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Abstract

A novel methodto modelandpredictthelocationandorien-
tationof alphahelicesn membranespanningroteings pre-
sented.lt is basedon a hiddenMarkov model(HMM) with
anarchitecturehatcorrespondsloselyto thebiologicalsys-
tem. Themodelis cyclic with 7 typesof statedor helix core,
helix capson eitherside,loop on the cytoplasmicside, two
loops for the non-g/toplasmicside, and a globular domain
statein the middle of eachloop. The two loop pathson the
non-g/toplasmicsideareusedto modelshortandlong loops
separatelywhich correspondsiologically to the two known
differentmembraneénsertionsmechanismsThe closemap-
ping betweerthe biological and computationaktatesallows
usto infer which partsof the modelarchitectureareimpor
tant to capturethe information that encodeghe membrane
topology andto gain a betterunderstandingf the mecha-
nismsandconstraintsnvolved. Modelswereestimatedoth
by maximumlikelihood anda discriminatve method,anda
methodfor reassignmendf the membranéhelix boundaries
weredeveloped.In acrossvalidatedteston singlesequences,
our transmembranelMM, TMHMM, correctlypredictsthe
entiretopologyfor 77%of thesequenceis astandardiataset
of 83 proteinswith known topology The sameaccurag was
achieved on a larger datasef 160 proteins. Theseresults
comparefavourablywith existing methods.

Intr oduction

Predictionof membrane-spannirgphahelicesin proteins
is a frequentsequenceanalysisobjectve. A large portion
of the proteinsin agenomeencodentegral membrangro-
teins(Himmelreichet al. 1996;Frishman& Mewes1997;
Wallin & vonHeijne1998).Knowledgeof thepresencand
exactlocationof thetransmembrankelicesis importantfor
functionalannotatiorandto directfunctionalanalysis.
Transmembrankelicesaresubstantiallyeasierto predict
than helicesin globular domains. Predicting95% of the
transmembranéelicesin the “correct' location is not un-
usual(Cserzoetal. 1997;Rostetal. 1995). By “correct'
is meantthatthe predictionoverlapsthe true location. The
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reasonfor this high accurag is that mosttransmembrane
alphahelicesare encodedby an unusuallylong stretchof
hydrophobicresidues.This compositionabiasis imposed
by the constraintthat residuesburied in lipid membranes
mustbesuitablefor hydrophobidnteractionswith thelipids.
The hydrophobicsignalis so strongthat a straightforward
approachof calculatinga propensityscalefor residuesin
transmembrankelicesandapplyinga sliding window with

a cutoff alreadyperformsquitewell.

In additionto knowing the location of a transmembrane
helix, knowledgeof its orientation,i.e. whetherit runsin-
wardsor outwards,is alsoimportantfor makingfunctional
inferencedor differentpartsof the sequenceThe orienta-
tionsof thetransmembrankelicesgive theoveralltopology
of theprotein.

It is known that the positively chaged residuesarginine
andlysine play a major role in determiningthe orientation
asthey aremainly foundin non-transmembrargartsof the
protein(‘loops') on the cytoplasmicside (von Heijne 1986;
Jones,Taylor, & Thornton1994; Perssor& Argos 1994;
Wallin & vonHeijne1998),oftenreferrecto asthe positive-
insiderule’. Sincethe rule also appliesto proteinsin the
membraneof intracellularorganelles(Gavel et al. 1991;
Gavel & von Heijne 1992), we shall usethe terms cyto-
plasmic'and non-g/toplasmic'for thetwo sidesof amem-
brane.

Thedifferencein aminoacid usagebetweercytoplasmic
andnon-g/toplasmicloopscanbe exploited to improve the
predictionof transmembrankelicesby validatingpotential
transmembrankelicesby the chage biasthey would pro-
duce(von Heijne 1992). Despitethis relatively consistent
topogenicsignal, correctpredictionof the locationandori-
entationof all transmembranseggmentshasprovedto bea
dif cult problem. On a reasonablyarge datasetf single
sequencesa topologyaccurag of 77% hasbeenreported
(Jones,Taylor, & Thornton1994),andaidedwith multiple
alignments86% (Rost,Fariselli, & Casadidl996). Thedif-

culty in predictingthe topologyseemsgo be partly caused
by the fact that the positive-insiderule can be blurred by

globular domainsin loopson the non-g/toplasmicsidethat
containa substantiahumberof positively chagedresidues.



