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*co0000? * 5 TECHNI CAL FI ELD The inventjon relates to nultivariate analysis
bet ween a biol ogical condition and gene expression |evels and/or

quantities of intracellular substances, and a neaSULLﬂg_LD§£%§%§%$jjmqr
therefor and a testing nethod based on the analysis. 10 BACK

Since the declaration of conplete decodi ng of hunman gegmmmmmmmmmMm 2000,
it is saigpsh@tiparpast - genone era has begun for el ucid m&etic
information witten in the genone is expressed and functiomgysdhn the 15

progress of human genone program net hodol ogi es for neasuring the state of
genome expression have been developed An ol i gonucl eotide array a
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conventional two-di nensional electrophore5|s as a neasurlmmm 20
prot eonmes (proteins). O her advanced technol ogi es such as antida@cy chip
have al s tion. These neasuring technol ogi es are epoch-
naking 03335%@ﬁﬁi§ﬂfgﬁgr t echnol ogi es because they can collectively obtain
bi ol ogi cal state paraneters in a short period of time. Technaql ogi es for
efficiently meddif iHentn gelabesipraaldivewiateeanalysis between a biological

condition and gene expression levels and/or quantities of intracellular
substances, and a measuring instrument therefor and a testing method
based on the analysis.
10
BACKGROUND ART
Since the declaration of complete decoding of human genome in June
2000, 1t 1s said that a post-genome era has begun for elucidating how genetic
information written in the genome is expressed and functions. In the
15 progress of human genome program methodologies for measuring the state
of genome expression have been developed. An oligonucleotide array and a
~ microchip have been developed for measuring transcriptome (mMRNA).
Recently, mass spectroscopy has also been advanced in addition to
conventional two-dimensional electrophoresis as a measuring method of
20 proteomes (proteins). Other advanced technologies such as antibody chip
have also attracted attention. These measuring technologies are epoch-
making over conventional technologies because they can collectively obtain
biological state parameters in a short period of time.
Technologies for efficiently measuring the gene expression are as

25 follows. For measuring transcriptome (a total assembly of mRNAs), a- DNA



25 follows. For neasuring transcriptonme (a total assenbly of nmRNAs), a DNA
2 chip has been devel oped, in which a plurality of DNAs are retained on a
substrate in order to detect mRNAs conpl ementary to the DNAs. Exanples of
the representati ve DNA chips include a gene chip and a DNA m cro-array.

Two- di nensi onal el ectrophoresis, an anti body chip and nass spectroscopy 5
have been used for identifying the proteone (an assenbly of proteins).
Measur enents of netabol one (an assenbly of metabolites including netabolic
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this nmeth IS nowin prodgress. Since the conditions o S In a body
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inthe cells of |ynpho patjents (DLBCL ith a DNA chip, and classified
the pati glhyg'd%nﬁmn@lcﬁq?nrtéf»%‘mreéms%rbﬁgt@wyeﬁelgna RdmART iSBRANESIPHphoma
by cluster analysis (Nature 403(3), 503-11 (2000)). However, since this
met hod caW¥st bepht BFer dondentibyingathe pProsegpe oﬁ%n( @spebht 9§ nrotenstannot
deci de which gene is inportant to what extent. A Alaiya et al. neasured
pr ot eonmeMeasuteanerts) ofofmatabolane néar apssembbo Hatmesabslises t isledingnsi onal
el ectrophoresis, and constructed a di agnosis nodel based on a parti al
| east squaetahwdichodtéradiddes dfavz2 gadi deen iattewpted by alsieg dmass
mal i gnancy of the disease (Int. J. Cancer, 86, 731-36 (2000);
El ect r oprepreetiomet2y, arid iidis Ide(R@0G)now m progtesenal Publ i cati on WO
OQf70340). The results of cross-validation is inproved (2 = 0.84) by
Since the conditions of the cells in a body can be described precisely
10 by the expression of gene products, more accurate diagnosis may be
expected by these measurements even when conventional diagnosis markers
give insufficient information. Examples of such studies are as follows.
P. O. Brown et al. measured the transcriptome in the cells of
lymphoma patients (DLBCL) with a DNA chip, and classified the patients
15 into different clusters of benign and malignant lymphoma by -cluster
analysis (Nature 403(3), 503-11 (2000)). However, since this method cannot -
. obtain a model of causal relation (correlation), it cannot decide which gene is
important to what extent.
A. Alaiya et al. measured proteomes in the cells of 44 uterine cancer
20 patients by two-dimensional electrophoresis, and constructed a diagnosis
model based on a partial least square method from data of 22 patients in
order to elucidate malignancy of the disease (Int. J. Cancer, 86, 731-36
(2000); Electrophoresis, 21, 1210-17 (2000); International Publication WO
00/70340). The results of cross-validation is improved (Q2 = 0.84) by

25 selecting 170 variables having large loading from 1,553 variables in a full



25 selecting 170 variables having large |oading from 1,553 variables in a
full 3 nodel, and correct answers were obtained in a ratio of 11/18 with
respect to degree of seriousness (thrge stages) of the remaining 18
patients. The authors indicated that the cross-validation nmethod can be
used as an index for constructing a nodel. However, a full nodel should be
established in 5 this nmethod before |oading is obtained. Further,
alternative nethods for selecting the variables have not yet been devi sed.
J. Khan et _al [ . j - ] j '

chi ps, an @?th?ﬁ??éﬁggg%ﬁéﬁ%ﬁ%&gb?g?hﬂﬁgﬁéggﬁgﬁﬁéOﬁggﬂgnﬁﬁhgﬁggsﬁwﬁiCia

neural network ture Medi ¢ine, 7.6 6 79 (2001)).,dhe ,aut.hor s-10
R i e B e T R

measur ed TS ncer” patients
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di agnosi s, nodel is constructed. Effective high-ranki enes re sel ected
by cross- {1 sanstheinE ehiwdebndloweveest %ﬂlésmpéel( %@3@% ¥ established W ch 15
respect tqQ 96 genes. The renmining 25 patients were predicted by this
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be established in this nmethod before obtaining effective genes, and
aIternati&éecﬁﬂgﬁbayatbﬁﬂ@hhaYﬁhﬁgye%b¢@mﬂ@§5hgve not yet been devi sed.
While this method is valid in the case having variables as small as 10
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vari ables. Recently, D. M Rocke and D. V. Nguyen reported the use of the
partial | dsipssauar elusidddted fmalighheacand] thed disehsé ey bBMAanshofpahl attificiak | onal
Pupl i cati on WO 02/ 25405; Bioinformatics 18(1), 39-50 (2002); Bioinformtics
18(9), 1246ulf @03}k BlatwioMedicns:, 18(6)2)673625(BM1)R00Dhle. dithbss
reported

10 measured transcriptomes (6,567 genes) of 88 infant cancer patients
(SRBCT), the data from 63 patients were compressed into 10 dimensions by
pl'mcipal component analysis, and then an artificial neural network
diagnosis model is constructed. Effective high-ranking genes were selected
by cross-validation method, and the best result (100%) is obtained with

15 respect to 96 genes. The remaining 25 patients were predicted by this

model to obtain a result of 93 to 100%. However, a full model should also be

established in this method before obtaining effective genes, and alternative

a

methods for obtaining variables have not yet been devised. While this
method is valid in the case having variables as small as 10 dimensions, it
20 cannot be applied to a case of a large number of variables.

Recently, D. M. Rocke and D. V. Nguyen reported the use of the
partial lest-square method for the analysis of the DNA chip (International
Publication WO 02/25405; Bioinformatics 18(1), 39-50 (2002); Bioinformatics
18(9), 1216-26 (2002); Bioinformatics 18(12), 1625-32 (2002)). It is reported

25 that good vresult is obtained by using latent variables of the partial least



25 that good result is obtained by using |latent variables of the parti al

| east 4 square nethod as explanatory variables of nultivariate analysis
such as |inear discrimnant analysis. 4This nethod is usable because the
partial |east square nmethod is able to sinultaneously performreduction of
di rensi on and nodel fitting. Reported exanples show that the partial |east
5 square nethod is excellent as a nodel construction nethod for DNA chip

i nformati on. However, the report does not nention applicability of the
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data are effectively processed since the large anount of information is
i ncl uded. suassr giethpe isedicelenas a nhedetaeinshiyatinge segthgdi ri RNA chil e for
acquiring useful know edge. Wiile cluster analysis is used mainly today as
descr i bedirdbowetioot hdlowetémwdde sepdrtadogs inotipahtioonpppbeabitital ofsthe have
al so been enpl oyed. However, 20 since cluster analysis and princi pal
conponent partalykast dquand nusthodsapenearse ol sdecting,tha empdeksioh lesek af
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i'ch gene is inmportant to what extent. Wiile the partial |east square
met-hod i sAa Aeves fail alnbdcavias ithieedatinlaysi sndlRtéddy using all explanatory

10  variables selected in advance.

More accurate (higher resolution) diagnosis may be expected by
using gene expression information even when sufficient information cannot
be obtained with conventional markers. A result of a measurement of gene
expression has a feature that a large amount of information is obtained, and

15 the data cannot be used fully unless the data are effectively processed since
the large amount of information is included. Accordingly, effective

information processing is inevitable for acquiring useful knowledge. While

N

cluster analysis is used mainly today as described above, other methods
such as principal component analysis have also been employed. However,
20 since cluster analysis and principal component analysis do not use
supervised learning, a model of causal relationships (correlation) of disease
conditions cannot be obtained. In other words, it is a weak point that the
results of analysis do not tell which gene is important to what extent. While
the partial least square method is a powerful multivariate analysis method

25  for simultaneously performing reduction of dimension and model fitting, we



25 for sinmultaneously perform ng reduction of dinmension and nodel fitting,
we 5 often encounter a situation that significant results cannot be.
obt ai ned when the nunber of the variales is very large. Accordingly, an
effective information processing is desired for acquiring useful know edge
froma |arge anount of information of gene expression. Al so expected are
efficient 5 nmeasuring instrunents and test nethods based on the results of

i nformation processing. DI SCLOSURE OF THE | NVENTI ON ( Techni cal Problens to

be_Sol vedofiyntdieohil¥ant ALk Akt Bketlant bRy DS B0 cheuhaa RGN de an

effective information processing ne r information on nultivariate

gene exprgssion Lnfprgption. R iqtraceIIuLar S stqﬁc and t Like.
1€ I%u e% of .thé variables very la1%e. c;Ipf)l 1{1%\?7 an _efiective

Anot her object 0 he invenfion i's To provide an eftTec e exam nation

met hod therefor.. 15 (Means for Sol vi,ng the Probl ens dat nal.ysi s system
Rccor di ng G PRSP BENEOM IO SR o ST Ol FErsaT Tt S
biologicaL%condition g%g% chaqgﬁ {n t he biologicgh condi ton .

pr obabi | i SEBEATYUEEAEFHOERARENOL B SXPLETSIRY eSO BFReshed 2 aiigent
expression |levels and/or quantities of intracel]lular subsfances as 20

expl arat oFPagHIIngy| Wstruments sapfh fast amethods o»r thecapsnlty af

sanpl e set including data on the biological condition or data from which
the bi ol syprmlatioomiiockenings derived, or data on the change in the

bi ol ogi cal condition probabilistically generated with time, and the
expression levels of a plurality of genes and/or the quantities of

intracel lul ar substances; (A) a 25 selection nmeans for -selecting
expl anat oDISCAOAVRES OK B IDVIENT4OMNN neans

(" (Techmnical Problems to be Solved by the Invention)

10 An object of the invention is to provide an effective information
processing method for information on multivariate gene expression,
information on intracellular substances and the like.

Another object of the invention is to provide an effective examination
method therefor.

15  (Means for Solving the Problems)

A data analysis system according to the invention determines a

( correlation model with a biological condition or a change in the biological

condition probabilistically generated with time as an object variable and
gene expression levels and/or quantities of intracellular substances as
20 explanatory variables. The system has an input means for receiving a
sample set including data on the biological condition or data from which the
biological condition is derived, or data on the change in the biological
condition probabilistically generated with time, and the expression levels of

a plurality of genes and/or the quantities of intracellular substances; (A) a

25  selection means for selecting explanatory variables; (B) a calculation means



6 for calculating a result of cross validation by executing a parti al

| east square nethod, or for calculating a result of cross validation by
executing a partial |east square nmeth@d by using a conversion result as

t he object variable, the conversion result being obtained by converting a
probability that no change 5 occurs by applying a life table according to
Kapl an- Mei er nmethod or Cutler- Ederer nethod to the data on the change in

t he bi ol ogi cal condition, based on or wthout an assuned distribution; (C)
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t he expl anatory variabl es- assessing the resu the cal cul*ation by

t he cal cul ation nmeans; ;and,.: g) a 10.deci si on .means for deciding _a paytial
| east squireniBad) Tyl SRR dpsIC ORGSRt Ml Lo oY e R PRRES] esul ¢

of the crpss, validati f the partial | east uar del as. gt |gast one
of i ndepelfdshtayaTs FTBETy USrRg: £HeroSIroR T RaBREY 2, A NP Ealbul ati on
means (B) and the judgi ng neans. ( For exanpl e, the. sel ection neans
sequent | awryveé‘éw@clfeéu?% elé‘)%p‘?abiﬁéﬁ% by anV%Eiti‘%F‘e%‘;obégﬁété(l et Igr]%%ﬁl%fy usi ng
a genetic algorithm_ The cal culation means_calculates a result of_ the
cross val PeRaeE &y aplying adidaripble aggopdnaty Kappar t¥laler ragidiodseu&Sréleret hod
after excluding one or nore sanples, sequentially. The judgi ng neans
det er m neEdetenr methagite the datpr s éhe shiange inatheebivlogipaleganshitipat heeed t he
obj ect variable on the biological condition 20 predicted by the gene
expr essi opnof wihkoexah adednednbleibutiernct) caliseliainaniveardessing abpans
vari able on the biological condition of the excluded sanple. The result of
t he crossforajudigingondostipudged hontdoptipnovfdhiel ekhnatenr esemtdes iy val ue
of(the error is reduced. The discrimnative assessnent of the cross
val-i dat i oassessimgpead ecsuibhiodf ehehalexiptianabptie valddhties ween25asél(@gted by
i nclusion or exclusion. Alternatively, it may be used as a
10  decision means for deciding a partial least square model by continuously
improving a function having the result of the cross validation of the partial
least square model as at least one of independent variables by using the
selection means (A), the calculation means (B) and the judging means (C).
For example, the selection means sequentially selects the explanatory
15  variables, or selects them by using a genetic algorithm. The calculation
means calculates a result of the cross validation by, for example, applying a
— partial least square method after excluding one or more samples,
sequentially. The judging means determines, for example, a representative
value of an error between the object variable on the biological condition
20 predicted by the gene expression of the excluded sample in each calculation
and the object variable on the biological condition of the excluded sample.
The result of the cross validation i1s judged to be improved if the
representative value of the error is reduced. The discriminative assessment

of the cross validation is repeated while the explanatory variables are

25 selected by inclusion or exclusion. Alternatively, it may be used as a



7 criterion of discrimnative assessnent, instead of using the cross

val i dati on whether a function having the result of cross validation of the
partial |east square nodel as at |east; one of independent variables is

i nproved or not. The decision neans determines the partial |east square
nodel by, for 5 exanple, continuously inproving the result of cross

val idation of the partial |east square nodel by repeatedly using the

sel ection neans, calculation neans and judgi ng neans. The sel ecti on neans

and cal cul,atd, fh Bﬁaig%lmat?@e E%%Pe%!éfrfeﬂt"‘iﬁdﬂe@d Bk wsﬁig hye ef oscOrdBlos. VWhen

a correlatlon nodel 1's constructed op imal [y, the explanatory variabl es

are sel .eCt }?%Sgglhlgctlghq'haé\gngqﬁgl 58 t 8{@%?,%\6%1'(1@?1%&10 0 h%r&galamaqq gs{mdel

is obtalne y re |nen3|ons 0 e explana arlab The
conver si on based gn an Q§fu d d|s utl gr\mab ut_ as ulrreot
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change in_the blologlcal condi tion h a poly onlal of_the p tory 15
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division of a |ogarithmof the p robagyllty with a ng_ tlve g ﬁn added after
the | Ggar Ptample. CORUBROUSH ByPrHangssereatitad dpsreyaidatien echihgaariak ne
condition, a division of a logarithmc value of a negative value after a
| ogar i t hnleest saviersi medet byhaeprasbabi Mstye et sdeefiare mpaaponcalchiativn t he 20
change of the conditions, or a division of a calculated val ue of probit
(pr obabi | nepnarsind jutmuemseors. ol ha sekictionopeans eadmplenlbtioacneais nHey
probability from1l by the observation tine of the change of the conditions.
On the otberexkantkd avitlhgi pluraityf of atmportermy Waenszdowhdatibhemodealver si on
i s(perfornmed without assuned distribution. A conversion nethod may be 25
appr opri at@lsyrseledcoimayl ydehe dixptpvdtaty kianthbdés ases sejciedh biased ai the or t he
10 result of cross validation, and a good model is obtained by reducing the
dimensions of the explanatory variables.
The conversion based on an assumed distribution or without the
assumed distribution is performed in order to analyze the probability of the
change in the biological condition with a polynomial of the explanatory
15 variables. The conversion based on the assumed distribution include a
division of a logarithm of the probability with a negative sign added after
Q the logarithmic conversion by the observation time of the change in the
condition, a division of a logarithmic value of a negative value after a
logarithmic conversion of the probability by the observation time of the
20 change of the conditions, or a division of a calculated value of probit
(probability unit) conversion of a value obtained by subtracting the
probability from 1 by the observation time of the change of the conditions.
On the other hand, a logit transformation may be used when the conversion

1s performed without assumed distribution. A conversion method may be

25  appropriately selected by deciding what kind of assumption is valid for the



8 distribution or not. An exanple of the function having the result of
cross validation of the partial |east square nodel as at | east one of

i ndependent variables include a functigon of the representative val ue of
the error and the nunber of the selected explanatory variables, or the
function may include 5 other independent variables. The function is
desirably a nonotonically decreasing function of the representative val ue
of the error, or a nonotonically decreasing function of the nunber of the

expl anat Ofx ¥ 3k1oA0LE S0t TNen I 4G HCAR AR APhY VDG BRl cUl At et sbaply in
l n

order to prevent 1 ncrease In t anount ot calculation, a an exarrpl e
thereof is 10 function - PRESS al phaNP. erein, PRESS is. a predicted
resi dual - 27041 0on e BaiToE e e Y Rt A et B e B EAE
vari abl es used, and | pha is a real nunber |arger.thap,1. O her nctions
avai | abl evapliaanclysiebdipe g of oo dp e Ghd SabieaGE phergnd e
NP) - ganuna ere nmm . denotes a positive feal nunber. 15 A usua
statisti cRPTRathefdths selgcted, sxp E%wav%ﬁéf%pﬁaglenﬁwaen B3y w@u%en t he
nunber_ of the eﬁflanatory variables is reduced. A better nopdel can, be
obt ai fed Prharthandapeasepdvayakiss ng Thgefungtamads o?gpxahly ol wenommiealbet ed by
using the partial |east square nethod as the explanatory variables in a
stati sti cdpcurashan Bmatent | farthat eepnedepdptiveetviabee oR0oth® herraiseqr aa bet t er
nodel may be obtained by using latent variables in the partial |east square
met hod wi hiprdteniwellgcidedr eysphanfitrotiony arfi dbkesivasbeiheof d¢hpl amataratory
variables in the statistical nethod or nmultivariate analysis nethod. The
| at ent vawvhsbbbs. arEhaifedctisnalany desirbbly phet ¢adbulagadtsisplana orddrhod.
Cqﬁbression of dinmensions in the partial |east square nethod
- prevent increase in the amount of calculation, and an example thereof is a
10  function -PRESS x alphaF wherein PRESS is a predicted residual error
sum of squares, NP is the number of the explanatory variables used, and
alpha is a real number larger than 1. Other functions available include
—PRESS x (NP + beta)samma gnd ~PRESS x (beta — NP) gamma where gamma
denotes a positive real number.
15 A usual statistical method or multivariate analysis method may be
applied when the number of the explanatory variables is reduced. A better
C model can be obtained in the invention by using the explanatory variables
selected by using the partial least square method as the explanatory
variables in a statistical method or multivariate analysis method.
20 Otherwise, a better model may be obtained by using latent variables in the
partial least square method with the selected explanatory variables as the
explanatory variables in the statistical method or multivariate analysis
method. The latent variables are used usually in the partial least square

method. Compression of dimensions in the partial least square method -

25 model fitting is performed by extracting latent variables (Ta) of small



25 nodel fitting is performed by extracting latent variables (Ti;) of snal
9 dinensions conmopn as a background of the object variables (Y;) and the
expl anatory variables (X/). Yi =ZQKixTgk+Fil, and 5 X;; =s Pk; x T,k + E
;, Wherein i denotes the sanple nunber, 1 denotes the nunber of the object
vari able, | denotes the nunber of the explanatory variables, k denotes the
nunber of the latent variable, and F and E denote residuals. Exanples of
the statistical method and multivariate analysis 10 nethod include a
mul tiple k. ' Sy ' rodihscd vy LS, (V. tjyve | east
square ne@§%%§§§%§?§?ﬂgbgi%§§r£%§§$88§?oﬁq“%%gg%%%ﬁ%ﬁ%¥ﬁéﬁé¥%fggaaﬁﬁiysis,
di scri m nant anglﬁ§is, i,t h MBhal anobi s di stance, kNN nethod and artificial
neur al né?%g?ﬂg‘¥ e’ 6 "also find that the explanatory variabl es can
be 15 arbitrarjly selected 3¥ optim zing a function having the nunber of
t he explanator?ﬁV' (bl esk 4s'la second i ndependent variabl e, besides the
result of cross validation such as @, PRESS val ues. \Wen the desirable
range of 2B®e nunber NP of the extracted explanatory variables is
determined in relation to the nunber of the sanples in the usual
stati $tical netRod ke 20w vari ate anal ysis method, the function may
arbitrarily be nodified according to the desired nunber of selection to be
at t ai ned. whkeaint hdenptascthonaimplexprebeed denotPRESS xwaibehalifthef ebjeetxanpl e,
the constant alpha is desirably in the range of 1.0 to 3.0, nore desirably
in the ravgeable, j.dertoses 2h€ nuimber déthe expboraase viehmblesibedenbteshthe
expl anatory variables in the
i numbey of the latent variable, and I and E denote residuals.
(

Examples of the statistical method and multivariate analysis

10 method include a multiple regression analysis, linear discriminant analysis,

adaptive least square method, logistic linear regression, proportional

hazards analysis, discriminant analysis with Mahalanobis distance, kNN
method and artificial neural network.

The inventors also find that the explanatory wvariables can be

15  arbitrarily selected by optimizing a function having the number of the

explanatory variables as a second independent variable, besides the result

(, of cross validation such as Q2, PRESS values. When the desirable range of

the number NP of the extracted explanatory variables is determined in

relation to the number of the samples in the usual statistical method and

20 multivariate analysis method, the function may arbitrarily be modified

according to the desired number of selection to be attained. When the

function is expressed as —PRESS x alphaNP, for example, the constant alpha |

i1s desirably in the range of 1.0 to 3.0, more desirably in the range of 1.0 to

2.0, in order to decrease the number of the explanatory variables in the

25 range of several to several tens variables. The selection of the variables



25 range of several to several tens variables. The selection of the
variables 10 nay have the sane advantage in other functions f(PRESS, NP)
such as f(PRESS_MP/al pha, MP + 1) f(RARESS_MP, MP) around the nunber MP of
the actually sel ected explanatory variables and the value of PRESS MP with
respect to the selection of the variables. By using an appropriate 5
function as descri bed above, the nunber of NP of the explanatory vari abl es
to be selected can be within a desirable range. A nodel obtained by the

stati sti Cx%]agctﬁbgdch%rsemdletéd’\?’z{ﬂt@ g Analye RARIGRAIEHISS, copstitetad by

further se Ing the expl anatory vari ables enpl oye n the nodel
determ ne dat a
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gener at ed h time and the gene eﬁpBesm Q Ieve?s and/or the quantities
of the intt éF?Hﬂcértos & ealfcdionc gh the vaiabieene Yoy St g 4PRE° alftity
derived fromthe biological condition enerﬁﬁ Wlllth tinme as the b ect
vari a® e. funFﬁ)é’nCﬁ%ﬁQ@:rIl 4 ReoYs dhedramber ohdv k PbAnp 3B 4%{ vagyap
generated with time" is, for exanple, a survival tinme, The partial |east
squar e metchbd seéeqtedtﬂarmebewmthnxaaprlawNeleeran@t hal reedeab abteingibyeihe met hod
and logit transformati on. The object variable in the partial |east 20
squar e nesthodtical ohetdiodedr byulbataciatet amglyaispnetshbil| damy be hesmshiorctad iye
occurs by applying a life table according to Kapl an- Mei er method or Cutler-
Ederer mefihthet os¢leetidgt ahen expiarcitarnge varabhes béropbgiedalinc ofbhdi tinodel
gefierated with tinme and by performng logit transformation of the
pr obabi | i dyterhaged byahisieg threerasallc uf dhedrvdst YuladntéguatGarseghently, dataog
{P/ (1
10  analysis is possible by using the statistical method or multivariate analysis
method whose riature has been fully elucidated.
A correlation model between the change in the biological condition
probabilistically generated with time and the gene expression levels and/or
the quantities of the intracellular substances can be determined by using a
15  quantity derived from the biological condition generated with time as the
object variable. "The change in the biological condition probabilistically
( generated with time” is, for example, a survival time. The partial least
square method is combined with Kaplan-:Meier method or Cutler-Ederer
method and logit transformation. The object variable in the partial least
20 square method is obtained by calculating a probability that no change
occurs by applying a life table according to Kaplan-Meier method or Cutler-
Ederer method to the data on the change in the biological condition
generated with time and by performing logit transformation of the

probability. Logit values are calculated with an equation, logit = log {P/(1 -

25 P)}, based on a ratio (probability) P of a class in the classified data. The



25 P)}, based on a ratio (probability) P of a class in the classified data.
The 11 result of cross validation is calculated wwth the partial |east
square nethod by using the logit valug as the object variable. The
survival time is analyzed after extracting the explanatory variabl es by
taking the cross validation wth the partial |east square nethod into
consideration as descri bed above. 5 A usual statistical nethod or

mul tivariate analysis nethod becones applicable when the number of the

expl anat Ole\é ‘létagf al?)lsg% 'h%la'fall%gluﬁe&lcﬁg% wifh %Q 3191 ?1?1 tastdll%tlb%lét}fgﬁt hod or

mul tivar method for elucidating t caneln e biol ogi cal

conditio robabl Stl calllug a(%etneratbgéjE \y&ﬁ 1 ?9;{}%&1%‘5%%%3129’2&&5' ng
0

sm .O va
the expl a at! varlgbﬁ es or vari a ereo in the

determ ne rmdel For bett er obt ai ned appl yi ng
anot her s*?dfﬁ‘fll @F]@&P%%%g@pxé’ﬁé%q v‘éﬁlll%ll{’ﬁo etil\"'al 9%?%? th%t%a (&l
proportlon%lihazard thod or a li regressi on anal a A)l ed to a
par anet r i ¥t ek aitia ﬁ?swqﬁ?ﬁﬁe’i %‘)??)IC%%%%SWU%PF 1525 @ 8¥%ri ned
with the logit value_as the qbject variahle. The pr portl riwl 15 hazard
met ho@ devel opeft Usyiabskatisiienl mﬁéhqd %W‘HFW%WQW %315 gRethod; Peeomasal yvsi s

of the survival ratio, and it can deal wth nultivariables. The C analysis
in the prapdicabbeathamibe sumshdiodf ihecexnlanataydvaratlies anaedwesd. uBhers t he
survival ratio defined for each individual of observation and a function

whi ch dera vesddlhd satatisticed| methddpl amlibisetabie tthethoshionselutidatdpg ther vi val
ratio for the total set or for each group thereof. The paranetric
di stri buté¢lomgweansha mobigadill ¢dnditibatprobabiloticdlyc gbadreded morthatingr ral
di(stri bution proposed by Gauss, and an exponential distribution, a Wibull
anal ysi s @nsarnh@agarbyt i nbe rexdplahstory bulriadies ruseeht natibblesnelersbf of
the survival time. In the fitting to the exponential or other
di st riigbut éx@P¥oyed in the determined model. For example, a better model may be
obtained by applying another statistical method or multivariate analysis
method (e.g., a proportional hazard method or a linear regression analysis
applied to a parametric distribution) by using the explanatory variables
determined with the logit value as the object variable. The proportional
15 hazard method developed by Cox takes the time into consideration in the
analysis of the survival ratio, and it can deal with multivariables. The
( analysis in the proportional hazard method uses a hazard value that
influences the survival ratio defined for each individual of observation and a
function which derives the hazard value. Kaplan-Meier method shows the
20 swrvival ratio for the total set or for each group thereof. The parametric
distribution means a probability distribution calculated from a normal
distribution proposed by Gauss, and an exponential distribution, a Weibull
analysis or a logarithmic normal distribution is used in the analysis of the

survival time. In the fitting to the exponential or other distributions, a

25  polynomial is included in the formula, and the explanatory variables is



25 polynomial is included in the fornmula, and the explanatory variables is
12 selected by taking the result of the cross validation of the partial

| east square method into consideratiqs. The expression |evels of the genes
and/ or the quantities of the intracelTular substances received as the

expl anatory variables by the input 5 neans are not restricted to the
nmeasur ed absol ute concentrations of the substances. |Instead, they nay be
cal cul ated and processed val ues, relative values or quantities indirectly

repr esentsie[]e%tgg yq"{ggfnigt itﬁg 1O%su§12%{ %;}{QS (AE ES4110 TRy AR Gar@aL P! ation

f
nodel that can di'rec correla he "object variable representing the
bi ol ogi cal condition wth mags spectra may be 10 constructed by taking an
advantagéQBFl?W@ﬁgﬁgﬂpf?c%?ﬁaﬁﬁﬁﬁﬁbs spectra for neasuring protein

expressions. A single spot in DNA chip ene ¢chip manuf.act ur by

A Pymorix Co Db Lweriaralpeelsadhi i, anta it e SRogttEnhf dhghne,

and an expression of a single gene may_be identified oqh%$£2%5‘ a plurality
5 c

of spot s lafkacgHatpr sebgraregrgcerved ap rtbr AXPAANFOYE |V AL eylnpait

el ucidating the biological condition may be aobtained by using the peasured

val ue§ ofmeespeuei pet speiricted tonthe vpravacerabsphittieaprreentiati@sy f theach

peak Cin the electrophoresis pattern of a protein nmay not be assigned to

a si ngl e substainces. ahtsteagl theal inay byf cplcoladed sandaprinessackyalygsetelative singl e

peak. Accordingly, each peak intensity nay be used as an expl anatory

vari abl e fadnes 30 qelantitikstinddgy eatlyirepoef cpdin g dreditawntieThof shé substiagees. f rom

the fact that Alaiya et al. enployed the peak intensities of the

el ect r opHosiesixangde] er roaeldtien wodbhnbtoreany ditablyesonfelateetheeobgericer . As
ti oned above, an experinental approach starting fromthe substances in

a I vi ng adblecedpisenting alley bivdsgiabl rcasdribrattient nass ispethea mesedech
fields such as transcri ptone

