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improving diagnosis, treatment and prevention of the diseases.

[0003] It is generally agreed that SNPs are one kind of genomic mutations, while
there is no consensus among scientific community about a specific definition of SNPs. In
some occasions, SNPs are defined as germ line point mutations in the global human
population. Applicants, however, prefer that SNPs be defined as the variation of a single
base pair in the human genomes. The variation can be a deletion, an insertion, or a
substitution, and occurs every 100-1000 base pairs. Straight sequencing is the historical
method of discovering the SNPs. Lately, upon the completion of a draft human genome
sequence, numerous SNP-hunting projects have emerged to link single base variation to
disease using DNA sequencing, such as Celera’s SNP database, the SNP Consortium, and
work done by the National Human Genome Research Institute. It is noted that not all
SNPs have harmfully phenotypic effects. For instance, the SNPs in genes encoding blood
types effect no harmful phenotypes. Nonetheless, SNPs have been linked to diseases. For

example, a single adenine to thymine



Di scovered nutations may relate to di sease susceptibility either
t hrough direct association, where the allele has a deleterious
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Another SNP prediction program is also based on EST sequence alignment. (SEAN SNP

Prediction and Display Programs, http://zebrafish.doc.ic.ac.uk/Sean/sean.htm) Obviously,

the sequence alignment programs are not adequate for predicting SNPs in the human
genome because no database contains multiple copies of genomic sequences. Furthermore,
US Patent Application Publication 2003/0138778 discloses an apparatus, system and
method for predicting SNPs. The method disclosed in USPA ‘778 includes steps for
obtaining a variation predictiveness matrix and predicting one or more single nucleotide
variations of a nucleic acid sequence based on the variation predictiveness matrix. The
invention disclosed is based on the statistical analysis of DNA variation patterns and uses

that statistical analysis to identify disease-causing mutations from sequence context.
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807) and for splice site recognition (Sonnenburg et al., New methods for splice site
recognition, Proceedings of the International on Artificial Neural Networks, 2002).

[0008] An Artificial Neural Network (ANN) is an information processing paradigm
that is inspired by the way biological nervous systems, such as the brain, process
information. It is composed of a lérge number of highly interconnected processing
elements (neurones) working in unison to solve specific problems. An ANN is configured
for a specific application, such as pattern recognition or data classification, through a
learning process. Learning in biological systems involves adjustments to the synaptic
connections that exist between the neurones. This is true of ANNs as well. ANN has been

applied to certain bioinformatics problems including protein configuration (Dietmann and
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negative SNPs used for the learning machine algorithms include free energy change (AG),

entropy (AS), enthalpy (AH), melting temperature, GC content, SNP distribution score
information, sequence information, gene information, intron information and exon
information; wherein each parameter is calculated by its own rules.

[0011] Accordingly, one object of the present invention is to provide a learning
machine algorithm-based method to predict SNPs, so that the method reduces the time and
cost for SNP discovery by predicting sequences that are likely to contain SNPs.

[0012] The objectives and advantages of the invention will become apparent from the

following detailed description of preferred embodiments thereof.

Detailed Description of the Invention



Det ail ed Description of the Invention 5 [0013] A "polynorphisnm is a
variation in the DNA sequence of sone nenbers of a species. The
genones of aninmals and plants naturally undergo spontaneous nutation
in the course of their continuing evoI ution (Gusella, J. F., Ann.
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preferably occupied by a single nucleotide, which is the site of variation between allelic
sequences. A second characteristic of an SNP is that its polymorphic site "X" is preferably
preceded by and followed by "invariant" sequences of the allele. The polymorphic site of
the SNP is thus said to lie "immediately" 3' to a "5'-proximal" invariant sequence, and
"immediately" 5' to a "3'-distal" invariant sequence. Such sequences flank the polymorphic
site. As used herein, a sequence is said to be an "invariant" sequence of an allele if the
sequence does not vary in the population of the species.

[0016] Since genomic DNA is double-stranded, each SNP can be defined in terms
of either strand. Thus, for every SNP, one strand will contain an immediately 5'-proximal
invariant sequence and the other will contain an immediately 3'-distal invariant sequence.

In the preferred embodiment, wherein a SNP's polymorphic site, "X," is a single

nucleotide, each strand of the double-stranded DNA of the SNP will contain both an



i nvari ant sequence and the other will contain an i mediately
3'-distal invariant sequence. |In the preferred enbodi nent, wherein a
SNP's pol ynorphic site, "X " is a singlg nucleotide, each strand of
t he doubl e-stranded DNA of the SNP will contain both an 6 innediately

ceanence PSR hisR AR TESHRY afheh PGt T hmbcisleRc Rrosnl Pl

i nvol ve aequdnsé.i tution of one nucleotide for another at the SNP's
pol ynmorphic site, SNPs can also be nore conplex, and nmay conprise a
del eti on [8¢1%4 nucl e%lih%hﬁh%pﬁefe@ﬁedaﬁms@éhq prspend inventier invebiediesubtifition

one of | e HRIASIRRNAI AP SEAIPIFRR: SRR G5 {p%%%%g Nibf bR more

sequence nmay contaln an In a par

ani mal s, compiexasnd mapchmprisna delbtorof asnutgéoelde frofd lok hﬂﬁr&ebﬁﬁ&)f a nucleotide
deletlons m ght pbe present at that site. Al though theﬁgreferred SNPs

of the prEQeffe PhiEhETERSPARAIBS BRAURNGES: n%ﬁwahlp pPakic rg%ﬁ@ﬁe@eamy
i nvari anteon@insiah 1ﬁ%%%ﬁarp%'ﬁp OIPHiC o \[{188%% XIH%‘Qﬂg %xg ?'}% Rﬁ’fe?éﬂuﬁﬁ sa

or onIy an i nvariant distal © sequen € present
i nvent i osingdmobeuligeld Hase delatipzemigie HONAesdnt anyhat pitantAldroughith@ipreferred
i donest.i ¢ animals (such as . dogs

| udi t
cats. ot NP RER kTR e B hitk Bt 41 By Sl gpovaRal Syql%ﬁﬁ‘ae g dpvatiant
econom calidty e eaRNPs %WHJW% or[l?%ﬁhv% p?&:ﬁ L?’f oﬁ'f ih [dvafl ndi¥tal

and uniformty, thus, making SNPs extrenel or exanp
if a partPeuenes- trait (e.g. predlsp03|t|on to cancer) reflects a

mut ati on partigul 0 then a r smt nked
to the pzﬁg '8§ul ar ]gl&js?ﬁp (gctﬁﬁgrqiglétdnil%%ﬁﬁ TYgD “g?fietoparné‘ gfﬁlt#“i P&/\’l/st Aot
an i ndi vipthsdlor whinal gcledihg BufniaAg nbh&hn{ahgirimatgsh ‘aom‘é@i&ﬁnﬂfalsséiﬁéh & dogs,
prediction is determned 1 n part stance between th

pol ynor p§ASneicanfrahanimsdysucisian @étﬂ@h shegpPstegfandheshpr @@@nmmahkyelmgomant
are pr esgﬁlgnd%)pr oximately once every 300 bases in the mammali an
genome, an exhibit uniformty of distribution, a SNP can,

statisti ¢eol19y, be fSOIMd)cmﬁdmlh[ghlfiéhubﬁt%&ﬁldQﬁnﬁﬂﬁltﬁ&hﬁd flakily eMExdemely
[ 0020] . SNPs _.are nore stable than other classes
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parti cul aan bemetd © predict the $iNbsabiléf Itkeat tantihdividugheiit b@@xs}abhing that trait. The
(definiti Q/Qlugfof gucri'lea{ br%d{c‘[}]:)r? Es ettérromr-led in part by the distance between the polymorphism
and the locus. Since the SNPs of the present invention are present approximately once
every 300 bases in the mammalian genome, and exhibit uniformity of distribution, a SNP
can, statistically, be found within 150 bases of any particular genetic lesion or mutation.
[0020] SNPs are more stable than other classes of polymorphisms. Their
spontaneous mutation rate is approximately 10°. SNPs permit a high degree of genetic
resolution of identity, paternity exclusion, and analysis of an animal's predisposition for a
particular genetic trait. SNPs reflect the highest possible definition of genetic information-
-nucleotide position and base identity.

