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Abstract

A novel methodto modelandpredictthelocationandorien-
tationof alphahelicesin membrane-spanningproteinsis pre-
sented.It is basedon a hiddenMarkov model(HMM) with
anarchitecturethatcorrespondscloselyto thebiologicalsys-
tem.Themodelis cyclic with 7 typesof statesfor helix core,
helix capson eitherside,loop on the cytoplasmicside,two
loops for the non-cytoplasmicside, and a globular domain
statein themiddle of eachloop. The two loop pathson the
non-cytoplasmicsideareusedto modelshortandlong loops
separately, whichcorrespondsbiologically to thetwo known
differentmembraneinsertionsmechanisms.Theclosemap-
ping betweenthebiologicalandcomputationalstatesallows
us to infer which partsof themodelarchitectureareimpor-
tant to capturethe information that encodesthe membrane
topology, andto gain a betterunderstandingof the mecha-
nismsandconstraintsinvolved. Modelswereestimatedboth
by maximumlikelihood anda discriminative method,anda
methodfor reassignmentof themembranehelix boundaries
weredeveloped.In acrossvalidatedtestonsinglesequences,
our transmembraneHMM, TMHMM, correctlypredictsthe
entiretopologyfor 77%of thesequencesin astandarddataset
of 83 proteinswith known topology. Thesameaccuracy was
achieved on a larger datasetof 160 proteins. Theseresults
comparefavourablywith existingmethods.

Intr oduction
Predictionof membrane-spanningalphahelicesin proteins
is a frequentsequenceanalysisobjective. A large portion
of theproteinsin a genomeencodeintegral membranepro-
teins(Himmelreichet al. 1996;Frishman& Mewes1997;
Wallin & vonHeijne1998).Knowledgeof thepresenceand
exactlocationof thetransmembranehelicesis importantfor
functionalannotationandto directfunctionalanalysis.

Transmembranehelicesaresubstantiallyeasierto predict
than helicesin globular domains. Predicting95% of the
transmembranehelicesin the `correct' location is not un-
usual(Cserzoet al. 1997;Rostet al. 1995). By `correct'
is meantthat thepredictionoverlapsthe true location. The

Copyright c
�

1998, AmericanAssociationfor Arti�cial Intelli-
gence(www.aaai.org). All rightsreserved.

reasonfor this high accuracy is that most transmembrane
alphahelicesareencodedby an unusuallylong stretchof
hydrophobicresidues.This compositionalbiasis imposed
by the constraintthat residuesburied in lipid membranes
mustbesuitablefor hydrophobicinteractionswith thelipids.
The hydrophobicsignal is so strongthat a straightforward
approachof calculatinga propensityscalefor residuesin
transmembranehelicesandapplyinga slidingwindow with
a cutoff alreadyperformsquitewell.

In additionto knowing the locationof a transmembrane
helix, knowledgeof its orientation,i.e. whetherit runsin-
wardsor outwards,is alsoimportantfor makingfunctional
inferencesfor differentpartsof thesequence.The orienta-
tionsof thetransmembranehelicesgivetheoverall topology
of theprotein.

It is known that the positively chargedresiduesarginine
andlysine play a major role in determiningthe orientation
asthey aremainly foundin non-transmembranepartsof the
protein(`loops') on thecytoplasmicside(vonHeijne1986;
Jones,Taylor, & Thornton1994; Persson& Argos 1994;
Wallin & vonHeijne1998),oftenreferredtoasthe`positive-
insiderule'. Sincethe rule alsoappliesto proteinsin the
membraneof intracellularorganelles(Gavel et al. 1991;
Gavel & von Heijne 1992),we shall usethe terms`cyto-
plasmic'and`non-cytoplasmic'for thetwo sidesof a mem-
brane.

Thedifferencein aminoacidusagebetweencytoplasmic
andnon-cytoplasmicloopscanbeexploited to improve the
predictionof transmembranehelicesby validatingpotential
transmembranehelicesby the charge biasthey would pro-
duce(von Heijne 1992). Despitethis relatively consistent
topogenicsignal,correctpredictionof the locationandori-
entationof all transmembranesegmentshasprovedto bea
dif�cult problem. On a reasonablylarge datasetof single
sequences,a topologyaccuracy of 77% hasbeenreported
(Jones,Taylor, & Thornton1994),andaidedwith multiple
alignments86%(Rost,Fariselli,& Casadio1996).Thedif-
�culty in predictingthe topologyseemsto bepartly caused
by the fact that the positive-insiderule can be blurred by
globular domainsin loopson thenon-cytoplasmicsidethat
containa substantialnumberof positively chargedresidues.