It hasbeenshawvn that positively chagedresiduesn short
loopsguidethe orientationof helicesby preventingtranslo-
cationacrossthe membrangvon Heijne 1994). However,
long loops containingpositively chaged residuesdo not
necessariharrestthe translocationand may be transferred
acrosghemembrandy aspeciamechanismThishasbeen
shavn in bacteria(Anderssor& vonHeijne 1994).

The rst methodo predictthecompletgopologyof trans-
membran@roteins,TopPredvon Heijne1992),appliestwo
empirical hydrophobicitycutoffs to the outputof a sliding
trapezoidwindow in orderto compilea list of certainand
putative transmembranhbelices. The combinationof puta-
tive helicesthat produceghe strongesenrichmenof posi-
tively chagedresiduedn loopson the cytoplasmicsideis
selectedasthe bestprediction. Loopsthat are longerthan
70residuesreignored.

A potentialdravback of TopPredandothermethodghat
dependn x edhydrophobiciy thresholddor consideringa
segmentasa transmembranbelix is thatsomehelicesmay
be missedthatfall just underthe threshold.This is notun-
usualin proteinswith mary membrane-spannirtgliceshat
form abundlein which non-hydrophohliresiduesnaymake
contactdetweerhelices.

A numberof approachebfiave beenexploredto improve
predictionaccurag. Memsat(Jones,Taylor, & Thornton
1994) performsa constraineddynamic programmingthat
incorporateshydrophobiciy and topogenicsignalsto nd
the optimal location and orientationof a given numberof
transmembranéelices. It usesseparateropensityscales
for residuesin the headand the tail region of the mem-
brane(allowedto be4 and17-25residuesespectiely). The
highestscoringnumberof transmembranieelicess selected
asthe bestprediction. PHDhtm (Rost, Fariselli, & Casa-
dio 1996)usesa neuralnetworkto predicttransmembrane
s@gments. A secondpostprocessingtepis appliedto nd
thebestconsistentombinationof thesesggmentsthatmax-
imisesthe positive residuecontenton the cytoplasmicside.
PHDhtmautomaticallygenerateamultiplealignmenbf the
gueryandits homologuesand performsthe predictionon
the multiple alignment,which improves the accurag sig-
ni cantly. TMAP (Perssor& Argos1997)scanseithersin-
glesequencesr multiple alignmentdor peaksn propensity
cunesfor the headandtail regions,andusesthefrequenyg
biasesof twelve kinds of aminoacidsto predictthe topol-
ogy.

In this papey we introducethe probabilisticframevork
of thehiddenMarkov model(HMM) to transmembranke-
lix prediction. HiddenMarkov modelshave beenusedsuc-
cessfullyin computationabiology to modele.g.the statisti-
cal structureof genomegChurchill 1992), proteinfamilies
(Kroghetal. 1994;Eddy 1996)andgenestructureg(Kulp et
al. 1996;Krogh 1997). Thebasicprincipleis to de ne aset
of statesgeachcorrespondindo a region or speci c sitein
the proteinsbeingmodelled. In the simplestcase,a model
for atransmembrangroteinmayconsistof threestatesone
for inside loops, one for transmembraneegions, and one
for outsideloops. Eachstatehasan associategbrobability
distribution over the 20 aminoacidscharacterisinghe vari-
ability of aminoacidsin theregion it models.Thestatesare

connectedo eachotherin abiologically reasonablgvay, so
for instancethe statefor inside loop is connectedo itself,
becausdoopsmay be longerthan1, andto the transmem-
branehelix state becausafteraninsideloop ahelix begins.
A “transitionprobability’ is associateavith eachtransition.
Theaminoacidprobabilitiesandthetransitionprobabilities
arelearnedoy astandardnferenceechniqueshatcomputes
the maximumposteriorprobabilitiesgiven a prior and the
obseredfrequencies.

