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Chapter9

SHEET CONFIGURATIONS

9.1 Intr oduction and Moti vation

Figure9.1: Highlighting thesecondarystructureelementsin the three-dimensionalstruc-
tureof ProteinL. Wewill usethefour-strandedsheetof ProteinL asexamplein this intro-
duction.

Whena protein is folded ab initio with ROSETTA, the score(introducedin Chapter8)

getsa big boostwhen two strandscometogetherand form a sheet,or if a singlestrand

getsattachedto analreadyexistingsheet.After generatingmany decoys usingROSETTA,
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we found that very frequentlythe sheetsconsistof strandsthat areadjacentin sequence,

building an”up-down” motif asshown in Figure9.2(a).

N C

(a) The “up-down” motif, a common

motif in ROSETTA decoys.

N

C

(b) Thesheetcon�gurationof thefour

strandsin ProteinL.

Figure9.2: Two commoncon�gurationsof four-strandedsheets.

Thereareplentyof proteinsof known fold thatactuallydohavesucha four-strandedsheet

motif. Our concernwas that dis-proportionallymany decoys madewith ROSETTA had

thatup-down motif. Thissuspiciongotcon�rmedwhenwecomparedlocalpairsof strands

in sheetsbetweenROSETTA decoys andrealproteins.A local pair of strandsis a pair of

neighborstrandsin asheetwith thetwo strandsadjacentalongthebackboneof theprotein.

Otherwise,thepair is callednon-local.Theup-down motif in Figure9.2(a)thereforehas

threelocal pairsandno non-localpair of strands,while ProteinL (Figure9.1)hasa motif

with two local pairsandonenon-localpair of strands,seeFigure9.2(b). In Figure9.3we

show the distributionsof local versusnon-localstrandpairs in decoy setswe createdfor

differentproteins.This distribution seemsappropriatein decoy setsfor proteinsthathave

few non-localpairs,suchastheproteinswith four-letterabbreviations1pgx,1sro,1vif and

2ptl. Thelatter is theabbreviation for ProteinL, and
�����

of thedecoys we madeactually

hadthe correctnumberof local andnon-localpairsof strands.Mattersget considerable
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Figure9.3: Thedistributionsof local versusnon-localstrandpairsin decoy setsfor vari-
ousproteins.Thenumberssuper-imposedonto thepanelsareroundedpercentagesof the
frequency of decoyswith therespectivenumberof localandnon-localstrandpairs.A zero
thereforestandsfor apercentage� with �����	�
����
 .

worsein decoy setsfor proteinswith many non-localstrandpairs, suchas the proteins

abbreviatedby 1ah9,1hqi,1ksrand1vqh. For 1ah9and1ksrwe actuallyfailedto make a

singledecoy (out of 10000+decoys) with thecorrectnumberof local andnon-localstrand

pairs!

Thestrand-strandpackingtermintroducedin Chapter8 only governshow many sheetswill

be formed,given the numberof strands.However, it doesnot in�uence how strandsget

arrangedin sheets.Given theabove, thereis plenty of motivation for developinga prob-

abilistic modelof what we call sheetcon�gurations. We would certainly like to know a

priori which motifs we shouldexpect to seein a setof decoys we fold with ROSETTA.

Quite possibly, somemotifs that occur frequentlyin the databasemight be rareor com-

pletelymissingin thesetof decoys,andat thesametimetheremightbeplentyof up-down

motifsalthoughwewouldnot reallyexpectto seethemin thestructureweareconsidering.
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The scoringfunction in ROSETTA is helpful in guiding a sequenceof aminoacidsto a

reasonable,protein-like fold. But of courseit doesnot generatethecorrectfold determin-

istically, anda varietyof structuresis built. Sincethesedecoys werebuilt usingthesame

scoringfunction,they areusuallyfairly low-scoring,andwedonotexpectto seeverymuch

of a correlationbetweenscoreandroot meansquaredeviance. Hencewe have to rely on

some“post-�lters”, i. e.scoringfunctionssomewhatindependentof theROSETTA scoring

function,to selectthebestamongthedecoys. Thesepost-�lters includeall-atompotentials

(afteraddingall sidechainatomsto thedecoys),andclusteringprocedures[42]. A proba-

bilistic modelof sheetcon�gurationscertainlycouldbeusedasa post-�lter. It couldalso

beusedto pre-selecta subsetof thedecoys with a sheetcon�gurationdistribution accord-

ing to the probabilisticmodel,basicallyasa “prior” distribution, andthenusethe above

mentioned�lters to searchfor the bestdecoys. Ideally, the probabilisticmodelof sheet

con�gurationscould be usedasa featurein the scoringfunction,which we hopewe can

implementsometime in thefuture.

9.2 A Model for SheetCon�gurations

Theproteinswe try to fold usuallydo not exceed150residues,andthereforethenumber

of strandsin the folds almostnever reachdoubledigits. The datawe gatheredfrom the

database(seehttp://www.fccc.edu/research/labs/dunbrack/culledpdb.html) werefrom pro-

teinsof unrestrictedlengths,but we only includedsheetswith at most ten strandsin the

investigation.We want to stressthoughthatby theway we build themodel,sheetsof any

sizecanbescored.Further, someproteinsbuild barrels,i. e.secondarystructureensembles

in which every strandhastwo neighbors.ROSETTA currently is not ableto build these

structuresconsistently, andthereforewe limit ourselvesto scoringdecoys of proteinsthat

donothavebarrelmotifs. In principle,thescoringfunctioncouldeasilybemodi�ed if one

wantedto includethebarrels.
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Strictly speaking,nothingbut the sequenceof aminoacidsof the protein is known in ab

initio structureprediction.To selectthefragmentsin themovesetof ROSETTA (see[44]),

we make useof secondarystructurepredictions,a servicefreely availableon theWeb(for

exampleunderhttp://www.embl-heidelberg.de/predictprotein/predictprotein.html). Since

the secondarystructurepredictionsare usedto generatethe move set in the simulated

annealing,the secondarystructureelementsin the decoys areusuallycloseto thosesec-

ondarystructurepredictions. The secondarystructurepredictionsalso includemeasures

of certaintyassociatedwith thepredictionsat all positions,which canbeconsideredfairly

reliable.With amorecomplicatedframework it mightbepossibleto build thesheetcon�g-

urationmodelincorporatingtheuncertaintyaboutthesecondarystructureprediction,and

build a modelto quantify theprobabilitiesof theoverall con�gurationsin thedecoys (in-

cluding the numberof strands).However, we decidedto considerthe numberof strands

�x ed(i. e. looking at onedecoy at a time), andmodelits sheetcon�guration with its sec-

ondarystructuregiven.

To helpunderstandingthemodel,wegivea brief generaloverview of thestepsinvolvedin

building it. As alreadymentioned,wechoosethefragmentsin ROSETTA accordingto the

secondarystructureprediction.Thediagrambelow shows theformatof sucha secondary

structureprediction. Given are the sequenceof amino acids(AA), the prediction(here

PHD) in which secondarystructureelementtheresidueis, the individual probabilitiesfor

helix (prH), strand(prE) andloop (prL), andthe reliability (Rel) of thatprediction. With

this, we useROSETTA to generatedecoys. To scoredecoys, we generatea probability

model for the sheetcon�gurations,assumingthe numberof strandsis known. Next, we

needa modelto decidehow many sheetsthestrandsbuild. Realizingthat for examplein

proteinswith 5 strandsweonly seeasingle� ve-strandedsheetor two sheetswith two and

threestrandsrespectively, we looselyreferto this termin our modelasthe“Poker Hand”.

Giventhenumberof strandsandsheets,thenext stepis tomodelthe“sheetdecomposition”,

i. e. which strandbelongsto which sheet.The third stepin our model targetsthe actual
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sheetcon�guration - knowing which strandsform a sheet,in which motif do they align?

Theemphasisclearlyis on thelaststep,sincemostsmallproteinsonly have a singlesheet

in whichall strandsgetaligned.

