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Abstract

We presenta methal for classifyingproteirs into families basedon shortsubsegancesof amino
acidsusinganew probailistic mocel calledsparseMarkov transduces (SMT). We classifya proteinby
estimatingprobability distributionsover subseqgancesof aminoacidsfrom the pratein. SparseMarkov
transduces, similar to probabilistic suffix trees estimatea probability distribution conditioredonanin-
put sequenceSMTs generalizeprobabilistic suffix treesby allowing for wild-cardsin the condtioning
sequencesSincesubstitutionof aminoacidsarecomman in pratein families,incoporatingwild-cards
into the mockl significarlly improves classificationperfamance. We presentwo modelsfor building
proteinfamily classifiersusingSMTs. As proteindatabasebecane larger datadriven learningalgo-
rithmsfor probabilistic mocels suchSMTs mayrequire vastamaint of memory We therefae describe
efficientdatastructurego improve the memoryusageSMTsandusethemin our expeiiments.We eval-
uateSMTsby building proteinfamily classifiersusingthe Plam andSCOPdatabaseandcompare our
resultsto previously publishedresultsandstate-of-theart proteinhonology detectionmethals. SMTs
outpeform previous prokabilistic suffix treemethod andundercertaincondtions perform comparably
to state-ofthe-artpratein honology method.

Keywords: proteinfamily classificationprobabilistic suffix treesmachire learning

1 Intr oduction

As databasef proteins classfied into families becane increasindy available,and asthe numberof se-
guercedproteinsgrowsexporentialy, techmiques to autamatically classify unknownprotdns into families
becane moreimportant. Many approacteshave beenpresatedfor protein classfication. Initially the ap-
proachesexamined pairwisesimilarity [28, 1]. Otherappioachesto protein classification arebasedn creat
ing profiles for protan families[14], thosebasedon cornsenss pattensusingmotifs [6, 4] andHMM-basel
(hidden Markov model)appoache [19, 12, 7].

Recenly, probabilistic suffix trees(PST)have bee applied to proten family classdfication. A PSTis a
modelthat predids the next symbolin a seqencebasedon the previous symbds (for a formal desciption
seefor instance[29, 23, 16]). Thesetechrigueshave beenshownto be effective in classifying protensinto
theirapprgoriate family [9, 2]. Thisappoachis basedon the presenceof commonshot seqenceshrough-
outthe proten family. Thesecommonshat sequaces,or motifs [6], arewell undestod biologically and
have beenusd effectively in protdan classfication [5]. PSTs are geneative modelsthat induce probabil-
ities over subgqueresfrom a proten by building a probability distribution for an elemer in the protein
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sequenceusingthe neighboting elemens in the seqience A PSTestimagesthe condtional probability of
eachelementusingthe suffix of theinput sequaéce,which is thenusedto measurenow well an unknown
sequencefits into thatfamily.

Onedrawvbad of probabilistic suffix treesis that they rely on exactmatchesto the conditional (input) se-
guerces.However, in proten sequacesof thesamefamily, subsitutionsof singleaminoacidsin asequace
areextremely common.For example,two subsguen@staken from the 3-hydroxyacyl-CoA dehydrogenase
protan family, VAVIGSGT andVGV LGLGT, areclealy very similar. However, they only have atmost
two conseutive matching symbok. If we allowed matchirg gapsor wild-cards (dended by ), we notice
thatthey matchvery closely: V x V x G x GT. We would therefore expect that probabilistic sufiix trees
would perform bette if they wereableto condition the probabilities on sequencescontaning wild-cards,
i.e. they canignore or skip someof the symbolsin theinput sequence

In this paperwe presat sparse Markov transducers (SMTSs), a genearlizaion of probabilistic suffix
treeswhich induce conditional probabiliti esover a seqencethat contans wild-cards asdesribed above.
SparseMarkov transduces build on previous work on mixturesof probabilistic transduces presntedin
[29, 25, 22]. Specificaly, they extend previous probabilistic suffix treemodelsto allow theincorporaion of
wild-cardsinto the model. They alsoprovide a simplegenealization from a predidion (gereratve) model
to a trangluction (disciiminative) modelwhich probabilistically mapssequencesover aninput alphabetto
correspondng seqencesover an output alphaet. This formalism allows the input alphaetto be different
from the output alphabet.We make useof this geneaalization in our expeliments.

We presemntwo method<of building proteinfamily classifiersusing spare Markov tranglucers Thetwo
modelsareusedto classfy unknown protens into their apprgriatefamilies by extrading all sub®quertes
from the protein usinga sliding window. For eachsubsguen®, we obtain a probaility asseiatedfor eath
family. A scae is obtaned for eachprotein and family by compuing the nomalizedsumof logs of the
probabilities for eachsulsequ@ce. In both of thesemethods, the key to effective protein classification is
the estimaton of probability distributionscondtional on shortsequences (in this case sequacesof amino
acidg. In both methods SMTs are usedto estimae the probability distributions. The first methodis a
geneative model,which buildsapredction modeltha appioximatesa probability distribution overasingle
aminoacid condtionedon the sequaceof neighboringaminoacids. Thesemnd methodis adiscriminaive
method which builds estimate of probaility distributionsover proten families conditional on sequence
of aminoacids.Thatis, in the secand methodwe employ Markov transluces asmappirgsfrom aminoacid
seqencedo proten families.

We perfom experimentsover the Pfam datadbase[27] of protein families and build a modelfor eadh
protan family in the datatase.We compae our methodto the Bejerancand Yona[8] methodby compaing
theresuts of our methodappliedto the samedatato their publishedresuls. We alsoperfam expeliments
over the SCOPdatébaseand compake our resuls to stateof the art protein homolagy method suchas
including BLAST, HMMER, andthe Fisherkernd method[1, 12, 17].

A chalengein using probabilistic modelng method is thatthe modelsthey generde tendto be spa@
inefficient. Apostdico andBejerano[3] presntan efficientimplemenation of their PSTmethod. The al-
gorithm presentedby Apostoico and Bejeraro brings the memoryefficiency close to the theaeticd limit
solong asasingle PSTor SMT is concerned However, the is rathe comple< andit is not clearhow to
genaalizethealgolithm to the mixturesappoachemployed in this paperthantacitly maintan multiple pre-
dictiontrees. We therebre presemnanefficientimplemerationfor spare Markov transduces incorpording
efficient datastructuresthat uselazy evaludion to significantly reduce the memoryusag, allowing bette
modelsto fit into memory We shav how the efficient datastruduresallow usto computebetter perfarming
models which would beimpossble to comput otherwise.

This pape builds upon [13] where spase Markov trarsduces applied to proten classification were
originally preented This paper includesa more complek setof experimentscompaing the methodto



traditional proten homolayy methodsanda complée mathematal descrption of themodelandits learring
algarithm. In addifon, this paper alsodescrbesin depthan extersion to comput discliminative modek
moreefficiently.

Theorgarization of thepape is asfollows. Wefirst presemtheformalism of spaseMarkov transduces.
Thenwe descrbehow we usespaseMarkov transiucesto build modelsof protan families. We descibein
deph anew constuction thatinvolvesamixture of mary different spaseMarkov transluces anddiscussits
efficientimplemenation for proten sequence. Finally, we discussour classification resuls over the Pfam
andSCOPdatedbases Someof thedetails of thespaseMarkov transdicersaretechicalin nature andarede-
ferredtotheappemices TheSMT softwareis availablefromht t p: / / www. ¢s. col unbi a. edu/ conpbi o/ snt /.

2 SparseMark ov transducers

SparseMarkov transduces induce a probability distribution of anoutpu symbolcondtionedon asequace
of input symbds. In our applcation, we arespecifically conernedwith modelirg probability distributions
of individualaminoacids(output symbd) condtionedon their surraunding aminoacids(input sequace).
We are also interestedin the setting wherethe undelying distribution is condtioned on sequ&cesthat
confain wild-cards suchasin the caseof protein families. We refer to this caseas probabilistic estimdion
over sparseseqiencs.

To modelthe probability distribution we employ Markov transduces. A Markov transluceris defined
to be a probability distribution over output symbds condtioned on afinite setof input symbds. A Markov
tranglucerof order L inducesa conditional probability distribution of the form,

P3| Xi Xy 1 X2 Xt3- Xy (1)) > (1)

where X, are ranrdom variables over an input alphabety};,, andY}, is a random variable over an outpu

alphabetX,,;. In thisform of probability distribution the output symbolY;, is condtional onthe L previous

input symbds. If Y; = X;, 1, thenthemodelis apredidion model'. In our appication, Equ.(1) definesthe

probability distribution condtioned on the corntext or sequ@ce of neighboring aminoacids. As we discuss
in the sequé in the context of protein family classification, the condtioning sequencesare sequecesof
aminoacids while Y; is eithe a singe aminoacid or the namethe protein family to which the seqenceof

aminoacidsbelorgs.

Markov modelsprovide a systemdt way to model probability distributions conditioned on complete
input sequience. However, mary naturd seqience andin paricular biological sequencesexhibit a phe
nomenm known as spasenes whereonly fractions of the input sequacescarry statigically significant
information on the output sequaces. In orderto achieve goad probabilistic estimats we needto cope
with spasenes in analgaithmically efficient manne. Specificaly, we employ a transductbn modelthat
representsparts of the conditioning sequence as wild-cards. We dende a wild-card by the symbol ¢,
which representsa placeholcder for an arbitrary input symbd. Putandherway, multiple input seqiences
are mappe to the samecondtioning eventsin all the places wherewild-card symbok appear Similarly,
for notaiond corvenierce, we used” to representn consecutive wild-cards (i.e., arbitrary sequ@cesof
length ) and ¢° asa placeholcer representirg no wild-cards. Therefae, a spaseMarkov transdiceris a
condtional probability of theform,

P(Yt|¢n1Xt1 ¢n2Xt2 e ¢nkth) ) (2)

'In orderto model“look ahead, we canmap every elementr; to z:+A; Where At is a constantvalue which refersto the
numberof input symbolsthat are “looked ahead” Thusin this casethe conditioning sequene of randomvariableswould be
XiyatXi+at—1Xeqrat—2.... Theoutput,Y;, remainsunchanged.




wheret; =t — (Z;Zl n;) — (i — 1). Forinstancejf ;, = {4, C,T, G} thenboth ACTGA andAT AT A
will be mappedto the sameconditioning even A¢* A. In fact, thereare exactly 4* different sequencesof
length 5 thataremappedo the condtioning A¢* A.

