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Abstract: Lysine succinylation, an important type of protein posttranslational modification,
plays significant roles in many cellular processes. Accurate identification of succinylation
sites can facilitate our understanding about the molecular mechanism and potential roles of
lysine succinylation. However, even in well-studied systems, a majority of the succinylation
sites remain undetected because the traditional experimental approaches to succinylation site
identification are often costly, time-consuming, and laborious. In silico approach, on the other
hand, is potentially an alternative strategy to predict succinylation substrates. In this paper, a
novel computational predictor SuccinSite2.0 was developed for predicting generic and species-
specific protein succinylation sites. This predictor takes the composition of profile-based amino
acid and orthogonal binary features, which were used to train a random forest classifier. We
demonstrated that the proposed SuccinSite2.0 predictor outperformed other currently existing
implementations on a complementarily independent dataset. Furthermore, the important fea-
tures that make visible contributions to species-specific and cross-species-specific prediction
of protein succinylation site were analyzed. The proposed predictor is anticipated to be a useful
computational resource for lysine succinylation site prediction. The integrated species-specific
online tool of SuccinSite2.0 is publicly accessible.

Keywords: posttranslation modification, succinylation site prediction, machine learning,
sequence encoding, feature selection

Introduction

Lysine succinylation is identified as a major type of protein posttranslational modification
(PTM) found in a wide variety of biological processes.! Succinylation has been shown
to occur in the active site of homoserine trans-succinylase, although a succinyl group
was transferred from succinyl-CoA to homoserine in the intermediate reaction.>*3 It is
evolutionarily conserved and is commonly found in response to various physiological
conditions.* It has been indicated that lysine succinylation may have potential impacts on
cellular enzymes and metabolism such as tricarboxylic acid cycle, amino acid degrada-
tion, nitrogen metabolism, and fatty acid oxidation.® Furthermore, histone succinylation
is suggested to contribute to protein structures and function regulation.?’

Nowadays, various large-scale proteomic methods are widely adopted to identify
lysine succinylation in numerous organisms, including bacteria (Escherichia coli),
pathogenic bacteria (Mycobacterium tuberculosis), protozoan and parasite (7oxoplasma
gondii), fungi (yeast), mammalian cells (human and mouse), and recently in plants, 6814
Despite these efforts, the mechanism of lysine succinylation specificity is still largely
unknown.”!® Moreover, conventional experimental identification of succinylation
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substrates is not efficient enough for large-scale datasets.
Computational approaches, on the other hand, can provide
accurate and reliable prediction of succinylation sites, and
thus may serve as powerful alternatives to complement the
experimental efforts.

In recent years, a number of computational approaches
have been developed for predicting succinylation sites.'>!
Zhao et al proposed a primary sequence-based SucPred
predictor® integrating multiple sequence encoding schemes,
including autocorrelation functions, grouped weight-based
encoding, position-weighted amino acids composition, and
normalized van der waals volume with a support vector
machine (SVM) classifier. Xu et al developed iSuc-PseAAC
predictor based on a single sequence encoding, that is, pseudo
amino acid composition with SVM classifier.'® In addition,
an SVM-based predictor SuccFind utilizing the amino
acid frequency-based composition of k-spaced amino acid
pair (CKSAAP) and a single amino acid index (AAindex)
properties was developed.'” We developed a random forest
(RF)-based predictor SuccinSite,'® in which the three infor-
mative sequence encoding features, that is, CKSAAP, binary,
and the selected AAindex physicochemical features, were
combined. Recently, Jia et al developed the iSuc-PseOpt
predictor,' based on pseudo amino acid composition
encoding with K-nearest neighbors’ algorithm. Meanwhile,
Jia et al developed pSuc-Lys based on a pseudo amino
acid composition encoding an ensemble RF approach.?
More recently, SucStruct predictor was developed based
on structural properties of amino acids with a decision tree
classifier.?! The SucStruct achieved a better performance
on cross-validation tests based on only 670 succinylated
proteins, and yet the recently published novel datasets were
not tested. Despite all these efforts, the overall performances
of the aforementioned predictors are still not fully satisfac-
tory. Limitations were encountered when these models were
applied to whole proteome species as a training model. The
most important issue is that the sequences or structural
patterns around the succinylation sites may significantly vary
in different species.!* Moreover, all of the existing predictors
combine all species as a generic one to build a simplified
model, disregarding the differences that exist among species.
Effective species-specific computational predictors for suc-
cinylation site prediction in various organisms are currently
not available. Therefore, this study aims to establish a novel
predictor for predicting both generic and species-specific
lysine succinylation sites based on joint element features
information. In this new model, integrated profile-based
composition of k-spaced amino acid pairs (pbCKSAAP)!2!