By de ning statesfor transmembranbelix residuesand
otherstatedfor residuesn loops,residueson eitherside of
the membraneandconnectinghemin a cycle, we canpro-
ducea modelthatin architecturecloselyresembleshe bi-
ological systemwe aremodelling. If the modelparameters
aretunedto capturethe biologicalreality, the pathof a pro-
tein sequencéhroughthe stateawith the highestprobability
shouldbe ableto predictthetruetopology Sincethe HMM
methoddoesnotemployary x edempiricalcutoffs or rules,
andsincethe optimal paththroughthe HMM s foundin a
singlestep,it shouldbemore e xible to handlecasesvhere
several signalsneedto be combinedto nd the true topol-
ogy. For instance,a sggmentthat normally would not be
considereda transmembranéelix due to poor hydropho-
bicity may still be predictedif the surroundingtopogenic
signalsstronglysupportit. Suchhelicesarefairly common
in multi-spanningroteinswherethetransmembrankelices
have hydrophilicinteractionswith eachother

We believe that apartfrom achieving high predictionac-
curag, thefactthatthe modelcorrespondsvell to the biol-
ogy is alsovery important.We have thereforeonly sampled
architectureghat make biological sense. By varying the
modelwe canexplore what architecturafeaturesare most
importantfor successfuprediction,andthuslearnbiologi-
cally meaningfulrules. For instancewe caneasilyexplore
whattheoptimalheadregion lengthis, andwhetherseparate
pathsfor long or shortloopsis betterthanone.

Thispaperdescribeshebasicprinciplesof TMHMM and
presentgredictionresultson single sequences.We have
not extendedit to work on multiple alignmentshere,partly
becaus¢hatwould makeevaluationof the algorithmper se
harder

Methods
Ar chitecture of the HMM

The basicarchitectureof TMHMM is shavn in Figure 1.
Thereare threemain locationsof a residue: in the trans-
membranéhelix core(in the hydrophobidail region of the
membrane)jn the transmembranéelix caps(in headre-
gion of the membrane)andin loops. Due to the different
residuedistributionson the differentsideshowever, we use
sevendifferentstates:onefor thehelix core,two for capson
eitherside,onefor loopson the cytoplasmicside,oneeach
for shortandlong loopson the non-g/toplasmicside, and
onefor “globulardomains'in the middle of eachloop. The
amino acid emissionprobabilitiesof all statesof the same
typeare ‘tied' to eachother i.e. they areestimatectollec-
tively.

Thetransmembrankeelix is modelledby two capregions
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Figurel: The structureof the modelusedin TMHMM. A) Theoverall layoutof the model. Eachbox corresponds$o oneor
morestates Partsof the modelwith the sametext aretied, i.e. their parameterarethesame.Cyt. meanghe cytoplasmicside
of the membraneandnon-g/t. the otherside. B) The statediagramfor the partsof the modeldenotechelix corein A. From
the lastcapstatethereis a transitionto corestatenumberl. The rst threeandthelasttwo corestateshave to be traversed,
but all the othercorestatescanbe bypassedThis modelscoreregionsof lengthsfrom 5 to 25 residues.All corestateshave
tied aminoacid probabilities.C) The statestructureof globular, loop, andcapregions. In eachof thethreeregionstheamino

acidprobabilitiesaretied. Thethreedifferentloop regionsareall modelledike this, but they have differentparameters some
regions.



of 5 residueseach,surroundinga core region of variable
length5-25residuesThis allows for helices15-35residues
long. The anking capregions have their own aminoacid
distributions (one for the cytoplasmicside and onefor the
non-g/toplasmicside),but they arelabelledthesamewvay as
helicalcoreresiduedothduringtrainingandprediction.Al-
thoughthe modelcontaingwo setsof transmembranstates
to modelpathsgoinginwardsandoutwardsall their param-
etersaremirroredandtied to eachother Thereare21 vari-
abletransitionprobabilitiesto modelthe lengthdistribution
of the helical core, and becauséhey sumto oneit corre-
sponddgo 20 free parameters.

The loopsbetweenthe helicesare modelledby modules
thatcontain2 10 statedn aladdercon guration,andone
self-loopingstate. Theideais thatthe 10 rst statesshould
containmostof thetopogenicsignals(biasin aminoacidus-
age)while larger, globular domainsare modelledin a sim-
ple way by the singleself-loopingstate which hasa neutral
aminoaciddistribution.

