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Abstract: Odor is central to food quality. Still, a major challenge is to understand how the odorants
present in a given food contribute to its specific odor profile, and how to predict this olfactory outcome
from the chemical composition. In this proof-of-concept study, we seek to develop an integrative
model that combines expert knowledge, fuzzy logic, and machine learning to predict the quantitative
odor description of complex mixtures of odorants. The model output is the intensity of relevant odor
sensory attributes calculated on the basis of the content in odor-active comounds. The core of the
model is the mathematically formalized knowledge of four senior flavorists, which provided a set of
optimized rules describing the sensory-relevant combinations of odor qualities the experts have in
mind to elaborate the target odor sensory attributes. The model first queries analytical and sensory
databases in order to standardize, homogenize, and quantitatively code the odor descriptors of the
odorants. Then the standardized odor descriptors are translated into a limited number of odor qualities
used by the experts thanks to an ontology. A third step consists of aggregating all the information
in terms of odor qualities across all the odorants found in a given product. The final step is a set
of knowledge-based fuzzy membership functions representing the flavorist expertise and ensuring the
prediction of the intensity of the target odor sensory descriptors on the basis of the products’ aggregated
odor qualities; several methods of optimization of the fuzzy membership functions have been tested.
Finally, the model was applied to predict the odor profile of 16 red wines from two grape varieties
for which the content in odorants was available. The results showed that the model can predict the
perceptual outcome of food odor with a certain level of accuracy, and may also provide insights into

‡The two authors share first authorship.

http://http://www.aimspress.com/journal/MBE
http://dx.doi.org/10.3934/mbe.2023908


20529

combinations of odorants not mentioned by the experts.

Keywords: Aroma; machine learning; expert knowledge; Fuzzy logic; sensory prediction; inclusive
model

Highlights

• An original model has been developed to predict odor perception from chemical composition.
• Gas Chromatography Olfactometry data is used to predict the intensity of odor attributes.
• The inclusive model combines expert knowledge, fuzzy logic, and machine learning.
• The model was applied to predict the odor profile of 16 red wines.

1. Introduction

Knowledge about flavor holds strategic importance for the entire food industry because it serves as
a major criterion for the formulation and reformulation of food. This, in turn, contributes to the adap-
tation of food products and beverages to the increasing constraints related to nutritional, organoleptic,
and environmental consumers’ expectations. Among the sensory dimensions involved in food flavor,
the odor component plays a critical role because it determines most of the time the identity and the
typicality of food. This influence strongly impacts the overall quality and recognition of the food by
consumers [1, 2]. Odors and smells also have a major impact on overall perception, as highlighted by
studies on the impact of scent on virtual reality experiences [3].

Odors are perceptions resulting from the detection of specific volatile compounds by the receptors of
the sense of smell. These odor-active compounds are called odorants [4]. Considering flavor analysis,
on the one hand, a food odor profile can be established by sensory analysis which consists in evaluating
the sensory characteristics of food through the sense of smell [5]. On the other hand, the chemical
analysis of the odorants from food is performed by separating, identifying, and quantifying odorants
in food products with techniques such as gas chromatography-mass spectrometry - olfactometry (GC-
MS-O). This well-established analytical procedure provides a list of odorants [6–9], but does not give
any information about the perceptual influence of mixed odorants, still critical to the overall food
odor construction. Indeed, odorants can compete for the activation of olfactory receptors, forming the
foundation of the combinatorial coding of olfactory information. However, several other non-linear
integrative processes can occur along the olfactory pathway to the brain, contributing to the ultimate
mapping of odor representation [10].

The odor of food is actually due to a complex mixtures of odorants often recognized as single
percepts by the human olfactory system (e.g. coffee odor). This percept results from the configural
processing of odor mixtures and we are also able to discriminate odors nuances within the complex
mixtures (e.g. off-odors) through elemental processing [10]. Because of these complex and still poorly
understood perceptual integration processes, it remains very difficult to predict the odor profile of a
given food product based on its chemical composition. In flavor analysis, deciphering the chemical
base of an odor requires performing recombination and omission tests. Subsequently, researchers can
identify the odorants that hold greater relevance within the context of the mixture and their likely
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associations with specific odor nuances ( [11] / wine: [12–15] / sesame: [16]).]). However, accurately
modeling the perceived odor remains a challenging task.

On the one hand, predictive approaches based on the molecular structure of odorants were developed
to predict odor characteristics of new sets of odorants (intensity: [17, 18] / detection threshold: [19]
/ perceptual qualities: [20] / pleasantness: [21, 22]). Other strategies implement machine learning
algorithms in order to predict several odor characteristics of odorants based on odorants’ structural
parameters ( [20, 23]). Although these predictive approaches were successful, they are all applied to
single odorants. To date only one study, [24] focuses on odorant mixtures by predicting the similarity of
multi-molecular mixtures from their structural parameters. However, to the best of our knowledge, no
study has attempted to predict how a multi-molecular mixture will smell, i.e. to generate a quantitative
sensory description of the odor of mixtures using natural language descriptors.

On the other hand, numerous studies have attempted to model distinct odor nuances, for a large
variety of food, on the basis of the volatile compound composition. These studies often utilized multi-
variate linear models eg. [25–27]. These approaches confirmed the existence of complex multivariate
relationships between chemicals and odors; they have succeeded in predicting certain sensory attributes
through specific combinations of flavor compounds. Nevertheless, they have fallen short of compre-
hensively modeling the impact of flavor compounds on all nuances of the flavor profile or the overall
configural odor perception. Indeed, linear approaches often struggle to account for both elemental and
configural perceptions of odorants due to their limited capacity to capture the complex interactions
within odor mixtures. Linear methods tend to overlook these intricate interactions, missing the holis-
tic perception that emerges from the synergistic or inhibitory effects of different odorants activating
simultaneously the olfactory system.

Because simple or linear approaches (e.g. summation) are not fully adequate for addressing el-
emental and configural perceptions of odorants’ mixtures, we propose a new predictive model that
combines the knowledge of flavorists and the expertise of scientists in the flavor domain. Indeed, how
flavorists combine odor qualities (e.g. Fruity, Green, Smoky), odor-active raw materials, or pure odor-
ants to create a target odor represents their specialized knowledge. This expertise relies on a personal
process ( [28]) while also being grounded in fundamental principles acquired through intense training
in specialized schools (e.g. based on the field of odors described by [29]) or companies (e.g. Sense
ItTM, a global flavor language developed by Givaudan), resulting in a reverse descriptive understand-
ing of odor construction. Interestingly, multimedia approaches have also been used to collect human
expertise related to food [30]. By integrating databases, mathematical methods inspired by scientific
knowledge, and the expertise of flavorists, we aim for a deeper understanding of flavor creation and,
consequently, the construction of odor profiles. In a food-related application ( [31]), the knowledge of
cheese ripening experts was formalized into an in-silico model and coupled to a chain of mathematical
treatments using fuzzy logic. This approach has also proven successful in various applications that
seek to incorporate expert knowledge [32]. This is why our paper introduces an approach based on
fuzzy logic.

