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Proteomics analyzes the sequence, localization, modifica-
tions, and other parameters of proteins. Currently mass spec-
trometry is the tool of choice in proteomics [1]. Since pep-
tides are easier to bring into gas phase than large proteins, 
bottom-up proteomics is widely applied [2]. In short, pro-
teins are digested by a protease and the resulting peptides are 
fed into a mass spectrometer where their mass to charge ratio 
and/or their fragmentation spectra are measured. Usually 
trypsin is used for the purpose of digesting proteins since it 
leads to peptides of desirable size for mass spectrometry and 
since it cleaves highly specific and efficient [3,4]. Despite the 
widespread use of trypsin its proteolytic process has not been 
analyzed in depth, but has recently been modeled from mass 
spectrometric data [5]. Since mass spectrometry can only 
measure mass to charge ratios, the measurements need to be 

translated back to peptide sequences and then integrated into 
proteins. To derive the sequence of a fragmentation spectrum 
(MS/MS spectrum), generally two different methods are em-
ployed. The first is database search, where the MS/MS spec-
trum is compared to all sequences in a database to determine 
the best fit [6]. The other method is de novo sequencing 
which needs no other information than the MS/MS spectrum 
to assign a protein sequence [7]. Many algorithms for data-
base search and de novo sequencing require the knowledge of 
the enzyme used for digestion. In case trypsin was used, it is 
not clear whether the c-terminal amino acid is arginine or 
lysine. However, for many purposes it would be beneficial to 
know the c-terminal amino acid precisely (see below).  

Peptide fragmentation in gas phase leads to the cleavage of 
peptides into smaller fragments, a process for which many 
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Abstract 

1. Introduction 

Proteomics is currently chiefly based on mass spectrometry (MS) which is the tool of choice to investigate proteins. Two computational ap-
proaches to derive the tandem mass spectrum precursor’s sequence are widely employed. Database search essentially retrieves the sequence by 
matching the spectrum to all entries in a database whereas de novo sequencing does not depend on a sequence database. Both approaches ben-
efit from knowledge about the enzyme used to generate the peptides. Most algorithms default to trypsin for its abundant usage. Trypsin cuts 
after arginine and lysine and thus the c-terminal amino acid is not known precisely and usually either of the two. Furthermore, 90% of protein 
terminal peptides may not end with either arginine or lysine and may thus contain any of the other amino acids. Here an algorithm is present-
ed which predicts the c-terminal amino acid to be arginine, lysine or any other. 
Here an algorithm, named RKDecider, to sort the c-terminal amino acid into one of three groups (arginine, lysine, and other) is presented. 
Although around 90% accuracy was achieved during data mining spectra for rules that determine the c-terminal amino acid, the implementa-
tion’s (RKDecider) accuracy is a little less and achieves about 80%. This is due to the fact that the decision trees were implemented as a rule-
based system for speed considerations. The implementation is freely available at: http://bioinformatics.iyte.edu.tr/RKDecider. 

Keywords: mass spectrometry; proteomics; trypsin cleavage; database search; de novo sequencing; fragmentation analysis, c-terminal 
amino acid. 
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methods are available [7]. The fragmentation mechanism, 
even for a time tested method like collision induced dissocia-
tion (CID) [8] is not completely understood and has not been 
completely integrated into algorithms that assign amino acid 
sequences to MS/MS spectra, although statistics have been 
derived from larger amounts of spectra [9]. These fragments 
are important for database search and de novo sequencing 
algorithms to derive the sequence of the peptide precursor 
that gave rise to the MS/MS spectra. Among the resulting 
peaks there may be some which could facilitate the distinc-
tion of which amino acid terminates a peptide. Previously, it 
has been shown that a peak, resulting from 17 Dalton or 42 
Dalton eliminated from the precursor ion, may be diagnostic 
for arginine [10]. 

Olsen and colleagues showed that the largest amount of 
peptides derived from a tryptic digest have either arginine or 
lysine at the c-terminus and conclude that non tryptic pep-
tide assignments, done by some algorithms, should not be 
trusted [4]. They acknowledge, however, that not all peptides 
that result from a tryptic digest have a c-terminal arginine or 
lysine [4]. Taking into account that there are 20 possible ami-
no acids terminating a protein, 90% of them are not arginine 
or lysine. Some studies use non-specific cleavage to increase 
the number of identified spectra but this is controversial and 
likely only increases the number of false positive identifica-
tions [4]. Instead of globally turning a search engine to non-
specific cleavage for all spectra, such costly and dangerous 
operations can be performed on the basis of the decision 
whether the c-terminus of the peptide, that gave rise to the 
mass spectrum, is not tryptic. Thus only spectra which are 
not tryptic trigger searches with non-specific enzymatic 
cleavage settings. Additionally, it is of help to know the c-
terminus so that peptide candidates in database search can 
either be pre-filtered with the knowledge of the c-terminal 
amino acid or the results can be evaluated in respect to prop-
er sequence selection based on the terminal amino acid.  

