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t hereof FIELD OF THE | NVENTI ON 10The present invention relates to the
field of conputational biochemstry ﬁnd conput er ai ded desi gn of bioactive
peptides, It combi nes nmet hods used in biological sequence anal ysis,

bi oinformatics data mning, information representation and cl assification
al gori tdpm/oasing supervised learning. In addition it relates to the design
of peptide libraries and the use of bioactive peptides for bionedical
research. 15 BACKGROUND OF THE | NVENTION A primary goal of drug discovery
today igTt® identify biologically active nolecules that have 20 practical
clinical utility. Many, if not all, biologically active peptides (e.qg.
pepti de hornones) have profound effects both in health and di sease, either
by dr ovitléthsd fonprlogticimDpaptitie Shragésoamdusi trddit ory rol es, or the regul ation of
critical metabolic pathways. Peptide hornones are produced as precursors
in different cell types and organs |ike glands, 25neurons, intestine,
brain, etc. Peptide hornDnes are initially synthesized as | arger

precur SHESp opf T s, and nay acquire a nunber of post-translational
nodi ficat1ons rlng transportatlon t hrough the ER and Gol gi stacks. They
are processed and transported to their final destination to act as active

subsgt anGRrédehi BleriBS ?e%?@@fostple ﬁé?d Bf fatt?mé’l%ﬂc”%uﬂ%tr&gﬁoo%e uéeréécfg jnding to

a cell surface receptor. or nones in many

physi ol %§OE&f b 'B?‘B‘H%E%‘é@% HE‘FQG%WW@ retbeAsUsEd m bﬁiﬂﬁiwamnenomanqmmw h; water

and saltioifeinalvied H&%zﬁlmﬂbr@ééﬁbﬁ reﬁ:f?égeh&h@n ﬁﬁd ShQuRaN é?g?ni;:thms usin .
gastroi nt estin pi ratory contr ol behavi or é’ affective

st at es. pemse%%ﬁ ']’Q?e ﬁ‘ﬁ’ﬂé@eiﬁ é)‘)o theideyan 6f Renfice }SN?@S@@@%’%‘&% Pr ocesses
t hat arbdacttegwgtities for tianydied] e&seadhof bi onedi cal research such as di abetes
(Ingulin), blood pressure regulation (Angiotensin), anem a
(Erythropoietin-a), nmultiple sclerosis (Interferon-6), obesity (Leptin)
and others. 2 Therefore, novel bioactive peptides have the potential to
be use des, targets for drug intervention,

| gand?ﬂﬁ(%ﬁ%%g?rﬂfﬁ?g@/a%ﬁﬁpggets (eg. GPCR deor phani ng) .or bi omarkers
to nmonitor diseases. 5Peptide |ibraries have successfully been used to
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Peptide hormones are produced as precursors in different cell types and organs like glands,

25 neurons, intesting, brain, stc. Peptide hormones are initially synthesized as larger precursors,
or prohormones, and may acquire a number of post-transtational modifications during
transportation through the ER and Golgi stacks. They are processed and transported fo their
final destination fo act as active substances (first messengers) to trigger a cellular response
by binding to a cell surface receptor.

30  Peptide hermones are the key messengers in many physiological processes including
regulation of production; growth; water and salt metabolism; temperature control;
cardiovascular, gastrointestinal, and respiratory control; behavior; memory; and affective
states,

Peptide hormones play a key role in physiological processes that are relevant fo many areas

35  of biomedical research such as diabetes (Insulin), blood pressure regulation {Angiotensin},
anernia (Erythropoietin-a), multiple scierosis (Interferon-8), obesity {Leptin} and others.



10l n gene based libraries the conbinatorial positions within the

pots/ peptides are introduced at the DNA | evel that encodes the sequence of
the target polypeptide in order to introduce diversity. In contrast to the
gene based libraries, synthetic libraries achieve their diversity at the

| evel of chem cal synthesis. Many peptide |libraries are based on one
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I'S,..surprisin 35 very little sequence simlarity between peptide
Lirlr?oneg%ﬁ?r@teucgé%?'gWaﬁ?&\%lﬂ”ﬁ‘aﬁ’ﬁtrﬂﬁu Sdat abase search on the protein
sequence | evel alone (e.g. BLAST, FASTA). However, conb: nat i onis of

CO-0occC [ [ es, and ifs for, post-translational.

nodi f i (';I]:ieidé%gpgn?%‘?%pde?B%’t?]calaégf%?%ﬁ%tﬁ%’g&?@ ?'n?t“%bc.’fdhe é[féll%’?s{'t’r.a WHHIsequence
i engt h apfinpaedaaliows fhestogstalictipe pit pati@epiitios wHidhdee bostigriabeeddtt@onidot es, I
suffati i | ﬁm [ ' ; di ver nove
pept i deé)‘%éf ﬁl;g%?g iT\%ie%/ - a éﬁ%ﬁﬁ%?&&ﬁ% c?tfr%/ga e’%ﬁﬁ?&i@éﬁ‘gg‘amd’ﬁ?{%ﬁ st aspect,
t hetle iSSUgiHESGicaR Be obfaingd conpiderdie HeReQD ¢ffereaimrimannsituste peasibililentor &yi ng

bi oact ipeptidiidhntaa% b ¥gshddcpin protein precursor sequences using a binary
suppor.tﬁé\glect or mach(igﬁfe (SVIVI) based algorithm said nethod conprising the

steps of: a) training a SYMalgorithmto learn to distinguish between
bi oact iMhereamet Msedib panide\th deebiedss highthebughiRit Meithda BRRFISINY rddige St eps
of : the potential number of structures in a peptide library, to enable the processing of arge
25 amounis of data and to distinguish between peptides that have an activity in vivo and
peptides that do not have an activity in vivo.

The object of the present invention solves the problem of the prior art. The preseni invention
relates to a method te construct novel bioactive peptide hormone libraries using a

30  bioinformatics strategy. A support vector machine (SVM) algorithm is used to identify
bicactive peptides. This method allows to discovering potential bicactive peptide hormones
in sifico searching the human proteome by taking advantage of the conserved protein
features and short motifs present in peptide hormone precursors. While these features are
common to peptide hormones and are responsible for their maturation, there is, surprisingly,

35 verylittle sequence similarity between peptide hormone precursors that would aliow a
database search on the protein sequence level alone {e.g. BLAST, FASTA}.‘However,

combinations of co-occurring protein features and moiifs for post-fransiational modifications



al) generating vectors with 49 di nensions, each dinension resulting from
the cal culation of a nol ecul ar descriptor value, for a set of |abelled
known bi oactive peptides derived from precursor sequences and | abel | ed
known non bi oactive peptides derived3from precursor sequences, where the

| abel s indi cate whether the peptide is, respectively, bioactive or non

bi oactive; a2) transferring the vector data generated in ste ) to the
SVM basranhpadiegmmherpr%awsdr!aﬂewlsmrhwp@éﬂ FAAEIFNG IR ST HFEH R S’E?/%er pl ane
that SERAR! gSuddiha y;@gtﬂ.aamrg@ re,em:ongit@ ghiass ritpachiy eicpent belesssand t he
non bi 8aEYTVE pept respecti vel ?rOV|d|ng protein precursor
sequenae&qmwewmaﬁbuﬁmﬁ%FV“%V@FMﬁbﬁé@ﬁUﬁﬁ" 5ot ei n dat abase; c¢) predicting
secondary structure and cl eavage sites within a protein precursor sequence
provided in step b) using conputational nethods; a set of 7 nolecul ar
descriptors is cal cul ated based on said prediction step resulting in the
gener atd qauRkypeptide fragments; d) calculating a set of 42 nolecul ar
descriptors corresponding to the physicochem cal properties of the peptide
fragnents generated in step c); e) transformng the cal cul ated values from
step c) into scaled values between O and 1 to generate dinensions 1 to 7
of a 49-di nension-vector for each peptide fragnent and transform ng the
cal cul ated values fromstep d) into scaled values between 0 and 1 to
generate dinmensions 8 to 49 of said vector for each peptide fragnent; 3b
f) presenting the vectors generated in the step e) to the trained SVM
algorithmfromstep a) to nmeasure the distance of each vector to the
hyper pl ane cal cul ated in step az); and g) classifying each peptide
fragnent as bioactive peptide or non bioactive peptide, according to the
di stance nmeasured in step f), wherein dinensions '|I to 7 generated in step
el are the followng: Dinension 1. Nterm nal ProP score; D nension 2:
N-term nal Hncut score; Dinension 3: N-termnal fragment; Dinmension 4:
C-term nal ProP score; Dinension 5: Ctermnal Hrtut score; Dinension 6:
C-termnal Ham d score; Dinmension 7: Ctermnal fragnment. 30 In a second
aspect, there is provided a conputational device configured to identify

bi oacti ve peptides derived fromprotein precursor sequences by using a

bi nary support vector machi ne (SVM based nethod, said method conpri sing
the steps of: a) training a SYMalgorithmto learn to distinguish between
bi oactive and non bi oactive peptides, said training conprising the steps
of : al) generating vectors with 49 di nensions, each dinension resulting
fromthe calculation of a nolecul ar descriptor value, for a set of

| abel | ed known bi oactive peptides derived from precursor sequences and

| abel | ed known non bi oactive peptides derived from precursor sequences,
where the | abels indicate whether the peptide is, respectively, bioactive
or non bioactive, a2) transferring the vector data generated in step al)
to the SVM based al gorithm said algorithmcal culating the optinal
hyper pi ane that separates the vectors corresponding to the bioactive

pepti des and the non bioactive peptides, respectively; b) providing
protein precursor sequences froma publicly available human protein

dat abase;



c) predicting secondary structure and cl eavage sites within a protein
precursor sequence provided in step b) using conputational nethods; a set
of 7 nol ecul ar descriptors is cal cul ated based on said prediction step
resulting in the generation of peptide fragnents; d) calculating a set of
42 nol ecul ar descriptors corresponddag to the physicochenical properties
of the peptide fragnents generated in step c); e) transformng the

cal cul ated values fromstep c¢) into scaled values between 0 and 1 to
gener at|g shrsRRpLONhete &@rovidid, th 4 SoipliRA Dot ¥Redm!a nethaddeh peptide
fragment and transform ng the cal cul ated values froms into scal ed

tep d
val ues iB@ttidag bigagiig PEPHdeSyERd o™y PTALFE PEITETSET BEAURICE? B§'5%8 vector for
each pe&ﬁér?%uﬁﬁcﬁrg%r;ma&mef()swm)a@@,@wmri&mﬁ, seRCiethbdgengigingdné n the step
e) to the trained SYMalgorithmfromstep a) to neasure the di stance of
each ved#® %% o the hyperplane calculated in step az); and g) classifying
each peptide fragnent as bioactive peptide or non bioactive peptide,
accor di 10 tRidde sSHFASHRBmMBASAH €6l diSinGLIeR bEdweeWitRiLiive Bhdrapsi ons '| to 7
generated in step e) are the following: Dinmension 1 N-term nal ProP score;
Di mensi on bpachye ReiaR|SAGERIPINE COMPIISIGERSISFR °3: N-terni nal fragnent;
Dimension 4. Ctermnal ProP score; Dinension 5. Cterm nal Hmout score;
Dimension 6: Ctermnal Ham d score; Dinension 7; Ctermpal fragment. In
a third agpeansating vecles Withdf JEEeRP g S8F" fMENFIOPHBY AT U8 ithad above for

