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Abstract

Correlationshetweensequenceseparation(in residuesjand
distancgin Angstrom)of ary pairof aminoacidsin polypep-
tide chainsareinvestigatedFor eachsequenceeparationve
definea distancethreshold. For pairsof aminoacidswhere
thedistancebetweerC® atomsis smallerthanthe threshold,
a characteristicsequencdlogo) motif, is found. The mo-
tifs changeasthe sequenceseparatiorincreases:for small
separationshey consistof one peaklocatedin betweenthe
two residuesthenadditionalpeaksat theseresiduesappear
andfinally the centerpeaksmearsut for very large separa-
tions. We alsofind correlationshetweerthe residuedn the
centerof the motif. This and other statisticalanalysesare
usedto designneuralnetworks with enhancegerformance
comparedo earlierwork. Importantly the statisticalanal-
ysis explainswhy neuralnetworks performbetterthansim-
ple statisticaldata-drven approachesuchaspair probability
densityfunctions. The statisticalresultsalsoexplain charac-
teristicsof the network performancédor increasingsequence
separation.The improvementof the new network designis
significantin the sequenceeparatiomangel0-30residues.
Finally, we find thatthe performanceurve for increasingse-
quenceseparatiorns directly correlatedo the corresponding
informationcontent. A WWW sener, distanceRis available
athttp://www.cbs.dtu.dk/services/distanceP/.

Keywords: Distanceprediction;sequencenotifs; distance
constraintspeuralnetwork; proteinstructure.

Intr oduction

Much work have over the yearsbeenput into approaches
which either analyze or predict features of the three-
dimensionalstructureusing distributions of distancesgcor-
relatedmutationsandmorelately neuralnetworks,or com-
binationsof thesee.g. (Tanaka& Scheragd 976;Miyazava
& Jernigan1985; Bohr et al. 1990; Sippl 1990; Maiorov
& Crippen1992;Gadbelet al. 1994;Mirny & Shaknaich
1996; Thomas,Casari,& Sanderl996;Lund etal. 1997;
Olmea& Valencial997;Skolnick, Kolinski, & Ortiz 1997;
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Fariselli & Casadiol999). The ability to adoptstructure
from sequencedepend®n constructinganappropriateost
functionfor thenative structure In searclof suchafunction
we hereconcentraten finding a methodto predictdistance
constraintshat correlatewell with the obsened distances
in proteins.As the neuralnetwork approachs the only ap-
proachsofar which includessequenceontext for the con-
sideredpair of aminoacids,theseare expectednot only to
performbetter but alsoto capturanorefeatureselatingdis-
tanceconstraintandsequenceomposition.

The analysisinclude investigationof the distancesbe-
tween amino acid as well as sequencamotifs and corre-
lations for separatedesidues. We constructa prediction
schemaewhich significantlyimprove on an earlierapproach
(Lundetal. 1997).

For eachparticularsequenceeparationthe correspond-
ing distancethresholdis computedas the averageof all
physicaldistancesn alargedatasetbetweerary two amino
acids separatedoy that amountof residues(Lund et al.
1997). Here, we include an analysisof the distancedis-
tributionsrelative to thesethresholdsand usethemto ex-
plain qualitatve behaior of the neuralnetwork prediction
schemethusextendingearlierstudies(Reesect al. 1996).
For the predictionschemeausedhereit is essentiato relate
the distributions to their means. Analysis of the network
weight compositionreveal intriguing propertiesof the dis-
tanceconstraints:the sequencenotifs canbe decomposed
into sub-motifsassociatedavith eachof the hiddenunitsin
theneuralnetwork.

Further asthe sequenceseparatiorincreaseghereis a
clearcorrespondenci the changeof the meanvalue, dis-
tancedistributions, andthe sequencenotifs describingthe
distanceconstraintsof the separatecamino acids, respec-
tively. The predicteddistanceconstraintsmay be usedas
inputsto threadingab initio, or loop modelingalgorithms.

Materials and Method
Data extraction

The data set was extractedfrom the Brookhasen Protein
Data Bank (Bernsteinet al. 1977), release82 containing
5762proteins.In brief entrieswereexcludedif: (1) thesec-



ondarystructureof theproteinscouldnotbeassignedy the
programDSSP(Kabsch& Sanderl983),asthe DSSPas-
signmenis usedto quantifythesecondangtructuredentity
in the pairwisealignments(2) the proteinshadary physi-
cal chainbreaks(definedasneighboringaminoacidsin the
sequenceéhaving C%-distancesexceeding4.0A) or entries
wherethe DSSPprogramdetectedchain breaksor incom-
pletebackboneg3) they hadaresolutionvaluegreateithan
2.5A, sinceproteinswith worseresolution,arelessreliable
astemplategor homologymodelingof theC® trace(unpub-
lishedresults).

