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Chapterd

SHEET CONFIGURATIONS

9.1 Intr oduction and Moti vation

Figure9.1: Highlighting the secondarystructureelementsn the three-dimensionaitruc-
tureof ProteinL. We will usethefour-strandedsheetf ProteinL asexamplein thisintro-
duction.

When a proteinis folded ab initio with ROSETTA, the score(introducedin Chapter8)
getsa big boostwhentwo strandscometogetherand form a sheet,or if a single strand

getsattachedo analreadyexisting sheet After generatingnary decy/s usingROSETA,
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we found that very frequentlythe sheetsconsistof strandsthat areadjacentin sequence,

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

N N N c ya
NN e,
(a) The “up-down” motif, a common (b) Thesheetcon guration of thefour
motif in ROSETTA decgs. strandsn ProteinL.

Figure9.2: Two commoncon gurationsof four-strandedsheets.

Thereareplentyof proteinsof known fold thatactuallydo have sucha four-strandedsheet
motif. Our concernwasthat dis-proportionallymary decqos madewith ROSETTA had
thatup-dovn motif. This suspiciongotcon rmed whenwe comparedocal pairsof strands
in sheetdbetweenROSETTA decqs andreal proteins.A local pair of strandds a pair of
neighborstrandsn a sheewith thetwo strandsadjacentilongthe backboneof the protein.
Otherwise the pair is callednon-local. The up-dovn motif in Figure9.2(a)thereforehas
threelocal pairsandno non-localpair of strandswhile ProteinL (Figure9.1) hasa motif
with two local pairsandonenon-localpair of strandsseeFigure9.2(b). In Figure9.3we
shaw the distributions of local versusnon-localstrandpairsin decy setswe createdfor
differentproteins. This distribution seemsappropriaten decq setsfor proteinsthathave
few non-localpairs,suchasthe proteinswith four-letterabbreviations1pgx, 1sro,1vif and
2ptl. Thelatteris the abbreiation for ProteinL, and of the decqo/s we madeactually

hadthe correctnumberof local and non-localpairs of strands. Mattersget considerable
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Figure9.3: Thedistributionsof local versusnon-localstrandpairsin decq setsfor vari-
ousproteins. The numberssupefrimposedonto the panelsareroundedpercentagesf the
frequeng of decqs with therespectre numberof localandnon-localstrandpairs. A zero
thereforestandgor a percentage with

worsein decqy setsfor proteinswith mary non-localstrandpairs, suchasthe proteins
abbreriatedby 1ah9,1hqi, 1ksrand1vgh. For 1lah9and1ksrwe actuallyfailedto make a
singledecq (outof 10000+decqs) with the correctnumberof local andnon-localstrand

pairs!

Thestrand-strangackingtermintroducedn Chaptei8 only governshow mary sheetwill

be formed, given the numberof strands.However, it doesnot in uence how strandsget
arrangedn sheets.Giventhe above, thereis plenty of motivationfor developinga prob-
abilistic modelof whatwe call sheetcon gurations. We would certainlylike to know a
priori which motifs we shouldexpectto seein a setof decqgs we fold with ROSETTA.
Quite possibly somemotifs that occurfrequentlyin the databasenight be rare or com-
pletelymissingin thesetof decqgs, andatthe sametime theremight be plenty of up-davn

motifs althoughwe would not really expectto seethemin the structurewe areconsidering.
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The scoringfunctionin ROSETTA is helpful in guiding a sequencef aminoacidsto a
reasonableprotein-like fold. But of courseit doesnot generateéhe correctfold determin-
istically, anda variety of structuress built. Sincethesedecqs werebuilt usingthe same
scoringfunction,they areusuallyfairly low-scoring,andwe donotexpectto seeverymuch
of a correlationbetweenscoreandroot meansquaredeviance. Hencewe have to rely on
some‘post- Iters”, i. e.scoringfunctionssomeavhatindependenof theROSETTA scoring
function,to selectthebestamongthedecqs. Thesepost- Iters includeall-atompotentials
(afteraddingall sidechainatomsto thedecqs), andclusteringprocedure$42]. A proba-
bilistic modelof sheetcon gurationscertainlycould be usedasa post- lter. It couldalso
be usedto pre-select subsebf the decqs with a sheetcon guration distribution accord-
ing to the probabilisticmodel, basicallyasa “prior” distribution, andthenusethe above
mentioned Iters to searchfor the bestdecqs. Ideally, the probabilisticmodelof sheet
con gurationscould be usedasa featurein the scoringfunction, which we hopewe can

implementsometime in the future.

