,
we sorted the spectra for each cluster according to their esti-
mated peak intensity and divided them into three groups of
equal size, corresponding to spectra with high, medium, and
low intensity (shown as dotted lines for low, dashed lines for

(b) Cluster 55

4560 4565 4570

Figure 1. lllustration of the fit of
the template peak shapes to
mz clusters with (a) strong signal
and single peak, (b) weak signal
and single peak, (c) strong sig-
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shapes are shown as overlaid
mz solid black lines.
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medium, and solid lines for high intensity in Fig. 1). In
addition, the spectra in each group were all scaled to the
group’s median estimated peak intensity; the template spec-
trum for each cluster was also scaled to the median estimated
peak intensity in each group, and is plotted as bold solid
reference line for each group.

The fit is best for the strong signal situation in both (a)
and (c), and it is worse in the weak signal for one peak
situation in (b). The least satisfying fit is in the weak signal at
two peaks situation in (d), where the largest scaled intensity
for the spectra is five, indicating it is a low signal region.
Further investigation suggests that those spectra with inten-
sity greater than five had a good fit with the template while
those below five are likely peaks due to noise. Note, however,
that even in this noisy region, where the low and medium
intensity spectra are basically pure noise and show no peak at
all, the ARS template is flexible enough to provide estimates
for the intensity and location; see Section 3.3 for a detailed
illustration.

3.2 Comparison of ARS and standard method in peak
detection

As Table 2 shows, ARS identified 151 peak regions, whereas
the standard method only flagged 89 peak regions. We found
that 78 peak regions identified by the standard method over-
lapped with 83 peaks identified by ARS. This disagreement
is due to the fact that five (single) peak regions flagged by the
standard method overlapped with two peaks from multiple
peaks clusters suggested by ARS; the two peaks were typi-
cally located close to each other, and the standard method can
get confused in the presence of multiple peaks, as illustrated
in Section 3.3.

Table 2. The number of peak regions identified by ARS and the
standard method in the lung cancer data. Overlapping
peak regions are those identified by both methods,
whereas non-overlapping regions are unique for each

method.
ARS Standard Method
Overlaps 83 78
Non-overlaps 68 11
Total 151 89

Additionally ARS identified 68 peak regions that did not
overlap with any peaks from the standard method, and
conversely, 11 peaks were uniquely found by the standard
method. We investigated all 79 mismatched peak regions
visually and verified that (i) 60 out of 68 ARS peaks and
(ii) all 11 standard peaks were plausible. We can use the
McNemar test [15] to assess the agreement between the two
methods in correctly identifying regions with or without
peaks. This test only compares the discordant results, i.e.
the 11 correct calls by the standard method that were mis-
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sed by ARS, vice versa, the 60 correct calls made by ARS,
plus its eight wrong calls. The McNemar statistic is there-
fore calculated as

x*= (11 + 8 — 60)%/(11 + 8 + 60) = 21.3,

which under the null distribution of equal power to assess
peak regions follows a x7 distribution. The p-value for our
data is highly significant at p = 4.0x107% This result
demonstrates how ARS can, at the expense of a modest
false discovery rate, identify significantly more verifiable
peaks than the standard method. The attempt to reduce
false positives using the standard method with the settings
described in Section 2.2 has reduced the sensitivity of the
standard method substantially It is of course possible to
increase the sensitivity, but our previous results [12] show
that this will come at the price of a higher number of false
positive peaks.

Note also that several of the 11 peak regions detected by
the standard method and missed by ARS had very similar
peak intensities across all spectra. It is an inherent feature of
our signal detection algorithm to filter out peaks that have no
significant variation between spectra. While these homoge-
neous peaks may represent bona fide proteins, they are
found at almost constant concentration in all samples and
are therefore unlikely to provide useful biomarkers. This
should be seen as an advantage of ARS.

