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Rapid and accurate identification of consumer demands and systematic assessment of product quality are
essential to success for new product development, in particular for fast moving consumer goods such as
food and drink products. This paper reports an investigation into a belief rule-based (BRB) methodology
for quality assessment, target setting and consumer preference prediction in retro-fit design of food and
drink products. The BRB methodology can be used to represent the relationships between consumer pref-
erences and product attributes, which are complicated and nonlinear. A BRB system can initially be estab-
lished using expert knowledge and then optimally trained and validated using data generated from
consumer or expert panel assessments or from tests and experiments. The established BRBs can then
be used to predict the consumer acceptance of new products or set product target values in retro-fit
design. The proposed BRB methodology is applied to the design of a lemonade drink product using real
data provided by a sensory product manufacturer in the UK. The results show that the BRB methodology
can be used to predict consumer preferences with high accuracy and to set optimal target values for prod-
uct quality improvement.

� 2011 Elsevier Ltd. All rights reserved.
1. Introduction

Consumer preferences for a food and drink product are closely re-
lated to its sensory attributes, which are those such as appearance,
aroma, flavor, and the like (Meilgaard, Civille, & Carr, 1999). It is very
important to understand and establish such relationships for pre-
dicting consumer acceptance or liking in the design and testing of
new food and drink product designs.

To investigate the impacts of sensory attributes of food and
drink products on consumer preferences, models that can relate
consumer preferences to sensory attributes need to be developed.
Several methodologies have been suggested in the literature that
can be used to model relationships between consumer preferences
and sensory attributes. Multiple linear regression (MLR) analysis is
perhaps the simplest methodology that could be used for this pur-
pose, but it is proven to be not adequate in capturing consumer
preferences from sensory attributes. This is largely because the
relationships between consumer preferences and sensory attri-
butes are complicated and highly nonlinear and hence cannot be
adequately interpreted by linear models. Another reason is that
ll rights reserved.
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g).
the number of sensory attributes is often larger than the number
of products, which makes MLR model parameters estimated from
a small number of samples highly unstable, but in some cases,
MLR can still provide some useful models.

External preference mapping (EPM) (Arditti, 1997; Faber, Mojet,
& Poelman, 2003; Geel, Kinear, & de Kock, 2005; Guinard, Uotani, &
Schlich, 2001; Heyd & Danzart, 1998; Martínez, Cruz, Hough, &
Vega, 2002; van Kleef, van Trijp, & Luning, 2006) turns out to be
the most extensively used methodology for sensory analysis.
EPM models consumer preferences as a polynomial function of
the first two principal components (PCs) that are extracted from
the sensory data of food and drink products using the principal
component analysis (PCA). The polynomial function could be qua-
dratic, elliptical, circular, or vector models, as shown below (Faber
et al., 2003):

Vector : y ¼ aþ b1x1 þ b2x2 þ e;
Circular : y ¼ aþ b1x1 þ b2x2 þ c x2

1 þ x2
2

� �
þ e;

Elliptical : y ¼ aþ b1x1 þ b2x2 þ c1x2
1 þ c2x2

2 þ e;
Quadratic : y ¼ aþ b1x1 þ b2x2 þ c1x2

1 þ c2x2
2 þ dx1x2 þ e;

where y is consumer preferences, x1 and x2 are the first two PCs, and
e is residual error.
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Fig. 1. BRB model structure for preference mapping of food and drink products.
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A vector model is often used, but the choice for a more complex
model is possible, depending upon a goodness-of-fit test. It is well
documented that not all consumer preference data can be well fit-
ted and accounted for by EPM (Faber et al., 2003). In particular,
vector models are essentially linear, which makes their explana-
tory power very limited. Furthermore, the aggregation of all sen-
sory attributes into two PCs without proper classification makes
the PCs difficult to explain and understand.

Artificial neural networks (ANNs) (Boccorh & Paterson, 2002;
Bomio, 1998; Krishnamurthy, Srivastava, Paton, Bell, & Levy,
2007; Tan, Gao, & Gerrard, 1999; Zhang & Chen, 1997) are another
popular methodology for modeling the relationships between con-
sumer preferences and sensory attributes, which model consumer
preferences as a complicated nonlinear function of sensory attri-
butes. The nonlinear function is defined by a multilayer network,
including one or more hidden layers, with sensory attributes as in-
puts and consumer preferences as output. It is believed that a
three-layer neural network with a sufficiently large number of hid-
den neurons can model any nonlinear relationships between in-
puts and outputs (Haykin, 1994). So, three-layer neural networks
(NNs) are most widely used in practice. Although ANNs have very
strong nonlinear modeling capabilities, they suffer from some
drawbacks, two of which are black-box problem and over-fitting
problem. The black-box problem means that ANNs are basically a
black box simulator. The relationships between inputs and output
are not explicit or transparent, so it is difficult to understand or
predict its behaviors. The over-fitting problem means that ANNs
may sometimes fit training data set perfectly well, whereas per-
form poorly on testing data set. In other words, ANNs may some-
times have a poor generalization capability. Another significant
drawback of ANNs is their inability to be trained to set targets
for sensory attributes.

Support vector machines (SVMs) as an Artificial Intelligence
method have gained increasing popularity in recent years and also
been used for learning consumer preferences from the analysis of
sensory data by Bahamonde, Díez, Quevedo, Luaces, and del Coz
(2007). SVM is a machine learning algorithm developed by Vapnik
(1995) and has been shown to be very effective for both classifica-
tion and regression analyses. In classification analysis, SVMs at-
tempt to find an optimal hyperplane to separate two classes. For
regression analysis, SVMs are aimed at estimating an unknown
continuously-valued function based on a finite number of noisy
samples. In SVMs for regression analysis, input data are mapped
into a high dimensional feature space where a linear model is con-
structed and linear regression is performed by using e-insensitive
loss. Mathematically, SVM regression is formulated as a convex
quadratic programming problem (QPP) with inequality constraints,
which produces a global optimal solution. SVMs offer new possibil-
ities to learn consumer preferences from sensory data with a high
order polynomial kernel function or even a Gaussian radial basis
function (RBF), but they need to pre-specify kernel functional
forms and predetermine SVM parameters, which prove to be
highly subjective and may have significant impact on the perfor-
mances of SVM regression models. Since the true relationships be-
tween consumer preferences and sensory attributes are not
known, it is not appropriate, if not entirely impossible, to specify
the functional forms of the relationships in advance. Besides,
why an unknown relationship could be described by a particularly
chosen kernel function is also difficult to explain in theory.

Based on the above analyses, in this paper we propose a belief
rule-based (BRB) methodology for quality assessment, target set-
ting and consumer preference prediction in retro-fit design of food
and drink products. The BRB methodology does not need to specify
any functional form and characterizes the causal relationships be-
tween consumer preferences and product attributes using belief
rule bases (BRBs). Each BRB is a collection of belief rules which
are the generalization of traditional IF-THEN rules. So, a BRB sys-
tem can represent functional relationships transparently, where
expert knowledge can be explicitly embedded. Several types of
parameters as well as the structure of a BRB system, such as belief
degrees, rule weights and attribute weights, can be trained using
collected data for food and drink products. The trained BRB system
can then be used for predicting consumer preferences for new
products or setting target values for product attributes to support
product retro-design. In this paper, a practical retro-fit design case
for a lemonade drink product is examined using the BRB method-
ology to show its potential in wide applications.

