METHODS AND SYSTEMS FOR HI GH CONFI DENCE UTI LI ZATI ON OF DATASETS 5
BACKGROUND The present teachings relate to nethods and systens for
hi gh-confidence wutilization of |arge-scale datasets. 10 The recent
sequenci ng of |arge nunber of genones including human and devel opnent of

arraying and oMEEHODYANDELRIING FORSGINIPCOBIFESENEE UBEHIA BN OFi nCr easi ng
utility of these advances to study pagagEsgal scale data (cells, tissues,

organisns etc.). Wth these advances and increasi ng output 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., reduce false discovery) to
optimal Iy allocate resources for fydherodsyel opnent of concepts,

hypot heses, technol ogi es and products Many of these technol ogi es have been
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t echnol ogi@lizatidiesidarge-faale datmetept s and 20 tools are presented that satisfy
some t he needs of the Iatter goal s. Many systens used in |arge-scale
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nmeasurenents o ra ranscr eins etc.).
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fragnents using several variations mass spectronetry ., Washburn et.
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measur enents of each paraneter are currently in use and can be enV|saged

Due to weldutiige isess peitofurporiedge teehipldgiese ridere p devapencents puk ent s) and
evol vhfig %%E'a!ré?ﬁrtséeﬂgé 'iEh%sf&%%mfefof%l'a%eéa%%h&@'1591{3} s@nd generation of the

data are not descri here bl ol ogi c xperiments (due to
| i mitations ofMbinoiyeiging aseddn dhrgit-dvele measiemews)f organismal/cellular state

involves muitiple independent measurements 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 of replicates. Wen possible the resultant data is anal yzed
using statistical or mathematical principles (for exanple to detect
differentials between datasets exploring different conditions) to increase
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accepted and even lesser methods are accepted and predictably useful in dealing with

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
In one embodiment, the method of the present teachings includes selecting a metric
30  for determining substantially optimal combination of true positives and false positives in a
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 resulting 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
substantially optimal conbination of true 2 positives and fal se positives.
A nunber of true positives and a nunber of false positives are a function
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DRAWNGS 25 FIG 1 depicts a flowhart representation of an enbodi nent of

t he met hcfdm@f‘*“Q“HEeth?ﬁse%‘?éWﬁorf‘@h%?ﬁP% gsthogy aod meghpds Fpy teptipg aealisy ¢4 owchar t
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of the nﬁl‘%ﬂ‘sc@fe algﬂdl’éﬂ%ﬁeﬁyr esent teachings 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

FIG. 1 depicts a flowchart representation of an embodiment of the method of the

o
h

present teachings;
FIGS. 2a, 2b depict a flowchart representation of another embodiment of the
method of the present teachings;
FIG. 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
showmn in FIG 3a, 3b; 3 FIG 5 depicts a flowhart representation of yet
anot her enbodi nent of the nmethod of the present teachings. FIG 6 and
FIG 7 depict a flowhart representation of a further enbodi nent of the
met hod of the Pr&seBpictsadRhicigsiepfsdntdtion 8f ydthathd eabddifed of 16k Weapsdt an
enbodi nent _of the pethod of the present teachings for expression summary.
FIG 11 der‘g‘?p’ﬁﬁ%‘fﬁé“r}“%odi ment of the nethod of the present teachings to
estimate fol d plargad FIEGepit2a HeRiiGHSeReskhtbidieof a6BRG eABAdimedt Jriieg et hod
of the present teachings to 10 estinmate confidence neasure. FIG 13
depi cts yBKthed of the pregspbisashiesst of the method of the present teachings to
test guality ofr¢lat AI@MAMITE, (P8 pkot 48 8Hbodifibie of it HEORLELSLY filosde f ur t her
enbodi rent of the nethod of the present teachings in normalizing data. 15
FIG 15 déggplingsdpr emsessiprsynmany. devel op a conputer systemto practice the
present teachi pgs .1 BLG: 10ndepiichs.a: QraRhigals Fehenablc.Lepregent ation of
results froman  enbodi ment of the nethod of the pryesent teachi ngs;. FIG
17 depi ct sstamt fobkchgrggphi cal schematic representation of results from an
20 .enbOd' ment G.tla%e tg Q?ﬂth%i e%ﬁ@di:ﬁ%ﬁsﬁ%e ﬁ19£§8416ﬂ9§%re£elrlg§ach%%@‘t 1813
depict effect of paraneters on results of 1nterest 1n one em odi ment  of
t he méb hodstmfatd dvefidencemedmuregs; and FI GS. 19 depicts results of an exenplary
enbodi nent of t hod of these . teachings. =LAl LED [ PTION I n
one. enboa ment P13 Sres b SR ERh o B o e S Ba ahy
al gori t hmeest qualigiod dink gimlwenfoodenak utilization of | arge-scal e datasets,
viz., (a) are e surface ssisted strate t udy dat asets
repr esent ed byﬁﬁ‘gﬁgidﬁﬁ”gs %%MFE%H}%Q&B}CH% 8@%6 Hethod oﬂhe p¥esen%tteacs:hmgs

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 results 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
In 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, () 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)

nmet hods for determ ning data-specific thresholds, (c) to test the efficacy
of a selection strategy (statistical and/or mathematical) 4 in the data
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conpar abl e. Addi ti onal information on the data types being discussed and
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o Hhine iy e § M3y

systenleach transcrip represente KUl eoti de | ong
probes cofphasinin® mcgmdkugytihesedmanmlemﬁ@b,e”ot ¢vaarﬁertce a&ema: dqstgncanmctsst atus of

t he systen;be g st vﬁ;u égggn “%nlol g E{ob% to E;esent t he
Cross- hybrldﬁiatﬁ%HgEY hal ( ur's ¢ WEF“HO 19 SF?péE??WES 8fse) is

i ncl uded #atasehéisakieg .helldl ghthf: Gaba(iep@ eyssini B tr’aﬁ&ﬂpﬂlempreaﬁhécﬁiﬁede\&ﬂd known
and predicted

scr ts e be n arra o feM/chlps for
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utilized by the approaches described as part of this set of teachings, and

advant ag egafiSPﬂlaﬁbam%aw%em gne tp Aevs phipefor Rumgeand gthes Agganisms.pue to t he

physi co- chayi ¢l mBMARE HidbeSis Ricldib@ioRERB&s: AR by diARH Qpe&RCN probe
though representing a single transcript (i.e., transcript expressed at a

parti &Ul atPegifismeiae signadvwed is upesdn daf sapeintextipples @ﬁszrazei:l bere gtbaryariations evel s.
This | eadgp} Qpﬂ!cgtﬁdng}‘ﬂhgt' BShot Redhd @1@& )%llabc%% %ésg@ sh@np. | evels. One

common approach that been extensive researc e on and bei ng
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herei n). thtkiwsomppr oach has the advant age of user friendly representation

of t heO dat a anlgue% {l tﬁa]lﬁ‘ng/sx% he"ilm%, l I Z%%ét%@oftw gancg%ég t Itl%ltl Ice(l:%lprc%nd