10  constructed by taking an advantage of the ability of the mass spectra for
measuring protein expressions. A single spot in a DNA chip (gene chip)
manufactured by Affymetrix Co. does not always identify an expression of a
single gene, and an expression of a single gene may be identified only when
a plurality of spots are used. Accordingly, a correlation model for directly
15  elucidating the biological condition may be obtained by using the measured
values of respective spots as the explanatory variables. Moreover, each peak
( in the electrophoresis pattern of a protein may not be assigned to a single
protein, and a plurality of proteins may be overlapped in a single peak.
Accordingly, each peak intensity may be used as an explanatory variable for
20 elucidating a biological condition. This is evident from the fact that Alaiya
et al. employed the peak intensities of the electrophoresis pattern as the
explanatory variables of uterine cancer. As mentioned above, an
experimental approach starting from the substances in a living body (cells)

totally has attracted attention in the research fields such as transcriptome

25  analysis, proteome analysis and metabolome analysis in the post-sequence



25 anal ysis, proteone anal ysis and netabol one analysis in the post-sequence
13 era. Absolute quantification of respective substances is not essential,
and nmeasured values directly or indirggctly expressing the quantities of
substances quantified by such an experinental method and val ues obt ai ned

by processing them may serve as the explanatory variables for elucidating 5
the biological condition. Further, a nore effective result of analysis may
of ten be obtained by addi ng ot her explanatory variables such as clinical

i ntervi ew dat -t he. 0 vanl | uci i t he
quant | 1 ewior ARhAEE LPAMA AR B IO AL BNARhE, [P oLl BRL 28d, 05
according to the invention defermnes.a O correl.ati nodel wi.th

bi of ogi AP=ESI | GHUGF ATEaNge nHE ol GO ST e R (ARt tes &
probabi | i sti cal | ener.at with tinme as an objec ari abl e an gene

expr essi o?Pqué%‘F%* %\hﬂvfdﬁeﬁﬂanﬂcﬁ 24 e@@}'lm%%egm‘i}ﬁiaﬁ agti&?]é’r‘?ééi% ed

expl anat ory variables. The nethod has the steps of" receiving a sanple set

i ncl udi ngPXHREacesane BLONOMEYi LAV e cdsnkhe Poplagaterst Hariablaswior cueKating

bi ol ogi cal 15 condition_is derived, or data on the change in the biological
condi Bi onthepbisbepichl sendidiany dJensher e mpuehefipeve apgult d axpysissimay | evel s
of a plurality of genes and/or the quantities of intracellular substances;
(A) sel edtémge hbtaxpHamatasiding arthab| eewla Boryayoudlales ngich resditicaf cross
val i dati on by executing a partial |east square nethod, or calculating a
result 20noérwiewsdavaldatbat i drmnbyhexeqléhapra paribblls feasthuddatang thet hod by
using a conversion result as the object variable, the conversion result
bei ng obtqunedtiebyf donvebdtiangeaapdebatvdd hlyotdhat no change occurs when a
life table is applied according to Kaplan-Meier nethod or Cutler Ederer
method to the datatpmridigsiehapgeod mchriibgologheahventidht dearniased on or

wi t hout an

10  correlation model with a biological condition or a change in the biological
condition probabilistically generated with time as an object variable and

gene expression levels and/or quantities of intracellular substances as
explanatory variables. The method has the steps of: receiving a sample set
including data on the biological condition or data from which the biological

15  condition is derived, or data on the change in the biological condition
probabilistically generated with time, and the expression levels of a

( plurality of genes and/or the quantities of intracellular substances; (A)
selecting the explanatory variables; (B) calculating a result of cross
validation by executing a partial least square method, or calculating a result

20  of cross validation by executing a partial least square method by using a
conversion result as the object variable, the conversion result being obtained

by converting a probability that no change occurs when a life table is
applied according to Kaplan-Meier method or Cutler-Ederer method to the

data on the change in the biological condition, based on or without an

25 assumed distribution; (C) judging adoption and non-adoption of the



25 assuned distribution; (C) judging adoption and non-adoption of the 14
expl anatory vari abl es by assessing the result of the calculation by the
calculation in the calculating step (B); and (D) deciding a partial |east
square nodel by continuously inproving a function having the result of the
cross validation of the partial |east square nodel as at |east one of 5

i ndependent variables by using the selecting step (A), the calculating step
(B) and the judging step (C. In the data analysis nethod, in the selection

tep, the I A\t Or V... i abl - i.al | | ect t
el bet ed B TTRDY avdaliRsc BV, Fistbier P SRR of BF) EfLatadl MWHRTE ),

of cross validation iis 10 cal cul ated r ex e th the partial .| east
squar e né?‘ﬁ&aﬁﬁneybl i fyiea én%ﬁgﬁ%r@8Séﬁffg@§(ggw%@ﬁtﬁapﬁggaH%e%%e
di scrimnative aéig snent.stegq a reereseg;ative vaLuetgf an rrgﬁ_betmeen
the obj eCaUAP T COMERBP RIS IO VIR AdIPFUR 1R € 88 TFF Ui Y e
expressions in the excluded sanples and the object variabkf i ndi catj ng the
bi ol ogi calosprivalidasian off the Badialdderstanppae 1model @schtclaasti s if is
determ ned in each cal cul ation based on_ the resul{ obtained in the
cal cuPat iiodepergentTheripblas by afsinhéhe selesting i@t (h the qaleijelingctes be
i nproved when the representative value of the error is reduced. The
di scri mi @ iavel desesigmmanstaf (Ohe cross validation is repeated while the
expl anatory variables are selected. In the decision step, a partial |east
20 square nodelln shelebeés mindysis fmethedanpl the $plectoon isbepoudleyexmipnetdrng t he
result of the cross validation of the partial |east square nodel by
r epeat edlyarigiies Uiengequdatizglyesélieotedsbe phe ab e Hebddted bst epingnd genetic
digdcrim native assessnent step. The selection step and cal cul ati on step
may be exgebti€EnDy Usi BBe dcalplilitadd tatepf thenpuiwitsof cross validation is
10  calculated, for example, with the partial least square method by excluding
one or more samples, sequentially. In the discriminative assessment step, a
representative value of an error between the object variable on the biological
condition predicted from gene expressions in the excluded samples and the
object variable indicating the biological conditions of the excluded samples
15 in each calculation is determined in each calculation based on the result
obtained in the calculation step. The result of the cross validation is judged
( to be improved when the representative value of the ervor is reduced. The
discriminative assessment of the cross validation is repeated while the
explanatory variables are selected. In the decision step, a partial least
20 square model is determined, for example, by continuously improving the
result of the cross validation of the partial least square model by repeatedly
executing the selection step, calculation step and discriminative assessment
step. The selection step and calculation step may be executed by using a

plurality of computers.

25 A data analysis program executable with a computer according to



25 A data anal ysis program executable with a conputer according to 15 the
i nvention determnes a correl ation nodel by using biological condition or
change in the biological condition progabilistically generated with time as
obj ect variables and the expression |levels of a plurality of genes and/or
the quantities of intracellular substances as explanatory variables. The 5
program has the steps of receiving a sanple set including data on the

bi ol ogi cal condition or data from which the biological condition is

derived, @f jd ﬁoﬁrﬂettgﬂnf’rg‘%neggo%@le}t% R ?gke ex%%ﬂqb fcgf' onditionO'

probabi | stl ca y generate tinme an ress eve S 0 a

pluralit Y2 g%epne%he Or ctfg con acEI% Ié)tl l)g%ﬁ?lstlcgﬁ{ljaé%ek g{e‘%f witf %{rﬁ@ (A)

selectlng explana or varia 3 Testlt ™o cr oss

i dati tial I
Fesult ortirdsEuaplaatr by eRusint s Shartrar Poat e2Rem APa atitod by
usi ng a conversi on éesult ﬁ» thelgﬁ|ect varlabh , the convg%§|onqresult
bei ng obt@HARHIBy eborveraeliylar prisaERReest \#S (HRIAHFOERaNgea8tsur s 'en a

life table is applied according to_ Kaplan-Mier 15 nethod or Cutl er-Ederer
met ho@ t PLogsamabasorhe ﬁéertawaﬁgbeqehvmﬁeabffwebﬂi gat inglydame idta pasE® on or
w t hout an assumed distribution; (C)_ judging adoption and non adoption of
the expl dnatagisal\earidappesr Sptadeas svmghtthe biplogigal condithen iaflenivedion by
the calculation in the calculatin (B); and (D) deciding a partia
| east squiate omddle bbzangmtlnnﬂmubicgogl evndugloal pookainbsiionllnsaanegatede
result of the cross validation of the partial |east square nbdel as at
| east onewth itidependenhe wapiraddies leyelssohg tiher detlyeof igegest apd/of Ahe t he
cafculating step (B) and the judging step (C. In the data analysis
program dquandthgesebécinracalhdpr tshbstxpleanatHr yseladirigbtles axplanequenti al |y
sel ected or they are selected by using a genetic
10  variables; (B) calculating a result of cross validation by executing a partial
least square method, or calculating a result of cross validation by executing
a partial least square method by using a conversion result as the object
variable, the conversion result being obtained by converting a probability
that no change occurs when a life table is applied according to Kaplan-Meier
15 method or Cutler-Ederer method to the data on the change in the biological
condition, based on or without an assumed distribution; (C) judging
( adoption and non-adoption of the explanatory variables by assessing the
result of the calculation by the calculation in the calculating step (B); and
(D) deciding a partial least square model by continuously improving a
20 function having the result of the cross validation of the partial least square
model as at least one of independent variables by using the selecting step
(A), the calculating step (B) and the judging step (C).
In the data analysis program, in the selection step, the explanatory

variables are sequentially selected or they are selected by using a genetic

25 algorithm. In the calculation step, the result of cross validation is



25 algorithm In the calculation step, the result of cross validation is 16
cal cul ated, for exanple, with the partial |east square nmethod by excl udi ng
one or nore sanples, sequentially. Inhe discrimnative assessnent step, a
representative value of an error between the object variable on the

bi ol ogical condition predicted fromgene expressions in the excluded
sanples and the 5 object variable indicating the biol ogical conditions of

t he excluded sanples in each calculation is determned in each cal cul ation

based on d Qg‘}laﬁ?d“fgl egx%@c}gequﬂg tﬁgipgala?gég%i ér)]qQJ[aateexBet}H}F b%ee%{’é!l&diﬁg the

cross validation’is rove € represe i ve Val ue of
the error nDnoton sin cti.on having the re resentatlve
Val ue a O PhERLE B SR TR B et B g b SRR
assessnent of the cross va |dat|o ed whi |. e -t he atory
Var | abl od CRFeSHRBCPSATUY B PREHICPER S E s T Ao BLECLRI e model
is determ ned, for exagP by conti nuaously nprOV|ng the result of the
cross valGoagitiom repdicked Suarpigeme) euesdgnans theaviclugsd Famwiecany t8eecut i ng
the selection step, calculation step and 15 discrim native assessnent step.
The s8l ecthient caapblgnimdieateng ahp dhologigel rapdienegbthe cacimdedssamgples
plurality of conputers. The explanatory variables are not included at al
or the fuhl eaxdplcalratlatign vardetieiesned enjersthudaldulatiothdasedidan dhe seauks i n t he
sel ection of the explanatory variables. In the data anal ysis program the
bi ol ogi calbtenredi i the calchledes atep20Theassumledf vhe weosseyaledsandn mgjudgedt ype of
di sease, a neasured value representing degree of critical of disease, a
result oftodicgnpsivedrepersbatrepoesehbetity paehicodf hiesaase of a mesatohoafly
di@gnosis representing degree of critical of disease, or a val ue obtained
by “secondiycyepdingefisidipprd henenf . tHeoepxa@pttive pradde cid ngh tihdeperiddneal tinme
of a patient gives inportant information for
10  variable is reduced. The discriminative assessment of the cross validation is
repeated while the explanatory variables are selected. In the decision step,
a partial least square model is deterrr_u'ned, for example, by continuously
improving the result of the cross validation of the partial least square model
by repeatedly executing the selection step, calculation step and
15  discriminative assessment step. The selection step and calculation step may
be executed by using a plurality of computers. The explanatory variables
( are not included at all or the full explanatory variables are included in the
initial state in the selection of the explanatory variables.
In the data analysis program, the biological condition includes a
20 measured value representing the type of disease, a measured value
representing degree of critical of disease, a result of diagnosis representing
the types of disease, a result of diagnosis representing degree of critical of
disease, or a value obtained by secondary processing thereof. For example,

predicting the survival time of a patient gives important information for

25  deciding a therapeutic program including QOL (quality of life) and a life



25 deciding a therapeutic programincluding QOL (quality of life) and a
life 17 design as will be shown below in exanples, so that the program can
provi de a valuabl e diagnosis nodel far, the society. Predicting possibility
of recurrence of cancer nmay provide valuable information for making a

t herapeutic program considering QOL and for deciding selection of therapy

5 by a doctor or a patient. A data anal ysis apparatus according to the
invention includes an input neans for receiving a determ ned correlation

nodel and(gg Ignq%.rgésya&iqggg§.ad%%teq>in tg§1pﬁgglwiqr thqnsa Jes to be
predi ct ed, 423 “eans or pQ%dﬂ@f? &”%ﬁa’a? i h%&@ﬁﬁnfﬁ% B9 Sica
condition of .the sapples 10 b d.on the received explanatory. variahles. A
Gata analyoraUABI GHBERTa Bt Bt oS VGRS on D ACKge SORUbLEBhTof

recei ving the determn ned correlatigg nodel . and {he explﬁgatg%%¥variables
adopt ed ISCERREDNFEdE] FBYCer { MAYs AYPVEe Vel wablsr arformsdion g prdiiegi Ag and
discrimnating the biological _ condition of the sanples based on the

recei ved tbgprReiiopyoriam sphaidering @ Yapadden desidingrssdpciipraet theliapy to t he
invention has the steps of receiving the determ ned correl ati on nodel and
t he eRpl dnvae clogtaramiaphéentadopted in the nodel for the sanples to be

predi cted, and predicting and discrimnating the biological condition of

t he sanpl es basédlash 4idysecepyachtexpianadiapyto vheiialgkation 2thchidescanput er
-readabl e recordi ng nmedi um according to the invention records any one of

t he progriapatdesats bedreaboneg ad detemminetd aoetdlatian raoddt andeexpdasutdrgg
device, a detection nethod thereof, or a nethod for exam ning degree of
critical whidblet udeptal getleehlodel Yomptheahphetodie phalisrideahdanraeger di ng

to(the i nvention, the device
- for predicting and discriminating the biological condition of the samples
10 based on the received explanatory variables. A data analysis method
according to the invention includes the steps of receiving the determined
correlation model and the explanatory variables adopted in the model for
the samples to be predicted, and predicting and discriminating the biological
condition of the samples based on the received explanatory variables. A
15 data analysis program according to the invention has the steps of receiving
the determined correlation model and the explanatory variables adopted in
( the model for the samples to be predicted, and predicting and discriminating
the biological condition of the samples based on the received explanatory
variables.
20 The computer-readable recording medium according to the invention
records any one of the programs described above.
In an intracellular substance measuring device, a detection method
thereof, or a method for examining degree of critical of diffuse large cell

lymphoma based on the detection according to the invention, the device

25  detects expression of at least one gene selected substantially in a gene group



25 detects expression of at |east one gene selected substantially in a gene
group 18 of gene bank accessi on nunbers U15085, M23452, X52479, U70426,
H57330 and S69790. Preferably, expresgjon of at |east one gene sel ected
substantially froma gene group of gene bank accessi on nunbers U03398,
M65066, AKO001546, BC003536, X00437, U12979, HI96306, AA830781 and 5
AA804793 may further be detected. In an intracellul ar substance neasuring
device, a neasuring nmethod thereof, or a method for exam ning degree of

critical oqf%el?)re%hi %@%%Efonb@ﬁ&%a@@Ifﬁb%‘?'ﬁ&%iéé?r}(@ﬁﬁ@f & O HER30

i nvention, intracel lular substances ~cont ai ni ng 'gene pfoducts’ conprising
substantiall]y of gepe _bank 10 accession nunbers AA598572 703058
and: Aarsis” SPEPEE, o FEER aRRLY el e el A or oo 8t o 2B a i ng
substantially at J,east one gene product selected froma gene of gene
bank accoabibiatsa e 9ouln 95 ge8e Nag 88cesper BYTIAR 4 RE8 B NG 2820
and RO5667 are Bﬂégher dgé&cted. 1% [ n gngfntLacgilulanggbstance
measur i ng"i8a0p8e ALD WP Y Vet hrod 04 3ier BILO7End1 %10 HouS P18 k2afli ni ng
possibility of recurrence of breast cancer based on the detection
accor 8i n 0473 imarehitbar besletegtef! ul ar  subst ances contai ni ng gene
products conprising substantially genes of gene ‘bank accession nunbers
W84753, H08581, npa46730eBnk/Asub50e5ee meeswingaleaitee @ mpasfisngyhgthod
intracel lular substances containing substantially at |east one gene
product dfhegesfesrsehethed fbr eramigeredgnimepoiconscslt ofnfyeabt geneer heaekd
accessi on nunbers AA448641, R78516, R05934, AA629838 and H53037 are
further detetieeddetlentian iantmaiet | td atheslhstatiorn, ninasatellmdadestiteeanees
nq?suring met hod
- containing gene products comprising substantially genes of gene bank
10  accession numbers AA598572, AAT03058 and AA453345 are detected.
Preferably, intracellular substances containing substantially at least one
gene product selected from a gene group of gene bank accession numb_ers_ _
AA406242, H73335, W84753, N71160, AA054669, N32820 and R05667 are
further detected.
15 In an intracellular substance measuring device, a measuring method
thereof, and a method for examining possibility of recurrence of breast
( cancer based on the detection according to the invention, intracellular
substances containing gene products comprising substantially genes of gene
bank accession numbers W84753, H08581, AA045730 and AI250654 aye

20 detected. Preferably, intracellular substances containing substantially at
least one gene product of genes selected from a gene group consisting of gene
bank accession numbers AA448641, R78516, R05934, AA629838 and
H53037 are further detected.

In an intracellular substance measuring device, a measuring method

25  thereof, and a method for examining possibility of recurrence of breast



25 thereof, and a nethod for exam ning possibility of recurrence of breast
19 cancer based on the detection, intracellular substances containing gene
products substantially conprising gen of gene bank accessi on nunbers
AA434397, T83209, N53427, N29639, AA485739, AA425861, H84871, T64312,
T59518 and AA037488 are detected. Preferably, intracellular 5 substances
cont ai ni ng gene products substantially of a gene of gene bank accession
nunber AA406231 is detected further. In an intracellul ar substance

possibi et “Fasefh PRAT oPlarBhe: T bRabaah s ditaRedh e Rkl g2 M
according tao the igventiq_ i ntracel | ul ar subst ances containkﬂg%%ene
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chip, an oIigo-DNA chip, an electrochem cal DNA chip (an ECA chip?, a
fibrous DNAEh.pl585aBgarti AADSTHE8dapnadetkrisd a BS@%’%W&L anbassRlaNa chip
(PSS), a macro-array, an antibody chip and a kit of neasuring reagents. A
neasubi ngsulrsgancere nentameinghgenapegiatte dsulist antinBy eofdedenesof praEbank

DESCRI PTION OF THE DRAWNGS 20 Fig. 1 is a block diagramof a systemfor
anal yzi ngagersioaxprebsi Ah406BB{ is detextad flidhehart of an anal ysis software
program Fig. 3 is a flowhart for calculating a result CV of cross

val i dation. Fih ad ih&aaefliifaats ubsomedeanta fwringalesti¢ay @t inrgsaringdaktifodr
selecting variables. 25 Fig. 5is a second flowhart for constructing a
nmodel fortisgk6ftaMd@ a method for examining possibility of recurrence of breast

( cancer based on the detection according to the invention, intracellular

10 substances containing gene products substantially of genes of gene bank
accession numbers H11482, T64312 and AA045340 are detected.

Examples of the intracellular substahce measuring device include a

DNA chip such as a DNA micro-array, a gene chip, an oligo-DNA chip, an

electrochemical DNA chip (an ECA chip), a fibrous DNA chip, a magnetic

15 bead DNA chip (a PSS) and a bobbin DNA chip (PSS), a macro-array, an

antibody chip and a kit of measuring reagents. A measuring instrument

(’ may be integrated with these devices.

BRIEF DESCRIPTION OF THE DRAWINGS
20 Fig. 11is a block diagram of a system for analyzing gene expression.
Fig. 2 is a flowchart of an analysis software program. |
Fig. 3 is a flowchart for calculating a result CV of cross validation.
Fig. 4 is a first flowchart for constructing a model for selecting
variables.

25 Fig. 5 is a second flowchart for constructing a model for selecting



20 'variables. Fig. 6 is a third flowhart for constructing a nodel for
selecting variables. Fig. 7 is a fourth flowhart for constructing a nodel
for selecting 5 variables. Fig. 8 iséﬁ)fifth flowmchart for constructing a
nodel for selecting variables. Fig. Is a graph of the result of the

| east square nodel. Fig. 10 shows conpari sons between the survival tinme of
patients and 10 diagnostic indices of DLBCL of patients. Fig. 11 shows a
pl ot of the survival tinme of the DLBCL of patients in Exanple 2 agai nst

di agnosi 5, 560018, Fi 9. 12 shows a plot of the survival tine of the breast
cancer %lents in Exanple 3 agalnst di agnosi s score 15 Fig 13 is a plot

of the surV|vaI i agai nst a scare wh 0 yed as
a variabl e delé@ﬂoﬁ?&?g1tBan ngﬁé£br%é§ %5ﬁ§e ﬁm?geg? %eﬁ%@h

Fig. 14 Sho“ﬁﬂ? plot of the recurrence tinme against diagnosis score of the
breast cafft&t®fatients in Exanple 7. 20 Fig. 15 is a plot of the recurrence
time against diagnosis score 0.025 is. enployed as a varlable

del etion criteri®n ofs tahg’%ﬂé\gg‘f“’%}éﬁéeﬁm erstemting g ? - pelegting 16
shows optim zation of the partial |east square nodel by using the genetic
al gor Pt hriareeldganpl e 9. 25 Fig. 17 shows four topol ogies in hierarchical
artificial neural

Fig. 8 is a fifth flowchart for constructing a model for selecting

variables.
Fig. 91is a graph of the result of the least square model.
Fig. 10 shows comparisons between the survival time of patients and
10  diagnostic indices of DLBCL of patients.
Fig. 11 shows a plot of the survival time of the DLBCL of patients in
Example 2 against diagnosis score.
Fig. 12 shows a plot of the survival time of the breast cancer
patients in Example 3 against diagnosis score.
15 Fig. 13 is a plot of the survival time against diagnosis score when P
> 0.0005 is employed as a variable deletion criterion of the breast cancer
( | patients in Example 3.
Fig. 14 shows a plot of the recurrence time against diagnosis score of
the breast cancer patients in Example 7.
20 Fig. 15 is a plot of the recurrence time against diagnosis score when
P > 0.025 is employed as a variable deletion criterion of the breast cancer
patients in Example 7.
Fig. 16 shows optimization of the partial least square model by using

the genetic algorithm in Example 9.

25 Fig. 17 shows four topologies in hierarchical artificial neural



21 networks in Exanple 10. Fig. 18 is a graph of a relationship between
the survival time and diagnosis score of breast cancer patients in the
proportional hazards nodel with the latent variables in Exanple 11. 5 Fig.
19 is a graph of a relationship between the survival tinme and predicted
val ues of the diagnosis score of breast cancer patients in the

proportional hazards nodel with the |atent variables in Exanple 11. BEST
MODE FOR CARRYI NG OQUT THE | NVENTI ON 10 Enbodi nents of the invention will be

describeqmggggk$q£q§ma 'fguofeference to the appended draw ngs.
Determ nation of a correlation nodel between a sel ected bi ol ogi cal

condition and tk ne expr.essi lLevel sian t he . of .the
i ntracel | ul ar gﬂﬁgﬁgkgggzﬁﬂﬁﬁ-@29d3§g§¥ggﬁpg%ﬁ%ﬁng%%ﬁggﬁﬁygbg%gafgd
expressiop” is he invention,to inc#gde expr.essi,on of .mMRNA

used in.th ] _ [ )

(t Pancor | DRBRAT® S bPELET Y Coret eamert 8 b EPR TR EGr af PRRLYr i pt i on
c of nRNAs, . The amount of the intracel|ular substances neans, for exanple,
a netaboPﬁﬁ@tg@ﬂ?@?ﬁdﬁﬁ?ﬁﬁbfdnéﬁV”?ﬂ@ t abol i ¢ products incl uding
i nternedi ate abolites. For exanple, each sanple data in the analysis of
20 the transcrilton® {thaﬁfdaa@bq%h@nppww&eﬁs ensdINAV Rl binaryiaBdl
condi tion and gene expression_|evels. Each sanple contains a |arge_anount
of gene exsdiieonaluevedisthe diegnesial $asre tofahraashocanpetcpatigniy & tihe
bi ol ogi cal conditions are, for exaqgge, di sease types and di agnostic
i ndi ces afropditenskkazardeynadsl with|thddatard! \ogidees imforamepleohl.i n a nore
general sense. 25 The "di agnostic index of disease" includes the extent of
progress as well as 22

BEST MODE FOR CARRYING OUT THE INVENTION

10 Embodiments of the invention will be described hereinafter with

reference to the appended drawings.

