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22Abstract

23The aim of this study was to explore how two categories of uncooked cheeses (Salers versus
24Cantal) can be perceived differently according to how panelists sort them (free sorting task) and
25show they verbally describe them (verbalization task). We focused on determining the
26mechanisms underpinning the ability to distinguish the two cheeses by considering additional
27panelist information. Three types of panels (an expert panel, an intermediate panel and a novice
28panel) with different levels of cheese expertise performed a sorting task and a verbalization task
29on 10 cheeses. Data from the sorting task was analyzed using the DISTATIS method and data
3ofrom the verbalization task was analyzed by using a basic correspondence analysis paired with an
31original approach mobilizing PermAnova and a Poisson Log-Normal (PLN) model.

32The results showed that the cheeses’ configurations are similar except between the expert and
33intermediate panels. Overall, none of the panels clearly separated Cantal from Salers cheeses. In
34the verbalization task, different types of panel used different sets of terms to describe the
35categories. The expert panel preferentially used descriptive terms related to flavour whereas the
36intermediate and novice panels both tended to use quantitative (intensity) and hedonic terms.
37Knowledge of the product space under study was found to be the variable that best explains the
3gterms used by each panel. PermAnova testing and PLN modeling emerged as novel approaches
39for identifying the key variables that explain the use of terms in the description task.

40

41 1. Introduction

42France offers a huge number of all kinds of cheeses, but only 45 of them have obtained a
43Protected Designation of Origin (PDO) label to promote the quality and protection of authentic
44regional products. PDO products are distinguished by traditional craft and singular sensory
45qualities based on adherence to strict production standards and specifications. Among the typical

46French PDO cheeses, Cantal and Salers are uncooked cheeses produced in the Massif Central
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47area (France). The two cheeses are similar but not the same in appearance, and many consumers
agstruggle to distinguish between them. However, experts confidently distinguish the two cheeses
49based on particular gustatory differences (Bérard et al., 2016). Salers and Cantal cheeses are two
sovery distinct cheeses that differ on several points, from production process (conditions of cheese-
51making, ripening time) to the dairy systems used (milk origin, seasonal production, and so on)
52(Callon et al., 2005; Agabriel et al., 2004) that converge to shape the distinct and distinctive
53sensory properties of Cantal and Salers cheeses (Cornu et al., 2009).

54The sensory properties of various products can be measured using various descriptive sensory
55methods, such as sensory profiling (Meilgaard et al., 2015). Sensory profiling serves to describe
56specific qualities of a product and quantify them on an scale of intensity using a trained panel
57(ISO 13299:2016). However, there are faster alternative methods for obtaining a sensory map of
58products. Although popular in psychology, the free sorting method has largely developed in
59sensory analysis. It is a simple and relatively intuitive method in which participants freely group
60samples into subsets according to their similarities, and it can be used to assess a large set of both
61food and non-food products (Deegan et al., 2010; Merlo et al., 2022; Holliins et al., 1993;
62Giboreau et al., 2001). This method thus affords a perceptive representation of a set of samples.
63Data from sorting tasks is generally analyzed using multidimensional scaling (MDS). There are
64many methods similar to MDS, such as the DISTATIS method that combines classical MDS
65(Abdi et al., 2007) and STATIS that accounts for the variability of panelists (individual data).
66DISTATIS yields two types of maps: one for the panelists and one for the products. These maps
67correspond to data projections in a low-dimensional space computed such as to lose the least
68amount of information. The proximity between two points in the maps reflects a partial
69similarity, which means that these maps can be analyzed using the same rules as standard metric

70MDS or Principal Component Analysis (PCA).



71To give meaning to perceptive space, previous works suggest adding an optional step to a free
72sorting procedure by asking the panelists to verbalize, i.e. use terms to describe the groups
73formed (Cartier et al. 2006, Blancher et al. 2007). Faye et al. (2004) argued that the combination
740f categorization and description makes it possible to obtain explanations about the dimensions
750f the perceptual map. Even though this method looks simple to set up, several points of the
76methodology needed to be discussed, including the type of panel selected (trained/untrained
77panel) and the vocabulary used to describe the products. Several studies have compared trained
78and untrained panels on categorization tasks (Faye et al. 2004; Parr et al. 2010; Lelievre et al.
792008). In the wine domain, these studies have shown that experts are able to categorize wines
goaccording to grape variety. Through repeated exposure to wines from different categories,
81experts develop a kind of prototypical or central tendency that represents a sensory signature of
82these categories (Honoré-Chedozeau et al., 2019). Other studies have shown that experts are
83better in terms of discrimination, memory and description. Despite this better discrimination and
84description by experts, MSD with naive panelists nevertheless leads to similar results regarding
85product positioning. However, some authors have reported that trained or expert panelists tend to
86be more efficient in their description, and other authors have shown that the vocabulary used by
g7untrained or novices panelists can be ambiguous, redundant, and less specific than that the
8gvocabulary verbalized by experts (Chollet & Valentin, 2001). Likewise, Lawless, Sheng &
89Knoops (1995) showed that expert panelists with a good knowledge of cheeses used a wide
9ovariety of meaningful descriptive terms compared to untrained panelists. Overall, its seems that
91tknowledge and expertise play a role in how panelists describe products or utilize descriptor
92words.