SecondaryStructurePrediction
....,....1....,....2....,....3....,. ...4. ...,.. ..5.. ..,.. .

AA |MIPGGLSEAKPATPEIQEIVDKVKPQLEEKTNETYGKLEAVQYKTQVVAGTNYYIKVR

PHD | HHHHHHHHHHHHHHHH EEEEEEEEEEEEEEEEEEEEE

Rel |999998899874368999999989997422775221 36866 878788 73414 69999 6

prH-|0000000001133789999999899976441 12333 21011 000000 00000 00000 0

prE-|0000000000000000000000000001100 00123 57877 888888 75346 79999 7

prL-|9998988998866210000000100012357 87543 21011 111111 13643 20000 2�
SecondaryStructure

TTTEEEEETTTEEEEEETTTTHHHHHHHHHHHTTTTEEEEETTTEEEEEETTTTEEEEEETTT�
Numberof Sheets�

SheetDecomposition
TTTEEEEETTTEEEEEETTTTHHHHHHHHHHHTTTTEEEEETTTEEEEEETTTTEEEEEETTT

1 1 2 2 1�
SheetCon�guration

Modelingthearrangementof strandsinto sheets,we assumethesecondarystructureto be

known. Althoughthearrangementof strandsinto sheetsmaydependon many characteris-

ticsof theproteinunderconsideration,wedecidedafteraninitial exploratorydataanalysis

to only usetwo additionalfeaturesof proteinsin our model,which we canconsidergiven

togetherwith thesecondarystructure.
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(a) Thehelicalstatusof theprotein.

Using our experiencefrom previous, unrelatedwork, we considera protein to be

helicalif at least ����� of its residuesarepartof ahelix.

(b) Thelengthsof theloopsbetweenstrands.

Whatwecall loopin thiscontext is simplythesequenceof aminoacidsthatconnects

thestrandsunderconsideration.Thereforeour loopscanalsocontainresiduesthat

arepartof ahelix. Wede�ned theloopbetweentwo strandsasshortif thenumberof

residueswastenor less,andlong otherwise.This decisionis in agreementwith the

de�nition of sequenceseparationin Chapter8.

We consideredto usemoreknown propertiesof proteinsin our model,suchasthe length

of the strandsin the protein, the protein length (numberof residues)itself, an indicator

whetheror not thereis helical structurebetweentwo strands,etc. However we only in-

cludedthe two featuresdescribedabove, sincethey capturemostof the information the

othercharacteristicsprovide,andbecausetheinclusionof morefeatureswasprohibitedby

thelimited numberof dataavailable.

In ourmodel,weusethefollowing variables:

�
S Thenumberof strandsin theprotein.�
SH Thenumberof sheetsin theprotein.�

The helical status of the protein (either helical or non-

helical).�
Theloop lengthsbetweenstrands,givenasindicators(either

shortor long).
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SD Thesheetdecomposition,i. e. theassignmentof strandsinto

sheets.

SC The overall sheetcon�guration, i. e. the overall description

of thearrangementof thestrands.

SC� The con�guration (motif) of sheet� , i. e. the descriptionof

thearrangementof thestrandsin aparticularsheet.

Knowing thenumberof strandsin theprotein,thelengthsof theloopsbetweenthestrands,

andthe helical statusof the protein,we want to modelthe probability distribution of the

possiblesheetcon�gurations, ��� SC� � S � �	� !#" . Using rules for conditionalprobabilities,

wehave ��� SC� � S �$�%� !#"& ��� SD� SC� � S � �	� !#"& ��� SC�SD� � S � �	� !#"(' �)� SD � � S � �	� !#"& ��� SC�SD� � S � �	� !#"(' �)�*� SH � SD � � S � �%�$!+"& ��� SC�SD� � S � �	� !#"(' �)� SD � � SH � � S � �%�$!+"(' �)�*� SH � � S � �%�$!+" (9.1)

The�rst equationfollowsfrom thefactthatthesheetcon�gurationdeterminesits sheetde-

composition,andhencewe have ��� SD� SC� � S �$�%� !#" & �)� SC� � S � �	� !#" for thespeci�ed

sheetdecompositionSD,and ��� SD, � SC� � S � �%� !#" &.- for all othersheetdecompositions

SD, . Next, wemake thefollowing assumption:��� SC�SD� � S �$�%� !#" & / � ��� SC�$�SD� � S � �%�$!+" (9.2)

Thismeans,weassumethatif wehave two or moresheetsin aprotein,themotifs of those

sheetsareconditionally independent.This assumptionmight for examplebe violated in
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proteinsthatpacksheetsagainsteachother. If two four-strandedsheetsform a“sandwich”,

thenoften the two motifs arealike. However, themotifs in thosesandwichesusuallyare

motifs thatareobservedvery frequentlyanyways,sothatthecorrecttopologywill receive

a high score,andmostdecoys with two differentmotifs in the sandwichwill not. Most

smallproteinsthatwe try to fold have no strandsor only a singlesheet,andin thosecases

wedonot have to makeuseof theassumptionin equation(9.2)anyways.

Themodelcannow bewrittenas0�1
SC2 3 S 4$5%4 6#78 9�: 0�1

SC

: 2SD4 3 S 4 5%4 6#7(; 0�1
SD 2 3 SH 4 3 S 4$5%4 6#7(; 0�1 3 SH 2 3 S 4$5%4 6#7 (9.3)

We refer to
0�1

SD2 3 SH 4 3 S 4 5	4 6#7 asthe “sheetdecomposition”term, to
0�1 3 SH 2 3 S 4 5	4 6#7

asthe “poker hand” term, andto
0�1

SC

: 2SD4 3 S 4 5	4 6#7 asthe “sheetcon�guration” term.

Thehighestinterestcertainlyis in thedescriptionof themodelof thesheetcon�guration

term,which is givenin detail in a separatesection(Section9.2.2).Beforethat,we brie�y

describethemodelfor thesheetdecompositionandthepoker handterm in the following

section. Thesefollowing sectionsarerathertechnical,andtoughwe aremakinga lot of

assumptionsand simpli�cations, we can not alwaysshow the datain detail to illustrate

how they supportthedecisionswe make. However, for theconvenienceof thereader, we

summarizethecontentsof themosttechnicalpartsat theendof therespectivesections.

9.2.1 TheSheetDecompositionandthePoker HandTerm

TheSheetDecomposition

Tomodelthesheetdecompositionof proteins,weusetheentireinformationin thedatabase,

althoughweareprimarily concernedwith smallproteins,whichmostcaseshavenostrands
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at all, or only a singlesheet.Thedistributionof thenumberof sheetsgiventhenumberof

strandsis modeledin thepoker handtermin thesecondpartof this section.For thesheet

decomposition,we canassumethat thenumberof strandsandsheetsareknown. Thefact

thatmostsmallproteinshaveeithernostrandsor only asinglesheetmeansthatthecounts

usedto modelthedecompositiontermarenotveryhigh.

Investigating<)= SD > ? SH @ ? S @ A%@$B+C , wecouldnotestablishadependency of SDon A and B ,

eventhoughtherearescenarioswhereonemight expectthis. We consequentlysimpli�ed

thedecompositiontermto<)= SD > ? SH @ ? S @ A%@$B+CED <)= SD > ? SH @ ? S CGF (9.4)

To modelthis term,we usedthenumberof crossingsasa surrogate.Thenumberof cross-

ings is de�ned as the numberof times that, following the backbonefrom the N to the

C-terminusof theprotein,we leaveasheetandenteranothersheet.Clearly, for thedecom-

positionterm we areonly concernedaboutproteinswith at leasttwo sheets.We assume

that,giventhenumberof strandsandsheets,all decompositionsthatyield thesamenumber

of crossingsareequallylikely. For examplethedecompositionsH(I�JKI�LKIMH(I�JKINL andHKIMJOIMLPIMJQIRHSIML of 6-strandedproteinswith threesheetsbothhave 5 crossings,and

areconsideredequallylikely.

