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Abstract: Aromatic characterization is a key issue to enhance knowledge on sensorial properties of Chenin blanc wines. 

This better understanding could be aid producers to better manage the type of produced wine. 59 commercial wines of 7 

Protected Designation of Origin (PDO) were analyzed combining a sensory profile performed by a trained panel and the 

analysis of 41 Volatile Organic Compounds (VOCs) by GC-MS has been carried out. The aim of this work is 1) to better 

known aromatic characteristics of Chenin wines coming from Loire Valley, 2) to highlight sensory types and identify 

sensory typicality and 3) to identify the VOCs responsible of the aromatic perception. Besides, this work proposes a 

method of analysis combining a selection of sensory descriptors by ANOVA, a selection/grouping of VOCs by Clustering 

around Latent Variables (CLV) and identifies important information on the link between datasets by Redundancy Analysis 

(RDA). The results reveal a great aromatic complexity of Chenin blanc wines and three types of wines are highlighted.  

 

1 Introduction 

Chenin is an emblematic cultivar of the Loire Valley. It 

is originated from there and in addition, 95% of the 

French production of Chenin wines coming from this 

area [1]. While various studies on aromatic 

characterization of Chardonnay [2,3] and Sauvignon 

grapes [4] have been conducted; few information about 

sensory typicality and aromatic sensorial specificities of 

Chenin grapes are available. A 5-year project was set up 

since 2015 to carry out an exhaustive characterization 

and a better understanding of aromatic specifies of 

Chenin wines coming from the Loire Valley.  

Wine is a complex product regarding aromatic as 

aromatic expression is due to various VOCs and their 

interaction. Relating VOC and sensory descriptors will 

allow highlighting the aromatic molecules responsible 

of aromatic characterization. However, redundancy and 

interactions between VOCs and non-linear relationships 

with sensory descriptors [5] are several factors to 

consider. This work is focused on the multicolinearity 

issue.  

The aim of this work is 1) To analyze aromatic 

characteristics of the wines based on aromatic sensory 

dataset, 2) To highlight sensory types 3) To identify 

VOCs responsible of the aromatic perception. 

 

 

 

 

2 Material and methods 

2.1 Wines 

59 commercial wines, 100% Chenin grapes, of 7 

Protected Designation of Origin (PDO) were analyzed. 

Wines were selected in order to be representative of the 

diversity of Chenin grapes from Val de Loire. The 

number of wines per PDO depends on the annual 

volume production (27 Vouvray, 5 Montlouis/loire, 1 

Chinon, 2 Jasnières, 11 Saumur blanc, 10 Anjou blanc, 

3 Savennières). 

 

2.2 Aromatic sensory dataset 

A sensory profile was carried out, by a panel of 15 

trained judges. The analysis was focused on smell and 

aroma attributes. No flavors attributes were integrated 

in the analysis.  

On a first step, a list of 42 attributes was 

consensually established by the panel (21 smell-aroma 

pairs). On a second step, the panel was trained, the list 

of smell-aroma attributes and their description used 

during the training of the panel is presented on table 1.  

For the evaluation of the wines, two repetitions were 

made to ensure the performance of the panel. Wines 

were presented according to a sequential monadic 

procedure using a Latin square design and the panel 

used a 9-point linear scale for each attribute.  
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Table 1: Attributes from conventional profile (in bold, 

discriminative attribute after the ANOVA, α=5%) 

Smell 

attribute 

Aroma 

attribute 
Description of the attribute 

Yellow fruits Yellow fruits Peach, abricot, … 

White fruits White fruits Pear, banana, apple, quince 

Citrus Citrus Grapefruit, lemon, … 

Exotic fruits Exotic fruits Mango, pineapple 

Roasted Roasted Roasted 

Woody Woody Woody 

Spicy Spicy Cinnamon, vanilla, clove 

Caramel Caramel Caramel 

Honey Honey Honey 

Butter Butter Butter 

White 

flowers 
White flowers 

Acacia, linden, lilac, 

jasmine 

Broom Broom Broom 

Cut grass Cut grass Fresh vegetal, herbs, grass 

Hay Hay Dry vegetal, tabacoo 

Flint Flint Flint 

Earty Earty Earthy, musty 

Cork Cork Cork 

Cabbage Cabbage Cabbage 

Animal Animal Musk, leather, … 

Alcohol Alcohol Alcohol 

Nut Nut Nut 

 

2.3 Aromatic instrumental dataset 

Table 2: VOCs and their chemical families 

Chemical families Aromatic molecule 

Furanic compounds 
Furaneol 

Homofuraneol 

C13 norisoprenoid 

 

1,1,6,-trimethyl-1,2-

dihydronapthalene 

β-damascenone 

Thiols 3-mercaptohexan-1-ol 

DMS dimethyl sulphide 

Ethyl 

esters 

Fusel alcohol 

acetates 

Hexyl acetate 

Isoamyle acetate 

2-phenylethyl acetate 

Propyl acetate 

Isobutyl acetate 

Ethyl esters of 

fatty acids 

Ethyl decanoate 

Ethyl hexanoate 

Ethyl octanoate 

Ethyl butanoate 

Ethyl 3-hydroxybutanoate 

Ethyl cinnamate 

Ethyl lactate 

Ethyl 2-methylbutanoate 

Ethyl esters of 

isobutyric acids 

Ethyl isobutyrate 

Ethyl isovalerate 

 2-phenylethanol 

41 VOCs of 7 different chemical families were analyzed 

by GC-MS (table 2).  

