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Abstract: Antioxidants are molecules that can prevent damages to cells caused by free radicals. Recent studies also 
demonstrated that antioxidants play roles in preventing diseases. However, the number of known molecules with 
antioxidant activity is very small. Therefore, it is necessary to identify antioxidants from various resources. In the 
past several years, a series of computational methods have been proposed to identify antioxidants. In this review, we 
briefly summarized recent advances in computationally identifying antioxidants. The challenges and future perspec-
tives for identifying antioxidants were also discussed. We hope this review will provide insights into researches on 
antioxidant identification. 
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1. INTRODUCTION 
 Free radicals are by-products of metabolism and their produc-
tion is increased by exposure to several noxious environmental 
factors such as ionizing radiation, cigarette smoke, and environ-
mental pollutants [1, 2]. Several diseases like cancer [3], cardiovas-
cular diseases [4], arteriosclerosis [5], neural disorders [6], skin 
irritations [7], and even the aging process [8] occur due to accumu-
lation of high levels of free radicals in various tissues. 
 By donating electrons to rampaging free radicals, antioxidants 
can protect other molecules from oxidation that can damage vital 
molecules in cells, including DNA and proteins [9]. Antioxidants 
cover a wide range of molecules and come from many sources. 
Some are naturally produced in organisms and some naturally occur 
in foods, such as tomatoes, red peppers, green tea, apples, grapes, 
blueberries, etc. 
 It has been reported that high intakes of antioxidants would 
extend life expectancy by reducing chronic degenerative diseases 
like cancer and cardiovascular diseases and perhaps by slowing the 
aging process [8]. Therefore, it is necessary to identify antioxidants 
from various resources, which will be helpful for treating these 
diseases. 
 Although experimental methods are objective to identify anti-
oxidants [10, 11], they are time-consuming and expensive to detect 
antioxidants from the avalanche of protein sequences generated in 
the post genomics era. As complements to experimental methods, 
computational methods are urgently needed to accurately identify 
antioxidants. 
 In recent years, several computational methods have been pro-
posed to identify antioxidants. However, it was found that these 
methods were trained based on different datasets and evaluated by 
different cross validation method. To give researchers a catching-up 
view about the development in this area, we summarized recent ad-
vances in machine learning methods on antioxidant identification. 
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2. RESOURCES OF ANTIOXIDANTS 
2.1. Database 
 The Antioxidant Database (AOD) is a manually curated data-
base depositing experimentally validated antioxidants [12]. At pre-
sent, the AOD is available at http://lin-group.cn/AODdatabase/ and 
includes 710 antioxidants. Besides the protein sequence, informa-
tion on taxonomy, source organism, subcellular location, gene on-
tology, catalytic activity and function of each proteins was also 
provided in AOD [12]. 

2.2. Benchmark Dataset 
 A high quality benchmark dataset is the key point of developing 
and validating computational methods for antioxidant identification. 
By searching multiple protein databases, Fernandez-Blanco et al. 
constructed the first dataset for computationally identifying antioxi-
dant, which contains 324 antioxidants and 1657 non-antioxidant 
[13]. However, some of the sequences in this dataset share 100% 
sequence identity. As indicated in a recent review [14], a model if 
trained and tested on such a redundant dataset, will yield over fit-
ting problem and misleading results. 
 To overcome this drawback, we built a new benchmark dataset 
to train computational models for antioxidant identification [15]. 
We firstly searched the UniProt database [16] and harvested 686 
proteins with antioxidant activity. In order to include much more 
data in the new dataset, 686 proteins were merged with the antioxi-
dants in Fernandez-Blanco et al.’s dataset. By winnowing proteins 
with sequence similarity ≥60% using CD-HIT [17], 253 antioxi-
dants and 1552 non-antioxidants were finally retained in the 
benchmark dataset, which can be accessed at http://lin-
group.cn/server/Aod/data. 