and orthogonal binary encodings were adopted. The proposed
method achieved better performance on cross-validation and
a large-scale independent test. Furthermore, cross-species
lysine succinylation site was analyzed for a better under-
standing of protein succinylation pattern. A feature selection
method, namely, Information Gain (IG) was then applied for
optimizing our prediction results.” A web server for both
species-specific and generic model was established.

Materials and methods

The SuccinSite2.0 predictor is an RF-based predictor
constructed based on ppCKSAAP and orthogonal binary
features. An overview of the predictor is shown in Figure 1.

Dataset preparation

Experimentally verified succinylation data for seven model
organisms, including Homo sapiens, Mus musculus, E. coli,
M. tuberculosis, Saccharomyces cerevisiae, T. gondii, and
Solanum lycopersicum datasets, were collected.!’** The
redundant sequences were removed with a 30% identity
cutoffusing CD-HIT.* Experimentally verified succinylated
lysine residues were regarded as succinylated sites (ie,
positive samples). All the remaining lysine residues that
have not been verified as succinylated sites in these proteins
were considered as negative samples (ie, nonsuccinylated

Data preprocessing

v

840-dimension

2,000-dimension

Figure | The overview of proposed SuccinSite2.0 predictor.

Abbreviations: Ac, including accuracy; AUC, area under the receiver operating
characteristics curve; IG, information gain; MCC, Matthews correlation coefficient;
Sn, sensitivity; Sp, specificity.
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sites). Each site was represented as a peptide segment of
2w+1 length with lysine in the center. Randomly selected
nonsuccinylated sites were considered as negative samples
based on an intuitive assumption.?>*’

To construct a robust generic predictor, the training and
independent dataset was compiled using the same methods
described in our previous publication.'® A total of 124 proteins
with 254 succinylated sites and 2,977 nonsuccinylated sites
were obtained as an independent dataset in this study. The
remaining 2,198 proteins containing 4,750 succinylated
sites were utilized as positive training samples. From the
whole negative samples 9,500 nonsuccinylated sites were
randomly selected as negative training samples. In addition,
for fair comparison with existing predictors, a new dataset
containing 590 succinylated proteins was collected from the
recently published articles.!'* After removal of redundancy
from the new dataset, 423 succinylation proteins containing
721 positive samples and 8,846 putative negative samples
were obtained.

To assess the prediction performance on species-
specific succinylated proteins, each of the seven datasets
(ie, H. sapiens, M. musculus, E. coli, M. tuberculosis,
S. cerevisiae, T. gondii, and S. lycopersicum) was divided into
training and independent testing datasets. After removal of
redundancy using CD-HIT,* ~10% proteins were randomly
chosen as the independent testing dataset. From the remain-
ing proteins, a positive-to-negative sample ratio of 1:2 was
randomly pooled as a training data. The statistics of both
generic and species-specific succinylation datasets is shown
in Table 1. All of these curated datasets can be downloaded
at http://biocomputer.bio.cuhk.edu.hk/SuccinSite2.0/.

It should be mentioned that the 1:2 positive-to-negative
ratios were controlled in both generic and species-specific
classifiers for the training dataset test only. For the indepen-
dent testing dataset, all the candidate positive and negative
samples were retained to simulate the real situation. For the
generic classifier, the training dataset was the same as used
in our previously published article.'® The independent testing
and new datasets were not combined to the final proposed
generic and species-specific training models.

