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Apoptosis proteins play an important role in the development and homeostasis of an organism. The elucidation of

the subcellular locations and functions of these proteins is helpful for understanding the mechanism of programmed cell

death. In this paper, the recurrent quantification analysis, Hilbert–Huang transform methods, the maximum relevance

and minimum redundancy method and support vector machine are used to predict the subcellular location of apoptosis

proteins. The validation of the jackknife test suggests that the proposed method can improve the prediction accuracy

of the subcellular location of apoptosis proteins and its application may be promising in other fields.
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1. Introduction

In the post-genomic era, with an increasing num-
ber of prokaryotic and eukaryotic genomes being se-
quenced, more and more protein sequences are avail-
able for analysis. It is not viable for the relevant in-
formation about a protein to be determined by con-
ducting time-consuming and costly chemical experi-
ments alone. Obviously, it is imperative to develop
fast computational methods to accurately and reli-
ably determine the structures and functions of un-
characterized proteins,[1−3] which can be utilized for
both basic research and drug discovery.[4] The func-
tion of a protein is closely related to its subcellular
location. In the past few years, different methods
have been used to determine subcellular locations of
proteins, including neural networks,[5] support vector
machines,[6] complexity measures,[4,7] the fuzzy k-NN
method,[8] naive Bayes classification,[9] pseudo amino
acid composition,[10,11] Markov chain models,[12] and
semi-supervised learning.[13] These methods integrate

various biological data sources.[14−16]

Apoptosis, also called programmed cell death, is
a type of cell death that plays an important role in
normal tissue homeostasis by regulating a balance be-
tween cell proliferation and death.[17] When cells un-
dergo apoptosis, they usually exhibit a characteristic
morphology including fragmentation of the cell into
membrane-bound apoptotic bodies, nuclear and cy-
toplasm condensation and hemolytic cleavage of the
DNA into small oligonucleosomal fragments.[18] When
apoptosis goes wrong, many diseases can ensue: block-
ing apoptosis is associated with cancer and autoim-
mune diseases,[19,20] while unwanted apoptosis can
possibly lead to ischemic damage[21,22] or neurodegen-
erative diseases.[23] Therefore, determining subcellular
locations of apoptosis proteins contributes to the un-
derstanding of the apoptosis mechanism and functions
of proteins.[23,24]

In 2003, Zhou and Doctor[25] first explored a
dataset with 98 apoptosis proteins (DB98), which con-
tains four types of subcellular locations and used the
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covariant discrimination function to predict their sub-
cellular locations. The resulting overall prediction ac-
curacies in the re-substitution test and jackknife test
are 90.8% and 72.5%, respectively. Bulashevska and
Eils[26] further improved the jackknife test accuracy
by using a hierarchical ensemble of a Bayesian classi-
fier. In 2006, Zhang et al.[27] built a new dataset with
225 apoptosis proteins (DB225) and developed a new
method by combining a grouped weight of protein se-
quences and a support vector machine (EBGW SVM).
Their jackknife test result achieved 83.1% for this
dataset. Ding and Zhang[28] applied the fuzzy k-
nearest neighbour algorithm to dataset DB225 and im-
proved the overall prediction accuracy. In 2007, Chen
and Li[29] constructed another new apoptosis protein
dataset with 317 proteins (DB317) and proposed a hy-
brid approach based on the increment of diversity al-
gorithm and support vector machine (ID SVM). Since
most of the previous methods extracted n-peptide
composition information from a protein sequence, the
sequence-order information is lost. Although Chen
and Li[30] considered local sequence-order information
based on Chou’s concept of pseudo amino acid com-
position, the overall prediction accuracy was not sig-
nificantly improved. Zhang et al.[31] developed a new
representation for protein sequences and the jackknife
test result reached 88% on dataset DB317 by com-
bining with the support vector machine. Gu et al.[32]

extracted ensemble features and then used the binary
particle swarm optimization method to extract effec-
tive features, the jackknife results achieved 91.5% and
88.0% for datasets DB317 and DB225, respectively.

