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Abstract

We presenta method for classifyingproteins into familiesbasedon shortsubsequencesof amino
acidsusinganew probabilistic model calledsparseMarkov transducers (SMT).Weclassifyaproteinby
estimatingprobability distributionsover subsequencesof aminoacidsfrom theprotein. SparseMarkov
transducers,similar to probabilistic suffix trees,estimatea probability distribution conditionedonanin-
put sequence.SMTsgeneralizeprobabilistic suffix treesby allowing for wild-cards in theconditioning
sequences.Sincesubstitutionsof aminoacidsarecommon in protein families,incorporatingwild-cards
into the model significantly improvesclassificationperformance.We presenttwo modelsfor building
proteinfamily classifiersusingSMTs. As proteindatabasesbecome larger datadriven learningalgo-
rithmsfor probabilistic modelssuchSMTsmayrequire vastamount of memory. We therefore describe
efficientdatastructuresto improve thememoryusageSMTsandusethemin ourexperiments.We eval-
uateSMTsby building proteinfamily classifiersusingthePfamandSCOPdatabasesandcompareour
resultsto previously publishedresultsandstate-of-the-art proteinhomology detectionmethods. SMTs
outperform previousprobabilistic suffix treemethods andundercertainconditions perform comparably
to state-of-the-artprotein homologymethods.

Keywords: proteinfamily classification,probabilistic suffix trees,machine learning.

1 Intr oduction

As databasesof proteinsclassified into familiesbecome increasingly available,andasthe numberof se-
quencedproteinsgrowsexponentially, techniques to automatically classify unknownproteins into families
becomemoreimportant. Many approacheshave beenpresentedfor protein classification. Initi ally the ap-
proachesexaminedpairwisesimilarity [28, 1]. Otherapproachesto proteinclassification arebasedoncreat-
ing profiles for protein families[14], thosebasedonconsensuspatternsusingmotifs [6, 4] andHMM-based
(hiddenMarkov model)approaches [19, 12, 7].

Recently, probabilistic suffix trees(PST)have been applied to protein family classification. A PSTis a
modelthatpredicts thenext symbolin a sequencebasedon theprevioussymbols (for a formal description
seefor instance[29, 23, 16]). Thesetechniqueshave beenshownto beeffective in classifying proteinsinto
their appropriate family [9, 2]. Thisapproachis basedon thepresenceof commonshort sequencesthrough-
out theprotein family. Thesecommonshort sequences,or motifs [6], arewell understood biologically and
have beenused effectively in protein classification [5]. PSTs aregenerative modelsthat induce probabil-
ities over subsequencesfrom a protein by building a probability distribution for an element in the protein�
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sequenceusingthe neighboring elements in the sequence. A PSTestimatesthe conditional probability of
eachelementusingthe suffix of the input sequence,which is thenusedto measurehow well an unknown
sequencefits into thatfamily.

Onedrawback of probabilistic suffix treesis that they rely onexactmatchesto theconditional (input) se-
quences.However, in protein sequencesof thesamefamily, substitutionsof singleaminoacidsin asequence
areextremely common.For example,two subsequencestaken from the3-hydroxyacyl-CoA dehydrogenase
protein family,

�������	��
��
�
and

���������������
, areclearly verysimilar. However, they only haveatmost

two consecutive matching symbols. If we allowed matching gapsor wild-cards (denoted by � ), we notice
that they matchvery closely:

� � � � � � ���
. We would thereforeexpect that probabilistic suffix trees

would perform better if they wereable to condition the probabilitieson sequencescontaining wild-cards,
i.e. they canignore or skip someof thesymbolsin theinput sequence.

In this paperwe present sparse Markov transducers (SMTs), a generalization of probabilistic suffix
treeswhich induce conditional probabiliti esover a sequencethat contains wild-cards asdescribedabove.
SparseMarkov transducers build on previous work on mixturesof probabilistic transducers presentedin
[29, 25, 22]. Specifically, they extend previousprobabilistic suffix treemodelsto allow theincorporation of
wild-cards into themodel. They alsoprovide a simplegeneralization from a prediction (generative) model
to a transduction (discriminative) modelwhich probabilistically mapssequencesover an input alphabetto
corresponding sequencesover anoutput alphabet. This formalismallows the input alphabet to bedifferent
from theoutput alphabet.We make useof this generalization in our experiments.

Wepresent two methodsof building proteinfamily classifiersusingsparseMarkov transducers. Thetwo
modelsareusedto classify unknown proteins into their appropriatefamilies by extracting all subsequences
from theprotein usinga sliding window. For eachsubsequence,weobtain a probability associatedfor each
family. A score is obtained for eachprotein andfamily by computing the normalizedsumof logs of the
probabilities for eachsubsequence. In both of thesemethods, the key to effective protein classification is
theestimation of probability distributionsconditional on shortsequences (in this case,sequencesof amino
acids). In both methods, SMTs areusedto estimate the probability distributions. The first methodis a
generativemodel,whichbuildsaprediction modelthat approximatesaprobability distribution overasingle
aminoacidconditionedon thesequenceof neighboringaminoacids. Thesecondmethodis adiscriminative
method, which builds estimates of probability distributionsover protein families conditional on sequences
of aminoacids.Thatis, in thesecondmethodweemploy Markov transducersasmappingsfrom aminoacid
sequencesto protein families.

We perform experimentsover the Pfam database[27] of protein families andbuild a model for each
protein family in thedatabase.Wecompareour methodto theBejeranoandYona[8] methodby comparing
theresults of our methodapplied to thesamedatato their publishedresults. We alsoperform experiments
over the SCOPdatabaseand compare our results to stateof the art protein homology methods suchas
including BLAST, HMMER, andtheFisherkernel method[1, 12, 17].

A challengein using probabilistic modeling methods is that the modelsthey generate tendto bespace
inefficient. Apostolico andBejerano[3] presentan efficient implementation of their PSTmethod.Theal-
gorithm presentedby Apostolico andBejerano brings the memoryefficiency close to the theoretical limit
so long asa single PSTor SMT is concerned. However, the is rather complex and it is not clearhow to
generalizethealgorithm to themixturesapproachemployed in thispaper thantacitly maintain multiple pre-
diction trees. Wethereforepresent anefficient implementationfor sparseMarkov transducers incorporating
efficient datastructuresthat uselazy evaluation to significantly reduce the memoryusage, allowing better
modelsto fit into memory. Weshow how theefficient datastructuresallow usto computebetterperforming
models, which would beimpossible to compute otherwise.

This paper builds upon [13] wheresparse Markov transducers applied to protein classification were
originally presented. This paper includesa more complete set of experimentscomparing the methodto
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traditionalprotein homology methodsandacompletemathematical descriptionof themodelandits learning
algorithm. In addition, this paper alsodescribesin depthan extension to compute discriminative models
moreefficiently.

Theorganization of thepaper is asfollows. Wefirst present theformalism of sparseMarkov transducers.
Thenwedescribehow weusesparseMarkov transducersto build modelsof protein families. Wedescribein
depth anew construction thatinvolvesamixtureof many different sparseMarkov transducersanddiscussits
efficient implementation for protein sequences. Finally, we discussour classification results over thePfam
andSCOPdatabases. Someof thedetailsof thesparseMarkov transducersaretechnical in natureandarede-
ferred to theappendices. TheSMTsoftwareis availablefromhttp://www.cs.columbia.edu/compbio/smt/.

2 SparseMark ov transducers

SparseMarkov transducers induceaprobability distribution of anoutput symbolconditionedon asequence
of input symbols. In our application, we arespecifically concernedwith modeling probability distributions
of individualaminoacids(output symbol) conditionedon their surrounding aminoacids(input sequence).
We are also interestedin the setting wherethe underlying distribution is conditioned on sequencesthat
contain wild-cardssuchasin thecaseof protein families. We refer to this caseasprobabilistic estimation
over sparsesequences.

To modelthe probability distribution we employ Markov transducers. A Markov transduceris defined
to bea probability distribution over output symbols conditioned on a finite setof input symbols. A Markov
transducerof order

�
inducesa conditional probability distribution of theform,��������� ��� ����!#"$����!&%'����!&(*)+)+),� ��!#-/.&!#"103254

(1)

where
��6

are random variables over an input alphabet 798/: and
�&6

is a random variable over an output
alphabet 7�;=< � . In this form of probability distribution theoutput symbol

�$6
is conditional on the

�
previous

input symbols. If
�>�@?A���CBD"

, thenthemodelis aprediction model
"
. In ourapplication, Equ.(1) definesthe

probability distribution conditioned on thecontext or sequenceof neighboring aminoacids. As we discuss
in the sequel, in the context of protein family classification, the conditioning sequencesaresequencesof
aminoacids while

�	�
is either a single aminoacidor thenametheprotein family to which thesequenceof

aminoacidsbelongs.
Markov modelsprovide a systematic way to modelprobability distributions conditioned on complete

input sequences. However, many natural sequences and in particular biological sequencesexhibit a phe-
nomenon known as sparseness whereonly fractions of the input sequencescarry statistically significant
information on the output sequences. In order to achieve good probabilistic estimates we needto cope
with sparseness in an algorithmically efficient manner. Specifically, we employ a transduction modelthat
representspartsof the conditioning sequences as wild-cards. We denote a wild-card by the symbol E ,
which representsa placeholder for an arbitrary input symbol. Put another way, multiple input sequences
aremapped to the sameconditioning eventsin all the places wherewild-card symbols appear. Similarly,
for notational convenience, we use E : to representF consecutive wild-cards (i.e., arbitrary sequencesof
length F ) and E	G asa placeholder representing no wild-cards. Therefore, a sparseMarkov transduceris a
conditional probability of theform, ��������� E :IH ��� HJE :*K ��� K )L)L) E :NM ��� M 2O4

(2)H
In order to model “look ahead”, we canmapevery elementP�Q to PNQ+RISTQ where UWV is a constantvaluewhich refersto the

numberof input symbolsthat are “looked ahead”. Thus in this casethe conditioningsequence of randomvariableswould beX QYR>STQ X Q+RISTQ[Z H X Q+RISTQ[Z K$\]\^\ . Theoutput, _ Q , remainsunchanged.
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wherèa8 ? `cb �ed 8fJg " F f 2 b �ih bkj 2 . For instance,if 7l8Y: ?nmo� 4�p
4 � 4 ��q
thenboth

� p �����
and

�r���r���
will be mappedto the sameconditioning even

� E ( � . In fact, thereareexactly s ( different sequencesof
length t thataremappedto theconditioning

� E ( � .
Wewould liketo notein passing thataMarkov transduceris aspecial caseof asparseMarkov transducer

where Fu8 ?wv
for all

h
. Thegoal of our algorithm is to estimatea conditional probability of this form based

on a set of input sequencesand their corresponding outputs. However, our task is complicateddue to
two factors. First, we do not know which positions in the conditioning input sequenceshould be wild-
cards. Second,thepositions of thewild-cardschangedepending on thecontext, or thespecific valuesof the
conditioning sequence.This meansthatthepositionsof thewild-cardsdependon theactual aminoacids in
theconditional sequence.