If wehave ? SH sheets,wehaveat least? SH ITH crossings.Very frequentlywesaw proteins

in which the �rst sheetwascompletedbeforethe secondsheetgot started.i. e. it is very

commonthatfoldsachieve thisminimumnumberof crossings.Someof thesefor example

wereproteinsthat hadsandwiches,or proteinsthathadtwo separatepairsof strands.To

predictthenumberof crossinggiventhenumberof strandsandthenumberof sheets,we

split this probleminto two sub-problems.We �rst modeledthe probability of a protein

having the minimum numberof crossings.For thosewhich did not have the minimum

numberof crossings,we modeledthedistribution of thenumberof crossingsin excessof

theminimumnumber.



142

The probability of having the minimum number of crossings: Sincetheoutcomefor

this problemis binary (having the minimum numberof crossingsversusnot having the

minimumnumberof crossings),we usedlogistic regressionto predictthis outcome,using

thenumberof strandsandthenumberof sheets.We �rst usedboththenumberof strands

andthe numberof sheetsaspredictors,but thenfound that dichotomizingthe numberof

sheetswasadvantageous,distinguishingproteinswith two sheetsfrom proteinswith more

thantwo sheets.Themodelwe �t isUWV�X)Y Z[]\ ZE^`_ \badceagf�h]ikjdcelgm�aonqp
S
\r[�csh�tgm�nquwvsx

SH ySz|{ (9.5)

with
u

beingthe indicatorfunctionof theargument,heretaking thevalueoneif
p

SH } h
andbeingzerootherwise.For illustrationwe show the�tted probabilitiesof having more

thantheminimumnumberof crossingsfor somecombinationsof sheetandstrandnumbers

in Table9.1.

Table9.1: The�tted probabilitiesof having morethantheminimumnumberof crossings.

Numberof sheets

2 3 4 ~�~�~
4 0.32

5 0.47

6 0.63 0.32

7 0.77 0.48

8 0.86 0.64 0.64 ~�~�~N
um

be
ro

fs
tr

an
ds

...
...

...
...

...

The distribution of the number of crossings in excess of the minimum number: If the

numberof crossingsexceedstheminimumnumber
p

SH
\�[

, we needa modelthatassigns
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a probability to thenumberof crossingsby how muchit exceeds� SH ��� . Exceedingthe

minimum,wehaveat least� SH crossings.Let � max bethemaximumof crossingsby which

wecanexceed� SH �
� . We de�ne���s�
numberof crossings � � SH � (9.6)

andhence
������� ��������� � max �
��� . Themaximum � max by which thenumberof crossings

canexceed � SH �.� alsodependson the numberof strandsin additionto the numberof

sheets,whichmakesit somewhattricky to useabinomialmodelfor
�

. However, wefound

thatwecansimplify mattersandapproximatethedistributionof
�

usingaPoissonmodel.

SincethePoissondistributionallowscountsfrom 0 to � , weused�����.�����E���¡ d¢£��¤¥� ¤§¦�¥¨ for
�©��� ��������� � max �
��� (9.7)

Theactualprobability
�����.�����

canbederivedby dividing theright handsideof equation

(9.7)by its normalizingconstant,i. e.�����.���d�#� �G �¢£� � ¤ª��«G¬¦®­�¯�k°�±²´³�µ max

�G �¢£� � ¤ª� «·¶² ­ � ���`� �������¸� � max �
��� (9.8)

The term ° ±²¹³�µ max

�G �¢£� � ¤ª��« ¶² ­ of the normalizingconstantis very closeto zero in most

cases.Weestimatedtheparameter
¤

in theprobabilitytermbyºW»�¼ ��¤¥�E� �½���¾��¿gÀ¯Á � �Â��ÃgÀÅÄ � S � � �eÆ�Ç�È�ÄÊÉwËeÌ SH Í]Î|Ï � (9.9)

which is equivalentto ¤Ð�`� �eÈ � ÇoÄ����sÑ��ÒÀ Ì S Ä � �eÇgÑ�Ã�Ó ËeÌ SH Í]Î|Ï � (9.10)

Wesummarizethemodelfor thenumberof crossings.LetÔ
bethenumberof crossingsin excessof � SH �
� ,�
bethenumberof crossingsin excessof � SH (i. e.

ÔÕ��� �
� ),Ö
beanindicatorif thenumberof crossingsexceeds� SH �
� ,
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anddenote

logistic to bethetermin equation(9.5),and

poisson to bethetermin equation(9.8).

We thenhave ×�Ø*ÙÕÚ`Û�Ü#Ú�×)Ø�ÝRÚ�ÛgÜEÚ Þ¡ß�à Ø
logistic

Üá+â Þ¡ß�à Ø
logistic

Ü
(9.11)

andfor ã�ä�å á�æ�ç�ç�ç�æ$è max é we get×)ØêÙëÚ ã ÜìÚ ×)ØêÙíÚ ãïî ÝRÚ á ÜÚ ×)ØêÙíÚ ã�ð ÝRÚ á Ü(ñÊ×�ØòÝRÚ á ÜÚ ×)Øôó.Ú ã½õ á ð ÝRÚ á Ü(ñÊ×�ØòÝRÚ á ÜÚ
poisson

ñ áá+â ÞGß�à Ø
logistic

Ü
(9.12)

Wehavea probabilitymodel

×)Ø
crossings

Ø
SD

Ü ð ö SH
æ ö S

Ü
for thenumberof crossings,given

thenumberof strandsandsheets.Sincewe assumedthat,giventhenumberof strandsand

sheets,all decompositionsthatyield thesamenumberof crossingsareequallylikely (their

numberbeing ÷ùø crossings

Ø
SD

Ü ð ö SH
æ ö S ú say),wehave×)Ø

SD ð ö SH
æ ö S

ÜûÚ ×�Ø
crossings

Ø
SD

Ü´Ü
÷ùø crossings

Ø
SD

æ ö SH
æ ö S

Ü ú (9.13)

if ö SH ü`ý , and1 otherwise.

ThePoker Hand

As in the caseof the sheetdecompositionmodel, we could not establishan additional

dependency of ö SH given ö S on þ and ÿ , andsimpli�ed thepokerhandtermto×)Ø ö SH ð ö S
æ þ æ ÿ ÜEÚ`×)Ø ö SH ð ö S

Ü
(9.14)
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In thepaper[45] includedin Chapter8 wealreadyintroducedapokerhandterm.However,

this termwasusedin thescoringfunctionof theabinitio proteinfolding, andthereforehad

to allow for singlestrands.In realproteinssinglestrandsdonotappear, andournew poker

handtermneedsto re�ect this.

Sinceeverysheethasto haveat leasttwo strands,themaximumnumberof sheetsis

�
Smax

� � �
S����� (9.15)

Let � bethenumberof sheetsin excessof theonesheetrequired,andde�ne �
	 � � Smax �
� .
Hence��������� ����� � ��� . Wemodeled� asabinomialdistribution,assuming

������� � �! �� � S "#" � (9.16)

Furtheranalyzingthedata,we foundthat theprobability in thebinomialdistribution does

notdependon thenumberof strands,andestimated

 $� � S "&%  � � �('*)+� (9.17)

Figure9.4showsthenumberof strandsversusthenumberof sheetsfoundin smallproteins

with ten or fewer strands.The proteinshelical andnon-helicalproteinsareshown sepa-

ratelyto illustratethatthedistributionof thenumberof sheetsgiventhenumberof strands

is independentof thehelicalstatus,asassumedin equation(9.14).

9.2.2 TheSheetCon�guration

Given the sheetdecomposition,we know which strandsform a sheettogether. We also

know the helical statusof the proteinandthe lengthsof all loopsbetweenthe loopsof a

sheet,andwantto modelthedistributionof themotifs thesheetcanadopt.Thestrandsin
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(b) Numberof strandsversusnumberof sheets

in non-helicalproteins.

Figure9.4: Theupperandlowerlimits for thenumberof sheetsgiventhenumberof strands
(solid lines),andtheexpectednumberof sheets(dottedline), usingthe�tted probability.

thesheetcanbelabeledby their numberin sequencealongthebackbone,startingwith the

N-terminusof theprotein.

