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Abstract

In this paper we present a new method caltegdTATIS that can be applied to the analysis of sorting datesT@rIS is a
generalization of classical multidimensional scalingetihéllows one to analyze 3-ways distance tables. When useshédyzing
sorting taskspISTATIS takes into account individual sorting data. SpecificalljpewDISTATIS is used to analyze the results
of an experiment in which several assessors sort a set ofigimdwe obtain two types of maps: One for the assessors and
one for the products. In these maps, the proximity betweenpeints reflects their similarity, and therefore these neagpsbe
read using the same rules as standard metric multidimesisgmaling methods or principal component analysis. Texciiyi
DisTATIS starts by transforming the individual sorting data intoss<product matrices as in classica&s and evaluating the
similarity between these matrices (using Escoufiétis coefficient). Then it computes a compromise matrix whichhis best
aggregate (in the least square senses®ag1s does) of the individual cross-product matrices and analyzevith PCA. The
individual matrices are then projected onto the comprorasace. In this paper, we present a short tutorial, and wstridlte
how to useDISTATIS with a sorting task in which ten assessors evaluated eigiisb®Ve also provide some insights into how
DISTATIS evaluates the similarity between assessors.

Key words: 3-way analysis, multidimensional scalingiSTATIS, Rv-coefficient, Rand coefficient, sorting taskTATis.

1. Introduction

e A sorting task is a simple method for collecting similar-
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to investigate is large. Even though sorting imposes little this representation and two stimuli which have rarely been
demand on participants’ attention, its results are oftan-co  sorted together are far apart. This representation of iime st
parable with more demanding methods. For example, Raouli as points on a map may give some insights into the di-
and Katz (1971) found a good correlation between sorting mensions underlying stimulus similarities and differenice
tasks and pairwise similarity scaling. Likewise, MacRae, In order to interpret the dimensions franps they are often
Howgate, and Geelhoed (1990) found that sorting taskscorrelated with additional attributes of the stimuli (S€hi
and triadic similarity comparisons gave similar patterhs o man, Reynolds & Young, 1981; Kruskal & Wish, 1978).
results. More recently, Cartiegt al. (2006), showed that As pointed out by Lawlesst al. (1995), the only ma-
trained panelists provided equivalent data when they usedor drawback of thewDs analysis of sorting tasks is that
guantitative ratings or a sorting task. These authors also i information on participants is lost because the individual
dicate that a sorting task performed by novice participants data are pooled in order to obtain a similarity matrix. As a
provided information similar to the information obtained consequence, individual differences are hidden and the av-
from the trained panelists. erage representation may bear little resemblance to each of
In the sensory domain, sorting tasks were first used tothe individual assessor representations. Moreover, tisere
investigate the perceptual structure of odor quality (Bhre no easy way to evaluate the agreement among assessors or
et al, 2005; Lawless, 1989; Lawless & Glatter, 1990; to visualize the repeatability of individual assessors nvhe
MacRaeet al, 1992; Stevens & O’Connell, 1996). Later, repetitions are used. A possible solution would be to use
sorting tasks were applied to a large variety of complex individual difference scalingigipscaL, Carroll & Chang,
products going from food products such as vanilla beans1970; a close method ARAFAC, was also developed inde-
(Heymann, 1994), cheeses (Lawless, Sheng & Knoops,pendently at the same time by Harshman, see Harshman &
1995), drinking waters (Falahee & MacRae, 1995; FalaheeLundy, 1994). NDSCAL allows for the simultaneous analy-
& MacRae, 1997), grape jellies (Tang & Heymann, 1999), sis of several distance matrices. It provides a single alpati
beers (Chollet & Valentin, 2001), wines (Piombiebal., representation along with the weights of each assessor on
2004, Ballesteet al, 2005), and yoghurts (Saint Eve, Paci the dimensions of this representation (see Husson &8&ag
Kora, & Martin, 2004) to non-food products such as auto- 2006, for a geometric interpretation ®fDSCAL). Another
motive fabrics (Giboreaet al, 2001; Picarcet al., 2003), reasonable alternative could be general procrusteansasaly
cloth fabrics (Souflet, Calonniera, & Dacremont, 2004), (GPA, see Gower & Dijksterhuis, 2004; see also Meyners,
and plastic pieces (Fayt al, 2004). Generally, both food  Kunert, & Qanari, 2000; and Meyners, 2003; for compar-
and non-food product studies indicate that the sorting taskisons betweergPA and alternative approaches)p&is an
is an efficient and economical way of obtaining information iterative method which tries to find the closest matrix to a
about sensory differences among products. Also, sortingset of matrices. Itis, in general, used with factor scores ma
tasks are suitable for use with untrained assessors and withrices, but could be adapted to deal with distance matrices.
a large number of samples. Moreover, patterns of results INDSCAL, PARAFAC, andGPA are often used to integrate
obtained from sorting tasks are comparable with those several matrices, but they are iterative methods and there-
obtained with descriptive methods such as conventional orfore can necessitate a large number of iterations (especial
free profiling (Heymann, 1994; Tang & Heymann, 1999; for badly conditioned matrices such as the binary individ-
Fayeet al,, 2004; Saint Evest al, 2004, Fayeet al.,, 2006) ual matrices obtained in sorting tasks, see Kiers, 1998) and
and seem to be reproducible (Falahee & MacRae, 1997). may be sensitive to the existence of local minima. Therefore
Experiments using sorting tasks are generally analyzeda method with similar goals but using a non-iterative ap-
using multidimensional scalingups) or sometimes mul-  proach would be of interest. In this paper we describe such
tiple correspondence analysis or variations of these meth-a new method, calledisTATIS (Abdi, Valentin, O'Toole,
ods (seeg.g., Takane, 1980, 1982; see van der Kloot & & Edelman, 2005; Abdi & Valentin, 2007a). The input of
van Herk, 1991 for a comparison between some of theseDISTATIS is a set of distance matrices obtained on the same
approaches; but see Abdi, 1990; and Corter, 1996; for al-set of stimuli, and thereforeISTATIS is a rather versatile
ternative approaches such as additive trees). As a prelimitool which can be applied to a variety of situations. In this
nary step for the analysis, a similarity matrix is generated paper, though, we will restrict our presentation to the spe-
by computing the number of times each pair of stimuli had cific case of the sorting task for which each distance matrix
been sorted in the same group. Whens analyzes such  corresponds to the sorting of a given assessosTArIS
a matrix, it produces a map of the stimuli. In this map, the combines classicalDs (seee.g., Togerson 1958; Kruskal,
stimuli are represented by points which are positioned such1977; Borg & Groenen, 2000; Abdi, 2007a) esmhTIS (Es-
that the distances between pairs of points reflect as well ascoufier, 1980; Lavit, 1988; Schlich, 1996; Abdi & Valentin
possible the similarities between the pairs of stimuli: Two 2007b), and it has the advantage of taking into account indi-
stimuli which have been often sorted together are close onvidual data. Recall that classicabs transforms a distance



matrix into a set of coordinates such that the Euclidean dis-In a co-occurrence matrix, the rows and the columns rep-
tances, derived from these coordinates, approximate as welresent beers and a value bbetween a row and a column

as possible the original distances. The basic idea of classi indicates that the assessor put the beers together, whereas
MDS is to transform a distance matrix into a cross-product a value of0 indicates that the beers were not put together
matrix which is then submitted to an eigendecomposition (cf. Figure 1).

