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Abstract� �

Background�

Predicting�t he�s ubcellular�l ocalization�of �pr oteins�i s�i mportant�f or�de termining�t he�

function�of �pr oteins.�P revious�w orks�f ocused�on�pr edicting� protein�l ocalization�i n�

Gram-negative�ba cteria�o btained�g ood� results.�H owever,�t hese�m ethods�ha d�r elatively�

low�a ccuracies� for�t he�l ocalization�of �e xtracellular�pr oteins. �T his�pa per�s tudies�w ays�

to�i mprove�t he�a ccuracy� for�pr edicting�e xtracellular�l ocalization�i n�G ram-negative�

bacteria.��

Results�

We�ha ve�de veloped�a �s ystem�f or�pr edicting�t he�s ubcellular�l ocalization�of � proteins�f or�

Gram-negative�ba cteria�b ased�on�a mino�a cid�s ubalphabets�a nd�a � combination�of �

multiple�s upport�ve ctor�m achines.��T he�r ecall�of �t he�e xtracellular�s ite�a nd� overall�

recall�of �ou r�pr edictor�r each�86.0% �a nd�89.8% ,� respectively,�i n�5- fold�c ross-

validation.�T o�t he�be st�of �our �know ledge,�t hese�a re�t he�m ost�a ccurate�r esults�f or�

predicting�s ubcellular�l ocalization�i n�G ram-negative�ba cteria.�

Conclusions�

Clustering�20�a mino�a cids�i nto�a �f ew� groups�b y�t he�pr oposed� greedy� algorithm�

provides�a �ne w� way�t o�e xtract�f eatures�f rom�pr otein�s equences�t o� cover�m ore�a djacent�

amino�a cids�a nd�he nce�r educe�t he�di mensionality� of�t he�i nput�ve ctor�of �p rotein�

features.� It�w as�obs erved� that�a �g ood� amino�a cid� grouping�l eads�t o�a n�i ncrease�i n�

prediction�pe rformance.� Furthermore,�a �p roper� choice�of �a �s ubset�of �c omplementary�

support�ve ctor�m achines� constructed�b y�di fferent� features�of �p roteins�m aximizes�t he�

prediction�a ccuracy.�
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�

Background� �
�

Subcellular�l ocalization�i s�a �ke y�f unctional� attribute�of �a �pr otein.�S ince�c ellular�

functions�a re�o ften�l ocalized�i n�s pecific�c ompartments,�pr edicting�t he�s ubcellular�

localization�of �unknow n�pr oteins�m ay�b e�us ed�t o� obtain�us eful�i nformation�a bout�t heir�

functions�a nd�t o�s elect�pr oteins�f or�f urther�s tudy.� Moreover,�s tudying�t he�s ubcellular�

localization�of �pr oteins�i s�a lso�he lpful�i n�unde rstanding�di sease�m echanisms�a nd�f or�

developing�nov el�dr ugs.�

��

As�a �r esult�of �l arge-scale� genome�s equencing� efforts�i n�r ecent� years,�pr otein�da ta�ha s�

accumulated�i n�publ ic�da ta�ba nks�a t�a n�i ncreasing� rate.�A nalyzing�p rotein�d ata�t o�

extract�us eful�know ledge�i s�t hus�e ssential�f or�pr ojects�l ike�a utomatic�a nnotation.� It�i s�

desirable�t o�ha ve�a n�a utomated�a nd�r eliable�s ystem�f or�pr edicting�s ubcellular�

localization�of �pr oteins�f rom�a mino�a cid�s equences.�

�

A�num ber�of �e fforts�[ 1,�2,�3,�4,�5,�6,�7,�8,�9,�10,�11,�12,�13,�14,�15,�16,�17,�18,�19,�20,�

21]�ha ve�be en�m ade�t o�p redict�pr otein�s ubcellular�l ocalization.�M ost�of �t hese�

prediction�m ethods�c an�b e�c lassified�i nto�t wo�c ategories:�on e�ba sed�on�t he� recognition�

of�pr otein�N -terminal�s orting�s ignals�a nd�t he�ot her�ba sed�on�a mino�a cid� compositions�

[22].��

�

Previous�w orks�ha ve�b een�f ocused�on�pr otein�l ocalization�pr ediction�f or�G ram-

negative�ba cteria.�T here� are�f ive�pr imary�l ocalization�s ites�i n�G ram-negative�ba cteria,�

which�a re�t he�c ytoplasm,�t he�e xtracellular�s pace,�t he�i nner�m embrane,�t he�o uter�

membrane,�a nd�t he�pe riplasm.�P SORT� I�[ 23]�i s�t he�m ost�w idely�us ed�t ool�f or�
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predicting�m ultiple�l ocalizations�f or�G ram-negative�ba cteria.� It�us es�bi ological�

knowledge�r epresented�b y� “if-then”� rules�f or�p redicting�pr otein�l ocalization�s ites.�

Most�of �t hese�r ules�w ere� derived�f rom� experimental�obs ervations.�H owever,�t he�

PSORT� I�doe s�not �c onsider�t he�e xtracellular�s pace� site.�A dditionally,�t he�ov erall�r ecall�

for�t he�da ta�s et�[ 24]�onl y� attains�60.9% .�

�

Gardy�e t�a l.�[ 24]�pr esented�P SORT-B�t o�i mprove�t he�pr ediction�pe rformance�of �

PSORT� I.�P SORT-B�c ombines�i nformation�of �t he�a mino�a cid�c omposition,�s imilarity�

to�pr oteins�of �know n�l ocalization,�pr esence�of �a �s ignal�pe ptide,�t ransmembrane�a lpha-

helices�a nd�m otifs�c orresponding�t o�s pecific�l ocalizations�f or�a �g iven�p rotein�

sequence,�t hrough�a �pr obabilistic�a pproach.� It� returns�a �l ist�of �f ive�pos sible�

localization�s ites�w ith�a ssociated�pr obability�s cores.� It�a ttains�a n�ov erall�r ecall�of �

74.8%�f or�t he�s ame�da ta� set�m entioned�a bove.�

�

Recently,� Yu�e t�a l.�[ 25]�pr oposed�a �pr edictive�s ystem�c alled�C ELLO�f or�G ram-

negative�ba cteria�b y�us ing�s upport�ve ctor�m achines�ba sed�on�n- peptide� compositions.�

They� classified�20� amino�a cids�i nto�f our� groups�( charged,�pol ar,�a romatic� and�

nonpolar)�t o�r educe�t he�d imensionality�o f�t he�i nput�ve ctor.��F orty�S VM� classifiers�

were�us ed�t o�pr edict�t he�l ocalization�s ites.�T heir�ove rall�r ecall�w as�88.9 %.� It�w as�a �

significant�i mprovement�ove r�t he�pr evious�r esults�of �P SORT-B.��H owever,� the�r ecall�

for�e xtracelluar�pr oteins� was�s till�r elatively�l ow� at�78.9% .��

�

This�pa per�s tudies�w ays�t o�i mprove�t he�a ccuracy�f or�pr edicting�e xtracellular�

localization�i n�t he�G ram-negative�ba cteria.�W e�e xplored�a �ne w� way�t o�e xtract�f eatures�

from�pr otein�s equences�f or�pr otein�l ocalization�pr ediction�b y� clustering�20� amino�
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acids�i nto�a �f ew� groups�u sing�a � greedy� algorithm.�O ur�m ethod�f or� clustering�20�a mino�

acids�c onsiders�t he� factors�of �bot h�a mino�a cids’�ph ysical-chemical�pr operties�a nd�t heir�

contextual�c orrelations.� In�c ontrast,�t he�m ethod�pr esented�b y�Y u� et�a l.�c lassifies�t he�20�

amino�a cids�i nto�4�g roups�( charged,�pol ar,� aromatic�a nd�nonpol ar)�b ased�o n�ph ysical-

chemical�pr operties�of � amino�a cids�a lone.� Instead�of �s imply�c ombining�m ultiple�

SVMs�t o�g ive�a �be tter�pr ediction,�w e�pr opose� a�s election�s core�f unction�a nd�a �gr eedy�

algorithm�t o�s elect�a �s ubset�of �S VMs�t o�m aximize� the�pr ediction�a ccuracy.� �

�
Based�on�t he�pr oposed� approaches,� we�ha ve�de veloped�a �s ystem�c alled�P -

CLASSIFIER� for�pr edicting�t he�s ubcellular�l ocalization�of �G ram-negative� bacteria�b y�

using�a �c ombination�of �m ultiple�s upport�ve ctor�m achines.�T his�ha s�r esulted� in�a n�

improvement�i n�t he�r ecall�f or�e xtracellular�pr oteins�f rom�78.9% �i n�C ELLO� [25]�

(currently�t he�b est�pr edicting�s ystem�f or�G ram-negative�b acteria)�t o�86.0% �i n�P -

CLASSIFIER.�T he�ove rall�r ecall�of �P -CLASSIFIER�r eaches�89.8% .�T o�t he� best�of �

our�know ledge,�t hese�a re�t he�m ost�a ccurate�r esults�f or�pr edicting�pr otein�s ubcellular�

localization�i n�G ram-negative�ba cteria.�

�

Results� �

The�da taset�us ed�i n�t his�s tudy�i s�f rom�[ 24]�a nd�w as�e xtracted�f rom�S WISS-PROT�

release�40.29�[ 26].� It�c ontains�1441�pr oteins�of �e xperimentally�d etermined�

localization,�w here�1302� proteins�a re� resident�a t�a � single�l ocalization�s ite�a nd�139�

proteins�a re� resident�a t�d ual�l ocalization�s ites.�T able�1�l ists�t he�num ber�of �pr otein�

sequences� from�di fferent� sites�i n�t he�da ta�s et.�

�
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The�pr ediction�pe rformance�of �our �p rediction�s ystem�i s�e stimated�f rom�a �5- fold�c ross-

validation�w here�t he� given�t raining�s amples� are� randomly�pa rtitioned�i nto�5�m utually�

exclusive�s ets�of �a pproximately� equal�s ize�a nd�a pproximately� equal�c lass�d istribution.�

�

It�i s�obs erved�t hat�t here�a re�s ome�pr otein�s equences�i n�t he�da taset�c ontaining�c haracter�

“X”.�T o�a void�pos sible�n oise�f rom�a mbiguous�i nformation,�t he�pr otein�e ntries�

containing� “X”�i n�t he�pr otein�s equence� are�e xcluded�i n�t he�c ross-validation�t raining�

set,�but �i ncluded�i n�t he�t esting�s et�i n�t his�w ork.�

�

Table�2�s hows�t he�pr ediction�r ecall�f or�s ingle�l ocalization.�T he�r ecall�i s�c alculated�a s�

TPx�/ �( TPx�+ �F Nx),�w here�T Px�a nd�F Nx�r epresent�t rue�pos itives�( number�of �s amples�

correctly� classified�a s� X)� and�f alse�n egatives�( number�of �s amples� classified� as�not �X �

that�a re�a ctually�X )�ov er� the�pr edictive�s ite�X .�

�
In�t he�d ataset,�s ome�p roteins�oc cur�i n�t wo�di fferent�s ubcellular�l ocalizations.�S ince�w e�

are�c omparing�our �c ombined�c lassifier�P -CLASSIFIER�w ith�t he�P -SORTB�a nd�

CELLO� classifiers,�w e�f ollowed�t heir�m ethod�i n�e valuating�t he� classifier� for�pr oteins�

resident�a t�dua l�l ocalization�s ites,�w here�w e�c onsider�t hem�a s�pr edicted�c orrectly�i f�

one�of �t heir�l ocalization�s ites�i s�pr edicted�c orrectly.�T able�3�s hows�t he�pr ediction�

recall�f or�dua l�l ocalizations.�

�

The�M atthews�c orrelation�c oefficient�[ 27]�i s�us ed� to�m easure�t he�pr edictive�

performance� for�f ive�p redictive�s ites.�T he�M attews�c orrelation�c oefficient�( MCC)�i s�

defined�b y:�

�

MCC� =�
))()()((

))(())((

xxxxxxxx

xxxx

FNTNFPTNFPTPFNTP

FNFPTNTP

++++
 �

�
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where� TPx,� TNx,� FPx,�a nd� FNx �a re�t rue�pos itives,�t rue�ne gatives� (the�num ber�of �

samples�c orrectly�pr edicted�a s�not �X �t hat�a re�a ctually�not �X ),�f alse�pos itives�( the�

number�of �s amples�i ncorrectly�pr edicted�a s�X �t hat�a re�a ctually�not �X ),�a nd� false�

negatives�of �l ocalization� site�X ,�r espectively.� MCC �of fers�a � comprehensive�a nd�r obust�

measurement�f or�t he�pr edictive�pe rformance� as�t his�m easurement�c onsiders�bot h�

under-�a nd�ov er-predictions.�T he�va lue�of � MCC �e quals�1�f or�a �pe rfect�pr ediction,�a nd�

0�f or�a �c ompletely� random�a ssignment.�

������

Table�4�l ists�t he�pe rformance� comparisons�a mong�P -CLASSIFIER’s�( our�s ystem),�

PSORT-B’s,�a nd�C ELLO’s�[ 25]�s ystems.� As�s hown�i n�T able�4,�t he�va lues�of � MCC �of �

all�f ive�s ites�i n�our �s ystem�i s�g reater�t han�o r�e qual�t o�t he�va lues�i n�C ELLO’s�s ystem,�

currently�t he�b est�pr edicting�s ystem�f or�G ram-negative�ba cteria.�M oreover,�w e�

increase�t he�r ecall�f or�t he�e xtracellular�s ite�f rom�7 8.9%�i n�C ELLO�t o�86.0 %�i n�P -

CLASSIFIER,� a�s ignificant�i mprovement�f or�t he� extracellular�s ite�on�t he�p revious�

results.�T he�ove rall�r ecall�of �P -CLASSIFIER�r eaches�89.8% ,�w hich�i s�be tter�t han�

previous�r esults.�T o�t he�b est�of �our �know ledge,�t hese�a re�t he�m ost�a ccurate�r esults�f or�

predicting� Gram-negative�ba cteria�l ocalization.��

�

Discussion�

To� computationally� analyse� protein� data,� the� representation� of� protein� sequences� is� an�

important� issue.� A� good� input� representation� makes� it� easier� for� the� SVM� to� identify�

underlying� regularities� and�t herefore�i s�c rucial�t o�t he�s uccess�of �S VM�l earning.� �

