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Abstract

In the field of clustering techniques, little attention has been paid to the recovery of a set of clusters
from the structure of an additive tree. To bridge this gap, this work presents an original partitioning
technique which aims to reveal clusters from an additive tree that represents a large set of objects.
Specifically, an algorithm that splits a tree into successive subtrees was developed, based on a ratio
of the lengths of edges. The stability of the clusters obtained with this technique was then evaluated
using measurements of cohesion and isolation that were generated using a bootstrapping strategy.
Finally, the degree of association of each object to clusters was analyzed to gain insight into their
internal structure. This analysis was performed on the results of a sorting task conducted by 156
subjects, who were asked to sort 96 terms associated with the odor of wine. The methodology
developed in this paper represents an innovative way to highlight groups of terms within a large set

of wine odor attributes, with the ultimate goal being to improve the structure of the lexicon.
1. Introduction

In sensory analysis, holistic techniques involving untrained subjects for product characterization are
becoming increasingly popular due to their simplicity, speed, and cost effectiveness (Delarue et al.,
2015; Varela & Ares, 2014). Moreover, the results obtained from these approaches have been shown
to be largely similar to those obtained with a conventional profiling approach. Data collected from
holistic techniques, such as free sorting or projective mapping, are usually recorded as a proximity
matrix between the objects evaluated. Subsequently, a global representation is set up to highlight
how the products are perceived by the subjects. Generally speaking, a set of objects can be visualized
by means of either spatial or network representations on the basis of their proximity matrix. In
spatial models, each object is represented as a point in a geometric space issued from a factorial

approach; instead, in network models each object is represented as a node in a graph.

Network representations are commonly advocated when it becomes difficult to interpret a spatial

configuration in a low-dimensional space. Besides, it has been shown that factorial approaches seem
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to be more appropriate for perceptual stimuli while network approaches, in particular additives
trees, are more suited for conceptual objects, with a large number of features (Beller, 1990; Navarro
& Lee, 2002; Pruzansky et al., 1982; Vanpaemel et al.,, 2010). As presented by Lahne (2020),
Euclidean spatial approximations of non-Euclidean data (as binary sorting data) may produce
apparent artifacts leading to a false interpretation. This is one of the reasons which explains the
interest to alternative methods as network models. Furthermore, when a representation must
include a large set of objects, the number of dimensions required in spatial methods is likely to make
data exploration cumbersome (Shepard, 1974; Shepard & Arabie, 1979). Thus, in sociology or in
cognition fields, network approaches are preferred as it yields better insights into the structure of

the data (Abdi, 1990; Abdi et al., 1984; Chollet et al., 2011; Waterman et al., 1977).

With regard to free sorting, most data analyses involve spatial models derived from multi-
dimensional scaling (Carroll & Chang, 1970; Faye et al., 2004; King et al., 1998; Lawless et al., 1995;
Van der Kloot & Van Herk, 1991), correspondence and multiple correspondence analyses (Cadoret et
al., 2009; Cariou & Qannari, 2018; Takane, 1981, 1982) and multiblock approaches with DISTATIS or
sortCC (Abdi et al., 2007; Qannari et al., 2010). Interestingly, new approaches derived from
connected graph analyses were recently proposed in the scope of holistic methods such as free
sorting (Lahne, 2020) or projective mapping (Orden et al., 2019; Orden et al., 2021). In these works, a
connected graph is determined so as to represent the proximity perceived among the objects by
means of a strength of connections between the associated nodes of the graph. In addition, to
enhance the readability of such a graph, Lahne et al. (2020) proposed a backbone extraction to
represent only significant connections, i.e. those with a high strength value. Among network-based
approaches, we focus on additive trees, which have been widely applied in different domains from
biology to psychology. Additive trees were introduced by Buneman (1971) for filiation of
manuscripts. Several algorithms were further proposed among which we can cite Sattah & Tversky
(1977), Carrol & Pruzanski (1975) and De Soete (1980). For a detailed presentation of additive tree,
including historical aspects, criteria, algorithms and kinds of applications, refer to Abdi (1990). Briefly,
additive tree is a connected graph where every pair of objects is connected by a unique path (De
Soete & Carroll, 1996 ; Sattath & Tversky, 1977). In particular, objects are represented as leaves and
the path from one leave to another one reflects the dissimilarity between the two objects. This path
is supported by edges connecting nodes, which can be terminal (i.e. leaves) or alternatively internal.
A tree representation has the advantage to propose a parsimonious description and a convenient
graphical display (Pruzansky et al., 1982). This method has been used to analyse free sorting data for
semantic categorization tasks (Dubois, 2000; Koenig et al., 2020), acoustic categorization tasks

(Berland et al., 2015; Guastavino, 2007), tasks related to odor categorization, both perceptually and
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conceptually (Chrea et al, 2004). It was also carried out in sensory studies for product

characterization (Blancher et al., 2007; Chollet et al., 2011).

Along with representation techniques, clustering analysis offers a convenient way to reduce the
complexity of the relationships among large sets of objects by grouping objects into homogeneous
clusters. Regardless of the method used to collect information, a clustering analysis aims to group
objects in such a way that similarities of objects in the same group are maximized while pairwise
similarities between objects of different groups are minimized. The two techniques—similarity
representation and clustering—complement each other to visualize the similarities between objects
with the ultimate goal of grouping them into a small number of disjoint clusters. While the clustering
of objects is currently performed using Hierarchical Ascendant Clustering (HAC) or k-means method
on the initial dissimilarity matrix or dissimilarities obtained from the low-dimensional configuration,
the determination of a partition from an additive tree is not straightforward. Indeed, in HAC, the
splitting procedures are commonly based on the variation of an optimization criterion (or height)
providing guidelines for identifying a partition. To the best of our knowledge, no clear computational
strategy has yet been published with respect to the determination of clusters from an additive tree
structure. To fill this gap, we propose a recursive strategy of tree rebuilding, which selects an edge to
split at each step. The algorithm takes into account both the topology of the tree structure and the

length of the edges between nodes.

