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ABSTRACT

Benchtop NMR systems offers various advantages ascbeing easy to use, not requiring
constant maintenance and being available at affibedarices. In this study, multiple aspects
of benchtop NMR spectroscopy were explored to aeaiyilk in an industrial context, either
regarding the quality of production or regarding tfifferentiation of the final product. The

first part focuses on the production conditiondamtose hydrolysis in milk and quantitative
online NMR spectroscopy was adapted to follow Isetbydrolysis in milk in continuous flow

mode. The second part focuses on differentiating ssimples having different properties. 36
milk samples from France and Turkey were analyseldglycerol, fat and sugar contents were
measured from the NMR spectra. Combination of specbpic data with a proposed
Artificial Neural Network model enabled to classifyilk of different origins and different

properties. This study shows that benchtop NMR tspscopy is a versatile non-destructive

control method that can help controlling milk gtaloth during and after production.

Keywords: Benchtop NMR spectroscopy; milk; lactose hydraysiassification; flow NMR;

artificial neural network (ANN)
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INTRODUCTION

Milk is a unique product including significant anms of nutrients such as calcium, proteins
and vitamins (Dutra Rosolen, Gennari, Volpato, &Ikém De Souza, 2015). It can be
considered as the ‘magic liquid’ due to its richdavarious composition and confirmed
benefits on the newborns. In this context, accéssibalytical tools are crucial to ensure the
quality of milk, both to optimize the productionogesses and after production to ensure its

characteristic properties.

The first focus of this paper is about the productstage, on the example of the potential
production of lactose-free milk. One of the milknstituents, lactoseaka milk sugar) is a
disaccharide composed of glucose and galactose afeatlinked by aB-1,4 glycosidic
bond(Dong & Zhong, 2019). However, lactose foundthe milk or milk products cause
digestion problems in some part of the populatibhe absence of the digestive enzyme
lactase which is also known as ‘lactose intolerarscehe reason of this problem. Significant
amount of world population suffers from lactoseolatance thus demand for lactose free
products is getting increasing attention (Churaketval., 2019). Lactose free milk is produced
by the pre-digestion of the lactose in milk witle thddition of the lactase enzyme. Controlling
the production of lactose-free milk during its pmotion has a major industrial impact. There
exist many different techniques recognized by drall standard agencies to determine the
lactose content of milk, such as polarimetry, nniftdred detection, gravimetry, differential
pH, enzymatic methods detecting either the glucosgalactose moiety of lactose and HPLC
(Churakova et al., 2019). Each of these method#$asvn advantages and disadvantages, but
to our knowledge none of them have the ability tmitor the hydrolysis process online in the
continuous mode. Therefore, developing new onlowst for controlling this reaction is of

major importance for the milk industry.

On the other hand, the differentiation of milk puots not only regarding the sugar type

(lactose free or not) but also according to the other parameters sschrecess, origin, fat
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content, etc. requires considerable attention éalhec considering the regulatory
specifications and quality of the milk. In recergays, several studies have focused on
discriminating the products coming from differergrrhing systems, animals or feeding
strategies, origin etc. (Bergamaschi, Cipolat-GdBstcchinato, Schiavon, & Bittante, 2020).
Traditional methods like chromatographic technigoesensory analyses might require highly
skilled operators and they could not be easily sathpo online monitoring. Moreover, they
could be time consuming and expensive. Easy, gugckse, minimum chemical requiring
methods have always been on the interest of matuéas for ensuring the quality and

authenticity.

Nuclear magnetic resonance (NMR) spectroscopy, mowerful, fingerprint tool for the
simultaneous identification and quantification ofbmpounds in complex mixtures
(Monakhova, Kuballa, Leitz, Andlauer, & Lachenmei2@12). It is recognized as a valuable
tool for food analysis enabling not only the chéedzation of food matrices in terms of
authenticity and quality but also identification @dunterfeits (Sobolev et al., 2019). Also,
studies ofH NMR-based metabolomics to get metabolite profilasing storage (Jansson et
al., 2014) or to analyze heritability of individualilk metabolites (Buitenhuis et al., 2013) in
animal based products have been explored (Bert2&h8). However, most of the NMR
spectroscopy instruments work at high fieftH (frequencies >300 MHz) and requires a
massive dedicated place with specific installatéod trained staff as well as a substantial
investment cost and expensive cryogenic fluids foaintenance (Bouillaud, Farjon,
Goncalves, & Giraudeau, 2019). To overcome suchidtians, benchtop systems capable of
conducting spectroscopy experiments have beenase@l(Perlo et al., 2005). These systems
have been successfully used to monitor authentigitsome kind of foods such as in coffee
(Defernez et al., 2017) and in meat (Jakes eR@l5). Furthermore, thanks to their compact
character, NMR spectroscopy can easily be usedrfiine monitoring under flow conditions
(Anderssen & McCarney, 2020; Bouillaud, Herediaalet 2019; Knox, Parkinson, Stone, &