Determination of a correlation model between a selected biological
condition and the gene expression levels and/or the amount of the
intracellular substances will be described below. The term “gene

15 expression” is used in the invention to include expression of mRNA
(transcriptome) and proteins (proteome) formed as a result of transeription

Q of mRNAs. The amount of the intracellular substances means, for example,
a metabolome corresponding to all the metabolic products including
intermediate metabolites. For example, each sample data in the analysis of

20 the transcriptome (mRNAs) and proteome (proteins) has a biological
condition and gene expression levels. Each sample contains a large amount

of gene expression levels of not smaller than 1,000 genes. While the
biological conditions are, for example, disease types and diagnostic indices of

diseases, they may include biological information in a more general sense.

25  The “diagnostic index of disease” includes the extent of progress as well as



the type, degree of critical and degree of seriousness of the disease.
Since the neasured data such as the gene expression |evels have a | arge
anount of information, an effective tivariate anal ysis using a conputer
is required. 5 In data acquisition, abiological condition such as a

di agnostic index is discrimnated for a nunber of sanples, cellular fluids
are sanpled from the sanples, and the gene expression |levels and the |ike
of many gene products in the cellular fluids are nmeasured. A correlation

nodel such as a partial |east square nodel is 0 [ i d

anal ysi s %f%%@ﬁ? gf%3ghcﬁﬁkg%ﬁggﬂigﬂfeéggi15§Fﬁ§é%9?§ﬂe5§5%%%htS%ﬁﬁ | evel s
of the gene expressjqn, | evel nd the |like and bj ol ogi cal conditign such
as a di agRESTICBS HRGTL4A eASHGh 851 LheFEi1S, BT G S 0BtV Bl R by (ASFR ARt

mul tivariate gpalysis programin a . conputer b% assum ng the diagnostic

i ndex as thenigBeEtion; appapiiectayr) PHEIVYdAEe AUFIEEE] BRNZe el S HIHFY 1St he
quantities of intracellular substances as 15 the explanatory variables in
order to ussraied.i nformati on on the inportance and effectiveness of
respective explanatory variables. The object variable is c¢ not always
requi Ped to be b detesacedsitidhue biodegital gonditige ssishaanedibgnodey index
transformation or a discrete value representing a group nay be used in
order to iehdiatrindnatedefai gmidmbanof sesdles,ofellddsn flands pse sandfledhfeom
inventors find in the field of medical diagnosis with gene expression that
a good cotheekatdpdas, madél thiee ggne exppacdival levelBstndqtler éikendeInhany agerlee
obt ai ned by selecting variables so as to optimze a function having the

resul t ofpxydsss wakhdatilalonudedsi A e adatal analoysélatias mbdekeasth age of
i ndependent variables. In the cross -validation, the data at hand are

di vi ded 25aiitif10easphyhald bdef i96BtHsedandtla: areehnhBsedhaididthHYo faint ting
for only a part 23

10 embodiment of the invention by inputting levels of the gene expression level
and the like and a biological condition such as a diagnostic index. A causal
analysis is performed by using a multivariate analysis program 1in a
computer by assuming the diagnostic index as the object variable and the
gene expression levels and/or the quantities of intracellular substances as

15  the explanatory variables in order to obtain information on the importance
and effectiveness of respective explanatory variables. The object variable is

Q not always required to be a measured value itself. A value obtained by logit
transformation or a discrete value representing a group may be used in
order to obtain a more significant result of data analysis.

20 The inventors find in the field of medical diagnosis with gene
expression that a good correlation model (e.g., a partial least square model)
can be obtained by selecting variables so as to optimize a function having
the result of cross-validation used in the data analysis as at least one of

independent variables. In the cross-validation, the data at hand are divided

25  into a plurality of groups, and a model is obtained by fitting for only a part



of the divided data groups (a training set) while predictive power of the
nodel is exam ned by predicting a remaining data group (a test set). The
cross-val i dation has been used for sekﬁption of dinmensions of the | atent
vari ables in the conventional partial 1Teast square nethod (PLS). However, 5
in the partial |east square nethod of the invention the [atent dinension is
fixed to one, and a function having the cross validation (e.g., a

predi ctable error of a sumof squares) as at | east one of the independent
vari abl es _j ptimi,zed whi 0 : el - J | ry

vari abl es‘3il Q?ee%l\élglegcgaetc? ghéﬁssgig\;g{iﬂlnm S\%?/g#}?ﬂ%/ﬁ%ea \L5§’%t gg‘gg%%@ ?L g

i nvention y, be 10 obtained w.thout restri.cti t he di Si.O f e
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powerful ly predjctable correlatio nodel can he .obtai.ned even n.a
significdﬁpsﬁdﬁbéﬁgppohaﬁﬂﬁﬁﬁléﬁﬁ o%”b@ﬁegﬁ?%ﬂﬂédnBﬁnﬂQPﬁdﬁiﬁ%eﬁgﬁvn

vari ables. A stable correlation_nodel nay be obtai qgkgy %ﬂeﬁiﬁ uenti al

sel ect i onvasiaklgsilapthescouentionsl pasbal Jeastrayash me A e RO8TYeRl s0
find that a good correl ati on nodel based on statistics and _ multivariate
anal ySi s ot tlee pehtial lenst sanarametdes: ofsdeaiy embtomothe tatept diBSREINE by
selecting the explanatory variables by appropriately determning a
function fisedntoamnt, tamalt a Funotipe|behiing thedelbss watidbtienf ere.an Pisdjceble

vari abl e for describing a respective biological condition can be 20

obt ai ned. e Optifm zath ofi'sqaareseas herleast meand thieaindependent yaviablesalsi on i s

i nproved until no further inprovenent is possible in the correspondi ng

anal ysi s gptiflitédnshileshd be wxspé anptioryarvasiealeslaraeose veciablies) s i t
never nmeans that the cross validation can find an optinum conbi nati on

among t hesgptidde sGesdRkRaly. oMdodkvihetlax pdanatafey of atheabh emtidly misy i@ t he 25

vari abl e selection, a small nunber of factors for determ ning the diseases
24 10 obtained without restricting the dimension of the latent dimension to one.
Consequently, it is found that a good and powerfully predictable correlation
model can be obtained even when a significant correlation model cannot be
obtained by using the full variables. A stable correlation model may be
obtained by the sequential selection of variables with the cross-validation.
15 The inventors also find that a good correlation model based on statistics and
multivariate analysis other than the partial least square method can be
(’ obtained by selecting the explanatory variables by appropriately
" determining a function form, and that a correlation model suitable for an
object variable for describing a respective biological condition can be
20 obtained. “Optimization” as used herein means that the cross validation is
improved until no further improvement is possible in the corresponding
analysis conditions when the explanatory variables are selected, and 1t
never means that the cross validation can find an optimum combination

among the entire combinations of the explanatory variables. By using the

95  variable selection, a small number of factors for determining the diseases



can be identified, and an inexpensive di agnostic device such as a DNA chip,
an anti body chip and a DNA content vector can be designed, so that the

vari abl e selection itself is valuable.g This variable selection can be

enpl oyed together with a various type of variable selection conditions to
be set in 5 advance. As nentioned above, the explanatory variables are
sequentially selected based on the cross validation. A function having the
cross validation as at |east one independent variable is used for the

sel ection, Wen an. expl o L.abl £, d ded . of kil Yoroutenthe
function % H%l(ji]eunggﬁee no ?%)l lt%k?{?rﬁpérlgge a%@o%%d(?%a%?%g exps)l anat orcy Ib
variable, the additi,on of, t xpl anatory. variahl e s cancel eg. ver,
t he addiﬁpbﬁnﬁﬁ’ ech%&BPﬂd%5§W§~5 4 Pé%Fg'g%%ep gﬁ$ﬁﬁ§§’§8§%gah?hat t he
function is inproyed, Alternatjvely, -when an.expl.anator ariable is
excl uded Y& ?é’te'qcﬁmﬁ’u’tts?lﬁés VP’(H‘?@#%'OE%%W‘H@B@%IQ?}SFJ&?% C%Bvl?ehfﬁngh/%’&dby
excl udi ng the expl anatory variable, 15 ggf excl usi on of the eéglanatory
vari abl e ogethmc @iy a wAriowst WpeelcVaspbie selecting esgshtinas doybo S5t dBl e i s
accepted when judged to be inproved. When one or nore explanatory
var i abl esadiramcsel ect ed, assessment of the cross validation is performed as
follows. Partial |east square nodels are obtained bﬁéexcluding one or nore
sanpl es anmong thAe mesbivpldsabeqretitd axpjanatodyi napebleac Aremnthsueniiallybj ect
variable for the biological condition of the excluded sanple(s)
predi ct abdcdedtednbhbel gemetlexpressilidagical.s of funetierchasbre ess) and
then a representative value of errors relative to the object wvariable is
det er m nedaliddtgon raepaedemitabhy endap erederetsvasietlchés eisadrief ette telecioval ue
characterizing the data such as a sum an average, a maxi nrum a 25 nedi an
and a nDdwheal ue. edpRiEtess waldilatisoadded jtedgedatidy Deuti the dvedtidh is
10  judged not to be improved by adding the explanatory variable, the addition
of the explanatory variable is canceled. However, the addition of the
explanatory variable is accepted when judged that the function is improved.
Alternatively, when an explanatory variable is excluded temporarily but the
function is judged not to be improved by excluding the explanatory variable,
15  the exclusion of the explanatory variable is canceled, while the exclusion of
the explanatory variable is accepted when judged to be improved. When one
(' or more explanatory variables are selected, assessment of the cross
validation is performed as follows. Partial least square models are obtained
by excluding one or more samples among the n samples sequentially, and in
20 each model the object variable for the biological condition of the excluded
sample(s) predictable from the gene expression levels of the excluded
sample(s) and then a representative value of errors relative to the object
variable is determined. The “representative value” as used herein refers to

a value characterizing the data such as a sum, an average, a maximum, a

25 median and a mode value. The cross validation is judged to be improved



when the value of the function having the representative value of the error
as at |l east one of the independent variables is reduced, so that the
correspondi ng explanatory variable is @dded or excluded. The function is
continuously inproved by sequentially assessing the cross validation while
5 the explanatory variable(s) are sequentially selected. The sel ection of
the explanatory variables is conpleted when no inprovenent is judged to be
observed because the cross validation have been optim zed. Consequently,

an opti nu%gfirﬁliea!/alltfeao?{th% cﬁogqg%&ingﬁﬂhq%ngiégmagﬁg \Dﬂ'ﬁp%lf tRE e&‘f’cﬁ'

sel ected explanatory variables i's obtarned. , the processing 10

descri bedasaba?[]\ég L& %)fl%c%%aﬁlee B&eﬁ%ﬁ{% i ngl%bﬁ)er edlif‘ Cf‘@&C%SSis%UQhagr{h%r sum

of squar€és as the Tnaex e value © he cross validation
obtained with a galcul ation device, and eterm nj ng adopt . an
oxpl anat oy revt B RERSINE VT THegr 1 PLa el iR e SPeulRRETORE sum of
squares is reduced at a rate equal toq or smaller than a HQ{eshol for the
expl anat ofHITEONETY (IAEIS Ve Hir SRBEHAIIN BFoeRorElihg Covrer AL ARY d be
devised in an analysis nethod for the causal relationship, "Overfitting”
as uséd hereriplaredny vareble(gbare spadendally sgieatas) el bbiseieciiorxdethe f or
the data used for the nodel fitting since the nodel fails to describe a
true correfrlahetonjusatigbles2® covrleiedevhember ipbrovemerplianaderd todrd abl es
al though prediction of the nodel happen to agree with the data used for
t he nodel olfsepveddhecThee phetdrass vhikdstios duearecbemst kptiniigedis debraequiatly,
correlation nodel here, and it is said relatively powerful against the
pr obl em ofn owetifrivrhi paythdchisse dduars modegowenving amlinitedrmanbernns] tlsi s
met hod that can performboth reduction of 25 dimension and nodel fitting at
t he sane #dlaetedHogNariatonne viasiabber riontobdaid@d.  Actually, the processing
10  described above is executable by employing a predicted residual error sum of
squares (PRESS) as the index of the value of the cross validation obtained
with a calculation device, and by determining to adopt an explanatory
variable when the value of the predicted residual error sum of squares is
reduced at a rate equal to or smaller than a threshold for the explanatory
15 variable.
A processing for avoiding overfitting should be devised in an
( analysis method for the causal relationship. “Overfitting” as used herein
means that a model has no predictable ability except for the datla'. used for
the model fitting since the model fails to describe a true correlation due to a
20  too large number of the explanatory variables although prediction of the
model happen to agree with the data used for the model fitting. The partial
least square method 1s used as the correlation model here, and it is said
relatively powerful against the problem of overfitting because it is a

powerful multivariate analysis method that can perform both reduction of

25  dimension and model fitting at the same time. However, one is confronted



with a situation that a significant result cannot be obtained when a |arge
nunber of variables are dealt as in the analysis of gene expression. Since
the nmethods used by Alaiya and Khan degcribed in the background art are
valid on the prem se that a full variables nodel is significantly valid,
they 5 cannot be used generally for selecting the variables. On the
contrary, the invention can reduce overfitting by selecting the variabl es
so as to optimze the result of cross validation prediction. In addition,

the inventi %n%rs){t%\éit%%st at Q%H&?%%:Qgh 1'@?1?@&91&)‘09{9695 Cfﬁ(?&!v@lgeﬁ lécihr%é

pri nci pal™ ¢BrbSHaRFAnat st s e contrary, in the prior art msthods,
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nension i s conpressed with a
preprocessi ng such as e principgl_ . conponent .analysi s,based on_the ful
expl anat 6?‘? Iva?l}%% ‘é%e,‘{ gﬁdﬁ@ﬁ@ agapﬁ{]aﬁﬁt Ve 8ﬁiilﬁ§q}é§b%%§tgéf’ﬁ88 By ¥Re
preprocessing are used for_analysis. = However, in this nethod,. the ful
expl anat or)idyanths| rergisedhas & hal pasiabley mustel fie it 'P%@mﬂll%ft Ke model
are inevitable for prediction. For exanple, all_ _ the_genes used fog
const Puctdangot e neribizenevalhibfassaesting the Yaliablsh OndibggfEryY: défe chip,
or the variables should be selected with a different nethod. On the
contrary,inventime damvieruicermvesfitteeg biyesehentbes th variablesxgt apde oPyipEei abl es
is decreased by selecting them only the genes 20 corresponding to the
sel ect ed texepleankt aff grova v hEBhEen gnedrastpmi. r bd atlditben, Hélednventigndivagidsst i ¢
gene chip as far as they correspond to the gene expression Ilevel.
Todeschi ni nRithad nothieaidigta arepl ddepsiagreghessprinciprilcysiponend enalysis.
sefecting the variables so as to optimze the cross validation by a genetic
25 al gori®hnthiencowtdary, 1o theadist atleaonhnods tdiate af sighifanint wodpocmdsoti n t he
27

10 be obtained when the number of the explanatory variables is quite large, the
dimension is compressed with a preprocessing such as the principal
component analysis based on the full explanatory variables, and the
explanatory variables obtained by the preprocessing are used for analysis.
However, in this method, the full explanatory variables used as the basis of

15 the construction of the model are inevitable for prediction. For example, all
the genes used for constructing the model are necessary to be held on a

(’ diagnostic gene chip, or the variables should be selected with a different
method. On the contrary, in the invention, since the number of the
explanatory variables is decreased by selecting them, only the genes

20 corresponding to the selected explanatory variables are required to be held
on a diagnostic gene chip as far as they correspond to the gene expression
level.

Todeschini et al. obtained a multiple regression analysis model by

selecting the variables so as to optimize the cross validation by a genetic

25  algorithm in order to predict decomposition of organic compounds in the



at nosphere (P. Gramatics, V. Consonni & R Todeschini, Chenosphere 38(5),
1371-78 (1999)). The nodel is constructed by using 53 conpounds and 175
descriptors (2 = 0.79) to result in sepfection of seven variables and
predi ction of 98 conpounds (@@ = 0.75). This nmethod is the same as the 5
method in the invention in that the variables are selected so as to
optimze the cross validation. However, because a nultiple regression
nodel is used, the nunber of the variables sel ected anong t he expl anatory

var ! 2l es, o698 baahe aIl copuding sEerhadEAINOL RB-AReld ste) 0 the

anal ysis 0 ene “expressi on S and/or uan
intracell r - ces, 10 Agcording t e inventors' experience,. in a
et hod 1 of o7 Bt b o dkeeeth P ok BE e ghE Prict-en SEFE SR Bnat ory
vari abl es, ranges_fr _hundreds to several .hundreds, and nultjple
regr essi GHESTH ZP“ta of‘ﬂg/é%dﬁlﬂ ﬁigo”fh%ﬂﬁﬂ%F§§%:§eYﬁﬂe¥@H?hese?ngl. does
not nmention any effective neth%ngor sel ecting the explanatory vari abl es.
This is beesudeon wé Kuspepowrndsi(Qhs Gdndi ddie methadelotheissame @zpibgnat ory
variables is 175 at nost, and it 1is not necessary to select the
expl aRat ogthed inbhesnvepiienen, thiafh threavaatdpy et e ablected go of tgermdimigsr essi on
quite different fromthe nethod described above, the nunber of the
candi dat etheofrosheabidptianatldpyevar.ikeichuse anpuhisletizgrewsver atodelinsneed.and
several thousands, even several tens thousands, for 20 several tens to
sever al hurednedsbef of dahplesialfes aredéatgll yamanguihteecexiplbhetanyt varidbkesf rsom
prior art is required. Wien a correlation nodel between a bi ol ogi cal
condi ti onfoacetd geme sraxiiy esdithe meviedd camhor bé heptisdribithieesndfysishe the
intracel lular substances is deternined, a good correlation nodel is
obt ai ned ¢dand Rixpresshodilavslis byud2h sied epldmgiéhef exptasiudny substaltees by
sequential |y addi ng or excluding an 28
10 According to the inventors’ experience, in a method for optimizing Q2 or
PRESS, the number of the selected explanatory variables ranges from
hundreds to several hundreds, and multiple regression model cannot be
applied to the analysis. Todeschini et al. does not mention any effective
method for selecting the explanatory variables. This is because the number
15  of the candidate of the original explanatory variables is 175 at most, and it
is not necessary to select the explanatory variables. However, in the
( analytical field of gene expression quite different firom the method described
above, the number of the candidates of the explanatory variables amounts to
several hundred and several thousands, even several tens thousands, for
20  several tens to several hundreds of samples. Accordingly, a quite different
idea from prior art is required.
When a correlation model between a biological condition and gene
expression levels an/or the quantities of the intracellular substances is

determined, a good correlation model is obtained in this embodiment by

25  selecting the explanatory variables by sequentially adding or excluding an



expl anatory variable so as to optim ze a function having the cross
validation as at |east one independent variable. Advantages of this
approach are as follows, as will be arent fromthe exanpl es expl ai ned
bel ow. A) Inportant genes and nechani sis working in the background of a 5
di sease and a bi ol ogi cal phenonenon can be estinmated or identified and they
can be understood well. B) An inexpensive diagnostic material (such as a
DNA chip and an antibody chip) can be designed by selecting a target to
Cracial| 9enfaRERINAl ia Bl A AGRILILAL (SHDRLARGR P, 1. LT a o

11
t he expl an rrables are sel'ecte sequenti a as to optimze a

function havi the cross validation as at, |east ong .independent variable.
For - exanple 2t NORTORR g AERRTEE Rty A0 Bo et e Brsafl Chis, SFUBPRCE (415 Ahe

expl anat o vari abl es as represented by a stepw se t hod, neans for
caIcuIati%%bﬁﬁ@aéWﬂggb%éPP%E&qQﬁpqﬁﬁﬂﬁﬁﬁP?ﬂﬂﬁsF ﬁtﬂgegzwﬂrﬁ| | east square
nmet hod as represented by the | eave-one-out nethod, neans for

di scri mi nati vel {) Aswestnigeresmudomeshanisans weshineoin tre hackspradafsr y

vari abl e by assessing the result in the calculation neans. In other word,
t he adopt isaasmandenbigtiepeslarhaforaenet exn bd estapratiedt vrigentifedaidthey

deci ded by selecting at |east one explanatory variable anong m 20

expl anat ocan baninalerstwodoeglbul ati ng cross validati on by executing the
partial |east square nethod, and assessing the calculation result. In the
assessnent, basBi Aonitdrpemasud Hiaphothie matearidlaisiioh, asaa rlepiredsipt abd wer val ue
of the error is obtained in each cal cul ati on between the object variable
on the bantibgigahipandi bdé desigpeddiycicdectinpmigese exaresdi emeeofrdduetsanpl e
excl uded 25 and the object variable on the biological condition of the
excl uded sadph@-ac@3ular substances.

10 In this embodiment the explanatory variables are selected
sequentially so as to optimize a function having the cross validation as at
least one independent variable. For example, following means may be
combined: means for selecting the explanatory variables as represented by a
stepwise method, means for calculating the cross validation by applying the

15 partial least square method as represented by the leave-one-out method,
means for discriminatively assessing adoption and non-adoption of a

explanatory variable by assessing the result in the calculation means. In

N

other word, the adoption and non-adoption of a selected explanatory
variable is decided by selecting at least one explanatory variable among m
20  explanatory variables, calculating cross validation by executing the partial
least square method, and assessing the calculation rvesult. In the
assessment, based on the result of the calculation, a representative value of
the error is obtained in each calculation between the object variable on the
biological conditions predicted from gene expression of the sample excluded

25  and the object variable on the biological condition of the excluded sample.



Then, the selection of the explanatory variable is decided when the
representative value of the error of the nonotonically decreasing function,
havi ng the representative value of th rror as at | east one of independent
vari abl es, decreases. The function having the cross validation of the
partial 5 |east square nethod as at | east one of independent variables is
continuously inproved by using the selection, calculation and

di scrimnative assessnent as described above until no inprovenent is
observed, nand t partial |ea pdel_ i eferqyy . S le is
excl uded %ﬁ%naﬂ?%rsgﬁgﬁﬂgeéﬁen ?a%ﬂ%gﬁgmﬂﬁiSaéﬁ%ggiﬁegtC?ﬁgaygg%ﬁé@%ﬁt

met hod). However, a 10 plurality of s | es be,.excl uded tq. assess the
cross val i RAEFERtatEav RS- Oﬁh‘fe %EIOPIO )&ofnoélﬁg%%?llﬁe‘f%bﬁass}ﬂ%Ic‘}fuggtslon’
three-fold nethqd used by Khan et %é. nqﬁ be useﬂﬁﬁln the.%gree-fold

met hod,  t PRVIBgpthBRRIEy Sh At bl eearlethe ahgs msya ffast 108 Hodiepradertiem
into three groups. A nodel is constructed using two of the three groups,
and it isvaisklesedesisesene Therfurstiag havangtbasrossy aidatiomef e partyal
stepwi se nethod or a non-linear algorithmsuch as a genetic algorithm may
be usé&d fleastelrestd mpthhe asxgil lansit one of mrdemendsnt Yauaplasge cohtin@opsly sear ch
may be restricted when sone conditions are known with respect to the

sel ect i onimopraved anisabt ¢se shiectiondaskudatgon sindi discandnatiakyasissssmént be
described below in detail. 20 Fig. 1 shows a gene expression anal ysis
system Dhadasatibed abdieaesnt{lenqgimpriwypeent isdilseased, and degp agidfledstsease
advancenent) of sone sanples are discrimnated in advance for data

acqui si ti equai@ndneédll if | détdsnidned colTieet etnpler am thdudadpbee t afterasiy e t he
exfpression |l evels of many gene products using DNA chips. A cofocal |aser

scanner 1&di®r@iallyd ¥h28&has raymbsaanaet @&aveanwd-aat wnethdy). Af Howedverx aCo. ) is
used for the neasurenent of nRNA by 30
10 plurality of samples may be excluded to assess the cross validation (leave'n-
out method), or another method such as three-fold method used by Khan et
al. may be used. In the three-fold method, the explanatory variables are
randomly shuffled to divide them into three groups. A model is constructed
using two of the three groups, and it is assessed for the remaining one group.
15  Alternatively, a stepwise method or a non-linear algorithm such as a genetic
algorithm may be used for selecting the explanatory variables. The range of
’&' the search may be restricted when some conditions are known with respect
to the selection of the variables.
Next, data acquisition and analysis will be described below in detail.
20 Fig. 1 shows a gene expression analysis system. Diagnostic indices (e.g.,
type of diseases and degree of disease advancement) of some samples are
discriminated in advance for data acquisition, and cell fluids are collected
from the sample to measure the expression levels of many gene products

using DNA chips. A cofocal laser scanner 10 (e.g., a 428 array scanner

25  manufactured by Affymetrix Co.) is used for the measurement of mRNA by



absor bance. The neasured data are sent to a conputer 12 and. anal yzed
there. The conputer 12 has a usual structure having a CPU 14, and neasured
data 18 and a data anal ysis program 2@pare stored in a recording nedium
(e.g., a hard disk) in a data storage unit (e.g., a hard disk drive) 16 5
connected to the conputer. The data 18 is analyzed with the data anal ysis
program 20 to determine a correl ati on nodel between the biol ogical
condition and the gene expression |evels. Selection of the explanatory

vari abl es,agh GAloUNALd ok dBle #RRIYING odherPar tidbulaart ARtahaIRANCd to
0 y be

t he prediction cross-validation ma 10 executed by a plurality of

cal cul ot BBt APBTRPP A of o et Vit At GH T PR e, & SHer 127 ah

of “cross-vall ion Snputers.’ Fi'g. 2
shows a flowchart  of e dat nal ysi s program20 executed by the conputer
12 for ob‘i“ﬁ??l‘i“rfélt Qat@oﬁgé‘l ?glﬁ'%%ﬁ‘&é‘f'%%gﬁ%ér‘?r? %‘ieoTtSQ?Cgél? FHFOLOREi ti on
and the gene expression levels. Whjle -PRESS is enployed a functi.on
havi ng t H@egﬂi@s evial # et Aghshk int A a3 sterage ‘é%ﬂét(e§q’lﬁi¥€1 ﬂgﬁﬁf d?aﬂs"egt16 | east
one of independent variables, this does not restrict_§g§1i$venti n,. and
di f f ePentconmestehie the eommpadey nThrgireld » apalyzed withdpe dafaanalysis step,
data for preparing the correlation nodel are received (S10). The data has
been 20 coldgeatediy ttoh detONAIndh . cortielatioputmedela hedwsanpthe skiojosieal a
respective object variable (e.g., diagnostic index) and in (e.g., 2,000)
expl anat orondisianisall e ¢eneqexpitchgiogdaeelexpression | evel s). O herw se, the
data of the test set are received in addition to the above data (a
trai ning set). SJklectiestofstdte exmslanseuyhemneabledomsd matculeion fodapelgmgup f or
aqéessnent of cross 25 validation, but it may be a data group for testing
predi cti véheppesetialafehet sghieredhethod to the prediction of cross-validation may be

10  executed by a plurality of computers 12 in order to accelerate the calculation
by dispersing the calculation of prediction of cross-validation to the
computers.