A motif canthenbe describedby thesequenceof positionsthe strandstake in the motif,

andtheir directions.For a , -strandedsheet,thepositioninformationthereforeis simply a

permutationof thenumbers1 through , (sequence). Neighboringstrandsin thesheetare

eitherparallelor anti-parallel,andwe describethis feature(orientation) by a sequenceof

zerosandones(up/down).

Therearetwo axesof symmetry, asshown in Figure9.5. Thesequencefor thestrandsin

themotif of panel1 is 2143- the�rst strandis atposition2, thesecondstrandis atposition

1, etc.Theorientationfor thestrandsin themotif of panel1 is 0110- the�rst strandpoints

up,thesecondstrandpointsdown,etc.Reversingthesequencein themotif (2143becomes

3412)describesthe �rst axis of symmetry, �ipping the orientation(0110becomes1001)

describesthesecondaxisof symmetry. Sinceit doesnotmatterfrom which anglewe look

at theproteinandwecan�op andspinthestructureaswedesire,thesefour motifsdescribe
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Figure9.5: Fourdifferentmotifs thatrepresentthesamesheet.

the samesheet,andwe only needto consideroneof the four possibilities. To uniquely

characterizethesheet,we requiretwo things:

1. Thesequencestartsleft. For asheetof - strandsthismeansthatthepositionnumber

of the �rst strandis .0/�132465 or less. If - is odd and the �rst strandhasthe middle

positionof thesheet,i. e. its positionnumberis equalto . /7132465 , thepositionnumber

of thesecondstrandin sequencehasto besmallerthan .8/�132465 .
2. The�rst strandpointsup. In otherwords,the�rst numberof theorientationis zero.

With thoserules,wenow alwaysrepresentthe4-strandedsheetin ProteinL by themotif in

panel1 of Figure9.5.
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Thereare 9;: waysto positionthestrandsin a sheetof size 9 , and <>= possibilitiesfor their

orientations,if we ignorethe axesof symmetry. Thus,taking the axesof symmetryinto

account,we have ?@BA 9C: A <D=FEG9C: A <�=IHKJ possible9 -strandedmotifs. In the following

threesections,we considerthe probability distribution of 2-stranded,3-strandedand 4-

strandedmotifs separately. Modeling thosedistributionswithout major assumptionsand

simpli�cations wasfeasiblesincethereareonly 2 motifs for 2-strandedsheets,12 motifs

for 3-strandedsheets,and96 motifs for 4-strandedsheets.After thesethreesectionswe

considertheprobabilitydistributionsof themotifs for sheetswith � veor morestrands.

Sheetswith TwoStrands

Fitting probabilitiesfor two-strandedmotifs is straightforward. Thereareonly two ways

for two strandsto form asheet:parallel(P) andanti-parallel(AP) - seeFigure9.6.

N

C

(a) A parallel pair of

strands.

N C

(b) An anti-parallelpair of

strands.

Figure9.6: Thetwo possiblecon�gurationsof two-strandedsheets.

Table9.2 shows the countsof parallelandanti-parallelpairsof strandswe found in the

database,conditioningon the loop lengthbetweenthe two strandsandthe helical status
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of theprotein. It alsodisplaystheprobabilitieswe usein the �nal model. In general,we

usetheterm“bin” to refer to theclassof structuresthathave a speci�c motif, loop length

distribution,andhelicalstatus.

Table9.2: Thecountsand�tted probabilitiesfor parallelandanti-parallelpairsof strands.

helical non-helical

S L S L

P 8 127 3 32

AP 609 338 278 207

P 0.01 0.27 0.01 0.13

AP 0.99 0.73 0.99 0.87

Sheetswith ThreeStrands

Thereare twelve motifs for three-strandedsheets,shown andlabeledin Figure9.7. We

classify the loop lengthsbetweenthe threestrandsas short-short( LNM ), short-long( LPO ),
long-short( LPQ ) andlong-long( L&R ). For mostbins,theinitially �tted probabilitieswerevery

similar, comparinghelicalandnon-helicalproteins.Using S O -testsfor binswith suf�cient

counts,we determinedwhich bins we could collapseacrosshelical status. We removed

singlecountsfrom binsandusedpseudo-countsto re-�t themotif probabilities,which are

shown in Table9.3.

Sincethe most importantfeaturesof those�tted probabilitiesare hard to grasplooking

at the tablealone,we highlightedthosein Figure9.8. Figure9.8(a)indicateswith black

boxesthebinsthatwerenot collapsedacrosshelicalstatus.It is noteworthy thatall of the

binswerecollapsedacrosshelicalstatuswhenboth loopsbetweenthestrandswereshort,
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Figure9.7: Thetwelvepossiblecon�gurationsof threestrandedsheets.

andalmostall motifs wereup-down-up( T�U ) in thecaseof both loopsbeingshort. Only

sevenbinsin totalwerenotcollapsed,threeof thosefor motif TVU , the“up-down-up” motif.

Motif probabilitiesbiggerthan W7X*Y within eachlengthbin arehighlightedfor helicaland

non-helicalproteins(Figure9.8(b)and9.8(c)respectively).
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Table9.3: The�tted probabilitiesfor three-strandedmotifs.

helical non-helicalZ�[ Z&\ ZP] Z_^ Z�[ Z&\ Z&] Z&^
`V[

0.0043 0.0056 0.0051 0.0491 0.0043 0.0058 0.0051 0.0416`a\
0.0043 0.0056 0.0829 0.0803 0.0043 0.0058 0.0830 0.0681`a]
0.8970 0.4014 0.2761 0.1621 0.8970 0.6107 0.4220 0.2517`b^
0.0043 0.2622 0.0051 0.0285 0.0043 0.0423 0.0051 0.0242`ac
0.0043 0.0056 0.0051 0.0190 0.0043 0.0058 0.0051 0.0161`ad
0.0364 0.0115 0.5472 0.2822 0.0364 0.0118 0.4011 0.2394`6e
0.0043 0.0056 0.0481 0.0315 0.0043 0.0058 0.0481 0.0267`af
0.0043 0.0056 0.0051 0.0142 0.0043 0.0058 0.0051 0.0121`ag
0.0043 0.0056 0.0051 0.1144 0.0043 0.0058 0.0051 0.0121`V[ih
0.0043 0.0056 0.0051 0.0348 0.0043 0.0058 0.0051 0.0295`V[8[
0.0043 0.0270 0.0051 0.0315 0.0043 0.0279 0.0051 0.0267`V[i\
0.0279 0.2587 0.0103 0.1525 0.0279 0.2668 0.0103 0.2517
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(a) Bins that were not col-
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(b) Motif probabilitiesbig-

gerthan j#k�l for helicalpro-
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(c) Motif probabilities big-

gerthan j#k�l for non-helical

proteins.

Figure9.8: A visual displayof the most importantfeaturesof the �tted probabilitiesof
three-strandedmotifs.
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Sheetswith Four Strands

Although thereare 96 possiblemotifs for four-strandedsheets,we observed only 52 of

thosein the database.Among those,18 motifs were observed only once. We saw 872

four-strandedsheetsin the database,but lessthan20 motifs wereobserved ten timesor

more.

Thereareeightclassesfor theloop lengthsbetweenthefour strands,labeledasfollows:

m�n
short short shortm&o
short short longm&p
short long shortm_q
short long longm&r
long short shortm&s
long short longmPt
long long shortm&u
long long long

As for the three-strandedmotifs, we used v o -teststo determinewhich bins to collapse

acrosshelical status,andusingpseudo-countswe �t the motif probabilitiesof the four-

strandedsheets.Displayingall �tted probabilitieswould beratherconfusing(96 motifs,8

lengthclasses,and2 classesfor thehelicalstatusequals1536bins!). Insteadwe show the

motifs thathaveaprobabilityof w>x or morein their respectivebinsin Figure9.9.
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Figure9.9:Four-strandedmotifswith probabilitiesbiggerthan y>z . Theactualprobabilities
(rounded,in percent)areplottedabove themotifs.
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Sheetswith more thanFour Strands

At thebeginningof thischapterweestablishedthatfor a { -strandedsheetthereare{;|8}�~*�I�K�
possiblemotifs. In our probabilitymodelwe alsohave to take into accounttheknowledge

wehaveaboutthehelicalstatusof theprotein(2 classes)andtheloop lengthsbetweenthe

strands( ~ �I��� classes).To modeltheprobabilitydistributionof themotifs for a { -stranded

sheetwe thereforehave to consider{;|�}�~ ���K� }�~�}�~ ������� {C|�}�~ �0�I�K� bins. What this

meansin actualnumbersis shown in Table9.4.