Warren, 2019; Ronnols, Danieli, Freichels, & Aldae2020; Soyler, Bouillaud, Farjon,
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Giraudeau, & Oztop, 2020), which makes them idaabdidates for the online control of food
production processes. For instance, benchtop NMRtsgscopy has been used to monitor
continuous processes such as enzymatic hydrolyfsimasine by-products (Anderssen &
McCarney, 2020), sucrose hydrolysis (Soyler et 2020) in vivo monitoring of lipid
accumulation in microalgae (Bouillaud et al., 2030y lignin analysis (Rénnols et al., 2020).
However it is important to note that implementinIR spectroscopy in a flow system is
challenging and can introduce additional complexéjative to static samples (Knox et al.,
2019). The impact of flow rate on signal intensitehould be investigated carefully and the

parameters should be set accordingly (Soyler g2@20).

To our knowledge, this will be*istudy where milk will be investigated by usingenbh top
NMR spectroscopy system from different aspects. hége explored the versatility of
benchtop NMR on milk samples for two different pogps. In the first part of the study,
benchtop NMR spectroscopy was utilized in condgianimicking the online control of
lactose hydrolysis in milk and lactose hydrolysiaswnonitored first in a model system, then
in a milk sample -with no need for deuterated suise¢hrough the use of a tailored solvent
suppression pulse sequence (Gouilleux, Charriepkak & Giraudeau, 2017a). Kinetic
analysis of the reaction was also performed. Inséend part, 36 milk samples from Turkey
and France; having different fat and sugar contepisduction styles (conventional vs
organic) were analysed by NMR spectroscopy togetliter multivariate approaches to assess

the potential of benchtop NMR as a differentiatioal.

MATERIALSAND METHODS

Materials

Lactose in the form ob-(+)-Lactose monohydrate was purchased from Fluka BioChemika,
Switzerland. Lactase enzyme (MaxifadtGi 5000) for lactose hydrolysis was supplied from
DSM, (Heerlen, The Netherlands). D-(+)-Glucose, H)-Galactose, imidazole and 3-

(Trimethylsilyl) propionic-2,2,3,3-dacid (TSP) were provided from Sigma-Aldrich Cot. (S
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Louis, MO, USA). HPLC grade water from a water fiaation system (Nanopure Infinity,
Barnstead International, IA) was used for the praian of the solutions. For the lactose
hydrolysis experiments in milk, a UHT whole milkdttel, France) bought from a grocery

store in France was used.

For the second part of the study, 36 different dampf milk (different cow milks: whole
milk, organic whole milk, low-fat milk, lactose-feemilk and goat milk) were purchased from

local Turkish and French supermarkets. Informatinrthe milk samples are given in Table 1.
Sample Preparations

For online monitoring analysis, hydrolysis reactiamere performed both for a model system
and on a milk sample. As the model solution, atsmiuof glucose, galactose and lactose was
used. 5% (w/w) glucose, galactose and lactose igspkutwere prepared separately by
dissolving in non-deuterated HPLC grade water &9 anL tube. TSP was used as the internal

standard.

For milk differentiation experiments, 0.5% (w/w)igdazole was added to the 36 milk samples
(Table 1) as the internal reference for NMR measerds since TSP was masked with the
peaks of the fats present in the milk. Imidazold & chemical shifts of 7.26 ppm and 8.11
ppm. All the samples were stirred for 5 min for gdete dissolution of imidazole in the milk.

Afterwards, the samples were transferred into 5 NMR tubes and stored in the dark and

refrigerated before analysis to prevent spoilage.
NM R Spectr oscopy

NMR spectroscopy experiments were performed omahiep spectrometer operating at a 43
MHz 'H frequency with a compact permanent magnet basetieoHalbach design (Magritek
Spinsolve, Wellington , NZ) (E. Danieli, Perlo, Biich, & Casanova, 2013; Ernesto Danieli,
Perlo, Blumich, & Casanova, 2010). The spectrometes equipped with a gradient coil along
the B axis in the transverse plane of the NMR tube timtld produce a maximum field

gradient of 0.16 T.fhand also had an external lock system which allotheduse of non-

6
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deuterated solvents. The experiments were perfoah@8 °C since this was the temperature
at which the magnet stability was optimal. Sinceitdeated solvents were not used, an
experiment to suppress the water signal was usestdoon a WET-180-NOESY (Gouilleux,

Charrier, Akoka, & Giraudeau, 2017b). This pulsgusmce provides an optimal solvent
suppression for small molecules on a benchtop spreter, leading to a lower and narrower

water signal with a clean phase with a minimal iotgan nearby peaks.