It hasbeenshown that positively chargedresiduesin short
loopsguidetheorientationof helicesby preventingtranslo-
cationacrossthe membrane(von Heijne 1994). However,
long loops containingpositively charged residuesdo not
necessarilyarrestthe translocation,andmay be transferred
acrossthemembraneby aspecialmechanism.Thishasbeen
shown in bacteria(Andersson& vonHeijne1994).

The�rst methodtopredictthecompletetopologyof trans-
membraneproteins,TopPred(vonHeijne1992),appliestwo
empiricalhydrophobicitycutoffs to the outputof a sliding
trapezoidwindow in order to compilea list of certainand
putative transmembranehelices. The combinationof puta-
tive helicesthatproducesthe strongestenrichmentof posi-
tively chargedresiduesin loopson the cytoplasmicsideis
selectedasthe bestprediction. Loopsthat are longerthan
70 residuesareignored.

A potentialdrawbackof TopPredandothermethodsthat
dependon�x edhydrophobicity thresholdsfor consideringa
segmentasa transmembranehelix is thatsomehelicesmay
bemissedthat fall just underthe threshold.This is not un-
usualin proteinswith many membrane-spanninghelicesthat
formabundlein whichnon-hydrophobicresiduesmaymake
contactsbetweenhelices.

A numberof approacheshave beenexploredto improve
predictionaccuracy. Memsat(Jones,Taylor, & Thornton
1994) performsa constraineddynamicprogrammingthat
incorporateshydrophobicity and topogenicsignalsto �nd
the optimal locationandorientationof a given numberof
transmembranehelices. It usesseparatepropensityscales
for residuesin the headand the tail region of the mem-
brane(allowedto be4 and17-25residuesrespectively). The
highestscoringnumberof transmembranehelicesis selected
as the bestprediction. PHDhtm (Rost,Fariselli, & Casa-
dio 1996)usesa neuralnetworkto predict transmembrane
segments. A secondpostprocessingstepis appliedto �nd
thebestconsistentcombinationof thesesegmentsthatmax-
imisesthepositiveresiduecontenton thecytoplasmicside.
PHDhtmautomaticallygeneratesamultiplealignmentof the
queryandits homologues,andperformsthe predictionon
the multiple alignment,which improves the accuracy sig-
ni�cantly. TMAP (Persson& Argos1997)scanseithersin-
glesequencesor multiplealignmentsfor peaksin propensity
curvesfor theheadandtail regions,andusesthefrequency
biasesof twelve kindsof aminoacidsto predictthe topol-
ogy.

In this paper, we introducethe probabilisticframework
of thehiddenMarkov model(HMM) to transmembranehe-
lix prediction.HiddenMarkov modelshave beenusedsuc-
cessfullyin computationalbiologyto modele.g.thestatisti-
cal structureof genomes(Churchill 1992),proteinfamilies
(Kroghetal. 1994;Eddy1996)andgenestructure(Kulp et
al. 1996;Krogh1997).Thebasicprincipleis to de�ne aset
of states,eachcorrespondingto a region or speci�c site in
theproteinsbeingmodelled. In the simplestcase,a model
for a transmembraneproteinmayconsistof threestates:one
for inside loops, one for transmembraneregions, and one
for outsideloops. Eachstatehasan associatedprobability
distributionover the20aminoacidscharacterisingthevari-
ability of aminoacidsin theregion it models.Thestatesare

connectedto eachotherin a biologically reasonableway, so
for instancethe statefor inside loop is connectedto itself,
becauseloopsmaybe longerthan1, andto the transmem-
branehelix state,becauseafteraninsideloopahelix begins.
A `transitionprobability' is associatedwith eachtransition.
Theaminoacidprobabilitiesandthetransitionprobabilities
arelearnedby astandardinferencetechniquesthatcomputes
the maximumposteriorprobabilitiesgiven a prior and the
observedfrequencies.