[0021] Statistical analysis of SNPs can be used for any of a variety of purposes.
For instance, the SNPs predicted by the present invention can be used to predict the

statistical probability that two individuals will have the same alleles for any given

polymorphisms. Where a particular animal has been previously tested, such testing can be



-nucl eotide position and base identity. [0021] Statistical analysis

of SNPs can be used for any of a variety of purposes. For instance,
the SNPs predicted by the present invenjion can be used to predict

the statistical probability that two individuals will have the sane
alleles f L4 g ven hi.sms., Were parti.cul ar ani mal. has
been o evishany AhARRerE AT R 1Y dehthe F £kt gndhallrgois et
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pl ant or ani mal . Exanp [es of characteristics include | ongevi ty,

speed, er@liscalae éefeqata,t dc.of A 'whanagieristentis hin amlbtac that fihparteetcoooisid aatue to a
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characterized using any of a variety of experinental methods. Such

met hods &Y aRAdY Hp rege tkngvn; frditlrase t skeldasuém dhan grtof Fan expmpleedd 8d Pat. App.
target, u8g3Mi7042854 Hc§1§»of’é%ed3%§ér£%ﬁre‘9§‘ere the respective alleles of

the site create or d arestrlct on site, use of

al l el e- S;ﬁ@ﬁﬂZﬂl c hyISNRgi cﬁﬁthe&hanabﬁh@é‘d usmsgaa:gi o arkedg beexpefiatenal @nethods.
specific _fo gtﬁ rotelns encoded by the different alleles of the
pol yror phi ugfln B»{/)l%q A5 dbre%ﬁbml@éﬁct SPALEICHge PhERoterawred daggel, e of

the experidBalal en?oiROdmeR @Yy gsgae@t%\éjél?etl SAROGHL L& g‘f egir?y §I}J€§tnctlon

they are expenS| ve and ti ne-consum ng, US unsui ta
scal e of site, use of allele-specific hybridization probes, use of antibodies that are spec1ﬁc for the

proteins encoded by the different alleles of the polymorphism, or by other biochemical
interpretation. While all of the experimental methods provide accurate identification of
SNPs, they are expensive and time-consuming, thus unsuitable for large scale of
identification of SNPs. Therefore, an accurate prediction of the existence of SNPs in an
interested sequence will save money and time.

[0023] Learning machines are ideal for SNP prediction. While several learning
machines exist and advancements are expected in this field, certain embodiments of the
present invention focus on kernel-based learning machines and more particularly on the
support vector machine (SVM). SVM has many applications including Text Classification

(Tong & Koller, Support vector machine active learning with applications to text



identification of SNPs. Therefore, an accurate prediction of the
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time. [0023] Learning machi nes are ide for SNP prediction. Wile
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Recogni t| on, éBO 136, 1997). [0024] SVMis a_|earning algorithm
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the SVM d

Learni ngélél'fﬁreeglﬁl) ﬂ?ftp irg [ &é%wéo%lg’, Qlfnc. Qﬁé‘%@bvvhh%lsg%nqs{sh%h%%h%%b used

i ncor por #ieeevitly arer Imf:ﬂnm&’élmughbusthmﬁﬂeméik:ytmn%’fhﬁ dasi@id¢a bahind SVM is the
w th SVMs an e term nol g used therewith are

f | t
p?;nsu'rrgé'f?%}a&&w&ﬁ linggr §Pa§§}58# 9 eRpsadnt empéltwasqné negavHBATHE d iTdis
the for 'I‘iEEalrQ'IhsﬁfﬁeIalslthé}f’@sred %h"%?es{egﬂ fata. t]9 ﬁﬁ?ﬁg%ﬁ%hé? 1tﬁ’c91seiithé/ g%ﬁpﬁagmg

negative training data. This Tlinear cla en use
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overcome this limitation, kernels are used to transformthe data into

a featuré §%$H¥§e3m1h©f“é1€tqfélellimelaﬁlasﬂlﬁgsqaill@rusedrfobthempdaﬁcm {Cheosing the
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a multidinensional function froma limted collection of data. An SVM
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real - val ae8ViMinctyitensed EC@lrateliflimeitirﬂanlr@ﬁﬁdil@%tbﬂﬁﬁlbﬁdihsqé@Qhﬁff&m recognition

regression, es ti on ro(f)jt}g]é density estinmation problens, an

sol vi ng PHRPAGE %ﬁ )le tiong fesg., Binctiomgpprgxgmasiongpyoblents; gqgression
" Suppor t c¥RR4tRIN %Eféﬁﬂ: & rtg%ﬁ{daﬂgn SoB1RL '@'a sol\yi‘ﬂg ?ﬁveréen%rﬁg{eﬁ{s)' Zee,

Viadimr Vapnik, and 1S by I ncor por at ed reference |
entiretyUs$ Pat. No. 5 ,950,146, titled "Support Vector Method For Function Estimation", whose

inventor is Vladimir Vapnik, and is hereby incorporated by reference in its entirety as
though fully and completely set forth herein. U.S. Pat. No. 5,649,068, titled "Pattern
Recognition System Using Support Vectors", whose inventors are Bernard Boser, Isabelle
Guyon, and Vladimir Vapnik, and is hereby incorporated by reference in its entirety as
though fully and completely set forth herein

[0026] A full coverage of the use of SVM for pattern recognition is given by Vert

(Vert, 2001), but some basic concepts are introduced here. It is assumed that there are a

series of examples (or input vectors) Xi € R" (i=1,2 .., N) with corresponding labels yi _
{+1, -1} (=1, 2, ..., N). In the case of SNP, the input corresponds to the feature
parameters and yi (+1 or -1) represents SNP/non-SNP. This task is carried out by (i)



t hough fully and conpletely set forth herein. U S. Pat. No.

5,649,068, titled "Pattern Recognition System Using Support

Vectors", whose inventors are Bernard ser, |lsabelle CGuyon, and

VI adimir Vapnik, and is hereby incorporated by reference in its
entirety as thofugh fuII and conpletely set forth herein 50026] A
full cov@aRpIestt wpag TS SYRRgh %@@PﬁﬂrfS@H’&rﬁpﬁ?Wq @) gpysdiycign of
Vert (Vegpt ed I
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ERmM (I h¥parplame. with thN wauhumahstesqmtmdihﬂglelams'eﬂstawomts oﬁf-lehch <las} if ithe
=1, 2, e case of SNP, the input corresponds to the

f eat ur e ft?é?raNﬂ)@t@r@ &ﬂt‘? %faﬁf( mPS‘o‘Pentfil)Pqﬂétérl%%ﬁg S Vafes %Sr? hajep of mpging _
task is carried out by (i) 9 mapping of_the input vectors into a high
di mensi ofaJ Whiehtiudéiqudqea kerdel(fungtimo Rk ry0t | The decisi@nfumptionmased by SVM
separating hyperplane (OSH) in the new feature space. The OSH is the
hyper pl afen if WritteRe maxi num di stance to the nearest data poi nts of
each class in the feature space H One of the nobst central points in
using SVMis the ]@hoi ce of mapping (), which is defined by a kernel

function KXk sga( Gl p+ 0 functi used by SVM can be witten:
Nf (x) = sgn(y ,1 @@ }; )1 + b) (1)Q[I5he coefficients a; are given
by the solution of the quadratlc progranm ng task: Maximze Ni N N |
ai--llaialyle(xixj) i=1 2 i=1j=1 subject to O<-a, < C

Cont rol | 105 ShefBeitpis e 3l Fvgby ol sE s adie’ BineSiglrife Rl

It is the ker nel functl on that determ nes the di nension of the
feature ce, 1 g that di fferent kernels will represent the
i nput vecPofls—i-n |f gy & (Xfeg)ai m of the SYMis then to find

an OSH wi{ out Za@sUng the abl lity of generalization, often
subject to
0<a,<C (2)

N

Yay =0i=12,...N

i=1
C in equation (2) is a parameter controlling the trade off between the margin and the
training error. It is the kernel function that determines the dimension of the feature space,
meaning that different kernels will represent the input vectors in different ways. The aim
of the SVM is then to find an OSH without loosing the ability of generalization, often
referred to as over-training. The kernels tested for SNP predictions are linear, polynomial
and radial basis function. Equation (3) is an example of the radial basis function and

equation (4) shows the polynomial kernel function.

