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Abstract

In thepasta goodnumberof rotamerlibrarieshavebeen
publishedwhich allow a deepemundeistandingof the con-
formational behavior of amino acid residuesin proteins.
Sincethe numberof available high resolutionX-ray pro-
tein structueshasgrownsignificantlyoverthelastyears, a
more compehensivanalysisof the conformationabehav-
ior is possibletoday In this paper we presenta methodto
compilea new classof rotamerlibraries for detectingin-
terestingrelationshipsbetweerresidueconformationsand
their sequentiatontectin proteins. Themethods basedon
a new algorithm for clusteringresidueconformations.To
demonstate the effectivenes®f our methodwe apply our
algorithmto a library consistingof all 8000tripeptidefrag-
mentsformedby the 20 native aminoacids. The analysis
showssomevery interestingnew results,namelythat some
specifidripeptidefragmentsshowsomeunexpectedconfor
mationof residuesnsteadof thehighly preferredconforma-
tion. In the neighborhoodof two aspaiagine residuesfor
example threonineavoidsthe conformationwhich is most
likely to occurotherwise Thenew insightsobtainedby the
analysisare importantin undestandingthe formationand
predictionof secondarystructuie elementsand will conse-
guentlybe crucial for improving the state-of-the-arbf 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
methodshave beenappliedto thePDBto extractknowledge
aboutthe conformationabehavior of aminoacid residues.
Amino acidsidechainconformation$ave beenstudied for
example,by [4, 5, 13]. Thesestudiesresultedin sidechain
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rotamerlibraries, which consistof a list of discretecon-
formationshaving a weightwhich correspondso their fre-
gueng in the PDB. Sincethe PDB containsa multitude of
high-resolutiorstructuresit wasalsopossibleto determine
rotamerpreferenceslependingon the backboneconforma-
tion. Basedon this idea, a numberof weak correlations
of rotamerdistributionsandsecondangtructurehave been
found[14, 16]. Recently abackbonedependensidechain
rotameribrary hasbeenpresentedby [9, 7]. Theeffective-
nessof the backbonedependentotamerlibrarieshasbeen
shawvn by [8, 2] for homology modelingand by [15] for
NMR andX-ray structurerefinement.

Althoughtheideaof usingrotamerlibrarieshasalready
beenappliedsuccessfullyn thepast,until now only asmall
fraction of its potentialhasbeenrevealed. The backbone
dependenside chainrotamerlibrary mentionedabove, for
example,only usesl32 out of the about2000proteinswith

aresolution< 2,&, which areavailablein the PDB. For the
betterunderstandingf tertiary structuresit is highly desir
ableto compilecomprehensie rotamerlibrarieswhich are
basedon all proteinstructuresavailablein the PDB. Using
sucha rotamerlibrary, for instance,onewould be ableto
determinehow the conformationof an aminoacid residue
(in particularthatof asidechain)in aproteindependsnits
neighborsn the sequenceTo find andunderstandguchre-
lationships,a new methodis requiredwhich is ableto deal
with largeamountsof residueconformationsndto classify
themeffectively. Our new methodpresentedn this paper
is basedon a clusteranalysisn the conformationspace(cf.
section2). The basicideais to modelthe conformationof
aminoacidresiduesor small peptidefragmentsaspointsin
the multidimensionaldihedralanglespace.The clusteral-
gorithmsthendetermineglustershy assigninganinfluence
function to eachdatapoint, by summingup all influence
functionsto determinethe overall densityfunction, andby
finding the maximaof the overall densityfunction usinga
gradient-basedill-climbing procedurégcf. section3). The
methodis usedto compilea new classof rotamerlibraries



which allows new insightsinto interestingdependencelse-
tweenthe 3D-structureof small peptide chain fragments
andtheir sequentiatontext. In section5, we evaluatethe
effectivity andefficiency of our new approachandprovide

someinterestingresultsshaving, for example,thatin the
neighborhooaf two asparagineesiduesthreonineavoids
theconformatiorwhichis highly preferredotherwise Note
thatournew methodis generallyapplicableto arbitrarypro-

tein fragmentsin this paper however, we restrictoursehes
to the evaluationandanalysisof tripeptideconformations.