Fig. 2 shows a flowchart of the data analysis program 20 executed by
the computer 12 for obtaining a correlation model between the biological

15 condition and the gene expression levels. While ~PRESS is employed as a
function having the cross validation of the partial least square model as at

Q least one of independent variables, this does not restrict the invention, and
different functions are used in Examples 2 to 5, in fact. In a first step, data
for preparing the correlation model are received (S10). The data has been

20  collected with a DNA chip. The input data (a sample set) has a respective
object variable (e.g., diagnostic index) and m (e.g., 2,000) explanatory
variables (e.g., the gene expression levels). Otherwise, the data of the test
set are received in addition to the above data (a training set). The test set

as used herein does not mean a data group for assessment of cross-

25  validation, but it may be a data group for testing predictive power after the



nodel is determ ned. The nunber of the explanatory variables sel ected at
the initial setting is set to zero, and the best value CVo of the cross
validation CVis set to --o0 (S12). Thgn, the explanatory variables are
sel ected. The nunber i 5 indexing an explanatory variable is set to 1
(S14), the i-th variable (gene expression level) is tenporarily adopted
(S16), and the partial |least square nethod is applied to calculate the
cross validation (S18, see Fig. 3). Leave- one-out processing is enployed

in the calgyliatiQRerfhiffeexanple, in this processing, a result predicted in
the training set having 50 sanples, by 10 remaining 49 sanples after

excl uding sequepy] al,|yene,sapp! & ALOMAL! (Lgpldl Labeld S0t SHmlgS |
1% @Egéﬁp h' o P%e san%ﬁ@

conpared with a resu pr edi C rom ea exclude s, and
the tenmporarily sel ected expl.anat or ar j-pl that is,,..t.he iwth variable)
7] UdgedehaPELa EAET LS an . e et gl R abhipis gt LB ST
variable is a ed en the results CV is. nore optjmzed, 15 than the
current BBSToAGD Py ERS (SO Y N IRED ST SHLRCHE TR RISt ed by
the result CV (S22). However, when the result CV . obtained is arger than
the bBst REPYWRECEB PrIAARAtasyoyariphle 1s. sof {oarli BHI%. Fle i ‘é%l’é@?‘lé‘d{ge(lSM).
Then, the process returns to step S14 to repﬁat t he sane processing. This
processi mypiresyiendared infemp onaribhpleniadeitl6) sand the rartisldeastosauane
validation (NOin S26). The result CVis dLscrjninativel¥vassessed st epwi se
by i ncr easepd wdelbmadd ¢e caburatesthegcioss vlalidiatigh (18, explFagadlor Leyea i abl e
to be adopted one after another in the correlation nodel. In other words,
each expinenetopyovasiablie drspbykdciredhbycadegatinni alfoy gxaigphy wmhéhiser t he
eﬂ@lanatory vari able to be added to the nodel inproves fitting in total.
Thi s 25 pnocessngs ar egpodt gdedittted inotherpr avenenteti lsaalbgeb echmplekj byi ng i n
total. The 32
10 remaining 49 samples after excluding sequentially one sample from all the
first to 50th samples is compared with a result predicted from each of the
excluded samples, and the temporarily selected explanatory variable (that is,
the i-th variable) is judged not suitable when the exror of the comparison is
large. The i-th variable is adopted when the results CV is more optimized
15 than the current best value CYo (YES in S20), and the best value CVy is
updated by the result CV (S22). However, when the result CV obtained is
( larger than the best value CVo (NO in S20), the i-th variable is not adopted
(S24). Then, the process returns to step S14 to repeat the same processing.
This processing is repeated until no improvement is found on the cross
20  validation (NO in S26). The result CV is discriminatively assessed stepwise
by increasing (adding) or decreasing (excluding) the explanatory variable to
be adopted one after another in the correlation model. In other words, each
explanatory variable is selected by sequentially judging whether the

explanatory variable to be added to the model improves fitting in total. This

25  process is repeated until no improvement is observed in fitting in total. The



flowreturns to the start at step S14 with i=1 when the result is inproved
by the processing above, and the selection of the explanatory variables is
repeated based on the explanatory variggbl es already sel ected. The data are
anal yzed in the above-nentioned processing by using a data set or a 5
training set as one of two data sets divided in advance froma data set in
order to decide predictable power of the nodel. Since the analysis gives
the above-nentioned result by using the training set, a test set is

predi ct egy &y 0 b1G,i R8sk & 85585 L f—rlgwﬂfaattﬁg IEERYE SHhiBta §J§28> -

Al t hough "suc assessnent ma S require
deci ding ,t he predictable hart of
cal cul atit8h pRIGeDE dbdys 8%18 He CSFE%C Dol o 1RE: POR eGP R e
| eave- one- out oce sing, The result of S n t sel ected
vari abl eslepga% ‘%lt %1?1 eXR} @%Pbe@%’slagfﬁs ‘?Sll""?%‘f gée nﬁ‘? a%éi‘lrﬁe of
PRESS is set to 0 (S180). Then, the nunber | dlcatlng 15 sanple in a
set of n ayl¥zeds 15ethe oa]fio"(esmﬂ}?l)meénﬂl Ctoﬁfés%‘gr VaPS‘P’@as"‘t adsaﬁaaﬁ‘let Ofefhod is
applied to n-1 sanples except the j-th sanple (S 184) to predict the
obj ech vdirpaBng sst asheng of ﬁws>a%qaese(t51®8)dedAnsqdaaé%fﬁ qRe diets sekike i s
cal cul ated and added to provide PRESS (S190). Subsequently, one is_added
to the numder tp desit®d)redndablespory f1apf the jebn Sixsca treanalysisTaives phecessi ng
20 is repeated for each sanple until j = n. PRESS obtained in this way is a
sum of sqlavesnefitibhed di$iléebgncen pehaeeaninime set, ediest eet wanedidad dudmat ed by
excl udi ng one sanple sequentially and the neasured val ue, and represents a
predi ct edher redult Toeasakssefiftavd ng the mwsensed sdaa F28he Altledigh edchesi dual
er@or sum of squares (PRESS) is defined to be the cross -validation result
CV™ 25 (SR83smast is not always required, it is effective for deciding the predictable

10  power.

Fig. 3 shows a flowchart of the calculation (Fig. 2, S18) of the cross
validation CV including the leave-one-out processing. The result of cross
validation of the selected variables is calculated in this process. At first, the
initial value of PRESS is set to 0 (S180). Then, the number j indicating a

15 sample in a set of n data is set to 1 (S182), and the partial least square
method is applied to n-1 samples except the j-th sample (S184) to predict the

(' object variable of the j-th sample (S186). A square of the difference is
calculated and added to provide PRESS (S190). Subsequently, one is added

to the number j (S182) and s similar operation is repeated. This processing

20 is repeated for each sample until j = n. PRESS obtained in this way is a
sum of squares of the difference between the predicted value calculated by
excluding one sample sequentially and the measured value, and represents

a predicted error. The value having an inverse sign of the predicted residual

error sum of squares (PRESS) is defined to be the cross-validation result CV

25  (S192).



The cross validation (CV = -PRESS) is optimzed in this enbodi nent while
the i nput variables (explanatory variables) are added or excluded stepw se
one after another by using the cross -gsalidation nethod. Five nodel
construction nethods are described bel ow as exanples for easy 5 recognition
of the stepw se addition and exclusion of the explanatory variables. They
differ fromeach other in the procedures of sequential selection of the
expl anatory variables. Fig. 4 shows a first nmethod for constructing a

nodel . An i ni ti’ﬂge sal&s i\§a£glea1‘(tg%c112¥@gn @nypﬁg@é@nafsorypt\mﬁ&pl &5 %iﬁ not

selected in the data set Then, it is discrimnated whether the
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(5120) whi an - assessment step Cross va
repeated with,the | eave-one-gut processing.for, every expl anatory, variabl es
t hat havee’??i)lfd%géﬁepé‘éllsgc%%eda@g’[ ainr?g}g(f‘fe%?' i‘?séflgt%le ?1695%‘/ V(’iﬁ@?ﬁl)oneg’?ﬁ?é %?fgt ory
variabl es,, and the expl anatory yariable is added.15 when the cross
Val | dat | OB POmPHEE e LS et Bre e DEd ey 1S CHBETs Rt Sn
operation is repeated fromthe first expla atorgﬁyaruﬁble c until no
i pr oPeneifcoandiond Aift tn Herwps adsdiBopnentn exghision |9 (e e WIPRAIOY he
nunber NP of the selected explanatory variables is set to O while the best
val ue Cvovasiablee. crldey différditaneneacyl iogheyetint the Gyocexbues1abpeqentid
initial setting. The explanatory variables are then selected. The variable
i is set sededtiqxSofithe) expladatdry Varidbleariable is tenporarily adopted
(5116). However, the process returns to step 5114 when the i-th variable
has been al r eadyigadogitords & YESt imetBod £6) corsitiveetuent inpdet. hdncimasl sate
va@idations CV is calculated by applying the partial |east square nethod
(S118) usi defistb whm legvexdaratuy pundsklesi ag ndTheclectdd warthabdatai setadopt ed
when the results 34
10 (S112). Then, it is discriminated whether the cross validation is improved or
not by selecting an explanatory variable (§120) while an assessment step of
the cross validation (S118) is repeated with the leave-one-out processing for
every explanatory variables that have not been selected yet in the first to
last (m-th) explanatory variables, and the explanatory variable is added
15 when the cross validation is improved (S114 to S124). The sequential
discrimination operation is repeated from the first explanatory variable
( until no improvement and addition are possible (NO in S126).
In more detail, the number NP of the selected explanatory variables
is set to 0 while the best value CVj of the cross validation CV is set to -
20 (S112) as the initial setting. The explanatory variables are then selected.
The variable i is set to 1 (S114), and the i-th variable is temporarily adopted
(S116). However, the process returns to step S114 when the i-th variable
has been already adopted (YES in S115). Subsequently, the cross validation
CV is calculated by applying the partial least square method (S118) using

25  the leave-one-out processing. The i-th variable is adopted when the results



CV obtained is nore inproved than the best value CVo, and the forner best
value CVo is renewed by the result CV (S 122). However, the i-th variable
is not adopted (5124) when the resultss CV obtained is not larger than the
best value CVvo (NO in S120). Then, the process returns to step S114, and
the 5 sane processing is repeated. This processing is repeated until the
cross validation CV is not inproved any nore (NO in S126). Wen the result
is inproved by the above procedure, the process returns to step S114

ﬁ%?‘ei”l’n EQ?@?%‘%% mi{“ éﬁggv%ﬁ%ﬁﬁ%%%%‘%ﬁ&sf D00l BR rhey BaReat o
correlatio 1S t aj ne i e.vari abl.es .segl ect.ed by the
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an explanatory variable is discrimnated (S220) while an_assessnent ste

15 (8218)Vﬁiﬂeté¥0 2%&311\;%120&;;1%9114 the ép@@ﬁéd‘ee%mﬁgtq oD Savd. and-that P
processing for every explanatory variable that have been selected yet in
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expl anatory variable is excluded when i nproved (S214 to S224). The

di scri nmi madlidatipr 6R&dumet ispreeefienyimoly (NEheadd6).r hendhiiyesnlt is
explanatory variable until no 20 inprovenent is observed (NOin S226). In
nmor e det ainhprdvied ImwitheraldReofrdchéuss| thet pxbecexphanatmsrty vi@pi Shlésgails set to
in while the best value CVo of the cross validation CVis set to -co

(S212) asandethrtist & alevedbbp NgThé seddédtzm whrtHe @hfialdxplianapented deiahbl es are
tHen sel ected. Then, the explanatory variables are selected. The variable
25 i s setbddedlod 82d¢hiiadd thiae Havkhheeardeddited bsfdenmpoeat-klati exalodded

(5216). 35
10  obtained by using the variables selected by the data set.
Fig. 5 shows a second method for constructing a model. The initial
state is defined when all the explanatory variables are selected (S212).
Then, whether the cross validation is improved or not by excluding an
explanatory variable is discriminated (S220) while an assessment step
15  (S218) of the cross validation is repeated using the leave-one-out processing

for every explanatory variable that have been selected yet in the first to last

(m-th) explanatory variables, and the corresponding explanatory variable is

(’\\

excluded when improved (5214 to S224). The discrimination procedure is
sequentially repeated from the first explanatory variable until no
20 improvement is observed (NO in $226).

In more detail, the number NP of the selected explanatory variables
is set to m while the best value CVjy of the cross validation CV is set to —eo
(8212) as the initial setting. In other word, all explanatory variables are
then selected. Then, the explanatory variables ave selected. The variable.i

25 is set to 1 (S214), and the i-th variable is temporarily excluded (S216).



However, the process returns to step S214 when the i-th variabl e has been
al ready excluded (YES in S215). Subsequently, the cross validation CV are
cal cul ated by applying the partial |eag square nethod (S218). Then, the

| eave- one-out processing is applied. The i-th variable is excluded if the 5
results CV obtained is nore optim zed than the best value CVvo (YES in
S220), and the former best value CVo is renewed by the result CV (S222).

On the other hand, the i-th variable is not excluded (S224) when the

results QYnRREA R0picteBotet@hdal dibasdnewhrst theal-ue VeVl MRadsbead20) -

Then, the flowreturns to step S214, and the sane processing is repeated.
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10 processing is repeated until the cross validation CV is not improved any
more (NO in S226). When the result is improved by the above procedure,
the flow returns to step S214 again, and starts a new loop. Selection of the
variables is repeated herein based on the variables that have been selected
before. A correlation model is obtained by using the variables selected by
15 the data set.
Fig. 6 shows a third method for constructing a model. This method
(' 1s a combination of the first and second methods connected in series. The
initial state is defined when no explanatory variables are selected (S112)..
Then, whether the cross validation is improved or not by selecting an
20 explanatory variable is discriminated while assessment steps of the cross
validation are sequentially repeated by using the leave-one-out processing
for every non-selected explanatory variable of from the first explanatory
variable to the last (m-th) one. The explanatory variable is additionally

selected when the result is improved, and the sequential discrimination

25  operations ave repeated starting from the first explanatory variable until no



i nprovenent is observed by adding the variable (5114 to S126).
Subsequent |y, whether the cross validation is inproved or not by excluding
an explanatory variable is discrimnatgd while assessnment steps of the
cross validation are sequentially repeated using the | eave-one-out
processing for 5 every sel ected explanatory variable of fromthe first
explanatory variable to the last (mth) one. The explanatory variable is
excl uded when the result is inproved, and the sequential discrimnation

operati ong, aI.¢.f.epeated ob%EP\FCFt' ”ny%lﬁlqldxli%:gtl{l%r%rﬁ%@ a'@% {Zé’a‘sﬁ@gjze unti |

no i nproveitents are observe y ‘exc e variabl e to 5226). 10

Fig. 7 s a fourth hod for constyucting.a nodel. Thjs netho is a
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expl anatory vari abl es ar. elected (S 112). .Then, it is discrimnated
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for every non-selected explanatory variable of fromthe first explanatory
vari abl e avery iselqcaed explanatoryonarialrleeofefipmaths st arlpaptayi wraaklettoonal |y
sel ected when the result is inproved (S 114 to S124), and the sequenti al

di scri mi rtdwei lent OpettatonensTae explapdatedaisablet isnexcwted whenfthestesakplanat ory
variable until no inprovenment 20 is observed by adding the variable (NOin
S 126). Nexirovid, i sndli sloe | séquetogth] whetrheimathen copsisticalsi daki orpéatednpr oved
or not by excluding an explanatory variable (S220) while assessnent step
(S218) ofstaltgngr fass thki fatt erplianatseguenidtdb| yntié peatiathrbyemenng drbe
Iéhve-one-out processing for every selected explanatory variable of from

t he firstomeptanbl ekyludang 8bé @ ai bl 25 taSe2¢)m t h) one. The expl anatory

vari able is excluded (5214 to S224) when 37

10 Fig. 7 shows a fourth method for constructing a model. This method

is a modification of the third method. The initial state is defined when no
explanatory variables are selected (S112). Then, it is discriminated whether

the cross validation is improved or not by selecting an explanatory variable

(S120) while assessment step of the cross validation (S118) is sequentially

15 repeated by using the leave-one-out processing for every non-selected
explanatory variable of from the first explanatory variable to the last (m-th)

(" one. The explanatory variable is additionally selected when the result is
improved (S114 to S124), and the sequential discrimination operations are
repeated starting form the first explanatory variable until no improvement

20  is observed by adding the variable (NO in S126). Next, it is discriminated
whether the cross validation is improved or not by excluding an explanatory
variable (8220) while assessment step (S218) of the cross validation is
sequentially repeated by using the leave-one-out processing for every

selected explanatory variable of from the first explanatory variable to the

25  last (m-th) one. The explanatory variable is excluded (S214 to S224) when



the result is inproved, and the sequential discrimnation operations are
repeated starting formthe first explanatory variable until no inprovenent
is observed by excluding the variablesg¢gNO in S226). The flow returns to
step S112 when the result is inproved at |east once (YES in S227) in the 5
sequentially discrimnated addition inprovenent step or sequentially

di scri m nat ed excl usion inprovenent step, and the above operations (5112

to S227) are repeated. This flowis repeated until no inprovenent is

observed tﬁ@qasﬂfl]tggs?iﬁnpr%ivgd, §n§hﬂi’t§|s§q1f1ér§tti§l ARt R0 OpStAtiGHd BYed

nodel . This net s 10 a parallel conbination of the first and second
schenes. _ i ni tJal. state | def | e I y: Ioly § are
sel ect ed 1?@%1 ra- Eﬂ?%{elﬁ% t?jgl%l JLshSe E’ggtc%’aﬂ]gﬁﬁf"gﬁ \\r//]\%elfglgﬂ(llgr t Ereﬂérlo S ng |eglati on is
i mproved .or, not sel echin an_expl [ i ahl 120)
assessneﬁ?OB?Eﬁegﬁni%@ﬁgggggﬂV%Y%%% Fog f?%%%%?ﬁigqggaégﬁéﬁngﬁﬁxéggated by
using the, l.eave-one;out processing far every nopns;sgl ect xpl apatory
vari abl e?lé f"ﬁ“cﬁﬂ {the 1“?1&4‘5 léxlﬁ?@?f’é’fear 9%5\93?11 é%llc {%é?hlél I%ﬁ(ﬁi ?Hf
expl apatory variable. The explanatory variable is added when theaﬁesult IS
i mpr oVed SeaRentip ySf@ﬂW?”%?P%*efg¥%%?nhéﬁ@}°Y?“@§t HieBe i misTILeUAHEL her
the cross validation is inproved or not by excluding an epranﬁﬁfré
vari abl e diszPmnghed exdysieasmpmiovemepd (tep18nddfetr Mo ver g adions apildat i on
are sequential%i repeat ed when the expl anatory variable has been already
sel ect ed.toTR82@8k pranetrsayed.ar Lals dldvs isxeenapégd (92tb no LoPrayemghRbist he
result is inproved, and the sequential discrimnation operations are
r epeat ed absartéchgNOonn®22i8. fi rst expl anatory variable until no
i fprovenents are observed by adding or excluding the variable (NOin 25
5126). 38 Fig. 8 shows a fifth method for constructing a model. This method is
10  a parallel combination of the first and second schemes. The initial state is
defined when no explanatory variables are selected (S112). Then, it is
discriminated whether the cross validation is improved or not by selecting
an explanatory variable (§120) while assessment step of the cross validation
(S118) is sequentially repeated by using the leave-one-out processing for
15 every non-selected explanatory variables of from the first explanatory
variable to the last (m-th) explanatory variable. The explanatory variable is
Q added when the result is improved (S114 to S124). On the other hand, it is
discriminated whether the cross validation is improved or not by excluding
an explanatory variable (S220) while assessment steps (S218) of the cross
20 validation are sequentially repeated when the.explanatory variable has
been already selected. The explanatory variable is excluded (S216 to S224)
when the result is improved, and the sequential discrimination operations
are repeated starting form the first explanatory variable until no

improvements are observed by adding or excluding the variable (NO in

25  S126).



The case when the fourth method for constructing the nodel (Fig. 7) is
applied is described bel ow by using the data set in Table 1 as an exanpl e.
‘A correl ation nodel corresponding to tdys data set is determ ned by
analysis wth the partial |east square nethod. The nunber n of the data in
Table 1 5 is 10, and the nunber in of the explanatory variables are reduced
to only 19 for easy explanation. In Table 1, p 1 represent the object

vari able, and p2 to p20 represent the explanatory vari abl es (data in pl6
and thereafter pge .. 948G He o bl Sack

presentation). Inc%onﬁrast fboste S g%gib ﬁx%g Mfﬂ%%ﬂ%?n@iﬁ#? nethod
(Fig. 7).l tepresenting an sxph an@égrg%h%%?\égfftﬁ%b' Bl ke I Squant abhby

processe i nvVerse or predi reéstdual error
sum of squares, (,PRESS s adopt he ej a se S|n : CV val ue. The
ol Cor * PRES N r%%c}%lecpnaess RS imketo s Bia B0 A AE b R of

t he expla ty var le is 0, and P S = 00 i he
initial ]ﬁ‘ ell?aalt?%blegét gguarppethac eanmbeiol gﬁ?ﬁ é’s‘ta#“b]r:rn aﬂ?%e 53 p4 p5
p6 p7_p8 p9 plO pll pl2 pl3 pl4 pl5 0. 713 0, 105 0. 782_0. 425 0. 164
0. 028 0.lsgdfsapd @wsn@mbggsn@f tbgfxelara@elﬁova@@blq; ayprredycedde oply 39 2 0.
133 0.009 0. 071 0. 002 0._793. 0. 872 0. 092 0. 391 0. 63 0. 241 0. 517 O.
369 0. 1der eaguexpnatiory fn Tehte O, p1gspresensshe obpws variabde, mdbe8to. 578
0.652 0. 38 0. 501 0. 729 0.91 0. 865 0.389 0.8 4 0. 752 0.915 0. 472 0.
099 0. 738200rgp3Bntade expl8at@y3531ri@bds7 (dnta7i8 p06 484 therbaften.ar882 0.0
5 0.9 0. 407 0. 534 0.816 0.806 0.42 0.572 0.957 0. 12 0. 696 0.833 0. 051
0.377 0. 0348td] in TablelFFo01B8 Follveridhc®d of pBent25En)0. Il 3dntras882s@ps486 O.

741 0, 243 0. 893 0-947 0. 462 0. 952 0. 2
S114 and S214 in the fourth method (Fig. 7), i representing an explanatory

10  wvariable is sequentially processed in the inverse order of p20 to p2. The
predicted residual error sum of squares (PRESS) is adopted herein for
assessing the CV value. The smaller PRESS means better assessment of
the CV value. The number NP of the explanatory variable is 0, and PRESS
= o (or CVg = —0) in the initial state.

15

20

25



7 0. 427 0.652 0. 515 0. 426 0. 764 0. 592 0.595 0. 595 0. 551 D. 606 0.416
0. 163 0. 316 0. 718 0.6 8 0.042 0. 902 0. 274 0, 899 0. 402 0.469 0. 668
0. 945 0. 746 0. 912 0. 97 0. 515 0. 368 0. 514 0. 4 9 0. 935 0. 276 0.
936 0. 101 0. 54 0. 356 0. 899 0. 71 0. 924 0. 792 0. 486 0. 329 0. 501 O.
076 0. 5 10 0. 54 0. 021 0. 505 0. 224 0. 724 0. 431 0. 071 0. 968 0. 482
0. 322 D. 773 0. 543 0. 353 0. 107 0. 9 5 C 10 40 Table 2: Result of
selection of variables in 10 steps on data in Table 1 0 0O 1 ADD p20 0.111
p20 2 A 0; 1 ADD pl16 0.073 pl6 & pl8 & p20 4 ADD pl0
0.073 EE@%&§£6I%&8f§.§Q§§8%§f%DD p6 0.062 p6 & pl0 & pl6 & pl8 & p20 6 ADD
p3 0. 060 p3 & p6 & p10 & pl6é & pl8 & p20 7 ADD p12 0.055 p3 & p6 & p10 &

12 & pl6 EXCLUDE. p20 0. Q53
EXCLUDE ph pio %% & B‘é &qﬁlz pﬁ?es 8'29 TP By 1‘3‘13318 &%512 4 p‘% . p12
& pl3 & p}% ﬁs%l 5 hﬁb%qb%%gk?%ﬁgﬁﬁeﬁéﬁﬁﬁﬁgzh? 6@?03&¥@Q§§0%H¢@%eg55p20 to

p2, as describé ersint 'eftnost colum in 2 show

10 5 steps {4 § ‘2@ oot oo &Skl 473 d @fﬁ’ﬁ%%o A 5‘@64 S'Eieélérshla@ es. "0

nmeans the initi state. "Addrtron" sion” I n the next colum nean

oper at i ong q Byt Gyaaf sty o0 d. 0ER. 88% A ¢ £ b.4si §nad 9@9,0 desaPRsbivel v.

The wvariable inthe thr col um show t he a ed or excluded vari abl e. The
0.752 0.915 0. 472 0. 999 0. 798 0.363 0.622 0. 487 0,353 0.967 0. 778 0.484 0.517 0.982 0.0

5 0.9 0.407 0.534 0.816 0,806 0.42 0.572 0.957 0.12 0.696 6,833 0.051 0.377 0.849 0.4

(w 6 0.455 0.587 0.721 0.53 0.252 0.434 0.882 0.486 0.741 0,243 0.893 0.947 0.462 0.952 0.2
. 7 0.427 0.652 0.515 0.426 0. 764 0.592 0.595 0.595 0.551 0.606 0.416 0.163 0.316 0.718 0.6
8 0.042 0.902 0.274 0,899 0.402 0.469 0. 668 0.945 0. 746 0.912 0.97 0.515 0. 368 0.514 0.4
9 0.935 0.276 0.936 0. 101 0.54 0.356 0.89% 0.71 0.924 0.792 0.486 0.329 0.501 0.076 0.5
10 0.54 0.021 0.505 0.224 0.724 0.431 0.071 0.968 0.482 0.322 0. 773 0.543 0.353 0. 107 0.9
9]
(;

10



figure in the fourth colum are the result of the cross validation
(division of 10 PRESS by the nunber of the sanples). The fifth col unm shows
the variable(s) selected at the step.4Jhere is no variable at all at the
initial state, and PRESS is set to co 41 (infinity). As shown in Table 2,
when p20 is adopted as explanatory variable first, PRESS is 0.111. Then
the explanatory variable p20 is added since the result is inproved over
the initial value. Then, when p 19 is adopted as explanatory variable, pl9

and p20 a’![‘&bl‘é%?‘k@ﬂi bﬁsaé@dlam@foalylawsllabi@aepé JHoyRsein, THHE 11 s not added
since PRESS = 0.129 or the result is not inproved. Next, pl8 is added and

PRESS = 0. 090. Then the explanatory variable pl8 is added and pl8 and p20
are used as explanatory variables. The procedure is continued thereafter
simlarly a$) shown in Table 2. (Ht is to be noted that p 10 is added since
the result is inproved at fourth decinmal 10 place). Wen the first |oop for
t he expl anatlor yaDdar i g0l e9. p20 tgRP2 is conpleted, the explanatory

vari abl es adopted include p3, p6, p 10, p 16, p 18 and p20, and the result

is PRESS = @ 6Qppl n g1ee $ﬁgggd_¢ppm,pgbe expl anatory variable pl2 is
added, and the result of PRESS = 0.55 is obtained. In the third [ oop; no

i nprovement 3 s apbseryggl l@yoagd lgpr& gd& Izt he additional processing of
S114 to S126 are conpl eted, the | ow ‘proceeds to S214. The result of

t he partla|‘4eaﬁﬁySQﬁﬁjeofbbglQﬂuﬁ@ﬂpﬁbe& Eﬁ@]ﬁ% don by | eave-one-out
S

processing at this nonment are n Ta able 3 shows the result of

t he partlalfjeaﬁi)s re fbgg q&sa@bPhgaye¥ﬁo§e gy %Z%dlctlon when t he
I'n Tabl'e

process is advanced ste bet ween t he

ca@culated vl u nd a r p ictign agg)leave one- out
prediction are @1'@ p‘rgre xgﬁgsﬂa %? ,ggﬂ@lr #LOPF@I &;tpl% & :
pl2 0.055 p3 & p6 & plO0 & pl2 & pl6 & pl8 & p20
8 EXCLUDE p20 0.053 p3 & p6 & pl0 & pl2 & pl6 &
9 EXCLUDE pl0 - 0.050 p3 & p6 & pl2 & pl6 & pl8

10 app pl3 0.048 p3 & p6 & pl2 & pl3 & pl6 & pl5

The variables are treated in the inverse order of p20 to p2, as

described above. The numbers in the leftmost column in Table 2 show 10

(_ 5 steps in which the result is improved by selecting the variables. “0” means

the initial state. “Addition” and “Exclusion” in the next column mean

operations in the addition loop and in the exclusion loop, respectively. The

variable in the third column show the added or excluded variable. The

figure in the fourth column are the result of the cross validation (division of

10 PRESS by the number of the samples). The fifth column shows the
variable(s) selected at the step.

There is no variable at all at the initial state, and PRESS is set to «



square of the correlation coefficient R and a square of the predictable
correlation factor Q are shown at the bottomof the table. 25 42 Table 3:
Results of treatnent at step 7 in Tablsgg 2 Model prediction Leave-one-out
predi ction Measured Calcul ated Error Error # value value rror value 1
0.713 0.757 -0.044 0.693 0.020 2 0.133 -0.056 0.189 -0.051 0.184 3 0.545
0.497 0.048 0.480 0.065 4 0.752 0.646 0.106 0.495 0.257 5 0.900 0.687
0.214 0.557 0.343 6 0.455 0.489 -0.034 0.512 -0.057 7 0.427 0.624 -0.198

0.672 -0.24%nit).0A9480R13490Talle3D 4y erp 320'1951&3 e&a@e@@l@n@t&@vﬁn@cﬁ@ 0.782
0.153 10 0.154 0.197 -0.044 0.285 -0.132 0.093 0.024 0.055 "R2=0.744

@2=0. 407 ﬁﬂ%ttiﬂﬁr]]if g 8 0!199P B El&é‘%ﬁlg%@é@éﬁ@a 51‘31%;& 1595&(11 EH{?:e%g and

vari abl es result is | nprove i ng the varla es p 1l

P20, 1N g oRonad. | Q0P n.Bp hgmf%gﬁ) TS0 S 1ORETYELy SN0 LN RLepsS214 to

S226 are conp e ow urns to ase

gﬁflySIa‘ggl%l%@atogys\/zaleable ptlge pst laPé)leleg gsh%hg%)%tplgiga Ioggfovr;\1'g)abcfgs?SS| ng,

5 However, pl9 is not added since PRESS = 0.129 or the result is not

improved. Next, p18 is added and PRESS = 0.090. Then the explanatory

variable p18 is added, and p18 and p20 are used as explanatory variables.

