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Abstract

The accuracy of Mass Spectrometry (MS)-based analysis of peptides in complex biological mixtures improves
upon using high resolution instrumentation. However, high resolution content poses challenges to data processing
and statistical analysis. Here, three different data handling strategies were evaluated with respect to classification
performance using a well-defined cohort of serum samples from Duchenne Muscular Dystrophy (DMD) patients and
controls. For this purpose, serum samples were purified using a solid-phase extraction (SPE) protocol based on
Reversed-Phase (RP) C18 magnetic beads. Isotopically-resolved peptide profiles were acquired on a Matrix-Assisted
Laser Desorption/lonization Time-of-Flight (MALDI-TOF) mass spectrometer and examined by either using the full
mass spectrum or after selecting peaks between 1000<m/z<4000 followed by data filtering or data integration. To
identify discriminative peptides, linear Logistic Regression Analysis (LRA) with double-cross validation was applied
for each method. The data integration strategy resulted in the lowest classification error rate while use of the filtered
or full profile data gave higher error rates. From this it was concluded that peak selection methods may increase
the discriminative power, however with the potential downside of loss of potentially interesting peptides. Seven
peptides were found by all three methods when considering the top 15 discriminating peptides. Correlation analysis
of discriminative peptides showed strong associations between peptides of different m/z-values, suggesting that the
list of discriminative peptides reflected a smaller group of proteins. Validation studies using larger patient cohorts are

required for further statistical evaluation of these results.
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Introduction

Serum peptide and protein profiling studies are widely employed
in biomarker discovery studies. In MS-based clinical proteomics,
peptide- or protein levels in serum of healthy and diseased individuals
are mapped in a single spectrum, aiming for identifying differences
[1-4]. The signature of biomarker candidates that is found through
proteomics studies holds great promise for personalized medicine
[5]. In this respect, it should be stressed that for implementation in
a diagnostic setting, automated and standardized high-throughput
workup procedures are required and rigorous analysis methods need
to be developed. An interesting approach involves the application of
Solid-Phase Extraction (SPE) using functionalized magnetic beads for
sample workup in combination with matrix-assisted laser desorption/
ionization (MALDI) MS analysis [6]. Previously, the critical parameters
in this type of clinical proteomics experiments have been evaluated in
detail and the necessity of standardization and Quality Control (QC) in
sample collection, the workup procedure and subsequent mass analysis
have been emphasized [7]. With regard to the latter aspect, recent
developments and improvements in MS instrumentation have shown
great benefit for profiling studies [8]. Systems have become robust,
more precise and sensitive, and cover a wider m/z-range. Moreover,
high resolution profiles, where different isotope peaks can be resolved,
allow internal quality control and the determination of overlapping
peptides within each spectrum [9].

Multiple data handling strategies have been reported for the
processing and statistical analysis of peptide- and protein profiles, either
model-based or applying different feature selection strategies. Initially,
feature selection was based on simple binning procedures or finding

local maxima [10-12]. Later more sophisticated methods were used like
continuous wavelet transformation or Smoothed Nonlinear Energy
Operator (SNEO) [13,14]. Unfortunately, in many studies features or
wavelet functions did not correspond to the underlying peptide peaks,
i.e. m/z-signals. Classification algorithms integrate feature selection
and statistical evaluation and avoid the need for prior “peak picking”
[15]. The comparison of full mass spectra is unbiased and inherently
allows the finding of unique peaks (i.e. species) in a single sample.
However, it also carries the burden of comparing large amounts of
noisy signals present in each sample [16]. Data handling for (ultra) high
resolution profiles comes with additional challenges, including the high
number of data points (up to several millions in Fourier Transform Ion
Cyclotron Resonance (FTICR) data [8]) per spectrum, which can make
the comparison of hundreds of spectra computationally challenging.
Moreover, (ultra) high resolution spectra contain multiple m/z-signals
for each peptide. The value of incorporating information about peak
shapes and isotopic distribution for feature selection of high resolution
data has been acknowledged, but a thorough evaluation of possible
strategies is currently lacking [17]. In this study, we will evaluate three
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different data analysis strategies for high resolution MS-data: a model-
based approach in which the full mass spectrum is considered [6,15],
and two data reduction strategies. For data reduction, only parts of
the spectrum containing m/z-signals (e.g. peaks) with theoretically
expected isotope patterns are used for evaluation and analysis (“peak
picking”), using either the raw data in these regions or the area under
the curve of the peaks. In this way only the signals that correspond to
peptides present in human serum profiles are considered [9,18].

