1 METHOD FOR PREDI CTI ON OF SI NGLE NUCLEOTI DE POLYMORPHI SMS Fi el d of the
I nvention [0001] The present invention relates to conputational nethods for
predi cting single nucleotide polynorphisms (SNP) and nore particularly to
t he met hods of using |earning machines including support vector machine
(SYM and artificial neural network (ANN) for predicting SNPs. Background
of the Invention [0002] Genomc nutation is seen as an integrated part of

life. The nuMEBTHODIFOR PREDIQTROSREOF SENCGRESSUCREOMDY: FRCYMOR®IIINS al one
or in conbination and be effected in many forns including single

nucl eoti de pol ynor phi sns (SNPs), deletion, insertion, and reconbination.

It is known that certain nmutati 99542k gsso iated with di seases. Mreover,

the nature, frequency and | ocati onh mfﬁ“& REHSat i ons causi ng human genetic
di seases are non-random and determined in part by |ocal DNA sequence

envi ronngnt . Thus, _an understanding of the association between genom c

mut at i ont08kL di sedBeRresantprysatipe relates o commpytationalgnethedsrios predicting singlent  and
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comuni t yaetioest inalugpgcipporttedkionithdobineofSVIMPend hitifics0 RuRE @3SRRSANNYPS are
defi ned ?S 9e[n]line point nutations in the global human popul ati on.

Appl i cantP PradiigaNPsor ef er that SNPs be defined as the variation of a
single base pair in the human genones. The variation can be a del etion, an
insertion, or a substitution, and occurs every 100-1000 base pairs.

Strai ght sequencing is the hiBackgi@ald ofnied Inoehtiohh di scovering the SNPs.
Lately, upon the conpletion of a draft human genonme sequence, numerous
SNP- hunting projects have energed to link single base variation to disease
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and work done by the National Human nomne nstitute. i's noted
t hat notgeabme @NPs daases bamany ifacgors kithet alpheorinf @aitsnatfenrandrist effeceed inhe

SNPs i n genes encodi bl.ogd types effect no h | .phenot.ypes.
Nonet ho B FeeRRaR e herrifle mufbBET: Bouromtges Chlhs) dBdiararestian. gte
adeni ne fe@orhbifilidie 12 is IBRwWH thitdctairPRutafiohdSre 2596kt IR dREAEs OMdkliRebet a

gl obi n causes sickle-cell_ anem a. '
the nature, frequency and location of gene mutations causing human genetic diseases are

non-random and determined in part by local DNA sequence environment. Thus, an
understanding of the association between genomic mutations and diseases is beneficial in
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 through

di rect association, where the allele has a deleterious effect on fitness
and will be found at a higher frequency in a disease population verses an
unaffected popul ation, or indirect association, where the variant is a
menber of a set of alleles in linkage di sequilibriumw th another allele
known to be causative of disease. As discussed above, identification of
the assogbit immatbn $NRe swith rbindeaS€ ofWhe [be8NalRbE USusk® sicRRLQYRarfkn@gnosi s,
seek better treatnent and take preventive neasures. [0004] There are nore
reasons WhSFovered sukations iy el tohdisease suaeptibdity epbertthrough dire¢tiassochgon,ast

few year I , viQusl y.ment i qned, Ps. occur, v
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individuals. In addition, the nutation rate of SNPs is |low from generation
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di scussedithbdisegses twidl gﬂiblsa&uwﬁmfigﬂesdﬂa@ﬁos’ﬂé,sze@l’dKe@ﬂer edam@entohnd take
identifying SNPs. While being highly accurate, it is tinme-consum ng and
expensi VBIFEIVEBGag¥eEcal e i dentificati on of SNPs in the human genone.
Comput at j t echiy ean.; i i i fi.cati SNPs.
For exa OI-{))QQj Pol ybglﬁéelg%ﬁ%gﬁ%géeﬁgapp #%g%tstggrcﬁg% gg?%”ﬂgsggéétogﬂe 1S C \E}retf%tnew
SNPs. Thivthiretheobist sevbgers. offop instaseq ue npeeviabsly m@nioned ( BNPs wtulkery
In-Silicop | degati fl catf'éon and Ch,%ssi fication of SNPs in Sorghum EST
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sequence al i gnment . Predi ction rograns,
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al i gnnment prograns are t adequate for predictjng.SNPs in the human
genone b%cc?ﬁfi’g%p??g‘?%’é’flasﬂg}g? ‘gli%?g}er%oaLﬁlt? &% g‘é"‘bf genoni ¢ sequences.
Furt her npoes] US Priegificdist g adNpa hﬁymeic&q{ah%re?o@&/ R8T BecHoRfit Q%S an

apparatus, systemand nethod for predicting Ps. The method di sclosed in
USPA ° 77&fTicial medhodst efps diserssedlabainistigicht vauentingris preeblistiricabmetwdrmdt r i x
and predi¢t 0 r e.single.nucleotide .variations of. a nuclejpc acid
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and uses that statistical analysis to identi fY di sease-causi ng nutations
from seqefSAcse¢ Bheid ke identification of SNPs. For example, Polybayes has been applied to

EST database to discover new SNPs. This method is based on pure sequence alignment.
(Liu, et al., In-Silico Identification and Classification of SNPs in Sorghum EST Sequences,
Poster presentation for 2003 Genome Informatics Meeting at Cold Spring Harbor).
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.




3 [0006] In recent years, nachine-learning approaches for data anal ysis
have been w dely explored for recogni zing patterns which, in turn, allow
extraction of significant information contained within a |arge data set
that may al so include data consists of nothing nore than irrel evant
details. Learning nmachines conprise aldgorithns that may be trained to
generalize using data with known outcones. Trained | earning machine

al gori t h(@006Ry t hém rdenepsrs, adadBnPIRMHIAE apftBadidl T Bath AnSPSiIS ha®l bedpknown
outcone, i.e., to classify the data accordi'ng to | earned patterns. The
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expreSS| from DNA m croarray hybridization experinents (Brown et
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prot ei n showws wfaiatzclr&ﬁsy pBWnBIaﬁd rtherabBdnce of génédral theories. Support vector
htt p: // wwv. hi omeca {0 gorﬂ 1471-2105/ 2/ 3, 2001). In addition, SVMwas al so
used f orMachIBFSAHE PLANABIRLG: AR U %tR%@%N?%@ 1281698 aadl 6a157,9%Enyhisker i ng

