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Abstract:

Volatile organic compounds (VOC) emitted by food products are decisive for the perception of aroma
and taste. The analysis of gaseous matrices is traditionally done by detection and quantification of few
dozens of characteristic markers. Emerging direct injection mass spectrometry technologies offer rapid
analysis based on a soft ionization of VOC without previous separation. The recent increase of
selectivity offered by the use of several precursor ions coupled with untargeted analysis increases the
potential power of these instruments. However, the analysis of complex gaseous matrix results in a
large number of ion conflicts, making the quantification of markers difficult, and in a large volume of
data. In this work, we present the exploitation of untargeted SIFT-MS volatile fingerprints of ewe PDO
cheeses in real farm model, using mixOmics methods allowing us to illustrate the typicality, the
manufacturing processes reproducibility and the impact of the animals' diet on the final product.
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Introduction

Volatile Organic Compounds (VOCs) are low molecular weight organic molecules able of evaporating
or sublimating at room temperature thanks to their high vapour pressure and low boiling point.
Depending on the concentration and the nature of the exposure, VOCs may have positive effect
(pleasant smell) or negative impact (pollutants). In food, the VOCs composition contributes to the
development of odour and flavour, which mainly affects the food acceptability by the consumer (Lytou
et al., 2019). Thus, a wide variety of volatile chemical compounds with different concentration ranges
are emitted by biological processes in food products (enzymatic or metabolic pathways, . Recent trends
in VOCs analysis in food industry, supported by improved analytical techniques, have focused on three
main areas:

(i) The aroma profiling: allowing a better understanding of factors that give rise to the aroma
profiles (Sousa et al., 2020),

(ii) The food safety: tracking the origin of food deterioration or contaminations (Castro-Puyana &
Herrero, 2013),

(iii) The food consistency and quality: ensuring production-line consistency of products from batch
to batch (Cecchi et al., 2018).

In addition, depending on the product, the aroma profile can be correlated to several parameters:
geographic origin, seasonal variations or storage conditions (Santos & Oliveira, 2017). For example,
with cheeses, various factors can impact aromatic profile of cheeses (Boltar et al., 2019), such as the
animal’s breed (Ferreira et al., 2009) and their diet (lanni et al., 2020), the ferments or enzymes used
during processing (Feutry et al., 2012), the pasteurization of milk (Jiang et al., 2019), the ripening
conditions and the season variation (Boltar et al., 2015). Contamination during the steps of the
manufacturing process with bacteria or fungi may also alter the flavour of cheeses.

To assess the authenticity of food products, a wide range of analytical approaches are currently used
such as mass spectrometry techniques coupled with liquid and gas chromatography (Ch et al., 2021),
spectroscopic techniques (Infra-red, NMR) or sensory analysis (Luykx & van Ruth, 2008). The
differentiation of products is mostly achieved with identified and quantified variables (markers /
compounds) in a three steps methodology: 1) sample preparation with solvent extraction or headspace
techniques often associated with solid-phase microextraction for VOC pre-concentration; 2)
separation of markers; 3) identification and quantification of markers.

However, there is a growing interest in the notion of volatile fingerprints, where the goal is not to
identify every molecule of the matrix, but to compare profiles of products (Balkir et al., 2021). This
leads to the definition of the term "volatilome" to describe all the volatile compounds emitted by an
organism, an ecosystem or a product (such as food) and of the term volatilomics (Cumeras, 2017) as a
subdomain of metabolomics.

Recent years have also seen the development of some direct injection mass spectrometer instruments
(DIMS) (Biasioli et al., 2011; Deuscher et al., 2019) such as proton-transfer reaction mass spectrometer
(PTR-MS) or selected ion flow tube mass spectrometry (SIFT-MS) (Smith & Spanél, 2005). Such
technologies use a soft chemical ionization of the VOCs, leading to product ions detected and
qguantified without any previous separation step. The selectivity of these instruments is based on the
chemical reactivity between a precursor ion and an analyte and no longer requires separation of the
latter. These two technologies (PTR-MS and SIFT-MS) can be used for targeted detection and



guantification of markers (H. Z. Castada et al., 2014) with Single lon Monitoring mode (SIM) or non-
targeted analysis with a SCAN detection mode, which gives the signal of all the product ions according
to their mass to charge (m/z) ratio. Depending on the number of precursor ions used and the number
of VOCs in the sample, these technologies generate a large amount of data that can be sometimes
difficult to interpret.