Sequence encoding strategy of
PbCKSAAP

To conduct the ppCKSAAP encoding, each protein sequence
was PSI-Blasted against Swiss-Prot nonredundant (NCBI
NR90) database (version of December 2010) to generate a
profile (ie, position-specific scoring matrix [PSSM]).?>* To
construct the PSSM of candidate sequences, the e-value cut-
off and iteration times were set as 1.0x10~* (—h 0.0001) and
3, respectively. For each residue, there were 20 PSSM score
values indicating the occurrence probabilities for 20 amino
acids. The ppCKSAAP was calculated from the PSSM using
ri{k};f/., where, i, j=1, 2, ..., 20. For each value of k, (20x20) =400
features (AA, AC, AD... YY), , were collected. If an amino
acid pair r {k} r,appears T times in the succinylation and non-
succinylation fragments between the residue positions m and
m+n+1 in the PSSM, the composition scores were calculated
and normalized using the following equation:

r min{PSSM (m, r,),
Z_ _max
i,j=1 PSSM (m+n+1,rj)},0
7 L—-Fk-1

e
[

(1

Table | The statistics of generic and species-specific lysine succinylated proteins and their succinylation sites used in this study

Species Dataset Succinylated Succinylation Nonsuccinylation
proteins sites sites
Generic Training 2,198 4,750 9,500
Test 124 254 2,977
Homo sapiens Training 500 1,351 2,701
Test 50 54 2,004
Mus musculus Training 240 414 876
Test 24 24 679
Escherichia coli Training 786 1,942 3,884
Test 79 289 1,381
Mycobacterium tuberculosis Training 369 699 1,398
Test 36 6l 242
Saccharomyces cerevisiae Training 364 961 1,922
Test 36 90 1,423
Toxoplasma gondii Training 98 282 564
Test 10 26 261
Solanum lycopersicum Training 150 242 484
Test 16 33 274
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where PSSM (m, r,) denotes the score of amino acid 7, at the
mth row position of PSSM in rdk}r, and PSSM (m+n+1,r)
stands for the score of amino acid r,at the (m+n+1)th row
position of PSSM in rt.{k}rj. And L denotes the total length
of candidate succinylation or nonsuccinylation fragment, that
is, window size = L. When k£, =0, 1, 2, 3, and 4, the dimen-
sionality of the output feature vectors will be 400, 800, 1,200,
1,600, and 2,000, respectively, for each of the succinylation
or candidate nonsuccinylation sites. More details about the
sequence encoding strategy of ppCKSAAP is available in
our previous studies.?

Sequence encoding strategy for

orthogonal binary features

To make a robust predictor, the orthogonal binary encoding
was adopted in this study. In this encoding system, the
21 amino acids (including gap (-)) are represented by letters
in alphabetic order such as ACDEFGHIKLMNPQRSTVWY.
Each letter is represented by a 21-dimensional binary vector
indicating the presence of a particular amino acid type.”®
For making binary features, the rth amino acid having
the binary code-word of 21 bits was set in rth position to
“1” and all others to “0”’s, for =1, 2, ..., 21. For instance,
in query proteins of amino acids, “Alanine” was repre-
sented as 1000000000000000000000 and “Cysteine” as
01000000000000000000, and so on. More details about the
binary encoding system are available in the literature.!$28
In this work, based on the area under the receiver operating
characteristics curve (AUC) value of generic prediction of
succinylation sites, the optimum window size was set as 41.
Therefore, (21x40) =840-dimensional feature vectors were
calculated for orthogonal binary encoding.

Feature selection

For a prediction model, the challenge is how to select the
specific features with a positive influence. In a given protein
sequence, the conservative possessions vary from site to
site, and as a result, the near central site residues make little
contribution to the identification of PTM site.?*° Our rem-
edy of this problem is adopting a well-established feature
dimensionality reduction method IG for optimizing the
prediction results. A larger value of IG indicates a greater
impact of the corresponding amino acid residues on the
prediction performances. More information about the IG
feature selection scheme is also available in the literature.?

Classification assessment
RF is an effective ensemble learning method for classifica-
tion and has been widely used in protein bioinformatics

research.'®%3! In our study, the RF classifier was used to

distinguish the succinylation and nonsuccinylation sites in

the generic and species-specific models. The RF is operated
by constructing a crowd of decision trees at the training stage
and outputting the class that is the mode of the classifica-
tion of the individual trees. Each tree gives a vote, and the
forest chooses the proper classification using the selection
of overall votes. The formulation of RF classifier is sum-
marized as follows:

Forj=1to B

1. Draw jth bootstrap sample of size N from the training
dataset.

2. Grow the jth RF tree F to the bootstrap data, by recur-
sively repeating the following steps for each terminal
node of the tree, until the minimum node size n, is
reached.

(1) Select m feature variables at random from the
p features.

