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UTI LI ZATI ON OF DATASETS 5 BACKGROUND The present teachings relate to

nmet hods aweh ®ysée®@ for high-confidence wutilization of p@Fg€0666d0€38
datasets. 10 The recent sequencing of |arge nunber of genones i ncl uding
human and devel opnent of arraying and ot her hi gh-throughput technol ogies
has resul ted i MERHOPSAIND SYRTEMS FOBHIGHGCENE STRBIZATION @F gani smal
scale data (cells, tissues, organi STRABABEYS Wth these advances and

i ncreasi ng out put of |arge-scale and hi gh-throughput data has 15 increased
need for nethods and systens to utilize the data with high confidence
(i.e., Sreduce false discovery) to optinmally allocate resources for further
devel opnent of concepts, hypot hesBaCKGEMINDogi es and products. Mny of

t hese technol ogi es have been developed in the |ast decade and their

qual ity is congthapldsant toapHines Blte taAdihvas Aidaysitirs fopbigh-cohfidentd | i ze the
datasets and to further refine the technologies. Here a few concepts and 20
tools are %ﬂ@%t%éf‘@%%%‘ﬁt“?"é?'y some of the needs of the latter goals.
Many sistens used in | arge-scal e measurenents of organismal/cellular state

i nvol ves nul ti pig rd BHSBRRASH oﬂsr%%grxaﬁaamf@em}e@mm 1RpRhehd (€. 9.

genes/transcripts/proteins etc.). Two comon forns of this_ type of
t echnol ogydevplapmeit of arvying apd gthethigh-thrpyghpeiderbesipgies hasamiisdristingrsasinga) |
where eac %Eﬁ%‘g@ﬁ&h BlivafiEe %&E&S%Eaﬂiﬁnﬁgcdl@@a%ﬂ caitk, H&h&@o@dﬁi&ﬁ@&@?} ndependent

probes, wt robe ﬁa_w ng a corresponding msmatch probe fo estimte
cr 0ss- hy br With #hes¢ alvances e ihereaning apput ebilargerseals ansk highatheopghpufpdatapepbe and t he

| att er,dn sqat.ch - : i SR |4t erature;
e.g; . éqg ‘é.#%ﬁg?& ré%%digﬂé %g&gg?@y(ehﬁ%d#%ﬂggﬁﬂkeas ugcgsd'%f m Xt ures
of pr ot ei nsdas fdegpdisodecry ¥ io agimallsallosatn (psewoesifol fustheridavdlopeenbalss |
spectronetr oA )| r - cl.at ] for

i rect - and-bea P et imicEles sl groaftiy M e BN Bl BB T 7},
type of muevelppel ih ttedpe debadd amighsiuqeatigris somsfandaipiprodng med er arafle teals rent | y
in use and c e,envj sa eto | |. docunmented prior know,edge (in
literatur etozi'ﬁgzﬁ tﬁe Bag‘?s ﬁﬁg?ﬁ’gﬁﬂ%é?fﬁﬂc\}ﬁt C@B&g}e%a 35‘?1%%%?? SRESGt the

t echnotogi 106ls afethrgemed i satisfo borhdef Hlahakdactthabtter ghakcri bed here. 35 Most

bi ol ogi cal experinments (due.to |imtations of hiological d_ot her
resou ? ces) p?\/lany system§ used in large-scale measurements ol% organ maﬁcellglnar state

_ involves muliiple independent measnrements of each parameter (e.g.,

genes/transcripts/proteins etc.). Two common forms of this type of technology that are
widely used are (i) GeneChip® (Affymetrix, CA), where each transcript of a genome is

25  measured using multiple independent probes, with each'probe having a corresponding
mismatch probe to estimate cross-hybridization - the former called a perfect match (PM)
probe and the latter mismatch probe (MM) — (well described in patents and literature; e.g;
U. S. Pat. Nos. 6551784, 6303301) (ii) typical measures of mixtures of proteins as peptide
fragments using several variations mass spectrometry (e.g., Washburn et. al., 2001 and

30 many variations for direct and comparative applications). A variety of applications of this

© type of multiple independent measurements of each parameter are currently in use and can

be envisaged. Due to well documented prior knowledge (in literature and in patents) and
evolving applications, the use of the technologies and generation of the data are not
described here.

35 Most biological experiments (due to limitations of biological and other resources)

utilizing such high-throughput data generation systems are conducted with small number



utilizing such high-throughput data generation systens are conducted with
smal | nunber 1 WD 2007/019182 PCT/ US2006/ 030138 of replicates. Wen
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accepted and even lesser methods are accepted and predictably useful in dealing with

—1

multiple independent measures of each parameter (without an intermediate processing into

a unified model based summary) highlights the need for improvements that would satisty

the many emerging needs in efficient and productive utilization of the deluge of data being
25  generated in life sciences and other fields, and sets the stage for one kind of dataset being

part of the invention.

SUMMARY
Tn one embodiment, the method of the present teachings includes selecting a metric
30 for determining substantially optimal combination of true positives and false positives ina
data set, applying an optimization technique, and obtaining, from the results of the
optimization technique, a value for at least one optimization parameter, the value for at

least one optimization parameter resuliing in substantially optimal combination of true



optim zation technique, a value for at |east one optim zation paraneter,
the value for at |east one optim zation paraneter resulting in
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resul t i nMSATKCIRTIE rasuls satls ﬁ’é‘ﬁé STHieRp: c13sgdying 3 PaLotmessyiEme it enent

resul t ingeacke RRBLA I paiffof FRASKIAIEREUSES ubi chanGhEF Sielpréde@rminad t er the
conpari son, each one pair of measurenent results according to result of the

conparPsomeagissselotohgtialy omirershalé eriteria; spmBAEgni the Nedotrrmicd pGRAiHe

cl assi fi edyRbed Ak kl¥shdf PerR2denRburBRaR BB badh@k bhir bOheddm@mdhd h the
data set, and providing summary neasures for_ a paraneter_utilizing the
conmon s etesuligtoiapeiberandroerementtresult irngach paspait of gagesyrement resglis, rhassliywg: net hods,
data nor | ' = | ' anal yses are
di scl os eg.% +lﬁﬂéa%aﬁgé\ﬂ?9%ﬁn€ggprrentrgé&gl?re%?{sttréesﬁgg %dr%grdg}g% t%gg 9{)'%1% ram

product s apmpaissw sdiesiigagonhm@GeiRy measvyernant resulirolzems theedissifedypluahey pr esent

i nventi.on, ] ; 2 ceis
rade 08 1 REPABEE SR rhdhe BbiNEHor A ithl Btk sor BHIAIRL Bffimard BeBhRRCC. O
will be pdirmutpacnetdr utitizingtheappewded. dadoussmbBRinieRtsHESERISET panncer THE

DRAW NGS 25. FIG 1 depicts a flowchar epresentation.of an emgbodi nent of
t he net ho(fllgigrllautoﬂéneﬂtﬁ’(lagsdf’?::l tno{rg%{gﬁﬁmﬁld's]?tﬂﬁséﬁé mﬁgl? dsz%rg)gtblfgcc{uagwfo ?gwc har t
repr esent ahdlpses are disolobdie n additieh, ombddimbntt bsystems hediconiputdn erograes ent
t eachi ngs; Fl Cf‘ 3a Salll) g)e jcts a flowhart representation of the enbodi nent
of the mePHIYcHeaky 4% S‘gii'esent t eachi ngs shown in FIGS. 2a, 2b;
20 For a better understanding of the present invention, together with other and further

needs thereof, reference is made to the accompanying drawings and detailed description

and its scope will be pointed out in the appended claims.

BRIEF DESCRIPTION OF THE DRAWINGS
25 FIG. 1 depicts a flowchart representation of an embodiment of the method of the
present teachings; :
FIGS. 2a, 2b depict a flowchart representation of another embodiment of the
method of the present teachings;
F1G. 3a, 3b depicts a flowchart representation of the embodiment of the method of
30  the present teachings shown in FIGS. 2a, 2b;
FIG. 4 depicts a flowchart representation of a section of the embodiment shown in
FIG. 3a, 3b;



FIG 4 depicts a flowhart representation of a section of the enbodi nent
shown in FIG 3a, 3b; 3 WD 2007/019182 PCT/ US2006/ 030138 FIG 5 depicts a
fl owchar yhepmierbati on of yet another enbodi nent of tpernebiedsoises the
present teachings. FIG 6 and FIG 7 depict a flowhart representation of a
further enbodi ment of the nmethod of the present teachings; 5 FIG 8, FIG
9 and FIG 10 @¥@i Tdepints efivucharteepresotatidneofiyeitanodiermhodimgnt eftbmmetho@achi ngs
for expres iton %EME:M" SFIG 11 depi ct anot her enbodi nent of the nethod of
t he prese licé’ 'ng?s 19" estimate fold change.. FIG 12 depicts a further
enbodi nent of Fi€. faidiitG. Diefiha florvesenepresattiomgla fudgherkhbeditienedi¢he

confi dence qﬁ@#re. Fl % 1gi@de.pi cts yet another enbodi nent of the nethod of
t he present® rtll?er%%se?(}eac &P gquality of data anal yses tools used.. FIG
14 depisct s yet FaGf $I/FIGES aglbIGli10Reficth chibedinehthofthefnethod opthe presdnt t eachi ngs
in normalizing data. 15 FIG 15 depict an enbodi ment to devel op a conputer
syst em t o FACHEELS 108 SXPESSIQNSUEBEREY -t eachi ngs. FIG 16 depicts a graphi cal
schemati ¢ repr ggeni@eddpRPamiher BRbbdimert SFihedeth@SARY pragnt Richingetoret hod of
the present teachings,. FIG 17 depicts another graphical schematic

repr esent etimee &1d ld8gs-t s from an 20 enmbodi ment of the nethod of the
present teachi Rg8; 15 deRts 2lfdAner bRBoGERhCHS 18E Mmethbd Bf thE BfeadiRtcRsindfo r esul ts of
interest in one enbodi nent of the nethod of these teachings; and FIGS. 19
depi ctid r esiinats corffidgpreana@pist-ary enbodi nent of the method of these

teachi ngs. 25 %&ﬁ%ﬂtﬁi&@ﬁ%ﬁ% g@'}"%ﬂ‘“n@ﬁe‘%%?ﬁh i the $rB&nPELRRRE tof €achi ngs

I ncl ude a set h-confidence utilization
of | ar ge- desqealiaofaistatanalysas 20ols ysed.. a response surface assisted strategy to

study datasets F&&pffée%ﬁtts%gt B ¥ourfTH! o tRafon P HE SIBRD S e p?c%grﬁ teachings

in normalizing data.
15 FIG. 15 depict an embodiment to develop a computer system to practice the
present teachings. ‘
FIG. 16 depicts a graphical schematic representation of results from an
embodiment of the method of the present teachings;.
FIG. 17 depicts another graphical schematic representation of resulis from an
20 embodiment of the method of the present teachings;
FIGS. 18A, 18B depict effect of parameters on results of interest in one
embodiment of the method of these teachings; and
FIGS. 19 depicts results of an exemplary embodiment of the method of these
teachings.
25
DETAILED DESCRIPTION
Tn one embodiment, the present teachings include a set of methods and algorithms
to aid high-confidence utilization of large-scale datasets, viz., (a) a response surface
assisted strategy to study datasets represented by multiple measurements of each
30  parameter (especially using independent aspects of the same parameter) and aid in design
of such measurement technologies and schemes, (b) methods for determining data-specific

thresholds, (c) to test the efficacy of a selection strategy (statistical and/or mathematical}



