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Abstract A novel approach CE-Ploc is proposed for
predicting protein subcellular locations by exploiting
diversity both in feature and decision spaces. The diversity
in a sequence of feature spaces is exploited using hydro-
phobicity and hydrophilicity of amphiphilic pseudo amino
acid composition and a specific learning mechanism.
Diversity in learning mechanisms is exploited by fusion of
classifiers that are based on different learning mechanisms.
Significant improvement in prediction performance is
observed using jackknife and independent dataset tests.

Keywords Amphiphilic pseudo amino acid composition -
Protein subcellular location - Ensemble classifier
Introduction

Considering the fact that the number of newly found pro-
teins is consistently increasing; with an increase of more
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than 50 times in the last two decades, the importance of
automatically annotating the subcellular attributes of
uncharacterized proteins and their timely utilization in drug
discovery is self evident. Various attempts are made for
predicting protein subcellular localization consisting of
individual (Shi et al. 2007) and ensemble classifiers (Chou
and Shen 2006; Nanni and Lumini 2007; Shen and Chou
2007a, b, c; Shen et al. 2007; Shen and Burger 2007; Yu
et al. 2004). Other attractive illustrations of ensembles are
proposed in (Nanni and Lumini 2006; Nanni and Lumini
2008b; Nanni and Lumini 2008c). Support vector machines
(SVM) based ensembles are that of CELLO (Yu et al.
2004) and the combination that exploits different physi-
cochemical properties (Nanni and Lumini 2008a).

However, most of the above mentioned ensemble sys-
tems do not combine classifiers that are individually trained
on different feature spaces and possess different learning
mechanisms. In contrast, our fusion of classifier scheme
possesses both these attributes and thus is more effective
compared to individual classifiers and those ensemble
classification systems that either exploit diversity in feature
or decision space. Mathematical description for developing
CE-Ploc is provided. Our results show that the perfor-
mance of loc-predictors can be enhanced by the
exploitation of both the available feature and decision
spaces.

Materials and methods

We test the performance of the proposed CE ensemble
using the same training and testing data as investigated in
(Chou and Shen 2006). They reported that most sequences
have quite low sequence identity for both the training
(3,799) and testing (4,498) datasets indicating exclusion of
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redundant and homologous sequences (Supplementary  where w; represents weight factor and
Table 1). AR:, Q) = 1, ifRj€Q

The basic architecture of the proposed CE-PLoc scheme D710, otherwise

is shown in Supplementary Fig. 1. We have used four
different learning mechanisms; Nearest Neighbor (NN),
Probabilistic Neural Network (PNN), SVM and Covariant
Discriminant Classifier (CDC) to develop the base classi-
fiers (Supplementary material). Individual ensemble (IE)
classifier is produced by using a fixed learning mechanism
which exploits diversity in feature spaces. This step is
repeated by changing the learning mechanism. In the sec-
ond stage, combined ensemble (CE) is developed by fusing
either all individual classifiers (entire-pool voting) or the IE
ensembles (sub-pool voting), thus exploiting diversity in
decision spaces. These decision spaces are created by using
amphiphilic pseudo amino acid composition (PseAA) with
dimension ® = 20 + 2(i — 1), where i = 1, 2,..., £. Here
& = 22 represents the number of individual classifiers used
for developing IE.

Let us denote a feature vector for an input protein as P,
the protein dataset by Q, the predicted results by classifier
as R. A query protein out of the N proteins can then be
assigned to any of the subcellular locations

0=01UQUQ:UQs4U...UQy (1)

where V is the number of classes. A kth subcellular
protein feature vector from class category v can be
expressed as

T
k k k k k
PV = [pv,lpv,Z' . 'pvﬁ20’ . 'pv,‘I) (2)

where p,;, py2, ..., Pv2o are the frequencies of occur-
rence of 20 amino acids, while the elements p, s, p,.22,
...s Pye — 1y are the first-tier to ®-tier correlation factors
of an amino acid sequence in the protein chain based on
two indices of hydrophobicity and hydrophilicity. First-
tier correlation factors represent the sequence order
correlation between all the first most contiguous residues
along a protein chain, while (¢ — 1)-tier represent the
same between all the (£ — 1) most contiguous residues
(Chou and Shen 2006).