The rest of the paper is organized as follows. In Section 2, we
investigate the BRB methodology and the models for learning
and target setting. In Section 3, we examine a case study using
the BRB methodology to illustrate its applications and potentials
in sensory analysis and the retro design of food and drink products.
The paper is concluded in Section 4.
2. BRB methodology

The BRB methodology for preference mapping and target set-
ting of food and drink products includes preference mapping, infer-
ence, learning, prediction and target setting, which are elaborated
in this section in detail.

2.1. Preference mapping by BRB

2.1.1. Model structure
In sensory analysis, food and drink products are usually charac-

terized by a large number of sensory attributes. To simplify the
structure of a BRB, the BRB methodology requires sensory attri-
butes of food and drink products to be grouped by their character-
istics such as appearance, taste, aroma, texture, flavor, and so on.
Let Aj (j = 1, . . .,K) be the jth group attribute, related to mj sensory
attributes as shown in Fig. 1. For such a BRB model structure, there
are (K + 1) BRBs to be developed, one of which is for total goal, i.e.
quality evaluation of food and drink products, with the other being
for the assessment of the K group attributes.

2.1.2. PCA
Some of the group attributes may be related to many sensory

attributes. In this situation, it is impractical to build a BRB using
the relevant sensory attributes directly because of the large number
of rules that could be generated. In this case, instead of using the ori-
ginal sensory attributes, a BRB system can be built using the first two



Table 1
The 9-point and 5-point hedonic scales used for assessing consumer preferences.

Rating 9-Point hedonic scale 5-Point hedonic scale

1 Dislike extremely Very dissatisfied
2 Dislike very much Somewhat dissatisfied
3 Dislike moderately Neither satisfied nor dissatisfied
4 Dislike slightly Somewhat satisfied
5 Neither like nor dislike Very satisfied
6 Like slightly
7 Like moderately
8 Like very much
9 Like extremely
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or three PCs of the relevant sensory attributes. This idea is somehow
similar to what is used in the external preference mapping method.
In this section, we briefly describe some of the basic equations for
calculation of PCs in the framework of a BRB model as shown in
Fig. 1, which will be used in the case study.

Suppose Ah is a group attribute related to many sensory attri-
butes Ah1; . . . ;Ahmh

(for example mh > 5), whose values for the prod-
uct Pi (i = 1, . . .,n) are denoted by xih ¼ ðxih1; . . . ; xihmh

Þ. Let
Rh ¼ ðrijÞmh�mh

be their correlation matrix, whose elements are
computed by

rij ¼
Pn

k¼1ðxkhi � �xhiÞðxkhj � �xhjÞffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPn
k¼1ðxkhi � �xhiÞ2 �

Pn
k¼1ðxkhj � �xhjÞ2

q ; i; j ¼ 1; . . . ;mh; ð1Þ

where �xhj ¼ 1
n

Pn
k¼1xkhj from j = 1 to mh are the average values of xhj over

the n products. Denote by kj (j = 1, . . .,mh) the eigenvalues of the charac-
teristic equation jRh� kIj = 0 and by uj ¼ ðuj1; . . . ;ujmh

ÞT the corre-
sponding eigenvectors derived from Rhuj = kjuj, where kj (j = 1, . . .,mh)
are sorted in descending order, i.e. k1 P k2 P � � �P kmh

, and uj

(j = 1, . . .,mh) satisfy the condition uT
j uj ¼ 1. Then, the mh PCs are

obtained as

Fhj ¼ uj1
xh1 � �xh1ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

varðxh1Þ
p

 !
þ � � � þ ujmh

xhmh
� �xhmhffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

varðxhmh
Þ

p
 !

; j ¼ 1; . . . ;mh;

ð2Þ

where Fhj (j = 1, . . .,mh) are the jth PC for the group attribute Ah andffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
varðxhjÞ

p
the standard deviation of xhj over the n products. That is

rhj ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
varðxhjÞ

q
¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
n

Xn

i¼1

ðxihj � �xhjÞ2
vuut ; j ¼ 1; . . . ;mh: ð3Þ

The PCs explain as much of the variation as possible in the original
sensory data. In particular, the first PC explains the maximal
amount of variance in the original sensory data, the second PC ex-
plains the maximal remaining variance in the data, and so on. The
percentage of the total variation of the original sensory data ex-
plained by each PC is defined as 100� kj=

Pmh
i¼1ki. Accordingly, the

accumulative contribution ratio (ACR) of the first Lh (Lh 6mh) prin-
cipal components is computed by

ACR ¼
XL

i¼1

ki=
Xmh

j¼1

kj

 !
� 100%: ð4Þ

As a rule of thumb, it is required that ACR P 80% in determining
how many PCs should be used for constructing a BRB for a group
attribute. Once the PCs for building a BRB are determined, the origi-
nal sensory data will be transformed into the corresponding PC
scores by the following equation:

FhjðiÞ ¼ uj1
xih1 � �xh1ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

varðxh1Þ
p

 !
þ � � � þ ujmh

xihmh
� �xhmhffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

varðxhmh
Þ

p
 !

;

i ¼ 1; . . . ;n; j ¼ 1; . . . ; Lh; ð5Þ

where Lh is the number of PCs used for establishing a BRB.

2.1.3. BRBs
A belief rule base is a collection of belief rules which are the

generalization of traditional IF-THEN rules. In traditional IF-THEN
rules, the consequence of each rule is certain such as High, Medium
or Low; while the consequences of belief rules can be certain or
uncertain, characterized by distributions such as {(High, 100%)},
which represents a certainly (100%) High consequence, and
{(High,20%), (Medium,50%), (Low,30%)}, which represents that the
consequence could be High to the extent of 20%, Medium to the ex-
tent of 50% and Low to the extent of 30%, where 20%, 50% and 30%
are referred to as belief degrees. If the belief degrees for the conse-
quence of a belief rule are summed to one, then the belief rule is
said to be complete; otherwise it is said to be incomplete and
the remaining belief degree which is not assigned to any possible
consequences is referred to as ignorance. For example, the follow-
ing belief rule is incomplete: IF Taste is Good and Aroma is Average
THEN Quality is {(Good,50%), (Average, 30%), (Poor,15%)}, in which
the missing belief degree 5% is called ignorance. Each belief rule
plays a different role in the corresponding belief rule base and is
therefore given a different rule weight. Likewise, each antecedent
attribute in the ‘‘IF’’ part of a rule also plays a different role and
is thus given a different attribute weight.

