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ABSTRACT

This study explores several donor location strategies and discusses experiment results, which con-
tributes to the saving of time and effort required in designing data fusion processes. In particular,
three concepts are introduced. The Mahalanobis distance is applied to locate the nearest neighbors
more effectively, which incorporates the covariance structure of attributes. The ideal point helps re-
duce the dimensionality problem that arises in conjoint-type experiments. The correspondence
analysis is used to derive the coordinates from non-metric attributes. The Monte Carlo simulation
results show that the proposed donor location strategies provide better fusion performance, com-
pared to the currently-in-use methods.
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1. Introduction

Many leading corporations have adopted customer relationship management (CRM)
and database marketing (DBM) as their major strategic tools to enhance both effec-
tiveness and efficiencies of the performance of their business operation in the com-

petitive business environment. Both the CRM and the DBM require current and accu-
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rate information about customers. A traditional, yet still popular method to build a
competitive product positioning is to make an efficient use of survey data. Despite
the time and effort involved in designing a questionnaire and collecting data through
it, the data sets finally collected often look disappointing. In many cases, surveys end
up with low return rates and insincere responses [4]. In parallel with the advance-
ment of computers and the Internet, customer transaction data in today’s market
place are collected and utilized in a variety of ways through the framework of e-CRM.
While consumers participate in Internet-based surveys, increasingly efficient and
convenient form of data collection these days, it is true that they can be easily dis-
tracted in the cyber space, resulting in unsatisfactory responses. Similar problem also
arises in conjoint data collection process, which involves a great amount of evaluation
of a number of hypothetical product profiles.

Regardless of the source of customer information, either by surveys or by log file
analysis, a common symptom is that both academic researchers and practitioners are
mainly concerned with the ex-post analysis of the existing data. Data fusion plays an
important role in estimating the value of missing information. Data fusion has been a
popular approach in social sciences as an ex-post remedy for treating unsatisfactory
database containing missing information. From an ex-ante perspective, data fusion
process starts with the smaller design of a survey questionnaire and the structure of
data sets to be analyzed. Reducing the amount of information to be collected helps
respondents to maintain higher level of attention and to respond more faithfully to
the questionnaire.

Despite the value of data fusion in estimating the missing information as well as
in reducing the amount of information to be collected, however, not much research
has been conducted in marketing and other business areas. Recently, Kim et al. [14]
showed that the systematic selection of a set of common variables in data fusion
yields better fusion performance. Building on their research, this study further exam-
ines the effectiveness of various donor location strategies in ex-ante data fusion proc-
esses. Data fusion can be used for planning data collection as well as creating an inte-
grated data set in a more efficient way, which contributes in consequence to more ac-
curate prediction of the unknown behavior of customers. This study explores various
donor location strategies for intentional, ex-ante data fusion processes and evaluates

their performance.
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2. Data Fusion

2.1 Introduction to Data Fusion

Data fusion is a set of activities that researchers and practitioners must go
through in an attempt to create an integrated data set upon combining a few ones [12,
13]. Since the term “data fusion” was created in Great Britain in 1988, it has been used
primarily in marketing and media planning [11]. Data fusion is often synonymous to
integrated targeting because statistical procedures such as matching, merging, and
linking are dealt with in the data fusion process [1]. However, data fusion differs
from traditional statistical treatments of missing data in the following sense. Unan-
swered questions or data filtering such as removing outliers result in missing values
in the database construction. Traditional statistical methods have been used to impute
such missing values whose patterns are, in general, random. In contrast, data fusion
evolves from integrating data sets, in that some variables are not investigated in one
data set while other variables are not investigated in another data set. Thereby, miss-
ing data happen systematically and in a massive way in data fusion processes.

Data fusion has been applied in three distinct fields. First, data fusion is applica-
ble to market surveys. Two different survey results can be successfully fused together
on the condition that some common questions exist between the two surveys. The
second application area is media planning [18]. For example, a data set that contains
customers’ purchase behavior of a certain commodity can be fused together with an-
other data set that contains television watching patterns of another cohort. Demo-
graphic similarities would play a key role for combining these two different data sets.
Potential purchase behavior can be predicted for the group of customers who tend to
watch a particular television program, and this can be linked to successful advertising
and promotion campaigns. Finally, data fusion can be applied to direct marketing.
For those customers who did not purchase a specific product or service, we can pre-
dict their preferences by fusing their profile with the existing buyers’ profile and fi-
nally identify a group of potential customers for the specific product or service that
they did not purchase.