Fuzzy logic is an extension of the set theory where the classical characteristic function of a set
(which uses a binary approach of 0 or 1 to indicate if an element belongs to a set or not) is replaced by
a membership function whose values range from 0 to 1 ( [33]). Transitions between sets enable repre-
senting the representation of gradual concepts (e.g. gradual memberships) as well as the representation
of rules, particularly adapted to the representation of expertise ( [34]). Moreover, analogies exist be-
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tween fuzzy entities and sensory entities (i.e. sensory scales as fuzzy sets, sensory attributes as fuzzy
variables, and sensory answers as membership grades) ( [35, 36]), which explains why fuzzy logic has
been used successfully used in several papers dealing with food systems ( [32]). For instance, it has
been applied to estimate the sensory properties of food products (sausage: [37] / chhana podo: [38] /

tea liquor: [39]/ jam: [40]) and predict consumer food acceptance (biscuits: [36] / bread: [41]).
This article describes a proof-of-concept. It tackles the challenge of predicting odor profiles of

real food from their chemical compositions. We explain how a predictive model was built using a
combination of machine learning and fuzzy logic, while integrating expert knowledge and domain
databases. The outcome is a formal representation of optimized combinations of sensory-relevant
odors. We believe this model can further streamline aroma analysis procedures by integrating expert
knowledge on odor mixture perception. We exemplify this approach by predicting the odor profiles of
16 red wines made from two grape varieties, based on their chemical compositions in odorants.

2. Material and methods

2.1. Chemical and sensory data on wines

Chemical and sensory characterizations of the wines were published in a data paper [42]. In short,
Gas Chromatography Olfactometry (GC-O) and Gas Chromatography-Mass Spectrometry (GC-MS)
results were obtained for a set of 16 French red wines, 8 from Pinot Noir (PN) and 8 from Cabernet
Franc (CF), which were selected to cover the olfactory diversity of the commercial offer for each
grape variety [43]. The analyses provided the identification of a total of 46 odorant zones. The GC-
O procedure assigned relative importance to each odor-active compound by calculating their nasal
impact frequency (NIF), which is the ratio of the number of panelists who smelled an odor to the
total number of panelists [44]. In parallel to the chemical analyses, the wines were submitted to a
wine sensory descriptive panel composed of 16 trained panelists (6 women; age range 35-71; UR
GRAPPE, Angers, France) that performed an orthonasal quantitative descriptive analysis to construct
the wines’odor profiles (see details in [42]).

2.1.1. Odor description of the wines’ odorants

For the odorants identified in the 16 wines, the corresponding odor descriptors were ob-
tained from three databases: Arctander’s handbook [45], Flavor-Base (Leffingwell & Associates,
http://www.leffingwell.com) and The good scents company [46].

2.2. Expert knowledge

Four senior flavorists participated in the data collection. The elicitation process was based on a
private guided interview which lasts 1 hour. The experts received monadically each of the 15 odor
sensory attributes (OSA) used by the descriptive panel to build the wines’ sensory profiles. The experts
were not informed that the OSA were related to wines. For each OSA, they were asked to indicate the
odor notes, further called odor qualities (OQ), needed to construct a given odor sensory attribute (OSA).

Four senior flavorists participated in the expert knowledge data collection. The elicitation process
was based on a private guided interview which lasted 1 hour. The experts received monadically each
of the 15 odor sensory attributes (OSA) used by the descriptive panel to build the wines’ odor profiles.
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The experts were not informed that the OSA were related to wines. For each OSA, they were asked
to indicate the odor notes, further called odor qualities (OQ), needed to construct a given odor sensory
attribute (OSA). Each OQ was quantized by the experts according to an ordinated symbolic 5-value
scale: near 0, +/-,+, ++, +++. These symbolic values were respectively transformed into numerical
values, NV = 0.25, 0.5, 1, 2, 3. The resulting scaling information was then translated into a numerical
value Num in [0, 1] for each OQ related to an OSA (Equation (2.1)); the obtained value reflects the
perceptual proportion of an OQ in a given OSA, as reported by an expert.

Num(q j) = NV(q j)/
Q∑

i=0

NV(qi) (2.1)

Where q j is an association between one OQ analyzed by one expert for a specific OSA, and Q is
the total number of associations between the OQ and all the OSA.

2.3. Modelling and fuzzification

The fuzzy model was developed on MATLAB (R2014b) using the equations presented in [47, 48].
A fuzzy set E is defined thanks to a membership function x { µE(x) ∈ [0, 1] which represents a
membership degree of a point x.

Membership functions can take various forms. Our model has been built from
a trapezoidal representation (Equation(2.2)) with four parameters a1 to a4.

µ(x) =



0 (x ≤ a1)
(x−a1)
(a2−a1) (a1 < x ≤ a2)
1 (a2 < x ≤ a3)
(a4−x)
(a4−a3) (a3 < x ≤ a4)
0 (x > a4)

(2.2)

If x is a proportion of OQ, µ(x) then represents the membership degree to an OSA, see Figure 1.
The fuzzy Tnorm was used in this paper to aggregate the information associated to the aroma re-

construction proposed by the flavorists. Indeed, odor qualities are joined by a connector ”AND” (a
classical mathematical logical interpretation of the join) using the fuzzy Tnorm:

Tnorm(µ0, µ1, ..., µn) =
∏

i

µi (2.3)

where µi are the membership functions of the i odor qualities (OQ) proposed by the flavorists to
define a given odor sensory attribute (OSA).

2.4. Optimization

The parameters a1 to a4 of the fuzzy membership functions were optimized using a classical evo-
lutionary covariance matrix adaptation evolutionary algorithm. The evolutionary covariance matrix
adaptation evolutionary algorithm (CMA-ES) was adapted from cmaes.m (Version 3.61.beta) and ran
for 10 repetitions (cost function = fuzzy function, population size = 2000).
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Figure 1. An example of a generic fuzzy trapezoidal function: a2 and a3 represent the bounds
of the proportion of the OQi when the membership degree to a given OSA equals to 1. a1

varies between 0 and a2, a4 varies between a3 and 1.

2.5. Validation: application to the wine

The fuzzy model was validated following a leave-one-out cross-validation (LOOCV) procedure,
meaning that each sample (food product) is left out once and used for validation [49]. The output
of the fuzzy models was the intensity predicted for each OSA. It was calculated for each wine in the
application. We compared these predicted intensities with those obtained by sensory evaluation. First,
we calculated the percentage of prediction error following Equation (2.4). The closer the sensory
intensity evaluated and measured the lower the percentage prediction error. In contrast, if the sensory
intensity evaluated and measured are highly different, the percentage will be high (100% and more)
[50].

