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Contact potentials via wavelet transform for prediction of
subcellular localizations in gram negative bacterial proteins
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Abstract—Predicting the localization of a protein has become
a useful practice for inferring its function. Most of the reported
methods to predict subcellular localizations in Gram-negative
bacterial proteins have shown a low false positive rate.
However, some subcellular compartmens like “periplasm” and
“extracellular medium” are difficult to predict and remain high
false negative rates. In this paper, a method based on
representation from statistical contact potentials and wavelet
transform is presented. The wavelet-based method achieves an
overall high performance holding low false and negative rates
particularly on periplasm and extracellular medium. Results
suggest the contact potentials as an useful alternative to
characterize protein sequences.

I. INTRODUCTION

Protein subcellular localizations can indicate how and what
kind of cellular environments the proteins interact, helping
to elucidate its function and role in biological process [1].
Experimental techniques such as immunolocalization,
fluorescent tagged, and isotopes could be accurate, but they
are slow and labor-intensive [2]. To cope with this
drawback, several computational approaches have been
developed as an alternative to predict subcellular
localizations, among others: PSORTb v.3 [3], CELLO [4],
PSLpred [5], LOCtree [6], P-CLASSIFIER [7], and GNeg-
mPLoc [1], which cover different types of algorithms such
as support vector machines (SVM), amino-acid composition,
Bayesian networks, signal peptides, motif matching,
homology based prediction, hidden Markov models (HMM),
and text labeling among others. In general terms, they all
report adequate performance, but, in spite of the low false
positive rate in most of them, a high false negative rate
remains.

In this work, a method to predict five distinct subcellular
localizations in Gram negative bacteria is developed. The
method uses local features patterns distributed along the
protein sequence. The identification of such patterns is done
by using the continuous wavelet transform, which has shown
to be a powerful tool for the characterization of motifs [8,9].
However, the most important aspect, in the wavelet analysis,
is the protein representation; here, we introduce the use of
pairwise protein contact potentials in conjunction with the
wavelet transform, in order to identify strongly conserved
local features correlated with a specific cellular
compartment. Thus, the Aaindex database, which comprises
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47 protein pairwise contact potentials, is used [10]. These
potentials are obtained from statistical analysis and have
been extensively used to predict protein structures [11].
After all proteins are decomposed in their own local
features, a clustering and modeling module based on HMM
allows to compress all local features in a set of profiles [12]
that can be used further as features to train an SVM and
make a prediction.

Comparisons are made with three of the currently active
services for subcellular localization prediction in Gram-
negative bacteria: Psortb, CELLO and SOSUIGramN. In this
work, the statistical contact potentials have shown to be a
useful representation of the proteins. Then, if a set of
proteins has similar interactions among adjacent amino acids
at any position in the proteins, the wavelet transform can
efficiently detect those interactions. Unlike SOSUIGramN,
CELLO and Psortb in which several types of protein
representations had been proposed (amino acid composition,
partitioned amino acid composition, local amino acid
composition, SCL-blast, signal peptides, N and C-terminal
composition, profile motifs among others) the wavelet-based
method involves just the local feature representation.
Thoroughly, Psortb uses a set of known profile motifs per
subcellular localization in contrast to the proposed method
which generates its own set of profiles. SOSUIGramN
consists of a set of filters in which proteins are divided into
ten segments and compute average values of
physicochemical properties. CELLO divides the sequence
into k subsequences of equal length and each partition is
encoded by a particular amino acid composition. On the
other hand, the proposed method uses core local features
encoded by the amino acid sequence, thus making use of the
main protein information contained in the amino acid
distribution. Results show the potential-wavelet method as a
reliable and efficient alternative to improve the performance
in the prediction of protein subcellular localization in Gram
negative bacteria.

II. MATERIALS AND METHODS

The method is divided into two principal stages as follows:
1) a local feature descriptor that represents a set of
sequences belonging to a determined subcellular location by
a set of profiles based on HMMs. This descriptor assumes
the proteins to be folded in many structural elements
(motifs) which are conserved among related proteins.
Particularly, these motifs are more frequent to the function
that they develop than any other. 2) A classification
framework makes use of those profiles (local features) to
build a representation space, in which, a query protein is
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depicted as a vector of protein-profile distances. If there are
similarities among profiles and query sequences, they would
produce similar distributions. Thus, classifiers such as SVM
may then identify these distributions and hence make an
appropriate prediction. A general scheme of the method is
shown in Figure 1

A. Protein numerical representation

A protein sequence S = {sy,...S; ...S;} of length  can be
represented in terms of the numerical signal f =
{fi, - fi - f+} by the contact potential ¥ (see Figure 2-left),
where, fl.=Y[sl.,sl.+ 1] is the pairwise contact potential between

the ith and i+ 1th amino acid, e.g., for the sequence
S={ARGNG}, the numerical representation is given by the
pairwise contact potential between the adjacent amino acids
as follows:

J={Y[A.R]Y[R,G].Y[G.N],Y[N,G].Y[G.N]}

B. Local feature detection

Given a numerical signal f(f), the Continuous Wavelet
Transform (CWT) allows the identification of patterns
located, simultaneously, in both scaling and spatial
information. It provides the localization of conserved and
variable length sub-sequences along the protein sequence S
(Figure 2b).