Table9.4: The numberof possiblesequences(seq),orientations(or), motifs, lengthbins
(L), helicalbins(H) numberof binsweconditionon(cond),andoverallnumberof binsfor
asheetwith { strands.

{ seq or motifs L H cond bins

2 1 2 2 2 2 4 8

3 3 4 12 4 2 8 96

4 12 8 96 8 2 16 1536

5 60 16 960 16 2 32 30720

6 360 32 11520 32 2 64 737280

7 2520 64 161280 64 2 128 20643840

8 20160 128 2580480 128 2 256 660602880

9 181440 256 46448640 256 2 512 23781703680

10 1814400 512 928972800 512 2 1024 951268147200

For up to four strandsthecountsfrom thedatabaseweresuf�cient to modeltheprobability

distribution of the motifs, using the raw countsfor eachmotif. Consideringhow many

motifs we have for sheetsof size� ve or bigger, this is not feasibleanymore,especiallyin

light of thedecliningcountsof largersheetsfrom thedatabase,shown in Figure9.10.
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Figure9.10:Thecountsof sheetsof sizes�����7� observedin thedatabase.

In the caseof four-strandedsheets,thereare 96 possiblemotifs, but only abouttwenty

occurfairly frequently(ten timesor more)in the database.The majority of thesemotifs

lookedvery similar though,in the sensethat in mostmotifs all neighboringstrandswere

eitherparallelor anti-parallel.This observationis evenmoreobviousin themostcommon

motifs for sheetsof size� veor larger, shown in Figure9.11.

To proceedwith the modelof thesheetcon�guration term,we make the assumptionthat

the likelihoodof in individual motif canbemodeledby someglobal features,suchasthe

numberof parallelpairsand the positioningof the �rst strandin the motif. We usethe

following abbreviations:

���
Numberof parallelneighborstrandsin amotif.����
Numberof parallelneighborstrandsin a motif with a short

loop in between.
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Figure9.11: Larger sheetsfrequentlyobserved in the database.The sheetsclearly have
common“patterns”.

�
Number of strandpairs adjacentin sequencethat are not

neighborsin the sheet. We also refer to this featureas

“jump”.���
Numberof jumpswith ashortloopbetweenthestrandpair.�
Thepositionof the�rst strandin themotif.

Sincewetry to modelthecon�gurationof individualsheets,wecandropthesheetdecom-

positionin the term ��� SC���SD� � S �¢¡F�¢£¥¤ , andfor simpli�cation we write �B� SC� �C�¢¡¦�¢£¥¤
whenreferringto theconditionalprobabilityof thecon�gurationSC� of � S-strandedsheet§
.

To not interrupt the �o w of this chapter, we only statethat after carryingout someex-

ploratorydataanalysis,we found that thedatasupporttheassumptionthat thesheetcon-

�gurations arecharacterizedby their numberof parallelpairsandhow many of thosehave

a shortloop in between,their numberjumpsandhow many of thosehave a shortloop in

between,plus the positionof their �rst strandin the sheet.With this assumptionwe can
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reducethenumberof bins,assigningall sheetcon�gurationswith thesamenumberof par-

allel pairs, jumps,etc in a singlebin. The bins may containdifferentnumbersof sheet

con�gurations.For example,for anall-parallel5-strandedmotif of aproteinwith all loops

longerthan10 residuesstartingat the �rst position(of eitherhelicalstatus)we have three

possibilitiesif we allow onejump (Figure9.12(a-c)),but only onepossibility if we don't

allow a jump(Figure9.12(d)).

N

C

(a)

N

C

(b)

N

C

(c)

N

C

(d)

Figure9.12:All parallel,� ve-strandedsheetsstartingat the�rst position.

Formally, wemake thefollowing assumption:

¨�©
SCª «C¬¢­¦¬¢®¥¯&° ¨B©i¨3± ¬ ¨³²± ¬�´+¬�´ ² ¬¢µ¶ª «;¬¢­F¬ ®·¯¸º¹�» ¼ ©i¨3± ¬ ¨ ²± ¬�´+¬�´ ² ¬¢µ³¯ ¬ (9.18)

with
¸>¹�» ¼ ©i¨3± ¬ ¨�²± ¬�´+¬�´ ² ¬¢µ³¯ being the numberof motifs with « strandsand loop-lengths

distribution ® in the
©!¨½± ¬ ¨³²± ¬�´+¬�´ ² ¬¢µ³¯ bin, which is independentof thehelicalstatusof the

proteinunderconsideration.The term on the right-handside in (9.18) looks even more

complicatedthanthe term on the left-handsideat �rst glance,but the descriptionof the

motifs by globalfeaturesenablesusto estimatethedistributionof thesheetcon�gurations

in ameaningfulway.
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Usingrulesfor conditionalprobabilities,weget

¾�¿!¾3ÀºÁ¢¾³ÂÀ Á�Ã+Á�Ã�ÂÄÁ ÅÇÆ ÈCÁ¢É¦Á¢Ê¥Ë
Ì ¾�¿!Å¶Æ ÈCÁ ÉFÁ¢Ê¥Ë�ÍÎ¾�¿!¾�À>Á¢¾�ÂÀ Á�Ã�ÁÏÃ�Â7Æ ÈCÁ ÉFÁ¢Ê�Á¢Å³Ë
Ì ¾�¿!Å¶Æ ÈCÁ ÉFÁ¢Ê¥Ë�Í

¾�¿!¾3ÀºÁ�Ã�Æ ÈCÁ¢É¦Á¢Ê�Á¢ÅÐË·ÍÎ¾B¿i¾ ÂÀ Á�Ã Â Æ ÈCÁ¢É¦Á¢Ê�Á¢Å�Á¢¾3ÀIÁ�Ã$Ë
(9.19)

In thefollowing, wemodeleachof thethreeabove termsseparately.

The term Ñ ¿!ÒÐÆÔÓPÁ¢ÕbÁ¢Ö�Ë Analyzingthedata,we foundthat

¾B¿iÅÇÆ ÈCÁ¢É¦Á¢Ê¥Ë Ì ¾�¿!Å¶Æ È;Á¢É×Ë (9.20)

is a reasonableassumption.It seemspossiblethat if for exampleall loopswereshort,the

�rst strandof the sheetis slightly morelikely to be in position1 thanin otherpositions,

sincehaving no long loopsmight prohibit jumpsin certaincon�gurations. However, we

didn't haveenoughdatato establishthis,andhenceacceptedtheassumptionmadein equa-

tion (9.20). Figure9.13shows histogramsof
Å

(scaledto probabilities)for sheetsof sizeØÚÙÜÛ7Ý
from helicalandnon-helicalproteins.

For
È Ì Ø

and
È ÌßÞ we have plenty of data,andclearly therearedifferencesbetween

helicalandnon-helicalproteins.Hencewe estimated
¾�¿!Å¶Æ È Ì Ø Á¢É×Ë and

¾�¿!Å¶Æ È Ì�Þ Á¢É×Ë
directly from the data,for helical andnon-helicalproteins. For

Èáàãâ
the countswere

really low, andwe combinedthecountsof helicalandnon-helicalproteins.For those,we

seesomedifferencesin the distributionsof the countsbetweensheetswith even andodd

numbersof strands.Below we describebrie�y which assumptionsweremadeto �nish the

modelingof thedistribution. Themodelingwasdonewith therequirementin mindthatthe

modelshouldalsobeusablefor sheetswith morethantenstrands.
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Figure9.13: Probabilitydistributionof thepositionof the�rst strandin thesheet,split by
sheetsizeandhelicalstatus.

