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The sorting task is popular with sensory scientists because it provides rapid sensory proﬁles, even when product
sets are complex or fatiguing. However, these sensory proﬁles generally cannot identify which sensory properties
are driving subjects' perception of product similarities or diﬀerences—a critical task for the sensory analyst. This
paper presents DISTATIS with Barycentric Text Projection as a solution that combines sorting-task and free-text
data into a single-pass analysis to generate rapid, descriptive sensory proﬁles. This method is illustrated with a
dataset generated by 25 subjects performing a replicated sorting and free-text description task in standard
sensory-laboratory conditions on a set of 12 amari—bitter, herbal liqueurs that have not been previously analyzed in the sensory-science literature. DISTATIS with Barycentric Text Projection of the amari set produced
sensory product maps that were readily interpretable. Using this analysis, the amari were grouped and described
in ways that correspond to the available, popular literature descriptions of these products. The results of
Barycentric Text Projection were compared to an independent Correspondence Analysis (CA) of the free-text
data, and results were highly similar (RV = 0.93). Future extensions of the method—such as analysis of descriptors in a check-all-that-apply (CATA) approach—are discussed. Overall, the successful, rapid, descriptive
proﬁling of a set of 12 complex products using an untrained panel supports the potential of DISTATIS with
Barycentric Text Projection as a sensory-evaluation tool.

1. Introduction
1.1. Sorting tasks for sensory evaluation
Sorting tasks (and related methods such as projective mapping) are
popular approaches because they provide rapid sensory proﬁles of
product sets (Valentin, Chollet, Lelièvre, & Abdi, 2012; Valentin,
Chollet, Nestrud, & Abdi, 2018; Varela & Ares, 2012). These methods—particularly useful when the items to evaluate are numerous, complex, or fatiguing—have been applied with success for several types of
beverages such as wines (Hopfer & Heymann, 2014; Johnson, Hasted,
Ristic, & Bastian, 2013), beers (Chollet, Lelièvre, Abdi, & Valentin,
2011), and whiskeys (Lahne, Collins, & Heymann, 2016). However,
while sorting tasks provide product maps that eﬀectively diﬀerentiate
products (Chollet, Valentin, & Abdi, 2014), the sensory properties that
drive diﬀerence judgments are more diﬃcult to identify from the
analysis of sorting tasks than from more laborious, widely used methods
such as Descriptive Analysis (DA).
On the other hand, searching for alternatives to traditional DA that
⁎

can be used to extract descriptive sensory data from naïve or untrained
assessors, sensory scientists have recently developed many methods
such as, for example, Free-Choice Proﬁling (Jack & Piggott, 1991) or
Check-All-That-Apply (CATA; Jaeger et al., 2013). However, most of
these new methods demand relatively large numbers of subjects in
comparison to traditional DA (Heymann, King, & Hopfer, 2014; Jaeger
et al., 2013), require strong a priori knowledge of the product to develop questionnaires (Jaeger et al., 2015), or are diﬃcult to interpret in
actionable ways (Chollet et al., 2011). In comparative reviews of the
pros and cons of these alternative descriptive methods (Chollet et al.,
2011; Valentin et al., 2012), a consistent theme is that these methods
often do not provide a single analysis providing actionable descriptive
and inferential statistics in the same way as traditional DA.
An ideal solution for the sensory researcher would combine the ease
of conduct, simple analysis, and inferential capacity of the sorting task
with the descriptive capability of other rapid methods. This paper
presents an approach to this problem that allows rapid, descriptive
sensory proﬁling of food products using a sorting task combined with
naïve consumer description. Using an extension of multi-table statistical
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amari originate from six countries, with a broad range of producermade ﬂavor claims and listed alcohol contents (% v/v).

analysis (DISTATIS; Abdi, Valentin, Chollet, & Chrea, 2007; Abdi,
Williams, Valentin, & Bennani-Dosse, 2012; Lahne et al., 2016), these
data can be analyzed using a single-pass methodology that provides
inference on both the similarities and diﬀerences between products and
the sensory properties that describe products and groups. We ﬁrst describe how text descriptors can be added to sorting analysis through
“Barycentric Text Projection” in DISTATIS. Then, we demonstrate this
approach using a previously undescribed but increasingly important set
of products: bitter, herbal liqueurs known collectively as amari.

