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Carbonylation Sites of Human Proteins

Honggiang Lv, Jiugiang Han*, Jun Liu*, Jiguang Zheng, Ruiling Liu, Dexing Zhong

School of Electronic and Information Engineering, Xi‘an Jiaotong University, Xi'an, China

Abstract

Protein carbonylation is one of the most pervasive oxidative stress-induced post-translational modifications (PTMs), which
plays a significant role in the etiology and progression of several human diseases. It has been regarded as a biomarker of
oxidative stress due to its relatively early formation and stability compared with other oxidative PTMs. Only a subset of
proteins is prone to carbonylation and most carbonyl groups are formed from lysine (K), arginine (R), threonine (T) and
proline (P) residues. Recent advancements in analysis of the PTM by mass spectrometry provided new insights into the
mechanisms of protein carbonylation, such as protein susceptibility and exact modification sites. However, the experimental
approaches to identifying carbonylation sites are costly, time-consuming and capable of processing a limited number of
proteins, and there is no bioinformatics method or tool devoted to predicting carbonylation sites of human proteins so far.
In the paper, a computational method is proposed to identify carbonylation sites of human proteins. The method extracted
four kinds of features and combined the minimum Redundancy Maximum Relevance (mRMR) feature selection criterion
with weighted support vector machine (WSVM) to achieve total accuracies of 85.72%, 85.95%, 83.92% and 85.72% for K, R, T
and P carbonylation site predictions respectively using 10-fold cross-validation. The final optimal feature sets were analysed,
the position-specific composition and hydrophobicity environment of flanking residues of modification sites were
discussed. In addition, a software tool named CarSPred has been developed to facilitate the application of the method.
Datasets and the software involved in the paper are available at https://sourceforge.net/projects/hglstudio/files/CarSPred-1.
0/.
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Introduction

Oxidative stress is the direct result of imbalance in the
production and degradation of reactive oxygen species (ROS)
and reactive nitrogen species (RNS). It arises while oxidative
intermediates are exceeding detoxification ability of cells [1,2].
Oxidative modification of cellular macromolecules, such as nucleic
acids, proteins, lipids and carbohydrates, may be concomitant and
all seriously deleterious. Proteins are possibly the most immediate
vehicles for inflicting oxidative damage on cells, because they are
often catalysts rather than stoichiometric mediators [3]. Post-
translational modification (PTM) is a chemical modification of
proteins, which occurs naturally and plays pivotal roles in the
regulation of protein function [4]. Oxidative stress can induce
various kinds of PTMs such as hydroxylation, nitration, sulfhy-
drylation, carbonylation and glutathionylation [5]. Among these
PTMs, protein carbonylation has been widely studied and
regarded as a biomarker of oxidative stress due to its relatively
early formation and stability compared with other oxidative stress-
induced protein modifications. Protein carbonyl researches focus
currently on the development and optimization of high-through-
put LC-MS-based methods to identify carbonylated proteins,
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modified residues and carbonylation types [6,7,8]. The total level
of carbonylation increases with aging, obesity and external
oxidative stress [9,10]. Human diseases associated with protein
carbonylation include Alzheimer’s disease, chronic lung disease,
chronic renal failure, inflammatory bowel disease, rheumatoid
arthritis, diabetes, sepsis and so on [3,11].

Only a subset of proteins is prone to carbonylation and most
carbonyl groups are formed from lysine (K), arginine (R),
threonine (T) and proline (P) residues [12]. The site-specific
oxidative damage of proteins is now regarded as a major cause of
metabolic dysfunction during pathogenesis [13]. Identification of
the susceptible amino acid residues could provide deeper insights
into the mechanisms of protein carbonylation [14]. Therefore, the
identification and especially the mapping of protein carbonylation
sites are crucial [2]. Mass spectrometry and liquid chromatogra-
phy have been used to analyze protein susceptibility of the
oxidative PTM and exact carbonylation sites recently [2,15]. More
carbonylation sites are found in RKPT-enriched regions and
carbonylation sites have a strong tendency to cluster [12,16,17].
However, the experimental approaches are costly, time-consuming
and capable of processing a limited number of proteins, and there
is no bioinformatics method or tool devoted to predicting
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Table 1. Carbonylation datasets involved in this paper.

