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Overview

e ConsumerCheck software

» Overview

» Data sets for PCA and preference mapping
» PCA

» Preference mapping

» Example (apple data)
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ConsumerCheck ﬁu

Standalone software dedicated for analysis of consumer data

PanelCheck-like software
» easy-to-use
» Flexible
» dedicated for sensory practitioners

Visualize and analyze your data fast and efficient!

Classical and advanced statistical methods:
» Basic statistics (plots/tables)
> PCA
» Preference mapping (PLSR, PCR)
» Conjoint analysis (mixed effects models)
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ConsumerCheck GUI

Basic stat liking PCA

Import data
&3 CongumerCheck
File Y Help

Prefmap P

LSR/PCR

L= B |

|? data_l_gda

% data_1_liking

Datasets | Basicstatlking | PCA | Prefmap | PLSR/PCR | Conjoint

4 | Datasets Id: 104
2 ham_consumer_attributes Data set name:
._'5'-3 ham_consumer_liking data_1_qda
& ham_design Data set type:

Descriptive analysis [ sensory profiling

Data set summary

Fows @1 5
Missing: 0
Min :1.14
Mean :4.04

Cols : 14
Total : 70
Max 737
5TD :1.23
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ConsumerCheck ﬁu

Example: Apple data

5 apples
108 consumers

Assessors scored
the same 5 apples
according to 14
attributes _

——

Consumer liking data

Sensory profiling data
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PCA / Prefmap data sets

'%mh ==

o |
q
c

Mam Q&ttrl \ Attr 2 Attr 3 Attrd i
F rodl ................. Elg? \ 4Igﬂ 4I41 alﬂ algg
Prod 2 283 4.98 438 3.07 3.94
Prod 3 4,24 4.58 501 3.58 3.83
Prod 4 121 &.92 5.27 3.53 ERN
rod 5 4,30 4\45 4,83 349 4.03
/
)\| J | \ b
N \

[ \ Coa\y to dipboard ]
\ \

Products Attributes

Data need to be balanced:

ALL assessors need to have tested ALL

products

ALL consumers need to have tested ALL

products

>
Consumer ==
CHECK >
&2 data 1 liking = [ | (]
[ Nopes < CT c2 c3 T
Prodl\ 12 4\ 2 7
Prod 2 4 7\ 4 3
Prod 3 3 3\ 2 5
Prod 4 5 9\ 6 4
Prod 5 1 2\ 1 3
- \ r
~ \
[ \ Copy to di}gbnard ]
\ \ o
Product \
Consumers
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PCA - Recap

18.08.2015

Average consensus

/e
0.0
Scores plot

Oliver Tomic | Nofima | Norway

PCA
V

\ 4

Consurner

CHECK

Loadings plot

 — |
q
| e
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Systematic

variation

o |
q
c

i

X

X: data matrix

T. PCA scores

P: PCA loadings

E: residuals /noise

= TP + E

Principal Components (PC’s) describing
the systematic variation in the data
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ConsumerCheck PCA GUI

Tree control for the plots

DTU

>
o
o

Consurner

CHECK

By checking the Standartize checkbox

All variables in the data are standardised

Such that they have zero mean and a standard deviation
Equals to one. If unchecked, then only mean centered

/

1 vmur Y A — - er u u

% CohsurnerCheck
File/ Help

o -5 wS)

Datasets | Basicstatliing | PCA | Prefmap | PLSR/PCR | Conjoint

4| 1) Pca
4 data_l_gda
4 £ Overview plot
Scores
Loadings
Correlation loadings
Explained variance
4 [ data_1_liking
4 £ Overview plot
Scores
Loadings
Correlation loadings
Explained variance

Select data set
[] ham_consumer_attributes
[] ham_consumer_liking
data_1_gda
data_1_liking

Standardise: [
PCtocalc: 2

(] 10

Variables with
zero variance
Across objects
(rows)

Are left out

AN

How many PC to
compute?
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PCA (sensory profiling data)— Overview plot

% PCA data_1_qda | Overview - ConsumerCheck

PCA Scores
Loadings
Correlation loadings
Explained variance

Consumer

CHECK

-
|

PC2 (9%)

