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I nvention relates to nultivariate anal ysis between a bi ol ogi cal
and gene expression levels and/or quantities of intracellular substances,

and a neasuring instrunment therefor and a testing nethod based on the

anal ysi s.
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condition and gene expression levels and/or quantities of intracellular
substances, and a measuring instrument therefor and a testing method based on

the analysis.

BACKGROUND ART

Since the declaration of complete decoding of human genome in June
2000, it is said that a post-genome era has begun for elucidating how genetic
information written in the genome is expressed and functions. In the 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 (mRNA). Recently, mass
spectroscopy has also been advanced in addition to conventional two-
dimensional electrophoresis as a measuring method of 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

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

condi tion

nmeasuri ng



substrate in order to detect nRNAs conplenentary to the DNAs. Exanpl es of
the representative DNA chips include a gene chip and a DNA micro-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 netabolites including netabolic
I nt ernmedi ates) have al so been attenpted by using mass spectronetry, and
this nethod is nowin progress. Since the conditions of the cells in a
body can be described precisely by 10 the expression of gene products,
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El ectrophoresis, 21, 1210-17 (2000); International Publication WO
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selecting 170 variables having |large |oading from 1,553 variables in a
full nodelmethod isaoweittprogsswsr s 25 were obtained in a ratio of 11/18 with
respect to degree of seriousness (three 3 stages) of the remaining 18
patients. The agidiertheicofliRirbfithaicellith 8 bE§-can be described precisely by
10  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 into different
15  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
patients by two-dimensional electrophoresis, and constructed a diagnosis
20 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 selecting 170 variables

having large loading from 1,553 variables in a full model, and correct answers

25 were obtained in a ratio of 11/18 with respect to degree of seriousness (three



val i dati on nmethod can be used as an index for constructing a nodel.
However, a full nodel should be established in this nmethod before | oading
is obtained. Further, alternative nethods for selecting the variables have
not yet been 5 devised. J. Khan et al .3 neasured the cells of infant cancer
patients with DNA chips, and el ucidated nalignancy of the di sease by neans
of an artificial neural network (Nature Medicine, 7(6), 673-79 (2001)).
The aut hors neasured transcriptonmes (6,567 genes) of 88 infant cancer
patients (SRBCT), the data from 10 63 patients were conpressed into 10
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| atent variables of the partial |east square nethod as explanatory
vari abl es netwoxl t({NadutextMedivine;s7€h)s (7h-7%s (ROHhr dihec authersnmessutedh| yvsi s.
This method is usabl e because the partial |east square nethod is able 4 to
si mul t ane tuasisgri penhes (6,562 dreres)oof 8 infamenasicenpatichtsniERBCT), tthe data Repor t ed
10 63 patients were compressed into 10 dimensions by principal 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 respect to 96 genes. The remaining 25
patients were predicted by this model to obtain a result of 93 to 100%. However,
15  a full model should also be established in this method before obtaining effective
genes, and alternative 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 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
20 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 that good result is
obtained by using latent variables of the partial least square method as

explanatory variables of multivariate analysis such as linear discriminant

25 analysis. This method is usable because the partial least square method is able



exanpl es show that the partial |east square nethod is excellent as a node
construction nethod for DNA chip information. However, the report does not
mention applicability of the partial |east-square nethod as neans for
selecting 5 the expression |evel of inﬂortant genes, and the nethod al so

I nvolves the problens in the study by A. Alaiya et al. because the data
are analyzed by using all explanatory variables selected in advance. Mre
accurate (higher resolution) diagnosis may be expected by using gene
expression informati on even when sufficient informatiqn cannot_be 10
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instruments and_test nethods based on the
obtained with conventional markers. A result of a measurement of gene

expression has a feature that a large amount of information is obtained, and 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 cluster analysis
15 is used mainly today as described above, other methods such as principal
component analysis have also been employed. However, 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
20 is important to what extent. While the partial least square method is a powerful
multivariate analysis method for simultaneously performing reduction of
dimension and model fitting, we often encounter a situation that significant
results cannot be obtained when the number of the variables is very large.
Accordingly, an effective information processing is desired for acquiring useful

25 knowledge from a large amount of information of gene expression. Also




results of information processing. DI SCLOSURE OF THE | NVENTI ON 5 (Techni cal
Probl ens to be Sol ved by the Invention) An object of the inventionis to
provi de an effective information processing nethod for information on

nul tivariate gene expression, information on intracellular substances and
the Iike. Another object of the invention is to provide an effective

exam nation 10 nethod therefor. (Means for Solving the Problens) A data
anal ysis system according to the invention determ nes a correlation nodel
with a biological condition or a change in the biological condition

pr obabi | i sxpecied argafficignt aegsuning nstrasnents aipdetast vagtheds dased ereilee 15
expression |levels and/or quantities of intracellular substances as

expl anat orssultsanfiinfiremtionprosgssingn has an i nput means for receiving a
sanple set including data on the biological condition or data from which
t he biological condition is derived, or data on the change in the

bi ol ogi cal condition probabilistically generated with tinme, and the

expr essi oMIBEV.SISURE GF PHR NVENTeONyenes and/or 20 the quantities of
i ntracel | ul ar substances; (A) a selection neans for selecting explanatory

vari ab$esgéc¥.}uéw%lﬁuhﬁttb%smaé@b Fhe BN itlcM)i ng a result of cross
val i dati on by executi ng a parti al ast square’'nethod, or for calculating a
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using a conversion t as ct v t he conversion result
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Another object of the invention is to provide an effective examination
10  method therefor.
(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

15 expression levels and/or quantities of intracellular substances as 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

20 the quantities of intracellular substances; (A) a selection means for selecting
explanatory variables; (B) a calculation means for calculating a result of cross
validation by executing a partial least square method, or for 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

25 converting a probability that no change occurs by applying a life table



distribution; (C a discrimnative assessing neans for judging adoption and
non- adopti on of the explanatory variables by assessing the result of the 5
cal cul ation by the cal cul ati on nmeans; and (D) a decision nmeans for deciding
a partial |east square nodel by contimuously inproving a function having
the result of the cross validation of the partial |east square nodel as at
| east one of i ndependent variables by using the selection neans (A), the
cal culation neans (B) and the judging neans (C). For exanple, the

sel ection neans sequentially 10 selects the explanatory variables, or

sel ects t heedrihg!&d KQFFHIQM&M methdP bt Ctitler-Etiteerclethibditd e RGNS the
calculates a result of the cross validation by, for exanple, applying a
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i ndependent variables is inproved or not. The deci sion neans deternines the
partial | émddpeswlent eariables Hyyusihgrthesaleptien mearisi (o tisé yalicnjation mganhe
result of 25 cross validation of the partial |east square nodel by
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means. The sel ection nmeans and cal cul ation neans nmay be executed with a
pl urahpty sefectstRB ekpPlanatdieadables, 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
15 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 is 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 selected by inclusion
20 or exclusion. Alternatively, it may be used as a criterion of discriminative
assessment, instead of using the cross validation whether a function having the
result of cross validation of the partial least square model as at least one of
independent variables is improved or not. The decision means determines the

partial least square model by, for example, continuously improving the result of

25 cross validation of the partial least square model by repeatedly using the



correlation nodel is constructed optimally, the explanatory variables are
sel ected based on the result of cross validation, and a good nodel is
obtained 5 by reducing the dinensions of the explanatory variables. The
conver si on based on an assuned distribdtion or wthout the assuned
distribution is perforned in order to analyze the probability of the
change in the biological condition with a polynom al of the explanatory
vari abl es. The conversion based on the assuned distribution include a
division 10 of a logarithmof the probability with a negative sign added
after t heselecien méarnise cakonledicgi preaby anidejuwlping waearsn Thewelsctiphemeanshge i n
the condition, a division of a |ogarithmc value of a negative value after
a | ogari t hfdcalcedatici ficans ehay be epealtadivith v plvrdlite oflzeaiputers e of t he
change of the conditions, or a division of a calcul ated value of probit
(probabi | ichiteldition) mMEdEIORY @opsRUCceH dpYishdlRy, OlticdicRplhrid¥osu Rl Rbldsndrd he
probability from1 by the observation tim of the changé of the
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val ue of the erroy. and the nunber of the selected expl anatory. variables,
or the fuARSBRA chstrittIORdE BeHermes dR RAREND Analyzen e prababiliny, Ak then | 5
desirably a nonotonically decreasjng function of the representative 25

val ue of changg ipr they biglogisabrcomdition ywitbc pe Relygmrighcefi she Fxplaratalinber of
the 8 explanatory variables. The function can desirably be cal cul ated
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exanpl e thereof is a
10 of a logarithm of the probability with a negative sign added after 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 change of the
conditions, or a division of a calculated value of probit (probability unit)
15 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 is performed without
assumed distribution. A conversion method may be appropriately selected by
deciding what kind of assumption is valid for the distribution or not. An
20 example of the function having the result of cross validation of the partial least
square model as at least one of independent variables include a function of the
representative value of the error and the number of the selected explanatory
variables, or the function may include other independent variables. The
function is desirably a monotonically decreasing function of the representative

25 value of the error, or a monotonically decreasing function of the number of the



function -PRESS x al phaNP wherein PRESS is a predicted residual error sum
of squares, NP is the nunber of the explanatory variables used, and al pha
is areal 5 nunber larger than 1. O her functions avail abl e include -PRESS
X (NP + Dbeta)ga and -PRESS x (beta - [8P)-gam where gamua denotes a
positive real nunber. A usual statistical nmethod or nultivariate analysis
nmet hod may be applied when the nunber of the explanatory variables is
reduced. A better 10 nodel can be obtained in the invention by using the
expl anatory variabl es selected by using the partial |east square nethod as
t he expl aegplanjtorgriagiabbs. IThe fanetioh icat idesirabipt beocaloulated sinvplyiiatoedanal ysi s
nmet hod. O herwi se, a better nodel nmay be obtained by using | atent

vari abl es tb BréAgntliabidadé ih BRe ansGlud 6f eaédMaHon\aid dhexEApRCHRIesH Bl ANat ory
vari abl es as the explanatory variables in the 15 statistical nethod or
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denote residuals. 9 Exanples of the statistical nmethod and nultivariate

anal ysi s pealmeanbernc| ude a nul ti pl e regression analysis, |inear
di scrim nant anal ysis, adaptive .
A usual statistical method or multivariate analysis method may be

applied when the number of the explanatory variables is reduced. A better
10 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. Otherwise, a better model
rhay be obtained by using latent variables in the partial least square method
with the selected explanatory variables as the explanatory variables in the
15  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 model fitting is performed by extracting latent
variables (Ta) of small dimensions common as a background of the object
variables (Yi) and the explanatory variables (Xj).
20 Yi = Z Qu x Tix + Fa,
and
Xij=Z Py x Tix + Ey,
wherein i denotes the sample number, 1 denotes the number of the object
variable, j denotes the number of the explanatory variables, k denotes the

25 number of the latent variable, and F and E denote residuals.



| east square nethod, logistic |linear regression, proportional hazards

anal ysis, discrimnant analysis with Mhal anobis di stance, kNN nethod and
artificial 5 neural network. The inventors also find that the explanatory
vari abl es can be arbitrarily selectedgby optim zing a function having the
nunber of the explanatory variables as a second independent vari abl e,
besides the result of cross validation such as @, PRESS val ues. \Wen the
desirabl e range of the nunber 10 NP of the extracted explanatory vari abl es
is determined in relation to the A nunber of the sanples in the usual

statistical net Fsampies piithe wiatistical methodiand mulfyariate,analysist msthadhy
arbitrarily be nodified according to the desired nunber of selection to be
at t ai ned. inwhede tahmultipht regression gnabissis dingar -dRadBinantaantysts, adaptieanyl e,
the constant alpha is desirably in the range of 1.0 to 3.0, 15 nore

desi r abl y léast sfeareamgéhad, lbgisticdiRea®, regressivthe iproportinmad dweatdee analybisy  of
the explanatory variables in the range of several to several tens

vari abl es disthieninafit @@hivens Qfith Malvdanetis elistanye, HaM®l hethednanddvefitiape i n
ot her functions f(PRESS, NP) such as f(PRESS M/ al pha, MP + 1) f(PRESS_MP,

MP) argundeutdigietivsler MP of the actually sel ected expl anatory vari abl es
and the value of 20 PRESS MP with respect to the selection of the
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of NP of the explanatory variables to be selec can be wthin

gﬁfi{32L$3§@agﬁépgs$§gﬁg%ﬁl %Lan tg*kéﬁgﬁkﬁﬁﬁégﬁ%§§@kd@f%@?q% ﬂg€¥Pﬂb t he
o101 A1, O 013 IR St B TR SRS SRS DORDC,
2;»[ ﬂf;ng até,gﬁe;%&% :gfl::llg,%g: i %gd‘? rlufr:rslfl We%r 1ihaet Jesira 5 ls'érfgerrgft Hl%dm% or

10 NP of the extracted explanatory variables is determined in relation to the
number of the samples in the usual statistical method and 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
alphaNF, for example, the constant alpha is desirably in the range of 1.0 to 3.0,

15 more desirably in the range of 1.0 to 2.0, in order to decrease the number of the
explanatory variables in the range of several to several tens variables. The
selection of the variables may have the same advantage in other functions
f(PRESS, NP) such as f{(PRESS_MP/alpha, MP + 1) = {(PRESS_MP, MP) around
the number MP of the actually selected explanatory variables and the value of

20 PRESS MP with respect to the selection of the variables. By using an
appropriate function as described above, the number of NP of the explanatory
variables to be selected can be within a desirable range. A model obtained by
the statistical method or multivariate analysis method can be constructed by
further selecting the explanatory variables employed in the model determined

25 by using the result of the cross validation. Consequently, data analysis is




A correl ation nodel between the change in the biological condition
probabilistically generated with tinme and the gene expression | evels and/or
the 5 quantities of the intracellular substances can be determ ned by
using a quantity derived fromthe biol¥ical condition generated with tine
as the object variable. "The change in the biological condition
probabilistically generated with tinme" is, for exanple, a survival tine.
The partial |east square nmethod is conbined with Kaplan-Meier nethod or
Cutl er-Ederer nmethod and logit transformation. The 10 object variable in

t he parti plosdibkshy asingr theratatisiital medthodionedulbiyaciateahalysisgnethoprwhabe | i ty
that no change occurs by applying a life table according to Kaplan- Meier

nmet hod or n@_{fee}fasﬁ@ﬁeﬁuyrewmghtb@_ the data on the change in the biol ogical
condition generated with tine and by performng logit transformtion of

the probabilitya koffelatidl HRSUA BetR@bA Wha! @thride! ih @e BiGIdEIQADN cohditiciDi t =
log IP/(1 - P)J, based on a ratio (probabilit P of a class in the
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bi ol ogi cal condition probabilistically generated with tinme is 25
const r uct éo éxanuplieng suhévekﬁh‘anéffhﬂgalvi@?lmt squase methedtis gambined withher eof
11 enployed in the determ ned nodel. For exanple, a better nodel may be
obt ai ned KapdppMeéiegmethoder Guti¢r-Edéreamethot athdlogiutransforimationanbhe si s
10  object variable in the partial least 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,
15 logit =log {P/(1 — P)}, based on a ratio (probability} P of a class in the classified
data. The result of cross validation is calculated with the partial least square
method by using the logit value as the object variable, The survival time is
analyzed after extracting the explanatory variables by taking the cross
validation with the partial least square method into consideration as described
20 above.
A usual statistical method or multivariate analysis method becomes
applicable when the number of the explanatory variables is reduced. Then, a
model of a statistical method or multivariable method for elucidating the

change in the biological condition probabilistically generated with time is

25 constructed by using the explanatory variables or latent variables thereof



met hod (e.g., a proportional hazard nethod or a |inear regression analysis
applied to a paranetric distribution) by using the explanatory variables 5
determined with the logit value as the object variable. The proportional
hazard method devel oped by Cox takes the tine into consideration in the
analysis of the survival ratio, and it can deal with nultivariables. The
analysis in the proportional hazard nethod uses a hazard val ue that

i nfl uences the survival ratio defined for each individual of observation
and a function which derives 10 the hazard val ue. Kapl an- Mei er net hod shows

the survi eniplopéd dnfihie tbrrirdhed moeél. oiFok aixaegsib, gr betpert heddebf may hise
paranetric distribution nmeans a probability distribution calculated froma

normal di $bidiked | By @%gg%ﬂh@%ﬁsﬁﬁﬁ rABthoe RN ek litivaridte taralpsid on, &

Wei bul | analysis or a ithmc normal distribution is used in‘the
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quantities indirectly representi né:; the quantities of the substances. For
exanpl e, shesurdval rafionard|it cantdesd with metivariahles| skhe apalysisj iscthe
variable representing the biological condition with mass spectra nmay be
const r uct pdopyrtzfhal dazayl arethdd arseagehatardhealabithat jnfbiences thesurgivettra
for neasuring protein 12 expressions. A single spot in a DNA chip (gene
chi p) manuités defiadd for eAEl ynaividualGsf. olsheesatimt and vafimdtibenwihich derives
expression of a single gene, and an
10  the hazard value. Kaplan-Meier method shows the survival 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
15  exponential or other distributions, a polynomial is included in the formula, and
the explanatory variables is selected by taking the result of the cross validation
of the partial least square method into consideration.
The expression levels of the genes and/or the quantities of the
intracellular substances received as the explanatory variables by the input
20 means are not restricted to the measured absolute concentrations of the
substances. Instead, they may be calculated and processed values, relative
values or quantities indirectly representing the quantities of the substances. For
example, a correlation model that can directly correlate the object variable

representing the biological condition with mass spectra may be constructed by

25 taking an advantage of the ability of the mass spectra for measuring protein




expression of a single gene may be identified only when a plurality of
spots are used. Accordingly, a correlation nodel for directly elucidating
t he biological 5 condition may be obtai ned by using the neasured val ues of
respective spots as the explanatory vl#iables. Mreover, each peak in the
el ectrophoresis pattern of a protein may not be assigned to a single
protein, and a plurality of proteins may be overl apped in a single peak.
Accordi ngly, each peak intensity may be used as an explanatory vari abl e
for elucidating a biological condition. This is 10 evident fromthe fact
t hat Al ai gepressiahs. edplsoygld spd peak DMAenbipt i(geneofchipje masifactuoghdnesi s
pattern as the explanatory variables of uterine cancer. As nentioned

above, an AdfaetrieGbadoapnooaleaystidettifygar eopressiensoftssiaghe %ene;l aad dri vi ng
body (cells) totally has attracted attention in the research fields such as

transcri pegpRresgioalofd Aglér RONRY dealyatified bdlyTRiRAC pHiRaRRBOYSPGs hfe t he
post 15 sequence era. sol ute quantlflcatlon of respectiveé substances is
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quantltles substa €s quantlfled by such an “experinental method and

val ues abl es
for el Uci gg#l %‘énﬁﬁayﬁ% ol ogl cg?:} diﬂgrm 1'ﬁ&{IY—l %aMb% &%égéﬁff‘@es?t ?’lsseé resul t
of anal ysi,s na i ned b nat or riabl es
such as clt"?t%éltanf‘ &‘(ﬂ%ﬁ%ﬁam%%%r g?ﬂ'aﬁe? é“iﬁ 5%??’8?\?“%?&% i{’gﬁg f or
el uci dating the uantltle%?of the  substances as de Crlbaﬁ a?g A data
anal ysi s REAHSQtIBIBRYNAY De gstigRed o afnglR RIBtIRANTEE RAUrAlEY QX IPIPIEE nodel
with a biologjcal condition or a change in the biological 25 condition
probabi | | srayche byerappediea@ single peake égc%ﬁlrtﬁi}’e%%fhlﬁﬁqlﬁmt@‘fdﬁ’dﬁgéfd@ 13
expression |levels and/or quantities of intracellul ar substances as
expl anat ouged asranagxdanattie vasiabledfdraglucidating epbicdegicaleeiditian. alhiaipl e set
i ncludi ng data on
10 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 analysis, proteome analysis and metabolome analysis in the post-
15 sequence era. Absolute quantification of respective substances is not essential,
and measured values directly or indirectly expressing the quantities of
substances quantified by such an experimental method and values obtained by
processing them may serve as the explanatory variables for elucidating the
biological condition. Further, a more effective result of analysis may often be
20  obtained by adding other explanatory variables such as clinical interview data
other than the explanatory variables for elucidating the quantities of the
substances as described above.
A data analysis method according to the invention determines a

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

25 condition probabilistically generated with time as an object variable and gene



t he bi ol ogical condition or data fromwhich the biological condition is
derived, or data on the change in the biological condition
probabilistically generated 5 with time, and the expression |evels of a
plurality of genes and/or the quantiti®s of intracellular substances; (A)
selecting the explanatory variables; (B) calculating a result of cross
val i dati on by executing a partial |east square nethod, or calculating a
result of cross validation by executing a partial |east square nethod by
using a conversion result as the object variable, the 10 conversion result
bei ng obt akprdsion levalsearid fur quantitiesbof irntyacelalarrsubsteangs ascoqlamatohien a
life table 1s applied according to Kapl an-Meier nethod or Cutler- Ederer
met hod t ovhfigbka! Themétheddhanbe st'egsfdﬁﬂ'ebéiﬁi@ah samptosgiihtladingdatcron or
wi t hout an assuned distribution; (C judging adoption and non-adopti on of
the expl ﬁ'@bﬁldgi&ﬂfd(ﬁ{aiﬁénw F8 Both Rehithehé %fdlbgicﬁf comEitionl is desivedn by
the 15 calculation in the calculating step (B); and (D) deciding a parti al
| east squ Is MY Aof WA S | RT) (M j esul t
of the or SE et I P YRERES W RL HIdaRRA RRich, paOBdL Y, BB Ed P e
of i ndgpe t,..yari apl I S CtJ st e t I ating
step (B) gﬂgvttﬁggj &5‘% rtlgé %bgp&k%?.lggﬁsl ﬁf %h?l@%[l@aﬁfal(g%\ess A]rrﬁ/r:]c%d%ﬁl n the
sel ection step,. the expl tor var i e re sequentially sel.&act or
Chey are. SuraBtietoEptHer R Sysraiits: 18] g Mo b lintony viREL L e,
the result of_ cross validation is | cul ated, for exanpl.e, wi}ch t he
partial | GaSHIalaga AcTert Ol Byt velidarion tohexeriting @ Regigh deast square
sequentially., In the discrimnative assessnent step, a representative 25
val ue of amethpdopr palcitating ageslt of creasrvalislasioanby iexeqiting gi partiak dsagt ti on
14 predicted from gene expressions in the excluded sanples and the object
vari abl e Bqdareamiethothbybusinggiac aionyersitin i iesalt oas tthe gB‘mctjdﬂeeaiaéﬁqerpt@ in
each

10 conversion result being obtained by converting a probability that no change

occurs when a life table is applied according to Kaplan-Meier methed 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

15 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 square model as at least one of independent
variables by using the selecting step (A), the calculating step (B) and the judging
step (C).