The procedure is continued thereafter similarly as shown in Table 2. (It is

to be noted that p10 is added since the result is improved at fourth decimal

10 place). When the first loop for the explanatory variables p20 to p2 is

completed, the explanatory variables adopted include p3, p6, p10, p16, p18

and p20, and the result is PRESS = 0.60. In the second loop, the

explanatory variable pl2 is added, and the result of PRESS = 0.55 is

obtained. In the third loop, no improvement is observed by addition, and

15 the additional processing of S114 to S126 are completed, and the flow

proceeds to S214. The result of the partial least-square fitting and the

(/ prediction by leave-one-out processing at this moment are shown in Table 3.

Table 3 shows the result of the partial least-square fitting and leave-

one-out prediction when the process is advanced to step 7 in Table 2. The

20  error between the calculated value and measured value for model prediction

and leave-one-out prediction are shown. A mean square of the errors, a

square of the correlation coefficient R and a square of the predictable

correlation factor Q are shown at the bottom of the table.



pl3 causes inprovenent, but in the second | oop, but in the next exclusion
10 processing no i nprovenent is observed. The flow returns again to step
8112, and the processing is conpletedsby confirming that no i nprovenent is
observed in steps S114 to S126 and in steps S214 to S226. Thus, six 43

vari ables of p3, p6, p 12, p 13, p 16 and p 18 are selected to obtain a
result of PRESS = 0.048. The details are shown in Table 4. Table 4 shows
the partial |east-square fitting and the | eave-one-out prediction when the
processing is advanced to step 10 in Table 2. 5 Table 4: Results of
treatnment at step 10 in Table 2 Mbdel prediction Leave-one-out prediction

# Measur I at r.or | I I I 1 0.713

0.771 oeg%lg%ofg%?“g%og e “g‘%i%% 916%3715{ {Jr.gélfeyg. 321\/8. ggzvasug. 545 0.610
-0.065 0.595 -0.05 i, 524 0. 22Befvé388e@ud72 5 0.900 0.696 0.205
0.543 0.357 6 0.42\@0‘3?1%5%5%63’&7 0. 62 séqi.ig.t@&f 7°0.427 0638 -0.211 0. 696

-0.269 8 0. 2 0.189 . . 268 -0. .1935 0.841 0.094 0.756 0.179
87 éa .18§5 \(éiigg%%_e glcu?at%d vor

10 0.154 ®. 2 2 . Gor C. value Erroy
1 0713 0.757 -0.044 0.693 0.020
2 0.133 -0.056 0.189 -0.051 0.184
3 0545 0.497 0.048 0.480 0.065
4 0.752 0.646 0.106 0.495 0.257
(' 5 0.900 0.687 0214 0.557 0.343
6 0455 0.489 -0.034 0.512 -0.057
7 0427 0.624 -0.198 0.672 -0.245
8 0.042 0.349 -0.307 0.517 -0.475
9 0935 0.865 0.070 0.782 0.153
10 0.154 0.197 -0.044  0.285 -0.132
0.093 ' 0.024 0.055
R2=0.744 Q2=0.407
( In the first loop starting from step S214 for exclusion of variables,

5 the result is improved by excluding the variables pl0 and p20. In the
second loop, no improvement is observed, and the steps S214 to S226 are
completed. Then, the flow returns to S112 again based on the decision at
step S227. In the first loop in the next addition processing, only adding of
pl3 causes improvement, but in the second loop, but in the next exclusion

10  processing no improvement is observed. The flow returns again to step S112,
and the processing is completed by confirming that no improvement is

observed in steps S114 to S126 and in steps S214 to S226. Thus, six



0.093 0.022 0.048 R2=0.765 @=0.482 The partial |east square nethod is
considered efficient when the nunber of the explanatory variables is

| ar ge,

but a result of PRESS = 0.124 4 is obtained as shown in Table 5

when the full variables of p20 to p2 are adopted as the explanatory

vari ables. This nmeans that the | eave-one-out processing has a poorer
result than the error fromthe average value (0.093). 44 Table 51 Results
of treatnent when full variables are adopted Mdel prediction Leave-one-out

predi cti opy,;MpRs ng%sﬁ,gﬂ-ﬂ]?g?@z%g@qnf—brlgral% AbMB8IMB! dRald Qlredaltust 1

0.713 0.712 0.001

0. 561

0.209 O

.133 -0.073 0.206 0.222 -0.090 3 0.545

B3R B o hes g SR BB %07 70 427 0. 385 0. 156

0 454 10 0. 15478 e RSy M e ddoentn Bty hele Ry i,

0. 454

@=-0. 330

10

pl'eE:iictl}/(l)DrII\Ev%en the processing is advanced to step 10 in Table 2.

Table 4: Results of treatment at step 10 in Table 2

Model prediction Leave-one-out
prediction
Measured Calculated Calculated
# : Error - Error
value value value
1 0713 0.771 -0.058 0.663 0.050
2 0.133 -0.013 0.146 0.041 0.092
3 0545 0.610 -0.065 0.595 -0.050
4 0.752 0.524 0.228 0.380 0.372
5 0.900 0.696 0.205 0.543 0.357
6 0.455 0.591 -0.137 0.623 -0.168
7 0427 0.638 -0.211 0.696 -0.269
8 0.042 0.189 -0.147 0.268 -0.226
9 0.935 0.841 0.094 0.756 0.179
10 0.154 0.209 -0.055 0.294 -0.140
0.093 0.022 0.048
R2=0.765 Q2=0.482

The partial least square method is considered efficient when the
number of the explanatory variables is large, but a result of PRESS = 0.124
is obtained as shown in Table 5 when the full variables of p20 to p2 are
adopted as the explanatory variables. This means that the leave-one-out

processing has a poorer result than the error from the average value (0.093).



5 The invention is described in nore detail hereinafter with reference to
exanpl es, but the invention is not restricted to the exanples. EXAMPLE 1:
‘Data anal ysis of DLBCL patients by fegfure extraction considering cross
val idation of partial |east square nethod 10 Data of 28 DLBCL (| ynphom)
pati ents obtained fromthe home page (http://11npp.nih.gov/|ynphonma/) of

P. 0. Brown et al. are divided into a training set of data of 20 patients
and a test set of data of 8 patients. The 45 survival nonth is used as an
obj ect variable, and the values of log(chl/ch2) of 12,832 spots out of
18,432 spots in 28 data in which both chl and ch2 are positive are used as
explanat r -1 square nodel is
attenpte (l)érlgt ﬁ%%@%o’rfgfeﬁﬁfﬁ{gngg%h%gﬁe’gb%%ﬁ%u?l p% e(gﬁtesti| on (@ >0.5) in
the parti al qu@%dg¥¢gg thod wi t h tlhexvietdde-d2t, 832 vari abl es i s not
significant. Next ex anatory vargabl@mrare increased or decreased

st epwi se on f n as tom he error of the

| eave- onét ou agggf% ?%m§h7H§Pnﬁme¢ (#ﬂ?constru&huon method is simlar to
that in the Y ‘#%Fd mod&f%kcept the or der® 10 addition and excl usi on of

t he expldnat%ﬂ}3var|aﬂ?é§ and t HeOBt der0-827 excl udil8R of the sanples in the

| eave-on ocessi No ex tor ari abl olg®) selected in the
initial 1?%112) @ﬁg% a ngkggglec 2%5 explaﬁatory variable is

selectedgpeq@%qglalIy(ﬁggmg expl@pagory 8agi abl esg opromthe last (mth) to
the first variable, it is judged whether the result of 15 cross validation
with | eave- odg6a@ut prot6s8ing (whedei n ®del sanpl e0#08m the last (n-th) to
the first sample is excluded segfentlallgé%ls |nprov d or not if the

vafiablefs 8808ct ed ih6Phe nmodel-20dnd ¢ t he s@ﬁ@ ted variable is added
6 0455 0.519 -0.064 0.562 -0.107
7 0.427 0.583 -0.1566 0.629 -0.203
8 0.042 0.430 -0.388  0.724 -0.682
9 0935 0.794 0.140 0.480 0.454
10 0.154 0.182 -0.029 0457 -0.303
0.093 0.029 0.124
R2=0.684 Q2=-0.330
( EXAMPLES
"5 The invention is described in more detail hereinafter with reference

to examples, but the invention is not restricted to the examples.

EXAMPLE 1: Data analysis of DLBCL patients by feature extraction
considering cross validation of partial least square method

10 Data of 28 DLBCL (lymphoma) patients obtained from the home
page (http://11mpp nih.gov/lymphomal/) of P. O. Brown et al. are divided into

a training set of data of 20 patients and a test set of data of 8 patients. The



when the result is inproved. The above procedure (S 114 to S126) is
repeated fromthe mth explanatory variable until no inprovenent of the 20
result of cross validation is observedigy the addition of explanatory

vari able. Next, the explanatory variable in the nodel is sel ected anong
the variables fromthe last (mth) to the first variable, it is judged
whet her the result of cross validation with | eave-one-out processing
(wherein one sanple fromthe last (n-th) to the first sanple is excluded

sequent i al;¥)vd1SmbAPE Qé/%ge@ras% ob ecg@ai ﬁ%lé/aé{ﬂ(ﬁlﬂll@ viau &X6t H)%@é:hlf/m the
nodel , and then the sel ected variable is 46 excluded when the result is

i mpr Oved ffSé@%ﬁtsP& E§QB§%%€S {n 2§%1?aq 1{1ﬁ’§hircﬁp§o% € O]T 585‘0115%1g}t h

explanatory vari no I nprovenent o Cross
valrdatron | observe X¢l usi.o of explanatory vari able. As a
result, ‘)Sld‘r’ue I eant nﬁc?é‘PT%Irétm—yﬁfa = 0.895, NP = 342) 5 is

obtai ned. Fig homs e result artral e uar.e t hod on
t he data, vvherelsﬁ lL“J‘é)Bs (?iﬁa)l'tlﬁlflro Th q‘%?éfaam(?fief ?t% figﬁfts]c ©n the
t rai ni_ng set_ trrangfes (cv) show t he dg 3 béﬁ r oss v Irdation of the
data. © FUreHERE udredyestriiPrharedicdop bpa\f £18) thsf Pl té%% TBtareThe

partial least C square nodel obtained can predict 4/8 of the test set
qui te excleler}e@riwlthaﬁére foll118.83c sl matley . 1s| mot heleaplicantrendYaxhedhe

mul tivariante analysis, the sanples are the data obtained by using the DNA
chi p. Howeswdenathvy atablanary snerepsedor deexansedl stenivise aisoabenbnaihead by
using the DNA chip. It may readily be conjectured that the data analysis
i s _al so usefsl td enindetize $heheiasr tdfethypedeavetBnexpt apsidortidreyv elhamdoddle
qQantrtres of intracellular substances. In Exanples 2 to 7 expl ai ned bel ow,
usual st atdrstiwdiometdibdd igponilar to that in the third model except the order of
10 addition and exclusion of the explanatory variables and the order of
exclusion of the samples in the leave-one-out processing. No explanatory
variable is selected in the initial state (S112). Then, a non-selected
explanatory variable is selected sequentially among explanatory variables
from the last (m-th) to the first variable, it is judged whether the result of
15  cross validation with leave-one-out processing (wherein one sample from the
last (n-th) to the first sample is excluded sequentially) is improved or not if
( the variable is selected in the model, and then the selected variable is added
when the result is improved. The above procedure (S114 to S126) is
repeated from the m-th explanatory variable until no improvement of the
20 result of cross validation is observed by the addition of explanatory variable.
Next, the explanatory variable in the model is selected among the variables
from the last (m-th) to the first variable, it is judged whether the result of
cross validation with leave-one-out processing (wherein one sample from the

last (n-th) to the first sample is excluded sequentially) is improved or not if

25  the variable is excluded from the model, and then the selected variable is



mul tivariate anal ysis nethods (such as a proportional hazard nethod,

mul tiple regression anal ysis nmethod, adaptive |east square nethod, |ogistic
‘regression method and |inear discrimngtion analysis method) are applied to
20 a relatively small nunber of explanatory variabl es selected by using the
partial |east square nethod. Exanple 2: Survival tine analysis of 240 DLBCL
patients by feature extraction considering cross validation with parti al

| east square nmet hod, 25 and with proportional hazards analysis 47 DLBCL

data set a2l @ﬁghe@msle%fifs%@ﬂog@ae fﬁh&%&%ém&m)@ (4294 thSsghyn! oaded

fron1the se open to on
(http: //II i ov/ BCL enmald t he dat a.ar.e,used as
the trainf ﬁglg)esagteg X177 e‘rm@a léuf’a]tlagfe uﬂ‘}l Pé)slﬁré‘%: tVE8 T, tfégh pot s 5

t th f 0 th tt d d | t
vari abl edeowlh 8%rﬁlf>asst Vals aéiw'egksel%ﬁgpﬁﬁr T IUPD OB SCRIEn AN e when

an event happens s det rnlned iLn this e |y fe table
accordlndaﬁﬁﬁﬁﬁeAﬁdeﬁ R@?éﬂﬂﬁéfﬁ%HnBB%iigng%§§§h@? bE@ﬁebh% tlng
observation_and death tine are mxed_ in the survival tinme, and the obj ect
10 vaPi abf €bfaingds i kg ¢ shewsdheopsulicohilee piastiableasiesaiare mathadaeno,

log(Pij/1 - PxN). Wiile the life table according to the Kapl an-Mi er nethod
shows stheidath, priviabi rhebases (idsshow thevddta gbtwestuupetienss éi thehat t he

survival probability (probability for persons with no change survive) at
the ti ne todinigenet driareles (thehevethe data ofrblss cioss|vadidegiceanof tlk dadual j is
recogni zed as a 15 surviving tinme for the individual j at the tinme of
gener at i dhudhet, squavenshow ThieslapadBalaitidrity) éfsthesedt ast.althehjaatial Vemsitabl e by
converting the probability into a logit value that express the tendency
t hat a changee mappanshtaiteel can predict 4/8 of the test set quite excellently, and
10  1/8 excellently.
In the above-mentioned multivariante analysis, the samples are the
data obtained by using the DNA chip. However, the data analysis is not
restricted to those obtained by using the DNA chip. It may readily be
conjectured that the data analysis is also useful for data such as the gene
15 expression level and the quantities of intracellular substances.
In Examples 2 to 7 explained below, usual statistical methods and
( multivariate analysis methods (such as a proportional hazard method,
multiple regression analysis method, adaptive least square method, logistic
regression method and linear discrimination analysis method) are applied to

20 a relatively small number of explanatory variables selected by using the

partial least square method.

Example 2 Survival time analysis of 240 DLBCL patients by feature
extraction considering cross validation with partial least square method,

25  and with proportional hazards analysis



| eave- one-out nethod is used for the cross validation for the training set,
and a partial |east square nodel is obtained by sequentially selecting the
20 paraneters so as to decrease PRESSyx 1.02'~P. The partial |east square
nodel is obtained by inproving the function PRESS x 1.02NP in pl ace of
improving the cross validation (CV = -PRESS), as one of the functions
havi ng the cross validation as at |east one of the independent vari abl es.
PRESS denotes a residual sum of squares of |eave-one-out prediction, and

25 NP denot es tlheppimer, Qbt i 2} SGLAL eXEhaRat Al Yo YRTLRDLASHhifia) BY
% ol | %he expl P

sel ecting expressions of the ow ng 19 genes as anatory

vari abl es he. p i j fo i i t val i.fdat i CVin
S T e R o s o

herein s the 1 D nunb i opi gi nal; V\ at,a. ;A S| ON. neans 5 an
accessi oRﬁmﬁpﬁpnn&%ﬁmégpﬁethgog?lh‘%a% ?ﬁ%ﬂt A?]ht eaé%éeasgf%ﬁse(ﬁﬁﬁber
corresponds to.a gene (unknown larified only in the origipal .dat or
e CavanPaoiai Bk Sk o tod i Bt IEHIAHS el oo BERQP A a | D
comment UO03398 #(27876) tunor_ necrosis factor (ligand superfam |y, nenber
9 MsBoeExeeRY Hoose Wit sl wriithak@ inhesngs makbrem gn$ é’)gaﬁa'@tsgﬁvgizla{l%&& , beta
#(27104) (Unknown) AKO001546 #(25048) Hono sapiens CQEA LJ10684 fis, clone
NT2RP300022@rblgs 318 ZRntyagh ik Rieshdherqgved v atg) G ad eodBirpshei | ity

conpl ex,
an event happens is determined in this example by applying a life table

according to the Kaplan-Meier method considering that a time terminating
observation and death time are mixed in the survival time, and the object
10 variable is defined to be a logic conversion of the survival ratio, log(Prm/1 —
Prxw). While the life table according to the Kaplan-Meier method shows
survival probability as a mass, a novel idea is used herein that the survival
probability (probability for persons with no change survive) at the time of
generation of the event in a mass including an individual j is recognized as a
15  swrviving time for the individual j at the time of generation of the event.
This probability is used as an object variable by converting the probability

into a logit value that express the tendency that a change happens. The

leave-one-out method is used for the cross validation for the training set,
and a partial least square model is obtained by sequentially selecting the
20 parameters so as to decrease PRESS x 1.02NP. The partial least square
model is obtained by improving the function PRESS x 1.02NP in place of
improving the cross validation (CV = —-PRESS), as one of the functions
having the cross validation as at least one of the independent variables.
PRESS denotes a residual sum of squares of leave-one-out prediction, and

25 NP denotes the number of the selected explanatory variables.



class I, DM beta BC003563 #(24983) hypothetical protein M3 10796
#(16113) (Unknown) M23452 #(16822) snall inducible cytokine A3 #(24433)
‘(Unknown) X00437 #(27480) T cell recepgor beta |ocus ~ Ul2979 #(24377)
activated RNApol ynerase Il transcription cofactor 4 X52479 #(17773)
protein kinase C, al pha H96306 #(16578) bone marrow stromal cell antigen 1
U70426 #(19255) regulator of G protein signaling 16 AA830781 #(33358) EST
AAB04793 #(25022) EST H57330 #(26383) EST S69790 #(27184) WAS protein

fam |y, menber g3 J9o AP %g&gféslsfb@g'ongé%H&~W|1y§eﬁeg%s%hg%%m@atmh these

gene expressions as ca at es of e explanatory vari abl es is a

statistical, 49 q%quqm%gggl rlng%gggigﬁthf ﬂﬂ@mﬂﬂék%ﬁhﬁmﬁgge g va

ratio. TRE“ENA ysis Tis car usin rogram pac (ImP
LR B T O O T,
i R Bl N S
gene, O an@Pp aceesgiom Aagbey iy @“'flbga%lﬁoﬁ“gg the Wngt Wéttho | the ga}ﬁcF?sd%ce The

tendency of death is |arger
number corresponds to a gene (unknown) clarified only in the original data

or EST, available by the method described in the paper.

( ACCESSION  data ID comment :
U03398 #(27876)  tumor necrosis factor (ligand)
superfamily, member 9
M65066 #(27394) protein kinase, cMPA-dependent,
regulatory, type I, beta
- #(27104) (Unknown)
AKO001546 #(25048) Homo sapiens cDNA FLJ10684 fis, clone
NT2RP3000220
- #(31372) (Unknown)
U15085 #(28178) major histocompatibility complex,
class II, DM beta
BC003563 #(24983)  hypothetical protein MGC10796
- #(16113)  (Unknown)
M23452 #(16822)  small inducible cytokine A3
#(24433)  (Unknown)
& X00437 #(27480) T cell receptor beta locus
- U12979 #(24377)  activated RNA polymerase II
transcription cofactor 4
X52479 #(17773) protein kinase C, alpha
H96306 #(16578) bone marrow stromal cell antigen 1
U70426 #(19255) regulator of G-protein signaling 16
AA830781 #(33358) EST
AA804793 #(25022) EST
H57330 #(26383) EST
S69790 #(27184) WAS protein family, member 3

10 A proportional hazards analysis is attempted with these gene

expressions as candidates of the explanatory variables. It is a statistical



as the hazard value determ ned by the right side of this equation is

| arger. 10 hazard = 0.370#(27104) +0.589 AK001546 -0.366 #(31372) -0.276
-U15085 -0.307 #(16113) +0.409 M23452 0. 350 #(24433) -0.297 X00437 +0.321
U 12979 -0.585 X52479 -0.457 U70426 +0.561 AA830781 -0.430 H57330 +0.433
S69790. 15 P < 0.001. Rosenwald et al. selected diagnostic indices of five
groups (seventeen genes) by using proportional hazards analysis of sinple
correlation. Fig. 10 shows conparison data for indicating to what extent

Lhe nazanflolilt es,ale(hdhealad BouRaRd Al ol bd Ipiol 40D e

di agnosti ¢ 1 ndi ces o osenwal d et "al . can explain't urviva
time. Since the.prgportional, hazard equatio | ar ters of the
e grodpeabycATeERar s thy Posagpageass Prbb Do P BRSNS, Fgpts
insignificance wth e i.teration ar ter P > 0.05, .the hazard
val ues ofDYHE Sa’rlavné\ﬁgr%%fé 1530 o Bhip o tablie ave v ioRERRPRRERRY Br oup
are al so_shown for conparison (indicated as 50 "Rosenwald/ 4 para"_in the
di agr am .backwzird, elnminzhempoedodswik Prve O asof cribriaen der sedpangdle
patients, and squares_show the data of surviving patients. Correlation
bet weén trhemhay af davigbles, and therfellpaling ipvep et @rahhega@rdiequebion kacangl e i s
quite evident anong these diagnostic indices. Since the 5 hazard value
decays wienipresmossiolilvagendsms, oktalimedye ldvdz taven vadice tarh bwsthtehatces$ienpat i ent
cannot survive longer. On the contrary, the indices obtained by Rosenwal d
et al. anenhbendridasaflll o @nt vdloe fudgiidgyDhd eachvieral, andi Bes alliadasd
i npossible to find an opti mum paraneter set from hundreds to thousands
par anet enatiyfousihagriagins $taeispicapeighifitwadcehaPlae dendradyydi death is larger
as the hazard value determined by the right side of this equation is larger.
10
hazard = 0.370 #(27104) +0.589 AK001546 -0.366 #(31372) —0.276 U15085

-0.307 #(16113) +0.409 M23452 -0.350 #(24433) —0.297 X00437

+0.321 U12979 -0.585 X52479 —0.457 U70426 +0.561 AA830781

-0.430 H57330 +0.433 S69790.

15 P <0.001.

( Rosenwald et al. selected diagnostic indices of five groups (seventeen
genes) by using proportional hazards analysis of simple correlation. Fig. 10
shows comparison data for indicating to what extent the hazard values

20  (indicated as Hazard (pls(14)) in Fig. 10) and the diagnostic indices obtained
by Rosenwald et al. can explain the survival time. Since the proportional
hazard equation with the parameters of the five groups by Rosenwald et al.
involves a problem of statistical insignificance with the proliferation
parameter P > 0.05, the hazard values of the parameters of four groups

25  except an insignificant group ave also shown for comparison (indicated as



10 However, an effective diagnostic index that could not be obtained before
can be obtained by conbining the feature extraction and the proportional
hazed analysis by taking cross vali daé' on with the Kaplan Meier nethod,
logit transformation nethod and partial |east square nmethod into
consideration. It is unexpected and of interest that such a good result is
obt ai ned by 15 conbi ning nodel s having statistically different significance
fromone another. Prediction of survival time of patients brings about

i mport ant.p i nf or ion for decjy.din her apgutic progra anﬂtﬁa_life desi gn
i ncl udi ng Rc@ﬁr_m aﬁ} RG éﬁﬁcg‘gi a%‘%@f %‘é?{ég'nf(ﬁég‘opﬁ“ﬁ%?§g]8§?’a gagagof
valuable in the society. 20 The follow ng proportional hazard equation
havi ng si a&eadieﬂlesu%‘rdggﬁ%?‘%m?sa% CAPAERP “I’Gﬁ? fata ﬁgﬁ‘ﬂwmﬁ PHdeRSsul t s
by the backward _ el hﬁm nahi on method with P, >_ 0.001 as_a criterion for
excl udi ng the VaPyightaen betvreem e bpzard vabissand srevivek iran seseymined abl es
may be controlled by changing the criterion. 25 51 hazard = -0.426 U15085
+0. 350 MAB4HEs qxammileXs yite epiden0 amongéhese e 5TRID i@ s478IE6F1@0. Fi g.
11 shows a plot of the hazard val ue obtained by calculating the 5 right
side &f thazaduatiuendésaysheithethd salkviari simgaiankt gehdagard ivedhe tshowsi n t he
hori zontal axis. In Fig. 11, the rhonbuses show the data of dead or
suspendedthpdt tleatsatiand cahaos giavese dhngeit. he Gdattheotosttayy,vikhg paiéent s, as
in Fig. 10. 10 Exanple 3: Survival tinme analysis of forty breast cancer
patients dhtaheat by Rosexivaddteitar. apnsndeal inmféicess fvakadabicomend hikiparti al
| east square nethod and
time. It is impossible to find an optimum parameter set from hundreds to
thousands parameters by using only the proportional hazards analysis.

10  However, an effective diagnostic index that could not be obtained before can
be obtained by combining the feature extraction and the proportional hazed
analysis by taking cross validation with the Kaplan-Meier method, logit
transformation method and partial least square method into consideration.

It is unexpected and of interest that such a good result is obtained by

15  combining models having statistically different significance from one

another. Prediction of survival time of patients brings about important

( information for deciding a therapeutic program and a life design including
QOL, and a diagnosis model determined in this example is valuable in the
soclety.

20 The following proportional hazard equation having six gene
expressions is obtained by further narrowing the results by the backward
elimination method with P > 0.001 as a criterion for excluding the variablesl.

The number of the selected explanatory variables may be controlled by

changing the criterion.

25



proportional hazards analysis The data set of breast cancer patients used
is downl oaded froma Wb site (http'//genone-ww. st abford. edu./ .

breast cancer/nopo_clinical/) of 15 lie et al. open to the public. Al
the data are used as a training set. Ile nost of the data set conprises
40 and 24 patients neasured with two kinds of DNA chips of type A and B,
respectively, the data obtained with type A are used in this exanple. The
logit value is determned fromthe survival tinme data as in Exanple 2 and

d bj I . Gq(ﬁg I - 891 genes except
;Zﬁesaaﬁ?hjﬁgéégﬁ%ESé'ggﬁléi%dgfpre §§§ﬁ2§@§%¥85¥§§%§%ﬁﬂgs t he exp:?natory
iables. A tial - ar i, S, obtai sequentially
el ecti ng par amet er s SE00 KT € oA G0 T P b s dpreSS x 1°130) of
the cross validation and the nunber of the explanatory variables is

decreased. This function is one of the 25 functions having the cross
val i dati on as .l east one of the independent 52 variables. Expression of

the fol | owing t -dén%@“i%%?é?%@f@éeéﬁ%@pb’ah@t obtipingd by ailedatipertdadi ng
the cross validation value CV in the flowhart in Fig. 7 as -PRESS x

1. 13NP.  AugEsgdenidbmnanatianioetheoy qigicahexisneg atnsophospharel thedunt thee)
AA598572 (spl een tyrosine kinase) H73335 (Hono sapiens nRNA full |ength

i nsert cOMAizddaé aE8ROINAGE. 98054 eV BHiEBudomhosaphendatDNA &aldl3p10 fi s,
cl one PLACE 1005146) AA 103058 (myel operoxi dase) ~. N71160 (cytochrone c
oxi dase swisprantle¥ipatients, and the squares show the data of surviving patients, as

in Fig. 10.