Long loops on the non-g/toplasmic side that contain
globular domainsappearto have differentpropertiesthan
shortloops. They do not consistentlyexhibit the sparse-
nessin positively chaged residuesobsered in shortnon-
cytoplasmicloops. We thereforemodel non-g/toplasmic
loopsby two differentpathways.The HMM thuscontains
two parallel loop moduleson that side. During training,
loopson the non-g/toplasmicsidelongerthan100residues
are given a speciallabel that directsthemto the appropri-
ate module. Eachloop modulecontains21 free transition
probabilities.

Thetotalnumberof freeparameteri theentiremodelis
thus7 19 20 3 21 216. Thisshouldbecompared
to neuralnetworks,that usually containtens of thousands
(Rost,Fariselli,& Casadial996).

Training the HMM

Theestimatiorof themodelparameterproceededh stages.

In the rst stagethe modelwasestimatediy the Baum-
Welchreestimatiorprocedurewhichis thestandardnethod
for maximumlikelihood estimationof HMMs, seefor in-
stance(Rabiner1989; Krogh et al. 1994; Durbin et al.
1998). However, the reestimationwvas donefrom labeled
sequenceasdescribedn (Krogh 1994;1997),becausehat
allows oneto usesoft boundaries'of transmembranée-
lices (seebelon). To avoid local maxima of the likeli-
hood, a simulatedannealingschemewas usedthat allows
unfavourablemodelsto be sampledwith someprobability.
Thiswasdoneby addingnoiseto themodelparametersand
thendecreasindhe level of this noiseby 5% per iteration,
seee.g.(Hugheg & Krogh 1996). Comparedo HMMs of
e.g. proteinfamilies, TMHMM containsvery few parame-
tersandtrainingis thereforeusuallyquick andreproducible.
After cornvergencethemostlikely pathof aquerysequence
is calculatedwith the Viterbi algorithm (Rabiner 1989;
Kroghetal. 1994;Durbinetal. 1998).

The preciseendof atransmembrankelix is usuallyonly
approximatelyknown. Mary transmembransggmentsare
thereforeannotatedas a sggment of someavhat arbitrary
length,often21residuesA techniquéo accommodatenis-

placedbordersin the training datais to “dilute' the labels
by unlabellinga few statesat eachlabelboundary(i.e. be-
tweenloop andmembrane)n orderto allow somefreedom
in choosingthe state.We usedthreeunlabelledresiduesn
eachsideof abordersincethis appearedo give thebestre-
sults (althoughthereis very little differencebetween? and
3). It meanghatduringtraining,the exact helix boundaries
areputwherethey t thecurrentmodelthe best!

In the secondstageof modelestimationthe rst model
was usedto relabelthe data. The labelingwasdiluted as
describedhbove, but thistime 5 residuesvereunlabeledo
eachsideof a helix boundary(but suchthatat leastonela-
belremainedn boththe left andright region), seeFigure?2.
Thenthe rst modelwasusedo predicttransmembranesy-
mentsconsistentvith the remaininglabels. More formally,
this meanghatthe mostprobablepaththroughthe modelis
found, subjectto the constrainthatthe predictionconforms
with thedilutedlabels.This givesa new labelingconsistent
with theimportantstructureof the protein,but with the ex-
actboundariesnoved suchthatit ts the modelbetter see
Figure?2.

The secondmodel was trained from the relabeledse-
guenceavith no furtherunlabeling.In this stagetherewas
no needfor simulatedannealingbecauseherewasno un-
certaintyaboutboundaries.

In both of the rst stagesthe modelswere weakly reg-
ularised. This was doneby adding pseudocountsto the
estimatedcountsusedin there-estimatiorprocedureWhen
regularisingthis way, the estimationprocedurecanbe seen
as maximum aposterioriestimationinstead of maximum
likelihood, seee.g.(Kroghetal. 1994;Durbinetal. 1998).
The distribution of aminoacidswerefound for transmem-
branehelicesn thetrainingsetandthesenumberavereused
aspseudocountm the partof themodelfor transmembrane
segments. Similarly for the loop regions on both the cy-
toplasmicand the non-g/toplasmicside. Only the model
of “globular domains'was strongly regularisedby adding
pseudocountef 1000timesa standardheutralbackground
aminoacid distribution. This wasdonein orderto prevent
themodelfrom learningsomeskeveddistribution of amino
acidsin globulardomaingdueto biasseén thetrainingdata.
The size of thesepsudocountss arbitrary but changingit
hasalmostno effect on performance.In fact, one can x
the distribution in the globular state(correspondingo ex-
tremelylarge pseudocountsyithout changingperformance
signi cantly. Theparameter$or theinitial modelswereob-
tainedby normalisingthe pseudocountappropriately(be-
fore addingnoise).