By de�ning statesfor transmembranehelix residuesand
otherstatesfor residuesin loops,residueson eithersideof
themembrane,andconnectingthemin a cycle,wecanpro-
ducea modelthat in architecturecloselyresemblesthe bi-
ologicalsystemwe aremodelling. If themodelparameters
aretunedto capturethebiologicalreality, thepathof a pro-
teinsequencethroughthestateswith thehighestprobability
shouldbeableto predictthetruetopology. SincetheHMM
methoddoesnotemployany �x edempiricalcutoffsor rules,
andsincetheoptimalpaththroughthe HMM is foundin a
singlestep,it shouldbemore�e xible to handlecaseswhere
several signalsneedto be combinedto �nd the true topol-
ogy. For instance,a segmentthat normally would not be
considereda transmembranehelix due to poor hydropho-
bicity may still be predictedif the surroundingtopogenic
signalsstronglysupportit. Suchhelicesarefairly common
in multi-spanningproteinswherethetransmembranehelices
have hydrophilicinteractionswith eachother.

We believe thatapartfrom achieving high predictionac-
curacy, thefact that themodelcorrespondswell to thebiol-
ogy is alsovery important.We have thereforeonly sampled
architecturesthat makebiological sense. By varying the
modelwe canexplore what architecturalfeaturesaremost
importantfor successfulprediction,andthuslearnbiologi-
cally meaningfulrules. For instance,we caneasilyexplore
whattheoptimalheadregion lengthis,andwhetherseparate
pathsfor longor shortloopsis betterthanone.

Thispaperdescribesthebasicprinciplesof TMHMM and
presentspredictionresultson single sequences.We have
not extendedit to work on multiple alignmentshere,partly
becausethatwouldmakeevaluationof thealgorithmperse
harder.

Methods
Ar chitecture of the HMM
The basicarchitectureof TMHMM is shown in Figure1.
Thereare threemain locationsof a residue: in the trans-
membranehelix core(in the hydrophobictail region of the
membrane),in the transmembranehelix caps(in headre-
gion of the membrane),andin loops. Due to the different
residuedistributionson thedifferentsideshowever, we use
sevendifferentstates:onefor thehelix core,two for capson
eitherside,onefor loopson thecytoplasmicside,oneeach
for shortandlong loopson the non-cytoplasmicside,and
onefor `globulardomains'in themiddleof eachloop. The
aminoacid emissionprobabilitiesof all statesof the same
typeare`tied' to eachother, i.e. they areestimatedcollec-
tively.

Thetransmembranehelix is modelledby two capregions
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Figure1: Thestructureof themodelusedin TMHMM. A) Theoverall layoutof themodel. Eachbox correspondsto oneor
morestates.Partsof themodelwith thesametext aretied, i.e. their parametersarethesame.Cyt. meansthecytoplasmicside
of themembraneandnon-cyt. the otherside. B) Thestatediagramfor thepartsof the modeldenotedhelix corein A. From
the lastcapstatethereis a transitionto corestatenumber1. The �rst threeandthe last two corestateshave to be traversed,
but all theothercorestatescanbebypassed.This modelscoreregionsof lengthsfrom 5 to 25 residues.All corestateshave
tied aminoacidprobabilities.C) Thestatestructureof globular, loop,andcapregions. In eachof thethreeregionstheamino
acidprobabilitiesaretied. Thethreedifferentloopregionsareall modelledlike this,but they have differentparametersin some
regions.

3



of 5 residueseach,surroundinga core region of variable
length5-25residues.Thisallows for helices15-35residues
long. The �anking capregionshave their own aminoacid
distributions (onefor the cytoplasmicsideandonefor the
non-cytoplasmicside),but they arelabelledthesamewayas
helicalcoreresiduesbothduringtrainingandprediction.Al-
thoughthemodelcontainstwo setsof transmembranestates
to modelpathsgoinginwardsandoutwards,all theirparam-
etersaremirroredandtied to eachother. Thereare21 vari-
abletransitionprobabilitiesto modelthelengthdistribution
of the helical core,and becausethey sumto one it corre-
spondsto 20 freeparameters.

The loopsbetweenthe helicesaremodelledby modules
thatcontain2 � 10 statesin a laddercon�guration,andone
self-loopingstate.Theideais that the10 �rst statesshould
containmostof thetopogenicsignals(biasin aminoacidus-
age)while larger, globular domainsaremodelledin a sim-
plewayby thesingleself-loopingstate,whichhasa neutral
aminoaciddistribution.