Prediction of Human Carbonylation Sites

No. of carbonylation sites

Group Dataset No. of carbonylated proteins
K R T P
Training samples Original sequences 2272 307 126 128 129
Positive samples 223° 266 119 116 114
Negative samples 223 1,802 754 702 716
Testing samples Original sequences 23¢ 46 18 6 15
Positive samples 23 34 17 5 12
Negative samples 23 147 93 30 76

PFour proteins have been excluded. For details, please refer to Table S2.

doi:10.1371/journal.pone.0111478.t001

carbonylation sites of human proteins so far, the only relevant
existing tool named CSPD [12] is just applicable to the
Escherichia coli proteome. A new method and software tool for
predicting carbonylation sites of human proteins seems useful and
necessary.

In this paper, a computational method is proposed to identify
carbonylation sites of human proteins based on amino acid
sequences only. The human carbonylation datasets verified by
experiments were collected from the literature. Four kinds of
features, including position-specific propensity of amino acid and
k-spaced amino acid pair, increment of k-mer diversity, k nearest
neighbor (KNN) scores as well as physicochemical and biochem-
ical properties, were extracted from sample sequences. The
minimum Redundancy Maximum Relevance (mRMR) feature
evaluation criterion [18] and incremental feature selection (IFS)
were used to evaluate the importance of candidate features and
determine the dimension of the final optimal feature sets. Then
weighted support vector machine (WSVM) [19] was employed to
solve the classification problem of unbalanced training samples.
The final optimal feature sets were analysed, the position-specific
composition and hydrophobicity environment of flanking residues
of modification sites were discussed. In addition, the software tool
CarSPred for win32 environment has been developed to facilitate
the application of the method.

Materials and Methods

Datasets

Datasets involve carbonylated protein sequences and K, R, T
and P carbonylation sites of human and other mammals. Because
there is no relevant public database available for protein
carbonylation records so far, carbonylation datasets can only be
obtained by looking up experimental data in the literature. A total
of 230 carbonylated protein sequences as well as 331 K, 131 R,
128 T and 129 P carbonylation sites of human were extracted
from eight sources in proteomic studies. A total of 20 carbonylated
protein sequences as well as 22 K, 13 R, 6 T and 15 P
carbonylation sites of other mammals, such as mouse, rabbit and
bovine, were also collected from four sources. For details, please
refer to Table S1 and Data S1.

Sample preparation

Protein sequences with any confused carbonylation sites were
excluded (Table S2). Then datasets of human carbonylation in
which all the four types of carbonylation sites have been involved
were used for training sample preparation. Due to the close
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®Human carbonylated proteins from proteomic studies in which all the four types of carbonylation sites were involved.

“The remaining carbonylated proteins of human and carbonylated proteins of other mammals.

homology between human proteins and other mammal proteins,
the testing samples were prepared from the remaining datasets of
human and carbonylation data of other mammals.

Positive and negative sample sequences. The carbonyla-
tion sites were used as candidate positive samples. A given residue
has to meet three criteria to be selected as a candidate negative
sample. Firstly, a candidate negative sample must have the same
residue type as known carbonylation sites and could not have been
reported as a positive one. Secondly, it has to be within a protein
that contained known carbonylation sites. Finally, a candidate
negative sample has to be extracted from a dataset in which the
same type of carbonylation site has been involved.

The £n (n=5 to 13) flanking residues of these candidate sites
were extracted to prepare sample sequences. The window size was
preset to be from 5 to 13 on the basis of the following points.
Firstly, more carbonylation sites are found in RKPT-enriched
regions. Around the RKPT-enriched region, a specific environ-
ment region is rich in various residues including iron-binding sites
and hydrophobic amino acids. [12,16]. The RKPT-enriched
region was proposed to set to 4 residues long and the window size
of environment region can be up to 29 residues in Maisonneuve’s
study [12]. Rao and Moller suggested that the effective window
size of RKPT-enriched region should be 7 residues [16]. Secondly,
the motif of residues around carbonylation sites has been analyzed
and all the four types of motifs were 21 residues long eventually
[20]. Finally, the position-specific statistical differences between
positive and negative sample sequences of human carbonylation
mvolved in the study were computed using a web-based analysis
application named Two Sample Logo (TSL) [21]. It is obvious
that the RKPT-enriched degree in 13 flanking residue fragments
of carbonylation sites is different (see position-specific composition
analysis section for details). Therefore, taking into account the
strong clustering of carbonylation sites [12,16], the window size n
ranged from 5 to 13 in the paper. The CD-HIT program [22] was
used with a 30% cut-off threshold to remove repetitive and
excessively similar sample sequences. Then the central residue was
excluded because it is always the same in both positive and
negative sample sequences.