Wewouldlik e to notein passng thata Markov transdiceris aspecial caseof asparg Markov transduce
wheren; = 0 for all 5. Thegod of our algarithm is to estimatea condtiona probability of this form basel
on a setof input sequacesand their correpondng outputs. However, our task is complicateddue to
two factas. First, we do not know which postions in the condtioning input seqenceshauld be wild-
cards Secondthe postions of thewild-cards chang dependirg on the context, or the spedfic values of the
condtioning sequ@ce. This meanghatthe positionsof the wild-cardsdependon the actual aminoacids in
the condtional sequeace.

We presen two apprachesfor SMT-basedprotein classfication. The first appioachis a geneative
modelwherefor ead protan from a family we estimatea distribution over amino acidscondtioned on
neighboring aminoacids. In the gereratve modelthe output (¥) is anaminoacid andthe input sequece
(X X—1X;_9...) is the neighboring amino acids. Since protan families contdn similar sutsequaces,
subgquertesfrom protens of a givenfamily will fit better into the distribution estimatel for the particular
family asopposedto distributionsestimaed usingotherfamilies In the secand apprachwe build a single
model for the entire datdbasewhich mapsa seqenceof amino acidsto the nameof the protan family
from which the seqenceoriginated. This modelestimate the distribution over protdn family nameg(¥)
condtioned on a sequaceof aminoacids(X; X;_1 X;_»-..). In this modelthe input alphabetis the setof
aminoacidsandthe output alphabetis the setof proten family names.

In geneal our approachis asfollows. Building uponthe work on suffix treesfor learning and pre-
diction [29, 23, 16, 8], we definea type of predction suffix tree called a sparse prediction tree which is
representaionally equivalentto spaseMarkov transduces. Thesetrees probabilisticaly mapinput strings
to a probability distribution over the outpu symbok. The topology of a tree enadesthe postions of the
wild-cardsin the condtioning sequenceof the probability distribution. We estimae the probability distribu-
tions of thesetreesfrom the setof examples. Sincea priori we do notknowthe postions of thewild-cards,
we do notknow the besttreetopdogy. For thisrea®n, we usea mixture (weightedsum)of trees andupdag
the weights of eachtree basedon its performanceover the setof examples We updat the treesso that
the better performing trees getlarger weightswhile the worseperforming treesget smallerweights. Thus
the datais usedto choo® the positionsof the wild-cardsin the condtioning sequence. We now formally
descibe spare predidion tree and discussthe algorithm for updatng a mixture of suchtrees efficiently.
The techical detaik of the algoinithm that allow for the exact compuation of the mixture weights for an
exporentid numberof trees aredefereduntil Sec.5.

2.1 Sparsepredictiontrees

For the simplicity of the deriation of our algarithms rather than using Markov transdicersdiredly we
employ atreebasedepreentatonwhichis aspecifictype of predction suffix treecalled aspasepredction
tree. Sparsepredction treesgenealize predction suffix treesthatweredesceibedin [23] andusedin [8] in
the task of probabilistic modelng of biological sequ&ces. A spase predidion treeis a rooted treewhere
eachnodeis eitheraleaf nodeor containsonebrand labeledwith & for n > 0 thatforksinto abrarchfor

eachelemenin X;, (eadraminoacid). Eachleafnodeof thetreeis assaiated with aprobability distribution
over the outpu alphabet,X,,,; (aminoacids). Fig. 1 showsa spasepredidion tree. In this tree,eachof the
leaf nodes, uy, ...u7, is ass@iatedwith a probability distribution. The pathfrom theroot nodeto aleaf node
representsthe condtioning seqiencein the probability distribution. We thuslabd eachnodeusing the path
from the root of the treeto the node Sincethe path containsthe wild-card symbd ¢, there are multiple
strings over %, thataremappel to a singe node Putandaherway, eachedgelabelad §* canbetraversed



Figurel: An illustration of a sparsepredidion tree. For spaceconsideratbnswe do not draw brarchesfor
all 20 aminoacids.

by all the |3|" differentsequence of length 7.

A treeasseiatesa probability distribution over output symbds condtioned on the input sequenceby
following an input sequencefrom the root nodeto a leaf node skipping a symbd in the input sequace
for each¢ along the path The probability distribution condtioned on aninput seqienceis the probability
distribution ass@iatedwith theleaf node thatcomespomisto theinput seqence.As descibedin thesequel,
thetreeis trained with a dataseof input sequences? andtheir correspomling output symbok 1. Theinput
sequenceat time stept, =, is the definedto be the entre string of input symbolsobserved from time step
1 through time stept. Using an analgousnotaion to the oneusedin Equ. (1), let 5 € ¥;, betheinput
symbolthatwasobsevedattime ¢, thena’ = (z;, z;_1, ..., z2,z1). Notethatthis definition implies that
the input sequencesare strings of growing sizes In pradice, we seta limit on the maximumdeph of the
spar® predction treeswhich tacitly implies that eachs is a finite string whoselengthis the sameasthe
maximalimposel depthof thelearnal tree.

For exampke, in Fig. 1 the setsof input strings that correspord to eachof the two highlighted nodes
areuy = ¢'Ap?C andus = ¢'C$3C. In our setting, the two nodeswould correpondto ary aminoacid
seqenceskA x x C'andxC' x x x C' wherethe symbolx derptesa wild-card. The node labded w, in the
figure comresponisto mary seqencesncluding AACCC and DA ACC. Similarly for the nodelabeled
in the figure correponds to the sequacesACAAAC andCCADCC. Thestring CCADCCCA is also
mappedo u; sincethe prefix of the seqenceleadsto us. The probability corregponding to an obsevation
from the input seqlenceis the probability containedin the leaf nodecorresponing to conditioning input
seqence. For instance,in this example P(A|AACCC) is probability of obseving the symbd A thatis
assaiatedwith theleaf uy. Theseprobabilities areestimatel from counts of outpu symbds from training
examples thatreachthis node asdesribedbelow.

In summary a spar® predction tree,deroted 7', canbe usedto induce condtiond probability distri-
butionsover outpu symbolsasfollows. For anexamplepair containing an output symboly andaninput
seqencer!, we candetermire the conditional probability for theexample,dended F-(y;|z*). As descrbed
above, we first determinethe nodeu which correspond to theinput sequacesf. Oncethatnodeis deter-
mined,we usethe probaility distribution over outpu symbolsasseiatedwith thatnode.The predction of
thetreefor theexampleis then Pr(y;|zt) = Pr(y:|u).

We shav shav in App. A ary spare Markov translucercanbe representel asa sparseorediction tree
of equvalentsize We usehowever the treebasedrepregntaton which can natually combired with the



mixture technguewe employ.

2.2 Training a Prediction Tree

A prediction treeis trained from a set of training examplesconssting of outpu symbok andthe corre
spording sequences of input symbols In our apgdication, thetraining setis either a setof aminoacidsand
their correspondng contexts (neighboring sequenceof aminoacidg or a setof protan family namesand
seqencesof aminoacids from that family. Theinput symbok areusedto identify which leaf nodeis as-
socidedwith thattraining example. The output symbolis thenusedto updat the count of the appiopriate
predctor.

Eachpredictor nodekegscountsof eachoutpu symbd (aminoacid) seerby thatpredctor. We smooh
eachcourt by addng a consantvalueto the countof eachoutpu symbd. The predictor's estimateof the
probability for agivenoutputis thesmoottedcourt for theoutput dividedby thetotal countin thepredctor.

This methodof smoothing is motivated by Bayesia statsticsusing the Dirichlet distribution which is
the conjugatefamily for the multinomial distribution. However, the discussionof Dirichlet priorsis beyond
the scape of this pape. Furtherinformaton on the Dirichlet family canbe found in [11]. Dirichlet priors
have beenshavn to be effective in protein family modeling[10, 26].

For example,consder the prediction treein Figure 1. We first initialize all of the predidors (in leaf
nodes uq, ..., u7) to theinitial count values. If for example the first elementof training datais the output
A andtheinput sequenceADCAAACDADCD A, we would first identfy the leaf nodethat correponds
to the sequace. In this casethe leaf nodewould be ;. We then update the predidor in u; with the
output A by addirg 1 to the countof A in u;. Similarly, if the next outpu is C andinput sequenceis
DACDADDDCC A, we would updatethe predctor in u; with the output C. If the next outputis D and
theinputsequenceis CAAAAC AD, wewould updae u; with the output D.

After training onthesethreeexampleswe canusethetreeto output apredction for aninput sequaceby
using the probability distribution of the nodecorrespondng to the input sequence.For example assumiig
theinitial countis 0, the predcction of thetheinput seqenceA AC'C A A A which correspondto thenode u
would give anoutput probability wherethe probaility for C is .5 andthe probability of D is .5.