Once the partition of the objects is obtained, its stability can be evaluated using resampling
techniques. In practice, a partition is assumed to be stable if small changes in the dataset do not have
any significant effect on cluster membership. Among the various resampling techniques available,
bootstrapping has been widely applied in sensory profiling to assess the stability of a configuration
through the generation of confidence ellipses (Blancher et al., 2012; Cadoret & Husson, 2013;
Courcoux et al., 2012; Rossini et al., 2012). In the present work, a bootstrapping procedure is applied
to evaluate the quality of the partition obtained from an additive tree, through the use of cohesion

and isolation indices (Bel Mufti et al., 2012).

To illustrate our approach, we consider a free sorting task of 96 wine odor terms, with the ultimate
goal of structuring these terms into a lexicon, based on a partition of these terms. Sorting tasks are
easy to perform and involves a relatively intuitive method for assessing the similarities among a large
set of objects. This approach has already been successfully used to establish relationships among
terms (Gawel et al., 2000; Spencer et al., 2016). Several variations of the free sorting task have also
been proposed to provide more insight into the similarities among objects, e.g., taxonomic free

sorting (Courcoux et al., 2012; Withers et al., 2014), hierarchical free sorting (Cadoret et al., 2011;
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Honoré-Chedozeau et al., 2017; Santosa et al., 2010) and multiple free sorting (Dehlholm, 2015). In
our case study, a panel of 156 subjects performed a variation of a hierarchical sorting task that
include 96 terms related to wine odors. The data collected from subjects were aggregated and
represented as a dissimilarity matrix of 96 wine-odor terms. An additive tree representation was

determined, which was subsequently partitioned into clusters of wine-odor terms.

This study aims to present (a) an original method for the creation of a set of disjoint clusters from an
additive tree representation, (b) a way to assess the stability of the clusters, by introducing criteria of
cohesion and isolation computed with a bootstrapping strategy, and (c) guidelines for the
construction of a wine-odor lexicon from a free sorting task. In the first section, the case study is
introduced. Then, the methodology for the determination of a partition from an additive tree is
detailed together with the stability of the partition thus obtained. Subsequently, the quality of
object’ assignment to clusters is discussed by examining the degree of association of each object to
its assigned cluster as well as to all other ones. Finally, the results obtained from the free sorting task

dataset are discussed and compared to other existing representations of a wine-odor lexicon.
2. Case study

The case study pertained to the olfactory characterization of wine, and had the ultimate goal of
creating a hierarchically structured sensory tool using a defined lexicon of aroma terms. A sorting
task was designed to investigate the semantic relationships among the various terms. As such, this
task corresponded to a word sorting procedure, as proposed by Steinberg (1967), in which subjects
are asked to group together terms according to their semantic similarity. After consultation of 35
scientific papers (e.g. Coulon-Leroy et al., 2017; Esti et al., 2010; Lawrence et al., 2013; Noble et al.,
1984), 96 terms were selected and constituted the lexicon submitted to the sorting task (the detailed

list of terms is available in Koenig et al., 2020).

The sorting task was performed by 156 subjects, with different levels of expertise. Among them, 72%
did not belong to the viticulture sector while 28% were professionals from this sector (for more

details, see Koenig et al., 2020).

An ascendant hierarchical free sorting procedure (Courcoux et al., 2012; Withers et al., 2014) was
adopted and designed with regard to the large number of objects considered. During the task, each
subject was presented the 96 terms in the format of paper labels with “Odor of...”. First, subjects
were instructed to form as many groups as they wanted. Thereafter, they were invited to merge the
groups they have previously identified as many times as they wanted. This additional step aimed to
reveal the semantic structure of the groups that subjects had formed in the initial step. It should be

noted that in this hierarchical free sorting procedure, subjects were not instructed to iterate the

4
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procedure until there were only two groups left. Besides, they were also allowed to merge more than

two groups at each step. In practice, most of the subjects performed two or three aggregation steps.

For each subject, an individual distance matrix among the 96 odor terms was computed from the
hierarchical free sorting data, using cophenetic distance as in Courcoux et al. (2012). The distance
between two terms is equal to the first level at which they are grouped together divided by the
number of levels achieved by the subject. Thus, the first grouping associated with the initial sorting
procedure corresponds to level zero. At the extremes, two objects have a cophenetic distance equals
to zero if they are already grouped together at level zero, while their pairwise distance is equal to
one if they are never grouped together. All in all, the later the terms are grouped together, the
greater their cophenetic distance. Fig. 1 depicts the way an individual cophenetic distance matrix is
computed on the basis of the sorting of five objects by one subject, with a two-steps sorting
procedure. At the first step, that is to say at level zero, let us suppose that the subject performs three
groups: {Apple, Pear}, {Strawberry, Raspberry} and {Cherry}. This leads to a first matrix with a
pairwise distance equals to zero for two objects belonging to the same group and equals to one
otherwise. Then, suppose that at level one, the subject chooses to aggregate the two latest groups
into a single one: {Strawberry, Raspberry, Cherry}. The resulting distance matrix is derived following
the same rationale as previously. Finally, the cophenetic distance matrix is obtained by summing up
the matrices corresponding to the two levels, and by dividing each value by the number of levels set
by the subject (here two). Thus, pairwise distances corresponding to objects sorted together at level
zero remain to zero, the cophenetic distance between ‘Cherry’ and ‘Strawberry’, grouped at level
one, is equal to %, while the cophenetic distance between ‘Apple’ and ‘Strawberry’ is equal to one

since they were never grouped together.

Initial sorting procedure: level 0

® &P é W
oy ® 0ojoj1/1]1
@ v & o 01|11 Individual cophenetic
—> (11011 ~ distance matrix
@ ® 11 1|00 AR
@ 11100 @lolo/11]2
Second sorting procedure: level 1 & 0joj1]1]1
S 1|10 %%
(I IKIK AE ® 1|1 x%|oo0
6 @®/ojof1]1]1 @11 %n|loo
@ &0 01|11 /'
/11000
@ @1 10|00
@l 1]/1]/0|0]0

Fig. 1: Example of free sorting of five objects, for one subject. The first step of sorting task
corresponds to the top of the figure with the associated distance matrix. The second step of the

sorting task is illustrated on the bottom of the figure with the associated distance matrix. On the
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right, the combination of the two steps into the cophenetic distance matrix for this subject is figured

out.
3. Method
3.1. Notations

Suppose that S subjects have sorted N objects leading to S distance matrices as illustrated in Fig.
2(a). These latter ones are summed together to obtain an overall distance matrix between the N
objects. Let us denote as D this N X N matrix (Fig. 2(b)), with D(i, j) being the distance between the
pair of objects i and j (with i,j = 1, ..., N). Thereafter, a representation of the N objects is carried
out on the basis of distance matrix D by an additive tree procedure (Fig. 2(c)). From this additive
tree, a partition P of the N objects is determined (see section 3.2 for details). Let us denote C, one

cluster of the partition 2.

