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Abstract

:

The quality of probiotics has been associated with bacteria and yeast strains’ contents and their stability against conditioning factors. Near-infrared spectroscopy (NIRS), as a non-destructive, fast, real-time, and cost-effective analytical technique, can provide some advantages over more traditional food quality control methods in quality evaluation. The aim of our study was to evaluate the applicability of NIRS to the characterization and viability prediction of three commercial probiotic food supplement powders containing lactic acid bacteria (LAB) subjected to concentration and temperature conditioning factors. For each probiotic, 3 different concentrations were considered, and besides normal preparation (25 °C, control), samples were subjected to heat treatment at 60 or 90 °C and left to cool down until reaching room temperature prior to further analysis. Overall, after applying chemometrics to the NIR spectra, the obtained principal component analysis-based linear discriminant analysis (PCA-LDA) classification models showed a high accuracy in both recognition and prediction. The temperature has an important impact on the discrimination of samples. According to the concentration, the best models were identified for the 90 °C temperature treatment, reaching 100% average correct classification for recognition and over 90% for prediction. However, the prediction accuracy decreased substantially at lower temperatures. For the 25 °C temperature treatment, the prediction accuracy decreased to nearly 60% for 2 of the 3 probiotics. Moreover, according to the temperature level, both the recognition and prediction accuracies were close to 100%. Additionally, the partial least square regression (PLSR) model achieved respectable values for the prediction of the colony-forming units (log CFU/g) of the probiotic samples, with a determination coefficient for prediction (R2Pr) of 0.82 and root mean square error for prediction (RMSEP) of 0.64. The results of our study show that NIRS is a fast, reliable, and promising alternative to the conventional microbiology technique for the characterization and prediction of the viability of probiotic supplement drink preparations.
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1. Introduction


The traditional definition of probiotics is that they are live microorganisms that, when administered in adequate amounts, confer health benefits to the host by positively balancing microbiota and their activity in the gastrointestinal (GI) tract [1,2]. An imbalance of the microbiota has been associated to more than 25 diseases in the gastrointestinal system, autoimmune disease, and emotional health, among others [3]. Probiotics are usually used for the prevention and treatment of conditions, including inflammatory bowel diseases (IBD), diarrhea, and liver diseases. They also play an essential role in host metabolism by reducing the risk of various metabolic disorders, such as cardiovascular diseases, hypertension, obesity, arteriosclerosis, and cancer, and slow down the aging process [4,5].



Probiotics are generally associated with beneficial bacterial and yeast strains. Bacteria of the genus Bifidobacterium, Lactobacillus, and Streptococcus are regarded as probiotic bacteria; nevertheless, yeast, such as Saccharomyces, also have probiotic potential [6,7,8]. Bacteria of the Lactobacillus genus are widely used as a probiotic strain by various companies for the production of a variety of functional food products. Recent studies have reclassified species from Lactobacillus into 26 genera due to their high genetic heterogeneity, resulting in the probiotic supplement market being comprised of former lactobacilli or “ex-Lactobacillus” species [9]. Some of the important probiotic bacteria after reclassification include: Lactobacillus acidophilus, Levilactobacillus brevis, Lacticaseibacillus casei, Lactobacillus crispatus, Latilactobacillus curvatus, Lactobacillus delbrueckii, Limosilactobacillus fermentum, Lactobacillus gasseri, Lactobacillus helveticus, Lacticaseibacillus rhamnosus, Lactobacillus johnsonii, Lactiplantibacillus plantarum, Lacticaseibacillus paracasei, Limosilactobacillus reuteri, and Lacticaseibacillus rhamnosus [5,10,11].