We present two approachesfor SMT-basedprotein classification. The first approachis a generative
model wherefor each protein from a family we estimatea distribution over amino acidsconditioned on
neighboring aminoacids. In thegenerative modelthe output (

�3�
) is anaminoacidandthe input sequence

(
��� ����!#"x����!&%*)+)+)

) is the neighboring amino acids. Sinceprotein families contain similar subsequences,
subsequencesfrom proteinsof a givenfamily will fit better into thedistribution estimated for theparticular
family asopposedto distributionsestimatedusingotherfamilies. In thesecond approachwe build a single
model for the entire databasewhich mapsa sequenceof amino acidsto the nameof the protein family
from which thesequenceoriginated.This modelestimates the distribution over protein family names(

�y�
)

conditioned on a sequenceof aminoacids(
�z� ����!#"x����!&%*)+)+)

). In this modelthe input alphabetis the setof
aminoacidsandtheoutput alphabetis thesetof protein family names.

In general our approachis as follows. Building upon the work on suffix treesfor learning and pre-
diction [29, 23, 16, 8], we definea type of prediction suffix treecalleda sparse prediction tree which is
representationally equivalent to sparseMarkov transducers. Thesetrees probabilistically mapinput strings
to a probability distribution over the output symbols. The topology of a treeencodesthe positions of the
wild-cardsin theconditioningsequenceof theprobability distribution. Weestimate theprobability distribu-
tionsof thesetreesfrom thesetof examples. Sincea priori wedo not knowthepositionsof thewild-cards,
wedonotknow thebesttreetopology. For this reason,weuseamixture(weightedsum)of treesandupdate
the weights of eachtreebasedon its performanceover the setof examples. We update the treesso that
the better performing trees get larger weightswhile the worseperforming treesget smallerweights. Thus
thedatais usedto choose the positionsof thewild-cardsin the conditioning sequences. We now formally
describe sparse prediction treeanddiscussthe algorithm for updating a mixture of suchtrees efficiently.
The technical details of the algorithm that allow for the exact computation of the mixture weights for an
exponential numberof trees aredeferreduntil Sec.5.

2.1 Sparseprediction tr ees

For the simplicity of the derivation of our algorithms rather than using Markov transducersdirectly we
employ atree-basedrepresentationwhich is aspecifictypeof prediction suffix treecalled asparseprediction
tree.Sparseprediction treesgeneralizeprediction suffix treesthatweredescribedin [23] andusedin [8] in
the taskof probabilistic modeling of biological sequences.A sparseprediction treeis a rooted treewhere
eachnodeis eithera leaf nodeor containsonebranch labeledwith E : for Fk{ v

thatforks into abranch for
eachelementin 7 8Y: (each aminoacid). Eachleafnodeof thetreeis associated with aprobability distribution
over theoutput alphabet, 7@;=< � (aminoacids). Fig. 1 showsa sparseprediction tree. In this tree,eachof the
leaf nodes, | " 4 )+)+) |c} , is associatedwith aprobability distribution. Thepathfrom theroot nodeto a leaf node
representstheconditioning sequencein theprobability distribution. We thuslabel eachnodeusing thepath
from the root of the tree to the node. Sincethe pathcontains the wild-card symbol E , there aremultiple
stringsover 7 8/: thataremapped to a single node. Putanotherway, eachedgelabeled E : canbetraversed
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Figure1: An illustrationof a sparseprediction tree. For spaceconsiderationswe do not draw branchesfor
all 20 aminoacids.

by all the
� 7 � :

differentsequences of length F .
A treeassociatesa probability distribution over output symbols conditioned on the input sequenceby

following an input sequencefrom the root nodeto a leaf nodeskipping a symbol in the input sequence
for each E along thepath. Theprobability distribution conditioned on an input sequenceis theprobability
distributionassociatedwith theleafnodethatcorrespondsto theinput sequence.As describedin thesequel,
thetreeis trained with adataset of input sequences~ � andtheir corresponding output symbols � � . Theinput
sequenceat time step ` , ~ �

, is the definedto be theentire string of input symbolsobserved from time stepj through time step ` . Using an analogousnotation to the oneusedin Equ.(1), let ~a8
��7�8/: be the input
symbolthatwasobservedat time ` , then ~ � ?�� ~ � 4 ~ ��!#" 4 )L)L) 4 ~ % 4 ~ " 2

. Note that this definition implies that
the input sequencesarestrings of growing sizes. In practice, we seta limit on the maximumdepth of the
sparse prediction treeswhich tacitly implies that each ~ � is a finite string whoselengthis the sameasthe
maximalimposed depthof thelearned tree.

For example, in Fig. 1 the setsof input strings that correspond to eachof the two highlighted nodes
are | %�? E " � E % p

and |&� ? E " p E ( p
. In our setting, the two nodeswould correspondto any aminoacid

sequences� � ��� p
and � p ����� p

wherethesymbol � denotesa wild-card. Thenode labeled | % in the
figurecorrespondsto many sequencesincluding

�
A

p�p
C and � A

� p
C. Similarly for thenodelabeled |e�

in the figure corresponds to the sequences
�

C
���
�

C and
p

C
� � p

C. The string
p

C
� � p

C
p �

is also
mappedto |9� sincetheprefix of thesequenceleadsto |o� . Theprobability corresponding to anobservation
from the input sequenceis the probability containedin the leaf nodecorresponding to conditioning input
sequence. For instance,in this example

������� �
� p�p�p�2
is probability of observing the symbol

�
that is

associatedwith the leaf | %
. Theseprobabilitiesareestimated from countsof output symbols from training

examples thatreachthis node asdescribedbelow.
In summary, a sparse prediction tree,denoted

�
, canbe usedto induceconditional probability distri-

butionsover output symbolsasfollows. For anexamplepair containing anoutput symbol � � andan input
sequence~ �

, wecandeterminetheconditional probability for theexample,denoted
�$�z� � ��� ~ � 2

. As described
above, we first determinethenode | which corresponds to the input sequence ~ � . Oncethatnodeis deter-
mined,weusetheprobability distribution over output symbolsassociatedwith thatnode.Theprediction of
thetreefor theexample is then,

�	�z� � ��� ~ � 2 ?��@��� � �$� | 2
.

We show show in App. A any sparse Markov transducercanberepresented asa sparseprediction tree
of equivalent size. We usehowever the tree-basedrepresentation which cannaturally combined with the
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mixturetechniqueweemploy.

2.2 Training a Prediction Tree

A prediction tree is trained from a set of training examplesconsisting of output symbols and the corre-
sponding sequences of input symbols. In our application, the training setis either a setof aminoacidsand
their corresponding contexts (neighboring sequenceof aminoacids) or a setof protein family namesand
sequencesof aminoacids from that family. The input symbols areusedto identify which leaf nodeis as-
sociatedwith that training example.Theoutput symbolis thenusedto update thecount of theappropriate
predictor.

Eachpredictornodekeepscountsof eachoutput symbol (aminoacid) seenby thatpredictor. Wesmooth
eachcount by adding a constantvalueto the countof eachoutput symbol. Thepredictor’s estimateof the
probability for agivenoutput is thesmoothedcount for theoutputdividedby thetotal countin thepredictor.

This methodof smoothing is motivated by Bayesian statisticsusing the Dirichlet distribution which is
theconjugatefamily for themultinomial distribution. However, thediscussionof Dirichlet priorsis beyond
the scope of this paper. Furtherinformation on the Dirichlet family canbe found in [11]. Dirichlet priors
have beenshown to beeffective in protein family modeling [10, 26].

For example,consider the prediction tree in Figure1. We first initialize all of the predictors (in leaf
nodes | " 4 )+)+) 4 |c} ) to the initial count values. If for example, the first elementof training datais the output�

andthe input sequence
� � p �
��� p � � � p � �

, we would first identify the leaf nodethatcorresponds
to the sequence. In this casethe leaf nodewould be |'} . We then update the predictor in |N} with the
output

�
by adding 1 to the count of

�
in |�} . Similarly, if the next output is

p
and input sequenceis� � p � � ����� p�p �

, we would updatethepredictor in | "
with theoutput

p
. If thenext output is � and

theinput sequenceis
p �
���
� p � � , we would update | "

with theoutput � .
After training onthesethreeexamples, wecanusethetreeto output aprediction for aninputsequenceby

using theprobability distribution of thenodecorresponding to the input sequence.For example, assuming
theinitial count is

v
, theprediction of thetheinput sequence

�
� p�p �
���
which correspondto thenode | "

would give anoutput probability wheretheprobability for
p

is
) t andtheprobability of � is

) t .

3 Mixtur eof SparsePrediction Trees

In the general case, we do not know a priori whereto put the wild-cards in the conditioning sequenceof
the probability distribution becausewe do not know on which input symbols the probability distribution
is conditional. Thus we do not know which tree topology to useso as to obtain the best estimate by a
sparseprediction tree.Intuitively, wewantto usethetrainingdatain orderto learnwhich treepredictsmost
accurately.