In order to evaluate the stability of the partition P, a bootstrap procedure is performed. This consists
in generating B virtual panels, also called bootstrap panels and by choosing S subjects at random and
with replacement from the initial panel of subjects. Thus, for the b virtual panel, a distance matrix
D, (b =1, ..., B) can be derived. P, refers to the partition of the N objects which is obtained on the

basis of the additive tree set up from D,,.

S subjects

FAFIES
N objects
wla[»[o]¢
- $© ®
s , "
= D(i,j) —> @ —p Partition?
?f tj=1.,N ‘ of N objects
@ | o
S distances matrices Overall distance matrix Additive tree

(a) (b) (c)

Fig. 2: (a) distances matrices from the S subjects; (b) overall distance matrix from the S subjects, and
(c) the additive tree built from the overall distance matrix. The open points correspond to the objects,

positioned as terminal nodes or leaves while solid points correspond to the internal nodes.
3.2. Tree and subtree construction

As described above, the overall distance matrix D is the sum of the individual matrices of the

S subjects. The representation of the N objects is therefore carried out by approximating D by an

6
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additive tree. In such a representation, objects correspond to the leaves or terminal/external nodes
of the tree (Fig. 2(c)). The distance in the tree between two objects is equal to the length of the path
that joins their associated nodes (Sattath & Tversky, 1977). The configuration of an additive tree
should approximate as closely as possible the observed distance between each pair (leaves or
terminal nodes) with regard to the observed value in D (Abdi, 1990). Here, the Neighbor-Joining (NJ)
algorithm proposed by Saitou & Nei (1987) is used to determine the additive tree, which is also called

phylogenetic tree in evolutionary biology.

Once the additive tree obtained, the aim is to investigate how to cut several edges in order to get a
partition of the objects. In the case study considered herein, such a partition leads to retrieve groups
of odor terms that synthesized all the sorting results performed by the panel of subjects. Unlike a
clustering scheme, an additive tree is not rooted, which may lead to different hierarchies of
partitions or clusters. To the best of our knowledge, only a few studies have explored the
determination of a partition from an additive tree and authors generally adopted an empirical
approach that relies on prior knowledge (Guénoche, 2011; Sattath & Tversky, 1977). Nevertheless,
these approaches share a common strategy which consists in splitting several edges of the tree to
create subtrees, which ultimately provides clusters. Following the same rationale, the original divisive
algorithm, proposed herein, is based on recursive steps of splitting and rebuilding. Besides, a

stopping criterion is defined so that the number of clusters can be automatically defined.

The selection of the edge to be split is made on the basis of an internal criterion. In the context of
phylogenetic trees, the choice is generally based on the length of edges (Sattath & Tversky, 1977),
because in this context the length of the edges between two nodes can be interpreted as the
evolutionary distance between species, either ancestral or extant. However, as underlined by
Gambette et al. (2012), this choice may be irrelevant for other kind of trees such as those based on
co-occurrence distances between words, and other criteria should be investigated. Among the
criteria that were compared by Guénoche & Garreta (2002) and Gambette et al. (2012), two criteria
seem to outperform the others. The first, denoted LengthRatio, is defined as the mean distance
between all pairs in which the objects are on opposite sides of a given edge, divided by the mean
distance of all pairs in which the objects are on the same side of the edge. The second, Rtrip, is the
proportion of well-designed triples of objects. More precisely, three objects — say i, j, and z with i
and j on one side of the edge and z on the other side — are said to be well-designed if i and j are
closer to each other than i and z or j and z. Hereafter, we discuss only the LengthRatio criterion, as
the results were similar with both criteria while the computational time required was much lower
when using the LengthRatio criterion. It should be noted that this criterion can be set as an input

parameter of our partitioning method which can also be applied with alternative criteria.
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Using the LengthRatio splitting criterion, it is possible to select the edge that, once split, has the
highest potential to reveal consistent subtrees. This principle is applied recursively leading to an

algorithm which consists of the repetition of three main operations, described as follows:

(a) The creation of an additive tree that represents a set of objects from their associated
dissimilarity matrix. In the first step, this encompasses the entire set of terms, and only a subset

of terms thereafter;

(b) The division of the tree at hand into two subtrees by splitting the edge with the highest value

of LengthRatio, thus creating two disjoint subsets of objects;

(c) The computation of the homogeneity of each subset obtained. According to Guénoche and
Garetta (2002), the homogeneity of a set of objects may be evaluated by its diameter, i.e. the
maximum pairwise distance within the set. These authors also advocated the use of the diameter
ratio as a useful measure of homogeneity. It corresponds to the diameter of any subset of objects
divided by the diameter of the whole set of N objects of the tree. The lower the diameter ratio,
the more homogeneous the subset. This latter criterion is integrated in the algorithm as a
stopping rule. More precisely, a threshold value equal to 80% has been set to decide if the subset
under consideration should be split further or not. As in the case of the edge to be split criterion,
such a threshold is an input parameter of the algorithm which can be adapted depending on the

context under study or the dataset to be analyzed.

The recursive algorithm stops when there are no more candidate groups of objects for splitting, that
is to say when all subsets already retrieved have a diameter ratio value lower than 80%. The partition

is finally composed of the subsets of objects thus obtained.