mat hefrati cal app Ccat I 2a
though representing 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 continually 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,
identification and study of pathways and new processes, |ead candi dates
for product devel opnent etc.). Some conventions used in this description
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to neasur e different ht ve physi cal
over tap. | Tt endyiegroely i d ettt SER 6 Hifile M At
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i ndepende | ndeed sone of r.oper bei ng. studi e sed and
nvanced ABNBISIATSE MRS oS -aliir BRabEEs eRsb e A FEAREEEr | bed
herei n ar @ cb@t hhvediff&dntts@nbprSpdr iy &nedr uset@tneebmcnadn mﬁlsea&gndeynce An

enbodi ment . of the pethod of these teac |ng?i ges onse face ai ded
strategy (Hfcsatinier e dep qopoops oRiEh e denee B OB OBRE AERBEL o

descri bedpfigs &Mk PWsed M BNRNEACR DA BRS ©lthik 8i(FRASH'BR bblligherd] ti pl e
i ndependent freasurements FIG 1 illustrates one represent ative an enbodi nent

of earPy detssyeeddisrair pewos linitealgo Yrplyas ef sjistep! Bdenedglfer al data are

col l ected fronyga ABaakERRMe MARIENRLEERANNS, ARG R LERBSEed Ssteps 1004
and 1008. This pre-processing woul d depend on the data- collection

t echnol ogyuaigedpise tefpredie pt ReSurfRdonihe sdy olhdstpsetd isslesabed hasindplow.unl ess
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t eachi ngs descr erein pre-processed datasets are denoted as
starter dat aseFEG.andusiraids @@treldemiatlet’tQl?eqmbzﬁl@nétbﬁparme“wﬂtﬂ%’ inest of the

over v AaesPege, o pEAR ey ERIR LI PR RGN & & o0 To12
and FI G 9restreqs$d ks 1006pad 1808 fTHH 1&-pRactshgougid d%Ip@.ld ah Hegitet a response
surface 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

6



approach proposed to study the properties of a given data design that woul d
(i) aid high- confidence data analysis, and (ii) conversely, aid

devel opnment of design principles for a 30 given systemusing sone initial
properties of the experinmental and technol ogi cal aspects. FIG 14 depicts
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Ne = TP * TP/(TP + FP) * (1 — FP/TP)

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 multiple 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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in true positives (which by nature of experimental variability and small number of

25  replicates would 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

CANg; = Ness I(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 parameters enables devising the measurement/collection strategy 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 a 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
parameter 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’, r’
and B?) avoid differentials in the noise range — this aspect is discussed in more detail in a
future section. The algorithm for calculating dataset-specific thresholds on distance (d”)

30  andratio (r’) are described in FIG. 5. When the evaluation of a 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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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 commonly 4sed data agal wsi sgt hrgesholgl fgr p galue of 0.05. 11 3,6
3,7 4,6 4,7 6,6 Toy 12)6 §. 716 0* 0 0 o GO0 0gl25 41313312
0.25313111.,1 59113912 ] 166H55§644 27606¢6©66
6 6 488 88 3 6-88-8-88-888 329999909
5.28-9 9% 949 989 9525639 848 8 8 8 6 8

99 64990909 B 9 ¢

Total

identified| 95 86 91 85 87 89 77 85
Total

present | 135 135 135 135 135 135 135 135
FP 6 2 & 0 0 1 0 0
PPY 086058095 1001.00 0.9 100 1.00

Sensitivity |0.70 0.64 067 063064 0.68 057 063

Table 1 - An example of the effect of different statistical 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. T 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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51299999999 CRt 64644634 Total identified 95 86 91 86 87
89 77 86 Total present 135 136 135 136 135 135 135 135 FP 16 250010
0O PPV 0.86 0.98 0.95 1.00 1.00 0.991, 00 1.00 Sensitivity 0.70 0.64 0.67
0.63 0.64 0.66 0,57 0.63 Table I - An exanple of the effect of different
statistical thrigshehsleciown ANbUIRSonofatd m@@if@ﬁﬂﬁ@ﬂtadvdﬂ%%(é%ﬁﬁ‘@gt s used

(N) on tpe true and fal se positives (of tw fold change) identified 5
| ndi cat edmqipgsThiy Wiy toelect e nesifiss W idoupHbdmpad OBﬁhetWtﬁbﬁcfaH?f ference

identifi e?osﬁ%s Rtk RV QSN B bk COMdeREe tﬁnesﬁoﬁﬁse?uhﬁbr%§ Bre@ﬂ%&%é SQg for three

i ndi vi dual conparisons). The concentration of the spike-in él n pM are
i ndi cat edfargueshiag theripiiold. ciategies fo catiediing data-speaifec heskald arad¢sorbedf ¢ he

spi ke-§n ia&r% at PRE, ¢dahage! 7 y%om\énagﬁc&fa@@wm of@xﬁ(i%tnfx@xﬁn dhddi cated

bel ow). The sshold of t-statistic nunber of valid probe-pairs
(N) is 1@ontmpﬁmedmr¢ssn0halera:swmenﬁsawxraﬁemChm@)techWomsaxnldmsbedmh fal se

pOSi ti VeSG 11, U mpnc L!uvﬁ"m r‘egfffcwluuu iS lgxlzulilpu L-cl:_t]JP{J I:P+FI1:L), senS| tivi ty I's
[ TP/ (TP + IEKB]‘ #10 V 6 Kein’was compare iﬁt‘)‘ Spl ke-in, and 512

pM spi ke-in is corrpared to O pMspike-in. j CR |nd| cates cross-reactive

transcri pts/ probesets with honol ogy to spike-ins (out of 9, three in each
conmparison for three individual conparisons). The dataset are the sane as
used in 15 exanpl e shown i F]_(§ 16 and FIG 173 (Not e tr.hat in FIG 17, t

d d of f b
g;ﬁ sI )nStlgaThg e;an’&ae shoﬁn§2§?'abli3 ﬁeﬁ@gﬂe Aﬁﬁ%. 19i CQL? ©
advant ages of these3 El ndi n98548e 1?&'3“ y ]_tS)lEﬂ ecg_ﬁ(ﬁqq positives

wi t hout nuch i npact “dn. t he 'se positives htified even at
| ower confidence thﬂa old %e?e herlﬁh‘fﬁpr élcﬁﬂe'e% t for guessing

the threshold. Stratgetes fo g;.’s-% at shol ds are
described 5 later ( 1G5, Fﬁ 1102‘?‘,{3 gé&ﬁ' of applications
of this invention if,the cofiebd of]_ﬂdnﬂexd_rf’gﬁﬁfpn _F[ﬁ’&'@f}'ements u5| ng

Sﬁgicgl p(r) technm Qg%" e dgggmébedlh%(?é jk/%éﬁﬁl‘lﬁﬁ@@_ne lJLVV\U U, J/
G t J:pl t, WLITU31g 1IICE RAaLLig@alel Irhiee L1GEM6L
7716 6634 10584 14111 15600