The aim of this study is to develop and compare strategies for
data handling of high resolution MALDI-TOF serum peptide profiles
using either full mass spectral- or peak selected data. Three different
data handling strategies will be evaluated with respect to classification
performance using a well-defined cohort of serum samples from
Duchenne Muscular Dystrophy (DMD) patients and controls. DMD
is an inherited X linked recessive disease and has an incidence of one
in 3500 new born boys. Current diagnostic and prognostic methods
for DMD remain challenging as muscle strength assessments, biopsies
and genetic tests are limited by patient variability, comfort and costs
[19]. Based on the hypothesis that biomarkers leak from dystrophic
muscle into the circulation blood samples have been used for discovery
purposes in DMD patients [20]. The collection of blood is less invasive
(and painful) compared to muscle biopsies. Serum peptide profiling
in combination with high resolution MS has great potential in finding
biomarkers to diagnose and monitor DMD disease progression and
to determine efficacy of new therapies currently evaluated in trials
[5,7,21].

Materials and Methods
Study participants and serum collection

Ten boys with a molecular diagnosis of DMD (age range, 6.6 to 9.9
years; mean 8.2 years) were recruited for a longitudinal study involving
MR imaging and blood sampling at 9-month intervals for a total of 18
months [22]. As part of the study, 14 healthy male children (age range,
6.3 to 12 years; mean 8.2 years) who were attending the Royal Victoria
Infirmary, Newcastle-Upon-Tyne for venipuncture for renal isotope
imaging after a urinary tract infection were recruited as controls. The
DMD boys’ families were initially approached at their routine clinic
visit and informed consent was obtained from the parents after a
further explanation of the study with both parents and child. The
control children were recruited on the day of their isotope imaging after
discussion with both parent(s) and child. The control children did not
suffer from any significant medical disorders and were on no systemic
medication. Any child with an abnormal renal isotope investigation
was subsequently excluded from the study. All elements of the human
study were approved by the local Research Ethics Committee prior to
commencement.

Blood was drawn from both groups and collected in plain glass
tubes (BD-Vacutainer 367694, 13x100mm). The blood was allowed to
clot at room temperature for 10 min and then placed in a refrigerator
at 4°C. Then, the samples were spun at 2800g at room temperature for
10 minutes. Finally, the serum supernatant was carefully removed and
transferred into 2 ml Sarstedt polypropylene tubes, and stored at -80°C
until further use. At the end of the 18 months, 24 longitudinal samples
were obtained from 10 DMD boys and 14 samples from a single time
point from 14 control boys, i.e. in total 38 samples. Before performing
a profile analysis, each sample was thawed and aliquoted in eight 40uL
Matrix 2D barcoded storage tubes (Thermo Fisher Scientific Inc., USA)
using an 8-channel Hamilton pipetting robot. These barcoded tubes

were kept in 96 samples Latch Racks and frozen and stored at —80°C.
Sample processing

The workflow of the experimental setup is depicted in Figure 1.
Serum sample processing consisted of a solid-phase extraction (SPE)
protocol using Reversed-Phase C18-Functionalized Magnetic Beads
(RPC18-MB, Invitrogen). The magnetic beads were checked before
use with a standard light microscope (Dialux EB-20, Leitz, Germany)
in order to evaluate dispersion and possible aggregation within the
suspension. All 38 serum samples were stored in one Latch rack that
was taken out of the freezer 1h before the extraction procedure on the
96-channel Hamilton STARplus® liquid handling robot was started
(Hamilton, Bonaduz, Switzerland). The activation, wash and desorption
steps of the beads were based on the manufacturers instructions and
optimized for implementation on the 96-channel pipetting robot
[9]. Briefly, 10uL of RPC18 Dynabeads (Invitrogen, Carlsbad, CA,
USA) were washed four times with 50 pL of a 0.1% trifluoroacetic
acid solution before mixing with 5uL of serum sample. After 5min
incubation time the beads were washed three times with 25uL of 2 0.1%
trifluoroacetic acid solution. Then, the peptides were released from
the beads with 15pL elution solution (50% acetonitrile in water) and
the eluates were transferred into a 96-well plate. MALDI spotting of
RPC18 eluates was randomized and performed in quadruplicates using
the same 96-channel pipetting robot according to a previously reported
protocol [9], thus yielding 152 MALDI-spots (4x38 samples).