the identifiGaliABnek atri8EARSUHdseripo) YARB! fofl 8 Set faagmka khewndr ug
intervention, ligands to discover relevant targets or b&grarkers to

moni t or di sedeasEive peRlides SISEYBY BB FRECHSPT BIOUERESHRUSBRE!ISH WIMESte refers
to a method el & pBbiidakidasivhl aaei bree RePELIRRCAES WhgratHai iaBgly support
vector machi ne (SVM based al gorithmin a conputer-based system wherein:
a) a SVM al dodiratawhethartng peRtideds | 'egPRCivE!Y dPigeFivg @ RN AR H bi oacti ve
and non bi oactive peptides, said training conprising the steps of: al)
generating vectors with 49 di nensi ons, each dj nension resultin% fromthe

cal cul at i & tEANSEETiRg Bewiesior gac9etaiecya s a4 f9rtng SYM bated 28ithBd known
bi oactive angd aB8khRIcHAPMhGIAE oblfRE hiptepiBRPIHaE 8SpariBe ke (d8osabel s

i ndi cate whether "the peptide is, respectively, bioactive or non bioactive;
a2) transf erfamegPeTEng s Piopstive geridies g thhnet 8igagive) PeRildehe SVM based

al gorithm saggealgorithmcalculating the optimal hyperplane that
separates the vectors con-esponding to the bioactive peptides and the non
bi oacti ve peptides, respectively; b) protein sequences are provided froma
publ i clyy ay&lidiad betaHHReELPER sebletlaisaRns @ publicly 8eARBRIMLNSAN petdine and

cl eavage sites wthin a protein sequence provided in step b) are predicted
usi ng conP##EBnal net hods; a set of 7 nolecul ar descriptors is
cal cul at ed based on said prediction step resulting in the generation of
peptide fragnents; d) a set of 42 nol ecul ar deﬁcri tors corresponding to
the phy®i CBEEHER PG FEYEHESEUT SPREPSHER SN gt O ge MY at ed in step
c) is cal guhatmd prelidddp fab BUlLShe domplitifitndl Mthed<€R s8) ofT endigausf or med
into scaled val ues between 0 and 1 to generate dinensions 1 to ¢ of a

49- di rensidSRSNREE of CAIBHIAEA AFSPU P IS PIRAKHERBIP JESHiet RAne APRTPATR val ues
from step fhepic fHdgamsfiormed i nto scal ed val ues between 0 and 1 to
generate dinensions 8 to 49 of said vector for each peptide fragnent; f)
the vectors generated in the step e) are presented to the trai ned SVM

al gori tch’bmcfal’cgfé‘tﬁ% @R efdf 1DmERREI AcbiipicisThassraingeache prati@r to the

hyper pl ane cal cul ated in_step 5a2).; and
YPerp chemica! properties of 315 ;?epSU%e)ﬂ‘agments gensrated in step ¢,

e) transforming the calcutated values from step ¢} into scaled values between 0 and
1 to generate dimensions 1 1o 7 of & 48-dimension-vector for each peptide
fragment and transforming the calculated values from step d) into scaled vaiues

 between 0 and 1 to generate dimensions 8 to 49 of said vector for each peptide

fragment;



g) each peptide fragment is classified as bioactive peptide or non
bi oactive peptide, according to the distance neasured in step f). 10In
general, dimensions 1 to 7 generate®in step e) are the foll ow ng:
Di nension 1: N termnal Prop score D nension 2: N-termnal Hrcut score;
D mension_3:_ Nt nal fragnent:; nsion 4: C-termnal ProP score;
Di nensi on’'5 pr?fepﬁ?ﬁhﬁé(ﬁmﬂ'f?c neEsAd {% $ER & Brins rageder i igottRT@ms cor e
Di mensi on 7:st€pd)ée meaalrefihagistartce chadcdvasiasiodns hijodrplad® cglrokiat 8d i n st ep
e) are the f@ld oyiag: D mension 8: Percentage of 15acidic amno acids (E
N, Q per potypeptlde D nension 9: Percentage of positively charged am no
acids (R, H) per polypeptide; D nension 10: Percentage of aronatic am no
aci ds (F,g)Yciadpifyrereqpblpeptipe frdemehl aebiskoiivepbptiffe be et Bgacthk miptphat i c
am no acids a(cﬁ?rdh{ tNh IQ}S%[%Q p‘%g{g}gq? g% rrenS| on 12: Percentage of

0 8 I de Brte

Proline per p ntage of reactive am no acids
(S, T) per M%@SW%@"’“B"&EH&W%@%Q ‘@ﬁpéﬁééfﬁ’@gém&ww animgasiper!: N-

pol ypept i detnxﬁummnsamcolés D:F?earnee;ntzaglenaafﬁq:r@yah@unﬁ:da@rmmc?lnmarﬁ inde;

Di nensi on 1 e a mc. Ly tide; nen3| n 17:
Per cent age df E hen ﬁé%%h?ﬁé %%#$Q ?’%%hQFﬂgﬁfgﬁghgﬁgn Eﬁ éBHf ge of
d yci ne per %Béﬁ?l@%“ﬂ%{ﬁ%ﬁ ’E?ﬁ’m:[‘@* 'PW%W%,@WSHFSR iCeliemaingér

pol ypept i defrabmamnsi on 20: Percentage of |sol euci ne per pol ypeptide;

D nensi on 21: Percentage of Asparagi ne per 25pol ypepti de; Di nension 22:
Percent age of d utam ne per polypeptide; D nmension 23: Percentage of

Ar gi ni ne per pol ypeptide; D nension 24. Percentage of Serine per

pol ypepti de; D nmension 25: Percentage of Threoni ne per pol ypeptide;

D nensi on 26: Percentage of non-canonical am no acid per pol ypeptide;

D mensi on 27: Percentage of Valin.e per polypeptide; D nension 28:

Per cent age of Tryptophane per pol ypeptide; 30 D nension 29: Percentage of
Tyrosi ne per polypeptide; Di nension 30: Cysteine content; D nmension 31:
Percent age of coiled secondary structure per pol ypeptide; D nension 32:
Percent age of helical secondary structure per polypeptide; D nension 33:
Per cent age of random secondary structure per polypeptide; D nension 34:
Score for structure around N-term nal cleavage site; D nension 35: Score
for structure around C-term nal cleavage 35 site; Dinension 36: Nunber of
hel i cal bl ocks per pol ypeptide; Dinension 37: |soelectric point of

pol ypepti de; Di nension 38: Average nol ecul ar wei ght of pol ypepti de;

D nension 39: Sum of Van-der-Waals forces of each am no acid within

pol ypeptide; Dinension 40: :Sum of hydrophobicity val ues of each am no
acid wthin pol ypeptide; D nension 41 -48: Mean val ues cal cul ated based on
princi ple conponent score vectors of hydrophobic, steric, and electronic
properties per potype_ iptide; Dinension 49: Length of polypeptlde In a
preferred enbodi nent of the nmethod of the present disclosure, protein
sequences fromstep b) are only naturally occurring protein sequences
found in the human secretone. |n another preferred enbodi nent, bioactive
pepti des are bioactive peptide hornones derived from precursor hornones.
10 Anot her subject-matter of the present disclosure refers to a bioactive
pepti de selected fromthe human secretone by using the nmethod of the
present discl osure. In a preferred enbodi nent, the bioactive peptide
is a bicactive peptide hornmone. In a nore 15preferred enbodi nent, the

bi oacti ve peptide hornone derives froma precursor protein. In another
preferred enbodi nent, the bioactive peptide has a sequence sel ected from
the group consisting of the am no acid sequences of SEQ ID NOCS: 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, 26, 27, 28, 29, 30, 31, 32, 33, 34, 35,



36, 37, 38. 39, 40, 41, 42, 43, 44, 45, 46, 47, 4B, 49, 50, 51, 52, 53,
54, 55, 56, 57, 58, 59, 60, 61, 62, 63, 64, 65, 66, 67, 68, 69, 70, 71,
72, 73, 74, 75, 76, 77, 78, 79, 80, 81, 82, 83, 84, 85, 86, 87, BB, 89,
90, 91, 92, 93, 94, 95, 96. 97, 98, 99, 100, 101, 102, 103, 104, 105, 106,
107, 108, 109, 110, 111, 112, 113, Bm, 115, 116, 117, 118, 119, 120, 121,
122, 123, 124, 125, 126, 127, 128, 129, 130, 131, 132,

In a second aspect, there is provided a computational device configured fo identify
bicactive peptides derived from protein precursor sequences by using a binary

support vecior machine {SVMj based method, said method comprising the steps of:

a) ftraining a SVM algorithm fo learn io distinguish between bioactive and non
bicaciive peptides, said fraining comprising the steps of:

a;) genherating vactors with 49 dimensions, each dimension resulting from the
calcuiation of a molecular descripior vaiue, for 2 set of iabellec known
bicactive peptides derived from precursor seguences and labelied known non
bisactive paptides derived from precursor sequences. where the labsis
ndicate whether the pepiide is, respectively, bioactive or non bicactive;

g} transferring the vector data generated in step a4) to the SVM based aigorithm,
said algorithm calculating the optimal hyperpiane that separaies the vectors
corresponding to the bioactive peptides and the non bicactive peptides,
respectively;

b) providing protein precursor sequences from a publicly available human protein
database;

c) predicling secondary structure and cleavage sites within a protein precursor
sequence provided in step b) using computational methodsi a set of 7 molecular
descriptors is calculated based on said prediciion step resulting in the generation
of pepiide fragmenis;

d) caiculating a set of 42 molecuiar descriptors corresponding to the physico-
chemical propetties of the pepiide fragmenis generated in step ¢);

e} firansiorming the calcuiated vaiues from step c) into scaled values between 0 and
1 to generate dimensions 1 {o 7 of a 48-dimension-vecior for each pepiide
fragment and tfransforming the calcuiated values from step d) into scaled vaiues
between 0 and 1 to generate dimensions 8 {o 48 of said vecior for each peptide
fragment;



133, 134, 135, 136, 137, 138. 139, 140, 141, 142, 143, 144, 145, 146, 147,
148, 149, 150, 151, 152, 153, 154, 155, 156, 157, 158, 159, 160, 161, 162,
163, 164, 165, 166, 167, 168, 169, 170, 171, 172, 173, 174, 175, 176, 177,
178, 179, 180, 181, 182, 183, 184, 185. The di scl osure pertains
further to a peptide |ibrary conprising bioactive peptides 30identified

t hrough the nmethod of the present dygsclosure. In a preferred enbodi nent,
the peptide library conprises bioactive peptides having a seqguence
selected fromthe croup consisting of the am no acid sequences of SEQ ID

NCS 1- 385,eLLRfhgadhOVEctors generated in the step e to the trained SVM algorithm from
step a) to measure the distance of each vector to the hyperplane caicuiated in

step a,); and

g) classifying each peptide fragment as bioactive peptide or non bicactive pepflide,
according to the distance measured in step 1),
wharain dimensions 1 fo 7 generated in siap &) are the following: Dimension 1: N-
terminal ProP score; Dimension 2. N-erminal Hmcut score; Dimension 3: N-
terminal fragment; Dimension 4: C-terminal ProP score; Dimension S C-terminal
Hmcut score: Dimension 6: C-terminal Hamid score; Dimension 7: C-terminal

fragment.

In a third aspect, there is provided a use of the method as defined above for the
identification of therapeutic polypeptides, targets for drug intervention, ligands to

discover relevant targets or biomarkers to monitor diseases.