E = [|(Ipredicted − Ievaluated)|/Ievaluated] ∗ 100 (2.4)

In addition, we calculated the similarity (S im) between the intensities evaluated xl and predicted yl

for each OSA l of wine i, following the Ruzicka similarity (Equation 2.5). The values vary from 0 (not
similar at all) to 1 (datasets identical).

S im(xl, yl) =
∑

l

min(xl, yl)/
∑

l

max(xl, yl) (2.5)

Finally, we performed a normalized principal component analysis (PCA) and a hierarchical cluster-
ing on principal components (HCPC) on the sensory profile obtained by sensory evaluation and from
the fuzzy model predictive approach.
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3. Mathematical formalism

Figure 2. Outline of the predictive approach. Blue stars identify the data and knowledge
about wine available at the beginning of the study: (i) GC-MS-O (gas chromatography-
mass spectrometry - olfactometry) data; (ii) three databases (DB, Arctander, Flavor-Base, and
The good scents company) relating the odorants (molecules detected in GC-MS-O) to their
odor description (OD); (iii) the formalized flavourists’ expertise indicating how odor qualities
(OQ) could be recombined to build a given odor sensory attribute (OSA) independently from
the food matrix. Thus, on the one hand, the food product odor was analyzed by GC-MS-O
which allowed the identification of odorants and their perceptual contribution through their
nasal impact frequency (NIF) scores. On the other hand, a mathematical model is built. In
STEP 1 (f1), odor descriptors (OD) for the identified molecules are compiled from the union
of the three databases (DB). Then we gathered odor descriptors for a food product which
were further processed through an Ontology (OOPS, f2) to obtain the generic odor qualities
(OQ) for each molecule (STEP 2) followed by the fusion of this information for one product
(wine in our example), (f3), to obtain the proportions of odor qualities (OQ) in a product
(STEP 3). At this step, the artificial intelligence model computes the proportion of OQ
in the food product owing to flavorists’ expertise to estimate the intensity of odor sensory
attributes (OSA) (f4, STEP 4). The output of the model is the odor sensory profile of the
food product which can be compared with the sensory profile obtained by sensory evaluation.

The predictive approach was developed to mimic at a macroscopic level, the holistic human process
of odor perception. A reverse engineering approach depicted in Figure 2 was set up considering the
knowledge of researchers on flavor and of four senior flavorists, embedded in mathematical procedures
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and fuzzy functions. The goal was to make the link between the space of odorants formalized in a
database depicting the odorants’ composition of food products (e.g. wines), and the space of percep-
tion of these products (e.g. odor profiles of the wines), through a restricted human olfactory space
operationalized in database structured by an ontology [51].

In a first step, (f1(x) in Figure 2) we considered the chemical composition of the product in terms of
identified odorants and the contribution of their specific odor reflected by the nasal impact frequency
or NIF (for data on wines see [42]). This dataset was converted into a matrix N, where each row
l corresponds to a wine wl, and each column j represents the perceptual contribution of an odorant
molecule m j.

Afterward, for each product (wine, in our application) wl we obtained the list of corresponding
odorant molecules m j for which Nl j , 0 in N.

The list was then cross-referenced against three databases of odorants (see section 2.1.1) to ob-
tain the odor descriptors (OD) with the best possible representativeness. As the information in each
database is likely to differ, we aggregated the information by summing up each occurrence of a spe-
cific OD i associated to odorant molecule m j in all three databases. The resulting OD matrix Dl for a
specific wine wl contains elements Dl

i j such as:

Dl
i j =

3∑
k=1

bk
i j (3.1)

where bk
i j = {0, 1} denotes the presence or absence of OD i associated to odorant molecule m j in

database k. For example, the result of this procedure for the odorant molecule Isoamyl acetate (CAS
123-92-2) in the wine application is represented in Table 1: [(apple, 1); (banana, 3); (fruity, 2); (fruity-
fresh, 1); (nauseating, 1); (pear, 2); (solvent, 1); (sweet, 3)] and 0 for the other odor descriptors. In
other words, all three databases showed an association between Isoamyl acetate and the odor descriptor
banana, whereas only one of them associated it with the apple odor descriptor.

Table 1. Example of output for the first step of the process for the Odorants: Isoamyl acetate
and benzyl alcohol. The matrix contains information related to the number of citation of a
given odor descriptor in the three databases.

Odorant molecule apple banana fruity fruity-fresh ... nauseating pear ... solvent sweet ...
Isoamyl acetate 1 3 2 1 0 1 2 0 1 3 0
Benzyl alcohol

Odorant molecule Almond ... Floral Fresh Fruity ... Smoky ... ... ... ...
Isoamyl acetate
Benzyl alcohol 1 0 2 1 9 0 1 0 0 0 0

In a second step, (f2(x) in Figure 2) the matrix Dl, containing the aggregation of the information for
odor descriptors associated to odorant molecules found for the product wl among the three databases,
was transformed into a new matrix Ql containing the corresponding odor qualities (OQ), thanks to
mathematical rules describing the correspondence between the ODs and the OQs. The transforma-
tion was implemented through a hierarchical set of relations “is-a” depicted by expert scientists and
represented in the form of an ontology (OOPS), implemented in OWL for the wine application [51].
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Using this ontology is equivalent to applying a transformation Q:

Q : Nm,n → Nm,n′ (3.2)

with n′ < n, as OQs are fewer since several odor descriptors (OD) map to the same odor qualities
(OQ) for one molecule, given expert heuristics. For example, for the odorant Isoamyl acetate, the result
is [(Fresh, 1); (Fruity, 9)] with [ f resh = f ruity − f resh] and [ f ruity = f ruity + apple + banana +

sweet]. Each element of the matrix Ql is named Ql
i j, where j represents the molecule m j in row j and

i represents the odor quality qi in column i. Going back to matrix N, in order to take into account the
contribution of the odorant molecules m j contained in matrix N for the wine wl, each element Ql

i j in Ql

was multiplied by the NIF of the odorant molecule j, for wine wl under consideration:

Q′li j = Ql
i j ∗ Nl j (3.3)

Thus, for example, considering again the molecule Isoamyl acetate in a given wine wl with a Nl j =

0.9, applying the procedure led to a set of odor qualities Q′li (row of matrix Q′l), as follows: [(Fresh,
1 ∗ 0.9); (Fruity, 9 ∗ 0.9)].

