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WO 2006/084196 PCT/US2006/003970 DEFINING VIRTUAL PATIENT
POPULATIONS 1. INTRODUCTION A. Cross-Reference to Related

Applications [0001] This application claims the benefit of U.S. Provisional
Application No. 60/649,964, 5 filed 4 February 2005, incorporated herein

by reteteneedngts entirety. B. Field of the Invention [0002] Thigiavgmnti@nzoro
relates to research involving virtual and actual populations. 10 C.
Background of the Invention%F(r)?Ct)OB] The development of safe and effective

treatments for di%%gm%Gp XWW#W&%WMT&%ﬁnformauon

about reag%c))pulations may, however, be limited and difficult to obtain.
Chnical BYRfONE B mple, are key in establishing the safety and efficacy

of pojential nepy. drugs but they ﬁgﬂtgﬁ ﬁéﬁ*ec%x costly and typically

provide 15 limited information about t atlonsfﬂps between the
oqolntenba, ptibtagyn antheffectveeireatne:ofidiseaserReyelONM NS D64,

Py he.ather hand, arg providing
patients and physicians with a rapidly érowmg source of data relating to
the biological systems underlying the occurrence and pathophysiology of
disedse. [0004fi&aehtin: siliaamsadels of biological systems are relatively
inexpensive and offer 20 unlimited opportunities for virtual

exXpUih ErtdavmiHdekiEsde AR BalingidibEicad anneaspHatinave
been used to explore a wide variety of fundamental biological processes
and tg inform fy nderatgp%igfgﬂan .freatment of disease. Such

;U
. . cRgroun Cnuon . . .
simulations can, % examp elp |d%nt|fy the relationships among

biglogirahsysiemsnisxobeain Adigrase: slalesueRAdabeles onthe soal of
cellg ar processes %%%iqghfo (%amﬁi?le, inI f_'r.ion disea[%es. 25 The?/_ cand
help design drugs that will bind to-or BloERIKNGWA: rEB&ptoTs “ElicR%HBE! and
pr&ifigelt doriebiadnurEdintihivifsatoncrattanae kelcvartfoisnde rbanding and
Ofﬁdﬁ?@%&@&iﬁma@@@s%ﬂﬁ&ms@ﬁ|getr§§f5ﬁﬁwsc é]&@%ﬂgefjmvide
mﬁ;gg!% Ifrﬁgl\évnr;t%s %ln{ﬁa%de(gsmn Sléprﬁort sys% ems (CDSS) can help I
DhY e AR A R S OR R RS A Y e Lo P FRTSR 6 STt OmG Ff) effective
exuatple! alcliviest. 30 detipiomsupporsystémahkiedidrofiiddgs usabe other

sqﬁhcgaz@p;@ﬁmglﬁagem@m@@@&%ﬂ@@i{ﬂ%ﬁ@%&ﬂﬁ%ﬁ%@&%&ng o
ch rﬁggrlzeg the interactjons between every person, 1 WO 2006/084196

FBUTY 8 L RIGE R B R\ PR STk BhiEsESsing
ddf4t#b hveépidevificiogicil ant Blikigak! tsiatstydiesrdbinely aeafaishectef offer
d%ﬂlﬁ&?@%ﬁr&ﬁﬁ@stﬁnmﬁ &B%@%Jﬁye&ndﬁed, computer-based biological

simulations have been used to explore a wide variety of fundamental biological processes
and to inform owr understanding and treatment of disease. Such simulations can, for
examnple, help identify the relationships among biological systems involved in a disease
state such as diabetes, or the cellular processes occurring, for example, in prion diseases.
They can help design drugs that will bind to or block known receptors. Such efforts provide
a rich source of information that can be relevant to understanding of a disease and
evaluation of its possible treatments.

[6005] Computer models known as clinical decision support systems (CDSS) can help
physicians use information gained from studies of real populations. For example, a clinical
decision support system called Archimedes uses such data to simulate the complete

heeltheare environment. Archimedes characterizes the interactions between every person,
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predictions about the progression of a disease and the prospective
advantages of interventions such as establishing preventive behaviors,
improving diagnosis, and screening, 5 providing better care management,
or otherwise changing patient and practitioner behaviors. Eddy and
Schigssinges.dtabetes Care 26:3093-3101 (2003) and Eddy g@ghys2o06/063970
Schlessinger, Diabetes Care 26:3102-3110 (2003). [00061 Clinical trials
have been simulated using descriptive statistical summaries of extant
ATt SBETaheY SpiRATy thoBL EREH i BHOUER e MiglesiFrand clinical
exdmbhuditd PEIARSIGHEUsesah ditivaniaikistalisticalitechnigees (@ dion level
NQNMENMsto.identiy, B&%&Qfanc%ﬁé'aé%é&‘s'@%ﬁsﬁk@sﬁ?ﬁ? {or.0p ViQ¥Shtages of
blocking factorsﬁ%e.g., gender, smoking status, etc.) in the Fespo_nse
proffiBEBHIRE ProLSHTE) SRS RS s b ArtHEE g fipgvesis. and screening,
measues bt patiertmespanse!, asithuiatio niegmeamt dhenUsa MRS behaviors,
Caglgrsimulati n ' 1R ¢ linigal.trials. T .
ou?_.égo%*ﬁh?ﬁ%zﬁ%a%%ﬁ?% e e B S Sessoaes
atié eﬁfe@%ﬂ%ﬁ%@i@ﬁ?&l@cﬁﬁ?ﬁ&rived from the random sampling scheme
undefglngithevdnntéSatieemsithaobogyn {AREABue BrdR EISIORSHRRSS tof exiant
sysiems GaphEindativintenentions ia mia affect the ingidence of
disease in a community baSed on existing studies o real populations. (e e

suCRARSHE dBsrotBivaaopatistien tedtinvesrerte SENEMBHR dotitientify, post
wetaith of kowiddgendipgainis byiadelsceidheqpdar¥ingMRehanisms satus,

of di I namies of-hjological, characteristics and processe -

cof%ér::i %%tﬁ%ﬁ%i%ﬁ%ﬁ [(é%gf%(%ssgl? ir%ﬁéﬁ%oﬁavgag%gﬁ Sﬁg?scnpwe
peAMEHTeCl S BPLIFRTRIENS shmiticauatop atie ibstobe Mostt t6aoceiss;lation
chaxmatesizes Rrpreeichieatuies.ofigisal-RAPUIBHON:AR & RUMMBN Oftals is =

the.Inyention.[00091 In one,aspect, the inventign pravides methods for
o G SR o B Oy B Ao

redfspbjeceismavsdepiagsbpiMatiof sloohttinddoSimulated measures for
eagyer] WRIIMArS Vikpat PAISRIS. A8 A5 quires, ﬁ%@ﬂ{i&@ﬁ%ﬁg}g%a the

virgggh n%%i%%tasl éaargd‘((rel .thg Gr{(;)al subjects F&s evaluated using a subset of 30 the :
datuim or dataior at e SFHRESY et EpasRliR & StAdeapyptngs. But such

sirﬁl@r%\?@éoﬁme@tsmt forrddterstitved ofthraadstiat pefienttheEachitsutisatowledge
Chadmeteriz am Ae AT LRI AW SR SAMMOnAa:Lhe 2L legst \/%né%@lof biological

lects and the at least two virtual patients. A prevalence

su
200BTB I SE PRSI EIEM T 764 18 el to each virtual patient
baE¥a8 it tisedesiahiatiohaThe wicthed patieatrpiopiiation é$ stefiseshastheiividual

tWR.QEMOERY IR PRIGAISIACEALHING 19, gk %&%%%&HYS x%ﬁ?%{gf'f 1653

[0010] Advantageous implementations of the methods can | e one or
more of the
D. Summary of the Invention

[0009] In one aspect, the invention provides methods for defining a virtual patient
population. A datum or data for each of multiple real subjects in a sample population is
obtained. Simulated measures for each of two or more virtual patients are acquired.
Similarity between the virtual patients and the real subjects is evaluated using a subset of
the datum or data for at least two of the real subjects and a subset of the simulated measures
for at least two of the virtual patients, Fach subset characterizes one or more features

comman to the at least two real subjects and the at least two virtual patients. A prevalence
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following features. The simulated measures for each of two or more virtual
patients can be 5 acquired by using a model of a biological system to
generate one or more simulated measures for each of the two or more

virtual patients. The subset can be all of the simulated measures or all of

the dataoipremalence of zero can be assigned to at least oneviftisadosoozoo
patient. A cluster of two or more virtual patients can be identified, and a

same prevalence can be assigned to each of the two or more virtual o
T eSO S SR YO e SPeTETRIE dapulstin s
subjéuts cathdiwassociateduaithednesarcadiesab thersisjulatedpmenauses
fOrAGY Q5. Yk LARNENIRRIRCREJSRlIGR CATMBNO ihe WA of e

patients and the real subjects. 10011] The common features can inc

orf@ W&r@%‘?ﬁépaﬁaém%ﬁ%mswﬁa TEheadr oriBrect gﬁ%@%@m@%@n be
Theqiredobynaiiesde penide ntf wa baliescan e de gmﬁu reﬂiﬁe(b’t{Sndx% @fhaulated

biglogical fsptuce atmyltiple fime vﬂjtﬁg}égll%er-[trs]ei% mmenf& turﬁg 80 imulated

include multiple independent or dependent varia es wherein at [east one
van&BigTs o ebminto é%t%aﬁaméva%@ EbARTOHTERIATIETEAN B IIReE opfe viriusl
orpmpie. cAatenericaf weriabiese [0BL2] adﬁ@xﬁmlamydaﬁﬁﬂamﬁh% V4 revalence
pati cts can he evaluate t| ing on
D LA E O K Sl s

th&ViFRGhIp trrtiaior taeSrbisrsusiade wemqé @ﬂhw@ze@mmatﬁﬁ&e Siryeslated

containedians N dIenideniiieshtishng: 8 RENBIPIeCAR PORSBES B AR X8O patients
|dencrffr}{é)%£10|ﬁbé cﬁ)mponents and the virtual patients and the real

ects can aracterized by locating each of the virtual patients and

théDPéa] Sipjevsim fogpaee drfindddsyotreopiripledepmmiron entiidepynd one or
fagtors dgere: Fambibe nﬁe%@%ﬁﬁmeqeﬁéaﬁ%nwm@mﬂaﬂmﬁ%%&ﬂ%m

wo 0 rtual pati and ther ubjects can be evaluat .
id&h %/lnogécr?g %ar%urlr?oarte%éo Binat 6?1%%%?%&%& %n %n HIFSS ?Piéﬁc %umpie
sapavatadrshppdtisnéstacesptilng tharsiactolest indepebbienta/arigipless variable.

[O%é’»@omeoﬁgzuﬁemﬁh%ﬁga gﬁ%wgo@é éﬁk@é@n\émtlk}ﬁm@%kems andhthe real
an pe eV luate etermlnlng a caorrelation petween the
m% f R R e GRyBhRRIT S8 &Farﬁfgéuﬁaﬁﬁe%aﬁ evaluated by

su@@@@r@@acmrmngeth@maemtmf et wesemdh deictep emtl emrvatridditeseach of
anghgdansndentyatables §9153¢k%‘s vitahPalieniS, AR SmPasng o%}ﬁ'bmaaons

correlgtlon f the real subjects with the correlation for the virtual Eatlents

THEY ‘?%%%Fe&“%%l%éomé%%}é% feSefHEi SRR fecomponents,
indﬁ@dmemwapeabmsanéum datasirgrvttherdnl cBaMEr2006084E86z each of the

PGB A06/093040 -5i géagtn?adg,gsmaﬂ} qiaple 51%%%19%0 mpogerts or by

e%ressed as a second function of the independent variables usin
RS ﬂ?@‘(ﬁ‘?t&ﬁ%ﬁ‘ﬁé?ﬁgmﬁﬁdcﬁ?@’ﬂ%%nd@%é&ﬁméﬁBﬁ%e%éW o or more

virtual patients and the real subjects can be evalnated by identifying one or more
combinations of the common features that separate real patients according to a vector of
independent variables.

[0013] The similarity between the two or more virtual patients and the real subjects can be
evaluated by determining a correlation between the independent variables and the dependent
variables for the real subjects, determining the correlation between the independent
variables and the dependent variables for the virtual patients, and comparing the correlation
for the real subjects with the correlation for the virtual patients. The dependent variables
can be expressed as a first function of the independent variables using data from the real

3



10

15

20

25

30

compared. The first function can be a first linear regression; the second
function can be a second linear regression; and a slope of the first linear
regression can be compared with a 5 slope of the second linear
regression. Assigning a prevalence to each virtual patient can include
adjusiingdbe parameters of the correlation for the virtual patigptstRensaes7o
closely approximate the correlation for the real subjects. [0014] The
similarity between the virtual patients and the real s biigé:ts can
su

avbiftrAte B DYEIERSREIY L i BT RTOTEPETESERPS B YA subjects

jects an
AsSINB e Lachaf dbnidsttial peticnistiot Qrondofitiendeend Brstions can be
clusters, Two of mere clusters of ieal shbieds Savbaidentfiedurnhaan be a
Ji%?fnce between each of the virtual patients and each of th%_two or more.
st dinfrospresipcalcanBe ehitaIRd R AESHRRY A SravaISRERTs” "1
aash irtmal eatieniean inghislen compgting a meightdedseddritteshpatiprsrean
and similarity of real subjects rminegiq e Mithin.g SnBRLty, losel
t}‘ﬁ%% 0 cig%gn[%gfﬁafﬁ%é%%&%%g eatures can include a?fgast ong1 o TR
camptiviiogts desendereyaridinéchntI&iSluating the similarity between the
visssal patiepisiand teevteatisuljecispeaminahidee calculbitiry @ndopyrored by
summary statistics for the conti u ] iahle forthgtgtlatients ¢
s ’jlglc%sxﬁr%of& {%‘)erec%ﬁfﬁ”ﬁ862%%5%%%%%%?%%0r the virtl#)al ,gﬁ%;,s Z
aome Goheping Teee SHEBF MISTe QRIS rtled RIPIL BRSBTS =
With dhg s waRmany .26 sefisticadarphirnty tal qastientse Thesummahysters of real
statistics can includ easure of mean, . mod deviation,n includ
v%u‘f%’é?%% N r;zb r?é{lémsl ,ao?%?ur 0SS 1ot %gr%%%%%p%s%%%%gn variable. -
[GOmB) e evakigicboie aritc avmbssand srEEanRSERsHbsHR feisHRed to be
cameNsfeatgsniante virtual patients and the common features for the
real subjects can be calculated. A 25 measure of ess-off eeNnd
TS SO D Eb e P o b o R
combintatintis ofitilertprhenrefahe b ripisrsas Bje decdibises can include

CG@M?&%% g&eomg@éwgﬁﬁﬁwg%ﬁ%ﬁ%@ﬁm@ﬁfﬂe@@m testble for the
-test, nalysis 0 Qvariance ., KOII oroVv-pomi test -

wisijntab Ese fdelt P HSEHRIS ﬁoné?eﬁ‘%étrﬁféa%%%?e{gf gg%gnmegé-gé%ﬁ ts, and
cannhexdngUhlitativerasses smentof swisitedbpibpartiesiaies e cHmmBRParY
fegiyrassias the virnal pategtsardihecameman deaiuresiice thaseate of mean,

subjects. [0017éAssjgning a prevalence to each virtl%(z)arl %atien .can

; ; : - d dent
ineIeife FRERIBCERHAR P B R SEPDTe VirttAPPAtIShtS To One of more

§ independent

. reak-Bijects, assigning a matching score to each of the two or more

V‘nggg‘ie@ﬁﬂéss&@g EhrﬁmgQ@%@@%Mﬂﬁygeﬁv&ﬂﬁﬁyéﬁﬁﬁﬁﬂ@é&wﬁs

4 (3670841,96 PCT/US2006/003970 eac vw%Jalg)at%ent ased upon -,

itfrnateringd esien s 4eh hrAURREPSEBECAR B BEE S o a * .
measure of goodness-of-fit between the combinations of the common features for the virtual
patients and the combinations of the commeon features for the real subjects can be
calculated. The measure of goodness-of-fit can be a Chi-square test, G-test, Analysis of
Covariance (ANCOVA), Kolmogorov-Smirnov test, weighted coefficient of determination.
The measure of goodness-of-fit can be a qualitative assessment of statistical properties of
the common features for the virtual patients and the common features for the real subjects.
[0017] Assigning a prevalence to each virtual patient can include matching each of the two
or more virtual patients to one or more real subjects, assigning a matching score fo each of

the two or more virtual patients based upon the matches, and computing a prevalence for
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measure of distance between a virtual patient and a real subject in a

space defined by the common features. The measure of distance can
weight the common features differently. Each matching score can be
based on the distance between a virtual patient and a real 5 subject in a
spaee definedsby the principle components or by factors derived {amsthgors
principal components. , Matching each of the virtual patients to one or
mé)l’% (Ie Izﬁubj[ects can include determining, for each of the two or more -

VifGAl Bt e R R REIh RO T B Pt i BT A RS Feqip fagtRe besed on a
assieieg b divtanttifrgtecore toreathetéthentivo rexl mdfecyiriuadppatiefite can the

ingdhgiefareach real.subiect nornaliz r@ﬂhﬁe@ﬁ!%@&rﬁﬁm%e\c{mgld_ifferenﬂy,

p tiehnts % that match the real subject to definé a normalized per subject
distah SSRGS P BE HYViPRIBTSatie e SUeRAR SIS HormaisaPisat and a real
subijist distaspes tiefedihbyatvruakipatientrigtabscarchyvahd@omEudagdm the

PERVRIBNCR £3P-RGWdenormalizi oAl SCo 0 O M P b
vi&rﬁt}tjal%}?g?ﬁgs.%%8%8]%%vant%§d§&?%1plemﬁentft%];%oo%hg metho sleégb ots
inciu

fURE? TREBENTS &6 °L R S MowmmsE ke rRedietim distgnce to each of
bétneerntheowrtodl hlient peigulatiomatidthesanplachoPtlatione abieyirtial
evallated. Hsing, faeqso res % new: 2NGe e assigne

tc}6 each vjrtual patient gﬁ%%%&g(r%%}gc%i?m am‘y‘é)é?‘vggﬁ%ﬁé%ﬁu%? Bgﬁlenf)a%ems
pSBLIARHGR G dtHSURieHh M5 L ateRAlTRe KA eHi heistnpo prlatieashryirual
beat@dm&% ﬂ%ﬁhﬁtﬁaﬁﬁd@@fﬁ%jﬁﬂaﬂi@a’_ﬁ&mﬁ aeceyditignial it total score;
resResiyR ARy RiRvaIBNGes: WAL AImiBIhe N peexalualnd ueing 8.
measure of goodness-of-fit between the common features or the virtua
pé’lﬁ@ﬁ]té’%? ding to their respective prevalences and the common

featurgthrtivetead subjectst-The plepsweaniig et megs0kiileaneamore of

Chis - test.. Analysis.of Covariance (ANCOVA), .

e R RN TG RRLoR o sampe
OB PP IREsE st rrea Aneoamen feativesrcVietw oftren® smibstisalzned
propastiestoiitbeieanmendeatvasiianibevisiyahpatientsand: thetgabn and the

subjeets. Theg common features can include at least pne
o SRl PR Sl B5 et g o or more
cHEUMARRA BN e SPIHa eSS mTspycsiatistic o fortbreeontinuous  dependent
Véﬂlllﬂb.]eSiﬁﬁlEﬁ*ﬂyf eal B biekigeraiaiy Q%Ms@l'% SNEOEINRG-BHBRALY the common
stt%}lhsjycsfggr th% Orﬂt'na Qus d%)%ndent variable for the virtual patients
according WO resPacTVE 5t e e d RS L S ISR Eh 8" rhcpormmon
nisterse mmiheyerhagiesfol Hvanwealrs wiijectswithothi surhemafhistatistidsst, G-

faesheviriual paderis 400 2l AnoIek3SREELAT I58:INYe RLONRY Q’x\laeqe&:éafﬁcient
m tlagtd forngteflnln a virtual patient opulation. A datum or data is
og%alné?g%r &8th of GRS T4l EISRSEISORTE Samnpre? siRiERtive review of the
26967084 PO PGT A SREOBIOABBTOres for the virtual patients and the real subjects.

[0020] The commmon features can include at least one continuous dependent variable and
similarity can be evaluated by caleulating one or more summary statistics for the continuous
dependent variable for the real subjects, caleulating the one or more supnmary statistics for
the continuous dependent'variable for the virtual patients according to their respective
prevalences, and comparing the one or more summary statistics for the real subjects with the
summary statistics for the virfual patients.

[0021] Another aspect of the invention provides a method for defining a virtual patient
population. A datum or data is obtained for each of multiple real subjects in a sample
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population. One or more simulated measures are acquired for one or

more virtual patients. Similarity between the one or more virtual patients

and the real subjects is evaluated using a subset of the datum or data for

at least two of the real subjects and a subset of the simulated measures
forwbleaskeiag; of the virtual patients. Each subset charactepzasen@sanzoro
more 5 features common to the at least two real subjects and the at least
one vijrtual pgtient. One or more additional virtual patients are built based
oRThe"EVAIUATOR AN STHITANE) BERESFih &cBHE bICh B0y HEE Patidmaients.
togetheitxvithrtbre. Srveony mnorecadditibpelovittuad fatiedtsibjedt evidalied using a
subies s ind arevaluaied w3iIng e GeMMEN IBAHRS: ARTEYAIRNEEIR simulated

assigned to each virtual patient based on the re-evaluation. The virtual

pgk?gw O%M?Jﬁi AT CHEMEL 2l PEoHo drioreiffGRpefFRs one of more
adeorgingtortheip Kbspékﬁiﬁewmmﬁjee& 0022]Advantagentis patient. - One or
RRMERIRHANA AL RN R0: 610,006 AL MR PG RIPAING, ime

features. Building one or more additional virtual patients based on

eVBFFATEHE CHR BRTRSderfisT g th fotRe fe Bvariddisrahe Bishnsiisats and the
femtusalgdtiatheverlighedinsilarihe tonenendeanose raaphsubljectsangdi vl to each

Sinilafit - RRE 08 BIORG Y&Wﬁé'}?”ﬁaﬁ}%ﬂﬁ?ﬁ%@&&ﬁj&ﬁﬂaﬁ%‘ga&%ned as the

i
measures for one or more additional virtual patients, rein
SR PR FrAH S RUIENS SIRedCHE hASBERERBIevaInses- The steps of
bifitizigrdnencizemarénaddiitonabyiriialhpatientsibasedemibereyaUation of the
a ' imdilarit n th e or more virtual patients .
L S PSS 0 DR AR o
sibiéML ity thenoimedistiehines ehhpecrapenisenoprahst havrdighwsilarity
Aic26nprey alefce-anRbRassigheshicearhyirialRatemMs-baseehPRMGts, and
re-evaluation. [0023] The similarity between. virtual patient ulation
e BT N B L R SRR AR e
dSHRFFGT drass e drfesiBtigndrobtirediedonjcetaeandha sems stiysddiogtiws or

sifvuadedineasuias ferRtlenstdng aktbeaistual RRUSAIS.MDAXRRARD between
n%yélosn%l%%%ocgar ct?rigteés ane %1[: morf% glifferent featurggé common to the at
least two real Z‘Q%Jabjpec SANEThe al Teast Rio ViftIAT ATt A gatents and
prek/ateheebissts beiassih e eafftwirtusdrphtenpdese diortheshmiladty A
b@%ﬁﬂcﬁ&ﬂﬁ&h@&i@ﬂé&ﬁ@&&ﬁﬁ%ﬁ@ﬂaﬁﬂﬂls@%&%ﬂ% r?.@wlﬁﬁgﬂbusing

t ent.common features. The virtual patient population can be
Qe 05 T BT R BOEB GG oS e E pRelen oo
néoepraeisibndes 2 f002abievel Hizalappreciate dobyt drwet of skillin t @ifects and
thatdhepnbediments.siunmatized 30 ahowe m&%@&&ﬁﬁqaﬁ%ﬁ%ﬁ[ M?i@yeach

suitablei)c?rgébairnation to generate additional embodiments not express
\

1 p y
réEited A5b VR ARERE: Bl SHsolifrents aPareb ALRBPadadhs et et dfvo real
thahpresend ifheeritions 6tV Q1200 G/0B41 96APET/ S 20062 08397 Assigned to each

virtual patient based on the similarity between the virtual patient population and the sample
population using the different corumon features. The virtual patient population can be
redefined as the two or more virtual patients according to their respective new prevalences.
[0024] 1t will be appreciated by one of skill in the art that the embodiments summarized
above may be used together in any suitable combination to generate additional
- embodiments not expressly recited gbove, and that such embodiments are considered o be

part of the present invention
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H. BRIEF DESCRIPTION OF THE FIGURES [0025] For a better
understanding of the nature and objects of some embodiments of the
invention, reference should be made to the following detailed description
taken in conjunction with the accompanying drawings, in which: 5 [0026]

FIGybdeseribes a method for defining a virtual patient populatien;sfafzsdkoero
FIG. 2 describes a method for defining a virtual patient population that

in%{udes buildin? additional virtual patients. [0028] FIG. 3 describes a
method FYHERFR ﬁﬁ%ﬂ‘f?ﬁl?ﬁ%t' Pulation that includes optional

Stmgfﬁgﬁg%ﬂwﬁ@%ﬁxﬂm% {ﬁé’l%{% %Hgi %%%P&x%i@g@gg&ments of the

between the 10 virtual patient population and theé sample population.