An example of the recursive algorithm is presented in Fig. 3 with the partition of five objects. A first
step leads to a five-terminal nodes additive tree that represents the global dissimilarity matrix. The
edge with the highest value of LengthRatio corresponds to the splitting (dashed segment) of the set
of objects into two groups: {Apple,Pear} and {Cherry, Strawberry, Rasberry}. Dissimilarity matrices of
each subset and respective diameter ratios are thereafter computed. The stopping criterion of
homogeneity makes the cluster {Apple,Pear} to be no longer a candidate group of splitting.
Conversely, the subset {Cherry, Strawberry, Rasberry} is further split into two groups: {Cherry} and
{Strawberry, Raspberry}. Finally, a three clusters partition: {Apple, Pear}, {Cherry}, {Strawberry,

Raspberry} is obtained from this toy example.
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Fig. 3: Recursive algorithm with an example of five objects (Apple, Pear, Cherry, Raspberry and
Strawberry) with two iterations, leading to a final partition into three clusters {Apple, Pear}, {Cherry},

{Strawberry, Raspberry}.

The algorithm is written in R software 3.4.3 and the NJ algorithm is carried out using the nj function
in the ape package (Paradis & Schliep, 2019). The algorithm is available upon request to the

corresponding author.
3.3. Assessing the stability of a partition

The partitioning algorithm is carried out on the basis of the distance matrix D summing up the
distance matrices provided by the S subjects of the panel; this results in the determination of a
partition P. In order to assess its stability, we submit it to a bootstrapping procedure on subjects.
Each bootstrap sample results from the random selection, with replacement, of S subjects from the
panel. As defined in section 3.1, a distance matrix D;, is computed from each virtual panel of subjects
(b =1,....B). The corresponding additive tree is submitted to the partitioning procedure, leading to
the creation of a partition P, (b = 1, ... B). This collection of B (say 1000) “bootstrapped” partitions
are then used to assess the stability of the reference partition P. Fig. 4 presents schematically how

the P}, partitions are obtained from a bootstrapping procedure on six different subjects.
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Fig. 4 : B bootstrapping within a set of six subjects (for illustration) to obtain B distance matrices and

B partitions used to assess the stability of the partition
3.3.1. Cohesion and isolation of the clusters

To evaluate the stability of a partition, it is necessary to measure the stability of its clusters. For this,
several authors advocated the use of cohesion and isolation measures (Bertrand & Bel Mufti, 2006; El
Moubarki, 2009; Lenca et al., 2008). A cluster is considered cohesive if the objects which belong to it,
remain together after a perturbation of the dataset. Here, the perturbation is generated by the
bootstrap resampling. Likewise, a cluster is considered isolated if two objects separated regarding
this cluster remain separated after a perturbation. According to Bertrand & Bel Mufti (2006) and El
Moubarki (2009), each stability measure is defined as the probabilistic measure of a quality rule. The

rules for cohesion and isolation are defined as follows:

- Rule for the cohesion of a cluster C:If two objects are grouped together in cluster C of

partition P, then they must be together in partition P, obtained after perturbation.

- Rule for the isolation of a cluster C: If two objects are separated according to the partition
{C,C} of P (C being the complement of C), then they must also be separated in partition

P, obtained after perturbation.

10
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The probabilistic measures for both rules are respectively evaluated by:
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with nll,b the number of pairs of objects of cluster C of P that are also grouped together in partition
P, (b=1,..,B); ngo,b the number of pairs of objects separated into {C, C} and also separated in

partition Pp; n. the size of cluster C and N the total number of objects.

Cohesion and isolation measures (Eqg. (1) and (2)) range in value between 0 to 1; the lower the value,
the lower the cohesion (isolation) of the cluster. It is worth noting that these indices rely on the

principle of conditional probability (Agrawal et al., 1993).

Cohesion and isolation measures are computed for each cluster C of the partition P. Subsequently,
weighted sum of cluster’s cohesion and isolation indices are used to estimate respectively the
cohesion and the isolation of the global partition P. Weights are introduced in order to take into
account of the size of the different clusters, as reported in Appendix (Eg. (4) and Eq. (5)). Further
details are given in El Moubarki (2009).

As demonstrated by Bel Mufti et al. (2012), there is a tight connection between these indices and the
Rand index. Indeed, the Rand index can be expressed on the basis of both cohesion and isolation
measures. For more details, the equations defined by El Moubarki (2009) are reported in Appendix
(Eg. (6)). In the context of free sorting data analysis, the Rand index is commonly used either to
evaluate the agreement between two subjects’ partitions or as the key criterion to determine a
consensus partition of the objects from the various subjects’ partitions (Courcoux et al., 2014 ;
Qannari et al.,, 2014). Undeniably, the Rand index could also be used to compare the observed
partition P with the “bootstrapped” ones, P,. However, while the Rand index only operates at a
partition level, cohesion and isolation measures provide a characterization at both levels, clusters

and partition, giving better insights into the structure, as shown in Eq. (6).

As we seek herein a fine analysis, criteria of cohesion and isolation are retained to characterize the
stability of each cluster. Indeed, cohesion yields information on the stability of the core of each
cluster: a highly cohesive cluster lumps together a strong core of objects, similar to the concept of a
“strong pattern” (Diday & Simon, 1976). In addition, the isolation measure evaluates how separate
one cluster is from others: in a poorly isolated cluster, the object(s) can often be moved out and

assigned to other clusters.
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At this stage, the analysis of cohesion and isolation values provides information on the stability of

each cluster but it does not enlighten on the objects responsible for such a level of stability.
3.3.2. Investigating the degree of association of objects to clusters

To obtain better insight into the partition P, a deeper evaluation was made to analyze how strongly

an object i is related to the cluster it belongs to.

For this purpose, the empirical degree of association of an object i to a cluster C has been computed,
using the same rationale of the B boostrapped partitions P, that reflect the perturbations of the
dataset. Let us denote as flli the estimation of the degree of association between the objects i and j
(i #j), i.e. the frequency of merging together i and j across the P, partitions (b = 1, .... B). These
values are aggregated in reference to each cluster of the initial partition 2 in order to compute the

D;  criterion, defined as follows, for the kt" cluster C of P:

Diy = niijEC,j#fiﬁ' ifi € C (3a)

1 ..
Dij = —Yjec,j=ifi) ifi € C (3b)

ng—1

where ny, is the size of the k" cluster of .