Sample imbalance correction. The numbers of positive
and negative sample sequences were highly imbalanced, which
easily resulted in inflated evaluation of the method. Therefore, we
randomly chose negative sample sequences for about 6 times to
match the number of positive ones. Eventually, four groups of
residue-type independent training sample sets were prepared
including 266 K, 119 R, 116 T and 114 P positive training sample
sequences as well as 1,802 K, 754 R, 702 T and 716 P negative
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Figure 1. Change of average MCC values versus the number of mRMR features and different window sizes using 10-fold cross-
validation (n=6 to 12 only). (A) K carbonylation site prediction, (B) R carbonylation site prediction, (C) T carbonylation site prediction and (D) P

carbonylation site prediction.
doi:10.1371/journal.pone.0111478.g001
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Figure 2. ROC curves of the method corresponding to K, R, T
and P carbonylation site predictions using 10-fold cross-
validation.

doi:10.1371/journal.pone.0111478.9g002
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training sample sequences. In the same way, 34 K, 17 R, 5 T and
12 P positive testing sample sequences as well as 147 K, 93 R, 30 T
and 76 P negative ones were also prepared. Datasets above are
summarized in Table 1. Training and testing sample sequences
are available in Data S2.

Feature extraction

Four kinds of features were extracted from the sample
sequences. In the feature extraction approach, 21 types of amino
acids were considered including 20 native and one dummy amino
acid X.

Position-specific propensity of amino acid and k-spaced
amino acid pair. The position-specific amino acid propensity
(PSAAP) and k-spaced amino acid pair have been successfully used
in various applications and some new promising approaches of
PTM site prediction [23,24]. In the paper, the k-spaced amino
acid pair is introduced into the standard PSAAP and a new feature
encoding scheme called position-specific propensity of amino acid
and k-spaced amino acid pair (PSPAKSAP) is proposed. In the
PSPAKSAP, the feature vector of a query sample sequence is
constructed by looking up the corresponding parameters in a
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Figure 3. The distribution of the four kinds of features in the K, R, T, and P optimal feature sets. (A) The number of each kind of features
in the optimal feature sets. (B) The average Maximum Relevance scores of the four kinds of features in the optimal feature sets.

doi:10.1371/journal.pone.0111478.9003

position-specific propensity matrix. The matrix is given by:

M(i,j)=0, onEGH) =0
. Fpos(i))— FNEG(IJ) 1)
M(ij)= SwEcw) OnEG() 70

where M(i,j) is a 21 x2n and 441 x2n X (2n-1)/2 matrix for amino
acid and k-spaced amino acid pair respectively, in which 21 and
441 are the numbers of amino acid element types for amino acids
and k-spaced amino acid pairs, and 2n is the residue length of
sample sequences. Fpos(ij) and Fngg(ij) denote the absolute
frequency of the i amino acid element appearing at j position in
the positive and negative training sample sets separately. dygG() is
the standard deviation of j column of the absolute frequency
matrix Fygg. It is defined as:

Z (Fnec(iy)— 1)

1—]

2

ONEG() =

where m is the total number of rows of Fygg, ¥ is the average
value of j column of Fygg.

In the section, a 2n-dimensional feature vector and a 2nx(2n—
1)/2-dimensional feature vector corresponding to amino acids and
k-spaced amino acid pairs were extracted separately from each
sample sequence. Therefore, the dimension of PSPAKSAP-based

2s6% A

enriched

depleted

28.6%

8% C
E ;
g
P K k Ke_R « =
AL S LR R EE TR
] <2 o~

D

depleted

feature vector is 2n+2nx(2n—-1)/2. The PSPAKSAP vector reflects
position-specific propensity of amino acid and k-spaced amino
acid pair.