We usea Bayesianmixture approachfor the problem. Instead of using a singletreeasa predictor, we
usea mixture technique which employs a weightedsumof treesasour predictor. We thenusea Bayesian
updateprocedureto updatetheweightof eachtreebasedon its performanceon eachelementof thedataset.
In this way, theweightedsumusesthedatato make thebestprediction.

We usea Bayesian mixture for two reasons. First, mixture modelsprovide richer representations than
individual model. Second, our proposedmodel is built online so that it canbe improved on-the-fly with
moredata, without requiring the re-training of the model. This meansthat asmoreandmoreproteins get
classified into families, themodelscanbeupdatedwithout re-trainingthemodelover theupto datedatabase.
For a theoretical treatment andfurtherdiscussionon mixture modelsof prediction treesee[29, 23, 16] and
thereferencestherein.
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Theskeleton of learning algorithm for themixture of SMTs is asfollows. We initi alize theweights of
eachSMT in the mixture to the prior probabiliti esof the trees(discussedin the sequel). Then,we update
theweightof eachtreein anonlinefashion for eachtraining examplein thetraining setbasedon how well
thetreeperformedon predicting themostrecentoutput. At theendof this process,wehave aweighted sum
of (sparseMarkov) treesin which thebetterperforming treesin thesetof all treeshave thehigher weights.

Specifically, we assign a weight, � �� , to eachtree in the mixture after processingtraining example ` .
Theprediction of themixture aftertraining example ` is theweighted sumof all thepredictions of thetrees
dividedby thesumof all weights: � � ����� � � 2 ? d � � �� � � ����� � � 2d � � �� (3)

where
���z����� � � 2

is theprediction of tree
�

for input sequence
� �

.
Equ. (3) employs a weighted sum of predictions. As discussedabove eachweight � �� reflectsthe

performanceof a tree.Initially, prior to any observations,theseweights areinitialized in a way thatreflects
thecomplexity of eachtreein themixtureandthenupdatedafter eachround. Wenow discussin detail how
thesemixtureweights aredetermined,starting with thehow theinitial weights aredetermined.

4 Prior distrib ution of sparseprediction tr ees

Ourconstruction of theprior probability of asparseMarkov tree
�

, denoted � "� , is based on thecomplexity
of the topology of the tree. Intuitively, the morecomplicatedthe topology of the treethe smallerits prior
probability. We now discussin detail our construction of a prior probability distribution over SMTs. This
constructionsis recursiveandenablesusto performtheweightupdatein anefficient manner. For simplicity
of presentation, we describe our construction of a prior probability over SMTsasa stochasticprocessthat
generatesrandom trees. The prior probability of a specific tree is the probability of generating that tree
according to theprocessthatwe now describe.

Weareprovidedwith aprobability distribution over the(non-negative) integers,denoted
�a�

. Startingat
therootnodeweperformthefollowing process.Wepick aninteger F atrandom accordingto thedistribution���

. If the F ?�v
we stopthegenerationprocessmakingthecurrent nodea leaf. Otherwise( F�{nj ), we add

to the current nodewe areat a branch labelled E : !#"
andgenerate child nodesbelowthat branch, onefor

every symbol in 7�8/: . For eachof these new nodes, we repeat theprocess recursively. Clearly, this process
inducesa (prior) probability of sparse prediction tress.

Wereferto probability distribution inducedby theprocessdescribedaboveasthegenerativeprobability
distribution. Intuitively, theoutcomeof thegenerationprocessat eachnodedetermineshow far forwardwe
look for thenext input. If theoutcomeis

v
, thenwe do not condition on any moreinputs. If thevalueis j ,

we condition on thevery next input. If theoutcomeis F���� , thenwe skip (or markaswild-cards)thenextF�b�j inputs andcondition on the F th next input.
Wecanassociateadifferentprior distributionswith eachindividualnodeof asparseprediction tree. Let| bean arbitrary node thenwe denoteby

� <� thegenerative probability distribution over the possible skip
lengthsassociated with | . Since

� <� is a distribution we have that�� 8 g G
� <� �ih 2 ? j )

(4)

For eachnode in a tree | , we denote the actually number of skips that werepicked according to
� <� by as| �

. Thevalue | � b�j is thenumberof E ’s associatedwith the(single) edgeleaving thenode | . Finally, if a
node | is a leaf, | �

of thatnodeis definedto be
v
.
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Figure2: A sparseprediction treewith its generative probabilities.

To completeourdescription of theprior probability of atreeweneedto introduceafew moredefinitions.
Thesedefinitionswill alsobecomehandyin theweight update procedurefor sparseprediction trees. For a
tree

�
we denote by

� �
thesetof leavesof that tree. We alsodefine � �

to be thesetof nodesof the tree
(including the leaf nodes). Let

� < denote the subtree rootedat | . Similarly, we define � ���
and

�����
to be

thesetof nodes andleaf nodes,respectively, of thesubtree
� < .

Theprior probability of a treecannow easily becomputedusing thegenerative probability distribution
at eachnodeandtheactual E value of eachnode.Summingup, theprior probability of tree

�
, denoted � "� ,

is therefore � "� ? �<N�* �¡ � <� � | � 2
(5)

where | �
is the E value of thenode | and

� <� is thegenerative probability distribution associatedwith the
node | .

Assumefor examplethatfor all possible nodes
� <� � F 2 ?£¢ ! :" G for

v�¤ F ¤�¥
and

� <� � F 2 ?�v
otherwise.

Fig. 2 illustratestheprobability of theoutcomes( E values) at eachnode. Theprior probability of theentire
treeshown in thefigureis ¦ %" GI§

% ¦ ¢" GI§ � ?�vT)]vNv s v©¨Nª
, which is theproductof theprobabilitiesof eachE value

at eachnode.
Finally, we would like to point out thata maximaldepthlimit ��«z¬$­ on a sparseprediction treecanbe

simply imposed by limiting thedistributions
� <� to a finite setof values. Formally, for a node | at depth ®

we set
� <� � F 2 ?¯v

for all values F°�w��±�²=³�b�® . Note that this implies that for any node | at themaximal
depth � «z¬$­ we have

� <� ��v 2 ? j and
� <� � F 2 ?�v

for Fk� v
.

5 Weight updatealgorithm

As discussedabove,weuseaBayesian approachruleto updatetheweightsof themixtureaftereach training
example. The mixture weightsareupdated according to the evidence which is simply the probability of
an output � � given the input sequence~ � , �@��� � �$� ~ � 2

. A new prediction is obtained by updating the tree
according to theexampleandthen computing theprediction of theexample.Intuitively, thisgivesameasure
of how well thetreeperformedon thegivenexample. Theunnormalizedmixtureweightsareupdatedusing
thefollowing rule: � �CBD"� ? � �� �@�z� � ��� ~ � 2

(6)
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with � "� is definedto betheprior weightof the tree.Thustheweighof a treeis theprior weight timesthe
evidencefor eachtraining example, that is,

� �CBD"� ? � "� ��8 g " �@��� �N8 � ~ 8 2
(7)

After eachtraining examplewe needto update theweightsfor every possible sparse prediction tree
�

.
Clearly, the numberprediction treesin the mixture is huge, even for relatively small values of �T±�²=³ andE «z¬$­ . Therefore,astraightforwardapproachthatupdatesdirectly everysparseprediction treein themixture
is not feasible. Instead,wepresent now anefficient algorithm thattacitly updatestheindividual treeweights
by maintaining mixtureweightsof hierarchical subsetsof theentiremixture.Ouralgorithm stemsfrom and
buildsupon thelearning algorithmsfor prediction suffix trees describedin [29, 16].

Efficient weight update

Insteadof maintaining multiple sparseprediction trees of differentsizes, theefficient algorithm maintainsa
single template treethat is theunion of all thenodescomposing the treesin the mixture. At each nodeof
thelargetemplate treewe maintaintwo weights which we we useasthemeansto updatetheweightsof all
the treesin themixture. Theseweightsarealsousedfor calculating efficiently themixture’s prediction on
thenext output. Wedenote thetwo weightswekeep ateachnode| of thetemplatetreeby � � � | 2

and � � � | 2
wherè designates thelengthof theinput sequencethat hasbeen observedsofar.

The first weight � � � | 2
is the likelihoodof the predictions inducedby | on all subsequencesreaching

thenode | . Let usdenote by ~ � ��| theeventthat theinput sequence ~ � hasmapped to node | . Recallthat
therenumerousnodesthat input sequenceat time ` , ~ � , is mappedto, including including | ’s ancestorsand
children.Thealgorithmupdatestheweightsof all of thesenodesin onesweepfrom theroot to all theleaves
of thetemplate tree.Theweight of eachnode | is initialized to one,andthus,

� " � | 2 ? j )
If ~ � ��| thenwe needto update thelikelihood of | asfollows,

� �CBD" � | 2 ? � � � | 2 ��� � ��� | 2 )
If, however, ~ ��´�w| thenwe neednot change the weight of | , therefore we implicit ly setandotherwise� �CBD" � | 2 ? � � � | 2

. Usingtheweights � � � | 2
wecannow rewrite theweightof asingle tree

�
in themixture

asfoll ows,

� �� ? � "� �"¶µ 8i· � �@��� �N8 � ~ 8 2 ?¹¸º �<N�* #¡ � <� � | � 2=»¼ ¸º �½ � . ¡ � � �i¾ 2=»¼ )
(8)

In orderto calculatethepredictionsof themixtureasgivenby Equ.(3), we mustkeeptrackof thesum
of all thetreeweightsat time ` , d � � �� . To do soefficiently wekeeptrackof thesumof all weightsfor the
subtreesrootedat eachnodewhich is thepurposeof thesecond variable � � � | 2

. Let ¿À< denote thesetof all
possible subtreesrooted | . Then, � � � | 2

is definedto bethesumof all weightsof treesin ¿ < . We calculate� � � | 2
usingEqu.(8) asfoll ows,

� � � | 2 ? �� �ÂÁ � � �� ? �� �ÂÁ � ¸º �Ã �* #¡ � Ã� � ÄÅ� 2 »¼ ¸º �½ � . ¡ � � �i¾ 2 »¼ )
(9)
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Wenow canusethesubtreeweights to compute thesumof all treeweights in themixture. Let Æ denote
theemptystring. According to our construction, thesetof all prediction trees in themixture is equalto the
setoff all subtreesrootedat theroot nodeof thetemplate tree.Therefore,using thethedefinition of ¿^< and
the fact that the root nodeis associatedwith the emptystring we canrewrite the sumof the weightsof all
prediction trees in themixtureat time ` as,

� � � Æ 2 ? �� �*ÁLÇ � �� ? �� �*Á'Ç ¸º �<N�* #¡ � <� � | � 2 »¼ ¸º �½ � . ¡ � � �i¾ 2 »¼ )
(10)

A direct evaluation of the right hand side of Equ. (10) is still computationally expensive. However, we
canexploit therecursive nature of the theweights to derive anefficient update for � � � | 2

from theupdated
weightsof all of its childrennodes. Thefollowing claim givesthe form of theupdate. Its proof is differed
to App. B.

