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Abstract

Correlationsbetweensequenceseparation(in residues)and
distance(in Angstrom)of any pairof aminoacidsin polypep-
tidechainsareinvestigated.For eachsequenceseparationwe
definea distancethreshold.For pairsof aminoacidswhere
thedistancebetweenCα atomsis smallerthanthethreshold,
a characteristicsequence(logo) motif, is found. The mo-
tifs changeas the sequenceseparationincreases:for small
separationsthey consistof onepeaklocatedin betweenthe
two residues,thenadditionalpeaksat theseresiduesappear,
andfinally thecenterpeaksmearsout for very largesepara-
tions. We alsofind correlationsbetweenthe residuesin the
centerof the motif. This and other statisticalanalysesare
usedto designneuralnetworks with enhancedperformance
comparedto earlier work. Importantly, the statisticalanal-
ysis explainswhy neuralnetworks performbetterthansim-
plestatisticaldata-drivenapproachessuchaspairprobability
densityfunctions.Thestatisticalresultsalsoexplain charac-
teristicsof thenetwork performancefor increasingsequence
separation.The improvementof the new network designis
significantin thesequenceseparationrange10–30residues.
Finally, wefind thattheperformancecurve for increasingse-
quenceseparationis directly correlatedto thecorresponding
informationcontent.A WWW server, distanceP, is available
athttp://www.cbs.dtu.dk/services/distanceP/.

Keywords: Distanceprediction;sequencemotifs; distance
constraints;neuralnetwork; proteinstructure.

Intr oduction
Much work have over the yearsbeenput into approaches
which either analyze or predict features of the three-
dimensionalstructureusingdistributionsof distances,cor-
relatedmutations,andmorelatelyneuralnetworks,or com-
binationsof thesee.g. (Tanaka& Scheraga1976;Miyazawa
& Jernigan1985;Bohr et al. 1990;Sippl 1990;Maiorov
& Crippen1992;Göbelet al. 1994;Mirny & Shaknovich
1996;Thomas,Casari,& Sander1996;Lund et al. 1997;
Olmea& Valencia1997;Skolnick, Kolinski, & Ortiz 1997;
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Fariselli & Casadio1999). The ability to adoptstructure
from sequencesdependsonconstructinganappropriatecost
functionfor thenativestructure.In searchof suchafunction
wehereconcentrateon findinga methodto predictdistance
constraintsthat correlatewell with the observed distances
in proteins.As theneuralnetwork approachis theonly ap-
proachsofar which includessequencecontext for thecon-
sideredpair of aminoacids,theseareexpectednot only to
performbetter, but alsoto capturemorefeaturesrelatingdis-
tanceconstraintsandsequencecomposition.

The analysisinclude investigationof the distancesbe-
tween amino acid as well as sequencemotifs and corre-
lations for separatedresidues. We constructa prediction
schemewhich significantlyimprove on anearlierapproach
(Lundetal. 1997).

For eachparticularsequenceseparation,thecorrespond-
ing distancethresholdis computedas the averageof all
physicaldistancesin a largedatasetbetweenany two amino
acids separatedby that amountof residues(Lund et al.
1997). Here, we include an analysisof the distancedis-
tributions relative to thesethresholdsand usethem to ex-
plain qualitative behavior of the neuralnetwork prediction
scheme,thusextendingearlierstudies(Reeseet al. 1996).
For thepredictionschemeusedhereit is essentialto relate
the distributions to their means. Analysis of the network
weight compositionreveal intriguing propertiesof the dis-
tanceconstraints:the sequencemotifs canbe decomposed
into sub-motifsassociatedwith eachof the hiddenunits in
theneuralnetwork.

Further, as the sequenceseparationincreasesthere is a
clearcorrespondencein thechangeof themeanvalue,dis-
tancedistributions,andthe sequencemotifs describingthe
distanceconstraintsof the separatedamino acids, respec-
tively. The predicteddistanceconstraintsmay be usedas
inputsto threading,ab initio, or loopmodelingalgorithms.

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



ondarystructureof theproteinscouldnotbeassignedby the
program� DSSP(Kabsch& Sander1983),asthe DSSPas-
signmentis usedto quantifythesecondarystructureidentity
in the pairwisealignments,(2) the proteinshadany physi-
cal chainbreaks(definedasneighboringaminoacidsin the
sequencehaving Cα-distancesexceeding4 � 0Å) or entries
wherethe DSSPprogramdetectedchainbreaksor incom-
pletebackbones,(3) they hadaresolutionvaluegreaterthan
2 � 5Å, sinceproteinswith worseresolution,arelessreliable
astemplatesfor homologymodelingof theCα trace(unpub-
lishedresults).

Individualchainsof entrieswerediscardedif (1) they had
a lengthof lessthan30 aminoacids,(2) they hadlessthan
50%secondarystructureassignmentasdefinedby thepro-
gramDSSP, (3) they hadmorethan85% non-aminoacids
(nucleotides)in the sequence,and (4) they hadmore than
10%of non-standardaminoacids(B, X, Z) in thesequence.