930n the other hand, qualitative analysis of terms is still difficult to interpret due to the different
94semantics used and the variety of terms selected. Verbalization generates a great many terms,

95and so before an MDS method can be applied, it is often necessary to pre-process the



96verbalization data, which can be done by categorizing the terms by family (Chollet & Valentin,
972000; Soufflet et al., 2004). As pointed out by Chollet & Valentin (2001), the description of
98products can mobilize several dimensions (hedonic, qualitative, quantitative), but the emergence
990f these dimensions depends on the coherent product space.

100The dimensions of a product map can often be correlated with additional attributes to facilitate
10linterpretation. The verbatim comments resulting from this categorization can then be analyzed
102by any of several methods, such as correspondence analysis which allows to project the cited
103terms on the map. However, other statistical methods could be used to better understand the use
1040f word categories by experts/novices. In particular, the heterogeneity in verbalization can be
105reformulated as a hypothesis testing problem or a choice of model. In this context, permutational
106ANOVA (PermAnova) (Anderson, 2001, 2017) is a suitable tool. Moreover, using Bayesian
107Information Criterion(BIC) (Schwarz, 1978) to select a model from one of the various Poisson
108Log-Normal (PLN) regression models (Chiquet et al. 2021) is another suitable direction.

109To our knowledge, no studies have used a statistical approach based on PermAnova testing or
110PLN modeling to investigate the effect of types of panel on the categorization of French PDO
111cheeses and how panels use terms to describe cheeses according to their expertise. In this
112context, the objectives of this study were to (i) identify the perceptual representation of cheeses
113by panelists according to panel expertise level, and (ii) determine the difference in verbalization
114(use of word categories) by different panels using PermAnova and PLN modeling to find out
115which variables (knowledge, cheese type and cheese consumption) best explain the use of the

116terms by the different panels.

1172 Material and methods
1182.1  Cheese samples
119Two categories of cheeses were studied, i.e. Cantal (C) and Salers (S), which are specific PDO

120cheeses from the Auvergne region of France. For each category, cheeses were made with raw
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121milk from either Salers (CSal/SSal) or other cow breeds (CR/SR). A total of ten cheeses were
122analyzed for this study (Table 1). All samples were stored in the same maturing cellar and were
123analyzed at 12 months of ripening. This process was implemented to precisely control the
124ripening conditions of all the cheeses. Whole cheeses (approximate weight of 40 kg) were
125selected directly in the maturing cellar by supply-chain professionals, and held in cold storage at
1261°C for one week prior to analysis.

1271In order to be representative of the existing sensory diversity, three subsamples were selected for
128each of the stated categories of cheeses, except for CSal where a single subsample was analyzed.
129

1302.2 Panel selection

131Knowledge can be defined through two major components: familiarity and expertise. Iba &
132Hutchinson (1987) defined familiarity the number of product-related experiences the consumers
133have accumulated. More recently, Nacef et al. (2019) confirmed the different definitions of
134familiarity as related to product knowledge, experience with the product or the purchase, and
135consumption of the product. Expertise is defined as the ability to successfully perform product-
136related tasks. According to Chi, Feltovich & Glaser (1981), expertise is domain-specific and can
137be used to describe skills, knowledge or abilities in tasks, jobs, games or sports. In this case,
138‘expert panel’ is not associated to sensory experts as defined in the ISO standards on sensory
139testing but to professional experience with cheese. Three sets of panelists were recruited:

140 e an expert panel (n = 18) including cheese-making professionals (farmer, cheese-maker,

141 laboratory technician, cheese engineer or scientist) located around the cheese production
142 area. In this case, experts (such as oenologists, brewers, cheese-makers, etc.) use their
143 technical knowledge-sets.