A recent SIFT-MS instrument Voice 200Ultra (SYFT ®) with a dual polarity plasma source offers up to 8
different precursor ions (Hs0*, 0,**, NO*, O*, OH,, 0,*, NO; et NOs’), thus increasing the potential
selectivity of the technique and increasing the data volume in the SCAN mode (up to 3 080 values of
product ions with m/z ratio from 15 to 400). The dataset obtained by SIFT-MS analysis in full scan mode
constitutes a real volatile fingerprint of the product. Samples can then be classified according to their
volatile profile reflecting differences between groups. However, the substantial volume of data
requires dedicated chemometric methods already applied in many domains of omics (Bajoub et al.,
2018) and food science (Farag et al., 2020). Chemometric analysis is the application of mathematical
and statistical tools to analyse and extract the maximum information from chemical data (Bergamaschi
et al., 2020).

This study therefore proposes an original approach by coupling a DIMS analysis (SIFT-MS) and an
exploitation of the results by adapted statistical methods. The volatile profile emitted by ewe cheeses
have been measured with SIFT-MS in positive and negative full scan detection modes and the resulted
profiles have been analysed with chemometric tools to highlight the sample variability and to
discriminate samples based on producers. Precisely, the multivariate mixOmics methods (Rohart et al.,
2017) were used on the scan dataset as tools for representing the dispersion and the discrimination of
samples. MixOmics is a user-friendly R package dedicated to the exploration, mining, integration and
visualisation of large data sets. It provides attractive functionalities such as (i) insightful visualisations
with dimension reduction, (ii) identification of molecular signatures and (iii) improved usage with
common calls to all visualisation and performance assessment methods.

1. Material and Method

1. Samples

Ossau-lraty PDO cheese, a famous uncooked pressed cheese from French Pyrenees, were provided by
the partners of agricultural research project BioNAchol (financially supported by the Conseil Régional
Nouvelle Aquitaine, France). The specifications of the Ossau-lraty PDO include six main rules: 1) the
milk has to be produced in Bearn and French Bask Country (south west of France on the Pyrenees
mountain), 2) by the only 3 local ewe breeds (Manech ginger head, Manech blach head and Basco-
Bearnaise), 3) fed in stables or in fields with local fodders and small amount of cereals but without
GMO. 4) The ewes are milked only part of the year (from december to august), 5) the manufacturing
has to respect the traditional methodology and finally 6) the ripening step has to be longer than 80
days. These cheeses take the form of a generously shaped tomme with a natural rind, the colour of
which varies from orange-yellow to grey depending on the maturing conditions. The aromas are
present and varied and the texture is still supple to firm without being either sticky or dry. The taste
of Ossau-Iraty is delicately ewe-like, with a slight hazelnut flavour. The objective of this project was to
study the impact of plants with secondary bioactive metabolites on lactating ewe’s health (limitation
of parasite development) and on the organoleptic qualities of cheeses. Thus, two farm models were
selected with two ewe breeders (E1 and E2) have been selected: E1 mostly fed his animals in farm
stable and E2 mostly fed his animal in fields. A feeding protocol was applied: two weeks with control
diet, two weeks with modified diet (supplied with bioactive secondary metabolites plants; sainfoin or
chicory) and finally two weeks again with control diet. The composition of the diets was detailed in



table SI 1 & 2. Ossau-Iraty cheeses were then produced with the last collected milk of each period and
ripened for 6 to 9 months. This protocol was repeated over two years (Table 1). The samples were
identified with a code E_ _ with the first number corresponding to the producer and the second
number to the sample (6 samples per producer).

SAMPLE BATCH/PRODUCERS DIET YEAR
E1l1 El Control 1
E12 El Modified (sainfoin) 1
E13 El Control 1
E14 El Control 2
E15 El Modified (sainfoin) 2
E16 El Control 2
E21 E2 Control 1
E22 E2 Modified (chicory) 1
E23 E2 Control 1
E24 E2 Control 2
E25 E2 Modified (chicory) 2
E26 E2 Control 2

Table 1 : Samples description

2. Sample preparation

15 g of cheese were cut into pieces of one centimeter per side and then introduced into a 1 litre bottle.
The bottle was fitted with a polypropylene screw cap with 2 tight connection ports fitted with 0.6 cm
PFA Tube. The first one was connected to SIFT-MS and the second one to a 1L Tedlar © (Supelco,
Bellefonte, PA, USA) bag, filled with zero dry air (ZeroAir Alliance ZA1500, F-DGSi, Evry France) to
compensate the volume taken by the SIFT-MS analysis. The closed bottle was incubated for 2 hours at
22 + 2 ° C before performing the positive and negative SIFT-MS full scan analysis. This optimized
preparation step allows the emission of volatile compounds from the solid sample to the gas phase.
Thus SIFT-MS measurements were performed on the gas phase.