An inversion recovery sequence was used for maaglongitudinal relaxation times,; Tising

an inversion time range of 0.1-10,000 ms with 1®{30

The 1D'H spectra were obtained with 64 scans for a togaégment time of 6 min for model
lactose solution hydrolysis and 7 min for milk hglysis and milk differentiation’
experiments. The 9@ulse angle was achieved by a pulse length ofi6.@t O dB. The FIDs
were recorded with 16 K points, a dwell time of 208 and a repetition time of 6 s for model
lactose solution and 7 s for milk, correspondingttimes the longest;Tin the sample to
ensure guantitative conditions. 1D data were psmxksvith MestReNova. To align all the
spectra correctly, TSP was used to calibrate tleenatal shift axis at 0 ppm for the hydrolysis
experimentsFor milk spectrathe signal of imidazole at 7.26 ppm was used altigenical
shift reference. All spectra were processed witlD.2 Hz exponential apodization, an
automatic phase correction and an automatic baselnrection via a Whittaker smoother
algorithm. Manual phase correction and manual besealorrection were also performed in
addition to the automatic corrections. Relevantkpegegrals were calculated by integration
with the MestReNova software. Deconvolution tookysvalso evaluated but yielded a slightly

lower performance than integration, probably duthéonon-ideal line shapes.
Lactose hydrolysisin continuous flow system

For on-line monitoring, the system included a gls® cell with 5 mm outer diameter, a
peristaltic pump (Reglo Digital, Ismatec, Werthei@grmany) and PEEK tubing. A heating

plate (RCT Basic, IKA-Werke GmbH & Co. KG, Staufékermany) was added to the system



185 to control the temperature of the hydrolysis remacti

186 NMR signal is very sensitive to the flow ratestlas signal becomes broader and the resolution
187 decreases with increasing flow rates. The appréaltdwed in a previous study(Soyler et al.,

188 2020) was used to determine the optimal flow ré&& % mL/min.

189 Differentiation milk samples

190 Experiments were performed in 5 mm NMR tubes itistaode. For the quantitative analysis,

191 Iactose, glycerol and fat contents were determfr@d the spectra as will be shown later.

192 Considering the factors given in Table 1 (counfrRAFR), milk type (Goat/Cow), production
193 style (Conventional/Organic), processing (UHT/Pastzed), fat and sugar content), Analysis
194  of Variance (ANOVA), was conducted on the respordagycerol; lactose and fat contents to
195 see if any of the responses showed differences milk type. If significant difference was
196 detected, means were compared by the Tukey testQ@5) using MINITAB (Version 19,

197 Coventry, U.K) software.

198 In addition, to obtain some grouping info for tHeeg data set, an Artificial Neural Networks
199 (ANN) model was developed by using NMR spectra ItestArtificial Neural Networks
200 (ANN) model is a nonlinear mathematical model vtk capability of developing meaningful
201 relationships between input and output variablesutjh a learning process (Zheng et al.,
202 2011). The function and organization of the humeairbgave inspiration to its function and
203 structure (Bila et al., 1999). The mathematical elatesigned to classify milk samples with
204 respect to their fat and sugar contents, milk ssyscoduction and processing type was based
205 on nonlinear ANNs. These intelligent algorithms éndeen used to link chemical information
206 coming from 36 milk samples with milk type to ackléea potential tool for accurate

207 differentiation and quality control.

208 ANN model was implemented with the ‘neural net @K (Version 1.44.2) in R (Stefan
209 Fritsch, Frauke Guenther, Marvin N. Wright, MarcliBg, & Sebastian M. Mueller, 2019).

210 For training (calibration), 2/3 of the data werediand 1/3 was separated to test the model

8
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(external validation). In order to obtain the bestre, ANN model was trained using different
number of neurons between 2 to 15 in the hiddeertayANN model yielded possible
classifications of the samples and possibilityostiR., was used to investigate the prediction
ability of the trained ANN model andzﬁd for external validation. Error values were statisd
root mean square error of calibration (RMSEC) aodt rmean square error of prediction
(RMSEP). R values should be close to 1 while error valuesishbe low to obtain a robust
prediction model (Uncu & Ozen, 2019). Optimal numioé learning steps was selected
according to theninimum root means sgquare error cross validation (RMSECYV) value for the
calibration dataset. A value for’Petween 0.50 and 0.65 can be used for discrinainati
between high and low concentrations. A value fdr between 0.66 and 0.81 shows
approximate quantitative predictions.? Between 0.82 and 0.90 are considered as good
prediction and above 0.91 are excellent (Saeys, azlen, & Ramon, 2005). Categorical
variables were used as binary data, while numetta @as used for normalization and scaling.