3 Mixtur e of SparsePrediction Trees

In the gereral case we do not know a priori whereto put the wild-cards in the condtioning sequace of
the probaility distribution becaisewe do not know on which input symbok the probability distribution
is condtional. Thuswe do not know which tree topdogy to useso asto obtain the bed estimae by a
spar® prediction tree. Intuitively, we wantto usethetraining datain orderto learnwhich treepredicts most
accuately.

We usea Bayesianmixture apgroachfor the problem. Insteal of using a singletreeasa predictor, we
usea mixture tecmigue which emplgys a weighted sumof treesasour predctor. We thenusea Bayesia
updae procedureto updatethe weightof eachtreebasednits performanceon eachelementof the data®t.
In this way, the weighted sumusesthe datato make the bestpredction.

We usea Bayesia mixture for two reasms. First, mixture modelsprovide richer representadions than
individual model. Second our propasedmodelis built online so thatit canbe improved on-the-fly with
more datg without requring the re-training of the model. This meansthat as more and more protens get
classfied into families themodelscanbeupdaedwithout re-trainingthe modelovertheupto daie datébase.
For atheaeticd treatmem andfurther discussionon mixture modelsof predction treesee[29, 23, 16] and
thereferencestheren.



The skeleton of leaming algarithm for the mixture of SMTsis asfollows. We initi alize the weights of
eachSMT in the mixture to the prior probabiliti esof the trees(discussedin the sequel). Then,we updat
theweightof eachtreein anonlinefashon for eachtraining examplein thetraining setbasedon how well
thetreeperformedon predicting the mostrecentoutput. At the endof this proces, we have aweightad sum
of (sparseMarkov) treesin which the betterperforming treesin the setof all treeshave the higher weights

Specificaly, we assgn a weight, wi-, to eachtreein the mixture after processingtraining examplet.
The predction of the mixture aftertraining examplet is the weighted sumof all the predictions of thetrees
dividedby the sumof all weights

Pi(y|xt) = ZrrPr VXD @
T wr
wherePr(Y | X?) is thepredction of treeT for input sequece X*.

Equ. (3) emplgys a weighted sum of predidions. As discused above eachweight - reflectsthe
perfoomanceof atree. Initially, prior to arny observations, theseweights areinitialized in away thatreflects
the compleity of eachtreein the mixture andthenupdaedafter eachround. We now discussin detdl how
thesemixture weights aredetemined,startihg with the how theinitial weights aredetermined.

4 Prior distrib ution of sparseprediction trees

Our constuction of theprior probability of aspaseMarkov treeT', denoedw}., is base on the complexity
of the topology of thetree Intuitively, the more complcatedthe topology of the treethe smallerits prior
probability. We now discussin detal our construcion of a prior probability distribution over SMTs. This
congructionsis recursve andenabksusto performtheweightupdatein anefficient manne. For simplicity
of presetation, we desribe our congruction of a prior probability over SMTsasa stoclasticprocessthat
geneaatesrandbm trees. The prior probability of a specfic treeis the probability of geneating that tree
accading to the processthatwe now descrbe.

We areprovidedwith a probability distribution overthe (non-negative) integers, dended . Startingat
therootnodewe performthefollowing process.We pick aninteger n atrandam accodingto thedistribution
P,. If then = 0 we stopthe geneaation processmakingthe currert nodealeaf. Otherwise(n > 1), we add
to the currentnodewe are at a brand labelled ¢*—! and genere child nodesbelowthat brand, one for
every symbd in %;,. For eachof thes newv nodes we repeat the proces recusively. Clearly, this process
inducesa (prior) probaility of spar® predidion tress

We referto probability distribution inducedby the processdescibedabove asthegeneative probability
distribution. Intuitively, the outcame of the geneation processat eachnodedetemineshow far forwardwe
look for thenext input. If the outcameis 0, thenwe do not condition on ary moreinputs. If the valueis 1,
we condtion onthevery next input. If theoutcameis n. > 2, thenwe skip (or markaswild-cards)the next
n — 1 inputsandcondtion onthenth next input.

We canassaiatea differentprior distributionswith eachindividual nodeof a sparsepredidion tree Let
u be anarbitray node thenwe derpte by Fy the gererative probability distribution over the possble skip
lenghsasseiated with . SinceP(g is adistribution we have that

Y ppi)=1. (4)
1=0

For eachnocke in atreewu, we denok the actudly numbe of skipsthatwerepicked acarding to 1?; by as
ug. Thevalueuy — 1 isthenumber of ¢’s assocatedwith the (singe) edgeleaving thenode . Finally, if a
nodeu is aleaf, uy of thatnodeis definedto be0.



Figure2: A sparseprediction treewith its geneative probabilities.

To completeour desciption of the prior probability of atreewe needto introduceafew moredefinitions.
Thesedefinitionswill alsobecomehandyin the weight updae procedurefor sparseprediction trees. For a
treeT we dende by Lt the setof leavesof that tree. We alsodefine Nr to be the setof nodesof the tree
(including the leaf nodes). Let 7;, derote the subtres rootedat ». Similarly, we define N, and L, to be
the setof nodes andleaf nodes, respectively, of the subtieeT,.

The prior probability of atreecannow easly be compued using the gererative probability distribution
ateachnodeandtheactual ¢ value of eachnode.Summingup, the prior probability of treeT’, dended},
is therefore

wp = [[ Pglup) (5)
uENT
whereu, is the ¢ value of the nodewu andP(g is the geneative probability distribution assotatedwith the
nodeuw.

Assumefor examplethatfor all possble nodesFy (n) = ‘1;—0” for 0 <n < 3andP}(n) = 0 othemwise.
Fig. 2 illustratesthe probability of the outcomeg(¢ valueg ateachnode The prior probaility of the entire
treeshawn in thefigureis (2)”(+)° = 0.004096, whichis the productof the probabilitie s of eachg value
ateachnode.

Finally, we would like to point out thata maximaldepthlimit D,,,, onaspaseprediction treecanbe
simply imposed by limiting the distributims]{z‘; to afinite setof values Formally, for anodeu atdeph d
we setP(;j(n) = 0 for all valuesn > D,,,x — d. Notethatthis impliesthatfor ary nodeu at the maximal
deph Dy,q; we have Py (0) = 1 and Py (n) = 0 forn > 0.

5 Weight update algorithm

As disaussedabove, we usea Bayesia appioachrule to updde theweightsof the mixture afteread training
example The mixture weightsare updaed acarding to the evidence which is simply the probability of
anoutput i given the input seqiencex?, Pr(y;|z?). A new predidion is obtdned by updating the tree
accadingto theexampleandthen computng thepredidion of the example.Intuitively, this givesameasue
of how well thetreeperfaomedon the givenexample Theunnomalizedmixture weightsareupdatedusing
thefollowing rule:

wit! = wh.Pr(y|a") (6)



with wi. is definedto be the prior weightof the tree. Thusthe weigh of atreeis the prior weighttimesthe
evidencefor eachtraining example thatis,

t
witt = wi [ Prvils?) 7
i=1

After eachtraining examplewe needto updae the weightsfor every possille spare predction treeT'.
Clearly, the numberpredction treesin the mixture is huge, even for relaively small values of },,x and
dmaz- Therefoe,astraghtforwardappioachthatupdatesdirectly every spare predction treein themixture
is notfeasble. Instead,we presat now anefficient algorithm thattacitly updatestheindividual treeweights
by maintainng mixtureweights of hierarchial subgtsof the entire mixture. Our algarithm stemsfrom and
buildsupon thelearnng algarithms for predidion suffix trees descibedin [29, 16].

Efficient weight update

Instead of maintairing multiple spasepredction trees of differentsizes, the efficient algarithm maintainsa
sinde templat treethatis the union of all the nodescompasing the treesin the mixture. At ead nodeof
thelarge templae treewe maintaintwo weights which we we useasthe meango updatethe weightsof all
thetreesin the mixture. Theseweightsarealsousedfor calcuating efficiently the mixture's prediction on
thenext outpu. We denot thetwo weights we keep at eachnodeu of thetemplatetreeby f (u) andw? (u)
wheret desgnates thelengthof the input sequacetha hasbeen obsewvedsofar.

The first weightw'(u) is the likelihood of the predctions induced by « on all subsguen@sreacthing
thenode u. Letusdenot by 2! € u the eventthattheinput sequacex’ hasmappel to node . Recallthat
therenumeraisnodesthatinput sequenceattime ¢, 2, is mappedo, including including »’s anestorsand
children. Thealgorithm updatesthe weightsof all of thesenodesin onesweepfrom therootto all theleaves
of thetemplae tree. Theweight of eachnode u is initialized to one,andthus,

wiu)=1.
If ' € u thenwe needto updat thelikelihood of u asfollows,
wt (u) = w' (u) P(ys|u) -

If, however, 2! ¢ u thenwe neednot charge the weight of u, therebre we implicitly setand otherwis
w1 (u) = w'(u). Usingtheweights w’(u) we cannow rewrite theweightof asinge treeT in the mixture
asfoll ows,

wh =wp [T Privila’) = ( I1 p;;(%)) ( 11 wtw)) . ®)
1<i<t u€ENT vELT
In orderto calcuate the predidions of the mixture asgivenby Equ.(3), we mustkeeptrack of the sum
of all thetreeweightsattime ¢, >, wk.. To do soefficiently we keeptrack of the sumof all weightsfor the
subteesrooted at eachnodewhich is the purposeof the secoml variable’ (u). Let 7, dende the setof all
possble subteesrootedu. Then,wt (u) is definedto be the sumof all weightsof treesin 7,. We calcuate
w'(u) usingEqu.(8) asfoll ows,

W) =Y wh= > (H Pg(%)) (H wt(v)) . (9)



We now canusethe subteeweights to comput the sumof all treeweights in the mixture. Let A denoe
the emptystring. Accordng to our constuction, the setof all predction trees in the mixture is equalto the
setoff all sultreesrootedattheroot nodeof thetemplak tree. Therefae, using the the definition of 7, and
the factthatthe root nodeis asso@tedwith the emptystring we canrewrite the sumof the weightsof all
predction treesin themixtureattime as,

T\ =Y wh=> (H Pg(ud,)) (H wt('u)> . (10)

TETy TeT) \uENT vELT

A direct evaluation of the right hard side of Equ. (10) is still computtiondly expensve. However, we
canexploit the recusive natue of the the weights to derive an efficient updae for (u) from the updated
weightsof all of its childrennodes. Thefollowing claim givesthe form of the updae. Its proofis differed
to App. B.