(this gives arcA of the cross-product matrix). Tradition- The co-occurrence matrix is transformed then into a dis-
ally, in sensory evaluation, sorting tasks are analyzeaigusi tance matrix where the rows and the columns are beers and
non metricMDS procedures such as the Alternating Least- where a value of) between a row and a column indicates
Square sCALing procedure (ALSCAL, Young, Lewyckyj, thatthe assessor putthe beers together, whereas a vdlue of
& Takane 1986; Young & Hamer 1987) or KYST (Kruskal indicates that the beers were not put togetoérHigure 1).

& Wish, 1978). These algorithms make only a rank order The transformation from a co-occurrence matrix to a dis-
assumption to fit the spatial representation to the original tance matrix is obtained by subtracting the co-occurrence
data (.e., only the order of the similarities is used to de- matrix from a conformable matrix filled with 1’s.

rive the spatial representation). However, classums$ can Do —1-R @)

also be applied because the similarity matrix derived from [t e -
a sorting task can easily be transformed into a sortiisg So we havel' = 4 distance matrices to analyze, and these
tancematrix (Miller 1969; Abdi, 2007b). matrices are denoteld;; to Dp.

When the results of a sorting task are analyzed with  Distance matrices need first to be transformed into cross-
DISTATIS, we obtain two types of maps: One for the asses- product matrices to be analyzed faps. To obtain a cross-
sors and one for the products. In these maps, the proximityproduct matrix from a distance matrix we need first to
between two points reflects their similarity, and therefore square each element of the distance matrix and center this
these maps can be analyzed using the same rules as stagguared distance matrix so that the origin of the distances
dard metricMDs or PCA. The assessors’ map is obtained is at the center of gravity of the dimensions of the matrix
by analyzing the similarity between the distance matrices (cf. Figure 2). This step is necessary because distances are
representing the assessors’ sorts. The product map is obinvariant by any change of origin and thus several cross-
tained from the analysis of a between product matrix called product matrices can generate the same distance matrix.
the compromisamatrix which is obtained by combining all Centering is obtained by transforming each element of the
the assessors’ distance matrices. On this map, we can alsequared distance matrix into a similarity by removing the
project the configuration of the products given by each as-grand mean effect as well as the row and column effects
sessor. (this is also called double centering, see Kruskal, 1977, pp

309f for more details). To describe this transformation, first
denote byd; ; the element which is at the intersection of
row ¢ and column; of a squared distance matr. This

2.General principles element will be transformed int§; ; which is the corre-
. . . sponding element of the cross-product matrix as
In this section we present the equation®$TATIS and
we illustrate them by showing their effect in pictures with 5= 1 {(dij—diy)— (diy —diy) = (djr —dy i)}
a small fabricated example in which = 4 assessors are 2 ’ ’ ’ ’ ’ ’
evaluating a set of = 6 beers. Each assessor sorts the 1 - - -
six beers with the constraint that he or she uses more than ~ 2 (dij = dit —dji +dr4) @)

1 group and less thah groups (this constraint is imposed with @
mostly for convenience). Mathematically, this means that dista
each assessor provides a partition of the set of the beer
(Hubert & Arabie, 1985). The result of this sort can be

first represented by an indicator matrix in which one row matrix of a squared Euclidean distance (or equivalently tha

representg a _beer a_nd one column represents a group. '%he matriceém defined in Equation 5 are positive semi
value of1 in this matrix means that the beer represented by 4t ite this is shown in Appendix B)

the row was put in the group represented by the column. For The transformation from (squared) distance to cross-

aslsessot,fltlhls r.“a”'xhw'” bebdenc;ted,[t]. The rgjubmber of product can also be expressed using matrix operations. In
column oLy gl\(est € NUMDET 0T groups used by aSSeSSOlyy,;q case, we start by defining a centering matrix:
t. EachLj, matrix can be transformed into a beer by beer

i+ (respectivelyd; ;) being the mean of the squared
nces for théth (respectivelyj-th) row, and where,
¥s the grand mean dD. Strictly speaking, this transforma-
tion from distance to cross-product assumes &t the

co-occurrence matrix (denotddj;)) by multiplication by = - 1 -1 m” 4)
its transpose: IXI IXI Ix1xI '
Ry =Ly LE] . 1) (wherem is a vector of mass composed of positive numbers
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Fig. 1. The partition given by an assessor is converted fitst @ co-occurrence matrix which is then transformed intaséadce matrix.

whose sum is equal td, in most cases, all observations tracted prior to the computation. Th, coefficient be-

are of equal importance and each elementnois equal to tween two individual cross-product matric8g; and Sy

m; = %). A cross-product matrix denoted 8y is then (representing the sort of assessoendt’) is defined as
Sy =—-1EDyET. (5)

obtained as

trace {SE]SM}

. Ry = {ct t/} =
In order to compare the cross-product matrices, we need ’ trace {ST S } « trace {ST S }

to normalizethem (an idea akin to multiple factor analy- (121 [t)2¢']
sis, cf. Escofier & Pags, 1998; Abdi & Valentin, 2007c). o . _ _ (6)
This is done by dividing all the elements of each individual (this is not an efficient computational expression though,
cross-product matrix by its first eigenvalue. The normal- see Abdi, 2007c, for alternative versions).

ized cross-product matrices are denofegl (cf. Figure 2). The Ry coefficient takes on values betweerand +1
By construction, a normalized matrix has a first eigenvalue (this is a consequence of the cross-product matrices being
equal tol. positive semi-definite matrices). A value ¢fl for the Ry