2.2. Sorting task
Participants (N = 25, 7 males, age 21–90) were recruited from the
general subject pool for the Viticulture and Enology program at UC
Davis. All participants were at least 21 years old, and had to be willing
and able to consume alcoholic beverages. Participants were volunteers
and received no monetary incentives, but they did receive food-based
incentives (cookies, snacks) after each session. The research design for
this study was approved by the UC-Davis Institutional Review Board
(IRB).
The sorting task was replicated twice, on two separate days.
Subjects were not aware that they would taste the same products. In
each session, the subject was provided with 20 mL each of all 12 samples simultaneously and in random order, in covered, opaque, black,
stemmed glasses labeled with randomized 3-digit codes. Participants
were told to smell and taste (with expectoration) the samples and to
sort them into at least 2 and no more than 11 groups, as follows:
You have 12 samples in front of you in labeled glasses. Please smell
and taste these samples, expectorating (spitting) into the provided red
cup as you taste. Rinse your mouth with water and eat a cracker as
necessary. Then, make groups according to their similarity. You are free
to make the groups according to any criteria you choose – there is no
“right” way to do this. We are interested in the criteria you choose, so
we will ask you (below) to write down a few words to help us understand your process. Remember that these samples diﬀer in a
number of ways, so try to make your groups representative of their
overall diﬀerences. You can choose the number of groups you think
you need to capture these diﬀerences, but please make at least two
(2) groups and no more than eleven (11) groups.

1.2. Amari, bitter herbal liqueurs
With the recent rise of the cocktail culture there has been increasing
public and commercial interest in previously niche or neglected spirituous beverages. Among recently revived groups of beverages that have
suddenly become popular is the group of bitter, herbal liqueurs traditionally consumed as aperitifs or digestives. While these liqueurs have
traditionally been produced in a variety of places, Italy seems to produce the largest number and widest variety of these products and even
has a speciﬁc term for the category: amari, or, literally, “bitters”
(Parsons, 2016). Amari are distinguished from cocktail bitters (Johnson,
Heymann, & Ebeler, 2015) because they are “potable”—that is, they are
meant to be drunk on their own in normal quantities, rather than used
as accents or seasoning for cocktails in tiny amounts.
Despite their long history—amari are descended from herbal medicines and related to famous liqueurs such as Chartreuse and
Benedictine (Parsons, 2016)—there is very little published in the English-language food science and food studies literatures on these products. In fact, these products have largely been treated as historical or
cultural oddities, and studied for their historical and personal signiﬁcances rather than for their sensory properties. For example, Deirde
Heekin (2006), Amy Butler Greenﬁeld (2007), and Carolyn Bánfalvi
(2006) have written accounts—all in the food-studies journal Gastronomica—that weave scholarly historical research and personal experiences with the amari Campari, Alkermes, and Unicum. The only published food-science research on the subject dates from more than 3
decades ago (Pokorny, Karnet, & Davídek, 1981), and unfortunately
focuses on a single product (Stock Fernet) using methods for Descriptive
Analysis that would not be acceptable in current sensory-evaluation
practice (Lawless & Heymann, 2010). To our knowledge, this paper
presents the only sensory analysis of these products in the sensory and
food-science literature.

Evaluations were conducted in individual sensory booths under red
light in order to eliminate any chance that subjects might sort samples
visually. Air temperature was controlled at 70 °F. Subjects were provided with water and unsalted crackers ad libitum. Responses were
collected on paper ballots.

