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Abstract With many proteins sequenced, the ability of predicting protein function from sequence
is becoming more and more important. Currently, methods for inference of the protein functional
annotation are mostly based on identifying a known function protein which is similar to the query
protein. However, for the proteins that are dissimilar or only similar to the unknown proteins, these
methods will lose effectiveness. In this paper, we propose a new method for distinguishing enzymes
from non-enzymes without similarity search. We use conjoint triad feature, secondary-structure
content and surface pocket properties to describe 1178 high-resolution proteins, and apply support
vector machine approach to assign these described proteins class. With 10-fold cross-validation, the
accuracy of predicting functional class of enzymes and non-enzymes is about 85.19%. Moreover,
by choosing the ‘informative’ features, the accuracy can be improved to 86.31%. These results
suggest that this newly sequence-based method can be used to discover the other functional class
membership of proteins.

Keywords Protein function; Functional class of enzymes and non-enzymes; Support vector clas-
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1 Introduction
With many proteins sequenced, the ability of predicting protein function from se-

quence is becoming more and more important. Among all groups of proteins, enzymes are
the largest and most diverse one and they catalyze all chemical reactions in the metabolism
of all organisms[18], so the ability of predicting functions of enzymes is essential for un-
derstanding molecular mechanisms. However, inference of functional annotation for a
newly-sequenced protein is still a time-consuming and costly task purely relying on bio-
chemical experiments. It is highly desired to develop an efficient computational method
to implement this task.

As one kind of computational method, similarity search among proteins with known
function is the basis of current function prediction methods [16, 11]. They deduce the
protein function by identifying sequence or structural similarity to a known function pro-
tein. However, for the proteins that are dissimilar or only similar to the unknown proteins,
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these methods will lose effectiveness. In order to remedy this case, many machine learn-
ing methods were used, which obtained encouraging results. For example, as an excellent
machine learning method, support vector machines (SVMs) which are motivated by sta-
tistical learning theory [20, 21], have been successfully applied to a wide range problems
in bioinformatics, including cancer classification [3, 17, 12], protein-protein interaction
prediction [1], protein fold recognition [8], protein structure prediction [6] and so on.
They also serve as effective methods for protein function classification [5, 9]. In [9],
the authors described proteins using features of secondary-structure content, amino acid
propensities, surface properties and ligands, and they applied support vector classification
(SVC) to predict enzyme function, the accuracy of which is about 80.17% . In [2], the au-
thors transformed the sequence, second structure, surface and biochemical information of
a protein to a graph, by using graph kernel and SVC on these protein graphs, they obtained
an improved predicting accuracy of 84.04% on the same dataset (created by Dobson and
Doig [9]).

A lot of approaches of feature representation have been used in prediction of pro-
tein function, including amino acids composition (AAC). The AAC feature representa-
tion is denoted by a 20-dimensional vector which consists of occurrence frequencies of
the amino acids. Owing to lack of the sequence order information, some modified ver-
sion of AAC such as pseudo amino acid composition (Pse-AAC, Chou and Elrod, 2003)
and amphiphilic pseudo-amino acid composition (Am-Pse-AAC, Chou, 2005) have been
developed. However, both Pse-AAC and Am-Pse-AAC have some parameters to be de-
termined, and also need the property of physio-chemistry of amino acids. Therefor, it is
highly desired to develop a simple and efficient feature representation method.

Recently, Shen et al. propose a simple method based only on the information of
protein sequences for protein-protein interactions (PPIs) prediction [19]. They used SVC
with a conjoint triad feature for describing proteins, obtained much higher prediction
accuracy than other sequence-based PPIs prediction methods. Inspired by this, we present
a new method that combines secondary-structure content and the size of largest surface
pocket with this conjoint triad feature to describe proteins. We also apply SVC to predict
enzyme function and test its performance on the dataset used in [9].

2 Materials and methods
2.1 Material

The dataset used here is same to that used in [2, 9], which was obtained from PDB
database. To reduce the homology bias, a redundancy cutoff was operated such that no
chain in any protein aligns to any other chain in the same functional class with a Z-
score≥ 3.5. Finally, 691 enzymes and 487 non-enzymes were obtained. The detailed
description can be found in [9].

2.2 Method
2.2.1 Support vector classification

Since SVMs were proposed in the 1990s, they have been successfully applied to a
wide range of pattern recognition problems including handwriting recognition, object
recognition, face detection, text categorization and so on [4]. Now we briefly introduce
the standard algorithm C-SVC for classification problems:
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For the given training set