�

In�t his�pa per,�w e�e ncode� protein�s equences�b y�us ing�t he�p atterns�of �one � amino�a cid,�

two�a djacent� amino�a cids,�t hree�a djacent�a mino�a cids,�a nd�f our�a djacent�a mino�a cids.��
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As�t here�a re�8000� and�16 0000�di fferent�p atterns�f or�t he�t hree� and�f our� adjacent�a mino�

acids�c ases,�c lustering�20 �a mino�a cids�i nto�s everal� groups�p rovides�a �w ay�t o�r educe�

the�num ber�of �uni que�p atterns�s ince�i t�i s�di fficult�t o�t rain�t he�S VM�w ith�ve ry� large�

number�of �f eatures�s uch� as�160000�f or�a ll�pos sible�pa tterns�of � four�a djacent�a mino�

acids.�S ince�a mino�a cids� in�pr oteins�do�not �c ontribute�t o�t he�f unction�of �pr oteins�

independently�a nd�f unctional�pa tterns�i n�pr oteins� are�e mbedded�a s�s equence�

correlations,�a mino�a cids�m ay�not �be � grouped�ba sed�on�t heir�ph ysical-chemical�

properties�a lone�[ 28].�F or�t he�pr ediction�t ask,�a � good�a mino�a cid� grouping�l eads�t o�a n�

improvement�i n�pr ediction�pe rformance.��

�

It�i s�obs erved�t hat�t he�pr ediction�r esults�f rom�S VMs�c onstructed�b y�di fferent�l engths�

of�a djacent�a mino�a cid�p atterns,�e .g.�t he�p atterns� of�a �s ingle�a mino�a cid� and�a mino�

acid�pa irs,�a re�c omplementary.� That�i s,�t here� are�s ome�c ases�w here�t he�pr ediction�

made�b y�t he�S VM� constructed�b y�pa tterns�of �s ome�pa rticular�l ength�i s�c orrect�w hile�

the�pr ediction�m ade�b y�t he�S VM�c onstructed�b y�p atterns�of �a nother�l ength�i s�

incorrect,�a nd�vi ce�v ersa.�T herefore,� combining�c omplementary�r esults�pr ovides�a �

way�t o�i mprove�t he�pr ediction�a ccuracy.�H owever,�c ombining�a ll�c omplementary�

results�t ogether�m ay�not � be�a � good�c hoice.�T herefore,�w e�p ropose�t o�c hoose�a �s ubset�

of�c omplementary�s upport�ve ctor�m achines�pr operly�t hat�w ill�m aximize�t he�pr ediction�

accuracy.�

�

After�a nalyzing�t he�pr edictive�r esults,�i t�i s�obs erved�t hat�t here�a re�s ome�pr otein�

sequences�t hat�c annot�be � predicted�c orrectly�b y� any� SVM�i n�t he�c ombined� classifier.�

It�m eans�t hat�t hese�pr otein�s equences� cannot�be � correctly�c lassified�b y�t heir�
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composition.�T his�i s�t he�r eason�w hy�t he�r ecall�of �s ome�pr edictive�s ites�i n�G ram-

negative�ba cteria� cannot� be�f urther�i mproved.�

�

Since�w e�a re�c omparing� our�c ombined�c lassifier�P -CLASSIFIER�w ith�t he� P-SORTB�

and�C ELLO�c lassifiers,�w e�us e�t he�s ame�da ta�s et� as�t heirs.�W e�di d�not �c heck�t he�

sequence� redundancy�i n�t he�da taset.�A s�t he�l evel�o f�s equence�r edundancy�n ormally�

strongly�a ffects�pr ediction�a ccuracy,� removing�t hose�pr otein�s equences�w hich�ha ve�

high�s equence�i dentity�( e.g.�m ore�t han�40% )� with�e ach�ot her�i n�t he�da taset�c an�a void�

redundancy� and�bi as.�

�

Instead�of � giving�f ull�c redit�f or�dua l-localized�pr oteins�i f�e ither�of �t he�s ites� is�pr edicted�

correctly,� we�a lso�e valuate�t he�pr ediction�pe rformance�b y�c ounting�“ half”�c orrect�

when�onl y�on e�of �t he�s ites�of �dua l-localized�pr oteins�i s�pr edicted�c orrectly.� Table�5�

shows�t heir�pr ediction�r ecalls.�T he�f ull�c redit�f or�d ual-localized�pr oteins�i s�onl y� given�

when�t wo�pos sible�l ocalization�s ites�w ith�t he�t op�t wo�a ssociated�p robability�s cores�

match�t o�a ctual�dua l�l ocalizations�of �t he�pr otein.�T he�c orresponding�ove rall�r ecall�f or�

predicting�du al�l ocalizations�onl y�r eaches�67.3% .� To�pr operly�de al�w ith�s ubcellular�

localizations�f or�pr oteins�r esident�i n�s everal�di fferent�s ites�i s�a �c hallenging�p roblem.�

The�pa per�[ 5]�a ddressed�t he�pr oblem�of �s ubcellular�l ocalizations�f or�pr oteins�r esident�

in�s everal�di fferent�s ites.�

�

There� are�t hree�m ethods� used�f or�c ross-validation� test:�t he�i ndependent�da taset�t est,�n-

fold�c ross-validation�t est,�a nd�t he�l eave�one �out �c ross-validation�t est.�A mong�t hese�

methods,�t he�l eave�one �o ut�c ross-validation�t est�i s�t he�m ost�r igorous�a nd�obj ective�[ 29,�

42].�H owever,�t he�l eave� one�out �c ross�va lidation�t est�i s�ve ry�e xpensive�
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computationally�a nd�i s�of ten�i mpractical�f or�l arge� datasets.�T he�n- fold�c ross-

validation�t est�pr ovides�a �bi as-free�e stimation�of �t he�a ccuracy�[ 30]�a t�m uch�r educed�

computational�c ost�a nd�i s�c onsidered� as�a n�a cceptable�t est�f or�e valuating�p redictive�

performance�o f�a n�a lgorithm�[ 31]�f or�l arge�da tasets.�

�

Conclusions�

This�pa per�i ntroduces�a �p rotein�s ubcellular�l ocalization�pr ediction�m ethod�us ing�

amino�a cid�s ubalphabets� and�a �c ombination�of �m ultiple�s upport�ve ctor�m achines.��

The�m ain�c ontributions�of �our �w ork�i nclude:�( 1)�A �ne w�w ay�t o�e xtract�f eatures�f rom�

protein�s equences�b y�c lustering�20� amino�a cids�i nto�a �f ew� groups�us ing�t he�pr oposed�

greedy�a lgorithm�t o�r educe�t he�i nput�di mensionality�of �s upport�v ector�m achines.�O ur�

method�f or�c lustering�20� amino�a cids�c onsiders�no t�onl y�t he�f actor�of �t he� amino�a cids’�

physical-chemical�pr operties�but �a lso�t he�f actor�of � their�c ontextual�c orrelations.�( 2)�A �

selection�s core� function�a nd�a �gr eedy� algorithm�a re�pr oposed�t o�s elect�a �s ubset�of �

candidate�s upport�v ector� machines�t o�m aximize�t he�c ross-validation�a ccuracy�i nstead�

of�s imply�c ombining�m ultiple�s upport�ve ctor�m achines�t o�g ive�be tter�pr ediction.�( 3)�A �

web-based�s ystem�ha s�be en�de veloped� for�pr edicting�pr otein�s ubcellular�l ocalization�

of�G ram-negative�ba cteria.� It� allows�pe ople�t o�s ubmit�m ultiple�G ram-negative�

bacteria�p rotein�s equences�t o�pe rform�pr otein�s ubcellular�l ocalization�pr ediction.� It�i s�

available�a t�[ 43].�

�

Clustering�20�a mino�a cids�i nto�a �f ew� groups�b y�ou r�pr oposed� greedy�a lgorithm�

provides�a �ne w� way�t o�e xtract�f eatures�t o�c over�m ore�a djacent�a mino�a cids�f rom�

protein�s equences�a nd�r educe�t he�di mensionality� of�t hese�f eatures.�S ince� amino�a cids�
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in�pr oteins�do�not �c ontribute�t o�t he�f unction�of �pr oteins�i ndependently,�i t�m ay�not �b e�a �

good�i dea�t o�gr oup�a mino�a cids�ba sed�on�t heir�ph ysical-chemical�pr operties�a lone.�F or�

the�pr ediction�t ask,�a � good�a mino�a cid� grouping�l eads�t o�a n�i ncrease�i n�pr ediction�

performance.� Furthermore,�pr operly� choosing� a�s ubset�of �c omplementary�s upport�

vector�m achines�c onstructed�b y�di fferent�f eatures� of�pr oteins�m aximizes�t he�

prediction�a ccuracy.�

Methods�

Support� vector� machines�

Support�V ector�M achines�( SVMs)�ha ve�be en�w idely�us ed�i n�t he� analysis�o f�bi ological�

data�[ 32,�33,�34] .�S VM�i s�a �r elatively�ne w�f amily� of�l earning�m ethods�a nd� has�s ome�

theoretical�s upport�f rom�s tatistical�l earning�t heory�[ 35,�36] .� SVM�non- linearly�m aps�

the�i nput�s pace�i nto�a �hi gh�di mensional�f eature�s pace,� and�s eeks� a�h yperplane�i n�t his�

space�t hat�s eparates�t he�p ositive�s amples�f rom�t he�ne gative�one s�w ith�t he�l argest�

possible�m argin�a nd�opt imizes�t he�t rade-off�b etween�g ood� classification�a nd�l arge�

margin.� Instead�of � explicitly�m apping�t he�obj ects�t o�t he�hi gh�di mensional�f eature�

space,�S VM�us ually�w orks�i mplicitly�i n�t he�f eature�s pace�b y�onl y� computing�t he�

corresponding�k ernel�be tween�a ny�t wo�obj ects.��

�

Several�pa rameters�ne ed� to�be �s et�dur ing�t he�S VM�t raining�pha se.�T hese�pa rameters�

include�t he�r egularization�pa rameter,�w hich� controls�t he�t rade-off�be tween� good�

classification�a nd�l arge� margin,�t he�k ernel�t ype,�a nd�t he�ke rnel�pa rameters.�T hese�

parameters�a re�t uned�ba sed�on�t he�c riteria�of �c ross-validation�a ccuracy.� The�r adial�

basis�f unction�( RBF)�ke rnel�i s�us ed�f or�a ll�our �e xperiments�a nd�t he�s oftware�B SVM�

[44],�a �m ulti-class�S VM�[ 37],� is�us ed�i n�t his�w ork.�
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Protein� features�

The�a mino�a cid�c ompositions�i n�t he�f ull�or �pa rtial�s equences� are� considered�a s�g lobal�

features,�w hich�r epresent�t he�ove rall�s imilarity� among�m ultiple�pr otein�s equences.� In�

this�pa per,�t he� global�f eatures�a re�us ed�a s�t he�i nput�of �t he�S VMs�t o�pr edict� protein�

subcellular�l ocalization.�

�

a.� W-gram� protein� encoding �

Two�t ypes�o f�f eatures� are�c onsidered�i n�our � work:� W-gram� and� gapped�2 -gram.�A �W -

gram�i s�de fined�a s�p atterns�of �W �( W� ≥�1) �c onsecutive�a mino�a cid�r esidues� without�a ny�

gaps� and�a � gapped�2- gram�i s�de fined�a s�t wo�a mino�a cid�r esidues� with�s ome�s pecified�

number�of � gaps�i n�a �p rotein�s equence.��H ere,�a � gapped�2 -gram�i s�a lso�r eferred�t o�a s�a �

2-gram.�T he�m ain�pu rpose�of �i ntroducing�t he� gapped�e ncoding�f eatures�f or� 2-gram�i s�

to�i ncrease�t he�num ber�of �2- gram�f eature� candidates.�

�

For�e ach�pr otein�s equence�P �a nd�e ach�W -gram�( or�f eature)�F ,�l et�N (P,�F )�be �t he�

number�of �oc currences�o f�F �i n�t he�pr otein�s equence�P .�F urther,�l et�T (P,�W )�be �t he�t otal�

number�of �pos sible�W -grams�i n�P ,� length(P)�be �t he�l ength�of �P ,�a nd�G (F)�b e�t he�

specified�num ber�o f� gaps.�W e�ha ve�T (P,�W )�= � length(P)� –�W �+ �1� –�G (F),� where�G (F)�

=�0�i f�W � ≠�2�a nd�G (F)� ≥� 0�i f�W �= �2.�T he�f eature�v alue�U (P,�F )�w ith�r espect�t o�t he�

feature�F � and�t he�s equence�P �i s�de fined�a s�N (P,� F)� /�T (P,�W ).�F or�e xample,�s uppose�P �

=�“ LAEVLAAA”�a nd� F� =�“ LA”� (without�a ny� gaps),�t hen�t he�f eature�v alue� U(P,�F )�i s�

2�/ �( 8�–�2�+ �1�–�0) �= �0.28 57,�w here� F�= � “LA”,� N(P,�F )�= �2,� length(P)�= �8,�W =2,�G (F)�= �

0,�a nd�T (P,�W )�= �7.� Intuitively,�U (P,� F)�m easures�t he�pr oportional�oc currences�of � F�

among� all�pos sible�W -grams�i n�P .�T his�m easurement�i s�l ength�i ndependent.��
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In�t he�W -gram�pr otein�e ncoding�m ethod,�t he�t otal� number�of �di fferent�pos sible�

features�i s�20
w.��

�

b.� Amino� acid� subalphabets� �

It�i s�di fficult�t o�t rain�t he� SVM�w ith�ve ry�l arge�nu mber�of �f eatures�s uch�a s� 8000�f or�3 -

gram.�T o�r educe�di mensionality,�one �w ay�i s�t o�c lassify�t he�20� amino�a cids�i nto�s mall�

number�of � groups�ba sed� on�t heir�ph ysical-chemical�pr operties.�A ll�m embers�i n�t he�

same�gr oup�c an�be �r epresented�b y�one �s ymbol.�T he�m erged� amino�a cid�a lphabet�ha s�

fewer�t han�20�s ymbols�a nd�i s�c alled�t he�a mino�a cid�s ubalphabet,�w hich�c an�be �us ed�t o�

re-encode�t he�o riginal�pr otein�s equences.�T he�r e-encoded�pr otein�s equences�ha ve�

fewer�f eatures.� For�e xample,�i f�t he�num ber�of �s ymbols�i n�a n�a lphabet�i s�r educed�f rom�

20�t o�6,�t he�num ber�of �3- gram�f eatures�i s�r educed� from�4000�( 20�× �20� ×�20 )�t o�216�( 6�

×�6�× �6) .�R educing�t he�n umber�of �f eatures�t o�a �m anageable�s ize�f or�S VMs�c an�he lp�t o�

improve�t he�pr edictive�p erformance.�

�

This�pa per�s uggests�opt imizing�t he�g rouping�b y�u sing�t he�pr oposed� greedy�a lgorithm,�

which�c onsiders�t he� factors�of �bot h�t he�a mino�a cids’�ph ysical-chemical�pr operties�a nd�

their�c ontextual�c orrelations,�i nstead�of �us ing�t he� grouping�b ased�on�t heir�p hysical-

chemical�pr operties�a lone.�N ote�t hat�t here�a re�a n� exponential�num ber�of �w ays�t o� group�

the�20�a mino�a cids.�F or�e xample,�t here�a re�580606 446�a nd�45232115901�w ays�t o�

divide�20�a mino�a cids�i nto�3�a nd�4�gr oups,�r espectively.�T he�num ber�of �s ubalphabets�

with�m �g roups�( 1� ≤�m � ≤� 20)�f or�t he�pr otein�a lphabet�s ize�of �20,� N(m)�c an�b e�c alculated�

by�t he�f ormula�[ 28]�be low.�

�

�
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We� learn� the� local� optimal� grouping� based� on� a� greedy� algorithm� using� the� SVM�

classification� algorithm� to� evaluate� the� fitness� of� each� candidate� subalphabet,� where�

the� criteria� for� evaluation� is� the� 5-fold� cross-validation� accuracy.�

�

c.� Search� for� amino� acid� subalphabets�

This� section� presents� our� greedy� algorithm� for� finding� a� good� grouping� for� the� amino�

acids.� Given� a� particular� subalphabet� encoding� schema� S,� supposing� Ng� and� Tc� are� the�

predefined� number� of� groups� and� threshold� of� cross-validation� accuracy,� respectively.�

Further,� we� assume� the� parameters� of� a� SVM� to� evaluate� the� fitness� of� a� candidate�

subalphabet� are� given.� These� SVM� parameters� can� be� set� either� by� the� values�

suggested� by� the� SVM� software� or� by� the� tuning� result� of� the� SVM,� which� is�

constructed� from� features� re-encoded� by� grouping� 20� amino� acids� based� on� their�

physical-chemical� properties,� according� to� the� criteria� of� cross-validation� accuracy.�

For� a� particular� subalphabet� encoding� schema� S,� let� the� grouping� score� h(S)� be� the�

cross-validation� accuracy� when� prediction� is� done� by� a� SVM� using� W-gram� and� the�

subalphabet� scheme� S.� h(S)� can� be� used� to� measure� the� goodness� of� the� grouping� S.�

�

Table� 6� shows� an� example� of� clustering� 20� amino� acids� into� 4� groups� for� the� 4-gram�

protein� encoding� method� using� the� proposed� greedy� algorithm.� The� initial� node� with�

4-group� assignment� is� set� to� {(A,� G,� I,� L,� M,� P,� V),� (C,� N,� Q,� S,� T),� (D,� E,� K,� H,� R),�

(F,� W,� Y)},� which� is� based� on� the� physical-chemical� property� of� amino� acids.� The�
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process� for� searching� for� an� amino� acid� subalphabet� is� iterated� until� it� reaches� a� local�

maximal� grouping� score� at� 79.0285%,� where� the� final� four� groups� are� {(I,� L,� M,� V),�

(N,� S,� T),� (C,� D,� E,� H,� K,� Q,� R,� Y),� (A,� F,� G,� P,� W)}.� Note� that� some� group� members�

in� the� classified� result� have� the� same� physical-chemical� property� of� amino� acids.� For�

example,� the� amino� acids� A,� F,� G� and� W� in� the� fourth� group� (A,� F,� G,� P,� W)� are� all�

hydrophobic.� In� particular,� the� amino� acids� F� and� W� are� aromatic� while� amino� acids�

A� and� G� are� tiny.� Further,� the� hydrophilicity� scale� indices� of� A,� G,� P,� and� W� have�

approximately� the� same� values� in� the� amino� acid� index� database� [38],� which� suggests�

that� the� hydrophilicity� of� amino� acids� may� be� an� important� property� in� classifying� the�

20�a mino�a cids.�

�

The� proposed� greedy� algorithm� to� search� for� amino� acid� subalphabets� is� described� in�

Table� 7.� The� greedy� local� search� [39]� has� been� used� for� learning� the� subalphabets.� In�

the� search� tree� [39],� every� node� represents� an� amino� acid� subalphabet� encoding�

schema.� The� child� nodes� of� a� node� are� subalphabets� encoding� schemata,� which� are�

generated� by� moving� every� group� member� to� each� other� group� if� the� number� of�

members�i n�t his�g roup�i s� greater�t han�one .��

�

This�a lgorithm�i s�c omposed�of �t he�f ollowing�f our�s teps.�F irst,�t he�20�a mino� acids�a re�

initially�di vided�i nto�N g� groups�e ither�r andomly�w ith�a pproximately�t he�s ame�s ize�or �

based�on�s ome�ph ysical-chemical�pr operties�of �t he�20�a mino�a cids.�A mino�a cids�i n�t he�

same�gr oup�a re�de noted� by�one �s ymbol�i n�a �s ubalphabet.�S uppose�t he�c urrent�

subalphabet�e ncoding�s chema�i s�r epresented�b y� current�node ,�i ts� grouping� score�i s�

calculated� where�t he� grouping�s core�i s�t he�c ross-validation�a ccuracy�w hen� prediction�

is�done �b y� a�S VM�us ing� W-gram� and�t his�s ubalphabet�s cheme.�
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�

Second,�a ll�c hild�node s�o f�t he�c urrent�node �a re� generated.� If�t here�i s�onl y�o ne�m ember�

in�s ome�g roup,�t his�m ember�c annot�m ove�t o� any�o ther�gr oup.�O therwise,�t he�t otal�

number�of � groups�w ill�be �l ess�t han�N g.�T here�a re�a t�m ost�20�× �( Ng�–�1) �pos sible�c hild�

nodes�i n�t he�s earching�s pace�s ince�t here�a re�20�a mino�a cids�a nd�e ach�a mino�a cid�c an�

only�m ove�t o�a t�m ost�( Ng� –�1) �ot her� groups.� If�t he� highest� grouping�s core�a mong�t he�

child�node s�i s�g reater�t han�t he�g rouping�s core�o f�t he�c urrent�node ,�t his�c hild�node �w ill�

become�t he� current�node .��

�

Third,�t he�a bove�pr ocess� for�s earching�t he�c hild�no de�w ith�t he�hi ghest�gr ouping�s core�

among� all�c hild�node s�w ill�be �r epeated�unt il�t he�g rouping�s cores�of �a ll�c hild�node s�a re�

less�t han�t he�gr ouping�s core�of �t he� current�node .��

�

Fourth,�i f�t he� grouping�s core�i n�t he�f inal�c urrent�no de�i s�g reater�t han�T c,�t he� Ng� groups�

in�t he�c urrent�nod e�w ill�be come�t he� accepted�m erged�s ubalphabets.�O therwise,�w e�

randomly� re-generate�t he�c urrent�nod e�a nd�r epeat�t he�S teps�2�t o�4�a bove.�

�

The�t raining�s equences�a re�di vided�i nto�t wo�pa rts:�O ne�pa rt�i s�us ed�f or�c hoosing�t he�

subalphabet�w hile�t he�ot her�i s�us ed�f or� evaluating�t he�pe rformance�o f�a �s ubalphabet.�

�

The�gr eedy�a lgorithm�i s�a pplied�t o�r educe�t he�nu mber�of �W -gram�f eatures.� In�

particular,�f or�3- gram,�w e�c lassify�t he�20�a mino�a cids�i nto�6,�7,�a nd�8�g roups.�F or�4-

gram,�w e�c lassify�t he�20� amino�a cids�i nto�4�g roups.�T he�num ber�of � features�i s� mW,�

where� m�i s�t he�num ber�of �g roups� and�W �i s�t he�num ber�of �pr otein�pe ptides� in�W -gram�
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encoding�m ethods.�F or� example,�t he�num ber�of �f eatures�i s�6�× �6�× �6� =�216� for�6�

groups�i n�3- gram�e ncoding�m ethod.���

��

Multiple� SVMs�

Due�t o�t he�na ture�o f�t he� multi-class�c lassification,�i t�m ay�not �be �e asy�t o�obt ain�a �s ingle�

SVM�t hat�c an�r eturn�hi gh�a ccuracies� for�t he�s ubcellular�l ocalization�pr ediction.��

Therefore,�m ultiple�S VMs�a re�t rained�f rom�di fferent�f eatures� and�t heir�r esults�a re�

combined�us ing�vot ing.�

�

Currently�m ost�of �t he� existing�pr otein�s ubcellular�l ocalization�pr ediction�s ystems�

using�S VMs�onl y�us e�t he�f eatures�ge nerated�f rom� 1-gram�or �2- gram�pr otein�e ncoding�

methods.�F or�e xample,�t he�e xtracted�f eatures�o f�a mino�a cid�c ompositions�[ 2]�a nd�

features�of �a mino�a cid�pa ir�a nd�ga pped� amino�a cid�pa ir�c ompositions�[ 40]�c an�be �

considered� as�t he�f eatures�g enerated�f rom�t he�1- gram�a nd�2 -gram�e ncoding� methods,�

respectively.��

�

As�m any� functional�pa tterns�i n�pr oteins�a re� embedded�a s�s equence� correlations,�i t�i s�

expected�t hat�m ore�i nformation�w ill�be �i ncluded�by � combining�c lassifiers�c onstructed�

from�f eatures� generated� by�1- gram,�2- gram,�3- gram,�a nd�4 -gram�pr otein� encoding�

methods,�i nstead�of �j ust�us ing�t he�c lassifiers�c onstructed�f rom�1- gram�a nd� 2-gram�

encoding�m ethods�s ince� more�a djacent�a mino�a cid�r esidues�w ill�be �c onsidered.��

�

In�t his�pa per,�t he�f ollowing�f our�t ypes�of �f eatures� are�e xtracted�f rom�pr otein�

sequences.�T he�f irst�t ype� is�t he�1- gram�e ncoding� feature,�w hich�i ncludes�a mino�a cid�

compositions�a nd�t he�pa rtitioned�a mino�a cid�c ompositions,�w here�t he�pr otein�
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sequence�i s�p artitioned�i nto�P �pa rts�w ith�a pproximately�t he�s ame�l ength.�T he�t otal�

number�of �t hese� features� is�20�× �P .� In�t his�w ork,�P � is�s et�f rom�2�t o�6.�T he�s econd�one �

is�2- gram�e ncoding�f eature,�w hich�i ncludes� amino�a cid�pa ir�a nd� gapped� amino�a cid�

pair�c ompositions,�w here�t he�num ber�of �f eatures�i s�400�( 20�× �20) �a nd�t he�nu mber�of �

gaps�i s�s et�f rom�1�t o�2.�T he�pur pose�of �i ntroducing�t he� gapped�e ncoding�f eatures�onl y�

for�2- gram�i s�t o�i ncrease� the�num ber�of �2- gram�f eature�c andidates.�T he�t hird�one �i s�t he�

3-gram�e ncoding� feature,�w here�t he�20� amino�a cids�a re�di vided�i nto�6,�7,�a nd�8�g roups�

whose�num bers�of � features�a re�216� (6�× �6� ×�6) ,�34 3�( 7�× �7�× �7) ,� and�512�( 8� ×�8�× �8) ,�

respectively.�T he�l ast�one �i s�t he�4- gram�e ncoding� method,�w here�t he�20� amino�a cids�

are�di vided�i nto�4� groups,�w hose�num ber�of � features�i s�256�( 4�× �4�× �4� ×�4) .� ���

�

Feature� selection�

We�a pply�t he�w rapper�a pproach�[ 41]�i n�t he�ba ckward�e limination�ve rsion�t o�s elect�t he�

feature�s ubset�f or�ou r�S VM�c lassifiers�a nd�us e�5- fold�c ross-validation�a ccuracy�a s�t he�

criteria�f or�e valuation.��

�

Let�S VMa� and�S VMb� be�t he�S VM�c lassifiers�us ing�a ll�f eatures�a nd�f eatures� selected�b y�

the�w rapper�a pproach,� respectively.� Although�t he� prediction�a ccuracy�of �S VMb� is�

improved,�t he�pr ediction� results�f rom�S VMa� and� SVMb�a re�di fferent.�T here� are�s ome�

cases�w here�t he�p rediction�m ade�b y�S VMa� is�c orrect�w hile�t he�pr ediction�m ade�b y�

SVMb�i s�not �c orrect,�a nd� vice�ve rsa.�T herefore,�bo th�S VMa�a nd�S VMb�c an� be�

considered� as�c andidates� to�bui ld�t he�f inal�c ombined�c lassifier.�

�

SVM� subset� selection�
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Different�S VMs�g ive�di fferent�pr edictions.�O ne�w ay�t o� combine�t heir�pr edictions�i s�b y�

voting.�T hat�i s,�e ach�pr otein�s equence�i s�a ssigned� to�a �c lass�w ith�t he�m ost�vot es.�F or�

cases�w here�t wo�o r�m ore� classes� get�t he�m ost�vot es,�w e�a ssign�t hese�c ases�t o�t he�

predictive�r esults�b y�one � of�t he�S VMs,�w hich� gets� the�m ost�num ber�of �c orrect�

predictions�f or�a ll�t hese� cases.�

�

Suppose�S �i s�a �s et�of �pr otein�s equences,�N �i s�t he�n umber�of �c andidate�S VMs,�M �= �

{SVM1,�S VM2,�…,�S VMN}�i s�t he�s et�of �c andidate� SVMs�de fined�pr eviously,�V 1(S,�

M)�i s�t he�num ber�of �c orrect�pr edictions�c lassified� by�M �w ith�onl y�one �c lass�

corresponding�t o�t he�m ost�vot e,�a nd�V 2(S,�M )�i s�t he�num ber�of �t he� correct�p redictions�

by�t he� assigned�S VM�w hen�t wo�or �m ore� classes�c orrespond�t o�t he�m ost�vot e.�T he�

selection�s core� function� V(S,�M )�i s�de fined�a s�V 1(S,�M )�+ �V 2(S,�M )�a nd�i s�us ed�t o�

select�a �s ubset�of � all�c andidate�S VMs�t o�f orm�a �c ombined�c lassifier,�w hich� maximizes�

the�c ross-validation�a ccuracy.�T he�pr oposed� greedy� algorithm�t o�s elect�a �s ubset�of �M �

is�de scribed�i n�T able�8.�

�

This�g reedy�a lgorithm�c onsists�of �t he�f ollowing�t wo�s teps.�F irst,�s et�M �= �{S VM1,�

SVM2,�…,�S VMN},�S coremax�= �V (S,�M ),��S etmax�= � M,�a nd�i �= �N �- �1.�S econd,�f or�e very�

member�S VMr� �M �( 1� ≤ � r� ≤�N ),�r emove�S VMr�f rom�M �a nd�c alculate�t he�va lue�of �i ts�

corresponding�s election�s core�f unction�V (S,�M �–�{S VMr})�( 1� ≤�r � ≤�N ).�S uppose�f or�

some�S VMj�( 1� ≤�j � ≤�N ),�V (S,�M �–�{S VMj})�i s�e qual�t o�V max,�t he�m aximal� value�of �a ll�

V(S,�M �–�{S VMr})�( 1� ≤�r � ≤ �N ),�t hen�upda te�t he� following:�M �= �M �–�{S VMj},�S coremax�

=�V max,�S etmax�= �M ,�a nd�i �= �i �–�1.T he�pr ocess�f or� removing�s ome�S VMp� (1�  �p�  �N )�

will�c ontinue�unt il�i �= �1,�t hat�i s,�onl y�one �S VM�i s�l eft.�T hen�S etmax�i s�s elected�t o�be �t he�

combined�c lassifier.�
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�

We�c an�us e�t he�pr ediction�r esults�of �f our-fifth�t raining�pr otein�s equences�t o�s elect�a �

subset�of �S VMs�a nd�us e�t he�pr ediction�r esults�of �t he�r est�of �one -fifth�t raining�pr otein�

sequences�t o� evaluate�t he�pe rformance�o f�t he�r esult�of �t he�S VM�s ubset�s election.����

�

In�t his�w ork,�15�S VMs�a re�s elected� and�c ombined� to�f orm�t he�f inal�c lassifier.�T able�9�

shows�t he�e ncoding�m ethods�of �i nput�ve ctors�i n�t he�f ifteen�s elected�S VMs.� Rows�12,�

13,�a nd�14�r epresent�3�di fferent�m erged�s ubalphabets,�w hich�a re�{( A,� F,�G ,� P,�W ),�( C,�

D,�E ,�H ,�K ,�Q ,�R ,�Y ),� (N,�S ,�T ),�( I,� L,�M ,�V )},�{( A,�C ,�M ,�P ,�V ),�( F,� I,� L,�W ),�( D,�E ,�H ,�

Q,�R ),�( G,�K ,�N ,�S ,�T ,�Y )},�a nd�{( A,�G ,�P ,�Q ,�Y ),�( C,�D ,�E ,�H ,�K ,�M ,�R ),�( N,�S ,�T ),�( F,�

I,� L,�M ,� V)},�r espectively.�R ows�4,�7�a nd�15�r epresent�t he�s ame�e ncoding�m ethod�a s�

the�r ows�3,�6�a nd�14�but � with�f eature�s election.�

�

We�ha ve�c onducted�s ome�e xperiments�on�c onstructing�S VMs�b y�us ing�5 -gram�

encoding�m ethod.��P reliminary� experimental�r esults�s how�t hat�t he�c ross-validation�

accuracies�p redicted�b y�S VM�c onstructed�b y�3- gram,�4- gram,�a nd�5 -gram�e ncoding�

methods�a re�not �s atisfactory� when�t he�num ber�of � groups�i s�l ess�t han�6,�4,� and�4,�

respectively.�W hen�w e�i ncrease�t he�num ber�o f� groups�t o�4�f or�5- gram,�t he�t ime�

required�t o�t rain�t he� corresponding�S VM�a nd�c alculate�t he�5- fold�c ross�va lidation�

accuracy�i s�r elatively�s low�a s�t he�num ber�o f�f eatures�r eaches�1024� (4�× �4� × �4�× �4�× �4) .�

Therefore,�onl y�1- gram,� 2-gram,�3- gram,�a nd�4- gram�e ncoding�m ethods�a re�

considered�i n�t his�pa per.� Furthermore,�t he�20�a mino�a cids�a re�c lassified�i nto�6,�7,�a nd�

8�g roups� for�3- gram�a nd� 4�g roups� for�4 -gram�e ncoding�m ethods,�r espectively.�

�
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Since�t here�a re�t oo�m any� zero�e lements�i n�t he�e ncoding�r esults,�2- gram,�3- gram,�a nd�

4-gram�pr otein’s� encoding�m ethods�a re�not �a pplied�t o�t hose�c ases�w here�t he�pr otein�

sequences� are�p artitioned�i nto�P �( P�> �1) �pa rts�w ith�a pproximately�s ame�l ength.�
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Tables�

�

Table� 1� � -� Number� of� protein� sequences� in� different� sites�

�
�
�
�
�
�
�
�
�
�
�
�

�
Table� 2� -� Prediction� recall� for� a� single� localization.�
�

Localization� Recall�( TPx/(TPx+FNx))�
Cytoplasmic� 94.8%��( 235�/ �248) �
Extracellular� 83.2%��( 158�/ �190) �
Innermembrane� 88.1%��( 236�/ �268) �
Outermembrane� 93.2%�( 328�/ �352) �
Periplasmic� 86.9%��( 212�/ �244) �
Overall�r ecall� 89.8%��( 1169/1302)�

�
�
Table� 3� � -� Prediction� recall� for� dual� localizations.�
�

Localization� Recall� (TPx/(TPx+FNx))�
Cytoplasmic�/ �i nnermembrane� 92.9%�( 13/14)�
Outermembrane�/ �e xtracellular� 98.9%�( 75/76)�
Periplasmic�/ �i nnermembrane� 75.5%�( 37/49)�
Overall�r ecall� 89.9%�( 125/139)�

�
�
Table� 4� -� � Performance� comparisons� among� P-CLASSIFIER’s,� PSORT-B’s,� and�

CELLO’s� methods.�
�

P-CLASSIFIER� CELLO� PSORT-B��
Localization� Recall� MCC� Recall� MCC� Recall� MCC�

Cytoplasmic� 94.6%� 0.85� 90.7%� 0.85� 69.4%� 0.79�
Extracellular� 86.0%� 0.89� 78.9%� 0.82� 70.0%� 0.79�
Innermembrane� 87.1%� 0.92� 88.4%� 0.92� 78.7%� 0.85�
Outermembrane� 93.6%� 0.90� 94.6%� 0.90� 90.3%� 0.93�
Periplasmic� 85.9%� 0.81� 86.9%� 0.80� 57.6%� 0.69�
Overall�r ecall� 89.8%� -� 88.9%� -� 74.8%� -�
�

Localization�s ites� No.�
cytoplasmic� 248�
inner� membrane� 268�
periplasmic� 244�
outmembrane� 352�
extracellular� 190�
cytoplasmic�/ �i nner�m embrane� 14�
membrane�/ �pe riplasmic� 49�
outer�m embrane�/ �e xtracellular� 76�
All�s ites� 1441�
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Table� 5� -� Prediction� recall� for� dual� localizations� when� “half”� predictions� are�
only� counted� as� half� correct.�

�
Localization� Recall� (TPx/(TPx+FNx))�
Cytoplasmic�/ �i nnermembrane� 75.0%�( 10.5/14)�
Outermembrane�/ �e xtracellular� 84.2%�( 64/76)�
Periplasmic�/ �i nnermembrane� 38.8%�( 19/49)�
Overall�r ecall� 67.3%�( 93.5/139)�

�
�

Table� 6� -� An� example� of� clustering� 20� amino� acids� into� 4� groups.�

�
�
Searching�s tates�

Cross-
validation�
accuracy�

�
Actions�

(A,�G ,� I,� L,�M ,�P ,�V )�
(C,�N ,�Q ,�S ,�T )� �
(D,�E ,�H ,�K ,�R )��
(F,�W ,�Y )��

�
71.2413%�

�
Move�‘ G’�f rom� group�
1�t o�g roup�4�

(A,� I,� L,�M ,�P ,�V )�
(C,�N ,�Q ,�S ,�T )�
(D,�E ,�H ,�K ,�R )�
(F,�G ,�W ,�Y )�

�
74.0941%�

�
Move�‘ A’�f rom� group�
1�t o�g roup�4� �

(I,� L,�M ,�P ,�V )�
(C,�N ,�Q ,�S ,�T )�
(D,�E ,�H ,�K ,�R )�
(A,�F ,�G ,�W ,�Y )�

�
75.9445%�

�
Move�‘ P’�f rom� group�
1�t o�g roup�4�

(I,� L,�M ,�V )�
(C,�N ,�Q ,�S ,�T )�
(D,�E ,�H ,�K ,�R )�
(A,�F ,�G ,�P ,�W ,�Y )�

�
77.5636%�

�
Move�‘ C’�f rom� group�
2�t o�g roup�3�

(I,� L,�M ,�V )�
(N,�Q ,�S ,�T )�
(C,�D ,�E ,�H ,�K ,�R )�
(A,�F ,�G ,�P ,�W ,�Y )�

�
78.4888%�

�
Move�‘ Q’�f rom� group�
2�t o�g roup�3�

(I,� L,�M ,�V )�
(N,�S ,�T )�
(C,�D ,�E ,�H ,�K ,�Q ,�R )�
(A,�F ,�G ,�P ,�W ,�Y )�

�
78.9514%�

�
Move�‘ Y’�f rom� group�
4�t o�g roup�3�

(I,� L,�M ,�V )�
(N,�S ,�T )�
(C,�D ,�E ,�H ,�K ,�Q ,�R ,�Y )�
(A,�F ,�G ,�P ,�W )�

�
79.0285%�

Reach�l ocal�m aximal�
grouping�s core� and�
stop.�

!!
�
�
�
�
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�
Table� 7� -� Algorithm� for� amino� acid� subalphabets� searching�
�
1� current_node�  � the� initial� group� assignment� by� dividing� the� 20� amino� acids� into�

Ng� groups.��

2� REPEAT�

3� ������be st_node�  �c urrent_node�
4� ������R EPEAT�

5� ������������c urrent_node�  �be st_node�
6� ������������g enerate�a ll�c hild� nodes�of �t he�c urrent�node �i n�t he�s earch�t ree.�

7� ������������be st_node�  �t he�c hild�node �w ith�t he�hi ghest� h-value�a mong�a ll�c hild�
nodes�of �t he�c urrent�node .�

8� ������U NTIL� h(best_node)� <� h(current_node)�

9� ������I F� h(current_node)�< �� Tc� THEN�

10� ������������c urrent_node�  � randomly�r e-generate�i nitial�g roup�a ssignment�

11� ������E NDIF�

12� UNTIL� h(current_node)�  �T c�
�
�
�
�
Table� 8� -� Algorithm� for� SVM� subset� selection�
�
1� Let�M � =�{ SVM1,�S VM2,� …,�S VMN}� be�t he�s et�o f�c andidate�S VMs�

2� Let�S coremax� =�V (S,�M )�a nd�S etmax�= �M �

3� FOR�i �= �N -1�t o�1 �

4� ������V max�= �m ax{V(S,�M �–�{S VMr})� |�S VMr� �M ,�1�  �r �  �N �}�

5� ������I F�V (S,�M � –�{ SVMj})�= =�V max��( 1�  � j�  �N )�� THEN� �
6� ������������M �= �M � –�{ SVMj}�

7� ������E NDIF�

8� ������I F�V max�  �S coremax� THEN�
9� ������������S coremax� =�V max�

10� ������������S etmax�= �M �

11� ������E NDIF�

12� END�F OR�

�
�
�
�
�
�
�
�
�
�
�
�
�
�
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�
Table� 9� -� The� encoding� methods� of� input� vectors� in� the� fifteen� selected� SVMs.�
�

No.� Encoding� methods�o f�i nput�ve ctors�
1� 1-gram�w ith�2�pa rtitioned�pa rts�
2� 1-gram�w ith�3�pa rtitioned�pa rts�
3� 1-gram�w ith�4�pa rtitioned�pa rts�
4� 1-gram�w ith�4�pa rtitioned�pa rts�( apply�f eature�s election�t o�N o.�3) �
5� 1-gram�w ith�6�pa rtitioned�pa rts�
6� 2-gram�w ithout�a ny� gaps�
7� 2-gram�w ithout�a ny� gaps� (apply� feature�s election�t o�N o.�6) �
8� 2-gram�w ith�one � gap�
9� 3-gram�w ith�6�m erged� groups�

10� 3-gram�w ith�7�m erged� groups�
11� 3-gram�w ith�8�m erged� groups�
12� 4-gram�w ith�4�m erged� groups�
13� 4-gram�w ith�4�m erged� groups�
14� 4-gram�w ith�4�m erged� groups�
15� 4-gram�w ith�4�m erged� groups�( apply� feature�s election�t o�N o.�14) �

�


