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Abstract 
Mid infrared (MIR) spectroscopy was combined with multivariate approaches Principal 
Component Analysis (PCA) and Partial Least Squares (PLS) regression to assess 
modifications in spectral profile of whey protein concentrate (WPC) powder due to changes 
in formulation level using caffeine, creatine and lactose, simulating fraud. Adulterations were 
made by replacing WPC in different levels from 5 to 50% (w/w - 5% steps) with three 
adulterants in separate. The spectra comparison of the samples allowed the identification of 
peaks associated to characteristic chemical bonds of each adulterant. PCA was carried out 
and 89% of the total variability of the spectral data was explained by three principal 
components, which allowed the confirmation of variables influencing each sample mixture 
and validating the spectral observations. Above 20% decrease in WPC content (20% 
adulteration), it was possible to differentiate all the three substances used. Predictions of 
percentage of WPC substitution were made through PLS regressions. The best prediction 
models were: lactose > creatine > caffeine. However, predictions resulted in overall good 
accuracy, low relative errors and coefficients of determination of fitting of calibration and 
validation curves above 0.97 in all cases. Therefore, techniques employed here aid the 
quality assessment of food products as alternative analytical tools. 
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1. Introduction 

Whey protein concentrate (WPC) is a considered value-added product and is quickly 
acquiring a commodity status [1]. Its application in food areas is quite broad once provide 
several functional properties including gelation, high solubility, foaming/emulsification, 
sensory characteristics and water holding capacity being therefore used to improve textural 
attribute [2].  

Other important uses for WPC are as nutritional supplement. Sports drinks and protein 
fortified beverages are examples of products claiming health benefits. Its high content of 
protein on a dry basis (65 - 80%) turns the supplement a rich source of bioactive peptides 
which may play a role in the dietary management of chronic diseases [3,4]. However, due to 
its wide versatility of applications and nutritional value, WPC is an expensive product and 
may have its quality compromised through adulterations [1,5,6]. These procedures can occur 
by changing the composition of a food product either by the addition of poor-quality own-
product material, product-foreign material, or adulteration with other constituents [7]. In WPC,  
the ingredient authentication would not only limit fraud but also help ensure manufacturers in 
obtaining the desired functionality in whey products [8].  

Among the innovative technologies useful in the food authentication is the Fourier 
Transform Mid-Infrared Spectroscopy (FTIR-MIR) which recently has been applied for the 
qualitative or quantitative determination of protein ingredients in food products [9,10], 
however researches attesting the authenticity of WPCs are still scarce up to now. In FTIR-
MIR technique little sample preparation is needed, the analysis is fast, the use of hazardous 
solvents is minimized and also it has the advantages of being non-destructive, suitable for 
using in an industrial setting, with relatively low financial cost of obtaining and running the 
equipment [11,12]. Others alternatives of non-destructive optical spectroscopy techniques 
are protein tagging, FT-NIR, Raman and time-resolved fluorescence [13-16]. 

In this work, the authenticity of WPC was studied by FTIR-MIR spectroscopy combined 
with the multivariate approaches Principal Component Analysis (PCA) and Partial Least 
Squares (PLS) regression. Adulterations were carried out through the replacement of WPC 
by three powdered components: lactose (milk carbohydrate), creatine (amino acid derivative, 
with claims to aid the increase of muscle force and strength) and caffeine (stimulant and 
thermogenic substance). The statistical approaches will allow the characterization of the 
mixtures pointing out variables influencing the fraud and prediction of the percentage of 
adulterations in WPC by these substances. The association of these tools can result in a 
powerful analytical technique for the characterization of whey protein-based products. 

