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DATA ANALYSIS APPARATUS, METHOD, AND PROGRAM

TECHNICAL FIELD

[0001] The present invention relates to a data analysis
apparatus, method, and program which analyze data by a
statistical method.

BACKGROUND ART

[0002] In the field of statistical data analysis, partial
least squares (PLS) method which 1is one type of the
supervised dimension reduction method is used for
multivariate analysis such as metabolomics for
comprehensively analyzing metabolites in a biological body.
The PLS is used for various purposes such as visualization,
regression, and construction of discrimination model.
Recently, a method obtained by improving PLS is proposed
(for example, Patent Document 1).

[0003] Patent Docuﬁent 1 discloses OPLS (orthogonal
partial 1least squares method) in which O0SC (orthogonal
signal correction) method is applied to the PLS. The OPLS
of Patent Document 1 separates, in a model which predicts a
variable Y from input data set X by the PLS, a systematic
variation in X to a variation orthogonal (uncorrelated) to Y
and a variation which enables prediction of Y. Accordingly,
variations uncorrelated with Y among.variations of multiple
statistical samples included in the data set X are filtered.
Consequently, 1t is possible to obtain a model which is more

easily interpreted without undermining Y prediction accuracy.
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SUMMARY OF INVENTION

PROBLEMS TO BE SOLVED BY THE INVENTION

[0006] Recently, in the field of metabolomics, there is a
case where a plurality of individuals (statistical samples)
obtained by sampling data of metabolite are classified into
several groups according to blood lines or the status of

dosing. In this case, a research related to a variation

pattern of the metabolism which variates according to the



3

specific order among the groups 1is reported (Non-Patent
Document 1).

[0007] An object of the present invention is to provide a
data analysis apparatus, method, and program which can
perform various data analysis by taking into account a group
order among statistical samples.

MEANS FOR SOLVING THE PROBLEMS

[0008] A data analysis apparatus according to the present
invention performs multivariate analysis with a plurality of
data items on a plurality of statistical samples. The data
analysis apparatus includes a storage and a controller. The
storage records statistical data for managing the plurality
of data items per statistical sample, and group information
indicating an arrangement order of groups formed by the
plurality of statistical samples. The controller performs
predetermined calculation processing based on the
statistical data and the group information. The controller
calculates, based on the statistical data, a kernel matrix
in which a matrix element represents a predetermined
relationship between a statistical sample corresponding to a
row number of the matrix element in the plurality of
statistical samples and a statistical sample corresponding
to a column number of the matrix element. The controller
performs calculation processing based on a partial least
squares method under a predetermined condition defined by
the kernel matrix and the group information, to calculate a

score for the statistical samples.



EFFECTS OF THE INVENTION

[0009] The data analysis apparatus according to the
present invention can perform integrated analysis and
nonlinear analysis on various types of statistical data
based on the kernel matrix while reflecting a group order in
scores based on group information. Consequently, it 1is
possible to perform various types of data analysis while
taking into account the group order among statistical
samples.

BRIEF DESCRIPTION OF DRAWINGS

[0010]

Fig. 1A and 1B are views for explaining an outline
of a data analysis method according to a first embodiment.

Fig. 2 is a chart illustrating metabolome data of
a liver sample.

Fig. 3 is a chart illustrating metabolome data of
a heart sample.

Fig. 4 is a chart illustrating metabolome data of
a brain sample.

Fig. 5 is a chart illustrating metabolome data of
a plasma sample.

Fig. 6 1s a Dblock diagram illustrating a
configuration of a data analysis apparatus according to the
first embodiment.

Fig. 7 is a flowchart illustrating data analysis
processing by the data analysis apparatus.

Figs. B8A to 8F are expressions for explaining the



data analysis processing.

Fig. 9 is a flowchart illustrating kernel PLS-ROG
calculation processing of the data analysis processing.

Figs. 10A to 10C are charts for explaining kernel
PLS-ROG calculation processing.

Figs. 11A to 11D are charts illustrating analysis
data of the data analysis processing.

Figs. 12A and 12B are views illustrating display
example of the data analysis processing.

Figs. 13A to 13E are charts for explaining an
analysis result of the data analysis processing.

Figs. 14A to 14C are graphs illustrating an
analysis result of kernel PLS.

Figs. 15A to 15C are graphs illustrating an
analysis result of the kernel PLS-ROG.
EMBODIMENTS OF THE INVENTION
[0011] Hereinafter, embodiments of a data analysis
apparatus, method, and program according to the present
invention will be described with reference to the
accompanying drawings. In each following embodiment, the
same components will be assigned the same reference numerals.
[0012]
(First Embodiment)
1. Outline

An outline of statistical analysis of a data
analysis method according to a first embodiment of the

present invention will be described with reference to Figs.
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1A to 5. Figs. 1A and 1B are views for explaining the
outline of the data analysis method according to the present
embodiment. An example of application of this data analysis
method to metabolomics will be described below.

[0013] The metabolomics 1s a research field which
comprehensively analyzes low molecular metabolites
(compounds whose molecular weight is 1000 or less) in a
biological body. Fig. 1A illustrates an example in which
statistical samples (individuals) to be analyzed are rabbits.
In the metabolomics, various analyzing devices measure
biological samples (specimens) such as animal tissues,
microbial cells, human blood and urine, and analyze the
concentration of metabolites contained in each sample.
Metabolome data in which values of measured concentrations
of various metabolites are recorded 1is expressed in a
following form of a data matrix X of n rows and p columns,

for example:

[Math. 1]
Xip X X3t X,
X=|: : R Q)
xnl xn?. xn3 e xnp
[0014] where n represents a sample size (the number of

individuals), and p represents the number of measured
metabolites (the number of measurement items). According to
the formula (1), items of measurement data (statistical

data) of o) metabolites measured from individuals
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corresponding to row numbers are recorded per row. Figs. 2
to 5 illustrate examples of the data matrix X.

[0015] Figs. 2 to 5 are examples of metabolome data
obtained by analyzing liver, heart, brain, and plasma

samples from nine individual rabbits and measuring

metabolites bf these samples. Fig. 2 illustrates a data
matrix X, of the liver samples. Fig. 3 illustrates a data
matrix Xy of the heart samples. Fig. 4 illustrates a data
matrix X of the brain samples. Fig. 5 illustrates a data
matrix X, of the plasma samples. In the drawings, “'”
means transposition of the matrix (the same applies
hereinafter).

[0016] The metabolome data illustrated in Figs. 2 to 5 of

each of the liver, heart, brain, and plasma samples of the
nine individuals are measured by using a capillary
electrophoresis-time of flight mass spectrometer. For
example, the data in a column of a “sample 1” in Fig. 2

indicates measurement data x;™

obtained by measuring liver
metabolites of the first rabbit of the nine individuals.
Although not illustrated, the numbers of metabolites
detected from each biological sample are 170 in the liver,
161 in the heart, 159 in the brain, and 129 in the plasma,
respectively.