11 6

12


https://www.sciencedirect.com/science/article/pii/S0957417411004763?casa_token=oc2EvP-s-1EAAAAA:Ve2B7zQa8bm4qim_VHAwRAGgLb3b-tkmtUvNAF4qn5Vl9hIGw3QLQh-H7rt5gY4vwhxpPMD4#b0025
https://www.sciencedirect.com/science/article/pii/S0957417411004763?casa_token=oc2EvP-s-1EAAAAA:Ve2B7zQa8bm4qim_VHAwRAGgLb3b-tkmtUvNAF4qn5Vl9hIGw3QLQh-H7rt5gY4vwhxpPMD4#b0025
https://www.sciencedirect.com/science/article/pii/S0957417411004763?casa_token=oc2EvP-s-1EAAAAA:Ve2B7zQa8bm4qim_VHAwRAGgLb3b-tkmtUvNAF4qn5Vl9hIGw3QLQh-H7rt5gY4vwhxpPMD4#b0025

144 e an intermediate panel (n= 10) including people working at Rungis market (a bastion of
145 French gastronomic heritage and a well-known landmark in the gastronomic landscape),
146 specifically people engaged in dairy sales, such as wholesalers or market operators.

147 * a novice panel (n =44) including cheese consumers living around the city of Clermont-

148 Ferrand (familiar novices who regularly eat Cantal and/or Salers cheeses).

149Participants were given questionnaire including items on socio-demographics (age, gender and
150professional activity) and tasting and consumption habits. To be selected for the consumer panel,
151consumers had to routinely consume Salers or Cantal cheeses and be over 18 years old. Informed
152consent was obtained from each participant. Table 2 describes the panels.

153

1542.3 Experimental design

1552.3.1 Free sorting and verbalization task

156Different sessions were set up over three weeks, but each panelist only participated in a single
1571.5-hour session. The sessions took place in different French cities according to panel type
158(expert panel: Aurillac and Lyon; intermediate panel: Rungis (Paris); novice consumer panel:
159Clermont-Ferrand). The sessions were organized in a room that was amenable to tasting (not a
160sensory laboratory) while adhering to the conditions required for sensory tests.

161Panelists received a full set of cheese samples. A randomized plan gave the order for sample
162presentation. Three cubes of cheeses (2x2x%2 cm) were cut and placed in a plastic cup. All
163cheeses were presented in three-digit numbers and served at room temperature (20°C£1°).
164The panelists were asked to look at, smell, and taste each cheese sample to sort them into groups
1650f cheeses based on sensory similarities. No criteria were provided to perform the sorting task.
166Number of groups and number of samples per group were free, as were the criteria for grouping
167the samples, which could vary from panelist to panelist. However, at least two groups had to be

168formed, and each cheese sample had to selected once into a group. After the sorting task, the
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169panelists were asked to describe each group of cheeses using words (no sentences). Panelists

170were provided with mineral water and unsalted crackers to cleanse their palate between samples.
171

1722.3.2 Knowledge questionnaire

173A questionnaire was designed to assess the panelists’ knowledge on cheese and validate their
174membership group. This questionnaire was split into two parts: (1) 13 questions related to their
1750verall knowledge on cheese, (2) 12 specific questions about cheese-making process for Salers
176and Cantal cheeses. As the correct answer was known for each question, individual responses
177were coded O for a wrong response and 1 for a correct one. This questionnaire was filled out at
178the end of the tasting session, and was scored out of 20 points. A global knowledge index was
1790obtained by computing a weighted mean of specific knowledge (weight: 0.7) and overall

180knowledge (weight: 0.3).

181

1822.4 Data analysis

1832.4.1 Analysis of the free sorting task

184For each panelist, we built an individual distance matrix using the discrete metric from the
185results of the sorting task, for which the rows and the columns are cheese samples. Specifically, a
186value of O for the j-th element of the i-th line of the matrix indicates that the corresponding
187panelist pools the i-th and the j-th cheese samples together, whereas a value of 1 indicates that
188the samples were not put together. In this context, the dataset is a collection of individual
189distance matrixes on which an MDS method is usually used to derive sensory maps (Blancher et
190al., 2007). Here we used the DISTATIS method to analyze the individual distance matrixes
1910btained from the sorting data. DISTATIS method is an extension of classical multidimensional
192scaling taking into account individual sorting data (Abdi et al., 2007).

193

194

15 8
16



1952.4.2 Analysis of the verbalization task

196To facilitate the interpretation of the graphical displays obtained by MDS, the terms cited by
197panelists are superimposed by considering their correlations with the MDS axes. For each
198panelist, the terms are suggested to describe a given category of stimuli are assumed to apply to
199every single stimulus in that category. Very often, it becomes necessary to pre-process data from
200the verbalization task. Indeed, panelists generally generate a large number of separate terms,
201which can prove time-consuming to graph out. For instance, terms that are deemed to be
202synonymous or share a common meaning should be merged and identified as the same word.
203Sometimes, terms that are only cited by a few panelists generally get discarded.