2. Generalldea

In the backbonedependentotamerlibrary developed
by [7] for eachresiduetype a probability distribution of
the side chainangle x; is calculatedfor eachnodeon an
equidistantgrid in the 2D (¢, 1))-space. The distributions
of x2, x3 and x4 only dependon the previous side chain
dihedralangle.For detectingmoreglobalrelationshipghis
methodbecomesnefficient sincethe sizeof the grid grows
exponentiallyin the numberof consideredangles.Another
problemarisesif oneis interestedn the probability distri-
bution of morethanoneangle.Using Bayesiarstatistics,t
is difficult to derive combineddistributionsof two or more
angles.

The conformationof aminoacid residuesor small pep-
tide fragmentsanbedescribedy datapointsin a multidi-
mensionatihedralanglespace Theapproachwe areusing
partitionsthe multidimensionalanglespacecorresponding
to theobsenreddatadistribution by clusteringthedatain the
dihedralanglespace.More formally, this canbe described
asfollows. Givenis a setof proteinsequenced. A se-
guencep € P is denotedasa string of linked aminoacid
residues: from thesetof naturalaminoacidsA:

peEP p=aiaz...,aq, a; € Aji=1,...,1L

In our approach,we do not directly usethe real tertiary
structuresince the mappingof the 3D coordinatesof the
structureto dihedralanglesbasicallycontainsall relevant
informationaboutthe protein structureandis mucheasier
to handle.For clearnotationswe introducethemappingD
of the3D atomcoordinate®f aproteinp € P to asequence
of vectorsof dihedralanglesas:

p€ P, D(p) = s1,52,...5, s; € [—180,180)%,
i=1,...,1

with d; beingthe numberof dihedralanglesfor theresidue
a;. For example,d; is 3 for a; = G (glycine)andd; = 7
for a; = A (arginine). Thecomponent®f avectors; are

@
' (¢>’¢}aw7X17"'7Xdi—3)

;di:3
;3<d; <7

We usethe dihedralanglesof oneresidueasthe smallest
unit for detectingrelationships. Note that one can easily
modify the structureof the databy, for example,grouping
thedihedralangles.

To producethe rotamerlibrary for detectingrelation-
shipsbetweenthe 3D-structureof a residueandin its se-
guentialcontext two stepshave to be performed.

Stepl For all differentresiduesio:
Determineall conformationsof the residuein the pro-
tein structuresof P and partition the conformational
angle spaceaccordingto the obsened data distribu-
tion by usinga clusteralgorithmwhich identifieshighly
populatedareasin the multidimensionaddihedralangle
space.

Step2 For all residuesin the protein sequencesteplace
thedihedralanglevectorwith the clusterid of thatvec-
tor andbasedon the resultingdata,build frequeng ta-
blesfor all differentresiduefragmentsof fixed length
by countingthe occurrencesf all fragmentswvhich cor-
respondo the samesequencef clusterids.

In the resultingfrequeny tables,we obtain significantin-

formation about dependencebetweenthe residuesin a
givensequentiaheighborhoodndthepreferencdor acer

tain conformationaktructure.Note thatmostof thesecor-

relationscan only be detectedf the sequentiakcontext is

consideredlIn thefollowing, we discusghe mostimportant
stepof our approachnamelybuilding the frequeng tables
by clusteringthedihedralanglespacejn moredetail.