[0017] As in the above example, the metabolome data
contains measurement data of several hundreds to several

thousands of metabolites. These complicate to visually

express the behavior of each sample on the metabolome data
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(for example, in a case that normal mice and disease model
mice are analysis targets, what difference the metabolome
data of those liver samples causes). Thus, scores based on
a multivariate are generated by multivariate analysis to
visually express the behavior of samples by using a scatter
plot of scores. The scatter plot is used to check a
relevance between samples (such as a difference between two
groups of the normal mice and the disease model mice) as
illustrated in Fig. 1B.

[0018] Here, in the examples illustrated in Figs. 1 to 5,
individuals of first to third sample numbers are wild
rabbits, and fourth to ninth individuals are WHHL rabbits
(hyperlipemia model rabbits). Among the fourth to ninth
rabbits, statin is administered to the third to sixth WHHL
rabbits and the statin is not administered to the seventh to
ninth WHHL rabbits. Therefore, in these examples, there are
three groups consisting of the first to third individuals,
the fourth to sixth individuals, and the seventh to ninth
individuals.

[0019] In the above case, obtaining such scores that
three groups are arranged in a predetermined order is useful
for biological observation related to the order and its
verification. With respect to the metabolome data obtained
from each individual, which is managed per type of
biological sample as illustrated in Figs. 2 to 5, integral
analysis of these items of data is required in some cases.

In view of the above demands, the present invention provides
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the data analysis method which enables various data analysis
while taking into account a group order among individuals.
The theory of the data analysis method according to the

present embodiment will be described below.

[0020]
2. Theory

First, a general theory on multivariate analysis
of metabolomics will Dbe described. The multivariate

analysis of metabolome data generally uses main component
analysis and PLS. The PLS can easily obtain accurate scores
whose groups are precisely separated by using group
information in combination with metabolome data additionally.
A classical multivariate analyzing method for performing
analysis by using group information includes, for example, a
canonical correlation analysis. However, it is difficult to
apply this method to data when the number (p) of variables
(measurement items) in the data is larger than a sample size
(n) (p > n). In contrast to this, PLS is also applicable
in the case of p >> n.

[0021] By wusing PLS, 1t 1s possible to obtain scores
whose groups are separated. In this regard, a predetermined
order among groups 1is assumed in some case, for example,
where variations related to a drug concentration is of
interest, or attention 1s paid to metabolites related to
tastiness indices in sensory evaluation. However, the PLS
does not reflect the group order information in the scores,

and thus cannot obtain expected results. Therefore, the
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inventor proposed a method called PLS-ROG (Rank Order of
Groups) to which PLS is modified (see Non-Patent Document 2).
Using PLS-ROG makes it possible to obtain scores whose
groups have an order. Further, the PLS-ROG enables
selection of metabolites related to scores by using
statistical hypothesis testing.

[0022] In the metabolomics, multiple types of metabolome
data may be obtained from one individual. For example,
administration of a particular drug to an animal is likely
to influence metabolism of multiple organs. In such a case,
samples (specimens) of a plurality of organs, plasma, and
urine are sampled from the identical individual, and
respective metabolome data are obtained. In addition, data
other than the metabolome data, such as a gene expression
level and a protein level, is often measured simultaneously
with metabolome data from the identical individual. By
integrating plural measurement data obtained from the
identical individual and calculating common scores by using
multivariate analysis, it is possible to specify metabolites
which commonly variate in a plurality of organs, or
metabolites and genes which variate commonly in the
identical individual.

[0023] If the above multivariate analysis can integrate
different types of measurement data with the group order
among individuals reflected, it 1is possible to perform
various data analysis, e.g., possible to specify metabolites

which commonly variate in individuals according to the group
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order, or causal relationships of them. Therefore, the
inventor devises “kernel PLS-ROG (kernel order partial least
squares method)” by introducing a concept of a kernel method
to the above PLS-ROG, the kernel PLS-ROG enabling various
analysis such as integrated analysis of various types of
measurement data and nonlinear data analysis while taking
into account the order among the groups. Hereinafter, the
PLS-ROG and the kernel PLS-ROG will be described.
[0024]
2-1. PLS-ROG

The PLS-ROG can be formulated by using the data
matrix X (formula (1)) having n rows and p columns, a dummy
matrix Y having n rows and g columns, and an explanatory
variable t and an objective variable s (each n-dimensional
vector). Here, n represents a sample size, p represents the
number of measurement items (data items), and g represents
the number of groups. The dummy matrix Y is a matrix for
setting group information indicating the group order (see
Fig. 8B). The explanatory variable t and the objective
variable s constitute é synthetic variable (t, s).
[0025] Following <relationships are set between the
explanatory variable t and the data matrix X by using a
weight vector wy (p-dimensional vector), and between the
objective variable s and the dummy matrix Y to set the
following relationships by using a weight vector wy  (g-
dimensional vector) respectively.

t = Xwy (2)



12

s = Ywy (3)

[0026] By using the above X, Y, t and s, the PLS-ROG is
formulated as the following optimization problem (to find
specific weight vectors wy, and wy).

[Math. 2]

max cov(z, s) (4)

subject to w.'w =1, &)

(I-)w,'w, + kw 'Y'P'D'DPYw =1 (6)

[0027] In the above formula, cov(t, s) 1s a covariance of
the explanatory variable t and the objective variable s, and
K is a parameter constant indicating a penalty for the group
order among individuals. The matrix P is a matrix of g rows

and n columns indicating weights corresponding to the number

of individuals (number of samples) n;, n,, ..., and Ng
included in each group. The matrix D is a matrix of (g-1)
rows and g columns for smoothing among groups. Concrete

forms of the matrices P and D is exemplified as below.

[Math. 3]
1n - 1/n 0 0 ]
P= 0 0 (7)
0 0 l/ng -« 1/n |
-1 1 0 --- 0 ]
o -1 1 -~ 0 O
p=|. . . 0 | ®
0 0O 0 -~ -1 1_
[0028] According to the formulas (4) to (6), the PLS-ROG

configures an optimization problem for optimizing the

covariance cov (t, s) under the conditions expressed by the
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formulas (5) and (6). The conditional formula (5) expresses
a condition for setting a magnitude of the weight vector wy
to 1. The conditional formula (6) expresses a condition for
shifting the magnitude of the weight vector wy, from 1 by the
constant k¥ according to a penalty term as the second term on
the left side. The second term on the left side of the
formula (6) 1is the penalty term which gives a penalty
according to the group order of the dummy matrix Y.
[0029] The score according to the PLS-ROG is calculated
by wy and w, obtained in the optimization problem and a
corresponding synthetic variable (t, s) in the formulas (2)
and (3). The PLS-ROG can reflect the group order set by the
dummy matrix Y in the scores according to the penalty term
of the conditional formula (6).
[0030]
2-2. Kernel PLS-ROG

The kernel PLS-ROG, which is a statistical data
analyzing method according to the present embodiment, will
be described below.
[0031]
2-2-1. Formulation of Kernel PLS-ROG

First, the formulation of the kernel PLS-ROG will
be described. In the formulas (2) to (6) obtained by
formulating the PLS-ROG, the following formula (9) is
adopted instead of the formula (2). Along with this, a
kernel matrix K having n rows and n columns and an n-

dimensional vector a, are introduced (formulas (10) and
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(11)).

t = Owy (9)

wy = O'oy (10)

K = OO’ (11)

[0032] In the above formula, @ represents a matrix
(mapping) corresponding to the data matrix X. A specific

matrix indication (n rows and p columns) of ® may not be
given in particular. The kernel matrix K is a matrix in
which each of matrix elements are composed of a kernel
function k(x;, x3) taking, as arguments, two of the plural
measurement data x; (p-dimensional vectors) for every sample
in the data matrix X. The kernel function k(xi, x;) 1is a
function which represents an inner product in the feature
space to which xj, x; are mapped by ®, and has a concrete
form which can be calculated based on a pair of measurement
data x; and xj. Details of the kernel matrix K and the
kernel function k(xi, x3) will be described later. The
vector dy is a vector used in place of the weight vector wy.