Then, these individual cross-product matrices are aggre-coefficient between two assessors means that the beers are
gated in order to create a compromise cross-product matrixsorted identically by these two assessors. A valueméans
which represents their consensus. This compromise matrixthat the two assessors evaluate the beers into completely
is obtained as a weighted average of the individual cross-different ways i.e., they do not agree on any pair of beers).
product matrices. The weights used to compute the com-As detailed in Appendix A, the?, coefficient reflects the
promise are chosen to make it as representative as possiblagreement between assessors as a function of the number
of all the assessors. In other words, we want to chose theof beers that are either put together by both assessors or not
weights so that assessors agreeing the most with other asPut together by both assessors.
sessors will have the larger weights. So, in order to find  The Ry coefficients are compiled in a between-assessor
these weights, we need first to evaluate the similarity be- Similarity matrix denotedC. The eigendecomposition€.,

tween the assessors. This is done by computin§arco- PCA) of this matrix gives the weights used for computing
efficient between all pairs of assessors. Fhe coefficient ~ the compromise. It is obtained as :
was introduced by Escoufier (1973, see also Robert & Es- C=POP T With PTP=T1, @)

coufier, 1976; Abdi, 2007c; Holmes, in press) as a measure

of similarity between squared symmetric matrices (specif- whereP is the matrix of eigenvectors a@ is the diagonal
ically: positive semi-definite matric@9. It is sometimes ~ Mmatrix of the eigenvalues of. This eigendecomposition
called matrix correlation coefficient although this is a po- reveals the structure of the assessors’ space (see Figure 3)
tentially misleading appellation since these coefficiemess ~ Because the matri€ is not centered, its first eigenvector
not correlation coefficients because, contrary to the corre- (denotedp;) represents what is common to the assessors.

lation coefficient, the mean of the observations is not sub-Also because all the elements Gf are positive, all the
elements of the first eigenvector will have the same sign

2 A matrix is positive semi-definitavhen it can be obtained as the V\{hlf:h IS, as a Convfantlon' considered positive. The m_org
product of a matrix by its transpose. As a consequence ofiéisition, similar an assessor is to the other assessors, the more it wil

a positive semi-definite matrix is square, symmetric, asddiagonal contribute to this eigenvector. In other words, assessiths w
elements are always larger or equal to zero.
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Fig. 2. The distance matrices are transformed into crosdymt matrices which are then normalized. The normaliragiives a first eigenvalue equal
to one for each cross-product matrix.
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Fig. 3. The similarity between assessors’ cross-produdticea is evaluated with th&, coefficient and stored in the matri¥. The eigen-analysis
of matrix C shows the similarity structure between the assessors.

larger projections on the first eigenvector are more sintlar ~ From this analysis, we can explore the structure of the set
the other assessors than assessors with smaller progctionof beers. The eigendecomposition of the compromise is:
Thus the elements of the first eigenvector give the optimal S — VAVT (10)
weights to compute the compromise matrix. Practically, the (+]
optimal weights can be obtained by re-scaling these valuesand the compromise factor scores for the observations are
such that their sum is equal to one. So the weights arecomputed as:

obtained by dividing each element of; by the sum of F=VA:Z . (12)

the elements op,. The vector containing these weights is

- The compromise matrix defines a common space. In ad-
denoteda, and is computed as: P P

dition to this common space, we want to see how each asses-
—1 “y ” H H H
o — (1Tp1) X Py . @8 sor “interprets” or distorts tf?|s space. This can k_Je achieve
) ) . o by projecting the assessors’ cross-product matrices tsto t
Using these optimum weights, the compromise is then common space (see Figure 5). The mechanics of this pro-
obtained as the weighted average of the assessors’ crosgection can be deduced from Equations 10 and 11. Specifi-

product matrices (see Figure 4). Specifically, witrdenot- cally, from
ing the weight for the-th assessor, the compromise matrix, . i
denotedS,;, is computed as: S = VAV andF = VA2, (12)
T and from
S+ = Xt: Sy - ©) VTV =1 (because the columns & are normalized)

The compromise matrix is itself a cross-product matrix, We get that .
and therefore its eigendecomposition amounts teca. F=S8 VA2 (13)
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Fig. 4. The optimal weights are obtained from the projectadnthe assessors onto the first eigenvector of the betwesssmr similarity matrix

C. The optimal weights are then used to compute the compromfgeh is the weighted average of the assessors’ cross-pradatrices. The
eigendecomposition of the compromise shows the structuteeoproducts.

Therefore, the matrix(VA‘%) transforms the cross- 3.An example: sorting beers
product matrix into its projections onto the compromise

1
space i(e., the matrix VA~ 2 is a projectionoperatoi). .
V\?e carlf also use this matrix to prc?'e(it (as suppplemIZantar the steps obISTATIS. In this example, ten assessors sorted
J yeight beers. As additional information we collected hedoni

elements) the assessors cross-product matrices into the
common space. Specifically, the factor scores forttiie
assessor are computed as

In this section we present a small example illustrating

alcohol content of the beers.
Fiy =Si (VA™2) . (14)

To sum-up, the different steps involvedDmsTATIS are:

(i) Transform each distance matrix into a normalized 3.1 Material and Method
between-stimuli cross-product matrief(Figure 2).

(i) Analyze the structure of the similarity between the 3.1.1. Assessors

cross-product matrices (aspeA of the Ry coeffi- Ten volunteers from the University of Bourgogne par-

cient matrix) €f. Figure 3 ). ticipated in the study4women ands men ranging in age
(iii) Derive an optimal set of weights for computing the from 22 to 39 years). They were beer consumers but did

compromise ¢f. Figure 4). not have any formal training in sensory evaluation of beers.

(iv) Compute the compromise as a weighted sum of the
individual cross-product matrices.
(v) Compute therca (i.e., eigendecomposition) of the
compromise matrix and plot the projections of the 3-1.2. Beers

stimuli (cf. Figure 5). Eight commercial beers were used (see Table 1). All
(vi) Project the original distance matrices as supplemen-Peers were presented in brown plastic tumblers and served
tary points in the compromise spad. Figure 5). at 8°C. Assessors were asked to carry opaque glasses to

mask any visual information (color or froth differences).

ratings on the beers (from these assessors) and also asked
the assessors to describe each beer. We also recorded the



Fig. 5. Compromise map of the beers plus each assessor’s Thapcross-product matrices representing the result of ¢heaf each assessor are
projected as supplementary elements. This is shown on tipebyaepresenting each beer as evaluated by a given assesaoglass with the face

of the assessor next to the glass. The compromise posititreidarycenter of all the assessors. A line segment linkpdséion of the beer for a

given assessor to the compromise position for this beer.

3.1.3. Procedure Step 0: Transform each partition into an indicator matrix
The 10 beer samples were presented in front of the as-and compute each cross-product and distance matrices
sessors in a different order for each assessor. The asses- Each assessor gives a partition of the beers. For example,

sors first had to smell and taste each beer sample. Themssessor 1 gives the following partition with five classes
they hz_id to sort the samples on the basis of their perceptual {Affligen, St Landelin, Fruit Bfendy,

similarity. Assessors could make as many groups as they i

wanted and each group could contain as many beers as they {Buckler Highland,

wished. Assessors were allowed to take as much time as {Buckler Blondg,
they needed and to smell/taste the samples as often as they {Budweiser, Killian,},
wished. Mineral water was available for assessors to rinse {EKU28} . (15)

between samples.