(=]

0.75

PC2 (9%)
[=]

-0.75

Show labels:

Scores

Prod 4

St

] —
-3 -2 -1 1] 1 2 3 4
PC1 (90%)

Correlation loadings

Attrftr 3

Attral
Attr 12

Attr

b

1 T
-1 -075-05-025 0 025 05 075 1

PC1 (90%)

0.4

0.2

PC2 (9%)

-0.2 <

—-
(=]
(=]

=]
=

Explained variance [%]

(=]

=]
(=}
|

B
(=]
|

[
(=]
1

# of principal components

Loadings
Attr 1
L]
Attr 12
B Attr 3
A Ry 7
Bitr 5
1 ®| astes
-
Attr
Attr 9 ]
[]
Attr AT 13
. -
it
L
| | | }
1] 0.2 0.4 0.6 0.8
PC1 (90%)
Explained variance
R
— Calibrated
T| - — - Validated
i
/
.
I
/
| I.:‘
i
/
f
/
| | | |
1] 1 2 3 4 5

[[H[oz B =& %

=] W

T T T

Tl

i i Tk

i
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Consumer

CHECK
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PCA (sensory profiling data) — Scores
. % PCA data_1_gda | Scores - ConsumerCheck E\@

Scores

Visualizes how objects oila
(products) '
Are distributed across
space

Spanned by two principal
components (PC)

Prod 3
.

PC2 (9%)

Prod 5
.

PC1 and PC2 describe ’
99% of the variation in the data

Product 3 and 5 are very
similar

Products 1,2,4 are very L
different from 3 and 5

Prod 2
14 Prod 1
-

[u] 1 2 3 4
PC1 (90%)

Scroll to zoom and drag to pan in plot.

ﬁ * -EE— ﬁ & Equal scale axis: [] Show labels:

ﬁ ['u'iew result iable] [Previous pk:t] [ Mext plot ]
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m - o ~ 3 £ N a toxaod NA 1 — ot N - - 1
1eNArTMeaenT OotrT ANdDliar VIATNEMATICS AN L O NDIITAI [a)
l)x.},/(,:.“l‘..,,lll Ol Applied | iathematiCcsS and Lomputer >cience

PCA (sensory profiling data) — loadings

Visualizes how the
variables (sensory
attributes) contribute to
the variation in the data

Attribute 4 contributes
much to the variation
explained by PC1

PC2: attributes 5,10 versus 1,2,3,12

Scroll to zoom and drag to pan in plat.

é * -a} ﬁ & Equal scale axis: [] Show labels:

ﬁ "u'iew result Eblel ’Previcus plot] ’ Mext plot ]

ce
) >
Consumer o
CHECK >
% PCA data_ 1_gda | Loadings - ConsumerCheck EI@
Loadings
Attr 1
-
Attr 12
04+ n
Attr 3
Attr 2 .
* Attr 7
.
Artr 6
-
02+
— Attt 8
o - .
&~
=
N
E Attr 14
i Attra
-
Attr 1].J'ltl:r 13
-
-0.2 +
Attr 5
Attr 10
-
f f f f
a 0.2 0.4 0.6 0.8
PC1 (90%)
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PCA — correlation loadings

<=
Consumer ==
CHECK >

Provides information on
how systematic the
variance of a variable is
with regard to the
computed PC’s

Correlation loading =
correlation between the
original data of a specific
variable and the scores of a
specific PC

The outer ring represents
100% of the variance
The ionnder 50%

% PCA data_1_gda | Correlation loadings - ConsumerCheck E'@
Correlation loadings
11 Attr 7 Attr 3
A .
phit 1
075 Attr 12
T2
05 + Attr 8
025 +—
£ Attr 14
a, 0 arba
™
U
o

- 7
AR 1]
-0.25 +
-05 +
-0.75 +
A
Attr 10
.
-1 4
I
1

1 |
-1 -0.75 -0.5 -0.25 v} 0.25
PCL (90%)

Scroll to zoom and drag to pan in plot.