2

K(xix;)=exp(=ylei—x,| ) €))

K(xix;)= (x ox,+ 1) @)



referred to as over-training. The kernels tested for SNP predictions
are linear, polynom al and radial basis function. Equation (3) is an
exanpl e of the radial basis function aRg equation (4) shows the

pol ynom al kernel function. K(x, X;) = exp(-y xi-x; a (3) K(x; x;) =
xI x; + 1 (4) 10 [0027] Since its introduction in the md-nineties

t he SVM d has quickly beconme one of the nost popul ar | earning
al gorit hx@%ﬁd is QIR Irodysiiondn thy mid-ainstigs ﬂi*ﬁ)géﬁ\fl aagthpd has quickly
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(s veryeoR Rt AELR Mo HOFuSPIcAmi P SROAL diSs BRRHAY dptich o kidfk and
appl i cat inaors r¢dhids cR8Gfiyationqda@pmBeThe nefif reas@nfor it aopulastieisahat it is Vegy
t hi ngs. 29]. Good neral i zation performance: qnce SVM i s_presente
Wi t hga t Eegtiﬁl)ﬂ?%ﬁom%'ﬁe,g%? P hlegmgﬁqogst f"@’a‘ieﬁﬂ%(’ﬁg F‘EISWEW%IF? (tlﬁiﬁ %(ﬁ)_rlg'_ect ly
cl assi fy [@umg]new OMiehed efivichem@fds@Bverk0A3@h. Conput ati onal ef ficiency:
the algorithmis efficient in terns of speed and conplexity, it is

equi val eh@029% | ookilrrydf ganerdisativmpenfonneince: omneEWMY igpeesented iwith & trathing

with no .0 L Dl (unkike neural network). [0031],.Robust jn high

L 0 ORI AU R Bl BRI OB B ol

di fficul 706300 | ear WorgpuddrPil Eitlende C ol Hthihe eBV@Emtiih kdrRf spe&Eand
SVM seemto be npre robust than other rre% hods in such case'so.ml[_ 032]

Certai n SABBHXHEN s efuivalentip deaking fosvhmminimuanpl @ gonves fapgtional i.ahwith
predictian. : el iJyty to derive neaning from

conpl i ca@géoémlﬁpﬁ%ém se a%lgleg’gdéqo extract patterns and trends. A

trai ned h@idlal net \Robksicankiigh dimeugbhs: ofdealing@Rvith' leg)@rdh%eﬁsﬁloﬂdlla)bjects is
Thi s ex

category of jnf. tion it has been_given to anal yse. . ert can
then be Ul 413{%6191 @émﬁ%%_ﬁﬁé%rﬁhah beguyent ﬁh@w‘@‘r%{ﬁylag e SVM peeet e
and answefore YRkt thin othgluﬁlngOQQETs (1 bgks advantages include: 1.
Adaptive learning: An ability to 'earn how to do tasks based on the

data gi vée03R2dr tr aiCeirtatn embodintehtl ofethp@tésemt:'m,VeﬂionSﬁhf)}otha]IgMNTﬁtfoﬂSNP
An  ANN can.create_ j.ts own organjsation or representation of_ the .

i nf or mat ipﬁezi“i%tonr é@gjikl\}‘& f"dﬁ?f?ﬁlge a \i‘é}fﬁ’i { 1VE pRal m_@.ff%&f’m? 1¢ated or imprecise
Oper at i 0QataA 16 QA PattONS aNBYreh. CAMLIRY RUbal hBrvRAk 3hd 8L thought of as an

"expert" in the category of information it has been given to analyse. This expert can then

be used to provide projections given new situations of interest and answer "what if"
questions. Other advantages include: 1. Adaptive learning: An ability to learn how to do
tasks based on the data given for training or initial experience; 2. Self-Organisation: An
ANN can create its own organisation or representation of the information it receives during
learning time; 3. Real Time Operation: ANN computations may be carried out in parallel,
and special hardware devices are being designed and manufactured which take advantage
of this capability; and Fault Tolerance via Redundant Information Coding: Partial
destruction of a network leads to the corresponding degradation of performance. However,
some network capabilities may be retained even with major network damage.

[0033] While ANN is known to those skilled in the art, a brief description will be
helpful. In order to train a neural network to perform some task, it is to adjust the weights
of each unit in such a way that the error between the desired output and the actual output is
reduced. This process requires that the neural network compute the error derivative of the

weights (EW). In other words, it must be calculated how the error changes as each weight




and speci al hardware devices are bei ng desi gned and manuf act ured

whi ch take advantage of this capability; and Fault Tol erance via
Redundant Information Coding: Partial jgestruction of a network |eads
to the correspondi ng degradati on of performance. However, sone

network g iLiti et ai,ned, even wi.t h maj.qr network . da e,
[0083] it PERaxad PE8ec e Sidiih a6 gt pi¥Bt e MRy PRERY B
descri pt inggdhotd fok deerminglgnhe!EWI n order to train a neural network to
performsone task, it is to adjust the weights of each unit in such

a way that0¥he err dhehstkupeapagiongigoritha is gesient tapederfiandaidalldhe vuitinta

is redu L.St; C i i .
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cal cul at edidiothe efrer elianges ashthagetsvigsleed off awmitghthahged. SFommnt@asmits,ahe EA
decreased slightly. A back propagation algorithmis the nost w del
used nethBEPRothe JafarriehehycanHie psipaland 3 desied pulpRt pFosiBRIE S EX for
al gori t hipy; I i I e:.uni L E .

' hear | THRdORPR 2 M o R BERRTE Qi Jod T S b Rauir R ol
rate at behwech thenlsdden anit aivathg estpasunitsaeo adticlvit isycdnavekbd.df isahemiotmiléiply

changed. For out.put uni e EA is sinply e difference between
the gpt ug?osaw&lglﬁ%ﬁﬂﬁg%%ﬁ Otﬂmwtp%u%%e@é& Qr?e?reé\u%r i3 SHPFqusls the
unit in EA f¥ehe tH6SEn PR Gnit. NEROURMatin@ Y8 the FlAs 'i1§tHe'Iﬁ§&enf‘lee'r?féPEéft)i’e
all the weights between the hidden unit "and the output units to

whi ch it thesowpideser.clie EAs fosothhrlayers cambe tadeylated binsbariyeinghing fgm fdyer to

EAs of t .out,put,. uni ts an dd the,.products. This sum equal s the .
oA tor @ MORE ER Rt o BBl RS Py Bhpugh Btk (s is
hi dden | ayt@r gjves badleh@begationdtsondnit Ohey 8, EA NRs Bosn EQhp @bl €6r 4 BNl if is
can be calculated simlarly, noving fromlayer to layer in a

di r ect i oftraghlorverdite compuigalhe BYY fari earke incpmapgaepmnectionrafulghuniheThe EW is

net wor k. IS 1l ' ti its name. Once the EA
has beenthc r?%%l%czgfmgraé‘%%%ﬁ%,a@ﬁﬁ& @E&%?S% %‘ggm“n(%rc\?ﬁ?eggog‘ conput e the
EW for ed@l35] ncom iNpweanrésftdesdtiptiontofehdipioteduféieo FMdren theltclhbespagition
of the and the .activity through the incom ng connection. [0035]
Now, a bAieafit ?&IYWW%%WGF@H&SE?%WW to performthe back

pr opagat i al gor iyt hym: IV, i ration. [0036] 1.
Pnitrali D Che wei éh{hg@ldt%eg&rﬁa\g g?‘gk‘g%#lnaséa?‘u%fé’.daﬁg 37] 2. Randoniy
choose af0l3Tput paflt Randdmlynchdose tin dnmitatiset fofh thesidining séts ( positive &
negat i ve}l. a[t'00)38] 3. Propagate the signal forward through the

net wor k. 1e8aUve).

[0038] 3. Propagate the signal forward through the network.

[0039] 4. Compute the error signald, in the output layer
6, =(t, —0,) f"(net,)
where o, is the actual activation value of an output unit k,
t, is the target value for unit k,
f is the derivative of the activation function f> and
net, is the net input to neuron k.

