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BACKGROUND ART

Predictive models are commonly used to predict medical outcomes.

25 Such models are based on statistical data obtained from populations of
individuals that are identified as having or not having a particular medical
outcome. Data regarding the population of individuals is typically analyzed to
identify factors that predict the outcome. The factors may be combined in a
mathematical equation or used to generate a posterior distribution to predict the

30 outcome. In order to predict whether an individual has a particular outcome,
the individual may be analyzed to determine the presence of one or more
factors (variables). The model may then be applied to the individual to
determine a likelihood that the individual will have the particular medical

outcome or survival time.
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Yet another problem associated with conventional predictive modeling
include the inability to validate biomarkers and to update predictive models
based on newly validated biomarkers. As described above, new factor
identification requires lengthy peer review and dissemination through traditional
channels. There is no ability in current predictive modeling systems to rapidly
validate new biomarkers and to automatically update predictive models based
on newly validated biomarkers.

Still another problem associated with conventional predictive modeling is

the inability to simultaneously predict more than a single outcome, including the
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SUMMARY _
According to one aspect, the subject matter described herein includes a
method for automatically generating a predictive model linking user-selected
30 factors to a user-selected outcome. The method includes obtaining clinical data
from a plurality of different sources for a population of individuals. The clinical
data may include different physical and demographic factors regarding the
individuals and different outcomes for the individuals. Input may be received

regarding a search space including models linking different combinations of the
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outcome.

1. According to another aspect, the subject matter described herein
includes a system for simultaneously evaluating an individual’s risk of a
plurality of clinical outcomes. The system includes a predictive modeler
for generating models from clinical and molecular data regarding a

population of individuals, the models linking predictive factors
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Figure 1 is a block diagram of a system for developing and using
predictive models according to an embodiment of the subject matter described
25  herein;
Figure 2 is a block diagram of a predictive modeler according to an
embodiment of the subject matter described herein;
Figure 3 is a flow chart illustrating exemplary steps for generating a
predictive model according to an embodiment of the subject matter described
30 herein;
Figure 4 is a group of graphs illustrating the achievement of chain
convergence for various predictors of a model after the use of Bayesian Markov
Chain Monte Carlo methods according to an embodiment of the subject matter

described herein;
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Figure 12 is a diagram of a decision tree illustrating the use of model
output scores to select an optimal treatment regimen according to an

embodiment of the subject matter described herein.

DETAILED DESCRIPTION OF THE INVENTION

Figure 1 is a block diagram illustrating an exemplary architecture of a
system for developing and using predictive models according to an embodiment
of the subject matter described herein. Referring to Figure 1, the system
includes a predictive modeler 100, a biomarker causality identification system
102, and one or more decision support modules 104-110. Predictive modeler
100 may generate predictive models based on clinical data stored in clinical
data warehouse 112 and based on new factors identified by biomarker causality
identification system 102. The models generated by predictive modeler 100

may be stored in predictive model library 114. Predictive model library 114 may
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enbodi nent of the subject matter described herein.
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model import wizard 116 for manual entry of models from the literature or
exported from other applications in Predictive Model Markup Language. Sets of
models can be bundled to address a key clinical decision that depends on
multiple outcomes and requires stages of testing and screening for optimal

30 cost-effectiveness.
Decision support module, such as one of modules 104 — 110, as part of
a given clinical solution, receives input from an individual and diagnostic team

regarding factors possessed by the individual and input regarding potential

-7-



measured as part of the data collection process on new
patients, that are true predictors even after

woansiodani ng confounding or collinearity w th 8CHEIS2005/047492
factors. Newy validated bi omarkers can then be used
to generate better predictive nodels and deci sion
s Uipeovdntions wnelsappites dit teicist enenod die Modekrin predictiyg model library

d
o 6 heonbet T geceiTyruprstEronBr 03 287§, flicking the
f %d.mg@% n%ﬁto‘flhann nastebbtfe” @midd1oukddraeatgiven aat |nd|v1dua| s

exporte rom ot her appllcatlons in Predictive Mde
Meakiops badghegeslected sntefvantigsl sirajaay - bEhQ)QﬁQISéHT f»'épport module
address .a ke cI|n

5 mAPHRICHIN CBRUC %ppogacﬁiulmgﬂg { ggfe R)tégé Qﬁgcglr%\ tree that
SCHIRGH the ufs@F td%l@bldl%éel@@ﬁéltlﬁ‘rM@MO%BD@%T;CI&D@C hreisbnost-effective
support nodul e

as one of nodules 104 - , as . .
pantermntwrgsstc@tagw|ppﬁs@bﬂ @meeﬁarrtme of gle] g &e Wéﬁ% ﬁ??%%bed n
an i.n oteamregarding factors
po%%tagbglﬂ)vﬁ tpﬁgg?r;ydl VI ?and i nput rega?dl ng
pot ent i Gigury 2iyvg btdd&rma@faﬁh dpptratesy eterhglasyt campooéntstand data
nodel s in predictive nodel I|brar¥ 14 tq the,.in
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10 Thesaskly @mmty@gp@@@leﬁaam Be&rflﬁa ] qu%ﬁ'@wﬂs‘e”‘m

E)Ei({e‘g nd| Vj g#@evr?ﬁlp%{@% Bgﬁop\?@g{é@g? chl Bét%aaﬂrom various

Seéc%?rb@é’ A€ Yieahsing m‘ddl,ﬂé 202 cicBneesidaiasiram tlse:ppmus sources.
nodul e automatically constructs a probability

;:oétdaéa ﬁF@t&r\Féﬂ@@@eaélﬁgsm@%U@r@é RrRGESSAS Rig Taioe f?émat usable
0 |
Cog{l g@q%@g%ﬁeg%gﬁ{tp% ﬂﬁlssﬂgﬁa{d 8%?1? ir@' d&th |§rf?ﬁ'ﬁnatted into

15 exén'lhkf%dodaté WedtriR 206€8n Wd illubtﬁatéessmentpéel wmﬁetéﬂata matrlx 206 is
below wth regard to Figure 12. Figure 2 is, a bl

di agaggecﬂ in ue s dhhgoERSARIhEY DEERPEREATAIRS Gad golumns that
use
e B AL TPt SRy

Mo | 2R f #1plvalilydat infgdetd ibaiseal ormlajserfdetﬁnedafnactnns such as
sources. A data cl eansing nodul e 202 cl eanses

f r pradietvevealiueasdsest cEQe oS ieeTAePEsIFC We%?‘g@%%réﬁ%g Is one
20 g?gg ﬁqré%o%gﬁ :L%ebr{f)cbr@dlfcf’é édlh‘ép@ut%o% fo‘ﬁ%i patient.

ustrat exanp e,
datgodes streicieh bed avetaiguag wiiduled08atay ako rre&elsz@@iata regarding a

the illustrated I f
ar iabg@dg%aiaaﬁév@%ﬁg%r%oﬁgﬁ@%%tg gn Ba@lrratgﬁérxge g more models. A

g%?ﬁé%?@gﬁﬂ%th§ 24 E%Cl&&ég &7 gé}@aéeochéﬁﬂc%ssa dbctor and/or the

and~averag ul e 208 selects a
nogaticht tBracaesd t—l’feﬁ*nbtjsélsdnmmmfﬂhe rhadeld topradiermedicaheucomes.

factors, such as
25 In the example illustrated in Figure 2, predictive model 100 receives
clinical data from a plurality of different sources. In the illustrated example,
these sources include clinical data 214 from a clinical data cohort 216,
genotype and SNPs 218, gene expression data 220, proteomic data 222,
metabolic data 224, and imaging or electrophysiology data coordinates 226.
30 These coordinates may come from x-ray mammography, computerized axial
tomography,  magnetic  resonance  imagining, electrocardiograms,
magnetoencephalography, electroencephalography, and functional magnetic

resonance imaging sources.
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Model sel ection and averagi ng nodul e 208 may al so
receive data regarding a tailored data cohort 210 and
use t hafigdes &3 tie apflavecbas dpsiiaiing rex@anglana overall steps for

dashboard and tracker 2 12.incl . i nter

al qtgg‘gwagca gg?ergﬁag & prpﬁgtwggp@ﬁ%ﬁ&ngnwg'c%éeegré@(%@eﬁ Battors to a
m%’é%iﬁ%e?élﬂealscﬁnwﬁemﬂéfe?riﬁ@ t®ragiret 3medsep) 3001 clotesl. data is
In the exanple illustrated in Figure 2 , predictive
montebinb0drane aalvredtyoifidiffarant starees fios ﬁwp@ppf)ahlpmqf fndiiguals. The

different sources..ln t il r I ;
Sl et PUBERS e S S SgtEPAY Relcty Rifyrging the
cohaiiduziSan8apinhE GaffcPimsodd8megemethexmdivisisialien In step 302,
data 220, proteonic data 222, nmetabolic data 224, a

. }, .and
i neggmnmIt esgsedingpRy SealchypPase Anebeing aedelspeking different

Th di . .
corbERnoas SR He b g Ran SR & Yo gRE g Rbeived. In step
| NB@A Nh NBareh €6t RIS iPPEABFMedEg tht csuarelp eplaogr egwed on the

el ectroencephal ography, and functional nagnetic
r epredinive Vatug oh iesawdelsswith gee@ d3o;the HUERREEh AR step 306, the

illustrating exenpl.ar . : o) ] ;
geFGrES 5 1ofs Saedb e G o thiRa hengAciahe Eghibhations
f agtfacsrs © a sestedeliecotrd The teatenodrefiredicateg alikelihood that an
Figure 3, in step 300, clinical data i-f obt gi ned, from

a pidividualihavistg tnerfretasnin bedinalanads! Wil BayeI PYUiFoste-

i ndivid S cl i.ni ' i &1 itable
physi cal T aegrllcred piahe ArealaETnoucs ag e any suitad

| ndindoeheateiatmg taaplindividubly aopopliléfier ehinddideaaesr & dealthcare
the individuals. In step 302, user i ardin

t
seRFerp e eRNRIGI Ki§ aeMs rlnlaﬁlge% gslelaégr éﬁ?omg’ &n adverse
ggp@fc'aﬂ{é,%élirﬁéalftﬁ&lé%ﬁccﬁﬁtg, %\Ia heaghcaBaehfied BBsiness outcome.

onmes’is received. In step 304, a search for nodel s
i s Apeekampid of ra diseaseanettospaise abainditadant elewhether or not an

predi ctive val ue of the nodel i th,regar , :
outEbiddal has %E’%ﬁ&'cé@é,H'Sﬁﬁéeﬁﬁﬁ%&g@?@%%%@ég'&ggg‘% and survival
Pr 4 C@vén 5 e ird 9 edgitrlenki Ae At pRS oftdiea T Ratdame includes
of factors to a sel ec% ed outcone. The final nodel ]
i ndiffeaeeiscamplidediong ogldting b surgenh 8HOM 8 GaronaIYiSHEI]MOr medical

factors in the final, K nodel wl ] LUt ;
oSSR A P By e p LA O A A AR e IE ncluces
SUitﬁe?fo@ctﬂ}étn‘é@g%r Lalaidengatforassudiatedwath taking a new drug. An
popul ati on of individuals, or a healthcare provi d?

r.
Foexarmiplad, a thealtboarsoietatagyburinessd oskesee 8tk gae for an
advec{.sg

individual.

Once a model or set of models have been generated, the model or set of
models may be processed to reduce over-fitting to the population of individuals
from which the model or set of models were created. For example, models may
be evaluated and revised using factor data collected from individuals outside of
the original population. The process of generating the revised model may be
similar to that described herein for generating the original model.