After completion of the sorting, assessors were asked to
provide a few words to describe the beers and to indicate
their liking of each beer on a seven-point scale going from
“I don't like at all” to “I like it very much.”

We start by deriving, for each assessor, an indicator ma-
trix in which the rows represent the beers and the columns
represent the groups. A value bimeans that the beer rep-
resented by the row was put into the group represented by
the column (note, incidently, that the order of the column
is arbitrary). In an indicator matrix representing a s@tin
3.2 Results task, there is one and only othger row (this indicates that

a beer belongs to one and only one group). For example,

The original data are given in Table 1. They can also the indicator matrix for Assessor 1 is equal to
be found inwww. ut dal | as. edu/ ~her ve along with
aMATLAB DISTATIS routine @i st ati s. m) and themAT-

LAB script (bi er e. m) used to analyze these data. Rn
program written by Guillaume Blancher is also available
from this address.



Table 1

Beer Sorting Task. Results. Ten assessors sorted eigte. bemreach assessor, beers with the same number were sugttter.

Beers Alcohol Hedonic Most frequent
content  score descriptor

Assessors

1234567 8910
Sex FMFFMMMMFM

Affligen 6.5 5.5 Fruity/Bitter 1434112213
Budweiser 5.0 2.5 Insipid/Bitter 4525231143
Buckler Blonde < 1.2 1.8 Insipid/Bitter 3123243112
Killian 6.5 4.3 Fruity/Coffee/Bitter 4233111214
St. Landelin 6.5 4.7 Fruity/Bitter/Fade 1535211213

Buckler Highland < 1.2 1.0 Coffee/Caramel

2311354431

Fruit Défendu 8.8 6.2 Fruity/Sweet 1434112224
EKU28 11.0 1.8 Caramel/Sweet/Alcohol 5 2 42 4 2 5 3 4 5
1 000 0_ From each co-occurrence matrix, we derive a between-
beer distance matrix in which a value @fmeans that the
00010 beer represented by the row and the beer represented by the
00100 column were put in the same group and a valué ofeans
that these two beers were not put togethsr Figure 1).
Ly = 00010 . (16) For example, the distance matrix for Assesk@ equal to:
10000 (01110101
01000 10101111
10000 11011111
10101111
(00001] Dy =1-Rpy = 01110101 (18)
From each indicator matrix, we derive a co-occurrence
matrix in which a value of means that the beer represented Lot
by the row and the beer represented by the column were 01110101
put in the same group and a valuedaheans that these two 11111110

beers were not put togetharf(Figure 1). For example, the
co-occurrence matrix for Assessbis equal to:

0 1

o = O

0
01 0
0 0
0

.
Ry = LpyLy; =

o =B O = O O O =
—
—

o o o ©

o O o o o

o O o o =

o =B O = O O O =
o o = O o o o o
= O O O o o o o©

(7) Step 1: Transform each distance matrix into a normalized
between-stimuli cross-product matrix
The distance matrices are then transformed into cross-
product matrices (see Equation 5) and normalized by their
eigenvalues. For example, Assessagives the following
- - cross-product matrix:



0.25 —0.19 —0.12 —0.19 0.25 —0.12 0.25 —0.12 going from.28 to .56.

019 038 —0.06 0.38 —0.19 —0.06 —0.19 —0.06 A PCA (see Equation 7) of matriC provides an eas-
ier way to examine the relationships between the assessors
(see Figure 6). It can be used to reveal clusters of assessors
Sy = ~0-19°0:88 ~0.06 038 —0.19 ~0.06 ~0.19 =0.06 | (such as Assessofs 8, and6 or 2 and4), and to detect

0.25 —0.19 —0.12 —0.19 0.25 —0.12 0.25 —0.12 atypical assessors such as Asse8sehich has the small-
012 —0.06 0 —0.06 —0.12  0.50 —0.12 0 est projection onto the first dimension. TigA can also
be used—as illustrated in Figure 6 with gender effects—to
explore the effect of assessor characteristieg.(gender,
—0.12 ~0.06 0 —0.06 —0.12 0 -0.12 050 |  age) on their evaluation of the beers. Here we see that there

(19) is no gender effect because the barycenter of the women as-

The first eigenvalue of this cross-product matrix is equal sessors is very close to the barycenter of the men assessors.
to 1.25. And therefore the normalized cross-product matrix

for this assessor is obtained by dividing all the elements of
Sy by 1.25. This gives:

—0.12 -0.06 0.50 —0.06 —0.12 0 —0.12 0

0.25 -0.19 -0.12 -0.19 0.25 —0.12 0.25 —0.12

_ Step 3: Derive an optimal set of weights for computing the
0.20 —0.15 —0.10 —0.15 0.20 —0.10  0.20 —0.10 compromise
015 030 —0.05 0.30 —0.15 —0.05 —0.15 —0.05 The weights used to compute the compromise corre-
spond to the rescaled projections of the assessors onto the
—0.10 —0.05 0.40 —0.05 —0.10 0 —0.10 0 . . . S i
first dimension shown in Figure 6 (see Equation 8):
—0.15 0.30 —0.05 0.30 —0.15 —0.05 —0.15 —0.05

Sy = . T
g 0.20 -0.15 -0.10 —0.15 0.20 —0.10 0.20 —0.10 = | 100 .101 .109 .101 .099 .116 .101 .109 .074 .090

—0.10 —=0.05 0 —0.05 —0.10 0.40 —0.10 0 (22)
090 —0.15 —0.10 —015  0.20 —0.10 0.20 —0.10 We can see that Assessbhas the smallest weight0(4)

which means that she will contribute less to the compromise
—0.10 =005 0 —0.05 =0.10 0 =0.10 040 | than for example, Assess6rwho has the largest weight
20)  (116).