(i1) Pick the best feature among the m features.

(iii) Split the node into two daughter nodes.

J

B
Output the ensemble of trees {F } . Tomake a prediction
J
rule at a new point x, let Cj (x) be the class prediction of
A ~ B
the jth RF tree. Then C} (x)= majority vote {Cj_ (x)}_ . To
J

evaluate the model performance, the “Random_Forest” R
package algorithm was implemented at https://cran.r-project.

org/web/packages/randomForest/index.html.

Model evaluation and cross-validation

To evaluate the performance of SuccinSite2.0 predictor, five-
fold cross-validation and large-scale independent tests were
performed. In the cross-validation test, the training dataset
was first divided into five approximately equal subgroups.
For cross-validation among five groups, one subgroup was
considered as the test set, and the other remaining four
subgroups as the training set. The performances of fivefold
results produced a single estimation by taking the average
value and this procedure was repeated five times. Four
widely used measurements were calculated to estimate the
model’s performance, including accuracy (Ac), sensitivity
(Sn), specificity (Sp), and Matthews correlation coefficient
(MCC). The following formulas are used for calculating the
Ac, Sn, Sp, and MCC.

nTP+nTN

Ac= (2)
nTP +nTN + nFP +nFN
no_ P 3)
nTP +nFN
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nTN
Sp=——— 4
P nTN +nFP @)
TP xnTN —nFP X nF
MCC = n nTN —nFP XnFN 5)

(nTN +nFN)X(nTP + nFP)
X (nTP +nFN)Xx(nTN +nFP)

where nTP, nFP, nTN, and nFN represent the numbers
of true positives (TP), false positives (FP), true negatives
(TN), and false negatives (FN), respectively. Moreover, the
receiver operating characteristics curve (ROC; Sn vs 1-Sp
plot) was plotted for calculating the performance assessment.
The AUC value was calculated by the pROC package in R
software.*>*

Results and discussion
Analysis of the sequence-level specificity

results

We first investigated the sequence patterns of the surrounding
lysine succinylation sites for the curated data. A sequence
logo was then plotted for the seven examined species,
aiming to identify the surrounding sequence motifs that
distinguish the succinylated sites from the nonsuccinylated
sites (Figure 2).3* Graphical sequence from two sample logos
was used to generate the position-specific residue composi-
tions within the multiple sequence alignments. The heights
in the amino acid sequence logos were scaled according to
their statistical significance test (Student’s f-test by P<<0.05).
Apparently, for all the seven examined species, the primary
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Figure 2 Sequence logo showing the occurrences of amino acid propensities of surrounding succinylation and candidate nonsuccinylation sites for seven different organisms,
including Homo sapiens, Mus musculus, Escherichia coli, Mycobacterium tuberculosis, Saccharomyces cerevisiae, Toxoplasma gondii, and Solanum lycopersicum.
Notes: The sequence logo is generated by two sample logos software (http://www.twosamplelogo.org/). Copyright (c) 2005 Vladimir Vacic, Lilia M. lakoucheva, and Predrag

Radivojac.

features of the site specificity are located to the proximal
in centered lysine succinylation site. It clearly showed a
wide compositional amino acid difference for the position
between succinylated and nonsuccinylated sites, especially

for those located within the positions of approximately —20
to —1 and +1 to +20. For instance, “K” and “R” residues
are most enriched in H. sapiens, M. musculus, and E. coli,
where “K” tends to appear across all positions following
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the centered succinylation site (Figure 2). Residue “Q” is
most enriched in 7. gondii species sequence, whereas the
“S” residue is significantly depleted in M. tuberculosis and
S. lycopersicum. Interestingly, the enriched residues diverse
at position +1 for all the seven species. For H. sapiens,
M. musculus, S. cerevisiae, and E. coli sequence, the main
residue is “D,” whereas for M. tuberculosis, T. gondii, and
S. lycopersicum, the residues are “P,” “Q,” and “N,” respec-
tively (Figure 2). These results revealed the significance of
sequence patterning in the surrounding succinylation sites,
and highlight the necessity to develop species-specific predic-
tor for precise lysine succinylation site recognition.