A representative setwith low pairwisesequencesimilar-
ity wasselectedby runningalgorithm#1 of Hobohmet al.
(1992) implementedin the programRedHom(Lund et al.
1997).

In brief thesequencesweresortedaccordingto resolution
(all NMR structureswereassignedresolution100). These-
quenceswith thesameresolutionweresortedsothathigher
priority wasgivento longerproteins.

Thesequenceswerealignedutilizing thelocal alignment
program,ssearch (Myers& Miller 1988;Pearson1990)us-
ing thepam120aminoacidsubstitutionmatrix (Dayhoff &
Orcutt1978),with gappenalties� 12, � 4. As a cutoff for
sequencesimilarity we appliedthe thresholdT � 290�
	 L,
T is the percentageof identity in the alignmentandL the
length of the alignment. Startingfrom the top of the list
eachsequencewasusedasa probeto excludeall sequence
similarproteinsfurtherdown thelist.

By visual inspectionseven proteinswereremoved from
thelist, sincetheir structureis either’sustained’by DNA or
predominantlyburied in the membrane.The resulting744
proteinchainsarecomposedof the residueswheretheCα-
atompositionis specifiedin thePDB entry.

Tencross-validationsetswereselectedsuchthat they all
containapproximatelythesamenumberof residues,andall
have thesamelengthdistributionof thechains.All thedata
are madepublicly available through the world wide web
pagehttp://www.cbs.dtu.dk/services/distanceP/.

Inf ormation Content / Relative entropy measure
Here we usethe relative entropy to measurethe informa-
tion content(Kullback & Leibler 1951)of alignedregions
betweensequenceseparatedresidues.Theinformationcon-
tent is obtainedby summingfor the respective position in
thealignment,I � ∑L

i � 1 Ii , whereIi is the informationcon-
tentof positioni in thealignment.Theinformationcontent
at eachpositionwill sometimesbedisplayedasa sequence
logo (Schneider& Stephens1990).Theposition-dependent
informationcontentis givenby

Ii � ∑
k

qik log2
qik

pk � (1)

wherek refersto the symbolsof the alphabetconsidered
(hereaminoacids). The observed fraction of symbolk at
positioni is qik, andpk is thebackgroundprobabilityof find-
ing symbolk by chancein thesequences.pk will sometimes
be replacedby a position-dependentbackgroundprobabil-
ity, thatis theprobabilityof observingletterk at someposi-
tion in thealignmentin anotherdatasetonewishesto com-
pareto. Symbolsin logosturned180degreesindicatethat
qik 
 pk.

Neural networks
As in the previouswork, we apply two-layerfeed-forward
neuralnetworks, trainedby standardback-propagation,see
e.g. (Brunak,Engelbrecht,& Knudsen1991;Bishop1996;
Baldi & Brunak1998),to predictwhethertwo residuesare
below or above a given distancethresholdin space. The
sequenceinput is sparselyencoded.In (Lund et al. 1997)
the inputswereprocessedastwo windows centeredaround
eachof theseparatedaminoacids.However, hereweextend
thatschemeby allowing thewindowsto grow towardseach
other, andevenmergeto asinglelargewindow coveringthe
completesequencebetweentheseparatedaminoacids.Even
thoughsucha schemeincreasesthecomputationalrequire-
ments,it allow usto searchfor optimalcoveringbetweenthe
separatedaminoacids.

As therecanbea largedifferencein thenumberof posi-
tive (contact)andnegative (no contact)sequencewindows,
for a given separation,we apply the balancedlearningap-
proach(Rost& Sander1993). Trainingis doneby a 10 set
cross-validationapproach(Bishop1996), and the result is
reportedastheaverageperformanceoverthepartitions.The
performanceon eachpartition is evaluatedby theMathews
correlationcoefficient (Mathews1975)

C � PtNt � Pf Nf� �
Nt � Nf �

�
Nt � Pf �

�
Pt � Nf �

�
Pt � Pf � � (2)

wherePt is thenumberof truepositives(contact,predicted
contact),Nt the numberof true negatives (no contact,no
contactpredicted),Pf thenumberof falsepositives(nocon-
tact,contactpredicted),andNf is thenumberof falsenega-
tives(contact,nocontactpredicted).

The analysisof the patternsstoredin the weightsof the
networks is donethroughthe saliencyof the weights,that
is the costof removing a singleweight while keepingthe
remainingones. Due to the sparseencodingeachweight
connectedto a hiddenunit correspondsexactly to a particu-
lar aminoacidat a givenpositionin thesequencewindows
usedasinputs.We canthenobtaina rankingof symbolson
eachpositionin the input field. To computethe saliencies
weusetheapproximationfor two-layerone-outputnetworks
(Gorodkinet al. 1997),who showedthat thesalienciesfor
the weightsbetweeninput andhiddenlayercanbe written
as

sk
ji � sj i � w2

j iW
2
j K � (3)

wherewj i is the weight betweeninput i andhiddenunit j,
andWj theweightbetweenhiddenunit j andtheoutput.K
is a constant.Thekth symbolis implicitly givendueto the
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Figure 1: Lengthdistributionsof residuesegmentsfor correspondingsequenceseparations,relative the respective meanvalues.Sequence
separations2, 3, 4, 11,12,13,16,20,and60 areshown. Theseshow therepresentative shapesof thedistancedistributions.Theverticalline
throughzeroindicatesthedisplacementwith respectto themeandistance.

sparseencoding. If the signsof wj i andWj are opposite,
we display the correspondingsymbol upsidedown in the
weight-saliency logo.