2.2 Data Fusion Process

The following terminologies have been generally used in data fusion. “Donor”
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refers to the one who gives his/her value to the one who has missing value on the
same variable(s). “Recipient” refers to the counter part of the donor. “Common vari-
ables” means a set of variables that both donors and recipients have without an in-
complete (missing) record. The common variables provide a basis to figure out prox-
imity (such as similarity, dissimilarity, or distance) between the donors and the recipi-
ents. Variables other than the common variables are called “non-common variables”

or “unique variables.”

Data set A

Integrated data set by
XC XNl

data fusion

XC(A) Xn A

Data set B

Xe Xy

XC(B) XNZ(B)

Figure 1. Fusion processes in an ex—ante data fusion process

As depicted in Figure 1, missing data are created in a systematic way in data fu-
sion. Both data sets A and B share the vector of common variables Xc. Data set A con-
tains the vector of non-common variables Xy whereas data set B contains the vector
of non-common variables Xnz. Depending on the proximity structure discovered from
the vector of common variables across respondents, data fusion creates X2 for data
set A and X for data set B, respectively. It is well known that conditional independ-
ence is the underlying assumption of data fusion. Given the common vector variables
Xc, the vector of non-common variables, Xn1 and Xz, are conditionally independent
of each other. Due to this assumption, substituting Xv and Xwz for each party is rea-
sonable on a statistical basis. Roger’s study [17] pointed out that the assumption of
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conditional independence is quite valid for variables with a normal density and that
this assumption fits better for a planned data fusion that is based on the demograph-
ics and other general common variables of respondents. Jophcott and Bock [11] in-
sisted that this assumption is quite realistic in planned media fusion considering con-

ditional independence, compared to unplanned fusion studies.

2.3 Applying Data Fusion to Conjoint Experiment

Conjoint analysis has been widely used for measuring consumer preferences
over the last few decades [6, 7, 10] since Green and Rao [5] introduced the methodol-
ogy to marketing and decision-making problems. A consumer’s preference for prod-
ucts or services normally encompasses multi-attributes where each attribute includes
multi-attribute levels. A consumer’s utility or subjective preference is evaluated for
each level of an attribute and the sum represents the overall product utility. The
product with higher utility is presumed to be a better choice for the consumer. The
strengths of conjoint analysis include the general assumptions about the relationships
between independent and dependent variables and the flexibility of accommodating
metric or non-metric dependent variables [8].

On the other hand, conjoint analysis is notorious for requiring a large number of
comparisons of the hypothetical product profiles. The number of hypothetical prod-
uct profiles increases exponentially as the size of attributes and attribute levels grows.
Designing a commercial product usually includes more than ten attributes with sev-
eral attribute levels for each attribute. For example, if eleven attributes are considered
with four attribute levels for each attribute, the number of products to evaluate is 411
While a fractional factorial design is used in most conjoint experiments as a way to
reduce the number of profiles to evaluate, Kim and Hamano [15] has considered the
value of data fusion to reduce the number of product profiles to evaluate in conjoint

experiment.

3. Research Objectives and Method

3.1 Research Objectives

The main objective of this study is to explore several donor location strategies
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and compare their performances in terms of forecasting accuracy of data fusion. We
consider the Mahalanobis distance in the context of data fusion as a way of defining
the dissimilarity among respondents. In the analysis, correspondence analysis is em-
ployed to locate the donor for a recipient. By increasing the amount of missing values,
we evaluate, through a Monte Carlo simulation, the degree to which data fusion re-

covers the original values using two real world data sets.

3.2 Data

Two data sets with respect to utility measures are used: one data set includes part-
worth from a conjoint experiment and the other contains satisfaction level from a gen-
eral survey. The former includes the preference for a credit card service from a sample
of 480 respondents, including 12 attributes and 35 attribute levels. The part-worth is
measured on an attribute level as a numeric value ranging from zero to one. The attrib-
utes of the credit card service data include annual fee (with 6 attribute levels), cash re-
fund (3 levels), message delivery (3 levels), purchase item insurance (2 levels), air travel
insurance (3 levels), rental car insurance (2 levels), luggage insurance (3 levels), airport
lounge/club (3 levels), credit card coverage (4 levels), emergency vehicle (2 levels), lim-
ousine service (2 levels), and 24 hour customer assistance (2 levels).

The other data set contains the customer satisfaction level for Internet services
from 500 respondents. The level of satisfaction is measured on a Likert scale from one
to five. The data consist of 11 attributes only (without attribute levels), including di-
mensions such as: security of Internet shopping and auction, personal data leakage,
legal regulations, damage by hacking, time spent, access and line congestion, pro-
vider's response, service charge, information search, easiness of operation, and me-
thod of use.

