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A B S T R A C T   

The effect of different sub-pasteurization heat treatments and different ripening times was investigated in this 
work. The metabolite profiles of 95 cheese samples were analyzed using GC–MS in order to determine the effects 
of thermal treatment (raw milk, 57 ◦C and 68 ◦C milk thermization) and ripening time (105 and 180 days). 
ANOVA test on GC–MS peaks complemented with false discovery rate correction was employed to identify the 
compounds whose levels significantly varied over different ripening times and thermal treatments. The uni
variate t-test classifier and Partial Least Square Discriminant Analysis (PLS-DA) provided acceptable classifica
tion results, with an overall accuracy in cross-validation of 76% for the univariate model and 72% from the PLS- 
DA. The metabolites that mostly changed with ripening time were amino acids and one endocannabinoid (i.e., 
arachidonoyl amide), while compounds belonging to the classes of biogenic amines and saccharides resulted in 
being strongly affected by the thermization process.   

1. Introduction 

The Food and Agriculture Organization of the United Nations (FAO) 
estimated that 6 billion people worldwide consume milk and milk 
products (FAO, 2023; OECD/FAO, 2021). Milk and milk products are an 
important source of protein, calcium, and other essential nutrients (Silva 
et al., 2017). They are also a major source of calories and energy for 
many people. There is an undeniable relationship between cheese and 
territory in terms of culture and recognized typical products. Therefore, 
in order to produce high-quality food products that meet the legal re
quirements and consumer demands, it is imperative to implement 
advanced technological and monitoring methods within the cheese- 
making industry (Khattab, Guirguis, Tawfik, & Farag, 2019) while 
preserving regional traditions associated with the product. The analysis 
of cheese flavour and safety embraces hundreds of different chemical 
compounds produced by food microbiota metabolisms such as biogenic 

amines (BA), fatty acids, amino acids (AA) and sugars, to name a few 
(Hassan, Abd El-Gawad, & Enab, 2012; Khattab et al., 2019; Sibono 
et al., 2023). Among the several variables that influence the concen
tration of such metabolites, cheese ripening time and milk heat treat
ment are considered to be the primary factors in the development of 
cheese characteristics (Atasoy & Türkoğlu, 2008; Combarros-Fuertes 
et al., 2016; Santiago-López et al., 2018). It has been broadly reported 
that ripening time has a strong effect on cheese microbial metabolic 
reactions such as amino acid decarboxylase (Benkerroum, 2016; P. 
Caboni et al., 2019; Kandasamy et al., 2021) due to the advancement of 
the proteolysis effect (Santiago-López et al., 2018), and fat degradation 
phenomena associated with lipolytic enzymes (Collins, McSweeney, & 
Wilkinson, 2003). Consequently, cheese ripening is responsible for 
determining the extent of accumulation of amino acids, some of which 
serve as precursors for the synthesis of BA, such as tyramine, histamine, 
putrescine, and cadaverine (Kandasamy et al., 2021; Moniente et al., 
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2023). Excessive intake of these compounds is thought detrimental to 
human health. (Combarros-Fuertes et al., 2016; del Rio, Fernandez, 
Redruello, Ladero, & Alvarez, 2024; Ferrante & Mercogliano, 2023). 
Concerning milk heat treatment, only a few works studied the effect of 
the thermization process, identifying the key features that discriminate 
heat-treated milk cheese from raw milk cheese (Anedda, Melis, & Curti, 
2021; Caboni et al., 2019; Caboni, Murgia, et al., 2019; Dedola et al., 
2020; Natrella, Gambacorta, Squeo, & Faccia, 2023). In particular, 
(Caboni, Maxia, et al., 2019; Caboni, Murgia, et al., 2019) studied the 
polar low-molecular-weight metabolites profile to differentiate raw milk 
cheese from cheese whose milk was previously treated at 68 ◦C for 30 s. 
However, milk thermization can be carried out within a relatively broad 
operative window that ranges from the mildest process of 57 ◦C for 15 s 
to the most severe thermal treatment of 68 ◦C for 30 s. 

Due to the effect of different variables on the distribution of chemical 
compounds in a biological system, metabolomics was introduced as the 
comprehensive identification and quantification of metabolites (Idle & 
Gonzalez, 2007). In this discipline, the metabolome represents the 
complete set of these compounds that entirely depicts an organism’s or 
tissue’s biochemical state (Oliver, Winson, Kell, & Baganz, 1998). 
Metabolomics has emerged as a powerful tool in the field of dairy 
product characterization, as it enables the identification of metabolic 
signatures associated with different physiological states and treatments 
(P. Caboni, Maxia, et al., 2019; Rocchetti et al., 2018). The application of 
gas chromatography–mass spectrometry (GC–MS) to metabolomics has 
proven to be highly effective in analyzing dairy food quality, allowing 
for a widespread identification of biomarkers associated with a specific 
product attribute (Putri et al., 2022). Moreover, it is recognized that 
statistical analysis of metabolomic data is very challenging due to the 
nature of the data and the complexity of metabolomics as a research 
field. 