20 In the data analysis method, in the selection step, the explanatory
variables are sequentially selected or they are selected by using a genetic
algorithm. In the calculation step, the result of cross validation is calculated, for
example, with the partial least séuare method by excluding one or more
samples, sequentially. In the discriminative assessment step, a representative

25 wvalue of an error between the object variable on the biological condition




calculation is determ ned in each cal cul ati on based on the result obtained
in the calculation step. The result of the cross validation is judged to
be i nmproved 5 when the representative value of the error is reduced. The
discrimnative assessment of the crosd4validation is repeated while the
expl anatory variables are selected. In the decision step, a partial |east
square nodel is determ ned, for exanple, by continuously inproving the
result of the cross validation of the partial |east square nodel by
repeatedly executing the selection step, 10 cal culation step and
di scri mi ngredicteds fegnngene sixppessiire se| thet exaluded psaamples cand uthet objeckt ep
may be executed by using a plurality of conputers. A data anal ysis program
execut abl eariable indicating e bindogidahgonditiohe ofi theesdcluded! samipiésnirs each
correl ation nodel by using biological condition or change in the
bi ol ogi cakaleahlioni i6 dlcpsrafiabilih shils ahleMlgionbabe dnnherebiiliobatnd® iv ket
vari abl es and the expression |levels of a plurality of genes and/or the
quant i ti egaRflatidhn ﬁ@g! | PheéesitlPoF @H'@%?os@svaﬁiﬂalti@ﬁafsﬂhﬂﬁéértbal’% fprdial
program has the steps of: receiving a sanple set i'ncluding datg on the
bi ol oggca L 51 ' Mol jj Cah GO |- I
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result of cross validation by executing a partjal |east are thod by
using a & & yh contdnmeusly Imftroag}ge@%e Wﬁ%ﬁ* ztle CFRSSC &ﬁwnogf thes ) ¢

bei ng obtained by 25 converti n%l a probability that no change occurs when a
life tabl partdalapeast eaquareadoedel hy trepratedin- srgcafingetthed selection | sePEder er

nmet hod to the data on the change in the biological condition, based on or
wi t holl0 acaleskdioedstep and discriminative assessment step. The selection step and

calculation step may be executed by using a plurality of computers.

A data analysis program executable with a computer according to the
invention determines a correlation model by using biological condition or
change in the biological condition probabilistically generated with time as

15 object variables and the expression levels of a plurality of genes and/or the
quantities of intracellular substances as explanatory variables. The program has
the steps of: 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

20 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 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

25 converting a probability that no change occurs when a life table is applied



di stribution; (C) judging adoption and non-adoption of the explanatory
vari abl es by assessing the result of the calculation by the calculation in
the 5 calculating step (B); and (D) deciding a partial |east square nodel
by continuously inproving a function Baving the result of the cross
validation of the partial |east square nodel as at |east one of

| ndependent vari ables 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 10 variables are sequentially selected or
they are seterdirggitdKapkiml aerpmetiod or QutleriBderer inethdu ta dhe datat o thest ep,
the result of cross validation is calculated, for exanple, with the

partial | ehsige dnarthembidlogical) etrlitichndased on rorr evitheupl &s, assumed
sequentially. In the discrimnative assessnment step, a representative

val ue of QistablABNPYCRIUGIAE BBbFHON Vahd aRbR-ABPtBR RIf OLRYI SplarkBe) i on
15 predicted fromgene ggjpér]ggsi ong I n the excl udgd sanpl es an theaﬁybj ect

variabl e kzgﬂ'g@%&its}gag%g?ﬁigowk&mt 6P [ﬁé ggﬁgﬁtg{r} ggeg&xemeéﬁﬁoaaw bgs in

each calc on-i's emned In ea ased on the result
Fudged>t o s ifineo " B Pk B SPERUE A bartl BBeC AR Bpoliel 7'
dependeRPRyBRT i driigor e & dureiem Birgomereruf AP e kB KR of "
PR MR R RN e LR T
o e B G 340 i 1

step, calculation step and discrimnative assessnent step. The 16 sel ection
step and cal cul itha datapamadysibeprogeam: éun thy selectiprasisipurthei explamatory
conputers. The explanatory variables are not included at all or the full
10 variables are sequentially selected or they are selected by using a genetic
algorithm. In the calculation step, the result of cross validation is 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
15 predicted from gene expressions in the excluded samples and the object
variable indicating the biological conditions of the excluded samples 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 error of a monotonously decreasing
20  function having the representative value as an independent 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 determined, for example, by continuously improving the result of the

cross validation of the partial least square model by repeatedly executing the

25 selection step, calculation step and discriminative assessment step. The



expl anatory variables are included in the initial state in the selection of
the explanatory variables. 5 In the data analysis program the bi ol ogi cal
condition includes a neasured val ue representing the type of disease, a
neasured value representing degree ofl@ritical of disease, a result of
di agnosi s representing the types of disease, a result of diagnosis
representing degree of critical of disease, or a value obtained by
secondary processing thereof. For exanple, predicting 10 the survival tine
of a patient gives inportant information for deciding a therapeutic
progr am i felecidem gteporndoealrulajions step gy dred exequted tyessing asplaralitybef shown
bel ow i n exanples, so that the program can provide a val uable diagnosis
nmodel for compudensi etFhe Pxpltinatonygvpriablepidret pobfincludedr anal of thantdl may
provi de val uable information for making a therapeutic program 15
consi der i egplathtarpdvardablée areiingusded ot thenirdfialt biatapy thy selationhoof the a
patient. A data analysis apparatus according to the invention includes an
I nput neegpk&@ﬁn@eggﬁmmgg a determ ned correl ati on nodel and expl anatory
vari abl es ‘adopted in the nodel for the sanples to be predicted, and a
means gor  predigtihaddand dHabyfdid rpragiarﬂg th@ebi%'lc%i@&' eshditidiihél@Bedla t he
sanpl es based on 20 the recei'ved 'expl anatory variables. A data anal ysis
met hod aC&‘Péa@ t Qalae regﬂ%sﬁﬂﬁggn th@c'g{:;gnfsof NGisBh&PS 2Of é&‘s‘i&kaé{' RQnide

el and” the
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10 the survival time of a patient gives important information for deciding a

therapeutic program including QOL (quality of life) and a life design as will be
shown below in examples, so that the program can provide a valuable
diagnosis model for the society. Predicting possibility of recurrence of cancer
may provide valuable information for making a therapeutic program

15  considering QOL and for deciding selection of therapy by a doctor or a patient.
A data analysis apparatus according to the invention includes an input
means for receiving a determined correlation model and explanatory variables
adopted in the model for the samples to be predicted, and a means for
predicting and discriminating the biological condition of the samples based on
20  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 biclogical condition of the samples based
on the received explanatory variables. A data analysis program according to

25 the invention has the steps of receiving the determined correlation model and



on the received explanatory vari abl es. The conputer-readabl e recording
medi um according to the invention 5 records any one of the prograns
descri bed above. In an intracellul ar substance neasuring device, a
detection nethod thereof, or a nethodl¥or exam ning degree of critical of
diffuse large cell |ynphoma based on the detection according to the

I nvention, the device detects expression of at |east one gene sel ected
substantially in a gene group of gene 10 bank accessi on nunbers U15085,
M23452, X52479, Ur0426, H57330 and S69790. Preferably, expression of at

| east one tiyeexplspatecy sdriablestagdopited inythermodal fperthe sgmples ©f bgpraslittadk
accessi on nunbers U03398, M5066, AKO001546, BC003536, X00437, U12979,
HO6306, AABd(Predicting AwBAkdAminating thid bietodieal dohditicrdof the samples based | ul ar
substance neasuring device, a neasuring nethod 15 thereof, or a nethod for

exam ni ngogqgée&e@&e@éiﬁlhﬁgﬂoryfvaﬁ@@g; cancer based on the detection
according to the invention, intracellul ar substances containing gene
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N71160, AA054669, N32820 RO5667 .
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a nethod for exam ning possjbility of recurrence, of br cancer sed on
t he det eclﬂi“%i'ﬁoéc%ladmf‘éﬁ?‘i f{Oﬁeexqw’@mg ,Sr%tq?a%ti“‘?%l %f%%q é?‘ﬁgéscegg
cont ai ni ng gene products conprising substantially genes of gene bank 18

accessi onlyiopbema bagedzm eation agsondinggodhe inverdns Ahe devigedetacsy .

Preferably, intracellular substances containing substantially at |east one
gene expression of at least one gene selected substantially in a gene group of gene

10 bank accession numbers U15085, M234$2, X52479, U70426, H57330 and S$69790.
Preferably, 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 may further be detected.

In an intracellular substance measuring device, a measuring method

15  thereof, or a method for examining degree of critical of breast cancer based on
the detection according to the invention, intracellular substances containing
gene products comprising substantially genes of gene bank accession numbers
AA598572, AA703058 and AA453345 are detected. Preferably, intracellular
substances containing substantially at least one gene product selected from a

20 gene group of gene bank accession numbers AA406242, H73335, W84753,
N71160, AA054669, N32820 and R05667 are further detected.

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

25 containing gene products comprising substantially genes of gene bank



product of genes selected froma gene group consisting of gene bank
accession nunbers AA448641 , R78516, R05934, AA629838 and H53037 are
further 5 detected. In an intracellular substance neasuring device, a
measuring nethod thereof, and a nmethotBfor exam ning possibility of
recurrence of breast cancer based on the detection, intracellular

subst ances cont ai ni ng gene products substantially conprising genes of gene
bank accessi on nunmbers AA434397, 10 T83209, N53427, N29639, AA485739 ,
AA425861 , HB4871, T64312, T59518 and AA037488 are detected. Preferably,

i ntracel | atassisnbatiatbees W84753, 08581 e kA0S 30uend AlRN6ahtaral detededa gene
of gene bank accession nunber AA406231 is detected further. In an

i ntracel | Prefersbipsiraraellikassiibstheds \coatainimgTedbstantigllyrat Nesbt dfe gher eof
and a nethod for” exam ning possibility of recurrence of breast cancer

based on g?ga&&tcﬁ%gn% selebRdirBah 4 gef@ Srbwy @BhéiSting bm?gﬁe Pahkl Reegitist ances

containin ene products substanti y “of ‘genes of "ge bank accession

nunbers H]1482, . TR 6£110 RARG13 5?}#‘%65&%&3@3%"%&3@%@ g%f'et @Erthﬁr as a

i ntracel | ul'ar substance Heasuririg de I p suc
DNA m gr o-!aE rcg%ﬁ a gene chip, an oligo-DNA chip, an electrochem cal DNA
chip (an ‘p), a fibrous DNA chip, a magnetic bead DNA chip (a PSS)

Toasuri ng r cagefht an ReAERTblarRiARe ERYriAy By A BgeStERew i hese

g? Viicgf,'st él?ﬁrégfp %;:qlga;l: yl%E Ccl?l glng%\{vtyN% rchiu%i'en]éei(;sf l%'egétoé:aﬁmgli agram
based on the detection, intracellular substances containing gene products
substantially comprising genes of gene bank accession numbers AA434397,

10 T83209, N53427, N29639, AA485739, AA425861, H84871, T64312, T59518 and
AA037488 are detected. Preferably, intracellular substances containing gene
products substantially of a gene of gene bank accession number AA406231 is
detected further.

In an intracellular substance measuring device, a measuring method

15  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 substantially of genes of gene bank accession
numbers H11482, T64312 and AA045340 are detected.

Examples of the intracellular substance measuring device include a

20 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 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.

25




" Fg."27is a flowhart of an analysis software program Fig. 3 is a
flowhart for calculating a result CV of cross validation. 5 Fig. 4 is a
first flowhart for constructing a nodel for selecting variables. 10 Fig. 5
is a second flowhart for constructingl®% nodel for selecting variables.
Fig. 6 is athird flowmhart for constructing a nodel for selecting
variables. Fig. 7 is a fourth flowhart for constructing a nodel for
selecting variables. Fig. 8 is a fifth flowhart for constructing a nodel
for selecting variables. Fig. 9 is a graph of the result of the |east

squar e nDBRIEF DESCRIPTIOMOFCDHEIPRAWIENGSt ween t he survival tine of
patients and 15 diagnostic indices of DLBCL of patients. Fig. 11 shows a

plot of the SurFiq\é_qlishiHr@clpaia Qf%@ys&&nﬁﬁtdﬂlryﬁng{gen@é&ms@i&.agai nst
I g.

di agnosi s score. 12 shows a plot “of the survival tinme of the breast

cancer patientsygi PG a3 | Lagnasi 20 Fig. 13 is a plot
of the survival FH)melEégai nst Elag%'r‘mgéﬂhé’%?gre ﬁgﬁ&%’aﬁ&.. 0005 is enpl oyed as

2 varLable 0o o on R B DS oA o bk, S,

Fig. 14 shows a ains 'agnosi's score of the
breastscancer D] 4 0 FARIRLE o Hisbing sombdeCiR e b o
deletion criter IFi)gn 50 fis tah%ectzjorr?dasﬂtovgc art for %F{)Irgtrxl';[lgtullgn a model for selecting
variables.
Fig. 6 is a third flowchart for constructing a model for selecting
variables.
10 Fig. 7 is a fourth flowchart for constructing a model for selecting
variables.
Fig. 8 is a fifth flowchart for constructing a model for selecting variables.
Fig. 9 is a graph of the result of the least square model.
Fig. 10 shows comparisons between the survival time of patients and
15 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.
20 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.

25 Fig. 15 is a plot of the recurrence time against diagnosis score when P >



Exanple 7. Fig. 16 shows optim zation of the partial |east square nodel by
using the genetic algorithmin Exanple 9. 5 Fig. 17 shows four topologies
in hierarchical artificial neural networks in Exanple 10. Fig. 18 is a
graph of a relationship between the su?@ival tine and diagnosis score of
breast cancer patients in the proportional hazards nodel with the |atent
variables in Exanple 11. 10 Fig. 19 is a graph of a relationship between
the survival tine and predicted values of the diagnosis score of breast
cancer patients in the proportional hazards nodel with the | atent

vari abl es0i025 ix empleyeillas BEsTabioRie] @i CARRNING thbrEatE caiuENTdtextd
Enbodi ments of the invention will be described hereinafter wwth reference
to the appsaggde @r awi ngs. Determ nation of a correlation nodel between a
sel ected biological condition and the gene expression |evels and/or the

amount of the i pig agedHownbptignibation 8 huigaktisleledsissduidre dnbablosy ubligy t er m
"gene expression”™ is used in the 20 invention to include expression of nMRNA

(transcri m@g@aﬁt&@n&‘ﬁ&gﬁﬁiiﬂhﬁwgpom) formed as a result of
o) T

transcriptio e anount of the intracellular substances neans,

| ncl udbng | nt or N A KRG ERRHRT hbrdiohica BRIERTRRLI BEpRHELS |

anal ysis of _t he rﬁ{ﬂscri ptome (nRNAs) and proteome 25 (proteins) has a
bi ol ogi caFnEesm'Pﬁ' § 0N and gene expression levels. Each sanple 21 contains a
| arge anount of _gene expression Ievei S, of .noi?ﬁsmal | er than, 1,000 rf_g‘e es.

Wi I e the biol ofigeal® dbRdBIIRINGE # delatignship, betwieenyithe suzvivial, dung

diagnosis score of breast cancer patients in the proportional hazards model with
the latent variables in Example 11.

10 Fig. 19 is a graph of a relationship between the survival time and
predicted values of the diagnosis score of breast cancer patients in the

proportional hazards model with the latent variables in Example 11.

BEST MODE FOR CARRYING OUT THE INVENTION
15 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 expression” is used in the

20 invention to include expression of mRNA (transcriptome) and proteins
(proteome) formed as a result of transcription 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 the transcriptome (mRNAs) and proteome

25 (proteins) has a biological condition and gene expression levels. Each sample




di agnostic indices of diseases, they may include biological information in
a nore general sense. The "diagnostic index of disease" includes the
extent of 5 progress as well as the type, degree of critical and degree of
seriousness of the disease. Since the2heasured data such as the gene
expression |l evels have a |arge anount of information, an effective

mul tivariate analysis using a conputer is required. In data acquisition, a
bi ol ogi cal condition such as a diagnostic index is 10 discrimnated for a
nunber of sanples, cellular fluids are sanpled fromthe sanples, and the
gene expr essfaits helaeges aamalirithef gete espreseion peels of adtichsallen thiahel,8@0 | ul ar
fluids are neasured. A correlation nodel such as a partial |east square

nodel is @bhed nahile theebibidgicalnadnyditionscae) thmexdraphy) disboedi afd the
i nvention by inputting | evels of the gene expression |level and the |ike and

a 15 bi ol gedcstie GRdides BY isehseds tﬁefirﬁ@ﬂﬁ’ﬁélhﬂeiﬁiﬁﬁigicﬂ PAGRAGIEhYSI S 1S
per f or med using a nultivariate dnalysis programin a conputer by
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expression e s and/or the quantities of intracel
expl angt ory variabl es, i norder t obtal n. i.nfonnati ! | ce and
ef f ect veﬁ%ggreﬁ a7 &3 Ie%{]fh e%’f(?’ Qggegn‘fé&wa\%ﬁf’%gégg oﬁlﬁ%ﬁ%tgs]ﬂéeg? 8?/2%1[1abl e
is not al s required to be a sured value itself. A valu bt ai ned by
| ogit tr ahEkBFTmone Hhe nepuficl Bt Safiles b meD TS OB RIS By St used
in order to obtain a re significant .éesult of .data analysjs. The
i nvent or s langRdampurte of | Wfermation diaka effgrtivm oaultivariate g analysss usifg & si on
that a good correlation nodel (e.g., a partial |east square nodel) can be
obt ai ned g9mpattercisiraguiredi abl es so as to optinize a function having the
result of cross-validation used in the data analysis as at |east one of
i ndependent  valn diateacquisitiong adrickgicahlconditiomsudhhas aaliagnosticdndexise
divided into a plurality
10  discriminated for a number of samples, cellular fluids are sampled from the
samples, and the gene expression levels and the like of many gene products in
the cellular fluids are measured. A correlation model such as a partial least
square model is obtained in the data analysis according to an embodiment of
the invention by inputting levels of the gene expression level and the like and a
15  Dbiological condition such as a diagnostic index. A causal analysis is performed
by using a multivariate analysis program in a computer by assuming the
diagnostic index as the object variable and the gene expression levels and/or
the quantities of intracellular substances as the explanatory variables in order to
obtain information on the importance and effectiveness of respective
20 explanatory variables. The object variable is 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.