Results
We conductstatisticalanalysisof thedataandthedistance
constraintsbetweenaminoacids,andsubsequentusethere-
sultsto designandexplain thebehavior of a neuralnetwork
predictionschemewith enhancedperformance.

Statistical analysis
For eachsequenceseparation(in residues),we derive the
meanof all thedistancesbetweenpairsof Cα atoms.Weuse
thesemeansasdistanceconstraintthresholds, andin a pre-
diction schemewe wish to predictwhetherthedistancebe-
tweenany pair of aminoacidsis aboveor below thethresh-
old correspondingto a particularseparationin residues.To

analyzewhich pairsareabove andbelow the threshold,it
is relevant to compare:(1) thedistribution of distancesbe-
tweenaminoacidpairsbelow andabove thethreshold,and
(2) thesequencecompositionof segmentswherethepairsof
aminoacidsarebelow andabovethethreshold.

Firstweinvestigatethelengthdistributionof thedistances
asfunction of the sequenceseparation.A completeinves-
tigation of physicaldistancesfor increasingsequencesep-
aration is given by (Reeseet al. 1996). In particular it
was found that the α-helicescauseda distinct peakup to
sequenceseparation20, whereasβ-strandsare seenup to
separations5 only. However, when we perform a simple
translationof thesedistributionsrelative to their respective
means,thesameplotsprovideessentiallynew qualitativein-
formation,which is anticipatedto bestronglycorrelatedto
theperformanceof a predictor(above/below thethreshold).
In particularwefocusonthedistributionsshown in Figure1,



but we alsousethe remainingdistributions to make some
important� observations.

Wheninspectingthedistancedistributionsrelativeto their
mean,two main observationsaremade.First, the distance
distribution for sequenceseparation3, is the one distance
distributionwherethedatais mostbimodal.Thussequence
separation3 providesthemostdistinctpartitionof thedata
points. Hence,in agreementwith the resultsin (Lund et
al. 1997)we anticipatethat the bestpredictionof distance
constraintscanbeobtainedfor sequenceseparation3. Fur-
thermore,weobserve thattheα-helix peakshiftsrelative to
the meanwhen going from sequenceseparation11 to 13.
Thelengthof thehelicesbecomeslongerthanthemeandis-
tances.Thisshift interestinglyinvolvethepeakto beplaced
at themeanvalueitself for sequenceseparation12. Dueto
this phenomenon,we anticipate,that,for anoptimizedpre-
dictor, it canbeslightlyhardertopredictdistanceconstraints
for separation12 thanfor separations11and13.

Thepeakpresentat themeanvaluefor sequencesepara-
tion 12 doesindeedreflectthe lengthof helicesasdemon-
stratedclearlyin Figure2. Ratherthanusingthesimplerule
that eachresiduein a helix increasesthe physicaldistance
with 1.5 Angstrom(Branden& Tooze1999),we computed
the actualphysicallengthsfor eachsize helix to obtain a
moreaccuratepicture.Thephysicallengthof theα-helices
wascalculatedby findingthehelicalaxisandmeasuringthe
translationper Cα-atom along this axis. The helical axis
wasdeterminedby themasscenterof four consecutive Cα-
atoms. Helicesof length four are thereforenot included,
sinceonly onecenterof masswaspresent.We seethathe-
lices at 12 residuescoincidewith sequenceseparation12.
Again we usethis as an indication that at sequencesepa-
ration12 it maybe slightly harderto predictdistancecon-
straintsthanat separation13.
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Figure 2: Meandistancesfor increasingsequenceseparationand
computedaveragephysicalhelix lengthsfor increasingnumberof
residues.

As the sequenceseparationincreasesthe distancedistri-
bution approachesa universalshape,presumablyindepen-
dentof structuralelements,whicharegovernedby morelo-
cal distanceconstraints.The traits from the local elements
do asmentionedby (Reeseet al. 1996)(who merge large
separations)vanishfor separations20–25. (Here we con-
sideredseparationsup to 100residues.)In Figure1 we see
that the transitionfrom bimodal distributions to unimodal
distributionscenteredaroundtheirmeans,indicatesthatpre-
diction of distanceconstraintsmustbecomeharderwith in-
creasingsequenceseparation.In particularwhentheuniver-
salshapehasbeenreached(sequenceseparationlargerthan
30),we shouldnot expecta changein thepredictionability
as the sequenceseparationincreases.The universaldistri-
butionhasits modevalueapproximatelyat � 3 � 5 Angstrom,
indicatingthatthemostprobablephysicaldistancefor large
sequenceseparationscorrespondsto the distancebetween
two Cα atoms.