2.3. Data analysis
A cartoon diagram of the data analysis process is presented in Fig. 1.
For each session, subjects provided a sorting of the products into groups
and a set of terms that described each group. Responses on the paper
ballots were transferred manually into digital ﬁles as separate data
tables. Sorting data was stored as a dissimilarity matrix (with 0 s indicating same-group membership). Text data were pre-processed
through synonymization and lemmatization (as described in Ares,
Gimenéz, Barreiro, & Gámbaro, 2010; Lahne, Trubek, & Pelchat, 2014;
Ten Kleij & Musters, 2003), and stored as a contingency table of descriptors by products (see Table 2) representing the text descriptions of
groups (thus, each product in a subject’s group received the same descriptors from that subject).
These data were analyzed by DISTATIS (Abdi et al., 2007) with
Barycentric Text Projection (see Section 3, and Abdi & Valentin, 2007).
The descriptor contingency table was also analyzed by Correspondence
Analysis (Greenacre, 2007; Husson, Lê, & Pagès, 2011; Abdi & Béra,
2018). In the current study, the only variation on the DISTATIS procedure from that described elsewhere is that each subjects’ replications
(r = 2 ) were summed to form a single sorting matrix with entries of 0, 1,
or 2 before DISTATIS was conducted; this improves sensitivity and
stability (Lahne et al., 2016) but does not otherwise change the mathematical basis of the analysis. All data analysis was performed in the R
statistical environment, with the use of the packages ExPosition and
DistatisR (Beaton, Fatt, & Abdi, 2014).

2. Materials and methods
2.1. Samples
Twelve bitter, herbal liqueurs (Table 1) were chosen—with the
advice of a retail expert—as representative of the amari extremely large
product space (Darrell Corti: Corti Brothers, Sacramento CA). These
Table 1
Amari samples.
Product Name

Country of Origin

Producer

ABV (% v/v)

Amaro Montenegro
Amaro Ramazzotti
Amaro Sibilla
Balsams Riga
Becherovka
Campari
Fernet Branca
Jagermeister
Maraska Pelincovac
Nonino Amaro
Schwartzhog
Zwack Unicum

Italy
Italy
Italy
Latvia
Czech Republic
Italy
Italy
Germany
Croatia
Italy
Germany
Hungary

Montenegro Srl.
Pernod Ricard
Distilleria Varnelli
Latvijas Balzams
Jan Becher
Gruppo Campari
Gruppo Campari
Mast-Jagermeister
Maraska
Nonino Distillatori
Hardenberg Wilthen AG
Zwack

23%
30%
34%
45%
38%
28%
40%
35%
28%
35%
38%
40%
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Fig. 1. In DISTATIS with Barycentric Text Projection, individuals sort products into groups and label groups with descriptors. The sorting data is analyzed as normal for DISTATIS (Abdi
et al., 2007). The text data is preprocessed to form a minimal descriptor set (Lahne et al., 2014), and then projected onto the DISTATIS consensus space. Bootstrap provides inference for
products, descriptors, and the relationship between both. Color ﬁgures are available online.

3. Theory and calculation

groups with J attributes.
The sorting data were analyzed by DISTATIS, as described extensively in Abdi et al. (2007) and Abdi, Williams, Valentin, and
Bennani-Dosse (2012). DISTATIS is a multiblock method that extends
multidimensional scaling (MDS) by adding the capacity to take individual diﬀerences between subjects into account and the ability to

3.1. Key theory
In the following discussion, the data are structured as follows: N
subjects have sorted K products into groups, and described those

Table 2
Contingency table of products by descriptors (only descriptors used across all products more than the geometric mean (17) of all descriptors are included).
Product Name

Alcohol

Anise

Bitter

Caramel

Citrus

Coﬀee/chocolate

Drying

Earthy

Floral

Fruity

Herbaceous

Hot

Amaro Montenegro
Amaro Ramazzotti
Amaro Sibilla
Balsams Riga
Becherovka
Campari
Fernet Branca
Jagermeister
Maraska Pelincovac
Nonino Amaro
Schwartzhog
Zwack Unicum