30 paraneter (especially using independent aspects of the same paraneter)
and aid in design of such neasurenent technol ogi es and schenes, (b)

met hods fwiO Met/@dmi2ni ng dat a-specific thresholds, (c) trCtesioddse1dsfficacy
of a selection strategy (statistical and/or mathematical) 4 WO 2007/019182
PCTI US2006/ 030138 in the data analysis scheme, and (d) a new normalizing
schene f orin theldaiagpnalkysia scheme, apd () ameh normaliréiesclpmes for mplopgdatassts on the data
types bei ng.disgidssed and term nol ogy used to describe these teachings is
di scl osed bel'ow. 5 Wiile attenpting to describe the teachings in generic
scenari o, the MdditippalinformationeTHiesiata)typasbhing disgyss¢dand sainedogyuaerbioe of t en,

for conveqi'eg%@gﬁ}gggg??aﬁgwscﬁgﬁ%l&_ of this technol ogy would serve to

hi ghl i ght, 0, e nmultiple measures type dataset
di scuss$ed her e . Whike ditempiEeyio Ghicpibe the $apshings ie geteric sconswo, ithet Affgmetepr esent ed by

b obe. t he GBS FEleloRY rabeas s PRER SRV e i Bt °

(cor r le; pg nasfiigs mgmm%g@m@rm@eu@mghm,emeﬁt lintied ¢, ﬁﬁ&gﬂiglﬂe iriihﬂﬁésitﬁﬂ: sig naIh
woul d- be consi dere r ohe- cific.hoise) iis ingc ed in e i p. Hi
foat ur e qeEnhe e B OB PG ReCh o8 S leaut P B 5 eUHEor | pos
have been qicay 25im@ldotidORAg bRbésvmpluniatatplo tha RN ANB @rode iRy or gani sns.
Wil e the m snat.ch probe)i%l s i ncl yded qt,o represent  the cross-Hybri di zati on

or prdfe Fnspitional stapyspisihe SysibbemaRindied. s BrPPIERgIISBHERPIORS Wk anpl es
descr i bed iyt nt b Bs- MR Wgnal @R Ga N She-ihaiic deisa)d | ne! ude

these MM probes (e.g., as suggested in dCH P: _ wwyv. dchip.org and Irizarry
et. al. 20udydedintheghin Highdspmredepsitiosdavaleen peigyshpehlrad anderdidiaded as
part Of 1 iafiscspls e be&AGHhY Bnio?Rd 1PRYARIATS Subden 3RV ot EhniifseCt | Y
translate in the outcone.” 20 Due to the physico-chem cal "properties of the
probes andVhijthe aiisreat¢hamotes étingludagdo rapresens herasprsdibridizatign ar giobgyl e

transgf ptsgéc’%ﬁc?n isel i APAdiPhse & XPRASES i@éxa@ﬁ%ﬁ[eécﬁgécﬁ{eréig %?Aria’ri fvel) has
di fferent hybridization rntensity |evels. I's eads to diffrculties in

di rect  ut(aid appli¢asions) that Hendiigphude thesy B probae(canrmrovgzayipt waléhilPhat has been

et 1S e R A0, AR A0 LglPAEl @RSt o Ve rodel

based approaches a represen pl e probes
into a si rigsceibedianmartyof tdastoBtedchings,@ad hdtanmpssdf apt wqidddirddtly BansdRa¢ in No.
6571005, icLE%i s incorporated by reference herein). This approach has the
advant age ¥ OB f ri endl y representation of the data and in ease of
utilization inDadvathe hysidoadthemicalgabpentia offtelpeshrt kwbliybeigphtichadactoprebd or t he

utilizati ?ﬂou%L rép?eesenting a single transcript (i.e., transcript expressed at a particular quantal

level) has different hybridization intensity levels. This leads to difficulties in direct
utilization of the signal levels. One common approach that has been extensively
researched on and being continualty developed is to use model based approaches to

25  summarize the data represented by multiple probes into a single summary measure for
‘each transcript (see U. S. Pat. No. 6571005, which is incorporated by reference herein).
This approach has the advantage of user friendly representation of the data and in ease of
utilization in advanced statistical and mathematical applications for the utilization of the
data in the context of advancement of knowledge of the system/process being studied

30 (using pattern recognition, classifiers for diagnostics, identification and study of pathways
and new processes, lead candidates for product development etc.).

Some conventions used in this description are described herein below.



data in the context of advancenent of know edge of the systeniprocess being
studied 30 (using pattern recognition, classifiers for diagnostics,

i denti fi qgaghamaan@: st udy of pathways and new processespcirasdoosasubslat es
for product devel opnent etc.). Sonme conventions used in this description
are described herein below. 5 WO 2007/019182 PCT/US2006/ 030138 Thr oughout

this text and Il‘hromglmuaﬂmlaqdanﬁurrige hdogmparyitghfieutasitim tpar pavetaer if sseddred in two
context s LG manne r|b eache e f re wwthin a
ot aast MR oty FREMR o ) dESSHe ok SRR R PIEN aRY ©

cal cul at edtrimsbitiyst) Froteinesto, J),ranﬂltlﬁ)thﬂaﬁmsxﬁd Gmewalchlamdmgmbheusad\mﬁm on(s) in
statistical and he nse. ddj ti the, 5 di bet ween a
cal cul at ecPr‘?Fﬁstfgughﬂn nﬁ@é‘?"eﬁ?o ﬁl"bﬁ?@f‘%ﬁglﬂ%‘&‘mﬁm%aﬁmﬁe 5 {oél t hr eshol d
i s diffser Qflﬁféra{ce @eﬁ&e@a sAIRA4tsE R R 2 SéigbAcated/estitad opdaigahied di st ance
designated d would be d when used as .threshold Th

i ndependertbresholikis F@gereéﬁ“ﬁtﬁﬂ by  sipeseripiad siRgle auie eexﬁ%i‘PE ﬁlgg?ag‘f’g‘g‘? %{E@ cript

etc.,) u5|moﬁ@5éﬂe‘k,yenqjsgggsrtg{éghd@asurerrent criteria (e.g., different
regi ons of a 10 transcript as probe, different regions of a protein -

peptide fr agrrefﬁlg userpd tesmy ipdapersisat @%ﬂwpkydmﬁh’rﬁ@ﬁ@e%"fm%P@P‘ﬁeté’f c., -
while the (ﬂhﬁ El??t%ﬂ:t Y Qird Ty & @asﬂ@%@ﬁ&ﬂterﬁ\(@él @H‘erehttreﬁ% dfah ave

di fferent ‘sign properties un er t e same condition. This explicitly
di f f ernt itsenegipt asqnobehdiffersntwspionodf agreteinstpeptide fr&&a@pfermerﬁé@ﬂ opdideed sonme of

t he proper S pr to this
differ encea%hﬁde' tge)ﬁb%%f rr%er%t sﬂxld% He@g%ﬁgedddﬁ relg%&g@gg%ﬁgﬁg% %ﬁdfaggve?gﬁ this
type of stittdukt }iawal:liffemie;igmilemeiles&mdsnb@mmandlbﬁn t Fs explibill of t hese

t eachi ngs, S urfa ReSur f X)
for the st%@?elgpPea g’i"ﬂ’s@? gochﬁé’ ggtgtr%lgga] Z‘i‘iﬁé ﬁ%e ﬁid%%i Joﬁfvf\ﬁ (rg E@*@@%ﬁ%%ar amet er

i s measur egingstudpdnprbpospd end addamemmmns&dastmhnm&fese@ Gl eniblodstentst es one

represe ta enbodi r 20 processing

dat a. g“{? ﬁ’ﬁ‘igﬂﬁlpé“ed}ogﬁﬁ‘gﬁ?&ﬁﬁgﬁ?ﬁ?%g éé?%@é\rlmfa system step 1002 and
8rte prOCFISSGS S’Irﬁ{ﬁﬂaoﬁﬁ%taﬂ’tﬁeﬁl@ﬁ&pfﬁhd:sﬁtd&ﬁlﬁn@r@Re@gns&guxfmﬂlaﬂiedlgp?ndbon t he
ata- collection, technol ogy-spe C _proper s _and, ar o be
carried outrategpfalsgdete ‘iogaéﬁ@g %t"t‘ © Eﬁ %dﬁ@gﬁé%descaﬁ%g er?lg‘eté%?)vy’yl ng
enbodi mentghe@d edeh BarbiMaehis REBsl@BBingdadipld Bﬂepelnalent &e@darqnteatspr ocessed

dat asets are denoted as starter datasets and |nd11:ca ed ii?ter 25 D step

1006 in the rediGdrillpsimtes gng FrRTECIAtYNC f“heffﬂi’ﬂgmf“f“éﬁ Xt i gures are

ref errg ﬂr@cebsriné cmtas Iagesevauewaqﬁacuog&@a fidin Eheasuae(nfelneysearstapqom @d 4 step
1010, FIG" 8 steplOl2 FIG 9 step 1014). Aspects of Fl (%taZa through

FIG 4 demrg-progeqsggw ggO%Ml&Q% This pre-processing would depend on the
collection technology-specific properties and are assumed to be carried out, unless

mentioned otherwise (if needed, prior to applying embodiments of the teachings described
herein). Such pre-processed datasets are denoted as starter datasets and indicated by letter
25 D step 1006 in the rest of the document and in the figures. Some other figures are referred
to in this overview depicted in FIG. 1 (FIG. 2a- to FIG. 4 step 1010, FIG. 8 step1012
and FIG. 9 step 1014). Aspects of FIG. 2a through FIG. 4 depict a response surface
approach proposed to study the properties of a given data design that would (i) aid high-
confidence data analysis, and (ii) conversely, aid development of design principles for a
30 given system using some initial properties of the experimental and technological aspects.
FIG. 14 depicts a new normalization scheme that is motivated by biological invariance
principles. FIG. 9 depicts application of these two above embodiments in combination or

using the first aspect alone, together with methods for data specific thresholds for
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Nett = TP * TPITP + FP) * (1 - FPITP)

25
In one instance, a response surface of Neff with differing values of N (number of

independent measures) of that parameter in that dataset included and any appropriate
statistical/mathematical measure of confidence of the determination F (i.e., differential
against the noise) — e.g., Student’s t-test for pair-wise comparison of datasets (with

30 replicates) or Fishers test for comparing muliiple groups of data — is a surface with
multiple maximum and minimum points on the surface. An example, these teachings not
be limited to that example, is shown in FIG. 16 with GeneChip® datasets and pair-wise

comparisons comparing known true positives (TPs) of two fold change and a large
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schema. It should also be noted at this stage that typically in analysis of large-scale

datasets the problem of false positives is more rampant and less desirable than some loss
in true positives (which by nature of experimental variability and small number of

25  replicates wonld even be desirable in some instances). However, it should be noted that
these teachings are not limited to the above described typical example. The equation
below (also used in FIG. 2b step 1026) proposes one instance of a form of cost, the term
CANeff for cost adjusted Neff), in terms of an additive factor of the statistic and the
number of independent measurements included.

30

CANcs = Negr /(F'+N’)
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.obtaining a relationship between one or more preselected parameters and one or more
performance indicators for the measurement of the data set, selecting a metric based on the
at least one performance indicator, applying an optimization technique, and obtaining,

25  from the results of the optimization technique, one or more substantially optimal values of
the one or more parameters. The one or more substantially optimal values of the one or
more parameiers enables devising the measurement/collection sirategy of the data set.

FIG. 3a and FIG. 3b depict an algorithm to study these behaviors and iteration
over the parameters to determine the substantially optimal threshold. The method

30  described in FIG. 3a and FIG. 3b includes iterating over possible values of N (number of
independent measures included, steps 1032 and 1032b) and over 4 range of user
determined confidence threshold of F (when there are more than one replicated group,

FIG. 3b — step 1032b). The datasets could, in one instance, be composed of two or more
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maximum/minimum of the group with the lower average or median. In all the examples
used in the document to demonstrate the utility of these teachings, average is used when
groups are being compared. Optionally, when all the data points of a measure j of that
parameier being evaluated for differential are below a calculated or estimated overall

25  background noise (B’ — typically determined below which most data collected represent
parameters below reliable detection threshold of that measurement system under the
conditions used), they are eliminated from analysis step 1048. These thresholds (d°, v’
and B) avoid differentials in the noise range — this aspect is discussed in more defail in a
firture section. The algorithm for calculating dataset-specific thresholds on distance (d°)

30 and ratio (r?) are described in FIG. 5. When the evaluation of a2 measure satisfy these
criteria it is used in the measures included in the analysis (step 1050} and the next measure
is evaluated. This is repeated for all the measures of a parameter (step 1034). When the

number of measures passing the above criteria exceeds the threshold number of measures

10
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In this case the noise thresholding is based on comparison of average values over all G

groups (termed AvgT step 1060) to that of individual group for each parameter i. Asin

25  the previous case average could be replaced by median or maximum and minimum of the

groups or over all groups as described for FIG. 3.

FIG. 17 depicts an example of the behavior of CANeg with varying values of
measurements included (N) and of the statistic (t-statistic in this case) for the same
comparison shown in FIG.16. It can be seen from FIG. 16 and Table 1 that (i) the nearly

30 flat surface in FIG. 16 of the response surface of Negr can now be reduced to a few distinct

peaks, and (ii) the statistical threshold is much lower than that of commonly used data

analysis threshold for p value of 0.05.
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that of conmonly used dat & adal y8is& hr&shol 8 fod p val ue of 0.05. 11 WO
2007/ 019182 PCT/ US2006/{030A388 3.8 3.6/ 466 4, 6,% 7, 12,6 7.71,6 0* 1 0 O
000O00O 012544131333 230%5313,3; éd 1 90511111101
1555555449276 6 88 8 6 888877877
1688888888132 9§Bg 59 9%899 128 9 9 9999
9 9 256988886868%129 4544534 Total
identified 95 86 B 85 |87 B9 #7 & Fot af §ent913 913 135 135 135 135
135 135 64 9 9 9 9 9 S ¢ 9
128 g 9 9 g 9 g 9 9
256 9 8 8 8 8 g b 8
512~ 9 9 9% 8 9 g 9 8
CRf 5 4 5 4 4 5 3 4
Total
identified | 95 86 91 86 87 g0 77 86
Total
present | 135 135 135 135 135 135 135 136
FP 6 2 & 0 0 1 0 0
PPV 0.86 0.88 0.85 100100 0.89 1.00 1.00
Sensitivity 10.70 0.84 067 053064 066 0.57 0.63

Table 1 - An example of the effect of different stafistical threshold (F*) and number of independent

measurements used (N°) on the true and false positives (of two fold change) identified

5 Indicated, in Table 1, are the number of spike-ins of two fold difference identified

at each threshold (out of 9, three in each comparison for three individual comparisons).
The concentration of the spike-in (in pM) are indicated in the leftmost column in each case
the concentration of the spike-in in the other dataset is twice this amount (except as
indicated below). The threshold of t-statistic (F*) and number of valid probe-pairs (N”} is

