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Abstract (Kurzfassung)

1 Abstract (Kurzfassung)

Enhancing the nitrogen (N) utilisation efficiency (NUE) of dairy cows by breeding selection was
considered relevant for environmental footprints, feeding costs and animal health. Due to the difficult
data obtainment of NUE, the cow-individual milk urea (MU) value was suggested as an indicator trait
for breeding purposes. However, the complexity of N metabolism in ruminants has prevented a
uniform understanding of MU’s accuracy to picture NUE yet. It became evident that a deeper
knowledge on the underlying principles of cow-individual N utilisation and N excretion is indispensable

before MU can be seriously considered for breeding strategies on enhanced NUE.

Considering the key function of the rumen microbiome in the N metabolism it was hypothesised that
cow-individual NUE is determined by the entire “holobiont”, thus by the host genome and the rumen
microbiome. In this context four study approaches were conducted, which focused on the host
genome-—trait, the host genome—rumen microbiota and the entire host genome—rumen microbiota—
trait axis, aiming for a holistic exploration of cow-individual N utilisation and N excretion as a pre-step

for future breeding strategies.

The studies were based on data material of two different cow populations. The 1%t and 4% studies were
conducted on data of 371 genotyped, lactating Holsteins, which were sampled once each for rumen
fluid, milk, urine and faeces on a practice- operating dairy farm. For 358 cows, a genomic breeding
value for MU (GBVMU) was estimated. The 2" and 3™ studies were based on a population of 20 non-
pregnant lactating Holsteins, which were grouped due to their predisposition for high or low MU values
(HMUg vs. LMUg). The cows were housed on an experimental farm and fed with either a normal or a
low CP diet (NP vs. LP), in a 4x5 balanced design (NPxHMUg, NPxLMUg, LPxHMUg, LPxLMUg; n=5 cows
each group). The 20 cows were slaughtered after two weeks and sampled for rumen tissue and rumen

fluids directly after slaughter.

Initially, the host genome-—trait axis was explored by a genome-wide association study (GWAS) for nine
N traits in milk and urine. Potential candidate genes were identified, namely GJA1, RXFP1, FRY1 (MU),
SH3D19 (MU yield), RCAN2, CLIC5, ENPP4, ENPP5 (urinary urea concentration (UU)), ELF2 and SLC7A11
(minor N fractions in milk), and ITPR2, MYBPC1, STIM2, SGCD, SLC6A2, TMCC2 and MFSD4A (specific

non-urea-N metabolites in urine).

The 2" and 3™ study focused on the host genome-rumen microbiota axis. The analysis of 165 rRNA
amplicon sequencing data (microbial data) and holistic transcriptome profiling (host- gene expression)
of the rumen epithelia identified significantly differential abundances of 10 microbial genera (DAG)
and 28 gene transcripts (DEG) which distinguished HMUg and LMUg cows’ rumen profiles. Greater

abundances of the ureolytic genus Succinivibrionaceae_UCG-002 and unclassified Ruminococcaceae
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were identified in LMUg animals, whereas HMUg cows had enhanced occurrences of the Butyrivibrio
genus. Differential expression analysis revealed genes of the bovine Major Histocompatibility Complex
(BOLA genes) as well as MX1, ISG15 and PRSS2 displaying candidates of MU predisposition that were
further attributed to enhanced immune system activity in LMUg cows. The analysis of a potential
microbial-host interplay revealed 157 significantly correlated microbe—gene pairs and two
pronounced microbe—transcript clusters, which jointly distinguished the rumen profiles of HMUg and
LMUg cows. Strikingly positive correlations of BOLA-DRA transcripts with abundances of Roseburia and
the Lachnospiraceae family might constitute particularly prominent microbial-host interplays of MU
predisposition. The reduction of feed N was followed by 18 DAG in HMUg and 19 DAG in LMUg,
depicting pronounced interest on Shuttleworthia, which displayed controversial adaption in HMUg and
LMUg cows. Lowering feed N further elicited massive downregulation of immune response and energy

metabolism pathways in LMUg cows.

The 4™ study focused on the exploration of the entire host genome—rumen microbiota—trait axis.
Therefore, the large cow population was grouped for GBVMU into two extreme groups (GBVumu,
GBVimu, n=59) and one medium group (GBVmep N=299). The analysis of 165rRNA microbial data by
contrasting the extreme groups identified a microbial signature of 24 genera, which potentially
inferred from GBVMU selection. In accordance with the results of the 2"¢ and 3 study, the microbial
signature uncovered higher abundance of the ureolytic Succinivibrionaceae_UCG-002 in GBV muy cows,
whereas GBVuwmu hosted higher abundance of hyper ammonia producing bacteria. The abundances of
the microbial signature were further investigated for correlations to proxies of NUE in milk, urine and
faeces in the entire cow population (n=358). Three genera of the Lachnospiraceae family revealed
significant correlations by their ruminal abundances to MU values, proposing them as considerable
players in the host genome— rumen microbiota—MU axis. The significant correlations of Prevotellaceae
UCG-003, Anaerovibrio, Blautia and Butyrivibrio abundances with MU, milk nitrogen and the N
concentration in faeces (FaecN) suggested their contribution to genetically determined N utilisation in
Holstein cows. Moreover, noticeable positive correlations between WCHB1-41 ge, CAG-352 and
Bacteroidales BS11 gut group abundances to FeacN suggested a contribution of these genera to

genetically determined N losses due to non-assimilated N.

The study results were further discussed in regard of MU as a potential indicator trait for NUE.
Significantly lower MU and UU values in GBVimu compared to GBVumu cows, similarities of DAG
identified in both cow populations and a possible correction of MU records by cow-individual N intake

data in the near future let assume potential for MU data being utilised for future breeding programs.
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Kurzfassung

Die zlichterische Selektion von Milchkihen fiir eine erhohte Stickstoff (N) Nutzungseffizienz (NUE) hat
Okologische, 0Okonomische und tiergesundheitliche Relevanz. Aufgrund der schwierigen
Datenerhebung von NUE-Phdnotypen wurde der Milchharnstoffwert (MU) als potenzielles
Indikatormerkmal fir die Zucht vorgeschlagen, jedoch wurde dessen Aussagekraft (ber NUE

kontrovers diskutiert.

Die Schlisselfunktion des Pansenmikrobioms in dem N- Metabolismus von Wiederkduern ldsst
vermuten, dass die kuhindividuelle NUE durch den gesamten ,Holobionten”, also durch das
Wirtsgenom und das Pansenmikrobiom, determiniert wird. Die vorliegende Dissertation untersucht
diese ,holobiontische” Determinierung der kuhindividuellen N- Nutzung und N- Ausscheidung, mit
Fokus auf MU als potenzielles Zuchtmerkmal. Dafiir wurden vier Studien durchgefiihrt, welche die
Wirtsgenom—Phanotyp, die Wirtsgenom—Pansenmikrobiom, sowie die gesamte Wirtsgenom—

Pansenmikrobiom—Phdnotyp Achse untersuchen.

Fir die Studien wurden zwei Kuhpopulationen beprobt. Die eine Population (Studie 1 und 4) bestand
aus 371 genotypisierten, laktierenden Holsteinkiihen, welchen auf einem Praxisbetrieb einmalig
Pansensaft-, Urin-, Kot- und Milch entnommen wurde. Fiir 358 Tiere war ein genomischer Zuchtwert
fir MU (GBVMU) verfligbar. Die zweite Kuhpopulation (Studie 2 und 3) bestand aus 20 laktierenden
Holsteinkiihen, welche basierend auf ihrer Veranlagung fur hohe oder niedrige MU-Werte (HMUg vs.
LMUg) paarweise in einer experimentellen Stallanlage gehalten und mit einer Normal- oder einer
Niedrigrohproteinration (NP vs. LP) geflttert wurden (NPxHMUg, NPxLMUg, LPxHMUg, LPxLMUg; n=
5 Kihe pro Gruppe). Nach zweiwdchiger Futterungsphase und anschlieRender Schlachtung wurden

von den 20 Tieren Pansensaft- und Pansengewebsproben gewonnen.

In der ersten Studie wurde die Wirtsgenom—Phanotyp Achse mithilfe einer genomweiten
Assoziationsstudie (GWAS) fiir N- Metaboliten in Milch und Urin untersucht. Als potenzielle
Kandidatengene wurden GJA1, RXFP1, FRY1 (MU), SH3D19 (MU Menge), RCAN2, CLIC5, ENPP4, ENPP5
(Urinharnstoffkonzentration (UU)), ELF2, SLC7A11 (kleine N- Metaboliten in der Milch) und ITPR2,
MYBPC1, STIM2, SGCD, SLC6A2, TMCC2 und MFSD4A (Nicht-Harnstoff-N Metaboliten im Urin)

identifiziert.

