LAceP: Lysine Acetylation Site Prediction Using Logistic
Regression Classifiers
Ting Hou1,2,3, Guangyong Zheng4*, Pingyu Zhang3, Jia Jia2, Jing Li2, Lu Xie2, Chaochun Wei2,5*,
Yixue Li1,2,3*
1 School of Biological Engineering, East China University of Science and Technology, Shanghai, China, 2 Shanghai Center for Bioinformation Technology, Shanghai, China,
3 Key Laboratory of Systems Biology, Shanghai Institutes for Biological Sciences, Chinese Academy of Sciences, Shanghai, China, 4 CAS-MPG Partner Institute for
Computational Biology, Shanghai Institutes for Biological Sciences, Chinese Academy of Sciences, Shanghai, China, 5 School of Life Sciences and Biotechnology, Shanghai
Jiao Tong University, Shanghai, China

Abstract
Background: Lysine acetylation is a crucial type of protein post-translational modification, which is involved in many
important cellular processes and serious diseases. However, identification of protein acetylated sites through traditional
experiment methods is time-consuming and laborious. Those methods are not suitable to identify a large number of
acetylated sites quickly. Therefore, computational methods are still very valuable to accelerate lysine acetylated site finding.
Result: In this study, many biological characteristics of acetylated sites have been investigated, such as the amino acid
sequence around the acetylated sites, the physicochemical property of the amino acids and the transition probability of
adjacent amino acids. A logistic regression method was then utilized to integrate these information for generating a novel
lysine acetylation prediction system named LAceP. When compared with existing methods, LAceP overwhelms most of
state-of-the-art methods. Especially, LAceP has a more balanced prediction capability for positive and negative datasets.
Conclusion: LAceP can integrate different biological features to predict lysine acetylation with high accuracy. An online web
server is freely available at http://www.scbit.org/iPTM/.
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Lysine acetylation is important for many cellular processes
[9,10,11,12,13]. For example, the dynamic interaction between
lysine acetyltransferases (KATs) and lysine deacetylases (KDACs)
is used to maintain appropriate levels of histone acetylation for
normal cell growth, proliferation and differentiation [4]. Acetylation has been shown to regulate protein expression, stability,
localization and synthesis [14,15,16,17,18,19]. It has also been
reported that lysine acetylation is involved in serious diseases like
cancer due to the abnormal KAT/KDAC function impacting the
cell division [20,21,22].
However, the mechanism of protein acetylation is still largely
unknown. Identifying acetylation sites is the first step to
understand acetylation mechanism and can provide a certain
guidance for some diseases treatment [23]. Experimental methods,
such as radioactivity detection [24], immunity affinity detection,
chromatin immunoprecipitation (ChIP) [25] and mass spectrometric detection [26] are widely used for acetylation identification.
But these methods are time-consuming and laborious. Especially,
they are not able to identify a large number of acetylation loci
quickly. Therefore, computational approaches for acetylation site
prediction are needed. Currently, various computational models
have been proposed to predict acetylated lysine sites

Introduction
In the post-genomic era, one of the important goals of biological
research is to explain genome contexts and understand the
function of genetic information [1]. Transcriptomic and proteomic
data can provide important information to understand the genome
contexts [2,3]. For example, acetylation, which is one of the most
significant protein modifications with an important impact on the
functions of proteins, can be inferred from proteomic data. It is
often catalyzed by acetyltransferase that transfers the acetyl group
of acetyl coenzyme (Acetyl-CoA) to an amino acid. A vast scale of
acetylated proteins in mammalian have been identified by
proteomics methods, suggesting that acetylation may be as
ubiquitous as phosphorylation [4,5]. It is reported by Van Damme
[6] that ,85% of human proteins and 68% of yeast proteins were
acetylated at N-terminus.
Acetylation occurs in cellular processes with two forms: Naacetylation and Ne-acetylation. Na-acetylation is an irreversible
modification which often occurs during translation at the Nterminus of a protein and it only occurs in post-translational
process of chloroplast proteins [7,8]. In contrast, Ne-acetylation is
a reversible post-translational modification and it occurs at unfixed
positions of a protein.
PLOS ONE | www.plosone.org