Claim 1 For `�{Èj and for all nodes | in a template sparse prediction tree, the following equality holds,

� � � | 2 ?�� <� ��v 2 � � � | 2ÊÉ �� 8 g " � <� �ih 2 �Ë �NÌÀÍ^Î � � � |cE 8 !#"$Ï 2 )
(11)

Equ.(11) is thecenter of theweightupdate schemeanddeservessomefurtherattention. First,notethatthe
equation indeedprovidesa recursive schemefor computing � � � | 2

from theweight � � � | 2
andtheweights

of all of | ’s children which areof the of the form |cE 8 !#" Ï
. Thoughsyntactically the recursion includes

an infinite sum,the numberof thesummands is boundedby theminimumbetweenthe length of the input
sequenceso far, which is simply ` , andthemaximaldepth of theprediction trees,� «z¬x­ . Thus,theupdate
of the weights � � � | 2

and � � � | 2
canbe doneefficiently in onebottom-uppassfrom the leaf nodesto the

root. To summarize, theweightupdateprocedureis asfoll ows:

Initiali ze: � " � | 2
for all | in thetemplatetree.

Update � for all | suchthat ~ � ��| : � �CBD" � | 2 ? � � � | 2 ��� � �J� | 2
Update � : for all | such that ~ � ��| � �CBD" � | 2 ?�� <� ��v 2 � � � | 2#É d 8 � <� �ih 2ÀÐ Ë � � � |cE 8 !#" Ï 2
Maintain: for all | suchthat ~ �Ñ´��|Ò� �CBD" � | 2 ? � � � | 2

; � �CBD" � | 2 ? � � � | 2
We would to note that theabove update involvesmultiple paths. At eachnode along thepaththe input

sequencecanbifurcategoing down to the child nodeassociatedwith the next input symbolandto all the
childrennoteassociatedwith wildcards of theform E 8 .

In updatingour weights,we cantake advantageof the fact thatmany of thesequencesoccur only once
in thedata.Becauseof this, many of thesubtreeswill be traversedby only a singlesequence. For the root
nodes of subtreesthat were traversedonly once,we cancomputetheir subtree weight without having to
explicitly expandthe node into its subtree. Our ability to make this computation stemsfrom the fact that
eachof the nodes along the pathof the sequencewill contain only that sequenceandthus have the same
nodeweight. More precisely, let | betheroot of a subtreethat is reachedonly once. Then,for any node

¾
in thesubtreebelow | we have that � � � | 2 ? � � �i¾ 2

(for all time steps ` ). Furthermore,it is simpleto verify
thattherecursive priors imply thatfor all such nodes| we get � � � | 2 ? � � | 2 �

.
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Theweightupdateschemealsoservesfor outputting predictions. In order to make predictionsusing the
mixturesaftertraining,wecanusenodeweightsandsubtreeweightsto computeour predictionsefficiently.
For any Ó���57z;=< � , theprobability of prediction of Ó� at time ` is:��� Ó� � ~ � 2 ? d � � �� � � � Ó� � ~ � 2d � � �� (12)

If we set � �@? Ó� , then wehave��� � �$� ~ � 2 ? d � � �� ���z� � ��� ~ � 2d � � �� ? d � � �CBD"�d � � �� ? � �CBD" � Æ 2� � � Æ 2 )
(13)

Thustheprediction of theSMT for aninput sequenceandoutput symbol is theratio of theweightof the
root node if theinput sequenceandoutput symbol areusedto updatethetreeto theoriginal weight.

Whenusing thethemixture of sparsetreesfor makingpredictions,we need to compute theprobability
of all protein familiesgiventheconditioning sequence.In other words, we wantto computetheprobability
of every output symbol given the input sequence. The simplest way to do this would be to enumerate
over all possible values for � � (we have

� 7z;=< �$� alternatives) andthencompute � �CBD" 7�;=< � using Equ.(13).
However, this methodrequiresa traversalof thetree

� 79;=< ��� timeswhich is time consuming if 7D;=< � is large.
Herewe cantake advantagethat the input sequenceis the samefor all possible valuesfor � � andthusthe
traversednodesarethesame.We canmake this computation moreefficient if we compute theprobabilities
for eachoutput symbol in a single transversalof the tree. Sincethe probability for an output symbol isÔ Q+R HÔ Q with � �CBD"

updated for the output symbolwe compute a vector whereeachelement stores the � �CBD"
for thecorresponding symbolin 7#;=< � . Now, aswe traversethetreewe update a wholevector but obtaining
the predictions takes only a single sweepthrough the tree. We canfurther optimize this schemesince we
only needto keeptrack of the elementsin the vector that have been observed in the nodes. That is, the
probability of all the unobserved symbols is the sameandhence needto be computed only once. These
technical improvementssignificantly reduce the running time whendealing with large alphabetsasis the
caseof theprotein families.

6 Implementation issues

In this section we discussseveral implementation issuesthatenable usto copewith relatively large protein
datasets. We first describe the constraintsof the structureof SMTs that we impose which enable efficient
time andspaceimplementation.

The componentsof the mixture areall possible treeswith certain topologies which canbe enormous.
We usetwo parametersto restrict the possible treetopologiesin the mixture: � max, the maximumdepth
of the treeand E max, the maximumnumberof wild-cards at every node,i.e., the number of consecutive
symbols allowedto beskipped.Recall,that thedepth of a nodein thetreeis definedto bethelength of the
input sequencethat reachesthenode. Themaximumnumber of wild-cardsdefinesthehighest power of E
on a branch leaving a node.If E max

?Èv
, no wild-cardsareallowedandthemodelreducesto a mixtureof

prediction suffix trees(PST)eachtreeis of theform usedby BejeranoandYona[3]. Both � maxand E max
affect the number of treesin the mixture which increasesthe running time of the SMTsandincreasesthe
numberof total nodes. Evenwith smallvaluesof � max and E max, thenumber of treescanbevery large.
For instance,there aretendifferent treesin themixture if � max

? � and E max
? j asshownin Figure3

wherefor illustrative purposeswe useanalphabetof sizethree,
mo� 4�p
4 � q

. With 20 aminoacids there are
over a million sparseprediction trees in themixture.

We canstorethe setof all treesin the mixture muchmoreefficiently using a template tree. This is a
single treethatstores theentiremixture. Thetemplatetreeis similar to a sparseprediction treeexcept that
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Figure3: An illustration of a mixture of sparsesuffix trees for � max
? � and E max

? j . In order to
simplify thefigurewe assumethattheinput alphabetconsistsof threesymbols

mo� 4�p
4 � q
.

from eachnode it hasa branch for every possible number of wild-cards at that point in the sequence. A
template treefor thetrees in themixtureof Figure3 is shown in Figure4.

Even in the template tree, the maximumnumber of nodesin the model is alsovery large. In Figure
4 thereare16 nodes. However, not every nodeneeds to be stored. We only storethese nodeswhich are
reached during training. For example,if the training examples contain the input sequences,

�
�
,
� p

andp � , only ninenodesneedto bestoredin thetreeasshown in Figure5. This is implementedby starting the
algorithm with just a root nodeandadding elementsto thetreeasthey arereachedby examples.

The template treestores all of the leaf nodesthat occur in the treesof the mixture. Eachnodein the
templatetreestoresaweightof how well thatnodeperformsaswell asaweightfor thesubtreerootedat that
node. Theseweightsareefficiently updatedduring training asdiscussedin previous section. Using these
weights, we cancompute theexactprediction of themixture asdescribedasalsodiscussedpreviously.

Data structur es

Evenif weonly store thenodesreachedby input sequencein thedata, thetemplatetreecanstill growexpo-
nentially fast.With E max � v

thetreebranchesat eachnodeon every input. Intuitively this representsthat
fact that thereis anexponential number of possible positions to place thewild-cards in the input sequence.
Table1 showsthenumber of nodes in a treewith variousvaluesof � maxand E maxafteranemptytreewas
updatedwith a single example.

Sinceperformanceof the SMT typically improveswith higher E max and � max, the memoryusage
becomesabottleneck becauseit restricts these parameters to values thatwill allow thetreeto fit in memory
andthusthefull power of SMTsis not util ized.

Our solution is to uselazy evaluation to provide moreefficient datastructureswith respect to memory.
Theintuitive ideais that insteadof storing all of thenodescreatedby a training example, we store thetails
of thetraining example (sequence) andrecompute thepartof thetreeon demandwhennecessary. Thereis
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Figure5: Thetemplatetreeof Figure4 after processinginput sequences
���

,
� p

and
p � .

aninherentcomputationalcostto this datastructurebecausein many casesthetraining examplesneedto be
recomputedon demand. Intuitively, we want theparts of the treethatareusedoften to bestoredexplicitly
asnodes, while the partsof the treethat arenot used often to be stored assequences andarerecomputed
whenneeded.Thedatastructureis designedto performexactly thesamecomputation of theSMTsbut with
a significant savings in memoryusage. This lazy evaluation approachis rather simple to implement and
enables an efficient time an space computation of the prediction of the entire mixture. We would like to
notethough, that for a single prediction treethereareother approachesthatareevenmoreefficient (see[3]
andthereferencestherein). However, it is not obvious how to adopt theseapproachesfor our setting which
involvesmultiple sparse prediction trees.