For dietary supplements, probiotics are primarily utilized in a freeze-dried powder format. They are usually presented in capsules, tablets, and powder in stick packaging or sachet formats and stored in ambient conditions [12,13]. Dietary supplement products must provide the probiotic count on the label during the shelf life of the product. This ensures that the consumer receives the adequate dose of probiotics that was reported to result in the health claims or the otherwise suggested health benefit [1,14,15]. It is important to characterize the stability of each strain to determine the minimal count of each component strain in a multi-strain formulation and to ensure the proper amount of overage is added during the production of the dietary supplement format. However, this is challenging, especially in the case of various strains from the same species. Up to date, there have been no reported methods that are reliable and can be generally applied.



Several methods have been applied for the characterization of probiotics [12]. The most common methods are molecular-based techniques, such as quantitative real-time PCR, fluorescent-activated cell sorting (FACS), reverse transcription (RT-PCR), and 16S and 23S ribosomal DNA sequencing [16]. Recently, matrix-assisted laser desorption/ionization time-of-flight mass spectrometry (MALDI-TOF MS) has been reported as a rapid, cost-effective, and accurate analytical technique for the identification and classification of numerous bacterial species. MALDI-TOF MS was successfully used for bacterial identification in probiotics and yoghurts [17]. The combination of capillary isoelectric focusing (CIEF) in tapered fused silica (FS) with MALDI-TOF MS was proven to be an efficient approach for the identification of probiotic bacteria from cow’s milk [18]. Raman spectroscopy has also been used for the direct identification of microorganisms isolated from various foods, including commercial probiotics [19]. The effect of probiotic-assisted antibiotics treatment on the body’s state was evaluated using the mid-infrared spectroscopy technique by analyzing the breath [20].



Another important aspect that influences the dose of probiotics that the consumer receives is factors that decrease the viability of probiotics. Temperature is an important factor that can reduce the quality of probiotics. Therefore, companies and researchers have considered the thermal stability of probiotics. Heat stress affects a number of regions and processes that are crucial to microbial activity and growth. Lactic acid (LAB) species are generally sensitive to temperatures above 50 °C, although the thermal tolerance appears to be strain and species specific [21,22,23]. Studies on LAB survival and adaptations at high temperatures have shown that some species are able to survive in high temperatures between 45 and 80 °C [23,24].



Different approaches have been used by researchers to test the thermal resistance of probiotics, including simulation of probiotic growth under different fermentation temperatures and the thermal stability of probiotics under manufacturing, storage, and transport conditions, among others. For instance, regarding probiotic manufacturing, testing of spry-dried LAB subjected to elevated growth temperatures showed that after heat treatment at 60 °C, the survival of heat-adapted L. cremoris and L. rhamnosus GG increased by 0.7–1.5 and 0.3 log, respectively [25]. In an evaluation of the preservation of LAB probiotics using 3 double-microencapsulation methods, microencapsulated LAB subjected to the 3 methods showed better tolerance of high temperatures (60 °C for 60 min, 70 °C for 30 min, and 80 and 100 °C for 30 s) compared to free cells [26]. Moreover, from several strains, L. casei showed the highest alfa-galactosidase stability in a study that tested potential probiotics and corresponding alfa-galactosidase for bean products [27]. On the other hand, regarding fermentation and storage conditions, an evaluation of probiotic lactic beverages (21 days at 7 °C) showed that fermentation temperatures of 37 °C are preferred over 45 °C as they provide better storage stability [28]. Moreover, probiotics’ stability is significantly impacted by the storage temperature, for which 4 °C has shown the best viability preservation of probiotic dried powder [29].



Regarding near-infrared spectroscopy (NIRS), which is a non-destructive, quick, and real-time analytical method, there are reports showing that it has good potential for probiotics characterization. It has been used for LAB probiotic bacteria identification during different growing stages [30,31]. NIRS has also been proposed as a good alternative for yogurt production control by studying LAB fermentation [32]. Moreover, NIRS has been used to determine the influence of temperature in aqueous solutions, for instance, to determine the macronutrient stability of pasteurized and unpasteurized human milk [33]. It has also been tested for the assessment of the quality of infant formula under different temperatures during preheating and storage [34]. However, there is a lack of substantial information regarding the influence of the water temperature applied to the probiotic supplement just before consumers’ intake.