In the third stagethe secondmodel was trained fur-
therby a methodfor “discriminatve' training (Krogh 1994;
1997). This training methodaimsat maximisingthe prob-
ability of the correctpredictionratherthan optimisingthe
modelof the protein. Discriminatie trainingis moreprone
to over-tting, and thereforethis model was regularised
heavily by the maximumlikelihood model. The sizeof the

1in the Baum-Wélch algorithm,the reestimateanodelis actu-
ally a result of summingover all possibleboundariesonsistent
with thedilutedlabeling.
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Figure2: Firstline afterthe sequencshaws the labelingof the sequencasobtainedirom Swissprot.Cytoplasmids labeled
by 'i' (inside),transmembrankelicesby "M', andnoncytoplasmicby "o’ (outside).The secondine shawvs thelabelingafter
theboundariehiave beenunlabeledy 5 residuego eachside. Unlabeledpositionsareindicatedwith a”.'. Finally aprediction
is shavn, which was obtainedby forcing the predictionto conformwith the labels,but let the programchoosefreely in the

unlabeledegions.

pseudocounte/erea constantimesthe probabilitiesfound
in thesecondstage For thesmallsetof proteinstheconstant
was400 andfor the large databasé was600. Theresults
arenot very sensitve to this parameterwhich waschosen
after a few experiments. For the predictions,the one-best
algorithm(Schwarz& Chow 1990)wasused,becauset is
known to work betterwith discriminatize training (Krogh
1997).

Datasets

We usedtwo datasetsFor comparisorwith othermethods,
we usedhesetof 83 proteinsoriginally compiledby (Jones,
Taylor, & Thornton1994),asprovidedby Rostetal. (1996).
It is maginally differentfrom the dataseusedby Joneset
al.,whichwe wereunableto completelyreconstructlt con-
sistsof 38 multi-spanningand 45 single-spanningproteins
whosetopologieshave beenexperimentallydeterminedWe
refer to this setasset1. We have alsocompileda larger
setof 160 proteins,mostof which have experimentaltopol-
ogy data,which we referto asset2. It contains108 multi-
spanningand 52 single-spanningroteins. Most of the ex-
perimentgo analysethe effect of differentmodelarchitec-
turesandtrainingproceduresvereperformedon set2.

It shouldbe notedthat nearly all proteinswith an “ex-
perimentallydeterminedtopologyhave beenanalysedvith
biochemicabndgenetionethodghatarenotalwaysreliable
(Traxler, Boyd, & Beckwith1993).Only avery smallnum-
berof membranegproteinstructureshave beendeterminedat
an atomicresolution,andevenin thesecaseshe exactlo-
cationof the membraneés not obvious (Wallin etal. 1997).
Given the uncertaintyin the currently available data, per
fect predictionaccurag is thusunrealistic. To avoid incor-
rectdataasmuchaspossiblewe did notincludeproteinsin
set2 for which differentexperimentshadyielded con ict-
ing topologiesandwhereit wasnot obviouswhichtopology

wascloserto thetruth.

The accurag of the HMM wastestedby 10-fold cross
validation. For this the datasetsveredividedinto 10 setsof
aboutequalsize so that no sequenceavas more than 25%
identical to a sequencdn anotherset (in a Needleman-
Wunschalignment). TheHMM wastrainedon ninesetsand
predictionswere madeon the remainingset. This wasre-
peatedor all 10differentpartitionsof testandtrainingsets,
andin theendtheaccurag wascalculatecnthepredictions
obtainedonthetestsets.