9.2 A Model for SheetCon gurations

The proteinswe try to fold usuallydo not exceed150 residuesandthereforethe number
of strandsin the folds almostnever reachdoubledigits. The datawe gatheredrom the
databaséseehttp://www.fccc.edu/research/labs/dunbrack/culledptibl) werefrom pro-
teins of unrestrictedengths,but we only includedsheetswith at mostten strandsin the
investigation.We wantto stresghoughthatby the way we build the model,sheetf ary
sizecanbescored.Further someproteinsbuild barrelsj. e.secondargtructureensembles
in which every strandhastwo neighbors. ROSETTA currentlyis not ableto build these
structureonsistentlyandthereforewe limit oursehesto scoringdecaqs of proteinsthat
do nothave barrelmotifs. In principle,the scoringfunctioncouldeasilybe modi ed if one

wantedto includethebarrels.
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Strictly speakingnothingbut the sequenc®f aminoacidsof the proteinis known in ab
initio structureprediction.To selectthefragmentsn themove setof ROSETTA (seeg[44]),
we make useof secondanstructurepredictions a servicefreely availableon the Web (for
example under http://www.embl-heidelbeag.de/predictprotein/predictproteinohl). Since
the secondarystructurepredictionsare usedto generatethe move setin the simulated
annealing the secondarystructureelementsn the decqs are usually closeto thosesec-
ondarystructurepredictions. The secondarystructurepredictionsalso include measures
of certaintyassociatedavith the predictionsat all positions,which canbe consideredairly
reliable.With amorecomplicatedramework it mightbepossibleto build thesheetcon g-
urationmodelincorporatingthe uncertaintyaboutthe secondarystructureprediction,and
build a modelto quantify the probabilitiesof the overall con gurationsin the decys (in-
cluding the numberof strands).However, we decidedto considerthe numberof strands
x ed(i. e.looking at onedecq atatime), andmodelits sheetcon guration with its sec-

ondarystructuregiven.

To helpunderstandinghe model,we give a brief generabverview of the stepsinvolvedin
building it. As alreadymentionedwe choosehefragmentan ROSETTA accordingo the
secondanstructureprediction. The diagrambelowv showvs the formatof sucha secondary
structureprediction. Given are the sequenceof amino acids(AA), the prediction(here
PHD) in which secondarstructureelementhe residueis, theindividual probabilitiesfor
helix (prH), strand(prE) andloop (prL), andthereliability (Rel) of that prediction. With
this, we use ROSETTA to generatedecqys. To scoredecqs, we generatea probability
modelfor the sheetcon gurations,assuminghe numberof strandsis known. Next, we
needa modelto decidehow mary sheetghe strandsbuild. Realizingthatfor examplein
proteinswith 5 strandswe only seeasingle ve-strandedgheetor two sheetswith two and
threestrandsespectiely, we looselyreferto this termin our modelasthe “Poker Hand”.
Giventhenumberof strandsandsheetsthenext stepis to modelthe“sheetdecomposition”,

i. e. which strandbelongsto which sheet. The third stepin our modeltamgetsthe actual



137

sheetcon guration - knowing which strandsform a sheet,in which motif do they align?
Theemphasiglearlyis on thelaststep,sincemostsmall proteinsonly have a singlesheet

in which all strandgyetaligned.

SecondanstructurePrediction

ey L 2000030 AL LS TR
AA  |MIPGGLSEAKPATPEIQEIVDKVKPQLEEKTNETKGEAVQYKTQVAGTNYIKVR
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 21011111111 13643 20000 2

Secondanstructure
T[TTEEEEETTTEEEEEETTTTHHHHHHHHHHHEEEEE TTEEEEEETTT TEEEEEETTT

Numberof Sheets

SheetDecomposition
TTTEEEEETTTEEEEEETTTTHHHHHHHHHHHEBHEEE TTEEEEEETTTTEEEEEETTT

1 1 2 2 1

SheetCon guration

Modelingthe arrangementf strandsnto sheetswe assumehe secondanstructureto be
known. Althoughthearrangemenof strandgnto sheetsmay dependon mary characteris-
tics of the proteinunderconsiderationwe decidedafteraninitial exploratorydataanalysis
to only usetwo additionalfeaturesof proteinsin our model,which we canconsidergiven

togethemwith the secondargtructure.
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(a) Thehelicalstatusof the protein.
Using our experiencefrom previous, unrelatedwork, we considera proteinto be

helicalif atleast of its residuesarepartof a helix.

(b) Thelengthsof theloopsbetweerstrands.
Whatwe call loopin this contet is simply thesequencef aminoacidsthatconnects
the strandsunderconsideration.Thereforeour loopscanalsocontainresidueghat
arepartof ahelix. We de ned theloop betweerntwo strandsasshortif the numberof
residuesvastenor less,andlong otherwise.This decisionis in agreementvith the

de nition of sequencaeparationn Chapter8.

We consideredo usemoreknown propertiesof proteinsin our model,suchasthe length
of the strandsin the protein, the protein length (numberof residues)tself, an indicator
whetheror not thereis helical structurebetweentwo strands.etc. However we only in-
cludedthe two featuresdescribedabove, sincethey capturemostof the informationthe
othercharacteristicprovide, andbecause¢heinclusionof morefeaturesvasprohibitedby

thelimited numberof dataavailable.

In our model,we usethefollowing variables:

s Thenumberof strandsn the protein.
sg Thenumberof sheetsn theprotein.

The helical statusof the protein (either helical or non-

helical).

