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ABSTRACT: Trypsin is the workhorse protease in mass spectrometry-based proteomics
experiments and is used to digest proteins into more readily analyzable peptides. To identify
these peptides after mass spectrometric analysis, the actual digestion has to be mimicked as
faithfully as possible in silico. In this paper we introduce CP-DT (Cleavage Prediction with
Decision Trees), an algorithm based on a decision tree ensemble that was learned on publicly
available peptide identiﬁcation data from the PRIDE repository. We demonstrate that CP-DT
is able to accurately predict tryptic cleavage: tests on three independent data sets show that
CP-DT signiﬁcantly outperforms the Keil rules that are currently used to predict tryptic
cleavage. Moreover, the trees generated by CP-DT can make predictions eﬃciently and are
interpretable by domain experts.
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1. INTRODUCTION
In mass spectrometry-based proteomics, trypsin is the protease
of choice. Trypsin, a digestive enzyme that is found in most
vertebrates, cleaves the carboxy-terminal peptide bond of both
Arg and Lys.1 The resulting peptides are easily amenable to
mass spectrometry, since the vast majority of their masses fall
comfortably within the range of a mass spectrometer. However,
cleavage by trypsin is not always reproducible nor predictable.
For example, one of the most typical mistakes is the skipping of
a cleavable residue (miscleavage). For trypsin, such miscleaved
positions have been extensively explored, resulting in the Keil
rules for miscleavage.2 These rules predict miscleavage when
(a) an Arg/Lys is followed by Pro,3 (b) successive Lys/Arg or
positive charges are close to each other, or (c) several Asp/Glu
are close to the positively charged residue.4−6 These rules have
multiple limitations. For example, cleavage is rarely an all-ornothing event, which introduces an additional level of
complexity: some sites are always cleaved, other sites are
never cleaved, and still other sites are cleaved with a certain
probability. Furthermore, the currently known rules are unable
to explain about 10% of the observed cleavages,5 which leaves
room for improvement. Finally, they were constructed on the
basis of a limited amount of data.
In a shotgun proteomics experiment, which is the popular
bottom-up approach to solve a proteomics question, protein
identiﬁcation is carried out by comparing experimental
fragmentation (MS/MS) spectra, acquired from peptides
obtained via enzymatic degradation of proteins, with theoretical
© XXXX American Chemical Society

spectra, derived from in silico digestion of sequences from
protein databases.7 The characteristics of trypsin thus play a
central role in two distinct, parallel steps of this experimental
setup: they not only inﬂuence the digest of the protein mixture
of interest in vitro but also need to be mimicked in silico to
perform the virtual digest of the protein sequence database
corresponding to the sample analyzed. As such, the in silico
workﬂow aims to replicate faithfully the in vitro workﬂow. This
implies that, ideally, the search algorithms that perform this task
have access to full knowledge on the cleavage properties of
trypsin. Therefore, it is of importance that the protein cleavage
pattern is predicted as accurately as possible, including any
potential miscleavages. Furthermore, accurate prediction of
cleavage propensity is also important in quantitative proteomics. Indeed, frequently used algorithms such as EmPAI
(Exponentially modiﬁed Protein Abundance Index)8 calculate
relative quantiﬁcations of proteins by analyzing the ratio of
observed peptides to observable peptides. The latter are deﬁned
as tryptic peptides with masses within the identiﬁable range.
Accurate simulation of tryptic cleavage is particularly useful for
quantiﬁcation when a position can either be cleaved correctly in
a variant that falls within the analytical range of the mass
spectrometer or miscleaved in a variant that is too long for
analysis. In this situation, the quantiﬁcation relies exclusively on
the observations of the correctly cleaved peptide, resulting in an
Received: February 4, 2013
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curve (AUROC) as evaluation criterion. CP-DT achieves an
AUROC of at least 83% on all test sets, outperforming the Keil
rules with diﬀerences between 12% and 20%. CP-DT is freely
available and can be run through a webserver at http://dtai.cs.
kuleuven.be/trypsin.