As will be described in detail below, the model and the outcomes may be

used to provide healthcare-related decision support. For example, decision
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i ndi vidual has a particular disease, is likely to
devel op the disease, and survival tinme given a ) )
t regpoeThodelg Hhmaxroussetrpset affpcientiad petessnesigssnfiated with a

i ncludes diff t Licati i i ,
hoEs oo U S OBh G ERA AT PG b B efSBated wi
Chedmt Hglcame. ARe &eamipptditiak ottdomegmdy belsoptetidpndisease or
i ncl udes the effectiveness or adverse reactions

asthetdpadid eateaoryak Qieraoniepmasyiat Aﬁayé)p@ngqa@er@ﬁecg by decision

heal t hcar e- rel .busi ne Q ' .of .
SRRy O A SR e Rl oS renastons
begib | gatelontiRdpatidif inmbéeast nsebuttbnexie sreeynrbendations, and
processed to reduce over-fitting to the popul atio

i n@wtoogw@al 80! YOAGADERCS hi ABAIEPN dP 4BFO G T éfll%él%gqfoepredict
reated. F J . .
¢ e R B SRl $BL8 Sy Bho Y BRI Pty generate

. . a’co from’individua
oukisitistassobn tridk ofrargbgalegatpsliapdpuiatidef peoplkesserstis risk of the
generating the revised nodel may be simlar to that
dee@rpleiei PRRYIELIAN ffo thgeWBPATENg t he original nodel . As
will be described in detail below the nodel and the
out cones nmay be used to provide healthcare-rel ated

gggiaﬁé Pfe saliion an&(Uplfeadn‘pl e, deci sionsupport nodul e

may output a set o otenti al  out cone sogi ated.
with a Preseded f’ﬂﬂ@‘?'ﬁbe’lﬁq dNABgHIfER &ﬁa'caf&%z%i fhati §gin non-
or oG d_ )

or PRl TR, Aot 7 A RS I gurerte
t hpreaitiveimodalbe @idgr ddlbbets steredomdstabizses veyiciiack terminology

o P BORBGIAT AN EX BRI CXEH SHIRAHRICRBn SNt RaPYY rpords must til
t hpe RalibGRl fop dais qg@ﬁﬂ/’ CBﬁé,’sté%U{”%fﬁ%sstéﬂéardized terminology and

recomendati ons, and odtcones not yet analyzed. In
adfbriatting foruiatogosatiomito moekdittiteo madetkrct0® or eoyegher type of

ggrﬁ@f?\g@i@rygw&%réggg (%tggetggg(gﬁélég%qﬂg;\&ﬁélsg)éndﬂéarg terminology
SUQBQ%}P!@ 'tn?gPQI HHﬁ%@' RNeHREat USaridulgeoBybieen C(‘Umias§ énclusive of

popu e outcone. Data Preparation an o
Up SOHRMPDe dhrd itneasmiskide rof @guragngeyinted alada jinj Regdictive Model

SNk e B Rt SN S S i

?ggrgnh %?g% gmu;’.ah%@i@ 5t faAshdrtedas@biases wainekr bioks for the
automation recalculating models based on new factors (i.e. if blood sample
from the patient cohort are then analyzed for SNPs) or new patient data (10
new patients enter the cohort over the timeframe of 2005 to 2010).

In the original setup of a predictive model project, the lead statistics
system administrator or clinical researcher can choose factors and patient
criteria to be selected in the ongoing dynamic modeling, and database queries
will be automatically generated to extract this information from datasets 214 -
226. This user can choose if he/she wants to include patients who have

missing data for certain factors in data analysis matrices 206, or not.
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standards or XM. exportation, excel spreadsheets, and

paper records nust still be reviewed for data quality,
woanwsiisteancy and st andardi zed term nol ogy and PCT/US2005/047492

formatting for incorporation into predi ctive m)del er

100 or any other type of software. However,

dat aset Bor shatistinald analysist nsmanmw\@emﬁdﬁi@bé@o data will be

accor o the Unifie I\/bdl al e

(R o A e ofde SRRl RBRAG R Meparpnputis
eng iyt gid Ettainidy FReehved | laYlG Qﬁilu%ékmek@nglmﬂ% number of
(PMW; based on , and in tensi bl e

L aprfienie a0XNLis. thgdggl Ay mbrer of aﬁrg@@pﬁé‘athﬁaﬂataﬁﬁt -t Kl e process,

manner, h t

5 bald bé% ﬁe%,\v,?(?légélor Sﬁ{rﬁgé?%fﬁ%ﬂ%@%?gnp Sg f??%ﬁgpﬁg Gender is
patdcedbd eelpt insksd bﬁﬁalealﬁerhm@@nﬁ@atétﬂ@s&:fommahems (such taking
patient data (10 new patients enter the cohort P

th@etn@fﬁf&‘é%of)f?OQW@U@oVaZ s Syeh gh@Gs) iAge (AP adptfgd where
of gfbd%? YGntIRBSS Q{@P%%Fetetdﬁaé@cé‘qmﬁtt% bﬁbly%éd within this
system adm n|s rator or clinical researcher can'choose
f astaodardiret pata matrixcriteria to be selected in the
ongoi ng dynam ¢ nodel i ng, and database queries wll be
10 automati cally generated to extract this i nformati on
C?%ﬁb Ss4SRDAREXAA
E%éjﬁ-é‘ éé?%éiﬁgc‘ ude paplkents who have %&?m ng data
f or cer Faf mefpixstscbks ad@hdabﬁgmbym%smtdat@ e%ff;gogtnx(gmlcroarray

oBeSalmtRN e MIE vRIGHE R i e PGS O JTHRG o fes and
t
S eﬂlg%#%rﬁﬁﬁ%@ngﬁgn MUts pé’r‘é@%n\/@ PEadisr ﬂ)d L@é@s tfob|seavallable

cont colums, where n is
15 nuirber e patRent séhiamtﬂv\pvw:;- d‘)lect@gé) nupdkagef bloconductor

o el ey BigoRaidiaRoan 4o meAmErEAIe Jiaiddif FASr MAS 5.0

exggﬁ e%s%rlg%ls éﬁuﬁ%‘?i@gﬁgcaﬁé) Ot fe idasd %atﬂwe‘hftransformed to the log
Femal e) data transformati ons (such taking the

nabaseal2 $<m;i;e (ﬁcbllqvmct by @oagantie ingbnakzalioh @gngggyltrhtogv levels of

I ted wh d
drgésrgl%g'og‘a?%%g I%{eﬁ ‘?n\}@ngﬁg %ggﬂ\%ﬁ%ﬁ?toﬁ% dataset. At this
20 St ﬁamr mezgéinéi@&gxé@tdn YataDRt @icPbat pr aces Py’ (Getnix (genes by
Expressi on Dat a anpl e) For the possible addition of

gepetiexigi.essi on dat a, Affyrret ri X mcroarray

descr i pgf %Sfplﬁb Or];\g]éé Wegégﬁgiaﬁﬂbl% ;B’ifo%gé@hé@dimensionality

nodel er I p-'specl

| NTQd RN BLERS i nrDm@ISmemlt@ﬂl Cleln‘ﬁmmofm;tars a6 ersated by linear
tools available in the htt //vwvwr rmject ng
pa@@é’@é’laﬂ%@mggep@fﬁmt genes Iustered& eans clustering) into “k

25  (k<p) groups. From each cluster the first principal component is extracted
(PCA), summarizing the most important features of the genetic activity in that
group. The first principal component is the linear combination with maximum
variation. The principal components are obtained by the singular value
decomposition of the matrix of expression levels where,

30
X =ADF
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(http://ww. bi oconductor.org/) to convert the data

into RMA or MAS 5.0 expression |evels (nunerical
wecale@y201The data is then transforned to the | egThas®sma47492

scale followed by a quantile normalization. Genes with

| ow | evel s of expression and |ow | evel of variation = |

ané i$ ithe enattixowith ofintemsianst asat n. At is Hies npairintwith flge principal

gene expressi data is, |aj Uk » b0 «ge 7 by F 0 . .
O RERORGER 50, LB iy el A il oy petient) i
exREs&. WatddHain HiSmAteciessihad wita otherefasiopndt which have already
reduction step in inplenmented. Genomc factors are

criearepreprocersed, confrqiiacone eatadrductian sieps.gellagels are

| . 11 x| .: i /' ' k B
T L
conganentei conepdsitecdert-¢REAssionfantars aimng te. rosne exemplary

i mportant features of the_\(yq etic activ_{t in that . fact
grioagel TRECNPSEICHIATE SHEIVRIdPrTPPSity gigng-eyassion factors

COf NAGT QY Wit Q/ef%i)?ﬁ%fgﬂ%d’ afd Rég%ctoﬂ‘% PhenGid®Imodel. Each

conponents are ob y the singular value
deemmpositd ene-akptdssianafactor infemeperiative of Bppeabdmately 5 genes
where, X = ADFX is the matrix w th. di nensions Yy .

10 F whichh&arel® i Rempd X HEKHG, ﬁ@'bﬁr}fy@& g oty probe
t "R eRfflcatRiimber iokstaR¥arddatbB888s bRgeREariyprotein names.
patients) Is created. Data fromthis matrix is joined

with other factors "f" which have al ready been

f
pre-processed, or required no data reduction steps.
l\/b@'ég%'“gr at?ee'é‘mﬁf@ﬁgpr omthe final matrix "f" by "n"

as desciiethdehOodMiA b&REea foMyputation BEhissing values. For
conposi te gene-expressi on factors anmong "k". In on

.one :
15 exexquhatey amoaplefenzaseduradysis 6pwdhe eandyictag, in which subjects with

conposi te gene-gxpressi on r , ;

i nEI'TRI8Y Yi%luﬁﬁy qa@?@l’céj?qrnfvgﬁé&fe?t ?géd) gr(%gte%%{]qéﬁhw “analysis.
COMRER{diRecleRe B%BARSHIGN Jf adl e btherequidsetd atliues fof a given
approxi mately 5 genes which can be nane bﬁ’ Im_kuwg

t heradigpf, db&;ns&gﬁeﬁéﬁftr@rm@ﬁﬁ@rva&m% r that variable; rather than

identificatio ;
O e RABET o8 R0 (AR e Sabi ve usea
20 "eFhpdatageyichevaizeibd Oncludipgtimargractbrs)i te missing valsies can be
For exanple, a conplete case anal %/si S ﬁoul dDb o Th
congodideted ias ani eRdianplecREORMN K- §49'Ry f%?%esmﬁﬁmg)' ©
pagt| PRGal { . ' iscussed
Al ?g?ﬁg{h%vae y,!a he(’fs%ggr??\t/a ueg\Fag ugléﬁﬁtréhié@wo%\b@béends
subjegbuslyval ues for a given

25 Time Series Pre-processing
Standard summary methods may be used for time-series pre-processing
of data. For example, the average value across all outcomes track
longitudinally can be used. Alternatively, a mixed model could be used
according to the methods described previously for longitudinal data analysis.
30
Model Search
The space of possible models linking a well-defined adverse outcome to

the variables available in the dataset will be explored. The goal is to find models
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predi ctor, could be inserted for the m ssing val ues

for that variable; rather than the nean, the predicted
woabas@7ased on using the other val ues coul d beCcuasenos/047492

For categorical variables (including binary factor s)

the m ssing val ues can be considered as an_additi

cavidlybigh predictivestayert dmel differant sechpiqueswilshe é'ﬁ@f‘ ﬁ)é this step,

g,n%%qvﬁ gﬁe 2@@39}/@68&@’[8%%&8@ Qpghes ham € oR&€R—xemplary

I'eSs PFre-processi ng

St i ame neaHmaror é@hbl@éﬁomn@ﬂbaseﬁlbdssiblé pr@:hstenel \@siables (up
pre-processi ng of data. For examp he aver ag
actooss), aﬂuﬂ@u@MSJ&eldé@ ICoMBIRGe @ taddlh%&F PPSEIRie wdﬁzseo#fed‘c’ﬂve

Al ter n [ d
s B e RS R dpEf Rt soore o
dagacrarakysi therhbdelhefetaiechumber spanplarfatpgssafidides increases,
nmodel s |Inklnﬁ a wel | -defined adv
I