The inventors find in the field of medical diagnosis with gene

25  expression that a good correlation model (e.g., a partial least square model) can




of groups, and a nodel is obtained by fitting for only a part of the
divided data 5 groups (a training set) while predictive power of the nodel
is examned by predicting a renmaining data group (a test set). The
cross-val idation has been wused for sepgction of dinensions of the |atent
vari ables in the conventional partial |east square nethod (PLS). However,
in the partial |east square nethod of the invention the |atent dinension
is fixed to one, and a function having the 10 cross validation (e.g., a
predi ctable error of a sumof squares) as at |east one of the independent
variabl es bb%b%hb&‘béf%lé@ﬁh‘gevé}%légsd% Wzé’@ﬂﬁ&icﬁﬁha&iﬁﬁ&h@@@&ﬂf y
vari abl es) are sel eCted sucCcessively. Ho er, the advantage~ of the
I nvention hi ai ne y t: trl 6Ll t ' I o t ent
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di mensi on to one. Consequently, 1t 1S at a good and po y 15
predi ctabl e .correlatjon del,. gan bea obtai ned eyven .S agnifi

correl ati gﬁnﬁﬁ%& Igéh%gffﬁ%éva%ﬁ@]ohle%%ggﬁsqr}ﬁbar{d\égref %ﬁ&ﬁﬁtg%g@rﬁﬁﬂ}st abl e
correl ati on nodel y be obtai.ned hy the,sequential selectiqn.qf variables
S Th £ he O BERS, AR EROSRT IS B E PY APaR et the Joided 8kl ot § on
nodel _based on statistics and nultivariate analysis other than the parti al
| east Bqugreups (antxaringcest) Mehilsh pretisdve poywareeh i/hﬁg magdel dg axamined \by

vari abl es by appropriately determning a function form and that a

correl at i puediotng astemaibling data groupij(adest setr | Bhe erdssrvalistationbhasgbeen
respective biological condition can be obtained. "Optimzation" as used
her ei n nmeased tfbatseldationr ofs dimehsidas iodnthieslatterr vardablastin| thencorfventioanl

i nprovenent is possible in the correspondi ng anal ysis conditions 25 when

the expl a?@iﬁﬁlﬂeds’ﬂshﬁbi‘eeme@lﬁ@i IS ctidewetad in thepuftial Nesn sqlilied metteodr oss
23 validation can find an opti num conbi nati on anong the entire conbinations

of the eppkrdatvntiondthedRle® difR¥nsidhng B8 t¥dnedlhd SirREbh Havidg S |
nunber of factors for determning the diseases can be identified, and an

| NeXpgRs ¥foss validation (e.g., a predictable error of a sum of squares) as at least one of

the independent variables is optimized while one or more input variables
(explanatory variables) are selected successively. However, the advantage of
the invention may be obtained without restricting the dimension of the latent
dimension to one. Consequently, it is found that a good and powerfully
15 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. The inventors also find that a good correlation model
based on statistics and multivariate analysis other than the partial least square
20 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 obtained.
“Optimization” as used herein means that the cross validation is improved until
no further improvement is possible in the corresponding analysis conditions

25 when the explanatory variables are selected, and it never means that the cross



di agnostic device such as a DNA chip, an antibody chip and a DNA content 5
vector can be designed, so that the variable selection itself is valuable.
This variable selection can be enployed together with a various type of
vari able selection conditions to be st in advance. As nentioned above,

t he explanatory variables are sequentially selected based on the cross

val idation. A function having the cross validation as at |east 10 one

i ndependent variable is used for the selection. Wien an expl anatory

vari able is added tenporarily but the function is judged not to be inproved

by addi ngaliligti6x Ehﬁ@ﬁi@éﬂ ogﬁh'n?d%' @Ombihgtisd Qhﬁdﬁg'tlfg entti® QHRbIRAADAS i
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val idation is perforned as foII vvs Part| ast s e 20 are
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sequentially, and in each nodel the obj ect variable for the b| oI ogi cal

condi t i on vatiiblenselestianigen benamipdoxed pegether avithe af variouh dype b variabissi on

| evel s of the excluded sanple(s) and then a representative value of errors
rel ati ve wsedettien comdlitions tabeabt i advaheeer ni ned. The "representative val ue"
as used herein refers 25 to a value characterizing the data such as a sum

an average, a nas mgmtioned dbowe)ithe erpldnatorp dariablesare Sequentizdly sebdctetht i on
I's judged to be inproved when the value of the function having the

R e e e e
10 one independent variable is used for the selection. When an explanatory
variable is added temporarily but the function is 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

15  variable is excluded temporarily but the function is judged not to be improved
by excluding the explanatory variable, 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

20 models are obtained by excluding one or more samples among the n samples
sequentially, and in 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

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



expl anatory variable is added or excluded. The function is continuously 5
| mproved by sequentially assessing the cross validation while the
explanatory variable(s) are sequentially selected. The selection of the
expl anatory variables is conpleted wh2h no inprovenent is judged to be
observed because the cross validation have been optim zed. Consequently,
an opti mum partial |east square nodel having a limted nunber of the
sel ected explanatory variables is 10 obtained. Actually, the processing
descri bed above is executable by enploying a predicted residual error sum
of squar esndd?REa aamoidessalweleXhetrdskealidhtien if judiged torbesimpraved athan
obtained with a calculation device, and by determning to adopt an

expl anat otle valiealfl the fhiActidh bavitiguheGepiddenitivei il @€l of eltd dttat asht Wast sum of
squares is reduced at a rate equal to or smaller than a threshold for the
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devised in an analysis™ nethod for the causal relationship. erfitting”
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probl em of overfitting because it is a powerful I'tivariate anal ysis
met hod t ia€orBRleted Whanne snpreoerient J@nuggﬂb torbn goserverberanss the ¢ophg at
the sanme 25 tinme. However, one is confronted with a situation that a
si gni fi cavelidedonth®s bgenceptimizsst ai Genseguently, (amr gptinuwme pastialy leastb| es
are dealt as in the analysis of gene expression. Since the nethods used by
Al ai ya andquémnmddsthavieg 4 mitddenbenblegob thel sele¢cted rexplanatdripmariablepieni se
that a full variables nodel is

10 obtained. Actually, the processing 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

15  explanatory 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 data used for the model fitting
since the model fails to describe a true correlation due to a too large number of
20 the explénatory variables although prediction of the model happen to agree
with the data used for the model fitting. The partial least square method is
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 dimension and model fitting at the same

25 time. However, one is confronted with a situation that a significant result



significantly valid, they cannot be used generally for selecting the
variables. On 5 the contrary, the invention can reduce overfitting by
selecting the variables so as to optimze the result of cross validation
prediction. In addition, the inventioB5provides a nethod not needing a
preprocessing such as principal conponent analysis. On the contrary, in
the prior art nethods, since a significant nodel cannot be obtai ned when

t he nunber of the explanatory 10 variables is quite large, the dinension is
conpressed with a preprocessing such as the principal conponent analysis
based on thendtibd olstaprieaiwhen y lurge mininber of eadalilbeamxgalnad dr thevaral s es
obt ai ned by the preprocessing are used for analysis. However, in this

met hod, t lpe gtk |exﬁi‘éslsﬁjif@t Sinve ¢ inddtheds wsed bysAldiga ahdsKRaidebfigbed in
construction of the nodel are inevitable for prediction. For exanple, 15
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expl anatory’ vari es’i’s ase m “on e genes
correspondi ng to the selected explanatory.variabl r | to be
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expression | evel .. Todeschini .et _al. obtai,ned a mul.tiple fegrgession analysis
model by 38 ReBPFE b, Bulbbarer deliatop Prdeidhe BY JSEIIN 5 | on by
a genetic, algorithmin order to predict deconposition of organic .coppounds
in the aﬁmgm providegyasmathed nof nesghing wnpreprreessing sueh @S PUAER8L pher e
38(5), 25 1371-78 (1999)). The nodel is constructed by using 53 conpounds
and 175 2eongpsnenptanadysisp=Cn the contrasgulin the psicscaftomeshodevEncs & i abl es
and prediction of 98 conpounds 2 = 0.75). This nethod is the sane as the
met hod i n sigméficantvimotdebrannot et obtainedambem gse amenber ofttbd explamatory

optim ze the cross validation.

10 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 the construction of the model are inevitable for prediction. For example,

15 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 corresponding to the
selected explanatory variables are required to be held on a diagnostic gene chip

20  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
algorithm in order to predict decomposition of organic compounds in the

atmosphere (P. Gramatics, V. Consonni & R. Todeschini, Chemosphere 38(5),

25 1371-78 (1999)). The model is constructed by using 53 compounds and 175
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However, because a multiple regression nodel is used, the nunber of the 5
vari abl es sel ected anong the explanatory variables is forced to be snmall,
and the nmethod cannot be applied to the analysis of the gene expression

| evel s and/or the quantities of intra2ellular substances. According to the
I nventors' experience, in a nethod for optimzing @ or PRESS, the nunber
of the selected explanatory variables ranges from hundreds to several
hundreds, and nmultiple 10 regression nodel cannot be applied to the

anal ysis. T odeschini et al. does not nention any effective nmethod for

sel ect i ng deberiptopd @Dt OrA9) tareslit isselddtion dfsevbr caniabldstandprdictiat of he
candi date of the original explanatory variables is 175 at nost, and it is
not neces9g8raorhpowde¢Q? t=h0.755p| Phist wethod s de esmeHayeNe methdd irh €he

anal ytical field of gene expression quite different fromthe nmethod 15

descri bed jphfitfon inthaltHED@Aridt]led R LARMISS 85tPbpliffzEUR] G084 PaldMir. abl es

anmounts to several hundred and several thousands, even several tens
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quite differen rom S required. e correlation nodel
bet weep a_bhi.o Il cal, condition an ne. .20 tession, |l evel sanl t he
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correl ation el is obtaineq.in this egbodinment b sel.ecting th

bl anat oRgethar icapnes begPElEd sis Arg R e, SRTGRIG Ly STe A%t or y
variable so as to optinize a function having the cross valjdation as, at

| east one thed@prntitiss: of aintiatedlulay substagees. of A¢0Edingnteadhe alyeRdonso) | ows,
25 as will be apparent from the exanples explai ned bel ow. 27 A) |nportant
genes and expetientiesirsa methpd or ﬁpmzm@bobﬁﬁﬁsﬁ,fﬂ@ nuinbenebtheriglegted

bi ol ogi cal phenonenon can be estimated or identified and they can be
under st ooéxplanatory variables ranges from hundreds to several hundreds, and multiple

10 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 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 from the method

15 described above, the number of the candidates of the explanatory variables
amounts to several hundred and several thousands, even several tens
thousands, for 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

20 expression levels an/or the quantities of the intracellular substances is
determined, a good correlation model is obtained in this embodiment by
selecting the explanatory variables by sequentially adding or excluding an
explanatory variable so as to optimize a function having the cross validation as
at least one independent variable. Advantages of this approach are as follows,

25 as will be apparent from the examples explained below.



B) An inexpensive diagnostic material (such as a DNA chip and an 5
anti body chip) can be designed by selecting a target to crucial gene
products and intracellular substances. In this enbodi rent the explanatory
vari abl es are sel ected sequentially s&7as to optimize a function having
the cross validation as at |east one independent variable. For exanple,
foll ow ng neans may be conbi ned: neans 10 for selecting the explanatory
vari abl es as represented by a stepw se nethod, neans for calculating the
cross validation by applying the partial |east square nethod as
represented by #dmpenantogenesianchmdebdnismsaworking irdthacbackgraundeifya
assessi ng adopti on and non-adoption of a explanatory variable by assessing
t he resul tiseas¢ hadcabinlbgicabphememenon ranthecestimated dhilemtiified amd t5eyand
non- adopti on of a selected explanatory variable is decided by sel ecting at

| east one cex peamdletstpod avélhbl e anong m expl anatory vari abl es, cal cul ati ng
cross validation by executing the partial |east square nethod, and

assessing the B?'&H'iﬁéicﬁéhs’i\ﬁ‘eg'dlié _dsﬁctlhﬁte%fai;e{%éf?%’a mgade hRE dresul t
of the calculation, a representative value of the error is obtained in

cach o8! cuhabbap AEHER0 NP Fbldhg aPkegdd RS Blduce |
obj ect vari @ﬁhgﬁ‘?@]&égfg&‘%}%%‘gﬁ%%cal condition of the excluded sanple. Then,

the sel ecff" Ty variable is decided when the
representative yalue of, the error of . .the nonotqnically.decreasing.
funct:on. - havi nif this SebrdBaicahe saPimeor it A feleded SRl e o
25 i ndependent vari abl es, gﬁcreas s. .The_function having the ¢ross
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I ndependent variables is continuously inproved by using the selection,
cal cul at | mdmd@nseanﬁblﬁatﬁov@xam&s%séu@mmagnmmbbe cepiipediinpanto

i nprovenent is observed, and the
10  for selecting the explanatory variables as represented by a stepwise method,

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

25 independent variables, decreases. The function having the cross validation of




partial |east square nodel is determ ned. The sanple is excluded one after
one 5 sequentially in this enbodi nent (|eave-one-out nethod). However, a
plurality of sanples nmay be excluded to assess the cross validation

(l eave-n-out method), or another neth@8 such as three-fold nethod used by
Khan et al. may be used. 1In the three-fold nethod, the explanatory

vari ables are randomy shuffled to divide theminto three groups. A nodel
is constructed using two of the three 10 groups, and it is assessed for the
remai ni ng one group. Alternatively, a stepwi se nethod or a non-Ilinear

al gori t hmtheiqartial feagesqtiare ahethodtdsmatrigash eoneu s dnélepersddrt ctanapleés

expl anatory variables. The range of the search may be restricted when sone

condi t i ongoAfifutYinproRed a5Pesing the Sde@Rirg Calcilatidn g disefihaRheee 15
Next, data acquisition and analysis will be described below in detail.
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type of diseases and degree of disease a ncenent) of sone sanples are

di scrim n?)%ﬁgar% 19@%}332&3 {né) el %&eﬁrﬁ@%ﬁ 'flllé)ghm fecﬁs%@‘cl: u eﬁ'dué afféone

col l ected o neas e exp re sion lTeve many gene
products usin cofqcal |aser. s array
Scanner mitd g7 eRPpghaeRt (Jefs 95750 BE3RRY %‘%Mis% Pﬁ%@-ﬁfy
mMRNA by ab orba ce n]g]?is red data, are seni tQ a ut er
anal yzed Ch&E ePHBa}E £ 40 aggess the stpss validghen aﬁ \ﬂ“ﬂ‘tj E‘e 14, and
nmeasured data 18 and_a data analysis program 20 are stored in recor d| ng
medi um ( e 0§ anothes anethgdsyuch; as thressfold maethod usgd l?}/hKha{l@tg‘ll may Ib&rltfeéi sk
drive) 16 connected to the conputer. The 29 data 18 is analyzed with the
dat a anal ysitbe ghuagrfobd 20ethoddd ‘elewp}amaéprgfovareﬂdes ere ramdiemlyh shubfled the
bi ol ogi cal condition and the gene expression | evels. Selection of the
expl anat oryviderthain #fo ahrkecgdoupisat A anoderis appbtrizcigdt ising two of the three
10 groups, and it is assessed for the remaining one group. 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.
15 Next, data acquisition and analysis will be described below in detail.
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
20 chips. A cofocal laser scanner 10 (e.g., a 428 array scanner manufactured by
Affymetrix Co.) is used for the measurement of mRNA by absorbance. The
measured data are sent to a computer 12 and analyzed there. The computer 12
has a usual structure having a CPU 14, and measured data 18 and a data

analysis program 20 are stored in a recording medium (e.g., a hard disk) in a

25 data storage unit {e.g., a hard disk drive) 16 connected to the computer. The



"partial [east square nethod to the prediction of cross-validation may be 5
executed by a plurality of conputers 12 in order to accelerate the
cal cul ati on by dispersing the cal culation of prediction of cross-validation
to the computers. Fig. 2 shows a flowRhart of the data anal ysis program 20
executed by the conputer 12 for obtaining a correlation nodel between the
bi ol ogi cal condition and the gene expression |levels. Wiile -PRESS is
enpl oyed as a 10 function having the cross validation of the partial |east
square nodel as at |east one of independent variables, this does not
restrict tdata 18 isentalywed witth thiefdata endlysik prrogiam 2040 eeteradné a doxeelptics 2 to
5 in fact. In a first step, data for preparing the correlation nodel are

recei ved @fddel betiveert tHerbibiszibdBndftidregid thevdrie éprBbifos lvels, The i nput
data (a sanple set) has a respective object vari abI e (e.g., 15 diagnostic

i ndex) and m (egglectign ¥ Ghe ‘%&Blaﬁﬁ%@r Vaﬂa?dlb@?h& Sal@&ion ?&eagglﬁb&% the

expression |evels). Qherw se ata of the test set are ed in

addi L1100 L8ribifeaBPUealla Aeftiod 18] B Braficlion B r684y it gyl BTl

does not an a roup Tor assess cross-va it may
be a data r edi r after t
dot or npnod%e3eeid 4 bfelBEer RiraPulist 17 P 815 B Shetal® P Eeuleiion
initial seftin oze nd. t he best ue CVo,of the cross
vali dat oﬁﬁw?@ 3o SfbulaBio iy Ational cromev A RIARRECOPS oMM UE oo ar e
sel ected. The nunber i ndeX| ng, an explanatory variable i s set tq 1 (S14),
the i-th vari abFig- (%Wé)@pﬂ@‘é@h@)‘ﬁ crfethew}ata @na{ YsifpBregtany 2 ﬁ@efs@léts d(byi6)
and the partial |east square nethod is applied to 25 cal cuI ate the cross
val i dat i oth¢ Soenputer 12 80 r Pptaining ¢ cowrelationpmustel sheteen Hee diglogicali i
the cal cul ation. For exanple, in this processing, a result predicted |n
the trainicogditizin hadithe géhe arptessionblevelsiaWhibe -PRESSE empdbyedt aexc| udi ng
sequentially one sanple fromall the first to 50th sanples is conpared with
a 10  function having the cross validation of the partial least square model as at 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 collected with a

DNA chip. The input data (a sample set) has a respective object variable (e.g.,

15 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-validation, but it may be a data group for testing

predictive power after the model is determined.

20 The number of the explanatory variables selected at the initial setting is

set to zero, and the best value CVy of the cross validation CV is set to —o (512).

Then, the explanatory variables are selected. The number i indexing an

explanatory variable is set to 1 (S14), the i-th variable (gene expression level) is

temporarily adopted (516), and the partial least square method is applied to

25 calculate the cross validation (518, see Fig. 3). Leave-one-out processing is



result predicted fromeach of the excluded sanples, and the tenporarily 5
sel ected explanatory variable (that is, the i-th variable) is judged not
suitable when the error of the conparison is large. The i-th variable is
adopted when the results CV is nore offdi ni zed than the current best val ue
Cyo (YES in S20), and the best value CVo is updated by the result CV
(S22). However, when the result CV obtained is larger than the best val ue
CVo (NOin S20), the i-th 10 variable is not adopted (S24). Then, the
process returns to step S14 to repeat the sane processing. This processing
I s repeat ethplayed imthe cglculationntFor exhmphe) inthistgrecessisg ammsultgiredivtdédNO i n
S26). The result CV is discrimnatively assessed stepw se by increasing
(adding) o thieefadapret haxgU50 sahpldicbe remandhgny savdplesafter kRcladigopt ed

one after another in the correlation nodel. In other 15 words, each
expl anat Ols¥qiyeHti &né §a1§1?l@ﬁ‘o?ﬁ| ablytheefrse 1 i5at ¥a1hg15&' BEorsirearwithhe
expl anatory variable to be added to the nodel inproves fitting in total.

oS R T, MRy D 1,
| o AT O I 8 A0 e, ™
celected. The 8018, ansl zed Lh, 1S, 20oHS: TRTLLanEH BroEeash g by vsino

froma data set in_order to decide predictable _power of_the nodel, Since
the anal y§h%f‘§ﬁ“@fé§:\o’ e My \RptHRIvedshan the surreng pest galng %&E%}Ih??@: set, a
test set is predicted fromthe result to assess fitting of 25 the neasured
data (S28pndahehssymalughVaissepdatedtby thenesul| WA ((E22)e ddpwener,iwhen tlg
effective for deciding the predictable power. Fig. 3 shows a flowhart of
t he cal culresulo€\ Fibgaingd S1RYger thdre the dest vahie €36 MNOCiIn iS20), uthienigth he
| eave- one-out processing. The result of cross
10  variable is not adopted (524). Then, the process returns to step 514 to repeat the
same processing. This processing is repeated until no improvement is found on
the cross validation (NO in 526). 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
15 words, each explanatory variable is selected by sequentially judging whether
the explanatory variable to be added to the model improves fitting in total.
This process is repeated until no improvement is observed in fitting in total.
The flow returns to the start at step S14 with i=1 when the result is improved by
the processing above, and the selection of the explanatory variables is repeated
20 based on the explanatory variables already selected. The data are analyzed in
the above-mentioned processing by using a data set or a training set as one of
two data sets divided in advance from a data set in order to decide predictable
power of the model. Since the analysis gives the above-mentioned result by

using the training set, a test set is predicted from the result to assess fitting of

25 the measured data (528). Although such assessment is not always required, it is



val i dation of the selected variables is calculated in this process. At
first, the 5 initial value of PRESS is set to O (S180). Then, the nunber |
indicating a sanple in a set of n data is set to 1 (S182), and the parti al
| east square nethod is applied to n-13banples except the j-th sanple
(S184) to predict the object variable of the j-th sanple (S186). A square
of the difference is calculated and added to provide PRESS (S190).
Subsequently, one is added to the nunber j (S182) and s 10 simlar
operation is repeated. This processing is repeated for each sanple until i
~n. PRES&f@&i\egﬂ@e@ehmihgitﬁepmdi&@bnapmmgpf squares of the difference
between the predicted val ue cal cul ated by excl udi ng one sanpl e

sequentially anﬁi%@shﬁﬁ@%‘%é@rﬂ%f tﬁ@%_alc‘%ﬂ’ét?&?@%.@ B8Ylicttipd @bgLr. The
val ue having an i'hverse sign of the predicted resi ual ertor sum of

squares (BPRE | ef ] oghe D = val i daty I S192).
The cr ossla\ggﬁ§ %%I%%ﬁ {r@@nkPﬁggsgﬁi%so%eg?ﬁﬁéﬁ%ﬁnhg?hi@g%ﬁfﬁgncggsz\(/mi | e

t he i nput _variable ex or V. ri.ab] e e XC epw se
one after vSﬁg?ﬂ%ﬁ" ogﬁﬁssl%lﬁ%pﬁg 4 IP%@§ -@5?&3‘%@% gn?}ﬁ%ﬁa&%,&,é&ﬁ@gﬁ i
construction jethod escrib ow,as exanples for..easy recognition
of 20 8ne ibebyslue IR sehie e Shes BerebuRer LARIGH e ASFRHk. o
They differ fromeach other_in the procedures of sequential  sel eclti n of
the expl aiaagetof i datasisetto F(9L82) anddhe partinkleastpgugermeshod rapplid i ng a
nmodel . An initial sate is defied when any explanatory variabl es are not

sel ect ed tonthsardples excepy ibejjzh sanpgge (R4 to predictithaeebjacteariablopéther t he
cross validation is inproved or not by 32 selecting an explanatory variabl e
(S120) whi-tle sample s(S386kntA siqearefoft the differencesid icaletlated (&rid g)dded teepeat ed

with the | eave-one-out processing for every explanatory variables that
have not peevided!REIF($196). Subsefaehtly sdne io aldaleti torthe mumber j (S182) and s

10  similar operation is repeated. This processing 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

15 cross-validation result CV (5192).

The cross validation (CV = —PRESS) is optimized in this embodiment
while the input variables (explanatory variables) are added or excluded
stepwise one after another by using the cross-validation method. Five model
construction methods are described below as examples for easy recognition of

20 the stepwise addition and exclusion of the explanatory variables. They differ
from each other in the procedures of sequential selection of the explanatory
variables.

Fig. 4 shows a first method for constructing a model. An initial sate is
defied when any explanatory variables are not selected in the data set (S112).

