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Abstract 

Selected ion flow tube-mass spectrometry (SIFT-MS) can be used to analyse the concentration of volatile 

compounds in the headspace over food samples. Utilising chemometric classifiers, the concentration of 

aroma compounds detected by SIFT-MS was used to differentiate products. Nineteen compounds most 

useful in differentiating a range of dairy products were identified from the results of classification and 

selected for the development of preliminary threshold models to distinguish acceptable products from 

those containing off-aromas. Product differentiation was used to select the compounds for the threshold 

models, because sensory panel analysis rarely detects off-aromas in the products being examined. 

Threshold models for these compounds in the different products were developed using the 95% percentiles 

for the concentrations of these compounds that sensory panels found to be acceptable. These models have 

been used successfully during routine analysis to distinguish good products from marginal or off-aroma 

products, thereby lowering the demand on sensory panels. 

1. Introduction 

Chemometric analysis utilises mathematical and statistical models to associate analytical chemical data 

with the physicochemical properties of a product, which then allows the quality of unknown product 

batches to be predicted (Forina, Casale, & Oliveri, 2009), and is currently being used to determine 
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authenticity, geographical origin, varietal differences and stage of maturation of different food products 

(Arvanitoyannis & Tzouros, 2005; Forina et al., 2009). 

The majority of chemometric methods used in published dairy studies have included principal component 

analysis (PCA), discriminant functional analysis, and linear regression techniques including partial least 

squares discriminant analysis (PLS-DA) or linear discriminant analysis (LDA) (Karoui & De Baerdemaeker, 

2007). Recently, data obtained using gas chromatography-mass spectrometry (GC-MS) was applied to the 

identification of lipid oxidation compounds and predict fishy off-flavours in dairy powders by random forest 

classifiers (Chen, Husny, & Rabe, 2018). Milk origin and quality were evaluated with an E-nose utilising data 

pre-processing using PCA followed by logistic regression and random forest classifiers (Chen, Husney, & 

Rabe, 2018; Mu, Gu, Zhang, & Zhang, 2020). Naïve Bayes classifiers have been used to distinguish fresh 

beef and pork based on E-nose headspace data (Wijaya, Sarno, & Daiva, 2017). 

Threshold models using aroma compound screening for determining products with acceptable aromas has 

been a relatively novel approach in the dairy industry. There are a few prior investigations of off-aroma 

analysis for dairy product quality, performed predominantly using headspace GC-MS (Karoui & De 

Baerdemaeker, 2007). Early studies measure hexanal levels in fresh milk powder to evaluate lipid auto-

oxidation (Ulberth & Roubicek, 1995) or microbial off-aroma compound thresholds as a guide for quality of 

cheddar cheese (Dunn & Lindsay, 1985). More recently, proton transfer reaction-mass spectrometry 

(PTR-MS) has been used alongside various multivariate analysis methods to examine the quality of butter 

and butter oil (van Ruth et al., 2008). A few studies with multivariate analysis have examined the quality of 

milk powders and whey powder (Makhoul et al., 2016), anhydrous milk fat (Makhoul et al., 2016; Pedrotti, 

2018, 2020) and raw milk (Asaduzzaman, Kerschbaumer, & Scampicchio, 2018). 

Dairy companies and other food manufacturers use human sensory panel analysis for routine quality 

control before sale of their products and for new product development (Baietto & Wilson, 2015; Carbonell-

Barrachina, 2007; Drake, 2007; ISO/IDF 2009). However, there are some advantages to using instruments 

rather than panels, i.e., they do not suffer sensory fatigue or adaptation and the results are not affected by 

other physiological or psychological factors; therefore, the results should be highly reproducible (Smyth & 

Cozzolino, 2013). However, instrumental techniques may not be as sensitive to some aromas as trained 

panellists and may not detect all aromas accurately, because of the complex nature of aroma-chemical 

interactions within the sample (Chambers & Koppel, 2013; Smyth & Cozzolino, 2013). 

