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Abstract

The transformationof protein 1D-sequenceéo protein
3D-structue is one of the main difficulties of the struc-
tural biology. A structural alphabethad beenpreviously
definedfrom dihedral anglesdescribingthe protein back-
boneas structuial information by using an unsupervised
classifier The 16 Protein Blods (PBs), basiselementof
the structural alphabet,allows a correct 3D structue ap-
proximation[6]. Local prediction had beenestimatedby
a Bayesiarapproad and shownthat sequencénformation
inducesstronglythelocal fold, but stayscoarse(prediction
rate of 40.7%with onePB, 75.8%with the four mostprob-
ablePBs).

TheHybrid ProteinModelpresentedn this studylearns
both sequenceand structue of the proteins. Theanalysis
madealong the hybrid protein haspermittedto appreciate
more preciselythe spatial location of sometypesof amino
acidresiduesn the secondanstructuesandtheir flanking
regions. This studyleadsto a fuzzymodelof dependence
betweersequencandstructue.

key-words: fuzzy model, patternmatching,proteinse-
guenceproteinstructure prediction,structuralalphabet.

1 Intr oduction

Proteinsfold into a limited numberof conformations
[9]. Thel-D sequenceontainghewholeandcompleten-
formationguiding the proteinfolding, however we arenot
ableto predictdirectly the 3D-structurerom the sequence
[17]. The complity andthe numberof physicochemi-
cal, kinetic, dynamicandsteric parametersloesnot allow
anefficient 3D-structurepredictionwithout the knowledge
of 3D-structuref closeproteins. A first analysisof pro-
tein structuresshavs the importanceof two repetitive sec-
ondarystructureq«-helix and 3-sheet)stabilizedby inter-

nal bonds.With thevariablecoils, they constitutea 3-states
structuralalphabetThefirst algorithmsof secondargtruc-
turepredictionweresimpleandimplied statisticalmethods
andinformationtheorylike GOR[8]. Theirpredictionrates
were closeto 60%. The recentmethodsincluding multi-
layersneuralnetworksandinformationfrom homologyse-
guencegeadto a maximalaccurag of 75%][20, 21]. How-
ever the use of such stratgies inducesdifficulties in the
understandingf the factorsimplied (in particularfor the
aminoacids). Theincreaseof available protein structures
permitsmore precisestudiesof coil regions[15, 25]. Dif-
ferentteamshaddevelopedmorecomplex structuralalpha-
betby takingaccounof theheterogeneityf backboneoro-
tein structuresWe couldnoticedtheworks of Roomarand
co-workerqg19] andFetrov andco-workerdq 7] basedna
limited number(4 to 7) of prototypesof shortsize (4 to 8
aminoacids)stronglydependensof therepetitve secondary
structures. Thoseapproachegive poor 3D-structureap-
proximations however someaminoacid distributionsseem
interesting. Unger and co-workers[24] and Schuchhardt
and co-workers[22] have usedunsupervisednethods(k-
meanamethod[10] andSelf-OganizingMaps[13, 14]) to
find the mostcommonfolds. Hence,the clusteringgives
100distinctgroupswith a correct3D-structureapproxima-
tion, however this importantnumberof clusteris not suited
for predictionstrategyies. Bystroff and Baker[2] hadelab-
oratedan interestingmethodof clusterizationand predic-
tion of StructuralBlocks of variablelengths(from 3 to 17
residues).The learningstepwas carriedout with both se-
guencesand3D-structuresTheextractedclustersarechar
acteristicof somebiological folds, however the structural
approximatioris only givenlocally. Recently we have de-
velopedan unsupervisedalassifierwhich processedn the
samemannerthan a Self-OlganizingMaps [13, 14], and
takesaccountof the maintransitionin a similar way of the
" Hidden Markov Model (HMM) ” [18]. The HMM has
alreadybeenusedin thattype of studyby Camprouxand
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co-workerg3]. Hence,a 16-statesstructuralalphabetad

beendefined[6]. Thelocal predictionrateis 34.2%using

a Bayesianapproachand taking the most probablePB at

eachsite. This rateincreasedo 40.7%in subdviding the

mostfrequentPBs by an unsupervisednethodaccording
to their sequencepecificity In fact, the local information