Control Dataset

Modeling Dataset

E: Local feature Map

l

F: Classification

(.-_...

A: Protein Numerical

Representation

B: Local Feature framework
Detection J,
il/ Decision
C: Clustering =:">

localization by localization

Sequence by sequence

D: Profile HMMs

Figure 1: General workflow of the method. Local feature descriptor
(left): The modeling data set is depicted as a set of HMMs as: A-B)
Sequences from a specific subcellular localization are decomposed
into a set of subsequences by the wavelet transform. Then, C)
subsequences in each cellular compartment are clustered, thus, D)
each group is modeled by a profile HMM. Classification framework
(right) E) Protein-profile distances are computed over the control
data set. Then, a feature space based on this distances is used to
test the validity of the profiles. F) A SVM with 10 fold cross validation
is carried out following the one-against-all strategy. Parameters on
the SVM are tunned by the particle swarm optimization.

The CWT is defined as the projection of a function or the
signal f () onto the wavelet function:

Wf(a,b)=(ﬁj fron( B )
b,,0)= (ﬁ}b () @

where ¢a b(t) is the basis wavelet function at a particular

scale a and a translation b, a,b€R, a#0. In order to identify

the Yy conserved regions throughout the sequence, the Wf

matrix is decomposed into binary matrices W}r and W;
defined as follows:

1 if W>thr
W}={ r 3)
0 other
_ |1 if W<thr
= f 4
Wy {O other “)
P N
thr:N>l< &)
¢ i=1j=1

where Na is the total number of scales and ¢ is the length of

the sequence.
The general mean value of W is used as a threshold thr. This

f

value defines the boundary of the conserved regions over the
protein sequence. Thus, the amino acid sub-sequence X

. . + -
related to each one of the region yj given Wf and Wf 18

found. Therefore, the protein sequence S can be represented
as a set of k variable length sub-sequences xs={x1,...,xk}

Wavelet coefficients Wf represent the adjacent and non-

adjacent amino acid interactions of variable-length,
depending on the scale. These interactions are given by the
maximal and minimal patterns. This is the reason why the

matrix Wf should be decomposed into the W; andW;

matrices.

AVDVQLLEDSHQVGCSCSCSFQQYHLPC
HQVGCSCSCSLQQYHLPCISKGTPYYEAA
HQSKGTPVGCSSSCSIQQYHLPCIYYEAA
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\

Figure 2: (left) Numerical representation of the amino acid sequence
by some protein contact potential. (right) The continuous wavelet
transform decompose the series f(t) into a set of coefficients through
the sequence allowing the identification of specific patterns
contained by the protein.
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C. Clustering

Let the complete set of sub-sequences t defined as the
collection of all k& founded fragments by the wavelet
transform (i.e., all objects given by the wavelet
decomposition of all cytoplasmic proteins). Objects in T are
grouped using the software package Clustal Q [13]. Thus,
the resulting dendrogram preserves the structural
relationship among subsequences and localization. In order
to identify the optimal number of clusters, the
DynamicCutTree, which is a fast and accurate method for
cutting tree, is used [14]. So, when the clustering step is
done, a set of related sequences is now expressed as a set of
clusters §={Cl,...,§l} preserving the core features of the

sequences.

D. Profile HMMs
Consider a set of sequences Cl_ with a similar amino acid
distribution. The profile HMM hi is a statistical model for

these sequences, in that for any query protein, it defines a
probability whether protein belongs or does not to the set Ci'

as introduced to model protein families and domains [12].
Several software packages implement profile HMMs with an
important difference in the architecture they adopt. These
methods are based on the original profile HMMs proposed in
[12]. HMMER3, which uses a robust model architecture to
deal with multiple domains, sequence fragments and local
alignments is used to build a profile HMM for each cluster.
Thus, each subcellular localization is depicted as a set of
profiles H={h1,...,hk}

E. Local feature map

The local feature space can be viewed as the distribution of
the protein sequences over the profiles HMMs, in which the
profile-protein relationship P(Slhi) is the probability that the

sequence S belongs to profile hl.. Since sequences may

contain the same domain multiple times, the value of the i
profile is set to c)(i):ma)c1 n{P(SIhl_)}, where @(i) is the

probability of the highest scoring of protein S on the profile
HMM ..