Development of IE

The ensemble IE has ¢ classifiers and thus their individual
predictions can be expressed as

{R]7R2aR37"'aR§}€{Q15Q27Q37"'7QV} (3)

Now the IE-based voting mechanism for the kth protein
feature vector can be formulated as

¢
ZF =3 wiAR,Q), j=12,...V 4)
i=1
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Finally, the class of the query protein is assigned by IE
to the class y that obtains maximum votes:

ZF =Max{Z{",Z",...,Z}'} (5)

Development of CE

We first describe the entire-pool voting scheme for devel-
oping CE. Let [ = 1, 2, 3,..., L represents the number of
different base learners. We compute the votes for each
class as

Lx&

ZJ'CE = ZWiA(Ri,Qj)a ]: 1a2a"'aV (6)
i=1

The predicted class 7 is decided by using the Max
function

ZF =Max{z{*, z5*, ..., ZGF} (7)

Similarly, we also perform the fusion of the IE
classifiers based on sub-pool voting mechanism with the
aim of exploiting the variation in the decision spaces of the
IE classifiers. Using Egs. (4) and (8), respectively, we thus
generate and combine IE ensembles to develop CE

L
ZPF =3 wz",  j=12,...V (8)
=1

In this work, all weight factors are set to unity. However,
the performance of the proposed CE could be further
improved, if an intelligent weight optimization strategy is
employed. Besides accuracy, MCC, Q-statistics (Kuncheva
and Whitaker 2003), sensitivity, and specificity measures
are also used to analyze the prediction performance of the
loc-predictors (Supplementary material).

Results and discussion

First we discuss the performance of classifiers based on a
specific learning mechanism. The performance of the
proposed CE ensembles is then analyzed. It is found that
the performance of CE is better using entire-pool voting as
against sub-pool voting. Perhaps in case of sub-pool voting,
the selection of optimal weights is more important than that
of entire-pool voting. Therefore, results of CE are reported
using entire-pool voting strategy.

Table 1 shows that in case of jackknife test, I
achieves an overall accuracy of 78.55% for the 14
subcellular locations. Thus, an improvement of 8.35 and
7.4%, respectively, is obtained compared with those of the
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Table 1 Classification performance for the 14 subcellular locations of proteins

Type of classifier

Data sampling method

Jackknife test

Independent dataset test

Correct Accuracy Avg. Q Correct Accuracy Avg. Q

predictions % statistics predictions % statistics
CDC ensemble (Chou and Shen 2006) 2,666 70.20 - 3,331 74.10 -
Weighted CDC ensemble (Khan et al. 2007) 2,704 71.15 - 3,377 75.07 -
[ESYM 3,072 80.86 0.928 1,950 43.35 0.936
IECPC 2,694 70.91 0.926 3,340 74.25 0.984
ENN 2,984 78.55 0.935 3,774 83.90 0.988
IEPN 2,969 78.15 0.936 3,747 83.30 0.988
Proposed CE (entire-pool)* 3,132 82.44 0.804 3,918 87.11 0.959
Proposed CE*(entire-pool) 3,191 83.99 0.818 3,930 87.33 0.881

 In addition to NN, PNN, and CDC, SVM is also used as a base classifier. However, in case of independent dataset, only the first three SVMs are
included in CE*. The parameters of SVM are optimized using grid search (Supplementary material)

IE“P€ (Chou and Shen 2006; Khan et al. 2007). Similarly,
the improvement in case IE™™N is 7.95 and 7.0%. The
performance of IESY™ using jackknife test is the highest
among all the IEs.

In case of independent dataset, the results in Table 1
show that IENY outperforms IE“PC by 9.8% and weighted
IE“P€ by 8.83% in overall accuracy. The improvement in
case of IEPNN is also considerable. However, in case of
independent dataset, the performance of the one-versus-all
strategy based SVM is not productive. This is because by
increasing margin of separation, keeping in view the one-
versus-all case for 14 classes, SVM may not always pro-
vide good results (Khan et al. 2008). Supplementary
Tables 2-3 present classification results for the individual
classifiers.

As regards jackknife test, CE attains an overall accuracy
of 83.99% (Table 1). Performance of CE classifier is higher
than the highest-performing IE classifier, i.e., [ESYM
(80.86%). This shows that by combining different classi-
fication approaches, we are able to exploit the diversity in
learning mechanisms/decision spaces. In case of indepen-
dent dataset test, the CE classifier achieves an overall
accuracy of 87.11%. Q-statistics in Table 1 shows a partial
diversity in the individual learners. Likewise, Supplemen-
tary Table 1 shows the MCC, sensitivity, and specificity
based prediction performance.

Conclusion

This study validates that exploiting diversities both in
feature and decision spaces improves not only the accuracy
but also the generalization capability of a protein prediction
system. Although we have used four types of base classi-
fiers and one feature extraction strategy, by including

various types of base classifiers and multiple feature
extraction strategies, it is likely to improve the perfor-
mance of the classification system.

Acknowledgments This work was supported by the Bio Imaging
Research Center at Gwangju Institute of Science and Technology
(GIST), South Korea.

