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Abstract Antioxidant proteins are a kind of molecules
that can terminate cellular and DNA damages caused by
free radical intermediates. The use of antioxidant proteins
for prevention of diseases has been intensively studied in
recent years. Thus, accurate identification of antioxidant
proteins is essential for understanding their roles in pharmacology. In this study, a support vector machine-based
predictor called AodPred was developed for identifying
antioxidant proteins. In this predictor, the sequence was
formulated by using the optimal 3-gap dipeptides obtained
by using feature selection method. It was observed by
jackknife cross-validation test that AodPred can achieve
an overall accuracy of 74.79 % in identifying antioxidant
proteins. As a user-friendly tool, AodPred is freely
accessible at http://lin.uestc.edu.cn/server/AntioxiPred. To
maximize the convenience of the vast majority of experimental scientists, a step-by-step guide is provided on how
to use the web server to obtain the desired results.
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1 Introduction
A healthy cell membrane that made primarily of fat is
selectively permeable. It not only allows water and oxygen
to flow freely into the cell, but also permits carbon dioxide
and other waste products to flow freely out of the cell.
However, cells in our body are assaulted by free radicals all
day long. Free radicals are unstable molecules desperately
seeking electrons from surrounding atoms for stability.
Free radicals can be derived either from normal essential
metabolic processes in the body or from external sources
such as exposures to X-rays, ozone, cigarette smoking, air
pollutants, and industrial chemicals [1]. Once created, they
will set off a chain reaction that begins a cycle of oxidative
damage and then alter or destroy cells. In addition, they can
also cause cellular and DNA damages [2], which in turn
contribute to aging and the onset of various diseases [3–5].
Antioxidant proteins are a kind of molecules that can
interact with and neutralize free radicals. By donating an
electron to rampaging free radicals, antioxidant proteins
can terminate the chain reactions caused by free radical
intermediates. This biological process protects the cells
from further damage or death. The application of antioxidant proteins in pharmacology is intensively studied in
recent years. Antioxidant proteins have been investigated
for the prevention of diseases such as cancer [6], coronary
heart disease [7], and even altitude sickness [8]. Antioxidant proteins also attracted considerable attention in relation to longevity [9].
There are several enzyme systems within the body that
can scavenge free radicals, and the principle micronutrient
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(vitamins) antioxidant proteins are vitamin E (a-tocopherol), vitamin C (ascorbic acid), and B-carotene [1].
However, our body cannot manufacture these micronutrients, so they must be supplied in the dietary supplements.
Therefore, it is urgent to search for effective, nontoxic
natural compounds with anti-oxidative activities.
Although biochemical experiment is an objective
method to identify antioxidant proteins, it is time-consuming. With the avalanche of protein sequences generated
in recent years, it is highly desirable to develop computational methods to accurately identify antioxidant proteins.
Recently, a computational model based on star graph
topological indices was proposed to identify antioxidant
proteins [5]. However, sequences in their dataset share
high-sequence similarities and some sequences in their
dataset even with 100 % sequences identity. It has been
demonstrated that the predictive accuracy is closely related
to sequence identity [10], and high-sequence similarity can
surely lead to the overestimation of prediction performance. Later on, Feng et al. [11] proposed a naive Bayes
model to predict antioxidant proteins based on optimal
dipeptides and obtained an accuracy of 66.88 % in the
jackknife test. However, the predictive accuracy is still
unsatisfactory.
All these works could yield quite encouraging results,
and each of them did play a role in simulating the development of antioxidant identification. Unfortunately, to the
best of our knowledge, no web server whatsoever was
provided for these methods, and hence, their usage is quite
limited, particularly for the broad experimental scientists.
Therefore, in the present study, we proposed a novel
method to identify antioxidant proteins based on the
sequence information. A feature selection technique was
used to pick out a number of informative features. On the
basis of the optimal features, the support vector machine
was performed to establish the prediction model. Results of
jackknife cross-validation test demonstrate that the proposed method is reliable. Based on this method, a free
online server called AodPred was built to provide a useful
tool for identifying antioxidant proteins.