204Here, to properly encode each term used, we draw up a list of categories ready to integrate each
205term into a category prior to any data analysis. We chose to establish 9 categories to provide
206balanced and interpretable categories:

207 ® Taste: all terms describing taste or intensity of perceived taste

208 o Texture: all terms describing texture (in-mouth or to-touch)

209 ® Appearance: all terms describing appearance (core or rind)

210 * Odour intensity: all terms in relation to intensity of odour (quantitative terms)

211 * Flavour intensity: all terms in relation with intensity of flavour (quantitative terms)

212 ® QOdour-descriptive: all terms in relation with odour description (qualitative terms)

213 * Flavour-descriptive: all terms in relation with flavour description (qualitative terms)

214 o Liking: all terms describing preference, hedonic perception (liking or disliking)

215 o Typicity: all terms in relation to the perception of typicity (belonging to a given category
216 of cheese, connected with the terroir or the ripening process)

217In addition to a descriptive analysis performed via an MDS approach, a major objective of this

218study is to identify whether panelists’ verbalizations depend on type of panel or on type of
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219cheese to. Two approaches are investigated to test these potential links: a PermAnova test and a
220PLN model.

221PermAnova is a non-parametric statistical test. Here, to evaluate the link between the type of
222panelists and their verbalizations, the null hypothesis corresponds to similar verbalization among
223panels in terms of mean and variance. Calculating the statistic involves computing the pairwise
224distances between all individual data. Given that verbalization data consists of vectors of count
225data, we choose to measure the proximity between two vectors using Bray-Curtis dissimilarity
226(Bray & Curtis, 1957). In this study, PermAnova is used to jointly test whether type of panel and
227type of cheeses resulted in a difference in verbalizations. Each p-value obtained is considered a
228measure of support for the null hypothesis, in line with recent scholarship on statistical
229significance (McShane et al., 2019).

230As an alternative approach, the PLN method involves modeling the individual verbalization
231counts as a Poisson random variable for which the log rate has a prior individual-specific
232Gaussian distribution. Assuming an individual-specific prior distribution makes it possible to
233model potential heterogeneity in the intensity of verbalization across panelists. Moreover, adding
234regression terms to the prior Gaussian expectation leads to express the intensity of verbalization
235as a linear combination of dependent factors such as type of panel, panelist knowledge, and type
2360f cheese. Here, we compared several PLN models with different regression terms to deduce
237which factors explain an important share of the variance in verbalization. Choice of model was

238based on BIC. The robustness of the proposed analysis was evaluated with a bootstrap

239procedure.
240
2413. Results

2423.1 Analysis of the free sorting task

2433.1.1 Cheese configuration for each panel

19 10
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244Figure 1 shows the DISTATIS compromise maps of the 10 cheeses for each panel. Overall, we
245found slight differences in configuration between the types of panel, as confirmed by the values
2460f the RV coefficient computed between the configurations of different panels. Configurations
247are globally similar between novice/expert (RV = 0.622, p = 0.007) and between
248novice/intermediate (RV = 0.525, p = 0.04) but are dissimilar between expert/intermediate (RV=
2490.435; p = 0.153). None of the panels were able to distinguish between Cantal and Salers cheeses
250but all panels formed the same number of cheese categories, i.e. three groups, although there are
251differences between the groups identified.

252For the novice panel, the first dimension (accounting for 32.57% of variance) opposed three
253Cantal cheeses (CR4, CR5, CR6) and two Salers cheeses (SSal7, SR10) against other cheeses,
254while the second dimension had two groups separating “SSal9/Csal3/SR12” from “SSal8/SR11”.
255The small confidence intervals reflect good agreement among panelists.

256In the categorization performed by the intermediate panel, there is no clear opposition between
257cheeses and a greater overlap between confidence intervals, indicating weak agreement among
258panelists. The first dimension opposed Salers cheeses (SSal7, SSal8, SSal9, SR10) against a
259group composed of two Cantal cheese (CR5 and CR6) and one Salers cheese (SR11). the second
260dimension featured one group formed by three samples (SR12, CR4 and CSAI3).