In this work, the effect of heat treatment and ripening time on the 
metabolite profile of Fiore Sardo cheese was studied by means of GC–MS 
analysis. The ultimate goal was to develop classification tools capable of 
discriminating between cheeses subjected to different ripening times 
(105 and 180 days) and different thermization processes (non-thermized 
milk, milk thermized under mild conditions, and milk thermized under 
severe conditions). This investigation was approached from a compar
ative perspective, as it evaluates the performance of univariate classi
fiers compared to the widely employed Partial Least Squares 
Discriminant Analysis (PLS-DA). 

2. Materials and methods 

2.1. Chemicals 

Analytical LC grade (99.9% of purity) methanol, chloroform, and 
hexane as well as pyridine, methoxamine hydrochloride, potassium 
chloride, N-methyl-N-(trimethylsilyl) trifluoroacetamide (MSTFA) were 
purchased from Sigma Aldrich (Milan, Italy). Bi-distilled water (18.2 
MΩ x cm at 25 ◦C) was obtained with a MilliQ purification system 
(Millipore, Milan, Italy). Analytical standards with a purity >98% were 
used to prepare a QA samples. Succinic acid, 2,2,3,3-D4-succinic acid, 
malic acid, citric acid, aspartic acid, pyruvic acid, ketoglutaric acid, 
oxalacetic acid, fumaric acid, lactic acid, butyric acid, beta- 
hydroxybutyric acid, glycolic acid, myoinositol, scylloinositol, ribitol, 
alanine, glycine, glutamine, leucine, isoleucine, serine, homoserine, 
ornithine, phenylalanine threonine, proline, valine, glucose, fructose, 
xylitol, ribitol and phosphate were purchased from Sigma Aldrich 
(Milan, Italy). 

2.2. Cheese production and sampling 

Cheese samples of this study were produced from bulk milk from 
mature Sarda sheep collected from February 2019 to June 2019, leading 
to a total of 45 cheese-making trials from the experimental farm of Agris 

Sardegna and transformed into the Fiore Sardo type cheese (three levels 
of milk temperature treatment × three cheese-making per month × six 
months). For each cheese-making trial, 130 kg of bulk raw sheep’s milk 
were divided into 3 aliquots: 31 kg raw milk (RM), 32 kg low thermized 
milk (LTM) and 32 kg of high thermized milk (HTM). The heat treatment 
occurred in a batch process using a tubular infrared exchanger (model 
Stoutz-Actinator, ACTINI Group, Evian-les-Bains, France), where the 
milk was heated to 57 ◦C for LTM and 68 ◦C for HTM for 30 s, respec
tively, and then rapidly cooled to 38 ◦C. The processing diagram is re
ported in Fig. 1. The process was repeated under the same conditions, to 
obtain 3 replicates for each milk thermal treatment, within three sepa
rate days each month, in the Agris Sardegna pilot plant. In each cheese- 
making session day, three (3) vats were used in batch, 1 with RM and 1 
with LTM and 1 with the HTM alternately, and the cheesemaker was the 
same for all cheese making. By following these preventative measures, it 
was possible to eliminate the effects associated with the vat and the 
cheesemaker. In each process, nine cheese samples of approximately 
1.5–1.7 kg were produced (3 cheese for vat), for a total of 31 raw milk 
cheeses (RC), 32 cheeses at 57 ◦C (HCA) and 32 cheeses at 68 ◦C (HCB), 
that were analyzed at 105 (16 RC cheeses, 16 HCA cheeses and 16 HCB 
cheeses) and 180 days (15 RC cheeses, 16 HCA cheeses and 16 HCB 
cheeses), as reported in Table S1. 

2.3. Sample preparation and GC–MS analysis 

Fine shredded cheese samples were stored in sterile plastic Falcon 
tubes at − 20 ◦C before analysis. After thawing on ice, 50 mg of cheese 
were extracted with 250 μL of methanol, and 125 μL of chloroform 
(Caboni et al., 2016). Samples were sonicated at 4 ◦C for 15 min at 25 
kHz, through three cycles of 5 min each using ExstractorOne (GM so
lution, Cagliari, Italy). Subsequently, 380 μL of chloroform and 90 μL of 
aqueous 0.2 M KCl containing 5 mg/L of 2,2,3,3-D4-succinic acid as the 
internal standard, were added and finally vortexed for 10 s. The solution 
obtained was centrifuged at 17700 rcf at 4 ◦C for 10 min, and 0.200 mL 
of the aqueous layer were extracted from each sample and dried under a 
gentle nitrogen stream. The dried samples were derivatized first using 
50 μL of methoxyamine hydrochloride dissolved in pyridine at 10 mg/ 
mL, homogenized for 20 s, and kept at room temperature for 17 h. Then, 
100 μL of N-methyl-N-(trimethylsilyl)trifluoroacetamide was added to 
the mixture and vortexed. Following a 1-h incubation period, 600 μL of 
hexane was added, and the samples were subjected to GC–MS analysis. 

