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Abstract

In thepasta goodnumberof rotamerlibrarieshavebeen
published,which allow a deeperunderstandingof thecon-
formational behaviorof amino acid residuesin proteins.
Sincethe numberof available high resolutionX-ray pro-
teinstructureshasgrownsignificantlyover thelastyears,a
more comprehensiveanalysisof theconformationalbehav-
ior is possibletoday. In this paper, wepresenta methodto
compilea new classof rotamerlibraries for detectingin-
terestingrelationshipsbetweenresidueconformationsand
their sequentialcontext in proteins.Themethodis basedon
a new algorithm for clusteringresidueconformations.To
demonstrate the effectivenessof our methodwe apply our
algorithmto a library consistingof all 8000tripeptidefrag-
mentsformedby the 20 nativeaminoacids. Theanalysis
showssomevery interestingnew results,namelythat some
specifictripeptidefragmentsshowsomeunexpectedconfor-
mationof residuesinsteadof thehighlypreferredconforma-
tion. In the neighborhoodof two asparagine residues,for
example, threonineavoidsthe conformationwhich is most
likely to occurotherwise. Thenew insightsobtainedby the
analysisare importantin understandingtheformationand
predictionof secondarystructure elementsandwill conse-
quentlybecrucial for improving thestate-of-the-artof pro-
tein folding.

1. Intr oduction

In the recentyearsthe numberof proteinsstoredin the
PDB (ProteinDataBank)hasgrown significantly. Because
of thetechnicalprogressa goodnumberof high-resolution
X-ray structuresof proteinsbecameavailable. Statistical
methodshavebeenappliedto thePDBto extractknowledge
aboutthe conformationalbehavior of aminoacid residues.
Amino acidsidechainconformationshavebeenstudied,for
example,by [4, 5, 13]. Thesestudiesresultedin sidechain

rotamerlibraries, which consistof a list of discretecon-
formationshaving a weightwhich correspondsto their fre-
quency in thePDB. SincethePDB containsa multitudeof
high-resolutionstructures,it wasalsopossibleto determine
rotamerpreferencesdependingon thebackboneconforma-
tion. Basedon this idea, a numberof weak correlations
of rotamerdistributionsandsecondarystructureshavebeen
found[14, 16]. Recently, a backbonedependentsidechain
rotamerlibrary hasbeenpresentedby [9, 7]. Theeffective-
nessof thebackbonedependentrotamerlibrarieshasbeen
shown by [8, 2] for homologymodelingand by [15] for
NMR andX-ray structurerefinement.

Althoughtheideaof usingrotamerlibrarieshasalready
beenappliedsuccessfullyin thepast,until now only asmall
fraction of its potentialhasbeenrevealed. The backbone
dependentsidechainrotamerlibrary mentionedabove, for
example,only uses132out of theabout2000proteinswith

a resolution �����A, which areavailablein thePDB.For the
betterunderstandingof tertiarystructures,it is highly desir-
ableto compilecomprehensive rotamerlibrarieswhich are
basedon all proteinstructuresavailablein thePDB. Using
sucha rotamerlibrary, for instance,onewould be able to
determinehow the conformationof an aminoacid residue
(in particularthatof asidechain)in aproteindependsonits
neighborsin thesequence.To find andunderstandsuchre-
lationships,a new methodis requiredwhich is ableto deal
with largeamountsof residueconformationsandto classify
themeffectively. Our new methodpresentedin this paper
is basedon aclusteranalysisin theconformationspace(cf.
section2). Thebasicideais to modeltheconformationof
aminoacidresiduesor smallpeptidefragmentsaspointsin
the multidimensionaldihedralanglespace.Theclusteral-
gorithmsthendeterminesclustersby assigninganinfluence
function to eachdatapoint, by summingup all influence
functionsto determinetheoverall densityfunction,andby
finding the maximaof the overall densityfunction usinga
gradient-basedhill-climbing procedure(cf. section3). The
methodis usedto compilea new classof rotamerlibraries



whichallowsnew insightsinto interestingdependencesbe-
tween the 3D-structureof small peptidechain fragments
andtheir sequentialcontext. In section5, we evaluatethe
effectivity andefficiency of our new approachandprovide
someinterestingresultsshowing, for example,that in the
neighborhoodof two asparagineresidues,threonineavoids
theconformationwhich is highly preferredotherwise.Note
thatournew methodis generallyapplicableto arbitrarypro-
tein fragments.In thispaper, however, werestrictourselves
to theevaluationandanalysisof tripeptideconformations.