10  indicated in the first row as (F*,N°). FP is number of false positives, PPV is positive
prediction value [TP/(TP+FP)), sensitivity is [TP/(TP + FN)]. * 0 pM spike-in was
compared to 0.125 pM spike-in, and 512 pM spike-in is compared to 0 pM spike-in. ¥ CR
indicates cross-reactive transcripts/probesets with homology to spike-ins (out of 9, three in
each comparison for three individual comparisons). The dataset are the same as used in

15  example shown in FIG. 16 and FIG. 17. (Note that, in FIG. 17, t used instead of F°

above and that N’ is equal to the number of probe pairs.)
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FP 16 2 6 001 00 PPV 0.86 0.98 0.95 1.00 1.00 0.99 1.00 1.00

Sensitivity 0.70 D.64 0.67 0.63 0.64 0.66 0.57 0.63 Table 1- An exanple of
t he ef f ecwoabomipiserent statistical threshold (F) and nurdmusawbs/dsntbspendent
measurenents used (N) on the true and fal se positives (of tw fold change)

identified 5 Indicated, in

di fference i dertip Frasple howa e Rablg2semonstrateshs sigh
iR duae p
I'ndi cat e

conpar i songdifos iR 86t
spike-in (in él\?p are
concent r atRogiivesidentied pierat

(except asg,

of valid pr 0%%%é%§ﬂ{%ﬁ§lﬁ¥%tr¥%ﬁ?snﬁ?%s§§gg

Table 1, are the nunbﬁrgm%)fqﬁzg%ke- Ifg;; of two fold
lepnt g 86591 Bigeh

SRS Wit Sduch iRt GRS AhkbaHdealiseOf the
n the leftnost colum I n each case the

lower epnfidence tiyesholdat Busther this progledss thsingedanpunt

b4 pleoFe A Sl oFickag numer

rst row as ). FP

i s numer leter (BiGsS KI6s6 and/BXG. APPYome agpess of applicatiorshi{dhis dyyventivnie the

[ TP/ (TP+FP
to 0.125 p
CR
spi ke-ins (out of 9,
conpari sons).
16 and FIG 17. (Note that,
that N is equal to the nun
PCTI US2006/ 030138 _The exal

t hr ee

U LTS o e ST M B3

i ndi c abemlan; Gapme SaaloiHNa004 sl owhigh isinpogieset by referdnchbmeihogy t o

conpar ed
e-in. t

in each conparison for three individual

The dataset are the sane as used in 15 exanple shown in FIG

in FIG 17, t used instead of F above and

fber S} probespairs.) a2 WO 20Q7/ 019182
10] fl own i n*Table Ziem)nstr%;g t he significant

advant ages of these 4igdi ng
wi t hout nuch inpact ©ft he
| over confidence thr3gol ds
t he threshol d. Stra}:‘ﬁg\';es f
described 5 |l ater ( 5,

of this invention i nd.;"_ﬁe

GeneChi p(r) technol 8gy are
14, which is incorp ﬁﬁed k
18001 19251 3,6 854& 4103]
6927 10333 13965 1543Y" 6, §

o

zur%gre’" E)f 1%??? Itog'gttwll%gts }%g-%[:?]?;sleél \é\?:n at

. Eﬁdﬂﬁer 11ﬂ§]prelﬁm1 fth]zﬁﬁéeﬁh }‘gr guessi ng
RTS8 andafas 1884 T ;%32??0? appl i cat i ons
orGRR(7 of RS Ixpl8&H5n

. d# Brent s usi ng
LS endiladEr R 13235 21863 7572 0257 1355
Pt o A0 00.c 17267 IRETY

3,5 9287 13595
88 13500 17426
5164 8993 12204 13596

7 18287 457
6634 10584 14111 15600

Table 2- Application of data-scaling strategy (SCALEIT) to identify

utility of the Response surface assisted strategy

Indicated in Table 2 are the number of probesets (average of three independent

comparisons) detected (out of possible 22,301) at the given thresholds of t statistic cut-off

of probe-pairs (N’) satisfying this F’, indicated as (F°,N”} in

of this evaluation three replicates were compared to three other

independent replicates essentially representing the same samples scaled to the given

differential (indicated in first row), and the values indicated are averages of three such

independent evaluations. Again, the dataset used are the same as used in example shown

18690 X
7.71,6
10
15  (F’) and minimum number
column 1. For the purpose
20  inFIG. 16 and FIG. 17.

Embodiments of the method of this teachings which utilize (and are utilized in) the

above described Response

for identification of differe

surface assisted thresholding strategy (ReSurfX) embodiment

ntials using data-specific thresholds are described below.
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1216 5164 8993 12204 13596 7.71,6 6634 10584 14111 15600 10 Table 2-
Application of data-scaling strategy (SCALEIT) to identify utility of the
Response wyghb@fgomssi sted strategy Indicated in Tabl e 2pararshégosasper of
probesets (average of three independent conparisons) detected (out of
possi bl e 22,301) at the given thresholds oft statistic cut-off 15 (F ) and
m ni mum nunber Seie pf thbembadlmsnté fespritedtabsveyitiliged adagasét spedifidlly desigheds (F', N )

in colurml Forthep ose this vaI on th re
conpar ed tef PR B‘é‘pﬁﬁeﬁ Xﬂﬁ@ﬁt %i%ﬁ%‘f‘g?‘%%? Scsgtdglgl a@s‘is%%f‘&eﬂtﬁ G@Eetg?teré% nting
the sane %ﬂﬂ'ﬂdl@%eﬁi@iﬂés?&ﬂo@uidnﬁiogmvmnnbedaﬁdmieﬂt iCanke efbodiinesit, ok they i r st

row), and the values indicated are avera t dependent
eval uat i origstansg i which fhereds,pofe sp ?@W“&fbg tsvéngtﬁﬁg{“éesar@gﬁﬁe P(Hﬂgf npl e shown
20 in Bl GyikiBesaitekids!daset 4s abbiORUcHRAINS ﬁﬂéshbmetmanmeafsed Witsthaegpdi ngs
which utilize (and are utlllzed in) the above d scrllﬁ?@}avRes%gyge surface

assi st ed tofdats gercmtiog technelegygyh ER‘éﬁS‘EfrdF%“‘”‘eraﬁl FFtShO $®ati on of
di fferenti bhal ahd) s%§m\laﬂ§s 8nCindRis Ghteg, Heb@nns 13 WO
2007/0191@@&#’%@%%@%‘%@2@1 Sone % t he enbod 1|nm3nt§a,l dggsicrlgdl’oed Sabove
utilized doridataminingdesesperifiatinssholds pifhess prigmetsrrare distlossdes. Many currently
exi 511 Ng_dat 29945 REhIRINAL i ARANSH:i bl s L dan@idib Bhee
positives, or In sufficlent vari et mbodi ment, for the
i nst anide |stat1\m|mturavmudrféermlahmthangm lrangﬂ @ﬁdISﬁm@ﬂécremfbelﬂa‘fu ety of true and

tor eshords.  nar RS Sedl (Rl BbAGhoRR PRAKE (-GS T

t echnol og )c.orr&ﬁtmnmmalizadom ttahas expetimental eystmsd@mdl@brehﬁv‘@lwfﬂ@mt been

?gglgﬂlstnggt egl B’ﬁf ﬁ’%gaﬂ’afg% I?g‘ég%%b%“ﬁ%@pg aO%é%rg‘%{] IC GPW?%%Oq Bist 2:‘ St hese

par amet er sefintipticiteged. Ebodi nent for determ ning data-specific
th hal d Da f, di st t '
i1 TorBnt al s TG R Bbomh PSS ety b SRR Doy et dara

col | ecti ony.pl Alch@IcARdiffiefe BEREESHE ngo Sl BBV g?a@sgmumb (ry dhiat e@uidon,
normal i zati on etc.), and .experinent tem; e di fferﬁ{é | evel s of

i nherent  tHPigRIBt oYt RARIFS Iyt B‘é%ﬂ&ﬁ% PG gmp F‘?tﬁ/pe(“fe? ¢ally observed

when conpadetdiglindad btwhiBEtheReAIEEP hAdPHESA be dftinitcbased B the@biitetosieeema t hat
determ nes data-specific thresholds for distance &ﬁ% qlaéﬂs%e, nyneri cal

di f f er encesubsentially, optimeal copbipaioneé tra andgesifiyes iy €7 VSi#hat woul d
20 N step 1022, For this purpose, a large enough random sampling of the data — step 1062

(or the whole data, step 1064) is selected and the distance and ratio are determined
between the maximum and minimum for each selected measure for example within
replicates (thus capturing the noise component of the data, step 1066). The calculated
distances and ratios (individually) are sorted in ascending order of values (of @ and r) and
25  values of d and r at different percentiles on the ordered set of values are chosen as
thresholds (d’ and r*) — step 1072 - and used as described in applications described in
previous sections or in determining thresholds for many data analyses scheme (either for
selection or for elimination to avoid dealing with data just in noise range). The different
thresholds are tested on a training set and optimum value chosen (for example by using
30  equation for Negr ). This percentile value can be used to determine @’ and r” (the selected
thresholds — DaSTd’ and DaSTr?) step 1074. When additional specificity or safeguard is
warranted scaled up versions of the determined values of d’ and x”, or a percentile

threshold above that determined as optimum using the algorithm in FIG. § can be used to
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typically lie within noise |level for that data. In one enbodi nent, a
percentile is determ ned at which these values d and r woul d be opti num
based on wbheoedmwibigzy to detect substantially optimal caordiosdobaesods true
and positives froma tester dataset, e.g., using 20 Nefr step 1022. For
this purpose, a |arge enough random sanpling of the data - step 1062 (or
t he whol e isgease thewcepfidepemlpvels Dypdnaic theeshaldd cartedsadiestetenoinedibyiusieg i 0 are

det er ni ne%ixﬂfla.@fs&gg%?m@a mkﬁ&ea eyn{ﬂahggé r%;f{nﬂérﬁ%e{g'\gfresea@ﬁ&fe%%kg&&@%0“%?\%”r e for

exanple within | cat es us cap e nol sé conponen t he dat a,
st ep 1066)distripidion ahd adseming pietewisalivestya(sidp 1816).0s (i ndi vi dual | y) are sorted

I n ascending o r f.d and r) and 25 values..0f .d.and. r at
di fferent per cerﬂ?lgl' ? glféd %f#'t%ﬁdzes%ﬁasesrl@garse l)oglfme\'}gr Ay léllraglalgﬁ%asl gﬁn%gws
t hr eshal ddfo itle detemhinatjon of dateppebfitahrestRitbilS@Et me:sote of corfielehdensalppd | cat i ons

descri bed in. evi.ous sectio r in determ,ning thresholds, for many data
anal yses satyﬂléirgzi% & aﬁé){quagﬁngépgtetrfn@qo ROIFY "'Ié‘ie%ﬁ‘iVHHF P%Sﬁt“feﬁmatg%ﬁed deal i ng
with data rhugs). gmmmhsendeﬁmlla@e.enﬁﬁgﬁ sﬁlrhfﬂ%@f pﬂﬁlnetbl:ahﬁdiﬁlﬂ)itd&pﬂdaggfaﬁﬁt ed on ?
training set,a pti qum val ue chosen (faqr exanpl e usi equation for
Nef f ). THised %@ﬁé@*ﬁﬂlﬂq&a\va e e e ot wlogssen gﬁﬁﬂ%@ﬁdepq%ﬁas ¥ (the

sel ected il elo1080.08 STrarif BT dn 54 WAIGHGP by 2WRGS:, Rl | onal

specificity or safeguard is warranted scal ed up versions of the determ ned
val uestfof vabraggfclor =v4g-2.q visel cepHld maply find eagveh aumbgspé randerm valieer ni ned as
opt i MUM USjeRgbeh PeiméaRE intaﬂfﬁuhf‘vdﬁle%d?lé?@ﬂm@?th‘é%’lﬁﬂimuﬁm vty 02096019182

PCT/ US2006/ 030138 increase the confidence [ evel. Dynam C thresholds can
al so be ddisiiytdlp Byximymagd sipmugy valierag ragp souidibe gqeisalentiapsiegr by val ues

of the nme fof ' | i ' and assum ng
pi ecew se?&rﬁ%?f%ﬁ? 'gf Ge{glg %IL}%%%% gerr\gmﬁh&%@t’%es@%% @glélﬁsi m | ar
enmbodi ment(inchusive ofihe hndiphdits) aye sdrtell i forr sodugh sr@ps, steptlfd4, ddthappiopgdate on of

dat a- speci f.i f f fii u avoi d

di ff_eflgnt ingjr"(sﬁelfoér}irr%‘g{ralg[]lega%?Epéégtaﬁeﬁgl%agﬁ%% aﬁg@%g’ %ﬁencg' ?ﬁ%)s? Jr)fﬁe positives
i n those mgtipe&depdnderttmegsiremendswlidhe prdnsateyeasdn the giwins thapk of bis spetivanet er s
and all its replicatles. ane and, adgi ti onal l.ues wthin the range of
val ues r e DR R® RN grd nlea el ST bl i Viat

war r ant ed,is sthied ay agaleal tHealabsa tebt uspd fiy detefnsioingithe substaeidlll Gptimddr at e

factor - v ) V, =l ld,.imply find enou unber of, random val ues
boteen r-upfipfissagBa Ths Alteoied timter valies S UL BSTRERe fid BERHES] o)
step 1M82.of Flstlnger atStusédiRtetminedioniidette dresholdDUSTRYeas 5% @afidwmud d be
equi val ent, to usi vilrate factor_of 0. The val.ues for that paraneter
and Une r dREENPOAPRaEe T 1 Hreepting ot (. JH HEEGHRSHST B PR 6 ¢ ed ¢ o
f or m enouglteghibPSonfiate 1Bk itevitdd FoRiM D 4ifih g set, step 1096. The noise range

elimination strategies described earlier steps 1036 and 1048 (steps 1086 and 1088 in this

algorithm) could optionally included in calculating DaSTd?, DaSTr* and DaSTF".