10 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
15 (F’) and minimum number of probe-pairs (N°) satisfying this F’, indicated as (F’,N’) in
column 1. For the purpose 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
20 in FIG. 16 and FIG, 17.
Embodiments of the method of this teachings which utilize (and are utilized in) the
above described Response surface assisted thresholding strategy (ReSurfX) embodiment

for identification of differentials using data-specific thresholds are described below.
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1.5 2 3 4 3,5 9287 13595 18001 19251 3,6 3543 11031 15101 16657 4,6 7553
12 753 16947 18287 4, ' 6927 10333 13965 15431 6,6 7418 11444 15235 16677
7,5 3588 13500 1742.6 18690 12,6 5164 8993 13204 13596 7.7116 6634 10584
14111 15600 10 Table 2- Application of data-scaling strategy (SCALEIT) to

i dentify utiligymobrbdGnRABRARSRsGBED A ABFIcA heM St kplcawN1lY Mdigaad ed in
Tabl e 2 are the nunber of probesets (average of three i ndependent

conpar i soffs puderverssesl Nawcusentysisiing dataots sgdom gte dteﬁé“f‘g‘l‘\’/‘g’rp”ﬂlﬁﬂé‘é‘ﬁol ds oft
statisti Cal?d["ffz]lfsgi)gsnnﬂeg’ & Fodin @ﬁ@m@?\tmu%@? AHATRELy ObnPEABSTRE, ?or(l}m )

sati sfying . indicated as (F,N) in colum 1. For the purpose of
this eval uatanozmlnt\m@éh@eﬁlﬁotfaﬁléﬁmv@mémb@r%a&re@y eloruernd éaleseesitives ndependent

repl i cat elsml?z%?g%%{e?h%té(sg{ &%@&%h&& ugmre%gam tﬁ@t@}xﬁ%e%%l Bith e Jg,lkee gi ven

differentral row e val ues I ndi cat ar e
aver ages of datmgfmenasmctmchnomep%dmtof émahmﬁmnm thmgmldﬁ; hat’fh@ledé)t b@et used
are the sane as Uu

Enbodi n,enfl%m(g}stl‘ii[ﬁ%1%??{81&011\%@1%1%1& dl{aleyabganbbncmcbv\%ut nuui Iwrtuuu b, axg.hu méfxrlbe utilized
in) the &b@l\mxrdﬂﬁxgrdah&ﬂed%sﬁhm&édssafnmea@paramsibstamdmcﬂn*se@hoI ding strategy

(ReSurfX.) enb identificat 0 pay nti.al s _us

dat a- specific }?Wﬁglf%fsdo ?F”émﬂlgsfl@iaisgécd ’Cb@‘f%()\?lgﬁ@"géﬁ@}é garfcﬁ e Irr%bddi nent s
descr iibeds@ahareo bidid ﬂliﬂie&naaldatthtsﬁﬁse&@@@afd disdibsgd Hasingaledr. for such

pur poses. Many_cur tly I.sting datasets seldgm ar esigned with
built-in true Déf%ﬂ T‘tgéo ES%‘?WW mS, ¥ C-RGEEFHES ’Ff‘ieéﬁjéﬂigr%%‘ﬁber and
variety. Eheec8oRedimBRhtionfddd.) dnl@xpdridfshAN§Rteid iy diffel%ﬁtﬂé‘&lsl of iiftetendl
sufficient nunber of vari ety of true and fal se-positives 5 utilizes a

t est er da@%@b@d@n@w\bésqd@%@@ﬁhlﬁﬁé(W?aé%/waredgﬂdtw ceBamgesEiaysed with

that typepe@Qked@bica@gneration technol ogy. The use of distance and ratio
threshol ds have already been denpnstrated in several conventional analyses

schemssg, but FH ¢ hepictermsshmgibat defegaiips faiasspepidic tethelsilen dipraatd- speci fic
t hr eshol dg; {%ﬂx?aq d%éﬁ@?ﬁ&ﬁv@%ﬁﬁ?t\z\q} w0800 FORAI zﬂﬁ%ttd( @ udetetm ni ng

dat a- spe0|f|c threshol d ﬂ di stance, ratio and
typically lie within noise level for that data. In one embodiment, a percentile is

determined at which these values d and r would be optimum based on the ability to detect
substantially optimal combination of true and positives from a tester dataset, e.g., using
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 d 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 d” 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 r’, or a percentile

threshold above that determined as optimum using the algorithm in FIG. $ can be used to
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10 statistic to avoid differentials in the noise range are di sclosed herein
below. Different data collection platforns, pre-processing schenes
(background correction, normalization etc.) and experinmental systens have
different |levels of inherent and other handling based noise/variability

(typi cal |mommema/@ﬁﬁmwe@@1rrwth tHRIRIdsRER WeShe ae%é}hﬂx&atb?%zmo 15 FIG 5
dep| cts a sclhema t hat dé%erm nes data-specific thresholds for distance (d)

(i.e., nuiBfprchptegics pup sliganied R aruesnd thatpeasuresasligrentneingramgdhe and rati o

(r) that averibtiontanP a&@nling ﬂléc‘%w‘@ethhéﬂt}n@{ ?%#@VG' for that data. In one
enbodi nent, a percentile is determ ned whi‘ch these values d and r woul d

be opti mum badd@- 6and REGabdaspries sigilgeerbadimenit butwit additionaijpiisesios

conbi nat i f id Sad ing 20
oy L RSl R RS PSR ik L S AR ASBlsadetleaBL 0, 2

data - stepiddBeregiils mrh*earﬂmmtbmdhq rangﬁa«tfelplsmﬂﬁme fes/ twlpe&ltlw imthdse he

di stance angd.fati.Q.are. determ and m ni mum f or each
VS ). LIl 11 1:: ulmauuc aralgc UJ thf“ bcqup Lil [)dld llctblb((inﬁ dl! llb IC J1CALCS a1

sel ected lr‘fﬂ‘e’?ﬂsure exa rca us Capturing the noise
conmponent uS@ﬂ amd@ddamal ,vabeepithidas) ran Fe valahmbxai;embd bdltbet @piiagsard ratios

(i ndi vi dug] t ndi n of d nd r) and 25
val ues ofg 8%6 @%g &a(rarﬁ’?te%% 2 %aﬁ 'faéls egﬁa ?dn‘@’ é?téﬂ te§‘é1f3 of val ues are
chosei aSVIbtihe Eshol-osegd' v any would impistied chOuh mmﬁexdoﬂt&&ldnﬁ\& wdescribed in
applicati in determnin hr eshol ds

ns described in. eV|ous tjons
for many %ﬁ%&er‘a{nﬁ"’%g‘g XA VEaY ?“r‘iie(?ﬁﬁéwesékéel BRITYR Rk Gierel8ti nation to
avoi dddeaUmQJuw théime@itvunj Mﬁitmilnrhlm valee isi'i@@%)vrlou'fdﬁ& éil:cufvfthﬁtBﬁmlng a[) eshol ds g(r) e
tested on i mum val ue chosen (for exanple by using
equati on Ylg‘r‘ate Agipr ‘)r}q Oreﬁth? E‘F%g’ﬁf}]af RAragiEfeng e 1 B’éjoﬂé\éﬂ‘@@&"@é‘t ermne d and
r' (the sehdghedf tHeltne %B@ts‘)’i &esomsﬂ tormadndudiesedips) st&f B84 10idittappiieiate

additional specjficity or safeguard is warranted scal ed up versions of the
det er i neRtbsr Blaerlipteyand g npeasure,pf coniidaneeepiqulaied, siep 4o laceB6le t hat

det er m negluRipleQRlehSRhiStRG bR BF 8O mrhh@?e; Bs SR man GRMeRE tHS &G L 14
i ncrease the confidence |evel. %nam c thrésholds can al so be detérm ned by

using si HSIPEGCestis Epete el Ghregho t%@éﬁﬁé‘é@s‘kwm@léﬁl}é%es@d rhenyeagiices at
di ff erent xs%ké”dteé oaé o &hﬁe dsﬁ‘aisgtttB D UL 98} c@&%ﬁﬁ?g% nggé@h%?%&gaﬂ inearity