[0033] With the formulas (9) to (11), the explanatory

variable t can be expressed as the following formula by

using the vector oy and the kernel matrix K without using wy

and ©.
t = Koy (12)
[0034] Further, the formula (5) 1s expressed as the

following formula by using the vector oy and the kernel

matrix K based on the formula (10).

o' Koy, = 1 (13)
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[0035] The formula (13) expresses a condition that an
inner product via the kernel matrix K between the vector o
and itself is 1. As a result, the kernel PLS-ROG configures
the optimization problem in which, instead of the formula
(5), the condition of the formula (13) is imposed on the
formulas (4) to (6) for formulating the PLS-ROG. The kernel
PLS-ROG 1is described by the formulas (4), (6), and (13)
without using the concrete form of @® by eliminating the
weight vector wy.

[0036] The kernel PLS-ROG formulated as the above can be
described as the optimization problem of the following
Lagrangian function J (A; and A, represent parameters) by

using the Lagrangian multiplier method.

[Math. 4]
J:—I——Iax'Kwa +A4,(1-a,/'Ka,)
n__
+ A, {l=(1=x)w,'w, —xw,'Y'P'D'DPYw, | (14)
[0037] By partially differentiating the function J with

o and wy, respectively and rearranging the two obtained
formulas, the kernel PLS-ROG finally returns to the
generalized eigenvalue problem of the following formula
(calculation of eigenvalue A and eigenvectors oy and Wy) .

[Math. 5]
(——11—)2KY{(1—K)I+KY'P'D'DPY}_1Y'K(1X = AKa, (15)
o

1

mY'Kwa =M1-I+£Y'P'D'DPY}w (16
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[0038] The eigenvalues A and the eigenvectors oy, and Wy
calculated according to the formulas (15) and (16) have
(g-1) non-zero eigenvalues A. In the present embodiment,
the score is set to a value of the explanatory variable t
obtained Dby substituting the eigenvector «a, of each

eigenvalue A in the formula (12).
[0039] The formulas (15) and (16) are used by a data
analysis apparatus 50 (see Fig. 1B) according to the present
embodiment as arithmetic expressions for calculating the
kernel PLS-ROG (the PLS under the conditions of the formulas
(6) and (13)). The data analysis apparatus 50 will be
described later.
[0040]
2-2-2. Kernel Matrix

Details of the kernel matrix and the kernel
function will be described below.
[0041] The (i, Jj) element of the kernel matrix K 1is
expressed as the kernel function k(xj, x35) related to the

pair of the measurement data x; and x; which are for the ith

and jth samples in the data matrix X. Various concrete
forms of the kernel function k(xi, xj) can be used. For
example, the following linear kernel ki(x;, x3) (formula
(17)), a polynomial kernel kp(x;, xy) (formula (18)), and a
Gaussian kernel kg(xi, x3) (formula (19)) can be used as the

kernel function k(xi, xj).

[Math. 6]
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kL(Xinj)zxi‘xj (17)
k(% %) = (5%, £ ) (18)

k. (x, x.):exp(—M) (19)
G\ T2 O_2

[0042] In the formula (18), m represents an arbitrary
real number, ¢ represents an arbitrary natural number, and o
in the formula (19) represents a positive real number. By
forming the kernel matrix K based on the nonlinear kernels
such as the formulas (18) and (19), it is possible to
perform nonlinear data analysis while taking’ into account
the group order.

[0043] Further, when a plurality of types of measurement

(L) (H) (B)

data x; ', xi, Xi ', and x; ‘P

is obtained per individual as
in the case of metabolome data derived from a plurality of
organs or biological body fluids (see Figs. 2 to 5), the
kernel matrix K used for integrated analysis of measurement
data managed per type can be configured as follows.

[0044] Assuming N types of measurement data are obtained
per individual, measurement items per type are recorded in
each type of data matrix X, X2, ..., and Xy, and the
column directions do not coincide with each other. 1In this
case, calculating the kernel matrix based on the kernel

function for each of the various types of measurement data

Y, %@, ..., and %™, result in that the kernel matrices
Kay, K@, ..., and Ky all have n rows and n columns per
type. The kernel matrix K for integrated analysis 1is

composed of a predetermined average of all types of kernel
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matrices Ku), Ky, ..., and Ku. The predetermined average
may be an arithmetic mean, a weighted mean with an
appropriately selected weight, or a geometric mean per each
matrix element.
[0045] The theory of the kernel PLS-ROG configured as
described above can be realized by a computer for
calculating the kernel matrix K based on the data matrix X
indicating measurement data of a plurality of statistical
samples, and calculating the formulas (15) and (16) based on
the kernel matrix K and group information related to a group
order among statistical samples. In this way, it is
possible to obtain scores which take into account the group
order among statistical samples on the computer, so as to
visualize the scores by plot display, and integrally analyze
a plurality of types of data matrices X, X2, ..., and Xy,.
Hereinafter, the data analysis apparatus, method, and
program which realize the kernel PLS-ROG will be described.
[0046]
3. Data Analysis Apparatus, Method, and Program
3-1. Configuration

The configuration of the data analysis apparatus
50 according to the present embodiment will be described
with reference to Fig. 6. Fig. 6 1s a Dblock diagram
illustrating the configuration of the data analysis
apparatus 50.
[0047] The data analysis apparatus 50 performs

calculation according to the kernel PLS-ROG (PLS under the
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conditions of the formulas (6) and (13)) based on the data
matrix X indicating the measurement data of a plurality of
statistical samples to calculate scores (t), and displays a
plot image of the scores (see Fig. 1B). The data analysis
apparatus 50 1is configured by an information processing
device such as a PC (personal computer), for example. As
illustrated in Fig. 6, the data analysis apparatus 50
includes a controller 51, a storage 52, an operation unit 53,
a display 54, a device interface 55, and a network interface
56.