Mathematically, a belief rule can be defined as (Yang, Liu, Wang, Sii, &
Wang, 2006): IF Ak

1 ^ Ak
2 ^ � � � ^ Ak

T THEN {(C1,bk1),(C2,bk2),. . .,(CN,bkN)}
with

PN
l¼1bkl 6 1, a rule weight hk, and attribute weights d1,. . .,dT, where

{(C1,bk1),(C2,bk2),. . .,(CN,bkN)} is referred to as a belief structure. This belief
rule can be understood as IF (A1 is Ak

1;A2 is Ak
2; . . ., and AT is Ak

T ) THEN the
consequence is {(C1,bk1),(C2,bk2),. . .,(CN,bkN)}, where A1,. . .,AT are the ante-
cedent attributes of the belief rule, C1,. . .,CN are assessment grades used in
the consequence, Ak

j 2 fCj1; . . . ;CjTj
g is an assessment grade for the ante-

cedent attribute Aj, j2 {1,. . .,T}, andbkl is the belief degree to which Cl is be-
lieved to be the consequence, l 2 {1,. . .,N}. If

PN
l¼1bkl ¼ 1, the belief rule is

said to be complete; otherwise it is said to be incomplete. Incomplete belief
rules occur when sensory data include imprecise or missing data, which
will not be discussed in this paper.

In order to build a BRB, discrete assessment grades such as High,
Medium, and Low need to be defined for each antecedent attribute
and consequence. For the hierarchical structure in Fig. 1, discrete
assessment grades need to be defined for each group attribute,
each sensory attribute that will be directly used for building a
BRB, and each PC that has been chosen for building a BRB for a
group attribute. The number of grades for each attribute and PC
can be either the same or different, depending upon the need to
solve real problems. Consumer preferences for food and drink
products are usually assessed by consumers or sensory experts
using the 9-point or 5-point hedonic ratings as defined in Table
1, which can be directly viewed as assessment grades for consumer
preferences. Once the discrete assessment grades are defined, the
BRBs for the goal and for each group attribute shown in Fig. 1
can be built using expert knowledge initially and then trained by
the BRB learning algorithm using collected preference and sensory
data.

Tables 2 and 3 show the generic forms of a BRB for preference
mapping of food and drink products, where C1, . . .,CN are assess-
ment grades for consumer preferences and can be hedonic ratings
as defined in Table 1, Ch1; . . . ;ChTh

are assessment grades for group
attribute Ah ðh ¼ 1; . . . ;KÞ; Ah1; . . . ;Ahmh

are sensory attributes or
PCs used for building the BRB for the group attribute
Ah; Ak

hj 2 fChj1; . . . ;ChjThj
g (k = 1, . . .,Mh) are assessment grades for

Ahj (j = 1, . . .,mh), M and Mh are the numbers of belief rules and
equal to the numbers of all possible combinations of different



Table 2
Belief rule base for consumer preferences of food and drink products.

Rule Rule weight Antecedent attributes (weight) Consequence

A1(d1) A2(d2) � � � AK(dK) C1 C2 � � � CN

1 h1 A1
1 A1

2
� � � A1

K
b11 b12 � � � b1N

2 h2 A2
1 A2

2
� � � A2

K
b21 b22 � � � b2N

..

. ..
. ..

. ..
. � � � ..

. ..
. ..

. � � � ..
.

M hM AM
1 AM

2
� � � AM

K
bM1 bM2 � � � bMN

Table 3
Belief rule bases for group attributes Ah (h = 1, . . .,K) in Fig. 1.

Rule Rule weight Antecedent attributes (weight) Consequence (Ah)

Ah1(dh1) Ah2(dh2) � � � Ahmh
ðdhmh

Þ Ch1 Ch2 � � � ChTh

1 hh1 A1
h1 A1

h2
� � � A1

hmh
bðhÞ11 bðhÞ12

� � � bðhÞ1Th

2 hh2 A2
h1 A2

h2
� � � A2

hmh
bðhÞ21 bðhÞ22

� � � bðhÞ2Th

..

. ..
. ..

. ..
. � � � ..

. ..
. ..

. � � � ..
.

Mh hhMh AMh
h1 AMj

h2
� � � AMh

hmh
bðhÞMh1 bðhÞMh2

� � � bðhÞMhTh
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assessment grades for antecedent attributes. The outputs (conse-
quences) of the BRBs in Table 3 serve as the inputs (antecedent
attributes) of the BRBs in Table 2.

2.2. BRB inference by the evidential reasoning (ER) approach

2.2.1. Transformation of sensory data and PC scores
Let Chj1; . . . ;ChjThj

be a set of assessment grades defined for
assessing sensory attribute Ahj or principal component Fhj and xhj

be a numerical value of Ahj or PC score of Fhj, which lies between
two adjacent assessment grade values, say u(Chjl) and u(Chjl+1),
1 6 l 6 Thj � 1. Then, the numerical value (or PC score) xhj can be
transformed into the belief structure {(Chjl,ahjl), (Chjl+1,ahjl+1)} by
using the following piece-wise linear function (Yang, 2001):

ahjl ¼
uðChjlþ1Þ � xhj

uðChjlþ1Þ � uðChjlÞ
and ahjlþ1 ¼

xhj � uðChjlÞ
uðChjlþ1Þ � uðChjlÞ

; ð6Þ

where u(Chjl+1) and u(Chjl) are the grade values of Chjl+1 and Chjl, respec-
tively. The belief structure can be rewritten as a distributed
assessment in full by fðChj1;0Þ; . . . ; ðChjl�1;0Þ; ðChjl;ahjlÞ; ðChjlþ1;ahjlþ1Þ;
ðChjlþ2; 0Þ; . . . ; ðChjThj

;0Þg, which means the numerical value xhj is
equivalently assessed to assessment grades Chjl and Chjl+1. All sensory
data and PC scores that are chosen for building BRBs can be trans-
formed into belief structures in terms of their numerical values and
assessment grades in this way.

2.2.2. Data matching and rule activation
Consider a set of sensory data or PC scores, say xh ¼ ðxh1; . . . ; xhmh

Þ,
each of which has been transformed into the belief structure
fðChjl;ahjlÞjl ¼ 1; . . . ; Thj;

PThj

l¼1ahjl ¼ 1g (j = 1, . . .,mh) by Eq. (6). What
we need to do now is to match the sensory data or PC scores with the
antecedent attribute values (i.e. grade values) of each belief rule in
Table 3 to see what belief rules can be activated and to what degrees
they are activated so that an appropriate activation weight can be
created for each of the activated belief rules.