The aim of this study was to characterize the viability of different concentrations of commercial probiotic products containing LAB strains subjected to water at different temperatures by means of near-infrared spectroscopy. Furthermore, we aimed to correlate the results from microbiology analysis of probiotics with NIRS results and develop accurate models for viable counts (log CFU/g) prediction by applying chemometrics (PCA, PCA-LDA, and PLSR).




2. Materials and Methods


2.1. Sample Preparation


Three commercial probiotic food supplements in a powder format were used for this investigation. They were named probiotic N (Istanbul, Turkey), P, and A (Budapest, Hungary). Probiotic P and A belongs to the same commercial brand. Meanwhile, probiotic N belongs to a different brand. The label of probiotic N product states 2.5 × 109 CFU/2 g of powder, including 5 types of bacterial strains: Lactobacillus acidophillus, Lacticaseibacillus rhamnosus, Enterococcus faecium, Bifidobacterium bifidum, and Bifidobacterium longum. The probiotic P product label declares 7.5 × 109 CFU/3 g of powder, including 9 types of microorganisms: Bifidobacterium bifidus W23, Bifidobacterium lactis W51, Bifidobacterium lactis W52, Lactobacillus acidophilus W22, Lacticaseibacillus casei W56, Lacticaseibacillus paracasei W20, Lactiplantibacillus plantarum W62, Ligilactobacillus salivarius W24, and Lactococcus lactis W19. The probiotic A label states 3 × 109 CFU/3 g of powder, including 6 types of microorganisms: Bifidobacterium lactis W51, Enterococcus faecium W54, Lactobacillus acidophilus W55, Lacticaseibacillus casei W56, Ligilactobacillus salivarius W57, and Lactococcus lactis W58.



For each probiotic product, 3 levels of concentration were considered for the drink preparation: C1: 3 g/125 mL, C2: 2.5 g/125 mL, and C3: 2 g/125 mL. The daily doses in the label of the probiotics are 2g for probiotic P and 3 g for both probiotic A and probiotic N, which was considered to establish the tested concentration levels. Additionally, 3 levels of temperature were analyzed: T1: 25 °C, T2: 60 °C, and T3: 90 °C, to model the possible real-life situation in which the consumer prepares probiotic drinks with water at different temperatures. The preparation methodology consisted of weighing the probiotic powder according to the desired concentration and adding distilled water according to the desired temperature level. The samples were then allowed to cool down to near room temperature before proceeding with the selected analysis. The cooling down times for the 60 and 90 °C treatments were 35 and 44 min, respectively. In total, 3 repetitions of each preparation were prepared, resulting in 81 samples for the 3-probiotic products (3 probiotic × 3 concentrations × 3 temperatures × 3 repetitions).




2.2. Microbiological Analysis


2.2.1. Preparation of Active Bacterial Culture


Man, Rogosa, and Sharp (MRS) agar (Biolab, Hungary), a low-selective medium, was applied for cultivation of Lactobacillus spp. with pour plating. For the dilutions, maximum recovery diluents (MRDs) (1 g of bacteriological peptone and 8.5 g of NaCl in 1 L of distilled water) were prepared, after which the prepared products were autoclaved at 121 °C for 15 min.




2.2.2. Enumeration of Bacteria


Each of the prepared samples, according to the probiotic-concentration-temperature combination, were serially diluted in MRD. MRS agar was poured out onto plated the appropriate dilutions. The plates were incubated at 37 °C for 72 h and the number of colonies (log CFU/g) were counted.





2.3. Near-Infrared Spectroscopic Analysis


NIR spectral data of the prepared samples were obtained using a benchtop MetriNIR spectrophotometer (MetriNIR Research, Development and Service Co., Budapest, Hungary), which included a white reflector. A 25 °C thermo-regulated circular cuvette (self-made), with a metallic wall (inner diameter: 5 cm; outer diameter: 8.5 cm) and with 0.4 mm crystal layer thickness, was used to collect the transflectance spectra and in the wavelength range of 900–1700 nm. For the NIRS measurements, 81 prepared samples were scanned in 3 parallels and 3 consecutive scans (each parallelly prepared sample was scanned 9 times, resulting in 27 spectra for each probiotic product and each treatment). A total of 729 scans was obtained, 243 scans for each probiotic product. The sequence of the samples was randomized before NIRS scanning.