3. SIFT-MS analysis

A SIFT-MS Voice 200 Ultra (SYFT Technologies, Christchurch, New Zealand) equipped with a dual source
producing positive and negative soft ionizing precursor ions (Hs0*, 0,**, NO*, O*, OH’, 0,*, NO; et
NOs’) in a single scan was used (Hera et al., 2017; Ghislain et al., 2019; Smith et al., 2020). This
instrument uses Nitrogen as carrier gas, the sample was introduced through a temperature (110 °C)
and flow controlled (20 mL min) sample line (High Performance Inlet HPI®). The instrument was daily
calibrated with a standard gas (Scott™ gas mixtures, Air Liquid USA; composition in Table SI 3)
containing standards at 2.0 ppmV in nitrogen (Air Liquide, Alphagaz 2). A blank experiment with an
empty bottle was performed before each triplicate. The full scan raw data files containing product ion
intensities with 15-250 m/z range were collected for a compilation and pre-processing step.



4, Compilation and pre-processing data

The compilation of the full scan raw data was carried out using python programming language in which
the product ions were coded into numerical variables of the XAB type with X a constant letter, A
ranging from 1 to 8 indicating the precursor ion used and B the value of m/z ranging from 15 to 250.
The plasma source of the used instrument produces a very small amount of precursor ion NOs” making
the ion-analyte reaction inefficient with this ion. As a consequence, we limited the exploitation of the
full scan data to other seven precursor ions, that is 1,652 variables.

The data pre-processing consisted first in subtracting the background noise (signal of empty bottle) for
every replicate, then in averaging the triplicates for each sample to obtain a single value of signal
intensity for each ion. The final dataset was organised in matrix denoted X with n rows (n = 12)
corresponding to the analysed cheeses samples and p columns (p = 1,652) corresponding to the
intensities (mean values of the triplicate signals for each sample) of the product ions. Qualitative
variables associated to the experimental design (batch, diet, years...) were also added in the matrix
denoted Y.

To perform statistical analysis and to highlight differences between samples, the dataset was cleaned
by suppressing the quantitative variables, which are constant among all samples (variance equal to
zero). Negative values of the dataset, corresponding to higher signals with the blank than with a
sample, were not supressed. These negatives values mostly correspond to precursor ions and water
clusters of precursor ions and give also information on the sample. In addition, information about the
origin (producer, diet and year) are associated to each sample as qualitative variables.

Finally, after the pre-processing step and the cleaning step, the dataset can be analysed with statistical
tools. The matrix contains two groups of variables: quantitative variables (denoted X) corresponding
to signal intensities and qualitative variables (denoted Y) corresponding to product descriptions. One
can notice the dimensionality (number of variable) is greater than the number of samples. This dataset
is then a wide matrix of omics data, and require specially developed tools.

5. Statistical analysis

The main objective of this work was to draw the volatile fingerprint of cheese samples according to
intensity levels (ion count per second) of product ions with SIFT-MS full scan analysis. From these
volatile fingerprints, we looked for common profiles correlated to descriptors such as producer or
animal diet. From a statistical point of view, it is widely accepted that the number of samples has to
be significantly greater than the number of variables, but this is no more the case with high throughput
analytical technics as for omics (genomic, proteomic or, in our case, volatilomic). According to
Cunningham, with an issue called “big p small n”, the analysis requires dimension reduction to improve
efficiency and accuracy of data analysis (Cunningham, 2008). Thus, the R language (R. Core Team, 2018)
was used with “MixOmics” package (Rohart et al., 2017) to represent the dispersion and discrimination
of the samples. So, we used non-supervised method (Sparse Principal Component Analysis, Sparse
PCA) and a supervised one (sparse Partial Least Squares-Discriminant Analysis, sPLS-DA).