Mithilfe einer 16S rRNA Amplicon Sequenzierung des Pansenmikrobioms und einer holistischen
Transkriptomanalyse des Pansengewebes wurde in der zweiten und dritten Studie die Wirtsgenom—
Pansenmikobiom Achse untersucht. Die Pansenprofile von HMUg und LMUg Tieren zeigten signifikant
unterschiedliche Vorkommen von zehn Mikrobengattungen (DAG) und 28 Gentranskripten (DEG). Im
Vergleich zu HMUg Tieren wiesen LMUg Kihe hoéhere Vorkommen der harnstoffspaltenden

Mikrobengattungen Succinivibrionaceae_UCG-002 und von bislang unklassifizierten Ruminococcaceae
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Gattungen auf, zeigten gleichzeitig aber geringere Vorkommen der Butyrivibrio. Die Identifikation
hoherer Transkriptabundanzen von BOLA-Genen, MX1, ISG15 und PRSS2 wiesen auf eine signifikant
hohere, ruminale Immunaktivitat in LMUg, verglichen zu HMUg Tieren hin. Eine Korrelationsanalyse
zwischen Mikroben- und Transkriptabundanzen identifizierte 157 signifikant korrelierende Mikroben—
Genpaare, welche in zwei Clustern kontrar korrelierten. Hoch signifikant positive Korrelationen zeigte
unter anderem die Transkriptabundanz von BOLA-DRA mit der Roseburia Gattung und der
Lachnospiraceae Familie. Die Fltterung der LP-Ration fiihrte zu einer dhnlichen Adaption der Mikroben
in beiden Kuhgruppen, jedoch zeigte die Shuttleworthia Gattung eine kontrdare Adaption in LMUg
verglichen zu HMUg Tieren. Infolge der Futter- N Reduktion wiesen LMUg Tiere zudem ein signifikant
geringeres Vorkommen von Gentranskripten des Immunsystems, sowie eine Inaktivierung einiger

Energiestoffwechsel- Genpfade auf.

Flr die vierte Studie wurde die grofRe Kuhpopulation mithilfe der GBVMU Werte eingeteilt (GBVumu
n=29; GBVimu, n=30; GBVmep, Nn=299), um den Gesamtkomplex aus Wirtsgenom—Pansenmikrobiom—
Phanotyp zu untersuchen. Die Ergebnisse der Mikrobenanalyse identifizierte eine Mikrobensignatur
von 24 Gattungen, deren unterschiedliche Vorkommen die Pansenprofile der Extremgruppen (GBVumu
vs. GBV wu) teilweise auftrennten. Analog zu dem HMUg vs. LMUg Vergleich (Studie 2 und 3), zeigte
auch der GBViuy vs. GBVumu Vergleich ein signifikant hoheres Vorkommen der harnstoffspaltenden
Mikrobengattung Succinivibrionaceae UCG-002 und geringere Vorkommen von Hyper-Ammonium
produzierenden Bakterien in GBV vy Kiihen. Eine Korrelationsanalyse zwischen dem Vorkommen der
Mikrobensignatur und NUE assoziierten Phanotypen in der gesamten Kuhpopulation (n= 358 Kiihe)
zeigte drei Gattungen der Lachnospiraceae als potenziell wichtige Kandidaten der Wirtsgenom—
Pansenmikroben—MU Phanotyp Achse auf. Die Korrelationen der Vorkommen von Prevotellaceae
UCG-003, Anaerovibrio, Blautia und Butyrivibrio zu MU, dem Milch-N Gehalt und der fakalen N-
Konzentration (FaecN) lieBen einen Zusammenhang dieser Mikroben in der wirtsabhdngigen N-
Nutzung und N- Ausscheidung vermuten. Moderate Korrelationen zwischen dem Vorkommen der
WCHB1-41 ge, CAG-352 und Bacteroidales BS11 gut group mit FaecN Werten deuteten zudem auf

einen Zusammenhang dieser Gattungen zu der N- Ausscheidung von nicht-assimilierten N hin.

Die Studienergebnisse wurden abschlieBend im Zuge der Evaluierung von MU als potenzielles
Zuchtmerkmal diskutiert. Signifikant geringere MU und UU-Werte in GBVuuy verglichen zu GBVumu
Kihen, kongruente Ergebnisse der Mikrobenanalysen in beiden Kuhpopulationen, sowie Fortschritte
in der Datenerhebung zur kuhindividuellen Futteraufnahme sprechen fir die Nutzung von MU als

Indikatormerkmal in der Milchviehzucht.
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2 Motivation

High yielding dairy cows consume about 0.5 kg nitrogen (N)/day via dietary crude protein (CP) intake.
In symbiosis with their rumen microbes, the dairy cow partly utilises this N intake for milk and body
protein synthesis but excretes the main part via urine and faeces. On average N excretions from dairy
cows account for approximately 130 kg N/per cow and year (Martens et al., 2021). Urinary and faecal-
N excretions contribute substantially to climate change and groundwater pollution by the volatilisation
of nitrous oxide and nitrate, and therefore attain political relevance (Uwizeye et al., 2020). Considering
that dietary CP accounts on average for 15% of the entire feed ration, N excretions constitute a
remarkable nutrient loss with major economic relevance for the farmer (Tan et al., 2021). Furthermore,
the cow transforms absorbed, but not utilised N into urea to prevent ammonia intoxification, which is
an energy consuming process (Munyaneza et al., 2017). Thus, N excretions are crucial from a socio-

ecological, economic and animal’s health perspective.

Several studies have subjected the dietary N utilisation and N excretions of dairy cows, aiming to
enhance NUE. Nutritional and physiological approaches aimed for the optimized dietary N supply at
herd level, whereas genetic studies focused on inter— individual variance in nitrogen use efficiency
(NUE) for breeding purpose. Breeding selection for enhanced NUE would equalise the dietary N
requirement within a herd and accordingly decrease dietary N demands and losses from dairy farms
as a long-term stable and environmental independent tool. However, up to now, the accurate
collection of NUE phenotypes has not been feasible at a large scale. The resulting lack in genetic
parameter estimation as well as the negative correlations of efficiency traits to further breeding goals
have prevented the implementation of NUE into breeding programs yet (Pryce et al., 2014, Chen et al.,
2021b). A deeper knowledge on the fundamental principles of NUE predisposition represents an
indispensable step before the exploitation of inter-individual NUE variability can be seriously

considered for breeding strategies.
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3 State of the art

The following sections provide an overview on the recent knowledge of cow-individual NUE, the
current breeding practice and considerations for NUE as being implemented into dairy cows’ breeding

program.
3.1 N metabolism in dairy cows

N is part of the functional group in amino acids (AA) and provides a nutritional value for mammals in
the organically bound form of proteins, AA and (di)-peptides. Whereas monogastrics are dependent
on a specific dietary AA pattern, ruminants are enabled to receive an autarkic AA provision from dietary
protein and non-protein-N (NPN) metabolites due to the protein synthesis of a complex microbiome,
which is allocated in the complex forestomach system of ruminants (Riemeier, 2004, Von Engelhardt
et al., 2015). The ruminant’s forestomach constitutes three compartments (reticulum, rumen,
omasum), which account for 80-90% of the weight of all gastric compartments and for about 50% of
the entire gastrointestinal tract in the adult. The forestomach system fills the entire left abdominal
cavity of the ruminant and has a capacity of about 100 liters in the adult cow (Von Engelhardt et al.,
2015). The rumen acts as a pre-gastric, anaerobic fermentation chamber in which the rumen
microbiota is located (Cholewiniska et al., 2020). The rumen microbiota constitute bacteria, archaea
and fungi, with bacteria accounting for the most abundant group with a density of 10°~10'! mI™tin the
rumen fluid (Von Engelhardt et al., 2015). The composition of the rumen bacteria was estimated to
contain more than 5000 species — compared to approximately 1400 species in carnivores, omnivores
and human beings — with the phyla Firmicutes, Bacteroidetes, Proteobacteria, Fibrobacteres, and to a
small amount Tenericutes and Actinobacteria as most abundant members (representing 67% of all

species) (Khafipour et al., 2016).

