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Abstract


Honey adulteration is a worldwide problem; however, its detection is a challenge for researchers and authorities. There are numerous ways of honey counterfeiting; amongst them, direct adulteration is one of the most common methods. Correlative techniques, such as near-infrared spectroscopy (NIRS), are useful tools in the detection of honey adulteration; however, this method has not been applied to Hungarian honeys. The aim of this research was to investigate the performance of NIRS for the detection of sugar syrup addition to Hungarian honeys at lower concentration levels (<10% w/w). Acacia, rape, forest, sunflower, and linden honeys were mixed with high-fructose-content sugar syrup, rice syrup, or self-made glucose fructose syrup in 3%, 5%, and 10% w/w. NIRS analysis was performed in the spectral range of 950–1650 nm. Principal component analysis was coupled with linear discriminant analysis and partial least square regression models were built for the classification and prediction of adulteration levels, respectively. Our results showed that the performance of NIRS highly depends on both type of syrup and honey. PCA-LDA models provided the 100% correct classification of control in the case of all the models, while PLSR results could predict the added sugar syrup content in the case of rice and F40 syrup models, obtaining >2.2 RPDCV value.
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1. Introduction


Honey is a well-known nutritious food, mostly used as a sweetener and nutraceutical product. It is a supersaturated solution of sugars in water matrix. Fructose, glucose, monosaccharides, disaccharides, and other sugars make up more than 80% of the total weight of honey [1,2,3]. In addition to sugars, water is the other principal compound; according to legislation, its amount should generally not exceed 20% (with some exceptions) [4,5,6]. Honey has a high value for consumers and on the market, owing to its high nutritional value and health benefits [7].



Recently, the increasing market value and price of some foods have accelerated the problem of food adulteration. Amongst these foods, honey is considered to be one of the most frequently counterfeited foods [8]. Honey fraud has many aspects, such as mislabeling of botanical or geographical origin, direct adulteration with sugar syrups, indirect adulteration by feeding bees with sugar in the collection period, and resin filtration [9,10]. During direct adulteration, different types of sugar syrups are used, such as corn, rice, invert sugar, glucose, beet, and other syrups. The exact methods and protocols used for the detection of this honey fraud are challenging; meanwhile, accuracy highly depends on the type of syrups and method. Lately, different analytical techniques have been tested and found to be useful in honey authentication; however, there is still demand for a reliable and accurate method [9,10]. Recently, the use of correlative techniques, such as near-infrared spectroscopy (NIRS) has increased in the field of food products, including honey adulteration detection [11,12]. NIRS coupled with chemometric analysis methods, such as principal component analysis (PCA), PCA-coupled linear discriminant analysis (PCA-LDA), artificial neural network (ANN) or partial least square regression (PLSR) have been used in studies outside of Hungary for the detection and quantification of honey adulteration. Chinese researchers analyzed mixtures of pure acacia, vitex, and jujube honey with rice and corn syrup at 5%, 10%, 20%, and 40% w/w. In this study the NIRS provided 100% correct classification of all the samples and levels [13]. Bázár et al. [14], studied the effect of high-fructose-content corn syrup addition, and found that the structure of water in honey sample changes as a result of adulteration. In another Chinese study, the NIRS was found to be effective in the detection of adulterants in honey; the average correct classification was 85.71% [15]. Spanish researchers could also predict the level of syrup addition in honey with high accuracy using PLSR (R2 > 0.9) using NIRS in the range of 5–40% w/w adulteration [16]. These results show that the NIRS is a promising technology in the detection of honey adulteration. Moreover, it is non-destructive and does not require any reagents; therefore, it can be considered a sustainable green technology [13,17,18,19,20,21]. In Hungary, the application of NIRS for the detection and quantification of honey adulteration has not been studied deeply. On the other hand, studies around the world focusing on the detection and quantification of honey adulteration have generally used higher syrup concentration levels (≥5% w/w). Based on these findings, it can be concluded that there is a lack of research in adulteration detection of specific Hungarian honey types, especially below the 5% w/w adulteration level.



Therefore, in this study, our aim was to analyze the applicability of NIRS for the detection (PCA-LDA) and quantification (PLSR) of glucose–fructose, high-fructose-content corn syrup, and rice syrup addition to acacia, forest, sunflower, rape, and linden honeys from Hungary. A further aim was to apply concentration levels of 3%, 5%, and 10% that had not been studied in depth in Hungary prior to this research.




2. Materials and Methods


The whole experimental setup was performed in two sets, including a preliminary set (PS), and an extended set (ES).