a. Representation of a volatile fingerprint of Ossau-Iraty Cheese



The volatile fingerprint corresponds to the global response of a cheese analysis with SIFT-MS Voice
200-ultra in full scan mode after blank subtraction. The figure 1 includes the signal (ion counts per
second) of all ions to visualise precursor ions and product ions. All the information is useful since it
represents both the molecules present in the matrix and the overall concentration of analytes reacting
with the precursor ions. However, the comparison of volatile fingerprints requires adapted statistical
tools to identify correlations.

b. Reducing the dimensionality using an unsupervised method: sparse PCA

Sparse Principal Component Analysis (Sparse PCA) is a non-supervised method used to show the
dispersion of the sample according to a large number of variables. Derived from classical PCA, this
method is an efficient tool in the case of high-dimensional dataset and low sample size for the
reduction of data dimensionality by introducing sparse structures to the input variables. Indeed,
Johnstone & Lu showed that if p / n does not converge to zero, the classical PCA is not consistent, but
the sparse PCA remains consistent even if p >> n (Johnstone & Lu, 2009).

Sparse PCA is devoted to find linear combinations, called components, that contains just a few
meaningful input variables to explain the variability between samples. This method performs
dimension reduction by projecting the data into a smaller subspace while capturing and highlighting
the largest sources of data variation, resulting in a powerful visualization of the system under study
(Rohart et al., 2017).

This method was applied to reduce the dimension of the X matrix and the information of Y was added
as an illustrative information to detect potential heterogeneity of the cheese samples.

As in all the multivariate descriptive methods, the results consist mainly in graphical outputs: one
highlighting the individual variability and the other the links between variables:

o The “individual plot” represents the samples as points placed according to their projection in
the smallest subspace covered by the components. This representation makes it possible to
visualise the similarities and the dissimilarities between samples through the distance
between points.

e The "Correlation Circle Plot" shows the relationships between variables. In this graph, the
coordinates of the variables are obtained by calculating the correlation between each original
variable and the components. However, in our case, the large volume of data makes this
representation unreadable if we consider all the variables.

e The contribution of each variable for each component is represented in a barplot where each
bar length corresponds to the importance of the variable in the construction of the given
component, which can be positive or negative.

Reducing the dimension of the dataset involves choosing a small number of components that capture
as much of the variability in the data (called inertia) as possible. The choice of the number of
components is therefore logically made by looking at the percentage of inertia explained by each. In a
graph where two components are used, the inertia of each is cumulated in order to identify the
informative power of the graph: the closer this cumulated percentage is to 100% the better the
interpretation of the phenomenon. The number of components presented in this paper is limited
arbitrarily to 2.



C. Discrimination of sub-populations using a supervised method: sPLS-DA

The objective of supervised methods is mainly to define rules making it possible to classify individuals
from a labelled data set, the label coming from a target qualitative variable. Supervised learning
consists of input variables (X) and an output variable (Y). In this approach, the algorithm makes iterative
predictions on the learning data to discriminate labelled groups (Guerra et al., 2011).

Sparse partial least squares discriminant analysis (sPLS-DA) is an adaptation of PLS regression methods
to the problem of supervised clustering and allows identification and quantification of the
discrimination relevance (Lé Cao et al., 2011). The first step of sparse PLS-DA is the application of a
sparse PLS regression model on variables which are indicators of the groups. PLS is used to find the
fundamental relations between two matrices (X and Y), i.e. a latent variable approach to model the
covariance structures in these two spaces. The second step of sparse PLS-DA is to classify observations
from the results of sparse PLS regression on indicator variables (Chevallier et al., 2006). The sparse PLS-
DA analysis was applied to the datasets where X is the matrix containing n lines (n = 12) corresponding
to the sample and p columns (p = 1,652) corresponding to the ion signals and Y a single qualitative
variable such as producers, feeding, etc.

The sparse PLS-DA analysis aims to identify a small subset of variables that best discriminate the
classes. A cross-validation procedure of 3-fold CV repeated 10 times was performed to determine the
number of components to retain and the optimal number of explanatory variables for each.

This supervised method allowed to obtain the same graphical outputs as the sparse PLS-DA with the
"Correlation Circle Plot" and the plot of individuals. For each component of sparse PLS-DA analysis, the
importance of each variable was represented in a barplot named the LoadingsPlot where each bar
value corresponds to the coefficient affected to the corresponding variable to construct the
corresponding component (as a linear combination). It can be positive or negative (Trendafilov &
Adachi, 2015). For a discriminant analysis, the colour of the bars in the bar plot corresponds to the
sample group in which the element is most "abundant".