2.4. Data Analysis


Viable counts (Log CFU/g) of the samples were determined for statistical analysis. Descriptive statistics and one-way analysis of variance (ANOVA) were applied according to probiotics subjected to different temperature levels by 3 repetitions (3 probiotics × 3 temperatures); the three concentrations were considered as repetitions for this analysis. After significant ANOVA results were found, Tuckey’s test (p < 0.05) was applied to evaluate differences between groups.



The recorded raw NIR spectra were analyzed, and the 950–1630 nm range was selected by eliminating the noisy ends of spectra. Principal component analysis (PCA) was employed to recognize patterns in the multivariate spectra. Principal component analysis-based linear discriminant analysis (PCA-LDA) models were built for classification according to probiotic type, concentration, and temperature groups separately. Principal component (PC) number optimization was performed to determine the optimal PCs to be used as input for the LDA models (PCA-LDA). The optimal number of PCs was determined using three-fold cross-validation. In each step of the cross-validation, the data of one repeat of the samples was left out. The optimal PC number was selected according to the lowest difference between the model building and cross-validation (CV) accuracies and the highest validation accuracy. Then, 2/3 of the data was used for model building while optimal PC and the rest of the data (1/3) were used for external validation. Single and combined spectra pretreatments were evaluated to determine the best possible PCA-LDA models, resulting in a total of 41 evaluated spectra pretreatments. The single spectra pretreatments consisted of Savitzky–Golay (SG) smoothing filter 2nd-order polynomial (13, 17, or 21 points), 1st derivative, 2nd derivatives, multiplicative scatter correction (MSC), standard normal variate (SNV), and de-trending (deTr). Savitsky–Golay smoothing was applied to decrease the spectral noise without disturbing their signal tendency. SNV and MSC permit correction of the undesirable scatter effects of light. De-trending (de Tr) can be referred to as baseline correction [35,36,37,38].



After PCA-LDA results were obtained, the best models were selected according to the spectral pretreatments that allowed the highest CV accuracy percentage. Partial least squares regression (PLSR) models were developed to predict the log CFU/g sample; hence, the NIR spectra were correlated with the microbiology analysis results. The determination coefficient (R2) and root mean square error (RMSE) were established for calibration (R2C, RMSEC), cross-validation (R2CV, RMSECV), and prediction (R2Pr, RMSEP). Then, 2/3 of the data (repetitions R2 and R3) were used to build the PLSR models. Cross-validation was performed by leaving out the spectra of one treatment (probiotic-concentration-temperature) in each step. Finally, the remining 1/3 of the data (R1) were used for the prediction to test the robustness of the final model. The optimal repetition linked to the prediction and best pretreatment combination was selected to obtain the PLSR model with the highest R2Pr for reporting. Additionally, the main contributing wavelengths in the 1950–1630 nm range for the PLSR model were reported. In the present study, R-project software version 4.0.3. (developed by R Core Team. Vienna, Austria. 2020) was used for data analysis [39].





3. Results and Discussion


3.1. Results of the Microbiological Analysis


The results from the microbiological analysis in Figure 1, show the log CFU/g values of the probiotic samples according to the temperature level for each probiotic type.



