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Abstract 
Mass spectrometry (MS) is a widely used method for protein identification. Peptide mass 
fingerprinting is the protein identification technique in which MS is employed to 
determine the masses of peptide fragments generated following enzymatic digestion of 
proteins. The masses of peptides are then submitted to a recognition program, e.g., 
MASCOT or MSFIT, for identification of a protein. The strategy is hampered, however, 
because not only are the peptide masses determined, but also the masses of multiple 
contaminants that are also present in the sample. Although the masses of some common 
and known contaminants are removed (e.g., peptides generated by trypsin autolysis), 
many others are inadvertently incorporated into the analysis. In this paper we present an 
approach for automatic identification of contaminant masses so that they can be removed 
prior to the identification process. For this purpose we have developed an algorithm that 
clusters mass values. We calculate the frequencies of all masses and then identify 
contaminants. We propose that masses with frequency higher than a given value are 
contaminants. In our analysis of 3,029 digested proteins, yielding 78,384 masses, we 
identified 16 possible contaminants. Of these 16, four are known trypsin autolysis 
peptides. Removing these contaminant masses from the database search will lead to more 
accurate and reliable protein identification.  
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1 Introduction 
Proteins are the end products of genes and serve as critical structural and functional 
components in cells and tissues. Changes in protein expression can result in disease. By 
determining differences in protein expression – an exercise now termed comparative 
proteomics - can lead to a better understanding of health and disease and yield 
improvements in accurate diagnosis and treatment.  

Protein identification based on the methods of proteomics employ a small subset of 
the available data – the masses of a subset of the tryptic peptides – in the interpretation 
process. Under these conditions it is common for critical information to be lost leading 
investigators to make erroneous conclusions. Our goal is to identify contaminant masses 
because if these can be identified and removed from consideration, the probability of 
obtaining an accurate match markedly improves. Contaminant data are submitted with 
valid data for protein analysis, thereby skewing results. 

This paper is organized as follows. First, we provide the theoretical foundation for the 
study. Second, we describe the method used in conducting the study and third, we present 
and discuss the results. We end with conclusions pertinent to our findings.  

 
1.1 Proteins and amino acids 
Proteins are comprised of 20 naturally occurring amino acids joined together by peptide 
bonds. A three- letter or single- letter code is used to represent each amino acid: e.g., 
“Lys” or “K” represents lysine, and “Arg” or “R” represents arginine, etc. Currently, 
there are over one million known proteins in the protein databases ranging in size from 
those comprised of just a few amino acids (usually referred to as peptides) to those 
composed of over 30,000 amino acids. Enzymes, such as trypsin, can break down other 
proteins into fragments called peptides. In the case of trypsin, cleavage is sequence 
specific and occurs after (i.e., on the C-terminal side) every K or R residue. 
 
1.2 Protein identification process 
Protein identification is generally based on the following process: 

• Complex protein mixtures are separated based on physical techniques such as 
two-dimensional gel electrophoresis. 

• The protein is removed from the gel and digested using an enzyme, usually 
trypsin. 

• The masses of the tryptic fragments are experimentally determined by mass 
spectrometry. 

• For each known protein (i.e., all entries in the protein database) the computer 
performs an in silico digestion to yield the set of predicted masses for each entry.  

• The experimentally determined molecular weights for each protein are compared 
to the predicted molecular weights of every protein in the database to determine 
the best match. 

• Possible protein IDs are sorted based on a number of criteria including how well 
the predicted molecular weights match the measured molecular weights, average 
mass errors and number of peptides matching. 
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1.3 Contaminants  
There are two complicating factors which need to be considered in protein 

identification: first, all measured molecular weights have associated errors, both random 
and systematic; second, contaminants are invariably present and their molecular weights 
are measured and added to the list of protein-derived peptide masses against which the 
match will be made.  

The presence of contaminant masses during database searches increases the 
probability of both false positive and false negative results. Possible contaminant sources 
are: 

• Chemicals and contaminants present in the sample (or plastic ware) used in 
protein preparation 

• Keratin (i.e., a protein found in skin and hair) and other protein contaminants 
• Chemicals used to visualize proteins before they are excised from the 2D gels. 
Although the identity of many of the sample contaminants is unknown, they are 

observed in a large number of different samples. The presence of the same masses in 
many samples is a good indicator that those are contaminants. Once we know what the 
contaminant masses are, they can be filtered out and only the remaining masses submitted 
for database searching.  

 
2 Methods 
2.1 Preprocessing 
Data were collected by the Proteomics Lab at the University of Colorado Health Sciences 
Center. They are in the form of a peak list of measured peptide masses. Pre-processing of 
the data included baseline correction, noise reduction, de- isotoping and mass calibration 
to known trypsin autolysis peptides. This results in the  elimination of peaks that clearly 
represent noise. Data analysis was performed by the UCHSC Proteomics Facility. Peak 
lists were sorted by mass values and the resulting data set included 3,029 proteins with 
78,384 distinct mass values. 
 