3. Clustering the Dihedral Angle Space

In the clusteringstep,the denselypopulatedareasn the
conformationakpaceof eachof the 20 naturalaminoacid
residueshave to beidentified. This canbe doneseparately
for eachof theresiduesAs thefirst stepof theclusteringal-
gorithm,the sourcedatafor the clusteranalysisof aresidue
a € A is determinedby collectingall conformationsof a,
which occurin the proteinconformationsn P. In addition
to the residueconformation,the proteinnameandthe po-
sition of the residuein the proteinchain are stored. With
this additionalinformationit is possibleto retrieve the se-
guentialcontext of a residueconformationafterthe cluster
analysis.The consideredetof proteinsP containsall pro-
teinsfrom the PDB, which have resolutionsof the X-Ray

structureof < 2A. With this condition, P containsabout
2000 proteins. From this setof proteins,we geta confor
mationaldatasetfor eachresiduewith a sizerangingfrom
48.000(for alanine)to 9000(for tyrosine).In orderto geta
goodnumberof classifiedripeptideconformationdor each
of the8000possibletripeptidefragmentswe usedthecom-
pletedatasetsin the clusteranalysis.
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Figure 1. Effect of the Warp-Ar ound

Thetaskof the clusteralgorithmis to groupthe objects
from the given datasetsinto smaller homogeneousand
meaningfulsubsetsvhich arethe clusters.In our case the
objectsareconformationf oneresiduetype describedy
a vector of dihedralangles. To formally definethe term
homogeneous, we needan appropriatedistancemeasure
ontheobjects.In caseof dihedralanglevectorsiit is rather
straight-forvard to extend the Euclidian distanceto mea-
suretheshortespathof transformatiorbetweertwo residue
conformationsThis canbedefinedas

x,y € [~180,180)¢, dist(x,y) =

d
Z |~'Uz' - yi|27
; (360 — |z; — Z/i|)2;

i=1

|z —yi| <180
else

The impact of this distancemeasureis the wrap-around
at the borders. The effect is shavn in figure 1 wherethe
shadedareadisplaysa two-dimensionakpherearoundthe
the point (—180, —180). After definingthe distancemea-
surewe haveto defineanadequat@éotionof clusters.Since
thedefinitionof clusterdargely depend®nthedataandthe
application,we first tried to geta visual impressionof the
structureof clustersin our application. For this purpose,
we usedthe Ramachandran-Plaif the actual conforma-
tion set,which is a projectionto the (¢, )-plane. Figure
2 shaws the (¢, 1)-plot of glycine conformationsasan ex-
ample. Note thatthe plot is only a projectionof the high-
dimensionaldihedral angle spaceto the two-dimensional
display space,which involves loosing some information.
Neverthelessthe plot revealssomeimportantpropertiesof
theclusteringin ourdataset. Thefigureshavsdenselypop-
ulatedareaswhich areseparatedby nearlyemptyspace.lt
is well known from biochemistrythat preferredareasexist
in the conformationspace andthe clustersin the plot cor-
respondo preferredsecondangstructureelementsn which
theresiduesareinvolved. Two further obsenationscanbe
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Figure 2. Ramachandran-Plot for Glycine

derivedfrom the plots: First, the shapeof the clustersis not

fixedto certainshapege.g.,sphericalshapespndsecond,
the spacebetweenthe clustersis filled with a significant
numberof outliers. Outliersarepointswhich do not belong
to ary cluster The obsenationsleadto restrictive require-
mentsfor the clusteralgorithm: The algorithm shouldbe
ableto find clustersof arbitrary shape,handlea variable
amountof outliers,andefficiently dealwith a large multi-

dimensionadataset(up to 50.000points). Fromthe wide

rangeof clusteralgorithmswhich have beenproposedn

the literature[6, 10, 20], only few algorithmsfulfill these
requirementsand none of themworks efficiently on large
amountsof multidimensionabata. A new approachwhich

hasbeenrecentlyproposeddy the authorsin the context of

knowledgediscovery in multimediadatabasefl1, 12] can
beadaptedo meettherequirements.

In thefollowing, we briefly introducethe algorithmand
describeheadaptatiorio theproblemof clusteringthecon-
formationspaceof aminoacidresiduesFor our definitions,
we needa pointdensityfunctionwhichis determinedased
onkerneldensityestimation(KDE) [18, 17].