The cow acquires N via the dietary CP. CP is calculated by multiplying the dietary N content with the
default nitrogen-to-protein conversion factor 6.25 (Jones factor). Thus, CP encompasses all dietary N
compounds, i.e., protein-N, (di-) peptide-N, AA-N, and other N compounds, such as urea, nitrate and
uric acid (Mariotti et al., 2008). A small part of CP passes the rumen as rumen undegraded protein
(UDP), and is either digested by host enzymes in the small intestine and subsequently absorbed, or it
is excreted via faeces (Figure 1). The major amount of dietary N is provided to the rumen microbes,
which incorporate parts of this ruminal N influx into microbial protein (= microbial growth). In the
course of microbial protein synthesis, the rumen microbiota transform C-chains and N metabolites into
valuable AA and thus enable the host — in comparison to monogastrics — the usage of all dietary N
compounds (dietary protein-N and non-protein-N (NPN)) as well as an autarkic protein provision
(Virtanen, 1966). The resulting microbial protein pattern is subsequently degraded to AA and (di-)

peptides in the cow's intestine and absorbed via the intestinal surface. (Bergen et al., 1968). Depending
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on the ruminal energy supply, the microbial protein synthesis was estimated to yield approximately
10g protein/MJ ™ metabolisable energy (ME) (Von Engelhardt et al., 2015). For dairy cows, the microbial
protein comprises on average 40-80% of bioavailable N in the intestine and thus represents the most
relevant AA source of the host (Riemeier, 2004). The part of ruminal N influx, which is not directly
incorporated into microbial protein or excreted via faeces, is microbially converted to ammonia (NHs),
ammonium-ions (NH*), peptides and AA (Bryant, 1970, Cholewiriska et al., 2020). Peptides and AA are
further utilised in the rumen by the microbes or absorbed via intestinal surface by the host. NH3 and
NH?* either are utilised by NHs-assimilating microbes for microbial growth or discharge the rumen via
rumen epithelial absorption. The rumen epithelium converts the absorbed NH3 and NH** via glutamate
dehydrogenase to a-Ketoglutarate. The resultant molecule glutamate (and partly glutamine) is
subsequently transported with the blood stream to the liver. In the hepatocytes, N is primarily
detached from its carrier and further detoxified by the urea cycle. The detoxification of ammonia is an
energy-consuming process, which requires four adenosine triphosphate (ATP) per yielded urea
molecule (Von Engelhardt et al., 2015). Urea is further secreted back into the blood cycle (blood urea)
from which it is eliminated via urine (urinary urea) and milk (milk urea), or secreted back into the

rumen across the rumen villi and via saliva (Von Engelhardt et al., 2015).
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Urea is a polar molecule, which passes cell membranes alongside concentration gradients by diffusion
(Von Engelhardt et al., 2015, Lavery and Ferris, 2021). The urea concentrations of blood (BU), urine
(UU) and milk (MU) were found to be closely related (Broderick and Clayton, 1997, Burgos et al., 2007).
The reflux of urea into the rumen increases as a consequence of dietary CP reduction due to the
physiological mechanism of ruminants, which enables a decreased renal urea clearance rate and an
increased renal urea reabsorption under N scarcity in order to retain N (Von Engelhardt et al., 2015,

Lavery and Ferris, 2021).

The recycled urea is converted by epithelium-bound, ureolytic bacteria in the rumen to CO, and NHs.
The latter, in turn, can be utilised by NHs-assimilating microbes for microbial protein synthesis (Jin et
al., 2018). However, the rate of microbial protein synthesis depends on various factors, such as ruminal
pH, dietary energy content, properties of the CP and the composition of the microbial community

(Bryant, 1970).
3.2 N use efficiency (NUE) of dairy cows

The N use efficiency (NUE) of lactating cows is defined as the ratio of N in milk to dietary N intake
(Calsamiglia et al., 2010). In the context of environmental relevance, NUE for dairy cows was specified
as the ratio of milk protein-N to feed N and NHs3-N losses (Groenestein et al., 2019). Moreover,
Houlahan et al. (2021) interpreted the term “most efficient cow” as the cow that “produces the same
amount of milk and milk solids while consuming less feed, but remaining healthy and fertile”. In regard
of the published literature, NUE of dairy cows will address to the most commonly utilised definition:
NUE= N in milk (g)/dietary N intake (g) (Calsamiglia et al., 2010, Lavery and Ferris, 2021) in the following

sections and will refer to the ratio of N in product (g) to dietary N intake (g) for other species.
3.2.1 NUE ranges in dairy cows

Although the ontogeny of ruminants allowed these species theoretically the utilisation of all dietary N
compounds, the NUE of ruminants is — compared to monogastrics — low. Average NUEs of cattle, goats
and sheep were documented with 25%, 15.6% and 16% respectively, whereas pigs and rats utilise
dietary N with 35% and 60% each (Kohn et al., 2005). Average NUE in dairy cows was almost uniformly
documented with 25%, but wide ranges between cow-individual NUEs were observed (Calsamiglia et
al., 2010). Excluding sampling and measurement errors, factors that determine differences in NUEs
can be categorised into dietary and animal characteristics, the latter being further separated into non-

genetic (i.e., parity, lactation stage) and genetic factors (Ferreira et al., 2021).
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3.2.1.1 NUE ranges in dairy cows: dietary effect

Dietary CP concentration and the calculated ruminal N balance (RNB) of the feed ration were
documented as the most important determinants of NUE variability (Guliski et al., 2016). The RNB is
an indicator, which is used by the German feeding recommendation system to estimate the adequacy

of dietary N supply to the rumen microbes (Kand and Dickhoefer, 2021). RNBs are calculated for single

CP — host available CP
6.25

feed compounds of a diet by the formula: RNB = (Flachowsky et al., 2001). Host

available CP represents that amount of CP, which is supposed to be present in forms of AA and (di-)
peptides in the intestine, thus mainly origins from microbial protein and to a small amount from UDP
(see above: chapter 3.1). The dependency of microbial protein synthesis on the dietary energy and N
supply, and the recycling of NPN into the rumen (see above, chapter 3.1), led to the calculation of
negative RNBs for energy feed compounds (e.g.: whole plant silage of barley, wheat, rye or triticale= -
3 g/kg DM (LfL, 2013); maize silage= -7g/kg DM (Tiefenthaller, 2009)), and to positive RNBs for dietary
protein sources (e.g.: broad bean= +16g/kg DM; soy bean= +32 g/kg DM; rape seed= +22g/kg DM (LfL,
2013); grass silage 1 cut= +5g/kg DM (Tiefenthaller, 2009)). Based on the entire feed ration
composition, the RNBs of single feed compounds are added up and result either in a positive or
negative RNB per kg dry matter intake (DMI). In general, feed rations with negative RNBs aim for the
increased ruminal utilisation of recycled NPN by the microbes (Martens et al., 2021) and can be
achieved by proportionally higher energy to lower protein feed compounds in the feed ration

(Riemeier, 2004).

The reduction of dietary CP concentration and the reduction of dietary RNBs were consistently proven
to increase NUE (e.g.: (Colmenero and Broderick, 2006, Huhtanen and Hristov, 2009, Lee et al., 2011,
Giallongo et al., 2015, Mutsvangwa et al., 2016, Schiavon et al., 2016, Martens et al., 2021, Miiller et
al., 2021)). Reviewing the material of five studies with different N input levels (289g to 1360g N per
cow and day), NUE ranges from 16% to 36% were published (Powell et al., 2010). Individual NUEs of
40 lactating Holsteins increased from 29.6% to 40.3% when dietary CP was reduced from 19.6% to
13.5% of dry matter (DM) (Colmenero and Broderick, 2006). Similarly, NUEs of 20 lactating Holsteins
increased (30.7% to 36%) among dietary CP reduction (15.9 to 13.8% of DM) in another study (Mdller
etal., 2021). A decrease of the RNB from -10g/day to -40g/day increased NUEs from 35% to 37%, which
was observed by cow-individual data of 11,375 Holsteins stalled in an experimental farm (Martens et
al., 2021). A potential effect of CP quality on NUE levels and ranges was explored by comparing the
NUEs of 287 dairy cows, which were fed, with either grass based or maize based diets (Calsamiglia et
al., 2010). NUEs comprised 21.0% to 32.0% for the grass based and 22.0% to 32.8% for the maize-based

diets, assuming no effect of CP quality on cow-individual NUE.
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3.2.1.2 NUE ranges in dairy cows: non-genetic cow effects

Addressing to non-genetic cow characteristics, the stage of lactation was assumed to affect NUE,
mainly due to the negative energy balance in early lactation, which is — among other effects —
accompanied by protein catabolism (Lavery and Ferris, 2021). The accuracy of a prediction model for
NUE increased when stage of lactation was included with the categories <49 days in milk (DIM), 50 —
99 DIM, 100 to 189 DIM and >190 DIM (Lahart et al., 2019). Moreover, in a dataset of 129 early
lactating Holsteins the parity correlated significantly positive with NUE (parities: 1%, 29, 37 r?= 0.26,
p- value < 0.001) (Grelet et al., 2020).

