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Summary 

For mammals, milk is the primary source of nutrients during infancy. In Europe, bovine (cow) and 

caprine (goat) milk are also important parts of the diet in human adulthood. Often milk is described 

as an almost perfect food due to the fact that milk is nutrient rich and well-balanced in respect to the 

nutritional value of carbohydrates, fats, and proteins. Historically, milk has been processed into the 

more stable product cheese, and today milk is processed into a great variety of cheeses of high 

gastronomical quality. In Denmark, close to 50% of the milk production is processed into cheese. 

Thus, cheese-making properties or technological properties of milk are important to consider. Milk 

composition and the levels of smaller compounds, proteins, and minerals are closely related to the 

technological and nutritional quality of milk. Breeding programs have been used to improve milk 

production and to increase the amount of milk components directly related to the technological 

properties, e.g. the concentration of protein or fat. The primary aim of the present PhD project was 

to explore the milk metabolome of cows and to identify associations between milk metabolites and 

various properties of the milk, whilst a secondary aim was to generate new hypotheses. 

Furthermore, the aim was to investigate the nutritional quality of the milk by analysis of the content 

of milk oligosaccharides (OS). These aims were achieved by analysis of milk metabolite profiles 

from a large number of cows using nuclear magnetic resonance (NMR) spectroscopy and by 

targeted analysis of OS by high performance liquid chromatography coupled with chip time of 

flight mass spectrometry (HPLC-Chip/TOF MS). The work is described in the present thesis and in 

a series of papers. 

Paper I describes the state-of-the-art of milk metabolomics studies, and gives a review of the current 

analytical methodologies available for milk metabolite profiling. NMR spectroscopy was chosen as 

the main analytical technique for the assessment of milk metabolome in the present PhD project on 

the basis of a thorough study of the literature and by weighing the advantages and disadvantages of 

the different techniques.  

Paper II deals with the milk metabolome elucidated by NMR spectroscopy and associations with 

technological parameters. The association between milk metabolome and technological parameters 

was elucidated on cows which during a long period continuously produced milk that was unable to 

coagulate. Moreover, results of from the present PhD project (unpublished study), which included 

metabolite profiling of 1301 milk samples from Danish Jersey (DJ), Danish Holstein-Friesian (DH), 

and Swedish Red (SR) breeds, showed that several metabolites were present in different levels in 
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the milk from the three bovine breeds. Several metabolites were found to be associated with breed, 

e.g. choline was found in higher levels in milk from DJ cows compared with the two other breeds, 

and methylguanidine was found in elevated levels in SR milk. Moreover, choline, carnitine, and N-

acetylcarbohydrates could be associated with an important technological parameter, curd firming 

rate (CFR).  

Paper III elucidates milk metabolites being elevated in milk with a high somatic cell count (SCC). 

Elevated levels of SCC are known to indicate inflammation of the mammary gland (mastitis). The 

study showed that the milk metabolites were changed when SCC was increased in the milk. 

Metabolites may be released into the milk from these somatic cells, and it is well known that milk 

with a high level of SCC has altered technological properties. The metabolite profiles identified in 

the present study are novel indicators for elevated SCC in bovine, and they milk may be used in the 

discrimination of milk quality, have potential in the diagnosis of mastitis, or be used in quality 

control of milk at the dairies. 

Paper IV reports an estimation of genetic parameters and detection of quantitative trait loci (QTL) 

for metabolites in milk from 371 DH cows. Previously, the focus of breeding has been on 

improving total fat and protein contents in milk. However, there is a strong potential to change the 

breeding objectives to make milk a more valuable product through selective breeding. The study 

estimates genetic parameters of metabolites identified by NMR spectroscopy and elucidates 

candidate genes behind the metabolites by a genome-wide association study. The results presented 

are the first to demonstrate that selection for metabolites in bovine milk may be possible. 

Paper V describes the OS profile of a 20 milk samples from DJ and DH cows. OS are known to be a 

beneficial fraction of the milk, acting both as a prebiotic and having beneficial bioactivities 

themselves. The profiling was performed using HPLC-Chip/TOF MS in collaboration with 

researchers at University of Californica, Davis. Breed specific differences were identified, 

indicating that breeding strategies can be employed to optimize the milk OS content. Moreover, 

novel milk OS of bovine origin were identified, and they had a high degree of similarity to human 

milk OS. 

Summarizing the results of the PhD project, NMR spectroscopy proved to be a promising tool for 

the exploration and analysis of the milk metabolome. NMR specroscopy delivered the data 

necessary to identify metabolites which were highly correlated to important technological properties 
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(Paper II), and as such generated new hypotheses. Mastitis is the most costly disease to the dairy 

industry, and elevated SCC is the de facto standard of mastitis diagnosis. Several novel, potential 

biomarkers for elevated levels SCC in milk were proposed based on partial least squares (PLS) 

regression analysis of samples with a wide range of SCC (Paper III). Based on the results achieved 

in Papers II and III, the findings by the genetic analyses (Paper IV) show great promise for the 

possibility to selectively breed for cows with high levels of milk metabolites associated with 

technological properties, thereby possibly increase overall cheese yield and quality. Additionally, 

the findings offer the possibility to breed for cows with optimal levels of metabolites associated 

with a low level of milk SCC, and thus the findings can potentially be used to breed cows with 

improved resistance to mastitis. 

Bovine milk OS have received considerable attention lately, as they are known to provide a range of 

beneficial bioactivities. In a small prelimiary study encompassing 20 milk samples, OS were found 

to be different between two common Danish dairy breeds (DJ and DH; Paper V), and the results 

suggest that OS may have a genetic component, which is promising for future research into the 

heritability of bovine milk OS. Moreover, novel complex fucosylated OS were identifed (Paper V). 

Consequently, these findings of are of high significance, as this could be translated into a possibility 

to produce an infant formula with a high degree of similarity to human milk through breeding.  

Collectively, the results obtained in the present PhD project have shown how metabolomics may 

assist in unraveling the relationship between milk metabolite composition and important 

characteristics, such as coagulation properties and inflammation of the mammary gland. 
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Sammendrag 

For spæde pattedyr er mælk den primære næringskilde, og i Europa er ko- og gedemælk ligeledes 

også en vigtig del af kosten hos voksne mennesker. Det anføres ofte, at mælk er en optimal 

næringskilde, da mælk er rig og afbalanceret i forhold til dens næringsværdi af kulhydrater, fedt og 

proteiner. Historisk set blev mælk forarbejdet til oste for at forlænge holdbarheden som følge af 

ostens øgede holdbarhed i forhold til rå mælk. I dag forarbejdes mælk til mange forskellige oste af 

høj gastronomisk kvalitet og som har en bred anvendelse. I Danmark anvendes tæt på 50% af 

mælkeproduktionen på osteproduktion, og af den grund er mælkens ostningsegenskaber og 

teknologiske egenskaber vigtige aspekter. Mælkens sammensætning og niveauerne af de 

mikronæringsstoffer, proteiner og mineraler er tæt forbundne med mælkens teknologiske og 

næringsmæssige kvalitet. Avlsprogrammer har været brugt til at forbedre mælkeproduktionen og til 

at øge komponenter i mælken, som er direkte forbundet til de teknologiske egenskaber for eksempel 

protein- eller fedtkoncentrationer. Det primære formål med nærværende PhD-projekt er at afdække 

køers mælkemetabolom og at sammenkæde mælkemetabolitter og forskellige egenskaber ved 

mælk, mens et sekundært formål er at generere nye hypoteser. Ydermere er formålet at studere 

mælkens næringsmæssige kvalitet ved at undersøge mælkens indhold af oligosakkarider (OS). 

Disse formål blev opfyldt ved at undersøge mælkemetabolomet fra 1301 køer ved at anvende 

kernemagnetisk resonans (NMR) spektroskopi og ved at anvende high performance liquid 

chromatography chip time of flight mass spectrometry
1
 (HPLC-Chip/TOF MS). Arbejdet er 

beskrevet i nærværende afhandling samt i en række videnskabelige artikler. 

Artikel I beskriver de avancerede studier af mælkemetabolomet og giver en gennemgang af de 

nuværende analytiske metoder til profilering af mælkemetabolitter. På baggrund af et 

litteraturstudie og en vægtning af fordele og ulemper ved de forskellige analytiske metoder blev 

NMR spektroskopi valgt som den primære metode til at bestemme mælkemetabolomet i 

nærværende PhD-projekt. 

Artikel II omhandler, hvordan mælkemetabolomet, bestemt ved NMR spektroskopi, kan associeres 

til teknologiske parametre. Associeringen mellem mælkemetabolomet og de teknologiske parametre 

blev undersøgt på mælk fra køer, der gennem en længere periode konsekvent producerede mælk, 

                                                 

 

1Dansk oversættelse: højtryksvæskekromatografi chip flyvetidsmassespektrometri 
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som viste sig værende ude af stand til at koagulere. Ydermere viser resultater fra nærværende PhD 

projekt (upubliceret studie), der inkluderer profilering af metabolitter i 1301 mælkeprøver fra Dansk 

Jersey (DJ), Dansk Sortbroget Malkerace (DH) og Svensk Rødbroget Kvæg (SR), at flere 

metabolitter er til stede i forskellig koncentration i mælk fra de tre racer. Flere metabolitter blev 

påvist at være associeret til race, for eksempel blev kolin fundet i øgede koncentrationer i mælk fra 

DJ køer sammenlignet med de to øvrige racer, mens metylguanidin blev fundet i øgede 

koncentrationer i mælk fra SR køer. Ydermere kunne kolin, karnitin, og N-acetylkulhydrater 

associeres til en vigtig teknologisk parameter, curd firming rate
2
 (CFR).  

Artikel III belyser de metabolitter, der er signifikant øget i mælk med et højt antal af somatiske 

celler (SCC). Forøgede niveauer af somatiske celler er en kendt indikator for betændelse af 

mælkekirtlen (mastitis). Studiet viste, at der kunne ses en forskel i visse mælkemetabolitter, når 

antallet af somatiske celler i mælken var øget. Metabolitter kan blandt andet blive frigivet til 

mælken fra de somatiske celler, og det er almen kendt, at mælk med et højt antal af somatiske celler 

har ændrede teknologiske egenskaber. Resultaterne indikerer at visse metabolitter kan være nye 

indikatorer for forhøjet SCC i mælk, og kan bruges til at undersøge mælkekvalitet, diagnostisk i 

forbindelse med mastitis eller som kvalitetskontrol på mejerierne. 

Artikel IV anskueliggør genetiske parametre og påviser quantitative trait loci
3
 (QTL) for 

metabolitter i mælk fra 371 køer af DH. Fokus i avlsarbejdet har tidligere været at øge den totale 

mængde af fedt og protein i mælken. Der er dog et stærkt potentiale for at ændre målene for 

avlsarbejdet, således målet bliver at skabe mælk med en højere kvalitet gennem avl. Undersøgelsen 

estimerer genetiske parametre af metabolitter bestemt med NMR spektroskopi og identificerer 

potentielle gener, som styrer niveauerne af metabolitter ved et associeringsstudie af hele genomet. 

Disse resultater viser for første gang, at det kan være muligt at selektere for metabolitter i komælk 

via avlsarbejde. 

Artikel V beskriver oligosakkaridprofilen af 20 mælkeprøver fra DJ og DH køer. OS er kendt for at 

være en gavnlig del af mælken, som både virker præbiotisk og ydermere selv har en gavnlig 

bioaktivitet. Profileringen blev udført ved HPLC-Chip/TOF MS i samarbejde med forskere på 

                                                 

 

2 Dansk oversættelse: ostemasse aggregeringshastighed 
3 Dansk oversættelse: kvantitative træk loci 
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University of California, Davis. Forskelle blev identificeret som værende afhængige af korace, og 

dermed indikerer resultaterne, at avlsstrategier kan udnyttes til at optimere mælkens indhold af OS. 

Ydermere så blev der i komælken identificeret nye OS, der i høj grad ligner OS fra modermælk. 

Opsummerende så viste resultaterne fra PhD projektet, at NMR spetroskopi er en lovende metode 

til at udforske og analysere mælkemetabolomet. NMR spektroskopi leverede den nødvendige data 

til at identificere metabolitter, der i høj grad kunne korreleres til vigtige teknologiske egenskaber og 

dermed også kunne bidrage til at skabe nye hypoteser (Artikel II). Mastitis er den mest 

omkostningstunge kvægsygdom, og et forøget antal af somatiske celler i mælk er de facto standard i 

mastitisdiagnose. Baseret på partial least squares (PLS) regressionsanalyser på prøver med et stort 

spænd af SCC kunne flere nye potentielle biomarkører for øget antal af somatiske celler i mælk 

identificeres (Artikel III). Resultaterne beskrevet i Artikel II og III, sammenholdt med resultaterne 

af de genetiske analyser (Artikel IV), viser et stort potentiale for at opdrætte køer med et højt niveau 

af mælkemetabolitter, der er associeret til teknologiske egenskaber, og dermed samlet set øge 

udbytte og kvalitet i osteproduktion. Ydermere viser de genetiske analyser, at det kan være muligt 

at avle sig frem til køer med et optimalt niveau af metabolitter, der er associeret til et lavt niveau af 

somatiske celler i mælken. Dermed kan der, efter yderligere validering af de fundne associationer, 

ved hjælp af avlsprogrammer opdrættes en ko som har en større modstandsdygtighed overfor 

mastitis. 

Komælkeoligosakkarider har indenfor de seneste par år opnået en betydelig bevågenhed, da de er 

kendt for at have en række af gavnlige bioaktiviteter. Det er her blevet påvist, at 

oligosakkaridprofilerne varierer mellem de to mest almindelige danske racer af malkekøer (DJ og 

DH; Artikel V). Resultaterne indikerer således, at OS har en mulig genetisk komponent, og 

fremtidig forskning i arveligheden af disse er lovende. Ydermere blev der identificeret nye 

komplekse fukosylerede OS (Artikel V). Ovenstående resultater er derfor vigtige, idet de via 

avlsprogrammer kan medvirke til, at det er muligt at producere modermælkserstatning med en 

højere grad af lighed med modermælk. 

Sammenfattende har de opnåede resultater i nærværende PhD projekt vist, at metabolomics kan 

anvendes til at udforske forholdet mellem mælkemetabolomet og vigtige parametre så som 

koaguleringsegenskaber og betændelsestilstande i mælkekirtler.  
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Abbreviations 

3-SL  3’-sialyl lactose 

3-SHL  3’-sialyl hexosyl lactose 

6-SL  6’-sialyl lactose 

6SHL  6’-sialyl hexosyl lactose 

AUC  Area under curve 

BHBA  β-hydroxybutyrate 

BPC  Base peak chromatogram 

BTA  Bovine autosome 

CA10  Carbonic anhydrase X 

cAMP  Cyclic adenosine monophosphate 

CCP  Colloidal calcium phosphate 
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CLN3  Ceroid-lipofuscinosis, neural 3 gene 
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GC-MS  Gas chromatography mass spectrometry 

GPC  Glycerophosphocholine 

GWAS  Genome wide association study 

HCA  Hierarchical cluster analysis 

Hex  Hexose 

HexNAc  N-acetylhexosamine 

HPLC-CHIP/TOF MS High performance liquid chromatography chip Time of Flight mass 

spectrometry 

HPLC-CHIP/qTOF MS High performance liquid chromatography chip quadrupole Time of 

Flight mass spectrometry 

HSQC Heteronuclear single quantum coherence 

J-RES Two-dimensional J-resolved spectroscopy 

MALDI  Matrix assisted laser desorption ionization 

MFGM  Milk fat globule membrane 

MVDA  Multivariate data analysis 

NeuAc  N-acetyl neuraminic acid 

NeuGc  N-glycolyl neuraminic acid 

NMR  Nuclear magnetic resonance 

OPLS-DA  Orthogonal partial least squares discriminant analysis 

OS  Oligosaccharide 

PC  Principal component 

PCA  Principal component analysis 

PCh  Phosphocholine 

PDE  Phosphodiesterase 
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1 Introduction 

1.1 Background 

Milk of mammal origin is an important food in the diet during infancy as well as in adulthood, and 

milk is often described as an almost perfect food (Solomons, 2002; DuPuis, 2002). Lipids, protein, 

and lactose are the major caloric nutrients in milk. Moreover, milk also contains a wide variety of 

bioactive compounds including immunoglobulins, nucleotides, and oligosaccharides (OS). The milk 

lipids are chemically very complex and are dispersed in the milk as droplets protected by the milk 

fat globule membrane (MFGM) (Dewettinck et al., 2008; Fox, 2009). The main milk proteins are 

the caseins and the whey proteins. The caseins are phosphoproteins that exist in milk packed in 

micelles, the function of which is to supersaturate the milk with calcium phosphate (Qi, 2007). κ-

casein is responsible for the stability of the micelles (Horne, 2009), and it is utilized in rennet-

induced coagulation as the rennet enzymes cleaves κ-casein, thereby reducing micelle stability and 

inducing milk coagulation (Horne, 2009). The whey fraction was for a long time considered a waste 

product. However, evidence has emerged to show that the fraction can be useful and accordingly 

the whey proteins are now widely used by the food industry. The two major whey proteins β-

lactoglobulin and α-lactalbumin are known to have beneficial biological activities including 

inhibition of angiotensin-convering enzyme, anti-microbial activity, anti-viral activity, and anti-

carcinogenic activity (Chatterton et al., 2006). However, the whey proteins are also possible 

allergens (Wal, 2002). Milk processing may affect the stability of the milk proteins, and thus affect 

the bioactivity (Korhonen et al., 1998). Moreover, OS may be purified from whey (Mehra and 

Kelly, 2006; Barile et al., 2009).  

Low molecular weight compounds are also present in milk in different varieties, and these include 

organic acids, nucleotides, micronutrients, and metabolites. The central theme of the present thesis 

is the term metabolites. Metabolites are defined as the chemical intermediates or products of a 

metabolism or other cellular process. In the present thesis, the term metabolites will generally be 

used to cover most milk compounds measurable by nuclear magnetic resonance (NMR) 

spectroscopy, regardless of whether the compound is a true metabolite. Metabolomics is defined as 

the identification and quantification of the complete metabolite profiles, whereas metabonomics 

extends this to also encompass perturbations of metabolism caused by external factors (diet, 

genetics, etc). Thus, metabolite profiling is a core discipline of both metabolomics and 
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metabonomics studies. The metabolomics and metabonomics methodologies are generally known to 

elucidate the metabolome of a given biofluid, and each component of the metabolome is known as a 

metabolite.  

Milk quality can be related to both the technological and the nutritional traits of milk. The most 

important milk properties affected by the physical or technological quality of milk are the properties 

influencing cheese-making ability. Historically, milk was processed into more stable products due 

to milk being vulnerable to microbial spoilage. Today it is processed into many different kinds of 

cheeses with a high gastronomical quality for human consumption. At present, 47% of the Danish 

milk production is used for cheese making (Danish Dairy Board, 2010). Accordingly, even a minor 

increase in milk production efficiency can have huge economic impact. Besides cheese, milk is also 

processed into other products, e.g. cream, butter, yoghurt, and ice cream. The coagulation 

properties, e.g. rennet coagulation properties or syneresis of curd, heat stability of milk, and 

fermentation quality of the milk are important for the dairies. During curd formation, the proteins 

and especially caseins as well as the genetic variants thereof, greatly affect the coagulation 

properties (Jakob and Puhan, 1992; Wedholm et al., 2006; Hallen et al., 2007; Hallen et al., 2009; 

Glantz et al., 2009; Glantz et al., 2010; Jensen et al., 2012a). Other factors also affect the 

coagulation properties, and they include milk pH, availability of sodium, potassium, phosphorus, 

and calcium, lactation stage, breed, feed, health, and season (Auldist and Hubble, 1998; Udabage et 

al., 2000; Skeie, 2007; Tsioulpas et al., 2007b). Related to milk quality is also the number of milk 

somatic cells. At the dairies, the milk is undergoing a number of quality tests and a somatic cell 

count (SCC), bacterial count, and spore count (clostridium) are performed. Generally, the majority 

of the milk arriving at the Danish dairies has below 30,000 bacterial cells / mL, below 400,000 

somatic cells / mL, and below 1,100 spores / mL (Danish Dairy Board, 2010). The somatic cells 

present in milk have impact on the metabolome and meta-metabolome, as different bacteria have 

been shown to increase specific milk metabolites (Hettinga et al., 2008a). Moreover, the different 

somatic cell types may release metabolites into the milk (Davis et al., 2004). 

It is well established that the milk composition is affected by different factors such as cow health, 

lactation number, lactation stage, feed, and also genetic background (Jakob and Puhan, 1992; Thurl 

et al., 1997; Hortet and Seegers, 1998; Chaturvedi et al., 2001; Grisart et al., 2002; Lock and 

Garnsworthy, 2003; McJarrow and van Amelsfort-Schoonbeek, 2004; Tsioulpas et al., 2007a; Tao 

et al., 2009; Le Maréchal et al., 2011). The technological and nutritional quality is closely related to 
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the composition of the milk and the content of low molecular weight compounds and metabolites, 

proteins, and minerals. For a number of years, breeding programs have been in place to actively 

improve milk quality. The breeding strategies employed focused on maximizing parameters directly 

related to the payment plans, and were neither specifically related to nutritional nor technological 

quality. Currently, the breeding programs focus on the total fat and protein content of milk, and 

there is a strong incentive to increase the product value of milk through selective breeding 

(Boichard and Brochard, 2012). Thus, in order to identify new alternative breeding goals, 

metabolomics investigations of the chemical variability of cow’s milk are crucial. To date, there has 

only been few large-scale metabolomics investigation of metabolite profiles of milk from individual 

cows. Investigations of milk composition coupled with genetic analyses could form the basis of an 

understanding of new parameters closely related to quality, which ultimately can be improved 

through breeding strategies. Novel metabolomics analyses are obvious tools to investigate and 

explore milk composition (Solanky et al., 2005; Cevallos-Cevallos et al., 2009; Son et al., 2009). 