Noticethat theuniversalityonly appearswhenthedistri-
bution is displacedby its meandistance.This is interesting
sincethe meanof the physicaldistancesgrows as the se-
quenceseparationincreases.Froma predictabilityperspec-
tive, it thereforemakesgoodsenseto usethemeanvalueas
a thresholdto decidethedistanceconstraintfor anarbitrary
sequenceseparation.

A usefulpredictionschememustrely on the information
available in the sequences.To investigateif thereexists a
detectablesignalbetweenthe sequenceseparatedresidues,
for eachsequenceseparation,we constructedsequencelo-
gos(Schneider& Stephens1990)asfollows: Thesequence
segmentsfor which thephysicaldistancebetweenthesepa-
ratedaminoacidswasabovethethresholdwereusedto gen-
erateaposition-dependentbackgrounddistributionof amino
acids. The segmentswith correspondingphysicaldistance
below the thresholdwere all alignedand displayedin se-
quencelogos using the computedbackgrounddistribution
of amino acids. The pure information contentcurves are
shown for increasingsequencein Figure3. Thecorrespond-
ing sequencelogos aredisplayedin Figure 4. We useda
“margin” of 4 residuesto theleft andright of thelogos,e.g.,
for sequenceseparation2, thephysicaldistanceis measured
betweenposition5 and7 in thelogo.

Thechangein thesequencepatternsis consistentwith the
changein thedistributionof physicaldistances.Up to sepa-
rations6–7,thedistributionof distances(Figure1) contains
two peaks,with theβ-strandpeakvanishingcompletelyfor
separation7–8 residues.For the sameseparations,the se-
quencemotif changesfrom containingoneto threepeaks.
For largersequenceseparations,themotif consistsof three
characteristicpeaks,thetwo locatedatpositionsexactlycor-
respondingto theseparatedaminoacids.Thethird peakap-
pearin the center. This peaktells us that for physicaldis-
tanceswithin the threshold,it indeedmatterswhetherthe
residuesin the centercanbendor turn the chain. We see
thatexactlysuchaminoacidsarelocatedin thecenterpeak:
glycine,aparticacid,glutamicacid,andlysine,all theseare
mediumsize residues(except glycine), beinghydrophilic,
therebyhaving affinity for thesolvent,but not beingon the
outermostsurfaceof theprotein(seee.g., (Creighton1993)
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Figure3: Sequenceinformationprofilesfor increasingsequenceseparation.

for aminoacid properties).As the sequenceseparationin-
creasesfrom about20 to 30 the centerpeaksmearsout, in
agreementwith thetransitionof thedistancedistributionthat
shifts to theuniversaldistribution in this rangeof sequence
separation.The sequencemotif likewisebecomes“univer-
sal”. Only the peakslocatedat the separatedresiduesare
left.

Thecompositionof singlepeakmotifsresembleto alarge

degreethecompositionof thecenterfor motifshaving three
peaks. However, the slightly increasedamountof leucine
moves from the centerof the one peakmotifs to the sep-
aratedaminoacid positionsin the threepeakmotifs. The
reversehappensfor glycine. Interestingly, asthe sequence
separationincreasesvaline(andisoleucine)becomepresent
at theoutermostpeaks.In agreementwith thehelix length
shift from below to above the thresholdat separations12
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ȲF