3.2.1.3 NUE ranges between dairy cows: genetic cow aspects

Cow-individual NUE is supposed to be influenced by genetics (Stamer et al., 2009, Grelet et al., 2020,
Chen et al., 2021b, Lavery and Ferris, 2021). However, a reliable heritability (h?) estimation for NUE
requires large datasets of cow-individual NUE phenotypes. Due to the difficulty in obtaining data of
cow-individual DMI and of accurate dietary compositions on farm, individual NUE phenotypes are still
limited to sample sizes on experimental farms (Lavery and Ferris, 2021). In a recent approach, genetic
parameters were estimated for a prediction model of NUE (pNUE), which was established on milk mid-
infrared (MIR) spectral data (Grelet et al., 2020, Chen et al., 2021b). The model was developed in a
dataset of 129 Holsteins in early lactation, which were stalled in three different countries and
repeatedly measured for NUE and MIR data. The prediction accuracy of the model was stated with
82% (Grelet et al., 2020). Heritabilities for pPNUE were subsequently estimated on the basis of 46,163
milk samples from 21,462 cows and comprised 0.13 and 0.12 for 1 and later parities (Chen et al.,
2021b). Concerns of the model were mentioned, such as a lack in robustness when applied to different
diets as well as the mirroring by cow-individual differences in feed intake (Grelet et al., 2020, Chen et
al., 2021b). Although this recent approach might comprise an approximation, the actual heritability of

NUE is still unknown.
3.2.2 Increasing NUE of dairy herds on farm

Current on farm strategies to enhance dairy cows’ NUE address to the dietary and “non-genetic”
animal characteristics, aiming to establish the most appropriate N supply at herd level.
Recommendations for farmers include the general reduction of dietary CP, more precise dietary
calculations with slightly negative RNBs, as well as the grouping of cows due to their parity (1%t and
further), lactation stage and milk performance (Martens et al., 2021). Although these
recommendations generally increase dairy cows’ NUE, the success of these strategies is limited to the

N requirement at herd level. The latter is estimated on gross estimates of average feed N intake and
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average milk production calculated from bulk tank milk samples (Jonker et al., 2002, Powell et al.,

2006, Stamer et al., 2009, Martens et al., 2021).
The dietary N supply at average herd levels leads to the two following hypotheses:

If the NUE variety between individual cows is partly attributed to genetics, individual cows in a herd

might be over- or undersupplied by the dietary N provision.

Moreover, a potential predisposition for higher NUE of individual cows remains unexploited by diets,

which are estimated for average NUEs.
Selecting individuals with predisposed higher NUE by breeding programs might therefore:

e equalise the NUE at herd level and thus allow more appropriate feeding of all individuals in

the herd.
e comprise a management independent tool for an additional increase of NUE on dairy farms.
3.3 Breeding selection of dairy cows

In Germany, the official selection of dairy cows for desirable phenotypes started in the 19t century,
when farmers initially documented and subsequently mated purebred animals, and thereby
established the pedigree of the contemporary, high yielding Holstein-Friesian breed. To date, the
Holstein breed is one of the worldwide leading dairy cow breeds and represents approximately 1.72
million herd book entries and more than 13,000 breeding farms (noted in 2021), the most popular
dairy breed in Germany. The Holstein breed is characterised by an average genetic milk performance
potential of 10,000 kg milk per lactation (305 days) and 40,000 kg milk per lifetime with a fat content
of 4.0% and a protein content of 3.5% (BRS, 2022).

Nowadays, the selection of individuals for specific mating is conducted on the basis of animal specific
breeding values. The German breeding value estimation for dairy cows and further livestock is
conducted by the independent data centre Vereinigte Informationssysteme Tierhaltung w. V. (vit) and
is supervised by the Federal States (Vit, 2022; BRS, 2022; access both: 29.09.2022). Currently, breeding
values are estimated for the breeds Holstein, Red Cattle (Angler), Jersey, Red and White dual purpose
(RDN) and German Black and White dual purpose (DSN). Breeding values are estimated based on the

purpose of a breed specific goal (Vit, 2022; access: 24.09.2022).

In Germany, the potential of an animal in regard of the respective breeding goal is depicted by its RZG.
The RZG represents the official total breeding merit index of an individual (BRS, 2022). The RZG is
composed of estimated breeding values (EBVs) for individual traits. At present, EBVs for more than 50

individual traits are estimated in the Holstein breed. The EBVs of the individual traits are incorporated
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by specific weights into trait complexes, which in turn contribute by relative weights to the RZG. The
RZG is reported on the relative breeding value scale with a mean value of 100 and a genetic dispersion
of 12 points. The calculation is based on all four- to six-year-old cows, which are listed for the
respective breed (Vit, 2022; access: 24.09.2022). The composition of the RZG, hence the trait
complexes and their relative weights, is adapted to changing economic and social demands at irregular
intervals (BRS, 2022). The current RZG for Holsteins (last update: April 2021) incorporates the trait
complexes milk production (36%), longevity (18%), direct health (18%), conformation (15%), fertility
(7%), calf vitality and health (3%), as well as maternal: 1.5% and direct: (1.5%) calving traits (Vit, 2022;
access: 24.09.2022). Historically, the relative weight of the trait complex milk performance (RZM)
continuously decreased in the breeding goal (e.g.: percentage of RZG until 1996: RZM= 100% of RZG;
1996: RZM > 50% of RZG; 2008: RZM= 42% of RZG; 2016: RZM= 45% of RZG; 2021: RZM= 36% of RZG)
whereas the relative weight of functional traits simultaneously increased (e.g.: until 1996: 0% of RZG;
1996: 25% of RZG; 2008: 40% of RZG; 2016: 36% of RZG; 2021: 49% of RZG) (Holtje, 2018). Functional
traits represent the entire complex of the so-called non-production traits, which account for the
robustness and fertility of an animal (Shook, 2006). In the current RZG, all trait complexes, except for
milk production and conformation account for functional traits. The relative weight of the

conformation trait complex remained constant at 15% of the RZG since 1996 (Hoéltje, 2018).
3.3.1 Genomic enhanced breeding selection

The sequencing of the bovine genome (Gibbs et al., 2002, Elsik et al., 2009) and the discovery of DNA
markers in the form of single nucleotide polymorphism (SNP) enabled the integration of genomic
information on the basis of cost- effective SNP genotype data into classical breeding value estimation
systems (Halushka et al., 1999, Meuwissen et al., 2001, Hayes et al., 2009). Like major dairy countries
(i.e., USA, Canada, New Zealand, the Netherlands, Nordic countries, France) genomic selection has
been implemented routinely in the German breeding system in 2010 (Hayes et al., 2009, Liu et al.,
2010, Reinhardt et al., 2011). The classical EBV of a trait, which was based on pedigree, progeny and
offspring performances, was thereby extended for a genomic breeding value. The resulting genomic
enhanced breeding value (gEBV) is the current, official breeding value for European breeding

evaluation systems in dairy cows (Vit, 2022; access: 20.07.22).

For initial gEBV estimation of a single trait, a gEBV is primarily estimated in a reference population.
Therefore, the SNP data of the reference population (i.e., genotypes) is associated with the
deregressed EBV (i.e., phenotypes) (Seefried et al., 2010, Vit, 2022; access: 20.07.22). The marker
effects contributing to the phenotype deviation are estimated in the reference population, summed
up for the individual trait and subsequently added up to the gEBV of an animal in correspondence to

its individual marker expression (allele frequency). After marker effect estimation in the reference
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population, geBVs for the individual trait can be estimated solely from genotype data in subsequent

generations (Hayes et al., 2009).

Until 2019, reference populations were based on bull genotypes and their daughter performance as
phenotype data. The strict genomic selection among potential candidates as insemination bulls led to
a massive decrease of new daughter-tested bulls for the reference population. Moreover, the bull
genotypes in the reference population did not represent the entire genetic range in the Holstein
population. That is why German breeding companies initiated the genotyping of entire cow herds, to
establish a representative and steadily increasing mixed cow and bull reference population (Reinhardt
et al., 2011). Since 2016, genotype data of cows is routinely consolidated and imputed on a standard
panel of 45,613 SNPs. Phenotypes for the cow reference population are collected on farm by monthly
milk records (milk traits) and by the farmers (functional traits). Since 2019 the reference population
for genomic breeding value estimation in Germany is based on a mixed reference population of cows
and bulls, which comprises at present (29.09.2022) a number of > 375,000 individuals for the milk trait
complex (RZM), > 320,000 for conformation and between 230,000 to 700,000 individuals for functional
trait complexes (Table 1; Vit, 2022; access: 29.09.2022).

Table 1. Mixed cow and bull reference population size for gEBV estimation (Vit, 2022).

