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Chapter 1
Introduction

To understand human behavior and the causal mechanism behind the phenomena, it
is necessary to investigate the relationship between variables obtained simultaneously.
Concerning data analysis, when observational data are obtained from the same unit such
as consumers and companies, is called a “(quasi) single-source dataset.” However, it is often
difficult to obtain this single-source dataset, and instead we can obtain “multiple-source
datasets.” In these datasets, different sets of variables are observed for different datasets.
The relationship between interest variables that are not observed simultaneously cannot
be investigated with multiple-source datasets, but this problem is solved by integrating
these datasets as a single-source dataset. For example, in the marketing field, the purchase
history and demographic information are observed for consumers from big data such as
ID-POS transactions, while web-ad exposure and demographic information are observed
for different number of consumers from marketing research data. Although the web-ad
exposure cannot be obtained only from the transaction data, when variables that are not
observed at the same time are estimated for each unit, we can understand the relationship
between the purchase history and web-ad exposure. Moreover, when missing values of each
unit are estimated, the obtained single-source dataset can be used for marketing strategies
such as segmentation.

Another example concerns integrating official statistical survey and purchase history
data. Japanese government statistics are increasingly failing to capture the reality, as the
time series survey framework has become less appropriate over time. In the family income
and expenditure survey, studies have been conducted to correct for aggregate values such
as the total purchase amount of the entire population using the purchase history held
by companies. Integrating multiple-source datasets is also important to bring aggregate
values with a large bias closer to the representative values of reality.

We focus on the approaches of statistical data fusion (Kamakura and Wedel, 1997) and
statistical data combination in economics (Ridder and Moitt, 2007), which are methods
based on a probabilistic model to integrate multiple-source datasets obtained from differ-
ent units as a single-source dataset. When imputing of missing values for each unit, we can
investigate the relationships between variables that are not observed at the same time and
be useful for segmentation, recommendation, and customer management in marketing.

In economics, a pseudo-panel approach has been proposed to make inferences concern-



ing missing outcome variables from cross-section data for each unit such as consumers,
companies and regions (Browning et al., 1985; Moffitt, 1993). Although time series panel
surveys can result in panel dropouts and high costs, the pseudo-panel solves this problem
and helps in policy panning and decision making. This data combination problem is not
limited to marketing and economics, but is common for data analysis in many other fields
and several methods have been proposed so far.

Statistical matching, frequently used in practical usage in marketing, matches units from
a certain dataset with similar units from another dataset using the distance of covariates
between units. However, the prediction accuracy is insufficient owing to the attenuations
of correlation, and it is expected to use many covariates to overcome this problem. To
improve the accuracy of predicting unobserved variables, statistical modeling such as a re-
gression model based on the Bayesian approach (Gilula et al., 2006) and the latent variable
model (Cudeck, 2000; Kamakura and Wedel, 2000) has been proposed. The missing-data
mechanism is incorporated into these statistical models and assume “missing at random
(MAR)” missingness, but it does not support a “not missing at random (NMAR)” situa-
tion. The multiple-source datasets used in data analysis have selection bias owing to the
different source, and data combination method applied to NMAR missing data is required.
In this study, we describe several data combination problems and we propose four data

combination methods to solve them.

Chapter 2
Data combination problem

In Chapter 2, we introduce existing methods used for the data combination problem and
explain the relationship between the missing-data mechanism and the data combination
methods.

In situations where a single-source dataset is not readily available, the missing problem
must be considered when analyzing multiple-source datasets, and various techniques has
developed in main related problem domains: data combination problem, split question-
naires, and mixed aggregate-disaggregate data. Among these problems, we focused on
data combination, whose main purpose is to predict the missing values of units. Statis-
tical data combination integrates multiple-source datasets obtained from different units
into a (quasi) single-source dataset to perform the following: (1) estimate the relationships

between the variables, which are not observed simultaneously in the same dataset, and (2)



impute the unobserved missing values for a practical purpose (e.g., for recommendation
or customer management in marketing). This data combination problem is very common
in applied data analysis in various fields.

The missing-data mechanism is divided into three types (Rubin, 1976). First type is
missing completely at random, in which the missing data is random and the probability
of being missing is independent of both observed and unobserved data. Second type is
MAR wherein the probability of being missing depends only on the observed data and not
on the unobserved data. Third type is NMAR wherein that the missing data is not MAR
and the probability of being missing depends on both observed and unobserved data.