3. SEQUENCE ENCODING SCHEME 
 Since antioxidants in the dataset are with different lengths and 
couldn’t be recognized by machine learning methods, several se-
quence encoding schemes [18, 19] have been proposed to convert 
antioxidants into discrete vectors that were further used as inputs of 
machine learning methods. 
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3.1. Star Graph Topological Indices 
 The main idea of the star graph topological indices (SGTI) is to 
represent sequences as graphs by topological indices [20]. By using 
the Sequence to the Star Networks (S2SNet) [21], Fernandez-
Blanco et al. converted the sequences into embedded/non-
embedded SGTI including the trace of connectivity matrices, Ha-
rary number, Wiener index, Gutman index, Schultz index, Moreau-
Broto indices, Balaban distance connectivity index, Kier-Hall con-
nectivity indices and Randic connectivity index [13]. Based on 
SGTI, both antioxidants and non-antioxidants in the dataset were 
transferred into a 42 dimensional vector. More details about SGTI 
can be referred to Fernandez-Blanco et al.’s work [13]. 

3.2. Amino acid Composition 
 Amino acid composition (AAC) is the most straightforward 
sequence encoding method [22]. By using AAC, a protein sequence 
will be converted into a 20 dimensional discrete vector, in which 
each element indicates the occurrence frequency of the 20 natural 
amino acids in the sequence. 

3.3. Dipeptide Composition 
 Compared with AAC, the dipeptide composition (DPC) inte-
grates the local order information in a sequence and is the occur-
rence frequency of two proximate amino acids in the sequence [23-
25]. By using DPC, a protein sequence will be converted into a 400 
dimensional vector. 

3.4. G-Gap Dipeptide Composition  
 Although the k-tuple amino acid composition contains global 
correlation information, the dimension of the vector will increase 
with the increment of k. To deal with this problem, the g-gap dipep-
tide composition (GDC) method was proposed to describe the long-
range correlations between amino acids in a sequence [26]. By us-
ing GDC, a protein sequence will be represented by a 400 dimen-
sional vector. Different from DPC, each element in the vector gen-
erated based on GDC represents the occurrence frequency of dipep-
tide with g amino acids interval [27-29]. 
 Generally speaking, g is an integral number and ranges from 0 
to 10. g=0 indicates the correlation of two proximate amino acids; 
g=1 is the correlation between two amino acids with the interval of 
one amino acid; g=2 is the correlation between two amino acids 
with the interval of two amino acids, and so forth. 

3.5. 188D 
 The 188D feature was proposed by Cai et al. to represent pro-
tein sequences [30], which include the information derived from 
both amino acid composition and their physicochemical properties 
(i.e. secondary structure, solvent accessibility, normalized Van der 
Waals volume, hydrophobicity, charge, polarity, polarizability, and 
surface tension) [30]. Detail information about 188D feature can be 
found in Cai et al.’s work [30]. It was widely employed in recent 
bioinformatics works [31-33]. 

3.6. Secondary Structure Features (SSF) 
 Considering the fact that the function of a protein is closely 
correlated with its structure, the secondary structure features (SSF) 
was used to encode proteins. The secondary structure of a protein 
can be obtained by using PSI-PRED [34], and each amino acid will 
be assigned a secondary structure state, namely helix (H), strand (E) 
and coil (C), respectively. Therefore, a protein sequence with the 
length of L can be transferred into a new sequence encoded by 
H/E/C. The following features derived based on SSI was defined to 
describe proteins in the realm of computational proteomics [35]. 
(1) By counting the number of helix (H), strand (E) and coil (C), 

their content information Si was defined as shown Eq. 1, which 

describes the frequency of H, E and C appeared in the se-
quence. 
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where nj is the number of secondary structure H/E/C. 
(2) Transition information of H/E/C is defined by the following 

equation. 
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where nij is the number of secondary structure state i and j of the 

neighboring amino acids in the sequence. 
(3) The average length and the normalized maximal length of the 

secondary structure segment are as follows, respectively. 
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where Seg(i) is the segment containing the secondary structure i 
(i=H, E, C), Len(Seg(i)) is the length of Seg(i), nSeg(i) is the number 
of Seg(i) in the sequence, and Max(Seg(i)) is the maximum length 
of Seg(i). 
(4) In order to reflect the special arrangements of the secondary 

structure elements, the position related secondary structure 
content was defined a following, 
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where ni is the number of secondary structure H/E/C, pij indicates 
the position of the j-th order secondary structure. 