Theloop lengthsbetweerstrandsgivenasindicators(either

shortor long).
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SD Thesheetdecompositioni. e.theassignmenof strandsnto

sheets.

SC Theoverall sheetcon guration, i. e.the overall description

of thearrangemenof the strands.

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

thearrangemendf the strandsn a particularsheet.

Knowing thenumberof strandsn the protein,thelengthsof theloopsbetweerthe strands,

andthe helical statusof the protein,we wantto modelthe probability distribution of the

possiblesheetcon gurations, SC g . Usingrulesfor conditionalprobabilities,
we have

SC ¢

SD SC ¢

SCSD ¢ SD s

SCSD ¢ su SD s

SCSD SD su s SH S (9.1)

The rst equatiorfollowsfrom thefactthatthe sheetcon gurationdeterminests sheete-
compositionandhencewe have SD SC g SC ¢ for the speci ed
sheetdecompositiorSD,and SD SC g for all othersheetdecompositions

SD . Next, we make the following assumption:

SCSD SC SD (9.2)

This meanswe assumehatif we have two or moresheetsn a protein,the motifs of those

sheetsare conditionally independent.This assumptiormight for examplebe violatedin
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proteinsthatpacksheetsagainseachother If two four-strandedsheetgorm a“sandwich”,
thenoften the two motifs arealike. However, the motifs in thosesandwichesisuallyare
motifs thatareobsenedvery frequentlyanyways,sothatthe correcttopologywill receve
a high score,and mostdecqs with two differentmotifs in the sandwichwill not. Most
smallproteinsthatwe try to fold have no strandsor only a singlesheetandin thosecases

we do not have to make useof theassumptionn equation(9.2) anyways.

Themodelcannow bewritten as

SC g
SC SD SD su s SH s (9.3)
Wereferto SD gy g asthe “sheetdecomposition’term, to SH S
asthe “poker hand’term,andto SC SD g asthe “sheetcon guration” term.

The highestinterestcertainlyis in the descriptionof the modelof the sheetcon guration
term,whichis givenin detailin a separatesection(Section9.2.2). Beforethat, we brie y

describethe modelfor the sheetdecompositiorandthe poker handtermin the following
section. Thesefollowing sectionsarerathertechnical,andtoughwe are makinga lot of
assumptionsnd simpli cations, we can not always shav the datain detail to illustrate
how they supportthe decisionsve make. However, for the corvenienceof the readerwe

summarizehe contentf the mosttechnicalpartsat the endof therespectre sections.

9.2.1 TheSheeDecompositiorandthe Poker Hand Term

TheSheeDecomposition

To modelthesheetdecompositiomf proteinswe usetheentireinformationin thedatabase,

althoughwe areprimarily concernedvith smallproteinswhichmostcase$iave no strands
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atall, or only a singlesheet.Thedistribution of the numberof sheetgiventhe numberof

strandds modeledin the poker handtermin the secondpartof this section.For the sheet
decompositionywe canassumehatthe numberof strandsandsheetsareknown. Thefact
thatmostsmallproteinshave eitherno strandsor only asinglesheetmeanghatthe counts

usedto modelthedecompositionermarenotvery high.

Investigating SD gy s , we couldnotestablisradependencof SDon and
eventhoughtherearescenariosvhereone might expectthis. We consequenthgimpli ed

thedecompositioriermto

SD SH S SD SH S (94)

To modelthis term,we usedthe numberof crossingsasa surrogate The numberof cross-
ings is de ned asthe numberof times that, following the backbonefrom the N to the
C-terminusof the protein,we leave asheetandenteranothersheet.Clearly, for thedecom-
positionterm we areonly concernedaboutproteinswith at leasttwo sheets.We assume
that,giventhenumberof strandsandsheetsall decompositionthatyield thesamenumber
of crossingsareequallylikely. For examplethedecompositions and
of 6-strandegroteinswith threesheetdothhave 5 crossingsand

areconsiderecquallylikely.

If wehave sy sheetswehaveatleast sy crossingsVery frequentlywe saw proteins
in which the rst sheetwascompletedbeforethe secondsheetgot started.i. e. it is very
commonthatfolds achiese this minimumnumberof crossings Someof thesefor example
were proteinsthat had sandwichespr proteinsthathadtwo separatgairsof strands.To
predictthe numberof crossinggiventhe numberof strandsandthe numberof sheetswe
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 crossingswe modeledthe distribution of the numberof crossingsan excessof

the minimumnumber
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The probability of having the minimum number of crossings: Sincethe outcomefor
this problemis binary (having the minimum numberof crossingsversusnot having the
minimum numberof crossings)we usedlogistic regressiorto predictthis outcome using
the numberof strandsandthe numberof sheetsWe rst usedboththe numberof strands
andthe numberof sheetsas predictors,but thenfound that dichotomizingthe numberof
sheetavasadwantageous]istinguishingproteinswith two sheetdrom proteinswith more

thantwo sheetsThemodelwe t is

(9.5)

SH

with  beingtheindicatorfunction of the agument,heretakingthe valueoneif gy
andbeingzerootherwise.For illustrationwe show the tted probabilitiesof having more
thantheminimumnumberof crossinggor somecombination®f sheetandstrandnumbers

in Table9.1.