2.1. Samples and Sample Preparation


In the preliminary set acacia (RP—Robinia pseudoacacia) and linden (TI—Tilia spp.) honey were mixed with F40 high-fructose-content corn syrup, (HFCS—Kall Ingredients, Tiszapüspöki, Hungary) and rice syrup (RI—dm; drogerie markt GmbH & Co. KG, Karlsruhe, Germany) in 3%, 5%, and 10%. Prior to the current study, the concentration range of 0% ,5%, 50% was studied and—based on those results—the levels below 10% were chosen [22]. The concentrations were chosen based on the results of Bodor et al. (2019), where the levels below 10% were most challenging ones to detect. Moreover, based on the available studies, adulterations below 5% w/w were not typically applied [13,14,15,16], as this was mentioned in the introduction.



The extended study set was completed with rape (BN—Brassica napus), sunflower (HA—Helianthus annuus), and forest (HD) honeys. The authentic samples were mixed with the same rice and HFCS syrups and, additionally, with a self-made glucose–fructose syrup (GS). The GS syrup was prepared as follows: using an analytical balance, 240 g of fructose and 160 g of glucose were weighed and transferred into a volumetric flask of 500 mL. The flask was filled up to volume with distilled water, before putting it in a water bath at 60 °C to ensure and force the solvation of the sugars. The solution was then cooled down to room temperature prior to further steps.



In the case of both sets, a total of 20 g of the sample were prepared to provide three replicates (R1, R2, R3), resulting in a total of 141 samples, including three replicates of the controls and the sugar syrups. The coding of the samples was generated with the concatenation of the type of honey (RP, TI, BN, HA, and HD), the syrup added (RI, F40, GF), and the level of syrup (3%, 5%, and 10%).




2.2. Determination of the Main Physical Properties


The determination of the main physical parameters, such as moisture, pH, and electrical conductivity was performed according to the guidebook of the International Honey Commission [23]. Moisture content was determined using Abbé-type refractometer, pH and electrical conductivity were measured with a Mettler Toledo SevenMulti analyzer with the respective probes (Mettler Toledo, Columbus, OH, USA). Moisture content readings were performed in two replicates, the pH and electrical conductivity in three–three replicates per sample.




2.3. Near-Infrared Spectroscopy Measurements


Near-infrared spectra (NIRS) were recorded using the benchtop MetriNIR spectrophotometer (MetriNIR Research, Development and Service Co., Budapest, Hungary) in the spectral range of 740–1700 with 2 nm spectral resolution. The instrument is equipped with an InGaAs two-beam detector. The spectral recording was performed using a transflectance setup with a temperature-controlled cuvette at 25 °C. The layer thickness of the sample was 0.5 mm in the cuvette. All the samples were measured in randomized order. In the preliminary set five and in the extended set three consecutive scans were recorded per sample. This resulted in 15 and 9 spectra for the preliminary and the extended sample set, respectively, in the case of all adulteration levels.




2.4. Statistical Evaluation


2.4.1. Evaluation of the Physical Parameters


Statistical evaluation of the quality indicators was performed with descriptive statistics: mean and standard deviation of the different adulteration levels were calculated separately for the different honey types. One-way analysis of variance (ANOVA) was performed to check the significant differences among the different adulteration levels and control. The evaluation was performed separately for the different honey types. Prior to the analysis, the assumptions of ANOVA were tested such as the normality (Shapiro–Wilk test) and the homogeneity of the variances (Levene’s test). As in most of the cases the homogeneity of the variances did not assume, the pairwise comparison was tested using the Games–Howell test, which is not sensitive to inhomogeneity [24].




2.4.2. Spectral Preprocessing


Evaluation of the NIR spectra was performed in the spectral range of 950–1650 nm. The pretreatment of the spectra was optimized using different pretreatments and their combinations. Single, double, or triple combination of



	
Savitzky–Golay smoothing (different window sizes 13, 17, 21, and/or derivation levels—0, 1st, 2nd);



	
Multiplicative scatter correction (MSC);



	
Standard normal variate (SNV) or;



	
Detrending (detr).






The list and abbreviation of the pretreatments can be found in Supplementary Table S1. In total 41 pretreatment combinations were tested during the model optimization of the following methods.



For the spectral presentation, the averaged spectra of the different sample groups were chosen, where the spectra of one sample was averaged (coming from the 9 or 15 consecutives). In the case of the preprocessed spectra, the averaging was performed after the pretreatment.




2.4.3. Chemometric Analysis of the near-Infrared Spectra


During the chemometric analysis—in the case of all the models—consecutive spectra of different samples were used (without averaging).



As a first step, principal component analysis (PCA) was used for pattern recognition and extreme outlier detection of the spectral data. The flow of the chemometric analysis can be found in Figure 1.