1

February 2014 | Volume 9 | Issue 2 | e89575

Lysine Acetylation Site Prediction

[27,28,29,30,31,32,33]. However, some limitations should be
noted. First, some methods didn’t carry out acetylation peptide
length assay and only peptides with a pre-fixed length are checked
[27,31,34]. Second, some prediction models only considered
protein redundancy (not the peptide redundancy) [31,34], which
would lead to over fitting. Finally, many models didn’t consider
adjacent residues’ property [28,30,31,34], which was believed to
have an important impact on acetylation. Therefore, it is possible
to create a new method to identify lysine acetylation sites more
effectively by integrating relevant information.
In this study, we present a lysine acetylation site prediction
system named LAceP based on a logistic regression model. In
practice, the amino acid sequence of the acetylated sites, the
physicochemical property of the amino acids and the transition
probability of adjacent amino acids were utilized as features of
LAceP. Cross-validations were carried out to evaluate the
performance of LAceP. In addition, the accuracy of the system
was compared with state-of-the-art methods in independent
datasets.

Methods
Data collection
Our experimentally validated lysine acetylation sites are extracted from a database for post-translational modification (PTM) called
SysPTM2 (http://lifecenter.sgst.cn/SysPTM/, paper submitted)
and the PhosphoSitePlus [35] database. In SysPTM2 database,
11,842 acetylated lysine (K) sites from 5,748 proteins are retrieved.
In PhosphoSitePlus database, 3,814 acetylated lysine sites from
1,592 proteins are retrieved. After combining these two datasets
with redundancy removed, 13,810 acetylation sites from 6,388
proteins were collected as positive dataset. For negative dataset, all
peptides containing lysine from acetylated proteins were extracted.
Then, positive peptides were excluded and the remaining peptides
were used as negative ones. As a result, 256,359 non-acetylated
lysine peptides were collected.

Figure 1. The data process pipeline of LAceP. The dataset was derived from SysPTM 2.0 (http://lifecenter.sgst.cn/SysPTM/) and PhosphoSitePlus
(http://www.phosphosite.org/). After eliminating redundancy, the non-redundant sites were obtained. Independent dataset was selected from
positive dataset and negative dataset randomly at first. Then the remaining positive items and the same number of negative items, selected
randomly from the whole negative dataset, were combined to construct training datasets. The selection process was iterated 10 times. After
encoding three types of features, the logistic regression algorithm was utilized to build the classifier. After parameter optimization and performance
evaluation, the best model was created. Finally, a web server of LAceP was established for biologist to use the prediction model.
doi:10.1371/journal.pone.0089575.g001
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Figure 2. Compositional distribution of amino acids between acetylated and non-acetylated peptides. The composition of amino acids
in acetylated and non-acetylated peptides was displayed with the Two Logo software. It showed that for a position, composition of amino acids had a
wide disparity between acetylated and non-acetylated peptides, especially those located in the positions of 27, 21 and 1,7.
doi:10.1371/journal.pone.0089575.g002

validation was carried out. The whole process of data treatment
was shown in Figure 1.

Data process
Marmorstein et al [36] deems that the peptides recognized by
lysine acetyltransferase are about 14–20 amino acids residues.
However, the best length of an acetylationpeptide is unknown and
it is crucial for acetylated sites identification. In this study, a sliding
window strategy was used to determine the best length of
acetylation peptides. In practice, the window size was set to 2n+
1, where n is the number of upstream or downstream residues, and
a peptide can be denoted ass~(s{n s{nz1 :::s{i :::s{2 s{1
s0 s1 s2 :::si :::sn{1 sn ). In our work, n was set to 12 and the window
size was 25 initially. The homology reduction of peptides was
carried out through the CD-hit software [37,38] to avoid model
over fitting. In practice, peptides were categorized into a group
when their sequence similarity was over 70%. Then for each
group, only one peptide was kept and the others were discarded.
As a result, 6,210 acetylated lysine peptides and 83,274 nonacetylated lysine peptides were obtained. In order to compare the
performance of our prediction model with existing tools with
similar functions, 300 acetylated peptides and 300 non-acetylated
ones were randomly chosen as the independent test dataset (see
Table S1). The remaining 5,910 acetylated peptides were utilized
as positive training data. 5,910 non-acetylated peptides were
randomly selected from the whole negative dataset as negative
training data. The select procedure was iterated 10 times. For
each paired positive dataset and negative dataset, a 10-fold cross-