is moreinformative thanexpected.For instance,75.8%of

the true PBsarefound againamongthe fourth mostprob-

able PBs (for the Bayesianapproach). From this last re-

mark,we have studiedafuzzy dependencbetweerthepro-

tein sequencandthelocal proteinbackbonestructure.We

have developeda learningmethodcalled "Hybrid Protein
Model” (HPM) to establishthis dependencacludingboth

sequenceand structurein the sameobsenration andkeep-
ing the continuity of thoseobsenations(i.e. successiorf

thefragmentsn theprotein).Here,we describehegeneral
principle of this method,then the resultsobtainedon the

dependenceequence-structuie termsof aminoacidloca-

tions. For a betterandmore preciseinterpretationyve have

studiedthe correspondencef the hybrid proteinwith our

16-statestructuralalphabet.The useof ProteinBlocksal-

lowsadescriptiorcloserto thereality thanasimple3-states
alphabetvhich underestimatethe importanceof variation
in coils. In fact, mary problemsin determinatiorof begin-

ning andend (N- and C-caps)of regular secondarystruc-
tures(a-helix and3-sheet)exist [4, 5].

2 Material and Methods

2.1 Database

The 3D-protein structuredatabaséProtein Data Bank
or PDB [1]) containsat the momentmore than 10.000
entries. However mary proteinspresentstrongsequence
and/orstructuresimilarity. Thereforeto tacklethe problem
inducedby the similarity of sequenceynly proteinsshar
ing distantsequencearetakenin account. Thus,our pro-
tein databasés composedf 342 proteinswhich have less
than25%of sequencsimilarity [12, 11]. Proteinshadbeen
cutin fragmentf 5 successie residuesThefragmentsare
overlapping,so eachproteinof lengthL is recodingin L-4
fragments hencethe 88 258 residuesof the 342 proteins
represent86 980fragmentgi.e. 88 258- 342x 4).

Eachaminoacidhadbeencodedaccordingo threevari-
ables:the hydrophobicity[16], the sidechainvolume[26],
anda polarity index (-0.5 assigngo K, R andH +0.5 for
D andE, andO to the otherresidues). The two first vari-
ableshave beennormalisedin the range[+1.0;-1.0]. The
normalisedrariablesaregivenin Table1. The3D-structure
associateavith the proteinbackbonds characterisethy 5
consecutie residueqthe centralresidueis in positions in
the proteinsequenceis characterisethy 8 dihedralangles

(1/)5—21 Gs—1, Vs—1, Os, Vs, ¢s+11 1/}3+1: ¢s+2) which have

beennormalisedin the range[-1.0;+1.0] after a shift of -

360 for theanglesyy morethan12(®°, andof +36(° for the
anglesp lessthan-12(* . Thus,eachfragmentof 5 residues
is definedby a vectorV of 23 componen{(15 for the se-
guenceand8 for the structure).

Table 1. Normalised variables: hydrophobic-
ity, volume and polarity index.

am no hydrophobicity volume polarity
aci d
A -0. 66 +0. 40 0.00
R +0. 36 -1.00 -0.50
D -0.39 -0.78 +0. 50
N -0. 36 -0.78 +0. 50
C -0.42 +0. 56 0.00
E -0.06 -0.78 0.00
Q 0.00 -0.78 0.00
G -1.00 -0.09 0.00
H +0. 11 -0.71 -0.50
I +0. 27 +1. 00 0.00
L +0. 27 +0. 84 0.00
K +0. 30 -0.87 -0.50
M +0. 23 +0. 42 0.00
F +0. 55 +0. 62 0.00
P -0.37 -0.36 0.00
S -0.65 -0.18 0.00
T -0.33 -0.16 0.00
w +1. 00 -0.20 0.00
Y +0. 59 -0.29 0.00
\Y, -0.04 +0. 93 0.00