25  Alternate manifestations of step 1092 could include median or any other percentile of

o

values calculated for the N? measures of each parameter, rather than the minimum over the
N’ values of F.
When informative N is greater than IN? the statistical threshold can be relaxed (for
more sensitive identification of differentials), using basic statistical principle of
30 independence (viz., p¥ = p:™). As mentioned before these data types do not exactly
satisfy statistical independence principle, but the advantage obtained through this

adjustment does not seem to come at recognizable cost in cases tested.
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15 nunber of replicates and the neasure of confidence cal cul ated, step
1090. In case of nultiple independent neasurenments of the paraneter, as is
the main4hep@@ésihi s section, this process is repeat garidsadokisrshol d
nunber of measurenents) tines and minimumvalue is stored as one val ue of
t he dataset to be used for determ ning the substantially optimal threshold
step 1092. TheTﬁ@éHo@@érﬁEbd%éﬁtMeéﬁhmdaraepﬂhsﬂeédeﬂmdcbmsﬁtfagaand the vaI ue
20 of F is chosen_at, a user gei,er_ |, ned nflde ?# shol d lﬁfilSTF'
55% conf | GERES FBPBIMOR3 3P o BE Lpupd 1eaPp Bt ons o8 KRGS e Vetip M8 oa, Thi o

val ue can el hheywiflafb A8 Ber AT diffefintial bRl Qv faremaikisdeitioet itepating over i t er at ed
for using a traini n% set, step 1096. The 0| se r f elim n tion
e,

strat egl e gange o€ Niand & valies 35dp eéaé’élﬁ%hl"i)‘g’fﬁc’& greeers Qy"féﬂ?é %4nd 1088 in
this %5:%51% desQHHed irORd. @nﬁid: V6 OG0 @ Und sppBancmb adsinitio PaST4l' ForDaSTr

and DaSTF ternate manifestations of ste‘ﬁ) 1092 coul d .i ncl ude nedi an or
any ot her thiepurppsei’evalyp way sat a2 80% af @lliprabesefs {ipdependenimessarsg) avalablss each

par amet er , 1 at L & shbbm ¥ATAHE 10fnd- (THHED)

i nformati bggeﬁﬂg?ho%@g{g %ﬁ{yﬁﬁm%ﬁ%ﬁﬁs{ﬂstsﬁlcﬁ t hr esholnd c(an be rel axed
(for nore sensitive i dent| fication of di fferent| al s) u5| ng basic

nti oned

statisti C".I—p-r-t-ne-u-p-l-e-—e-f-—GG—h-nﬁlc e v
e B, oL Design, | Resurtr, [enttiod, T (Oned

before theése _data types do natle e =Y.
principle,| but the advantage olptai ned t hrough t hi sTP8di dst bes not
seem t 0 Cq@pipfypeeCcogni zabl e ccst DinsGeaemetiest ¢d. 15 t2007/01;)182

0 a pu

R T OV meﬂl el | i shed

1 ¥

- u||p| e ClluUUl m l.UU LO
applicati Lype. s 5 m—t—h—l—a-s-é;e nunber
of d|ffereﬂﬂtﬂﬂﬁmﬁmﬁlalvarlant par anet élri’@"vm_j_g_m ' ' range of N
and F val yeszemlg n exanple 1, With goofBbkuccess|(FF&16), by usimg the 5

strategi e HE{GIPET TN FITG S5 FIG q-;ggd FI'G e results
to FIG 4] ' ' S pset s
(1 ndependg e a used in
exanpl e reé'lﬂtﬂlmm I’“ﬂ“ﬁ&tﬁi e l_and"ﬁﬂ%abl e 3) Desi gn
Resurt X identified TPs FPs Chi p type DrosGenornel Total pro besets used
3919 Total non-differential 2588 Total differential 1331 937 73

10 Table 3- Application of data-specific thresholding strategy (FIG. 5 - FIG. 7), BINorm scheme

(FIG. 14), and ReSurfX (FIG. 3) on a test dataset with large number of true and false positives.

The dataset used is from Choe et. al., [Genome Biology (2005) 6:R16], which is
incorporated by reference herein. The parameters used are
15 B’=107 {(calculated, data not shown)
d’ = 57 (Figure 5, at 50th percentile)
r’ = 1.162(Figure 5, at 50th percentile)
N? = 7 (estimated - prior art)
F* = 1.65 (i-statistic — Figure 6)
20 Intensity measure used is PM — MM, for each probe pair, Normalization used is
BINorm at 25% middle values in each subset using known spiked-in invariant set built-in

the data. AvgA and AvgB are used instead of max and min in Figure 3.
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>= 2 fold 781 732 }=1.5fold 1129 921 < 1.5 fold 202 16 Total prohesets
not used 10091 10 Table 3- Application of data-specific threshol ding

strat egy wbl2607/d19182FI G 7), Bl Norm schene (FIG 14), amttReSuedodo(38l G 3)
on a test dataset with | arge nunber of true and fal se positives. The
dataset used is from Choe et. al., [Genone Biology (2005) 6:R] 6], which is
i ncor porat ed byWhiksfheticthese apelicetions arhdepistaddoamelfiple irdspendprs megsieraantsy
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i ndependerPeATEERERArRYliE detefmifing, X Pﬂ"i'? iSPSHUYBE TR Car"a<et's with each

par anet er ﬂré‘&fe@ﬁﬁié& ﬁﬁa@ks@oﬁh@&i@aﬁt&if bki%asuréﬂiﬁns regults safisfpthyesheld arieiigved by
setting =1 in both these cases. s of the.nmethod of the present

t eachi ngs @@F‘fﬁmq %ﬁWS‘HQP%‘}’fE‘ESBFS ?:m S raiR et vaSHSPRY TFRELS ur ement

resul t fraom,g Hﬁh@néﬁtthé prbRicRmMe BRAsueds dodof @tx%/ thed TRRSHHIEE R M esul t's,

determ ning, for each one pair of neasurement res whet her

pr edetdr niosewarieg sitherredelprmingd n‘tﬁ%@“?ﬁaﬁa?*‘ftf’ﬁ %B@ﬁ?&ﬁﬁ?“q’ 8%l ts satisfy

threshol d Iﬁéasaﬁﬁqegt,resuﬁhﬁé&hm% éfn?@a'sﬁrexﬁémﬁ‘&ﬁﬁwo%ﬂ&[i&r rﬁ&%&%&&xéﬂtfrésﬁm the

nunber of palrs of nmeasurenent results as not changing if the

pr edet er miineethrme pair efmersursprenigagulisfojassifiing, AR dhrromperisonesach ond BRI npar i ng,

if the pr £Ed 885 i, gRNE

measur enenyﬁ%%ﬁ%&}eﬁﬁ@suﬁ??&ﬁfdﬁ% i ?%asm? b gc&ﬂgaﬁsgﬂrree%?%ﬂtgu [ts to anot her

measur energmbodiudnt indiwles thelstephel p@ragutg‘thmmmsqi%§mfﬂ§ﬂme¢@§5| fyi ng,

after e c arLs n ordlngto

Fesal tor TRERBIEAR SRR PR e S TEAMEE b S iSraBaF T

i ncl udes tlheaseﬂeﬁqaﬂt red‘ulta\ﬂmleamtlwg ptdceedsfshniﬂarmnprepghmg grebodiresnt, rUé!bZlnEa_t i ons

2'1\5/ e?gg egr Opuagrls g?a‘\}epaegec? }/n%{ls%%%len resu%érms earH[Of rpgf?su (lyftrésuitgt Ry &nﬂéﬁfﬁa&{t o?gucﬂa' rs of
method of these teachings, EMINE: An Explicit Mode! INdependent Expression measure,

for summarizing parameter value when represented by multiple independent measures is
20  disclosed below.

As described above, conventional summarized values for multiple independent
measures are model based. While such conventionally used model based approaches have
significant advantages they may not always be desirable for all datasets. As described
above, use of all independent measures directly confers significant advantage of

25  specificity when identifying differentials between datasets. But such methodology has to
be adapted for use with other well established advanced stafistical and mathematical
methods of analysis for pattern recognition etc, especially when the dimensions classifying
the observations and the interactions of interest in the dataset gets higher. And
embodiment of a explicit model independent expression summary method is disclosed,

30  where the computational and adaptation costs for using the multiple measures of each
parameter does not outweigh the disadvantages.

FIG. 9 and FIG. 10 describe an embodiment of the method of these teachings for

summary measure using groups of data (typically replicates of observations in a dataset),
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measurenent results. The nethod proceeds simlar to the preceding

enbodi nent, utilizing pairs of averaged neasurenent results instead of
pairs of waShh#siersdn enbodi ment of such nethod of thesecrAgsHisRasss EM NE:
An Explicit Mdel | Ndependent Expression neasure, for summari zing

par anmet er val ue when represented by multiple i ndependent neasures is 20
di scl osed vidle@®IG. $andFEG. rliohbﬁbrmbavmlamgaﬁﬁmibﬂmk dealingeithzaft val ues for

multiple in endent, re re del, based, Il e sych ventional |y
Toed odel OHTLEN 30 PBA B LA oResp e oAyt oB n B BTEREDT oy not

al ways be lﬂ@asﬁreaaisguﬁgximsfelthreg@lmﬁérﬁ1eA§te9£ﬁmmmd mbq\m ammamtasal |
|ndependent measures directly confers s ni fi cant nta

speci fi ci ti§ SKRPFeWSﬁ&%%WWP%pad‘?q‘?t"érl%ﬂﬁﬁs ed apq W?%F )al& gse l?f such
met hodo] ogychas (hPi.e.Llepad e, ¢od, QIosufﬂeV\élﬂ'@ ﬁzh%sew%lpaw@bl i shed advanced

statistical and nathenatical nethods of anal ysis for pattern recognition
etc, especiomppsisonmsteptlAS. dBasechen asimany lcamparisyRsRyssiblg forgunigimun nERker and t he
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1114 (as TRESYYITIRIES éﬂﬁaﬁfﬁﬂsgssgp lgtfspasfoé’??eﬁtg aeé"lmoﬁ%@%ﬂoé’gy as no change
(NC), i ncrepaghe éhBodahedts wWewd @rREde 6fdbring the usasteqmmbﬂeesau bﬁs‘bﬂﬁn pirp68, 1116
1118, 1120 based,on pair-w se c¢onparisons,. step g% n as
corrparl%on%’e‘ii@%%tﬁ‘l‘%{) e (€or2lage AiPfd W?H?%‘B?andd’lsmgﬁﬁf)ta{ ?W‘ﬁﬁé’ aﬂ°85r ge nurrber
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and as nanfyrmsid‘ybménwn?ﬁé%w&ﬁwgtsﬁ%ﬂﬁ%ae&ﬁliow&?’rﬁn&ﬂ&sf f for that

10 par amet,graaf & ﬁﬂ%@@c&ﬁfm%%u]ﬁ@lﬁﬁf@%ﬁiedsﬂlﬁﬁbr IdkBdut ddkabratiieomunber  of
I ndependent neasurenents chosen for each paraneter is above N _the val ues

based one qualitr(gerctl24halpN msasyements stisiyng punipum GHBaEHUsEA FiPHd20h ddl e N
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dat asets S er nate purpose/technol ogy
could be a simple measure such as weighted average with outlier correction or any other

established or modified summary measures step 1130. When a number of measurements
are available such N’ measurements that have uniform propérty over many comparisons
(usually can be set as a threshold percentage of comparisons available to determine this
25  property) a common set for use with that type of dataset for most uses beyond available or
used for this step can be chosen and stored for future use. The use of such uniform set of
measurcments for each parameter for all datasets, termed the Chosenset step 1122, makes
the summarized values have naturally better quality than using all or variable number of
informative measurements. Use of an additional appropriate normalization after EMINE
30  may be advantageous in some instances. One advantage of EMINE is the minimal use of

numerical correction criteria.
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speci fic enbodi ments woul d i nclude ordering the usable paraneters N based
on purpose 15 specific criteria (e.g., along a predicted transcript and
usi ng a swo wdTa9orsAxi m zes chances of detecting a vari aUT/us200a030138
transcript of interest anong possible alternatively spliced fornms). Wen
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ur fadd bad s Rl HaBC WhEREEIIES O afishih SRR € gl (DT

12 depi ct td¥dstep h140) fherfaittdtopesdaniba gsaidhr swainesy wkasust. | Whesf neediidf f er ent i al

(in pair-w. arison esti g of confidence for differentials
Shon” us RS0 THRE S ki 1356 o R TR ipBR0Y! BERT Tl ya fol BT

si npl est fparamees bveratienvafbed 6F meusures used ddaised toaidtelyint akd repoy an estimageofr at i o
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¢ hr eshol d B 18Hp 414 TrASWe oA panfidbacs uses simifer sespmighes tisps 1139 apdfido et
1048, 20si REaxtakindhupedsidiguiddne glvo kit dst omavitive meahize ChamGdaes, diick at egy
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of that parameter in that comparison could also be used. When informative N is greater

than threshold N?, an alternative is to use the middle N’ values of a sorted (descending)
array of F values — step 1148. The confidence measure can then be used as in the cost

25  factor as an additive measure of N’ and F” (step 1026) or can be converted to a p-value
from a standard statistic or bootstrap based statistics and presented in desirable format
(some usable forms are proposed in FIG. 12, step 1150). In the case of using EMINE
summarized values, standard mathematical and/or statistical can be applied — steps 1142
and 1152,

30
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paranmeter followed by a summary netric - step 1138 - (e.g., weighted
average with outlier 15 correction as in step 1130). Wen N failing noise
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(referred to as SCALEIT) is disclosed herein below. As has been used
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T oD GRFRLLAS RS FEL B Ao Rl SRR, L7150
t eachizngs AsséxagpR of 8i®approach in the context of Response surface assisted method to

identify differentials at various thresholds — step 1158 - is shown in Table 2. Some forms

of data analysis schemes would be better tested by modifications of this unidirectional

scaling strategy, for example bidirectional changes or mixture of such changes suitably

combined with original dataset.