T = {(x1,y1), · · · ,(xl ,yl)} (1)

with input xi = (xi1, · · · ,xin)T ∈ Rn and output yi ∈ {−1,+1}, where xi j represent the jth
feature of the ith feature vector xxxi. Let φ : Rn →H be a mapping from input (feature)
space to a Hilbert space H . C-SVC finds a hyperplane (w ·φ(x))+b = 0 which can sep-
arate the two classes with the maximal margin and minimal training errors in the Hilbert
space. By applying a kernel function to replace the inner product in H , the corresponding
decision function is

f (xxx) = sgn(
l

∑
i=1

α∗
i yiK(xxxi,xxx)+b∗), (2)

where α∗ is the solution of the following optimization problem

min
α

1
2

l

∑
i=1

l

∑
j=1

yiy jαiα jK(xxxi,xxx j)−
l

∑
j=1

α j, (3)

s.t.
l

∑
i=1

yiαi = 0,0 6 αi 6 C, i = 1, · · · , l, (4)

and b∗ can be obtained as follows: if there exist α∗
j ∈ (0,C), j = 1, · · · , l, then

b∗ = y j−
l

∑
i=1

yiα∗
i K(xxxi,xxx j). (5)

Many kernel functions can be used in C-SVC, including polynomial kernel K(xxxi,xxx j) =

(1+(xxxi · xxx j))d , RBF kernel K(xxxi,xxx j) = exp
(
−‖xxxi− xxx j‖

2σ2

)
and so on. In [9], RBF kernel

is used because it perform well than other kernels, so in this paper, we use RBF kernel
function to test the performance of our method.

2.2.2 Construction of feature vectors
1. Conjoint triad(CT) feature vectors
Construction of feature vectors for each type of data dominates the learning capability

of the SVC. Since applying the conjoint triad feature with SVC can obtain the promising
results for predicting PPIs. This imply the efficiency of such description, so we follow the
idea here. Now we briefly introduce this feature vector construction method.

Classifying amino acids. Based on the dipoles and volumes of the side chains, the 20
amino acids can be classified into seven classes. Amino acids within the same class likely
involve synonymous mutations because of their similar characteristics.

Constructing feature vectors by conjoint triad [19]. Each protein sequence can be
projected into a vector by counting the frequencies of each amino acid triad (any three
continuous amino acids) type.

First, representing each protein sequence by a binary space (V,F), where V =(v1,· · · ,vm)
represents the vector space of sequence features, and each feature vi represents a sort of
triad type; F = ( f1, · · · , fm) is the frequency vector corresponding to V , and the value of
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the fi is the frequency of type vi appearing in the corresponding protein sequence. Be-
cause the amino acids have been catalogued into seven classes, the size of V should be
7× 7× 7 = 343; thus, m = 343. The detailed definition for (V,F) are illustrated in [19].
Clearly, the value of fi correlates to the length (number of amino acids) of a protein. In
general, a long protein would have a large value of fi, which complicates the comparison
between two heterogeneous proteins. To solve this problem, di as normalized fi is defined
with the following equation:

di =
fi−min{ f1, f2, · · · , f343}

max{ f1, f2, · · · , f343} . (6)

Thus, a 343-dimension vector corresponding to a protein can be constructed.
2. Secondary structural(SS) features
For secondary structural property which can be obtained by the the algorithm of GOR

[22] , features are extracted from primary sequence based on three descriptors: ‘compo-
sition’: percent composition of 3 constituents (e.g. α-helic, β -sheet, coil ); ‘transition’
: the transition frequencies(α-helic to β -sheet, β -sheet to coil etc.); and ‘distribution’:
the distribution pattern of constituents (where the first residue of a given constituent is
locates, and where 25%, 50%,75% and 100% of that constituent are contained). For con-
crete details, see [10]. Then, a 21-dimension vector corresponding to a protein can be
constructed.

3. Surface features
For surface property which can be calculated by the cavity detection algorithm CASTp

[23] , two features are extracted separately from the area and volume of largest surface
pocket, which represent the size of surface pocket for a protein. Then, a 2-dimension
vector corresponding to a protein can be constructed.

4. ‘Informative’ features
From these three above type features (343+21+2), the ‘informative’ features were

selected via the following criteria (F-score): first, for the jth feature, calculate

P( j) =
(µ1( j)−µ( j))2 +(µ−1( j)−µ( j))2

σ2
1 ( j)+σ2

−1( j)
, j = 1, · · · ,n,

where µ1( j) and µ−1( j) are the mean values of jth feature of all inputs in class +1(enzyme)
and class−1 (non-enzyme) respectively, where µ( j) is the mean value of jth feature of all
input; σ1( j) and σ−1( j) are the standard deviations of jth feature of all inputs in class +1
and class −1 respectively. Then rank P( j)( j = 1, · · · ,n) in descending order and choose
the top 120 corresponding features as the ‘informative’ features. Note that, the number of
the ‘informative’ features (120) is determined by the cross-validation.

3 Results and discussion
In this section, we evaluate the performance of the new method for distinguishing

enzymes from non-enzymes. The experiments were implemented by Libsvm (version
2.84) [15].
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3.1 Parameters selection
The performance of C-SVC heavily depends on the selection of several parameters.

In our experiments, parameters C,σ should be appropriately chosen, as C controls the
tradeoff between maximizing the margin and minimizing the training error, and σ dom-
inate the generalization ability of SVC by regulating the amplitude of the RBF ker-
nel function. For every test, we selected them by 3-fold cross-validation in the train-
ing set, and C was chosen from the set {0.25,0.5,1,5,10,100,1000}, σ from the set
{0.1,0.25,0.5,1,5,10,100}, then the optimal parameter pairs (C∗,σ∗) were used in SVC.