Classification models were built using PCA-coupled linear discriminant analysis (PCA-LDA). The models were built for the different honey types separately. In the case of each honey type, models were constructed for the classification of different adulteration levels. Two types of models were built:




	(1)

	
including the results of all the syrups (all syrup models, one model per honey type)




	(2)

	
and separately, including only data of one syrup mixture set and control (resulting in two models in the case of linden and acacia, and three models in the case of rape, sunflower, and forest honeys).









During the analysis, threefold cross-validation was applied. Each model was built using all the pretreatments. After the pretreatment, the PCA-LDA model was built using principal component (PC) number optimization. The model with the highest cross-validation accuracy after choosing the optimal pretreatment was chosen for data interpretation. During the analysis, the correct classification of control after training and validation, and the average correct classification of all the groups for training and validation were computed.



Partial least square regression models (PLRS) were built for the prediction of the added syrup concentration. Models were also computed using the data of different honey types separately. Predictions were performed on the total data set of one honey type (all syrup models, one model per honey type) and separately for the different sugar syrups (resulting in two models in the case of linden and acacia, and three models in the case of rape, sunflower, and forest honeys). During the model construction leave-one-group-out validation was used where one replicate of one sample was left out for validation in each iteration. During the evaluation, the following model parameters were calculated:




	
Determination coefficient of training (R2C) and validation (R2CV)—the higher the value, the better the model;



	
Root mean square error of training and RMSEC validation (RMSECV)—the lower the value, the better the model;



	
Residual prediction deviation training (RPDC) and validation (RPDCV).








The benefit of RPD is that it considers the variation of the dataset at the same time with the prediction error. Therefore, RPD provides more detailed information about the reliability, robustness, and validity of the model [25]. The higher the RPD value, the better the model. Based on the work of Muncan et al. [26,27], we considered PLSR satisfactory if the RPD values were above 1.5 [28].



Statistical evaluation was performed using Microsoft Office Excel and R-project software with the package Aquap2 designed for NIRS analysis [29].






3. Results and Discussion


3.1. Results of the Physical Analysis


The moisture contents of the three syrups were the following, in decreasing order: F40 syrup: 21.88 ± 0.44%, GF syrup: 18.4 ± 0.54%, and RI syrup: 17.53 ± 0.66%. In the case of all the honey types, an increasing tendency in moisture content was observed with the increase in the amount of the added syrup. The exception was the forest honey mixed with the RI syrup where a slight, but not significant decrease was observed compared to the control (17.30%) Table 1). However, it can be seen that at these levels the moisture content did not increase above 20%, which is the legislation limit [4,5]. Moreover, the increase of moisture content of acacia, forest, and linden honeys was not significant compared to the authentic honeys. In the case of rape honey, only the honey mixed with the F40 syrup in 10% showed a significant increase, while in the case of sunflower honey, almost all the mixed honeys had significantly higher moisture contents.



The pH of sugar syrups was similar to the pH of honey samples in general. The F40 syrup had a pH of 4.02 ± 0.12 and the RI syrup had pH of 4.48 ± 0.37. Higher pH was observed in the case of the GF syrup (5.33 ± 0.19). Despite this, the pH of the different honey samples did not increase significantly in most of the cases (Table 1).



On the contrary, the electrical conductivity results showed a significant decrease in most of the cases due to the fact that the electrical conductivity of the sugar syrups was very low: F40 18.72 ± 1.42 μS/cm, GF 3.42 ± 0.55 μS/cm, and RI 10.73 ± 1.33 μS/cm. It can be observed that the highest decrease occurred at the highest sugar syrup addition level.



In a Romanian study, a similar increase in moisture and a decrease in electrical conductivity was observed in acacia honey upon the addition of sugar syrups at 5% and 10% w/w level [30]. Moreover, in another Hungarian study, similar results were found, where 30% and 40% w/w of sugar syrup was mixed with acacia honey [31].




3.2. Results of Near-Infrared Spectroscopy


In this section, the results of the chemometric analysis are going to be introduced.



3.2.1. Introduction of the Spectra


For the interpretation of the raw spectra, the entire wavelength range was used (Figure 2a). In the case of the individual honey types (Figure 2b–f), the same preprocessing method was chosen. In this case, the Saviztky–Golay smoothing (2nd order polynomial with 21-window size) coupled with multiplicative scatter correction was chosen, as this preprocessing had the best results in the case of the all syrup models of PCA-LDA for all the honey types.



