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ABSTRACT 

 
We propose several preprocessing steps to be used  before 
biomarker clustering or classifying for high-throughput 
Mass Spectrometry (MS) data. These preprocessing steps 
for the mass spectra are multiple alignment of technical 
replicates, baseline correction and normalization along 
the mass/charge axis.  While the benefits from baseline 
correction and alignment seem obvious we studied more 
carefully the benefit from normalizing using some human 
prostate cancer SELDI TOF MS data (obtained from the 
Virginia Prostate Center Tissue and body Fluid Bank and 
approved by the Eastern Virginia Medical School). We 
show on these data that our global normalization by 
scaling helps in distinguishing between different cancer 
groups as well as between cancer and non-cancer groups. 
We used the Between to Within sum of squares ratio 
introduced by Fisher as well as visual inspection to 
illustrate the improvement brought by the normalization.    
 

1. INTRODUCTION 
 
Retentate chromatography has been established as an 
important method to fractionate biological fluid sample. 
Chromatographic systems can be coupled to more 
sophisticated detection devices such as Mass 
Spectrometers. Together they have the capacity to 
generate voluminous spectra characterized by their 
retention axis and mass axis and quantified by the 
measured intensities [11]. Today’s high-throughput MS 
detectors can generate numerous such spectra per patient. 
Because of non-linearity in the detector response, 
ionization suppression, minor changes in the mobile phase 
composition and interaction between analytes, undesirable 
variation may get introduced in the MS data. In order to 
perform an analysis of the entire collected data it is a 
prerequisite to align the group replicate profiles. In this 
paper we present three pre-processing steps that seem 
particularly important for the further analysis of the MS 
data. These three steps are multiple alignment, baseline 
correction and normalization. The next sections provide 

more details about these three steps. These three steps 
have been addressed independently by [14]. 
 

2. DATA 
 
The data are borrowed from and fully described in [1]. To 
summarize: the serum samples were obtained from the 
Virginia Prostate Center Tissue and Body Fluid Bank. The 
patient cohort was procured from the department of 
Urology, Eastern Virginia Medical School and the healthy 
men cohort was obtained from free screening clinics open 
to the general public.  
 
2.1. SELDI-TOF technology 
The protein profilings were obtained with Ciphergen 
Biosystems, Inc. Surface-enhanced laser desorption / 
ionization – time of flight (SELDI-TOF) mass 
spectrometry. Retentate chromatography is performed on 
the Ciphergen protein chips by varying chromatographic 
properties using different affinity surface chemistries (eg 
anion exchange, cation exchange). For this study, only the 
IMAC-Cu (Immobilized Metal Affinity Capture) metal 
binding protein chips were selected for their good serum 
profiles in terms of number and resolution of proteins. 
  
2.2. Quality control and data selection 
Despite the use of the same IMAC-Cu metal binding 
protein chip for all the profiles, we saw quite a big 
difference among profiles even in the same treatment 
group. Therefore we removed the spectra that visually 
were too different from a target spectrum previously 
chosen, keeping only 5 spectra in each group. In a clinical 
study setting, stringent QC procedures have been proven 
necessary for the Seldi-TOF IMAC ProteinChip [4].  
 

3. MULTIPLE PAIRWISE ALIGNMENT OF MS 
SPECTRA USING DYNAMIC PROGRAMMING 

 
As mentioned earlier, drifts that do not reflect any real 
sample variations get introduced along the mass axis 
between replicates. These need to be corrected for. Our 
proposed dynamic programming (DP) multiple alignment 
method addresses this problem.  
 



3.1. Multiple pairwise alignment following a guide tree 
As opposed to [3] and [7] our method does not assume a 
fixed profile to which all the profiles must align. In our 
multiple pair wise alignment method all the spectra pairs 
are progressively warped together according to a guide 
tree (either Neighbor-Joining or UPGMA). This guide tree 
is built ahead of time from the pairwise distance matrix 
between all the spectra. 
 
3.2. Smoothed pairwise DP warping  
DP optimization was first introduced to align speech 
spectra [10] but it has been used often since then to align 
chromatogram traces for gene sequencing [12][13]. 
Roughly, the principle of DP is, given a point wise 
alignment score between two spectra, fill in the 
accumulated score path matrix (until the last point of the 
spectra). Keep track of the previous “best” alignment point 
in a pointer. The best alignment path minimizes the total 
score and can be found by backtracking the accumulated 
score matrix from the point with smallest accumulated 
score in the rightmost column and following the pointer 
recursively, all the way back to the first column. In an 
effort to increase the smoothness of the alignment curves 
during our DP warping, we also smoothed the score and 
alignment paths as suggested in [13]. For our limited data 
set, the mass alignment is a small improvement as the 
spectra were initially relatively well aligned.  
 

