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Introduction to the session “Factor Rotation and Sparseness”

Yutaka Kano (Osaka Univ)

The factor rotation problem has a long history (e.g., Harman 1976; Browne 2001).
Psychometricians had solved the indeterminacy problem by introducing ‘interpretability,’
which can be called sparseness of factor loadings in modern terminology. Two
important developments on factor rotation with interpretability are to present analytical
rotation methods (e.g. Kaiser 1958) and to derive analytical standard errors of rotated
factor loading estimators (Jennrich 1973).

An alternative solution to the factor rotation problem was given by Mooijaart (1985)
who used the nonnormality and independence assumptions of common factors. The
approach is equivalent to independent component analysis (ICA).

We should not forget that psychometricians had found the important notions,
sparseness and ICA, long time ago. In this session, we would like to review the history
of the factor rotation problem, and at the same time, to discuss most recent research on
it.

Personally | can't help wondering, why sparseness means interpretability. Later
sessions, we will discuss that sparse coding is an actual activity of human brain when
one views objects (e.g., Olshausen and Field, 1996). Recent developments in brain
science could provide a hint to solve my question above.
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Sparse Component and Factor Analysis Procedures
via Directly Constraining the Sparseness of Loadings

Kohei Adachi * Nickolay T. Trendafilov 2

'Graduate School of Human Sciences, Osaka University, Japan

% Faculty of Mathematics, Computing & Technology, The Open University, United Kingdom

1. Introduction

In the symposium, we proposed a new technique for sparse PCA in which the PCA loss function
is simultaneously minimized and the degree of the required sparseness of the loadings matrix is
achieved. Further, we extended this approach to exploratory factor anaysis (EFA). Our presentation
was organized as follows. In section 2, the new sparse PCA was considered in detail. Section 3
outlined the procedures for avoiding local minima and selecting the optimal sparsity based on well
known information criteria. In Section 4, a sparse EFA technique was proposed which was formulated
in asimilar manner to the sparse PCA in Section 2.

2. Sparsity Constrained Principal Component Analysis
Let X be an n-observations x p-variables column-centered data matrix. Then, the ordinary PCA is
formulated as minimization of the following least squares |oss function

f(F, A) = [|X — FA/|P=tr(X — FA")'(X — FA") (1)

over an n-observation x m-components score matrix F and p x m loadings matrix A, subject to
normalization constraint

1
“FF =l ©

Here, |, denotes the m x midentity matrix with the number of components m < min(n, p). To the above
ordinary PCA, we add a direct sparsity constraint that

g elements of A should be exact zeros, (©)]

i.e.,, constrain the sparsity of the loadings matrix to be a prescribed constant g. Thus, our proposed
sparse PCA is formulated as minimizing (1) over F and A subject to the two constraints (2) and (3).
The solution is obtained by alternately iterating [1] the minimization of (1) over A subject to (2) with
F kept fixed and [2] that of (1) over F subject to (2) with A fixed. Further, we can skip [1] to obtain
the solution from covariance matrix S= nX'X.



3. Treatment of L ocal Minima and Sparsity Selection

The proposed method is sensitive to local minima. In order to avoid (or at least minimize) the
chance of choosing a local minimizer as a final solution, we employ a two-best-solution stopping
procedure, in which the starts of the above algorithm are replicated until two solutions termed
‘equivalently best’ are obtained.

The minimization of (1) is equivalent to maximizing the likelihood derived from the model X =
FA'+ oE where E is amatrix of standard normal errors independent of each other. The equivaence is
shown by the fact that the log likelihood is given by logL = const — 0.5nploge®— 0.56°9|X — FA|* and
the ML estimate of o is given by np Y||X — FA|J’. This fact implies 2logL = const — nplog{f(F,
A)/(np)} — np = const — nplog{ f(A)/(np)} = const” — nplog f(A) with const and const”irrelevant of F
and A. Further, the number of parameters is nmt+pm-—q, i.e., the number of the elements of F and A
minus that of the zero elementsin A. Given m, we can thus choose the optimal g using the well known
information criteriaAlIC and BIC, i.e,,

AIC(g) = - 2log L + 2(nm+pm-q) = const” — nplog f(A) — 2q 4%
BIC(q) = - 2log L +(nn+pm-g)log n = const” — nplog f(A) — qlog n (5)

with const” irrelevant to the selection of q.

4. SparseFactor Analysis
Recently, a new EFA technique has been proposed whose least squares function is defined as

f(Z, A, ®) =X - (FA+U¥) |*= |X - Z[A,¥]|? (6)

for the n x p data matrix X. Here, A isthe p x m matrix of factor loadings, ¥ is the p x p diagona
matrix including the squared roots of unique variances, and n x (m + p) matrix Z = [F, U] consists of F
(nx m) and U (n x p) that contains common and unique factor scores, respectively, and are constrained
as N'F'F = Iy, n'U'U = 1, and n'F'U = Opwp With Opxp the mxp matrix of zeros. Those three
constraints are summarized into

%z'z S )

The sparsity constraint on A expressed as (3) is incorporated into this EFA technique That is, our
proposed sparse EFA is formulated as minimizing (17) over Z, A, and ¥ subject to (18) and (3). Its
solution can be obtained with an algorithm similar to the one for the sparse PCA procedure in Section
2.



A cluster-based factor rotation and its properties

MicHIO YAMAMOTO
OSAKA UNIVERSITY

1. Introduction

Exploratory factor analysis (EFA) is a popular statistical method used to find the latent
structure behind multivariate data in an exploratory way. As is well known, a solution in
EFA has the indeterminacy of rotation of a factor loading matrix. For interpretation of a
result in EFA, the initial loading matrix is usually rotated such that the corresponding pattern
becomes as simple as possible. That is, many rotation methods intend to find perfect simple
structure, which is a loading matrix if each row has at most one nonzero element. However,
perfect simple structure does not always exists. In addition, there may be some situations
where a little more complex structure is interpretable. When each row has more than one
nonzero element, existing methods may fail to find such a little more complex structure. Thus,
a rotation method, which can produce a little more complex structure than perfect simple
structure, is needed. In this paper, for such a goal, a new rotation method is proposed using
information about cluster structure of variables.

2. The Proposed Method

A new oblique rotation technique is proposed. This is a method which aims at producing a
better simple structure of factor loadings, using prior information about clusters of variables.
In this paper, the proposed method is referred to as Obliclus (OBLIque rotation technique
with CLUStering of variables) procedure. Now, p,q and r denote the numbers of variables,
factors, and clusters of variables, respectively. Let A (p X ¢) be an initial (orthogonal) pattern
matrix, T (¢ X ¢) be a pattern transformation matrix, and A (p x ¢q) be a rotated pattern
matrix, i.e., A = A(T')~! which has \;; for an element (7, 7). Let U (p X r) be a matrix whose
(i, k) element u; is one if variable 7 is assigned to cluster k and zero otherwise. This indicator
variable u;;, is referred to as cluster parameter. Let C denote an r X ¢ matrix of centroids or
mean values of squared loading values among a particular cluster, i.e., a (k,7) element cy; is
given by cj; = Nik r u,-k)\?j, where Ny is the number of variables which belong to cluster k.

Let (X,Y) = tr(X"Y) be the Frobenius product of matrices X and Y of the same size,
where tr(M) denotes a trace of a square matrix M. Also, | M| = (M, M)!/2 is the Frobenius
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norm of M. In addition, X®) denotes an Hadamard product (an element-wise product) of two
Xs, that is, X = X ® X. Then, a criterion for Obliclus rotation method is defined as

Q(T,U) = (A® A®D) + |A® — UC|? (1)

where D is a ¢ X ¢ matrix with zeros on the diagonal and ones elsewhere. This criterion is
the sum of two optimization criteria for Quartimin rotation and the k-means-like clustering
method. Based on this criterion, the rotation problem for Obliclus method is formulated as
follows:

diag (T'T) =1,
{uik}ielﬁxed) SUbjeCt to Zle Uik Z 17 (k = 17 e 7T)7 (2)
Zzzluik:]-) (Z:]-a 7p)

Here, Igq denotes a set of indices of variables whose cluster parameters are fixed based on
prior information. That is, in Obliclus procedure, the criterion will be minimized for a rotation
matrix T and non-fixed cluster parameters {u }i¢1,,., simultaneously.

For minimization of @), an alternating least squares (ALS) algorithm (de Leeuw, Young, &
Takane, 1976) is developed. The ALS algorithm is implemented as follows:

mlin Q(T, {uik}iglﬁxed

STEP1. Initialize the parameters {u; }i¢1s,., Subject to the restrictions given in Eq.(2).
STEP2. Minimize @ over T for fixed U using the GP algorithm (Jennrich, 2002).