Secondly, we performed chi-square statistical test to iden-
tify the amino acids different in the succinylation sequences of
the seven examined species. For the seven species including
H. sapiens, M. musculus, E. coli, M. tuberculosis, S. cerevisiae,
T. gondii, and S. lycopersicum, the total number of collected
succinylated sites were 1,405,438,2,231, 760, 1,051, 308, and
275, respectively. For each species, the occurrences of amino
acid residues at different window positions (approximately —5
to +5) with P-values were calculated and corrected (Bonfer-
roni) (Table S1). For most of the amino acid frequencies at
each window position, P-values were lower than 0.01/n (where
n is the number of tests performed, representing the number of
occurrences of each amino acid) according to the Bonferroni
correction, indicating that the amino acids of the seven species-
specific succinylation sequences are potentially significantly
different. In Table S1, the most significantly different amino
acid features were “H,” “K,” and “R.” We found that, at —3
and +4 sequence fragment positions, the percentages of “K,”
“R,” and “H” amino acid features were much higher in E. coli,
M. tuberculosis, and T. gondii than other species. This result
showed that in E. coli, M. tuberculosis, and T. gondii, posi-
tively charged amino acids, that is, “K,” “R,” and “H,” at -3
and +4 positions of the succinylated sequences are preferred.
Nonetheless, the highest proportions of “K,” “R,” and “H”
amino acids were found at positions —1 and +3 for H. sapiens,
M. musculus, and S. cerevisiae species.

Finally, we investigated the average PSSM score (APS) for
each residue surrounding succinylated and nonsuccinylated
sites for different species. The evolutionary conservation
information of APS between succinylated and nonsucciny-
lated sites is illustrated in Figure 3. As shown, some adja-
cent amino acid positions of surrounding succinylated sites
are of significantly higher scores, especially in H. sapiens,
S. cerevisiae, and S. lycopersicum species (Figure 3). The
PSSM scores suggest that succinylated sites tend to be
more conserved than the nonsuccinylated sites. Moreover, a
nonparametric Kruskal-Wallis test was carried out to detect

whether positive and negative samples were significantly dif-
ferent. P-values were calculated and corrected (Bonferroni)
from PSSM score matrix in the corresponding amino acid
positions of surrounding succinylated and nonsuccinylated
fragments for the seven examined species (Table S2). Sig-
nificantly different profiles were observed at some positions
of surrounding succinylation sites for the seven species, that
is, P-value <0.05 (Table S2). Taken together, these findings
support the plausible sequence basis for species-specific
succinylation sites.

Prediction performance of generic
SuccinSite2.0 predictor

For predicting generic succinylation site, a sub-dataset of
succinylated protein was retained as an independent dataset
(the same as in our previous study'®), and the other dataset
containing 1:2 positive-to-negative ratio (succinylated vs
nonsuccinylated) was used as training data to train a pre-
diction model (Materials and methods). To evaluate the
performance of “SuccinSite2.0” for generic succinylation
site prediction, we carried out a fivefold cross-validation test.
Then, the sequence fragments were encoded as numerical
vectors by using the ppCKSAAP and orthogonal binary
encoding schemes. The proposed predictor SuccinSite2.0
was established with the combined scores of RF classifier.
The optimal decision trees were grown based on the five-
fold cross-validation through the training dataset. It is well
known that some feature vectors may be contaminated and
possibly cause biased prediction.” Therefore, to improve the
performance of the trained model, it is generally necessary
to reduce the dimensionality for optimizing incorporative
features. The IG feature selection method was applied to
select the valuable dimension feature vectors from the high-
dimensional ppCKSAAP scheme (based on the IG theories, a
higher score of IG means a more valuable vector).® Then, we
selected the top 300 IG features from the ppCKSAAP scheme
and reconstituted it into a newly ordered feature based on
low to high IG score. In the orthogonal binary encoding, all
the corresponding features were used.

As observed from Table S3, the generic predictor Suc-
cinSite2.0 showed performance index of Ac =77.58%,
Sn=53.31%, Sp=89.72%, and MCC =47.12% for the training
test. For independent test, the performance of SuccinSite2.0
was also found effective and reasonable compared with the
existing tools (Table 2). Meanwhile, a plot of ROC curve
is presented in Figure S1. The highest AUC value of the
generic predictor SuccinSite2.0 peaked at 0.829 and 0.754
for training and independent test dataset, respectively. The
performance of the generic SuccinSite2.0 predictor is thus
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eminently stable for prediction of succinylation site in both ~ For given peptides with window size of 2w+1, w varies from

training and independent datasets. 13 to 45 on the combined performances of succinylation

The optimal window size was determined based onthecom-  sequences (Figure S2). Then, the RF models were built and

bined AUC values for generic succinylation site prediction.  fivefold cross-validation tests were carried out. The model

Figure 3 (Continued)
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Abbreviation: APS, average PSSM score.