(step 1076). FIG ) describes simlar e I men ut with
addi t i onalhrashal¢ Ftélal:(?9és 1h§ cpléﬁcte@m@nmemev&hlqaatq &9rte<bﬁ65dfa1ﬁmgs‘péd1€fmblet hr eshol d

of F 44 he,feasiien tha &‘s%ncﬁét% n&ﬁ c el iRres YL i sHrt E el el @Alﬁng{ imarily

Wit hin the range of nol se ence few true positives T Those nan es) In

this i nstlardeoull Yeanlyat 8HOpgrentitexptep 1694banam1$€r engitherak chdses om ega:k i cates

are determined confidence level or iterated for using a training 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
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 N the statistical threshold can be relaxed (for

more sensitive identification of differentials), using basic statistical principle of

30 independence (viz., p = pi™). 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.



used and additional values within the range of val ues represented by the
replicates are sinulated, step 1080. As warranted, this range can be
scaled up by a factor, termed 10 vibrate factor - v (e.g., v=r", wuld
inmply find enough nunber of random val ues between r' tinmes the maxi num
value and (1/ rT%aEb%%bﬁlemﬁHs%éHé@héﬁbapu§1§£9d a&ﬁ@d dathlt Bgah USt the

maxi mum and mini num val ue as range woul d be equivalent to using a vibrate
factor of extanm»le Fhkodjimenierot fobe imaed tpamelw-éte%ns optrtasetiof apdenhivdiiues within
(incl usi Vel Renac RN 8) aiftb Rt LhERvhRn] PRMABSYGRoGRHARe oRkeP 1084,
W th approprlate er o rep I cates and the nmeasure of confidence

cal cul at edipgsefdparkOB@aludsias dasempfe 1, mithigped siceassddentfortty usingdhe enent s of the
par amet er,, a Rt f t r s; 118, I epeat ed
R (ot eshBrg G drshbed R g SHTE: Baph M6, 286 bifling dleBURIORRE . 1Tbr 2022 as
one val uethis purpose Nat/zascemstaat @eSO%di:hllfpwbesm (emd@p@ndng mmursa)bsalahtcl ally
optimal threshold es.ate.serted
descendi n§*5ha" P "i/%“f 88“ ﬁﬁa ?eali’n eéall%e Ig% it brtIUWH ll’jsle‘ﬂr”"aelt““el?l 4 NS 2bnf i dence
t hreshol d, DaSTF (e.g., 95% confidence |evel would be vale at 95t h
percentilg) step 1004 This. v Cafmlt-Ner—be—chesan—on—tse— det er mi ned
confidenck | evel or iterated fbrChpgeleal Deskihi nJReguiX H’@B“ﬁ?ﬂ)ﬁ The noi se
range el|mnation strategies described earlier|stHfs 1|03¢FP8nd 1048 (steps

1086 and P iype L1 S @l gortnm BredGEn@pRIonal Ty Tnclfided 1Tn cal cul ating
WEW WBW m& Pars ete nuns tatToms—of—step—t092—Ttoul d i ncl ude
nmedi an or o S—e-al-ctH-at-eg—fef~the—pM—freasur es of

each para b mjni %ver the N values of E! Wen

i nf or mat i vléutfaltﬂtﬁegamlat er than N the 483tistical t8%&shold €in bé¢ rel axed
(for nor aégmutl ve 1dentifircation ofggqi frerenfiaFsy, Yising basic
tS)t atistic ,;f Raren pre—of 30 TTTHepETueEqy 3y (VI Z-, | PG 21 N~ AS nti oned
efore th bendence
princi pl e *AdTolkthe advant age obt ai ned 4% ough | hi bes not
seemto cpheabprobeseigniotbéd cost in HHEMs tested. 15 The above enbodi nent
has been applied to a published defined dataset (as an exanple,

enbodi ments not to be limted to applications or datasets of type used in
this léxarrpl e) TamietshAiparge ohiiberifiohredp it etrary (RAG. SakdG.iTnBEYwamhengar amet er s

wi t hout | I@éaitd QQR%%(FI@aﬂgﬁaQJthS@Q% IEgé/rﬁlxlee&n@@mHﬂs@%ﬁmLe 1, with good
success ( IGlé), by using the 5 strategies described in FIG 5, FIG 6 and

FIG 7 and applying the results to FIG 4. For this purpose N value was
set as 50% of @hd dddsORREEE Sroli OEIRRENIETendRABWIRS Y2 (8 A6 IRAB], @hich is

incorporated by reference herein. The parameters used are
15 B’=107 (calculated, data not shown)
d’> = 57 (Figure 5, at 50th percentile)
= 1.162(Figure 5, at 50th percentile)
N’ =7 (estimated - prior art)

F’ = 1.65 (t-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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based on prior trials with data used in exanple results shown in T antes
and 2t | able 0). Choe et. at., Design ResurfX identified TPs FPs Chip
type [frosGeriornell Total pro besets used 3919 Total non-differential
2588 Total differential 1331 937 7: >= 2 fold 781 732 >=1.5 fold 1129 921

< 1.5 fold 202yiQe bJEQTtlﬁEe%r LRS! fe Héﬂlcté’(ﬁ%x‘ %uﬁ%%%dé@nd@ﬁ%@as@ren@ﬁ@l ication
of data-specific thresholding strategy (F | Nor m schene