Without loss of generality, consider the kth belief rule in Table
3:

IF Ak
h1 ^ Ak

h2 ^ � � �

^ Ak
hmh

THEN Ch1;b
ðhÞ
k1

� �
; Ch2; b

ðhÞ
k2

� �
; . . . ; ChTh

; bðhÞkTh

� �n o
:

From the belief structures ðChjl;ahjlÞjl ¼ 1; . . . ; Thj;
PThj

l¼1ahjl ¼ 1
n o

(j = 1,. . .,mh) transformed from xh ¼ ðxh1; . . . ; xhmh
Þ, it is easy to find the
belief degree aðkÞh1 2 fah11; . . . ;ah1Th1
g to which xh1 is assessed to grade

Ak
h1 2 fCh11; . . . ;Ch1Th1

g, the belief degree aðkÞh2 2 fah21; . . . ;ah2Th2
g to

which xh2 is assessed to grade Ak
h2 2 fCh21; . . . ;Ch2Th2

g, and all the other de-
grees including aðkÞhmh

2 fahmh1; . . . ;ahmhThmh
g to which xhmh

is assessed to
grade Ak

hmh
2 fChmh1; . . . ;ChmhThmh

g. Obviously, aðkÞhj (j = 1,. . .,mh) represent
the extents to which each antecedent attribute of the kth belief rule is
matched by the input data xh ¼ ðxh1; . . . ; xhmh

Þ. Considering the fact that
each antecedent attribute plays a different role in the kth belief rule, the
overall degree chk to which the kth belief rule is matched can be defined
as (Yang et al., 2006)

chk ¼
Ymh

j¼1

aðkÞhj

� ��dhj
; k ¼ 1; . . . ;Mh; ð7Þ

where �dhj ¼ dhj=maxl¼1;...;mh
fdhlg so that 0 < �dhj 6 1 and dhj > 0 is the

relative weight of Ahj which is either a sensory attribute or a PC.
The overall degree chk is referred to as matching degree.

It is easy to find that 0 6 chk 6 1, chk = 1 if aðkÞhj ¼ 1 for all
j = 1, . . .,mh, and chk = 0 if there exists some aðkÞhj ¼ 0 for
j 2 {1, . . .,mh}. The contribution of an antecedent attribute towards
chk is also positively related to its relative weight, which means an
important antecedent attribute plays a greater role in the determi-
nation of chk.

Once a belief rule is matched by the input data with a nonzero
matching degree, it will be activated. Accordingly, an activation
weight needs to be generated to show to what degree the belief
rule is activated. According to Yang et al. (2006), the activation
weight for an activated belief rule can be defined as

whk ¼
hhkchkPMh
l¼1hhlchl

¼
hhk

Qmh
j¼1 aðkÞhj

� ��dhj
� �

PMh
l¼1hhl

Qmh
j¼1 aðlÞhj

� ��dhj
� � ; k ¼ 1; . . . ;Mh; ð8Þ

where hhk is the rule weight of the kth belief rule. The larger the
matching degree chk, the larger the activation weight whk. If a belief
rule is not matched (i.e. chk = 0) or has a zero weight (hhk = 0), then
it will not be activated (i.e. whk = 0). After the examination of the be-
lief rules in Table 3 one by one, all the belief rules that have been as-
signed a nonzero activation weight will be activated simultaneously.

2.2.3. Aggregation of the consequences of the activated belief rules
For each activated belief rule, it will produce a consequence char-

acterized by a belief structure. Such a belief structure can be viewed
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as a piece of evidence and needs to be combined with the other con-
sequences (evidence) produced by other activated belief rules to
provide an aggregated conclusion. The evidential reasoning (ER) ap-
proach (Yang, 2001) developed for multiple attribute decision anal-
ysis provides a useful analytical algorithm for combining multiple
pieces of evidence and is thus adopted by the BRB methodology.

The ER approach treats activation weights as the relative impor-
tance of each consequence and aggregates the consequences pro-
duced by all the activated belief rules in Table 3 using the
equations below (Wang, Yang, & Xu, 2006):

ahj¼
lh �

QMh
k¼1ðwhkb

ðhÞ
kj þ1�whkÞ�

QMh
k¼1ð1�whkÞ

h i
1�lh �

QMh
k¼1ð1�whkÞ

h i ; j¼1; . . . ;Th; ð9Þ

lh¼
XTh

l¼1

YMh

k¼1

ðwhkb
ðhÞ
kl þ1�whkÞ�ðTh�1Þ

YMh

k¼1

ð1�whkÞ
" #�1

; ð10Þ

where whk is determined by Eq. (8) and ahj, which satisfies ahj P 0
and

PTh
j¼1ahj ¼ 1, is the belief degree to which the conclusion is as-

sessed to grade Chj 2 fCh1; . . . ;ChTh
g. The conclusion provided by

the ER approach is a belief structure: fðCh1;ah1Þ; . . . ; ðChTh
;ahTh

Þg,
which serves as the assessment of the group attribute Ah and also
the input to the BRB defined in Table 2.

2.2.4. Final output of the BRB model
For the belief rules shown in Table 2, similar rule inference can

be performed once the inputs of all the group attributes become
available. Since the inputs of the group attributers are all distribu-
tions, the rule inference at this stage can directly start from rule
activation. By Eq. (8), the activation weight of each belief rule de-
fined in Table 2 can be computed as

wk ¼
hk
QK

h¼1 aðkÞh

� ��dh
� �

PM
l¼1hl

QK
h¼1 aðlÞh

� ��dh
� � ; k ¼ 1; . . . ;M; ð11Þ

where �dh ¼ dh=maxl¼1;...;Kfdlg; dh > 0 is the relative weight of the
group attribute Ah, hk is the rule weight of the kth belief rule, and
aðkÞh 2 fah1; . . . ;ahTh

g is the belief degree to which the group attribute
Ah is assessed to the grade Ak

h 2 fCh1; . . . ;ChTh
g (h = 1, . . .,K). Note that

aðkÞh directly comes from the input of Ah : fðCh1;ah1Þ; . . . ; ðChTh
;ahTh

Þg.
Let O = f(x) be the final output of the BRB model shown in Fig. 1.

It is also the output of the BRB model defined in Table 2 and can be
obtained by using the ER analytical algorithm once again. That is

aj ¼
l�
QM

k¼1ðwkbkj þ 1�wkÞ �
QM

k¼1ð1�wkÞ
h i

1� l�
QM

k¼1ð1�wkÞ
h i ; j ¼ 1; . . . ;N; ð12Þ

l ¼
XN

l¼1

YM
k¼1

ðwkbkl þ 1�wkÞ � ðN � 1Þ
YM
k¼1

ð1�wkÞ
" #�1

; ð13Þ

where wk is the activation weight determined by Eq. (11) and aj is
the belief degree to which the final output is assessed to grade
Cj 2 {C1, . . .,CN}. The final output obtained through the ER algorithm
is a distribution characterized by the following belief structure:

O ¼ f ðxÞ ¼ fðC1;a1Þ; . . . ; ðCN;aNÞg; ð14Þ

which satisfies aj P 0 and
PN

j¼1aj ¼ 1. Through the grade values of
C1, . . .,CN, the belief structure can be characterized by an expected
numerical value using the following equation:

O ¼ f ðxÞ ¼
XN

j¼1

ajuðCiÞ; ð15Þ
where u(Cj) for j = 1, . . .,N are the grade values of C1, . . .,CN, respec-
tively. The numerical output value of the BRB model provides a ba-
sis for training or estimating BRB parameters.