[0040] 5. Compute the deltas for the preceding layers by propagating the errors

backwards.
5j = f’(netj);ékwkj

[0041] 6. Update weights using



[0039] 4. Conpute the error signal (5k in the output |ayer Sk
=(tk-O)f' (netk) where ok is the actual activation value of an out put
unit k, tk is the target value for uniy k, f, is the derivative of
the activation function f , and netk is the net input to neuron K.
[0040] 5. Conpute the del tj@ﬁﬁf or the preceding |ayers by propagating

the errors backwar'ds < 2 ’&/J)JGkV\kJ k [0041] 6. Update weights

[ 12 Wk - Wjk .+778k0j wh : [ .relativel | 1 .
posi i ve constant CHed beaERATH Pl docR sSha b Be gy rre
bet ween neur O%EMﬁneit{f@%@ﬂtBetw[egnorge%]tr?gkan ndlgoﬁsf ep 2 and repeat for

the next pattern in error | e outp ‘ayer is below a

pr e- specirhy thre e ] It i O J
Feached. 08043 o A7t o Meha trRthe b O RE Rleln S B0k R dhe priy
t he test lget isedow apu-tedifiddnheshidié onte nadximehwitbet of ®h@om i§ Fached.

predicti sul t. 441 The paraneters for the back propagation
i ncl ude Eﬁ%ir of |8[a3§$e§}heﬁ£ﬂ%lég is ggmpigigdsthe ﬁa@ﬂéﬁfmayfgﬁ tesh set|aE R ties

rate 71. ifBUSheukd] REAGEt6 Bbtath € brediciBAARE €rs (nunber of |ayers,
nunber of nodes per layer, learning rate and the error threshold of

t he nunbdv04sf it er diliegrsanmasers tfopthe heck papagatigh indude fimisdr of éayietke dumber

The wei gh%sﬂ‘j:in.t he%éNN arg then randomy set to small values. A
dat aset £ OPEHR 3Ny ABd irariBg ks Ve training set is then chosen to

train th . The set _inc e rt . or .all .qf the ranet er.s
(Entr opyt?()(gr\{‘?l hal py,In %?%@gh%rsgtyéyﬂf%ggﬁf ge Ifu,mbeﬁeolfﬁ ?%eés’t%‘ﬁ%eelr a Ji’oéi,es per
SNP di st dayentleamingaateend nfioerraratiteshsle of tHemungRn of iterafiond 1tstathd Mhrning)
exon info)_and the output vector value is designated as 1 if it is
from posif etdegidsiingt @e&velgﬁﬁ inhe AN pae thariagdomly set tassnaall valpepmA
negat.ive L : LS, i 4 h rr

o onal " 2t MR 08 (BEbps B0 of BEATRE defnibfenifrt bSOl Rth ¢ ONRY Pl
pr ecedi ngatasstendudesartaalatl wif dheephranetetsHEneopyQ Hattal sy, Fsedericzys IGh gentent,

the weig %e?ﬁngp’[g%pgrearturg,aéﬁﬁ ﬁ}strgbsuti%g gcr:]org ?n%g,esgqﬁe%ce info, gene info, intron and exon
info) and the output vector value is designated as 1 if it is from positive training set and the
output vector value as 0 if from negative training set. The dataset is fed into the ANN and
the error signal at the output layer is calculated. Next, the errors in the preceding layers are
calculated and the errors are used to change the weights. Another dataset is then chosen to
train the ANN. This process is repeated until the error threshold is reached or when the
maximum number of iteration is reached. The trained ANN is then applied onto the test
data to obtain the prediction result. The whole process is then repeated for other set of
parameters. The set of parameters that yield the best prediction result are used for
prediction on unknown sequences.
[0046] As with the SVM, a trial and error method is used to determine the most
effective parameters. Different combination of parameters can be used to train the neural
network, and the trained neural work can be used to predict the result on a test set. The
parameters that give the highest prediction result are considered the best parameters.
[0047] Now, one embodiment of the present invention will be described in its
application of SVM in the prediction of SNPs.
[0048] Usually, for analyzing data using learning machines, a specific problem is

formalized for application of analysis through machine learning. Particularly important is



train the ANN. This process is repeated until the error threshold is
reached or when the rmaxi mum nunber of iteration is reached. The
trained ANN is then applied onto the tggt data to obtain the
prediction result. The whol e process is then repeated for other set
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addi tion, the polynucl eoti de sequences may clustere
t hei r homdRsggn be Tdrther foronddted tp. reflent any pardingler intdrestgenes in a si gnal
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and functiagn. qugeci ally, the SNPs may provide insight into the
causal r @PSfVeARHneentyeiSARsn Eiarrositivg BVRsears definathaspolspesdédtide sequences

probl ens ; : et j G urther . formul ated reflec
any part flﬁ:cgﬁﬁ%?é ?ﬁ?é#g@ ?gsﬁ R[%%%t%ﬁggﬁﬁ aydeotyqete {ﬁgﬁ‘l (Lelﬁﬁeiésl\?P niiclectide
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set of data points having known characteristics. Here, the data )
conpri se§OMBBET PIOZEIMR dn?slé‘ghrpﬁwlrgwn, TheNFrenthavea Bmeth efrseqerare metd |

as pol ynyeh et hfifeotBOUGRARS. Preferably, the SNP has 3—500, 3—400, 3—300, 3—200, 3-
100, 3—50, 3-20, 3—10 or 3 nucleotide residues. The SNP site may be located in the
middle of the SNP sequence with equal nucleotide residues at the upstream and
downstream of the SNP. Alternatively, the SNP site may be located at any residue along
the SNP sequence. The length of the SNP sequence and the location of the SNP site within
the SNP sequence are not critical in applying the present invention to predict SNPs. The
negative SNPs are defined as polynucleotide sequences that contain no SNP residues
within a specified length. It does not mean that there is absolutely no SNP in a negative
SNP sequence. It means that, under current available techniques, there is no identified or
verified SNP residue within the negative SNP sequences. The suitable length of negative
SNP sequences can be any number of nucleotide residues from 1 to 1000. The length is

not critical in applying the present invention to predict SNPs.



i ncluding DNA and RNA that contain an SNP nucl eoti de residue. The SNP
nucl eoti de residue has been identified or verified by any
traditional experinental nmethods or cepputer programs. In the
present invention, an SNP can have a | ength of sequence mnth 1 to
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mouse, r&bQ51¢hi ckeMhangbsitivee andmicpativ. sm};m cShlE@e eamd:ted f&@h eglyedatabase,
randomy from an of the g s of each specie
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sets contain 500-10, 000 SNPs. "Even nore preferabl'y, the training sets
contain paocemswh@@(btnswpglecpgmsﬂptaTraesﬁqomethode and negative SNPs can

be ot ; bl i shed
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cruci al abowhRe deikfiagnachir@i i Blﬁapiﬁféa Y aBearkslebBay @6whidodRtRBR0P bf the
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any mean¥nQuicAeaiherent oribe trpining dré | Insempensdsi PiRAGesssHRE Hivekiss selecting a
CD/ ROVB, fMi% % rQ&LQ%g ﬁ{eo(ﬁlﬁgﬁsﬁﬁﬁi}? of feature space, i.e., selecting the features

which best represent the data. Methods which may be used for this purpose include
recursive feature elimination (RFE) and elimination of data points based on expert
knowledge, e.g., knowledge that measurement at ends of the measurement range tend to be
predominantly noise. The features remaining after feature selection are then used to train a
learning machine for purposes of pattern classification, regression, clustering and/or
novelty detection. For the SNP training set, the SNPs may be further selected based on
some additional criteria. For example, the SNPs must be from certain regions of the
related genes or sequences including promoters, enhancers, silencers, introns, exons, and
other specific regions. Or the SNPs must be from genes that express at the same
developmental stages or physiological conditions. This procedure will add similarity or

uniformity into the training set, therefore, enhancing prediction outcome.