STEP3. Minimize @ over {uw}igr,,., for fixed T and {u;}
rithm (Lloyd, 1982).

i€Tn0qUsINg the k-means algo-

STEP/. Go to STEP2, or stop.
3. Artificial and real data examples

Two artificial data and Thurstone’s box data were used to assess the property of Obliclus.
The results indicate that Obliclus method can reproduce the perfect simple structure if it
exists. And then, it is also indicated that Obliclus can reproduce more types of complicated
loading structure than the other rotation methods can do. Moreover, Obliclus succeeded in
reproducing the true structure of Thurstone’s box data.
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Abstract

This presentation has two parts. The first is titled:
Rotation Algorithms: From the beginning

This is an historical account of the development of rotation algorithms
from graphical methods to current analytic methods. Following the graphical
methods, the introduction of rotation criteria led to the development of ana-
lytic methods for orthogonal rotation. Early analytic methods used criteria
such as quartimax and varimax. Each criterion came with its own rota-
tion algorithm. Each used pairwise methods that involved cycling through
pairs of factors. Early criteria were all quartic criteria. The next step was
to develop pairwise algorithms for general quartic criteria. Adding a line
search later generalized these to arbitrary criteria. Turning to oblique ro-
tation these began with applying rotation criteria to reference structures
rather than to loading matrices. It was shown how to minimize the quar-
timin criterion by modifying the reference structure one column at a time.
These methods were extended to the oblimin family and for some time were
the only methods of oblique rotation. Harman called these indirect meth-
ods. Direct methods apply rotation criteria to loading matrices directly and
minimize these over all oblique rotations of an initial loading matrix. A one-
parameter representation for the result of rotating one factor in the plane of
two was introduced. This was used to produce a pairwise algorithm for the
oblimin family. Adding a line search later gave a direct oblique algorithm for
arbitrary criteria. An alternative approach used gradient projection meth-
ods to give a direct orthogonal and oblique algorithms for arbitrary criteria.
These did not require cycling through pairs of factors. The rotation algo-
rithm problem is in a sense solved. At present there are simple very general
and reliable algorithms for both orthogonal and oblique rotation. Free com-
puter code for the gradient projection methods may be downloaded from
http://www.stat.ucla.edu/research/gpa.



The second part is titled:
Exploratory bi-factor analysis

Bi-factor analysis is a form of confirmatory factor analysis originally intro-
duced by Holzinger. The bi-factor model has a general factor and a number
of group factors. The purpose of this paper is to introduce an exploratory
form of bi-factor analysis. An advantage of using exploratory bi-factor anal-
ysis is that one need not provide a specific bi-factor model a priori. The
result of an exploratory bi-factor analysis, however, can be used as an aid
in constructing a specific bi-factor model. Our exploratory bi-factor analy-
sis is simply exploratory factor analysis using a bi-factor rotation criterion.
This is a criterion designed to produce perfect cluster structure in all but
the first column of a rotated loading matrix. Examples are given to show
how exploratory bi-factor analysis can be used with ideal and real data. The
relation of exploratory bi-factor analysis to the Schmid-Leiman method is
discussed. An example shows the Schmid-Leiman method can fail seriously
while the exploratory bi-factor method works perfectly.

Both orthogonal and oblique methods are considered. Because there are
many more oblique rotations of an initial loading matrix than orthogonal
rotations, one expects the oblique results to approximate a bi-factor structure
better than orthogonal rotations and this is indeed the case. A surprising
result arises when oblique bi-factor rotation methods are applied to ideal
data.



A bayesian exploratory factor analysis solution with the
simplimax target

Sho Hashimoto *

1 Introduction
In the factor analysis model, there is the following indeterminacy of the loading matrix A.
x=ATT 'f +e=Bg +e. (1)

Subject to diag(T—1T~Y) = I, the new loading matrix B(= AT) and the new score vector g(= fT )
are suitable for the factor analysis model. Therefore, we cannot obtaine the unique interpretable solution
of lambda. For solving this problem, we estimate the initial solution via some constraints and to rotate
it to be interpretable.

In this study, we proposed an exploratory BFA model which use the simplimax target as the prior
mean matrix without specifying number of zeros.

2 Prior Distributions of A

Following Press & Shigemasu (1989) and Shigemasu & Hoshino (2004), we decomposed the prior distri-
bution as P(A, F,¥) = P(A|®)P(P)p(F) and defined P(A|®) as follows:

PAI®) o [ 9] exp |~ e[ (A~ Ao H(A — Ao} | 2)

Loading matrix A is distributed as Npxm (Ao, H, ¥), where Ay is the mean matrix, H is the row
covariance matrix, and ¥ is the column covariance matrix. Here H = ngI,, implies the certainty of the
prior knowledge with the hyperparameter ny expressing the hypothetical sample size.

3 Decomposition of A

If a loading matrix is simple, one of it’s element is sufficiently large or near zero. Then, we consider
that Ag consists of some zeros and sufficiently large values in the absolute sense. Therefore, Ay can be
expressed as the Hadamard product of two matrices: Ag = W ® A*. Binary matrix W (p x m) indicates
the positions of zeros in Ag. Matrix A*(p x m) indicates the values of nonzero elements of Ag. Noting

*Graduate School of Human Sciences, Osaka University, 1-2 Yamadaoka, Suita, Osaka 565-0871, Japan



the Ag’s simple structure, the prior distributions of each elements of A* are defined as the following
normal distribution:

x ng o\«
P(\}j|wij, si5) o< exp {_20()\;‘]‘ - Mz‘j)Q} , (3)

where p;; = wijpij(2s;; — 1) and s;; is the plus/minus sign indicator of Aj;- Integer p and ng are
hyperparameters. Because we have no prior information about the positions of zeros and the signs of
elements, p(w;;) and p(s;;) are assumed to be discrete uniform. This decomposition is the same as that
is used in simplimax, however, we did not specify the number of zeros in W, but the hyperprior mean
value of a element of the prior mean matrix.

4 Simulation Study

To illustrate the effect of the relationship between real data size n and hypothetical number of subjects ng
in the parameter recovery and achievements of the simple structure, the simulated data were generated
using the normal factor analysis model. Furthermore, to illustrate the effect of the relation between real
data size n and hypothetical number of subjects ng in the parameter recovery and achievement of the
simple structure, we set 3 x 3 combinations of numbers of real data (n = 25,50, and 100) and number
of subjects (ng = n/2,n, and 2n). The table demonstrates that as compared to rotation methods, true

Table 1: Indices of each dataset and method in the simulation study

sample size | indices | ng =n/2 ng=n ng=2n varimax simplimax
n =25 CcC 0.94 0.94 0.94 0.89 0.90
LS 0.66 0.70 0.71 0.39 0.43
SSE 1.18 1.28 1.64 2.30 2.08
n = 50 cC 0.98 0.97 0.97 0.93 0.97
LS 0.78 0.80 0.76 0.50 0.55
SSE 0.54 0.65 0.71 0.89 0.81
n = 100 cC 0.99 0.96 0.84 0.95 0.98
LS 0.86 0.82 0.45 0.65 0.70
SSE 0.28 0.72 3.40 0.57 0.52

loadings can be recovered sufficiently in the proposed model.

References

Kiers, H. A. L. (1994). SIMPLIMAX: Oblique rotation to an optimal target with simple structure.
Psychometrika, 59, 567-579.

Press, S. & Shigemasu, K. (1989). Bayesian inference in factor analysis. Contributions to probability
andstatistics, 271-287.

Shigemasu, K. & Hoshino, T. (2004). Bayesian procrustes solution. Behaviormetrika, 31, 29-41.



Exploratory factor analysis:
modern aspects

November 11, 2011

Nickolay T. Trendafilov!
Department of Mathematics and Statistics, The Open University,
Walton Hall, Milton Keynes MK7 6AA, UK
E-mail: N.Trendafilov@Qopen.ac.uk

This talk is about some modern aspects of exploratory factor analysis
(EFA). They are modern in a sense that they consider extension of the
classical EFA for analyzing data sets with more variables than observations
(p > n), which are typical in a number of modern applications as climate,
finance and gene expression data analysis.

The talk is composed by two parts. In the first part the classical EFA is
revisited shortly. It is pointed out that the classical EFA model presents ob-
servable random variables as a linear combination of of two types of random
variables, called common and unique factors. This EFA definition is restric-
tive in a sense that it complicates the estimation of all EFA unknowns. This
gives a serious motive to propose an alternative definition in which the EFA
is formulated as a specific data matrix decomposition. The immediate re-
ward is the ability to construct a procedure for simultaneous estimation of all
EFA unknowns by optimizing a least squares loss function. Another benefit
from the new EFA definition is that a simple computational algorithm can
be constructed which is based on singular value decomposition (SVD) only.
This is extremely important feature of the newly defined EFA because it
becomes computationally competitive to the very popular and versatile prin-
cipal component analysis (PCA). In the same time the EFA decomposition
provides better fit to the data than PCA.