Individual chainsof entrieswerediscardedf (1) they had
alengthof lessthan30 aminoacids,(2) they hadlessthan
50% secondanstructureassignmenasdefinedby the pro-
gramDSSR (3) they had more than 85% non-aminoacids
(nucleotides)n the sequenceand (4) they had morethan
10%of non-standardaminoacids(B, X, Z) in thesequence.

A representatie setwith low pairwisesequencaimilar-
ity wasselectedby runningalgorithm#1 of Hobohmet al.
(1992) implementedn the programRedHom(Lund et al.
1997).

In brief thesequenceweresortedaccordingo resolution
(all NMR structuresvereassignedesolution100). These-
guencewith the sameresolutionweresortedsothathigher
priority wasgivento longerproteins.

The sequencewerealignedutilizing the local alignment
programsseach (Myers& Miller 1988;Pearsori990)us-
ing the pam120aminoacid substitutionmatrix (Dayhof &
Orcutt1978),with gappenalties—12, —4. As a cutoff for
sequencsimilarity we appliedthe thresholdT = 290/+/L,
T is the percentagef identity in the alignmentandL the
length of the alignment. Startingfrom the top of the list
eachsequencevasusedasa probeto excludeall sequence
similar proteinsfurtherdown thelist.

By visual inspectionseven proteinswere removed from
thelist, sincetheir structureis either’sustainedby DNA or
predominantlyburied in the membrane.The resulting744
proteinchainsare composedf the residuesvherethe C*-
atompositionis specifiedn the PDB entry,

Tencross-alidationsetswereselectedsuchthatthey all
containapproximatelythe samenumberof residuesandall
have the samelengthdistribution of the chains.All thedata
are madepublicly available throughthe world wide web
pagehttp://www.cbs.dtu.dk/services/distanceP/.

Information Content/ Relative entropy measuie

Here we usethe relative entrofy to measurehe informa-
tion content(Kullback & Leibler 1951)of alignedregions
betweersequencseparatedesiduesTheinformationcon-
tentis obtainedby summingfor the respectre positionin
thealignment,| = ZiLzlli, wherel; is theinformationcon-
tentof positioni in thealignment.Theinformationcontent
at eachpositionwill sometimede displayedasa sequence
logo (Schneide®& Stephend 990). The position-dependent
informationcontentis givenby

li = ZQik |092% , (1)

wherek refersto the symbolsof the alphabetconsidered
(hereaminoacids). The obsenred fraction of symbolk at
positioni is gk, andpk is thebackgroungrobabilityof find-
ing symbolk by chancen thesequenceg will sometimes
be replacedby a position-dependerttackgroundorobabil-
ity, thatis the probability of observingetterk at someposi-
tion in thealignmentin anothematasetonewishesto com-
pareto. Symbolsin logosturned180 degreesindicatethat

Oik < Pk-

Neural networks

As in the previous work, we apply two-layerfeed-forward
neuralnetworks, trainedby standardback-propagatiorsee
e.g. (Brunak,Engelbrecht& Knudsen1991;Bishop1996;
Baldi & Brunak1998),to predictwhethertwo residuesare
belon or abore a given distancethresholdin space. The
sequencénput is sparselyencoded.In (Lund etal. 1997)
the inputswereprocesse@stwo windows centerecaround
eachof theseparatedminoacids.However, herewe extend
thatschemeby allowing thewindows to grow towardseach
other andevenmergeto asinglelargewindow coveringthe
completesequenceetweertheseparatedminoacids.Even
thoughsucha schemédncreaseshe computationatequire-
ments,t allow usto searcHor optimalcoveringbetweerthe
separatedminoacids.