April 20221 Bulls* Cows Total
Milk performance 45.648 329.748 375.396
Conformation 43.28 280.768 324.048
Calving ease 34.426 377.624 412.05
Health (udder) 6.304 232.168 238.472
Calf health 12.043 697.213 709.256

*based on data of > 40 million daughters; *access: 29.09.2022

The reference population size expands continuously with each conventional breeding value estimation
by the newly added daughter- tested, genotyped bulls and by the cows with phenotype performance.
After each conventional breeding value estimation, the marker effects and thus the genomic sum
formulas for the gEBVs are re-estimated on the basis of the expanded reference population. The
individual cow or bull gBVs are consequently updated during the main breeding value evaluation

releases in April, August and December (Vit, 2022; access: 29.09.2022).

In general, the integration of genomic information increased the accuracy of breeding selection (Hayes
et al., 2009). Current gEBVs comprise 69% reliability, compared to classical EBVs (19%) and solely
genomic data (67%) (Vit, 2022; access: 21.07.2022). The accuracy of the gEBV is in dependence on the

reference population size, the reliability of the EBVs and on the heritability of the trait (Liu et al., 2010).

Although the integration of genomic information massively decreased the number of required

phenotypes, the minimum sample size of a mid-, or high-density genotyped reference population for
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gEBV estimation of a trait, which is negatively correlated to further traits of the breeding goal, was
calculated with 10,000 individuals (Calus and Veerkamp, 2011). Due to the mathematical similarity of
efficiency traits to the calculation of energy balance, negative correlations between efficiency traits
and energy dependent functional traits (e.g.: fertility traits) were evidenced (Pryce et al., 2014, Ferreira
Junior et al., 2018, Spiekers, 2021). Considering an initial gEBV estimation for NUE, a similar reference

population size as postulated by Calus and Veerkamp (2011) may therefore be assumed.
3.3.2 Increasing NUE of dairy cows by breeding selection

It was described that cow-individual NUE phenotype data is not available at a large-scale (chapter 2).
The difficulty of high-scale phenotype obtainment for breeding value estimation is known from various
functional traits (e.g.: fertility, fitness). The implementation of these traits into breeding programs was
conducted by the utilisation of indicator traits (Shook, 2006). Indicator traits are low-cost measurable
phenotypes, thus available at a large scale, and closely related to the goal trait (Berry, 2013). A broad
variety of indicator traits and proxies for NUE has been suggested. Due to the non-invasive and
routinely obtainment of cow-individual milk samples in the monthly milk record routine on farm,
numerous studies focused either on the total milk-N content, the determination of specific milk
proteins or on MU as predictors for NUE (Beatson et al., 2019, Lavery and Ferris, 2021). In addition,
measurements of N contents or specific N fractions in faeces (Althaus et al., 2013), urine (Kauffman
and St-Pierre, 2001), plasma (Kohn et al., 2005, Cantalapiedra-Hijar et al., 2016), hair (Schwertl et al.,
2005) and breath (Valente et al., 2018) were approached. Moreover, models to predict cow-individual
N intake (Shetty et al., 2017) or NUE from total N in milk (Grelet et al., 2020, Chen et al., 2021b) were

published recently.

Similarly, to direct NUE measurements, the determination of specific milk proteins and the approaches
on non-milk samples lacked in high-scale phenotype obtainment or by their utility to portray NUE (i.e.,
N fractions in faeces predicted by near-infrared spectral data (Althaus et al., 2013)). The prediction
model approaches might overcome these problems in the future, but up to now the reliability of the
models and thus the resulting accuracy to portray NUE was questioned (Chen et al., 2021b). At this
time, MU was presumed as the most promising proxy for NUE (Lavery and Ferris, 2021). The routinely
obtainment during monthly milk records has led to a huge data availability of cow-individual MU

values, which in turn enabled research in the genetic and physiological field.
3.3.3 Milk urea (MU) as an indicator trait for NUE: quantitative genetics

Regarding MU genetics, the literature agrees on moderate heritabilities, ranging in Holstein
populations from 0.13 to 0.59 (Wood et al., 2003, Stoop et al., 2007, Stamer et al., 2011, Guarini et al.,

2019). MU heritability estimates were similar between 1% and further parities (Jahnel et al., 2021) and
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remained constant during the lactation period, which was depicted by high genetic correlations
between MU values within one lactation (r= 0.91 in 1° parity cows; r= 0.98 in 2" parity) (Stamer et al.,
2011). The latter aspect enables the utilisation of a repeatability model for variance component and
breeding value estimation for MU (Stamer et al., 2011). Although the estimation of genetic correlations
between MU and further breeding goal traits in milk differed slightly between studies (Wood et al.,
2003, Miglior et al., 2007, Stoop et al., 2007, Kénig et al., 2008, Stamer et al., 2009, Jahnel et al., 2021),
there is a general agreement on zero or weak genetic correlations between MU and the vyield
performance parameters in milk (milk-, protein-, fat-, lactose yield), and weak to moderate positive
genetic correlations between MU and the milk percentages of fat, protein and lactose. For example,
in the study of (Miglior et al., 2007), genetic correlations between MU and the yield parameters in milk
were estimated with r?= -0.094, r?>= 0.000, r?>= 0.000, and r?>= -0.092 for milk, protein, fat and lactose
yield, respectively. The percentages of fat, protein and lactose in milk were genetically correlated to
MU with r?= 0.425, r?= 0.2000 and r?= 0.299. The study was based on a random selected dataset with
60,645 test day records of 5,022 Canadian Holstein cows from 91 herds, in parities 1!, 2" and 3™ and
5 to 305 DIM. These findings suggest only minor consequences for milk performance, if MU would be

included in the breeding strategy (Stamer et al., 2011).

In short, the studies on MU genetics revealed that MU fulfils the general requirements for geBV
estimation (Table 2). However, the actual breeding practice does not conduct a molecular-genetic
investigation between the breeding goal trait and its potential indicator. Hence, the effects of selecting
individuals by indicator phenotypes first become visible in the following generations (post-selection)
(Stamer et al., 2011). Conclusively, if MU’s genetic profile templates NUE genetics, and thus, selection
with MU would select candidates with predisposed enhanced NUE cannot be evaluated by quantitative

genetics (i.e., via genetic correlations), due to the data lack in NUE.
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Table 2. Requirements for an indicator trait with regard to breeding selection.

Requirements for an indicator trait in regard of gEBV estimation® NUE MU

Phenotype data availability

Heritability

Repeatability (for a breeding value estimation model)

No undesirable (genetic) correlations to other breeding goal traits
Phenotypic similarity to the breeding goal trait

Economic weight

X v X v oV VU v
X v v X X X X

Phenotypic variety in a population
referring to (Berry, 2013), X= available and/or true; ?= not available and/or not known yet

3.3.4 MU as an indicator trait for NUE: phenotypic relationship of MU and NUE

The relationship between cow-individual MU and NUE, as well as between MU and the N utilisation
and N excretion in urine and faeces was subject to phenotypic study approaches. In a meta-analysis
the connection between MU, NUE and urinary-N excretion was evaluated in a dataset of 306 cows.
The cows were stalled in 50 experimental farms in Sweden and Finland, repeatedly measured for MU
and NUE, and treated with different diets (Nousiainen et al., 2004). Urinary-N phenotypes were
calculated by N intake — (milk-N + faecal-N). NUE and urinary-N were subsequently predicted from MU
by a regression model. Significantly (p- value > 0.001) high predictions were revealed for MU and NUE
(r’= 0.769), for MU and urinary-N yield (g/d) (r?>= 0.735), and for MU yield (g/d) and urinary-N yield
(g/d) (r’= 0.835). Similarly, significant correlations (p- value > 0.001) between MU and UU (r?= 0.63),
MU and UU yield (r’= 0.64), BU and UU (r?>= 0.78) were identified by direct measurements of UU in 24
multiparous lactating cows of the Swedish Red and White dual purpose breed (Gonda and Lindberg,
1994). The relationship between MU, UU and BU was further investigated in dependence on a linear
increase of dietary N supply (15% to 21% CP of DM) (Burgos et al., 2007). The dataset comprised twelve
multiparous lactating Holsteins in early, mid and late lactation. The results indicated a simultaneous
in- and decrease of MU and UU levels as a function of BU until a CP level of 20% in DM was reached.
At CP levels > 20% in DM, the UU and MU relationship diverged from linearity and differed between
early and late lactation stage. Various models that predicted UU and UU yield from MU were estimated
by (Kauffman and St-Pierre, 2001), (Jonker et al., 2002) and (Burgos et al., 2007). These prediction
models were applied on a dataset of 133,624 dairy cows (Holstein-Friesians (HF), Jersey (J) and HFxJ)
to quantify the UU vyield reduction by selecting sires in correspondence to MU breeding values
(Beatson et al., 2019). Under the assumption that a relationship between MU and UU would remain

stable over selection, a reduction of 6.6 kg UU per cow and year was estimated.