One microliter of derivatized samples was injected splitless in a 
6850-gas chromatograph coupled with a 5973 mass spectrometer 
(Agilent Technologies Inc., Santa Clara, CA). The injector temperature 
was set to 200 ◦C. The gas flow rate through the column was 1 mL/min. 
The fused silica capillary column was a DB5-MS 0.25 μm column (30 m 
× 0.25 mm i.d.; J&W Scientific Inc., Folsom, CA). The initial tempera
ture was 50 ◦C for 3 min in isothermal mode, which was then increased 
to 250 at 3 ◦C/min and maintained at 250 ◦C for 25 min. The transfer 
line and the ion source temperatures were 280 and 180 ◦C, respectively. 
Ions were generated at 70 eV with electron ionization and were recorded 
at 1.6 scans/s in the mass range m/z 50 to 550. GC–MS data analysis was 
conducted by integrating each peak of the resolved chromatogram. The 
identification of metabolites was performed using the NIST08 standard 
mass spectra library (NIST, 2005), and, when available, compared to 
analytical standards. Confirmation of metabolites was performed by 
comparison of their relative retention times and mass fragmentation as 
well as retention indices as calculated according to Kováts for alkanes 
C9 − C36 (Kováts, 1958). 

In our untargeted metabolomics pipeline, we used authentic stan
dards submitted to the same silylation procedure of cheese samples. 
Furthermore, we used QA and QC samples to improve the integrity and 
robustness of our datasets while obviating the need for repeated anal
ysis. Spectral peaks associated with potentially formed adducts (M +
TMS, M + 2TMS, M + 3TMS, M + 4TMS, M + 5TMS) were examined for 
each metabolite using Chromeleon software 7.2.8 (Themofisher, 
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Fig. 1. Fiore Sardo cheese production flowchart. RC = cheese from raw milk; HCA = cheese from thermized milk at 57 ◦C; HCB = cheese from thermized milk at 
68 ◦C. 
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Massachusetts, USA). When multiple adducts were detected, the most 
reproducible (technical replicate CV) MS1 adduct was selected for 
annotation and peak area integration. Metabolite reproducibility was 
then checked by evaluating consistency across replicate experiments; 
metabolites which are not consistent across replicates were labelled as 
irreproducible. 

A representative chromatogram for RC, HCA and HCB cheese sam
ples were reported in Fig. 2. 

2.4. Dataset description 

The metabolic dataset consists of 95 cheese samples and 745 GC–MS 
features. Cheese samples were classified based on different heat treat
ments and different ripening times. Among these samples, 31 were ob
tained from Raw Cheese (RC) milk samples (i.e. not thermally treated), 
32 were obtained from 57 ◦C heat-treated milk (HCA), and 32 were 
subjected to a 68 ◦C thermal treatment (HCB). 

2.5. Statistical methods 

2.5.1. Data pre-analysis 
Principal Component Analysis (PCA) was carried out on unity vari

ance preprocessed data to reduce the complexity of the high- 
dimensional dataset, assess the trends among samples and eventually 
identify outliers (Varmuza & Filzmoser, 2016). The captured variance 
VC, explained by a specific Principal Component (PC), was computed 
using components’ eigenvalues expressed as percentages relative to the 
total variance (Brereton, 2009). 

Before the classification step, a two-way ANOVA test was used on 
raw data to identify the metabolites contributing to sample discrimi
nation based on heat treatment and ripening time. The following inde
pendent variables were considered in the analysis: ripening time, 
denoted by letter A, and milk thermal treatment, indicated by letter B, 
with a number of levels equal to a and b, respectively. The GC–MS 
experimental results obtained for each combination of these variables 
were denoted as xijk, where “i” represents the i-th level of the A factor, “j” 
represents the j-th level of the B factor, and “k” represents the k-th 
replication of the experiment. The effect model can be thus expressed as 
(Montgomery, 2013): 

xijk = μ+ τi + γj +(τγ)ij + εijk

⎧
⎨

⎩

i = 1, 2…a
j = 1,2…b
k = 1,2…n

(1) 

In Eq. 1, μ is the overall mean, τi is the effect of the i-th level of the 
independent variable A, γj is the effect of the j-th level of the indepen
dent variable B, (τγ)ij is the interaction effect of the i-th level of A and the 
j-th level of B, εijk is eventually the residual for the ijk observation. To be 
rigorous, the two-way ANOVA tests the null hypothesis, which concerns 
the equality to zero of treatment effects with respect to the factors 
investigated. The level of significance α was set equal to 0.01. The 
procedure was performed for each metabolite, meaning that the effect of 
ripening time, thermal treatment and the interaction of both factors was 
tested on all the 745 spectral peaks collected. The ANOVA test revealed a 
set of metabolites found to be statistically significant in distinguishing 
between the ripening time and the thermal treatment of cheese samples. 
It is essential to note that, in situations involving multiple comparisons, 
the risk of committing Type I errors drastically increases (Lee & Lee, 
2018). A more stringent approach was thus used to address this concern 
and control the inflation of false positives. More in detail, to identify the 
metabolites that are mostly responsible for variations in ripening, 
Benjamini-Hochberg method, also known as the False Discovery Rate 
(FDR; (Benjamini & Hochberg, 1995)) correction was employed for a 
FDR value equal to 0.01. This technique provided the opportunity to 
undertake a further elimination process with the objective of identifying 
the most significant metabolites that distinguish cheese samples based 

on their ripening times and thermal treatments. 