4. BASELINE CORRECTION 
 
The baseline adjustment method we use relies on a non-
linear filter known as the “top-hat” operator in the 
mathematical morphology literature. The top-hat operator 
consists in subtracting from the original spectrum its 
morphological opening. By removing objects larger than 
the structuring element (whose size must be carefully 
chosen) typically top-hat operators remove the slow trends 
thus performing a contrast enhancement. For more 
information about mathematical morphology  we refer to 
Jean Serra’s course publicly available at: 
http://cmm.ensmp.fr/~serra/cours/index . 
Such a morphological filter has already been used with 
success to correct for the background in microarray 
experiments [2][5]. Morphological filters, being very 
simple as they do not require any polynomial fitting, are 
very fast filters and are therefore especially appropriate for 
high-throughput data. Figures 3.1 and 3.2 illustrate our 
baseline correction method on the human prostate dataset. 
The same four spectra are plotted before baseline 
correction on Fig. 3.1 and after on Fig. 3.2. On these data 
sets our baseline correction method is very satisfactory. 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
Fig. 4.1: Four MS spectra in need of baseline correction 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Fig 4.2: Same four MS spectra after the top-hat baseline 
correction 
 

5. NORMALIZATION 
 
The purpose of inter-spectrum normalization is to identify 
and remove sources of systematic variation between 
spectra due for instance to varying amounts of protein or 
degradation over time in the sample or even variation in 
the instrument detector sensitivity. The first normalization 
methods to consider are the global normalizations. Such 
global normalizations assume that the sample intensities 
are all related by a constant factor. A common choice for 
this rescaling coefficient is the spectrum median or the 
mean. The assumption behind the global normalization is 
that on average, the number of proteins that are over 
expressed is approximately equal to the number of 
proteins under expressed and the number of proteins 
whose expression level change is few relative to the total 
number of proteins. For mass spectrometric data, where 
each protein concentration is measured by the Area Under 
the Curve (AUC) of its peak, a natural choice for rescaling 
coefficient is the Average AUC also called the Total Ion 
Current (TIC). Therefore, we normalized each of our mass 



spectra as in [6] by the dividing coefficient:  AUC of 
spectrum / average AUC over all spectra. 
5.1. Normalization study 
The log scale is an appropriate scale to study the 
differences between mass spectra. We borrowed the 
following notations and plotting techniques from the 
microarray literature. As in [5], M denotes the point wise 
log ratio between two mass spectra and A their point wise 
log geometric mean. Therefore, MA plots are useful tools 
to study intensity-dependent variations between mass 
spectra. Similarly, M versus m/z plots allow us to study 
m/z dependent variation between spectra. 

 
Fig 5.1.1: M versus m/z plot after normalization between all 
mass spectra pairs in AB cancer group with fitted Lowess 
regression curve in red. 
 
Fig.5.1.1 illustrates the variations of normalized log-ratios 
within one of the cancer group as a function of m/z. Note 
that the log ratios are evenly distributed around zero 
across the m/z range. Such an even pattern was found for 
each single group and therefore we concluded that our 
normalized spectra have no location-dependent variation 
within groups and so do not need any location-dependent 
normalization. 

 
Fig 5.1.2: MA plot after normalization between all mass spectra 
pairs in AB cancer group with fitted Lowess regression curve in 
red. 
Fig.5.1.2 illustrates the normalized log-ratios between 
mass spectra pairs in the same cancer group as above. 
Note again that the log ratios are evenly distributed around 
zero across the range of intensities. Such a pattern was 
found for each single group in our study and we therefore 

conclude that our normalized spectra have no intensity-
dependent variation within groups and so do not need any 
intensity-dependent normalization. At this point we would 
want to confirm these findings on more datasets but for the 
prostate cancer data set we used global normalization 
seems to be a satisfactory normalization. Ultimately a 
major goal is to find and classify biomarkers in serum 
[1][9]. We now address the question: does our 
normalization help in finding differentially expressed 
biomarkers between the different cancer groups? 
 
5.2. Benefits from this global normalization 
Our data set consists of 4 groups of 5 patients each. The 
spectra have been previously aligned and baseline 
corrected. We propose to compare the F ratios (between 
groups /within group sum of squares) across the m/z range 
for this data set, before and after normalization.  

 
 
Fig 5.2.1: F ratios versus masses for our prostate data set.  
 Blue: before normalization, Red: after normalization.  
 
Peaks with high F ratio are of potential interest. As pointed 
out on Fig. 5.2.1, two peaks in the F occur around masses 
900 and 2900 before and after normalization. While mass 
900 has its F value decreased after normalization, mass 
2900 sees its F value increase. Is mass 2900 a true 
difference between the 4 groups that is amplified after 
normalization?. Also is mass 900 a false discrepancy 
between the groups that is attenuated after normalization?  
In an attempt to answer this question we overlap the 5 
patients’ spectra for each group before (blue) and after 
(red) normalization in the two mass regions of interest, see 
Fig 5.2.2. 



    
 
Fig 5.2.2: For each of the 4 groups of patients, Left: zoom 
around mass 900, Right: zoom around mass 2900.  
 
At mass 2900, group H clearly rose above the other groups 
after normalization making it a possible biomarker 
candidate. On the other hand, at mass 900, normalization 
seems to have uniformized the groups making us reject 
mass 900 as a possible biomarker. From this small study, 
we believe that the rescaling is a useful preprocessing step 
before classification but we would now need to check that 
these results are biologically meaningful following the 
method described in [8]. 
 

6. CONCLUSION 
 
With our limited data set we observe that the replicate 
alignments bring some improvement even when the 
replicates are initially well aligned. The baseline 
correction seems essential. Finally, we show that 
normalization  can possibly help discriminating between 
groups. 
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