Next, it is shown that the new definition of EFA can be naturally extended
for analyzing data with more variables than observations, i.e. p > n. This
case requires introduction of new more general constraints than those in the
classical EFA. Thus, the resulting EFA is called generalized EFA (GEFA)
because it is applicable to data of any format and contains the classical EFA
as a partial case. It is shown that GEFA can be solved by the same simple
alternating algorithm involving SVD only.

nvited talk presented at the Symposium on Life Sciences and Statistics, 3-5 November
2011, Osaka, Japan, and supported by the Japan Society for the Promotion of Sciences.



The rotational freedom in classical EFA which is frequently used for sim-
plifying the resulting factor loadings is also present in GEFA. However, if
p > n the standard rotation methods become computationally unfeasible. It
turns out that a possible alternative is doing independent component anal-
ysis of the factor scores. This approach is computationally very attractive,
but its justification for arbitrary data remains to be studied.

The introduction of GEFA is completed with two well know numerical
examples illustrating the two situation when n > p and p > n. It is shown
that the GEFA solutions are in concordance with the standard EFA solutions.

The classical EFA and PCA are popular techniques for dimension reduc-
tion and investigating the structure of the data. However, these fundamen-
tally different techniques are frequently confused, and the differences between
them are obscured, because they give similar results in some practical cases.

In the second part of the talk we investigate conditions under which they
are expected to be close to each other, by considering EFA as a matrix de-
composition so that it can be directly compared with the data matrix decom-
position underlying PCA. We propose a QR decomposition as an alternative
to the usual SVD for PCA, which can be reasonable when analyzing large
data with respect to time consuming and storage space. Correspondingly, we
propose an extended version of PCA, called the EFA-like PCA, which mim-
ics the EFA matrix decomposition in the sense that they contain the same
unknowns. We provide iterative algorithms for estimating the EFA-like PCA
parameters, and derive optimality conditions that have to be satisfied for the
two techniques to give similar results. Throughout, we consider separately
the cases n > p and p > n. Finally, the derived algorithms and matrix con-
ditions are illustrated on the same same well known data sets, considered at
the end of the first part of the talk.

Full details, proofs and more examples can be found in the following
forthcoming papers.
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Exploratory data-fitting factor analysis with
clustering of individuals

Hironori Satomura*

Abstract
A method for simultaneously performing exploratory factor analysis and k-means
clustering is proposed, which is achieved by an extension of factor analysis model with
fixed both common and specific factors. In our strategy, it is avoided that tandem analysis
problem that makes it impossible for us to interpret the effect of cluster structure. An
efficient alternating least squares algorithm is developed. To illustrate the usefulness,
some numerical analyses are conducted.

Keyword: factor analysis; k-means clustering; singular value decomposition.

Recently, exploratory factor analysis (EFA) model with fixed common and specific factors
has been presented by de Leeuw (2004), and been elaborated by Unkel and Trendafilov (2010)
and Adachi (submitted). The model can be described as

X = FA’ + SW 0.1)

where X is a standardized n X m data matrix, Fis an n X p (p < m) fixed common factor score
matrix, A is an m X p matrix of common factor loadings, S is an n x m fixed specific factor
score matrix and W is an m X m diagonal matrix of coefficients called specificity (Unkel and
Trendafilov, 2010; Adachi, 2011). It is assumed that

n'FF=1, 0.2)
n's's =1, (0.3)
F'S =0, (0.4)

with I, and I, m X m and p X p identity matrix respectively, and O, a m X p matrix of zeros.
All parameters are obtained by minimizing following least squares loss function

f(E,A,S,WIX) =X~ FA’ - SW|? (0.5)

under the assumptions described above. This is a matrix approximation problem in which
data matrix X is decomposed into common part FA” and specific part SW, and the procedure
can be viewd as an extension of principal component anlysis (Adachi, 2011), rather than a
tool for exploring causal relationships.

Because common and specific factors are treated as fixed parameter, the model is suitable
for the case in which data are not randomly sampled from an inifinite population, e.g., rows

* Graduate School of Human Sciences, Osaka University, 1-2 Yamadaoka, Suita, Osaka, 565-0871, Japan, E-mail:
satomura@hus.osaka-u.ac. jp, Tel: +81-6-6879-8053



of the X denotes prefecture or states of a country, specified cigarette brands, and so. We
often encounter that types of data in marketing science or sensory analysis. In those areas,
researchers often carry out a preliminary factor analysis on X, and the cluster analysis is then
prefomed on the estimated factor scores. This two-step procedure has two problems.

The first is the problem of factor indeterminancy. Similar to the random factor model,

optimal factor scores F and § cannot be determined uniquely (Unkel and Trendafilov, 2010;
Adachi, 2011). How should we determine factor scores (with combinatorial optimization of
choosing and permutating singular vectors that correspond zero singular values) ? What
kind of scores are suitable for cluster analysis ?

The second is the problem called “tandem analysis”. Particularly it has been warned
by several authors (e.g., DeSarbo, et al., 1990; De Soete and Carroll, 1994; Vichi and Kiers,

2001) that the fact that estimated factor score F via ordinary factor analysis procedure do not
necesarily define a subspace that is most informative about the cluster structure in the data.
Indeed, the problem is more than that, which means that we cannot get contribution ratio of
cluster structure to data matrix.

As a solution to those problem, we propose a method for simultaneously performing factor
analysis and k-means clustering. The model is described as:

X=UCA"+SW +E (0.6)

where U is an n X k membership matrix and Cis a k X p (assume k > p) cluster centroid matrix.
Details of the algorithm for parameter estimation and numerical analysis were reported on
the day.
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This strategy, referred to as ‘sparse coding’, could possibly confer several
advantages. First, it allows for increased storage capacity in associative memories;
second, it makes the structure in natural signals explicit; third, it represents
complex data in a way that is easier to read out at subsequent levels of processing;

and fourth, it saves energy.



RS REITEME T, A= e 3 —F 1 7 RZ OO IE BB R ATRIIZAT D,
TNHEEM LML TND EBEZBNTWD. 2& L, 2 kool 6 3 IRool
REHEEST D Z LiZoOWT, #2004, (DMREAEIC & DM, (2EB) )6 O
W, RKfmE o ORMmGMOHE, (DRET 7 AF v —n0bOWER T, B
IO OIRIE T, BTN SN EN O RMESND, Ll Tns. 2T,
(2520 b DOTRIRE TTIZ B W TIERHRES N BTN S.

FEHRFRE, MO SRAEEEICZ S 2 ER 2V O TR RWNETHEL TS, KT
IIZ L CANR—=R « a—F 4 VT HEBLTWDHDM0, £ DFHRE ED XD ITHE
LTWDDh, FERRHFRLHEIZ2E (KRED) =m XX —%2LEE LRWVON, 29
Wt ZEND, MEARFRORM T E IIZ< O L2 TSI LENTE, Thbrx—kik
SHEDHZEDTEDHDOTIIRNTEAS D D

EAMEIELT L A=A M2 BT, ksz FATTR AT TRRED S OIRE
JC) AFAN—=AME L ITIEEAR Th 5. idtREIC 1T 2 ERHEE S o ThEkx TH Y, I
T —~IZFE RN, IEANBIEIC IU&HéhTwégwemﬁ& T —FIAEN B
%. EANEIEE S — 3 WEEZEUNCEA T 272 DI b 8875 (ORFE, 2008).

Olshausen and Field (2004). Sparse coding of sensory inputs. Current Opinion in
Neurobiology, 14, 481-4817.

W BES (2004) THRTERHE &~ a 7Ry ) [HEtRro7e 70 7E 28] G
WENE)

IREERERRR(2008). U —RIVBAERMNT. EHHEIE.



ooooogon

ugb ogd
gobobooboogn

20110 110 40

1 OJo0bOooboon

1.1 00O0ooboood

goboooobooboboogobooobooboo
gboboboobobooboboboboobob
gbooboooooboooobooboobon
O0000o0o0o0oo0ooOoo 1,300o0oooo
ob0 k:x X—ROOOO

flz) =D ayk(y, ) (1)

000000 {o} 0000000000 O0OOO0

1.2 JO0o0oooodgod

00000000000000000000000
000000000000000000000000
000000000000000000000000
000000000000000 Tikhonov 0000
000000000 21,...,2, 0 f0000000O
00000 R(f(z1),...,f(z,) 000000000
000 Q(f)0000000000

s f(an)) + AQ(f) (2)

000Do00oDo0o0oooooooooDoooonnD n—
co 0OD0OO00OD0 A= 00000 f O consistent
ooobOooooooon

000000000000 000Representer O OO
O0000000o0oUoOo0oooo Qf)oooooo
0000oo0ooOoO0 ||f|cooo0obobo0ooooo
00000o000O00oDoooooooooooooon

f@) =3 aik(ai,2) (3)

mfinR(f(xl),...

gbobobooooobobooboobooobon
gbooobobobooobobooobobooooon
ooo

1.3 00b0ooboooboon

00000000000000Tikhonov 0000
0000000000000000000000 ||f]
000000000000000000000000
0000000 0Lagrange 0 00000000000

s f(an) + Al S]] (4)

000000000 DbOODO0OO0D0O0O00d Tikhonov O
O00000000000ROOOOODOO Representer
oo0booooooooon

R(f(l'l), .

