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Abstract

Apoptosis, or programmed cell death, plays an important role in development of an or-

ganism. Obtaining information on subcellular location of apoptosis proteins is very helpful to

understand the apoptosis mechanism. In this paper, based on the hydropathy characteristics, a

novel feature extraction method with triplet composition features for reduced protein sequence

is presented, and applied to apoptosis protein subcellular localization prediction associated with

support vector machine. The experiment results show that the new feature extraction method is

efficient to extract the information implicated in protein sequence and the method has reached

a satisfied performance despite its simplicity. The overall prediction accuracy of our proposed

method on dataset ZD98 reaches 96.9% in Jackknife test. For the dataset ZW225, the over-

all prediction accuracy achieves 89.8%. Comparison with other existing methods shows that

RTC SVM model is a very promising prediction model for apoptosis protein subcellular local-

ization and may at least play an important complementary role to existing methods.

1 Introduction

Apoptosis, or programmed cell death, is a fundamental process controlling normal tis-

sue homeostasis by regulating a balance between cell proliferation and death[1]. When
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apoptosis malfunctions, a variety of formidable disease can ensue: blocking apoptosis is

associated with cancer, and autoimmune disease, whereas unwanted apoptosis can pos-

sibly lead to ischemic damage or neurodegenerative disease[2]. Obtaining information

about subcellular location of apoptosis proteins will help us to understand the apoptosis

mechanism and functions of proteins. This is because subcellular location of proteins are

strongly correlated to their function. Thus, the determination of apoptosis protein sub-

cellular location remains a quite meaningful topic in bioinformatics and computational

biology. However, it is both time-consuming and expensive to do so based solely on exper-

imental techniques. Hence there exists a critical challenge to develop automated methods

for fast and accurate determination of the locations of proteins. Therefore there is a need

to develop reliable and effective computational methods for identifying the subcellular

classes of newly found proteins based on their primary sequences.

During the last decade, many different algorithms and efforts have been made to

address this problem. There are generally two aspects in the computational prediction:

feature vector and classification algorithm. Various sequence features have been applied

to represent protein sequences. Zhou and Doctor[3] firstly provided a method (covariant

discriminant algorithm) for predicting subcellular location of apoptosis proteins. Their

data set only consisted of 98 protein sequences with four kinds of subcellular locations.

Bulashevska and Eils[4] used the same dataset with Zhou and Doctor[3] to predict subcel-

lular location of apoptosis proteins by using hierarchical ensemble of Bayesian classifiers.

Zhang et al.[5] proposed a novel approach (group weight coding method, EBGW SVM)

in the expanded 151 and 225 protein sequences data set with other four kinds of sub-

cellular locations. In addition, many methods were proposed using support vector ma-

chine. Chen and Li[6] combined the increment of diversity algorithm with support vector

machine (ID SVM) in the 317 protein sequences data set provided into six kinds of sub-

cellular locations. Zhang et al.[7] proposed a novel approach (DF SVM) by combining

the distance frequency and support vector machine. Jian et al.[8] proposed a novel ap-

proach (2-BF SVM) by the frequency of 2-blocks and pK value of the α-NH+
3 group of

2-blocks and achieved the higher accuracy. Though the overall predictive accuracies have

been improved for apoptosis proteins using existed methods, the representation of pro-

tein sequence was mainly composed of the amino acid frequency[9–13] or sequence-order

information[7, 14–19].
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In this study, we develop a new computational method to predict apoptosis protein

subcellular localization by using the triplet composition features of reduced protein se-

quences which is obtained by the coding of the amino acids. Finally, the support vector

machine (SVM) classifier is employed to perform the prediction. Jackknife cross-validation

tests on two widely used benchmark datasets show that our method presents high predic-

tion accuracies in comparison with other existing methods.