Support Me6eh@kp dyg@@h&%m llﬁqflaﬁgﬁmg@@st recogni ze translation initiation
sites, Bioi nformatl cs, 20 Sep; 16(9): 799- 807) and for splice site
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the brain, process r1nformation. I's conpos rge n hi ghly
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Lear ni n@2(00),iradl migiicabn Y ptRem gtﬂazfalraaeeﬁasa%uﬁétrmts%pﬁ&t 28103 WIRREAL for
predicting protein structural class, BMC Bioinformatics, 2:3,
hitp://www.biomecentral.com/1471-2105/2/3, 2001). In addition, SVM was also used for

searching translation initiation sites (Zien et al., Engineering Support Vector Machine

kernels that recognize translation initiation sites, Bioinformatics, 2000 Sep; 16(9): 799-
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 large 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




connections that exist between the neurones. This is true of ANNs as well.
ANN has been applied to certain bioinformatics problens including protein
configuration (Dietmann and 4 Fronmel, Prediction of 3D nei ghbours of

nol ecul ar surface patches in proteins by artificial neural networks,

Bi oi nformatics 18: 167-174, 2002), and4prediction of translation

initiation sites (Pedersen and Ni, Neural network prediction of translation
i nitiati BrommbEPredictiot ksl YDt ﬁ&%hl&ﬁf@ REGhbNESlaf QhrfERT paRHe Y8 BFReiANAyYSI S,

| SMB, 5:226-33, 1997). [0009] Therefore, there is an gm sting need for
devel opi Adificihpenral ngswetksabioinformaticsr18: ¢ 6pdH.8002), pné giedidtiog ofhRsslition

genom ¢ Se6H ni ng- from it he known..SNPs . an on: SNPs. The. SNP
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satisfies all of the needs, Summary of the Invention [0010] The present
i nventi olWOPR] at es Therebpihereiis AnkXistinnoers foodeyslamng computerf progiamyl that

nucl eot i ' . e specifically, the t hods utild
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member ofiS§aY&Tt P pradifiingsequepcepthat pevikelint qoatpin SHEs Silibe presentainméniigna

| ear ni ”%a‘i‘i@ﬁé&id}ﬁoﬁh&?éédtshmv‘“h the one or nore paraneters of nenbers of
the training sets of positive and negative SNPs; and testing the trained
| earning machine algorithmw th test sets of positive and negative SNPs;
thereby the best prediction results e%re recorded by using any of the one
or more paraneters. The par anet@R&agolfbaInveRtionang “negative SNPs used for
the | earmong machiTge plaafd ihDERidneldiderof icting " OPY
(AS), en 'hggpy (AR), gel ti nlg telmtr)lem(réadté%‘ratg, é@@%ﬁ{ngg?{é %g%gll( é?%ilmtt)lﬁlg?%fn
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detaile escriptio pre
training sets of positive and negative SNPs; and testing the trained learning machine

algorithm with test sets of positive and negative SNPs; thereby the best prediction results
are recorded by using any of the one or more parameters. The parameters of positive and
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




Detail ed Description of the Invention 5 [0013] A "polynorphisn is a
variation in the DNA sequence of sone nenbers of a species. The genones of
animal s and plants naturally undergo spontaneous nutation in the course of
their continuing evolution (Cusella, J. F., Ann. Rev. Biochem 55:831-854
(1986)). In sone instances, the nutated sequence and the initial sequence
co-exist in stable or quasi-stable equilibrium In other instances, the

mutati on[@uBiers aAsyolyHédphRin" i§¥% Qb GNAT e PUAN AR shRf rﬁé}ﬁ?eirseéf and
accordingly, it may eventually be incorporated into the genone of every
nmenber of Speries. sPcganomef 06 animals pul plantsphaisatyi endetyosspeaiatedws hetatiad el i ¢, "

' hat , i St f...th I hi b f
speci os B D SR ShHRLEE s ebe leBR ABR B fhniem apwiless

wher eas O1988Y). TRITB&HS iMFhcBAVBe anildicd! @uSRIUBAGEe (hitiSt sdqiEndBEs-BRke &Y
mutant "allele"). In the sinplest case, only one nutated sequence nmay

exi st, ab@dlery quasirsishie savitibiing. sk etheminsenctis athe ehitetioDianfbesl 4 survival or

pol ynor phi conmon and, the.preferred pol rphi snms of the
pr esent ?%@gﬁ?‘?d@ﬁ ?&‘%ﬁtearégg(té e Sé’ﬁﬁlgs’o%n%aqcf%ﬁﬁﬁgh’ \}tema%Y"}a)W‘il &gbeclgﬁmﬁf”i?@dri se
to trialimd diegeneime of padry bl 5Pthat Heck] el e may be referred to by the

nucl eot i Rﬁ’é‘s‘ that conprise the nutation. LOOLS] The present invention is
di rect ed par t fAckAlEnombisss isohug Faid|te be "glsllipston Pivitsdrs, todhel existendesdfr use

i n genot ypi t ' h allelic ol ynorphi.sns_are, .referred
to herei %Qa@gy@?rﬁg?gl’ rslﬁr% %%ltnl{%(gs %%l%pr%l"eﬁﬁ?agr%a,ve %berlynr@ﬁ%@'seq“%%&lee{he

nucl eot i ddgipall "pitele)hwiersds @her ehbaredndIvhdvoa h@hle@Bedq@nad tild. Bt Wsiantdor _
central attrl,,blTut e, .of s&cﬁ:h_a @gl ynorphismis that it contains a polynorphic
site, " X‘,m‘t%sf‘l elE)r)eflé‘r | YMBEstpised 0Bl enesmutites sraverest gl exiti aid the t he
site of hakd I; . nd.characteristic of an
S e A G R b DT A T R b

f ol | owedthpyprefemedrpodymbdrpbéoment dse pfestiteinabitine. T @cp@rawr ghilersdtive of

the SNP is ﬁhus sai.d to lie, 'l'll {medi at eg'y" 3'.toa "5 -proximl" invariant
sequenc&PUBHENS S grte rise Iy (fiallgleiq, gty polymagphisms.An alele Myt besieieedde by such

sequencetﬁefnll@e&idel(@tmlc}zgﬁgﬁpg'u{hgmlﬁgﬁ _As used herein, a sequence is said
to be an "invariant" sequence of an allele if the sequence does not vary

in the d8Plilati on Bhe tiresepenvivestioh 0B1@]reSiedcm geparticulaNAliss of allelic
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polymorphisms are referred to herein as "single nucleotide polymorphisms," or "SNPs."
"Single nucleotide polymorphisms" are defined by the following attributes. A central
attribute of such a polymorphism is that it contains a polymorphic site, "X," most
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 imedi ately 3'-distal

i nvari ant sequence. In the preferred enbodi nent, wherein a SNP's

pol ynorphic site, "X " is a single nucleotide, each strand of the

doubl e-stranded DNA of the SNP will contain both an 6 imediately

5' -proxi mal invariant sequence and an igmedi ately 3'-distal invariant
sequence. [0017] Although the preferred SNPs of the present invention

i nvol ve gnSulstdly Widskintl Q98 Céeﬁ%&%ﬁ&e ah®@anHOMOSY te?P}al 3 D& N nvEriant

pol ynorphic site, SNPs can al so be re corrpalnex, ahd y conprise a

del et i onsaglierrenucl eoti de from or an insertion of a nucleotide into, one
of two cgrrespondi sequences, For_exanple, a particular gene sequence may
contain BRUE R & g\g'hf’véhﬁ*ﬁrpf?far#wﬁﬁ jof the presephinyeRHONARY ohee 3 SUBHEHIORs i n
ot her anj i i LOoNn ' t that
site. Al ?ﬁ%ﬁﬁﬁglﬁéﬁ%@i@e%oﬁw %N@%e%rgpg ﬁ)é)qi%{rje g%t ﬁ}e%"\%rgsi %ﬁl ﬁ%@?g%?‘% an

i nvar i ancorpplox,iamdmayecpneprese aatetetionwdai miieotidi bl osaninedrtien oSNRsclaaidehave
only an invari roxi mal or only an invariant distal sequence. [0018]

ant
The SNPsmE[)‘?’_OPﬁé’?ﬁYVEé’@FffSRWE}gtﬁeﬁﬂer@ﬁﬂ ber esamRple. ot RATHSY) 38R SCOMACH 2 ny
pl ant or ciARh A if4 Pebiidglap HHE?%WHQ Bit6 f’rﬂ&?ndoérhfﬁﬁfs?@he{éﬁ%s&t & AhigkLs
) ar S e, S