 

2. Material and Methods 

2.1. Sample preparation 

Two batches of whey protein concentrate powder were acquired from Infinitypharma 
(Nova Iguaçu, RJ, Brazil) and adulterations were formulated throughout the substitutions by 
anhydrous caffeine (Fagron do Brasil Farmacêutica Ltda., São Paulo, SP, Brazil), lactose 
monohydrate (Henrifarma Produtos Químicos e Farmacêuticos, São Paulo, SP, Brazil) and 
creatine (Infinitypharma, Nova Iguaçu, RJ, Brazil). The experiment consisted of 130 tablets 
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(130 mg each) comprising 10 tablets of the pure components (duplicates of WPC1, WPC2, 
caffeine, creatine and lactose) and the other 120 of duplicates of the adulteration mixtures in 
proportions of 5 to 50% (w/w) of substitution (with steps of 5%). 

 To prepare the tablets, the constituents were weighted in their respective proportion 
and homogenized with mortar and pestle. An automatic hydraulic press (AtlasTM Power 
Hydraulic Press T25, SPECAC INC, Fort Washington, PA, USA) was set to 3 tons, where the 
weighted powders were submitted to a hard-press treatment during 1 second. The resulting 
tablets showed 10 mm of diameter and 1 mm of thickness. 

 

2.2. FTIR spectral investigation 

MIR spectra of each tablet were acquired in duplicate using a FT-MIR Spectrometer 
Vertex 70 (Bruker Optik GmbH, Ettlingen, Germany) equipped with an ATR accessory and 
OPUS 6.5 software. The spectra were collected through 64 scans in the absorbance mode 
from 4000 to 400 cm–1 range with a resolution of 4 cm-1. Analyses were carried out at room 
temperature (20 °C) and the background was collected before each sample measurement. 
With ATR, the spectrum is acquired when pressure is applied over the sample. Using tablets, 
we were able to standardize the pressure applied resulting in comparable spectra 
[17](Bruker, 2009). Prior to data analysis, background subtraction was carried out to 
eliminate background noises from the environment and results obtained were averaged 
within each sample. Pre-processing has continued by selecting areas of interest and 
normalizing the data (0-1) to standardize the variables, reducing the influence of the ones 
with biggest scales and highlighting nuances. Further, the normalized spectra were 
submitted to multivariate analysis. 

 

2.3. Multivariate Approaches 

PCA was applied to the normalized spectral sets of pure WPC and the mixtures with 
lactose, creatine and caffeine to characterize each substance and the behavior of the 
adulterated formulations. The wavenumber range applied was from 1800 to 400 cm-1 in a 
spectral resolution of 4 cm-1 with a total of 727 data points for each sample. 

PLS was applied to calibrate the spectral profiles and predict the percentages of 
adulteration. According to Christy et al. [18], compared with other methodologies, PLS 
calibration gives more precise results. For each model created to predict lactose, creatine 
and caffeine added to WPC, the samples were divided into calibration and validation 
datasets. The samples were randomly chosen within the range of 0 to 50% of substitution, 
where the calibration set consisted of 7 samples while the validation dataset consisted of the 
other 4 which were not part of the calibration set [19].  

The optimum number of latent variables were obtained using full cross-validation (leave-
one-out) method and the prediction performances were evaluated throughout the root mean 
square error (RMSE - which represents the standard deviation of the residuals), the relative 
prediction errors (RE %), and the coefficient of determination (R2) of both calibration and 
validation data sets. In general, as low as the RMSE and RE% values can be, and R2 as 
close as possible to 1, the better will be the model predictions. Also, the overall bias (BIAS), 
the standard error of prediction (SEP) and the residual predictive deviation (RPD) over the 
validation dataset were calculated to evaluate the accuracy of the predictive model [20,21]. 
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All statistical analyses were carried out using OriginPRO 2015 (Originlab Corp., 
Northampton, MA, USA) software.  

 

3. Results and Discussion 

3.1. MIR spectroscopy 

When the sample matrix is composed of many different organic compounds, the infrared 
absorption bands obtained are the result of the combination of vibrations of many different 
chemical groups at certain wavenumbers, turning the analysis of the spectra an arduous 
task. In an attempt to identify important chemical groups or even compounds that might 
influence the spectra, the interpretation details of the spectra of the pure components and 
their mixtures with WPC are described as follows. 

 

3.1.1 WPC characterization 

Figure 1 shows the normalized spectra of pure WPC in the wavenumber range of 3600 to 
400 cm-1. 