2.2 Hybrid Protein Model (HPM)

In our study the hybrid proteincorrespondso seriesof
L fragmentof n residueseachoneis characteriseth terms
of sequencandstructureby avectorof mcomponentghere
n=5, som = 23). Thus,thehybrid proteinis a matrix of di-
mensionL x m. The principle of the HPM is to learn”at
best” the completedatabas€86980fragments)oy the hy-

brid protein of L vectors. The learningstepis similar to
a Self-OganizingMap or SOM [13, 14]. However in our
casethetrainingis monodimensionnandno diffusion of
the informationalongthe hybrid proteinis performed. In
fact,thediffusionis implicitly takeninto accounsincease-
riesof f vectorsassociateavith n+f-1 consecutie residues
arepresentedo thehybrid proteinto belearnt(heref=5,so
9 consecutie residuesareused).
Themethodreliesonthreemainprocesses:
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Figure 1. Schema describing the principle of
the structure-sequence information learning
by the hybrid protein (see the text for more
details). (1) Selection of one fragment de-
fined by a sub-matrix. (2) Calculation of a lo-
cal score between the sub-matrix of this frag-
ment and a region of the hybrid protein. (3)
Determination of the optimal position on the
hybrid protein in searching for the minimal
score . (4) Modification of the local informa-
tion on the hybrid protein.

(i) Initialisationof the hybrid protein: L vectorsareran-
domly chosenin the structuraldatabasdcodedin the 23
components).

(i) Sequentialearningof the obsenation matrices(see
Figurel): (1) onefragmentwith its ervironmentof length
f is takenin the database.lt definesa sub-matrixV of f
vectorsof lengthm. (2) For every position p of the hy-
brid proteinone scoreS(p)is computed. The scoreis an
Euclideandistancebetweenthe sub-matrices/ and W(p)
of samelength, this latter beinglocatedin the hybrid pro-
tein. Thusa scoreprofile is establishedilong the hybrid
protein. (3) The minimal scoreS,,;, is foundin position
p* = argmin{S(p)} associateavith the maximalsimilarity
betweenthe protein fragmentand a region of the hybrid
protein. (4) The sub-matrixW(p*) is slightly modifiedto
improve its resemblancevith theobseredone. This trans-
formationis definedby the equation:

W(p) — W(p) + (V — W(p)).a(n)
and
a(n) = ag/(1 +n/N)

n is the numberof sub-matriceslreadypresentedo the
hybrid protein,N is thetotal numberof sub-matrice®f the
structuraldatabaseand o the initial learningcoeficient.
Thelearningcoeficient «(n) decreaseduringthetraining.
The processs reiterateduntil the completereadingof the
database.

(iii) Strengtheningf the learningstep: It consistsin
usingC timesthewhole databasén the step(ii). A repeti-
tive useof the structuralinformationallows reinforcingthe
training, soa compactingof closefragmentss carriedout
progressiely. The hybrid proteinis closed,sothe Nth po-
sition is contiguouswith thefirst position. With a window
of f=5, we have 85 552 sub-matricesV in the structural
databaséi.e. 86980- 342x (f-1)).

2.3 Protein blocks

16 ProteinBlocks (labelledfrom PBa to PBp) hadbeen
definedwith thesamestructuraldatabasesinganunsuper
visedclassifierwhich takesaccountof thetransitionsexist-
ing betweerproteinblocks. ThesePBsallow a goodstruc-
tural approximationof completeprotein 3D-structureg6].
Figure2 shavs fragmentssuperimpositiongor the 16 PBs.
TheproteinblocksPBa to PBf representheblocksassoci-
atedwith 5-sheettheregularcentralg is PBd, theprevious
blocksaretheir N-capsthefollowing onestheir C-caps As
the same for the blocksassociateavith a-helix, the block
PBmcorrespondso theregularstructuregcentralpartof an
right helix) with theblocksPBk andPBl (N-caps)andPBn
to PBp (C-caps). The last blocks PBg to PBj are mainly
foundin coil structures.Table2 summarizeshis informa-
tion.