For an object i, the more concentrated its distribution of D;, (for k=1, .., K) is, the higher its

specificity (or typicality) to the cluster it belongs to.
4. Results
4.1. Tree representation and clustering of odor terms

The term-by-term matrix D, computed from the set of the 96 wine-odor terms on the basis of the
156 subjects’ sorting data (section 3.1), was subjected to the additive tree (NJ) algorithm. The

resulting unrooted tree is presented in Fig. 5.
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Fig. 5: Additive tree carried out from distance matrix D of the sorting data associated with wine-odor
terms. The first edge split by the recursive partitioning algorithm is indicated with a dotted double

arrow. Colors represent the 21 clusters recovered by the sequential partitioning algorithm along with

their clusters’ number as listed in Fig. 6.

The LengthRatio criterion was calculated for all edges of the additive tree. Then, the edge with the
highest value of LengthRatio was split, leading to the creation of two subtrees. From this split (see
the dotted double arrow in Fig. 5), a group of 44 odor terms was distinguished from another group of
52 odor terms. The splitting strategy described in section 3.2 was recursively applied. The sequence
of the clusters thus obtained is schematically represented in Fig. 6. With a threshold of 80% for the
stopping criterion (diameter ratio), the partition of the odor terms was ultimately composed of 21

clusters (Fig. 6). Each cluster varied from 1 to 10 odor terms.
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340  Fig. 6: Schematic representation of the successive dichotomous splitting of the 96 odor terms, leading

341  to a partition into 21 clusters (stopping criterion threshold value equal to 80%).

342 First of all, it appears that some clusters that were highlighted by the algorithm corresponded to
343 well-identified branches of the global additive tree (e.g., clusters 1, 2, and 7 in Fig.5). Nevertheless,
344 some situations did not follow the same rationale and turned out to be more complex. For instance,
345  the term ‘Vanilla’ (dark blue, southwest position in Fig. 5) was linked in the additive tree to the
346  branch that represented the terms ‘Spice’, ‘Pepper’, ‘Clove’, and ‘Cinnamon’ (dark green, south-
347  southwest position in Fig. 5). However, the recursive splitting algorithm grouped ‘Vanilla’ with
348  ‘Caramel’ and ‘Chocolate’ in cluster 15 (dark blue, southwest position in Fig. 5). These differences can

349 be explained by the fact that the proposed algorithm determines the tree again at each step.
350 4.2. Cohesion and isolation of the partition

351 In order to assess the stability of the 21 clusters corresponding to partition P, B bootstrapped
352 samples of subjects were generated and B partitions, P, (b =1..., B, with B=1000) were computed.

353  Each P, partition contained between 17 and 27 clusters.

354  Values of cohesion and isolation indices for each of the 21 clusters of P are depicted in Fig. 7, along
355 with the cohesion and isolation measures for partition P as a whole. Clusters 1, 2, 7, 11, and 8, as

356  well as clusters 3 and 10, showed high values of cohesion and isolation, while others appeared to be
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less stable, as indicated by one or both of their cohesion and isolation values. For instance, cluster 12
(brown, northwest position in Fig. 5) was associated with a very high measure of cohesion, which
indicates that the objects belonging to it, namely ‘Wood’, ‘Oak’, ‘Cork’, and ‘Pine’, were always
grouped together in the bootstrapped partitions. However, the isolation measure of this cluster was
low because other terms were lumped with these odor terms in several P, partitions. On the
contrary, cluster 14, composed of ‘Cinnamon’, ‘Clove’, ‘Spice’, ‘Pepper’, ‘Anise’, and ‘Licorice’ (dark
green, southwest position in Fig. 5), appeared to be isolated but did not show a high cohesion value.
This demonstrates that the objects belonging to this cluster did not usually lumped together in the

bootstrapped partitions but, at the same time, hardly any terms outside of this group were grouped

with them.
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Fig. 7: Cohesion and isolation values for the 21 clusters (circles) and for the global partition (triangle).

The clusters singletons (clusters 20 and 21) are indicated by an asterisk.

It should be noted that clusters 20 and 21 corresponded to singletons. These clusters were composed
only of one term (‘Black olive’ and ‘Tea’, respectively). In such cases, values of cohesion cannot be
computed (see Eq. (1)) and these values were set by default to 1. It is nevertheless apparent that

‘Black olive’ (cluster 20) was more isolated than ‘Tea’ (cluster 21), as ‘Black olive’ formed a cluster by
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itself more frequently with regard to the P, partitions than the ‘Tea’ term did. Regarding the other
small-sized clusters, those that consisted of two terms (e.g. clusters 16 and 17) were among the less

cohesive ones and also showed relatively low values of isolation.

The analysis of the clusters’ cohesion and isolation provided a broad perspective on their stability
and made it possible to identify some strong patterns, as well as to distinguish, the most instable

groupings.
4.3. Degree of association of objects to clusters

In order to obtain better insight into the clustering structure, we computed the degree of association
of each object to its cluster. From this index, it was possible to determine whether a term highly
belonged to one single cluster or whether it matched with several clusters. Fig. 8 depicts the values
of D;x (Eq. (3)) corresponding to the degree of association of the wine-odor terms with the various
clusters of partition P. Clusters are arranged in an ascending order according to their number (index
k) while each line corresponds to an object, i. The darker the cell is, the higher the degree of
association. In addition, distributions of three exemplifying terms (‘English candy’, ‘Vanilla’, and
‘Melon’; highlighted in Fig. 8) are represented in barplots in Fig. 9. In both figures, a shading from
black to white is used to represent the degree of association of objects to their clusters (see the
legend of Fig. 8). Regarding the interpretation of the values associated with singleton groups (‘Black
olive’ and ‘Tea’), it should be noted that both terms have obviously a degree of association equal to
one according to their respective cluster, but they also present values of degree of association rather

high with other clusters.

In Fig. 8, dark rectangles represent the clusters whose objects presented high values of degree of
association. These clusters matched exactly those with the highest measures of cohesion and
isolation (e.g., clusters 1, 2, 3, 7, 8, 10, and 11). For example, ‘Citrus’, ‘Lemon’, ‘Lime’, ‘Grapefruit’,
and ‘Orange’ showed values of degree of association to cluster 3 which were equal or higher than

0.97.