 

Figure 1 – Normalized MIR spectrum of pure WPC. 

 

WPC spectra in the Figure 1 can be divided into two areas: the first one with high energy 
(3600 to 2800 cm-1) and a second one (1800 to 900 cm−1) which is considered a rich region 
presenting distinct bands associated with important functional groups [22,23]. In the area 
with high energy there are two peaks where the broad region around peak 1 (3279 cm-1) is 
ascribed to stretching vibration of hydroxyl groups, commonly linked to water-binding, and 
the region 2, characteristic of stretching of C-H bonds [24]. 

The strongest peaks and main absorptions regions are within the wavenumber range of 
1800 to 900 cm-1. In the WPC characterization, the main concern is with absorption as result 
of vibrations in the amide bonds of amino acids and proteins, primarily Amide I (C=O 
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stretching vibration – peak 4, centered at approximately 1632 cm−1), Amide II (N-H bending 
and C-N stretching vibrations – peak 5 at approximately 1531 cm−1) and also Amide III 
(mainly C-N, stretching vibration – peak 8, around 1250 cm-1) [8,25]. Peak 3 is associated to 
vibrational groups of C=O groups of lipids. The band at 1450 cm−1 (peak 6), corresponds to 
the bending of C-H bonds in CH2 groups, while peak 7 (1392 cm−1) to the stretching of C=O 
in carboxylic acid groups [8]. Finally, the vibration in the 1130 to 1000 cm−1 range (region 9) 
is linked to stretching vibrations of C-OH, C-C and C-O-C present in in carbohydrates, mainly 
lactose [25,26].  

The region below 1000 cm-1 (fingerprint region) is complex showing many bands that 
frequently overlap each other. This area and sometimes not used on spectral analysis due to 
its difficulty on assigning absorption bands once unique patterns are found in different 
organic molecules. However, they might be important on discrimination of substances. 

3.1.2 Lactose adulteration 

Regarding to pure lactose in Figure 2A can be observed a spectrum with several sharp 
and intense peaks, especially in the lower energy region. This feature makes the spectra of 
the lactose and others crystalline sugars complex and with many unassigned bands [27]. 
Table 1 (see Supporting Information) describes the chemical assignments from the 
highlighted bands in Figures 2A. 

 

Figure 2 – Mid infrared spectra of (A) pure components: lactose and WPC; and (B) 
mixtures containing levels of WPC substituted by lactose (5 to 50% w/w). 

 

According to Zhou et al. [26] the region with lower energy 1250 to 800 cm-1 is rich in 
intense bands and embodies characteristic peaks of C-O and C-C vibrations present in 
carbohydrates as lactose. Even though this region represents vibrations associated to the 
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same compound (lactose) in both WPC and the adulterant, their shapes are quite different 
(Figure 2B), which occurs due the lactose state presents in each sample. In the WPC, beside 
the whey proteins, lactose is also an important constituent, which is in a meta-stable glassy 
state (amorphous lactose) since its crystallization is impaired by the presence of proteins 
[4,28,29]. On the other hand, pure lactose (used as an adulterant) is mostly in its crystalline 
form, since is thermodynamically more stable than the amorphous state [30]. In general, the 
spectrum of amorphous lactose (present in WPC) could be distinguished from those of 
crystalline lactose (present in pure lactose) by peaks less defined and in a smaller number as 
occurred in Figure 1 [31,32]. 