3.7. Relative Solvent Accessibility (RSA) 
 Since the solvent accessibility of a protein is closely correlated 
with its antioxidant activity, Zhang et al. proposed a new method to 
represent antioxidants by using relative solvent accessibility (RSA) 
[36]. The 28 features based on RSA can be calculated by using the 
software PaleAle 4.0 [37], which are described in Zhang et al.’s 
work. 

3.8. Composition, Transition, Distribution (CTD) 
 In order to globally describe protein sequences, Dubchak et al. 
proposed three global descriptors [38], namely composition (C), 
transition (T) and distribution (D), based on the amino acid distribu-
tion of a specific structural or physicochemical property. The com-
position descriptor C is the global percent composition of 20 native 
amino acids. The transition descriptor T is the frequency with 
amino acids of one type of native amino acids followed by another 
type. The distribution descriptor D indicates the respective locations 
of the first, 25%, 50%, 75% and 100% of each type of 20 native 
amino acids. The CTD descriptors have been included in several 
recent software [39, 40]. 

3.9. Position-Specific Score Matrix (PSSM) 
 Insertion/deletion (indel) and mutation are accumulated during 
protein evolution, which indeed reduces the protein sequence simi-
larity. However, homologous proteins still share similar structures 
and functions. The position specific score matrix (PSSM) was 
adopted to obtain evolutionary essential signatures of protein se-
quences [41-43]. The PSSM is a matrix including L*20 elements 
and is generated by PSI-BLAST (Position-Specific Iterative Basic 
Local Alignment Search Tool) [44]. The elements in the ith row of 
the matrix denote the probabilities of the ith residue of the given 
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protein sequence mutating to 20 native amino acids during the evo-
lution process.  
 Considering the length variation of different proteins, in order 
to formulate different proteins into feature vectors with the same 
dimension, the original PSSM was further transformed into a 20×20 
dimensional matrix. 

4. EVALUATION METRICS 
 Both 10-fold cross validation test and jackknife test have been 
used to examine the quality of a predictor for identifying antioxi-
dants. In the 10-fold cross validation test, the samples in the dataset 
was divided into 10 sub-sets, 9 of them are used for training, while 
the left one is used for testing. The process will be repeated 10 
times. In the jackknife test, each antioxidant in the training dataset 
is in turn singled out as an independent test one and all the proper-
ties are calculated without including the one being identified. The 
process was repeated until all the samples were used as the inde-
pendent test one. 
 The sensitivity (Sn), specificity (Sp), accuracy (Acc) and 
Mathew’s correlation coefficient (MCC) and F1 score have been 
introduced to evaluate the performance of the proposed methods for 
identifying antioxidants, which are defined as follows [45-47]. 

   

(6)

 
where TP, TN, FP and FN represent true positive, true negative, 
false positive and false negative, respectively. In addition, the area 
under the receiver operating characteristic curve (AUC) [48, 49] 
was also used to objectively evaluate the performance of the predic-
tors. The AUC value of 0.5 is a random prediction, while a value of 
1 is a perfect prediction. 