Step 2: Analyze the structure of the assessors cross-groduc
matrices

Using the Ry coefficient (see Equation 6) to evaluate Step 4: Computg th? compromise .
LS ; The compromise is then computed as the weighted aver-
the similarity between normalized assessor cross-product

. . : . age of all the assessors’ cross-product matrices (see Equa-
matrices gives the following0 x 10 between-assessor sim- . .
o . . ) tion 9). It is equal to
ilarity matrix (see Equation 7):
0.21 —0.11 —0.10 —0.00 0.03 —0.09 0.16 —0.10
—0.11  0.30 0.03 —0.06 0.06 —0.05 —0.13 —0.03

—0.10 0.03 0.34 —0.04 —0.07 —0.02 —0.11 —0.03

—0.00 -0.06 —0.04 0.22 —0.00 —0.08 0.02 —0.04
0.57 0.83 0.40 1.00 0.60 0.49 0.76 0.40 0.42 0.57 S[H =
0.03 0.06 —0.07 —0.00 0.20 —0.09 —0.02 —0.10
0.35 0.65 0.63 0.60 1.00 0.59 0.53 0.63 0.33 0.53
C= : —0.09 —0.05 —0.02 —0.08 —0.09 0.41 —0.08 0.00
0.68 0.49 0.93 0.49 0.59 1.00 0.56 0.93 0.56 0.56
0.16 —0.13 —0.11  0.02 —0.02 —0.08 0.24 —0.08
0.67 0.76 0.46 0.76 0.53 0.56 1.00 0.46 0.35 0.45
—0.10 -0.03 —-0.03 —-0.04 —0.10 0.00 —0.08 0.39

0.60 0.42 1.00 0.40 0.63 0.93 0.46 1.00 0.44 0.46 -

1.00 0.57 0.60 0.57 0.35 0.68 0.67 0.60 0.37 0.45
0.57 1.00 0.42 0.83 0.65 0.49 0.76 0.42 0.28 0.57
0.60 0.42 1.00 0.40 0.63 0.93 0.46 1.00 0.44 0.46

(23)
0.37 0.28 0.44 0.42 0.33 0.56 0.35 0.44 1.00 0.35 The quality of the compromise is evaluated from thea
0.45 0.57 0.46 0.57 0.53 0.56 0.45 0.46 0.35 1.00 of the between-assessor similarity matrix. It is equal ® th
i (21) proportion of variance explained by the first component
How to interpret this matrix? We can see from tR¢ which explaineds0% of the variance. This is a relatively

matrix that some assessors agree strongly in their way ofsmall value and this indicates that the assessors differ sub
sorting the beerse(g., Assessorg and8, 3 and6, 4 and stantially in their evaluation of the beers. However, baeau

2 with Ry of respectivelyl, .93, and.83). Other assessors of the nature of the sorting task which uggd values only,

are more original. In particular, Asses$oseems to behave the estimation of the explained variance is pessimistic and
differently from the other assessors with, coefficients further work is needed to correct for the effect of the task.
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Fig. 6. RcA of the C matrix. Assessors are identified by their number. Circlggagent women assessors, and squares men assessors. dée gen
barycenters are also plotted (W and M). Because these lraeyseare very close to each other, we conclude that gendetiselated to systematic
differences between the assessors.

Table 2
Beer Sorting Task. Compromise factor scores for the beers.

Beers

AXis A T 1 2 3 4 5 6 7 8

.6629% —0.39 0.23 0.28 —0.16 —0.15 0.30—0.40 0.29
4921%  0.07 —0.37-0.22 -0.03 —0.24 0.38 0.15 0.26
.4018% —0.03 —0.02 —0.07 0.09 —0.04 —0.40 —0.01 0.48
3415% 0.03-0.25 0.45 0.08-0.22—-0.10 0.07 —0.06
.2310% 0.16 0.06 0.07—-0.42-0.01 -0.05 0.11 0.06
13 6% 0.02-0.20 0.05-0.05 0.26 0.01-0.13 0.04
.05 2% 0.16 0.02-0.01 0.03—-0.06 0.00—0.14 —0.00

~N O o~ WN P

Step 5: Compute theca of the compromise matrix and was done by computing standard loadinigs.(correlations
plot the projections of the beers between the variables and the factor scores) and then re-
The pPcA of the compromise matrix reveals the structure scaling these loadings by multiplying them by half of the
of the beers common to the assessors. The factor scores argquare root of the eigenvalue associated with this dimansio
given in Table 2 and the projections of the beers on the first (other methods could be used to create biplot maps).
four dimensions are shown in Figure 7. Together, these four  The first dimension, which explair2)% of the inertia
dimensions explai®4% of the inertia of the compromise of the compromise matrix is highly correlated with the he-
matrix, such a large value indicates that the interpretaifo ~ donic scores of the beers. It opposes the beers which the
the results can be restricted to thesdimensions. In order  assessors like the least (Buckler Highlands, EKU28, Buck-
to facilitate the interpretation of Figure 7, we projected a ler Blonde, and Budweiser) to the beers which assessors
supplementary continuous variables the alcohol content ofliked most (Fruit Efendu and Affligen). The second di-
the beers and their average hedonic scare3gble 1). This mension explain®1% of the inertia. It does not correlate
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Fig. 7. Analysis of the compromise: Plot of the beers in trenpldefined by dimensiorisand?2 (left side) and3 and4 (right side) of the compromise
matrix.

with any of the supplementary variables but an examination notice that some beers such as “Budweiser” and “Buckler
of the assessors’ description indicates that it opposes theBlonde” are partially overlapping, whereas other beers are
beers with the stronger flavor (Buckler Highlands, EKU28, clearly separated from each others such as “Budweiser” and
Fruit Défendu) to the beers with the lighter flavor (Buckler “Fruit Défendu” for example. This suggests that some beers
Blonde, and Budweiser). The third dimension which ex- share some features because some assessors did put them
plains18% of the inertia is highly correlated with the alco- together, whereas others did not. As a summary we can
hol content, and it opposes the beer with the highest alcoholsay that the “Fruit Bfendu,” “Affligen,” “Saint Landelin,”
content (EKU28) to the alcohol free beers Buckler High- and “Killian” share some features. From the descriptions
land and (to a lesser degree) Buckler Blonde. The fourth di- provided by the assessors, it seems that these beers have
mension, which explains5% of the variance, is somewhat the common property of having a fruity flavor. Likewise,
harder to interpret. It seems to isolate the Buckler Blonde the “Budweiser,” “Saint Landelin,” and “Killian” have the
beer. common property to taste like a standard lager beer. Only
the “Buckler Highland” and the “EKU28” do not seem to
Step6: Project the original distance matrices as supplemen-Share proper'ties with other beers. The first one is described
tary points in the compromise space as a beer with a strong flavor of coffee anql caramel and
Figure 8 shows the first two principal components of the iSolated by all assessors. The second one is a sweet beer
compromise space along with the projections of the beers”‘?h in alcoht_)l with a caramel flavor. .One assessor.sorted it
for each assesscef( Equation 14). Note that the position of ~With the “Killian” and another one with the “Budweiser.”
each beer in the compromise is the barycenter of the posi-
tions of this beer for the ten assessors. In order to falita 4.Discussion and Conclusions
the interpretation of the figure, we have drawn the convex
envelop of each beer. We can see that if for some beers This paper illustrates that, used conjointly with a sorting
like “Buckler Highland,” “EKU28,” “Affligen,” or “Fruit task, DISTATIS can be a useful tool to evaluate the simi-
Déefendu” we have a relatively good between-assessor agrelarity of a set of products. The advantage mETATIS is
ment, this is not the case for all beers. In particular we canto provide a compromise space that is comparable with
note that half the assessors have considered that the “St Lanwhat would be obtained with a nonmetric algorithm such as
delin” was similar to the “Affligen” and “Fruit Bfendu” ALSCAL (see Figure 9 for an illustration) or a standard met-
beers and that the other half of the assessors have considic MDs (because the assessors’ weights were very similar,
ered that it was closer to the “Budweiser” and “Buckler a metricMDS gave a solution very similar to the analysis
Blonde” beers. The smallest agreement was obtained for theof the compromise). And in addition to this compromise
beer “Killian.” Interestingly, this is also for this beerah space,DISTATIS gives valuable information on individual
we obtained the widest variety of descriptors going from assessors and on the consensus between assessors when in-
fruity to coffee, caramel, bitter, up to tasteless. We can al dividual assessor matrices are analyzed. Also, the compu-
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Fig. 8. Compromise map of the beers plus each assessor’'s Thapcompromise position is the barycenter of all the assesgoconvex hull have
been drawn for each beer by joining the most extreme poimtshfe beer to indicate the variability of each beer. The darthe convex hull the less
the assessors agreed for this beer.