:35 6 In another nore preferred enbodi nent, the peptide library conprises
bi oactive peptide hornones derived from precursor proteins. Another
subject-matter of the present disclosure refers to a conputational device
configured to identhy bioactive tides by using a binary support vector
machi ne (SVM based nethod, whereitr a) a SYMalgorithmis trained to

| earn to distinguish between bio ctive and non bi oactive peptides, said

training conprising the steps of: 10al) generating vectors with 49
di me@rg ebisct-patier of fhernesenhdipdasre rafrys 1o amethed ferddentifviing kitclYe a nol ecul ar

descriptor value, for of..l.ahel i - ol | ed known
non %‘ipﬁ%st % AR %%%D%ﬁ\ﬁh%tgtrcéhaﬁ@m zg%\gllqggl n”igl cl%%rg%mﬁ{lé%{%gﬁagﬁééﬁgti de is,

r es p@stanv elthgreirbi oacti ve or non bioactive; 15a2) transferring the vector
data generated in step ei) to the SVYM based al gorithm said algorithm

cal culating the optinmal hyperplane that separates the vectors

cor r es gon PHY AlgsritAeisFiebwet? FeTpe Ty isa REMERE FRATE F4CcTIVve pepti des,
respect i vighyzivdlerRhsd ekt reRfveRsisRiganPeRpEded froma publicly available
human protein database; c) secondary structure and cl eavage sites within a
protein sequence provided in step b) are predicted using conputational

met gods; a seta.ipbeﬂerlﬁﬁﬂge&uiow wﬁes@ﬁmm&i &ccaiwmmg&streristﬂmmromes SI) d
prediction step resulting_in t ner at i 0 ' L S; a set
of 42 nol ecul ar B%%Lg?tloﬁtggPsm%bﬁu?aég%(s)%rg’%{]g\’%[bg ' f%g%%%g?%gf g%ﬁ?np%al
properties of thsicpdiptiade idheherhemwe merarative pEplidsEepnay} tissiaeals cul at ed;
30e) the cal cul a Al eise ] A d [WEN; | ed val ues
between 0 and 1 Fgga%eéner“at%tgél)%p}g?gshg"s “%%qu?{ g@g@zﬁg}oﬂ%ﬁ%ﬁvector for
each peptide fragnment and the cal cul ated values fromstep d) are

t ransf or ned ingzptéggfgggg\(ﬁé wasorketawerAl=@ndidp b0 t@eRETAN Sasidrensi ons 8 to
49 of said vector tfor each peptide fr%rgg]egt; f_% 1t he VP?P?#"%% generated in
the step e) are BREEEA: EASEPHEN FRGHATY BYOPI AR JOPPIHINTFSm step a) to
neasure the di st gaseaf tieaehioreetosspoadin e iy reapiienpentidbs uhatediohn step .
a2); and gq) each_qpegti de fra ger;ttti\}e§_cl assified as bioactive peptide or
non bioactive pedideqe’® PEREERSIGIPRG 0" t he di stance measured in step fj.
The disclosure pertains further to the use of the nethod of the present
disclosure far the identifiecati j i@esasd-argets for
dr ug in@eﬂ?&‘ﬂ? Fb%“n?%g%%ﬁg&ﬁ%tdgﬁs?%gég%&r e?‘reé\%%% ﬁ%’ ﬁ%‘g??‘g%rﬁﬁ%g?mr kers to
noni tor di seases. The disclosure pertains further to the use of the

pepti del ibrapy f%f(ru{:ﬂf% HEIENagHishE B 8 phdleid sSEHERRITAGVIGRAR 8RSt O

i nterrogate mt?ace l'ular signal ling pathways; to create reorients to

10f ur t her SrneretiRGESHEFATREP e TEATINIRY 5oL E T PUSFER TR ETP P orhe. of

t her api es aRgiale theanbs Exid phasidme etbirealifing iacid yerwcampatindsidet ar get s f or
drug intervention, iigancis to discover relevant targets or Nomarkers to
noni t or di"SETERS:

d) a set of 42 molecular descriptors corresponding fo the physico-chemical proparties of

{he peplide f%agments generated in siep <) is calculated;

e} the caiculated values from step ) are transformead info scaled values between 0 and

=3

1 fo generate dimensions 1 to 7 of a 48-dimension-vectar for sach peptide fragment



The disclosure is also directed to a pharmaceutical conposition conprising
a bioactive 15pepti de having a sequence selected fromthe group consisting
of the am no acid sequences of SEQ I D NOS 1-185 as bioactive agent.

DETAI LED DESCRI PTI ON OF THE | NVENTI O\ The present invention is directed to
novel bioactive polype.iptides and to an in siiico nethod to identify such
- bioactive polypeptides. In the present invention, a poiype.. ptide IS

consi der ed agnﬁﬁ@a@wlated Walued frdvastead) ardttehafthadimd Stcgleg ggls g% many

ct
| d t""%?‘l 4 b
e ot ther gget‘?f‘géhé*g@. 8o f%%f%%%*%9?§$9fa$§?gh$§§fée¢%g&30n | Pgands

to di scove I"%‘i}%'ﬁlgu'ﬁ%fﬁ'gétﬁ‘sme@@p@éﬁ tess BB itngikaifss g TR {ﬁ%ﬁc%r?ve

noni tor di seases) tc Bicaagh ke g cl ude nong ot hers I oac
peptj de hornpne }OPeptl de hdégrgrl%es%%‘?e%chéf‘ég‘Fq\yP?gH“%{ja‘?%@?ﬁ inhiterh

speC| fici ty g%l | as their effectiveness in very |ow concentrations.
Peptide hornones are initially synthesized as |arger precursors, or

pr ohor non cursor, i s a substance from whi ch anot her usually nore
active or %ﬁaﬁagggébtﬁﬁi?%’ﬁ%f 't ga¢lerea bioacirecnestive prrenuserve mpade, i nact i ve
protei n . (oracparping theffie thsadnce azabged Wsﬂﬁﬂ‘ into an active form by

post - transl ational nodification. Several “cleavage sites are involved in
the nodification of the precursor to produce the nature protein: signal
seqifence ¥1%a9Rhdimansions 135 pyetease incepy P tifd fofiSvingd fﬂg}; dm ql.tes, etc.

8 The nanwgr@haltdise RES rotein is often I xed by pro or pre.
Pr ecur sor arg of ten ﬁ;ﬂ,ﬁ@@&g% g\gFeD e}ﬁq‘ﬁﬂegﬁort@hgmlﬁﬁ‘ﬁ@ééu@ﬁ@m&mt einis

pot ent i al ISFPENE-Himensign: %@@H@ak%dbecca&ldbrh&hknen 8NC3dHiral ARkLGR AN/ or i n

| ar ge quabinicnies 6: SThmidzeHARId &9 Jﬁﬁ%gﬂﬁ 7 grtg%r@ 'gfaa@grgt?@ r 8; e;rr:] ngr gm q

usedlnte E%gﬁly herein to refer to a
r esi dues S8y do\ e eRtectib Higs ) élfﬁé@efﬂtl@mng Dimehsiotes: P demtRfe &k F agnent s
of full Imr@;mmqnoatees; (BN, €U0Br 8shypeh®le: PHERE o- %Bfteh%’-gﬁﬁ Fg%;tggl epti des and

shorter onsi sting of at I east nor e

parti cul a&ﬁg ggﬁﬁ”%ga d%e( u'é[ﬁ E’ 8§t$'ﬁ§’“éfpn404%ra&ntm dercdsatic101 n

addi t i on, a®iheadds Er sW) peﬂ muﬂ@ep(@ieyn”ﬁfeﬁzsi% 1@%:%1%%% a’]&qda%' ds. including
di f

t |l le b
oo S A 01, e B AP R o™ © ™

gl ycosyl aQ'i“B'FF'D’b%? grreripnaof r@ﬁpﬂva@emd afdsOs, apﬁur%lyééﬁtﬁé%lhgﬁs,&? gglions

tha® eff catrisned
e teneloy oﬁb‘ﬂaﬁeheb@?paﬁ%ﬁ]ﬁdeoﬁgvﬁéun%mﬂ@C Egl%g%@g%éfc(&rsgﬁn@ Ber and in

polypeptldF Y 39 derived fro

particul & yﬁg@r Be TSa-PT V& P orsesiacs of Glutarhiergiiipep payRipadd Disbiasg,Cal. o
enzynmat i @ecdeemgagEPham‘ﬂ R@ine N ote es such as
trypsin é%%lggtﬁ%ﬁa N %@Qﬁggt 9% ﬁ%bf;brﬁgp%ﬁ%ﬁévcgﬁ geg’ WC‘B%P?@GDU des
may be dp2 X g8 5 Higliding povericllyplepiiisn Dpepisiod @0s y nt het i ¢
met hods Olemagamla@emmadperspoaa el meehe t th .am ne and
cagdoxyl 'pSly ie; THAGA; &f‘f’ﬂ Harou g')s] fg no g%:?@ Pr%g%?%%}g Oﬁé\g%ﬁqm? B eft of
an am no ac onice a nol ecul & 894t Birtanise paawiiperlide( Rimersioh 2am t he

ni t r ogenb@¥eRpgROANdinEe PeHpo!freptitd; Ittenewcbpzw Plefoefiadg bt $4:g, f or mati on of

a pepti deoipantde; D8 fdhem t links the am no_acid nononers in a
protein ghain. 25 Each rostcgfern ﬁ&g r%%”%?ﬁrdﬂﬁ’é’p%?ﬁdﬁ&fﬁ@ﬂmsé@uence t hat

i's known ggentpge ﬁﬂomayorgw a@mn@ree:rd plér polppaptiat: I’ll)iﬁfeﬂé@n b8 Hedldhle of

St al gt Vatieqedoanoned, et A2 GhTHESe B SEIRATS, Sy 1

30 Dimension 20: Percentage of Tyrosins per poiypeptide; Dimension 30- Cysteme content;
Dimension 31: Percentage of coiled secondary structure per polypeptide; Dimension 32
Percentage of helical secondary structure per polypeptide: Dimension 33: Percentage of
random secondary structure per polypeplide; Dimension 34: Score for structure around

. N-terminal cleavage site; Dimension 35: Score for structure around C-terminal cieavage

site; Dimension 36; Number of helica! blocks per polypeptide; Dimension 37 Isoeleciric

point of polypeptide; Dimension 38: Average molecular weight of polypeptide; Damensmn

39: Sum of Van-der-Waals forces of sach amino acid within polypeptide: Dimension 40:



acids in the protein or polypeptide chain. The coval ent peptide bond is
the only type of bonding involved at this |evel of protein structure. The
sequence of amino acids in a protein 30is dictated by genetic information
in DNA, which is transcribed into R which is then translated into
protein. So protein structure is genetically determ ned. The next |evel of
protein structure generally refers to the anount of structural regularity

or shape Bh@tofh{jtﬁombt&?ﬁ\@udieof%aéﬁ BnAHPRLSwitfn ?ﬁ&&ﬁiﬁn %%@EB&' e ghain

wi || spont aneousl nto a regular and def wo nai n types
of second %ﬂ%%ftas&“g %“S@Qﬁr‘ﬁﬁﬂﬁquﬁWDQ%E}rS&P@i %T%@Fﬁysir@hh@tl x, and

b- pl eat edsghgeeind sitbforiefrbpatiys gévrﬂm,bgpgaafg,@e,%rym@kh?ﬁ O@Bg{ggﬁﬂt@mt he next
| evel of conformation or shape adopted by the al pha-helices

bet a- pl eat ed sheets of the chain. Mdst proteins tend to fold 9 into
shapes ihapreiaredismpadiment phiss riathad chthegiressul disclosura mrateig semiinceaiieh SRFE,
par ti cubfbieYonfiratFaly REuRRE bR sd REMIDShd ih MSma &3S the main
forms of gross tertiary structure. Atermoften used 1S ONEi n, whi ch
refers to a conpact unit of globular structure in a polypepti de chai n.