(05581 1T At ate i ePfi sB e a i dth dRikiE e otrst s ersription teken in
bicloyieslcsystbms tocadafingifiydreifferait wittiual patients. [0030] FIG. 5

illw ulation havingdive.di IXBF;? 52 jects, a
simﬁgefq;(gb%(laa%ion l;Slaarlé\L/ing #\%ﬁ (%I/ilgfegrjg}r?%%%es 0 rggrlrsuggj?:%?h
fr ?{ﬁ

hERE infsrsri6sthenaseAdptidaibinsaA o B At B PhRe Ry pepu Atiocludes
withiifues hiogsodl virtual péteats each analogous to one of the types of

fe@b%}%@!%%&éﬁ@éQ Qt%%ﬁ%@ GsH &%&E e Wﬁ%%ﬁw&ﬁt& (er%iyfgg-?ﬁnc}udes

frequencies of occurrence of its corresponding real subject type. |

FRESEA MRS JRPHSHEMTY rBERRdeiaraI A Bines selpafidsipren the
featurd picentpsputyple: popthatienptf yeallatdhjects. 20 [0032] FIG. 7 is a

o]t a /in ' jestor longitudingl data for, twa real ,
sggfﬁ%o%fﬁé?%@g%i%ﬁi B E SRRl OIER syams
crgssis

SxaSHErovaBmtyaictie values of features for a sample
POMAALIBIGOS rHlaleib] aqi@memmﬁngamﬁe&@geﬁﬂ?e cd&ETIA@aﬁife%EH;lﬁ seampie
lopgitudinal variability. 25:[0034] FIG. 9 shows plots of yirtual patients an
re%%g%}%%tga%n t\#v%éd%r%férr?g?o% Iegp%.céeagesf}%%é% %ﬂ‘a%t’ ?é’ﬁ%ﬁ Sﬁnfﬁr%rmt%t the
faRtBY Aty Sidap dviWondlis nereRliepat il dtinetytsy eicrinyad ariep8s cach

frenaithedaetofmand yaist iR 3T] EiGCabR plotsyisuahRAtIBNESAS RiflNeloknces

of factor, and 3, and shows spheres_enclosin pected 10%,
o e R R B o ae e o O yram of
vallesliBrchissubifsetsms Heswimg emsensediticallaxpbdisitrthofthes of features for
distibipionphivaddes rans:gdistogram of values for each of two sets of

LIk BT e ety e e apressmn L D AR, o
subjects. .
[0033] FIG. 8 presents two histograms, each showing cross-sectional variability in the
values of features for a sample population of real subjects, the two histograms together
demonstrating longitudinal variability.

[0634] FIG. 9 shows plots of virtual patients and real subjects in a two-dimensional space
defined by factors 1 and 4 from a factor analysis and a two-dimensional space defined by
factors 2 and 3 from the factor analysis.

[0035] FIG. 10 plots virtual patients as a function of factors 1, 2, and 3, and shows spheres
enclosing an expected 10%, 25%, and 75% of the virtual patients.

[0036] FIG. 11 is a histogram of values for real subjects, showing an analytical expression
of the distribution of values, and a histogram of values for each of two sets of virtual

patients, also showing the analytical expression of the distribution of values.
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[0037] FIG. 12 is a plot showing how some virtual patients are
over-represented, and need to be down-weighted, and some are
under-represented and need to be up-weighted. [0038] FIG. 13 is an
exemplary plot of virtual patient values, showing the prevalence of each
measylkaeimeng the virtual patients, and a plot of prevalencag-ofgusn03970
virtual patients. 5 111. DETAILED DESCRIPTION A. Overview [0039]

This specification describes methods, including computer-implemented
ARt TR A TS LB OB B AFEIH e ! e
patibni popuieitindousl $tnpepulafionaireat@atients:dihee nyentigned.

besiing with qg“?s%”%%ﬁlg\d;&%‘_%ll&a&eﬁ;ﬁlglaﬁféﬂ&y AL MEASHE _tchef(afﬁvalence of

example from a model 0 iological system, and multiple subjects in a
SSATPRRBTPEARRAF 1B WHCh UL aFRIdRl tapresaltsrvalhesuiel piets.

in a population, for example data collected from patients in a clinical trial

oran epgiRemiglogicalsiugdyof a real population. The invention includes

evaluating the similarity between the virtual 15 patients and the real
subjects, and assigiwag prevalences to the virtual patients based on the
evaluation. The similarity can be assessed for features that are common

1o YL srreietipe dRtiarh HEERES dRthubrg s sranierraaplsmsietsnethods, of
usikforisgmevinall pfithet iripdkineasdresapiibhendridabagigris aRgusame o a
0 the ' | Any of variou . .
D B A SIS U Y B AR pricnts paving
iEHER BerprevdR s PinEow UarAsE At paratisyrirse enhay ksl ersabiects in
viatuaﬁﬁa@em&mcﬁgﬂi?agaoﬂ?eimeﬁml 'yai@nm@mefs.s%}&i@ﬁe@ﬁ@gmaﬁon,
a compasse ilding additianal virfua tients based an the
o O R e sy of o
25 FO ADP TR terihe pEptIafR inchid g set neipm he ferlpsity geupearthe virtual
C@ﬁ&&ﬁ:&@@:ﬁ;tﬂ: Eﬁléélﬂmd: :d {Sc’t&@iéﬁk;@léfﬁgthﬂg ﬁiﬁ#@bm@é&@df’ﬁiﬂ\ﬂﬂb&@i?m&ﬁﬁbased 0]{1 the
callection o ividuals can.be from or_represent, for example, a group o
SCEIEEC . Ate ST S o aeseiied ot Hatine i e SRS gideait ome of
gérotipel erraietarsiuns) obig the Hikdeus pongd aton ¢ tfipiédilyvartual measures
colfertion@bindiddyals abRidt Whichone Hants eene Azt bhidde Any of
inhabitants&];?;o %ﬁ%enland, cancigré)a ients receiving chemothera yl, .
SRR B R BAHL TR Bied DOy et identify
comprisessof Fhamiralspefiensirmitdrispetidsfiecd. dhtimamsud ¥ints according to
2006/084.L96,£6:1/MR2006/RR3370,JA04L) TRE IS es AMRIS LORARHAN irtual

as used Eerein, refers to a subset of individuals in.a population.

The
SRRISTESTEEN RO X BT st ofriruat Rttt isr Rittoating

B. Definitions

[00461 The term “population,” as used herein, refers to a group or collection of individuals,
either real or virtual. The individuals in the collection of individuals can be from or
represent, for example, a group of subjects having a particular disease, treatment history,
physiologic or genotypic characteristic(s), and the like. A population is typically a
collection of individuals about which one wants to generalize, e.g., the inhabitants of
Greenland, cancer patients receiving chemotherapy, severe diabetics, hypertensive rats, etc,

The population is typically comprised of mammals of a similar species, ¢.g. humans.
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in a clinical trial. Ideally, a sample population is representative of the
population, for example because individuals in the sample population

were selected at random from the 5 population, such that observations

based upon analysis of the sample population apply to the population as

a whaleoéy,gample population can be any small fraction, any Rodesaig ooze70

fraction, any large fraction, or the entirety of a population. [0042] The term
"population characteristics," as used herein, refers to any qualitative or
qUEHRAEDE emysaaplsanalaion s paspscherehur et suratitnct ftindeighals in a
interssitiéor The @Kﬁﬂ’ﬂ@i@)ﬂffﬂ@ﬁ Wﬂ%@@}d&:ﬁﬂ@%é E@%@m&i}%ﬁiymzmpatmg

t ti t
e e Sy Ta T Ak he e

("Bl é&eﬂw%é”&@ﬁmu@ﬁ @@W@%I&Wl@@rqmlep®QMImdom from the
chaxatigeistiesinay inckideifastngg W%Aﬂ%%@ @érgﬂlﬁ%]gogﬁﬁtf&mfpply to
a%q, (gpﬁg&r} concenya ati ng{na d |ft opuI |on IS rStIé/@grtenswe rats,

stics I

the population 15 characten ngag/ mcﬂﬂ1 & meana g8, 7By moderate

("FRSEoY, edtencission. prakeerireyDBPYYpuiasieric blood pressure

( SBMI) Mﬂﬂﬁﬂ_ﬁﬁﬂbn\ﬂﬁﬁi@dté}%ﬁm’ AHICCERETCIBRFEIRI P Sialitative or
?@1‘% %ag%gt, t Lﬁ%}' lya h human ﬁ%igdlgl}xnformgtlon that is used

|n and pro uce y a computer StRETStiSh | OBt Aes bjoigrest.  For

Tﬁéa%f&’tlﬁpaﬁéﬁ%lﬁﬂm‘dﬁ“@@ﬂcﬁncb@cme@hamstmoswpigenmmmypahmlﬂs@ulanon

Nakaokie RyReihRlRAk SURIGCHER) {?@et cRreselied Bydefining.a sel (ﬁ‘RBC”)

state vari I tentiall |nd|cat|ve of or associated wit
partlcélar yg%’i%\%p %I ﬁ:ﬁ%l%éj SPNTES Of (B aRmTRtiPRESsEaTE G AFrstiss, ¢
canmdatieahvmvedistiovheieiorlidpirtiby gnode|Sbiyjartituttrtbipbgidalty acids
S)(si@m REACEERRSNY" MECHRAS MR IRGAEPELSERIalon sanbeyf § %)Ipulatzon

:P teﬁ&mathemat\g%”y explicit vector of parameter values use

example. in 25 4 SitGIati A iith BFHEcREREE Mt as @Wﬁ%ﬁe%%’i‘eﬁﬁ%sme
déé@ﬁBe)dSW@bOd@ﬂﬁmgai&;@ (‘{p&ENt applications bearing publication :

yonlesr$120034004423 u%QP%QQ&%%%%%@%Q%%ﬁ&h@t% subject, typically a

2 03/0104475 0044 e term “real subject,” as uséd herein, re eré
ua%ﬁ%%gﬁ ﬁ‘@f‘?ﬁa?\%ﬂh%ﬁt Bypieds w%am@wm BeSEBIyE %@a@ﬁ@nasf the

dllszmgluﬁstmdlfwmm T terahpatienin®i (A40]bE hethenstivi tusddpaientlogical in

thome %%%%&?%%B}e&e&%@%% ag%py'aif %m%']g{;%te{ '?'CS O Btes,

H 'ﬁ\tlon of real subjects; such as a c Inical population tere

péife pBﬁfﬁ%ﬁBﬁ picabgsAE TSRS oF e avistis(laig hypothetical
méarm,oﬁngdlﬁﬂt,e & Vel 200 6108 4106vRGTH Ik SZ0R61R38HRd VaHARRSr in part by
dynaRiicss SlcdhALaRRroximate the statistical properties ar.behavior of a
sample p(%ﬁgltatlon - f%%[al Sgn ggms processes, or mechanisms. The representation can
be, for example, a mathematically exphczt vector of parameter values used, for example, in

a simulation with a mechanistic model as with the systems described in co-pending .S,
patent applications bearing publication numbers — 2003/0014232, 2003/0058245,
2003/0078759, and 2003/0104475,

[0044] The term “real subject,” as used herein, refers to an actual and existing individual,
typically a human and possibly a patient, as distinguished from a virtaal patient.

{0045] The term “virtual patient population,” as wused herein, represents the population
characteristics of a population of real subjects, such as a clinical population of interest. The

virtual patient population has statistical properties or behaviors (e.g., mean, median,
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[0046] The term "prevalence," as used herein to describe a virtual patient,
indicates the occurrence, e.g. the frequency of occurrence, of that virtual
patient in a virtual patient 5 population. The prevalence of any particular
virtual patient in a virtual patient population can be defined by a weighting
factgiponwsighfs wherein each weight adjusts for over- or  persa006003970
under-representation of the characteristics of the virtual patient in the
population. The prevalence of a virtual patient relates to the likelihood
th¥EtRET TSHTESY Sttt irprrrcipais hetittisiied erprabeesbebesioopt 2 sample
Si el diother wistuabjpagient. 10 [0047] The term "goodness-of-fit," as used

i refers to the similarity of tw more dlstrlbutlo uc
pre@ﬁloﬁﬂ%i@h Pg%%ﬁgr‘és ét)ohgtrn ac{?ua? oBservéfﬁjfc?ur1a LE| ulrnedéoeé?s the
gRSBHESS o fefE |H&lﬁﬂ@WYnﬁ)étﬁ%?@f@?ﬂBFo@éﬁﬂbyWﬁbm@mtqgaint/llﬁl@lsl patient

angdafagealifes puchsimilarity Luaitativeimessisasdnclageviskal population
g £ O o .

the ISt UthﬂS uan € measure ?tIS

mBIHEdSI5E ARt ARoPle th shrifidarwissoth e vigtid petf e ds dteofopahties.  The
fromanather; Mﬁiﬁ@%&nﬂ&lﬁ&@t@ RS QAR LaSh SRR iARAMPIS B ct in the
Covauj nce (ﬁ by ctAr?étl Imo%i)rov mlmo test. Measures of

gc?o ness-ol-fit can mefide %o%sjqualgt e (f ﬁrfﬁatlve aspects,

sU8RIEL Henigrar eeedressraffitires umﬂwmgl,raﬂikedcoﬁwcazmgmz@d two or more

PAMASEHEAE Q@B§%S a 2&&@% thejlermidn %ﬂ:&%ﬁc |odelas Yeevation.
herein, refe S to n};oéj if)‘ééal model f%r example a model having a set

o AEFSAEARSEIRSTS FRURE RS THEPSEIR RIS By OB a0
a syaiée stoh eaianie, Qbishtyralksystenncéctianikticproidelsndanryerison of
Ce}ﬂ@l@'oﬁ%@@?@&mﬁﬂ%%%@MIB@(JM@&MWS@Mn&ﬁﬁ%dn}@g@g%?dude

??m mat ?matlcal relationship that reflects the underly mechanism(s),
fo

1o TR RIS IRt 25 A Harne HRentss g Triaba<vintian &k, one s of
[0 @3sThentenvilibiclogeabsystesmy as tseghitereit, Gefars Aa:dywys Sfsberariance
Of(ﬁlﬁféﬁiﬁmgd%rxl%ﬁﬁ%g&%uysiﬂﬁ&c{é@ﬂ %&g}%@o@%ﬂéﬂﬂé&n& i h:%?nclud? both

Ltgilnor can be characterized in whole or part by one or more biologica

pr% LUNE GPhEERLHISH &R BiotoRicl ’%%i%‘ﬁ%%lﬁc ERTEIESS P tEdaEnpmked or
amaw@nndc;hmeu;sammmmof cells such as a cell culture, an organ, 30 a
5%@@8 W&hﬁeﬁr@a{aﬂf%%ﬁbﬁ“mﬁ&%ﬂ&g'%@ &4d Hh%}rpﬂ%@ gtaggry model for

set of cells of a_ _multi-Cellular organism, or & population

mEERIA GO AR S st %}éfgﬁ‘@ié@b EOBRIRBImRAT SasRsTRES Sretplaigeinrgs or
huetanipoglatieengsa wholde A bioi@g@ahwatenmamaﬁim HOdWKQan be causal

20069843 ?ﬁ %'%ﬁzc}%@/ 9»93%Z0m{')¥é"‘é%%a1‘i°r SiRmRle; 2 mult é'sn*'i*%?mancax
Sy stem SUC ngOUS system immune y em, or cardio- vascu ar
Syig{%t?ﬁnsth that reflects the uvnderlying mechanism(s), for example the biological

mechanisms, affecting those variables.

[0049] The term “biglogical system,” as used herein, refers fo any system of interacting or
potentially interacting biological constituents whose behavior can be characterized in whole
or part by one or more biological processes or mechanisms. A biological system can
include, for example, an individual cell, a collection of cells such as a cell culture, an organ,
a tissue, a multi-celiular organism such as an individual human patient, a subset of cells of a
multi-cellular organism, or a population of multi-cellular organisms such as & group of

human patients or the general human population as a whole. A biological system can also

10
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[0050] The term "biological constituent " as used herein, refers to a portion

of a biological system. A biological constituent that is part of a biological
system can include, for 5 example, an extra-cellular constituent, a cellular
constituent, an intra-cellular constituent, or a combination of them.
Examphasaéhiglogical constituents include DNA; RNA; protepas;us2oo6/003970
enzymes; hormones; cells; organs; tissues; portions of cells, tissues, or
organs; subcellular organelles such as mitochondria, nuclei, Golgi

c gfé?eefgf RO el B B RS R St AR (he ARG SHFHaY imARne system, or
chendicallycrdactistenmolecules such as H*, superoxides, ATP, citric 10
acigbpioiai b0 GRIBIARLNS QL NER, RORLLTREIEIN bR cu
constituent " as used heréin, refers to a biological cell or a [?ortlon thereof
NSHITTting* X810 as WPeeimsntr Banitinentd ih ditReivd sreires sucingade, for
DiAmR A, proteitis]glyesproteinsdpopreieitsicsy gansitatasidsnstituent, or
e%ygﬂﬁﬁlaﬂgﬁmﬂlﬂ%ﬁ; %‘Mﬁ%@%ﬂ%éﬁ%y nestﬁ'l]u%h C%@I%c%@ f[ngt' -Jf{’NA' proteins;

superoxides, ATP, and citric acid); 15 macromolecules and molécular

cOMPIBRES BRAE ST o ST of TaNS, RkPas il cities: orgaamiesubcellular

(eqyzrmaitechonayiajntickelric olgil €0mpie xesplysas DRSS RN dAMBSIRNAC reticula,
relicy ot INasomaRtAYdsompaions.harect; [A0SEL IS My ciric
"biological process," as used herein, refers to an interaction or Setof
infSt&AtiolE BRRmER i GRuEatinnsfith@nts of a biological system. In
soisinsStatees; alidlrhiclegical Pracess kAR algetaa38bRERIPIRNIER) portion
copstityents drawn from some aspect of a bjological system together wit
B R o or i RIS i g DA
protéssustEaR iBfERqBro LTt o Karnpsisingictlseni o reidslcoutancp sitbvayss, and

Biclegicalproersses sanaire include Hor examplaipathieys that QEEUr aciq),

within orj C&%Sntagt wifg] n envir?nment Pfa[fell, prgan, ti

: ue, or
mult-cellurar Grganism. SAMD S Fh foi8GiRaTs c(gs%%é’iﬁ%ﬁ%&% suboellular
bigtesHs Ak gatheghsItehisiemotidsil csraplsxbyolersetown aulprbvide reticula,

cellidl anenpealgy. RinchemmisalRatkweys in which molecules are built up to
proyi llular structure or energy stores, biochemical pathways in which
pr@l‘6 i L??a*&etﬂm% oL s SFEBRIVEEE, BnBPoIBERSHAILAF set of
pathwasorin ketiietn piotedicdremstioiotacitiphédogsel sytensyrithesizetstances, a

Bigigigigat canstituantsiaf ﬁ%&@&@%&lﬁ&gﬁ@ﬁ'c%QS%EfM%M%%&% aspect of a

e?a(gﬂcg)le, enzymes, synthetic é:}termedlates, substrate precursors, and
inter

B E R Set005 3] Biofo il o £ S ACHAS SRFthiERIadicropiological
examplassignalivigzant] montsedspathviaysie, Bicl agisaplep hétitenitalofsuotbcrl ar
P ing ; | | IS, late at occur withi
L O RV ocur it
protethSPEHCTHAY Y GRERMG Tr TRt otEascHEue tREmulti-cellular organism.

Examples of biological processes include biochemical pathways in which molecules are
broken down to provide cellular energy, biochemical pathways in which molecules are built
up to provide cellular stracture or energy stores, biochemical pathways in which proteins or
nucleic acids are synthesized or activated, and biochemical pathways in which protein or
nucletc acid precursors are synthesized. Biological constituents of such biochemical
pathways include, for example, enzymes, synthetic intermediates, substrate precursors, and
intermediate species,

[0053] Biological processes can also include, for exarnple, signaling and control pathways.

Biological constituents of such pathways include, for example, primary or intermediate
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usually characterize these pathways. For signaling pathways, binding of a
signaling molecule to a receptor can directly influence the amount of
intermediate signaling molecules and can indirectly influence the degree

of phosphorylation (or other 5 modification) of pathway proteins. Binding

of sigmalimgsmedecules can influence activities of cellular proteinstyodousorn
example, affecting the transcriptional behavior of a cell. These cellular

prgltei 15 arg ét%ﬂa imJ)%rtﬁ\nt effetc_tors of gellular, events initiated bgﬁ a

sigial. Eontrel pathways, SR Suslst%‘gié‘l%?ﬁgo]lﬁﬁbg?ﬁ?é‘ﬁrﬂ?nﬁ’% cascades that
ocuAlbhebapiceite fbkss, mitareysorfier sifgilaliitie sallitgighaligs of a signaling
paieayss. tdere raruiple andirtien angeiRg crllulanevents 1Q A& ate signaling

temg)lgr eI:)b( co%rdinated often with feedback control, to achieve an
outcome. such a& o%mgf(%fﬁ?blél} i Gividondirtrectomseheeylation (or other

seigpé@“@_ﬂbm)'mimtbmmmt@mrﬁim@ﬁmmfsﬁ@ndmﬁeqmeecraﬁthﬂuence activities
fupetianing ﬁt)ﬁﬁﬁt@! Rﬁtgﬂﬁﬁ&, Wﬂé%?%@%&dﬁ&ﬁjﬁé?%ﬁé’v@#&'Q'ceu. These

influlﬁﬁces of proteins on each other's degree of modification or activation

(e PhSpFiBty fTiohY OB EBhtFBF fiathway S A iRtTde Btk dps thene!
caGpséeﬂ@ﬂ?hW@intgiﬁh iStoptimaitteVials e delinjpmhetabolitesdfictiiefans, share
of @£ anging:enviie @i@%ﬂﬁg[lg Qrﬁévliﬁ'oi%gé? %ﬁﬁ%?e%%%%&?@n@?gﬁ éeﬂuiax events

hierarchical, non-hjerarchical, or a combination of hierarchica

IR A TBR e T O AR RAFE AT i deghacks SOREh (B Wi doRtiicame; such as, for
constitientsitadivb@arrathgeddninsanhicearahyief evals tausbrdhabordination is a
biglgaical consti - | icular | candnteract wi
biologigg% COEI%?%@%QG%;QI? glgg%%? ?)%F%%%%%év“eﬁsgﬁfﬁi&%r% |8%11 Yéfio%%glsuml
g HLYERrO G AR o AT b?B%g RFCHritmsentd pensiiipto omedbwiter (e.g.
lephispianmbrichjer arbhicahpro passyigone e st Rigloginad£0RsHWaRkntain
Indhie- ArRcass cannisiRek B anGRL Ao dlcal constiunt hat is

further upstream or downstream. A non- mrarcﬁ%’glgprqcess orﬁen has
o5 niplo sisab pErdestss pemabre Bisrrielk b oprintie it efbab b rocemsbination of
reﬁﬁmﬁ%t@ﬁeﬁ@ﬁiﬁfiﬁk@@k@l_com}ﬁﬁaﬁmﬁ@% tb%ﬁég@,lqgiggé_gﬁ Wﬁl@ﬁs_%ological
w : [ onstituent of the feedback loop cap.interact with
o P 0 0055 To0uEt PR o
"ORSIREEE hedrsiisle leaeh maduiareinitbfeid s ahwndivyihg Bioiggical other

e.gvgbysioiegicalcarncess akaivasiHsaiio foalipicalbaRsanakle: belonging to

c cteristic or hehavior. Bialogical mechanisms.may incorporate or be
o B AT B QLD LB TR b PORL AR e
redepteT (Rt uthaes ngﬂ}théOBiﬁdMglwnﬂtam)&ih@mcahaiysisfoﬁlaar upstream or
PasipaHREAN e MIRALRAG RGP oe AL RAZNANRNE 6@%2@!‘&4&9&&4@&@% aGFecdback
thﬁ}orate o{)s ch %reactionT); the syntfkesis ?r degradation of a cellular

A8 ™S TR %P FBTELD a@%ﬁﬁ%%ﬁﬁ%&?ﬁ@?%ﬁ bighpgical

constitiient, SU a molec
rapecedfssuwhesy etive Shiobretiel kadstifany; of 2Hw/ @eZBOB/08$1 86 interact with other

P@lﬂ&%@%&%ﬁ’ the feedback loop.