(such as dogs, cats, etc.) ani ma such as catt eep, etc.) and
ot her ecengriwahhljipiavbaset dad¢tionannight be pgré&@hoht BAPsiteoc Althoagh Hiegprefeneduency

and unif i, t t hus, .maki NPs extrenely. val uable. For ex le, if a
par ti cul S5 phhe plsSen BiuiboiuR folh g ndial Promsel saughos SLBNREH at a
parti cul gistal 6€dincd, NP ARy RRkY TAPRL SR8 plokithAlnbieshly %ntiheari%laﬁ Tdisl@alll' ar

| ocus can be used to predict the 'probability that an individual w e
exhi bi ti¥¥gue¥&t trait. The value of such a prediction is determned in

part by ista t he L ynoy.phi s and .t he | ocys...Si,n t he
SPs of PRESE: ocantfic ROENER B i RNERen b f g G e Dlbamioo
bases i nplaiiteorramivaall insludBg aikansaRch-BuhbR iptindfisf @smidsiy Bfmalk $duchytdogs. a
SNP can, statjstically, be found within 150 bases of any particul ar
genet i ¢ $3Ssish) dArmanERals fsuch] sogaile, Shipep,aate) rnd ether gopreomisally dmheitant| asses
of pol ynpgphissns. Their spontaneous mutation rate is approximately 10"9.
SNPs permt a high degree of genetic resolution of identity, paternity
excl usi de01¥nd ana$yBs sconf adtighfiequdncs apd adifepos], tHuemiling SNPpakirdmell ar
genetic trai t1 %NPS reflect the hi lghest_ ossi bl e definition of genetic
i nf or matYadyeble. For example, if a particular trait (e.g. predisposition to cancer) reflects a
mutation at a particular locus, then any polymorphism that is linked to the particular locus
can be used to predict the probability that an individual will be exhibiting that trait. The
value of such a prediction is determined 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
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[0022] SNPs can be characterized using any of a variety of experimental methods.

Such methods include direct or indirect sequencing of an interested target, use of
restriction enzymes where the respective alleles of the site create or destroy a restriction
site, use of allele-specific hybridization probes, use of antibodies that are specific 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
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an SVM may be used accurately in estimating indicator functions (e.g., pattern recognition
problems) and real-valued functions (e.g., function approximation problems, regression
estimation problems, density estimation problems, and solving inverse problems). See,
U.S. 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) ¥: € R" (i=1,2 .., N) with corresponding labels yi _
{+1, -1} i=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 Boser, |sabelle Guyon, and Vliadimr Vapnik, and is hereby
incorporated by reference inits entirety as though fully and conpletely
set forth herein [0026] A full coverage of the use of SVMfor pattern
recognition is given by Vert (Vert, 2001), but sonme basic concepts are
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quadratic programring task: Maximze N NNI al - -1 1 alal. yl yj.K(xi x;
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in equation (2) ks a paraneter controlling the trade off between the margin
and the training error. It is the kernel function that determ nes the
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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(~y|xi—x,

K(;,-;c,)=(a},-->_c,+1) )




referred to as over-training. The kernels tested for SNP predictions are

| inear, polynomal and radial basis function. Equation (3) is an exanple
of the radial basis function and equation (4) shows the pol ynom al kernel
function. 2 K(xi x;) =exp(-y xi - x; (3) dK(xi x;) = xix;+1 (4) 10
[0027] Since its introduction in the myg-nineties the SYM net hod has

qui ckly becone one of the nost popular |earning algorithnms and is
currently applied to nore and nore real-life classification problens. The
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has beenio¥fMin®mA (IS SeurhPh&woNpert can then be used to provide
proj ections given new situations of interest and answer "what if"
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| earn how t t.asks based,on. the data given for .training or initial
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or repr agenRtrabh®th@fothdiendtRdRriABLIOEd receives during learning tine; 3.
Real Tine 17’Cﬁer ation: ANN conputations nmay be carried out in parallel, and

speci al [R834war e desitainsmhodimeitn gf des pyned iavantionreafpday theed NbhifethSINBke

advant AYftediction. ANN has remarkable ability to derive meaning from complicated or imprecise
data and to extract patterns and trends. A trained neural network can be 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
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choose an i nput ¥rom negative).
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Comput e the.error  si | 8k in the output |ayer
algorithm is given e ow as an illustration.

[0036] 1. Initialize the weights to small random values.

[0037] 2. Randomly choose an input pattern from the training sets ( positive &
negative).

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

[0039] 4. Compute the error signal§, in the output layer

O, =(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.
6,= f'(netj)zk:cskwkj

[0041] 6. Update weights using




= (tk -ok)f'(netk) where ok is the actual activation value of an out put
unit k, tk is the target value for unit k, f' is the derivative of the
activation function f , and netk is the net input to neuron k. [0040] 5.
Compute the deltas for the preceding |ayers by propagating the errors
backwards. 8J = f'(netl)BkwkJ k [0041] 6. Update weights using 12 wlk wk
+ 178k0O J where 17 Is sone relatively small positive constant called the
| earning rate, %,“QK |§_ e wei ght between neuron k and neuron j. [0042]
7. Go to step 2 an J#epeét d?fthe next pattern until the error in the
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i ncl udes part or he paraneters ropy, Enthal py, Free-energy, GC
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gene |nf intro exo I nfo) and the output vector value is designated
as 1 if ‘?ﬁnngs’fnr‘?ﬁ’ﬁﬁ%é'ﬂ??‘{:]@aﬁnﬂ%ﬁﬁen@ set and the output vector value as O
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dataset from the positive or negative training set is then chosen to train the ANN. The
dataset includes part or all of the parameters (Entropy, Enthalpy, Free-energy, GC content,
melting temperature, SNP distribution score info, sequence 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
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per f or mapg - r.edi ctd t.he.expected future change rather,. than.

P earct | icpylaeRisRes dnEinid fuReRE G ren foetiEs SO S dRtlin st ine

f or mul at evblaton grdeginetic diveddenSHPIEXdBHGTGRe holy Atfed¥ak XBylicheQthaPbs sseNCeS.
The pol ynucl eoti de sequences, however, may be from any resources including

human, afiPfsred By aihey bergology cetobingtianality. ~ The isNmece dbnitgen¢sedn iansighdlf er ent

speci es i | i i n evpl ution .and genetic di ence.
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transduc iogﬁgaﬁ hway or a netabolic pathway may be clustered together.
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Especially, t hg 1SNPsI%maly‘;Vpr ovi gsem?ﬁésllg%ﬁ%' iircllﬁlg’ S?%&eﬁﬁeg)g%@%ﬂs Irroglrbg%qlé(}ﬁgh?fps
bet ween SNPscarkt firthenfoennlafdus refioeanyf patiplathernstst or predicting of  SNPs

can be f er formilated to ref] ect any particular interests. [0049] After
a speci fli%@&%robl en r’f‘ﬁ?‘?ﬂﬁ%‘ﬂ@ f,en’c]isé?lili‘i“}%@te@éfaénlagéa@ﬂq edlegtgd. Fraipkeng

data congtd s&fpidscs QlsePbr ik goiﬁﬁiHﬁtvﬁlgh&%%&hﬁﬁ@f@ﬁsﬁ&?{%éﬁ%\%{tg Gémpf"ger e, the

data conprises positive and negative SNPs. The positive S are i ned
as pol yriepsitestdndenegetdue ib@s. Tha positive §NDNAra defirilAstfodtnuckzotidé secaenGhP

nucl eot ii%@luﬁﬁl%i Bﬂﬁk ar-{_(i1 ?{1\?;&\‘ I?har% %%Lt%?r} étr(lj %NP nucleotide residue. The SNP nucleotide
residue has been identified or verified by any traditional experimental methods or
computer programs. In the present invention, an SNP can have a length of sequence with 1
to 1000 nucleotide residues. 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.