Table9.1: The tted probabilitiesof having morethanthe minimumnumberof crossings.

Numberof sheets
2 3 4

©914]0.32

c

S|5| 047

(%)]

S|6| 0.63]0.32

()

£|7|/0.77] 048

>

Z|8| 0.86|0.64| 0.64

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

numberof crossingexceedshe minimumnumber gy , Wwe needa modelthatassigns
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a probability to the numberof crossingdy how muchit exceeds sy . Exceedinghe
minimum,we have atleast sy crossingslLet .« bethemaximumof crossingsy which

we canexceed gy . Wede ne
numberof crossings sy (9.6)

andhence max . Themaximum .. by whichthe numberof crossings
canexceed sy alsodependon the numberof strandsin additionto the numberof
sheetsywhich makesit somavhattricky to usea binomialmodelfor . However, we found
thatwe cansimplify mattersandapproximatehedistributionof  usinga Poissormodel.

Sincethe Poissordistribution allows countsfromOto , we used

— for max (9.7)

Theactualprobability canbederivedby dividing theright handsideof equation
(9.7) by its normalizingconstantj. e.

— max (9.8)

The term — of the normalizingconstantis very closeto zeroin most

max

casesWe estimatedheparameter in the probabilitytermby
(9.9)
whichis equialentto

S SH (9.10)

We summarizeéhe modelfor the numberof crossingsLet

bethe numberof crossingsn excessof sy ,
bethe numberof crossingsn excessof gy (i. €. ),

beanindicatorif the numberof crossingexceeds sy :
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anddenote
logistic to bethetermin equation(9.5),and
poisson to bethetermin equation(9.8).
We thenhave
Iog'St.'C. (9.11)
logistic
andfor max We get
poisson logistic (9.12)

We have a probabilitymodel crossingsSD sy s for thenumberof crossingsgiven
thenumberof strandsandsheets Sincewe assumedhat, giventhe numberof strandsand
sheetsall decompositionghatyield the samenumberof crossingsareequallylikely (their
numberbeing crossingsSD sy s say),we have

crossingsSD
crossingsSD sy s

SD i s (9.13)

if su , and1 otherwise.

ThePoker Hand

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

dependengcof sy given son and , andsimpli ed thepokerhandtermto

SH S SH S (9 ' 14)



145

In thepaper{45] includedin Chapte8 we alreadyintroduceda poker handterm. However,
thistermwasusedin thescoringfunctionof theabinitio proteinfolding, andthereforehad
to allow for singlestrandsin real proteinssinglestrandsio notappearandour new poker

handtermneeddo re ect this.
Sinceevery sheethasto have atleasttwo strandsthe maximumnumberof sheetss

Smax = (9 . 15)

Let bethenumberof sheetsn excesf theonesheetrequiredandde ne

Smax

Hence . Wemodeled asabinomialdistribution,assuming

s (9.16)

Furtheranalyzingthe data,we foundthatthe probability in the binomial distribution does

not dependon the numberof strandsandestimated

S (9.17)

Figure9.4shonvsthenumberof strandsrersushenumberof sheetdoundin smallproteins
with ten or fewer strands. The proteinshelical and non-helicalproteinsare shavn sepa-
ratelyto illustratethatthe distribution of the numberof sheetgjiventhe numberof strands

is independenof the helical statusasassumeadn equation(9.14).

9.2.2 TheSheetCon guration

Given the sheetdecompositionwe know which strandsform a sheettogether We also
know the helical statusof the proteinandthe lengthsof all loopsbetweenthe loopsof a

sheetandwantto modelthe distribution of the motifs the sheetcanadopt. The strandsn
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Figure9.4: Theupperandlowerlimits for thenumberof sheetgiventhenumberof strands
(solid lines),andthe expectednumberof sheetgdottedline), usingthe tted probability.

thesheetcanbelabeledby their numberin sequencalongthe backbonestartingwith the

N-terminusof the protein.

A motif canthenbe describedy the sequencef positionsthe strandstake in the motif,
andtheir directions.For a -strandedsheetthe positioninformationthereforeis simply a
permutatiornof the numbersl through (sequence). Neighboringstrandsn the sheetare
eitherparallelor anti-parallel,andwe describehis feature(orientation) by a sequencef

zerosandones(up/davn).

Therearetwo axesof symmetry asshovn in Figure9.5. The sequencéor the strandsin
themotif of panell is 2143- the rst strandis at position2, the secondstrandis at position
1, etc. Theorientationfor thestrandsn themotif of panell is 0110- the rst strandpoints
up,thesecondstrandpointsdown, etc. Reversingthe sequencén the motif (2143becomes
3412)describedhe rst axisof symmetry ipping the orientation(0110becomesl001)
describeghe secondaxis of symmetry Sinceit doesnot matterfrom which anglewe look

attheproteinandwe can op andspinthestructureaswe desire thesefour motifsdescribe
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Figure9.5: Four differentmotifs thatrepresenthe samesheet.

the samesheet,and we only needto considerone of the four possibilities. To uniquely

characterizehe sheetwe requiretwo things:

1. Thesequencstartsleft. Forasheebf strandgshis meanghatthepositionnumber
of the rst strandis — orless. If is odd andthe rst strandhasthe middle
positionof the sheetj. e.its positionnumberis equalto — , the positionnumber

of thesecondstrandin sequencéasto besmallerthan — .