¢ * *H} ﬁ & Equal scale axis: [ | Show labels:

ﬁ [View result Eble] [Previcus plot] [ Mext plot ]

0.5

0.75

1

The two rings in the correlation
loadings plot indicate amounts
of explained variance for the attribute at hand
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PCA - explained variances

Visualizes calibrated and v
validated explained variances

The validated explained
variance is computed by
systematically leaving out
objects/rows from the data,
then computing new PCA
models and using the new
loadings

to predict values of the data
that were left out. The closer
the predictions of the left out
data are to the real values of
the left out data, the more
robust the model.

Consumer

% PCA data_1_gda | Explained variance - ConsumerCheck EI@
Explained variance
100 —
— Calibrated | —
- — - Validated
[
|'l-
80 4 f;
{
I
{
I|'
/!
—_ /I
S .'
— &0 1 i
@ |
o fi
5 f
=2 f
=] J
= )
k=] /!
a I
£ /i
=]
g 0T
¢ I
w .'
I'L
i
|
f
20+ |
.*'I
f
/
f
;r'
D T T T
0 1 2 3 3
# of principal components
ﬁ Ih‘iew result Iable] IPrevious plot I I Mext plot J

i
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>
o
o

Consurmner

CHECK

Preference mapping

Preference mapping (Greenho and MacFie 1994; McEwan 1996) is a much used statistical
method in the field of sensometrics that analyses consumer liking and d
sensory profling data together.

% ConsumerCheck EI@
File Help
Datasets | Basicstatiking | PCA | Prefmap | PLSR/PCR | Conjoint |
| Prefmap Select data set
Consumer likings Sensory profiling
[ v Z
Mapping: @ Internal ) External
Method: @ Plsr ) Par
Standardise ¥: [
Standardize v: [
PC to calc: 2 (] 10 10
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Preference mapping GUI

Consurner

CHECK

o |
q
c

i

& Consumercheck = mem
File Help
Datasets | Basicstatiking | PCA | Prefmap | PLSR/PCR | Comjoint |
4 || Prefmap Select data set
4 data_1_liking - data_1_gda Consumer likings Sensory profiling
4 & Overview plot data_1._liki v | [data_t_gda ~
XScores [E__II"IQ ][a__qa
XEY correlation loadings
X loadings
¥ loadings
Explained var in X
Explained varin ¥
4 @ ¥ predicted (calibration)
After PC1 .
- Mapping: @ Internal () External
% data_1_liking E@ Method: @ Plsr © Per % data_l_qda = || (=] |ﬁ
Narnes C1 c2 C3 (| |Standardisex: [
Standardise ¥: [] Mames Attrl Attr 2 Attr 3
Em: II}l i ; 42 ; o to cles 2 0w w TR 207 450 sl
o
Prod 3 3 3 5 5 Prod 2 293 498 4.38
o
Prod 4 5 9 5 1 Prod 2 4.24 4.58 5.01
ro
Prod 5 1 5 1 3 Prod 4 421 592 5.27
o
Prod 5 4.30 446 4.83
p |:| b 4 L) k
[ Copy to dipboard ] [ Conybn,dehae ]

Row order of the products needs to be the same
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Preference mapping

l

l

A’Q

Mapping: @ Internal

Consumer data

PCA of consumer data

Relate each sensory attribute
to these directions

Sensory loadings

) External

Consurmner

CHECK oo

.

TS

Sensory data

PCA of sensory data

Relate each consumer
to these directions

Consumer loadings

17
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Preference mapping — X scores

Here:

internal preference mapping

PLSR

X and Y not standardized

(all variables are based on the same scale)

X-scores: visualizes how the
products related to each other
in the space spanned by the
first principal components

Only 68% from consumer liking data

A
Consumer o
CHECK >
X scores
Prod 4
-
10 +
Prod
L]
Prod 5
&
oo
=
=2 Prod 2
re]
™
=3
I
%]
&
- 10 .
Prod 1
L ]
} } } } } }
-15 -10 -5 o] 5 10 15
PC1 ¥(42%), Y(B5%)
Scroll to zoom and drag to pan in plot.
¢ * «EE» ﬁ & Equal scale axis: [ | Show labels:
ﬁ [View result mble] [Previous plot ] [ Mext plot ]
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Preference mapping — X and Y correlation loadings

