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Abstract
This paper aims to describe what attributes, consequences and value influence
Taiwanese consumer‟s perception and adoption of organic rice through Means-end
chain (MEC) model in a quantitative fashion, by introducing a new method of genetic
algorithm based fuzzy association mining rules. With a sample of 250 green
consumers, this study finds that Taiwanese consumers concern about nutrition,
genuineness of food taste, pesticide-free, and food safety, by paying more attentions
to production date, packaging, prize winning and the channel stores than other
attributes. Beyond these functional consequences and self interests, the green
consumers also emphasize harmony with others, the animal welfare, giving supports
to organic farmers, along with the global trend which green consumption is
fashionable. Echoing the List of Value (LOV) proposition, Taiwanese consumers
search for the ultimate value of sense of fulfillment, accomplishment, security and fun
and enjoyment of life from organic consumption. Furthermore, Taiwanese consumers
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view healthier family as their ultimate value as well, which reflects the core values of
eastern Asian cultural heritage.
1. Introduction
Consumers are not only buying things, but they also having and being themselves
(Soloman, 2009), to express their extended self (Belk, 1988). What consumers
consume reflect how they perceive the relationship between themselves and outer
world around them, and what they concern, particularly true for food consumption,
which is acquired by consumers through socialization process. As such, the
conversion of food consumption is very important for consumers, since they abandon
what they used to have as meals and change the habit or even ritual of food
consumption to other ones. This paper aims to examine what influence Taiwanese
consumers to convert their traditional food consumption to organic foods, and what
the values beyond the consumption.
In marketing, values are often suggested as such broad motivational goals in the
customer decision-making process. Consumers‟ product knowledge often derives
from their cognition of values imbedded in product attributes or/and the consequences
of using the product (Reynolds and Whitlark, 1995). Therefore, associations with
product attributes and benefits can enable us to better understand customer product
knowledge and purchasing motives. Such an approach, termed means-end chains, can
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be used for different purposes like improved segmentation (Botschen et al., 1999), or
development of advertising strategy (Peter & Olson, 1999, Reynolds & Craddock,
1998). A means-end map arranges means and ends into a network of attributes,
physical and emotional consequences, and personal values or life goals. The
means-end framework for viewing consumer decision making leads to a means-end
theory of communications strategy. Although theoretically clear, research of
means-end structures is not an easy task. It requires the identification of various chain
elements which encompass objective product entities (attributes), but also highly
subjective constructs such as psychological benefits and values.
Association rule have been widely used to determine customer buying patterns from
the market basket data. The mining association rule is to discover mainly association
rules from large scale databases. The associate pattern technique is inspired by the
Apriori mining algorithm in this study (Agrawal and Srikant, 1994). The Apriori
algorithm is a classical algorithm for learning associate rule in the computer science
field.
Fuzzy set theory has been used more and more frequently recently in intelligent
system because of its simplicity and similarly to human reasoning. Many fields have
applied the fuzzy set successfully, such as engineering, manufacturing and economics.
Some fuzzy mining association algorithms are proposed in data mining. Hong et al.
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introduce fuzzy mining algorithm for quantitative data (Hong et. al, 1999). Yue et al.
use AprioriTis based algorithm to find association rules of quantitative transactions.
Due to the time complexity in mining fuzzy association rule, this paper adopts the
genetic algorithm to mine association rules. The purpose of this paper is to apply
genetic algorithm based fuzzy association rule in a means-end approach to the organic
product market. The aim of this paper is to provide suggestions for improvements in
segmentation and advertising strategies.
2. Methodology
2.1 Means end chain
The „means-end chain‟ (MEC) framework ties these concepts together which
could be represented in a hierarchical value map of purchasing motivation in Fig. 1
below. The hierarchy consists of six levels, from the most tangible to the most
abstract: tangible product attributes, intangible product attributes, functional
consequences, social psychological consequences from consuming the product,
instrumental values, and terminal values from consuming the product.