5. METHODS FOR IDENTIFYING ACP 
 In the past several years, at least 9 machine learning based 
methods have been proposed for identifying antioxidants, which are 
listed in Table 1. 
 In the following section, we will briefly introduce these meth-
ods in terms of the used machine learning method and the obtained 
accuracies for identifying antioxidants. 
 In 2013, Fernandez-Blanco et al. [13] reported the first compu-
tational method to identify antioxidants, in which the protein se-
quences were encoded by using the SGTI method. By using the 
Random Forest as the classification engine, in the 10 fold cross 
validation test, an accuracy of 94.6% was obtained for identifying 
antioxidants. However, there are redundant sequences in the dataset 
used by Fernandez-Blanco et al., which makes their results incredi-
ble.  
 Later on, Feng et al. [15] developed a Native Bayes (NB) 
model to identify antioxidants. Different from Fernandez-Blanco et 
al.’s work [13], Feng et al. constructed a high quality benchmark 
dataset with the sequence similarity less than 60%. By encoding the 
protein sequences using amino acid and dipeptide composition, an 
accuracy of 55.85% with AUC of 0.68 was obtained for identifying 
antioxidants in the jackknife test. To further improve the model’s 
accuracy, the Correlation-based Feature Selection combined with 
Best First Search strategy was used to perform feature selection. 

Finally, 44 optimal features were selected out from the 420 original 
features and used as the input of NB. In the jackknife test, the final 
method obtained an accuracy of 66.89% with the AUC of 0.768 for 
identifying antioxidants in the benchmark dataset. In addition, the 
model was also evaluated on an independent dataset containing 20 
antioxidants and accurately identified 16 antioxidants. 
 In 2015, inspired by Feng et al.’s work, Zhang and her col-
leagues proposed a Random Forest (RF) based method to identify 
antioxidants [50]. In their model, the antioxidants were encoded by 
using the g-gap (g=4) dipeptide composition and PSSM. In order to 
improve the predictive accuracy, the Information Gain combined 
with Incremental Feature Selection (IG-IFS) was used to select 
optimal features for building the computational model. In the 10-
fold cross validation test, an accuracy of 90% with AUC of 0.94 
was obtained for identifying antioxidants. It should be pointed out 
that the Zhang et al’s training dataset is a balanced one and includes 
100 antioxidant proteins and 100 non-antioxidant proteins, which is 
smaller than Feng et al.’s one that includes 253 antioxidants and 
1552 non-antioxidants.  
 Based on the high quality benchmark dataset built in 2013, 
Feng and her colleagues proposed a support vector machine (SVM) 
based model, called AodPred, for identifying antioxidant proteins 
[51]. In order to include the global sequence order information, the 
optimal g-gap (g=3) dipeptide composition obtained by using the 
analysis of variance (ANOVA) feature selection method was used 
to encode the sequences in the dataset. In the jackknife test, an ac-
curacy of 74.79% was obtained for identifying antioxidants in the 
dataset. Moreover, a user friendly webserver was provided at 
http://lin-group.cn/server/AntioxiPred, which was the first online 
tool for identifying antioxidants at that time. 
 Later on, based on the same dataset as that used in previous 
work, Zhang et al. proposed an ensemble based method [35]. The 
Relief combined with Incremental Feature Selection (IFS) method 
was used to select optimal features from the hybrid features includ-
ing SSF, PSSM, RSA and CTD. Based on the optimal features, an 
ensemble classifier including RF, SMO, NNA and J48 obtained the 
best accuracy of 94% with AUC of 0.978 for identifying antioxi-
dants in the dataset, which is better than that reported in their previ-
ous work. A web-server for the proposed method was provided at 
http://antioxidant.weka.cc. However, it was found that the web-
server is out of service at present. 
 On the basis of Feng et al.’s dataset, Xiao et al. applied the 
AAC, PSSM and 60 features obtained by using grey system model 
to represent the sequences in the dataset [52]. Considering the un-
balanced number between positive and negative samples, they de-
signed a voting model which consists of eleven Random Forest 
based sub-predictors. In the 10-fold cross validation test, they ob-
tained an accuracy of 88.25% with the AUC of 0.935 for identify-
ing antioxidants in the dataset. 
 In 2018, Xu et al. [53] developed the sequence based support 
vector machine method to identify antioxidants in the dataset con-
structed by Feng et al. They applied the synthetic minority over-
sampling technique (SMOTE) method to overcome the class imbal-
ance problem. The maximum relevance maximum distance 
(MRMD) [54, 55] method was used to select optimal features from 
the 188D feature. Finally, an SVM based model called SeqSVM 
was proposed and obtained an accuracy of 89.46% in the jackknife 
test. 
 With the wide application of deep learning in bioinformatics 
[56-60], it has also been used to identify antioxidants. In 2018, 
Shao et al. proposed a deep learning based classifier, called IDAod, 
to identify antioxidants [61]. Different from the above mentioned 
methods, the deep autoencoder and full connect neural network 
were used to extract features from the mixed g-gap (g=0 and 1) 
dipeptide compositions. In the 10 fold cross validation test, an F1 
score of 0.8842 with the accuracy of 97.05% was obtained for iden-
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tifying antioxidants in the dataset. For the convenience of scientific 
community, an online webserver was developed for IDAod, which 
is available at http://bigroup.uestc.edu.cn/IDAod/. 
 More recently, Meng et al. developed a powerful predictor for 
identifying antioxidants [62]. They firstly extracted 473 features 
from AAC, DPC, PSSM, and SSI, and then applied the MRMD 
method to select optimal features. Finally, 176 optimal features 
were obtained and were used as the input of SVM. Accordingly, a 
predictor called AOPs-SVM was proposed and obtained an accu-
racy of 94.2% with the AUC of 0.832 in the jackknife test. At pre-
sent, AOPs-SVM performs the best for identifying antioxidants. A 
webserver was also established and could be freely accessible at 
http://server.malab.cn/AOPs-SVM/index.jsp. 

