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Abstract

:

A rapid and efficient technique was applied, which used an electronic nose based on a mass detector (MS-based e-nose) combined with headspace solid-phase microextraction sampling and chemometric tools to classify beer samples between fresh and aged and between samples contained in aluminium cans or glass bottles, and to predict the shelf life of beer. The mass spectra obtained from the MS-based e-nose contained details about volatile compounds and were recorded as the abundance of each ion at different mass-to-charge (m/z) ratios. The analysis was performed on 53 naturally aged samples for eleven months without light and with a controlled temperature of around 14 °C ± 0.5 °C. Principal component analysis (PCA) was performed on the data and showed a grouping of samples between fresh and aged. Partial least square discriminant analysis (PLS-DA) allowed the discrimination of fresh from aged beers but could not discriminate between the samples according to the type of packaging. Finally, partial least squares regression (PLSR) proved to be an effective method for predicting beer shelf life.
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1. Introduction


Beer aroma is defined by an intricate blend of volatile compounds that exhibit a diverse range in nature and concentration levels. Chemical compounds derived from raw ingredients such as malt, hops, and yeast are extracted during the brewing process [1]. The influence of each compound on the sensory experience of the final product depends on the balance between its concentration level and sensory threshold. This directly affects their odour activity [2].



Beer aroma is one of the most determinant factors of its quality. During its shelf life, the beer undergoes chemical reactions that can affect the aroma, leading to a decrease in sensory quality [3]. Due to its complexity, beer ageing is considered an important quality issue for the brewing industry since the rate of chemical reactions that occur during beer storage is determined by internal (e.g., raw material, brewing techniques, oxygen content, pH, and key odorants), and external factors (e.g., packaging, vibration, temperature, and light) [3,4,5,6].



To evaluate the aroma of a beer during its shelf life, different methods based on specialised equipment, such as gas chromatography (GC), gas chromatography–mass spectrometry (GC-MS), gas chromatography with olfactometric detection (GC-O), and high-performance liquid chromatography (HPLC), among others, can be used [7,8]. Ncube et al. [9] studied the deterioration of an opaque traditional African beer using stir bar sorptive extraction and gas chromatography–high-resolution mass spectrometry. The study aimed to detect and monitor the changes in 84 volatile compounds throughout the day/shelf-life period. An additional example of the use of the gas chromatography technique is demonstrated in the research conducted by Ferreira et al. [10], where the authors monitored the impact of storage conditions on the chemical profile in beer samples using headspace solid-phase microextraction gas chromatography coupled to mass spectrometry (HS-SPME-GC/MS) and HS-SPME-GC-O. Samples were subjected to a controlled temperature of 37 °C ± 1 °C for 7 and 14 days to replicate warm storage conditions. Additionally, samples were stored at 20 °C ± 1 °C and 4 °C ± 1 °C.



In some cases, a sensory panel is used in combination with instrumental and physicochemical methods to identify and quantify the aroma descriptors in beer. In the study of Schubert et al. [11], the authors analysed the evolution of some volatiles present in lager and India pale ale (IPA) in different storage conditions (room temperature, cold storage, and forced ageing) to understand how the ageing process influences the chemistry and flavour of hoppy ale-style beers. The authors used gas chromatography and physicochemical and sensory analyses to evaluate the samples. The authors concluded that noticeable increases in certain staling aldehydes were observed during storage. Moreover, the concentration of some volatiles in the hop aroma, such as terpenoids (e.g., linalool and geraniol), remained relatively constant throughout storage, mitigating the perception of “oxidised” qualities in ales with high concentrations of these compounds. By contrast, the hop aroma in certain ales was influenced by more volatile compounds, such as esters, known for their lower stability. Wauters et al. [12] tracked the evolution of 41 key aroma compounds during the ageing of a re-fermented beer using gas chromatographic techniques and sensory analysis. The authors used headspace gas chromatography with flame ionisation detection (HS-GC-FID) and HS-SPME-GC-MS to quantify esters and alcohol, as well as aldehydes and terpenes, respectively. The sensory analysis performed was a similarity test via a set of forced-choice triangle tests in a randomised block design. Barnet and Shellhammer [13] evaluated the impact of dissolved oxygen and ageing on dry-hopped aroma stability in beer using gas chromatography and sensory analysis to understand the degree to which this dissolved oxygen affects the chemistry of dry-hopped beer. In the study, commercially brewed dry-hopped beers were dosed with oxygen to create a range of dissolved oxygen concentrations from approximately 40 to 250 µg/L and then stored at 3 °C and 30 °C. In addition to physicochemical analysis, GC–MS was used to measure the hop aromas, and a trained panel was used to describe the samples. Another example of using these techniques to evaluate the aroma profile during ageing can be found in Saison et al. [14], where the effect of 26 staling compounds on the flavour of aged beer was studied by determining their threshold values to assess the impact of these chemical compounds on beer flavour. The authors used an untrained and a trained panel to determine the threshold of added substances and headspace solid-phase microextraction coupled to gas chromatography–mass spectrometry (HS-SPME/GC–MS) to determine the concentration of flavour compounds. Additionally, a trained panel of eight members was used to perform a sensory analysis of fresh and forced-aged beers. In a previous study [15], we applied gas chromatography with mass spectrometric detection (GC–MS) in combination with a sensory evaluation test to monitor and compare the evolution of the aroma profile in beer stored in aluminium cans and glass bottles during the natural ageing of beer under controlled conditions of light and temperature. The results showed that through olfactometric analysis, panellists were able to distinguish each beer by the type of container. On the other hand, the results from the instrumental analysis indicated that the samples could not be distinguished based on the type of container but rather by the duration of the ageing process. A prediction model was built to determine the ageing time of the samples with an error of 1.1 months.