3.2 Comparison with other methods
We constructed 5 different datasets by using different feature vectors, such as the

dataset with only conjoint triad features (i.e. the data with 343 dimensions), the dataset
with conjoint triad features and secondary structure features (343+21 dimensions), and so
on. Then for each dataset we perform the C-SVC algorithm.

The results of average prediction accuracy and the standard deviation in 10-fold cross-
validation with C-SVC are listed in table 1. For example, using the conjoint triad feature
vector (343 dimensions) in C-SVC, the average accuracy is 82.48% , it is better than
the method [9] which requires additional information (such as ligands, surface pocket,
secondary structure and bonds of the protein).

We can see in Table 1 that the average classification accuracy corresponding to 366-
dimension vector is 85.19%, which is not only better than the vector model proposed
by Dobson and Doig and graph kernel model proposed by Smola, but also better than
the result of conjoint triad feature vector (343-dimension). This suggests that the infor-
mation of secondary structure and surface can improve the prediction accuracy, and are
important to determine the functional class of enzyme. Furthermore, by selecting the 120
‘informative’ features in 366 features, the accuracy was improved to 86.31%. Among
these ’informative’ features, 104 are sequence features, 14 are secondary structure fea-
tures and 2 are surface features. Surface of protein is further proved to be important to
distinguish enzymes from non-enzymes, and this result also imply that there exist some
relative small regions in protein sequence which determine the functional class member-
ship of protein. Future work can focus on detecting these important sequence regions to
improve the accuracy of prediction.

3.3 The other evaluation criterion
Moreover, enzymes is the most focus of our attention, since it is important for fur-

ther study, including predicting the family and subfamily of enzymes and so on, so
precision( true positive

true positive+ f alse positive ) and sensitivity ( true positive
true positive+ f alse negative ) are used to eval-

uate the the ability of identifying enzymes of our method. Because the results of Dobson
and Smola methods under these criterion were not reported on the corresponding liter-
atures [2, 9], and we didn’t construct the feature vector as Dobson and Smola done for
simplicity, so we only reported the results of our method under these criterion in Table 2.
The precision is in the range of 85%−87%, the sensitivity is in the range of 87%−89%.
The good performance of present method can be seen clearly.
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Table 1: The first line list the results obtained in[9], the second line list the results obtained in[2],
the following lines lists the results of the conjoint triad feature vector construction method, the
conjoint triad method add up the information of secondary structure, surface pocket, secondary
structure and surface pocket respectively, the last line is the results obtained from ‘informative’
features-based method.

Feature type Accuracy% St.dev
Features in [9] 80.17 1.24

Graph f ature in [2] 84.04 3.33
CT (343) 82.48 2.46

CT (343) + SS (21) 83.62 2.84
CT (343) + sur f ace (2) 84.78 1.69

CT (343) + SS (21) + sur f ace (2) 85.19 2.03
‘In f ormative′ f eatures (120) 86.31 1.19

Table 2: The performance of the new methods
Feature type Sensitivity% Precision%

CT (343) 87.32±3.59 85.14±2.69
CT (343) + SS (21) 88.38±2.64 86.75±2.77

CT (343) + sur f ace (2) 88.94±1.43 84.74±2.37
CT (343) + SS (21) + sur f ace (2) 89.89±1.86 85.91±1.57

‘In f ormative′ f eatures (120) 89.55±1.59 87.67±1.88

Table 3: The results of predicting 56 no-functional annotations proteins
Accuracy% Sensitivity% Precision%

88.46 88.89 88.89

3.4 Results of 56 no-functional annotations proteins
There are 56 protein which have no-functional annotations in the dataset provided

by Dobson and Doig, now these functional class can be obtained by PDB and ExPASy
database. We use the present method to identify whether they are enzymes or not, and the
results are listed in table 3. Among 27 enzymes in these 56 proteins, we only missed 3
enzymes.

4 Conclusions
In this paper, a new method for predicting enzyme function was proposed. The present

method combines structure and surface information with a conjoint triad feature to de-
scribe proteins and applied SVC on these described proteins. Even only use the conjoint
triad feature vector in SVC, the average accuracy is better than the method in [9] which
requires additional information (such as ligands, surface pocket, secondary structure and
bonds of the protein). This imply the rich information in sequence is conclude in con-
joint triad feature. After adding structure and surface information into these conjoint triad
feature vectors, more better results can be obtained. Furthermore, by choosing the ‘infor-
mative’ features , more promising results can be obtained. These results suggest that our
new method for predicting enzyme function can also be used to identify the other protein
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functional class membership.
In this paper, we focus on the proteins whose surface pockets are exist. Once the

target protein can’t find any pocket, one can use zero to replace the corresponding feature
value. Alternatively, this missing feature can also be considered as structural absent, you
can use the modified version of SVM [7] to solve this problem.

From the present work, we feel that using the more relevant feature to class mem-
bership, the higher accuracy of prediction will be obtained. So future work will aim at
finding the highly relevant features to the functional class membership and design the
efficient feature vector construction method to improve the prediction accuracy.
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