In Figure 2B some modifications can be observed in the spectra due to the lactose 
substitution in the samples. By comparing the spectra of pure substances in Figure 2A it can 
be noted the most remarkable differences between the spectra occur mainly in the regions of 
1800 to 1460 cm-1 (characteristic region in WPC) and 1200 to 400 cm-1 (where intense peaks 
were found in lactose). In the former region, the addition of lactose brings effects in the 
normalized spectra intensity of mixtures from 30% adulteration. Once this range is mainly 
related to the presence of protein (Amide I and II), the replacement of WPC by lactose has 
led to a decrease in the spectra intensity in this region. Also, the peak 3 (showed in the 
lactose spectrum – Figure 2A) was masked in Figure 2B by the high intensity of the amide 
peaks. The latter (below 1200 cm-1), it can be noted that in the range of regions 5 and 8 
(Figure 2A), there was an increase in the intensity of the peaks as soon as adulteration was 
carried out (Figure 2B). Regarding the shape of the peaks, the addition of only 5% of pure 
lactose into the WPC already altered the spectra and with increasing concentration, they 
became sharper. That fact may be related to the lactose state which is in a crystalline form in 
the pure lactose sample, as previously stated [27,32].   

In the region 4 we can also visually realize wavenumbers evincing the adulterations, even 
though the peak intensities are lower in this range comparing to the others. The range from 
1369 to 1248 cm-1 is dominated by small sharp peaks coming from deformation modes of the 
CH, OH and CH2 groups present in the lactose samples, but not visualized in the WPC 
spectrum (Figure 2A).   

Regarding area of peak 6 and peak 7, they have arisen in all adulterated samples (5 to 
50%) (Figure 2B). However, they are characteristic of the pure lactose sample, not occurring 
in the spectrum of the WPC (Figure 2A). This fact suggests that these regions might be 
areas with significance when evaluating the adulteration of WPC by lactose. 

 

3.1.3 Caffeine adulteration 

The most relevant peaks of pure caffeine were found in the low energy region, between 
1800 and 400 cm-1 (Figure 3A). The chemical structure of caffeine contains two rings fused 
(imidazole and pyrimidine) comprising 2 carbonyl groups and 10 C-N bonds, that can 
contribute to the vibrational intensity obtained. The chemical bonds related to the peaks in 
Figure 3A are described in Table 1 (see Supporting Information). 

In Figure 3B it is possible to notice some differences between WPC and pure caffeine in 
the region above 2800 cm-1, where no peaks were observed in the caffeine sample. The 
intense protein peaks of WPC amide I (1631 cm-1) and amide II (1530 cm-1) showed a 
decreasing trend as the substitutions went on. Even decreasing the intensity, these peaks 
mask the presence of smaller intensity peaks characteristic of caffeine in the same region, 
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with the exception of the caffeine peak 1 (1693 cm-1), that changes the shape of the base of 
the Amide I peak even at lower levels of substitution, rising in accordance with caffeine 
concentration in the mixtures. The Amide I consists of combination of stretching vibrations of 
C=O and N-H chemical groups, commonly found in peptide bonds [33], while in caffeine, the 
peak 2 (1643 cm-1) was assigned only to C=O stretch only [34] and might be related to 
Amide I as well. In fact, there is even a shift in the amide I peak from 1631 cm-1 in the pure 
WPC sample to 1643 cm-1 in the 50% mixture. Following similar pattern, the shape of the 
WPC Amide II peak (1530 cm-1) had changed due to the decrease in its the intensity with the 
substitution, but also the contribution of the caffeine peak at 1544 cm-1 (peak 4). Another 
decrease in intensity observed involves the WPC’s carbohydrate region surrounding the C-
OH stretch at 1070 cm-1 (peak 9, Figure 1), which had the spectra changed as well due to the 
contribution of caffeine peaks in smaller wavenumbers. 

 
Figure 3 – Mid infrared spectra of (A) pure components: caffeine and WPC; and (B) mixtures 
containing levels of WPC substituted by caffeine (5 to 50% w/w). 

 

The main changes in the spectra regarding the appearance of characteristic peaks of 
caffeine happened in the fingerprint region below 1000 cm-1. It is noticeable the gradual 
increase of the peaks that showed high intensity in the pure caffeine sample, especially 
those related to imidazole and pyrimidine rings vibrations. According to [35], this area was 
significantly important for the use in quantification of caffeine in pharmaceutical formulations, 
and it might play an important role in this study as well. 
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3.1.4. Creatine adulteration 

As in caffeine case, creatine revealed highly intense peaks in the wavenumber range 
bellow 1800 cm-1, with some significant differences found when compared to WPC sample 
(Figure 4A – Table 1). Creatine is a nitrogenous organic acid with biological activity in the 
muscle and brain tissue, therefore, its infrared spectra is dominated by N-H, C=O and C-N 
bond vibrations [36]. 

