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Hedonic and JAR (just-about-right) scales          
are widely used together to provide directional 
information for product reformulation or 
optimization

Introduction

Like extremely

Like very much

Like moderately

Like slightly
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Too weak
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Introduction
Penalty analysis

A graphical technique, understandable to managers
Ignoring correlations among JAR-scale attributes
Not a regression method

MARS (multivariate adaptive regression splines)
Regression method
Not an apropriate method to deal with correlations among 
JAR-scale attributes

PLS (partial least squares) linear regression
A good method to handle collinearity problems
Not appropriate using original JAR-scale attributes



Introduction

Dummy variables
Regression model requires numerical variables
Categorical variables must be converted to numerical 
variables (called dummy variables) before using any 
regression models (for example, gender can 
represented by Z=0 for male and Z=1 for female, 
where Z is a dummy variable and can be used in 
regression models)
Dummy variables have not been used for JAR-scale 
attributes with PLS models



Objective

To develop the dummy variable approach that 
transforms each of original JAR-scale variables 
into a pair of dummy variables that are then used 
to model the relationship between liking and JAR 
scores



Likings VS JAR Data
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PLS Linear Regression 
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PLS Linear Regression 
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PLS Linear Regression 
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Dummy Variables
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Scheme for Two Dummy Variables 
Using a 5 point JAR Scale

Dummy variablesOriginal variable

-2205

-1104

0003

-10-12

-20-21

Z=Z1-Z2Z2Z1X



Dummy variablesOriginal variable

-1105
-2206
-3307

0004
-10-13
-20-22
-30-31

Z=Z1-Z2Z2Z1X

Scheme for Two Dummy Variables 
Using 7 point JAR Scale



Paired dummy variables can be used with
Regular linear regression
Analysis of covariance
PLS or PC regression
Logistic regression
Other regression models

Use of Dummy Variables



Principle Components (PC)

Original variables

ipipiiiii XaXaXaPC +++= ...2211 (i=1,2,3, …, p)

Dummy variables
( ) ( ) ( )22112222212112121111 ... ipipipipiiiiiiiii ZbZbZbZbZbZbPC ++++++=

(i=1,2,3, …, p)



PLS Regression Models

Original variables

pp XbXbXbb ++++= ...22110

qq PCaPCaPCaaY ++++= ...22110 (q≤p)

Dummy variables
qq PCaPCaPCaaY ++++= ...22110

( ) ( ) ( )221122222121121211110 ... pppp ZbZbZbZbZbZbb +++++++=

( ) ( ) ( )221122222121121211110 ... pppp ZbZbZbZbZbZbbY +++++++=



Data Set

A published data set provided by Popper (2003) for the 
JAR Data Workshop of the 5th Pangborn Sensory Science 
Symposium 
157 consumers
11 products (A, B, C,…, K): A is competitor’s product, 
B-K are prototypes.
Overall liking (9-point hedonic scale)
16 JAR-scale attributes (5-point scale)



Statistical Analysis

PLS models using 16 original JAR variables
PLS models using 32 paired dummy variables
PLS models were fitted separately for each product
Unscrambler and SAS statistical packages were used
Jackknife optimization method in the Unscrambler
was used to select important variables



Results
PLS model (original JAR variables) for Product A
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(original JAR variables) for Product A



Results
PLS model (dummy variables) for Product A



Results

-0.15

-0.10

-0.05

0.00

0.05

0.10

0.15

Th
ic

k 
A

pp
 1

Th
ic

k 
A

pp
 2

C
ol

or
 1

C
ol

or
 2

A
m

t V
eg

et
ab

le
 1

A
m

t V
eg

et
ab

le
 2

Si
ze

 V
eg

et
ab

le
 1

Si
ze

 V
eg

et
ab

le
 2

A
ro

m
a 

1

A
ro

m
a 

2

Fl
av

or
 1

Fl
av

or
 2

To
m

at
o 

1

To
m

at
o 

2

G
ar

lic
 1

G
ar

lic
 2

H
er

b 
1

H
er

b 
2

Sw
ee

tn
es

s 
1

Sw
ee

tn
es

s 
2

Sa
lti

ne
ss

 1

Sa
lti

ne
ss

 2

So
ur

ne
ss

 1

So
ur

ne
ss

 2

H
ea

t 1

H
ea

t 2

Th
ic

kn
es

s 
1

Th
ic

kn
es

s 
2

C
hu

nk
in

es
s 

1

C
hu

nk
in

es
s 

2

Fi
rm

ne
ss

 1

Fi
rm

ne
ss

 2

Dummy Attributes

W
ei

gh
te

d 
re

gr
es

si
on

 c
oe

ff
ic

ie
nt

s

Weighted regression coefficients of the PLS model 
(dummy variables) for Product A



Results 
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Relationships between likings and JAR 
data for Product A

Original JAR variables
Dummy variables
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Thin appearance

Thin texture
Not sweet 
enough

Too strong 
flavor

Too sour
Too weak 
garlic flavor

These attributes 
caused a mean drop 
of 1.12 out of the 
total of 2.44

( ) ( ) ( )2,162,161,161,1622222121121211110 ... ZbZbZbZbZbZbbY ++++++=



Results
Predicted mean drops for 11 products due to JAR-

scale attributes not being just-about-right
KJIHGFEDCBA

2.241.941.230.900.831.051.320.840.520.982.44
Mean 
Drop

6.146.307.147.437.337.346.827.447.277.315.89
Predicted 

Mean

6.146.307.147.437.337.346.827.447.277.315.89
Observed 

Mean

8.388.248.378.338.168.398.148.287.798.298.33Intercept

Min Max



Conclusions
Dummy variables can be used with many 
regression models
It provides penalty-analysis-like graphical 
presentation of relationships between JAR-scale 
and liking variables 
Unlike penalty analysis, it estimates the “true” 
mean drop of overall liking due to an attribute 
not being JAR
Drawback is that you have to transform JAR 
variables into paired dummy variables
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