WD 02/ 072613 PCT/ SGOL/ 00049 1 SYSTEM AND METHOD FOR SYSTEMATI C PREDI CTI ON
OF LIGAND / RECEPTOR ACTIVITY 5 Field of invention The present invention
rel ates twoosysdiem and a nethod for the systematic i dentpdi/Satiioosoand
predi ction of |ligand-receptor activity. In particular it relates to the
predi ction of such activity in peptide and peptide-like ligands in order to
identify biologically active conpoundsland ligands to fanmlies of related
receptors. 10SESdEM NTd METIHADEOR SMITEMAME PREDICATON@F LIGAND / f or

initiation and regul ation of biql oqi r es. A receptor protein
resides inside or on the surfacgagﬁhgﬁ#%VVSﬁ&8E ceptor has a binding site,
whi ch has high activity for a particular signalling nolecule. The 15
signalling nolecule (i.e. a nolecule that binds to a receptor binding-site)
is conmmonly referred to as a ligand. The binding of a Iigand nol ecul e
initiatgs iqg%ﬁaq%ﬁﬁf reactions that induce a change of the state of the
af fected celf4fh ?%Iy resulting in a biological response. A schematic

representation Qheaprbictiaiven86E REIRLes | 1004 GOStefesRP ASBethSd Fo¥ Gt isPstefih@dlr € 1.
Exanpl es of |igands include hornones, pheronones, neurotransmtiers,

pepti des, déeatbcatipniangrprpdiciien eltligand-reegntorgactiviter sin partiedlieitrolatesrtaribeluces

t he signal a y. & kl.gand-recept.o inding.(al,sq termed . .
recogni ti oﬁseg%gel éfg%a a&]t‘)?tjgﬁlgd K tﬁgna%ldnéﬂ)?l gq%fe?léé%’flf dh ctrg?r go é%ernflg’s of
events), sbiibgsallyratisposmpainds ansligmds ifadléass relart reddptdrat el y i nduce t he
new state of the affected cell. The reaction can be anplified by a
secondé?y signal or can self-anplify. This new state of the cell results in
25 a bi ol ogiaﬁﬂmmgponse, such as enzyne activation or deactivation,
protein synthesis, protein stabilisation, and rel ease of hornones or
transmtters, abigrgpdotteptas interdntiarsstracdciadfdrwitibigend-regdeféross biologicaLt i on
is inportant for the anal ysis.of biological responses,. and rel ated

appl i cat i oFSPORTE r‘&i@ﬁ?&f?}/pwg 1 EGSHES 9‘%‘??}]@&1@63%%,0“0@& HeTeSERWT hagyand
may be recagsihgd e, Mkith mh@_hagf ABHALS f0iO2 Ep £l llarBYnd1BNE maAlcui! t*ngé e
receptors of the sane type. Different "cells ‘may have the Teceptors of the
sane type. sighalbisg malepiotis. soneletwe sha birslsgo maedeptnr| himing-sit) ibh avmmoahye

e o YAHET TP ThEBafrtT Ll SRS Bty o0
that induce a change of the state of the affected cell, ultimately resulting in a biological
response. A schematic representation of a ligand-receptor induced response is given in
Figure 1. Examples of ligands include hormones, pheromones, neurotransmitters,

20  peptides, drugs, and small molecules, among others. An effector transduces the signal
generated by a ligand-receptor binding (also termed recognition). The signal
transduction induces a reaction (or a series of events), such as transport of ions or
molecules that ultimately induce the new state of the affected cell. The reaction can be
amplified by a secondary signal or can self-amplify. This new state of the cell results in

25  a biological response, such as enzyme activation or deactivation, protein synthesis,
protein stabilisation, and release of hormones or transmitters, among others.

Understanding the ligand-receptor interaction is important for the analysis of
biological responses, and related applications. One receptor may bind multiple ligands,
or the same ligand may be recognised by multiple receptors. One cell may have

30  multiple receptors of the same type. Different cells may have the receptors of the same
type. These receptors sometimes belong to families that have large number of variants.

Screening a family of receptors for their ligands requires exhaustive experimentation
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WD 02/ 072613 PCT/ SGO1/ 00049 2 and is not feasible, because of the

excessi ve experinental cost. Thus a significant effort has been invested

i n devel opiovp/ozdrput at i onal net hods for nodel ling of the IrR@ESGH/DESEPE OF
interactions. The approaches to nodelling the |igand-receptor interactions

i ncl ude nol ecul ar nodel ling, statisti ca:2 met hods, and various heuristics. 5
Peptides that, bind nmajor histoconpatibility conplex (MHC), particularly
those t hatndis@ohiRasiblgl berapseqtidhe excestyeexpetimaniahsosiadbinesienifigrnt ffog f or

i mruni sat i i can i ] i (£o]] i e. MHC
nol ecul es ?%p?%gelﬁ?és%eﬁeﬁ (?eg{?leo %ﬁ g‘ﬁg‘?ﬁﬂ |0engl ?r%ﬁf(\ﬂisghr E}E)éi(rgg gr e Islg\}%rgg?' types
of recept oresefftor interattias. | Thadipptoaskes! to) modélling MHC ligaadpdceptor atefaei@@ni se

multiple | ds, .one |ligand may . bjind several 10 receptor variants, one

cell typi c%%ﬁ{;eﬁ}%le T egl%ﬁt?%ﬂ%"él %Ftiﬂﬁf@aﬁl‘éﬁ%r&% eBfisticie sane type, and

one cel{ may ha i aor r of
§ ey Napenaut YR bind ¥R HNioddekpaliBmeP bthdlex AMHCY ?gﬁfcpatlg%g&%hmn

peptides that ca to a speci man [“eu yte anti
MHC) nol ethat ereimturallyyprocessed,sart wotantialt vaceime eanididsteo fornagmirtisation sgahster

t han the nunber .0f .peptides that, can be generat y t.he _degradatiqn of
protein an‘f‘?”ﬁ_@‘hs‘.n%e%ﬂglﬁ dSEFE %?utf?)mﬂ’iu%l‘giﬁéﬁ' 0 nﬁ%ﬁg I’%‘{}?‘f”éecseg‘?ﬂes&%tl ﬁ? in
conj unct i ofechtbifaiMifies Tl vAGEA Bierd AlseRifl typRCHIBIPRAs Ae. Te1&8!1land 3185 f1gr med
T-cell epitopes. T-cell epitope mapping, "1ncluding HLA-pepti de-bi ndihg

st udi es, i Oneu¥itbhtregeptamecanofecopriserontliiplet Bganide.ebye rligapdrmhe dind eaeraf

nmol ecul ar and .cel |l ul ar i | oay;. . Because of the nsive HLA allelic
vari at b‘gn %ﬁg}%tgr Y?%E‘H%a"&%?ﬁ(@h\%?’lh&? %u?\wj? vaniguLs %ﬁ%@émﬁg@ﬁ oh?leeﬁamened
to. date) gpsysidameicell nateramliiplRRAISAEMHO rdcepfrs. ARhbGNEhe RBRBEIGE even
of a single protein antigen, is inpractical for the reasons outlined above.

Conput at i oReRtidsy &t can bindoto »apraifde hvmm brukeaeyig apigemh(BL4A adwman MHC)

t hodol fficigr t] - ' ' N
oot topes. oliRfte 51aie6) £ B8BRAL G oF oA FLAE bnllle thal BRS¢
pept i de. éptiflee tHat nah by ggnarated byothe afepaditiondofropie ketigenswithoht feptidésde f or

B
nost of _bindin interactions Wwth the si.de chains of anchoring am no acids
of a bithdi H@plagiﬂ oBetheThistee af o° X PRI PRGIOB oY M5 E "wolcrles shat) are

mol ecul es, BghitdagySARBIWERG el T-MilCers s |1 binding nolecul es. Most
pepti des bir ndlgﬁg to MHC cl ass Ie are 8-@8@ no acids long, while MHC cl ass

|1 peptides areT4®8ll3pitopd mapriog,dscluding HliA-peptide-bieding ctugidsj is diumeptBOoreor e.

w thin  heobarharesti GeninEl FERRERIE arcty o Boveulzn i ETb g "
anal ysi s oBetdi€e of the extensive HLA allelic variation (more than a 1000 HLA allelic variants

20  have been determined to. date) a systematic laboratory approach to T-cell epitope

mapping, even of a single protein antigen, is impractical for the reasons outlined above.

Computational prediction of peptide-MHC binding is thus a useful methodology for
efficient and practical pre-selection of potential T-cell epitopes.

A MHC molecule has a binding groove that accommodates binding peptide.

25  The binding groove contains binding pockets, which provide for most of binding

interactions with the side chains of anchoring amino acids of a binding peptide. There

are six binding pockets in MHC class I molecules, and the same number in MHC class

IT binding molecules. Most peptides binding to MHC class I are 8-10 amino acids long,

while MHC class II peptides are 10-30 amino acids long with a 9-mer long binding

30 core. MHC molecules are highly polymorphic, with most of polymorphism contained

within the amino acids that form binding groove and its pockets. One analysis of the

peptide binding environment to HLA molecules may be provided by defining the amino
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pepti de binding environnent to HLA nol ecul es nmay be provided by defining
the am no SUBSTI TUTE SHEET (RULE 26) WD 02/072613 PCT/ SGOL/ 00049 3 aci ds
of HLA nmowexazleessishat are in the proximty of |inear positramsGofoo@a no
acids wthin a binding peptide. A major use of biologically active
conpounds is in the discovery and desi gg of nedicinal drugs. Conputational
screeni ng nethods have been used for identification 5 and engineering of
bi ol ogi cal 3%jdsaef Hi.& melpsulendlat asndn the prexinaityrion lineprfpasitions lof eaniae acids

dat abases._ . {1 genom cs and proteom cs have facilitated a shift
from trad‘?’-ﬁlgglr?gqqx%gﬁgﬁisdabf direct antim crobial screening towards
rational drug dashgdr udcRIbIsIOgdally activd obhipdanpdsis if H0A3covetyadniedsightpft he
power of the_genome in the search for new antibiotics" Science 287,

1973- 1976)meqigingbdaigs Gomputatioagescseningpetods hayeapseasused dpr jdegtification

exper i nent 3 i : LfEl .
vl 5 SELEERLE S bioRAEND M bdporllly dnti P adhs Riniod SRS Mbtcdbat -+
the surf atatabmbest i Taoredyancss [ @gaomivet dnddploegids hore fhicHjthted ianghifnfromody
Fab) hea nd _|1ight_ chains", Nucleic¢ Acids.Research 19, 4133-4137) of
f)_r ot )ei n-| y%%f\@%ﬂ'@%ﬁ&@% ghltzety anﬁ‘ﬁa%%%leﬁérms ?%Wér %rréfé?ﬂaﬁgdﬁ"as cieﬁtgi)nbody
librari es, (RYs2h6had I E£RPARSop And 10007, emhﬁésﬁﬁé‘(ihel ow8il 6f &Hel b&Hdne in the

Conmput at i onal screeni ng net hods have proven povver?ul in searching for
conpounds geheh fonnewantibigticsl Scidkrre A7 Eeld 4. Methedsusushsaggihags displagpt or
or an _enzyne.. The.tqols for identification of biglogic tiv
corpouttis ¥iFarirs BEHR stesrigedliesping dHs8 oo BEC P RELY &Rl Toinson
conput at i oRA., ChigWkRD. PNHufonIE.Ughd VEafee€ni (I9D1))aNRIESEFueNetaResh aRd
extensively used (Makino S., Ewing T.J., and 20 Kuntz |.D. (1999),

" DREAMH+:  Suriage iof dilaeeiiteusgphseegnairedelpgies ferudisplaing pridhastyi @eb) hedyy sandes™
Jour nal ofy. r\ALded I [ - . Th tage of
vi rtual sclr1 e%ﬁﬁggﬁe@ﬁg?éﬁé ggj%ﬁ%zh%%l %%ﬁé% eo?})gg}t%g-gl% aﬁ%ﬁ/&‘r:%fgéﬁlvaél to the

exper i ment ldversethass] fohewestitig bh estbodyy NibddiesSploetmatgp ot dhddsoritligand
relatively, conplicated and slow for |ar gq?-scal e screening. They are often
conbi nBd winfesacsiong Somputatignal serasaig methodshave el noavesivd iy seakehing &tr acy
( Br ought 0Ned g€ A0 interdts i8S RORSWH et ELARORER ol R¥ERLI bt Yo' 1
protein-liga ocking: 1nmproving tools tor database mning and virtual
scr eeni ng"¢nzyowr nalThof toMsl daulidentiBicadn osf divdogibadlyl lactige dfippadhds 2fa.