The highest log CFU/g values were found at 25 °C (room temperature), followed by 60 and 90 °C. This trend was observed for all the probiotic types (N, A, and P). Probiotic survivability is thermal dependent. The majority of Lactobacillus strains that are mesophilic can survive at temperatures under 50 °C. Other strains are thermophiles and can grow at higher temperatures over 50 °C [21,22,23,24,40]. The most marked difference in the microbiological count was shown in the case of probiotic N, which showed an initial count of 9.1 log CFU/g at 25 °C. Meanwhile, at 60 °C, the value was reduced to 6.0 log CFU/g and at the maximum tested temperature of 90 °C, the value decreased to 4.5 log CFU/g. The counts of probiotics A and P differed depending on the temperature, but this difference was less marked than probiotic N. For probiotic A, the log CFU/g was 8.7, 8.1, and 7.5 log CFU/g at 25, 60, and 90 °C, respectively. Meanwhile, for probiotic P, the log CFU/g was 8.6, 7.7, and 5.9 at 25, 60, and 90°C, respectively. Overall, probiotic A was the most thermally stable followed by probiotic P and probiotic N.



The objective of this study was to simulate the influence of the water temperature applied by consumers before the intake of probiotic beverages. For the 60 and 90 °C treatments, the heated water was applied to the probiotics and left to cool down to room temperature. By following this approach, at 60 °C, a 3 log reduction was observed for probiotic N and a 1 log reduction was observed for probiotic A and P. Comparatively, Franz and Holy (1996) [41] evaluated the heat resistance of 3 meat spoilage lactic acid bacteria in vitro and showed that at 60 °C, the D-values were between 15 and 40 s for a 1 log bacteria reduction. On the other hand, and as mentioned by Teoh et al. (2011) [42], in a study on probiotics containing L. acidophilus and L. acidophilus and B. pseudocatenulatum in which a 60 °C constant temperature was applied for 30 min, the viability of the probiotic was reduced from 9 to 4 log (5 log reduction). This suggests that by applying the methodology of this study, the reduction in viability is less marked compared to the conventional method. However, it provides a more realistic approach from thee consumer perspective, especially when high temperatures of 60 to 90 °C are applied.




3.2. Near-Infrared Spectroscopy Results


3.2.1. NIR Spectra of Samples According to the Temperature Level


Figure 2 shows the smoothed NIR spectra of the probiotic samples colored by the temperature level from 950 to 1630 nm. In the 950–1400 and 1500–1630 nm ranges, a certain tendency was observed for the spectra belonging to the different temperatures. T1 (25 °C) and T3 (90 °C) were completely separated. However, overlapping with T2 (60 °C) was observed. Additionally, NIR spectra were colored according to the probiotic type and the concentration (not shown). This revealed higher spectra overlapping; further statistical analysis and data treatment was applied to reveal a clearer tendency.




3.2.2. Discrimination of Probiotic Samples at Room Temperature


The PCA-LDA results for the discrimination of the three probiotics (N, A, and P) at 25 °C are shown in Figure 3. For this, all the samples from the three concentrations were considered as a group. Discrimination of the probiotics was observed on root 1 (94.90%) and root 2 (5.10%), showing separation. Closer proximity was observed between probiotics A and P compared to probiotic N, which clearly presented better separation from the other groups. The matrix from the N samples was visually different from the other two probiotics. This is because probiotics A and P contain more strains and complementary compounds that are in common compared to probiotic N. The best model for classification was achieved by applying the SGl 2-17-0 pretreatment. It presented a 100% accuracy for recognition and 99.18% accuracy for prediction. Moreover, the wavelengths that mostly contributed to the discrimination included 1376, 1388-1396, and 1576–1590 nm. These wavelength ranges were associated with the first overtone region (1300–1600 nm) of NIRS. This region is highly associated with biological and aqueous systems and characterized by intermolecular hydrogen bonds (C-H, O-H, and N-H), which are related to the main components of the probiotic preparations: water, protein, lipid, sugar, and supplemental organic compounds [43,44,45,46].