Table 2. Protein Blocks (16-states structural

alphabet) with the correspondence in the
classical 3-states structural alphabet.
Secondary structures PB |abels
N-cap of f-sheet a, b, ¢
Central p-sheet d
C-cap of f-sheet e, f
Coil s g, h, i, ]
N-cap of a-helix k, |
Central a-helix m
C-cap of a-helix n, o, p
3 Results

We presenterethe mainresultsof the learningstepfor
the proteinstructuresy(i) Descriptionof the hybrid protein
in termsof sequence structureand(ii) Correspondendae-
tweenthe hybrid proteinandthe proteinblocks.
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Figure 2. Superimpositions of fragments for
the 16 PBs. PBato PBpfrom left to right and
from top to bottom .

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25

positions

Figure 3. The hybrid protein after the learn-
ing step. The hybrid protein is composed
of 25 fragments of length 5 (x-axis), char-
acterised by vectors of length 23. Y-axis
(for 5 residues): hydrophobicity [1:5], volume
[6:10], polarity [11:15] and the dihedral angles
1 [16:19] and ¢ [20:23].

3.1 Description of the hybrid protein in terms of
sequence structure information

Figure3 shavsthe hybrid proteinobtainedwith alearn-
ing coeficientay = 0,03for C = 20 cyclesandalengthL =
25. A trivial obsenationcanbepointedout: thesequential-
ity of fragmentds visible, however we noticethatthe char
acteristicvector of fragmentin position p doesnot shav
exactly the samevector shiftedthanthe fragmentin posi-
tion (p - 1). Thevariations(in grey scale)of the variables
hydrophobicityanddihedralangley shaw their role in the
fragmentcharacterizatiorandat a lower level, the volume
anddihedralangle¢. The polarity hasa minor part; this
canbeexplainedby thelimited numberof chagedresidues
in regardsto thetotal number;a new estimationof polarity
scaleis underprogress. The 25 patternspresentglobally
differentcharacteristicsA clusterizationof thosepatterns
by a hierarchicalmethodshaows a significantgrouping of
two homogeneoudistinctgroups. The limits betweenthe
two groupsarethe 2! andthe 13'* positionsin the hybrid
protein.

After the training, the numberof fragmentsiocatedin
eachposition hasbeencomputed. The obsenations are
evenly distributed along the hybrid protein, the numbers
varyingbetweer2950and45000bsenations.

3.2 Correspondencebetweenthe hybrid protein
and the protein blocks

Figure4 givestheaminoacid compositionof the central
residuefor the25 fragmentontheleft side,andtherelative
frequencief the fragmentsfor eachproteinblock. The
16 proteinblocks [6] allow a more precisedescriptionof
the 3D structureghanthe secondanstructure.For a better
visualisation,only the groupswith a frequeng morethan
4% (i.e. 1/L) areshawn in thefigure. Only 15.6%o0f the
fragmentsarenot takeninto accountwith this rule.

Theanalysisof theresultsallows oneto point out:

(i) A strongdependencbetweerthehybrid proteinfrag-
mentsand the protein blocks; from position 2 to 13, the
blocks associatedvith the a-helix and their flanking re-
gions,andfrom 14to 25 (andpositionl), the 3-sheetstheir
flankingzonesandthecoils. Thecoilsarefoundatpositions
1,12,13,[17:19]andmainlyin [22:25]. We noticeanover-
expressionof glycine (G) andproline (P) in thosezonesin
associatiomwith blocksPBh, PBi andPB;.

(i) The sequentialityof the protein blocks and protein
hybrid fragments(seeFigure 4b). We obsere two ten-
denciesn the g-sheetspnefor the positions13 to 19, the
otheronesfrom 20to 25. Thefirst 3-sheethastwo follow-
ing hydrophobigositions(positionsl5 and16) anda high
propensityof PBd (central 3-sheet). It correspondgo an
internal 5-sheet.The second3-sheethastwo hydrophobic
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Figure 4. Correspondence between the hybrid
protein and the protein blocks. (a) Left side :
Amino acid locations along the hybrid protein
(for the central site of the protein fragments).
(b) Right side : Fragment occurrences ac-
cording to the position ialong the hybrid pro-
tein (1<i<25) and the type of PB (from a to
p)-

positions(20 and 22) separatedby an hydrophilic position
(position 21) definesa specific 3-sheet. A part of the 3-
sheetis exposed(accessibldo the solvent) at the protein
surfaceandthe otheroneis buried.