P° R
N
K± I D
ST

EV

AG

L²
34

 WCM
H

QY
F³ P

R
N
K´ EIµTS
DV¶ G
AL

35
 W

C
M
H

QY
F

P
N
R
K
E
D
ST

I
V

G
AL

36
 WCM

H· QY̧
F

P¹ Nº R
K» E
SI

DT¼VG
AL½

37
 WCMH

Q¾ YF¿ RN
PÀ KÁ I EÂTSDÃVGLÄ AÅ

38
 CWMH

QYFR
N
P
K
EI

T
S

DV
G

AL

39
 CWMH

QYFÆ RNPÇ K

IT
S

E
DVÈ AG

L

|

0.0

0.02

0.04

0.06

b
it

s |

1 

WCMHY

F

É
QÊ P

Ë N

R

K

IÌ DSTEV
A
GÍL

2 

WCMHQ
Y
FÎ P

NÏRKÐ I DÑ SÒ T
EV

GAÓLÔ

3 

WCM
H
Y
Q

PF

NÕRK
D
SÖ I

TE
V

G×AL

4 

WØCMHQY

PÙFN
R
K
D
S
TÚ EIÛ GV

AÜL

5 

W
C
H
M

QY

P
NFÝ

R
K
DÞ S
E
TIß

GVàA
L

6 

WCáMâHQY
Fã Pä NåRKI

DTæSç EVè GéALê

7 

WCMHY
Q

F
PN

R

I
Kë TSìEDV
GLíA

8 

WCMîHYQ

F
P
RN

I
T
K
VS

D
E

GL
A

9 

WCï M
H
Y
FQð Pñ R
INò Vó TKôSõEö

D

LA÷Gø

10
 WC

Mù Hú Y
FQ

IûRP
Nü

Vý TKþS
ÿED

LA�G�

11
 WC

M
H
Y
FQ

IR�P

VN�

TS�K
E�D�

L�A
G

12
 WC

M
H
Y
FQ

IR
P�N

V
TS	K


E�D�

LA
G


13
 WC

M
H
Y
FQ

IP
R
N� T

VS�KE
D

LA�G

14
 WC� M

H
Y
FQ�P�RN� I� S
TD� VE�K� L�AG

15
 CWMHYFQ

PN�
R
I� S

T� DK
E
V
G
L
A

16
 W

C

MH

QY

PF

NR

S� D
T
KI

E
V

GA
L

17
 W�CHM� Q

P YNF!R

D
S" K
E
TI

GV#A
L$

18
 W%CMH

Q&YPF' NR

T( S) D
K
EI* G+VAL

19
 WC

M
H
Q,YPF

NR

T
S- K
DI

E
G.VLA

20
 WCM

HQY

PF

N/RT
K
S0 I

E
DV

GA
L

21
 WCMHQ1

YF2 P

3 N

R

T

I4 KE5 S6 D7
V

G8L9A

|
0.0

0.02

0.04

b
it

s |

1 

CWMH

Q: YF

R
N
P
K
EI;T<SD=VL> A?G

2 

CWMH

Q@YAFP
RB NC K
EI

TDSDEVF LG AG

3 

CWMH

QY
F

P
R
N
K
EI

DT
S
V

L
AG

4 

CW
M
HH QY

PFI R
N
K
EI

DTJSVKGL

A

5 

C
WLMHM QNYO PFP RQ N

KR ES DI

TTSVU

GVLAW

6 

CWMH

QY
F

P
RX N
K
EI

DT
YSZVGL
A

7 

CW

M[
H

Q\
YF

P
R]NK^ I E
D
TS_VGL̀A

8 

CWMH

QaYbFc P
RN

K
EI

DTdSe VG
LfA

9 

CWMH

Q

YF

Pg RN

I
E
KT

S

D
VG

LhAi

10
 CW

MHQY

FP

NR

I K
ET

SjDk VG

LAl

11
 CWMHQY

Fm PR

N

I Kn EoTSpDVq LrGAs

12
 CW

MHQYFt PRu
N

I KEv
TSD

VL
A
G

13
 CWMHQYRFw PN

I Kx D

ST
y EVz LAG

14
 CMWHQYF{ RNPI| E

KT}SDVAG

L

15
 WCHMFYNPQREIT~ KVDSG

LA

16
 WCHMQYPNFREIKDST� VAG

L

17
 WCHMQYFPIR�NE� D

KST
� VA� G� L�

18
 HWM

� QYFNPIKRDSET� VG

L�A

19
 YMQHIKFRNPEST� VDAGL�

20
 MHFYN� PQREIKVDS�T�GL�

A

21
 WCHMYPFQRIKNET� VD

SG

LA

22
 CWMHQYRFPN

I EDKST� VAG

L

23
 CMWH

Q�
YF� R

�
NP

�
K

I D

ST
� E�
VG

LA�

24
 CWMH

Q�
Y

R

�
FP

�
N

I

T
� E�
KS

DVG

L� A

25
 CWMHQYPFRN

I E

KT
�
S

DVA

GL

26
 CWMHQYFR�

NPI E

KT SD¡
V

LA¢
G

27
 WCHMQYNPF

I£ REDKST¤VA

G

L

28
 YMQHNPFI RKEDSTVAGL

29
 I YFRNPQKEDST

¥VAGL

30
 CMWHQ

YF¦ R

§
NPI

E

D̈KS

TV

LA©
G

31
 CWMHQYFRª

NPEIT
«
KVDS

A

G

L

32
 CMWHQYFRNPEIT¬ K­

SDV

L® A

G

33
 CWMH

Q¯ YF° R

±
NPK²
IDST

E

V

AL

G

34
 CWMH

Q

Y

RFP³
NI

EKTSDV

AG

L

35
 CWMHQYF́RNPµ I EKT¶SDVLAG

36
 CWMH

Q·
F̧Y

R¹ Nº
P» I E

ST

KDV

A

G

L

37
 CWMHQYF

R

¼ NPI E½
ST
¾
KDV

LA¿
G

38
 CWMHQYFÀ RÁ

NP

ITEKSDV

A
LÂG

39
 CWMÃ

H

Q

Y

FÄ RÅ
NPI EST

KÆ
DV

L
AG

40
 CWMHQYFRNPÇ EIT

È KSDV

ALG

41
 CHWMQRYFÉNPEIT

Ê
KSDV

LAG

42
 CW

MHQ
YFË R

N

PÌ
K

IDS

TÍ EÎVL
AÏG

43
 CWMHQYFR

Ð
NPEI

KSTDV

A

G

L

44
 CWMHQYFRÑ

NPEIKSTDV

A

G

L

45
 CWMHQYPFRNTÒ I KÓ E

SDVA

G

L

46
 CWMHQFY

RNPEÔ IT

Õ KV

DS

LAG

47
 CW

MHQY

FR

N

PKI ET

V

DS

L
AG

48
 CW

MHQYF

Ö P× RØ
N