25 An embodiment of the method of these teachings for normalizing data from a data
set includes the steps of sorting data from the data set according to measurement value,
selecting, according to a predetermined criterion, reference subsets, the reference subsets
having at least one reference measurement value, selecting, from the sorted data, data
elements having measurement values substantialty equivalent to the one or more reference

30 measurement values, sorting the data elements having substantially equivalent
measurement values, the soried data elements comprising a sorted substantially equivalent
subset, and utilizing the one or more reference measurement values and the sorted

substantially equivalent subset to normalize the data sef.. An embodiment of such
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15 scaling approach (SCALEIT), and an exanple of its utility provided.
Briefly, this enbodi ment, SCALEIT, involves scaling the whol e dataset and
its replwoawegiws2varyi ng extent (e.g., 1.2, 1.5, 2 ti redsl/8%2006/030138st ep
1154 - and application of the data anal ysi s/differential identification
schenme - step 1156. The advantage with th approach being the utilization
of all podeschings mefivetoddy peipeiples gﬂégloglﬁﬂéﬁl‘@ﬁfm‘{eéo P?ngagif‘s‘i‘f’é'ﬁ}irfef"ﬂ? AA3exanpl e
of this agﬂ?@ﬁﬁkﬁshﬁc%&l&%ﬁ’éﬁwo‘c Response surface assisted nmethod to
identify erentla s at various thresholds - step 1158 - is shown in
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pri nci pl e%hggenl?)?‘i’a{rﬂ{@qﬁﬁblehd’é‘(@r 5 ARt Aﬁplféaﬁ@iﬂbﬂbzmdmoemoswsem ashiélpisas

BINorm is disclosed ‘herein | ow. Arra% based as wel|l as pany ot her

t echnol ogiiseorpasated by rgirgnce hengtm.nExampie pigihar spmmenkrdsedgpsihess 1 rical
equi vajen 0SS
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groups as I n pri zat |l owers). Invariably a rank
based ass unq;thmbof these taaclimgs; which istmotsfysﬁ émmmmlr@hmmf piolagicatt

distri but!o%}gl f%@s@ é%%}g eﬁl%%mgg‘.l&hﬁ whol e dat asets and choosi ng rank

based 10 i¥ a reference and a target dataset (e.g., U
S. PatEnt No. @%e4hédly, in bibibgihalisgstémcaudyingatadatidnofial perametees ihenedm) or a

G vi de | e PagBeD) o poae et il e e pRE R biAga ot aset 1<

invariant values in any given sample of the dataset. In addition in many systems the

variation (or differentials) between experimental conditions and technical variations are
random, bidirectional and randomly distributed. Such systems and systems with small

25  number of real differences are amenable to this normalization scheme, termed, BINorm —
to indicate biological invariance motivated normalization. This schema requires
designation of one observation as reference — step 1160 - and all other observations are
normalized with reference to this dataset. Cyclical normalization, i.e., all against all in
pair-wise manner might be of use in some instances.

30 The reference data is ordered by measured values — step 1162 - and subsets are
chosen along the total distribution of the data, termed Iref, step 1164. The measures
equivalent to each subset (i.e., indexes of the data points in the subset are used) are chosen

from the target data and this subset sorted, termed Itarget, step 1166. In its simplest form
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chosen by rank equival ence (U S. Patent Application Pub. No.
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step 1166.71R% S sinplest Form e 03300 §i88 “with
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val ues, i n e ar subset ,s ave Y at_val yes .0 subse
{r om rior orifEenaPR e R ERE S (af P ¥ B ) beifRaytiemuRt kB 1A5S1 ) o0
in a 100 priddk) sidissding tie vahefto the thildlakpei ref TAbsili-inh@irdveseggdarfor nedi an)
of the x values in lItarget wll be.,eguivalent to |Iref. The 5. equival ence
det er m nePPHRIPHRALYC WVYy ti%@"%ﬁﬁéﬁ@&@ﬁ@&’? °%d1?|uae‘{*ﬂé?ft qﬂg%gﬁ}e normal i ze
using a piReaNizator tb pREtuthliackéton slep 1172 Thaisiighbl eppRdpriate te@uti@medsry Wi th the
percentage of _invariance and can be iterated ypon, raﬁtﬂ‘g&}llm’ after the

above st epaBivalgprea dGvsrdier BerAfiE C OB &4t REEFEMACT HiO pEgebili%er jterating

on regignalquRakhitalgRREReR{o %@k dRSWR daid W@ be @S oflCMET difkREhdIREOW. As | ong
as the percentage of invariance between the datasets 10 is above x, there

shoul d be eBccadageRbRiTseaihomoglasets 35 dslrERinghwHh fhgdest pan@imop@fstawpiEde,
invariants or another {est scheme for equivalence — step 1174. BINorm scheme has the
advantage of simple correction of systematic changes while preserving variability inherent
in the experimental design, thus improving specificity and confidence in the utilization of
25  resultant inferences from the analyses. An example of such usage with a perfect invariant
set is shown in Table 3, though these teachings not being limited to such an example.
When data from multiple measurement platforms or variations in the measurement
system of the same platform are used, a large enough presence of common link terms for
the identifiers of the parameters should suffice to make the measurement values in |
30  between the datasets equivalent and comparable.
As mentioned above, the availability of large scale datasets for each organism and
platform a large enough putative invariant parameters can be chosen and used for general

purpose analyses of various kinds. While not all parameters may be truly invariant in all
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having s udﬁ“’}grsﬁ}%@?r icedespilt in therfain langugee. RHewewsh thrmetbedsiopd s, A system
and computiRése a0k A BrohAdiited t1aHy dnb beEpREAsnubE: PR AUESLHESR! BRckptst €achi ngs
to current, databases and other software utilities is described bel ow.
individually can also be used as functions integrated inside other packages. A simple
schema of an embodiment of a system of these teachings is presented in FIG. 15.
The teachings presented here have the advantage of minimal assumptions and
numerical treatments in most cases thus adding to the goal of high confidence utilization
25  of large-scale and many high-throughput data — step 1192. The concepts and algorithms
for applicability for multiple independent measures of a parameter also would have
applications in many other scenario (e.g., certain kinds of analysis of time course data,
collection of meta-data as each parameter). While the utility are discussed in the context
of high-throughput and large-scale organismal (or genome wide) data in biological
30  contexts it should have utility in variety of other contexts where the possibility of

application of the concepts and algorithms exist.
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As can be seen in the Figures and the above description, the teachings and
concepts 10 presented herei nabove are presented directly in the form of

al gori t hngotdg@toiaise directly anmenable to devel opment obceaspedsso139ft ware
- step 1182 - (in any of the conmputer |anguages and user-interface tools)
that can be integrated with databases and data warehouses - step 1178 and
1180 - as well as ability to use output for other applications using other
software or use as input nethods/al gorithns available in other software 15
packages in coni oidettpatterideseribe thets teashings, gdolloveng premplpry embaiiment) 88 and
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b is the background of that chip (as determined by Microarray Suite 5.0). When

more than 11 probe-pairs represented a probeset only the first 11 (in their order of listing
in Affymetrix probesequence file) were extracted and used. The difference between
25  perfect match and mismatch value for each probe-pair was used for all further evaluations.
Zero or negative differences were set to background.
The signal values were extracted using Microarray Suite 5.0 (Affymetrix, CA) with
the trimmed mean (top and bottom 2% sigpal values are trimmed) for each array scaled to
a target intensity of 500, for representation in Figure 3. Standard definitions for sensitivity
30  and positive prediction value (PPV) were used. Sensitivity was calculated as sn = TP /(TP
-+ FN); PPV was calculated as: PPV = TP /(TP + FP), where TP is true positives, FPis false
positives, and FN is false negatives. Typically, variance weighted average were used, as

" mentioned.
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10 probesets starting with AFFX not part of the spike-ins of known
concentration were renoved for calculation of true and fal se positives

I nvol vi ngwepnkao1p1sl, si nce some of them had obviously diciwes2tdnse13s

di fferences. Three probesets were reported to have perfect honology of 5
or nore probe-pairs thus |eaving 45 true positives and 22,185 fal se
positives for each conparison in the dataset. Unless nentioned ot herw se,
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m smat che wer e be background in the
chi ps useiﬂ}%lbrﬁg@ﬁta}é cégﬁ’l Wﬁ@ﬁé&éé%g?@o d to target val ue
of 500. b pitp:/ARew baai@gmmo@g[dcmseatzam 2604 They dhinesmsioned b D6 mabs-ay Sui te
5.0). Wien ,mpre than 11 be pairs r nted g t.only the first
11 (i n t héais & gost W?Y}P&Sﬁn dhe qVRreRg 'Pi?ﬁE’PPIP Wi‘ﬁ‘ﬁﬁ ‘{?u ﬁ'@ afrqnsa%%r e
extract ed RRgmyRaRing he- oﬂll\fﬁ-@fe%lﬁﬁerléﬁhy&ﬁﬁmziﬁ waaévam) padkghouadd m smat ch
val ue for "each _probe-pair was used for all furth eval uati ons. Zero or

negat iMe di f f erlapicelanplgyipoilaanethipyiatalary idemificatione %élﬁg?ﬁea’ltlaR? POMSER ver o
extracted g4 (kjé’tgm%l% BHachich c?f'{hé @o@e Bvdi Ahh YiSBE b dnifild BxpY¥shibn indbe tri mred

mean (top an ottom 2% signal ‘values are trimmed) for each array scaled to
a target isignéfiingtie estimaied levelmt exlaressmaﬁtt@t regrcnind sEngasizingthe dfampation

def 1 N1 L1 0N tloUiev3f Botibie Pk pdfhs, 3NOwAAS hdrhn 5’&%&‘8‘1‘ s%ampﬁql?efaé HSnh&PY) wer e

used. Sensitivity was c cuI V was cal cul at ed
as: PPV = lff@htﬁc(sﬁﬁbdlfoﬁh)s puypves are $EHIR, RMse apb¥iAS (Wieroarpy %llbaﬂuﬁrénﬂ)pom tives,
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2004] .20Thigzderéd ﬂat%ﬂ&ﬁdr%ﬂi%ﬁB@iesihﬁ appremes i hist shiisfacomiy addran terisspe of and t he

aver age backgroynd used as 60 | cul ati o
g falsg pOSlijUVBS 1s aspect has recently been eva uatecfI tsér \alt\?ew test datasefs such as the

one used herein, While improvements in the aforementioned aspects are constantly being
proposed, statistics applied Hirectly to probe-level data is an attractive alternative. As
discussed earlier, several biological and sequence related issues complicate simple

25  selection of a statistical threshold such as a p-value when using the Student’s t-test. The
following approach is motivated by the fact that the multiple independent features
measured signifying the expression level of a transcript should in principle allow selection
of a threshold that is appropriate to the noise in a particular data set. In many well behaved
dataset this threshold should be lower than a commonly acceptable threshold, e.g., t

30  signifying p <= 0.05.

In order to study the performance of differential expression measured at probe

level the response surface of sensitivity, positive prediction value, number of true positives

and number of false positives were evaluated as a function of number of valid probe-pairs
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perfornmed using C++ on Ms-Devel oper environnment in Wndows XP background.
10 Typical analysis of GeneChip data for identification of differentials
bet ween wWateemiidis2nvol ve extraction of the probe | evel pdatiE200&H08@138N

uni fied expression index signifying the estimated | evel of expression of
that transcript summarizing the information in the eleven or nore
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|ssueSIOCOﬁlihliaaemnormrmiadomnbelemwwsm a statistical threshold such as a
p-val ue when using the Student's t-test. The follow ng approach is
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m ni mum dpﬁug\,lt\% thaselige chip bisherean L@ﬂlﬁf‘m %ﬂ%@ﬁ@‘@e’g@&sﬁéwﬂ?ﬁgnal f or
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20  all having the same direction of change. As can be seen from FIG. 18A, and as expected,

with increasing threshold of t and probe-pair threshold the positive prediction value (PPV)
increases i.e., a decreasing number of false positives are identified and sensitivity
decreases i.e., lesser number of true positives are identified as differentials. FIG. 18B,
shows the decrease of true and false positives with increasing threshold of t and np.