Features
In our model, three types of features were utilized to predict
lysine acetylation: amino acid physicochemical property (AAPP),
transition probability matrix (TPM) and position-specific symbol
composition (PSSC).

Amino acid physicochemical property (AAPP)
Amino acid physicochemical property is the most important
features for protein biochemical reactions. Amino Acid index
(AAindex) [39,40] is a database of numerical indices representing
various physicochemical and biochemical properties of amino
acids. There are 541 amino acid indices in current release of the
database (version 9.1), and 10 of these indices contain descriptions
like ‘‘NA’’. In order to unify the input format, we replaced the
‘‘NA’’ character with number 0. For a peptide, its value of a
physicochemical property was calculated through followed equation:
Ps ~ L1

L
P

pj

j~1

where L was length of the peptide; pj was index value of the jth
residue. Then, peptides’ physicochemical property values were
normalized into a value in the interval of [0, 1].

Table 1. The impact of window sizes on the performance of
LAceP.

Table 2. The performance of models trained with different
types of features.

Window size

Sn (%)

Sp (%)

Acc (%)

MCC (%)

13

66.15

69.10

67.62

35.26

15

67.06

69.57

68.31

36.64

17

67.29

69.86

68.57

37.17

Training feature

Sn (%)

Sp (%)

Acc (%)

MCC (%)

61.24

63.29

62.27

24.54

19

67.93

69.97

68.95

37.91

AAPP

21

68.01

69.95

68.98

37.97

TPM

65.08

64.90

64.99

29.98

23

67.96

69.91

68.93

37.88

PSSC

65.29

67.44

67.44

34.91

25

67.97

69.81

68.89

37.78

AAPP+TPM+PSSC

68.01

69.95

68.98

37.97

doi:10.1371/journal.pone.0089575.t002

doi:10.1371/journal.pone.0089575.t001
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Transition probability matrix (TPM)

Table 3. The comparison of performance between LAceP and
existing methods.

Method

Sn (%)

Sp (%)

Acc (%)

MCC (%)

EnsemblePail

49.33

62.67

56.00

12.11

PHOSIDA

42.33

92.33

67.33

40.03

PLMLA

78.92

44.29

61.64

24.76

PSKAcePred

72.24

49.66

60.97

22.49

LAceP

61.33

75.40

68.37

37.88

Markov models have been applied in various bioinformatics
areas successfully, such as sequence analysis and gene recognition
[42,43,44]. A Markov model can represent a Markov process
constituted of transition probability matrix and the initial
probability distribution, in which the transition probability matrix
represent its dynamics. In our model, the transition rate of
adjacent amino acids was utilized as the transition probability of
the Markov model. We assumed that the occurrence of an amino
acid depended only on the nearest residue before it.
Lets~s1 s2 :::sL be a peptide with length L, and g be the alphabet
which contained 20 amino acids, then the transition probability
from symbol a to b can be represented as fab ~p(si ~bDsi{1 ~a).
Then, the whole peptide’s occurrence probability could be
calculated according to the following equation:

doi:10.1371/journal.pone.0089575.t003

AAPP feature selection
Feature selection was carried out for AAPP in order to reduce
the computation complexity. In this study, we used the
CfsSubsetEval attribute evaluator and BestFirst search method
of WEKA (version 3.6) [41] for feature selection. The CfsSubsetEval attribute evaluator can measure the predictive capability of
each attribute and the redundancy degree between two different
attributes, thus a set of attributes with high correlation and lowcoupling can be generated. The BestFirst search method searches
the feature subset space through greedy hill climbing strategy
augmented with a backtracking facility. In order to avoid overfitting, a ten-fold cross-validation was utilized in the feature
selection procedure.

