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Ripening is a crucial step to guarantee the high commercial value of cheddar cheese, one of the dairy products the European Union exports the most. Although several methods have lately been proposed to assess its ageing process from a chemical point of view, most of them are not particularly time-efficient and imply destructive analytical tests, thus, exhibiting limitations for, e.g., industrial applications. Here, a fast approach based on combining Raman and Mid-InfraRed (MIR) spectroscopy with ANOVA-Simultaneous Component Analysis (ASCA) is proposed in a low-level data fusion framework. It allowed to evaluate how storage temperature and time (as well as their interaction) influence cheddar ripening in a relatively cheap, rapid and green fashion.

Introduction

. Ivens et al. exploited Enzyme-Linked Immunosorbent Assays (ELISA) to investigate the effect of proteolysis on the

detection of milk protein residues during cheddar cheese ripening [START_REF] Ivens | Effect of proteolysis during Cheddar cheese aging on the detection of milk protein residues by ELISA[END_REF]. Gan et al. developed a method based on Atmospheric Pressure Chemical Ionization-Mass Spectrometry (APCI-MS) coupled to Gas Chromatography-Mass Spectrometry (GC-MS) to determine the volatile compounds of cheddar cheese samples of different maturity [START_REF] Gan | Development and validation of an APCI-MS/GC-MS approach for the classification and prediction of Cheddar cheese maturity[END_REF]. Finally, Bean et al. identified specific compounds whose appearance was somehow correlated to cheddar cheese ageing time by using Secondary ElectroSpray Ionization-Mass Spectrometry (SESI-MS) [START_REF] Bean | Profiling Aged Artisanal Cheddar Cheese Using Secondary Electrospray Ionization Mass Spectrometry[END_REF].

In spite of the high information content provided by all the aforementioned techniques, their utilization in industrial scenarios is often jeopardized by their destructive nature. In order to overcome this fundamental limitation and enable a better understanding of the physico-chemical phenomena behind the cheddar cheese ageing process, an approach based on coupling Raman and Mid-Infrared (MIR) spectroscopy is here proposed. If on the one hand, Raman and MIR spectroscopy constitute relatively cheap, rapid and green analytical platforms, on the other hand they yield multivariate data that require the application of chemometric approaches for their interpretation and assessment. In this specific case, ANOVA-Simultaneous Component Analysis (ASCA) [START_REF] Jansen | ASCA: Analysis of multivariate data obtained from an experimental design[END_REF][START_REF] Smilde | ANOVA-simultaneous component analysis (ASCA): A new tool for analyzing designed metabolomics data[END_REF] will be resorted to. ASCA permits to investigate whether a particular factor (like cheese storage temperature) has a statistically significant effect on the variation of the collected spectral data and how these data actually evolve under such an effect, by fusing the advantages of multivariate data analysis with the structure of the underlying design according to which cheddar monitoring experiments are usually carried out. In recent years, the analysis of spectral measurements by ASCA has often been performed for the resolution of food-related issues [START_REF] Bevilacqua | Application of near infrared (NIR) spectroscopy coupled to chemometrics for dried egg-pasta characterization and egg content quantification[END_REF][START_REF] De Luca | Characterization of the effects of different roasting conditions on coffee samples of different geographical origins by HPLC-DAD, NIR and chemometrics[END_REF][START_REF] Mazerolles | Analysis of experimental design with multivariate response: A contribution using multiblock techniques[END_REF]. Keeping this in mind, the present article aims at providing a comprehensive and meaningful description of cheddar cheese ripening by means of low-level data fusion of Raman and MIR spectroscopic data. More specifically, ASCA will be used to evaluate the influence of storage temperature and ageing time (as well as their interaction) on the physico-chemical phenomena driving such a process and captured in the Raman and MIR domain. Even though these two experimental factors are probably the most relevant parameters affecting cheese ageing [START_REF] Adhikari | Effect of storage time and temperature on the viability of E. coli O157:H7, Salmonella spp., Listeria innocua, Staphylococcus aureus, and Clostridium sporogenes vegetative cells and spores in vacuum-packed canned pasteurized milk cheese[END_REF][START_REF] Soodam | Effect of elevated temperature on the microstructure of full fat Cheddar cheese during ripening[END_REF]), yet, to the best of the authors' knowledge, no study has been conducted so far to highlight their effect on cheddar chemical composition along with the ripening progression.