Correlation loadings from both X
and Y are visualized

Correlation loadings belonging
to X are blue

Many consumers prefer
Products with high intensities of
Attribute 2 and 6

=T
Consumer o
CHECK >
&5 PLSR/PCR data_1_liking(X) & data_1_qda(¥) | X & Y correlation loadings - ConsumerCheck =n R
X &Y correlation loadings
i C 104
c2
C 46 E;ﬁ .ittr?
075 1 SEH aifet0ye®. sk
16745% %o s
a4
0.5
. AN C 56
‘ﬁ 0.25 Attr 14
= Attr 13
. Attr 11
2
ﬁ L = Bl [}
<
™
[
(=%
Attr ICIC 3k .
-
' : ' : : : : : :
X -0.25 0.25 05 0.75 1 125

Scroll to zoom and drag to pan in plot.

¢ » Ej} 4 & Equal scale axis:

ﬁ [View resultiable] [Previous plot] [ Next plot ]

0 .
PC1 X(42%), Y(85%)

[] Show consumer labels: Show sensory labels:

19
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Preference mapping — X loadings

X loadings: show how the
variables of the X matrix (here
consumer data) contribute to the
common variation between X
and Y for each PC

PC2 (26%)

014

-0.1 4

-0.2 4

<=
Consumer o
CHECK >
X loadings
C oz
C 39 L.
;1% 91 C 81
. C 15 S| 1WE- 38 86
i C o8 5?23 s *CoO98
. §g 4 .
C 45 .8 c 58
C 54 48 .cC:EEg
. c 19 o C 69, _ ":(32 C 71
C2 ~C 751 oo wc a5 ®
;Cafl' L JC 21 (;Ei 1”35&%1! Oc 43#
o4 1043 .
* '§135 . . <. €50 ¢ ene C5E~,C3?
C 63254 LBl ,
. . cxmce [ E%'% .
L ] - [
¢ 58 qjoa * 1 2+
c7a _9%31(: 27 . o CLERRL 26 54
C a0 . C 55 q &7 * o
-
. ’(‘54@ C 42 R
* s [cu
° c7
O3 .
; : :
0.2 -0.1 0 0.1

PC1 (42%)
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Preference mapping — Y correlation loadings

Y loadings: show how the
variables of the Y matrix
contribute to the common
variation between X and Y for
each PC

o
Consumer ==
CHECK >
Y loadings
0.6 1 Attr 14
-
05 1+
Attr 1
L]
0.4 1 Attr 12
L]
034
e | AR 8
™~ -
—
S 02l .Attr 7
& Attr 2 Attr 13
o . Atr & .
. Attr 4 Attr 9
L] -
0.1+ Attr 11
L]
0
.|:|1 -
p;ﬁt'irns
-0.2 +— .
} } } }
0 0.2 0.4 0.6 0.8

PC1 (85%)

Scroll to zoom and drag to pan in plot.

é ﬁ -a} i‘ & Equal scale axis: [ | Show labels:

ﬁ Ih‘iew resulttable] [Previous plot] [ Mext plot J
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Preference mapping — Y correlation loadings

Y loadings: show how the
variables of the Y matrix
contribute to the common
variation between X and Y for
each PC

o
Consumer ==
CHECK >
Y loadings
0.6 1 Attr 14
-
05 1+
Attr 1
L]
0.4 1 Attr 12
L]
034
e | AR 8
™~ -
—
S 02l .Attr 7
& Attr 2 Attr 13
o . Atr & .
. Attr 4 Attr 9
L] -
0.1+ Attr 11
L]
0
.|:|1 -
p;ﬁt'irns
-0.2 +— .
} } } }
0 0.2 0.4 0.6 0.8

PC1 (85%)

Scroll to zoom and drag to pan in plot.

é ﬁ -a} i‘ & Equal scale axis: [ | Show labels:

ﬁ Ih‘iew resulttable] [Previous plot] [ Mext plot J
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Consurner

CHECK ™

Summary ConsumerCheck open source
e Easy-to-use software for non-statisticians

* Proposes classical as well as advanced tools for analysis of consumer
data

* Important methods:

+ PCA
+ Preference mapping
+ Conjoint analysis

=
=
—

i
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