L

P(s)~p(s1 ) P fsi{1 ,si
i~2

X
where si [
was the amino acid at position i. We denoted the
z
in acetylated fragment
amino acid transition probability as fab
{
while fab in non-acetylated fragment. Then the Log likelihood
score of the peptide being acetylated could be calculated by the
following equation:

Figure 3. The web interface of LAceP.
doi:10.1371/journal.pone.0089575.g003
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score(s)~ log

size optimization. In general, the sensitivity (Sn), specificity (Sp),
accuracy (Acc) and Matthews correlation coefficient (MCC) were
four important measurements of model performance. The
sensitivity represented the percentage of positive data being
predicted correctly and the specificity represented the percentage
of negative data being predicted correctly. The accuracy indicated
the correct prediction of both positive and negative data. The
MCC was another comprehensive indicator considering both
positive and negative data. The four measurements were
calculated as follows.

L
fsz ,si
p(sDpositive) X
i{1
~
log {
:
p(sDnegative) i~1
fs ,si
i{1

The higher the score was, the more likely the peptide was
acetylated.

Position-specific symbol composition (PSSC)
The position-specific symbol composition information was also
utilized in our model. The Two Sample Logo software [45] was
adopted to display statistically significant differences between
positive and negative datasets after sequence alignments. The
information entropies of each position of given sequences were
also presented by the software (Figure 2). For a peptide with length
L, its position-specific symbol composition score could be
calculated by the following equation:

Score~

L X
20
X

Sn~

TP
TPzFN

Sp~

TN
TNzFP

wij :si j

j~1 i~1

where wij was 1 when amino acid i occurred in position j, 0
otherwise; and sij was the information entropy of amino acid i in
position j. In this way, if the score of a peptide was positive, it was
inclined to be an acetylated fragment. When the score is negative,
the peptide was considered as non-acetylated.

Acc~

TP|TN{FP|FN
MCC~ pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
(TPzFN)|(TPzFP)|(TNzFN)|(TNzFP)

Model training
Logistic regression is a machine learning framework which is
often utilized to build classification model. The logistic regression
model can be denoted as follows:

where TP, TN, FP, and FN represent the number of true positive,
true negative, false positive and false negative respectively.

h(x)~hh (x)~h0 zh1 x1 zh2 x2 z:::zhn xn ,

Results

where x1 ,x2 ,:::,xn are input features, and h0 ,h1 ,h2 ,:::hn are
parameters which modulate the influence of every feature.
Commonly, a virtual variable x0 (always one) is added to the
model, then the model can be briefly denoted as

Determine the best length of acetylated peptide
After homology reduction, the non-redundant positive and
negative peptides were graphically visualized as sequence logos by
the Two Sample Logo software. The conservation of amino acids
in acetylated and non-acetylated peptides showed a wide disparity
(Figure 2). Especially, in positions of 27, 21 and 1,7 the
residue composition had significant differences between positive
and negative peptides. Overall, lysine (K), arginine (R) and
Glycine (G) showed a high frequency on acetylated peptides, while
leucine (L), serine (S) and glutamic acid (E) showed a high
frequency on non-acetylated ones. On one hand, according to
previous research [29,31,32] and Figure 2, we deduced that
flanking residues in the position of 210,10 had a relative
important effect on the lysine acetylation. On the other hand, we
used the prediction accuracy as index to deduce the best length of
acetylated peptides. For peptides with window size of 2n+1, where
n varied from 6 to 12, logistic regression models were built and 10fold cross-validation tests were carried out. Table 1 showed the
performance of each model with different window size. The model
with a window size 21 was relatively better, and its sensitivity,
specificity, accuracy, and MCC achieved 68.00%, 69.95%,
68.98% and 37.96% respectively. Although there was no
significant difference in results for window sizes from 19 to 23, it
hinted that the finally used window size was indeed around the
sweet spot. According to these results, the best length of acetylated
peptides was set to 21 in our study.

hh (x)~hT X
Given a peptide and its features, the likelihood as an acetylated
fragment can be defined as:
P(hT X)~

1
1ze{h

TX

For the likelihood, it always takes on values between zero and
one. The higher the value was, the more likely the peptide was
acetylated. For peptides in the training datasets, their class tags
and features were used as the input of the logistic regression
model. After model training, the optimized parameters
(h0 ,h1 ,h2 ,:::hn ) were generated as outputs.