tational core ofDISTATIS consists of the eigendecomposi- by Risvik, McEwan, Colwill, & Roger, 1994; and Pag)
tion, which is one of the most well studied computational 2005), but it is not clear, at the moment, if the current nor-
techniques. As a consequen@gsTATIS can be used on  malization usedi(e., division of each scalar product matrix
large sets of data. It is also possible to develop robust ver-by its first eigenvalue) will be robust enough to eliminate
sions of DISTATIS by using robust eigendecomposition al- the specific effect of each type of distance. Further empiri-
gorithms. DSTATIS could also be used to compare groups cal work should explore this problem.

of assessors such as assessors coming from different cul- The application presented here is a first step into utiliz-
tural environment or with different expertise levels. listh  ing DISTATIS in combination with sorting tasks. Obviously,
case, the consensus would be evaluated between the grougome aspects of the method can be improved. First, the
of assessors rather than between the assessors themselvesmalysis of theR,, coefficient matrix gives @ca of the as-
One could also imagine using this technique to comparesessors, and it would be useful to enrich this representatio
the variability observed between individual assessors of aby adding the equivalent of confidence intervals around the
given group with that observed between groups of asses{point representing each assessor. Possible lines of devel-
sors. This would provide asNOVA-like decomposition (see  opment could be the use of permutation tests $chlich,

Le Dien & Pags, 2003; for a similar idea about multiple 1996; Kazi-Aoual, Hitier, Sabatier & Lebreton, 1995).
factor analysis). DSTATIS can, in principle, also accom- DisTATIS relies on theRy coefficient to evaluate the
modate, mixtures of distancese(, sorting distances and similarity between assessors, but other coefficients peci
projective mapping or “tablecloth distances” as described ically tailored for evaluating the similarity between part
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Fig. 9. ALsCAL analysis of the sum of the individual similarity matricegotFof the beers in the plane defined by dimensions 1 and 2 gld&) and
3 and 4 (right side) of the 4 dimensional solution (stres®).The projections of the beers are quite close to thoseepted in Figure 7.

tions of a set (se@.g.,Hubert & Arabie, 1985) maybe more We denote by\ the quantity equal to 4 times the nu-
adequate than th&y coefficient. These questions should merator of theRy, coefficient, that is:

be the basis for further work as well as the application of
DISTATIS to other type of tasks than the plain sorting task

I I
N =4 xtrace {STZ) =4 x si%j - (25)
(seee.g.,Coxon, 1999). {s'2} ZL:Z I

J

The value of\/ corresponding to thé, coefficient be-
tween the two cross-product matrices obtained from the two
distances is equal tef Equations 24 and 25):

I I
N =4x E E Sij X Zij
g

Appendix A:
What does the RV coefficient measure in DISTATIS?

In this appendix, we explore the interpretation of the
Ry coefficient forDISTATIS. For notational convenience,
we will denote byD and T two I x I (squared) distance
matrices used to compute ttig, coefficient and we will
assume (without loss of generality) that the mass of each
observation is equal t§

The first step of the computation of tiig, coefficient is
to transform each distance matrix into a cross-product ma-
trix. Using Equation 3, we obtaifi (respectivelyZ) which

is the cross-product matrix associatedDo(respectively, When developed and simplified, Equation 26 reduces to
T). Recall that the, j term of S is equal to

1 1
1 N = Zdl’ﬂtld — ﬂ (Z di’+ti’+ - §d+’+t+’+>

sij=—5{dij—di+ —dj +di s} (24) ij
J 2 J J (27)

1 _ _ _
=4 x Z {5 (diyj — di,+ - djy.;. + d_._’_;,_)}
(2%

1 _ _ _
X {5 (tij — Tt —tjg + t+,+)} (26)

with d; ;. (respectivelyl; ;) being the mean of the distances (with the + signs denoting the implicit sum).
for the ith (respectivelyj-th) row, and wherei, . is the
grand mean oD.

Because the denominator of thg coefficient is essen-
tially a normalizing factor, we can focus on its numerator to
analyzeRy . Also, the normalization of the cross-product In order to clarify the relationship between tRg- coef-
matrices by division by their first eigenvalues does not af- ficient and other possible measures of the similarity betwee
fect theRy coefficient (because the eigenvalues cancel eachthe performance of two assessors, we will adapt Equation
other out from the numerator and the denominator). There-27 to the specific case of the sorting task. We will denote by
fore we will ignore this step in our analysis. R andQ the two! x I co-occurrence matrices correspond-

RV coefficient for the sorting task
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ing to the distance matricdd andT (i.e., R =1 —D and when it is used to evaluate the similarity between asses-
Q=1-"7). sors. When interpreting the analysis of the assessor space
Because the co-occurrence matrices are obtained by(i.e., the PCcA of matrix C), the proximity of two assessors
adding a constant to the distance matrices, Equation 27 cameflects the number of objects that they agree to put in the
also be computed directly from the co-occurrence matricessame category as well as the number of objects that they

as agreenotto put in the same category. By contrast, the dis-
tance between assessors can be interpreted as reflecting the
N = ! : ! di t bet th
— Zn’jqi,j ~ 57 ZTi’+Qi’+ = T isagreement between the assessors.
1,7 7

(28)  Appendix B:

Combining Equations 27 and 28, we find that, for sorting wjith sorting tasks, the matrix S is positive semi definite
tasks, the numerator of thie,, coefficient can be expressed

as LetL be an/ x K indicator matrix andn a mass vector

1 of positive numbers such thah"1 = 0. Let matricesR,
N = B Z dijtij + Zri,j%‘,j D, and= defined respectively by Equations 1, 2, and 4.
i, i,j Theorem (S is psd) The matrixS is positive semi definite.