Long loops on the non-cytoplasmic side that contain
globular domainsappearto have differentpropertiesthan
short loops. They do not consistentlyexhibit the sparse-
nessin positively charged residuesobserved in shortnon-
cytoplasmicloops. We thereforemodel non-cytoplasmic
loopsby two differentpathways.The HMM thuscontains
two parallel loop moduleson that side. During training,
loopson thenon-cytoplasmicsidelongerthan100residues
aregiven a speciallabel that directsthemto the appropri-
atemodule. Eachloop modulecontains21 free transition
probabilities.

Thetotalnumberof freeparametersin theentiremodelis
thus7 � 19 � 20 � 3 � 21 � 216. This shouldbecompared
to neuralnetworks,that usuallycontaintensof thousands
(Rost,Fariselli,& Casadio1996).

Training the HMM
Theestimationof themodelparametersproceededin stages.

In the �rst stage,themodelwasestimatedby theBaum-
Welchreestimationprocedure,whichis thestandardmethod
for maximumlikelihood estimationof HMMs, seefor in-
stance(Rabiner1989; Krogh et al. 1994; Durbin et al.
1998). However, the reestimationwas donefrom labeled
sequencesasdescribedin (Krogh1994;1997),becausethat
allows one to use`soft boundaries'of transmembranehe-
lices (seebelow). To avoid local maxima of the likeli-
hood,a simulatedannealingschemewas usedthat allows
unfavourablemodelsto be sampledwith someprobability.
Thiswasdoneby addingnoiseto themodelparameters,and
thendecreasingthe level of this noiseby 5% per iteration,
seee.g.(Hughey & Krogh 1996). Comparedto HMMs of
e.g. proteinfamilies,TMHMM containsvery few parame-
tersandtrainingis thereforeusuallyquickandreproducible.
After convergence,themostlikely pathof a querysequence
is calculatedwith the Viterbi algorithm (Rabiner 1989;
Kroghet al. 1994;Durbinetal. 1998).

Thepreciseendof a transmembranehelix is usuallyonly
approximatelyknown. Many transmembranesegmentsare
thereforeannotatedas a segment of somewhat arbitrary
length,often21residues.A techniqueto accommodatemis-

placedbordersin the training datais to `dilute' the labels
by unlabellinga few statesat eachlabelboundary(i.e. be-
tweenloop andmembrane)in orderto allow somefreedom
in choosingthestate.We usedthreeunlabelledresidueson
eachsideof a bordersincethis appearedto give thebestre-
sults(althoughthereis very little differencebetween2 and
3). It meansthatduringtraining,theexacthelix boundaries
areput wherethey �t thecurrentmodelthebest.1

In the secondstageof modelestimation,the �rst model
wasusedto relabel the data. The labelingwasdiluted as
describedabove, but this time 5 residueswereunlabeledto
eachsideof a helix boundary(but suchthatat leastonela-
bel remainedin boththeleft andright region),seeFigure2.
Thenthe�rst modelwasusedto predicttransmembraneseg-
mentsconsistentwith theremaininglabels.More formally,
this meansthatthemostprobablepaththroughthemodelis
found,subjectto theconstraintthatthepredictionconforms
with thedilutedlabels.Thisgivesa new labelingconsistent
with the importantstructureof theprotein,but with theex-
actboundariesmoved suchthat it �ts the modelbetter, see
Figure2.

The secondmodel was trained from the relabeledse-
quenceswith no furtherunlabeling.In this stagetherewas
no needfor simulatedannealing,becausetherewasno un-
certaintyaboutboundaries.