In a third step, (f3(x) in Figure 2) all the information in terms of odor quality (OQ) obtained for
all the odorants found in each product was grouped into a single matrix P, where each line contains
information for one product (a given wine in our example), and each column describes the combined
information for an OQ coming from all molecules identified in the product. In other words, each
element Pli of matrix P equals to:

Pli =
∑

p

Q′lpi (3.4)

where Ql
pi are elements in matrix Ql for wine wl, i is the index of the column corresponding to odor

quality i, and
∑

p represents a sum over all lines of Qi, where each line represents a different odorant
molecule. For instance, if one product is constituted by a mixture of Isoamyl acetate CAS 123-92-2,
(odorant 1) and Benzyl alcohol CAS 100-51-6, (odorant 2), with NIF scores respectively NIF1 and
NIF2, it is possible to sum the set of both odorants [(Fresh, 1xNIF1); (Fruity, 9xNIF1)] for the isoamyl
acetate and [(Almond, 1xNIF2); (Floral, 2xNIF2); (Fruity, 1xNIF2); (Smoky, 1xNIF2)] for the Benzyl
alcohol, to end up with an OQ/wine set being [(Almond, 1xNIF2); (Floral, 2xNIF2); (Fresh, 1xNIF1);
(Fruity, 9xNIF1+1xNIF2); (Smoky, 1xNIF2)].

So far, all the transformations produced matrices containing absolute values; but for most experts,
what really makes sense was the relative proportion of odor qualities. For this reason, in a final step,
each element of P was normalized as follows:

P′li = Pli/
∑

p

Plip (3.5)

In a fourth step, (f4(x) in Figure 2), we applied on P′li, a transformation function based on fuzzy
logic functions F :

F : Rw,n′ → Rw,n′′ (3.6)
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with n′′ < n′, as odor sensory attributes (OSA) are fewer since several OQs of one product map
to the same OSA. Fuzzy mathematical operators were implemented for this transformation function.
Each element S li of the new matrix S was defined for the product, in this example the wine wl, where i
is the index of the column corresponding to the OSA oi. S li were computed for wine wl, according to
the Equation 3.7:

S li = h · Tnorm(µi
0(P′j0), µi

1(P′j1), ...µi
n′(P

′
jn′)) (3.7)

where P′i0, ..., P
′
in′ identifies the columns corresponding to the OQs j involved in the computation for

wine wl, µi
0, ..., µ

i
n′ are the membership degrees for odor sensory attribute oi and h is a parameter that

was used to scale the results to human-readable values. To rate wine samples, sensory panelists used
sensory scales that range from 0 to 10, so we set h = 10.
It is important to note that this symbolic formalization is independent from the specific applica-
tion, and could be easily generalized to any other food product.

Four senior flavorists contributed to this study. We decided to manage the uncertainty induced
by inter-individual differences in one fuzzy function for each odor quality. The fuzzy function was
bounded by the minimum and maximum proportions across experts.

µi
j :


ai

1 = 0
ai

2 = mine((ai
2)e)

ai
3 = maxe((ai

3)e)
ai

4 = 1

(3.8)

Where (ai
1)e,(ai

2)e,(ai
3)e,(ai

4)e are the parameters set up for the fuzzy function translating the odor
quality j in the odor sensory attribute i defined by the expert e, independently of the wine considered.

The parameter values provided by experts were then compared against parameter values obtained
through a machine learning approach, applied to either all parameters or a subset, see Table 2 for a
summary.

The machine learning approach optimized the parameters to minimize the gap between the sen-
sory values (OSA intensity evaluated by sensory evaluation) and the predicted values (OSA intensity
predicted by the optimized fuzzy model). The optimization algorithm applied to the problem was the
Covariance Matrix Adaptation Evolution Strategy (CMA-ES) [52], the state-of-the-art for the opti-
mization of non-convex functions.

We called condition A the fuzzy model with expert-determined values for the parameters. Condition
B aimed to optimize (ai

2) and (ai
3) using CMA-ES, and condition C optimized all 4 parameters. In

conditions B and C, 10 repetitions were carried out and we further considered the mean of the intensity
predicted for these 10 repetitions as the intensity predicted for a food product.

Table 2. Non-optimized and optimized parameters of the fuzzy memberships functions of
the OSA, ai

1 to ai
4 , for one OSA i, according to three conditions.

optimization parameters ai
1 ai

2 ai
3 a4i

condition A Flavorists 0 mine((ai
2)e) mine((ai

3)e) 1
condition B partially optimized optimized mine((ai

2)e) mine((ai
3)e) optimized

condition C optimized CMAES optimized optimized optimized optimized
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Applied to our wine dataset, the output of the predictive model was then the odor profile of a wine
wp. The predicted odor profile was compared to the actual odor profile of the same wine obtained by
sensory evaluation.

4. The predictive approach applied to the evaluation of wine sensory profiles

Expert flavorists were asked to decompose in a reverse engineering mode, the 15 OSA (Table 4),
that were used to characterize the odor profile of the wines. They had to break down the OSA into
one or several OQ, depending on whether the OSA were simple or complex. We hypothesized that fla-
vorists have in mind the knowledge to combine several OQ to elicit the perception of a given OSA that
characterizes the aroma of complex mixtures of odorants, and foods or beverages. In the present study,
their reasoning was formalized in a backward way using fuzzy functions and fuzzy Tnorm establishing
a projection from the OQ space to the OSA space.

Among the 15 OSA, 7 were identified by experts as simple OSA (Cut-grass, Leather, Smoky, Toasty,
Vanilla, Violet, and Woody), constituted of only one OQ. The other 8 OSA were considered complex
since experts thought that several OQ have to be combined to elicit the OSA perception.

We have focused our attention on complex OSA. For example, the detailed results of the experts’
interview for the complex OSA Prune are presented in Table 4. The compiled results of the interview
(i.e. the proportions bounds: lower and higher proportions) for the 15 OSA are presented in Table 5.

Table 3. List of the 15 odor sensory attributes (OSA) used by the sensory descriptive panel
to describe the wines’ odor profile [42].

Bell Pepper Cherry stone Strawberry
Blackcurrant bud Cut-grass Toasted
Blackcurrant fresh Leather Toasty
Cherry cooked Prune Violet
Cherry fresh Smoky Woody

4.1. An Illustrative example of prediction: prediction of the intensity of the OSA Prune

In order to explain the general approach, we chose to present the example of the OSA Prune for
the wine PN1, namely one OSA among the 15 used by the sensory descriptive panel to profile the 16
wines of the sample set. The algorithm was applied according to the mathematical steps described in
section 3 and illustrated below.

• In the first step, we considered the chemical composition of the wine PN1 [42]. The list of the
33 odorants identified in PN1 with their corresponding NIF scores and odor descriptors (OD) sets
are shown in Table 6, column 2 and 3.
• In the second step (Table 6, column 4), the OD were translated into OQ, thanks to the OOPS

ontology [51] reflected in the relation (3.2) expressing heuristics like
”the OD banana, buttery, cognac, ethereal, ethereal-fruity, fruity, juicy, pineapple and ripe fruit
belongs to the OQ fruity”.
The OQs were quantified and weighted by the NIF scores (nPN1 j) of the corresponding odorant i,
see Equation (3.3). For example for the CAS Number 123-92-2 (Isoamyl acetate), the OQ Fresh
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Table 4. Composition of the OSA Prune in OQ from expertise. The proportions of each OQ
composing the OSA Prune are indicated for each expert into the symbolic scale (+++, ++,
+, +/-, near 0) translated into numerical values. Nu means that the OQ is not used by the
given expert. Values in bold represent the lower and higher proportions of each odor quality
composing the OSA. For expert 3, the OSA Prune was considered a simple OSA; therefore,
it cannot be decomposed into several OQ and all the scores are null for this expert.