25 Then, it is discriminated whether the cross validation is improved or not by



B —— ,
vari abl es, and the explanatory variable is added when the cross
5 validation is inproved (S114 to 5124). The sequential discrimnation
operation is repeated fromthe first explanatory variable until no

i nprovenent and addition are possible3ZNO in 5126). In nore detail, the
nunber NP of the sel ected explanatory variables is set to O while the best
val ue CVo of the cross validation CVis set to -ao (5112) as 10 the
initial setting. The explanatory variables are then selected. The variable
I is set to 1 (5114), and the i-th variable is tenporarily adopted (S116).
However, stleeting anesgplamdtornyatiablet ($h201dhileanadsessrenthsteprofathleecrbsss been
al ready adopted (YES in 5115). Subsequently, the cross validation CVis
cal cul at egalidatieRPiST18)0 i$ reppatetli afith ahst leagedne-diett pestecSihgBYorusvag t he

| eave- one-out 15 processing. The i-th variable is adopted en the results

CV obt ai ”%le'aﬁafﬂ?agvaﬁdﬁl’é§&%‘{' HaR@hdteRgtlecyal yet FVthe AR thhastf @Ry best
value CVo I's renewed by the result CV (5122).

wever, the i-th variable
'bgsP°tvai"‘S%%%ﬂ%%%z‘?%i@}%ﬁ“ﬁ%?§#{ah§t°§$’o‘2%£@1?§?SFEISH?%*‘%?;%@%{%%?“;EQG
cross al vaarah amaraR BIEE to 82D ThibfRteRRe Mis-rbERaBLRDeHMdn o ¢
agai e ande sebeated 1R B ISt RieTinatast [aRBI HRET AR (IATBYSeBt Al a e
herein based on the variabl es that have been sel ected before. A

correl at i afdifinreare possible (INGHNRI20)i ng t he vari abl es sel ected by the data
set. 25 Fig. 5 shows a second nethod for constructing a nodel. The initial

state 33 is def Imaaonerdetad) the: membep N af the selactpd sxplanaterys spkiables i 5212) .
Then, whether the cross validation is inproved or not by excluding an
expl anat osgt tod) whiilledhe bestdvalue GWonaftthd ctB23G)idatiohd" Vs setdossntiiil2saep
(S218) of the cross validation is
10  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 the leave-one-out
15 processing. The i-th variable is adopted when the results CV obtained is more
improved than the best value CVy, and the former best value CVy is renewed by
the result CV (S122). However, the i-th variable is not adopted (5124) when the
results CV obtained is not larger than the best value CVp (NO in S120). Then,
the process returns to step S114, and the same processing is repeated. This
20 processing is repeated until the cross validation CV is not improved any more
(NO in S126). When the result is improved by the above procedure, the process
returns to step S114 again, and starts a new loop. The 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 the data set.

25 Fig. 5 shows a second method for constructing a model. The initial state



repeated using the | eave-one-out processing for every explanatory variable
that 5 have been selected yet in the first to last (mth) explanatory

vari abl es, and the correspondi ng explanatory variable is excluded when

i nproved (5214 to 5224). The discrinid&tion procedure is sequentially
repeated fromthe first explanatory variable until no inprovenent is
observed (NO in S226). In nore detail, the nunber NP of the selected
explanatory variables is 10 set to mwhile the best value CVo of the cross
validation CVis set to -o00 (5212) as the initial setting. In other word,
al | expl amadefined whenallehexplaratoryseiréatieshare seheeted (5222 xPhem avhather

vari ables are selected. The variable i is set to 1 (S214), and the i-th
vari abl e itlke &®apealidatiyn éxithpeiedd 62469 by bhyl/admf ah rethma arfgtilelins to
step 5214 when the i-th variable has been already excluded (YES in 15

5215) . SulsesinRhted (szae)ne\ﬂﬁfes@uv abseaﬁhbﬁnsﬁ! (BREB)CAH thiel @bsesl vNdaen ¥ ng t he

par]t | alj | east square nethod (5218). Then, e | eave-one-out processing is
opti m zeattiated et el anBUEt PRRstbe bl T IxplaiofPVARBE thit T2 U
vari abbe. FEVRaResfeledl fR wfypt OF Bt (Eeth dEufrteny BRHlablkipri Uk,

| arger than the best value, CVo .n S22 hen, the fJ t to
o1 o5 5214 COTRPANIENG SR RS P i eRipae adttimbryed G2 g 02D,
repeated until_the cross validgtion CV is nat.  inprove ny mote ((NO in
5226). WheR€t rlisGraRnation PF&?P@V% By jeqaenpally T %@%u&é&mt ef I(fBW
returns to step S214 again, and starts a new | oop. Selection 25 of the
vari abl es explapatnsyivagiable until po irgrovement 1§ absaBPd INQH SPf)e been 34
sel ected before. A correlation nodel is obtained by using the variables
sel ected by thén daore detail, egnudmbeh NI of thdselected taxplariatery yagablgs is ng a
nodel . This nethod is a

10  set to m while the best value CVp of the cross validation CV is set to —w (5212)

as the initial setting. In other word, all explanatory variables are then selected.
Then, the explanatory variables are selected. The variable i is set to 1 (S214),
and the i-th variable is temporarily excluded (S216). However, the process
returns to step 5214 when the i-th variable has been already excluded (YES in
15 S215). Subsequently, the cross validation CV are calculated by applying the
partial least square method (S218). Then, the leave-one-out processing is
applied. The i-th variable is excluded if the results CV obtained is more
optimized than the best value CVp (YES in $220), and the former best value CVy
is renewed by the result CV (5222). On the other hand, the i-th variable is not
20  excluded (S224) when the results CV obtained is not larger than the best value
CVo (NO in S220). Then, the flow returns to step 5214, and the same processing
is repeated. This processing is repeated until the cross validation CV is not
improved any more (NO in 5226). When the result is improved by the above
procedure, the flow returns to step 5214 again, and starts a new loop. Selection

25 of the variables is repeated herein based on the variables that have been



conbi nati on of the first and second nethods connected in series. The
initial 5 state is defined when no explanatory vari ables are sel ected
(S112). Then, whether the cross validation is inproved or not by selecting
an explanatory variable is discrimna3ed while assessnent steps of the
cross validation are sequentially repeated by using the | eave-one-out
processing for every non- sel ected explanatory variable of fromthe first
explanatory variable to the last 10 (mth) one. The explanatory variable is
additionally selected when the result is inproved, and the sequenti al

di scri m ngélecteddieforr! | Arerreliorepedebd clitainelrty usingrthe variablestselxfddanat ory
variable until no inprovenent is observed by adding the variable (S114 to
S126) . Suggqgggghigﬁ_whether the cross validation is inproved or not by
excluding an explanatory variable is discrimnated while 15 assessnent

steps of the cr gs ol ol bARd HAnsAIERUARMIrEoPRRIRE ThISWR sa

| eave- one-out protessing Tor every se explFanatory vari

the first explanato variablg t e. last: ( n ry
vari abl e Fgm%%gg%zﬁsfﬁﬂgrsggﬂfﬁ mgﬁ’\%%rgog\f%@?tegnﬁi £ %lggss‘ ?&Eéeﬁpﬁé

di scrim nation eratiqns are repeated starting for h LISt | anat ory
vari abPe G&i#§ 1 rfg i"‘ﬁiﬁ’b\%’nﬁm $OLY oYrI %%%5? s@i?fhfgi(ﬁyihe%\xl}gﬁ abl e
(S214 to 5226). Fig. 7 shows a fourth nethod for constructing nodel . This
met hod i s whetherdthe exass dralisationeist IMPT@vRd: oBot PReseleqtingapn S@planataryyef i ned
when no explanatory variables are selected (S112). Then, it is,

di scri m nxagdblenist discrintivategr wahiley asseszmeninsteps ofpthsy etpssrvalistation aeg ecti ng

an explanatory variable (5120) 25 while assessnment step of the cross

val i dat i osequiitBlyi sepeatpderityi abing thep deaveebrinyo@5 predassinghforl eweny- nop- out
processing for every non-sel ected explanatory variable of fromthe first
expl anat ogylevtedi eXplendtory Rariabkt of froththefiest ekpdaratptyavatiable tovtie labt e i s

additionally selected when the result is inproved (S114 to S124), and
10  (m-th) one. The explanatory variable is additionally selected when the result is
improved, and the sequential discrimination operations are repeated starting
from the first explanatory variable until no improvement is observed by adding
the variable (5114 to S126). Subsequently, whether the cross validation is
improved or not by excluding an explanatory variable is discriminated while
15 assessment steps of the cross validation are sequentially repeated using the
leave-one-out processing for every selected explanatory variable of from the
first explanatory variable to the last (m-th} one. The explanatory variable is
excluded when the result is improved, and the sequential discrimination
operations are repeated starting form the first explanatory variable until no

20 improvements are observed by excluding the variable (5214 to 5226).
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 (5112). Then, it is discriminated whether the
cross validation is improved or not by selecting an explanatory variable (5120}

25 while assessment step of the cross validation (5118) is sequentially repeated by



the sequential discrimnation operations are repeated starting formthe
first 5 explanatory variable until no inprovenent is observed by addi ng the
variable (NOin S126). Next, it is discrimnated whether the cross
validation is inproved or not by excl8ling an explanatory variabl e (S220)
whi |l e assessnment step (S218) of the cross validation is sequentially
repeated by using the | eave-one-out processing for every sel ected
explanatory variable of fromthe first explanatory 10 variable to the | ast
(mth) one. The explanatory variable is excluded (5214 to 5224) when the
resul t i s using theddavabptletdut processittg fir eviesy nonisekictarhexplanatirgnariable
repeated starting formthe first explanatory variable until no inprovenent

i's observed flRymakefitd eg?lfah otgrvaiible (Oehé Tastiabih) die Thevexpbindtesy t o
step S112 when the res is inmproved at | east once (YES in 5227) in the

sequent i akbyiadR Q'aaﬁiﬁéﬁd]@t&‘l’e&&ﬂkﬁﬂeﬁnchbff@&ﬂi’ rovedRSPI4 ﬁﬁg}m:eratl g:ns (8112

di scrim nated exclusion Irnprovenent step, and the above op
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variables of fromthe first explanatory variable to the |ast 25 (mth)

expl anat oof thar¢ress ovalitlabionxisl sequentipllyarepestesl by usiangd thehdeaveneng-eutil t 36
Is inmproved (S114 to S124). On the other hand, it is discrimnated whether

t he crosyproassingtfoorvesy selprtod @t planabaty h;tieé:)le lofi fiiomg the fiestphxplanatory
vari abl e (S220) while assessnment steps (S218) of the cross validation are

sequen@i akayiabRpratikdlast (m-th) one. The explanatory variable is excluded (5214 to
5224) when the result is improved, and the sequential discrimination operations

are repeated starting form the first explanatory variable until no improvement

is observed by excluding the variable (NO in 5226). The flow returns to step

5112 when the result is improved at least once (YES in 5227) in the sequentially

15 discriminated addition improvement step or sequentially discriminated
exclusion improvement step, and the above operations (5112 to 5227) are
repeated. This flow is repeated until no improvement is observed (NO in $227).

Fig. 8 shows a fifth method for constructing a model. This method is a

parallel combination of the first and second schemes. The initial state is defined

20 when no explanatory variables are selected (5112). 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 repeated by using the leave-one-out processing for every non-
selected explanatory variables of from the first explanatory variable to the last

25 (m-th) explanatory variable. The explanatory variable is added when the result



when the expl anatory vari abl e has been already sel ected. The expl ahatory 5
variable is excluded (S216 to S224) when the result is inproved, and the
sequential discrimnation operations am%e repeated starting formthe first

expl anatory variable until no inprove ts are observed by adding or
excluding the variable (NOin S126). The case when the fourth nethod for
constructing the nodel (Fig. 7) is 10 applied is described bel ow by using
the data set in Table 1 as an exarrpl e. A correlation nodel corresponding
to this data set is detern ned anal ysis with the partial ]east square
met hod. Theimprayed (§144 te ﬁéz‘ﬂat@n ithe pHligrehand, 4t woilsqwamatﬁé ’r'thﬁ of t he
expl anatory variables are reduced to only 19 for easy explanation.

Tabl e 1, ptosseplidstion is trapooyester naf bunbkdudingam explanptuoy Mariable &éﬂl the
expl anatory variables (data in pl6 and thereafter are omtted in Table 1
for the covhibnasessmerit steps (3218} obthe ctoss calitiation are seqeqstidlyl feprateds214
in the fourth method (Fig. 7), I representing an explanatory variable is

sequent i akherP HRE espRehatdryt Reriabléchsse beer! Qilre@ﬂg’p@edtédp 2Thd hexpilaredost ed
residual error sum of squares (PRESS) is adopted herein for assessing the

Cv val ge. viRghiliss eRtuaed @55@ P BD3DGIHAA a5 TeRAMAL inYirovid, GMdvaele. The
nunber NP 0 the expl anatory variabl’e is 0, and PRESS = o0 (or CVo = -00)
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The case when the fourth method for constructing the model (Fig. 7) is
10  applied is described below by using the data set in Table 1 as an example. A
correlation model corresponding to this data set is determined by analysis with
the partial least square method. The number n of the data in Table 1 is 10, and
the number m of the explanatory variables are reduced to only 19 for easy
explanation. In Table 1, pl represent the object variable, and p2 to p20
15 represent the explanatory variables (data in p16 and thereafter are omitted in
Table 1 for the convenience of presentation). In contrast to steps 5114 and 5214
in the fourth method (Fig. 7), i representing an explanatory variable 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
20 smaller PRESS means better assessment of the CV value. The number NP of the

explanatory variable is 0, and PRESS = « (or CVjp = -} in the initial state.

25



4 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, 634 0, 816 0.806 0.42 0.572 0.957 0. 12
0.696 0.833 0.051 0.377 0.849 0.4 6 0. 455 0. 587 0. 721 0. 53 0. 252 O,
434 0. 882 0. 486 0. 741 0, 243 0. 8933D. 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
0.899 0, 71 0.924 0.792 0.486 0.329 0. 501 0.076 0.5 10 0. 54 0. 021 O.
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 10 38 5 25 Table 2: Result of selection of variables in 10 steps
on data in Table 1 1 ADD p20 0.111 p20 2 ADD p18 0.090 pl1l8 & p20 3 ADD pl6
0.073 pl6 & pl8 & p20 4 ADD pl0 0.073 pl0 & pl6 & pl8 & p20 5 ADD p6 0.062
p6 & pl0 & pl6 & pl8 & p20 0 00 6 ADD p3 0.060 p3 7 ADD pl2 0.055 p3 8
EXCLUDE p20 0.053 p3 9 EXCLUDE pl10 0.050 p3 10 ADD pl3 0.048 p3 & p6& plo
& pl6 & pl8 & p20 & p6& pl0 & pl2 & pl6 & pl8 & p20 & p6& pl0 & pl2 & pl6 &

5

Table 1: Data for 10 samples

# pl p2 p3 p pd p§ p7 p8 P9 pi0 pll pl2 pl3 pld pls
10.713 0.105 0,782 0, 425 0, 164 0.023 0.696 0.543 0. 333 0,691 0.336 0.668 0.017 0.061 0.5
2 0.133 0.009 0.071 0.002 0. 793 0.872 0.092 0,391 0.63 0.241 0.517 0. 369 0. 166 0.84] 0.1
30,545 0,193 0, 765 0. 334 0. 109 0.538 €.578 0.652 0.38 0.501 0.729 0.91 0.865 0.389 0.8

4 0.752 0.915 0.472 0.999 0.798 0.363 0.622 0. 487 0. 353 0.967 (. 778 0.484 0,517 ¢.982 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 0.061 0.377 0.849 0.4

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 0,692 0.695 (.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 0.688 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 ¢, 54 0.366 0,899 0,71 0,924 0.792 0,486 0.329 0,501 0,076 0.6

10 0.54 0.021 0.505 0.224 0. 724 0.431 D.071 0.968 0.482 0.322 0.773 0. 543 0. 353 0.107 0.9

10




& p6& pl2 & pl6 & pl8 & p6& pl2 & pl3 & pl6 & pl5 The variables are treated
in the inverse order of p20 to p2, as described above. The nunbers in the
| eft most columm in Table 2 show 10 steps in which the result is inproved
by selecting the variables. "0" means 3he initial state. "Addition" and
"Exclusion” in the next colum nean operations in the 39 addition |oop and
in the exclusion |oop, respectively. The variable in the third colum show
t he added or excluded variable. The figure in the fourth colunmm are the
result of the cross validation (division of PRESS by the nunber of the
sanples). The fifth colum shows the variable(s) selected at the step. 5
There is no variable at all at the initial state, and PRESS is set to co
(infinity). As shown in Table 2, when p20 is adopted as expl anatory
variable first, PRESS is 0.111. Then the explanatory variable p20 is added
since the result is inproved over the initial value. Then, when pl9 is
adopt ed as explanatory variable, pl9 and p20 are used as the expl anatory
vari abl es. However, pl9 is 10 not added since PRESS = 0.129 or the result
is not inproved. Next, pl8 is added and PRESS = 0.090. Then the
explangtory variable pl8 is added, and pl8 and p20 are used as expl anatory
vari ables. The procedure is continued thereafter simlarly as shown in
Table 2. (It is to be noted that pl0 is added since the result is inproved
at fourth decinmal place). Wien the first |loop for the 15 explanatory

vari ables p20 to p2 is conpleted, the explanatory vari abl es adopted

i nclude p3, p6, pl0, pl6, pl8 and p20, and the result is PRESS = 0.60. In

the seco t he .expl anatory vari ab 12 is,addeq, the result of
press < g abls ¥ Reshlt ot GelrelR of kiribfies it 16 sBps o dalp iodahBil | o observed by
addition, and the additional processing of S114 to S126 are conpl eted, and
the fl ow

0 oo -
1 ADD p20 0.111 p20

ADD pl8 0.090 pl8 & p20

ADD pl6 0.073 pl6 & pl8 & p20

ADD pl0 0,073 pl0 & plé & pl8 & p20

ADD p6 0.062 p6 & pl0 & pl6 & plB & p20

(=~ TN~ B N

ADD p3 0.060 p3 & p6 & pl0 & pl6 & pl8 & p20
7 ADD pl2 0,055 p3 & p6 & pl0 & pl2 & pl6 & pl8 & p20
8 EXCLUDE p20 0.053 pl3 & p6 & plO & pl2 & plb6 &
9 EXCLUDE pl0 0.050 p3 & p6 & pl2 & pl6 & pl8
10 aApD pl3 0.048 p3 & p6 & pl2 & pl3 & pl6 & plb
25
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 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



20 proceeds to 5214. The result of the partial
prediction
3. Table 3 shows the result of the partial |east-square fitting and
| eave-one- out prediction when the prog®ss is advanced to step 7 in Table
2. The error between the cal cul ated val ue and neasured val ue for nodel

predi ction and 25 | eave-one-out prediction are shown. A nean square of the

errors,

a square of 40 the correlation coefficient R and a square of the

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

Tabl e 3:
predi cti onLeave- one- out

30. 5450.
50. 9000.
70.4270.

90. 9350.

10

15

20

25

Rdditidreloop ancdat thmexdusiendpop, espddcbiety. 2The dalriable in the third

4970. 0480. 4800. 065 40. 7520. 6460. 1060. 4950. 257

637@t1'?elfé%uﬁ5310ﬂ§4§'0§§’ vﬁﬁé%ﬂ@gdﬁlﬁ%%fm By':ﬂthe number of the
624-0. 1980. 672-0. 245 80. 0420. 349-0. 3070, 517

8@&1%%991’}7% I:EﬁuﬁﬂQ,h&éé‘%hé%Z:lleQ(’s‘j‘Qel%@édﬂatjtﬁg s%p0930- 0240. 055

There is no variable at all at the initial state, and PRESS is set to «
(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 improved over the initial value. Then, when p19 is adopted as explanatory
variable, p19 and p20 are used as the explanatory variables. However, p19 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 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 p12 is added, and the result of PRESS =
0.55 is obtained. In the third loop, no improvement is observed by addition,
and the additional processing of S114 to 5126 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 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

| east-square fitting and the
by | eave-one-out processing at this nonent are shown in Table

predi cti on #Measur edCal cul at edEr r or Cal cul at edErr or
val ueval ueykinie sROwthdGidited 6k &4I0d&D3riABe. ZthelBgufe 5. fbapthlcdlatth 184



R2=0. 744 2=0.407 In the first loop starting fromstep S214 for exclusion
of variables, the result is inproved by excluding the variables plO and
p20. In the second | oop, 10 no inprovenent is observed, and the steps S214
to S226 are conpleted. Then, the flow@eturns to S112 agai n based on the
decision at step S227. In the first [loop in the next addition processing,
only addi ng of pl3 causes inprovenent, 41 but in the second |oop, but in

t he next exclusion processing no inprovenent is observed. The flow returns
again to step S112, and the processing is conpleted by confirmng that no
i npr oveneihe correlation\cedfficierst R pad Qlstphatre oSflitcprdictable cotrsiiatiG? faktdro (5 226.
Thus, six variables of p3, p6, pl2, pl3, pl6 and pl8 are 5 selected to
obtai n a pesshdwAkt IRESSHtomGbLfAA8 taplbe detail s are shown in Table 4. Table
4 shows the partial l|least-square fitting and the | eave-one-out prediction
when the processing is advanced to step 10 in Table 2. Table 4: Results of
treatnent at step 10 in Table 2 Mdel prediction Leave-one-out #Measured
Cal cul ated Error prediction value val ueCal cul ated Error val ue

10. 7130. 771- 0. 0580. 6630. 050 20. 133-0. 0130. 1460. 0410. 092

30. 5450. 610- 0. 0650. 595- 0. 050 40. 7520. 5240. 2280. 3800. 372

50. 9009. 6960. 2050. 5430. 357

Table 3: Results of treatment at step 7 in Table 2

Model prediction Leave-one-out
prediction

Measured Calculated Calculated
# Error Error

value value value
1 0713 0.757 -0.044 0.693 0.020
2 0133 -0.056 0.189 -0.051 0.184
3 0545 0.497 0.048 0.480 0.065
4 0752 0.646 0.106 0.495 0.257
5 0.900 0.687 0.214 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 0154 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 5214 for exclusion of variables, the

result is improved by excluding the variables p10 and p20. In the second loop,

10 no improvement is observed, and the steps S214 to 5226 are completed. Then,
the flow returns to S112 again based on the decision at step 5227. In the first

loop in the next addition processing, only adding of p13 causes improvement,



60. 4550. 591- 0. 1370. 623-0. 168 70. 4270. 638-0. 2110. 696- 0. 269
80. 0420. 189-0. 1470. 268- 0. 226 90. 9350. 8410. 0940. 7560. 179
100. 1540. 209- 0. 0550. 294- 0. 140 0. 0930. 0220. 048 R2=0. 765Q2=0. 482 10 The
partial |east square nethod is considetkd efficient when the nunber of the
explanatory variables is large, but a result of PRESS = 0.124 is 42

obt ai ned as shown in Table 5 when the full variables of p20 to p2 are
adopted as the explanatory variables. This nmeans that the | eave-one-out
processi ng has a poorer result than the error fromthe average val ue
(0.093). butrimpthe scopddappsbu in theataxs grclipion processing NRHMEoXEBeRl ébt ed
Model predictionLeave-one-out prediction #Measured Cal cul at ed

Er r or Cal c obseredd ETherflomiirelearns agaial westa SYI3 @ndithe. [potessingy . cosapleted

20. 133-0. 0730. 2060. 222-0. 090 30. 5450. 561- 0. 0160. 5380. 007

40. 7520. 65¢Cod@thing tHa¥tfid improvement is observed in steps 5114 to 5126 and in

steps S214 to S$226. Thus, six variables of p3, p6, p12, p13, p16 and pl8 are
5 selected to obtain a result of PRESS = 0.048. The details are shown in Table 4.
Table 4 shows the partial least-square fitting and the leave-one-out

prediction when 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 0133 -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 0455 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 0935 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

10
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



50. 9000. 6910. 2090. 4320. 469 60. 4550. 519- 0. 0640. 562- 0. 107
70. 4270. 583- 0. 1560. 629- 0. 203 80. 0420. 430- 0. 3880. 724-0. 682
90. 9350. 7940. 1400. 4800. 454 100. 1540. 182-0. 0290. 457-0. 303 0. 0930. 0290. 124
R2=0. 684 @=-0.330 EXAMPLES The invendéZon is described in nore detail
hereinafter with reference to exanples, but the invention is not restricted
to the exanples. 10 EXAMPLE 1: Data analysis of DLBCL patients by feature
extraction considering cross validation of partial |east square nethod 43
Data of 28 DLBCL (Il ynphona) patients obtained fromthe hone page
(http://] obmined bs slhowhyinTlablea? wheh the {0l vBriablesetf p20.to p2ardiadiopeat] ant o a
training set of data of 20 patients and a test set of data of 8 patients.