Regarding other clusters, the analysis revealed lower values of degree of association. The term
‘Melon’ in cluster 4 had a relatively low degree of association with respect to the other terms of its
cluster (represented by a lighter shade). Indeed, this term was almost as frequently associated with

clusters 4 and 5 (Fig. 9(c)).

16



403

404
405
406

Acacia
Orange blossom
Jasmine
Lilac
Rose
Violet
Dried apricot
Almond
Dried fruit
Hazelnut
Nut

Citrus
Lemon
Lime
Orange
Grapefruit
Pineapple
Banana
Passion fruit
Tropical fruit
Leetchi

Coconut
Apricot
Fig
Stone fruit
White fruit
Yellow fruit

Peach
Pear
Ig)ple
lum
Grape
Blackcurrant
Cherry
Strawberry
Raspberry
Ripe fruit
Black fruit
Red fruit
Currant
Blackberry
Blueberry
Butter
Lactic
Yeast
Bread
Burned
Coffee
Smoke
Roasted
Toasted bread
Leather
Sweat
Tobacoo
Alcohol
Rubber
Chemical
Nail polish remover
Qil

Sulfur
Vinegar
Mineral
Dust
Flint
Wood
Oak
Cork
Pine
Mushroom
Musty
Undergrowth
Earthy
Truffle
Anise
Cinnamon
Clove
Spice
Pepper
Liquorice
Caramel
boc

L Vanila _ |
L English candy |
Honey
Green pepper
Green
Hay
Grass
Cut grass
Bay
Mint
Thyme

Black olive
Tea

[ (c)

00 D600V P THDE TP

1.0

0.8

0.6

— 0.4

— 0.2

0.0
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P computed from the sorting data of wine-odor terms. The darker the cell is, the higher the degree of

association. Dotted rectangles indicate the objects that were highlighted in Fig. 9.
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Interestingly, a tight connection can be pointed out between some pairs of clusters, for instance
clusters 5 and 6, clusters 9 and 10, or, even more obviously, clusters 12 and 13. Indeed, association
degrees of the terms are high for their cluster and also for the cluster paired with it. The link
between each pair of clusters may also be noticed in Fig. 5, as terms from these outlined clusters are

already closed in the additive tree.

Finally, we can note weaker patterns which were identified during the last recursive stages of the
partitioning procedure (clusters 14 to 17, 19 and 21). Regarding these clusters, they did not
correspond to strongly shaded rectangles. For each term included, light-shaded rectangles were also
observed within several other clusters. For example, cluster 16 was especially weak, as the two terms
belonging to the cluster — that is to say ‘English candy’ and ‘Honey’ — had degrees of association
values only equal to 0.14 with respect to their own cluster, while ‘Caramel’ and ‘Chocolate’ terms
belonging to cluster 15, had degrees of association values equal to 0.43 and 0.35 with respect to
cluster 16, respectively. To illustrate this aspect, barplots of ‘English candy’ and ‘Vanilla’ are displayed

in Fig. 9(a) and Fig. 9(b). In both cases, there was no clear association between the term and a single

cluster.
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Fig. 9: Values of D;j for (a) ‘English candy’, (b) ‘Vanilla’, and (c) ‘Melon’. The darker the rectangle,

the higher the degree of association. Number in abscissa corresponds to the clusters’ number.

The analysis of each cluster of the partition on the basis of the cohesion and isolation criteria,
together with the analysis of the degree of association of each term to the clusters made it possible

to highlight different stability patterns among the various clusters of odor's terms.
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On the one hand, clusters 1, 2, 3, 7, 8, and 11 represented highly stable clusters, with regard to both
cohesion and isolation criteria. Moreover, the distributions of degrees of association, D;, of each
term i which belonged to those clusters were clearly uni-modal. Thus, we can conclude that these
clusters were composed of terms that were highly associated with the terms belonging to the cluster

and well separated from the terms belonging to the other ones.

On the other hand, some clusters were less stable, because of either a poor cohesion or a poor
isolation value. The inspection of the degrees of association values of their terms made it possible to
identify specific situations. For instance, terms from clusters 12 and 13 showed strong affinities.
Merging both clusters would result in an improvement in their isolation values, however at the

expense in the cohesion measure.

Besides, the stopping criterion used in the recursive algorithm was based on the homogeneity of the
clusters which were formed. Some clusters were identified at the very first steps (e.g. cluster 1 was
formed after two splitting steps) and were homogeneous enough not to be split further. On the
contrary, the small-sized cluster 16 or the singletons 20 and 21, only reached adequate homogeneity
in the very last steps. We may conclude that the later the cluster is formed in the partitioning

procedure, the more likely this cluster is unstable.
5. Discussion

The first aim of this study was to introduce a versatile algorithm for determining a partition from an
additive tree. This algorithm operates in a recursive way so that, for the tree/subtree under
consideration at a given step, the edge corresponding to the highest LengthRatio value is cut and two
new additive trees are then computed on the basis of the terms on either side of the cut. Overall,
there were differences between the clusters formed by our algorithm (listed in Fig. 6) and the
branching patterns of the original additive tree (Fig. 5). In other words, if the tree had been split only
on the basis of its original branching pattern, the resulting clusters would have been different. We
can notice that such a difference may be due to the size of the dataset considered in this study.
Indeed, the large number of terms can result in a potentially unstable ranking of the set of the
LengthRatio of each edge of the additive tree. In particular, at the first iteration, some terms may
seem closed in opposition to the rest of the terms because of the number of terms. As we split the
tree, the number of objects in each rebuilt tree is reduced, the LengthRatio computation became
more precise and the ranking of actual LengthRatio values more trustworthy. By updating the tree’s
structure for each subset, and in turn updating the distribution of quality measures, we were able to

select more relevant edges to split at each step.
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In addition, the algorithm includes a stopping criterion to determine whether a subset of objects
needs to be split further or whether it can be considered as a single cluster. A threshold value of 80%
was set herein but it is worth noting that this value can be adapted depending on the dataset and the
context. Other stopping rules could also be considered, including the number or the size of the
clusters. For example, in Guénoche et al. (2012), the number of clusters was defined a priori. Such a

criterion could be integrated in a straightforward way in the proposed algorithm.