2. The rst strandpointsup. In otherwords,the rst numberof the orientationis zero.

With thoserules,we now alwaysrepresenthe4-strandedgheein ProteinL by themotif in

panell of Figure9.5.
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Thereare waysto positionthe stranddn asheetof size ,and possibilitiesfor their
orientationsjf we ignorethe axesof symmetry Thus,taking the axesof symmetryinto
accountwe have - possible -strandedmotifs. In the following
three sections,we considerthe probability distribution of 2-stranded3-strandedand 4-
strandedmotifs separately Modeling thosedistributions without major assumptiongand
simpli cations wasfeasiblesincethereareonly 2 motifs for 2-strandedsheets 12 motifs
for 3-strandedsheetsand 96 motifs for 4-strandedsheets.After thesethreesectionswe

considetthe probability distributionsof the motifs for sheetawith ve or morestrands.

Sheetsvith Two Strands

Fitting probabilitiesfor two-strandednotifs is straightforward. Thereareonly two ways

for two strandgo form a sheet:parallel(
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Figure9.6: Thetwo possiblecon gurationsof two-strandedheets.

Table 9.2 shows the countsof paralleland anti-parallelpairs of strandswe foundin the

databaseg¢onditioningon the loop length betweenthe two strandsandthe helical status
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of the protein. It alsodisplaysthe probabilitieswe usein the nal model. In generalwe
usetheterm*“bin” to referto the classof structureghathave a speci ¢ motif, loop length

distribution,andhelical status.

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 |1 0.99| 0.73| 0.99| 0.87

Sheetsvith ThreeStrands

Thereare twelve motifs for three-strandegheets shovn andlabeledin Figure9.7. We
classify the loop lengthsbetweenthe three strandsas short-short( ), short-long( ),
long-shorf )andlong-long( ). Formostbins,theinitially tted probabilitieswerevery
similar, comparinghelicalandnon-helicalproteins.Using -testsfor binswith sufcient
counts,we determinedwhich bins we could collapseacrosshelical status. We removed

singlecountsfrom binsandusedpseudo-countto re- t the motif probabilitieswhich are

shawvnin Table9.3.

Sincethe mostimportantfeaturesof those tted probabilitiesare hardto grasplooking
at the table alone,we highlightedthosein Figure9.8. Figure 9.8(a)indicateswith black
boxesthe binsthatwerenot collapsedacrosshelical status.It is notevorthy thatall of the

binswerecollapsedacrosshelical statuswhenboth loopsbetweerthe strandswvereshort,
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N\J N C \U

Figure9.7: Thetwelve possiblecon gurationsof threestrandedheets.

andalmostall motifs wereup-dovn-up () in the caseof both loopsbeingshort. Only
sevenbinsin totalwerenotcollapsedthreeof thosefor motif  , the“up-down-up” motif.
Motif probabilitiesbiggerthan within eachlengthbin are highlightedfor helicaland
non-helicalproteins(Figure9.8(b)and9.8(c)respectiely).



Table9.3: The tted probabilitiesfor three-strandethotifs.

helical

non-helical

0.0043
0.0043
0.8970
0.0043
0.0043
0.0364
0.0043
0.0043
0.0043
0.0043
0.0043
0.0279

0.0056| 0.0051
0.0056| 0.0829
0.4014| 0.2761
0.2622| 0.0051
0.0056| 0.0051
0.0115| 0.5472
0.0056| 0.0481
0.0056| 0.0051
0.0056| 0.0051
0.0056| 0.0051
0.0270| 0.0051
0.2587| 0.0103

0.0491
0.0803
0.1621
0.0285
0.0190
0.2822
0.0315
0.0142
0.1144
0.0348
0.0315
0.1525

0.0043
0.0043
0.8970
0.0043
0.0043
0.0364
0.0043
0.0043
0.0043
0.0043
0.0043
0.0279

0.0058| 0.0051
0.0058| 0.0830
0.6107| 0.4220
0.0423| 0.0051
0.0058| 0.0051
0.0118] 0.4011
0.0058| 0.0481
0.0058| 0.0051
0.0058| 0.0051
0.0058| 0.0051
0.0279| 0.0051
0.2668| 0.0103

0.0416
0.0681
0.2517
0.0242
0.0161
0.2394
0.0267
0.0121
0.0121
0.0295
0.0267
0.2517

151
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L1 L2 L3 L4 L1 L2 L3 L4 L1 L2 L3 L4

M1+ M1 4 M1 4

M2 M2 M2

M4 4 F M4 + M4 +

M5 4 M5 M5+

M6 1 M6 M6

M7 - M7 4 - M7 4

M8 M8 M8

M9+ - M9 4 M9 4

M10q M10q M10q

M114 - M114 M114

M12q M124 M124
(a) Bins that were not col- (b) Motif probabilities big- (c) Motif probabilities big-
lapsedacrosshelical status. gerthan for helicalpro- gerthan for non-helical

teins. proteins.