Although existing methods are known to be useful for MAR missing data, the multiple-
source datasets obtained in marketing often have selection bias, and data combination
methods for MAR missing data do not work well. It is necessary to understand the
characteristics of observed data and consider the missing-data mechanism for the data
combination problem. To see what kind of difference it can make on predictions obtained
from MAR and NMAR missing data, we compared the results of applying the same meth-
ods to two patterns of two-source datasets created from the same single-source dataset.
The regression-based model and Mahalanobis matching (Rubin, 1980) have poor predic-
tion accuracy in the case of NMAR missingness and there are limitations to the use of

data combination methods for MAR missing data.

Chapter 3
Kernel canonical correlation analysis and
statistical matching

In Chapter 3, we propose a data combination method that combines extension of kernel
canonical correlation analysis and kernel matching to integrate multiple-source datasets
obtained from different units into a single-source dataset.

Statistical matching method matches units from a certain dataset with the same or
similar units from another dataset according to the distance of each unit’s covariate. By
treating the pairs as if they are the same unit, the missing variable for one pair is replaced
with the observed variable for the other pair. However, when multiple-source datasets have
a large number of covariates, exact matching and Mahalanobis matching (Rubin, 1980)

may not perform well. This is because the combination of values of covariates becomes



complicated, the relationships between the variables can be non-linear, and it is difficult
to match units with the same or similar units. To solve this problem, various dimension
reduction methods that can map the high-dimensional covariates to some composite vari-
ables with small dimensions have been developed, but they have not been utilized in the
data-combination problem except for the linear factor models.

One multivariate analysis method with dimensional reduction is the canonical correla-
tion analysis (Hotelling, 1936), which estimates canonical variables for two-variable sets.
The kernel canonical correlation analysis that can extract the nonlinear relationship be-
tween two-variable sets (Akaho, 2001) has been proposed and requires single-source data.
For example, these methods can be used when two survey datasets collected from the same
respondents or two time-series datasets for the same points in time.

As another problem of statistical matching, it is difficult to predict unobserved vari-
ables in the part not overlapping in the distribution of covariates when using one-to-one
matching. To solve this problem, kernel matching that assigns observed values weighted
by the kernel of the propensity scores (Rosenbaum and Rubin, 1983), a specific function
of the covariates, has been proposed (Heckman et al., 1998). Since this method involves
many-to-one matching, it is possible to substitute values that have not been observed in
the past. However, this method can only be applied to a one-dimensional covariate or
propensity score, so this approach is not directly applicable for data combination.

To solve these problems of statistical matching for data combination, we propose canon-
ical variable matching that combines extension of kernel canonical correlation analysis and
statistical matching. Although the kernel canonical correlation analysis method is applied
to two pairs of variable sets in two-source datasets, the proposed method can estimate
canonical variables of a common low-dimensional space that can preserve the relationship
between covariates and outcome variables. Our method will be more useful than existing
statistical matching when two-source datasets have many covariates or there is a nonlinear
relationship between covariates and outcome variables.

In a simulation study, we compared the proposed method with the traditional Ma-
halanobis matching method using simulated datasets that have many covariates and the
nonlinear relationship between covariates and the outcome variables. The study confirmed
that the prediction results of the proposed method were better than those of the existing
methods, demonstrating the usefulness of the proposed method. Moreover, as a result of
applying the proposed method to real-world data, the mean squared error (MSE) ratio

and the correlation coefficients between the true values and the predictions were found to



be better than they are in Mahalanobis matching.

Chapter 4
Constrained matching via error minimiza-
tion approach

In Chapter 4, we propose matrix-based constrained kernel matching in which marginal
moments of the important covariates act as constraints.

The statistical matching methods described in the previous chapters are known as uncon-
strained matching and have no restrictions on matched units. When units from a certain
data are associated to the same or similar unit from another data, this unconstrained
matching allows for the most suitable assignment with respect to distance between units,
and the observed values of the paired unit are imputed to the missing values. However,
the distributions of the covariates or outcome variables is not always preserved before and
after applying unconstrained matching method to two-source datasets. From a micro per-
spective, the units are assigned the same or similar units, but when it comes to a macro
perspective, the moment information of the covariates or outcome variables may change.

To reduce the gap between the distribution of outcome variables before and after match-
ing, constrained matching has been proposed (Rodgers, 1984) and this method imposes
constraints on the marginal moments of outcome variables such as the mean and variance.
This constrained matching method is many-to-many matching rather than one-to-one
matching, and estimates weighted scores obtained from multiple units. The advantage of
this matching method is that the distribution of the observed outcome variables is precisely
replicated in the imputed dataset. However, it becomes more complex as the number of
covariates increases because the matching algorithm needs to be constructed to satisfy the
constraints.