1.4 00O0O0OU

000000 Representer D0 OO0 O0OOOOOO
gbooobdoboobobooobobobobooobo
gooobobboooooobobooouoooooog
0o0o00do0oobooooooobooooobon
gboooboboooboobobooboboobon
000000000 (0000U00oooooooo
oooooo)o

O0000bO0O00ooO0ooboboOoobooooD ADO
odoboboooooob oooboooooooo
0o0o00oo0oboboooDooboooooooono
gobodbobooobooboboooboobooboo

00D000D000000000d Cross-validation O
00o00ooooobooooboooobooooo
gbooobobooobobooboboooboooon
ooooboobooboooboooobuooooooo
oooooooooo

O000000oooOoO (SsvM)oooooooo
ooooboooobooobooooobooooono

O00000O¢d|boo0o0ooooooa0 00D (O

000 oOO0)000000O0OODODODODODODODOD
gobooooobooobooobooboboogb b
gbobooboooooooooooooon



1.5 00o0Ooo

Representer 00 0000000 DOO0OOOODODO
goo0oboobOOooooobooboooooooo
0000000000 f(»)DDODDOOODOOOODO
goooooobooooobobu s 00000
dooboboobOoboobooooobooooooog

svM OODO0oOO00O000000OooOoogoodg
goboobbouoobboouobooobboooboogo o
00000000000ooooooooOoO (oo
0000000000oo0)0 fOo00OO0O0OOO
gbobobobobooboouooobooooooo

goo00obO0o0ooOoooboooobooonDg
00o00ooo0ooOoooooooogooooooao
000 lasso (6] DODOOOOO L, 000 Y, o O
oooDoOO0oooboDbOoOOoooboooooooon
00o00do00o0o0oOoboooooOoboooogon
Representer 0000000 OOOOOOOOOOO
ooooooo

O000{e} 000000O00OO0O0OOOODOOD
goo0oboobooboobooooooooooo
0000o0ooo0OooOOobOOooooooboooon
do0d0bO0oOOobOooobooooa

L, 000000000000 DOOoooobooog
000Do0O00ooOO0o0oOoooobDooooooooon
000 L, 0000000 Representer 100000
0O L,O0000ODOO0O0L, 00DOO000ODOO0On
0000000 aff|+0)f?0000000000
000 (elasticnet[9))0 0000000 0O0OOOO
oo0dbOobOOobobOOobobOoboo

lasso 000000000 DOODODOODOODOO
gooobooboobooobooboboouobogo
goo0oboooOobooobooobooboooooo
000DO0D0O0DOO0DOO0DO0DO00D000n0 00
00000000 |y o 000000000 fused
lasso[7/ 00 0000000000000 OOOOO
0000000000 L, OODOODOOoOooOoooo
000 group lasso[5]| 000000

2 Ooobobooboobgd

gboobobuobobuoobobooboob
gbooobobobooobobooobobooooan
gbobobboboobobobobobobon
gbogbobooboobobooobuoobob
gooboobooboooooboboooo oooooo

gboobodobobooboboobobobooan
U000b000b0bO0bO0bODbOn Representer
gbooobooboboobobooboboooon
gbobodgboooobodad

3 Uboboboobobooognbd
g

ubooboooboboboooboobooooooon
gboooboooboboobobooboooon
O @RUUb000o0ooooooooooooooo
(ShP) 0000000 DOOO0UDODOOOODOOOO
gboboobooboobooooooboboboon
ubooboobobooboboobaoboooan
gbooboboooboooboooobooobooobon
gbooboboobob

godd

1] D0O0O00.000000000 —O000OO00oooo
gboooo.ooobooooo.ooan, 2008.

[2] H.D. Bondell and B.J. Reich. Simultaneous regression
shrinkage, variable selection , and supervised cluster-
ing of predictors with oscar. Biometrics, Vol. 64, No. 1,
pp- 115-123, 2007.

3 O0O0U0.0000000-00000O0O0O0O0OUOo
gbo-.booooboboob s oooad, 2010.

[4] T. Hastie, S. Rosset, R. Tibshirani, and J. Zhu. The
entire regularization path for the support vector ma-
chine. Journal of Machine Learning Research, Vol. 5,
pp. 1391-1415, 2004.

[5] L. Meier, S. van de Geer, and P. Biithlmann. The
group lasso for logistic regression. J. R. Stat. Society
B, Vol. 70, No. 1, pp. 53-71, 2008.

[6] R. Tibshirani. Regression shrinkage and selection via
the lasso. J. R. Statist. Soc. B, Vol. 58, No. 1, pp.
267-288, 1996.

[7] R. Tibshirani, M. Saunders, S. Rosset, J. Zhu, and
K. Knight. Sparsity and smoothness via the fused
lasso. J. R. Stat. Society B, Vol. 67, No. 1, pp. 91—
108, 2004.

[8] K. Tsuda, S. Akaho, and K. Asai. The em algo-
rithm for kernel matrix completion with auxiliary
data. Journal of Machine Learning Research, Vol. 4,
pp. 67-81, 2003.

[9] H. Zou and T. Hastie. Regularization and variable
selection via the elastic net. J. R. Stat. Society B,
Vol. 67, No. 2, pp. 301320, 2005.



IEANEEICED < RIN—RHE EHE/INT X —F DR

EE =
RERRFRZRER T AR

1. FU®IC

Al ¥ AT LWL ERERIEOKA LTIt SN Tw 5 Ly AIEAMEE IS < X
N=2ZHEE, ETV VY TOBBIIEWTRF LT 4 OMI 2RI T27X—=8 (Fa—=v7
NRIA=5) ODWEDARBENE D, Fa—=v I8 7 XA—5 OFEPRIZE TV O - FER &2
52 ENTES, RS, BERREE T VICEWT, —BIEEBE (Ye, 1998) 125D < € 7L 3Hifli
R, BEABUCBH T 2Wna R VD 2 E R CERINTL 720, BEORILIY V7V
HeB2 588 CHOMGRMEHTEETH 5. Lo Ladis, L BIEALECE, ERME
B TIBE TR VNS X — 5 DIHED S E 1 5 720, —MALE HEZ BITIIC kD 2 2 &3
WL 722, ARG T, ZOMBEICNLT 270, $IBREE T VICE T 2 IEHHLEO#EE 7
IWITYALTHSD GPS 73 XL (Generalized Path Seeking; Friedman, 2008) ZH55R L, —
BAGH 2 BUEINICEH T 2 7V T Y AL 2R T 5, RETZEFET LTI XL, Z o
EfE () 2Kk 5 LRI, ~BILHHELER T2 ENTEL2 LI REZET 5. il
FEEiz L CREFIEORB L AMEEEET 5.

2. BRTE
p RIGHAZEANR 7 PV (21, .., 2,)T EBNEE y BT 2 NHOT—% {yi, i1, .. zip} g
BN ETE, ZOLE, ROFTIARBIERRE T LVEZEZ 5,

ﬂg}

p
yi=0o+ > Bjwij+e, i=1,...,N.
j=1
DU, SiAZEEIIIEMEL SN, HINERE P b3 nicws e L, —HEZ2KI 2L %< G =0
£E3%, ZOETIVE L FIEAKKE

ﬁza@%yém)sm PB) <t (1)

ko THEET 5. 7L, B= (... 07 RB) =XV, vi— P, Bz [N, P(B)E~
FUT4HE L, & 2, lasso XRFILT 4 (least absolute shrinkage and selection operator,
Tibshirani, 1996) 1% P(8) = X/_, [3j]| THABNS. &7, ti3Fa—=v 717 X=9THD,
CDfEz XEDO—BALHHEEIC X > THEE T 5.