2.5.2. Classification tools 
For the sake of comparative analysis, data were analyzed by means of 

a univariate and a multivariate approach, and the performances were 
assessed in terms of accuracy and False Positive Rate (FPR). Firstly, a 
code employing univariate statistics was developed as a two-class clas
sifier that identifies cheese samples’ maturation time and thermal 
treatment. Specifically, the implemented code uses a t-test-based clas
sification method to classify samples (Liao & Akritas, 2007) with a 
pairwise approach. This means that samples subjected to the same 
thermal treatment were binarily classified depending on the two 
ripening times. In contrast, for samples aged for the same ripening time, 
all possible pairs of thermal treatments among the three investigated 
were analogously tested. A detailed explanation of such a technique is 
reported in the Supplementary materials section. Besides the develop
ment of a univariate classifier, PLS-DA is the multivariate counterpart 
proposed for comparative purposes (Wold, Sjöström, & Eriksson, 2001). 
A pairwise classification approach is also adopted in PLS-DA for an 
unbiased comparison between the two models. Regarding the thermal 
treatment, each pair of classes is tested separately, meaning samples 
subjected to pairwise discrimination are labelled 1 for one class and 2 for 
the other. Regarding ripening time, the value 1 was assigned to cheese 
ripened for 105 days, whereas a value of 2 was assigned to cheese 
ripened for 180 days. The Bayesian assignation criterion collocated 
samples in a specific class (Ballabio & Consonni, 2013). Models’ good
ness of classification was assessed through 3-fold cross-validation and 
averaging performance indices (i.e. Accuracy and FR). Concerning the 
univariate classifier, in order to reduce the variance of the estimated 
performance measure, cross-validation was repeated 100 times with 
different 3-fold subsets at each time (Berrar, 2018), while 3-fold Vene
tian blind cross-validation was employed when assessing the multivar
iate classifier’s performances (Ballabio & Consonni, 2013). The optimal 
number of PLS-DA latent variables was defined as the number that sat
isfies the following criteria: 

(1) The error rate in cross-validation was minimized (i.e. the accu
racy was maximized);  

(2) The proportion of samples not assigned by the Bayesian criteria 
was <20% to ensure an unbiased assessment of the model’s 
accuracy. 

Univariate analysis and PCA were performed through Matlab®2023a 
(Mathworks Inc. Natick, MA, USA). The univariate procedure was car
ried out by means of codes developed by the authors, and “Milano 
Chemometrics” toolbox (version 6.0) was involved in performing PLS- 
DA (Ballabio & Consonni, 2013). 

3. Results and discussion 

3.1. GC–MS data pre-analysis 

Principal Component Analysis was initially performed to explore 
dissimilarities and similarities among 95 cheese samples. A 99.99% 
confidence ellipsoid was employed in the 3D score plot (Fig. S.1 in 
supplementary materials), which illustrates the first three principal 
components, in order to identify any potential outliers within the data. 
The resulting dataset was a 94 × 745 matrix. 

A two-way ANOVA test was performed on 745 GC–MS features to 
assess the impact of a specific factor, comprising the interaction term, on 
the individual metabolite. The hypothesis tests showed that 60 of these 
features underwent a statistically significant variation due to the effect 
of at least one of the two investigated factors. Specifically, 28 features 
were found to be influenced by the cheese ripening time. At the same 
time, 16 features were affected by the heat treatment. The contribution 
of the interaction term was remarkably lower since only 1 metabolite 

L. Sibono et al.                                                                                                                                                                                                                                  



Food Chemistry 456 (2024) 139930

5

Fig. 2. Representative GC–MS chromatograms for A) cheese from thermized milk at 57 ◦C (HCA), B) cheese from thermized milk at 68 ◦C (HCB), and C) raw milk 
cheese (RC) at 105 days of ripening. 

L. Sibono et al.                                                                                                                                                                                                                                  



Food Chemistry 456 (2024) 139930

6

manifested a significant effect of the interaction term, which showed p- 
values smaller than 0.01. A Venn diagram is provided in Fig. 3, dis
playing all the metabolites that have shown a statistically significant 
effect (p < 0.01) from both factors, including the interaction effect. 
Metabolite 301 (arachidonoyl amide) resulted as the most important 
metabolite from the ripening time analysis, although it was also found to 
change significantly over the interaction term. Analogously, metabolite 
1 (tyramine) resulted as the one that mostly changed over the thermal 
treatments, although the effect of ripening time was also found to be 
statistically significant. Metabolite identification numbers are listed in 
Table 1. 