MEC offers a

theoretical structure capable of linking consumers‟ values to product attributes and
hence their buying behavior.
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Figure. 1. Six levels of Means-end framework, adapted from Gutman, 1982.
Consumers‟ product knowledge often derives from their cognition of values imbedded
in product attributes or/and the consequences of using the product (Reynolds and
Whitlark, 1995). Consumer value formation may stem from the bundle of attributes
that the product possesses which could be tangible or intangible (McColl-Kennedy
and Kiel, 2000; Kotler, 2002). Product attributes included packaging, color, price,
quality, brand, even the service level and reputation of the seller (Stanton et al., 1991;
Pitts, et al., 1991). Product attributes are intermediate values that consumers perceive
to achieve final ends of benefits rather than risks (Peter and Olson, 1993; Pieters, et al.,
1995; Woodruff, 1997). In other words, many consumers tend to evaluate products
based on the benefits arising from consuming the goods rather than based on product
attributes alone.
In general, there are two kinds of consequences from using a product, functional and
social psychological consequences (Gutman, 1982; McColl-Kennedy and Kiel, 2000).
Functional consequences allow users to feel the direct and tangible benefits.
Consumers‟ social psychological benefits from consuming the product are linked to
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how they personally perceive the value of the product. A person‟s general beliefs and
values affect his/her attitudes toward specific things and often serves as a information
filter (Beatty et al., 1991). Product values can be instrumental or terminal.
Instrumental values are cognition of preferences or choices, such as versatility of life
style, belief in independence, and confidence about the value that products or service
may bring to the consumer. Terminal values are what the final state of products and
services can bring to consumers. Examples of final state from consuming the product
could be, peace of mind, emotional satisfaction and the like (Rokeach, 1968; Rokeach,
1973; Zanoli and Napetti, 2002). Many consumer studies have tried to measure
personal values, including Rokeach Value Survey (RVS, Rokeach, 1973), Values and
Lifestyles (VALS, Michell, 1983), List Of Values (LOV, Kahle et al., 1986).
2.2 The Association Mining Rules - Market Basket Analysis
The association mining rule is also called market basket analysis because it is
useful to generate models for supermarket purchasing behavior and has been applied
in consumer behavior analysis (Giudici and Passerone, 2002). It is an efficient data
mining tool and represents a powerful method compared to log-linear method (Giudici,
2003). Association mining rules aim at extracting relevant knowledge from large
database. The knowledge is usually expressed in the form of patterns of co-occurrence.
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The most popular method to bring out co-occurrence of items in a database of
transactions is the association rule.
The association rule is used in application such as market baskets analysis to measure
the associations between products and customers. The association pattern technique
used in this study is the Apriori mining algorithm. The steps of the Apriori algorithm
is first finding the frequent itemsets from the transactional database. Second,
removing low frequency itemsets based on the predefined minimum support level.
Finally, the association rules are generated that satisfy the predefined minimum
confidence from a given database (Agrawal and Srikant, 1994).
Two commonly used association rules are the support and the confidence. Normally
in symbols, the expression of the association rule if A happens then B happens is
written as A  B, where A and B are attributes or factors under study. The definition
of support is a relative frequency to indicate the proportion of both A and B have
happened, or Supp (A  B) = |DA ∩DB|/ |D|, where |DA ∩DB| is the transaction
contains both A and B, and |D| represents the cardinality of a database. The
confidence rule is a relative frequency to indicate the proportion of transactions in
which the support rule is observed given A has happened. The confidence rule is
defined as Conf (A  B)= |DA ∩DB|/ |DA|. The confidence indicates the conditional
probability of B with respect to A.
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2.3 Expanding the Association Mining Rule by Fuzzy Logic
The fuzzy set theory is widely used in intelligent systems for its ability to model
inherent vagueness in nature. The framework of today‟s fuzzy systems was developed
by Zadeh in 1965 (Zadeh, 1965). Since then, scientists adopted the fuzzy system into
applications systems in automatic control systems such as washing machines (Mendel,
1995). The generalization from classical to fuzzy association rules provides the ability
to represents uncertainty and synergistic (Dubois, et al.).
The membership function may be s-type, z-type, triangular, trapezoidal, Gaussian etc.
The membership function adopted in this study is the s-type membership function as
we are interested in classifying whether respondents belong to the „important‟ or
„unimportant‟ membership of 5-point Likert scale. The membership function is
defined as

(1)

where L is the lower bound and H is the upper bound.
The traditional Apriori algorithm explained above handles binary data, e.g., being
belonging or not belonging to a set of membership under observation. However, in
real life application databases may contain other attribute values besides 0 and 1, (e.g.,
1-5 in a Likert scale). Fuzzy set can handle these kinds of databases by defining
membership through probabilistic assessment of the membership of elements in a set
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(membership of importance/unimportance in this study). Generally, the fuzzy set
maps the universe of discourse into to a set of real numbers which denote the
membership of the universe of discourse elements in the set (Kumar, 2005). The
5-scale data are transferred to continuous data according to the membership function
(1).
Let Ai is the ith fuzzy sets defined in the universe xe by membership function

Ai

: xe

 [0,1] and B is the fuzzy set defined in the universe ye by membership function

B

:

ye  [0,1]. xe and ye is the eth instance multi-item of input and output respectively.
The measure of support for fuzzy rule

Supp(

Ai B

is defined as

Ai B)=

and the confidence for fuzzy rule is defined as
Conf (

Ai B)=

,

where N is the size of database,

, T is the product T-norm.