Claim 1 For t > 1 and for all nodes u in a template sparse prediction tree, the following equality holds,

W' (u) = P{(0)w'(v) + > Py(i) J[ ®'(ué™ o) . (11)
=1

OEYin

Equ.(11) is the centr of the weightupdat schemeanddesevessomefurtherattenton. First, notethatthe
equadion indeedprovidesa recuisive schemefor compuing@f (u) from the weightw!(u) andthe weights

of all of s children which are of the of the form u#~'o. Thoughsyntactically the recussion includes
aninfinite sum,the numberof the summand is bourdedby the minimum betweenthe lengh of the input
seqencesofar, whichis simply ¢, andthe maximaldeph of the prediction trees,,,,,.. Thus,the updae

of the weightsw’(u) andw'(u) canbe doneefficiently in one bottom-up passfrom the leaf nodesto the
root. To summarizetheweightupdateprocedureis asfoll ows:

Initiali ze: w'(u) for all u in thetemplatetree

Updatew for all u suchthat z* € u: w'™!(u) = w!(u)P(y;|u)

Updatew: for all u sudthatz’ € u @ (u) = Py (0) w'(u) + 3, P (9) [, @' (ug* o)
Maintain: for all u suchthatz! ¢ v w't!(u) = wi(u) ; wW'ti(u) = w'(u)

We would to note thatthe abose updae involves multiple paths At eachnode along the paththe input
sequencecanbifurcategoing down to the child nodeassotatedwith the next input symbolandto all the
childrennoteasso@tedwith wildcards of theform ¢.

In updating our weights, we cantake advantageof the factthatmary of the sequencesoccu only once
in the data. Becauseof this, mary of the subtreeswill be traversedby only a singlesequace. For theroot
nodes of subtreesthat were traversedonly once,we can computetheir subtre weight without having to
explicitly expandthe node into its subtee. Our ability to make this compugtion stemsfrom the factthat
eachof the nodes along the path of the sequencewill contain only that sequenceandthus have the same
nodeweight. More preciely, let u betheroot of a subteethatis reaclked only once Then,for ary node v
in the subtieebelowu we have that w (u) = w'(v) (for all time stegs t). Furthemore, it is simpleto verify
thattherecussive priorsimply thatfor all sucd nodesu we getwf (u) = w(u)?.
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Theweightupdae schanealsosenesfor outputting predidions. In orderto make predictionsusing the
mixtures aftertraining, we canusenodeweightsandsultreeweightsto comput our predctions efficiently.
Forarny § € Y, the probability of prediction of  attime ¢ is:

. >or wrPr(j|a’)
POl = =5 (12)
If wesety; = 4, then we have
tp t t41 —t+1
P(yt|xt) — ZT wT T(yt‘x ) _ ZTwT _ w (A) (13)

Yo wh o wh w'(\)

Thusthepredction of the SMT for aninput sequeceandoutput symbd is theratio of theweightof the
rootnoceif theinput sequenceandoutput symbd areusedto updatethetreeto the original weight

Whenusing the the mixture of spasetreesfor makingpredictions, we neal to compue the probability
of all protan familiesgiventhe conditioning seqwence.In other words we wantto computethe probability
of every output symbd given the input seqence. The simplest way to do this would be to enunerate
over all possible values for y;, (we have |3,,;| alternatives andthencompuew!*! %,,, using Equ.(13).
However, this methodrequresatraversalof thetree|%,,;| timeswhich is time consuming if ,,; is large.
Herewe cantake adwantagethat the input sequéceis the samefor all possble valuesfor y andthusthe
traversednodesarethe same.We canmake this computadion moreefficient if we compue the probabilities
for eachoutput symbd in a single trans\ersalof the tree Sincethe probability for an outpu symbolis
wg{l with w1 updaed for the output symbolwe compue a vecta whereeachelemer stores the ™!
for the correspomling symbolin X,,,;. Now, aswe traversethe treewe updat a whole vecta but obtairing
the predctions takes only a singe sweepthrough the tree We canfurther optimize this schemesince we
only needto keeptrack of the elementsin the vectorthat have been obseaved in the nodes. Thatis, the
probability of all the unolsened symbds is the sameand hen® needto be computa only once. These
techrical improvementssignificantly redwce the running time whendealng with large alphabetsasis the
caseof the protein families

6 Implementation issues

In this section we discussseveralimplementationisswesthatenalle usto copewith relatively large protein
data®ts. We first descibe the constaintsof the structure of SMTs that we impose which enale efficient
time andspaceimplemeriation

The compmentsof the mixture areall possble treeswith certan topdogies which canbe enormois.
We usetwo parameterdo restrid the possble treetopologiesin the mixture: Dmay, the maximumdepth
of the treeand gmax, the maximumnumberof wild-cards at every node,i.e., the numbe of consecuive
symbok allowedto be skipped. Recall,thatthe depgh of anodein thetreeis definedto bethe length of the
input sequacethatreadiesthe node The maximumnumbe of wild-cardsdefinesthe highest power of ¢
onabrand leaving anode.If gmax = 0, nowild-cardsareallowed andthe modelredu@sto a mixture of
predction suffix trees(PST)eachtreeis of theform usedby BejerancandYona[3]. Both Dmax and¢émax
affect the numbe of treesin the mixture which increaseghe running time of the SMTsandincreasesthe
numberof totd nodes. Evenwith smallvaluesof Dmax and¢max the numbe of treescanbevery large.
For instance, there areten differenttreesin the mixture if Dmax = 2 and¢max = 1 asshownin Figure3
wherefor illu stratve purpcseswe usean alphabetof sizethreg {A, C, D}. With 20 aminoacids there are
overamillion spasepredction trees in the mixture.

We canstorethe setof all treesin the mixture much more efficiently using a template tree. Thisis a
sinde treethat stores the entire mixture. Thetemphtetreeis similar to a sparseoredidion treeexcept that
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Figure 3. An illustration of a mixture of spase suffix trees for Dmax = 2 and¢max = 1. In orderto
simplify thefigure we assunethattheinput alphabetconsstsof threesymbds { A4, C, D}.

from eachnock it hasa brand for every possble numbe of wild-cards at that point in the sequace. A
templat treefor thetreesin the mixture of Figure3 is shovn in Figure4.

Evenin the templae treg the maximumnumbe of nodesin the modelis alsovery large. In Figure
4 thereare 16 nodes. However, not every nodeneed to be stored. We only storethes nodeswhich are
reacted during training. For example,if the training examples contan the input sequences AA,AC and
CD, only ninenodesneedto bestoredin thetreeasshowvn in Figure5. Thisis implemened by staring the
algarithm with just aroot nodeandaddng elementdo thetreeasthey arereacted by examples.

The templak tree stores all of the leaf nodesthat occurin the treesof the mixture. Eachnodein the
templattreestoresaweightof how well thatnode perfomsaswell asaweightfor thesubteeroctedatthat
node Theseweightsareefficiently updatedduring training asdisaussedin previous sedion. Usingthes
weights we cancomput the exact prediction of the mixture asdesribedasalsodiscussedoreviously.

Data structur es

Evenif we only store thenodesreadiedby input seqencein thedatg thetemplatetreecanstill grow expo-
nenially fast.With #max > 0 thetreebranclesateachnodeon every input. Intuitively this representghat
factthatthereis anexponentid numbe of possble postionsto place the wild-cardsin theinput seqence.
Tablel shavsthe numbe of nodesin atreewith variousvaluesof Dmaxand¢émaxafteranemptytreewas
updaedwith a singe example

Since perfarmanceof the SMT typically improveswith highe ¢gmax and Dmax, the memoryusag
becanesabottlenedk becaseit resticts thes parametes to values thatwill allow thetreeto fit in memory
andthusthefull power of SMTsis notutilized.

Our solution is to uselazy evaluationto provide more efficient datastructureswith respet to memory
Theintuitive ideais thatinstead of storing all of the nodescreaed by atraining example we store thetails
of thetraining exampke (sequencé andrecompte the part of the treeon demandwhennecesary Thereis
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Figure4: Thetemplatetreefor a mixture of spare predidion treeswith Dmax = 2 and¢max = 1. For
spae constderatbnswe do not draw brandesfor all 20 aminoacids

Figure5: Thetemplatetreeof Figure4 after procesinginput sequacesAA, AC andCD.

aninherentcompuational costto this datastructurebecawsein mary casegshetraining examplesneedto be
recomputedon demarl. Intuitively, we wantthe parts of the treethatareusedoftento be storedexplicitly
asnodes, while the partsof the treethat are not usel often to be stored assequence and arerecompued
whenneead. Thedatastrudureis designedto perform exacty the samecomputaion of the SMTsbut with
a significant savings in memoryusage This lazy evaluaion appoachis rather simpleto implemen and
enalbes an efficient time an spa@ compuation of the predidion of the entire mixture. We would like to
notethough, thatfor a single prediction treethereareother appraacheghatareeven moreefficient (see[3]
andthereferencegherdan). However, it is not obvious how to adgot theseappraachedor our setting which
involvesmultiple sparse prediction trees.