ä Evennumberof strands( åFæèç�é�ê�ë ):
Thepatternof thebarsin Figure9.13for even å resemblesapatternsuchas

ìKí�î7î7î íÄï (9.21)

Underthis assumptionswe estimatedð í æòñó and ìÐôõï æ�öó with ÷ ø�æ óö . Henceì æ ùñiú and ï æ ûñiú , regardlessof thenumberof í s.
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ü Oddnumberof strands( ýÿþ������ ):
Thepatternof thebarsin Figure9.13for odd ý resemblesapatternsuchas

���	�
���
�
��� (9.22)

Underthisassumptionsweestimated� � þ��� and � � þ��� .
We try to clarify theabove “patternanalysis”andothercalculationsby showing the�tted

probabilitiesof ������� ý������ for � þ �!�#" and ýFþ%$��'&#&#&(�#"#� in Table9.5.

Table9.5: The �tted probabilitiesfor the positionof the �rst strandin the sheet,split by
sheetsizeandhelicalstatus.

helical non-helical

1 2 3 4 5 1 2 3 4 5

5 0.370 0.340 0.290 0.570 0.330 0.100

6 0.380 0.240 0.380 0.570 0.190 0.240

7 0.375 0.125 0.375 0.125 0.375 0.125 0.375 0.125

8 0.400 0.167 0.167 0.267 0.400 0.167 0.167 0.267

9 0.250 0.125 0.250 0.125 0.250 0.250 0.125 0.250 0.125 0.250

10 0.400 0.111 0.111 0.111 0.267 0.400 0.111 0.111 0.111 0.267

The term )*�+)-,.�0/1�324��56��78�:9;� For �x ed ý thereare

n possibilitiesfor �=<
n possibilitiesfor >
2 possibilitiesfor �?A@AB � possibilitiesfor CD @
E �FHG possibilitiesfor �
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Hencethereareroughly IKJALNMPOHQSR bins in the term T�U�T=VXW'Y[Z Q\W�]^W�_`W�a-b , andsomesim-

pli�cation is needed.Below, we describewhich assumptionswe madeandwhich binswe

collapsedafterexaminingthedata.

We �rst notedthat we cannotassumeconditionalindependenceof TcV and Y , which was

formally testedusing d�e -tests. For illustration, we show the countsof T(V and Y from

six-strandedsheetsin Figure9.14without taking ] and _ into account.Thesecountsare

shownin panel(a),togetherwith theirmarginaldistributions.If TcV and Y wereindependent,

thengiventhemarginsfrom panel(a),wewouldexpectthecountsto beroughlydistributed

asshown in panel(b), which is clearlynot thecase.
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Figure9.14:Countsof jumpsandparallelpairsin six-strandedsheetsin thedatabase,plus
their marginal distributions.Preferredaremotifs with all or no parallelneighbors,andone
or two jumps.Conditioningon themargins,hypotheticalcountswerecalculatedunderthe
assumptionof independence.

Having establishedthis,we investigatedwhichassumptionsarereasonablethatallow usto

collapsebins.Thedatasupportthefollowing decisions:
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f For g , we only discriminatebetweenstartingat the �rst positionversusstartingat

any otherpermissibleposition. g now takesononly twovalues:gihkj whenstarting

in the�rst position,and glh m otherwise.

f Certainmotifsonly happenwhenall loopsbetweenstrandsaremorethantenresidues

long. We categorized noh j if all loops betweenstrandsare long, and nph q
otherwise.

f Theabove statedfactwasclearlyobservedin helicalproteins.For non-helicalpro-

teinswedid nothaveenoughdatato establisha loop lengthdependency of rts and u
atall. Weomitted n from theprobabilitytermfor non-helicalproteins.

Using the above describedbinning, we have suf�cient datato model the term r�v�rtsXwxu[yz w�{^w�n`w�g}| for 5 and6-strandedsheetsv z h�~�w���| with r ���Aq!w#�'�#�(w z�� j�� and u���Aq!w#�#�#�Sw z�� jK� . For sheetsof 7 or morestrandsthis is unfortunatelynot thecase,andsince

the dataprohibitsmorecollapsingof variableswe conditionon, we cannotmodelevery

singlelevel of rSs and u . However, it appearsthat for largesheets( z��k� ), thepatternsin

theterm r�v�r=s�wxu[y z w�{�w:n;w:g}| look somewhatsimilar(datanotshown),althoughthenumber

of levels aredifferentfor differentsheetsizes( z��Hz for a sheetof z strands).For eachz���� we binnedthe z��Hz tableof countsobserved for r(s and u , given z w�{^w�n and g ,

into a ���6� table. Giventhenumberof strandsz thereare z possibilitiesfor thenumber

of parallelpairs,since r����Aq!w'�#�#�(w z�� j�� . The datasuggestthat we considerthat we

leave thecountsfor q!w#jXw	m and z�� jXw z�� m
w z���� andcreatea“middle bin”, collapsingall

countsbetween3 and z���� parallelpairs(seeTable9.6). Thepossiblenumberof jumps

is also z , as u����Aq!w'�#�#�(w z�� jK� . Sincewe conditionon the�rst strandbeingat position

1 or not, we know that the numberof jumps cannotbe zero if the �rst strandis not in

position1. Hencewe leavethebin for zerojumpsasis. Wesplit theremainingz-� j levels

( u�����jXw#�#�#�Sw z�� j�� ) into threebins (small mediumand large numberof jumps). The

numberof levelsgoinginto thesmall(medium)[large]bin are2 (2) [2] for z h � , they are
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Table9.6: The binning usedto collapsethe ����� tableof countsof jumpsandparallel
pairsinto a ���¡  table. ¢=£

J

1 2 3 4 5 6 7 1 2 3 4

7 0 1 2 3 4 5 6 0 1-2 3-4 5-6

8 0 1 2 3-4 5 6 7 0 1-3 4-5 6-7

9 0 1 2 3-5 6 7 8 0 1-3 4-6 7-8

10 0 1 2 3-6 7 8 9 0 1-3 4-6 7-9

3 (2) [2] for �¥¤�¦ , 3 (3) [2] for ��¤�§ , and3 (3) [3] for ��¤©¨
ª (datanot shown). This

binningallowedusto estimate
¢�«�¢S£X¬'­1® � ¬:¯�¬�°`¬�±-² for ��³�� .

The term ´ « ´¶µ· ¬:¸ µ ® ¹º¬:»�¬�¼;¬�½¾¬ ´ · ¬:¸(² : Checkingthedata,we decidedthat it is reason-

ableto assumethefollowing conditionalindependence:

¢*«+¢-¿£ ¬'­(¿À® � ¬�¯^¬�°`¬�±`¬�¢=£K¬'­t²
¤ ¢*«+¢ ¿£ ® � ¬�¯^¬�°`¬�±`¬�¢=£K¬'­t² � ¢�«Á­ ¿ ® � ¬�¯^¬�°`¬�±`¬�¢=£�¬'­t² (9.23)

Thenumberof parallelpairsof strandsin thesheetthatareconnectedwith a shortloop of

not morethanten residuesdependon � ¬�¯^¬�°`¬�¢ , but given � ¬�°`¬�¢ , thenumberdoesnot

dependon
±

and
­

. Hence

¢�«�¢¶¿£ ® � ¬�¯�¬�°`¬�±`¬�¢Â£X¬'­c² ¤ ¢*«+¢-¿£ ® � ¬�¯^¬�°`¬�¢-²Ã¬ (9.24)

andanalogous

¢�«Á­(¿
® � ¬�¯^¬�°`¬�±`¬�¢=£�¬'­t² ¤ ¢�«Á­(¿#® � ¬:¯�¬�°`¬'­c²ÃÄ (9.25)
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Let ÅXÅ bethenumberof parallelpairsin thesheetand ÆtÇ thenumberof shortloops.Since

we have Æ^ÈÊÉ pairsof strandsin thesheet,thelowestpossiblenumberof parallelpairsof

strandsin thesheetthatareconnectedwith ashortloop (say ÆtËÍÌ ) isÎcÏ�Ð�ÑAÒ(Ó Å�Å�Ô¥Æ(Ç\È Ó ÆÕÈÖÉÀ×4ØÚÙ�× (9.26)