In order to reap these benefits an approach and its imple-
mentation to decide whether the c-terminus of peptides, un-
derlying CID spectra from LTQ instruments, is tryptic and 
which amino acid is at the c-terminus, is presented here. 12 
potential diagnostic losses for arginine and lysine were de-
fined and data mining on about 8500 LTQ spectra was per-
formed. From these, rules were derived that in data mining 
practice can distinguish between arginine, lysine, or other 
amino acids with an accuracy of about 90%. The practical 
implementation reaches an accuracy of about 80% since other 
limitations like speed and unknown charge state had to be 
taken into account. 

2. Methods 

2.1. Spectral Dataset 

44 synthetic peptides, mostly derived from cytochrome-c 
and bovine serum albumin, were designed and ordered for a 
different purpose than this study and will be published else-

where. The dataset had to be prepared in this way to have a 
ground truth for the analysis [11]. These peptides were direct-
ly injected into a Thermo Finnigan LTQ mass spectrometer 
and their collision induced dissociation fragmentation spec-
tra were recorded. This resulted in 8447 MS/MS spectra with 
an average of 192 spectra per peptide. 42 peptides were tryp-
tic while two (QVYQGCGV and YKELGFQG) were not and 
ended in valine and glycine, respectively. The complete list of 
peptides and the number of measured MS/MS spectra are 
available as Supplementary File 1. The resulting spectra were 
predominantly from singly charged precursors (5353); and 
spectra from doubly charged precursors (2616) as well as 
spectra from triply charged precursors (478) were less. 63% of 
the spectra are derived from a precursor terminating with 
lysine, 34% from a precursor terminating with arginine, and 
3% had a precursor that terminated with a different amino 
acid.  

2.2. Diagnostic Fragments and Data Mining 

In order to determine whether a spectrum derives from a 
peptide precursor ending in arginine, lysine, or another ami-
no acid, 12 parameters were defined. These parameters are 
relative losses of the precursor ion. A loss of 156.1 Da of the 
precursor ion, for instance, signifies the loss of arginine. In 
the following -156.1 shall signify a loss of 156.1 Da from the 
precursor. The chosen diagnostic fragments are listed and 
briefly explained in Table 1. Not all of the selected fragments 
have to exist in practice. Their absence can also be learned by 
the machine learning algorithms employed here and they can 
hence still be used as diagnostic fragments. The chosen diag-
nostic fragments are the following: -16, -17, -32, -33, -34, -42, 
-43, -57, -128.1, -129, -156.1, -175. 

Orange Canvas [12] was used for all data mining and if not 
otherwise stated in the text, the default settings were used. 
For example in all cases 10 fold cross validation was used for 
learning and testing instead of the default which is only 5 
fold. 

2.3. Software Implementation 

The implementation of the RKDecider software was written 
in Java™ using the Netbeans integrated development environ-
ment version 7.1. The implementation is available for down-
load at http://bioinformatics.iyte.edu.tr/RKDecider. 

3. Results 

The recorded LTQ spectra were analyzed and their charge 
state was determined using the recorded precursor mass and 
the theoretically calculated mass. Since the sequence was 
known and there was no mixture this procedure guaranteed 
accurate charge determination. A window of +/- fragment 
tolerance (0.3 Da) around the peak with the diagnostic loss 
was extracted from all spectra and in case multiple peaks 
were found in the window their abundances were summed. 
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For all spectra and all diagnostic losses the relative abundanc-
es of the windows (normalized to the total ion current) were 
recorded and then submitted to data mining. Since the charge 
state was known, the diagnostic fragments for doubly charged 
precursors were divided by two and for triply charged precur-
sors by three. Although the resulting mass changes, the no-
menclature is not changed here, for convenience. Due to this 
data mining is also simplified because the addition of param-
eters only valid in certain subsets of the overall data set can be 
avoided. Consequently, all charges are treated with the same 
learned model. However, many classification algorithms re-
quire two classes and cannot work on data sets with more 
than two classes. Therefore the three class problem (arginine, 
lysine, and other) was split up into two data sets. One ap-
proach investigates whether the c-terminus is arginine or any 
other amino acid. The other whether the c-terminus is lysine 
or not. 