Due to the costly and time-consuming nature of the chromatographic and sensory analysis approaches, particularly the latter, which is susceptible to assessor fatigue and subjectivity, alternatives are sought [7,16,17,18]. In this paper, we propose an alternative method centred on using an electronic nose (e-nose) based on the mass spectrometry (MS) detector. An e-nose is a device designed to mimic the human sense of odour by analysing the chemical signature of volatile compounds [19,20]. The sensor array output is processed through pattern recognition algorithms that analyse the unique pattern of sensor responses, creating a distinctive fingerprint of the volatile fraction in the sample [21]. In the case of an MS-based e-nose, the responses are the abundances of the total fragmented ions at different mass-to-charge (m/z) ratios without prior chromatographic separation [22]. The e-nose combined with headspace solid-phase microextraction (HS-SPME) as a sampling system provides a representative mass spectrometric fingerprint of the volatile fraction of the sample. As the MS-based e-nose has proven to be an efficient and rapid method to classify and characterise beers from different factories and brands using the aroma profile of the product [6,23,24,25,26], in this study, we propose to investigate whether the technique is also capable of classifying beer according to the type of container, aluminium can or glass bottle, and the time of storage, fresh or aged. We also aimed to build a prediction model of the beer’s shelf life and compare the results with those obtained in our previous study to confirm the efficacy of this technique.




2. Materials and Methods


2.1. Samples


Since one of the aims of this study was to confirm the efficacy of the MS-based e-nose to predict each beer’s shelf life by comparing the results with those obtained in our previous study [15], all the samples used in both studies were of the same commercial brand and were received from the brewery company or bought in a supermarket and stored at the same time in the same storage conditions described below. The samples were analysed in three periods during their shelf life: fresh, after 6 months of ageing, and after 11 months of ageing.



For this study, a total of 108 samples of commercial lager-styled beers packaged in aluminium cans (54 samples) and glass bottles (54 samples) were sourced directly from a local brewery in optimal freshness, featured an alcohol content of 5.4% v.v., and were employed in controlled natural ageing experiments. The samples were aged for 11 months without light at 14 °C ± 0.5 °C. Eighteen samples were used in each ageing period analysis.



Additionally, forty lager beers of the same brand (20 in aluminium cans and 20 in glass bottles) were bought in optimal freshness (less than one month of packaging) from a local supermarket to have fresh samples when analysed after 6 and 11 months of storage.



Before analysis, ultrasonication at 0 °C (to avoid the loss of aroma compounds) was employed to degas all beer samples for 15 min. The preparation and analysis of each sample was performed in triplicate.




2.2. Sampling System: Headspace Solid-Phase Microextraction (HS-SPME)


The SPME holder, for manual sampling, and the StableFlex Divinylbenzene/Carboxen/Polydimethylsiloxane (DVB/CAR/PDMS) 50/30 μm fibre used in this investigation were purchased from Supelco (Bellefonte, PA, USA). Before use, all fibres underwent conditioning, and they were thermally cleaned between analyses by placing them into the GC injection port at the temperature specified by the producer.