Themaximumof parallelpairsof strandsin thesheetthatareconnectedwith a shortloop

is

Û ÏÜÐ�ÝßÞcÓ Å�ÅcØ:Æ(Çà× (9.27)

Since

Æ=Ë Ì`áHâ Î Ø#ã#ã#ãcØ Ûcä Ø (9.28)

we areinterestedin modelingthenumberof parallelpairsconnectedwith a shortloop in

excessof
Î
(say å ). Wehave

å á�â Ù!Ø#ã#ã#ãSØ Û È Î ä ã (9.29)

Thedatasupportthefollowing model:æ Ó æ Çç Ï è Ô Î:é Æ\Ø:ê�Ø�ë`Ø æ × Ï æ Ó æ Çç Ï�è Ô Î:é Æ\Ø�ê^Ø:Æ(Ç	ØìÅXÅÂ×
Ï æ Ó å Ï%è × (9.30)

with

å í î Ó Û È Î ØìÅ parpair
Ó Æ\Ø�ê�×ï× (9.31)

Analyzing thedata,we concludedthat for bothhelicalandnon-helicalproteinstheprob-

ability of thebinomial termis not signi�cantly differentfor differentsheetsizes,andesti-

mated

Å parpair
Ó Æ\Ø�ê�× Ï Å parpair

Ó ê�× Ï ðñÍò Ù�ãôó�É if ê Ï ÙÙ�ãôõKö if ê Ï É (9.32)
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For thenumberof jumpson a shortloop we usedexactly thesamereasoningto deriveour

model.Let ÷ bethenumberof jumpsin thesheetand ø�ù thenumberof shortloops.Let ú
bethenumberof shortjumpsin excessof thelowestpossiblenumberof jumpson a short

loop. Wehave

û�üÁý ùÚþ�ÿ������ ø��	�
�	��� ý�
 þ û�ü�û ù� þ%ÿ����	� ø��	�
�:ø(ù�� ÷ 

þ û�ü ú þ%ÿ 
 (9.33)

with

ú � � ü���� � ��� jump
ü ø��	� 
�
 (9.34)

and

� þ ����� ü ÷ � ø(ù ��ü ø � ��
 ��! 
 (9.35)� þ �#"%$ ü ÷&�:ø(ù 
 (9.36)

However, in this casewe found that the thebinomial termdoesdependon thesheetsize,

andderived

� jump
ü ø'�	� 
 þ

())))))* ))))))+
!-,/.&0 if � þ ! and ø þ 0 or 1!-,/032 if � þ � and ø þ 0 or 1!-, �54 if � þ ! and ø76 8!-,/. 4 if � þ � and ø76 8

(9.37)

Summarizingthetermsandthemodelwedevelopedfor sheetswith morethanfour strands,
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wehave 9�:;9
<&=
9?>
< =A@-=A@

>
=	BDC E'=	FG=	HJI

K
9�:
BLC E�=	F
=	HJINM

9#:O9
<P=
9?>
< =A@-=A@

>
C E�=	F
=	H�=	B?I

K
9�:
BLC E�=	F
=	HJINM

9#:O9
<P=A@NC E�=	F
=	H�=	BQIRM9�:;9 >

< =A@
>
C E�=	F
=	H�=	B�=

9
<3=A@�I

K
9�:
BLC FG=�ESINM

9#:O9
<P=A@NC E�=	F
=	H�=	BQIRM9�:;9?>

< C E�=	F
=	H�=
9
<�ITM

9#:
@
>
C E�=�FG=	H�=A@UI (9.38)

with 9#:
SCCSD=�FG=	HJI K

9#:
SCC E'=	FG=�HRI K

9#:O9
<&=
9 >
< =A@V=W@

>
=	BLC E�=	F
=	HJIXPY3Z [

:O9
<&=
9 >
< =W@V=A@

>
=�BQI = (9.39)

Example: A fairly commonmotif for a � ve-strandedsheetin smallproteins,suchasthe

SH3domainof spectrin(1aey), is shown in Figure9.15.

NC

Figure9.15:Thesheetmotif of theSH3domainof spectrin.

The SH3 domainof spectrinis a non-helicalproteinwith 62 residues.The loop lengths



168

in sequenceare18, 5, 2 and3 residues.Thestrandsalongthesequenceform anti-parallel

neighborsin thesheet,exceptfor strand5, which jumpsandformsananti-parallelstrand

pair with the �rst strand.Thesheetin theproteinis quitewarped,which allows the jump

betweenstrands4 and5 with a loopof only 3 residues.

We now scorethis motif, usingtheabove explainedmodel. In our notation,we have \^]_a`	b ]dc `	e ]gfih ` c ` c ` c&j `	k ]ml `	npo ]dc `Aq ]rh `	ntso ]dc `AqUs ]rh . Sincethis con�guration

is theonly motif in the f nuo&`�n so `Aq-`Aq s `	k j bin, wehave

n f kLv \ `	b j = 0.330n f npo&`AqRv \ `	bG`	e�`	k j = 0.396n f n so v \ `	b
`	e�`	npo j = 1.000n f qUswv \ `	bG`	e�`Aq j = 0.250

x
0.033

Thescoreof yVz{y&| doesn't seemtobeveryhigh,butgiventhatthereare960possiblemotifs,

this is morethan31 timeshigherthan“backgroundfrequency”!

9.2.3 Outlook

The probabilitieswe �t in this chapterre�ect what we saw in the database.To assess

the usefulnessof our model for sheetcon�gurations,we needto determinehow muchit

improvestheproteinstructureprediction,i. e.which impactit hason the“quality” of a set

of decoys we generate.For example,if we usethe model to selectdecoys from a larger

set,we cancomparethe percentageof near-native proteinsin the entiredecoy setversus

thepercentageof near-nativeproteinsin a subsetof decoys selectedby makinguseof this

scoringfunction. We currentlyusethemodelin CASP4,andplanto thoroughlyassessits

usefulnessafterthestructuresof thetargetshavebeenpublished.
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[9] CERNÝ , V. Thermodynamicalapproachto the traveling salesmanproblem: An ef-

�cient simulationalgorithm. Journal of OptimizationTheoryandApplications45, 1

(1985),41–51.

[10] CHIPMAN, H., GEORGE, E., AND MCCULLOUCH, E. Bayesiancartmodelsearch.

Journalof theAmericanStatisticalAssociation93, 443(1998),935–960.

[11] DANDEKAR, T., AND ARGOS, P. Identifying thetertiaryfold of smallproteinswith

different topologiesfrom sequenceandsecondarystructureusing the geneticalgo-

rithm andextendedcriteriaspeci�c for strandregions. J Mol Biol 256 (1996),645–

660.

[12] EFIMOV, A. V. A novelsuper-secondarystructureof proteinsandtherelationbetween

structureandtheaminoacidsequence.FEBS166(1984),33–38.

[13] FLEISHER, H., TAVEL , M., AND YEAGER, J. Exclusive-or representationsof

booleanfunctions.IBM J. Res.Develop.27, 4 (1983),412–416.

[14] FLEISS, J. Statisticalmethodsfor ratesandproportions, 2 ed. Wiley, 1981.

[15] FRIED, L. P., BORHANI , N. O., ENRIGHT, P., FURBERG, C. D., GARDIN, J. M.,

KRONMAL , R. A., KULLER, L. H., MANOLIO, T. A., M ITTELMARK , M. B., NEW-

MAN, A. B., O' LEARY, D. H., PSATY, B., RAUTAHARJU, P., TRACY, R. P., AND

WEILER, P. G. The cardiovascularhealthstudy: Designandrationale. Annalsof

Epidemiology1, 3 (1991),263–276.