underestimation of the actual abundance of the parent protein.
Correct prediction of cleavage by trypsin and other proteases is
of equally great importance in targeted proteomics approaches
such as Selected Reaction Monitoring (SRM). In this
application, particular peptides are identiﬁed or quantiﬁed
with high speciﬁcity from a complex protein mixture.9−11 This
approach, however, requires knowledge on the exact tryptic
ﬁngerprint of a protein, the cleavage positions, and if possible,
the rate of cleavage have to be predicted as truthfully as
possible, since only speciﬁc target peptides are selectively
monitored for analysis and quantiﬁcation. Even if a miscleaved
version is in principle observable, it will not be a target and will
therefore be missed, resulting in a wrong estimation of the
actual protein concentration in the sample.
It is of note here, however, that a shotgun experiment would
most likely not beneﬁt dramatically from improved tryptic
cleavage prediction, apart from a decrease in required
computing time. The reason for this is that database search
engines such as Mascot,12 OMMSA,13 and X!Tandem14
circumvent the lack of precision by allowing one or more
missed cleavages for each peptide in the in silico digest in order
to simply cover all possibilities.12 For the diﬀerent quantiﬁcation techniques, on the other hand, a large impact can be
expected from knowledge on the stochastic properties of
miscleavage as it allows direct correction of the estimate of
protein quantities.
Recent studies already revealed some discrepancies in the
Keil rules. One such study showed that the presence of cleavage
between Arg/Lys and Pro is not dramatically diﬀerent from the
number of cleavages between Arg/Lys and Trp or Arg/Lys and
Cys, both of which are generally accepted tryptic cleavage
sites.15 Another contradiction in the Keil rules is the activation,
albeit slowly, of trypsin by autoproteolysis, which involves the
removal of the amino-terminal peptide from its trypsinogen
precursor. This autoproteolysis involves cleavage of a Lys-Ile
bond that is preceded by Val-Asp-Asp-Asp-Asp, a motif that
would not be cleaved according to the Keil rules.16 These
shortcomings in the Keil rules can be explained by the fact that
these rules were derived several decades ago based on only a
small number of experimentally conﬁrmed cleavages. Nowadays, the mass spectrometers have a much higher analytical
power and are used at very high throughput. Therefore,
experiments have resulted in an overwhelming amount of data,
with publicly available repositories such as PRIDE17 increasingly capturing a substantial subset of these data. Because of the
public availability of these large data sets, it has now become
possible to revisit the Keil rules.
In this study, we introduce CP-DT (Cleavage Prediction with
Decision Trees), which, given an amino acid sequence, is able
to predict tryptic cleavage and the probability associated with
the predicted cleavage. In contrast to most other tryptic
prediction algorithms, CP-DT is not based on the Keil rules.
Instead, it uses an ensemble of decision trees, which are wellknown classiﬁers in machine learning.18,19 The trees were
learned on the large amount of tryptic digestion data available
in PRIDE and have several advantages over the existing rules:
they produce accurate predictions and can lead to knowledge
that provides insight into the biology behind the predictions.
They have been applied to a variety of biological problems,
such as gene function prediction,18 predicting resistance in
HIV,20 and several aspects of proteomics.21−24 CP-DT was
tested on three independent data sets, and the model was
compared with the Keil rules using the area under the ROC