References

Chou KC, Shen HB (2006) Predicting protein subcellular location by
fusing multiple classifiers. J Cell Biochem 99:517-527. doi:
10.1002/jcb.20879

Khan MF, Mujahid A, Khan A, Bangash A (2007) Prediction of
protein sub-cellular localization through weighted combination
of classifiers. International Conference on Electrical Engineer-
ing, ICEE

Khan A, Khan MF, Choi TS (2008) Proximity based GPCRs
prediction in transform domain. Biochem Biophys Res Commun
371:411-415. doi:10.1016/j.bbrc.2008.04.074

Kuncheva LI, Whitaker CJ (2003) Measures of diversity in classifier
ensembles and their relationship with the ensemble accuracy.
Mach Learn 51:181-207. doi:10.1023/A:1022859003006

Nanni L, Lumini A (2006) An ensemble of K-local hyperplane for
predicting protein—protein interactions. Bioinformatics 22:1207-
1210. doi:10.1093/bioinformatics/btl055

Nanni L, Lumini A (2007) Ensemblator: an ensemble of classifiers for
reliable classification of biological data. Pattern Recognit Lett
28:622-630. doi:10.1016/j.patrec.2006.10.012

Nanni L, Lumini A (2008a) An ensemble of support vector machines
for predicting the membrane protein type directly from the
amino acid sequence. Amino Acids 35:573-580. doi:10.1007/
$00726-008-0083-0

Nanni L, Lumini A (2008b) A genetic approach for building different
alphabets for peptide and protein classification. BMC Bioinfor-
matics 9:45. doi:10.1186/1471-2105-9-45

Nanni L, Lumini A (2008c) Using ensemble of classifiers in
Bioinformatics. In: Vogel HPAM (ed) Machine learning research
progress. Nova Science Publishers Inc, New York

@ Springer


http://dx.doi.org/10.1002/jcb.20879
http://dx.doi.org/10.1016/j.bbrc.2008.04.074
http://dx.doi.org/10.1023/A:1022859003006
http://dx.doi.org/10.1093/bioinformatics/btl055
http://dx.doi.org/10.1016/j.patrec.2006.10.012
http://dx.doi.org/10.1007/s00726-008-0083-0
http://dx.doi.org/10.1007/s00726-008-0083-0
http://dx.doi.org/10.1186/1471-2105-9-45

350

A. Khan et al.

Shen Y, Burger G (2007) ‘Unite and conquer’: enhanced prediction of
protein subcellular localization by integrating multiple special-
ized tools. BMC Bioinformatics 8:420. doi:10.1186/1471-2105-
8-420

Shen HB, Chou KC (2007a) Gpos-PLoc: an ensemble classifier for
predicting subcellular localization of Gram-positive bacterial
proteins. Protein Eng Des Sel 20:39-46. doi:10.1093/protein/
271053

Shen HB, Chou KC (2007b) Hum-mPLoc: an ensemble classifier for
large-scale human protein subcellular location prediction by
incorporating samples with multiple sites. Biochem Biophys Res
Commun 355:1006-1011. doi:10.1016/j.bbrc.2007.02.071

Shen HB, Chou KC (2007c) Virus-PLoc: a fusion classifier for
predicting the subcellular localization of viral proteins within

@ Springer

host and virus-infected cells. Biopolymers 85:233-240. doi:
10.1002/bip.20640

Shen HB, Yang J, Chou KC (2007) Euk-PLoc: an ensemble classifier
for large-scale eukaryotic protein subcellular location prediction.
Amino Acids 33:57-67. doi:10.1007/s00726-006-0478-8

Shi JY, Zhang SW, Pan Q, Cheng YM, Xie J (2007) Prediction of
protein subcellular localization by support vector machines using
multi-scale energy and pseudo amino acid composition. Amino
Acids 33:69-74. doi:10.1007/s00726-006-0475-y

Yu C-S, Lin C-J, Hwang J-K (2004) Predicting subcellular localiza-
tion of proteins for Gram-negative bacteria by support vector
machines based on n-peptide compositions. Protein Sci 13:1402—
1406. doi:10.1110/ps.03479604


http://dx.doi.org/10.1186/1471-2105-8-420
http://dx.doi.org/10.1186/1471-2105-8-420
http://dx.doi.org/10.1093/protein/gzl053
http://dx.doi.org/10.1093/protein/gzl053
http://dx.doi.org/10.1016/j.bbrc.2007.02.071
http://dx.doi.org/10.1002/bip.20640
http://dx.doi.org/10.1007/s00726-006-0478-8
http://dx.doi.org/10.1007/s00726-006-0475-y
http://dx.doi.org/10.1110/ps.03479604

	Predicting protein subcellular location: exploiting amino acid based sequence of feature spaces and fusion of diverse classifiers
	Abstract
	Introduction
	Materials and methods
	Development of IE
	Development of CE

	Results and discussion
	Conclusion
	Acknowledgments
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (None)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (ISO Coated v2 300% \050ECI\051)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Perceptual
  /DetectBlends true
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /SyntheticBoldness 1.00
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 524288
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveEPSInfo true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 150
  /GrayImageDepth -1
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org?)
  /PDFXTrapped /False

  /Description <<
    /DEU <>
    /ENU <>
  >>
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [5952.756 8418.897]
>> setpagedevice