2. General Idea

In the backbonedependentrotamer library developed
by [7] for eachresiduetype a probability distribution of
the sidechainangle �	� is calculatedfor eachnodeon an
equidistantgrid in the 2D 
���
���� -space.The distributions
of ����
���� and ��� only dependon the previous side chain
dihedralangle.For detectingmoreglobalrelationshipsthis
methodbecomesinefficientsincethesizeof thegrid grows
exponentiallyin thenumberof consideredangles.Another
problemarisesif oneis interestedin the probabilitydistri-
bution of morethanoneangle.UsingBayesianstatistics,it
is difficult to derive combineddistributionsof two or more
angles.

The conformationof aminoacid residuesor small pep-
tide fragmentscanbedescribedby datapointsin a multidi-
mensionaldihedralanglespace.Theapproachweareusing
partitionsthe multidimensionalanglespacecorresponding
to theobserveddatadistributionby clusteringthedatain the
dihedralanglespace.More formally, this canbedescribed
as follows. Given is a setof proteinsequences� . A se-
quence����� is denotedasa string of linked aminoacid
residues� from thesetof naturalaminoacids � :����� 
!�#"$�%�&�'�)(*(+(&
��-,.
/�'0	���1
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*(+(*(&
76.(
In our approach,we do not directly use the real tertiary
structuresincethe mappingof the 3D coordinatesof the
structureto dihedralanglesbasicallycontainsall relevant
informationaboutthe proteinstructureandis mucheasier
to handle.For clearnotations,we introducethemapping8
of the3D atomcoordinatesof aprotein���9� to asequence
of vectorsof dihedralanglesas:
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with P-0 beingthenumberof dihedralanglesfor theresidue�-0 . For example, P-0 is Q for �'0R"TS (glycine)and P-0U"WV
for �'0�"�� (arginine).Thecomponentsof avector >B0 are
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We usethe dihedralanglesof oneresidueas the smallest
unit for detectingrelationships. Note that one can easily
modify the structureof the databy, for example,grouping
thedihedralangles.

To producethe rotamer library for detectingrelation-
shipsbetweenthe 3D-structureof a residueand in its se-
quentialcontext two stepshave to beperformed.

Step1 For all differentresiduesdo:
Determineall conformationsof the residuein the pro-
tein structuresof � and partition the conformational
angle spaceaccordingto the observed data distribu-
tion by usingaclusteralgorithmwhich identifieshighly
populatedareasin themultidimensionaldihedralangle
space.

Step2 For all residuesin the protein sequences,replace
thedihedralanglevectorwith thecluster-id of thatvec-
tor andbasedon theresultingdata,build frequency ta-
bles for all different residuefragmentsof fixed length
by countingtheoccurrencesof all fragmentswhichcor-
respondto thesamesequenceof cluster-ids.

In the resultingfrequency tables,we obtainsignificantin-
formation about dependencesbetweenthe residuesin a
givensequentialneighborhoodandthepreferencefor acer-
tain conformationalstructure.Note thatmostof thesecor-
relationscan only be detectedif the sequentialcontext is
considered.In thefollowing,wediscussthemostimportant
stepof our approach,namelybuilding thefrequency tables
by clusteringthedihedralanglespace,in moredetail.