Increment of k-mer diversity. Based on the theory of the
measure of diversity, the increment of diversity is a measure of the
total uncertainty in a system, by which the similarity level of two
datasets can be quantitatively described. The increment of k-mer
diversity is the increment of diversity of k-mer residue fragments in
a sample sequence.

The standard diversity measure
X :{ni,m,....ng} is given by [25]:

for diversity source

D(X)=D(n1,n2, e

d
Jg)=NInN — Zni Inn; 3)

i=1

d
where 7; is the absolute frequency of the i state, N = Zn,-.
i=1
diversity ~ sources X : {mpna,...,ng}
,mg}, the increment of diversity is defined as:

For two and

Y: {ml,l’}’lz,. ..

ID(X,Y)=D(X +Y)—D(X)—D(Y) (4)

where D(X + Y) is the measure of diversity of the mixed source
X+7Y : {n+my,nm+my,...,ng+my}. The more similar are the

two sources, the smaller score is the ID.

depleted

28.8% 20.7%

Figure 4. Two-Sample-logos of the position-specific composition of residues surrounding carbonylation and non-carbonylation
sites. It shows position-specific residues enriched and depleted in positive samples of (A) K carbonylation site prediction, (B) R carbonylation site
prediction, (C) T carbonylation site prediction and (D) P carbonylation site prediction, respectively.

doi:10.1371/journal.pone.0111478.g004
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carbonylation site prediction.
doi:10.1371/journal.pone.0111478.9g005

In the paper, the difference in k-mer diversity increment of a
query sample sequence with positive and negative training samples
is given by:

DKMDI:IDkfmer(XQUEa YPOS) _IDkfmer(XQUE> YNEG)a

(5)
k=12

where IDj_pe denotes the increment of k-mer diversity,
Xouvg : {n1,n2, ... ni}is a diversity vector based on query sample
sequence, Ypos : {ni,n2,...,m} and Yygg: {ni,na,...,n} are
diversity vectors based on the positive and negative training
samples. /= Zlk, that is to say there are a total of 21 and 441 states
when k is set to 1 and 2 respectively.

In the section, the increment of k-mer (k=1, 2) diversity was
used to generate a 2-dimensional feature vector for each sample
sequence. It is obvious that the dimension of the vector has
nothing to do with the residue length of sample sequences, because
the increment of k-mer diversity indicates composition information
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of k-mer fragments in a sequence and has no relationship with k-
mer fragment position.

KNN scores. The KNN algorithm has been widely applied to
text categorization due to its simple, valid and non-parameter
advantage. Recently, the KNN has also been introduced into the
prediction of PTM sites [26]. To get the KNN score, firstly,
calculate average distances from a query sample to both positive
and negative training sample sequences; secondly, sort the
neighbours by the distances; finally, calculate the KNN scores
which is the percentage of positive neighbours in a number of its
KNNs. In this section, the average distance was based on the
BLOSUMBG62 substitution matrix [27] and the dummy amino acid
X would be ignored. Chosen k (k=10n+1, n=1, 2, -+, 5) as
different values of the number of neighbours to obtain multiple
features. Therefore, a 5-dimentioanl feature vector could be
extracted for each sample sequence. The KNN describes the
similarity of the flanking sequence around a possible carbonylation
site to training sample sequences.

Physicochemical and biochemical properties. AAlndex
is useful in many approaches of PTM site prediction. However, the

October 2014 | Volume 9 | Issue 10 | e111478



sheer number of properties could potentially cause both compu-
tational tractability and overfitting problems in a classification
approach [28]. Recently, a set of high-quality indices (HQI) were
identified to represent electric properties, hydrophobicity, alpha
and turn propensities, physicochemical properties, residue pro-
pensity, composition, beta propensity and intrinsic propensities of
amino acids using a sophisticated method called consensus fuzzy
clustering [29]. In the section, the normalized HQI8 was
considered for each residue of a given sample sequence to
generate a 2nx8-dimentional feature vector. The parameter value
corresponding to residue X was set to 0. This vector reflects
physicochemical and biochemical properties of the residue
fragments around a query carbonylation site.

mRMR and IFS feature selection

The mRMR feature selection criterion is devoted to evaluating
the importance of candidate features, which ranks the features
according to their relevance to the target concerned and the
redundancy among the features themselves. The ranked feature
with a smaller index indicates that it has a better trade-off between
the maximum relevance and minimum redundancy [30]. In this
study, four kinds of features were extracted from each sample
sequence. The total number of these candidate features is 2n+
2nX(2n-1)/2+2+5+2nx8. For example, there are a total of 566
candidate features when the window size parameter n = 13. These
features were ranked according to mRMR feature selection
criterion. The IFS curve was used to determine the dimension of
the final optimal feature sets.