Dairy proteins are large non-volatile molecules that can bind volatile aroma compounds in solution, causing 

them not to be released into the headspace (Kühn, Considine, & Singh, 2006). Commercial dairy protein 

products are typically not pure protein isolates and contain moisture, minerals, lipids, lactose, and feed 

taints, which can be aroma compounds themselves, or may lead to the formation of aroma compounds 
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(Lee, Laye, Kim, & Morr, 1996; Mehta, Bassette,& Ward,1974; Smith, Campbell, Jo, & Drake, 2016). A variety 

of different aroma compounds have previously been reported in different types of manufactured dairy 

proteins using GC-MS; these include aldehydes, ketones, furans, esters, lactones, sulphides, alcohols, 

amines, pyrroles, pyrazines and carboxylic acids (Carter & Drake, 2018; Evans, Zulewska, Newbold, Drake, 

& Barbano, 2009; Javidipour & Qian, 2008; Mortenson, Vickers, & Reineccius, 2008). 

Pathways leading to the formation of aroma compounds in dairy products have been described, with two 

predominant mechanisms being lipid oxidation and thermal processing (Shipe et al., 1978). Aldehydes are 

the primary products of lipid oxidation and these can form in milk or whey stored at 4 C (Frankel, 1984).  

Secondary lipid oxidation products are alcohols, ketones, carboxylic acids, hydrocarbons, furans, lactones 

and esters (Frankel, 1984). In whey, aldehydes can be formed by the cheese starter (Whitson, Miracle, 

Bastian, & Drake, 2011). Many artefacts are formed as a result of thermal processing; pyrroles, pyrazines, 

lactones, and furans are formed in Malliard reactions (Calvo & de la Hoz, 1992; Ferretti & Flanagan, 1971), 

sulphur dioxide from methionine sulphur oxidation (Wüst & Pischetsrieder, 2016), ammonia and amines 

from the deamination of arginine and glutamine (Borad, Kumar, & Singh, 2017; Metwalli & van 

Boekel,1998; Sohn & Ho,1995), and thiols released from cysteine and cystine (Vazquez-Landaverde, Torres, 

& Qian, 2006; Volkin & Klibanov, 1987). Lecithin, an additive added to enhance solubility, can also release 

trimethylamine on heating (Lunden Gustafsson, Imhof, Gauch, & Bosset, 2002). 

Other aroma compounds occur because strong feed taints can be transferred into the milk from either the 

digestive tract or lungs via the bloodstream of the cow, which then can diffuse into the bovine mammary 

gland where they are incorporated into the milk and manufactured dairy products (Babcock, 1938; Carter 

& Drake, 2018; Kilcawley, Falkner, Clarke, O'Sullivan & Kerry, 2018). 

Selected ion flow tube-mass spectrometry (SIFT-MS) is a direct variant of mass spectrometry that can be 

used to provide highly sensitive, real-time analysis of volatile compounds present in the headspace of 

powder and liquid samples (Langford et al., 2012; Patana-anake & Barringer, 2016). The use of SIFT-MS to 

provide rapid screening of products is a novel approach for this type of study and the aim of this preliminary 

study was to utilise this technique to create aroma compound threshold models from a small number of 

compounds identified by chemometric classifier methods as important aroma discriminators for the milk 

protein, lactose and milk mineral products examined. 
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2. Materials and methods 

2.1. Reagents 

The SIFT-MS was calibrated using a Scott Mini-Max ultra-pure gas calibration cylinder (Aire Liquide, TX, 

USA). The cylinder contains 2.04 ppm benzene, 2.06 ppm ethylene, 2.08 ppm isobutane, 2.07 ppm 

octafluorotoluene, 2.05 ppm hexafluorobenzene, 2.14 ppm 1,2,4,5,-tetrafluorobenzene, 2.05 ppm 

toluene, and 2.05 ppm p-xylene, with the balance of the cylinder being nitrogen. A SIFT-MS standard 

solution was prepared using analytical grade water (18.2 MΩ cm−1, Barnstead Genpure, ThermoFisher, 