Model evaluation
To evaluate the performance of our prediction model, a 10-fold
cross-validation was utilized after feature selection and window
PLOS ONE | www.plosone.org
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org/iPTM). The web interface of LAceP was shown in Figure 3. In
the prediction module, users can paste protein sequences with a
FASTA format in the text box area or upload a file containing
protein sequences. When protein sequences were submitted to the
server, a task id was presented to users. After finishing the
calculating process of a task, a result page would be returned to the
user, which included protein name, acetylation site, and prediction
information. If an email address was given to the server during the
task submision, a notification letter would be sent to the user when
the task was finished. If no email address was provided by the user,
then the server would display the results immediately without
email. In the search module, users can query prediction results of a
task by its id.

Predictive capability of different features
In our model, three types of features were utilized to predict
lysine acetylation: amino acid physicochemical property (AAPP),
transition probability matrix (TPM) and position-specific symbol
composition (PSSC). In order to evaluate the predictive capability
of different features, three single feature models (based on the
three features respectively) and a combined model were constructed. Performances of these models were inspected by 10-fold crossvalidation. Results were shown in Table 2. Accuracy of the AAPP
model was 62.27%, which showed that amino acid physicochemical property had a fairly well capability in differentiating
acetylated and non-acetylated lysine peptides (The selected
physicochemical properties were listed in Table S2). The PSSC
model had the highest performance with an accuracy of 67.44%
among the three single feature models. This result illustrated that
the contribution from sequence composition was significant in
acetylated peptide identification. Accuracy of the TPM model
achieved 64.99%. This outcome hinted that composition of
adjacent amino acids of acetylated peptides had a particular
preference. For the combined model, its performance was better
than the three single feature models, which meant there existed
synergistic effect in these features.
The optimal performance was obtained with a window size of
21 amino acids. In order to further test whether our prediction
model was over-fitting for training data, same inspection was
carried out in an independent dataset. Results were shown in
Table 3. The predictive capability of our model in independent
dataset was comparable to that in training dataset, which
suggested that out model was robust.

Discussion and Conclusion
Protein acetylation is crucial to understand the mechanism of
cellular processes. The current experimental technologies for
acetylation recognition are time-consuming and laborious while
computational methods can accelerate acetylation recognition. In
nature, the acetylated and non-acetylated lysine dataset is not
balanced. Building training dataset without considering the
imbalance between positive and negative lysine acetylated sites
will lead to erroneously evaluate performance of prediction model.
In previous study, Zhen Chen [46] et al. pointed out that if the
ratio of positive dataset to negative dataset was less than 1:1, the
score of cross-validation was unbalanced. In another word, the
more negative data, the greater specificity and the lower
sensitivity. In this study, we randomly selected negative items
(with a number matching the number of positive items) from the
whole negative dataset to build training datasets. Moreover the
select procedure was iterated10 times in order to check the
robustness of the model. In addition, our model integrated multifeatures, including not only peptide sequence characteristics
(PSSC and TPM) but also peptide physicochemical properties
(AAPP). Compared to features adopted in existing acetylation
prediction methods, TPM was a novel feature which was not a
single amino acid description but the characteristic of relationship
between two adjacent amino acids. For all acetylation site
prediction methods, specific amino acid composing information
in each position of peptide was a widely used feature [31,32].
However, in our study we took into account the statistical
differences of amino acid composition in each position of peptide
between positive and negative datasets. Results of our work
illustrated that the statistical difference feature could differentiate
acetylated lysine from the non-acetylated ones effectively.
Although LAceP achieved a fairly good performance, there is
still some room for improvement. Many studies have been
reported that lysine acetyltransferases (KAT) catalyze the acetyl
groups to the target residues and display a specific preference to
lysine. In fact, Li et al. did find that the surrounding sequences of
different family of KATs had different patterns and these patterns
could improve the prediction of the KAT-families that are
responsible for acetylation of a given protein or lysine site [47].
Although we have incorporated surrounding sequence feature in
our method, it is possible to improve the accuracy of our methods
by dividing the acetylation sites into different groups according to
the underlying mechanisms. Therefore in the future we can use the
relationship between KAT and acetylated protein as predictive
feature for lysine acetylation identification. In addition, secondary
and tertiary structure information of peptide can also be applied to
improve acetylation recognition.
For the independent dataset, our method performed better than
most existing prediction methods. The performance test results