2.3. BRB learning

Consider n food or drink products Pi (i = 1, . . .,n), whose sensory
data xi and consumer preference bi = (bi1, . . .,biN) or yi are assumed
to be known, where bi represents the consumer preferences for
product Pi characterized by the belief degrees and yi the consumer
preferences characterized by an average score or rating. From Eq.
(14) or (15), n outputs can be generated from the BRB preference
mapping and BRB inference introduced above, as shown in the
right-hand side of Table 4, where ai

j (j = 1, . . .,N) are the belief de-
grees obtained from the sensory data (xi) from Eq. (12) and Oi

(i = 1, . . .,n) the expected values computed using Eq. (15).
Obviously, once the belief rules in Tables 2 and 3 are given or

known, the output of BRB model will be determined. It may be dif-
ferent from the real consumer preferences. Let ei = (ei1, . . .,eiN) and
gi be deviation vectors and deviation variables, which are defined
by the following equations:

eij ¼ bij � ai
j; i ¼ 1; . . . ;n; j ¼ 1; . . . ;N; ð16Þ

gi ¼ yi � Oi; i ¼ 1; . . . ;n: ð17Þ

It is desirable that the mode of the above deviation vector and the
value of the deviation variable be kept as close to zero as possible,
which enables us to build the following objective functions and
optimization models:

Minimize J1 ¼
Xn

i¼1

keik2 ¼
Xn

i¼1

XN

j¼1

e2
ij ¼

Xn

i¼1

XN

j¼1

ðbij � ai
jÞ

2 ð18Þ

Subject to
XN

j¼1

bkj ¼ 1; k ¼ 1; . . . ;M; ð18aÞ

XTh

j¼1

bðhÞkj ¼ 1; h ¼ 1; . . . ;K; k ¼ 1; . . . ;Mh; ð18bÞ

XK

j¼1

dj ¼ 1; ð18cÞ

Xmh

j¼1

dhj ¼ 1; h ¼ 1; . . . ;K; ð18dÞ

0 6 hk 6 1; k ¼ 1; . . . ;M; ð18eÞ
0 6 hhk 6 1; h ¼ 1; . . . ;K; k ¼ 1; . . . ;Mh; ð18fÞ
bkj P 0; k ¼ 1; . . . ;M; j ¼ 1; . . . ;N; ð18gÞ
bðhÞkj P 0; h ¼ 1; . . . ;K; k ¼ 1; . . . ;Mh;

j ¼ 1; . . . ; Th; ð18hÞ
dj P 0; j ¼ 1; . . . ;K; ð18iÞ
dhj P 0; h ¼ 1; . . . ;K; j ¼ 1; . . . ;mh; ð18jÞ

Minimize J2 ¼
Xn

i¼1

g2
i ¼

Xn

i¼1

ðyi � OiÞ2

Subject to 18a; 18b; 18c; 18d; 18e; 18f; 18g; 18h; 18i; 18j

ð19Þ

In the above model, (18a) and (18g) are the constraints on the belief
degrees in the consequence of the kth belief rule in Table 2, (18b)
and (18h) on the belief degrees in the consequence of the kth belief
rule in Table 3, (18c) and (18i) on the relative weights of the group
attributes in Fig. 1, (18d) and (18j) on the relative weights of the
sensory attributes or PCs belonging to the same group attribute,
and (18e) and (18f) are the constraints on the rule weights of the



Table 4
Consumer preferences and their predictions by BRB methodology.

Product Consumer preference Output of BRB model

C1 C2 � � � CN Average score C1 C2 � � � CN Expected value

1 b11 b12 � � � b1N y1 a1
1 a1

2
� � � a1

N
O1

2 b21 b22 � � � b2N y2 a2
1 a2

2
� � � a2

N
O2

..

. ..
. ..

. � � � ..
. ..

. ..
. ..

. � � � ..
. ..

.

n bn1 bn2 � � � bnN yn an
1 an

2 � � � an
N On
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belief rules in Tables 2 and 3. When PCs are used for building a BRB,
it is required that the relative weight of the first PC be no less than
that of the second PC, which is in turn no less than the relative
weight of the third PC. So, additional constrains need to be added
when PCs are utilized for building the BRBs in Table 3. Besides,
other forms of objective functions are also possible. Interested read-
ers may refer to Liu, Yang, Ruan, Martinez, and Wang (2008), Xu
et al. (2007) and Yang, Liu, Xu, Wang, and Wang (2007) for different
objective functions and applications of BRBs in other areas.

The above two models (18) and (19) provide two options for
training a BRB system for preference mapping of food and drink
products. It is desirable that preferences provided by a group of
consumers be characterized by belief degrees. In this case, model
(18) should be used because it provides more information and
more accurate parameter estimation than model (19). In the case
that consumer preferences are described only by average ratings
or scores, model (19) can be used.

The parameters of all the BRBs in Tables 2 and 3 are trained by
solving the optimization model (18) or (19). The trained models
can be used to predict consumer preferences for design of new prod-
uct and to set targetvalues for the sensory attributes of new products.

2.4. Prediction of consumer preference and target setting of sensory
attributes

Let xF be the sensory data of a new product. Consumer prefer-
ence for this new product can be predicted by Eq. (14) or (15).
Table 5
Sensory profiles of 27 lemonade products.
The former provides a distribution as the prediction of consumer
preference, while the latter provides an expected value as the aver-
age rating or score of consumer preference for the new product.

In order to design a product preferred by consumers, it is essen-
tial to set a target value for each sensory attribute. Target values
should be determined in a systematic and optimal manner rather
than purely subjectively or experientially. This is important to
the success of a new product.

Suppose there are the m m ¼
PK

h¼1mh

� �
sensory attributes in

Fig. 1. Each attribute may vary within an interval xmin
hj ; xmax

hj

h i
,

where xmin
hj and xmax

hj are the minimum and maximum values that
a sensory attribute Ahj (h = 1, . . .,K; j = 1, . . .,mh) can take. To set a
target value for each sensory attribute, the following two optimiza-
tion models are constructed:

Minimize J3 ¼
XN

j¼1

bkj � anew
j

� �2

Subject to xmin
hj 6 xhj 6 xmax

hj ; h ¼ 1; . . . ;K; j ¼ 1; . . . ;mh;

ð20Þ

Maximize J4 ¼
XN

j¼1

uðCjÞanew
j

Subject to xmin
hj 6 xhj 6 xmax

hj ; h ¼ 1; . . . ;K; j ¼ 1; . . . ;mh;

ð21Þ

where bkj (j = 1, . . .,N) are the consumer preferences for a targeted
(or market leader) food and drink product which is characterized
by belief degrees and anew

j (j = 1, . . .,N) represent consumer



Table 6
Consumer preferences for the 27 lemonade products.
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preferences predicted for a new product. The purpose of model (20)
is to design a new product which is as close to a targeted product as
possible, while the purpose of model (21) is to design a new product
that can maximize consumer preference. Which model should be
used in practice depends upon the manufacturer’s desire and also
its production conditions. This is because although the target values
determined by model (21) can maximize consumer preferences,
they will not be practical if they cannot be realized by the product
process.
3. Application to the retro design of a lemonade product

3.1. Problem description and assessment data

A company designing and manufacturing sensory products in
Northwest England wishes to design a lemonade drink product. Ta-
bles 5 and 6 show the sensory profiles of 27 lemonade drink prod-
ucts and consumer preferences for these products provided by the
company, where the first 26 products are the popular products
available in the market and the last one is the product of the com-
pany. The quality of the 27 lemonades is evaluated by a panel of
nine experts using the 1–9 hedonic rating as shown in Table 1
and is described by distributions. In Table 6, for example, the dis-
tribution assessment of product 1 by the nine experts is given by
{(1,2/9), (3,2/9), (4,3/9), (5,1/9), (6,1/9)}, which reads that two ex-
perts rate the product to grade 1, two to grade 3, three to grade
4, one to grade 5 and one to grade 6. When a sensory expert fails
to rate a product to any of the 9 grades, his/her preference for this
product is uncertain and is treated as zero by the company.