2 Materials and Methods
2.1 Benchmark Dataset
Sequences of antioxidant proteins were collected from the
UniProt database (release 2014_02) with the keyword
‘‘antioxidant.’’ In order to prepare a reliable dataset, the
following steps were performed: (i) only proteins with the
experimentally confirmed anti-oxidative activities were
included, and (ii) proteins containing nonstandard letters,
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i.e., ‘‘B,’’ ‘‘X,’’ or ‘‘Z,’’ were excluded as their meanings
are ambiguous. Therefore, we obtained 710 protein
sequences with experimentally proven/confirmed anti-oxidative activity and set them as the positive samples. The
negative samples consist of 1567 experimentally proved
non-antioxidant proteins that have been used in our previous work [11]. As elaborated in [10], a benchmark
dataset containing many redundant samples with high
similarity would lack statistical representativeness. A predictor, if trained and tested by such a biased benchmark
dataset, might yield misleading results with overestimated
accuracy. To remove the homologous sequences from the
benchmark dataset, the CD-HIT program [12] was used to
eliminate proteins with [60 % identity in positive and
negative datasets. After such a screening procedure, we
finally obtained a benchmark dataset containing 253
antioxidant proteins and 1552 non-antioxidant proteins to
build the prediction model.
2.2 Support Vector Machine
Support vector machine (SVM) is an effective method for
supervised pattern recognition and has been widely used in
the realm of bioinformatics [13–16]. The basic idea of SVM
is to transform the data into a high-dimensional feature
space and then determine the optimal separating hyperplane.
Because of its effectiveness and speed in training process,
the radial basis kernel function (RBF) was used to obtain the
best classification hyperplane. The SVM implementation
was based on the freely available package LIBSVM written
by Chang and Lin, which can be downloaded from http://
www.csie.ntu.edu.tw/*cjlin/libsvm/. The regularization
parameter C and the kernel width parameter c were tuned
via the grid search method in the fivefold cross-validation.
2.3 Sequences Representation
The proximate dipeptide composition has been widely used
in computational proteomics. However, the intrinsic properties of protein sequences usually deposit in higher tier
correlation of residues because of the hydrogen bonding in
the secondary structure [17, 18]. Instead of the proximate
dipeptide composition, the g-gap dipeptide composition
describing the long-range correlations between two residues was proposed and has demonstrated its effectiveness
in the realm of protein identifications [18, 19]. Therefore,
in the present work, the g-gap dipeptide composition was
used to encode the proteins in benchmark dataset.
Suppose a protein sequence P with L amino acid residues as follows:
P ¼ R1 R2 R3 R4 . . .RL2 RL1 RL

ð1Þ

Interdiscip Sci Comput Life Sci

where R1 represents the first residue in the protein
sequence, R2 represents the second residue, and so forth.
For the g-gap dipeptide, the feature vector contains
20 9 20 = 400 components and can be formulated as,

g T
P ¼ f1g f2g    fig    f400
ð2Þ
where the symbol T denotes the transposition of the vector;
fig denotes the frequency of the ith g-gap dipeptide in the
protein sequence and is defined as,
ng
fig ¼ P400i