RESULTS and DISCUSSION
l. Lactose hydrolysisin continuous flow system
1D solvent suppression enhanced NMR Spectra

At first, 1D '"H NMR experiments were carried out with a watemalgsuppression pulse
sequence on model solutions of isolated compoumdtentify the peaks which could be used
to monitor the lactose hydrolysis reactions. Figshbws the stacked spectra of glucose,
galactose and lactose alone. Due to low magnedid, fthe spectra of the sugars were highly
overlapped. The suppressed water peak was obsatve® ppm. As can be seen in Fig. 1,
alpha anomeric proton peaks of glucose, galactoselactose are overlapped at 5.3 ppm.
Although beta anomeric proton peaks of glucosegatdctose are masked by the water peak,
the beta anomeric proton peak of lactose is seendistinctive peak at 4.4 ppm. Despite the
fact that it is difficult to integrate only alphadtose site due to alpha glucose and galactose
signal overlap, it is still possible to monitor thectose hydrolysis with the isolated beta
anomeric signal. Moreover, anomeric ratio betwdphaand beta anomers is constant during

9
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the monitoring therefore it is reliable to follolet beta anomeric site along the course of the

hydrolysis.

Online Monitoring and Kinetic Modelling of Lactose Hydrolysisin the Model System

Lactose when hydrolyzed yields glucose and galecissseen below.

CH,0H
o) CH,0H CH,0H
CHQOH OH Lactase OH o, OH e}
OH 0.0 OH OH v OH >
OH OH 0 OH OH
OH OH

OH Lactose D-Galactose D-Glucose

For model lactose solution hydrolysis, a 5% lactestution was hydrolyzed with 20 uL
lactase enzyme. The NMR spectra were obtainedvahéntervals for 240 min (Fig. 2a). The

consumption of lactose can be seen from 3-lacteaksp(Fig 2b).

Concentrations of lactose for each time point veadeulated using Equation 1. The number of

protons contributing to the signal was 9 for TSR] & for imidazole.

Ay /Ny MW,
X Apgr/NRer MWggr

Crer (EQ.1)

C, and MW were the concentrations in mg/g, the molecular WteiBEF referred to the

internal referenceA and N, denoted the integral area in a fully relaXddNMR spectrum and
the number of hydrogens contributing to the signBligdrolysis experiments were repeated
three times and the change on the average contiensraf lactose from the experiments were

plotted as a function of time in Fig. 3.

Lactose data were fitted to Equation ZX&99) and the average rate constant was found as

k=1.66*102 mintat 29°C.

C—Coo _ —kt
o (Eq. 2)

10
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Lactose Hydrolysisin Milk

Based on the good repeatability of the model l&ctsslution hydrolysis, milk was also
hydrolyzed with 20 uL of enzyme. Milk is a much raa@omplex fluid than the model lactose
solution. The major constituents of milk are watat, proteins and lactose. Milk also contains
trace amounts of vitamins, minerals, organic a@dgymes. Therefore, 11Dl NMR spectrum

of milk was quite different than the model lactesdution (Fig. 4a). The NMR spectra were
obtained at each 7 min for 280 min. As seen in Blg. the consumption of lactose was
followed using the peak of 3-lactose. The averatg constant from the fractional conversion
model yield a value of 1.52xFamin™ at 29°C which was consistent with the previoussufd

Panesar (2007) where it was found as 1.58xai* at 30°C (Fig. 5).

Results of this part showed that lactose hydrolgsais be controlled online in a continuous
mode successfully by using benchtop NMR spectrosdbs the method has high potential
to be adapted for industrial processes. For ladi@gemilk production, it should be ensured
that residual lactose amounts are within the ldigats for that product category. This can

further be confirmed by other high-resolution spestopic techniques.

. Differentiation of Milk Samples by Benchtop ‘H-NMR Profiling and
Chemometrics

In this part of the study, 36 milk samples of whible properties have been listed in Table 1
were analyzed. A sample spectrum of milk was giweRigure 4a. As seen in the spectrum,
there were broad fat peaks between 0.5 — 2.5 ppmthe differentiation experiment of the
samples, integral area gifyceral, lactose andfat peak were used. The imidazole peak integral
area was used for the normalization of other peBlks.normalized integral areas are given in
Table 2. Lactose-free milks (LFM(T/F)) were fourm lhave no lactose and half-fat milks

(HFM(T/F)) had nearly half fat content compareavtmole milk samples.

11
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Glycerol peak was observed next to R-lactose peslwden 4.0 — 4.25 ppm. When the
glycerol contents were compared, Turkish and Frendks were found to be significantly

different from each other; glycerol contents ofriete milks being higher (p<0.05).