KIDS

TÙ EÚ VAÛGL

49
 CW

MÜ HQYF

Ý RÞ
N

Pß KIE

Tà
SD

Vá LA
G

50
 CWMHQYFRâ

N

PITEKSD

Vã
G

LäA

51
 CW

Må HQFæ
Y

PRN

K
IE

TçSèDV
LGA

52
 CWMé HQF

ê
Y

PRë
NK

I

DSTE

V

G

LAì

53
 CW

MHQY

FR

N

PITEKSD

VG
LAí

54
 CW

MHQY

Fî Rï
N

Pð ITñ
E

Kò
SD

Vó G
LAô

55
 CWMHõ QYFö P÷ Rø

NI

Tù
E

Kú
S
D

VG

LûA

56
 CWMHQY

FR

N

PIK

T

SED

Vü LA
G

57
 CWMH

QYFPRý
NK

I ETþ
SD

VÿGLA

58
 CWM� H� QYF� PRNI

T� E� K�SD�V� LG
A�

59
 CWMH

QYFPRNI

T	 EK

S
D
 V

LG
A�

60
 CWMH

QYFRN

PKITS

E

D
V� LA
G

61
 CWMH

Q

YFP� R� NI

E
K� ST

� DV�G�LA�

62
 C

W�
MH

QY
F

P
R�NK
EI

S�TD�VGLA

63
 CWMH

Q�YF� P
R� N
K
EI

T
� S� D�VGLA

64
 CW

M
H

Q�Y PF! R" N# K$ E
S% I D&TVGLA

65
 C

W'M(HQY

P
RF

N
K
E
D
ST

) I
V

GA
L

66
 CWM

H* QY
F

P
RN

K
ET+ SI

DV, GL
A-

67
 CWMH. Q/

YF

P
R0N1 KI

T
2 S3 E

DV4 GL5A

68
 CWMH

Q6YRF

P
N
KI

E7TSD8VGLA

69
 CWMH

Q9
YF

PR

N

K: I DS;TEV
G
A
L

|
Figure 4: Sequencelogos for increasingsequenceseparation. A margin of 4 residueson both ends of the logo is used. Sym-
bols displayedupsidedown indicate that their amountis lower than the backgroundamount. This figure is available in full color at
http://www.cbs.dtu.dk/services/distanceP/.



and13, thecenterpeakshifts from slight over to slight un-
derrepresentation< of alanine:helicesarenolongerdominant
for distancesbelow thethreshold.

The smearingout of the centerpeakfor large sequence
separationsdoesnot indicatelack of bending/turnproper-
ties, but reflectsthat suchaminoacidscan be placedin a
largeregionin betweenthetwo separatedaminoacids.What
we seefor small separations,is that the signal in addition
must be locatedin a very specificposition relative to the
separatedaminoacids.

Neural networks: predictionsand behavior
Asfoundabove,optimizedpredictionof distanceconstraints
for varyingsequenceseparation,shouldbeperformedby a
non-linearpredictor. Herewe useneuralnetworks. Clearly,
far mostof the informationis found in thesequencelogos,
so we expectonly a few hiddenneurons(units) to be nec-
essaryin thedesignof theneuralnetwork architecture.As
earlier, weonly usetwo-layernetworkswith oneoutputunit
(above/below threshold).We fix thenumberof hiddenunits
to 5, but thesizeof theinputfield mayvary.

We start out by quantitatively investigating the rela-
tion betweenthe sequencemotifs in the logos above, and
the amountof sequencecontext neededin the prediction
scheme.First, we choosethe amountof sequencecontext,
by startingwith local windows aroundtheseparatedamino
acidsand the extendingthe sequenceregion, r, to be in-
cluded.We only includeadditionalresiduesin thedirection
towardsthecenter. Thenumberof residuesusedin thedirec-
tion awayfrom thecenteris fixedto 4,exceptin thecasesof
r = 0 andr = 2, wherethatnumberis zeroandtwo respec-
tively. At somepoint the two sequenceregionsmay reach
eachother. Whetherthey overlap,or just connectdoesnot
affect the performance.For eachr = 0 > 2 > 4 > 6 > 8 > 10> 12> 14,
wetrainednetworksfor sequenceseparations2 to 99,result-
ing in thetrainingof 8000networks,sinceweused10cross-
validationsets.Theperformancesin “fraction correct”and
“correlationcoefficient” areshown in Figure5.