[0048] The controller 51 is configured by, for example, a
CPU or an MPU which realizes predetermined functions in
cooperation with software, and controls an entire operation
of the data analysis apparatus 50. The controller 51 reads
data and programs stored in the storage 52 to perform
various calculation processing, and realize various
functions. For example, the controller 51 executes data
analysis processing which realizes data analysis according
to the above-described kernel PLS-ROG. The program for
executing the data analysis processing may be packaged
software. The controller 51 may be a hardware circuit such
as a dedicated electronic circuit designed to realize a
predetermined function or a reconfigurable electronic
circuit. The controller 51 may be configured by various
semiconductor integrated circuits such as a CPU, a MPU, a
microcomputer, a DSP, a FPGA, and an ASIC.

[0049] The storage 52 1is a storage medium which stores



20

necessary programs and data to realize the functions of the
data analysis apparatus 50, and includes, for example, a
hard disk (HDD) or a semiconductor storage device (SSD).
The storage 52 may include, for example, a semiconductor
device such as a DRAM or an SRAM, to temporarily store data
and function as a working area of the controller 51. For
example, the storage 52 stores arithmetic expressions
(formulas (15) and (16)) of the kernel PLS-ROG, the data
matrix X (indicating measurement data of a plurality of
measurement items per statistical sample), the dummy matrix
Y (indicating group information related to a group order
among statistical samples), and the kernel matrix K. When N
types of measurement data are obtained per statistical

sample for the data matrix X, the storage 52 manages a

plurality of types of data matrices Xy, Xz, ..., and Xy,.
[0050] The operation unit 53 1s a user interface through
which a user performs an operation. The operation unit 53

is configured by, for example, a keyboard, a touch pad, a
touch panel, buttons, switches, and combinations thereof.
The operation unit 53 1is an exemplary obtaining unit which
obtains various information input by the user.

[0051] The display 54 1is configured by, for example, a
liquid crystal display or an organic EL display. The
display 54 displays various information such as information
input from the operation unit 53, for example.

[0052] The device interface 55 1is a circuit (module)

which connects other devices to the data analysis apparatus
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50. The device interface 55 performs communication
according to a predetermined communication standard. The
predetermined standards include USB, HDMI (registered

trademark), IEEE 1395, WiFi, and Bluetooth (registered
trademark) .
[0053] The network interface 56 1is a circuit (module)

which connects the data analysis apparatus 50 to the network

via a wireless or wired communication line. The network
interface 56 performs communication conforming to
predetermined communication standards. The predetermined

communication standards include communication standards such
as IEEE802.3, and IEEE802.1la/llb/llg/llac.
[0054] |
3-2. Operation

The operation of the data analysis apparatus 50
according to the present embodiment will be described with
reference to Figs. 7 to 11. Fig. 7 1s a flowchart
illustrating the data analysis processing by the data
analysis apparatus b50. Figs. 8A to B8F are expressions for
explaining the data analysis processing. Fig. 9 1is a
flowchart illustrating the kernel PLS-ROG calculation
processing in the data analysis processing. Figs. 10A to
10C are charts for explaining the kernel PLS-ROG calculation
processing. Figs. 11A to 11D are <charts illustrating
analysis data of data analysis processing.
[0055] The flowcharts illustrated in Figs. 7 and 9 are

executed by the controller 51 of the data analysis apparatus
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50. Hereinafter, an operation example of the data analysis
apparatus 50 will be described, in which the nine individual
rabbits form three groups, and metabolome data of each of
four types of biological samples such as the liver, the
heart, the brain, and the plasma is obtained from each
individual (see Figs. 1 to 5).

[0056] In the following operation example, the
storage 52 stores in advance the various data matrices X,
Xwy, X)), and X indicating the metabolome data of each
type of the liver, the heart, the brain, and the plasma (see
Figs. 2 to 5), and the dummy matrix Y indicating group
information related to the group order among individuals.
[0057] In the flowchart of Fig. 7, at first, the
controller 51 obtains the various data matrices X, Xu,
Xw®), and Xy from the storage 52 (S1). Fig. 8A illustrates
an example of the various data matrices X(,. As illustrated
in Fig. 8A, each row of the data matrix X, records

measurement data x ™

; obtained by measuring metabolites of a
specific biological sample of each individual per row.

[0058] Returning to Fig. 7, the controller 51 then
obtains the dummy matrix Y from the storage 52 (S2). The
dummy matrix Y 1s set when, for example, the user inputs
metabolome data. Fig. 8B illustrates an example of the
dummy matrix Y. In the dummy matrix illustrated in Fig. 8B,
the first to third rabbits of the nine individuals form the

first group (first column), the fourth to sixth rabbits form

the second group (second column), and the seventh to ninth
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rabbits form the third group (third column).

[0059] Next, the controller 51 performs the kernel PLS-
ROG calculation processing based on the obtained data
matrices Xu), Xum, X, and Xp and dummy matrix Y (S3).
The kernel PLS-ROG calculation processing is processing for
calculating the formulas (15) and (16) of the kernel PLS-ROG
described in the above 2-2-2. This processing will be
described with reference to Figs. 8C to 8F.

[0060] Here, the kernel PLS-ROG calculation processing
(s3) will be described with reference to the flowchart of
Fig. 9. At first, the controller 51 performs scaling
(normalization) of data in the data matrices X, Xw, X,
and X(py of each organ and plasma such that the average among
individuals are 0 and the variance is 1 for each metabolite
(S10).

[0061] Next, the controller 51 selects one type of a
plurality of types of data matrices Xu,, X@u, X, and X
(e.g. a liver sample) (S11).

[0062] Next, based on the measurement data (of the liver

(L)

sample) xj and xj@)

(i, jJj = 1 to 9) for a pair of
individuals among all nine individuals, the controller 51
calculates the kernel function k(xi™, x3") as the (i, 9)
element of the kernel matrix Ky of the selected type (S12).
[0063] The controller 51 performs the calculation of step
S12 on all pairs of combinations of all nine individuals, to
calculate every matrix element of the kernel matrix K, per

type (S13). For example, in the case of linear kernel, the
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controller 51 calculates the matrix elements of the kernel

matrix K, based on the inner product of a pair of

(L) (L)

measurement data x; 7’ and x4 as illustrated in Fig. 8C.
[0064] The controller 51 performs the processing of steps
S11 to S13 on each type of the data matrix Xu), Xmw, X,
and X (S14), to calculate all types of kernel matrices K,
Km, K@), and K.

[0065] When calculating all types of the kernel matrices
Xawyr Xmy, X@y, and Xy, (Yes in S14), the controller 51 takes
an average of types according to the arithmetic expression
illustrated in Fig. 8D, to calculate the kernel matrix K
(315).

[0066] Next, the controller 51 reads, from the storage 52,
the arithmetic expressions (15) and (16) in the theory of
the kernel PLS-ROG described in the above section 2-2-2, and
substitutes the averaged kernel matrix K and dummy matrix Y
in the arithmetic expression (S16). Figs. B8E and 8F
illustrate matrices P and D in this example. Penalty terms
in the kernel PLS-ROG are calculated based on the matrices Y,
D, and P in Figs. 8B, 8E, and 8F.