Prune Almond Cooked Fruity Honey Lactonic

Expert 1
+ Nu Nu Nu ++

0.33 Nu Nu Nu 0.67

Expert 2
Nu ++ + near 0 +

Nu 0.47 0.24 0.06 0.24
Expert 3 Nu Nu Nu Nu Nu

Expert 4
Nu +++ + Nu Nu
Nu 0.75 0.25 Nu Nu

Lower proportion 0 0 0 0 0
Higher proportion 0.33 0.75 0.25 0.06 0.67

is associated to the number 0.125 as NIF(Isoamyl acetate)*(OD Fruity-fresh)=0.125*1.
The OQ Fruity is associated to the number 1.125 which is equal to:
NIF (isoamyl acetate)*(OD banana+apple+fruity+sweet)=0.125*9.
• In the third step, the odor qualities set of the 33 odorants were then summed up to obtain the

odor qualities set of PN1, Equation (3.4). For example, if we consider the OQ fruity for the wine
PN1, the calculus is (see Table 6):
49.75 = 0.625 + 7.875 + 1.125 + 1 + 0.625 + 8.75 + 3 + 13 + 1.125 + 0.375 + 2 + 1.25 + 0.625 +

0.87 + 3.125 + 4.375.
For the PN1 wine the final results was:
(Almond, 0.625); (Cooked, 2.375); (Cut-grass, 1.5); (Floral, 16.875); (Fresh, 0.125); (Fruity,
49.75); (Green, 8.625); (Honey, 2.5); (Lactonic, 0.5); (Leather, 2.25); (Peel, 3.625); (Smoky,
18.75); (Spicy, 6.375); (Sulfurous, 0.875); (Toasty, 1); (Vanilla, 2.625); (Vegetable, 3.5); (Violet,
0); (Wine-like, 4.25); (Woody, 3.25).
This set was further represented as proportions of OQ, Equation (3.5), following PPN1

Almond =

0.625/129.375 = 0.005, where 129.375 is the sum over all the molecules and all the OQ for
one wine. The result of the proportions of OQ for the OSA prune in wine PN1, based on the
chemical composition of odorant molecules, is the following odor quality set:
(Almond, 0.005); (Cooked, 0.018); (Cut-grass, 0.011); (Floral, 0.13); (Fresh, 0.001); (Fruity,
0.38); (Green, 0.06); (Honey, 0.019); (Lactonic, 0.004); (Leather, 0.017); (Peel, 0.03); (Smoky,
0.14); (Spicy, 0.05); (Sulfurous, 0.006); (Toasty, 0.007); (Vanilla, 0.02); (Vegetable, 0.02); (Vio-
let, 0); (Wine-like, 0.03); (Woody, 0.02).
• In the fourth step, based on the flavorist expert description of the OSA prune, five OQ were

needed to construct this complex OSA, therefore, five fuzzy membership functions, one per OQ,
were created (see Figure 3). These five functions were created according to the collected expertise
of building an OSA Prune from five OQ (Almond, Cooked, Fruity, Honey, Lactonic) with differ-
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Table 5. Composition of the 15 OSA in OQ from expertise: 7 simple OSA and 8 complex
OSA. The proportions of each OQ composing the complex OSA are represented through
their lower and higher proportions from the expertise data.

OSA OQ1 OQ2 OQ3 OQ4 OQ5 OQ6 OQ7
Cut-grass
Leather
Smoky
Toasty
Vanilla
Violet
Woody

Bell pepper Floral Fruity Green Sulfurous Toasty Vegetable
Lower proportion 0 0 0 0.17 0 0
Higher proportion 0.17 0.33 0.80 0.25 0.5 0.33
Blackcurrant bud Floral Fresh Fruity Green Sulfurous Vanilla Wine-like
Lower proportion 0 0 0.10 0 0.11 0 0
Higher proportion 0.22 0.33 0.67 0.20 0.40 0.20 0.38
Blackcurrant fresh Floral Fresh Fruity Green Sulfurous Wine-like
Lower proportion 0 0 0.25 0 0.07 0
Higher proportion 0.13 0.53 0.44 0.22 0.25 0.25
Cherry cooked Almond Cooked Floral Fruity Green Peel Spicy
Lower proportion 0.13 0.14 0 0 0 0 0
Higher proportion 0.29 0.38 0.07 0.57 0.21 0.06 0.21
Cherry fresh Almond Cooked Floral Fruity Green Peel Spicy
Lower proportion 0.12 0.22 0 0 0.22 0 0
Higher proportion 0.26 0.24 0.07 0.35 0.24 0.06 0.22
Cherry stone Almond Cooked Floral Fruity Green Peel Spicy
Lower proportion 0.25 0 0 0 0 0 0
Higher proportion 1 0.25 0.06 0.38 0.18 0.06 0.18
Prune Almond Cooked Fruity Honey Lactonic
Lower proportion 0 0 0 0 0
Higher proportion 0.33 0.75 0.25 0.06 0.67
Strawberry fresh Cooked Floral Fruity Green
Lower proportion 0.17 0 0.33 0
Higher proportion 0.40 0.33 0.5 0.27

ent proportions depending on the expert. It was computed following the Equation (3.7), meaning
that if the membership degrees of the five OQ to the intensity of the OSA Prune is equal to 1,
the predicted intensity of the OSA Prune will be 10/10, with OQ1 = Almond, OQ2 = Cooked,
OQ3 = Fruity, OQ4 = Honey and OQ5 = Lactony. In this way, from the odor quality set of PN1
(Almond, 0.005); (Cooked, 0.018); (Cut-grass, 0.011); (Floral, 0.13); etc..., we only kept the val-
ues corresponding to the OQ of the OSA Prune: (Almond, 0.005); (Cooked, 0.018); (Fruity, 0.38);
(Honey, 0.019); (Lactonic, 0.004). The values were standardized by dividing them by the sum of
the OQ of the OSA Prune, ensuring that the sum of the 5 OQ equaled 1. This process determined
the proportion of OQ in the complex OSA Prune based on the expert flavorists’ knowledge: (Al-
mond, 0.01); (Cooked, 0.042); (Fruity, 0.89); (Honey, 0.044); (Lactonic, 0.009).
On this basis, the Equation (2.2) was applied and provided the value of the OSA Prune for the
wine PN1 according to the parameters of Table 4. Thus for PN1:
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– µOQAlmond
OS APrune = 1,

– µOQCooked
OS APrune = 1,

– µ
OQFruity
OS APrune = 0, 146,

– µ
OQHoney
OS APrune = 1,

– µOQLactonic
OS APrune = 1

Equation (3.7) finally gives a value of OSA Prune for PN1 of
10 ∗ µOQAlmond

OS APrune ∗ µ
OQCooked
OS APrune ∗ µ

OQFruity
OS APrune ∗ µ

OQHoney
OS APrune ∗ µ

OQLactonic
OS APrune

= 10 ∗ 1 ∗ 1 ∗ 0.146 ∗ 1 ∗ 1 = 1.46.