As therecanbe a large differencein the numberof posi-
tive (contact)andnegative (no contact)sequencevindows,
for a given separationye apply the balancedearningap-
proach(Rost& Sanderl993). Trainingis doneby a 10 set
cross-alidation approach(Bishop 1996), and the resultis
reportedastheaverageperformanceverthepartitions.The
performanceon eachpartitionis evaluatedoy the Mathews
correlationcoeficient (Mathevs 1975)

c— RNt — PrN¢ @)
VNEN) N +POR+NO(R+Pr)
whereR is the numberof true positives(contact,predicted
contact),N; the numberof true negatives (no contact,no
contactpredicted)Ps thenumberof falsepositves(no con-
tact,contactpredicted) andN; is the numberof falsenega-
tives(contactno contactpredicted).

The analysisof the patternsstoredin the weightsof the
networks is donethroughthe saliencyof the weights,that
is the costof removing a single weight while keepingthe
remainingones. Due to the sparseencodingeachweight
connectedo a hiddenunit correspondsxactly to a particu-
lar aminoacid at a given positionin the sequencavindowvs
usedasinputs. We canthenobtaina rankingof symbolson
eachpositionin the input field. To computethe saliencies
we usetheapproximatiorfor two-layerone-outpuhetworks
(Gorodkinetal. 1997),who shavedthatthe salienciedor
the weightsbetweeninput and hiddenlayer canbe written
as

S = Sji = WiW’K, (3)
wherew;; is the weight betweeninputi andhiddenunit j,
andW; theweightbetweerhiddenunit j andthe output. K
is a constant.The kth symbolis implicitly givendueto the
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Figure 1: Lengthdistributionsof residuesegmentsfor correspondingequenceeparationsielative the respectre meanvalues. Sequence
separation®, 3,4,11,12,13,16,20,and60 areshavn. Theseshav therepresentate shape®f the distancalistributions. Theverticalline
throughzeroindicateshedisplacementvith respecto themeandistance.

sparseencoding. If the signsof wj; andW; are opposite,
we display the correspondingsymbol upsidedown in the
weight-salieng logo.

Results

We conductstatisticalanalysisof the dataandthe distance
constraintdetweeraminoacids,andsubsequenisethere-
sultsto designandexplain the behaior of a neuralnetwork
predictionschemawith enhancegberformance.

Statistical analysis

For eachsequenceseparation(in residues)we derive the
meanof all thedistancebetweerpairsof C* atoms.We use
thesemeansasdistanceconstrainthresholdsandin a pre-
diction schemewe wish to predictwhetherthe distancebe-
tweenary pair of aminoacidsis above or below the thresh-
old correspondingdo a particularseparatiorin residues.To

analyzewhich pairs are above and below the threshold,it
is relevantto compare:(1) the distribution of distancede-
tweenaminoacid pairsbelonv andabove thethreshold.and
(2) thesequenceompositiorof sggmentsvherethe pairsof
aminoacidsarebelowv andabove thethreshold.

Firstwe investigateéhelengthdistribution of thedistances
asfunction of the sequenceeparation.A completeinves-
tigation of physicaldistancedor increasingsequenceep-
arationis given by (Reeseet al. 1996). In particularit
was found that the a-helicescauseda distinct peakup to
sequenceseparatior?0, whereas3-strandsare seenup to
separationd only. However, when we performa simple
translationof thesedistributionsrelative to their respectre
meansthe sameplotsprovide essentiallynew qualitativein-
formation,which is anticipatedo be stronglycorrelatedo
the performancef a predictor(above/belav thethreshold).
In particularwe focusonthedistributionsshovnin Figurel,



but we also usethe remainingdistributionsto make some
importantobsenations.

Wheninspectinghedistancaistributionsrelativeto their
mean,two main obsenationsare made. First, the distance
distribution for sequenceseparatior, is the one distance
distribution wherethe datais mostbimodal. Thussequence
separatior8 providesthe mostdistinct partition of the data
points. Hence,in agreementvith the resultsin (Lund et
al. 1997)we anticipatethatthe bestpredictionof distance
constraintsanbe obtainedfor sequencseparatior8. Fur-
thermorewe obsene thatthe a-helix peakshiftsrelative to
the meanwhen going from sequenceseparationll1 to 13.
Thelengthof the helicesbecomedongerthanthemeandis-
tancesThis shift interestinglyinvolve the peakto be placed
atthe meanvalueitself for sequenceeparatiorL2. Dueto
this phenomenonywe anticipate that, for anoptimizedpre-
dictor, it canbeslightly hardetto predictdistanceconstraints
for separatiori 2 thanfor separationg1 and13.