[16] GENEST, C., AND ZIDEK , J. Combiningprobabilitydistributions:A critiqueandan

annotatedbibliography. Statist.Science1 (1986),114–148.



171

[17] GILPIN, E., OLSHEN, R., HENNING, H., AND ROSS, J. Risk predictionaftermy-

ocardialinfarction.Cardiology70 (1983),73–84.

[18] HARRIS, N. L., PRESNELL , S. R., AND COHEN, F. E. Four helix bundlediversity

in globularproteins.J Mol Biol 236(1994),1356–1368.

[19] HENNING, H., GILKPIN, E., COVELL , J., SWAN, E., O' ROURKE, R., AND ROSS,

J. Prognosisafter acutemyocardialinfarction: A multivariateanalysisof mortality

andsurvival. Circulation59, 6 (1979),1124–1136.

[20] HOBOHM , U., AND SANDER, C. Enlargedrepresentative setof proteinstructures.

ProteinSci.3 (1994),522–524.

[21] HOLM , L., AND SANDER, C. Databasealgorithmfor generatingproteinbackbone

andside-chainco-ordinatesfrom a catrace.J Mol Biol 218(1991),183–194.

[22] HONG, S. J. R-mini: An iterativeapproachfor generatingminimal rulesfrom exam-

ples. IEEETransactionsonKnowledgeandDataEngineering9, 5 (1997),709–717.

[23] HUANG, E. S., SUBBIAH, S., TSAI , J., AND LEVITT, M. Using a hydrophobic

contactpotentialto evaluatenative andnear-native folds generatedby moleculardy-

namicssimulations.J Mol Biol 257(1996),716–725.

[24] K IRKPATRICK , S., GELATT, C. D., AND VECCHI , M. P. Optimizationby simulated

annealing.Tech.rep.,IBM ResearchReportRC9355,1982.

[25] KOCHER, J. A., ROOMAN, M. J., AND WODAK , S. J. Factorsin�uencing theability

of knowledge-basedpotentialsto identify native sequence-structurematches.J Mol

Biol 235(1994),1598–1613.

[26] KOLINSKI , A., AND SKOLNICK , J. Monte carlo simulationsof proteinfolding. i.

latticemodelandinteractionscheme.Proteins18 (1994),338–352.



172

[27] KOOPERBERG, C., BOSE, S., AND STONE, C. Polychotomousregression.Journal

of theAmericanStatisticalAssociation92, 437(1997),117–127.

[28] LUCEK , P. R., AND OTT, J. Neuralnetwork analysisof complex traits. Genetic

Epidemiology14(1997),1101–1106.

[29] MCCLELLAND, R. RegressionBasedVariable Clusteringfor Data Reduction. PhD

thesis,Universityof Washington,Seattle,WA 98195,June2000.

[30] MCCULLAGH, P., AND NELDER, J. A. GeneralizedLinearModels, 2 ed. Chapman

& Hall, 1989.

[31] M ICHALSKI , R., MOZETIC, I ., HONG, J., AND LAVRAC, N. The multi-purpose

incrementallearningsystemaq15andits testingapplicationto threemedicaldomains.

In Proc.AAAI (1986),pp.1041–1045.

[32] M ITCHELL , J. B. O., LASKOWSKI , R. A., AND THORNTON, J. M. Non-

randomnessin side-chainpacking: the distribution of interplanarangles. Proteins

29 (1996),370–380.

[33] M IYAZAWA , S., AND JERNIGAN, R. L. Residue-residuepotentialswith a favorable

contactpair term andan unfavorablehigh packingdensityterm, for simulationand

threading.J Mol Biol 256(1996),623–644.

[34] MONGE, A., LATHROP, E. J., GUNN, J. R., SHENKIN, P. S., AND FRIESNER,

R. A. Computermodelingof proteinfolding: conformationalandenergeticanalysis

of reducedanddetailedproteinmodels.J Mol Biol 247(1995),995–1012.

[35] OTTEN, R. H., AND GINNEKEN, L. P. TheAnnealingAlgoritm. Kluwer Academic

Publishers,1989.



173

[36] PAGALLO, G. Learningdnf by decisiontrees.In Proc.11thIJCAI (1989),pp.639–

644.

[37] PARK , B. H., HUANG, E. S., AND LEVITT, M. Factorsaffecting the ability of

energy functionsto discriminatecorrectfrom incorrectfolds. J Mol Biol 266(1997),

831–846.

[38] PARK , B. H., AND LEVITT, M. Energy functionsthatdiscriminatex-ray andnear-

native folds from well-constructeddecoys. J Mol Biol 258(1996),367–392.

[39] REDDY, B. V. B., AND BLUNDELL , T. L. Packingof secondarystructuralelements

in proteins.J Mol Biol 233(1993),464–479.

[40] RICHARDSON, J. S. Theanatomyandtaxonomyof proteinstructure.Adv Protein

Chem34(1981),167–339.

[41] SAMUDRALA , R., AND MOULT, J. An all-atomdistancedependentconditionalprob-

ability discriminatoryfunctionfor proteinstructureprediction.J Mol Biol 275(1998),

895–916.

[42] SHORTLE, D., SIMONS, K. T., AND BAKER, D. Clusteringof low-energy confor-

mationsnearthe native structuresof small proteins. Proc. Natl. Acad.Sci. 95, 19

(1998),11158–11162.

[43] SIMONS, K. T., BONNEAU , R., RUCZINSKI , I ., AND BAKER, D. Ab initio protein

structurepredictionof caspiii targetsusingrosetta.Proteins37, 3 (1999),171–176.

[44] SIMONS, K. T., KOOPERBERG, C., HUANG, E., AND BAKER, D. Assemblyof pro-

tein tertiary structuresfrom fragmentswith similar local sequencesusingsimulated

annealingandbayesianscoringfunctions.J Mol Biol 268(1997),209–225.



174

[45] SIMONS, K. T., RUCZINSKI , I ., KOOPERBERG, C., FOX , B. A., BYSTROFF, C.,

AND BAKER, D. Improved recognintionof native-like protein structuresusing a

combinationof sequencedependentandsequenceindependentfeaturesof proteins.

Proteins34 (1999),82–95.

[46] SIPPL , M. J. Calculationof conformationalensemblesfrom potentialsof meanforce.

anapproachto theknowledge-basedpredictionof localstructuresin globularproteins.

J Mol Biol 213(1990),859–883.

[47] SRINIVASAN, R., AND ROSE, G. D. Linus: ahierarchicprocedureto predictthefold

of a protein.Proteins22 (1995),81–99.

[48] SWAYNE, D. F., COOK , D., AND BUJA , A. Xgobi: Interactive dynamicgraphicsin

thex window systemwith a link to s. In Proceedingsof the1991AmericanStatistical

AssociationMeetings(ASA, Alexandria,VA, 1992).

[49] TENG, E. L., AND CHUI , H. C. Themodi�ed mini-mentalstate(3ms)examination.

Journalof Clinical Psychiatry 48, 8 (1987),314–318.

[50] VAN LAARHOVEN, P. J., AND AARTS, E. H. SimulatedAnnealing: Theoryand

Applications. Kluwer AcademicPublishers,1987.

[51] WALTHER, D., EISENHABER, F., AND ARGOS, P. Principlesof helix-helixpacking

in proteins:thehelicallatticesuperpositionmodel.J Mol Biol 255(1996),536–553.

[52] WEISS, S. M., AND INDURKHYA , N. Optimizedrule induction. IEEE Expert(De-

cember1993),61–69.

[53] WENTWORTH, P. BooleanLogic and Circuits. Departmentof ComputerScience,

RhodesUniversity, http://diablo.cs.ru.ac.za/func/bool/.



175

[54] ZHANG, J., AND M ICHALSKI , R. S. Ruleoptimizationvia sg-truncmethod.EWSL

(1989),251–262.