WSVM classifier

The support vector machine (SVM) is a supervised machine
learning algorithm based on the statistical learning theory [31].
The basic thought of SVM is to map the original data into a high
dimensional feature space through a nonlinear mapping function
and then construct a hyperplane as a discriminative surface
between positive and negative samples. In this paper, the WSVM
was employed to solve the classification problem of unbalanced
samples, which is available at http://www.csie.ntu.edu.tw/~cjlin/
libsvm/.

Performance assessment

The jack-knife test and n-fold cross-validation are usually used
to assess the performance of a method. Jack-knife test is a leave-
one-out cross-validation approach, which is a special case of n-fold
cross-validation. Breiman and Spector found that 5-fold and 10-
fold cross-validation work better than jack-knife test [32]. In the
paper, 10-fold cross-validation was used to illuminate the
performance of our method. Five standard metrics, including
specificity, sensitivity, total accuracy, Matthew’s correlation
coefficient (MCC) and the area under the Receiver Operating
Characteristic curve (AUC) [33], were adopted to quantitatively
evaluate the predictive capability and reliability of the method.

True positive (TP) and false negative (FN) are the number of
positive data that are predicted to be positive and negative
respectively. Analogously, true negative (I'N) and false positive
(FP) are used to denote the number of negative data that are
predicted to be negative and positive respectively. The specificity
(Sp), sensitivity (Sy), total accuracy (T'A) and M CCare defined as
the following:

PLOS ONE | www.plosone.org
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_ _ TP

Sn= TP+FN
— _TN

SF_ TN +FP

TA—= TP+ TN (6)
~ TP+TN+FP+FN

MCC = TP x TN —FP x FN

\/(TP+FP)(TP+ FN)(TN + FP)(TN + FN)

Results and Discussion

Quality of datasets

Data quality has an impact on evaluation of the performance of
a method. In the paper, the following steps have been taken to try
to improve quality of datasets. Firstly, data sources. Carbonylation
sites verified by the experiments were extracted from sources as
much as possible (Table S1). Secondly, exclusion of suspicious
data. Protein sequences with any confused carbonylation sites were
excluded (Table S2). Thirdly, preparation of negative samples.
There are three criteria for negative sample preparation. The
rationale is that residues are not known to be carbonylated are
more likely to be true non-carbonylation sites in a proteomic
study, in which the same type of carbonylation site has been
involved. Finally, construction of non-redundant datasets. Repet-
itive and excessively similar sample sequences have been removed.
Carbonylation sites can be verified by experiments. However,
assignment of negative cases can only be tentative, as new
experimental evidence may reveal them to be carbonylated under
a different condition. Although not all these samples are absolutely
true, it is reasonable to believe that a large majority of them are.

Final optimal feature sets

To determine the final optimal feature sets of the method, the
IFS curves of average MCC value versus the number of mRMR
features and different window sizes were plotted using 10-fold
cross-validation based on the training datasets (Fig. 1). It is obvious
that the MCC values corresponding to K, R, T and P
carbonylation site predictions reach the peaks when n=12,
n=6, n=8 and n=6 as well as the top 98, 21, 17 and 46
features were selected separately. Therefore, the four final optimal
feature sets were eventually chosen to devote to K, R, T and P
carbonylation site identification respectively. Considering that too
many curves easily make a figure unclear, there are only seven
(n=6 to 12) necessary IFS curves were shown in Fig. 1.