SThe unjgugns ntﬂc&ﬂn 0 deter its. function in t

Al so incl uge Wi trﬁ%{] t SQ{lit Blﬁ%‘f’q“{tﬁ Sd%%{s'l% ﬁ{?’tblogﬁuvgfpaghdep%ﬁ’rWé‘ﬁ? Pﬁ‘é“egar e
am no d‘cﬁ”’(‘jp@@éfﬁfé’ﬁ‘@mwm ants. These nay contain one or nore preferably
congervative, amno acid substitutions, deletions, or insertions, in a
nat ur al i ce whi.ch .do | east one
essent |Ar?6ﬂ%ir:g%gé%dtt 3&% g sfg}? %BT% ﬁgnt%esgffégu Telelrdf agéoa ‘@rpe&é%?l%ctteql% the

bi ol ogih&EIaNgeERiPMEDY t@mﬂh@mevmwtf&exesmydlb@oswmt hesi zed by cheni cal

pol ypepti de synthesis. Conservative am no acid substitutions are

wel | -known in the art. For exanple, one or nore am no acid residues of a
native ipecmr@emedcmbddmambse btoatiae: pcepnsersvaabrbmw p\épﬁdl FYAmBRE NR adhdd

d t 1]
pors pont v e SrbPm el b8 eSS i Rofiarcloertis tor AistPur eritrul es for

maki ng such substitutions are well knovvn More specifically, conservative

am no ngﬁotﬁ%ﬁbﬁ"&g érﬂ&?dirﬁér?t alels ecfac{;\h@be&%@%é' lsyaq %nkc%hsglﬂﬁg.% fron:[\ 9\ na

famly of amno acid hat are r Tn therr sid
Genet | c%wpgﬁf’@ﬁ!éwé@twrwaoéﬂeid@qawe'g@mépga IDyN@By1.ded, 4,1% 6, T.09, 4o oups:

g 1) agndn ¢$aa|)o1aa tat e, l‘I&H@I I.@.ma@'e,zz(é{:) lzba% C?lﬁl ¥8iJtepg asfogb{‘:"'}e 5329 a5 |
| 1 dI al an Lne eucl ne 01 sol euci ne pI’O i ne,
phg yl a’ﬁ%aﬁz %g 3%3#& ﬁ? Agn%g]ﬁpy%aﬁﬁhé% Oard 5(24‘)33 Lﬁfcﬁ%r@eﬁbo’-fealcﬁgl yci ne,
gﬁ par ?cﬁﬁnél 681 €8, 4 85 56,575 B8] B, Tosg rae73tAw esnig 7y a;rad?é; yelreom r? g3,

en a ngd.t {0 n al so classiiled as
aromgt fgé g%m%ﬁ 2 )ég?‘]’ aﬁ)n@‘ %2 J‘ri%Irg‘e’ ‘F‘—‘é% a%f‘%&ngé Wllot hﬁ\ 1§'n 185ar $+-d@Par group
such ag 05t BY, &8&itpd.el10t hiet, §ﬂ|53’t1|3t 14, dﬁaof‘lﬂ guei e, 18, *Esmzeutzmezz@r val i ne
are al tierngalsi y&i Yo7 g %Qbﬁébt%' OFh %3@5‘@%@%& i %é’tﬁg‘”@o 229"

th eonln for ser of her I'd resid

st Fuct Uil 147 144, éﬁ%d"fﬁiﬁ‘%%‘é@&%%%ﬂdd&V\Zﬂa TQ&nTevFiaﬁ’v:y"ﬁ@vléTaﬁES 159,
i nsi gnitkbcant 1ef ﬁ@@t‘io@mash%é et kg 188, ’F?*betizﬁsi%tiﬂ-ﬂﬁf'%eeﬁc de,

I ncl ud op the definition of € term epti de’is a
pept i dg%mﬁge% igbdgg 8336§%’t1ia\7r‘| ty is predictable as a resul t of its
am no aci d sequence corresponding to a functional domain. Al so enconpassed

by thems@rguog&g%ggahé fifthe! § < efasﬁ@e;ﬁb%va/p%ﬁs.@ﬁbg&' cal %@C“ vity could not

have been “%éie I ct SIS O o ac d tence. In the
pr 8 entderhesibiogen the f%&]b%ﬁftth%é@ﬁmtdm@hﬂrﬂe algorithm (SVM is used to
di stingui sh 35bet ween pol ypeptides that have an activity in vivo and

pol ype?tl des that do not have an activity in vivo.
n a preferred embodiment, the peptide library comprises bioactive peplides baving a

sequence selected from the group consisting of the amino acid seaunncns of 81:@ ID NOS
1-185 cited above.

in a more preferred embodiment, the peplide library comprises bicactive peptide hormones.



10 Support Vector Machine (SVM: A Support Vector Machine (SVM is a

uni versal |earning machine that, during a training phase, determ nes a

deci sion surface or "hyperplane"”. The deci sion hyperplane is 5 determ ned

by a set of support vectors selected froma training population of vectors

and by a set of corresponding multipliers. The decision hyperplane is also

characterised by a kernel function. The nmathematical basis of a SVMis

g PrL ai ig&ﬂl'lo'ther nbe: da@akedmmblﬁmz‘nerggia\a@eﬁﬁﬂdl Imﬁar&gbiﬂbﬁ@sm&iﬁé i}@;ﬂidﬁi - g
ridge Uniyersity Pr 00, entitled "Support Vector Machines an

ot her %%Fﬁ@rﬁﬁégﬁ%m¥% %%%%aﬂﬁgFﬁ%ﬂs" and in an article by Chi h-Chung Chang

and Chirettirssubiesi-neaiter of teeiprepemIiaviosurs refelsyta gycofrputationsh dedicekanfigyred

Machi ngs’. 2001, .. .. Subsequent to fhe L nin hase, - M operates in a

testinﬁﬁbﬁgébmuﬁﬁ$ﬁﬁ§%%%c “%&%%Bﬁ%gdﬁ%ég%V%Fggg??vmt@@?ﬁgéﬁrgpk%gﬁ'the

bagi s wiferele deci si on hyperpl ane previously determ ned during the training

phase (Noble, 2006). Support Vector Machines find application in many and

varied fields. For exanple, in a paper by H Kimand H Park entitled

"Predi ct i#n? §VM@Q§’H@FH§F@P% ia/ea8dp V&g deiexiwp i bibesivaiantd n20suppor t

vect or nach&agﬁwgﬂgm&gngﬂggggggu@h@ﬁggbMQpaggﬂypcal descriptor”, SVMs are

applied to the- problem of predicting high resolution 3D structure in order

to study the docking of macro-nol ecul es. In the present invention, a

support vector nBCHnRetiag gefiblshmn(S\Ahehsonts edait Sr@hsibh ReUISH Bbetween

pol ypepticies that have an actjvi .ln_vivo an ol ypepti des that do not
have an activity i“r?iqy?é\%?)r.‘ Qflf? S‘r?lﬁ“%?%ﬁ%f‘e ”?JB?’?W’D%?Q{‘\?? 2oL oMM s

i npl enent ed by neamsaatfe andclebgigtidtbenabn d@scive =pideashar{adE Sabaal conput er
in the present invepti00.-«30 t atLi evice includes one or nore
processors t hat ex@@ﬁtéugjgﬁE%%ggﬁggpgfQ%F%%g%%ntG%%YTﬁ%?%ETO%§Wﬁescribed
in the exenplification section (1.1.), containing instructions for

i npl enenting a PRl RGEand VB8 ol Qath REROLESENLE RVER YO Lhi ng of SVM
and nodel generg%¥on:_ 1 ‘Iﬁ o?de? ?%nprgﬁn fﬁg §3§%%b§%¥,4%égtors with
49 di nmensi ons wer eAGENER RPELRIBITAG Pleiahps frantimelitinsemiaesiel bed in the
experimentation segdgofifes(the kedtoRNbrSSHRRAMG 6 &ld cha?cﬂ?é(“ﬁ?j;biﬂieg e the miFOr the
SVM training set, é{nf%{sn&}' ion_on k%gwr? bi oactive peptides can be extracted
fromany public avlPFHEKF BSHIGRAISRYEAE dat abase, such as Swissprot.
Preferably bioactive peptides with a Iength between 4 and 55 am no acids
weye extrac f t hel .ding to their annotation in
R b B L e o e Y
al gorithm AII.other-fragnenps generated with a I ength between 4-55 anino
aci ds from {hengary structure and cleavage sites within a protein sequence providad in step b)

arg predicted using computational methods; a set of 7 molecular descripiors is

calculated based on said prediction step resulfing in the generation of peptide

25 fragments;,

d) a set of 42 molecular descriptors corresponding to the physico-chemical properties of

the peptide fragments gensratad in step c) is calcuiated:

30 e) the calculated values from siep ¢) are transformed into scaled valuss batween 0 and
1 to generate dimensions 1 fo 7 of a 48-dimension-vector for each paptide fragment
and the caicuiated values from step d} are transr’o.rmed into scaled valuas between 0

and 7 io generate dimensions 8 to 48 of said vector for each peptide fragment;

[N
th

f) the veciors generated in the step e) are presented to the trained SVM algorithm from
step a) to measurs the distance of each vector to the hyperplans calculated in step

az); and



10 sanme known peptide hornone precursors that have no assigned function
were used as negative trainings set for SYMtraining. As the SYWMis a

bi nary system bioactive peptides were | abeled as +1 and non bi oactive
pepti des were | abeled as -1. Sim |l arhky, bioactive and non bioactive
peptides with a | ength between 56 and 300 amino acids were used to train a
second nodel to predict |onger polypeptides. In order not to over-
15represent negative exanples, the final SVMtraini ng sets for short (4-55
am no aci nd | re usted to
an equal % %‘pﬂg%l&q%@se&/g%%ﬁ &93 an \%r%nﬁjﬁﬁggg l)%%L’y‘:{’r gﬁg

sel ecting. tlae”csramommgau@fma@a%d m%mrﬁ fiom al | negatl ve pepti des 20To

transformthe informati on hidden in the ctlvead.nnblo ctive

o 0356 tisciepire peraRs Hdentp fegie e BePrd e HEs TS Rar eI T I e of a
SVM  ThanBedatien Mﬁkﬁ@peﬂzftlcﬁoiﬁb@pﬂtldwjﬁrgétélf@mgjg/intéaqeeﬂrds ligemds lredieeeaki ty of t he
chosen descr| descoﬂ_?e the peptides. In the present

i nvent i“'E'Jﬁ‘fa”f{?qu?‘T ?rﬂoﬁartﬁﬁg’rmﬁ? 'S?%?ﬁsect the |ikelihood of a polypeptide
to be produced by the human body. These 7 di nensions were cal cul ated by
enpl oyiRdisticseie p@ﬁauwpmﬁrme uge efdhecitapbioe ifbraneofttioopresanp disdiesupapti de hor none
precursor sequence g E The re Ll|t| ng scores of each program out put

wer e dlsls"@@f‘l"‘? apREerhde | F‘f“p’?‘é)?%“ Ui §OPAIRE PRIRGEVE ST RERS PR for | ect