The peakpresentat the meanvaluefor sequencaepara-
tion 12 doesindeedreflectthe lengthof helicesasdemon-
stratedclearlyin Figure2. Ratherthanusingthe simplerule
that eachresiduein a helix increaseghe physicaldistance
with 1.5 Angstrom(Branden& Tooze1999),we computed
the actualphysicallengthsfor eachsize helix to obtaina
moreaccuratepicture. The physicallengthof the a-helices
wascalculatedy findingthe helicalaxisandmeasuringhe
translationper C"-atom along this axis. The helical axis
wasdeterminedyy the masscenterof four consecutie C*-
atoms. Helicesof length four are thereforenot included,
sinceonly onecenterof masswas present.We seethathe-
lices at 12 residuescoincidewith sequenceseparatiornl2.
Again we usethis as an indication that at sequencesepa-
ration 12 it may be slightly harderto predictdistancecon-
straintsthanat separatiori3.
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Figure 2. Meandistancedor increasingsequenceaeparatiorand
computedaveragephysicalhelix lengthsfor increasingnumberof
residues.

As the sequenceeparatiorincreaseshe distancedistri-
bution approaches universalshape presumablyindepen-
dentof structuralelementswhich aregovernedby morelo-
cal distanceconstraints.The traits from the local elements
do asmentionedby (Reeseet al. 1996) (who meme large
separationsyanishfor separation20-25. (Here we con-
sideredseparationsip to 100residues.)in Figurel we see
that the transitionfrom bimodal distributions to unimodal
distributionscenteredroundtheirmeansindicateghatpre-
diction of distanceconstraintanustbecomeharderwith in-
creasingsequencseparationln particularwhentheuniver
salshapehasbeenreachedsequencseparatiorargerthan
30), we shouldnot expecta changein the predictionability
asthe sequenceseparatiorincreases.The universaldistri-
bution hasits modevalueapproximatelyat —3.5 Angstrom,
indicatingthatthe mostprobablephysicaldistanceor large
sequenceseparationgorrespondgo the distancebetween
two C* atoms.

Notice thatthe universalityonly appearsvhenthe distri-
bution is displacedoy its meandistance.This is interesting
sincethe meanof the physicaldistancegyrows asthe se-
guenceseparationncreasesFroma predictabilityperspec-
tive, it thereforemakesgoodsensdo usethemeanvalueas
athresholdo decidethe distanceconstrainfor anarbitrary
sequenceseparation.

A usefulpredictionschemanustrely on theinformation
availablein the sequencesTo investigatef thereexists a
detectablesignal betweenthe sequenceeparatedesidues,
for eachsequenceeparationye constructedsequencdo-
gos(Schneidek Stephend990)asfollows: Thesequence
segmentsfor which the physicaldistancebetweerthe sepa-
ratedaminoacidswasabovethethresholdvereusedo gen-
erateaposition-dependeittackgroundlistribution of amino
acids. The sggmentswith correspondinghysicaldistance
belov the thresholdwere all alignedand displayedin se-
guencelogos using the computedbackgrounddistribution
of amino acids. The pure information contentcurves are
shawn for increasingsequencén Figure3. Thecorrespond-
ing sequencdogos are displayedin Figure4. We useda
“margin” of 4 residuego theleft andright of thelogos,e.g.,
for sequencseparatior, thephysicaldistances measured
betweerposition5 and7 in thelogo.

Thechangdn thesequencpatternds consistentwith the
changen thedistribution of physicaldistancesUp to sepa-
rations6—7,the distribution of distancegFigure1) contains
two peakswith the B-strandpeakvanishingcompletelyfor
separatior/—-8 residues. For the sameseparationsthe se-
guencemotif changedrom containingoneto threepeaks.
For larger sequenceeparationsthe motif consistsof three
characteristipeaksthetwo locatedat positionsexactly cor
respondingo theseparate@minoacids.Thethird peakap-
pearin the center This peaktells us thatfor physicaldis-
tanceswithin the threshold,it indeedmatterswhetherthe
residuesin the centercanbendor turn the chain. We see
thatexactly suchaminoacidsarelocatedin the centermpeak:
glycine,aparticacid, glutamicacid,andlysine, all theseare
mediumsize residueg(except glycine), being hydrophilic,
therebyhaving affinity for the solvent, but not beingon the
outermostsurfaceof theprotein(seee.g., (Creighton1993)
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for aminoacid properties).As the sequenceeparatiorin-
creasedrom about20 to 30 the centerpeaksmearsout, in
agreemeniith thetransitionof thedistancedistributionthat
shiftsto the universaldistribution in this rangeof sequence
separation.The sequencenotif likewise becomesuniver
sal”. Only the peakslocatedat the separatedesiduesare