3. —fix{t EEHE
ETV VI TaeAm()BEZoNEE, BEOVEMEZET NV 0 =m(y) ICX > THEE T

52L%EFEZL. T, p=(u,...,4n)T 1& Ly FEAWRIC X > THEE SN ET LV TH 5,
ZoEE, ~MALAME (GDF) IZXXTE5ZL 56015,

_ al COV(ﬂiayi)
GDF =) —— % (2)
i=1 T

L, 23y OEOGEE TS, ~MCEBER, ETAOEMI 2EL, & ZIERMER
HHLHES Mallows D Cp, FEHEICB T 2 2HE DT X = HITHIET 5. Zo—LEHELE



W3 2701213, #ER o 2RO 208035 %5, L Ladss, L BIEAMLETE, 1E
HULIEIZ S 9 X — % DffaxHin g s b 7-o, —MLEHEOBITI BN EEE 22, 22
T, GPS 7NV 3V ALZIEL T BALEHEZEBIEMICHEE T 2 7L ) L2 RET 5,

4. GPSZILIYV XLICED K —R{tEHEDHTE

GPS 7)Y X4 (Friedman, 2008) 1&, (1) ROMEZ2ZERINKD 2 5H 27NV TV XL TH
3. £F, #EMBOWIMEEZ B=0 ERETE. AtZTHNSVIERELELE, Fa—=v
TSI RX—=F Dt D EEOHEEM B(t) S, t+ At DHETME B(t + At) ZRd B, GPS 7T
ALTIE, RRADEIICIEDOEFAT Y 77 THRIA—FXT FLVDOBEHED 1 DDAZEHT %
itk MBEEMINICKD 3,

Br(t+ At) = Bi(t) + At - sign( x(1)),
{Bi(t+ At) = 3;(t)}h-
=72 L,

o(®) = gu()/p(t).  ge(t) = ~[OR(B) /05| 5_ gy Pu(t) = 10P(8)/015kl)| 50

&L, k=argmax;{| |} £ 5. LKL, BEICIZIIDEDERIZNT X —F OffHEA H
BT 2 L0 EEDOTTHEDZDH DT, —MRITIZKD 77 %\ (Friedman, 2008).

GPS7NIVRALIE, H6WLF2a—=V 77 XA=% tI1Z0T ZHEEMDOELUIEZ KD 5 Z
ERTAEE TS, Lo LAads, 205 Ooftlnr s, BYLRETVZERTL LI TER
W, 22T, 2)RO—MBALHBEEZRXD X ) ICERNICHEFT 27 LT XL ZRET S,

2At
M(t+1) = M) + - xpxi {I— M(t

22T, TEHAATH, o) = (v1p, ... 2ne)t, M(t) = cov(u(t),y) /7> ThH 5. —BALHHED
5EH I N T TFVEHEEREZ VT, @Y AT TV RERT 5,

Wik

il

5. I\ —3 msgps

msgps (Model Selection criteria via Generalized Path Seeking) (%, L; BIERHEIEICET 25—
MALEHEEZ R, th4 T TOVHEIEREIC X > GERS N2 T 2865y 7 =2 Th
5. 2Oy r—YIidkEY 7 F7 = 7 R (R Development Core Team, 2010) 12 & > THIEI N,
http://www.keihirose.com/research/msgps.html 2> 6 AFHHTH 5. AKXy r—IIF, ¥
YINFARBREVGHEICE O TOEBICHE T2 2L TE S L)1, ARTRRZGHET
NIV AL ZISICHR LTS, Gl DWW TE, Hirose et al. (2011) Z& I 117210,

SE X

Friedman, J. (2008). Fast sparse regression and classification. Technical report, Department
of Statistics, Stanford University, 2008.

Hirose, K., Tateishi, S. and Konishi, S. (2011). Efficient algorithm to select tuning parameters
in sparse regression modeling with regularization. arXiv:1109.2411 (arXiv).

R Development Core Team (2010). R: A Language and Environment for Statistical Comput-
ing. R Foundation for Statistical Computing, Vienna, Austria. ISBN 3-900051-07-0, URL
http://www.R-project.org/.

Tibshirani, R. (1996). Regression shrinkage and selection via the lasso. J. Roy. Statist. Soc.
Ser. B, 58, 267-288.

Ye, J. (1998). On measuring and correcting the effects of data mining and model selection.
J. Amer. Statist. Assoc., 93, 120-131.



BT DIEBRBBZRICHONT
SRAL B SRS D RRE(R 7 O AE B ROER A

RIRKREFRZFRT « AAEREITFERE - (LS REEAIFEAT « JST S & 3T - /BRI

MRIZ 31T 2 78 BER O O RS I R B R 2R ERICH 0 £9, bihvb
AUTEE) A A —V L EB SN EB O£, HEIHERZE] 25/IMET5 X951
PRREIER 2 AW S5 2 LI K0 i ZnE g 228 LET, ZOFEOEN/N
Mz d 5 Z & NEERIIIC & AN DM, S TE E LT,

Dl LT BITRERFOW B A s L HFET (RS Eh - & X0
DEEA] ITHESL>TWD EBbND, IRWVRBEFOBOEIEIZ L > TR LR
MICEEFR SN D NENCIREKER) FRl, S/ NREEERIGEREL D v
THINLD = 2 —m AFEZ TR L E Lz, EROFER, MUY TO I 7 2EE
By [TEFRRZE ] DR AU — 7 EHE RO ERMEA TN L > TH A2 5
NTWDZENRHELMNIARY F L, STHE, MBI 2 FHHERMED k
By 7 3EFE I > TE TWET, F2R0 0 RIS L TITEI O W = T
B, WEICER S Tl & BRSSO & oz, TRl -HERE] %
B/MET B EICTFRIZEGT 52 L2k 0., T8 & Rk 5 00k FE
HETY, BUE, FIICH Y T F— 33 AEEMEMRME (F— 215
EWE L UCRET MM, R— 82 i) 2SEE T RIRREA R L TV D
EWVND T ENIFIFMLINTWET A, FHREGROEERHEL R 2 EEFFO
HEA =X LONTIEIZDOFEEBH L NS TWER A,

M N — 82 HIADRERE A 5 7= 1T . R IRFZE CH1 STV A BEE O
ffRE M 2 BED CTHET & N F— 32 IR RIS A 72 & > & i)
P, KM E 72 EDBBEHEO AN 22 308, Fo 78T ra ) e
PEOEHZERE (PPIN) 23 R— 3 VHlilEIZXT LT h - & b i) 7e BUEE M A )
iEoTWET, ZTOIZ &L, T TIZHBIL TV DR E AR ) 5 /T PPTN
DI R — X3 AR L D TR =R RO L TH L Z 2R LT,
P7= ULT2 HIX 2 ORI E 1S 3D ARGIZ DWW T, vz VL ClRE T
HFR-E T D PPIN B D = = — 1 UIEEGLER ER 21TV LT,

FEROFEF PRI I O THIZ LT e FOE S V7 THRIREN O 1 8 & EEE
(ZAF ST DOIE S, EAVE BN L72E TH L PPIN ICERBL STV
HEWHZENHLMNIRY £ LT, TOMZRIC L - T, W FRIFEERHIC
PPIN WEEREEIZRI-LTEY . S HITHIN F— 33 a0 w1 HiRR
ZERPROEFE T, IR S AT i T S R & SRR S PPIN TZLZ 4LfA
BERBL S, B R— "I Ui TP E BLEORRENHE I NS LV )



ZERHOEMNIRDE LT, RBICZINOD 200D [—RELAHZFZEH AT A
DFEGZARFE L, MR L 2 MESL, MiTlcEz0EhE 5 =a—n Ui
O RHAHRIZ OV TEIE L TCEUT E BN ET,

235 3CHR

Okada K, Toyama K, Inoue Y, Isa T and Kobayashi Y

Different Pedunculopontine Tegmental Neurons Signal Predicted and Actual Task
Rewards. The Journal of Neuroscience 29: 4858-4870, 2009

PPTN 23 THIRAZZ DG RICEIFR L TV D 2 & 20K L AP A B2 A0 T

Kobayashi Y, Inoue Y, Yamamoto M, Isa T and Aizawa H

Contribution of Pedunculopontine Tegmental Nucleus Neurons to Performance of
Visually Guided Saccade Tasks in Monkeys . J Neurophysiol 88: 715-731, 2002.
PPTN 2N iEE) I, REE e EICBIR L T D 2 & ZoR LI iR A BRI FE

Yamamoto K, Kobayashi Y, Takemura A, Kawano K, and Kawato M

Computational Studies on Acquisition and Adaptation of Ocular Following Responses
Based on Cerebellar Synaptic Plasticity. J Neurophysiol 87: 1554-1571, 2002

/NI X 2 HRERGEEN I 2 AR AR B T — S EF RS I = v — b L72f

7t

Kobayashi Y, Kawano K, Takemura A, Inoue Y, Kitama T, Gomi H, Kawato M
Temporal Firing Patterns of Purkinje Cells in the Cerebellar Ventral Paraflocculus
During Ocular Following Responses in Monkeys. 1l. Complex Spikes. J. Neurophysiol
80: 832-848, 1998
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T LER O bR A TR
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AR R a P FeR

L. RPN TP

HEEHFE TS TS FRE ETORHIZ 0.1 MU EHD. ZOFRENZ &) R, B OF4 Riut
L 7208, BIRAEBIIPICEIET 2 ETICRIIV BN H 5. BEH L, TR TH FRIIZZ T
LOESD . EHHFETAHTHDADDERE T 4 — RNy 7 22 % £ TIZ 200—300 X Y RNLOEIEN B Y,
IDIT, SEIER A APMRRITIFGFET D, LIeBoT, TRIZIELATH, THIGEAEZE 25, A

S OBEBEDABOTTA =L TAROFOET AVEFAL, FIEIHHITIEL NI L2 8o THE

ICE=F—LTWWDETDH. Linl, ZHUIEROHEDETNAIEHESTWDLDT, /A R EOE
TIEREIZIFTRITE 2. 22T, ERCFPEHERECEERE 7 41— Xy 7 TF=v 735, ZORE
74— RNy 7 TR Trbo T 20T, D UIBRICR-TENE LD, ZOBEEFIAL, THlZEET
D.