| MRET t &thap MEsirdersehend odd pghepent teamhoenemgentedesk dicagmemtify(i . e. a

bi oactiye or a,_non hioactive pe 49 descriptors used in the
pr esentP PIVERHTGN 48 ?‘i‘%‘f‘“%id? B{gﬁ%‘%o?'ﬁ@ EGE Y %ﬁ?ﬁ? FEFR4Y i on
sect i onetedéht Targea otbigepkerd o ponitgrsirerdss.a uni que conbi nati on of 49
descriptors. The different peptides can be represented as points in a

mul ti di mensi onal space where each di | on c r respond t he
Goser | Therecions S GEed ' 8 P erEca gt Fadh s ten Sompitso 4 Bedtiecs ¢ he two
S et1% Ofuc?@%é"ﬁ% @%gnaﬁw%@gtehqranhﬁelare@;%csag?sua@ dr i adl 0aGTduE;

boundary is called the optimal™ hyperplane that best

separ at€é§*=tch@ ’D'%*t?IBé@%@?aStf"ecﬂﬂv@Em in an n-di nensi onal space, nanely the
vectors corresponding to the bioactive peptides and the non bi oactive
peptides, respectively. 12 The resulting SVYM nodels |earn to distinguish
bet ween bi oactivée and non bi oactive peptides. The best nodel is chosen

whi ch hesTALEDIDETSRTIpEr BT MENSYEDESRN on the ranki ng of an independent
test, set of bioactive and non bioactive peptides. To test the nodels, the
5performance of all generated nodels was tested and the two best model s

f or shofite peptrit dwsntiod is5Hregier Ao NaYRISiPaaig pyRgeldgroRnade N it efcy B6®00 ami no

aci ds) SED) [&@g sghdpeby. ldentification of bioadive peptides:
10Afterﬂé?é§‘|t‘ i ng m rgsgétq{ng trained SVM nodel is able to identify

bi oact i *Véh%éﬁﬁﬁrﬂé@e'f‘f&n RPUPETREE 5T GREIEEG §° Plagcivadift TRANdEEEATIoRYth A
schemat érca;péf%&w)reaﬁyqéu fidi@e mléodtmhn&@bp sBidatiVe thaptidda VRNt e bdtent@l éai2 1 N

I d l1b
et VEeGaREr OSBRI BT ST Gbeb FRoNTisn. DR i goaya FRPE hunan
pr ot ei na@aa@gs:e:cmmdnpm;r@y\bmpmmra s rusddr dkpasisepicheihvalgdeppadsent i al
Pr ot eage cheAVage PkoReaE REBHIENShoHEL N AueRL ol oL 0l 5. 40 RLedig!

t hese €l spective cleavage Si Fons - are 3av P&ach
pr ecur sbeir SighsepTily knwakiss theﬁmﬁngﬁvenwowdafrlyws:pnmuneja Bedigtuced for
the e“tﬂﬁo%%@hmnm@ hSRleaSRILRAFGoc RS0 ok ity Rcedi cted cl eavage

S|tes W e precursor sequence, all potential fragnents are

A precursor is a substance from which ancther usually more active or maturs substance is
formed. A protein precurser is an inactive protein (or paplide) that can be tumed info an
active form by pest-transiational modification. Several cleavage sites are invoived in the
modification of the precursor to produce the mature protein: signal sequence cieavage sites,

protease cleavage sites, amidation sites, stc.

L2
th



20generated (step 2) and are used as input for step 3. Step 3 conpri ses
'Elhga ;:a! cul ati 1(:)n?)of f DPKSi co- chfa_n‘:c cal t.propertitgas ;)f taach pept: de f][agme?jt

ist in poin o] e exenplification section). In general, information
on the amno acid frequency within edch fragment, the secondary structure
of each fragnent, the isoelectric point of each fragnent average nol ecul ar
" Van: der TR FRBE e RO 1 8 PO PraS T EgieAT e dfnsum of
call dcgnmﬁaglby ausaegiarmm wigergbe duinhea?sntptm?ns(pot@ﬂaMHﬁEnd mltbﬁgaqg‘e?ﬁ tcﬂ%;f h am tno
aci : amno acid within e fragnen
and th:ﬁdt%rE'z‘itgérjr%'lr]\{tgiH rgé%i?zlha%dr’%q?a ts‘?L”anff(?)u‘éaccount to transformthe biol ogical
information into numerical val ues. cul ated values fromstep 1 an are
i nf i cal I Cal cul d I f 1 and 3
eapoct | ar S PobBA T APod Gl P BloH SRR Ay R gl 1
step 5 %H@yméfcqoawgﬁr@rt%ammﬁmréadw linfed by edvaisd! BVIE Nvges terms rmkgéelre t he
di st ancerfor eagheme 6t 1Of leﬁ?htplctﬁelhé/ %%Etpla@'?& exIﬂSle%tiQég Bh&og%?l cfeggﬂd used 'n

or

step 6 to deC| mhether eptide is lik to ' be bio

49- di e r‘*arn%ﬁp o S705PESHS GPRY 87liFtgett 6 amieo w%aora/@arﬁf@fﬁray@eemedem. fied
t hr oughseghendee ichiaeistiag ot hes pmemedridsi nvention are listed in figure 3. 35 13
wer g, us rimary structures to n etldellbrarles The human
secﬁ)et olrﬁr%élgﬁo'fﬁ%esﬁﬁii & Y ﬁ’fd me%"fgﬂ%c@frﬁgcﬁrﬁ’"ﬁ Hes: PIQNOYTA MinoRGdSs ponds t o
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translated into protein. So protein structure is genetically determined.

The naxt level of protein structure generally refers to the amount of structural regularity or

shape that the polypeptide chain adopts. A natural palypeptide chain will spontanaously fold

into a regular and defined shape. Two main types of secondary structure have been found in

35  proteins namely a-helix, and b-pleated sheet.
The tertiary structure of a polypeptide chain is the next level of conformation or shaps
adopted by the alpha-helices or beta-pleated sheets of the chain. Most proteins tend to fold



The pol ypeptides of the present invention have hornonal activity.
Therefore, the pol ypeptides of the invention are useful as drugs, for
exanpl e therapeutic pol ypeptides, ligands to discover relevant targets
(e.g. GPCRs), targets for drug intervention (e.g. targets for nonocl onal
anti bodi es, receptor fragnents), bionarkers to nonitor diseases (in
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was used to %e IBotentl al si gnal uences and det’er m ne
pot ent i $Fha St @P@%Sthqaiﬁd@af%’é@lt risffeghaing. of f score of 0.98.
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et hod THEBFB0 A PaBE S Bl oA S eies (el kiina o gl
pepdl desaenrirs, gratihe, peptyilaming, ediiddriran abasestohanaaeo@pi nat i on of several
arti fi Girzhagedictl=Qei O L S AR, Biugaqﬁﬂe,wgtéz%g, s%%ggltﬁréonin, and tyrosine.
Phenylalanine, tyrosine and tryptophan are also jointly classified as aromatic amino acids.
One or more replacements within any particutar group such as, for example, the substitution
of lsucine for isoleucine or valine are alternatively, the substitution of aspartate for giutamate
25 orthreonin for sering, or of any other amino acid residue with a structuraliy-related amino
acid residue will generally have an insignificant effect on the function of the resulting
polypepiide.

Included in the scope of the definition of the term "polypeptide” is 2 peptide whose biological

30 activity is predictable as a result of its amino acid sequence corresponding o a functional
domain. Also encompassed by the term "polypeptide” is a peptide whose hiological activity
could not have been predicted by the analysis of its amino acid sequence.

- In the present invention, a support vector machine algorithm (SYM) is used to distinguish
35  between polypeptides that have an activity in vivo and polypeptides that do not have an
activity in vive.



1.2 ProP version 1.0 (Duckert et al., 2004) 5Cbjective: This program was
used to detect potential cleavage sites in protein sequences. The cut off
score used was set to 0.11. This program predicts arginine and |ysine
propeptide cl eavage sites in eukaryoti c protein sequences using an
ensenbl e of neural networks. Furinspecific prediction is the default. It
is al sq, possi m.a general proprotein convertase (PQC)

pr edi ct Rportiector Machine 2V site predi ction and prediction of protease
cl eavage sites (Rohrer, 2004) bjective: The program Ham d predicts
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Support Vector a an 1 ntegr

sof t waraset gf cosgppsoeng wattinhersc T sdsicsicodypenplane G SvChamctsveal by akegelessi on
(epsil apsgy¥R nu-SVR) and distribution estimation (one-class SYM). 20 The
foll owi ng SVM specifications were used: SVMtype: nu-SVC, Kernel type:

radi al basis function. 1,5. PsiPred version 2.45 (Jones, 1999) Met hod
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For the supervised | earning process, known bioactive pol ypeptide precusors
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In the present invention, a support vector machine algorithm (SVM) is used fo distinguish
25  between polypeptides that have an activily in vivo and polypeptides that do not have an
activity in vivo.

From a practical point of view, a SVM is implemented by means of a computational device
such as a personal computer in the present invention.

30  The computational device includes one or more processors that execuie a succession of
different softwares, as described in the exemplification section {1.1.), containing instruciions
for implementing a method according {o the present invention.

Training of SYM and mods! generation.

35



In the present invention, the follow ng descriptors were chosen: |
D mension 1-7 represent the | i kel i hood of a pol ypeptide to be produced in
the human body 20and was cal cul ated by a conbination of different protease
cl eavage site prediction tools. The fesults of these tools represent in
the first 7 dinmensions of the vector. Dinension 1. N-termnal ProP score;
Dinmension 2 : N-termnal Hrcut score ; 25D nension- 3: N-term nal fragnent
(fixed VAR Qiraip the)S\yl medst weptars witle4d dinansions PecRy eemta ysirigitensi on 5
Cterm mbraHniﬁLﬂne&%QdEr%ed irhERRSePbrbation Sadif) {‘»"ﬁ 3{518%&_@5”39‘ a3EA Shay swrohTensi on
7 Gt nal fragment (fixed value of 0.2 ySi CO-C

propertlgs of the polypeptides were calculated and represent the foll ow ng
42 d| rren5| ons of the vector. Dinension 8: Percentage of acidic am no acids

. Percentage of positively charged
am no aci (5!? %\Qﬂ%ﬁ% n}%gstf 5@?@7&8&3‘? Pd W?&‘-‘F%‘?\pﬁ@’de%ﬁ%%?%@@@éfmﬁ*r&wat ic
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i de Di mension
D B A g s BB R Y B (B e A o cnt age
of FherfAms ‘%‘%Wﬂ aepfide hﬁﬁ!‘?ﬂﬁe‘ﬁ?@ﬁ@fﬁﬁh@émﬁm aﬁergn%mamafgaee afed@syci ne per
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D mensi on euci ne per sion 21:
Per cent%ﬂgg%efe Ba?éﬂgﬁ‘é” B*@F‘Ctb’ﬁlp%téjﬁﬁ wgEe Bpﬁ*é‘#@%i oh 22: Percentage of
G ut am Jiwilgr bipadtypepd hatebioactive peptides with a length between 56 and 300 amino

acids were used to train a second model to predict longer polypeptides. In order not to over-
15 represent negative examples, the final SVYM training sets for short (4-55 amino acids) and
long (56-300 amino acids) respectively were adjusted to an equal number of positive and

negative training data by randomly selecting the same number of negatives from all negative
pepfides.