261In the categorization by the expert panel, the first dimension (accounting for 34.86% of variance)
2620pposes four Salers cheeses (SR11, SR12, SSal8 and SSal9) against other cheeses composed of
263four Cantal cheeses (CR5, CR6, CR4 and CSal3) and two Salers cheeses (SR10 and SSal?). Like

264the novice panel, the small confidence intervals reflect good agreement among panelists.
265

2663.1.2 DISTATIS robustness analysis
267The numerical and graphical DISTATIS results point to two main interpretations. First, the

268intermediate panel appears to be significantly different to the expert panel in terms of cheese
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269categorization. Second, the confidence ellipsis appeared to be larger for the intermediate panel
270compared to other panels (Figure 1). Note however that these interpretations may again be due to
271the small sample size of the intermediate panel. Below we address both these issues using
272bootstrapping and subsampling methods.

273For the expert/intermediate RV coefficient, we randomly subsampled the expert panel and
274computed the ‘subsampled expert’/intermediate RV coefficient to obtain the same sample size
275for both panels and then evaluate how far sample size distinguished the intermediate and expert
276panels. We repeat the process 1000 times to obtain i) the proportion of p values greater than 0.01
277and ii) the position of the original RV coefficient value (RV= 0.435) with respect to the
278empirical distribution of the RV coefficient under expert panel subsampling. There are 99.2% of
279p-value greater than 0.01, and the original RV coefficient corresponds to the 73.5%-quantile of
280the empirical RV distribution. Subsampling the expert panel has no effect on the difference
281between intermediate and expert panels: the two panels are significantly different in all cases.
282To analyze the radius of the ellipsis for each panel, we compute the average rate between radius
2830f ellipsis of the intermediate panel and the expert panel (resp. novice panel), i.e. 2.131 (resp.
2841.465). As above, we randomly subsampled the expert and novice panels in order to obtain
285panels with an even sample size, then we repeated the subsampling method 1000 times to obtain
286the overall average rate between radius of ellipsis, i.e. 1.283 for the expert panel and 1.203 for
287the novice panel. Having a reduced panel sample size substantially decreased the radius of
288ellipsis, especially for the expert panel. Moreover, the original average rate corresponds to an
289extreme value of the empirical distribution of the average rate under subsampled panels, which
290also indicates that panel sample size drastically affects ellipsis radius. Nevertheless, even though
291the small panel sample size contributes to the ellipsis radius, the subsampled expert panel always
292led to a greater average ellipsis radius than the intermediate panel and in 99.9% of cases led to a

293greater average ellipsis radius than the novice panel. Furthermore, empirical distributions (for
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294subsampled expert and novice panels) did not support the hypothesis that average ellipsis radius
295rate is even across panels, since it did not cover the value 1. Even though a smaller sample size
296increased the ellipsis radius, the intermediate panel still had larger ellipsis.

297

2983.2 Analysis of the verbalization task

2993.2.1 Main differences between panels

300In this study, the panelists across all three panels used a total of 455 different words. Figure 2
3o1irepresents the average frequency of the terms cited for each panel. Bigger balloon size reflects
302greater use of the term by the panel. Correspondence Analysis highlights across-panel
3o3differences in use of descriptive terms (Figure 3), which is confirmed by a Chi-squared test (p <
3042.2e-16). The first principal component (89.9% of total inertia) contrasts the expert panel and
3050ther panels. The expert panel is strongly associated with descriptive terms (Odour-descriptive
306and Flavour-descriptive) whereas panelists from the intermediate panel preferentially refer to
307terms related to enjoyment of the eating experience (Liking). The second principal component
308(10.2% of total inertia) mainly to differentiated the intermediate vs novice panels. Although the
309novice panel is also associated with the Liking category, it is specifically related to other
310categories on sensation intensity (Odour intensity and Flavour intensity) and more particularly
311terms describing the visuals of the products (Appearance).

312The on-average difference between panels can be evaluated by computing a contingency table
313then running a Chi-squared test and correspondence analysis. Intra-panel inertia can also be
314analyzed in order to measure the intensity of the split between panels.

3153.2.2 PermAnova-based differences in verbalization

316To compare panels on differences in product description, PermAnova is used as a non-
317parametric statistical test. Only pairwise distances between panelists are required to assess

318whether or not panels differed in terms of average and dispersion. Since each panelist’s data is a
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319vector of word category counts, the distances between two panelists are computed according to
320Bray-Curtis dissimilarity. We find that the panels differed in verbalizations, whether in terms of
321average, dispersion or both (p = 0.001). PCA analysis is performed on the verbalizations table
322(Figure 4a) to identify whether average or dispersion (or both) differed across panels. According
323to the PCA results, only dispersion differs between panels.

324The same process as above is also used to investigate differences in verbalization per type of
325cheese evaluated, i.e. Cantal vs Salers. The PermAnova test confirms a difference (p = 0.0051),
326which is also the case when jointly considering cheeses and panels (panel factor p-value =
3270.0001 and cheese factor p-value = 0.0032). PCA analysis (Figure 4b) indicates that averaged
328verbalization does not differ between types of cheese but that there is slightly higher dispersion
329in verbalization around Salers.