Results

Accuracy of the bestmodel

Theaccurayg of thebestmodelarchitectures listedin Table
1, alongwith the resultswe obtainedwith Memsat. Both
wereappliedto singlesequencesnly. For comparisonwe
alsogive theresultsof PHDhtmreportedn (Rost,Fariselli,
& Casadidl996)for the setof 83 sequence@isingmultiple
alignments). A predictedhelix is countedas correctif it
overlapsby at least5 residueswith a true helix (usingan
overlapof 1 insteadof 5 only affect resultsmaginally).

In the comparisorbetweenTMHMM and Memsat,only
the TMHMM resultswere properly crossvalidated. The
authorsof Memsatclaim to have obtainedan accurag of
77.1%correcttopologiesn acrossvalidatedexperimenton
adatasehearlyidenticalto set1, althoughwe getaslightly
lower numbereven without crossvalidation. Whentested
on the 77 sequences set2 thatarenot in setl, Memsat
hadanaccurag of only 56%.

The architecture of transmembraneproteins

Mary factsaboutthearchitecturef transmembrangroteins
have beenestimatedrom biochemicakvidenceandknowl-
edgeaboutthe physicochemicapropertiesof membranes



Method Training Stageof Correct Correct SingleTM  SingleTM
setsize training topology locations  sensitvity  speci city
TMHMM 83 1 60(72.3%) 62(74.7%) 95.6% 96.4%
83 2 63(75.9%) 65(78.3%) 96.2% 96.5%
83 3 64(77.1%) 69(83.1%) 96.2% 97.6%
MEMSAT 83 63(75.9%) 67(80.7%) 96.8% 94.6%
PHDhtm 83 (85.5%) (88.0%) 98.8% 95.2%
TMHMM 160 1 106(66.3%) 122(76.3%) 95.4% 97.1%
160 2 120(75.0%) 133(83.1%) 96.8% 97.5%
160 3 123(76.9%) 134(83.8%) 97.1% 97.7%
MEMSAT 160 108(67.5%) 118(73.8%) 93.3% 95.6%

Table1: Transmembran&pology predictionaccurag of TMHMM, MEMSAT, and PHDhtm. The TMHMM valueswere
measuredn crossvalidatedexperimentswhile MEMSAT wasrun on the completetraining setwith defaultpropensities All
predictionsfor TMHMM andMEMSAT weremadeusingsinglesequencesnly, whereaPHDhtmusesmultiple alignments.
Resultfor PDHhtmarefrom (Rost,Fariselli, & Casadial996). The Stageof trainingareexplainedin thetext.
Correcttopology proteinsfor which all transmembranseggmentsandtheir orientationsare correctly predicted. Correctlo-
cations proteinsfor which all transmembransgmentsare correctly predicted,regardlessof their orientation. SingleTM
sensitivity correctly predictedsegments/truesegments. Single TM speci city: correctly predictedsegments/totabredicted

se@ments.

and amino acids. Here we have the opportunityto derive
somerulesof transmembrankeeliceshy experimentingwith

variousHMM speci cationsandobservingwhich architec-
ture performsbestin a crossvalidatedtest.

Lengthof helix cap region. The partof the helix thatlies
in the headregion of the lipid bilayer containsmary po-
lar andchagedresidueghatmakecontactto the phosphate
groupsof thelipids. Thelengthof this region is often arbi-
trarily takenasbeingfour residuegJones;Taylor, & Thorn-
ton 1994).In TMHMM, the capis modelledwith a number
of stateswith aseparataminoaciddistribution, anking the
centralhelix region (SeeFigure1). We experimentedwith
cap lengthsbetween0 and 7 residueswhich is the maxi-
mum lengthif we allow helicesdown to 15 residues.We
foundthatwith lessthan4 residuedhe accurag dropssig-
ni cantly, while capsof 4-7 residuegjave the sameresult.

Helix capson differentsidesof the membranaretreated
separately Somepredictionmethodsassumethat the cap
regionson bothsidesof themembraneshouldhave thesame
aminoaciddistributions.However, we obseredanaccurag
reductionof upto 10%of proteinswith all helicespredicted
correctly andof up to 5% of correctlypredictedtopologies
from tying the capdistributionstogether

Loop architectue. Positively chaged residuesare pre-
dominantlyfound in loopson the cytoplasmicside. How-
ever, long globulardomainswith positively chagedresidues
are equally often found on both sidesof the membrane
(Sipos& von Heijne 1993). Somepredictionalgorithms
take this into account,for instanceby ignoring ary loop
longerthan 70 residuegvon Heijne 1992),or by only con-
sideringthe 25 residuesnearestpredictedtransmembrane
helices(Rost,Fariselli, & Casadial996).