A Benjamini-Hochberg method was used to select the significant 
metabolites while simultaneously maintaining small type I errors. The 
false discovery rate was set equal to 0.01. Table 2 presents the metab
olites and their p-values derived from the two-way ANOVA whose null 
hypothesis was rejected using the Benjamini-Hochberg method. Con
cerning maturation time, 8 metabolites were not discarded by the FDR 
correction, while only one metabolite was retained when the correction 
method assessed the effect of heat treatment. Finally, the interaction 
term was discarded for all metabolites. 

Interestingly, it was obtained that 4-aminobutanoic remarkably 
changed over different ripening times. It is reported that cheese starters 
produce 4-aminobutanoic acid during ripening (Nomura, Kimoto, 
Someya, Furukawa, & Suzuki, 1998). Particularly, Nomura et al. re
ported that a cell extract of a Lactic Acid Bacterium (LAB) from the 
Lactococcus lactis strain, showed a significant glutamate decarboxylase 
activity, which catalyzes the decarboxylation of glutamate into 4-amino
butanoic acid. Therefore, it can be inferred that during the 75-day 
ripening period between cheeses subjected to 105 days of maturation 
and those ripened for 180 days, the decarboxylation reactions may have 
been a key factor in the production of 4-aminobutanoic acid. Also, the 
level of tyramine was identified to change significantly with tempera
ture, indicating that thermal milk treatment significantly influences the 
level of this metabolite. More in detail, the analysis revealed that the 
tyramine level in raw milk cheeses was moderate and importantly 
increased in cheeses made from milk heated at 57 ◦C (HCA). Conversely, 
a marked decrease was observed in the tyramine content of HCB sam
ples. These findings are consistent with the research conducted by 

Kebary et al., who found a similar trend when comparing raw milk 
cheese to cheese made from milk heated to 70 ◦C, 75 ◦C, and 80 ◦C 
(Kebary, El-Sonbaty, & Badawi, 1999). The increased tyramine content 
in the lower-temperature heated milk cheese may be due to the 
favourable conditions created by such heat treatments for the growth of 
proteolytic bacteria and/or the activation of proteolytic enzymes 
(Kebary et al., 1999). Conversely, higher temperatures may have 
reduced proteolytic bacteria concentration and denatured decarbox
ylase enzymes, resulting in lower tyramine levels. Similarly, according 
to the ANOVA test, cadaverine, the second most significant metabolite in 
terms of thermal treatment effect, decreased abruptly with HCB. How
ever, there was no significant difference between raw milk cheese and 
cheese made from 57 ◦C heated milk for such a metabolite. Noteworthy 
is that arachidonoyl amide exhibited the lowest p-value for ripening 
time analysis. Recent works reported that several fermented food 
matrices like cheese are rich in endocannabinoid metabolites (e.g., 
arachidonoyl amide) due to the action of microbial activity (Yılmaz, 
Kocadağlı, & Gökmen, 2023). Other compounds like long chain- 
carboxylic acids and proline are known to vary over different ripening 

Fig. 3. Venn diagram displaying the metabolites for which the individual 
factors and interaction effect resulted to be significant (p < 0.01) from the 2- 
way ANOVA test. The metabolite number is shown in ascendent order in the 
p-value. 

Table 1 
List of the metabolites detected with the two-way ANOVA test with a signifi
cance level a = 0.01.*  

Label Factors Metabolite Label Factors Metabolite 

1 A and B Tyramine 197 B Unknown 
2 B Cadaverine 212 B Lactose 8TMS 

3 A 
4-aminobutanoic 
acid 218 B Lactose 8TMS 

4 B Phenylalanine 257 A Proline 

5 B Malic acid 301 
A and 
AB 

Arachidonoyl 
amide 

6 B Unknown 380 A 
Myo-Inositol 
6TMS 

7 B 

Methyl 
glycocholate 
3TMS 384 A Valine 

8 A Citric acid 393 A 
Phenylpropanoic 
acid 

13 B Unknown 446 A Myo-Inositol 
15 B Leucine 464 A Citric acid 2TMS 
16 A Glucose 536 A Galactose 
35 A Erythrose 567 A Lactic acid 
36 A Unknown 590 A Unknown 
41 B Glutamine 607 A Unknown 
46 A and B Urea 625 A Unknown 

63 A 
4-aminobutanoic 
acid 3 TMS 629 A Unknown 

79 B Urea 2TMS 638 A Succinic acid 
87 B Lactose 653 A Maltose 8TMS 
101 A D-Fructose 687 A Unknown 
130 B Glycerol 3TMS 698 A Unknown 
135 A Turanose    
153 A Unknown     

* Factor A is the ripening time; Factor B is the thermal treatment; the term AB 
represents the interaction between the two factors. 

Table 2 
Results of the Benjamini-Hochberg procedure, showing metabolite codes and 
corresponding p-values.  