Comparison with other methods
In order to further assess performance of our model, comparison in the independent dataset was carried out for LAceP and
other existing methods. Currently, many acetylation prediction
software has been developed, but some of them had broken links
so they could not be tested in our study. In practice, EnsemblePail
[28], PHOSIDA [29], PLMLA [31] and PSKAcePred [32] were
included in the comparison. The comparison results were shown
in Table 3. In terms of sensitivity and specificity, LAceP achieved
61.33% and 75.40%, which suggested that LaceP had a relatively
balanced performance in positive and negative datasets. In
contrast, there was a great divergence between sensitivity and
specificity in PHOSIDA, PLMLA and PSKAcePred. In terms of
accuracy, the value of LAceP was 68.37%, which overwhelmed all
other methods. While considering the MCC measurement, the
value of LAcep was only slightly lower than PHOSIDA and
exceeded other methods. By compared with state-of-art methods,
it was worth pointing out that LAceP had a fairly good capability
to predict lysine acetylation.
In addition, we compared the performance of LAceP and
PHOSIDA on lysine acetylation data from protein sequences of
organisms other than human. In the independent dataset, 365
were from human (170 positive and195 negative), the rest 235
were from non-human organisms (130 positive and 105 negative),
such as fly, mouse and worm (see more details in Table S1). If we
evaluated LAceP and PHOSIDA based on the data from different
organisms, LAceP exceeded PHOSIDA significantly in most nonhuman datasets while PHOSIDA performed slightly better in
human data (Table S3). LAceP’s performance was quite stable for
different species as well.

Online web server
In order to facilitate biologists to use our actylation prediction
model, an online web server was constructed (http://www.scbit.
PLOS ONE | www.plosone.org
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demonstrated that logistic regression is a good framework to
combine multiple features; LAceP can integrate multi-biological
features to predict lysine acetylation with high accuracy.

Table S3 Comparison of LAceP and PHOSIDA on protein
datasets from different species.
(DOC)

Supporting Information

Author Contributions

Table S1 The detailed information of the independent dataset.

Conceived and designed the experiments: GYZ CCW YXL. Performed
the experiments: TH GYZ. Analyzed the data: TH GYZ. Contributed
reagents/materials/analysis tools: JL JJ LX. Wrote the paper: TH GYZ
CCW. Helped design and implement the online web server: TH GYZ
PYZ.

(DOC)
Table S2 The selected amino acid physiochemical properties

after feature selection.
(DOC)