[0255] The term “biological mechanism,” as used herein, refers {0 an underlying biological,

e.g. physiological, process that gives rise to a chinically observable characteristic or
behavior. Biological mechanisms may incorporate or be based on biological processes such
as, e.g., the binding of a drug to a receptor (including, e.g., the binding conétant); the
catalysis of a particular chernical reaction, e.g., an enzymatic reaction (including, e.g., the
rate of such a reaction); the synthesis or degradation of a celiular constituent, such as a

molecule or molecular complex (including, e.g., the rate of such synthesis or degradation);
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the modification of a cellular constituent, such as the phosphorylation or
glycosylation of a protein (including, e.g., the rate of such phosphorylation
or glycosylation); and the like. A biological mechanism also can involve

an interaction of one biological constituent with another, for example, a
synfhstisdranstormation of one biological constituent into thepeihgds@aze7o
direct physical interaction of the biological constituents, an indirect
interaction of the biological constituents mediated through intermediate

bitfogrdifierisrte! arrebHie GnsEraresiriimstic Abrinteration ofdrresylation of a

bigtagicghcpastifuent wihanethen GABNEHARI JRbr SRR AyeadlMOke. A
modulation of one biological constituent by another, such as.an inhibition .
o A o VAT e, Sy Bl B SR it

167 EsstRieH PRy arfotieheanisnsfyrevinstiofiena ittsgd absstitent sio the other,

syniheticpregeipiamtadiomensiatinl ofiaonisaknebyorks. idipielogicabtion of the
elgﬂg%lry m cap.be know 1oru known. ?16(%‘)561 The ter%ll "biological

state,*as used herein, Te ers to gu;gohnﬁﬁ HAB TRHSE T & Biotogieap other
SYRTfNITEY eXaniplerapiiostatont hidiulisglcelststitueith. ancomenn include, for

inslanses aarepitlegical slatadeieroie 8:6Rpeilon assesIAted WithdNGuch as an

occurrence of a set of bialogic rocesses of a biological system. = .
1%#) 100 O fst mlﬁgtmfnb(.) ! gpc?é! %t?o te L biological t i 1
FOTS 3 al Aot inte AXHESE SO i Piglosic

Each biological process of
SEMEBIONG Jit alviden amisrmayitrenticutsr mbreleiditioystdriologibetic, regulatory,

pm{ a@ﬁﬁh%r%?iqu@@@%&%@@ﬁﬂﬁé@ﬁkﬁ%ﬁiﬁ%ﬁ%ﬁ&%&%&&
I Vi eacn , r,.a plo oglca state typica also cnanges. . .
b?ﬂ)‘?f'ogﬁ?céio‘%%ﬁffél tﬁﬁf’ée%ﬁ-*&%%f&é@ndgs SHeS/ AT Féd?calcﬂ‘i’&ﬁ?&rﬁ%?‘?%aﬁ? with a
whikdhelidl| spitah plocessedsitite ot with bioéogingthersi®u2. bislegicalstatees, a
capinslifenforaxanple.aaansdition.of A putrient QECHQEHEQQ? a set of biological

concentratign in Hglasma, interstitial fluid, intracellular fluid, or

cBIRBTSEDital RIRICEEH exiffble FaibBgleaielapeess sychatieiital system can
hymegty cemidiandonypainsoligentiaaiethar adterize iy oeondifianal Gfitovgical

blageksugar a&dﬁg\ﬁsgkgpgy@éﬂ"nAﬁﬁp%%%%lxang}&ée%s%Q@ﬁ’éﬁg@%&%%b% each
imposed e_er,rlmentaII or can be inherently present in a particular

OS5l SYRASH] Kool e, Cblomesica SelfeiBrehe dratnds on
caering bildodonexarhpiésra bpnditihhislopdiCh-toesne iermis viiest diother, A
copaitian;inhigh IHéﬁ;@é? ‘E&P&éﬁn{!fé[‘g ANACHODRIGAUAl A condition In - vion
which the neuron is releasing a neurotransmitter, or a combination o
tHBrRIRE 2, FEEE X Epith dnrenbrireaflsidied osackemababilaiiplakmastample,
natolepisicamiincissdel AeConHitigpoyediieh S Bkpam AV UkkABterized by
O\é@ﬂ@f@msfgﬁc:@ %QQ I ;%Q IR I%ﬁ%ri af)&%g‘ll'sorg‘sndcgvcpndllﬂ%g go%%’t?cglrs] can be
meals. As another exa pfe, the biologica sfnét(_e ofa rﬁ umatic “joint can
incraeRe S RFRmEartlr a G de draeiatibhrapreriyp erpreisialastoiotraapharsign. As
celisthdDeafdpi, hiddagieaksiaie can nelkedn dispaserstalemmd)ichodsition in
uged.nerein, refers to an abnormal, or%a ul condition associated with a
bio o;él|cz;1i?é1yst%?r11.S é?éégscé)%%gf)en ig 137° mee Rieuron 15 %nng an action potential, a
condition in which the neuron is releasing a neurotransmitter, or a combination of them. As
a further example, biological states of a collection of plasma nutrients can include a
condition in which a person awakens from an overnight fast, a condition just after a meal,
and a condition between meals. As another example, the biological state of a rheumatic
joint can include significant cartilage degradation and hyperplasia of inflammatory cells.
[0057] A biological state can include a “digease state,” which, as used herein, refers to an

abnormal or harmful condition associated with a bioclogical system. A disease state is
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WO 2006/084196 PCT/US2006/003970 typically associated with an
abnormal or harmful effect of a disease in a biological system. In some
instances, a disease state refers to a condition associated with the
occurrence of a set of biological processes of a biological system, where

the set nhbielegical processes play a role in an abnormal or fartebos/oo3em
effect of a disease in the biological system. A disease state 5 can be

observ d in, for example, a cell, an organ, a tissue, a multi-cellular

ordgnls a(S)Sragimb o %ﬁ%‘}"fﬁﬂﬁﬂ?ﬂ{:&ﬁﬂﬁ?lo o |%$ﬁ§i’§%fb?é§%?gmi system.
d|§ea@eeswtf@scﬁscmdlee@mmiatmwﬁera:&s@Glaﬁémmtdw@stktadawﬂtabemurrence of a
OQ@§H%1@H%1EQ?MH@EQ€!9 @5@5&1@1&93&&@%@%9 Egtqu }‘}}%léi‘l%%e%g gl%rgéges play

referstpac pound of an ree of complexity that can a

bibICHICArad: OW%% R 6P dRRARSA BAISHIESHprsEEasdstbicatpstate
memhbm s yanih vﬁheéchanpie notelised é@mpetmﬁallymmmm&lmﬁﬁ%me& oT a
o %%a@?&‘ﬁrgniﬁtﬁf fecks by 6%{&9&“9 M gckgl%lle dical.gapstituen é’;héggdmons

referred to as a therapeutic targ the drug. Examples o
in@fiRAAyh KR ertimnsibeiied ot e sad rER B R REBRELiC interest;
n@d]yFbe cumnifigriactor sisd dram enflacting cpapactines @iyaldg@é‘é’lﬂﬁcomplexity

| faﬁi&réaﬁrafﬂgpﬁsb%@éﬁ%{'@Qﬁg\”m—lgﬁgr ﬁﬁ%&m of amv.bperintrace "tg%géesses or

factors such as 15 eléments of intracelltlar signaling pat Waysg]ipaac

isSIEERA G Bthatrilen g1 6 ree shepsvierally; e rpRfdagaies o drug exerts its
inséfetisi Uﬁ&t@ic@@ ®am alsolnpgdudenitnexaMple ageRrts1sed 4 a&gﬁﬂﬁrapeutlc

th&@&ydﬁ‘%cp % Abls %ruantlbgfj > Vlgya eseal?la g{?iii3s of rBse&rch or

bioactive agents pr y bacteria and virlses oxins

coRSRREHEY %%géﬂ%Pw%Wn&ﬁﬁﬁ@ﬁléﬁ@ asmf@@cwﬁ iPRtRsgiass or autocrine
cahopositio tneluing @ise eh B EanR LOBIRASIHSR, 2ARAURINGAcsetuch as

of nts Genegal Meth 00
shegévﬂr?%lsa%%%@netho% B?mgdg?llﬁ?ﬁa 3 f/%ﬁmr pati mé?%%’éu |oﬁar%"ﬁa6|P8’§r°es

adthsifgsediPrsasEsRticidpty d?@aﬁémsﬁ@teplmezﬁarwamﬂa; rigegts used in

d@@é&béﬁ@&SﬂﬂgJ eoia 4% dlﬂl\?ksmeaﬂ%@ts' Qﬂrﬁ%@?)&&é‘f)a \ﬁi{&g@%ac‘uve Iagents
m a acquired, for S|mu tio iologica

s%eﬁr%:% nl?gaaogr3 mrtaarne(5 wﬁ‘lﬁaﬂf ﬁén sfe e°33|1 ) Sﬁ“’ga%?e %Or oertain
cﬁﬁf&@ﬁ@ﬂﬁéoﬁb&ﬂ& St m@ﬁjwwamsn@duag‘@ra@aﬂfmm aegnipesition

ohtaingdy isetdrampleairomiesiaklishad databases (e.g. the NHANES I
database), clinical trials, the published literature, or private research

efforts. Similarity between the virtual patients and 30 the real subjects is
evalﬁ{eﬁm%&ﬁ@eﬂmmm common features (step 110). Methods for

ess %shmllarggﬁaﬁ %ISCUS more detail below. The comman

tur can E% REEHRS it Raient ony e op g avires

Thqumnmgﬁu@mmsea@r mmgmmmab;bewmqaamﬁmgﬁm fvhiedt subjects

infermation: is.AualakIgdar @t jeast-same.af the i, acquired, for example, from a
simulation of a biological system for one or more virtual patients, where the virtual patients
are characterized by input and output variables. Data for real subjects can be obtained, for
example, from established databases (e.g. the NHANES I database), clinical trials, the
published literature, or private research efforts. Similarity between the virtual patients and
the real subjects is evaluated for some number of common features (step 110). Methods for
evaluating similarity are discussed in more detail below. The common features can be
identified by inapection of the virtual measures and data. The common features are

biological variables or parameters for which information is available for at least some of the
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WO 2006/084196 PCTIUS2006/003970 virtual patients and some of the
real subjects. Preferably, there are virtual measures for each virtual -
patient for each of the.common features, and data for each real subject for
each of the common features. The evaluation of similarity between the

virtughRatiais.and real subjects for the common features is Psed d9us/003970
assign prevalences to the virtual patients (step 5 120). Methods for

assigning prevalences are also discussed in more detail below. The
virtdar P aadstpudurane afid e etiagithBrofrmablypliserss atooddingstoss for each
fjhelﬁ@ﬁeﬁaiﬁ?mls e(s‘?_tﬁ@f 1@&0{%@6@%&&%%@'@&%&@% -egoh?néﬁ‘le%@%{ @br each of
efini Vir atient population can.include. the step of buildin
o e o e B eod v
reqiedsey theiservitadleaieas irascfoe astiasprorreinu sl fatientspeents (step
202)pnditaining eaighak ek aiectsdnaSanneRR WAORLSERow. The

20%\4{”“ | measures can.b ngg,%u {ed and data can be gbtained as

discussed wit pr?élpzleantéstﬁﬁé ethod SHOWRLIRAETES eogifitalt i dregtiences

théﬁtﬁﬁ&%)patients and the real subjects is evaluated for some number of

co mm@ﬁﬁ@@lﬁ@f@ﬁiﬁsﬁﬁ@; 21Q)malsuas- diseussed, with W%J&EQ@M can include

m%hosg sh? nin Fl%a]{iS nd in. more detail below. After evaluating the

simifarity Between the SREBr YHBKE DR (ifRetid) antP il TBaf shipjecis FIG. 2
ad Eﬁﬂiéﬁalmij'wgpﬁ’ﬂé_ﬂtmemfse ficten lifietoior yossibliemclugiain dhbobtaining
virgaal ﬁ@?@@%ﬁgw@ﬁ%‘sﬁﬁﬁé %ﬁiﬁg@ﬂlmegfﬁﬁp %@daﬂ%@@s’&e&z OIh be acquired

example, additional virtual patients can be built to resemble particular rea

su EC%%?A %%L%r %%%eﬁ?ea,safg‘ﬂ?ﬁml Vitusspetienidicar st shmrdndc. 1.
fill Wghp@’ ireteen2Bedistrifiuticianof ardlthesof thkideaty r@@lfmfeﬂﬁ&;ﬁ/ébtuahumber of
D%tﬁﬂ%%&%@@ﬁke@tég he)values (&E&tﬁ%é@%ﬂﬁ%!&&ﬁ? ﬁ%%éé&%h‘i&%fv} % FIG. 1

build. gne or r(rilore 1ri\ﬁlditional virtual patients (step 215), hypothetica '
vafi8d P Sie B rtTE 0t thEE SHAHTISLht B R beHieh ifrceraAanesdiral
to rgemeratsl Vituadameagentes ddtidnelovimalepagiditional irtldahPRsLRSs possible

T%&Mhﬁﬁk‘é@kr&@i%&eﬁ@%ggm%y(g@wge@%gcﬁi@@é%g one or more

real subjects and lower similarity 25 to one or more virtu ients. Virtual

md &St ToriRP a dBRAIYintaID AAETIS &r@ brIdel (& tFrssphigapartiontar re
mealgeries Adsdiier enenpremaditivittl airpatipaisnacauibeddmsten @021 Andps in the
simgilaihypetyeand sﬁm&%%s%%ﬂ AL OR HIALPRIER ADIDCIRR ot e
subjects is evaluated (step 210 ,_typlcaITy or the same c%mmon eatures
as'REPE VA iatsd SrolBsIfo Ridkeowerarpatiedtisiennh Heuml e thetep 215),
"yasdhatel ofste paih)oFpoexanieohiner eaiee3 Q5 Jansidngid used w
di {Q&t‘! N a%;es of ti%e features for ti%1 Mirtual patients, comp egwtg .
thzégdistr%k_)ugt)l%a‘rﬁl 0 e\z}% ueess_% tng foéazﬁffgsa g} Pl%gﬁé’al sagﬂi%%%fsadﬁgﬁ Pthemal
virtiaiep At Al ey edighaisimiladisdotonh er cetiectdrsisirend patentmilarity
(stepoad 5). homikarpabpiesn thenewnsalleation alviduabratianisial@ents are
re%!i&éébéc? 8{3 1'/%1%? ?xﬁ%%lrlélsa E:Ld t .991'12 <grs Eggrez *]frzzrgual patients acquired in step 202, and
similarity between the expanded collection of virtua! patients and the real subjects is
evaluated (step 210), typically for the same common features as were evaluated previously.
More virtual patients can be added (the “ves” branch of step 212). For example, if there are
still gaps in the distribution of values of the features for the virtual patients compared to the
distribution of values of the features for the real subjects, additional virtual patients can be
built and added to the collection of virtual patients (step 215). Similarity between the new

collection of virtual patients and real subjects is then evaluated again (step 212).
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15 WO 2006/084196 PCT/US2006/003970 [0062] When the similarity of
the virtual patients and real subjects is satisfactory (the "no" branch of
step 212), one or more of the evaluations of similarity between the virtual
patients and real subjects for the common features is used to assign
prevateneas4ndhe virtual patients (step 220), as discussed withrespeatzsro
to the method shown in FIG. 1 and in more 5 detail below. The virtual
patient population is defined as the virtual patients according to. their . .
LR AdTIE0y (DO A EHIGHTGRLERM SR S BaRigR (e ‘7o
PeRIAtoReaT Motuderrepeatisithcaf vanitus dithdstepsidentitieditf @ents
Lande B SXAIPE: A MEthRdRLICHOING. A WIINALP G RAPUARirual
|

g ! d
can include i entifying features common to the th;i]al patients an real

th

10°EEB et AR TR P HEW R AR RO th 1 16 the g afnd 10 more
patigntspad the: reahaspbjeatsicion eixariplefiaiiors evalvstigpsimitartyording to
bg}v%/re%gvg %C\éirt(g% %Hfznts and the real subjects for the common

featuras. Also for xample, a method for defining a virtual patient . 4
BT e eI SV HEE ST APBEETG GFPS SIS AR A eiows
angkiberspalsubiects fusSanmeithereo oy deatisfbsddndiaSsigningrtual patient
prevgigtgocega}?it% Xér%ldeaa!ltﬂgxtﬂ%nﬁgaﬁgg éoﬁlm&(‘ tgvﬁléjmlsﬂmawyand the real
b&fvean the virtua patient population (i.e. the virtual patients accordln%to
thsiy pre et ess JOSPIERTE el SemsestoRIBNT R VhfeicHel gl and the real
asgighed rhasedipier Ml thevevaluaioecaf thinmianity hatneendhie real
\élé%{l)aélc%afgg Rt{epogl%lx?}{ c%nat\iargsg t lesor?o?r_ll e?:%?ﬁgt%' I‘;lggl%ﬂ]fé' daa afgﬂ'tual patient

Hlng a virtual pa ient population that includes optional repetition 20 of

sawmaletiopseis showde v RIGtine Fhalmethbrivsrsvher e syl te real
AGULEINGALHAL HRRBSHKES fanns aasisnaivy el paiiento siepiBRRpanets, and
obtaining data fqr real subjects in a_sample.population (ste - V] :

Wi R S R s R R
respeniite theriethodisheswn indrie 19! Febirgkes NONUNBTH G tFecHiHRf pssiened

patientssand thereahsubieqtis Ak iceatifind (step3dBihSinaripytheyepnation
the virtual 25 E,atients and the real subjects is evaluated for the common
feBtOIBE RSP HEE), also as discussed with respect to the method shown
in [B864] Leandtimdrioreldfatal beiowal fatew reonion thehinsls wrepterdlaepetition

(the syas RERnchofAtEPF32), new SomnoRiaaluesasecifeniifiofisigRirual
315) and step 310 is repeated. If mew common features ﬁa%)rtrde |{1%dects in 2
(e BTt L6 S48 FEREPE R ANOR B SPATBIG BEnsn !

etween
virtuappatenisiantiepaid) dlibjettscontenomaranifabiotaiyiscarbel deyained as

as&i'&ﬂs@&? quﬁa‘%&p dhgy ﬁ%@b@%ﬂ%%ﬂsﬁ@ @.Z@CM%QQME to the virtual
assigning prevalences are discussed in more dgtall %elog/vm.%.% %%%%%9 %Qe .
atients acco

"y @UEAER BrstER SPETSIMTRalTRF HEt S5 AN inGAP r m‘gffrma1

to gagdhts and the real subjects is evaluated for the common features (step 310), also as
discussed wih respect to the method shown in FIG. 1 and in more detail below. If new
common featares are desired (the “yes” branch of step 312), new common features are
identified (step 315) and step 310 is repeated. If new common features are not desired (the
“na” branch of step 312), the evaluation of similarity between the virtual patients and real
subjects for the commen features is used to assign prevalences to the virtual patients (step
320). Methods for assigning prevalences are discussed in more detail below. If desired (the
“yes” branch of step 322), similarity between the virfual patients according to their
prevalences and the real subjects can be evaluated (step 325), Then, if desired (the “yes”
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prevalences and the real subjects can be evaluated (step 325). Then, if
desired (the "yes" 16 WO 2006/084196 PCT/US2006/003970 branch of
step 327), new prevalences can be assigned to the virtual patients based

on the evaluation of similarity between the virtual patients according to

thelg greyvglenees and the real subjects. Alternatively (the "ne¢prangh@fsero
step 327 and the "no" branch of step 322) the virtual patient population is
defined as the virtual patients according to their previously 5 defined

phépsle RESETSTE -3 PESYPETA| Pade s imo 4 theviiival paifaf bagsd on the
defutedionarsitllyalpdeerselfeis aadepreseniation:of hedeptras0toand the
h ical suhject.. Avirtual. patient gan-be r sented.by.defining.a.se
o U S8 oo
pHERBTsPatTRS pordtera B THEROIh PfodftHe P thartFrivfer Beerrelistirag iqusly
rerfissbjgetalmofkexappl®, and as represented in FIG. 4, each of several
virtual patients can be defined by specifying various combinations of
features of the muscle system, adipose tissue, liver function, and
pandPeatitiftidtRiiendtich of which are represented in a computer model
ofihesyidualipationt, sompuiar 13 smulation can be ysed for xampley
to produce vir Ui measures of centain bi oglca?’ fedtures such as biood

iRy enef insunvihefivelrduiets uhdaiiaheefeatyredeTypraiipdnirieing a set of
p@é&agtasé\dﬂ fe m@meﬁmct?( yﬂxstgaifﬂgeﬁﬁul E@&f é&%ﬁtdﬂﬁﬂéﬂ&ﬁ%l M@J},Jg&fembw
provi Input to a. thematical mo ~a blalogical system an

B e o g L R o e e
virtdapAtientsod revdus sibetirptienisrene bealt Tt p eprdifigrandricemmmdribptions
owiNREdeS oP atE RE:ARPRlISHURAN sagial Numbarl0ARLA2 3 NHtie eatic function,

"Sin}]ul '@ﬂ atient-S eciﬁc,Outcomes,"whi%
fi

?if herein incorporated by
réfSrencd s Eh TR i o et, TTRRGHEI RO S e 0 SIPALIRNE Bne b Fomputer
midrratlbitio gicaberosEs Ses wrwybte mprPheesitnutbtiorsmesd elftypieallpiological

inclides aeet-efmasameierathatafiecting Q@Q@M@ﬁ%@aﬁ&&fia@lﬁﬁcaﬂy, a
included in the maqdel. The parameters can be used to define a patient,
BB Bh S b e RS o o L AR B RS RS P provided as

exzvipie thetlpanaing texslcepie et gicati sy wedues] obvasiphldsch aif-theemmbuter
varighles, rate constants, conversion ratios, and exponents. The variables
typically admit a_range of values, due to variability in experimental

syUtaMMaadedr dringe Buws! prient e ISP RRL i Matos i puERRIdne and
ot@fmentpioweddhk Peant BesithsioStaevfarheancodt 2 SieilatioSimulating

0 @%@HQ@;} e@ﬂfﬁp %Yc%ﬁi@é; ’ tﬂ{i EH 584LiR t&%Béé%fﬁ% eo%f %%%%:g%@ _Iz_ hzts entirety. In

observed at the conclusion of a simulation operation:

sitisafortd deIdeinas dammaatnape @ Rsadidng chrpeesancusintas The

“"teiprulation model typically includes a set of parameters that affect the behavior of the
variables included in the model. The parameters can be used to define a patient, aspects of
the procssses, or other features of the simulation. For example, the parameters represent
initial values of variables, hali-lives of variables, rate constants, conversion ratios, and
exponents. The variables typically admit a range of values, duwe fo variability in
experirﬁental gysterns, and can change over the course of the simmlation. Input values of
certain variables can be set prior to performance of a simulation operation. Output values
for these or other variables can then be observed at the conclusion of a simulation operation.
[0067] The simulation model is typically a computer model and can be built using a “top-

down” approach that begins by defining a general set of behaviors indicative of a biological
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down" approach that begins by defining a general set of behaviors

indicative of a biological 17 WO 2006/084196 PCT/US2006/003970
condition, e.g. a disease. The behaviors are then used as constraints on

the system and a set of nested subsystems are developed to define the
nexwievelotusderlying detail. For example, given a behaviog@sucte@snezero
cartilage degradation in rheumatoid arthritis, the specific mechanisms
indu%in% the behavior aé[:rg %%% modeled in turn, yielding a set of

SUBAY &S B WRIRRr can TREIRARI AE BBt Strartse s e derseniand a set
defaiieshitessbivsianadecdeitednpat ithdsinsubsystanms i, dharatorenalleady For
tha hehavigrs.thatichayaglerizethe.dy Q@&’éﬁ%@&ﬁ %%hgﬁyrﬁg%h %ﬁﬁﬂh@g specific

The deconstruction process continues modeling more and more blology,

FrBIFF PRSYE BOWH AR EF IS EE Gy adtish {8 ruplixigdinegivehet subsystems,
bw]@qmamé#mdbﬁs Sp@cutsauyzemmmemm cadable ofinedetingnd context of
biglagicalprecasses.ihalcanbamanipulaied. 19.by.2,d1ug op ot y%rgrir_]ﬁcs of the

therapeutic Ya%%ant. 0068] In some instances, the computer mode _

A SIS RIS ratits FRIGHER AR Pesraseoninsesarasiching sgieayrocastelsey,
ofiamphsitipgicahsystiémasingaseh dbtatiathespladienbrgladionsidodal behavior.
cxpaRnie e RAMALIE Badel P ERE 0L AL bI0ITIRAL BIOGeSS e
using a first mathematical relation and a second biological process using a
sgg&%’%’?ﬁgﬁ‘féﬂﬁﬂ?@é\??@%ﬁ%n. A mathematical relation typically
indRERSonenar morecwuariableanpiiase b aviordigs, Changeeyed el that
caphecsinyAgd by e garpebmedet Mois patkiulaly, maliemalioal o

relations of the computer"model can define interactions a ong variabled”
wiET A elplisascaf Prepraein e emBecvid sof warkows biblsgidpaical
consttuenisyof the physialogicabisystemas ahasilevalsios a6y iiesof second
compination 0.aggr, representations of.the various biological |
cg{r?s%tuentg?f%&é%aitié%f%vgé%rla %%ﬁ??ﬁlr%np? 18%{}3’\,5}?&555%%%&{ g cgpables
b& LSRRV TG &-Bh FSmIsival Syrsern (00601 Ekehby dry enodele ofodel. More
biglagia aﬂﬁyﬁ{ﬂﬁéﬁr %@Q@Iﬁtﬂﬁs@d é%éﬂf}d@dééﬁ%gﬂgygénrﬁ%ﬂs 85 f0ons among
Vi atients include systems described.in co-pending U.S, patent . =~
app%{%%%n%%é%r%eg Vp&ﬂﬁ)é?:egti%aﬁ AeBers S063 f)laﬁf?gl,e S0 3EEE s logical
200570078y 5 tho Bhargl o ed/OEEIU 75 MOD RO sRinnirgtihigicovh poreinations or
MRAAIKIOEHLESRARAN INOKEV8RLSOHIANLS JoLa Al OiIcalaSYSIE Mariables can

represented.by the ¢ uter.mode]. One or mare of the sets of outputs
rerpgreeggrﬁqtv%xhog or Hrﬁ%ge iSREGRAr pjfﬁ?’ég %Fﬁ‘@ B8 aY S5 em, and