3.2. The BRB system for product quality evaluation

Fig. 2 shows the BRB model structure for quality evaluation of
the lemonade products, in which 12 sensory attributes are grouped
into two categories (taste and aroma) as suggested by the sensory
manager of the company. Since aroma is related to nine sensory
attributes, the direct modeling of them would require a large num-
ber of belief rules. So, PCA is performed to extract principal compo-
nents from the nine attributes. The results are shown in Table 7,
where the first three PCs account for 83% of the total variance of
the data for the nine sensory attributes. So, the first three PCs are
considered to be sufficiently representative of the aroma-type of
nine sensory attributes.

The BRB system consists of three BRB sub-systems: the first one
for the overall consumer preference assessment, the second one for
assessing taste and the third one for assessing aroma. To build the
BRB system, the taste-type of three sensory attributes (sweet,
acidic, and aftertaste) and the aroma-type of three PCs are all as-
sessed using the grades High, Medium, and Low, which are defined
in Table 8. The maximum values of the sensory attributes and PCs
are defined as High, the minimum values as Low, and their averages
as Medium. The maximum and minimum values of the three PCs
are computed by the following linear programming models:
Max=Min F2j ¼ uj1
x21 � �x21ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
varðx21Þ

p
 !

þ � � � þ uj9
x29 � �x29ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
varðx29Þ

p
 !

;

j ¼ 1;2;3

Subject to xmin
2j 6 x2j 6 xmax

2j ; j ¼ 1; . . . ;9:

ð22Þ

The two group attributes (taste and aroma) are intermediate
variables and are also assessed by High, Medium, and Low. Based
on these definitions of grades, 63 belief rules are built in total, 9
of which are for the overall quality assessment as shown in Table
9, 27 for the assessment of taste as shown in Table 10, and also
27 for the assessment of aroma as shown in Table 11. In Table 9,
the input attributes (taste and aroma) are assessed by High, Med-
ium, and Low and the output (Consumer preferences or overall
quality) is assessed by the 1–9 hedonic. In Table 10, the input
attributes (sweet, acidic, aftertaste) and the output (taste) are all



Fig. 2. BRB model structure for quality evaluation of lemonade products.

Table 7
Principal components for nine sensory attributes.

Item Principal components

PC1 PC2 PC3

Eigenvalue 4.725 1.994 0.740
% Variance 52.502 22.161 8.226
Cumulative % 52.502 74.663 82.889

Eigenvector
Carbonation 0.349 �0.017 0.202
Peely 0.338 0.297 0.463
Zesty/citrally 0.411 0.164 0.083
Fruity 0.421 0.044 �0.010
Juicy 0.435 0.059 �0.115
Limey 0.301 0.360 �0.474
Floral �0.161 0.520 �0.543
Soapy/aldehydic �0.232 0.519 0.309
Oxidized �0.241 0.459 0.332

Table 8
Assessment grades for sensory attributes and three PCs.

Grade Sweet Acidic Aftertaste PC1 PC2 PC3

High 74.70 65.33 37.95 4.99 5.059 4.752
Medium 46.46 47.46 21.96 0 0 0
Low 18.21 29.59 6.02 �6.25 �4.428 �5.199
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assessed by High, Medium, and Low. In Table 11, the input attri-
butes (PC1, PC2, PC3) and the output (aroma) are also assessed
by High, Medium, and Low.
3.3. The BRB system training

In all the three BRB sub-systems, the input attributes are
weighted equally. The belief degrees and the rule weights shown
in Tables 9–11 are generated by integrating the three BRB
Table 9
Belief rule base for overall quality assessment of lemonade products.

Rule Rule weight Group attributes Consumer preferences

Taste (0.5) Aroma (0.5) 0 1 2

1 0.101 Low Low 0.103 0.005 0.0
2 0.731 Low Medium 0.111 0.005 0.0
3 0.023 Low High 0.000 0.095 0.1
4 0.635 Medium Low 0.171 0.008 0.0
5 0.318 Medium Medium 0.009 0.423 0.0
6 0.546 Medium High 0.008 0.018 0.0
7 0.079 High Low 0.000 0.006 0.0
8 0.142 High Medium 0.752 0.153 0.0
9 1.000 High High 0.164 0.166 0.6
sub-systems to a single BRB system and training them together
using the sensory data of the first 26 products and the consumer
preferences provided by the nine experts based on model (18).

It can be observed from the trained BRB sub-system shown in
Table 9 that this particular group of nine experts seemingly prefers
the lemonade products with Low taste and Low aroma. They tend
to be neural (rating 5, neither like nor dislike) to the lemonade
products with Low taste but Medium aroma or High taste but Low
aroma. If a lemonade product is of High taste and Medium aroma,
then their preference for it is more likely to be uncertain (rating 0).
This group of expert seemingly dislikes lemonade products with
medium taste and medium aroma. Note that the above observa-
tions are based on the trained BRB sub-system and can be commu-
nicated to the experts. If they disagree with the trained
conclusions, they can modify the beliefs, which will be used as
the starting point for re-train the BRB system. Note that the optimi-
zation problem (18) may have multiple solutions. Providing the
well thought initial values of the parameters for the BRB system
by the experts can lead to a better BRB system in terms of not only
the minimal residual value in model (18) but the closeness to what
the expert thought as well. If it proves that the experts’ intuitive
conclusions for the BRB rules are in conflict with the sensory and
rating data provided, this would provide a basis for further discus-
sions to improve the consistency of the information.

As revealed in Table 10, there may be several ways to design a
lemonade product with Low taste. For example, if sweet, acidic, and
aftertaste are all Low, then taste will be Low as shown by Rule 1 in
Table 10; if sweet and aftertaste are Low, but acidic is Medium, then
taste will still be Low as shown by Rule 4. Similarly, as revealed in
Table 11, there may be several ways to design a lemonade product
with Low aroma. For instance, if PC1 for aroma is High and PC2 for
aroma is Medium, then aroma is Low. These belief rules provide
clear explanations about sensory formation and consumer prefer-
ences for design of lemonade products. Such conclusions may or
may not be what the experts expect. If there is conflict, the BRB
system can be re-trained or updated using new expert knowledge.
This forms a learning cycle which can lead to an improved system
and better performances.