0
0
6
9
0
2
3
2
3
6
3
3

4
12
8
12
9
7
9
31
3
5
1
10

8
5
18
14
11
14
15
8
25
7
6
5

2
1
0
8
0
1
1
1
4
1
3
4

19
21
3
2
3
4
2
2
10
14
28
18

2
2
5
1
2
2
0
0
0
5
2
1

1
1
3
5
1
2
2
0
2
2
2
1

0
0
4
1
2
14
2
1
0
2
0
1

2
3
1
1
1
1
1
1
4
1
2
5

4
1
5
6
3
2
0
3
5
4
5
4

5
5
4
2
11
12
5
10
8
2
8
6

3
3
6
9
11
2
8
7
6
6
8
4

Product Name

Medicine

Mint

Pine

Pungent

Red fruit

Sharp

Sweet

Thick

Vegetal/green

Warm spice

Wood

Amaro Montenegro
Amaro Ramazzotti
Amaro Sibilla
Balsams Riga
Becherovka
Campari
Fernet Branca
Jagermeister
Maraska Pelincovac
Nonino Amaro
Schwartzhog
Zwack Unicum

1
2
4
4
2
4
8
3
7
0
2
5

6
7
1
0
2
1
23
2
4
2
3
3

2
1
3
1
2
4
3
0
2
3
1
0

0
0
3
4
1
2
2
1
1
4
0
0

3
1
0
2
2
2
0
1
1
2
3
2

1
0
2
2
1
2
1
0
1
3
3
2

18
18
2
6
7
10
3
15
11
17
13
16

4
4
2
1
2
3
0
3
2
6
3
3

1
5
2
1
1
6
1
0
2
3
1
2

0
4
9
5
32
7
4
7
2
6
7
8

3
3
2
0
1
7
2
0
2
3
2
2
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Fig. 2. Subject agreement as estimated by the ﬁrst two dimensions of C . Subjects that
load more strongly on Dimension 1 have more weight in the ﬁnal consensus.
Fig. 3. Comparison of τ1 from the actual data to ﬁrst eigenvalues from 10,000 permuted
datasets.

perform statistical inference through bootstrap. Below, we brieﬂy
sketch out the steps of DISTATIS, providing equations only when necessary to clarify the narrative. A visual representation of the steps of
DISTATIS with Barycentric Text Projection is provided in Fig. 1.
In DISTATIS, each individual subject’ K × K sorting matrices is
double-centered and weighted according to its similarity to the group
consensus. For assessor n , the sorting matrix is weighted by the corresponding (nth) element of the ﬁrst eigenvector of the C matrix, which
contains the pairwise RV coeﬃcients between individual assessors’ solutions. These weighted sorting matrices are then summed to form a
K × K consensus sorting matrix (S[+]). The consensus is then decomposed into eigenvectors and eigenvalues (Eq. (1), Principal Components
Analysis [PCA]), which can be used to visualize the sorting data in 2- or
3-dimensional maps as follows (Eq. (2)):