1 Proof. Recall that a matrixXX is positive semi definite if
97 Z diyti v + Z Ti,+4i,+ and only if there exist a matri¥ such that
' . . X=VVT. (32)
—op et §T+v+q+v+> : To show thatS is positive semi definite, we just need to
(29) plug Equations 1 and 2 into Equation 5, to develop and to
simplify

The term}_ d; ;t; ; gives the number of objects that are

placed in the same categories by both assessors, and the term S = 1 {EDET}
> i ;4:,; reflects the number of objects that are placed in 2
different categories by both assessors. Therefore the term _ 1 {= (1-R) :-T}
(> dijtij + > rijqi,;) expresses thagreemenbetween PR -
the assessors. In the literature concerned with evaluating 1(_ T
distances or agreement between partitions, the number D) {5 (1 LL ) = }
A= (M digtiy + Yorigas) ~ 1] (30) - f% {E18" - ELLTET}

is called the number of agreements (we need to subtract 33
1 because the diagonal terms of the similarity matrix are (33)
always equal td and therefore are irrelevant for evaluating pyt=1=" = 0, and therefore
agreement). The inde# is used to define several measures 1
of agreement between partitions (see, Hubert & Arabie, S=-ELL'E"

. ; 2
1985; for a review), such as, for example the well known
Rand coefficient (Rand, 1971) which is equal to — % (EL) (EL)T (34)

2A
RRand = =1 (31) which completes the proof. O

In Equation 27, the terms other than

(Z dijtig+ ) Ti,jqi’j)

) ) ] [1] Abdi, H. (1990). Additive-tree representationsecture Notes in
can be interpreted as reflecting the proportion of agreesnent  Biomathematicss4, 43-59.
which could be obtained by chance under the assumption[2] Abdi, H. (2007a). Metric multidimensional scaling. In.Nsalkind
of independence Therefore we can interpretlﬁhe coef- (Ed.) Encyclopedia of measurement and statistitousand Oaks
- ; . (CA): Sage.
ficient as expressing the_ proportion of the betyveen aSSeSSOf) Abdi, H. (2007b). Distance. In N. Salkind (EdBncyclopedia of
agreement after correcting for chance matching. Equations "measurement and statistichousand Oaks (CA): Sage.
27 and 31 also show that they,, coefficient is closely re- [4] Abdi, H. (2007c). TheRy coefficient and the congruence coefficient.

|ated to standard measures Of agreement between partltlons In N. Salkind (Ed) Encyclopedla of measurement and statistics.
Thousand Oaks (CA): Sage.

References

14



[5] Abdi, H., & Valentin, D. (2007a). DISTATIS. In N. SalkindEd.)
Encyclopedia of measurement and statistithousand Oaks (CA):
Sage.

[6] Abdi, H., & Valentin, D. (2007b). STATIS. In N. Salkind (E)
Encyclopedia of measurement and statistithousand Oaks (CA):
Sage.

[7] Abdi, H., & Valentin, D. (2007c). Multiple Factor Analys In N.
Salkind (Ed.)Encyclopedia of measurement and statistiEsousand
Oaks (CA): Sage.

[8] Abdi, H., Valentin, D., O'Toole, A.J., & Edelman, B. (26D
DisTATIS: The analysis of multiple distance matricésoceedings of
the IEEE Computer Society: International Conference on Quer
Vision and Pattern RecognitioffSan Diego, CA, USA). pp. 42-47.

[9] Ballester J., Dacremont, C., Le Fur, Y., & Btiant, P. (2005). The
role of olfaction in the elaboration and use of the Chardgnwine
concept.Food Quality and Preferencel6, 351-359.

[10] Borg, I., & Groenen, P.J.E. (2000Modern multidimensional
scaling: Theory and applicationdNew York: Springer Verlag.

[11] Carroll, J.D., & Chang, J.J. (1970). Analysis of Indivial
Differences in Multidimensional Scaling via an N-way Gealeation
of the “Eckart-Young” DecompositiorPsychometrika35, 283—-319.

[12] Cartier, R., Rytz A., Lecomte A., Poblete F., Krystlik Belin E., &
Martin, N. (2006). Sorting procedure as an alternative targjtative
descriptive analysis to obtain a product sensory niamd Quality
and Preferencel?7, 562-571.

[13] Chollet, S., & Valentin, D. (2001). Impact of trainingideer flavour
perception and description: Are trained and untrainedesuibjreally
different. Journal of Sensory studie46, 601-618.

[14] Corter, J.E. (1996).Tree models of similarity and association.
Thousand Oaks: Sage.

[15] Chrea, C., Valentin, D., Sulmont-R&ssC., Ly, M.H., Nguyen, D.,
& Abdi, H. (2005). Semantic, typicality and odor represéiota A
cross-cultural studyChemical Sense80, 37-49.

[16] Coxon, A.P.M. (1999).Sorting data : Collection and analysis
Thousand Oaks: Sage.

[17] Escofier, B., & Pags, J. (1998)Analyses factorielles simples et
multiples Paris: Dunod.

[18] Escoufier, Y. (1973). Le traitement des variables veeles.
Biometrics 29, 751-760.

[19] Escoufier, Y. (1980). L'analyse conjointe de plusieurstrices
de donmees. In Jolivet, M. (Ed.Biométrie et tempsParis: So@te
Francaise de Biogtrie (pp. 59-76).

[20] Falahee, M., & MacRae, A.W. (1995). Consumer appraisl
drinking water: Multidimensional scaling analysiod Quality and
Preference 6, 327-332.

[21] Falahee, M., & MacRae, A.W. (1997). Perceptual vaviatamong
drinking waters: The reliability of sorting and ranking dafor
multidimensional scalingFood Quality and Preferen¢e8, 389-394.

[22] Faye, P., Bemaud, D., Durand-Daubin, D., Courcoux, P., Giboreau,

A., & Nicod, A. (2004). Perceptive free sorting and verbatian
tasks with naive subjects: an alternative to descriptivepireys.Food
Quality and Preferencgel5, 781-791.

[23] Faye, P., Bemaud, D., Teillet E., Courcoux P., Giboreau A, &
Nicod H. (2006). An alternative to external preference niagased
on consumer perceptive mappingpod Quality and Preferencel?,
604-614.

[24] Giboreau, A., Navarro, S., Faye, P., & Dumortier, J.Q2D Sensory
evaluation of automotive fabrics: the contribution of cgtezation
tasks and non-verbal information to set-up a descriptivéhote of
tactile propertiesFood Quality and Preferencel2, 311-322

[25] Gower, J.C., & Dijksterhuis, G.B. (2004Procrustes problems
Oxford: Oxford University Press.