The sur VitN@bxlﬂlﬁﬁhfbrgSrd#&@ﬂesaSTm@ a8heCthay ahé dddve-orndut peocesditighagfa
| og(chl/ch2) of 5 12,832 spots out of 18,432 spots in 28 data In which

both chi 2RdrerGladul®tan ARSIrrbY Bof hetiRFa@Svawp (@093)0ry vari abl es.

Determ nation of a partial |east square del is att’enpted for the
training set. Leave-one-out prediction (@ > 0.5) in the partial |east
square nethod with the full 12,832 variables is not significant. Next, the

ot hot s skt YR ERsBbTeht R AT R R aleS RS ERRUC T OF et Fon: e

model construct \ i) prediction Leave-one-out
prediction
Measured Calculated Calculated
# Error Error
value value value
1 0713 0.712 0.001 0.527 0.186
2 0133 -0.073 0.206 0.222 -0.090
3 0545 0.561 -0.016 0.538 0.007
4 0752 0.656 0.096 0.351 0.402
5 0900 0.691 0.209 0.432 0.469
6 0455 0.519 -0.064 0.562 -0.107
7 0427 0.583 -0.156 0.629 -0.203
8§ 0042 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=(.684 Q2=-0.330
EXAMPLES

The invention is described in more detail hereinafter with reference to
examples, but the invention is not restricted to the examples.
10
EXAMPLE 1: Data analysis of DLBCL patients by feature extraction considering

cross validation of partial least square method




method is simlar to that in the third nodel except the order of addition
and exclusion of the explanatory variables and the order of excl usion of
the sanples in the |eave-one-out processing. No explanatory variable is
selected in the 15 initial state (S112%3 Then, a non-sel ected expl anatory
variable is selected sequentially anmong explanatory variables fromthe
last (mth) to the first wvariable, it is judged whether the result of
cross validation with | eave-one-out processing (wherein one sanple from
the last (n-th) to the first sanple is excluded sequentially) is inproved
or not if the v@atalof@8i BLBELe(tymphoma) patientebbtadiiechidn ke hohee pagect ed
variable is added when the result is inproved. The above procedure (S114

to S126) ihttp ryqahqﬂ) ¥ MempHImEXPbRRAN Broval kall. earddivided into a
| mpr ovenent o the result of cross validation i s observed by the addition

of — expl apgf ¥’ beBh: of\'%tl?atié?ﬂ‘s Bl 218dt0set HPBARDLE 8! ?at‘ié}ﬁsmﬂ‘i‘é i S

sel ected anong the vari abl es romthelast (mth) to the Tirst variable,

It is judgggom whe hggg ub&i® af %ﬁ% Pesaﬁa'ehg%;a;h%s wofdg&émye gg- out

processing (wherein one” sanp e’ last sarrpl e

rom “dﬁgééﬁ%”iﬁ%'cﬁ‘lh'%) 1%232 gﬁB °Ve§8v%?f32%1 il Balf BB LA o

is inproved., The abov edurer}{ﬂ%@ to S226) is repeated fromthe mth
expl anat orPS?S\Pé'relaéfBI“ée ﬂ?ie?‘? naepry letent of the result of cross

val idation is observed by the exclu5|on of explana}ory varlabl?
resul t, a signi Hetemrinatian| of ropartildlgest eguareompule] injattemptesh fors th e”
obt ai ned. Fi g. 9 shows the result of the partial |east square rret hod on
t he dat a, twimingi setr hbedssene-pht tgredimbss«sw/ntd2 &a@.8) an theeparyiabdeaséraqyiara t he
training set, triangles (cv) show the data of the cross validation of the
data. 10 Enumnérwithqherfuli KIR3R vdriabled &5 (@ gighifieant) Neixtt the exqdanatety The
partial |east square nodel obtained can predict 4/8 of the test set quite
excel h@nt hyriabled dveB increased or decreased stepwise one after another so as to
minimize the error of the leave-one-out prediction. The model construction
method is similar to that in the third model except the order of 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
15 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 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,
20  and then the selected variable is added when the result is improved. The above
procedure (5114 to 5126) is repeated from the m-th explanatory variable until
no improvement of the 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

25  whether the result of cross validation with leave-one-out processing (wherein



“excellently. In the above-mentioned nultivariante analysis, the sanples are
the data obtained by using the DNA chip. However, the data analysis is not
restricted to 15 those obtained by using the DNA chip. It nmay readily be
conjectured that the data analysis is 4§ so useful for data such as the gene
expression level and the quantities of intracellular substances. In
Exanples 2 to 7 explai ned bel ow, usual statistical nethods and

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

mul tiple 20 regression analysis nethod, adaptive |east square nethod,

| ogi sti c oagrsaftpletromtthe dastn@-th) R6 ahe dirsicsdripleaisi exeliteal y@i@n@ll?pcb) are
applied to a relatively small nunber of explanatory vari ables selected by
usi ng theugﬁ&&&i ok SRS ifSEHEALBriabRt R08kcld@edDiadm! the2 moatlY aMdl tHenMEhe

anal ysis of "240 DLBCL patients by feature extraction 45 considering cross
validatio ] tial . 0 | pPOfh O azards
anal ysi s %}B%Eadg?ggts’%t ‘%@%&%ﬁf‘f’ E%I?E Dlg?sfufjws]fais\I,_\iz;{r1 gléo do Cel F-hEyErr%%]Voér:a)
used is download fr . o t.he | J )
(nttp: /71 PROSAPR TSRS REPEED 5 HRRRRE SRR e dp e ipha P Vol ilil 2o o
except’ | ROSBIPYATRR B theXeshltt crownaleaion appereany tesgclisionof *° °
expl anatory variables, _In contrast to Exanple 1, the survival ratio (Pi)

at a timeewpapatory sasiable. Appassult @ significantegdeh(RT 9-%&&%?@-@} bl yi ng
alife table according to the 10 Kapl an-Mei er nethod considering that a
time ternFrid?) igobleined, aFigof shaws the aesult phihepastial least squarpanethediaral

time, and the object variable is defined to be a |ogic conversion of the
survival the idata, whegfdihorlbombiBes) (fitWshbw the datd eof twenty patients in the

training set, triangles (cv) show the data of the cross validation of the data.
10  Further, squares show the data (8 patients) of the test set. The partial least
square model obtained can predict 4/8 of the test set quite excellently, and 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
15  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 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
20 regression analysis method, adaptive least square method, logistic regression
method and linear discrimination analysis method) are applied to a relatively
small number of explanatory variables selected by using the partial least square

method.

25 Example 2: Survival time analysis of 240 DLBCL patients by feature extraction



tabl e according to the Kapl an- Mei er nmethod shows survival probability as a
mass, a novel idea is used herein that the survival probability
(probability for 15 persons with no change survive) at the tinme of
generation of the event in a mass inc#fading an individual j is recognized
as a surviving tinme for the individual j at the tinme 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 | eave-one-out nethod is used for the 20 cross validation for

t he trai nicogsidetinganrbsa palidatain | witht padiadr feasbdejuars mietlodyedndbyvith
sequentially selecting the paraneters so as to decrease PRESS x 1.02NP. The
parti al I@ﬁe?oﬁﬂuﬁmhaﬂndsbnhgmabtained by inmproving the function PRESS x
1.02NP in place of inproving the cross validation (CV = -PRESS), as one of

the functions pEBCP dﬁa&?sé}rtﬁsﬁloz}ﬁti% (Dil‘ftﬁé_[@t&gé BASEI ¢ lﬁlﬁoﬁlb)?used
I ndependent 25 vari abl es. PRESS denotes a residual sum of squares of

I - = | 34 4 d I d
v reaehoBiaghalt hond AR Ll Rl i, B8 i

expl anatory v selecting expr owi ng 19 genes
th ' bl . . . . H
o e B ke WAL/ BP9 RBRIRI8 4ouP oA e Bl e
1. 02NP. a | D.as used herei,n,shows .5 t he | D,nunb ' | gi nal, Wb
Gnt o AR Faming S Lobbd 32T B CaiubBR PRCERBECde Za00 sRaleEpt, T hout
t he accessjon nunber corresponds to a gene (unknown) clarified pgké in the
r.

ori gi nal &Bese withpdror x¢.0fGi5 thespat pattern andusessas Pylanatery aria

ACCESSI ONdat a | D U03398#( 278762 MB5066#( 27394) - - #(27104)
In contrast to Example 1, the survival ratio (Pxm} at a time’ when an event

happens is determined in this example by applying a life table according to the
10 Kaplan-Meier method considering that a time terminating observation and
death time are mixed in the survival time, and the object variable is defined to
be a logic conversion of the survival ratio, log(Pkm/1 — Pxkm). 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
15 persons with no change survive) at the time of generation of the event in a mass
including an individual j is recognized as a surviving 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
20 cross validation for the training set, and a partial least square model is obtained
by sequentially selecting the parameters so as to decrease PRESS x 1.02N?, 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

25 variables. PRESS denotes a residual sum of squares of leave-one-out prediction,
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and NP denotes the number of the selected explanatory variables.

- -#(16113)
M23452#( 16822) #(24433) X00437#(27480) UL2979#(24377) X52479#(17773)
HO6306#( 16578) U70426#(19255) AA830781 #(33358) AA804793 #(25022)

necrosis factor (Iligand)
regul at ory,
NT2RP300022 0

type I,

By selecting expressions of the following 19 genes as the explanatory

variables, the processing is performed in which the cross validation CV in the

flowchart in Fig. 7 are read as -PRESS x 1.02NP, Data ID as used herein shows

the ID number in the original Web data. ACCESSION means an accession

number in GenBank, and the line without the accession number corresponds to

a gene (unknown) clarified only in the original data or EST, available by the

method described in the paper.

ACCESSION
U03398

M65066

AK001546

U15085

BC003563

M23452

X00437
U12979

X52479
H96306
U70426
AA830781
AAB804793
H57330
569790

data ID
#(27876)

#(27394)

#(27104)
#(25048)

#(31372)
#(28178)

#(24983)
#(16113)
#(16822)
#(24433)
#(27480)
#(24377)

#(17773)
#(16578)
#(19255)
#(33358)
#(25022)
#(26383)
#(27184)

comment

tumor necrosis factor (ligand)
superfamily, member 9

protein kinase, cMPA-dependent,

regulatory, type I, beta

(Unknown)

Homo sapiens cDNA FL]J10684 fis, clone
NT2RP3000220

(Unknown)

major histocompatibility complex,
class II, DM beta

hypothetical protein MGC10796

(Unknown)

small inducible cytokine A3

(Unknown)

T cell receptor beta locus

activated RNA polymerase II

transcription cofactor 4

protein kinase C, alpha

bone marrow stromal cell antigen 1

regulator of G-protein signaling 16

EST

EST

EST

WAS protein family, member 3

A proportional hazards analysis is attempted with these gene



maj or histoconpatibilit conplex, class Il, DM beta hypothetical protein
M3C10796 (Unknown) snall inducible cytokine A3 (Unknown) T cell receptor
beta | ocus activated RNA polynerase Il transcription cofactor 4 protein
ki nase C, al pha bone marrow stromal ce4f¥ antigen 1 regulator of Gprotein
signaling 16 EST EST EST WAS protein famly, nenber 3 A proportional

hazards analysis is attenpted with these gene 47 expressions as candi dates
of the explanatory variables. It is a statistical nmethod considering the
time in the analysis of survival ratio. The analysis is carried out by

usi ng t he eRpRA&IBAG RS eLAdiRlaldd b thyRxPhiresorSARrizbIRd)SIt ¥ & weatisticalmetiod 27513
USA). The variables are narrowed further by a backward elimnation 5 nethod

with P >- -Onfdedfe the fikdeein R afxﬁg(s'i%roﬁra‘l ?ﬂiéluwh%nelfgsié%icaﬁli&fouﬁ“d

the follow ng proportional hazard equati on havi ng expressions of 14 genes
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statisti CabSIS USA). The variables are narrowed further by a backward elimination

5 method with P > 0.05 as a criterion for reducing the number of variables, and

the following proportional hazard equation having expressions of 14 genes is

obtained. Each term indicated by the accession number or data ID is the value

of log(x1/%2) of each gene, and P is a hazard ratio for showing no statistical

significance. The tendency of death is larger as the hazard value determined by

10  the right side of this equation is larger.

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
15 —~0.430 H57330 +0.433 S69790.
P < 0.001.

Rosenwald et al. selected diagnostic indices of five groups (seventeen

genes) by using proportional hazards analysis of simple correlation. Fig. 10

20 shows comparison data for indicating to what extent the hazard values
(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,

25 the hazard values of the parameters of four groups except an insignificant




significance. The tendency of death is larger as the hazard val ue
determ ned by 10 the right side of this equation is larger. hazard = 0.370
#(27104) +0.589 AKO001546 -0.366 #(31372) -0.276 U15085 -0.307 #(16113)

+0. 409 M23452 -0.350 #(24433) -0.297 X#w437 +0.321 U12979 -0.585 X52479
-0.457 Ur0426 +0.561 AA830781 15 -0.430 H57330 +0.433 S69790. P < 0.001.
Rosenwal d et al. selected diagnostic indices of five groups (seventeen
genes) by using proportional hazards analysis of sinple correlation. Fig.
10 20 shows conparison data for indicating to what extent the hazard val ues
(i ndi cat egrewsp Begraksa shomay fior)gomparnisan (indicateddas flRostnayald£ diparahin thes
obt ai ned by Rosenwald et al. can explain the survival tinme. Since the
propor t i odédgraagand Figolatrhombuises shdwe thardate bédeadfortsuspénded gatiempts, by
Rosenwal d et al. involves a problemof statistical insignificance with the

proliferabthdRgparessbbar thé datd ofsurvibirighgatieatar d val ues of the paraneters of
four groups except an insignificant 48 group are al so shown for conparison
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show the data of dead or suspended patients, and squares show the data of
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impossible to find an optimum parameter set from hundreds to thousands
10  parameters by using only the proportional hazards analysis. 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
15 interest that such a good result is obtained by 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 society.
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 variables.

The number of the selected explanatory variables may be controlled by

changing the criterion.
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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
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 survival time data
as in Example 2 and used as object variables. LOG_RAT2ZN_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
1.13NF) of the cross validation and the number of the explanatory variables is
decreased. This function is one of the functions having the cross validation as
at least one of the independent variables. Expression of the following ten genes

is selected as explanatory variables by reading the cross validation value CV in

ght side



site (http://genonme-ww. st abford. edu./ breast cancer/nopo_clinical/) of
Sorlie et al. open to the public. Al the data are used as a training set.
Wil e 15 nost of the data set conprises 40 and 24 patients neasured with
two kinds of DNA chips of type A and ¥ respectively, the data obtained
with type A are used in this exanple. The logit value is determ ned from
the survival tinme data as in Exanple 2 and used as object vari abl es.

LOG RAT2N- MEAN val ues in 6,891 genes except genes with m ssing val ue of
expressi on nodel are used as 20 the explanatory variables. A partial |east
squar e notied flowchartan figi 7oas E@ﬁa&hﬂl@ﬁﬁy sel ecting paraneters so that the
val ue of a function (PRESS x 1.13M} of the cross validation and the
nunber of the explanatory variables is decreased. This function is one of
t he functi ng_the cross validation as at |east one of the
mdepende#{% COMBEN ession of the fol | ow ng ten genes 25 is sel ected
as expl andAA0p243y i a(ﬁ@@ower@@mﬂ@o&ﬂhét%f%%@taﬁ&) i dation value CV in 50 the
fl owchart AAGE5E2 7 GpleeRRfBine kink38) . ACCESSI ON comment AA406242 :

(guanosi ne17P885 P OS PiHGMC APGIsFRRN A AiD (R ifiset EBN A ¥lovei EICROINESGE
H73335 (Homo sapi ens full length insert cDNA cl one EURO MAGE 980547

9
WB4753 ( pl en FLJ135 fi P 703058
(nyel oper H%O(S@Vf%f?m @]3%13)2@56 tqﬁ%ﬁ#r‘gééﬁﬁésm 53345 (a
protein ty w&a& Ki n@@jé?lom }(Homo sapi ens, clone | MAGE: 3611719, nRNA,
partial c#&)11682820 (cﬁﬁiﬂw,romaj@gadasmsdmnut\zhb&LUl_HUNAN ALU SUBFAM LY J
AA453345  (a protein tyrosine kinase)

AA054669  (Homo sapiens, clone IMAGE:3611719, mRNA, partial cds)

N32820 (ESTs, weakly similar to ALUI_HUMAN ALU SUBFAMILY ]
SEQUENCE CONTAMINATION WARNING ENTRY [H. sapiens])
R05667 (suppressor of potassium transport defect 3)

The backward elimination method with P > 0.05 as a variable reduction

5 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 indicated by an accession

number corresponds to LOG_RAT2N_MRAN of each gene.

10  hazard = —-0.821 AA406242 +1.556 AA598572 -1.074 H7335 +1.418 W84753
-1.290 AA703058 +2.182 N71160 +0.828 AA453345.

P <0.001. P of variables < (.05.

Fig. 12 shows a plot of the hazard value obtained by calculating the
15 right side of the equation in the vertical axis against the survival time in the
horizontal axis. This also shows the hazard value to be a good diagnosis score.

In Fig. 12 the rhombuses show the data of dead or suspended patients, and the



SEQUENCE CONTAM NATI ON WARNI NG ENTRY [H. sapiens]) R05667 (suppressor of
potassi um transport defect 3) The backward elimnation nethod with P >_
0.05 as a variable reduction 5 criterion in the proportional hazards
analysis is attenpted with the above n&htioned variabl es as candi dates, and
the foll ow ng hazard equati on having expressions of seven genes is

obt ai ned. Each termindicated by an accession nunber corresponds to
LOG_RAT2N_MRAN of each gene. 10 hazard = -0.821 AA406242 +1.556 AA598572
-1.074 H7335 +1.418 WB4753 -1.290 AA703058 +2.182 N71160 +0.828 AA453345.
P < 0. 001sqiares shawithbldata of Su¥ivingipatiens. shows a pl ot of the hazard val ue
obt ai ned by calculating the 15 right side of the equation in the verti cal
axi s agai nst t hFhewaviablds drerseldcted by thebazlowhrd elimiisatidininsethbd ovithds t he
hazard value to be a good diagnosis score. In Fig. 12 the rhonbuses show

the data ofp 0Mash #WafidbReftdRAPA CHREISN, AitH folIDWiIRAS PprOPErtidiRlVHabardlat a of

surviving patients. The variables are sel ect ed by the backward elim nation

met hod wi f, uﬁ-mﬁ-ha@u%)%xg?esglo\f@réfamr@e B6 b QBtAihbd & TRE nudibert BE the

fol | ow ng proportion zard equati orf havi ng expressions of three genes

I's obtain e t I | ed by
changi %g ?’ %Ela%ﬁrgu?m%}g% uctg?olﬁé @Hoglrglaoﬁy Ct%i%gh? tﬁ?[ %gl tﬁiﬁg@‘%&{ 1.473
AA703058 +l Q71 AA453345. 10 Fig. 13 shows a plot of the hazard val ue

obt ai ned 69‘35¥bu|atlng the right side of the equation in the vertical
axis against the survival tinme in the horizontal axis. In Fig. 13, the

r honbuses show the data of dead patients, and the squares show the data of

t
SUrV VNG R rd 3 453 AA598572 ~1.473 AA703058 +1.071 AA453345.

10 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
horizontal axis. In Fig. 13, the rhombuses show the data of dead patients, and

the squares show the data of surviving patients.

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

20 partial least square model having eleven genes is obtained by sequentially

selecting the parameters so that PRESS x 1.10NF is reduced by using the

incidence of recurrence as an object variable.