Thedatastructure definesa new way to storethe template tree. In this modelthe childrenof nodesin
thetemplate treeareeither nodes or sequences. Figure6 givesexamples of thedatastructure. A parameter
to thedatastructure,



maxdefinesthemaximumnumber of sequences thatcanbestoredon thebranchof a

node.
Let us look at an examplewherewe are computing a SMT with � max

?¹Õ
and E max

? j with
thefoll owing 5 input sequences(andthecorresponding output symbols in parentheses):

� p � � p � p ��� 2
,
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E max��«z¬x­ 0 1 2 3

1 2 2 2 2
2 3 4 4 4
3 4 7 8 8
4 5 12 15 16
5 6 20 28 31
6 7 33 52 60
7 8 54 96 116
8 9 88 177 224
9 10 143 326 432
10 11 232 600 833

Table1: Numberof nodesafter a single training examplewithout efficient datastructures.Thenumberof
nodes generatedperexamplesincreasesexponentially with E max.

� � p � � � p � p�2
, � � p �
�
� p � � 2

,
� p � p � � p ��� 2

and
� � p � � � p � � 2

. Without the efficient data
structurethetreecontains241nodesandtakes31 kilobytesto store. Theefficient templatetreeis shownin
Figure6a.Theefficient datastructurecontainsonly onenodeandtensequencesandtakesabout 1000bytes
to store. Whenthe � max

? s eachnode branch canstoreup to 3 sequencesbefore it expandsa sequence
pointer into anode. In theexampleshownin Figure6a,becausetherearealready 3 sequencesin thebranch
labeled E G � , any new sequencestarting with

�
will force that branch to expandinto a node. Thus,if we

addtheinput sequence
� p � � p � p � � 2

we getthetreein Figure6b.
Theclassification performanceof SMTstendsto improve with larger valuesof � maxand E max, aswe

will show in theresults section. Theefficient datastructuresaretherefore importantsince they allow usto
compute SMTswith higher values of these parameters.

Short circuit evaluation

Wecanfurtheroptimizetheperformanceby taking advantageof thedatabeing sparse.Sincethenumberof
possible sequencesseenis significantly smallerthanthe numberof all possible sequences,we canassume
thatmany of theobservedsequenceswill occur only once. Thismeansthatmany of thenodesin thetreewill
only bereachedby a singlesequence.For these nodes, we cancomputethesubtreeweights very efficiently
by usingthefactthatthepredictions of all thenodes thathave not beenreachedevenonce areall thesame.

Thesubtreeweightof anodethatis only reachedby asinglesequencecanbecomputedwithoutneeding
to expandthesequence.In thiscase,thesubtreeweightis equivalent to thenodeassumingthatthepredictors
in all of thenodesareidentical. An explanationof why this is thecasewasgivenin Sec.5.

This optimization significantly improvesperformance. Whenupdating a treewith a sequence,we can
stopexpanding the treewhenwe reacha node thathasnot beenreachedby other sequences.At this point
we canjust store the subsequencesasdescribed above without having to expand the sequence. Sincethe
datais sparse, this situationoccurs in thecase of almostevery biological sequence.

Coping with skeweddistrib utions

A natural problemto any probability density estimation approachis skew in thedistribution of the classes
constituting the dataset. For instance,one of the setsof experimentswe performedwas with the SCOP
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max

? s after input sequences
� p � � p � p ��� 2

,� � p � � � p � p�2
, � � p �
�
� p � � 2

,
� p � p � � p ��� 2

and
� � p � � � p � � 2

. (b) The treeafter input se-
quence

� p � � p � p � � 2
is added. Note that a node hasbeenexpanded because of the addition of the

input.

database.In theseexperimentsaSMTis trainedto recognizethedifferencebetween asinglefamily (positive
examples) and the remaining families (negative examples). In many of theseexperimentsthe numberof
negative examples significantly outnumberthenumber of positive examplesup to a factor of a hundred to
one.

Themixturealgorithm tendsto concentrateon thecomponent(sparse tree) which performson thetrain-
ing set. In thecaseof a skewedclassdistribution, the treecontaining only the root nodewill dominate the
mixture becausein casesof extremeskew asabove, the root nodewill be accurate 99% of the time. In
somecases, this will cause the treecontaining just the root node to dominate the mixture. In thesecases,
the prediction of the mixture would be the sameregardlessof the input sequence. While the empirical
distribution of the classesreflectsthe true distribution, for practical purposeswe would like to be ableto
accurately recognize andretrieve the protein family considered, possibly at the expenseof a higher false
positive misclassification. To do sowe experimentedwith threemethods for attempting to compensatefor
skew in classdistribution: leaving out data,replicatingdata, andweighting data.

Thefirst two approachesarestraightforwardandinvolvechanging thetrainingdatato avoid theproblem
of skew. The first approachusesonly a portion of the negative data. In this casewe keepthe amount of
positivedatafixed.Wetakearandom sampleof thenegativedatasothatthenumber of positiveandnegative
examples areequal. In extremecases,we areusingonly 1%of thenegativedata. Thesecond approachwas
to replicatethepositivedatain orderto havethesameamount of positiveandnegativedata. In thisapproach,
we keeptheamount of negative datafixed.We replicatethepositive datauntil we have thesameamountof
total data. In extremecases,wemayhave closeto hundredcopiesof thepositive datain thetraining set.

Thethird approachinvolveschanging thewaythepredictionsis calculated. In thisapproacheachoutput
symbolhasa certain weightcorresponding to its ratio in thedata. In thecaseof extremeskew, thepositive
examplewill have close to hundredtimestheweight that thenegative examples have. Thenodepredictors
usethisweight to update thecountsduring training. In thiscase,after training therootnodewill contain the
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sameamountof probability massfor eachoutput symbol. Theweightedapproachis themostefficient and
doesnot disposeexamples andthus wasin our experiments. However, in thecasesof extremeskew, even
weighting the examplesdid not completely compensateandperformancedecreasessignificantly asshown
below. This a known problem in decision theoretic settings and further investigation of it is beyond the
scope of this paper.

7 Methodology

We useSMTsto perform two setsof experiments. Thefirst setof experimentsis using the Pfamdatabase
comparing our results to the results of Bejerano andYona[8] over the samedata. The second setof ex-
periments usesthe SCOP database[20] and compares the results to state of the art methods in protein
classification.

For thefirst setof experiments,ourmethodology drawsfrom similar experimentsconductedby Bejerano
and Yona [8], in which PSTswere applied to the problem of protein family classification in the Pfam
database.We employed two types of protein classifiers based on SMTsandevaluated themby comparing
to the published results in [8]. The first approachbuilds an SMT model for eachprotein family where
wild-cardsareincorporatedin themodel.We refer to these modelsasSMT prediction models. Thesecond
modelis asingleSMT-basedclassifier trainedover theentiredatabasethatmapssequencesto protein family
names.We referto thesecond modelastheSMT classifier model.

In thesecondsetof experiments,ourmethodologydrawsfrom similarexperimentsconductedby Jaakkola
et al. [18], in which a support vector machine wastrained over the SCOPdatabase.We compare our the
results of our experimentsto the results of otherstateof theart protein homology methods usingthesame
data.

In ourexperiments,wedid notperformany tuningof theparametersin orderto prevent biasof ourresults
to thespecific data. However, in practice,a systemfor protein classificationcould improve its performance
by tuning parametersto thespecifics of the training data,which is a rathersimpletaskwhenusingtrained
SMTs.

We also perform a set of experimentsto test the efficiency of our implementation method. We per-
formedexperimentsover oneprotein family to examinethetime-space-performancetradeoffs with various
restrictions on thetopology of thesparseprediction trees( � max, E max). We alsoexaminethetime-space
tradeoffs usingtheefficient data structures.

8 Pfam Experiments

Pfam Data

The dataexamined comesfrom the Pfamdatabase.We perform our experimentsover two versionsof the
database.To compare our results to theBejeranoandYona[8] methodwe usethereleaseversion 1.0. The
dataconsistsof single-domain protein sequencesclassified into 175protein families. We usetheSPROT33
databaseandlabel eachprotein into thefamily according to its Pfamlabeling. Pfamidentifies a numberof
domains that arepresent in the sequences. Someproteinssequenceshave multiple domains. Therearea
totalof 52,205proteinsof which15,610 areclassified into families. Thereareatotalof 18,531,384residues
in thedata.

Thesequences for eachfamily wassplit into training andtestdatawith a ratio of 4:1. For example, the
7 transmembrane receptor family containsa total of 530domainsspreadover 515protein sequences. The
training setcontains412of thesequencesandthetestsetcontains106sequences. The103sequencesof the
training setgive 158,623 subsequencesthatareused to train themodel.
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Building SMT Prediction Models

A sliding window of sizeelevenwasusedovereachsequenceto obtain asetof subsequencesof sizeeleven,~ " 4 )+)+) 4 ~ "¶"
. Using sparseMarkov transducerswe built a modelthat predicted the middle symbol ~aÖ using

theneighboring symbols. Theconditional sequenceinterlacesthefive next symbols with thefive previous
symbols. Specifically, in eachtraining example for the sequence, the output symbol is ~eÖ and the input
symbols are ~T�J~c}$~ ¢ ~�×J~ ( ~uØJ~ % ~ " G ~ " ~ "¶"

.
A modelfor eachfamily is built by trainingoverall of thetrainingexamplesobtainedusing thismethod

from theprotein sequencesin the family. Theparameters usedfor building the SMT prediction modelare� max
?ÈÕ

and E max
? j .

Classificationof a Sequenceusing a SMT Prediction Model

Weusethefamily modelsto computethelikelihoodof anunknownsequencefitting into theprotein family.
First we convert the aminoacidsin the sequences into training examples by the methodabove. The SMT
thencomputes the probability for eachtraining example. We thencompute the length normalized sumof
log probabilities for thesequenceby dividing thesumby thenumberof residuesin a sequence.This is the
likelihoodfor thesequenceto fit into theprotein family.

