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Abstract: Background: Enzymes are biological macromolecules which can act as catalysts and help complex biochemi-

cal reactions. They can increase the rate of a reaction by reducing its activation energy. Different enzymes can catalyze 

different chemical reactions. 

Objective: With the appearance of vast human protein data, correctly identifying the human enzymes class is extremely 

important to understand their functions. However, no computational method was developed to predict enzyme functional 

classes in human. We aimed to develop a computational method to discriminate human enzymes from non-enzymes and 

further predict the classes of human enzymes. 

Method: In this paper, the pseudo amino acid composition was proposed to formulate proteins by incorporating rigidity, 

flexibility and irreplaceability of amino acids. The feature selection technique was used to optimize the feature set. We 

proposed SVM to perform prediction. 

Results: The results of five-fold cross-validation test show that the overall accuracies are 72.6% and 46.1%, respectively 

for discriminating human enzymes from non-enzymes and predicting six classes of human enzymes. 

Conclusion: The work in this study provides an efficient method on this issue. Especially, three kinds of new characteris-

tics were introduced to incorporate into PseAAC. The results indicate that the three characteristics of amino acids can be 

used in human enzyme prediction.  
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1. INTRODUCTION 

With the development of the high-throughput techniques 
and appearance of sequenced data in post-genomic era, pro-
tein data have been rapidly accumulated in public database. 
However, the functions of a small fraction of known proteins 
have been determined by biochemical experiments [1]. 

As one kind of biological macromolecular, enzymes play 
the most important roles and serve a wide variety of func-
tions in all living organisms. According to enzyme commis-
sion (EC) numbers, enzymes are mainly classified in to six 
functional classes: oxidoreductases, transferases, hydrolases, 
lyases, isomerases and ligases [2]. The oxidoreductases cata-
lyze oxidoreduction reactions which transfer electrons from 
one molecule (the oxidant) to another molecule (the reduct-
ant) [3]. They display their functions in both aerobic and 
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anaerobic metabolism. The transferases transfer the specific 
functional groups from the donor to the acceptor [4]. They 
are involved in hundreds of different biochemical pathways 
in the cell. The hydrolases catalyzes hydrolysis reaction of 
proteins, starch, fats, nucleic acids, and other complex bio-
molecules [5]. The lyases can catalyze the breaking of vari-
ous chemical bonds and then often form a new double bon-
dor a new ring structure [6]. The reverse reaction is also pos-
sible. Lyases differ from other enzymes in that they require 
only one substrate for the reaction in one direction, but two 
substrates for the reverse reaction. Isomerases can catalyze 
reactions that convert a molecule from one isomer to another 
across varies biological processes, such as in glycolysis and 
carbohydrate metabolism [7]. They can either facilitate in-
tramolecular rearrangements in which bonds are broken and 
formed or catalyze conformational changes. The ligases can 
catalyze the joining of two large molecules by forming a new 
chemical bond [8]. In some of the case, DNA ligase facili-
tates the joining of DNA strands together by catalyzing the 
formation of a phosphodiester bond. It plays a key role in 
repairing single-strand or double-strand breaks in duplex 
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DNA in living organisms, but some forms may specifically 
repair double-strand breaks. Thus, accurately predicting en-
zyme class is of paramount importance for expanding our 
knowledge of the enzyme mechanisms and developing new 
drugs.

In fact, the topic about the prediction of enzyme func-
tional classes has attracted some scholars. In a previous 
study, the enzyme functional classes were predicted by for-
mulating protein sequences with gene ontology (GO) and 
pseudo amino acid composition (PseAAC) [9]. High predict-
ed successful rates were achieved. Subsequently, the func-
tional domain composition (FunD) and PseAAC were pro-
posed to apply in enzyme functional class prediction [10, 
11]. Shen and Chou improved the prediction by using FunD 
and Pseudo position-specific scoring matrix (PsePSSM) 
[12]. Qiu et al. used PseAAC combined with wavelet trans-
form (WT) to improve enzyme functional class prediction 
[13]. Volpato et al. developed a method based on N-to 1 
Neural network to predict enzyme classes by using evolu-
tionary information [14]. Zou et al. employed multi-label 
learning method for multiple function enzyme prediction 
[15]. Cheng et al. analyzed the evolution of the enzymes and 
proposed a novel classification system [16]. Although the 
aforementioned methods could yield encouraging results, the 
accuracies of these methods are still required to be improved. 
Especially, no computational method was developed to pre-
dict enzyme functional classes in human. 