Two reasons could suggest for the presence of gliyoethe milk. Firstly, glycerol is used for
the treatment of ketosis which is a metabolic disesaused by the negative energy balance
during lactation (JOHNSON, 1954). And secondly,ceglyl is used in the feed as an energy
source. Expansion of the biodiesel industry deeealke availability of corn for animal feed
and increased its prices. Therefore, glycerol whikhalso a by-product of the biodiesel
industry has started to be used as an energy séoramws (Carvalho, Schmelz-Roberts,
White, Doane, & Donkin, 2011). The energy concditiraof glycerol (1.98-2.29 Mcal/kg) is
almost equal to corn starch (Schroder & Studekur@9L9nd inclusion of that in the diet was

eventually observed in the milk.

According to ANOVA results, only the fat and sugaatus of the milk were found to be
significant for fat and lactose contents (p<0.®&hduction type, country and processing were

found to be insignificant on lactose and fat con{pr0.05).

Artificial Neural Network (ANN) Model

As stated before, ANN was used as the multivaggfmoach for classification of the different
milk samples based on the outputs of the NMR spe@tie most commonly used quantitative
prediction multivariate technique Rartial Least Square Regression (PLSR), which is mostly
used to analyse spectroscopic data, especially . FH®Rever, ANN was found to show much
better differentiative prediction ability as compdrto other classification models (Efenberger-
Szmechtyk, Nowak, & Kregiel, 2018). This is expkinwith several reasons. ANNs learn
relationship between the input variables and thpuwalues through successive trainings and
the non-linear technique allows model to fit théadaetter. Analysis is noise insensitive which
provides accurate prediction in the presence ofynalata (Berrueta, Alonso-Salces, &

Heberger, 2007). There has been several studigsda which show that ANN is superior to

12
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PLSR in prediction (Panagou, Mohareb, Argyri, Bess& Nychas, 2011; Perai, Moghaddam,
Asadpour, Bahrampour, & Mansoori, 2010; Vasqued.e2018).

In this work, ANN model has been designed and dpéthto discriminate milk samples
according to their glycerol, lactose and fat pedas obtained from the 1D NMR spectra. The
mathematical tool employed six categorical pararseteountry, fat content, sugar content,
milk source, production type and processing typeYyariables to accurately classify the milk
samples.

RMSECV values of the model were used to determimggedness of the model. The
breakpoint in the RMSECVs. iteration number (step) plot were identified e humber of
iteration (step) parameter for the analyses. Fatigwsuch an approach prevented
overtraining of the model. Since the RMSECYV valaes usually an integral part of the ANN
analysis, they were not saved thus not reportedearmodel. Feedforward supervised method
was used for training ANN model with 5 neurons @deurons in the two hidden layers.
Multilayer feedforward neural network diagrams afgo given in the supplement. RMSEC
value was obtained as 0.017 anfd.Rvas 0.997. When external validation data wasdfitte
model, RMSEP was observed as 0.128 aﬁ,@.ﬁvas 0.819 and these values indicated good
prediction. Each sample was correctly classifiethi cross validation (24/24), while one of
the 12 samples was misclassified in the externi@dation set (Fig. 6). These results showed
that glycerol, fat and lactose contents, supplieth Wnformation such as production type,
processing method, milk source and analysed witiNABbuld be used to locate the origin
(geography) of milk.

ANN was also used to differentiate organic milk pés from conventional milks samples,
and pasteurized milk samples from UHT processeH saiinples. For classification of organic
and conventional samples, RMSEC value was obtaised.121 and R, was 0.893. When
external validation data was fitted to model, RMSE#®s observed as 0.232 anajra was
0.419. Although R,.swas relatively low, 0.42 is adequate for discriation between distinct

classes. Prediction ability of model accordingamples’ production type was 24 out of 24 for

13
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calibration set and 9 out of 12 for validation datthe validation set, two organic samples
were misclassified as conventional and one samptemisclassified as organic.

Same ANN parameters were used to classify paseeunzilk samples and UHT processed
milk samples. RMSEC for calibration set was 0.028 RMSEP for prediction was 0.153° R
for calibration was obtained as 0.999 whilé f& prediction was 0.851. Each sample in
calibration set and pasteurized samples in vatidadet were classified correctly while two of
UHT processed milk samples in validation set weisclassified. Rfor prediction value
showed that model was good enough for prediction.

In summary, the ANN model was successfully usedpriedict origins of milk samples,
production type and process type. For all pararsetgaluated in the study, the maximum
number of incorrect matches was 2 which was a godidator for the strong classification
ability of the model. These results confirmed thestence of a relationship between the six
categorical parameters and three main componeritseirtlassification of milks, leading to
potential design of an objective evaluating metfardclassification of diverse milk samples.
The model supported potential use of benchtop Nlgétsa for differentiating milk samples

and provided input for a more comprehensive auiteitin study.
CONCLUSION

Milk is a very valuable food for the human beingiskring its quality and authenticity is
significant. In this study, multiple aspects of bletop NMR spectroscopy have been evaluated
to investigate its potential as a multi-scale contwol at different stages of milk production.
The first part of the study focused on the onlinenitoring of lactose hydrolysis in milk.
Enzymatic hydrolysis of lactose was successfullipfeed and a kinetic model was obtained
in agreement with previous studies. In the secoad, pnilk samples that have different
properties were examined. Glycerol, fat, sugar exnbf the milks was obtained from the
NMR spectra and an Artificial Neural Network (ANN)odel was developed to seek for
classifications based on the production, processipg, milk source and geographic origin.