A sequenceis classifiedinto a family by computing thelikelihoodof thefit for theprotein family. If the
likelihoodis above a threshold, thenthesequenceis classifiedinto thefamily.

Building the SMT ClassifierModel

Thesecond modelwe useto classify protein familiesestimates theprobability over protein familiesgivena
sequenceof aminoacids.

This model is motivated by biological considerations. Sincethe protein familiesarecharacterizedby
similar short sequences(motifs) we canmapthese sequencesdirectly to theprotein family that they origi-
natedin. This typeof modelhasbeenproposedfor HMMs [19].

Eachtraining example for theSMT Classifiermodelcontainsaninput sequencewhich is anaminoacid
sequencefrom a protein family andanoutput symbolwhich is theprotein family name.

For example, the 3-hydroxyacyl-CoA dehydrogenase family contains in one of the proteins a subse-
quence

�������	��
W���
. Thetraining examplefor theSMTwouldbethesequenceof aminoacids(

�������	��
W���
)

astheinput sequenceandthenameof theproteinastheoutput symbol (3-hydroxyacyl-CoA dehydrogenase).
The training set for the SMT classifier model is the collectionof the training setsfor eachfamily in

theentirePfamdatabase.We usea sliding window of j v aminoacids, ~ " 4 )+)+) 4 ~ " G . In thetraining example,
theoutput symbol is thenameof theprotein family. Thesequenceof input symbols is the10 aminoacids~ " 4 )+)+) 4 ~ " G . Intuitively, thismodelmapsasequencein aprotein family to thenameof thefamily from where
thesequenceoriginated.

Theparameters used for building themodelare � max
? t and E max

? j . It took several minutes to
train a mixture of sparseprediction treesandtheresulting modeloccupied 300mega-bytes of memory.

We usetheweightedoutput symbolapproachfor building our discrimiative classifiers. This is because
somefamilieshave many moreinstancesthanother families. This causesthe prediction tendto be biased
towardthedominant families.,Weweigheachinstancesuchthat thetotal sumof theweightedcountsat the
root node arethesamefor each family.
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Classificationof a Sequenceusing an SMT Classifier

A protein sequenceis classified into a protein family using the complete Pfam modelasfollows. We use
a sliding window of j v amino acidsto compute the set of substrings of the sequence. Eachposition of
the sequencegives us a probability over the 175 families measuring how likely the substring originated
from eachfamily. To classify eachsequenceinto a family, we computea score for eachfamily which is
the the length normalizedsumof log likelihood of subsequencesfitting into the family. This corresponds
to assuming that all subsequencesareindependent andthe prior probability over familiesis uniform. Our
second assumtion is consistentwith theway we weightheoutput symbols to have thesameweightedcount
in theroot node.

If we werenot reweighing our training examples, we would have to take into account the relative fre-
quenciesof theoutput symbols whenapplying Bayesrule to make our prediction over theentire sequence.

Pfam Results

Wecomparetheperformanceof thetwo modelsexamined to thepublished results for PSTs[8]. Wetrain the
modelsover the training setandwe evaluate performanceof themodelin classifying proteinson theentire
database.To compare with publishedresults we usetheequivalencescoremeasure,which is thenumberof
sequencesmissedwhenthe threshold is setso that thenumber of falsenegativesis equal to thenumberof
falsepositives[21]. We thencomputethepercentageof sequencesfrom thefamily recovered by themodel
andcompare this to publishedresults [8].

We evaluate the performanceof eachmodelon eachprotein family separately. We usethe model to
attemptto distinguish betweenprotein sequences belonging to a family andprotein sequences belonging
to all otherfamilies. Table5 givestheequivalencescores for thePfamdatabaseversion 1.0 andcompares
then to previously publishedresults. Figure 8 showsscatterplots of the SMT methods versus previously
publishedresults.

We compute a two-tailed signedrank test [24] to compare the classifiers. The two-tailed signed rank
testassigns a p-value to the null hypothesisthat the meansof the two classifiersarenot equal. As clearly
shown in Table5, both SMT modelsoutperform the PSTmodels.The bestperforming modelis the SMT
Classifier, followed by theSMT Prediction modelfollowed by thePSTPrediction model. Thesignedrank
testp-valuesfor the significancebetweenthe classifiers areall ÙÚjoÛ . Oneexplanation to why the SMT
ClassifiermodelperformedbetterthantheSMT Predictionmodelis thatit is adiscriminativemodelinstead
of a purelygenerative model.

9 SCOPExperiments

SCOPData

The second setof experiments wereperformedover the SCOPdatabase.We usedthe experimentalsetup
describedin [18] andusedthedatasetsobtainedfrom thewebsite
http://www.cse.ucsc.edu/research/compbio/discriminative/. Wegiveabrief overview
of thedatasetsbelow, but moredetails areavailable at thewebsiteabove.

The datais from the SCOPversion 1.37PDB90domaindatabase.All SCOP families that contain at
least5 PDB90sequencesandat least10 PDB90sequencesin the other familiesin their super-family we
used. This gave 33 testfamiliesfrom 16 super-families. Eachexperimentwascreated by training on one
family in a super-family and testing the prediction on the remaining sequences in the super-family. The
negativeexamplesaremostof thesequencesoutsideof thesuper-family. Somesequencesoutsidethesuper-
family areomittedbecauseof complications described in [18]. This givesa total of 160 different training
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andtestsetsobtainedfrom theSCOPdatabase.We compare our performanceover these160 teststo other
methods on thesamedata.

Discriminati veModelsover SCOP

In order to build training and test setsfor the SMTs we usean output symbol alphabet of two symbols,7�;=< �Ü?Ým'Þ9ß&àIá*â�áÂãÀä 4=å äIæÀçNâ�á*ãTäÀq
. For eachof the 160 experiments,we usea sliding window to extract

subsequencesfrom the positive andnegative training and testing sequences. We label eachsubsequence
positive or negative respectively. We build a SMT for eachexperimentsusingthe training sequences. We
thenusetheSMT to predict eachsequencein thetestsetby computing thenormalizedsumof log likelihood
of thesequencebeingin thesuper-family (a positive example). This givesa score for eachsequencein the
testset.We repeatthis for eachof the160experimentsfrom theSCOPdatabase.

SCOPResults

We comparetheresults of theSMT methodagainst severalstate of theart protein classifying methods. We
compare against BLAST [1], HMMER [12], andFisherkernel basedmethods [18]. The bestperforming
of these comparison methodsis theFisherkernel based methodwhich is a SupportVectorMachine (SVM)
approachthatusesa generative hiddenMarkov modelasa kernel.

For eachof thetests,wereport ROC� v scoresfor SMTsandthecomparisionmethods.TheROC� G score
[15] is usedto evaluate theperformanceof eachmethod. TheROC� G scoreis thenormalizedareaunder the
curve thatplots truepositivesversus falsepositivesup to 50 falsepositives.

As expected,theperformanceof theSMT basedmethod degradeswith theincreasein skew of thedata
set. We compute the results after applying the three different strategiespresentedabove to handle skew.
Table6 shows the results for the first 40 of the experiments. The table wassorted with decreasing skew
to show the effect of skew. We canseethat in datasetswith low skew, the method performscomparably
or even better in somecases to the state-of-the-artmethods. However, with higher skew, the performance
dropssignificantly. Notehowever, thisskewis anartifact of thespecific setof experimentsto evaluatethese
protein homology methods. In practice, the SMT classifier modelwould be usedwhich hasmany classes
which prevents thepossibility of skew in thedata.

In general,SMTs perform worsethantheFisherkernel-basedmethod, but in many cases they perform
better thanBLAST or HMMER. Not however, thatin someof the“easy” datasetswhereHMMER performs
perfectly, SMTsdo not perform aswell asHMMER. This is becauseHMMER is specifically optimizedfor
thesekind of datasets.

10 Efficiency experiments

We alsoexaminedtheeffect of different parameterson theperformanceof themodel. We examined oneof
the larger families, ABC transporters, containing 330 sequences. Table2 shows performanceof the SMT
family modelfor classifying elementsinto theABC transporters family aswell asthetimeandspacecostof
training themodelusing the two datastructures with various settingsof theparameters. Theefficient data
structuresallow modelswith larger parametervaluesto becomputed.

11 Discussion

We have presented two methodsfor protein classification usingsparseMarkov transducers(SMTs). The
sparse Markov transducers area generalization of probabilistic suffix trees. The motivation for the sparse
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èTé�êaë ì�é&êaë
ROCí[î Normal Efficient
Score Time Space Time Space

5 0 .89 1.87 8.6 2.83 2.0
5 1 .90 6.41 30.5 10.57 10.2
5 2 .90 8.55 36.7 13.42 13.6
5 3 .90 9.13 38.8 14.79 14.3
7 0 .89 2.77 17.5 4.22 2.5
7 1 .90 21.78 167.7 37.02 23.3
7 2 .92 37.69 278.1 65.99 49.8
7 3 .92 45.58 321.1 77.47 62.3
9 0 .89 3.69 26.8 6.2 2.9
9 1 .91 - - 102.35 36.0
9 2 .94 - - 238.92 108.2
9 3 .93 - - 324.69 163.7

Table2: Time-Space-Performance tradeoffs for the SMT family model trained on the ABC transporters
family which contained a total of 330 sequences. Time is measured in seconds andspace is measured in
megabytes. Thenormalandefficientcolumnsreferto theuseof theefficientsequence-baseddatastructures.
Because of memorylimitations,without using the efficient datastructures,many of the modelswith high
values of theparameter values wereimpossibleto compute (indicatedwith –).

Markov transducers is the presenceof commonshort sequencesin protein families. Sincesubstitutions
of aminoacids arevery commonin proteins, the modelsperform moreeffectively if we modelcommon
short subsequencesthat contain wild-cards. However, it is not clear whereto placethe wild-cards in the
subsequences. The optimal placementof the wild-cards within an amino acid sequence depends on the
context or neighboringaminoacids. Weuseamixturetechniqueto learnfrom thedatathewhichplacements
of wild-cardsperformbest. Wepresent two models that incorporateSMTsto build aprotein classifier. Both
of themodels out-performthebaselinePSTmodelthat doesnot usewild-cards.