Materials and methods

Sample preparation

Two slices of commercially available cheddar cheese were cut and from each slice five disks (5 samples) of equal diameter (approximately 2 cm) were obtained. Each disk was subsequently divided into 3 sectors (3 technical replicates per sample for a total amount of 30 sectors). 15 sectors were stored at 4°C and the other 15 at room temperature (25°C). Ripening was monitored during a 2-week period: on each established day (day 3, 5, 8, 10 and 12), 2 samples (one stored at 4°C and one stored at 25°C -namely 6 sectors) were subjected to spectroscopic measurements.

Spectroscopic measurements

Raman measurements

Raman measurements were carried out by means of a Horiba Scientific Labram HR Evolution spectrophotometer in a spectral range between 900 and 3600 cm -1 with a nominal resolution of 1.53 cm -1 . Spectra were acquired at random positions on the sample surface using a green light laser (Nd:YAG, 532 nm) and a 600 lines/mm grating with a 50x objective. Acquisition time was 10 s and 5 scans were collected and averaged to improve signal-to-noise ratio. The spectroscopic platform was equipped with a Linkam THM600 sample holder to keep the cheese at a constant temperature during the experiments and, therefore, to avoid sample degradation due to laser heating. Raman spectra were recorded by LabSpec 6 Spectroscopy Suite Software (Horiba Scientific) and afterwards imported in Matlab (The MathWorks, Natick, MA, USA, version R2015a). Three replicate spectra were registered per position and averaged prior to analysis. Fluorescent-related baseline drifts were corrected by applying the smoothing algorithm described by de Rooi et al. [START_REF] De Rooi | Mixture models for twodimensional baseline correction, applied to artifact elimination in time-resolved spectroscopy[END_REF]. The spectral range of interest was further reduced to encompass only the Raman fingerprint region (from 900 to about 1635 cm -1 ), which yielded a final array of size 30x425 (see Figure 1a).

MIR measurements

MIR measurements were carried out by means of a Bruker Vertex 70 FTIR equipped with a Bruker Hyperion 3000 IR microscope and an ATR system carrying a Germanium crystal in the wavenumber range between 900 and 3850 cm -1 with a nominal resolution of 8 cm -1 . A series of spectral profiles was acquired at room temperature by means of a 20x objective on a sample area of 160μmx160μm (64x64 pixels). 1000 scans were performed which resulted in a mean recording time of about 15 minutes. Spectra were registered by OPUS Spectroscopy Software (Bruker), imported in Matlab and afterwards averaged to obtain a single representative profile per acquisition run [START_REF] Islam | Noninvasive Determination of Firmness and Dry Matter Content of Stored Onion Bulbs Using Shortwave Infrared Imaging with Whole Spectra and Selected Wavelengths[END_REF]. Baseline drifts were here corrected by a Savitzky-Golay first-order derivation [START_REF] Savitzky | Smoothing and Differentiation of Data by Simplified Least Squares Procedures[END_REF]) encompassing a 9-data point moving window and a second-order polynomial function. The spectral range was further reduced to encompass only the MIR fingerprint region (from 900 to about 1860 cm -1 ), which yielded a final matrix of size 30x250 (see Figure 1b).

[INSERT FIGURE 1 HERE]

ANOVA-Simultaneous Component Analysis (ASCA)

As detailed before, ASCA combines the advantages of both design of experiments and multivariate exploratory analysis permitting to study whether the recorded data are significantly affected by certain experimental parameters or factors (or by the interaction of multiple of them) and to assess how they actually vary under their influence. Mathematically speaking, ASCA decomposes the centred data matrix ( ) into the sum of several arrays according to the ANOVA scheme. In this work, as the effect of storage temperature (factor A) and ageing time (factor B) on cheddar ripening will be investigated, the partition of is carried out as:

= + + + (1)
where , and account for the variability induced by the effect of factor A, factor B, and factor A/factor B interaction, respectively, while carries the residuals not explained by the ANOVA model. In order to evaluate whether the effect of a factor/interaction on the data variation is statistically significant, the sum-of-squares of the corresponding sub-matrix is computed as in Eq. 2:

SSQ = || || ∀ = A, B, AB (2) 
with ‖ ‖ denoting the Euclidean norm. SSQ is afterwards contrasted against a nulldistribution non-parametrically estimated by permutation testing [START_REF] Anderson | Permutation tests for multi-factorial analysis of variance[END_REF][START_REF] Vis | Statistical validation of megavariate effects in ASCA[END_REF]. If the observed sum-of-squares is found to be systematically larger than the values of such a null-distribution (p-value<0.05), the tested effect is then assumed to be statistically significant and decomposed by Simultaneous Component Analysis (SCA) as:

= (3)
being and the scores and the loadings matrices resulting from a Principal Component Analysis (PCA) model constructed under the ANOVA scheme constraint.

ASCA will be here utilized in a data fusion context. Despite data fusion has been widely exploited in, e.g., classification or regression problems [START_REF] Biancolillo | Data Fusion Strategies in Food Analysis[END_REF], there is no reported application of ASCA for the analysis of fused data sets in literature. Given the complementary nature of the information provided by Raman and MIR spectroscopy, the individual spectroscopic data obtained by these two modalities will be integrated at a low-level for a more comprehensive description of the ageing process of cheddar cheese.

Results and discussion

To prevent results from being biased due to between-modality spectral intensity differences, Raman and IR spectra (data blocks #1 and #2) were first normalized by their corresponding Frobenius' norm. Afterwards, a single row-wise augmented matrix was constructed by horizontally concatenating blocks #1 and #2. As detailed in Section 2.3, the augmented data were mean-centred prior to the application of ASCA and then partitioned as in Eq. 1. 1000 permutation rounds were performed to assess whether the effect of the two considered factors and their interaction was statistically significant or not (note that permutations were carried out on the sum of each factor/interaction matrix and the residuals of the ASCA model). , and explained 9.25%, 44.21% and 19.13% of the total data variance, respectively. For the effect of factor A (storage temperature), permutation testing returned a p-value<<0.05.

was therefore decomposed as in Eq. 3 and SCA scores accounting for within-level sample variability were estimated as [START_REF] Zwanenburg | ANOVA-Principal Component Analysis and ANOVA-Simultaneous Component Analysis: a comparison[END_REF]

: = + (4)
The representation of the aforementioned scores in Figure 2a permits to better highlight the difference between the samples characterized at the two different storage temperature conditions1 .

[INSERT FIGURE 2 HERE]