(FIG 14)it hawer@cSetrlﬂy(e‘(en|1@at®)%ts@htheﬁa@kemalm%t@ragmsemed ky p’amglé valweber of true
and fal se et. al., [Genone Biol ogy
(2005) 6.1%?2?&,&1\6 ?cbﬁ-gpfge\giatb?&{m ate ’E‘&&?g@%ﬁﬁ herein. The paraneters
used are 15 B'Edbdiess cﬁjhtametdjod dizthapreesnt shahings fof sumnBuzigEpgametes, at 50t h

per Cen§ | ?Ql&a irnlcluiesé%g\%) E‘I{l&%\;rgl{\éﬂt r%h}l_’.%r%&xha (Pa% s%ggxﬁtc} zl @mbewof palrz og estimated -

prior art Ic - Ity measure used is
PM-- W m%muwammhreprmb@tqmmlmng, No e acl onz@hur oﬁmaeseameatxeﬁl tNovm}a:r 25% m ddl e
val ues in each subset usin i.nvari ant. set -in the

it 5% R AR e DR PR P Sk Ren il RO bRl s Wt o

bot h t heselagipink @ phir @ﬂﬁle@;ﬁ&iﬂﬂtﬂbﬁﬂt@ thofrathe Mthiber pf @xﬂsmmth reedsur enent s
it has a broad Utl|lét¥% n in datasets, with e tgg ter represented by

a singl e ¥Mqhehangipg;i %tFrfﬂB‘P DFESYETHRRPL &t R84 i n both t hese

cases ) Enbagamptisthelprddbermibévashsoks Mﬁl@ﬁwtﬁ@ﬂxﬁ‘ésh&@@ﬁi&hagﬁef or summari zi ng
parameter 5 value includes grouping neasurenent result froma data set

into a nufsERresenpigsHkingpch %aé‘bp%‘ﬁéﬁ't“eﬂ\?‘éﬁﬂe%‘%‘s IHEPEERRRIHE b @ach one

pai r of npasHE GRER crt%fe%utre?nen‘(%%lﬂeélassm?ﬁ%%tft%f ik BSHpAIRES Uh@onk Qhir bhe one
palr or neasurenment results sati sf y t hres criteria, ClaSSIfylng apalr

of measur BwesyremReabIgRYlts apeasding leaoswlii die cOmPATOns Ferfrephicaled dalmeels. thesul t s

embodiment includes the steps of averaging the measurement results over replications
15 and grouping the averaged measurement results into a number of pairs of averaged
measurement results. The method proceeds similar to the preceding embodiment, utilizing
pairs of averaged measurement results instead of pairs of results. An embodiment of such
method of these teachings, EMINE: An Explicit Model 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 statistical 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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as not changing if the predeterm ned neasures do not satisfy the threshold
criteria; 10 conparing, if the predeterm ned neasures satisfied the
threshold criteria, one nmneasurenent result in each one pair of measurenent
results to another neasurenment result in each one pair of measurenent
results, ghaspid ) Heriaf i@ﬂes&xﬁl&% aCs‘ﬂm?ﬂ algd At @lﬁ?&d@ﬁ‘ﬁhgﬂ%‘tﬁ ea@h Measurenent
results according to result of the conparison. For replicated data sets,
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significant advantages the not al ways .be des for .all datasets.
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Based on

established or modified summary measures step 1130. When a number of measurements
are available such N’ measurements that have uniform property 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
measurements for each parameter for all datasets, termed the Chosenset siep 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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dat a anal ysiafiomrtaseddingetcostiies dfadleonfidatomeasures from informative measurements

of that parameter in that comparison could also be used. When informative N is greater
than threshold IN’, 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.
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desi rabl e for nEiG. 18 ﬁasmbmalahaeodxmmtsofaﬂean@h@pcmMe ie@c}ﬁhg@usﬂaga dataep 1150).

In the case.of us su rize I ue sta rd mat hemati cal and/ or
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used in anal yses of datasets (rgf erred to as SCALEIT is disclosed herein
bel ow. As'*RELeSdRKAYVIE A Ex B isi vel-y 4 tHgsises- ébé\‘/’@lé%h PtPPligatigeel  desi gned

tester dahagsh anddypalechel Qfemetman&mhyﬁé Ugteh N15tE VRl QRIRMse g dvigl | dat i on
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desi gned PEaeh byiag degfilizadien gl R b AR HBCUTSS (Npsspt HEhRSYeHE.
nvnanO VOA it BaniI0 oMU isRpHroadh if titTcoNext of Redponse: suiffecAsdisted met@Bdts non | ~T"r

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 substantially equivalent to the one or more reference

30 measurement values, sorting the data elements having substantially equivalent
measurement values, the sorted 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 set.. An embodiment of such
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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, BINorni —

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.¢., 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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di stribution of the data, terned lref, ste measures equi val ent
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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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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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22 conditions being tested a majority should be useful. Wen nost are not
utilizable either the normalization schene is not applicable to those
datasets or that systemis uniquely different. It should al so be noted
that though this type of invariance is prevalent in biological 5 systens,
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were scaled to target value of 500.

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% signal 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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23 In order to better describe these teachings, the foll ow ng exenplary
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as one used herein. While improvements in the aforementioned aspects are constantly being
proposed, statistics applied directly 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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probe-pairs representing that probeset will individually have a t-statistic of 7.0 or above -

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 faise 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

20
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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 kSS,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 (true 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

27



area under the ROC curve. Alternatively, this can be viewed as an
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differentials defined below) identified were only 42%, 61%, 81% and 86% of 1.5, 2, 3 and
4 fold 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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threshold and still being able to maintain high selectivity would
especially be of interest (i) wth certain datasets where there is a |arge
increase in positives with a small reduction in threshold, whereas the
training dataset indicative of variability in the experinment suggest that
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wi t hout m%%pﬁhgg% l%gggt 3 EZ d?f’V‘Wn%k{}i Paéecan brcpniremdIfet? section
Wi th sone dndsat expasiedjhe dbtbutiel HRHOE@HEsIVL lnbﬁéa%be@é}@\{@w ley'z‘prés%&@%%

. Lt. GJulAdCeng) Res Q sggﬁgrface assisted Paranetic shoul d be

not ed t hat etfe gt ki Fettiglialios apnveisely. dJwest aHélped@t)bewtﬁ yilssect #He better
it is o sethecdiformtial retidshWereBivieabSssBRwRLh is%ﬁﬁabrﬁkﬁ h'o@séréagﬁﬁﬁﬁuhtpt s wth

| ow 10 exp essl or}1 I evel s.. Thus, the advantage of t ovvere reshold were

eval uated dugh vagiabifiydn e lowideteclisndantzaset s (i.e., the probe |evel data
CxiT et cd oy oumd bpask AGHIRLAn s BDAYE,CON o 0Dk ALYLAOG, extents
(1.5, 2, 3 and 4 fol d). and conpari ng to the o tfaseto " H1 houl d

al | ow conpard algiiosrl teing with 48 indspanideity Cmfdenatlmammrg@omfsr tgetmolpges as
opposed t QeRerkiRsS 't%%gdltggf ?MXCLH% rrépfhl%@o il to te'slfI ttlheq ower F}Flg% ?(QOUI d al so

reveal the sensitivit f techni cal
repli dAt eédentlﬁ@ﬁsbbﬂé@ﬁéé?mwgldt P! lnﬁxfampwmhmmmtmbted sebs)idglcui feplicaldge results

for this ol ohd el,di CANef f t

si gni fyi ngyeadetsﬁédce{gggh ¥ lh{egl?i L %W%E%%@Hﬂ%;g ir:@ af‘ﬁ& )Ov&er?\@stp afe

r epr esent ede st nfﬁ‘lal@lg!@alzep Asteekpactelthgetdisicd welite (¢ esholigsrdreagd to hi gher