There have been no prior reports of a connection between the milk metabolite profile and the 

technological properties of the milk. In a recent NMR-based metabolomics study of bovine milk, 

biomarkers for hyperketonemia, elevated levels of ketone bodies, were proposed, as the authors 

identified correlations of acetone and β-hydroxybutyrate (BHBA) with the metabolic status of the 

cow (Klein et al., 2010). Furthermore, Klein et al. (2012) also propose the use of the 

phosphocholine (PCh) to glycerophosphocholine (GPC) ratio as a marker for ketosis (Klein et al., 

2012). Another metabolomics-based study was performed by liquid chromatography mass 

spectrometry (LC-MS) of commercially available, standardized milk samples, and a high number of 

metabolites (>100) was discovered in milk (Boudonck et al., 2009). Metabolites were identified in 

comparisons with commercial standards using proprietary databases (Boudonck et al., 2009). 

Several metabolites were found to be associated with the milk fat fraction. The differential 

metabolite profiles included 23 metabolites involved in the lipid metabolism, and metabolites 

involved in other pathways were also found (Boudonck et al., 2009).  

Thus, evidence has been obtained that milk metabolites are of importance for milk quality. The 

investigations of variability in milk metabolites arising from variation in genetic background are 

thus important, and metabolite profiling is of significance for determining specific correlations of 

individual components with valuable parameters like technological properties, bioactivity, and 

nutritional value and also for quality control and diagnostic use. 
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1.2 Aims and hypotheses 

The overall objective of this thesis was to determine the associated effects of systematic variations 

in milk metabolite profiles and to identify metabolites in milk with potential impact on 

technological or health properties. The aims of the present PhD study were  

i) to identify variations in the metabolite profile of milk from cows with different genetic 

background using NMR spectroscopy 

ii) to identify milk metabolites associated with specific health or technological properties 

iii) to deliver the data necessary to generate new hypotheses for correlations between the 

milk metabolites and milk properties 

It was hypothesized that the NMR milk metabolite profile would be intricately associated with the 

technological milk quality. Moreover, it was hypothesized that the specific content and the diversity 

of oligosaccharides were affected by cow breed.  

The aims were achieved and the hypotheses tested by investigating the potential use of NMR 

spectroscopy for milk metabolite characterization, followed by investigations on how the obtained 

milk metabolite profiles were associated with the coagulation properties, genetic profiles, and other 

milk properties. Furthermore, the milk OS were analyzed using high performance liquid 

chromatography chip time of flight mass spectrometry (HPLC-Chip/TOF MS) on a small sample 

set. The results are enclosed as two published papers and three submitted papers, all of which are 

available in the appendix. 

1.3 Outline of the thesis 

The overall purpose of this thesis is to present the results obtained during the PhD project, and to 

give a brief assessment of the applied methodologies, as well as a critical review of existing 

literature in order to relate the results obtained to the state-of-the-art work within the fields, and 

finally to put the new knowledge into a broader perspective. Chapter 2 gives an overview of the 

main components of milk. Chapter 3 reviews the different analytical methodologies employed in 

metabolomics-based investigations. This chapter includes results presented in Paper I, in which the 

current milk metabolomics studies are reviewed. Chapter 4 gives a brief introduction to the milk 

sample handling procedure prior to NMR spectroscopy of milk, as well as it gives an overview of 

the investigated metabolites. Chapter 5 gives a brief review of the data analytical methodologies 

used in the present PhD project. Chapter 6 presents a summary of the main results obtained using 
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NMR spectroscopy (Papers II, III, and IV). Chapter 7 presents the results obtained on OS analysis 

by HPLC-Chip/TOF MS (Paper V). Furthermore, conclusions and future perspectives of the overall 

results obtained in the PhD project are described in Chapter 8. 
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2 Milk composition – An overview 

Milk is a complex fluid composed of numerous compounds. The principal components are water, 

sugars in the form of lactose and oligosaccharides, lipids, proteins, vitamins, and minerals. Besides 

these components, a number of smaller compounds are also present in the milk (Fox, 2009). Milk 

from different mammalian species is generally similar, but significant differences are found, as the 

evolutionary effect and breeding schemes have optimized the milk composition for a given species 

or purpose (Pond, 1977; The Bovine Genome Sequencing and Analysis Consortium et al., 2009). In 

addition to supplying nourishment for the infant, a number of small compounds, such as 

oligosaccharides, minerals, immunoglobulins, proteins, and enzymes act as bioactive compounds in 

milk with the function to improve the health of the neonate. The major source of milk and dairy 

products for human consumption is of bovine origin. Moreover, infant formulas are based on bovine 

milk. The specific composition of milk is influenced by a range of different factors. Protein 

composition is one of the distinct differences between human and bovine milk (Fox, 2009). The 

principal whey protein in bovine milk is β-lactoglobulin, while in humans the most abundant whey 

protein is α-lactalbumin. Within species, the milk composition also varies, and a large variability is 

observed in the fat content of bovine milk from different breeds. Jersey milk fat is known to contain 

a higher concentration of short and medium chain fatty acids than Holstein milk fat (Auldist et al., 

2004). Moreover, the protein content has been shown to have a large variability in individual 

animals (Palmquist et al., 1993; Arnould and Soyeurt, 2009). The composition of milk is also 

influenced by a range of factors, e.g. diet, genetics, stage of lactation, number of lactations, seasonal 

variation, inflammation, and milk processing (Jakob and Puhan, 1992; Auldist and Hubble, 1998; 

Lock and Garnsworthy, 2003; McJarrow and van Amelsfort-Schoonbeek, 2004; Walker et al., 

2004). Knowledge about the milk composition is important for understanding its nutritional and 

technological quality including the composition of bioactive compounds, fat and protein fractions, 

and low molecular weight compounds. In the following the major and minor compounds in milk 

will be reviewed. 

2.1 The major milk constituents 

On average, bovine milk consists of approximately 3.4% protein, 3.7% lipids, 4.8% carbohydrates, 

and 0.7% low molecular weight compounds (Fox and McSweeney, 1998). The protein fraction has 

a major influence on the technological properties of milk, whilst the carbohydrates have important 
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health properties for humans. Moreover, minor constituents also influence the technological and 

health aspects of milk. 

Carbohydrates 

Carbohydrates, mainly in the form of lactose and free OS, are the most dominant solid fraction of 

both human and bovine milk (4-7%) (Fox and McSweeney, 1998). Lactose and OS-monomers are 

shown in Figure 2.1. The reducing disaccharide lactose is the most abundant carbohydrate in milk 

and consists of galactose and glucose linked by a β1-4 glycosidic bond (β-D-galactopyranosyl-1,4-

D-glucose). Milk is the only known source of lactose, and its concentration in milk ranges from 0 in 

California sea lions to 10% in Green monkey. On average human milk contains 7.0%, whilst bovine 

milk contains 4.8% lactose (Fox and McSweeney, 1998). Milk is isotonic with blood, and lactose is 

responsible for 50% of the osmotic pressure of milk. Thus, milk with a low level of lactose has a 

high level of inorganic salts or other compounds in order to maintain the osmotic pressure (Fox and 

McSweeney, 1998). Lactose mutarotates between two isomeric structures (α and β) as a result of an 

opening and closing of the ring structure. In regards to the dairy industry, lactose, like other 

reducing sugars, participates in the Maillard reaction causing production of color and flavor 

compounds. Mammals are unable to absorb disaccharides in the small intestine, but upon hydrolysis 

by β-galactosidase, lactose is converted to galactose and glucose (Schaafsma, 2008). For various 

reasons, the secretion of β-galactosidase may be impaired or decline in some individuals during 

maturation, and cause digestive problems associated with the inability to hydrolyze lactose – a 

common disease normally referred to as lactose intolerance (Schaafsma, 2008).  

Whilst lactose is mainly an energy source, the OS are indigestible by human enzymes present in the 

gastrointestinal tract (Zivkovic et al., 2011). OS typically contain three to 15 saccharide units linked 

by glycosidic bonds, and are composed by a lactose core and additional glucose (Hex), galactose 

(Hex), fucose, N-acetylglucosamine (HexNAc), N-acetyl galactosamine (HexNAc), N-acetyl 

neuraminic acid (NeuAc), and N-glycolyl neuraminic acid (NeuGc) (Figure 2.1). OS containing 

NeuAc or NeuGc are acidic, whilst OS containing exclusively hexoses or HexNAc are neutral (Tao 

et al., 2008). The concentration and complexity of milk OS of both human and bovine origin are 

known to be affected by stage of lactation. Human colostrum is known to contain a high OS 

concentration and a high complexity of OS species compared with mature milk (Coppa et al., 1999; 

Chaturvedi et al., 2001; Wu et al., 2010; Wu et al., 2011), and similar pattern is observed in bovine 

milk (Tao et al., 2008; Barile et al., 2010). Moreover, bovine milk OS are known to be less complex 
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and more importantly being available in a lower concentration compared with human milk 

(Ninonuevo et al., 2006; Tao et al., 2008). As infant formula is based on bovine milk, the lower 

concentrations and less complexity observed in bovine milk OS affects the end quality of infant 

formula. 

 
Figure 2.1: Carbohydrates and oligosaccharide components in bovine milk. Oligosaccharides 

have a lactose core and contain 1-15 additional components; glucose, galactose, N-

acetylglucosamine, N-acetylgalactosamine, and fucose. N-glycolyl neuraminic acid is not 

shown. 

 

The presence of fucosylated OS in bovine milk has long been a matter of debate (Nakajima et al., 

2006; Tao et al., 2008; Barile et al., 2010). Recently, fucosylated OS, with a degree of 

polymerization less than four, have been identified in bovine milk (Mariño et al., 2011). Mariño et 

al. (2011) specifically used exoglycosidases to digest the OS, and thereby investigate the 

monosaccharide type and linkages. Furthermore, RNA sequencing of the genes involved in the 
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metabolism of OS identified a gene which is responsible for the de novo synthesis of fucosylated 

OS species (Wickramasinghe et al., 2011). However, Wickramasinghe et al. (2011) purified RNA 

from milk somatic cells, and as somatic cells are comprised of multiple different cell types, 

including mammary epithelial cells, bacteria, and immune cells, the identification of specific genes 

may not be sufficient to confirm the appearance of fucosylated OS in milk. Moreover, they also 

identified fucosidase genes, which could explain why fucosylated OS species are only present in 

low concentrations in bovine milk (Wickramasinghe et al., 2011). The fucosylated OS are of 

particular interest, as fucosylated human milk OS have been shown to protect against enteric 

pathogens (Newburg et al., 2005). Fucosylated OS species are the dominant OS fraction of human 

milk (Ninonuevo et al., 2006). Moreover, the importance of identification of fucosylated OS species 

in bovine milk is highlighted by the fact that infant formulas are predominantly produced from 

bovine milk.  

Human milk OS have been extensively investigated, and the studies have identified many biological 

functions exerted by milk OS. Milk OS have been shown act as prebiotics and stimulate selected 

beneficial Bifidobacteria in in vitro studies (LoCascio et al., 2007; Sela et al., 2008; Sela, 2011; 

Zivkovic and Barile, 2011), prevent adhesion of pathogenic bacteria like Helicobacter pylori and 

certain virus (Pacitti and Gentsch, 1987; Simon et al., 1997; Rolsma et al., 1998; Newburg et al., 

2005), participate in the innate immune system, and stimulate brain development and cognitive 

function in humans due to the content of sialic acid (Wang, 2009). Thus, OS exert a wide range of 

beneficial biological functions aiding in improving the health and development of the neonate. 

In the present PhD project, bovine milk OS were investigated, and the findings are presented in 

Paper V and Chapter 7. 

Lipids 

Milk lipids are chemically very complex and exist in a unique emulsion (Fox, 2009). Milk contains 

a large variability of lipid species, and accordingly up to 400 different fatty acids (mostly at trace 

levels) have been described (Fox, 2009). The milk lipids exist as triglycerides in lipid globules of 

different sizes, and the triglyceride core is coated with MFGM. The MFGM consists of 

phospholipids, bipolar proteins, and cholesterol. Milk from ruminants contains unique fatty acids 

compared to other mammals, e.g. butyric acid and conjugated linoleic acids (CLA) (Jensen, 2002). 

Furthermore, milk fat contains low levels of polyunsaturated fatty acids (PUFA). Especially the 
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different CLA are of interest from a health perspective (Pariza et al., 2000; Pariza et al., 2001). The 

most abundant CLA in milk is the cis-9, trans-11 isomer (Parodi, 1997; Sehat et al., 1999), but it is 

dependent on seasonal variation, as the content of trans-10, cis-12 isomer is proportionally higher 

during the winter season when cows are fed a larger percentage of ensilage (Riel, 1963). Fish oil 

and sunflower oil addition to the feed increases specifically the concentration of cis-9, trans-11 

CLA acid in milk (Shingfield et al., 2006). The biological role of these CLA is still controversial, as 

the different isomers have been shown to have different beneficial and adverse effects in humans 

(reviewed by Bhattacharya et al., 2006). 

Proteins 

The protein fraction of bovine milk mainly consists of caseins and whey proteins, and is the most 

influential milk fraction affecting the technological properties of milk. Important technological 

properties include rennet coagulation properties and factors affecting syneresis of curd, both of 

which are associated with cheese-making ability. The rennet coagulation properties of milk are key 

aspects in cheese production, influencing cheese yield and quality. Rennet coagulation can be 

assessed by measuring the coagulation time (RCT), which is the time at phase 45, curd firming rate 

(CFR), and maximum coagulum strength by storage modulus (G’max) by free oscillation rheometry 

(Frederiksen et al., 2011b). Furthermore, the coagulation properties during cheese production are 

influenced by a range of other factors such as lactation stage, pH, mineral salts, breed, feeding, and 

season (Jakob and Puhan, 1992; Udabage et al., 2001; Lock and Garnsworthy, 2003; McJarrow and 

van Amelsfort-Schoonbeek, 2004; Skeie, 2007; Tsioulpas et al., 2007b; Hallen et al., 2009). Several 

genetic variants of caseins and whey proteins are known to exist, including β-casein A1, A2, A3, 

and B, κ-casein A, B, and E, and β-lactoglobulin A and B (Lien et al., 1999). Specifically the B-

variants have been proven to positively affect the cheese-making properties of milk (Ikonen et al., 

1999; Wedholm et al., 2006; Hallen et al., 2007; Hallen et al., 2008; Comin et al., 2008). Genetics 

variants of the casein proteins have been investigated by analysis of the same milk samples as 

studied in the present PhD project (Jensen et al., 2012a). The study identified novel genetic variants 

of β-casein and β-lactoglobulin, as well as confirming that the B-variants of the major milk proteins 

were associated with good coagulation properties (Jensen et al., 2012a). Immunoglobulins are part 

of the whey proteins, and they offer protection of the neonate whilst developing the acquired 

immune system (Korhonen et al., 2000). Additionally, more than 70 different enzymes have been 
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found in milk, and some of these, e.g. n-acetylglucoaminidase, are known to indicate inflammation 

of the mammary gland (Pyörälä, 2003).  

Low molecular weight compounds and metabolites 

A number of smaller compounds are present in milk, e.g. minerals, vitamins, hormones, and 

metabolites. Milk is known to contain about 25 minerals, including Na, K, Ca, Mg, Fe, Zn, Mo, Cu, 

Se (Fox and McSweeney, 1998; Fox, 2009). Multiple growth hormones have been identified in 

milk; however, it is not clear if these hormones are present in order to promote the growth and 

development of the neonate, or if it is a byproduct of the development of the mammary gland 

(Grosvenor et al., 1993). Furthermore, a number of vitamins are present in milk, including vitamin 

A, several B-vitamins, vitamin C, and vitamin E. Of main interest in the present PhD project are the 

metabolites. Milk metabolites may originate from multiple cell types or metabolisms, and the 

different sources of metabolites may contribute to the variability of milk metabolites. Metabolites 

may be secreted by microorganisms (Hettinga et al., 2008a; Hettinga et al., 2009), from live or dead 

somatic cells, or from the mammary epithelial cells (Shennan and Peaker, 2000). Moreover, 

metabolites may result from an enzymatic reaction in the milk (Azzara and Dimick, 1985) or be 

transferred to milk from blood due to increased permeability of the endothelial cell membrane 

(Bannerman, 2009). 

A number of small organic acids are present in milk, including citrate. Citrate is present is 

concentrations of 1750 mg/L, and is mostly bound to calcium or magnesium (Fox and McSweeney, 

1998). Changes in citrate concentration have major effects on the physio-chemical properties of the 

casein micelles. Citrate acts as a calcium chelator, which solubilizes colloidal calcium phosphate 

(CCP) (Udabage et al., 2000). Thus, milk coagulation is affected as the casein micelles are 

disrupted. Moreover, addition of citrate reduces the storage modulus (G’) of rennet-induced milk 

gels, and coagulation may be completely inhibited (Udabage et al., 2001). Citrate contributes to the 

buffering capacities of milk in conjunction with casein, soluble phosphate, CCP, and bicarbonate 

(Salaün et al., 2005). See Chapter 4 for an introduction to milk metabolites identified by NMR 

spectroscopy. 

2.2  Factors affecting milk composition 

Multiple factors influence the specific milk composition. Extensive studies on the feeding effect on 

milk composition exist, and several reviews are available (Sutton, 1989; DePeters and Cant, 1992; 
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Bauman and Griinari, 2003; Jenkins and McGuire, 2006; Elgersma et al., 2006). The interest in 

changing or optimizing milk composition for specific purposes dates back to as early as 1890, 

where the effects of adding cottonseed oil to feed were investigated (Palmquist et al., 1993). A 

major factor influencing milk composition is the feeding scheme. Feed is known to introduce 

changes in milk fat composition (Palmquist et al., 1993; Shingfield et al., 2006; Poulsen et al., 

2012). Moreover, dietary fat may influence the content of protein, citrate, urea, and soluble calcium 

(Banks et al., 1984). The differences may originate from changes in rumen activity (Banks et al., 

1984).  

Another factor with profound influence on milk composition is the genetic background of the 

lactating cow, which offers the opportunity to select for different traits in breeding programs (Pond, 

1977; The Bovine Genome Sequencing and Analysis Consortium et al., 2009). The majority of the 

research on genetic factors affecting milk composition has been performed on milk fat (reviewed by 

Palmquist et al., 1993; Soyeurt et al., 2007; reviewed by Arnould and Soyeurt, 2009) and protein 

fractions (Mclean et al., 1984; Lien et al., 1999; Jensen et al., 2012a). Selection for an overall higher 

concentration of milk fat has been shown to specifically increase the short chain fatty acids 

(reviewed by Palmquist et al., 1993). Moreover, low molecular weight compounds known to be 

affected by genetics include urea (Stoop et al., 2007), β-carotene (Berry et al., 2009), and minerals 

(van Hulzen et al., 2009). Furthermore, a peculiar association between milk somatic cells and a 

single nucleotide polymorphism in the gene encoding leptin has been identified (Buchanan et al., 

2003). Buchanan et al. (2003) suggests a possible role of leptin in the modulation of the immune 

response, and thereby an association with increased inflammation. Moreover, leptin was found to be 

associated with both increased milk yield and protein concentration (Buchanan et al., 2003). The 

sequencing of the bovine genome (The Bovine Genome Sequencing and Analysis Consortium et al., 

2009) facilitated comprehensive investigations of heritable traits, including heritability estimates of 

specific milk metabolites and a genome wide association study (GWAS). Such studies are included 

in the present PhD project, and it is to my knowledge, the first study of the genetic parameters of 

milk metabolites, including heritability and detection of quantitative trait loci (QTL) (Buitenhuis et 

al., 2012). See Chapter 6 and Paper IV for additional information. 

Variations in milk composition have also been shown to follow the variation of season, as the lipid 

composition (Lock and Garnsworthy, 2003), composition of oligosaccharides (McJarrow and van 

Amelsfort-Schoonbeek, 2004), protein and fat concentration (Auldist et al., 1998; Heck et al., 
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2009), and citrate concentrations (Holt and Muir, 1979; Mitchell, 1979) are known to vary 

throughout the seasons. Physiological factors related to the cow are also known to affect milk 

composition, as number of lactation and stage of lactation influence oligosaccharide composition 

(Tao et al., 2009), citrate concentration (Garnsworthy et al., 2006), and content of protein and fat 

(Auldist et al., 1998). The health of the lactating animal also affects milk composition, e.g. cows 

diagnosed with mastitis, and different pathogens can secrete several metabolites into the milk 

(Hettinga et al., 2009). Furthermore, associated with SCC and mastitis are a number of different 

metabolites that are either related or unrelated with pathogens, including an increase in the 

concentration of lactate (Davis et al., 2004) and a decrease in lactose concentration in order to keep 

the milk isotonic to blood (Fox, 2009). In the present PhD project, the association between SCC and 

milk metabolites identified by NMR spectroscopy was studied, and several novel metabolites were 

found to be correlated with increased milk SCC (Sundekilde et al., 2012c). Refer to Chapter 6.3 and 

Paper III for futher details of the association of milk metabolites and SCC. 
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3 Metabolomics methods for profiling of milk 

Metabolomics is normally coined as the systematic study of compounds produced by cellular 

metabolism. Essentially, metabolomics can be described as the high-throughput identification, 

quantification, and study of all chemical compounds in a cell, organ or organism (German et al., 

2005). Milk metabolomics is the study of low molecular weight compounds in milk from individual 

cows. The compounds present in milk are not all originating from cellular metabolism. Thus, not all 

the compounds are metabolites per se; however, in the present PhD thesis the collection of low 

molecular weight milk compounds (less than 10 kDa) will be termed metabolites. The origin of 

milk compounds and metabolites is not always clear. Many compounds such as lactose and citrate 

are secreted by the mammary epithelial cells by exocytosis (Shennan and Peaker, 2000), which is 

the secretion of cellular content through vesicles. Moreover, different metabolites may be released 

from the mammary epithelial cells during late lactation when the cell membrane is weakened 

(Bannerman, 2009). Additionally, certain metabolites may increase when the lactating animal 

suffers from infection of the udder, as different pathogens have been shown to cause elevated levels 

of specific metabolites and thereby affect the meta-metabolome (Hettinga et al., 2009). The meta-

metabolome reflects the metabolic activities of both the cow and microbes. 