Statistical t hods, t.hat. provi de, hi gh speed. and high accuracy are.,
deai r abl o FBTOEIP R DRSS GOUHe dRres RupR G} emaiaronsl SiradiNey Qartud ug

targets. gcreening) have been developed and extensively used (Makino S., Ewing T.J., and

20 Kuntz I.D. (1999), "DREAM++: flexible docking program for virtual combinatorial
libraries", Journal of Computer Aided Molecular Design 13, 513-532). The advantage
of virtual screening methods is in highly increased efficiency relative to the
experimental methods, however these virtual screening methods are relatively
complicated and slow for large-scale screening. They are often combined with

25  statistical methods for improving the speed and accuracy (Broughton H.B. (2000), "A
method for including protein flexibility in protein-ligand docking: improving tools for
database mining and virtual screening", Journal of Molecular Graphics and Modelling
18, 247-257). Statistical methods that provide high speed and high accuracy are
desirable for further improvement of the efficiency of discovery of drug targets.

30 Several computational models for prediction of MHC-binding peptides have
been developed. These models use methods based on binding motifs (see for example

Rammensee H., Bachmann J., Emmerich N.P., Bachor O.A. and Stevanovic S. (1999),
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30 Several conputational nodels for prediction of MHC bindi ng pepti des have
been devel oped. These nodel s use nethods based on binding notifs (see for
exanpl e Waneas@e H., Bachmann J., Emmerich N. P., Bachor KOTAG@N0049

St evanovi c S. (1999), SUBSTI TUTE SHEET (RULE 26) WD 02/072613

PCT/ SGO1/ 00049 4 "SYFPEI THI : dat abase { or IVHC | i gands and peptide notifs"

| 213-. 21 103,. WO 94/ 11738, WD 97/ 34621, V\D
001 08150, SRR TEHT databess Tor i Hasas L2 sk B s apacoian e | o
R R (199939 "Glasyd 193Mi¢03 auaot bhal7ye RidAdeIPt M6 9%%3'121@0' d 82,

| arge nol ecul’ar database with a vérsatil’e 5 itérati’'ve stepw se di scrim nant
anal ysi s n%?/éllbaog,oquanhtahve Blatuqefs (Bemsfbn mnﬂ;ﬁthﬂibsélBR, (19@&) UWSags DMHL35) ,

art|f|C|aI ne rks N (Br.usic Harrison L, C.
(Lo0a) ' " prbrive adtRkaiRoris AaHST BOR: F due serlrgIS datiiaes a1itha Hesmatile

net wor ks", (aqe%g} o ani sm
of Adapf at 1It%rﬁt1ve5§t'@19w&% d%&m,uﬁﬁg)sa}{glryégs% etfﬁlms e])rdggm %%@I—WI’%&?? g%%%b

5, 933, 819) andnUa&eGWNeBrSkwtlfi@almwﬂ setworkavt AN Bogied) ., Ruudy G098yl Harrison

"Predict I d |,
A T v M N e T
(LimJ. S, SifnierR.J. AREYHXS., (46 CbmPlex mﬁstA&ehm Jy)iraz ﬁﬁn&ﬂ?ﬁ%s&
"Sel ecti on of ]‘Z{eﬁ?t i des that bi nd to the HLA-A2.1 nol ecul e ecul ar

nodel | ng , 26(b) 1eb Pagssy mtmd@@/gwsr@gimm)movsemww) sbecfré@noMarkmfse f
hod b d
et Nod 15pHAYE DIRONEUSEERALAL! U, SRR b BuPIAPl ERSOlal 1R AR O of

require a oheldcolet ivsingafupervited ldantihg offbitkien (Wiakol .madeis”] RroréhiN33HIBA-74)
nol ecul ar eI forgﬁqdﬁ i ctjon _of Igeptlde hinding _to a gi ven MHC all el e.
S

For | arge-$¥ale e§l’}¥aé ing (Ligp 455K Redeperid - pr@dkK - BivomsT. péB@ iKdis
bi ndi ng aCKOS(fw%') s plegtidd 6t %@j:ltﬁ‘éélk ?brMJiotfhgl ﬂ‘i@i‘i I‘fﬁ,‘ﬁ&éd{ b 61%8.3& for

20 identification of prom scuous HL ass Il gands ave n reported
( St ur ni ol omddelingBpMplden]ar Binngrndlogy Rédm]l-ﬁ@)rﬁor bxamﬁIaetSeme ¢ thesSahethods!

Br axen al Protti d Hammer
(1009) 13 = cEfveristn Sipesrribilisd fugpstce o deniGHPR bhbtiel Fechliopyang tes

dat abases f5icRamPN WO geggns@y %a%ﬂ%ﬁhége%hmbhﬁréqhﬁé% déﬁmtlmt &f 5%%Uncﬂ\lat ure
Bi ot echnol ogy 17, 555-561). However, a nmethod that utilises a single

model t hat medel (roasidi I@tltrlpfeﬁN\ﬂé{MMdnolgcular moml) farpredi¢tion of pelkide hinldeiges i s

still lackjn I |n esdetalldan\Ae e crystal
structure %)ofglﬁl—?@n Mife(?zl 85 a%r eg?f?%t%crr?‘lenb"egpt ge ﬁt%ereggf?’f BE@E&WBI cul ar
nodel |'i ng paddidee ®ihddiO¥@0ss multiple MHC molecules. Multiple quantitative matrices for

20  identification of promiscuous HLA class II ligands have been reported (Sturniolo T.,

Bono E., Ding J., Raddrizzani L., Tuereci O., Sahin U., Braxenthaler M., Gallazzi F.,

Protti M.P., Sinigaglia F. and Hammer J. (1999), "Generation of tissue-specific and
promiscuous HLA ligand databases using DNA microarrays and virtual HLA class II
matrices", Nature Biotechnology 17, 555-561). However, a method that utilises a single

25 model that can predict peptide binding to a multiplicity of MHC alleles is still lacking.
Molecular modelling uses detailed knowledge of the crystal structure of MHC
molecules and of protein-peptide interactions. Molecular modelling had been proven
useful for visualization and detailed analysis of pocket interactions in clefts of various
MHC molecules (Zhang, C., Anderson, A. & DeLisi, C. (1998), "Structural principles
30  that govern the peptide-binding motifs of class I MHC molecules", J. Mol. Biol. 281,
929-947 (3D modelling. Date: 4 September 1998)), but being computationally

intensive, this methodology is currently less useful for large-scale screening of potential
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useful for visualization and detail ed anal ysis of pocket interactions in
clefts of various MHC nol ecul es (Zhang, C., Anderson, A & DeLisi, C
(1998), "wtoeeregial principles 30 that govern the pepti de-Humstimgoowotifs of
class I MHC nol ecules™, J. Mdl. Biol. 281, 929-947 (3D nodelling. Date: 4
Sept enber 1998)), but being conputati ongl ly intensive, this nethodology is

currently | ess yseful for large-scale sCreening of potential SUBSTI TUTE
SHEET ( RUL Iié)bﬂa%i@?ﬁnt?%-lscm)ﬂts@qaﬂ dlrgading @?SW{@IBi WP e peprdinpses, of
Comput atio L i : QL di. 1 .

compl exes. T gy AT EAMAn VAt MERNERTOL B SAk dh &50 S IO noelc
contact r esidiegsnd acsdlts ésabegiderscarepieptrefiketsitobiadinganerggf(Adntia Y.t Sethi ndi ng

Al tuvia, Y., Sett . A , hywood S, , it H (1997),
TA st uct ufte: DHSEH T S0l FeRte So Yeprbeit: (G hn Refirishirerhs gup st o Mic
mol ecul s ywddhtt Y AERRDORLEInD Pehitiids tBORIERE Smolebhiad \LIWO meBic. binbiing

(Comput ati onal threading. venber 1997)). The use o utati ona
t hreadi ng poekefs’' ddimt lmmuaol. pi§;tli- Hle(Csinmplitatipnabtheead tngy SNwienteiCl 997)a sEhdl

nol ecul es ha | so _heen ort.ed (Schuel.er- Eurman 0. ,.. El ber R | r it H
(1998) -~ kigup e BEETe! SRRAE A TR LRIGE obieBion Pl inEOt g UL
pepti des: alass LehvleeleaThad 3l Oopanerepsitod @hgelemﬁma%ﬁl@: Hiter(RDMREAL FINT.
Date: 1998)). A variety of other conmputational nethods for prediction of

pepti des akltPI8heKnopiasigerbesadsstivginse piedistion op Y E ¢lasyhdsundrperttidess astedyude 3D
del I i ' : ' h i ¢S Sigaul af i f
Fopol obl caPt Paapibes SHEl ARl Sib s, GRRLIBINE DS SO oh iR pe P ©

predi ct i onpthefrotigpethtienas metloddrfon piedictioh aif paptides andeahyi® popeAlRhat e bash
i nf ormati on- prog¢essi ng systhem .consisting of the densely interconnected
structure &POEEhputdEsoiarthadeiapide 3 mepellipgntephriguesi swghyas docking,

sel f - adj usiy RAGESS kgusi EE - ale ey i .
i nter connecteg%o et wor k%;ﬁ]l%lNNk ar’cﬁ’%‘?eog?t 8? @8%@%1’95}?1 ééeg) %g%ﬁ%?ﬁeaégogt%r?%a?r
nunber of seiombdre strecinmiprediptias esmag sthietsat work in parallel and transmt

si gnal s_bet ween ,each. 20 .ot her, vi difiable weighted |inks. The activation
patter i’ of uni téndégbtf?&?g B‘Furfdhé‘e?‘g‘fr}ge off AR plOERAYRETPEOCeEMh s ECBI

wei ght s, a@é‘ns‘i:'siﬁh% oRetld RGP IntbRbASRRIINS APy c&n%utattqnal ANehS. An ANN

representati on of peptide Sequences; the output signal representing
pepti de bi AeRsHE adt imanyy selfadjusting paecessing i elowbents s cardperstingigint he dewalyect i on

veronis oIRGB SRRl 1SS Rtk 10 SRR HERE o
affinitiessingld, toming presesedrs fiedtWodrl i8fpatdIR] and transmit signals between each
20  other via modifiable weighted links. The activation pattern of units depends of the
strength of input signals, connection weights, and unit activation thresholds. Input to
this ANN is a representation of peptide sequences; the output signal representing
peptide binding activity. Training an ANN involves adjusting the connection weights
and activation thresholds until it learns binding patterns, gaining the ability to match
25 beptides (input) with their binding affinities (output). A neural network of the
appropriate size can universally approximate any smooth function to any desired degree
of accuracy. However it is relatively difficult to elucidate generalised rules that
characterise training data from a trained neural network.
The advantages of ANNSs, of a particular relevance for dealing with biological
30  data, are: a) ANNs are adaptive and self-refine with the addition of new data, b) they

can handle imperfect data and tolerate data containing errors, c) they are suited to deal
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appropriate size can universally approximate any snooth function to any
desired degree of accuracy. However it is relatively difficult to

el uci dat ewganmrmhs sed rules that characterise training daeca/scGoomoatrai ned
neural network. The advantages of ANNs, of a particular relevance for
dealing with biological 30 data, are: .a) ANNs are adaptive and self-refine

with the addition of n data, b) they can handle_ inperfect data and
tol erate afatgarw@olmeax m0§§n§r ansl d) afigr Hwng%aéwﬁgp%ca ARNgradels aygmasy UTE
SHEET (Ruhééﬁl)reﬁ\ﬁ%pz’ 072613 PCT/ SG01/00049 6 with non-Ilinear problens,
and d) after being initially defined, ANN nodels are easy to use and
refine. Pepti d®sptites areusubly rrepresendatt asl charactearsmingsr whierd egeh whameeeach

character represents, an am acid. To convert character strings. into a
ormmt - apfHRNS A SRinogeih 0o GO ARRCR TR 81 AdOTPHBLIRER Fons of

the input iRt f ARKKNERE &i@ﬁﬁq’i&%}%@é&@hﬁ%ﬁé b &fe iiF@atARAR bhen B RERERed

bel ow). "Rep 20" assigns a uni binary string to each of the 20 possible
am no aci derlieb(see dalele 3nBxanaple Schslamy "Biep 2Re agsigns iaomiiqusriopasy tstrimg to €heat ur es)

whi ch ch terjse t. " Rep. " ' 6- pl tring wh h pl
s soaPhidap isvinf Amipe 2Bide o oRoRrCaelk 35 o3 b S GebRE R et <
si de chai (fcathfeshWHicAGBAaO@AGSthe® "Rep O LSiddsA6-Plate striReRvire dathPMhce is

internedi ate representation using a,  feature-based grouping of am no acids.
The fol | o $fglaaniahis fori & feadureuthwsranhebisirotelyme, whagepAomagict side sbain: i ve
charg n i 11G, Sh hai_n,: | i i . in,.snall
si ze, ?%ul E‘g&??‘grgb‘g%gﬁ%ﬁ %g{ilﬁgrﬁ %i tlg&afegfgdg%%gﬁg%irsgr?%]eglﬁ%tlg ﬁﬁﬁg&s&} m | ar
am no aci dsaturEdabedagpipitieof sminepickBe Mhe dolisviag amiio avid fntwts are@neddedi gi t s,
the length 15 depending on the representation. Peptide binding is uysually
represent w&@§h%blﬁawwp e  BOHFIR GHGTEo GRS $1g?ncb§1@mah tic side

non- bi ndi | ry . ] h D} : 9 atitative
b nding. ain mAPSRE bR Si-B: H) COSHOATAL B0 A il Bing A
and HW pmaah etidonEach pefiaisdd represamisedl a0pkbstinuoas edtingorfpdipHy, i tbe ddngth

al gorith that allow 20 capt.uri of t.he. conple atter t hat defi pe

pent T d DTS o PARRRTe SR PP e PR BrERrareci s A pustisal usi ng

a set of RERLIIGSICAMINIRE leplkdfiingGoaltihdihgi es to a particular receptor.