g
i¼1 ni

¼

ngi
ðL  g  1Þ

ð3Þ

where ngi denotes the number of the ith g-gap dipeptide and
g is an integral number within the range of [0, 9] with a
step of 1. g = 0 indicates the correlation of two proximate
residues; g = 1 describes the correlation between two
residues with one residue interval; and g = 2 indicates the
correlation between two residues with the interval of two
residues and so forth.
2.4 Performance Evaluation
In statistical prediction, three cross-validation methods,
namely the independent dataset test, the subsampling (e.g.,
five- or tenfold cross-validation) test, and the jackknife test,
are often used to evaluate the performance of the predicted
methods in practical application. Among the three test
methods, the jackknife test is the least arbitrary and can
yield a unique result for a given benchmark dataset [10]
and hence has been increasingly and widely adopted by
investigators to examine the power of various prediction
methods [20, 21]. Accordingly, we used jackknife crossvalidation in this study to examine the anticipated success
rates of the predictor. In the process of feature selection, for
reducing the computational time, the fivefold cross-validation approach was used to deal with the parameter
optimization.
For a binary classification problem, the sensitivity (Sn),
specificity (Sp), and accuracy (Acc) were often used to
measure the prediction quality and they are expressed as
[13–21]
8
TP
>
>
Sn ¼
>
>
TP
þ FN
>
<
TN
ð4Þ
Sp ¼
>
TN þ FP
>
>
>
TP þ TN
>
: Acc ¼
TP þ FN þ TN þ FP
where TP, TN, FP, and FN represent the true positive, true
negative, false positive, and false negative, respectively.
Let N þ is the total number of the antioxidant proteins
investigated, while Nþ is the number of antioxidant

proteins incorrectly predicted to be non-antioxidant proteins; N  is the total number of the non-antioxidant proteins investigated, while Nþ is the number of the nonantioxidant proteins incorrectly predicted to be antioxidant
proteins. We have
8
TP ¼ N þ  Nþ
>
>
<
TN ¼ N   Nþ
ð5Þ
FP ¼ Nþ
>
>
:
þ
FN ¼ N
Substituting Eq. (5) into Eq. (4), we obtain
8
Nþ
>
>
Sn
¼
1

>
>
Nþ
>
<
N
Sp ¼ 1  þ
>
N
>
>
>
N þ þ Nþ
>
: Acc ¼ 1  
Nþ þ N

ð6Þ

Equation (6) has the same meanings as Eq. (4), while it
is more intuitive and easier to understand [14, 23]. When
Nþ ¼ 0 meaning that none of the antioxidant proteins was
mispredicted to be non-antioxidant proteins, we have the
sensitivity Sn = 1; while Nþ ¼ N þ meaning that all the
antioxidant proteins were mispredicted to be non-antioxidant proteins, we have the sensitivity Sn = 0. Likewise,
when Nþ ¼ 0 meaning that none of the non-antioxidant
proteins was mispredicted to be antioxidant proteins, we
have the specificity Sp = 1; while Nþ ¼ N  meaning that
all the non-antioxidant proteins were incorrectly predicted
as antioxidant proteins, we have the specificity Sp = 0.
When Nþ ¼ Nþ ¼ 0 meaning that none of the antioxidant
proteins and none of the non-antioxidant proteins was
incorrectly predicted, we have the overall accuracy
Acc = 1; while Nþ ¼ N þ and Nþ ¼ N  meaning that all
the antioxidant proteins and all the non-antioxidant proteins were mispredicted, we have the overall accuracy
Acc = 0.
2.5 Feature Selection
Inclusion of redundant and noisy information would cause
poor predictive results. To improve the prediction quality,
the analysis of variance (ANOVA) was performed to select
the optimal features derived from g-gap dipeptide compositions. ANOVA has been widely used for feature selection
in computational proteomics [18, 19]. The principle of
ANOVA is to measure the feature variances by calculating
the ratio (F-value) of features between groups and within
groups [23]. The F-value of the nth g-gap dipeptide in
benchmark dataset is defined as,
FðnÞ ¼

s2B ðnÞ
s2W ðnÞ

ð7Þ
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where s2B ðnÞ and s2W ðnÞ denote the sample variance between
groups (also called mean square between, MSB) and
sample variance within groups (also called Mean Square
Within, MSW), respectively, and are calculated by
!2 ,
Pm i g
PK Pmi g
XK
j¼1 fn ði;jÞ
j¼1 fn ði;jÞ
i¼1
2
sB ðnÞ ¼
m