The results can also be represented in “Clustered Image Maps” (CIM) or “heatmap” which graphically
corresponds to a two-dimensional coloured image. CIM is based on hierarchical clustering operating
simultaneously on the rows and columns of a matrix. Dendrograms indicate proximity between
variables or samples and represent hierarchical grouping for samples (left) and for variables (top). The
colour of the heat map indicates the nature of the correlation between the subsets of variables
(positive, negative, strong, or weak). The advantage of this representation is that it carries a
classification to discuss the similarity between samples and groups of variables. CIM is a visualization
tool to observe (highlight) correlations between groups of subsets of different types of variables:
between for example quantitative variables (ion) and qualitative variables (sample).

IIl.  Results

After the pre-processing treatment of the full scan data, an example of the volatile fingerprint of a
cheese is presented in Figure 1. The negative values in the radar graphic illustrate the consumption of
precursor ions by sample composition (high precursor ion consumption resulting in a high negative
signal value) whereas the positive ones correspond to product ions. This graphical representation gives
also a global information on the sample and the instrument. In this case, some general comments can
be highlighted: i) it appears clearly that O,** is the main precursor ion consumed, ii) the most intense
signal is obtained from the reaction of H3O* precursor ion with water and iii) the ion production rate



of the instrument source is lower in negative mode than in positive one, as a consequence the
intensities are much lower for detected anions (note that NOs  data were not presented in this work).
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Figure 1 : graphical representation of volatile fingerprint of the sample E11.

1. Sample distribution according to volatile profile

The principal component sparse analysis was first applied on the whole dataset to assess the variability
between the different samples. The sparse PCA individual plot (Figure 2) shows that Principal
Component 1 (PC1) and Principal Component 2 (PC2) account for 37% of the total variability (1,652
variables). With both these dimensions, a slight differentiation between the two producers (E1 and E2)
appears: E1_ samples are located close together in the lower left corner whereas E2_ samples are
more to the right and also more distributed on vertical axis. This means that PC1 reflects the maximum
variability between producers in the data set, whereas the PC2 highlights the dispersion of the cheeses
of producer E2. The volatile fingerprints of control experiments (E11 and E13, E14 and E16) are very
close for the producer 1 and no clear trend was observed with the modified experiments (E12 and
E15). For producer E2 ‘s cheeses, the control experiments (E21 and E23, E24 and E26) are too dispersed
to allow a measurement of diet modification effect (E23 and E25). This first non-supervised analysis
indicates that the global impact of animal diet seems to be less predominant than the variability
between two producers or the variability between two production years. This observation can be
linked to several causes: the lactation period of ewes (the second cheese control is made 4 weeks after
the first), the grass evolution during time (and year), the reproducibility of cheese making and the
ripening conditions. The homogeneity of cheeses from producer E1 and the heterogeneity of cheeses
from producer E2 can furthermore be explained by the rearing conditions and by the ripening
parameters. Indeed, producer E1 mostly breeds his ewes in a stable with dry hay, and ripens the
cheeses in a controlled chamber, whereas the producer 2 usually grazes his ewes in pastures and uses
a home-made ripening chamber in his farm. These results are consistent with the diversity of cheeses
from Protected Designation of Origin (PDO) Ossau-Iraty: raw milk or thermised milk, from ewes in



stables or in fields from December to August and with different ripening time. Cheese consumers
appreciate this diversity of typicality within this PDO: there is a cheese for every taste.

Sparse PCA shows the dispersion and the proximity of the cheese samples with each other. However,
the use of different plants with secondary bioactive metabolites (sainfoin or chicory) by the both
farmers prevents a clear identification of markers. We therefore applied the principal component
sparse analysis on a dataset containing only the samples of producer E1 (figure 2B), for which a better
process control allows to study more precisely the variations in the composition of the volatile
fingerprints. First, a year effect on volatile fingerprints is observed: the first year’s samples are located
to the left and the second year’s sample to the right. Second, the samples produced with modified diet
are located in the upper side of the figure 2B. Note that this diet effect appears more significant for
the first year than the second. To go further in highlighting differences between samples according to
labels (e.g. producer / diet) other statistical tools were applied on the dataset.
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Figure 2: (A) Individual plot of sparse PCA of volatile fingerprints of both producer’s samples. (B) Principal component sparse
analysis on producer E1 samples only. (Blue: producer 1, orange: producer 2; filled circles: control diet; open circles: modified
diet). For a better readability, only mean values of samples (n=3) are represented.