References
25. Umlauf D, Goto Y, Feil R (2004) Site-specific analysis of histone methylation
and acetylation. Methods Mol Biol 287: 99–120.
26. Zhou H, Boyle R, Aebersold R (2004) Quantitative protein analysis by solid
phase isotope tagging and mass spectrometry. Methods Mol Biol 261: 511–518.
27. Li S, Li H, Li M, Shyr Y, Xie L, et al. (2009) Improved prediction of lysine
acetylation by support vector machines. Protein Pept Lett 16: 977–983.
28. Xu Y, Wang XB, Ding J, Wu LY, Deng NY (2010) Lysine acetylation sites
prediction using an ensemble of support vector machine classifiers. J Theor Biol
264: 130–135.
29. Gnad F, Gunawardena J, Mann M (2011) PHOSIDA 2011: the posttranslational modification database. Nucleic Acids Res 39: D253–260.
30. Lee TY, Hsu JB, Lin FM, Chang WC, Hsu PC, et al. (2010) N-Ace: using
solvent accessibility and physicochemical properties to identify protein Nacetylation sites. J Comput Chem 31: 2759–2771.
31. Shi SP, Qiu JD, Sun XY, Suo SB, Huang SY, et al. (2012) PLMLA: prediction
of lysine methylation and lysine acetylation by combining multiple features. Mol
Biosyst 8: 1520–1527.
32. Suo SB, Qiu JD, Shi SP, Sun XY, Huang SY, et al. (2012) Position-specific
analysis and prediction for protein lysine acetylation based on multiple features.
PLoS One 7: e49108.
33. Shao J, Xu D, Hu L, Kwan YW, Wang Y, et al. (2012) Systematic analysis of
human lysine acetylation proteins and accurate prediction of human lysine
acetylation through bi-relative adapted binomial score Bayes feature representation. Mol Biosyst 8: 2964–2973.
34. Gnad F, Ren S, Choudhary C, Cox J, Mann M (2010) Predicting posttranslational lysine acetylation using support vector machines. Bioinformatics 26:
1666–1668.
35. Hornbeck PV, Kornhauser JM, Tkachev S, Zhang B, Skrzypek E, et al. (2012)
PhosphoSitePlus: a comprehensive resource for investigating the structure and
function of experimentally determined post-translational modifications in man
and mouse. Nucleic Acids Res 40: D261–270.
36. Marmorstein R (2001) Structure and function of histone acetyltransferases. Cell
Mol Life Sci 58: 693–703.
37. Li W, Godzik A (2006) Cd-hit: a fast program for clustering and comparing large
sets of protein or nucleotide sequences. Bioinformatics 22: 1658–1659.
38. Blom N, Gammeltoft S, Brunak S (1999) Sequence and structure-based
prediction of eukaryotic protein phosphorylation sites. J Mol Biol 294: 1351–
1362.
39. Kawashima S, Ogata H, Kanehisa M (1999) AAindex: Amino Acid Index
Database. Nucleic Acids Res 27: 368–369.
40. Kawashima S, Pokarowski P, Pokarowska M, Kolinski A, Katayama T, et al.
(2008) AAindex: amino acid index database, progress report 2008. Nucleic Acids
Res 36: D202–205.
41. Witten IH, editor (2011) Data Mining: Practical Machine Learning Tools and
Techniques: Practical Machine Learning Tools and Techniques. 3 ed. San
Francisco: Morgan Kaufmann.
42. Collyda C, Diplaris S, Mitkas PA, Maglaveras N, Pappas C (2006) Fuzzy Hidden
Markov Models: a new approach in multiple sequence alignment. Stud Health
Technol Inform 124: 99–104.
43. Stanke M, Schoffmann O, Morgenstern B, Waack S (2006) Gene prediction in
eukaryotes with a generalized hidden Markov model that uses hints from
external sources. BMC Bioinformatics 7: 62.
44. Yoon BJ (2009) Hidden Markov Models and their Applications in Biological
Sequence Analysis. Curr Genomics 10: 402–415.
45. 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.
46. 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: e22930.
47. Li T, Du Y, Wang L, Huang L, Li W, et al. (2012) Characterization and
prediction of lysine (K)-acetyl-transferase specific acetylation sites. Mol Cell
Proteomics 11: M111 011080.