The conditions for headspace extraction were 10 mL of sample placed into a 20 mL glass vial with 3.2 g of NaCl to achieve saturation. The vials were tightly sealed with PFTE/silicone septa in a nitrogen atmosphere. In order to establish the equilibrium of volatile compounds between the liquid and the headspace, the samples were maintained at 40 °C for 15 min. Then, the extraction and concentration of the volatile compounds using the HS-SPME were carried out under continuous magnetic stirring at 40 °C for 1 h.




2.3. MS-Based e-Nose Analysis


Beer samples were analysed using an MS-based e-nose from Agilent Technologies (Palo Alto, CA, USA), composed of a 7890B gas chromatograph system coupled to a 5777B mass spectrometer detector equipped with a high-efficiency source (HES) analyser. As the role of the gas chromatograph was to convey the volatiles from the injection port to the MS detector, the HP-5MS apolar analytical column (30 m × 0.25 mm × 0.25 µm) was kept at an appropriate temperature to ensure the rapid transfer of volatiles to the MS within less than 5 min, thereby preventing chromatographic separation. The oven temperature program, designed to transfer the volatiles to the MS within the shortest timeframe, was 70 °C (1 min), 70 °C·min−1 to 180 °C (2.5 min). The carrier gas was helium with a flow rate of 1.6 mL·min−1. The injection was made at 270 °C in the splitless mode for 1 min using an inlet of 1.5 mm i.d. The mass spectra were recorded by electronic impact (EI) ionisation at 70 eV with a temperature of 230 °C in the ion source and 150 °C in the mass quadrupole. The mass-to-charge ratio range (m/z) used was 50–150. Ratios below 50 m/z were excluded from the analysis to prevent interference from ethanol, the most abundant volatile compound (approx. 5%).




2.4. Chemometric Methods


The mass spectra fingerprints obtained from the analysis contain information about the whole volatile fraction of the sample and are presented on a plot illustrating the mass fragments (m/z) along the selected mass range on the X-axis, with the ion abundances for the mass fragments depicted on the Y-axis.



The data obtained were exported from the HS-SPME MS-based e-nose to an Excel table and were structured in a matrix of 53 rows (samples) × 100 columns (m/z ratios). The chromatographic values of the matrix were the values of the m/z ratios. Before the chemometric analysis, the spectra were pre-processed, as the difference between the highest and lowest peaks was significant, thus, affecting the analysis. The values of each m/z were divided by the total sum of the m/z values contained in the matrix. Then, the data were auto-scaled (i.e., mean-centred and standardised to unit variance).



First, principal component analysis (PCA) was applied to the matrix to visualise the data and to detect sample groups or trends. Then, partial least squares discriminant analysis (PLS-DA) was used to discriminate between fresh and aged beers and beer contained in aluminium cans or glass bottles. Finally, partial least squares regression (PLSR) was used to build a model relating the mass spectra to the ageing months, that is, to predict the freshness of the product during its shelf-life under optimal storage conditions and independently of the type of packaging.



All calculations were performed using PLS Toolbox v8.7 (Eigenvector Research Inc., Eaglerock, LA, USA) with MATLAB R2021a (The MathWorks, Natick, MA, USA).





3. Results


3.1. MS-Based e-Nose Analysis


The configuration of the HS-SPME sampling system is thought to maximise the sensitivity of the analysis, as SPME allows extracting and, unlike a static headspace, concentrating analytes in a single step. Although there is no strict chromatographic separation with the MS-based e-nose, there is a delay during the transfer of the volatile fraction from the injection port to the mass spectrometer. The mass spectrum is the sum of the abundances for every ion recorded in the time interval during the volatile transfer from the injector to the mass spectrometer plotted against their mass-to-charge ratios (m/z). As mentioned above, the range of m/z used was from 50 to 150 to avoid the effect of ethanol (m/z = 45 and 46) and because the main aromatic compounds in beer have fragment ions in that m/z range.



Figure 1 shows the mass spectrum of a given sample at different ageing times. In this figure, it can be observed that the mass spectra of the fresh samples from the brewery and the supermarket are different from each other. It can also be observed that the samples aged 6 and 11 months show just a slight variation in the peak area of some m/z ratios.




3.2. Chemometric Methods


3.2.1. Principal Component Analysis (PCA)


PCA was used for a preliminary observation of the MS data. This chemometric tool reduces the dimensionality of the original data matrix by compressing the information into a few new variables called principal components (PCs), which helps to reveal groups and trends in the data and highlight outlier samples. The two main plots obtained from PCA are the score and loading plots, which show the projection of the samples and variables onto the new PC space, respectively.