3.1. Determining C-Terminal Arginine 

In order to investigate the importance of the selected diag-
nostic losses, their information content was ranked using a 
number of algorithms available in Orange Canvas (Table 2).  

Most algorithms agree in general, except for SVM Weight. 
It can be gathered from Table 2 that the first six parameters 
contain the majority of the information needed to distinguish 
between arginine and other amino acids at the c-terminus. 
Nonetheless, all parameters were included when training the 
learners since they may still contribute some of the distin-
guishing power. 

When looking at the resulting decision tree (Figure 1) 
which was created with a different algorithm from the ones in 
Table 2, some of the parameters, that did not receive good 
scores in Table 2, are used early on in the decision trees 

which means they have great distinguishing power between 
classes. 

The collected data was analyzed using the supervised learn-
ing algorithms available in Orange Canvas. As expected, not 
all algorithms performed equally well, with the best one being 
Random Forest (Table 3).The distance to k-Nearest Neigh-
bor, CN2 Rules, and Classification Tree are not very signifi-
cant, though. The following algorithm, Logistic Regression 

Loss (Da)  Reasoning 
-16  As -17 but accommodating for one hydrogen difference (accounting for possible dependence on the acidity of the solution) 

-17  Loss of NH3 which is possible for arginine and lysine 

-32  As -34 but accommodating for two hydrogen difference (accounting for possible dependence on the acidity of the solution) 

-33  As -34 but accommodating for one hydrogen difference (accounting for possible dependence on the acidity of the solution) 

-34  Loss of 2 NH3 which is only possible for arginine. 

-42  As -43 but accommodating for one hydrogen difference (accounting for possible dependence on the acidity of the solution) 

-43  Partial elimination of the terminal part of the side chain from arginine (C1N2H4). 

-57  Full elimination of the terminal part of the side chain from arginine (C1N3H6). 

-128.1  Molecular weight of lysine without water; elimination of the amino acid. 

-129  Elimination of the immonium ion of arginine. 

-156.1  Molecular weight of arginine without water; elimination of the amino acid. 

-175  Molecular weight of arginine including water and one hydrogen; full elimination, leading to a radical ion. 

Table 1. In order to learn whether a spectrum derives from a peptide ending in arginine or lysine, a number of peaks, described as losses 
from the precursor ion, have been defined. Here the loss from the precursor ion is given in Daltons and the fragment is briefly explained. 

Diagnostic 
Loss 

Random 
Forest 

ReliefF  Inf. Gain Gain Ratio  Gini  SVM 
Weight 

-156.1  6.57  0.06  0.07  0.04  0.02  36.71 

-175  4.02  0.00  0.01  0.00  0.00  0.09 

-42  3.20  -0.01  0.19  0.11  0.05  216.31 

-43  2.67  -0.01  0.09  0.05  0.03  22.68 

-17  2.34  0.04  0.12  0.06  0.03  303.88 

-16  2.04  0.01  0.14  0.08  0.04  162.40 

-34  1.65  0.00  0.15  0.08  0.04  277.53 

-33  1.36  0.01  0.07  0.04  0.02  89.99 

-129  1.28  0.00  0.05  0.04  0.02  132.19 

-57  0.88  -0.02  0.01  0.01  0.00  14.61 

-128.1  0.78  0.01  0.04  0.03  0.01  43.33 

-32  0.62  0.00  0.00  0.00  0.00  8.18 

Table 2. The information content of the attributes according to 
different measures is presented. Rows are sorted in respect to Ran-
dom Forest since its classification was most accurate for predicting 
the arginine or other status of peptide c-termini. 
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performs, however, much worse on this data. 
Although the Random Forest algorithm achieves the best 

results on this data, it does not allow the construction of a 
decision tree within Orange Canvas, which could be imple-
mented into software. Therefore, the Classification Tree algo-
rithm was used to construct a decision tree (Figure 1) alt-
hough it is slightly less accurate (Table 3). 

Figure 1 shows that the most discriminating parameter is -
156.1 which is used for the initial split of the data. This is fol-
lowed by -128.1 and then by -42. This is slightly different 
from the data presented in Table 1 which is due to the fact 
that a different algorithm is employed. After the 6th split 
there is not much further benefit to prediction accuracy as 
the number of examples strongly decrease and the accuracy 

of the splits also decrease (Figure 1). This analysis is only for 
the decision whether a peptide precursor terminates with 
arginine or not. Additionally, the decision between lysine and 
other amino acids needs to be made. 