The datastrudure definesa newv way to storethetemplat tree In this modelthe children of nodesin
thetemplat treeareeithe nodes or sequences. Figure6 givesexamples of the datastrucure. A paramete
to thedatastrucure, Smax definesthe maximumnumbe of sequence thatcanbestaredonthebrarchof a
node

Let us look at an example wherewe are computng a SMT with Dmax = 7 and gmax = 1 with
the foll owing 5 input seqencegandthe correpondng output symbok in parenthegs): ACDACAC(A),
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dmax
Dpar | O] 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 71 33| 52 | 60
7 8| 54| 96 | 116
8 9 | 88 | 177 | 224
9 10| 143 | 326 | 432
10 11| 232 | 600| 833

Table1l: Numberof nodesaftera single training examplewithout efficient datastrucures. The numberof
nodes geneatedper examplesincreasesxponentially with ¢gmax.

DACADAC(C), DACAAAC(D), ACACDAC(A) and ADCADAC(D). Without the efficient data
strudurethetreeconains241 nodesandtakes31 kilobytesto store. The efficient templatetreeis shownin
Figure6a. Theefficient datastrudure contansonly onenodeandtensequencesandtakes abaut 1000bytes
to store Whenthe Dmax = 4 eachnode brarch canstoreup to 3 sequacesbefore it expardsa sequace
pointerinto anode. In the exampleshownin Figure6a,becausethere arealrealy 3 sequencesn thebrand
labeled ¢° A, ary new sequ@éce starting with A will force that brand to expandinto anode Thus,if we
addtheinputseqienceACDACAC(D) we getthetreein Figure6h.
Theclassfication perfarmanceof SMTstendsto improve with larger valuesof Dmax andgmax, aswe

will shawv in theresuts sectbn. The efficient datastruduresaretherdore important since they allow usto
compue SMTswith higher values of these paramegrs.

Short circuit evaluation

We canfurther optimizethe perfaromanceby taking advantageof the databeing spase. Sincethe numberof
possble seqencesseenis sigrificantly smallerthanthe numberof all possible sequaces,we canassune
thatmary of theobserwedsequaceswill occu only once This meanghatmary of thenodesn thetreewill
only bereacledby asinglesequace. For thes nodeswe cancomputethe subteeweighis very efficiently
by usingthefactthatthe predctions of all the nodes thathave not beenreachedevenonce areall thesame.

Thesulireeweightof anodethatis only reacledby asingle seqencecanbecompuedwithoutneedng
to expandthesequence.In thiscase, the subreeweightis equivalentto thenodeassuningthatthe predictors
in all of thenodesareidenical. An explamationof why this is the casewasgivenin Sec.5.

This optimization significantly improves performance Whenupdding a treewith a sequace,we can
stopexpanding the treewhenwe reacha node that hasnot beenreathedby otha sequaces. At this point
we canjust store the subsejuercesas descibed above without having to expand the sequence Sincethe
datais sparsethis situationoccusin the cas of almostevery biologicd sequace.

Coping with skeweddistrib utions

A natual problemto any probaility densty estimaton appoachis skew in the distribution of the classs
congituting the data®t. For instance,one of the setsof experimentswe performedwas with the SCCP
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Figure 6: Efficient Data Structues for SMTs. The boxes repreent input seqience with their
correspondng output. (a) The tree with Smax = 4 after input seqences ACDACAC(A),
DACADAC(C), DACAAAC(D), ACACDAC(A) andADCADAC(D). (b) Thetreeafterinput se-
querce ACDACAC(D) is added Note that a node hasbeenexparded becase of the addiion of the
input.

datalase.In theseexpearimentsa SMT is trainedto recoqrizethedifferencebetwee a singlefamily (positive
examples) and the remainirg families (negatve examples). In mary of theseexperimentsthe numberof
negative examples significantly outnumberthe numbe of posiive examplesup to afacior of a hundedto
one.

Themixture algorithm tendsto concentrde onthecompment(sparg tre€) which perfaomson thetrain-
ing set. In the caseof a skewed classdistribution, the tree contaning only the root nodewill dominae the
mixture becausein casesof extremeskew asabove, the root nodewill be accurde 99% of thetime. In
somecasesthis will caus the tree containing just the root node to dominae the mixture. In thesecass,
the prediction of the mixture would be the sameregardessof the input sequace. While the empiricd
distribution of the clas®sreflectsthe true distribution, for pracical pumposeswe would like to be ableto
accuately recoquize andretrieve the protein family consdered possbly at the expenseof a highe false
postive misclasification. To do sowe experimentedwith threemethod for attanpting to compeansatefor
skew in classdistribution: leaving out data,replicating datg andweighting data

Thefirsttwo apprachesarestraightforwardandinvolve charging thetraining datato avoid the probem
of skew. Thefirst apprachusesonly a portion of the negatve data. In this casewe keepthe amour of
postive datafixed. We take arandom sampleof thenegative datasothatthenumbe of postive andnegatve
examples areequd. In extreme case, we areusingonly 1% of the nggative data. The secoml apprachwas
to replicatethepostive datain orderto have the sameamourt of positive andnegative data In thisappoach,
we keepthe amourt of negative datafixed. We replicatethe positive datauntil we have the sameamountof
total data In extreme case, we may have closeto hundedcopesof the posiive datain thetraining set.

Thethird apprachinvolveschangng theway thepredctionsis calaulated In thisappgroacheachoutpu
symbolhasa certan weightcomrespormling to its ratio in the data In the caseof extremeskew, the positive
examplewill have close to hundredtimesthe weightthatthe negative examples have. The nodepredictors
usethis weight to update the courts during training. In this case after training theroot node will cortainthe
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sameamountof probability massfor eachoutpu symbol Theweightedapprachis the mostefficient and
doesnot dispaseexamples andthus wasin our experiments. However, in the cagsof extremeskew, even
weighting the examplesdid not completly compensateand perfoomancedecrasessignificantly asshaovn
below This a known problem in decigon theoetic settings and further investigaton of it is beyond the
scope of this pager.

7 Methodology

We useSMTsto perform two setsof experiments. Thefirst setof experimentsis using the Pfam datalase
compamg our resuts to the resuts of Bejeraro and Yona[8] over the samedata. The secad setof ex-
perimerns usesthe SCCP datadbase[20] and compaes the resuts to stak of the art methals in protein
classfication.

For thefirst setof experiments,our methalology drawsfrom similar experimentscondictedby Bejeraro
and Yona|8], in which PSTswere applied to the prodem of proten family classification in the Pfam
datalase.We employed two types of protan clasdfiers basel on SMTs and evaluaged themby compaing
to the published resuts in [8]. The first approachbuilds an SMT model for eachprotein family where
wild-cardsareincorporaedin the model. We referto these modelsasSMT prediction modek. The secom
modelis asingle SMT-basedtlassfier trainedovertheentire datatasethatmapssequenceso proten family
namesWe referto the secand modelasthe SMT classifier model

In thesemndsetof experiments,ourmethoalogy dravsfrom similarexperimentscondiuctedby Jaalkola
etal. [18], in which a sugport vector machhne wastrained over the SCOPdatalase. We compae our the
resuts of our experimentsto the resuts of otherstateof the art protein homology method usingthe same
data.

In ourexperiments we did notperformary tuning of theparametrsin orderto preven biasof ourresuls
to the specfic data However, in pradice, a sysemfor proten classfication couldimprove its performance
by tuning paranetersto the specfics of thetraining data,which is a rathersimpletaskwhenusingtrained
SMTs.

We also perform a setof experimentsto testthe efficiency of our implemenation method. We per-
formedexperimentsover oneproten family to examinethetime-smce-grformarce tradedfs with various
restiictions on the topolagy of the spasepredction trees(Dmax, #max)- We alsoexaminethetime-sgace
tradeoffs usingthe efficient daia strucures.

8 Pfam Experiments

Pfam Data

The dataexaminal comesfrom the Pfam database.We perfarm our experimentsover two versionsof the
datalase.To compae our resuts to the Bejeranoand Yona[8] methodwe usethereleaseversion 1.0. The
dataconsstsof single-domai protein sequencesclassfied into 175 protein families. We usethe SPROT33
datalaseandlabd eachproten into the family accading to its Pfamlabeling. Pfamidentifies a numberof
domairs that are presat in the seqences Someproteins seqenceshave multiple domairs. Therearea
total of 52,205proteinsof which 15,610 areclassfied into families. Thereareatotal of 18,531,384residues
in thedata

Theseaqience for eachfamily wassplit into training andtestdatawith aratio of 4:1. For examplke, the
7 transmembrane receptor family containsatota of 530 domans spread over 515 protan sequences The
training setcontains412 of thesequencesandthetestsetcontains 106 sequences The 103 sequencesof the
training setgive 158,63 subgqueresthatareuse to train the model
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Building SMT Prediction Models

A sliding window of sizeelevenwasusedover eachsequ@ceto obtan a setof sub&queresof sizeeleven,
z1,...,211. UsingspaseMarkov transdicerswe built a modelthat predcted the middle symbd z using
the neighboring symbds. The condtional sequaceinterlacesthe five next symbds with the five previous
symbok. Specificaly, in eachtraining example for the seqience the output symbd is  andthe input
symbols AleT5L7X4X8T3L9T2L10L1L1] -

A modelfor eachfamily is built by training over all of thetraining examples obtaned using this methal
from the protein sequencesn the family. The parametes usedfor building the SMT predidion modelare
Dmax= 7 and¢max= 1.