For prediction of peptide bindi ng to a query peptide (of unknown binding
a

affinity to a diwempatsepitorpethats based qmebmdgge measifs;t quaridativiea bindthgANN or
M rodel, M5LEN RUERY' Bokl BHaGHLET LOH e AMiGNBY CARRE e BRIAFT O
predictions are based on more sophisticated computational algorithms that allow
20  capturing of the complex patterns that define peptide binding. An ANN- or a HMM-
based predictive model is trained using a set of peptides and their binding affinities to a
particular receptor. For prediction of peptide binding to a query peptide (of unknown
binding affinity to a given receptor) data will be presented to the trained ANN or HMM
model which outputs the prédiction value. ANNSs have been reported to have superior
25  accuracy compared to predictions of MHC-binding peptides compared to methods that
use binding motifs or binding matrices (Brusic V., Rudy G., Honeyman M., Hammer J.
and Harrison L.C. (1998a), "Prediction of MHC class II-binding peptides using an
evolutionary algorithm and artificial neural network", Bioinformatics 14, 121-130;
Borras-Cuesta F, Golvano J, Garcia-Granero M, Sarobe P, Riezu-Boj J, Huarte E,
30 Lasarte J. (2000), "Specific and general HLA-DR binding motifs: comparison of
algorithms", Human Immunology, 61, 266-278). Comparison of the performances of

quantitative matrices and ANNs for prediction of peptide binding to the class I
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25 accuracy conpared to predictions of MC bi ndi ng peptides conpared to

nmet hods that wuse binding notifs or binding matrices (Brusic V., Rudy G,
Honeyman W o2dammer J. and Harrison L.C. (1998a), "Predi ;tdmsGofoMbiC cl ass
|1 -binding peptides using an evolutionary algorithmand artificial neural
networ k", Bioinformatics 14, 121-130; B_;)rras-Cuesta F, Golvano J,
Garcia-Ganero M Sarobe P, Riezu-Boj J, Huarte E, 30 Lasarte J. (2000),
"Speci fic dRAlegdn dHaA—ALRODAas| indicated that iquentitatvemairines hate highgpecifibits” |

H | Bl 8 ' i f

Pmat § o ek aRKs 188 R AensR R R alleins (RRBSH B BRRS IS¢t fne

class | SUBSTDAISTE. SHEET),('RvkEcfipleMEnaR/ MEaHES f&@k&@ﬁﬂ%@@@f’cﬁs bindiR4 ecul e
| S

HLA- A*0201 has j.ndicated . that quantitative matrices have pecificCity
wher eas ANr@aJﬂ%lﬁ"émﬁ?@Ha Wi complexmelecyes aieurneaf MaaculwoBialagy 26% 58y J.
Sette A 16 hifher ( A hods. f.or L&ting
sept i ded bi na b ibigher Cialy aed AR TN oREN BETcuSS BEEMG ' o
Mol ecul ar Biinﬂingwgﬁﬁdc;s QIQIE&fitEuk‘aZ&RL,(mDs)b "Iﬂi@ﬂmglgapé(pﬂda@)thal@klﬁh@ 6 DSBICY e;j
for HMVt base redi ctions Q C-. bi ndj ng peptides (Mamtsuka H (1998),
" Predi cti nd® 8‘1%{1?%'?%“5 HREriied eat“&‘“&/ﬂflgldgﬁ‘l‘ Ef&&k‘é’smeg’?lﬁgfg sQipiss §$,sﬁ9-§4éar ni ng

of hidden Markowt fi8lebsject &Ik %%Te%'?rﬁcggve 100t zpkovihé airﬁetﬁé}i Q}gﬁncgcctanqé? C{x‘?

present invention to provide a I ch can i1denti pre
ligand / raodpredictiigandi/trgceptor péivity,cinl martiqubdri activity of ppptiddel sl popede-like

peptide-like 10 ligands.and to provide a _.systemfor inplenenting such a
met hod.loltH}ggni%ﬁdﬁglpr%‘ﬁfl%?:fys&ﬁnE‘?’fémﬁfeé?élﬁfg F’]’\@éh‘?’?@ﬁdto provide a met hod
uhi ch can be ugee ARk abjdet opthd fi6see kivkhiich &f pEaldGH iRl Afhithbfifiba0

experinmental data is available, but which may be refined by 1 nclusion of

new exper i sPd &1 prgdichot the actviyy e{mplsenlepfirehicloho thperimenta watai inweaitablen t 0
provi de a I . .l arqge-scal e screeni ng of nol ecul es and
which is ggﬁﬁg?’gﬁh\ggﬁ%%@%ﬁg&cﬁf%ﬁ) 0 VW?XBSWE‘WP@?% tor interactions for

various recept orlt fsanfurihesobjest dfalid presindinviedti @D EPHrOvidd athéthb € dhicBenabiks
peptide-like | i%ﬁnds tqg fam lies of rel ated receptors. It is also an object
of the 'fr es¥EE-SFHT EHEFYAS 05 Mlericgeand Whieh soganpealisahle forquedigtionsphligandmodel
t hat can predi : b Walel B Ebhhe b LLY l. Q Brief
descripti orﬁ 0 &{rﬁg‘%?éﬁ\t}g‘ﬁst ?Jéﬁg{ Q‘gsoéeg?rﬁcél Y, {I%éllrgh %%’181?]1 g %@ﬁh ‘§%‘%§}°85?‘aes a
met hod f or qfpeptidetlikedigantletoafatilies of related receptors.

It is also an object of the present invention to provide a method that utilises a

single model that can predict peptide binding to a multiplicity of MHC alleles.

20
Brief description of the invention
Accordingly, the present invention provides a method for predicting interaction
of ligands and receptors, comprising the steps of:
a) representing ligand-receptor interaction by combining representations of ligand
25 interaction sites and representations of receptor interaction sites;
b) training a determining means with representations characterising said at least
one ligand-receptor interaction of known or estimated affinity; and
¢) using the trained determining means to analyse representations of at least one
ligand-receptor interaction of unknown affinity.
30 Additionally, the present invention provides, in a computer based system for

predicting interaction of ligands and receptors:
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of ligands and receptors, conprising the steps of. a) representing

| i gand-receptor interaction by conbining representations of |igand 25

i nteracti wo ®&oaa3and representati ons of receptor interactrasaiioesy b)
training a determ ning nmeans with representations characterising said at

| east one |igand-receptor interaction of known or estimated affinity; and
c) using the trained determ ning _neans to anal yse representations of at

| east one | l}anemnp efoe prepresentingr ligandorecerton MMAGRIORUSING fycomlpjnation of

Additionally, t i i L d J b tem
for predictin& ﬁ?%@ﬁ@@%dﬂﬁgﬁg#?ggﬁp§8§%d§§%c%g¥gﬁ§9&%%§@§ffﬁiﬁg§ﬁé T
(RULE 26) WO 02h@r26idBsiksT/ SG01/ 00049 8 1) neans for representing

| i gand-receptor interaction using a conpination of representations of

[
ligand inter Stneags dog féj%m‘_é‘ﬁc? FUPPEETRH: 2PeT rE‘FmP%é‘ée&%_?Mt_ 'rﬁPr@?eé’&ti"B_ﬁ
sites; 52) meangy Etehi%iﬁ [3hidGht oaSOSHRUBHA-P ceg&)i:'ﬁ{terg@cﬁcﬁ{ 6?18!8% Jreditiatéit t h
represent ati ons chardcterising said at |least one |igand-receptor
interaction of dfinvyand estimated affinity; and 3) nmeans for anal ysing

representati of at |east one |ligand-receptor interaction o nknqQwn
P o ey 2l ms Bor DS e RS g: of gt ope, Demd Gremipy Pisradip
exi sting met hodgknd®n affthi§ystenms in that they combine both representations

of ligand and receptor for each single data training point and are thus
based on the chEraweedandcystem ofthe pregendinvertegn differ ifrome existing msthods her

than op, the charact.eri stics of,.either |igand.or receptaqr.co nent i
oo at 1ton, e RS af 0 theechuiife O reptcPlations of HEdhd 3hd FREPRER cacl

si ngl e nodghglé Gita tialied féihPmmdire Bintdatgl ACthe ¢hirdctefistitsloff g lebah@-rétepiok pl €
receptors.. 15 In another aspect the invention relates to a conputer

program riatgastinns wihey thanoem theetharasteaisticseofaitpiigandoir reerpir copInegetdnat i ve

affinity of,lhigand’ eeeRtthe gr&%ﬁ{ ﬁu%htf’dhsfacgf?é{@{ bl G2 61“§ ts{dgfet 088 £op"
causing a conputer to: a) represent a l1gand-receptor Interaction by

conbi ni ng prepicesest Hhdiag actifityeof a lggad tomultifiercaegtosn site and
representations, of 611” andééece tqQr site; 20 b) train a cogpu er or other
det er nini ng meaRs2ARheR PR 4% AERHEM Lellfs 1o &t GlmuitgT gProgrant, g 5¥fling i 2

l'i gand- r ecepl Rferl BARBRC thOflu®l  rO0WenBifyifSt HdIRIved a@fidityi &8 : ligand-receptor

interactions, comprising instructions for causing a computer to:

a) represent a ligand-receptor interaction by combining representations of a
receptor interaction site and representations of a ligand receptor site;

20 b) train a computer or other determining means with representations characterising
at least one ligand-receptor interaction of known or estimated affinity;

c) apply to the computer or other determining means representations of at least one
test ligand-receptor interaction of unknown affinity, using the same
representation form as used in training the computer or other determining

25 means; and

d) analyse each applied test ligand-receptor interaction in order to predict the
affinity of each test ligand-receptor interaction.

The present invention is particularly useful in predicting the interaction between
ligands and receptors where the ligand is a peptide and the receptor is a peptide
30 receptor. Preferably the input data comprises representations of interactions of peptides

binding MHC molecules (of class I or class IT) or HLA molecules.
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c) apply to the conputer or other determ ning neans representati ons of at

| east one test ligand-receptor interaction of unknown affinity, using the
same repwss@nradiBon formas used in training the conputerPrcrSGitloerso
determining 25 neans; and d) anal yse each applied test |igand-receptor
interaction in order to predict the affinity of each test |igand-receptor
i nteraction. Thﬁ@g%eslen i pvention is particularly useful in predicting the
i nteraction bet abyiéhg terppining opcaps & selegiedt Botnibe groumgonsisting pd A de

and the regRpf QrHVALE, Iﬂﬁl?itpieq@%regs%ﬁ e 4 a ﬁ%@gﬁﬁ thtle)r]%he i nput data
epti des

conprises representations of Tnteractions of i nding MHC

mol ecul es (of clmessehceotheqgiresest idventon kilidwstheosd ef 2 SESThIddT o Sirdidt ( RULE
26) WD 02/ 072613 [ SA01/00049 . 9 Preferably, the.detern ning ne is

el ect ed { MBAPEBGHE L% QHUPEHHL Pt T i RRaDash Wit CHATRIPEREPR. Stodeasi on
means and RcBaY&SiBRtBAHP bhiwden E%a}xﬁn_ﬁ@d trEL%PfUrPS efthe | BYBRIchO Reldido3W t he
use of a single nodel to predict inding affinity and biological activity
on the basbgween Hoaidaansoeeaptards charagerisedan termrseefi paraseciers véiielt iedats e the

bet ween ligand . and regeptor. The reciprocal,relationship,between..ligand and
recept or igl?%%%}'ogctogrﬁigeh”? COPRORE RS rﬁtg‘?%%%rpfr%?q%rﬁ ?‘@I‘Ci‘[ gg?c&bf: hg“e

i nteracti osoreporich ih \dlARATONE Bich, othétl NRIs thg thethbAoRESl& dMhehidagion be
the conponents in isolation fromeach other. It is thus the

char act er i ¢t hipdingeveriavhich kecameiimporiay rifherdhaighe clasectepstien obibe drdividaglor t ant
th h . Sty indi vi : | .
h i 9 aasorhpnciRRRALiRSSth s blay e pUBTlal BF Blucht: AEFRORISs L BRERE VoS

or a si ngl ectptggioda smghaligang temilipdpicoestorsimyy be assessedsed. Descri ption of
the drawi ngs The present invention is described in greater detail bel ow
with reference to the 15 acconpanying drawings in which: Figure 1 is a

schemati c peahe3eRFiLdaRingd | 1 9and-receptor interaction;, Figure 2 is a
schematic representation of "an ANN showi ng | ayers of units which transmt

si gnal s t hr oughThopresertiimgention $5 déscgbediBgiestendéthi beloswwithreforemsend dtei on of
a genelsal gr edi cti.on .system of .@}epti de-ligand 20 interaction; Figure 4
i | T ust Fat e2PMPIpyipe dedvings Bivhiel ng a representation of the |igand-recept or