 
Figure 4 – Mid infrared spectra of (A) pure components: creatine and WPC; and (B) mixtures 
containing levels of WPC substituted by creatine (5 to 50% w/w). 

 

   The major differences observed in the mixtures of WPC and creatine (Figure 4A and 4B) 
are the link of the region comprising the Amide I and II peaks, the range surrounding 1070 
cm-1 band (C-OH stretch of carbohydrates) and the highly intense peaks characteristic of 
creatine, in special below 1000 cm-1. The presence of creatine in the formulated mixtures 
gradually changed the shape of these areas as seen in Figure 3B. In the first case, the 
Amide I and II bands became broader than pure WPC sample, in addition to the reduction of 
intensity of these bands and rising of the absorption peak corresponding to the peak 5 of 
creatine (1593 cm-1) in between them, which agrees with the rising of the creatine level in the 
mixtures. In case of the region between 1130 and 1000 cm-1, the band changed even in 
concentrations as low as 5% of creatine due to the peaks 8 and 9 at 1107 cm-1 and 1047 cm-

1. Peaks as 1305 cm-1 (7), 981 cm-1 (11), 914 cm-1 (12) and the broad bands below 850 cm-1 
comprising the region 13, peak 14 and region 15 (Figure 3A), also showed a rising trend in 
the mixtures. 

   With the characterization of the differences and similarities found, the visual observations 
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obtained provide insights of certain regions that might influence the differentiation of the 
samples. Thus, due to the size of the datasets, it is essential that chemometric analyses 
support the spectral results. Unsupervised exploratory approaches such as PCA can be used 
to validate the observations. In addition, in order to perform a quantification analysis, 
multivariate calibration is required [37]. 

 

3.2 Principal components analysis 

   Once the main differences within the samples were observed in the spectral range below 
1800 cm-1, the normalized spectra of pure WPC and the mixtures of caffeine, creatine and 
lactose, from 1800 to 400 cm-1, were submitted to principal component analysis (Figure 5). 
To avoid biased discrimination of the samples, the spectra of the pure adulterants were not 
included in this analysis, emphasizing the differences in relation to pure WPC. 

 
Figure 5 – Score plot result from PCA of pure WPC, Caffeine (caf), Creatine (cre), Lactose 

(lac) and different levels of substitution of WPC in weight. 

Figure 6 presents the same plot of Figure 5 by pairs of principal components. From the 
figure approximately 89% of the total variance of the spectral data was explained by the first 
three principal components. PC1 accounted for 38.81% of the variability of the data and 
highlight the differences of pure WPC and caffeine treatment against the others, since they 
were positioned in opposition from creatine and lactose samples, in special the highly 
concentrated ones (Figures 6A and 6B). Among creatine and lactose substitutions, it can be 
seen that all creatine samples showed similarities with low levels of substitution of lactose, 
up to 20%. The higher levels of lactose substitution were positioned in the most positive end 
of the PC1 axis. All caffeine substituted samples were correlated in relation to PC1. On the 
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other hand, PC2 explained 33.31% of the variance, with creatine substituted samples being 
positioned in its positive scale while caffeine and lactose mostly in the negative side. 
Although in the positive scale, closer to the origin of PC2 axis, the WPC sample showed 
similarities with the lowest levels of substitutions of these substances. The group of samples 
containing of creatine levels above 20% revealed less differences within them. The 
wavenumbers that led to the positioning of the lowest levels may indicate the main areas of 
the spectra responsible for the differentiation of the creatine substituted samples. 

 
Figure 6 – Score plots of principal component analysis of the normalized spectral data of the 
mixtures of caffeine, creatine and lactose with WPC, within the range of 0 to 50% of 
substitution (w/w). (A) PC1 x PC2; (B) PC3 x PC1; (C) PC2 x PC3. 