PLED X 5788 2 275512, Ogawa & Inui(2007)1%, B CaiESh & SMGES O TH - HEEIZIIT D iz o
EWEARET LT, 2O/, A EBINIEC, MEEEKLE LR W REEB ON A A — I (kic B
L, BESEIEREICRT 542 FHEE/NEPL), 45 SPL/IPL AEREHHALT, Mg oW/ sEBiEEIc 59 %
ER3REE T, £ TIPL T, IREETRL 36 X OMEHEER 26 O B O BIER 7 4 — Ry ZIZEES <R
RBHEEDMTOND L BR BND. Flx OIATIIED G, ZORBEHEE LR T 1 — M Ny 7 L ORRENS
FATEREAPSIZ BV CRMIl &4,  ARISAESATEREAR(TPJ: Temporo-Parietal Junction) A3 AGER R &k
HEHETE & DU AICEE L T\ D 2 EAVRIEZE SN TV 5 (Ogawa, Inui, & Sugio, 2006; Ogawa, Inui, &
Sugio, 2007). £® TPJ IIRSAEHUC D EERZTN THY, ZIREELZT D Efkx el s f o &k
DR (o & 203, WRBETOH C4) BNEL D Z EDRMBN TN D, FIN6ORERIT, BanIinE
TIT > TE TR OBUCE B H DA A —bofER & X <t LT A (Inu, et al., 2000; Tanaka, et
al., 2001; Tanaka & Inui, 2002; H4f 5, 2003; Imazu, et al., 2007). F7-ZlEFREEOFIREET L E S K
<KHET 5.

( v

:m&

2. EIFEERREEN T S T RIGHE

BIFEAFRES) CI, EE) T ORTEENC X 0 @ E L0 RE <BH < (Fukui & Inui, 2006). Y, EEE
FHIA L T A TR S LT 208, HEEFR R REROEE) & U CRIRER(FOMICHEN S £ TR0, JEEifE RN
BH - BOZRER L LTT7 40— PRy 7 SNDETITTRER ) A APFET D, ZNEMHET 27201
P DI TITEER T ORER & L TOBUEDOREGEOIRIEIZ SN TTHAMTON, BT 4 — Ry 7 035
LT L FICTRRAAEAFIAT 2 Z L CTRIZEEL, EB T SRR HE SIS, ZOX I L THRIME
E) SNTZNREROEHRIL, EEE S OB OEIE—IC LY HFOHEF SN, ROKETHE 2D, ZORAAT
HN= T 4 NE(FRFEZEC AN~ A v K 2T TPEEET 2) 2 W TET /MBS, BIE - kD



ARREHETE « PR JOHEE « FHIKSE GRESBIER) 2342 7 4 HlcFIA S HEET V2R LT
(Fukui, Takemura, & Inui, 2006; Takemura, Inui, & Fukui, 2007).

3. KIMHITEAE ORI AR - BN A ZHEE - FYE&

BT RO R E B ENTHIEHG N DR ORI EHEET D Z L THD. ZORRRIL, A ZHEEDOHHA TIE
Abah, BROREREE TR DHSAAI A L HL(1990) 12 L > TIRE SN, €DK IRT FRL L2k -
T, EANCSERES TN D. OB T, KMEEOERDN O EmRA~OFERIT LY, TP 72 &SR,
BRINDARRASDFEGIZ XY, NEEHAETTD Z LIk, K ERGET 2 LW IRREITo T, ZLT,
Ny TETAZEHER LT v T EEORGEZR/MET D Z LK, IELWHEERATREIZ /RS 2 EAVRER
TS, HEOFHELE, FEARNCREBAIASA AHEDOMHIATE B AD T ENFRRIEEERbND (B,  2004).
AN AT (BRI oo (FEATMER) - (RIMIHER) LT 5. FAMERIEBRARCH D, FiEE
F LD DGR OMERE L ER L TV D, ZOMHDOIDE, FRoToERED BRI 23RS TE AR &
CHZENEMSNTEY, ZhR =" RoBxIcd 2 2 e biEish s, £ L ThHREERTERTS
MNEREZEES A DEE 2T 2HUBRESNTND. MERWEDOEEA 2T BEWEE, O
FEINTBVEEEZEESHRAL T LBRNEEE 2D,

4. LAEERONE T v

Fexlx, BHOHUDEECTRIESNIDEOLNIA A—20, B COBAER72EENC K - CTlalls S 2 58408
FEDvLEER(mental rotation) T D EUE L, #HEA = XAOfFEIR A RA TN D, FaLOMFE ClL, JETASE
® CIP B L UAIP LIHINDHAS, ZNEIIRO B CHDANIAREL, R & EBORE IR 5 %
RIZL TN EBZLITND. ZL DA A=V VT, DHYRHERER O E B BEEREIROER 2 VR S 4L
TV Enh, DREEATESHIEICI T 2WNHET LV LBEEMIT TELA LN TWDS. ZZTHEET VL
3, EEFETESE AL L, BT ORE Y 4 — Fy 7 OTFREE N ET5EY 2a— &Y. T2
b, HCOOFAEREIZ L > THEIET ARRE S, HRET ¢ — Ny 7 OF RIS DB, D
FOEED & 9 73 A —VEHRRE & IR L 1D & 2 55 (Hinkle & Connor, 2001). Fxid, ZhbHo%m
AP E X TAREEE T VA RE L, REET AR ZYon ORI B TH D Z L AR LT
(Inui and Ashizawa, 2009). [FIFHZ, CIP BIZNAAAEUSER e = 1A%, % LC AIP B NARAELI 53
P72 visual-dominant === %> visual-motor == FWFEIZ L > TAPE L7z, ZhbD=y | L[k
OWHFNET D= a—a ), B CIP & ATPIZIFET 5 Z & B3 5T S (Nguyenkim and DeAngelis,
2003; Sakata, et al.,1998). Fx OFERITL, LHIFHESRFHZ, CIP TIIRERO H CHULH) “RoEN RIS
ATP T/ CIP TRILSNDIERPHE SND LW ) Fex DR FFT 5. S HITREIZ/R>T, TrDINV
=70, LEHEIS, HIHIEEOBMRC I D il (14.7THz) O/ <7 — & D[RR [Elfm & A R
ADOHBEZ AW Lz, ZOBMICK TS 14.7THz O/ 7 — & BOLD {25 (blood oxygenation level
dependent signals ) 25HBE & /RGN & TSR, AT - BEEETERRE (AIP, CIP) , /2 IPL B X OVEE
BRI RS W TERRADOHBN RO, ZORRITHY DT LVERIFFTHHDOTHS.



Dual saddlepoint equalities in model averaging

JUMNRT: - R FIITEEE K8 RER
HJe R - BLTAEE WA K3

1. FERE
Bayesian model averaging DA (Hoeting et al., 1999) TXX®D Bayes ET V%2 EZ 5.

p(x; 0, k) = pr(x; 0), (0, k) = A\pmi(6).
22U, kIFEERITHD 1, KD 265D 35 (K >2). Zhid K {Hd Bayes €7V
pr(z; 0), m(0) (k=1,...,K)
CHVTEBHOET N, OFEAEDITB I LICE>THEOND (Tr i =1).