2. EXPERIMENTAL SECTION
2.1. Data Sets

To develop the CP-DT algorithm, peptide data originating
from experiments on human, mouse, and yeast samples
retrieved from the PRIDE repository (December 2011)17
were used as training set. In order to avoid incorrect data, all
experiments were omitted that do not contain miscleavages or
have a too high miscleavage ratio compared to a typical tryptic
digest as determined by Foster and co-workers.25 The
miscleavage ratio of an experiment is calculated as the ratio
of missed cleavages in the experiment over the total number of
cleavages in that experiment. The threshold for the miscleavage
ratio was set to a lower and upper limit of 0.1 and 0.4,
respectively.25 The remaining peptides were mapped onto their
parent protein, and the start and end position of the peptide
within the protein was determined. All identiﬁed peptides were
then remapped onto their original protein. This remapping was
necessary to take possible wrong annotations into account but
also potential changes in UniProtKB/Swiss-Prot accession
numbers due to updates in the latter repository. After these
diﬀerent processing steps, 481,935 peptides from human
proteins originating from 866 experiments were retained. For
mouse there are 20,009 peptides originating from 69
experiments, and for yeast there are 22,029 peptides from
935 experiments.
In order to evaluate CP-DT, peptide information was
retrieved from three independent data resources resulting in
three test sets. The ﬁrst resource is an in-house data
management system for MS/MS data, MS_Lims.26 A query
for shotgun experiments yielded ﬁve useful experiments
containing 146,316 peptides all together. The peptides were
all analyzed with an LTQ Orbitrap, either of Velos or XL type,
depending on the experiment. The Mascot search engine12 was
subsequently used against the human complement of the
UniProtKB/Swiss-Prot27,28 database to identify the original
proteins. The information retrieved from MS_Lims included
the UniProt accession number, the start and end position of the
peptide in the protein, and the peptide sequence. The full
protein sequence and additional protein information was then
retrieved from UniProtKB/Swiss-Prot.
The second data resource is the CPTAC (Clinical Proteomic
Technology Assessment for Cancer) data set, which consists of
a tryptic digest of a yeast protein mixture. In the corresponding
study of the CPTAC network, the interlaboratory variation was
measured by analyzing identical yeast samples in diﬀerent
laboratories with diﬀerent instruments. In the current study,
only raw data results from one laboratory were used in the
evaluation (LTQ-Orbitrap@86, CPTAC experiment identiﬁcation number 104).29,30 Identiﬁcation of the spectra was
performed with the Mascot search engine12 against the yeast
UniProtKB/Swiss-Prot database to identify the original
proteins.
The last data resource is obtained from a study performed in
2009 by the Association of Biomolecular Resource Facilities:
the iPRG (The Proteome Informatics Research Group) data
set. This study was performed on an Escherichia coli lysate and
B
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Tests. As tryptic cleavage is highly localized, tests will be
restricted to a window of width 6 centered around the possible
cleavage position (preliminary experiments showed that a
window size of 6 is an optimal value as shown in
Supplementary Table 1). The window thus contains 13
amino acids, with relative positions ranging from −6 up to 6.
We deﬁne two kinds of tests on the protein sequence and a
possible cleavage position. First, the atPosition<pos,type> test is
true if the speciﬁed type of amino acid occurs at position pos.
For example, atPosition<3,{Pro,Ala}> returns true if there is a
Pro or Ala at relative position 3 with respect to the cleavage
position. Second, the inDistance<dist,type> test evaluates to true
if there exists at least one amino acid within the speciﬁed
distance from the cleavage position that is an element of the
speciﬁed subset of amino acids. For example, inDistance<3,{Pro,
Ala}> returns true if the example contains at least a Pro or an
Ala between positions −3 up to +3. The position and distance
parameters are of course within window range.
By having a set of the amino acids as a parameter rather than
just one amino acid, the tests allow for a richer feature space,
e.g., the test atPosition<3,{Pro, Ala}> is a logical disjunction of
the tests atPosition<3,{Pro}> and atPosition<3,{Ala}>. Allowing
these kinds of tests can result in smaller trees having the same
expressivity.
The possible sets of amino acids that are tested are limited to
groups with shared amino acid properties: name, size, charge,
polarity, ring occurrence, and atom type are used to deﬁne the
diﬀerent subsets. A complete list of sets is deﬁned in
Supplementary Table 2, where, for example, the subset size=tiny
deﬁnes the set of amino acids Ala, Cys, Gly, Ser, and Thr.
Top-Down Induction of Decision Trees. Classic
algorithms, such as CART31 and C4.5,32 learn decision trees
top-down. The algorithm models a decision tree based on a set
of binary-labeled training instances. Each instance consists of a
possible cleavage position and a label that is positive (1) if
tryptic cleavage occurs at this point and negative (0) otherwise.
It searches for the best acceptable test that can be put in a node.
Such a test, if one can be found, induces a binary partition on
the training instances: the subset for which the test returns true
(the yes branch) and the subset for which the test returns false
(the no branch). For both subsets in the partition, the algorithm
creates a new internal node and calls itself recursively to
construct a subtree. Tests receive a heuristic score, which in this
case is the variance reduction. Given a set of target values of
instances X and its partitions Xyes and Xno induced by test t, the
variance reduction is computed as the diﬀerence in weighted
variance between X and the weighted variance of each partition:

detailed information on this study and the protocol can be
found at http://www.abrf.org/index.cfm/group.show/
ProteomicsInformaticsResearchGroup.53.htm. Here too, identiﬁcation of the spectra was performed with the Mascot search
engine12 and, in this case, against the E. coli UniProtKB/SwissProt database.
2.2. A Decision Tree Ensemble