This assumption of a stable-over-selection MU:UU ratio was questioned by a study from the
Netherlands, where an EBV MU index was established for bulls (Sebek et al., 2007). The evaluation

dataset comprised 723 cows with individual repeatedly measured NUE data (entire dataset: 15,720
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records) and EBVs for MU that were retrospectively calculated. Cows with low EBV MU had
significantly less MU but did not show any differences in NUE or milk performance parameters. It was
concluded that breeding for low MU might alter the relationship between MU and urinary-N excretion,
since low MU phenotypes were not accompanied by higher N output in milk (i.e., NUE). However,
urinary-N was not measured and the authors admitted concerns about the reliability of the EBV
estimation, since most of the cows’ EBVs were estimated as expectation values only, by the average
of the EBV MU of the cow's sire and the cow's dam. In another study, phenotypes of high and low EBV
MUs were investigated in 138 cows (Correa-Luna et al., 2021). Significantly, less MU in cows with low
EBV MU was not accompanied by less urinary-N (urea + non-urea N fractions) yield (g/d), but by
significantly less milk yield. Under low-intensity conditions (milking once a day, 18.6 to 20.4% CP/kg
DM) cows with low EBV MU were pictured with lower NUE, due to reduced milk protein yield. These
findings contradict the weak or absent phenotypic and genetic correlations between MU and milk
performance, which were confirmed in high-scale sample sizes (see above: i.e., Miglior et al., 2007).
NUE and UN (g/d) did not derive from direct measurements, but from feed intake estimates and back

calculations, which were partly based on total milk-N, which in turn includes MU.

In a current review, it was assumed that selecting based on MU may lead to a different partitioning of
N in the body pool (Lavery and Ferris, 2021). Indeed, in a recent study, lactating Holsteins with higher
MU values (HMU: 277 + 9mg/I; n=10) were found to excrete on average significantly (p- value < 0.05)
less creatine, than animals with lower MU values (LMU: 189 + 12 mg/l; n= 10) (Mdiller et al., 2021).
These finding were assumed as a consequence of a significantly lower urinary clearance rate in the
kidney of HMU cows. There was no significant difference in UU excretion between HMU and LMU cows

in that study.

In brief, the investigations of the phenotypic relationship between cow-individual MU and NUE, N

utilisation and N excretion can be summarised by the following facts:

A phenotypic relationship between MU and NUE was significantly demonstrated and most probably
due to a linear phenotypic relationship of MU, UU, BU, which remained constant until a specific (very
high) CP level was reached (Gonda and Lindberg, 1994, Kauffman and St-Pierre, 2001, Jonker et al.,
2002, Nousiainen et al., 2004, Burgos et al., 2007). If this phenotypic relationship was genetically
linked, this linearity would have remained constant among selection for low MU candidates and
subsequently resulted in a reduction of UU yield (Beatson et al., 2019). The results of (Sebek et al.,
2007) and (Correa-Luna et al., 2021) questioned this hypothesis of a stable-over-election MU:UU
relationship. Both studies calculated urinary phenotypes (instead of direct measurements) and
concerns in the experimental designs were mentioned (EBV MU estimation (Sebek et al., 2007); very

high N supply, N intake calculation (Correa-Luna et al., 2021)). Different MU phenotypes were further
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observed to differ in renal clearance rates and consequently in the N partitioning of the body N pool

(Lavery and Ferris, 2021, Mller et al., 2021).
3.4 Rumen microbiome in dairy cows

The physiological key role of the symbiotic interplay between the cow and its rumen microbiome in

the N metabolism of lactating cows was described (chapter 3.1).

The classical knowledge of the rumen microbiology was based on anaerobic, culture-dependent
methods (McCann et al., 2014), which were limited to the identification of culturable microorganisms
(1% of rumen microbial species (McCabe et al., 2015). The development of DNA- based methods and
statistical pipelines for the analysis of —omics data enabled the culture- independent exploration of
the rumen microbiome and comprised a milestone in rumen microbial research in the last few years

(McCann et al., 2014).

Exemplarily, the 16S rRNA Amplicon sequencing approach, which comprises one of the most popular

DNA- based methods in microbiological approaches (lbal et al., 2022), will be described briefly.

The 16S rRNA Amplicon approach is based on the identification of microorganisms by the amplification
of a phylogenetic marker gene (Baker et al., 2003). Most commonly, a small subunit of the 16S rRNA
gene is chosen as the marker gene, due to its highly conserved, variable regions (e.g.: V3 and V4
region), which comprise phylogenetic sequence identity in microorganisms (McCann et al., 2014). In
short, the hypervariable regions of the 16S ribosomal RNA gene, which are present in a microbial
sample (e.g.: rumen fluid), are amplified by PCR with primers that have sample specific barcodes
(Kozich et al., 2013). The 16S amplicons are subsequently sequenced, and the sequence data is
subsequently filtered, aggregated into operational taxonomic units (OTU) by sequence identity (most
commonly >97% identity) and further aligned to phylogenetic assemblies in microbial databases (e.g.:
Silva: https://www.arb-silva.de) (Schloss et al., 2009). The 16S rRNA approach enables the taxonomic
annotation of the OTU sequences to the genus level and above (i.e., kingdom, phyla, order, family).
The microbial information content of this approach is generated by counting the amplified 16S rRNA

sequence abundances of the respective taxa (McCann et al., 2014).
3.4.1 Core rumen microbiota

The rumen microbiota constitute bacteria, archaea and fungi, with bacteria accounting for the most
abundant group (chapter 3.1, (Von Engelhardt et al., 2015)). Among the bacteria, a core rumen
microbiome, which mainly comprised the bacterial genera Prevotella, Butyrivibrio, Ruminococcus and
the families Lachnospiraceae, Ruminococcaceae, Bacteroidales and Clostridiales was found across

more than 30 different ruminant species and sub-species, including cattle, sheep, and goats
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(Henderson et al., 2015). For dairy cows, a rumen microbial core group was identified, which covered
between three- and two-thirds of total rumen microbial abundances in a population of more than 1000
cows (Wallace et al., 2019).The core group comprised 454 bacteria, which were assigned to 11 orders
and were present in at least 50% of the animals. The results of the study partly overlapped with the
results of Henderson et al. (2015; see above) and Sasson et al. ((2017); n= rumen fluids of 78 lactating

Holstein- Friesians).
3.4.2 Rumen microbiota: dietary, host non-genetic, and host genetic effects

Although the major abundance of all microbial core members remained stable across breeds (Holstein
Friesian and Nordic Red dairy cattle breed), geographical regions (four European countries) and diets,
the abundance of specific core members, as well as less abundant microorganisms, dynamically
adapted to environmental changes, which was depicted by shifting of microbial abundances
(Henderson et al., 2015, Loor et al., 2016, McCann et al., 2017, Wallace et al., 2019, Cholewinska et
al., 2021). For instance, it has been observed, that the host’s parity, lactation stage and the host’s
physiology condition provoke in- and decreases of specific microbial taxa abundances (Cholewiriska et
al., 2021). Moreover, in similarity to MU and NUE phenotypes, the dietary composition was
determined uniformly as the most important factor to influence the rumen microbial composition

(Henderson et al., 2015, Loor et al., 2016, McCann et al., 2017).

The study of (Wallace et al., 2019) uncovered a significant correlation between the abundances of 39
ruminal core members with the cows’ genotypes (taxonomic assignment to the order, family, or genus
level; confidence intervals= 95%). A host genome’s effect on microbial taxa abundances was
concluded, which was further evidenced by numerous studies of the quantitative genetics field (see
below), all of which considered potential for the modulation of the rumen microbiome by future
breeding strategies. Due to the high economic and socio-ecological interest, these studies of the
guantitative genetics field mainly focused on the rumen microbiome in the context of cow-individual

feed efficiency and methane emissions (e.g.: Myer et al., 2015, Roehe et al., 2016, Shabat et al., 2016,

Difford et al., 2018b, Ramayo-Caldas et al., 2020, Liu et al., 2021, Saborio-Montero et al., 2021,
Martinez-Alvaro et al., 2022), but enabled a massive increase in the knowledge on general aspects for
host-rumen microbiome —(efficiency) trait axes. The major findings are summarized below.