The recorded spectra of the different samples showed similar pattern in the case of all the honey types and their mixtures. Peaks were found around wavelength range of 950–1050 nm, 1200 nm, and 1450 nm (Figure 2). Another underlying peak was found around 1550–1600 nm. The spectral assignation is discussed in Section 3.2.4. Based on the raw and the pretreated spectra, the large water peak can be found in the range of 1400–1500 nm [14]. In this region, the highest absorbance values were found for the sugar syrups, followed by the sunflower (Figure 2d), rape (Figure 2e), forest (Figure 2f), acacia (Figure 2b), and linden (Figure 2c) honeys. This can be attributed to the higher water content of the sugar syrups. Moreover, in the case of all the honeys, it can be observed that the sugar syrups had a lower absorbance value in the range of the 1550–1600 nm region, which was the region assigned to the sugar content of the samples [14].




3.2.2. Results of the PCA-LDA Analysis


The results of the PCA-LDA analysis performed on the different honeys with different sugar syrup additions provided promising results. Different honeys and sugar syrup models needed different spectral pretreatment in most of the cases. For the interpretation of the results, we chose models containing all the syrups and models where 100% classification was not achieved. The model of acacia honey provided 100% correct classification of all the groups in the case of all the models. This shows that not only the adulterant, but also the type of adulterant could be discriminated based on the model including both syrups (Figure 3a).



Similar results were obtained for the linden honey in the case of the models of F40 and rice syrup mixtures. However, when the two syrups were included in the model, the average correct classification was 97.62% in both training and validation (Figure 3b). The confusion tables showed correct classification of the control, 3%, and 10% mixtures. The honey mixed with rice syrup in 5% (TI Rice 5%) was misclassified as belonging to the 5% F40 mixture in 16.67% (TI F40 5%).



The model of the forest honey was like the model of acacia honey, where all the models showed 100% correct classification. Figure 4a shows the model built for the classification of forest honeys including all the sugar syrups. In the figure, the control group separates from the rest of the models, also providing 100% classification of the control. The result of the rape honey model was similar to the model of linden where the models built separately for the different syrups provided the 100% classification. The model including results of all the syrups altogether provided the average correct classification of the training model and 98.89% correct classification of validation model, as can be seen in Figure 4b. A misclassification was found in the case of the sample mixed with F40 syrup in 3% (BNF40 3%), which was misclassified as belonging to the 5% F40 mixture (BNF40 5%) in 11.11%.



The “weakest” model was obtained for the sunflower honey where the models of honeys mixed with the rice and F40 syrups provided 100% correct classification for all the sample groups. The model of the GF syrup mixtures and model including data of all the samples (Figure 4c) provided a correct classification of the control, but misclassifications were found for the mixtures. The model of the GF syrup mixtures showed average correct classification of 94.45%; its score plot can be seen in Figure 4d. The honey mixtures of 3% w/w and 5% w/w were classified correctly, while the honey mixed with 10% w/w using the GF syrup (HA GF 10% w/w) was classified as honey mixed with 5% w/w GF syrup (HA GF 5% w/w) in 22.22%. Similar results were obtained by Chinese researchers, where honeys mixed with 5% w/w and 10% w/w sugar syrups were misclassified as belonging to each other [13]. The PCA-LDA of sunflower honey built for all the samples classified all the samples correctly during the training; however, in the case of validation, the average correct classification was 96.67%. In this model, the sample containing F40 syrup at 3% w/w lead to misclassification as belonging to the honey mixed with 5% w/w of F40 syrup at 11.11%. In our study, compared with the Chinese and other studies, the detection of adulterants could be achieved not only on the levels presented in those studies (5–40% w/w), but also at a lower level of 3% w/w [13,14,15,16]. Moreover, for the results of PCA-LDA, in all cases, the control could be discriminated from the adulterated samples, which was not assumed in the case of the physical parameters (Table 1).




3.2.3. Results of the Partial Least Square Regression Models


Similar to the PCA-LDA results, the model parameters were different in the case of the different honeys and syrup models within honeys (Table 2). Moreover, the accuracy highly depended on the applied pretreatment, which was also different in the case of the models.



Results of acacia, linden, and forest honeys were better than models obtained for the rape and sunflower honeys.



The prediction model of acacia provided >0.94 R2CV with RMSECV values lower than 0.9% for the syrup addition. Moreover, the RPDCV values were also good, with >4.22 values. The best model was obtained in this case for the prediction of F40 and all syrups together, while the model built for the prediction of rice syrup was slightly weaker, however still very good.



The results obtained in the case of the linden honey were similarly good; during the cross validation, the R2CV values were >0.80, with an RMSECV error lower than 1.65%. Similar to acacia, the models built for the prediction of syrup concentration including results of all the samples and prediction of F40 was better than in the case of the rice syrup model.