collection of training data may be acconplished manually or by way of
an automated process, such as known el ectronic data transfer

met hods. [0052] Next, the collected tragning data is optionally
pre-processed in order to allow the |earning machine to be applied
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As is kn®@$sin t he Those sHilfefiemetite kershelkl wppreciatugmt &5\3MM dre qupabliecef

varying degrees.of quality in the outpuf for a _given set of input
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essenti aprdsent AQertfsH, RlaliURhirds Rivel BenOiRidd £f rdalle BMiinféhisioRality of
feature space. It is understood that there are unlimited features of SNPs that can be
applicable in SVMs. By way of illustration, features used in the SVM in the present
invention include Entropy, Enthalpy, Free-energy, GC content, melting temperature, SNP
distribution score information, sequence information, gene information, intron information
and exon information. These features can be used together or separately. Many features
can be extracted from the DNA sequences directly, such as the GC content and sequence
information. Others require that additional transformations be applied to the DNA
sequences to create information of other dimensions for SNP prediction, such as the
melting temperature, energies and structure information. The method and calculations are

known to those skilled in the art. For example, calculation of DNA energies was disclosed



known in the art, exenplary kernels include polynom al kernels,
radi cal basis classifier kernels, linear kernels, etc. In an

al ternate enbodi ment, a custom zed kernpgl nmay be created that is
specific to a particular problemor type of data set. In yet anther
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Alternativ test "sets nm e g
criteriadalesi gned by any user. For instance, if the SYMis trained

with SNPs froma s enes _that are overexpressed in colon
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collected fromthe s sour.ce(s) at,the sane tine. Thus, test data.
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st ored ilﬁe@seﬂ@@aﬂmﬁ&q&gg@_ medi um for use as different input data

sets for_a | earni n% machi ne. Regardl ess of how the
] hose skilled in the art should appreciate that a SVM is operable to

ascertain an output having a global minimum error. However, as mentioned above, output
results of a SVM for a given data set will typically vary with kernel selection. Therefore,
there are in fact multiple global minimums that may be ascertained by a SVM for a given
set of data. As used herein, the term “optimal minimum” or “optimal solution” refers to a
selected global minimum that is considered to be optimal (e.g. the optimal solution for a
given set of problem specific, pre-established criteria) when compared to other global
minimums ascertained by a SVM. Accordingly, determining whether the optimal
minimum has been ascertained may involve comparing the output of a SVM with a
historical or predetermined value. Such a predetermined value may be dependant on the

test data set. For example, in the context of a pattern recognition problem where data



test data is collected, any test data used nay be pre-processed in
the sane manner as was the training data. As should be apparent to
those skilled in the art, a proper testyof the |I|earning may only be
acconpl i shed by using testing data of t%e sane for mat as the training
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[0061] Examples
[0062] 1. Random extraction of a set of positive SNPs from an SNP database.
[0063] Every positive SNP suitable for the present invention satisfied at minimum

three conditions: validated by wet-lab; allele frequency higher than 0.2 where allele
frequency is a measure of how common an allele is in a population; and sample size higher
than 5 where the sample size refers to the number of chromosome being used in wet-lab
experiment. 5,000 positive SNPs were randomly extracted from the Japan Single
Nucleotide Polymorphisms (JSNP) database (http://snp.ims.u-tokyo.ac.jp). The JSNP

database provides complete information required by our invention and is organized in



trained SYM kernel selection is adjusted. Adjustnment of the kernel
selection may conprise selecting one or nore new kernels or

adj usting kernel paraneters. Furthernofg, in the case where nmultiple
SVMs were trained and tested simnul taneousl y, selected kernels nay be

repl aced I h r.e-used .f or rol
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wh |1 f. f h 19A1(0) |1 I
popul ati STt ahtnSHHT & aifol fE RN Srfkipmot ARSEe R Sapied & B st
refers toefehe Ellt&*'“\%@f oOFhr&NARIRHACE 1@ Bk ST n SN%hcﬂeé@de %&%Pﬁfe' 'cﬂfemént

5,000 positive SNPs were randomly extracted fromthe Japan Single
Nucl eot i gBstrgmyanskdoimshsant JenRYtideatfakeaSHP nucleotide.

(http:// m; u-t,0 t abase provi et
i nfor matffon equi rtezd% Oeéllﬁ?hpgcu f%ﬁéé)l%) ‘g S%(}uﬁgﬁ?sfé&egagwf Fhroi the
wel | - st r hainan genomah@tt. Most of the SNPs in the JSNP dat abase have
been validated in the wet-lab, In the present invention, a set of
5000 posi9466é SNPs Anbegatise $NEsisidefingd apma contiguqui stretchind ngvivptide biguence

could re e no, tha a se
rore” o HAZOhER ho Yhdlidd SEFEARIE 3. 1] BRsiHd et AOSEH i hafk REL 8
r easonabMetepteé dvitin dn: Jeq8eiick, the[DOt]lity s gaieh Towoin, the®sidoat eithﬁtldﬁllaﬂﬂle

SNPs cone with a standard fl| anking sequence length, i.e., 60bp

upst r eanrPEREEBBHH9B Eealhy-ghe F??é‘eE‘NPS s5EReted fromTay SNP; pror regipmof the
sequence p|,agtdn¥int kﬂrﬁ’ﬁ‘ewﬂ&%' Ad YRPSNS ‘f)e%njx%é&‘?ed H“cl'%t cohibh e 11 GHY pRsEnt
could be used~ in the present 1nvention to extrac eatures

( di scuss&vehadm\HO0DdPNSNRgpereds tithomlenEtr oft 1 bps aleee efndsipkkieadted frbm

el n0 e PY LN AT GRS bre E JaLa WSRLAD [0S, S o

nucl eot i BN RREqidABeRHaBE8Mhined no SNP within 60bps upstream and downstream of the
chosen nucleotide position. In addition, the negative SNPs were randomly chosen over the
24 chromosomes. For the sake of simplicity of testing the SVM program, a negative SNP
data used for testing refer to a triplet of three nucleotides that consist of a chosen
nucleotide and the adjacent upstream and downstream nucleotide of the chosen nucleotide.
[0067] 3. Features used in the SVM
[0068] Features used in the SVM in the present invention include Entropy,
Enthalpy, Free-energy, GC content, melting temperature, SNP distribution score
information, sequence information, gene information, intron information and exon
information. These features can be used together or separately. Many features can be
extracted from the DNA sequences directly, such as the GC content and sequence

information. Others require that additional transformations be applied to the DNA



upstream and downstream nucl eoti de of the SNP nucl eotide. [0065] 2.
Random extraction of a set of DNA sequences as negative SNPs fromthe
human genonme draft [0066] A negative SNg is defined as a conti guous
stretch of nucl eotide sequence that contains no reported SNP. Wile
it is po§§ t e
sequonce i fates IPbrcafk RSmRlon 0 BBt e s Bh S5V g bt ene
the presmseiting tmqmatcm exﬁsges b ttyuctllrb énfBBAARAC ETHeSne@kbd agd ea:lcdlatmﬂs&?e
SNP poor .regi on o uman genone dr aft, where no SNP has been
reported lﬁnﬁg’f‘ﬁ%thséélflﬁﬁd ) the @e For gxamnle. qaleplation o DNghgtereiga was disclosed
sequencesy W pderaetieRel Nohall 2 RBnt BUTRTL
genone dr%ftiéNCr:Be 1BU| go33.al T&gpﬁéégg %\t/ea@gﬁ%gicﬁlggz%éor '?Sliee{)t estltng
were the StdeAyséqhenabwlwchBNAcohgmere,dqu)OSNErw44Hl1r7 a0bPs Npsdrttedsss, a
and downstream aof .t he hosen ngéﬁteotlg oa% In addition, the
negative eSgEPtLon 4fiopfg & 15 DalPBHr orosones. For the

sake of gpogdl)i Ci tyao[:re@%ggll ghgﬂ%e@@yl program a negatl ve SNP data
used for testing refer to a triplet 0f three nucleotides that consi st

of a chod@WO0lnucl edireaiencagyd Chme 40{7a o€ ntreagpion ieameastite o e sporgammity, and

| eot h he leotid d
SV [ 00681 1B ERREEE I REORied e Be aretpiy dies S Pherhae i
Ent ropy, mddetiiRbpywo Fo@foabes I¥nth&¥y CABAENIAHTRAY icRBob P RRSEAL KL, BN

di stribution score information, sequence information, gene

i nf or mat |f‘é}ﬁtlolishﬂ’r’(§r¥eﬁ>rﬁ$@ﬁqfﬂah}i ba eﬁ.h@tloelxéﬁ; =iNdf orimaSi dine eTthalpy ¢hangef/d)

can be u t tures can b ext ted
From ¢ ne 8GR Afhe TaSRRA R Bl Bllod 1 B SRRl R i LIRTURE e
i nf or mat ifee. enagy%langewceﬂaﬂaﬂaai AGEAIG; b-ONG 5. t*@G{ﬂer’E&td)@ﬂﬁ)l@%ee energy
applied tp the DNA 19 sequences to create information of

di mensi 0158288510\ T 57 &8¢ engran of &de fies anseey ofedTi g - Q?ehbega_rt%p‘é Table 1
ener gi es sgids $id F%@rg‘yn&%ﬁ afcﬂ'nm Thet gﬂﬁfrp Q¢ rﬂt@@oﬁﬂ{esc P#%#t%? T’%@neu

known to those s | ed or e calcu
ener gi es stiaguts.s (:Sanisaédmal, et ., Irapnoveceneaewe-degghwmeplaran(m farprydiefingdlDNA

Pr edi ct - dent bilit f short dupl DNA
ol 1 goner SuPRE SRS 2555568, 1Nfer  hel cos, "o bri el
descri ptigyy19f cal %bﬁt' @P&El{ 7%’@(15{ Walﬁe%%ll{() f%rérﬁl\nﬁ@{ﬂ Pal[r50069]

a. Free energy change (AQ e energy change (
reaction is a neasure of |ts spont aneity, and

AA 1.02
TT 1.02
CC 1.77
GG 1.77
AT 0.73
TA 0.6
AC 1.38
CA 2.38
AG 1.46
GA 1.46
CT 1.16
TC 1.16
TG 1.43
GT 1.43
CG 2.09
GC 2.28

[0072] b. Entropy (AS)



of how much energy is released or required to drive the reaction.