 

2.4 Data treatment 

2.4.1 Sensory analysis 

A mixed model ANOVA was carried out on sensory 

data to identify discriminant attributes between wines. 

The model integrates the wine effect, the repetition 

effect and the judge (random) effect and their 

interactions. 

Yijk = µ + αi + βj + γk + αβij  + αγik + βγjk + εijk    (1) 

Model effects: µ: Mean effect; αi: wine i effect  ; βj: 

judge j effect (random); γk : repetition k effect ; αβij: 

product-judge interaction (random) ; αγik: product-

repetition interaction ; βγjk: judge-repetition interaction 

(random) 

A Principal Component Analysis (PCA) was 

performed on significant attributes from aromatic 

sensory dataset (p-value < 5%) to have a graphical 

representation of the sensory characteristics of wines 

and the differences among PDO. A non-standardized 

PCA was applied because variances of sensory 

attributes are homogeneous due to the use of the same 

scale.  

A Hierarchical Ascendant Classification (HAC) on 

the five first components of the PCA was made to 

identify sensory types. 

2.4.2 Instrumental analysis and relationship with  

A CLV-RDA was performed to relate VOCs and 

aromatic attributes 

A non-shown analysis was performed on 

instrumental aromatic dataset and reveals 

multicolinearity among the dataset. Redundancy was 

observed between VOCs from the same chemical 

family, as they are issued from same biosynthetic 

pathways. 

Clustering around Latent Variables (CLV) was 

performed as a pre-treatment to group redundant VOCs. 

The aim of CLV approach is to analyze correlated 

variables, group them in clusters and exhibit a latent 

variable for each cluster, as a linear combination of the 

variables from the cluster [6]. 

Redundancy Analysis (RDA), also called Principal 

Components Analysis of Instrumental variables 

(PCAIV), is a non-symmetric method used to relate two 

datasets. Sensory dataset Y is a table of response 

variable and instrumental dataset X is a table of 

explanatory variables (figure 1). 

In RDA, each variable in Y is regressed on all 

variables in X and the fitted values are computed. A 

PCA is performed on this matrix of fitted values. Thus, 

ordination axes of the RDA are obtained by PCA of the 

fitted values of Y [7,8]. 

Sensitivity of RDA to multicolinearity among 

instrumental data appears at the first step of the 

algorithm, as a regression on matrix X is performed.  
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Figure 1: Relation between instrumental and sensory datasets 

Statistical treatments were performed with R 

software 3.4.3. FactoMiner package was used for PCA 

and HAC, ClustVarLV for CLV and ade4 to perform 

RDA. 

 

3 Results and discussion 

3.1 Aromatic sensory results 

Results of ANOVA highlight 31 discriminant attributes 

(p-value <5%). The list of this attributes is presented in 

bold on Table 2. This high number of attributes reveals 

a great aromatic complexity of the studied wines. 

A non-standardized PCA was performed. The first 

component, which represents almost 30% of the 

information, oppose wines with notes of ‘White 

flowers’ and ‘White fruits’ to wines with  notes of 

‘Cabbage’ and ‘Roasted’. The second component (18% 

of inertia) distinguishes notes of ‘Citrus’ and wines with 

notes of ‘Honey’, ‘Yellow fruits’, ‘Caramel’ and 

‘Exotic fruits’ (figure 2). 

Most of Anjou Blanc wines (in bold on figure 3) are 

highly correlated with the second component of the 

PCA. They have notes of ‘Honey’, ‘Yellow fruits’ and 

‘Caramel’. No specific characteristics can be 

highlighted for another PDO on the first factorial plan. 

However, on the third and fourth component 

(respectively 7% and 6% of inertia), Saumur blanc 

wines seem to have higher notes of ‘White flowers’.  

The HAC allows to segment wines into 3 optimal 

clusters. Cluster 1 wines have more intense notes of 

‘White fruits’ and ‘White flowers’ and less intense 

‘Roasted’, ‘Cabbage’ (due to reduction notes) and 

‘Animal’ notes. This cluster is mainly composed of 

Vouvray PDO wines (18 wines on 39 wines on the 

cluster). Cluster 2 wines have more intense notes of 

‘Animal’ and ‘Cabbage’ and less intense ‘Exotic fruits’, 

‘Caramel’ and ‘Honey’. This group is composed of 

wines from different origins. These characteristics are 

due to the conditions of production in the cellar. Cluster 

3 wines have less intense ‘citrus fruits’ but more intense 

notes of ‘Honey’, ‘Yellow fruits’ and ‘Caramel’ (figure 

3).  