In both of the �rst stagesthe modelswereweakly reg-
ularised. This was doneby adding`pseudocounts'to the
estimatedcountsusedin there-estimationprocedure.When
regularisingthis way, theestimationprocedurecanbeseen
as maximum aposterioriestimationinsteadof maximum
likelihood,seee.g.(Kroghet al. 1994;Durbinet al. 1998).
The distribution of aminoacidswerefound for transmem-
branehelicesin thetrainingsetandthesenumberswereused
aspseudocountsin thepartof themodelfor transmembrane
segments. Similarly for the loop regions on both the cy-
toplasmicand the non-cytoplasmicside. Only the model
of `globular domains'was strongly regularisedby adding
pseudocountsof 1000timesa standardneutralbackground
aminoaciddistribution. This wasdonein orderto prevent
themodelfrom learningsomeskeweddistributionof amino
acidsin globulardomainsdueto biassesin thetrainingdata.
The sizeof thesepsudocountsis arbitrary, but changingit
hasalmostno effect on performance.In fact, onecan �x
the distribution in the globular state(correspondingto ex-
tremelylargepseudocounts)without changingperformance
signi�cantly. Theparametersfor theinitial modelswereob-
tainedby normalisingthe pseudocountsappropriately(be-
foreaddingnoise).

In the third stagethe secondmodel was trained fur-
therby a methodfor `discriminative' training(Krogh1994;
1997). This trainingmethodaimsat maximisingthe prob-
ability of the correctpredictionratherthanoptimising the
modelof theprotein.Discriminative trainingis moreprone
to over-�tting, and thereforethis model was regularised
heavily by themaximumlikelihood model. Thesizeof the

1In theBaum-Welchalgorithm,the reestimatedmodelis actu-
ally a result of summingover all possibleboundariesconsistent
with thedilutedlabeling.
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Correct iiiiiiiiiMMMMMMMMMMMMMMMMMMMMMoooooooooooooooMMMMMMMMMMMMMMMMMMMMMMMMM
Unlabeled iiii..........MMMMMMMMMMM..........o oooo...... ....MMMMMMMMMMMMMMM.....
Relabeled iiiiiiiiiiMMMMMMMMMMMMMMMMMMMMMMMooooooooooooo oMMMMMMMMMMMMMMMMMMMMMMM
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Unlabeled oooooooooooooooo..........MMMMMMMMMM MMMMMMMMMMM.......... iiiii
Relabeled ooooooooooooooooooooooooMMMMMMMMMMMMMMMMMMMMMMMiiiiiiiiii iiiii

Figure2: First line afterthesequenceshows the labelingof thesequenceasobtainedfrom Swissprot.Cytoplasmicis labeled
by `i' (inside),transmembranehelicesby `M', andnoncytoplasmicby `o' (outside).Thesecondline shows thelabelingafter
theboundarieshave beenunlabeledby 5 residuesto eachside.Unlabeledpositionsareindicatedwith a`.'. Finally aprediction
is shown, which wasobtainedby forcing the predictionto conformwith the labels,but let the programchoosefreely in the
unlabeledregions.

pseudocountswerea constanttimestheprobabilitiesfound
in thesecondstage.For thesmallsetof proteinstheconstant
was400andfor the largedatabaseit was600. Theresults
arenot very sensitive to this parameter, which waschosen
after a few experiments. For the predictions,the one-best
algorithm(Schwarz& Chow 1990)wasused,becauseit is
known to work betterwith discriminative training (Krogh
1997).

Datasets
We usedtwo datasets.For comparisonwith othermethods,
weusedthesetof 83proteinsoriginallycompiledby (Jones,
Taylor, & Thornton1994),asprovidedby Rostetal. (1996).
It is marginally differentfrom the datasetusedby Joneset
al.,whichwewereunableto completelyreconstruct.It con-
sistsof 38 multi-spanningand45 single-spanningproteins
whosetopologieshavebeenexperimentallydetermined.We
refer to this setas set 1. We have also compileda larger
setof 160proteins,mostof which have experimentaltopol-
ogy data,which we refer to asset2. It contains108multi-
spanningand52 single-spanningproteins.Most of the ex-
perimentsto analysethe effect of differentmodelarchitec-
turesandtrainingprocedureswereperformedonset2.

It shouldbe notedthat nearly all proteinswith an `ex-
perimentallydetermined'topologyhave beenanalysedwith
biochemicalandgeneticmethodsthatarenotalwaysreliable
(Traxler, Boyd,& Beckwith1993).Only a very smallnum-
berof membraneproteinstructureshavebeendeterminedat
an atomicresolution,andeven in thesecasesthe exact lo-
cationof themembraneis not obvious(Wallin et al. 1997).
Given the uncertaintyin the currentlyavailable data,per-
fect predictionaccuracy is thusunrealistic.To avoid incor-
rectdataasmuchaspossible,wedid not includeproteinsin
set2 for which differentexperimentshadyieldedcon�ict-
ing topologiesandwhereit wasnotobviouswhichtopology

wascloserto thetruth.
The accuracy of the HMM was testedby 10-fold cross

validation.For this thedatasetsweredividedinto 10setsof
aboutequalsize so that no sequencewasmore than25%
identical to a sequencein anotherset (in a Needleman-
Wunschalignment).TheHMM wastrainedonninesetsand
predictionsweremadeon the remainingset. This wasre-
peatedfor all 10differentpartitionsof testandtrainingsets,
andin theendtheaccuracy wascalculatedonthepredictions
obtainedon thetestsets.