3.3 Experimental Design

Apparently, selecting the common variables is an important subject in data fu-
sion process, since fusion performance is affected by the proximity between the donor
and the recipient as well as by the composition of common variables. In this research,
the optimal set of common variables is constructed by the attributes that have greater
variances, as suggested by Kim et al. [14]. Six attributes are selected out of 12 for the

credit card service data set, while five attributes are selected out of 11 for the Internet
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service data set, respectively. Respondents are divided in half for each data set. Non-
common attributes (with missing data) are selected at random and their values are then
deleted. To simulate planned data fusion, the missing attributes differ in the two di-
vided groups. In other words, the two groups contain different sets of unique attribute
variables. Proximity is computed by the common variable vectors, either by calculating
similarity such as correlation coefficient, or by dissimilarity such as distance.
For the credit card service data, the following five strategies are adopted for lo-
cating donors. Note that the six common attributes selected include 19 attribute levels
in total.
¢ Strategy 1: From the correlation coefficient matrix for the 19 common attribute level
variables, the subject with the highest correlation coefficient becomes the
donor.

» Strategy 2: The 19 common attribute level variables are used. The donor is found by
the least distance method where the distance is defined by the Euclidean

distance, using Eq. (1).

dE(ij) = \/(XC(i) _XC(j))(XC(i) _XC(j))T (1)

where dri) denotes the Euclidean distance of respondents i and j.
* Strategy 3: The 19 common attribute level variables are used, and the Mahalanobis

distance is employed to locate the closest respondent, using Eq. (2).

dM(ij) = \/(XC(i) _XC(j) )Fil(XC(i) _XC(j))T (2)

where duiij denotes the Mahalanobis distance of respondents 7 and j, and T' refers
to the covariance matrix of the common variables.

» Strategy 4: As is well known, searching an association rule or statistical dependence
in a high dimensional space often ends up with a poor result. To reduce
this chance, we introduce “ideal point” variable, in that the attribute
level with the maximum value represents the corresponding attribute in
a categorical way. That is, the 19 numeric common variables are trans-
formed into six categorical common variables. To obtain the coordinates
from these variables, we apply the chi-square metric method from mul-

tiple correspondence analyses [2, 3, 9], a special multidimensional scal-
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ing technique [16]. Given the coordinates in five dimensions (one less
dimension resulting from the correspondence analysis), the Euclidean
distance measure, as in Eq. (1), is applied.

e Strategy 5: Like Strategy 4, given the coordinates in five dimensions resulting from
the correspondence analysis upon the ideal point variables, and the do-

nor is found by the Mahalanobis distance measure, Eq. (2).

The accuracy of data fusion strategies is evaluated by increasing the number of
missing attributes; deleting all attribute levels of one, two, or three attributes. There-
fore, a 5 (donor location strategy) x 3 (missing attributes) full factorial design is em-
ployed for the credit card service data set.

For the Internet service data, the dimensionality problem does not matter be-
cause only five common attribute variables are analyzed. The correspondence analy-
sis is applied to obtain the coordinates of respondents from the five non-metric com-
mon variables, resulting in four metric common variables. In this case, the following
three donor location strategies are considered.

e Strategy 1: From the correlation coefficient matrix for the derived metric common
variables, the respondent with the highest correlation coefficient be-
comes the donor.

e Strategy 2: The Euclidean distance measure, using Eq. (1), is applied to find the do-
nor.

o Strategy 3: The Mahalanobis distance measure, using Eq. (2), is applied to find the

donor.

Like the credit card service data set, the level of missing attributes increases from
one to three. These non-common attributes are selected at random and then deleted.
Thus, a 3 (donor location strategy) x 3 (missing attributes) factorial design is made for
the Internet service data set. For each combination of the factor levels, the Monte

Carlo simulations are carried out 20 times for both data sets.

4, Results

The performance of the donor location strategies is evaluated using two statistical
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measures-the root mean square error (root MSE) of the original data and the fused
data for the credit card service data set, and the misclassification ratio for the Internet
service data set, respectively. Table 1 summarizes the results of the analysis of vari-
ance for the credit card service data set. “Strategy” factor and “Missing” factor are
both significant with p-values of less than 0.0001. According to the Scheffe grouping
as a posterior test, we can be reasonably confident that Strategy 5 (by Mahalanobis
distance over the ideal points) yields a better result than Strategy 1 (by correlation
coefficient), Strategy 2 (by Euclidean distance), and Strategy 3 (by Mahalanobis dis-
tance). Also, Strategy 4 (by Euclidean distance over the ideal points) outperforms
Strategy 3 (by Mahalanobis distance). On the other hand, as anticipated, the perform-
ance of data fusion becomes worse as the number of missing values increases, which

is intuitively understandable.