Z @ Bayes € 7V O K T HIFE

ﬁ%ED@@M%M$&@Hp@9%WW%ﬂ (1)

ZiEmd 5. 22T, D(q(y|x), p(x; 0, k)) 1% Kullback-Leibler XA /N— = > AR DK TH
D, e-XAN=V VYV ABLELIFENDE Z DD, R—AIZW o7 K {HD Bayes ET IV TDF
TR RE

qﬁ%EﬂNﬂmmhm@xﬁﬂpMﬂ9hﬁw](k=L~wK) (2)

TH5. (1) BLU(2) OREEIEZNERN,
4" (y|z) o< exp {E[log p(y; 0, k) | ©(0, k|2)]}, (3)
0\ (y | z) o exp {E[log pi(y; 0) | 7(6 | 2)] }

THZ 6545 (Corcuera and Giummole, 1999). 3 e-mixture FHI5310 & IFFIXN 5.
FOME &N TU T, Bayes TiHl[f#H

—

qﬁ%ED@@ﬂJ%ﬂM@HPWGwMW%H (4)
min D (pa(z: 0), 4y | 2)) | pu(e; 0)me(0)]
q(y|z)

Ziimd 5. ZZTOEKIE, (1) BLU(2) THRASINABELRETHY, m-XAN=YzY
ZHEEEWFEND I 2D 5. BERIFTNE N

"™y |z) =E[p(y; ) | 7(6, k| )], (5)
o™ (y|x) = E[pr(y; 0) | m(0| 2)]
THA 5615 (Aitchson, 1975). THIX WD WY 5534 D mixture TH S A, e-mixture & DXFLHT
m-mixture PO EIEEND Z 203D 5.

AFERIZIZ2OO0HMDRH S, 120F, eeXRAN—V VAR E m-XA =y ABED
TTOHEMIBIBZELVELMMEZHSONIZTAZIETHS. SNBELEL e XA NN—V v A



KMMRT7 L0, FAKIZ Shannon TV bR =2 m- XA N—=V £V ABEENRRT LR 5%EAD0
F—&Z5b. H5 120, Bayes PHIFEIZAMET 2P0 THHEZHONITEHIETHS. )V
V¥ Y RVABUZEHBT % &, Bayesian model averaging DFFHAIZ BT 2 FHRIME (1) B &L O
(4) IFEnETNnEMaHN o 2 mNEEIcE Sz o 5.

2. Saddlepoint equality
FREIU DA TIE MLE (28 U TRDOERDE D 22 Z B SN T W2 (Kullback, 1959).

p(z; Our)
lo
® (i 0)
HRIEEENEDNT VAT 5 L0 EIKT (6) % saddlepoint equality &IFERZ 123 5.
Yanagimoto & Ohnishi (2009) 1% Bayes & 7V p(z; 6)7(0) 128\ T e-mixture I p©) (y | )
i 72 975 2

— D(p(y; 9), p(y; 0)) =0 for any z and 6. (6)

P (x| z)
p(x; 0)

2N, HARHMAERL SN O 1 THITSBREELLDIL R ZE 2 5Nb DT, ZDEKXE saddlepoint
equality & I3,

—7, m-mixture Fll7247 H saddlepoint equality & FESIRZEX%Z7- 92 & 2nE 5. fER
#E py) DT> baE—% Hp(y)] = E[-logp(y) | p(y)] £EL &,

E|log ~D(P(y|z), ply; 0))

(0| x)] =0 for any z (7)

E{H [p(m) (Y| x)] - H[p(% 9)] - D(p(?% 0), P(m)(y | x)) ‘ (0 | CC)} =0 for any x (8)

WD LD, WA ELLDORD D IZ Shannon T hEE—DEPENT WS Z LIZERI N
W 2200FXR () BLT Q) I, eXA NV VAERBREDRT, m-ZA =Yz VAL
Shannon TY hHE—DXR7 ORENIFIET 2 HLMZRLTWA.

ARFXRTIX, LEONEZE 1 Hi Tk X7z Bayesian model averaging O [ E D N Tk
5. B2, Bl TR AT (7) B LV (8) DX A T D saddlepoint equality #E<. F7z, Xt
BRI mARAZ &> TR SN FHRISAAD (6) D XA 7D saddlepoint equality %7z L, <D m-
HAN=T £V ARDER %723 FH53 4 A Shannon T b —FAIIZE->TRHRONEZ
LERT. THolE, 200X N—V s VABEERD T TOHEMTRONDIEF L WHLUMETH .

Bl PRI CTH % e-mixture PG (3) B & m-mixture PRI (5) 1T/ LT, ZDFHE
VA O ERZE—RGIETRDZ 2N TE S, BENIZIE, ThENOEELDO T TH S M
Btz gL, ThzhMbd a2l EizLoTRODONS.

3. FHIMEICARET 53

FHFEIRNTETH 50, T eFEMAati>ERNTEICEFEEMALILNTES. 2
T CEMNE & X BCEEDSH — 2 WO R TH B, F2HORBETERRZMERS K UTEIT Lo
THIEEIINDIVY vy v FIVEE X — L5, PHIREICHNET 20MICERHT 2 Z 21
X0, e-XAN= Vv AL - HBLEEOHT, m- XA N—Y A - Shannon TV bt —
ODHROENENZFICHEMATEZ LN TE 5.
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1. O0O0oogd
goooooooooooobooooooooooooooooobooooooooooooo
0000000KOOOOO00000 pe(e|@)m8), k=1,---, K 00OOODOODO0OO k000
gooooooooo wk>0,2wk:1DDDDDDDDDDDDDDDDDDDDDDDDD
gooooooooo

e (O)r) = 2= eme@)m(Blz) (1.1)

> wrmg(z)

00 me(x) 00000 [ pp(a]0)m(0)dd( = E{pr(z|0)|mx(0)} 00D D0D0OOOODOOOOO
goooooobooooooooooooooobooooooooon

2. 000000
000000 k000000000000 000D00O000000000000DDO Genest
andZidek(1986)DDDDDDDDDDDDDDDDDDDDDDDDDDDDD m-000gdgd
U0 e-0000000000OO0O0OOO0OCOOO0OO0OOOOOOOOO (1.1)DDDDDDDDD
goo
ro(Bla) x exp{wy log m(6])}. (2.1)

000000000000000000 m-0000000000000000 e-00000 (Yanag-
imoto and Ohnishi, 2009) OO0 000000000
gobooboooobooboobboooobdga

Tm(0|x) = > wimi(6]2). (2.2)

O00000Cox (1972) 00 OO0OO0OOU0DOOOOOODO (OO0 Yanagimoto, 1990) 000000
0000000000000 0D0 (OUDbooO0DUoOoOooD)DOoUooo
gobooobbooobooobobooooooboobooooon

Proposition 2.1. 1) Let 7(6|x) be c¢(x) exp Y wy log{pk(x|0)7r(0)} with ¢(z) being the normal-
izing constant. Then 7(0|x) is the same as 7 (0|x) in (2.1).

2) Suppose that the sampling densities are common through k. We consider the weighted the
e-mixture prior densities m.(f) o exp > wylogmi(#). Then the posterior density is equivalent
with 7. (0|z).



3. 00O
gbobgoboooooooooooboboboboboooooobobobobobOobo
Op|0)0 kOOODOOOODODODODOOODOOOODO

Proposition 3.1. The two aggregated prior densities, 7.(f|x) and 7¢(6|z), are induced from the

following two aggregated prior densities, respectively.
7e(0) oc exp{d>_wy log my(6)}. (3.1)

mo(0) = > wimi(0) (3.2)

gbbooboobbdg eegbooboobboobbobbobbobbuobbobboobbob
00O Genest and Zidek (1986) 00 000000000000 OO0OOO0OOOOOOOOOO

Proposition 3.2. Suppose that 7} (#) has the increasing likelihood ratio in 6 than 7 (6) for every
k. Then it follows that 1) 77(6) has the increasing likelihood ratio in 6 than 7.(6), 2) 7}(6|x)
has the increasing likelihood ratio in 6 than 7. (0| z), and 3) 7}, (6| x) is stochastically larger than
T (0] ).