In this paper, we intend to predict the subcel-
lular locations of apoptosis proteins on three bench-
mark datasets (DB98, DB225, DB317).[25,27,29] For
each protein sequence, the amino acid composition
(AAC) is first calculated and 20 characteristic pa-
rameters are generated. Then, the protein sequences
are converted into two different time series by using
the hydrophobic free energies and solvent accessibility
scales of 20 amino acids, which have been used to pre-
dict structural classes of large proteins.[33] Measured
in kcal/mol, the hydrophobic free energies of 20 amino
acids are A=0.87, R=0.85, N=0.09, D=0.66, C=1.52,
Q=0.0, E=0.67, G=0.0, H=0.87, I=3.15, L=2.17,
K=1.65, M=1.67, F=2.87, P=2.77, S=0.07, T=0.07,
W=3.77, Y=2.76 and V=1.87.[34] The solvent acces-
sibilities for a solvent exposed area larger than 30
AA2 are S=0.70, T=0.71, A=0.48, G=0.51, P=0.78,
C=0.32, D=0.81, E=0.93, Q=0.81, N=0.82, L=0.41,

I=0.39, V= 0.40, M=0.44, F=0.42, Y=0.67, W=0.49,
K=0.93, R= 0.84 and H=0.66.[35] Next, the recurrence
quantification analysis (RQA)[36] and Hilbert–Huang
transformation (HHT)[37] are used to analyse these
time series. For each time series, RQA and HHT out-
put 14 and 7 parameters respectively. Thus, for a
given protein sequence, 42 (2× 14 + 2× 7) character-
istic parameters are obtained, yielding 62 (20 + 42)
characteristic parameters in total. Then, the maxi-
mum relevance and minimum redundancy (mRMR)
method, which was originally developed by Peng et
al.[38] to perform microarray data processing, is used
to rank the parameters. In our method, each param-
eter is ranked according to its relevance to the class
vector and redundancy with other parameters. Fi-
nally, based on the ranked parameters obtained from
the mRMR method, we can construct 62 feature com-
ponents by adding one parameter at a time in an as-
cending order. Optimal feature subsets are selected by
the best jackknife test accuracy. The jackknife test is
used to evaluate and compare our method with other
existing methods. The jackknife test accuracies of our
method reach 93.9%, 92.9%, and 92.1% for datasets
DB98, DB225, DB317, respectively. The method pro-
posed here has good performance, indicating that it
may be used in conjunction with the existing meth-
ods.

2. Method

2.1.Amino acid composition

The amino acid composition is the simplest dis-
crete representation of a protein sequence.[39] A pro-
tein sequence can be expressed as the occurrence
frequencies fi (i = 1, 2, . . . , 20) of 20 amino acids.
In much pioneering work the amino acid composi-
tion model was used to predict structural classes of
proteins,[40] protein subcellular locations,[25,41,42] and
other attributes.

2.2.Recurrence plot and recurrence

quantification analysis

Recurrence plot (RP) is a purely graphical tool
originally proposed by Eckmann et al.[43] in 1987 to
visualize the patterns of recurrence in the data. For
a time series {x1, x2, . . . , xN} with length N , we can
embed it into the space Rm with embedding dimen-
sion m and a time delay τ according to nonlinear dy-
namic theory.[44] Supposing that {yi}Nm

1 represents a
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trajectory in the corresponding phase space,

yi = (xi, xi+τ , xi+2τ , . . . , xi+(m−1)τ ),

i = 1, 2, . . . , Nm, (1)

where Nm = N − (m − 1)τ . Both embedding dimen-
sion m and time delay τ must be fixed according to
nonlinear dynamic theory.[44]

Once a norm function is selected (e.g., the com-
monly chosen Euclidean norm[45]), we can calculate
the distance matrix (DM) from the above Nm points.
DM is an Nm×Nm square matrix whose elements are
the distances between any pair of points. DM can be
transformed into a rescaled distance matrix (RDM)
through dividing each element in the DM by the max-
imum value of DM.[44] After obtaining RDM, it can
be further transformed into a recurrence matrix (RM)
whose elements are 0 or 1 by choosing a threshold ε.
The elements of RM are calculated by the following
equation:

Rij(ε) = H(ε − Dij), i, j = 1, 2, . . . , Nm, (2)

where H is the Heaviside function

H(x) =

 0, x < 0,

1, x ≥ 0.
(3)

RP is obtained by visualizing RM using differ-
ent colours for its binary elements (e.g., plotting a
black dot at the coordinates (i, j), if Rij = 1 and
a white dot, if Rij = 0). For any ε, since Rii =
1 (i = 1, 2, . . . , Nm) by definition, the RP always
has a black main diagonal line. Furthermore, the
RP is symmetric with respect to the main diagonal
as Rij = Rji (i, j = 1, 2, . . . , Nm). The RPs of hy-
drophobic free energy and solvent accessibility time
series of the protein with Swiss–Prot access number
Q9H1Y0 are shown in figure 1. An important step is
to choose the parameter ε of RP. If ε is not chosen ap-
propriately, we will not extract sufficient information
about the underlying system.[46,47] The selection of ε

will be discussed numerically below.
In order to overcome the physical limitation of