Classificationof a Sequerteusinga SMT Prediction Model

We usethefamily modelsto computethelik elihood of anunknownsequacefitting into the protein family.
First we corvert the aminoacidsin the sequence into training examples by the methodabove. The SMT
thencompute the probability for eachtraining example. We then comput the length normalizd sum of
log probabilitie s for the sequenceby dividing the sumby the numberof residuesin a seqence.Thisis the
likelihoodfor the sequenceto fit into the proten family.

A sequeceis classifiedinto afamily by compuing thelik elihood of thefit for the protan family. If the
likelihoodis above athreshold, thenthe sequenceis classifiedinto the family.

Building the SMT Classifier Model

The secor modelwe useto classify protein familiesestimats the probability over protein familiesgivena
seqenceof aminoacids.

This modelis motivated by biological consderatbns. Sincethe proten familiesare chaacterzed by
similar shat sequencegmotifs) we canmapthese sequacesdirectly to the protein family thatthey origi-
natedin. This type of modelhasbeenpropcssedfor HMMs [19].

Eachtraining example for the SMT Classifiermodelcontainsaninput seqencewhich is anaminoacid
sequencefrom a protein family andanoutput symbolwhich is the protein family name.

For example, the 3-hydroxyacyl-CoA dehydrogenase family containsin one of the proteins a subse
querceVAVIGSGT. Thetraining examplefor the SMT wouldbethesequ@ceof aminoacids(VAVIGSGT)
astheinput seqenceandthenameof the protein astheoutput symbd (3-hydroxyacyl-CoA dehydrogenase).

The training setfor the SMT classfier modelis the collection of the training setsfor eachfamily in
the entire Pfam datalase.We usea sliding window of 10 aminoacids,zi, ..., z19. In thetraining example,
the output symbd is the nameof the protein family. The sequ&ce of input symbds is the 10 aminoacids
z1,---, Z10- Intuitively, this modelmapsaseqencein a protein family to thenameof thefamily from where
the sequaceoriginated.

The parametes usel for building the modelare Dmax = 5 and¢max = 1. It took several minutes to
train a mixture of spasepredction treesandtheresuting modeloccuped 300 mega-bytes of memory

We usethe weightedoutput symbolappioachfor building our disaimiative classfiers. Thisis becaise
somefamilieshave mary moreinstancesthanothe families. This caugsthe predction tendto be biasel
towardthe dominant families., We weigh eachinstancesuchthat thetotd sumof theweightedcountsatthe
root node arethe samefor ead family.
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Classificationof a Sequerteusing an SMT Classifier

A protein segenceis classfied into a protein family using the complde Pfam modelasfollows. We use
a sliding window of 10 amino acidsto comput the setof subdrings of the sequace. Eachposiion of
the sequencegives us a probability over the 175 families measuing how likely the subgring originated
from eachfamily. To classfy eachseqienceinto a family, we computea scole for eachfamily which is
the the length nomalizedsum of log likelihood of sutsequeacesfitting into the family. This correponds
to assumiig thatall subgquertesareindepencentandthe prior probability over familiesis uniform. Our
secod assumtion is consstentwith the way we weighthe output symbok to have the sameweighted court
in theroot noce.

If we werenot reweighing our training examples we would have to take into account the relative fre-
guertiesof the output symbds whenapplying Bayesrule to make our predidion over the entire seqence.

Pfam Results

We comparehe perfomanceof thetwo modelsexamined to thepublished resutsfor PST8]. Wetrain the
modelsover the training setandwe evaluat perfaomanceof the modelin classifying proteinson the entire
datalase.To compae with publishedresuts we usethe equivalencescoremeasue, which is the numberof
seqencesmissedwhenthethrestold is setsothatthe numbe of falsenegativesis equa to the numberof
falsepositives[21]. We thencomputethe percenageof sequacesfrom the family recovered by the model
andcompae this to publishedresuls[8].

We evalude the perfomanceof eachmodelon eachproten family semrately We usethe modelto
attemptto distinguish betweenprotein seqience belonging to a family and protein sequence belonging
to all otherfamilies Table5 givesthe equivalencescores for the Pfam datébaseversion 1.0 andcompars
thento previously publishedresuls. Figure 8 showsscatteplots of the SMT method versis previousy
publishedrestts.

We compue a two-taled signedrank test[24] to compae the classfiers. The two-tailed signed rank
testassigrs a p-value to the null hypothesisthat the meansof the two classifiersarenot equd. As clearly
shawn in Table5, both SMT modelsoutpeform the PSTmodels. The bestperforming modelis the SMT
Classifier followed by the SMT Predicton modelfollowed by the PSTPredictbn model The signed rark
testp-valuesfor the significancebetweenthe classfiersareall < 1%. Oneexplanatian to why the SMT
Classifiermodelperfamedbetterthanthe SMT Predicton modelis thatit is adisaiminative modelinstead
of apurely generdive model

9 SCOPExperiments

SCOPData

The secand setof experiments were performedover the SCOPdatease. We usedthe experimentalsetip
descibedin [18] andusedthe datasetsobtanedfrom the websie

http://ww. cse. ucsc. edu/ resear ch/ conpbi o/ di scri m nati ve/ . Wegiveabrief overview
of the datasetsbelow, but moredetaik areavailable at thewebsite above.

The datais from the SCOPversion 1.37 PDB90domaindatabase.All SCCP families that contdn at
least5 PDB90seqlencesandat least10 PDB90sequacesin the other familiesin their supa-family we
used This gave 33 testfamiliesfrom 16 super-amilies. Eachexperimentwascreaed by training on one
family in a supe-family andtesing the predction on the remairing seqience in the super-family. The
negative examplesaremostof the sequencesoutside of the super-amily. Somesequencesoutsice thesuper-
family are omitted becaiseof complications descibedin [18]. This givesatotal of 160 differenttraining
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andtestsetsobtanedfrom the SCOPdatatase.We compae our performanceover thesel60 teststo othe
method on the samedata.

Discriminati ve Models over SCOP

In order to build training andtest setsfor the SMTs we usean output symbd alphaet of two symbds,
Yout = {positive,negative}. For eachof the 160 experiments,we usea sliding window to extrad
sub&quertesfrom the positive and negative training andtesing seqences We label eachsubsguene®
postive or negative respectively. We build a SMT for eachexperimentsusingthe training seqences We
thenusethe SMT to predict eachsequacein thetestsetby compuing the normalizdsumof log likelihood
of the sequacebeingin the supe-family (a podtive examplg. This givesa scoke for eachsegencein the
testset. We repeatthis for eachof the 160 experimentsfrom the SCOPdatalase.

SCOPResults

We comparetheresuts of the SMT methodagain$ several stak of the art protan classifying method. We
compae againg BLAST [1], HMMER [12], and Fisherkernd basedmethod [18]. The bestperfaming
of thes compari®n methalsis the Fisherkemel basel methodwhich is a SupportVectorMachine (SVM)
appoachthatusesa gererative hidden Markov modelasakerrel.

For eachof thetess, werepat ROG;0 scoresfor SMTsandthecomparsionmethals. TheROG;, score
[15] is usedto evaluak the performanceof eachmethod The ROG,, scoreis thenomalizedareaunde the
curve thatplots true postivesversis falsepostivesup to 50 falsepostives.

As expeded, the performanceof the SMT basedmethal degradeswith theincreasein skew of the data
set. We compue the resuls after applying the three different strakgies preentedabove to hande skew.
Table 6 shows the restts for the first 40 of the experiments. The table was sortad with deaeasirg skew
to shav the effect of skew. We canseethatin datasetswith low skew, the methal performscompardly
or even bette in somecase to the stae-of-the-artmethod. However, with higher skew, the perfomance
drops sigrificantly. Note however, this skewis anartifact of the spedfic setof experimentsto evaluatethese
protdn homology methods In pradice, the SMT classifier modelwould be usedwhich hasmary classes
which preverts the possbility of skew in the data.

In gereral, SMTs perform worsethanthe Fisherkernel-bagd method but in mary case they perform
bette thanBLAST or HMMER. Not however, thatin someof the“easy’ datasetswhereHMMER perfams
perfectly, SMTsdo not perfam aswell asHMMER. Thisis becaiseHMMER is specificdly optimized for
thesekind of datasets.

10 Efficiency experiments

We alsoexaminedthe effect of different paramegrson the perfamanceof the model We examined oneof
the larger families, ABC transporters, cortaining 330 seqences Table 2 showvs perfomanceof the SMT
family modelfor classifying elementsnto the ABC transporters family aswell asthetime andspacecostof
training the modelusing the two datastructures with various settngsof the paramegrs. The efficient data
struduresallow modelswith larger parametervaluesto be compued.

11 Discussion

We have preseted two methodsfor protdn classfication using sparseMarkov transdicers(SMTs). The
spare Markov trangluces area gereralization of probabilistic suffix trees The motivation for the spare
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$maz ROCsq Normal Efficient
Score Time Space Time Space
.89 1.87 8.6 2.83 2.0
.90 6.41 30.5 10.57 10.2
.90 8.55 36.7 13.42 13.6
.90 9.13 38.8 14.79 14.3
.89 2.77 175 4.22 25
.90 21.78 167.7 37.02 23.3
.92 37.69 278.1 65.99 49.8
.92 45.58 321.1 77.47 62.3
.89 3.69 26.8 6.2 2.9
91 - - 102.35 36.0
.94 - - 238.92 | 108.2
.93 - - 324.69 | 163.7

>
COOVWONN~N~NOGO G, g
8
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Table 2: Time-Space-Péormane tradedfs for the SMT family modeltrained on the ABC trangorters
family which contaned a total of 330 seqences Time is measued in secoms and spa@ is measurd in
megabytes. Thenormalandefficientcolumnsreferto the useof the efficient sequace-kaseddatastrudures.
Becausg of memorylimitations, without using the efficient datastrucures,mary of the modelswith high
values of the paraméer values wereimpossible to compue (indicatedwith —).