Table 2 Performance comparison of SuccinSite2.0 with existing
predictors using independent testing dataset

Measurements/predictors Sp Sn Ac MCC
iSuc-PseAAC 0.887 0.122 0.827 0.013
iSuc-PseOpt 0.758 0.303 0.722 0.038
pSuc-Lys 0.826 0.224 0.779 0.036
SuccinSite 0.882 0.371 0.842 0.199
SuccinSite2.0 0.884 0.457 0.850 0.263

Notes: The threshold values of iSuc-PseAAC, iSuc-PseOpt, pSuc-Lys, and SuccinSite
were the same as defined in the servers. The SuccinSite2.0 threshold was controlled
at 90% specificity based on training set performances.
Abbreviations: Ac, including accuracy; MCC, Matthews correlation coefficient;

Sn, sensitivity; Sp, specificity.

with a window size of 41 was found optimal for identification
of succinylated sites.

Performance comparison with other
existing generic tools using independent
dataset

An independent test was conducted to compare the per-
formance of SuccinSite2.0 with that of other previously
published predictors, including iSuc-PseAAC,'® iSuc-
PseOpt," pSuc-Lys,* SucStruct,” and our previous predictor
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SuccinSite.'® It should be noted that when we submitted
the query sequence to the servers such as SucPred' and
SuccFind,"” they were no longer functional. The SucStruct?!
has not established any available online implementation.
These three implementations were, therefore, not compared.
As all of these existing predictors employed different train-
ing datasets, an independent dataset was collected for
a fair evaluation. Our proposed SuccinSite2.0 achieved
the best performance among all the five models with a
performance index of Sp =0.884, Sn =0.457, Ac =0.850,
and MCC =0.263 (Table 2). Our previously developed
predictor SuccinSite (Sp =0.882, Sn =0.371, Ac =0.842,
and MCC =0.199) also outperformed the other three pre-
dictors including iSuc-PseAAC (Sp =0.887, Sn =0.122,
Ac =0.827, and MCC=0.013), iSuc-PseOpt (Sp =0.758,
Sn =0.303, Ac =0.722, and MCC =0.038), and pSuc-Lys
(Sp=0.826, Sn=0.224, Ac =0.779, and MCC =0.036). Thus,
it is anticipated that SuccinSite2.0 is a much more concise
and powerful predictor for predicting succinylation sites.

A performance comparison with the

existing predictors using the new dataset
To further evaluate the performance of SuccinSite2.0, we
collected the new datasets from the recently published
articles'''* and submitted these datasets to all of the existing
servers for comparison (Materials and methods section in
this article). The performances from different models are
summarized in Table 3. As shown, SuccinSite2.0 achieved
better or at least competitive performances for this new
dataset (Table 3) compared to other predictors.
Interestingly, SuccinSite2.0 and other existing predictors
showed significantly lower performance on a new dataset
collected from the plant and human pathogen species.'''* The
possible reason is that the sequence patterns of surrounding
succinylation sites might not be the same across different
species, and all of the existing predictors were trained by

Table 3 Performance comparison of SuccinSite2.0 with existing
predictors using the new dataset

Measurements/predictors Sp Sn Ac MCC
iSuc-PseAAC 0.814 0.188 0.766 0.001
iSuc-PseOpt 0.797 0.234 0.754 0.020
pSuc-Lys 0.808 0.243 0.767 0.032
SuccinSite 0.858 0.290 0.815 0.109
SuccinSite2.0 0.857 0.338 0.816 0.145

Notes: The threshold values of iSuc-PseAAC, iSuc-PseOpt, pSuc-Lys, and SuccinSite
were the same as defined in the servers. And the proposed SuccinSite2.0 threshold
was controlled at ~90% specificity based on training set performances.
Abbreviations: Ac, including accuracy; MCC, Matthews correlation coefficient;
Sn, sensitivity; Sp, specificity.

the datasets obtained from bacterial and mammalian cells,
while the new test dataset was collected from the plant
and human pathogen species. This analysis highlights the
necessity of developing species-specific computational clas-
sifiers to improve the performances of lysine succinylation
sites prediction.