- indlifdd Svemmaomorly individogissosjatedswitht vemiabte sl dpanateterstual

atRRaricuar tmeanddana %fﬁ@'%s@éﬁ?&%@&ﬁ@ds%n@fmﬁﬂﬁ U.S. patent
|

comput?r m%del, can represent a normal state as well as a disease state

o P ST CaT B 1o RRBES AR a0r ARSRA IR itie2003/0078759,
pard AEFEE héitsare altered to

{0670} Running the computer model produces one or more sets of outputs for a biological
systern represented by the computer model. One or more of the sets of outputs represent
one or more biological states of the biological system, and includes values or other indicia
associated with variables and parameters at a particular time and for a particular execution
scenario. The computer model can represent a normal state as well as a disease state of a
biological system. For example, the computer model includes parameters that are altered to
simulate a disease state or a progression towards the disease state. The parameter changes

to represent a disease state are typically modifications of the underlying biological
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simulate a disease state or a progression towards the disease state. The
parameter changes to represent a disease state are typically
modifications of the underlying biological 18 WO 2006/084196
PCT/US2006/003970 processes involved in a disease state, for example,

to reRyespRkilg genetic or environmental effects of the disegsgp& ko070
underlying physiology. By selecting and altering one or more parameters,

a user modifies a normal state and induces a disease state of interest. In
oRECHTEIdREESiB deretaiiicofoarsrm o e er peTclsaranpittaF sTeTonmental
peffarmedialdematicalye Me%lglpyﬁlguwiryg@ewaﬂﬁ@@x@@@ﬁg%i@mmm
W, Q}aﬂ{ lerent representations of logical, syste rticular, vario
v#?tua I ali&?en% of t elcoe?nzbﬁ{t)g?l %noéglar%épr%%%ﬁf afcr()g; gisa(%afg o d”i‘iferrﬁéitﬂtl]ln one

véﬂ%ﬂﬁ%@%ﬁhé%ﬁ@@@hﬂé‘%{é H@Wrﬁgemwrmﬁmwmmmga@@

dqfcﬁempt‘@xi@mairﬁtaapaﬁtﬁfMeslssa;aa@mwﬁhvm@&ﬁafaﬁx@&éﬂﬁh%Qw&%gcai
g[ellnca}n be.. as sociated W c]piartlcul set ofv Iues dfqr the

parameteréj arfl & computer mo IRAEAE RSPt Tt
a ifsret vrigtram éfe?h?ah}éggﬁ#d il baﬁ%tdgfmay inelode ehsmetstistics,

setfetpamelarvakiesihat Chl?f%&lnzﬁqmﬁéﬁﬁmgﬁ ffpﬁbtt?@nfm&%%&@‘z can be
paramet @hues For.inst nge the econd set? t§1eter values may
erer

i
inaogaed AL A par Gblélafasr%e VAL & dlﬁ%ﬁﬁrm’flrom 8 R ELBBHE T del. Thus

péﬁiﬁeﬁéﬁ%lﬁenmlmé'@ﬁmath@ﬁﬁst séuv@tfatpaﬁtaméWS,\miduemﬁI sl d may
MAnRes - Wekaah Retient famay Rerdssesiaied vithahindseeh 1Rel te first set of

paramgggr V. IuesFthat differs in som fashion from the first and second set

of S AEReta P T alh g T 5 B S?)‘I'S'g ATA Bl EE RSO R Y DS A deast one
nidrifegeatioh diffhini dyival systermignaferredito abitsyshendiypi, frkilet of

UBQ%H&QVE&@Q”HQ@SQ&QQPH@AQ}EQ ical oy iR iRaL. VG HREIRdMG it a third set
f g%?e ca §§s$% enetic factors environmental factors, or
SRS BRHGH a%&% Taputen e T i A teORe i g parameter
dé@a@es of specificity. In some instances, a phenotype includes an

0%@5%@@%@%@1@%@&&?@@ Eiid 'Bﬁ@&@%ﬁ&%@&%mﬁoﬂ%&%?{a system is
phenotype typically is reproduced by different underl%cg conditions (e

difFETEH Rath BT RAIFBRE RS GaHe fedsHemoastitivaned Wg?%?yé% egive
tweehtomiban ppatigyts maybagpeat ta tgemtmllaﬂwmtbﬁmmrhtmmm&m,ber both.

a@m%gﬁmaaggﬁ%gt&e&%%%% %%%&%H%Qéb%% ”n??ty some

arthritic because of diet and lifestyle choices ne or more virt ua

B AR R TES B HSTH HE EshIr bt BadashwiRT isnas state. A
viptmadpatiehdribigp S imsisatiate dayitiinidabpasaiiestar valuesnd ciffgmat (e,
VIHEH@I'&R%%E& %% O(Er gﬂ %&%QVOB xatx%% nl{;li![tlfﬂ V|rt51alfpat|ent bPé two human

mtroducmg a modi CatIO e Initial virtua patlent for exampie,

dEEETRB D tﬁé??d?ﬁaﬂéﬂﬂ HGHirsoRIF cwmed 30 @r@tmabewse or genetic
Apgpliesiton:Seriak Msrsiner ;0 964,623 &aak: pragifieationaar sslugde, for

{0073} One or more virtual patients can be created using the computer mode] based on an
initial virtual patient that is associated with initial parameter values. A different virtual
patient can be created based on the initial virtual patient by introducing a modification to the
initial virtual patient, for example, as described in the co-pending and commonly owned
U.S. Patent Application Serial Number 10/961,523, Such modification can include, for
example, & parametric change (e.g., altering or specifying one or more initial parameter
values), altering or specifying behavior of one or more variables, altering or specifying one

or more functions representing interactions among variables, or a combination thereof.
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example, a parametric change (e.g., altering or specifying one or more

initial parameter values), altering or specifying behavior of one or more
variables, altering or specifying one or more functions representing
interactions among variables, or a combination thereof. 19 WO
2006/084c8615CT/1152006/003970 [0074] One or more virtupd patisnisime 7o
the computer model can be validated with respect to the biological '
sy, cpresented by the computer model as described in_ more detail in
) RS W{%%Erﬁg%ﬁ(%g&*ﬁ SrPHEPASpitaRD S Hel Rihipgrct to

ng and co
10196152l WslidatienTaypicdlty fefersiorapredess obesiadishingealetail in co-

ceftmimie el of santidence.that the Seamputenmede! @’éﬁéfeﬂﬁa\{%%&fﬁgmsz,sz&

e@?.%t%d when compared to actual, predicted, or desired data for
biolOgElSyRIEHY FOFEAPARTUSIRaTEhEs VR Ss AUy Paferrdidmasdhat the
compRriter otk voinbblevalidatedowitviespectiorah® arimorerphieptypessired
ofthe BiolagicalosatemGer i V] ignt A gan R yelidated o e
wi(%h respect to a? %arﬁt; pi{f?!(;a}r%(}?typ@eg,I 3‘% %r%e b%kljoﬂéﬁ:%%gyg%é% a‘r%ﬁu \%f[%%%q th

palEREE A Heea A At Rith TS et Aot RSt e tyRse of the biological
segsrd. Wghmyp&ofmmmehbaymﬂmmfgfsehpmme fashiBfotype of
fromm U fiest RDGBAYRG: %ﬁ{ﬁ%%éﬁ%e%f%e%%ﬂé’%%%@%TQ& o the first

collection of virtual patients is ideally representative of the population, as
15"SHBHRT B EReCo8d IPRRRC SR Bislnaisahsw rasthat difessinssome fashion from
repedsentativeypé.the population (as shown by the similar frequency of -
each of five phenotypes), then the collection of virtual patients should be
similar to the sample of real subjects from the population. For example,

as sfown' A Aient RABEABARST virtual patients has virtual patients that

aﬁw@iimt%éﬁ&%m%g%@ﬁag

er¥ed in,the sample pgpulation (as_ , .
indicated ny 20 the co ﬁms SRl ret? I%Sqr[%g'vsgu%% tg?‘sp 8?11&% P, s

( Ipse _on the pa ent.s or jeC

IXgHiBn FtRe Weidhtls srewmrenes istioncof vies abisgisnisimapreseitatae of the
p@ﬂ@nﬁmpwmbﬁm&a- dignifes tthe ff@q&@@?go@%&b@ lsﬁrﬁ%llf&mﬂéﬁlﬁaégﬁkhen the
subject sample and, in this case, .in the clinical population. [0076] A
e A S e RS el R e e
pEPRHEHER With Fapels tos ahieasinsBife Seaterissoiminé popelatents has virtual
Wﬁﬁ&élhgrmbtgmﬁﬁ:@ba' i @ﬂ?&ﬁ?ﬁgﬁﬂé@k@ﬂéﬁ Eﬁlﬁiﬁﬁﬂﬁ@é_ fiﬂ@pﬁﬂfagtéﬁ (];as indicated by
papuiation Pl nai e some evaldaton of similarjty, 1or .
L O Rt oM O ot SecBF Sl L S it
thiteatrarivrth e ivivel arpenidntisoptiatipyieridthe ssivp itationa] 60KT frequency
collealion-abyiiual Rafienisthatls tenieseniatiuasehibe.pap Eiﬂaﬁi&iflggpulation.

O R b elesenatie e S

exapHsieoowih threrseisio elinted preséntations dfidhopelation. Whether the virtual
patient population is representative of the population is typically indicated by some
evaluation of similarity, for example, by comparing the disiribution of values or summary
statistics for that feature in the virtual patient population and the population.
10077} A collection of virtual patients that is representative of the population typically
includes virtual patients that are representative of real subjects. For exampie, the collection
of virtual patients may include, for example, both the basic clinical presentations of those
real subjects and conditions of the real subjects that may contribute to or account for the
clinical presentation. The underlying conditions ideally include features that may have

different underlying mechanisms. For example, in a study of diabetes and obesity, the
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real subjects and conditions of the real subjects that may contribute to or
account for the clinical presentation. The underlying conditions ideally
include features that may have different underlying mechanisms. For
example, in a study of diabetes and obesity, the 20 WO 20061084196
PCW¢3820064003970 virtual patients may be characterized by feansrass o
including obesity and insulin sensitivity, with specific virtual patients
hav varlo S co b|n tlon ual measur S, inclyding for ex
Tﬁg ma i% éﬁ% Lg QJSP in sensmwty,

irt
insufin w?sensmveyto mitg a?Be?lcEi b SBUAFS
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re re enta%élve 0 £ t@[ ﬁ% Iatlon when statistics 10 describing the virtual

ARSI LIRS iR Ra SRS R S Ry R P Ba s cRisrs due to

thbfqualdmms For example, the mean and variance of one or more
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thegnfrequency of ﬁ@%&[ﬂ%i%&' %ﬂ&e@aﬂ?@%@ﬂt@%p Mx}%&nce of the

preferably similar to the frequency of each’ of the corresponding sets of

reSf B8 SRR ARAc e e] Riiknyierarit aowlﬂaqrb%ﬁréﬂtsubwcts Also
pdputationplcaniprowidd inSightrainvifiesp pidation ofrealiguhieatseNitualof real

patigilsCan ke ua&f} doLexamnls é&@ﬁ?%t 1 agg% L }%ﬂa UE”C%fabzy

for an |nd|V|dua of a protocol for treatment of a dis ase Avrtua pati

oAt DG frosen etrairithy Carrperdnerts asabspisp mibﬁma@mn
atzmsmmmedmmhpmmummnaﬁmaﬁﬂ q&s\@idmlgﬁﬁualtﬂap@mtl&%fmai
©XRMRIE: 3 il aale L, PopYaNo.car %sdr%% Rredict

SNces
po Ulation-wide impact of an mtefventlon eral, anal%s orainua

fet popitanon 5é¥ﬁm§0in’$6rﬁ*ré@wb@éﬁ@b%ﬁ pregietieheasbguoaalation, on

pa@ulﬁh@mﬂfd(e:ah sabiects. @&i@@&ﬁhéﬂ?ﬁua&(ﬂs%ﬁuﬁ% fesrisRleaiomOlirtual

VI[ 1l S Ca e a V4 Ina nu wn to those
&ligﬁ‘%% tP?fgtEért e%Lﬁ?g orfy wegloorre?(no thué&ml e it é T&% can be used to

e%ﬁ?ﬁ%%é’@éﬂéﬁﬁﬂﬁ@éﬁtm@uﬁsﬂanﬂMPﬂeIal@ttwm}th@ﬁmmw’éﬁcertual

ofpaRathebMeRsUuebAsatem ANaRf-metestapderdRtatistical 16stBtion of real
Statbstlgal tests that can be used to identify correlation can include, for

exarﬁ[ﬁe linear regression analysis, nonlinear
[0080] Virtual measures for a collection of virtual patients can be analyzed in any of

numerous ways known to those of skill in the art. Results of two or more virtual measures
can, for example, be determined to be substantially correlated with the occurrence of
another measure based on one or more standard statistical tests. Statistical tests that can be
used to identify correlation can include, for example, linear regression analysis, nonlinear
regression analysis, and rank correlation. In accordance with a particular statistical test, a
correlation coefficient, such as Pearson's Product Moment Correlation Coefficient and the

Spearman Rank Correlation Coefficient, can be determined, and correlation can be
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30 regression analysis, and rank correlation. In accordance with a

particular statistical test, a correlation coefficient, such as Pearson's

Product Moment Correlation Coefficient and the Spearman Rank

Correlation Coefficient, can be determined, and correlation can be 21 WO
2008034498 PCTIUS2006/003970 identified based on detepguriifigdienso7o
the correlation coefficient falls within a particular range. [0081] For

eXRIDRIE. A UKQS HAO&&&EHAQJMQSH{@%&%%R”&%?&%% \fgﬂy%ﬂﬂl ednf)%rticular
can be analyzed to identify potential biomarkers indicative of a disease
staf@®A biomarker can 5 refer to a biological attribute or combination of
attifeBites thatoaiehey usethtoeinfendmpredict farpantititadprbeesa] pesty can be
0ré§f§g5%e§‘ﬂ&'?d@x§i?yqi§£§§:ﬁ slasAadeseiRed ip mote detalin goﬁti)emarker can

pen mg and commonly owned U.S. Patent Application Serial Number _
10786175 3 10 RRSIS aER  YoTBIHBTERO briHagss e tab iR Bldtgggredict
of antetestaforoexampldt, ar diseasehstatelrefleciact by anotibes Maaseiieiail in co-
CapLheipenified oL xale: by assarsina el corelalion s D0Eh, 523
The identification of correlations among virtu { measures can also be usedl5

in NGB Mo RAtReHeRRipl RfBHEs htb irslipnis ntieref Stiersst, for example, a
maniputatian sfanch &usechto mdeniidy po teritaliTog, oteR@HIQNS, Ssgssing their
usg,Qfan.antagonistic drug, or to explore the relative efficacy of a variety

of therapeutic regimens for the virtual patient population. For 15 example,

a AP e Tharidevificarian hk ssmisitiyronsens foiwlpaessurs: sanclonbearsed in
rep«seﬂﬁmttidhmpmemﬁp#eﬁémtﬁfm@ewﬁﬂ&d&t&?emdﬁhﬁgﬁlmm%@l rt]ﬁ; used to
Si ‘ect O rug on each particular virtual. patient and the
e SRR RS e S e
indrAtvarfrsRI0fatieresy slidivmapogisregmersion i rafedmaiatianshipiom For
a pOpLid] @m}@ﬁgfeaﬁ ﬁﬂ%ﬁ&&)Wﬁ@%ﬂﬂ@lﬁ@HgﬁE@@?E @nﬁﬁtﬁi@b@ﬁi&ﬁ%ﬁ il%present
representati the populatio real subjects. In general, the use o
o S Sy A1 BARE S T LG et b roaiede
beMafeh $ariealar popel atismichediestiisietrstisngpemiatignmost appropriate
wherstepiavaisnceatyarious Mk RatigRtsimieyitualdalints, sch as

population is similar to or representative of the preyalence of analogous .
o RS SRS AR B AP SLA e Afeo Vo olcesion o

reprEwE M@ theevivtortbbatiehthegpotition ebmgarditt tHe popuhtionuef of 2
reabsbRiRG!Sy dRQSAMNHALPAIGRtS WM DIRKE A SISRIARPLIQRAIENIAIGE S in the

congrillﬂu{jon tP thie opserved correlation; whereas if some virtual patients
ar8 BHEP PSR THUECT TheOFtI Fase APEBHATTON T St BEFERRSRE Various
poptiteliarettired Shbjeicts; tipesenvirtual patie it sinillamakerarepresentative of the

dispeonestionaigly, g&ﬁ@ﬂeﬁpﬁfﬁj@&ﬁ! QR 5&%&9&&{\/@9 G Q)@ggppéﬁ/&%are over-

virtual patients , , , .
represented m the virtual patient population compared to the population of real subjects,

those virtnal patients will make a disproportionately large contribution to the observed
correlation; whereas if some virtual patients are under-represented in the virtual patient
population compared to the population of real subjects, those virtual patients will make a
disproportionately small contribution to the observed correlation. When virtual patients
over- or under-represent real subjects in a population, conélusions based vpon the analysis
of the virtual patients may not apply to the population of real subjects,

[0684] The definition of a virtual patient population as a collection of virtual patients, each

of which is weighted according to the frequency of occurrence of similar real subjects iz a
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30 over- or under-represent real subjects in a population, conclusions

based upon the analysis of the virtual patients may not apply to the

population of real subjects. [0084] The definition of a virtual patient

population as a collection of virtual patients, each of which is weighted

accHrify184He frequency of occurrence of similar real subj@étE RZA06PHP3970

WO 2006/084196 PCT/US2006/003970 sample population, allows
§1Qﬁ§eglﬂ\@9 Qoﬂ@lﬂbﬁ@ 15%&&9%’6%%?&&'8@&%&%&%1 {&ts 1o be more

roprla ely extended to the population of rea suglﬁcts That is, when

tﬁ‘@f{?ﬂﬁ?ﬂﬁ eb’aﬁ’@ﬁ?d‘f?oﬁdf’a%‘??‘?&’@%ﬁéga{ﬁ@tﬁ%pl bisuldtiaring Hgtual patient
ppefmﬂaﬂzﬂy thepblpulaticnngpresentechbyndhecgamplehpapulaiton, dhecsented by -
viual measures fof the %Ma@s@sf&%b &XRJW%@H% explore

extend our understanding of the p %?éulatlon 0 real Jects 00851 Virtual

pAbHEFRT S Radie libsdnvadenréreaiaielopment; clinical
dma‘na'nagemau glipital diiiatdesgmanic I‘ﬂ%@d&&@&iﬂﬁﬂ&vbﬁgﬁﬁm clinical data

B Sogﬁk‘én@”cqn?%‘ %M”Qes?&a%%sm%%g(?%a}{td%% Etm nd_compound

tion, distribution, metabolism, exéretior, an tOXI y ahaly alysis;

a?i‘%f]ﬁ?é?nQﬁ%’éﬁ‘méﬁﬁﬂEaWWé@ﬁWo%iﬁ@&%aﬂ&*ﬁbﬁbﬁméﬁéﬁél% and
mawiqirovigs isisight ntentiepivaleneen PE&@M}M@@S Jatthejaepuladianations

outcem fa cllnlc trlal nd enerall
e S e RGeS o
wHRURHSIaTerftra s At togathn sHted Bighjardseneralithely ém%amﬁwmen and
eﬂi’@igmﬁCﬂ@@ﬂealsamd iasshkbidtic Byes efiRatads ViEuahMeastIes:[ 08 &lbjects,
To define virgy at|§ deUIa}t'%% virtual measures of the virtual
meinaing clinu

patients are compa SR T representlng real subjects from a
population. The methods that are used to evaluate the similarity of the

virtugl patigpisdonha seatistdhieqisuaks depending upon the type of data
and virtual measures that are used. 20 [0087] Data for real subjects in a

sHip$e pogefiatonvardhviaicit meduies fortedcheofiwo Gribmomugirpatipnts are
pa&iﬁﬁ&&gwdm&e@s@mﬂlﬁg represaits ﬁ@ﬁpﬁp&iﬁﬁﬂt@h d@@@ﬁ@@@&éfﬁ@@&%w to

Inde endﬁnt va escribe fea,turesw aI es are aII set or
kSOWTors If SiviTHR PsaTL it Pﬁcvsa‘f RgigRon the

f@m@si%@gbvmma@au%ﬂyt eepeet], Whether actually or
hygthetieal by HRoRRE Y 8luesRitNG NERRENHE DL YA RPISS 2R8I OF two or

measures fqQr inde ender;ft variables can represent the demo B%Baphlcs and

pYEFo 8GR SPAHER il LY oPHHERSL JIRITRH aRCRENS STFBRUT orfsiables.
Fordexentipie vimdelpe ddenbey &rinble svdanedesiotiberfeiaticadyssethvagnown for a

Wm%&%&ﬁ Grgend %Ep@lgf\eit qmﬂﬁ‘é %@Jﬁbe qga%(ré[g %&e QQQ& causally

mass mdex) initial phyS|oIog|caI measures (e.g. "initial HbAIc" ), a
DR X REhSF RIS (e P iksea s o kR oTaFS e@%e@@ﬁ?ﬂﬁiﬁt variables,

bigastocaneenesFheindependent variables can represent the demographics and physiologic
state variables of the population and related subpopulations, For example, independent
variables can describe features such as blocking factors (e.g. gender, ages, disease si:r:xt.r:a3
body weight, body mass index), initial physiological measures (e.g. “initial HbA1c”), and
patient ciass predictors {e.g. HER-2 positive women for Herceptin in breast cancer). The
values of the dependent variables typically characterize the state of a particular virtual
patient or real subject, and can be used to answer a question about a possible relationship
with the independent variables. Data or measures of dependent variables represent, for

example, physiological features that depend on environmental or genetic features, or the
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30 values of the dependent variables typically characterize the state of a
particular virtual patient or real subject, and can be used to answer a
guestion about a possible relationship with the independent variables.

Data or measures of dependent variables represent, for example,
physiolagiealfeatures that depend on environmental or genepigigaibseszo7o
or the 23 WO 2006/084196 PCT/11S20061003970 result of the

intervention (e.g., drug therapy). The designation of variables as

NGB AL T oPaR de e i8S Reper i Hymethissi e eisbisales independent
red)at:iqmiﬁ@tbﬁﬁwe@meﬂaﬁ V%@@ii%bﬁsﬂ@&l&ﬂ&ﬁﬁiﬁ%@%éﬁﬁe variables that is
relai ween vari s for a particular collection of real .
e S B TRl SRt g o v
aﬁﬂi’tﬁﬁsxﬂﬁﬁﬁl“ﬁ%é&@@?és acquired for virtual patients can be univariate,
e.poBsIUbingaa Singiscdaty e presenting amsingleyatiakie-fol.paeh 1eabirual

syplegtoLyHal patient. Alteiaively. the, data for eal sublects and the
virtu ¥ ntlé

. I3 Tepresenting a s variabi
al measures Tor Viftial patients can B8 mulvARAtS. 8. Inctading aote for

vaRiBS e s e viatiabredonis Alteseatrdbr Suchitpelar sebjadtetaviridie virtual
patiesirt G008} Hag-datadoe ialsuhiescts aAngt iy itiialsMeasuigseOliables
virtual,g@i ts c%p bﬁsu%at oric%%l. Cattegtorical variables are assigned

e a](ﬁ &

a4 VeCIOT JOT each 1o v ALl . .
values according to theira ributes (Rominal variables) or ranked

ad BT nd eodaieiifon aephinubiectp refid dhvayisbié sheBuoree xampisuaeritientsapa be
th@i’@é@ﬁ@ﬂ?@@ﬁ;@&ﬁﬁ[‘@ﬁ‘i@fﬁl@s %%ﬁ&%@%@@a@&ﬁ%ﬂ% @%&?%ﬁﬁm {(nominal

Categarical variables can be used, for example, to identi

oA YR teecidhe W eehi e sl el s ol sender
ugitiy Bayreiertons dnehknofva donapadatrettic mietods ofusteltisticE ategorical
fORRRbithe:slataufen reaksubiects ﬁﬁﬁtiﬂ%ﬂ%&ﬁhm%%%é&%ﬁ%ﬂ%ﬁs can be

patients ca be ?olr%grnuous or discontinuous. Continuous variables can, in
th&BTyPAESmE AN Eniodr SPYE D TIRREh PR Ry methods of
potatistifor example, weight is a continuous 20 variable because there are

anosdiniteaumbes ot exachmeasHieme s DEWER ANY PR HREASHLES: can be

Discontinuous variables, also known as meristic or discrete variables, are

or BTN Bt Hats SRR St AT At SRR ftfe sWHFCHD AT ctlateinite
valuebpaoedsiblecsirhrptweeny Foe dxamphénithe Furabeindd, ocsditencesoafinuous
angyen inadiscontinious vatiaRiehecpusedractional 9GeHT SRRES A8y two

not possible, Continuous variables and in some cases 25 discontinuous
vAPABIES calP BEP A AR Sh A IS PR RFBTFaRb G5 HRE REBMEs. are
pardenatibotrhethodly obsiatiRtieb nitacambttnaiatintics arerprefietabiintspeksible
when.certaing assumptions Qrmality. of distributions and.random .
sampling, are satis?i%:-;gi.’ 00151 'Igﬁe (%ta- O%S:aag}é% c?r‘; %%Jlssau%?g%?s}nélﬁgstﬁ%nab}e
Vimmégggp@glfaﬁyﬁﬁygp%gﬁé}%p@%bm Continyous variables and in some cases

discontinuous variables can be appropriately analyzed using any of various and known

pararaetric methods of statistics. Parametric statistics are preferably used when certain
assumptions, e.g. normality of the distributions and random sampling, are satisfied.