[0067] Next, the controller 51 calculates the eigenvalue
A of the generalized eigenvalue problem with the substituted
arithmetic expression, and the eigenvectors o, and Wy
corresponding to each eigenvalue A (S17). Figs. 10A and 10B
illustrate examples of the eigenvectors o, and wy, calculated

in step S17. In this example (g = 3), two eigenvectors are

calculated in accordance with the (g-1) eigenvalues A as



25

illustrated in Figs. 10A and 10B.

[0068] Next, the controller 51 calculates the explanatory
variable t (n = 9-dimensional vector) corresponding to each
of the calculated (g-1) eigenvectors based on the calculated
kernel matrix K (formula (12)), to calculate the scores for
each individual (S18). Fig. 10C illustrates an example of
the scores calculated in step S18. The explanatory variable
t is an n (= 9) dimensional vector, and each vector element
is a score for each individual. The score of each
individual has first to (g-1)th components according to the

(g-1) eigenvectors. The scores illustrated in Fig. 10C has
a first component and a second component according to g = 3.

[0069] Returning to Fig. 7, after performing the kernel
PLS-ROG calculation processing as described above, as
illustrated in Fig. 1B, the controller 51 displays plots of
the scores for each sample on the display 54 based on the
calculated scores (54).

[0070] Next, the controller 51 receives a user’s
operation via the operation unit 53, and determines whether
or not the user selects any one of the components of the
displayed scores for further data analysis (S5). For
example, the user can select the score component which
reflects the group order from a plot image of the score
displayed on the display 54 (see Fig. 12B).

[0071] When 1t is determined that the wuser does not
select any score  component (No in S5), the controller 51

ends the present processing.
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[0072] On the other hand, when it is determined that the
user selects any one of the score components (Yes in S5),
the controller 51 analyzes a correlation between metabolites
of each of the various data matrices Xu,, X, X@, and Xy
and the score of the selected component (S6). More
specifically, the controller 51 calculates a correlation
coefficient (a coefficient indicating the correlation
between statistical distributions of both data (see Fig.
13E) between metabolite data of all individuals and selected
component data, and the p value (a probability that a
correlation between data occurs by chance), generates a list
of the calculation result, and ends this processing.

[0073] Figs. 11A to 11D 1illustrate examples of an
analysis result in step So6. Fig. 11A illustrates an
analysis list La of metabolites in the data matrix X, of
the liver sample. Fig. 11B illustrates an analysis list ILb
of metabolites in the data matrix Xy of the heart sample.
Fig. 11C illustrates an analysis 1list Lc of metabolites in
the data matrix X of the brain sample. Fig. 11D
illustrates an analysis list Ld of metabolites in the data
matrix X, of the plasma sample.

[0074] The analysis lists La to Ld illustrated in Figs.
11A to 11D show correlations between the first component of
the score in the case of x = 0.5 and the metabolites in the
four types of the data matrices X, to X(. In the analysis
lists La to Ld, the “correlation coefficient” and the “p

value” calculated per metabolite are recorded. According to
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the analysis lists La to Ld, it is possible to integrally
analyze the correlation with a common score for each
metabolite of the liver, heart, brain, and plasma samples.
Details of the analysis result will be described later.
[0075] According to the above data analysis processing,
it is possible to realize the kernel PLS-ROG which enables
integrated analysis among types according to the kernel
matrix K while taking into account the group order among
individuals. Hereinafter, the analysis result of the data
analysis processing will be described.
[0076]
3-3. Analysis Result

A biological research (Non-Patent Document 1)
suggests that the concentrations of metabolites of metabolic
intermediates (N, N-Dimethylglycine and Betaine) and purine
metabolism in a glycine biosynthesis pathway of the liver
increase/decrease in the order of the wild rabbits (first
group), the WHHL rabbits with dosing (second group), and the
WHHL rabbits (third group). From this point of view, the
data analysis processing (Fig. 7) 1is performed with the
order of the first, second, and third groups in this example
set by the dummy matrix Y as shown in Fig. 8B.
[0077] Figs. 12A and 12B illustrate display examples (x =
0 or 0.5) in step S4 of the data analysis processing (Fig.
7). The plots in Figs. 12A and 12B illustrate scores of the
three individuals of the wild rabbits, the three individuals

of the WHHL rabbits with dosing, and the three individuals
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of the WHHL rabbits. In Figs. 12A and 12B, horizontal axes
indicate the first component of the score and vertical axes
indicate the second component.

[0078] Fig. 12A is a display example of scores obtained
in a state (kernel PLS) where there is no penalty term based
on the matrices D, P, and Y in the formula (6). In the
display example of Fig. 12A, the score of each sample of the
three groups is not in the order of the first group (wild
rabbits), the second group (WHHL rabbits with dosing), and
the third group (WHHL rabbits) as set in the dummy matrix Y
(Fig. 8B) in both the first component and the second
component.

[0079] Fig. 12B is a display example of scores obtained
in a state (kernel PLS-ROG) where there is a penalty term in
the formula (6). In the display example of Fig. 12B, the
scores of each individual of the three groups increase in
the order of the first group (wild rabbits), the second
group (WHHL rabbits with dosing), and the third group (WHHL
rabbits) as set in the dummy matrix Y in the first component.
Thus, according to the data analysis processing for
realizing the kernel PLS-ROG, the group order can be
reflected in the scores according to the penalty term based
on the matrix Y.

[0080] Further, in the data analysis processing (Fig. 7),
various types of metabolome data of the liver, heart, brain,
and plasma samples are further analyzed for the score of the

first component which reflects the group order. More
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specifically, the correlation coefficient between the score
of the first component and each metabolite, and the p value
are calculated (step S6 in Fig. 7) to perform hypothesis
testing on each correlation and determine significant
(positive in terms of hypothesis testing) metabolites.

[0081] Figs. 13A to 13E are charts for explaining
hypothesis testing based on processing of step S6 of the
data analysis processing (Fig. 7). The tables in Figs. 13A,
13B, 13C, and 13D respectively illustrate the analysis lists
La, Lb, Lc, and Ld of the liver, heart, brain, and plasma
samples (Fig. 11) obtained in step S6 of Fig. 7.

[0082] Fig. 13E 1is a chart for explaining a correlation
coefficient Dbetween scores and metabolite data. As
illustrated in Fig. 13E, scores and data for various
metabolites are distributed throughout the nine individuals.
The correlation coefficient expresses the similarity of a
distribution of the both data as values within a range of -1
to +1. As the similarity between the scores and the
metabolite data is smaller, the correlation coefficient is
closer to “0”, and is considered to be uncorrelated. Also,
as the degree of similarity is larger, an absolute value of
the correlation coefficient becomes closer to “1”. When the
correlation coefficient 1is closer to “+1”, a positive
correlation 1is expected. When the correlation coefficient
is closer to “-1”, a negative correlation is expected.