For NMAR missing data, the prediction accuracy of the outcome variables is poorer
than for MAR missing data shown in Chapter 2, and the distributions of the covariates
or outcome variables before and after matching are likely to be different. For example,
when integrating customer relationship management dataset for products that are popular
among young users with survey dataset for all generations, the distribution of age variable
used as covariates is expected to be different before and after applying the unconstrained

matching method. Since one of the benefits of data combination methods is prediction



of individual missing values, we focus on many-to-one matching and consider imposing
constraints on the statistical matching method. We extend unconstrained matching by
simultaneously optimizing both the many-to-one matching results and the consistency of
the mean of covariates before and after matching.

To make the mean of covariates close to their mean before many-to-one matching, we
propose matrix-based constrained matching. This proposed method is a two-step approach
that estimates the similarity matrix using unconstrained matching and a weights matrix by
imposing constraints on the means of the covariates. The weights matrix is estimated using
an optimization method with error minimization, which is commonly used in multivariate
analysis. Our method can estimate the weights for the means of many covariates with the
same updating formula, and it can also restrict the means of outcome variables.

We demonstrated the results of applying MCM with kernel matching to real-world data
and confirmed the mean difference between the covariates before and after matching. From
the prediction results, the mean difference of the proposed method is better than that of
unconstrained matching. The MSE ratio of the proposed method is poorer than uncon-
strained matching, but for real-world data where the true of missing values is unknown, it
is necessary to flexibly determine the positive parameters of the prediction accuracy and
the correction of the distribution of covariates before and after matching according to the

purpose of the analytics.

Chapter 5
Latent variable model with Gaussian pro-
cess in M AR missingness

In Chapter 5, we propose a latent variable model with Gaussian process in MAR, miss-
ingness to improve the prediction accuracy of missing values by avoiding parametric model
assumptions.

In latent variable modeling for the data combination problem, the exploratory factor
analysis model, which assumes latent factors behind observations, has been proposed (Ka-
makura and Wedel, 2000). This method incorporates the missing-data mechanism, and
assumes a situation in MAR missingness for two-source datasets. Since the latent variable
model assumes a common factor behind the observed variables, it can predict missing val-

ues for each unit by estimating the latent variables of each unit from the observed variables



even if a certain variable of a unit is missing. This model is a probability generation model
based on the distribution of exponential distribution families, which is useful because of
the ease of handling discrete and continuous variables. However, this latent variable model
assumes MAR situation but does not support NMAR situation, and then the prediction
results are affected by selection bias. Moreover, this assumes a linear mapping from la-
tent variables to observed variables and requires parametric estimation, and deviations
from the model’s assumptions result in poor data fitting. To avoid such parametric model
assumptions, we extend the latent variable model to a non-parametric model using the
Gaussian process applied in the field of machine learning.

The Gaussian process is a probability distribution that generates a random function, and
the function values obtained from the Gaussian process are used to capture the complex
nonlinear relationships between variables. To reduce the dimensions of observed data,
Gaussian process latent variable model (GPLVM; Lawrence, 2004) has been proposed,
which applies this Gaussian process to principal component analysis, and consists of un-
supervised learning. In these Gaussian process methods, the similarity between unit’s
latent variables contributes to the construction of the distribution of observed variables
because the Gram matrix with latent variables is used as the covariance function. Using
the distance between latent variables is analogous to incorporating the relational data
of latent variables into the model and related to techniques such as matching methods
between latent variables and graph embedding.

The Gaussian process modeling has been applied to general methods such as regression
and classification model, and promising non-parametric Bayesian approaches to them have
been provided. Moreover, the log Gaussian Cox process (Mgller et al., 1998) and discrim-
inative GPLVM (Urtasun and Darrell, 2007) have been proposed, and are also useful for
discrete variables as well as continuous variables. We consider a simple and useful data
combination method in a unified framework using widely applied Gaussian process.

We propose Gaussian process data combination model based on GPLVM for multiple-
source datasets with mixed observed variables. This proposed method is a probabilistic
generative model that estimates latent variables assumed behind observed variables, and
generates discrete and continuous observed values from a latent function of the Gaussian
process. Our method can predict the missing values of the outcome variables because the
latent variables of all units are estimated even if all outcome variables are not observed.
The missing-data mechanism is incorporated into this model and assumes a situation of

MAR missingness like the exploratory factor analysis model.