Markov trangluces is the preenceof commonshat sequacesin protdn families Since substitutions
of amino acids arevery commonin protans, the modelsperfarm more effectively if we modelcommon
shott subseguercesthat contan wild-cards. However, it is not clea whereto placethe wild-cards in the
subgquertes. The optimal placementof the wild-cards within an amino acid sequ&ce depends on the
context or neighboring aminoacids. We usea mixturetechnqueto learnfrom thedatathewhich placenents
of wild-cardsperformbeg. We presemtwo modebkthat incorporate SMTsto build a protein classfier. Both
of the modek out-performthe basline PSTmodelthat doesnot usewild-cards.

However, theinclusionof wild-cardsrequres a significent increasein the memoryusage of the model.
Thesemodelscan quickly exhaug the available memory We preset efficient datastructures that allow
for compuation of modelswith wild-cardsthat othewise would not be possble. As canbe seenin Table
2, without efficient datastructures it would be impossble to compue the modelsfor any but the smalles
paraméer settings.

A problemwith probability densty estimdorsis the problem of skewin the dataset. Thisis a prodem
thatis inherently dueto the natue of probaility dersity estimatas andis difficult to fully addess. Over
thesedatasets it cannot be expectal that SMTs perfam bette than SVM basedmethod. However, in
pracice, SMT basedmethals have someadvantagsto SVM base methods Although a single family
is relatively small comparel to all known protens, the probem of protein clasdfication is a multi-class
probdem. In this case,the output symbolalphaetis relatively large and even the largest protein families
compriseonly a small partof the overal data.In the actual applicationof protan family classification, the
probem of skew doesnot appea. In addtion, SMTs have the advantageof being ableto build a single
modelableto disaiminatebetwveenall protein families An SVM canonly distinguish betwee two classes
soit mustbuild asepaatemodelfor eachproten family. In the casewhenthere aremorethan 2000protein
families this become difficult.

The methals preentedrely on very little biological intuition. Futurework involvesincorporaing bio-
logical informationinto the modelsuchasDirichlet mixture priors which canincorporae informationabou
theaminoacids[10, 26].

A SparseMark ov chainsassparseprediction trees
We now shaw thatary spare Markov tranglucercanbe represental by a prediction tree. Intuitively, the

paths of thetreecorrepondto the condtioning events on the inputs of the sparg Markov trangucer Each
spare Markov transdicerof theform givenby Equ.(2) canbe repregntedwith a sparg prediction treeas
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Figure7: A Sparsepredction treederivedfrom a sparseMarkov chain

shavn in Figure7. Noticethatin thistreeeachof thebrandhesmarked #* attan the samevalueof n ateadh
level (depth) of thetree.Indeed,all treesthatrepresentcondtional probabiliti esof theform of Equ.(2) have
this property. In fact, spasepredction treescanrepresentaslightly larger classof probability distributions,
onethatdepend on the specfic context of theinputsasshown in Figurel.

More formally, afixed orderspaseMarkov transduce definedby a probability distribution of the form

P(Kﬁlﬁbantfm ¢n2thn1*n2fl---¢nj Xt—(L—l)) ’ (14)

canberepresentd by a spar® predction tree constuctedasfollows. We stat with just the root node. We
addabrarchwith ¢™* andthenfrom this brand anode for every elementn %j,,. Thenfrom eachof these
nodes, we adda brarch with ¢™2 andthenanotter nodefor every elemetiin ¥5,,. We repeat this process,
andin the last stepwe adda brarch with ¢ anda nodefor every elementin 3;,,. We malke thesenodes
leaf nodes For eachleafnode u, we assocatethe probaility distribution P(Y |u) determinedby thespare
Markov transdicer The probabilistic distribution induced by this tree is equivalentto the probabilistic
distribution of the originating spaseMarkov transduce.

B Proofof Claim 1

Theclaim stateghatfor all ¢ > 1 andall nodes » of atemplae spare prediction treethe following holds

W' (u) = P{(0)w'(v) + Y Py(i) [[ ®'(ué™ o) .

i=1 TEYin

First, recdl thefollowing definitions.For atreeT', Lr and Nt respetively dende the setof leavesand
nodes of T'. By T,, we derptethe sulireerooted at« andsimilarly N, and Ly, weredefinedto be the set
of nodesandleaf nodesof thethe subtee,,.

We now decomposehe summatiorover all subtreesrootedat« with respectto thevalueof eachbrand
marked ¢'. If thei is 0, thereis asingle treewith only oneleaf node which consstsof singe nodeu. In this
casethe subtreeweightis

II Pwy) T w'(v) = P§(0)w'(w) (15)

’UENTu ’UGLTu
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Let usassumehatthe ¢ value of thenode w is ¢ > 0. In this case a subteeT, rooted atu is compced
of thenodeu anda setof subtreesbrarchingoff u¢~'o, for eacho € ;,. In accadane to our definition,
thesesubtreesaredended T, 4:-1,. Thesetof leaf nodesof the subteerootedat will be the union of the
leaf nodes of thesesubtees.Similarly, the setof nodes of 7,, will bethe union of the setof nodesof thes
subtreesandthenode u itself. Usingthis factwe canrepresentthe weightof ead 7, asfollows,

wh, =Pri) [] thW_IU : (16)
0EYp

Let k = |3;,|. Then,usingtheabove equation

W(u) = Py(0)w'(u) —I—Z Z Z P‘i’(i)thwi*lal"'thwi*lak

=1 Tugi—1g, Tu¢i—lak

= P¢(0)wt(u)+ZP¢(z‘) I D whs,

0€%in T, 4i-1,

wherewe chargedtheorde of summatiorto getthesecom inequality. If wenow apply theclaimrecursvely
to eat of thesubteesT, -1, we getthedesredequalty,

w'(u) = PY(0)w'(w) + Y Pr@E) [ o'(ug™'o) .
=1

0EYp

Acknowledgements

Thanksto Gill Bejeraro andNir Friedmanfor helpful discussions The authorsthark Mark Diekhans and
David Haussle for providing detailedresuts from their previousexperiments.WSNis fundedby an Award
in Bioinformatics from the PhRMA Foundaton, andby NationalScien@ Foundaton grant DBI-0078523.

References

[1] S.F. Altschd, W. Gish, W. Miller, E. W. Myers, andD. J. Lipman. A basiclocal alignmentseart
tool. Journal of Molecular Biology, 215.403-410,1990.

[2] A. Apostolico andG. Bejeraro. Optimalamnesc probabilistic automataor how to learnandclassify
protansin linear time andspae. Journal of Computational Biology, 7(3-4):381-93,2000.

[3] A. Apostolico andG. Bejeraro. Optimalamnesgc probabilistic automataor how to learnandclassify
protensin linear time andspae. In Proceedings of RECOMB2000, 2000.

[4] T.K. Attwood,M. E.Beck,D. R. Flower, P. Scords,andJ.N. Selley. ThePRINTSprotein fingergrint
datatasein its fifth year Nucleic Acids Research, 26(1):304-308,1998

[5] T. L. Bailey andM. Gribskov. Methods andstaistics for combhning motif matchscores. Journal of
Computational Biology, 5:211-221,1998

[6] A. Bairoch ThePROSITEdatabase|ts statisin 1995. Nucleic Acids Research, 24:189-1%, 1995

22



[7] P Baldi, Y. Chauun, T. Hunkgpiller, andM. A. McClure. HiddenMarkov modelsof biological pri-
mary sequaceinformation. Proceedings of the National Academy of Sciences of the United States of
America, 91(3):10%-1063,1994

[8] G.BejeranocandG. Yona. Modeling protan familiesusingprobabilistic suffix trees In Proceedings
of RECOMB99, pages15-24. ACM, 1999

[9] G.Bejeram andG. Yona. Variationson probabilistic suffix trees- a new tool for staistical modelirg
andprediction of proten families. Bioinformatics, 17(1):23-43, Janary 2001

[10] M. Brown, R. Hughg, A. Krogh, I. Mian, K. Sjolarder, andD. Haussle. Using Dirichlet mixture
priors to derive hidden Markov modek for proten families. In C. Rawlings, editor, Proceedings of
the Third International Conference on Intelligent Systems for Molecular Biology, pages47-%5. AAAI
Press199%.

[11] M. H. DeGroot.Optimal Statistical Decisions. McGraw-Hill, New York, 1970.

[12] S.R. Eddy. Multiple alignmen using hidden Markov models In C. Rawlings, editor, Proceedings
of the Third International Conference on Intelligent Systems for Molecular Biology, pages 114-120.
AAAIl Press19%.

[13] E.Eskin,W. N. Grundy andY. Singer Proteinfamily classification usingspar& markov transduces.
In Proceedings of the Eighth International Conference on Intelligent Systems for Molecular Biology,
Menlo Park, CA, 2000. AAAI Press.

[14] M. Gribslov, R. Lithy, andD. Eisenkerg. Profile analsis. Methods in Enzymology, 183.146-159,
1990

[15] M. Gribskov andN. L. Robinson. Useof receiwver operaing chaacterstic (ROC) andysis to evaluae
seqencematchirg. Computers and Chemistry, 20(1).25-33, 1996.

[16] D. P. HelmboldandR. E. Shapie. Predicing nearly aswell asthe beg pruning of a decison tree.
Machine Learning, 27(1):51-68,1997.