S[+] = VΛV T

For every product, we compute a bootstrap ratio for each signiﬁcant
or retained component (i.e., dimension) of the consensus solution.
3.2. Barycentric Text Projection
Classically, naïve text descriptions in sensory evaluation are ﬁrst
preprocessed through lemmatization and synonymization (see, e.g.,
Lahne et al., 2014) to obtain a contingency table without a very high
number of columns—representing unique descriptors—and empty cells
—representing the low usage of each descriptor. Then, a cutoﬀ for
frequency of descriptor-usage is applied to further eliminate uncommon
descriptors (e.g., descriptors that are used by at least n ≤ N subjects, or
descriptors that are used more frequently than the geometric mean of
descriptor counts—as in the current study). We denote this pre-processed descriptor contingency table as a K × J (product by descriptor)
matrix D = ∑ Dn , where Dn (n = 1,…,N ) are the individual subjects’
descriptor contingency-tables (see Fig. 1 for a cartoon description).
Frequently, D is analyzed via Correspondence Analysis (CA; BécueBertaut & Lê, 2011), an adaptation of PCA for count data. However, a
disadvantage of CA, and related approaches, is that the consensus solutions obtained are highly inﬂuenced by unique columns or rows (i.e.,
columns or rows with all zero values but for one cell). In the subsequent
visualization, this distortion results in a “triangular” projection of
products and descriptors—sparse coverage of the consensus space
(Greenacre, 2007). Some proposed solutions to this problem include the
use of Hellinger- instead of χ 2 -distances (Beaton et al., 2014; Popper,
Abdi, Williams, & Kroll, 2011; Vidal, Tárrega, Antúnez, Ares, & Jaeger,
2015) or the inclusion of contingency tables in extended MFA, instead
of CA (Bécue-Bertaut & Lê, 2011).
A simple alternative demonstrated in the current research is to take
advantage of the already formed space of the DISTATIS consensus solution and to instead project D into the space via Eq. (3) (this approach,
called barycentric projections, is also described by Abdi & Valentin,
2007, using simulated data; it is equivalent to the barycentric projection of supplementary variables in correspondence analysis, for details,
see Greenacre, 2007, and Abdi & Béra, 2018). First, D is standardized
by dividing each column by its sum (this is equivalent to converting D
to a matrix of column proﬁles prior to CA; Greenacre, 2007) so that
each column sums to 1. Other scaling options, such as standardizing
each column to unit variance—or leaving D as a raw contingency table—are possible and provide only slightly diﬀerent results. The position of the J descriptors in the space can be obtained as

(1)

1

(2)

F = VΛ 2

Here, V is the matrixof eigenvectors, Λ is the diagonal matrix of
eigenvalues of S[+], and F is the matrix of “factor scores” for each
product. Eqs. (1) and (2) can be re-arranged to give
1

F = S[+] VΛ− 2

(3)
1
VΛ− 2

projects conformable
Therefore, right-hand multiplication by
vectors or matrices into the consensus space; in this way, for example,
individual subjects’ sortings can be shown in the ﬁnal consensus sorting
space, or supplementary variables can be projected.
In addition, DISTATIS provides statistical inference indices on the
similarity of products through cross-validation methods such as bootstrapping (Abdi, Dunlop, & Williams, 2009). These distributions can be
projected (cf. Eq. (3)) onto the consensus and used to generate “conﬁdence ellipsoids” at arbitrary levels of conﬁdence. If ellipses for two
products do not overlap in the visualized dimensions we have conﬁdence at the chosen level (usually 95%) that the two products are
distinct for these dimensions. Because of the multidimensional nature of
sorting, it is good practice to check for overlap in all important dimensions (as determined through permutation tests, scree plots, parallel plots, etc.).
In addition to generating visual conﬁdence-ellipsoids, the bootstrap
can be used to generate bootstrap ratios (Abdi et al., 2012). For products,
the bootstrap ratios are simply the mean of the bootstrapped factor
scores (F*)—which we use to project conﬁdence ellipsoids—divided by
the standard deviation of those bootstrapped factor scores (σ F̂ ∗). As a
ratio of the mean to the standard deviation, the bootstrap ratio can be
compared against the t-statistic as corrected for multiple comparisons
(e.g., with the Bonferroni, Sidàk, or other, less conservative, corrections
for K products).