Figure9.8: A visual display of the mostimportantfeaturesof the tted probabilitiesof
three-strandedhotifs.
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Sheetsvith Four Strands

Although thereare 96 possiblemotifs for four-strandedsheetswe obsered only 52 of
thosein the database.Among those,18 motifs were obsened only once. We sav 872
four-strandedsheetdan the databasebut lessthan 20 motifs were obsered ten times or

more.

Thereareeightclassedor theloop lengthsbetweerthe four strands|abeledasfollows:

short short short
short short long
short long short
short long long
long short short
long short long
long long short

long long long

As for the three-strandednotifs, we used -teststo determinewhich bins to collapse
acrosshelical status,and using pseudo-countsve t the motif probabilitiesof the four-
strandedsheetsDisplayingall tted probabilitieswould be ratherconfusing(96 motifs, 8
lengthclassesand?2 classedor the helical statusequals1536bins!). Insteadwe shawv the

motifs thathave aprobabilityof ~ or morein theirrespectie binsin Figure9.9.
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(a) Themostcommonfour-strandednotifs for helical proteins.

L1 L2 L 3 L4 L5 L6 L7 L 8
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(b) Themostcommonfour-strandednotifs for non-helicalproteins.

Figure9.9: Four-strandednotifswith probabilitiesbiggerthan . Theactualprobabilities

(roundedjn percentlareplottedabore the motifs.
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Sheetsvith more than Four Strands

At thebeginningof thischaptemwe establishedhatfor a -strandedheethereare
possiblemotifs. In our probability modelwe alsohave to take into accountthe knowledge
we have aboutthe helical statusof the protein(2 classesgandtheloop lengthsbetweerthe
strandg classes)To modelthe probability distribution of the motifs for a -stranded
sheetwe thereforehave to consider bins. Whatthis

meandn actualnumberds shavn in Table9.4.

Table9.4: The numberof possiblesequenceéseq),orientations(or), motifs, lengthbins

(L), helicalbins(H) numberof binswe conditionon (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 9% | 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 strandghe countsfrom the databas&eresufcient to modelthe probability
distribution of the motifs, usingthe raw countsfor eachmotif. Consideringhow mary
motifs we have for sheetf size ve or bigger this is not feasibleanymore,especiallyin

light of the decliningcountsof larger sheetdrom the databaseshowvn in Figure9.10.
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Figure9.10: The countsof sheetf sizes obsenedin thedatabase.

In the caseof four-strandedsheetsthereare 96 possiblemotifs, but only abouttwenty
occurfairly frequently(tentimesor more)in the database.The majority of thesemotifs
looked very similar though,in the sensethatin mostmotifs all neighboringstrandswere
eitherparallelor anti-parallel.This obsenationis evenmoreobviousin themostcommon

motifs for sheetf size veor larger, shavnin Figure9.11.

To proceedwith the modelof the sheetcon guration term, we make the assumptiorthat
thelikelihoodof in individual motif canbe modeledby someglobal featuressuchasthe
numberof parallel pairsandthe positioningof the rst strandin the motif. We usethe

following abbreviations:

Numberof parallelneighborstrandsn a motif.

Numberof parallelneighborstrandsin a motif with a short

loopin between.
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strandednotifs. strandednotifs. strandednotifs.

Figure9.11: Larger sheetdrequentlyobseredin the database.The sheetsclearly have
common‘patterns”.

Number of strandpairs adjacentin sequencehat are not
neighborsin the sheet. We also refer to this feature as

“jlump”.
Numberof jumpswith a shortloop betweerthe strandpair.

Thepositionof the rst strandin the motif.

Sincewetry to modelthe con guration of individual sheetswe candropthe sheetdecom-
positionin theterm SC SD , andfor simpli cation we write  SC

whenreferringto the conditionalprobability of the con gurationSC of s-strandedsheet

To not interruptthe o w of this chaptey we only statethat after carrying out someex-
ploratorydataanalysis we found thatthe datasupportthe assumptiorthat the sheetcon-
gurations arecharacterizetyy their numberof parallelpairsandhow mary of thosehave
ashortloop in betweentheir numberjumpsandhow mary of thosehave a shortloop in

between plus the positionof their rst strandin the sheet. With this assumptiorwe can
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reducethe numberof bins,assigningall sheetcon gurationswith the samenumberof par
allel pairs,jumps, etc in a single bin. The bins may containdifferentnumbersof sheet
con gurations.For example,for anall-parallel5-strandednotif of a proteinwith all loops
longerthan10 residuesstartingat the rst position(of eitherhelical status)we have three
possibilitiesif we allow onejump (Figure9.12(a-c)),but only one possibility if we don't

allow ajump (Figure9.12(d)).