3. Clustering the Dihedral Angle Space

In theclusteringstep,thedenselypopulatedareasin the
conformationalspaceof eachof the 20 naturalaminoacid
residueshave to be identified. This canbedoneseparately
for eachof theresidues.As thefirst stepof theclusteringal-
gorithm,thesourcedatafor theclusteranalysisof a residue�b�c� is determinedby collectingall conformationsof � ,
which occurin theproteinconformationsin � . In addition
to the residueconformation,the proteinnameandthe po-
sition of the residuein the proteinchainarestored. With
this additionalinformationit is possibleto retrieve the se-
quentialcontext of a residueconformationafter thecluster
analysis.Theconsideredsetof proteins� containsall pro-
teins from the PDB, which have resolutionsof the X-Ray

structureof �d� �A. With this condition, � containsabout
2000proteins. From this setof proteins,we get a confor-
mationaldatasetfor eachresiduewith a sizerangingfrom
48.000(for alanine)to 9000(for tyrosine).In orderto geta
goodnumberof classifiedtripeptideconformationsfor each
of the8000possibletripeptidefragments,weusedthecom-
pletedatasetsin theclusteranalysis.
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Figure 1. Effect of the Warp-Ar ound

Thetaskof theclusteralgorithmis to grouptheobjects
from the given datasetsinto smaller, homogeneous,and
meaningfulsubsetswhich aretheclusters.In our case,the
objectsareconformationsof oneresiduetypedescribedby
a vector of dihedralangles. To formally definethe termegf@h9fBi'jBklj@f@m > , we needan appropriatedistancemeasure
on theobjects.In caseof dihedralanglevectors,it is rather
straight-forward to extend the Euclidian distanceto mea-
suretheshortestpathof transformationbetweentwo residue
conformations.Thiscanbedefinedasn 
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The impact of this distancemeasureis the wrap-around
at the borders. The effect is shown in figure 1 wherethe
shadedareadisplaysa two-dimensionalspherearoundthe
the point 
.FH3BI�JK
+FH3+I5J5� . After definingthe distancemea-
sure,wehaveto defineanadequatenotionof clusters.Since
thedefinitionof clusterslargelydependsonthedataandthe
application,we first tried to get a visual impressionof the
structureof clustersin our application. For this purpose,
we usedthe Ramachandran-Plotof the actual conforma-
tion set,which is a projectionto the 
z��
���� -plane. Figure
2 shows the 
���
���� -plot of glycineconformationsasanex-
ample. Note that the plot is only a projectionof the high-
dimensionaldihedralanglespaceto the two-dimensional
display space,which involves loosing someinformation.
Nevertheless,theplot revealssomeimportantpropertiesof
theclusteringin ourdataset.Thefigureshowsdenselypop-
ulatedareaswhich areseparatedby nearlyemptyspace.It
is well known from biochemistrythatpreferredareasexist
in theconformationspace,andtheclustersin theplot cor-
respondto preferredsecondarystructureelementsin which
theresiduesareinvolved. Two furtherobservationscanbe
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Figure 2. Ramachandran-Plot for Glycine

derivedfrom theplots: First, theshapeof theclustersis not
fixed to certainshapes(e.g.,sphericalshapes)andsecond,
the spacebetweenthe clustersis filled with a significant
numberof outliers.Outliersarepointswhichdonot belong
to any cluster. Theobservationsleadto restrictive require-
mentsfor the clusteralgorithm: The algorithm shouldbe
able to find clustersof arbitrary shape,handlea variable
amountof outliers,andefficiently dealwith a large multi-
dimensionaldataset(up to 50.000points). Fromthewide
rangeof clusteralgorithmswhich have beenproposedin
the literature[6, 10, 20], only few algorithmsfulfill these
requirementsandnoneof themworks efficiently on large
amountsof multidimensionaldata.A new approachwhich
hasbeenrecentlyproposedby theauthorsin thecontext of
knowledgediscovery in multimediadatabases[11, 12] can
beadaptedto meettherequirements.

In thefollowing, we briefly introducethealgorithmand
describetheadaptationto theproblemof clusteringthecon-
formationspaceof aminoacidresidues.For ourdefinitions,
weneedapointdensityfunctionwhich is determinedbased
on kerneldensityestimation(KDE) [18, 17].