1

Fj = DT FΛ−1 = DT VΛ− 2 .
39
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task is the agreement between assessors’ solutions. For this data,
τ1 = 52% (the amount of variance explained by the ﬁrst principal component, see Fig. 2), and there is a quick drop-oﬀ (τ2 = 6% ) indicating
that the structure of agreement is unidimensional. Assessors are closely
clustered around Dimension 1 of C — a conﬁguration indicating that no
assessor is an outlier (see Fig. 2). In addition, permutation tests of individual assessors’ sorting solutions (with 10,000 permutations) indicate
that the proportion of variance explained by the ﬁrst dimension is
highly signiﬁcant (p < .0001, see Fig. 3).
The ﬁrst four principal components of the compromise solution
explain more variance in the group-assignment of the amari than
would be expected by chance (percentage variance explained:
τ1 = 15%, τ2 = 12%, τ3 = 10%, τ4 = 10%, chance variance explained = 8.3%;
eigenvalue: λ1 = 0.55, λ2 = 0.44, λ3 = 0.37, λ 4 = 0.35). Maps obtained
from these dimensions are visualized in Fig. 4a and b. In these ﬁgures,
products are active elements and descriptors are supplementary variables
(see Methods section). Conﬁdence ellipses—calculated from bootstrap and
corrected for multiple comparisons— were also plotted: if 95% ellipses for
two products do not overlap these products are indeed separated (at the
p = .05 level) in the two dimensions visualized.
The dimensions from the compromise are readily interpretable:
Dimension 1 separates a tight group of amari including Montenegro,
Ramazotti, Schwartzhog, Nonino, and Zwack Unicum from a second tight
group of Fernet Branca, Sibila, and Campari. Dimension 2 separates out
Becherovka and Jagermeister from the other products and in particular
from Maraska Pelincovac and Balsams Riga. Dimensions 3 and 4 are
driven largely by Campari and Fernet Branca—two distinctive products
not well-separated by Dimensions 1 and 2. The analysis of the vocabulary
suggests that: 1) Dimension 1 separates bitter, pungent, earthy products
from citrus, ﬂoral, thick products; 2) Dimension 2 separates warm, spiced
products from alcohol, drying, caramel ones; 3) Dimension 3 separates
mint, anise products from earthy, wood, vegetal/green, and coﬀee/chocolate ones; and 4) Dimension 4 separates mint, earthy, and wood products from all others. This interpretation is also conﬁrmed by the bootstrap ratios (see Fig. 5a-d). For example, Fernet Branca could be
described as pungent, cool, strong, bitter, earthy, numbing, anise, mint;
Jagermeister could be described as earthy, cool, warm spice, anise, mint;
and Amaro Montenegro as citrus, sweet, alcohol.

This equation indicates that a descriptor is positioned at the
weighted average (i.e., the barycenter, a.k.a, center of gravity or center
of mass) of the products with which it was associated followed by a
renormalization by the inverse of the eigenvalues of the dimension
(here an expansion because the eigenvalues are smaller than one). This
projection scheme has several advantages: First, because the vocabulary
is projected after the analysis is performed, unusual descriptor-product
combinations can inform the interpretation of the product space but
cannot (unduly) inﬂuence this space. Second, because the underlying
text data are tied to individual subjects (from Dn ), the same statistical
inference indices used in DISTATIS can be computed (e.g., via bootstrap) for the descriptors. That is, a simulated descriptor contingency
table can be constructed by drawing N samples (with replacement)
from D1,…,DN and summing to form a new, simulated descriptor table
D∗. This can be repeated a large number of times (say 10,000 ) to obtain a
bootstrap set D∗i . These can then be projected into the consensus space
(with Eq. (4)) to form either conﬁdence ellipsoids or, as described
above (Section 3.1), to calculate “bootstrap ratios” to directly test the
relationship of descriptors to the consensus space. A complete, stepwise
explanation of bootstrapping for inference in multi-table datasets can
be found in Abdi et al. (2009).
From the above, we can conclude that if, for a particular dimension,
both the product and the descriptor bootstrap ratios exceed the criterion
in the same direction (recall that t-tests are two-sided), they are strongly
and positively associated: the descriptor loads strongly on the dimension inﬂuenced strongly by the product. This syllogism allows the use of
sorting data with supplementary text to provide statistical information
about product description: a rapid, descriptive proﬁling method.
4. Results and discussion
Twelve amari were sorted into groups and assigned descriptive labels by 25 subjects in 2 replications. There were no missing data.
Subjects reported that the task was easily accomplished.
4.1. DISTATIS and Barycentric Text Projection
A ﬁrst check on the quality of the consensus generated in a sorting