2.2 Data Mining 
In order to identify possible contaminant masses, the mass values were clustered, the 
optimal clustering setting determined and the frequency of each cluster calculated. 
Clustering was the major unsupervised data mining tool that was used in this research.  
First, a similarity measure was designed. Second, a clustering algorithm was developed to 
cluster the data with different cluster settings that represent different radii. Third, the 
validity of clustering was verified because the number of clusters was unknown. Finally, 
the cluster centers were treated as target mass values for possible peptides allowing the  
frequencies of the peptide masses to be calculated.  

The similarity measure we used to calculate the distance was the normalized distance 
formula: 

6exp
10×

−
=

known

known

M

MM
D  

where D was measured in terms of PPM (part per million), Mknown were the real values of 
masses (such as the known trypsin masses), and Mexp were the values of masses obtained 
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experimentally. An objective function D = R was used as a clustering condition where 
radius R was a parameter of this algorithm that controlled the size of clustering. 

The reason for choosing the normalized similarity measure was that errors in mass 
assignment were directly proportional to the mass. This error is normalized by the 
respective PPM value. Using the measurement functions shown above, a clustering 
algorithm was designed based on the “try to add” idea: because the preprocessed data are 
one-dimensional and sorted by mass value, this set is treated as Q. The concept is to fetch 
the first mass value, M, from Q and try to add it into the current cluster, C. The radii of 
the new cluster, C’, which contains the masses of C and M, are calculated from the 
cluster center to the left and right boundaries. If they are less or equal to R, M is treated as 
a member of the current cluster. Otherwise, the leftmost mass, L1 of C, is removed. This 
is based on the fitness evaluations of M and L1. If the radius of a new cluster, whose 
boundary from the second leftmost mass L2 to M is smaller than the radius of C, M would 
be added into C and L1 would be removed from the cluster. This comparison is done until 
the new cluster is formed. For all masses removed from C, each becomes another M and 
undergoes the same process as M. The process of evaluating each data point runs 
recursively. The other case is that M is less fit than L1, and therefore belongs to another 
cluster (i.e., a new cluster) composed of only one mass, M. After re-clustering of all 
existing clusters, the next mass value is fetched from Q and the process is repeated for M 
until all mass values are processed. 

After all mass values are clustered we use this validity measure: 

610×
−

=
c

meanc

M

MM
ErrorPPM  

where Mc are the known masses of trypsin fragments and Mmean is the mean of each 
generated trypsin cluster. We calculate the mean of each cluster as: 

ValueMassofFreqeuncy

FrequencyValueMass
Mmean ∑

∑ ×
=
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where the frequency is either 1 for a not-weighted method, or the real frequency of the 
constituent mass value for a weighted method. The smaller the PPM error, the better the 
accuracy is. This validity measure is used as one criterion to determine the optimal 
setting of the clusters. The other measure is the ambiguity analysis. 
 
2.3 Contaminant masses identification 
After peptides are clustered, the frequency of each peptide in the data is calculated. The 
following formula is used: 

%100(%) ×=
ProteinsofNumber
PrototypeofFrequency

Frequency  

Mass values with high frequencies are probable contaminant masses. Later we will 
discuss in more detail what frequency is considered to be high enough for the peptides to 
be considered contaminants, and how many peptide mass values are chosen based on this 
frequency. 

 
2.4 Implementation 
We have developed several programs in JAVA to perform functions like merging peak 
list files, removing redundant protein data, organizing peptide mass data as a one-
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dimensional ranked list, sorting the data by the mass value, clustering the sorted data, and 
calculating the frequencies of the prototypes.  
 
3 Results and discussion 
As described, we cluster peptide mass values using the weighted method, where the 
frequency of each mass value is taken into account in calculating cluster centers. In 
contrast, in the not-weighted method the frequency is not used as a factor in calculating 
cluster centers. Another approach we used was to remove the exact values of known 
trypsins from the data and then cluster the mass values. The analysis of the results from 
the four methods shows that the outcomes are very similar (see Table 1). 

 
Without Trypsin Masses With Trypsin Masses  

Not-weighted Weighted Not-weighted Weighted 
Number of Proteins  3029 3029 3029 3029 
Number of Masses 78380 78380 78384 78384 
Number of Clusters  13946 14002 13946 14002 

Table 1 
 

The clustering results show no significant difference between the two settings of 
weighted vs. not-weighted, so we will only discuss the weighted results that include two 
settings: weighted with trypsin masses and weighted after removing trypsin masses. 

The optimal cluster setting is defined as the radius of clusters for which the masses 
are clustered without ambiguity (see the definition below). The optimal cluster radius 
using the just defined optimal cluster setting was found to be 30 PPM. This was 
determined by combining the criteria of the lowest possible clustering ambiguity and the 
smallest average error rate, using as a reference the four known trypsin masses. The 
ambiguity factor and average error rate are discussed below. 