resi due has been identified or verified by any traditional experinental

nmet hods or conputer prograns. In the present invention, an SNP can have a
| engt h of sequence with 1 to 1000 nucl eotide residues. 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 mddle of the SNP sequence
with equal nucleotide residues at the upstream and downstream of the SNP.
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| ocat i ongpgnchs e sypmpt osi s genes and intracellular genes. In these
circunstances, the positive and negative SNPs can be sel ected fromthe sane
cl ust er sl00The si zBhefpositivet arai neégagive sSNPsiepe ridsextpamted fienc hay atababst i cs
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[ 0051] The positive and negative SNPs can be exfracted from any database,

exper i neREd BA@T FRIBOE SAwEeS. olkndata maYibe psorideskthofughtey dateas siell astvéa thype of
t he dat & Vi ryci al e ods. Training data be
col | ect Zlgte%%msgﬁ%r gﬁf(a gst'e O?Idg%égi Celén/gﬁ)l\rqs’r mse OEOOLE}P?eith? G4 a be
provi dedcdlleciiergbf aniningdat ug beascomplished mimia8y"Rtby AL \E T anl Auikages or
di scs, CD/ROVs, DVDs or other storage neans. The collection of training

dat a mayPIBEESSUEhAT FRyEHelpelFni¢ fafa Gangker methodst an aut onmat ed

[0052] Next, the collected training data is optionally pre-processed in order to
allow the learning machine to be applied most advantageously toward extraction of the
knowledge inherent to the training data. In some cases, pre-processing involves selecting a
method for reducing the dimensionality of the 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.




process, such as known el ectronic data transfer methods. [0052] Next, the
collected training data is optionally pre-processed in order to allow the
| earni ng machine to be applied nost advantageously toward extraction of the
know edge inherent to the training data. In sone cases, pre-processing
involves selecting a nethod for reducifig the dinensionality of the feature
space, i.e., selecting the features I ch best represent the data. Methods
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i nput data. Therefore, the selection of an ppropri ate kerne
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the art, .. er‘rpll(aréi kernel s i nclude pol ynom al kernels, radical basis

¢l assi fidifferentketnel.

[0055] Those skilled in the art should appreciate that SVMs are capable of
processing input data having extremely large dimensionality. However, according to the
present invention, certain features have been selected to reduce the dimensionality 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




kernels, linear kernels, etc. In an alternate enbodi nent, a custom zed
kernel may be <created that is specific to a particular problemor type of
data set. In yet anther enbodinment, nmultiple SVMs may be trai ned and
tested simul taneously, each using a different kernel. [0055] Those skilled
in the art should appreciate that SVMsjare capable of processing input
data having extrenely | arge dinensionaﬂlty. However, according to the

resent inyentjion. certain features hayve en. selected to reduce the
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features use n the SYMin the present ‘invention include Entropy,
Ent hal py[008pke- eneAdier tBCSYavs erst traimed mithgthe drajeingtsetse theSNFnedi SYIMS et i on
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cal cul ati on_ of %ener gies was disclosed 16 in a peer-reviewed journal.
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training sets thenselyes. A ternatively, test sets may be produced
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col on cancer g _t he t est sét may cont al I‘¥ a e (0] genes ? a ar e
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addition, test dat may be collected fram qne aqr. nore | ocal and/qr renote
sour ces me TS R ?@X ,bet%g?m d gﬁ §sing tesfipg @tad’glﬂ%f TP tjﬁgnféé‘is fa'éﬁctfaé’élmg rom

t he sanedgpurce(s) at the sane tinme. Thus, test data and training data
sets can be divided out of a coombn data set and stored in a |ocal storage
nmedi um fl8P5Use as Bhg SMMatmashpatoptianalys ettsaifiat and Iret@steil ngitmilh saree or

g o el DAY} BSaahE R AALAVE SNGRL 138 in iR Foles Y Son BeBont Y P°
the same manner as the training and testing. The output of training and testing is recorded,
and the kernels and féatures that give out best prediction results are also recorded, and will
be used for further testing.

[0058] Those 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




the training data. As should be apparent to those skilled in the art, a
proper test of the learning may only be acconplished by using testing data
of the same format as the training data. [0057] The SVMs nay be optionally
retrained and retested with the same or different sets of positive and
negative SNPs. The retraining and retegfing can be done in the same nanner
as the training and testing. The output of training and testing is

recor ded el s ures. that give out best prediction
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data poi FERRTEG SEISHRE Mg Uiy kernels on adipting kexnghpriametess. Frghcsmere, wher e

mul ti pl einSdVBasdvehetd Aiult els,
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kernels det er i on ,of . whet her n optimal sol ution has, beep
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process. fo[l@Qﬁ@ Exdmples will ®etATa34iB@Hcd RAthe Ll ﬁet‘g%ﬁfﬁg f The é)m})pﬂl%exﬂﬂatn been
dj ust

achieved by the trained SVYM kernel selection is Adj ust nent of
t he ker ngiese Examples ,@rq-,ﬂgscnbed solely for purposes of illustration and are not intended to

limit the scope of the invention. Changes in form and substitution of equivalents are
contemplated as circumstances may suggest or render expedient. Although specific terms
have been employed herein, such terms are intended in a descriptive sense and not for

purposes of limitations.

[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




conprise selecting one or nore new kernels or adjusting kernel paraneters.
Furthernore, in the case where nmultiple SVYMs were trai ned and tested

si mul t aneously, selected kernels nay be replaced or nodified while other
kernels may be re-used for control purposes. [0060] The above discl osure

general ly describes the present i nvent; n. The follow ng Exanples will be
of assistance to the understandi ng of e present invention. These

it ondod b SR PReEc et o O SRS R B Ot ceshaiiide bae BRaghan B

subst i t UlyePRbOTn BRYIYRhEHMENBIE a s%}%@fmgaéi&{ﬂe ﬁﬁpgwagﬁééﬁta@i i§ Fhe W% thatg9est
or render expedient. Although specific terns ave been enpl oye erein,

such t er ths SBfM mashéneckeaild reterndesdt withinaecepeabdetimad Inis hofed that pusetpafarsreof
limtati . [ 0061] anpl.es 062]. 1. dom extraction of a set o
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wet -1 ab; allele frequency hi gher than 0.2 where a Ieﬁe frequency Is a
measur e &queRes lergthoire. 209 balUpstrean snd A0kp popnstabinat;thafNPgmeioe. Biwethki gher

than 5 S e Sjze refers. t.0.t nunher of chronobso ei nqg used
in wet- Y\g)ggl %%iugg?? ﬁegg{h Wéh 8BBPRYBEYS ?1\\}8 lsskﬁgsbp S ?Igﬁﬁé?ﬂ‘?ngxﬁm&ewegr om
the Japain the pgdsent ilwtidattb drtrRal YA NiiseHEsdaIsNRY) ARt R diction. For the
(http://snp.1ms. u-tokyo.ac.jp). The JSNP dat abase provides conplete