Metabolomics has been extensively applied in different research areas, such as clinical and 

pharmaceutical sciences (Lindon et al., 2006) as well as food and nutrition sciences (Wishart, 

2008). Often metabolomics studies include a high number of samples and thus require high-

throughput analytical methods. Furthermore, the methods need to be highly reproducible and stable 

during a long time span. In general, three analytical techniques dominate the metabolomics 

methodologies; NMR spectroscopy, liquid chromatography mass spectrometry (LC-MS), and gas 

chromatography mass spectrometry (GC-MS). Each of the different technologies has its advantages 

and disadvantages, and often the techniques complement each other. Sample preparation is also a 

crucial step due to the high number of samples. NMR spectroscopy is the technique requiring the 

least sample preparation. However, the presence of lipids and proteins in a sample and a high 

sample complexity can severely hamper metabolite identification and quantification due to 

broadening and overlapping of NMR resonances. In this chapter, an overview of metabolomics 

studies of the milk metabolite profiles obtained by LC-MS, GC-MS and NMR is presented. NMR-

based metabolomics and sample preparation steps required in studies of milk will be described in 
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more detail in Chapter 4. A more in-depth review of the different techniques for metabolomics-

based analyses of milk is presented in Paper I.  

A number of studies of the milk metabolome or meta-metabolome have been reported and are 

summarized in Table 3.1. Many of the studies have been utilizing multiple analytical techniques for 

the milk metabolite profiling, as they often complement each other. The studies will be discussed in 

more detail in the following. 

Table 3.1: A summary of milk metabolites and metabolomics studies either by NMR, LC-

MS, or GC-MS or a combination thereof reported in the literature (adapted from 

Sundekilde et al., 2012b).  

Factor under 

investigation 

Metabolite(s) Analytical 

technique 

Reference(s) 

Coagulation properties 

and compositional 

differences of bovine milk  

Choline, carnitine, citrate, lactose NMR (Sundekilde et al., 

2011) 

Somatic cell count β-hydroxybutyrate, lactate, 

lactose, hippurate, acetate, 

fumarate, butyrate 

NMR (Sundekilde et al., 

2012c) 

Metabolic status of cows Acetone, β-hydroxybutyrate NMR,  

GC-MS 

(Klein et al., 2010) 

Compositional differences 

of bovine breeds 

α-aminobutyrate, ornithine NMR,  

GC-MS 

(Klein et al., 2010) 

Quality control Citrate, N-acetylcarbohydrates, 

trimethylamine, lecithin 

NMR (Hu et al., 2004; 

Hu et al., 2007) 

Conventional vs. organic 

farming, commercial milk 

Hippurate, tyrosine, proline, 

isoleucine, mannose, ribose, 

carnitine, glycerol 2-phosphate,  

NMR,  

LC-MS 

(Boudonck et al., 

2009) 

Compositional differences 

of commercial milk 

brands 

Lipids, threonine, glutamine, 

tyrosine, galactose, mannose, 

succinate, fumarate, malate, 

nucleotides, vitamins 

NMR,  

LC-MS 

(Boudonck et al., 

2009) 

Microbiota of raw milk 

and authenticity of 

cheeses 

Acetone, 2,3-butandione, ethanol, 

acetaldehyde, ethylacetate, 

dimethylsulphone, and more. 

GC-MS (Toso et al., 2002) 

Pathogens, mastitis 

inflammation 

Volatile compounds GC-MS (Hettinga et al., 

2009) 

(Hettinga et al., 

2008a) 
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3.1 Nuclear magnetic resonance spectroscopy  

High-field proton (
1
H) NMR spectroscopy is the utilization of magnetic properties of nuclei. Any 

atomic nuclei that has either odd mass or odd atomic number possesses a spin and a magnetic 

moment (Pavia et al., 2001). Nuclear magnetic resonance occurs when nuclei are aligned in a 

magnetic field, and a radiofrequency is applied that excite the nuclei. The excited nuclei then begin 

to lose their excitation energy and return to their original spin state in a process called relaxation 

(Pavia et al., 2001). Protons in a molecule are shielded by surrounding electrons. Thus, depending 

on the local milieu, the resonance frequency of each proton in a molecule will differ (chemical 

shift). The chemical shift (δ) is expressed as the shift in parts per million (ppm) from Sodium 

trimethylsilyl-[2,2,3,3-
2
H4]-1-propionate (TSP), in which protons by definition have a chemical 

shift of 0.00 ppm (Pavia et al., 2001). 
1
H NMR spectroscopy is an attractive method in 

metabolomics analyses, as it is non-selective, it requires minimal sample preparation, and in 

principle it detects all mobile hydrogen-containing molecules.  

High field 
1
H NMR spectroscopy has previously been used in many applications of food science, 

including studies of fruit juices (Eads and Bryant, 1986; Belton et al., 1996; Koda et al., 2012), milk 

(Eads and Bryant, 1986; Hu et al., 2004; Hu et al., 2007), honey (Schievano et al., 2009), and wine 

(Son et al., 2009; Lopez-Rituerto et al., 2012). Although not in metabolomics-based studies, NMR 

spectroscopy has been proven a valuable analytical tool in the characterization of structural changes 

in caseins (Leslie et al., 1969; Humphrey and Jolley, 1982), casein micelles (Griffin and Roberts, 

1985; Rollema and Brinkhuis, 1989; Kakalis et al., 1990), and whey proteins (Belloque and Smith, 

1998; Kuwata et al., 1998; Lubke et al., 2002). The study of milk proteins is now largely performed 

by mass spectrometric methodologies. High-field 
1
H-NMR spectroscopy has been used for the 

analysis of milk fat composition (Kalo et al., 1996). More recently, NMR spectroscopy was used for 

metabolite profiling of milk for prediction of cow health status (Klein et al., 2010; Klein et al., 

2012). High field 
1
H, 

13
C, 

15
N, and 

31
P-NMR spectroscopy have previously been used in the study 

of proteins and phosphorylated compounds (Leslie et al., 1969; Humphrey and Jolley, 1982; Griffin 

and Roberts, 1985; Belton et al., 1985; Rollema and Brinkhuis, 1989; Kakalis et al., 1990; Belloque 

and Smith, 1998; Kuwata et al., 1998; Belloque et al., 2000; Lubke et al., 2002; Belloque and 

Ramos, 2002; Belloque, 2006). Low-field NMR relaxation studies have been widely used in the 

studies of milk and dairy products (reviewed by Belloque and Ramos, 1999). The compounds and 

metabolites identified by high-field 
1
H-NMR include sugars, small organic acids, vitamins, 
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nucleotides, and aromatic compounds. One of the first attempts using high-resolution 
1
H NMR 

spectroscopy to characterize the complete milk metabolome was carried out using commercially 

available milk (Hu et al., 2004). Hu et al. (2004) performed both 1D and 2D NMR spectroscopy and 

assigned a number of metabolites, including citrate, creatinine, N-acetylcarbohydrates, and 

phospholipids (Hu et al., 2004). Furthermore, Hu et al. (2007) proceeded to quantitate lipids, 

lactose, citrate, N-acetylcarbohydrates, butyrate, and trimethylamine by 
1
H-

13
C 2D heteronuclear 

single quantum coherence (HSQC) NMR spectroscopy (Hu et al., 2007). Recently, 
1
H NMR 

spectroscopy was used to identify milk mixtures of skimmed milk samples of cow’s milk and 

sheep’s milk (Lamanna et al., 2011). In a study of the biochemical variability of milk from 

individual cows in the early and late lactation, 25 metabolites were identified by 
1
H NMR 

spectroscopy (Klein et al., 2010). Moreover, the NMR-based metabolomics approach was also used 

to assess the metabolic status of the cow based on potential biomarkers such as acetone, BHBA, 

PCh, and GPC (Klein et al., 2012). Additionally, adenine, fucose, fumarate, glutamate, hippurate, 

malonate, ornithine, orotate, 2-oxoglutaric acid, and valine were identified in the present PhD 

project (Sundekilde et al., 2011; Buitenhuis et al., 2012; Sundekilde et al., 2012b; Sundekilde et al., 

2012c). A list of the metabolites identified by NMR spectroscopy is presented in Chapter 4. 

When using NMR spectroscopy to investigate differences in milk metabolites, several 

considerations must be taken into account such as the high complexity of the sample, i.e. the 

presence of many different compounds in different proportions may cause significant overlapping 

or masking of resonances. Moreover, the variations in size and mobility of the different components 

may lead to different relaxation times and widths of resonance lines. This will lead to loss of 

information obtained from the NMR spectrum; e.g. in milk analysis resonances from the most 

abundant compounds will overlap and mask minor resonances of compounds that have similar 

chemical shifts. Some of these problems can be solved by removal of specific milk components or 

fractions, i.e. centrifugation to remove the lipids, precipitation of proteins, ultrafiltration, or 

extractions using different solvents. A number of NMR experiments may also be used for 

increasing the quality of the spectra acquired, including selective Total Correlation Spectroscopy 

(TOCSY) (Sandusky and Raftery, 2005; Rastrelli et al., 2009), Two-dimensional J-resolved 

spectroscopy (J-RES) (Ludwig and Viant, 2010), Diffusion Ordered Spectroscopy (DOSY) 

(Simpson et al., 2001), and a Carr–Purcell–Meiboom–Gill (CPMG) spin echo pulse sequence 

(Nicholson et al., 1995).  
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Identification of metabolites is normally performed by comparison with existing knowledge from 

the literature and databases (Lindon et al., 1999; Ulrich et al., 2008; Wishart et al., 2009), addition 

of external standards, and 2D NMR spectroscopy.  

3.2 Liquid chromatography mass spectrometry 

LC-MS is an analytical technique that combines separation techniques with mass analysis by mass 

spectrometry. The mass spectrometry measures mass-to-charge ratios of a charged ion. Generally, 

LC-MS is a flexible technique, as different liquid separation systems can be coupled with a range of 

different mass analyzers, such as Ion Trap, Time of Flight, and quadrupole Time of Flight. LC-MS 

offers very high sensitivity, and there is a minimal sample size requirement.  

Identification of metabolites in MS-based metabolomics is performed by determination of the 

accurate masses and isotopic patterns of the compounds in question. These analyses give the 

elemental composition of the metabolite, which can be coupled with prior knowledge and further 

MS/MS analyses in order to confirm identity. The ideal identification method is by comparison of 

the elution profile and MS spectra of an unknown metabolite with its pure standard. For 

comprehensive reviews of methodologies in MS-based metabolomics in general and in milk refer to 

(Siciliano et al., 1999; Wilson et al., 2005; Guy and Fenaille, 2006; Lenz and Wilson, 2006; 

Scalbert et al., 2009). The analysis of LC-MS data is more complex compared with NMR 

spectroscopic data, because LC-MS data contain at least one extra dimension (retention time and/or 

MS/MS). Several methods have been developed in order to aid in data analysis, and they include 

parallel factor analysis (PARAFAC). PARAFAC was originally developed for use in psychometrics 

(Harshman, 1970; Carroll and Chang, 1970). However, the methods have been tweaked for the 

analysis of LC-MS data. Thus, the data can be analyzed without dimensionality reduction (Bro, 

1997; Amigo et al., 2010). Additionally, several software packages for traditional multivariate data 

(MVDA) analysis of LC-MS exist, which deal with shifts of retention times and matching of signals 

across samples, etc. The most prominent software packages are MZmine (Katajamaa et al., 2006; 

Pluskal et al., 2010), XCMS (Benton et al., 2008), and MetAlign (Lommen, 2009).  

An LC-MS-based metabolomic analysis of the variability of milk metabolites in commercially 

available, standardized milk samples has been performed, and the study identified more than 100 

different metabolites, including amino acids, carbohydrates, lipids, nucleotides, organic acids, 

peptides, and vitamins (Boudonck et al., 2009). The metabolites were identified by comparison with 
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pure standards in proprietary databases (Boudonck et al., 2009). In the study by Boudonck et al. 

(2009), the compounds and metabolites were extracted from the milk samples by methanol. The 

study identified several specific differences in the metabolite profile of organic and conventional 

milk. Hippurate, isoleucine, and carnitine were found to be present in higher concentrations in 

organic milk than in conventional milk, while proline, glucose 1-phosphate, and ribose-5-phosphate 

were found to be present in lower concentration in organic milk (Boudonck et al., 2009). Thus, 

there may be several potential markers for differences in milk from organic and conventionally 

farms. Additionally, the authors identified several statistically significant differences in the milk 

metabolite profile, which could be correlated with milk brand, fat content, farm management, etc. 

(Boudonck et al., 2009). The milk samples were bought in a supermarket, and thus the milk is 

pooled from many individual cows and the sample background is somewhat unknown. LC-MS-

based metabolomics on 143 individual milk samples has also been performed, however, only one 

metabolite was identified (Harzia et al., 2012). Moreover, the authors investigated correlations 

between milk coagulation properties and LC-MS profiles but failed to find any significant 

correlation (Harzia et al., 2012). 

3.3 Gas chromatography mass spectrometry 

GC-MS is also an analytical technique that combines separation techniques with mass analysis. GC-

MS offers two options for studying the metabolome of a sample. Without derivatization it measures 

the volatile metabolome, whereas with derivatization of the liquid sample, it measures the 

metabolome in solution similarly to NMR and LC-MS-based metabolomics. The volatile 

metabolome is often directly linked to taste and odor, while the liquid metabolome is linked to 

metabolism.  

The process of identification is similar to LC-MS and LC-MS/MS. However, the ionization 

techniques used in GC-MS fragment each metabolite, giving a fingerprint which can be searched 

for in databases (Schauer et al., 2005). The fragmentation pattern is highly reproducible across GC-

MS instrumentation, whereas in LC-MS there is a higher degree of instrumental effects on the 

fragmentation pattern, elution profile, and mass spectra. However, identification of novel 

metabolites is rather difficult compared with NMR, where structural information can be achieved. 

GC-MS has previously been used to characterize the milk volatile metabolome (Toso et al., 2002; 

Boudonck et al., 2009; Klein et al., 2010). Toso et al. (2002) used headspace GC-MS and identified 

41 volatile compounds in raw milk. The milk samples were clustered into groups based on feed 
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composition (hay, maize silage, or grass silage). A total of nine volatile compounds were found to 

be correlated with the groups, thereby indicating a possible classification of the samples by a non-

cross validated discriminant analysis (Toso et al., 2002). GC-MS analyses of head-space volatile 

compounds have been extensively used in quality control of both heated milk produce and raw milk 

(Shipe et al., 1978; Vallejocordoba and Nakai, 1994; Hettinga et al., 2008b). Furthermore, specific 

pathogens present in the milk are known to form different volatile compounds (Hettinga et al., 

2008a). Boudonck et al. (2009) also used GC-MS analysis of the liquid metabolome and identified 

110 metabolites by GC-MS. Klein et al. (2010) used GC-MS analysis in combination with NMR 

spectroscopy, and they described 25 metabolites by GC-MS. The NMR and GC-MS data were used 

to identify that acetone and BHBA could be correlated to cow health during early lactation (Klein et 

al., 2010). 

3.4 Comparison of NMR, LC-MS, and GC-MS methodologies 

In metabolomics studies different analytical techniques can be employed. The choice of technique 

should be suited for the specific application. The three main analytical techniques are NMR, LC-

MS, and GC-MS. Each technique has its own advantages and disadvantages compared with the 

other techniques, and the techniques are summarized in Table 3.2.  

One of the greatest advantages of NMR spectroscopy is the direct relationship between molar 

concentration and NMR resonances. Moreover, it is a non-destructive technique, meaning that the 

sample can be analyzed in multiple consecutive NMR experiments, or in addition be analyzed by 

other analytical techniques after the NMR experiments. Another advantage of NMR spectroscopy is 

the ability to elucidate molecular structures. However, that will often require more pure compounds, 

which is not compatible with complex biofluids. One disadvantage is that the NMR spectrometer is 

an expensive equipment. However, the running costs are lower compared with other techniques, 

partly due to the minimal sample preparation requirement (Table 3.2). 

In comparison with NMR spectroscopy, the main advantage of LC-MS is that the sensitivity is 

notably increased. Some of the disadvantages include longer acquisition time and the fact that 

instrumentation and automation systems are less robust. The added chromatography step in the 

analysis may add in additional instrumental error as the elution profile may drift over time. Novel 

identification of metabolites in LC-MS is difficult. Whilst the MS/MS analyses can show 

fragmentation patterns, the technique cannot elucidate specific linkages, e.g. between polymers. 
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Moreover, in LC-MS the fragmentation patterns of a metabolite are dependent on instrumentation 

while in GC-MS the fragmentation pattern is instrument independent (Table 3.2). 

Table 3.2: Comparison of the main analytical methodologies employed in metabonomics and 

metabolomics studies (adapted from Wishart, 2008). 

Analytical 

technique 

Advantages Disadvantages 

NMR 

Spectroscopy 

Quantitative (direct molar conc.) Insensitive 

Non-destructive Expensive instrumentation 

Short acquisition time No detection of salts and inorganic ions 

Databases with metabolites for 

identification 

No detection of non-protonated 

compounds 

Minimal sample preparation  

Identification of novel compounds  

Robust, mature technology  

Reproducible  

Compatible with liquids and solids  

Requires no separation  

Detects most organic and some 

inorganic molecules 

 

LC-Mass 

Spectrometry 

Very small sample size requirements Sample not recoverable 

Very high sensitivity Not quantitative 

Can be done without separation (direct 

injection) 

Expensive instrumentation 

Has potential for detecting largest 

portion of metabolome 

Long acquisition time  

Flexible (can be adapted to many 

instruments for optimization, e.g. CHIP) 

Poor separation resolution and 

reproducibility (vs. GC) 

Relatively inexpensive Less robust instrumentation than NMR 

or GC-MS 

 No global databases with metabolites 

for ID 

 Novel compound ID is difficult 

GC-Mass 

Spectrometry 

Robust, mature technology Sample not recoverable 

Less expensive instrumentation Requires sample derivatization 

Quantitative (with calibration) Requires separation 

Modest sample size need Long acquisition time 

Good sensitivity Novel compound ID is difficult 

Databases with metabolites for 

identification 

 

Detects most organic and some 

inorganic molecules 

 

Excellent separation reproducibility  
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Compared to NMR and LC-MS, GC-MS is a relatively inexpensive technology. Moreover in 

comparison to LC-MS, GC-MS is more robust, and there is a large quantity of existing knowledge 

about metabolites stored in databases, which is extremely useful for the identification of known 

metabolites. However, identification of novel compounds is difficult (Fiehn, 2008). Both MS-based 

methods have disadvantages when it comes to quantification. In MS analysis, unpredictable 

interactions between molecules, MS response factors, and levels of ionization can all influence 

quantification (Table 3.2). 

The data analyses following analytical analyses are also important, and an introduction to these will 

be given in Chapter 5. 
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4 Milk metabolite profiling by NMR spectroscopy 

In the present PhD project, high-field 
1
H NMR spectroscopy using a 600 MHz spectrometer was 

selected as the main method to use for metabolite profiling of milk samples due to its short 

acquisition time, minimal sample preparation requirements, and cheaper materials and reagents per 

sample measured. The total number of samples was 1301. Thus, a robust technique with minimal 

sample preparation and a short acquisition time was required. With the developed protocol, 90 milk 

samples could be analyzed in one work day. Standard 1D spectra were acquired using a single 90° 

pulse experiment with a relaxation delay of 5 s. Water suppression was achieved by irradiating the 

water peak during relaxation, and 64 scans were collected into 32K data points spanning a spectral 

width of 12.15 ppm (Sundekilde et al., 2011; Buitenhuis et al., 2012; Sundekilde et al., 2012b; 

Sundekilde et al., 2012c). 

Sample collection 

The milk samples were collected from farms in Denmark and Sweden after morning milking, and 

transported to the laboratories, where the samples were skimmed and aliquot for the different 

analyses and frozen at -80°C. In order to minimize the impact of sample collection and other 

external factors on the resulting metabolite profiles, care was taken to handle all samples as 

homogeneously as possible. However, due to the geographical distance in Sweden, the Swedish 

milk samples were stored at 4°C for 24 h prior to freezing at -80°C. In order to minimize the effects 

of technical artifacts, which can compromise the milk metabolite profiles, the order of analysis of 

the milk samples were randomized prior to NMR spectroscopy.  