ACCESSION  comment
AA434397 integrin, beta 5
T83209 ESTs



15 Exanple 4: Analysis to predict recurrence of forty breast cancer
patients by wusing feature extraction considering cross validation with
partial |east square nethod and nultiple regression analysis The data of
forty patients obtained by neasuring e¥pressions of 6,891 genes the DNA
chip by Sorle et al. are used as a data set of the patient. A 20 partial

| east square nodel having el even genes is obtained by sequentially
selecting the paraneters so that PRESS x 1.10NP is reduced by using the

i nci dence curren object variable. ACCESSI ON coment AA434397
I ntegrin, lﬁ;ﬁg 5 TBSZ@QE%E% "2Jt 3427 KILAAL628 protei n N29639 cyti di ne
m)nophosp NI acet wYM%\mQﬂO@h@éphateﬂym%Wm%énnm@sg maj or

hi st oconpatibility cordptdmoxykisass 11, RD beta 5 AA425861 enoyl Coenzynme A

hydr at ase AlA4§5789Xi somabjor Hit8ddm hﬁbﬂi@ywﬂn@n@gcws@ﬂse T64312 prostate
cancer overexpressed T59518 solute carr| er fam ly 2, (facilitated

glucose ty &3\?%8@ %%ESS AA4 0@5 é tak 0381 ein AA037488
prol actin i scr |erlﬁ°|¥ QrBZENG1 4y &Y r?@ HGSPW@ the nultiple
regressi ofi848Ak ysi s raterfaelated knage  he usual nul tivariate anal ysis
met hods wié4s12h prostate cancer overexpressed gene 1

T59518 solute carrier family 2, (facilitated glucose

transporter) member 8
AA406231 KIAAQ0381 protein
AA037488 prolactin

Then, discriminative analysis is performed by the multiple regression
analysis method as one of the usual multivariate analysis methods wherein
expressions of the selected genes are used as the explanatory variables and

5 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 for reducing the variables. The significance level of
recurrence is high when OLS calculated by this equation is positive, while it is

10 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
+0.237 T59518 +0.176 AA037488 -0.278.

15 R2 = (.84797, and rate of correct answer of discrimination 97.5%

Table 6 shows P values and decision coefficients when the above-

mentioned discriminative analysis equation is prepared by using each one of



expressions of the selected genes are used as the explanatory vari abl es and
5 incidence of recurrence as the object variable. The analysis is executed
by using the program package JMP. The following nultiple regression

anal ysis nodel is obtained by furtherd¥el ecting the variables by the
backward elimnation nmethod wth P >_ 0.15 as a criterion for reducing the
vari ables. The significance | evel of recurrence is high when Q.S
calculated by this equation is positive, while it is 10 |l ow when negati ve.
OLS = -0.215 AA434397 +0.227 T83209 -0.209 N53427 +0.139 N29639 +0.165
AA485739 #ie paanietd®5861 - 0. 084 H84871 -0.193 T64312 +0.237 T59518 +0. 176
AA037488 -0.278. 15 R2 = 0.84797, and rate of correct answer of

di scrim nation 97.5% Table 6 shows P val ues and deci sion coefficients when
t he above nentioned discrimnative analysis equation is prepared by using
each one gqhbl3x the paranmeters. Table 6 Accession No.P val ueDeci si on

coefficient (R2) AA4343970.03340 090273 T832090.06010. 066005
e R R e SN N e
1595180 000LB489719° loossa  |0.090273

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

HB84871 0.087566  10.087566

T64312 0.0004 0.263207

T59518 0.0066 0.157196

AA037488 0.0031 0.187627

10

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 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 consideration. The prediction

of recurrence of breast cancer is a problem desired in the society for planning

and deciding a therapeutic program considering QOL.



AA0374880. 00310.187627 5 There are three paraneters not significant (P >
0.05) by thenselves alone, and none of them has a snmall deci sion
coefficient. Accordingly, the good discrimnation equation as described
above cannot be obtained nerely by ex®rn ning the paraneters one after
another. It is also inpossible to efficiently find an optinmm paraneter
set from hundreds to thousands paraneters by 10 using only the nmultiple
| i near repression anal ysis nmethod. However, effective diagnostic indices
can be obtained by feature extraction by taking the cross validation of
the partial |east square nmethod into consideration. The prediction of
recurrence of breast cancer is a problemdesired in the society for

pl anni ng Eaaﬂxr;gg?g:ti ﬁsw?&@dﬁey}é&rfaﬁeer@@owaaiﬂ%aét%n@gaﬁén@wml e 5:

Anal ysis to p recurrence of 40 + 24 breast cancer patients by
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nmet hod ptive St squa¥Fe net S 1s restricted to 3,448
genes common t . A, (40 patientss) and type B (24 patients) detected by
the DNA cﬁf‘a.adgpbégi‘?aﬁ gﬂ'é%fgtmgtg\?gre nodel is obtained by sequentially

selecting the parapeters so, as,to,reduce PRESS x . 17NP, . The.foll ow ng
equati®n is obt & 151p r&?@ﬁ?%%%ggge’é‘?ﬁaqmw%ﬂp?:}é("‘loaﬂaﬂﬁq%?)@q\geast
squar e net hod bé usi ng eﬁ;ressi ons_of the selected _Eﬁenes as 10 expl anatory
vari abl es typB (24 patientsh sletected, by the DMAGhBN b pretia]; lgastiquiare modehiss val ue
calculated by the following equation is larger than 0.5. ALS = 0.31 H11482
-0. 29 Te4sbined 3% sequergidly+6eelodting Rhe (padbimetsys so @s 18, reshwe 1BRESS ex of
correct answer of discrimnation = 90.0% H11482 is not significant in
si npl e conrgNat The feHostingequatidall ebtaineahby discriminative analysis with the
adaptive least square method by using expressions of the selected genes as
10  explanatory variables. The significance level of recurrence is high when the

ALS value calculated by the following equation is larger than 0.5.

ALS =0.31 H11482 -0.29 T64312 —0.32 AA(045340 +0.01.
R2=0.65, eps = 0.13, and

15 rate of correct answer of discrimination = 90.0%.

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

20  the above-mentioned equation. Sensitivity and specificity of the discrimination
equation are 81.8% and 53.8%, respectively, and statistically significant result of
x2 =3.233 (5% < P <10%) and ratio of correct answer of discrimination = 66.7%.
These are encouraging results that recurrence of type B could be predicted with
a significance level of not larger than 10% by using the model trained by the

25 data of type A, although the data of type A and Type B seems to involve



it is a paraneter that could be recognized only simultaneously wth other
paraneters. Table 8 shows the result of prediction of type B patients by
usi ng 20 the above-nentioned equation. Sensitivity and specificity of the
discrimnation equation are 81.8% ands5%3.8% respectively, and
statistically significant result of x2 = 3.233 (5% < P < 10% and ratio of
correct answer of discrimnation = 66.7% These are encouraging results
that recurrence of type B could be predicted with a significance |evel of
not | arger than 10% by using the nodel trained by the 25 data of type A

al t hough thestaimet ertoRstriBéd td HRedifet@fFonsRubANY ¥EtheDNRRspsENt
errors ascribed to the different constructions of the DNA chips. A partial
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AA455506. oW ng di'scrim natt on equ

sel ecting t he candi dates of the explanatory vari abl es by
usi ng | eaVelusi Wﬁﬁ?@?hod as an index. ALS = 0.53 H11482 -0.31 T64312
-0. 33 R99749 -0.26 AA455506 +0-10- R2 = 1.00, eps = 0.10, and rate of

correc? answer of discrimnation = 100.0% 15 A good di scrim nation
equation as the above one could not be obtained _only by exam ning the

par anet er s IH82f Te4312nBIHA9, To821i1s AAAF625, b$é455506ef ficiently find an

opti mum paraneter set from hundreds to thousands paraneters by using only
any one of the adaptive |east square nethod, logistic

The following discrimination equation is obtained by further selecting
the variables as the candidates of the explanatory variables by using leave-one-

10 out method as an index.

ALS = (.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%.
15
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 method, logistic
20 regression analysis and other discriminative analysis methods. However, an
effective diagnostic index could be obtained by the feature extraction by taking

the cross validation of the partial least square method into consideration.

Table 7: Interaction of parameters

Parameter R Nmis(/40)




20 regression analysis and other discrimnative anal ysis nethods. However,
an effective diagnostic index could be obtained by the feature extraction
by taking the cross validation of the partial |east square nethod into
consideration. Table 7: Interaction of5@araneters Paraneter I R 1 Nm s(/40)
56 H114820. 36114 T643120. 6078 AA0453400. 5729 T64312 & AA0453400. 7166 H11482
& T64312 &AA0453400. 8044 Table 8: Prediction of 24 patients of type-B
bserved val uePredi cted val ueFre uen --7 +2 -+6 ++9 Exanple 6: Analysis to
predi ct reeurrenrce—of 40—+ 24 breast—eapcer—patiepts—by—5+4sing feature
extracti()@lﬁggfi dering cross validation 0636>Iartia lgast square method and
| ogi stic{regression analysis or linear discrimnapt analysi$s The foll ow ng
di scrim ”?’%ﬁ%& equation is obtained in tg%dypgi st|c gregresgion analysis
i nstead of the analysis with the first adaptive | past square nethod used
i n Exanpl g%%QOLO?A = 7.92 H11482 -5.69 360312 16.41 AA04H340 -9.73. R2 =
= . 00

0.63, x2 (P < 0.0001), and rate|of correct answer Of
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
+ + 9

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

5 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 square

method used in Example 5.

10
LORA =7.92 H11482 -5.69 T64312 —-6.41 AA045340 -9.73.
R? = 0.63, 2 = 35.00 (P < 0.0001), and rate of correct answer of
discrimination = 90.0%.
15 There would be a high risk of recurrence when the value of LORA

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



discrimnation = 90.0% 15 There would be a high risk of recurrence when
the value of LORA <calculated as the right side of the equation is
positive. Though ratios of the 57 coefficients and correlation coefficients
are different fromthose in the adapti¥ |east square nethod i n Exanpl e 5,
the results of discrimnation of all the patients are the sane. The
prediction results of type B patients are also the sanme as those in Table
7. 5 The follow ng discrimnation equation is obtained by using the |inear
di scrimnant analysis instead of the adaptive |east square nmethods used in
Exanpl e 5co¢ffiientPand chitreldion coedficietndae difefmtArom3bose in thoddaptiverat e of
correct answer of discrimnation = 80.0% There would be a high risk of
recur r enc¢eashaquhie nvethod of Bxdfple a3, ctHeat@tiltasof kiésaringinatisndef el thee
equation is positive. Though ratios of the coefficients and correlation

coeffici e?bﬁeﬁ{seaﬁ {Het ddrfe. diTHee pestlicticw Fedullsef type Bepdtierad apt ials tigast
square nethod in Exanple 5, the results of prediction of all the patients

are al nosi,tResIRE i Ff%lég.sults of prediction of type B patients are also
t he sane gs thgse |ana le 7. It is used as the object variables in
Exanmplgs 4, 5 a .her . -I_,{%E@s ERIE : | ngly,
t he fegture ext?gg'?f)%m r%%}ﬁ?l ﬁt%ﬂ(l ng?}{?e&%%%{se? ggldl}'gﬁaq iﬂgt%ﬁgl%% he
partial |east. square t hod_i.nt onsi deration is found [ en the
bb] ect vaRSEraol Arabm gttt AR A< Rl syReRE rifhES BHaRCT, ¢
nom nal s&al e iis.used for classifying an object (sanple) whether it

bel ongs t X3¢ Pain class or not, while the size and order among the

cl asses are not considered. The ordinal scale is used for classifying an
obj ect

LDA =2.45 H11482 -2.35 T64312 -2.56 AA045340 —4.03.

10 Rate of correct answer of discrimination = 80.0%

There would be a high risk of recurrence when the value of LDA
calculated as the right side of the equation is positive. Though ratios of the
coefficients and correlation coefficients are a little different from those in the

15 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.
It is used as the object variables in Examples 4, 5 and 6 whether the
breast cancer recurs or not. Accordingly, the feature extraction method by
20 taking the cross validation of the partial least square method into consideration
is found effective when the object variable is the data for the nominal scale or
ordinal scale. The nominal scale is used for classifying an object (sample)
whether it belongs to a certain class or not, while the size and order among the
classes are not considered. The ordinal scale is used for classifying an object

25 into a specified class, while the classes are ordered as to the size, importance or



25 into a specified class, while the classes are ordered as to the size,
I nportance or 58 the |ike. Exanple 7: Analysis of recurrence tine of forty
breast cancer patients by using feature extraction considering cross
validation of partial |east square netb®d 5 and proportional hazards

anal ysis A partial |east square nodel having expressions of nine genes is
obtai ned by using logit values, simlarly to the nmethod used in Exanple 2,
based on the tinme series data of recurrence, as object variables, simlarly
to the nethod used in Exanple 4 so as to reduce the value of PRESS x 1.15.
10 Reduct tlewliké. t he nunber of the variables is attenpted by using the
nmeasured val ues of gene expression as the explanatory variables in the
proportional hazards analysis under a criterion of P > 0.05, and the
foll owi ng proportional hazard equation having eight genes is obtained. 15

hazard =1 ARGt : 923
Ao20835 T5UBBRY lobeay PToE RO E o of REsh st shtert PR by sstre 2

14 shows @l Qt oradeltih Q@ﬁﬁ&gﬁ}{g!cgg?sd%l?&éﬁdfgf g%s:@@'efe%ﬁg@&&e%s@o@ ri ght

side of the éequation in e ver axi s again recurrence tine in
the hogi zont,al . axi,s. kn Fi 14, r.honbuses denote the data of patients with
no re ur@ﬂd’é?pgﬁ&or?(!]glgﬁgis@é}?bfsésthe data of patients with recurrence.
Since the hazard val.ue . serves as andgﬁ el lent di agnosis_ score, the. nmethod

of the inventioft Rartiphleast iquese e VIRE (FXBTESHONSN BF DG o BeRSt Monl y
survival time, but also _ 25 change jn_a probabilistically generated
bi ol ogi calobtasner hyorsing: logiy waluesgsimpilagly detthggmethod, sise b‘F‘eE’@IHPfehgr by
the variable reduction nethod with )
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 1.15NF,
10  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 2 0.05, and the following proportional

hazard equation having eight genes is obtained.

15 hazard =1.122 AA448641 -1.781 R78516 —1.434 R05934 +2.165 W84753
-1.923 AA629838 +2.665 HO8581 +1.875 AA045730 +1.269 AI250654.
P < 0.0001.

Fig. 14 shows a plot of the hazard value determined by calculating the

20 right side of the equation in the vertical axis against the recurrence time in the
horizontal axis. In Fig. 14, rhombuses denote the data of patients with no
recurrence, and squares denote the data of patients with recurrence. Since the
hazard value serves as an excellent diagnosis score, the method of the invention

is found effective as a method for analyzing, not only survival time, but also

25 change in a probabilistically generated biological condition with time.



0.005 as a criterion for reducing the variables, the proportional hazard
equati on bel ow havi ng expressions of four genes is obtained. 5 hazard =
1.559 W84753 +2.265 H08581 +1.473 AA045730 +1.237 Al 250654. Fig. 15 shows a
pl ot of the hazard val ue determ ned by5%al cul ating the right side of the
equation in the vertical axis against the recurrence tinme in the

hori zontal axis. In Fig. 15, rhonbuses denote the data of patients with no
10 recurrence, and squares denote the data of patients with recurrence.
Exanpl e 8: Preparation of and nmeasurenent by a DNA chip for diagnhosis of

recurrence of bBeaelectingthe variables finntbeCey doavdridide esduciornmetiesd with1 482,
T64312 and AA045340 15 The DNA chip is prepared and used for neasurenents

accor di ng>t g.obheas HeLhRGicH DRABUHkeIngehe vEORBIEs, NAEaSHHortidbAKRMAEArd ZUna,

Tsutonu Yoshi kawa, OGsanmu Suzuki and Masaaki Muranat su described in "Genonu

ki no kenk : KW Havi bsforsSFUBuP berlddik ©Btdigady, Yodosha Co,. Ltd.
(1 SBM-SQ%Q%%@@ %giﬂ% p@’i §8. cDNgls1 gneth Genbz;nk Accessi on nunbers 20
H11482, T64312 and AA045340 are used. Each PCR product for a probe is
precipitated with ethanol (Cat#057- 00456, Wako Pure Chem cal Industry,

of n Dhso Jpvatd ot o WalrvbEeabe HIBEST 212 oRefhrad Ay onalest'S Jided™
to the ethanol solution. 25 After thorough m xing the PCR product is

denatured by heating at 100C for 60 five mnutes, it is quenched on ice.
Then, the solution is warmed to room tenperature and is spotted onto a

sheet of car bodFigil@showsie plotefstheNrarand vabie defenminecb by cakulating thesi ng a
DNA spotter SPBI O 2000 (Hitachi Software Engineering). After confirmng
that the sight side df thedequatiorsin ihe irtisal d)ds sgainstthedrecurrence time in the

horizontal axis. In Fig. 15, rhombuses denote the data of patients with no

10  recurrence, and squares denote the data of patients with recurrence.

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
15 The DNA chip is prepared and used for measurements according to the
method of Naohiko Seki, Tomomi Nagasugi, Takanori Azuma, Tsutomu
Yoshikawa, Osamu Suzuki and Masaaki Muramatsu described in “Genomu
kino kenkyu purotokoru”, an extra issue of Jikken Igaku, Yodosha Co,. Ltd.
(ISBN4-89705-932-7 C3047), p34-38. cDNAs with Genbank Accession numbers
20 H11482, T64312 and AA045340 are used.
Each PCR product for a probe is precipitated with ethanol (Cat#057-
00456, Wako Pure Chemical Industry, Co.) and is adjusted with DDW at
concentration of 2 pg/pul.  An equal volume of a DMSO solution of
nitrocellulose (cat#41051-012, Gibco BRL) is added to the ethanol solution.

25  After thorough mixing the PCR product is denatured by heating at 100°C for



5toultra-violet cross-linking with a | um nous energy of 60 mJ/cn2 by
using Utraviolet Cross Linker (Anmersham Pharnacia Biotech), and is stored
at room tenperature by vertically placing on a glass rack. The mcro-array
prepared above is imersed in a bl ockbhg sol uti on having 3% BSA, 0.2 M
NaCl, 0.1 M Tris (pH 7.5) and 0.005% Triton X-100, and it is left for
about thirty mnutes. 10 Then, the solution adhered to the slide glass is
drained well, and the slide glass is dried at 37C. The slide glass is
gently washed with a TE buffer (pH 8.0, cat#316-90025, N ppon Gene Co.,
Ltd.), anfivexmivutenaites quenchedven itgy dden| yhe sehitiarf isyivarmed oo ropm 1

m nutes) the slide glass placed in a plate holder. Next, nRNAs are purified
from cel | tamperatfirenamdrid spathechoptayh sheet dfscackddiimideesl&ie gtasa i issherdtst

cancer cell line MCF-7, NMDA-MB-468 or T-47-D by wusing TRI ZOL

(cat #15596ndiddiries; @) BRL )using & DY expaticd0 SPBIOr 2000 aHitadh® 0RdfAwarkakar a
Co.). Then, 2 g of nRNA is dissolved in 6.4 .tl of DEPC- treated DDW and a

sol ution IEpgim@ride). AffterlcbAfrting@Hatehe sﬁot'is@friea%theﬁﬂﬁfér glasd Bisubjeckud f er
(cat# 18089, G bco BRL), 3 1 of DIT (within SuperScript), 20 0.6 1 of 50x

d , | .of 3s: b SatHiG i i
q/l\l‘é’P durpP {@zﬁl%%Ag]gggz&%%%lsﬁﬁam P grlﬁaﬁ’gﬁgﬂ%{@gg h;&?ﬁﬁmﬁf‘ﬁpg&)ﬁg{é Scri pt
oS a0ded hOiIASRINA SRL(ARBrRERF Bhadrhalif HiSACHE dndlis 48Stelicks robitP

hours. Wh olir "elapses reactron i's starte

SuperScript 1l is added. .1..5 | .0of an al kaline buff.er (.IN NaOH 20 nM EDTA)
P55 addSmPRIRIIh BY AEstiF B PIE g iy b idtrsaachs T mict-Rtan BEPA 270 |
of TE 61 buffer and 1.5 | of 1N HCl are added tg_t salutjon. . Then,, both
reaction aBOY®S Hﬁ@w%lwsblagﬂngy@?wa% Vi 3t Bgéf uentpiiel ﬂﬁr% to a
M crocon- _YM 30 %cat #42410. M| |ipore/ Am con Coj%ﬁ The sagRiIIe IS

centri f ugddisapH @, 0cmd P95 InTriton NelQb andeitds lefidos abant shirkiemingtesg i n

t he upper cup is reduced to
10  Then, the solution adhered to the slide glass is drained well, and the slide glass

is dried at 37°C. The slide glass is gently washed with a TE buffer (pH 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

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

using TRIZOL (cat#15596-018, Gibco BRL) and Oligotex dT30<super> (cat#

W9021A, Takara Co.). Then, 2 ug of mRNA is dissolved in 6.4 pl of DEPC-

treated DDW, and a solution having 9 pl of Oligo dT primer, 6 ul of 5x

SuperScript II buffer (cat# 18089, Gibco BRL), 3 pl of DTT (within SuperScript),

20 0.6 ul of 50x ANTP, 3 pl of Cy3-dUTP (cat# PA53022, Amersham Pharmacia

Biotech) or Cy5-dUTP (cat# PA55022, Amersham Pharmacia Biotech) and 2 ul

of SuperScript I is added to the mRNA solution. Then, it is reacted at 42°C for

two hours. When one hour elapses after the reaction is started, 1 ul of

SuperScript II is added. 1.5 pl of an alkaline buffer (IN NaOH/20 nM EDTA) is

25 added, and the reaction is continued at 65°C for 10 minutes, and 270 pl of TE




5 about 10 |I. The solution passing through the cup is transferred to

anot her tube, and after adding 500 | of TE buffer and 20 g of Human Cot-1
DNA (cat# 15279-011, G bco BRL) to the cup, the cup is centrifuged again
until the volune is reduced to 10 | oélless. The cup is centrifuged at
3,000 rpmfor three mnutes to recover fluorescence-|abeled DNA. The

vol ume of the solution in the cup is 10 adjusted to 20 | by adding DDW 50
g of yeast RNA (cat# R7125, Sigma) and 40 g of poly(A) (cat# 108 626,
Roche Diagnostics), and it is transferred to a PCR tube. Further 4.25 | of

20x SSC ( batfér kndSB50d5%f GNDLEICI Bk )adried tb @e solatiohO%THES Hothtréadthdyb3- 035,
G bco BRL) are added to the tube, and the sanple is denatured by heating

at 100C f gpludidfs W tHICyDUndSCHY labdEiRre eiixed. ankh @ansidited o $0Mitioedn! S
slowy cooled by allowng the tube to stand at roomtenperature for thirty

m nut es. Yg.30NeAR 404 R0 NN pOfe fAMRIBSCENC The 3RAIHE i%&iﬁu%&@s@@b,mm a

cover glass, and it is putton'the mcro-array wthout m xinhg bubbles. The
slide gla | S ' i Lan. ¢ ] er
i per ot Top BRYRUEE L B MOU kG L RE TR She Weotr TR R TR P s
i's herpgetical | ed nd DNA i s, hybridized at 65 overni gh il e
gent | ybsnaRphiLel TR tuluBRg pabelpatue i e’ hin & raple RIS Bbined Bad  ayen
out of the hybridizatio cha nd it j e y di d 2 SC/ 0.1
% SDS sol aflaoqnftqrna dips<a00 e{]m buflee apg A u§| ‘Qf; Wl%algf%gvééd E’Eﬁiﬁt éé&
m cro-arraé. The m. cro-array is shaken 25 for five mnutes for waiting the
cover gl ad82f%0He GilspiBiNadiodhe copetharumisicentiimgedagasm spti the wolugne,ee| g,
the mcro-array is placed in a slide glass rack, and it is washed again
with 2x Ssoregluted 8D30 $ibbuléssn Thy cypris centsifugedgt 3,800 rpmdor ihregtrainutahe
mcro-array is further washed with 0.2x SSC/ 0.1% SDS tw ce at 40C for five
m nut es, amdedaver fluorescencesabeledl DN ASThe TFrrdumecefothersolytion in the cup is
10  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 pl of 10%
SDS (cat# 15553-035, Gibco BRL) are added to the tube, and the sample is
denatured by heating at 100°C for one minute by using a PCR device. Then, the
15  solution is slowly cooled by allowing the tube to stand at room temperature for
thirty minutes.
The whole quantity of fluorescence-labeled DNA is placed on a cover
glass, and it is put on the micro-array without mixing bubbles. The slide glass
is placed in a hybridization chamber with a sheet of paper wiper wet with
20 water and spread on the floor of the chamber. The chamber is hermetically
sealed, and DNA is hybridized at 65°C overnight while gently 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 solution in the state

where the cover glass is placed on the micro-array. The micro-array is shaken

25 for five minutes for waiting the cover glass to be spontaneously peeled. After



5 transferred to a different sanple case, and water on the microarray is
renmoved by gently centrifuging it with a mcrotiterplate centrifuge (1000
rpm 1 mnute, roomtenperature). The mcro-array is read with Scan Array
4000 (manufactured by GSI Lum nonics &».), and the data is anal yzed by
using an analysis software Qant Array (GSI Lum nonics Co.) and Chip Space
(Hitachi 10 Software Engi neering). Exanple 9: Optim zation of a partial

| east square nodel by genetic algorithm The data on forty patients having
measur ed expressions of 6,891 genes with DNA chip A used in Exanple 4 are
used as athatevergilasstibpeghap themidlo-argpls placed in delide ighad raélorarkixiaigl e, in
"Foundation of Cenetic algorithm by adashi I niwa (Chnsha, 1994).