Figure 1 is a schematic representation of a ligand-receptor interaction;
Figure 2 is a schematic representation of an ANN showing layers of units which
transmit signals through connecting arcs;
Figure 3 is a high-level representation of a general prediction system of peptide-ligand
20  interaction;
Figure 4 illustrates the process of building a representation of the ligand-receptor
interaction for use in the present invention; the contact amino acids are those that are
involved in interaction, or that provide for structural integrity of the interaction.
A) Identification of amino acid in both ligand and receptor that are involved in the
25 ligand-receptor interaction. This step can use information derived by using various
methods, such as crystallography, molecular modelling, homology modelling,
functional studies, mutation binding studies, etc.
B) Identification of contact amino acids locations in linear sequences.
C) Removal of non-contact amino acids from the sequence and fragment merging.
30 D) Combining representations of contact residues for the definition of a specific ligand-

receptor interaction.
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interaction for use in the present invention; the contact am no acids are

those that are involved in interaction, or that provide for structural

i ntegritywofo2iohas13 nt eraction. A) ldentification of am no &cirédGonodmat h

| i gand and receptor that are involved in the 25 |igand-receptor

interaction. This step can use inf orrrgoti on derived by using various

nmet hods, such as crystall o&aaphy, nol ecul ar nodel | i ng, honol ogé*m)del l'ing,
~¢a

f unct i onBlgust hshews theuidaniifsention mdipaptidst epnitass residues vahip demHLARBAI2Un of
contact am, no, aci.ds_| i QNS 4N | .sequences. C) Renoval of
non- cont 3¢ ecglr%aﬁlg r%ﬁ%i?%tfpgr%?pheecog{eagﬁ%% and fragnent nerging. 30 D)

Conbi ni nPidiLd b&hews at eprrsehticioof tetbinding duemclion sith@ecthekh nhd MAGBEE3 a
specific l'1gand-_receptor interactian. SUBSTI TUTE SHEET (RULE 26) WO
02/ 07261 BemErFEAEPBAILY and s rcgptpeHEASAGND 1t he i dentification of peptide

cont agt %?@fréju}e%h}%vg h%x@ d@ﬁtiﬁ%oﬁ‘*gizg)%%ﬁd@ !c@ﬁt‘él:f r@ﬁ&e@?%&ﬁ&em@t}m’&- of the
contact sSite; Fi'gure 6 shows a representation of the binding interaction
si te bet DRBI0NS1 MA(HEr-0oF the BRA-DR IANGPRALS utenahd teprasemtefddmof Hepeptid201; 5
Figure 7 shows the identification of peptide contact residues within the
HLA- DRB£e®W2GF!®hai n of the HLA-DRL(0101) nol ecul e and representation of

the pepti ket Rienfit tBRtakt §BdidddsC BN 18 HIERL | de
contact re |%(ljge)s%h\§m%%h?l'rel t egﬁﬁ%i{OﬁDng?’g 101 cch(fili n of1 tﬁe HLA- DR1(0101)

ol ecul e DRWIL %08 Pt ebaintaftthe RlLA-DRIC0 ¥ pmalecule and paprescntation ef theingptide 9 shows
a representation of the binding interaction site between the invariant
chai n®peSPHAE SBRPPKPVSKVRVATPLLQALPMG and its receptor HLA-DRL (0 10 1):

Fi gures IGure D21HoRRW FRERROALAIF ARSbiabinkhiatdatRRt Bie Bobivednamtiigvarkint e i n
beta chains of ei %ht HLA- DR nol ecul es; I5 Figure 13 shows representative

pept i des chaiomegt PGP MBKMIRVIASTRId QALPMseand ierecentaigilhd-RBRI(OAPLY and t he

representation, of inte Lon:. ki - ersl an.;
represen é‘%urrglgel(?ntlgpszlgwlgeﬁ{e%%ﬁr%ﬁhgiorgégégg%gé@ i d‘te}&\(l:é{?)tr1 @n 9‘%&%@3@%8? does
not bi nd edhAHDRLDROmMSRcdlks; Fi gure 15 shows the receptor interaction sites

in beta chains of the 17 studied HLA-DR 20 npl eIc_‘nLiI eB an{j HLA- DRB1* 0801
( HLA- BREFigB0 13 e Wi SearepeiatitsdRiptifess icarragpongipg HLA-DR molecules, peptide

binding affinity and the representation of the interaction;
Figure 14 shows a conversion of a representative interaction comprising a peptide core
FAGKNTDLE that does not bind HLA-DR1(0101);
Figure 15 shows the receptor interaction sites in beta chains of the 17 studied HLA-DR
20  molecules, and HLA-DRB1*0801 (HLA-DRB1*0801 was used for model training, but
not for predictions); and
Figure 16 shows the short representation of the beta chain contact sites for the 17
studied HLA-DR molecules and HLA-DRB1#0801 (HLA-DRB1*0801 was used for
model training, but not for predictions).
25
Detailed description
The present invention is based on the use of an ANN, a HMM or some other
suitable determining means for the prediction of ligand-receptor binding activity (for
example identification of peptide binding to MHC molecules) building a single model
30 which can predict ligand binding to a multiplicity of different receptors with high
accuracy. It facilitates cyclical refinement of predictive models for improved accuracy

by inclusion of new experimental data. In addition it facilitates high accuracy
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not for predictions); and Figure 16 shows the short representation of the
beta chain contact sites for the 17 studi ed HLA-DR nol ecul es and HLA-DRB 1
*0801 (HLwobRB72613 0801 was used for nodel training, but maT/SGOI/00049
predictions). 25 Detailed description The present invention is based on the
use of an ANN, a HW or some other suitable determ ning nmeans for the
predi ction of |igand-receptor binding Yetivi ty (for exanple identification
of pept i deredictighs gf peptideibinding éaMEE moletdentor avhitngb expeddmentdodathiatsh can
predict ligand, binding to a,multiplicity of .dj rent receptors,w th high
Deour acy. Tataplce; I ElsGkabbled dtbt e adieontneht MCHiklbe pOER 08 et i

i nproved agwintaas Vthatbit it Nenbiilisebl® o ewdRXBAT d idb-rét@ptor inferadidn ifen it
facilitates high accuracy SUBSTITUTE SHEET (RULE 26) WD 02/072613

PCT/ SGOL/ S@ERIy regeptoyy @aué@ﬁ- ortbe gnethadof dbe praseptnigvesionHs aeeedisade foor

whi ch pno ' .da . J: cvaks I 8- e

scr coril ngPSRRoR ) RgiAEHARoF in@ Bl bR vatbuP L BRER. il el BuP 38

genar al i stibiedftoy MHE@ dhalédudss, Atcablefpcesters) anmphariobuling) et ¢lemnself ockeyar i ous
receptor famlies. The nethod of the present invention is genaralisable for
5 predi ct PBAPIOLCIBEISEYA%E- r ecept or interactions for various interactions

i nvol vi ng, but ool A les, Jdseekl p ,

i mmunogl obul i nsB Iﬁﬁlalgﬁ %ﬁ?a%ﬁglcgt&no%jgrégagg% %?’otre‘%lﬁggé(%neg%%g’e% Ui ?Mhrq’g and
appl i cat i et.)qfredictiinadystsin foaligdrid-ecepteginesaitions typally inddlN;estdbivdral seetges:)
prediction stem far | gand-r.eceptor ,interactions i cally. involves

Sever 3t sfhgberosenigiiny oREipu LEREFIeGrPtaf inraiant fon ITAL Celoior Fttict | ons
in a format Jg&émlinihemdahdi Ning a determining means; b) Training the
determ ni ng neans; c) Representing an unknown (or test) |igand-receptor

i nteracti bh Trinitgths datermipingmeans; defined in step a); 15 d) Predicting the
affinity q he unknown l.i gand-recentor.interaction. A schemati.c high-Ievel
or osent ot | e RUR MLl AR oF S MlaRha s Figh it PRior RO SRS iielit &'
shown in Fi gdsfedin stiyea)eritical part of the method and systemof this

invention is_the description and the representation of the |igand-receptor
i nt er 4Tt i @hsPisgicipgibieaffinyty of the unknown ligand-receptor interaction.

A schematic high-level representation of a prediction system for ligand-receptor activity
is shown in Figure 3. The critical part of the method and system of this invention is the
description and the representation of the ligand-receptor interactions by combining
ligand contact sites and receptor contact sites uniformly for a family of related

20  receptors. Taking the example of a peptide-receptor interaction the steps of the present

invention include, but are not limited to, the following:

a) Identification of the contact elements in a receptor sequence (receptor contact sites)
from a representative known structure. The contact elements are amino acids that
directly or indirectly affect a ligand-receptor interaction.

25 b) Identification of the contact elements in a ligand sequence (ligand contact sites)
from a representative known structure. The contact elements are amino acids that
directly or indirectly affect a ligand-receptor interaction.

c) Align ligand sequences from known ligand-receptor interaction of the studied
family.

30 d) Align receptor sequences from known ligand-receptor interaction of the studied
family.

e) Remove non-contact amino acids identified in steps a) and b).
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| i gand contact sites and receptor contact sites uniformy for a famly of
rel ated 20 receptors. Taking the exanple of a peptide-receptor interaction
t he stepswofozbmsipresent invention include, but are not IpcmisGedoday t he
following: a) ldentification of the contact elenents in a receptor sequence
(receptor contact sites) froma repregentative known structure. The

cont act gbements, are am ngﬁaci ds that directly or indirectly affect a

| i gand- r ePe5t¥rbing digand pnd seceptor ponfagh sites inde the, interactionerepsiseriation f@ment s
inali ga”df%&gmli%e{r{d%g%t&%&?a%ﬁoﬁj tes) froma representative known

structure. e contact elenents are amno acids that directly or

i ndi rect | §) Hehwovte invdriagbsiths fieaetht atighmer(aptionat). c¢) Align |igand sequences
from kno |.i gand-receptor jnteraction of the studied fa'lg. 30, d) Align
recept or Frogt HeaBfhrRasainn IPIgaiion inde - suitable farcise i tiht detrEmisingyi ed

fam |y; e) Rgapye non-contact amno acids identified in steps a) and b).
SUBSTI TUTE SHEET (RULE 26) WO 02/072613 PCT/ S@1/00049 12 f) Conbine
| i gand ant rlasieghedetcominingtmesns.es into the interaction representation for

each kno |4 gand-receptor interaction. Renove..i nvari.ant sites omthe
T onent( APRORR! § TeRj CleapmbC biteoREL e m SRR i, B M o PRt o o
sui tabl e forforg® With thealetbeinBiing fiefts (fHl0WEAR $he prbcctiuad dbs&ﬂﬂ&ddﬁts%?giap{dﬁg_
nmeans. j) Represent a |igand-receptor interaction of unknown affinity in

the format dM)-table for use with the determ ning means (follow ng the

pr ocegy e, 195G LARY b5 A08 Mo ilkda bl FLEAIL the af finiy of the

unknown | i1'gand-receptor i nterac ntron 1nvol ves the production

and use of a noWeinvdatien hepivesdBpadduetion liad useadahionelsdaexRrdseraial thand
structural information, the representation, of the |igand- receptor
i nt er act | ABBEHGXPRTNGEY ¥y sEibiabiiermadions &by sepsesenietion obrthe digspdt i on

P 3 oy AP LBl AUy Sl AR R et
t he use obdf bothithaligareparektha redepton. Theldihvantian moes 4 degeaeratt sepreséntatddn of
' EChnilsqueligéandhan%chglgtore 21(n6%<£:r11§cl:t%aon(’iSQ‘ce'g\'}tll}luso£11ltgjl\zvilgg/l\{&e use of minimal representation.
Using a non-linear statistical technique such as for example an ANN or a HMM)
enables training of a single model for prediction of ligand binding to multiple related
receptors.
A computer-based general system and method for prediction of binding of
20  peptides or peptide-like ligands (ligands) to peptide-like receptors (receptors) operates
as follows. Identification of contact sites within the ligand and representing ligand
interaction sites by combining ligand contact sites (in an arbitrary order) and similar
identification of contact sites within the receptor and representing receptor interaction
sites by combining receptor contact sites (in an arbitrary order) facilitates representation
25  of the ligand-receptor interaction by combining representations of receptor interaction
site and ligand receptor site (in an arbitrary order). Using such ligand-receptor
representations a determining means (such as an ANN, a HMM or a multiple regression
system) is trained with input data characterising instances of ligand-receptor interactions
of known binding affinity. After training, test data representing a test ligand-receptor
30  interaction of unknown affinity (using the same representation form as for training the
determining means) is applied and analysed to predict the affinity of the test ligand-

receptor interaction. The method of present invention may be set out in the form of a
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enables training of a single nodel for prediction of ligand binding to
multiple related receptors. A conputer-based general system and nethod for
predi cti owoab/obdemsli ng of 20 peptides or peptide-like |igawadsqoi/hgands) to
peptide-like receptors (receptors) operates as follows. ldentification of
contact sites within the ligand and regpresenting ligand interaction sites
by conmbining |igand contact sites (in an _arbitrary order) and simlar
denti 1 CATDBIST BOZEUR REAING Qb3 CARPHERTRAED? ssdpid and mepyr Repmpdanint