Wavelet* Psortb SOSUIGram CELLO

Y%Sn  %Sp  PSn  %Sp  %Sn  DSp  %Sn %Sp

C 092092 082|097 09 | 088 | 093 |0.83
CM [ 078 [ 099 | 0.82 | 0.99 | 0.72 | 0.99 | 0.62 [0.99
P 093 (098 [ 079 ] 099 | 0.59 | 0.98 | 0.50 [0.97
OM | 0.86 | 0.98 | 0.81 [ 1.00 [ 0.92 | 0.99 | 0.55 |0.96
E | 083099 | 077 | 0.99 [ 0.50 | 0.99 | 0.44 |0.96
Av [ 0.88 | 098 | 0.82 | 0.99 | 0.81 | 0.98 | 0.73 |0.95

Table1 The overall performance of the wavelet-based method with a
10-fold cross validation

F. Classification framework

Once the protein sequences from the control data set are
mapped onto the profiles HMMs, the SVM is used as
predictor. A 10-fold cross validation procedure is used to
obtain performance results. Redundant information on the
profile space is removed by means of the fast correlation-
based filter algorithm [15]. In addition, Principal Component
Analysis (PCA) is applied to this space, after which the first
five principal components are selected. SVMs are designed
following the one-against-all strategy that produces a strong
class imbalance, and thus, the Synthetic Minority Over-
sampling Technique SMOTE is employed [17]. Parameters
of the SVM are tuned using the Particle Swarm Optimization
algorithm [18].

In order to find the best representation per class, all 47
statistical contact potentials from aaindex are used to
decompose the proteins, so, each cellular compartment
comprises 47 classifiers. Then, the best one with the highest
performance score is selected. This selection process is out

of the classification framework avoiding bias and
overtraining.
III. RESULTS AND DISCUSSION
A. Database
In order to build the local feature descriptor 500

cytoplasmic proteins, 500 inner membrane proteins, 359
periplasmic proteins, 349 outer membrane proteins and 288
extracellular proteins were selected from ePSORTdb [19],
omitting sequences with an identity percent superior to 60%.
This dataset is called the modeling dataset. A control dataset
reported in [20] had been used to test all methods. This
control dataset comprises 299 protein sequences distributed
as follows: 145 cytoplasmic proteins, 69 cytoplasmic
membrane proteins, 29 periplasmic proteins, 38 outer
membrane proteins and 18 extracellular proteins. In addition,
any proteins sharing >60% identity of modeling data set with
respect to the control data set were removed. All identity
filters were carried out using the software cdHit [16].

To evaluate and compare the performance of the methods,

both measures, sensitivity Sn =

™ TP+FN
Sp = are used, where TP, FP, TN, and FN denotes
FP+TN

true positive, false positive, true negative and false negative,
respectively. The following web servers are used to predict
the subcellular localizations in addition to the standalone
version of Psortb V3.0.2, CELLO version 2.5 and
SOSUIGramN. In order to ensure that psortb classifications
are not biased, the modeling data set is used in the blast
module, so, the predictions are carried out on the control
data set. Also, it is necessary to clarify that is not possible to
verify whether test sequences are or are not in the training
set of CELLO and SOSUIGramN servers. Performance
prediction of the wavelet-based method and the
corresponding comparisons are shown in Table 1.

, and specificity
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The performance of the individual methods reveals that the
wavelet approach achieves the highest overall sensitivity.
This fact can be highlighted in “periplasmic” and
“extracellular” localizations, in which the proposed method
has a significant increase above 10% over psort,
SOSUIGramN and CELLO. Also, the specificity for these
classes are basically the same in all methods showing that
the wavelet approach can improve the true positive rate
holding a low false positive rate (Table 1). For cytoplasmic
proteins, CELLO shows the highest sensitivity (0.93)
followed by the proposed approach (0.92), SOSUIGramN
(0.89) and psort (0.82). However, CELLO and
SOSUIGramN have a low specificity (0.83 and 0.88
respectively) which is interpreted as a high false positive
rate.

A protein can remain in the cytoplasm or be targeted into
different sites by a transport system, and thus, proteins
associated to the “cytoplasm” localization are highly diverse
and comprise a big variety of domains. It is also the case of
transmembrane proteins, which are simultaneously located
on both sides of the membrane and transport molecules from
one side to the other, making difficult to characterize this
kind of proteins through local features (we use this term to
refer to domains, motifs and sites). Accordingly, both
“cytoplasmic” and “outer membrane” are the classes with
the lowest performances of sensitivity in comparison to
psortb and SOSUIGramN, respectively. Psortb shows an
upper sensitivity of 5% respect to the proposed method,
while the specificity remains equal. For “outer membrane”
proteins, SOSUIGramN achieved the best sensitivity of 92%
followed by our method and psortb with a 6% and 11%
upper, respectively.

IV. CONCLUSIONS

For the five major subcellular localizations in Gram-negative
bacterial proteins, the wavelet method showed the best
performance prediction decreasing the false negative rate
and holding the false positive rate. One of the main
advantages of the method is its capability to find correlated
and variable length local features, followed by a precise
representation by HMMs. Thus, the proposed contact-
potential characterization is an alternative to the classic
models based on the amino acid composition and
physicochemical properties. This method, unlike Psortb,
CELLO and SOSUIGramN, uses just one protein
characterization. As future work, the implementation of
other representations such as physicochemical properties,
amino acid composition, or homology modules like blast can
be implemented to improve even more the final result.
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