{0091} The data obtained for real subjects and the virtual measures for virtual patients can
be static or dynamic. Static data or measures typically represent cross-sectional variability.
Cross-sectional studies sample variability across subjects or patients and may approximate
or be represented by well-defined parametric distributions, e.g., the notmal Gaussian curve,
as shown in FIG. 6. Such variability can occur causally due for example 1o differences
among subject or patients in underlying biological factors and typically also includes a
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be static or dynamic. Static data or measures typically represent
cross-sectional variability. 30 Cross-sectional studies sample variability
across subjects or patients and may approximate or be represented by
well-defined parametric distributions, e.g., the normal Gaussian curve, as
showa imbA€x14. Such variability can occur causally due for examgbastmozoro
differences among subject or patients in underlying biological factors and
typically also includes a 24 WO 2006/084196 PCT/uS2006/003970
COPTSREASRRTAbMLIR TR SRR A 7 T TR e SRS mERPE P ampling of
Ewmgumﬁmmplmseﬁc ia popaticrimey résultimgdeviationsiiétyveen; viar for the

Vana%? NS MakgRY P{e%e%%fﬁ&tﬁ%%mg‘mpu@%  the (I8 fom

nt e population. Variability in features from subject to subj ect
oFTRiSF pathehier PatEt egﬁfﬁet%r%&efeﬁm%a?aé%mﬁré ngaexeml} e by a
measure dhitbetstandaigewationiateeariance. [0092] Dynamic data or

m@]%?ﬁﬂwcal FEERIES Qas&&g'ﬁ &% f%,rE%HP ql&%lém\{ﬁggblwé‘ temporal}

Studies samp e variability within a subject or patient, typicall

overdititatdaueiabnahriidies sourvarabiliy &féﬁl&écé?bé%émﬁaﬁé fpically
examnpieittheodnaniesofhe bielaginand ypicallyalbodnacidesaaple to the

Cogjgone“t Igﬁbo“t?%'ygé% “fi'ga 3935'%%% ! %%Aaem%@%tﬁaﬁléwrmdom

urement error G 7.Aco ctlon of real subjects or

V|ﬂlﬁ‘éﬂﬁaﬁfém@%@b@%%@%ﬁ%ﬁ?ﬁ%@%@@%@rﬁ%ﬂd A collection of
lopgitsihnpak yaviabilibatRsshevs dnafkeerBed bRtk dins yaﬂabahawmge@mal

SaT{P'&? fogses IP e, }'R% gptﬂ?ﬁéa mgl“n&gbdp?r%gz? be ieg for example, by

c-Spfim ble5| RS, 16 estimate ppropriaté variance-covariance
meptced mmlm whemeTheselteSignS-aaienddssignsitly srizmaeliha gppropriste

de\fm%gf&@@%&zaﬁm@f thadypamic trajestaptideda3lche exsluate dhe well
Slm(g% he \/lrtual ﬁﬁents to, t e re | subjects, it maybe useful to
ac% gﬁ%ﬁ Atires o Pfgwrtual patients and the real
sul@}yaﬂs'r@gvalemnhplemm@émmaamae@ésﬁqo@wgebﬁwé@mﬁaw be useful

vagiapilifyameng:ieatyes @t iniprestootnd r%i@.{d?@ﬂﬁtﬂiﬁ Qhdend Mlﬁﬁlﬁcts For
and Ion tudinal data?ﬁan be u ed to stlmate W|th| patlent

Wiinligess J%%Sts\fgfxé%’i i %ﬁt SR m‘f%ll”élf fore am eS (g terest
shefpériosidyatantios of mq@mratdrh]e@u@ﬂynﬂeiamm bﬁ m%efietgteiﬁmmwﬁhlm

th%%@em aleanhe Ghataristiang BydeRendentyariahiasapddndependenthape

variables. Independent variables that _may account for var%%lll% in the

deﬁeﬁﬂ@ﬁ?%ﬁgﬁié?%%é‘%"@?‘?ﬁﬁed%ﬁ‘&rﬁ%é’ 1B FEALE R BEatRy © >

unding
vac}ahnhtg«:mdh@ depeiae nirkailiabiebiagpeniiviieblde n&mﬁ@attmmfvanablﬂs that

%A%?Ia%?oﬁg{afgp Oﬁyﬂﬁ@f&%@éﬁeﬁ%@%ﬂmg@ c&@t&ﬁ%ﬁﬁ{é@ém to reduce

as gen er, age grOlé{?)ﬁ[and disease roup; and Contlngous varia (1% 1
suﬁf%@%ﬁ%%w. (Jenggaen] aTHRES $BY PRl Bl AR RRCARMR 4 cavse
helgtaeaehips tarinareabifity bxdheldeprepddnt varidesuch as gender, age group, and

disease group; and continuous variables such as genetic susceptibility, age, and discase
indicator can be used to help account for variability in the dependent variables.

[0694] Based upon the similarity between the featares of the real subjects and the virtual
patients, the prevalence of each virtual patient in a virtual patient population can be
adjusted. For example, if the real subjects in the sample population fall primarily into one
age or disease category, the prevalenée of virtual patiex;ts in that age or disease category can
be adjusted to approximate the prevalence observed in the sample population. In general,

- the prevalence of each of the virtual patients is adjusted by assigning a weight, or
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[0094] Based upon the similarity between the features of the real subjects
and the virtual patients, the prevalence of each virtual patient in a virtual
patient population can be 30 adjusted. For example, if the real subjects in
the sample population fall primarily into one age or disease category, the
previensgRivirtual patients in that age or disease category gap 086003970
adjusted to approximate the prevalence observed in the sample

population. In general, the prevalence of each of the virtual patients is
adjlrsteer 5y W< d WERihbisrd 25 WO R006/@8 Bo8ilarity. The assignment is
PGHitiS2006{0050 10 pprevalesealde-L ek ViHuahRatien base d.o0ihe: patients
eva%léjglté% apg g.@gsarity. The assignment is typically intended to improve

the simllarltylf)étwéen certain features of the virtual patients and the real
sUBSIsFsocusnrer Exanpleifer trivadetionstodtasentionaisdata einel dependent
Measbles:hhitaonsnaenthe Kanakes SNiaiibEeRVeRNHIS FRRIUFESA can be
thgvg?%lt %Jg'eg[l% angl1 t e virtual glatie?t%cgn be lfev\%%ated by comparing

the MEan valia BT e teattra for the fear SISt tE SHhdsss afudipmean
thEafeanltheréatire Pirthayhmbprtisopeiation o isitnatirefly or in atidivonsimilarity
sipulaety hetweendhg featigselile real subigataanaidhe virtual RALIENLS; by

can be evalyated by co ing the mode, standard deviation, variance,
R R RS R0 e roRra it bt for

skcé)vlf/lﬁes ; or kur
stédend gelikstionihalenvedsketanbss, rviaiiosisriraspedtivelyss obthiurtosis,

fe%ﬁ'&tf%l@%ﬁ’@ﬂ&@éa@ﬁ@_%?%hwlaﬁ‘&eﬁ%Xt@ﬂmm%fﬂeﬁtwi%;ﬁry statistics are
avail bb:f%fgr tgli real subjects, information on additional variables will

ty BIEATY b & S8 Y e ghr S TasHiaR e g e interatesiarll trmipally be
exgnsplgyitchergrapesdatacenth fiveastre $iaeonefor manpiadégensdent data and

vaiakles, e mean. mede.slandard deviation; 13 varianss. S&&%Qﬁfaev%ﬁon,

kurtgsis of the feature for the real subjects can be calculated for eac
vaitiPeFE R Hen et varEBRorHE foprasart At rrsrombrrpatieatsn cach
thealretwdltheatidatepdptlatitsblean The nebeaditsie b oithat Satstics faidhemal
vi ' ' [ t variahle are similar
e R AL
m¥HLE PE B PGSR ep b art Varianie tertristrorthegep wtierwide
surtdfoddtadindiailaate todtheientsubjecngt igptiaast pessibled if only

idﬁ%ﬁ%&@&-éﬁ%&%ﬁﬂ%'&%faafst%ﬁza%ﬁa%ig‘}&a{%)etkaf% é%‘tg Qie 18 at leangossibie to

representation of virtual patients in a virtua patient opulation can

adfsetéy S theptnaf whiedisrios arénreprduitonive Tharapasrsmatimild virtual
meakdajRCoirsinfatahapgaiiajectenias atgaed the maeant deEapiafl are
thg Ieg(!ﬁ 'g ts. 25 [009.71.When data are available_ for gne or more

fea?éj res 0 ea@ 'gb%l'?ﬁ% Tea g%b}jréac sj% %G{(\)/Igl’usérén 3 ¥ ecgn%ag’rc%fi‘sé etc.) of the
feBfiRe ST RaCAlr e rsuisiddedan be compared to the values for

[0697] When data are available for one or more features of each of the real subjects, the
values for the one or more features of each real subject can be compared to the values for
the virtual patients. The prevalence of virtual patients can then be adjusted so thati the
distribution of values for the virtual patients more closely Tesembles the distribution of
values for the real subjects. For example, if the distributions are assumed to be Gaussian
normal, various parametric statistics can be used to characterize the distribution of values
for the real subjects and the distribution for the virtual patients. For example, an estimate of

the mean and standard deviation of values of a feature for the real subjects can be used to
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the virtual patients. The prevalence of virtual patients can then be

adjusted so that the distribution of values for the virtual patients more

closely resembles the distribution of values for the real subjects. For
example, if the distributions are assumed to be Gaussian 30 normal,
varigaspanssmetric statistics can be used to characterize the distrikution ofo
values for the real subjects and the distribution for the virtual patients. For

ex le, an estimate of -the mean and standard deviation of yalues of a
o TR S R B B 9 Wi Gooan fa v paent.
PEFrdsredere039 RO peftteteaire defrrobadiityachutiservitigeppardiditar

vaesf thefeatuieasioraay fitakpatientn BLeURISne s Al A el RAIeMtios
can %he de ei{[mned g\r?at%functlon of thatgroba ility. [0098] The prevalence
| a

of Virtiral P atierte Rt 58 SR S E B VAR S D& ot ki gpero xppyate the
thelatkitgafpabierss sakisntaccording to their prevalenceing, more closely
anpIoKoRia-INe B siatistics Rriiedeal subiesis, B0 SR dObach of the

univ. ri%te Iontgétu inal data, when data are available for each of the real

L VAT SRS B P SHEERIPLEIGR St ARasK! Sebpscrramated to
bébecmipetréd the theuabhwisrfior e vardivalypatiejitsorddieiincivical subject and the

traigciauieshesarhreal subiest adithe.variato %ﬁ%ﬁa{e{&ﬂs_%%@&gfgf%?gm

can he estimated. The viréual patients having trajectories 10 similar

trAJEEE RSt BHEEITHOR ?%%P&‘fb‘iéecfgaééﬁ%éﬁ%tﬁ F ViRSHY R A8l d g duce
simmidrmeesure of pepulationidesiel uarialinifity. if there are dajaaddmeasures for

mﬁ@&%&%&ﬁ@ F;ai%?&? %G%Vﬁ&?gmﬁ %M&&ﬁﬂlé qun EI%{ 8¢ ,ntsﬁg , OHulations

confounders (i.e., subpo&ulatl‘ons and covariates) that affect the varia ce
arBr i Tt S ooh B enEPRRS CRIRddbe Aeiestiy sk thnialegigry-to-trajectory
dissussethpidviouslynrdbd@0d 00] Virtual patients can be identified

PriasRestively. heh ik Mirual mearuieR.A il Rl [pr oS

; . r?o?%%ggye , Suchl that v1{tu measures
virtual patients that represent one or more real subjects in population.

ARETRSEVETY, SHRUE eSS UFE S d aptiiiats ChhiredTRs e OBSieR) RtgideRhIsubjects in
patigwitsioan daaeof engreeidhecviduapatie atgufos exampleMitealrnal patients
pati t resent features of real subjects, can he assigneda |
S SR R B e
wEGRTEPAEHeRiRfie e nergdd rretuaiitasalbv anusof ferupptofiirtual

p@ﬁ&@t@?ﬁﬂh@éi oRjdivad iéf? @lwaig?ﬁmQ;@fnéﬁf&bl?@smﬁsﬁéﬁfﬁ&gemy ¥30) virtual
t [ tient from the virtua fient popula . or .
;? Xé&%ﬁ)@%{wn, t{m 18, 2 wez%gn&g? rothgs Bl e&o Q (gl) g?r%?#n%ﬂ%}e/ virtual patient

h
multivariate data’and measures of a dependent varia
bt gt e anteas nsiridipsal subjects and the virtual patients can be

eyeduated by B& campading taadnaan Malues:ohihe RatHies: forthad eanitarity
s%%%%% V\ﬂ'éh fter%wea \ﬁalue§ of the fea%:r s far the virtual patients, as

: g
diSCUSSEd SboGETor UnkErSte TRIETEGPLsAR A, patients can be evaluated by

comparing the mean values of the features for the real subjects with the mean values of the
features for the viﬁual patients, as discussed above for univariate data. For example, a
vector containing mean % body fat and mean fasting insulin levels of the real subjects can
be compare to a vector containing mean % body fat and mean fasting insulin levels of the
virtual patients. If there are data and measures for independent variables, additional
independent variables can be used to account for variability (e.g. due to subpopulation or
covariates) and adjust the prevalences of virtual patients,

[601062] When multivariate cross-sectional data are available for the features of each

of the real subjects, the values for the features of each real subject, or preferably statistics
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vector containing mean % body fat and mean fasting insulin levels of the
real subjects can be compare to a vector containing mean % body fat and
mean fasting insulin levels of the virtual patients. If there are data and
measures for independent variables, additional 30 independent variables
canWbOe ldae{% 4tg account for variability (e.g. due to subpopulation or 06003970
covaria e§§ e adjust the prevalences of virtual patients. [OO'iCOTéYWhén'

multivariate cross-sectional data are available for the features of each of
theasedlssbiests chervatiesdar thedeatiuies oheachkaa sUbjast Wiual patients.

PrRfeaRIYRANR98: lea b ROPRIORAAIR ECLLIIZ0NODNNAI0 DEPARL virtua
upon the , canebe comparq to the SI]mI f':ll‘ va ues. 0 Stgﬁg |cs%r e _
ViRtEPFatfsntach s devipiecdy feaeurasref thetrisal Shbjeotsimapamatiices can

sateplecpopifaionianc e Mirtvah DAieRIS eaneash Bie Ghakacierizeshbyde of

cavariance. matrix.. The covariance matrices can .then he compared, for. .
XAl By AT G eTy BBl At S R G i L o Of Snfvsist

coliespenaiatyieratax wenieres. iAlisolior exdiinislesrsbltsoddfortmele, a vector of
ama-ﬂlmﬁé&s)&yﬁgwméﬁam%d meRsHRes ﬁlﬁé@_%@ﬁf@?&%ﬁﬁemt}l%@%}j subjects
multiple variables. For exa a vector of estimates of the mean an
R B TS & B B e BT AR A 1S ature
udetiatyideaepriiens. o probelsiifyr ehbse patepbepabticidersetdivalivegiof of that
therdeatiies for a virtual patient. Prevalence for a virtual patient can be
d(ﬁﬁi& 'IPed asﬁa fﬂnﬁlt{iofn of that 10 E}robagjlit 001031 Similarly, for
mtiltivatiate loRgHUMHat G4t WREH SRR BIESFOPAL M Al s &y each
sulhjdetsealraiiadtre $hfordues fbatbedeabireachershlrstlbjggtcaniie compardeh the
todheesvaites forthe }55359@{! P%H@%dﬂ&bﬁdﬂ%%&%%%&?%@@%ﬁ@%& and the

real sa%b'ect and the varigtions observed across them can be estimated.
TREViM 5|°88?f¥ﬁ?saﬁél%?n%eﬁ‘aﬁé‘b&?r@E‘&%"ﬁmﬂ? it RjERtOHe DB iegtories
orsimire tedistbjedtsicanithendienveighieshtdgeprocucthesiiilariveasurgsoduce

OszQi@Q%KQQﬁl%XQJfV é%?dﬂ&&z&'?@tdaudﬂﬁtyf?osﬁﬂkex&? 1?‘%' &IS%DEQ%D estimate the

dypamics of the individual multivariate mean and each individual

VANBEE 8y ARG it Vi REVALE 1 tilashsh drdisishilartiggoe-covariance
estimriteSeasbsimahidbalkists dromithed atasstivescan@stimiaigubite S from the data,

PoRulBtionside vaKanGSERANRICEMRLK £ AR WERSMRAR we assume
multivariate normality, we can measure a statistical distance an .
d STBH AR HROBTSE bl c8F BRsErsingativienl ditieet raddrieraitr darrmiebility
a partiewiargirtes|spaierial0Q 1Akl Wsibgagimilariechig yasieit.is possible
tojizpsfy val “8§i|r?f [gairesaliea %“sbﬁe%s?i@% SO R SPIERERIeT cn
among the virtual patients. For example! it all virtual patients are
statRifeia et arsrh iRk isprearvied smensths Hawal prtistpafieneramriseiballivirtual

thadtidhshas featuNauesdnakaseselagentaihe peanohthaiehsanvedvusl that

V%{gse%amre values that are closer to the mean of the observed values.
[00165) | The set of data and measures that are used {o determine prevalence weighting
of virtual patients can be the same as or different from measures that are used to analyze
relationships among variables for the virtual patients and/or real subjects. Typically, the
data used to assign prevalences to virtual patients are the same data that are used to make
predictions, for example, about the relationships between ndependent and dependent
variables. Alternatively, one set of common features can be used to evatuate the similarity
of virtual patients and real subjects and to assign prevalences to the virtual patients, and a

different set of common features can be used to evaluate relationships between the
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[001051 The set of data and measures that are used to determine
prevalence weighting of virtual patients can be the same as or different
from measures that are used to analyze relationships among variables for
the virtual patients and/or real subjects. Typically, the data used to assign

prevalences to,virtual patients are the same data that are usei;jcjrgU %%(%970
' nt

predictions, for example, about the relationships between independe

and dependent variables. Alternatively, one set of common features can
bexdspehiierevall Iatpaiiemimitatily ofivintuiad patiphtsanthtieal subjecksainghtiont
to ﬁ@%&g@oglrevalences to the virtual patients, and a different set of

common features can be used to evaluate relationships between the 28

WO 2006/084196 PCT/US2006/003970 independent and dependent
varialies Rishipidee sample population or the virtual patient population. G.
Examples 5 [00106] The foIIowinq examples are provided to illustrate
erﬁ%gﬁhents ShenELipvEs6rEEE Heskrieevivefefn dREPHRE ristipdipied 16 the
limiivihe scapRofitee dwentianain fnYnitalkdrOHRRaHEXaPINIENL RIeME6H in any
go\%j.s gc?rf I&eﬁ:’?}%he %Q,I.Jz{ Ceo%%&hgaggt&&géh%égail %lé%’ﬁ%tes elzfc'a %19 Mg 1%%; subjects
the rature of the data is tescribe , the'source of the virtual measures for

thé® Virigtpatrentsns provided: Bflssmbahelivousisgy fohevimirygsues for the
SiriaTyh a8 56 igiRged Qi avalenre %16 8 961 858datin Diftarentiation Bfoning

hematoloqy interventions [00107] The goal of this project was to
de}‘.t)l'e\fﬂ. engéé it .H%SC &(P

ermine op |ma}lséfosing strategies for differentiation between two
different drugsRiSiesrasintéen of hemidelmmtinterveasgiosabjects were obtained

fr omes,_of extant clinical studies for the two drugs. The data for the
W e bl e e SR e
reSpueaisg e betyarn tosivgersbuetsisahth patiomenéan dytafivics! Thigcts were
de&@:ﬂ_ Iﬂ&f‘ﬁb’ﬁﬂﬁﬂ@ﬁ{/&_f é&?@ﬁ@;&tl dﬁﬁié@?ﬁdﬁ%l %%Qﬁﬂ%saﬁ%e data fodr the real
reticulocyte counts. Virtual measures for virtual patients were acquire

TS TR R A o T, SAAP e IR RIS therapy,
dedusritiepidfpcoly, peddirtpt) SopateriiapplicatermdmaniatpplebbEationst included
NURNZET $.200/00 14 d 324 AR R0 3NARB2 452D 0RANLE S el patients were
2003/018S 475%0%%13?1@ gi?,datg‘@for the real subjects and the virtual -
mEEEITS oM e KAl eﬁ% RS WL Rr ST PG TSP sHR e isare described in
standardiset 6f Fneastarés wakcdafine ddoingsepublthavactenining fe2ifO814232,

of ﬁl@@pﬁﬁgﬁﬁg, g@g@;@ﬁ@g@gmdtm@%qg%@_sponses. This standard set of
measures was definable r?%data available for the real subjects and

col8E¥8nding Vitdairo8rile sl ebiens et iie BEvRLaersrSH S8R Toityd patients

virtuead patientsdidh dostandasd. seh oftméad us@sof measures was defined for use in
characterizing features of the patients such as patient types and responses. This standard set
of measures was definable by data available for the real subjects and corresponding virtual
measures that could be made available for the virtual patients, The standard set of measures
was calculated for each real subject using the data obtained. Summary statistics and
histoprams were generated to understand the distribution of values for each feature in the
standard set.
[00109] The virtual measures needed to define the standard set of measures for a
collection of virtual patients were generaied with a mechanistic computer model. The
virtual patients were defined to be consistent with all data and behavioral constraints

avatlable for the real subjects in the sample population. For example, certain values for the

29



10

15

20

25

30

was calculated for each real subject using the data obtained. Summary
statistics and histograms were generated to understand the distribution of
values for each feature in the standard set. [00109] The virtual measures
needed to define the standard set of measures for a 30 collection of

virtughpatianisyvere generated with a mechanistic computer Raaelihfzom
virtual patients were defined to be consistent with all data and behavioral

‘constraints available for the real subjects in the sample population. For

exdrmplessientain valckassprichbe 20200610844 Yéological variability known or
P@ﬂ&&?@@ﬁ(@%&%@eﬂ&% 9@@%@%@1%Q§%a&@ﬁdﬁﬁee§@maw&sof The

the biological varla n ar E pothesized to Ise to
b e R N D S S L P

inchading tb@ﬂipé@lrvaé Ié@aﬁds siefmatcts ﬁéﬁtﬁ‘@ﬂél?f/th@allqdah evergiefindelalsulate

inmmq@gﬂ@&%@m%ggﬁmﬁq%the output of the model, were
to calculi.&é 5 the stan @s t.of me sur s.for the v irtual patients.

S} e o TS R e AT B OO FE SOlp A ©
usb&ibtdeﬂwlpadéﬂ%avémmkest@m péearhe@sfontheNivtu diqatielatdn of virtual

T geﬁlgser uation.ef viitdal, patiemis.seprgsented a simulation of the
cllnlcal trial. OOllﬁ]éf{F he standard set of meaSlé{es for the real subjects

and%Hhe virt Reh B WSPEEER A% Hesiea! SURIRFAT SR &TF ST patients
checke watymadeaclassabsindisthety fok ebotk wieasule tin dfyesstelmdtaur for each
sef,dhervalugs Qitheditua PGS eavered Ihe.rRRe. Ol YalURs range of values

observed for the real sufgfacts To the extent that there were gaps in the

cotRTEYE BrdrsALT-Ttha Trale LeRidha FRFTE (oFR 3RS Gus cAtEDAgfitonal
virtiralgh aticnis were built loy flthcating exdditgnalrtuatyphtiefitsiance built by

fm@h}@%@%}@%ﬂmav@M@W& PRULIR. RS AnmoRel andhput o e

ning parameters that might affect biological uncertainties in the
mé&el %@Pé%%ﬁ%ﬁﬁﬁ%ﬁ%@%@& IS HES HiBRfigsdn the mode,
mad@ltkﬁdgm@klaﬁhg’lbﬁu@ht p“atlem @&mbephwiﬁby:@maim@m ofdnnikeial virtual

Adrval patien %¥é”@n e§x ¥9£?cﬁose %&%S'QB}#EQQ/H%ES%P\%?J&M%

an /OI' parameters that are erent t reviously create

virtigh patfentdanyg %éﬂﬁ’ﬁfoﬂﬁiﬁ{ﬂeﬁﬁrﬁ‘ﬁﬁéﬁﬁw reph thp thopp for previously
Premaﬂammgﬁe&awefﬁ aasigreg cﬁﬁﬁﬁﬂd@ﬂg@@ #hiénllowing matching

%n ﬂ]fﬁ «3@ reﬁl subject or V|rtuaa§)at|ecpt iS ch arac erléledfbﬁ a \I/lec%%{tchmg
easures de the

SCi’I ﬁ"l; r?eatures o?fimterest l.e. %ne patlent and
pa%?ﬁ@%sﬁ@ﬁ‘séﬂ% %h‘@et%rﬁbamﬁémpﬁa%ebmﬁ@éqwél bio e & FitimBemgsures

fe@%&lﬁﬁiﬁgtﬁw%a&lﬁ@ r@pﬁte@ésviﬁtaah%ﬂ@msm\d trﬁ-r}s&@eﬂtumb@b&fe to the clinical
m%g urement n the afndard sg n N x M

atri
méasFes % for ?3% radb % &SRR Igll\ﬁuﬂa s o ViR n% X B patients, V;
meadarembenst m@aﬁﬁmqfém tistjenderdipg. M there is an N x M matrix of measures

for real subjects and a V x M matrix of virfual measurements. To match real subjects and

virtual patients according to the similarity of their features, each virtual patient is awarded a
matching score for evéry real subject that it matched using the following algorithm.