A first PCA was applied to the complete dataset and revealed the presence of outlier samples. After careful inspection of the data, we observed that the spectrum of some samples was different (lower abundance values) from other samples in the same group, so we decided to remove these samples and perform the analyses. Figure 2 shows the PCA score plot of the new dataset for the first two PCs.



It can be observed that the two first PCs can explain 80% of the original information. In Figure 2A, we can observe no grouping between the aluminium cans or glass bottles. On the other hand, in Figure 2B, the first principal component (PC1) shows a separation between the fresh and aged samples: The fresh samples from the brewery resided more in the centre, and the fresh samples bought in a supermarket were more to the left of the plot. The six and eleven-month-aged samples on the right side of the plot appear to cluster together.




3.2.2. Partial Least Squares Discriminant Analysis (PLS-DA)


Based on the promising PCA results, where some differentiation was observed between samples according to ageing time, we decided to apply PLS-DA to check if we could discriminate the data set between samples packaged in aluminium cans and glass bottles and between fresh and aged samples.



PLS-DA is a discriminant method that is based on the partial least squares regression (PLSR) algorithm described below. To classify the samples, the PLS-DA model is built by correlating the matrix X of predictor variables (abundances at the different m/z ratios in this case) with a vector y of dummy variables, zeros and ones, in a two-class problem, as in this work. In the first case, a value of 0 was assigned to aluminium cans and 1 to glass bottles. In the second case, the value 0 was assigned to the fresh samples and 1 to the aged samples. The PLS-DA models were built with auto-scaled spectra and validated using the random subsets cross-validation technique. The optimal number of latent variables (LVs) of the model was determined based on the minimum number of misclassified samples in the cross-validation set, resulting in models with two LVs (model fresh vs. aged samples) and two LVs (model aluminium cans vs. glass bottles). Figure 3 shows the results of the classification models. Figure 3A shows that the PLS-DA model could not discriminate between samples packaged in aluminium cans and glass bottles, with 14 misclassified samples in the validation set. However, the model in Figure 3B shows that PLS-DA allows discriminating fresh from aged beers, with a 100% correct classification for the validation set of samples.



A classification model was attempted to classify the samples aged 6 and 11 months, motivated by the observation that these samples tended to cluster together (PCA shown in Figure 2B). However, the accuracy of this classification model was not satisfactory.




3.2.3. Partial Least Squares Regression (PLSR)


Finally, in order to predict beer shelf life, PLSR was used. The best model was found using three ageing classes: Class 1: 0 months (fresh samples from a brewery), Class 2: 1 month (fresh samples from a supermarket), and Class 3: 6 and 11 months aged samples. A regression model was built between the X-matrix (abundances of the different m/z ratios) and a y-vector containing the ageing classes: Class 1, Class 2, and Class 3. The model was cross-validated using random subsets. The optimal number of latent variables (LVs) of the model was determined based on the minimum value of the prediction error for the cross-validation set and expressed as the root mean square error of cross-validation (RMSECV):


  R M S E C V =      ∑  i     n   t        (   y   t , i   −     y  ^    t , i   )   2         n   t       











      y  ^    t , i     is the months predicted by the models,     y   t , i     is the actual months, and nt is the number of samples in the cross-validation set. RMSECV is an estimation of the average error to be expected in future predictions when the calibration model is applied to new samples.



Figure 4 shows the plot for the predicted vs. actual values for the validation set and some model parameters. The average prediction error to be expected for ageing time using this model is around 0.46 months for a model with three LVs. This means that a beer less than 11 months old could be safely predicted to be within its shelf life (1 year).






4. Discussion


By observing the chemometric results of the PCA in Figure 2, it could be seen that the samples clustered according to their freshness but not according to the type of packaging used (aluminium can or glass bottle), as in our previous study mentioned above. The mass spectra of the samples in Figure 1 exhibit slight variations corresponding to the degree of product ageing. This trend was assessed and verified by the PLS-DA models. Two PLS-DA models were developed to classify samples based on their type of packaging (aluminium can and glass bottle) and their shelf-life ageing (fresh vs. aged). The results showed that the PLS-DA model can classify samples based on their ageing with a success rate of 100% but cannot classify the samples based on their type of packaging, misclassifying 35% of the samples.