Mass spectrometry

After sample workup the serum samples were mass analyzed
within 12h after spotting using an UltraFlex II MALDI-TOF/TOF
MS instrument (Bruker Daltonics) employing automatic acquisition
of mass spectra in the positive reflectron mode (Figure 1). The
spectra were acquired using FlexControl software version 3.0 (Bruker
Daltonics) with identical data acquisition parameters for each sample.
A SmartBeam™ 200 Hz solid-state laser, operating at a frequency of
100 Hz, was used for ionization. A profile, or summed spectrum,
was obtained for each MALDI-spot by adding 20 spectra of 60 laser
shots, each at different rasters. FlexControl software decided on-the-
fly whether or not a scan was used for the summed spectrum. To this
end, a resolution higher than 2000 was required. Peaks were detected
using the SNAP centroid peak detection algorithm with signal-to-noise
threshold of 1 and a “TopHat” baseline subtraction. All mass scans not
fitting these criteria were excluded. The measurement of a MALDI spot
was finished when 1200 laser shots had been summed in one profile.
The MALDI-TOF spectra were measured from m/z 600 to m/z 4,600
and externally calibrated using a commercially available peptide mix
(Bruker Daltonics). FlexAnalysis Software 3.0 (Bruker Daltonics) was
used for visualization and initial data processing. All spectra were
aligned using an internal calibration method with five monoisotopic
peaks at m/z 1206.6, 1465.8, 2553.2, 2931.2, and 3261.6.

Data processing: data handling strategies for high resolution
content

After MS-acquisition further data processing was performed as
depicted in the second part of the workflow (Figure 1). To this end,
three different data handling strategies for high resolution content
were followed. In Method 1 the full peptide profile was used without
any data reduction, whereas in the other two methods the number
of datapoints was reduced through user-defined peak selection. The
peptide peaks from the profiles were selected based on a manual
inspection of all 152 mass spectra from m/z 1000 up to 4600. Thus
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Figure 1: Data handling workflow using the three different strategies. Data handling for high resolution serum peptide profiles started with sample processing,
followed by profile processing and data processing. During profile processing, the three methods for data handling were used to analyze the same high resolution serum
peptide profiles. The methods: Method 1, the full serum peptide profile is analyzed; Method 2, R script to remove all datapoints except those within the 42 selected peptide
isotope clusters at +0.5< m/z selected monoisotopic peak < 3.5; Method 3, all datapoints are removed except for 139 selected peaks of which the intensity of each peak

selected peaks were part of an isotopic cluster that contained at least
two m/z-signals per peptide species. Spectral signals between m/z 600
and 1000 were excluded for further analysis since these are not specific
(e.g. MALDI matrix, chemical background). In summary, 42 peptide
isotopic clusters were selected that contained 139 m/z-signals in total.
Each cluster was numbered, the letter in the index referring to the
isotopic peak (e.g. 21a is the monoisotopic peak of peptide cluster 21).
Method 2 and Method 3 differ from one another in that, for Method 2,
data filtering involved removing all raw datapoints except for those in
the selected peptide isotope clusters at +0.5< m/z monoisotopic peak
of each cluster < 3.5. In Method 3, the area under the 139 peaks was
integrated. Data reduction was performed using an in-house developed
R script for Method 2 and the previously reported tool Xtractor for
Method 3 (www.ms-utils.org/Xtractor).