Species-specific prediction of protein
succinylation site
To assess the performance of SuccinSite2.0 in species-specific
succinylation site prediction, each of the seven datasets were
divided into training and independent testing datasets (Materi-
als and methods). First, to evaluate the performance on the
training dataset, a fivefold cross-validation test was applied in
each species, combining two consecutive encoding features,
that is, ppCKSAAP and orthogonal binary. The sensitivity
at different specificity levels in each cross-validation was
calculated. We then depicted the ROC curves using different
thresholds, and calculated the AUC values. Without feature
selection, the respective AUC values for the seven models (H.
sapiens, M. musculus, E. coli, M. tuberculosis, S. cerevisiae,
T. gondii, and S. lycopersicum) are 0.833,0.811, 0.774, 0.698,
0.876, 0.825, and 0.813, respectively (Figure S3).
Secondly, we continued to evaluate the individual
contribution of different species-specific features. In the
fivefold cross-validation test, the optimum features were
collected from the high-dimensional ppCKSAAP using 1G
method. Specifically, the top 280, 440, 470, 230, 260, 300,
and 190 feature vectors were collected from H. sapiens,
M. musculus, E. coli, M. tuberculosis, S. cerevisiae, T. gondi,
and S. lycopersicum species, respectively. These optimum
feature vectors were reconstituted into a newly ordered
feature based on low to high IG score. In the binary
encoding scheme, all the corresponding features were used.
Furthermore, the top 20 amino acid pairs were collected by
the IG feature selection method for the seven species, aiming
to investigate the most significant residues and positions of
surrounding succinylated and nonsuccinylated sites. The top
20 residue scores and their corresponding pairs are listed in
Table S4. For instance, the feature “SxK” is represented by
one-spaced residue (any amino acid) pair of “SK,” where
“x” stands for any amino acid. The same representation
applies to other k-spaced residue pairs. In the seven species,
that is, H. sapiens, M. musculus, E. coli, M. tuberculosis,
S. cerevisiae, T. gondii, and S. lycopersicum, the most impor-
tant amino acid pairs were “IK,” “SxK,” “RxxL,” “KxxD,”
“IxxP,” “AxxxV,” and “RD,” respectively, representing the
most enriched motif of surrounding succinylation proteins.
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Figure 4 The performance of species-specific classifiers of SuccinSite2.0.
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Notes: (A) Training set performances over fivefold cross-validation test. (B) Independent test performances.

Abbreviation: AUC, area under the receiver operating characteristics curve.

Interestingly, H. sapiens, M. musculus, M. tuberculosis, and
T. gondii contain charged residues such as “K,” “R,” “H,”
“E,” and “D” in most of the important features (Table S4).
These charged residues may play a key role in the recogni-
tion of succinylated sites. We also observed that amino acid
pairs with all possible k-spaces such as (““,” “X,” “XX,” “xxX,”
“xxxx”) were included in the most significant features for
the seven species-specific models (Table S4). This suggests
that all spaced amino acid pairs are necessary and together
they make a collective contribution to the prediction of suc-
cinylation proteins.

After feature selection, we evaluated the prediction
performance of the SuccinSite2.0 based on the final species-
specific optimal features, using fivefold cross-validation
tests. The performance of the combined model on the train-
ing test achieved the AUC values of 0.844, 0.818, 0.779,
0.701, 0.904, 0.830, and 0.824, for H. sapiens, M. muscu-
lus, E. coli, M. tuberculosis, S. cerevisiae, T. gondii, and
S. lycopersicum, respectively (Figure 4A). Using the ROC
curves, we showed that those models have good predictions
confidence with high specificities, especially for H. sapiens
and S. cerevisiae models. At the specificity level of 90%,
the prediction sensitivities reached 51.52% and 65.50%,
respectively (Table S3).

Finally, we accessed the independent testing dataset for
the seven species-specific models. The full description of each
independent set is summarized in the data preparation section
(Materials and methods). The independent test yielded AUC
values 0f 0.845,0.714, 0.678, 0.689, 0.817,0.690, and 0.711,
respectively, for H. sapiens, M. musculus, E. coli, M. tuber-
culosis, S. cerevisiae, T. gondii, and S. lycopersicum species
(Figure 4B). We found that the species-specific classifiers
obtained good prediction performances for testing the inde-
pendent dataset compared with each species of the training
models. Thus, the proposed species-specific classifiers may
provide helpful guidance to hypothesis-driven experimental
studies on new succinylation sites.