Definition 1 (Density Function - KDE)

GivenN conformationslescribedy a setof dihedral angle
vectos D = {z;,...,zx} C [-180,180)% and h bethe
smoothneskvel. Then,the density function fD basedon
thekerneldensityestimatorK is definedas:

(@) = Nith(x;Lw,>

Kernel density estimationprovidesa powerful framework
for finding clustersin large datasets. In the statisticslit-
erature variouskernelsK have beenproposed.Examples
aresquarewave functionsor Gaussiarfunctions.An exam-
ple for the densityfunction of a two-dimensionadataset
(¢ — 9 plot of glycine) usinga Gaussiarkernelanddiffer-
entsmoothinglevels h = {40, 10} is providedin figure 3.
A detailedintroductionto kerneldensityestimationis be-
yondthe scopeof this articleandcanbefoundin [18, 17].
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Figure 3. Example for Density Functions

Accordingto [11, 12], clusterscannow be definedasthe
maximaof the densityfunction, which areabove a certain
noiselevel . Usingthe noiselevel, the algorithmcanhan-
dle large amountsof outliers,which areresponsibldor lo-
calmaximumswith low pointdensity

Definition 2 (Center-Defined Cluster)

A centerdefinedcluster for a maximumz* of the density
functionfD isthesubseC' C D, withz € C beingdensity-
attractedby z* and f2(z*) > ¢. Pointsz € D are called
outliersif they are density-attactedby a local maximume,

with fP(z*) < €.

According to this definition, eachlocal maximum of the
densityfunction which is above the noiselevel ¢ becomes
a clusterof its own and consistsof all points which are

(dg=2

Figure 4. Example of Multicenter -Defined
Cluster s for diff erent &

density-attractedy the maximum. The notion of density-
attractionis definedby the gradientof thedensityfunction.
Thedefinitioncanbeextendedo clusterswvhicharedefined
by multiple maximaandcanapproximatearbitrarily-shaped
clusters.

Definition 3 (Multicenter -Defined Cluster)
A multicenterdefinedclusterfor a setof maximaX is the
subsetC C D, whee

1.Ve € C Jz* € X :
attractedto z* and

fE(z*) > & =z is density-

2. Vzi,z5 € X : JapathP C F? fromz} to x4 above
noiselevel .

Figure 4 shaws the multicenterdefinedclustersfor differ-
ent{. When¢ increasesmore and more clustersget sep-
arated. Note that the resultingclustersmay have an arbi-
trary shapeandthat all the resulting clusteringsrepresent
valid clusteringsdescribingsomecharacteristicsf the data
set. Our definitionsof clustershave two importantparam-
eters,namelythe smoothnes# andthe noiselevel £&. The
parameterh describeghe influenceof one datapoint on
its neighborhood.Therearetwo extremevaluesh,, ., and
hmin- If B > hge. theinfluenceis propagatedso far that
the densityfunction fP hasonly onelocal maxima. The
otherextremevalueis h < h,,;, in which casethe kernel
functionsbecomdittle peaksandeachdatapoint becomes
a densityattractorof its own. Choosinga good ~ canbe
doneby consideringdifferenth anddeterminingthelargest
interval betweerh,,, o, andh,,;», wherethenumberof den-
sity attractorsis almostconstant. The clusteringresulting
from that approachcanbe seenasnaturallyadaptedo the
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dataset. In figure 5 we provide anexamplefor the number
of densityattractorsn(h) dependingn h. Thesecondpa-
rametel describesheminimumdensitylevel aborewhich
a densityattractoris consideredignificant. A goodchoice
for £ helpsthe algorithmto focuson the denselypopulated
areasandto save computationatime. Note thatthe border
of a clustermay bein regionswith a densitylower than¢.
Importantis thatthe densityattractorz* hasf?(z*) > ¢.
The detailsof the theoreticafoundationsandimplementa-
tion of the DENCLUE andthe OptiGrid algorithmare be-
yondthe scopeof this paperandaredescribedn [11, 12].