3.4.3 Rumen microbiota for breeding

The host genome’s effects on an animal specific rumen microbial composition was explored by
regression analysis between the host’s genotype and a dissimilarity matrix of ruminal taxa abundances.
Moreover, the host genetic effect on specific taxa abundances was evaluated on the basis of absolute

or relative taxa abundance, accordingly. In reference to the principle of heritability estimation, the
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host genetic effect was quantified and termed as h% (Difford et al., 2018b, Wallace et al., 2019,
Martinez-Alvaro et al., 2022). Based on 16S Amplicon data of 750 rumen fluid samples (lactating
Holsteins), filtered for presence/absence in at least >50% of the cows, h% for OTUs (relative
abundance) ranged between h%= 0.16-0.44 and between h%= 0.17-0.25 for genera (relative
abundance). Heritabilities were significant for 6% of OTUs (in total almost 4000 OTUs) and for 8 out of
144 genera (p- value < 0.05; FDR 15%). In another approach, metagenomics sequencing data from
rumen fluids of 363 steers (different diets, breeds, seasons, experiments) revealed significant
heritabilities for 194 out of 1107 genera with h%= 0.13- 0.61, including 20 genera with h% >0.40 (Po >
0.95) (Martinez-Alvaro et al., 2022). Considering the large impact of the environment (e.g.: dietary
composition), which frequently alters the bio-chemical ruminal balance, and consequently the
microbial composition (Liu et al., 2021), the host genetic effect on rumen microbial abundances might
be interpreted as the host genome’s adaptive competence to (re-) establish ruminal housing
conditions as a reaction on environmental ruminal imbalances (e.g.: by gene-expression) in order to

maintain a long-term symbiotic maintenance (Peterson et al., 2007).

It was further postulated that the utilisation of “holobiont” information, which included SNP data as
host genome information and 16S rRNA amplicon sequencing or metagenome data as microbial
information, enabled a more accurate trait prediction (methane), than the single prediction of the trait
by either the host genotype or the rumen microbiome (Pérez-Enciso et al., 2021). This was further
evidenced by another study in which the additive genetic effects of host and microbiome without
interaction, defined as “holobiability”, accounted for 42% to 59% of phenotype (methane) deviation,
whereas the respective host genetic and microbial effects explained 15% to 17% (heritability) and 15%
to 21% of the trait deviation (Saborio-Montero et al., 2021). This effect of the rumen microbiome on a
measured phenotype deviation was estimated on the basis of a dissimilarity matrix of taxa abundances

and termed as “microbiability” (Difford et al., 2018a).
3.4.4 Rumen microbiota for MU and NUE

So far, “holobiont” research in the context of NUE or MU phenotypes is rare. It was postulated that
about 50% of cow-individual MU variance can be attributed to differences in ruminal fermentation
(Hof et al., 1997), whereas the absence of ruminal fermentation differences was suggested to explain
the absence of a NUE-MU relationship (NUE determined by N isotopic fractionation, n=16 lactating
cows) (Cheng et al., 2014). Moreover, in a recent multiomics approach, based on metagenome
sequencing data, the rumen microbiome and the host metabolome were postulated with joint
contribution to cow-individual milk protein yields under standardised feeding and stalling conditions

(n= 20 lactating cows) (Xue et al., 2020).
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With regard to the above findings and the fact that the rumen microbial community was postulated as
the major determinant of the N metabolism in ruminants (Bach et al., 2005), it can be assumed that
MU and NUE phenotypes are majorly affected by the rumen microbiome, which in term is partly

attributed to host genetics.
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4 Aim of the studies

The molecular-genetic background of cow-individual N utilisation and N excretion, resulting in cow-
individual NUE phenotypes was found to be still unclear. The difficulty of NUE phenotype obtainment
established MU as the recently most appropriate indicator trait for NUE. Although MU fulfils the
requirements for breeding value estimation its prediction accuracy for NUE has not been finally
assessed. Moreover, the rumen microbiome was evidenced as an intermediary key player of cow-

individual N metabolisation, that provides partial host genetic dependency.

In order to identify molecular- genetic and ruminal principles of cow-individual NUE and its currently
most appropriate indicator MU, four study approaches were conducted which aimed to explore the
complex of cow-individual N utilisation and N excretion in its entirety as an important pre-step for

modern breeding strategy considerations (Figure 2).

2nd 3 gand 4N studies

Rumen microbiota

F 3
w

Host genome

M utilisation
M excretion

1* study 4" study

Cow-individual NU
MU phenotypes
Figure 2. Triangular relationship of host genome, rumen microbiota and cow-individual NUE.

The overall aim of the studies was defined as the identification and assessment of molecular-genetic
and ruminal determinants of cow-individual N utilisation and N excretion to enhance the knowledge

of cow-individual NUE with focus on MU as an indicator trait for potential breeding strategies.
In specific, the four studies aimed for:

The identification and assessment of genomic regions which are significantly associated with variance

in MU and a further eight N excretion metabolites in milk and urine in lactating Holsteins (1% study).

The identification and assessment of ruminal characteristics of cows with predisposed higher
compared to lower MU (HMUg vs. LMUg) by investigating the rumen microbial community at phylum

level and the gene expression in the rumen villi (2" study).
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The identification and assessment of ruminal mechanisms in cows with predisposed higher compared
to lower MU (HMUg vs. LMUg), fed with either normal or low CP-diet (NP vs. LP), respectively, as well

as the interaction of host- gene expression and rumen microbial abundances in HMUg vs. LMUg cows

(3™ study).

The identification and assessment of rumen microbial signatures assigned to a direct genomic breeding
value for MU (GBVMU), as well as their relationship to proxies of NUE in milk, urine and faeces in

lactating Holsteins (4™ study).
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5 Cow populations and experimental designs

Data material of the studies was obtained by sampling two different cow populations, which will be
titled as “Gut Dummerstorf” (1°t and 4™ study) and “Blue Cow” (2" and 3™ study) population in the
following chapters. A description of the cow populations and the respective experimental designs is
portrayed in Table 3. In brief, for the 1°* and 4% study a genotyped (50K MD Genome chip (45,613
SNPs)) population of 371 lactating Holsteins, which covered parities from 1 to 9 and all lactation stages
(at least 21 DIM) was sampled for rumen fluid, milk, urine, faeces, and blood on the practice- operating
dairy farm Gut Dummerstorf. Sampling was carried out in a maximum time- distance of 24h to the
monthly milk record, from which MU values and milk performance parameters were obtained.
Samples were taken from each cow once, by separating the cow after morning or evening milking. For
358 cows GBVMUs were estimated by the project partner (Vereinigte Informationssysteme

Tierhaltung, vit Verden, Germany).

The 2" and 3™ study based on a population of 20 non-pregnant lactating Holsteins, which were
grouped due to their predisposition for high or low MU values (HMUg vs. LMUg) determined by
deregressed proofs of an EBV for MU. The cows were grouped in pairs (each pair comprising one HMUg
and one LMUg cow). The cow pairs were housed under experimental conditions and fed with either a
normal or a low CP diet (NP vs. LP), in a 4x5 balanced design (NPxHMUg, NPxLMUg, LPxHMUg,
LPxLMUg; each n= 5). After two weeks, the cow pairs were slaughtered. Samples of rumen, kidney,
liver, and udder tissue and rumen fluids were obtained directly after slaughter. For the studies, which

contribute to this thesis, only the rumen samples (tissue and fluids) were analysed.
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Table 3. Cow populations, sampling, sampling designs and sample analyses.

Gut Dummerstorf

Blue Cow

Study approach

Cow population

Grouping

Sampling
conditions

Season of
sampling

Sampling design

1%tand 4t

371 (genotyped, 50K MD Genome
Chip, lactating Holsteins

GBVMU (4™ study only)

Practice-operating farm

February, March, April 2020

All samples of each cow once, max.
24h to milk record (milk sample)

2" and 3™

20 non-pregnant lactating Holsteins

Deregressed EBVMU (HMUg vs. LMUg)
and diet (NP vs. LP; 4x5 design, 3™ study
only)

Experimental farm

All season (2019 and 2020)

Sampling directly after slaughter

Sampling and sample analyses

Rumen fluid

Milk

Urine

Faeces

Blood

Rumen tissue
Udder tissue
Kidney tissue

Liver tissue

Rumen microbiota composition
via 16S rRNA Amplicon Sequencing

Monthly milk record data of one
entire lactation (14 months): urea,
protein, fat, lactose” and milk yield;
one-time  measurements  from
sampling trial: urea, protein, fat,
lactose” and milk yield, total milk-N
concentration, short and long chain
fatty acids”

Concentration of urea, allantoin, uric
acid, hippuric acid, creatine,
creatinine

N concentration in dry matter

Holistic metabolome profile®

Rumen microbiota composition
via 16S rRNA Amplicon Sequencing

Milk urea values of recent five milk
records before experimental start;
Milk-N metabolites (Miiller et al., 2021)

Urinary-N  metabolites (Mdller et al.,

2021)

Plasma metabolites (Mdller et al., 2021)
Holistic transcriptome profiling (HiSeq)

Holistic transcriptome profiling (HiSeq)®
Holistic transcriptome profiling (HiSeq)®

Holistic transcriptome profiling (HiSeq)®

“not utilised data in the studies, which are presented in this thesis
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6 Personal contribution to the experimental trials

| declare that my contribution to the experimental trials, the sample obtainment and laboratory

analyses was as described below.