. t tq th
vaenupPEing, all| pasible mpRelSdis AekfeaipIp Bl Seardh dpethods are

Th |y is to find nodel swth high predictive power.
T\/\g C&?@Perent techniques wll be used at this step,

each pair eftgeidimensiondi bfablems @aigectimhec of wssdme predictors)
lenmentation, for a snall

one exenpl ary
10 oGP edeiPo TR0 Gragner ARERAIEE BPEIGA Soargfes the model
en
e A L
nmodelpsediotive vapattlel ddoch shee doparas &@qwredfo@r/e saore ofwll models

?Le%gg&%%i%ﬁs@%a%? VRgebieEns AL EREN GG B0l BRyGle, if there are
f eagh Waﬁa%l@e@ Qﬁté@t RedSharceriept Widdd hakB pasdistors, the next

di mensi ona I'arge nunber of possible
15 pr et«hpowmm)aopeeanimmga‘véweﬂ%peaa&m@qn@st@@wggo%e sraspwpgable and

éll% ﬁggﬁgl%%r&ah%bg%)?ﬁ'h sz%%gﬁq H]bv%s Jp,the k bgs model in

( ”‘Prﬁjaqlse‘f"' B rBQeé’thf@d!h‘Fé bivRedard @hbﬁbber eftdmest amarge set of models
conpares the predictive score of all nodels generated

by isadalinpgred. viris ébBeleiermipiptigegi@edi eane). Wb@ree'i@aﬁ’?ﬁr)é step the

I(:L,alggﬁ{tﬁwgh&v%%gtgv o S%%te@(eésrblé %@%Zﬁﬁsﬁ}% &Mﬁﬁhastlc search

20 chegsfoasneHisd Beaﬂ’eﬂ)'{'e piasipisoteseytha @verystap, @nsstnafi eeighboring
vari able and the 3 nobdels with one | ess vari abl e., The
seanadelss cnpputeHeansb dte oeng is Meckied ganrdongy with WSbabiltes

;St%? orﬁgaéﬂp RS PFEALEE 3cHHEBELaBh VidifERRP midar A the search
methods here described can be implemented in parallel, with different starting
points, improving the exploration of the model space.

25 In the end, predictive modeler 100 outputs a list of models and the
respective predictive scores. The top models will be later compared on the

basis of out-of-sample prediction, cost-effectiveness, specificity/selectivity, etc.

Selection Criteria/ Predictive Score assessment: Two selection
30 criteria are available in the model search methods described above:
Akaike Information Criteria (AIC) and Bayesian Information Criteria

(BIC). Both criteria are computed as:

13-
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are also available. In this case, in every step, a set
of nei ghboring nodels _is conputed and the nove is

deci ded randomy withiprobabilities proportional to

t he pregigiioye=scork é@gt( 9] [6ed) rpdé(p All the
search nmethods here desgtri bed can be inplenmented in
parallel, with diffefent starting points, inproving
the exploration of the nodel space. In the end,

predi ctive nodel er 100 outpyts a |jst of | s _and

t he respaal isy&ipHedive it'U@SsgB’:‘r égg-ﬁltfﬂ@qogpgﬁgﬁ@ @0§F| for all N
be | at eébs%qmrfsdplgg K b SuPbeP p&fangédrd @ the model (size
predi ction, cost-effectiveness,

speci f i of the/Eerheetemdgior theta). Sel ection Criterial

Predi cti ve Score assessnent: Two selection criteria

are available in the npdel search nethods descri bed

above: ﬁhﬂb‘fﬂﬂddﬁt@nqﬁ%'&@ga@ iégﬁ%‘ia% £ Alrfd inand BRaytesyLlfs log (n).

Information Criteria h criteria are conput ed
as: N ScBI® impos@s 2 Kigheepemaliy in dimensien titierafpigeseleping more

| og-1ikelihood of th del, fo N o e ;

ol 0s. K BRIREEORIRGS ARt Tian hevalereictt TRThERe §afatties can be
(size oﬁﬁé@ By PREAEBIEMoveR 400t giol departingefrdshhe scope of the
option the penalty Kequals 2 , and in the BIC it

equal s bagje¢hnattar dBS@fglweﬁer&Ifhi gher penalty in

di nensi on therefore sel ecting nore parsinoni ous nodel s

than the AIC option. Alternative penalties can be used

by My RAiFsitinge nodel er 100 without departing fromthe

scope of the subject matter described herein. Mdel ,
Fi t t i ngBBagsish&stigationsfitommedelseelaeiges the preMeusly gescribed

t he, previ ousl escryj . ' f J i
S R RST oS0 SR S0t RSB B RS ror e
Mapkamnéieas M MKol € Hzan Mor(d/Cdidh (MEMaY snetheds are implemented to
irrplementedto explore the posterijor djstri '

paeahl@_fééﬂ@ Qquth_Kg qﬁ(j@mtgqn DAPOeteTs mﬁhﬁﬁgoi?%tﬁl é‘mees fromthe
23 eql ﬁt;%q%ier%rséiétlrigpfi%rf Bf RhraRtar Bl R atia R the Svaildold Merential

infere
information needed to create point estimates and confidence intervals. Fortime

to event outcomes (survival models) the data is modeled using a Weibull

survival model with the following specification:

Flyla, \) = ay® texp(X — ezp(N)y®)

Y is the time to event, alpha, lambda and betas are the parameters.

In the case of disease status (binary outcome) logit models are used with

following specification:
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i nformati on needed to create point estimates and
confidence intervals. For tinme to event outcones
woO2weo7wal nodel s) the data i s nodel ed usi ng aprd&iusmios/047492
survival nodel with the follow ng specification: X) =
ay.aa - lexp(X - exp(X)y a ) i=l Yis thetinme to
event, al pha, |anbda and betas are the paraneters. In
the case of disease stg#um(bi nary outcomne) |ogit
mog|2| By e=ufdd Wi+10) ng specification:Here Y is
a 0/1 disease status and thetas and betas are the
nodel 's paraneters. An exanple outcone is a nodel

whi ch jnchudes theofollowi ng factors: Conposite gene
fag gene factor 44, conposite gene
fac(% <§9,_ g'é(tung:[?ze“) N (nunber of |ynph nodes

W th tunors) and ‘&t as (tunor cells positive for K-ras
5 protein according to i nmunohi stochem stry staining).
Data Quality Checks Numerous data checks may be
enplesy el o2 addeslisemssssiaiiaang, thafes aﬂcétbetaatar@nﬁﬂe model’s
ang, ' of nodel fit. An exanple of the latter is
charn convéergence, as shown relative to the predictive
fact or sAinrexdmaale ouiqoradishinedatoddth ifdhadgs herfobowegceactors:
assesses, whet her or no on of the

t the esting
par amet Rasits gpgdRcior 89 §p‘f:9r889$'é€t geng Gy Ehyrosirgsite gene
t
10 G e oot AT R R i S ch, hodelr i Bmorey and icras
V\h(atuhmr cellsnpositive fooderas ptateimgast@plirttaso domweraiestochemistry
g rlately (right). Predictive Accuracy
-out cross-validation, testing and training
sets and boot st rappi ng are used to check the
predi ctive performance of each of the selected nodels.
| nDaéa Quatlidp Ghecksr parts of the sanple are held out

of the timation, a di ct daf er the nodel i

1571 ¢t og. RSBE BRI POeds Bl BEIth Y i hotatuPRiTla 4B, data
by dgeffitRihsNGnd FeSIRY VS nfdeer &t.i nAn GxarBplenef Miye latter is chain
cal cul ati ng the concordance index (c-index). The

hi gbRergsaes,iad s/hcv.wn relaiive 4 dee peashetivectartcrn dﬂT e ks predictive
SPR dfel C'dﬁ’alr(u elt‘gel‘r"n%epg%es'sgg %I?/hf&ﬁgld Fﬁ'\'o\f“?hgoe%%fatlon of the
parameters of a model are appropriate, using Bayesian MCMC methods. The

20 graphs in Figure 4 illustrate distribution of the parameter estimates (left), and

whether or not the model fitting step has converged appropriately (right).

Predictive Accuracy
Leave-one-out cross-validatioh, testing and ftraining sets and
25  bootstrapping are used to check the predictive performance of each of the
selected models. In each step one or parts of the sample are held out of the
estimation and are predicted after the model is fitted. The predictive algorithm
can then be evaluated by generating a Receiver Operating Curve and by
calculating the concordance index (c-index). The highest sensitivity (low false
30 negatives) and highest specificity (high true positives) predictive models

possible are identified.
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possi bl e are identified. Model Managenent < Model
results storage o Qutput of bootstrap, |eave one cross
woabiegiaziion and rmodel training in PMW or stangarasxiv/o47492

o Linkage of Input Data with Mdels Generated table
Ilnk_ed by database key j Mddels table includes data on
Perdet I)Vlae:agemmﬁcy gci ndex, sensitivity, specificity
igures), aggregate factor cost, aggregate factor risk

of pPodVpeaiEREULE 8i0a9%nd ot her ms??i cg. « Ranki ng and

Sorting oOPrg)[fgﬁ% 6faBBb1@,9rapy IPARigHd ¥PoRC Gli@stion and model

(c-statistic econdary ranking of val ues using
fact or char acaiemigsniRMMeuatstagdadlsXMLr i sk of

5 Bent orco- o1 ke 8 AR HPEP o G5k ne P ShlELneea by

100 nmay aut ogmbgads Regssi ng of clinical data as an
ongoi ng assenbly Iine and dynam cal|y update = .
predi ctive nodel sMadels teiedneudes sista Ay ipRgdictive accuracy (c-

predi ctions. Sone of t ONRON - |
a "factory |ine" 'gﬁeé’aggngfﬁg%s%&ﬁfg?{yt ﬁgbﬁ:érszgta pgﬁe?g:)éf‘?@ factor
predi ctive nodel schayeghesyute Faefoul disk vépeacwket;ntssatte, and

as gene-expression analysis, various nodel search and
10 sel ection net hodsothBayRafigh nodel fitting parameters,

the val Ldity an f ul ness of nodel averaging, yet,

no sal u??ﬂ&'xpsarg\gﬁgrl%hél e which: ¢« Automatically

produces @d?ﬁﬁ]émfard@@g b/ pedivpatcuracy $c-steistichn

predict timng (when tine data is avail apl e anq .

probabi | i t3 §fcardary&arking ohvalyas ugibedac Oﬁtcb?(?ﬁ gristigs such as

represent un t ai ' AN j i i

i nt erpretabl ég%gél{%%r‘togl&%t es RL‘%‘L ?E%h\eégqlgﬁ%srycgfe st), and others.
15 het er ogeneous data sets which require different

pre-processing steps, into a factor data matrix for

auFeattres afdtiedictive MedeleicH0%s o Denogr aphi c
I nf or nab?@dqcﬁ\?eqﬁbdgf%'?qﬁb)may automate processing of clinical data as an

ongoing assembly line and dynamically update predictive models with a focus
on optimizing predictions. Some of the components of setting up such a
20 “factory line” of data analysis for the creation of predictive models have been
carefully researched, such as gene-expression analysis, various model search
and selection methods, Bayesian model fitting parameters, the validity and

usefulness of model averaging, yet, no solution is available which:

25 o Automatically produces models for decision support tools that can
predict timing (when time data is available) and probability of an event
with confidence intervals to represent uncertainty in a quantitative yet
interpretable way

o Automates the integration of heterogeneous data sets which require

30 different pre-processing steps, into a factor data matrix for automated

model search, such as
o Demographic information (age, gender)
o Simple lab tests (i.e. cholesterol)
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clinical

o Sinple lab tests (i.e. cholesterol)o Traditional
di agnoses and nedical history (i.e. physician

woadiegrzgy i nterpretations, Dx of diabetes, etecC)/us2085047492

CGenot ype nu
repeat diso

genotypi ng data (categorical demarcations of
dom nant dom nant, domi nant-recessive, ' _
r ecessi ve- pedégditionalelihicp disighose SHRdsnkdigpkisistany (i.e. physician

radifay Bt The Fraedecsouch
tools willousnp iRy @3k \(BalchBAEARAEMAPSARMR of dominant-

avai |l abl e for such disorders o Gene-expression, B
pr ot eoni ¢ (i HOMibARgdaminasddeesssivel regessivares)essive and specific

met abol oni ¢ i H vol unme nol ecul ar datasets such
° | TR ebobhBly

10

as Affymetrix m¢c¢

MAS 5.0 med h@kndtpge basthe? off 8BSl Mabes BRGapdI3NbUhR repeat
normal i zation, followed by the renoval c_)f | ow _

expressi ng afPreasEryHHti@RES. Disgase); sugbttoals wih used when
allow for eff ' RAR ' LS [ .

t hrough k- mgﬁé&é@fﬁ/e heﬁ@%@ﬁ% aﬁ’é"%@?r‘i‘?’i&%‘gﬁh disorders
conponent an&ers-ex{rB€APn, prbtsenic gimplslirigar tiwidissaral §/tokines)
t hen conpared alegngsi de other potential predictors of

Coltt oty M ngs Bl RRFRAA! i dat aghy
spectromnetry fingel; : Affvmetri
aut omat ed peak ider‘!?ri'i YOnTe ¥ on \ ?ﬁ hkn%%m ymetrx
protein |ibrari es niaaciaysiata angpeapdred usitigaak MAS 5.0 method,
conponent anal ysi s_of__suc roteins.o , .