3.3 Comparison of ARS and standard method in peak
quantification

We restricted our comparison of peak quantification to the
83 peak regions identified by ARS that overlapped with those
found by the standard method, see Table 2. The comparison
is based on the two crucial measurements provided by peak
quantification: the estimated peak height or intensity, and
the peak location or m/z value. Although both methods use
different intensity profiles to obtain the estimated peak
intensities, we can assess the strength of their agreement by
calculating for each peak the Spearman rank correlation
coefficient between ARS and standard intensities across all
spectra. For the estimated peak m/z-values, we computed the
difference between ARS and the standard method location
for each spectrum, expressed as percentage of the smaller m/
z-value; we used the median of these percentages to quantify
the average shift in location between ARS and the standard
method for a specific peak region.

Figure 2 shows the scatter plot of the correlations of the
peak intensities versus the median percentage difference of
the peak m/z-values, where every point represents one peak
region. We have divided the scattered regions somewhat
randomly into four groups labeled A-D in Fig. 2. About 84%
of the peak regions have strong agreement in intensity; this
corresponds to groups A and B, with correlations above 0.7.
About 76% of the peak regions have strong agreement in
location; this corresponds to groups A and C, with median
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Figure 2. The scatter plot of the Spear-
man rank correlation of estimated peak
intensities as estimated by ARS and the
standard method versus the corre-
= sponding median percentage difference
of the estimated peak my/z-locations for
each peak region. Each point represents
a peak region identified by ARS that
overlaps with a peak region found by the
standard method. The solidly marked
o point in the centre of D represents Clus-
ter 39, for which Figure 3 shows more
detail while the bottom right solidly
marked point represents Cluster 45, for
which Figure 4 shows more detail. We
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percentage difference values below 0.05%. Altogether, 71%
of the peak regions (group A) show strong agreement in both
intensity and location.

We illustrate the performance of both methods in detail
using representative peak regions from group D, i.e. where
the methods disagree. We have chosen peak region at Clus-
ter 39 (marked as solid symbol in Fig. 2 at the centre of
region D), because its distance from the upper left corner in
the scatter plot (representing perfect agreement between
ARS and the standard method) is the median distance in
group D, so they represent an average bad agreement. Both
ARS and the standard method identified Cluster 39 as one
peak. We have also chosen a peak region at Cluster 45 that
corresponds to the point at the bottom right corner (solid
symbol) to illustrate the reason why two ARS peaks over-
lapped with one standard method peak. For this cluster, ARS
identified three peaks while the standard method identified
two peak.

Figures 3 (a) and (c) for Cluster 39 show both ARS and
the standard method identifying the same peak. The bro-
ken lines in the plots are the observed intensity spectra;
the bold solid lines in the upper plots are the templates as
fitted by ARS to the individual spectra, and the bold solid
vertical lines with solid circles are the estimated peak
intensities and m/z-values for both ARS (top) and the
standard method (bottom). Surprisingly, in Fig. 3 (b), the
standard method missed a clear peak that ARS identified
and picked the slope as a peak instead. However, with fur-
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have divided the peak regions into four
groups A-D, based on two criteria: cor-
relation values >0.7 and median per-
centage difference values <0.05%.

ther examination of the cluster, we noted that the cluster
could be more complex. From Fig. 3 (c) and especially
Fig. 3 (d), the spectrum could be a two-peak cluster. In
Fig. 3 (d), both methods selected a different peak. This
further reinforces the difficulty of peak identification in
SELDI as each spectrum may have different peak shapes in
the same cluster and coupled with misalignment the com-
plexity of peak identification increases. Despite of these
issues, from this cluster, we see that ARS is potentially
more robust and consistent in peak detection than the
standard method.