(iii) Animportantrole of thephysicochemicgbroperties
in the3D-structurein fact,somePBsarefoundin alimited
numbetrof positions.For instancePBI (N-capof a-helix) is
locatedn positionsl to 4, positionswith anover-expression
of chagedresiduesPBm (centrala-helix) in positions4 to
11, wherehydrophobicresiduedl, V, L, F, M et partially
A). We couldnoticethatthe hydrophobiamotif (i, i+1, i+4)
is foundagainandcharacterisetheburiedsites. Thecentral
positiony5, 6, 15,16,20et22) expressahydrophobicstate.
The cysteine(i.e. which createghe moststablecontact)is
obseredin thesameplacesbut with alowerintensity The
implicationof chagedresiduess lesspreciseandis not as
importantas expectedin the flanking regions (N- and C-
caps)of a-helicesand3-sheets.

4 Discussionand conclusion

ThePBslocationasseenin Fig. 4 shows strongtenden-
ciesof regroupingwhich couldbecomparedo theclassical
3-statesstructuralalphabet(«a-helix, 5-sheetandcoils). A
simple countingof the 3 structuresgives an information,

asexpectedcorrelatedwith the oneobtainedby the hybrid
protein. However, this information doesnot takeinto ac-
countthe sequentiality A 16-stateslphabetllows amore
precisestructuralinformation. For instancethe N- andC-
capsare locatedat distinct positionsand so have distinct
aminoacid preferenceghe hybrid proteingivesan assess-
ing of thosepropensitiesThe N- andC-capscouldbegin at
differentpositions. The beginning of the a-helix could be
noticed(mainly aroundthe position3), the samefor the C-
capof a-helix which goesfrom positions8 to 11. With the
(3-sheetsthe learninghad permittedthe obtainingof two
typesof 3-sheet(positiong14:17]and[19:23]) of different
lengthsanddistinct amino acid compositions.The hybrid
proteinallows to take accountof the length heterogeneity
of the repetitive structures.This fact is not easily percepti-
ble with thethree-statealphabet.

We have testeddifferentvaluesof parameters:(i)The
choiceof alengthL=25allows a goodassignatiorior most
of the fragmentsin the hybrid protein (i.e. 84.4%of the
fragmentscomposingthe structuraldatabasefor a thresh-
old of 4% (1/L) persite). A longerhybrid proteinhadde-
creasedhis rate. A shorterhybrid protein did not allow
the distinctionof the two typesof -sheets.(ii) By taking
a high a value,the training is not sensitve to the defini-
tion of theinitial hybrid protein. We have obsered similar
clusterizatiorfor differentinitial «( values. (iii) We have
chosena sufficient fragmentlength(f=5, e.g. 9 Ca) to in-
surethe structurecontinuity along the protein. They are
long fragmentdrom a structuralpoint of view (longerthan
shortregular structures).

The hybrid protein allows the compactionof both se-
guenceandstructuresn afinite numberof statesvherethe
two informationtypesare combined. A structuralalpha-
betof the 16 PBsconstitutesan efficient tool for analysing
theproteinstructure In conclusionthecorrespondendee-
tweenthe fragmentseriesin the hybrid proteinanddiffer-
enttypesof proteinblockspermitsto proposea fuzzy con-
ceptof relationshipsequence-structurdt seemgrue that
anaminoacid stringsis associatedavith a setof structural
patterngi.e. PBsseries)andcorversely It impliesthatin
a predictionmethod’sequencedo structure”,someprotein
blocksmustbe consideredsequivalent. We could noticed
that Simmonsandco-workerg23] hadalreadyusedStruc-
tural Blocks to improve ab initio modelling. So this type
of conceptmight be usefulin the molecularmodellingas
the threadingtechnicsor in structuralhomology method.
A work underprogresoncernghe useof this sequence-
structurgableasatool of assessmerf aproteinbackbone
modelling.
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