Using simulation datasets generated from prior distribution, we compared the prediction
results of Gaussian process data combination model for MAR missing data with that of
the existing data combination methods and demonstrated the usefulness of the proposed
method and the difference in their prediction accuracy. Our method with the Gaussian

process is useful for mixed continuous and binary observed data with MAR missing values.

Chapter 6
Latent variable model with (Gaussian pro-
cess in NMAR missingness

In Chapter 6, we extend Gaussian process data combination model for MAR missing
data and propose latent variable models with Gaussian process in NMAR missingness.

When integrating multiple-source datasets into a single-source dataset, the observed
variables for different data sources often have bias of units obtained from different dataset.
For example, large scale transaction data is observed only for users of a particular product
or service, while small scale market research data is observed for users of various products
and services. The population characteristics of these two-source datasets are naturally
different. Although we proposed a latent variable model with Gaussian process for MAR
missing data in the previous chapter, it is not suitable to apply this method to these
datasets in the case of data combination like in this example. It is necessary to consider
NMAR missingness, which is one of the missing-data mechanisms. In the field of labor
economics, to adjust selection bias that occurred in the observational data, assuming a
probit selection model for determining whether an outcome variable is observed or not,
a two stage estimation with a regression model for interest variables has been proposed
(Heckman, 1979). This adjustment of selection bias can estimate parameters that are
closer to the true values than the values obtained using the regression model alone.

To adjust selection bias in the data combination problem, we focus on latent variable
modeling and consider the situation of NMAR missingness where the probability of being
missing depends on the latent variables. When dealing with NMAR missing data, the
probability of being missing, which depends on both observed and unobserved data, can-
not be ignored unlike with MAR missingness. We assume a probabilistic model for the
probability of being missing as well as the observed variables. The probability of being

missing is expressed by the discrete choice model with Gaussian process latent variables



and this is added to Gaussian process data combination model for MAR missing data as
described in the previous chapter. The probabilistic models for both the observed vari-
ables and probability of being missing are extended to a non-parametric model that is
represented in a unified framework with Gaussian process latent variables.

We propose Gaussian process data combination model for NMAR missing data. This
method also consists of probabilistic models for both the observed variables and the prob-
ability of being missing. This model is represented in a unified framework by Gaussian
process latent functions and generates discrete and continuous observed values from the
estimated latent variables. By incorporating the missing-data mechanism into the latent
variable model, it can be applied to NMAR missing data as well as MAR missing data.

We prepared simulation datasets assuming a situation of NMAR missingness and com-
pared the prediction results of the proposed methods and the existing Mahalanobis match-
ing. As a result, we can see the effect of the difference in the missing-data mechanism
and in the use of Gaussian process latent function. Moreover, the proposed method is
applied to real-world data, which are the corporate financial data and corporate brand
survey data, and compared it with the data combination methods used in the simulation
study. The prediction results show that the proposed method works effectively on units
that are not well predicted by Mahalanobis matching due to selection bias. Our method

proves to be useful for data combination of multiple-source datasets with selection bias.

Chapter 7
Conclusions

In this study, we focused on the data combination problem, which is treated as a common
data analysis problem in various fields, and proposed several new methods to overcome
existing data combination method problems. The proposed methods solved the data
combination problem, and our methods were confirmed to have better performance than
the existing methods through simulation studies and verification with real-world data.

First, we proposed statistical matching combining kernel canonical correlation anal-
ysis. Our matching method can estimate low-dimensional canonical variables that can
preserve the relationship between covariates and outcome variables. These canonical vari-
ables match units with similar units more accurately than do existing matching methods.
Second, we proposed matrix-based constrained matching. This method corrects for the

difference in the mean of the covariates before and after matching by error minimization.



Third, we proposed a latent variable model with Gaussian process for MAR missingness.
Our latent variable model can capture the non-linear relationships between variables us-
ing Gaussian process latent function and be applied to observed discrete and continuous
variables. Finally, the latent variable model with Gaussian process for MAR missing data
was extended, and we proposed a latent variable model with Gaussian process for NMAR
missingness. This method is represented by a unified framework of Gaussian process latent
function and NMAR missing data can also be handled by assuming the discrete choice
model for the probability of being missing.

We consider that data combination methods are useful for integrating the multiple-
source datasets as well as two-source datasets. In recent years, there is a growing need
to integrate datasets obtained from various sources for data-driven decision making, but
to understand and utilize the characteristics of multiple-source datasets, it is necessary
to focus on the perspectives described above and select an appropriate data combination
methods. Therefore, our proposed methods are expected to contribute to solving the data

combination problem.
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