Sample preparation for NMR analyses 

The colloidal properties of milk and the presence of lipid and proteins in milk have impact on the 

1
H NMR spectrometric analyses. Thus, in order to remove the macromolecules, different sample 

preparations were compared. Figure 4.1 shows NMR spectra of a skimmed milk sample prepared by 

different methods prior to 
1
H NMR spectroscopy. Panel A shows a spectrum of a milk sample 

which was simply thawed and vortexed. Several broad CH2 resonances stemming from lipids are 

evident in the upfield spectrum. Furthermore, downfield broad NMR resonances arising from 

proteins are also obscuring the spectrum and overlapping with other signals (Figure 4.1A). Panel B 

shows a spectrum of a milk sample which was centrifuged at 14,000 g after thawing to remove solid 

precipitates stemming from the freezing/thaw sequence (Figure 4.1B).  
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Figure 4.1: Representative 
1
H NMR spectra obtained from a milk sample. (A) Skimmed milk, 

(B) re-centrifuged milk, and (C) filtered milk. (Sundekilde et al., 2012b) 

Signals from residual lipids and proteins are still present in the spectrum; however, their 

contribution has diminished due to removal of some of the lipids in the added centrifugation step 

(Figure 4.1B). Panel C shows a milk sample that was filtered using a 10 kDa cutoff spin-filter and 

centrifuged at 10,000 g for 30 min (Figure 4.1C). The resulting spectrum no longer shows the 

characteristic broad signals from macromolecules (Figure 4.1). Instead, the spectrum shows a better 

resolution of metabolites both upfield and downfield, where broad signals previously caused 

problems, thereby emphasizing the importance of sample preparation (Sundekilde et al., 2012b).  

Interestingly, milk metabolites analyzed by high-field 
1
H NMR spectroscopy of skimmed milk 

samples prepared as panel A in Figure 4.1 correlate well with coagulation properties (Sundekilde et 

al., 2011). This finding will be discussed in more detail in Chapter 6. In order to identify the 

significance of sample preparation on the NMR spectra, milk samples from one of the included 

breeds (DH) were analyzed by all three preparations. Principal component analysis (PCA) of the 

NMR data revealed a clear separation of filtered (C) and non-filtered (A and B) samples (Figure 

4.2). The skimmed (A) and re-centrifuged (B) samples cannot be fully distinguished as shown in 

Figure 4.2A. Furthermore, the PCA analysis reveals that inter-group variability for the non-filtered 

groups is high, indicating that the samples are heterogeneous, which may be due to a variable 

amount of lipids present in the final sample (Figure 4.2B). Figure 4.2B shows the line plot of the 

PCA model of the corresponding loadings in panel A. The filtered and non-filtered samples are 

exclusively being differentiated along PC1 (blue line), and the multiple lipid resonances in the 
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region 2.4-1.0 ppm highlight the differences between groups (Figure 4.2B). Furthermore, the broad 

peaks and intensity of lipid resonances present in the unfiltered samples impede the resonances of 

the other metabolites, thereby lowering their intensities. Hence, it can be concluded that the optimal 

sample preparation step of these three preparations is filtration of the sample to remove residual 

lipids and protein signals.  

Milk compounds and metabolites identified in the 1301 milk samples are listed in Table 4.1. The 

list includes the previously identified metabolites by Hu et al. (2004, 2007) and Klein et al. (2010), 

as well as several additional novel metabolites (Sundekilde et al., 2011; Buitenhuis et al., 2012; 

Sundekilde et al., 2012b; Sundekilde et al., 2012c). Moreover, the chemical shifts of well-separated 

resonances are listed along with their multiplicity, coupling constants, and assignments (Table 4.1). 

The differences in milk metabolites and impact on different properties are described in Chapter 6. 

 

Figure 4.2: (A) PCA scores plot of 
1
H NMR data on skimmed milk showing the principal 

components (PC) 1 and 3 colored according to sample handling. (B) The corresponding 

loadings plots of PC1 (blue) and PC3 (red). The 
1
H NMR spectra were subdivided into 0.04 

ppm integral regions. Q
2
 values; PC1: 0.84 and PC3: 0.35 (adapted from Sundekilde et al., 

2012b). 
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Table 4.1: Compounds identified by 
1
H NMR spectroscopy. Resonances corresponding to the 

different compounds are present at multiple chemical shifts, and the listed chemical shifts 

are the resonance used for relative quantification in the studies of present PhD project. 

Compound 

δ, chemical 

shift (ppm) 

Multiplicity
1
 and coupling 

constant
2
 Assignment 

2-oxoglutaric acid 3.01 t, J = 6.84 Hz 2H 
Adenine 8.12 s 1H 
Adenine 8.13 s 1H 
Alanine 1.48 d, J = 7.26 Hz 3H 
Acetate 1.92 s 3H  
β-hydroxybutyrate 1.20 d, J = 6.29 Hz 3H  
Betaine 3.26 s 3H 
Carnitine 3.23 s 3×3H 
cis-aconitate 3.15 s 2H 
Citrate 2.53 d, J = 16.51 Hz 2H  
Choline 3.21 s 3×3H 
Creatinine 3.04 s 3H  
Glucose 5.11 d, J = 3.77 2H 
Fucose 1.25 d, J = 6.50 3H 
Fumarate 6.52 s 2H  
Galactose 4.54 d, J = 7.75 1H 
Galactose-1-phosphate 5.38 dd, J = 7.34 Hz, 3.34 Hz 1H 
Glucose-1-phosphate 5.51 dd, J = 7.36 Hz, 3.30 Hz 1H 
Glutamate 2.36 m 2H 
Glycerophosphocholine 4.33 m 2H 
Hippurate 7.84 dd, J = 8.40 Hz, 1.46 Hz 2H 
Hippurate 7.64 tt, J = 7.42 Hz, 1.45 Hz 1H 
Hippurate 7.54 m 2H 
Isoleucine 0.93 d, J = 7 Hz 3H 
Isobutyrate 1.16 d, J = 6.8 3H 
Lactate 1.33 d, J = 7.10 Hz 3H  
Lactose 5.23 d, J = 3.85 Hz 1H  
Methionine 2.15 m 5H 
Methylguanidine 3.37 s 3H 
Methylguanidine 2.89 s 3H 
Malonate 3.11 s 2H 
Butyrate 0.90 t, J = 7.30 Hz 3H 
N-acetylcarbohydrates 2.05 d, J = 1.4 Hz 2×3H 
Ornithine 1.82 m 2H 
Orotate 6.19 s 1H 
Phosphocholine 4.17 dddd 2H 
Urea 5.77 br.s 4H 
Valine 1.05 d, J = 7.04 Hz 3H 

                                                 

 

1 s: singlet, d: doublet, t: triplet, m: multiplet. 
2 J: coupling constant 
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Metabolite identification 

NMR spectroscopic data are used in multiple settings, and often a compound or metabolite is 

relatively quantified by integration of well-resolved resonances to ease interpretation of the 

analyses. Many metabolites give rise to multiple resonances, and Table 4.1 lists the resonances used 

for integration of a given metabolite in the different studies performed. The NMR resonances were 

assigned in accordance with existing literature, the Human Metabolome Database, Biological 

Magnetic Resonance Data Bank, spike-in experiments, and 2D NMR spectroscopy (Hu et al., 2004; 

Hu et al., 2007; Ulrich et al., 2008; Klein et al., 2010; Sundekilde et al., 2011; Buitenhuis et al., 

2012; Sundekilde et al., 2012b). Some metabolites are sensitive to fluctuations in pH or osmolarity, 

and the resonances associated with these may shift up- or down-field, e.g. citrate. Citrate resonances 

(two doublets at 2.73 ppm and 2.53 ppm) are known to be sensitive to changes in pH and salt 

concentration (Miyataka et al., 2007). Furthermore, the urea resonance at 5.8 ppm is a broad singlet 

which is difficult to accurately quantify by integration when using “pre-saturation” water 

suppression methods as in the present PhD project (Liu et al., 2012). Accordingly, prior to MVDA, 

preventative measures are taken in order to reduce the impact of these small shifts (refer to Chapter 

5.3.1).  
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5 Experimental design and data analysis 

Metabolomics datasets obtained from NMR spectroscopic or mass spectrometric analyses typically 

contain thousands of variables. These types of data cannot be deciphered by univariate statistics. 

MVDA can be applied to reduce the dimensionality of the data and to examine systematic variation 

in a large data matrix in order to identify underlying variables that contribute to differences between 

milk samples. Univariate statistics can then be used to confirm underlying variables and determine 

if systematic variation can be considered significant. 

5.1 Experimental design 

The investigations conducted in the present PhD project encompassed two sets of milk samples. A 

preliminary set of samples included 14 milk samples, whereas the larger set included 1301 milk 

samples. A schematic overview of the samples and analyses performed is shown in Figure 5.1.  

 

Figure 5.1: Experimental design of the included studies in the present PhD project. Pictures of 

Danish Holstein-Friesian, Danish Jersey, and Swedish Red cows are licensed under a Creative 

Commons Attribution license. 
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The first sample set was obtained from cows from a larger screening study of variations in milk 

coagulation properties from different Danish dairy breeds that included a total of 53 DH and 38 DJ 

cows (Frederiksen et al., 2011b). Ten cows were followed through a seven-month period, and seven 

cows were found to consistently produce milk having non-coagulation capability; four Danish 

Holstein-Friesian (DH) and three Danish Jersey (DJ) cows (Frederiksen et al., 2011b). For 

comparison four DH and three DJ milk samples having good coagulation milk properties were 

selected. Thus, the total number of samples included in the preliminary NMR spectroscopy 

profiling was 14 (Figure 5.1).  

The second sample set was collected as part of the Danish Swedish Milk Genomics Initiative, and 

included milk samples from cows from three breeds; 456 DH, 436 DJ, and 409 Swedish Red (SR) 

(Figure 5.1). Animals of three breeds were selected with the aim to maximize genetic variability 

between sampled cows, whilst still matching cows within the first-third parity and mid-lactation period. 

The scheme for selecting cows was created by maximizing the number of sires from the cow 

populations (Buitenhuis et al., 2012; Poulsen et al., 2012; Sundekilde et al., 2012c). The milk 

metabolome was profiled in all samples by 
1
H NMR spectroscopy. Moreover, all samples were 

analyzed for coagulation properties. In the analysis of correlations of the NMR profiles and 

coagulation properties milk samples with a SCC above 5×10
5
 cells/mL were removed (samples 

included: n = 1178). Correlations of the metabolite profiles with SCC were performed on DH and 

DJ milk samples. Genetic analyses were performed on the DH cows and milk metabolite profiles, 

also with milk having a SCC above 5×10
5
 cells/mL being excluded (n = 371). The influence of 

sample handling was elucidated on different preparations of DH milk samples (n = 456). Finally, 

oligosaccharides were profiled in 10 DH and 10 DJ milk samples (Figure 5.1). The results of the 

studies outlined above are described in the papers as indicated (Figure 5.1), and a short summary of 

the most important findings will be described in the following chapters. 

5.2 Univariate statistics 

To analyze whether two or more groups of samples have different properties, either paired 

Student’s T-test or one way analysis of variance (ANOVA) was used. Student’s T-test is a statistical 

hypothesis test to test if two means of two normally distributed populations are equal. p-values are 

used to determine the significance level of the observation. In case of comparison of more than two 

groups, ANOVA may be used. The significance levels used are p < 0.05 (*), p < 0.01 (**), and p < 
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0.001 (***). Statistical significance was evaluated using the Statistics Toolbox in MATLAB 7.9 

(MathWorks Inc., USA). 

5.3 Multivariate data analysis 

The majority of the data examined by MVDA in the present thesis arises from 
1
H NMR 

spectroscopy and a minor part from HPLC-Chip/TOF Mass spectrometry. NMR and LC-MS data 

both need to be preprocessed as it is the biological variation that is important and not the technical 

variation. Data preprocessing is a tool to minimize the technical variation of the analytical 

techniques employed. Although care must be taken to minimize the amount of technical variation 

prior to analyzing samples, some unwanted variation will always be present. In the following, the 

preprocessing steps of NMR data prior to MVDA are elaborated. 

5.3.1 NMR data preprocessing 

Following NMR acquisition, the spectrum of each sample is multiplied by a line-broadening 

function, and also baseline and phasing are corrected. Subsequently, a number of preprocessing 

steps must be performed in order to obtain reliable data suitable for the MVDA. These steps include 

alignment, data reduction (binning), normalization, and scaling and will be discussed below.  

Alignment and binning 

In biological samples, small changes in chemical shift of each NMR signal can occur due to small 

differences in pH or by intermolecular interactions. The chemical shift changes can affect shifts 

locally or for the entire chemical shift range, e.g. in case of citrate. In order to be able to use 

MVDA, these small differences in shifts must be adjusted, which is where alignment or binning 

comes into play. Alignment can either be done by shifting the entire spectrum (Tomasi et al., 2004) 

or by splitting each spectrum into intervals and shift each interval using an algorithm called interval 

correlation optimized shifting (Icoshift; Savorani et al., 2010). Problems with small shifts can also 

be overcome by data reduction methods such as binning. Binning can be achieved by integration of 

a fixed width or variable width of chemical shifts. Previously, a bin size of 0.04 ppm has proven to 

be a suitable compromise between resolution and variation in chemical shifts for biofluids (Craig et 

al., 2006). Furthermore, varying bin size along the spectral width according to the NMR signals can 

also be performed, and a number of methods have been developed for this purpose (Davis et al., 

2007; De Meyer et al., 2008; Anderson et al., 2008; Anderson et al., 2011). The main disadvantage 

of using binning is the loss of resolution. Furthermore, unrelated NMR signals might be placed into 
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the same bin, thereby both complicating interpretation and obscuring important biological variation 

if a small but significant peak is binned with a large but insignificant peak. Thus, use an intelligent 

binning algorithm is favored over fixed width bin sizes. 

Normalization  

Ideally, the NMR resonances originating from a given compound are directly proportional to the 

NMR-visible protons of that compound. However, sample dilution or NMR instrument settings may 

influence signal intensity when comparison is performed head-to-head as is the case in MVDA. 

Thus, normalization can be another crucial preprocessing step if either the samples have different 

dilution factors or if instrument settings have imposed artifacts into the NMR spectra. Data can be 

normalized by different methods, but the most common methods include normalization to an 

internal metabolite known to be stable across the sample set, normalization to sample volume, 

normalization to TSP, normalization to total spectral sum, and probabilistic quotient normalization 

(Dieterle et al., 2006; Craig et al., 2006). Normalization to total sum may not always be applicable, 

as in the case of milk, where the NMR spectrum is dominated by resonances from a single 

metabolite, lactose. Thus, in this case the normalization to total sum will in effect normalize 

according to lactose concentrations. Accordingly, all conclusions drawn from the interpretation 

must be discussed in relation to lactose. In the studies performed in the present PhD project, the 

NMR spectra of samples were acquired at identical NMR spectrometer settings, and no subsequent 

normalization applied. 

Scaling 

The final step before MVDA is data scaling, which enables non-dominant metabolites to influence 

model behavior. A number of scaling techniques have been developed, and include Pareto scaling, 

unit variance (UV) scaling, range scaling (Smilde et al., 2005), VAST scaling (Keun et al., 2003), 

and log or power transformations (Kvalheim et al., 1994). Pareto and UV scaling are related, as 

with UV scaling each variable is divided with its standard deviation, whilst with Pareto scaling each 

variable is divided with the square root of the standard deviation. Pareto or UV scaling are the 

dominant scaling methods prior to MVDA of NMR data. The advantage of Pareto scaling is that 

loading interpretability is increased; however, numerically large variables are still dominant 

compared to numerically small variables. UV-scaled NMR data can be difficult to interpret. 

However, UV scaling coupled with back scaling of the loadings by multiplication of the 



Experimental design and data analysis 

 

32 

 

 

corresponding standard deviation and coloring by loadings yields an easily interpretable loadings 

plot resembling an NMR spectrum (Cloarec et al., 2005).  

5.3.2 Principal component analysis 

The earliest formulation of PCA took place at the beginning of the last century (Pearson, 1901), 

while Hotelling (1933) further developed PCA into its present state (Hotelling, 1933). PCA is often 

used as a tool in exploratory data analysis, as it gives an unsupervised and quick overview of the 

data by low-dimensional projections of the most important variables. More specifically, PCA 

provides a linear transformation of the original variables into a substantially reduced set of 

uncorrelated variables, called principal components (PC). The first PC contains the highest variance 

possible, and in turn the following components each have the highest variance, while still being 

uncorrelated (orthogonal) with the preceding components. The loading of each variable on a PC 

represents the correlation between the latent characteristic and the original variable, and thus 

indicates the importance of a variable for a PC (Jackson, 1991).  

PCA, due to its inherent unsupervised approach, was used in all the studies included in the present 

thesis for exploration of data and generation of hypotheses. 

5.3.3 Partial least squares regression 

Partial least squares (PLS) regression is, in contrast to PCA, a supervised regression method 

commonly applied to data in order to investigate the relationship between two matrices, X and Y. 

PLS is a generalization of PCA and multiple linear regressions, and it decomposes both X and Y in 

search of common variability, while maximizing the covariance between X and Y. The 

decomposition is followed by a linear regression step, where the latent variables in X are used to 

predict Y. Due the inherent supervised approach of PLS regression, the method is prone to over-

fitting, and sufficient validation is crucial to obtain accurate predictions (Wold et al., 2001). The 

best validation method is where the X data are split into two – a calibration set and a test set. When 

the sample size is small, the validation is performed by sequentially leaving one or more samples 

out of the calibration model, whereas with a large sample size, cross validation is performed by 

dividing the samples into sets (typically 7) sequentially leaving one set out at a time (venetian 

blinds). The root mean square error of cross validation (RMSECV) is a measure of the prediction 

error and thus, the robustness of the model. Moreover, a double cross validation approach is useful 

to aid in deciding the optimal number of PLS components to include in the regression analysis, and 
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it is often shown by a plot of the root mean square error of calibration (RMSEC) and the RMSECV 

as in Figure 5.2. 

 

Figure 5.2: Example of a plot of RMSEC and RMSECV as a function of number of PLS 

components of the model shown in Figure 6.8 (Unpublished data). 

PLS regressions were applied in the studies described in Paper IV. 

5.3.4  Orthogonal partial least squares discriminant analysis 

Orthogonal partial least squares (OPLS) is a further development of PLS, where the systematic 

variation of X is divided into two parts – one part correlated to Y, and the other part uncorrelated to 

Y (Trygg and Wold, 2002; Trygg, 2002). Thus, variation related to Y is shown by the first 

predictive component and the orthogonal variation is disregarded. An often used approach of OPLS 

is in discriminant analysis (OPLS-DA) (Bylesjö et al., 2006; Trygg et al., 2007). OPLS-DA is used 

for classification, and aids in providing an explanation of differences between groups and in 

assigning possible biomarkers related to each group.  

OPLS-DA is used in the studies described in Papers IV and in the results leading to the conclusions 

in Paper V. The results by OPLS-DA are not included in the paper; however, they are reproduced in 

the present thesis in Chapter 7. 

5.3.5 Hierarchical cluster analysis  

Hierarchical cluster analysis (HCA) is a method for unsupervised data analysis similar to PCA 

(Johnson, 1967). While a PCA model is normally displayed by a scores plot of the PCs, HCA is 

displayed as a dendrogram, showing the relationship between samples. Basically, there are three 

ways of defining how the clusters are connected; nearest neighbor, farthest neighbor, and the 



Experimental design and data analysis 

 

34 

 

 

centroid method (Lindon et al., 2001). The nearest neighbor method is based on the distance from a 

sample to its nearest neighbor cluster, whereas the farthest neighbor method assigns the sample to 

the cluster being furthest away. The centroid method assigns the sample to the cluster that is closest 

(Lindon et al., 2001).  

HCA was used (nearest neighbor method) in the studies of OS and breed leading to the conclusions 

in Paper V. The results are not included in the paper; however, they are reproduced in the present 

thesis in Chapter 7.  
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6 Variations in the metabolite profile of milk with different genetic 

background  

The metabolite profiles of milk samples elucidated by NMR spectroscopy are of interest from a 

genetic, technological, and health point of view. In the present PhD project, the aim was to identify 

systematic variations in metabolite profiles of milk with a different genetic background, and to 

associate these variations with health or technological properties. In this chapter the most important 

results and conclusions obtained during the investigations (Papers I-IV) of the milk metabolome 

summarized and discussed in context of existing literature. Besides milk metabolite profiling 

(Sundekilde et al., 2011; Sundekilde et al., 2012b; Sundekilde et al., 2012c), the milk samples were 

analyzed for the following parameters by the researchers in the Danish Swedish Milk Genomics 

Initiative; rheological (coagulation) properties, protein composition (Jensen et al., 2012a; Jensen et al., 

2012b), fatty acid composition (Poulsen et al., 2012), and somatic cells (Sundekilde et al., 2012c). 

Additionally, genetic analyses of milk metabolites including estimation of heritability and association 

mapping of traits of one of the breeds (DH) have been performed (Buitenhuis et al., 2012). 