20 To transform the information hidden in the bioactive and non bioactive peptides, a et of 40
descriptors was defined and used for fraining of 2 SVM. The performance of a SYM model
strongly depends on the quality of the choéen descriptors used to describe the peptides.
in the present invention, the first 7 descriptors reflect the likelihood of a polypeptide to be |

| produced by the human body. These 7 dimensions were calculated by employing a set of

25  protease prediction site tools to the peptide hormone precursor sequence (Fig1). The
resuiting scores of each program output were directly used as descriptors. The remaining 42
dimensions reflect important physico-chemical properties of each generated fragment (i.e. a
bioactive or a non bioactive pepfide). The 49 descriptors used in the present invention are
listed in the point 3 of the exemplification section.

30
To each peptide corresponds a unique combination of 49 descriptors. The different peptides
can be represented as points in a muliidimensional space where each dimension
corresponds to one of the descriptors. The SVM seeks 1o find 2 boundary that best
separates the two sets of points corresponding to the bioactive and the non bioactive

35  peptides. This boundary is calied the optimal hyperplane that best separates the two classes
of objects in an n-dimensional space, namely the veciors corresponding to the bioactive
peptides and the non bicactive peptides, respectively.



I mensi on 23: Percentage of Arginine per polypeptide D nension 24: _
I:P)le;nc:::ent age of Serine pgr pol ypepti de Di nension 25: Percentage of Threonine
per polypeptide 15Di nension 26: Percentage of non-canonical amino acid
(undefined) per polypeptide (Please rat that this di mension does not
contain any value other than 0 as input) D nension 27: Percentage of
- Valine per polypeptide Dinmension 28: Percentage of Tryptophane per
pol ypepti de Di nension 29: Percentage of Tyrosine per polypeptide -

. 20D menshoresdifing SyRtddar léémt*@%ﬁffggi%%t\'@éﬁ%io%&i\%d%ggﬁﬂtb?c{acﬁ\%t;ileﬁag Q5 1

| z on 31. Percentage of coi secondar ructure
B(rar 0,polr 3@%@% Iﬁé’gﬂ){ g?’g\%fh'g% ba'@@ﬁé@%@a@@ﬁgfmmp Pasgd endbe ratking okam uct ur e
per pol ypepndee (&3t sEis bioactdd anPebe 8BL&FE pehtidea NHOBLISRS RIREAEL WSt ruct ure per

| ypept,] ] ' 34, . Scare for structure around N-terninal cleavage
Ot B e S herilo AP0 i insf e b B Terol fPaFher asplie o ¢ o
Di nensi @rb3B@nintanitis mandfonbed pataleptidesqBE-3pEAMPO layiBE e ehddcRERSh&Mved/ -
| soel ectric point of polypeptide D nension 38: Average nol ecul ar wei ght of
pol ypepti de Di nension 39: Sum of Van-der-Wals forces of each amino acid

ganifisation ofibioadiive peptidesn 40: Sum of hydr ophobicity val ues of each

amno acid w thin polypeptide D mension 41 -48: Mean val ues cal cul at ed
based o rinciple conponent score vectors of hyd(ophobch steric, and
el ectr fiteg UBnESelireitihe rappe FYSbIPer i s toddendly. b0 pdpitidestot whicid9:
Lengt h red bipadtiyiperpidivden charact¥@gever applicable, the values for dinension
1-49 were scaled to be in the range between 350 and 1. The input vectors
for training and prediction contain 49 di nensions, however in the current

for mat Asthemiic avarview of hz ecktisoddiecisledRNBE aiveRfor i§ gH8H intry. 7 &3 Gl el |
fragments,(iRGizam B&H5ia® Tibra)‘]y8generation. As Input vaiue a protein sequence provided from
15 a publicly available human protein database, such as Swissprot, is used. Instep 1, all
potential protease cleavage sites are predicted using a set of tools to predict these avents.
The respective cleavage site positions are saved for each precurser sequence. In addition,

the secondary structure is deduced for the entire protein precursor sequence. Based on the
predicted cleavage sites within the precursor sequence, all potential fragments are |
20 generated (step 2) and are used as input for step 3.
Step 3 comprises the calculation of physico-chemical properties of each peptide fragment
(list in point 3 of the exemplification section). In general, information on the aminoc acid
frequency within each fragment, the secondary structure of each fragment, the isoelectric
point of each fragment, average molecular mass of each fragment, hydrophobicity of each
25 fragment, the sum of all van-der-Waals forces for each amino acid within the fragment, the
sum of all commonly used amino acid descriptors {i.e. VHSE value for each amino acid
based on Mei et ai., 2005) for each amino acid within the fragment and the fragment length
are taken into account to transform the biclogical information into numerical values.
Calculated values from step 1 and 3 are transformed in steps 4a and 4b to give scaled
30 values between 0 and 1, respectively, to generate a 49 dimensional vector for each fragment.
In step & the vectors are presented to the trained SVM moda! to measure the distance of
each vector to the hyperplane. The SVM output is then used in step 6 to decide whether the
peptide is likely to be bicactive or not. 49-dimensional vectors corresponding to {he bicactive
peptides identified through the method of the present invention are listed in figure 3.
35
in order ic sighiﬁcantiy reduce the potential number of structures in a peptide library, in the

present invention only naturally occurring protein sequences found in the human secratome



non- cannoni cal am no acids per fragnent). This is due to the | ack of
appropriate training data containing non-cannon cal am no acids, but can
be included in future nodels. 5 4. Testing of the nodels The best nodel is
chosen whi ch has the highest performhce based on the ranking of an

i ndependent test set of bioactive and non bioactive peptides. To test the
nodel s, the E@rfornance of all generated nodels was tested and the two

best .noYEPISEHRS BHBRY SHEHiTEs Ex0ere[e Beptigeriibraries: Toe humearissarigee is the
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| onger %eecfﬁ Y f&€%achi eved. ~ Usi ng an i ndependent test set the disclosed
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precursor. 256. Antimcrobial assays to tes broactivity of the
peplt des identified through the nmethod of the present invention 6.1. Assay

t echnol Bgsed@R0® the REQITGAGAH df PGBVl SRbhcHve %F%@ttﬁe@gmg%%w get hod for
vi abl e bacterial or yeast cells in culture. It
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relies BRSFHEVEHEE FHTICOL'YaREAYS e PR ™Rd {ndagthabiadtivibbeidha latterul t ur e.
Tur bi di geptiden Theserasss/s mesdldetaiidd ig pbinbb sand areaepinddtbn ae@ibat oneter and is
correlated wth the nunber of cells in the sanple. 19 Bacterial and yeast
strains The strains used in the course of the experinments are Escherichia
col’® ( EhequpseaTionrisoeher Siatghy aqeptdauibray ceunsris(i§ bicamieusephdE&C 29213) and
Candi d i i -cultivatiaon of all test
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Streak donrb@chetid Fepdid MrhRf M frastit AlorRiolRR! &y ih‘h%:}rgﬁ. (M) -agar plate

by using an inoculation |oop, and incubate the agar ate for 3 days at 37
C. For yeast use the sane procedure but with Sabouraud dextrose (SD)-agar.
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|20, BB kIS B0 s ect SRRl il 1P "
Usually, peptide libraries are synthesized on solid phase, mostly or resin, which can be
. made as flat surface or beads. A peptide fibrary provides a powerful toof for drug design,
protein-protein interactions, and other biochemical as well as pharmaceutical applicaﬁons.
25  The peptide library of the present invention can be used in a screening approach to
interrogate intracellular signalling pathways, to créate reagents to further the understanding
of a pathway, 1o create novel forms of therapies and to identify pharmaceutically active

compounds, targets for drug intervention, iigands to discover relevant targets or biomarkers
to monitor diseases.

30
The polypeptides of the present invention have hormonal activity. Therefore, the
polypeptides of the invention are useful as drugs, for exampie therapeutic polypeptides,
figands to discover relevant targets {e.g. GPCRs), targets for drug intervention {e.g. targels
for monoclonal antibodies, receptor fragmenits), biomarkers to monitor diseases (in

35  combination with tool antibodies to detect peptide fragments in body fluids), protein kinase
inhibitors and subsfrates, T-cell epitopes, peptide mimotopes of receptor binding sites, etc.



3. Renpve the hypertonic cryo-preservative solution fromthe Cryobank
(CRYO G plastic vials, each containing 25 green gl ass beads, by using a
sterile pipette. 204. Fill each vial with 2 ml of the bacterial/yeast
suspension, close the vial, and m x g¢arefully, 5. Renove as nuch of the
bacterial /yeast culture supernatant fromthe vial as possible. The surface

- of the beads is now covered with bacteria/yeast. The anount of Iiquid
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atel 30streak the bead over the surface
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Preparation of test culture using MH broth 20 The test strain vial is
renoved formthe Cryobank. One bead is renoved with a sterile pipette and
inoculated in a 100 M Erlennmeyer with 30 Ml MH and SD broth for bacteria
and yeaskgnvpegRectibgel y- Gow the culture for 18 h at 37C and 180 rpm The
optl cal density is adjusted with MH broth to a cell density correspondi ng
to 408 cells/nl for all test strains. The 5standard i nocul umculture for

the assmy inforibh Ho@Geiks 400rIQ éfe@&bfeh 9| o ABERANIF LGS %tg&j h00refdnth 1

(colony, f rm@% uni ts/ni tions ounds are dil ut ed
seriall ? lgwi eemeyRs, é"fhé%isafe fckided meradt ion By PesasHf ﬁEP%Taﬂ@fé)ﬁfd@ﬁﬁmatl on 100f

125 pM dspeaisfantambefiness bf &k ipbebenl infsrtidn BM arEhRt infinbibdlo IAYER: GRBARAL rati on
is 1,4 %in all sanples and controls. Standard Antibiotic D lutions for

Dose Response Curves For dose response experinments dilute the conpounds
serifally (16 dilution steps) with MH 15broth. Final conpound

concentq ati %595%935#3 »@ﬁf}rgﬁ‘%%?“g and 0.002 pg/m . The initial DWVSO
i a

concentration IS es and control s.

1.1, Databases

20 The following publicly available sequence databases were used to extract potentially
secreted human proteins which were used as precursor sequences to find novel bio-active
peptides: '

Human genome (NCBI 33 assembly, 1st of July 2003} translated into protein, subset:
International Protein Index, Swissprot (Release 50.3 of 11-July-2006) and TrEMBL
25  (Releases: August 2003 ~ March 2006);

For fraining of S8VM based algorithms, information on known bicactive peplides was
extracted from Swissprot.

30
1.2, Computer programs

1.1 Signal P version 2.0 (Nielsen et al., 19587)

Objective: This program was used to detect potential signal sequences and determine the
35  potential human secretome. 1t was used with a cut off score of 0.98. Signal P version 2.0

predicts the presence and location of signal peptide cleavage sites in amino acid sequences

from different organisms: The method incorporates a prediction of cleavage sites and a



Supplier Cat No Function Mieller Hnton (MH) broth Becton Dickinson 275730
Cul ture medi um Sabouraud dextrose (SD) broth Becton Di ckinson 238230

Cul ture medi um DVMSO Merck 102 931 Sol vent Nystatin Cyprobay 100 Cal bi ochem
Bayer 475914 Antibiotics Geiner, 3845G einer 781182 Assay Pl ates

SPECTRAFI uor Pl us
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35

signal peptide/non-signal peptide prediction based on a combination of several arfificial
neural networks and hidden Markov models.