dfB
PK
i¼1 i
mi
i¼1 mi
ð8Þ
s2W ðnÞ ¼

XK Xmi
i¼1

j¼1

fng ði;jÞ 

PK Pmi

g
j¼1 fn ði;jÞ
PK
i¼1 mi

i¼1

!2 ,
dfW
ð9Þ

where dfB ¼ K  1 and dfW ¼ M  K are degrees of
freedom for MSB and MSW, respectively. K and M represent the number of groups (here K = 2) and total number
of samples (here M = 1805), respectively. fng ði; jÞ indicates
the frequency of the nth g-gap dipeptide of the jth sample
in the ith group. mi indicates the number of samples in the
ith group (m1 = 253, m2 = 1552).
The F(n)-value in Eq. (7) reveals the correlation
between the nth feature and the group variables. The F(n)
will become large as the MSB becomes increasingly
greater than the MSW. In the absence of differences
between groups, the F(n) will be near to 1. In other words,
the feature with a larger F(n) indicates that it is a more
relevant one for the target to be predicted. Accordingly, we
ranked the 400 g-gap dipeptides according to their F(n)
values. And then based on the ranked g-gap dipeptides, we
performed the Incremental Feature Selection (IFS) strategy
to find an optimal subset of features that gives the highest
predictive accuracy. During the IFS procedure, the feature
subset starts with one feature with the highest F-score. A
new feature subset was composed when one more feature
with the second highest F-score was added. By adding
these features sequentially from the higher to lower ranks,
400 feature sets will be obtained. The sth feature set can be
formulated as
Ss ¼ ff1 ; f2 ;    ; fs g

ð1  s  400Þ

3 Results and Discussions
3.1 Prediction Performance
In order to determine whether a specific type of dipeptides
is mostly contributable for antioxidant protein identification, we considered ten different kinds of g-gap dipeptides
(g = 0, 1, 2, …, 9). For each kind of g-gap dipeptides, we
ranked the 400 dipeptides according to their F-scores and
plotted its IFS curve in Fig. 1. Among the ten IFS curves,
we found that the best predictive result (Acc = 90.7 %)
was obtained when g = 3 and H = 158. It means that the
IFS curve reaches its peak with the optimal feature set S158,
in which the features are the top 158 ranked 3-gap dipeptides. Therefore, the top 158 ranked 3-gap dipeptides were
used to build the SVM model for antioxidant protein predictions. The model thus formed is called AodPred. In the
jackknife test, the AodPred obtained an accuracy of
74.79 % for identifying antioxidant proteins.
3.2 Comparison with Existing Prediction Tools
It is necessary to compare the proposed methods with other
existing methods. Therefore, we compared the predictive
results of AodPred with that of the existing methods.
Recently, a computational model to identify antioxidant
proteins based on star graph topological indices was proposed [5]. However, sequences in their dataset share highsequence similarities and some sequences in their dataset
even with 100 % sequences identity. To overcome this
shortage, we constructed a non-redundant dataset and

ð10Þ

For each of the 400 feature sets, a support vector
machine-based model was constructed and examined using
the fivefold cross-validation test on the benchmark dataset.
By doing so, we can obtain an IFS curve in a 2D Cartesian
coordinate system with index s as its abscissa (or X-coordinate) and the overall accuracy as its ordinate (or Ycoordinate). The optimal feature set is expressed as
SH ¼ ff1 ; f2 ;    ; fH g