O0d0oo000ooooooo0ooooDoooogoooooooooooooooooooon
00000000000 000000000D00o000ooDo0ooo00DoDoooooo0ooon
000000000000 000BayesODOOOOODOOOODOODODO (Yanagimoto and Ohnishi,
2011)0

4. DOoO0oOoaoo
gbobgoboooooooooboobobobobobooooooobobobobobOono
00000000 p(zl) D00 0000000000 OODO z00000O0DOOOOOOOOO
00000000000000 U(p OOoooooooooo0O0o0o0ooooUoooooooDoo
O0000o0o0o00ooo0o00ooO0o0oU0oOoOo0o0ooOo0o0oDooOOo0oooOOoOoDoD (o
00000)00O000000 0000000 OOOOOOODOOOOODODOOOODOODODOD
gobooobobooobobooboboobooboboobboobboooboobbooboon
goboodbooooboobooooboobobooboboobooboobod
0000000000000 0000000000O00 ) 0000000000000 Oimproper
goboobobooboobobooboboobooboobooboobooooboobboooobooan
0000000000000 0o00O002)0o000o00oO00oOOoO0D0bOoOOoOoObODOObD
000000000000 (D0D0)DOD0OO0O0O00DU0U0000O0O000DU0D0oO0O0DoDoUoDoOo
gobodgboooon

goboobooobooboooboobboooboobbooba
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Estimation of the Number of Failures
Using Ordinary Differential Equations to Reliability Models,
with Applications to SARS, A(HIN1), and FMD Cases

Hideo Hirose

Department of Systems Design and Informatics,
Kyushu Institute of Technology,
Fukuoka 820-8502, Japan

Abstract

In estimating the number of failures using grouped truncated data, we often encounter cases that the estimate is smaller than the
true one when we use the likelihood principle to conditional probability. In infectious disease spread predictions, the SIR model
described by simultaneous ordinary differential equations is commonly used, and it can predict reasonably well the number of
infected patients even when the size of observed data is small. It was attempted here if the ordinary differential equation model
can estimate the number of failures more accurately than does the likelihood principle under the condition of grouped truncated
data. The positive results are obtained in the Weibull model, similarly to the cases of the SARS, A(HIN1), and FMD.

Keywords: Weibull model; type II right truncated grouped data; number of failures; SIR model; differential equation,
best-backward solution;

1. Introduction

We consider a problem that failures occur day by day, first increasingly but later decreasingly, and failures per day will
finally cease. We want to know how many failures will occur and when they will cease in the midst of failure occurring. For
example, when claims of some products are increasingly reported, we have to make a decision whether we accept recall or not.
In other cases, we may want to know how many vaccines we have to provide when serious infectious diseases are propagating.

Many approaches are dealt with to each type of problems. In reliability analysis, we often assume a Weibull model for
failures and obtain its parameters using the likelihood principle. In the case of product failures, the truncated models [2], the
limited failure model [3], and the trunsored model [1] are used based on statistical modeling. In infectious disease analysis, the
SIR model described by simultaneous ordinary differential equations are often used, and recently the agent-based models are
also used for more precise computation [4].

Here, we deal with the estimation problem for the number of failures in the Weibull model via a different approach from
the conventional likelihood principle approach; that is, when failures are observed day by day, we estimate the final number of
failures using the ordinary differential equation.

2. Differential Equation Approach in Weibull Models

As indicated by the cases of pandemics, the estimate for the total number of failures (deaths) may become smaller than
the true one when we use the truncated model and the number of observed data is not large. On the contrary, the differential
equation models may provide reasonable (at least for the danger side) estimate. Therefore, we apply the differential equation
model to the incomplete data cases. For the Weibull model, the differential equation can be expressed as,

b (AN
W(t) = (D)exp(-)' N WD)}, (¢>0), )
where, W (t) denotes the cumulative number of failures by time ¢, and it can be written by
t
W(tia,b) = N[L exp{ ()"}], (a,b>0). 2

The unknown parameters are a, b, and IV, similar to the trunsored model [1].
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3. Simulation Studies

We use a Weibull case mimicking the observed data in real world [1]. The Weibull parameters are ¢ = 57.2,b = 3.1, N =
175, and we provide data during 0 ¢ 100, as shown in Figure 1.

300 Q
= 250 differential equation model
0
200 Q
T p- 175
150 o
100
%0 2 . truncated model
- truncated mode
0 20 40 60 80 100

days

Figure 1: Comparison of a simulation case for the estimated total number of failures between the differential equation model
and the truncated model.

Figure 1 shows the estimated N for the proposed method and the truncated model method for a simulation case. From the
figure, we can see that these two methods provide similar estimates in later stages, typically 7" > 80. Using the truncated model,
when 7" 50, which suggests that we observe data only before the inflection point of the cumulative distribution function, we
have failed to obtain the estimates in many cases. Even if the estimates are obtained, the estimated values are smaller than
the true one. On the contrary, the differential equation method can obtain the estimates even in earlier stages although the
estimates vary much. This property that we can obtain the information about the final stages from the early stages is considered
to be crucial when we deal with a very important prediction such as the pandemic analysis or the failure analysis for extremely
valuable products. Therefore, we have found that the proposed method has an ability to predict the final stages with rather small
samples, i.e., with the data in earlier stages.

4. Concluding Remarks

In estimating the number of failures using the truncated data for the Weibull model, we often observe that the estimate is
smaller than the true one when we use the likelihood principle to conditional probability. To overcome this problem, we have
proposed to use the differential equation method, because we have experienced that the SIR model described by simultaneous
ordinary differential equations can predict the final stage condition, i.e., the total number of infected patients, even when the
size of observed data is small, unlike the truncated model approach. We have investigated, in this paper, whether the number
of failures in the Weibull model can be estimated accurately using the ordinary differential equation, and have found that the
proposed method has the ability to predict the final stages even with a small number of samples in the early stage.

References

[1] H. Hirose, The trunsored model and its applications to lifetime analysis: unified censored and truncated models, /JEEE
Transactions on Reliability, 54, pp.11-21 (2005) .

[2] J.P. Klein and M.L. Moeschberger, Survival Analysis, New York: Springer, 1997.

[3] W.Q. Meeker, Limited failure population life tests: application to integrated circuit reliability, Technometrics, 29, pp.51-65
(1987).

[4] Y. Toyosaka and H. Hirose, Pandemic simulations by MADE: the hybrid method of multi-agent and differential equations,
Asia Simulation Conference, pp.1-5 (2009).



Statistical Analysis with Dilatation for Development Process
of Human Fetuses

ggbbbuogoobbodn
gbogbuooboooboobo
gobobooooooon
goboooggooo

gbogoooboobbuoobbuoobbooboooboobbuoobn
gbogugbbooobogbbuoobooobuoobobooboboooobn
gbogobogboobbodobbogboooboooboobbuoabb
gbogudgboboogbuogooboobobuoobbodoboobboobb
gbobobooboobooboobooboobo

OD00:R"0000000NDOOODOOO20000 X7 = [x,.., oy 0
ZT =|z,..,2y]0000000000000«,0 200000000000
0200 m0000000000000000000000000m=200
00000 (0000MO00)=2)00000 (0000MMO00)(= 2)
0000000000000000000020000 X700 2700000
“0007°00000000000000000000

Oob:00200000000000000 fO0OOOOODODO

z = f(x)O

D0000000000 X0 Z'0000000ooooo fO0000000
gbogobuogbbogbobuodooobuoobbodgbooboobooabn
gbogbboobuodgboobbogbuooboboobbooboobn
gbbboooobbboood

d=d(f) = max k(z)

T



gogooooooon
D m
= DI
Jp(x)
godn
Do) = (ZE) L ) = (1),
Lj J1<ij<m
||B|| =sup{|Bz| :z e R, |z| =1} 00000000 w|0weR™"O0000
0000000000« (x) >10000k(zx)=10 fOO000OOCOOODOO
guooooobooobboood

00 X'0Z'000 < f:00 < k() =1

gogg

Linear Mapping: 00000000 f(x)=Az0000000mxm0O0O
ADD0DO0 ADOOk(z)0 ATADDDODOOOOOOOOO0OO0O0O0O00O
00 k(z)DJ0O00O0OOOOODODODOOfODODOOOOOOOOO ADDOOO
000000000 Procrustes Analysis 0 0 0 00
0000D00000000d=d(f)=dA)00000000000000
gooodpiddoooonoooonooogg

Radial Mapping: 00000000000 OO0 Radial Mapping
fo(x) = |2|* 'z, € R™,

gbogbbodgbogobbogboobbooboobbooboobn
gbobobooogobood

gbbogdgbboodgbbuod-o0obbuobobbuooobbooobn
gbogbbogbuogbboooboobbooboobbooboobb
goobobobobbobobobobobobooboooobbobob
gbogobogbogbboobuoobboobuoobboobuooooon
O0000000000000000000000O0 (CRLOOOoooOoooo
gbbogboboobogbuogobobboobooob ocoboobD
gboboboooobboood
gboogboboobogoboobobogboobbobobooboanb
gbobobooogbobboooobbn



REFHLGISRE L 7 4 — K3 7 BREMBE DRI Y 27 FHEFN
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Biological risk control model based on the law of randomly proportional effect with feedback
Shigeru KUMAZAWA (former technical counselor, Secretariat of the NSC, Cabinet Office)

Abstract-- This paper presents a biologically adverse risk control model based on the law of randomly
proportionate effect with feedback mechanisms of reducing the risk, as a basic form of risk control for
covering from microscopic to macroscopic levels. The hybrid scale is inherent to attain the reasonable risk
control.

Key Words: health risk control, law of proportionate effect, feedback, hybrid scale (unification of linear & log)
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