3.2. Determining C-Terminal Lysine 

The same process made for predicting arginine as the ter-
minal amino acid was repeated for lysine. First the infor-
mation content is ranked according to several algorithms. 
The assumption here is that different parameters should be 
important for the decision than the ones observed for argi-
nine. Obviously, there is some overlap of important parame-
ters such as -156.1 and -42 (Table 4). However, whether the 

Figure 1. Decision tree for determining whether an MS/MS spectrum has a C-Terminal R. For best split exhaustive search was applied. 
When nodes reached more than 95% for majority class or less than 10 examples remained in a leaf no further splits were made. The nodes de-
pict the majority class and its percentage in the upper left corner. Below the line in the nodes the next splitting parameter is shown. The pie 
chart graphically conveys the distribution of examples between classes. When classes become more pure the node is colored with a stronger 
shade of the associated color (red for any amino acid, and blue for arginine). 
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absence or presence of a parameter is important is not con-
veyed in this analysis. Thus the absence of a parameter could 
be support in one case whereas in the other case its presence 
could mean support. It can be observed that the most im-
portant parameter in Table 4 is one of the least important 
ones in Table 2. 

So the assumption holds and different parameters or a 
different semantic of the same parameter are important for 
lysine prediction. This difference is further supported by the 
significantly different make of the decision tree (Figure 2) 
when compared to the arginine decision tree (Figure 1). 

Just like for the classification of terminal arginine, several 
supervised learning algorithms were tried for learning from 
the data (Table 5). In this case the k-Nearest Neighbor (kNN) 
algorithm separates best among the two classes (lysine and 
other). In this analysis, the distance between the top scoring 
algorithms is even closer than for the prediction of arginine. 
Only Majority vote is significantly worse on this data than the 
other algorithms. 

The classification accuracy for decision between lysine and 
other amino acids is slightly better than for the decision be-
tween arginine and other amino acids. Unfortunately, kNN 
does not produce rules or decision trees, either so that again 
the Classification Tree algorithm provided by Orange Canvas 
had to be employed for visualizing how decisions can be 
made between the classes (Figure 2). 

Figure 2 shows that the decision for whether the c-terminus 
is lysine or any other amino acid is much more involved than 
for arginine (see Figure 1). Another aim for making the deci-
sion tree was to implement it into a rule based system for 
predicting the c-terminal amino acid of the precursor of an 
MS/MS spectrum. 

Unfortunately, it turned out that this is only possible if the 
charge state of the precursor is known. Furthermore, there is 
accuracy dependence between charge and observed accuracy 
with higher charges leading to less accurate classification 
(Table 6). Therefore, software was designed to perform differ-

ent decisions, if the charge is known and default to charge 
one if it is not provided. 

3.3. Software Implementation of the RKDecider 

The data mining results presented above show the theoreti-
cally possible accuracy based on the measured data set. One 
complication that would occur in practice is that the charge 
may not be annotated for recorded mass spectra. In order to 
develop software, which can be used to predict the status of 
the c-terminal amino acid (arginine, lysine, or other) the data 
set was split into six subsets based on the charge state and the 
terminal amino acid. For each resulting subset, a decision tree 
was built using Orange Canvas. These decision trees were 
subsequently implemented into software, named RKDecider. 

This software, available as a console application, that imple-
ments the decision trees produced by Orange Canvas and 
combines them into one algorithm is available for download 
at: http://bioinformatics.iyte.edu.tr/RKDecider. The applica-
tion first decides whether an incoming spectrum has a c-
terminal arginine based on a decision tree (Supplementary 
File 2). The first check is for arginine as the prediction accu-
racy is higher than for lysine prediction (Table 6). The spectra 
that were not assigned arginine status are checked using the 
decision trees built for terminal lysine (Supplementary File 
2). Finally, all unassigned spectra are labeled unknown. This 
either means that the spectral quality was not well enough, or 
did not contain the diagnostic peaks, to allow a proper identi-
fication or that the spectrum does not originate from a tryptic 
peptide like 90% of all protein terminal tryptic fragments 
which do not have a c-terminal lysine or arginine. 

For this split data set, the accuracies that can be reached are 
limited by the algorithm which was used for decision tree 
building. The regular Classification Tree building algorithm 
in Orange Canvas was used to produce the decision trees 
(Supplementary File 2).  