left.
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Separation: 2

0.06 |

Position

0.04 |

Separation: 7

2 4 6 8 10 12 14 16
Position

Separation: 9

0.04

2 4 6 8 10 12 14 16 18
Position

Separation: 12

0.04 |

2 4 6 8 10 12 14 16 18 20
Position

0.06 |

Bits

0.02 |

0.00

0.03 |

Bits

0.01 |

0.00

0.02 |

Bits

0.01 |

0.00

0.02

Bits

0.01

0.00

Separation: 13

0.04 |

0.02 |

2 4 6 8 10 12 14 16 18 20 22
Position

Separation: 20

2 4 6 8 10 12 14 16 18 20 22 24 26 28
Position

Separation: 30

Position

Separation: 60

Position

Figure 3: Sequencénformationprofilesfor increasingsequenceseparation.

degreethe compositiorof the centerfor motifs having three
peaks. However, the slightly increasedamountof leucine
moves from the centerof the one peakmotifs to the sep-
aratedamino acid positionsin the threepeakmotifs. The
reversehappendor glycine. Interestingly asthe sequence
separationncreasewaline (andisoleucine)becomepresent
at the outermosfipeaks.In agreemenwith the helix length
shift from below to above the thresholdat separationd 2
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and13, the centerpeakshifts from slight over to slight un-
derrepresentatioof alanine:helicesarenolongerdominant
for distancedelow thethreshold.

The smearingout of the centerpeakfor large sequence
separationgloesnot indicatelack of bending/turnproper
ties, but reflectsthat suchamino acidscan be placedin a
largeregionin betweerthetwo separatedminoacids.What
we seefor small separationsis that the signalin addition
must be locatedin a very specific position relative to the
separatedminoacids.

Neural networks: predictionsand behavior

Asfoundabove,optimizedpredictionof distanceconstraints
for varying sequenceeparationshouldbe performedby a
non-lineampredictor Herewe useneuralnetworks. Clearly,
far mostof the informationis foundin the sequencéogos,
sowe expectonly a few hiddenneurons(units) to be nec-
essanyin the designof the neuralnetwork architecture.As
earlier we only usetwo-layernetworkswith oneoutputunit
(above/belav threshold) We fix the numberof hiddenunits
to 5, but the sizeof theinputfield mayvary.

We start out by quantitatvely investigatingthe rela-
tion betweenthe sequencenotifs in the logos above, and
the amountof sequencecontext neededin the prediction
scheme.First, we choosethe amountof sequenceontext,
by startingwith local windows aroundthe separateémino
acidsand the extendingthe sequenceegion, r, to be in-
cluded.We only includeadditionalresiduesn thedirection
towardsthecenter Thenumberof residuesisedn thedirec-
tion away from the centeris fixedto 4, exceptin thecaseof
r = 0 andr = 2, wherethatnumberis zeroandtwo respec-
tively. At somepoint the two sequenceegionsmay reach
eachother Whetherthey overlap,or just connectdoesnot
affect the performance.For eachr = 0,2,4,6,8,10,12,14,
wetrainednetworksfor sequencseparationg to 99, result-
ing in thetrainingof 8000networks,sincewe usedl0 cross-
validationsets. The performance# “fraction correct”and
“correlationcoeficient” areshavn in Figure5.

Figure 5(b) shaws the performancen termsof correla-
tion coeficient. We seethat eachtime the sequenceepa-
rationbecomeso largethatthe two context regionsdo not
connectthe performancalropswhencomparedo contexts
thatmeigeinto a singlewindow. This behaior is generic,t
happengonsistentlyfor increasingsizeof sequenceontext
region, thoughthe phenomenoris asymptoticallydecreas-
ing. An effectcanbefoundup to aregion sizeof about30,
seeFigure 6. Several featuresappearon the performance
curve, andthey canall be explainedby the statisticalobser
vationsmadeearlier First,the curvewith no contet (r = 0)
correspondso the curve one obtainsusing probability pair
densityfunctions(Lund etal. 1997). The badperformance
of sucha predictoris to be expecteddueto thelack of motif
thatwasnotincludedin themodel. Thegreencurve (r = 4)
is the curve that correspondso the neuralnetwork predic-
torin (Lundetal. 1997). As obseredthereina significant
improvementis obtainedwhenincludingjust a little bit of
sequenceontet. As the size of the contet region is in-
creasedsois the performanceup to aboutsequencsepara-
tion 30. Thenthe performanceaemainsthe sameindepen-