3.2.3. Discrimination of Probiotic Samples According to the Concentration Level


PCA-LDA for probiotic samples subjected to 90 °C (T3) is reported, in which models showed higher accuracy compared to 25 (T1) and 60 °C (T2). Discrimination was performed according to the concentration level of each probiotic separately. The PCA-LDA models for T3, represented in Figure 4 showed misclassification between the different concentrations and overlapping was observed, especially between consecutive concentrations (C1-C2 and C2-C3). However, a trend of separation following a specific order according to the concentration C1, C2, and C3 (from high to low concentration) was observed.



Additionally, Table 1 shows a confusion table of the PCA-LDA models. In the upper part of the table, the classification of the probiotic samples subjected to 90 °C (T3) is shown. The modeling showed high values of correct classification. All probiotics presented 100% average recognition. For prediction, probiotic A presented the highest accuracy (95.06%), followed by probiotic N (93.52%) and probiotic P (90.12%). Some misclassification was observed between consecutive concentrations C1-C2 and C2-C3. The best models were found by applying the following spectra pretreatments: de Tr and MSC for probiotic N, SG 2-21-0 and de Tr for probiotic A, and SG 2-17-0 and SG 2-17-2 for probiotic P.



Additionally, Table 1 shows the PCA-LDA results for the probiotic samples subjected to 25 °C (T1). Only probiotic N showed a high accuracy for recognition (100%) and prediction (93.83%). However, the values for probiotic A and probiotic P decreased, showing major misclassification. Probiotic A showed a 96.68% recognition accuracy and 60.65% prediction accuracy and probiotic P showed a 94.45% recognition accuracy and 60.50% prediction accuracy.




3.2.4. Discrimination of the Probiotic Samples According to the Temperature Level


Figure 5 shows the PCA-LDA according to the temperature level for each of the probiotics separately. For this, the samples from concentration 1 (C1) were considered.



Probiotic A showed the best classification models, presenting a 100% accuracy for both recognition and prediction by applying SG 2-17-0 and MSC. Similarly, probiotic P showed high accuracy for recognition (100%) and prediction (92.59%) by applying de Tr. Additionally, probiotic N showed a high percentage of discrimination between groups, accounting for 100% recognition accuracy and 94.60% prediction accuracy after applying SG 2-13-0 and SG 2-21-1. Accordingly, higher separation of samples based on temperature was observed for probiotic A (Figure 5b).



Table 2 shows a confusion table of the LDA models for the classification of the probiotics according to the temperature level. The modeling showed high values of correct classification for every probiotic. Minor misclassification was found between T1 and T2 and T1 and T3 in the case of probiotic N and between T1 and T2 for probiotic P.




3.2.5. PLSR for the Prediction of the Viability of Probiotics


Figure 6a,b show the predictive model of the CFU counts for all the probiotics tested in combination according to the concentration and temperature. The best model was achieved by selecting samples from repetitions R2 and R3 for model calibration and CV, and R1 for prediction. Additionally, SG 2-21-0 and SG 2-13-2 pretreatments were applied. In Figure 6a, it can be seen that the coefficient of determination for calibration (R2C) was 0.87 with a root mean square error of calibration (RMSEC) of 0.54. After cross-validation, the R2CV was 0.68 and RMSECV was 0.84. Furthermore, Figure 6b shows a coefficient of determination for prediction (R2Pr) of 0.82 and RMSEP of 0.64. The number of components (# comps) established to achieve the best model was seven. Additionally, in Figure 6c, the main contributing wavelengths and related regression coefficients associated with the PLSR of Figure 6a are shown. It can be seen that the wavelength range of 1300–1600 nm presented the highest number of contributing wavelengths and the highest peaks that contributed the most to the prediction of the probiotic viability. The probiotic preparations are mainly comprised of water and a lesser amount of organic compounds. This kind of matrix presents high absorbance in the first overtone region of water of 1300-1600 nm [43,44,45,46]. The main wavelengths were found at 1458 nm, which is associated with OH stretching [30,47,48,49]. Meanwhile, 1484 nm is associated with OH/NH stretching [30,50,51,52]. In the region from 950 to 1300 nm, the main wavelength was assigned to 1140 nm, which is related to the combination overtone of free water (S0). As reported in [30], this characteristic refers to the closest band of 1155 nm.