El ggt rocar di ogr am?c(q{@@)se .ttge,’hs\txﬂé‘?%t'%ta@ﬁaf‘%nt”e normalization,
detection of EKG ﬁlwwmé%%véﬂ&%vﬁé%@%tand non-varying

el evation (STE), STsegnent depression (

data are prepared using the

clustering

YQMC 8ft&mdel devel opment. o Mass

fication, conpari son w

15 pat hol ogi cal Q wageses.PQRata arediuTiiaw et @llewsifem effiedtive model

20

25

30

their frequency ar rized and scored for use as
predictive factor gs%%ﬁq‘gqﬁgﬁg@ﬁvggﬂwggglaﬁ-a{ee%ﬂp%tpgﬂgfollowed
such as angi na) oblagneharasapoisdfgiaRis (PES).  These composite
el ect roencephal ography (EEG

factors are t)hen compared alongside other potential

predictors of a given outcome as part of model

development.
Mass spectrometry fingerprinting and protein data by automated
peak identification, comparison with known protein libraries and
clustering and principal component analysis of such proteins
Electrocardiogram (EKG) data, where automatic detection of
EKG characteristics like ST-segment elevation (STE), ST-
segment depression (STD), pathological Q-waves (PQW), and T-
wave inversion and their frequency are summarized and scored
for use as predictive factors (most often for cardiac conditions
such as angina)
Magnetoencephalography (MEG), electroencephalography (EEG)
and functional magnetic resonance imaging (fMRI) data points
which can be summarized and scored for use as predictive

factors (most commonly for brain conditions such as epilepsy)
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and functional magnetic resonance inmaging (fMR) data
poi nts which can be sunmari zed and scored for use as

wonrewiogeilve factors (nost commonly for brain ceqdiuS2@mas47492
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such as epil epsy)o Anatom cal imaging information such
as echocardi ography, MR, CAT scans, mamography _ and
X-ray cancal Aoamnlﬁalpﬁ@@m léﬁDrmatlpGlSh'@B %@Cﬁoﬁ%mgréahy, MRI,

grid, and th n

Gal o) oat i ondpseetolPRFRTY ShasSral o) ARt e iypsented
can be used pg peirgdi g avieurhadt#lrgrid,carid tige Sife aad frequency of
information (1.e. daily glucose readi ngs or short-t

ongoi ng measapeeiensoi. ec@@avflp@ﬂ@wm&@;@emtedpwaﬁmmographym
, Troponin TB%}%{ Oée{heﬁe %gégl g(br%@rch?ét -nmyocar di al

i nfarction, rre series o e above types

of data cql | gphedents midrmgtion (t.6 nrilyaiintese ieadirys or short-term
nodel search nethods) o Environnental,  data corw tTI 8
pati ent homeON9RINE éfﬂﬁﬁ%’tr%?nt:o‘?ﬁﬁﬁe?t&%tl?”&?ée roponin |,

various envi# it} r{?‘oﬁhef%&%%?nm%%epéé’t -fAP&&ardial infarction,

sour ce dat ase registries that have
geocoded sucbr fiaw seses:snfrzmye)btm abaYyertypes oh C@J@tC@HSCted at

.e. lead |
hut ot es. seEHPIg N BPBEITO S ML scadRgeras) - -
I nt egrat ed, dﬁh@lréﬂﬁ\gHPAIQﬁﬂ§dchﬁé1 tﬂi(;geﬁaﬁéﬁt henfd, "ork and other

hi ghest accuracy nodel's while avoiding overfitting by
conpari son wcomnaen weations tutarisussivoe mestaldiskdaciareouse in
data avail abl e

search techn Paé@ssooéjgélezgﬁf?g%s%%& We'ltelgﬁ%tﬁ%gwgtl have geocoded

enumer at i on, sgEREASS SiEeldHehftishabrp8ystehel (i.e. lead levelsin
comput i ng) and selection criteria (Akai ke Information

Criteria or BayeBoEe anﬁwpﬁagee@gfaghvk eria) which can

Slolau bgf rb;lJJn Shl %%%r% ggg@%&lgﬁeﬁrg%%g L{sﬂ&%tég@é@ data and

Bayesi aﬁp%d’é@'duté@ﬂ@é aﬁdttblﬁﬁg h&’%w é@h@%c@rrmdélsd/hlle avoiding
when tine to adverse outcone is

cr oss- vavediiineohy gempesises %ﬁh@t@maaﬁ@w @Hi@%% datasets (when

predictive acc (area under the receiver operating
curve), d?%@ﬁ'ﬁﬁ% and specificity.

e Enables use of multiple model search techniques (stepwise, variable-
limited enumeration, stochastic searches using parallel computing) and
selection criteria (Akaike Information Criteria or Bayesian Information
Criteria) which can all be run simultaneously, but all with the ultimate
goal of finding the most accurate predictive models. Bayesian Weibull
model fitting approaches are used when time to adverse outcome is
known, and cross-validation generates predictions to assess predictive
accuracy (area under the receiver operating curve), sensitivity and
specificity.

« Multiple sorting of models using not only predictive accuracy, but also
uploaded factor information, such as cost and risks of the factor tests on
individuals, when conducted in various settings; this allows for the

automated selection of models which meet a certain Proventys standard
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 Multiple sorting of nodels using not only predictive
accuracy, but al so upl oaded factor information, such

weawmestorand ri sks of the factor tests on i ndi rCuwsk®s/047492
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when conducted in various settings; this allows for
the automated sel ection of nodels which neet a certain
Pr oventtyesholimfaigh acashoy whie niinighiziagagsato/inguiars, physicians

and m AT ARG 0 OB SRS (oA goi g eroSihb Hédhostics.
di agpost ji6satil b%’*c‘ﬂﬁ?érkﬁ\%glémﬁfémétkﬂenéc@fraéy qfied ioveof-sample

accuracy using out-of-safple populations to assess
ef f ect ipcputi®Ngito Hisaesh effbeiianess ydhin e broagel population and

i fi ien - wh . il abl
Seati owebfopateel Sib-Hr AR AIRNRN 07
pat i ?_mére?ﬁorq!o? PRI E T re@hicRCd it gPdups &ff Patierits b diifferences

Bayesi an Titting nethods; such Decision Trees can he ..
dynani cald factorpaeaeimed ubipgpBgyesiamniiting mgthpdsit such Decision

quest | Hecanit Ty EuoraY Gruo SRRBariied e 05 tients
new typasmREVBEVSIAE AeeRidPsuisremeduiem 04 tdgsisyséstiuns about
Automatical l'y incorporates new patient information

t agged mitcomstprnbabititiogbasedpd RERES Ny tm@sLOlgagy information
W t hout nual e-screening « Dynam cally

[ ncorpo?rg?@sﬁﬂgwh&aﬁygt? increase sanpl e size on an

ongoy n%lﬁﬁgwartiﬁél!ly hco®oPaes helWpRieheinférenatipriaygedwdialstandard

\ [
quality and vali'date accuracy in new popul ati ons and

subgr ougKILsfielss samesant BMIVIk slata, rithovt searyial Prarsgeeaing
using P and XML to facilitate.c Lcati -

other SoriatepRsBetEn ] g IPaHSH s, Sflede size on an
such aspddying RBhd rddisiPhaYash irdasddiory thipfove model quality and
statistician systemadm nistrator to review

aut omat Vajidbte/agnaeniredey aputalions ndoURHBERD 0i nt's on

a large set of ne tient . I e

on a°redpey is%é’d%ﬁwzgﬁé@rﬁg'ggéﬁssﬁgéj%%}%ﬁu@ﬁgI@%‘d%ﬁ@%l\m‘ to
mul ti pl gcMitREBATMBRGaith td BHRrddi@mire Paekdgsdbndrid regulatory
facilitates the statistics systemadnmnistrator's role

as the &gergiegisch ay thwhbProl checkpoint before the

o 2B Shh TRREES Eh SRR R g yrovien
ongoi nga@dsiatically generated quality control checkpoints on a large set of new
patient data and new models created on a real-time and ongoing basis,
for multiple models, multiple diseases and multiple sites. The dashboard
facilitates the statistics system administrator’s role as the final quality
control checkpoint before the employment of improved models or
tran;mission to regulatory authorities in a standardized format, on an
ongoing basis.

e Predictive modeling links to and powers a Decision Support system,

which includes the following outputs:
o A set of outcomes being analyzed and predicted for the patient
= List shows outcomes which have been analyzed in the

past, new outcomes analyzed this time, and outcome not
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* Predictive nodeling links to and powers a Deci sion
Support system which includes the foll ow ng outputs:
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the patient List shows outcones which have been

anal yzed in the past, new outcones anal yzed this tine,

and out conme not armmiajyzed; orgamiredd yy diseesee afh therapeutic
t herapeutic categories. o The date of each outcone

cal cul ation, and ¥&HYFSdata that went into each

cal cul ati gn apdd4iBeiffeadhtRicdrakealduitfion, saamhetor data that went
t akensuch as bl ood, and date sanpl e anal yze

Pr o]?_a(kj)i lit y_im{o quzal(;lglaéor@@n@dh@y d@@%talqeﬁ\ggd@fq gampple taken-
confidence interv i 1. hi i {1 i
i ng o -t rcB AR pofR A bRl sinble S, Pre, % °

fixed probalplobbpilief opé%tﬁtrﬂ@nm:eut):o@\a)obscmdngewitmg confidence
pat i Ient ‘to QE&rQ,éJSk p\&grgabi @)iqt&ﬁfsﬁﬁg%{?ge rest of the

popul ati on G320 Pige ! ul ati on (such

as by race, t [ : i t i ili
Geogt aphy CanfigiS PHEE' ekt iin CoRTECHANj@ual ek ixes Brabebilty
medi cal cent@fogenekatet hat clinic and/or within the

pati ent panel of that gh si cj.an or, healt

I th 1.
Per sonal i 2edCrREHIS $PPPAHY p@%@h@ @ﬁg\l,aknia‘O%@%gﬁf the rest of
ri sk can be gt i L ,
can be decr e{?géﬂﬁﬁ%ﬁﬂﬁ@ﬁ@@?%@%@%ﬁ?ﬂ%ﬁﬂgﬁf 2%?ﬁ%ﬁg%?h as by
by the al t eracepgenderyatd. pinsthedd$ eng/arrbaiieedl gepgraghy and/or

T Tk Pl B0 a1 BB sl gt e
or not snoki ggy/oPlyithMiheasdticht Barel eranaspieysician dPhealth team.
h

chol esterol). | Therapeutic recomendations for
physi ci ans t Bechminalized healfaplaent s Ther apeuti c

e S B SUa IR BuEh SELEYS bo mitgated
(probability of adverse outcome can be decreased and
time to event can be lengthened) by the alteration of
various factors included in the model and displayed, which
the patient can work to change (such as direct behavioral
factors—i.e. smoking or not smoking, or indirect lab values
such as LDL cholesterol).