Figures 4 (a) and (b) illustrate a typical situation where
ARS performs better than the standard method; they also
demonstrate how the discrepancy between 83 overlapping
regions for ARS and 78 overlapping regions for the standard
method discussed in Section 3.2 can arise. In Fig. 4 (a), both
methods identified the left and right most peaks but ARS
identified the shoulder between these two peaks that the
standard method missed. However, in Fig. 4 (b), both meth-
ods identified the shoulder and right most peak but ARS
identified the left most peak that the standard method mis-
sed. Although the standard method identified two peaks, in a
situation where multiple peaks are in close vicinity of each
other, the standard method gets confused and picks either
one of them in different spectra. In comparison, ARS is more
robust and manages to compensate for the misaligned m,/z-
values that cause the standard method to switch between
neighboring peaks.
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Figure 3. (a)-(d) Peak quantification of Cluster 39 in Fig. 2 for selected spectra. The top plot for each figure shows the observed intensities
(broken lines) in the spectral region used by ARS, with the fitted peak shapes (bold solid lines) overlaid, and the vertical lines with solid
circles indicating estimated peak intensities and m/z-values. The bottom plot shows the observed intensities (broken lines) in the spectral
region used by the standard method, with the vertical lines with solid circles indicating its estimated peak intensity and m/z-values. Both
methods identify one peak in this region. Both methods quantified the peak correctly in (a) and (c), but only ARS recognizes the peakin (b).
The spectrum in (d) could contain two peaks with both methods identifying different peaks.

The poor performance by the standard method above
might be expected given the difficult situation. However,
even in a simple situation, it missed an obvious peak on the
left of the spectrum in Fig. 4 (c) that ARS identified. From
the plot, it is likely that the shoulder and the right most peak
were not present in this spectrum and both methods
returned low intensity values for them.

Finally, under severe misalignment situations, ARS
may not perform well but still better than the standard
method and this is illustrated in Fig. 4 (d). Both methods
identified the left most peak in Fig. 4 (d) but both disagree
on the peaks on the right. The standard method picked a
trough, which is where the right most peak is located in the
other three spectra. ARS identified the second peak, but the
third peak is missed because of poor fit. On further inves-
tigation, we observed a peak after 3840 Da, suggesting the
spectrum is misaligned (around 5 Da off) and this was
corroborated with the duplicate of Spectrum 32. The dupli-
cate was not severely misaligned and both methods identi-
fied the two peaks on the right, while only ARS identified
the left most peak. This demonstrates the standard method
being confused under severe misalignment resulting it to

© 2006 WILEY-VCH Verlag GmbH & Co. KGaA, Weinheim

identify a trough in (d), while ARS correctly identified the
second peak but missed the third.

In summary, we have found that for the discordant peak
regions in group D of Fig. 2, ARS has generally the advan-
tage over the standard method, i.e. the situation in Fig. 4(a) is
much more common than Fig. 4(c).

4 Discussion

For any proteomics approach, sensitivity and quantification
are key issues in obtaining the high quality data required for
the discovery of low-abundance peptides and proteins. We
have developed ARS with the specific goal of providing sen-
sitive signal detection and accurate peak annotation for weak
but clearly biologically derived signals in spectral proteomics
data. We have demonstrated that ARS can detect over 50%
more peaks from lung cancer serum spectra than the stand-
ard Ciphergen method. Furthermore, we have shown
improvements in peak annotation in ARS that can poten-
tially benefit the downstream data analysis in biomarker re-
search.
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Figure 4. (a)-(d) Peak quantification of Cluster 45 in Fig. 2 for selected spectra. The top plot for each figure shows the observed intensities
(broken lines) in the spectral region used by ARS, with the fitted peak shapes (bold solid lines) overlaid, and the vertical lines with solid
circles indicating estimated peak intensities and my/z-values. The bottom plot shows the observed intensities (broken lines) in the spectral
region used by the standard method, with the vertical lines with solid circles indicating its estimated peak intensity and m/z-values. ARS
identifies three peaks in this region, while the standard method identifies only two peaks. (a) and (b) illustrate how the standard method
can be confused by two neighboring peaks. (c) compares the performance of both methods in a simpler situation while (d) illustrates the

performance of both methods under severe misalignment.

Linear TOF-MS data offers superior sensitivity compared
to other methods, but inherent problems with mass accuracy
make it difficult to label peaks accurately across multiple
spectra. The template method implemented by ARS
improves the interpretation of this type of raw spectral data;
the scaling factor associated with the template fit allows the
annotation of peaks that are partially merged, a frequent and
challenging situation when measuring proteins in crude
biological samples.

The improvements provided by ARS could potentially
enable scientists to exploit data with low signal-to-noise ratio
without requiring the same extensive manual validation as
current methods. The peformance of ARS’s peak annotation,
illustrated in our paper, could also reduce the amount of
noise introduced into the subsequent search for single and
multiple biomarkers in clinical data sets.