The developed model supported the potential useonthtop NMR spectra for differentiating

14



364
365
366
367
368

369
370
371
372
373
374

375

376

377
378
379
380
381
382
383
384
385
386
387
388
389
390

milk samples. Overall, it was shown that even faoaplex fluid like milk, benchtop NMR
spectroscopy provides valuable information andi¢iclnique after a full analytical validation
that is out of the scope of this proof-of-conceptlg has the potential to be used in industry
for monitoring production, quality control and aeithicity determination but on larger

sample set).
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Figure Captions

Figurel. Stacked spectra of glucose, galactose and lactose

Figure 2. a) Full superimposed spectra of lactose hydrolysisotiel lactose solutioh) [3-

lactose region
Figure 3. Hydrolysis of lactose for the model system

Figure 4. 1D *H NMR spectrum of milk with the assignment for itsin constituents (a)

Superimposed spectra of lactose hydrolysis in @hijk
Figure 5. Hydrolysis of lactose in a real milk sample

Figure 6 The confusion matrices for training dataset (leftil test dataset (right).
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TABLES

Table 1 Milk samples used in the study
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538

539

540

541

542

543

Sample Name Country Fat Content Sugar Content Milk Source Production Style Processing

WME-1
WME-2
WME-3
WMEF-4
OMF-5
OMF-6
OME-7
HFMEF-8
OHFMF-9
HFMF-10
HFMF-11
HFMF-12
OHFMF-13
WMF-14
OHFMF-15
HFMF-16
OME-17
OHFMF-18
GMEF-19
GMF-20
GMF-21
GMF-22
WMT-23
WMT-24
WMT-25
WMT-26
WMT-27
WMT-28
OMT-29
GMT-30
LFMF-31
LFMF-32
LFMT-33
LFMT-34
LFMT-35
LFMT-36

France
France
France
France
France
France
France
France
France
France
France
France
France
France
France
France
France
France
France
France
France
France
Turkey
Turkey
Turkey
Turkey
Turkey
Turkey
Turkey
Turkey
France
France
Turkey
Turkey
Turkey
Turkey

Whole
Whole
Whole
Whole
Whole
Whole
Whole
Half
Half
Half
Half
Half
Half
Whole
Half
Half
Whole
Half
Half
Whole
Whole
Whole
Whole
Whole
Whole
Whole
Whole
Whole
Whole
Whole
Half
Half
Half
Half
Half
Half

Regular
Regular
Regular
Regular
Regular
Regular
Regular
Regular
Regular
Regular
Regular
Regular
Regular
Regular
Regular
Regular
Regular
Regular
Regular
Regular
Regular
Regular
Regular
Regular
Regular
Regular
Regular
Regular
Regular
Regular
Lactose-Free
Lactose-Free
Lactose-Free
Lactose-Free
Lactose-Free
Lactose-Free

Cow
Cow
Cow
Cow
Cow
Cow
Cow
Cow
Cow
Cow
Cow
Cow
Cow
Cow
Cow
Cow
Cow
Cow
Goat
Goat
Goat
Goat
Cow
Cow
Cow
Cow
Cow
Cow
Cow
Goat
Cow
Cow
Cow
Cow
Cow

Cow

Conventional
Conventional
Conventional
Conventional
Organic
Organic
Organic
Conventional
Organic
Conventional
Conventional
Conventional
Organic
Conventional
Organic
Conventional
Organic
Organic
Conventional
Organic
Organic
Organic
Conventional
Conventional
Conventional
Conventional
Conventional
Conventional
Organic
Conventional
Conventional
Conventional
Conventional
Conventional
Conventional

Conventional

UHT
UHT
Pasteurized
Pasteurized
UHT
Pasteurized
Pasteurized
UHT
Pasteurized
Pasteurized
Pasteurized
UHT
UHT
UHT
UHT
UHT
Pasteurized
UHT
UHT
UHT
UHT
UHT
UHT
UHT
UHT
UHT
UHT
UHT
UHT
UHT
UHT
UHT
UHT
UHT
UHT
UHT