= Therapeutic recommendations for physicians to deliver to
patients

= Therapeutic recommendations directly for patients

= Display of target risk, target timing, and methods to
improve or alter negative factors so that they no longer
contribute significantly to adverse event probability; also
praise for maintenance of positive factors

« Display of all of the above types of information over time.
For factors which are collected with different frequencies
(such as blood sugar monthly based on averaged daily

values, but cholesterol yearly), retain most recent of any
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i nprove or alter negative factors so that they no
| onger contribute significantly to adverse event
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factors | Display of all of the above types of
informati on over tinme. For factors which are coll ected .
with different friegiosaodeecalsulaiedielNesdyasedarmprovementsin

nont hl y based on e dai |l y val ues, but
chol est er ol yearlr'\ffécfaogggin nost recent of anyfactor

and re-cal cul ake; pgdritvEt Scationl sSeedariptionpod\peiteritad étivlogy of
ri sk scores. | Patient Education- Descri g,ti on of q
potential etiol ogyresictest ayepiecdewdlt 85 daoneped Jinesses an

di agnosed il 1l ness i i : [
usi ng the visual (ﬁg?rl%g%g’ﬂka(f%ﬁyapﬁwpiﬁgﬁ@gghgﬁﬁ%ﬂq}uman

i Ability to di sphratomiyeprbfeetd flneleddly N#ing an ASP;
patients may enter new data via the b ysing onlj&s. .
questionnai res " scaHhal ésgléﬁe\i‘a éQ%l”ggEﬂ%éjs agddl,%[gygatlents

or the tel ephone and MByeVi g¥yUREREediRerf@NAeZegsing online
health plan and healfth tracking (data over tine) via

the web on a conpguestionRBites maskinhablerraRer scomassds and surveys

webenabl ed devi ce. Sunma reporting. i :
statistics on ris® g?e iﬁlﬁpéé'&? @Dfﬁgmﬁtv'%gﬁ@&@%d Pereqnalized
of popul ation andn¥&fH Bith §h@m@@uhateicsm§ (da o itions) via the
out cones. | Updated nodel paraneters and clinical

factors after thewabiddn eoeorspuiesnwPp4Y.ireabie phoge or other web-

particul ar day; highlighti of new factors as
potential contri bﬁﬁ%?lggtatgvgﬁ%%ase physi ol ogy or health

protection, | SRaWh&YW rebofiigl ent panel di spl ayi ng which
fall into low, nmediumor high-risk categories for,
various out comes, Santmanestalisiicsauristeqt 2ggseRk Ralignt panel vs.

current personali Figlg OF&%GIQtion and various subpopuiations, for various
outcomes.
= Updated model parameters and clinical factors after the
addition of new patients on a particular day; highlighting of
new factors as potential contributors to disease physiology
or health protection
= Review of patient panel displaying which fall into low,
medium or high-risk categories for various outcomes, and
the last and next appointment, current personalized health
plan recommendations and therapeutics and diagnostic
monitoring regimen of each patient. High risk patients
which have not been seen or without proper intervention
are flagged for further review.
Predictive modeler 100 and/or decision support module 104 may perform any

one or of the above-listed functions.
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nmoni toring regi nen of each patient. H gh risk patients

wohowlh7tave not been seen or without proper PCT/US2005/047492

10

15

20

25

30

intervention are flagged for further review
Predi ctive nodel er 100 and/or decision support nodul e
10Gemgyatieg fadrierarghyoaé Meodeds fohBredicting a Mestical Outcome

functions. Gen [ . H,erarchy of el s for .
predi ot PG oaea v Bl AL seP ot Phe tRedt 4" fgesublect
Surstey G&sdribed, hersin apiRReiesObehb&tipgbibedteraBdhyebf models for
descri bed herein includes generati nch a hierarchy of

. . . ar chy
noBegdictingra prediraliteuigomenddge® S due devechat glusératng £xgmplary

s SR T may b e e BEM 0 REK S ORTo FRer o Shierarony of

hi afcaleghior predietied & rhedicar edticoiid)gRaferBRY ¢aIFiqub @ step 500,
Referring to Figure 5, in step 500, clinical data is

obtknierl datars #bfriped 401 aropulatieni of individuals.n I8 tségp §62, factors

| nr e 68 W PREbo b, SeMR A N8y Rig aeg ontfied.

a Pl stepl504y a@lurlighfpredietivearideld is geeveitat @dskasedhemedical
the nedical outcone. In step 506, the nodels are

ar PEiFGBE- iR SteP@6.dhe madsls awrareangsssie® liararehigel panner based

D B SLbLS A0l SRSk Q0 S8 e P it win
Thepjgigtihict é smamnodel tol an melivideal MIhetiditiores indtAc e be monetary
i ndividual or to an organi zati on of determnin

whEeHtde theniadjvighial patpdn praasizaiien 05dséﬁrmiréiagavhq%a@rttae.individual
| S ! _ .
" gp?%egéggé Pmlgr fakfif 9?%‘»0&%8 A aggﬁge,r thS M dPSI Fletlfc may be

N associ a rformng a test to
detisk tu the indieiduet assoamtedWith pertbrnidg alte pide siessesing mhether or

factor. The additional tric may_be any. .suitable

f ae%ﬂ“eomé\ﬂgwﬂaqp%ﬁéa@gfme«éa%w ‘u o?d‘giF’P%?fg'iﬁﬁH IGGAtpy be any
appl v e e . . o
2B R1S b B TERR e SRl SRR pocitve
nodeldets ierahiehgrchitatmarineal ri sks scoring. In Figure

6, cone_600 represents . i erarch f predigtive . .
model o FRAE® hiy2 Brdameun b gy grutrelsre Shabpes! herarchy in
10B4ini6AIrks s€8%n .elWFngrrét& IcBHE WoBYabesEhed a Alefahy of predictive
hi gh, Internediate, and | ow risk of having a

pantadetd that maty bengenefaedfhy predicive masiederi 190 Hzircle 602 represent

s CeBafAle oh 3k B, R edSicog ey oeslephbiaviag @ partiular
TO6lohe i irsk ) DI ARl PRATLSL N MadeffeHMbin risk

I's based on factors that are tively

assessment. Predictive modeler 100 may generate a model for this level that
has low predictive value and that is based on factors that are relatively
inexpensive or low risk to obtain. The result of applying the baseline health risk
assessment is a narrowing of the population of individuals that pass to the next
level. Level 606 represents a redefined risk assessment which has slightly
more predictive value than the baseline risk assessment and slightly increased
cost or risk associated with obtaining the factors. The result of applying the
model at level 606 is a smaller subset of the population to which a
comprehensive risk assessment should be performed. Level 608 represents a

comprehensive risk assessment that contains factors with the highest predictive
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to the next level. Level 606 represents a redefined
ri sk assessnment which has slightly nore predictive
valalee thdmlshihedugeestroost asi/ oasisk 95 ablainiag the faapnst yrhe result

i ncreased cost or risk. associ ated wit bt ai ni, ng..t h .

t D ot e B BT RR AT SmEn E R B i ot hion
| srigk ipARAd R Fuesiopfiatidie popul ation to which a
conprehensi ve ri sk assessnent shoul d be perforned.
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conprehensive risk assessnent 608, is the o
i dentarehy &f npfleds are ghowinsik @ decisiquiies formehin Figure 7. More
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hi repessdiits dhe SEirRRNISIY abossdrde@mtt mbyeN Gindneévali TRtspresents the
W th prostate cancer. Again, in Figure 6 , circle 602 )
r GreREhENsve dpapsessoretf mpdal viAguwits therexamplpdiesiyated in
of S .ar ' 21 S t ] ; .
OIS 8k e By HLALAN SEEAATR s ggrease i
basrediotiee vakle assessinent nodel , oval 702 represents

the refined ri sk%ﬁzﬁlessrrent nodel , and oval 704

repr esenddrash8Ac . gpkals e .rqiféﬁ‘(r.eﬁ§§%§§n§9§0i%§’elb.et%e” the
W'Bé”ﬁetlihé ﬁ§@“§%§e3‘sHe‘1ﬁ?tﬁ1@H@% 'rréfiﬁbguF@kG 23shfME" model, and
| evel's of the ed, m)d%?

l'erarchy are feac S I ncrease
i cpnedihensive riskl asseaachend stoddis dlustrateBiindtgutdsu8 andt® More

1 el FHGRR SQWRESToRLE: iR SluskSeatBi ForbRpppuiaton
Ansh<GRITH BRARRICY Re FisRIASIESTRSACFlquTB B8) ifydthdtds Hiebtibution of

in Figures 6 and 7 . Mre particularly, Figure 8A
i |nisksseareador He diddfinepuisloassdssmerk, sodriagufcoBCtiliestrates the

i d b Li i sk
A R R S S
for the redefined risk assessnent, and Figure 8C

illustrates the distribution of risk scores for the o
conpr ehds siajed abeke, ks sysiapmitlustraied imbigtirad avay inchile decision

USSR oAb E iRk e BBl GEFRBEE LS kB ores. and
Muhbi Rveluetd cearsiicadydof kifterenetreatriehhgpBdid eactheobutcomes.
different treatment options on the outcones. Figures

9AFigpreg BACHNPIR EPMPLRICIFTePdEHOLT OlRXaPPENY Usskinterfaces and
! %ﬁfztfi&%%@ tﬂgfjmay be provided by a decision support module according to an

embodiment of the subject matter described herein. Referring to Figure 9A, a
computer screen shot of a patent information screen for chemotherapy
solutions module 108 is presented. The purpose of the chemotherapy solutions
module is to evaluate and present outcomes associated with particular
chemotherapy regimens. In Figure 9A age, demographic information, and lab
test information is obtained for an individual. The individual is also prompted as
to whether the individual is willing to participate in clinical research to assist in

new biomarker validation. If the individual selects “Yes,” then the individual will
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functionality that may be provided by a deci sion
support nodul e according to an enbodi nent of the
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9A, a conputer screen shot of a patent information
screen for chenot herapy solutions nodule 108 is
prhesmesedtedWith ther arprepuatespnsentiasmedpapyrtisipating dmpiomarker

nodul,e.i s t | uat d i,

b b Ao LB PR R O FRIED TR SHES ot e
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is obtained for an individual. The individual is
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r ge@htvPagent Miatekasl? themblescapy bedludong moodulael1@@terders the
entry screen of Figure 9A chenotherapy sol utions
nowléeed destadiPPad3Bnt the user with an order and

per for @&?\Ee%t %Efef??ﬁthaﬁ‘gnéillt}ésplﬁéhte%@ed ByFERBHEthERap eEolutions

Fi gure e order and confirmtest sCreen inclu
t heotale 10Sissheirial eidk iassEsguert Sreamds ilgstrafediimhigure 9C. In

f th i WA - , .
e B e e ke B T i
modul 84488 tﬂéqﬁk%ﬁ%%%bnz&g%ﬁ@éh ihgl%gésfarcq}ﬁicél dédsion®8ashboard

next “screen that resente y chenot her ap
s ofhat inditatemithelieditidBal sriskhef davietdpang feibsile reigeenpanimes a result of
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t h@nérﬂg{h\é'r%}egirhen apdithe @Bsaddanidusis assassdat The drugs and

screen Includes a clinical decisions dashboard that
i ndosageesmphsts argi mpdifiablesby thekusstr. diethel ussirmeedities fhedrugs or

neutr i | t . .
aapiaearap B ThutRtsDy RIBRBCRAYS, 296 W aulifaticaly
chemaidigsanMe eAViBAr 2nsk bheewsispiag febmlentsutiaipead hin addition,
drug. The drugs and dosage anpbunts are nodifiabl e

t htheudashbopfd akevsitherusesdn mogdy trratraenigyders Qf@é’d@o&%@: drug.

amyunt s, chenot her ol.ution i .
B oy SBEEA e ST et EndRGHisGap? Solthighs module 108 il
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dashboard all ows the user to nodify treatne orders. .
%ort%&pgé(smlan or a

or illygitatedGnoBiguse 9 Prevides sopea/ariend MREK
acbéﬁenrﬁ’ 1o BRI D & AN SRt A RS HPHL i B ptbhb.