4.1 Advantages gained with ARS

The workflow of the Ciphergen standard method for detect-

ing peak clusters can be outlined as follows:

1. Run a peak-finding algorithm at a conservative signal-to-
noise ratio on all spectra separately.

© 2006 WILEY-VCH Verlag GmbH & Co. KGaA, Weinheim

2. If a minimum percentage of spectra have peaks from
step 1 in a m/z region, generate a peak cluster in this
region.

3. For all spectra that do not have a peak in the current
region from step 1, run the peak-finding algorithm again,
with the signal-to-noise requirement relaxed.

4. For all spectra that do not have a peak in the current
region from step 1 or step 3, select a small peak in the
region arbitrarily.

ARS has a clear advantage in the peak detection (step 1
and 2), because it uses all spectra simultaneously to identify
peak regions. The standard method is also at a disadvantage
in regard to peak annotation because of steps 3 and 4, which
try to quantify peaks in low-intensity spectra without making
use of cross-spectral information.

4.2 Comparison with other peak detection
procedures

ARS combines threshold-based and template-based peak

detection. Simple threshold-based peak-finding algorithms
try to identify noise levels so that all measurements above a

www.proteomics-journal.com
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specific noise-level qualify as peaks, e.g. [8, 9]. This approach
works well for clear peaks with strong signal, but it is inade-
quate for peaks with low intensity or unclear definition. Due
to calibration and scaling issues it would also be difficult to
define a noise level that could be applied across different
spectra, so threshold-based methods are generally single-
spectrum. We have, instead, identified regions found to con-
tain signiﬁcant variation between spectra; in this way, we can
guarantee that (i) there is a reasonable chance that the region
actually contains potential peaks for biomarker research
(depending on the cutoff criterion during signal detection),
and (ii) we apply the SPF to the spectrum with the strongest
peak/signal, i.e. we assure that the SPF is used under the
most favorable conditions.

Template-based methods on the other hand try to detect
the same specified peak shape at a given m/z location in all
spectra. This has the advantage that some specified structure
can be imposed across noisy spectra, but it begs the question
of how to define the peak template. Traditional approaches
assume some kind of parametric shape for peaks, e.g. [16].
Recently, there have been attempts to estimate the template
more directly from the data, e.g. [17] in the context of generic
chromatography, where the authors propose using an appli-
cation-dependent standard peak, derived as the average of
multiple peaks of multiple hand-annotated spectra. Based on
our experiences with the variability of protein peaks, how-
ever, we are not convinced that such an approach would be
flexible enough to work with SELDI data. Our approach
applies PCA across all spectra and takes into account mis-
alignment in the spectra when extracting a template for each
peak region. So the template from this approach is auto-
matically the best fitting shape for the collection of spectra in
the region.

An interesting multi-spectral method called SSA (simul-
taneous spectrum analysis) that shares some features with
ARS has been described recently in [10]. The authors also
propose a true multi-spectral approach based on (unmodi-
fied) F-statistics that outperforms the standard method in
terms of peak detection and quantification. The crucial dif-
ference between SSA and our approach lies in the fact that
the F-statistics in SSA are based on the biological grouping of
the spectra, e.g. knock-out vs. normal mice or benign vs. can-
cerous prostate tissue. Although the ultimate interest is in
the between-class variation, very few markers will be signifi-
cantly different between classes, so if we test every region
across the range of spectra without any screening, the
potential for false discoveries is large and it is harder to detect
the real signal.
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4.3 Summary

We have combined a peak quantification algorithm with a
signal detection algorithm to address the low specificity and
poor peak quantification of the standard peak detection
method. We have demonstrated that our proposed method
can outperform the standard method in several aspects:
(i) ARS captured several peak regions in the spectral data
that were missed by the standard method, (ii) ARS was better
at classifying regions as peak or non-peak regions, (iii) ARS
was less easily confused by two or more closely neighboring
peaks and/or m/z-misalignment than the standard method,
and (iv) the ARS results appeared to quantify the peaks better
than the standard method.
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