1.2 ProP version 1.0 {Duckert et al., 2004)

Objective: This program was used to detect potential cleavage sites in protein sequences.
The cut off score used was set {0 0.11. This program predicis arginine and lysine propeptide
cleavage sites in eukaryotic protein sequences using an ensembie of neural networks. Furin-
specific prediction is the default. It is also possible to perform a general proprotein
convertase (PC) prediction.

1.3. Amidation site prediction and prediction of protease cleavage sites (Rohrer, 2004)
Objective: The program Hamid predicts amidation sites in protein sequences. The program
Hmeut predicts protease cleavage sites in protein sequences that take place before a basic
amino acid residue (Lys, Arg). Both programs are basad on Hidden Markov Models and
utilize the software version Hmmer 2.3.2 (Durbin st al. 1998).

1.4 Support Vector Machine (Chang and Lin, 2001)

LIBSVM is an integrated software for support vector classification, (C-SVC, nu-8SVvC ),
regression (epsilon-SVR, nu-SVR) and distribution estimation (one-class SVM L.

The following SVM specifications were used: SVM_type: nu-SVC: Kernel_type: radial basis
function.

1.5. PsiPred version 2.45 {Jones, 1999)
Method for protein secondary structure prediction. The method was used as described in
Jones, 1800,

1.6. Calculation of isoelectric points
Objective: Caluclation of isoelectric points of polypeptides. This was done according fo
Gasteiger ef al. 2005.

1.7. Perl - Practical exiraction and report language

Objective: Perl is a dynamic programming language created by Larry Wall and first released
in 1987.

2. Training of SV



Tecan - Reader Absorbance Assay Protocol Pre-culture the bacteria
in 30 M MH broth at 37C for 18 h (100 m Erl enneyer flask) 20*Pre-cul ture
the yeast in 30 m SD broth at 37C for 18 h (100 m Erl enneyer fl ask)

Adj ust the cell suspension with MH bgeth to 106 CFU/m (test culture)
Assay : Add 10 pl conpound in DVSO and 30 pl MH broth to the first vial

- 21 Transfer 20 pl fromthe first vial in the second that contains 20 pl
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Q/plrooflfﬁﬁ%ﬁ’sl n expected to be active against E. coil and S. aureus and
Nystatin against C. al bicans. The cal culated 1 C50 val ues for these
antibiotics are

3. Molecuiar descriptors used to buiid the vectors

15 The performance of a SVM model strongly depends on the quality of the chosen descripiors
used to describe the peptides.

In the present invention, the following descriptors were chosen:

Dimension 1-7 represent the likefthood of a polypeptide to be produced in the human body
20 and was calculated by a combination of different protease cleavage site predicfion tools. The
results of these {ools repraesent in the first 7 dimensions of the vector,

Dimension 1: N-terminal ProP score;

Dimension 2 : N-{erminal Hmcut score ;
25 Dimension 3 : N-terminal fragment {fixed value of 0.2)

Dimension 4 : C-terminal ProP score ;

Dimension 5 : C-terminal Hmeut score ;

Dimension 6 : C-terminal Hamid score ;

Dimension 7 : Cterminal fragment {fixed value of 0.2)
30

Physico-chemical properties of the pbiypeptides were caiculated and represant the following
42 dimensions of the vector.

Dimension 8: Percentage of acidic amino acids {E, N, Q) per polypeptide

35 Dimension 9: Percentage of positively charged amino acids (R, H) per polypeptide
Dimension 10: Percentage of aromatic amino acids (F, Y, W) per polypeptide
Dimension 11: Percentage.of aliphatic amino acids (G, V, A, 1) per polypeplide
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given in figure 4 in pg/m. 256.4. Assay results The peptides were tested
agai nst the test strains E. coil (ATCC 25922), S. aureus (ATCC 29213) and
C. albicans (FH 2173). The peptides A003500589 and A003500548 showed | C50
~values of 7,25 pg/m and 6,79 pg/m, irespectively, against E. colt No
activities were 30 found against S. aureus and C. al bicans. 22 REFERENCES
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Dimension 27:
Dimension 28;
Dimension 29:
Dimension 30:
Dimension 31:
Dimension 32:
Dimension 33:
-Dimension 34:
Dimension 35:
Dimension 36:
Dimension 37:
Dimension 38:
Dimension 39:
Dimension 40:

Percentage of Valine per polypeptide

Percentage of Tryptophane per polypeptide _

Percentage of Tyrosine per polypeptide

Cysteine content (zero, even or odd number set 10 0.5, 1 or 0, respectively
Percentage of coiled secondary structure per polypeptide
Peréen’iage of helical secondary structure per polypeptide
Percentage of random secondary structure per polypeptide

Score for structure around N-terminal cleavage site

Score for structure around C-terminal cleavage site

Number of helical biocks per polypeptide

Isoelectric point of polypeptide

Average molecular weight of polypeptide

Sum of Van-der-Waals forces of each amino acid within polypeptide
Sum of hydrophobicity values of each amino acid within polypeptide

Dimension 41 — 48: Mean values calculated based on principle component score vectors of

hydrophobic, steric, and electronic properties per polypeptide (Mei et al. 2005}

Dimansion 49;

Length of polypeplide

Wherever applicable, the values for dimension 1-49 wers scaled o ba in the range betwesn

Jand 1.

The input vectors for training and prediction contain 49 dimensions, howeaver in the current

format only 48 are utilized since dimension 26 is set to zero for all fragments {percentage of



23 John Shawe Taylor & Nello Cristianini; "Support Vector Machines and

ot her kernel - based | earni ng net hods"; Canbridge University Press, 2000 S
DESCRI PTI ON OF THE FI GURES Fi gure 1: A schematic overview of the

met hod di sclosed in the invention islgiven in Fig 1 to explain the 10steps
involved in peptide library generation. Figure 2: Figure 2 shows the am no

aci d seqﬁﬁnces of the 185 bioactive Ee pti des sel ected based on shared
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. of the df&cpeghingasn-bapBhichl SindEciR, B8Cah\R iudes fhAb MRHuSYM al gori thm
20Fi gure 4: Figure 4 shows the calculated | C50 val ues for antibiotics in

pg/m. 74 CLAIMS 1.in a conputer-based system a nethod for identifying
bi oacti ve pepti des derived from protein precurser sequences using a binary

support, vect f% based al gorithm said nmethod conprising the
ste%{s) a) %rsg ?E{é‘%gm algorithmto learn to distinguish between

bioactive and non bioactive peptides, said training conprising the steps

of: 10 ﬂ&b&?ﬂ@ﬁ§§§ J?igs%(rﬁ\% ﬁaé’\fh%elﬁ rgﬁ%st eﬁg%&ggg §3§ eacmfn%Fa ;rr{élg? 3, resulting

fromthe calculation o cr
| abel | dB9%ASB9FM Ersbeai of eagivpandpen biemtlvede;btmmTprteamfnesmodeﬂeqmences and

| abel | f
wher ¢ ?@bg@f‘ﬁi“e&fe?@ Aranedd *e”g‘*gi?“*a%%%dﬁ'é%@ﬁ’ i A

bi odct i YPSATRAFE) 8a¢ onger Polyppriides ia6- 300 amigo epgs \iere Glftosea,trasr@@msat ed in
step alds4 msbth%nSVéﬂaba&@d:tlaﬂt g@furgcprasr o) ?"’/ﬂfo@'s&?f bl Rkdrighghe

cor oo PSRRI R ORI I 2k dhe ot stssPro@pept | des.

20r espedtiitiied grpund 93 % of bio-active peptides and around 91 % of the non-active peptides.

15
5. Identificafion of bivactive peptides

During the ranking step (Step 6, figure 1), the highest scoring peptides per precursor are
chosen that have a length shorter than 46 amino acids. in this ranking process, all fragments

20 that have after SVM classification a distance greater than 10,65} and are localized with the
negative fraining data set (i.e. a score of -0,85 or lower) are readlly discarded even if they
represent the highest scoring peptides per protein precursor.

25 8. Antimicrobial assays to test the bioactivity of the peptides identified through
the method of the present invention

6.1. Assay technoiogy

30 The micro ditution test represents a homogenous method for determining the number of
viable bacterial or veast cells in culture. It relies on the fact that living bacteria or yeast are
turbid in culture. Turbidity can be measured as light absorbance with a photomeier and is
correlated with the number of cells in the sample.

35  6.2.  Materials and methods



b) providing protein precursor sequences froma publicly available human
protein database; 75c) predicting secondary structure and cl eavage sites
within a protein precursor sequence provided in step b) using

conput ational methods; a set of 7 noltecul ar descriptors is cal cul ated
based on said prediction step resulting in the generation of peptide

- fragnents; 30d). cal CLtJ| ating a set of 42 nol ecul ar descriptors
corres 1252 BESsi co- chemical properties of the peptide fragnents
~generated in step c); e) transform ng the cal cul ated val ues fromstep c)

into scale I . hetween O.and 1 .to generate di.nensions 1 to 7 of a
46 i e e DB P e PR A B Bt B b Rr G Eat AT 29%8he
cal cul abletihwedoses duram(Stapewh) ATGE POXSaket CoadidiegbibaisweesbBammH 1 to
genegatg.]g?.rrensi ons 8 to 49 of said vector for each peptide fragnent;

f) presenting the vectors generated in the step e) to the trained SVM
algorithmfromstep a) to neasure the distance of each vector to the
hyper pl aRe.GrbimlAbeRsd dhafifs€P a2); and cl assifying each peptide fragment
as bioactive peptirde or non bioactive peptide, according to the distance
nmeasured in step f), wherein dinensions 1 to 7 generated in step e) are
t he f ol Trdurgatidal orerRsdt@m startdNwitEsUrliRg up BrePRsReR et cdrl RSk 94} n%iltg%' term nal
Hrre,ut SCOr &4 Dl‘wgfsnmﬁp 3: Ntermnal fragnent; D nension 4. Cterm nal
ProP scOP&Y e BinEmEs B 6 C- t ermi nal Hntut score; Dinension 6: Cterninal
Ham d score; Dinmension 7: Ctermnal fragnment. 2. A nethod according to
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30 streak the bead over the surface of a MH/SBD agar plate. Incubate the plate for 3

days at 37 °C. Verily that only the test strain has grown by examining the colony
morphology.

Preparation of test culture using MH broth




pol ypepti de; Dinension 40: Sum of hydrophobicity val ues of each am no acid
w thin pol ypeptide; D nension 41 -48: Mean values cal cul ated based on
princi pl e conponent score vectors of hydrophobic, steric, and el ectronic
properties per polypeptide; Dinension49: Length of polypeptide. 3. A
met hod according to claim1 or 2, wherein protein sequences fromstep b)
are only 5naturally occurring proteln sequences found in the human
secr et oh€ tesiptrain vigdsfigiaovwddemiing -ryabagk yOBe beddis renaved witB a sirée ei n sai d
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37, 38. CBY9/midjong Iormihd units/ml).

Peptide Dilutions

The compounds are diluted serially (10 dilution steps) from the standard initial concentration
10 of 125 uM to a final concentration of 0,24 uM. The initial DMSO concentration is 1,4 % in all
samples and conirols.

Standard Antibiotic Dilutions for Dose Response Curves

For dose response experiments dilute the compounds serially {16 dilution steps) with MH
15  broth. Final compound concentrations range between 64 pg/mi and 0.002 pg/ml. The initial
DMSQO conceniration is 1,4 % in all samples and controls.