Accordingly, the present work was initiated in an attempt 
to predict enzyme functional classes in human in hopes that 
it may become a useful tool in the relevant areas. Based on 
this consideration, we developed a new method to discrimi-
nate between enzymes and non-enzymes, as well as predict 
the six functional classes of enzymes in human. At first, a 
strict and objective benchmark dataset was constructed to 
train and test the proposed method. Subsequently, the Pse-
AAC was applied to formulate protein sequences by incorpo-
rating rigidity, flexibility and irreplaceability of amino acids. 
A feature selection technique called f-score was used to op-
timize features. Finally, the support vector machine (SVM) 
was used to operate the prediction. The five-fold cross-
validation was used to evaluate the performance of the pro-
posed method. 

2. MATERIALS AND METHODS 
2.1. Benchmark Dataset 

It is a key step for a powerful method to construct a strict 
and objective dataset to train and test the predictor. Thus, the 
data used in this work was obtained from the Universal Pro-
tein Resource (Uniprot) [17]. The following steps were used 
to guarantee the quality of benchmark dataset. At first, we 
only chose the human proteins whose enzyme annotation 
information has been experimentally confirmed. Secondly, 
the proteins whose annotation information is fragment were 
dislodged because their information is incomplete. Thirdly, 
the proteins whose sequences contain nonstandard letters, 
such as ‘B’, ‘U’, ‘X’ or ‘Z’ were excluded because their 
meanings are ambiguous. Finally, we used the CD-HIT 
software to get rid of the redundancy of the dataset by using 
30% as cutoff of sequence identity [18]. After strictly fol-
lowing the above steps, we obtained 3230 human proteins 
which can be formulated as 

� � ����� � ���������    (1) 
where the ����  contains 1117 human enzymes and the 
�������� contains 2113 human non-enzymes. The enzymes 
in ���� can be further classified into six functional classes 
and expressed as: 
���� � ����� � ����� �� ����� � ����� � ����� � �����   (2) 

where the �����  contains 155 oxidoreductases, the �����
contains 361 transferases, the ����� contains 404 hydrolases, 
the ����� contains 44 lyases, the ����� contains 35 isomeras-
es, the ����� contains 118 ligases. 

2.2. Pseudo Amino Acid Composition 
How to formulate protein sequence samples with an ef-

fective mathematical expression is the second key steps in 
the prediction of human enzyme classes. Generally, amino 
acid composition (AAC) including 20-D features has been 
widely applied to formulate protein samples [19]. However, 
the residue-correlation information of sequence is lost. To 
overcome this disadvantage, the PseAAC which can not only 
include the AAC information, but also contain the correla-
tion of physicochemical properties between two residues was 
proposed to improve the formulation of protein samples [20, 
21]. The concept of PseAAC also extends to RNA samples 
[22] and DNA samples [23]. Thus, the current study also 
used PseAAC to formulate protein sequences for truly reflect 
the correlation between the intrinsic features of the sequence 
and the enzymes types to be predicted. 

We have made an improvement on PseAAC by substitute 
amino acids composition with dipeptide composition as fol-
lows. A protein (X) chain with length L amino acid residues 
can be expressed as: 

R1 R2 R3 …RL                                           (3) 
Then the protein may be denoted as a (400+n�) dimen-

sion vector defined by 400+n� discrete numbers, i.e. 

� � ���� ����������� ��������
�                   (4) 

here
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     (5) 

In Eq. (5), the �� is the normalized frequency of the 400 
dipeptides in protein X, w is the weight factor for sequence 
order effect. ��� is the j-tier sequence correlation factor com-
puted by the following formula: 
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where �
�����

�  is the correlation function and can be given by
�
�����

�
� �

�
���� � �

�
������                                    (7) 

In Eq. (7), ������  is the n-th kind of the physico-
chemical characteristics values of the amino acid ��. These 
values are converted to standard type by the following equa-
tion:

�
�
�� �

��
�
�� � ��

�
��

�� ��
�
��

                                      (8) 
where ��� ��  is the original physico-chemical characteris-
tics values of the k-th amino acid. The data calculated by 
standard conversion will have a zero mean value and will 
remain unchanged if going through the same conversion pro-
cedure again. 

The physico-chemical characteristics mainly include hy-
drophobicity, hydrophilicity, side chain mass, pK of the �-
COOH group, pK of the �-NH3

+ group and pI at 25 oC.
Among of these, the hydrophobicity, hydrophilicity and side 
chain mass have been widely used in proteomics. However, 
other characteristics can also affect the structure and function 
of proteins. Thus, in this study, we introduced another three 
kinds of characteristics of amino acids: rigidity, flexibility 
and irreplaceability. 

The flexibility and rigidity of amino acid side chains may 
comprise important information for the understanding of 
peptides and proteins [24]. The flexibility and rigidity scales 
were generated by descriptor projection to vectors using 
principle component analysis and were recorded in Table 1.
In the evolution, some residues are easily replaceable, but 
others are difficult. Thus, averaged mutational deteriorations 
(AMD) of amino acids were proposed to describe the irre-
placeability [25]. It is showed that the rarer is substitutions 
for the residue, the higher is its value of AMD. The degree of 
irreplaceability is a response to mutational deterioration in 
the course of evolution of life. The values of irreplaceability 
for twenty amino acids were listed in Table 1.

