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a b s t r a c t 

Apoptosis, or programed cell death, plays a central role in the development and homeostasis of an organ- 

ism. Obtaining information on subcellular location of apoptosis proteins is very helpful for understanding 

the apoptosis mechanism. The prediction of subcellular localization of an apoptosis protein is still a chal- 

lenging task, and existing methods mainly based on protein primary sequences. In this paper, we intro- 

duce a new position-specific scoring matrix (PSSM)-based method by using detrended cross-correlation 

(DCCA) coefficient of non-overlapping windows. Then a 190-dimensional (190D) feature vector is con- 

structed on two widely used datasets: CL317 and ZD98, and support vector machine is adopted as clas- 

sifier. To evaluate the proposed method, objective and rigorous jackknife cross-validation tests are per- 

formed on the two datasets. The results show that our approach offers a novel and reliable PSSM-based 

tool for prediction of apoptosis protein subcellular localization. 

© 2016 Elsevier Inc. All rights reserved. 

1. Introduction 

Life science research have entered the post-genome era, and 

have focused on functional genomics. Protein subcellular localiza- 

tion is closely related to its function, and also maintain highly or- 

dered cell guarantee for normal operation of the system [1] . Stud- 

ies of protein subcellular localization is very helpful to understand 

the properties and functions of protein, understand the interac- 

tion between proteins and regulation mechanism, understand the 

pathogenesis of some diseases and develop new drug. However, 

the traditional biological experiments are both time consuming 

and costly. Therefore, development of fast and effective machine 

learning method for predicting protein subcellular localization is 

very necessary. In this paper, we will investigate apoptosis protein 

subcellular localization. 

Apoptosis is a form of death the cell itself initiates, regulates, 

and executes using cellular and molecular machinery. so, apopto- 

sis is also called “programed cell death”. When apoptosis malfunc- 

tions, a variety of formidable diseases can ensue: excessive apopto- 

sis causes hypotrophy, such as in ischemic damage [2,3] , whereas 

blocking apoptosis results in uncontrolled cell proliferation, such 

as cancer [4] . The function of an apoptosis protein is closely cor- 

related with its subcellular location [5] , therefore, predicting the 

subcellular location of apoptosis proteins is important and helpful 
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to understand its mechanism and function. Over the past decade, 

various important methods that have been made to establish a re- 

ally useful statistical predictor to solve this problem. These meth- 

ods mainly focus on two aspects: the first aspect is feature ex- 

traction, by which the different length sequences are converted 

into a fixed-length vector. The methods include amino acid com- 

position (AAC) [6,7] , pseudo-amino acid composition (PseAAC) [8–

10] , dipeptide composition [11] , encoding method with grouped 

weight [12] , distance frequency [13] and discrete wavelet trans- 

form [14] , the second aspect is a choice of favorable classification 

algorithm. Currently, the algorithm contains fuzzy k -nearest neigh- 

bor [15] , support vector machine (SVM) [9,12–14] , adaptive boost- 

ing technique [16] , Bayesian classifier [17] , hierarchical ensemble of 

Bayesian classifiers [17] and increment of diversity algorithm [11] . 

Despite some of the existing methods have shown the excel- 

lent performance, the information mainly is from apoptosis protein 

primary sequences. To extract the evolutionary information, which 

represented in the form of position-specific score matrix (PSSM) 

is adopted. In this paper, we focus on developing the features ex- 

traction technique to predict subcellular location of apoptosis pro- 

teins using the detrended cross-correlation (DCCA) coefficient of 

non-overlapping windows based only on PSSM. The DCCA coeffi- 

cient ( ρDCCA ) [18] is a new method to quantify the level of cross- 

correlation between two non-stationary time series. This method is 

defined in terms of detrended fluctuation analysis (DFA) [19] and 

detrended cross-correlation analysis (DCCA) [20] , and can be con- 

sidered as an evolution of the DCCA method. The ρDCCA is applied 

in meteorology [21] , in time series of homicide and attempted 
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Table 1 

The compositions of two datasets adopted in this paper. 