[60113] For each measure in the standard set, the mean and standard deviation is
computed for the real subjects and used to normalize each value of the measure for the real
subjects and the virtual patients. Each value of a measure is normalized by subtracting the
mean for the real subjects and dividing by the standard deviation for the real subjects. The
measures are weighted according to their importance. Then, for each possible virtual

patient — real subject pair, the distance between the weighted normalized measures of the
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virtual patients according to the similarity of their features, each virtual

patient is awarded a matching score for every real subject that it matched
using the following algorithm. [00113] For each measure in the standard

set, the mean and standard deviation is computed for the real subjects
andyliseghinpmalize each value of the measure for the real, 30 8uRiSHES 7
and the virtual patients. Each value of a measure is normalized by
subtracting the mean for the real subjects and dividing by the standard
deviiatid nfdmthed dal subjdes] ThewreaSlkesdsbiveightedaptetdifly taample,
theirdpporansemlieR, ik &aGRPssIle, ViflalsRatiel: LR RURISGLRAIL. of
the distanc Qetwﬁ?en,the \gel hted, normalized measures of the 30 WO

2 BB Y6 BEAHATESHI §70 it daPisatE R AR the normalized
measures of the real subjectare com ut_ed.*FR%}e ample, if each
measurement mi has weight i"then the distancé between the standard

set of measures of Virtual Patient 1 (VP |) and Real Supject 1 (RP 1) is (w;

A Beh o8l hE BA %E&%&HP&SW&%?Y%@&.n}i“{’/gﬂl%aﬁ"ﬁﬁ?éfh‘%§Isgan°e is
avkaleiedta fhatbhidd. sdoresiithe distdistmis. thelbwithé:threstholdd. ifheigher the
smadler thendistancemihe hetiat he.meiehareie hghst R .sBePIe (TN better

measurement wejghts w; and the threshold t can be adjusted to give a

be ngﬂfiW@IB?r}ﬂgfﬁ"?ﬁéﬁgﬁé@@%ﬁ‘i’fﬁf&hing scores.) [001141 For each
refl@ibject, thEomatthieg sdgeas hwardeldity theemnatahtad) tuitheahaddhing virtual

' paﬁiﬁ@ﬁs%% normplize 90%9&*?943}'3&}{ 1%:) 9 &x@ng'gé%n& %%?ftﬁg%%g% all).

the sum of all). Then, for each’virtual patiént, a total score is determined
as TR st BFiy HEARASH Tiatnirysorsermingdiys e fomml debirawmpalized
theavichigd patientFaniy)osmatitedoasros shtheirasitiseivirtuat patierized across the
PR, AP AL NG UL G, Lyl did £ 25, OHINGD B8 RUT e sumn
all). The normalized total score of each virtual patient is ﬁ1e virtua
patfetts previsiEritiecd iskgammbrc vomas atcyl it depalen radmt amwHalence
wasstiefined as the virtual patients according to their respective
preyalence wei %'uXYhchl{‘ ereﬂqtermine sing the previous .algorithm,.
i wine B S B R o
sUtHk ARyPSEAITS RIS RIPeR & et il it apd Peirmmdnedvesiaecbmprariant glgorithm.
suTRraguaHatatisiiesfandpe-cample o PapHiatan. oMaans, aRtstandakhistics for
de iatiq S a}‘lor %Egnyirtgalh atient o%lé!%tiog dW%reSﬁcalculats a(%ll.sat&:gs:o QJ”& f;[o e
the ?olrowlng pequati ne. [%18?ngf%or gq%% Standard measure, means and -2
staddeieevidiens fardhsapitphldpariems fre talcdraddratesrdipryigion were
theinqnemalencriweights. i Ealsuiating,symmary  statistics for the sample
powdﬁtg]) n, eq%%&vggégggalgdgrlg %Te%‘g’u?e? qu agstl%q sft?}.gégr% \élgflila%fons for the virtual
patients are calculated according to their prevalence weights. In calculating summary
statistics for the sample population, equal weight is given to each patient; for the virtual
patient population, each virtual patient’s contribution to the summary statistic is weighted
by the virtual patient’s prevalence score. For example, for a standard measure my, a mean [
is defined as a function of V virtnal patients, VP;, where j = {1, 2, ... V), having

prevalence weights, prev;, where j = {1,2, ... V), as follows:

¥
ti = 3 (VP;m, * prev,)

Jut
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25 patient population, each virtual patient's contribution to the summary
statistic is weighted by the virtual patient's prevalence score. For
example, for a standard measure mi, a mean pi is defined as a function of
V virtual patients, VPIi, where j = {1, 2, ... V), having prevalence weights,
prevjioMbsisskndl, 2, ... V), as follows: V' Pi =E(VPjm,*prev/) g5 MGhosn03970
2006/084196 PCT/US2006/003970 Similarly, for a standard measure m;,
a standard deviation u2, is defined as a function of V, virtual patients, VPi,
whdrdlpeky(|foz a stapyiaphApRgup ey al sisedardeigriesiopréviis gl e §ifmction of V
V)vagdollovwsiigasts,| VPImM12 *piayg - YYPim=*preyj j=] 25 [001171Vhe  having
means gn% ;s;‘;%%c}itgrdrgve\@gg%ns__ (ﬁ tge pr§valg%§gﬁ ‘¥\éeighted measures for
thgrwr?lugf patient poputation Wer ’cdrh'par)éé to the means and standard
deviations of the real sgf%&:ts. Means andsstandard deviations were
0
et

compared qualitatively; ing)jbiial, theams-co|#7asd Bergampared
quantitatively, for example,/ising a standard t-test. If the match is not

safigfaeipry, theprevalgnee AssiamenkcaR berehaneachly adiualingehQures for

measurem](;:nt weights and/or the threshc?ld \t/}?lue used An %heda%e alence ¢ the
astIGNHFRAL PATBHHIRT D SrEE ST BFEEd MR R TS AR BIgIE AR ©
evedtiatifgetite sivitantynbetwdend deviatiohpatientcpopiriatigpebiad the; raalividual

supjegts &@iﬁ%&%@ﬁﬁ&&&%ﬁﬂ&%& sipianviitiabnatientRARUAHAN If the
is identified., [00118] A further evaluation of the measures of the virtual Siusti
palBR pEh SRR e 8 RERTATIRASIZTEE Fly eb;?;%‘%? néy acjusting

histegsarmsenf theipheasuterfghthénevioll pafientspdpoldtiopamaesal assignment
subjects, 10 gengirissapislagram %9%%}%@%%%@9%&@%& ISimitarity
S

discretized. A histogram for the real subjects is created py counting the

gthe
nuRTBEFB SHFSLBTETS RIMDEE VAR D foret At HiER SR alPRERSCE TR & suitably
distneter rarnge patiehploptingdhe ebutifedas a function, for example, of the

magiyg{ue of ReMeAIIR.ANIAYRTLIRLING WAL AGRAEBL sulation acd the

population is created by summing the prevalences of virtual Patlents_ .
whESe VRIS ot bedttfie e rectaeihissenard dhadramye nlpliting patient
theysptms @saduadtioneior Bxamplae afithe mearfoyaeairth ineasusévalues is

[Ood}éc?cl_t;ﬁé&fw%%tggq% %M@@@gibs%w?%?&gh&e%@gy r&%@ﬁ%@ﬁesml& of real

population and the virtual patient population. Both simple statistics and
distrriERie e Hekenifrciket axsasfall i o rarediftas TpREre AtRISEHA Gt counts
resgmifiedibe siatistiepiand tiskitautians: for fitemeasure. A histogram for the virtual

patient population is created by summing the prevalences of virtual patients whose values
for that measure fall into each discrete range, and plotting the sums as a function, for
example, of the mean value of the measure.

{08119} There was good similarity between the measures for the sample population
and the virtual patient population. Both simple statistics and distributions for the clinical
simulation of the virtual patient population resembled the statistics and distributions for the
real subject population. The virtual patient population was therefore deemed suitable for

| use in prospective simulations of possible fixture clinical trials.

2.  Biomarkers for Insulin Sensitivity

[00120] The goal of this project was to identify an optimal set of simple, non-
invasive, single-point diagnostic tests to serve as a biomarker for assessing insulin

sensitivity, Data for real subjects were obtained from publications including values for two
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real subject population. The virtual patient population was therefore

deemed suitable for use in prospective simulations of possible future

clinical trials. 2. Biomarkers for Insulin Sensitivity [00120] The goal of this
project was to identify an optimal set of simple, non- 30 invasive,
singigdpainidiggnostic tests to serve as a biomarker for assessingrisiid o7
sensitivity. Data for real subjects were obtained from publications

including values for two 32 WO 2006/084196 PCT/11S2006/003970

statiadatd dervsomersasy rdsupasionidioM HoMRUARKICewRn Baicsgistance
Ln%ﬂﬁﬁdﬁ&i@iﬂﬁhﬁ%b_ @@@{aaﬁmmsm%gm@@agmﬂma Imal s Thgudataross-
or the real subjects in ed cross- sectiongl bivariate corrglatio t
e e A e R ST e i T obsares
covititfordaBpthepyheensulinén dErmivedinirriglypatinsalif e fpesinsulinemic-
Lso@ﬂgg@aﬁi& f:izllaﬁﬁ@ -‘;]M}E&uﬁh%a@.&w oS gm&;ér@ﬁi%t&w&{ %@aui&egmaos@
ram.an 0s(r) PhysigLab(r), system; a_sjmilar mechanistic model i

o O T B iy pUBIREAHE . paen
NUFRPIEEC0BIS0BaRRE Fo0L 2einbrtOMEe Bedired for 93 virtual patients.
Theddyirtual %@W&M&!@u@&i%usﬁlﬁ%&@@aﬁ)ﬁﬁ vvmvrsihen?}mtﬁ@tems who
experiment window, j.e.,.those virtual patients who passed the . .
TR At R e PR R Tt B, e poins
thevhollessrettzaritydesd Methbdsefonttate firierdat forithdlvirtoal, petiemsd in the
argfleResPechik MOk AGHID £QrREALIAGARY GRMMEANAMISAY Rscribed in
Patent A%pj}lc,atlon Serial Number 60/637,309 entitled "Assessing Insulin

ReSRFaRC Uiy ISTSHRARET S RTHIER i€ Hisfel “mEBFBb A By PPetSah OB er
in ie/&nizety anliS4D0A22}sTihe Iuirtiial Patieaiscalisith Breabdubiéctehiviere herein
boih.charactarizeadRy measugs:Qf insulin resistance and fasting plasma

glucose and insulin levels, for hyperinsulinemic-euglycemic and

I .
hyB&ArUline MG sl e RS ihasd Mtitreveetehsdg sterized by
caloedateQ Ul Glitdulialues sandeS leldafpriingulifaseasivitsmeab ureslifO0&28]  for

T%?}é@ﬂéd@&ﬁn%é%@&%@%ﬂ&?h@%@?ﬁ%ﬂ;ﬁﬂ%ﬁ%&ﬁ%r&%ﬁ?.bj %E?e(?&gasums

the " 20 virtual patients and assign prevalence weights, it was assume
that e WASAHRER LI Hettlsrr iHEHeFRASH SRR Values
anfhehesfierived meabutethofiinduiny Sensiivitydfidmtthe Sk fall tadjects and the

V“‘W&LB?E@%&EJ‘ g&l%ﬁ %%9&?1%&/ %gel%"{ﬁt;gr\? a%k%h%%t%ﬁg Wl%fe aGl%Q a lnear

assumed that thualstﬂa ts were normally distributed about the linear
reGrEEaGATIREvERY Shet (Rl o SEBIE o TaYerstRBdnERy HEET 98 SBe4Gtraras fiisulin -
to thesiintey afeh Jhetlig-gpprepaate ey ptngsSiRURINBaNS b PRE2RY the real

Ma‘s% %Q{% tl?fa \If\!'Xé E.IPS% ggsl%trll(e)g‘ ﬁ'@ﬁp w%gx%{% agieex{%pﬁf'grseen%%%%ﬁ}}s distributed about the linear
regression line. Thus, it was possible to infer the weighted least squares fit to the data and

the appropriate weightings simultaneously.

{60124} Mathematically, the relationship could be represenied as
P=mx, +Db W ——~exp[(y"~§i)2:‘
2o

where x; are the simulated values for QUICKI, y; are the simulated values for Slcgump, '
represents the linear functional values of QUICKI that best approximate the simulated
vatues for Sleimp, ¢” is the standard deviation, and w, is the prevalence of the virtual patient

i in the virtual patient population. C is a normalization constant for the weights.
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Yi=rnx, +fi 1 RYi-YtY1{ wi=Cexp 2v2 J where xi are the simulated values
for QUICKI, yi are the simulated values for Siclamp, Y represents the

linear functional values of QUICKI that best approximate the simulated 30
values for Siclamp, 02 is the standard deviation, and wi is the prevalence

of thegviriakpatient 1in the virtual patient population. C is a RRH¥MabzalIRRN T
constant for the weights. 33 WO 2006/084196 PCT/US2006/00397(!

[00125] Thus posed, the problem was under-constrained. A penalty term

wad?rdrefore B8 RPIFN RS IRTU s igh rEBdsH RIS B forsAtRE SRl Was
terinrirforeadizs Withdlhemdepasightedodthe-iverghiings deamm areififpuRases with the

i s, Ity for, deyiation frams unifermity. The objective .
fu%}mﬁ%%«dﬂ@%ﬁ{é@ﬁ(@a%ﬁi &lﬁh% ti IR /%’(% VG on from

J, to be minimized to s or the parameters was /1z

ction.
J=FREP Ve ARG S Frnstiey. vfrche Rinimivedrio sobierTor (s nmepeiae ias
and y'i and w'i are as defined liove. [lez% sing the data for the virtual
patients, the equation was 8 ‘ﬁ'%r‘i‘h), B ﬁwr‘a"@jg minimizing J. The
penalty was approximately equal to the sum of squared errors and

yiclGEa N ihEeraesparGithnar st Br tRd Hatireybiaedisbae
litdpiitdng and aRiRZtd 40248960 Homay estithe, slepemefihedinewas retm, b, and

withy 990 nfj ' of the line. through.data from Katz, A.
Ny A S R SR R, R RS R s and

Quistahilineveb)CleratHERE hiwkntsEnsiivitreredkuittditoatsimpié an R” of
acetratelanetn dhton ARseseInBnnSUl RS QRBitivity b})%tumlﬂﬁnée GHBtval of the line
E ri etab 2402-2410. Thus,.without any explicit constraint
fr(r)‘lglrﬁ%t(_‘i1%111 %%%r%& glaét%?’a%ve%ﬁﬂ%g ?g 'fu%%%ﬁ’ f@’tﬁmﬁhéﬁegg\?ﬁﬂ% DA,
patiehrainds fatrenalbhvdeat Goptifativhistalistiosginildrtd thése a simple,
repesieg o mal ﬁubi%ﬁa{%%%]lﬂﬂﬁéf%thﬁdzwiu g@fnrsﬁa@m Ir\]/Ietab 83,
u Igning scnem tatll:l uded a penalty for deviation from the , _ .
cgégegﬁa?ﬁ%\{r? coetticient, 12, oafl?rhg}‘a(ié?la F(S’B%tf%& gﬂ?ﬁat&e SPRTieg datye_visighting
Fxaeroy for &2 (vimmated ¥igeeDoeitala ez ffovaddh@ werehelgsenisiohstatistics

thakailing thseuehuthg datafonthairtual patients was within the 90%

confi ce interval of the line.through the original clinical regression line,
{&Hgi?ﬂ %e methode was ﬁzrﬂger %Ened by u%ing a weighting sgcheme that included a

penalty for deviation from the correlation coefficient, 1%, of the data reported by Katz et al.:

2
Js =Zwi(y,- —y’)2 +aZ(w,- h?};f_—} *i-ﬁ(r’2 "'f‘ﬁ’arz)g

Values of o and B were choseﬁ such that a line through the data for the virtual patients was
within the 90% confidence interval of the line through the original clinical regression Line.

[06128] The robustness of the weighting scheme was testéd as follows. In the
correlation analysis for the hyperinsulinemic-euglycemic clamp simulations, sensitivity to
the weighting scheme was examined by allowing the standard deviation of the kypothesized
Gaussian to increase by as much as 100%. Neither the coefficients for the regression
aﬁa}ysis nbr the goodness of fit was altered when the standard deviation was increased by
50%. When the standard deviation was increased 100%, there was a change in the
magnifudes of the coefficients and deterioration in the goodness of fit of the biomarker, but

there was no change in the signs of the coefficients or the biological components that

provided the optimal fit,
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[00128] The robustness of the weighting scheme was tested as follows, In
the correlation analysis for the hyperinsulinemic-euglycemic clamp
simulations, sensitivity to the weighting scheme was examined by

allowing the standard deviation of the hypothesized 25 Gaussian to
incrggsaasmuch as 100%. Neither the coefficients for the fegressiakem,
analysis nor the goodness of fit was altered when the standard deviation

was increased by 50%. When the standard deviation was increased

10024 2¢%here wasachhmgeoihithe tnagoitucesrof the doetficienty andimizing the
delsaiaraiond e a90d0ess: ol ihof N1e HIOALKED B! ANCLENAROdrevalence
change in the signs of the coefficients or the biological components that
305TEVERY FE O AIFRAPTE 34 WO 2006/084196 PCT/US2006/003970

[00129] The goodness-of-fit of the twg measures was determined by
minimizing the weighted coeffiqgelgj 0 t@frtﬁ%ﬂgz g; %.e., the weighted
r2), R'2 using the prevalence weightetitaver as'fallows: Z

~Wf(xi-XAYi-Y)~ R,ZNA(x;'Xl 6-1 --YSt2 ) YN't(Y.-Y)2 ( _{~1Zx4(Yt-Y
yi-Y)~ lwi6'i-Y)J wit i- f 5 where xrafe the-gpmulated values for QUCKI, y;

are the simulated values for Slclam EI frepresent the linear functional

values of QUICKI that best approximai®, tHé sihutated . values for Siclamp,
and w; is the relative prevalence of fhe(sirtwa] lenti the population,
and x=~ wixi Y, W,Yi 10 [00130] Accordingly, the weighting scheme

defingd by.winesATSIonedi0:IRE Wikl 1935&%%% QAeHRe MR Stoyny, v
patient population. 3. Characterization of e 2 Diabetes patients using a
cIiﬁ?Eﬁs‘c’:%le?]é@eaﬁrS‘EBE“b‘frtéo‘i%&‘]sT‘ﬁe%gﬁ%f s 7 SRR REE R i fntify v lated

anehthafactdtize subpopulbtionsiof b/ dype 2habetics astbuejr dsemtpulation,
theppy appropriately by selecting extant virtual patients and then building
additional virtual patients. Data for real subjects were obtained from a

[06130] Accordingly, the weighting scheme defined by w; was assigned to the virtual
paiients to define a virtual patient population.

3.  Charaeterization of Type 2 Diabetes patients using a clinical challenge
protocol

[00131] The goal of this project was to identify and characterize subpopulations of
Type 2 Diabetics and represent them appropriately by selecting extant virtual patients and
then building additional virtual patients. Data for real subjects were obiained from a
proprietary clindcal study involving an Oral Glucose Tolerance Test (OGTT) challenge.
The data for the real subjects included multivatate dynamic profile response data
describing glucose and insulin levels before and after oral glucose challenge. Virtual
measures for virtual patients were acquired from an Entelos® PhysioLab® system; a similar
mechanistic model is described in co-pending U.S. patent application bearing publication
number 2003/0038245. Eight virtual patients were used initially, twenty-five additional
virtual patients were created to represent biological variation within clusters of real subjects.
[60132} The data for the real subjects were analyzed to identify subpopulations.
First, data that were derived at fixed times following OGTT challenge were used to
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proprietary clinical study involving an Oral Glucose Tolerance Test

(OGTT) challenge. The data for the real subjects included multivariate
dynamic profile response data describing glucose and insulin levels

before and after oral glucose challenge. Virtual 20 measures for virtual
patigisess agquired from an Entelosna PhysioLab(r) systegpya;siipilafono
mechanistic model is described in co-pending U.S. patent application

bearing publication number 2003/0058245. Eight virtual patients were
usedhiprttaiynstvwedity iy edikdifio nkvhapiitu a¢spatiensofilere Brahteditets were then

represet Rirodicsl varationwithin.cldstenssafreaatavRie s JOM32k TR onse
data ggr the real subjects we(rle anaalc%z d to.identify subpopulations. Zg 15
FirZE Tt & A ARWRPER G SRR Bt e HHES oIBHT i BT EREERYaEr! for

usthd teal 3HMG. 2TD6E/OB 4119 6cR e SROO6I0639 ZBndindrelotenizingl gathms and
regauhiechs dyRanRIG JERRANIE: RERHIE. RRAlSIabigets were then

clystered into groups.. Eachoégroup_included real subjects having similar

dyHAMTE resporie SBRGIHES Uit ThE ProHEEsn iRt tk VAt Fvaluated by
dysranpicingsponsktiprufites pbsenved forathegepdtsubjectsh Theteeal real subjects.

SURIRCISYEES, HOM @&%@Wg@@ﬁuﬁﬁ%ﬁmmyﬂ% #%eRier of mass or

statistica] measures of distance in the multivariate vector space. [00133]

THE AP P S A R RO T B e P 5 S R e DTt gt was
conigpaifiag eaq:heoﬁiﬂpécadﬂqtuﬁiqﬂati&mtsﬂm?hm&mﬁgﬁ patieditieedehqualitatively
C'%‘iﬁﬁ;ﬂiﬁgﬂﬁe%@ﬁ%ﬁﬁvé@%? VGG PRlRA fara, 915&%&3{3&%9&%8 o the OGTT

determined, for example, as the center of mass or centroid for thé values

of HE TG raeBstHEYePibje e Bifstisht Avlaristierayasiened o 2
identified as [Hoenofypicaliyestimilpnlaian ayversgespatenlitha elpsieidditrs. The
quglitat 10Q.th > ] T.curves.of each virtual pafient. after a
o g Tl o i BB B B B B e
of R eRmhthrtbarpedibitsivas aetpsietlvgecdcioperisaly 8oty be fpopulation
pailentpepsiation wassapresented by the eight clusters. The choices

w ified by re-clystering the virtual patients along with the .origjnal
o 15 e el T b A o e A SR o e
appiopfiate Rt withswhisde phrspladiiphethiasiaerakith & 1orves rasient was matched.
[0Gb34kAnpre vlenaevyRiaht Wassassigned Jeseachviduapatisnthasgdubects,

on Q&E&?ﬁogéi%ﬁt%&fa'ss%“bégcés obsgrved '&%F&'“%FBH WOIEH 1% ¢ sample
virtual patient was ma ched ™ “Edr Xample, it aXirttat patient is"assigned
to erewlafien.that holds 25% of the real subjects, 20 that virtual patient was

aSﬁiﬂI@_ﬂ a prewﬁée%mﬂﬁgigh&@g%ﬁa&ﬂtﬁ&paé%@wﬁe &m@&eexplore biological
poeulggon. 0913 The resultily%g wrtualg)cg%ent %pﬁglon was used tg
expiore BId IS CHEY AFSHEHO AT RRAGheA SOt Yo B Globg e for cach response
differemce sidegiagofypeichoirehohingsponsemple pathophysiologies and dynamic
mechanisms, were identified as possibly accounting for the particular response profiles
observed. Virtual patients having features that span that uncertainty space were created and
virtual measures including values of their response variables were acquired. The virtual
patients were validated to ensure they are reasonable representations of human diabetics.
The virtual patients were then challenged with the same OGTT protocol and the set of
virtual measures were then used to assign the original virtual patients to phenotypic clusters
as described previously. The assignment of a virtual patient to a cluster as expected

provided support for the assumptions made in creating the virtual patient. In this way, the
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~ feature, underlying features,'including for example pathophysiologies and

dynamic 25 mechanisms, were identified as possibly accounting for the
particular response profiles observed. Virtual patients having features that
span that uncertainty space were created and virtual measures including
valugg;afishgissgsponse variables were acquired. The virtual Ratigseo03070
were validated to ensure they are reasonable representations of human
diabetics. The virtual patients were then challenged with the same OGTT

préwaest ard hessesoP8thvimarmisas dredvgeie tiverriided o dssigrmieatients
origjaﬂlaéirgy&abﬁatients to phenotypic clusters as described previously.