25 The above problem can in principle be viewed as area under the Receiver operating
characteristic (ROC) curve problem with two dimensions t threshold as one dimension
and number of valid probe-pair number as another dimension. In this kind of situation, one
would expect multiple thresholds involving the two dimensions that would have optimal
area under the ROC curve. Alternatively, this can be viewed as an optimization problem

30 with the goal of detecting as many true positives with optimal combination sensitivity and
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to avoid values in very close range. In addition, a condition that there
are no nore than one-fifth the probesets that had change in opposite

di recti orwoasernpseced. I n general this |atter conditi ACTWEERSEEI3Sa
determning factor in selection of differentials in this dataset. 10 This
selection criteria for can be expressed as: ME (n | t >=1t', Xiel Xib

>=1. 1, ( Xxipesitivogriction value Inothes wordsjthis ogwereavritton snathemagicatlyas, termegr obe- pai r s
satisfyingyﬁgﬁeggﬂgﬁqkﬁgﬁmm%hkhﬁﬁ&nghﬁ?reshold for t statistic, np is the
t hreshol d for nunber of valid probe-pairs, xie and xib is the signal value
for probe-pair i, in experinental and baseline chips, respectively. The
above 15 equation represents selection of probesets where the chip

desi gnat ed the eblger TiRehTE/(IdhrFPha¢! kiEPEIP)val ue than the ¢4§ p designated
t he baseline chip, the equation for probesets with value fofr "baseline chip
hi gher can be obtained by interchanging xie and xib. For exanple for a

probeset that gt 5fsh&®s thb Geshbiise Siteles oPihisG rdivehuRbaRF pBdiifes agnd t val ue of
7.0, at least 6 probe-pairs represent I(r?;g that probeset w il 1 ndividually
1

have a3t - Singtiprefitandpumbey obyalighpsohe-pairs ()11t erambierserntfiun dwfigurtithaet i on of
change. /Safs@0f ind2peh febihchipa ﬁgpgﬁmgﬁggwwﬁﬂ (v drfr Syaag easi ng
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be vi d h nger th i,yer..o ting,.characteristic .((ROC) curve
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val i d pr offbe psancerefidlerze psrtian of the surdicraasss@randeroft bndnkhavthgafmiticrt uat i on,

one woul | ti reshol ds i.nvol ving the two.dj nensi ons that
woul d havgeﬁxdgm1 16 sgg%eg%s%érw Y %IQE?WI.}“G%? g%&r?ﬁ?ﬁ%"é{yﬁ"dt his can be
vi ewed as sdeciiofng fma‘h yhpma?ﬂ@bi:gtﬁugﬁowﬁﬁahyﬁﬂ&ﬁeaﬁﬁ@&e@éns(étﬁﬁt?@fi\il%&ﬁgg /rrgmé -
true positjve i.th opti conbjnation,sensitivity a . 7/ 0191
PCT/ Uszooéf%%%'la@%m‘ﬁﬁgﬁ ﬁ"g@éffeﬁ%’aisd'f FHCRlt gpreshed %%(%Ev%rzfg‘& PRPE can be
wWitten nmasHi@edin gikiple BadefinbiziRdst fadtérashdidtRg BOHR & o Firaﬂ@féfstbleiﬁgs identified
(Neff): Neff = TP * Tfée%TP + FP% * (1- FPLTP) (4]. FIG ,16 shows the
response &§ef-de fgym phfedinpesuchd cast aiipstsd cilpgtive suimperf pogilves pskedinct i on of t
and nunbercofledbduld Bd:0be-pairs (np). It can be seen fromthe figure that a
range oft and np can result in conparable Neff, with top two Neff at
(t',np) of (7,5) and - [5]

CAN ;= N g /(t' + np)

The response surface for CANeff as a function of t* and np is shown in FIG. 17. It
20  can be seen from the surface of CANeff (FIG. 17) that the largely flat area near the peak
of Neff (in FIG. 16) can now be reduced to a few distinct and narrow peaks. The (t’,np)
values yielding the top three CANeff are (3,7), (4,6) and (4,7) with (true positives, false
positives) (86, 2), (91,5) and tSS,O), respectively. It should be highlighted that these values
of true and false positives selected at this threshold are comparable to that of the maximum
25  Neff mentioned before. For comparison, at t signifying p<= 0.05 and a threshold of six
valid probesets the (frue positives,false positives) was (85,0). The number of true and false
positives identified and the concentration range of the spike-in positives for a selected set

of t* and np values are summarized in Table 1. The possibility of selecting a lower
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(6,6) with (true positives, false positives) of (91,1),(89, 1) and (87,0),
respectively. The total possible nunber of true positives and false

posi ti vesyaoi@olslzz and 66, 555, respectively. It shoul gchpaspesegoizhat t he
| owest differential (two fold) was used fromthe 10 dataset, higher
differentials would lead to identification of higher nunber of true
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spi ke-in Sgéé‘,‘?e? T\‘/HESSS?1 %l‘ri\ég&ge ngpcatns%f’% c}a% cﬁi %asw}&lgv o \%ré?a%gg egﬂ?nmri zed in
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F%&éé%ﬂl R <t hPé %%6@1 Erﬁg@éﬁ Pegifying e tlieﬁ%r? TERIFATG |
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smal | dlfferentlals mnéhout sh%nlflcant | oss of select|V|ty (illustrated

in the negtvel kyvek Bshepl &¥en ¢ thedawer thaggholdl BRI 649): B6t | i ned above

is tepged dR&SéiﬁfEE(av%ﬁEe FesRe 86 8pa bisAeMp@es toh 88muRadaaBhtIE test. It shoul d
be noted that |lower the threshold that can give ?ood sel ecti vi

t
better it differengialsdpizned belew) ldeéﬁﬁeﬁéﬁ’eé%?ﬂl.‘éﬁ%ﬁaﬂ&@& Yorang 8AY of 15, ?:n?y fmdanscrl pts

W th 1 0W 4 fo1d respectively, which further emphasizes the need for and importance of the proposed

approach. At a threshold of (7.71, 6) these values were significantly lower viz., 30%, 47%,
63% and 70%, respectively. For the purpose of calculating percentage of differentials

25  identified the maximum identifiable differentials was set at 21,485, which is the
differentials (average of three comparisons) identified at the threshold of (t’ = 4, np = 5)
with a scaling factor of 10. A steep decline face on the surface of FIG 17 (right hand side)
with increasing probe-pair threshold together with results indicated in Table 2 also
indicate a higher penalty for increasing the probe-pair threshold than for increasing t

30  statistic threshold. Additionally, these data indicate that an appropriate choice of a lower
probe-pair threshold can lead to significantly higher number of true differentials without
concomitant increase in false positives. In order to have a preliminary characterization of

the nature of probesets/transcripts that are selected and are missed in this study, the
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10 expression |evels. Thus, the advantage of the |owered threshold were
eval uated by scaling one of the two datasets (i.e., the probe |evel data
ext r act edw@20061e19182ed herein) used in above conpari son RGI/USR0PEERY138Xt ent S
(1.5, 2, 3 and 4 fold) and conpari ng to the other dataset. This should

al | ow corrp% Lson of .data classes with gﬁr vari ety of variances as

opposed t o EUeMIeR pTiRe pxDIessigY indfres Up siplify lhe reprrsenition) piihese prrbaseds far so
reveal the oﬁeﬂﬁhé invéshdd & ) om€7) RRIBRE M PRY. 1oNAL B KBt P¥dm PGt fehni cal

replicates, thus reveali ngl t he maxi num _achi evable sensitivity. The results
for this ed anfpeniedipe disaibutionanthy expregsian laiivﬁgs Qfﬂ’éﬁbte&ﬁ?ﬁ {aRpexpeasis fre
signifyi ngd&e&m&t{aﬁ tlﬁglﬁl difBrehit] 843130 &b YBsd e{% ]
represented. in Tab & lAsl el;? ect ed, trllle reg}ﬁ(?%(g)g ése?]oa?hl gher

sensi ti vit }igher Chﬁﬁrémql mﬁlowe@rlw CXJIeASPrs) wzlv@i is cbmsmsdmwhtu observatiomdhathat even
at the | Ov‘ﬁferélgh%ﬁ%}lgmﬂtgén 8w Blteckitn pa)ggest he 20 differentials (average of

three conparisons conpar to maximumidentifiable differentials defined
bel ow) identi fi Eep epimal appligatich P ResLoiP @ﬂélagwhlSﬁﬁ@lm‘wﬁh Giffe2nt @oparides 4 f ol d

respective i need for rtance of the

pr oposed l:}1é|t;pr oac &&I&#{Iwﬁ? gﬁ%ﬁ‘fﬁpgn&eﬁfc’f%au%’)mmé’g Vé?%@o%r e

signifi canNIeyerth@m theirgsults G0Ppreliiiiary e6dbativndo WK thedope alirbsheldy. For the

o ot 1 SR el Faf TR Hee HlatbestfesPhotiedadon tibekeirsTines

((zh ffer Znt i aiesre@ameana@ng)fﬁotﬂhfsqﬁqﬁmafp) &@?gﬁ)ilgg di@te)tah@g @t\hfe}ehl@st?chéxf-‘s hol dhof
t' = tor 0 steep decl.ine_face on the

surface of 8r|\_e| Sé?%ffm\érf’g‘&ﬂtreﬂilﬁ% g‘%ﬂ ‘Oﬁﬁ’rloﬁu‘fsr%ffbé‘é"sqsﬁ?gmﬁ erse Ferihis t hr eshol d

t oget her wpiirposepddid fromistxdiveah Qheht% witofticZstéHo$io weld iliCiRtotws g FH @@ff penal ty

for incr eaSJ glgf}t‘f%% robe | r thr eshold than for increasin 0 statistic

threshol d. ™ FV‘et e@éew b higfs kead o idemificationgfonky |aa€181 ehoi ce of

a | owers pIZ?@ﬁhﬁabdsetts By (3%5'%&*3‘8?@6@3&9@3%&%&1%%!1 flzj 1%'2!8& Shihsiep\ggber of
true differentjals without conComitant increasé in fa positives. In

order to hiRroBe-pries formest pobesclsfiepascsipiszat i on of the nature of

probeset s/ t r ansig sHoRihelddald 1B [ tudy, the
28 WD 2007/019182 PCT/ uszoéeltg’g%%%%‘gﬂgﬁa %)“g{ﬁm%iaﬁq’gﬁﬁgiﬁr%séﬂ on i ndi ces

(to sinpl i Hlystegigsomenf diccambardingnis o thesticanbings elybdass sofflmit thesedeashinghe
t hr eshol dspdrlioed¥Rd atfve @genﬁl rr}' SmBOHEn tflf'usﬁhg‘all 12 the/dBof sl fﬁg& een from Fl G

19 and_as expected the but1 on expression 1n es of probesets,
| ow ex#t eswfiodingnts. det ected better at higher differential ratios.

'y, al h di ff |
Conversely, al Mggtedhlon é%s&{mg&@%%ﬁ] §§n‘?@{: rftecgﬁn gﬁlilgl;ﬁifg{ﬂ;%%tﬁgt It ﬁat

rati os were | ow expre ors on5|
t here i s Hirggramaekezbiing ana pmg:hhmablemxdpﬁtemlclamng apgﬁ&sor]'h stopt imgdium

appl i cati q@a&%le%?%ﬁ'é If)rlgce%g'or 81 a%gg,(\far examg}t)e vcﬁatvi‘e and nc;ntvo?an?enl;[aelgr gperties
and/or storage elements), and, in some embodiments, also including at least one input
25 device, and/or at least one output device. Program code may be applied to data entered
using the input device (or user interface) to perform the functions described and to
generate output information. The output information may be applied to one or more

output devices,

Elements and components described herein may be further divided into additional

30  components or joined together to form fewer components for performing the same

functions.
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need additional testing with an i ndependent confirmati on using anot her
technol ogy. Nevertheless, the results of a prelimnary evaluation to test
if the | qngrnod7mieshol d 10 identified by ResurfP woul d | egunistas/obmbse
positives when tested on biological replicates are very encouragi ng. For
this purpose (t',np) thresholds of (3,6) and (3,8) were tested on one set
of bi ol ogi cal Esthqonmu‘esplbgnam rozr i lmgbmmeésl mtmgrmmméanmgﬁowg For

R 1 A

to ide nt I fah oBjedtannientd prﬂg;anﬁﬁngiaﬂg@ge af a l:&nmﬁatﬁimhqaeaib Fhepmgamn(igg 6) and