2.4 Extracting Mining Rules by Genetic Algorithm
The Apriori algorithm is efficient in extract useful information from a large data
transaction. However, several authors have pointed out some drawbacks of the
support/confidence framework to assess association rules. Han et al. have pointed out
that setting the mining support is subtle (Han et al., 2002). Also, the framework might
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lead to find misleading rules (Brin et al., 1997; Silverstein et al., 1998). To avoid the
drawbacks and to ensure the discovered rules are interesting and accurate, a new
approach was proposed (Silverstein et al., 1998; Delgado et al. 2003). The certainty
factor is employed as the interestingness measure as follows (Delgado et al. 2003 and
Yan et al.):

 Conf(A  B)-Supp(B)
, if Conf(A  B) > Supp(B)

1-supp(C)

CF(AB)= 
.
Conf(A

B)-Supp(B)

, if Conf(A  B)  Supp(B)

supp(B)
The value of certainty factor is between -1 and 1. It is positive when the dependence
between A and B is positive, 0 when A and B are independence and negative when
negative dependence. We only consider positive dependence in this research. In
addition, the strength of the association rule in both direction ( i.e. AB and BA)
are considered in this study.
The genetic algorithm is an optimization procedure inspired by natural evolution was
introduced by Davis (Davis, 1987). The algorithm is a robust searching algorithm in
optimal problems. The genetic algorithm is adopted to find the optimized of the
certainly factor efficiently. Instead of the traditional support/confidence framework,
the algorithm does not required user-specified minimal support and minimal
confidence. Only the most interesting rules are returned automatically according the
interestingness measure defined by the fitness function.

p.5560

Int. Statistical Inst.: Proc. 58th World Statistical Congress, 2011, Dublin (Session CPS065)

3. Data Collection
Evaluating MEC is a sequential stage process. It contains three steps (1) eliciting
the most relevant attributes, (2) using laddering process to reveal the links between
attributes to consequences and values and (3) deriving the hierarchical value map to
express results from the ladders (Reynolds and Whitlark, 1995). Laddering is a very
elaborative process as it involves asking respondents initially the features of products
that they see. The interviewer then leads respondents to abstraction by asking why
that feature is important. A sequence of concepts can then be linked in a „ladder‟.
Collecting data (qualitative) through laddering process requires well-trained
interviewers and is very time-consuming when larger scale data are desirable, such as
over 100 cases (Reynolds and Gutman, 1988). As an alternative, Ter Hofstede et al.
(1998) suggested a quantitative approach of data collection and analysis by using
association pattern technique (APT) with log-linear models when larger scale data is
desirable for making inferences. As this study is intended in making generalization a
combination of qualitative and quantitative data collection process is used as
explained below.
As the first step of data collection in this study, the relevant attributes and
consequences for using organic rice products were obtained from collating Web-based
and focus groups comments made by those who have tried organic rice products. List
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of Values (LOVs) developed by Kahle et al. (1986) and value related to LOHAS and
religion was adopted to be used in the questionnaire later. Comments were collected
and collated in late 2010. All items in the five ladders (attributes, functional
consequence, social consequence, instrument value and terminal value) of MEC were
incorporated in a survey questionnaire for respondents to rate on a 5-point Likert scale,
ranging from very unimportant to very important. Potential respondents were
intercepted at organic specialty shops. The strength of linkages between attributes and
consequences, and between consequences and values were evaluated by using a
two-stage process of fuzzy association mining rules, i.e., using fuzzy membership
function to transform 5-scale Likert data into continuous data (i.e., probability of 0,
0.125, 0.500 ,0.875 and

1.0000 of implying importance levels which is discussed

further) as this is a more detailed account of importance/unimportance.
4. Results
There were a total of 400 responses and 250 of them were usable. Of the 250 valid
cases, about 74.7% of the respondents were female and 25.3% male. About 77.4% of
the respondents were married. More than 95% of them had tertiary education or above
(which is not surprising in Taiwan). Close to 70% of the respondents were above the
age of 40. Close to 80% of the respondents was Buddhist.
Sixteen attributes, seven functional consequence, eleven social consequence, seven
instrument value and fourteen terminal value were identified in the literature and
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deemed useful for this study. All of the elements in the five levels of hierarchy were
included for evaluation of their strength of linkage.
As the break condition for evolution of genetic algorithm, our approach uses a simple
rule: either when the prediction error is zero (optimal solution) or when a fixed
number of generations have been evaluated (default values is 100 individuals per
generation). Selection function of genes is set as normalized geometric distribution.
The crossover and mutation operators are two basic operator of the genetic algorithm.
In this study, the crossover is set as 0.8. And, the mutation rate is set as 1 over
population size. The population size of each iteration step is 20. Figure 2 indicate the
highest certainty factor of product attributes, functional consequences, and values.
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Figure 2. Means-End Chains of Organic Rice with Fuzzy Association Mining
Method
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5. Conclusions and discussions
This study applied means-end-chain framework to build a model for
understanding buying motivations for organic rice consumers and potential consumers.
Result shows that Taiwanese consumers concern about nutrition, genuineness of food
taste, pesticide-free, and food safety, by paying more attentions to production date,
packaging, prize winning and the channel stores than other attributes. Beyond these
functional consequences and self interests, the green consumers also emphasize
harmony with others, the animal welfare, giving supports to organic farmers, along
with the global trend which green consumption is fashionable.
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