We use decision trees to predict the probability whether a given
protein sequence will be cleaved at a given cleavage position,
the position of the residue just before a possible cleavage site.
As trypsin cleaves exclusively the C-terminal of Lys and Arg,
only positions with those two amino acids qualify as cleavage
positions. Figure 1 shows an example of a decision tree. A tree

Figure 1. Example of a decision tree predicting the probability that a
protein will be cleaved, using tests on the amino acid sequence window
around the cleavage site.

can be regarded as a set of disjoint rules, where each rule is a
conjunction of tests. A test is a boolean-valued function
indicating whether a protein sequence contains a certain
feature. Each internal node (depicted by a rectangle) of the tree
in Figure 1 contains a test. The root node, for example, tests
whether there is a Pro residue at the ﬁrst position after the
cleavage position. In order to predict the probability of
cleavage, the cleavage position is routed down the tree
according to the outcome of the tests. When a leaf node
(depicted by a circle) is reached, the example is assigned the
probability that is stored in the leaf. As can be seen in Figure 1,
rather than returning binary values, the tree outputs a
probability. If one instance has a predicted value of 0.9 and
another a value of 0.6, then the cleavage is more likely to occur
for the ﬁrst instance than for the second. In the remainder of
this section, we will explain in more detail which tests we allow
in the trees, how we learn trees from labeled instances, and how
we construct an ensemble of trees.

σ 2(X ) − σ 2(X yes) − σ 2(X no)

where the weighted variance is calculated by
σ 2(X ) =

∑ x2 −
x∈X

(∑x ∈ X x)2
|X |

Minimizing variance maximizes the homogeneity of the
partitions and improves predictive performance. If either the
set of instances cardinality drops below a predeﬁned threshold
or no acceptable test can be found, the algorithm creates a leaf.
Each leaf stores the average of the target values of its training
instances, i.e., whether there occurs cleavage. For example, a
value of 0.2 means that 20% of the training instances that ended
up in that leaf were cleaved.
C
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Ensemble of Decision Trees. Ensemble methods are
learning methods that construct a set of classiﬁers for a given
prediction task and classify new instances by combining the
predictions of all classiﬁers. Here we consider ensembles based
on random forests,19 which is a learning technique that has
primarily been used in the context of decision trees.
In our method, we construct a tree by selecting the best test
from a random subset of the tests at each node. Next, multiple
trees are combined into a forest. The prediction of the forest is
then the average of the predictions by the individual trees.
Breiman19 has shown that random forests can give
substantial gains over predictive performance of decision tree
learners. In addition, the learning time of the model rises only
linearly with the size of the forest. The resulting algorithm is
called CP-DT.

available data of tryptic digests, MS_Lims, and two publicly
available data sets, CPTAC and iPRG. The two data sets were
also used as control in other studies.33,34
3.2. Performance of CP-DT

We evaluated the Keil rule set on exactly the same data sets as
mentioned above. As shown in Table 2, the Keil rule set
Table 2. Comparison of CP-DT and the Keil Rule Set Based
on the AUROC Statistic
test sets
model

CPTAC

iPRG

MS-Lims

CP-DT
Keil rule set

89.51%
72.49%

85.76%
73.47%

83.34%
63.13%

achieves AUROC values in the range of 63% up to 73%,
whereas CP-DT’s values are in the range of 83% up to 90%,
outperforming the Keil rules by at least 12%. A comparison of
both models with respect to the three test sets can be found in
Figure 2.

3. RESULTS
3.1. Experimental Setup, Algorithm Parameters and
Evaluation

If the same protein is found in several experiments in the data
set, we aggregated its detected peptides over all experiments.
During mass spectrometry some peptides of a certain protein
might not have been detected, because they were too large or
too small. If for a possible cleavage site, a peptide is detected in
the experiment ending at that position or starting at the next
position, the site is considered as evidence of cleavage and it is
labeled as a positive instance. If a peptide is found containing
the position, but not at the end, the site is considered as
evidence of miscleavage and we label it as a negative instance.
Otherwise, the experiment is said to contain no information for
the given position and we discard the site from further
consideration. All labeled instances were extracted for the four
available data sets, yielding the data sets given in Table 1.
Table 1. Data Set Characteristics
data set