Figure 9D illustrates an exemplary modify treatment plan screen that
may be displayed by chemotherapy solutions module 108 if the user modifies
any of the medications illustrated in Figure 9C. In Figure 9D, it can be seen
that the individual’s risk of febrile neutropenia has decreased from 27% to 10%
as a result in changes of dosage amounts of some of the drugs displayed by
the dashboard.

Figure 9E illustrates another example of a modify treatment plan and risk

screen for a different individual that may be displayed by chemotherapy
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patient to evaluate different outcones and treatnent
options. Figure 9D illustrates an exenplary nodify
t reshitivaistmodale 198; dethe iHasirateg esamgies phaipdividyal has a low risk of
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FiiglheE Yok aserasrivg or doa macry beelReRRolroatRe™s hpmotherapy
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presente graphical "and text format. In addition,
t He Rigurec@F of Int Figure8E| theséigsoanskdesage antinis sielected by the

Tr iR 2 Bslas TR ek TERted ST idfiophl bdBoiated
asgRs e bblcefed RQimeAId Misbraeadlaped. pl an screen,

chenot herapy sol uti ons nodul e 108 di splays a confirm
t r eat mehs ilostietes isdigwe, 1, asother exampledl a deFpigarseipgprt module

In,Figqure 9F, the drugs,an Q n I y

| DB oS Do 35 SRR RS0 BT i) S ocu

SeyFs. Tl 5 PBBE BdfaVFAeArgiRiigaryt SbllithsS floreleed06 89 itdremsist an

is al so displayed.
individual in evaluating different coronary surgery options. Figure 10A is a
computer screen shot of an exemplary patient information screen that may be
displayed by coronary solutions module 106 according to an embodiment of the
subject matter described herein. Referring to Figure 10A, the patient
information screen includes input fields for receiving coronary-related
information regarding a patient. The patient information screen also includes a
button that allows the user to synchronize the information in the input fields with
the patient's EHR. Once all of the information is input, the user can select
“Next” to select any tests that need to be ordered. The user can then proceed

to the initial risk assessment screen. These screens may display information
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As illustrated in Figure 1, another exanple of a

deci si on support nodule that may be provi ded by system
waQWeis20a1 coronary surgery sol utions nodul e 108CT/TiIS2005/047492

pur pose of coronary surgery solutions nodule 106 is to

assi st an individual in evaluating different coronary
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by cor ry sur sQl utions nodule 106. Referring to
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confi depgeidspfisy absvassReAAERSh ¥ i sfanhlmjbs;%g%d;sh Figure 1 is

di fferent outconmes associated wth coronary
sub@gerarkandasasality evalistioof réglireat 1 dasa floock hiagram illustrating

el yaaald o B SR RRRRe N SR e RO mater
20 SUHeSHIbesitdtbin0 RefeRg 6 Fidifie | bioﬁkﬁr?@@éd&%\iina‘H?%(ﬁ;(?r?system

the risk scores for the various outcones. Such a too
al 182dnaledes pryjenerkaicausalilydibrantthat eesiascpoteptianiaibmarkers

tr i pmens,. based on risk tolerance. of the ,
paﬁ?@ﬁgfon@%dgg%épw o_aﬁ%'%g'ﬁcoﬁtgr"f’t_b'ﬁ%ﬁngnd%t@b?ﬁ%&_ Biomarker
Sysagsality ValfddtidhesysiémH eRIBRolstbresbhiorkers wAbS&lchL¥ality has

validation. Figure 11 is a block diagramillustrating
been validated by predictive modeler 100. Experts hypothesize which of the
25  potential biomarkers should be validated. Decision support module 104 obtains
consent from patients and orders tests for determining whether patients have
the potential biomarkers. The potential biomarkers are provided to predictive
modeler 100 after pre-processing. Predictive modeler 100 validates biomarker
causality by generating models that include the new biomarkers and

30  determining whether the biomarkers have predictive value.

Biomarker causality validation may be performed in two stages —
biomarker identification and biomarker validation. Biomarker identification may

include automated extraction of potential biomarkers from biological evidence
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bi omar ker validation according to an enbodi nent of the
subj ect matter described herein. Referring to Figure
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a biomarker causality library that receives potential
bi omarkers from automati c searchi n% of scientific
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rrustatub@cairsegryfzc@@csoarepn@w@tnwé/a{}%@tﬁé segiei 0 g@@arﬁfﬁ f causality
Et():rélg? g ﬁifﬁv&? E)eqf‘sredq 'fﬁéi d%V%IB‘b ok HEW’B’(@@'C@% HéHels or as a

I's"perforne |ct|ve nodel er 100
”Hbﬁtdriajcéldﬂé tsNeid cant bonsed aeeavgetmidaeajstfor thel daveleprognt of new

statistical significance t hese pot ent i
2 el ot B EBTUEIOROR < G19S Ot o Assgst o gL odication by

factors).
Clinical Example: Chemotherapy and Neutropenia

1) Biomarker Validation

Biomarker causality validation system 102 searches medical literature (i.e.,
Mediine) and genome-disease association databases (i.e., OMIM- Online
Mendelian Inheritance in Man) for the outcome of interest (i.e., anemia,

chemotherapy), collects additional data on the potential biomarkers found from
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consi deration of confounding and colinearity by other
factors, assessnent of predictor and outcone normality

woéaonoslorzaar nodel s, assessnment of residual s noPaEIUSRONS/047492
and assessnent of outliers and bootstrapping to help

excl ude false positive results (validated causal
binooteckler mfotrhalian ditehapes ki-&| SeNeaCeanmes (NI sefcdAnd stores

signi,ficance, are.nov ' i d i I
s R e
davR! BRGRING HE xemmesei alttymcseael motentiabiamarkers that may be
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f ddenthieddewiotatisar carsalivivatidriensyptermdPapeut i ¢
agents (note can al so assess for effect nodification
by factors). dinical Exanple: Chenotherapy and

Neut ropeni a 1) Bi omarker Validation Bi omarker

causal ity validation system 102 searches nedi cal

liter Al £ne) and CERISSE- G6PD
ass%@éﬁ%%dgﬁgbsa%@g#%i .e., G\%Q%ﬂgne l\/bn%l’el i an

| nhen ERARCRONSIMIEROOY TIOEEMOLSTE, (IUE 668D PEFCIENCY,
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pot!DRLEPEB; omar kers found fromol ecul ar i nfornmati on

dat I By ane, CGenone, SNP, etc), and stores
theé‘%@?g%l‘é]fotcﬁ% X Stential bi omarkers section of the

bi omarker causality library. The followi ng are

exanpl es of outconmes and potential biomarkers that nmay

be identified by biomarker causality validatjon

10%H@MBEEJ@-#®@W®@W§N&ER&§EU%P§QMEE@&%\E TP
PHEROCYTI C HEMLYTI C, DUE TO G5PD DEFI Cl ENCY,
BRER TR PST ocus Xq28 THROVBOTI C

THROVBOCYTOPENI C PURPURA, CONGENI TAL; TTP CGene map

| ocus 9934 BREAST CANCER 2 GENE; BRCA2 BREAST CANCER,

TYPE 2, | NCLUDED Gene map | ocus 13g1 2.3 N JMEGEN

BREARAGS TSYCEBROER BERGENBREBRAGR. SYRBRAVE, CANGHED; TYPE 2,

BBS, | DED Gene map | ocus 8g2 |
NCOIDER P 9o

Gene map locus 13g12.3

NIJMEGEN BREAKAGE SYNDROME BERLIN BREAKAGE SYNDROME,
NCLUDED; BBS, INCLUDED

Gene map locus 8921

LYMPHOPROLIFERATIVE SYNDROME, X-LINKED

Gene map locus Xg25

XERODERMA PIGMENTOSUM, COMPLEMENTATION GROUP A; XPA
XPA GENE
Gene map locus 9022.3
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bi omar kers have been identified, the clinical expert
conmttee illustrated in Figure 11 can then can view
full candidate list and select the one or nore

bi omar kers (nol ecul ar factors: genes, proteins, etc.)
worth investing in testing in the validation stage

(HRee e ??dté’r‘mal Piefndrkbs R¥@sTBaan iideritfiedssuhedcliniee expert
the clini expert committee sel ected GGPD nut a
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t Reor P RRe38AS ihabting ghthe auidatmmesiaged(stage 2 below) For this
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er exanples tee mght require a

g it Iof @lﬂﬁb@lmatr@%er@dmlsbecmppottemduleﬂ 84)s usgd; the variants
Bi omar ker Val i dation a) Study Conduct: The uset of
DI e KPPDaaeEs 113 TR &evﬁ%@@@? v ShETGINdapy are then

:Hﬁtﬂl/%gﬁ tg\ﬁﬂmgﬂ'\’és% it @e%ﬁ@rlw oMHebibRarker causality library

re care stu i's being conducted. A
Meehis aloLAs est gandty payestof arpeextpm 'aiGRPD mllslese irepiher gxamples,
clinical research and details of. how

t i cuitige Mgy rgglie @&%%@eeﬂggge 8lqr§5e%{ﬁ8%st etc.).

bi omar kers not necessary for clinical decision making
currently, but which could inprove decision maki ng in
t he) Bioimarker Bpidation102 makes ordering of "dinical

D -
ch%fr%}/w gép%zxtg ﬂ\%ﬁ%%&%%ﬂ%@ﬂé‘i@él{#h%ﬂ/g@é%lon system 102
86t‘§|ﬁ15]1g§tlthp85‘al9@ﬁe%d'é% aPﬁfd%ﬁWh gainstiutian lwhevabare/ study
an el ectronic si ure or output a PDF o
pai@ebemgfcmnmmmrbn%enedlﬁalrassmaﬁﬁ RIYSiGiR %ﬁi@%iﬂvmvemem in

revi ew, sign bmt t

or SHieRl ran rgﬁ stas of §O h a(%){ﬂ% nﬁlgfé&o)rﬁgr%\elc\guetgfused to assess
t hﬁie{se%‘d‘ntﬁﬂal Bi%'fﬂa?kérs nle@heé@és@ry for Sﬁmtaltdecmrrm fnekimg currently,
the 1Tab electronically. b) Data_ Anal gf’f( Bi \(Iaémr ker

Cabegvinich Damld mmpye.d@ptsmbmkmg;m Yitg@ 102 makes
pop\éc%“ dat p‘g@ftbs & ST TLRMIEE (Y theSRwer right of
chemotherapy solutions screen). On a third screen, system 102 then can
garner informed consent approval through an electronic signature or output a
PDF or paper informed consent form which the patient can review, sign and
submit. Lab instructions can be printed and/or e-mailed to patient (or reviewed

on their patient portal). Lab data is sent to and from the lab electronically.

b) Data Analysis (Biomarker Causality Data Analysis): Construction of new
models to validate the statistical significance of these potential biomarkers as
predictors of the outcomes of interest, with consideration of confounding and
collinearity by other factors, assessment of predictor and outcome normality for

linear models, assessment of residuals normality, and assessment of outliers
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predictors of the outcomes of interest, with
consi deration of confounding and collinearity by other
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for linear nodels, assessment of residuals normality,
and assessnment of outliersand bootstrapping to help
ex@nddeogtsirgepipgsio hel eégludesfatS@aposuaveoresamsa(Vandated causal