Ripening time Thermal treatment 

Metabolite p-value Metabolite p-value 

(4-aminobutanoic acid) 0.0014 Tyramine 8.734e-05 
Citric acid 0.0005   
Glucose 0.0003   
Urea 0.0011   
Proline 0.0009   
Arachidonoyl amide 1.581e-05   
Phenylpropanoic acid 0.0005   
Lactic acid 0.0014    

L. Sibono et al.                                                                                                                                                                                                                                  



Food Chemistry 456 (2024) 139930

7

times (Becchi, Rocchetti, Vezzulli, Lambri, & Lucini, 2023; Conte et al., 
2021; Tekin & Güler, 2019). While the formers are known to show 
complex behavior along different ripening times (Caboni, Maxia, et al., 
2019; Caboni, Murgia, et al., 2019), other studies reported the upregu
lation of proline in cheeses subjected to prolonged ripening times 
(Becchi et al., 2023; Singh et al., 2023). 

Similar analytical and statistical approaches were reported by Roc
chetti et al. (Rocchetti, Michelini, Pizzamiglio, Masoero, & Lucini, 2021) 
using an untargeted metabolomics technique to differentiate Parmi
giano Reggiano PDO during ripening stages. Additionally, Zhang X. et al. 
reported an untargeted metabolomics method to discriminate Mongo
lian cheese during storage. 

The application of both univariate and multivariate classification 
models to classify cheese samples and identify the metabolites 
accountable for such classification allows us to validate the significance 
of the compounds shown in Table 3. The employment of ANOVA 
coupled with the False Discovery Rate (FDR) correction served as an 
initial screening process for identifying a subset of metabolites consid
ered relevant to this study. 

3.2. Classification of cheese samples 

Following the detection of relevant metabolites, two different clas
sification techniques were applied to discriminate cheese samples ac
cording to the ripening time and thermal treatment. In order to 
minimize data variances and enhance the classifier performances, a 
pairwise approach was adopted during analysis, meaning that compar
isons were made between ripening time classes within the same thermal 
treatment level and vice versa. This process was performed for each 
metabolite, and the ones that exhibited the highest accuracy are docu
mented in Table 3, which presents the classification metrics obtained 
through 3-fold cross-validation. Specifically, the metabolites that yiel
ded the best performance metrics when subjected to t-test classification, 
as well as groups of metabolites whose accuracy values surpassed a 
threshold ranging from 70% to 80%, are reported. The choice of the 
accuracy threshold value depended on the overall classification results 
for the specific pairwise discrimination. For each pairwise classification, 
if at least one metabolite exhibited an accuracy that exceeded a 
threshold value, the specific metabolite is considered performant for a 
given comparison. In order to achieve a reasonable number of signifi
cant metabolites, an 80% threshold value is chosen. The same operation 

is followed when the accuracy is 75% or 70%. 
Notably, the employment of the t-test classifier demonstrated good 

efficacy in classifying samples based on ripening time, as accuracy was 
>75% in all cases. On the other hand, results show that classification 
performance was less favourable in terms of thermal treatment, partic
ularly in comparison between RC and HCA, indicating that the average 
peak values between these classes were not considerably different given 
the same ripening time. Indeed, no relevant metabolites resulted in good 
candidates for discerning between these thermal treatments, regardless 
of the ripening time. A lower treatment temperature likely led to fewer 
noticeable differences in metabolites content between the HCB and raw 
milk cheese when they were compared. Results show that acceptable 
performances (Maroco et al., 2011) were obtained for arachidonoyl 
amide and phenylpropanoic acid, for which the effect of different 
ripening times was statistically significant from the two-way ANOVA 
test and whose null hypothesis was also rejected following FDR 
correction, validating their significant variation over different ripening 
time. Furthermore, the 4-aminobutanoic acid also showed a notable 
result in discriminating HCB180 from HCB105, thus confirming the 
importance of this compound during cheese ripening. Concerning the 
heat treatment classification, the tyramine based t-test classifier was 
found to be the most effective for two pairwise classifications, thus 
validating the crucial role played by this compound in determining the 
thermal heating characteristics of cheese. Therefore, these results 
confirm the findings identified with the ANOVA tests and FDR correc
tions carried out by means of the Benjamini-Hochberg method. The 
findings indicated that metabolites that were considered to be discrim
inant for ripening time were mainly fatty acids, interestingly supple
mented by one endocannabinoid, while biogenic amines such as 
tyramine, accompanied by two soluble sugars (i.e., maltose and lactose) 
resulted in predominantly discriminating samples on a thermization 
process basis. 

The performance metrics were also evaluated using PLS-DA for 
sample classification. In this case, the impact of ripening time and 
thermal treatment on the metabolite content was not analyzed on a per- 
metabolite basis. Still, the collective information of the entire metabolic 
profile was utilized to construct a classification model. The results of this 
analysis are presented in Table 4, which reports the classification met
rics obtained through a 3-fold Venetian blind cross-validation coupled 
with a PLS-DA model. 

A comparison between Tables 3 and 4 illustrates that the PLS-DA 

Table 3 
Univariate classifier performance metrics.  