2. Producers discrimination according to the volatile profile

The supervised analysis with sparse PLS-DA was applied on the dataset to discriminate cheeses from
the two different producers. According to cross-validation, the number of components selected for the
sparse PLS-DA discriminating producers was 2 and the optimal number of variables to select was 70
for component 1 and 40 for component 2. The individual plot (Figure 3A) of PC1 and PC2 shows a clear
separation of the two sample’s groups. PC1 (26% of total variability) allows a clear discrimination of a
producer from the other, whereas PC2 (13% of total variability) also illustrates the dispersion of
producer E2 cheeses and the clustering of producer E1 cheeses. The difference with the previous non-
supervised analysis rests on the distinction of groups with the label “producer” leading to identify
different variables permitting this discrimination.

The 40 most discriminant variables (ions) between the two producers were represented in the plot
loading (Figure 4A). The orange bars correspond to variables discriminating producer E2 and the blue
bars correspond to variables which mostly discriminate E1. According to the product ion coding, 7
product ions in the top 40 were obtained with H30" precursor ion, 13 with NO*, 13 with O™, 1 with O™
, 5 with OH and 1 with NO;". This distribution illustrates the importance of chemical selectivity provided



by the SIFT-MS instrument. H;0" is the most used precursor ion as a quantification marker with DIMS
instruments (PTR-MS and SIFT-MS), due to its prior art, but is not the principal precursor ion allowing
the discrimination between producers.
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Figure 3 : Individual plot of sparse PLS-DA for the full scan mode data with the first two principal components. The different
colours indicate the different batch/producers (Blue: E1 and orange: E2) A: samples distribution of both producers according
sparse PLS-DA. B: focus on sample distribution of the Producer 1 according sparse PLS-DA.

As presented in the previous section, the impact of animal diet was not predominant on the whole
volatile fingerprint distribution. Accordingly, a second supervised analysis was conducted only on the
volatile fingerprints of the cheeses of the producer E1, in order to determine the variables that
discriminate the impact of sainfoin on cheese (figure 3B). The impact of year and diet appears clearly
with this statistical analysis, where PC1 discriminates the diet and PC2 discriminates the year of
cheeses from producer E1. With the same strategy, a plot loading containing the 40 most discriminant
ions along PC1 was presented in figure 4B. The significant product ions come also from both positive
and negative precursor ions, as for the discrimination between producers (7 with HsO* precursor ion,
8 with NO*, 2 with 0,™, 3 with 0™, 4 with OH", 12 with O," and 1 with NO;’). However, we can observe
that in this test, the ions produced with O," are more represented and that the m/z ratios are also
higher (7 product ions with m/z < 100, 18 between 100 < m/z < 200 and 15 between 200 < m/z < 250).
This suggests that the most discriminant ions for the animal diet involve high molar mass molecules.
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Figure 4 : A: Plot Loadings of PC1 from sparse PLS-DA method to discriminate the two producers. The colours indicate the
different producers (Blue: E1 and orange: E2). B: Plot Loadings of PC1 from sparse PLS-DA method to discriminate the animal
diet on cheeses of producer 1 samples (coloured bars : control diet, empty bars: modified diet)
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Figure 5 : Clustered Image Maps (CIM) on the dataset with sPLS-DA method to discriminate the producers (legend on right)
according to the most discriminated variables (ions) with principal component 1. The dendrograms represent hierarchical
grouping for samples (left) and for variables (top). The color key indicates the negative (in blue scale) or positive (in red scale)
intensity of the coefficients of each sample on the first component.
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The CIM representation of the volatile fingerprint (Figure 5) aims to illustrate the sample classification
and, in the same time, the most relevant ions classification with the principal component 1 of the
sparse PLS-DA. A clear distinction between cheeses from producers E1 and E2 with colour differences
appears within the heatmap indicating that some variables are more expressed in one group than in



the other. The variables on the upper right corner are stronger (red) for the E2 cheeses than the E1
ones and conversely for the variables on the lower left which are stronger in E1 than in E2. The
dendrogram of samples (on the left), shows that the sample E1 cheeses are relatively close (short
lines), which confirms the homogeneity of this producer samples compared to E2 ones. In addition, for
producer E1, we observe a clustering by year of production: year 1 (E11-E12-E13) and year 2 (E14-E15-
E16).