The models of the forest honey provided satisfactory results based on the RPDCV values. In this case, the best model was obtained for the prediction of the rice and the F40 model with R2CV ≥0.95 and RPDCV higher than 4.5. The model built for all the syrups was also quite satisfactory; in this case, the R2CV value was higher than 0.8, with an RMSECV of 1.07%. The worst results were obtained in the case of the GF syrup prediction model, this resulting in R2CV of 0.71 and RMSECV of 1.85%.



In the case of the PLSR models of rape honey, the trend was similar to the results of the forest honey. The best results were obtained for the prediction of the F40 syrup, where the R2CV was above 0.96 and the RPDCV value was 4.91, and lower than 1% RMSECV. Slightly worse values were obtained for the prediction of rice syrup, while the worst model was obtained for the GF syrup prediction. In this case, based on the RPDCV values, the models could not be considered satisfactory.



Similar results were provided by the model of the sunflower honey. The prediction of rice and F40 syrup could be considered good, with R2CV > 0.92 and RPDCV > 3.5. The error of prediction based on the RMSECV values was lower than 1.01%. The models built for the prediction of all the syrups and for the prediction of GF syrup reached lower performance. In these cases, the RPDCV values were below 1.5; therefore, these could not be considered satisfactory.



Results showed that the accuracy of prediction highly depends on the type of honey and type of syrup. PLRS model parameters of acacia, linden, and forest honeys were better than models obtained for the rape and sunflower honeys. Moreover, the results obtained for the prediction of rice and F40 were also better than those obtained for the GF syrup. Chinese researchers also found different accuracies of prediction between HFCS and maltose syrups [31].




3.2.4. Regression Vectors and Spectral Assignations


Based on the regression vectors of the different PLSR models and spectra (Figure 2), it can be concluded that in the case of the models, similar wavelength ranges contributed to the PLSR models (Table 3), which are in line with the peaks found during the observation of the raw and pretreated spectra (Figure 2). Mostly all of the models showed the contributing range of 950–1000 nm, which can be assigned to the O–H stretches of the second overtone. The second overtone O–H (1000–1130) and C–H stretches (1150–1220) were also affected in most of the models. Moreover, all the models provided the changes in the range of the 1300–1600 nm region, which is known as the region of the O–H stretches of the first overtone. Based on the latest aquaphotomics-related studies, the water spectral pattern changes can be well-discovered in the 1300–1600 nm range. A wavelength range of 1320–1420 nm can be assigned to the water with less or no hydrogen bonds. Within this range, the water solvation shells OH–(H2O)1,2,4 (1360–1366 nm), free water (1412 nm), and free OH– bond were affected (1398–1418 nm) the most [33,34,35].



The spectral range of 1432–1444 nm can be assigned to water molecules with one hydrogen bond, and the range of 1458–1495 nm is connected to water molecules with 2–4 hydrogen bonds [35,36,37]. The range of around 1490–1520 nm is assigned to ν1, ν2, symmetrical stretching fundamental vibrations and strongly bonded water (1516 nm). Moreover, as honey is mainly composed of sugars and water, the changes in the sugar composition were also reflected in the spectra. Studies showed that the 1439 nm wavelength can be assigned to the sucrose molecules, and higher wavelengths, such as 1520 nm and 1590 nm, to the glucose [37]. The changes in the spectra can be explained by the fact that the sugar profile of the sugar syrups differs highly from that of the honeys, and also the water structure of these sugars is different. Therefore, the addition of these sugars syrups is well-reflected in the spectra [14,33,35,36,37,38,39,40,41,42,43]. Previous Hungarian research has shown that the addition of sugar syrup to honey results an in the increase in the absorbance in the range of 1342–1480 nm, while the decrease in absorbance can be observed at 1512 nm. This shows that the addition of sugar syrups increased the free water and decreased the amount of highly bonded water molecules, which was also proven in the current study [22].





 





Table 3. Spectral assignation based on the regression vectors contributing to the PLSR models of all the models and syrups.






Table 3. Spectral assignation based on the regression vectors contributing to the PLSR models of all the models and syrups.





	Spectral Region nm
	Models
	Spectral Assignation Based on [14,33,37,38,39,40,41,42,43]





	950–1000
	Acacia—all syrups, F40

Linden—Rice syrup

Forest—All models

Rape—all syrups, GF

Sunflower—Rice
	N–H stretches of second overtone



	1000–1130
	All the models except sunflower GF model
	O–H stretches of second overtone



	1150–1220
	Acacia—all syrups, F40

Linden, forest, rape, all models

Sunflower—all syrups, rice, and GF
	C–H (CH2, CH3) stretches of second overtone, C–H combination stretch of first overtone (CH2, CH3)



	1300–1600
	All the models
	1st overtone O–H stretches











4. Conclusions


Our study focused on the adulteration detection of different honey types using three types of sugar syrup. The changes resulting from the syrup addition were evaluated with physical methods and near-infrared spectroscopy.