Waltham, MA USA) comprising 10 ppb acetone (AR-grade, Fisher Chemical, Hampton, NH, USA), 1 ppb 

3-methylbutanal (97%), 4 ppb acetaldehyde (≥ 99.5%), 0.4 ppb butyric acid (≥ 99%), 1 ppb 2,3-butanedione 

(analytical standard), 2 ppb hexanal (98%), 0.4 ppb dimethyl sulphide (≥ 99%) from Sigma-Aldrich (St. Louis, 

MO, USA), 0.4 ppb ethyl acetate (ChromAR grade), and 0.4 ppb glacial acetic acid (100% Empure) from 

Mallinckrodt (St. Louis, MO, USA) was prepared. This solution was diluted 1:100 (v/v) with analysis grade 

water, and was used to check the performance of the SIFT-MS instrument at beginning of each batch 

analysed. 

2.2. Sample analysis 

The aroma detection instrument used in this study was the Voice 200 SIFT-MS (Syft Technologies, 

Christchurch, NZ) fitted with a Gerstel Multipurpose auto-sampler comprising a six vial incubation chamber 

configured with a 2.5 mL gas-tight Gerstel headspace syringe (Mülheim an der Rurh, Germany). 

A literature review of aroma compounds in dairy products was used to identify 81 compounds that could 

be detected by SIFT-MS and had previously been associated with sensory defects in dairy products. These 

compounds were entered into the SIFT-MS selected ion monitoring software, allowing the headspace 

concentration of ions associated with these compounds to be measured in the different samples. As a 

consequence of the way that products are manufactured, it is assumed that each product would have a 

unique aroma profile and therefore be able to be differentiated. 

Instrument settings were optimised by initial trials on lactose, whey protein concentrates, and milk protein 

concentrates at three incubation times (5, 10 and 15 min), at three different temperatures (40, 55, and 

70 °C) and the optimal settings were established to be incubation at 70 °C for 15 min. The concentrations 

of these 81 compounds were analysed in 300 samples, comprising of 23 mineralised and lactic acid casein, 

17 calcium caseinate, 14 lactalbumin (highly heat-treated whey protein product), 34 milk protein 

concentrate, 56 sodium caseinate, 41 whey hydrolysate, 27 whey protein concentrate, 33 whey protein 

isolate,18 lactose, and 37 milk mineral powders. The samples came from manufacturing sites in the North 
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Island of New Zealand. All samples of each product had previously been assessed by the sensory panel to 

have a typical aroma profile. These samples were collected and analysed by SIFT-MS from June to 

December 2016. 

Samples (3.0 ± 0.05 g) were weighed into 20 mL (Supleco, Bellefonte, PA, USA) screwcap headspace vials.  

Two blank samples were run at the beginning of each analysis to provide an atmospheric baseline, and two 

blank samples were run between different protein types to ensure that there was no carry over between 

the different types. Although the SIFT-MS can detect compounds down to 1 ppt, repeatability was variable 

at this concentration. For products where the concentration was above 1 ppb, the repeatability was 

≤ 15.5% (n = 5 duplicates). Ammonia was initially selected as one of the 19 compounds, but due to poor 

repeatability it was omitted from the threshold models. The vials were loaded into the auto-sampler, which 

then transferred them sequentially to the incubation chamber, in which they were heated to 70 °C for 

15 min without shaking.  Several samples could be being incubated at one time. The headspace gas (2.5 mL) 

from these samples was injected directly into the instrument, which generated data for the 81 compounds. 

Subsequently, the data from the 81 compounds were analysed using chemometric classifier methods to 

identify a smaller set of compounds, which were used for differentiating between types of protein 

products, lactose, and milk minerals. Initially, one model was developed for each product type using the 

threshold for each of the selected compounds. However, when more samples were analysed on a routine 

basis, it was found that samples containing lecithin gave rise to higher amounts of trimethylamine and one 

of the whey hydrolysates gave high levels of ammonia, so separate threshold models were developed for 

these products. 