During beer shelf life, the balance between the aromatic compounds of the volatile matrix changes; thus, the aromatic profile of a freshly packaged beer is not the same as that of a beer that has been stored [27]. Beer flavour begins to decline almost immediately after the production process concludes [28]. According to the literature [28,29,30,31], the changes during storage in the volatile matrix of a beer that leads to the degradation of its aroma are directly related to the storage conditions of light and temperature. Paternoster et al. [31] created a model to simulate the impact of temperature and time on the sensory quality of lager beer. The authors analysed data from lager beers stored between 20 and 30 °C for up to 365 days. The results indicate that at the lowest temperature, the degradation of the quality of a lager beer occurs to some extent. On the other hand, at 30 °C, the sensory quality of the product degrades faster, thus, reducing its shelf life. This could explain the difference between the fresh samples from the brewery and those bought in the supermarket. The samples delivered from the brewery were kept in darkness at a controlled temperature of 14 °C ± 0.5 °C. In contrast, samples bought in the supermarket were kept in the conditions of light and temperature imposed by the supermarket, that is, exposed to light and kept at room temperature (20 °C ± 0.5 °C). Therefore, varying storage conditions can result in different sensory attributes.



Beer flavour evolves over time due to chemical reactions that involve the consumption of reactants. The speed of this process diminishes as the available reactants become restricted following a period of ageing [31]. This observation could explain the pattern of grouping observed in the PCA plot—Figure 2B—for the six- and 11-month samples. The alterations in the volatile composition of the samples after six months of ageing could have been less pronounced compared to the changes observed in the samples up to that point. Consequently, this led to the volatile composition of the 11-month samples resembling that of the samples aged 6 months.



The evolution and stability of beer flavour during its shelf life and the speed with which this evolution occurs depend on factors such as raw materials, content of dissolved oxygen, light, and temperature. Although aluminium cans and glass bottles share the common purpose of protecting and preserving the product’s quality, they inherently differ in terms of material composition, UV light protection, oxygen pick-up, and permeability [27,32,33]. According to Fromuth et al. [27], the differences between aluminium cans and glass bottles affect the potential risk of numerous chemical reactions during ageing, considering the type of container as a variable that affects beer flavour stability. They studied the impact of the type of container on beer stability by employing a non-targeted metabolomic strategy in two relevant styles of craft beer—amber ale and India pale ale (IPA). Notable differences between cans and bottles were found in amber ale beer, whereas such differences were not observed in IPA beer, leading to the conclusion that the influence of packaging depends on beer style. The results from this study help clarify the reason for the non-distinction between cans and bottles in our chemometric study. This stands in contrast to other studies involving the lager-styled beers [32,33], where beers in aluminium cans and glass bottles exhibit significant differences in the volatile matrix during ageing. In other words, the manner in which beer undergoes changes throughout its shelf life in various types of containers is influenced by storage conditions, the brewing process, and the raw materials used in the style of beer.



The PLSR model was implemented to predict the beer shelf life. It showed a determination coefficient of R2 = 0.967 and could predict the ageing time of a beer with an error of around 0.4 months. This prediction error is much lower than the 1.1 months obtained in our previous study. The results of the PLSR model showed the potential application of the MS-data e-nose in assessing the freshness of a beer during its shelf life.




5. Conclusions


Conventional methods for the comprehensive characterisation and prediction of beer shelf life are both time-consuming and expensive, needing the expertise of experienced professionals. In this study, we introduce a swifter and more efficient method, using an MS-based e-nose and multivariate analysis, to classify beers according to packaging type or freshness and to forecast the beer’s shelf life by examining alterations in the volatile matrix of the samples. PLS-DA was used to classify the samples into fresh and aged with very good classification results, and PLSR was used to create a model to predict beer shelf life. The results showed that MS-based e-nose coupled with multivariate analysis seems to be a rapid, efficient, and effective tool for distinguishing between beer samples based on their storage duration and predicting the shelf life of samples.
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Figure 1. Comparison of the mass spectra of a given sample at different ageing times. 
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Figure 2. Score plot of the first two principal components in the PCA model (A): Aluminium can (Class 0) vs. glass bottle (Class 1). (B): Fresh samples (Class 0) vs. aged samples (Class 1). Green ellipse: fresh samples bought in a supermarket; red ellipse: fresh samples from a brewery; yellow ellipse: 6-month aged samples; blue ellipse: 11-month aged samples. 
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Figure 3. Results of the PLS-DA models. (A) Aluminium can (grey) vs. glass bottle (red); (B) Fresh samples (from brewery and supermarket) (grey) vs. aged samples (6 and 11 months aged) (red). 
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Figure 4. Plot of predicted vs. actual values for the validation set and some parameters of the PLSR model. Class 1: 0 months (fresh samples from a brewery); Class 2: 1 month (fresh samples from a supermarket); Class 3: 6- and 11 months-aged. Red line: regression line. Green line: target line. 
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