0 SRR DS OO S S0 ELAS) i hpovea o

t hm@vammee@ms@ﬂ the Yidrhdrkar gausdiy I Wrgb&:alm b8 used in the
t he devel opnent of new predictive nodels or as

st SRUCIQPBIA 0h HEeW afﬁﬂi'@a/@ Hedaiserr %%at%tagétaécmeeéﬁﬁé and can be

5t h%sgg‘égltéﬂg@?é?kaefs O @Bb@lppln%rnt B}hr? | Ca%é@ﬁrafgxgpépseutlc agents

note can &l so assess Tor erfect nD
f a¢natespn ddec assess Bupfect rrE)dEfiafphenAy fattevrs)d above,
deci si on support nodul e 104 may autonatically
i ncorporate scores fromnultiple nodels i ntlo a
de )@m e an individual to select an
opﬂe%;asf%hi ﬁtueﬁ(\)/'tet(r?tl on ét rategy. Figure 12 illustrates
an exan'ﬁlsestafte@lmj@va cismigom rsuppee. mModute glide mMay atd‘n@matically

i sion Eree inc{ udeBHﬁ_r.arnchea thagﬂcorres pond t
ou{rkCBH%%fa SP5PEE ey BBHiR'e MedelsJp ?adeqrﬁlenb‘ir%éﬁe%ﬂable an
I Ninfdh g8 tda& &ﬂb%tlrﬂapﬁﬁéﬂveﬂtlﬁﬁ graﬁegh/"t Pfguﬁj@‘ﬁ@sﬂll?&rates an

tree that relates to one approac proac
t oe&@mﬁ@ pf sdtlketa decistuetreag noFiguss U, éhe rasaisienttree includes

h d .
0P FREE g ChPrReroREde Pl r SRkt b ehoe fh fienia. The
ar Bratehes ORIy LF@N 2raBhiya portion e tHé t%YéMé'cﬁsn&f‘tr@é%t relates to
branch correspond to probabilities associated wt

15 eabhe BPRARICh Theapys3naserehesjsr usivgtpradistive ynad@lur@t twdevaluate

20

25

30

li d benefjt nd

col B I8t Og 5T Ikl RATRARS, 0t 3¢ BEPI5HRGAR ot tSating or
br aotiestmgeant treatihg etk batidntard ebiahowasior aintbiicy atI'he % symbols
benefit. The circles in each branch nmean that the

vaPREgCchbransheareampand do pitbapHides apseniaieith eaiubranse. The #
adgﬁﬂﬁolé rggfédelﬂ?ﬁﬁél tg rd?‘f ﬁ’ ﬁi’@c}/s??%cﬁ'\l g%f‘oq %?Je%rs tﬁg%nmmary

beberfiéftt aanetfbeeacfabratrimhnthl@@robammf@fot Gactebeinthnige multiplied
rategy. The probabilities

ouPbﬁfe Q@L?%q%ﬁ%g':%e%ﬁd@e@r@@%‘ﬁ QR Biagieh mean that the
| a

oPROEE IR Y A BRI 3 i 02 B5081 2ot

F| @liuoecarrzbetcalceumedaioeedclﬁ bearrmmt byodtwrbn@stharh@tal cost by the total

e T R S S L A p—
strategy. The probabilities output from a predictive model used by decision
support module 104 may be automatically incorporated into a decision tree,
such as that illustrated in Figure’12, to evaluate different outcomes and
treatment strategies.

It will be understood that various details of the invention may be changed
without departing from the scope of the invention. Furthermore, the foregoing
description is for the purpose of illustration only, and not for the purpose of

limitation. !
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wi t hout departing fromthe scope of the invention.
Furthernore, the foregoing description is for the

wouroassiof illustration only, and not for therPouSE®IES/047492
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of limtation. CLAIMS What is claimed is: 1. A nethod
for automatically generating a predictive nodel
| i ki Suser sel ected factors to a user-sel ected

ggy@p .%ﬁfaimsﬁ%:hod conprising: (a) obtaining clinical

urality of different sources for a
popul at panetiod fod iautoiﬁ@ﬂi@n%td@e%ﬁr@ & predietive Ml dhKkielg user-
a plurality of different physical and denographic o
f act or sSelegaddrRtPTS fe aiUser vELRSS OHisemE, phamgtheg cemprising:
di fferepty ougEpES,f-AhR; i_ndi vi q (1) o I\
i nput r g@ar d?’ﬁ%‘@ﬁ%53@'8??%%2@5‘?(‘%#@&?% &;mddgﬁg"s‘,e%\ébug:es for a
l'i nki ng diff popuibticowbinuitidoals, tie dlindcdl datainglamely atplurality of
| east one of the outcones: and (c) in response to ,
recei vi ng t heTERg P ?bcabe@'?%réf‘?'ﬁ‘@%?%%rfﬁ’?t@rér regarding the
nodels in th I c reel oti v
of the model BRI caadq, d TR0 e GRtrelt (BB for the
processi ng t mgividgss i dentified in step (c¢)(i) to
produce,a final .nodel inkiaﬁgone of the conpinati

| . .
of tact B t BTG BPLbFRHar (HlgAeTR e hEPeGp Ltstemodels linking
i ndi cates a Hifﬂé@édth@&ﬁbﬁé\aﬁbgfﬁfi idi Hcetral arﬁ@‘é’rﬂ@aét‘%@ne of the

factors in the final no have t he outcone.
The met hod ofulepaias; @ndher ei n obt ai ni ng clinical data

froma ural i f sources.in¢ludes, obtai ning at
| east t of {n '%an?r%g‘? R LR %”,puéoci al and

lifestyle daip, ppySoeahgexssaratidroRoddls M thetde@Rch space based
c

sel f-reported denographic information, denographi
data established PRrpggictivavyalganeinthe nwealal with regard to the

I nformati on Syste es, genotype and SNP
i nformati on, gene@%%ﬁteg%?@n i nformati on, proteomc

i nformation {incl ugiowgssinglteasiodateidehtified inkady (OXi) to produce a

cytokine data, rre}ir?e%orlngcrjn.elclinking one of the combinations of factors to
the outcome, wherein the final model indicates a likelihood
that an individual having the factors in the final model will
have the outcome.

2. The method of claim 1 wherein obtaining clinical data from a plurality of
sources includes obtaining at least two of: past medical history, social
and lifestyle data, physical examination information, self-reported
demographic information, demographic data established through
environmental Global Information Systems databases, genotype and
SNP information, gene-expression information, proteomic information
including at least one of antibody or cytokine data, metabolomic
information, mass spectroscopy information, imaging coordinates from x-
ray, mammography, computerized axial tomography (CAT), magnetic
resonance imaging (MRI), electrocardiogram (EKG) information,
magnetoencephalography (MEG), electroencephalography (EEG) and

functional magnetic resonance imaging (fMRI) information.
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i nformati on, mass spectroscopy information, imging
coordi nates from xray, manmography, conputerized axi al

woanwgrzphy (CAT), magnetic resonance inaging PURIUB2005/047492
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el ectrocardi ogram (EKG information,

magnet oencephal ogr aphy (MEG, el ect roencephal ogr aphy

(EBEG) aihbefogitbd @i alaimagwberain reseiviagdepuriagludgs (&ddVing input
informagion.3 . The nmethod of claim1 wherein

recei vi N AHEE™i ncl udes receiving input froma user.

4 4. TheTRBtheolfof &laiin® Whehah @éébl(/l%%Nuﬂﬁcl‘uﬁ@gtrecelvmg via a
includes receiving via a direct link to conputer

sof t war @irg@iding tgsempuiert seftwaret whergassers snidifacios datal

of cI ai i Si clinjcal

e oI AT D ORGE DL B R )t o
sear ch. the différentmetihed o] péorming efiesBarch.

pr pr 0CESSi ngI the clinical data includes nornmalizin

P e BPlags &7 SIAm Sberel RispropesaG Mestinties peR includes
pr epr ocgér%é]&,ﬁ ﬁlec#lfnrl{acfﬂhtéjat a i ncludes renoving

non-varyi ng val romthe clinical data. 8 . The
metf.hod ©he chethod 5f vlagn & wh@nee’ppmssesw]g tre cliniczl elata includes

data i ncludes reduci ng the nupber of fact rs in the
cl i ni cal®"da¥'a9 ngn- vaﬂqgg YeSd T BP&“ﬁﬁcé k ei n
regluci ngns 'ﬁ?etHHg%%laﬂﬁ Sfﬁﬁér%WPllégr&H@ss‘({ﬁe%ﬁeC&inlﬁ ?tar igxcludes

i ncl udes usi ng means cl uster fol
of val uesiucing thefraonloer drfelc@rmgu’dh@rclmaiahelata

SegorpHALENLS GELSE 0 BELBCLIRL SOMmOTeTb ol canh
f epf esefliriédl @atafinéibges |u§ﬁfgek~mééhs Eﬁh%téfﬁfghﬂﬂldéfnhg) glu@}ers of

1 wherein performng a search of the nodel’s inclu o
usi ng f¥alues fariafieciad apd singudarn aiuedecimpostisn i gelect a principal

Sear on S PAISTLBERL allsitre B SoBpiat OB vae

met hod. repPesagtiveedhde adfister.ai m 1 wher ei n perform ng a
search of the nodels includes using a stochastic
sel-ch e HBethod3of ¢lRi e twdeisr PeMainiiNg auseaesth of the models

e o 0 TR AT e
Akti.ke Timé anethiodoof clainh er miherein performing a search of the models
includes using a stepwise search method.

12.  The method of claim 1 wherein performing a search of the models
includes using a stochastic search method.

13.  The method of claim 1 wherein performing a search of the models
includes selecting and assigning a score to each of the models using
Akaike information criteria.

14.  The method of claim 1 wherein performing a search of the models
includes selecting and assigning a score to the models using Bayesian
information criteria.

15. The method of claim 1 wherein processing the models includes
evaluating the predictive accuracy of models using a receiver operating
curve (ROC).

16.  The method of claim 15 wherein evaluating the predictive accuracy

using a receiver operating curve includes evaluating the predictive
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14. The method of claim 1l wherein performng a search
of the nodels includes selecting and assigning a score
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The nmethod of claim 1 wherein processing the nodels
i ncludes eval uating the predictive accuracy of nodels
usi ng eacoecatyesingee arémgnder the (LROE) a cocoMamcrdndiexd and a

of claiml erein ey Iua t he, predictive accuracy

usi ng aswglé’\l@ &% éfa f% 9@1 udes eval uati ng

t hey pr eth& trh¥@eiC BF againtisi metr&ﬂ MHeRdUOSIAE fndRidedr ¥esurgical
a concordance index, and a sensitivity and specificity

of eachouipe®e. 17. The met hod of claim 1l wherein the

ol o a0, L LT FCHE A onddiedfids e bisease

outcorra;utd&ne_The met hod of claim 1 wherein the outcone
includes a timng associ ated with the outcone. 20. The

method 1€ dnathadi ainepin n’ t weeein chige qUikAMaekICkiles a timing

i ndi vi herapeutic treatnent. 2 1.

The rre?#]g%g %ftécl al %ﬁ% O\t}\ﬁe(?g%n t he outcone includes a

cl2i carha mahooqudmm 12&heréhetireebbtodbned irdlades &n individual's
wherein the ou i ncl ydes a heal t hcar er el at ed

busi ned§°BYT% a BeyapeHic ireakdRMtof claim 1 conpri sing
evgl uatyhg n?é‘tﬁoﬁedf' Shing 1t ngﬁeFélHE}h "%H@d)m%slhe&d@g %%ﬁﬁkal trial
e a or

one dataset t I's outsi of t ta obtail ne
the pomutaa)nnen of individuals to reduce over-fitting

|naI to t opul on ,of individua

o elBaror 8 whekaln The M EhmEnREis s Healthcare-
ratl ng r{;hﬁe(ﬂ ibhdinedBdekcathé h respect to ot her nodel s
| ocated in the search based on criteria other than

prasdi ctThe methad. of28ainTHe cawphisindoevalliating 2ndurefiging the final
t he crlterla othe val.ue, i

speci §i'00 gﬁlbes‘J%? Igﬁsg%%{]) % { EIS outside cg]f%e 4&%a obtained for

the population of individuals to reduce over-fitting of the final model to
the population of individuals.

24,  The method of claim 1 comprising comparing and rating the final model
with respect to other models located in the search based on criteria
other than predictive value.