2 Materials and methods

2.1 Datasets

To compare the accuracy of our prediction with those of existing prediction methods,

the datasets constructed by Zhou[3] and Chen[20] are adopted in our work. Proteins

in those datasets are extracted from Swiss-Prot[21]. The ZD98 consisted of 98 apoptosis

protein sequences, 43 of which are cytoplasmic proteins(CY), 30 plasma membrane-bound

proteins(ME), 13 mitochondrial proteins(MI) and 12 other proteins(OTHER). The acces-

sion numbers can be referred to [3, 20]. The other much larger dataset, ZW225, is also

adopted to further test the prediction model. The ZW225 dataset included 225 apoptosis

proteins in four subcellular localizations with 41 nuclear proteins(NU), 70 cytoplasmic

proteins(CY), 25 mitochondrial proteins(MI) and 89 membrane proteins(ME). All the

proteins in this dataset were selected from Swiss-Prot[21] using the same selection rule as

ZD98. Employed benchmarks in this study and the number of proteins belonging to each

class are shown in Table 1.

Table 1: The properties of ZD98 and ZW225 benchmarks.

Benchmark CY ME MI OTHER Total

ZD98 43 30 13 12 98

Benchmark NU CY MI ME Total

ZW225 41 70 25 89 225

2.2 Feature extraction methods

One of the key steps in developing a powerful predictor for a protein system is to formulate

the protein samples with an effective mathematical expression that can truly reflect their

intrinsic correlation with the attribute to be predicted[22].
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Structural similarity among proteins is reflected in the hydrophilic/hydrophobic dis-

tribution along the amino acids in the protein sequence. Similarities in the hydropathy

distributions are obvious for homologous proteins within a protein family. They are also

observed for proteins with related structures, even when sequence similarities are unde-

tectable.

Mutations happen in a more or less random manner at the molecular level, while

selections shape the direction of evolution. From the perspective of molecular evolution,

k-word frequency may reflect both the results of random mutation and selective evolution.

The triplet code is how the long strand of DNA is read. A copy of the DNA molecule is

translated on the ribosomes into a polypeptide. The ribosomes ”read” the DNA in groups

of 3 bases at a time. Each 3 bases code for a certain amino acid that is incorporated into

the polypeptide. In this section, we will explain briefly the reduced coding of amino acids

and triplet composition feature extraction strategies.

2.2.1 Reduced coding of amino acids

Research shows that physical and chemical properties of amino acids have an important

impact on the protein subcellular localization. And it has been confirmed that the hy-

drophilic/hydrophobic distribution of the amino acid sequence has an important role on

the formation of protein structure. On the basis of the idea that structure determines

function, we believe that the subcellular localization of proteins are closely related to the

hydrophilic/hydrophobic distribution of the amino acid sequence. So we adopt a new

reduced coding method of protein sequence based on the above assumption[23].

To obtain the hydropathy characteristics, the amino acids are divided into groups

using their individual hydropathies according to the ranges of the hydropathy scale (Table

1). Each group is characterized by that hydropathy characteristic that is common for

hydropathy of all amino acids in the group. Supposing that proteins composed of 20

amino acids with a single-letter code can be expressed as:

AA = A,C,D,E, F,G,H, I,K, L,M,N, P,Q,R, S, T, V, Y

Where A, C, D, E, F, G, H, I, K, L, M, N, P, Q, R, S, T, V or Y represents one of 20

amino acids respectively. According to the hydrophilicity/hydrophobicity of the amino

acid residues, they can be divided into strongly hydrophilic, highly hydrophobic, weakly
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hydrophilic or weakly hydrophobic amino acids and other categories, Because the proline,

glycine and cysteine have the special role on the protein structure, they are considered as

their respective category. In view of this classification, 20 kinds of amino acids are divided

into six categories which each category with a single letter, the six classifications are shown

in Table 2. According to the rule in Table 2, the representation of protein sequences is

characterized by the six letters R, B, W, P, G and C. For example, given a protein sequence

S = SCWMFKDGNAL, we can get its reduced sequence WCWBBRRGRBB. In the

following study, we extract the features based on the reduced protein sequence.

Table 2 Reduced coding of the amino acids

Classification Abbreviation Amino acid

Strongly hydrophilic (polar) R R, D, E, N, Q, K, H

Strongly hydrophobic B L, I, V, A, M, F

Weakly hydrophilic/hydrophobic W S, T, Y, W

Proline P P

Glycine G G

Cysteine C C

2.2.2 Triplet composition

Triplet composition(TC) is defined by three consecutive residue occurrence frequencies.