Explaining approximately 17% of the total variability of the data, PC3 showed the WPC 
sample in opposition of the highest levels of substitution. Substitution levels above 15% of 
caffeine showed more similarities with fewer samples of the other substances used. The 
score plot (Figure 6C) showed only three lactose concentrations (30, 45 and 50%) and 
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concentrations above 20% of creatine showed in the positive scale of PC3. The decrease of 
intense protein related peaks might be influencing this principal component, which can be 
clarified by analyzing the loading plots (Figure 7). 

 
Figure 7 – Loading plot of the three first principal components explaining approximately 89% 
of total variability of the spectral data. 

 

The regions where PC1 weighted positively referred mainly to areas where intense 
changes in the spectra were observed due to peaks characteristic of lactose and creatine. 
The range 1175 to 970 cm-1 is characterized by the presence of lactose in the samples, 
where vibrations of C-O, C-O-C, C-OH and C-C groups are found [38]. In the interval 730 to 
490 cm-1, positive loadings were also found in PC1. This range showed peaks in both 
creatine and lactose samples, which contributed for their correlations in the score plot (Figure 
6A). PC1 weighted negatively in fewer regions, with highlight in peaks intense only when 
caffeine is present in the mixtures, such as the stretching of C=O at 1693 cm-1 and vibrations 
of imidazole and pyrimidine rings at 1236 and 480 cm-1.   

Most of the intense positive loadings obtained in the PC2 are related to peaks exclusive 
from creatine, in special the centered at 1593 cm-1, 1392 cm-1, 1305 cm-1 and the region 
surrounding the peak at 806 cm-1. The decrease in WPC’s Amide II band (1530 cm-1) had 
also shown positive loadings, which correlates with the substitution in weight promoted. 
Another range revealing high loadings is between 710 and 560 cm-1, where peaks associated 
with creatine and lactose are prominent. Notwithstanding, negative loadings occurred mainly 
where intense peaks of lactose were present, with few breaks in between, where 
characteristic creatine peaks changed the loadings to positive. It is possible to notice that in 
the regions where negative loadings were found, caffeine peaks agreed with the lactose 
ones, therefore, influencing the positioning of these two adulterants in opposition of creatine 
in the score plots (Figure 6A and 6C). 

Lastly, negative loadings of PC3 correlates to regions of the spectra where higher 
intensity of signal was found in pure WPC sample or in those with low levels of substitution, 
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while positive loadings reflected regions where the adulterated samples showed up. Two 
regions that deserve attention here: between 865 and 792 cm-1, with positive loadings, where 
two small broad peaks are present in caffeine and creatine samples (centered at 858 and 
806 cm-1, respectively) seemed to matter; and from 1100 and 985 cm-1, where the intense 
lactose characteristic peaks weighted negatively. These observations suggest that PC3 is 
much more related to the substitution levels, than to a discrimination of a particular 
substance. 

When analyzing the principal components in combination, it is clear that WPC sample 
revealed strong similarities with lowest levels of substitution of each substance used. Overall, 
it was noted a well-defined differentiation in relation to concentrations above 20% of each 
adulterant. Previous research has shown that these three adulterants could be differentiated 
using different spectroscopic analysis, with similar discrimination obtained [33], however, no 
prediction models were studied. 

 

3.3 PLS regressions 

PLS is based on two matrixes, being one made of the predictor values (X matrix) and the 
other with the observed values (Y matrix), which the calibration relies on. In this case, the 
percentage of substitution of WPC, from 0 to 50% (w/w), was used as Y matrix, while the X 
matrix consisted of the selected normalized MIR spectra data, therefore, the models were 
based on 727 variables. The calibration was promoted using full cross validation in all cases.  

The calibration and validation regressions can be visualized in Figure 8 and the PLS 
performance and accuracy parameters were calculated and presented in Table 2. The 
RMSE, RE% and R2 were calculated for both calibration and validation datasets, while BIAS, 
SEP and RPD only to the validation sets. 