The final experimental settings were optimised to routinely analyse the selected compounds, allowing for 

at least 20 sample scan points per compound using 10,000 ion counts and a scan duration of 125 s. The 

syringe had an injection time of 15 s and a settle time of 110 s.  The background was subtracted prior to 

the chemometric analysis but otherwise no pre-processing was carried out. 

2.3. Statistical analysis 

Three different classifier methods from the Weka 3 Machine Learning software (open-source data-mining 

software developed at Waikato University, Hamilton, New Zealand) were used to differentiate the protein 

products, lactose and milk minerals (Maimon & Rokach, 2010; Witten & Eibe, 2005). The classifier methods 

used were random forest, simple logistic and naïve Bayes. Differences between the methods were 

explained by Ng and Jordan (2001) and Menze, Geremia, Ayache, and Szekely (2012). Once the compounds 

had been selected, linear discriminant analysis (LDA) with crossvalidation in Minitab (State College, PA, 
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USA) was used to assess the probability of correct classification (Balakrishnama, Ganapathiraju, & Picone, 

1999). 

Because of low numbers of samples for some types of protein product, the accuracy of the models was 

assessed using ten-fold cross-validation, rather than using distinct training and validation test sets. The 

cross-validation test sets were chosen randomly using the Weka algorithm and used to assess the classifier 

methods. The classifier methods were trained using the whole data set and then the data was split into test 

sets, which were then iteratively classified by the trained model to determine the model's accuracy. 

The threshold models for each product type were developed using data for the selected compounds in at 

least 60 samples of each product type that had previously been deemed to be of acceptable quality by the 

sensory panel (Esbensen &Wagner, 2017). The threshold value for each compound was set at the 95th 

percentile for each compound. 

2.4. Sensory analysis 

Sensory analysis methodology was performed by evaluating differences from a control sample using the 

difference from control method. The control was a sample with good sensory, functional and chemistry 

properties saved from a recent batch and stored in heat sealed, nitrogen gas flushed foil bags. Trained 

sensory panellists were used to access the aroma. The results for the sample were recorded as typical if 

the aroma was similar to the control, or atypical if the aroma was different. 

For lactose samples, aroma was measured on liquid samples made by dissolving 100 g lactose in 300 g 

deionised water in a 600 mL glass beaker. For all other products, the control bag aroma was sampled 

immediately before the sample bag. 

2.5. Method application 

The SIFT-MS has been routinely used to screen protein, milk minerals and lactose products since 2017 using 

the threshold models. In the first year after the development of the thresholding models, approximately 

1900 samples were screened, and in the second year, 3400 samples were screened. 

3. Results 

3.1. Initial studies 

Initial optimisation trials on a sodium caseinate, milk protein concentrate, whey protein concentrate, and 

lactose samples demonstrated that, due to the nature of the auto-sampler set-up, the 15 min incubation 

time proved to be optimal. 
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Unsurprisingly, the compounds were at their most concentrated in the vial incubated at 70 °C. An absence 

of change in the concentration of Maillard reaction products at the three different temperatures, 

confirmed that analysis conditions of 15 min at 70 °C did not cause the appearance of heat marker 

compounds. Longer incubation times did not appear to increase the concentration of the compounds in 

the headspace, suggesting that the headspace had reached equilibrium. Replicates of the SIFT-MS standard 

had a RSD of 9.9–12.3% (n = 29 days). 