Results
Accuracy of the bestmodel
Theaccuracy of thebestmodelarchitectureis listedin Table
1, along with the resultswe obtainedwith Memsat. Both
wereappliedto singlesequencesonly. For comparisonwe
alsogive theresultsof PHDhtmreportedin (Rost,Fariselli,
& Casadio1996)for thesetof 83sequences(usingmultiple
alignments). A predictedhelix is countedas correct if it
overlapsby at least5 residueswith a true helix (usingan
overlapof 1 insteadof 5 only affect resultsmarginally).

In the comparisonbetweenTMHMM andMemsat,only
the TMHMM resultswere properly crossvalidated. The
authorsof Memsatclaim to have obtainedan accuracy of
77.1%correcttopologiesin acrossvalidatedexperimenton
a datasetnearlyidenticalto set1, althoughwegeta slightly
lower numbereven without crossvalidation. Whentested
on the 77 sequencesin set2 that arenot in set1, Memsat
hadanaccuracy of only 56%.

The architecture of transmembraneproteins
Many factsaboutthearchitectureof transmembraneproteins
have beenestimatedfrom biochemicalevidenceandknowl-
edgeabout the physicochemicalpropertiesof membranes
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Method Training Stageof Correct Correct SingleTM SingleTM
setsize training topology locations sensitivity 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: Transmembranetopologypredictionaccuracy of TMHMM, MEMSAT, andPHDhtm. The TMHMM valueswere
measuredin crossvalidatedexperimentswhile MEMSAT wasrun on thecompletetrainingsetwith defaultpropensities.All
predictionsfor TMHMM andMEMSAT weremadeusingsinglesequencesonly, whereasPHDhtmusesmultiple alignments.
Resultsfor PDHhtmarefrom (Rost,Fariselli,& Casadio1996).TheStagesof trainingareexplainedin thetext.
Correct topology: proteinsfor which all transmembranesegmentsandtheir orientationsarecorrectlypredicted.Correct lo-
cations: proteinsfor which all transmembranesegmentsarecorrectlypredicted,regardlessof their orientation. SingleTM
sensitivity: correctlypredictedsegments/truesegments. SingleTM speci�city: correctlypredictedsegments/totalpredicted
segments.

andaminoacids. Herewe have the opportunityto derive
somerulesof transmembranehelicesby experimentingwith
variousHMM speci�cationsandobservingwhich architec-
tureperformsbestin a crossvalidatedtest.

Lengthof helix capregion. Thepartof thehelix that lies
in the headregion of the lipid bilayer containsmany po-
lar andchargedresiduesthatmakecontactto thephosphate
groupsof thelipids. The lengthof this region is oftenarbi-
trarily takenasbeingfour residues(Jones,Taylor, & Thorn-
ton 1994).In TMHMM, thecapis modelledwith a number
of stateswith aseparateaminoaciddistribution,�anking the
centralhelix region (SeeFigure1). We experimentedwith
cap lengthsbetween0 and7 residues,which is the maxi-
mum lengthif we allow helicesdown to 15 residues.We
foundthatwith lessthan4 residuestheaccuracy dropssig-
ni�cantly, while capsof 4-7 residuesgave thesameresult.

Helix capsondifferentsidesof themembranearetreated
separately. Somepredictionmethodsassumethat the cap
regionsonbothsidesof themembraneshouldhavethesame
aminoaciddistributions.However, weobservedanaccuracy
reductionof upto 10%of proteinswith all helicespredicted
correctly, andof up to 5% of correctlypredictedtopologies
from tying thecapdistributionstogether.