6.1 Breed specific differences in metabolite profiles 

Milk samples with good and poor coagulation properties were selected in order to test the 

usefulness of NMR spectroscopy for milk profiling. Screening of milk samples with variation in 

coagulation properties identified seven cows, which consistently produced milk with poor 

coagulation properties, whilst seven cows which consistently produced milk with good coagulation 

properties were selected for comparison. These milk samples were investigated in more detail by 

rheological measurements (Frederiksen et al., 2011b) and by NMR-based metabolomics 

(Sundekilde et al., 2011). In this preliminary study (Figure 5.1; Paper II), the ability of NMR 

spectroscopy to assess differences in milk metabolite profiles was investigated, and associations of 

the milk metabolite profiles to rheological analyses or breed were examined. MVDA was performed 

on the 
1
H NMR data using the region 10.0-2.44 ppm (Figure 6.1). Moreover, MVDA was also 

performed on 
13

C NMR data (data not shown; Sundekilde et al., 2011). The data analysis is 

presented as a PCA scores plot in Figure 6.1 and will be discussed in the next section. As pre-

processing of the data, multiple bin-sizes, scalings, and normalizations were tested, and the most 

appropriate combination was found to be a fixed bin-size of 0.02 ppm, mean-centering, and no 

normalization as it was ensured that each sample was acquired identically at the spectrometer using 

the same receiver gain setting (Sundekilde et al., 2011).  
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Figure 6.1: PCA scores plot of 
1
H NMR data on skimmed milk showing the PCs 1 and 4 

colored according to DJ (■) and DH (●) breeds. The corresponding loadings plots of (B) PC1. 

(C) PC4. Metabolite key: 1, CH2 in citrate; 2, CH3 in creatinine; 3, CH3 in choline; 4, CH3 in 

carnitine; 5, various resonances from protons in lactose (adapted from Sundekilde et al., 

2011).  

The PCA scores plot reveals that milk samples could be grouped according to breed by PC one 

(PC1, 98.8%) and four (PC4, 0.14%). DJ milk samples have a negative score on PC1 and for two 

samples also a negative score on PC4, whereas DH milk samples have a positive score on PC1 

(Figure 6.1A). The predominant difference between the breeds is lactose concentration as is evident 

from the loadings of PC1. The majority of the DJ samples has lower lactose concentrations 

compared to DH samples (Figure 6.1B), and this was confirmed by FTIR (Frederiksen et al., 

2011b). Due to the observed low lactose levels (as low as 2.27 g×100/g; Frederiksen et al., 2011b), 

the milk contains multiple other components in order to keep the osmotic pressure isotonic to the 
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blood. However, due to the relatively poor-resolution of NMR spectra and the small chemical shift 

region, only a few metabolites are visible (Figure 6.1BC). The PCA model shown in Figure 6.1 is 

only mean-centered, i.e. there is a large dynamic range between lactose and less-abundant 

metabolites such as citrate, carnitine and choline. PC4 also contributes to the classification of milk 

metabolites into breeds, and the loadings plot reveals that choline and carnitine are important for the 

classification (Figure 6.1C). Furthermore, 
13

C NMR spectra of the same milk samples were 

acquired and could be used for classification. Again, the difference was found to be due to the 

differences in lactose concentration (data not shown; Sundekilde et al., 2011).  

Due to the small number of samples included in the study, it is difficult to pinpoint systematic 

differences between the two breeds. However, this preliminary study enabled an examination of 

differences between samples with poor or good coagulation properties (Sundekilde et al., 2011). 

Based on the positive results obtained by NMR spectroscopy in relation to assessing differences in 

milk metabolites, a higher number of samples (n = 1178) were selected to be analyzed in the second 

study. In this study, the milk samples were analyzed by 
1
H NMR spectroscopy as described in 

Chapter 4. Milk samples with SCC above 5×10
5
 cells/mL were removed from the multivariate 

models in order to minimize systematic variation arising from changes correlated with SCC. The 

data were preprocessed by binning, using a dynamic adaptive binning algorithm (Anderson et al., 

2011), and UV scaling was applied prior to multivariate analysis. The data were binned in order to 

remove small variations in chemical shifts and to ensure that a single resonance is corresponding to 

a single bin. Furthermore, as the algorithm exclusively creates bins which correspond to NMR 

resonances, UV scaling can be applied in order to give each bin an equal chance of influencing the 

model, without also increasing the influence of noise. PCA was initially applied to explore the 

NMR data, and analysis of a scores scatter plot reveals a tendency towards grouping of milk 

samples according to breed (Figure A10.1 (Appendix)). SR milk samples predominantly have a 

negative score on PC1, DJ milk samples have a positive score on PC6, and DH milk samples have a 

negative score on PC6. However, some overlapping of milk samples from the three breeds is 

observed (Figure A10.1). 

The tendency is highlighted by a cross-validated OPLS-DA model (Figure 6.2A). Thus, the 

multivariate analyses reveal significant differences in the metabolite profile between the three 

breeds. The OPLS-DA scores plot of the three classes shows that the two Danish breeds are more 

alike than SR (Figure 6.2A).  
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Figure 6.2: (A) OPLS-DA scores plot of the unit variance scaled NMR data of 1178 Danish 

and Swedish milk samples. (B) Coefficients plots of an OPLS-DA model of DJ and DH milk 

metabolite profiles (Q
2
 = 0.81; n = 822). (C) Coefficients plots of an OPLS-DA model of DJ 

and SR milk metabolite profiles (Q
2
 = 0.87; n = 762). (D) Coefficients plots of an OPLS-DA 

model of SR and DH milk metabolite profiles (Q
2
 = 0.89; n = 772). Latent variables 

(metabolites) that are increased or decreased in DJ, DH, and SR milk samples are indicated 

by labels of the breeds. Loading weights are indicated by color. (Unpublished data). 

However, due to the inherent design of OPLS-DA, in a three class discriminant model, it is not 

possible to identify to which of the observed differences the latent variables contribute. Thus, 

OPLS-DA models were generated on the DJ and DH (Figure 6.2B), DJ and SR (Figure 6.2C), and 

DH and SR (Figure 6.2D) samples. The corresponding OPLS-DA scores plots are available in the 

appendix (Figure A10.3). Within the Danish breeds, significant differences exist in the milk 

metabolome (Figure 6.2B). The OPLS-DA scores plot identifies two separate clusters, with minimal 

overlapping of the groups. Analysis of statistical significance using CV-ANOVA revealed that the 

classification was highly significant (p < 0.001), and Q
2
 is 0.81. DJ milk contains higher levels of 

choline, PCh, citrate, and urea with high discrimination weight, while also lactose concentration 

levels are higher compared with DH milk (Figure 6.2B). DH milk has higher levels of orotic acid, 

glutamate, and N-acetylcarbohydrates compared with DJ milk (Figure 6.2B). 

Differences between the SR and Danish milk samples are also observed (Figure 6.2CD). The CV-

ANOVA analyses show that both models are highly significant (p < 0.001), and the SR and DJ 

model has a Q
2
 of 0.87, whilst the SR and DH model has a Q

2
 of 0.89. The differences in milk 

metabolite profiles of SR and DJ breeds are shown in Figure 6.2C, and DJ milk samples have 

relatively higher levels of citrate, choline, PCh, carnitine, and lactose, whilst the SR samples have 

higher levels of methylguanidine, isobutyrate, and acetic acid (Figure 6.2C). The differences 

between SR and DH breeds in the milk metabolome are shown in Figure 6.2C. DH milk samples 

have relatively higher levels of orotic acid and lactose, whilst SR milk samples have higher levels 

of methylguanidine, citrate, and isobutyrate. Contrary to differences in SR and DJ milk, choline and 

PCh are in comparable levels in milk from SR and DH breeds.  

Importance of metabolites being associated with breed and genetic impact 

Choline and PCh, which were identified as being important for the classification of the two Danish 

breeds, were shown in increased levels in DJ milk compared to DH and SR milk. The choline and 

choline ester fractions are markedly different in milk of human or bovine origin. Choline is widely 

recognized for its beneficial bioactivities (Zeisel, 2006; Hollenbeck, 2010). However, dietary 
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choline is degraded in the rumen (Neill et al., 1979), and thus, rumen-protected choline has been 

developed. Supplements to the feed have been shown to increase milk yield and increase choline 

concentration in milk (Pinotti et al., 2003). Bovine milk contains higher amounts of choline and 

GPC than human milk, whilst PCh is found in higher levels in human milk (Figure 6.3; Holmes-

McNary et al., 1996). Infant formula is produced predominantly from bovine milk, and the aim of 

infant formula must be to resemble human milk as much as possible. From a nutritional point of 

view, carnitine is also an important metabolite but being only conditionally essential. Carnitine is 

active in the transport of long-chain fatty acids from the cytosol to the mitochondrial matrix. 

Accordingly both premature and formula-fed infants need a source of carnitine in their diet 

(Bremer, 1983; Rebouche, 1992; Campoy et al., 1998). Carnitine deficiency has been shown to 

have wide systemic effects on the infant, possibly leading to death, which highlights the importance 

of carnitine (Katz, 1996; Crill and Helms, 2007). During infancy, milk and infant formula derived 

from milk are often the sole source of nutrition, and thus milk with a higher content of these 

metabolites could be advantageous. By alteration of the starting material, e.g. bovine milk, it may 

be possible to increase the quality of infant formula.  

 

Figure 6.3: Choline and choline ester concentrations in milk of human and bovine origin, and 

in different infant formulas. Abbreviations in this specific figure: BD1-6, commercially 

available infant formula of various brands; SM, sphingomyelin; PtdCho, 

phosphatidyleholine; PCho, phosphocholine: GPCho, glycerophosphocholine. (adapted from 

Holmes-McNary et al., 1996).  
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The genetic analyses were performed on the metabolites in milk from the DH breed. The 

metabolites investigated are listed in Table A10.2 (appendix). The analysis showed that choline and 

GPC had a moderate heritable component, as the heritability of both choline and GPC was 0.48 

(Table A10.2 and (Buitenhuis et al., 2012)). The heritability measure is defined as the ratio of 

observable differences between individuals that is attributable to genetic differences (Visscher et al., 

2008). Thus, in this case it may be used to identify which milk metabolites can be specifically 

altered by selective breeding. A QTL analysis can identify the underlying gene(s) controlling the 

level of markers, and two chromosome-wide significant (Bonferroni P < 0.05) SNPs were detected 

for choline on bovine autosome (BTA) 3 and 14, whilst one chromosome-wide significant 

(Bonferroni P < 0.05) SNP on BTA29 and one genome-wide significant (Bonferroni P < 0.05) SNP 

on BTA25 were detected for GPC (Buitenhuis et al., 2012). The heritability of carnitine was found 

to be 0.63, and one genome-wide significant (Bonferroni P < 0.05) SNP was identified (Buitenhuis 

et al., 2012). Interestingly, the SNP for carnitine was identical to the SNP for GPC (Buitenhuis et 

al., 2012). Carnitine and GPC are also genetically correlated (Buitenhuis et al., 2012), and a 

possible common mechanism may be in the fatty acid metabolism, where both metabolites are 

partaking. The SNP on BTA25 for GPC and carnitine was located within the ceroid-lipofuscinosis, 

neural 3 gene (CLN3) (Buitenhuis et al., 2012). CLN3 encodes a protein called Battenin. Mutations 

in the CLN3 gene have been shown to cause neurodegenerative diseases, such as Batten disease 

(Katz, 1996). Batten disease results in a disruption of the biosynthesis of carnitine, and dietary 

supplements have been shown to delay the disease progress (Katz et al., 1997). Thus, the CLN3 

gene may possibly regulate carnitine in different body fluids; including plasma and as indicate here, 

milk. How CLN3 regulates GPC is not known. 

Orotic acid was discovered in milk at the beginning of the last century (Biscaro and Bellone, 1904). 

It was originally identified as vitamin B13 (Novak and Hauge, 1948). However, evidence has 

emerged that orotic acid is not a vitamin, and can accordingly be produced by the animal. Orotic 

acid is known to be synthesized and released by the mammary gland (Ahmed et al., 1978), and it is 

an intermediate in the biosynthesis of pyrimidine nucleotides (cytosine, thymine, and uracil) (Jones, 

1980). A large variability in orotic acid levels has been described in milk from individual cows 

(Jesse et al., 1980). This variability could to some extent be ascribed to breed, number of lactations, 

and stage of lactation (Jesse et al., 1980). The cows included in the present study were matched for 

number of lactations and stage of lactation. Moreover, elevated levels of orotic acid have been 
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shown to be associated with partial deficiency in uridine monophosphate synthase (Robinson et al., 

1984). Thus, this deficiency decreases the synthesis of pyrimidine nucleotides (thymine, cytosine, 

and uracil) resulting in developmental defects. The genetic analyses performed on the DH breed 

showed that orotic acid had a heritability of 0.86, and two QTL were detected for orotic acid 

(Buitenhuis et al., 2012). The QTL analysis identified two QTL that were chromosome-wide 

significant (Bonferroni P < 0.05) associated with orotic acid on BTA5 and BTA19. The QTL at 

BTA5 is located within the phosphodiesterase 3A gene (PDE3A), whilst the QTL at BTA19 is 

located within the carbonic anhydrase X (CA10) gene. Phosphodiesterases (PDE) are normally 

known to hydrolyze cyclic nucleotides such as cAMP and cGMP, and recently evidence was 

provided for PDEs being able to hydrolyze other cyclic nucleotides as well, such as cCMP or cUMP 

(Reinecke et al., 2011). Whether PDE3A directly affects the levels of orotic acid in milk remains 

unknown, but it is a good candidate gene to investigate further.  

Amino acids and N-acetylcarbohydrates are also important for the classification of breeds as seen in 

the OPLS-DA models. Both amino acids and N-acetylcarbohydrates may be related to milk 

proteins. N-acetylcarbohydrates are known to be a component of free oligosaccharides in milk (Tao 

et al., 2008). However, they can also originate from protein metabolism, as protein glycosylations 

are removed when a protein is proteolyzed. Differences in genetic variants of proteins were 

identified between DJ and DH milk samples in the Danish Swedish Milk Genomics Initiative 

(Jensen et al., 2012a).  

Citrate and methylguanidine were also identified as being important for classification. The 

concentration of citrate in milk varies with stage of lactation and is influenced by the cow’s diet as 

it is an intermediate in the de novo fatty acid synthesis (Garnsworthy et al., 2006). Citrate was found 

to have a moderate genetic component, as the heritability was 0.54 (Buitenhuis et al., 2012). 

Methylguanidine is a metabolite normally associated with protein catabolism and is known to occur 

in milk (Muller, 1926). Breakdown of creatinine may produce methylguanidine and acetic acid by a 

number of different bacteria (Wyss and Kaddurah-Daouk, 2000). However, no difference is 

observed in the levels of acetic acid in milk from the Danish and Swedish breeds (Figure 6.2B). 

Thus, it can be concluded that the occurrence of an elevated level of methylguanidine is probably 

not resulting from prolonged storage period. As methylguanidine is predominantly identified in 

milk from SR breeds, the genetic analyses of heritability or gene association of this metabolite have 

not been performed yet. 
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Intriguingly, many of the metabolites identified to be occurring in different concentrations in the 

breeds were found to have a heritable component as described in Paper IV (Table A10.2 and 

(Buitenhuis et al., 2012).  

The results described in Paper II (Sundekilde et al., 2011), unpublished data, and Paper IV 

(Buitenhuis et al., 2012) collectively identify novel differences in milk metabolites between breeds. 

Furthermore, the results elucidated by the genetic analyses provide evidence of specific 

chromosomal regions influencing the milk metabolite profiles. Knowledge about breed-specific 

differences in milk metabolites may be of interest both to the consumer for health purposes and to 

the dairies, as the distinct metabolite profile may give rise to different technological properties. 

Moreover, the analyses of heritabilities, genetic correlations, and SNP associations of milk 

metabolites are rudimentary prerequisites for the implementation of breeding schemes favoring 

specific milk metabolites. 

 

6.2 Impact of metabolite profile on coagulation properties 

The preliminary study (Figure 5.1) reported in Paper II encompasses milk samples that are known 

to express a large variation in technological quality (Frederiksen et al., 2011b). The PCA model 

depicted in Figure 6.1 could also be used to classify the milk samples according to coagulation 

properties. Milk samples with poor coagulation properties predominantly have a negative score on 

PC2 and a positive score on PC3, whereas milk samples with good coagulation properties 

predominantly have positive scores on PC2 and negative scores on PC3 (Figure 6.4). The loadings 

plots of the PC indicate that choline is present in higher concentrations; whilst carnitine is present in 

lower concentrations in well-coagulating milk samples compared to poorly coagulating milk 

samples (Figure 6.4B). Moreover, resonances from lactose also contribute to the clustering; 

however, it is difficult to deduce whether it is a positive or a negative relationship (Figure 6.4B).  

13
C NMR spectroscopy was also performed on the milk samples. The 

13
C NMR spectrum of 

skimmed milk is relatively simple compared with a 
1
H NMR spectrum, and only signals 

corresponding to lactose, citrate, carnitine, and choline are visible (Sundekilde et al., 2011). Results 

obtained from 
13

C NMR spectroscopy show that the 
13

C NMR data can also be used to classify milk 

samples according to their technological properties (Sundekilde et al., 2011). 
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Figure 6.4: (A) PCA scores plot of 1H NMR data showing the PC2 and PC3 colored according 

to good (▲) and poor (▼) coagulation properties. Corresponding loadings plots; (B) PC2. (C) 

PC3. Key: 1, CH2 in citrate; 2, CH3 in creatinine; 3, CH3 in choline; 4, CH3 in carnitine; 5, 

various resonances from protons in lactose (adapted from Sundekilde et al., 2011). 

One of the objectives of the Danish Swedish Milk Genomics Initiative was to assess important 

technological properties, mainly those associated with cheese-making. Thus, rheological analyses 

were performed on all the milk samples collected. The analyses were performed by free oscillation 

rheometry (Frederiksen et al., 2011b), which measures CFR, RCT, and G’max. The minimum, 

mean, and maximum values of RCT and CFR of the milk samples included in this study are listed 

in Table 6.1. Overall, a large variability in the coagulation properties is observed. Milk from DJ 

cows generally provides milk with better coagulation properties than milk from DH and also from 

the SR cows (Table 6.1). A number of milk samples were identified as having a CFR of 0, i.e. the 

milk samples never formed a gel. Accordingly, these samples have been termed non-coagulating. 

Interestingly, no DJ samples were found to be non-coagulating, whereas DH had 10 non-

coagulating milk samples and SR breed had 50 non-coagulating milk samples.  



Variations in the metabolite profile of milk with different genetic background 

 

45 

 

 

Table 6.1: Assessment of coagulation properties in 1178 milk samples (Unpublished data) 

Breed Min Mean Max 

RCT (min)  CFR (Pa/min)  RCT (min)  CFR (Pa/min)  RCT (min)  CFR (Pa/min) 

DJ 8.60 3.1 13.32 21.58 26 57.3 

DH 5.48 0 13.16 8.63 >60 28.8 

SR  8.51 0 21.08 7.34 >60 35.7 

 

 

 

Figure 6.5: (A) Actual versus predicted plot of CFR obtained from a nine component PLS 

regression model established on NMR data from 1118 milk samples. The model was generated 

using seven PLS components (RMSECV: 5.28 Pa/min; Q
2
=0.56). (B) Corresponding VIP 

score plot, giving an estimation of the importance of each variable in the PLS model. A 

variable with a VIP score higher than one (dotted red line) is considered important 

(Unpublished data). 
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Supervised analysis by PLS regression on NMR data and CFR revealed a correlation between the 

NMR features and the CFR of R
2
 = 0.583 (Figure 6.5). In the model, non-coagulating milk samples 

have been excluded and the total number of samples is 1118. The influential NMR features on the 

calibration model included choline, PCh, GPC, orotate, citrate, galactose, lactate, hippurate, N-

acetylcarbohydrates, and the amino acids glutamate and methionine, as shown in the corresponding 

variable importance in projection (VIP) plot (Figure 6.5B). The metabolites have a VIP score above 

one (dotted red line) and can thus be considered important (Chong and Jun, 2005). 

 

 

 

Figure 6.6: (A) Actual versus predicted plot of protein concentration in % obtained from a 

ten component PLS regression model established on NMR data from 1178 milk samples. The 

PLS model was generated using eight PLS components (RMSECV of 0.23%; Q
2
=0.74). (B) 

Corresponding VIP score plot, giving an estimation of the importance of each variable in the 

PLS model. A variable with a VIP score greater than one (dotted red line) is considered 

important (Unpublished data). 



Variations in the metabolite profile of milk with different genetic background 

 

47 

 

 

Besides rheological analyses, the milk samples were also analyzed for protein concentration, which 

together with protein composition are intricately associated with coagulation ability of milk (Lucey, 

2002). In the present study, the correlation coefficient of the linear correlation between CFR and 

protein concentration in the milk was 0.54 (data not shown). Thus, the capability of NMR 

metabolite profiles to predict the CFR is largely dependent on its ability to predict protein content. 

PLS regression on NMR data and protein concentration revealed a high correlation between the 

NMR features and the protein of R
2
 = 0.77 (Figure 6.6). The influential NMR features on the 

calibration model included choline, PCh, GPC, orotate, galactose, citrate, lactate, hippurate, 

adenine, glutamate, and methionine, as shown in the corresponding VIP plot (Figure 6.6B). 