 
3.1 Ambiguity 
The ambiguity is defined as the similarity between two or more clusters within a distance 
that is less than 50 PPM, because the maximum experimental mass error for these 
experiments was defined as 50 PPM. We sorted the top 50 clusters with the highest 
frequencies by mass values from lowest to the highest, and then calculated the distance 
between each of the two clusters. Figure 2 shows that with different cluster settings, from 
1 PPM to 100 PPM, the minimum distance for each pair increases from 29 PPM to 30 
PPM, and then jumps to another higher level from 30 PPM to 31 PPM. From this we 
conclude that the radius greater or equal to 30 PPM has no ambiguity, i.e., 30 PPM is the 
minimum clustering setting with no ambiguity of clustering. 
 
3.2 Average error rate 
The quality of clustering is also evaluated using error rates of the four known trypsin 
masses. The average error rate for is calculated by the sum of the cluster centers minus 
the ideal values of the four trypsin masses, and then divided by 4. Figure 3 shows the 
average error rate from 1 PPM to 100 PPM. From this graph we see that the average error 
rate increases from 1 PPM to approximately 40 PPM. Since cluster settings greater than 
50 PPM were not used in this study, the settings from 50 PPM to 100 PPM are shown 
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only for reference. We have therefore focused on settings in the range 0 – 50 PPM. In this 
range we found that at 30 PPM the ambiguity of clustering reduces to 0, while the 
average error rate is lowest between 30 – 50 PPM. 
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Figure 4 shows the top 50 clusters with the highest frequencies. The cluster number is 
ordered by the mass values of the cluster centers. The highest frequency is 85.8%, which 
occurred at m/z 842.5099; the lowest frequency is 6.5%, which occurred at m/z 843.0798. 

Based on the frequencies of the mass values shown in Figure 4 we propose that the 
masses with high frequencies can be treated as possible contaminants. The threshold for 
identifying potential contaminants was defined at 20%.  
 

The Frequencies of Top 50 Clusters (Weighted, with known Trypsin Masses)
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Figure 4 

 
Figure 5 and 6 show 16 masses that occur with a frequency greater than 20%. Figure 

5 is based on the weighted setting without known trypsin masses, while Figure 6 is based 
on weighted setting with known trypsin masses. 
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Possible Contaminants (Weighted, without known Trypsin Masses, 20%)
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Figure 5 
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Figure 6 
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Table 2 and Figure 7 shows that the suspected contaminant masses are the same 
regardless of which method is used.  

 
Without Trypsin Masses With Trypsin Masses 

No 
Not-weighted Weighted Weighted Not-weighted 

StdDev 

1 515.329343 515.329817 515.330004 515.329345 0.000335 
2 522.597728 522.598473 522.598473 522.597728 0.000430 
3 537.311673 537.311515 537.311515 537.311673 0.000091 
4 550.628080 550.628417 550.628417 550.628080 0.000195 
5 568.129540 568.129322 568.129322 568.129540 0.000126 
6 644.027929 644.027945 644.027945 644.027929 0.000012 
7 650.042975 650.042859 650.042859 650.042975 0.000067 
8 666.017431 666.017338 666.017338 666.017431 0.000053 
9 842.509444 842.509794 842.509851 842.509445 0.000219 
10 855.050019 855.049958 855.049958 855.050019 0.000035 
11 861.067085 861.066872 861.066872 861.067085 0.000123 
12 864.487895 864.488094 864.488094 864.487895 0.000116 
13 870.541746 870.542039 870.542039 870.541746 0.000169 
14 877.043596 877.043721 877.043721 877.043596 0.000073 
15 1045.567934 1045.567608 1045.567553 1045.567930 0.000204 
16 2211.091197 2211.092931 2211.094642 2211.091213 0.001646 

Table 2 
 

Comparison of Possible Contaminants for Different Settings
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4 Conclusions 
Our aim was to identify masses that may be contaminants rather than those derived 

from the protein following digestion. By doing so we believe that we will be able to make 
more accurate and reliable identification of proteins.  

We have found that 30 PPM is the optimal cluster setting for clustering of mass 
values leading to identification of possible contaminants. This conclusion is based on 
minimum ambiguity and minimum average error rate, when compared to four known 
trypsin masses. We identified 16 masses as probable contaminants, with frequencies 
greater than 20% of threshold. Four of those 16 masses are known trypsin masses, which 
leaves 12 possible contaminant  masses that should be eliminated before the data are 
submitted to a search engine for identification. This would improve matching accuracy.  

We have presented a new clustering method to find probable contaminant masses. 
The method can be adopted for analysis of much larger protein data sets. Second, we 
presented a hypothesis for determining contaminant masses based on the frequency of 
those mass values. Although this study was based on one experimental protocol, it can be 
extended and applied to determine possible contaminant masses when alternative 
experiments are conducted. 
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