Loop architecture. Positively charged residuesare pre-
dominantlyfound in loopson the cytoplasmicside. How-
ever, longglobulardomainswith positivelychargedresidues
are equally often found on both sidesof the membrane
(Sipos& von Heijne 1993). Somepredictionalgorithms
take this into account,for instanceby ignoring any loop
longerthan70 residues(von Heijne1992),or by only con-
sideringthe 25 residuesnearestpredictedtransmembrane
helices(Rost,Fariselli,& Casadio1996).

In TMHMM, loopsaremodelledwith two typesof states:
a numberof statesfor the helix- �anking topogenicse-
quence,and a single self-loopingstatefor larger globular
domains(seeFigure1). The topogenicstatesarearranged

in a ladderthat capturesthe lengthdistribution of shortto-
pogenicloops.Sinceit is believedthattheremaybetwo dif-
ferentmechanismsfor translocatingshortandlong`globular
domain' loopsacrossthemembrane,we tried usingtwo al-
ternativepathsonthenon-cytoplasmicsidein TMHMM. We
foundthatthis increasedtheaccuracy by 6-14%,whentrain-
ing the `short' pathon loopsshorterthan100 residuesand
the`largeglobulardomain' pathon all longerloops. There
doeshowever not seemto be an advantagein having two
alternative loop pathson thecytoplasmicside;this reduced
theaccuracy by 2-11%.Thehighestaccuracy wasobserved
at loop ladderlengthsbetween2x10and2x15.

Availability
A modelspeci�cationof TMHMM includingall optimised
parametersis availablefrom

http://www.cbs.dtu.dk/krogh/TMHMM/
The useddatasets,including topology-labelsandour divi-
sions into crossvalidationsubsetsare also provided. We
plan to makea predictionserver available via the World
Wide Web. A binary UNIX programfor �nding the most
likely topology of a query sequencecanalso be retrieved
uponrequest.PleaseseetheWWW pagefor details.

Discussion
Our HMM-basedmethodembodiesmany conceptualand
methodologicalaspectsof previous methods. The main
virtuesarethat the modelarchitecturemapscloselyto the
biologicalsystem,andthateverythingis donein theproba-
bilistic framework of HMMs, that is, we do not have to de-
velopaspecialiseddynamicprogrammingalgorithmor post
processingmethod.

Theaccuracy of theTMHMM is highcomparedto MEM-
SAT, particularlyon dataset2. We wereunableto compare
TMHMM with PHDtmh on dataset2, but could compare
to published�gures for dataset1. Given that the results
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of TMHMM werebasedon singlesequences,we weresur-
prisedto seethatit obtainedaboutthesamesingleTM accu-
racy asdid PHDthmusingmultiple alignments.For overall
topology, theaccuracy of TMHMM is however not quiteas
highaswith PHDtmhon thisdataset.

At present,TMHMM only reportsthe most likely path
of a sequencethroughthemodel. In many cases,however,
it is desirableto report a numberof top-scoringmatches,
particularlyif they have similar scores.We planto addthis
featureto TMHMM in thefuture.We alsoplanto makeuse
of multiplealignmentsto increasetheaccuracy further.

We have hereworkedwith a mix of transmembranepro-
teinsfrom differentsourcesandof differenttypes,but have
treatedthemasa uni�ed setin orderto �nd generalprinci-
ples.Thereis howeverevidencefor differencesin themem-
braneinsertionmechanismbetweenprokaryoticandeukary-
otic proteins(Gafvelin et al. 1997). Preliminaryexperi-
mentsdid not suggestthat splitting the dataup into these
groupsimproved accuracy. This may partly be due to the
fact that thesubsetsbecametoo small for ef�cient training.
It hasalsobeensuggestedthat single-spanningtransmem-
braneproteinshave distinctpropertiesfrom multi-spanning
proteins(Jones,Taylor, & Thornton1994). In fact, MEM-
SAT usesdifferentpropensitytablesfor thesetypesof mod-
els. It would in principlebepossibleto adaptour HMM to
choosebetweentwo suchspecialisedmodels.It is not clear
whetherthiswouldbeasmuchof anadvantageto TMHMM
asit is to MEMSAT, however. SinceMEMSAT alwayspre-
dictsat leastonehelix, it maybeneededfor increasedstrin-
gency. Themostlikely paththroughtheHMM (i.e. thepre-
diction) on theotherhand,may containno transmembrane
helicesat all.
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