(3,8), ectlvel , _even, e consisted of 16
pr obe- pal %@?ﬁf'% aﬁp@gg%c&rg ’ipgf’ﬁesd(s,pf?% lr%étqansgﬁ'%%el d be noted that the
above exenpl ary enbodi nent is presented to better illustrate sonme of the

enbodi gent s of Esdhesmptieapiopragsmanis, impbesnied in 4 ¢amputer peegeant pradiitngs nor

does the abo e | ar | us L& t descri bed
20 enbodi g@ﬁ\@' r?ﬁp@?qdég%ﬁ |E|@§r'r8%d§§1rel géﬁe%govefoﬁ%’lwgmblﬁac%%g‘\'{tt%ed in one or
nor e Com%@hss?pmahm%;ﬁmmtmwmm@ T o ametedyl aecomplmupwlcesgmcl ud:c ng a
processor, a storage nediy ess i ncl.udi ng, for
exanpl e, aecxtipg %PTQWWIQBIGE‘SP‘?%A) mupeéﬁ%dﬂ @’P’é‘é gf%Ments), and,

in sone enpedbmEiTiife in®nSen by 6perdind on atpul zﬁﬂ'a‘g’én@ﬁtﬁlgldaﬁmt Gﬁeldﬁeth@ds and/ or at
| east one out put device. Program code may d to data entered wusing

the i nfut 28eoT uEnpuisy cefse Fan l?ff’\é*ii? wpwhto fhaseﬂg?grgtp Tsﬁ OF eRTREIPAYRES Yescri bed and
to gener %ﬁp&iéh@lﬁ%remﬁr%mﬂp%ﬁoﬁ RsOsinbstationd nARL] Cembmticasoappl ied to
one or nore “output devices. Elenents and conpgnents descrlﬁ)qd(c)lﬁherel n nay
be furt herinit ondugputiee camapaicgivgand Bpeebing vl camppnepts deseHoedfgtither t o

form fewer f s dhiictions. 29 WO 2007/019182
PCT/ USZOO@ngﬁ%%l@&ﬂ% EIQ %‘tcggéyﬁregg%gibnnﬁl@%% i npl enent ed | n any

programi ng | anguage, such as assenply | angua chi ne I uage a
hi gh-1 evel pr oSemmogIfomEIEes ﬁ@zﬁpﬁt?rgreqld&h’é utefgw’bl‘} Heﬂ“l %d progr amm ng

| anguage, ngﬂte gaﬁﬁglﬂg?ﬁfsk nddias el harﬁ'@?skﬂhﬁ’@l%ﬁéﬂzg@%r aﬁmwm@nmy be a

conpi l'ed or | ramm ng | angua nput er program nmay

be i npl ererd@un,larCIéR@MW@ er9ptiep! @ﬁ@lﬂmoﬁ%}@eﬂ qa&ﬁg?aﬁﬁﬁa@ﬂ%cﬂt@ﬂ ina
comput ef - I BRHaRhRRRR ttgﬁx‘é'o?ﬁolésﬁg fngrhﬂaxwa@gwtaﬁa EPROREESSOT .

Met hod stepp t| on may er a conputer processor
a FLASH-EPROM, any other memory chlp or cartndge a camer wave, such as

electromagnetic radiation or electrical signals, or any other medium from which a

20 computer can read.

Although the invention has been described with respect to various embodiments, it
should be realized this iuvention is also capable of a wide variety of further and other

embodiments within the spirit and scope of the appended claims.

What is claimed is:
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executing a programtangi bly enbodi ed on a conputer-readable nmediumto
perform functions of the invention by operating on input and generating
out put. O her nethods 10 and/ or conputer codes can provide input to these
prograns based on conbi nati ons of conmponents herein or take output from

t hese conbi nations as input. Cb”binéihﬂﬁ§ of input and output, i.e.,
communi cative and integrative use of conponents described herein and ot her
met hods or conputer codes could al so be inplenmented. Common forns of

conput er - r eadapl e ut er .usabl nmedi a i.ncl ude, for. 15 exanple, a floppy
G ok o 1l e EY ol 807 Riorerein . Tirond oMb iy 3G RER e hdher ¢

medi um  andghdRA¥mpaisng Bidwdpsept i cal medi um punched cards, paper tape, any
ot her _ physical nediumw th patterns of holes or other patterns, a RAM a
PROV Sand EPRGRiecting W%Hf%!%m“wub%%ﬂu%@%qﬂ? coppagen ey i dge, a

carrier WavGvesSHE fai@SposRivESHIRIBRENS bitwcsPsHiR b OlRmehts &l £4Ldsi Gildafisgpal s, or
any ot her nmedium fromwhich a 20 conputer can read. Al though the invention

has been descripbihgentoptiméstior techuiquedyi oeass ehw erhpriertusable medigmdavingbe
realized rgf:%glhlﬁtei' @ﬁgﬁé\% (?ﬂfh%’l%%?ﬂ?ibfé%@?&ﬁl&q coﬁl&\gﬁeg%'s}'%ﬁe {oga;%l efurther and

other e ment s espirit and sco 0 nded cl ai ns. Wat
i s cl ai negtingzati@hteChmdiSandl. A net hod for processing data, the nmethod being

i mpl nted in.a.conputer, th t hod conpr.ising the,steps.of: 5 selecting
2 TetPi ¢ for GRRURRBRoRytE gl e prim G ehniBin Voles SRSt e

posi ti vespéinafioh paameist, kil @slud frfatleagtibhabptihiebtieiardptdtdryeitinglienment s i n at
| east one data set;. applyi an optianatiggptecthQUe by nmeans of a

! . In
conput er SHesktiallypRtimahcambinglonof HispepitivesAaG £alee Rastehei ng capabl e of

causing a CONRiHeRlin & %ShB& drere BRdidvdsRBd AR oSt droR flRaNbCH At 18R 10
obtaining, fromthe results of "the optim zation technique, a value for at

| east onene epiitnization pagamgiers anmet er, sai d val ue for at |east one optimzation

par angt er 1 eSulddd hda RAHAN 8 ¥oi@Rbd FBh 1GRERLAGMLANepls/afe POST LT ves
and fal se positives; erelrn a nunber of true p8sitives an al se positives
are a funcganGmabind detlulat sthteastolviogimubiple inllepebdenhmeasusemeinérof edch wher eby t he

data sets include.data qbtai froml arge-scale neasurenents of
or gani s maPrAFE B9 R QQ?QFQE&FV§HW4EP$kWVi +BK$Wﬁ%pendent neasur enents -

of eac h wherein the substantially optimal combination of true positives and false positives
differentials in the data set utilized for decision making to increase confidence on the use of

20 the data in activities including manufacturing, handling, hybridization, and gene expression.

2. The method of claim 1, wherein the step of obtaining at least one optimization
parameter comprises the step of obtaining a value of a number of independent measures;
and wherein the number of true positives and false positives are a function of the number of

25  independent measurements.

3. The method of claim 2 wherein the step of obtaining a value of a number of

independent measurements comprises the step of obtaining at least one combination of a

value of a number of independent measurements and a value for a confidence measure; and
30  wherein the number of true positives and false positives is a function of at least one

combination of the number of independent measurements and the confidence measure.

4. The method of claim 2 further comprising the steps of:
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paraneter, said paraneters including genes, transcripts and proteins;
wherein the substantially optinmal conbination of true positives and fal se
positives differentials in the data set utilized for decision making to

i ncrease confidence on the use of 20 the data in activities including
manuf act uri ng, ' i di 7 at | ' The net hod
o ol ai m 1. o iing redeRhingh R 30 8P 473 Y L Ao 0

par anet erindspepdentmwsasttee; st ep of obt ai ning a val ue of a nunber of

i ndependent sures: and erein. the r of true positi.ves and fal se
posi tives ar gED S‘%iﬁcﬁ%lgiog%gg?l\é?%ogﬁheud ae?“’@%%ﬁ%%ﬁ%@%ﬁ’s rements. 3.
The net hetbntdntsgl ai m 2 wherein the step of obtaining a value of a nunber of
i ndependent measurenents conpriseg the step of obtaining at | east one

conbi fat i on ofc?ie*evawag ab?aﬁoﬂﬁﬂ’ﬁé?tewq%’éﬂétﬁﬁ%ﬁ%e% MGnd a val ue
for a confi dengj@etRAtinG SvhefHefsakPat bRl Sl prédierMi¥l Qlarthy SUbd@ntPASi tives and
false positives is_a function of at |east one conbination of fhe nunber of
i ndependéntisfieea duesbaideriteriond the confidence measure. 4. The nethod of

el ai m 2.7 ur t e G RRAISE Bl 'R ISLERS Liothind) gB Al P AdRET T nod
initial val u.eeeg the Pgé the vaTQaue o’ tdﬁg nu%%gr olﬁpstalhn gpen entglgreasur es,;
b) sel ectcritegionrenusibetrehtleménts;he data set; the data set conprising a
pluraghity of ement.s., . termnin t l.east one.predeterm ned
quantq |bt y for ttﬁ%m% eq'%g%’ggeg)fl’g’%g\egﬁ{n t?le “9‘8?“&’5? %’rn nt%i ‘ﬁ&ﬁm&%ﬁ%‘?fms aid at

| east onelgpieadds miord thada thuasholdtiyr the bahaof thahlnberadiridspéndentandalireg hol d

criterion; e) increpentin i f id at | east pne predeterm ned guantit
satisfies t h)e gb PSS StFps 8} W‘@ﬁgﬁg}ﬁ’r aaﬁ]il&%&ﬁm g’f’méﬁ%ﬁﬂﬁﬁ‘?’;o f&"?e)n%; Y

det erni ni ng, af) HeEemhifiig SRR tept) ! Wiethdt ilATreSihol @ FR MR abue dffthd gntapgber  of
elenments is nore than a threshold for_ the_ val ue of the nunber of

i ndependdpdeperdsnt iaeasures gpsulisdp aapbsigptiatle priimal combination efitregosidyesind| enent
fromishe gpldwabiky of el ements; h) determining, using step c), whether the
threshold for the value of the nunber of independent neasures results in a
substantially optimal conbination of true positives and 15 false
positives. 5. {h t.hod, of ,cl.aim rei.n the ta.set includes at |east
two par a?iet ers (;%}eggotd Ogldeaénél# vg}leéel% eevrf%%ts;e lgﬁlad?shagﬁ:ﬁgtttw(ﬁgaﬁaﬁﬁeﬁse r?5torrp_ri ses

t he st ep lait srerbatdnt) gnd tepsethyd fartHerepmptliods thosép alepardhgsteaf)anéexonpl et i ng
step f). for each parameter before completing step ).

20
6. The method of claim 4 wherein the data set includes replicates; and the method
further comprises the step of:
i) selecting, before step b), a predetermined initial value of the confidence threshold
measure;
25 j) calculating, after step d), if said at least one predetermined quantity satisfies the
threshold criterion, a confidence measure for said one element;
k) determining whether the calculated confidence measure is greater than the
confidence threshold measure;
1) proceeding to step e), for each element from the plurality of elements;
30 m) incrementing, after step h), the confidence threshold measure within a range of

predetermined confidence thresholds; and |
wherein step d) further comprises repeating steps j) through 1); and
wherein step h) further comprises selecting the confidence threshold measure that

results in a substantially optimal combination of true positives and false positives.
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20 6. The nethod of claim4 wherein the data set includes replicates; and
the method further conprises the step of i) selecting, before step b), a
predetermned initial value of the confidence threshold neasure; 25 j)
calculating, after step d), if said at |east one predeterm ned quantity
satisfies the threshold criterion, a confidence nmeasure for said one

el enment; k) determ ning whether the cal cul ated confidence neasure is
greater than tThe mettadfofdirimd vwhereds hodstlolde fs pregletefihinpd guamtitesygyet 0 step e),
for each gl eman‘i fromthe.plurality of elenments; 30 m increnenting, after
step h), SEWFEIOGhPY BESERS ©Hir eshol d measure within a range of predet ermi ned
confidence t hreghigingdshe grodehitned quasitRR otlr at leastheiortiaraithesdata degpeat i ng
steps j) through 1); and wherein step h) further conprjse el ecting the
confi 8ence t hisegika(the %’élé‘é‘iﬁiiéfeldﬁt&mn?‘gg‘tﬁn?%eﬁlﬂa%?%%ﬁ%?’éilﬁ’f ‘i’é‘faﬁﬂf’; #st i nal

conbi nati on ofsefefii ARSdetdritfid PBrlehdl SEMP PRlibicMRiBed Genfity alE: MRLRNG of
claim4 wherein thresholds for "predeterm ned quantifies are determ ned by
the steps of dorthepreileigrmined quaptet er ni ned quantities over at least a
portion of the data set; 5 sorting the eval uated predeterm ned quantities
in ascending order of value; and selecting a predeterm ned percentile of
t he predet er nmiThecnethoardfictaym Asviehain therdetiset idclufiesrepliveteprvaubetin theicostd
quantity.. 8.. The t hod,of . cl.aim 4 rein_ the data.set. |,nclude

opl 1ot Suskrigh BFaetts ot sl Hotfhe eatiesis btadncr B rRn FRIER Pb: ¢ ne
conf i dengke ¢oaAdetce meaiide biRtchinel B tHel3tepsbnl d for the confidence neasure
is determ ned by the steps of a) selecti a_ predeterm ned group of
replicate dat & SP§eigse@Fsdreisimipe WHP?&WH&&%@M&H mum for the

predet er m ned pygewnifRing a iRl &R bR Qﬁiaﬁi’amﬂa?f&)che%ﬁb&fféﬂnﬂﬁd%r&iﬁbﬁr oup of

val ues substantially between a predeterm ned fraction of = the maxi mum val ue
and a pr aepdicetediziaed factor tinmes the meaning value; d) repeating steps a)

t hrough c) untj i u QL r : LNeng a
o7 ou8L, ) o bR AES O BTG R i
per cent i Ithe makiveuf vabum ande porddermihed dctarftines tie reanowe vabrs ur e; -

d) repeating steps a) through c¢) until a desired number of groups are formed,;

e) obtaining a value of a statistical measure for each group; and
f) selecting a percentile value from the ordered set of confidence measure;

20 g) selecting the percentile value as a threshold.