dentof the sequenceeparation.We even notethe dropin
performancdor sequencaeparatioril2, aspredictedfrom
the statisticalanalysisabove. It is also characteristidhat,
asthedistribution of physicaldistancegpproachethe uni-
versalshapeandasthe centerpeakof the sequencéogos
vanishesthe performancelropsandbecomegonstanivith
approximately0.15in correlationcoeficient. The change
in predictionperformanceakes placeat sequencesepara-
tions for which changesn the distribution of physicaldis-
tanceand sequencenotifs change.Due to the not vanish-
ing signalin the logosfor large separationsit is possible
to predictdistanceconstraintssignificantlybetterthanran-
dom, andbetterthanwith a no-contet approach.The con-
clusionis notsurprising:thebestperformingnetwork is that
which usesasmuchcontet aspossible.However, for large
sequenceseparationsnore than 30-35residuesthe same
performanceis obtainedby just using a small amountof
sequenceontet aroundthe separatedamino acids,asin
(Lundetal. 1997).We foundthatthe performancéetween
theworstandbestcross-alidationsetis about0.1 for sepa-
rationsup to 12 residuesthenabout0.07for separationsip
to 30 residuesandthen0.1-0.2for separationgargerthan
30. Hence,at sequencaeparatior8l the performancestart
to fluctuateindicatingthatthe sequencenotif becomedess
definedthroughoutthe sequence# the respectie cross-
validation sets. Hencewe canusethe networks asan in-
dicatorfor whena sequencenotif is well defined.

As an independentest, we predictedon nine CASP3
(http://predictioncentdinl.gov/casp3/targets(andsubmit-
ted the predictions). None of thesetargets(T0053 T0O067
TO071T0077T0081T0082T0O083T0084T0O085)have se-
guencesimilarity to any sequencwith known structure The
previous method(Lund et al. 1997) had on the average
64.5%correctpredictionsand an averagecorrelationcoef-
ficientof 0.224. The methodpresentedherehason average
70.3%correctpredictionsandanaveragecorrelationcoefi-
cientof 0.249.The performancef theoriginal methodcor-
responddo the performancepreviously published(Lund et
al. 1997).However, theaveragemeasurés alesscorvenient
way to reportthe performanceasthe goodperformanceon
smallseparationarebiaseddueto themary largeseparation
networksthathave essentiallthesameperformanceThere-
fore we have alsoconstructegerformanceurvessimilarto
the onein Figure5 (not shavn). The main featuresof the
predictioncurve was present. In Figure 8 we shav a pre-
diction exampleof the distanceconstraintfor TO067. The
sener (http://www.cbs.dtu.dk/services/distancepfpvides
predictionsup a sequenceseparatiorof 100. Notice that
predictionsupto asequenceeparatiorof 30 clearlycapture
themainpartof thedistanceconstraints.

We alsoinvestigatedhe qualitative relationbetweerthe
network performanceand information contentin the se-
guencelogos. Interestingly andin agreementvith the ob-
senationsmadeearlier we found that the two curveshave
the samequalitatve behaior asthe sequencseparatiorin-
creasg(Figure 7). Both curvespeakat separatior3, both
curvesdrop at separatioril2, and both curvesreacheghe
plateaufor sequencseparatior80. We notethattherelative
entropy curve increaseslightly asthe separationncreases.
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Figure 5. The performanceasfunction of increasingsequenceontet when predictingdistanceconstraints. The sequenceontext is the
numberof additionalresidues = 0,2,4,6,8,10,12 14 from the aminoacid andtoward the otheraminoacid. The performancés shavedin
percentagéa),andin correlationcoeficient (b). Thisfigureis availablein full color athttp://www.cbs.dtu.dk/services/distanceP/.



Thisis dueto awell known artifactfor decreasingampling
size, and entrofy measures.The correlationbetweenthe
curvesalsoindicatesthatthe mostinformationusedby the
predictorstemfrom the motifs in the sequencéogos.
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Figure 6: The performancecurve using a single windows only.
We alsoshaw the performancevhenincluding homologuein the
respectre tests.This completea profile.
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Figure 7: Information contentand network performanceor in-
creasingsequencseparation.