ð11Þ

with which the IFS curve reaches its peak. In other words,
in the 2D coordinate system, when X = H, the value of
accuracy is the maximum.
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Fig. 1 Plot to show the IFS curves for different g-gap dipeptides
(g = 0, 1, 2, …, 9), where the abscissa and ordinate axis denote the
number of features and the overall accuracy, respectively. As shown
in the figure, the value of overall accuracy reached its peak (90.7 %)
when the top 158 ranked 3-gap dipeptides are taken into account
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proposed a naive Bayes model based on optimal dipeptides
and obtained an accuracy of 66.88 % in jackknife test [11].
In contrast, the current predictor AodPred obtained an
accuracy of 74.79 % for identifying antioxidant proteins in
the jackknife test, which is higher than that of existing
methods [5, 11].
To further verify the power of AodPred, we also
compared its performance with other classifiers such as
Bayes Net, Logistic, RBFNetwork, J48, and Random forest. Bayes Net, Logistic, RBFNetwork, J48, and Random
forest models were tested on the benchmark dataset and
implemented in WEKA [24]. The jackknife test results of
these classifiers based on the optimal features are reported
in Table 1. As indicated in Table 1, although the other four
classifiers yielded higher predictive accuracies than
AodPred, their sensitivities are all much lower than that of
AodPred. These results indicate that the AodPred proposed in this paper is quite promising and holds a potential
to become a useful tool in identifying antioxidant protein,
or at least can play a complementary role to the existing
method in this area.

4 Web Server
For the convenience of experimental scientists, based on
the model proposed in the present work, a free web server
called AodPred was provided. A step-by-step guide on
how to use the web server was given below:
Step 1. Open the web server at http://lin.uestc.edu.cn/
server/AntioxiPred and you will see the top page of
AodPred on your computer screen, as shown in Fig. 2.
Click on the Read Me button to see a brief introduction
about the predictor and the caveat when using it.
Step 2. Either type or copy/paste the query protein
sequences into the input box at the center of Fig. 2. The
input sequence should be in the FASTA format. Example
sequences in FASTA format can be seen by clicking on the
Example button right above the input box.
Step 3. Click on the Submit button to see the predicted
result. For instance, if using the two example sequences as

Table 1 Comparison of AodPred with other methods by using optimal
features
Classifier

Sn (%)

Sp (%)

Acc (%)

Bayes net
Logistic

41.27
35.67

90.63
89.32

83.16
80.22

J48 tree

29.45

89.56

80.32

Random forest

28.09

93.12

80.34

AodPred

75.09

74.48

74.79

Fig. 2 Semi-screenshot to show the top page of the AodPred. Its Web
site address is at http://lin.uestc.edu.cn/server/AntioxiPred

an input and clicking the Submit button, you will see the
following shown on the screen of your computer: The
outcome for the first query example is ‘‘antioxidant’’ with a
probability of 0.75; the outcome for the second query
sample is ‘‘non-antioxidant’’ with a probability of 0.98.
Step 4. Click on the Data button to download the
benchmark datasets used to train and test the AodPred
predictor.
Caveats. The input query sequences must be formed by
the single-letter codes of the 20 native amino acids; any
other characters such as ‘‘B,’’ ‘‘X,’’ and ‘‘Z’’ are invalid
and should not be part of the query sequence.

5 Conclusions
The role of antioxidant proteins in neutralizing free radicals
and preventing them from causing damage or death to cells
is well known. Unfortunately, the number of molecules
with antioxidant properties in nature is quite low. Therefore, it is highly desirable to develop computational
methods for identifying antioxidant proteins, so as to help
speed up researches on antioxidant proteins.
By encoding sequences using the optimal g-gap dipeptide composition, a SVM-based predictor was developed to
identify antioxidant proteins. The new predictor is
promising as reflected by the high success rates obtained by
the rigorous jackknife tests. It is instructive to point out that
the accuracy can be further improved with future accumulation of knowledge regarding antioxidant proteins and
antioxidant protein collections in the benchmark dataset.
Since publicly accessible web servers represent the
direction for developing practically more useful predictor,
a user-friendly web server for AodPred has been
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established at http://lin.uestc.edu.cn/server/AntioxiPred, by
which users can easily obtain their desired results.
It is anticipated that AodPred may become a useful tool
for identifying antioxidant proteins, or, at the very least, it
can play a complementary role to the existing methods in
this area.
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