Double-cross validatory penalized linear logistic regression
analysis (LRA)

The logistic regression model as described by Alagaratnam et al.
[23] was applied on the MALDI-TOF data obtained using Method
1, 2 and 3 [15]. For each sample eluate, the MALDI-TOF data from
the quadruplicates were averaged prior to LRA analysis. The familiar
problems of overfitting and the identification associated with
diagnostic model fitting with such high dimensional data (as previously
described for linear discrimination) was addressed by applying a
penalty to the vector of regression coefficients by assuming that
these are normally distributed with mean zero (the expected value of
any regression coeflicient is zero) with some small variance ¢% such
that most regression parameter values will be shrunken towards zero,
unless there is considerable evidence of differential spectral expression
for the associated spectral bin between both groups. The reverse value

A=1/0%is sometimes referred to as a so-called penalization constant, as
greater values imply ever greater constraint on the fitted coefficients
B which will eventually all be forced to zero as A approaches infinity.
Choice of ¢*is again performed via leave-one-out cross-validation,
with a secondary double-cross-validation layer to account for potential
bias in the reporting of error.

Results and Discussion
Statistical data analysis and classification of peptide profiles

The peptides were obtained from human serum samples using
SPE with RPC18-magnetic beads in an automated procedure and
were profiled in mass spectra with peaks in the m/z range 1000-4000
Da. From the high resolution MALDI-TOF mass spectrometry,
five peptides were selected for alignment. It was found that the four
technical replicates for each of the 38 samples were highly similar and
it was thus decided to average these spectra. The three methods for data
handling of the serum peptide profile (Figure 1) were compared using
linear logistic regression analysis (LRA) as a statistical classifier to
distinguish between DMD and control samples and as a tool to generate
discriminant weightings coefficients. These coefficients can be used in
a subsequent exploratory analysis to identify peaks or peptide isotopic
clusters that significantly differ between sample groups. As explained
in the methods section, the isotopically-resolved peptide profiles were
examined using either the full mass spectrum (Method 1) or after
selecting peaks (Method 2, filtered data and Method 3, integrated
data). The results are summarized in Table 1. Twenty-three DMD
and ten control samples were correctly classified, resulting in an error
rate of 13% using peak lists with individual isotopes obtained through
integration. Application of filtered data or full profile data, respectively,
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1=DMD
2=Control
Total
Error Rate

Total Error Rate

Error rates: number of misclassified samples per group, DMD or control.
Total error rates: number of misclassified samples per method

Table 1: Classification table and error rates of applied strategies. The table is generated from double cross validation LRA and compares error rates and total error

rates of Methods 1, 2 and 3.

yielded higher error rates of 21% and 36%. In Figures 2a, 2b and 2c
the corresponding discriminant weightings plots are depicted. Here,
peaks with higher weighting coefficient values contribute more to class
separation and are therefore referred to as discriminant peptides. In
general, the peak weightings obtained by the three different methods
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Figure 2: Discriminant Weighting Plot of Methods 1, 2 and 3. The plot shows
discriminating peaks between DMD and control samples based on weighting
coefficients (labeled as loading on y axis). The positive and negative weightings
coefficient values observed in Figure 2a, 2b and 2c indicate whether these
peptides are increased or decreased in the DMD samples compared to the
controls. Peaks with negative weightings coefficients indicate higher intensities
for DMD samples compared to controls, whereas peaks with positive weightings

coefficients indicate higher intensities in controls compared to DMD samples

were in good agreement. Interestingly, the discriminant weightings
plot obtained from Method 1 (see Figure 2a) reveals an identical
peptide isotopic cluster as is observed in the original mass spectra
(Figure 2a, inset A). From this it follows that as expected peptide
isotopes contribute similarly to the class discrimination, which can be
used for internal quality control of the applied data handling strategy
[9]. Similar isotope clusters are also observed in the results of Methods
2 and 3. Evidently, only a subset of the selected 42 peptide isotopic
clusters can be observed.