Cross-species prediction performance

We further evaluated the cross-species performance for
each of the seven models by testing them on all other spe-
cies, to investigate whether each of the species-specific
models gives the best performance for its original spe-
cies. As summarized in Table 4, when applied to predict
the candidate succinylation sites for different species, the
original model consistently performed the best except for
M. tuberculosis (Table 4). For instance, an AUC score of
0.844 was achieved in the H. sapiens specific model. In
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Table 4 The AUC values of cross-species prediction for combined model over fivefold cross-validation test

Training/test Homo Mus Escherichia Mycobacterium Saccharomyces Toxoplasma Solanum
sapiens musculus coli tuberculosis cerevisiae gondii lycopersicum
H. sapiens 0.844 0.773 0.702 0.735 0.821 0.783 0.786
M. musculus 0.773 0.818 0.703 0.679 0811 0.739 0.736
E. coli 0.702 0.703 0.779 0.747 0.736 0.714 0.723
M. tuberculosis 0.735 0.679 0.747 0.701 0.705 0.697 0.700
S. cerevisiae 0.821 08l1 0.736 0.705 0.904 0.826 0819
T. gondii 0.783 0.739 0.714 0.697 0.826 0.830 0.8I3
S. lycopersicum 0.786 0.736 0.723 0.700 0.819 0.813 0.824

Notes: The column heads represent the seven training species models and the numbers represent the AUC values for each species dataset for cross-species performance
evaluation. The seven training species models with the AUC values for each species dataset is highlighted in bold.

Abbreviation: AUC, area under the receiver operating characteristics curve.

contrast, lower AUC scores of 0.702—0.821 were obtained
in a cross-prediction of H. sapiens with the other six species
(Table 4). It is intriguing that the contribution of functional
features became marginal in M. tuberculosis. Whether
this is due to the effect of protein sample collection from
a wide range of species containing both succinylated and
candidate nonsuccinylated sites still needs further investiga-
tion. Furthermore, the sequence patterns of the surrounding
succinylation sites might not be the same across different
species, that is, there may exist species-specific sequence
patterns for the succinylation site, similar to other types of
PTM such as lysine acetylation.’!

In addition, the cross-species performance was tested
by independent testing datasets. The performance index is
summarized in Table S5. Similarly, the model consistently
performed the best when being applied to predict succinyla-
tion sites for the species of origin. For instance, H. sapiens
specific model achieved AUC values of 0.845. In contrast, it
achieved lower AUC scores of 0.679-0.805 in the other six
species (Table S5). To improve the prediction of lysine suc-
cinylation sites, the above results also justify the prerequisite
of developing the species-specific computational tools.

Web-server implementation
A web server of SuccinSite2.0 (succinylation site predictor)
was made available at http://biocomputer.bio.cuhk.edu.hk/

SuccinSite2.0/ to the research community. The online tool
was implemented with Perl language, CGI scripts, HTML,
and PHP. The input and output web pages of the server are
shown in Figure S4. Users can submit their query sequence
directly by pasting it into the text box or by browsing their
own file. After query sequence submission, the server will
generate the sequential feature vectors. The sequence similar-
ity of the peptide with those in the reference set that catego-
rizes positive and negative sites will be compared with the
assistance of the RF classifier. Finally, the server will return

the prediction result in the output webpage, which consists
of the job ID and the query protein name, lysine fragment
position, RF score, and the justification of the predicted
succinylation sites.

Conclusions

In this work, we presented an efficient computational model
SuccinSite2.0 for lysine succinylation sites prediction.
We demonstrated that both generic and species-specific
version of this model gave good prediction performance,
and the SuccinSite2.0 also achieved a competitive perfor-
mance compared with several existing methods for both
independent and new datasets. Moreover, we carried out a
feature selection analysis to optimize our prediction results.
Finally, a user-friendly generic and species-specific suc-
cinylation site prediction web server was implemented for
the research community (http://biocomputer.bio.cuhk.edu.
hk/SuccinSite2.0/).
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