The a55|gnm ofathu at to a clust rase vided .
support for’ thj@%‘%ﬁ@’ oY OE' cgr(}aga %gl ewﬁtgiﬁcp |en?°$n° jiterature
way, the 36 06/084196 PCT/II82006/003970 impact and

roljeostdgss of ttta;@sawﬂtmtﬂtﬂsj teadmgd@dlhadmkdamt@fgthwwtpaim population

pa&ﬁﬁt§ &4 ?Ldkng G go ésﬁ%%%r e Izaté%r%gpéﬁ?%e goa ]fctPI en%t%gs and

Epidemiological Lit ture N III
préj R4S @a%%raté:aﬁﬂemﬁ g tienal m@tw%@hwaéhtwht@téwme the

duaib@mﬁtp@mdaﬂom usiagibethaphaopemanhicandimeliabelitere obtained from a

phe t 0, rowd d|r for o ional.virtual. .
pa}t)le(?éi opu E|’oené ure&fﬁm&vers{l?a?}?ererﬁg ﬁtna Fear diapetie mn Survey
POPUTORS [&étaw&u?@él %@mjé%% WdEb %tam@aerﬁbm for plarbliely sabisittsblesluded

d a&aﬁa&ecatﬁbnaﬁﬁlttdaﬁa&ieml lhtgaatﬁgammtti%aﬁﬁami&%mh %Myfasﬁgatety
E%J onducted fro nfil. 1 94) The data for the re rea

ubjects inc ﬁl ey c‘?’cl)gsrgcéc |onaI mu‘#varla (lia%a SERTNG oV 305360@“056
mé‘agtﬂf@ﬂ aralsles Th appravineaceljors3, 000tabivideals, (itivireslitsterts were
blogghiestingmhadsheRmp oo, Hadgiahgurase olaranes ﬁ&éas(%mnbea

in adults o rfoz} Virtual me ures for virtual patients were_ acq
P

froth an Enteies PATBLABE §§§fgm e%f}ﬁﬁap HERisHETRBE L@%?/gmd‘%z
de&@ﬂé@tﬁ&%%%@%@ﬁﬂ?ﬁ@ @@WQM@ﬁéhcatlons bearing publication

nupmbers 2003/@&%&6&%&%@%4@9%@@9@%& 22 @dal measures acquired
20 3/010447 001371 Data obtajned from the NHANES Survey Data

anttVv rtuatwes ttt*‘&sgteaﬁt%ap%%dlasf\?ﬂtﬁaﬁﬁéﬁ@ﬁtgmP@S&Bmwa%@c?téeﬂms
identifinem tappropriatebtescriptchsetivfdepaticas. chivmwon: tofthleo@aksting, body

Sugiﬁfﬁ@sﬁﬁg tzt}ﬂ M}EI %ﬁ%'&%&%y E%?&Flﬁ qufﬁss&%g fmgg of particular

composition, and oral glucose tolerance tests (OGTT) in adult$ over forty

wePeEBFharkiliar shossehs tigisrn vapbles the #hiee %ﬁéﬁté@tﬁat%%ﬂws
selBatedvioiabbe xithe dnatysisredinedeevariablesraxisims for kiathbrealnd virtual

Sui?é%ﬁs'@lﬁﬁﬁa{!&"ﬁl\lﬁesc&ﬂhﬁ%@*%ﬁé 2N MRl %%%E%Fes':"é“é"ﬁﬁ%%%yfé%e of

computer model. Some of the variables describe the feature of
fasting, some describe the featwre of OGTT, and some describe the feature of body

composition..
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fasting, some describe the feature of OGTT, and some describe the

feature of body 25 composition.. 37 WO 2006/084196
PCTIUS2006/003970 Table 1. Variables used for both real subjects and
virtual patients, defining features common to the real subjects and the
virtuglpatienisescerides (mg/dL) moglobin (%) ose (mg/dL) weendsiRKinozero
and second draw Fu ptide (pmol/mL) in (uU/mL) index ss - estimated

from BIA (Ibs) FatM Fat mass - estimated from BIA (Ibs) SMM Skeletal
muscle massTabktimateiibiomssl foflbsh Gilisrissts mérerrehraligitfcose
response to GESTRFEIE) crgRiasy Trrrerhebistiiadiboseyshaliws
OGTT (uU/m . - Incremental-C-peptide-responseto-OGT+F,
(pmol/mL) 5 [00A%H ot all rBE&BRCts in the database were included in
this study. Ratlerra sample papulatigncefida4diatiatics was identified
using real subjects-having-selfzreported—fastir aterthan-75tour
and a valid OGT. [00139] Thy clia Memealoohs (1oF - hitteen variabled for
the 354 real subjetts and thePlausdresicdatiéts were first characterized

by simple staliggeeTiRgiuding theweesistandandnkQsewiadtarn, and range.
Each value fd } i :
and variance of he (by subt%&fﬁgcfﬁg)?ggﬁ%%iﬁlejof the variable and

dividing by itg $t&ndard deyigtom).ifshEvalliéstibr the real subjects and

the virtual patiegfg;were st ﬂgi(%gijﬁ%g 1Diemeans and variances for the
real subjects.|Assaociations between haseline metabolic and

anthropometriciBYables werb2HBssited TSRS S5 AN correlation
analysis. [00148L#Asprincipal carpenepitanabysivgPRIA)(Ivas performed on

raal cnihiacteifar.tho- 1.2 vasiablee-Tha-DEA -l Ll
data from the g gHblects ol e, 3 RleRIRe TSRS W weR TR
dimensionality of the descriptor space

R

GlucResp Incremental ghacose response to OGTT (mg/dL)
InsResp Incremental insulin response to OGTT (ulJ/mL)
CPepResp Incremental C-peptide response to OGTT
(pmol/mL)
[00138] Not all real subjects in the database were included in this study. Rather a

sample population of 354 diabetics was identified, using real subjects having self-reported
fasting greater than 7.5 hours and a valid OGTT.
[60139] The values of each of the thirteen variables for the 354 real subjects and the
145 virtual patients were first characterized by simple statistics including the mean, standard
deviation, and range. Each value for each vatiable was standardized to have a mean of zero
and variance of one (by subtracting the mean value of the variable and dividing by its
standard deviation). The values for the real subjects and the virtual patients were
standardized to the means and variances for the real subjects. Associations between
baseline metabolic and anthropometric variables were determined using Spearman
correlation analysis.
100140} A principal component analysis (PCA) was performed on data from the real
subjects for the 13 variables. The PCA reduced the dimensionality of the descriptor space
with an appropriate combination of independent variables accounting for correlations within

the independent variable vectors. Reducing the dimension of the space is an essential step
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with an appropriate combination of independent variables accounting for
correlations within the independent variable vectors. Reducing the
dimension of the space is an essential step 38 WO 2006/084196
PCT/US2006/003970 in the data analysis as it allows for both a graphical

~ sunwoanp@fslarge multivariate data sets and establishes the stependanegsr

of the variance on autocorrelated independent variables. The principle

C t unting,for the larges s of the v, nance
F%%Qﬁpa %n%%‘;?s as C}t gllf E] ’Io 9§ @rs fa 5 gﬁ?@ﬁ%r {JL F 1Var: te data sets

ues were selecte for ?ﬁr er ana alser criterion
(| andrgiishlishes Benssprmdensewhltbeinirmsies grienardhian biipaieyediobles.

detaerpinieithe ﬁﬂﬁf@ﬁﬂ@t@cﬁmﬁi@mgth@eﬂﬂ%dﬁﬂﬁ@@ﬂﬁ@%@aﬂ@ thighe values

C the four, lar rinci Ico onents. ex d71% of the
vZﬁ%ﬁch%ae% sg t%é% %%uctlgﬁ Was Tofa H5iH8en mensfo?fst%ofb&re retain all

[0GABRIENE CHEitarpaggaTa R heesat B rtthar ohalarhvrelx trothitiomina sutheppropriate

periesmashintestishadstedstcalmagdetand dedimensienalstale sRakfonents
desc |b|ng J]'tge r(él |onsh eaarlndosoghltot e \éanableg The I]‘tactor analysis

pI’O\P de a rotated prncipa componenff FRRH DRGSR dRERsions to four.
cotiffdhbnt and dastwringseetiibientthagisaclatadaorttriconel dttoperformed to
cogffisinnt RatifRhEN8IENIR @d@@e&gﬁgﬁéewm JUQlyGREdR SEATAGhip among
co&fflmegb ofo,ﬁ\;SlfJn PC4 neans that 30. 40/ OO*O 5512) of the

variance in serum trig S’/Icaénréi1 &8 B ?eas&‘)ﬁ%é ﬁﬁﬂaélﬁ%{PWprﬁ%arﬁWﬂgmal
13 [Fom4DIonmefignterd aseoshpwnibelontmtTableta @ biotogitelhn coefficient, R,

megningiylidl nﬁeﬂl'{%t?émev,yé’&g E@rﬁ@%&fm@gogfﬁa%f 0.551 in PC4 means
eo aE)cazne 5%?)(?*8 ;or factors Factors 1 and 4 were most heavily

ence circl a‘ﬁ'}easmﬁv’rﬁleefﬁﬁé% FORHErS IS FERES YR in Principal
he%nniy_qnﬁmelnce by _body composition. 20 Table 2. Factors, scoring
cogifiggnts, ang,vagances.vifiwariaples gontibuting K‘%%IQSQM ge }Reamngful

each factor underlined. Variable Factorl Factor2 Factor3 Factor4

trifESRHEE T EO ST 3 B BeY A B RSP O RS GRSBIn{-roD (b ghecior).
-0fe6019.091d FManﬂtasmayghmeﬁeaﬂ)lgB&x&ﬂ)ﬁﬁgQ?ﬁdﬂﬁ 130k MABOHES and 3

behween, driRk.an 9 gé]p%sjﬂi.‘)%36 -0.030 0.151 asting Serum
C-peptide -0.06 O 090 asting Serum insulin -0.077 0.145

-0.015 Oﬁ% mass |ndex 0 037 0 426 -0.026 -0.176 Incremental

glucose Irﬁeos cf’ﬁ“% Cﬁg %1 BEEE 8 et nting

response to BPZag o) ﬁ%ndﬁ 80'0.182
Variable Factor1{Factor2fFactor3{Factor4|
Serum triglycerides -0.005]-0.203] 0.069 | 0.523
Glycated hemoglobin 0.270 § 0.028 1-0.061} 0.001
Fasting Plasma glucose 0,231 1 0.006 |-0.040] 0.139
Minutes between drink and second draw 0.013 |-0.0361-0.030] 0.151
Fasting Serum C-peptide ~0.066] 0.090 ]-0.021 | 0416 |
Fasting Serum insulin -0.077} 0.145 |-0.015 | 0.338
Body mass index 0.037 | 0,426 |-0.026] -0.176
Incremental glucose response to OGTT 0.166 |-0.0161-0.228} 0.116

Incremental insulin response to OGTT -0.264| 0.023 §-0.0601} 0.182

Incremental C-peptide response to OGTT  [-0.2891-0.031}-0.039{ 0.074
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Incremental C-peptide response to OGTT -0.289 -0.031 -0.039 0.074 39
WO 2006/084196 PCT/US2006/003970 Fat free mass 0.004 -0.001
0.446 -0,030 Fat mass 0.049 0.469 -0.098 -0.237 Skeletal muscle mass
-0.005 -0.128 0.495 0.036 Total variance 23.8 19.4 16.2 11.8 %

CUM‘J@Q‘Q&@& variance 23.843.259471.1 [00143] PrinCipﬁET/Uszﬂﬂﬁm(}Bg»yO
component-based factor values were calculated for each real subject and

each vTWtionshirc' in-otherwards.the-values
for each®5 &4 &0bject and virtual patient S 0ONE d%@%}i)b%%% the

scoringreeeffisients and combining them sa that¢Hay4eoyld besexpressed

and plc eeHA-teRRSfarexarpte-—af-aairwise-e o H?ﬁgﬂ'ly
defined ficiore- as SAGWn in FIG. 9. The pldis reve il
patient ;. folbady msasq - jardbably
because

WEki *@;&‘W‘e
conver ponveried valpes forithe
real subjects was evaluated as follows. First, a genetic optimization
algorithm was implemented in MatLab to minimize an objective function
t includes the difference between the variance matrices and means of
OO subje LPSRE (BB e Tt B Pt TE GRS oath g
thHatfigitcodandncetwsa s untibeto it Bidutdvmine swedyhesdo finealketulgr cach
patienis;Recandisiangardisiaistical anRr e3chesWerecUssao demifints and
OU%S"A% atistical a{zglroach n collagsedthe informfgtiog to th§ radial le. of
diSTAREE R sgitha %‘ﬁ&‘f@% Sr& BT SBISRIVE D Brigihgy ©OF example, o
depeniie neatimationd afdhe Thekelthed fptosc hesweréndidt @d Byealots revealed
C%&p@@ﬁ%ﬁ g QQ@%@%&‘%&I melnes aegpy,t-xaéﬁ?gn@ 618 SHAEL 1O probably
ao%?fltlonal data for real subjects (described in more detail below). 20
[OWTAEF THY RIS UIEH TR distance (e.g. the Mahalanobis distance) from
ed@H4dirtual pébieritdatie senteoithottheeréal pdmsl&tiondn thewkeguiicetland the
4-dimensiopalspace Was.sRlcHated waince dhgcenirojdintibe mak a4 genetic

population is the origin (because all Factor variables were standardized to

hAPEXAHIARAISPTERS SRt SRiFRErE R AHA P SREImiRR 2R/ ARRETATTJhRtion that
distdnde Zibakfcdssimphytioe %edim‘ﬁnséanaitﬁeﬁcﬁnﬂa{mdiﬁtaﬁdm _:zm @@@5 and
SRR rarlotaE %@&éﬁ{s? 2 FRACIRZ ARG v INEFRYIA AIRIANEEK 1o

from the origin. [00146] A four-dimensional probability density function
(Al mies qederbifty Bstats MfRne Hgwie rtailite oy 4Re0atiyg were
thaiealtdimrensiengdiare nosmadlicalfbproach can collapse the information to the radial

distance in an N-dimensional sphere, but is sensitive to angular dependence in the data,

These two approaches were graded by a combination of a goodnessudf—ﬁt metrics and out-
of-sample testing to additional data for real subjects (described in more detail below).
[00145] Third, the statistical distance (e.g. the Mahalanobis distance) from each
virtual patient to the centroid of the real population in the reduced 4-dimensional space was
calculated.  Since fhe centroid of the real population is the origin (because all Factor
variables were standardized to have a mean of zero and standard deviation of one), the
Mahalanobis . distance Zryug is simply the 4-dimensional Euclidian distance, Zrom =
SQRT(Factorf + Factor,” + Factors® + Factory®), i.e., the radial distance from the origin.
[00145] A four-dimensional probability density function (4D-PDF) des-cn'bing

distance from the origin was obtained by assuming that all dimensions are normally
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WO 2006/084196 PCT/US2006/003970 distributed. The 4D-PDF is equal
to 1/2 * ZTOtal3*EXP(-Zmj2/2). A sphere centered on the origin could
then be defined as encompassing an expected proportion of the
population. For example, as shown in FIG. 10, spheres encompassing

10%y 828 @at¢7 5% of the subjects or virtual patients can be,gdefined ang -,
shown relative to the actual observations, permitting 5 ready identification

of subjects or patients falling outside the probablllty I|m|t [00147] As
shéwrta Ghe f&ﬁ@%t’ﬁtﬁﬂi@h@léﬁn@asﬂ IS GTrman3lizédsbere centered on the

hlﬁﬁgfﬁi@@@!ﬂ%@%ﬂ&ﬂﬁ&l m ﬁ%@%&}é@@ﬂ%&%ﬁ&ﬁ%ﬁﬂ&l@bmmn For
patlent opul ions %Y were obtained b g% glatln

summary hlsstograrlﬁs ta Sf cat distancs were et tgesc("fSF%%'ﬁbB’fm o
therewl satjeistsaart ssfnehraze ghoyhistograrts tE0ef061 48}dksiliustrpdedtting

in &@ﬁda&m&&@m@mméﬁ@I@ﬂtﬁg@%@%@l&@%ﬁ%@@fimww
#1) %;Esed n its com athsIo(£ ?ran individual gﬁﬁou of individuals
e B bR AL TRt SR marized
patisheweas aistainpiddy m@ta@h&m&nﬁv@tﬁmﬂmnpw bsingtithaé pﬂﬂmﬁlpopuiatmns
Dattﬁﬂiﬂ@ﬁ&%@a&t%%éﬁﬁﬁ1H@$O§Qﬁagftﬂ$sﬁﬁaf?fﬁx Ofs%hstmal distance

individual vi ﬁ‘f‘f \%{Jent en determined as the ratio between the 4D

|5 B i A arhie R s iR PR R tevesms
préWEdsit, it reeelﬂbxstaltdéweﬂﬁélgﬂﬁtm@ dhoh vicedersay BB, @& shogusdtiresach
n%m%%&ﬁ&&%@é@%%%@%%%‘&y@ aH%'&WdﬁQPE&P %&% tgfq?ﬁirf?&!als within the

subjects, and weight applied to each thuailfs)atlent 49] These

m RS RBRHPTo QUERBRPHNE B &pckdndsy gﬂéﬁaﬂaﬁw@%ﬁﬁ’fﬁﬁﬁawma%ég first
of thewmxigtithy ¥tRFpatientpoptilatioaiearn pariddd ﬁiﬁaﬂaélm&oﬁﬁ"lmgeﬁl The

?ﬂ&%ﬁ%ncg9f\%hﬁéwla%a\/?nﬁ&%éﬁ&%%?&%ﬁ%&?@é% ey % awe%n the 4D-

ent populatlon has over represented the virtual patient and so it is

as‘s’ S & ice e &8 EﬁeVI’@Hh\?éF%NNW%FF]m@W%Pi received a
ledswhandiapidp sRDFHcdhervirt - pafieht po phd atinnaias prevalence of each virtual

unglerrenres &Qé&%%‘%!?f %@M&\gé&# 5 ﬁ%ﬁor S8 %RrE Pﬁen‘%e

gréater than one Fion lon of

ectivecri
priHGH comp“élf*f‘éﬁtglféhﬂweeféﬁfda CBETHE pbp aratrrig e agder-sampling
desisibed ty thrdmrianee pithe ngivitdualovanalies HdnBud@ibr the real subjects.

theﬁ;géﬁlg}e@p%g%ess of it %etrl%fo!iéh&\ﬁeltghtl%sich%?es iS t (f*l lﬂggyover_,r

erence etwe e variance-covariance matrl es 10r V

thapiteratdahie miuahertiens wduvestisragsieredp sudjdense Risisthan one Conversely

goadaeseOffit-pstricsi, ﬁegye@@ﬁtaﬂebwl?ﬁsu réns HitaM Prled(E)0Butheldd has
) 391 (f m(xEREs?nT Wh%r&EET’ are the varl nce-c varlance atrices
of fie Virtua pati ént a ion ansd”t ISéar%1 6]%%’?’3 P ep%c%lv{—:' e

[00158] The obgectzve criterion for the selectzon of principal components is to
reproduce the population variance as deseribed by the variance of the individual variables.
Thus, an appropriate goodness-of-fit metric for the weighting schemes is to guantify the
difference between the variance-covariance matrices for values for the virtual patients and

the values for the real subjects. This goodness-of-fit mettic i%represented by
tr(Eyp ~Zp)Epp —Zp)")
tr(ZpZy’ )

Measure =

where Zyp and Iy are the variance-covariance matrices of the virtual patient population and

the real subjects, respectively.
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WO 2006/084196 PCT/US2006/003970 [00151] For the collection of
unweighted virtual patients, this goodness-of-fit measure was 0.670,
indicating relatively high difference. For the virtual patient population
(including virtual patients according to their prevalence weights) and using

a stafistical,approach, this goodness-of-fit measure was 0.48p,jndicating -
less of a difference. Thus, the 5 virtual patient population better resembled

the sample population than the simple collection of virtual patients.
[00MHSLIThe inbentieh eplisdivof thevfurridundl vperhtivtisotie st apddngsisof-fit
Sp@@:@lﬁﬁ&ﬁ@ﬁ}; cay (D%Hﬁ@dﬁ@ﬂﬁﬁ%lw@ﬁf%ﬁ@equ& 'cﬁcd«}gﬂﬁh g_mﬁpﬁgﬁulation
CI:@E&% or{,%ag)mgyt%r %ocfg\év re, fir gvare, OE hardwaret, |ncl(¥ |nlg the . .
StrictUral aans deciosed H e 1b'esE dReABR° akd St Gl afsine & statistical
eciviaRsht b epediesrahtonsimativrsOatsth endicttre hesserftiotificsandoe Thus, the

implenaenias sin:aRe RN AR SBMPIEL RIS AR RIRIYELS the s BRE Hilection
more. com yter programs tangibly embodied in an information carrier,

ot virfual pafients. . . .
e.g., ina Sfife-readable storage device or in a propagated signal, for
exd8l#idin by, dhto sueniontradpdratdrilef, fdetaplocessingapiearndbed, in this
€. Gpe A RIPAIRMADIGIERERRE0 M HEONBHIR L1 MRS Jo.COMPURISHA or in
corgfgut%r pr%%ram galso known as a program, software, software

R R B
lanprsdliratimolod mgaes pited denintbeprefed langubigesoand ihean Bie: invention
deplpyrd iR IREIUAING: %&SE@%@L@ o REQDTARLQLAS é: BRdYle ore

component, subroutine, or other unit sujtable for use infa computin

envIPBTHRERC S S0 MADRIESY BROGHTH B GBSRFHERe Seaidty %r@%mﬁﬂfﬁeﬁdm
fileioe 20 dorogramrcambpagtorbdignad fortésecaion ble that koltislothesperation of,
pregrams Qr inasinge fil ' ram | tion, or...

in multlgp}iéeG cg%%?ar?ated fifes%é.gg., %E%%\ﬁaﬁtggzgr%}gggléegog’ra?{hngfgmﬁﬁgejhIgrs,]gmﬁple
U BPEGTENTS ORI SIS GG I ¥B AR RSB g Falim B ns Dl ars sieRisation,
to deced@cute dontie dormputear dnprpthipleicenapsiess atdnBusiteoapiled or
disri iple sj nterca ted by.a municatio
e S T B e 8 lone
SPECHERIGh, A& FEAEIEh SORRIPEG SIEPRUERen bRt BRIt capiaile for use in a
pesterpnsak ki anennnin eERGaHIvRRIe (HRGRSF0EEseNBUMIRGORE 10k fle. A
MOSCOMANIE! RIRITAMSIBIOMIISHaNS OIS INEUONBY, . ¢ ncte e
operating on input data and generating output. The, processes an’dr“oglc
flotdicatpf disthprrogsrolirfegsByn aprdappditate soerdinatsd i ericrec dHepdhat store
im@{ememtﬁélﬁSdﬁﬁﬁdﬂL-@wgﬁﬁﬁ,|@Q(E§o(§§laﬂiif6ﬂ%ﬁe)$-% ?@nﬁﬁ&'ﬁr@%ﬂm can be
pragram e gate ayray) or an ASIC (application-specific integrated,. .
i e e G e R R e R
prégeafinHERle sasyniaytesbaeanple; benhgenicrtband epécial purpose
MIEBE)CESSOTHe AR ANY ARNE 1BEIQESs described in this specification, including the

method steps of the invention, can be performed by one or more programmable processors

executing one or more computer programs to perform functions of the invention by
operating on iuput data and generating output. The processes and logic flows can also be
performed by, and apparatus of the invention can be implemented as, special purpose logic
circuitry, e.g., an FPGA (field programmable gate array) or an ASIC (application-specific
integrated circuit).

[09154] Processors suitable for the execution of a computer program inciude, by way

of example, both general and special purpose microprocessors, and any one or more
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42 WO 2006/084196 PCT/U52006/003970 processors of any kind of

digital computer. Generally, a processor will receive instructions and data
from a read-only memory or a random access memory or both. The

essential elements of a computer are a processor for executing
instrerctionsandsone or more memory devices for storing instpagtignsiandore
data. Generally, a computer will also include, or be 5 operatively coupled

to receive da%a from or transfer data to, or both, one or more mass . ,
stéFage devicé %%WS?S?iﬁ&%f&?@?ﬁ?’n%ﬁﬁ&ﬂ% FrAgTEter SpticetagRRs Biotions
opticaflelsiom| pformiatibnoamer s uitableforembaodying carbpiiterThe essential
PregrangtusHianaARd A3l ngies U arms.atnenolRtle MEMON memory

includin % way of example semiconductor memory devices, e.g.,

Eﬁﬁé’dff%z?, %W?%fwaéﬂﬁﬁ&%ry%m@& hisgRetiE Bidkalsa gelude, or be
intargrati tyherebtlis ks mcmwatﬁexﬂisksmmﬁgmw-mpﬁcaiodismb amdnore mass
CLrREMeRELYIP-RAM disks. The pragessorand the m %Efs‘@s{yog?%@c%l disks.

supplemented by, or incorporated in, Special purpose |ogic circuitry.