10 Example 3‘ Survival time analysis of forty breast cancer patients by feature
extraction considering cross validation with partial least square method and
proportional hazards analysis

The data set of breast cancer patients used is downloaded from a
Web site (http://genome-www.stabford.edu./ breast_cancer/mopo_clinical/) of

15  Sorlie et al. open to the public. All the data are used as a training set.

While most of the data set comprises 40 and 24 patients measured with two

( kinds of DNA chips of type A and B, respectively, the data obtained with
| type A are used in this example. The logit value is determined from the
swrvival time data as in Example 2 and used as object variables.

20 LOG_RAT2N_MEAN values in 6,891 genes except genes with missing value
of expression model are used as the explanatory variables. A partial least
square model is obtained by sequentially selecting parameters so that the
value of a function (PRESS x 1.13NP) of the cross validation and the number
of the explanatory variables is decreased. This function is one of the

25 functions having the cross validation as at least one of the independent



AAA453345 (a protein tyrosine kinase) AA054669 (Honpb sapiens, clone

| MAGE: 3611719, nRNA, partial cds) N32820 (ESTs, weakly simlar to
ALU1_HUVAN ALU SUBFAM LY J SEQUENCE AM NATI ON WARNI NG ENTRY [ H.

sapi ens]) R05667 (suppressor of potassiumtransport defect 3) 5 The
backward elimnation nmethod with P > 0.05 as a variable reduction
criterion in the proportional hazards analysis is attenpted with the
above-nentioned vari abl es as candi dates, and the followi ng hazard equation

havi ng expressi ons.of seven nes.j s .obtai ned. Each.term 10 indicated by an
accessi onwf‘}ﬁ?s'rtfsj%?' Wltféﬁlé’ﬁd%fg‘i%c? f%%?z‘ﬁfm@soﬁs S%%@ﬁwfén@pqﬁﬁﬁ%l'a =
-0.821 AA406 %2 +1. 556  AA598572 -1.074 H7335 +1 418 WB4753 -1.290 AA703058
+2.182 N/ %bgzlsaag}%é%w‘%fsv tim valmeof Viigy thenfle chaig igstierg. 12
shows a plot_of the hazard val ue obtained by calculating the 53 right side
of the ectfatPBHEIT*tIhe3Nertical axis against the survival tine in the
hori zontal axis. This also shows the hazard value to be a good di agnosi s
score. In Fig. 12 the rhonbuses show the data of dead or suspended
pati ents,  3Rfgk squares how t he data of surviving patients. 5 The
variable§%8r§6$ echBHB the backward elimnatiqn method with P ? 0.001
as a variabf uct' EBARCHRE ERPRIPROSRAAEHECTHILAS™Mi ng proportional hazard
equation-%é@?%@7%xpﬁ@@§ﬁbﬁ§TQﬁD@ﬂ#¥ﬁ§ enes i s obtained. The nunber of the
expl anat dAy3§3r i abl d5lovan beptort r ehREGA byfullhategignly timsewtar icRNA clone
EUROIMAGE 980547

W84753 (Homo sapiens cDNA FLJ13510 fis, clone PLACE1005146)
. AA703058  (myeloperoxidase)
(_ N71160 (cytochrome c oxidase subunit Vib)

AA453345  (a protein tyrosine kinase)
AA054669  (Homo sapiens, clone IMAGE:3611719, mRNA, partial cds)

N32820 (ESTs, weakly similar to ALU1_HUMAN ALU SUBFAMILY J
SEQUENCE CONTAMINATION WARNING ENTRY [H.
sapiens]))

R0O5667 (suppressor of potassium transport defect 3)

The backward elimination method with P > 0.05 as a variable
reduction criterion in the proportional hazards analysis is attempted with
the above-mentioned variables as candidates, and the following hazard
equation having expressions of seven genes is obtained. Each term

10 indicated by an accession number corresponds to LOG_RAT2N_MRAN of

each gene.
hazard = -0.821 AA406242 +1.556 AA598572 ~1.074 H7335 +1.418 W84753
-1.290 AAT03058 +2.182 N71160 +0.828 AA453345.

15 P<0.001. Pofvariables < 0.05.

Fig. 12 shows a plot of the hazard value obtained by calculating the



excl-usion criterion. 10 hazard = 1.453 AA598572 -1.473 AA703058 +1.071
AA453345. Fig. 13 shows a plot of the hazard val ue obtai ned by cal cul ati ng
the right side of the equation in the5 vertical axis against the survival
time in the 15 horizontal axis. In Fig3. 13, the rhonbuses show the data of
dead patients, and the squares show the data of surviving patients. C
Exanpl e 4: Analysis to predict recurrence of forty breast cancer patients
by wusing feature extraction considering cross validation with parti al

| east 20 .squar hod and nul ti pl e regressi on angl ysis .The .data of forty
bat ent s MELLEESTEYC Ranlionny By Stierbng e aShhe Judadal ﬂalelcm%@m b by
Sorle et al. are used a data.set aof the patient. A partial |east square
model ha\ﬁ%z‘é‘ft&l/@ﬁ“gegggsigsﬁﬁtbé’l‘”ﬁe Dyagatl e ialtePe aesend firgronis
parameters so that PRESS x 1. 10ONP is reduced by using the 25 incidence of
recur r enc¥ohe am obigect? ke shpmbusgs She@ESQP(]{ﬁ%mfeﬁQadAMS&Bmende@egrl n,
beta 5 T83209 ESTs N53427 Kl AA1628 protein N29639 cytidine

nonophos phatients, anddhglsauaremslmw theiddta of enonyiaspatisnss739 ngj or

hi st oconpatibility conplex, class Il, RD beta 5 AA425861 enoyl Coenzyne A
hydr abase 1, peFlxivsvimales are selected by the backward elimination method with

P 2 0.001 as a variable reduction criterion, and the following proportional
hazard equation having expressions of three genes is obtained. The number

of the explanatory variables can be controlled by changing the variable

(N

exclusion criterion.
10

hazard = 1.453 AA598572 —1.473 AA703058 +1.071 AA453345.

Fig. 13 shows a plot of the hazard value obtained by calculating the
right side of the equation in the vertical axis against the survival time in the
15  horizontal axis. In Fig. 13, the rthombuses show the data of dead patients,

and the squares show the data of surviving patients.

Example 4 Analysis to predict recurrence of forty breast cancer patients by
using feature extraction considering cross validation with partial least

20  square method and multiple regression analysis
The data of forty patients obtained by measuring expressions of
6,891 genes the DNA chip by Sorle et al. are used as a data set of the patient.
Apartial least square model having eleven genes is obtained by sequentially
selecting the parameters so that PRESS x 1.10NP is reduced by using the

25 1ncidence of recurrence as an object variable.



H84871 Ste-20 rel ated ki nase T64312 prostate cancer overexpressed gene 1
T59518 solute carrier famly 2, (facilitated glucose C transporter) nenber
8 AA406231 KI AA0381 protein AA037488 Qrolactin Then, discrimnative
analysis is perforned by the nultiple ?egression anal ysi s nmet hod as one of
the usual nultivariate analysis 5 nmethods wherein expressions of the

sel ected genes are used as the explanatory variables and i nci dence of
recurrence as the object variable. The analysis is executed by using the
program package JMP. The following nultiple regression analysis nodel is
obtained by further selecting the C variables by the backward elim nation
met hod wi ARAESSIONLS @snmefati terion 10 for reducing the variables. The
significapagalyegel of jpechssengg 4 s high when OLS cal culated by this

equation 91 tive, eit 1s |ow when negative. OLS = -0.215 AA434397
+0. 227 Lﬁgﬁﬂo' 209 ;&Q 139 .N29639 +0. 165 AA485739 +0. 133 AA425861
-0. 084 -0.193 ! BrQ(§1»37 T59518 +0. 176 AA037488 -0.278. R2 =

0.84797, Hrd6Plte of Ofiddee manandosphath Beasatyineriromior &96455 Table 6
shows P val ues and dediysironyleseffici ents when the above nenti oned

di scri m nA486780al ysimapgldtioedmpatibiEpac@dplak, dkisedleach one of the
paraneters. 5 Table 6 Fpgrsgison No. P val ue Decision coefficient (R2)

AAA34397 QAQ33469. Ogo%ﬁyl Coenzyme A hydratase 1, peroxisomal

H84871 Ste-20 related kinase
T64312 prostate cancer overexpressed gene 1
T59518 solute carrier family 2, (facilitated glucose
C transporter) member 8
' AA406231 KIAA0381 protein

AA037488 prolactin

Then, discriminative analysis is performed by the multiple

regression analysis method as one of the usual multivariate analysis

5 methods wherein expressions of the selected genes are used as the
explanatory variables and incidence of recurrence as the object variable.

The analysis is executed by using the program package JMP. The following
multiple regression analysis model is obtained by further selecting the

(_ variables by the backward elimination method with P > 0.15 as a criterion
10 for reducing the variables. The significance level of recurrence is high when

OLS calculated by this équation is positive, while it is low when negative.

OLS =-0.215 AA434397 +0.227 T83209 -0.209 N53427 +0.139 N29639
+0.165 AA485739 +0.133 AA425861 -0.084 H84871 ~0.193 T64312
15 +0.237 T59518 +0.176 AA037488 —0.278.

R2=0.84797, and rate of correct answer of discrimination 97.5%



T83209 0.0601 0.066005 ~. N53427 0.0004 0.268678 N29639 0.0552 0.069483
AA485739 0.0421 0.080733 AA425861 0.0861 0.05122 H84871 0.087566 0.087566
164312 0.0004 0.263207 T59518 0.0066 £ 157196 AA037488 0.0031 0.187627 C
There are three paraneters not significant (P > 0.05) by thensel ves al one,
and none of them has a snmall decision coefficient. Accordingly, the good
di scrim nation equation as descri bed above cannot be obtained nerely 10 by
exam ning the paranmeters one after another. It is also inpossible to
efficiently fin fﬁHﬂTp t set .f.rom hundreds 1o thousands.

par anmet ers by u§?%§ gﬁ%@ the 2%ﬁ#¥p%édVﬁ%@%?gﬁgfﬁgggP%h“gﬁgﬁ§§?§ﬁW¥Fhod.
However, eff ﬁ%&é%h@baQHosfkc i nei ces CQF be obtain%ls bé.featyre extraction
by taking tHe cross Varraarysf sy Th&IParerdp prepye PG RIS At o 56
consi der a ion._TheEPrediction of recurrence of breast cancer is a problem
desired | MERFABEYREy for planning and deciding a therapeutic program
considering QOL. 5 Exanple 5: Analysis to predict recurrence of 40 + 24
breast cancer patients by feature extraction considering cross validation
of partial |east square nethod and adaptive | east square nethod Anal ysis
is restricelle@o 3,448 genes common to type A (40 patients) and type B (24

pati ents) detected by[the DNATh p. A partrtat teastjsquare
Accession No. |Pvalue |Decision coefficient (R2)
AA434397 0.0334 0.090273
] T83209 0.0601 0.066005
C' N53427 0.0004 0.268678
N29639 0.0552 0.069483
AA485739 0.0421 0.080733
AA425861 0.0861 0.05122
[H84871  ]0.087566 |0.087566
T64312 0.0004  0.263207
T59518 0.0066 0.157196
AA037488 0.0031 0.187627
C = There are three parameters not significant (P > 0.05) by themselves

alone, and none of them has a small decision coefficient. Accordingly, the
good discrimination equation as described above cannot be obtained merely
10 by examining the parameters one after another. It is also impossible to
efficiently find an optimum parameter set from hundreds to thousands
parameters by using only the multiple linear repression analysis method.
However, effective diagnostic indices can be obtained by feature extraction

by taking the cross validation of the partial least square method into



10 nodel is obtained by sequentially selecting the paraneters so as to
reduce PRESS x 1.17NP. The foll ow ng equation is obtained by discrimnative
analysis wth the adaptive |east squarggnethod by using expressions of the
sel ect ed genes as expl anatory vari abl es. The significance |evel of
recurrence is high when the ALS value cal cul ated by the foll ow ng equation
is larger 15 than 0.5. C ALS = 0.31 H11482 -0.29 T64312 -0.32 AA045340

+0. 01. = 0.65, eps = 0.13, and rate of correct answer of discrimnation

R2
= 90.0% .30 a&g]ga%?&usmbo L SHOEh! G Ccuap d?abm! R R

Tabl e 7, IS ‘a par ou e reco nize
si mul t ane g;L qﬁas he ters. d % th a !
ot ed ct1 oREared e tee Sttt Bl EURR P ER T AVE. Aot GREATEqRAE B
Sensitivit and SE b;icity of the 25 discrimnation equation are 81. 8% and
53.8% reSHRdFNER 35 nd statistically 57 significant result of x2 = 3.233
(5% < P < 109 and ratio of correct answer of discrimnation = 66.7%
These are encouraging results that recurrence of type B could be predicted
with a si nlflcance | evel of not |arger than 1096%¥ usi ng the node
trai néd bjxempladr fAralysipge mredast resugtendeeoftl & HF breasd CAnse’aﬁéUWEﬁe B
seens to involve neasurenent errors ascribed to the different
const r uct byrieatire katipRNovhepssidevipardioas Vadaksttionguimarmaddeadly sqsarey t he
foll owi ng gene expressions as explanatory variables is obtained by
sel ect i ngmetibog amaned artsveslpaat sqoara wdticed t he val ue of PRESS x 1.12NP. 10
Analysis is restricted to 3,448 genes common to type A (40 patienfs)
and type B (24 patients) detected by the DNA chip. A partial least square
10  model is obtained by sequentially selecting the parameters so as to reduce
PRESS x 1.17NP. The following equation is obtained by discriminative
analysis with the adaptive least square method by using expressions of the
selected genes as explanatory variables. The significance level of recurrence

is high when the ALS value calculated by the following equation is larger

15 than 0.5.

C ALS =0.31 H11482 -0.29 T64312 -0.32 AA045340 +0.01.
R2=0.65,eps=0.13, and
rate of correct answer of discrimination = 90.0%.
20
H11482 is not significant in simple correlation as shown in Table 7,
and it is a parameter that could be recognized only simultaneously with
other parameters. Table 8 shows the result of prediction of type B patients
by using the above-mentioned equation. Sensitivity and specificity of the

25  discrimination equation are 81.8% and 53.8%, respectively, and statistically



H11482, T64312, R99749, T65211, AA427625, AA455506. The foll ow ng

di scrimnation equation is obtained by further selecting the variables as
t he candi dates of the explanatory varighles by 15 using |eave-one-out

met hod as an index. C ALS = 0.53 H11482 -0.31 T64312 -0.33 R99749 -0. 26
AA455506 +0.10. R2 = 1.00, eps = 0.10, and rate of correct answer of
discrimnation = 100.0% 20 A good discrimnation equation as the above
one could not be obtained only by exanm ning the paraneters one after

1 om hundt B2 %aﬂt“‘%‘%%ﬁ@ﬁ?%a?%é "é?%“l“ el R Bt Reol ™

i <or Yn-ené%?lvslte e T Ticon ey R e RSt HaRBE P | nlex
of the pantieoh FelLPe pfagietss %‘?ﬁ{}ﬁé‘%tﬁ%{ Ctaé%%éé’wiﬁiogﬁaigﬁ el g by
0,607 5 'c?%s%f Saneh P iged FoUTIo datnab A5 O ﬁ?céféffhﬂogigé oé‘%méfgii’li

AA045340 0.804 4 _Table 8: Predlctlon of 24 patients of type-B Observed
val ue opr e@pg{]é@)e\,& $RETEY by ljayRlye measurement £1101s ascribed to the different

constructions of the DNA chips.

Apartial least square model by using the following gene expressions
as explanatory variables is obtained by selecting the parameters so as to
reduce the value of PRESS x 1.12NP,

10

H11482, T64312, R99749, T65211, AA427625, AA4555086.

The following discrimination equation is obtained by further
selecting the variables as the candidates of the explanatory variables by

15  using leave-one-out method as an index.

C ALS =0.53 H11482 -0.31 T64312 -0.33 R99749 -0.26 AA455506 +0.10.
R2=1.00, eps =0.10, and
rate of correct answer of discrimination = 100.0%.
20
A good discrimination equation as the above one could not be
obtained only by examining the parameters one after another. It is
impossible to efficiently find an optimum parameter set from hundreds to
thousands parameters by using only any one of the adaptive least square

25 method, logistic regression analysis and other discriminative analysis



7 +-2+6 C+ + 9 Exanple 6: Analysis to predict recurrence of 40 + 24
breast cancer patients 10 by using feature extracti on considering cross
val idation of partial |east square nqﬁ?od and | ogistic regression analysis
or linear discrimnant analysis The follow ng discrimnation equation is
obtained in the logistic regression analysis instead of the analysis with
the first adaptive |least 15 square nethod used in Exanple 5. 59 LORA =
7.92 H11482 -5.69 T64312 -6.41 AA045340 -9.73. R2 = 0.63, x 2 = 35.00 (P <

0. 0001), f . f_di. i ' =.90.0% ,5 .Th
oo BB PF G BELAPRE dRlsnethE SOUPh BT B a1y b8

woul d be ri'sk of "recurrence d as
the right. side of the equation is positive. Though ratios aof the
coof f i oi dipLuLE G Ear R A @%kleset?ﬁ%%wgﬁé?@oai rioea il dRRtthaEEen t he

adaptive | east, square thod in Exanple 5, the results of discrimnation of
10 all tH@eﬁ§51Hﬂ?§°§?gﬁ?ﬂgo§ane. The prediction results of type B patients
are also the sane as those in Table 7. The follow ng discrimnation
equation is obtained by using the linear discrimnant analysis instead of

the adaptive | east square nethods wused in Exanple 5. 15
5 Table 7: Interaction of parameters

Parameter R Nmis(/40)
H11482 0.361 14
T64312 0.607 8
(: AA045340 0.572 9
T64312 & AA045340 0.716 6
H11482 & T64312 & AA045340 0.804 4

Table 8: Prediction of 24 patients of type-B

Observed value Predicted value Frequency
- - 7
+ - 2
- + 6
C, + + 9

Example 6: Analysis to predict recurrence of 40 + 24 breast cancer patients

10 by using feature extraction considering cross validation of partial least

square method and logistic regression analysis or linear discriminant
analysis

The following discrimination equation is obtained in the logistic

regression analysis instead of the analysis with the first adaptive least

15  square method used in Example 5.



LDA = 2.45 H11482 -2.35 T64312 -2.56 AA045340 -4.03. Rate of correct
answer of discrimnation = 80.0% There would be a high risk of recurrence
when the value of LDA 20 calculated asgthe right side of the equation is
positive. Though ratios of the coefficients and correlation coefficients
are a little different fromthose in the adaptive |east square nethod in
Exanple 5, the results of prediction of all the patients are al nost the
sanme. The results of prediction of type B patients are also the sane as
those in Table 7. 25 It is used as the object variables in Exanples 4, 5
and 6 whether the 60 breast cancer recurs or not. Accordingly, the feature

extraction had Lhg -t f l,i i f . .the partial |east
square netﬂggﬁﬁﬁfZE%%%ﬁz§%2Fééﬁgﬁgﬁgﬁfaéﬁdf@?b%@?%@é9 en t he obj ect
variable is t dat.a, for .the 1.nal scal e or .ordinal scale. The nom nal
scale is used %F’bﬁg§sﬂfyTn 'QﬁngpSBPégﬁ“?sﬁﬁﬁ1E§“Mﬂ CABESE PU5Bngs to a
certain class or not, mhi%e the size and order anobng the classes are not
consi der edscrimangtionaPOdbal e is used for classifying an object into a
specified class, while the classes are ordered as to the size, inportance
or th® like. C 10 Exanple 7: Analysis of recurrence tinme of forty breast
cancer patients by wusing feature extraction considering cross validation
of partial |easTherpusonld fet Addghndslprobpecnitenae aemrtls walue yfilSORApart i al
| east square nodel having expressions of nine genes is obtained by using
| ogit val cedsulagediasableyriglot sive ofethleoshusdech isnpdsianp! dlhughltathaselitlon t he
tinme series data of recurrence, as object variables, simlarly to the

met hod usestffiniebxanplde cbrsdatisnt cosfidieces the \daffuperaf HRRESthosel id SiiR

C

10 all the patients are the same. The prediction results of type B patients are

adaptive least square method in Example 5, the results of discrimination of

also the same as those in Table 7.

T}_Je .following discrimination equation is obtained by using the
linear discriminant analysis instead of the adaptive least square methods
used in Example 5.

15
LDA=245H11482 -2.35 T64312 -2.56 AA045340 —-4.03.

C Rate of correct answer of discrimination = 80.0%

There would be a high risk of recurrence when the value of LDA

20  calculated as the right side of the equation is'positive. Though ratios of the

coefficients and correlation coefficients are a little different frofn those in

the adaptive least square method in Example 5, the results of prediction of

all the patients are almost the same. The results of prediction of type B
patients are also the same as those in Table 7.

25 It is used as the object variables in Examples 4, 5 and 6 whether the



C Reduction of the nunber of the variables is attenpted by using the
nmeasur ed val ues of gene expression as the explanatory variables in the
proportional hazards anal ysis under a(ﬁLiterion of P> 0.05 and the 20
foll ow ng proportional hazard equation having ei ght genes is obtained.
hazard = 1.122 AA448641 -1.781 R78516 -1.434 R05934 +2.165 W84753 -1.923
AA629838 +2.665 H08581 +1.875 AA045730 +1.269 A1250654. P < 0.0001. 25 61
Fig. 14 shows a plot of the hazard val ue determ ned by cal cul ating the

right si qﬁ'.eggt tc ceqqfl&td.r? n%llFIlqogg h%ﬁgc%;d%ﬁc ! tk?ex If%at%g? i(ae@{t {;'aectthe ! ee%#{)c% E)S’ani !sms

in the horlzont%$ axis. onbuses deno R
with no recurrence, and sgugres denofe the data of patients wth .

recur r end@18g Sﬂh e“tHe hgﬁg? O{}alogeEIEErI\)/%lstl sé}‘é?Ftef@éllaf%nfne\é\'}‘ﬁgnb%qos
score, the nefhod of. fhe.nyention is found effectjve as a nethod. for

anal yzi nd°"f el'aﬁpy léuﬁovpéaﬁ51f¥e%}vr?ewhsattf*'§| egihumgeblen satlys; SBEbIor G cal | y
gener at ed biolqgic I congjtion with tinme. By selecting the variables
further Bperaelsgaiepr erddsealsn Hae meamead sgplenisiseg oo Tlassifying averi on
for reducing the varjables, the proportional hazard equation bel ow having
expr e8si ohiedt (spowpleyarhathey 161@9&%&0 paertain=class9p nag4 rdglerthe 68eH08581
+1. 473 AA045730 +1.237 A1250654. 15 Fig. 15 shows a plot of the hazard
val ue detasxdvonéer bynagrg thd alaisees atdi@ot icghsidsred dthd beliegliatalensiusethe
vertical axis against the recurrence time in the horizontal axis. In Fig.
15, rhontfusehgdiyote anhebjdet entofa pptdifind slass, while the classes are ordered

C

as to the size, importance or the like.

10 Example 7' Analysis of recurrence time of forty breast cancer patients by
using feature extraction considering cross validation of partial least square
methodAand p_roporti?pa_l h_azar(_is _analysis

A partial least square model having expressions of nine genes is
obtained by using logit values, similarly to the method used in Example 2,
15  based on the time series data of recurrence, as object variables, similarly to
the method used in Example 4 so as to reduce the value of PRESS x 1.15NP,
C | Reduction of the number of the variables is attempted by using the
measured values of gene expression as the explanatory variables in the
proportional hazards analysis under a criterion of P > 0.05, and the

20 following proportional hazard equation having eight genes is obtained.

hazard = 1.122 AA448641 -1.781 R78516 —-1.434 R05934 +2.165 W84753
-1.923 AA629838 +2.665 H08581 +1.875 AA045730 +1.269 AI250654.
P <0.0001.