 

3.2 Aromatic instrumental results: CVL on 
aromatic instrumental dataset 

A CLV was performed to deal with the multicolinearity 

among instrumental dataset. 

 

 

 

 

Figure 2: Principal Components Analysis of sensory dataset. On the left-hand side plot, sensory attributes ( S: smell attributes; A: 

aroma attributes). Only variables with a coordinates higher than 0.15 on dimension 1 or dimension 2 are shown to lighten the graphical 

representation. On the right-hand side plot, wines (in black: Vouvray ; in light grey: Chinon ; underlined: Montlouis/Loire; in bold and 

italic: Jasnières; in italic: Saumur blanc; in bold: Anjou blanc; in dark grey: Savennières) 
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Figure 3: Dendgrogam of HAC on PCA components (black: 

Vouvray ; light grey: Chinon ; underlined: Montlouis/Loire; 

bold and italic: Jasnières; italic: Saumur blanc; bold: Anjou 

blanc; dark grey: Savennières) 

13 groups of VOCs are highlighted by the CLV 

(figure 4). Groups are composed of aromatic molecules 

from the same chemical family. 

One cluster is composed by ethyl esters of fatty 

acids (ethyl decanoate, ethyl octanoate, ethyl hexanoate 

and ethyl butanoate): ‘Ester_FA’. Cluster ‘Acetate’ 

groups fusel alcohol acetate (propyle acetate, isoamyle 

acetate and isobutyle acetate). Clusters ‘Ester 1’ and 

‘Ester 2’ are composed of ethyl esters. Finally, the 

cluster ‘Furanic compounds’ joins ‘Furaneol’ and 

‘Homofuraneol’ aromatic molecules. 

For each cluster, a latent variable was generated. 

This new dataset of 13 latent variables is not 

multicolinear. Besides the management of redundancy, 

this methodology allows decreasing the number of 

variables to deal with. Working on large dataset, this is 

an interesting way to summarize information while 

providing reliable groups of molecules.  

 

 

Figure 4: Dendrogram of CLV on aromatic molecules (black: 

Fusel alcohol acetates; bold : Ethyl esters of fatty acids; 

underlined : Ethyl esters of isobutyric acids; dark grey : Ethyl 

esters; italic : furanic compounds ; bold and italic: C13-

norisoprénoïdes ; underlined and italic: thiols ; light grey : 

DMS) 

 

3.3 Relationships between sensory and 
aromatic dataset: CLV-RDA 

RDA was performed on the 31 significant sensory 

attributes (p-value<5%) and the 13 latent non-redundant 

variables of instrumental dataset highlighted by CLV. 

 

Figure 5: Redundancy Analysis. On the left-hand side plot, sensory attributes (S: smell attributes; A: aroma attributes). On the right-hand 

side plot, latent variables from CLV.  
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Based on the results of the CLV-RDA, notes of 

‘White fruits’ and ‘White flowers’ are linked to a higher 

concentration of ethyl esters of fatty acids (figure 5). 

Ethyl hexanoate, ethyl decanoate, ethyl octoanoate and 

ethyl butanoate are described by a fruit aromatic 

expression in the literature for both red and white wines 

[9-14]. However, no consensus can be highlight on 

those references for the type of fruit. In the case of 

Chenin wine studied, we may consider that the aromatic 

expression of ‘White fruits’ is caused by the synergy of 

the ethyl esters of fatty acids.  

‘Exotic fruits’ notes are linked to other ethyl esters 

of fatty acids, as ethyl cinnamate and ethyl 3-

hydroxybutanoate. Furanic compounds are responsible 

of ‘Yellow fruits’ and ‘Caramel’ notes, according to 

CLV-RDA, which is consistent with the literature [11]. 

 

4 Conclusion 

This study allows improving the knowledge of the 

aromatic characteristics of Chenin wines at the regional 

scale of the Loire Valley.  

This work makes it possible to propose a method of 

analysis combining 1) a selection of sensory attributes 

by ANOVA, 2) a selection / grouping of aromatic 

molecules by CLV, 3) an implementation of the 

relationship between the two types of data by RDA to 

identify important information on the link between 

datasets.  

In addition, CLV method gives an interesting way to 

select reliable groups of molecules to deal with the 

multicolinearity of the dataset. Besides, the grouping of 

molecules allows summarising the information when 

related to sensory dataset. This can be a main advantage 

for large dataset. Thus, CLV-RDA appears to be an 

interesting method to relate sensory and instrumental 

datasets.  

Analyzes focusing on each PDO could be conducted 

to evaluate the variability within a large vineyard area. 

A network of plots has been set up to study more 

precisely the impact of local factors. 
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