Table 12 shows the consumer preferences calculated by the
trained BRB system for the 26 lemonade products on the same
1–9 hedonic scale plus the zero grade used by the company. The
average ratings are computed using Eq. (15), where the grade
scores are defined as u(0) = 0,u(1) = 1, . . .,u(9) = 9. The fitting per-
formance of the BRB system to the sensory data is measured by
the mean absolute error (MAE) and mean absolute percentage er-
ror (MAPE), which are defined as follows:

MAE ¼ 1
n� N

Xn

i¼1

XN

j¼1

bij � ai
j

			 			� 100; ð23Þ

MAPE ¼ 1
n

Xn

i¼1

yi � Oi

yi

				
				� 100: ð24Þ
3 4 5 6 7 8 9

07 0.002 0.107 0.043 0.005 0.254 0.365 0.107
05 0.060 0.007 0.782 0.026 0.001 0.003 0.000
32 0.240 0.458 0.013 0.050 0.003 0.004 0.005
07 0.033 0.039 0.003 0.614 0.124 0.001 0.002
07 0.529 0.000 0.007 0.009 0.005 0.005 0.005
00 0.013 0.891 0.000 0.042 0.010 0.007 0.011
27 0.045 0.002 0.913 0.000 0.003 0.001 0.003
41 0.047 0.002 0.002 0.004 0.000 0.000 0.000
00 0.000 0.000 0.000 0.015 0.055 0.000 0.000



Table 10
Belief rule base for taste.

Rule Rule weight Sensory attributes Taste

Sweet (1/3) Acidic (1/3) Aftertaste (1/3) Low Medium High

1 1.000 Low Low Low 0.932 0.000 0.068
2 0.830 Low Low Medium 0.000 0.039 0.961
3 1.000 Low Low High 0.083 0.693 0.224
4 0.872 Low Medium Low 0.994 0.000 0.006
5 1.000 Low Medium Medium 0.002 0.998 0.000
6 0.202 Low Medium High 0.022 0.909 0.069
7 1.000 Low High Low 0.349 0.332 0.319
8 0.899 Low High Medium 0.452 0.319 0.229
9 1.000 Low High High 0.333 0.333 0.333

10 0.250 Medium Low Low 0.067 0.933 0.000
11 0.169 Medium Low Medium 0.000 0.564 0.436
12 0.070 Medium Low High 0.000 0.000 1.000
13 0.120 Medium Medium Low 0.841 0.000 0.159
14 0.026 Medium Medium Medium 0.000 0.779 0.221
15 1.000 Medium Medium High 0.000 0.000 1.000
16 0.342 Medium High Low 0.758 0.040 0.202
17 0.797 Medium High Medium 0.820 0.169 0.011
18 0.923 Medium High High 0.488 0.117 0.395
19 0.290 High Low Low 0.000 1.000 0.000
20 0.648 High Low Medium 0.979 0.008 0.013
21 1.000 High Low High 0.333 0.333 0.333
22 0.088 High Medium Low 0.867 0.000 0.133
23 0.001 High Medium Medium 0.301 0.000 0.699
24 1.000 High Medium High 0.367 0.304 0.329
25 1.000 High High Low 0.000 0.200 0.800
26 1.000 High High Medium 0.972 0.000 0.028
27 1.000 High High High 0.574 0.136 0.291

Table 11
Belief rule base for aroma.

Rule Rule weight Principal components for aroma Aroma

PC1 (1/3) PC2 (1/3) PC3 (1/3) Low Medium High

1 1.000 Low Low Low 0.020 0.000 0.980
2 1.000 Low Low Medium 0.000 0.772 0.228
3 1.000 Low Low High 0.354 0.339 0.306
4 0.483 Low Medium Low 0.000 0.030 0.970
5 0.097 Low Medium Medium 0.000 0.011 0.988
6 0.775 Low Medium High 0.000 0.379 0.621
7 1.000 Low High Low 0.036 0.305 0.659
8 0.800 Low High Medium 0.000 1.000 0.000
9 0.318 Low High High 0.000 1.000 0.000

10 0.483 Medium Low Low 0.837 0.163 0.000
11 0.576 Medium Low Medium 0.674 0.000 0.326
12 1.000 Medium Low High 0.000 0.113 0.887
13 0.217 Medium Medium Low 0.848 0.152 0.000
14 0.000 Medium Medium Medium 0.300 0.000 0.700
15 0.143 Medium Medium High 0.304 0.023 0.673
16 1.000 Medium High Low 0.000 0.007 0.993
17 0.048 Medium High Medium 0.029 0.000 0.971
18 0.603 Medium High High 0.867 0.133 0.000
19 1.000 High Low Low 0.907 0.058 0.035
20 1.000 High Low Medium 0.058 0.715 0.227
21 1.000 High Low High 0.000 0.150 0.850
22 1.000 High Medium Low 1.000 0.000 0.000
23 0.251 High Medium Medium 1.000 0.000 0.000
24 1.000 High Medium High 0.959 0.041 0.000
25 1.000 High High Low 0.400 0.234 0.365
26 0.648 High High Medium 0.461 0.000 0.539
27 1.000 High High High 0.748 0.146 0.106
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It can be computed that MAE and MAPE for the consumer pref-
erences characterized by the belief degrees on the grades 0 and 1–9
is 0.041 (i.e. 4.1%) and 8.82%, respectively. So, the average fitting
accuracy for the 26 lemonade products is 91.18%. The fitting results
are visualized in Fig. 3, which gives a clear picture of the fitting
performance of the BRB methodology.
3.4. Prediction of consumer preferences and target setting

Based on the developed BRB system, the prediction of consumer
preferences for the lemonade product of the company is given by
3.23, while the nine experts’ actual average rating for this product
is 3.11. The prediction accuracy for this test product is about



Table 12
Fitted consumer preferences for the 26 competitive lemonade products.

Product Belief degrees Average rating

0 1 2 3 4 5 6 7 8 9

1 0.000 0.222 0.000 0.222 0.333 0.111 0.111 0.000 0.000 0.000 3.37
2 0.222 0.000 0.000 0.000 0.111 0.333 0.222 0.000 0.111 0.000 4.68
3 0.222 0.000 0.000 0.000 0.111 0.000 0.444 0.222 0.000 0.000 5.11
4 0.222 0.000 0.000 0.111 0.222 0.000 0.444 0.000 0.000 0.000 4.52
5 0.000 0.000 0.222 0.000 0.222 0.111 0.444 0.000 0.000 0.000 4.39
6 0.000 0.000 0.111 0.222 0.000 0.222 0.333 0.111 0.000 0.000 4.63
7 0.111 0.111 0.222 0.222 0.111 0.222 0.000 0.000 0.000 0.000 2.89
8 0.111 0.333 0.111 0.333 0.000 0.111 0.000 0.000 0.000 0.000 2.29
9 0.222 0.000 0.000 0.000 0.000 0.556 0.000 0.000 0.222 0.000 4.71