330For the type of panel and/or type of cheese factors, the PermAnova test finds significant
331differences that translate as a combination of differences in terms of average and especially
332dispersion.

3333.2.3 Probabilistic modeling to assess panel differences

334An alternative approach to assess verbalization differences between panels and or types of
335cheese is to formulate the question as a choice of model. We model vectors of counts, as
336abundance data, with a multivariate Poisson distribution for which the log-intensity is assumed
337to be Gaussian (Chiquet et al. (2021). The regression terms can be considered to relate
338heterogeneity in verbalization to independent variables, such as a panel variable that indicates
339which panel each vector data refers to. We test models that only included an intercept, or a panel
340regression term, or a product regression term, or panel and product regression terms, and so on
341for all the available independent variables.

342The fitted models are compared based on BIC, and we use a bootstrap procedure to evaluate

343whether or not observed differences in BIC significantly diverged from to differences in BIC

27 14
28



344obtained from augmented models under additional pure random variable. Figure 5 shows that
345including panel factors in a PLN model induces a clear improvement in BIC, whereas the cheese
346factor does not appear relevant for explaining heterogeneity in verbalization, which means that
347the panelists generally fail to differentiate Salers from Cantal cheeses.

3483.3 Knowledge and verbalization

349Expert knowledge on cheese is mainly a key factor to drive verbalization heterogeneity among
350expert panel. Figure 5 shows that there is a hierarchical order of knowledge among the panels.
351Here, the three groups that we formed essentially on the basis of their experience and expertise
352with cheese were validated by their scores on the knowledge test. The expert panelists scored
353highest on overall knowledge and had similar scores to other panelists on both knowledge of
354cheese in general (Figure 5a) and more specific knowledge on Salers cheese (Figure 5b).
355Conversely, the novice panelists scored lowest on aggregate knowledge (9.5/20), with low scores
356for specific knowledge on Salers cheese and an intermediate score of 14.5 for knowledge on
357cheese in general, which is not significantly different to the intermediate panel.

358According to the BIC (Figure 6), the PLN regression model that best explained the intensities of
359the categories verbalized was the model that factored in the knowledge and panel variables. The
360increase in BIC after adding a regression term related to the knowledge factor supports an
361influence of this knowledge on verbalization. Each type of knowledge has a similar BIC gain,
362which seems to indicate that either the types are highly correlated or their differences are not
363significant in terms of explaining panelists’ verbalizations.

364Moreover, the fact that the interaction of knowledge and panel variables leads to the best model
3650f the diversity in verbalization across panelists means that:

366 ¢ the panel variable alone is not sufficient, and that intra-panel diversity in knowledge has

367 to be addressed as a key factor, and
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368 e« the knowledge variable alone is not sufficient, which means that two panelists who have
369 roughly the same knowledge score but are in different panels might use different terms to
370 describe cheese.

371Table 3 illustrates an assessment of the average contribution of each variable for the best PLN
372regression model according to type of panel and panel knowledge. More specifically, it gives the
373average terms per panel, variable-by-variable, in the latent regression model predicting log
374intensity in the Poisson model of verbalization data. Positive (resp. negative) value indicate that
375the focal variable positively (resp. negatively) affects intensity of usage of that word-category.
376To facilitate interpretation, contributions of the ‘Salers knowledge’ variable are distributed
377across the different panels, as knowledge differs significantly from panel to panel (p < 0.001 for
378each pairwise panel comparison).

379

3804. Discussion

3814.1 Sorting task and terms used during the verbalization task

382First, the categorization carried out on the 10 cheeses showed that even though some products
383were not grouped together, all between-panel configurations except expert/intermediate were
384fairly similar, but not identical. Overall, these results are in line with the literature on other
38sproducts (Lawless & Glatter, 1990). For instance, Faye et al. (2013) found that
386configurations/sorting on wine glasses differed according to subject experience and knowledge.