Supplier Caf No | Function
Muelier Hinton (MH) broth | Becton Dickinson | 275730 | Culture medium
Sabouraud dextrose (SD} | Becton Dickinson | 238230 | Culture medium
broth
DMSO Merck 102 931 | Solvent
Nystatin Calbiochem 475914 | Antibiotics
Cyprobay 100 Bayer
Greiner, 384 Greiner 781182 | Assay Plates
SPECTRAFluor Plus Tecan - Reader Absorbance

Assay Protocol

i Pre-culture the bacteria in 30 ml MH broth at 37°C for 18 h (100 mi Erienmeyer flask)
20 = Pre-culture the yeast in 30 mi SD broth at 37°C for 18 h (100 m! Erlenmeyer flask)
# Adjust the cel! suspension with MH broth to 10° CFU/mI (test cu‘l’iure)
Assay :

% Add 10 i compound in DMSO and 30 pi MH broth to the first vial



43, 44, 45, 46, 47, 48, 49, 50, 51, 52, 53, 54, 55, 56, 57, 58, 59, 60,
61, 62, 63, 64, 65, 66, 67,

21
* Transfer 20 ui from the first vial in the second that contains 20 it MH broth
® The last step is repeated 8 times {peplides, 10 dilution steps) or 14 times (antibiotics,
16 dilution sieps)
® Add 10 ! test culture suspension to each vial (10 vials for the peplides and 16 viais
5 for the antibiotics)
=  start cell inoculum ; 5x 10° CFU
= start DMSO concentration : 12,5 %
= startfinal compound conceniration 125 uM - 0,24 um
= start/final antibiotic concentration 64 pg/ml - 0,002 ug/mi
10 = Incubate at 37°C for 18 h by 5% relative humidity and 5% CO,
* Read absorbance at 590 nm with 5 flashes
Controls :
* High controls : MH broth with bacteria (growth control, high signal)
15 = Low controis : MHM broth without bacteria (sterile control, low signal)
6.3. Sensitivity testing with anitibiotics

tn order to evaluate the suitability of the assay for the idenfification of potential drugs, the

20 dose dependent effects of a number of antibiotics were tested using the conditions describad
under ‘Materials and Methods’. Cyprofioxacin expected'to be active against E. coff and S.
aureus and Nystatin against C. albicans. The calculated 1C50 values for these antibiotics are
given in figure 4 in ug/mi.

25 6.4, Assay resulis

The peptides were tested against the test strains E. colf (ATCC 25922), S. aureus (ATCC

29213) and C. albicans (FH 2173). The peptides AD03500589 and A003500548 showad

IC50 values of 7,25 pg/m! and 6,79 ug/mi, respectivaly, against £. coli. No activities were
30 found against S. aureus and C. albicans.
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DESCRIPTION OF THE FIGURES

Figure 1:
A schematic overview of the method disclosed in the invention is given in Fig 1 to explain the
10 steps involved in peptide library generation.

Figure 2:
Figure 2 shows the amino acid sequences of the 185 bicactive peptides selected based on
shared physico-chemical properties.

15
Figure 3:
Figure 3 shows the input vectors of the 185 peptides identified as bioactive by the trained
SVM algorithm.

20 Figure 4;

Figure 4 shows the calculated 1C50 values for antibiotics in ug/ml.
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CLAIMS

1. in a computer-based system, a method for identifying bioactive peptides derived from
protein precursor sequences using a binary suppaort vector machine {SVM) based algorithm,

said method comprising the steps of:

a) training a SVM algorithm to learn to distinguish between bicactive and non

bioactive peptides, said training comprising the steps of:

a4} generating vectors with 49 dimensions, each dimension resulfing from the
calculation of a molecutar descriptor vaiue, for a set of labelled known
biocactive peptides derived from Precursor sequences and iabelled known non
bicactive peptides derived from precursor sequences, where the {abels

indicate whether the peptide is, respectively, bioactive or non bicactive:

ap) transferring the vector data generated in step a4) to the SVM based algorithm,
said algorithm calcuiating the optimal nyperplane that separates the vectors
corresponding to the bicactive peptides and the non bicactive peptides,

respectively;

b) providing protein precursor sequences from a publicly available human protein

database;

c) predicting secondary structure and Cleavage sites within a proiein precursor
sequence provided in step b) using computational methods; a set of 7 moiecuiar
descriptors is calculated based on said prediction step resulting in the generation

of peptide fragments;

d) caiculating a set of 42 molecular descriptors corresponding to the physico-

chemical properties of the pepiide fragments generated in step c);

e} transforming the calculated vatues from step c) into scaled values between 0 and
1 to generate dimensions 1to 7 of a 48-dimensian-vector for each peptide
fragment and transforming the calculated values from step d) into scaled values
between 0 and 1 to generate dimensions & to 48 of said vector for sach peplide

fragment;
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f) presenting the vectors generated in the step e} to the trained SVM algorithm from
step a) to measure the distance of each vector to the hyperplane calcuiated in
step ay); and

g} classifying each peptide fragment as biocactive peptide or non bicactive peptide,
according to the distance measured in step f),
wherein dimensions 1 to 7 generated in step e} are the following: Dimension 1 N-
terminal ProP score; Dimension 2: N-terminal Hmcut score; Dimension 3 N-
terminal fragment; Dimension 4: C-terminal ProP score; Dimension 5: C-terminal
Hmcut score; Dimension §: C-ierminal Hamid score; Dimension 7: C-terminal
fragment.

2. A method according to claim 1, whersin dimensions 8 to 49 generated in step ) are
the following: Dimension 8: Percentage of acidic amino acids {E, N, Q) per polypepiide:
Dimension 9: Percentage of positivaly charged amino acids (R, H) per polypeptide;
Dimension 10: Percentage of aromatic amino acids (F, Y, W) per polypaptide: Dimension 1%-
Percentage of aliphatic amino acids (G, V, A, 1) per polypeptide: Dimension 12 Percernitage
of Proline per polypeptide; Dimension 13- Percentage of reactive amino acids {S, T) per
polypeptide; Dimension 14: Percentage of Alanine per polypeptide; Dimension 15
Percentage of Cysteine per polypeptide; Dimension 16: Percentage of Glutamic acid per
polypeptide; Dimension 17: Percentage of Phenyialanine per polypeptide; Dimension 18:
Percentage of Glycine per polypepiide; Dimension 19: Percentage of Histidine per
polypeptide; Dimension 20: Percentage of isoleucine per polypeptide; Dimension 21:
Percentage of Asparagine per polypeptide; Dimension 22: Percentage of Giutamine per
polypeptide; Dimension 23: Percentage of Arginine per polypeptide: Dimension 24
Percentage of Serine per polypeptide: Dimension 25: Percentage of Threonine per
poiypeptide; Dimension 26: Percentage of non-canonical amino acid per polypeptide;
Dimension 27; Percentage of Valine per polypeptide; Dimension 28§: Percentage of
Tryptophane per polypeptide: Dimension 29 Percentage of Tyrosine per polypaptide:
Dimension 30: Cysteine content: Dimansion 31 Percentage of coiled secondary struciure
per polypeptide; Dimension 32: Percentage of helical secondary structure per poiypeptids;
Dimension 33: Percentage of random secondary structure per polypeptide: Dimension 34
Score for structure around N-terminal cleavage site; Dimension 35: Score for structure
around C-terminal cleavage site; Dimension 36: Number of heiical biocks per polypeptide:
Dimension 37: isoelectric point of polypeptide; Dimension 38 Average molecuiar weight of
polypeptide; Dimension 39: Sum of Van-der-Waals forces of each amino acid within
poiypeptide; Dimension 40: Sum of hydrophobicity values of each amino acid within
polypeptide; Dimansion 41 — 48: Mean

170,



182, 183, 184, 185. 6. A nethod according to claim5, wherein the

bi oacfive peptide is present in a peptide library. 25 30 7. A

conput ati onal device configured to igentify bioactive peptides derived
fromprotein precursor sequences by using a binary support vector machine
(SVM based nethod, said nethod conprising the steps of: a) training a SVM
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precursor sequences froma publicly avail able human protein 20dat abase;

10
5. A method according to any of ciaims 1 to 4, wherein the bicactive peptide, classified in
step g), has a sequence selected from the group consisting of the amino acid sequences of
SEQIDNOS: 1,2, 3,4,5,6,7,8,9,10, 11, 12, 13, 14, 15, 16, 17, 18, 19, 20, 21, 22, 23, 24,
25,26, 27, 28, 29, 30, 31, 32, 33, 34, 35, 36, 37, 38. 39, 40, 41, 42, 43, 44, 45, 46, 47, 48

15 48, 50, 51, 52, 53, 54, 35, 56, 57, 58, 59, 60, 61, 62, 63, 64, 65, 66, 67, 68, 89, 70, 71, 72,
73,74,75,76,77,78, 79, 80, 81, 82, 83, 84, 85, 86, 87, 88, 89, 90, 91, 92, 93, 94, 95, 96,
g7, 98, 99, 100, 101, 102, 103, 104, 105, 108, 107, 108, 108, 110, 111, 112, 113, 114, 115,
116, 117, 118, 119, 120, 121, 122, 123, 124, 125, 126, 127, 128, 129, 130, 131, 132, 133,
134, 135, 136, 137, 138. 139, 140, 141, 142, 143, 144, 145, 146, 147, 148, 149, 150, 151,

20 152, 153, 154, 155, 158, 157, 158, 159, 160, 161, 162, 163, 164, 165, 166, 167, 168, 169
170, 171,172, 173, 174, 175, 176, 177, 178, 179, 180, 181, 182, 183, 184, 185.

8. A method according fo claim &, wherein the bioactive peptide is present in a peptide

library.
23
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c) predicting secondary structure and cl eavage sites within a protein
precursor sequence provided in step b) using conputational nethods; a set
of 7 nol ecul ar desckhi-ptors is cal cul ated based on said
prediction step resulting in the genération 250f peptide fragnments; d)
calculating a set of 42 nol ecul ar descriptors corresponding to the

physi ¢o hS@hti 1 of the. peptide fragments generated in step c);
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¢) predicting secondary structure and cleavage sites within a protein precursor
sequence provided in step b) using computational methods; & set of 7 molscutar
descriptors is calculated based on said prediction step resulting in the generation

25 of peptide fragments:
d} calculating a set of 42 moiecutar descriptors corresponding to the physico-
chemical properties of the peptide fragments generated in step ¢);
30 e} transforming the calculated values from step ¢} into scaled values between 0 and

L

1 1o generate dimensions 1to 7 of a 4S-dimension-vector for sach peptide
fragment and transforming the caicuiated values from step d) into scaled vaiues

between 0 and 1 to generate dimensions 8 o 49 of said vector for each peptids
fragment;
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f} presenting the vectors generated in the step ) to the trained SVM algorithm from
step a) to measure the distance of each vector to the hyperplane calculated in

step a,); and

g) classifying each peptide fragment as bicactive peptide or non bicactive pepiide,
according io the distance measured in step ),
wherein dimensions 1 to 7 generated in step &) are the foliowing: Dimension 1: N-
terminal ProP score; Dimension 2: N-terminal Hmout scorg; Dimension 3: N-
terminal fragment; Dimension 4; C-terminal ProP score; Dimension 5: C-terminal
Hmcut score; Dimension 6: C-terminal Hamid score; Dimension 7: C-terminal

fragment.

8. Use of the method according to any of claims 1 to 6 for the identification of therapeutic
poiypeptides, targets for drug intervention, iigands to discover reievant targets or biomarkers

to monitor diseases,