[ eCept Or b AICBEIRR protirh il XyitSHRIof HYLLFE BRAAbn bt ilnifh kB | 1 an
arbitrar ykfé?%ecﬁfr@acipfﬁrat eg relpr esent%bg)n g’% o?nt ettﬁ}fi’té’élﬁ I-nggr(l:sc(ept or

i nteracti on byhewmftrenimg coeputsdnsat garsal Gystemcapd oarethatt for grédiction sft e and
i gand receptor .site (i.n a rbitrary order) i ng such |igang-receptor
ot osentitiin of PRBie TRt Mo YecRhRrLhe TR PR | pl o
regregsi gglowystem) is trained with input data characterising instances of

| i gand-receptor interactions of known binding affinity. After training,
test data rbpdéuifichiion ooft eentatti gidgsd withie pthor ligmd randr saprésemingf ligakdhown

affinity (using the sane.representatiaon form.as for tr.aining the

et er i hi ng iR aoLAlks oy BiERERe Roardtonfiot SRS ndn At BRE At 1y of e
test |igandy) neagification RFdoatict Gltes Wi eid1ecte orpe[rﬁS%Ees'bﬁt Nidceftormy be
set out in the formof a_  SUBSTITUTE SHEET (RULE 26) ) 02/ 072613

PCT/ SG01/ 0004 dnterpgtiensifastbycoprbiparaceptassatitasy sites (in absrpimasr ordeddabl e medi um

and y be i I m . DI QQr Mt he.above
ment in'gned d%eﬁlp%%g%ne%%{s@ge%ﬁ@?e'?l(lgérrg(jruol?ln%g ggﬁ%’ﬂ?@é -%g%g%tég%)ﬁ%r §f system
and net hod f oreqepedimtiaotionsitdrnddigagd tdcegropditeddn in abittsy balepept i de
receptors, the steps may he summarised as , 5 follows; 1) ldentification of
contact ! t 95 TREEs @qf&%m}lp’@&ﬁﬂea&ﬁW“ﬁéﬁ?%&éﬁ‘ihﬁbacﬁrkjmdn“?fﬁ?%?%@q\ﬂh sites
by conbi ning ki 1 is 1 i : ) :

I dentificati Orl}fg%?d‘geoc% a%:? ﬁgse{a?{eléﬁ%\nutg fﬁ?nﬁﬁgép?%%{é%pg?soé%ﬁ@%ﬁgggﬁﬁ gfg
receptor int enccinteoact®int es by conbining receptor contact sites (in an

bi t der); .0 3 ting |igand- or jnt ion b
Conbi iy SpARPEH e R s o ARe e G ot Bedane 1ot ecept or
site (in an arfidpfcRliMteficH8H bf uﬂho&rg%ﬂﬁn&? WBingahe shhB irfieBRANSH Wil ad Nput

data characterising instances of i gand-receptor interactions, using
sai d repr esentfet rainingdhelddemmviningfmeans;tapdof  each i nteracti on;

6) Analysis of each applied test ligand-receptor interaction to produce a prediction

of affinity of ligand-receptor interaction, and computing such predictions.

20 As indicated above the present invention uses a non-linear statistical technique,
which may be selected from the group consisting of an artificial neural network, a
hidden Markov model, multiple regression and a Bayesian network.- The use of such a
technique facilitates cyclical refinement of predictive models for improved accuracy by
inclusion of new experimental data as it becomes available. Where no experimental

25 data with which to train the determining means exists the training process may be based
on estimated binding affinity produced using other methods. For example, if binding
activity of a ligand-receptor interaction is unknown, but there is experimental evidence
of biological activity, a reasonable estimate of binding affinity can be deduced and used
for training a predictive model.

30 . The system and method according the present invention is generally applicable
to data sets based on any type of ligand-receptor interaction. Typically the training data

may comprise representations of interactions of peptides binding major
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15 5) Applying to the determ ning neans test data representing at |east one
test |igand- receptor interaction of unknown affinity using the sane

repr esentwoioen7fos mas for training the determ ning nean®CT®od1/6)o4Anal ysi s
of each applied test ligand-receptor interaction to produce a prediction

of affinity of ligand-receptor inter achi on, and conputing such predictions.
?0 As indicated above the present invention uses a naon-linear statjstical

t echni quehistogpmpaiibily qempley QdHEQ molspylentclass d s dass dDsen prptides hinding
artifici aﬁurﬂﬁ’{’feﬁk?(é}?él%ﬁ%én gﬁLép%gﬁmelyar kov nodel, nultiple regression and
WOr K. e-use of “suc

a Bayesi an ne a technique facilitates cycli cal
refinement of Phedipetative ofothel mivEmtion i ilhuseadted Cigyu e Yolbywing nednmitingof new
experinmental data as it becones avail able. Wiere no experinental ?5 data
with whi cEX3®8Plesai n the determini ng neans exists the training process nay
be based on estimated binding affinity produced using other nethods. For
exanple, if binding activity of a |ligand-receptor interaction is unknown,
but t her eExempleperi nental evidence of biological activity, a reasonable
estimate @f .binding affinity can be deduced and used for training a
predictiv Oﬂﬁﬁeﬂfocg‘b’r.e The system and nmet hod according the present

invention is geRetadihy pRRBdre 3H @peﬂtﬂe%cﬁn%sﬁ)tésiﬁglé%'c forafdudesRevérhl
| i gand-receptor interaction. Typically the training data my conprise

r epr esent siepodsgwe 4):nt er acti ons of peptides binding maj or SUBSTI TUTE SHEET

(RULE, 26) 02/072613. PCT/ SGO1/ 00049 4 hi st.oc at ibi| i conmpl ex ( MHO)
ol oc i oY dRSRURARGH S b BrArea Nt dnyt eI BGRAREC PRIt K CP00 B
antigen (bi-Aline@h§itdeattiol BLaRRRY RidsGivdlied ienteraeeod - Gipurs 4Bl | ustrat ed by
the followng non-limtin Exanpl es. 5 Exanpl es Coding procedure The

codi ng pr et ddmeval ef nap-¢pagact ersidyien i fegmaepraseatatign fragmentstofigis A udes
sever al . EJ : L I: . AIm Kd residues
i nvol ved Iﬁ%efﬂﬁigé{%%%gngeﬁ@toggsgﬁ@ee #Egﬁgir&téttoﬁﬁ&gé@&rag%?ggg%é??%n of am no
aci ds i nve) v@gtional tentoenlosftantino acifts that sre4Bnstgnt Relamiieal irodl] reoeptooviraots).
rest dlljse S %)O ée éc@ogeopfr a6rrsxi%gt gcticll C)rgplfegéarl%gﬁ)rﬁt 2nd_ coFrlngegsrign ?r%o format suitable for

training a prediction system

Example 1:
Peptide FLWGPRALV of the mage-3 antigen (SWISSPROT:MAG3_HUMAN)
20  binds HLA-A*0201 molecule (Kawakami Y. and Rosenberg S.A. (1996) “T-cell
recognition of self peptides as tumour rejection antigens”, Immunologic Research 15, |
179-190). The interaction site of the peptide with the cleft of the HLA-A*0201
molecule is the whole length of the peptide. The positional binding environments of
peptides have been resolved by crystallography (Bjorkman P.J., Saper M.A., Samraoui
25  B., Bennett W.S., Strominger J.L., Wiley D.C. (1987), “Structure of the human class T
histocompatibility antigen, HLA-A2"”, Nature 329, 506-512). The HLA-A peptide
residue positional environments are summarised in Table 1. The process of obtaining
the representation of the interaction of the said peptide and said receptor is shown in
Figure 5. HLA-A*0201 has 48 contact amino acids on the surface of the binding
30 groove that constitute peptide interaction site (Figure 5A). Removing non-contact
amino acids (Figure 5B) and concatenation of contact amino acids results in the

representation of the interaction site of the HLA-A*0201 receptor (Figure 5C). Putting
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d) Merging fragnents to formthe representation of interaction - Figure 4D
e) Optional renoval of am no acids that are constant (identical in all
receptor waroamay. 15 f) Sel ection of amino acid represaurscono@ad
conversion into format suitable for training a prediction system Exanple
1: Peptide PLWGPRALV of the wage-3 antigen (SW SSPROT MAG3HUVAN) 20 bi nds
HLA- A*0201 nol ecul e (Kawakam Y. and Rosenberg S. A (1996) "T-cell

recogni t i ofPEsthes dhy Pﬁlét}lﬁei Hégagtiont siiepin thisj exemplm whels %@m“peptldﬁum thyi ¢

Research 1p, t e cleft
of the. riARERh et on caCeen it B etk brle i BRI bl

posi tional binding environnments of peptides have been resol ved by
crystal | ography (B orkman P.J. anr aqgui. 25 B., Bennett WS.,

St r oni nger &B{j L %ﬂé{; rpsigue R%ﬁm& Fernvisopmenisar BLa HessHupelictlinsadapted

hi st ocogpat i t et A7 ey « h

pept i degrpr es%éudé %%m ti1ona ?ﬁvﬁ%ﬁ%%g&gﬁgﬁgﬁ%@‘?s‘gdﬁ%ﬁ g’ag?cglﬂ%&'ﬁ'ne
process of olyeatide hipdingtspecifpities's vratnagenefcstdse15-@6er acti on of the said
peptide and said receptor is shown in Figure 5 HLA A*0201 has 48 contact
am no acids on the surface of the binding 30 groove that constitute peptide
interacti OPoFHEE (T BntacPfokidubeTOVI 1Ty TToTT= Contact——amr mo—acr us—(Frygure 5B)
and concat enati on of cont act amno acids results in the representation of
the interaBlion site5¢f,33,52663669920%,16886p10r (Figure 5C). Putting

SUBSTI TUTE,_ SHEET (RU CT, 1/0 49 15 together the
peptide i %Sr action lsﬁléfié %@%ﬁg%égég%@f @e]pﬁl de, and the
r ecept or lpgeractlonmsfeav@wbéqlmsihﬁsw@m%\} ation of the interaction
site (Figure 6). bl"é 1. 'Peptide resi’dué pdsitional environnments for HLA

class | noPécul es. A@ﬁéﬁ@’t&tﬁﬁyﬁﬁdﬁanayagam G (1996) "A roadmap for
HLA- A, HL d HLA- t] i.ndi i,ficities", |Immunogenetics 45,
15- 26. Po??ﬁ on Cont 2& Orégﬁogf@%%dlsgqégﬁg “63. 66, 09, 150 163, 167, 171
P2 7,9, 24, 2B, 26, 34, 35,8 2436@8966,7964@77;9‘901191911351%3116@ 13@155 6

7,9, 62. 66, 70, 97, 99, 114, 152, 155, 156, 159, 163 P4 . 69,70, 155, 156, 159
P5 69, 70, 78774, 97, 114731717@71151%;111653_3.566,15@,150 152, 155 156

P8 73,76,77,80,97,143,146,147

P9 70,73,74,76,77,80,81,84,95,96,97,114,116,123,124,142,143,146,147

All 5,7,9,22,24,25,26,33,34,35,36,45,59,62,63,65,66,67,69,70,73,74,76,77,

80,81,84,95,96,97,99,114,116,123,124,133,142,143,146,147,150,152,
155,156,159,163,167,171

Example 2:

10 Peptide PKPPKPVSKMRMATPLLMQALPMG of class II invariant chain
(SwissProt Acc. P04233) binds HLA-DRB1*0101 molecule (Chicz R.M., Urban R.G.,
Gorga J.C., Vignali D.A., Lane W.S. and Strominger JL. (1993) “Specificity and
promiscuity among naturally processed peptides bound to HLA-DR alleles”, Journal of
Experimental Medicine 178, 27-47). The interaction site of the peptide with the cleft of

15 the HLA-DR1(DRB1*0101) molecule is the 9-mer binding core (MRMATPLLM).
The positional binding environments of peptides have been resolved by crystallography
(Stern L.J., Brown J.H., Jardetzky T.S., Gorga J.C., Urban R.G., Strominger J.L., Wiley
D.C. (1994), “Crystal structure of the human class I MHC protein HLA-DRI
complexed with an influenza virus peptide”, Nature 368, 215-221). The HLA-DR
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P6 7,9, 22, 24, 66, 69, 70, 73, 74, 97, 99, 114, 116, 133, 147, 152, 155, 156 P7

73,77,97, 114, 116, 133, 146, 147, 150, 152, 155,156 P8 73, 76, 77, 80, 97, 143, 146, 147
P9 70, 73, W& 0287264380, 81, 84, 95, 96, 97, 114, 116, 123, 124, 142, 1411861 0dodo Al |
5,7,9, 22, 24, 25, 26, 33, 34, 35, 36, 45, 59, 62, 63, 65, 66, 67, 69, 70, 73, 74, 76, 77,

80, 81, 84, 95, 96, 97, 99, 114, 116, 123, 124, 13§; 142, 143, 146, 147, 150, 152,