Definition 1 (DensityFunction - KDE)
Given � conformationsdescribedbya setof dihedral angle
vectors 8�"�� n � 
*(+(*(&
 n����:� D�FH3BI�Jg
*3+I5J5� L and

e
be the

smoothnesslevel. Then,thedensity function ��<� basedon
thekerneldensityestimator� is definedas:

�� � 
 n �=" 3� e
�u 0�v�� ��� n F n 0e �

Kerneldensityestimationprovidesa powerful framework
for finding clustersin large datasets. In the statisticslit-
erature,variouskernels � have beenproposed.Examples
aresquarewavefunctionsor Gaussianfunctions.An exam-
ple for the densityfunction of a two-dimensionaldataset
( �#FE� plot of glycine)usinga Gaussiankernelanddiffer-
entsmoothinglevels

e "W�+�5Jg
*3BJ � is provided in figure3.
A detailedintroductionto kerneldensityestimationis be-
yondthescopeof this articleandcanbefoundin [18, 17].



P
si

Phi

(a)DataSet

psi

phi

D
en

si
ty

(b) �9"��5J

psi

phi

D
en

si
ty

(c) �:"�3BJ
Figure 3. Example for Density Functions

According to [11, 12], clusterscannow be definedas the
maximaof the densityfunction,which areabove a certain
noiselevel � . Usingthenoiselevel, thealgorithmcanhan-
dle largeamountsof outliers,which areresponsiblefor lo-
calmaximumswith low pointdensity.

Definition 2 (Center-DefinedCluster)
A center-definedcluster for a maximumn<� of the density

function ��<� is thesubset���c8 , with n �:� beingdensity-
attractedby n!� and ��<� 
 n<� �x�$� . Points n �E8 are called
outliers if they aredensity-attractedbya local maximumn!��
with ��<� 
 n<�� ���a� .
According to this definition, eachlocal maximumof the
densityfunction which is above the noiselevel � becomes
a clusterof its own and consistsof all points which are
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Figure 4. Example of Multicenter -Defined
Cluster s for diff erent �

density-attractedby the maximum. The notion of density-
attractionis definedby thegradientof thedensityfunction.
Thedefinitioncanbeextendedto clusterswhicharedefined
by multiplemaximaandcanapproximatearbitrarily-shaped
clusters.

Definition 3 (Multicenter -DefinedCluster)
A multicenter-definedclusterfor a setof maxima   is the
subset���c8 , where

1. ¡ n �W�£¢ n<� �T ¥¤ �<�¦ 
 n!� �b�§� , n is density-
attractedto n<� and

2. ¡ n!�� 
 n<�� �y ¨¤g¢ a path � �?© L from n!�� to n!�� above
noiselevel � .

Figure4 shows the multicenter-definedclustersfor differ-
ent � . When � increases,moreandmoreclustersget sep-
arated. Note that the resultingclustersmay have an arbi-
trary shapeand that all the resultingclusteringsrepresent
valid clusteringsdescribingsomecharacteristicsof thedata
set. Our definitionsof clustershave two importantparam-
eters,namelythe smoothness

e
andthenoiselevel � . The

parameter
e

describesthe influenceof one datapoint on
its neighborhood.Therearetwo extremevalues

egªR«­¬
andegª 0�® . If

e � egªR«­¬
the influenceis propagatedso far that

the densityfunction
� �

hasonly one local maxima. The
otherextremevalueis

e � e ª 0G® in which casethe kernel
functionsbecomelittle peaksandeachdatapoint becomes
a densityattractorof its own. Choosinga good

e
canbe

doneby consideringdifferent
e

anddeterminingthelargest
interval between

e ªR«­¬
and

e ª 0�® , wherethenumberof den-
sity attractorsis almostconstant.The clusteringresulting
from thatapproachcanbeseenasnaturallyadaptedto the
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dataset. In figure5 we provide anexamplefor thenumber
of densityattractors

h 
 e � dependingon
e
. Thesecondpa-

rameter� describestheminimumdensitylevel abovewhich
a densityattractoris consideredsignificant.A goodchoice
for � helpsthealgorithmto focuson thedenselypopulated
areasandto save computationaltime. Note that theborder
of a clustermaybe in regionswith a densitylower than � .
Importantis that thedensityattractorn � has

� � 
 n � �¯�4� .
Thedetailsof thetheoreticalfoundationsandimplementa-
tion of the DENCLUE andthe OptiGrid algorithmarebe-
yondthescopeof this paperandaredescribedin [11, 12].