25



Wi th no recurrence, and squares denote the data of patients with
recurrence. 20 Exanple 8: Preparation of and neasurenent by a DNA chip for
di agnosi s.of recurrence of breast ca%gr cont ai ni ng Genebank Accession
nunbers H11482, T64312 and AA045340 DNA chip is prepared and used for
measurenents according to 25 the nethod of Naohi ko Seki, Tonom Nagasugi,
Takanori Azuma, Tsutonmu 62 Yoshi kawa, Gsanu Suzuki and Masaaki Miuramatsu
described in "Genomu kind kenkyu purotokoru”, an extra issue of Jikken
| gaku, Yodosha qAtd. (] SBN4-8970p-932-7 1C3047), p34538. .With
Genbank Accessi g?rg' lnéit]ﬁg%‘?’ al—lp?(lﬁ%tg%%g%‘afél ﬁﬂ%eﬁgfggﬁﬁe%ié’ @%B’g&ch
PCR produgt for a.probe is precipitated with ethanol (Cat#057- 00456, Wako
Pur e Chem&bealflgilﬁalfget? ﬁle(‘bq até%ﬁi gheaﬁ‘flifé‘iagﬁx\lfﬁ RERIPBNFAG TeRHRERAR FEIS on of
2 .ig/l. An equal .volu of BO sol utiqQn of nitrocellul ose '
(cat #4105H% éli%,tiw@ BRI | Zn ed% d‘ﬂf’ useh rtote shatdada. of matients
t horough m xing the PCR product is denatured by heating at 100C 10 for five
ni nut es, With B0 geanarege omd suarthalenothithedhta plapatientsar ha ecoryeasm
tenperature and is spotted onto a sheet of carbodiimde slide glass
(Ni ssi¥i nboinagddrethdzes'd valye sebyesuad ay excellispiornesisSeBl€) 2e0dethid aft hi
Software Engineering). After confirmng that the spot is dried, the slide
gl ass i s thebjremnstbnt & folundaeffe dlvet a< s asstHddnfor e alizibhganbtiohhossrenglr gy of
60 15 mJ/cnR by using U traviolet Cross Linker (Arersham Pharnmacia
Bi ot ech) , tinsndouts abdootlesh @t i comudleapbetically dnevetdd brlldyichl achdi@ican a
glass rack. The C mcro-array prepared above is imersed in a bl ocking
sol uti on wabh tighe3% BSA, 0.2 M NaCl, 0.1 MTris (pH 7.5) and 0.005% Triton
X—{OO, and it is left
By selecting the variables further by the variable reduction method

10 with > 0.005 as a criterion for reducing the variables, the proportional

hazard equation below having expressions of four genes is obtained.

hazard = 1.559 W84753 +2.265 H08581 +1.473 AA045730 +1.237

Al250654.
15
Fig. 15 shows a plot of the hazard value determined by 'calculating
C : the right side of the equation in the vertical axis against the recurrence time
in the horizontal axis. In Fig. 15, rhombuses denote the data of patients
with no recurrence, and squares denote the data of patients with recurrence.
20

Example 8 Preparation of and measurement by a DNA chip for diagnosis of
recurrence of breast cancer containing Genebank Accession numbers
H11482, T64312 and AA045340

The DNA chip is prepared and used for measurements according to

25  the method of Naohiko Seki, Tomomi Nagasugi, Takanori Azuma, Tsutomu



for about thirty mnutes. Then, the solution adhered to the slide glass is
20 drained well, and the slide glass is dried at 37C. The slide glass is
gently washed with a TE buffer (pH 8. Q9 cat #316- 90025, Ni ppon Gene Co.,
Ltd.), and excess water is renoved by gently centrifuging (1000 rpm 1

m nutes) the slide glass placed in a plate holder. Next, nRNAs are
purified fromcell saps of normal mammary gland 25 cell |ine SV-40 and
breast cancer cell line MCF-7. NDA-MB-468 or T-47-D by 63 usi ng TRI ZOL

P T 1 A RO 0 g M
| S r.S I
201 T P e '?:aﬁfqenp Ut B e L
2 P B
g,NEPduip'qﬁép@f-é%@%g@&m@m TR B S

Il is added to the Qn. Then is reacted at 42C for two
hours. WABHDBRES Hd&flsgl 39@%&2 aaﬁ%%@@%w% is started, 1 | of
Super Scrl pt Il is added. 1.5 | of an 10 al kaline buffer (1N NaOH 20 nM

EDTA) 5i s added, EaghiPerrediatifon aiprobe dapirecipitated 85th pthand (Rat#®%s, and
270 | of TE buffer and 1.5 1 of IN HC are added to the solution. Then,
bot h r eadX0i466, S8bkoi Bwe WhemicyB Iaddstr@y Sol)abed sisaadustede avitn D DMarsf er r ed
to a Mcrocon- YM 30 (cat#42410, M Ilipore/Amcon Co.). The sanple is
centri f ugedceantrb@®od0®fr @mugnili | Ame emalobuohenef of he BMSOI @vlutésrridgti ng in
the upper cup is reduced to about 10 I. The solution passing through the
cup is tnatsicellubgbet @athitdsar012ib@ibcarBRLE iafadddedaddiiige 3 A sefutlén buf f er

and 20 g of Human Cot-1 DNA (cat# 15279-011, G bco BRL) to the cup, the cup
i sTcent riAfigedhagaigh whikidg the PCR product is denatured by heating at 100°C
10  for five minutes, it is quenched on ice. Then, the solution is warmed to room
temperature and is spotted onto a sheet of carbodiimide slide glass
(Nisshinbo IndElstl'ies, Inc.) by using a DNA spotter SPBIQ 2000 (H_i_tgchi
Software Engineering). After confirming that the spot is dried, the slide
glass is sﬁbjected to ultra-violet cross-linking with a luminous energy of 60
15  md/em? by using Ultraviolet Cross Linker (Amersham Pharmacia Biotech),

and is stored at room temperature by vertically placing on a glass rack. The

micro-array prepared above is immersed in a blocking solution having 3%

()

BSA, 0.2 M NaCl, 0.1 M Tris (eH 7.5) and 0.005% Triton X-100, and it is left
for about thirty minutes. Then, the solution adhered to the slide glass is
20  drained well, and the slide glass is dried at 37°C. The slide glass is gently
washed with a TE buffer (H 8.0, cat#316-90025, Nippon Gene Co., Ltd.),
and excess water is removed by gently centrifuging (1000 rpm, 1 minutes)

the slide glass placed in a plate holder.
Next, mRNAs are purified from cell saps of normal mammary gland

25  cell line SV-40 and breast cancer cell line MCF-7, MDA-MB-468 or T-47-D by



volume is reduced to 10 41 or less. The cup is centrifuged at 3,000 rpmfor
20 three mnutes to recover fluorescence-|abeled DNA. The vol une of the
solution in the cup is adjusted to 20 by addi ng DDN~ 50 g of yeast RNA
(cat# R7125, Sigma) and 40 g of poly(A)” (cat# 108 626, Roche Di agnostics),
and it is transferred to a PCR tube. Further 4.25 | of 20x SSC (cat# 15553-
035, G bco BRL) and 0.75 | of 10% SDS (cat# 15553-035, G bco BRL) are 25
added to the tube, and the sanple is denatured by heating at 100C for one

64 m nute.. ' P i hen, sl ution i W y cool ed by

al | owi ng ?ﬁggtﬁieﬂ?%a(g anél?%gk§ @?Or%;{ ¥ 8%%@? ﬁPg df‘ll&gmteﬁi‘f];@%uﬁﬁf%g?at%he
whol e qu i of, f |l uorescepgce-| abel e IS placed on cove | ass, and
it is pu?ﬂ@rqtzﬁﬁ\e Tﬁﬁ‘@?%-@?')ﬁa@%\ﬁﬁ %dtﬁ %%A%B{ﬂség’.edﬂ%géi H*]d%frDE% ‘ass is
pl aced in a hyprjidization chanber with a sheet of paper w per wet with

wat er andtl'%‘i@éﬁi5 130 1) Bolutsm bREng dnbbel GHgo dﬁgrﬁé‘émei‘,sG Hepfrbti cal | y
seal ed, and DNA is hybridized at 65C overni ght while gent I{) shaki ng at two
to four cyePRSPE@L ﬁfrh}ﬂﬁe.l‘ Tert#niléP89%ar r@ipcos BRIKen3 omk off DRThdwithin

hybri di zati on chanber, and it is gently dipped into 2x SSC10. 1% SDS 10

sol ut Pon Pepeuferitht 6. Giher eft ﬁéxch@PP,gBasté ofs GaradE Bnlcabe BAGBER2Zr r ay.
The mcro-array is shaken for five mnutes for waiting the cover glass to
be spontAmessisiy PoebethciAfBotedteor V- dJIER dcatst RAHFHD2, t Amemlena- ar r ay
is placed in a slide glass rack, and it is washed again with 2x SSC/ 0. 1%
SDS sol uPhambyiag®itleyhs hald iy flosf ISuperBtApt €3. isThddatictd-ther MRNA
further 15 washed wth 0.2x SSC/0.1% SDS tw ce at 40C for five m nutes, and

it is risuedomni tThéh, 2K iSHactEAtMATOfoRItway hbgrd I WisEbhehoud efapliekf er ent
sgnple case, and water on the mcroarray is renoved by gently centrifuging
it ™With 4£ter the reaction is started, 1 pl of SuperSeript II is added. 1.5 ul of an
10  alkaline buffer (IN NaOH/20 nM EDTA) is added, and the reaction is
continued at 65°C for 10 minutes, and 270 pl of TE buffer and 1.5 pl of 1N
HC1 are added to the sqlution. Then, both reaction solutions with Cy3 and
Cy5 labels are mixed and transferred to a Microcon-YM-30 (cat#42410,
Millipore/Amicon Co.). The sample is centrifuged at 10,000 rpm until the
15 volume of the solution remaining in the upper cup is reduced to about 10 pl.
The solution passing through the cup is transferred to another tube, and
C ._ after adding 500 pl of TE buffer and 20 pg of Human Cot-1 DNA (cat#
15279-011, Gibco BRL) to the cup, the cup is centrifuged again until the
volume is reduced to 10 pl or less. The cup is centrifuged at 3,000 rpm for
20 three minutes to recover fluorescence-labeled DNA. The volume of the
solution in the cup is adjusted to 20 pl by adding DDW, 50 pg of yeast RNA
(cat# R7125, Sigma) and 40 pg of poly(A) (cat# 108 626, Roche Diagnostics),
and it is transferred to a PCR tube. Further 4.25 pl of 20x SSC (cat# 15553-
035, Gibco BRL) and 0.75 ul of 10% SDS (cat# 15553-035, Gibco BRL) are

25  added to the tube, and the sample is denatured by heating at 100°C for one



a mcrotiterplate centrifuge (1000 rpm 1 mnute, roomtenperature). The
mcro-array is read wth Scan Array 4000 (manufactured by GSI 20

Lum nonics Co.), and the data is analx;ed by using an anal ysis software
Qant Array (GSI Lum nonics Co.) and Chﬂb Space (Hitachi Software

Engi neering). Exanple 9: Optim zation of a partial |east square nodel by
genetic 25 algorithm65 The data on forty patients having neasured
expressions of 6,891 genes with DNA chip A used in Exanple 4 are used as a

o Genot B GiegBYi FHRE By PREHACS ni GRS CHieira Hob s, TeRby el
i abl es ,are. 5 sel ected sing the genetic algorithmon the above data.
¥ﬁre ter nsalﬁﬁ’t’]é’r? t f“%eéﬁ angé‘ltdi%/oﬁ’r @’%@WP&%&”L@FW mEvdtedsual ly in the

field of geneti algorithm and they are explained when necessary. The
function - PRESS & Whotg gpangity o dlyeescemicelakaled Didnistnigeed op ageter
“individual" is presented as a sequence {bl, b2, b3, ...} which is 1 when

an expl ardesh @it Hhpation ghednicra@reaid witheennisingibebblesheThe zbidef a set
of individuals is assumed to be 100. Initial "genotypes" (GIYPE) of
i ndi vbduaglesaieppreeganea yjpridizaton abdomhauwiidr 8 sheet thappei wipbr (s, Ng,
300)/ 2 explanatory variables are adopted on the average, wherein Ns
denot es twghsamgibe antbgnegdunbethofflgpat oferths) chMNgbéh d&het ebainber nisnber of
candi dates of explanatory variables, and 300 is a constant for the
conveni erns@nadtiglBctéalal, ex@cdiNAE hibridimed adbs?dwaksnight wiellegbatyf rom
the set, and one of the individuals
shaking at two to four cycles per minute. The micro-array is taken out of
the hybridization chamber, and it is gently dipped into 2x SSC/0.1% SDS
10 solution in the state where the cover glass is placed on the micro-array. The
micro-array 1s shaken for five minutes for waiting the cover glass to be
spontaneously peeled. After the cover glass is peeled, the micro-array is
placed in a slide glass rack, and it is washed again with 2x SSC/0.1% SDS
solution by gently shaking for five minutes. The micro-array is further
15 washed with 0.2x SSC/0.1% SDS twice at 40°C for five minutes, and it is
rinsed with 0.2x SSC. The micro-array is transferred to a different sample
C : case, and water on the microarray is removed by gently centrifuging it with
a microtiterplate centrifuge (1000 rpm, 1 minute, room temperature). The
micro-array is read with Scan Array 4000 (manufactured by GSI
20 Luminonics Co.), and the data is analyzed by using an analysis software

Qant Array (GSI Luminonics Co) and Chip Space (Hitachi Software

Engineering).

Example 9° Optimization of a partial least square model by genetic

25  algorithm



after "uniformcrossover” of "genotype" is defined a new "individual". That
is, any one (0 or 1) in the sequence of the "parent individuals" is
selected 20 with a probability of 1/2;4dor each "l ocus", and the selected
sequence i S substituted to create a new "individual". Subsequently,
inversion of O H1 are carried out for every "loci" of the new
"individual™ with a probability of 1.1/(the nunber of adopted expl anatory
vari abl es) when "0" is substituted (when the explanatory variable is

adopt ed) , -and wii,h @@reﬁa&wgﬁ%}]ﬂ@%ﬁ quﬂ)@gﬂe g@ngg%aéﬁs of

unadopt ed explanatory varia 68 ores

explanato%%nvarl ness" of, the pew ind| i dual "

t ad
el a0 Re Thkanple WOERS sl 408, iRt it ed

pr epar ed

wth "fltness of. an "ind| i dual " n the set tha is.a.rand sel ect ed
as “oppontiteh HgBrHaedt desthBed. ph AR in < FolBdatbnt eﬁr@@r/n%wa
probablll 0.7 he new "indjividual! is superior to the old one,
and wi t h gﬁ%ﬁbé‘b Fs)bwﬁa& IZBW\%h@lhmtShé 160 irleaatay vauiphiesr aksr to
the old one. However, "elite strategy"” used here in which the

subst it ut s&acted pt BRing thaigenriic @}g@u’cbpp@néhte affoveclatourhzertenms natadhe

opti mum solution in the set. 10 The set is optim zed by repeating the cycle
of "crossbyer and*” belaw areotechnicad dicentsi vsed uBmellynumibke fofld gghgemdtion” i s
defined herein as the division of the cycle nunber by the size of the set.
The maxi nalgorithumbend (bhegenereaplajnédivsshaehet@ssho)@. THeefuaietibe PRE®Peat ed by
adding 10 to the "nunber of maxi num generation" every tine mhen a new
opti mum 15.096Fus ueed ifer ffomeds”. Utiédotyhe” oheadbetindivigeakriapresente@ashes t he
maki mum "nunber of generation”. C. A series of the processing of the
repet i ti ogeqafeneeefddr & &3, of} tvikéch is 1 when an explanatory variable is used,
10  and O when not used.
The size of a set of individuals is assumed to be 100. Initial
“genotypes” (GTYPE) of individuals are prepared by using random numbers.
so that min_of (Ns, Ng, 300)/2 explanatory variables are adopted on the
average, wherein Ns denotes the sample number (number of patients), Ng
15 denotes the number of candidates of explanatory variables, and 300 is a
constant for the convenience of practical execution.
( . Two individuals are selected from the set, and one of the individuals
after “uniform crossover” of “genotype” is defined a new “individual”. That
is, any one (0 or 1) in the sequence of the “parent individuals” is selected
20 with a probability of 1/2 for each “locus”, and the selected sequence is
substituted to create a new “individual”. Subsequently, inversion of 0 < 1
are carried out for every “loci” of the new “individual” with a probability of
1.1/(the number of adopted explanatory variables) when “0” is substituted

(when the explanatory variable is adopted), and with a probability of

25  1.1/(the number of candidates of unadopted explanatory variables) when “1”



initial set and optim zation until the end is defined as a run, and 15 runs
are perfornmed. Fig. 16 sunmmari zes how the optim zation occurs in the 15 20
runs. The best result is obtained by qﬁing 25 expl anatory vari abl es.
Exanpl e 10: Construction of a nodel by hierarchical artificial neural
network (M.P) Three explanatory variables are obtained by the feature
extraction 25 with PLS-CV from 3,448 common genes to type A breast cancer
(40 patients) 67 and type B breast cancer (24 patients) so that the

function P%ﬁ%‘?tl%uéeidl(w'fe% bipla A grdValfi‘ e%'lﬁ% 1%&%%@?&%‘ n the

di scrim native analysi's ecurréence’ o reas hcer patients in
Exanpl e 5. In t analy met haod, ,th P has t ns_mﬁth.a
structure B Ssi gnt‘i’le n&%ﬁhvﬂ‘g‘ﬁa 3"3168?%%‘1???%&{)%%5 OTHEEN e
|nterned|ate Ia k our topologies in Fig,. .17 are trie

Lear ni ng &t éh/ “éﬁi%hﬁgmlﬁgPﬁoﬂﬁchuﬁ%? dY%%dQ%V wiae ?on

al gorithm ik =1 1 + exp(-Sik 10 yi = vk * tik
The resul‘i“sa%ﬁ 5%%\6? Rs taob%‘Pé)%WlM Sélr?& ‘?q @Sar‘)@Pagelﬁblc’fWBWWBF gy heHa and
topology He are inferior to to golo y I1b. Topol ogy I: % 76 -1.77 t1. 15
s | =512 mdvagugg pe 1agmtitade 46530 bepalies of6 3 WhRZ oh71Rew

Q@2=0.142. Topol ogy.Ilb
individual” is superior to the old one, and with a probability of 0.25 when

the new “individual” is inferior to the old one. However, “elite strategy” is
used here in which the substitution is prohibited when the “opponent of
tournament” is the optimum solution in the set.

10 The set is optimized by repeating the cycle of “crossover” —
“mutation” — “selection”. The “number of generation” is defined herein as
the divi_sion of the cycle nl_lmper by the size of the set. The maximum
‘number of generation” is set to 100. The cycle is repeated by adding 10 to
the “number of maximum generation” every time when a new optimum

15  solution is found, until the “number of generation” reaches the maximum
“‘number of generation”.

C A series of the processing of the repetition of preparation of the
| initial set and optimization until the end is defined as a run, and 15 runs
are performed. Fig. 16 summarizes how the optimization occurs in the 15

20 runs. The best result is obtained by using 25 explanatory variables.

Example 10 Construction of a model by hierarchical artificial neural
network (MLP)
Three explanatory variables are obtained by the feature extraction

25  with PLS-CV from 3,448 common genes to type A breast cancer (40 patients)



y 1.19-0.86 t1-1.43 t2. tl = 2.65 +18.25 AA045340. 20 t2 = -0.40 -2.29
H11482 +3.55 T64312. R2=0.626. (®=0.416. Exanple 11: Construction of a
proportional hazards nodel with latent,~variables 25 One . latent variable
produced in the analysis process of PLS is 68 extracted by using the
expression levels of ten genes selected in the PLS-CV nethod used in
Exanpl e 3 as explanatory variables, and by using the logit value of the
survival ratio as an object variable. Wen the analysis of the
proportionakl .haz .oodel__us.. enpted \w th the | atent vaghi e as-the 5
ol anat ob ot vupf 3 BulRentiy Toh BRBBEN St the ot BiePlon PRI £ BT
0.0001. .Fig. 18 sh a plot qof the hazard val ue obtained by cal culating
the ri gntis "Rty SpR hef ol M diin BraiogatieanvE e Nga o nERSE AL val
time in the . horizontal axis. Far assessing the prediction performance of
t he hazar ee‘&‘ifﬁ??&ﬁnc%bp%tb?%‘isrféﬁéﬁfnprﬁ S t echni que, the hazard equation is
produced by usipng . remaining 39 cases after excluding one case anong the 40
cases used, and™ the amaiwyia ethed. dhetbfohas thuer tnere asighias sprstineg ed.
Fig. 19 shows a plot _between the values predicted by the hazard equation
from 89 cubeseingsigmogdicenyeuseah b eiéerroed phly hagaidtgudeivadfatedan® cases.
Fig. 19 shows that 15 the technique can give a good result in the

predi ct i ottkdf, arivk fovaz sonblogiessn Firvidhaagdsiedf {herningesft weighds eneths ai ned
bel ow. The nunmber of C variables can be decreased by selecting the

expl anat ongtwai sy eformn¢d by radssckvpl dpdabiion algeritlamcor rel ati on nodel is
det erm ned between the changes in

(‘ S = J w’O' ’

E,
t, =1/(1+exp(-s,)).
10 V=2 ety
The results of network topology I and IIb are as follows. Topology
IIa and topology Ilc are inferior to topology IIb.
Topology I:

y=0.76 ~1.77 t1.

15 s1=-12.48-42.89 H11482 +39.38 AA045340 +29.65 T64312.
R2=0.717. Q2=0.142.
C Topology IIb:

y=1.19-0.86t1-1.43 t2.
tl1=2.65+18.25 AA045340.
20 t2=-0.40 -2.29 H11482 +3.55 T64312.

R2=10.626. Qz=0.416.

Example 11: Construction of a proportional hazards model with latent
variables

25 One latent variable produced in the analysis process of PLS is



t he ‘bi ol ogi cal conditions probabilistically generated with tine and the 20
expression | evels of genes and/or the quantities of intracellular

subst ances. Thus, a good nultlvarlate(ﬁyaly5|s nodel can be obtained with
excel | ent predlctlon power. This method is particularly useful when the
nunber of the explanatory variables is as large as 1,000 or nore such as
in the gene expression |level. By decreasing the nunber of the vari abl es,

i nport ant 25 genes and mechani sns operating in the background of di seases

and 69 b| 0 hen na_can.be ed or speci d and
inder st odd %éﬁﬁ%yl 12%95 ﬁ?.e\%glaﬂ%&%@ okt epirS el BRPERTY o
cont ent t o ti body Chl be des ned pravi ded b
restrict .rﬁacfaﬂr oo bl G BRI ST IACS. n%ﬁ*%g& %P&qﬁlgdsétances
5 Furt her, gg gelatlon nodel between the cgf he bIO|OgI§%
condi t i onlpe hdbe| WY valiNaFiqan @papkigehiaria yesafdhe evel s
of genes and/or the quantities of intracellular substances can be
det er m nedopyriongl hgzertk roedalt its i atdenmpted evithr din dalentherigekle) as tthe
"biological conditions probabilistically generated with tine. 10 Further,
conveht i orxplasataty stareatle ntidhedsatipnmlithinet istignafiedyswsth ke£HbA80Lan be
appl i ed when the nunber of the explanatory variables is reduced by using
t he partillg. 18ashovsgrapbt netthedhazaid vkl MR alneddbgatdcaladingstlse sigdttem f or
determining a correlation nodel with a biological condition or a change in
t he bi ol cgdealf endgtation pnotlabivierstalcakisyaggenertheedhwitdl tinte mashan
obj ect variable and gene expression | evels and/or

C_ horizontal axis.

10 obtained in this technique, the hazard equation is produced by using

For assessing the prediction performance of the hazard equation

remaining 39 cases after excluding one case among the 40 cases used, and

the hazard value of the exclu_ded one case is predicted. Fig. 19 shows a plot
between the values predicted by the hazard equation from 39 cases, and
calculated values of the hazard equation from 40 cases. Fig. 19 shows that

15  the technique can give a good result in the prediction of the hazard value.

Advantages of the invention are explained below. The number of
C variables can be decreased by selecting the explanatory variables with cross-
validation when a correlation model 1s determined between the changes in
the biological conditions probabilistically generated with time and the
20  expression levels of genes and/or the quantities of intracellular substances.
Thus, a good multivariate analysis model can be obtained with excellent
prediction power. This method is particularly useful when the number of
the explanatory variables 1s as large as 1,000 or more such as in the gene
expression level. By decreasing the number of the variables, important

25 genes and mechanisms operating in the background of diseases and



5 quantities of intracellular substances as explanatory variables, the
system conprising: an input neans for receiving a sanple set including
data on the biological condition or q%%a from whi ch the bi ol ogi cal
condition is derived, or data on the change in the biological condition
probabilistically generated 10 with tine, and the expression levels of a
plurality of genes and/or the quantities of intracellular substances; (A)
a selection neans for selecting explanatory variables; (B) a calculation

e OGRS b RS SRR LRI STl GG RR

partial | Foca ating a resu Cross
validation wth executing.a partial |east square hqd by N
conver si o‘ﬁ'eﬁdes E’T‘?X%Féqsf‘ﬁe%éﬁrgo&mc\/ﬁﬁtﬁﬁla , SPgr‘é %o s‘i'%(ﬁ]f’ls’r Qﬁu%‘tC%Bg?rhtg

obtained by converting a probabiljty that no chan curs by. applying a
Vife tablECERCRURRGIOGYIRIPRMALDE HognRa PRiified DEAEF IS FBR to ¢ he
data on the change in the _biological condition, based on or w thout an
assuned oirgpeitehbgeneprod@ts £1 1 agplivdamsubsanrerdgi ng adopti on and

non- adoption of the explanatory variables by assessing the result of the
cal culbati on by Fhethezahcedraelabionmeads! bate¢Dtha diemiges on theahilegieal
deciding a partial |east square nodel by 25 continuously inproving a
functi on daditignt lpeob alsilistically tdeaecatedswithl tidet amh tHd expfesshen pavels eff | east
square nodel as at |east one of independent variables by using the

sel ect i ongamansnd/A) thé h@manaittisl dtinamceahs (WB)stanckst den beidgiawginedadnys (C) .
2. The data analysis systemaccording to Caim1l1, wherein the

using the quantities derived from the changes in the biological conditions

<

10 Further, conventional statistical methods or multivariate analysis

probabilistically generated with time.

methods can be applied when the number of the explanatory variables is

reduced by using the partial least square method.



5 object variable is the biological condition, the data received by said

i nput neans are the biological conditions or data from which the

bi ol ogi cal condition is derived, and-e cal cul ation means (B) cal cul ates
the cross validation with executing the partial |east square nmethod. 3.
The data anal ysis system according to Claim1, wherein the 10 object
variable is the change in the biological condition probabilistically
generated with tinme, the data received by the input neans are the data on
the changeyi dre biological condition probabilistically generated with
time, and e calculation neans (B) calculates calculating a result of

cross validatipn with executing a.paytial.least squgre nmeth by,,using a
15 conve?Lion r gﬁf?éggikﬂé‘ﬁﬁf C ﬁ@é%ﬁgﬁP@?nﬁh%‘@qﬁggﬁgP&H°§%Eﬂ¥?lBeing

obt ai ned . .by converting a propability.that no change .occur y. applying a
e tabiuseiclasnatfth B iaprare i) e el o aitia D eRepListralbod t
the data on the chaage in th%qﬁ%ologic condi ti on, based ?n(ﬁr mﬁ}hout an
assuned SARSEATALFIEh MR ag anmelyeglhyariahlel 3Rd genp SXpRP IR ISR 208/ ai m 1,
2 or 3, further conprising a final nodel decision neans_for_constructing a
nodel Sof qpanfities of ivarcolbelssSWistaeasi yaerplanaiary yerabies, Hbe 1ptersi ng the
expl anatory variables adopted in the partial |east square nodel determ ned
by the dwonsnemgreans or | atent variables of the partial |east square
nmodel . 25 5. The data anal ysis systemaccording to any one of Clains 1 to
4, 72 wherein atnenpuplmemioiyr vacdiabiges snmpdegetninclhidiyg athdpt enl the
excluded by the selection neans. 6. The data anal ysis system according to
any. one dfioldgataiwohditbortpr dabefimim vthieh ekpliaolaioray coaditadd ssdaneedalrect ed
by( using a genetic algorithm
i data on the change in the biological condition probabilistically generated
10  with time, and the expression levels of a plurality of genes and/or the
quantities of intracellular substances;
(A) a selection means for selecting explanatory variables;
(B) a calculation means for calculating a result of cross validation
with executing a partial least square method, or for calculating a result of
15 cross validation with executing a partial least square method by using a
conversion result as the object variable, the conversion result being obtained
C by converting a probability that no change occurs by applying a life table
according to Kaplan-Meier method or Cutler-Ederer method to the data on
the change in the biological condition, based on or without an assumed
20  distribution;
(C) a judging means for judging adoption and non-adoption of the
explanatory variables by assessing the result of the calculation by the
calculation means; and

(D) a decision means for deciding a partial least square model by

25  continuously improving a function having the result of the cross validation



5 by the selection neans. 7. The data anal ysis system according to any one
of Claims 1 to 6, wherein the result of the cross validation is cal cul ated
with the partial |east square nmethod-Afy excluding a sanple in the

cal cul ati on neans sequentially. 8. The data analysis systemaccording to
any. one of Clains 1 to 6, 10 wherein the cross validation is cal cul ated by
applying the partial |east square nethod by excluding a plurality of
sanples in the calculation neans sequentially . 9. The data anal ysis

system ac di_n er m nes
a represéﬁ%éFFV%tV§Hﬂ¥% 15% S%EW%; ﬁ%%ﬁ£%§§ ??ﬁ& éﬁd var?ﬂﬁFnghomﬁng
the biol ogi.cal  condition red| d by the gene ex the excluded
sanpl e i ﬁl“é’éeﬁhﬁ’a? GiftaRR (E‘f&ﬁ t}b%f%‘cﬂﬂ & Var Iéso g\/\ﬁh
bi ol ogi cal condjtion of the excl uded sanple, and uses the error as an
i ndex of TRR&LE S validation 10. The data anal ysis system according to
any one of C ains to 9, 20 wherein the functlond#s the result of the
cross val i dati oh. 'Elle dafe anelysanavytars asper dmeate drlagimig Lt v heRpinibeot
Clains 1 to 9, wherein the function of the result of the cross validation
and t e mineelr vafiablents skt dieledicek soadiior ytheadntmreecived hyesaidimputhe dat a
anal ysis systemaccording to Caimb5, wherein the 25 decision neans
repeats dinsens murmttheebidsgisshemondyonsprodaby Eofunehichn the biekier] t he
result of the cross validation as at |east one of the independent
vari abl escontidtiodhie datizednahysilse sydtdatiancordnag(Bo caleplame tfe Clasns 1 to
12, wherein the selection neans (A) and the cal cul ati on neans (B) conprise
a validation with executing the partial least square method.
3. The data analysis system according to Claim 1, wherein the
10  object variable is the change in the biological condition probabilistically
generated with time, the data received by the input means are the data on
the change in the biological condition probabilistically generated with time,
and the calculation means (B) calculates calculating a vesult of cross
validation with executing a partial least square method by using a
.15 conversion result as the object variable, the conversion result being obtained
by converting a probability that no change occurs by applying a life table
(" according to Kaplan-Meier method or Cutler-Ederer method to the data on
the change in the biological condition, based on or without an assumed
distribution;

20 4. The data analysis system according to Claim 1, 2 or 3, further
comprising a final model decision means for constructing a model of a
statistical method or multivariate analysis method by using the explanatory
variables adopted in the partial least square model determined by the

decision means or latent variables of the partial least square model.