Table 6. The list of odorants identified in the wine PN1. Odorants are identified by their CAS
number, NIF scores, set of odor descriptors, and set of odor qualities. NIF scores correspond
to the ratio of the number of panelists who perceived the odorant on the number total of
panelists (n = 8). The odor descriptors sets were obtained after compiling three databases
(Arctander, Flavor-Base, The Good Scents Company). The odor qualities sets were obtained
following the mathematical approach presented in section 3 and were weighted with the NIF
of the corresponding odorant.

CAS Number NIF Odor descriptors Odor qualities

100-51-6 0.625
(almond, 1); (balsamic, 1); (floral, 1); (fruity, 1);
(phenolic, 1); (rose, 1); (sweet, 2)

(Almond, 0.625); (Floral, 1.25); (Fruity, 0.625);
(Smoky, 0.625)

105-54-4 0.875
(banana, 2); (buttery, 1); (cognac, 1); (ethereal, 1);
(ethereal-fruity, 1); (fruity, 2); (juicy, 2); (pineapple, 3);
(ripe fruit, 1)

(Fruity, 7.875)

106-32-1 0.125
(apricot, 2); (banana, 2); (brandy, 1); (fermented-winey, 1);
(fruity, 2); (fruitywiney, 1); (pear, 1); (pineapple, 1); (sweet, 3);
(waxy, 1); (winey, 2)

(Fruity, 1.125); (Wine-like, 0.5)

106-33-2 0.5
(fatty, 1); (floral, 2); (flower-petal, 1); (fruity, 2); (leafy, 1);
(oily, 1); (oily-fatty, 1); (soapy, 1); (sweet, 1); (waxy, 2)

(Floral, 1.5); (Fruity, 1)

106-44-5 0.5

(animal, 1); (animalic, 1); (dry, 1); (dry-tarry, 1); (leather, 1);
(leathery, 1); (medicinal, 3); (medicinal-leathery, 1); (mimosa, 1);
(narcissus, 1); (phenolic, 3); (smoky, 1); (tarry, 1); (tarry-smoky, 1);
(woody, 1)

(Floral, 1); (Leather, 1.5); (Smoky, 5);
(Woody, 0.5)

107-92-6 0.625
(acetic, 1); (buttery, 2); (cheese, 1); (cheesy, 1); (fruity, 1);
(rancid, 1); (rancid butter, 1); (sour, 2)

(Fruity, 0.625)

108-64-5 0.875
(apple, 3); (banana, 1); (blueberry, 1); (buttery, 1); (ethereal, 1);
(fruity, 2); (pineapple, 1); (sweet, 2); (tutti fruit, 1); (wine-like-fruity, 1);
(winey, 1)

(Fruity, 8.75); (Wine-like, 1.75)

108-95-2 0.125 (medicinal, 1); (phenolic, 2); (plastic, 1); (rubbery, 1) (Smoky, 0.25)

122-78-1 0.75
(clover, 1); (cocoa, 1); (floral, 3); (green, 3); (honey, 2); (hyacinth, 3);
(rose, 1); (sweet, 2)

(Floral, 5.25); (Green, 2.25); (Honey, 1.5)

123-07-9 0.75
(castoreum, 1); (guaiacol, 1); (phenolic, 1); (smokey, 1); (smoky, 1);
(sweet, 1); (tarrymedicinal, 1)

(Leather, 0.75); (Smoky, 3.75); (Spicy, 0.75)

123-51-3 1
(alcoholic, 3); (banana, 1); (fermented, 1); (fruity, 1); (fruity-winey, 1);
(fusel, 1); (whiskey, 1)

(Fruity, 3); (Wine-like, 1)

123-66-0 1
(apple peels, 1); (banana, 3); (floral, 1); (fruity, 2); (fruity-winey, 1); (green, 1);
(pear, 1); (pineapple, 3); (strawberry, 1); (sweet, 1); (tropical, 1); (waxy, 1)

(Floral, 1); (Fruity, 13); (Green, 1);
(Peel, 1); (Wine-like, 1)

123-92-2 0.125
(apple, 1); (banana, 3); (fruity, 2); (fruityfresh, 1); (nauseating, 1); (pear, 2);
(solvent, 1); (sweet, 3)

(Fresh, 0.125); (Fruity, 1.125)

2785-89-9 0.625
(bacon, 2); (clove, 2); (eugenol, 1); (guaiacol, 1); (phenolic, 2); (smoky, 2);
(spicy, 2); (spicy-medicinal, 1); (sweet, 1); (vanilla, 1)

(Smoky, 3.125); (Spicy, 4.375);
(Vanilla, 0.625)

334-48-5 0.375
(cheese, 1); (citrus, 1); (dairy, 1); (fatty, 2); (rancid, 2); (sour, 1); (sour-fatty, 1);
(waxy, 1)

(Fruity, 0.375)

3268-49-3 0.625
(bouillon, 1); (creamy, 1); (earthy, 1); (meaty, 1); (musty, 1); (onion, 2);
(onionmeat, 1); (potato, 1); (tomato, 1); (vegetable, 1)

(Vegetable, 1.875)

39212-23-2 0.5
(burnt, 1); (celery, 1); (coconut, 2); (coumarinic, 2); (lactonic, 1); (lovage, 1);
(maple, 1); (nutty, 1); (toasted, 1); (tonka, 1); (woody, 1)

(Lactonic, 0.5); (Spicy, 0.5); (Toasty, 1);
(Vanilla, 0.5); (Vegetable, 0.5); (Woody, 0.5)

431-03-8 0.875 (buttery, 3); (caramel, 1); (chlorine-quinone, 1); (creamy, 1); (oily, 1); (sweet, 1) (Cooked, 0.875)
4312-99-6 0.5 (earthy, 1); (herbal, 1); (metallic, 1); (mushroom, 2); (musty, 1) (Cut-grass, 0.5); (Green, 0.5)

503-74-2 1
(acid-acrid, 1); (cheese, 1); (cheesy, 2); (fruity, 1); (herbaceous, 1); (sour, 2);
(sweaty, 2); (tropical, 1)

(Cut-grass, 1); (Fruity, 2); (Green, 1)

505-10-2 0.25
(meaty, 2); (mushroom, 1); (onion, 1); (soup, 2); (sulfuraceous, 1); (sulfurous, 1);
(sweet, 1); (sweet soup-meat, 1); (vegetable, 1)