Free energy change is nade up of two conponents, enthal py change

(AH) and entropy change (AS). Their repationship is represented by
the equation: AG = AH - T AS. The enthal py change (Al]) and entropy
change ( 7w b SFH t

nucl eot i ﬁ@ 3WIt he eErI{(:aHe gt@%g t%hlél%\ééﬂ %:grféa C ?ﬂl %@s \M dhsol?der in cither the
AG=AGL, 2-83\@1;11311‘ therAGvuidings. FBor aesequgaice withrresuchsoeidey, thecémﬂmg? infaldMided A
free eneresgy g,f @§+free enei%y of AT = 1.02 +1.02 = 04. Table 1
shows thé T4 8a2Eh8ray- drimyye £OF SFaRRIEthe BHIONYATAATF %@p@@f g entropy
predi ct eGrfApmt el 11 85§ Lugs Wr efap1{ San, 843

near est - nei ghbour paraneters for pr egélhc?fsﬁgb%‘f@g%&)g Alsgxftg{ah%&?gt Balrs of
Bi ocheni swelpotids P@@B@e@ﬁonﬂ@%)ﬂm@@l@?1[Sa]itiilﬁlue1a1et aFy 8¥96Ener gy Change
Val ues f ffere ) ai r.s 02. T 1. 77 GGL. 77
o 7s TR BAC o sl e Vab ekl et Nitoede 8T Ga a5 Gre. 43

C&.09 GC2.28 [0072] b. Entropy (AS) 20 [0073] Entropy (AS) is a

nmeasure of the randommess or di smer imn eli:; r the systemor the
surroundi ngs. For a sequence wt T et cu;i ées, the entropy is
calculated: A S =A S 1,2+A S2, 3——=+A1Sp_¥-1. For exanple, the
entropy of AAT = entropy of AA +&ntropy 156
GG 15.6
AT 18.8
TA 18.5
AC 19.3
CA 19.3
AG 20.3
GA 20.3
CT 16.1
TC 16.1
TG 23
GT 23
CG 25.5
GC 28.4
[0075] c. Enthalpy (AH)
[0076] Enthalpy (AH) is the heat/energy released or consumed during a chemical

reaction due to differences between the chemical bond energies of the products and
reactants of the reaction. Whenever AH < 0, heat/energy is released by the reaction; AH >
0, heat/energy is consumed by the reaction; and AH = 0, heat/energy is neither released nor
consumed by the reaction. For a sequence with n nucleotides, the enthalpy is calculated: A
H=AHiptA Hy3...+A H 1, For example, the enthalpy of AAT = enthalpy of AA +
enthalpy of AT = 8.4 +6.5 =14.9. Table 3 shows the Enthalpy (AH) for different pairs of

nucleotides predicted from their structures. (SantaLucia, et al., 1996).

[0077] Table 3: Enthalpy Values for Different Nucleotide Pairs
AA 8.4
IT 8.4
CC 6.7




of AT = 23.6 +18.8 = 42.4. Table 2 shows the Entropy (AS) for
different pairs of nucleotides predicted fromtheir structures.
(Sant aLucia, et al., 1996). [0074] Tabbe 2: Entropy Val ues for
Different Nucleotide Pairs AA23.6 TT23.6 CCl5.6 GGl5.6 AT18.8 TAl18.5
AC19. 3 CA19.3 AG20.3 GA20.3 CT16[T ]l 161, TGZ3 Gr23 C&x5.5 GC28. 4
[0075] c. Enthal py (AH) [0076] Epthgtpy—(Ad)—is the heat/energy
rel eased or consuned during a che-mﬁal_ fon due to differences
bet ween the chenical bond energi psIdf tlhebgroducts and reactants of
t he reaction. Wienever AH < 0, hpat4@ndrgy.4i s|rel eased by the
reaction; AH> O, heat/energy is|ca@puned7lly the reaction; and AH =
0, heat/energy is neither rel easgd fipr [ CoRSUMed by the reaction. For
a sequence with n nucl eotides, the A-tuai y—+$ calculated: A H=AH

W A

T

1,2+A H2,3...+A Hn_| n. For exanj py of AAT = ent hal py
of AA + enthalpy of AT = 8.4 +6 14 _96.1Tapl e 3 shows the Ent hal py
(AH) for different pairs of nuc|ediGdgs prledicted fromtheir
structures. (SantalLucia, et al.,|199%).l [Q@77] Table 3: Enthal py

Val ues for Different Nucleotide Paigs AABgg T18.4

CG 10.1
GC 11.1
[0078] d. Melting temperature
[0079] Melting temperature is defined as the temperature at which 50% of the

oligonucleotide and its perfect complement are in duplex. The melting temperature is
calculated using Wallace rule (Wallace, et al., Nucleic Acids Res., 6:3543, 1979): MT = 4
X (#C +#G) + 2 x (#A + #T) °C. For example, if the sequence is ATG, then, #C=0, #G=1,
#A=1, #T=1, the Melting temperature = 4x(0+1)+2x(1+1)=8.

[0080] e. GC content

[0081] The GC content of genomic DNA is defined as the mean percentage of
guanine (G) and cytosine (C). For example, a sequence of 10 bases, ATGTACCCCG, will
have GC content of 60%. GC rich regions melt at higher temperatures than regions that
are AT rich. For example, GC content for ATG is: (No of G & C)/(No of A & T)=
(0+1)/(1+1)=50%.

[0082] f. SNP distribution score information

[0083] The SNP distribution score is calculated as follows: dividing the human
genome into smaller regions of predetermined length (100000 nucleotides length is used in
this project); recording the number of SNPs located in each region for all the regions in the
entire human genome; using the position of the SNP data to locate the region that it

belongs to; and recording the number of SNPs found in the region as the SNP distribution

score.
[0084] g. Sequence information
[0085] The sequence information contains the numerical (binary) representation of

the actual nucleotide sequence. The nucleotides are converted to numeric codes based on




CC6.7 21 G&6.7 AT6.5 TA6.3 AC7.4 CA7.4 AG/.7 GA7.7 CT6.1 TC6.1 TGB.6
Gr8.6 CG10.1 GC11.1 [0078] d. Melting tenperature [0079] Melting
tenperature is defined as the tenperatgpe at which 50% of the

ol i gonucl eotide and its perfect conplenent are in duplex. The nelting
t enper at C t

| of ¢ AT et i G DR B ot SpltPhy 2601 0190 with he
#T) C. Foressrmpiioh ¢hat ilfre¢ heclseigoemeased ATG then, #C=0 #G=1, #A—l

f:t-(l)_;éL ’ent h[e@ggé]]“'?’%et eﬁ%ﬂ\bﬁ{n‘%o O%etgf)#%‘ é&k i’%fo‘ﬂ’éaf{o?iggollset hSC mean

per cent age of guanine (G and cyt osine (C). For exanpl e, a sequence
of 10 bases, ATGIACCCCG W ik have k:b COTt 6'(510 PT ou"/o & rich .
regions nelt at higher tenperatures—than—re '0;‘1”@\ that e AT rich.
For exanpl e, GC content Hor—AFc+s$—(No—-of H-(Ne nf \ & T) =
(0+1)/ (1+1) =50% [ 0082] [fSAP di $tributiondddie nfornation [0083]
The SNP distribution scare i§ calculated as!fd@ows: dividing the
human genone into snaller regi ons of predeterm ned |ength (100000

nucl eot i ength.is, use th| s project); recording the number of
SNPs |Ociﬁ®j]l n ea@haﬁ%fr& BPhal | the regions in the

[0088] Gene is a unit of DNA that encodes information for production of a single

polypeptide chain. In the present invention, the gene information was given a value of 1 if
the chosen nucleotide position is found in a gene and 0 if otherwise. The gene information
from the EMBL database was used as reference.