sensi ti vi at__an evel .. It should be noted that even
at the lo Mrtp 8%%’1?%% ﬁ% ){]ttmmanﬁ’ agle%?w E{‘éa%glc SIEIRSIS eIl F QM 259w (dver age of
three corrpephcst@s)smwmpmﬂe:cﬂ w3 emaldted) Mhisdettd fdeatbﬁc@uox%ffd‘nw %dd@h%fdef' ned

bel ovv)1 |def t@bz{ V\{e dé 61% 1% and 86% of 1. 2, 3 and 4 fold
respecg i ve? Sfaﬁptéﬁgi{ %Hﬁ@?e%‘?%ﬁ@nﬁ@é@hﬂﬁﬁ ClaHEVPF ﬁﬁ‘@?sﬁeéirﬁe of the

pr oposed lélpmba@ailns foAost préteesfi@dde@lis.(7. 71, 6) these val ues were

significantly ] ower. viz 3% and 70% respectively. For the
pur pose of cal draitd Rf‘gn%“éirtg@ﬁ%ea%@V%?‘@mpfapBé?lémqnafré ipmesegientd fedtted t he

maxi mum i distraté sad 6f e EhRIaRtn:AdrIndie &adiflgsdhd aéas‘}lgﬁhm egcl"te%csnug:gl
di ffer enti ald%eégxleg age of three conparisons) identif reshol d of

(t* =4, Ay ‘ier?}*%fnglé‘éfleilﬁ’@dlﬂ’éé‘tl&‘s%fe aib‘)fm @P%@Sd@@ﬂl ne face on the
surfaae Obmbddimdrts.(ri ght hand side) wth increasing probe-pair threshold

together with results indicated in Table 2 also indicate a higher penalty
for increasi ng'hHechHivBRIgseited ebpvegiobg imhlemetiod in mereasiangntpu@® stati stic

t hr eshol dprofddistk@nah Mnahﬁ?ﬁl n%ieaco Qfepﬁtcﬁldnmg an%sl%g%rs%g” at ghoi ce of

a |ower probe-pair thres can to Si g E}Wﬁer of
true diffepdablg by e mwmm(mcb@n@oﬁw @?@ﬂtp d, mcllaEJased hon-fathtiempmsiyt i ves. | n

order to Qay& sﬁ)rzpfe%hélﬁgnﬁ? add qg%n?ecéxﬁ{odﬁ@e lts leo 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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the nature of probesets/transcripts that are selected and are m ssed in
this study, the 28 distribution of the expression indices (to sinplify the
representation) of these probesets for one of the thresholds (t', np) of
(3,7) is shown in FIG 19. As can be seen fromFIG 19 and as expected the

di stribution afach B@n@ﬁ@*ﬁ@@ﬁlﬁrrhaiyfbéiirﬁﬁ&m&ftedﬁlh@b?§Q>tg$a,nnﬁ1(ﬁg\/la€x§\ﬂfg€,$ﬁdf s are
detected better at higher differenti ti os. nversely, alnost all the

probeset SATASEERYY ARSUSER ITRINE (AnEYAgE: ‘$}h evel Ar9cg el ee P INgKAIN&Eor s, whi ch
is consi S51?5}{;60%&&]7@%&6@!@%1@@1%@3@6 or 4 ORAEndton MBHIVERd @BEhnbdnd N t he | ow

detection ranges. The nntimal annli cafion of Resuf P on bi ith_ ~iffere_t

The - may. language mav\peammpliﬁd or ippgprets progigmming fangyasg vy, 16 Jar’ plus WL11
Uaulcll 0 Opertres need additional testing with an i ndependent

confirgmation L@dcﬁgoxaﬁkﬁéx*wégrhla%m%%yxemeﬁ@d/mrat&mmﬁesproyg}ml pregéuet ts of a
prelimnary evaluation to test if the | o% threshol d 10 identified by
Resur f P wi#igigly|carading gh sommiderperdpble sageqmaireas et tion byirsPogiteal

replicat eﬁmc@s&g% Wdyodes&%@efﬁgmgnuo%%aytﬂalp%rf&mera%% c()ﬁlpuﬁap?xowﬁﬁcﬁs hol ds of
(3,6) 3,8) were tested on one set of biol Obg% icates from

car di ogenamcetslg\megwé tngddy prabadirdsn 2 crpputeiesdabiympdive, © 8efoamf r om si x
human pat gﬁ)@&&sg’f&h ﬂ%ﬁ&%ctaﬁfﬁa&% § ﬁt gélgl-,de‘iadng tg‘hy‘mtﬂ&q{ﬁ'&%a@o‘c

triplicat to 1dentification of
only 52 anmi/@];omput%wﬁﬁs wxw%e@ét@haﬁ@ peEr8Ys baser @Bc@)binatienprict i vel y,

even t hou%?n% ncrﬁs 18 o’i ?’2{1):@ ﬁtgﬂff'rdﬁtl ﬁlgseocfm é}%@ﬁ&qsq{gh ep%@' é&n&%’uoﬂ?ﬁ;r y

pr obeset s nscrlp e note above exenp [
enbodi meninpmsanp repent. edcmm’ntnat"ttreﬁ and infeprstiveatse of orrepawents Heschbddddietent s of

t hese teach d .does no nor does the above
exenpl ary %41‘%8 i’ qhotdsoﬁon?tu& tc% élc?‘}ld?@?#g%bove éscri bed 20 enbodi nents.
The techni ques descri bed above nmay be inplenented in one or nore conputer
progr ams execuCémygon foras pf ograiratddeble Gopwtier ujahls) wdiindnclideriocessor, a

Snd age VERLHM. A FRANEANE afd bl BGEARRTmAdNC L Van] Her SRIRICE vol atile
and n TR 8 e ﬁorsoraee In
enmbodi men'medxuai sdnwmmmbpﬁmmtdxm@mdmﬁcamﬁ r@emt@m aramﬂlmr at | east

one out put. devjc Pragr a |ed te ing the
i nput devip%w(al) gt g}f‘rf‘%% Okis 1Oel?rfxgaf%ﬁf‘tshe fuhg%lﬁgﬁga %gglﬁpggd and to
gener at e QWLPSH-ErHONRty @her zﬂ'dﬁe)rpcitzpmtoamﬂgnt rebironwawy susk agppl i ed to one
o O e S oo SIaeR s SR TRO DALY SelSS HonPShiNE" €1 n My be

20 computer can read.