(Sulfurous, 0.5); (Vegetable, 0.75)

590-86-3 0.25
(acrid, 1); (aldehydic, 1); (cheese, 1); (chocolate, 1); (cocoa, 1); (ethereal, 1); (fatty, 1);
(fruity, 2); (green fruity, 1); (peach, 2); (sweaty, 1)

(Fruity, 1.25); (Green, 0.25)

60-12-8 1 (earthy, 1); (floral, 2); (greener gassy, 1); (hyacinth, 1); (rose, 2); (rose-honey, 1) (Floral, 6); (Green, 1); (Honey, 1)
64-17-5 0.625 (alcoholic, 3); (ethereal, 2); (medicinal, 1); (sweet, 1); (sweet-ethereal, 1) (Fruity, 0.625)
64-19-7 1 (acidic, 1); (sour, 3); (vinegar, 2)
620-17-7 0.75 (medicinal, 1); (musty, 1); (sweet, 1); (woodyphenolic, 1) (Smoky, 0.75); (Woody, 0.75)
74-93-1 0.375 (cabbage, 1); (garlic, 1); (rotten cabbage, 1); (rotting cabbage, 1); (sulfurous, 1) (Sulfurous, 0.375); (Vegetable, 0.375)

7452-79-1 0.875
(apple, 2); (apple peels, 1); (fruity, 3); (green, 2); (green-fruity, 1);
(peels of unripe plums, 1); (pineapple skin, 1); (strawberry, 1); (sweet, 1)

(Fruity, 0.875); (Green, 2.625); (Peel, 2.625)

80-62-6 0.625 (acrylate, 1); (acrylic, 1); (apple, 1); (estery, 1); (fruity, 2); (grape, 1) (Fruity, 3.125)

90-05-1 0.75
(medicinal, 2); (phenolic, 2); (smoky, 3); (spicy, 1); (sweet, 1); (vanilla, 2);
(woody, 1)

(Smoky, 3.75); (Spicy, 0.75); (Vanilla, 1.5);
(Woody, 0.75)

91-10-1 0.375
(bacon, 1); (balsamic, 1); (medicinal, 1); (phenolic, 2); (powdery, 1); (smoky, 2);
(woody, 2)

(Smoky, 1.5); (Woody, 0.75)

96-48-0 0.75 (buttery, 1); (caramel, 2); (creamy, 1); (fatty, 1); (nutty, 1); (oily, 1); (sweet, 1) (Cooked, 1.5)

97-62-1 0.875
(alcoholic, 1); (apple, 1); (ethereal, 2); (floral, 1); (fruity, 3); (fusel, 1); (rum, 1);
(rummy, 1); (sweet, 3); (sweet-ethereal, 1)

(Floral, 0.875); (Fruity, 4.375)

The calculation described above, which involves four steps for one OSA in one wine, was repli-
cated for all OSA in the 15 wines (16 wines - 1 wine for the Leave-one-out Cross Validation). The
relationship between the chemical composition of the wine and the sensory data was also modeled
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Figure 3. Fuzzy membership functions created for the OSA Prune for the non-optimized
condition A. a2 and a3 represent the bounds of the proportion of the OQ when the member-
ship degree to a given OSA equals 1 (lower and higher proportion). a1 varies between 0 and
a2 while a4 varies between a3 and 1; in this example we set a1 = 0 and a4 = 1 for the five
functions.

through fuzzy rules according to three other conditions determined by stochastic optimization for the
fuzzy parameters a1 to a4. As an illustration of the results, Figure 4 displays the Fuzzy membership
functions that establish the relationship between the proportion of the five OQ Almond, Cooked, Fruity,
Honey, Lactonic and the intensity of the OSA Prune in the 15 wines, considering the three optimization
conditions. In this figure, the red triangles represent the proportions of the five OQ in the wine PN1.

4.2. Prediction of the odor sensory profile of the 16 wines and validation

The algorithm presented in this paper for the OSA Prune was extended to the 8 other complex OSA
for the wine PN1. For the simple OSA like toasty, a simple linear regression was achieved. This
approach was then applied to the other 15 wines. The accuracy of the prediction was assessed by the
r-squared values.

It has to be noted that several intensity values were not predicted by the model. Indeed, the absence
of odorants belonging to the OQ Lactonic in the wines from the grape variety Cabernet Franc led to a
membership degree equal to 0 and thus resulted in an intensity predicted for the OSA Prune equal to 0
in the 8 Cabernet Franc wines.

Focusing on the simple OSA, a rather good prediction was obtained for the OSA Cut-grass (r2 =

0.68, p < 0.01), while no significant results were found for the other 6 linear regressions (r2 < 0.15,
p > 0.05).

Considering the complex OSA (see Table 2), conditions A and B of optimization led to similar
results, whereas condition C provides better predictions for the OSA Bell pepper and Cherry fresh. 336
In 5, we presented the similarity between the evaluated and predicted values for the 8 complex OSA for
the three conditions of optimization, as well as for the 7 simple OSA; this is another way to evaluate
the result and to quantify the agreement between predictions and sensory descriptive panel evaluations
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Figure 4. Fuzzy membership functions depicting the relationship between the proportion of
the 5 OQ Almond, Cooked, Fruity, Honey, and Lactonic and the intensity of the OSA Prune
according to the three optimization conditions. Red triangles indicate the OQ proportions
used to predict this OSA in the wine PN1.

at a symbolic relative level. The closer to 1 the similarity, the better the results. We observed that for
several complex OSA, like Prune, Blackcurrant fresh, and Strawberry fresh, the level of similarity is
pretty good, whatever the conditions of optimization. For other OSA related to Cherry odors (Cherry
cooked, Cherry fresh, and Cherry stone), prediction in conditions A and B are very poor, indicating
that these OSA could not be satisfactorily modeled from the generic knowledge of the experts used in
the present work.

In addition to these findings, we aimed to determine whether the predictive approach we developed
could highlight the differences between the wines, specifically in terms of distinguishing wines based
on their odor attributes and gaining insights into these distinctions. To do so, we performed a principal
component analysis (PCA) followed by hierarchical clustering on the principal components (HCPC)
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using the OSA intensity either evaluated or predicted for the 16 wines (Figure 6).
On the one hand, results based on sensory evaluation showed a separation of the wines according to

their grape varieties with the exception of CF3, which was grouped with the PN, and PN4, which was
grouped with the CF wines. The CF wines were perceived as more Bell pepper, Blackcurrant, Cut-
grass, Strawberry and Violet than the PN wines. On the other hand, results based on the predictions
highlighted that optimization conditions A and B allowed the separation of the wines according to their
grape varieties, except for PN3, which was grouped with the CF wines. The predicted results suggested
that the CF wines may be perceived as having more pronounced Blackcurrant and Strawberry notes,
but certain variables show discrepancies compared to the findings from sensory evaluation (e.g. Woody,
Smoky).