3.2. Classification modelling 

Classifier methods were used to determine which aroma compounds were most important in 

differentiating the products. When all products were classified together, neither the naïve Bayes method 

nor the random forest method was entirely successful in classifying all samples. The naïve Bayes method 

correctly classified 264 out of the 300 samples, corresponding to 88% correct classifications, while the 

random forest model, with only 17 samples being incorrectly classified, yielded over 94% correct 

classifications. Confusion matrices for both these model types, showing how the protein products, milk 

minerals and lactose were classified, are given in Supplementary material Tables S1 and S2. LDA could not 

be used to carry out the initial classification using all 81 compounds because of the high co-linearity 

between some of the compounds; however, it was used to assess the 19 compounds comprised of 

ammonia, short chain tertiary amines, sulphides, mercaptans, ketones, straight and branched chain 

aldehydes, and a methoxylated phenol, once they had been selected. 

Because the products were not classified entirely correctly initially, they were broken down into pairwise 

subsets and reclassified using both these same two methods and also the simple logistic method.  In 

summary, 135 pairwise classifications were prepared; these examined 45 product pairs using the three 

methods, as shown in Supplementary material Tables S3–S5. Fig. 1 shows the numbers of product pairs, 

out of the 45 pairs, that were classified by the different models. 

The 19 compounds selected were those that: featured most frequently in the visual random forest method 

output; featured most frequently in the simple logistic equation method output; or had naïve Bayes 

method means that were more than one standard deviation apart. These compounds most frequently 

occurred for the 103 models that either correctly classified the protein products or misclassified only one 

are displayed in Fig. 2. Despite Fig. 2 showing that 13 compounds may be sufficient to explain most of the 

variance, the results from LDA found that, when 13 compounds were used, 77% of the products were 

correctly classified, whereas, when 19 compounds were used, 84% of the products were correctly classified.  

By examining the PCA and the loadings plot (Fig. 3 and Table 1) for all products examined using the selected 

compounds as predictor variables, 12 factors explained 96% of the variation which contained contributions 
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from all 19 compounds. The confusion matrices using LDA for all products and the pairwise product 

comparisons are shown in Supplementary material Tables S6 and S7, respectively. 

In some cases, the compounds selected for use in the model were highly correlated because aroma 

compounds in this study were predominantly formed by lipid oxidation or as thermal artefacts. Because 

these compounds were formed via a limited number of pathways, they were often members in the same 

homologous series increasing by one methylene group. The number of Pearson correlations between the 

compounds for the 57 sodium caseinate samples is shown in Fig. 4. 

3.3. Method application 

In the first year (the New Zealand dairy season for June 2017–May 2018), all product samples were sent to 

both the SIFT-MS and the sensory panel. The SIFT-MS limits were set more tightly than the sensory panel 

limits, such that all products that failed the sensory panel also failed when analysed on the SIFT-MS. During 

the second year (June 2018–May 2019), one in every ten product samples, and those which were found to 

have off-aroma when using SIFT-MS, were subsequently assessed by the sensory panel. Supplementary 

Figs. 1–4 are PCA diagrams for the different sample types with approximately 100 samples of each product 

type analysed. The caseins in Supplementary material Fig. S1, including acid casein, calcium caseinate, and 

sodium caseinate, can be differentiated based on the geographical location of manufacture. When any 

product sample was an outlier and failed two or more compound thresholds of the models, it was sent to 

the sensory panel for further testing. 

The PCA diagram generated for whey protein products (Supplementary material Fig. S2) is based on data 

for whey powders, whey protein concentrates, whey protein isolates and two distinct whey protein 

hydrolysates. One of the hydrolysates gave rise to significantly higher concentrations of headspace 

ammonia. 

Both SIFT-MS and the sensory panel found six instances where the product had sensory defects. There was 

only one instance of SIFT-MS finding a product to be acceptable and the sensory panel finding it 

unacceptable; however, the compounds responsible for causing the off-aromas were semi-volatile indoles, 

which are not detectable by SIFT-MS. 

4. Discussion 

Although heated milk proteins and lactose can give rise to Maillard reaction products, samples need to be 

heated to above 70 °C before any Maillard products develop (Ajandouz, Desseaux, Tazi, & Puigserver, 2008; 

Cadwallader & Singh, 2009; Lee et al., 1996; Nie et al., 2013; Shimamura & Ukeda, 2012). The 
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caramelisation of any residual sugars in the protein products will usually occur at temperatures > 100 °C 

(Ajandouz et al., 2008). 