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

embodiments within the spirit and scope of the appended claims.
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30 conponents or joined together to formfewer conmponents for performng
the same functions. 29 Each conputer program nmay be inplenented in any
programm ng | anguage, such as assenbly | anguage, machi ne | anguage, a

hi gh-1 evel procedural programm ng | anguage, an object-oriented progranm ng
| anguage, or a comnbi nation thereof. Thi rogranmm ng | anguage nmay be a
conpiled or interpreted progranmm ngﬁ‘%ﬁggage. 5 Each conputer program may
be inplenmented in a conputer program product tangibly enbodied in a

conput er -readabl e st grage device for execution by a conputer processor.
Met hod steps Ofmethed fayvBmmasigingenaraectereral usy, ﬂ@dnﬁ%éb@ampl@memeée@gsor
executin rqr&# ngl ied on a conputer-readable nmediumto
performg?lﬁ%tg%?%gs 0 %E%g%#}@ t(lﬁgn by operating on input and generating
out put . O her givepingdscatGremradt @sulc fromud @ita sodies agduraltyafipdies bhAput to these
prograns based on conbi nati ons of conponents herein or take output from

t hese combi natCBRECRELTERHI. Conbi nations of input and output, i.e.,
comuni cative and integrative use of conponents described herein and other
met hods or conputer codes could al so be inplenmented. Common forns of

conput er - r eadd¢sbmigmgnfonsad easadmeg)ainddnersiealentdesultpwhitheexanpl e, a fl oppy

di sk, a flexible disk, hard disk, HH etic tape, or any, ot her netic
medi um a ctgjgym ‘?H’@?S%fﬁﬁ%&?ﬂ‘ ﬁ‘%@i U P, %@aur(‘?ﬁ’reéts{es‘g%?p%ggfgape, any
ot herg physi cahredBRi dHRRYM;t h patterns of holes or other patterns, a RAM a
PROVM and EPROM a FLASH EPROM any other nenory chip or cartridge, a
carrier wave, such as electromagnetic radiation or electrical signals, or
any ot her madiclgnslff Fom V\ékllrig maaszp ce%ppeutl(gsrfrcan 1rea}d. tN tfhourgh the invention
has been descyibud ™ 3P UPersHrepibny S by KO8 s Wah b °Choul d be
realized thi smemtesthéRedulis ad 66t chapaht & (B¢ pRd¥etBinv@hicaditedo fdtr t her and

ot her enbodinents within the spirit and scope of the appended clains. 30

CLAIMS 1. A maishobetigesholheriferiai ng paraneter val ue, the method being
inplgyented in a conputer and conprising the steps of: 5 grouping
measurenent result froma data set into a plurality of pairs of
measur ement r eatpdriig, if the predetermined measures satisfied the threshold criteria, one

measurement result in said each one pair of measurement results to another

measurement result in said each one pair of measurement results;

20 classifying, after the comparison, said each one pair of measurement results

according to result of the comparison;

selecting a common set of measurement results from the classified plurality of

pairs of measurement result for use with the data set; and

25
providing summary measures for a parameter utilizing the common set;
said determining, classifying, comparing, selecting and providing being
performed by means of a computer usable medium having computer readable
30 code that causes the computer to perform said steps;
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determ ning, for said each one pair of neasurenent results, whether
predeterm ned neasures for said each one pair of neasurenent results
satisfy 10 threshold criteria; classifying a pair of neasurenent results
fromsaid plurality of pairs of neasurenent results as not changing if the
pr edet er m ned asures .do not atjsfy the,threshold criteria; 15

Conpar i ng. 11 TRE BaatE sihhu® el dhetPE P TREE FHE MR 3¢ ter i a,
one neasur eneRgani@sdllahd téllga s@ht@_ﬁﬁlﬁl\@ﬂf%mﬂﬁiﬁle RPllepiRasmBéBMentcaBWt S tO
anot her neasurenment result in said each one pair of measurenent results;
20 cl assi f yi ngachaparametehsaidanprmeters mclading genss Hraneripaand piotgesnsnd enent
results according to result of the conparison; selecting a cormmon set of
measurenent results fromthe classified plurality of pairs of nmeasurenent
resul 5 for useviwirdih tHwainthadrized phianind vauep bMitiliz84) fos davBion ndkastfoes for a
parameter utilizing the common set;  sajd deternining, classifylng,

conpari ng, seﬂ@gﬁﬁﬁﬁo%@ﬁmﬁ?Bvﬂﬁﬁﬁ@OﬁQﬁﬁ@““ﬁéFPWﬂﬁ%ngVHHEQW@ﬁSﬁu%D%onputer
usabl e nedi um E . code that causes the conputer to
perform said g@g%g?@h%@ﬂﬁ%%&ég@ﬁ?ﬁ@?%§¥§ggéf i ncl udes data obtained from

| ar ge- scal e neasurenents of organismal and cellular state involving

mul ti pl e i ndependen urepents of each _paranmeter, said paraneters
includin&'genﬁg?r??gﬁggﬁﬁﬁgk CHFYPRIHLE G $EFEPS Ovher ei n t he summari zed
paramgt er val ygsyiaing stihlaZ 8adiRls SI8RERIGMI TR AR utllREHRRS ofiRBhI dence
on the use of 'the data in ‘activities including manufacturing, handling,
hybri di zatti.on and gene expression. 2. The nethod of claim1 further
conprising the steps of. 10 providing summary neasures of predeterm ned
gquantities utilizing the conmon set. 3. The nethod of claim2 wherein one
of the priedet emim@RodisRdthihi 2 @hetctn dne SARE pRABCANTHRAGUARItied B a

confidence measure.

15
4, The method of claim 1 wherein the data set is a replicated data set; and wherein
the method further comprises the step of:
averaging, as a first step, the measurement results over replications; averaged
measurement results constituting said measurement results.
20
5. The method of claim 4 further comprising the step of:
providing summary measures of predetermined quantities utilizing the common
set.
25 6. The method of claim 5 wherein one of the predetermined quantities is a
statistical measure.
7. A method for determining efficacy of a data set analyses techniques, the method
being implemented in a computer and comprising the steps of:
30 scaling a data set and replicates of the data set;

comparing the scaled data set to predetermined groups of original data sets in

order to test a predetermined analysis results;
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4. The nmethod of claim 1l wherein the data set is a replicated data set; and
wherein the nethod further conprises the step of: averaging, as a first
step, the neasurenent results over replications; averaged nmneasurenent
results constituting said nmeasurenent results. 20 5. The nmethod of claim4

further conprising t step .of : providing summary neasures of predeterm ned
quantities ut™ eﬁgﬁatt}‘c%ﬁ‘éy i%%ﬂﬁﬂ?té)rg‘é‘i‘?d’ 25 6. The nmethod of claimb5 wherein

one of the predeterm ned quantities is a statistical neasure. 7. A nethod
for determning efficacy of a data set anal yses techniques, the nethod
bei ng i npl emestiddedlingand snppeeng being permgmicdibygnedns o e spmipufer ugdlscal i ng a

data set and replicates of the da set; ari the scaled data set to
P edetor m mad AT EbGRe Sombie: e Sde GRTRAEM dhFuRE 30 B

pr edeger m nedsaa@{eyg;i s results; 32 wherein efficacy can be determ ned; said
scal ing and conparing being perforned by neans of a conputer usable nedium
havi ng conput er readabl e code that causes the conputer to perform 5 said

steps; whereby it ' ' Y| from
ar po- soal o sty It Syl SRRl BB KERHC! B BTy BRALIRE, [
mul ti pl e i nde pesasd@binente®istpaaivenal sndiellaiat btapaimaoeirg mulsiplcinpareadaiter s

i ncl udi ng genes, transcri_pt 10 and proteins; and wherein the efficacy of
a data set andISPEUSTERERAE rgraeteh s pARITEETS HEURSENSHAIFPYGIRD i ncr ease
conf hgence on e.of ithe data in activities including manufacturing,
hand:l?ng, hybff@??g??sb’%?dgene expression. 15 8. A method for normalizing
data froma data set, the nethod being inplenented in a conputer and

o g e R e aS BB el em e Sae Betacegrding o
reference subs@li$ng foNBcrease confidence on the use of the data in activities including
manufacturing, handling, hybridization, gene expression.
15
8. A method for normalizing data from a data set, the method being implemented
in a computer and comprising the steps of:

sorting data from the data set according to measurement value;