(0083] Further, in order to determine stochastically

whether the above correlation can actually have a meaning
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(significant) or is a mere coincidence on the data, the p
value is used in the hypothesis testing. In this analysis,
as 1illustrated in Figs. 13A to 13D, the significance of the
correlation between the score and metabolite data 1is
determined by using %“0.05” of the threshold value of the p
value.

[0084] In the tables of 13A to 13D, information indicated
by the analysis lists La to Ld is illustrated together in
‘the case of the kernel PLS (Fig. 12A) and in the case of the
kernel PLS-ROG (Fig. 12B). In addition, in Figs. 13A to 13D,
Wk 1s assigned to metabolites whose correlation with the
score is confirmed by the hypothesis testing.

[0085] As illustrated in Figs. 13A and 13B, all
correlation coefficients of the score of the first component
of the kernel PLS-ROG in Betaine and N, N-Dimethylglycine
(metabolic intermediates of the glycine biosynthetic
pathway) of the liver sample and the heart sample are 0.6 or
more. In addition, these p values are 0.05 or less, and are
positively correlated significantly (to such a degree that
this is not by chance stochastically).

[0086] Further, regarding the purine metabolism, as
illustrated in Fig. 13A, both of the p values of the kernel
PLS and the kernel PLS-ROG are 0.05 or more in Urate (uric
acid), and do not have a significant correlation. However,
the correlation coefficient “0.594” of the kernel PLS-ROG
substantially dimproves from the correlation coefficient

“0.0060” of the kernel PLS. Further, as illustrated in Fig.
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13A, in the case of Hypoxanthine, Inosine, Adenosine, and
Adenine, a negative correlation (correlation coefficient of
-0.6 or less) with the score of the first component is
significantly recognized only for the kernel PLS-ROG.
[0087] As for the other metabolites, as illustrated in
Figs. 13C and 13D, N5-Ethylglutamine (theanine) of the
plasma sample and the brain sample have a significant
negative correlation with the score of the first component
of the kernel PLS-ROG alone. Further, as illustrated in
Figs. 13B and 13C, regarding the Citrulline, only the kernel
PLS and the kernel PLS-ROG of the heart sample, and the
kernel PLS-ROG of the brain have a significantly negative
correlation.
[0088] As described above, the data analysis apparatus 50
according to the present embodiment can generate a common
score by taking into account the group order based on the
kernel PLS-ROG, and thereby integrally analyze each
metabolism of liver, heart, brain, and plasma samples.
Further, the data analysis apparatus 50 can change the
setting of the wvalue of «x, and thereby compare the
correlation in the case of the kernel PLS-ROG and the
correlation in the case of the kernel PLS as described above,
and perform various data analysis.
[0089]
4. Conclusion

As described above, the data analysis apparatus 50

according to the present embodiment performs multivariate
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analysis related to a plurality of measurement items on a
plurality of statistical samples based on measurement data
obtained by measuring a plurality of measurement items per
statistic sample. The data analysis apparatus 50 includes
the storage 52 and the controller 51. The storage 52
records the data matrix X composed of measurement data
obtained by measuring a plurality of measurement items per
statistical sample, and the dummy matrix Y indicating group
information indicating a predetermined order for a group
formed by the plurality of statistical samples. The
controller 51 performs predetermined calculation processing
based on the data matrix X and the dummy matrix Y. The
controller 51 calculates the predetermined kernel function
k(xi, X5) which uses measurement data of a pair of
statistical samples in a plurality of statistical samples as
the arguments x;, and xXj. Based on the calculation result of
the kernel function k(xj, x3) and the group information, the
controller 051 calculates the scores of a plurality of
statistical samples according to the partial least squares
method (kernel PLS-ROG) under a predetermined condition
defined by the kernel matrix K and the dummy matrix Y whose
matrix elements are the kernel function k(xi, xj) per pair of
statistical samples.

[0090] The data analysis apparatus 50 according to the
present invention can perform integrated analysis and
nonlinear analysis on various types of measurement data

based on the kernel matrix K while reflecting a group order
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in scores based on group information (dummy matrix Y).
Consequently, it 1s possible to perform various types of
data analysis while taking into account the group order
among statistical samples.
[0091] In the present embodiment, the storage 52 manages

a plurality of types of measurement data x™;, x®,, x®,,

(P)

and x'’; per statistical sample as the various data matrices

X, Xm, X@, and Xp. The various types of measurement
data =™, x™,, x®. and x'®; are metabolome data whose
measurement items are a plurality of metabolites in the
biological body, for example. The controller 51 calculates
the kernel matrix K from the average of the kernel functions
each related to the respective type of the measurement data
<Py, x®™y, x®,, and x®;. Consequently, it is possible to
integrally analyze a plurality of types of measurement data
=Py, 2™, x®, and x®; which are separately managed.

[0092] In the present embodiment, the score calculated by
the data analysis apparatus 50 increases or decreases
according to the group order indicated by the dummy matrix Y.
Therefore, by using the calculated scores, analysis of data
by taking into account the group order can be facilitated.
For example, in the present embodiment, the controller 51
analyzes the correlation between data of each measurement
item in the measurement data and the calculated score.

[0093] In the present embodiment, the predetermined

condition includes the first condition and the second

condition. The first condition 1s a condition that the
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inner product via the kernel matrix K of the first vector oy
and itself is set to a predetermined value, the first vector
0x being related to an explanatory variable t of the
explanatory variable t and an objective variable s in the
partial least squares method (formula (13)). The second
condition is a condition that the magnitude of the second
vector is shifted from the predetermined value according to
a predetermined penalty term based on the group information,
the second vector wy being related to the objective variable
s (formula (6)).
[0094]
(Example)

The data analysis method (kernel PLS-ROG)
according to the present invention i1s alsc useful for
integrated analysis of metagenome data having an order among
groups of samples, and metagenome data and metabolome data.
An example of integrated analysis of metagenome data and
metabolome data according to the kernel PLS-ROG will be
described below.

[0095] In this example, an example will be described in
which integrated analysis according to the kernel PLS-ROG is
applied to metagenome data and metabolome data disclosed in
Non-Patent Document 3. Non-Patent Document 3 is a research
which uses metagenome data and metabolome data in breast
milk of a person. Conventionally, breast milk, which is an
important source of bacteria for growth of an infant, is

known to influence the composition of intestinal bacteria in
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newborns. Non-patent Document 3 discloses that an analysis
result of bacterial flora and metabolites in breast milk of
a mother wundergoing chemotherapy of Hodgkin's lymphoma
showed the influence of chemotherapy in the profile.

[0096] According to Non-Patent Document 3, two samples of
breast milk after a Oth week, a 2nd week, a 4th week, a 6th
week, a 10th week, a 12th week, a 1l4th week, and a 16th week
from a start of chemotherapy were sampled from mothers who
underwent chemotherapy of the Hodgkin's lymphoma. For each

sample, 16S rRNA metagenome analysis using a next generation

sequencer and metabolome analysis using a gas
chromatography-mass spectrometer were performed. Further,
known UniFrac analysis (see, for example, Non-Patent

Document 3) was performed on the data of the metagenome
analysis result to obtain data constituting a similarity
matrix D. The similarity matrix D is a matrix in which each
element expresses the similarity between samples, and 1is
expressed by the following formula (20) with the number of

samples m.