Performance of the method

In the paper, the proposed WSVM classifier was trained and
tested using 10-fold cross-validation based on the training datasets.
The probability results of the ten iterations were spliced into one to
serve the total accuracy computation and ROC analysis. The
proposed method has total accuracies of 85.72%, 85.95%, 83.92%
and 85.72% for K, R, T and P carbonylation site predictions
respectively. ROC curves of the four types of carbonylation sites
were plotted in Fig. 2, the AUC values corresponding to K, R, T
and P carbonylation site identification were 0.6886, 0.7015,
0.7036 and 0.7063 separately.

Following the evaluation using 10-fold cross-validation, the
method was further evaluated based on the independent testing
samples. The total accuracies corresponding to K, R, T and P
carbonylation site predictions were 81.22%, 85.45%, 88.57% and
86.36%. And the AUC were 0.6704, 0.5345, 0.6800 and 0.7873
respectively. It can be seen that, due to the close homology
between human proteins and other mammal proteins, the method
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can also be used to predict carbonylation sites of other mammal
proteins to a certain extent.

Overall, the predictive power of the method is still weak. In
addition to the method itself, it may be due to the following
reasons. Firstly, assignment of negative carbonylation sites can
only be tentative, some carbonylatable residues, which may be
revealed to be carbonylated under a different condition in
subsequent proteomic studies, are assumed to be negative samples.
Secondly, to some degree, the limitation of training sample size
might affect the validity of absolute frequency-dependent features
involved in the paper.

Feature analysis

The distribution of the number of each kind of features in the K,
R, T and P optimal feature sets was investigated and shown in
Fig. 3A. In the 98 optimal features devoted to the prediction of K
carbonylation sites, 32 were from the PSPAKSAP, 1 from
increment of k-mer diversity, 5 from KNN scores, and 60 from
physicochemical and biochemical properties. Likewise, all the four
kinds of features have made contributions to the predictions of R,
T and P carbonylation sites. However, the total dimensions of the
four kinds of features are very different, only the number of each
kind of features in the optimal feature sets is not enough to rely on.
Therefore, the average Maximum Relevance scores of the four
kinds of features in the optimal feature sets were computed
(Fig. 3B). Two types of scores can be generated by mRMR
program, one is mRMR score and the other is the Maximum
Relevance score. The final optimal feature sets consist of four
kinds of features, these features could be divided into four groups.
The average Maximum Relevance score of each kind of features is
an average value of Maximum Relevance scores of features in the
corresponding group. Considering the number and average
Maximum Relevance score, it was inferred that the PSPAKSAP
plays a more important role in the carbonylation site prediction.

Position-specific composition analysis

The position-specific sequence characteristics are important
conserved features in the mRMR feature list. Therefore, the web-
based analysis application TSL [21] was used to analyse the
position-specific composition of amino acids surrounding carbon-
ylation and non-carbonylation sites. T'SL was running with default
parameter options, two sample {-test was chosen and the P-value
threshold was assigned to 0.05. The statistical significance was
calculated for each residue in the flanking sequences of modifi-
cation sites and graphically represented. Statistically significant
residues were plotted using the size of the residue symbol that is
proportional to the difference of position-specific composition of
amino acids between positive and negative samples. Graphical
residues were separated in two groups, enriched and depleted in
the positive samples.

The position-specific statistical differences between positive and
negative sample sequences of human carbonylation sites were
given in Fig. 4. It is obvious that these differences vary according
to the modification residue type, but the K, R, T and P
carbonylation sites are all prone to be in RKPT-enriched regions,
which is consistent with Maisonneuve and Rao’s studies. [12,16].
It 1s noteworthy that the work by Maisonneuve was designed for
the prokaryotic Escherichia coli and more species were involved
later in Rao’s study. So this is likely to be an important and general
rule for carbonylation sites. Furthermore, it can be seen from
Fig. 4 that the enrichment degree of K residue in the upstream of
K carbonylation site is high than that in the downstream, and
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likewise the R, T and P carbonylation sites. Therefore, for the
residue with the same type as the carbonylation site,the
enrichment degree in the upstream is significantly high than that
in the downstream.