[17] T.Jaakola, M. Diekhans,andD. Haussér. A disaiminative framenork for deteding remotepraotein
homolagies. Journal of Computational Biology, 1999 To appea

[18] T. Jaaklola, M. Diekhans, and D. Haussér. Using the Fisherkernd methal to detect remotepro-
tein homologdes. In Proceedings of the Seventh International Conference on Intelligent Systems for
Molecular Biology, pagesl49-158 Menlo Park, CA, 1999.AAAIl Press.

[19] A. Krogh,M. Brown, . Mian, K. Sjolande, andD. Haussér. HiddenMarkov modekin compugtiond
biology: Applicationsto protan modelng. Journal of Molecular Biology, 235:1501-1531,1994

[20] A. G.Murzin, S.E.BrennerT. Hubbard andC. Chothia SCCP: A strudural classification of proteins
datalasefor theinvedigationof sequences andstrudures.Journal of Molecular Biology, 247:536-540,
1995

[21] W. R. Pearsa. Comparism of method for searding protein seqencedatébases. Protein Science,
4:1145-1360,19%.

[22] F. PereiraandY. Singer An efficient externsionto mixture technquesfor predictionanddecison trees.
Machine Learning, 36(3):183-199 1999

23



[23] D.Ron,Y. SingerandN. Tishby Thepower of amnesialLearnirg probabilistic autanatawith variable
memorylength Machine Learning, 25:117—-150, 199%.

[24] S.L. Salzbeg. Oncomparimg classifiers: Pitfalls to avoid andarecommenddappraach. Data Mining
and Knowledge Discovery, 1:371-328 1997.

[25] YoramSinger Adaptive mixturesof probabilistic transduces. Neural Computation, 9(8):1711-1731,
1997

[26] K. Sjolancker, K. Karplus M. Brown, R. Hughey, A. Krogh, I. S. Mian, and D. Haussér. Dirich-
let mixtures: A methodfor improving detedion of weakbut significant protein sequencehomdogy.
Computer Applicationsin the Biosciences, 12(4)327-345,199%.

[27] E.SonnhammelS. Eddy, andR. Durbin. Pfam: a compréensiwe datébaseof protan domainfamilies
basedon seedalignmerts. Proteins, 28(3):406—42Q 1997.

[28] M. S.Waterman,). Joyce, andM. Eggert.Phylogenetic Analysis of DNA Sequences, chager Compute
alignmentof sequaces,pagess9-72. Oxford URP, 1991

[29] EM.J.Willems,Y.M. Shtarlov, andT.J.Tjalkens Thecontext treeweighting method basicpropeties.
| EEE Transactions on Information Theory, 41(3):653—664 199%5.

24



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
Cc2 78 0.92 0.94 0.97
COX1 80 0.84 0.85 1.00
COx2 109 0.98 0.98 0.99
COesterae 60 0.92 0.93 0.98
Cys-protase 91 0.88 0.92 0.99
Cysknot 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
GTPEFTU 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
Pribosyltan 45 0.89 0.89 1.00
RIP 37 0.95 0.86 0.97
RuBisCQlarge 311 0.99 0.99 1.00
RuBisCQsmall 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 _phosphtase 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
alphaamylase 114 0.88 0.92 0.98
aminotran 63 0.89 0.87 0.92

Table 3: Resuts of Proten Classificaton using SMTs. The equivalencescoresscoresare shovn for eah
model for the first 50 familiesin the datalase. The parametersto build the modelswere Dmax = 7,
¢max = 1 for the SMT prediction modelsand Dmax = 5 and¢max = 1 for the SMT classifier model.
Two tailed signal rank assigns a p-value to the null hypahesisthatthe meansof the two classfiers arenot
equd. Thebestperfoming modelis the SMT Classifier followed by the SMT Predicton modelfollowed
by the PSTPredicton model Thesigneal ranktestpsyaluesfor the significancebetwea the classifiersare
all < 1%.



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
betalactamase 51 0.86 0.88 0.98
cNMP_binding 42 0.93 0.93 0.89
cadhein 31 0.87 0.90 0.96
cellulase 40 0.85 0.85 0.97
connin 40 0.97 0.93 1.00
coppe-bind 61 0.95 0.95 0.98
cpnl0 57 0.93 0.96 0.96
cpn60 84 0.94 0.93 1.00
crystdl 53 0.98 0.98 1.00
cyclin 80 0.89 0.91 0.94
cystdin 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
efhard 320 0.92 0.94 0.98
enolse 40 1.00 0.95 1.00
fer2 88 0.94 0.98 0.99
ferd 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
fnl 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
hemel 55 0.93 0.95 1.00
hemopein 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
i18 67 0.94 0.94 0.99
ins 132 0.98 0.97 0.99
interferon 47 0.96 0.98 1.00
kazd 110 0.94 0.96 1.00
ketoag/l-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
Idh 90 0.93 0.93 1.00
IdIl_recepta 31 0.84 0.87 0.88
IdI_receptb 14 0.93 0.93 1.00
lectin_c 106 0.87 0.92 0.91

Table4: Resuls of ProteinClassificatbon using SMTs. (continued).
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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
metathio 56 1.00 0.98 0.96
mito_carr 61 0.89 0.93 0.93
myosinheal 44 0.77 0.84 1.00
neur 55 0.96 0.96 1.00
neucchan 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
pilin 56 0.89 0.93 0.96
pkinase 725 0.85 0.92 1.00
pou a7 0.96 0.91 0.98
pro_isomerae 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
responseeg 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
thyroglabulin_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
vwec 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-proease 148 0.86 0.88 0.97
zonapellucida 26 0.89 0.92 1.00

Table5: Resuls of ProteinClassificatbon 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 2112 2114 1 0.79 0.99 0.00 0.97 0.87
2.1 2111 2114 1 0.79 0.99 0.73 0.99 0.94
2.1 2112 2114 0 0.73 0.99 0.00 0.97 0.92
2.1 2111 2114 0 0.73 0.98 0.74 0.99 0.97
1.1 1112 1111 1 0.47 0.00 0.00 0.00 0.00
1.1 1112 1111 0 0.44 0.00 0.03 0.00 0.00
134 | 1.34.1.5H 1.34.14 1 0.40 0.98 1.00 1.00 0.98
134 | 1.34.1.4| 1.34.15 1 0.39 1.00 1.00 1.00 1.00
134 | 1.34.1.5H 1.34.14 0 0.37 0.99 1.00 1.00 0.98
134 | 1.34.1.4| 1.34.15 0 0.36 1.00 1.00 1.00 1.00
134 | 1.34.1.4| 1.34.11 1 0.26 1.00 1.00 1.00 0.93
1.34 | 1.34.1.5| 1.34.12 1 0.25 0.89 1.00 1.00 0.85
134 | 1.34.1.5| 1.34.11 1 0.25 0.83 1.00 1.00 0.86
134 | 1.34.1.4| 1.34.12 1 0.25 1.00 1.00 1.00 0.95
125 | 1.25.1.3] 1.25.11 1 0.24 0.00 0.17 0.52 0.31
125 | 1.25.1.2| 1.25.11 1 0.24 0.13 0.06 0.53 0.15
134 | 1.34.1.5| 1.34.11 0 0.23 0.84 1.00 1.00 0.89
134 | 1.34.1.4| 1.34.11 0 0.23 1.00 1.00 1.00 0.98
134 | 1.34.1.5| 1.34.12 0 0.22 0.88 1.00 1.00 0.89
134 | 1.34.1.4| 1.34.12 0 0.22 1.00 1.00 1.00 0.99
125 | 1.25.1.3| 1.25.11 0 0.21 0.00 0.19 0.55 0.18
125 | 1.25.1.2| 1.25.11 0 0.21 0.09 0.06 0.61 0.12
2.1 2112 2.1.15 1 0.12 0.42 0.01 0.11 0.70
2.1 2112 2111 1 0.11 0.44 0.23 0.47 0.54
2.1 2111 2.1.15 1 0.10 0.18 0.01 0.12 0.13
2.1 2112 2115 0 0.08 0.45 0.01 0.28 0.63
2.1 2112 2111 0 0.08 0.47 0.25 0.52 0.48
2.1 2111 2115 0 0.07 0.14 0.01 0.20 0.06
1.34 | 1.34.1.5| 1.34.13 1 0.03 0.40 0.52 0.71 0.11
134 | 1.34.1.4| 1.34.13 1 0.03 0.83 0.07 0.99 0.10
134 | 1.34.1.4| 1.34.13 0 0.03 0.83 0.19 1.00 0.00
125 | 1.25.1.2| 1.25.13 1 0.03 0.00 0.00 0.35 0.24
125 | 1.25.1.2| 1.25.13 0 0.03 0.00 0.00 0.42 0.13
125 | 1.25.1.1] 1.25.13 1 0.03 0.00 0.00 0.00 0.00
125 | 1.25.1.1] 1.25.13 0 0.03 0.00 0.00 0.09 0.04
1.34 | 1.34.1.5| 1.34.13 0 0.02 0.40 0.56 0.66 0.10
125 | 1.25.1.3] 1.25.12 1 0.02 0.00 0.00 0.15 0.20
125 | 1.25.1.3| 1.25.12 0 0.02 0.00 0.00 0.28 0.23
125 | 1.25.1.1] 1.25.12 1 0.02 0.00 0.14 0.17 0.00
125 | 1.25.1.1] 1.25.12 0 0.02 0.00 0.14 0.23 0.00

Table6: Performane of SMT compaedto BLAST, HMMER, andFisherkernd. Thetable is sorted with
respet to theration of pogtive to negative examplesin thetraining set. As expeded, for extremdy skewed
ratios,the SMT perfamancedegradessignificantly.
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Figure8: Scatterpbts of EquivalenceScoredrom three modelsof protein classfication. (a) SMT Classifier
vs. PST (b) SMT Classfier vs. SMT Generaitve. (c) SMT Generdivevs. PST
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