Classes Metabolites Univariate classifier cross validation indices  

Most performant 
metabolite 

Performant metabolites Accuracy given by 
performant metabolites 

Best 
Accuracya 

Best 
FPR 

RC180 vs 
RC105 

Arachidonoyl amide Arachidonoyl amide >75% 76% 14% 

HCA180 vs 
HCA105 

Phenylpropanoic acid Phenylpropanoic acid >80% 81% 19% 

HCB180 vs 
HCB105 

4-aminobutanoic acid 4-aminobutanoic acid, Glutamic acid, Erythrose, Hydroxycaproic acid, 
Norleucine, Hydroxyisocaproic acid, Norvaline, Hydroxyisocaproic acid 2, U1 

>75% 80% 26% 

RC180 vs 
HCA180 

U2 U2 >70% 73% 25% 

RC180 vs 
HCB180 

Tyramine Tyramine, Lactic acid, U3, Glutamine, Urea, U5, Lactose >70% 73% 32% 

HCA180 vs 
HCB180 

Tyramine Tyramine >75% 77% 32% 

RC105 vs 
HCA105 

Maltose Maltose >70% 72% 25% 

RC105 vs 
HCB105 

Glycilglutamic acid Malic acid, Glycilglutamic acid >75% 80% 27% 

HCA105 vs 
HCB105 

U6 U6,U7 >75% 75% 19%  

a Accuracy correspondent to the metabolite whose univariate classification resulted in the best performance. U = not annotated metabolite. Frequently, mass 
spectrometry-based metabolic profiles encompass numerous peaks that remain unidentified, making it challenging to correlate them with the metabolic physiology of 
the system under investigation (Kanani, Chrysanthopoulos, & Klapa, 2008). 
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classifier generally performs less accurately than the univariate classifier 
when assigned to discriminate cheese samples based on heat treatment. 
On the other hand, higher performances were recorded for ripening 
time, especially for samples taken from heat-treated milk (i.e., HCA and 
HCB). Overall, the univariate classifier performed better at classifying 
cheese samples. This result may be due to the presence of several un
informative metabolites, or the scarce correlation among the metabo
lites content (Saccenti, Hoefsloot, Smilde, Westerhuis, & Hendriks, 
2014). To support the occurrence of these phenomena, the correlation 
between all pairs of variables was examined using a heatmap (Fig. S.2), 
complemented with the distribution of correlation coefficients (Fig. S.3), 
both reported in supplementary materials. From this analysis, it was 
obtained that only 17.6% of the examined correlation coefficients 
showed absolute values >0.5, suggesting that the overall behavior of the 
variables exhibits low correlation. Indeed, through the averaging of 
accuracies of the nine pairwise classifications, the univariate model 
yielded a value of 76%, whereas PLS-DA achieved 72%. Similar classi
fication accuracy results were reported by other authors (Azcarate et al., 
2015; Teixido-Orries, Molino, Femenias, Ramos, & Marín, 2023). Inci
dentally, Fig. 4 displays the algorithm iterations performed to determine 
the optimal number of latent variables for PLS-DA in the classification of 
HCA180 versus HCA105 samples. As depicted, the selection of 10 latent 
variables resulted in the minimum error rate in cross-validation. How
ever, it was noted that about 50% of the samples were classified as 
unassigned. In order to balance the trade-off between error rate mini
mization and the number of unassigned samples, four latent variables 

were eventually selected as part of the model. For the samples analyzed 
in this study, utilizing the collective information from the entire meta
bolic profile may not be sufficient in accurately classifying samples from 
differently heated milk with the same ripening time. However, PLS-DA 
classification performances were adequate when the classifier was 
asked to distinguish samples based on ripening time with the same 
thermal treatment. These results suggest that ripening time exerts a 
more evident influence on metabolites profile under the same thermal 
conditions, thus offering more details into the dynamics of the ripening 
process. 

3.3. Future perspectives 

For several years in Sardinia (Italy), producers of “Fiore Sardo DOP” 
sheep’s cheese have raised concerns about unfair competition from 
producers flooding the market with counterfeit Fiore Sardo cheeses, 
notably those bearing the Fiore Sardo DOP label made from milk treated 
thermally (through thermization or pasteurization). Such counterfeiting 
practices would undoubtedly diminish the revenue, particularly for 
smaller producers, and inflict significant harm on the Protection Con
sortium. The relevance of this study lies in its potential practical appli
cations to discriminate different cheesemaking practices, such as 
thermal treatment. This distinction is of crucial importance in ensuring 
compliance with PDO regulations and safeguarding the authenticity and 
quality of traditional cheeses. 

The metabolic markers identified in this study, which were also 
confirmed by other works, show promise in differentiating various 
thermization processes and ripening times of cheese. However, further 
validation and replication of these results are necessary to establish their 
reliability across different types of cheese. Moreover, the study pre
sented herein can support future research efforts in employing robust 
classification tools to reckon the authenticity of a broader range of PDO 
food products. 