In this study, the TC of the reduced protein sequence, which has been previously obtained

according to the hydrophilic/hydrophobic distribution, is calculated. The method is as

follows:

Let Nm×n×k be the number of the consecutive triplets that appear in the amino acid

sequence, then

Nm×n×k =
N−2∑
i=1

Im,n,k(i, i+ 1, i+ 2), (m,n, k = 1, 2, · · · , 6) (2.1)

where Im,n,k(i, i+ 1, i+ 2) can be expressed as:

Im,n,k(i, i+ 1, i+ 2) =

 1 m,n, k represent i, i+ 1, i+ 2 − th residue;

0 else.
(2.2)

Triplet composition(TC) is represented by three consecutive residue occurrence fre-

quencies in the reduced protein sequence, that is to say, the reduced protein sequence is
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mapped into a point on the 6 × 6 × 6 = 216 dimensional Euclidean space, its reduced

triplet composition vector(RTC) representation is expressed as follows:

RCT (S) = (p1, p2, p3, · · · , p216), (2.3)

where pi can be calculated as follows:

pi =
Nm×n×k

N − 3 + 1
.(i = 1, 2, · · · , 216) (2.4)

2.3 Support vector machine

Support vector machine(SVM) is assumed to be a very powerful algorithm that often

achieves superior classification performance in comparison with other classification al-

gorithms [24]. The basic idea of SVM is to map data of samples into a high dimen-

sional Hilbert space and to seek a separating hyperplane in this space. There are total

four protein subcellular classes, and prediction of protein subcellular class is therefore a

four-classification problem. So we adopt the multiclass prediction method, SVM using

‘One-Versus-One’ strategy. Usually, four kinds of kernel functions, i.e. linear function,

polynomial function, sigmoid function and radial basis function(RBF), can be available

to perform prediction. Empirical studies have demonstrated that the RBF outperforms

the other three kinds of kernel functions [25, 26]. RBF kernel is defined as follows:

K(xi,xj) = e−γ‖xi−xj‖2 , (2.5)

where γ is the kernel parameter, xi and xj are input feature vectors. In this study, we

choose the RBF to perform prediction. The regularization parameter C and kernel pa-

rameter γ are optimized based on fifteen-fold cross-validation using a grid search strategy

in the LIBSVM software [27].

Here, we determine the values of C and γ by aiming to achieve the highest overall

prediction accuracy as possible. For this purpose, a simple grid search strategy is adopted,

where C is allowed to take a value only between 2−5 to 215 and γ only between 2−15 to 25

(fifteen-fold cross-validation). We use the dataset ZD98 to compute the overall prediction

accuracies for different combinations of C and γ. By the above grid search, we find that

the highest accuracy is obtained with the combination of C=1.4142 and γ=32. So we

choose C=1.4142 and γ=32 in our experiments.
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2.4 Prediction assessment

In statistical prediction, three cross-validation methods that are independent dataset test,

sub-sampling test and jackknife test often can be used to examine a predictor for its

effectiveness in practical application. Among these three methods, the jackknife test has

been increasingly and widely used to examine the performance of various predictors [28–

30]. Hence, the jackknife cross-validation is utilized to examine the power of our method.

During the process of the jackknife test, each protein sequence in the dataset is singled out

in turn as a test sample, and the predictor is trained by the remaining protein sequences.

The following measures are used to assess the performance of the classifiers used in

this study. The definition is showed as follows:

Precision = TP/(TP + FP )(P )

Recall or Sensitivity = TP/(TP + FN)(R, Sn)

Specificity = TN/(TN + FP )(Sp)

Overall accuracy = (TP + TN)/(TP + FN + FP + TN)(OA)

MCC =
TP × TN − FP × FN√

(TP + FP )(TP + FN)(TN + FP )(TN + FN)

where TP is the number of true positives, FP is the number of false positives, TN is the

number of true negatives and FN is the number of false negatives, respectively. OA is

the overall accuracy for all the classes. The Matthews correlation coefficient (MCC) value

takes account of both over- and under-predictions and is between -1 and 1.