387The second objective of this study was to unravel the difference in use of the terms cited during a
388verbalization task. Several studies have shown that the combination of free sorting and verbal
389description leads to a perceptual map with explainable dimensions (Popper & Heymann, 1996).
390Several authors have shown that the dimensions of MDS configurations resulting from
391evaluation by untrained panelists can be interpreted using the vocabulary generated (Chollet &
392Valentin, 2000, Lim & Lawless, 2005, Lawless, 1989, Lawless et al., 1995). Giboreau et al
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393(2001) showed that perceptual maps on different fabric samples were relatively similar between
394trained and untrained panelists. However, other authors have shown that descriptions produced
395by untrained panelists are not always comparable to descriptions produced by expert subjects, as
396trained/expert panelists tend to be more efficient in their description. Lawless, Sheng & Knoops
397(1995) found that many of the descriptors used are significant but that experts use a wider variety
3980f significant terms than untrained subjects. Furthermore, trained panelists use a more precise
399vocabulary as attributes generated by consumers are more ambiguous or redundant and less
4oospecific than attributes assigned by experts (Chollet & Valentin, 2001; Chollet & Valentin,
4012006). In this study, we observe a similar pattern: after gathering the terms into word categories,
402we find that the expert panel has more words that are related to qualitative terms and therefore
403more specific, whereas the novice/intermediate panels used more terms related to pleasure
404(hedonic), product appearance, and intensity descriptors. Lawless et al. (1995) applied this same
405method on cheese samples and showed that the results were similar between trained and
4o6untrained panels, but the trained group had a greater number of significant attributes when
407regressed with the MDS space.

408In the literature, several studies converge to agree that overall, experts present a more technical
409and specific vocabulary and they have the most extensive vocabulary than novices. These studies
410have mainly been conducted in the wine and beer sector (Chollet & Valentin, 2000; Gawel,
4111997; Leliévre et al., 2009).The superiority of the experts’ vocabulary is due to the addition of
412technical and specific terms on top of the basic novice vocabulary, as reported in the extant
413literature. Indeed, several studies have shown the effect of expertise (knowledge) on the
414description of products. For instance, Lelievre (2010) showed that beer professionals and beer
415connoisseurs perceived beer according to sensory, hedonic and technical properties whereas non-
416connoisseurs mainly structured their perceptions on the basis of sensory attributes. Likewise,

417Faye et al. (2013) showed that description and sorting on wine glasses were influenced by
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418panelists’ knowledge and experience and their engagement with the products. Note, however,
419that they grouped their experts/non-connoisseurs post-hoc, whereas here we defined our
420expert/intermediate/novice panels beforehand. Even if frequency of consumption features in the
421definition of familiarity and plays a role in knowledge of a product, as mentioned by Nacef on
422Maroilles cheese, the utilization of terms here was not dependent on frequency of Salers

423consumption and this variable did not improve the PLN model.
424

4254.2 Relevance of PermAnova and PLN modeling for the purpose of verbalization analysis
426The novel statistical approach employed provided key insight into which variables drive the use
4270f different terms for describing the products. We showed that different types of panels can
428produce similar perceptual maps but that the sorting and especially the word categories used
429depend on the panelists’ expertise and knowledge of the product. These results confirm those
430already illustrated in the literature, but the combination of PermAnova testing and PLN modeling
4310ffers a powerful new way to analyze data resulting from free sorting task and verbalization
432tasks.

433PermAnova makes it possible to distinguish several levels of differences in verbalization.
434Graphical checking via PCA analysis can be used to determine whether verbalization data differ
435in average, in dispersion, or both. However, it would be instructive for future work to quantify
436the contribution of each component, i.e. average differences and dispersion differences, towards
437rejecting the null hypothesis.

438PLN modeling brings a new way to study the variables that contribute to the use of word
439categories by panelists and thus better understand the mechanisms involved in perception in
44ointeraction with panelist knowledge as an experimental factor, as suggested by Faye et al. (2013).
441This approach makes it possible to capture which factors impact verbalization and, crucially, to

442determine the intensity and direction of the association. However, further developments can be
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443envisaged for this PLN model. In particular, it may be useful to adopt a variable selection
444approach (regularized estimators) or to define a suitable prior in a hierarchical Bayesian model
445(spike-and-slab) in order to more robustly identify the relevant factors that explain differences in
446verbalization among panelists. In addition, the PLN model, which is used more in the field of
447ecology (Chiquet, Mariadassou & Robin, 2021) has received recent gained broader attention, and
448extensions have already been proposed. For instance, Zero-inflated PL.N allows to model counts
449data with a large amount of zeros in the database. In the context of verbalization analysis, this
450approach could make it possible to analyze verbalization data without necessarily having to
451resort to creating word categories.

452

4534.3 Limitations and directions for future work

454Concerning the limits of our study, the size of the panels might be a weakness that could have an
455impact on the validity of the results. The panels used had different sizes depending on the type of
456panelists recruited or their training, and were relatively small, at between 10 and 20 panelists
457(Soufflet et al., 2004) when panelists are considered as professionals/experts. In contrast, the size
458is larger (ranges from 9 to 300) when panelists are untrained or naive consumers (Cadoret et al.,
4592009; Moussaoui & Varela, 2010; Varela & Ares, 2012, 2012). According to Faye et al. (2006),
460the number of consumers really necessary to perform the free sorting task may be small (here, 25
461consumers still seems acceptable). However, we addressed the small sample size issue and we
a62provided insights that support the results reported.