RP, Webber and Zbilut[46] proposed a new nonlinear
technique, namely recurrence quantification analysis
(RQA), to quantify the information in the RP based
on diagonal structures and vertical structures. In re-
cent years, the RQA has been successfully applied in
many different fields.[45] Many efforts have been made
to use RQA to analyse protein sequences.[47−52] But,
as far as we know, the RQA has not been used to

predict the subcellular locations of proteins. There
are 14 recurrence variables used to quantify RP.[44−46]

The detailed description about these recurrence vari-
ables can be found in Refs. [44] and [46] and the
references therein. They can also be calculated by
the CRP toolbox for Matlab, which is provided by
TOCSY (http://tocsy.agnld.uni-potsdam.de).

Fig. 1. The RPs for the two time series of the protein

Q9H1Y0. The parameters used are m = 8, τ = 2 and

ε = 30%.

We now discuss the determination of parameters.
In order to obtain the recurrence plot, the three pa-
rameters of embedding dimension m, time delay τ and
radius ε need to be determined in advance. Different
approaches to the estimation of the smallest sufficient
embedding dimension m[44] as well as an appropriate
time delay τ [44,53] have been proposed. In this paper,
we use an approach similar to that of Riley et al.[44]

and Yang et al.[47,52] The embedding dimension m is
set to be between 6 and 9, and we produce 4 sur-
face plots for time delay τ from 1 to 4 and radius ε

from 10 to 39. A general guideline is that ε should be
selected such that %REC remains low (often smaller
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than 5%).[44,47,52] The variable %REC means the den-
sity of recurrence points in the RP.[36]

We consider the apoptosis protein with Swiss–
Prot access number Q9H1Y0 for example. We trans-
form it into two time series based on hydrophobic
free energies and the solvent accessibility of 20 amino
acids. For the hydrophobic free energy time series,
we show 4 surface plots in Fig. 2. From Fig. 2, we

set m = 8 since the changes of %REC are relatively
small for m = 7, 8, 9 and the changes are smooth for
m = 8 with the increases of radius ε and τ ; we set
τ = 2 since the values of %REC remain almost con-
stant (or change smoothly) with τ when τ ≥ 2. For ε,
it is set at 30% to ensure that %REC is smaller than
5%.[44,47] Similarly, for the solvent time series, m, τ

and ε are set at 8, 2, and 30%, respectively.

Fig. 2. Surface plots for embedding dimensions m from 6 to 9 and delays τ from 1 to 4. The values of %REC

for different values of parameters in RQA are calculated for the upper panel in figure 1. From the above panels,

we set m = 8ε ranges between 10% and 39%.

2.3.Hilbert Huang transformation

The Hilbert–Huang transformation consists of
two parts: empirical mode decomposition (EMD) and
Hilbert spectral analysis (HSA). They are briefly de-
scribed below.

2.3.1. Empirical mode decomposition

The empirical mode decomposition is a time-
frequency analysis method and was originally pro-
posed by Huang et al.[37] for the study of ocean
waves. Similar to other time-frequency methods, such
as Fourier analysis and wavelet analysis, EMD de-
composes a time series into a finite set of oscilla-
tory bases.[37] However, the base functions of Fourier
and wavelet analyses are pre-determined and are not
suitable for nonlinear systems.[37] In EMD, the base

functions, which are called intrinsic mode functions
(IMFs), are obtained adaptively from the original sig-
nal. Since the characteristic scale for EMD is defined
as the distance between two successive maxima (or
minima), EMD has a local ability.[37] The principle of
EMD is to decompose data into finite IMFs to approx-
imate the mono-component data. An IMF must sat-
isfy the following two conditions: (i) the difference be-
tween the number of local extrema and the number of
zero-crossings must be zero or one; (ii) the mean value
of the upper envelope defined by the local maxima
and the lower envelope defined by the local minima is
nearly zero. The first condition makes IMFs narrow-
banded; the second condition renders IMFs roughly
symmetric with respect to the time axis. These two
conditions fulfill the physically necessary conditions to
define a meaningful instantaneous frequency. Those
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IMF components are obtained from the original sig-
nal by means of an algorithm called sifting process.
The detailed information about sifting process can be
found in Ref. [37]. After sifting, the original signal can
be reconstructed as follows:

x(t) =
n∑

i=1

ci(t) + rn(t), (4)

where n is the number of IMFs, rn(t) denotes the fi-
nal residual and ci(t) (i = 1, 2, . . . , n) is an IMF that
is nearly orthogonal to each other. The EMD for
a hydrophobic free energy time series of the protein
Q9H1Y0 is shown in Fig. 3. In this figure, the IMFs of
the highest frequency (i.e., at the smallest time scale)
are extracted first. Sometimes an IMF may contain
more than one mono-function; it is then called a mix-
ing mode, which can be separated by applying a more
stringent stopping criterion or using the intermittence
test.[54] Moreover, since the cubic spline can have large
swings near the end points,[37] it induces boundary ef-
fects. The boundary processing procedures then need
to be used to improve EMD. The EMD method has
been used by our group to simulate geomagnetic field
data recently.[55]

Fig. 3. Seven IMF components and the residual obtained

by EMD of hydrophobic free energy time series of the pro-

tein Q9H1Y0.

2.3.2. Hilbert spectral analysis

After EMD, we apply the Hilbert transform to
each IMF component and obtain an analytic signal as

H(ci(t)) =
1
π

P
∫ ∞

−∞

ci(t)
t − τ

dτ, (5)

A(ci(t)) = ci(t) + jH(ci(t)) = ai(t) e j θi(t), (6)

where P indicates the principle value of the singular
integral, ai(t) is the instantaneous amplitude and θi(t)
is the phase function:

ai(t) =
√

c2
i (t) + H2(ci(t)), (7)

θi(t) = arctan
H(ci(t))

ci(t)
. (8)

The instantaneous frequency can thus be calculated
as

ωi(t) =
dθi(t)

dt
. (9)

The marginal spectrum h(ω) (or the Hilbert–Huang
spectrum) can be obtained by integrating with respect
to the time variable as

h(ω) =
∫

H(ω, t)dt. (10)

The marginal spectrum offers a measure of total am-
plitude contribution from each frequency.

If the Hilbert–Huang spectrum is denoted as a
function of frequency f instead of angle frequency ω,
the marginal spectrum can be calculated for each IMF
and then normalized by

ĥ(f) =
h(f)∑

f

h(f)
, (11)

(c.f. Ref. [56]). Then, by applying the Shannon en-
tropy theory to the normalized marginal spectrum, the
Hilbert–Huang spectral entropy (HHSE) is obtained
as

H = −
∑

f

ĥ(f) log(ĥ(f)), (12)

HHSE = H/ log(N), (13)

where N is the number of frequency components and
the value of HHSE varies between 0 (complete regu-
larity) and 1 (maximum irregularity).

2.4.Maximum relevance and minimum

redundancy method and feature se-

lection

The maximum relevance and minimum redun-
dancy (mRMR) method was originally proposed by
Peng et al.[38] to analyse microarray data. The rele-
vance R of two vectors is measured by the following
mutual information (MI):

R(x, y) = I(x, y)

=
∫∫

p(x, y) log
p(x, y)

p(x)p(y)
dxdy, (14)

where x, y are two vectors, p(x, y) is the joint probabil-
ity density, p(x) and p(y) are the marginal probability
densities.
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Let Ω denote the feature space which contains all
of the aforementioned 62 parameters; each feature is
represented by a vector consisting of the values of this
feature (parameter) for all proteins in the training set.
A and B are two disjoint subsets of Ω and Ω = A∪B.
The redundancy D(f,B) of the feature f in A with
all the features in B is calculated from

D(f,B) =
1

]B

∑
fi∈B

I(f, fi), (15)

where ]B denotes the cardinality of subset B and the
same below.

In order to select a feature fj in A with maximum
relevance and minimum redundancy with B, the fol-
lowing function is used by combining Eq. (13) and
Eq. (14):

max
fj∈A

[I(fj , θ) − D(fj , B)] (j = 1, 2, . . . , ]A), (16)

where θ is a vector indicating the class of all proteins
in the training set.