; .0k .
i nf or mat $3A of SHUPHGEH 9ftesimg ihevBWM prpgzan, 4 sositigafiNPednti nseBin the testing

wel | -str r t ..t h NPs.in.th NP_dat abase, haye been
val i dat e%?%rﬁgfaﬁ%ﬁ%?-tprfg% %ldne%pﬁees %‘F‘g%%ﬁlst OhgR oH?Cl‘é&é%ta th%ﬁéﬁcifﬁsi tive
SNPs wasupstreain agd dbwhstrdafiemsdlantide bithe SNEEnR¥A4t@achi ne could return result

W t hin aﬁ)@gﬁtable time. It is noted that a set of nore or |ess positive
SNPs can used to Randpm extactivnet asehehPdesaquercss apnegagive INEs fiom thesul t .

[ 0064] |ﬁhr§£p%e'fn'b&@,dr£@5t of the Japan SNPs cone with a standard fl anking
sequence length, 1.e., 60bp upstream and 60bp downstream of the SNP

posi tion0086lus, t h#& negatiwd SNB(nafiecd &ngtdntigubhs sRecipos nhdlv@ideNRqichcd 21 bp.
Thi s enttihre @E%q}uence coulﬁgjsﬁ} ugﬁ% in the ,gresent i nvention to extract
f eat ur esFUFYRHBL &9 T58PY r leftaiginossiBle, thep an (NP mayikavsinatibeghi city
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adj acentpresgps inveniomnbsproiallyt theawyuerck éoexteetal frodneanSHNPP mpoot sgidndef the
human genome draft, where no SNP has been reported in that region. In the present
invention, 5000 DNA sequences with a length of 121bps were randomly extracted from
human genome draft NCBI Build 33. The negative SNPs used for the testing were the
DNA sequences that contained 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




- energies and structure information. The nethod and cal cul a

[ 0065] 2. Random extraction of a set of DNA sequences as negative SNPs from
the human genone draft [0066] A negative SNP is defined as a contiguous
stretch of nucl eotide sequence that contains no reported SNP. Wiile it is
possi bl e that an SNP may have not been detected within the sequence, the
probability is quite lowin the randonlyxtraction of the present

i nvention. Especially, the sequence is extracted froman SNP poor region of
the human genone draft, .where ng SNP has been reported in that region. In

the presSHUCNGes R TR Inkapetipnet theredameansians Ko SNEnpredicpn1 uchpas ther e
random y ;%Bagl NCBy Bu 33. pLve
SNPs us erél‘é?%;gqt&{ﬁgg? ﬂélgf :ERS re d’% ﬁgg%&@e‘ga& enc elslgwne zgrg)dcaglﬁi tc-élﬁﬁg?i‘ S%SgérgNP

wi t hi n 6kispyen ephoseskiliedrinl titoavh sForeaxample, thieulathostDNAUGIcadEd Wes gisdbsedon. | n
addi tion, the negative. SNPﬁ V\@e random y chqgsen over the 24 chronpsones.
For the Sak&°gf' i5Hnd iourgalos (WSROt Hle Posiptiteo graicadensgdenteclong  dat a
used T orsibkifity OsHioel @iplt DNA dIRbRlerO'BibANIGRALLhO0Y) AR%)! Nadvefipligsssh Of @
chosen nucleotide and the adjacent upstream ah ownstr éam nucl eoti de of

t he choslefgsdription d€calcylei@is]of Jiff¢renit foateres idteipfuh t he SVM [ 0068] Feat ur es

used in SVM in e present inyention include Entropy, Enthal py,
Fr ee-enelyﬁogge}?] GC coh é‘fﬁ%)neﬁ%i (El}aﬁ%e (%(?r)perajt ure, SNP distribution score
| nf Or M [0070] SEqUERIEE chifed!dRRALOMG LNl FBERurd &Y fohohfihaTahy on and

exon information. These featufes can be used together or separatély. Many
f eat ur esofdyv Baich erengsids eeledsed ror rérpiiNAo sleiye tecieactitin: eliek energychass ishe GC

cont ent nce informtiqn, Qthers require that additional )
transf orrﬁg(?ei gﬁg}fgtgoa%oﬁw B © ﬁ’@llﬁ\ﬂi%’@e @%L?é‘r‘}c@gmtp& @Taé‘ﬁ? égg}\f dPFi&t i on
of ot herreliitioRsisp B@pleoent&NBy HELEatibRMG SULH -as Mﬂerhé?@ﬂth&l?g ch&TPRRASD UT €,

_ | ' I ons "are " known
to t hoseEi§ninopy chapgeKAShll bediscessadpelew. dirausequénsn vath Dclestislegithe was

di scl os ' - IV j. oyt nak.. zar et cal, Predigtin
sequencgf-;Ie e%ﬂe%rrl egll?a%rﬁgl ?;é%%mgetda%%ﬁi%‘%% %‘0’%&%{]151 EQr B@&n@ﬁ 8%8’3%,9

Bi opol ynihnsge dAIAATT= fik8MWprgyNfVEAthakestergRof BITI f 1.0299102p¢ @A, Ofable 1

cal cul a&%ns gf different features is hel pful. [006%] a. Free energy change
(AG) [ 0CPOYSHRedresaeyyy ehangse fondjifaentapaissaef nusteqtisles predisted drom theis

Spont an&iytmr@N4SarRiL Ay efr%ig hfni)?(ﬁfeg%e&%sttr%k&1%83%39&1&%&%0{ ggdfcang byg the

reaction. Free energy chan
duplex stability, Biochemistry, 35:3555-62, 1996).

[0071] Table 1. Free Energy Change Values for Different Nucleotide Pairs
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)




made up of two conponents, enthal py change (AH) and entropy change (AS).
Their relationship is represented by the equation: AG= AH - T AS. The
ent hal py change (AH) and entropy change (AS) will be discussed bel ow. For
a sequence with n nucleotides, the free energy change is cal cul at ed:
AG=AGL12+AR2, 3. .. +AG1_1,n. For exanpl e,Ofree energy change of AAT = free
energy of AA + free energy of AT = 1.02 +1.02 = 2.04. Table 1 shows the

free ene hange or different pairs_of nucleotides predicted fromtheir
structur L@%fSant aEB&PBY (2@5 & ?,m?%ﬁF%QE@%W@W%% Hisetder gacithet Bies f or
predi cti setdaNby thd Y Dify ' ' 30 z . [ QO71]
Tabl e 1. Eb%r ee Etner gygeglhcgltrl]%sg f’\%}aﬁg%t@?ggwgmﬁﬁc}éﬁ%ﬁ%aé@%@y?@g%ﬁlﬁ@g&d 1.02
TT 1. 02 SEB8 S17A SGG . 1A Bk 11 AFoexARiplel AhederfiropAGE A /BB = eGhoRy 3BAAAGertrody GA

1.46 CT_J. _ : T1G.1 4 1,43 CG 2.09 GC 2.28 [0072] b.

Ent r opy i’f)lxé)lpz‘ogg[%é;‘gﬁ —Eg‘@r%p abgsr% shews the Faliery 4AS) fer dilfraenireds o

di sor der nidleRideh i ) a sequence with n
nucl eot i Iées, t heﬁﬁgkﬁpﬁﬁzﬁﬁgtﬁf%’?ﬁd@ggég@%&@gﬁ’ll,d;g& S2,3-..+A S, ,-,, ..