As shown, the VIP plots can be useful in elucidating important variables for the PLS regression 

models. However, the plots cannot tell if the variable is negatively or positively correlated with the 

investigated Y. Moreover, the majority of the milk samples in the present study has reasonable 

coagulation properties and in order to identify major differences in the metabolite profiles, a subset 

of milk samples with extreme coagulation properties was analyzed. Due to the high frequency of 

non-coagulating milk samples in SR, this breed was chosen for more detailed analysis. Well-

coagulating milk samples were chosen for comparison, and well-coagulation properties were 

defined as samples having a CFR above 10 Pa/min and a RCT below 13.5 min (n = 26). A PCA 

model based on the metabolite profiles of the SR non-coagulating and well-coagulating milk 

samples shows a clustering of the two classes by PC4 (Figure 6.7A). 

The clustering shows significant differences between the non- and well-coagulating milk samples as 

indicated by the corresponding discriminant analysis performed by OPLS-DA (Figure 6.7B). ). The 

CV-ANOVA analysis shows that the OPLS-DA model is significant (p < 0.001). The corresponding 

coefficient plot specifies that choline, carnitine, betaine, acetic acid, glutamate, GPC, and N-

acetylcarbohydrates are the most important metabolites for coagulation properties (Figure 6.7C).  

Choline, betaine, and acetic acid are present in increased levels in milk samples with good 

coagulation properties, whilst N-acetylcarbohydrate, GPC, glutamate, and carnitine levels are 

decreased. Moreover, lactate is increased in milk with good coagulation properties, whilst 

isobutyrate, urea, orotic acid, and galactose-1-phosphate are decreased; however, the weights of 

these metabolites on the discriminative ability are lower (Figure 6.7C). Previous results have 

indicated that increased citrate was associated with poor coagulation properties (Sundekilde et al., 
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2011; Frederiksen et al., 2011b). Inspection of the PCA loadings of PC4 also indicates that citrate 

may be negatively associated with well-coagulating properties (Figure A10.2). Citrate is a calcium 

chelating agent in milk and can thus destabilize the casein micelles, thereby affecting coagulation 

parameters (Udabage et al., 2001; Frederiksen et al., 2011b). Addition of citrate is known to reduce 

G’ of rennet-induced gels (Udabage et al., 2001). Furthermore, Udabage et al. (2001) demonstrated 

that natural variability of citrate levels affects coagulation properties.  

 

 

 

Figure 6.7: (A) PCA scores plot of the first and fourth PC of unit variance scaled NMR data 

obtained on milk from SR cows (n = 78). (B) OPLS-DA scores plot of a model of the same data 

as in (A). Black squares (■) represent non-coagulating (n = 50) and grey dots (●) represent 

well-coagulating (n = 26) milk samples. (C) OPLS-DA coefficients plot of the unit variance 

scaled model shown in (B) (Unpublished data). 
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Importance of metabolites being associated with milk coagulation and genetic impact  

The PLS regression models indicate that several metabolites are associated with CFR and proteins, 

including amino acids. However, the discriminant analyses of non-coagulating and well-coagulating 

milk samples identify choline, carnitine, and N-acetylcarbohydrates as the most important 

metabolites, suggesting that the classification ability of coagulation properties by NMR 

spectroscopy is not solely dependent on metabolites correlating with the protein concentration, such 

as the amino acids. N-acetylcarbohydrates, such as N-acetylglucosamine and N-

acetylgalactosamine, are components of free oligosaccharides in milk and components of 

glycoproteins. Oligosaccharides attached as glycans to proteins are not detectable by NMR 

spectroscopy. However, in case of proteolysis, glycans detach as the proteins are degraded, which 

makes them detectable by NMR spectroscopy. Analysis of the milk metabolome of non-coagulating 

milk showed increased amounts of N-acetylcarbohydrates, which may result from increased 

proteolysis, and the milk will accordingly have decreased coagulation ability. It is well known that 

milk from DJ has a higher protein concentration than DH milk (Schutz et al., 1990; White et al., 

2001). Thus, DJ milk can be expected to have better overall coagulation properties. 

Choline was found to be increased in DJ milk, as well as having a genetic component (Buitenhuis et 

al., 2012). Analysis of differences in the milk metabolome of DH, DJ, and SR identified a 

significantly higher choline level in DJ milk. Moreover, the analysis of milk metabolites associated 

with coagulation properties identified choline as being present in a significantly higher 

concentration in milk samples that showed good coagulation properties. As DJ milk samples have 

no non-coagulating milk samples, these findings are very interesting, and the current emphasis is on 

investigating if a causal relationship exists between choline and coagulation processes. Recent 

evidence suggests that posttranslational modifications of caseins affect the coagulation ability of 

milk (Frederiksen et al., 2011a). Poor- or non-coagulating milk was associated increased 

phosphorylations of αS1- and αS2-caseins (Frederiksen et al., 2011a). Increased phosphorylation 

and glycosylation of proteins leads to a protein that is more negatively charged and more 

hydrophilic, and it has been shown that milk coagulation was improved when the negative charge of 

casein variants was low (Feagan et al., 1972; Mclean, 1987). Choline is a quaternary saturated 

amine and accordingly choline is positively charged. Thus, choline may affect the phosphorylation 

sites of the casein variants, whereby the degree of phosphorylation is lowered. Another hypothesis 

could be that choline may shield or bind to the negative charges of the phosphate group that is 
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added by the phosphorylation, thus the caseins have a lower negative charge favoring improved 

milk coagulation (Feagan et al., 1972). 

The other metabolites showing importance for the OPLS-DA models to the clustering according to 

coagulation, carnitine, N-acetylcarbohydrates, acetic acid, and lactic acid, were not present in 

significant different levels in milk from the different breeds. The association of acetic acid and 

lactic acid with good coagulation properties is expected, as lowering of the pH of milk will cause 

the milk to coagulate. Thus, increased amounts of small organic acids in the milk would contribute 

to the rennet-induced coagulation processes. Lactic acid and acetic acid were shown to have low 

heritabilities as expected (Buitenhuis et al., 2012). Hippurate was also important for the PLS 

regression models on predicting protein and CFR. Hippurate has previously been proposed as a 

marker for organic farming, as it was increased in a commercially available, organic milk brand 

compared with a conventional brand (Boudonck et al., 2009). Moreover, excretion of hippurate in 

the urine has in humans been linked to diet (Bertram et al., 2007; Walsh et al., 2007; Holmes et al., 

2008). The correlation between hippurate and coagulation properties may be a result of hippurate 

levels being affected by feed, and thus being an indicator of other feed-specific differences. The 

milk samples included in the study were all collected from conventional cows in the indoor season, 

although some variability due to feeding or herds was observed (Poulsen et al., 2012). Hippurate 

was found to have a heritability of 0.53, although no significant SNP was identified in the QTL 

analysis (Buitenhuis et al., 2012). Glutamate and methionine were also shown to be associated with 

prediction of protein and CFR. Both amino acids have a heritable component. However, the 

heritability of methionine (0.27) is low compared with glutamate (0.52) (Buitenhuis et al., 2012). 

It is important to stress that the MVDA techniques are not able to pinpoint causative relationships, 

but are merely able to correlate and identify possible associations, which then can be examined in 

more detail. As such, choline and carnitine may be assumed to be associated with proteins in milk, 

and experiments are being planned to examine the role played by choline and carnitine in the milk 

coagulation processes. 

The results described in Paper II (Sundekilde et al., 2011), and the unpublished data presented 

here, are to my knowledge the first to report an association of milk metabolites and technological 

properties. Furthermore, the results presented in Paper IV (Buitenhuis et al., 2012) provide 

evidence that milk metabolites associated with technological properties can be used as a breeding 
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goal. Moreover, the results from the Milk Genomics Initiative confirm the results originally 

identified in the preliminary study encompassing only 14 samples. Currently, experiments are being 

designed to address the status of choline and carnitine in relation to milk coagulation in order to 

investigate a possible causal relationship. 

6.3 Somatic cell count and health status of cows  

Milk somatic cells are counted during regular quality control and if SCC is above a certain level the 

milk is discarded. In Europe the threshold for bulk milk is 4×10
5
 cells/mL (European Economic 

Community, 1992), whereas the threshold is 5×10
5
 cells/mL in Canada and 7.5×10

5
 cells/mL in the 

USA (Sargeant et al., 1998). The somatic cells may release metabolites into the milk, or the 

metabolites may be secreted from microorganisms present in the milk (Hettinga et al., 2008a; 

Hettinga et al., 2009). Moreover, metabolites may be released or secreted from the mammary 

epithelial cells (Shennan and Peaker, 2000; Bannerman, 2009). Whereas in the previous studies, 

milk samples with a SCC above 5×10
5
 cells/mL were removed, the present study investigated a 

possible association of the milk metabolite profile and SCC. SCC is the primary indicator of 

mastitis. In this study, 892 milk samples from DH and DJ breeds were included (Figure 5.1). SCC 

of the milk samples ranged from 4.0×10
3
 cells/mL to 7.9×10

6
 cells/mL. The majority of the samples 

had SCC < 7.2×10
5
 cells/mL. Thus, in order to minimize a confounding effect of the many samples 

with indifferent SCC, the samples were split into smaller subsets (n = 70) representing high (SCC > 

7.2×10
5
 cells/mL) and low (SCC < 1.4×10

4
 cells/mL) milk SCC. 

1
H NMR metabolite profiles of all 

samples and the subsets were investigated by unsupervised and supervised MVDA. Visual 

comparison of the median spectra of milk with either low or high SCC reveals subtle differences in 

the profiles (Sundekilde et al., 2012c). Thus, it can be expected that MVDA can identify additional 

differences between the two groups. 

A score scatter plot of the first two principal components of the PCA model is shown in Figure 

6.8A. The sample markers are colored and sized continuously according to SCC, and it shows that 

both breed and SCC are not associated with the major variability in the data, as no particular 

groupings are visible (Figure 6.8A). However, there is a tendency that milk samples with a SCC 

above 2×10
6
 cells/mL have a negative score on PC1 (Figure 6.8A). PLS regression analysis 

revealed that the SCC could be successfully predicted by the NMR data (Figure 6.8B). The de facto 

standard of milk SCC measurement is based on flow cytometry and is thus a direct measurement, 

whereas the PLS regression is an indirect measurement. The PLS model is relatively poor at 
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predicting milk samples with low SCC, and metabolites associated with SCC have been shown to 

have a natural variablity in healthy cows (Aakerstedt et al., 2011), which might explain the poor 

predictability of SCC below 5×10
5
 cells/mL.  

Acetate, BHBA, butyrate, choline/PCh, hippurate, isoleucine, lactate, and lactose were identified to 

be important for the PLS regression as evident from the VIP scores plot (Figure 6.8C). Lactate is by 

far the most dominant metabolite for the PLS regression as evident by a VIP score of 120, whilst 

the other important metabolites have VIP scores in the range of 1-4 (Figure 6.8C).  

 

 

Figure 6.8: (A) PCA scores plot of the first two principal components of unit variance scaled 

model of NMR data (n=876). Sample markers are sized and colored continuously according to 

SCC as indicated by the color bar. (B) Actual versus predicted plot of SCC obtained from a 

nine-component PLS regression model established on 876 samples. The model was generated 

using nine PLS components explaining (R
2 

= 0.89, Q
2
 = 0.76). (C) Corresponding VIP scores 

plot, giving an estimation of the importance of each variable in the PLS model. A variable 

with a VIP score higher than one (dotted red line) is considered important (adapted from 

Sundekilde et al., 2012c). 
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RMSECV is a measure of how well SCC is predicted in the left out samples, and RMSECV was 

2.25×10
5
 cells/mL. The model yields a Q

2
 value of 0.76, showing a significant correlation between 

the milk NMR features and SCC. While analysis of RMSEC and RMSECV is often enough to 

estimate model validity, the most powerful validation tool is to divide the samples into two sets. 

Accordingly, the samples were divided into a calibration set (n = 657) and a test set (n = 219) by 

random selection (Figure 6.9A). The calibrated model was then applied to the test set, and the SCC 

was predicted from the metabolite profile of the samples (Figure 6.9B). The correlation of the 

predicted SCC and the observed SCC was R
2
 = 0.81 and RMSECV was 2.3×10

5
 cells/mL.  

 

Figure 6.9: (A) Actual versus predicted plot of SCC obtained from a PLS regression model 

established on 876 samples (R
2
: 0.89, Q

2
: 0.76). (B) Prediction of SCC in a test set of 219 milk 

samples by a PLS regression model calibrated on 657 milk samples. R
2
 of prediction: 0.81. Q

2
 

of calibration model: 0.78 (adapted from Sundekilde et al., 2012c). 

PCA analysis of the 70 samples grouped into high or low SCC was able to distinguish between the 

two classes (Sundekilde et al., 2012c). In order to more closely examine the latent variables 

identified by the PCA results, a cross-validated OPLS-DA analysis was performed (Figure 6.10A). 

Milk samples with low SCC have SCC values in a more narrow range than milk samples with high 

SCC, thus it is expected that low SCC milk samples will have low within-group variability 

compared with high SCC samples (Figure 6.10A). The OPLS-DA model represents a good 

predictive model (Q
2
 = 0.55). However, four misclassifications are observed, and closer inspection 

of the SCC values of the corresponding misclassifications shows that low SCC samples being 

misclassified have the maximum SCC value within its class, whereas high SCC samples being 

misclassified have the minimum SCC value within its class (data not shown). 



Variations in the metabolite profile of milk with different genetic background 

 

54 

 

 

 

Figure 6.10: Cross validated OPLS-DA model of 68 milk samples with high (●) or low SCC 

(■). (A) Cross validated OPLS-DA scores plot of the samples (B-D) OPLS-DA coefficients 

plots of the unit variance scaled OPLS-DA model back-transformed. Loading weights are 

indicated by color. (B) Full spectral width. (C) Enlarged chemical shift region of aromatic 

compounds (9.0-6.0 ppm). (D) Enlarged chemical shift region of 3.0-0.0 ppm (adapted from 

Sundekilde et al., 2012c). 
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Despite the misclassifications, the model can still identify which milk metabolites are important for 

the classification and thus correlated to SCC. Differences in levels of lactose (Figure 6.10B), 

adenine, fumarate, orotate, hippurate (Figure 6.10C), lactate, isoleucine, butyrate, BHBA, and 

citrate (Figure 6.10D) are indicated in the corresponding OPLS-DA coefficients plot (Figure 

6.10B).  

The unsupervised and supervised MVDA techniques identify several similar latent variables 

correlated with elevated milk SCC. These latent variables were selected to be analyzed in more 

detail by univariate statistics. In the 70 milk samples representing extreme SCC, the metabolites 

were relatively quantified using NMR resonances. Many of the compounds give rise to several 

NMR resonances, and Table 6.2 lists which resonances were integrated. The relative levels of the 

metabolites in milk are shown in Figure 6.11, and it shows several significant differences in the 

metabolite profiles of low and high SCC milk (Figure 6.11). For each metabolite, the level in low 

SCC milk was used for normalization. Acetate (p = 0.003), lactate (p < 0.001), BHBA (p < 0.001), 

isoleucine (p = 0.014), and butyrate (p = 0.024) were significantly increased in milk with high SCC 

(Figure 6.11). Lactose (p < 0.001), hippurate (p = 0.02), and fumarate (p = 0.002) were found to be 

significantly decreased in milk with a high SCC (Figure 6.11).  

Table 6.2: Compounds identified by 
1
H NMR spectroscopy and found to be related to SCC. 

Resonances corresponding to the different compounds are present at multiple chemical 

shifts. The listed chemical shifts are the resonance used for relative quantification in the 

present study. The resonances were integrated as described (Sundekilde et al., 2012c). 

Compound 

δ, chemical 

shift (ppm) 

Multiplicity and coupling 

constant Assignment 

Acetate 1.92 s 3H  

Adenine 8.12 s 1H 

Adenine 8.13 s 1H 

β-hydroxybutyrate 1.20 d, J = 6.29 Hz 3H  

Butyrate 0.90 t, J = 7.30 Hz 3H 

Citrate 2.53 d, J = 16.51 Hz 2H  

Creatinine 3.04 s 3H  

Fumarate 6.52 s 2H  

Hippurate 7.84 dd, J = 8.40 Hz, 1.46 Hz 2H 

Hippurate 7.64 tt, J = 7.42 Hz, 1.45 Hz 1H 

Hippurate 7.54 m 2H 

Isoleucine 0.93 d, J = 7 Hz 3H 

Lactate 1.33 d, J = 7.10 Hz 3H  

Lactose 5.23 d, J = 3.85 Hz 1H  

Orotate 6.19 s 1H 

Phosphocholine 4.17 m 2H 
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Figure 6.11: Relative quantification of metabolites from integration of well resolved NMR 

resonances as indicated in Table 6.2. Black bars represent samples with a SCC above 7.2×105 

cells/mL (n=35), while gray bars represent samples with a SCC below 1.4×104 cells/mL 

(n=35). Mean values ±SEM are given. Significant differences are indicated by * (p < 0.05), ** 

(p < 0.01), and *** (p < 0.001) (Sundekilde et al., 2012c). 

Importance of metabolites being associated with somatic cell count and genetic impact 

An increase in somatic cells has long been used as the primary diagnostic for mastitis (Viguier et 

al., 2009), but SCC may also be affected by a range of other factors such as herd, season, lactation 

stage, and parity (Harmon, 1994; Schepers et al., 1997). Bovine mastitis is the most significant 

disease of dairy herds, and it has huge economic impact due to a decline in milk yield and quality 

and also due to treatment costs (Halasa et al., 2009; Le Maréchal et al., 2011). Accordingly, 

elevated cell count in milk has been shown to decrease the coagulation ability, thereby affecting the 

cheese-making quality of milk (reviewed by Le Maréchal et al., 2011). A mastitis infection 

activates the immune response and attracts immune affector cells such as macrophages, neutrophils, 

and lymphocytes, which are thereby secreted into the milk (Sordillo et al., 1997).  

Acetate has previously been described in milk by NMR spectroscopy (Klein et al., 2010), and 

acetate has been identified to be elevated in milk from cows infected with Staphylococcus aureus or 

Escherichia coli (Hettinga et al., 2008a). BHBA is a ketone body, and it has not previously been 

associated with elevated cell counts, however, its presence in milk may indicate sub-clinical ketosis 

(Geishauser et al., 2000; Enjalbert et al., 2001). Interestingly, BHBA was found to have a high 

heritability (0.87), and it could be possible to develop breeding strategies, which optimized energy 

metabolism of the cow. Furthermore, the GPC to PCh ratio may also be used as a biomarker for 
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ketosis (Klein et al., 2012). However, in the present study Pch was not present in significantly 

different levels in high or low SCC samples. GPC has previously been shown to have a heritable 

component (Buitenhuis et al., 2012). It is well known that lactate increases in high SCC milk 

samples (Davis et al., 2004; Hettinga et al., 2008a), due to the fact that lactate is the major end-

product of metabolisms and can be produced by microorganisms in milk. Moreover, in anaerobic 

conditions caused by mastitis lactate levels may increase (Mayer et al., 1988). As one would expect, 

genetic analyses show that neither acetate nor lactate does not have a heritable component 

(Buitenhuis et al., 2012). Organic acids are known to be able to inhibit the growth of bacteria 

(Knarreborg et al., 2002), and acetate, lactate, and benzoate (a precursor of hippurate) levels may be 

affected by the state of inflammation. 

It is generally known that milk lactose levels are decreased in milk from ruminants diagnosed with 

mastitis. The inflammation causes increased influx of metabolites to the milk, and lactose is 

decreased accordingly in order to keep the osmotic pressure constant. Fumarate, which was found to 

be decreased in high SCC milk samples, is an intermediate of the tricarboxylic acid cycle (TCA) 

and urea cycle. The observed changes may be explained by altered metabolism following the 

inflammation (Sundekilde et al., 2012c). The genetic analyses reveal that fumarate has a low 

heritability (Buitenhuis et al., 2012). The amino acid isoleucine is also associated with elevated 

SCC in milk (Sundekilde et al., 2012c), and isoleucine has been shown to have a medium 

heritability (0.39). A single chromosome-wide significant (Bonferroni P < 0.05) SNP was identified 

for isoleucine on BTA8, and the SNP was located between ELAVL2 and DMRT-like family A1 

genes. 

The results described in Paper III (Sundekilde et al., 2012c) revealed associations of milk 

metabolites with SCC. Metabolites known to be biomarkers used in diagnosis of mastitis were 

confirmed, and more importantly novel metabolites as biomarkers for elevated SCC were proposed. 

The proposed biomarkers should be further investigated to elucidate if there is a causal 

relationship between the marker and SCC. The genetic analyses revealed that several of the 

metabolites which either increased or decreased in milk with elevated SCC had a heritable 

component (Buitenhuis et al., 2012). Thus, it may be possible as an ultimate goal to breed for milk 

metabolites associated with low risk of elevated SCC and mastitis. 
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7 Natural variability of oligosaccharides and identification of novel 

fucosylated species 

In this chapter a study of bovine milk oligosaccharides will be presented (Paper V). Bovine milk is 

known to possess a limited range of beneficial OS compared to human milk, and the aim of the 

present study was to assess the OS profiles of the two bovine breeds, DJ and DH, to relatively 

quantify OS differences, and to screen for yet unidentified bovine OS.  