Hydrophobicity environment analysis

The hydrophobicity environment of carbonylation sites has
been discussed in the previous work [12,16]. It may play an
important role in protein carbonylation. Therefore, average
hydrophobicity at each position around carbonylation and non-
carbonylation sites was computed using the normalized hydro-
phobicity index of HQI (Fig. 5). It can been seen that hydropho-
bicity environment of carbonylation sites is not significantly
different from non-carbonylation sites, which is in line with Rao’s
study [16]. However, the hydrophobicity difference at certain
upstream positions (—6~—2) is remarkable for all the K, R, T and
P carbonylation sites. This investigation proves that the informa-
tive HQI can contribute to distinguishing carbonylation and non-
carbonylation sites. The position-specific difference of hydropho-
bicity still needs further verification due to the sample size
limitation.

CarSPred software

In order to facilitate the application of this method, software
named CarSPred 1.0 for win32 environment has been developed.
This tool consists of four modules which are devoted to K, R, T
and P carbonylation site predictions of query protein sequences
separately. All of them receive sequences or file in FASTA format
as input. For output, list and file are optional, the annotations will
clearly indicate the precise locations and probabilities of putative
carbonylation sites. For details, please refer to the manual coming
with the software.

Supporting Information

Table S1 Carbonylation sites of human and other mammal
proteins collected from the literature.

(DOC)

Table S2 Carbonylation sites and their corresponding proteins
identified in proteomic studies but excluded in this paper.

DOC)

Data S1 Carbonylated proteins involved in the paper.
(XLSX)

Data 82 Training and testing sample sequences corresponding
to K, R, T and P carbonylation site predictions.
(XLSX)

Acknowledgments

We are grateful to our colleagues in the School of Electronic and
Information Engineering, Xi’an Jiaotong University for their help during
the course of this work, in particular Dr. Shanxin Zhang for critical reading
and helpful discussions on the manuscript.

Author Contributions

Conceived and designed the experiments: HQL JOH. Performed the
experiments: HQL JL. Analyzed the data: JGZ JL. Contributed reagents/
materials/analysis tools: JQH JL. Contributed to the writing of the
manuscript: HQL DXZ RLL. Designed and developed the software: HQL

JL.

October 2014 | Volume 9 | Issue 10 | e111478



References

1.

o

Reddy VP, Zhu XW, Perry G, Smith MA (2009) Oxidative Stress in Diabetes
and Alzheimer’s Disease. Journal of Alzheimers Discase 16: 763-774.

. Bollineni R, Hoffmann R, Fedorova M (2011) Identification of protein

carbonylation sites by two-dimensional liquid chromatography in combination
with MALDI- and ESI-MS. J Proteomics 74: 2338-2350.

. Dalle-Donne I, Rossi R, Giustarini D, Milzani A, Colombo R (2003) Protein

carbonyl groups as biomarkers of oxidative stress. Clin Chim Acta 329: 23-38.

. Chung C, Liu J, Emili A, Frey BJ (2011) Computational refinement of post-

translational modifications predicted from tandem mass spectrometry. Bioinfor-
matics 27: 797-806.

. Gianazza E, Crawford J, Miller I (2007) Detecting oxidative post-translational

modifications in proteins. Amino Acids 33: 51-56.

. Bachi A, Dalle-Donne I, Scaloni A (2013) Redox proteomics: chemical

principles, methodological approaches and biological/biomedical promises.

Chem Rev 113: 596-698.

. Baraibar MA, Ladouce R, Friguet B (2013) Protcomic quantification and

identification of carbonylated proteins upon oxidative stress and during cellular
aging. ] Proteomics 92: 63-70.

. Fedorova M, Bollineni RC, Hoffmann R (2014) Protein carbonylation as a

major hallmark of oxidative damage: update of analytical strategies. Mass
Spectrom Rev 33: 79-97.

. Bota DA, Van Remmen H, Davies KJ (2002) Modulation of Lon protease

activity and aconitase turnover during aging and oxidative stress. FEBS Lett 532:
103-106.

. Frohnert BI, Sinaiko AR, Serrot FJ, Foncea RE, Moran A, et al. (2011)

Increased adipose protein carbonylation in human obesity. Obesity (Silver
Spring) 19: 1735-1741.

. Dalle-Donne I, Giustarini D, Colombo R, Rossi R, Milzani A (2003) Protein

carbonylation in human diseases. Trends Mol Med 9: 169-176.