As freshly manufactured product was predominantly used in the initial study, the data set was not well 

balanced (Cadwallader & Singh, 2009; Weiss, 2010) and as the sample size was small, cross-validation was 

used instead of validating with a test set. To be effective, all samples in the training set must be used in the 

cross-validation (Hawkins, Basak, & Mills, 2003). The main disadvantage of cross-validation is that it tends 

to overrate the effectiveness of the classifier methods (Baron, 2016; Hawkins et al., 2003). 

The naïve Bayes model was selected due to its reputation for handling small data sets (Gertz, Gertz, 

Matthäus, & Willenberg, 2019), with random forest chosen as it can mitigate the known problems of a 

small data set, such as being unbalanced and co-linearity (Brown & Mues, 2012; Tomaschek, Hendrix, & 

Baayen, 2018). Co-linearity was expected to be present since the selected aroma compounds are often a 

homologous series of small organic compounds produced by the same mechanism, e.g., low molecular 

mass aldehydes and ketones. 

Simple logistic, which is a logistics regression model used to classify pairs, can deal with multi co-linearity, 

and although not as good as random forest, such logistic regression classifiers perform better than other 

classifiers with unbalanced data sets (Brown & Mues, 2012; Lieberman & Morris, 2014). 

When the results from the three classifier methods were combined, the compounds identified were largely 

successful in identifying product batches containing off-aromas. There were, however, two complications 

with the data set used to select the compounds used in the classifier methods. 

The first complication was misclassification due to the rare sample effect; that is, products with smaller 

numbers tended to be misclassified, especially when using the naïve Bayes and logistic regression classifiers 

(McKnight, Wilcox, & Hripcsak, 2002; King & Zeng, 2001; Weiss, 2010). Random forest classifiers are more 

successful in mitigating the rare sample effect with small sample sizes (Mi, Huettmann, Guo, Han, & Wen, 

2017). Rare sample effects can be overcome by prior correction or by weighting the log likelihood ratio 

depending on the samples and the proportion in the population. Prior correction is preferable in cases of 

small sample size (King & Zeng, 2001). The LDA classifier coped well with samples with few representatives, 

despite the fact that under-sampling has a negative effect on performance, as shown in Supplementary 

material Tables S7 and S8 (Xie & Qui, 2007). 

The second complication occurred because the compounds used in the models were highly correlated with 

each other, causing multiple co-linearity. One-way of coping with highly correlated data is to pre-process 

the data using PCA and use the resultant PCA eigenvector outputs as the predictor variables; however, in 

doing this, it would be difficult to ascertain which compounds to measure (Linting, van Os, & Meulman, 

2011; Zhang & Sun, 2009). Although one of the rules of the naïve Bayes classifier is that the predictor 
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variables need to be independent, this classifier often produces more accurate output than would be 

expected with data for which the features are not independent (Rish, 2001; Rish, Hellerstein, & Thathachar, 

2001; Scott et al., 2013). The simple logistic method is also adversely affected by highly correlated features, 

and this can produce large mean square errors (Barker & Brown, 2001). The random forest classifier 

method is considered to be better at coping with highly correlated predictor variables; however, it has been 

shown that highly correlated important variables may be selected more often for the ensemble of decision 

trees than those variables that are important but not highly correlated (Strobl, Boulesteix, Kneib, Augustin, 

& Zeileis, 2008). The LDA method could not cope with the co-linearity of the data. Due to this study 

generally being carried out to establish which compounds to use in the threshold models, co-linearity was 

accepted and was not corrected for as the compounds cannot be obtained from PCA factors. 