The results showed that at these levels (3%, 5%, and 10% w/w) the moisture and the pH did not provide sufficient support for detection of adulteration while, conductivity seemed to be a good indicator. The electrical conductivities of sugar-blended and control honeys were significantly different from each other in most of the cases (Table 1). Still, these differences are not relevant enough, as in the Hungarian and international legislation there are no specific limits for all the honey types in terms of electrical conductivity.



The results of the NIRS analysis showed that pretreatment and PC number optimization have a high importance in the model parameters and robustness. Following correct model optimization, promising results could be achieved for both the detection and quantification of adulteration even at the lowest level (3% w/w), which is lower than the most commonly studied sugar syrup concentration in such studies. The results of the PCA-LDA models showed a high accuracy of classification in the case of the optimized models. Control honeys were classified correctly in the case of all the models. The worst average classification accuracy was ~94%, obtained for the model of the sunflower honeys containing GF sugar syrup. However, in this case misclassifications were found among the 5% and 10% w/w mixtures. With the model optimization 100% correct classification could be achieved for the control for all the studied syrup concentrations (3, 5, 10% w/w). PLSR results of the acacia, linden, and forest honeys could also be considered good based on the obtained model parameters: the R2CV values were above 0.80 for the prediction of F40 and rice syrup, and the added syrup concentration was predicted with lower than 1% of error based on the RMSECV values. Similarly good models were obtained for the prediction of the F40 and rice syrup addition (R2CV >0.8 and RPDCV > 2.97) of the rape, sunflower, and forest honeys. Based on the results, we can conclude that the model accuracy highly depends on both the honey and syrup type. These observations were more obvious in the case of the PLSR models. In most of the cases the worst model parameters were obtained for the self-made glucose–fructose syrups. Based on our research, it can be concluded that it is very important to build specific models using the NIRS method on different honey types and with different sugar syrup adulterants. The main limitation of the study was that the applied NIR instruments worked only in the spectral range of 740–1700 nm, therefore lacking the region of higher wavelengths where chemical bounds can be found for the sugars (1800 nm) [14]. Another limitation and possibility of further work could be the analysis of more physicochemical parameters and sugar properties of the honeys. Moreover, the applicability of this in an authority level could be achieved only with a large database. This should be built containing numerous spectra of authentic honeys; furthermore, spectra of honeys that were syrup added with different type of syrups and at different concentrations. Nonetheless, based on the results, NIRS applied together with well-optimized models can be an effective tool in the detection of adulteration with sugar syrups even at low levels. In the future, these models could be further improved by the extension of the database with more honey and syrup types.
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Figure 1. Flowchart of the chemometric analysis of NIRS data. 
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Figure 2. Near-infrared average spectra of the analyzed samples: (a) raw spectra (740–1700 nm) and spectra after Savitzky–Golay smoothing (2nd order polynomial, 21 window size, no derivation) and multiplicative scatter correction (950–1650 nm) in the case of (b) acacia samples (RP) (c) linden samples (TI), (d) sunflower samples (HA), (e) rape samples (BN), and (f) forest honey samples and their mixtures with rice, F40, and self-made glucose–fructose syrup (GF). 
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Figure 3. PCA-LDA model score plot of the (a) acacia (RP) and (b) linden (TI) honey samples for the classification of rice and high-fructose corn (F40) syrup addition levels including the results of all the samples. 
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Figure 4. PCA-LDA model score of the classification model of rice, high-fructose corn (F40), and self-made glucose–fructose (GF) syrup addition levels in the case of models containing results of all the syrups of (a) forest (HD), (b) rape (BN), and (c) sunflower (HA) honey, and (d) classification of sunflower (HA) honeys blended with self-made glucose–fructose syrup. 
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Table 1. Results of the physical properties of different honey types.
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Honey