4. Building Fragment Rotamer Libraries

With the resultsderived by the clusteranalysis,we are
now ableto build the desiredfrequeng table. The result
from the clusteranalysisis that eachresidueconformation
in the proteinstructurep € P hasbecomepartin exactly
one cluster (the outliers are groupedinto a specialclus-
ter). Formally, we introducea mappingfunctionC' from the
residueconformationsgnto the setof clusteridentification
C1. This function providestheidentificationof the cluster
for agivenresidueconformation.

p € P, D(p) = s1,...,5,,
VjE{l,...,lp}IC(Sj) =cj, Cj eCI

For amorecorvenientnotation,we write forp € P :

C(D(p)) := C(s1),..

The fragmentrotamerlibraries can be compiledbasedon
the mappingC for differentfragmentsizeswithout recom-
putingthe clusteranalysisin stepl. Letbet > 1 thefrag-
mentsizefor the desiredlibrary. The fragmentrotamerli-

brary L canbe consideredasa relation,whereeachof the
20? possibleresiduefragmentsof lengtht correspondo a
finite setof ¢-tuplesof clusterids. The setA? is the setof

5 C(s1,) =c1y..050,.

the fragmentswith length¢ basedon the set A of the 20
naturalaminoacidresidues.

x € A' L(z) = {[(c],---,¢;),h"], ...,

(e, eh), =]}

Eachtuple i matchesto h* > 1 occurrence®f the corre-
spondingfragmentandits mappinggivenby the ¢-tuplein
the proteinstructuregp € P. Thefrequeng h of eachtu-
ple is providedin L asa statisticalinformation aboutthe
preferencef the correspondindragmentfor theconforma-
tion spacecorrespondingo the t-tuple of clusterids. The
significanceof suchpreferencesependstronglyontheto-

lo

tal number)_ h* of occurrencesf the examinedfragment
i=1

x € Al in the proteinstructuregpp € P. Frequeny tables

canbeseenasabasisfor miningassociatiomules[1, 19] or

correlationrules[3], which expressthefoundknowledgein

asimilarway to logic rules.

5. Results

In this sectionwe focuson the applicationof the cluster
algorithmto conformationatlataof aminoacidresiduesand
provide asanexamplea rotamedibrary for tripeptids. The
algorithmusinga Gaussiarkernelwas appliedto eachof
the 20 conformationdatasetsfor differenth = o (o1 = 10,
o2 = 20, o3 = 30 andoy = 40). To getafirstimpression
of the results,we plottedthe numberof local maxima(not
clustersyependingno. Figure6 shavsthreetypicalcases
which occurredin our analysis:(a) thereexistsaninterval
wherem(o) is almostconstant(b) m (o) slowly decreases
(c) m(o) rapidly decreasegnote the scaling). Residues
with a behaior suchas the one presentedn case(c) of
Figure 6 are mostly hydrophileand have long side chains
describedby x4, -- -, x4. Hydrophileresiduesoften occur
atthesurfaceof aproteinandthesidechainreachesnto the
waterwhereno stableconformationis adapted.As a con-
sequencethe datapointsareuniformly distributedin these
dimensionsandno preferencecanbe detected.It seemdo
be morerealisticto neglect x3 and x4 and postulatethem
asfreely rotatable.Figure 7 shaws the effect of negglecting
x3 andy4 onthe numberof densityattractors.From Fig-
ure7 it is clearthattheassumptiothat s andy4 canrotate
freely leadsto morerealisticclusterings a resultwhichis
alsosupporteddy [7].