In TMHMM, loopsaremodelledwith two typesof states:
a number of statesfor the helix- anking topogenicse-
guence,and a single self-loopingstatefor larger globular
domains(seeFigure1). Thetopogenicstatesarearranged

in a ladderthat captureghe lengthdistribution of shortto-
pogenidoops. Sinceit is believedthattheremaybetwo dif-
ferentmechanismfor translocatinghortandlong “globular
domain'loopsacrosghe membraneye tried usingtwo al-
ternative pathsonthenon-g/toplasmicsidein TMHMM. We
foundthatthisincreasedheaccurag by 6-14%,whentrain-
ing the “short' pathon loopsshorterthan 100 residuesand
the “large globular domain' pathon all longerloops. There
doeshowever not seemto be an adwvantagein having two
alternatve loop pathson the cytoplasmicside;this reduced
theaccurayg by 2-11%. The highestaccurag wasobsered
atloop ladderlengthsbetweer?2x10and2x15.

Availability

A modelspeci cationof TMHMM includingall optimised
parameterss availablefrom
http://www.cbs.dtu.dk/krogfT MHMM/
The useddatasetsincluding topology-labelsand our divi-
sionsinto crossvalidation subsetsare also provided. We
plan to makea predictionsener available via the World
Wide Weh A binary UNIX programfor nding the most
likely topology of a query sequencean also be retrieved
uponrequestPleaseseethe WWW pagefor details.

Discussion

Our HMM-basedmethodembodiesmary conceptualand
methodologicalaspectsof previous methods. The main
virtues are that the modelarchitecturemapscloselyto the
biological systemandthateverythingis donein the proba-
bilistic framevork of HMMs, thatis, we do not have to de-
velopaspecialisedlynamicprogrammingalgorithmor post
processingnethod.

Theaccurag of theTMHMM is highcomparedo MEM-
SAT, particularlyon datase®. We wereunableto compare
TMHMM with PHDtmh on dataset?, but could compare
to published gures for datasetl. Given that the results



of TMHMM werebasedon singlesequencesye were sur
prisedto seethatit obtainedaboutthe samesingleTM accu-
ragy asdid PHDthmusingmultiple alignments For overall
topology theaccurag of TMHMM is however not quiteas
high aswith PHDtmhon this dataset.

At present,TMHMM only reportsthe mostlikely path
of a sequencehroughthe model. In mary caseshowever,
it is desirableto reporta numberof top-scoringmatches,
particularlyif they have similar scores.We planto addthis
featureto TMHMM in thefuture. We alsoplanto makeuse
of multiple alignmentgo increaseheaccuray further.

We have hereworkedwith a mix of transmembranpro-
teinsfrom differentsourcesandof differenttypes,but have
treatedthemasauni ed setin orderto nd generalprinci-
ples.Thereis however evidencefor differencesn themem-
branensertionmechanisnbetweerprokaryoticandeukary-
otic proteins(Gafwelin et al. 1997). Preliminary experi-
mentsdid not suggesthat splitting the dataup into these
groupsimproved accurag. This may partly be dueto the
factthatthe subsetdecamdoo smallfor ef cient training.
It hasalso beensuggestedhat single-spanningransmem-
braneproteinshave distinct propertiefrom multi-spanning
proteins(Jones,Taylor, & Thornton1994). In fact, MEM-
SAT usedifferentpropensitytablesfor thesetypesof mod-
els. It would in principle be possibleto adaptour HMM to
choosebetweertwo suchspecialisednodels.lt is notclear
whetherthiswouldbeasmuchof anadvantageo TMHMM
asit is to MEMSAT, however. SinceMEMSAT alwayspre-
dictsatleastonehelix, it maybeneededor increasedstrin-
geng. Themostlikely paththroughtheHMM (i.e. the pre-
diction) on the otherhand,may containno transmembrane
helicesatall.
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