(a) (o) (©) (@)

00| T | UBAD | il

Figure9.12: All parallel, ve-strandedheetsstartingatthe rst position.

Formally, we make thefollowing assumption:

SC (9.18)
with being the numberof motifs with  strandsand loop-lengths
distribution in the bin, whichis independentf the helical statusof the

protein underconsideration.The term on the right-handsidein (9.18) looks even more
complicatedthanthe term on the left-handsideat rst glance,but the descriptionof the
motifs by globalfeaturesnablesisto estimatethe distribution of the sheetcon gurations

in ameaningfulway.
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Usingrulesfor conditionalprobabilities we get

(9.19)

In thefollowing, we modeleachof thethreeabove termsseparately

The term Analyzingthe data,we foundthat

(9.20)

Is areasonablassumptionlt seemgossiblethatif for exampleall loopswereshort,the
rst strandof the sheetis slightly morelikely to bein position1 thanin otherpositions,
sincehaving no long loops might prohibit jumpsin certaincon gurations. However, we
didn't have enoughdatato establistthis,andhenceacceptedheassumptionmadein equa-
tion (9.20). Figure9.13shaws histogramof  (scaledto probabilities)for sheetf size

from helicalandnon-helicalproteins.

For and we have plenty of data,andclearly thereare differencesetween
helicalandnon-helicalproteins.Hencewe estimated and
directly from the data,for helical and non-helicalproteins. For the countswere

really low, andwe combinedthe countsof helicalandnon-helicalproteins.For those,we
seesomedifferencesn the distributionsof the countsbetweensheetswvith evenandodd
numbersof strandsBelow we describebrie y which assumptionsveremadeto nish the
modelingof thedistribution. Themodelingwasdonewith therequirementn mindthatthe

modelshouldalsobeusablefor sheetavith morethantenstrands.
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Figure9.13: Probabilitydistribution of the positionof the rst strandin the sheetsplit by
sheetsizeandhelicalstatus.

Evennumberof strandg ):

The patternof thebarsin Figure9.13for even

Underthis assumptionsve estimated

— and

- and - with -

—, regardlesof thenumberof s.

resembles patternsuchas

(9.21)

-. Hence
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Oddnumberof strandq ):

The patternof thebarsin Figure9.13for odd resembles patternsuchas

(9.22)

Underthis assumptionsve estimated - and -

We try to clarify the above “patternanalysis”’andothercalculationsy shaving the tted

probabilitiesof for and in Table9.5.

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

helical non-helical
1 2 3 4 5 1 2 3 4 5

51 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

71 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

91 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 For x ed thereare
n possibilitiesfor
n possibilitiesfor
2 possibilitiesfor

possibilitiesfor

—  possibilitiesfor
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Hencethereareroughly binsin theterm , andsomesim-
pli cation is neededBelow, we describewhich assumptionsve madeandwhich binswe

collapsedafterexaminingthe data.

We rst notedthat we cannotassumeconditionalindependencef  and , which was
formally testedusing -tests. For illustration, we shav the countsof and from
six-strandedsheetsn Figure9.14withouttaking and into account.Thesecountsare
showvnin panel(a),togethewith theirmamginaldistributions.If  and wereindependent,
thengiventhemaginsfrom panel(a), we would expectthecountsto beroughlydistributed

asshavnin panel(b), whichis clearlynotthe case.

database hypothetical

[ 46 21 )
[ 23 37
2

1 8 5

parallel pairs

o - N w S o
parallel pairs

o - N w S o

9 7 12 12

[ 19 38 WV
10 | 2 e 17

0 1 2 3 4 5 0 1 2 3 4 5
jumps jumps

o o » ©o o o
o = o o o o
o
o
- 4 o o =
© © o o o o

(a) Countsof jumps and parallel pairs derived (b) Countsderived from the mamins underthe

from thedatabase. assumptiorof independence.

Figure9.14: Countsof jumpsandparallelpairsin six-strandedheetsn the databaseplus
their mamginal distributions. Preferredaremotifs with all or no parallelneighborsandone
or two jumps. Conditioningon the margins, hypotheticaktountswerecalculatedunderthe
assumptiorof independence.

Having establishedhis, we investigatedvhich assumptionarereasonabl¢hatallow usto

collapsebins. The datasupportthe following decisions:
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For , we only discriminatebetweenstartingat the rst positionversusstartingat
ary otherpermissiblgoosition. now takesononly two values: whenstarting

in the rst position,and otherwise.

Certainmotifsonly happerwhenall loopsbetweerstrandsaremorethantenresidues
long. We cateyorized if all loops betweenstrandsare long, and

otherwise.

The above statedfactwasclearly obseredin helical proteins. For non-helicalpro-
teinswe did not have enoughdatato establishaloop lengthdependencof  and

atall. Weomitted from the probabilitytermfor non-helicalproteins.