If we select one feature as A and set the remain-
ing features as B each time, the entire feature space
Ω can be ranked by the mRMR method through ]Ω

rounds. Suppose that S denotes the ranked feature
set

S =
{
fi1 , fi2 , . . . , fi]Ω

}
(1 ≤ ik ≤ ]Ω). (17)

After all features are ranked, we can determine the
optimal feature components by an incremental feature
selection (IFS) method.[57] For the ranked feature set
S, we can construct ]Ω feature component sets by
adding one component at a time in an ascending or-
der as follows:

Sk = {fi1 , fi2 , . . . , fik
} (1 ≤ k ≤ ]Ω). (18)

For each feature component set, a predictor is con-
structed and its jackknife success rate is obtained. Fi-
nally, we choose the feature component set for the best
jackknife test accuracy as the optimal feature set.

2.5. Support vector machine

In 1995, Vapnik[58] introduced the support vector
machine (SVM) method to solve pattern recognition
problems. In recent years, it has been used to predict

subcellular locations of proteins (e.g. Ref. [6]). SVM
was originally designed for binary classification. But
predicting protein subcellular locations is a multiclass
classification problem. In order to solve the latter
problem, three methods have been developed based
on binary classification: one-against-all, one-against-
one and directed acyclic graph SVM (DAGSVM). In
this paper, we use the one-against-one strategy to
predict apoptosis protein subcellular locations. For
a k classification problem, SVM designed by one-
against-one will construct k × (k − 1)/2 classifiers,
each of which is trained on data from two different
classes. The class of a test protein sequence is de-
termined by a voting strategy from k × (k − 1)/2
classifiers. The selection of parameters for SVM
is also crucial. In this paper, we use RBF kernel
function and select parameters by the jackknife test
and use the software toolbox LIBSVM[59] to imple-
ment SVM, which can be freely downloaded from
http://www.csie.ntu.edu.tw/cjlin/libsvm.

2.6. Evaluation of the prediction perfor-

mance

In statistical prediction, three cross-validation
tests are often used to evaluate the prediction perfor-
mance: independent dataset test, sub-sampling test
and jackknife test. Among these three tests, the jack-
knife test is thought to be the most rigorous and
objective.[40] Hence, we use the jackknife test in this
paper. That is, each protein sequence in the sam-
ples is singled out in turn as a test sample and the
remaining protein sequences are used as training sam-
ples. Therefore, the jackknife test is also called the
leave-one-out test.

Based on SVM, we calculate the prediction ac-
curacies for the datasets DB317, DB225 and DB98,
which are listed in Tables 2, 3, and 4, respectively.
The overall prediction accuracy Ac, individual sen-
sitivity Sin, individual specificity Sip and Matthew’s
correlation coefficient MCCi are used to evaluate the
prediction performance of our work. Their definitions
are

Sin = TPi/(TPi + FNi), (19)

Sip = TPi/(TPi + FPi), (20)

MCCi =
TPi × TNi − FPi × FNi√

(TPi + FPi) × (TPi + FNi) × (TNi + FPi) × (TNi + FNi)
, (21)
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Ac =
∑

i TPi

N
, i = 1, 2, 3, . . . , n, (22)

where true positives TP = number of positive events
that are correctly predicted; true negatives TN =
number of negative events that are correctly predicted;
false positives FP = number of negative events that
are incorrectly predicted to be positive; and false neg-
ative FN = number of subjects that are incorrectly
predicted to be negative.

3. Results and discussion

In order to test the performance of the methods,
three benchmark data sets have been used.[25,27,29]

The DB98 dataset[25] consists of 98 apoptosis protein
sequences, which include 43 cytoplasmic proteins, 30
plasma membrane-bound proteins, 13 mitochondrial
proteins and 12 other proteins. The DB225 dataset[27]

contains 41 nuclear proteins, 70 cytoplasmic proteins,
25 mitochondrial proteins and 89 membrane proteins.
The third dataset DB317[29] consists of 317 apoptosis
protein sequences divided into six subcellular locations
with 112 cytoplasmic proteins, 55 membrane proteins,
34 mitochondrial proteins, 17 secreted proteins, 52 nu-
clear proteins and 47 endoplasmic reticulum proteins.
All the protein sequences in three datasets are ex-
tracted from SWISS-PROT and the access numbers
can be found in Refs. [25], [27], and [29].

Table 1. Prediction results for dataset DB317 using our

method for re-substitution and jackknife tests (SVM: γ =

0.5, c = 8).