2.3. Support Vector Machine (SVM) 

SVM is a supervised machine learning method based on 
the statistical learning theory. It can avoid the overfitting 
problem when dealing with the small data rather than en-
semble learning methods [26, 27]. Thus, it has been widely 
applied in bioinformatics classification [28-35]. The basic 
principle of SVM is to transform the input vector into a high-
dimension Hilbert space and then seek a separating hyper-
plane with the maximal margin in this space. In this study, 
we used the software (LibSVM) [36] to implement SVM. 
The radial basis kernel function (RBF) was selected in the 
current work for its good performance on non-linear prob-
lem. A grid search method was used to optimize the regular-
ization parameter C and kernel parameter � through five-fold 
cross-validation.

2.4. Performance Evaluation 

In statistical prediction, three cross-validation methods, 
namely independent dataset test, sub-sampling (e.g., 2, 5 or 
10-fold cross-validation) test, and jackknife test are often 
used to evaluate the performance of the predictors in practi-
cal application [37, 38]. The jackknife test can obtain a 

unique result for a given benchmark dataset, so it has been 
widely used to estimate the performance of various predic-
tors [39-50]. However, the jackknife cross-validation is time-
consuming for large sample and high dimension features. To 
reduce the computational time, the 5-fold cross-validation 
was adopted to evaluate the predictor. 

We used overall accuracy (Acc) to measure the predic-
tion quality, which are expressed as 

��� � � �����
�

��� (9)

where ��� is the correctly predicted samples of the i-th class, 
respectively n is the number of class. N is total number of 
samples.

2.5. Feature Selection Technique 

To acquire a deeper insight into the intrinsic properties of 
human enzymes and improve the accuracy of the prediction 
model, the feature selection technique was utilized to opti-
mize the features. Here, the wrapper-type feature selection 
algorithm called F-score was used to optimize the feature set 
[51]. The F-score is defined as: 

� � �
��
�
���

�
�

���
�

�������� �
��

�
���

���

���

�

���

              (10) 

where ��
� and �� are the average values of the i-th feature 

respectively in the k-th dataset and in the all dataset con-

Table 1. The rigidity, flexibility and irreplaceability values 
used by PseAAC. 

Amino Acid Rigidity Flexibility Irreplaceability 

A -1.338 -3.102 0.52 

C -1.511 0.957 1.12 

D -0.204 0.424 0.77 

E -0.365 2.009 0.76 

F 2.877 -0.466 0.86 

G -1.097 -2.746 0.56 

H 2.269 -0.223 0.94 

I -1.741 0.424 0.65 

K -1.822 3.950 0.81 

L -1.741 0.424 0.58 

M -1.741 2.484 1.25 

N -0.204 0.424 0.79 

P 1.979 -2.404 0.61 

Q -0.365 2.009 0.86 

R 1.169 3.060 0.60 

S -1.511 0.957 0.64 

T -1.641 -1.339 0.56 

V -1.641 -1.339 0.54 

W 5.913 -1.000 1.82 

Y 2.714 -0.672 0.98 
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cerned. ���� is the value of the i-th feature of the j-th protein 
in the k-th dataset. Obviously, the�� �  reveals how strong 
the i-th feature is related to the group variables. Thus, a large 
� �  means that the i-th feature has a better discriminative 
capability. According to this, we used the incremental fea-
ture selection (IFS) technique [52] to find out the optimal 
number of features.

3. RESULTS AND DISCUSSION 
3.1. Prediction 

We initially discriminated human enzymes from non en-
zymes using the proposed method. According to the Pse-
AAC in Eqs. (3-8), the protein samples can be formulated by 
a 400+n� dimension vector. In order to incorporate the long-
range information as many as possible, we set �=30. The 
rigidity, flexibility and irreplaceability are used in this paper, 
thus, n=3. The weight factor w is set to 1. Thus, the original 
dimension of feature set is 400+3�30=490. We investigated 
the overall accuracy of the 490-D features. Results show that 
the overall accuracy is 72.1% for discriminating between 
enzymes and non-enzymes.