10 0.111 0.111 0.111 0.111 0.333 0.000 0.111 0.111 0.000 0.000 3.67
11 0.111 0.000 0.000 0.000 0.111 0.111 0.111 0.222 0.333 0.000 6.00
12 0.222 0.222 0.111 0.222 0.222 0.000 0.000 0.000 0.000 0.000 2.65
13 0.111 0.000 0.111 0.111 0.000 0.222 0.222 0.111 0.000 0.111 4.48
14 0.222 0.000 0.444 0.000 0.000 0.000 0.111 0.222 0.000 0.000 2.57
15 0.111 0.000 0.000 0.000 0.167 0.056 0.000 0.111 0.333 0.222 6.20
16 0.111 0.222 0.444 0.000 0.000 0.222 0.000 0.000 0.000 0.000 2.62
17 0.222 0.111 0.000 0.000 0.222 0.000 0.444 0.000 0.000 0.000 4.31
18 0.111 0.111 0.111 0.111 0.333 0.111 0.111 0.000 0.000 0.000 3.31
19 0.111 0.222 0.333 0.000 0.222 0.000 0.111 0.000 0.000 0.000 2.63
20 0.111 0.000 0.111 0.000 0.222 0.000 0.222 0.111 0.111 0.111 4.86
21 0.111 0.000 0.000 0.000 0.222 0.111 0.111 0.333 0.111 0.000 5.19
22 0.222 0.000 0.000 0.000 0.111 0.111 0.222 0.333 0.000 0.000 5.33
23 0.000 0.000 0.111 0.111 0.222 0.333 0.111 0.000 0.111 0.000 4.05
24 0.111 0.000 0.056 0.056 0.222 0.222 0.111 0.111 0.111 0.000 4.90
25 0.111 0.111 0.000 0.000 0.000 0.056 0.167 0.222 0.333 0.000 5.70
26 0.000 0.111 0.000 0.000 0.000 0.111 0.333 0.222 0.111 0.111 5.24

Fig. 3. Fitting performance of the BRB methodology for the 26 competitive
lemonade products.

Table 13
Compare predictions of consumer preference for the lemonade product.

Method Actual mean
score

Predicted mean
score

Accuracy
(%)

BRB methodology 3.11 3.23 96.32
ANN (12-10-1) 3.11 3.19 97.46
Multiple linear

regression
3.11 2.62 84.09

Table 14
Target values for 12 sensory attributes of lemonade products.

Sensory
attribute

Minimum Maximum Target values

Solution
1

Solution
2

Solution
3

Solution
4

Sweet 18.21 74.7 21.11 21.90 29.85 18.21
Acidic 29.59 65.33 46.44 46.45 46.45 45.40
Aftertaste 6.02 37.95 6.02 6.02 6.02 6.02
Carbonation 24.90 50.87 43.03 50.49 50.22 50.14
Peely 13.52 44.31 41.33 44.22 31.97 27.88
Zesty/citrally 11.30 65.19 47.52 49.44 50.33 55.56
Fruity 10.69 50.74 20.07 14.53 47.86 27.89
Juicy 4.99 51.94 45.97 22.37 14.75 21.94
Limey 7.23 45.63 24.31 45.51 18.23 40.39
Floral 3.27 43.57 24.76 16.33 31.19 11.72
Soapy/

aldehydic
9.29 49.8 24.92 15.07 24.15 37.02

Oxidized 10.67 47.29 10.87 15.17 18.44 13.54
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96.32%, which shows the BRB system performed quite well. Table
13 provides a comparison about the predictions of consumer pref-
erences for the same product generated by artificial neural net-
works (ANN) and multiple linear regression (MLR) analysis,
where the structure of neural networks was optimized with 10
hidden neurons. It is observed that MLR is apparently not as good
as the BRB system and ANN in terms of prediction accuracy.
Although ANN performs slightly better than the BRB system, it can-
not be used for supporting the retro design of food and drink prod-
ucts. What is a more of a concern to the practitioners is that ANN
provides the prediction through black box simulation, so it is not
possible to scrutinize how such prediction is achieved, whilst the
reasoning process of the BRB system is transparent and its reason-
ing logic can be directly examined, as discussed above.

The trained BRB system shown in Tables 9–11 can then be used
for setting target values for the 12 sensory attributes of lemonade
products. The results are shown in Table 14, where the target val-
ues are obtained by solving model (21). It can be found that there
are multiple optimal solutions to model (21). This is consistent
with the above-mentioned analysis that there are several ways to
design lemonade products with Low taste and aroma. Multiple
solutions provide flexibility for the retro design of lemonade prod-
ucts and allow the company to design different new products.
Through setting target values, consumer preferences for new lem-
onade products can be improved, for example from 3.11 to 6.37 for
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the lemonade product of the company. This shows the important
feature of the BRB methodology in supporting the retro design of
food and drink products.

4. Conclusions

Rapid and accurate identification of consumer demands and
systematic assessment of product quality are very important to
manufacturers. In this paper we investigated a novel belief rule-
based (BRB) methodology for predicting consumer preferences in
the retro-fit design of food and drink products. The BRB methodol-
ogy links consumer preferences for food and drink products with
their sensory attributes through a group of BRB models, which
can be trained and validated using sensory data and consumer
preferences data. The trained belief rule bases can then be used
for predicting consumer preferences for a new product or setting
target values for the product attributes to support product retro-
design. A case study was conducted for the applications of the
BRB methodology to supporting the retro design of lemonade prod-
ucts. The study shows that satisfactory consumer preference accu-
racy can be achieved and the consumer preferences for new
product can also be predicted accurately. Also, significant improve-
ment in consumer preferences can be made by setting target val-
ues for the sensory attributes of lemonade products.

In comparison with some existing methodologies for preference
mapping in design of food and drink products, the BRB methodol-
ogy has the following unique features:

� BRB models are transparent and their input–output relation-
ships characterized by belief rules are interpretable and easy
to understand, whilst ANN models are black boxes in nature
and their input–output relationships cannot be interpreted or
verified explicitly.
� BRB models can accommodate expert knowledge explicitly,

while ANN models do not have such capability. In other words,
expert knowledge can be incorporated into BRB models (18)
and (19) as constraints, or the initial values of the training
parameters in these BRB models can be set by experts intui-
tively whenever possible, leading to an expert-data driven
BRB system.
� BRB models allow their outputs to be either average values or

distributions, while ANN or MLR models can only use average
values as outputs and have no way to model distributions. The-
oretically, ANN could model multiple outputs, but there is no
guarantee that the outputs of an ANN model can meet some
required conditions such as the normalized belief degrees, rule
weights and attribute weights.
� BRB models can be used to set target values for product attri-

butes and therefore to support product retro-fit design, while
ANN models do not have such capability.
� BRB models can handle uncertainty such as incomplete infor-

mation although this has not been discussed in this paper, while
ANN or MLR models cannot.
� BRB models can identify what belief rules cannot be learned by

the given data sets and what samples or products cannot be
predicted with confidence, but ANN or MLR models cannot pro-
vide such information and may generate false prediction that
cannot be learned from the training samples.

In summary, the BRB methodology provides a novel and sys-
tematic way for modeling and predicting consumer preferences
and setting target values for food and drink products, thereby
providing useful decision support to the retro design of food and
drink products. It should be noted, however, that the structure of
a BRB system needs to be designed carefully to avoid creating
too complex a system, although, as discussed in this paper, group-
ing sensory attributes using domain specific or expert knowledge
and conducting principal component analysis provide useful ways
to simplify a BRB system.
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