Figure5(b) shows the performancein termsof correla-
tion coefficient. We seethat eachtime the sequencesepa-
rationbecomesso largethat thetwo context regionsdo not
connecttheperformancedropswhencomparedto contexts
thatmergeinto a singlewindow. Thisbehavior is generic,it
happensconsistentlyfor increasingsizeof sequencecontext
region, thoughthe phenomenonis asymptoticallydecreas-
ing. An effect canbefoundup to a region sizeof about30,
seeFigure6. Several featuresappearon the performance
curve,andthey canall beexplainedby thestatisticalobser-
vationsmadeearlier. First, thecurvewith nocontext (r = 0)
correspondsto thecurve oneobtainsusingprobabilitypair
densityfunctions(Lund et al. 1997). Thebadperformance
of suchapredictoris to beexpecteddueto thelackof motif
thatwasnot includedin themodel.Thegreencurve(r = 4)
is the curve that correspondsto the neuralnetwork predic-
tor in (Lund et al. 1997). As observedthereina significant
improvementis obtainedwhenincluding just a little bit of
sequencecontext. As the size of the context region is in-
creased,sois theperformanceup to aboutsequencesepara-
tion 30. Thenthe performanceremainsthe sameindepen-

dentof the sequenceseparation.We evennotethe drop in
performancefor sequenceseparation12, aspredictedfrom
the statisticalanalysisabove. It is alsocharacteristicthat,
asthedistributionof physicaldistancesapproachestheuni-
versalshape,andasthe centerpeakof the sequencelogos
vanishes,theperformancedropsandbecomesconstantwith
approximately0.15 in correlationcoefficient. The change
in predictionperformancetakes placeat sequencesepara-
tions for which changesin the distribution of physicaldis-
tanceandsequencemotifs change.Due to the not vanish-
ing signal in the logos for large separations,it is possible
to predictdistanceconstraintssignificantlybetterthanran-
dom,andbetterthanwith a no-context approach.Thecon-
clusionis notsurprising:thebestperformingnetwork is that
which usesasmuchcontext aspossible.However, for large
sequenceseparationsmore than 30–35residues,the same
performanceis obtainedby just using a small amountof
sequencecontext aroundthe separatedamino acids,as in
(Lundetal. 1997).We foundthattheperformancebetween
theworstandbestcross-validationsetis about0.1for sepa-
rationsup to 12 residues,thenabout0.07for separationsup
to 30 residues,andthen0.1–0.2for separationslarger than
30. Hence,at sequenceseparation31 theperformancestart
to fluctuateindicatingthatthesequencemotif becomesless
definedthroughoutthe sequencesin the respective cross-
validationsets. Hencewe can usethe networks as an in-
dicatorfor whenasequencemotif is well defined.

As an independenttest, we predictedon nine CASP3
(http://predictioncenter.llnl.gov/casp3/)targets(andsubmit-
ted the predictions). None of thesetargets(T0053T0067
T0071T0077T0081T0082T0083T0084T0085)have se-
quencesimilarity toany sequencewith knownstructure.The
previous method(Lund et al. 1997) had on the average
64.5%correctpredictionsandan averagecorrelationcoef-
ficient of 0.224.Themethodpresentedherehason average
70.3%correctpredictionsandanaveragecorrelationcoeffi-
cientof 0.249.Theperformanceof theoriginalmethodcor-
respondsto theperformancepreviously published(Lund et
al. 1997).However, theaveragemeasureisalessconvenient
way to reporttheperformance,asthegoodperformanceon
smallseparationsarebiaseddueto themany largeseparation
networksthathaveessentiallythesameperformance.There-
forewehavealsoconstructedperformancecurvessimilar to
the onein Figure5 (not shown). The main featuresof the
predictioncurve waspresent. In Figure8 we show a pre-
diction exampleof thedistanceconstraintsfor T0067. The
server (http://www.cbs.dtu.dk/services/distanceP/)provides
predictionsup a sequenceseparationof 100. Notice that
predictionsupto asequenceseparationof 30clearlycapture
themainpartof thedistanceconstraints.

We alsoinvestigatedthe qualitative relationbetweenthe
network performanceand information content in the se-
quencelogos. Interestingly, andin agreementwith the ob-
servationsmadeearlier, we found that the two curveshave
thesamequalitativebehavior asthesequenceseparationin-
crease(Figure7). Both curvespeakat separation3, both
curvesdrop at separation12, and both curvesreachesthe
plateaufor sequenceseparation30. Wenotethattherelative
entropy curve increasesslightly astheseparationincreases.



0
?

20 40 60 80 100
?

Sequence Separation (residues)@
0.45

0.50

0.55

0.60

0.65

0.70

0.75

F
ra

ct
io

n
 c

o
rr

ec
t

A

(a)

r=0
r=2
r=4
r=6
r=8
r=10
r=12
r=14

Mean performances

0
B

20
B

40
B

60
B

80
B

100
B

Sequence separation (residues)C
0.00

0.10

0.20

0.30

0.40

0.50

C
o

rr
el

at
io

n
 c

o
ef

fi
ci

en
t

(b)

r=0
r=2
r=4
r=6
r=8
r=10
r=12
r=14

Mean performances

Figure 5: The performanceasfunction of increasingsequencecontext whenpredictingdistanceconstraints.The sequencecontext is the
numberof additionalresiduesr D 0 E 2 E 4 E 6 E 8 E 10E 12E 14 from theaminoacidandtowardtheotheraminoacid.Theperformanceis showedin
percentage(a),andin correlationcoefficient (b). Thisfigureis availablein full color athttp://www.cbs.dtu.dk/services/distanceP/.