For exanffi0é4] t he efhablegyEofropyAValueefur Doffgrenf Nddleatidertaimpy of AT = 23.6
+18.8 = 42. 4. Table 2 shows the Entropy (AS) for different pairs of

AA - 23.6
TT 23.6
CC 15.6
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=AHy+A Hyj3...+A H .y, 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
TT 8.4
CC 6.7




nucl eotides predicted fromtheir structures. (SantalLucia, et al., 1996).
[0074] Table 2: Entropy Values for Different Nucleotide Pairs AA 23.6 TT
23.6 CC 15.6 GG 15.6 AT 18.8 TA 18.5 AC 19.3 CA 19.3 AG 20.3 A
20.3 CT 16.1 TC 16.1 TG 23 GI 23 CG 25.5 @GC 28.4 [0075] c. Enthal py
(AH) [0076] Enthalpy (AH) is the heat/glnergy rel eased or consunmed during a
chem cal reaction due to differences Detween the chem cal bond energi es of
the products and reactants of thetreaction. Wienever AH < 0, heat/energy
is released by the reaction; AHY_ &G heat$dnefgy is consuned by the
reaction; and AH = 0, heat/energy A neit6ér released nor consuned by the
reaction. For a sequence with n [nuqlaeot|i dgg, fhe enthalpy is calculated: A
H=AHL, 2+A H2,3... +tA Hn_|,a HO ARKa i§:4 The enthal py of AAT = ent hal py
J, A

§
-
J

of AA + enthal py of AT = 8.4 +6-5 =14 | e 3 shows the Enthal py (AH)
for different pairs of nucleotideyg%r_?diﬂedfromtheir structures.

(SantalLucia, et al., 1996). [0077] Afablle 87 Enthal py Val ues for Different
Nucl eotide Pairs AA 8.4 TT 8.4 | CGA. T 7.7

CT 6.1
TC 6.1
TG 8.6
GT 8.6
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




21 GG 6.7 AT 6.5 TA 6.3 AC7.4 CA7.4 AG7.7 GA7.7 CIe.1 TC6.1
TG 8.6 GI 86 CG10.1 GC 11.1 [0078] d. Melting tenperature [0079]
Melting tenperature is defined as the tenperature at which 50% of the

ol i gonucl eotide and its perfect conplenment are in duplex. The nelting
tenperature is calcul ated using Vﬂlla%% rule (Wallace, et al., Nucleic
Acids Res., 6:3543, 1979): MI = 4 x ( + #G + 2 x (#A + #T) C. For
exanpl e, .i.f. the sequence, is AT hen,.  #C=0, #G=1, =, #T=1, the Melting
t enper at LPYe 4 E‘?(lf)ﬁ’ﬂje'g"z . ezg.&‘cjﬂ.o‘@@o'?e éqpf%ﬁ@@eﬁ%ﬁm Qgﬁﬁléﬁyl&‘héontent
of genonpesihidrsthatahiRemhcReti§derEB&y. percentage of guanine (G and
cytosine (O . For exanple, a sequence of 10 bases, ATGTACCCCG w Il have
GC cont eh®0 60% Tabgde ¢ NumesagiGods fordNucledtidei lyfiematiemper at ur es t han regi ons
that are AT rich. For exanple, GC content for ATGis: (No of G & C/(No of
A&T)= (0+1)/(1+1)=50%—F0082] f—SNP-distribution score information
[0083] The SNP distributionAcarelis calcul®®8d as follovs: dividing the
human genonme into smal| er régions of predel@dd ned | engtlh (100000

nucl eotides length is used ih this project)]o0rmecordi ng tthe nunber of SNPs

| ocated in each region [for &l the regions 1gotghe entirg human genone;
using the position of the SNP data to Iocate the region that it

[0087] h. Gene information

[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.




bel ongs to; and recording the nunber of SNPs found in the region as the SNP
distribution score. [0084] g. Sequence information [0085] The sequence

i nformation contains the nunerical (binary) representation of the actual
nucl eoti de sequence. The nucleotides are converted to nuneric codes based
on 22 Table 4 below. For Exanple, fan be represented by 0001 0010 0100
with the presunption that three nucle i des are used. [0086] Tabl e 4:

Nureri c ﬁ)%gg for Nucsﬁgqctl de Information A 0001 C 0010 T 0100 G 1000
[0087] hlV0&he i nf Oriviacishmpeues]caming alsorithmfs.g. Y Miean bedrainedowdethe

i nformat} (9snt1 eoéndpﬁ H9 AR séls ﬁélﬂg |6 B lé/epneﬁ) e'tdag?z?r?r%'e{%rs hﬁ Oeg(ralﬁsent

i nventio e gen %OI’ matt on was— gl ven a va

nucl eot i Iﬂﬁfemmm 1SV(ML1g$1t Was nded anlgememaﬂhd NV bea@édlSNWIﬁ@dthd}ﬁ(mﬁhﬁns
i nf ormat| ﬂﬂ f.romthe I}J{flgalbase was used as reference. [0Q089] i. Intron
i nf or mat T orVfiH08 03 e 1563 8r§V apgipg perticabt Iy ssbetkepliaBusges, & §mt°ff3ar4‘scr| bed

(and t hugsdRneagPinces i Kendd rME'?%M Sﬁﬁ@ﬁpﬂﬂe%) Lgéﬁnrl tl@fITSE%és ;Egm%ﬂhge In the

present inveéntion, the intron t1on was g|v a val ue’
chosen nMA eb@?%eTqaohmns dh, \Haecefedurgﬂ o tlenlntérhational aDenfBrente anh®lachize. _The

gene inf rmatio t he. EMBL d t se was used as reference. [0091] j.
Exon i nf %ﬁ%ﬂ?go@%o@ﬁ trpipgigsely %F’t"ie@ﬂ%2t§poz§1€%%W@rﬁI‘&PSDKﬁlle§&ﬁU@nce

that wi l#aiRané SVNIEEIAL Qﬂth O V% i tersRE ltﬁeelulﬁrea ¥r{e? aBPQItnﬁ r'btasls

invention, the exon information was given a osen
nucl eot i @GCTEIUB(RBB)rkam@ f"Blstricbst predrctlen oesultnovete reﬁ:omlebemvlmsmffeﬂélmekexgelse

|nformat| n om.t he sed a eren [ 0093 Initial
traini ng %‘ﬂ{ cEdY pﬁban[legg@ﬂf] a‘figll ﬁ‘lﬂcﬁ?? %rlné Ea‘feegleul?"ég r%%l]tﬂl‘@@{hssed
in itemdohpagatotignead By k@l?noﬂ‘n[a@ RetRE Phér) 'tﬁ@%rm%nﬁ@ﬂl‘ﬂ@ &R Ring lalkokiten
present invention, the sequences were

SVMLight was tested with the positive and negatwe test sets, and the best prediction

results were recorded under different kernels and different parameters.