3 Results and discussion

3.1 Prediction performances of our method

The prediction method is examined with two benchmark datasets including ZD98 and

ZW225 by jackknife test and report the Accuracy, Sensitivity, Specificity and MCC for

each protein subcellular class, as well as the OA. The results are shown in Table 3.

From Table 3, we can see that the overall accuracies for the two datasets are all

above 89%. For the dataset of ZW225, the fourth class is nuclear proteins, while for

the dataset ZD98, it is else proteins. Specifically, the overall accuracies of 96.9% and
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Table 3 The prediction quality of our method on two test datasets.
Dataset Class Sensitivity(%)Specificity(%) MCC(%)

ZD98 CY 100 96.4 95.9
MI 84.6 100 90.9
OTHER 91.7 100 95.2
ME 100 98.5 97.7
OA 96.9

ZW225 NU 87.8 97.3 85.1
CY 91.4 96.1 87.6
MI 92.1 95.6 87.9
ME 80.0 97.0 75.7
OA 89.8

89.8% are achieved for the datasets ZD98 and ZW225, respectively. If comparing the four

subcellular classes to each other, the predictions of the cytoplasmic proteins(CY) and

plasma membrane-bound proteins(ME) in ZD98 dataset run up to the highest accuracies

100%. The Specificity values reach 100% both in the mitochondrial proteins(MI) and other

proteins(OTHER). Furthermore, the MCC coefficients for all four protein subcellular

classes are higher than 90%.

Referring to the ZW225 dataset, our method RTC SVM also performs satisfactorily

with prediction accuracies of 89.8%. Specifically, the overall accuracies of 87.8%, 91.4%,

92.1% and 89.8% are achieved for the classes nuclear proteins(NU), cytoplasmic pro-

teins(CY), mitochondrial proteins(MI) and membrane proteins(ME), respectively. Also

the Specificity values for all the four classes reach higher than 95%. Furthermore, the

MCC coefficients for all four protein subcellular classes are higher than 75%. The pre-

diction performance for two datasets are variant. This may be owing to the discrepancy

of dataset traits, e.g. the size, sequence homologous and unbalance of subset. And the

sequence homologous will greatly affect the prediction performance.

Hence, we may conclude that the triplet composition features which are extracted by

the reduced protein sequences make their positive contributions to the overall predictions.

In other words, as more effective features are involved in the prediction, the overall ac-

curacy are shown to increase steadily. The results show that RTC SVM is effective and

helpful for prediction of apoptosis protein subcellular location.
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3.2 Comparison with existing methods

To further evaluate the prediction performance of the current method objectively, we

also make comparisons with some previously published methods studied on the same

dataset by the jackknife tests. Among the compared methods, we denoted the model

with dipeptide composition and increment of diversity algorithm as Dipep Diver; model

with EBGW and SVM as EBGW SVM; model with the distance frequency and SVM as

DF SVM and model with the frequency of 2-blocks and SVM as 2-BF SVM. The detailed

results are shown in Tables 4 and 5.

Table 4 Performance comparison of different methods on ZD98 dataset.

Method Prediction accuracy(%)

CY(43) ME(30) MI(13) OTHER(12) OA(%)

Covarianta 97.7 73.3 30.8 25.0 72.5
Dipep Diverb 88.4 90.0 92.3 50.0 84.7
BCc 90.7 90.0 92.3 50.0 85.7
Hens BCd 95.3 90.0 92.3 66.7 89.8
ID SVMe 95.3 93.3 84.6 58.3 88.8
EBGW SVMf 97.7 90.0 92.3 83.3 92.9
DF SVMg 97.7 96.7 92.3 75.0 93.9
2-BF SVMh 97.7 96.7 91.7 83.3 94.9
This paper 100 100 84.6 91.7 96.9

aThis result is based on Covariant method[3].
bThis result is based on Dipep Diver method[20].
cThis result is based on BC method[4].
dThis result is based on Hens BC method[4].
eThis result is based on ID SVM method[6].
fThis result is based on EBGW SVM method[5].
gThis result is based on DF SVM method[7].

hThis result is based on 2-BF SVM method[8].