 
Figure 8 – PLS calibration and validation regressions of predictions of the substitutions 

with (A) caffeine, (B) lactose and (C) creatine. 

Table 2. PLS predictions of the percentage of substitution of caffeine, lactose and creatine in 
whey protein powder. 

 
Prediction 

of 
Calibration n = 6 Validation n = 4 

R2 RMSE RE% R2 RMSE BIAS SEP RPD RE% 

Caffeine 0. 
96631 2.822 9.74 0. 

97027 3.415 1.101 3.233 4.808 11.15 

Lactose 0.99960 0.324 1.10 0.97088 1.828 -0.496 1.760 7.517 6.14 
Creatine 0.99998 0.078 0.27 0.95560 2.827 2.082 1.912 5.799 9.33 
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The number of factors that resulted in better prediction model in relation to the caffeine 
treatment was the one with 2 factors. These factors explained 98.2% and 97.2% of the 
cumulative variance of the spectral data and the percentage of substitution, respectively. 
Although the coefficient of determination of both calibration and validation curves were good, 
with values approximately 0.97, it was not possible to obtain a good superposition of the 
curves, which reflected in higher deviations and the highest relative error amongst the model 
predictions (Figure 8A, Table 1).  

Overall, the results obtained for the creatine and lactose predictions were better than the 
caffeine. In the creatine and lactose predictions, the best predictions were obtained with the 
models with 4 factors, which explained above 99.8% of the cumulative variance of the data 
matrixes. The coefficient of determination of the calibration curves were above 0.99, while 
the validation above 0.95. Although in creatine treatment, the relative errors obtained were a 
bit higher than in lactose substitution, there are overlays of the calibration and validation 
curves, indicating better performance. Regarding the RMSE values, that represents the 
standard deviation of the residues of prediction, it can be noted that the validation dataset 
resulted in higher values, which was expected, due to the reduced number of samples used. 

Among the wavenumbers that most influenced the prediction models, the WPC’s Amide I 
and II peaks (1640 and 1530 cm-1) were valued in all the three prediction models, since, in all 
cases, these peaks showed a reduction trend following the substitutions. In addition to these 
peaks, the fingerprint region (below 1000 cm-1) also played an important role in all cases. In 
the caffeine model, the peaks at 742, 480 and 424 cm-1 weighted significantly to the good 
performance of the model. Creatine on the other hand showed several more peaks, with 
highlight to the region between 720 and 520 cm-1, that showed high intensity in the mixtures. 
Finally, lactose substitution was the one with higher number of variables affecting the PLS 
model. The range 1140 to 980 cm-1, the broad peak surrounding 770 cm-1, and the range 630 
to 530 cm-1 significantly improved the performance of the model. 

In relation to the accuracy parameters, the models calculated revealed low BIAS values, 
with low contribution to the calculated SEP. Lactose substitution prediction was the one 
showing negative BIAS, consequently, with a slight underestimation of the values in general. 
The results obtained for the RPD indicates the overall accuracy of the models, where the 
lactose prediction can be classified as very good, followed by creatine (good) and caffeine 
(fair) models [21]. Therefore, although some imprecision was found in the models obtained, 
the methodologies and techniques employed showed great potential in the quantitative 
assessment of formulations of WPC. 

 

4. Conclusions 
In this work, the mid infrared spectral analysis coupled to multivariate statistical 

approaches allowed the characterization (qualitatively and quantitatively) of mixtures of 
different compounds in WPC. PCA allowed the segregation of the samples according to the 
model molecules used as adulterants in three different groups. The differentiation of the 
mixtures was feasible when the level of substitution was higher than 20% w/w. The lactose 
and creatine prediction model were the ones that more regions of the spectra correlated with 
the adulteration levels, resulting in overall good values in relation to the performance and 
accuracy parameters. Although caffeine model did not perform well as the others, it came out 
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in fair results. Therefore, the techniques employed can be of great importance to assess the 
quality of dried protein-based products, as alternatives to the classical non-environmental 
friendly chemical methodologies. 