Location
Re-substitution test Jackknife test

Sn/% Sp/% MCC Sn/% Sp/% MCC

Cyto 99.1 100.0 0.99 95.5 89.9 0.88

Memb 100.0 98.2 0.98 94.6 91.2 0.91

Nucl 100.0 100.0 1.0 90.4 90.4 0.88

Endo 100.0 100.0 1.0 91.5 93.5 0.91

Mito 100.0 100.0 1.0 97.1 100.0 0.98

Secr 100.0 100.0 1.0 58.8 100.0 0.76

Acc(%) 99.7 92.1

For each apoptosis protein sequence, we first cal-
culate the AAC to obtain 20 parameters. Then,
two time series are derived by transforming amino
acids into their hydrophobic free energies and solvent
accessibilities.[33] We use RQA and HHT to analyse
these time series and obtain a total of 42 parameters.
Finally, each apoptosis protein sequence is represented
by 62 features which can be used to predict its sub-
cellular locations. Further, mRMR is used to rank 62

features and then select optimal features by the best
jackknife accuracy. The best parameters are also de-
termined by SVM. Detailed predictive results for the
datasets DB317, DB225, and DB98 are listed in Ta-
bles 1, 2, and 3, respectively. The information about
the optimal feature subsets of these three datasets is
shown in Table 4.

Table 2. Prediction results for dataset DB225 using

our method for re-substitution and jackknife tests (SVM:

γ = 0.03, c = 16).

Location
Re-substitution test Jackknife test

Sn/% Sp/% MCC Sn/% Sp/% MCC

Cyto 98.6 93.2 0.94 97.1 88.3 0.89

Memb 97.8 98.9 0.97 92.1 94.3 0.89

Nucl 100.0 100.0 1.0 100.0 100.0 1.0

Mito 88.0 100.0 0.93 72.0 90.0 0.78

Acc(%) 97.3 92.9

Table 3. Prediction results for dataset DB98 using

our method for re-substitution and jackknife tests (SVM:

γ = 0.02, c = 64).

Location
Re-substitution test Jackknife test

Sn/% Sp/% MCC Sn/% Sp/% MCC

Cyto 100.0 95.6 0.96 97.7 89.4 0.88

Memb 100.0 100.0 1.0 96.7 100.0 0.98

Mito 92.3 100.0 0.96 76.9 91.0 0.81

Other 91.7 100.0 0.95 91.7 100.0 0.95

Acc(%) 98.0 93.9

Table 4. Optimal feature subsets for the datasets DB317,

DB225 and DB98.

Dataset
The number of feature

Overall
AAC RQA HHT

DB317 16 14 8 38

DB225 20 23 12 55

DB98 13 10 2 25

Table 1 shows that the overall accuracies for
dataset DB317 by our method achieve 99.7% and
92.1% in the re-substitution and jackknife tests, re-
spectively. It shows RQA and HHT complement
sequence-order information to some extent. Since
RQA and HHT can capture recurrence patterns and
periodic changes in different frequency domains, re-
spectively, it is feasible to integrate RQA and HHT
with AAC. For dataset DB317, the results show that
when AAC, RQA, and HHT are used in conjunction
with mRMR, the overall accuracies are 88.0%, 78.6%,
and 60.9%, respectively, which are higher than those
without using mRMR. In other words, AAC, RQA,
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and HHT all make positive contributions to this pre-
diction problem. In order to evaluate the performance
of our method, we also use datasets DB225 and DB98.
The detailed prediction results for these datasets are
shown in Tables 2 and 3, respectively.

Table 5 shows a detailed comparison of our
method with the other methods on the same dataset
DB317. We find that the overall accuracy of our
method is higher than the other methods in the jack-
knife test. The prediction accuracies for the mito-
chondrial proteins and membrane proteins are much
improved. But, the prediction accuracies for secreted
proteins are low, which may be due to their small
samples. The values of specificity and MCC further
indicate that our method is significantly effective for
location prediction except for secreted proteins. Ta-
bles 6 and 7 show a detailed comparison of our method
with the other methods on datasets DB225 and DB98.
Especially, from Table 6, we can see that the total pre-
diction accuracy by our method is nearly 5% higher
than the second highest one. Even for the nuclear

proteins, our prediction accuracy is 100%. In Table 7,
we find that the overall accuracy on dataset DB98 us-
ing our method is the highest, which reaches 93.9% in
the jackknife test. Except for mitochondrial proteins,
the accuracies for the other proteins are all over 90%.
Comparison with the method proposed by Zhang et
al.[31] shows that two methods have similar results for
cytoplasmic proteins and membrane proteins, but for
mitochondrial proteins and the other proteins, the re-
sults are significantly different. Their jackknife test
results achieve 92.3% and 75.7% for mitochondrial
proteins and the other proteins respectively. On the
other hand, our jackknife test results are 76.9% and
91.7%. From Tables 5, 6, and 7, we can see that our
method achieves the highest prediction accuracy for
the jackknife test in all three datasets, but some other
methods can achieve the highest jackknife test success
rate in one or two datasets. Therefore, our method is
effective and useful for predicting apoptosis protein
subcellular locations.