Expl anat okyachadi ?%irjﬁsw?ﬂ}? 2%e56c) 64 9P 6D sBhitdi byggeﬁﬂxcs@m%lfbh man the

above data. The ms noted by and " bel ow are echhical terns used

soual| |l P AR ARG o SO P 191008 e

necessary. e func I'S use tness’. Genot ype"

of each "ipdhviduyal" i.s presenfed.as. a se n {&l+~ b b ichis
Y whon an Dt iehdiis pbubisil 7€ i ufed SHHRC0 85 3500 The diersiaciay 1T of &
set of _individuals is suned to,be 100. ,Initial ygenotypes". (GIYPE) of
i vi Buarnsiestest oA ARSI SerRlE Faskasie MAisE S thE TRERTAN iferioved N,
300)/ 2 explanatory vari abl es are adopted qn the ayera wherei n,Ns 25
denot es t ¥ geahy) enttifging dhnathes T%Ff?fbtﬁlé‘ﬁtesc)ﬁnwg-‘&feaﬁp%mfhé Miper of 63
candi dates of explanatory variables, and 300 is a constant for the
conveni enteowf tepperature). exBleeit Miero-arkpy i isdi xepduavithaSsan e Azgard4bm t he
set, and one of the individuals after "uniformcrossover" of "genotype" is
def i ned a(menufdctuiied by £3S1. Laminoriss Cod, ang thaalate inanalyzed hyhusisgarence of
the "parent individuals" is selected with a

analysis software Qant Array {GSI Luminonics Co.) and Chip Space (Hitachi

10  Software Engineering).

Example 9: Optimization of a partial least square model by genetic algorithm
The data on forty patients having measured expressions of 6,891 genes
with DNA chip A used in Example 4 are used as a data set. The genetic
15 algorithm is described, for example, in “Foundation of Genetic algorithm” by
Tadashi Iniwa (Ohmsha, 1994). Explanatory variables are selected by using the
genetic algorithm on the above data. The terms noted by “ and ” below are
technical terms used usually in the field of genetic algorithm, and they are
explained when necessary. The function -PRESS x 1.01NP is used for “fitness”.
20 “Genotype” of each “individual” is presented as a sequence {bl, b2, b3, ...}
which is 1 when an explanatory variable is used, and 0 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

25 denotes the sample number (number of patients), Ng denotes the number of




probability of 1/2 for each "locus", and the sel ected sequence is
substituted to create a new "individual". Subsequently, inversion of 0 H1
are carried out for every "loci" of the new "individual”™ with a
probability of 1.1/(the nunmber of adof?ed explanatory vari abl es) when "0"
I's substituted (when the explanatory 10 variable is adopted), and with a
probability of 1.1 / ( the nunber of candidates of unadopted expl anatory
vari abl es) when "1" is substituted (when explanatory variables are not
adopted). "Fitness" of the new "individual" prepared by the above-nenti oned
" cr ossovecandidatésawf explaraitonniarisbles) apdr300 ivva icbnsthnt festhié cohivanience of
"individual" 15 in the set that is a randomy selected as "opponent of
tournanen%ﬁaaﬂhpem&hﬁghyidual" is substituted with a probability of 0.75

when the new "individual"” is superior to the old one, and with a
probabi ity of GuwipinMigidde aré‘@&ecﬂeﬂ%&hﬂﬂf& set] Sndl B bOThd thdibRIS one.
However, "elite strategy i's used here in which the substitution is

hi bi t t t
the set. e%\é@‘:@?ﬁ. ng f#%“?ﬁ*ffﬁ@ﬂpéﬁveﬁ%’ﬁég%ﬁﬁ%aﬂ% BRIITTRR e on 1
t at - * I Th def
the -dbui &b ensr ELFELLL e FimSare B) paperdt aidaassds et "
"nunb f t t 0. .T cl t 10
(0.t he. " naRORRIIGH Db/ fPr ARy dRgHe Por T SISy HEMARER i HEAGRET Fi
sol ution is found, until 64 the "nunber of generatlon reaches .t he maxi num

"nunber oFeréﬁérfEW ondividuak.j 2ub S@ﬂu@n@yme@s@n ab0 6P ]tﬁ@‘raéﬁéflqu &0r of
preparation of the initial set and optimzation until the end is defined

as a run, every ‘iloci’upksthe rewpdndiridual” with.a peokabikir of 24/ fibe aumaber of

optim zation occurs in the 15 runs. 5 The best result is obtained by using
25 expl anatoptedvexplabatesy variables) when “0” is substituted (when the explanatory

10  variable is adopted), and with a probability of 1.1/( the number of candidates of
unadopted explanatory variables) when “1” is substituted (when explanatory
variables are not adopted).

“Fitness” of the new “individual” prepared by the above-mentioned
“crossover/ mutation operation” is compared with “fitness” of an “individual”

15 in the set that is a randomly selected as “opponent of tournament”. The
“individual” is substituted with a probability of 0.75 when the new
“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

20 tournament” is the optimum solution in the set.

The set is optimized by repeating the cycle of “crossover” —
“mutation” — “selection”. The “number of generation” is defined herein as the
division of the cycle number 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

25 maximum generation” every time when a new optimum solution is found, until



Exanpl e 10: Construction of a nodel by hierarchical ar cial neural
network (M.P) Three explanatory vari ables are obtained by the feature
extraction with 10 PLS-CV from 3, 448 commbn genes to type A breast cancer
(40 patients) and type B breast cancer6424 patients) so that the function
PRESS x 1.17'" is reduced, and they are used in the discrimnative analysis
of recurrence of the breast cancer patients in Exanple 5. In the analysis
nmet hod, the MLP has three layers with a structure 15 wherein signoid
conversion is perforned only once in the internediate layer (tk) , and

f our t opolthgfmsmber &f generdtian® reaches the maxivhagm ’biumbéghﬁ geriaratibm”. net wor k
Is perfornmed by a back propagation algorithm sL =, W'pi tik =1 /(1 +
exp(-s )). 20 YA sdriefof thekp rBhasslhﬁ?uf tlse d eﬁmkpfe;pmm@yofthmﬁnhhb are
as follows. Topology Ila and to ogy IIc are inferior to topology Ilb.

Topol ogy ket ¥nd Qpﬁﬁuzaitﬂr? dﬁanE\eSlena rslaeﬁﬁedZasB% kA4 84439 ﬁﬁ\s 8@45340
+29. 65 T64312. 65 R2 = . Topology Ilb: y=1.19-

ti-1.43 t f)erfo}ﬂ'\ed.z ﬁ% -l%BSMégql%Q\? tﬁe to%tlrngtléﬂ octufP il thé §5 r"ﬁ%s.55

T64312.
5 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 with
10 PLS-CV from 3,448 common genes to type A breast cancer (40 patients) and
type B breast cancer (24 patients) so that the function PRESS x 1.17MF is reduced,
and they are used in the discriminative analysis of recurrence of the breast
cancer patients in Example 5.
In the analysis method, the MLP has three layers with a structure
15 wherein sigmoid conversion is performed only once in the intermediate layer
(k) , and four topologies in Fig. 17 are tried. Learning of weights in the

network is performed by a back propagation algorithm.

Su = Z,—Wﬁ 5
tp =1/(1+exp(=s,)).
20 Yi = Zjvk L

The results of network topology I and IIb are as follows. Topology Ila
and topology Ilc are inferior to topology IIb.
Topology I:

y =0.76 -1.77 1.

25 s1 = -12.48-42 89 H11482 +39.38 AA045340 +29.65 T64312.



R2 = 0.626. 2=0.416. Exanple 11: Construction of a proportional hazards
nodel with |atent variables One |atent variable produced in the analysis
process of PLS is extracted 10 by using the expression |evels of ten genes
selected in the PLS-CV nethod used inékxanple 3 as expl anatory vari abl es,
and by using the logit value of the survival ratio as an object variable.
When the anal ysis of the proportional hazard nodel us attenpted with the
| atent variable as the explanatory variable, the equation obtained is
significant wwth P - 0.0001. Fig. 18 shows a plot of the 15 hazard val ue
obt ai ned by cal Rakd.71 the ri ght=9j1d@ of the equation in the vertical
axi s against the survival tinme in the horizontal axis. For assessing the
predictioqoggkgﬁgmgnce of the hazard equation obtained in this technique,
t he hazard ion is produced by using remaining 39 cases after

excl udi ng one cgselagggg tihe. ?g ases used, and the hazard value 20 of the
excl uded one case 1S pre icte ig. 19 shoms a plot between the val ues

predi cted by thgha@ﬁ%%A@gﬂd om 39 cases, and cal cul ated val ues of

the hazard equdti on from40 cases.” Fig. 19 shoms that the technique can
gi ve a_ good re e hazard val ue. Advant ages of
the i nvention a ﬁﬁh}ﬁg%ﬁgg?%gﬁégﬁg%ﬂ%ﬁg 25 vari abl es can be
decreased by sel ct t he expl a varlables Wi th cross 66 validation
when a correlatﬁgﬁ(hggkl S detéﬁ%fz%éﬁbetmeen t he changes in the
bi ol ogi cal conditions probabilistically generated with tinme and the
expression levels of genes and/or the quantities of intracellular
substances. Thus, a good nultivariate analysis nodel can be obtained with
excel | ent Epran'cpleﬁl dboqpsimetioncof Ehpropretinoal hazapds micslel witlylaerdfwiriablesn t he
nunber of the explanatory variables is as large as 1,000 or nore such as
in the gene expOrsslatentlvaviable Bsoduced in the analysis process of PLS is extracted
10 by using the expression levels of ten genes selected in the PLS-CV method used
in Example 3 as explanatory variables, and by using the logit value of the
survival ratio as an object variable. When the analysis of the proportional
hazard model us attempted with the latent variable as the explanatory variable,
the equation obtained is significant with P < 0.0001. Fig. 18 shows a plot of the
15 hazard value obtained by calculating the right side of the equation in the
vertical axis against the survival time in the horizontal axis.
For assessing the prediction performance of the hazard equation
obtained in this technique, the hazard equation is produced by using remaining
39 cases after excluding one case among the 40 cases used, and the hazard value
20  of the excluded 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 the technique can give a
good result in the prediction of the hazard value.

Advantages of the invention are explained below. The number of

25 variables can be decreased by selecting the explanatory variables with cross-



decreasi ng the nunber of the variables, inportant genes and nmechani snms
operating in the background of diseases and bi ol ogi cal phenonena can be
predi cted or specified and can be understood well. |nexpensive diagnostic
10 materials such as DNA chips, DNA cofftent vectors and antibody chi ps may
be designed and provided by restricting only to inportant gene products
and intracellular substances. Further, a correlation nodel between the
changes in the biological conditions probabilistically generated with tine

and the expression |levels of 15 genes and/or the quantities of

i nt racel | whhdatsom sthenca souelation thedel is detdrminegsbetyyaencthgudhanges gsthier i ved
fromthe changes in the biological conditions probabilistically generated
wi t h ti nebidtugichleconditions irobabiliskitadly géeneratedmatitfotimeandnthe iexpresaion

anal ysis nethods can be applied when the nunber of the explanatory

vari abl eslédvels @0gémauaaty drythesqugtities diantraadlidlenstbsianesse Theis) adgodd’
CLAIM5S 1. A data analysis systemfor determning a correlation nodel with

a bi ol ogiwpdtivaARes 5ﬁ£gsi§rmédélh€d}99eidbtiih@dbsivﬁhpﬁécﬁﬂéntcpféﬁi&ﬂ'i&ﬂ ower.
probabilistically generated with tine as an object variable and gene

expr esgi Omse‘fﬂétggﬁgg% Yarficd sk R Wheh”il’i@%ﬂ’d:ﬂnarofsH@étédﬁé‘ﬁat??cei i ng

expl anatory var| : ystem “conprising: an Input means for _
e L R g e A
D 0 00 Cah LB, BLARAE Ly Sy B b ROl BBl
ntracel| %lpgltatlsnugb%a ¢ Saickground of diseases and biological phenomena can be
predicted or specified and can be understood well. Inexpensive diagnostic
10 materials such as DNA chips, DNA content vectors and antibody chips may be
designed and provided by restricting only to important gene products and
intracellular substances.
Further, a correlation model between the changes in the biological
conditions probabilistically generated with time and the expression levels of
15 genes and/or the quantities of intracellular substances can be determined by
using the quantities derived from the changes in the biological conditions
probabilistically generated with time.
Further, conventional statistical methods or multivariate analysis

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

20 reduced by using the partial least square method.




(A) a selection neans for selecting explanatory variables; (B) a
cal cul ation neans for calculating a result of cross validation with
executing a partial |east square nmethod, or for calculating a result of
cross 15 validation with executing a Partial |east square nethod by using
a conversion result as the object variable, the conversion result being
obt ai ned by converting a probability that no change occurs by applying a
life tabl e according to Kaplan- Meier nethod or Cutler-Ederer nethod to the
data on the change in the biological condition, based on or wthout an
assuned dCdtAlM®Iti on; 20 (C) a judging neans for judging adoption and
non-adopti on of the explanatory variables by assessing the result of the
cal cul ati @an by #heéata analyisist spstemre fms detarchifidlg a develation medek wWith a
deciding a partial |east square nodel by continuously inproving a function
havi ng t higlegichl conditivtr of @sshargdd dattherbiclogicd donelithon tprababgistitallbquar e
nodel as at | east one of independent variables by using 68 the selection

means (A) geﬁ&%té‘dikﬁfﬁ rh®As A BBjet B afdablet 1R Jg@ﬂ@ie&grég‘éﬁﬁﬁ ldvels ard/dihe data

anal ysis Systemaccording to Claim1, whereinthe object variable is the

bi ol ogica hd 143N; i LR 2 DYes87h Shith U\Fr?ﬁlﬂ@ss &
bi ol og?cahuggﬁg%gt icgnlsntgérl%ggiaga?{rlgﬁgi\}\%?’cﬁ t%xj,ﬁ l?%l (Ejsgi caa coﬁdlﬂﬁag#tias

deri ved, ﬁi{}})‘ilis% cal cul ati on neans (B) cal cul ates the cross validation
with execlth 0 partial |east square nmethod. 3. The data anal ysis

system according to Claim1 erein.the aobjegt ariabl.e i he change in
t he bi ol ogi cal gﬂn’&'\ﬁqtoﬁmﬁf‘% i 196G ¢ yadhE, e’&"Cﬁﬁhpﬁ ?Pf%,"“t Eiie dat a
received by .the jnput, neans. are the data on the .change.i.n 10 the bhiol ogi cal
condi ti ongiﬂl%‘éﬁi ?‘Fré‘ilpé’ﬁl grydafafeomy W ‘ith ¥h¢%ﬁoﬁr@0§rﬁ?%a%°n S AeHVEdi 8h neans
(B) calculates calculating a result of cross validation wth )

data on the change in the biological condition probabilistically generated with

10 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 cross

15 validation 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 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 (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
continuously improving a function having the result of the cross validation of

25  the partial least square model as at least one of independent variables by using




executing a partial |east square nmethod by using a conversion result as the
obj ect variable, the conversion result being obtained by converting a
probability that no change occurs by applying a life table according to
Kapl an- Mei er 15 nethod or Cutl er-Edereé8 method to the data on the change in
t he biological condition, based on or without an assunmed distribution; 4.
The data anal ysis system according to Claiml, 2 or 3, further conprising
a final nodel decision neans for constructing a nodel of a statistical

met hod or nultivariate analysis nmethod by using the explanatory 20

vari abl es tledsgiectibn meahe( ppthe edlchlatioh rseprar(B) and¢he fistgingimeshs{{)t he
decision neans or |atent variables of the partial |east square nodel. 5.

The data anal ysps Hxstiam anal9sidisysten® aetordome toiClaimilysvHerein ¢he objeet ei n
t he explanatory vari ables are sequentially adopted or excluded by the

sel ecti onyARABR- is3Re biolbBRall@bAdAHGR, ¥Bé Haby SdRNVRCEP M thet MeXndake of
Clains 1 to 4, 69 wherein the explanatory variables are sel ected by using a

geneti c ah?@ﬁfoﬁ@quconpﬁ@r}%&ééaggo@%% the blOBEHA! oo HerkRHEM

according to any?one o erein result of the cross

xcl udf ng 280 3t IR by ob) SR Bates Bhe PR ol e RRH Y fn PG e,
analysis s stq? agcordi?}% b1o ny one of Clains 1 to 6, wherein the cross
val i datloﬁ’zq SRSE GHYREID Oéf;pl ying the partial |east square nethod by

100" The data Ani e AatasSEABHS Ry BrARGEIRUNGS IR O WBhersie i ALERb
cal eutati (\)rgrigglaeniss Eh?et S}rlaT.lgneeisn %her: Ei)@(r)l%sgl?c% %%L\é?ﬁgnalpllj'gbe(l)l:];iligt?caei\lryr ggngr%wd\e en the
with time, the data received by the input means are the data on the change in
10 the biological condition probabilistically generated with time, and the
calculation means (B) calculates calculating a result of cross validation 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 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;
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
20  variables adopted in the partial least square model determined by the decision
means or latent variables of the partial least square model.
5. The data analysis system according to any one of Claims 1 to 4,
wherein the explanatory variables are sequentially adopted or excluded by the
selection means.

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



obj ect variable show ng the biological condition predicted by the gene
expression of the excluded sanple in each cal cul ation and the object
vari able showi ng the biological condition of the excluded sanple, and uses
the error as 15 an index of the crosst%alidation. 10. The data anal ysis
system according to any one of Clains 1 to 9, wherein the function is the
result of the cross validation. 11. The data anal ysis system according to
any one of Claims 1 to 9, wherein the function of the result of the cross
val i dation and the nunber of the 20 selected explanatory variables is
used. 12. whereiathe explanatosy yggeables ace selectad yousthgiagenetisnalgerithmiey

deci sion neans repeats discrimnative assessnent by inproving a function
havi ng t hehe sedeatidn mkahdie cross validation as at | east one of the

i ndependent vari ables. 13. The data anal ysis system according to any one of
Cainis 1 to 127, The \da®4 einalyishe spebRChéRdIIRARS af) o @f ttlRirAaI1ctd 8f i on
nmeans (B) conprise a 70 plurality of conputers. 14, A data analysis system

further coppurbii ik ARANSE the RHSssTPARRHRN is Eaﬁ@@liai’éd‘gvim%égﬂrﬁhpléagﬂ model
determined in Cains 1, 2, 3 or 4 and the explanatory variables adopted in

L1 el sl AR ool GEh e ey PuTRER b REfilgilge o
i ved I t | abl h l.ysi t ' t
ecer ved 20l SngLorke A SHUfge e SRS, o SE S0 o
i n, i nal l,e,. or.di nal ' ' . 10
PSSt B AL S5 DR SERE uly HRLPRHH SRR 12,

nmet hod or mn&i_lgav%rl at eu?lnal ysi s mai,hod g ssa?nglggr,ess on gﬂ:%h si s

y excluding”a plurality o in the ¢ tion means
sequentially .
10 9. The data analysis system according to Claim 7 or 8, wherein the

calculation means determines 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 biological condition of the excluded sample, and uses the error as
15 anindex of the cross validation.

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

20 selected explanatory variables is used.

12. The data analysis system according to Claim 5, wherein the decision
means repeats discriminative assessment by improving a function having the
result of the cross validation as at least one of the independent variables.