1. (2004) The ENCODE (ENCyclopedia Of DNA Elements) Project. Science 306:
636–640.
2. Zheng G, Wang H, Wei C, Li Y (2011) iGepros: an integrated gene and protein
annotation server for biological nature exploration. BMC Bioinformatics 12
Suppl 14: S6.
3. Zheng G, Liu Q, Ding G, Wei C, Li Y (2012) Towards biological characters of
interactions between transcription factors and their DNA targets in mammals.
BMC Genomics 13: 388.
4. Kaluarachchi Duffy S, Friesen H, Baryshnikova A, Lambert JP, Chong YT,
et al. (2012) Exploring the yeast acetylome using functional genomics. Cell 149:
936–948.
5. Zhao S, Xu W, Jiang W, Yu W, Lin Y, et al. (2010) Regulation of cellular
metabolism by protein lysine acetylation. Science 327: 1000–1004.
6. Van Damme P, Arnesen T, Gevaert K (2011) Protein alpha-N-acetylation
studied by N-terminomics. FEBS J 278: 3822–3834.
7. Zybailov B, Rutschow H, Friso G, Rudella A, Emanuelsson O, et al. (2008)
Sorting signals, N-terminal modifications and abundance of the chloroplast
proteome. PLoS One 3: e1994.
8. Polevoda B, Sherman F (2003) N-terminal acetyltransferases and sequence
requirements for N-terminal acetylation of eukaryotic proteins. J Mol Biol 325:
595–622.
9. Chestier A, Yaniv M (1979) Rapid turnover of acetyl groups in the four core
histones of simian virus 40 minichromosomes. Proc Natl Acad Sci U S A 76: 46–
50.
10. van der Vlag J, Otte AP (1999) Transcriptional repression mediated by the
human polycomb-group protein EED involves histone deacetylation. Nat Genet
23: 474–478.
11. Ogryzko VV, Schiltz RL, Russanova V, Howard BH, Nakatani Y (1996) The
transcriptional coactivators p300 and CBP are histone acetyltransferases. Cell
87: 953–959.
12. Braunstein M, Rose AB, Holmes SG, Allis CD, Broach JR (1993)
Transcriptional silencing in yeast is associated with reduced nucleosome
acetylation. Genes Dev 7: 592–604.
13. Allfrey VG, Pogo BG, Littau VC, Gershey EL, Mirsky AE (1968) Histone
acetylation in insect chromosomes. Science 159: 314–316.
14. Kamita M, Kimura Y, Ino Y, Kamp RM, Polevoda B, et al. (2011) N(alpha)Acetylation of yeast ribosomal proteins and its effect on protein synthesis.
J Proteomics 74: 431–441.
15. Glozak MA, Sengupta N, Zhang X, Seto E (2005) Acetylation and deacetylation
of non-histone proteins. Gene 363: 15–23.
16. Kurdistani SK, Grunstein M (2003) Histone acetylation and deacetylation in
yeast. Nat Rev Mol Cell Biol 4: 276–284.
17. Kuo ML, den Besten W, Bertwistle D, Roussel MF, Sherr CJ (2004) N-terminal
polyubiquitination and degradation of the Arf tumor suppressor. Genes Dev 18:
1862–1874.
18. Behnia R, Panic B, Whyte JR, Munro S (2004) Targeting of the Arf-like GTPase
Arl3p to the Golgi requires N-terminal acetylation and the membrane protein
Sys1p. Nat Cell Biol 6: 405–413.
19. Hofmann I, Munro S (2006) An N-terminally acetylated Arf-like GTPase is
localised to lysosomes and affects their motility. J Cell Sci 119: 1494–1503.
20. Archer SY, Hodin RA (1999) Histone acetylation and cancer. Curr Opin Genet
Dev 9: 171–174.
21. Bradner JE, West N, Grachan ML, Greenberg EF, Haggarty SJ, et al. (2010)
Chemical phylogenetics of histone deacetylases. Nat Chem Biol 6: 238–243.
22. Das C, Kundu TK (2005) Transcriptional regulation by the acetylation of
nonhistone proteins in humans – a new target for therapeutics. IUBMB Life 57:
137–149.
23. Mottet D, Castronovo V (2008) Histone deacetylases: target enzymes for cancer
therapy. Clin Exp Metastasis 25: 183–189.
24. Welsch DJ, Nelsestuen GL (1988) Amino-terminal alanine functions in a
calcium-specific process essential for membrane binding by prothrombin
fragment 1. Biochemistry 27: 4939–4945.

PLOS ONE | www.plosone.org

7

February 2014 | Volume 9 | Issue 2 | e89575