25 5. The data analysis system according to any one of Claims 1 to 4,



5 plurality of conputers. 14. A data analysis system further conprising
anot her input neans for receiving the correlation nodel determned in
Claims 1, 2, 3 or 4 and the explanatq?y vari abl es adopted in the nodel on
sanples to be predicted, and a neans for predicting and discrimnating the
bi ol ogi cal condition of the 10 sanples based on the received expl anatory
vari abl es. 15. The data anal ysis system according to Claim2 wherein the
obj ect variable is the biological condition represented in nom nal scale,
or di nal Or i us.,, K Lty ~ YAy
accordi néﬂtfillc?)]Lee atih% %%\%ﬁgﬁg nvaﬂﬁ%&%ﬁ?x gt%et%iuse%glt&%gg aérr(gotlﬁgg &{oré}?rc&?%?%/gg]l ate
anal ysi s e%p%gﬁhﬁlgmgggression anal ysis nethod applied to a proportional
hazard method of parametiric distribution. 17. A data anal ysis nethod for
determning a corpgl ation nodel with C a iolg i cal condjti.on a, change
% A% Sﬁ

_ r
'n the biologi dal TEnareh BRABFELSIFISEFATE TGaRE: % T s an
obj ect varj abl e gnd gine expres%%ﬁn | evel s eggéor . 20 %uantities. f

i ntracel I"RSFCI8 (B81ARCRR2L0LY dieptatiet 8rs SYlariedoP e asingd erBeHE e3P si ng
the steps of: receiving a sanple set including data on the bi ol ogi cal

condi Pi orPYobhe srleation &8aRtich t he bi ol ogi cal condition is derived, or data
on the change in the biological condition probabilistically generated with
time, and the 25 &hsrési enalysiebsstem acesrdimg fe prgfongepleSlamf drtotthe
gquantities of intracellular 74 substances; (A) selecting the explanatory
var i abl esyh¢Bindhlagsatti ofgthe aresub aliddtion 6s salealatddiwich thy rveltleary a
parti al

C

10  wherein the cross validation is calculated by applying the partial least

square method by excluding a sample in the calculation means sequentially.

8. The data analysis system according to any one of Claims 1 to 6,

square method by excluding a plurality of samples in the calculation means
seql%_entially .

9. The data analysis system according to Claim 7 or 8, wherein the

calculation means determines a representative value of an error between

15 the object variable showing the biological condition predicted by the gene

expression of the excluded sample in each calculation and the object

C 3 variable showing the biological condition of the excluded sample, and uses
the error as an index of the cross validation.

10. The data analysis system according to any one of Claims 1 to 9,

20  whevrein the function is the result of the cross validation.

11. The data analysis system according to any one of Claims 1 to 9,
wherein the function of the result of the cross validation and the number of
the selected explanatory variables is used.

12. The data analysis system according fo Claim 5, wherein the

25  decision means repeats discriminative assessment by improving a function



| east square nethod, or calculating a result of cross validation wwth 5
executing a partial |east square nethod by using a conversion result as the
obj ect variable, the conversion result;sbeing obtained by converting a
probability that no change occurs when a life table is applied according to
Kapl an- Mei er nmethod or Cutler-Ederer nethod to the data on the change in

t he bi ol ogical condition, based on or without an assuned distributi on 10
(C) judging adoption and non- adoptl on of the explanatory vari abl es

assessing the rtﬁ%‘&étsuﬁf Od{}%D)C% gl ﬁagﬂoﬁgstﬂq %@Jf GHbAFitR] ; h'ae%%&g (?ntb

cal cul ati'ng st | ng a partial |east square
conti nuousI% b,rrgrow ng a function having the result of the cross
val i dat i off "0 "t he partial |least 15 square nodel as at |east one of

i ndependent var]j usi ng .t he sel ecti .calc i ng
Step (B) and (ne) BhgidRia s lafysfenigccorﬂgn%i S0 e SER o Recordi ng
to daim1ly7, V\/nereln the object varl t he bi ol ogi condition, the
data recethexpip ﬁ@ﬁﬂ%ﬁﬁwme%%&\)aﬁé %m@@%oeame@@ﬁa@ YFRPEEe dat a
fromwhich the biological condition 20 is derived, and the cross validation
i s caPculrdteglitshot ¢panpriedsl ati on step (B) with executing the partial |east
square nethod. 19. The data analysis nmethod according to Caim17, wherein
the object vari4bledita atwdysisasigterniutherbiophpijsow asobdt tihpnt means
probabilistically generated with tinme, the data received in the input step
are the dataeonvingetldscahalygeon quhbdbtm'ltmgbdah Clamatist §, ¢h 3pvoh amid ihet i cal |y
generated with tine, and 75 in the calculating step (B) the result of
cross valdxpdanatorysvaradldas atdegdted irhthe xeslel iomgsaamp st foabe peaditteslyuade
hod by using a conversion result as the object variable, the conversion
result bed ngeahd dongaebict@nvadt disgriminating the biological condition of the
10 samples based on the received explanatory variables.
15. The data analysis system according to Claim 2 wherein the
object variable is the biological condition represented in nominal scale,
ordinal scale or a continuous quantity.
16. The data analysis system according to Claim 4, wherein the
15  statistical method or multivariate analysis method is a regression analysis
method applied to a proportional hazard method or parametric distribution.
C’ - 17. A data analysis method for determining a correlation model with
a biological condition or a change in the biological condition probabilistically
generated with time as an object variable and gene expression levels and/ox
20 quantities of intracellular substances as explanatory variables, the method
compuising the steps of:
receiving a sample set including data on the biological condition ox
data from which the biological condition is derived, or data on the change in

the biological condition probabilistically generated with time, and the

25  expression levels of a plurality of genes and/or the quantities of intracellular



probability that no change occurs by applying a life table according to 5
Kapl an- Mei er nmethod or Cutler-Ederer nethod to the data on the change in

t he bi ol ogical condition, based on or wjthout an assumed distribution. 20.
The data anal ysis nethod according to aim17, 18 or 19 further
conprising a step for constructing a nodel of a statistical nethod or a
mul tivariate analysis nethod by using the explanatory vari abl es adopted 10
in the partial |east square nodel determ ned by the decision nmeans or
latent vapjabl&s;of the partial |east square nodel. 21. The data analysis
met hod according to any one of Clains 17 to 20, wherein the explanatory

vari abl es are q@gggﬂ&k%%{%g%ggggggg%%dﬁﬁﬁhﬂggd in the selection step. 15

22. The data anal'ysis cor 0 any one of Clainms 17 to 20,
wherein the expkanatiory variabl eg. are selected by using a genetic .
algort thm 25, RleCR R S B R B Sikriele B et 17
to 22, erein the result of th raoss validatiop is calculated with the
parti al VQBS"I e%é’tal'gqﬁ?éertgo t?”fo&a&}ﬁé%ﬁ‘guﬁi A§SOhe s dipfe ‘f%“i"ﬁ@rba‘f’ﬁi}l ation
step _sequentially. 24. The data anaL%Ejs met hod according to any one of
Cl ai n® 172%5UtRE & pRstial feasieauaseimpetdrod: b usisa corVPIRAR SASWS asdibeul at ed
with the partial |east square nethod by excluding a plurality of sanples
in the calieftatvasipbleps theegosuensean iaskit breng 28btaihed dby acanvsriivis amet hod
according to Gaim23 or 24, wherein in the calculation step a
r epr esenterobabilital theatoho athasge grecbes weem ahéfeolsibdetis appliedtd ewosdingitog t he
bi ol ogi cal condition predicted by the gene expression: of
. Kaplan-Meier method or Cutler-Ederer method to the data on the change in
(‘ the biological condition, based on or without an assumed distribution;
10 (C) judging adoption and non-adoption of the explanatory variables
by assessing the result of the calculation by the calculation in the
calculating step (B); and
(D) deciding a partial least square model by continuously improving
a function having the result of the cross validation of the partial least
15 square model as at least one of independent variables by using the selecting
step (A), the calculating step (B) and the judging step (C).
C 18. The data analysis method according to Claim 17, wherein the
object variable is the biological condition, the data received in said input
step are the biological conditions or data from which the biological condition
20  is derived, and the cross validation is calculated in the calculation step (B)
with executing the partial least square method.
19. The data analysis method according to Claim 17, wherein  the
object variable is the change in the biological condition probabilistically

generated with time, the data received in the input step are the data on the

25  change in the biological condition probabilistically generated with time, and



t he ‘excl uded sanple in each cal cul ation and the object variable show ng the
5 biological condition of the excluded sanple is determ ned, and the error
is used as an index of the cross valigation. 26. The data anal ysis nethod
according to any one of Clains 17 to 25, wherein the function is the
result of the cross validation. C 27. The data anal ysis nethod according to
any one of Clains 17 to 10 25, wherein the function of the result of the
cross validation and the nunber of the selected explanatory variables is
Goed | 28Tl a@IAARLYSLE (BLARLAGKOLALMS QA A ealiBi eyl t he
deci si on step Fscrim atl assessnent 1s repeated by |rrprOV| ng t

function V . f. L] S wval datlon a oNe( 15

i ndependern %Cb}g%g[a%%aﬁg%%éa# Sé“tl‘gg?gng%aldg Ius%nﬁ Rod %378%:%? ﬁngu%toasathy one of

d 17 .t. wh th | t t h | I t t
(b o e el s tames e%ehr”cam St Sl Ee SheiRPdabR SRR HE et hod

conprisin tep recei vi n the correl at el det rmnped in
Clains 17 10})8‘%111@’ 6}?131; P &g‘éngﬁp?%ﬁ‘é Ry %Péﬁ ’g%iotgg’g% 4%q°% é‘grﬁf’del on
sanpl es t redi cted, .and pr edicting and di scrl m nating the biological
condi B onl%éP lan; %lahme&bo rasertigr Fdqser mredhoddo drpidmtatosy (hasahangs s, 25
31. The data analysis nethod according to Claim18 wherein the 77 object
vari abl e the bletothtd| eogidatapn cloartidt dropr peraadean essumeddistidiutsanl e,  or di nal

scale or a continuous quantity. 32. The data anal ysis nethod according to
d ai m 20, wher e2® t Hbe data analysis method according to Claim 17, 18 or 19

c

10  in the partial least square model determined by the decision means or latent

further comprising a step for constructing a model of a statistical method or

a multivariate analysis method by using the explanatory variables adopted

variables of the partial least square model.
21. Th_e data analysis methrod- according to any one of Claims 17 to
20, wherein the explanatory variables are sequentially adopted or excluded
in the selection step.
15 22. The data analysis method according to any one of Claims 17 to
20, wherein the explanatory variables are selected by using a genetic
C algorithm.
| 23. The data analysis method according to any one of Claims 17 to
22, wherein the result of the cross validation is calculated with the partial
20 least square method by excluding one sample in the calculation step
sequentially.
24. The data analysis method according to any one of Claims 17 to
22, wherein the result of the cross validation i1s calculated with the partial
least square method by excluding a plurality of samples in the calculation

25  step sequentially.



statistical nethod or nultivariate analysis nethod used in the final nodel
5 decision step is a regression analysis nethod applied to a proportional
thazard method or paranetric distributign. 33. A data anal ysis program
executable in a conputer for determning a correlation nodel with a

bi ol ogi cal condition or a change in the biological condition
probabilistically generated with tine as an object 10 variable and gene
expression levels and/or quantities of intracellular substances as

expl anat ory varé5aplrggaifttgealpﬂ?%(rgqglhﬂfgg)aé&}.@%&g)ie@&%pgygg: 247r‘gﬁgi'.éﬁ'lng a

sanpl e set including ta on ol ogi ca tion or data from which

t he biologigal gondition is derived, or data qn the c i t

bi ol g1 cal PEneNaH B O5Re | foreaid gtnup e Al FRigebthg' Weet 16
expression Levels of a plyrality, of genes and/or,.thg quantities_of

i ntracel I‘iﬂléﬁeblesstsﬁ’ﬁgilﬁﬁégg?é“@f’g’(‘)é} ¢ ’é‘?@’é’tnﬂ?fge %8d§3?’pﬁ‘aen%ﬁrb? SRILFBI%s, (B)
calculating a result of cross valjdation by executing a partial. |east
squar e ﬁé@ﬁ(ﬁi(,cli‘b‘ie‘i‘,é‘l“@@ﬂ%m fach cp ?‘ttlo%]anértg?s&v‘é?ti Yg)adt‘?}glﬁ Ot"ﬂngfg‘e
executing a partial |east square_ nethod b¥ using a cog%eaétﬁgéresull as the
obj ecb variplagieal eomditaompditheorrateded sapwilags sistemee FH R gSa
probability that no change occurs by applying a |life table according to
Kapl an- Meised aahaddex ofthd erosEdalidationt hod to the data on the change in
the biological condition, based on or without an assuned distribution; 25
(O judgi ng adoif.i OiheadatanamaladispriethodBhcehrdink pd amat org of Alpans 44 tpg by
assessing the result of the calculation by the calculation in the

cal cul at i 2% vshepih Bhe fanci¢b)s teciaivigofbtlpansalalidasbnsquar e nodel by
cofiti nuousl'y i nproving

27. The data analysis method according to any one of Claims 17 to

10 25, wherein the function of the result of the cross validation and the number
of the selected explanatory variables is used.

28. The data analysis method according to Claim 21, wherein in the
decision step discriminative assessment is repeated by improving the
function having the result of the cross validation as at least one of

15 independent variables.
29. The data analysis method according to any one of Claims 17 to
C 28, wherein the selection step (A) and the calculation step (B) are executed
in a plurality of computers.

30. A data analysis method comprising the steps of:

20 receiving the correlation model determined in Claims 17, 18, 19 or
20 and explanatory variables adopted in the model on samples to be
predicted, and

predicting and discriminating the biological condition of the samples

based on the received explanatory variables.

25 31. The data analysis method according to Claim 18 wherein the



a function having the result of the cross validation of the partial |east

5 square nodel as at |east one of independent variables by using the
selecting step (A), the calculating step (B) and the judging step (C). 34.
The data anal ysis program according to Caim 33, wherein the object
variable is the biological condition, the data received in said input step
are the biological conditions or data fromwhich the biological condition
10 is derived, and the cross validation is calculated in the cal culation

B it.h ex i he . ial | had. . Th
anal ysi & PYEGr AR B ra Y BB R o TR R F RO e G T e
change in the biohg ical condition Qrobabilistically generated with tine,

the data PELRINKES AL RHEFRNOPSHEIUYe the data on the 15 change in the

bi ol ogi cal condi ti probabil istically generated with tige, and . in the

cal cul ating step?( %ﬁ’et Hats é‘é‘tﬁ‘:bfs%fm%frhtﬁ?ésa?fé’lraﬁhﬁ 9 lP-Encgcﬁcﬁﬁﬁ’c"%}H  h
executing a partial |east square nmethod by using a conversion result as the
Q obj ectstatistignl methpd aompdispyate analisipeneidodpesadhin thy fwmhveedehg a
probability that no change occurs by applying a |ife table according to 20
Kapl af- Medenisimet ep ov sCregesssiaeperalyms hodthed tanplths 40 on Ris@oEtionge in
the bi ol ogical condition, based on or without an assuned distribution. 36.
The dat a lsairdsinsthordgr paranetiddisgribotichnai m 33, 34 or 35 further
conprising a step for constructing a nodel of a statistical method or
multivariate anzd.ysiA datdodnblysissi pu@gir-hm expicanabler yinvar i @bhmsteaddpt ed i n
25 the partial |east square nodel determ ned by the decision neans or

| at ent 79deteamiialiges dhrdlatiopambial witast bsdeweal sadliition3d: aTdergatia

aq@iysis program according to any one of Clains 33 to
) the biological condition probabilistically generated with time as an object
10 variable and gene expression levels and/or quantities of intracellular
substances as explanatory variables, the program compurising the steps of:
receiving a sample set inc_h_lding data on the biological condition or
data from which the biological condition is derived, or data on the change in
the biological condition probabilistically generated with time, and the
15  expression levels of a plurality of genes and/or the quantities of intracellular
substances;
C (A) selecting the explanatory variables;
" (B) calculating a result of cross validation by executing a partial
least square method, or calculating a result of cross validation with
20 executing a partial least square method by using a conversion result as the
object variable, the conversion result being obtained by converting a
probability that no change occurs by applying a life table according to
Kaplan-Meier method or Cutler-Ederer method to the data on the change in

the biological condition, based on or without an assumed distribution;

25 (C) judging adoption and non-adoption of the explanatory variables



36, .wherein the explanatory variables are sequentially adopted or excl uded
in the selection step. 5 38. The data anal ysis program according to any one
of Claims 33 to 36, wherein the explaﬂgtory vari abl es are sel ected by
using a genetic algorithm 39. The data anal ysis program according to any
one of Clains 33 to 38, wherein the result of the cross validation is
calculated with the partial 10 |east square nethod by excluding a sanple
in the calculation step sequentially. 40. The data anal ysis program

di . f dali 3 8 [ h .val i dat i [
Cal oul ot G DY REBIY thet NECWAr o afher abiolaliRe Py sbehscBy st i s a

plurality the,cal culation nmethod 15 sequentially. 41. The

f sanmples i
data anal ?gag?ﬁﬁﬁﬁﬁﬁggtﬁﬁﬁing to Claim39 or 40, wherein in the
cal culation step_.a re@{esentativ val ue of an_error between the object
vari abl e showi n‘gD)tCPﬁfl ng| e Hpl g%ﬂ?&isﬂpéhe pRedil dveepninuansly emereYiBEessi on
of the excluded sanple in each_cal culation and the agject vari abl e show ng
the 20 b dhogtienl hevmti therrestlt hE thrctupgedvalidgiien iof et epntiabdeagtnd t he
error is wused as _an index of the cross validation. 42. The data analysis
met ho& acepmradiengode anyt taest oheGifandep@8lang vatiablebdyeaising fibe fsehestingn i s
the result of the cross validation. 43. The data anal ysis nethod accordi ng
to any onsepf(Al) dienmld3latimg @6p4B) antdetheijndieher tepci@on of the result of
the cross validation and the nunber 80 of the sel ected explanatory
vari abl es i s usegtl. b ditweadalyaiapabyisins speagliagtacClaish 38 whetdiai the37,
wherein in
( object variable is the biological condition, the data received in said input
i step are the biological conditions or data from which the biological condition
10 is derived, and the cross validation is calculated in the calculation step (B)
with executing the partial least square method.
35. The data analysis program according to Claim 33, wherein the
object variable is the change in the biological condition probabilistically
generated with time, the data received in the input step are the data on the
15 change in the biological condition probabilistically generated with time, and
in the calculating step (B) the result of cross validation is calculated with
(’ - executing a partial least square method by using a conversion result as the
object variable, the conversion result being obtained by converting a
probability that no change occurs by applying a life table according to
20 Kaplan-Meier method or Cutler-Ederer method to the data on the change in
the biological condition, based on or without an assumed distribution.
36. The data analysis program according to Claim 33, 34 or 35
further comprising a step for constructing a model of a statistical method or

multivariate analysis method by using the explanatory variables adopted in

25  the partial least square model determined by the decision means or latent



t he .deci-sion step discrimnative assessnment is repeated by inproving the
function having the result of the cross validation as at |east one of 5
i ndependent variables. 45. The data angl ysis program according to any one
of Claims 33 to . 44; wherein the sel'éction step (B) and the cal cul ation
step (C) are executed in a plurality of conputers. 46. A data analysis
program conprising the steps of: 10 receiving the correl ati on nodel
determined in Clainms 33, 34, 35 or 36 and the explanatory vari abl es
adopted in t model on s |l es to be redi cted, and predicting and

di scri mi ng} efHg%%?BﬁbﬁgggﬁsiﬂﬁﬁFfﬁ%W88ﬁ the sanples based on the
recei ved expl anato % riabugs“ 15 47. The d tafana%ysis ??Ihod ggcording
to O aim 34 whetki Abeiata Bjadvtis PAPRYIRAGCEI{IRg 8 BogRe &f LBRF £Pd
represented in nomnal scale, C ordinal scale or ? contiqﬁous qP%Ptity.

48. The &t avherdipdibe erplppetony dortANes abe CParsRBaLly adepted, of acluded
statistical nethod or nultivariate analysis nethod used in the final nodel
20 deci siiorthstspedtsorastepgr essi on anal ysis nmet hod applied to a proportiona
hazard nethod or paranetric distribution. 49. The program according to

C ai m537, wher 638 hhe datpl ardysisprogeainadicesdiagetonoty pnelofidddiras 38lte i n an
initial state in the selection step. 50. The program according to C aim 37,
wherein t3® Hdreir?hex pkplaataosy wanisdleesarer eelentddided vismg he gemetical
state in the selection step. 81 51. The program according to any one of

A ai me 373lk6ri®Am. Wherei n the biol ogical condition conprise a neasured val ue

representing a type of
. 39. The data analysis program according to any one of Claims 33 to
( 38, wherein the result of the cross validation is calculated with the partial
10 least square method by excluding a sample in the calculation step
sequentially.
40. The data analysis program according to any one of Claims 33 to
38, wherein the cross validation is calculated by applying the partial least
square method by excluding a plurality of samples in the calculation method
15  sequentially.
41. The data analysis program according to Claim 39 or 40, wherein
C in the calculation step a representative value of an error between the object
variable showing the biological condition predicted by the gene expression of
the excluded sample in each calculation and the object variable showing the
20 biological condition of the excluded sample is determined, and the error is
used as an index of the cross validation.
42. The data analysis method according to any one of Claims 33 to
41, wherein the function is the result of the cross validation.

43. The data analysis method according to any one of Claims 33 to

25 41, wherein the function of the result of the cross validation and the number



di sease, a neasured val ue representing degree of critical of disease, a
result of diagnosis representing a type of disease, a result of diagnosis
5 representing degree of critical of djsease, or a value derived from one
of them 52. A conputer readabl e recordi ng nmedi um which records the C _
program according to any one of. Clains 33 to 48. 53. An intracellular
subst ance neasuring device, wherein the device 10 detects expression of at
| east one gene sel ected substantially in a gene group of gene bank

accessi on nbers  U1508 3452,. X52479 0426, H57330 and S69790, a
detectioﬁﬁﬁéfﬁﬁﬁﬁﬁﬁ FéBi?“%%l%vﬁE@ﬁgﬁ]F5Fe xani ning degree of critical of

~diffuse large cell homa based on the detecgtion. 54. T, i ntracel | ul ar
subst ance neasuﬂ'néf%ee '%%,ar’caﬁ%ﬁﬁé&?g’f?%accfﬁ E‘b(g‘fi?’r{@rﬂgf)f‘yﬂﬁrel?ﬁ@
exam ni ng_net hod according to Caim53, whereijn expression of at | east one
gene sel ddreedegigiay §HRA ALSGIPHBHYE gatRssgraipiSotePegd ARRPAREBE SN
nunbers U03398, Ms5066, AK001546, BC003536, C_ . X00437, U12979, HI96306,
AA830781 famatinngdwirgae i the eshllr ofiethectadss 5alidatiqmiasacdl 1easar o8abek ance
measuring device, wherein 20 intracellular substances containing gene
pr odubt s independengvsubblesntial |y genes of gene bank accession nunbers
AA598572, AA703058 and AA453345 are detected, a neasuring nethod thereof,
or a nethod for4@xdhenday aeglyes pfzram acmatingf tdbaepshecdritlermbaietd on t he
detection. 56. The intracellul ar substance neasuring device, the measuring
25 met hodd4 hehepdin e tdlecxantd () ardhhd @tadadiongstep (C) airm &&cutdder ei n
82 intracellular substances containing substantially at | east one gene
product in a plurality of computers.
46. A data analysis program comprising the steps of
10 receiving the correlation model determined in Claims 33, 34, 35 or
36 and the explanatory variables adopted in the model on samples to be
predicted, an_d
predicting and discriminating the biological condition of the samples
based on the received explanatory variables.
15 47. The data analysis method according to Claim 34 wherein the
object variable is the biological condition represented in nominal scale,
C ordinal scale or a continuous quantity.
48. The data analysis method according to Claim 36, wherein the
statistical method or multivariate analysis method used in the final model
20 decision step is a regression analysis method applied to a proportional
hazard method or parametric distribution.
49. The program according to Claim 37, wherein the explanatory
variables are not included at all in an initial state in the selection step.

50. The program according to Claim 37, whevein the full

- 25  explanatory variables are included in the initial state in the selection step.



selected froma gene group of gene bank accessi on nunbers AA406242,

H73335, W84753, N71160, AA054669, N32820 and R05667 are further detected.
5 57. An intracellular substance neas%{ing devi ce wherein intracellular
subst ances cont ai ni ng gene products co&prising substantially genes of gene
bank accessi on nunbers WB4753, H08581, AA045730 and Al1250654 are detected,
a neasuring nethod thereof, and a nethod for C exam ning recurrence of
breast cancer based on the detection. 10 58. The intracellul ar substance

measuring devi e nmeasuring. et hod thereof r. the-exam ni et hod
according to Clcili'mtIh P et ﬁgcotlggng gr%(f Facel” euP%Fqglﬁﬁ%géntgng’c‘gﬁgb‘flﬂi ng
substanth_llg.ﬁt.l ast one gene product ofﬁ%en 'S selecteg.fron1a qgge
group congi®stIonYe6t UGHNTCTBIIEE & PHTSHERD &P UAAZREE AP UNE7 858 4205934,
AA629838 and H53037 are 1% further detected. 59. An ggggacellular

subst ancePRgatu A WgagRiadvalugnepepseritng Apgiecet!| itasalaiisentced 1eshtai ni ng
gene products substantially conprising enes of gene bank accession
nunbers AX43h3gR0sIT83oDRSeNEBE2 72 Nz%sgf? diaages 730, resd 586 1diaggegel
T64312, T59518 and AA037488 are detected, 20 a nmeasuring nethod thereof,
and aSnetiepiesentiex aeigném of ratuealesic disehse,ber asvabenderivied sirdmoene hef
detection. 60. The intracellul ar substance neasuring device, the neasuring
met hod t hidre@of , or the exam ning method according to Caim60, wherein
intracel lul ar substances contai ning gene products substantially of a gene
of 25 gene bank.acaessmputer nizadable2dtiag emddient edithridverds &Be

R program according to any one of Claims 33 to 48.
<“ 53. An intracellular substance measuring device, wherein the device
10  detects expression of at least one gene selected substantially in a gene group
of gene bank accession numbers U15085, M23452, X52479, U70426, H57330
and S69’790_, a detection method thereof, or a method for examining degree
of critical of diffuse large cell lymphoma based on the detection.
54. The intracellular substance measuring device, the measuring
15 method thereof, or the examining method according to Claim 53, wherein
expression of at least one gene selected substantially from a gene group of
( : gene bank accession numbers U03398, M65066, AK001546, BC003536,
X00437, U12979, H96306, AA830781 and AA804793 is further detected.
55. An intracellular substance measuring device, wherein
20 intracellular substances containing gene products comprising substantially
genes of gene bank accession numbers AA598572, AA703058 and AA453345
are detected, a measuring method thereof, or a method for examining degree
of critical of breast cancer based on the detection. |

56. The intracellular substance measuring device, the measuring

25 method thereof, or the examining method according to Claim 55, wherein



61. An intracellular substance neasuring device, wherein intracellular

subst ances cont ai ni ng gene products substantially of genes of

accessi on nunbers H11482, T64312 and @&.045340, a nmeasuring nethod

t her eof ,

and a nethod for exam ning recurrence of breast cancer 5 based on

t he detection.

10

15

20

25

intracellular substances containing substantially at least one gene product
selected from a gene group of gene bank accession numbers AA406242,
H73335, W84753, N71160, AA054669, N32820 and R05667 are further
detected.

57. An intracellular substance measuring device wherein
intracellular substances containing gene products comprising substantially
genes of gene bank accession numbers W84753, H08581, AA045730 and
AI250654 are detected, a measuring method thereof, and a method for
examining recurrence of breast cancer based on the detection.

58. The intracellular substance measuring device, the measuring
method thereof, or the examining method according to Claim 57, wherein
the _in_trace_llular substanqes containing substantially at least one gene
product of genes selected from a gene group consisting of gene bank
accession numbers AA448641, R78516, R05934, AA629838 and H53037 are '
further detected.

59. An intracellular substance measuring device, wh—erein
intracellular substances containing gene products substantially comprising
genes of gene bank -accession numbers AA434397, T83209, N53427, N29639,
AA485739, AA425861, H84871, T64312, T59518 and AA037488 are detected,
a measuring method thereof, and a method for examining recurrence of
breast cancer based on the detection.

60. The intracellular substance measuring device, the measuring
method thereof, or the examining method according to Claim 60, wherein
intracellular substances containing gene products substantially of a gene of

gene bank accession number AA406231 are detected further.

gene bank



83

61. An intracellular substance measuring device, wherein
intracellular substances containing gene products substantially of genes of
gene bank accession numbers H11482, T64312 and AA045340, a measuring
method thereof, and a method for examining recurrence of breast cancer

based on the detection.