 

Supporting Information 
Table 1 – IR band assignments for pure lactose, caffeine and creatine. Molecular structure 
and MIR spectra are presented in figures 2, 3 and 4. 

 Region 
Wavenumber 

(cm-1) Chemical assignment References 

La
ct

os
e 

– 
Fi

gu
re

 2
A  

1 3560 - 3200 n OH region Wiercigroch et al. [27] 
2 2934 and 2899 n CH Wiercigroch et al. [27] 
3 1659 δ OH – crystal water Listiohadi & Hourigan [31] 
4 1480 to 1250 ω CH2; ρ CH2; ρ CH; ρ OH Wiercigroch et al. [27] 

5 1200 - 1000 n COC; n CO; ν C-OH; n CC 

Kędzierska-Matysek, Matwijczuk, & 
Florek [38] 
Listiohadi & Hourigan [31] 
Wiercigroch et al. [27] 

6 925 - 850 COH deformation; n CC Wiercigroch et al. [27] 
7 760 τ CO; τ COHO; τ HOH Wiercigroch et al. [27] 

8 800 - 400 deformation of endocyclic OCC, 
OCO and COO Wiercigroch et al. [27] 

C
af

fe
in

e 
– 

Fi
gu

re
 3

A 

1 1693 n C=O Rodrigues, Cardoso, Andrade, 
Donnici, & Sena [34] 

2 1643 n C=O Rodrigues et al. [34] 

3 1596 n C=N Paradkar & Irudayaraj [39]  
Schulz & Baranska [40] 

4 1544 n N-C=O Paradkar & Irudayaraj [39] 
Schulz & Baranska [40] 

5 1400 n C-N imidazole ring; in-plane δ 
CH3 Palo et al. [35] 

6 1284 n C-N Edwards, Munshi, & Anstis [41] 

7 1236 n imidazole and pyrimidine rings; 
δ N-H Ucun, Saǧlam, & Güçlü [42] 

8 1022 n C=O ketonic; n C-N Palo et al. [35] 
Paradkar & Irudayaraj [39] 

9 972 n imidazole and pyrimidine rings; 
ρ CH3 Kesimli, Topacli, & Topacli [43] 

10 742 n imidazole and pyrimidine rings; 
δ and n CH3 Edwards et al. [41] 

11 610 τ N-C-N out-of-plane 
(pyrimidine) 

Palo et al. [35] 
Ucun et al. [42] 

12 480 δ out-of-plane (pyrimidine); δ C-
N-C (imidazole) 

Palo et al. [35] 
Ucun et al. (2007) 

13 445 and 420 δ in-plane pyrimidine ring Palo et al. [35] 
Ucun et al. [42] 
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 Region Wavenumber 

(cm-1) 
Chemical 

assignment References 

C
re

at
in

e 
– 

Fi
gu

re
 4

A  

1 3404 unknown; n OH 
region Wiercigroch et al. [27] 

2 3072 unknown --- 

3 1690  n C=O Podstawka, Światłowska, Borowiec, & 
Proniewicz [44] 

4 1660 n C=N Podstawka et al. [44] 

5 1593 n NH2 Podstawka et al. [44] 
6 1392 n C=O (-COOH) T. Wang et al. [8] 

7 1305 n CH3; n NH2; 
ρNH2 Podstawka et al. [44] 

8 1172 δ N-CH3; n C-N-C Podstawka et al. [44] 
9 1107 δ N-CH3 Podstawka et al. [44] 

10 1049 δ R-NH2 Podstawka et al. [44] 

11 981 n CH ; ρ CH2 Podstawka et al. [44] 

12 916 n C-COH Podstawka et al. [44] 

13 850 to 770 n C=N and ρ R-
NH2 

Gangopadhyay et al. [45] 
Podstawka et al. [44] 

14 702 n NH2 Podstawka et al. [44] 

15 670 to 400 unknown, skeletal Podstawka et al. [44] 
n: stretch, δ: deformation or bending, ρ: rocking, ω: wagging. 
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