However, theinclusionof wild-cardsrequiresa significant increasein thememoryusage of themodel.
Thesemodelscanquickly exhaust the availablememory. We present efficient datastructures that allow
for computation of modelswith wild-cardsthat otherwise would not be possible. As canbe seenin Table
2, without efficient datastructures, it would be impossible to compute the modelsfor any but the smallest
parameter settings.

A problemwith probability density estimators is theproblem of skew in thedataset.This is a problem
that is inherently dueto the nature of probability density estimators andis difficult to fully address.Over
thesedatasets, it cannot be expected that SMTs perform better thanSVM basedmethods. However, in
practice, SMT basedmethods have someadvantages to SVM based methods. Although a single family
is relatively small compared to all known proteins, the problem of protein classification is a multi-class
problem. In this case,the output symbolalphabet is relatively large andeven the largestprotein families
compriseonly a smallpartof theoverall data.In theactual applicationof protein family classification, the
problem of skew doesnot appear. In addition, SMTs have the advantageof beingable to build a single
modelableto discriminatebetweenall protein families. An SVM canonly distinguishbetween two classes
soit mustbuild aseparatemodelfor eachprotein family. In thecasewhentherearemorethan 2000protein
families this becomes difficult.

Themethodspresentedrely on very little biological intuition. Futurework involvesincorporating bio-
logical informationinto themodelsuchasDirichlet mixturepriorswhichcanincorporate informationabout
theaminoacids[10, 26].

A SparseMark ov chainsassparseprediction tr ees

We now show that any sparse Markov transducercanbe represented by a prediction tree. Intuitively, the
paths of thetreecorrespondto theconditioning events on theinputs of thesparse Markov transducer. Each
sparse Markov transducerof theform givenby Equ.(2) canberepresentedwith a sparse prediction treeas
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Figure7: A Sparseprediction treederivedfrom a sparseMarkov chain.

shown in Figure7. Noticethatin this treeeachof thebranchesmarked E : attain thesamevalueof F ateach
level (depth) of thetree.Indeed,all treesthatrepresentconditionalprobabiliti esof theform of Equ.(2) have
this property. In fact, sparseprediction treescanrepresentaslightly larger classof probability distributions,
onethatdepend on thespecific context of theinputsasshown in Figure1.

More formally, a fixedordersparseMarkov transducer definedby a probability distribution of theform����� � � E :>H � ��! :IH E :NK � ��! :>H ! :NK !#" )+)+) E :Lï � ��!#-Y.9!#"103254
(14)

canberepresented by a sparse prediction treeconstructedasfollows. We start with just the root node. We
adda branch with E :>H andthenfrom this branch a node for every elementin 7	8Y: . Thenfrom eachof these
nodes, we adda branch with E :NK andthenanother nodefor every element in 7 8Y: . We repeat this process,
andin the last stepwe adda branch with E :Lï anda nodefor every elementin 7#8Y: . We make thesenodes
leafnodes. For eachleafnode, | , weassociatetheprobability distribution

������� | 2
determinedby thesparse

Markov transducer. The probabilistic distribution induced by this tree is equivalent to the probabilistic
distribution of theoriginating sparseMarkov transducer.

B Proof of Claim 1

Theclaim statesthatfor all `�{Èj andall nodes | of a template sparse prediction treethefollowing holds,

� � � | 2 ?�� <� ��v 2 � � � | 2ÊÉ �� 8 g " � <� �ih 2 �Ë �NÌÀÍ^Î � � � |cE 8 !#"$Ï 2 )
First, recall thefollowing definitions.For a tree

�
,
�À�

and � �
respectively denote thesetof leavesand

nodes of
�

. By
� < we denotethesubtreerootedat | andsimilarly � � �

and
��� �

weredefinedto betheset
of nodesandleaf nodesof thethesubtree

� < .
Wenow decomposethesummationoverall subtreesrootedat | with respectto thevalueof eachbranch

marked E 8 . If the
h

is
v
, thereis asingle treewith only oneleafnodewhich consistsof single node| . In this

casethesubtreeweight is �½ �* �¡ � � ½� �i¾*� 2 �½ � . ¡ � � � �i¾ 2 ?�� <� ��v 2 � � � | 2
(15)
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Let usassumethatthe E value of thenode | is
h � v

. In this case, a subtree
� < rooted at | is composed

of thenode| anda setof subtreesbranchingoff |#E 8 !#" Ï
, for each

Ï �Ê7W8/: . In accordance to our definition,
thesesubtreesaredenoted

� < � Í Z H Ë . Thesetof leaf nodesof thesubtreerootedat | will betheunion of the
leaf nodes of thesesubtrees.Similarly, thesetof nodes of

� < will betheunion of thesetof nodesof these
subtreesandthenode | itself. Usingthis factwe canrepresenttheweightof each

� < asfollows,

� ���� ?�� <� �ih 2 �Ë �*ÌÀÍðÎ � �� � ì Í Z H�ñ )
(16)

Let ò ?ó� 7�8Y: �
. Then,usingtheaboveequation

� � � | 2 ? ���&��v 2 � � � | 2OÉ �� 8 g " �� � ì Í Z Heñ H
)+)+) �� � ì Í Z Hañ M

�D�&�ih 2 � �� � ì Í Z Hañ H )+)+) � �� � ì Í Z Heñ M
? ���&��v 2 � � � | 2�É �� 8 g " ���&�ih 2 �Ë �NÌÀÍ^Î �� � ì Í Z Heñ � �< � Í Z H Ë 4

wherewechangedtheorder of summationto getthesecond inequality. If wenow apply theclaimrecursively
to each of thesubtrees

� < � Í Z H Ë we getthedesiredequality,

� � � | 2 ?�� <� ��v 2 � � � | 2�É �� 8 g " � <� �ih 2 �Ë �*ÌÀÍðÎ � � � |cE 8 !#" Ï 2 )
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Protein Protein PST SMT SMT
Family Family Equiv. Prediction Classifier
Name Size Score Equiv. Equiv.

Score Score
7tm 1 515 0.93 0.98 1.00
7tm 2 36 0.94 0.94 1.00
7tm 3 12 0.83 1.00 1.00
AAA 66 0.88 0.89 0.95
ABC tran 269 0.84 0.88 0.98
ATP-syntA 79 0.92 0.94 0.96
ATP-syntC 62 0.92 0.94 0.97
ATP-syntab 180 0.97 0.98 1.00
C2 78 0.92 0.94 0.97
COX1 80 0.84 0.85 1.00
COX2 109 0.98 0.98 0.99
COesterase 60 0.92 0.93 0.98
Cys-protease 91 0.88 0.92 0.99
Cys knot 61 0.93 0.95 0.96
DAG PE-bind 68 0.90 0.88 0.83
DNA methylase 48 0.83 0.83 0.96
DNA pol 46 0.80 0.87 0.98
E1-E2ATPase 102 0.93 0.93 0.99
EGF 169 0.89 0.91 0.96
FGF 39 0.97 0.95 1.00
GATase 69 0.88 0.90 1.00
GTP EFTU 184 0.92 0.95 0.99
HLH 133 0.95 0.94 0.95
HSP20 129 0.95 0.97 0.98
HSP70 163 0.96 0.95 0.99
HTH 1 101 0.84 0.87 0.89
HTH 2 63 0.86 0.84 0.83
KH-domain 36 0.89 0.86 0.88
Kunitz BPTI 55 0.91 0.93 1.00
MCPsignal 24 0.83 0.88 0.92
MHC I 151 0.98 1.00 0.50
NADHdh 57 0.93 0.98 1.00
PGK 51 0.94 0.96 1.00
PH 75 0.93 0.89 0.82
Pribosyltran 45 0.89 0.89 1.00
RIP 37 0.95 0.86 0.97
RuBisCOlarge 311 0.99 0.99 1.00
RuBisCOsmall 99 0.97 0.96 1.00
S12 60 0.97 0.97 0.98
S4 54 0.93 0.94 0.98
SH2 128 0.96 0.96 1.00
SH3 137 0.88 0.93 0.97
STphosphatase 86 0.94 0.95 0.99
TGF-beta 79 0.92 0.94 0.99
TIM 40 0.93 0.90 1.00
TNFR c6 29 0.86 0.90 0.97
UPAR LY6 14 0.86 0.86 1.00
Y phosphatase 92 0.91 0.88 0.93
Zn clus 54 0.81 0.83 0.87
actin 142 0.97 0.97 1.00
adhshort 180 0.89 0.91 0.96
adhzinc 129 0.95 0.94 0.96
aldedh 69 0.87 0.93 0.97
alpha-amylase 114 0.88 0.92 0.98
aminotran 63 0.89 0.87 0.92

Table3: Results of Protein Classification usingSMTs. The equivalencescoresscoresareshown for each
model for the first 50 families in the database. The parametersto build the modelswere � max

?ôÕ
,E max

? j for the SMT prediction modelsand � max
? t and E max

? j for the SMT classifier model.
Two tailed signed rankassignsa p-valueto thenull hypothesisthat themeansof the two classifiers arenot
equal. Thebestperforming modelis theSMT Classifier, followed by theSMT Prediction modelfollowed
by thePSTPrediction model. Thesigned rank testp-valuesfor thesignificancebetween theclassifiersare
all ÙÈjoÛ .
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Protein Protein PST SMT SMT
Family Family Equiv. Prediction Classifier
Name Size Score Equiv. Equiv.