a

b

Fig. 4. (a,b) Perceptual space derived from sorting data on amari with Barycentric Text Projection of group descriptors and 95% conﬁdence ellipses derived from bootstrapping. Products
(and ellipses) in 4a are colored by proportion of “bitter” descriptor assigned in Table 2—low “bitter” count is more yellow, high “bitter” count is more purple. In 4b products (and ellipses)
are colored by national origin as in Table 1. Descriptors are colored by bootstrap ratio with the corresponding horizontal axis (see Fig. 5a-d), where negative (signiﬁcant) bootstrap ratios
are green, positive are pink. Color ﬁgures are available online.
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a

b

c

d

Fig. 5. (a-d) Bootstrap ratios (95% conﬁdence, with Bonferroni correction for multiple comparisons) for products and descriptors on each dimension. Products or descriptors with
bootstrap ratios larger than the critical value are signiﬁcantly associated with that dimension, and by implication with each other.

contributions, this dimension can be interpreted as being driven by the
contrast between amari described frequently as “citrus” and “sweet”
against those described as “bitter,” “earthy,” and “warm spice.”
Dimension 2 is entirely driven by the contrast of Fernet Branca, described as “medicine” and “mint” against Becherovka, described as
“warm spice.” In fact, Fig. 6a displays the “triangle” pattern driven by
the unique sensory proﬁles of Fernet Branca and Becherovka (described, respectively, as “mint” or “warm spice” disproportionately, see
Table 2). Dimensions 3 and 4 could be similarly explored.
Overall, the results from CA are quite similar to those from
Barycentric Text Projection with DISTATIS. The spatial conﬁgurations
given by the factor scores for the ﬁrst four dimensions from the two
analyses for the amari were very close (RV = 0.87 ); for the descriptors, the
two analyses were even closer (RV = 0.93). This latter result is important,
because while in CA the descriptors were active elements—they contributed to the formation of the consensus (visualization) space—in
DISTATIS with Barycentric Text Projection the descriptors were supplementary elements, projected onto the sorting space.

4.2. Correspondence analysis
Correspondence Analysis (CA) was conducted on the products by
descriptors contingency table where, in order to reduce the sparsity of
the table, the descriptors kept were cited more than the geometric mean
of the entire descriptor set (Table 2). The ﬁrst four dimensions of the
solution accounted for approximately 76% of the total inertia
(percentage: τ1 = 26%, τ2 = 19%, τ3 = 16%, τ4 = 14% , eigenvalue:
λ1 = 0.16, λ2 = 0.11, λ3 = 0.095, λ 4 = 0.086 ) in the contingency table.
Symmetric plots of these dimensions are displayed in Fig. 6a and b. To
interpret the dimensions of a solution from CA “contributions” can be
calculated for each row or column: a row (or column’s) contribution to
a factor is deﬁned as the importance of that element to the factor, and
the calculation of a contribution is described in Beaton et al. (2014).
Elements with above-average contributions can be considered as
deﬁning that factor (i.e., dimension).
Dimension 1 appears to separate the amari into two groups, with
only Maraska Pelincovac poorly distinguished. From the important
41
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a

b

Fig. 6. (a,b) Correspondence Analysis (CA) visualization of product-by descriptor-contingency table (Table 2). CA does not allow direct projection of conﬁdence ellipses through bootstrap
approaches (for this type of data). Products and descriptors are colored as described in Fig. 4. Color ﬁgures are available online.

wood, and vegetal/green. While the former makes sense (Fernet Branca
is notorious for its strong, sometimes aversive ﬂavor; Parsons, 2016),
the latter is more surprising, as Campari is usually conceptualized as
citrus-driven.
An interesting question is whether country of origin inﬂuences the
sensory proﬁle of amari. Fig. 4b suggests that this might be the case.
Whereas in Fig. 4a both dimensions are clearly driven by bitterness—with more bitter products clustering to the right and bottom of
the ﬁgure—in Fig. 4b bitterness does not seem to drive the space. Instead, 5 of the 6 Italian amari (see Table 1) are reasonably well-separated by Dimension 4. Interestingly, this pattern is also somewhat
visible in the Correspondence Analysis (Fig. 6b), in which there is a
clear separation of Italian amari. This pattern should be investigated
further with a larger sample of amari.