155, 156, 159 3,167,171 . | e. 2: 10 Pepti de PKPPKP PLLMQALP f
R reidig, AP it ate Susomarissyl ipi TARS f1 AUESREIDOREON

class Il iR
mol ecul e ( GblafindhMreprblichdioff oPihe saldpePRdd afd the\afiNREbdptd? S shoRREFIVIR and
d” promscuity anmong naturally

Strom nger JL. (1993) "Specificity an .
processed peplliAERHBUND is o diner GRsistingbEEVQ clindus, AHIA-GIRBE0H81 and hiLa-

hec o e, LR EE) T RSoRRRGRE S bt S AR AT By R T

( MRVATPL L Mpindinkhgrop@sihiat eaitinhée peptiie igRyction @E@S’Ealﬂé 2pemhirase Daventhgen

resol ved by c¢rystal I,o%ir%aph StemL.J., Brown J.H , Jardetzky T.S., CGorga
J.C., Ur bapmfeogcidssity AT&QfBl 0101 (Kigpisy7Apaw! 27 1@gipet aminoyacidd insHlfet ur e
of the hu I . r N - e 't?_ar@'f enza
virus peptide *%ﬁlg% Q‘%‘Mﬁ'gﬁg %%@Mn@gtﬁﬁ%% &%%égﬁ @ﬁé@ LE
26) WO 02/ odidatdatiinl 4f366 tofaOddnind Gcide pésutte in Rl rdpr@sqpdiionl cinkd instxdtioannent s
are summari sed in:}%@?l e % 'pl'ge process of . obtajning the representation of
the said p&ift PhihedibAIPRIQAPY reserion gamely intesaghion sites guthe beta chamBb@A-( 0101)
is a dijger pranghsb] NBidke t Iif) DGR CHPA-BRA 1Hbfo1 PRALT0%0S.
HLA- DR1(0101) has 551( %:ggln? a@ %tn?r%ostg%ilagéhaon t gﬂgukr?ggxel (b)fmt e ebi%%'i ng
groove t haPutinggogdatheréhp petiddenterdctivmsitd, an tisis erarhflalthe 92)er pEpdeebiading? 7
contact amno acids in HLA-DRB 1 * 0101 (Figure .7A), and 27 contact _am no
corde i n HENE, SRR rebRlSf rbtHcHoR AT R UHS ribn o RS P lativas
(Figures 7BytanstidBiteqnurséPncat enation of the contact am no acids results
in the representation of the interaction site of the HLA-DR1(0101)
receptor, nanely interaction sites in the beta chain HLA 10 DRB1*0101

(Figure.7C d,i npthe al pha chain HLA- DRA1*0101 (H ny PUiting
toget ndy ¢ ePlcay | Bt isPafe PR Bnltn ASaerS s D RRE ool e
bi ndi ng cor eAdapell fiven rCietRinayadant €. actiboy), SiA @6adrefe f6:2$UIA-DR Peplid:
representation of the, .

binding spec;ﬁcfues”, Human Immunology 58, 61-69.

Peptide Contact residues

Position  Alpha chain Beta chain

P1 7,24,31,32,43,52,53,54,55 81,82,85,86,89,90

P2 9,24,54 77,78,81,82,85

P3 9,22,24,54,55,57,58,59,61,62  74,78,82

P4 9,11,24,62 13,15,26,28,70,71,74,78,79
P5 9,62,65 11,13,30,67,70,71,74

P6 9,11,62,63,65,66,69 11,13,28,30,67,71,74

P7 65,69 28,30,47,61,64,67,70,71,74
P8 64,65,68,69,72 60,61

P9 69,70,72,73,76 9,30,37,38,57,60,61

All 7,9,11,22,24,31,32,43,52,53,  9,11,13,15,26,28,30,37,38,47,

54,55,57,58,59,61,62,63,64,
65,66,68,69,70,72,73,76

57,60,61,64,67,70,71,74,77,
78,79,81,82,85,86,89,90
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interaction site (Figure 9). 15 Table 2. Peptide residue positional
environnents for HLA-DRB 1 * 0101 nol ecule. Adapted from Chel vanayagam G
(1997), "Wwoweadmap for HLA-DR peptide binding specificitira/SGoionem

| munol ogy 58, 61-69. Peptide Contact residues Position Al pha chain Beta
chain P1 7, 24,31, 32, 43,52, 53, 54,55 81,83) 85, 86,89,90 P2 9, 24,54
77,78,81,82,85 P3 9,22,24,54,55,57, 58, Z) 61,62 74,78,82 P4 9,11, 24,62

13, 15, 26, 28,70, 71,74,78,79 P5 9,62,65 11, 13,30,67,70,71,74 P6

9,11, 62, 63, 1,74 P7 65, 69

28. 30, 47, 6?%4(527&?8&&‘1}&42&3@%39‘5#68, 69,72 60,61 P9 69, 70, 72, 73, 76
9, 30, 37, 38 57, 6RebdptorAl fhmilje8, IsheR2a2 AMBIC, 3R0l8&1EsY, BPically share a common
27 1é0 12 1 12 4:%%;%%3 g'fgt;%s alakfé?spggl%ggy g’é'ﬁjéé?gg@c? geggét@? %rggrgct?fn is thus defined by
78, 79, 8%, 82nfim 88458 BRa RTINS ngsﬁhgorgl{iﬁhfmgmz ué’x‘Qe%%f (hea8ds ors.

PCT/ SGO1/ 00049 17 Data preparatio traln ng Receptor | es
such as NMHE:predestatibes of kypie glptyd MA@ imteractiomsreanctherefore dd wed ua&mrrean The
specificity, interacti o thus defi 5 am no

d- t d.b )
acids at f &@Ig %%greflﬁcgﬁg ogi?%ﬁc}g I?I}rjl‘émglt‘? grigee 9 ﬁS%Fedsré&%Wéegﬁ‘Gfm%W@mn
receptors. sitbfcanterRE2mMimd WilsinGhe kR@Yle RERTUAB4MHEed @Fl%&é}ﬁ&ﬂs%gﬁe%@ed

therefore be used to train an ANN for prediction of pepti'de binding to a
range of r@reieuly Geegivemple Zhe Thet wpwsentaion of erdndiaiiubk ideraetion cardbeyi t hi n

Lhe mulibl PldEaihbd BRI ERRBNC S TFEGERIYOP 8% RRGLEE L ARV PO o o°°

represe atlon of an I'n

descr | bed dstedabiGorR¥ifs; Bﬁd Buh €5remédsBreslt stiebigthfoirthd B@aetidd{tss Bﬁltdh%fhfﬁhitty) RIS
for receptro\l; |nte[act|on site, and BA for neasured strength t he
i nt er act i ot NEtgFaet] FRRTeRGNEREPR AL thy traintAg d@%‘n@ﬁdﬂ@@ﬁ@é@ @ﬁt@endrgaods ek

Fecept ors campSrelh R aplrE o Bl HRR e PR ARRB A e £ of By
known interactions of any specific ligand (a) that binds a specific receptor (b).

15

Implexﬁentation

Example 3:
Binding affinity of a number of peptides have been measured for eight HLA-DR
20 molecules DR1, DR3, DR4, DR7, DR8, DR11, DR13, and DR15 (Table 4). Binding
cores of the peptides have been determined by using binding motifs (Rammensee H.,
Bachmann J., Emmerich N.P., Bachor O.A. and Stevanovic S. (1999), “SYFPEITHI:
database for MHC ligands and peptide motifs”, Immunogenetics 50, 213-219) or matrix
methods (Brusic V., Zeleznikow J., Sturniolo T., Bono E. and Hammer J. (1999),
25  “Data cleansing for computer models: a case study from immunology”, Proceedings of
ICONIP99, The sixth International Conference on Neural Informaz‘z’on Processing,
IEEE, 603-609). The representation of the receptor interaction sites for the beta chains
of eight HLA-DR molecules is given in Figure 10. The alpha chain is identical for the
eight HLA-DR molecules (see Figure 8). The representation of the receptor interaction
30 sites for the eight HLA-DR molecules is given in Figure 11. Constant amino acids
provide no basis for discrimination between the receptor sites. Short representation of

the receptor interaction sites, created by removing amino acids that are constant across
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known interactions of any specific ligand (a) that binds a specific
receptor (b). 15 Inplenentation Exanple 3: Binding affinity of a nunber of
pepti des wawe/obwen nmeasured for eight HLA-DR 20 nol ecul e?CDRG01/DM39 DR4,
DR7, DR8, DR11, DR13, and DR15 (Table 4). Binding cores of the peptides
have been determ ned by using binding tifs (Rammensee H., Bachmann J.,
Emmerich N P., Bachor O A and Stevanovic S. (1999), "SYFPEITH : database
for MHC |thgahdicddReAddbmalreulas: isrshown inigtsgen dienresen@tive peptieg pndthenat r i x
met hods ( | s o ' Weld .12 Ban J.
(1099) . sePtéagfition o Be St fithe are Fblhh il 13, "R b PR e

i mrunol ogydhyersioncafediapgsenthtivd ERhERM, toThormiak tHat kad be niséd drataitianfaar ence
on Neur al orrati on_Processing, |EEE, 603-609). The_representation of
the r ecep‘?‘w ISBTseth & FigNTS ﬁ'es&%ﬁ’i recpﬁﬁe%téil%flscﬁﬁial@ PRseibls, gRgludapg thyse

mol ecul esgHosndhMahleisn Figure 10. The al pha chain is identical for the

ei ght HLA-DR nol ecules (see Figure 8). The representation of the receptor
interaction 30 sites for the eight HLA-DR nolecules is given in Figure 11.

o . - b as o, Soues 1S g1 VE b
recept or LRVES: it echlaTrRsetaioton At = HE% GcDb: (hARFERTROASE L cs.
created by revro\z{iuag @MaRQ Fagtslsh Lhat éw%%p@}édiét%n 8 VPSE binkRe Peftilds SHEET

(RULE 26) WD 02/ 072613 PCT/ SGOL/ 0004¢ the studied HLA-DR nolecules, is
shown in Fi gusinglatififieb newrehnetworks pépStanés Ruhd andeYu e Sr.dedn)t &oimplexof t he

I ntergctions @r ho I,n_Figure- 13, ecific ex f onver si on
of a f’raoepresen glt%{?’l?/-e mf‘glraggsf'ﬁgonotofiga@gﬁ t PRat c:%ﬁn'gagsewgor 1%%i ni ng
an ANN i s giAmsteidanFOHMSHA4TokGber representations are al so possible,

including those 5 shown in Table 3. Table 3. Ami no acids representations.
An "a" stands for "10". (Adapted fromBrusic V., Rudy G and Harrison L.C.

et vl ksl T PR o7 B 0. and YU X S . LBl ex 10 Systems.

Mechani sim of Adaptation, pp. 2532@60, TGOS Press®s” Anstler danfOFIVEGHA Tokyo. )

Ami no Aclid Representatilon 4420" 64611 "9"
Alanine (A) 10000000000000000000 53500a 100001000
Cysteine (C) 01000000000000000000 45500a 000001001
Aspartate (D) 00100000000000000000 a5001a 001001000
Glutamate (E) 00010000000000000000 a6001a 001000100
Phenylalanine (F) 00001000000000000000 185a0a 100100101
Glycine (G) 00000100000000000000 525000 000001000
Histidine (H) . 00000010000000000000 565010 010100111
Isoleucine () 00000001000000000000 37500a 100010011
Lysine (K) 00000000100000000000 a7a02a 010000111
Leucine (L) 00000000010000000000 375000 100010001
Methionine (M) 00000000001000000000 375005 100000100
Asparagine (N) 00000000000100000000 655020 000001000
Proline (P) 00000000000010000000 555000 100000010
Glutamine (Q) 00000000000001000000 66502a 000000100
Arginine (R) 00000000000000100000 a8a046 010000110
Serine (S) 00000000000000010000 645010 000001011
Threonine (T) 00000000000000001000 55501a 000001010
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Al ani ne(A) 10000000000000000000 53500a 100001000 Cysteine(C
01000000000000000000 45500a 000001001 Aspartate(D) 00100000000000000000
ab00la OOW@ORAOMs13d ut amate (E) 00010000000000000000 a600IPca/<xd100@200
Phenyl al ani ne (F) 00001000000000000000 185a0a 100100101 dycine(Q
00000100000000000000 525000 000001000 j stidine(H). 00000010000000000000
565010 010100111 Isoleucine (1) 00000001000000000000 37500a 100010011
Lysi ne(K) | ¥etio® (401000000 0HHO000G00A02E00000eD0[111363080ci np( L)100011010

0000000001%09000%%00 3753 100010004 Mat-hi ninn { NA ﬂqﬂﬂﬂnnOﬂn1ﬂn 00000

375005 10D Aar a@?@@?ﬂ?@@%@ﬁ@%%ioobgéﬁég’ 6556_550%5”36%8@

Proline ( Ty RIHIGEG00000 lwvm%GMOWPWW

00000000000001000000 665p2a 000000100 Ar gi ni ne{ K} 0000p000000000100Q00
a8a046 01pBDYIA (XBeri ne{ I110000AAOODIAAODDD100065545010] 00000MIAT1]
Threonine Y nanQnggggggo(‘n1nnn CEEN] 01ﬂ1ﬂ QHRQT!TIWF SHEETL (RULE
26) WO 02] DP/A4EHT/ SaalL/ da000pEoT PR (M) 8000b008BI9B%0 365007
100011010 —Tryptophan (W 00000000000000000010 Ca5at © 100100110
Tyrosi ne(Y) 00000000000000000001 285a18 000100111 Any AA (X)