13. The data analysis system according to any one of Claims 1 to 12,

25 wherein the selection means (A) and the calculation means (B) comprise a



met hod applied to a proportional hazard nethod or paranetric distribution.
17. A data analysis nethod for determning a correlation nodel with a
bi ol ogi cal condition or a change in the 'biological condition
probabilistically 15 generated with t¥@re as an object variable and gene
expression |levels and/or quantities of intracellular substances as
expl anatory variables, the nmethod conprising the steps of: receiving a
sanpl e set including data on the biological condition or data from which
the biological condition is derived, or data on the change in the 20
bioIogicabhgqn%}bf@ﬂnpﬁﬁﬁgbiIistically generated with tinme, and the
expression levéls of a plurality of genes and/or the quantities of
i ntracel lul ar syps : ' }ﬁ%ﬁh : ' for B)
calculating a rEQU??ﬁ% %%F%tégsgﬁkﬁgﬁ#gﬁﬂgeﬁlxecuggﬁgﬂg*ﬁgﬁPfgghﬁgggé
square e . or. cal 4.ng S r al | daty | ting
25 partia&ggbégg g%h%ﬁ%L%@Pﬂogﬁﬁ%fJg%%g%%egoﬁﬁgﬁéﬁg%qfE%u f»ggqpﬁéa%%ject
variable, 71 the conversion,resyl.t bein bt ai ned, by nver {.i a
pr obabi | i Pﬂﬂ%l@ﬁﬁ'iorﬁ REUn egf’ead?ﬁtgarlg '\Ebﬁéﬂggal e 8@3@5&(’?% Eﬁﬁlf%g’ 24 & di ng
to Kapl an- Mei er, met hgd , or t].er- Ederer thod,to the, dat n t he.change
in t hedbi GReEESLar Prasheting aﬁoé Ad%stEBl%‘im&the IWHSEF@? 5ﬂ“§ iSFHRLeR, | gn;
5 (O judging adoption and non-adoption of the explanatory variabl es by
assessi ng%ﬂ!lﬂttt,il o the receivedraxplanatoravaables t he cal culation in the
calculating step (B); and (D) deciding a partial |east square nodel by
conti nuously i npp.ovihegdata dnalysis epsthavacnyrding re€ldim 3fwherein the sbject
val i dation of the partial |east square 10 nodel as at |east one of
I ndependentriublel i8lthe biblogiil ronditiors edpresdried $h enhifta) scalocondihalisalé ng
step (B) and the judging step (O.

or a continuous quantity.

10 16. The data analysis system according to Claim 4, wherein the
statistical method or multivariate analysis method is a regression analysis
method applied to a proportional hazard method or parametric distribution.

17. A data analysis method for determining a correlation model with a
biological condition or a change in the biological condition probabilistically

15 generated with time as an object variable and gene expression levels and/or
quantities of intracellular substances as explanatory variables, the method
comprising the steps of:

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

20 Dbiological 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 of cross validation with executing a

25  partial least square method by using a conversion result as the object variable,




18. The data anal ysis nethod according to Caim17, 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
is derived, 15 and the cross validatiofAlis calculated in the calcul ation
step (B) with executing the partial |east square nethod. 19. The data
anal ysis nethod according to Claim1l17, wherein the object variable is the
change in the biological condition probabilistically generated with tineg,
the data received in the input step are the data on the 20 change in the
bi ol ogi cathecondiersion rpswbbbirlg ebtaired lyy gemeartinga prdbabilityethatind change he
calculating step (B) the result of cross validation is calculated with

execut i ngocaurpavhéroh lifetdie Mppliedrm:‘cbﬂﬂnp)to keplan-Meienumthod or Crsler: as
t he object variable, the conversion result being obtained by converting a

probabi | i Pietdtahethodcdane @at®68 Yhé chahgdibl the Biblogical eorditiba, Baedrei oy to
Kapl an- Mei er nethod or Cutler 25 Ederer nethod to the data on the change in

the bi ol ogligutepdlshined difgaitic? or 72 wi thout an assuned distribution.
20. The data anal ysis nethod according to Claim17, 18 or 19 further

ol Cvar ot e anirylipuSARbHEY R MARASbaGh of iie BloBhally MHEBRE Y o5 1 n
the 5 partial .l east d term ned he decjsi | at ent
vari abl es SgesipRang sPRuiE of A8 tcufeflofL B BEE uleBr Bl SRR e e oo
according,to any one of Clainms 17 to 20, wherein the explanatory vari abl es
are seque }?apay adopted or excluded in the selection step. 10 22. The

data anal ysi s net had according to any one of ﬁ:lai ms 17 to 20, wherein the
expl anat ory var (lAbAeddigaparial keast3quase model fsnentenuguply impgoving a

function having the result of the cross validation of the partial least square
10  model as at least one of independent variables by using the selecting step (A),
the calculating step (B) and the judging step (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 is derived,

15  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

20 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 Kaplan-Meier method or Cutler-

25  Ederer method to the data on the change in the biological condition, based on or




23. The data anal ysis nmethod according to any one of Clainms 17 to 22,
wherein the result of the cross validation is calculated with the parti al

| east square nmethod by excluding one sanple in the cal culation step
sequentially. 15 24. The data anal ysi s72et hod according to any one of
Clains 17 to 22, wherein the result of the cross validation is cal cul ated
with the partial |east square nethod by excluding a plurality of sanples
in the calculation step sequentially. 25. The data anal ysis net hod
according to Claim23 or 24, wherein in 20 the calculation step a

r epr esent atithartaal assunfedadistrilndiorbet ween t he obj ect vari abl e show ng the
bi ol ogi cal condition predicted by the gene expression of the excluded
sanple in each @l (Headlatanareiigsis heethbiecomtingabl Elasinold, 1@ ¢he9 fhrthéngi cal
condition of the excluded sanple is determ ned, and the error is used as

an index eb Bikg Gb St |fbﬁ|aédr%ruc%g2§; mUiR] O6ft @ sfdisisals m@hbadopccor di ng
to any one of Clains 17 to 25, 73 whéeérein the function is the result of the

cross vali -' ' ' t f

G ams. 17 BuygRatcnal A8 BB AL B PAHaREG Vatiablls RGN 2t

val idagio : er. of | : | sed. 5
26 e akplidldbetf sHEhEnG UeRarifo by e RERRRANNRK: BPIAB Pitidties
decision s discrimpative assessnent is repeated by inproving the
function oﬁgl%nﬁr?—{a%eaﬁggmqre&mﬁe cross validation as at |east one of

I ndependent varjables. 29. The data apal ysi.s nethod accardin any one of
Clainms 17 to 28,&% \Lﬁ'@r%"’}tﬁ %%F@E‘E?@ﬁc‘éréﬁl&%%&nﬁfg cglﬁ}rgﬁhgttf’%l step
(B) are executed in a_ 10 pluraljty of conputers. 30. A data analysis

met hod compareimihe: ¢xplamatgry gariables are sequentially adopted or excluded in the

selection step.

10 22. The data analysis method according to any one of Claims 17 to 20,
wherein the explanatory variables are selected by using a genetic 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 least
square method by excluding one sample in the calculation step sequentially.

15 24. 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 least
square method by excluding a plurality of samples in the calculation step
sequentially.

25. The data analysis method according to Claim 23 or 24, wherein in

20 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
biological condition of the excluded sample is determined, and the error is used
as an index of the cross validation.

25 26. The data analysis method according to any one of Claims 17 to 25,




receiving the correlation nodel determined in Claims 17, 18, 19 or 20 and
expl anatory vari abl es adopted in the nodel on sanples to be predicted, and
15 predicting and discrimnating the biological condition of the sanples
based on the received explanatory variables. 31. The data anal ysis net hod
according to Claim 18 wherein the object variable is the biological
condition represented in nom nal scale, ordinal scale or a continuous
gquantity. 20 32. The data anal ysis method according to C aim20, wherein
the statistical nethod or nmultivariate analysis nmethod used in the final

model  degiiiréin tﬁE‘i‘Bnét%oﬁls%@&@sﬁﬁt 8P tRNRbYSYAidRRidod applied to a
proportional hazard nethod or par anetric distribution. 33. A dat a anal ysi s

pr ogr am execut aby eyl oo QTRHISA! loBod!SERRIAY RPan?8nd JER5EhaY7q 30l
; b e

wi th a biol ogica con I'on a change in ogi cal |t|on
probablllstlcall ener ed.wth as va bl e
cxpr ossi of 60 el aﬁ&m e o 537, B G BT
expl anat ory, arl abl es, the ram orrprl sing the steps of: receiving a
sanpl e sefeleete ELRGALT 135458 ogical condition or data 5 from which
t he biological condition is derlved or data on the change |n t he
bi ol ogPcal cond?8.i drhepdatsannal Vgtsu@athqd geseadingetr Mlaim 2lnavhezgin imthe
expression levels of a plurality of genes and/or the quantities of
i ntracel | decisiosustep alisaimir(atjvesasisessinery is repentpd dyainopsoving ithe fesctiqr)
calculating a result of cross validation by executing a partial |east 10
squar e nehhoihg the resule of tid argsavalidatidn an‘atdeaz&samaifllﬂdepmdemtmrlahhssut ing a
partial |east squar e method by using a conversion result as the object
variabl e, 29. The data analysis method according to any one of Claims 17 to 28,
wherein the selection step (A) and the calculation step (B) are executed in a
10  plurality of computers.
30. A data analysis method comprising the steps of:
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

15 predicting and discriminating the biological condition of the samples
based on the received explanatory variables.

31. The data analysis method according to Claim 18 wherein the object
variable is the biological condition represented in nominal scale, ordinal scale
or a continuous quantity.

20 32. The data analysis method according to Claim 20, wherein the
statistical method or multivariate analysis method used in the final model
decision step is a regression analysis method applied to a proportional hazard
method or parametric distribution.

33. A data analysis program executable in a computer for determining

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



t he conversion result being obtained by converting a probability that no
change occurs by applying a life table according to Kapl an-Mei er nethod or
Cutler- Ederer method to the data on the change in the biological
condition, based on or 15 wi thout an Bgsunmed 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 |east square nodel by continuously inproving a
20 function having the result of the cross validation of the partial |east

squar e nogehditidnaprdbabilistieakdy %fenéfui@@ evigle timy ak lanbblsjectbyarighle aindngene
selecting step (A), the calculating step (B) and the judging step (C. 34.

The data _@Qﬁx‘e\ééﬁbﬁ_ 18819l 1 ArC SHtfebst O {AtRICBIdRr SUPRERICEs %Beexp@.ﬁiﬁéiy
variable is the biological condition, the data received in said input step

25 are th LIM.Q0 gﬂhqi | Q5 gl m whi ch t he bi ol ogi cal
condi ti on%fd;1 %Q’ggré?\fg , aﬁéhﬁfw}gﬂcé 0SS t\%g% Pgat ion is calculated in the
cal culation step (B). with executing,.the partial,l L 1S . . 35.
The data anal yslcIB PARTIRE GF rRR R bBEET o & pifpte R RlifoR B 38
variable is the cha i n the biological, condition probgbilistical 5
gener a? ed fXAn} Welﬁ%cﬁet?‘%ﬁﬂé'i]%‘f qoé'%léti‘%’éds derivRd. Pﬁﬂf?ltgg‘e e fhange.ythe, o
the change_ in the biglogical cqondition probabiljstically nerated with
tine, andbidlogicRbcenditionapTovgblisssal ppenRRte L atath thriecand Sho AxPESSITh i s
calculated with executing a partial |east square nmethod by using a
conver si otevelsof a phwalityeofggnestanddor sl guantitirs of dntreceliwar selstpmrcesei ng
obt ai ned by converting a probability that no change 10 occurs by applying a
life tabl e acco(A) sdedtingdhel expldvsitery vatidhdes;or Cutl er- Ederer nethod to the
data on the change in the biological condition, based on or
(B) calculating a result of cross validation by executing a partial least
10  square method, or calculating a result of cross validation 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 Kaplan-Meier method or Cutler-
Ederer method to the data on the change in the biological condition, based on or
15 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).
34. The data analysis program according to Claim 33, wherein the

object variable is the biological condition, the data received in said input step

25 are the biological conditions or data from which the biological condition is



wi t hout an assumed distribution. 36. The data anal ysis program according to
Claim33, 34 or 35 further conprising a step for constructing a nodel of a
statistical nethod or 15 nultivariate analysis nmethod by using the

expl anatory variabl es adopted in the pggtial |east square nodel determ ned
by the decision neans or |atent variables of the partial |east square
nodel . 37. The data anal ysis program according to any one of Clains 33 to
36, wherein the explanatory variables are sequentially adopted or excluded
in the 20 selection step. 38. The data anal ysis program accordi ng to any

one of O @efived3ahd® tBE crosshedIRiARidn R @Idllard! B thevdlt@atieh P (QB phadt ed by
using a genetlc algorithm 39. The data anal ysis program according to any

cal cul at o§ W T 18 Pfvicl KRS Sl REAGET | Ot EﬁdCLSSZXZ?Lh?ﬁB' inséipl e
accordi ng Lo andlontor ARy SS 'ngfféﬁ a‘*%%fdmgn R SRR <
orural | OB ga‘%{%}%le s P Bl in R melHO gea%ﬂw‘)a‘fw Heopabuhedliey
cal cul Bt 1 BAnSiB IR raS O 33@&%%2'@% °{rm$oste“$3r§é5ﬁ date ofie
of ' the cxbwmgrin é&%ﬁﬁg'l‘)gl'@é%hlé%{‘ pratatHcall Bomeralby obRh e L howi ng
the biological condition of the excluded sanple is determned, and the
error is tisechlculating step (B)dbe refult ofcrosovalidatidndistdatoulated. withexeeatting
anal ysis nmethod according to any one of Clains 33 to 41,
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
10 occurs by applying a life table according to Kaplan-Meier method or Cutler-
Ederer method to the data on the change in the biclogical 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
15  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.
37. The data analysis program according to any one of Claims 33 to 36,
wherein the explanatory variables are sequentially adopted or excluded in the
20  selection step.
38. The data analysis program according to any one of Claims 33 to 36,
wherein the explanatory variables are selected by using a genetic algorithm.
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 least

25 square method by excluding a sample in the calculation step sequentially.



wherein the function is the result of the cross validation. 43. The data
anal ysis nmethod according to any one of Clains 33 to 41, wherein the
function of the result of the cross validation and the nunber of the 15
sel ected explanatory variables is used7644. The data anal ysis program
according to Caim37, wherein in the decision step discrimnative
assessnent is repeated by inproving the function having the result of the
cross validation as at | east one of independent variables. 45. The data
anal ysi s program according to any one of Clains 33 to 44, 20 wherein the
sel ection step 4B Thediathanelssypragran stemitflo ang aresafulaims 33do 38,
plurality of conputers. 46. A data analysis program conprising the steps

of : recei whitgeinhthecobe halitlationislehlcdrited BynasbliyheCiled partdd ledst sqaarer 36
and the expl anatory vari ables adopted in the nodel” on sanples to be

predi ct edmetR8d aBg chlaamgoca ';El%rﬁl’il? @ S6drhPledalih Nehet RAIIIAAY! @Rthod
condition of the Sanples ased on the recelved explanatory variables. 47.
The data g§§§éﬁﬂﬁﬁynethod according to Claim 34 wherein the object variable
is the biolbgical “condition represented in nom nal scale, ordinal scale 5

or a cgntinuous gu [ T 1S ' .Claim

36, wherein the4ﬂs?§%i&s¥?g§$ Wr%leﬁ{]ﬁ%%?%& %uaﬁﬂ%\?}g??a@ éﬁg%’gf‘@lﬁ%%n@% ﬁiggmused I n
t he final jode ecision step is a.regression analysi,s. . .nethod applied to a
o eoor s ol HlenlAtien S a5 rePresSnGrkE T AIt], & pRneubt PetiGenotherRBiest oo o
according tg C aim 37, rejn . the explanatory wvariables are not ingluded

at all in"aﬁaﬁ‘?i ghogying; gblplp&lwﬁ 9 0 predicted by the gene ‘expression of

the excluded sample in each calculation and the object variable showing the

biological condition of the excluded sample is determined, and the error is used
10  asanindex 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 41,
wherein the function of the result of the cross validation and the number of the

15  selected explanatory variables is used.

44. The data analysis program according to Claim 37, 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 independent variables.

45, The data analysis program according to any one of Claims 33 to 44,

20 wherein the selection step (B) and the calculation step (C) are executed in a
plurality of computers.

46. A data analysis program comprising the steps of:

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,

25 and



50. The program according to Caim37, wherein the full explanatory
variables are included in the initial state in the selection step. 51. The
program according to any one of Cainms_37 to 50, wherein the 15 biol ogical
condition conprise a neasured val ue reﬁ?esentlng a type of disease, a
measured val ue representing degree of critical of disease, a result of

di agnosis representing a type of disease, a result of diagnosis
representing degree of «critical of disease, or a value derived from one of
them 52. A conputer readabl e recording medi um which records the 20

progr am accor di pgediotingyanshdisefinGhating tBe hiologiral s@ndition wf the samples

subst ance neasuring device, wherein the device detects expression of at

| east onebgsatborns eherdeeiVvesldxplamdtont vyriablea gene group of gene bank
accessi on nunbers U15085, M23452, X52479, Ur0426, H57330 and S69790, a

detection nethod7! Theeidta afhlydismbliafl AQordranorClagm@Aowhereh thé objeesl 25
of diffuse large cell |ynphona based on the tection. 78 54. The

intracel| vhﬁabl%qesch@rtﬁa ohAfidtE dpiseritt@ lﬁwrfapgcawebftﬁﬁar faleof, or
t he exam ning nmethod accOrding to Cai'm 53 wherein expression of at |east

one gege 1y froma gene group of gene bank accession
nunberg @g%g@hﬁ%éﬂggh%ﬂ%ow% BC003536, X00437, 5 U12979, HI96306,
AA830781 and 804793 .is fuyrt.her detected.;.55. I. Nt ceIIuIar
Substance measufiing ieata alkhs et o 1o C e SnER thsi ng
gene products .c ri tantiall enes ene pan SS|

nunbers ABBSS 9‘%% ﬂ&ﬁ&vmﬁseﬁ?ﬂ'é&seﬂ@ tisgd ¢t ﬁ%jc %ﬁ]et hod
thereof, or a method for exam ning degree of critjcal of 10 breast cancer
based on CEeiSis HEP|iHA. regressIPRean ﬁlaéé?qheﬂa?rpﬁhﬂsls'foaﬁd’éoﬁﬁmﬁ‘@ i ce,

the neasurin g
method or parametric distribution.

10 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, wherein the full explanatory
variables are included in the initial state in the selection step.

51. The program according to any one of Claims 37 to 50, wherein the

15  biological condition comprise a measured value representing a type of disease,
a measured value representing degree of critical of disease, a result of diagnosis
representing a type of disease, a result of diagnosis representing degree of
critical of disease, or a value derived from one of them.

52. A computer readable recording medium which records the

20  program according to any one of Claims 33 to 48.

53. An intracellular substance measuring device, wherein the device
detects expression of at least one gene selected substantially in a gene group of
gene bank accession numbers U15085, M23452, X52479, U70426, H57330 and
569790, a detection method thereof, or a method for examining degree of critical

25 of diffuse large cell lymphoma based on the detection.



met hod thereof, or the exam ning nethod according to C aim55, wherein
I ntracel |l ul ar substances contai ning substantially at | east one gene product
selected froma gene group of gene bank accessi on nunbers AA406242, H73335,
15 WB4753, N71160, AA054669, N32820 angg R05667 are further detected. 57. An
i ntracel | ul ar substance neasuring device wherein intracellular substances
cont ai ni ng gene products conprising substantially genes of gene bank
accessi on nunmbers WB4753, H08581, AA045730 and A1250654 are detected, a
measuri ng nmethod thereof, and a nethod for exam ning recurrence of breast

20 cancer basedson iR @Rire&dhday saBstahbe mehsiaeRs | dévite,S HRS traBasrigASUr | Ng
devi ce, the neasuring nethod thereof, or the exam ning nethod according to

G aim 57, WhRLE! theldlit drnmeae%ﬁhﬁg ﬁ%&ﬁ@@.@@&ﬁg@tt@i Cldith $BPShRdEirp! |y at

| east one gene product of genes sePected froma géne group consisting of

gene bank ' r ﬁﬁ@ and
H53037 ar 8%%?@%@?8}32;1' %Q(%f[? 8?1‘? é geégl%%?&}]url])ts F@Egﬁ%‘é’ﬁo@g% %c %géﬁer I ng
devi ce, erein intracellul ar a on} ghiH d
ubstant | BTG cepvis; Aynhedts, UDHSFh MEReR ARDBLER, DBCAERR: 500750,
T83209 9, 739 425861, H84871, T64312, T59518 and
AA0374@8NZE1§5%%J€N§€93§§; A&%@?@LN‘%&M@M@H@ ectedd a nethod for
exam ning recurrence of breast cancer based  on the detectiaon. 60. The
i ntracel | ul ar sbbstAinirirasellalan swbstance daeasusingdeeige; whereiprinbacelidakor | or
t he exam ni ng nmethod according to Caim60, wherein intracellular
subst ancesubsiancgsnéonfaipéng genedpraductssemyprising Ispbstantialgrgenss ofigergne
bank accession nunmber AA406231 are detected further. 61. An intracellul ar
subst ance bank accessiprd avidsers vhASS8572) AAZISOD8 windr AA453345 are detected, a

measuring method thereof, or a method for examining degree of critical of

10  breast cancer based on the detection.

56. The intracellular substance measuring device, the measuring
method thereof, or the examining method according to Claim 55, wherein
intracellular substances containing substantially at least one gene product
selected from a gene group of gene bank accession numbers AA406242, H73335,

15 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 AlI250654 are detected,

a measuring method thereof, and a method for examining recurrence of breast
20 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
intracellular substances containing substantially at least one gene product of

genes selected from a gene group consisting of gene bank accession numbers

25  AA448641, R78516, R05934, AA629838 and H53037 are further detected.



subst ances cont é"i"'hizng gene products substantially of genes of gene bank

accessi on nunbers H11482, T64312 and AA045340, a neasuring nethod thereof,

and a nethod for exam ning recurrence of breast cancer based on the
detection. 15 79

10
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59. An intracellular substance measuring device, wherein intracellular
substances containing gene products substantially comprising genes of gene
bank accession numbers AA434397, T83209, Nb53427, 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.

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.