Figure 5. Comparison of the sensory panel rated vs. model predicted intensity for the 15
OSA (A, Simple OSA; B, Complex OSA). The similarity score ranges from 0 to 1, where 1
indicates a perfect match between the sensory panel’s intensity evaluation and the model’s
predicted intensity. The figure includes data for all three optimization conditions. For the
optimization condition C, the predicted intensities represent the means of the ten repetitions
of the optimization process.

We further investigated the proximity between the PCA maps by computing RV coefficient, which is
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a multivariate generalization of the squared Pearson correlation coefficients. RV coefficients were cal-
culated between the predicted values and the actual sensory values according to the three optimization
conditions. The results of this statistical test revealed that condition B exhibited the closest alignment
with the experimentally evaluated profile (RV = 0.47), followed by condition A (RV = 0.46), and
condition C (RV = 0.36). Indeed, condition C only separated two PN wines from the remaining 14
wines.

4.3. Discussion

This research aimed at proposing an innovative strategy to predict the odor profile of food from
its complex chemical composition in odorant molecules. We chose to develop a holistic approach that
combines knowledge and comprehension of scientific facts while relying upon computer science meth-
ods. This strategy especially took into consideration human expertise to integrate non-linear perceptual
computation of mixtures of odorants. To the best of our knowledge, the developed model constitutes
the first attempt to predict quantitative odor description from the molecular composition of complex
odor objects, but it is also the first report on a knowledge-based artificial intelligence approach re-
lated to odor perception. In contrast to most of the previous modeling approaches in olfaction that
concentrate on single odorants, the proposed model was applied to a set of real food samples, namely
wines.

The model was able to predict the wines’ odor profiles through the estimation of the intensity of 15
odor sensory attributes (OSA). To do so, a transfer function, associated with an ontology, was used to
establish the relationships between the molecular composition underpinning the odor of a food product
and the perceptual concepts at the core of the expertise of flavorists. Fuzzy logic was then applied
to formalize expertise, rendering it applicable for OSA intensity prediction following optimization.
According to the flavorists, OSA can be simple or complex.

Regarding simple OSA, namely the 7 OSA not derived from combinations of OQ according to
the experts, the similarity between predicted and evaluated intensity was high (0.60). However, cor-
relations between predicted and evaluated intensity for simple OSA were generally not statistically
significant, with the exception of the OSA Cut-grass. These findings imply that the perceptual out-
come arising from a combination of odor-active compounds or odor vectors could be influenced by the
mixture of odorants of the overall odor object, in our case, wine. This suggests that flavorists’ expertise
may be contextually dependent on the specific food or beverage being evaluated, and therefore needs
to be recorded in light of the target food object.

Regarding complex OSA, they were predicted using fuzzy logic functions according to three opti-
mization conditions. As a matter of fact, for the OSA Bell pepper, Blackcurrant bud in optimization
condition A, and Cherry stone, Prune, and Strawberry in condition C, the results ranging between 0.4
and 0.6 provide valuable insights into the understanding of complex OSA. Indeed, conditions varied
according to the degree of expertise integrated into the model and thus to the definition of the fuzzy
membership functions. The membership functions for condition A relied on pure expertise because the
structure (the rules linking OSA to OQ) and parameters (the fuzzy function parameters) are fixed ex-
clusively by experts. Condition B was a variant of condition A where the slopes of the fuzzy functions
were optimized using a genetic algorithm. The results highlighted that conditions A and B were very
similar because of the limited optimization possibilities. The membership functions for condition C
relied also on expertise for the structure of the model (combination of OQ) but not for the parameters.
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Figure 6. PCA maps based on the two first dimensions illustrating the configuration of
the 16 wines (individuals) evaluated on 15 odor sensory attributes (variables): from sensory
evaluation and from the predictive approach. Circles on the individuals factor map reflect the
results of the HCPC. Means for each sensory descriptor are taken into account. PN: Pinot
Noir wines, CF: Cabernet Franc wines.
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Figure 7. Comparison of the fuzzy membership functions of the OSA Cherry fresh between
conditions A and C.

These parameters were fully estimated using an evolutionary algorithm. Condition C might provide
insights into combinations of OQ that may not have been explored by the experts. Conditions A and
B demonstrated good similarities for certain OSA (Blackcurrant fresh, Prune, Strawberry fresh) and
performed quite well in the classification of the wines (see PCA, HCPC analyses). Condition C yielded
better similarity results for some OSA (Cherry fresh, Cherry stone) and slightly better results of cor-
relation between the sensory evaluated and predicted intensities for three OSA (Bell pepper, Cherry
fresh, and Prune). Interestingly, and as illustrated in Figure 7, the optimized condition C highlighted
that more OQ Fruity was needed to predict more accurately the intensity of the OSA Cherry fresh in the
wines, which suggests that more precise information might be expected from the experts for specific
complex odor sensory attributes.

These results can be explained by the non-targeted approach we developed. Indeed, expertise was
collected in a generic manner, and experts were unaware of the specific food matrix under study. Nev-
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ertheless, the product matrix has been demonstrated to influence the perception of sensory attributes.
Further investigations should involve presenting the obtained results to flavorists or wine experts to
refine the knowledge integrated into the modeling strategy. This approach could be valuable in iden-
tifying which OSA are linked to the wine matrix and which can be predicted independently. Such an
approach could help in refining the expert rules related to odor associations that underlie complex odor
percepts, potentially enhancing the generalizability of knowledge-based rules.

Another explanation for the inaccuracies in predicting certain OSA could be the absence of actual
identification of several key odorants detected in the wines ( [42]). Specifically, we observed that the
absence of odorants related to the odor quality (OQ) Lactonic in Cabernet Franc wines resulted in a
membership degree of 0. Consequently, this absence led to a predicted intensity of 0 for the OSA
Prune in all 8 Cabernet Franc wines. However, this OSA appeared to be important in the odor profile
of these wines. This lack of information within the chemical dataset constitutes a limit to the modeling
possibilities. Nonetheless, recognizing these gaps in knowledge following initial modeling could serve
as a valuable guide for directing focused chemical identification studies to address specific OQ and
identify still unknown key odorants.

In conclusion, the complementary utilization of machine learning and human expertise in this study
has provided innovative insights into the construction of olfactory attributes. Our predictive strategy
emulates the cognitive processing of odor information by reducing the information collected from
odorants to the perception of odor sensory attributes (OSA). Specifically, we transformed a pool of
fifty odorants into 175 odor descriptors (OD), which were further associated to 20 odor qualities (OQ).
Subsequently, fuzzy logic was used to establish relationships between the OQ and the 15 OSA charac-
terizing the odor profile of a set of French wines.
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13. V. Ferreira, N. Ortı́n, A. Escudero, R. López, J. Cacho, Chemical characterization of the aroma
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