With theseresultswe canbuild the mappingfunctionC'
from the residueconformationsto the clusterids we for-
mally introducedin section4. A clusteridentificationcon-
sistsof theresiduenameandthe clusternumber Theclus-
tersarenumberedn the orderof decreasingize. In Table
1, we provide an exampleof a clusteringandin Table2 an
exampleof the mappingfor theclusteringswith o = 40.
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e cluster(T,1); size:8904/3521225.29% center:
¢=-1071 ¢ =1292 w=1787 x1=-58.1

e cluster(T,2); size:8303/3521223.58% center:
¢=-1134 ¢ =1606 w=1784 x1 =613

e cluster(T,3) size:8293/3521223.55% center:
¢=-883 =-145 w=-179.6 x1=>59.6

Table 1. Cluster for Threonine (not complete),
o =40

AC ¢ v X2 AC  Clusterld
S -8254 -2318 ... S (S3)
C -101.64 22.62 c (C)
T -83.39 159.20 ... T (T2
H 63.44 17.12 ... -7251 ¢ H (H,out)
F -11255 140.25 ... -82.41 F (Fout)
P -90.11 831 ... -23.44 P (P2
G 5472 -2468 ... G (G3)
N -89.86 258 ... 13135 N (N, out)
L -61.54 -4383 ... -172.62 L (L2)

Table 2. Example of the Mapping Function C

We storedthesemappingsand scannedhemto deter
mine the frequeng of differentmappingsfor eachtripep-
tide fragmentoccurringin the protein sequencesDue to
the large numberof possibletripeptide fragments(8000),
the setof proteinsP (2000 proteinsin our example)also
providesa very large numberof occurringtripeptidefrag-
ments(240000). In the derived frequeng table, for each
tripeptidefragmenta list of the differenttriples of cluster
ids andtheir frequenciegs stored.Table3 shovs a portion
of thefrequeng tablefor o = 40.

Table 3 containsa full list of clusterid triples for the
tripeptidefragmentN T N. Two obsenationscanbederived
from thetable.First, thereis a significantpreferencdor the
first triple, andsecondglusterl for threonine(T,1) occurs
only oncein thelist. Clusterl is the clusterwith thelargest
sizein theclusteringfor themiddleaminoacidresiduethre-
onine and can be considereda good preferenceor threo-
nine in the conformationspace.The list shows thatin the
neighborhoof two asparagingesidueshreonineavoids
theusuallypreferredconformationspaceof clusterl.

This kind of frequeng tableswhich canbe considered
asa new classof rotamerlibraries, provides an easyway
of detectingof a-priori unknown relationships. The next
stepsin our furtherresearctwill bethe developmentof an
adequatevisualizationof suchlibrariescombinedwith au-
tomatedalgorithms allowing scientistsafastexplorationof
thelibrariesandenablingthemto find ruleswhich are hid-
denin the dataset. Furtherinvestigationsare intendedto
exploreapplicationgo the proteinfolding problem.



(N8 (T3 (P 2
ASN  THR ASN
(N,2)  (T,3) (N,9) 109
(N4) (T2) (N5) 13
(N5)  (T,5) (N,3) 12
(N1) (T4 (N1) 11
(N3 (T4 (N1 7
(N7)  (T,3) (N4) 6
(N3) (T4) (N3) 5
(N5)  (T,5) (N5 4
(N4 (T5) (N5 3
(N1)  (T.3) (N1) 3
(N2  (T,3) (N9) 3
(N1)  (T,3) (N1 2
(N4) (T3 (N7) 2
(N1) (T4 (N3) 2
(N1) (T4 (N3) 1
(N3  (T.3) (N1 1
(N5) (T, 1) (N2) 1
(Nou) (T,2) (NJ1) 1
(N6) (T.3) (N1) 1
(N2 (T,3) (N1 1
(N5)  (T,3) (N1) 1
(N1) (T4 (N2) 1
(N2 (T.3) (N2) 1
(N3 (T4 (N3) 1
(N2  (T3) (N7) 1
(N4) (T5) (N8) 1
(N2 (T.3) (N2) 1
(N1)  (T.3) (N3) 1
(N3 (T,3) (N3) 1
(N5)  (T2) (N3) 1
ASN  THR GLU
(N4) (T2) (E4) 6

Table 3. Part of the Frequenc y Table for ¢ = 40
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