A second objective was to assess the stability of the partition. Overall, the three measures proposed
here—cohesion, isolation, and degree of association—generated complementary information that
contributed to an improved assessment of the quality of the partition. The analysis of cohesion and
isolation enabled us to assess the stability of the clusters: cohesion was a good indicator of a strong
pattern within a cluster, and isolation yielded insight into other objects that might be related to a
cluster. By analyzing the values for degree of association of the objects, we were able to explain how
the stability of several clusters was affected by the objects they contained. It is worth noting that,
unlike the Rand index, the use of both cohesion and isolation measures provided a more
comprehensive understanding of the stability of the clusters. Finally, the inspection of the values of
degree of association gave additional information on the objects which were responsible for poor

stability.

This method generated a partition of odor terms that was largely similar to other categorizations
proposed in the literature. Here, we refer more particularly to the “Wine Aroma Wheel” (Noble et al.,
1984, 1987), which is currently considered as the standard in the wine sector. Some clusters
highlighted herein mirror, to a large extent, those reported in the literature. For example, cluster 1,
composed of the floral terms ‘Acacia’, ‘Orange blossom’, ‘Jasmine’, ‘Lilac’ and ‘Rose’, is consistent
with a floral odor category usually identified in the literature (Noble et al., 1987). Cluster 2 of the
partition obtained was composed of terms related to dry fruit and nutty odors that are separated in
the “Wine Aroma Wheel” but merged together in other reports (Caillé et al., 2017; Coulon-Leroy et
al., 2017; Esti et al., 2010). Clusters related to citrus fruits, exotic fruits and red fruits (clusters 3, 4,
and 6, respectively), lactic, roasted, chemical and spice terms (clusters 7, 8, 10, and 14), and aromatic
plants (cluster 19) were all in line with previous work in the literature. Most of these clusters were

highly stable according to the measures of cohesion and isolation.

It is interesting to inspect the 'Melon' term more precisely. In the additive tree built from the initial
distance matrix, ‘Melon’ was placed in a branch together with terms pertaining to cluster 5 (green,
southeast position in Fig. 5). However, when the tree was rebuilt with the recursive algorithm,

‘Melon’ was lumped with cluster 4 (orange, east position in Fig. 5). From a wine perspective, ‘Melon’
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is usually associated with the odors listed in cluster 4 (‘Pineapple’ or ‘Banana’) rather than with the
odors belonging to cluster 5 (such as ‘Apple’ or ‘Pear’), as shown in the “Wine Aroma Wheel” of
Noble et al. (1984). This result demonstrates the relevance of a strategy based on the recursive

partitioning.

However, some of the clusters exhibited herein have not been reported in the literature. For
example, cluster 5 (hereafter called ‘other fruits’) was found to be unstable and was particularly
associated with a poor cohesion measure. In the literature, the terms belonging to this cluster are
often grouped together, as they are all ‘fruity’. However, several publications combine these terms in
different ways. The wheel of Noble et al. (1984) distinguishes ‘Tree fruit’ from ‘Berry’, as the work of
Coulon-Leroy et al. (2017) does. In Esti et al. (2010) and in “The Master Sommelier Wine Aroma
Wheel©” (Aromaster, 2010), the 'Pear' and 'Apple' terms are separated from the fruit terms and
form their own category called ‘Pomaceous’ or ‘Pome fruits’. All in all, there is no consensus on the

categorization of these ‘other fruits’, which may explain the poor cohesion measure of this cluster.

Another explanation for the poor stability of a cluster may be a high degree of variability among the
subjects. Although we did not directly evaluate the degree of agreement within the panel, the
bootstrapping strategy and the derived measures of stability provide a good perspective on this. As
demonstrated by the stability values, all subjects were relatively consistent in their clustering of the
following aromatic aspects: citrus, floral, tropical fruit, dried fruit, white fruit, red and black fruit,
vegetal, empyreumatic, spicy, mineral, chemical, lactic, woody and earthy. This observation is
consistent with Noble et al.’s aroma wheel (1984). It is also consistent with cross-cultural studies
showing that the semantic categorization of odors is largely similar among subjects and is mainly

based on odorant sources (Chrea et al., 2004, 2005).

Overall, the associated stability values were representative of the consistency of the clusters found in
the literature, i.e., the clusters with poor stability values were also those that differed from one study
to another. For example, cluster 16, containing ‘English candy’ and ‘Honey’ presented some
discrepancies with the literature, especially for the former term. In fact, ‘English candy’ is a technical
term used to describe the amylic odor of a wine (Lawrence et al., 2013) and typically associated with

‘Banana’.

As our panel was composed of both consumers and professionals, we assume that some of the
subjects did not know the meaning of the term and therefore misclassified it, resulting in the poor
stability of the cluster. To test this hypothesis, the procedure presented in the paper was performed
on four homogeneous expertise segments (see Koenig et al., 2020 for more details on the segments).

Overall, results were very similar between the different segments of expertise and it was possible to
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find clusters of odor terms expressing each of the following aromatic aspects: citrus, floral, tropical
fruit, dry fruit, white fruit, red and black fruit, vegetal, empyreumatic, spicy, mineral, chemical, lactic,
woody and earthy. However, some discrepancies appeared for some terms, as ‘Banana’. Indeed, the
less experts’ segment assigned the term ‘Banana’ to the cluster of tropical fruits, while the most
experts’ segment associated it with the term ‘English candy’, forming a cluster characterized by amyl
notes. ‘English candy’ clearly belongs to dedicated terminology related to wine tasting that is not or
little used in everyday language. As a consequence, subjects with a low level of expertise are less

familiar with this term and therefore have greater difficulty associating it with other terms.