Finally, we concludeby ananalysisof the neuralnetwork
weight compositionwith the aim of revealing significant
motifsusedn thelearningprocessin generalwe foundthe
samemotifsappearindor theeachof the10cross-alidation
setsfor a given sequenceseparation.As describedn the
Methodssectionwe computesalieng logosof the network
parametersthat is we display the amino acids for which
thecorrespondingveights,if removed,causethelargestin-
creasan network error We madesalieng logosfor eachof
the5 hiddenneurons For theshortsequencseparationshe
network stronglypunishhaving aprolinein thecenterof the

CASP3 target TO067
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Figure 8: Predictionof distanceconstraintsfor the CASP3tar
get TO067. The uppertriangleis the distanceconstraintf pub-
lished coordinates,where dark points indicate distancesabove
the thresholdgdmeanvalues)andlight pointsdistanceselowv the
threshold. The lower triangle shaws the actual neural network
predictions. The scaleindicatesthe predictedprobability for se-
guenceseparationdiaving distancedelon the thresholds. Thus
light points representpredictionfor distancesbelon the thresh-
olds and dark points predictionfor distancesabove the thresh-
old. The numbersalong the edgesof the plot shav the posi-
tion in the sequence. This figure is available in full color at
http://www cbs.dtu.dk/services/distanceP/.

inputfield, thatis a prolinein betweerthe separateémino
acids.This makessenseasprolineis notlocatedwithin sec-
ondarystructureelements,andthe helix lengthsfor small
separationgire smallerthanthe meandistances.(The net-
work haslearntthat proline is not presentin helices.) In

contrastthe presencef asparticacid canhave a positive or
negative effect dependingon the positionin the input field.
For larger sequenceseparationssomeof the neuronsdis-
playathreepeakmotif resemblingvhatwasfoundin these-
guencdogos. Thecenterof suchlogoscanbevery glycine
rich, but alsoshav a strongpunishmenfor valineor trypto-
phan.Sometimeswo neuronsansharehemotif of whatis
presenfor oneneuronin anothercross-alidationset. Other
detailscanbefoundaswell. Herewe just outlinedthe main
features: the networks not only look for favorableamino
acids,they alsodetectghosethatarenotfavorableatall. In

Figure9 we shov an exampleof the motifs for 2 of the 5
hiddenneurondor a network with sequencseparatiori.3.
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Figure9: Threesalieng-weightlogosfrom thetrainedneuralnet-
work at sequenceseparation® and 13. For eachpositionof the
inputfield the salieng of the respectie aminoacidsis displayed.
Lettersturnedupsidedownn contribute negatively to the weighted
sumof the network input. Thetop logo (sequencseparatior®) il-
lustratesstrongpunishmenfor prolineandglycine upstreamsOn
themiddlelogo (sequenceeparatiori3), N is turnedupsidedovn
on the peaksnearthe edges.On the bottomlogo the I's closeto
the edgescontritute positively, andthe N in the centerpeakalso
contrikute positvely. TheI'sin the centerpeakcontritutesnega-
tively (they areupsidedown). Thisfigureis availablein full color
athttp://www.cbs.dtu.dk/services/distanceP/.

Final remarks

We studiedpredictionof distanceconstraintsn proteins.We
foundthatsequencenotifswererelatedo thedistribution of
distancesUsing the motifs we shaved how to constructan
optimal neuralnetwork predictorwhich improve an earlier
approachThebehaior of thepredictorcouldbecompletely
explainedfrom a statisticalanalysisof thedata,in particular
adropin performancdor sequenceeparatiorl? residues
waspredictedrom thestatisticalanalysis We alsocorrectly

predictedseparatior8 ashaving optimal performance We
foundthattheinformationcontentof thelogoshasthesame
gualitatve behaior asthenetwork performancdor increas-
ing sequencaeparationFinally, the weightcompositionof
the network was analyzedandwe found thatthe sequence
motif appearingvasin agreemenwith thesequencéngos.
Theperspectiesaremary: thenetwork performancenay
be improved further by using threewindows for sequence
separationbetweer?0and30residuesTheperformancef
thenetwork canbeusedasinputsto anew collectionof net-
workswhich cancleanup certaintypesof falsepredictions.
Combiningthemethodwith asecondargtructureprediction
shouldgive a significantperformancamprovementon the
shortsequenceeparationsThe relationbetweeninforma-
tion contentand network performancemight be explained
guantitatvely throughextensive algebraicconsiderations.
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