In order to evaluate which spectral features were mainly responsible for such a differentiation, the loadings in Figures 2b and2c were also investigated. Basically, only few scattered variables of the Raman spectra (block #1) significantly contribute to the effect of factor A, while multiple spectral bands of the MIR data (block #2) are pointed out as directly associated to it. These latter bands are located between 1400 and 1800 cm -1 , a range representative of signals generated by C-H and C-O ester linkage of lipids [START_REF] Rodriguez-Saona | Rapid Determination of Swiss Cheese Composition by Fourier Transform Infrared/Attenuated Total Reflectance Spectroscopy[END_REF][START_REF] Subramanian | Rapid Prediction of Composition and Flavor Quality of Cheddar Cheese Using ATR-FTIR Spectroscopy[END_REF][START_REF] Smith | Raman imaging processed cheese and its components: Raman imaging processed cheese and its components[END_REF] and C=O stretching mode of lipids and Amide I and II modes of peptides and amino acids (1500-1755 cm -1 ). This can be reasonably interpreted considering that soluble peptides and amino acids result from the degradation of primary proteins and polypeptides during the evolution of the proteolysis process in cheddar cheese [START_REF] Swearingen | Factors Affecting Calcium Lactate and Liquid Expulsion Defects in Cheddar Cheese[END_REF]. Highlighted is also the C-O ester linkage of lipids mode at around 1150 cm -1 . Some studies reported, in fact, that carotenoids tend to degrade and isomerize depending on the temperature they are subjected to [START_REF] Colle | Carotene Degradation and Isomerization during Thermal Processing: A Review on the Kinetic Aspects[END_REF]. In addition, temperature directly affects the catabolism of fatty acids (lipolysis), which are converted into esters, methyl ketones, lactones and secondary alcohols. In this regard, it is worth recalling that large amounts of high-molecular mass lactones due to fatty acids catabolism have been detected in rancid cheddar cheese by [START_REF] Thierry | Lipolysis and Metabolism of Fatty Acids in Cheese[END_REF]. The effect of factor B (ageing time) and of the interaction between factor A and factor B were also found to be statistically significant by permutation testing (p-value<<0.05). In Figure 3, the longitudinal plots of the + scores (see also Eq. 4) together with their corresponding loadings profiles are graphed. In contrast to what was observed for , two SCA components (denoted SC #1 and SC #2) can be calculated for as the variation of factor B is spanned at three different levels. Longitudinal plots show the evolution over time of the two SCA component scores. Along SC #1 (see Figure 3a), a clear effect related to the transition between early and late ripening can be observed (see, in particular, the negative score value for day 12). For both Raman and MIR data, the SC #1 loadings (see Figures 3b and3e) pinpoint that almost all the main spectral bands are somehow relevant for explaining such an effect: the phenylalanine band at around 1000 cm -1 (this amino acid is catabolized by lactic acid bacteria and its degradation products are associated to off-flavours in cheddar cheese - [START_REF] Yvon | Cheese flavour formation by amino acid catabolism[END_REF], the C-C stretching band at around 1160 cm -1 , the antisymmetric phosphoryl stretching band at around 1190 cm -1 and the C=C mode of βcarotene at around 1520 cm -1 . On the other hand, a distinction between the first and the second half of the ageing process can be evidently observed along SC #2 (see Figure 3d), which can be somehow explained in the light of a possible change in the concentration of several chemical constituents of the cheddar sample along time.

[ INSERT FIGURE 3 HERE] In a last step and as recommended in previous works [START_REF] De Luca | Characterization of the effects of different roasting conditions on coffee samples of different geographical origins by HPLC-DAD, NIR and chemometrics[END_REF], SCA was performed on + to more systematically explore how the time evolution of the ripening process of cheddar cheese is affected by the different storage conditions. In Figures 4a and4d, + scores longitudinal plots are represented for the first two extracted factors. The dotted-dashed blue lines relate to the longitudinal behaviour of the samples stored at 4°C (level #1 of factor A), while the dashed red lines describe the longitudinal behaviour of the samples stored at 25°C (level #2 of factor A). Here, SC #1 highlights that the two groups of specimens evolve according to a similar trend during ageing, but that such a trend is shifted to longer times at 4°C. This means that i) similar chemical reactions take place at both 4°C and 25°C and ii) these reactions are delayed at lower temperatures. Such an effect is even clearer if one has a look at the SC #2 scores longitudinal plot, that is a further evidence of the strong significance of the combined effect of storage temperature and ripening time on cheddar ageing. On day 10, the samples stored at 25°C exhibit a strong deviation (along SC #1) from what would be a smooth temporal evolution. This deviation is associated to some spectral differences detected between 990 and 1100 cm -1 (not shown), which may stem from the formation of specific chemical species subsequently undergoing degradation (most probably fatty acids). For the sake of interpretation, as the + loadings profiles along SC #1 and SC #2 for both data blocks in Figures 4b,4c, 4e and 4f indicate, phenylalanine and carotenoids spectral bands appear to have the most meaningful contributions to both components.

[INSERT FIGURE 4 HERE]

Conclusion

In this article, the effect of storage temperature and ripening time on the chemical composition of cheddar cheese during ageing were investigated by means of two complementary spectroscopic modalities, Raman and MIR, coupled to ANOVA-Simultaneous Component Analysis. The spectral data were acquired following an upstream experimental protocol designed and fused at low-level to provide more comprehensive description of the aforementioned process, which highlighted the occurrence of both proteo-and lypolisis phenomena in a non-destructive, relatively cheap, rapid and green fashion. Altogether, the reported outcomes showed the proposed strategy is an easily implementable tool that could possibly be widely applied for food quality control in both laboratory and industrial scenarios. 
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It is important to stress that as factor A was varied at

distinct levels (4°C and 25°C), only one SCA component can be estimated.
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