The F-score combined with IFS was proposed to opti-
mize feature set. At first, the 490 features are ranked accord-
ing to their F-score values. Secondly, the feature subset 
starts from a feature with the highest F-score value in the 
ranked feature set. The performance of this feature set was 
investigated by use of SVM with five-fold cross-validation. 
Thirdly, a new feature subset is produced when the feature 
with the second highest F value is added. The feature subset 
still inputs into SVM for evaluating its discriminated capa-
bility. This process is repeated by adding features sequential-
ly from the higher F to the lower F value until all candidate 
features are added. And each feature subset was examined. 
After examining the performance of all feature subsets, (Fig. 
1) shows that the maximum accuracy is 72.6% when 372 
features are used as inputs. It should be noted that the num-
ber of features (372) is dramatically less than the number of 
samples (3230), suggesting that the proposed method is reli-
able and efficient. 

Fig. (1). A plot showing the IFS procedure for discriminating hu-
man enzyme from non-enzyme. When the top 372 features were 
used to perform the prediction, the overall success rate reaches an 
IFS peak of 72.6%. 

Further, we repeated the above process on human en-
zyme functional class prediction. Firstly, it shows that over-
all accuracy is 43.2% in five-fold cross-validation for pre-
dicting six enzyme functional classes by using 490 features. 
Secondly, feature selection was also used to improve the 
accuracy. Results in (Fig. 2) show that when the top ranked 
225 features were used, the maximum Acc of 46.1% was 
achieved in five-fold cross-validation. 

3.2. Further Discussion 

It is necessary to compare the performance between the 
proposed method and other methods. However, it is not re-
ality because no published method specially focuses on the 
prediction of human enzyme functional classes. Thus, we 
just investigated the Acc achieved by completely random 
guess (CRG) [53]. For discriminating human enzymes from 
non-enzymes, the Acc achieved by CRG is 50.0%. If consid-
ering the weight or prior probability, the Acc is 
[1117�(1117/3230)+2113�(2113/3230)]/3230=54.8%. For 
predicting six classes of human enzymes, the Acc achieved 
by CRG is 16.7%. If considering the weight or prior proba-
bility, the Acc is [155�(155/1117) + 361�(361/1117) + 
404�(404/1117)+44�(44/1117)+35�(35/1117)+118�(118/11
17)]/1117=26.8%. Comparison showed that the proposed 
method can predict human enzymes and their functional 
classes.

Fig. (2). A plot showing the IFS procedure for predicting human 
enzyme functional classes. When the top 225 features were used to 
perform the prediction, the overall success rate reaches an IFS peak 
of 46.1%. 

Three kinds of features, namely GO, FunD and 
PsePSSM, have been applied in enzymes and their functional 
class prediction [9-12]. In these works, the prediction accu-
racies are usually higher than 90%, demonstrating that the 
information does play important roles in their model con-
struction. However, all of them have some defects. It is well 
known that less than 50% proteins in Uniprot have GO in-
formation. Thus, these enzyme prediction methods can not 
provide any information for the protein that has not been 
annotated in GO database. Similarly, for the proteins without 
3D structure, the FunD information cannot be used in predic-
tion model. Moreover, the PSSM information also has short-
comings. The PSSM of a protein depends largely on the 
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searching dataset. If no homologous sequence is found in the 
searching dataset, the PSSM will not give exact descriptions, 
thus leading to wrong prediction. Thus, our proposed model 
is more neat free and efficient as the input information is 
more objectively and easily obtained. 

Furthermore, a benchmark dataset with high homologous 
sequences will make the prediction results overestimate if 
the proposed method was trained and tested by such data 
[54-56]. For the most works, the model was trained and test-
ed on a dataset with the sequence identity of >40%. Thus, 
they can achieve high accuracies. In this paper, a very objec-
tive and strict benchmark dataset was constructed by exclud-
ing those proteins from the dataset that have equal to or 
greater than 30% sequence identity to any other in a same 
subset. Such standard data will guarantee the reliable of the 
prediction model. 

4. CONCLUSION 

Accurately identify human enzymes and their functional 
classes are very important steps for the functional annotation 
of enzymes and drug development. It can also benefit for 
enzyme-disease relationship research [57, 58]. The work in 
this study provides an efficient method on this issue. Espe-
cially, three kinds of new characteristics were introduced to 
incorporate into PseAAC. They can also be applied in other 
proteomic fields. Of course, the performance of the proposed 
method is still far from satisfactory. In the future, we will 
develop new descriptor, such as profile-based proteins [59], 
to improve its performance by merging into PseAAC, espe-
cially for dealing with big proteomics data [60]. 

LIST OF ABBREVIATIONS 

EC = Enzyme commission 
GO = Gene ontology 
PseAAC = Pseudo amino acid composition 
FunD = Functional domain composition 
PsePSSM = Pseudo position-specific scoring matrix 
WT = Wavelet transform 
SVM = Support vector machine 
Uniprot = Universal Protein Resource 
AAC = Amino acid composition 
AMD = Averaged mutational deteriorations 
Sn = Sensitivity 
Acc = Overall accuracy 
IFS = Incremental feature selection 
CRG = Completely random guess 
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