4.3. Discussion and conclusions
Sorting studies are already becoming a popular alternative to more
time- and cost-intensive descriptive studies. A major disadvantage to
this point has been the lack of speciﬁc descriptive power from the
analysis of these studies: while it is possible to identify clusters of
products and to examine multidimensional diﬀerences and similarities
between products, the properties that drive these judgments remain
relatively opaque. In this study, barycentric text projection of naïve
consumer descriptions—a simple extension to DISTATIS—provided this
explanatory power. By contrast, CA alone does not readily provide inferential statistics.
DISTATIS with barycentric text projection provides a single-pass
analysis for dealing with the type of descriptive sensory data that can be
collected rapidly and easily. The very high correlation in factor conﬁguration between the supplementary text data projected onto
DISTATIS and the same text analyzed separately by CA (RV = 0.93)
provides a validation check on the method. This approach to rapid,
descriptive sensory evaluation combines the ease, stability, and inferential capacity of sorting tasks with the descriptive power of other
rapid methods.
The results of this particular analysis point to several major
groupings within the amari category (see Fig. 4a and b). Five amari
(Zwack, Montenegro, Ramazotti, Schwartzhog, and Nonino) cluster
closely and are described as sweet, thick, ﬂoral, and citrus. This large
cluster is opposed to two smaller groups of amari: a bitter, pungent,
earthy, and pine-y group consisting of Campari, Fernet Branca, and
Sibila and the pair of Maraska Pelncovac and Balsams Riga, which are
perhaps equally bitter but are both more consistently alcoholic and
caramel. Finally, two products may not ﬁt into this category: Jagermeister and Becherovka cluster with no other products, and are
characterized more by warm spice, anise, and herbaceous notes. In fact,
these two products are less often considered as “traditional” amari than
the other products (Parsons, 2016). The third and fourth dimensions
(which account for progressively less variance in sorting) are driven by
subjects' need to separate out two speciﬁc products: Fernet Branca is
overwhelmingly described as mint (a descriptor used rarely for other
products, see Table 2), and Campari is described with terms like pine,

4.4. Future work
The diverse set of descriptors that characterize the amari here point
towards the need for further characterization of this product category.
These 12 products represent only a fraction of the diversity in this increasingly important category. Further characterization of amari will
beneﬁt both traditional producers (Parsons, 2016) and the rapidly
growing micro-distillery sector in the United States, which is increasingly producing new amari based on these traditions (Archibald, 2015;
Krigbaum, 2016).
This pilot study has demonstrated that sorting-task evaluations can
also be used to provide rapid descriptive proﬁles of product sets. A
natural extension of the current research would be to combine the
sorting task and a CATA approach, rather than requiring subjects to
generate their own descriptive vocabulary. This would both further
simplify the task itself—increasing ease and throughput for the sensory
analyst and lab—and the analysis, as the synonymization and lemmatization tasks could be avoided. This would require either a vocabularygeneration focus group (the ﬁrst step of traditional Descriptive Analysis;
Heymann et al., 2014) or a pre-generated vocabulary list. However, this
approach could be a good vehicle to combine descriptive evaluation
and discrimination testing in a single step: the sensory analyst could
provide a CATA list that encompassed known product properties of
42
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interest, and the sorting results would provide inferential statistics allowing the rapid analysis of a large set of products or prototypes. It is
important to note that the cognitive task involved in providing openended descriptions for groups of products—as in the current research—and the rapid processing involved in CATA responses may result in
diﬀerent responses from groups of consumers (Varela & Ares, 2012). An
intermediate study should examine the similarity of responses from the
two tasks on the same set of products before their equivalence is assumed.
The above is only one of many possible useful applications for the
methodology described in this paper; we expect to see many variations
develop quickly from this rapid descriptive methodology.
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