[0089] 1. Intron information

[0090] Introns are portions of genomic DNA that are transcribed (and thus present
in the primary transcript) but later spliced out. In the present invention, the intron
information was given a value of 1 if the chosen nucleotide position was found in an intron
and 0 if otherwise. The gene information from the EMBL database was used as reference.
[0091] j. Exon information

[0092] Exons are the portions of a genomic DNA sequence that will be represented
in the final, mature mRNA. In the present invention, the exon information was given a
value of 1 if the chosen nucleotide position was found in an exon and 0 if otherwise. The

gene information from the EMBL database was used as reference.

[0093] 4. Initial training and testing

[0094] The values of different features as discussed in item (3) can be computed
from the original DNA sequences. In the present invention, the DNA sequences were the
sets of positive and negative SNPs. The training and prediction can be performed on all or
a sub set of the features, depending the needs. One was to divide the positive SNPs into
test and train groups evenly. In the present invention, for a set of 5000 DNA sequences,
2500 SNPs were used to train the SVM, while the other 2500 SNPs were used to test the

prediction model. The process is repeated for the negative SNPs dataset.



entire human genone; using the position of the SNP data to | ocate the
region that it belongs to; and recording the nunber of SNPs found in
the region as the SNP distribution scpre. [0084] g. Sequence

i nformati on [ 0085] The sequence information contains the nuneri cal

(bi nary) esent at i

nucl eot| Lre co%‘véerétbggilingéﬁ%ﬁerrge%l}%ﬁ% % hﬁﬁ)gég ﬁg%‘aﬁ]‘%gltra %%bvét%\%}e
For Exarrpbsatlveﬁﬁi'd negatibe trramlimgeseegtlﬁdg ldyff&&&(iljkeﬁ(hlﬂ[ aIQﬂ argfletehs t lethe present
presunptlon fhat ee nucl eoti des are use 008 Tabl e _4: Nuneric
Code for W&Eﬁl%tﬁ\}d\z& 331‘&%%&18? i m@e@e@b@w%ﬂ?@e&%mf@m (Jpachims,
Gene infqr

i nformati onnm%%@gp}%%gﬁsgﬂeﬁv l%“g?%g attlcgf %&%&?‘Q%E%’au ngesf r? "ts he la, A.
pr esent (EdG@ntAdwancds he Kﬁﬂl@ Methodsv8tpmmt Wastog iDeemimge. vMITePreds, Canfbridge,

t he chos n nis.found . in_a gene and 0.if othe
The geneﬁ@%’f g?%ﬁ’t t 2CqEEIeSy g};aggeg%ago@e@o%fgrqn‘gpé}zb%ﬁme
[0089] i Ledrffn on999)f qhsrﬁrahfmg 3805 5008 IsARR 288 ©, 0 HebARS NPILALILE to

DNA t hat are transcrl bed (and thus present in tthe prinmary
transcri pein hatS Y eghtsypith differountt parametﬁrseﬁ)prth@ bmarlkwrmiltamdrthe trdrthal basis

posi ¢+ ontsEo ERRES 1S, TP PooheieRictiBe Brvha vt ibied pige pRERen ke

i nf or mat hed diffaent higakbBks. dThabasel ¥ass HFRHoR kefRl %ﬁ\%‘% best Q&ith vhen
Exon information [0092] Exons are the portions of a genomc

sequenceCemRBAredie [ingss apd pobnentiaderneh ¢ hen,fthmaamedrmaqhmefimmnglabgctrﬁbm
present S{}'m%bp Qas é‘@sefec? 38 [c]fp%rsﬁa L T dne tlvge ¥esp 8%5 %/{gi ﬂ‘le l?efst %reldlctlon

t he chosen nu€l eoti de pOSI 1 ONn “wWas oun an ex

ot her wi seesultheeregecedédiimicnaificemt kemolstahe dEMBEnt pataaease was used as
reference. [0093] 4. Initial training and testing

[0096] 5. Retraining and retesting

[0097] The training sets and the test sets were reversed and the SVM was retrained
and tested to get a second set of prediction results. The average prediction result was
recorded and the best performing kernel and parameters were chosen.

[0098] Once the best set of kernel and parameters were selected, the algorithm was
retrained with the entire set of 5,000 positive and 5,000 negative SNPs using the selected

kernel and parameters.

[0099] The testing results from the present invention are partially shown in Table
5. The energy feature provided the best prediction rates with an 85% accuracy. The

energy feature consists of the Enthalpy, Entropy, and Free Energy.

[0100] Table 5. Prediction results for different features and different parameters
Correct Correct
Positive Negative

Features Gamma Cost j Prediction Prediction

All 0.001 1 1 0.7684 0.696

Energy 0.1 0.05 1 0.8504 0.868



[0094] The values of different features as discussed in item(3) can
be computed fromthe original DNA sequences. In the present

i nvention, the DNA sequences were the 24ets of positive and negative
SNPs. The training and prediction can be perforned on all or a sub
set of thgofipat uregoneigpendi ng the needs. One was to divide the
positive SNPs into test and train groups evenly. In the present

i nventi of0102br a s&Nis 5000 BhidomemueessesSVM 50 BbilHst WiRs withdart 85%

train the_ SV i.le the other 25 SNPs were used to test the .

or o ot | 85 el Viteiet R dBE boBrd By GaY Seetrls tERGhdRercrs hipgdkesize tha
dat aset . whdn [(RI9H edVivmhRatA drd¥BEBIonaht 8afiRhAY iPdHIAId BOBX{cRted: that\Whtain
can be trained with the positive and negative training sets using

di f f er enfiugdeotifel posiien with weekes bends would desasisitotbredknansimeplong th8wve gtith

was used i t he SVM based SNP predictign oachir T.

vai o Sy el BRE" S e A Rde Mo e Ll by hep et iegg gih for
C., Snol aSNRs of (if@ges} by ARVHEBEERS rdgion$ethiiCire VeROBS cMABNPVEEd fHus cutting
Learning. MT Press, Canbridge, M\ 1999; Joachins, T., Proceedings
of the | APWRRAAGHAP awhpest pegsled tofispaehSNES. Lear ni ng, 1999). The

trainin of 2; [ . 2 e I: [ sed..
tr a: nI t ﬁg?@%u ght V@mg'%htﬂg?# %Sé’xr{tgﬁ?&glé’rﬁé%g %&s&gglbyeﬁh@*?er%%ﬁ?ér%%1éu?ar
and t he eabbdimdnssiis wifl ectmdenstoRBHat ke¢ Relbodibhertdesd ilpisedicdtdndnthat the

results were.recorded under different kernels and different, ) )
par anet ePYCeNHPESGORAIIGNOtRRsHmIted, n AMteEatike prBpdigents afifbe peasentripgentio will

when  Copp@nOagfardnt A &os8 rlﬁQviB%:_c}\fg‘iﬁﬁ?yagkillf% fgl art V{rdqt%ﬁichttﬂg }ers@#lﬂﬁgen io

machi ne-1 earning al gorithm SV t "'was teste the positive e{n
negat i vepergans. ssuch alenhte bebbdistentsraze catsidened todsakricompassed vathom dedspirit
under different Ql;febnel s and different Bar rreﬁer s. [0096] 5. . .
Ret r ai ni SpfEpe Ut Etplr?f'@m[ B8 Orhecteigh g & 8¢PeHNE PEeserG inveRtan is
wer e revgéseate@hdiHe i WBS$m [ : : econd
set of predi cti% regﬁﬁ\dgh Theg %%?éﬁ@&%%?éﬁ%@é@ﬁ?‘?%%@“s
recorded and the best perform ng kernel and paraneters were chosen.