[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




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 SYM while the other 2500 SNBg were used to test the prediction
nodel . The process is repeated for the negative SNPs dataset. 23 [0095] A
sel ected ine-learnjng algorithm(e.g. SVM can be trained with the
positive [gﬁmnegat?%) Clursg)lnni ng sets using different kernels and paraneters.
In the presmE)t i NON® 9ot QMO pYRSsIS &V NOcdn BleiR NP N &iEVM R35ed SNP
prediction (Joachinms, T., Making | arge-scale SVM1earning pratical, In:
schol kppfaccyacyBuVddeout wishSadteabouad by(arysspeeifindhenmicesinientésrhypbthesize that

Met hods- L i . MT Canbrj d MA, 1999 J hi ,
e e SRR e Y Ehfore Rl Moyl on BlorBenrint shofE g enbec it et ™ ™
1999) . Thecleb@ddpdrdicielih HWeakerKHAdP dluld NeEeARE t2br2A0 aRE Bl dc¥ ShaaNiTR WHR €

used to train the SVYM.ight with different parameters for the |inear kernel
and the sHenger bpads sThefpippased nradiviion skeemaian by heedde dielpmciubists itmsearchdat t s

were rec i f ker.nel and..di.fferent. neters. The radial
basis f u%?:\ﬁjl% gonﬁage‘r?énsét%lygéar\gléﬁph% r%%lg?s ﬁ@g % lélg%é(h co %HESIEIEE aflg tﬁlfsn%‘étﬂngand
pol ynon dbwkennkd timEhead costheedddab ligdov@ENme- | earni ng al gorithm SVM.i ght
was testi(ﬂlwiath the positive and negative test sets, and the best

predi cti 6H 03 esul t Vs bemsesspbisyerfichasdieen dessribed vithaeerense teipartienlant

par anet e B s | bl retesti 97] ..Ih raj nj ets and
Phe test cobearnail if liohd Bhiteti0o B AR b R0 hilR 268 1 L IR 372, 2
second setveafiops@ghieds nonsa Bmited s Albheatiae @hit@dinkgsbLihe Predeas itventivaswill
recorded._and the best perfqrm ng kernel .and paraneters were chosen. [0098]

Once t he PEEAURS aRRargle t@ dhose haxing rdingmeslefldn dhs art de mdighethe nrpseniinyshtiathm was
retrai nedepMiibd &h j itk [ S

usi ng thg sel ect 2%1 ﬁ%glkaﬁgleﬁlgﬁg&%??sa%% g?@&ér%%zcggf%}é% g%tdpﬁ%%é%ﬁptsl from

t he presend s¢apeenfithopresent paeniian.| Y csbaimgly,nthFabbee oSthe Tiresean emgytifredt ur e

. provi ded ,t he b‘fé} r edi c%i o%r ates.with arg1 85%0 ccur.aCé. The energy
feature SBWLPE aPRendeffclaims ¢nd iiuppY{ed byrfhe faregoirg eGP 100] Tabl e 5.

Prediction results for different features and different paranmeters Correct

Correct




Positive Negative Features Gamma Cost | Prediction Prediction Al 0.001 1
1 0.7684 0.696 Energy 0.1 0.05 1 0.8504 0.868 24 [0101] Conclusion [0102]
SNP is not a random process. SVM can predict SNPs with an 85% accuracy.
Wthout wish to be bound by any specific theories, inventors hypothesize
that when there is environnental pressure on the sequence, it should be
expected that certain nucleotide pomaﬁ(n1thh weaker bonds woul d be
easier to break and replace than one with stronger bonds. The proposed
predi ction system can be used to helbAMSntists to search for SNPs of
interest by predicting regions that are likely to contain SNPs and thus
cutting down on the tine and cost needed to discover SNPs. [0103] Wile

t he prQﬁﬁﬂqsaQMﬁﬂh%on has been described with reference to particular

enbodi nents, 1t wll be understood that the enbodinents are illustrated and
that the invention scope is not so limted. Alternative enbodi nents of the

present inventiaq i1l .becone apparent to those havjng qrdinar kKill in
the art-to i%ﬂﬂ?wé’fpv 2he ?r}@gﬁﬁ%ﬁlacﬁigﬁ TnBrediging aftsgf g iucleotide
enbodi ; i : Lthi spirit and scope
of theggpggg%?ngggﬁk?%%ﬁgxgggr Fﬁgﬁ@?ﬂgﬁzﬁg?ﬁ%ggggp%ﬁg present invention
ids descri bgdl;dygtinqgmAliﬁggeﬁ@(ﬂppd;i&i/Tmr}chmrga’_cise Slilbqgortedhbé tpe fplr_egpi ng
escription. . at is clai is: 1. met hod of utilijzing,a

| ear ni ng na8?.‘|f>ﬁ1&t%?nep?relaf>aEaﬁ@‘nswssqf%g%mﬁa@ﬁre%ﬁlagalw SFDYFHSLE €8kP) i n
a p_ol }’ﬂégétﬁﬂét SNPS,S@Hé@ﬁPﬁw SQéTBE'rﬁéﬂéQpa'ihﬁQﬁ:rsoBf po&HeE FhiNhfidd INPY 361 S of
positive and negative SNPs; cal culating one or nore paraneters of each

menber sepcted &ony Bicrgronp ewisistiog of disetenvrgyanhdngen@yds enteorSNES), antlealiest (Aihe one
A Y S T TN RV

mel ti ngedeimpamation, ntrédGnEsiia60h andMolinFériiafigh;i on score informati on,
sequence information, A gene information, intron information and exon
i nf or mat i oniraining a learning machine algorithm with the one or more parameters of members of
the training sets of positive and negative SNPs; and
testing the trained learning machine algorithm with test sets of positive and negative

SNPs; thereby the best prediction results are recorded.
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, wherein the test sets may be the same of the training

sets.
4, The method of any of claims 1, wherein the training and test sets of positive and

negative SNPs are randomly chosen.

5. The method of claim 1, wherein the free energy change is calculated by the following:

for a positive or negative SNP having a sequence of X;XsX3...Xn1Xq, the free energy change




training a learning machine algorithmw th the one or nore paraneters of
menbers of the training sets of positive and negative SNPs; and testing
the trained | earning nachine algorithmwi th test sets of positive and
negative SNPs; thereby the best prediction results are recorded. 2. The
met hod of claim11, further conprising steps of: running a DNA sequence

t hrough the trained and tested | earni r%f machine algorithmto predict of
whet her an SNP exists in the DNA sequence. 3. The nethod of any of clains
1, wher(AQ) of e sequdncs of xlxmy Bex lequasite AdF xixhe- AG abxyi-ng+ MEKS X AwheFbin

met hod of any of. clai |nthetra|n|ng and test sets of positive
and é@%ﬁ‘%}% sgmﬁénﬁsz’z]; ﬁibﬁilé chosen. 5. The nethod of claim1, wherein
the free energy change is calculated by the following: for a positive or

negative SNP having a sequence of xlx2x3...x"_Ixn, the free energy change
26 (A® of Theemsthgdexfodaini 1x Wwherdn thantropy mrabdudated byAﬁe Xalkdving AGox 2x 3

+...+ AG X'-1X,,: ergl thexrerese s any of A, . The
net hod p8181>%13|ea(frn¢%a éﬁgﬁ PaviRg érﬁeﬂ ‘%é Lol &rde By ?‘ﬁ@pp'o&*sgvﬁfnﬁw f or
a  POSiskhBcOofREYAL 1. \4@&%&@%@%@ ﬁgzqueﬂsex of P 1X2xB x. 1 XNhfbin LREx
entropy (AS) of the sequence of x| x2x Xn equal s {0 AS X1X2 + AS
X2X3 +represen auy of T, khendiCh the x represents any of A T, G and C. 7.