Table 1. Test results for the credit card service data

ANOVA Test
Source df. Sum of squares Mean square F statistic p-value
Model 6 0.00139933 0.00023322 1141.69 <0.0001
Error 293 0.00005985 0.00000020 - -
Total 299 0.00145919 - - -
Strategy 4 0.00001308 0.00000327 16.01 <0.0001
Missing 2 0.00138625 0.00069313 3393.03 <0.0001
A Posteriori Test
Factor Scheffe grouping Mean Standard deviation
Strategy Strategy 3 A 0.00836 0.002317
Strategy 2 A B 0.00813 0.002253
Strategy 1 B 0.00802 0.002246
Strategy 4 C 0.00790 0.002098
Strategy 5 C 0.00774 0.002149
Missing 3 A 0.01050 0.000334
2 B 0.00833 0.000532
1 C 0.00526 0.000585

For the Internet service data set, the two experimental factors, “Strategy” and
“Missing” are statistically significant (see Table 2). The Scheffe grouping indicates

that Strategy 1 (by correlation coefficient) and Strategy 3 (by Mahalanobis distance)
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lead to lower misclassification ratio than Strategy 2 (by Euclidean distance). The per-
formance of data fusion becomes worse for increasing missing values, which is con-

sistent with the case of the credit card service data.

Table 2. Test results for the Internet service data

ANOVA Test
Source d.f. Sum of squares Mean square F statistic p-value
Model 4 0.41510610 0.10377652 28608.5 <0.0001
Error 175 0.00063481 0.00000363 - -
Total 179 0.41574090 - - -
Strategy 2 0.00010782 0.00005391 14.86 <0.0001
Missing 2 0.41499827 0.20749914 57£02.2 <0.0001
A Posteriori Test
Factor Scheffe grouping Mean Standard deviation
Strategy Strategy 2 A 0.11878 0.048895
Strategy 3 B 0.11741 0.048249
Strategy 1 B 0.11696 0.048227
Missing 3 A 0.17676 0.001497
2 B 0.11725 0.002199
1 C 0.05915 0.002347

5. Discussion

This study considered various donor location strategies in data fusion and
evaluated their performance in terms of forecasting accuracy of the fused data com-
pared to the original data. Although the test results of this study may not be sufficient
to make a confirmatory assertion with regard to the value of donor location strategies,
the strategies proposed in this exploratory study can shed a light such that a system-
atic ex-ante data fusion process can save time and cost by reducing the amount of
data to collect.

From an exploratory point of view, this study contributes to the field of data fu-
sion in the following sense. First, we considered the Mahalanobis distance for locat-
ing donors in data fusion. It is natural to assume that the attributes are correlated

with one another in a large data set. Thereby, a better way to measure proximity
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among respondents can be achieved by reflecting the covariance structure of the at-
tributes into the model. The second contribution is that this study suggests a way of
reducing the number of attribute levels by transforming them into the ideal point
variables. The test results of the credit card service data show that this can be a good
approach to cope with the dimensionality problem that might arise in conjoint ex-
periments as well as in data fusion. Third, various donor location strategies were ap-
plied to the two kinds of utility data sets-the conjoint part-worths and the general
satisfaction measures. To measure the proximity for the non-metric data, the corre-
spondence analysis was used for assigning subjects on the metric dimensional space.
Note that the common variables used in traditional data fusion approaches have been
typically demographic data. In other words, we explored the possibility of expanding
the scope of common variables into the judgmental data such as the conjoint part-
worths or customer satisfaction measures.

The limitation of this study can be pointed out as the generalizability of the find-
ings. Although we tried to assure the minimal level of external validity by applying
into the two data sets, more data sets in various fields should be examined in the fu-
ture studies to validate the current findings. On the other hand, it would be worth-
while to investigate whether an interaction effect exists between the donor location
strategies and the common variable selection strategies. Although the attribute vari-
ables with greater variance were selected as a set of common variables in the current
study, demographics or psychographic variables might be considered as a viable set
of common variables in the future research. Also, the impact of the number of com-
mon variables selected on the data fusion performance should be investigated, along

with the donor location strategies.
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