This is dueto a well known artifactfor decreasingsampling
size, andF entropy measures.The correlationbetweenthe
curvesalsoindicatesthat themostinformationusedby the
predictorstemfrom themotifs in thesequencelogos.
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Figure 6: The performancecurve using a single windows only.
We alsoshow the performancewhenincludinghomologuein the
respective tests.Thiscompleteaprofile.
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Figure 7: Information contentand network performancefor in-
creasingsequenceseparation.

Finally, weconcludeby ananalysisof theneuralnetwork
weight compositionwith the aim of revealing significant
motifsusedin thelearningprocess.In general,wefoundthe
samemotifsappearingfor theeachof the10cross-validation
setsfor a given sequenceseparation.As describedin the
Methodssection,wecomputesaliency logosof thenetwork
parameters,that is we display the amino acids for which
thecorrespondingweights,if removed,causethelargestin-
creasein network error. We madesaliency logosfor eachof
the5 hiddenneurons.For theshortsequenceseparationsthe
network stronglypunishhaving aprolinein thecenterof the
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Figure 8: Predictionof distanceconstraintsfor the CASP3tar-
get T0067. The uppertriangleis the distanceconstraintsof pub-
lished coordinates,where dark points indicate distancesabove
the thresholds(meanvalues)andlight pointsdistancesbelow the
threshold. The lower triangle shows the actual neural network
predictions. The scaleindicatesthe predictedprobability for se-
quenceseparationshaving distancesbelow the thresholds.Thus
light points representprediction for distancesbelow the thresh-
olds and dark points prediction for distancesabove the thresh-
old. The numbersalong the edgesof the plot show the posi-
tion in the sequence. This figure is available in full color at
http://www.cbs.dtu.dk/services/distanceP/.

input field, that is a prolinein betweentheseparatedamino
acids.Thismakessenseasprolineis not locatedwithin sec-
ondarystructureelements,and the helix lengthsfor small
separationsaresmallerthanthe meandistances.(The net-
work haslearnt that proline is not presentin helices.) In
contrast,thepresenceof asparticacidcanhavea positiveor
negative effect dependingon thepositionin the input field.
For larger sequenceseparations,someof the neuronsdis-
playathreepeakmotif resemblingwhatwasfoundin these-
quencelogos.Thecenterof suchlogoscanbevery glycine
rich, but alsoshow astrongpunishmentfor valineor trypto-
phan.Sometimestwo neuronscansharethemotif of whatis
presentfor oneneuronin anothercross-validationset.Other
detailscanbefoundaswell. Herewe justoutlinedthemain
features: the networks not only look for favorableamino
acids,they alsodetectsthosethatarenot favorableatall. In
Figure9 we show an exampleof the motifs for 2 of the 5
hiddenneuronsfor a network with sequenceseparation13.
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Figure9: Threesaliency-weightlogosfrom thetrainedneuralnet-
work at sequenceseparations9 and13. For eachpositionof the
input field thesaliency of therespective aminoacidsis displayed.
Lettersturnedupsidedown contribute negatively to the weighted
sumof thenetwork input. Thetop logo (sequenceseparation9) il-
lustratesstrongpunishmentfor prolineandglycineupstreams.On
themiddlelogo(sequenceseparation13),N is turnedupsidedown
on the peaksnearthe edges.On the bottomlogo the I’s closeto
the edgescontribute positively, andthe N in the centerpeakalso
contributepositively. The I’s in thecenterpeakcontributesnega-
tively (they areupsidedown). This figureis availablein full color
athttp://www.cbs.dtu.dk/services/distanceP/.

Final remarks
Westudiedpredictionof distanceconstraintsin proteins.We
foundthatsequencemotifswererelatedto thedistributionof
distances.Usingthemotifs we showedhow to constructan
optimalneuralnetwork predictorwhich improve an earlier
approach.Thebehavior of thepredictorcouldbecompletely
explainedfrom astatisticalanalysisof thedata,in particular
a drop in performancefor sequenceseparation12 residues
waspredictedfrom thestatisticalanalysis.Wealsocorrectly

predictedseparation3 ashaving optimalperformance.We
foundthattheinformationcontentof thelogoshasthesame
qualitativebehavior asthenetwork performancefor increas-
ing sequenceseparation.Finally, theweightcompositionof
the network wasanalyzedandwe found that the sequence
motif appearingwasin agreementwith thesequencelogos.

Theperspectivesaremany: thenetworkperformancemay
be improved further by using threewindows for sequence
separationsbetween20and30residues.Theperformanceof
thenetwork canbeusedasinputsto anew collectionof net-
workswhichcancleanup certaintypesof falsepredictions.
Combiningthemethodwith asecondarystructureprediction
shouldgive a significantperformanceimprovementon the
shortsequenceseparations.The relationbetweeninforma-
tion contentandnetwork performancemight be explained
quantitatively throughextensivealgebraicconsiderations.
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