Dataset Cy Me Mi Se Nu En Total 

CL317 112 55 34 17 52 47 317 

Dataset Cy Me Mi Other – – Total 

ZD98 43 30 13 12 – – 98 

homicide [22] , in economy [23] , in aero-engine system [24] , among 

others. In this paper, each column of PSSM is a non-stationary time 

series, so we can obtain a ρDCCA for two different columns. PSSM 

of each protein sequence contains 20 different columns, hence, we 

can constructed a 190D feature vector for SVM classifier. To eval- 

uate our method, jackknife test is employed on CL317 and ZD98 

benchmark datasets, the experimental results demonstrate that our 

approach is a potential candidate for prediction of apoptosis pro- 

tein subcellular localization. 

2. Materials and methods 

2.1. Datasets 

In order to compare the accuracies of our prediction with the 

previous works, two benchmark datasets: CL317 and ZD98 are 

adopted in this paper. CL317 dataset is constructed by Chen and 

Li [8] , and the ZD98 dataset is constructed by Zhou and Doc- 

tor [6] . Proteins in those datasets are extracted from SWISS-PROT 

[25] database. The CL317 consists of 317 apoptosis protein se- 

quences, which include 112 cytoplasmic proteins (CY), 55 mem- 

brane proteins (ME), 34 mitochondrial proteins (MI), 17 secreted 

proteins (SE), 52 nuclear proteins (NU) and 47 endoplasmic reticu- 

lum proteins (EN). The ZD98 dataset consists of 98 apoptosis pro- 

tein sequences, which include 43 cytoplasmic proteins (CY), 30 

plasma membrane-bound proteins (ME), 13 mitochondrial proteins 

(MI) and 12 other proteins (OTHER). The number of proteins be- 

longing to each class for CL317 and ZD98 datasets is listed in 

Table 1 . 

2.2. Feature extraction 

One of the key steps in developing a powerful predictor for the 

apoptosis protein subcellular localization based on PSSM is to for- 

mulate the protein samples with an effective mathematical expres- 

sion that truly reflect their intrinsic correlation. Here, we define 

detrended cross-correlation (DCCA) coefficient on PSSM to extract 

features. 

2.2.1. Position-specific scoring matrix 

Recently, multiple sequence alignment information in form of 

position-specific scoring matrix (PSSM) has been used for develop- 

ing methods, and PSSM has been used for predicting protein sub- 

cellular localization. To extract the evolutionary information, PSSM 

is generated by using PSI-BLAST program [26] to search the SWISS- 

PROT database through three iterations with 0.001 as E -value for 

multiple sequence alignment against the protein sequence P . The 

( i, j )th entry of the position-specific scoring matrix represents the 

score of the amino acid residue in the i th position of the protein 

sequence being mutated to amino acid type j in the biology evolu- 

tion process. PSSM is denoted as 

P SSM = (P 1 , P 2 , . . . , P j , . . . , P 20 ) , (2.1) 

where P j = (P 1 , j , P 2 , j , . . . , P L, j ) 
T ( j = 1 , 2 , . . . , 20) , L represents the 

length of the protein sequence P , and T is the transpose operator. 

We further normalize each element for the original PSSM scores 

using the following sigmoid function: 

f (s ) = 1 / (1 + e −s ) , (2.2) 
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Fig. 1. Any column from any PSSM for CL317 dataset. 
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Fig. 2. Any column from any PSSM for ZD98 dataset. 

where s represents the original value of each element for PSSM, 

this process can reduce the bias and noise contained in the original 

scores. 

2.2.2. DCCA coefficient method based on PSSM 

For non-stationary time series analysis, it is widely car- 

ried out by detrended fluctuation analysis (DFA), detrended 

cross-correlation analysis (DCCA), and detrended cross-correlation 

(DCCA) coefficient ( ρDCCA ). The DCCA coefficient method is an 

extension of the DCCA and the DFA. A protein sequence can 

be viewed as a non-stationary time series of the corresponding 

physicochemical property. Here, only the evolutionary information 

represented in the form of PSSM is adopted as the considered 

property. In this work, each amino acid is taken as one property 

and the PSSM is considered as the time series of all properties. 

Each PSSM of our adopted datasets contains 20 columns, in other 

words, contains 20 non-stationary time series. We randomly se- 

lect any column from any PSSM for CL317 and ZD98 datasets, re- 

spectively. Figs. 1 and 2 indicate that the columns of PSSM can be 

viewed as non-stationary time series. 

For two different columns of PSSM corresponding to the pro- 

tein sequence P , { x k } and { y k }, with k = 1 , 2 , . . . , L, L represents 

the length of the protein sequence P . The DCCA coefficient method 
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