[Math. 7]
O d1,2 dl,m
5 d,, 0 ... : 20)
- - . dm—l,m
dm,] dm,m~] O
[0097] In the formula (20), di,j represents a similarity
(i, J = 1 to m) which is the degree of similarity between

the ith sample and the jth sample. Note that dj,; has a
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value within the range of 0 to 1, and as d;,y is closer to O,
the sample i and the sample Jj are more similar. The
similarity matrix D and the metagenome analysis result data
are examples of metagenome data indicating information
related to the gene sequence of the bacterial flora.

[0098] Further, the metabolome data obtained by the
metabolome analysis of Non-Patent Document 3 constitutes a
data matrix X of 225 substances in each row and 16 samples
in each column.

[0099] The statistical data of Non-Patent Document 3 as
described above is open to the public. In this example, the
data analysis apparatus 50 applied the kernel PLS~ROG and
the kernel PLS to the statistical data of 14 samples, which
is obtained by removing part of defective data from the
above statistical data, to perform integrated analysis.
[0100] Based on the above similarity matrix D, the data
analysis apparatus 50 generated the kernel matrix Ky of
metagenome data as follows: That 1s, each of non-diagonal
elements of the kernel matrix K; was set to a reciprocal of
corresponding element in the similarity matrix D. Further,
each of diagonal components of the kernel matrix Ky was set
to 20 as a predetermined value.

[0101] In addition, the data analysis apparatus 50
generated the kernel matrix K, of the metabolome data by
using the linear kernel of the data matrix X (K = XX').
The data analysis apparatus 50 calculated the kernel matrix

K obtained by integrating metagenome data and metabolome
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data based on the average between the kernel matrices Ky and
Kn as in the following formula (21).

K= (1/2)Kg + (1/2)Kq (21)

[0102] The data analyéis apparatus 50 analyzed data of
the kernel PLS-ROG (k = 0.5) and the kernel PLS (x = 0.5)
based on the above kernel matrix K, and the dummy matrix
indicating the group order of every two samples
corresponding to a period from start of chemotherapy of the
sample, to calculate scores. Fig. 14 and 15 illustrate
analysis results.

[0103] Fig. 14A illustrates the metagenome data analysis
result of the kernel PLS. Fig. 14B illustrates the
metabolome data analysis result of the kernel PLS. Fig. 14C
illustrates the metagenome data and metabolome data
integrated analysis result of the kernel PLS. Fig. 15A
illustrates the metagenome data analysis result of the
kernel PLS-ROG. Fig. 15B illustrates the metabolome data
analysis result of the kernel PLS-ROG. Fig. 15C illustrates
the metagenome data and metabolome data integrated analysis
result of the kernel PLS-ROG. 1In Figs. 14A to 14C and Figs.
15A to 15C, the score of each sample is plotted, horizontal
axes 1indicate the first component of the score, and vertical
axes indicate the second component of the score.

[0104] As illustrated in Figs. 14A to 14C, according to
the kernel PLS, the scores per sample are not arranged in
the order of the Oth to 16th weeks of a chemotherapy period

in both the wvertical axis and the horizontal axis. The
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order of the chemotherapy period does not appear in the
score.
[0105] On the other hand, according to the kernel
PLS-ROG, regarding the metagenome data as illustrated in Fig.
15A, the sample group of the Oth week and the sample group
of the 2nd week are arranged in order in the first component
(horizontal axis) of the score for example. Regarding the
metagenome data as illustrated in Fig. 15B, in particular,
the order of sample groups of the 6th week, the 10th week,
the 12th week, and the 16th week 1is clear in the first
component of the score. The integration result of
metagenome data and metabolome data based on an average of
the above shows the order among samples in each week of the
Oth week, the 2nd week, the 4th week, the 6th week, the 10th
week, the 12th week, and the 16th week as illustrated in Fig.
15C.
[0106] As described above, the data analysis method of
the kernel PLS-ROG according to the present invention is
applicable to metagenome data for analysis of bacterial
flora in breast milk or bacterial flora of intestinal
bacteria. The data analysis method of the kernel PLS-ROG
according to the present invention can integrally analyze
metagenome data and metabolome data.
[0107]
(Other Embodiments)

In the first embodiment described above, an

example in which a data analysis apparatus 50 is configured
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by an information processing device such as a PC 1is
described. However, the present invention is not limited
thereto, and the data analysis apparatus 50 may be a server
device such as an ASP server. For example, the data
analysis apparatus 50 may obtain, from a network interface
(an example of an obtaining unit), information indicating a
data matrix X and a dummy matrix Y input via a network, and
execute data analysis processing. Further, the data
analysis apparatus 50 may transmit information indicating a
score generated by the data analysis processing via the
network.

[0108] In the first embodiment, an example of application
of this data analysis method to metabolomics is described.
This data analysis method is not limited to metabolomics,
and may be applied to various types of omics analysis and
multivariate analysis of chemometrics. In this case,
measurement data may be data obtained by omics analysis or
chemometrics in an identical biological body.

[0109] In the first embodiment, integrated analysis of a
plurality of types of metabolome data is described. This
data analysis method is applicable to scenes which require
various integrated analysis. This data analysis method may
be used to integrate metabolome data and gene expression
data, or integrate and analyze analysis data obtained from a
plurality of measurement platforms.

[0110] In the first embodiment, the metabolome data

illustrated in Figs. 2 to 5 is measured by using a capillary
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electrophoresis-time of flight mass spectrometer. An
analyzing device which measures measurement data per
statistical sample is not limited thereto, and may be, for
example, a liquid chromatography-mass spectrometer, a gas
chromatography-mass spectrometer, nuclear magnetic resonance,
or the like.

[0111] In the first embodiment, the correlation of the
score component selected by the user is analyzed (step S5 of
Fig. 7). However, the present invention is not limited
thereto, and the data analysis apparatus 50 may select score
components used for analysis. For example, a controller 51
of the data analysis apparatus 50 may calculate scores, then
determine the score components which reflect a group order
based on the dummy matrix Y, and analyze a correlation
between the determined components.

[0112] In the first embodiment, hypothesis testing is
performed based on an analysis result of the data analysis
processing. The data analysis apparatus 50 may perform the
hypothesis testing. For example, a correlation coefficient
and a threshold value of a p value may be preset to the
storage 52, and the controller 51 may extract metabolites
satisfying a predetermined condition (e.g., an absolute
value of the correlation coefficient of “0.6” or more and
the p value of “0.05” or less) to analyze the correlation
between specific score components.