. Maisonneuve E, Ducret A, Khoueiry P, Lignon S, Longhi S, et al. (2009) Rules

governing selective protein carbonylation. PLoS One 4: ¢7269.

. Bandyopadhyay U, Das D, Banerjee RK (1999) Reactive oxygen species:

Oxidative damage and pathogenesis. Current Science 77: 658-666.

. Mendez D, Hernaez ML, Diez A, Puyet A, Bautista JM (2010) Combined

proteomic approaches for the identification of specific amino acid residues
modified by 4-hydroxy-2-nonenal under physiological conditions. J Proteome
Res 9: 5770-5781.

Jolzani M, Aldini G, Carini M (2013) Mass spectrometric approaches for the
identification and quantification of reactive carbonyl species protein adducts.
J Proteomics 92: 28-50.

Rao RS, Moller IM (2011) Pattern of occurrence and occupancy of
carbonylation sites in proteins. Proteomics 11: 4166-4173.

PLOS ONE | www.plosone.org

23.

24.

27.

29.

30.

31

. Trost B, Kusalik A (2013)

Prediction of Human Carbonylation Sites

. Moller IM, Rogowska-Wrzesinska A, Rao RS (2011) Protein carbonylation and

metal-catalyzed protein oxidation in a cellular perspective. J Proteomics 74:

2228-2242.

. Peng H, Long F, Ding C (2005) Feature selection based on mutual information:

criteria of max-dependency, max-relevance, and min-redundancy. IEEE Trans
Pattern Anal Mach Intell 27: 1226-1238.

Chang CC, Lin CJ (2011) LIBSVM: A Library for Support Vector
Machines.Acm Transactions on Intelligent Systems and Technology 2.

. Bollineni RC, Hoffmann R, Fedorova M (2014) Proteome-wide profiling of

carbonylated proteins and carbonylation sites in HeLa cells under mild oxidative
stress conditions. Free Radic Biol Med 68: 186-195.

. Vacic V, Iakoucheva LM, Radivojac P (2006) Two Sample Logo: a graphical

representation of the differences between two sets of sequence alignments.
Bioinformatics 22: 1536-1537.

. Huang Y, Niu B, Gao Y, Fu L, Li W (2010) CD-HIT Suite: a web server for

clustering and comparing biological sequences. Bioinformatics 26: 680-682.
Tang YR, Chen YZ, Canchaya CA, Zhang Z (2007) GANNPhos: a new
phosphorylation site predictor based on a genetic algorithm integrated neural
network. Protein Eng Des Sel 20: 405-412.

Chen Z, Chen YZ, Wang XF, Wang C, Yan RX, et al. (2011) Prediction of
ubiquitination sites by using the composition of k-spaced amino acid pairs. PLoS

One 6: €22930.

5. Laxton RR (1978) The measure of diversity. J Theor Biol 70: 51-67.
26.

Chen X, Qiu JD, Shi SP, Suo SB, Huang SY, et al. (2013) Incorporating key
position and amino acid residue features to identify general and species-specific
Ubiquitin conjugation sites. Bioinformatics 29: 1614-1622.

Henikoff' S, Henikoff JG (1992) Amino acid substitution matrices from protein
blocks. Proc Natl Acad Sci U S A 89: 10915-10919.

“omputational phosphorylation site prediction in
plants using random forests and organism-specific instance weights. Bioinfor-
matics 29: 686-694.

Saha I, Maulik U, Bandyopadhyay S, Plewczynski D (2012) Fuzzy clustering of
physicochemical and biochemical properties of amino acids. Amino Acids 43:
583-594.

Xue B, Li, Hu, Chen L, Feng, et al. (2012) Prediction of Protein Domain with
mRMR Feature Selection and Analysis. PLoS One 7: €39308.

Vapnik VN (1999) An overview of statistical learning theory. IEEE Trans Neural
Netw 10: 988-999.

. Breiman L, Spector P (1992) Submodel Selection and Evaluation in Regression -

the X-Random Case. International Statistical Review 60: 291-319.

Gribskov M, Robinson NL (1996) Use of receiver operating characteristic
(ROC) analysis to evaluate sequence matching. Computers & Chemistry 20: 25
33.

October 2014 | Volume 9 | Issue 10 | e111478