9. The method of claim 6 wherein the data set includes at least two parameters for at
least some elements; and the method further comprises the step of repeating steps d) and e)
for each parameter before completing step f).

25
10. The method of claim 7 wherein the predetermined quantity is a numerical

difference between two elements of the data set.

11. The method of claim 7 wherein the predetermined quantity is the ratio between two

30 eclements of the data set.
12. The method of claim 7 wherein the step of evaluating the predetermined quantities

over at least a portion of the data set comprises the steps of:

selecting portion of the data set; and
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20 g) selecting the percentile value as a threshold. 9. The nethod of claim
6 wherein the data set includes at |east two paraneters for at |east sone
el enents; and the nmethod further conprises the step of repeating steps d)
and e) for each paraneter before conpleting step 1). 25 10. The net hod of

claim7 wherein.t rm.ned n rical..., djifference

bet ween two el’ 3%%{’@%?%# egqél%tﬂﬁi &f%é/r.ﬂ;' se%cfﬁg:gmg O(f:‘fhaeﬁdr#af%v\herei n the
predeterm nedagdlantity is the ratio between two 30 elenents of the data
set. 12. The hod of cla re e st.ep, of eval ua Li t he

predet er mi ned%‘a%‘ﬂh{”‘é@" “L\g]éer‘“‘h‘%? réb%?r <rfglcf'lllla’c'.')tf t‘sh‘g 8‘?&’ re conpri ses
the st eppoftfonDeiiRdatalier RtpldvamaRl. t he data set; and 33 eval uating the

predeterm ned quantities over the sel ected portl on of the data set; and
wherePn the selected threshold for the predeternined quantity is utilized

for the jgort "[%@ n:féfthotdrb?cﬁﬁﬁﬁ\ﬁﬁ}cupﬁie%ta%\éﬁhblﬁ&%%uléfglg:ﬁldeﬂaﬁeﬁfm hod of claim

8 wherein the data set includes nultiple | ndependen nmeasur enents; and
wher ei n Stespwemynts; andwhbrein)steps ) thepghep arefrepreated forededetoriniied nawhBt of  t he

Tl Pl e dOERSAISAD MEASMLSIRALS:. A0 RERIF RAd: LU NErac amprees Che

steps of ninum val ue o erm ne er of

mul ti pI e nmeas lmbanunglme froninmacvalucgfahd pnedeterrramdl mugibegofahdtiplessdasoted val ue
in st érf% and 4 The met hod of claim 12 wherein the predeterm ned
quant 5 FlLrepgiting i nt er pol atl on and extrapol ati on based on
consecutl ve p(ﬁgﬁ;g@ﬁ@ve(%éle&tb@vﬂaéﬂl The nethod of claim1 wherein
the nmetric is given by NerTP*TP/ TP+FP) *(I -FP/TP) 20
wherein TP indicates a true positive value fromthe data set, and FP

i ndi categsa f g GhetRRVLIaHR li@JhHﬁuI he PtddbRrfiabdqSititieske oﬁsﬁﬁec{rﬁ} hod of

claim1 wherein the step of applying an optim zation technique ™ conprises
t he st ep imkrpolotipmind exgapoletisntbasagrut dopsecutive portions of the data set.

15
15. The method of claim I wherein the metric is given by

N,g=TP*TP/(TP+FP)*(I-FP/TP)

20  wherein TP indicates a true positive value from the data set, and FP indicates a false

positive value from the data set.

16. The method of claim 1 wherein the step of applying an optimization technique

comprises the step of optimizing a cost function.

25
17.  The method of claim 16 wherein the cost function is given by
CANg=Ng/(F'+N');
30 and wherein F' is a confidence threshold measure,

N' is a threshold for the value of a number of independent measures, and

© Ngis the metric.
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25 17. The method of claim 16 wherein the cost function is given by
CANeg=Neff/(F +N); 30 and wherein F is a confidence threshold neasure, N
is a threshold for the wvalue of a nunber of independent neasures, and

Nefis the nmetric. 34 18. The nethod of claim1 further conprising the step
of determning efficacy of the optimzation technique, the step of

determ ning efficacy conprising the steps of: scaling a data set and
replicatgg, of THend@dbreRim 1athd? coRpRang e sich of SlerhathigadfAcae bf the

predet erm ned groups .of original data sets in order o test said value for
sai d at |0@a§1aza§%teslmﬁ thgsfep ! detramping cilicgpesammsmethe siers an be

det er m ned. 1%ca115@%dzatéa%dq%plfchﬁkméehh%aseand:ormrI sing the step of
devising a nmeasurenent of 10 the data set, the step of devising a
nmeasubenent ofcompearingthe seabad datarpet topredgtermined gequps of origingl datn setgingprder

rel ati onghi . RLES raneter and at |east one
perfornaﬁgtkae%tlér%‘?l%@fegppé%éﬁﬁﬁatgt&n%%gurenghl'?ﬁ%r?ﬂ?‘%g data set; the relationship
reflecting suldstantffahdyycaopt dertmioedrbi nati on of true positives and fal se
positives in the data set; selecting a netric based on the at |east one
performance indicator; and 15 obtaining, fromthe results of the

I0|oti m zat]igon tmhlﬁétmﬂa)mfc&mh&amﬁh er@ﬁﬂlpﬁsib@ﬂﬁrstebalfgg«dsiﬂg)#mlwdmetﬁéquef f)f tlhe at
east one_ paraneter; erejn the at | east. one substantla optijmal val ue
of tHE atthgdaigsetdhestpne %’lgaf%??é‘ib‘]e@gmcfg\ﬂi‘%‘falt?gsef F@“%%L%ﬁﬁ*t(’fbf t he data

set. 20 20. A {efiRH} 8 telRIoAMiFBeReQ M AbasCBPréstictEd ParaRERI AR atlsatie Medi um
havi ng conputer readabl e code enbodi ed therein; said conputer readable

code bei mgriompamict indistor fos tks mepsurestsnefithe daig sqtcthe relatiogdhiptaflegtinget r ¢ f or
oo e o b e STNTNGLASA B
eterm n'sﬂ%t%?@?%%%}%{ﬁ gL%E@Qﬁ&MU&?ng?@S a'[nﬁri*aIQJ pc;sftf'\'f@sﬂ dddiy &%, an al se

positives ween pal el'enent’s I1'n at Teast one data set;
25 apply an optlentimad inetnic besd wndeegt 1@sicbreipedommante mdicateg andsul t s of t he

optimization technique, at |east.one optim zation raneter, re ting in
subs {Pgnt ially 03’&1?%?“%86%"??&?? %%tg?)f’ptflg'ﬁ%tmﬁétg?hfnilq}lg’saqg gt?ngl%%%sgang%ﬁg tives;
wher eby  topeimABausSatthd fdtastiéheGaiametddf ai ned from | arge-scal e measurenents of

wherein the at least one substantially optimal value of the at least one parameter

enables devising the measurement of the data set.

20 20. A computer program product comprising a computer usable medium having
computer readable code embodied therein; said computer readable code being capable of
causing a computer system to:

select a metric for determining substantially optimal combination of true positives
and false positives differentials between pairs of elements in at least one data set;

25 apply an optimization technique; and

obtain, from the results of the optimization technique, at least one optimization
parameter resulting in substantially optimal combination of true positives and false
positives;

whereby the data set include data obtained from large-scale measurements of

30  organismal and cellular state involving multiple independent measurements of each
parameter, said parameters including genes, transcripts and proteins;

wherein the substantially optimal combination of true positives and false positives
differentials in the data set utilized for decision making to increase confidence on the use of

the data in activities including manufacturing, handling, hybridization, and gene expression.
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30 organi smal and cellular state involving nultiple independent
nmeasurenents of each paraneter, said paraneters including genes,
transcri pts and proteins; wherein the substantially optinmal conbination of
true positives and fal se positives differentials in the data set utilized
for decision making to increase confidence on the use of the data in
activities including manufacturing, handling, hybridization, and gene

expressi on.  Jhe2dmpltbEprogamuireducPsfaddimmopyiegdeia theahettit & giveabywher ei n t he
nmetric is given by Nep=TP *TP/ (TP+FP) *(1-FP/ TP) 5 wherein TP indicates a
true positive value fromthe data set, and FP indicates a false positive

val ue from t hey datmrpatrp+ 22+ Jlp@/g@mput er program product of claim 20
wherein said cohputer readable codé, 10 in being capable of causing a

conpuber systemto apply an optim zation technique, is capable of causing

t ‘ @ : ) '
a conpu hege%ﬁg ?%%&\t/ﬁ% gm&tﬁﬁ% CAsd fl'(}lﬂ 'ﬁfetda%et, 2R FF%K&)@}!@E'{%@& program

product o e cost function I's given
CANeg=Nefpbéifi¢ vell)g framdhentarsei.n F i s a confidence threshold nmeasure, N is a
threshold for the value of a nunber of independent neasures, and Nefis the
metric. 20 24. The conputer program product of claim?20 wherein said

conput er 2peadathe@o@paer progamigodigt 6fqkaitn 20 wiereia wsid cgmputenmepdabkrcody,st em t 0
utilize the .at Ieggt one, ref erence neasure&pnt value on the sorted
ed

substl8nt imPspE Af e3psing @semputen sYSHSTHQ 3PP APRURUASHOR IPINIqYe 1S 5 habl e of

causi Ng RaCAAEBHBHisifYSERRPEE sisidrh ke SptAniRé 86k Indiified combi nation of the at
25 | east one reference value and the sorted substantially equival ent subset

in order to establish a distribution curve. 25. The nethod of claim 24

wherein bhe c 1Bk Hedath HONRE o N ain5 TN fufictiis gid@ighyherein F
is a con??den?g&fhrggﬁ&ﬁgg%eégure,ON'mls a threshold fJ?lth%gVaIJ%hof a
nunber of i1 ndependent neasures, and Nefis the netric. 36 26. The conputer

progggn1produq£ﬂ€$=ﬁdﬁﬁﬂﬂﬂ%g wherein said conputer readable code is

and wherein F' is a confidence threshold measure,
N' is a threshold for the value of a number of independent measures, and
N,gis the metric.
20
24, The computer program product of claim 20 wherein said computer readable code,
in being capable of causing a computer system to utilize the at least one reference
measurement value on the sorted substantially equivalent subset to normalize the data set,
is capable of causing a computer system to utilize a predetermined combination of the at
25  least one reference value and the sorted substantially equivalent subset in order to establish

a distribution curve.
25. The method of claim 24 wherein the cost function is given by
30 CANg=N.4/(F'+N));
and wherein F' is a confidence threshold measure,

N' is a threshold for the value of a number of independent measures, and

Negis the metric.
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al so capabl e of causing a conputer systemto: scale a data set and
replicates of the data set; and 5 conpare the scaled data set to
predet erm ned groups of original data sets in order to test said
predet erm ned val ues; wherein efficacy can be determi ned. 27. A system
conprising: 10 at | east one processor; and a conputer usable nedi um havi ng
conput er readabl e code enbodi ed therein; said conputer readable code being
capabl e @6. calhe ngmputergmpgrmrpraipst afivldin:20vdieedt sAd oatmiter réatabledodeism ni ng
ti.mal . conbi nation of true positives and fal se positives

subst anti al |
differ enﬂasgf%pagg*t%@ﬁmﬁé‘i?‘@p %er@fs ts in at |east one data set; 15 apply

an optim zati wéemmgauﬁdr@n&t&wmematafgegmﬂ he results of the optim zation
techni que, at |east one O(Stl m zation paranmeter resulti ng in_substantially

opti ml combi RERPBEH thsscaleddatiyird fq prodederpnpdrapus of prginglidatacsets iperdes @ o
nunber Ofest aiEpre@tdridine@svafieg fal se positives are a function of 20
I

predet erm ned val ues_cal cul ated using the optim zation techni que; whereby
the at | east Sterciegfficasycan bedeierminigt a obt ai ned from | arge-scal e
measurenents of organi smal and cellular state involving nultiple

i ndependent neasurenents of each paraneter, said paraneters including
genes, tRanscAi gystsmanedhppisiogei ns; wherein the substantially optinal
conbingati on of_ ftrue $osi tives and fal se positives 25 differentials in the
data'Bet util FASH PRFPIRESYI 8 nmaking to i ncrease confidence on the use of

the data in aetbmpiteessableehadiliniBavily ubn@oiter adable badtbnbagied Mydasindiazat i on,

and gene expression, 8. .The system of claim 27 further conprising at
| e as? on goraﬁ.}t%g@ggleﬁge being capable of causing a computer system to: select grpnetric f019

determining substantially optimal combination of true positives and false positives
differentials fJetween pairs of elements in at least one data set;
15 apply an optimization technique; and
obtain, from the results of the optimization technique, at least one optimization
parameter resulting in substantially optimal combination of true positives and false
positives;
wherein a number of true positives and false positives are a function of
20  predetermined values calculated using the optimization technique;
whereby the at least one data set include data obtained from large-scale
measurements of organismal and cellular state involving multiple independent
measurements of each parameter, said parameters including genes, transcripts and proteins;
wherein the substantially optimal combination of true positives and false positives
25  differentials in the data set utilized for decision making to increase confidence on the use of

the data in activities including manufacturing, handling, hybridization, and gene expression.

28. The system of claim 27 further comprising at least one database.
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