20 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
substantially equivalent to said at least one reference measurement value;

25
sorting the data elements having substantially equivalent measurement values,

the sorted data elements comprising a sorted substantially equivalent subset; and

utilizing the at least one reference measurement value and the sorted

30 substantially equivalent subset to normalize the data set;
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reference subsets having at | east one reference neasurenent val ue;
selecting, fromthe sorted data, data el enents having neasurenent val ues
substantially equivalent to said at | east one reference neasurenent val ue;
25 sorting the data el enents having substantially equival ent neasurenent
val ues, the sorted data Iene&ts gﬁnPrH§in afsor5$d subst ntiall¥

equi val ent suB¥deelcaiE: sofing pnd Rgrmalieng beimeRgrfogmed PYmeaRh led FIBRYIFa nent

val ue and the ysgy1é BRdReh Baasd @rhhabd ¥aRBW A6k Skt caukes Ble dompaes il | ze the
data set; 33 said selecting, sorting and normalizing being performed by

means of a compdewn saigstgbs;e medi um havi ng conput er readabl e code that
causes the conputer to performsaid steps; 5 whereby the data set being
anal yzed i ncludes data obtained fromlarge-scale neasurenents of

organgsnmal andvireddythadats satteingunalyredifhciudet dath eblantd Femne Ringe-saaasur ement s
of each paraneter, said paraneters jn¢luding genes, transcripts_ and
proteins; 10 Weswementsof augapismak e epbliular stefe iavalvingguultiplaindensadent s
utilized for LS i i i : t he data
' activiti es Taer s TR ke Anhs KRR SR R AR e
expressi on. 9.andpsteies;hod of claim8 wherein the step of utilizing the at
| east one reference 15 neasurenent value on the sorted substantially
equi val ent subset to normalize the data set conprises the step of

utiliigi ng a pradelif it Refa iRl Al fes tRBnRAled 8RBI2QNRr dEgligh ENCE val ue
and the sorted substantially equivalent subset" in order to establish a

di stribution cuakieg todfcre¢gse chhedenet o thaxiseif dinda@a whastigities irvkudsngp of
utilizing a prede%agcrm' ne ?.ogg%ﬁ)atmﬁ of the at |east one reference val ue
and the sort edUHSTERE MM PdI2aHe SSiH SRS ior i ses the steps of .
iterating over portions of the sorted substantially equival ent subset in
order to obtain the predeterm ned conbination of the at |east one

ref erencé. val JéleamihQCE@f clagig §whewih Sgbtepanutibizing thaatileent ennrefueet . 11. A

conmputer program product .conprj sin onput er { di.mF i.ng
comput o TR BRP RS E S oREp Bi R e S5k TR B bei ng
capabl e set comprises the step of utilizing a predetermined combination of the at least one

reference value and the sorted substantially equivalent subset in order to establish a

distribution curve.

20 10.  The method of claim 9 wherein the step of utilizing a predetermined
combination of the at least one reference value and the sorted substantially equivalent
subset comprises the steps of:

iterating over portions of the sorted substantially equivalent subset in order to
obtain the predetermined combination of the at least one reference value and the

25 sorted substantially equivalent subset.

11. 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:

30 scale a data set and replicates of the data set; and

compare the scaled data set to predetermined groups of original data sets in

order to test a predetermined analysis results;
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of causing a conputer systemto: 30 scale a data set and replicates of the
data set; and conpare the scaled data set to predeterm ned groups of
original data sets in order to test a predeterm ned analysis results; 34
wherein efficacy can be determ ned; whereby the data set being anal yzed

i ncl udes data obtained fromlarge-scale 5 neasurenents of organi smal and
cellular state involving nmultiple i ndependent neasurenents of each
paraneter, saiyhcRaf affRhEY &anl RCddinieedgenes, transcripts and proteins; and
wherein the efficacy of ‘a data set anal yses techniques is utilized for
decision 10 nmaking to increase confidence on the use of the data in
activities incliudigy. FRUE AU G, DANALLDG, YBIIIZA! 1.00. and gene

expr essi on. 12 Kzgonpu er pro&ran1pro uct conprrsing a conputéer usable
nedi um havi ng maoirewees of egdakhel aatlel R erteidvdvaipgahiltipkahdepeadaidt er
readabl e code bei ng capable 15 of causing a conputer systemto; sort data
from the dat aRESUrgRens of Airhirarsrpeisi pafwaameigrs cludinggdnes, dwaseiithg to a
pr edet er mi ned i A ref erence subsets, the reference subsets having
at | east one Fgégggﬁggqﬁgasurenent val ue; 20 select, fromthe sorted data,
data el enents havi ng neasurenent values substantially equivalent to set at

| east one reference neasurenent. value; sort the data el enents having
substantial l'y “étﬁftﬁlw}eefgﬁcwgg drdaresst ar%ﬁéxsa%?,cfl@lﬂlées Io 5t len0gRiTED el ament s

conpipsi ng a $0iidatoIHAsIRbhAIdNte B VRO theSdRS flactidids idé‘idd_hix%le the at

|
| east one reference neasurenent val ue ang the sorted substantially
equi val ent subsanfacturingy haldling, hybedtation sst gen8@xpiessieby t he data set being
anal yzed i ncludes data obtained fromlarge-scale neasurenents of
organi smal and cellular state involving nmultiple independent neasurenents

of each parang( @J%@@J ;ﬁog@h@ﬁ%@é@oﬁn@ﬁwgiaruanq,@fh@%samé ARAEH] Riving and
proteins; and 35 ereinthe normalized data set anal yses techniques is
utili zed chapuigerdadilde code embodied therein; said computer readable code being capable

15  of causing a computer system to:

sort data from the data set according to measurement value;

select, according to a predetermined criterion, reference subsets, the reference
subsets having at least one reference measurement value;

20
select, from the sorted data, data elements having measurement values

substantially equivalent to set at least one reference measurement value;

sort the data elements having substantially equivalent measurement values, the

25 sorted data elements comprising a sorted substantially equivalent subset; and

utilize the at least one reference measurement value and the sorted substantially

equivalent subset to normalize the data set;

30 whereby the data set being analyzed includes 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; and
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maki ng to increase confidence on the use of the data in activities

i ncluding manufacturing, handling, hybridization and gene expression.

wherein the normalized data set analyses techniques is utilized for decision
making to increase confidence on the use of the data in activities including

manufacturing, handling, hybridization and gene expression.

36
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