Table 5 Performance comparison of different methods on ZW225 dataset.

Method Prediction accuracy(%)

NU(41) CY(70) MI(25) ME(89) OA(%)

Dipep Divera 70.7 81.4 76.0 51.7 67.1
EBGW SVMb 63.4 90.0 60.0 93.3 83.1
DF SVMc 73.2 87.1 64.0 92.1 84.0
ID SVMd 73.2 92.9 68.0 91.0 85.8
This paper 87.8 91.4 92.1 80.0 89.8

aThis result is based on Dipep Diver method[20].
bThis result is based on EBGW SVM method[5].
cThis result is based on DF SVM method[7].
dThis result is based on ID SVM method[6].
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From Table 4, we can find that the prediction capacity of our method RTC SVM is

stronger than that of other existing models. The overall prediction accuracy of RTC SVM

is 8.1, 4.0, 3.0 and 2.0 percentile higher than that of ID SVM, EBGW SVM, DF SVM and

2-BF SVM, respectively. Especially for the other class proteins, the prediction accuracy of

other models do not exceed 83.3%, while that of RTC SVM achieves 91.7%. From Table

4, we also find that among the existing models, the prediction accuracy of RTC SVM

achieves the highest 100% for the cytoplasmic proteins(CY) and plasma membrane-bound

proteins(ME).

For the dataset ZW225, the prediction results of three models are listed in Table 5.

The overall prediction accuracy of RTC SVM reaches 89.8%, which is 22.7, 6.7 and 4.0

percentile higher than that of Dipep Diver, EBGW SVM and ID SVM. Especially for

the nuclear proteins(NU) and the mitochondrial proteins(MI), the prediction accuracies

of RTC SVM are 24.4% and 32.1% higher than those of EBGW SVM model; 14.6% and

24.1% higher than those of ID SVM model. But we also notice that for the membrane

proteins(ME), the prediction accuracy of RTC SVM is lower than that of EBGW SVM

or ID SVM model but higher than that of Dipep Diver model. These results show that

the prediction capacity of different models are complementary, if we can better joint them

together, the prediction accuracies will be further improved. The hybrid model will be

taken into consideration to further improve the prediction accuracy in our future work.

The different performances on the two datasets are presumably due to the different

numbers of sequences in the dataset and possibly multiple localizations of these sequences.

At present, our method does not deal with multiple subcellular localizations. However, it is

straightforward to extend our approach to the case of multiple localizations, because SVM

output is, in fact, a probability distribution of subcellular localization, we can set a proper

probability threshold to determine the possible subcellular compartment candidates. In

summary, the outstanding performance of the current method can be attributed to the

effective usage of the triplet composition features that are extracted from the reduced

protein sequence with the coding of amino acids as well as well-trained SVM.

4 Conclusions

Prediction of apoptosis protein subcellular localization can provide important information

about their functionalities. The accuracy of predicting apoptosis protein subcellular lo-

-568-



calization is mainly depended on the representation vector of a protein sequence and the

classifier for prediction. Though some of existing methods have shown the state-of-the-

art performance, there is always room for improvement. Hydropathy is one of important

physicochemical properties of amino acids, and is better conserved than protein sequences

in evolution. In this paper, by introducing the reduced coding of the amino acids accord-

ing to the hydrophobic/hydrophilic or other categories and triplet composition, a novel

reduced triplet composition vector is proposed to predict subcellular localization. Then

we apply it to predict apoptosis proteins with support vector machine method on two

benchmark datasets ZD98 and ZW225. The results of the jackknife cross validation test

using the standard datasets show that the proposed method can be used as an efficient

approach for predicting apoptosis protein subcellular localization. Our method achieved

an overall prediction accuracy of 96.9% and 89.8% for the two widely used datasets, ZD98

and ZW225, respectively. The experiment results show that RTC SVM approach is con-

venient to calculate and provides an effective tool to extract valuable information from

protein sequences, which may be a useful tool in other assignment problems in proteomics

and genome research.
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