544  Table 2. Integral areas of glycerol, lactose and fat NMR peaks of analysed milks, normalized

545

to theimidazole signal.
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o47

548

549

550

551

552

553

554

555

556

557

Sample Name  Glycerol Lactose Fat Sample Name  Glycerol Lactose Fat

WME-1 1.126 £ 0.0003 18.023+0.0108 40.585+ 0.0209 GMF-19 0.723 £ 0.0006 20.1 +0.0301 27.899 + 0.0089
WMEF-2 1.204 £ 0.0037 21.068 = 0.0582 49.632 + 0.1252 GMF-20 0.749 £ 0.0004 17.719 £0.0146 47.585+0.0178
WMEF-3 0.845 £ 0.0005 18.416 = 0.0047 44.177 + 0.0169 GMF-21 0.841+£0.0017 20.372+0.0191 46.935+0.0752
WMF-4 1.022 £ 0.0019 21.37+0.0097 49.785+0.0029 GMF-22 1.006 £ 0.0012 18.727 +£0.0215 52.168 + 0.0439
OMEF-5 1.006 £ 0.0001 18.631+0.0031 47.615 + 0.0068 WMT-23 0.863 +0.0006 19.08 +£0.0208 44.018 + 0.0429
OMF-6 1.043 +£0.0003 20.927 = 0.0033 55.941 + 0.0076 WMT-24 1.007 +0.0024 19.483 +0.0295 48.226 +0.0474
OME-7 0.576 £0.0010 19.352 = 0.0090 48.897 + 0.0210 WMT-25 0.279 +£0.0020 22.412 +0.0668 45.022 + 0.0609
HFMEF-8 0.687 £ 0.0008 20.311 £ 0.0015 25.845 + 0.0284 WMT-26 0.428 £0.0010 18.615+0.0257 41.632 +0.0496
OHFMF-9 0.275+0.0002 19.461 £ 0.0211 20.38 £0.0286 WMT-27 0.772 +£0.0004 18.911 +0.0092 44.755+0.0124
HFME-10 0.472 £ 0.0004 20.384 = 0.0047 25.257 + 0.0235 WMT-28 0.23 +0.0006 19.651 +0.0275 44.747 + 0.0299
HFMF-11 0.195+0.0012 22.737 = 0.0488 24.772 + 0.0430 OMT-29 0.175+0.0005 22.332+0.0176 46.65 £ 0.0544
HFMEF-12 0.55+0.0004 22.638 +0.0188 25.964 £ 0.0748 GMT-30 0.163 £0.0012 19.955+0.0248 44.893 +£0.0698
OHFME-13 0.7+0.0015 23.062+0.0313 28.13 £0.0998 LFMEF-31 0.436 £ 0.0014 0 24.89 +0.0947
WME-14 0.956 £ 0.0007 21.808 = 0.0065 57.543 +0.0135 LFMF-32 0.123 +£ 0.0004 0 24.288 £0.0186
OHFMEF-15  0.522 +0.0009 18.763 + 0.0165 22.294 + 0.0364 LFMT-33 0.412 +0.0016 0 22.52 +0.0412
HFMF-16 0.502 + 0.0052 18.866 + 0.0429222.594 + 0.1573 LFMT-34 0.297 + 0.0009 0 23.29+0.01711
OMF-17 0.817 +£0.0007 22.858 £ 0.0236 57.398 + 0.0498 LFMT-35 0.373 + 0.0006 0 20.793 £ 0.0204
OHFMF-18  0.482 +0.0005 20.006 + 0.0202 26.536 + 0.0403 LFMT-36 0.059 +0.0417 0 27.991 £ 0.0841
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Sample Fat Sugar Milk Production
Name Country  Content Content Sour ce Style Processing
WMF-1 France Whole Regular Cow Conventional UHT
WMEF-2 France Whole Regular Cow Conventional UHT
WMEF-3 France Whole Regular Cow Conventional Pastedr
WMF-4 France Whole Regular Cow Conventional Pastedr
OMF-5 France Whole Regular Cow Organic UHT
OMF-6 France Whole Regular Cow Organic Pasteurized
OMF-7 France Whole Regular Cow Organic Pasteurized
HFMF-8 France Half Regular Cow Conventional UHT
OHFMF-9 France Half Regular Cow Organic Pasteurized
HFMF-10 France Half Regular Cow Conventional Pasted
HFMF-11 France Half Regular Cow Conventional Pasted
HFMF-12 France Half Regular Cow Conventional UHT
OHFMF-13 France Half Regular Cow Organic UHT
WMF-14 France Whole Regular Cow Conventional UHT
OHFMF-15 France Half Regular Cow Organic UHT
HFMF-16 France Half Regular Cow Conventional UHT
OMF-17 France Whole Regular Cow Organic Pasteurized
OHFMF-18 France Half Regular Cow Organic UHT
GMF-19 France Half Regular Goat Conventional UHT
GMF-20 France Whole Regular Goat Organic UHT
GMF-21 France Whole Regular Goat Organic UHT
GMF-22 France Whole Regular Goat Organic UHT
WMT-23 Turkey Whole Regular Cow Conventional UHT
WMT-24 Turkey Whole Regular Cow Conventional UHT
WMT-25 Turkey Whole Regular Cow Conventional UHT
WMT-26 Turkey Whole Regular Cow Conventional UHT
WMT-27 Turkey Whole Regular Cow Conventional UHT
WMT-28 Turkey Whole Regular Cow Conventional UHT
OMT-29 Turkey Whole Regular Cow Organic UHT
GMT-30 Turkey Whole Regular Goat Conventional UHT
LFMF-31 France Half Lactose-Free Cow Conventional HTU
LFMF-32 France Half Lactose-Free Cow Conventional HTU
LFMT-33 Turkey Half Lactose-Free Cow Conventional HT
LFMT-34 Turkey Half Lactose-Free Cow Conventional HT
LFMT-35 Turkey Half Lactose-Free Cow Conventional HT
LFMT-36 Turkey Half Lactose-Free Cow Conventional HT