Overlapping peptides between the three strategies

In order to evaluate and compare the classification results obtained
with the three strategies, the overlap between 15 peptides with the
highest discriminant weightings coeflicient was determined. In Table
2 the m/z-value are listed for the 15 discriminant peptides from each
strategy. Moreover, based on peptide identification data from previous
serum profiling reports the predicted proteinidentities are given [24-27].
Seven peptides were found with all three strategies, i.e. at the nominal
m/z-values 1260, 1518, 1561, 1616, 2753, 2931 and 3261. This group
likely constitutes the most robust group of discriminating peptides. The
predicted protein identities show that the 15 discriminative peptides are
made up of a small group of proteins. For example, with Method 1, five
peptides are fragments of fibrinopeptide A, four peptides are fragments
of fibrinogen and two peptides were from complement 3f. Other than
the previously mentioned proteins, Inter-a-trypsin inhibitor fragments
were identified with Method 2 and 3, whilst C4a was identified with
Method 2. The integrated intensities of these discriminant peaks were
compared between disease and control samples, as a verification step
for the statistical classification. A typical example of such an analysis
is shown in the box plots in Figure 3a. It is clear that the monoisotopic
peaks 40a, 41a and 42a, showed significant differences in intensities
between the DMD and control groups. In addition, these peaks showed
strong and positive correlations in the correlation map of Figure 4, as
well as with peptides 38 and 39. This could be explained by the fact
that these peptides result from the same “source”, i.e. protein. Indeed,
three of these peptides originate from fibrinogen alpha-chain (Table
2). On the other hand, Figure 3b shows the box plots comparing the
intensities of peptide clusters 21, 23 and 24. As expected, the marked
differences in intensities between DMD and control groups for each
cluster are demonstrated in all isotopes within a cluster. The same is
true for other peptides in the correlation map, such as 11 and 23, or
14, 15 and 16. Moreover, as mentioned earlier for the discriminant
weighting plots, strong positive correlations were observed between
peaks within one specific peptide isotopic cluster (blue framed boxes
in Figure 4). Additionally, negative correlations were mainly observed
between peptide clusters of low m/z- and high m/z-values.

The presence of fibrinopeptide A fragments at lower m/z-
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Method 1,2 or 3

Discriminant peptide* Monoisotopic Peak Preliminary protein identification *
peak m/z value Number

3277.7 42a Fibrinogen a*
3261.6 41a Fibrinogen a @
3222.5 40a
3190.6 38a Fibrinogen a @
3156.8 37a Inter-a-trypsin inhibitor fragments ©
2931.5 35a Fibrinogen a @
2768.4 33a Fibrinogen a @
2753.6 32a Albumin precursor (25-28) ¢
2553.3 29a Fibrinogen a @
1740.1 25a C4a?
1616.8 24a Fibrinopeptide A ®
1561.9 23a C3f2
1533.2 21a
1518.8 20a Fibrinopeptide A-H,0¢
1487.7 18a
1465.8 17a Fibrinopeptide A?
1418.7 14a
1347.6 11a C3f=
1260.6 9a
1206.6 6a Fibrinopeptide A ¢
1077.5 4a Fibrinopeptide A 2
1039.6 3a
1020.5 2a Fibrinopeptide A ¢

*determined from weighting coefficients generated from LRA, for each method top 15 weighting coefficients were selected
*as determined from the publications of (a) Villanueva et al. [26] (b) Hortin et al. [24], (c) Gianazza et al. [23] and (d) Tiss et al. [25].

Table 2: Discriminant peptides* of found in different data handling strategies. The table shows the top 15 discriminant peptides* for each of the three methods, its
related monoisotopic peak number, preliminary protein identification” and the overlap between the 3 methods.

values and fibrinogen a-chain fragments at the higher m/z-values
can be rationalized as follows. Fibrinogen is partly degraded into
fibrinopeptides during the clotting process. Furthermore, both
fibrinopeptide A and B are trimmed by exopeptidases suggesting that
the amounts and m/z-values of these short peptides depend on the
extent and duration of clotting of an individual specimen [25]. Other
fragments of fibrinogen can also accumulate in serum depending on
physiologic and serum collecting variables. Previously, it has been
shown that fibrinopeptide and fibrinogen fragments can discriminate
between disease and control samples for diabetes nephropathy
[24], liver disease [28] and classify types and stages of cancer [27].
The entirely different set-ups of those studies make it unlikely that
differences in fibrinopeptide and fibrinogen are solely due to artifacts
in the sample collection procedure. It is well possible that alterations
in blood coagulation are common to many diseases. In early stages of
DMD, coagulation and fibrinolysis disorders are suggested to play a
role in muscle degeneration through microcirculation abnormalities in
muscle tissues [29]. In addition, fibrinogen has been recently reported
as promoting inflammation and muscle fibrosis in the mdx mouse
model (animal model for muscular dystrophy) through activation of
the Transforming growth factor (TGF)-beta pathway [30]. Other than
specific diseases, there are genetic factors that can affect blood fibrinogen
levels. Single Nucleotide Polymorphisms (SNPs) have been identified
in genes encoding the alpha fibrinogen chain and associated with
variability in plasma fibrinogen levels [31]. Since in the current study