The present study compares relative abundances of individual OS extracted from 20 different milk 

samples from two breeds (Figure 5.1). Ten milk samples from six herds of DJ cows and 10 milk 

samples from five herds of DH cows were selected from the 1301 cows included in the Danish 

Swedish Milk Genomics Initiative. The samples were screened by 
1
H NMR spectroscopy and by 

assessment of milk fat, protein, and lactose concentrations by Milkoscan. The prescreening of 

samples was performed in order to select samples with a broad range of features (Sundekilde et al., 

2012a). The detailed information on days, milk parity, and concentrations of protein, fat, and 

lactose for the samples are given in (Table 7.1). The OS were extracted in a series of steps including 

protein precipitation and solid phase extractions (Tao et al., 2008; Barile et al., 2010; Sundekilde et 

al., 2012a). The purified OS were analyzed by HPLC-Chip/TOF MS, matrix assisted laser 

desorption ionization Fourier transform ion cyclotron resonance mass spectrometry tandem MS 

(MALDI FT ICR MS/MS), and high performance liquid chromatography Chip quandupole Time of 

Flight tandem MS (HPLC-Chip/qTOF MS/MS) (Sundekilde et al., 2012a). In total, 52 individual 

OS structures were observed in milk from 20 cows, and the neutral and acidic OS are presented in 

Table 7.2 and Table A10.3-6. The tables also list the accurate mass, monomeric composition, and 

retention time (RT) ranges of identified OS. Tables of the relative abundances of the OS are 

available in Appendix 10.3. The analyses of OS species and profiles were performed on data from 

HPLC-Chip/TOF MS on duplicate extractions of 20 milk samples. However, six samples were not 

evenly extracted and thus excluded from the analyses and the total number of samples was 14. 

Several OS were found to elute at different RT, which indicate different isomers. One example is 

the four isomers of galactosyl lactose (OS ID: 1; positional isomers: α1-3, β1-3, β1-4, and β1-6), 

which elute at four different retention times (Table A10.3-6).  
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Differential oligosaccharide profiles in two breeds 

The OS can be divided into neutral or acidic groups based on their monomeric composition (Figure 

2.1). Human milk oligosaccharides are known to have a higher complexity and overall higher 

abundance compared with bovine milk (Ninonuevo et al., 2006; Ninonuevo et al., 2007; Tao et al., 

2008; Ninonuevo and Lebrilla, 2009; Tao et al., 2009). Moreover, the main human milk OS species 

are fucosylated, which only recently have been confirmed in bovine milk (Ninonuevo et al., 2006; 

Mariño et al., 2011). Identification of differences in OS profiles of bovine breeds, are important due 

to the fact that this knowledge may be used to identify novel sources for OS purification. The base 

peak chromatogram (BPC) indicates that DH milk have an overall higher abundance of OS, as the 

DH samples display higher intensities measured as counts per second (CPS) than DJ milk samples 

(data not shown; Sundekilde et al., 2012a). 

Table 7.1: A list of samples included in the present study along with specific data on milk 

composition (Sundekilde et al., 2012a).  

Cow ID Breed1 Parity2 Days3 Fat4 Protein4 Lactose4 

0402 DJ 1 174 4.82 3.97 4.74 
0406 DJ 1 161 4.6 3.74 4.89 

0502 DJ 1 168 5.88 4.23 4.6 

0854 DJ 1 196 5.38 4.19 4.76 

1119 DJ 1 180 5.75 4.12 4.67 

1149 DJ 3 219 5.43 4 4.59 

1230 DJ 2 188 7.71 4.23 4.51 

1231 DJ 2 184 3.31 4.66 4.81 

1410 DJ 3 198 5.94 3.97 4.51 

1416 DJ 1 232 5.83 3.85 4.67 

4401 DH 2 157 4.93 4.31 4.79 

4403 DH 1 138 4.1 3.53 4.84 

4406 DH 1 164 4.01 3.43 4.83 

4419 DH 1 144 3.67 3.08 4.92 

4529 DH 1 135 3.74 3.27 4.78 

4937 DH 2 173 4.77 3.2 4.66 

5007 DH 3 193 4.37 3.42 4.75 

5015 DH 3 184 2 3.32 4.11 

5152 DH 1 179 3.49 3.35 4.91 

5166 DH 3 183 4.62 3.31 4.81 

                                                 

 

1 Bovine breeds: Danish Jersey and Danish Holstein-Friesians 
2 Parity number 
3 Number of days since calving 
4 Fat, protein, and lactose concentrations measured by Milkoscan (in percent) 
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Figure 7.1: Neutral and acidic oligosaccharide abundances in 14 samples measured in 

duplicates (values: mean ± SD). Six samples could not be measured in duplicates, and have 

been left out of the analyses (adapted from Sundekilde et al., 2012a). 

 

The distribution of neutral and acidic OS shows a large sample to sample variability in abundances 

(Figure 7.1). Generally, neutral OS are significantly (p < 0.05) more abundant compared to acidic 

OS (Sundekilde et al., 2012a). The most abundant OS in both breeds were the neutral N-

acetylhexosaminyl-lactose (OS ID: 2; Table 7.2), which is in accordance with the literature (Tao et 

al., 2009). N-acetylhexosaminyl-lactose was more abundant in DH milk than in DJ milk, whilst the 

most abundant acidic OS, the acidic isomer α2-3 of sialyllactose (3-SL; ID: 3; Table 7.2), is present 

at significantly (p = 0.008) higher levels in DJ milk than in DH milk (data not shown). The most 

abundant acidic OS in bovine milk is α2,3’-sialyllactose (3-SL), whilst α2,6’-sialyllactose (6-SL) is 

less abundant (Martin-Sosa et al., 2003; Nakamura et al., 2003). In the present study, it was shown 

that DJ milk contained significantly (p = 0.008) increased amounts of 3-SL compared with DH, 

which is in agreement with the literature (McJarrow and van Amelsfort-Schoonbeek, 2004). The 6-

SL has previously been shown to be increased in Holstein-Friesian colostrum (McJarrow and van 

Amelsfort-Schoonbeek, 2004). However, as evidenced from the OS analyses, there is no breed-

specific difference in 6-SL content in mature milk (Sundekilde et al., 2012a). The α2-6 sialyl-

hexosyl-lactose (6-SHL; ID: 10; Table 7.2) is present in differential amounts, as it is significantly (p 

= 0.049) higher in abundance in DH milk (Sundekilde et al., 2012a).  

PCA was performed on extracted ion chromatograms (EIC) of milk from 14 cows in duplicates, and 

a scores plot (PC1 vs. PC2) successfully clustered the milk samples according to the breed, 

indicating that there are significant differences in the OS profile between breeds (Figure 7.2AB).  
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Table 7.2: The monomeric compositions and masses of the most abundant OS, which were 

present in all samples (adapted from Sundekilde et al., 2012a).  

OS ID Mass (m/z)
1
 oligosaccharide unit

2
 RT (min) 

Hex HexNAc Fucose NeuAc NeuGc 

 1 504.169 3 

  

  8.97-14.23 

2 545.196 2 1 

 

  12.13 

3 633.212 2 

  

1  15.88-21.79 

4 649.206 2 

  

 1 19.33-21.27 

5 666.222 4 

  

  17.10 

6 674.238 1 1 

 

1  16.59 

7 690.233 1 1 

 

 1 7.24-16.29 

8 707.248 3 1 

 

  11.97-17.82 

9 748.275 2 2 

 

  10.55-15.83 

10 795.264 3 

  

1  16.96-22.85 

12 836.291 2 1 

 

1  15.92 

14 869.301 4 1 

 

  11.23-18.12 

15 910.328 3 2 

 

  13.37-15.93 

18 990.327 6 

  

  11.29-14.43 

19 998.344 3 1 

 

1  14.00-19.56 

21 1072.381 4 2 

 

  14.73-18.52 

23 1152.380 7 

  

  9.54-15.76 

24 1160.397 4 1 

 

1  25.35 

25 1201.423 3 2 

 

1  24.79 

26 1234.433 5 2 

 

  17.34 

28 1275.460 4 3 

 

  18.42 

32 1396.486 6 2 

 

  21.56 

36 1462.545 3 4 1   17.53 

37 1478.539 4 4 

 

  14.56 

38 1519.566 3 5 

 

  14.20 

39 1525.529 5 2 

 

1  24.69 

42 1624.597 4 4 1   16.12 

43 1640.592 5 4 

 

  13.63 

45 1681.619 4 5 

 

  16.00 

46 1722.645 3 6 

 

  15.38 

47 1786.650 5 4 1   16.49 

49 1827.677 4 5 1   17.57 

52 1868.703 3 6 1   16.94 

 

                                                 

 

1 unreduced neutral mass 
2 Abbreviations: RT: retention time (minutes). Hex, Hexose; HexNAc, N-acetylhexosamine, NeuAc, N-acetyl 

neuraminic acid; NeuGc, N-glycolyl neuraminic acid. 
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An OPLS-DA model built upon the same data is shown in Figure 7.2CD. The OPLS-DA model is 

easier to interpret, as the unrelated systematic variation is removed, and in the OPLS-DA scores 

scatter plot, DJ samples have a negative score on the predictive component, whereas DH samples 

have a positive score on the predictive component (Figure 7.2CD). The OS profiles of DJ sample 

1416 were found to be similar to OS profiles found in DH milk (Figure 7.2A and Figure 7.2C). The 

most influential OS for the classification is depicted in a loadings scatter plot in Figure 7.2B and 

Figure 7.2D. In the PCA analysis OS having a negative loading on PC1 and a positive loading on 

PC2 are in relatively higher abundance in DH samples than in DJ samples, whereas OS having a 

positive loading along PC1 and a negative loading along PC2 are in higher abundance in DJ 

samples (Figure 7.2B). Hexosyl-lactose (OS ID: 1) and N-acetylglucosaminyl-lactose (OS ID: 2) 

are increased in DH milk compared to DJ milk as seen in Figure 7.2. Within breed differences could 

also be identified. Hexosyl-lactose is present in higher levels in samples 5015, 4529, and 4419, 

while N-acetylglucosaminyl-lactose is more abundant in 4401, 4403, 4406, 4937, and 5007 (Figure 

7.2).  

Small neutral OS are of particular interest, as they have been shown to have a prebiotic effect 

(LoCascio et al., 2007). These neutral OS include lacto-N-tetraose (OS ID: 8) and lacto-N-hexaose 

(OS ID: 21). DJ milk has high levels of lacto-N-hexaose (Figure 7.2), thus, the data imply that milk 

from the two breeds may have differential impact on the health benefits of milk consumption 

(Sundekilde et al., 2012a). 

The differences in OS profiles across the two breeds can also be visualized by HCA. A result of a 

HCA is normally displayed as a dendrogram plot, and HCA on oligosaccharide data is shown in 

Figure 7.3. The cluster analysis shows that the largest variation in the OS profile data is due to 

breed specificity (Figure 7.3). The replicates (same cow id) are not perfect, as apparent from the 

HCA dendrogram as replicates of the same sample are often not clustered in the same sub tree 

(Figure 7.3), which is also indicated by the PCA analysis, i.e. samples 0502 and 5015 are poorly 

replicated (Figure 7.2). The imperfect sample replication may be due to the fact that the data 

analysis approach employed in the integration of specific OS is deduced from EIC. Peak boundaries 

were selected manually, and this may have incorporated a certain error into the data. Consequently, 

automatic peak alignment and matching across samples may be able to improve the data quality.  
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Figure 7.2: (A) PCA scores scatter plot of PC1 and PC2 showing targeted analysis of 32 

oligosaccharides EICs. (B) Corresponding loadings plot. (C) OPLS-DA scores plot (Q
2 

= 0.70). 

(D) Corresponding OPLS-DA loadings plot. Oligosaccharide IDs refer to Table 7.1 (adapted 

from Sundekilde et al., 2012a). 

Identification of complex fucosylated oligosaccharide species 

In human milk, the fucosylated OS are one of the most important OS species (Ninonuevo et al., 

2006). Fucosylated human milk OS are the most abundant OS fraction, and a degree of 
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polymerization larger than 10 has been described (Ninonuevo et al., 2006). However, the 

identification of fucosylated OS in bovine milk is still controversial. They have been described in 

bovine colostrum (Saito et al., 1987) and more recently in mature milk (Mariño et al., 2011). The 

fucosylated OS species identified by Mariño et al. (2011) all had a polymerization of less than four. 

Moreover, the fucosylated OS species has been identified in whey (Tao et al., 2008; Barile et al., 

2011). The gene responsible for the de novo synthesis of fucosylated OS has been identified in the 

genome of milk somatic cells (Wickramasinghe et al., 2011), indicating that fucosylated OS species 

could be present in bovine milk. Furthermore, Wickramasinghe et al. (2011) identified genes 

encoding an enzyme responsible for the degradation of fucose, which led them to speculate that 

fucosylated OS were swiftly degraded in bovine milk. It is therefore intriguing that the present 

study was able to identify four fucosylated OS with a polymerization larger than eight, and that 

some of these OS were found to be present in higher abundance in DJ milk than in DH milk 

(Sundekilde et al., 2012a). Besides fucosylated OS, DJ milk also possesses a higher level of 

sialylated OS (Sundekilde et al., 2012a). 

 
Figure 7.3: HCA of 32 oligosaccharides EICs. The vertical axis indicates the loss in cluster 

similarity. The largest variation is due to breed, and the splitting into trees according to breed 

is indicated by DJ and DH (unpublished data). 
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Figure 7.4: Area under the curve (AUC) of EIC of three fucosylated OS in 14 samples 

measured in duplicates (mean ± SD) (adapted from Sundekilde et al., 2012a). 

In the present study, four fucosylated OS were characterized (OS ID: 42, 47, 49, and 52). Three of 

the fucosylated OS species are shown in Figure 7.4. The most abundant of the four is 3Hex, 6 

HexNAc, 1 Fucose (OS ID: 52), and it is present in significantly higher concentration in DJ samples 

(p = 0.017). Furthermore, 4 Hex, 5 HexNAc, 1 Fucose (ID: 49) is also significantly higher in 

abundance in milk from DJ cows (p = 0.049), whilst 5 Hex, 4 HexNAc, 1 Fucose (ID: 47) is present 

in comparable levels in the two breeds (Figure 7.2 and Figure 7.4). The identity of the fucosylated 

OS species was deduced from computational tables, unique RT, and by MS/MS experiments. 

MALDI FT ICR MS/MS spectra of the 3Hex, 6HexNAc, 1 Fucose and 5Hex, 4HexNAc, 1 Fucose 

oligosaccharides are shown in Figure A10.4. 

The results presented in Paper V are the first to reveal breed specific differences in free milk 

oligosaccharide content and complexity. Thus, results of the present study point towards DJ milk as 

having a higher amount of fucosylated and sialylated OS species than DH milk, which may be 

important with respect to certain health-promoting benefits for consumers. Moreover, the 
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occurrence of large, complex fucosylated OS species was identified. These findings are novel, and 

further studies including additional animals would be valuable to corroborate the present findings. 

The novel, fucose-containing oligosaccharides have a high degree of similarity to human milk 

oligosaccharides. Consequently, these findings of are of high significance, as this could be 

translated into a possibility to produce an infant formula with a higher degree of similarity to 

human milk. The fact that oligosaccharide profiles are different between breeds, suggests that 

oligosaccharides may have a genetic component, and future research into the heritability of bovine 

milk oligosaccharides would be of high interest. Furthermore, prior research on OS bioactivities 

has been largely performed on human milk OS, thus, in order to confirm bioactivities of bovine milk 

OS, additional research into the bioactivities of specific bovine milk OS would also be of interest. 
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8 Conclusions and future perspectives 

In the present PhD project, the overall aim was to explore variations in the milk metabolome and to 

identify associations between milk metabolites and properties of the milk, and subsequently to 

generate new hypotheses about underlying phenomena describing potential relationships observed. 

NMR metabolomics has been extensively applied in the food science area for the study of the 

composition of foodstuffs, mainly of plant origin. Metabolomics is an attractive technique because 

of the high number and large diversity of metabolites present in different foods, including milk. Due 

to the complexity of the metabolome, there are a number of experimental considerations that need 

to be taken into account before embarking on a study. These include identifying and limiting 

sources of unwanted variation, sample preparation, and choosing appropriate analytical 

instrumentation for the analyses.  

In the present PhD project, the milk metabolome was investigated for systematic differences that 

could be related to various properties, including important technological properties and SCC 

influencing both health and technological quality. NMR spectroscopy was chosen as the main 

analytical technique employed for the metabolite profiling based on extensive literature studies and 

preliminary investigations (Paper I and Paper II). In summary, NMR spectroscopy represents high 

reproducibility, high throughput, and cheap running costs compared to competing techniques (Paper 

I). Moreover, in order to minimize the technical variation, the analyzed milk samples were handled 

as homogenously as possible and samples were analyzed in random order.  

The preliminary analyses performed on milk samples unable to undergo rennet-induced coagulation 

revealed that NMR-based metabolomics could be used in classification of milk samples. The 

samples could be classified according to breed and more importantly coagulation ability. The 

investigations showed that choline was positively correlated with coagulation ability, whereas 

carnitine and citrate were negatively correlated with coagulation ability (Paper II). Metabolomics 

analyses performed on 1301 milk samples with differential coagulation properties ranging from 

non-coagulating to well-coagulating confirmed the initial findings of choline and carnitine being 

associated with coagulation properties. Furthermore, PLS regression analyses showed that NMR 

spectroscopy could be used in the prediction of CFR and protein concentration – two parameters 

that are important for rennet-induced coagulation. Besides the known effect of citrate on milk 

coagulation, the PLS regression analysis revealed that choline, PCh, N-acetylcarbohydrates, orotate, 

hippurate, and amino acids were found to be associated with milk coagulation properties. This has 
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not been demonstrated before. Whether these metabolites actively participate in the gel-firming 

processes is not possible to elucidate, as it is important to stress that often metabolomics studies are 

unable to identify causal relationships, but can identify important correlations, and as such can be 

very helpful in generating new hypotheses. Accordingly, experiments elucidating the role played by 

these metabolites in the processes related to cheese-making would be very interesting to perform. 

Additionally, the milk metabolome was analyzed for systematic variation originating from the 

genetic background (breed) of the cows. The milk samples in the preliminary study had markedly 

different lactose concentrations, and a tendency towards breed-specific differences in choline and 

carnitine concentrations (Paper II). In the larger study, systematic variation of milk metabolites 

could be attributed to breed, as DJ milk samples had increased levels of choline compared with DH 

and SR milk samples. Moreover, milk from SR breed had increased amounts of methylguanidine 

compared with DJ and DH (unpublished data). Milk metabolites associated with milk proteins were 

also found to be present at different levels between the breeds, and as proteomics studies on the 

same milk samples are being performed, it would be interesting to investigate a possible correlation 

between proteomics and metabolomics. 

Analyses of the milk metabolome and its association to milk SCC revealed that acetate, lactose, 

BHBA, butyrate, fumarate, hippurate, and isoleucine were correlated to SCC (Paper III). Acetate 

and lactose are well-known biomarkers of elevated SCC and also of mastitis. However, BHBA, 

butyrate, fumarate, hippurate, and isoleucine have not previously been associated with increased 

milk SCC. Accordingly, these metabolites may be used in the discrimination of milk quality, in the 

diagnosis of mastitis, or as a measure of when milk should be discarded after further studies of their 

potential as biomarkers.  

Genetic analyses of heritability and genome-wide associations revealed that multiple milk 

metabolites had a heritable component. The heritabilities ranged from 0 for lactic acid to higher 

than 0.8 for orotic acid and BHBA (Paper IV). Moreover, both choline and carnitine were found to 

have heritable components (Paper IV), indicating that selection for milk metabolites is possible. The 

GWAS identified chromosomal regions encoding genes that influence the levels of specific milk 

metabolites. Seven genome-wide significant chromosomal regions were detected for six different 

metabolites. For carnitine, a specific candidate gene called ceroid-lipofuscinosis neural-3 was 

identified. Interestingly, choline and carnitine were both found to be heritable, and if a direct link is 
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identified between these metabolites and coagulation properties, then these two metabolites are very 

interesting traits to target through breeding. Furthermore, heritabilities of milk components 

associated with milk SCC were also identified. Thus, metabolome QTL analysis, gene expression, 

and phenotypical traits are beneficial for setting up new goals of the bovine breeding schemes. The 

breeding goals could either be in relation to increasing metabolites shown to be beneficial for the 

coagulation properties or in relation to increasing or decreasing metabolites associated with SCC in 

order to produce a cow that cope better with inflammation or metabolic stresses. Hippurate and 

BHBA were shown to be correlated to SCC and to have heritable components (Paper IV). Thus, if 

further research into the role played by the metabolites identifies protective mechanisms, it can be 

speculated that breeding strategies can optimize cows for producing milk with a low level of SCC. 

Moreover, BHBA is a ketone body, and its presence in milk may be correlated with metabolic 

stresses. Targeted breeding of a cow in order to minimize the levels of this metabolite in milk by 

may lead to a cow that is less prone to suffer from metabolic disorders. Additionally, there is a 

potential for the use of milk metabolites as biomarkers for diseases and health diagnostic purposes 

in humans or cows, although human milk is not available at all times. 