extracted instances

species

PRIDE
CPTAC
iPRG
MS_Lims

681 193
23 842
9 694
26 079

human, mouse, yeast
yeast
E. coli
human

Figure 2. ROC curves of CP-DT trained on PRIDE and the Keil rules.
The two diﬀerent models, CP-DT model trained on the PRIDE data
set on the one hand and the Keil rules on the other hand, were
empirically evaluated with respect to three diﬀerent data sets. It is
important to note that the three test data sets used here to show the
performance of CP-DT are not included in PRIDE and are therefore
completely independent from the training data. The results obtained
using CP-DT are shown as full lines, while the results as predicted by
the Keil rules as shown as dotted lines.

CP-DT was constructed using standard values: the ensemble
consists of 100 trees, where for each node a random fraction of
10% of the number of tests was used. The minimal leaf node is
100, i.e., a node with less than 100 instances becomes a leaf
node.
A model’s quality is measured by the area under the ROC
curve (AUROC) statistic. Based on the predicted and actual
value of labeled instances in the test set, the ROC curve is
calculated, and from this the AUROC can be produced. An
AUROC value of 100% is a model with perfect predictive
power, while a value of 50% is equivalent to a random
prediction. The AUROC statistic can be used for models that
output a probability, rendering it independent of a threshold
function and enabling it to compare diﬀerent models in a fair
way.The PRIDE data set was used as training data, as it is the
largest and most heterogeneous data set: it contains proteins
from several species, several diﬀerent settings, etc. To allow for
a valid evaluation of our model, we use independent test sets.
The model has not seen these data during its learning phase
nor has it seen data from the same data set. We use in-house

Note that next to a diﬀerence in quality, there is also a
diﬀerence in output expressivity: CP-DT predicts a probability,
whereas the Keil rules classify an example as cleavage or
miscleavage. For CP-DT, the user can decide on the ratio of
true positives over false positives by choosing an appropriate
threshold function.
We performed three additional experiments to gain more
insight into the learned models and tryptic speciﬁcity. First, we
investigated the generalizability of models learned on data
originating from one speciﬁc species. Therefore, CPTAC and
the yeast subset of PRIDE were used as yeast data sets, and
MS_Lims and the human subset of PRIDE yielded human
proteins. Models were learned on those (subsets of) data sets
and evaluated on the same species data set (but not the training
data set), as well as on the other species data set. The results of
D
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Table 3. Comparison of AUROC When Using a Model Learned on a Single Speciesa
test sets
yeast

other

training set

CPTAC

PRIDE yeast

iPRG

MS-Lims

CPTAC
PRIDE yeast

90.86%
89.72%

83.62%
98.50%

88.76%
84.57%

82.75%
83.38%

PRIDE human
65.54%
72.05%
other

human
MS-Lims
PRIDE human

PRIDE mouse
87.74%
86.98%

MS-Lims

PRIDE human

CPTAC

iPRG

PRIDE mouse

PRIDE yeast

92.76%
81.48%

61.57%
97.24%

82.71%
87.24%

77.50%
82.20%

80.25%
86.20%

80.22%
84.59%

a

The table compares the speciﬁcity with respect to models trained on a data set from a single species and subsequently applied to an independent
data set from the same species, as well as to data sets from other species. Model training was performed using yeast and human training sets.

these experiments can be found in Table 3. No signiﬁcant
diﬀerences in speciﬁcity across the species were found using
this approach.
Second, we investigated binding site speciﬁcity for, on the
one hand, diﬀerent species and, on the other hand, binding site
residue (Arg or Lys). The data sets were split up depending on
the amino acid at the cleavage position, i.e., Arg or Lys, and
diﬀerent models were learned and evaluated on test sets from
the same category as well as from the other category. The
corresponding results are shown in Table 4. An asymmetric
Table 4. Comparison of AUROC of Models Trained with
Data Sets Having Lys and Arg at the Tryptic Cleavage Site
Figure 3. Comparison of the number of unique peptides in a typical
tryptic digest (allowing one miscleavage) and two CP-DT predicted
sets of peptides. The CP-DT peptide sets, one set with an unlimited
amount of allowed missed cleavages (red line) and one set with one
allowed missed cleavage (blue line), are constructed by calculating the
cleavage probabilities for all peptides (see main text) and by then
applying increasing peptide probability thresholds (x-axis). These
databases are shown compared to the standard in silico tryptic digest
database with one allowed miscleavage (green line) in terms of the
number of unique peptide sequences contained in these databases. For
all three databases, only peptides with a mass in between 600 and 4000
Da were retained. Overall, the CP-DT databases are much less
complex than the typical in silico tryptic digest, and this even for the
CP-DT data set that allows an unlimited number of missed cleavages.
Only at extremely low probability thresholds does this data set yield a
more complex in silico peptide mixture.