peptide fragments of this protein have been found as discriminating
features it may be necessary in future research to check for such
mutations in our DMD cohort. This means that validation studies on
whether fragments of fibrinogen have a role as DMD biomarkers will
require both immunoassays with larger and independent cohorts of
DMD serum as well as genotype data on fibrinogen SNPs.

Applicability for ultrahigh resolution profiles

Recent advances in separation methods, MS and bioinformatics,
have pushed proteomics to the forefront of biomarker discovery. Still,
several challenges remain, such as the detection of low abundance
proteins, preparing (processing) data for the use of advanced statistics,
and translating the results generated from MS-based proteomics
into useful clinical knowledge [23,32]. The aim in this study was to
contribute to the latter part and smoothen the pipeline for further
statistical analysis. To this end, high resolution MALDI-TOF serum
peptide profiles of a relatively small DMD cohort were used. Three
different data handling methods were applied and the results were
compared with respect to the classification performance. The key
difference in the data handling was either the use of data reduction
methods (Method 2, data filtering and Method 3, data integration) or
analysis of full peptide profile data (Method 1). It was found that in
both data reduction methods the information on the peaks within a
peptide isotopic cluster was kept intact. User-defined peak selections
were carried out between m/z 1000 and 4000 after manual evaluation
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Figure 3: Comparisons of intensities between control and DMD samples. Box plots comparing the distribution of intensities for discriminant peaks. The peaks 40a,
41a and 42a were selected as examples to compare intensities in DMD and controls as they were shown to be discriminant monoisotopic peaks in Table 2a. Peaks 21a,b;
23a,b,c,d; 24a,b,c were selected as examples to show the distribution of integrated intensities of isotopes within a peptide isotopic cluster (b).
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Figure 4
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Figure 4: Correlation map of the 139 selected peaks representing 42 peptide
isotopic clusters. The correlation map shows the relationship between the
integrated intensities of the 42 peptide isotopic clusters across all serum profiles
based on Pearson correlation. The color scale is shown on the right side of the
figure, whereby positive correlation is indicated with an increased intensity for
red, while negative correlation is shown with an increase for blue. We observe (i)
that the peaks within a peptide isotopic cluster correlate strongly and positively,
and (i) that some discriminant peptides correlate strongly with others (examples,
shown in Box X (3277.7, 3261.6, 3222.5, which are peptide clusters 40, 41 and
42) and Box Y (1533. 2 and 1616.8, peptide clusters 21 and 24).

of all m/z-signals in the mass spectra. Note that each selected peak was
part of a peptide isotopic cluster, i.e. two, three or four isotopes per
peptide were considered. It is these above-mentioned strategies that
differentiate our study from those previously described as it applies
data reduction concepts without the loss of valuable high resolution
content in serum peptide profiles. Furthermore we suggest that the data
handling strategies for high resolution content that we apply in this
study are also applicable for current studies using ultrahigh resolution
mass spectrometers [8].

In conclusion, it was shown that despite differences in analysis
methods and classification errors, the lists of discriminant peptides in
serum profiles from DMD patients and age-matched controls derived
from the classification analysis using the three methods are similar.
The differences between the three methods in resulting classification
originate from different shrinkage levels between the respective
calibrations across the three datasets. This also follows from the scaling
of the weightings axes in Figures 2. Simply put, the regression for
“Method 17 must be more heavily penalized to cope with the much
higher dimensionality of the data and the absence of prior selection,
for which a price is paid in prediction. Nevertheless, provided robust
statistical methods are applied, profiling data can be handled with
and without data reduction since the same peptides (and proteins)
are found as an end result. Obviously, performing a peak selection
is beneficial for data reduction purposes, however additional larger
studies are required to investigate whether data reduction may either
bias the process of selecting discriminant peptides or peaks or lead to
sub-optimal prediction rules.
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