Table 5. Comparisons of prediction performance for different methods on dataset DB317 with a jackknife test.

Methods
Sensitivity/%

Acc Number of features
Cy Me Nu En Mi Se

Ref. [29] 81.3 81.8 82.7 83.0 85.3 88.2 82.7 18

Ref. [30] 91.1 89.1 73.1 87.2 79.4 58.8 84.2 18

Ref. [60] 90.2 90.9 86.5 91.5 82.4 88.2 89.0 40

Ref. [32] 98.2 83.6 90.4 97.9 79.4 82.4 91.5 8420

Ref. [31] 92.9 85.5 86.5 93.6 76.5 76.5 88.0 396

Our method 95.5 94.6 90.4 91.5 97.1 58.8 92.1 38

Table 6. Comparisons of prediction performance for different methods on dataset DB225 with a jackknife test.

Methods
Sensitivity/%

Acc Number of features
Me Cy Nu Mi

Ref. [27] 93.3 90.0 63.4 60.0 83.1 120

Ref. [30] 91.0 92.9 73.2 68.0 85.8 18

Ref. [28] 93.3 84.3 85.5 72.0 85.8 40

Ref. [32] 94.4 94.3 80.5 60.0 88.0 8420

Ref. [31] 92.1 87.1 73.2 64.0 84.0 225

Our method 92.1 97.1 100.0 72.0 92.9 55

Remark The performance results of other methods cited above and in Tables 5–7 are from the original
papers. We use exactly the same way to perform the validation for comparison. The number of parameters in
our methods and other methods are given in Tables 6 and 7 for comparison. One can find that the number of
parameters in our method is relatively small, but the prediction performance is better. So our improvement is
not due to the increase in the number of parameters.
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Table 7. Comparisons of prediction performance for different methods on dataset DB98 with a jackknife test.

Methods
Sensitivity/%

Acc Number of features
Cy Mi Me Other

Ref. [25] 97.7 30.8 73.3 25.0 72.5 19

Ref. [61] 76.8 92.3 83.3 50.0 77.6 21

Ref. [27] 97.7 92.3 90.0 83.3 92.9 120

Ref. [30] 95.3 84.6 93.3 58.3 88.8 18

Ref. [26] 95.3 92.3 90.0 66.7 89.8 –

Ref. [56] 95.3 92.3 96.7 75.7 92.9 23

Ref. [31] 97.7 92.3 96.7 75.7 93.9 225

Our method 97.7 76.9 96.7 91.7 93.9 25

4. Conclusions

The subcellular location of a protein is closely re-
lated to its function. The amino acid composition
is important for predicting subcellular locations of
proteins.[39] For each protein sequence, we first cal-
culate its AAC and generate 20 parameters. By using
hydrophobic free energies and solvent accessibilities
of amino acids, we transform every protein sequence
into two time series and apply HHT and RQA meth-
ods to these two time series, respectively. A total of
42 parameters can be obtained from these two meth-
ods. Finally, each protein sequence is represented by
a 62-dimensional feature vector. By using mRMR, all
62 features are ranked. We use SVM as the prediction
engine and the jackknife test to select optimal feature
subsets and evaluate the method. For dataset DB317,
the jackknife test accuracy reaches 92.1%, which is
slightly higher than that in Ref. [32]. For dataset
DB225, the prediction accuracy for the jackknife test
achieves 92.4% and it is nearly 5% higher than the
second highest score.[32] For dataset DB98, our jack-
knife test result is similar to that in Ref. [31]. The
above results suggest that our method may comple-
ment the existing methods. If more information, such
as structure information, sequence-order sequence and
so on, is added to the current method, the results may
be further improved. However, we only consider that
every protein has a subcellular location; on the other
hand, many proteins have multiple subcellular loca-
tions. Hence more work is needed in this direction.
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