The nethod of claim1, wherein the enthal py is cal culated by the follow ng:
for a positive or negative SNP having a sequence of x| x2x3...xn_1Xn, the

enthal jy ( AHheGhethbe of%@ﬁﬁﬁﬂcﬁh&felﬁ@%%alp}xfs_é&fém%&%y&hé qoud\bingl Xf%r 3 AH
X2X3 +...+ AH Xn_| Xn; wherein the x represents any of "A T, C. 8.

The neﬁ)ﬁél@lveformesiaﬁvq SNihbewing a Bequente pﬁgmempetﬁ atuthe ¢ @h@lalvd@wt@fdthby MT

cont ent e EnEEPLiER b S By, AHLRAE 4B G0 PR o B O &5

claim 1eprw£eﬁfseiny of g TS afli €% ri bution score is calculated as fol I ows:
di viding the human genone into smaller regions of predetermned |ength
(e.g., 100,000 nucleotides); recording the nunber of SNPs | ocated in each

regiong for @klndii& 5@&5&9?, blledelfihe melting temperature is calculated by MT = 4x(#C
+ #G) + 2x(#A + #T)°C.

0. The method of claim 1, wherein the GC content is calculated as the mean percentage of
G+C.

10. The method of claim 1, 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.

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

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

12.  The method of any of claims 1, wherein the learning machine algorithm is an artificial

neural network algorithm.




entire human genone; and |locating the region that an SNP bel ongs to; and
recording the |ocation and the nunber of SNPs found in the region. 11. The
nmet hod of any of clains 1, further conprising an optional step of
retraining and retesting the |earning machine algorithm by rew apping the
trainings sets and test sets. 12. The pethod of any of clains 1, wherein
the I earning machine algorithmis an &htificial neural network al gorithm
27 13. The nethod of any of clains 1, wherein the | earning nmachine
algorithmis a support vector machine algorithm 14. A nethod of utilizing
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testing the trained support vector machine algorithm with test sets of positive and

negative SNPs; thereby the best prediction results are recorded.

15.  The method of claim 14, 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.

16.  The method of any of claims 14, wherein the test sets may be the same of the training

sets.

17.  The method of any of claims 14, wherein the training and test sets of positive and

negative SNPs are randomly chosen.

18.  The method of claim 14, wherein the free energy change is calculated by the

following: for a positive or negative SNP having a sequence of X;X2X3...Xy 1Xn, the free energy




change (AG of the sequence of xlx2x3...x,,_Ix" equals to: AG X1X2 + AG
X2X3 +...+ AG xn_Ix,,; wherein the x represents any of AL T, G and C 19.
The nethod of claim 14, wherein the entropy is calculated by the follow ng:
for a positive or negative SNP having a sequence of X1x2x3...Xn_1Xn, the
entropy (AS) of the sequence of x1x2X3...Xn_1Xn equals to: AS X1X2 + AS
X2X3 +...+ AS Xn_1Xn; wherein the x r7egpresents any of A, T, G and C. 20.
The method of claim 14, wherein the enthalpy is calculated by the
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of A, T, G and C. 21. The met hod of cIa|m14 wherein the nmelting
tenperature is calculated by MI = 4x(#C + #Q + 2x(#A + #T)C. 22. The

met hod 18f clTaermdthod wifi etamnl 4, hehde€incthateatbpy $s cAtdatedtbycdthagolidweingedor a
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22.  The method of claim 14, wherein the GC content is calculated as the mean percentage
of G+ C.

23. The method of claim 14, 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.

24.  The method of any of claims 14, further comprising an optional step of retraining and

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

25. A method of utilizing an artificial neural network for predicting of single nucleotide

polymorphism (SNP) in a polynucleotide sequence, comprising steps of:




menbers of the training sets of positive and negative SNPs; and testing the
trained artificial neural network algorithmwth test sets of positive and
negative SNPs; thereby the best prediction results are recorded. 26. The
‘met hod of claim25, further conprising steps of: running a DNA sequence

t hrough the trained and tested artificial neural network algorithmto
predi ct of whether an SNP exists in th¥ DNA sequence. 27. The nethod of any
of clains 25, wherein the test sets nay be the sane of the training sets.

28. The met E@de@ﬁngﬂm{inﬁ{g RisofPositive anld aé@itive SN@st rai ni ng and test sets of
positive an negative SNPs are randomy chosen. 29. The method of claim
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30. The nethod of claim 25, wherein the entropy is calculated by the
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cal cul at ed by éthe following; for a positive or negative SNP having a
sequendeerpiersabibs training,sotsof pasHiveand meegive SNES; 41 the  sequence of

X1Ix2x3. .. xn3lX 0t +op + - . rein.the x
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mel ti ngegaivedNRsytherdby thabest paddédionyredlis aredsdotded. + #G + 2x(#A + #T)C. 33.

The nmet hod of claim25, wherein the GC content is cal cul ated as the nean
percentage of G+ C. 34. The nethod of claim 25, wherein the SNP

di stribgti OMp3¢Mikod Sf Gahrss %ﬁﬁ’er%@m@ﬁ%ilnﬁ%'s gividing the human genone
into smaller regions of predet er m né engt ?e. g., 100,000 nucleotides);
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el RRRPDPTRn A" S0P ARG WRDRALRAL an SNP belongs to;

27.  The method of any of claims 25, wherein the test sets may be the same of the training

sets.

28.  The method of any of claims 25, wherein the training and test sets of positive and

negative SNPs are randomly chosen.

29.  The method of claim 25, wherein the free energy change is calculated by the
following: for a positive or negative SNP having a sequence of X;X2X3...Xp.1Xn, the free energy
change (AG) of the sequence of X1X2X3...Xp.1Xn €quals to: AG x1xs + AG XpX3 +...+ AG Xp.1Xn;

wherein the x represents any of A, T, G, and C.

30.  The method of claim 25, wherein the entropy is calculated by the following: for a
positive or negative SNP having a sequence of X;X3X3...Xy.1Xn, the entropy (AS) of the
sequence of X1XX3...Xp1Xn €quals to: AS x1x; + AS Xox3 +...+ AS Xp.1Xn; wherein the x

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




| ocation and the nunber of SNPs found in the region. 35 The nethod of any
of clains 25, further conprising an optional step of retraining and
retesting the | earning machine al gorithmby rew apping the trainings sets
and test sets.
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31.  The method of claim 25, wherein the enthalpy is calculated by the following: for a
positive or negative SNP having a sequence of X;xX3...Xp.1X,, the enthalpy (AH) of the
sequence of X1X2X3...Xp.1Xn €quals to: AH x1x; + AH X3X3 +...+ AH Xp.1Xn; Wherein the x

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

32.  The method of claim 25, wherein the melting temperature is calculated by MT = 4x(#C
+ #G) + 2x(#A + #T)°C.

33.  The method of claim 25, wherein the GC content is calculated as the mean percentage

of G+C.

34, The method of claim 25, 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.

35.  The method of any of claims 25, further comprising an optional step of retraining and

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




