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Overview

Clusters are influenced by response coding and clustering algorithm.
So you have to choose what you want.

Our goal: Cluster consumers who differentiate delightful products
in the same manner.

Conventional approaches fail to achieve this goal.

We propose a new approach for finding consumer clusters that
achieves this goal...

161 consumers
6 whole-grain breads

Williams design
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: at colection described in
. Meyners, M., Castura, J.C., & Carr, B.T. (2013). Existing and
new approaches for the analysis of CATA data.

Food Quality and Preference, 30, 309-319. ] Central location

Data available in

Castura, J.C. (2022). cata: Analysis of Check-All-that-Apply
(CATA) data. R Package Version 0.0.10.4. https://CRAN.R-
project.org/package=cata
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9-point hedonic scale

Dislike Dislike Dislike Dislike Neither like Like Like Like Like
extremely very much moderately slightly nor dislike slightly moderately very much extremely

Peryam, D.R., & Girardot, N.F. (1952). QM pins food “likes” and “dislikes” with advanced taste-test method.
Food Engineering, 24, 58-61 & 194.

All consumers (no clustering)
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V4 .
Ward’s method (hedonic responses coded 1 to 9)
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Ward’s method (hedonic responses coded 1 to 9)
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k-means (hedonic responses centred and scaled)
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lllustrative (toy) example

From a manuscript in preparation for Journal of Sensory Studies titled
Clustering consumers based on their hedonic responses
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b;cluster analy5|s'

For details on this method, see "..e_, 3

Castura, J.C., Meyners, M., Varela, P.A., & Nas, T. (202

Clustering consumers based on product discrimination in check-all-that-apply (CATA) data.

Food Quality and Preference, 99, 104564.

which is available in an R package

Castura, J.C. (2022). cata: Analysis of Check-All-that-Apply (CATA) data. R Package Version
0.0.10.4. https://CRAN.R-project.org/package=cata

McNemar’s test

(nyo — n01)2
Nnyp + Npg

Z% =

Checked for B Not Checked for B

Ny
Checked for A A not B

Ny
Not Checked for A Neither A nor B
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Top-3 box coding (top-k box with k=3)

Dislike Dislike Dislike Dislike Neither like Like Like Like
extremely very much moderately slightly nor dislike slightly moderately very much

-1 1 J 1 1 | | |
G N\ J

Y Y
0 1

McNemar’s test for Top-3 Box coding

_ (n10 — np1)*
Nnig + Npyp

ZZ

Top-3 Box for A N10

A notB

n n
Not Top-3 Box for A 01 00
P B not A Neither A nor B

Top-3 Box for B Not Top-3 Box for B
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Raw / numerical coding

Dislike Dislike Dislike Dislike
extremely very much moderately slightly

Neither like
nor dislike

Like
slightly

Like
moderately

Like
very much

Like
extremely

1 2 3 4 5 6 7 8 9

Top-3 numerical coding

Dislike Dislike Dislike Dislike
extremely very much moderately slightly

Neither like
nor dislike

(G

Like
slightly

J

N

Like
moderately

7

Like
very much

8

Like
extremely
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McNemar’s test adapted for hedonic data

_ (ny0 — np1)?
nig + Np1

ZZ

Response for B

Response for A
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Raw / numerical coding

Dislike Dislike Dislike Dislike
extremely very much moderately

Neither like Like
slightly nor dislike slightly

1 2 3 4 5 6

Like Like Like
moderately very much extremely

7 8 9
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b-cluster analysis (based on raw data)
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Top-3 numerical coding

Dislike Dislike Dislike Dislike
extremely very much moderately slightly

Neither like Like Like
nor dislike slightly
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b-cluster analysis (based on Top-3 numerical coding)
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Top-3 box coding
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b-cluster analy5|s (based on Top-3 box coding)
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b-cluster analysis

Based on raw data
9-point scaledata: 1, 2, 3,4,5,6,7,8,9

Based on Top-3 numerical coding
9-point scale data: 0,0,0,0,0,0,7,8,9
Based on Top-3 box coding
9-point scale data: 0,0,0,0,0,0,1,1, 1

More product
A differences retained

I More within-cluster

: product differences

| &

: Bigger differences

I between clusters

I &

: Highly interpretable
v clusters

Less product

differences retained

Takeaways

So you have to choose what you want.

in the same manner.

Clusters are influenced by response coding and clustering algorithm.

Our goal: Cluster consumers who differentiate delightful products

Conventional approaches fail to achieve this goal.

Our approach finds consumer clusters that achieves this goal.

Clustering consumers based on their hedonic...

22



John Castura Tormod Naes

Compusense Inc. Nofima AS
Canada / Norway
@) Compusense. J Nofima
Acknowledgments & thanks to Michael Meyners (P&G, Germany)

Terhi Pohjanheimo (Aistila Oy, Finland)
Paula Varela (Nofima, Norway)

Clustering consumers based on their hedonic...

23