25.  The method of claim 24 wherein the criteria other than predictive value
includes specific information about factors.

26. The method of claim 25 wherein the specific information about factors
includes cost associated with obtaining a particular type of clinical data
used in each of the models.

27.  The method of claim 25 wherein the specific information about factors
includes risk associated with obtaining a particular type of clinical data
used in each of the models.

28.  The method of claim 25 wherein the specific information about factors
includes risk associated with a patient undergoing a diagnostic

associated with a model.
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26. The nethod of claim 25 wherein the specific
i nformati on about factors includes cost associ at ed

wonbds/oattiai ni ng a particular type of clinical #araswpeed47492
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in each of the nodels. 27. The nethod of claim?25
wherein the Sﬁeci fic information about' f act ors
i né9.udeBhe nxKkhed 96 cladmedcomnptisioptripaucigga gecisiooures based on

type of,clinjcal a_used.in each of the del.s. 28. .

The et e et i seifaL RS R oL paliBfie BY dfferetes in the
i nf or magadtmtabattrebast @ indivithlal eRSorsi iskhasizacmaded

wWth a _Pl%l ent undergoing a diagnostic associated with

a $Rhdel Thometired aalaisy 1 spmprigingravtemapeallyi ungabing dur fing model

a deci sj : | to 2

ar oups Do RS, ROREGeSEr bR R dRRURL 2] BRRLSfoiyiouars
regar d Tiee hedhod diiakinh 830taahsprising beatingal tafieeel predtive model
The nmethod of claim 1l conprising automatically o
updat i g tfeneV ool RbEIVIdyRls BsiRsReBase & Feeaipinf the neuyelinical
clinicalydata for a new pool of individuals. 3 1. The

nmet hod oa% claim 30 conprising creating a tailored

pr&zi ct Tivemabioked of deint Bé wieneipomwkatirig atailored paddictive model for
respon al dat a.

se to receipt of the new clini 32. The ,
met hod B "BMapre IndiHehalingHdss PirgtRoAS pesdiaive model using
predi ctihsg W emlichidathhe new pool of individuals
i ncludes creating the predictive nodel using the new

cl3Ri calhalamethod3f athien rMewhedeibf stepai(a)-{c)warer enplestespad as a

- I_npl t ed t ram pr ct .
e T e Lt
in a cosppbeiedric adadthguteRdbadBblSfeditig. met hod of claim
1 conprising automatical ly incorporating scores froma

pl 3t-al i The otethed@if Glaive ogurisinthagtamatsilyiipeonpoeating scores

out cond ot D B e Bfadeil QG deisibh fR5uPRgB8ting an
the fi ngdtimaldelerdsntondee trebbiig suppoicbniol for a

patient. 36. The nethod of clajim 34 wherein using the
fidhal nbemeilod of i broRPpEHEt usivdthe finalumedel as a decision

out putté' o?t t%‘ca)ftggfamﬁéﬂe%?"es for the patient. 37. The
C

nmet hod © alm erel’n outputting a set of
oudg onebhd amethbe of claim 34 wherein using the final model as a decision

support tool includes outputting a set of outcomes for the patient.

37.  The method of claim 35 wherein outputting a set of outcomes for the
patient includes listing outcomes and therapeutic recommendations
analyzed for the patient in the past, new outcomes and
recommendations, and outcomes not yet analyzed.

38.  The method of claim 36 wherein outputting a set of outcomes includes
organizing the outcomes by disease and therapeutic category.

39. The method of claim 1 comprising using the final model to generate
statistics on risk of an aggregate subpopulation of people versus risk of
the complete population for the outcome.

40. A method for generating a hierarchy of models for predicting a medical
outcome, the method comprising:

(a)  obtaining clinical data for a population of individuals;
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patient includes listing outconmes and therapeutic
recomendati ons anal yzed for the patient in the past,

woewoepataonmes and recomendati ons, and out coONeBCTMIS200681047492
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anal yzed. 38. The nethod of claim 36 wherein
out putting a set of outcones includes organi zing the
out cone®)by idestfying afadtome&im@mted withetfor ypodatiorhghat are

net hod of cl al @F%é%gﬁrméé'gg'ﬁu the final nodel to

generate st al ggr egat e
subpopulat i offertdrafie®sedes bR fébﬁ%s Qaf pmmlty efplerfi®tive models

popul ation for the outcone.

generati ng aohlp@@fimmﬁmﬁdg%ﬂ QUTC@fn%raékﬂi ctl ng a
medi cal qd}m €8 ”Q'BQ SO (1?1%t | ‘ﬁoérﬂ ra?‘rI ﬁ%al é@gn%%)%%ga B8 relative

clinical ’data on o

i denti fying prediative va&mﬁit@@b%ohb adatiop@piledid associated with
that are indicative of a nedical outcone;

(c)
generating, H¥RWAISRNHBORRItPGRSINAYIHELr al i ty of
pr@pll ClNE MORBhSof El%urﬁr \GHdrBgh ﬂﬁ}e afr‘?éjé létd@ﬂ%’al metric
nd (d) arranging t nodel's 1n erarc |ca manner
based ocompiises eestpf pdifotming & tddido deteratine edsthamsn individual
additional netri ? soci ated wi th applying each nodel
to an iRk 9PGEGUIAT42¢0TThe net hod of ciai m 40 wher ein

thep at tRaShePBE @ﬂ@u@tmomlww@é Vr\)qﬂweC%mPéés?te&dé%% Sg)lfnan metric

performng a test to determ ne ether an in
has a plaﬁlluriealﬂak of peffanming 2 teStio dedeimaide ethathaii an im@ividual has

wherein th l f a,[st one additional netric includes
risk ofaBQHCb'% ﬂ%oé test to determ ne whether an

| g Vi dyalysteas fér élﬁbha@r@bw ERsrialihg éﬁred&;t%@ﬁbflﬂfkmg user-

automatically generating a pr edi ct | ve nodel 1inking
user sel sieelgdifactosy i a gsar-aslectaskoicowe, Hia sysiem eoraprising:

bt aini6) o4 el PR R LRI hEG RSl ie Pimg puraity

sources fOf G @ﬁ@tﬁrﬂtswlﬂcéé farnglipdpdizaio, oft inelivediuds Cale clinical
data i ncl udi n% plurality of different ghysn cal and
denogr aphi c ¢ at'm'gdmgg%p ralfy i iffergny paysical am@ dgmographic

plurality ofcdidf &i8BtqiRyt #RMRRINIANalk "End "SI MUAHR) S different
outcomes for the individuals;

(b)  a user interface module for receiving input regarding a search
space including models linking different combinations of the
factors and at least one of the outcomes; and

(c)  a predictive modeler for, in response to receiving the input:

(i) performing a search for models in the search space based
on predictive value of the models with regard to the
outcome; and

(i) processing the models identified in the search to produce
a final model linking at least one of the combinations of
factors identified in the search to the selected outcome.

44.  The system of claim 43 wherein the outcome comprises an individual
medical outcome.
45.  The system of claim 43 wherein the outcome comprises a healthcare-

related business oufcome.
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(b) a user interface nodule for receiving input
regardi ng a search space including nodels |inking
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of the outcones; and (c) a predictive nodeler for, in
response to receiving the input: (i) performng a

set.ch Amystaddbs evaluating seandividmisaidkasfed ofinical outcome, the
predlctl value of the nodels with regard to the

out cone>Y Si §M¥%cessing the nodel s identified in

the seafgh tg &%@F&Q@ ot fdfm@i@eir{lh@kdll'hﬂ:aﬂ‘tdétgaﬁégardmg a
one of the conbinations of factors identified in th

search to th@oméatdﬁn@fdn@md@amndwg%aﬁygmﬂmhnkmg factors

claim43 wherein.th t ris i vi dual

medi cal out C%?%EO%I 8\'\%,{%%;})%@% t@l 'n}ﬁaﬁg wrer et r?nd

the out@gne gdepisiciesugpdrealddutnfar retaiting inpst lﬂ@?@dmg factors
out cone. 46. A system for evaluating an individ

risk of a c|Wﬁ&,eése@umc@r?eIndIWéuaysfpéme@@wmg dnpiy: rqg@yding a

a predictive ggﬂ%rﬁ é]lPr{eTrP rgﬂ\éﬁbélnkﬂpﬁﬁa at least one of

regardi ng a populati

gener at i ng ntb\réehedélstglenemtéatbywhé pﬁ@ﬂ@tWeahedeWrtthehﬁput, and
popul ation to clinical outcongs; raa deci sion
support nodulog O’F‘H’rUttﬂr&'@S\‘f'ftﬁﬂqq"PﬁfU'lg th@g IMidg!'$ Eel et lkaving one
possessed by |

Fogar ding a O e aicH! S bmee i R Yo RG e Bmen. regimen.
appl.yi nghasysteasof daien d# ddmeprmmi@ bsblgmael{ea'tcmﬂ:sbytytlbenhﬂcahon

di ct th nd tputt
Pecul ¢ smoRIEHaE (g Teuartatso T w &l bpdsipiie sodeter,
of the ghémiifahe BibHANRS &ué%'ntyl %@uﬁb@t%rﬁ%édlﬁét@%apted to

regi men. 47. The system of clai'm 44 conprising a
bi omar keweryamsdidal yiteradurei fo daentidy otharkersoto be used by the

i denti fyi new factors to be sed the predictive

model er e BMOGHAT BRBREAIE NS Jiaddp:

| degt | le@@Eyﬁ@nﬁﬁ@élﬁ] A6 whAERIh Gtk @@c@@ﬂ@bpﬁ@ﬁ'rﬁ@(ﬂule comprises
literature to identify biomarkers to be used

predi ct@ veoiphasl suiggdneciitiong thedwedérs oudtwt%/mrgensk scores
syst em ofs GLALM dfn WHepAit & ARRISHhOHILRRGE LadRMMEd with

conpri s€s
performing coronary surgery.

49.  The system of claim 46 wherein the decision support module comprises
a chemotherapy solutions module for outputting a risk score indicating
the individual’s risk of an adverse reaction to a chemotherapy regimen.

50.  The system of claim 46 wherein the decision support module is adapted
to receive input regarding a particular treatment and to reevaluate the
probability of the outcome in response to the particular treatment.

51. A computer program product comprising computer-executable
instructions embodied in a computer readable medium for performing
steps comprising:

(a) presenting a user with a screen for collecting clinical information
regarding an individual to be subjected to a treatment regimen;

(b)  receiving the clinical information from the user;

(c)  applying a predictive model and presenting the user with a

decision support screen displaying the treatment regimen and a
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a coronary surgery solutions nodule for outputting
ri sk scores associated with a plurality of different

woub@mrea1associ ated with perform ng coronary BUTgSRO0S5/047492
49. The system of claim46 wherein the decision
support nodul e conpri ses a chenot herapy sol utions
nmodul e for otidkpsadre mgsaciateskwigie arctinicatiogtabmegadsoeiated with the
individual's, risk of an adverse reaction to a
chenot her apy"GISHEASIBIEN FHE system of cl ai m 46
wher ei he Ny URRA megdubemoi i
receivgd?npu?ﬁ%gggggPﬁg a gg?tlCungb?ggggﬂgﬁﬁegﬁ%aygegwnem
reeval uat e tded pawbaistically wfdatimg cutde alisplapingedipongsk score
to the particular tre nt. 5 1. conput er program

5 product con‘p‘??sﬁc}?deg8@%‘%3&“@5‘?@%%@8@'i nstructions
enbodi ed in a conputer readable nedium for performng
steps conprising: (a) presenting a user with a screen
for collecting clinical information regardi ng an
i ndi vidual to be subjected to a treatnent reginen; (b)
receiving the clinical information fromthe user; (c)
appl ying a predictive nodel and presenting the user
with a decision support screen displaying the
treatnment reginmen and ari sk score associated with a
clinical outcone associated with the treatnent
regimen; and (d) receiving input fromthe user for
nodi fying the treatnment regi men, and automatically
updating and di splaying the risk score associated wth
the clinical outcone.
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