111111111111111 M fudly GBB66E thidettbydr feed Norwaad GG w:BAEAR0QG0H GROPIGNS00

ot gt na. BISRER kb, BDRF S e e Rl P52 G e "
Ver si on 5. BepartOitp Wndlersi§i @MCEora@8PaTheRAInind 8t @bkt 0?fbifcth®hAdAdn- The

training set consisted of binding and non 5 binding 9-ner peptides (Table
4) . The> ANRInginghPesstnepidesoifiebles®d DBa AN wrchitsrtuze cqropisedsiidnidipniyunits t he

bi i - i.de hi.d | its, .and
oot & oot [SorEddedhe BlR) BRRLA) of SRRE reb G o™
(Runmmel har tpd Oy , singlet @nputCuit., an@ Warib@n®lgofhm( H286 krror LiRik-préi@ightivrer nal

Representations hy Error_Propagation", Parallel and D stributed Processing:
(Rummelhart, D., Hinton, G.E., and Williams, R. (1986), "Learning Internal

Representations by Error Propagation", Parallel and Distributed Processing:

10 Exploration in the Microstructure of Cognition, Vol. 1, D. Rumelhart and J.

McClelland (Eds.), MIT Press, Cambridge, Massachusetts, 318-362). The ANN

training was performed for 300 cycles. The values for momentum and learning rate

were 0.5 and 0.2, respectively. The interactions were represented as described in Figure

14. The output value was scaled 0-10, representing a range from no affinity to the very

15 high binding affinity. Binding scores used for ANN training were 1, 4, 6, and 8 for no-,
low-, moderate-, and high-affinity binders, respectively. |

Overlapping peptides from the bee venom protein API m1 were experimentally

tested for binding to seven HLA-DR alleles, HLA-DR1(0101), DR3(0301), DR4(0401),

DR7(0701), DR11(1101), DR13(1301), and DR15(1501) (Texier C, Pouvelle S, Busson

20 M, Herve M, Charron D, Menez A, Maillere B. (2000), “HLA-DR restricted peptide

candidates for bee venom immunotherapy” Journal of Immunology, 164, 3177-3184).

Binding of API m] peptides to these molecules was predicted using individual ANNs

and the method of the present invention. We trained individual ANNS using data shown

in Table 4, as described previously (Brusic V., Rudy G., Honeyman M., Hammer J. and

25 Harrison L.C. (1998), “Prediction of MHC class II-binding peptides using an

evolutionary algorithm and artificial neural network” Bioinformatics 14, 121-130). The

results of predictions are shown in Table 5. The comparison of the results shows that
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10 Exploration in the Mcrostructure of Cognition, Vol. 1, D. Runel hart and
J. Mdelland (Eds.), MT Press, Canbridge, Mssachusetts, 318-362). The
ANN trai wiong/omaasperfornmed for 300 cycles. The val ues forpamscantoonmwand

| earning rate were 0.5 and 0.2, respectively. The interactions were
represented as described in Figure 14.,,The output value was scal ed 0-10,

representing a range fromno affinity tq t very. 15 high binding affinity.
Bi ndi ng sciBf &sedicthe poyyer AlNpe P&swtr@e%egé@,eleé%)e,s cawaa@gkoﬁo t?rese, of ftg
noder at e- ,; i ghsgadii Lol L ' Quel, I ti.des
rom the b s R b Y P e g
t o seven HirfifaoRohtHegleptide sdloatiDR Betase, of HRSIeDZMIYf, thORMPing, pepbiey 1801) ,

DR11(1101 DR13 01 . DR15 01 i .C lle S, B 20 M
v e s Torgh B S emigg iR CEAr), Sistsinele ok RO e Bl Rt dont | de

candi daf espihend?§s pi&d HduERILRR RETREY falstOpdsitdles OfULIMBTHIROREM: idftion,
3177-3184). Binding of APl m peptides to these nol ecul es was predicted

usi ng i ndi high a&finiNpisdersrishich erense host Hicell kpitqnecsaadidatesweere ipsedicted withai ned
i ndi vi dual,.ANNs usi n .shown . i.n Tabl e .4, as described, previ ousl
(B usi o e s O g Hgh Ao Sndd® S nf boBRR o EoPlRE AR i)

" Predi cti oHLAf-DRIIE a6l aBR 1K) whienfdise Ge@tivies.d©F 38 $hdtlgraddbing¥e hitie supidys or

algorithmand artificial neural network" Bioinformatics 14, 121-130Q). The
resul ts of2br%dierd &hss Begaticesow@fi 3 Tems| kinders, THe Depfifsararsdh3%r Werrefaliss ul t s

shows at JBSTI ) 0 the
pr edi cgquene&gv{f\g% o@l’%ﬁéﬁgfégsl;ggn@gﬁ ﬁ%&n %@%@ﬁé%éﬁé%g?govﬁ%%éﬁg&?%dt ose of
t he i ndi vihduadpeptiwdivaltésosfseqsitbity obA).5%d, . g paideet. V% foohigha) meflenafe-,t he
specificit re an . artifact of the peptide selectiaqn. Because of the

| ength of {16 19w 1defpi nthp BfPRfe S2¢ttiog! _ila%n% a&_&ﬂegah Bhntage Has At

aci ds over bagliofiG bl Lahe 8 sRRRI hibaieip fagLion of a5 ni ne-mer

pepti de produced two to three false positives. Using the present invention,
high affinity binders, which are the best T-cell epitope candidates, were

predi cted w hi.gh..accur acy,. . 21 high-af.fini hi nd ,~anly. t

epti dbo of ablechy PARARGCERSTY to ik e Tarhind il b BLAP R bisgiBr s

O 38 noder atginBinBdgfinitiek NgvBehdend 8sfimid ag hidl)o WRKiGrafed! 16, NRJAGA-BRRIing 34
| ow bi nders, 12 peéeptides or 35.3% were false 10 negatives. Overall, these

resul ts for tageordimgtedheotchene dpfirasanithe NMRGRER datebrse 8pwsiedV s Budy ke and
respective vaku 0 ePSiab 11V ke 1.5%, .76, 39 .64. 7% hi gh:
m)dgr ate-, anad%?%nvé bc'ls n@P§¢ ? T&ﬁeﬁ{%fr)EelzénatJ%%qag%g{%@@%h%‘ﬁna%éﬁtggﬁg# te

advant age t hatgoat,|INddidc Acids Research, 26, 368-371).

20
Binding HLA-DR allele
affinity 0101 0301 0401 0701 0801 1101 1301 1501
High 113 33 133 25 0 64 0 - 20
Moderate 130 129 88 138 44 126 58 37
Low 21 43 83 47 0 43 23 20
None 880 234 448 304 85 191 289 123
Validation
Example 4

25 The ANN ftraining data were the same as in Example 3 (Table 4) and comprised

measured peptide binding for eight HLA-DR molecules. Trained network was used to
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predi ctions were produced using a single predictive nodel. 15 Table 4.
Peptides reported to bind or not to bind to the eight HLA-DR nol ecul es.

Bi ndi ng aWa ovare@s have been defined as high, noderate, | @®gr/scoinoe9bi ndi ng
according to the schene defi ned in the MHCPEP dat abase (Brusic V., Rudy G
and Harrison L.C. (1998c), "MHCPEP - 5gat abas§7(i); Mz-l(c): gl ngl ng Eﬁg\t :DdRes
update 1997", Nuclei ¢ Aci ds Research 368 I ndi ng -

allel o af f PRAic) PeRtre indime émbA verrants ofghe %P&wiecmk@ﬂ pisgienees of3ha 33 25

0 64 0 20 pAbdRsRL Qa&x%?lq oilx Ao iRl saficm %\R%}ol &yt 23 20
None 880 234 448 304 85 191 3%a Satuon pIe The
training dEi:gam(/jvbi gThg ee;sel}mtaam oﬂtlﬁﬁamsg 1ﬁte|(dEabi|1 e1té1)zv_e|1_adelteﬁmmi}sdid iusmg I;[he

d | ght - e e rai ned networ k was
Load 1o SRR PrasPEbiE, BE deRrbRE 10 he \RSATmiD P 0 Lpe FRbPTCtsaI Guieons 9k U odi ct
pepti des bi pdbmer hﬁerlthldfﬁlte@@%ess}ﬁw fReri RR TR RGHLAS al-'r;Q@

BEE
the beta chains (anmno acids 1 throug of the stu |ed Hfig%g ?}acul es
are shown Exampiegy ﬂlélnESDepﬁdmbmémgek\alfoatelgim HIfA-Dfe modereles @seei Tabby Artvaon

3. The. shoftetr Bl actiial b eise BEE RERRIE AL ATER copREhet lesdfug i homn

in Figure Efgurebhies apdtagyr k trained as descrl bed in Exanple 3, using peptide
bi ndi ng data for eight HLA-DR nol ecul es (see Table 4) was used for
predi ction of B’@fpth@éum n@i Migug d:omeprsztﬁmmiw goteedb) epentides chavse deem

o o5 LRl TISIoBR 4 & Y BB E B D i,
BE4A£ 550‘3') | B[Rasomg,l msmo&mquongmmomm(m&q@oz) DBR(]@%DZR)l ,DI%(gg@AOD
0 s DR 3 o a0 b P IS, R ko i abbe)
and DR16( 1@@{%(@95,@1@15%1’?@15,%’[215(@@62’)?9&1 PR16(1601) (Borras-Cuesta F, Golvano J,
Garcia-Granero M, Sarobe P, Riezu-Boj J, Huarte E, Lasarte J. (2000), “Specific and
15 general HLA-DR binding motifs: comparison of algorithms”, Human Immunology, 61,
266-278). Binding of HCV core 1b peptides to these molecules was predicted using the
present method. The results of predictions (Table 6) show that the predictive power of
the present invention is of a reasonable accuracy, comparable to the results of
predictions from Example 3. Using the present invention peptide binding to HLA-DR
20 molecules for which binding data are not available can be predicted. For some variants,
such as HLA-DR11(1102), DR11(1103), and DR11(1104), the accuracy of predictions
is very similar to the prediction to the base variant HLA-DR11(1101). For some
variants, such as HLA-DR3(0302), and DR4(0402), the accuracy of predictions is
somewhat lower than that of the base variant. The present invention can therefore be

25 used for prediction of ligand binding to the whole families of related receptors.

Table 5. Results of prediction of peptide binding to eight studied HLA-DR molecules.

HB - high affinity binders, MB — moderate affinity binders, LB ~ low affinity

binders, NB — non-binders. TP — true positives (predicted binders and experimental

30 binders) TN — true negatives (predicted non-binders, experimental binders), FP —
false positives (predicted binders, experimental non-binders), FN — false negatives

(predicted non-binders, experimental binders). Sensitivity, the proportion of true
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Garci a-Ganero M Sarobe P, R ezu-Boj J, Huarte E, Lasarte J. (2000),
"Specific and 15 general HLA-DR binding notifs: conparison of algorithns",
Human | mwoakomei3 61, 266-278). Binding of HCV core | b peptrisdéesotast hese
nol ecul es was predicted using the present nethod. The results of

predi ctions (Table 6) show that the predictive power of the present
invention is of a reasonabl e accuracy,?conparable to the results of

predi cti ons Hindems Bxaiqied cBrredilyi mepst datcupated en tSHATPA(TPHOIN) pePpdcifecityl, nks ng t o
HLA- DR 20 nol ecul.es f whi ch .bi ndi ng..data are_not avajl abl e can be ,
predi ct ed. %?P%’bﬂ% ‘?fgfrf‘%rf’tog,n’mi‘?ﬂ% iPr%ECtFéAﬁoﬂﬁitﬂ’ﬂ‘@%)‘ia‘%?@iﬂ Pyofyrmuls g
DR11(1104), gp&qmpwp y of predictions is very simlar to the prediction
to the base variant HLA-DR11(1101). For sonme variants, such as

HLA- DR3(0302), and DR4(0402), the accuracy of predictions is sonewhat

| ower fha at_.qf -t base variant. The present invention can therefore be
25 use%:l fg‘ﬁsg}%‘&gggi@ﬁl\%f l'igand binding to the whole famlies of related

recept or SATAgR € 5. Resu ) oleul i ght
st udi ed HLA- nol ecules. HB - high affinity binders, MB - noderate

affinity binders,0lB - |0@30laf fiodGly bOTMHers, INB - nt30lbi nde$@&. TP - true

positives =Ya = ental 30 b N_- ue
negatives (predi fadefs, e hE?iﬁ%%tQP 5?%d£?sf, FRP- BNyl se

posi tivesyfpredi gt ed) bi nderg, expefi ment ah nqp-b%ndgrs) FN - pal se
negatives (predicted non-binders, experinental bin ers}. ensitivity, the
proporti oMBf trde 4UBSTI TUTE6SHEET (IRULE 2@®) WD 02/ 072613 PCAI/ SGOL/ 00049
22 bi nderspredigted, correctly, cal cul ated -as SE=TP/ ( TP+F