[ 0098] Once the best set of kernel and paraneters were sel ected, the
algorithmwas retrained with the entire set of 5,000 positive and
5,000 negative SNPs using the selected kernel and paranmeters. [0099]
The testing results fromthe present invention are partially shown in
Table 5. The energy feature provided the best prediction rates with
an 85% accuracy. The energy feature consists of the Enthal py,

Ent ropy, and Free Energy.



[0100] Table 5. Prediction results for different features and
different paraneters C Ct orrec orrect FeaturesGamma Cost jPositive
Negative PredictionPrediction Al0.0012% 10.76840.696 Energy0.1 0.05
10. 85040. 868 24 [0101] Conclusion [0102] SNP is not a random process.
SVM can predict SNPs with an 85% acgpnagy Wthout wi sh to be bound
by any specific theories, inventors hypothesize that when there is
envi ronnental pressure on the sequence, it should be expected that
cert ai nvgﬂu{cl eloIi %Ie position with weaker bonds woul d be easier to
break ant ¢ éptacE%fran one with stronger bonds. The proposed

predi ction system can be used to help scientists to search for SNPs
of interest by predicting regions that are likely to contain SNPs and
t hus cutlti ngA desthodrrft nelizingea deatnings mankisdefdrt predicsiogvef sBighs nucleotide

[ 0103] i nt_inventi has _been described with reference
to part¥%h#§¥£m§ﬁ8§§?ﬁ%h%g?y??ﬁ%ﬁﬁFSﬁﬁmﬂﬁ%§?§?ﬂﬂﬂgfﬁgigﬁhe

embodi ment s gegerbtiddisdinidp86ets df goditiad arldR gativiveNIPd; on scope is not so
limted. Alternative enbodi nents of the present invention wll -
become appar SACURENE ABZ O MATA RRgABetais A egchsiEmber of theraiming sets afimiositive and
t he preﬁgghwg@ tion pertains. Such alternate enbodi nents are

consi dered t e enconpassed within the spirit and scope of the

present i nvemhinimg a Agesingintaghine aldogitiss ofeh 1€ oh&er Aloss pathmeRYLEHR meMbérs of
descri bed by the apFended clainms and is supported by the foregoing
descri pt ‘?}F@mlﬁssﬁﬁﬂ RESIYRANd negative ShAks:pBd 1. A nethod of utilizing a

| earni ng machdshfg QY trhed1dkling nfehitle M it ChBPtdsHSets of positive and negative

SNPs; thereby the best prediction results are recorded by using any of the one or more

parameters.

2. The method of claim 1, further comprising steps of:
running a DNA sequence through the trained and tested learning machine algorithm to

predict of whether an SNP exists in the DNA sequence.

3. The method of any of claims 1-2, wherein the test sets may be the same of the training
sets.
4. The method of any of claims 1-3, wherein the training and test sets of positive and

negative SNPs are randomly chosen.

5. The method of any of claims 1-4, wherein the one or more parameters of positive and
negative SNPs are selected from the group consisting of free energy change (AG), entropy
(AS), enthalpy (AH), melting temperature, GC content, SNP distribution score information,

sequence information, gene information, intron information and exon information.



pol ynmor phi sm (SNP) in a pol ynucl eoti de sequence, conprising steps of:
generating training sets of positive and negative SNPs; cal cul ating

one or nore paraneters of each nmenber @6 the training sets of

positive and negative SNPs; training a | earning nmachine algorithm
with theg. one Toe i@k 1 : : Ll -
positive and negati (sde@%él\l%g? B’g\;ﬁ’%ertel fgstg?ﬁggté ﬁeég% ?%%Jr%gﬁ f%g{ri%tig%gﬁrﬁaez%%gmg'
al gori t Hon avppsitive st negative INB baving wesequehcaefatixe .. xSNRSthet feer @feygyt beange

best prediction results.are recorded by using any of the one or nore .
par anet g@: ogﬁlefﬁ%ueﬁ"ﬁ? RbGxgrs- 'c’fnd?"rr?ch}‘,apsftﬁr‘?héﬁgx?cﬁ %5 g 'E@g;p’&-@ﬁ Wwherein
runni ng tie ONPraesy ene 8f ATogghdihe trained and tested | earning

machine algorithmto predict of whether an SNP exists in the DNA

sequence. 3. The nethod of any of clains 1-2, wherein the test sets

may be the s tkal nkn ets. 4. The neth f any.of clai
1%, andi oi n ey hbd B ey BaorB R e Shpprpds FHegBd Ty BRplonGed B o
SNPs  ar gosidnel @i yegatios SNP havihigea RequRade Of xgR%; 0fx, ¢ Aith® chtr8py WAST @F Nhe
the one or nore _paraneters of positive and negative SNPs are i

sel ect e8°FUEBAT Ch&grDuF-Corkauaisi 19y At XPe et AhErgyt ciadgex-{1AG) wherein the x

ent ropy e é@)msaﬁ?to?%' Yo} e nelting tenperature, GC content, SNP
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10.  The method of claim 5, wherein the GC content is calculated as the mean percentage of
G+C.

11. The method of claim 5, wherein the SNP distribution score is calculated as follows:
dividing the human genome into smaller regions of predetermined length (e.g., 100,000
nucleotides); recording the number of SNPs located in each regions for all the regions in the
entire human genome; and locating the region that an SNP belongs to; and recording the

location and the number of SNPs found in the region.

12. The method of any of claims 1-11, further comprising an optional step of retraining

and retesting the learning machine algorithm by rewrapping the trainings sets and test sets.
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16.  The method of claim 15, further comprising steps of:
running a DNA sequence through the trained and tested support vector machine

algorithm to predict of whether an SNP exists in the DNA sequence.

17. The method of any of claims 15-16, wherein the test sets may be the same of the

training sets.

18.  The method of any of claims 15-17, wherein the training and test sets of positive and

negative SNPs are randomly chosen.

19. The method of any of claims 15-18, wherein the one or more parameters of positive

and negative SNPs are selected from the group consisting of free energy change (AG), entropy
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23.  The method of claim 19, wherein the melting temperature is calculated by MT = 4x(#C

+#G) + 2x(#A + #T)°C.

24.  The method of claim 19, wherein the GC content is calculated as the mean percentage
of G+ C.

25. The method of claim 19, wherein the SNP distribution score is calculated as follows:
dividing the human genome into smaller regions of predetermined length (e.g., 100,000
nucleotides); recording the number of SNPs located in each regions for all the regions in the
entire human genome; and locating the region that an SNP belongs to; and recording the

location and the number of SNPs found in the region.
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29.  The method of any of claims 27-28, wherein the test sets may be the same of the

training sets.

30.  The method of any of claims 27-29, wherein the training and test sets of positive and

negative SNPs are randomly chosen.

31. The method of any of claims 27-30, wherein the one or more parameters of positive
and negative SNPs are selected from the group consisting of free energy change (AG), entropy
(AS), enthalpy (AH), melting temperature, GC content, SNP distribution score information,

sequence information, gene information, intron information and exon information.



represents any of A, T, G and C. 33. The nethod of claim 30, wherein
the enthalpy is calculated by the followng: for a positive or
negative SNP having a sequence of x| x2%8...xn_1xn, the enthal py (AH)
of the sequence of x1x2x3...xn_Ixn equals to: AH xlx2 + AH X2x3
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regi ons of predeterm ned |ength (e g., 100,000 nucleotides);

recordi ng the nunber of SNPs | ocated in each regions for all the
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represents any of A, T, G, and C.

33.  The method of claim 30, wherein the enthalpy is calculated by the following: for a
positive or negative SNP having a sequence of xix;X3...Xp.1Xn, the enthalpy (AH) of the
sequence of X1XpX3...Xp1Xn €quals to: AH x1x; + AH XoX3 +...+ AH Xp.1Xn, Wherein the x

represents any of A, T, G, and C.

34. The method of claim 30, wherein the melting temperature is calculated by MT = 4x(#C
+ #G) + 2x(#A + #T)°C.

35.  The method of claim 30, wherein the GC content is calculated as the mean percentage
of G+ C.

36. The method of claim 30, wherein the SNP distribution score is calculated as follows:
dividing the human genome into smaller regions of predetermined length (e.g., 100,000
nucleotides); recording the number of SNPs located in each regions for all the regions in the
entire human genome; and locating the region that an SNP belongs to; and recording the

location and the number of SNPs found in the region.

37.  The method of any of claims 27-36, further comprising an optional step of retraining

and retesting the learning machine algorithm by rewrapping the trainings sets and test sets.



