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

Results from diagnostic attributes 
are not always actionable

What is the percentage of consumers 
required on the too little or too much 
side to consider an attribute to be at a 
inappropriate level?
If an attribute is not at its optimal 
level, does that have an impact on 
product liking?
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Diagnostic results
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Introduction
Simple graphical 
method for assessing 
the cost associated with 
having an attribute not 
at its optimum level

A graphical technique, 
understandable to 
managers
Ignoring correlations 
among attributes
Not a regression method
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Penalty Analysis
Consumers are split 
is 3 groups (TL, JAR, TM)

Penalties not 
calculated if 
proportion of 
consumers is less 
than 20%
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Penalty Analysis
The major limitations of penalty analysis are:

The fact that categories below and above JAR level are 
collapsed (i.e. because n is often not large enough 
within a single category)
Collinearities between variables are being ignored.  
Does not allow the application of preference mapping 
concepts since it is not a regression method
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Penalty Analysis
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Are penalties significantly different from 0?  This is of 
importance to determine which attributes should be 
modified. S



Objective
Apply bootstrap (and Jacknife) re-
sampling to penalty calculations to 
allow statistical testing (h0: Yjar-
YTLorTM=0) of the penalties or mean 
drops.
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Original Data Set

1 2 3 B

MeanDropTooLittle=4.4
MeanDropTooMuch=0.07

MeanDropTooLittle=4.2
MeanDropTooMuch=-
1.05

MeanDropTooLittle=5.3
MeanDropTooMuch=0.4
7

MeanDropTooLittle=4.17
MeanDropTooMuch=0.17

MeanDropTooLittle=4.7
MeanDropTooMuch=-0.13

For “Too Little”, bootstrap mean=4.19, bootstrap standard error=1.63
For “Too Much”, bootstrap mean=-0.13, bootstrap standard error=0.72

For “Too Little”, adjusted bootstrap mean=2*(4.17)-(4.19)=4.15
For “Too Much”, adjusted bootstrap mean=2*(-0.13)-(-0.13)=0.13

For “Too Little”, t=4.15/1.63=2.546,  p value=0.0314
For “Too Much”, t=-0.13/0.72=-0.181,    p value=0.8604

FIG. 2.
SCHEME FOR BOOTSTRAPPING PENALTY ANALYSIS WITH 

BOOTSTRAP REPLICATIONS OF B=10,000
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Bootstrap
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TABLE 1.
PERCENT OF CONSUMERS AND SUM OF 

OVERALL LIKING SCORES FOR SALTINESS FOR 
PRODUCT A ON A 5-POINT JAR SCALE

100.00157Total

365.7395

15920.38324

63359.24933

8711.46182

103.1851

Sum of overall 
liking scores

Percent (%) 
of consumers

FrequencyJAR scale

S



TABLE 2.
PERCENT OF CONSUMERS, MEAN OF OVERALL LIKING 

SCORES AND MEAN DROPS FOR SALTINESS FOR 
PRODUCT A ON A COLLAPSED 3-POINT JAR SCALE*

2.05=6.81-4.764.76=(159+36)/(32+9)26.114, 5Too Much

6.81=633/9359.243JAR

2.59=6.81-4.224.22=(10+87)/(5+18)14.651, 2Too Little

Mean dropMean of liking scoresPercent 
(%) of 

consumers

JAR 
scaleCollapsed 

JAR scale

* Calculations are based on TABLE 1.
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TABLE 3.
TOTAL MEAN DROPS, AVERAGED MEAN DROPS AND 
OBSERVED MEANS OF OVERALL LIKING FOR ELEVEN 

PRODUCTS (A, B, …, K)

8.18.28.78.58.78.78.28.88.28.48.1JAR mean

6.16.37.17.47.37.36.87.47.37.35.9Observed mean of 
overall liking

2.22.21.81.41.61.61.61.61.11.32.495% upper confidence 
limit

1.71.61.40.91.21.21.21.20.81.01.995% lower confidence 
limit

0.720.870.580.570.590.610.540.550.440.470.72Standard deviation

2.01.91.61.11.41.41.41.40.91.12.2Product mean drop

63.359.350.236.344.444.443.243.23036.769.4Total mean drop

KJIHGFEDCBAX
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FIG. 2
PENALTY AND BOOTSTRAP PENALTY ANALYSES FOR 

PRODUCT C 
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FIG. 3. 
HISTOGRAM OF THE MEAN DROPS FOR “TOO MUCH” 

FLAVOR FOR PRODUCT A: (a) BOOTSTRAP REPLICATIONS 
OF 1000 AND BOOTSTRAP REPLICATIONS OF 10,000
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How to compute Bootstrap Penalties?

An add-on to Excel is available upon 
request jfmeull@uark.edu
Need Microsoft Excel 2002 or higher
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Conclusions
Testing the significance of penalties 
constitutes an improvement
However, the method is still flawed from the 
point of view that collinearities are ignored
Penalties do not add up!
The integration of PLS and penalty 
concepts will provide more realistic 
estimations of product improvements 

S



Thanks to Richard Popper for 
providing the data and for useful 

insight on penalty analysis
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