4. Conclusions


ANOVA and Tukey test p < 0.05 identified statistical differences between probiotic products subjected to different temperature levels, showing well-differentiated groups between 25 and 90 °C as expected. Considering NIRS, principal component analysis-based linear discriminant analysis (PCA-LDA) of the spectra showed high discrimination between the 3 probiotics when evaluated at room temperature, with 100% correct classification. In addition, PCA-LDA was performed for each probiotic separately, according to their temperature levels. The classification model for each probiotic presented 100% recognition accuracy and high prediction accuracy (over 90%), showing a clear separation between the applied temperature levels (25, 60, or 90 °C). In the same manner, PCA-LDA was performed for each probiotic product separately, according to their concentration levels. A significant effect of the temperature and probiotic type on the classification of samples according to the concentrations was observed. The higher temperature treatment (90 °C) showed better discrimination of the concentrations, reaching a 100% recognition accuracy and over 90% prediction accuracy for each probiotic model. In contrast, the models’ accuracy for probiotic A and probiotic P was significantly affected by the lower temperature treatment (25 °C), presenting a recognition accuracy of around 60 %. Evaluation of the 41 spectral pretreatments (alone and combined) allowed the most accurate models to be achieved.



The PLSR model of the log CFU/g of the probiotic products according to the concentration and temperature conditioning factors presented significant prediction values of R2Pr: 0.82 and RMSEP: 0.64 log CFU/g. Over 20 contributing wavelengths were observed in the 950–1630 nm region. However, most contributing wavelengths were located in the first overtone region of water from 1300-1600 nm. The 2 most relevant wavelengths at 1458 and 1484 nm were associated with OH stretching and OH/NH stretching, respectively. NIRS is a promising alternative for determining the viability of probiotic strains in probiotic supplements prepared under different conditions.
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Figure 1. Microbiological analysis. Log CFU/g of probiotic samples probiotic N, probiotic A, and Probiotic P, prepared at three different temperatures T1 (25 °C), T2 (60 °C), and T3 (90 °C). Letter (a–e) represent significantly different groups (p ≤ 0.05), based on ANOVA and the Tukey HSD post hoc test. 
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Figure 2. NIR spectra of probiotic samples according to temperature level T1 (25 °C), T2 (60 °C), and T3 (90 °C). 
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Figure 3. PCA-LDA of probiotic samples prepared at room temperature of 25 °C. N = 237 (NIR samples scans). Built with 95% confidence interval ellipsis. The center of the ellipses is denoted by x, training and validation sets are denoted by solid and hollow points, respectively. 
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Figure 4. PCA-LDA for probiotic samples subjected to 90 °C (T3) according to the concentration level for each probiotic type (a) probiotic N, (b) probiotic A, and (c) probiotic P. Built with 95% confidence interval ellipsis. The center of the ellipses is denoted by x, training and validation sets are denoted by solid and hollow points, respectively. N = 78 for probiotic N, N = 72 for probiotic A, and N = 75 for probiotic P. 
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Figure 5. PCA-LDA for probiotic samples from concentration (C1) according to the temperature level for each probiotic type (a) probiotic N, (b) probiotic A, and (c) probiotic P. Built with 95% confidence interval ellipsis. The center of the ellipses is denoted by x, training and validation sets are denoted by solid and hollow points, respectively. N = 75 for probiotic N, N = 78 for probiotic A, and N = 72 for probiotic P. 
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Figure 6. Prediction of the CFU counts of probiotic samples by PLSR. (a) PLSR model used for calibration (C) and cross-validation (CV). R2 and R3 are the repetitions selected for the model (N = 2). (b) PLSR model for the prediction of samples (Pr). R1 is the repetition selected for prediction (N = 1). (c) Main contributing wavelengths of 1950–1630 nm for the PLSR model. 
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Table 1. Confusion table of the PCA-LDA models for probiotic samples subjected to 90 °C (T3) according to the concentration level.
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T3 (90 °C)

	
Probiotic N

	
Probiotic A

	
Probiotic P




	

	
Average Recognition (100%)

	
Average Recognition (100%)

	
Average Recognition (100%)






	
%

	
C1

	
C2

	
C3

	
C1

	
C2

	
C3

	
C1

	
C2

	
C3




	
C1

	
100

	
0

	
0

	
100

	
0

	
0

	
100

	
0

	
0




	
C2

	
0

	
100

	
0

	
0

	
100

	
0

	
0

	
100

	
0




	
C3

	
0

	
0

	
100

	
0

	
0

	
100

	
0

	
0

	
100




	

	
Average Prediction (93.52%)

	
Average Prediction (95.06%)

	
Average Prediction (90.12%)




	
%

	
C1

	
C2

	
C3

	
C1

	
C2

	
C3

	
C1

	
C2

	
C3




	
C1

	
91.67

	
11.11

	
0

	
96.30

	
7.41

	
0

	
100

	
11.11

	
11.11




	
C2

	
8.33

	
88.89

	
0

	
3.70

	
88.89

	
0

	
0

	
81.48

	
0




	
C3

	
0

	
0

	
100

	
0

	
3.70

	
100

	
0

	
7.41

	
88.89




	
T1 (25 °C)

	
Probiotic N

	
Probiotic A

	
Probiotic P




	
Average Recognition (100%)

	
Average Recognition (95.68%)

	
Average Recognition (94.45%)




	
%

	
C1

	
C2

	
C3

	
C1

	
C2

	
C3

	
C1

	
C2

	
C3




	
C1

	
100

	
0

	
0

	
100

	
5.56

	
0

	
96.30

	
3.70

	
0




	
C2

	
0

	
100

	
0

	
0

	
88.89

	
1.85

	
3.70

	
92.59

	
5.56




	
C3

	
0

	
0

	
100

	
0

	
5.56

	
98.15

	
0

	
3.70

	
94.44




	
Average Prediction (93.83%)

	
Average Prediction (60.65%)

	
Average Prediction (60.50%)




	
%

	
C1

	
C2

	
C3

	
C1

	
C2

	
C3

	
C1

	
C2

	
C3




	
C1

	
88.89

	
7.41

	
0

	
70.83

	
37.04

	
0

	
62.96

	
14.81

	
22.22




	
C2

	
11.11

	
92.59

	
0

	
16.67

	
29.63

	
18.52

	
11.11

	
51.85

	
11.11




	
C3

	
0

	
0

	
100

	
12.50

	
33.33

	
81.48

	
25.93

	
33.33

	
66.67
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Table 2. Confusion table of the PCA-LDA models for probiotic samples from concentration C1 according to the temperature level.
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Probiotic N

	
Probiotic A

	
Probiotic P




	

	
Average Recognition (100%)

	
Average Recognition (100%)

	
Average Recognition (100%)






	
%

	
T1

	
T2

	
T3

	
T1

	
T2

	
T3

	
T1

	
T2

	
T3




	
T1

	
100

	
0

	
0

	
100

	
0

	
0

	
100

	
0

	
0




	
T2

	
0

	
100

	
0

	
0

	
100

	
0

	
0

	
100

	
0




	
T3

	
0

	
0

	
100

	
0

	
0

	
100

	
0

	
0

	
100




	

	
Average Prediction (94.60%)

	
Average Prediction (100%)

	
Average Prediction (92.59%)




	
%

	
T1

	
T2

	
T3

	
T1

	
T2

	
T3

	
T1

	
T2

	
T3




	
T1

	
96.30

	
12.50

	
0

	
100

	
0

	
0

	
77.78

	
0

	
0




	
T2

	
0

	
87.50

	
0

	
0

	
100

	
0

	
22.22

	
100

	
0




	
T3

	
3.70

	
0

	
100

	
0

	
0

	
100

	
0

	
0

	
100
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