V.  Discussions

The non-targeted analysis with SIFT-MS Voice200ultra enabled drawing the volatile fingerprint
of cheese products with 1,652 variables. A direct analysis of volatile fingerprint (Figure 1) with such
volume of data is quite difficult to achieve. Thus, to compare these complex volatile fingerprints and
to address similarity and distribution issues, multivariate methods of the mixOmics package in R
software was applied on a dataset of twelve ewe cheeses (analysed in triplicate) from two producers.
Unsupervised method Sparse PCA, adapted to such dataset where variables are more important than
the number of samples, made it possible to visualize the distribution and the variability of the samples
in relation to each other. A different distribution of volatile fingerprints of cheeses appeared, according
to the producers. The cheeses from the producer 1 form a cluster meaning a high similarity between
samples whereas cheeses from the producer 2 spread out over the map, and that is an indicator for
higher heterogeneity. On one hand, according to the principal component 1 and 2 of the sparse PCA
analysis, samples E23 and E24 are close to the E1 cluster. On the other hand, it appears from this data
set that differences between producers or between years of production have more impact on the
overall volatile fingerprints than on the effect of the change in ewe diet. This is consistent with the
diversity of ewe uncooked pressed cheeses from French Pyrenees (Feutry et al., 2012; Millet &
Casabianca, 2019).

For an accurate discrimination of samples according to the qualitative variable “producer” and
thus for looking for the origin of their typicity, a supervised sparse PLS-DA method was applied on the
dataset (figure 3A). 26% of variables in the first Principal Component (PC1) led to an excellent
separation between producers and allowed the extraction of the most important variables (product
ions) in a Plot Loading figure (figure 4A). Hence, it is possible to identify the cheese’s typicity with these
430 variables. The PC2 led to a discrimination between samples and illustrated the diversity in the
same batch.

The clustered Image Map (CIM, Figure 5) with sparse PLS-DA shows the classification of
samples and the classification of the most relevant variables combined with an ion strength colour
code. This tool was very useful to represent the volatile fingerprint of all cheese and to understand the
trends. In fact, the distinction between the E1 group and the E2 group was clearly observed with a high
homogeneity of the E1 cheese.

The comparison of the twelve cheeses produced by 2 breeders and with diet supplementations
with two different plants do not permit identification of a global effect on cheese. However, when
focusing only on samples of producer E1, a clear trend was observed according to the diet and the year
of production. This is a first positive preliminary result encouraging breeders to study the secondary
metabolites of plants on ewes' welfare. Nevertheless, such a study on real farm model should be
consolidated by increasing the number of samples and a better control of experiment design, based
on two homogenous groups of ewes: one control and one with modified diet in a laboratory farm
model.



The most relevant variables for the classification of samples correspond to product ions from
the reaction between a precursor ion and an analyte. The aim of this study was to demonstrate that
untargeted SIFT-MS analysis coupled with mixOmics supervised method allowed the discrimination of
cheese samples. However, to go further, it could be very interesting to identify molecules responsible
of a sample’s specificity and to go back to the involved enzymatic pathways, especially in the case of
food products. Actually, the quadrupole mass detector of the SIFT-MS, is not a high-resolution mass
detector and does not allow identification of the exact chemical formula of every product ion. A
chemical compound emitted by a cheese sample may react with a precursor ion and give several
product ions. In addition, two different chemical compounds may give rise to the same m/z product
ion that makes the interpretation of SIFT-MS analysis challenging in complex matrices. It is all the truer
because in a food product, the metabolic pathways give rise to families of chemical compounds such
as alcohols, acids and esters that have a similar reactivity with precursor ions and then lead
automatically to conflict ions, complicated to elucidate (Ghislain et al., 2021).

In most of the publications in the scientific field of DIMS analysis of food products, the authors
(H. Castada et al., 2019; Taylor et al., 2013) based their strategies on the quantification of a few dozen
of known compounds. This hard work can be reinforced by our approach which demonstrated that
there are more discriminating ions for classification. Moreover, the conflict ions with known and
unknown compounds of the matrix make such quantifications difficult.