4. Conclusions 

This study aimed to identify which metabolites were mainly 
responsible for the discrimination of cheese samples based on ripening 
time and thermal treatment. Two-way ANOVA was employed to test the 
hypothesis, showing that 60 metabolites were statistically significant in 
discriminating at least one of the two factors, comprising the interaction 
effect. The Benjamini-Hochberg method was applied to assess, by means 
of a more conservative approach, the significance of content variations 
of metabolites over different ripening times and thermal treatments. As a 
result of the analysis, 9 metabolites exhibited significant changes over 
the course of ripening, while only one metabolite underwent a signifi
cant change due to thermal treatment. Proline and 4-aminobutanoic 
acid were found to be upregulated in late ripening cheese, as 
confirmed by the statistical significance downstream FDR correction. 
The concentration of compounds belonging to biogenic amines, sac
charides and carboxylic acids classes resulted to significantly change 
when milk was treated at 68 ◦C, compared to raw milk or milk treated at 
57 ◦C. A univariate t-test classifier was then utilized to classify the test 
samples and showed improved accuracy compared to PLS-DA in terms of 
thermal treatment classification. Conversely, multivariate classifier 
performances were higher when it was tasked with ripening time-based 
classification. The results of this work support the use of a univariate 
approach in classifying the cheese samples under investigation. For this 
case study, the analysis of individual metabolites may provide precise 
information and be an effective tool for sample classification. In 
contrast, joint information from the entire metabolic profile did not 
yield optimal results in terms of an accurate overall classification. This 
outcome may be due to the scarce multicollinearity among the predictor 
variables (i.e. metabolite content) for which the multivariate model did 
not fit experimental data as accurately as the univariate approach. 
Therefore, it is important to consider the predictor variables correlation 

Table 4 
PLS-DA performance metrics in cross validation.  

Classes Multivariate 
classifier 
Cross validation 
indices 

Optimal number of latent variables  

FPR Accuracy  

RC180 vs RC105 25% 73% 3 
HCA180 vs HCA105 11% 88% 4 
HCB180 vs HCB105 18% 83% 8 
RC180 vs HCA180 25% 59% 7 
RC180 vs HCB180 36% 62% 7 
HCA180 vs HCB180 35% 66% 3 
RC105 vs HCA105 31% 69% 2 
RC105 vs HCB105 25% 74% 10 
HCA105 vs HCB105 29% 72% 1  

Fig. 4. Error rate (a) and ratio of not assigned samples (b) in cross validation as 
a function of the latent variables number included in the PLS-DA model using a 
Bayesian assignation criterion. 
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and the analysis’s purpose when deciding whether to use a univariate or 
multivariate model. 

In conclusion, the application of an untargeted metabolomic proved 
to be a promising tool for a comprehensive understanding of the influ
ence of thermal treatment and ripening time on the metabolic profile of 
Fiore Sardo cheese. Identifying the key metabolites responsible for such 
effects permitted the development of a classification tool capable of 
identifying cheese loaves subjected to different treatments. 
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Yılmaz, C., Kocadağlı, T., & Gökmen, V. (2023). Determination of endocannabinoids in 
fermented foods of animal and plant origin by liquid chromatography tandem mass 
spectrometry. Food Chemistry, 427. https://doi.org/10.1016/j. 
foodchem.2023.136766 

L. Sibono et al.                                                                                                                                                                                                                                  

https://doi.org/10.1016/j.jbiosc.2022.01.011
https://doi.org/10.1016/j.foodchem.2023.137558
https://doi.org/10.1016/j.foodres.2018.07.029
https://doi.org/10.1016/j.foodres.2021.110654
https://doi.org/10.1016/j.foodres.2021.110654
https://doi.org/10.1007/s11306-013-0598-6
https://doi.org/10.3168/jds.2017-13465
https://doi.org/10.3168/jds.2017-13465
https://doi.org/10.3390/metabo13070877
https://doi.org/10.3390/metabo13070877
https://doi.org/10.1016/j.foodres.2017.05.018
https://doi.org/10.1016/j.fbio.2022.102213
https://doi.org/10.1016/j.foodchem.2023.135924
https://doi.org/10.1016/j.foodchem.2023.135924
https://doi.org/10.1016/j.foodchem.2019.01.190
https://doi.org/10.1201/9781420059496
https://doi.org/10.1201/9781420059496
https://doi.org/10.1016/S0169-7439(01)00155-1
https://doi.org/10.1016/j.foodchem.2023.136766
https://doi.org/10.1016/j.foodchem.2023.136766

	Metabolomic profiling of Fiore Sardo cheese: Investigation of the influence of thermal treatment and ripening time using un ...
	1 Introduction
	2 Materials and methods
	2.1 Chemicals
	2.2 Cheese production and sampling
	2.3 Sample preparation and GC–MS analysis
	2.4 Dataset description
	2.5 Statistical methods
	2.5.1 Data pre-analysis
	2.5.2 Classification tools


	3 Results and discussion
	3.1 GC–MS data pre-analysis
	3.2 Classification of cheese samples
	3.3 Future perspectives

	4 Conclusions
	CRediT authorship contribution statement
	Declaration of competing interest
	Data availability
	Acknowledgements
	Appendix A Supplementary data
	References