The implementation was tested on about 8500 LTQ spectra 

Classification 
Algorithm  Accuracy  Sensitivity  Specificity  AUC  F1  Precision  Recall 

Random Forest  0.9022  0.8942  0.9157  0.9684  0.9200  0.9473  0.8942 

kNN  0.9015  0.9252  0.8613  0.9599  0.9220  0.9188  0.9252 

CN2 rules  0.8860  0.9390  0.7962  0.9341  0.9120  0.8865  0.9390 

Classification 
Tree  0.8696  0.8988  0.8201  0.9378  0.8966  0.8944  0.8988 

Logistic 
Regression  0.7758  0.7602  0.8022  0.8655  0.8101  0.8669  0.7602 

Naive Bayes  0.7416  0.6618  0.8769  0.8408  0.7632  0.9011  0.6618 

SVM  0.7281  0.6647  0.8356  0.8328  0.7546  0.8727  0.6647 

Majority  0.6290  1.0000  0.0000  0.5000  0.7722  0.6290  1.0000 

Table 3. Classification accuracy and other quality measured for all classification algorithms available in Orange Canvas for the predic-
tion of terminal arginine or any other amino acid. The table is ordered by classification accuracy.  
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and achieved a combined accuracy of 80%. The implementa-
tion’s accuracy of 80%, which in comparison to the accuracy 
of about 90%, achieved during data mining, seems low, but 
may be largely due to the fact that the spectra that were used 
for testing, had the annotation of their proper charge re-
moved so that many larger peptides are likely predicted 
wrong. Since missing charge annotation is a general problem 
in mass spectrometry-based proteomics, charges were not 
given to the algorithm in this test. 

4. Conclusion and Outlook 

There is a need to know the identity of the c-terminal ami-
no acid of a peptide. It can help to pre-filter database search 
candidates or to adjust database search settings so that the 
scope can easily be extended to include peptides with non 
tryptic termini, something which currently is controversial 
(Olsen et al., 2004). Furthermore, the confidence in the re-
sults can be elevated if the reported terminal amino acid is 
equal to the one predicted by RKDecider. It can be of benefit 
for de novo sequencing or sequence tag searches since it fixes 
one variable and thus leads to more precise results. This in-

Figure 2. Decision tree for determining whether an MS/MS spectrum has a C-Terminal K. For best split exhaustive search was applied. 
When nodes reached more than 95% for majority class or less than 10 examples remained in a leaf no further splits were made. The nodes 
depict the majority class and its percentage in the upper left corner. Below the line in the nodes the next splitting parameter is shown. The pie 
chart graphically conveys the distribution of examples between classes. When classes become more pure the node is colored with a stronger 
shade of the associated color (red for any amino acid, and green for arginine). 

Diagnostic 
Loss 

Random 
Forest  ReliefF  Inf. Gain Gain Ratio  Gini  SVM 

Weight 

-128.1  9.30  0.03  0.22  0.12  0.06  131.42 

-156.1  7.05  0.02  0.19  0.13  0.06  0.80 

-34  6.18  0.01  0.20  0.10  0.06  34.51 

-42  5.51  0.03  0.21  0.13  0.07  17.29 

-17  3.53  0.02  0.05  0.02  0.02  1.64 

-33  3.22  0.00  0.13  0.07  0.04  36.35 

-16  2.32  0.00  0.11  0.06  0.04  4.72 

-129  1.77  0.00  0.08  0.05  0.02  40.68 

-43  1.68  0.02  0.07  0.04  0.02  0.23 

-57  1.57  0.01  0.01  0.00  0.00  0.25 

-175  0.89  0.00  0.05  0.03  0.02  2.26 

-32  0.84  0.00  0.01  0.01  0.00  0.28 

Table 4. The information content of the attributes according to 
different measures is presented. Rows are sorted in respect to Ran-
dom Forest since its classification was most accurate for predicting 
the lysine or other status of a peptide c-terminus. 
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formation can also be used as a simple pre-selection filter 
which would just reject all peptides that do not seem to have 
a proper tryptic c-terminus.  

About 8500 LTQ CID spectra were recorded for 44 syn-
thetic peptides and this data was mined for rules that could 
predict whether the c-terminus is arginine, lysine, or some 
other amino acid. The overall data mining accuracy peaked at 
around 90%. The rules, that were learned, have been imple-
mented into software which achieves an accuracy of 80% and 
is freely available at http://bioinformatics.iyte.edu.tr/
RKDecider.  

In the future, it will be important to extend this analysis to 
other mass spectrometers and fragmentation methods, but 
for this to be successful, proper, accurate, and thus trustable 
benchmark data sets need to be created first [11]. The algo-
rithm can also be improved by incorporating additional diag-
nostic losses which either support or contradict the existence 
of a specific amino acid at the c-terminus. 

5. Supplementary material 

Supplementary data and information is available at: http://
www.jiomics.com/index.php/jio/rt/suppFiles/137/0 
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