	
Sample

	
Moisture %

	
pH

	
Electrical conductivity μS/cm






	
Acacia

	
RP Control

	
16.60 ± 0.14 a

	
3.59 ± 0.01 a

	
141.40 ± 0.03 a




	
RP F40 3%

	
17.15 ± 0.35 a

	
3.59 ± 0.02 a

	
137.81 ± 0.40 b




	
RP F40 5%

	
16.95 ± 0.07 a

	
3.61 ± 0.01 a

	
136.12 ± 1.65 abcd




	
RP F40 10%

	
17.40 ± 0.00 a

	
3.64 ± 0.04 a

	
132.11 ± 1.66 bcd




	
RP RI 3%

	
17.00 ± 0.14 a

	
3.60 ± 0.02 a

	
137.69 ± 0.27 bc




	
RP RI 5%

	
17.05 ± 0.07 a

	
3.60 ± 0.02 a

	
135.77 ± 0.52 c




	
RP RI 10%

	
17.10 ± 0.00 a

	
3.60 ± 0.02 a

	
130.12 ± 0.44 d




	
Linden

	
TI Control

	
16.60 ± 0.14 a

	
4.34 ± 0.02 a

	
627.44 ± 3.50 a




	
TI F40 3%

	
17.15 ± 0.35 a

	
4.32 ± 0.01 a

	
607.44 ± 1.90 b




	
TI F40 5%

	
16.95 ± 0.07 a

	
4.32 ± 0.01 a

	
593.89 ± 6.26 bcd




	
TI F40 10%

	
17.40 ± 0.00 a

	
4.32 ± 0.01 a

	
568.00 ± 1.00 c




	
TI RI 3%

	
17.00 ± 0.14 a

	
4.33 ± 0.01 a

	
607.22 ± 1.50 b




	
TI RI 5%

	
17.05 ± 0.07 a

	
4.31 ± 0.01 a

	
597.78 ± 0.96 d




	
TI RI 10%

	
17.10 ± 0.00 a

	
4.34 ± 0.01 a

	
570.33 ± 3.61 c




	
Rape

	
BN Control

	
17.83 ± 0.08 a

	
3.56 ± 0.01 a

	
180.98 ± 1.16 a




	
BN F40 3%

	
17.83 ± 0.05 a

	
3.56 ± 0.01 a

	
175.46 ± 0.47 bc




	
BN F40 5%

	
17.97 ± 0.15 ab

	
3.57 ± 0.01 a

	
172.72 ± 0.74 d




	
BN F40 10%

	
18.18 ± 0.04 b

	
3.57 ± 0.02 ab

	
165.76 ± 1.46 e




	
BN GF 3%

	
17.82 ± 0.13 a

	
3.56 ± 0.01 a

	
175.06 ± 0.46 b




	
BN GF 5%

	
17.83 ± 0.05 a

	
3.61 ± 0.02 b

	
172.18 ± 0.66 d




	
BN GF 10%

	
17.83 ± 0.05 a

	
3.58 ± 0.04 ab

	
165.17 ± 2.51 ef




	
BN RI 3%

	
17.82 ± 0.04 a

	
3.55 ± 0.01 ac

	
176.06 ± 0.60 c




	
BN RI 5%

	
17.92 ± 0.1 a

	
3.53 ± 0.02 cd

	
172.68 ± 0.22 d




	
BN RI 10%

	
18.22 ± 0.31 ab

	
3.52 ± 0.01 d

	
167.88 ± 0.40 f




	
Sunflower

	
HA Control

	
16.65 ± 0.08 a

	
3.20 ± 0.01 a

	
416.78 ± 0.67 ab




	
HA F40 3%

	
17.02 ± 0.04 bc

	
3.19 ± 0.01 ab

	
421.11 ± 1.27 c




	
HA F40 5%

	
17.17 ± 0.20 bcd

	
3.19 ± 0.01 ab

	
415.78 ± 1.09 a




	
HA F40 10%

	
17.25 ± 0.12 b

	
3.19 ± 0.01 ab

	
395.44 ± 0.73 d




	
HA GF 3%

	
16.85 ± 0.08 d

	
3.18 ± 0.01 b

	
418.56 ± 1.24 b




	
HA GF 5%

	
16.82 ± 0.18 acd

	
3.18 ± 0.01 ab

	
407.00 ± 2.60 e




	
HA GF 10%

	
17.07 ± 0.10 bcd

	
3.19 ± 0.01 ab

	
387.33 ± 1.32 f




	
HA RI 3%

	
16.90 ± 0.11 cd

	
3.28 ± 0.08 abc

	
425.56 ± 1.33 g




	
HA RI 5%

	
16.75 ± 0.18 acd

	
3.23 ± 0.02 c

	
417.78 ± 0.97 b




	
HA RI 10%

	
16.98 ± 0.04 cd

	
3.23 ± 0.02 c

	
397.78 ± 1.20 h




	
Forest

	
HD Control

	
17.30 ± 0.17 abcd

	
3.87 ± 0.01 a

	
508.78 ± 3.07 a




	
HD F40 3%

	
17.25 ± 0.12 abc

	
3.88 ± 0.00 ab

	
493.33 ± 1.58 b




	
HD F40 5%

	
17.38 ± 0.04 abd

	
3.88 ± 0.00 a

	
483.56 ± 1.51 c




	
HD F40 10%

	
17.60 ± 0.18 ad

	
3.88 ± 0.01 ab

	
461.22 ± 2.17 d




	
HD GF 3%

	
17.27 ± 0.10 abc

	
3.89 ± 0.01 bc

	