4. Building Fragment Rotamer Libraries

With the resultsderived by the clusteranalysis,we are
now able to build the desiredfrequency table. The result
from theclusteranalysisis thateachresidueconformation
in theproteinstructures�°��� hasbecomepart in exactly
one cluster (the outliers are groupedinto a specialclus-
ter). Formally, weintroduceamappingfunction � from the
residueconformationsinto the setof clusteridentification�²± . This functionprovidesthe identificationof thecluster
for a givenresidueconformation.

�9��� 
/8:
;�<�="?>@�A
*(+(*(&
O>*,;³'
¡%´µ�¶�-3�
*(+(*(&
76G· � ¤5�`
�>&¸@�/"�¹O¸�
/¹7¸²���²±
For a moreconvenientnotation,wewrite for ���9�º¤�`
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The fragmentrotamerlibrariescanbe compiledbasedon
themappingC for differentfragmentsizeswithout recom-
putingtheclusteranalysisin step1. Let be q|¾�3 thefrag-
mentsizefor the desiredlibrary. The fragmentrotamerli-
brary ¿ canbe consideredasa relation,whereeachof the�CJCÀ possibleresiduefragmentsof length q correspondto a
finite setof q -tuplesof cluster-ids. The set �YÀ is the setof

the fragmentswith length q basedon the set � of the 20
naturalaminoacidresidues.n ��� À 
7¿Y
 n �="��-D�
»¹ �� 
*(*(+(*
7¹ �À �&
 e �7Á 
*(*(+(*
D�
»¹ ,GÂ� 
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7¹ ,GÂÀ �&
 e , Â Á �
Eachtuple 2 matchesto

e 0 �Ã3 occurrencesof the corre-
spondingfragmentandits mappinggivenby the q -tuple in
the proteinstructures�c�a� . The frequency

e
of eachtu-

ple is provided in ¿ asa statisticalinformationaboutthe
preferenceof thecorrespondingfragmentfor theconforma-
tion spacecorrespondingto the t-tuple of cluster-ids. The
significanceof suchpreferencesdependsstronglyontheto-

tal number
,GÂÄ0�v�� e 0 of occurrencesof theexaminedfragmentn �a� À in the proteinstructures�c�c� . Frequency tables

canbeseenasabasisfor miningassociationrules[1, 19] or
correlationrules[3], whichexpressthefoundknowledgein
asimilar way to logic rules.

5. Results

In thissection,we focuson theapplicationof thecluster
algorithmtoconformationaldataof aminoacidresiduesand
provide asanexamplea rotamerlibrary for tripeptids.The
algorithmusinga Gaussiankernelwasappliedto eachof
the20conformationdatasetsfor different

e "�� ( �¼�R"Å3+J ,�g�¯"º�CJ , ���¯"ÅQ5J and �g��"4�-J ). To geta first impression
of the results,we plottedthenumberof local maxima(not
clusters)dependingon � . Figure6 showsthreetypicalcases
which occurredin our analysis:(a) thereexistsan interval
where

h 
»�l� is almostconstant(b)
h 
»�l� slowly decreases

(c)
h 
»�l� rapidly decreases(note the scaling). Residues

with a behavior suchas the one presentedin case(c) of
Figure6 aremostly hydrophileandhave long sidechains
describedby � � 
*(*(+(*
�� � . Hydrophileresiduesoften occur
at thesurfaceof aproteinandthesidechainreachesinto the
waterwhereno stableconformationis adapted.As a con-
sequence,thedatapointsareuniformly distributedin these
dimensionsandno preferencecanbedetected.It seemsto
be morerealistic to neglect ��� and ��� andpostulatethem
asfreely rotatable.Figure7 shows theeffect of neglecting��� and ��� on the numberof densityattractors.From Fig-
ure7 it is clearthattheassumptionthat ��� and��� canrotate
freely leadsto morerealisticclusterings- a resultwhich is
alsosupportedby [7].