Score Score
ank 83 0.88 0.87 0.90
arf 43 0.91 0.98 0.98
asp 72 0.83 0.93 0.99
bZIP 95 0.90 0.89 0.93
beta-lactamase 51 0.86 0.88 0.98
cNMP binding 42 0.93 0.93 0.89
cadherin 31 0.87 0.90 0.96
cellulase 40 0.85 0.85 0.97
connexin 40 0.97 0.93 1.00
copper-bind 61 0.95 0.95 0.98
cpn10 57 0.93 0.96 0.96
cpn60 84 0.94 0.93 1.00
crystall 53 0.98 0.98 1.00
cyclin 80 0.89 0.91 0.94
cystatin 53 0.93 0.87 1.00
cytochromeb C 130 0.79 0.88 0.95
cytochromeb N 170 0.98 0.96 1.00
cytochromec 175 0.94 0.94 0.94
dsrm 14 0.86 0.93 0.92
efhand 320 0.92 0.94 0.98
enolase 40 1.00 0.95 1.00
fer2 88 0.94 0.98 0.99
fer4 152 0.88 0.91 0.95
fer4 NifH 49 0.96 0.96 1.00
fibrinogen C 18 0.78 0.83 0.87
filament 139 0.96 0.94 0.99
fn1 15 0.87 0.87 0.50
fn2 20 0.90 0.80 1.00
fn3 161 0.86 0.92 0.90
gln-synt 78 0.94 0.97 0.99
globin 681 0.98 0.97 0.99
gluts 144 0.90 0.93 0.95
gpdh 117 0.97 0.97 1.00
heme1 55 0.93 0.95 1.00
hemopexin 31 0.90 0.90 1.00
hexapep 45 0.82 0.89 0.98
histone 178 0.97 0.98 1.00
homeobox 383 0.93 0.93 1.00
hormone 111 0.96 0.95 0.99
hormonerec 127 0.95 0.95 0.96
hormone2 73 0.97 0.97 1.00
hormone3 53 0.91 0.94 0.98
ig 884 0.94 0.96 0.99
il8 67 0.94 0.94 0.99
ins 132 0.98 0.97 0.99
interferon 47 0.96 0.98 1.00
kazal 110 0.94 0.96 1.00
ketoacyl-synt 38 0.82 0.87 1.00
kringle 38 0.95 0.89 1.00
laminin EGF 16 0.81 0.81 1.00
laminin G 19 0.90 0.84 0.88
ldh 90 0.93 0.93 1.00
ldl recept a 31 0.84 0.87 0.88
ldl recept b 14 0.93 0.93 1.00
lectin c 106 0.87 0.92 0.91

Table4: Results of ProteinClassification using SMTs.(continued).

26



Protein Protein PST SMT SMT
Family Family Equiv. Prediction Classifier
Name Size Score Equiv. Equiv.

Score Score
lectin legA 43 0.93 0.88 1.00
lectin legB 38 0.82 0.84 1.00
lig chan 29 0.97 0.97 0.97
lipase 23 0.87 0.96 1.00
lipocalin 115 0.94 0.93 0.97
lys 72 0.99 0.96 0.99
metalthio 56 1.00 0.98 0.96
mito carr 61 0.89 0.93 0.93
myosinhead 44 0.77 0.84 1.00
neur 55 0.96 0.96 1.00
neur chan 138 0.97 0.97 0.99
oxidored fad 101 0.88 0.91 0.93
oxidored molyb 35 0.97 0.91 1.00
oxidored nitro 75 0.89 0.92 0.99
p450 204 0.92 0.95 0.99
peroxidase 55 0.87 0.95 0.98
phoslip 122 0.97 0.98 1.00
photoRC 73 0.99 1.00 1.00
pili n 56 0.89 0.93 0.96
pkinase 725 0.85 0.92 1.00
pou 47 0.96 0.91 0.98
pro isomerase 50 0.94 0.92 0.98
pyr redox 43 0.84 0.88 0.98
ras 213 0.96 0.95 1.00
recA 72 0.96 0.99 1.00
responsereg 128 0.85 0.87 0.93
rhv 40 0.95 0.95 1.00
rnaseA 71 0.99 0.96 0.97
rnaseH 87 0.86 0.91 0.80
rrm 141 0.84 0.88 0.91
rvp 82 0.85 0.90 0.71
rvt 147 0.88 0.92 0.99
serpin 98 0.91 0.94 0.99
sigma54 56 0.84 0.82 1.00
sigma70 61 0.92 0.89 0.95
sodcu 66 0.92 0.97 0.98
sodfe 69 0.93 0.96 1.00
subtilase 82 0.89 0.90 0.90
sugartr 107 0.86 0.88 0.87
sushi 75 0.89 0.91 0.98
tRNA-synt 1 35 0.80 0.83 0.91
tRNA-synt 2 29 0.83 0.83 0.90
thiolase 25 0.88 0.92 1.00
thiored 76 0.85 0.87 0.97
thyroglobulin 1 32 0.91 0.91 0.94
toxin 172 0.98 0.98 1.00
trefoil 20 0.85 0.85 1.00
trypsin 246 0.91 0.93 1.00
tsp 1 51 0.88 0.94 0.94
tubulin 196 0.99 0.99 1.00
vwa 29 0.79 0.83 0.96
vwc 23 0.74 0.87 1.00
wap 13 0.85 0.85 0.92
wnt 102 0.94 0.94 1.00
zf-C2H2 297 0.92 0.91 0.96
zf-C3HC4 69 0.85 0.87 0.82
zf-C4 139 0.96 0.96 0.99
zf-CCHC 105 0.89 0.91 0.95
zn-protease 148 0.86 0.88 0.97
zonapellucida 26 0.89 0.92 1.00

Table5: Results of ProteinClassification using SMTs.(continued).
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Protein Target Training Fold Training BLAST HMMER Fisher-Kernel SMT
Fold Protein Protein Pos/Neg ROC 50 ROC 50 ROC 50 ROC 50

Family Family Ratio Score Score Score Score
2.1 2.1.1.2 2.1.1.4 1 0.79 0.99 0.00 0.97 0.87
2.1 2.1.1.1 2.1.1.4 1 0.79 0.99 0.73 0.99 0.94
2.1 2.1.1.2 2.1.1.4 0 0.73 0.99 0.00 0.97 0.92
2.1 2.1.1.1 2.1.1.4 0 0.73 0.98 0.74 0.99 0.97
1.1 1.1.1.2 1.1.1.1 1 0.47 0.00 0.00 0.00 0.00
1.1 1.1.1.2 1.1.1.1 0 0.44 0.00 0.03 0.00 0.00
1.34 1.34.1.5 1.34.1.4 1 0.40 0.98 1.00 1.00 0.98
1.34 1.34.1.4 1.34.1.5 1 0.39 1.00 1.00 1.00 1.00
1.34 1.34.1.5 1.34.1.4 0 0.37 0.99 1.00 1.00 0.98
1.34 1.34.1.4 1.34.1.5 0 0.36 1.00 1.00 1.00 1.00
1.34 1.34.1.4 1.34.1.1 1 0.26 1.00 1.00 1.00 0.93
1.34 1.34.1.5 1.34.1.2 1 0.25 0.89 1.00 1.00 0.85
1.34 1.34.1.5 1.34.1.1 1 0.25 0.83 1.00 1.00 0.86
1.34 1.34.1.4 1.34.1.2 1 0.25 1.00 1.00 1.00 0.95
1.25 1.25.1.3 1.25.1.1 1 0.24 0.00 0.17 0.52 0.31
1.25 1.25.1.2 1.25.1.1 1 0.24 0.13 0.06 0.53 0.15
1.34 1.34.1.5 1.34.1.1 0 0.23 0.84 1.00 1.00 0.89
1.34 1.34.1.4 1.34.1.1 0 0.23 1.00 1.00 1.00 0.98
1.34 1.34.1.5 1.34.1.2 0 0.22 0.88 1.00 1.00 0.89
1.34 1.34.1.4 1.34.1.2 0 0.22 1.00 1.00 1.00 0.99
1.25 1.25.1.3 1.25.1.1 0 0.21 0.00 0.19 0.55 0.18
1.25 1.25.1.2 1.25.1.1 0 0.21 0.09 0.06 0.61 0.12
2.1 2.1.1.2 2.1.1.5 1 0.12 0.42 0.01 0.11 0.70
2.1 2.1.1.2 2.1.1.1 1 0.11 0.44 0.23 0.47 0.54
2.1 2.1.1.1 2.1.1.5 1 0.10 0.18 0.01 0.12 0.13
2.1 2.1.1.2 2.1.1.5 0 0.08 0.45 0.01 0.28 0.63
2.1 2.1.1.2 2.1.1.1 0 0.08 0.47 0.25 0.52 0.48
2.1 2.1.1.1 2.1.1.5 0 0.07 0.14 0.01 0.20 0.06
1.34 1.34.1.5 1.34.1.3 1 0.03 0.40 0.52 0.71 0.11
1.34 1.34.1.4 1.34.1.3 1 0.03 0.83 0.07 0.99 0.10
1.34 1.34.1.4 1.34.1.3 0 0.03 0.83 0.19 1.00 0.00
1.25 1.25.1.2 1.25.1.3 1 0.03 0.00 0.00 0.35 0.24
1.25 1.25.1.2 1.25.1.3 0 0.03 0.00 0.00 0.42 0.13
1.25 1.25.1.1 1.25.1.3 1 0.03 0.00 0.00 0.00 0.00
1.25 1.25.1.1 1.25.1.3 0 0.03 0.00 0.00 0.09 0.04
1.34 1.34.1.5 1.34.1.3 0 0.02 0.40 0.56 0.66 0.10
1.25 1.25.1.3 1.25.1.2 1 0.02 0.00 0.00 0.15 0.20
1.25 1.25.1.3 1.25.1.2 0 0.02 0.00 0.00 0.28 0.23
1.25 1.25.1.1 1.25.1.2 1 0.02 0.00 0.14 0.17 0.00
1.25 1.25.1.1 1.25.1.2 0 0.02 0.00 0.14 0.23 0.00

Table6: Performance of SMT comparedto BLAST, HMMER, andFisherkernel. Thetable is sortedwith
respect to theration of positive to negative examplesin thetraining set.As expected,for extremely skewed
ratios, theSMT performancedegradessignificantly.
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SMT Classifier vs. SMT Generative Results
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Figure8: Scatterplotsof EquivalenceScoresfrom threemodelsof protein classification. (a) SMT Classifier
vs. PST. (b) SMT Classifier vs. SMT Generative. (c) SMT Generative vs. PST.
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