496.89 ± 2.15 e




	
HD GF 5%

	
17.37 ± 0.08 abd

	
3.88 ± 0.01 ab

	
485.89 ± 2.52 cf




	
HD GF 10%

	
17.53 ± 0.10 d

	
3.88 ± 0.01 ab

	
462.11 ± 2.89 d




	
HD RI 3%

	
17.13 ± 0.10 c

	
3.89 ± 0.01 abc

	
496.00 ± 2.55 be




	
HD RI 5%

	
17.17 ± 0.15 bc

	
3.87 ± 0.01 a

	
488.22 ± 1.39 f




	
HD RI 10%

	
17.13 ± 0.15 bc

	
3.90 ± 0.01 c

	
472.11 ± 1.05 g








Letters denote the significant differences among the different samples within one honey type due to the ANOVA Games–Howell post-hoc test. Bold letters denote the samples of values significantly different from control honeys. RI: rice syrup; F40: high fructose-content corn syrup; GF: self-made glucose–fructose syrup.













 





Table 2. Result of the partial least square regression models built to regress on the added syrup concentration of sugar syrups adapted from Bodor Z. (2022) [32].
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Honey

	
Syrup

	
Pretreatment

	
Number of Latent Variables

	
R2C

	
RMSEC

%

	
RPDC

	
R2CV

	
RMSECV

%

	
RPDCV






	
Acacia

	
All syrups

	
sgol@2-13-0+sgol@2-17-1

	
4

	
0.99

	
0.29

	
11.42

	
0.98

	
0.49

	
6.70




	
Rice

	
sgol@2-13-0+deTr

	
2

	
0.98

	
0.52

	
6.79

	
0.94

	
0.84

	
4.22




	
F40

	
sgol@2-17-0+sgol@2-21-1

	
4

	
0.99

	
0.36

	
9.69

	
0.98

	
0.50

	
6.83




	
Linden

	
All syrups

	
deTr+snv

	
4

	
0.97

	
0.68

	
5.49

	
0.92

	
1.07

	
3.50




	
Rice

	
sgol@2-21-0

	
3

	
0.96

	
0.71

	
5.25

	
0.80

	
1.64

	
2.27




	
F40

	
deTr

	
3

	
0.94

	
0.93

	
4.03

	
0.86

	
1.37

	
2.73




	
Forest

	
All syrups

	
sgol@2-17-0+snv

	
4

	
0.92

	
0.89

	
3.53

	
0.88

	
1.07

	
2.95




	
Rice

	
sgol@2-17-0+sgol@2-17-2

	
4

	
1.00

	
0.22

	
14.70

	
0.95

	
0.72

	
4.52




	
F40

	
sgol@2-21-0+sgol@2-21-1

	
4

	
0.99

	
0.36

	
9.32

	
0.97

	
0.54

	
6.20




	
GF

	
sgol@2-21-0+sgol@2-13-2

	
4

	
0.98

	
0.54

	
6.46

	
0.71

	
1.85

	
1.89




	
Rape

	
All syrups

	
msc

	
3

	
0.77

	
1.53

	
2.09

	
0.68

	
1.80

	
1.78




	
Rice

	
sgol@2-17-0+sgol@2-21-2

	
3

	
0.96

	
0.69

	
4.80

	
0.88

	
1.13

	
2.93




	
F40

	
deTr

	
2

	
0.98

	
0.49

	
7.14

	
0.96

	
0.72

	
4.91




	
GF

	
sgol@2-13-0+sgol@2-21-2

	
4

	
0.92

	
0.99

	
3.70

	
0.46

	
2.62

	
1.39




	
Sunflower

	
All syrups

	
msc

	
4

	
0.60

	
2.11

	
1.60

	
0.36

	
2.69

	
1.26




	
Rice

	
sgol@2-17-0+sgol@2-17-1

	
4

	
0.99

	
0.40

	
9.29

	
0.92

	
1.01

	
3.67




	
F40

	
sgol@2-13-0

	
4

	
0.99

	
0.41

	
8.36

	
0.94

	
0.80

	
4.27




	
GF

	
msc

	
4

	
0.83

	
1.50

	
2.49

	
0.39

	
2.89

	
1.29








R2C and R2CV determination coefficient of training and validation; RMSEC and RMSECV root mean square error of training and validation; RPDC and RPDCV residual prediction deviation training and validation.
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