test sets
CPTAC

iPRG

MS-Lims

training sets

Lys

Arg

Lys

Arg

Lys

PRIDE Lys
PRIDE Arg

90.35%
78.25%

84.73%
85.74%

84.95%
65.51%

86.27%
78.04%

83.01%
73.38%

diﬀerence can be observed: models learned on the Lys subset
have a similar quality in predicting Lys and Arg, but models
learned on Arg perform signiﬁcantly worse on the Lys subsets,
with diﬀerences in AUROC from 12% to 20%.
Third, we want to compare the complexity (measured by the
number of unique peptide sequences) of peptide databases
based on our model. Therefore, CP-DT was used to predict the
probability of obtaining each tryptic peptide from the digest
rather than only the probability of the cleavage positions.
Peptide probabilities are constructed assuming that cleavage
positions are independent: the probability of a peptide is the
product of the probability of cleavage at the start, the
probability of cleavage at the end, and the probability that no
cleavage occurred in the middle of the peptide. These
predictions can then be used to reduce the complexity of the
tryptic search space. From a set of proteins, a database is
created that contains all peptides with a probability above a
chosen threshold and a mass between 600 and 4000 Da. The
number of unique peptide sequences in the database is then
compared with that of the standard in silico tryptic digest
allowing one miscleavage. Figure 3 shows the results for the
human complement of the UniProt Proteomes database. The
results show clearly that, for all but the very lowest peptide
probability thresholds, the predictions of the CP-DT peptide
set using one allowed missed cleavage overlap with those for an
unlimited number of missed cleavages, indicating the ability of
the algorithm to strongly reduce the complexity of the in silico

peptide mixture regardless of the allowed number of missed
cleavages.

4. DISCUSSION
The introduced algorithm CP-DT uses only the primary
structure of a protein to predict the probability of tryptic
cleavage. There are several motivations for this choice. First,
mass spectrometry-based proteomics experiments generally
require full proteolysis of the proteins in the sample. This full
proteolysis is typically performed on denaturated proteins, and
therefore only the primary structure remains relevant.
Furthermore, the amino acid sequence of a protein is most
readily available for predictions, in contrast to the limited
number of experimentally determined protein structures.
Moreover, the generally accepted Keil rules are also based on
the protein sequence alone, which allows direct and fair
comparison of our predictive model and these rules.
As mentioned in Section 3.2, CP-DT outperforms the Keil
rules signiﬁcantly and can therefore be considered as highly
E
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capable to predict tryptic cleavage. Furthermore, our results
show that our model can qualitatively reduce the search space.
Second, no signiﬁcant diﬀerence in binding site speciﬁcity could
be concluded based on the protein’s species of origin. However,
the speciﬁcity with respect to the residue at the binding site
seems to diﬀer: Lys-based models have a similar quality in
predicting Lys and Arg instances, but Arg-based models
signiﬁcantly perform less on the Lys subsets. A possible reason
for this eﬀect can be that tryptic binding at an Arg is more
speciﬁc than at a Lys. To allow for a more in-depth explanation
of this eﬀect, further studies are required. As the model learned
on the complete PRIDE data set can discriminate between a
Lys or an Arg at the binding site, it is normal that the more
general model outperforms both of the models learned on the
subsets.
From a machine learning point of view, we have shown that
decision trees can be applied as a useful tool to learn predictive
models within the ﬁeld of proteomics, even when starting from
highly heterogeneous public data. The technique can handle
large amounts of data and extract useful signals from noisy data
sets. Indeed, the model learned on PRIDE outperforms the
state-of-the-art rules signiﬁcantly, despite the huge variety in the
underlying data sets.
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