Using the above describedbinning, we have sufcient datato modelthe term
for 5 and 6-strandedsheets with and
. For sheetf 7 or morestrandgshisis unfortunatelynotthe case andsince

the dataprohibits more collapsingof variableswe conditionon, we cannotmodel every

singlelevel of and . However, it appearghatfor large sheety ), the patternsn
theterm look somevhatsimilar (datanotshown), althoughthenumber
of levels aredifferentfor differentsheetsizes( for asheetof strands).For each

we binnedthe tableof countsobsenedfor and , given and
into a table. Giventhe numberof strands thereare possibilitiesfor the number
of parallelpairs, since . The datasuggesthat we considerthat we
leave the countsfor and andcreatea“middle bin”, collapsingall
countsbetweers3 and parallelpairs(seeTable9.6). The possiblenumberof jumps
isalso , as . Sincewe conditionon the rst strandbeingat position

1 or not, we know that the numberof jumps cannotbe zeroif the rst strandis not in
positionl. Hencewe leave thebin for zerojumpsasis. We split theremaining levels
( ) into threebins (small mediumand large numberof jumps). The

numberof levelsgoinginto the small(medium)[large] bin are2 (2) [2] for , they are
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Table 9.6: The binning usedto collapsethe table of countsof jumpsandparallel
pairsinto a table.
J
1 2 3 4 5 6 7 1 2 3 4

71 O 1 2 3 4 5 6 0 | 12| 34|56

8| O 1 2 34| 5 6 7 0O | 1-3| 4-5|6-7

9| O 1 2 | 35| 6 7 8 0O | 1-3| 46|78

10 O 1 2 | 36| 7 8 9 0 | 1-3| 46|79

3(2) [2] for , 3(3) [2] for , and3 (3) [3] for (datanot shawvn). This
binningallowedusto estimate for
The term : Checkingthe data,we decidedthatit is reason-

ableto assumehefollowing conditionalindependence:

(9.23)

Thenumberof parallelpairsof stranddgn the sheethatareconnectedvith a shortloop of
not morethantenresiduesdependon , but given , the numberdoesnot

dependbn and . Hence

(9.24)

andanalogous

(9.25)
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Let bethenumberof parallelpairsin thesheetand thenumberof shortloops. Since
we have pairsof strandsn the sheetthelowestpossiblenumberof parallelpairsof

strandsn the sheethatareconnectedvith ashortloop (say ) is
(9.26)

The maximumof parallelpairsof strandsn the sheethatareconnectedvith a shortloop

is

(9.27)
Since

(9.28)

we areinterestedn modelingthe numberof parallelpairsconnectedvith a shortloop in

excesof (say ). Wehave

(9.29)
Thedatasupportthefollowing model:
(9.30)
with
parpair (931)

Analyzingthe data,we concludedthat for both helical and non-helicalproteinsthe prob-
ability of the binomialtermis not signi cantly differentfor differentsheetsizes,andesti-

mated

parpair parpair (9 . 32)
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For thenumberof jumpson a shortloop we usedexactly the samereasoningo derive our
model.Let bethenumberof jumpsin thesheetand thenumberof shortloops.Let

be the numberof shortjumpsin excessof thelowestpossiblenumberof jumpson a short

loop. We have
(9.33)
with
jump (9.34)
and
(9.35)
(9.36)

However, in this casewe found thatthe the binomial term doesdependon the sheetsize,

andderived

if and or
if and or
jump _ (9.37)
if and
if and

Summarizinghetermsandthe modelwe developedfor sheetsvith morethanfour strands,
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we have

(9.38)

with

scsD sc (9.39)

Example: A fairly commonmotif for a ve-strandegheetin smallproteins suchasthe

SH3domainof spectrin(lasgy), is shavn in Figure9.15.

Figure9.15: The sheeimotif of the SH3domainof spectrin.

The SH3 domainof spectrinis a non-helicalproteinwith 62 residues.The loop lengths
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in sequencarel8, 5, 2 and3 residues.The strandsalongthe sequencéorm anti-parallel
neighborsn the sheetexceptfor strand5, which jumpsandforms an anti-parallelstrand
pair with the rst strand.The sheetin the proteinis quite warped,which allows the jump

betweerstrands4 and5 with aloop of only 3 residues.

We now scorethis motif, usingthe above explainedmodel. In our notation,we have
. Sincethis con guration

is the only motif in the bin, we have

= 0.330
= 0.396
= 1.000
= 0.250

0.033

Thescoreof doesnt seento beveryhigh, but giventhatthereare960possiblemotifs,

thisis morethan31 timeshigherthan“backgroundrequeng”!

9.2.3 Outlook

The probabilitieswe t in this chapterre ect what we sawv in the database.To assess
the usefulnesof our modelfor sheetcon gurations,we needto determinehow muchit
improvesthe proteinstructureprediction,i. e. whichimpactit hasonthe“quality” of a set
of decqgs we generate.For example,if we usethe modelto selectdecqs from a larger
set,we cancomparethe percentag®f nearnative proteinsin the entiredecqy setversus
the percentag®f nearnative proteinsin a subsebf decqs selectedy makinguseof this
scoringfunction. We currentlyusethe modelin CASP4,andplanto thoroughlyasses#s

usefulnessafterthe structureof thetargetshave beenpublished.
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