463Regarding the verbatims, we did not study the loss of information according to number of
464consumers, but the number of terms increases with number of consumers and thus occurrences of
465the terms. The fact that we used representative consumer terms makes the explanation of the
a66perceptive configuration robust, and the number of consumers recruited in this study enabled us

467to collect a large number of words.
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468

469 5. Conclusion

470The free sorting method followed by a verbalization task on 10 uncooked Cantal/Salers pressed
471cheeses revealed consistent configurations across different types of panels, except between the
472expert/intermediate panels. Overall, statistical analysis does not find a clear separation between
473Cantal and Salers cheeses, even in expert panel. Analysis of verbalization based on a combined
474PermAnova and PLN model approach highlighted that verbalization was differentiated according
475to type of panel. Furthermore, this approach showed that the ‘cheese’ variable did not appear to
476be a driving factor in panelist verbalizations. This indicates that panel verbalizations were not
477based on the nature of the cheese (Cantal or Salers) but rather on the ‘knowledge’ variable. This
478insight enabled us to more accurately model the verbalization data, and learn that the ‘knowledge
479% panel’ variables interaction better explained panelists’ verbalizations or use of word categories.
480The PLN model method offers an informative way to analyze counts data, particularly from
481verbalization, and brings supplementary information to help better understand which variables
482best explain the choice of terms used by different panels.

483
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484Table

485Table 1: Description of the cheese samples

486

Cheeses Type of milk Producer / Dairy Cheese samples (code)
Cantal Salers milk Dairy 1 Csal3
Cantal Dairy 1 CR4
Cantal 1?12?1? r cow breed Producer 1 CR5
Cantal Producer 2 CR6
Salers Producer 3 SSal7
Salers milk Producer 4 SSal8
Salers Producer 5 SSal9
Salers Producer 6 SR10
Salers gﬁfr cow breed 5 0 ucer 7 SR11
Salers Producer 8 SR12
487Table 2: Key characteristics of each panel
. Expert Intermediate Novice
Cheeses Modality (np=18) (n =10) (n =44)
Several times/day 47.1 40.0 20.5
1 time/day 29.4 10.0 36.4
Cheese_overall 1 to 6 times/week 235 30.0 40.9
consumption -
2 to 3 times/month 0 10.0 2.3
Never 0 10.0 0
Every day 5.9 0.0 4.5
! . 1 to 6 times/week 29.4 20.0 38.6
Cantal_Consumption 1 0 3 times/week 471 40.0 47.7
Never 17.6 40.0 9.1
Every day 11.8 0.0 0.0
1 . 1 to 6 times/week 47.1 30.0 15.9
Salers_Consumption 1 to 3 times/week 29.4 20.0 70.4
Never 11.8 50.0 1.6
Male 72 80 39
Gender Female 28 20 61
19-29 18 0 12
Age 30-45 29 50 23
46-59 35 50 23
> 60 18 0 42
Secondary 17 20 45
School level Undergraduate 56 40 33
Masters 28 10 21
Single 17 20 18
Marital Status Married/Partner 83 80 59
Separated 0 0 23

488

489

490

491

492
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493Table 3: Average contribution of each word category to the best PLN regression model according
494to type of panel and type of knowledge

Word categor Novice_ Intermediate_  Expert_ Novice Intermediate Expert_
—category panel panel panel _S_knowledge _S_knowledge S_knowledge

Liking 0.4467" 0.1457 -0.5554 0.2280 0.3412 0.4719
Appearance -1.4833 -2.6582 -61.6768 0.7876 1.1783 1.6299
Flavour_descriptive 0.9489 -0.1606 3.0391 -0.9029 -1.3507 -1.8685
Flavour_intensity 0.7114 0.0519 -0.3581 0.0495 0.0741 0.1025
Typicity_concept -0.7774 -1.2107 -0.1999 -0.2934 -0.4390 -0.6072
Texture 1.2508 0.8734 0.9832 0.0054 0.0081 0.0112
Taste 0.0350 -1.7041 0.8985 -0.3165 -0.4734 -0.6549
Odour_intensity -0.4077 -1.4491 -0.5852 -0.5024 -0.7516 -1.0397
Odour_descriptive -1.2857 -59.2474 -1.1911 -0.2896 -0.4332 -0.5993
495S= Salers; 'Contribution expressed in log intensity

496

497

498

499

500

501

502

503

504

505

506

507
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