Sample Sample
Name Glycerol L actose Fat Name Glycerol L actose Fat
WMF-1 1.126 + 0.0003 18.023+ 0.0108 40.585+ 0.0209 GMF-190.723 = 0.0006 20.1 £0.0301 27.899 £ 0.0089
WMF-2 1.204 + 0.0037 21.068 £ 0.0582 49.632 £ 0.1252 &QF- 0.749 £ 0.0004 17.719 £ 0.0146 47.585 = 0.0178
WMF-3 0.845 £ 0.0005 18.416 + 0.0047 44177 +£0.0169 GMIF- 0.841 +£0.0017 20.372 £0.0191 46.935 = 0.0752
WMF-4 1.022 £ 0.0019 21.37 = 0.0097 49.785 £ 0.0029 GMF-2 1.006 +0.0012 18.727 £ 0.0215 52.168 + 0.0439
OMF-5 1.006 + 0.0001 18.631 + 0.0031 47.615 £ 0.0068 WABT- 0.863 + 0.0006 19.08 £ 0.0208 44.018 £ 0.0429
OMF-6 1.043 + 0.0003 20.927 £ 0.0033 55.941 £ 0.0076 WAT- 1.007 £ 0.0024 19.483 £ 0.0295 48.226 £ 0.0474
OMF-7 0.576 £ 0.0010 19.352 £ 0.0090 48.897 £ 0.0210 WABT- 0.279 £ 0.0020 22.412 + 0.0668 45.022 = 0.0609
HFMF-8 0.687 £ 0.0008 20.311 £ 0.0015 25.845 £ 0.0284 WABT- 0.428 £ 0.0010 18.615 + 0.0257 41.632 = 0.0496
OHFMF-9 0.275 + 0.0002 19.461 + 0.0211 20.38 £ 0.0286 WMT-2 0.772 + 0.0004 18.911 = 0.0092 44,755 £ 0.0124
HFMF-10 0.472 £ 0.0004 20.384 + 0.0047 25.257 £ 0.0235 WABT- 0.23 = 0.0006 19.651 =+ 0.0275 44.747 £ 0.0299
HFMF-11  0.195 % 0.0012 22.737 £0.0488 24,772 £ 0.0430 QdT- 0.175 £ 0.0005 22.332£0.0176 46.65 = 0.0544
HFMF-12  0.55 + 0.0004 22.638 £0.0188 25.964 £ 0.0748 GMT-3 0.163 £ 0.0012 19.955 + 0.0248 44.893 + 0.0698
OHFMF-13 0.7 £ 0.0015 23.062 £ 0.0313 28.13 £ 0.0998 LFMF-310.436 + 0.0014 0 24.89 =+ 0.0947
WMF-14  0.956 £ 0.0007 21.808 + 0.0065 57.543 + 0.0135 LRE2F 0.123 £ 0.0004 0 24.288 + 0.0186
OHFMF-15 0.522 + 0.0009 18.763 + 0.0165 22.294 + 0.0364 LF33T 0.412 +£0.0016 0 22.52 £0.0412
HFMF-16  0.502 = 0.0052 18.866 + 0.04292 22.594 £ 0.1573 RV 0.297 £ 0.0009 0 23.29+£0.01711
OMF-17  0.817 £ 0.0007 22.858 £ 0.0236 57.398 £ 0.0498 LFBBT 0.373 = 0.0006 0 20.793 £ 0.0204
OHFMF-18 0.482 + 0.0005 20.006 + 0.0202 26.536 + 0.0403 LFE3GT 0.059 +0.0417 0 27.991 + 0.0841
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Multiple aspects of benchtop NMR spectroscopy were used to analyze milk.

Benchtop system was adapted to follow lactose hydrolysis in milk in flow mode.
Combination of spectroscopic and multivariate approaches enabled to classify milk.
Benchtop NMR spectroscopy was shown as a method to control and ensure milk quality.
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