6. CHALLENGES AND PERSPECTIVES 
 By neutralizing free radicals, antioxidants can prevent cells 
from further damage or death. The potential of antioxidants in pre-
vention of diseases has also been reported in recent years. There-
fore, accurate identification of antioxidants will pave the ways to 
speed up the researches on antioxidants. 
 It is exciting that several computational methods have been 
proposed to identify antioxidants. Although these works promoted 
researches on antioxidants and facilitated the identification of anti-
oxidants, the following challenges should be considered in future 
works.  
 Although the predictor AOPs-SVM obtained the highest accu-
racy of 94.2%, its sensitivity is less than 70%. This is due to the 
following fact. Both AOPs-SVM and the other existing methods 
were all trained based on an imbalanced dataset with the ratio of 
positive to negative samples approximately 1:6. To solve this prob-
lem, it is necessary to collect much more molecules with antioxi-
dant activity to enlarge the number of antioxidants in the dataset. 
 The function of a protein is correlated with its structure. Al-
though the secondary structure information has been used to encode 
proteins in antioxidant identification, the structure status for each 
amino acid was predicted by using PSI-PRED. If the secondary 
structure is not correctly predicted by PSI-PRED, it will provide 
wrong information for further analysis in the models that encode 
antioxidants by using secondary structure information. The reduced 
amino acid alphabet (RAAA) [63, 64] can effectively extract in-
formation of structurally conserved regions and structural similarity 
of proteins. Therefore, it is necessary to integrate RAAA features 
when building models in future work. 

 Antioxidants can be classified into two main classes according 
to the mechanisms they interrupt the overall oxidation process, 
namely chain breaking and preventive mechanisms. However, the 
existing computational methods couldn’t distinguish these two 
kinds of antioxidants. To address such a challenge, more efforts 
should be made to develop new methods for classifying these two 
kinds of antioxidants. 

CONCLUSION 
 In this paper, we reviewed recent advances in the application of 
machine learning methods for identifying antioxidants. The chal-
lenges and future perspectives were also discussed. We hope this 
review will provide insights into researches on antioxidants. 
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