Specificiﬁ?, the(\l prbpo tioh of r?%e on-ﬁind%rssprghicged:%or ectly, was
calculated by formula SP=TN (TN+FP). 5 5A) Individual ANNs Affinity HLA-DR
nol ecul e 0101 0301 0401 0701 1101 1301 1501 TP FN TP FN TP FN TP FN TP FN
TP FN TP FN HB BN1EP oIN FP2 BNoFP 1TN 5B TNBFP 4T¥ ¢P6s BN1EP 8 0 1 2 3 0

LB115 2 4.4 4.0 0.3 3 3, TN EP TN FP TN FP.TN.EP TN EP TN FP TN EP
32681§579322’§§E B TN FPg TN, &P IN BP TH

NB 12 7 1 183 7
SE 0.46 0.86 0.5 0.41 0.92 0.25 0.79
SP 0.63 0.75 0.43 0.61 0.52 0.86 0.56

5B) Present Invention
Affinity HLA-DR molecule
0101 0301 0401 0701 1101 1301 1501
TP FN TP FN TP FN TP FN TP FN TP FN TP FN

HB 4 0 4 0 1 0 4 0 1 0 1 1 4 1
MB 2 3 3 0 10 1 4 1 6.2 2 1 2 1
LB 1 1 5 2 2 2 4 4 4 0 2 1 4 2

TN FP TN FP TN FP TN FP TN FP TN FP TN FP
NB 13 6 11 5§ 7 7 7 6 12 5 16 6 10 6
SE 0.63 0.86 0.81 0.71 0.85 0.62 0.71
SP 0.68 0.69 0.50 0.54 0.47 0.76 0.62
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SE 0.46 0.86 0.5 0.41 0.92 0.25 0.79 SP 0.63 0.75 0.43 0.61 0.52 0.86 0.56
5B) Present Invention Affinity HLA-DR nol ecul e 0101 0301 0401 0701 1101
1301 1501woOlR/F1FP FN TP FN TP FN TP FN TP FN TP FN HB 2d/sG0/00040 4 0 1
01141 M2330101416. 22121 LB11522244402142
TNFPTNFPTNFPTNFPTNFPTNFPTNED NB 13 6 11 57 77 6 125 16 6
10 6 SE 0.63 0,86 0.81 0.71 0.85 0.62 0.71 SP 0.68 0.69 0.50 0.54 0. 47
0.76 0.62 TabdF RygdchpErsultRieel 2shdiad HRAcPRomelepdt:. SEhe/ dsodgion2ef Tabl e
6. Predictio |-t s: f.Qr [ - DR nol ecul es. The description of
synbol s is g%@%‘ﬁ’%ﬁnlgg}%ﬁll%é’éégéegﬁ O?rg%%%s. HLA-DR TP FN TN FP SE SP 0101 5
32250.630.81 1501 9 4 18 4 0.69 0.82 1502 4 5 21 5 0.44 0.81 1601 3
4217 0.430.75 0301 3120 11 075 0 65 0302 1 2 22 10 0.33 0.69 0402
4 13 16 2 0.24 0.8HLAMB1 4 4Th FNo.ENo.FR 1101SK $P14 7 0.64 0.67 1102

6 2 21 6-0.75 O.78—1—§g@—3—4—2—8—8—g.—4W50.67 0.78 1301
35207 0.380.74 1 5 7 20 3 0.42°0. : '

1501 9 4 18 4 0.69 0.82
1502 4 5 21 5 0.44 0.81
1601 3 4 21 7 0.43 0.75
0301 31 20 11 0.75 0.65
0302 1 2 22 10 0.33 0.69
0402 4 13 16 2 0.24 0.89
0401 4 4 20 7 0.5 0.74
1101 9 5 14 7 0.64 0.67
1102 6 2 21 6 0.75 0.78
1103 3 4 20 8 0.43 0.71
1104 § 4 18 5 0.67 0.78
1301 305 20 7 0.38 0.74
1302 5 7 20 3 0.42 0.87
1402 4 5 21 5 0.44 0.81
0701 305 2 7 0.38 0.74
0802 5 8 16 6 0.38 0.73

5 “Comprises / comprising” when used in this specification is taken to specify the
presence of stated features, integers, steps or components, but does not preclude the
presence or addition of one or more other features integers, steps, components or groups
thereof.

10
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1402 4 5 21 5 0.44 0.81 0701 35207 0.38 0.74 0802 5 8 16 6 0.38 0.73 5
"Conprises / conprising”" when used in this specification is taken to

speci fy tweopreaence of stated features, integers, steps ROT/SGuTpoNEnts,

but does not preclude the presence or addition of one or nore other
features integers, steps, conponents or, groups t hereof. 10 SUBSTI TUTE
SHEET (RULE 26) WD 02/072613 PCT/ S&01/ 00049 24 daims 1. A nethod for
predicting interaction of |igands and receptors, conprising the steps 5
of: a) reppgggating Iigand-receptor interaction by combining
representations of ligand interaction sites and representati ons of
receptor interaction sites; b) training a determ ning neans with

representations ch cterjsing said at |eas one |igand-receptar

e acti oh o1 TSRS %W%m&aa%wi%ltgy{lésaﬁd{] TRGCRIPTSy SO ISR ther sieRfe d
determ ying gans to anal yse representations of at |east one

| i gand-receptor interaction of unknown affinity. 2. A nethod according to

cl ai m 1 wher @) nreptesehtigahigendereegptarrinferdctiva byi combimiep rezesehatiponesf Lgamdr i se
representati ons, of | ecul es, sel ected framthe group, 15 consisting of
pepti des bi ndi niBERCan ieR A FBIeSTUEDS o BSeP L SRSt  ass |1 MC
nol ecul es ang) P&Qﬁﬁrﬁ& RN MeAndViGCHbRIentMord &ﬁa@&ﬁsﬁg%gdi hfgﬁaaEtO

y

claiml or claim2 the ligand interaction sites are represente
i denti fyi ng conersligandtreeepigrtinieractipieof knpanorastimetsdisifimityy asdi d cont act

sites an O arbitrary order..4. A nmethod according to claiml or claim
> the 1Scapt & Piibe s fibe® S Rhuinte mefi PoaRbE dms Pimifer Pl hlreucincact
sites within thRg&iRicRPéENGr AREactionBf Bl waaiffinitgont act sites in an arbitrary
order. 25 5. A nethod according to any one of clains | to 4 wherein the

determining neans is selected fromthe group consisting of an ANN, a HW
a multiple,regrgaady A%8Rfing to claim 1 wherein the ligand-receptor interaction

representations comprise representations of molecules selected from the group

15 consisting of peptides binding class I MHC molecules, peptides binding class II
MHC molecules and peptides binding HLA molecules.

3. A method according to claim 1 or claim 2 the ligand interaction sites are represented
by identifying contact sites within the ligand and combining said contact sites in an

20 arbitrary order.

4. A method according to claim 1 or claim 2 the receptor interaction sites are
represented by identifying contact sites within the receptor and combining said
contact sites in an arbitrary order.

25

5. A method according to any one of claims 1 to 4 wherein the determining means is

selected from the group consisting of an ANN, a HMM, a multiple regression means

and a Bayesian network.

30 6. A computer based system for predicting interaction of ligands and receptors:
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and a Bayesi an network. 30 6. A conputer based systemfor predicting
interaction of ligands and receptors: SUBSTI TUTE SHEET (RULE 26) WD

02/ 072613we0R/03¢6@3/ 00049 25 a) neans for representing |i gumscroe@dOr
interaction using a conbination of representations of ligand interaction
sites and representations of receptor jnteraction sites; b) neans for
training a conputer or other determning neans with representations 5
characteri si iy D& d@r repietentng lisapdurfepior ciptasactiont v¥ibg 14 sambinakiapwef or

imated affipity: | yg | Ferddr !
10 ST e, ) LD R Rl

based system acigdraition sites;cl ai m 6 wherein the |igand-receptor interaction

representatiQons conpri se, representations of nolecules selected fromthe
group consi st ngeas %é RIS 2 SPRAIISE Ok Pé@% detesppiningymeqny) wish repegsenighens

bi ndi ngs cl ass : Q I Halell ﬁkﬁq}’!"? S. A
conput e5r based é}%/aé%\%%%@c%%%ﬁgas?g&c?@mrg@%)}@épglk%%ytb e |gg1un%f(aﬁ1ate]d5

i nteraction sita&initayad epresented by identifying contact sites within the

| i gand and copbi ni ng. sai .contact sites _in an artiitrgr%%@order. 9. A

comput er bas&d YU ARTVSIEE FRPSERIRSAIAL lastqng igendverepios titprpgtion of
interaction 20ugido@sm Afifity.epresented by identifying contact sites within
the receptor and conbining said contact sites in an arbitrary order. 10. A
conput er based system according to any one of clains 6 to 9 wherein the

determ ni ng neans_i.s selegted,. fromthe group .consistin f an ANN HVM
25 mul t1pl & Pogreuein el Foudielid Snet o riierad Bx fEwitetstor
program resiifteR2GtiOn répréRARULA cingRtiabbsresmRtitiont of aloldclRRsbbtedront Bleat i Ve
affinity of ligand-receptor interactions, conprising instructions for

causing a c@PIR wnsisgng 9bpeptides pindiwarrlasa I IMP&nuoleeelep eptiden binding ¢loss by

conbining re I . i nt Lon site and
represent at i Efnféﬁ%‘?@I%C%S%na%g%%%?%ﬂif?g{%m @%EésllF'él)‘UTE SHEET (RULE 26) - WO
02/ 072613 PCT/ SG01/ 00049

15 8. A computer based system according to claim 6 or claim 7 the ligand interaction sites
are represented by identifying contact sites within the ligand and combining said

contact sites in an arbitrary order.

9. A computer based system according to claim 6 or claim 7 the receptor interaction
20 sites are represented by identifying contact sites within the receptor and combining

said contact sites in an arbitrary order.

10. A computer based system according to any one of claims 6 to 9 wherein the
determining means is selected from the group consisting of an ANN, a HMM, a

25 multiple regression means and a Bayesian network.

11. A computer program, residing on a computer-readable medium, for identifying
relative affinity of ligand-receptor interactions, comprising instructions for causing a
computer to:

30 a) represent a ligand-receptor interaction by combining representations of a

receptor interaction site and representations of a ligand receptor site;
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26 b) train a conputer or other determ ning nmeans with representations
characterising at |east one |igand-receptor interaction of known or

est i mat edwefokiomdetty; c) apply to the conputer or other det@cmSaongooaeans
representations of at |east one test |igand-receptor interaction of
unknown affinity, using the same 5 re 6resentati on formas used in training
the conputer or other determ ning neans; and QL anal yse each applied test
| i gand- r ece otraingt eomaputerny atherslettamining mearl with repyeseatations eharasfierisingh t est
| i gand-recept of, i [Wety ‘ . [ Rrogram ording to claim
11 wherein thegtl 15:%;%%@%@%8%&?% tgféggﬁ ?gﬁﬂﬁcﬁgbgrees Hf%ﬁfagﬁgl%orrpri se

repr esent at ich ngppdy tortleottipater 9€bthet @eterifiie tricang ketesenB€iBad it dt MéhsObne

pepti des bi ndi ng cﬂ,ass | MHC npl ecul es, peptides binding class Il MHC

mol ecul es and {58t HeE-15e50 TN giniarastinp | @F uuaknovs affinity, cBsipgit e pyasry am

Ceprosbnted by PUSRTISH A6 R Sen O pani thd RbERERH Aoft: Benfilie, ng

said contact sietmsand an arbitrary order. 14. A conputer program according
to claim1l or c aiml%1 t he, receptor interaction sites 20 are represented
g

r .
by identifyi chsanplied festhligrogdecepior e IS ACtONG I SFASF riP njfedist dhe

contact sites P o@%@éﬂt@ﬁr%aﬁd-%épto}ﬁnerémﬁﬂ{mUter programto any one of
claims 11 to 14 wherein the determhing neans is selected fromthe group

consisting of an ANN, a HW a nultiple regression 25 means and a Bayesi an

net WO%( ' %J%S-gg)r-rrl}%c%r S}_c')%%;m (agcl;Jong'mé % claim 11 wherein the ligand-receptor interaction

representations compfise representations of molecules selected from the group
consisting of peptides binding class I MHC molecules, peptides binding class II

MHC molecules and peptides binding HLA molecules.

15 13. A computer program according to claim 11 or claim 12 the ligand interaction sites
are represented by identifying contact sites within the ligand and combining said

contact sites in an arbitrary order.

14. A computer program according to claim 11 or claim 12 the receptor interaction sites
20 are represented by identifying contact sites within the receptor and combining said

contact sites in an arbitrary order.
15. A computer program to any one of claims 11 to 14 wherein the determining means

is selected from the group consisting of an ANN, a HMM, a multiple regression

25 means and a Bayesian network.
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