[26] Harshman, R.A., & Lundy, M.E., (1994). PARAFAC: Paglfactor
analysis.Computational Statistics and Data Analysis, 39-72.

15

[27] Heymann, H. (1994). A comparison of free choice progjliand
multidimentional scaling of vanilla sampleslournal of Sensory
Studies 9, 445-453.

[28] Healy, A., & Miller, G.A. (1970). The verb as the main daninant
of the sentence meaningsychonomic Scienc@0, 372.

[29] Holmes, S. (in press) Multivariate Analysis: The Frend/ay. in
Festschrift for David FreedmarStanford: IMS Lecture Notes.

[30] Hubert, L., & Arabie, P. (1985). Comparing partitionkurnal of
Classification 2, 193-218.

[31] Husson, F., & Pags, J. (2006). INDSCAL model: geometrical
interpretation and methodologgomputational Statistics and Data
Analysis 50, 358-378.

[32] Kazi-Aoual, F., Hitier, S., Sabatier, R., & Lebreton;0J. (1995).
Refined approximations to permutation tests for multiariaference.
Computational Statistics and Data Analys&0, 643-656.

[33] Kiers, H. (1998). A three step algorithm for CANDECOM
PARAFAC analysis. of large data sets with multicollineariiournal
of Chemometrigs12, 155-171.

[34] Kruskal, J. (1977). Multidimensional scaling and atheethods for
discovering structure. In K. Enslein, A. Ralston, & H.S. fA(Eds.),
Statistical methods for digital computefdew York: Wiley. pp. 296—
339.

[35] Kruskal, J., & Wish, M. (1978)Multidimensional scalingThousand
Oaks: Sage.

[36] Lavit, C. (1988).Analyse conjointe de tableaux quantitatifaris:
Masson.

[37] Lawless, H.T. (1989). Exploration of fragrances catégs and
ambiguous odors using multidimensional scaling and diwstalysis.
Chemical Sensed4, 349-360.

[38] Lawless, H.T., Sheng T., & Knoops, S. (1995). Multidinseonal
scaling of sorting data applied to cheese percepfond Quality and
Preference 6, 91-98.

[39] Lawless, H.T., & Glatter, S. (1990). Consistency of tidimensional
scaling models derived from odor sortintpurnal of Sensory Studies
5, 217-230.

[40] Le Dien, S., Pags, J. (2003). Hierachical multiple factor analysis:
Application to the comparison of sensory profilé®od Quality and
Preference 14, 397-403.

[41] MacRae, A.W., Howgate, P., & Geelhoed, E.N. (1990).e5séng the
similarity of odours by sorting and by tridiadic comparis@hemical
Sensesl5, 661-699.

[42] MacRae, A.W., Rawcliffe, T., Howgate, P., & GeelhoedE(1992).
Patterns of odour similarity among carbonyls and their ores.
Chemical Sensed7, 119-125.

[43] Meyners, M., Kunert, J., & Qanari E.M. (2000). Comparin
generalized procrustes analysis and st&tisd Quality and Preference
11, 77-83.

[44] Meyners, M. (2003). Methods to analyse sensory prafiliata—a
comparisonFood Quality and Preferengel4, 507-514.

[45] Miller, G.A. (1969). A psychological method to invegdite verbal
concepts.Journal of Mathematical Psychologg, 169—-191.

[46] Pages, J. (2005). Collection and analysis of perceived proufet-
distances using multiple factor analysis: Application be study of
10 white wines from the Loire Valleyrood Quality and Preference
16, 642-649.

[47] Picard, D., Dacremont, C., Valentin, D., & Giboreau, @®003).
Perceptual dimensions of tactile texturescta Psychologicall4,
165-84.

[48] Piombino, P., Nicklaus, S., LeFur, Y., Moio, L., & Le @@ J.
(2004). Selection of products presenting given flavor attarsstics:
An application to wine American Journal of Enology and Viticultyre
55, 27-34.

[49] Rand W.M. (1971). Objective crieria for the evaluatioihclustering
methodsJournal of the American Statistical Associatj@®, 846—850.

-~



[50] Rao, V.R., & Katz, R. (1971). Alternative multidimensial scaling
methods for large stimulus setdournal of Marketing Researct8,
488-494.

[51] Risvik, E., McEwan, J.A., Colwill, J.S., Rogers, R., &an, D.H.
(1994). Projective mapping: A tool for sensory analysis eadsumer
researchFood Quality and Preferencé, 263-269.

[52] Robert, P., & Escoufier, Y. (1976). A unifying tool fornkar
multivariate statistical methods: the RV-coefficieApplied Statistics
25, 257-265.

[53] Saint-Eve, A., Pai Kora, E., & Martin, N. (2004). Impact of the
olfactory quality and chemical complexity of the flavouriagent on
the texture of low fat stirred yogurts assessed by threermdifft sensory
methodologiesFood Quality and Preferencel5, 655-668.

[54] Schiffman, S., Reynolds, M., & Young, F. (1981htroduction to
multidimensional scalingNew York: Academic Press.

[55] Schlich, P. (1996). Defining and validating assessanmmmises
about product distances and attribute correlations. In &sN& E.
Risvik (Eds.),Multivariate analysis of data in sensory sciencéew
York: Elsevier.

[56] Soufflet, I., Calonniera M., & Dacremont, C. (2004). Angparison
between industrial experts’ and novices’ haptic percdpiiganization:
a tool to identify descriptors of the handle of fabri¢kod Quality
and Preferencel5, 689—699.

[57] Stevens, D.A., & O’Connell, R.J. (1996). Semanticefrecaling of
odor quality. Physiological Behavigr60, 211-1155.

[58] Takane, Y. (1980). Analysis of categorizing behavioy la
guantification methodsBehaviometrika8, 75-86.

[59] Takane, Y. (1982). IDSORT: An individual differences
multidimensional scaling program for sorting daBehavior Research
methods & Instrumentatiqrii4, 546.

[60] Tang, C., & Heyman, H. (1999). Multidimensional sodjrsimilarity
scaling and free choice profiling of grape jelligmurnal of Sensory
Studies 17, 493-509.

[61] Togerson, W.S. (1958)heory and methods of scalinjew York:
Wiley.

[62] van der Kloot, W.A., & van Herk, H. (1991). Multidimerial
scaling of sorting data: A comparison of three proceduvistivariate
Behavioral Research26, 563-581.

[63] Young, F.W., Lewyckyj, R., & Takane, Y. (1986). The AL8C
Procedure. InSUGI Supplemental Library User's Guide, Version 5
Edition. Cary, NC: SAS Institute Inc.

[64] Young, F. W., & Hamer, R. M. (1987Multidimensional scaling:
History, theory, and applicationdHillsdale, NJ: Erlbaum.

16