With theseresultswe canbuild themappingfunction �
from the residueconformationsto the cluster-ids we for-
mally introducedin section4. A clusteridentificationcon-
sistsof theresiduenameandtheclusternumber. Theclus-
tersarenumberedin theorderof decreasingsize. In Table
1, we provide anexampleof a clusteringandin Table2 an
exampleof themappingfor theclusteringswith ��"��5J .
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Table 1. Cluster for Threonine (not complete),��"��5J

AC Ø Ù Ú.ÚMÚ ÛKÜ
S -82.54 -23.18 Ú.ÚMÚ
C -101.64 22.62 Ú.ÚMÚ
T -83.39 159.20 Ú.ÚMÚ
H 63.44 17.12 Ú.ÚMÚ -72.51
F -112.55 140.25 Ú.ÚMÚ -82.41
P -90.11 8.31 Ú.ÚMÚ -23.44
G -54.72 -24.68 Ú.ÚMÚ
N -89.86 2.58 Ú.ÚMÚ 131.35
L -61.54 -43.83 Ú.ÚMÚ -172.62

ÝÞ-ß
AC ClusterId

S (S,3)
C (C,1)
T (T,2)
H (H, out)
F (F, out)
P (P,2)
G (G,3)
N (N, out)
L (L,1)

Table 2. Example of the Mapping Function �
We storedthesemappingsand scannedthem to deter-

mine the frequency of differentmappingsfor eachtripep-
tide fragmentoccurringin the proteinsequences.Due to
the large numberof possibletripeptidefragments(8000),
the setof proteins � (2000proteinsin our example)also
providesa very large numberof occurringtripeptidefrag-
ments(240000). In the derived frequency table, for each
tripeptidefragmenta list of the differenttriples of cluster-
ids andtheir frequenciesis stored.Table3 shows a portion
of thefrequency tablefor �:"��5J .

Table 3 containsa full list of cluster-id triples for the
tripeptidefragmentN T N. Two observationscanbederived
from thetable.First, thereis asignificantpreferencefor the
first triple, andsecond,cluster1 for threonine(T,1) occurs
only oncein thelist. Cluster1 is theclusterwith thelargest
sizein theclusteringfor themiddleaminoacidresiduethre-
onineandcanbe considereda goodpreferencefor threo-
nine in the conformationspace.The list shows that in the
neighborhoodof two asparagineresiduesthreonineavoids
theusuallypreferredconformationspaceof cluster1.

This kind of frequency tableswhich canbe considered
asa new classof rotamerlibraries,providesan easyway
of detectingof a-priori unknown relationships. The next
stepsin our further researchwill be thedevelopmentof an
adequatevisualizationof suchlibrariescombinedwith au-
tomatedalgorithms,allowing scientistsafastexplorationof
thelibrariesandenablingthemto find ruleswhich arehid-
den in the dataset. Furtherinvestigationsare intendedto
exploreapplicationsto theproteinfolding problem.



Î7ÎOÎ
(N,8) (T,3) (P,1) 2
ASN THR ASN
(N,2) (T,3) (N,9) 109
(N,4) (T,2) (N,5) 13
(N,5) (T,5) (N,3) 12
(N,1) (T,4) (N,1) 11
(N,3) (T,4) (N,1) 7
(N,7) (T,3) (N,4) 6
(N,3) (T,4) (N,3) 5
(N,5) (T,5) (N,5) 4
(N,4) (T,5) (N,5) 3
(N,1) (T,3) (N,1) 3
(N,2) (T,3) (N,9) 3
(N,1) (T,3) (N,1) 2
(N,4) (T,3) (N,7) 2
(N,1) (T,4) (N,3) 2
(N,1) (T,4) (N,3) 1
(N,3) (T,3) (N,1) 1
(N,5) (T,1) (N,2) 1

(N,out) (T,2) (N,1) 1
(N,6) (T,3) (N,1) 1
(N,2) (T,3) (N,1) 1
(N,5) (T,3) (N,1) 1
(N,1) (T,4) (N,2) 1
(N,2) (T,3) (N,2) 1
(N,3) (T,4) (N,3) 1
(N,2) (T,3) (N,7) 1
(N,4) (T,5) (N,8) 1
(N,2) (T,3) (N,2) 1
(N,1) (T,3) (N,3) 1
(N,3) (T,3) (N,3) 1
(N,5) (T,2) (N,3) 1
ASN THR GLU
(N,4) (T,2) (E,4) 6Î7ÎOÎ

Table 3. Part of the Frequenc y Table for �9"��5J
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