The optimal headspace measurement with the SIFT-MS meant that a maximum of 19 compounds was 

optimal within the dwell time for the SIFT-MS. To avoid the problem of model overfitting through using too 

many predictor variables, the histogram of the prevalence of the 19 compounds was examined, and this 

showed that there was a decline after the 13th compound, suggesting that these may be enough variables 

to use. However, LDA analysis using 13 compounds gave only 77% correct classifications, which improved 

to 84% when all 19 compounds were used (Babyak, 2004). 

Future research that could be considered is to use ensemble models rather than combining the results from 

the three separate models. Ensemble models may have resulted in better predictions due to less noise, 

making the models more robust; however, this increases the complexity of the model, making some results 

more difficult to interpret (Ramzai, 2019). 

Because of the high similarity of whey protein isolate (~90% whey protein) and whey protein concentrate 

(~80% whey protein), these protein products are difficult to differentiate from each other. Protein samples 

from dairy processing plants have been analysed as a screening tool in routine product release by the 

SIFT-MS technique for approximately 2 years since the selected compound threshold models were 

developed. If instrumental screening does not identify any atypical compounds in a sample taken from a 

production batch, then no further sensory evaluation of that batch needs to be performed; however, if the 

screening tool identifies an atypical result, then further evaluation of that sample is undertaken by a trained 

sensory panel. 

As with the caseins, milk protein concentrates and lactalbumin can be differentiated on the basis of the 

location of their manufacture (Supplementary material Fig. S5). Different milk protein concentrates can be 

identified by the amount of fat or lactose contained within the protein product. It was important to 

consider the spread of results when creating the models, as it was found that different factories and 

geographic locations gave different compound concentrations for a typical product. 
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5. Conclusions 

This method proved to be an effective means of selecting the marker compounds that were used to form 

the threshold models for SIFT-MS. It was also shown that different types of classifier method are better at 

coping with naturally problematic data sets and that indicative results from several classifier or ensemble 

methods may be preferable to using a single method. The SIFT-MS has been successfully used to routinely 

screen protein products, lactose, and milk minerals for off-aromas since 2017 and offers an instrumental 

technique complementary to traditional sensory panel analysis. 
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Table 1. HPLC gradient conditions used following automated cartridge cleanup 

Factor % Cumulative variance explained Major contributing compounds 

1 37.4 1, 2, 3, 4, 5, 8, 9 (+) 

2 51.6 11, 12, 14, 19 (+),3 (−) 

3 61.8 6, 7, 18 (+), 8, 15, 16, 17 (−) 

4 70.0 4, 5, 6 (+), 7, 10, 13, 16 (−) 

5 75.5 10, 14, 17 (−) 

6 80.3 10, 19 (+), 13, 14 (−) 

7 84.7 14, 16, 17, 18 (+) 

8 88.5 17, 18 (+), 5, 15, 16 (−) 

9 91.3 14, 16, 19 (+), 11, 12, 17 (−) 

10 93.7 15, 18 (+), 19 (−) 

11 95.4 5, 9, 15 (+), 4, 16 (−) 

12 96.5 4, 7, 8 (+), 3, 5 (−) 
a Major contributing compounds are those with coefficient < −0.25 or > +0.2) and direction + or −. Factors 13–19 

cumulatively explained 97.5, 98.3, 98.9, 99.3, 99.7, 99.9 and 100% of the variance. Compound order same as in 
occurrence histogram, e.g., Compound 1 most prevalent. 
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Fig 1. Venn diagram showing which of the models classified the 45 pairs: SL, single logistics; RF, random 
forest; NB naïve Bayes; NM, not classified by any of the classifier methods 
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Fig 2. Occurrence of 19 selected predictor variable compounds in the successful models. 
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Fig 3. PCA plot of proteins, lactose and milk minerals using the 19 compounds:     , acid casein;     calcium 
caseinate;      , lactalbumin;     , lactose;      , milk minerals;     , milk protein concentrate;      , sodium 
caseinate;        , whey hydrolysate;      , whey protein concentrate;       , whey protein isolate 

 