[0O BB HETIEE Tor AN L SO Withe SRR BB AR ¢ignssed data include
implelmented omaokdtapubentyavindng 3l ayagdeieeept: sanididdductor memory
(Cﬂm%g By tﬂpﬁbﬁf, !E%Q{@M;J!Q& %’%&iﬂl‘&étg dls&%:laggsgnrr?st] Itﬁ% i’cf isks, e.g., internal
displaying information to the user an ake B ard and a ointing dgéw&é,
e.B?f%%g%%feT?}P%i"" thae KIS ARSI ke E{@éﬁé@ﬁﬁ Pro¥idd mguP 1a &M disks.
cofhpyteres@iher kindsobteutes sanibe dserbio pravidefakdteraetinipurpose
with.a. usel;as well; for example, feedback provided to the user can be

anly orm of sensory feedback, e.g., visual feedback, auditory feedback,

or 9AfR feedbieRTgHl faptmsHrmE livereathpinvariapeanine dopmented on a
fomﬁm@ﬂ@:ﬂi@@@o&;ﬁﬂ@ym@@m@c tactle i@%qabq@%%&@ﬂ:emi inyBntigRid crystal
c emented in a computing system that includes.a back-e -
csér#go#;r%?gq.{g? g)sr éﬂ 8%%%%#\%?{%% %%?nc fdes AhidaRaTS Sl poiaing
cOtRpEhert,: & groushoapptiedheh ssrvdiclofhataneiudeyddrontidndhe computer.
CoDTRANERs &g dAisHeBiComMEL i aMnEl g aRbiGRLYSpIiNteriREQ 0GR for
ng r?é”%%a%@%%“p%‘w"é{@ﬁ@ g user can {jnterac with an 25 ir% lementation, |
of thé Mvention. Or any comibimation oFsuch Ak et SRRTY SRS o 8- Visua

frdftdeadkcodivonidrndarihecentifofeeditacht thé igpatémmctn ter can be received in

inmﬂﬁﬂ@g;gg@ygq%memiﬁgcmgﬂj&m@fngigjtal data communication,

e.g?egs mmunjcation rtletworkb Exarggles %5/ communication network,s _

indlud a local ared a8k LA NPP AR iFe ar¥EPRERR SPRism g g cludes
e.§ackhendntermened ¢Q0 1S 7] dRkescomputithgt sydtem canddiciude alieptsert, ¢.g.,

ang %ﬁ%ﬁoﬁ\sg}%ﬁto@%ﬁﬁéﬁﬂw%%&@-@ﬁ&ﬂ!&fnﬁ%ﬂéﬁ@?e%?'&‘cﬁ@ffﬂ%%%‘%er having

and t iﬁ;al interact through a communication network. The relationship
of ALY SRRSOy ViFUQTST SO iEiatE JHiGafriger cmn meract with an

implementation of the invention, or any combination of such back-end, middleware, or
front-end components. The compomnents of the system can be interconnected by any form or
medium of digital data communication, e.g., a communication network. Examples of
communication networks include a local area network (“LAN™) and a wide arvea network
(“WAN™), e.g., the Internet.

[00157] The computing system can include clients and servers. A client and server
are generally remote from each other and typically imteract through a comumunication
network. The relationship of client and server arises by virtue of computer programs

running on the respective computers and having a client-server relationship to each other.
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running on the respective computers and having a client-server

relationship to each other. 43 WO 2006/084196 PCT/US2006/003970

[001581 The invention has been described in terms of particular
embodiments. Other embodiments are within the scope of the following
claims,EQf:gxample, the steps of the invention can be performed,in.a. o070
different order and still achieve desirable results. 44 MCSLLP Claims: 1 A
computer-based method for defining a virtual patient population

condgiizfhg: obtaminpeiidatusbemditafbedcmohrof nflﬂﬁml@:}zeahﬂwki}emmther
2 SgRlER-RORLIAHAR, ARIMEIRG,PRE A IDRIS ViIHA %@%&%f%@&@ﬁ £ the

twa or more qutuaI atients; luating Slml|al‘ltY between the Vvirtual

A tBHE SRS PEL BB A s AT o L O PR SR B HAEFHOY at
least two of the real subjects and a subset of the virtual measures for at
least two of the virtual patients, 10 each subset characterizing one or
more features common to the at least two real subjects and the at least
two virtual patients; assigning a prevalence to each virtual patient based
on the evaluation; defining the virtual patient population as the two or
more virtual patients according to their respective prevalences. 15 2. The
computer-based method of claim 1, wherein the subset is all of the virtual
measures or all of the data. 3. The computer-based method of claim 1,
further comprising: associating a datum or data for each of the multiple
real subjects with one or more of the virtual measures for each of the
virtual patients to identify 20 features common to the virtual patients and
the real subjects. 4. The computer-based method of claim 1, wherein
assigning a prevalence to each virtual patient includes assigning a
prevalence of zero to at least one virtual patient. 5. The computer-based
method of claim 1, wherein assigning a prevalence to 25 each virtual
patient includes identifying at least one cluster of two or more virtual
patients and assigning a same prevalence to each of the two or more
virtual patients in the cluster.
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6. The computer-based method of claim 1, wherein acquiring one or more
virtual measures for each of two or more virtual patients includes using a
model of a biological 30 system to generate one or more virtual measures
for each of the two or more virtual patients. 45 MCSLLP 7. The
computer-based method of claim 1, wherein the common features indfefdie-P
one or more independent variables and one or more dependent variables.

8. The %Ei’rﬁ‘ﬁﬁier-based method of claim 7, wherein the common features
include multiple independent or dependent variables, wherein at least one
‘Variabke ¢sraBenritised usaibeh e d8fiMhe zeiripaitpatized ed pnethwdasiprising:
claim gyuhrgia e ANs: U896 SepFadRlliyB R SHRAIR 2 sample
measurements of a biological feature at multiple time intervals. 10. The
computer-ba883HREAbA of claim 1, wherein the common features include
one orgidgategoricabvaiatiolEsn é8sliiesTioe eminpéitec hasec-enethad aitients;
claim 8, HbatEIAHANAIBGNE R MUY aPERNGRD INR BO-BLIBAER UL e »

patients and the real subjects includes identifying one or more
combinationsS8P#5E LhHBH TR AR Spicrtiaidiwishigrsah ptssts and a
virtual patiergsiaed dhihsaat sabjesisireéaonatdiberiu@DIhEOFRIal patients,
combinations, 12. Q - e f.claim 11 wherein
identifying tw%a?r] %Jc%%&lég%ﬁéﬁ%ﬁ%%égoﬁ]&%&%Flga%vé%%r? ?qum Set ¥8fthe at least
variables inchitfeieakivgiachtintibies abippdriartyidpalipatierdsdentify
pr:incirﬂlgﬁmm_prﬁlsar@ﬁdeqlaa@@ﬁaﬂﬁgm ]ﬁé’c@h@ébiﬁi it Q@ééaaﬂ;?rﬂnd |
the real subjects includes Jocatin ch of the virtual patients an e rea
subjecs Bt IR e R R e M R B R S el
derived fromegreistitclplthesngsoneine ppeva@nTe® computer-based

method of claim 7, wherein evaluating the similarity between the two or
2more Vilglabpatitatdased thetreal SUbiteld |ndoees tete tRIFBIIRGA of the virtual

rﬁgérsﬂ?et.é%" Bﬁtégqﬁgégaone or more independent variables and the one
e

or more dependent variables for the real subjects; determining the
correlation between the one or more independent variables and 25 the

‘ne or' RO TRPE RASEd RSBRE SbF AR VirfHEPPASRHRSMY comparing

the_coaﬂadieﬁrfglathetmeabsdmjem weith ﬂsfercmmqlmienéardhﬁjadtmhh one or
patients. 14. H%%?e%%‘k‘ﬁﬁ%ﬁ%%%éﬂ%@?&i QLAAMNASNDS SR ents to identify

determining a correlation for _
features common to the virtual patients and the real subjects.

4. The computer-based method of claim 1, wherein assigning a prevalence to
each virtual patient includes assigning a prevalence of zero to at least one virtual
patient.

5. The computer-based method of claim 1, wherein assigning a prevalence to
each virtual patient includes identifying at least one cluster of two or more virtual
patients and assigning a same prevalence to each of the two or more virtual patients in
the cluster.

6. The computer-based method of claim 1, wherein acquiring one or more virtual
measures for each of two or more virtual patients includes using a modet of a biological
system to generate one or more virtual measures for each of the two or more virtual

patients,
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the real subjects includes: 46 MCSL.L.P expressing the one or more
dependent variables as a first function of the one or more independent
variables using data from the real subjects, determining a correlation for
the virtual patients includes expressing the one or more dependentMCSLL’P
variables as a second function of the one or more 5 independent variables
using data defining the virtual patients, and comparing the correlation for

fthe redhsutsBUS!RIitPRERS! cepterstidfitiRimtie whenein fistiesmymaolfrideres include
HRIBPAING ifepesicand \eeront kinciaasr HorENR seRABHISERASRE.

method of claim 14, wherein the first function is a first linear regression,

ghe Se?RQ%JH&HQHBQ_%&%’P&H%J‘W&éfﬁ%%ﬁ&@?rgﬂg @g%@gﬁmﬁe&;%me

first and second functions includes comparing a slope o inear
paliRledisiRATTeAgs ferRSNR SR BRI sdIcrel 8k igaat Qe Yariable is a
coatinusies Jeaetemethod of claim 1, wherein evaluating similarity between
the two or more virtual patients and the real subjects using the common

deaturesinslige - baidantibing WaishMorgHksteiR Jieal stieqts idnt

assigning each of the two or more virtual patients to one of the two or
RGeS IURE TPRTETERID Gl RGP RRRHEA RIS IR BiArvas

evaluating similarity between the two or more virtual patients and the real

19ubjedisaishiopierdernpionabatiris atnicutietsiddmritinrondentmesdanciude

oRbiskersord R gshisciarapdgalculating a distance between each of the
two or more virtual patients and each of the two or more clusters of real

ubje The cc r-%t) d.method of claim 1, whereinthe. .
oA rnaa B o B B el Spane

baftEevdimimg ESImEY patiweismadkthavedshivestsinakiieatidentfaind one
diN@ dRAESHBIABIDHICHIBRS cENGIUATRHBE MRPER SRR LStAIStIES fAkual

the continugus dependent variable rtig)e real subjects; calculating the
O e S R R L e R BhBo 30 varianie

for the virtual patients; and comparing the one or more summary statistics
Tfor the' ReaFQUBjdefshRTeAmEthod of claim 11, wherein identifying two or more

combinations of the variables in the set of variables includes using a principle
components analysis to identify principle components; and characterizing each of the
virtual patients and the real subjects includes locating each of the virtual patients and
the real subjects in a space defined by the principle components or by factors derived
from the principle components.

13. The computer-based method of claim 7, wherein evaluating the similarity
between the two or more virtual patients and the real subjects includes:
determining a correlation between the one or more independent variables and
the one or more dependent variables for the real subjects;
determining the correlation between the one or more independent variables and
the one or more dependent variables for the virtual patients; and
comparing the correlation for the real subjects with the correlation for the virtual

patients.

14.  The computer-based method of claim 13, wherein determining a corretation for

the real subjects includes:
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summary statistics for the virtual patients. 47 MCSLLP 19. The
computer-based method of claim 18, wherein the one or more SURREIY -
statistics include a measure of mean, mode, standard deviation, variance,
skewness, or kurtosis for the continuous dependent variable. 20. The
computer-based method of claim 1, wherein evaluating the similarity 5
between the two or more virtual patients and the real subjects includes

calcul SPGES AHA8 LR B BB ERRCBRIR IhETRNSS R T Biplfisicieawi i one or
for the virtuahpatantspastidheanabesndeai deas f@fnﬁhﬁere@élsumj%@ts 21.

The cqq #B% s mathed f%} G2 Dy WARIGID, valiat }QSESISJ%] I3 he or

u
between OI’ more virtual patients and t e rea SU%]GC S Inc

calculating aMFOSHSEREFE B \HBRIFS S S TRISEGVEBRIIR FdhsmatsiBase
the commoniferipenadar ﬁBQaHﬁﬁ%ﬁ@%tﬁ mmﬂyatﬁ@mhm&@nérﬁé thed

commei eaeR oL e ral slecta 22, Al compHer basel megd ofea
claim ﬁ(a?aﬁ] l% ?he measure O nessjo? fi IS SG?EC? rom ?I

group consishaiiests @ﬁi%ai@ﬂéét'r@if&fiF#rﬁéﬁl?ﬁgc@ﬂ@@fv&m{ﬁce
(ANCOVA), Kolmogorov-Smirnov test, weighted coefficient of 15
1deternmimatiompdteriimead mpthies -tfassich method elrc a0 fwbeseirs therst

n.%%??&ég%% ga] {Héeééc%d u‘?cf?oﬂlf étgﬁxgn%%ﬁ% gg gﬁat T]'H:r%mpar;ng the

proper e common eatures e V|rtua nts and
ﬂ&ﬁrﬁﬁﬁfoﬁﬁf@aﬂj%@#&%mw@&ﬁ%@'fmaﬁ@@&irtbat@ﬁbw FRgtpRsiopwith

Lt bf wReretd essigninggressvalence to 20 each virtual patient based
on the evaluation includes: matching each of the two or more virtual

1%3“e”ﬁé%B%&%FBH@e@ﬂe%’d%‘&aaﬂ??'%&%@eﬂw r@\?z;ﬁjyﬂgg%qﬂﬁ%lt?y%?meen

of the two or more virtual patients based upon the matches; and
S MUY U pYElaL Rl 8REHNG ﬁ%l%‘&ﬂ%ﬁ? baSSE R EPMHE IRt

iissiotes: 25 25. The computer-based method of claim 24, wherein each

matchiig SELE 137995920 AdIRESHIEPLance etween a virtual

patient an ject In a space y the common features. 26.
The cORFHREGIRASELHBEHED 6f A18I VI3 ReFSM BRI hpheodensse
to each virtugl,pafignt based on the evaluation includes: 30 matching
each of the two or more virtual patients to one or more real subjects; 48

17. The computer-based method of claim 8, wherein evaluating similarity between
the fwo or more virtual patients and the reai subjects using the common features
includes

identifying two or more clusters of real subjects; and

calculating a distance between each of the two or more virtual patients and

each of the two or more clusters of real subjects.

18. The computer-based method of claim 1, wherein the common features include
at least one continuous dependent variable, and evaluating the similarity between the
two or more virtual patients and the real subjects includes:
calculating one or more summary statistics for the continuous dependent
variable for the real subjects;
calculating the one or more summary statistics for the continuous dependent
variable for the virtual patients; and
comparing the one or more summary statistics for the real subjects with the
summary statistics for the virtual patients.
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MCSLLP assigning a matching score to each of the two or more virtual
patients, wherein each matching score is based on the distance between

a virtual patient and a real subject in a space defined by the principle
components or by factors derived from the principal component;, apgt8( | p
computing a prevalence for each virtual patient based upon its matching
scores. 27. The computer-based method of claim 25, wherein the

TheasUiesraisidREL afrIgRENPE Y siaiotBreuigrels divcrenty DI eThEmary
statpistarchares meihoe of slain, 2dbdehermiaanpteiiagorachrithe denaess,

ore virt atients to_one, or more, real subjects includes determining, for
RIS adya t t %‘1‘ jec !
eagﬁ oﬁhe [?’8 fW0 or Pnuosrge\ﬁﬁﬁa‘?%gt?gﬁ s?a distance to each of the one
or more real subjects, assigning a matching score to each of the two or

Zhore VRRISPPRHETEFSPL NG OAAECBIR brivhsreineyalipedbarsimbarity
betaitrethintlodesnioe eatlereatisoisject] thermalizingedheititiancesiafltiag a

YLl Patients 1hal. mateh iR Lrah s RisRidA %%?&1%&8%@%)9&89 fHifents and

subject distance and, for each virtual patient, summing the normalized per
& 5RERIPS et EeRRbSRIRERI patient total score, and computing

a prevalence includes normalizing the total scores for the two or more
Alirtuallpetienty tbeddisechmpetval ericlifo @ asharéihe woatingibeesiintiasty

HRANEENSHE And B7 FRRRRIRIaPESR SO OF LA e MRS IRASSIRING R 2

r%)revalence to each virtual patient includes computing a weight based on

rAER RGBSy Tt o o SUBRRS Rof HIR AN (bireg for the
viioalarityetiisesibit e 30 Hieatonsmiték: kased mdtand «f daine 18 whisies.
assigning a prevalence to each virtual patient includes adjusting

ocparamgglsofidhrRcosiatioaden braMrsh, RASEIS I MRISGIRE Yoodness-of-

approximate the correlation for the real subjects. 31. The computer-based
R e G D, CINBYISHL, OB UG e BRARESH he
Garara patidi Qopu atirirnogbthe-Sarnple tpeputakibitedsingfihieorhmon
Jaatiesi@ssigning a new prevalence to each virtual patient based on the

similarity between the virtual patient population and the sample

opulation; and re-defining the virfual patient population as the two or
B R0 DR AN § a7 e RO e TS 2 geecngssoF
fiMesuuditgveTssesmentart biadisticalgtivpg b elaiths tomherefaatures for the
VRNRIUSSING RIWAKINL BEINYRER features for the real subjects.

24, The computer-based method of claim 1, wherein assigning a prevalence to
each virtual patient based on the evaluation includes:
matching each of the two or more virtual patients to one or more real subjects;
assigning a matching score to each of the two or more virtual patients based
upon the matches; and

computing a prevalence for each virtual patient based upon its matching score.

25.  The computer-based method of claim 24, wherein each matching score is
based on a measure of distance between a virtual patient and a real subject in a space

defined by the common features.

26, The computer-based method of claim 12, wherein assigning a prevalence to
each virtual patient based on the evaluation includes:

matching each of the two or more virtual patients to one or more real subjects;
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the virtual patient population and the sample population includes

calculating a measure of goodness-of-fit between the common features

for the virtual patients according to their respective prevalences and the&SLLP
common features for the real subjects. 5 33. The computer-based method

of claim 32, wherein the measure of goodness-of- fit is selected from the
group consisting of: Chi-square test, G-test, Analysis of Covariance

(ANC @SB RS RIIBFIHIISIPRR IO ?@&h Wé%f@& ebBThtgented! patients, wherein

determinatioeadi mdienagmputendasestimethed @faz{amatslue@h@remdmaanem
common featur S, |ncI 95 tleé';\satco ne g0 S de ent variable:

n
and evaluating th ergﬁ'n Hart eh the vw?uatf IJilepr)lrt'p ISRy or by

the sample p@piRERiBer Wf?,qftfd@ﬁ S%ﬂdiiﬂaﬁﬁgfm@éﬁ‘ffﬁaffe @Dﬂ‘nmary statlstlcs
for thessRimHgUSHERABAES oV asiab R i thaiepabaubieaisrmaHiatifgg scores.

the one or more summary statistics for the continuous dependent 15

2‘?ar'ab'l%£°£ot:% LU RAYIRIIR GECPLNG 38 DAL KSSRRCTNEBIRY GG Ce

and comparing the one or more summary statistics for the real subjects
weghth & aemmaY Saltiset S¥E 8 Xirtual patients. 35. The

computer-based method of claim 32, wherein the measure of
2§o0dnEss-@imROtft-macguaktatvecf ldaw 43, tibesediti stizahpro peniedf tidheo or

ORISR 18" JRE of IHuAl Patialiseudite, fea! RUbIRES%ofbach of the

computer-based method for defining a virtual patient population
BRI TBIRRARRY S d%ﬂhﬁ?BF%%%?&P ShEIP R QRIDR $SSPERIESS in
Aasonmiaa papthmiosta?s @cspiting thadwar onorereididabhmesisute fofaszghef the

rHP oYérpggIQl% %t’éth%%’%'%%&@ﬂe%!rﬂﬁﬂf&é’sb Ve 151G g&n}\%rﬁwahzmg
the

V|rtua patients and real su {Eeéts using a subset of the dat m or data

they istRrasR/d T Wb A SPIRIBRER! svich iphed! stitiectiruisiinradigratalized
der aldeastirnmed they, Wrt@abﬁamnﬁs;a@mh Wtr@m@ﬁtﬁﬂﬁ%@@@@ubﬁd

re features 30 co 0t t least two eal sulgects and
o g VR AR S M SORT R i e
@ﬁ@%ﬂm#é@a@éﬁilémFMéhBéWérﬁ"srb@@\dfbrﬁltﬁét'enfS to define a Pf evalence

for each of the two or more virtual patients.

29. The computer-based method of claim 1, wherein assigning a prevalence to
each virtual patient includes computing a weight based on the number and similarity of

real subjects determined tc be within a similarity threshold.

30. The computer-based method of claim 13, wherein assigning a prevalence to
each virtual patient includes adjusting parameters of the correlation for the virtual

patients to more closely approximate the correlation for the real subjects.

31. The computer-based method of claim 1, further comprising:
evaluating similarity between the virtual patient population and the sample
population using the common features;
assigning a new prevalence to each virtual patient based on the similarity
between the virtual patient population and the sample population; and
re-defining the virtual patient population as the two or more virtual patients

according to their respective new prevalences.
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evaluation and (b) re-evaluating similarity between the one or more virtual
patients together with the one or more additional virtual patients and the

5 real subjects using the common features; assigning a prevalence t‘ﬁ/’i SLLP
each virtual patient based on the re-evaluation; and defining the virtual*
patient population as the two or more virtual patients according to their
respective prevalences. 37. The computer-based method of claim 36,
3ZherefhpGamrytenbasemoiethed alddaionsl Whestipaventstivgstmisrithbetween
tﬁ@a«lH@pr;]aiﬁ&{ussﬁﬁ;’@tfmi&qagﬂéymﬂmiﬁabwﬁ@ﬁsiﬁlésmsé_g@tmmmdeﬁ]g a measure

atures that e hi milarity to one or more real subjects and low .

o L o T U Ry 8 G g o i RS e ipe o
togie respesticapigivRnaberar hatieenynorhiaaires SorHoe/irabs vhsmtuires

are similar to the hypothetical values. 38. The computer-based method of

3daim J6eftsthpniepmyisingetnopeatirgiee peHewmaheenal Riersofajcattess-of-

104 291%@&&%25% E'»R‘%eg%aB%o QSﬁﬁrg‘_o%sé@@HQa?e%%‘{?&P&sﬁ 1R ERch vigual

atient based on the're- evaluatiort includes assigning a prevalence to
&é@ﬁ'@ﬂ@@ DM AbSemogoser e asateHoi et regrificiant of
Restarmange of steps (a) and (b). 39. The computer-based method of
claim 1, further comprising: evaluating similarity between the virtual

Puient RERUIANAR OGN RAIDI A 310D DA 70 RSHBAILALIRE include
datum or data for at least two of the real subjects and a new subset of the

dileast e RISAIRERESY HREASIRhENG RYaMBENe RS ERthriHeRetween the
vitihsieitiatacieulatng ane drensarepidiffesantitaaireg@ommon to the at

least t jec t Vi, { : assigning.a
o pe B B A S S e B
the virtual pa¥@iRpefendtpreahtiectmple population using 30 the

differegdisomtme mhicateresiang sandiebnngatigisdtoairaiifiinaeny @itdhdent
as the two orvm?argié/ It%lrjﬁlné) \%t.%ralﬁs a E%% Sr%ig }gi;ﬁh%ior {r(]eép?ctive tnew revalences;
prevalences. 2y P ¢ espective prev ©s;
and
comparing the one or more summary statistics for the real subjects with the

summary statistics for the virtual patients.

35. The computer-based method of claim 32, wherein the measure of goodness-of-
fit is a qualitative review of the statistical properties of the common features for the
virtual patients and the real subjects.

36. A computer-based method for defining a virtual patient population comprising:

obtaining a datum or data for each of multiple real subjects in a sample
population;

acquiring one or more virtual measures for one or more virtual patients;

evaluating similarity between the one or more virtual patients and the real
subjects using a subset of the datum or data for at least two of the real
subjects and a subset of the virtual measures for at least one of the
virtual patients, each subset characterizing one or more features
common to the at least two real subjects and the at least one virtual
patient;

performing the actions of:
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(a) building one or more additional virtual patients based on the
evaluation and
(b) re-evaluating similarity between the one or more virtual patients
together with the one or more additional virtual patients and the
real subjects using the common features;
assigning a prevalence to each virtual patient based on the re-evaluation; and
defining the virtual patient population as the fwo or more virtual patients

according to their respective prevalences.

37. The computer-based method of claim 36, wherein building one or more
additional virtual patients based on the evaluation includes:
identifying hypothetical values of the common features that have high similarity
to one or more real subjects and low similarity {o one or more virtual
patients;
generating virtual measures for one or more additional virtual patients, wherein

the virtual measures are similar to the hypothetical values.

38. The computer-based method of claim 36, further comprising:
repeating the performance of steps {a) and (b) one or more times; and
wherein assigning a prevalence to each virtual patient based on the re-
evaluation includes assigning a prevalence to each virtual patient based
on the re-evaluation in a repeated performance of steps (a) and (b).

39. The computer-based method of claim 1, further comprising:

evaluating similarity between the virtual patient population and the sample
population using a new subset of the datum or data for at least two of
the real subjects and a new subset of the virtual measures for at least
two of the virtual patients, each new subset characterizing one or more
different features common to the at least two real subjects and the at
least two virtual patients;

assigning a new prevalence to each virtual patient based on the similarity
between the virtual patient population and the sample population using
the different common features; and

re-defining the virtual patient population as the two or more virtual patients

according fo their respective new prevalences.
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