Milk composition is linked to human nutrition, as the nutritional quality of milk is closely 

associated to the specific composition. Choline is an important micronutrient in the diet, especially 

for infants as it promotes the development of the brain. Choline levels were found to have a 

systematic variation correlated with cow breed (Paper II and unpublished data). Another component 

of the milk is the free oligosaccharides. Free oligosaccharides exert many beneficial bioactivities in 

humans, including stimulating growth of beneficial gut bacteria and by promoting brain 

development due to the content of sialic acid. Thus, if it is possible to identify and optimize the 

oligosaccharide content of bovine milk, it would increase the nutritional quality of milk and infant 

formula. Analysis of oligosaccharides in milk from two breeds identified significant differences 

(Paper V). DJ milk was found to have increased amounts of sialylated oligosaccharides and 

fucosylated oligosaccharides, whereas DH milk was found to have increased amounts of neutral 

oligosaccharides. Moreover, the analyses identified novel complex fucosylated oligosaccharides 

with a polymerization larger than eight in bovine milk (Paper V). These complex oligosaccharides 

have a high degree of similarity to human milk oligosaccharides.  
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While causal relationships cannot be established based on the metabolomics studies conducted in 

the present project, multiple hypotheses were generated from the analyses, and they could form the 

basis of many new experiments as described below. The main hypotheses are: 

i) Choline and/or carnitine have impact on milk coagulation, which may be ascribed to 

interactions between these compounds and casein or the casein micelles, thereby 

affecting the aggregation of the caseins 

ii) The level of metabolites BHBA, butyrate, fumarate, and hippurate affected elevated 

somatic cell levels and these metabolites may therefore be used as biomarkers for 

elevated SCC and mastitis 

iii) Fucosylated oligosaccharides have high heritability, and breeding schemes may be able 

to increase the levels in bovine milk, and quality of infant formula could thus be 

improved 

The association of milk metabolites with the rheological properties of milk has enormous potential 

if a causal effect of either choline or carnitine can be detected. Thus, experiments with addition of 

these compounds to milk followed by analysis of coagulation properties are a priority. The 

positively charged choline may affect the phosphorylation state of casein variants, or may shield the 

negatively charged caseins and thereby increase milk coagulation. Moreover, the rheological 

measurements in the present analyses are based on rennet-induced coagulation, and a possible 

interaction between choline and κ-casein, αS1-casein, αS2-casein, or even the casein micelles could 

be proposed, which may affect coagulation properties in both rennet-induced and acid-induced 

coagulation. This interaction could be investigated by employing high resolution magic angle 

spinning (HR-MAS) NMR on casein micelles and choline, and thereby investigate whether choline 

affects the stability of the casein micelles. HR MAS would overcome the limitations 
1
H NMR is 

facing when analyzing the colloidal casein micelles. Organic acids, which are known to be able to 

inhibit the growth of certain bacteria, could help understand the significance of butyrate, fumarate, 

and hippurate being associated with increased SCC. Moreover, SCC could also be associated with 

ketosis, as ketone bodies were found to be correlated with SCC. These factors could be investigated 

by metabolomics studies performed on milk and blood from cows diagnosed with either mastitis or 

ketosis. Moreover, in vitro studies of how milk metabolites affect bacteria known to induce mastitis 

could also be of interest. 
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The cows included in the studies described were selected on the basis of maximizing the genetic 

variation, while minimizing external factors such as herd management and feed. Based on the high 

quality of the acquired milk metabolite profiles, it could be interesting to examine the effect of feed 

on the milk metabolome. There is a large variability of the milk fat composition based on feed, and 

it is reasonable to assume that feed also affects the milk metabolite profile. Moreover, a study of the 

impact of conventional and organic farming on an individual cow basis could also be a very 

interesting study to perform.  

Future research into bovine milk oligosaccharides could focus on detecting the heritability and to 

discover candidate genes associated with bovine milk oligosaccharides to elucidate pathways of 

biological synthesis. Moreover, as the bioactivities are related to specific oligosaccharides, the 

bioactivity of the most abundant bovine oligosaccharide should also be assessed. Knowledge about 

candidate genes and heritability of oligosaccharides could enable selective breeding in order to 

enhance milk oligosaccharide composition and abundance. This would eventually lead to an infant 

formula with a better resemblance to human milk. 

The present PhD project has shown how metabolomics may assist in unraveling relationships 

between milk metabolite composition, coagulation properties, and other characteristics. 

Additionally, also health-promoting effects of milk may be elucidated by metabolomics, and future 

studies in this field would be of great interest. Such studies should include systems biology, 

proteomics, metabolomics, fluxomics, and other “omics” techniques, as they play a key role in 

understanding food systems and in the further development of biotechnological applications. Today, 

new challenges are facing the agricultural world, as populations increase and land availability and 

quality decline. Thus, an improved understanding of the metabolic pathways and their impact on 

milk composition can guide development of breeding strategies that will form the foundation of 

sustainable and abundant milk production.  
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10 Appendix 

10.1 Supporting figures for breed specific differences in metabolite profiles 

 

Figure A10.1: PCA model milk metabolites of Danish breeds (J,S) and Swedish Red (B). 

 

Figure A10.2: Loadings line plot of PC4 of PCA model of 50 non-coagulating and 26 

coagulating samples. Citrate peaks are highlighted. 
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Figure A10.3: OPLS-DA scores plot of (A) DH and DJ, (B) SR and DJ, and (C) DJ and SR 

milk samples.  
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10.2 Supporting tables for Paper IV 

List of tables 

Table A10.1: Compounds identified by 1H NMR spectroscopy. Resonances corresponding to the 

different compounds are present at multiple chemical shifts. The listed chemical shifts are the 

resonance used for relative quantification in the present study. 

Table A10.2: Estimates of heritability, genetic variances and phenotypic mean, and standard 

deviation for metabolites in Danish Holstein milk (Buitenhuis et al., 2012).  
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Table A10.1: Compounds identified by 1H NMR spectroscopy. Resonances corresponding to 

the different compounds are present at multiple chemical shifts. The listed chemical shifts 

are the resonance used for relative quantification in the present study. 

Compound 

δ, chemical 

shift (ppm) 

Multiplicity and coupling 

constant Assignment 

2-oxoglutaric acid 3.01 t, J = 6.84 Hz 2H 

Acetate 1.92 s 3H  

Adenine 8.12 s 1H 

Adenine 8.13 s 1H 

Alanine 1.48 d, J = 7.26 Hz 3H 

β-hydroxybutyrate 1.20 d, J = 6.29 Hz 3H  

Carnitine 3.23 s 3×3H 

cis-aconitate 3.15 s 2H 

Citrate 2.53 d, J = 16.51 Hz 2H  

Choline 3.21 s 3×3H 

Creatinine 3.04 s 3H  

Glucose 5.11 d, J = 3.77 2H 

Fucose 1.25 d, J = 6.50 3H 

Fumarate 6.52 s 2H  

Galactose 4.54 d, J = 7.75 1H 

Galactose-1-phosphate 5.38 dd, J = 7.34 Hz, 3.34 Hz 1H 

Glucose-1-phosphate 5.51 dd, J = 7.36 Hz, 3.30 Hz 1H 

Glutamate 2.36 m 2H 

Glycerophosphocholine 4.33 m 2H 

Hippurate 7.84 dd, J = 8.40 Hz, 1.46 Hz 2H 

Hippurate 7.64 tt, J = 7.42 Hz, 1.45 Hz 1H 

Hippurate 7.54 m 2H 

Isoleucine 0.93 d, J = 7 3H 

Isobutyrate 1.16 d, J = 6.8 3H 

Lactate 1.33 d, J = 7.10 Hz 3H  

Lactose 5.23 d, J = 3.85 Hz 1H  

Methionine 2.15 m 5H 

Malonate 3.11 s 2H 

Butyrate 0.90 t, J = 7.30 Hz 3H 

N-acetylcarbohydrates 2.05 d, J = 1.4 Hz 2×3H 

Ornithine 1.82 m 2H 

Orotate 6.19 s 1H 

Unknown
1
 1.60 m ? 

Urea 5.77 br. s. 4H 

Valine 1.05 d, J = 7.04 Hz 3H 

 

                                                 

 

1Literature and database searches, as well as spike in and 2D experiments have not been able to aid in the assignment of 

the multiplet resonance at 1.60 ppm. 
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Table A10.2: Estimates of heritability, genetic variances and phenotypic mean, and 

standard deviation for metabolites in Danish Holstein milk (Buitenhuis et al., 2012). 

Trait H
1
 SE

2
 GenVAR

3
 SE_GenVAR

4
 Mean SD

5
 

Lactic acid 2.77×10
-5

 0.13 2.26×10
-8

 1.50×10
-4

 

 

0.040 0.031 
Isobutyrate 0.02 0.10 6×10

-7
 0.001 0.004 0.006 

Acetic acid 0.02 0.10 1.7×10
-6

 0.001 0.013 0.010 
Fumaric acid 0.06 0.00 1.67×10

-8
 1.29×10

-4
 

 

0.007 0.003 
Galactose 0.11 0.14 1.69×10

-5
 0.004 0.049 0.012 

Lactose 0.17 0.12 1.14 1.070 38.100 2.660 
Valine 0.17 0.16 6.56×10

-7
 0.001 0.002 0.002 

Butyrate 0.19 0.13 5.27×10
-7

 0.001 0.005 0.002 
2-oxoglutaric acid 0.22 0.15 2.89×10

-5
 0.005 0.034 0.013 

Unknown1.6 0.24 0.19 1.59×10
-6

 0.001 0.005 0.003 
Urea 0.27 0.16 3.59×10

-4
 

-
 

0.019 0.201 0.045 
Methionine 0.27 0.16 9.58×10

-6 
0.003 0.032 0.007 

Ornithine 0.33 0.17 1.46×10
-5

 0.004 0.028 0.007 
Alanine 0.35 0.17 1.11×10

-5
 0.003 0.021 0.006 

Isoleucine 0.39 0.17 1.52×10
-6

 0.001 0.005 0.002 
Fucose 0.39 0.16 5.93×10

-5
 0.008 0.124 0.014 

Galactose-1-phosphate 0.43 0.17 1.44×10
-4

 

 

0.012 0.023 0.020 
Creatinine 0.45 0.19 0.002 0.043 0.352 0.068 
Choline 0.48 0.18 0.014 0.118 0.471 0.178 
Glycerophosphocholine 0.48 0.19 0.002 0.041 0.382 0.064 
cis-Aconitate 0.48 0.18 4.16×10

-4
 0.020 0.129 0.055 

Malonate 0.48 0.21 6.22×10
-5 

0.008 0.047 0.012 
Glucose-1-phosphate 0.49 0.18 0.001 0.023 0.116 0.037 
N-acetyl-carbohydrates 0.50 0.18 0.006 0.076 0.866 0.107 
Glutamate 0.52 0.19 3.79×10

-4
 0.020 0.070 0.030 

Hippuric acid 0.53 0.20 3.48×10
-4

 0.019 0.082 0.029 
Citric acid 0.54 0.19 0.344 0.587 4.810 0.871 
D-glucose 0.55 0.19 4.25×10

-5
 0.007 0.049 0.009 

Carnitine 0.63 0.21 0.0469 0.217 1.360 0.282 
Orotic acid 0.86 0.21 0.001 0.026 0.083 0.032 
β-hydroxybutyrate 

(BHBA) 

0.87 0.25 0.002 0.044 0.021 0.045 
 

 

  

                                                 

 

1 Heritability 
2 Standard error of the heritability estimate 
3 Genetic variation 
4 Standard error of the estimate of the genetic variation 
5 Phenotypic standard deviation 
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10.3 Supporting information for Paper V 

List of tables 

Table A10.3: List of the detected neutral oligosaccharides (unreduced neutral mass) from Holstein-

Friesian sample 5015. 

Table A10.4: List of the detected acidic oligosaccharides (unreduced neutral mass) from Holstein-

Friesian sample 5015. 

Table A10.5: List of the detected neutral oligosaccharides (unreduced neutral mass) from Jersey 

sample 1230. 

Table A10.6: List of the detected acidic oligosaccharides (unreduced neutral mass) from Jersey 

sample 1230. 

Figure A10.4: (A) MALDI FTICR tandem MS of (A) ion at m/z 1891.748 (corresponding to 

1868.70 in HPLC Chip/TOF MS) and (B) ion at m/z 1809.63 (corresponding to 1786.65 in HPLC 

Chip/TOF  
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Table A10.3: List of the detected neutral oligosaccharides (unreduced neutral mass) from 

Holstein-Friesian sample 5015.  

 Neutral mass 
 

Oligosaccharides1  
 OS ID expt1,2 Cal1,2 delta 

 (ppm) 

Hex HexNAc Fucose RT Abundance 
1 504.169 504.169 0.860 3 

  
8.97 6732887 

1 504.169 504.169 0.066 3 
  

11.01 4115087 
1 504.169 504.169 0.496 3 

  

12.42 12120882 
1 504.168 504.169 1.289 3 

  
14.23 3773572 

2 545.195 545.196 0.472 2 1 

 

12.13 19055487 
5 666.220 666.222 2.176 4 

  
17.10 194208 

8 707.248 707.248 1.202 3 1 

 

11.97 73384 
8 707.247 707.248 1.485 3 1 

 
13.82 314853 

8 707.247 707.248 1.980 3 1 

 

15.03 1657912 
8 707.247 707.248 2.074 3 1 

 
17.82 163224 

9 748.275 748.275 0.401 2 2 

 

10.55 6288 
9 748.274 748.275 2.005 2 2 

 
14.25 458787 

9 748.272 748.275 4.277 2 2 

 

15.83 91097 
14 869.299 869.301 2.531 4 1 

 
11.23 32225 

14 869.301 869.301 0.690 4 1 

 

18.12 3630953 
15 910.327 910.328 1.153 3 2 

 
13.37 55158 

15 910.327 910.328 1.062 3 2 

 

15.93 2373331 
18 990.327 990.327 0.353 6 

  
11.29 69719 

18 990.325 990.327 2.070 6 

  

14.43 97367 
21 1072.382 1072.381 1.119 4 2 

 
14.73 11419 

21 1072.381 1072.381 0.280 4 2 

 

18.52 658142 
22 1113.408 1113.407 0.539 3 3 

 
17.24 228764 

23 1152.377 1152.380 2.430 7 

  

9.54 4468 
23 1152.375 1152.380 4.512 7 

  
15.76 33025 

26 1234.430 1234.433 2.592 5 2 

 

17.34 5933 
28 1275.460 1275.460 0.157 4 3 

 
18.42 12918 

32 n/a3 1396.486 n/a 6 2 

 

n/a n/a 
36 1462.541 1462.545 2.256 3 4 1 17.53 2326 
37 n/a

3
 1478.539 n/a 4 4 

 

n/a n/a 
38 n/a3 1519.566 n/a 3 5 

 
n/a n/a 

42 1624.597 1624.597 0.246 4 4 1 16.12 16985 
43 1640.596 1640.592 2.499 5 4 

 
13.63 6752 

45 1681.617 1681.619 0.951 4 5 

 

16.00 8257 
46 1722.650 1722.645 2.583 3 6 

 
15.38 52068 

47 1786.650 1786.650 0.168 5 4 1 16.49 52239 
49 1827.676 1827.677 0.547 4 5 1 17.57 33073 
52 1868.703 1868.703 0.241 3 6 1 16.94 126084 

 

                                                 

 

1Abbreviations: expt, experimental; cal, calibrated; RT, retention time (minutes); Hex, Hexose; HexNAc, N-

acetylhexosamine. 
2Experimental mass values have been averaged. 
3Oligosaccharide is not detected in sample 5015, but it is present in other milk samples. 
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Table A10.4: List of the detected acidic oligosaccharides (unreduced neutral mass) from 

Holstein-Friesian sample 5015. 

 Neutral mass 
 

Oligosaccharides1 
  OS ID expt1,2 Cal1,2 

delta (ppm) Hex HexNAc NeuAc NeuGc RT Abundance 
3 633.210 633.212 1.842 2 

 
1 

 
15.88 3858014 

3 633.210 633.212 2.579 2 
 

1 
 

21.79 8045793 
4 n/a3 649.206 n/a 2 

  

1 n/a n/a 
6 674.237 674.238 1.928 1 1 1 

 
16.59 232755 

7 690.232 690.233 1.449 1 1 

 

1 7.24 3902 
7 690.232 690.233 1.449 1 1 

 
1 16.29 10914 

10 795.264 795.264 0.671 3 

 

1 

 

16.96 67956 
10 795.262 795.264 3.018 3 

 
1 

 
22.85 480621 

12 836.288 836.291 3.229 2 1 1 

 

15.92 69422 
19 n/a3 998.344 n/a 3 1 1 

 
n/a n/a 

24 1160.396 1160.397 0.625 4 1 1 

 

25.35 108672 
25 1201.419 1201.423 3.662 3 2 1 

 
24.79 6558 

39 1525.526 1525.529 1.901 5 2 1 

 

24.69 5465 

 

  

                                                 

 

1Abbreviations: expt, experimental; cal, calibrated; RT, retention time (minutes); Hex, Hexose; HexNAc, N-

acetylhexosamine; N-acetyl neuraminic acid; NeuGc, N-glycolyl neuraminic acid. 
2Experimental mass values have been averaged. 
3Oligosaccharide is not detected in sample 5015, but it is present in other milk samples. 
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Table A10.5: List of the detected neutral oligosaccharides (unreduced neutral mass) from 

Jersey sample 1230. 

 Neutral mass 
 

Oligosaccharides
1
  

 OS ID expt
1,2

 Cal
1,2 

delta 

 (ppm) 

Hex HexNAc Fucose RT Abundance 
1 504.169 504.169 0.860 3   9.03 4798365 
1 504.169 504.169 0.463 3   11.14 2289054 
1 504.169 504.169 0.298 3   12.43 10735273 
1 504.168 504.169 1.785 3   14.24 2925245 
2 545.195 545.196 1.022 2 1  11.54 12303374 
5 666.221 666.222 1.261 4   11.02 119885 
8 707.247 707.248 1.697 3 1  12.34 11536 
8 707.248 707.248 1.273 3 1  13.82 801323 
8 707.248 707.248 1.273 3 1  15.04 1155341 
8 707.247 707.248 2.192 3 1  17.77 120617 
9 748.273 748.275 2.539 2 2  10.53 11621 
9 748.274 748.275 2.005 2 2  14.25 291627 
9 748.274 748.275 1.604 2 2  16.20 66392 
14 869.300 869.301 1.898 4 1  17.46 3715431 
15 910.327 910.328 1.318 3 2  14.06 21244 
15 910.328 910.328 0.275 3 2  15.82 2563958 
18 990.327 990.327 0.942 6   11.81 101203 
18 990.326 990.327 1.868 6   14.51 71083 
21 1072.380 1072.381 0.187 4 2  18.51 814672 
22 1113.408 1113.407 0.943 3 3  17.22 336513 
23 1152.381 1152.380 0.477 7   15.57 24633 
26 n/a

3
 1234.433 2.592 5 2 

 
n/a n/a 

28 n/a
3
 1275.460 0.157 4 3 

 
n/a n/a 

29 1316.484 1316.487 1.975 3 4  18.54 10383 
32 n/a

3
 1396.486 n/a 6 2 

 
n/a n/a 

36 n/a
3
 1462.545 n/a 3 4 1 n/a n/a 

37 n/a
3
 1478.539 n/a 4 4 

 
n/a n/a 

38 1519.563 1519.566 2.106 3 5  13.54 4659 
42 1624.597 1624.597 0.123 4 4 1 16.10 17353 
43 1640.590 1640.592 1.585 5 4  14.79 7325 
45 n/a

3
 1681.619 n/a 4 5 

 
n/a n/a 

46 1722.642 1722.645 1.974 3 6  14.81 10328 
47 1786.653 1786.650 1.455 5 4 1 16.46 43540 
49 1827.678 1827.677 0.821 4 5 1 17.54 22882 
52 1868.704 1868.703 0.428 3 6 1 17.50 169536 
 

 

                                                 

 

1Abbreviations: expt, experimental; cal, calibrated; RT, retention time (minutes); Hex, Hexose; HexNAc, N-

acetylhexosamine. 
2Experimental mass values have been averaged. 
3Oligosaccharide is not detected in sample 5015, but it is present in other milk samples 
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Table A10.6: List of the detected acidic oligosaccharides (unreduced neutral mass) from 

Jersey sample 1230. 

 Neutral mass 
 

Oligosaccharides
1
 

  OS ID expt
1,2

 Cal
1,2 

delta (ppm) Hex HexNAc NeuAc NeuGc RT Abundance 
3 633.211 633.212 1.369 2  1  15.96 7764487 
3 633.210 633.212 2.000 2  1  21.58 16195508 
4 n/a

3
 649.206 n/a 2 

  
1 n/a n/a 

6 n/a
3
 674.238 n/a 1 1 1 

 
n/a n/a 

7 n/a
3
 690.233 n/a 1 1 

 
1 n/a n/a 

7 n/a
3
 690.233 n/a 1 1 

 
1 n/a n/a 

10 795.264 795.264 0.503 3  1  16.70 13683 
10 795.263 795.264 1.886 3  1  23.49 1331060 
12 836.290 836.291 0.957 2 1 1  15.31 20175 
19 n/a

3
 998.344 n/a 3 1 1 

 
n/a n/a 

24 1160.395 1160.397 1.724 4 1 1  24.96 472111 
25 1201.426 1201.423 2.580 3 2 1  24.59 11694 
39 n/a

3
 1525.529 1.901 5 2 1 

 
n/a n/a 

 

  

  

                                                 

 

1Abbreviations: expt, experimental; cal, calibrated; RT, retention time (minutes); Hex, Hexose; HexNAc, N-

acetylhexosamine; N-acetyl neuraminic acid; NeuGc, N-glycolyl neuraminic acid. 
2Experimental mass values have been averaged. 
3Oligosaccharide is not detected in sample 5015, but it is present in other milk samples 
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Figure A10.4: (A) MALDI FTICR tandem MS of (A) ion at m/z 1891.748 (corresponding to 

1868.70 in HPLC Chip/TOF MS) and (B) ion at m/z 1809.63 (corresponding to 1786.65 in 

HPLC Chip/TOF 