Knowing these experimental limitations, we have nevertheless tried to identify key compounds
for the classification of sheep cheeses based on two post-treatment strategies: (i) first, by looking for
product ions of known compounds, already identified in the literature: are these ions relevant in the
top list of 40 most relevant ions? (ii) second, by attempting attribution of product ions: which molecule
could correspond to the most relevant ions?

i) We have established a SIM method with 58 main compounds derived from the literature on
volatile compounds released by cheeses, (table 4 Sl) and present in the software database (Labsyft®)
for the positive ionisation (with H30*, O,"" and NO*). These 58 compounds are known to produce 410
different product ions useful for the quantification among which 329 are conflict ions. For example,
O, precursor ion reacts with 8 different compounds from the list giving rise to a product ion with the
same m/z 43 (Table 1 SI). Thus, the precise determination of a compound concentration from a conflict
ion is quite challenging. The remaining 81 ions with no conflict allow the measurements of the
concentration of 36 compounds of the list without being confident on the accuracy of these
calculations due to the possible presence of unexpected compounds. From the 40 most discriminating
product ions obtained during the sPLS-DA analysis differentiating the cheeses producers (Figure 4A),
13 product ions from the 58 compounds of the SIM method were found. This clearly shows that other
compounds participate in the discrimination and that the volatile fingerprint provides more
information than the SIM method. This SIM method is only based on targeted compounds, usually
identified by GC-MS and excluding inorganic compounds however detected by SIFT-MS.

ii) We approached the problem from another angle to identify all the key compounds. The 40
most relevant product ions providing discrimination of the producers VOC, were searched in the
instrument database to identify the already known compounds. Approximately 300 compounds were
thus identified, corresponding to at least 1 of these 40 ions. Some of these compounds can correspond
to several product ions. For example, 3 product ions (m/z 92 with NO*, m/z 61 with 0,™*, m/z 117 with
02"") discriminating the producer E2 may correspond to propyl hexanoate, an already identified
compound in cheeses (Bertolino et al., 2011; Bosset & Gauch, 1993; Di Cagno et al., 2003). This
indicates that propyl hexanoate, an odorous compound, can be a more expressed marker in producer
E2 cheeses than in producer E1 ones. Additional SPME-GC-MS experiments were carried out on the



same samples (data not shown) and confirmed that propyl hexanoate was overexpressed in producer
E2 cheeses.

The same data mining strategy was used to search differences between modified and control
diets within E1 cheeses. The discrimination between samples categories was very clear in figure 3B and
a large number of the 40 most relevant product ions in Figure 4B have a high m/z value. One of these
ions generated from the H3O* precursor ion at m/z 137, could be a very interesting candidate because
of its involvement in a large number of terpene molecules. However, other characteristic ions of
terpenes were not found in the top 40 ions list. This could be explained by a high level of interferences
in product ions of terpenes. Several negative product ions were also highlighted by this analysis but
the lack of a SIFT negative ionization database will not enable this research to further develop. The
obvious separation of samples in SIFT-MS full scan mode confirmed our hypothesis about the volatile
fingerprints: untargeted analysis enhances the ability to detect unexpected compound. Nevertheless,
the complementarity of this approach with more traditional techniques can allow the identification of
key molecules.

CONCLUSION

The main objective of this work was to show the great potential of non-supervised SIFT-MS
analysis in full scan mode, to study the volatile compounds released by cheeses. The use of adapted
statistical tools, dedicated to “omics” Data set, allowed some characterization of cheese producers and
the effect of animal diet modifications. As for sensory analysis, where several molecules may fix on
receptors and give different synergic or antagonist nervous signals, the raw measurement of all
product ions (without any determination of molecule concentration) allows obtaining a fingerprint of
the matrix. The construction of large database of volatile fingerprints will enable the instrument to
correlate a profile to a product specificity. The high frequency mass spectrometers like those in SIFT-
MS generate a large data base with a large number of variables and opens a new way of chemical
analysis. In this work, the data mining and the statistical tools were adapted to generate a data set for
a small number of ewe’s cheeses. It was demonstrated that the volatile fingerprints of samples make
it possible to identify the cheese of each producer and highlighted the diversity of samples in the same
batch. Cheese is a well-known matrix in food analytical science but a large number of parameters and
manufacturing steps can impact the final product: the breed of animals, their lactation period, the
composition of the nutritional part, the conditions of milk collection and at last, the transformation
and maturation processes. To address some issue like the impact of nutrition on the final product, it
requires a perfect control of all the steps/parameters. Changing the mind by looking through big-data
science will allow researchers and producers to find correlations between fingerprints and products’
typicality. To improve the present work, a construction of an Ossau-lraty PDO SIFT-MS database is in
underway, which might help producers to solve question about typicality, diversity and agricultural
practices.
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