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To clarify the relationship between variables obtained from different sources, we integrate two source data by
statistical matching. In this method, missing values of certain data are predicted from covariates and observed
values of another data. However, with a large number of covariates, it is difficult to find objects with the same
or close covariates. For this reason, statistical matching after reducing covariates in the low-dimensional subspace
is useful. In this manuscript, we propose a data fusion method combining kernel canonical correlation analysis
and kernel matching. This proposed method can fusion two data sets by kernel matching for estimated canonical
variables in the common space reflecting the relationship between covariates and outcome variables.

1.

[Kamakura 97]

[Rubin 78] [Stuart

10]

[Hotelling 36] 2

[Yu 13]

[Yan 07] [Shimodaira 14].

[Akaho 06]

2

[Fan 93] [Heckman 98]

2

:

2-2-1 masaki mitsuhiro@nikkei-r.co.jp

2.

2 X1 = (xij1)

(i = 1, 2, · · · , n1; j = 1, 2, · · · , pcov + pout)

X1 Z1 = (zij1) (i = 1, 2, · · · , n1; j = 1, 2, · · · , pcov)
Y 11 = (yij11) (i =

1, 2, · · · , n1; j = 1, 2, · · · , pout1 )

Y ∗
12 = (y∗

ij12) (i = 1, 2, · · · , n1; j = 1, 2, · · · , pout2 )

2

X = (xij) (i = 1, 2, · · · , n; j =

1, 2, · · · , pcov + pout)

Y ∗
12,Y

∗
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Figure 3: MSE
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