From a practical point of view, the method presented in this paper provides guidelines for the
determination of clusters from a wine-odor lexicon. Sensory lexicons are usually structured into
groups of terms that are hierarchically embedded. Moreover, most of them are arranged as wheels
derived from free sorting tasks (Gawel et al., 2000; Hayakawa et al., 2010; Koch et al., 2012; Spencer
et al., 2016). Sorting procedures have gained ground among researchers in sensory analysis because
products can be characterized without the need for subjects to undergo training (Faye et al., 2004;
Santosa et al., 2010; Withers et al., 2014). This paper presents an innovative statistical strategy for
highlighting a structure within a sensory lexicon, based on data from a sorting procedure. As argued
by Noble et al. (1984) and Lawless & Civille (2013), the development of a lexicon serves the purposes
of unifying the language used among stakeholders and of facilitating communication among
winemakers, marketing personnel, wine researchers, and consumers. The choice of the subjects used
to construct the structuration of sensory lexicon is also an important issue. In our case study, the
inspection on the expertise led us to consider the whole panel of subjects as only minor differences
occurred between different segments of expertise (Koenig et al., 2020). Moreover, these ones were
mostly due to very specific terms such as ‘English candy’. In light of these minor differences, we
decided to deal with the whole dataset consisting in all the subjects. However, the choice of the

subjects used is very important for the implementation of the method.

In addition, with the proposition of a structured lexicon, we also may suggest the use of intermediate
terms to label the clusters, as in the aroma wheel proposed by Noble (1984). For some clusters, the
title is obvious and may be a term of the cluster: for example, ‘Citrus’ for cluster 3 or ‘Tropical fruit’
for cluster 4. However, it may not be so obvious for others. In order to define clusters labels, the
verbalization task performed at the end of the hierarchical sorting task (data non-shown), followed
by a frequency analysis of the elicited words may be used. Verbalization generated at this step can be
used to describe each cluster, based on an analysis of the frequency of the terms involved in each

cluster.
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Finally, according to the categorization theory presented by Rosch (1973), each category of objects
has an internal structure based on the typicality of objects in the category. The internal structure of
categories has, to the best of our knowledge, never been considered in the construction of a wine-
odor lexicon. Our study confirmed that terms related to wine-odors cannot always be neatly assigned
to a single cluster, and a term may present similar association values for different clusters. However,
our method highlighted stable categories which can be considered more trustworthy as well as
clusters that may be grouped to improve their isolation. The relationship between degree of
association and typicality, as described in Rosch’s theory, is not straightforward. Typicality is related
rather to the distribution of the association degree of one term than a single value. Nevertheless,
values of the degree of association can provide insight into the internal structure of a cluster and
should be taken into consideration in efforts to consolidate a wine lexicon and ultimately to improve

sensory tools such as aroma wheels.
6. Conclusion

Our aim was to propose a method of categorization that was adapted to both the semantic nature of
the data set and the large number of terms under study. A partitioning procedure was developed to
determine a set of clusters from an additive tree. Here, this algorithm was applied on a free sorting
dataset corresponding to wine-odor terms. The algorithm relies on an additive tree representation of
the data which appears to be more adapted when a large number of objects is considered. The
approach proposed herein provide a partition of the objects from the additive tree representation.
To better characterize the quality of the partition obtained, values of cohesion, isolation, and degree

of association were computed using a bootstrapping strategy.

The partition highlighted by our strategy, and the measures of stability associated with it, were
largely consistent with the literature, in particular compared to the aroma wheel of Noble et al.
(1984). The stability measures applied here enabled a more precise assessment of the stability of the

clusters and provided new perspectives for the creation of lexicons.

Finally, the entire strategy presented in this paper—categorization and assessment of stability—
appears to be versatile and can be easily extended to any distance matrix. This offers various

perspectives of its use for a much wider scope of applications than wine-odor lexicons.
Appendix

The equations related to cohesion and isolation measures and their connection with the Rand index
are detailed below. Let us denote n. the size of the cluster C, N the total number of objects, Co. the

cohesion value of the cluster C (Eq.(1)) and Is. the isolation value of the cluster C (Eq.(2))
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In order to estimate the cohesion, Cop (resp. the isolation, Isp) of the global partition P, a weighted

sum of clusters’ cohesion (resp. isolation) indices for each cluster is defined as in Eq. (4) (resp. Eqg.

(5)):

1 -1 . -1

Cop = TTZCE?%COC with T; = Zcesp% (4)
1 N-— . N-

Isp = T_ZZCE?MISC with T, = ZCE?M (5)

Herein, T;is for the total number of pairs of objects being in the same cluster of P, and T, the total
number of pairs of objects not in the same cluster. We then have T; + T, = N (N — 1) /2.

Let us remark, that both Co. and Is. are estimated as the average over all the B bootstrapped trials.
If we define Cocp, as the cohesion of the cluster ¢ of P regarding the bt "pootstrapped"
partition P, with (b = 1, ..., B), and, in the same vein, Iscp, as the isolation of the cluster C

regarding Py, it turns out that:

C
1 . N11b
Cor ==Y, Co with Co =—
c =3 Xb C.Pp S —
C
1 . M00,b
Is ==Y, 1s with Is =—
c B 2b C,Pp CPb ™ no(N—-ng)

According to the definition of nfl_b and ngo_b given in section 3.3.1.

It follows that the cohesion and the isolation measures of P can be expressed as:

1 . _ chfl,b
CO:p = EZb CO})':Pb with CO:p’:pb = T,
c

_ 1 . _ ZcNgop
IS? = EZb ISg),g)b with IS?’?b == T,

Let us now consider the Rand index between the reference partition P and the bt" "bootstrapped"
partition . By definition:

__ Ni1p+Noop
Randpp, = N (N-1)/2

where Njq, is the number of pairs of objects put together in a same cluster in P and being also
grouped in P, . But we have: Ny; , = Ycep nfl,b =T, Copyp,
In addition, Nyq; is the number of pairs of objects separated in different clusters in P and also
separated Pp. But, we have: Ny, = %ZCE:}) ngo,b = T, Ispp,
So, the Rand index between partition P and the bt partition P, can be expressed as a weighted
average of the cohesion and isolation of P, confronted with P, as specified in El Moubarki (2009).

More precisely:

Rand T Coppy+Tolspp,  Ycepnc(nc—1)Coppy +¥cep nc(N-1c)ISpp, (6)
PPy T N(N-1)/2 - N (N-1)

This makes it possible to deduce that the average of the Rand index between the reference and
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"boostrapped" partitions P, after B resampling trials can be expressed as a function the cohesion

and isolation indices for the partition P as defined in Eq. (4) and (5).
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