[0113]

(Summary of Aspects)
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Hereinafter, aspects of the present invention are
exemplified.
[0114] lst aspect of the present invention is a data
analysis apparatus which performs multivariate analysis with
a plurality of data items on a plurality of statistical
samples. The data analysis apparatus comprises a storage
and a controller. The storage records statistical data for
managing the plurality of data items per statistical sample,
and group information indicating an arrangement order of
groups formed by the plurality of statistical samples. The
controller performs predetermined calculation processing
based on the statistical data and the group information.
The controller calculates, based on the statistical data, a
kernel matrix in which a matrix element represents a
predetermined relationship between a statistical sample
corresponding to a row number of the matrix element in the
plurality of statistical samples and a statistical sample
corresponding to a column number of the matrix element. The
controller performs calculation processing based on a
partial least squares method under a predetermined condition
defined by the kernel matrix and the group information, to
calculate a score for the statistical samples.
[0115] 2nd aspect of the present invention is the data
analysis apparatus according to 1st aspect, wherein the
storage manages a plurality of types of measurement data per
statistical sample in the statistical data. The controller

generates a kernel matrix with respect to each of the
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plurality of types of measurement data, and calculates an
integrated kernel matrix based on an average of kernel
matrices for the plurality of types of measurement data.
[0116] 3rd aspect of the present invention is the data
analysis apparatus according to 1lst or 2nd aspect, wherein
the predetermined relationship 1is defined by a kernel
function based on data with respect to the statistical
sample corresponding to the row number in the statistical
data, and data with respect to the statistical sample
corresponding to the column number.

[0117] 4th aspect of the present invention is the data
analysis apparatus according to any one of 1st to 3rd
aspects, wherein the score increases or decreases according
to the order of the groups indicated by the group
information.

[0118] 5th aspect of the present invention is the data
analysis apparatus according to any one of 1st to 4th
aspects, wherein the controller analyzes a correlation
between data per data item in the statistical data and the
calculated score.

[0119] 6th aspect of the present invention is the data
analysis apparatus according to any one of 1st to 5th
aspects, wherein the predetermined condition includes a
first condition and a second condition. The first condition
is for setting an inner product via the kernel matrix
between a first vector and itself to a predetermined value,

the first vector being related to an explanatory variable of
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the explanatory variable and an objective variable in the
partial least squares method. The second condition is for
shifting a magnitude of a second vector from a predetermined
value by a predetermined penalty term based on the group
information, the second vector Dbeing related to the
objective variable.

[0120] 7th aspect of the present invention is the data
analysis apparatus according to any one of 1st to 6th
aspects, wherein the statistical data includes metabolome
data in which the data items are a plurality of metabolites
in biological bodies.

[0121] 8th aspect of the present invention is the data
analysis apparatus according to any one of 1st to 7th
aspects, wherein the statistical data includes metagenome
data indicating information related to a gene sequence of a
bacterial flora.

[0122] 9th aspect of the present invention is the data
analysis apparatus according to any one of 1st to 8th
aspects, wherein the statistical data includes data obtained
by omics analysis or chemometrics in an identical biological
body.

[0123] 10th aspect of the present invention 1is a data
analysis method for causing a computer to perform
multivariate analysis with a plurality of data items on a
plurality of statistical samples. A storage of the computer
records statistical data for managing the plurality of data

items per statistical sample, and group information
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indicating an arrangement order of groups formed by the
plurality of statistical samples. The data analysis method
comprises, by the computer, calculating, based on the
statistical data, a kernel matrix in which a matrix element
represents a predetermined relationship between a
statistical sample corresponding to a row number of the
matrix element in the plurality of statistical samples and a
statistical sample corresponding to a column number of the
matrix element. The data analysis method comprises, by the
computer, performing calculation processing based on a
partial least squares method under a predetermined condition
defined by the kernel matrix and the group information, to
calculate a score for the statistical samples.

[0124] 11th aspect of the present invention is a program
for causing a computer to execute the data analysis method

according to 10th aspect.
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CLAIMS

1. A data analysis apparatus which performs
multivariate analysis with a plurality of data items on a
plurality of statistical samples, the data analysis
apparatus comprising:

a storage which records statistical data for
managing the plurality of data items per statistical sample,
and group information indicating an arrangement order of
groups formed by the plurality of statistical samples; and

a controller which performs predetermined
calculation processing based on the statistical data and the
group information,

wherein the controller

calculates, based on the statistical data, a
kernel matrix in which a matrix element represents a
predetermined relationship between a statistical sample
corresponding to a row number of the matrix element in the
plurality of statistical samples and a statistical sample
corresponding to a column number of the matrix element, and

performs calculation processing based on a partial
least squares method under a predetermined condition defined
by the kernel matrix and the group information, to calculate

a score for the statistical samples.

2. The data analysis apparatus according to claim 1,

wherein
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the storage manages a plurality of types of
measurement data per statistical sample in the statistical
data, and

the controller

generates a kernel matrix with respect to each of
the plurality of types of measurement data, and

calculates an integrated kernel matrix based on an
average of kernel matrices for the plurality of types of

measurement data.

3. The data analysis apparatus according to claim 1
or 2, wherein the predetermined relationship is defined by a
kernel function Dbased on data with —respect to the
statistical sample corresponding to the row number in the
statistical data, and data with respect to the statistical

sample corresponding to the column number.

4. The data analysis apparatus according to any one
of claims 1 to 3, wherein the score increases or decreases
according to the order of the groups indicated by the group

information.

5. The data analysis apparatus according to any one
of claims 1 to 4, wherein the controller analyzes a
correlation between data per data item in the statistical

data and the calculated score.
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6. The data analysis apparatus according to any one
of claims 1 to 5, wherein

the predetermined condition includes

a first condition for setting an inner product via
the kernel matrix between a first vector and itself to a
predetermined value, the first vector being related to an
explanatory variable of the explanatory wvariable and an
objective variable in the partial least squares method, and

a second condition for shifting a magnitude of a
second vector from a predetermined value by a predetermined
penalty term based on the group information, the second

vector being related to the objective variable.

7. The data analysis apparatus according to any one
of claims 1 to 6, wherein the statistical data includes
metabolome data in which the data items are a plurality of

metabolites in biological bodies.

8. The data analysis apparatus according to any one
of claims 1 to 7, wherein the statistical data includes
metagenome data indicating information related to a gene

sequence of a bacterial flora.

9. The data analysis apparatus according to any one
of claims 1 to 8, wherein the statistical data includes data
obtained by omics analysis or chemometrics in an identical

biological body.
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10. A data analysis method for causing a computer to
perform multivariate analysis with a plurality of data items
on a plurality of statistical samples, wherein

a storage of the computer records statistical data
for managing the plurality of data items per statistical
sample, and group information indicating an arrangement
order of groups formed by the plurality of statistical
samples, and

the data analysis method comprises, by the
computer:

calculating, based on the statistical data, a
kernel matrix 1in which a matrix element represents a
predetermined relationship between a statistical sample
corresponding to a row number of the matrix element in the
plurality of statistical samples and a statistical sample
corresponding to a column number of the matrix element; and

performing calculation processing based on a
partial least squares method under a predetermined condition
defined by the kernel matrix and the group information, to

calculate a score for the statistical samples.

11. A program for causing a computer to execute the

data analysis method according to claim 10.