“Gut Dummerstorf’ sampling trial (15 and 4" study)

e Organisation of the sampling trial “Gut Dummerstorf” and sample analyses (e.g.: planning of
the sampling procedure, intermediate communication between farm, Institute (three intern
research groups), and 3 external project partners (Vereinigte Informationssysteme Tierhaltung
w.V. (vit Verden), Qualitatsprifungs- und Dienstleistungsgesellschaft Mecklenburg-

Vorpommern mbH (MQD), RinderAllianz GmbH)
e |eading the sampling team (scientists and farm workers)

e sampling all cows (n=371) for rumen fluid and blood, and partially (supported by the sampling

team) for faeces and urine

e preliminary laboratory work for rumen microbiota analysis (DNA extraction, 16S rRNA
Amplicon PCR, library quantity and integrity checks), rarefaction of obtained milk record and

urinary analyses data (e.g.: correction of area under the curves from HPLC urine analyses)

“Blue Cow” sampling trial (2" and 3" study)

e sampling of liver, rumen, kidney, udder tissue and rumen fluid post-slaughter

e preliminary laboratory work for rumen microbiota analysis (DNA extraction, 16S rRNA
Amplicon PCR, library quantity and integrity checks), and for RNA holistic transcriptome

sequencing (RNA extraction, RNA quantity and integrity checks)
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7 List of experimental studies and personal contribution

The studies, which contribute to this thesis, are printed in the Appendix. | declare that my contribution
to the publications was as described below. A detailed description of my contribution to the
experimental trials, which underlie the studies, was given above. The contribution of the co-authors is

described in detail in the respective publication.
1t study:

Honerlagen, H., Reyer, H., Oster, M., Ponsuksili, S., Trakooljul, N., Kuhla, B., Reinsch, N., and Wimmers,
K. (2021). Identification of Genomic Regions Influencing N-Metabolism and N-Excretion in Lactating

Holstein-Friesians. Frontiers in Genetics, 1241. doi: 10.3389/fgene.2021.69955

Hanne Honerlagen performed, and HR supported the organisation of the sampling trial, cow sampling,

statistical analysis, data interpretation and writing of the manuscript. KW supervised the study.
2" study:

Honerlagen, H., Reyer, H., Segelke, D., Oster, M., Ponsuksili, S., Trakooljul, N., Kuhla, B., and Wimmers,
K. (2021). Rumen microbiota and host gene expression associate to predisposed milk urea (MU)
concentration in Holsteins. Proceedings of the World Congress on Genetics Applied to Livestock

Production, (WCGALP), Volume Novel Traits, Wageningen Academic Publishers, 2022.

Hanne Honerlagen and HR collected the samples, performed statistical analysis and interpreted the
data. Hanne Honerlagen conducted laboratory work and wrote the manuscript. CM, MP, and BK

organized and carried out animal husbandry. KW supervised the study.
3" study:

Honerlagen, H., Reyer, H., Segelke, D., Miiller, C.B., Prahl, M.C., Ponsuksili, S., Trakooljul, N., Reinsch,
N., Kuhla, B., and Wimmers, K. (2021). Ruminal background of predisposed milk urea (MU)
concentration in Holsteins. Frontiers in Microbiology, 13. doi: 10.3389/fmicb.2022.939711

Hanne Honerlagen and HR collected the samples, performed statistical analysis and interpreted the
data. Hanne Honerlagen conducted laboratory work and wrote the manuscript. HR assisted statistical
analyses and interpretation of the data. CM, MP, and BK organized and carried out animal husbandry.

KW supervised the study.
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4t study:

Honerlagen, H., Reyer, H., Abou-Soliman’l., Segelke, D., Ponsuksili, S., Trakooljul, Reinsch, N., N., Kuhla,
B., and Wimmers, K. (2021). Microbial signatures inferred from association with genomic breeding
values for milk urea concentration (MU) and their relationship to proxies for N-utilisation efficiency

(NUE) in Holstein cows. Journal of Dairy Science, Submitted 23" October 2022.

Hanne Honerlagen performed, and HR supported the organisation of the sampling trial and cow
sampling. Hanne Honerlagen performed laboratory work statistical analysis, data interpretation and
writing of the manuscript. HR assisted statistical analyses and interpretation of the data. KW

supervised the study.
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8 General discussion

The implementation of NUE into dairy cows’ breeding programs was considered advantageous for
socio- ecological, economic and animal’s welfare reasons, but is prevented by the lack in large-scale
NUE phenotype data. Cow-individual MU values are available at a large scale, which led to
considerations on the selection for low MU candidates, aiming to enhance NUE. In addition to MU,
proxies of cow-individual NUE are measurable in urine, milk and faeces. The host genome, the rumen
microbiome and the interaction between host genome and rumen microbiome were hypothesised to
mainly determine cow-individual NUE, its most prominent indicator trait MU and proxies of NUE in
milk, urine and faeces of lactating Holsteins. Based on a triangular relationship of host genome, rumen
microbiota and N associated phenotypes, which was assumed as holistic, underlying principle of cow-

individual N utilisation and N excretion, four study approaches were conducted (Figure 2).

Our studies explored the host genome-—trait axis (1°'study), the host genome-rumen microbiota
interaction (2"¢ and 3" study), and the triangular host genome—-rumen microbiota—trait axis (4™ study)
(Figure 2). The following chapters provide short summaries of the studies, discussion of the
experimental approaches, results and a potential integration of the respective study results. Moreover,
future research strategies are formulated and general considerations for breeding strategies on

enhanced NUE are contextualised.
8.1 Host genome—trait axis

The initial exploration of the triangular relationship underlying cow-individual NUE focused on the host

genome-—trait axis.
8.1.1 Short summary (1% study)

In the 1% study the genetic architectures of nine N excretion metabolites in milk and urine were
explored by a GWAS approach in 371 lactating Holsteins. For eight N metabolites, significantly
associated SNPs were identified. The corresponding genomic regions were discussed in the context of
positional (covering the SNP) and functional (biological function of the gene, max. 500kb to the left or
right of the SNP) candidate genes, by utilising the gene databases of Ensembl, NCBI, GeneCards and

published literature.
8.1.2 Study approach and results

Up to now, our GWAS for urinary phenotypes comprises a unique approach in dairy cows. The
collection of cow-individual urinary phenotypes is difficult, time-costly, and generally not feasible in
free-stall housed cow herds. Due to the separation strategy of cows directly after milking, our

experimental design enabled, in comparison to other studies, the collection of high- scale individual
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urine samples (n= 371, vs. e.g.: n= 10 cows (Bristow et al., 1992); n= 20 cows (Mdiiller et al., 2021)).
Optimal sample size for GWAS approaches cannot be uniformly defined (Korte and Farlow, 2013). It
was postulated that some phenotypes were mapped successfully in less than 100 individuals (Atwell
et al., 2010). However, for highly polygenic traits low sample sizes are crucial due to the lack in
detecting all QTLs underlying a trait (Atwell et al., 2010). The allele frequency and the distribution of
(unknown) causal genetic variants in the cow population investigated, as well as the linkage
disequilibrium (LD) between the SNPs and the unknown causal variants additionally influence the
statistical power (Visscher et al., 2017). The validation of our results in larger populations might

uncover additional associated regions.

Considering data accuracy of our study, the imputing of genotypes was conducted in a dataset with
more than 800,000 cows, which ensured high quality to the genotypes (Vit, 2022; access: 20.07.22).
The phenotypes were obtained “on farm”. Although sampling on a practice-operating farm cannot
fully control or quantify environmental factors, the sampling design in our study enabled equal
conditions of main factors, such as feed composition, daily routines (milking and feeding), cow stalling,
sampling max. 24h to milk record, temperature and climate conditions, which generally distort
physiological studies in large populations (Dahlhoff, 2014). However, it was not possible to control or
measure the cow-individual feed intake and the urine volume, which were both assumed to bias the

phenotypes.

Variability in cow-individual feed intake was considered to influence the amount of bioavailable N
(Riemeier, 2004), due to the slightly negative RNB in the feed ration, which in turn would impact the
quantity of urea synthesised. High urine volumes were further thought to dilute the urinary

metabolites (Cox, 2013).

The linear regression in GWAS approaches is often conducted with adjustment for covariates.
Covariate adjustment enables the estimation of the independent effect of a predictor variable, and
additionally reduces the residual variability (Wang et al., 2018). The latter improves statistical power
(Vansteelandt et al., 2009). However, the adjustment with a heritable covariate is problematic, if its
genetic variant was associated with the genetic variant of the target trait (i.e., pleiotropy) (Aschard et

al., 2015).

Considering that our GWAS aimed to identify the molecular- genetic architecture of the unbiased,
underlying traits, covariate adjustment for milk and urine phenotypes was applied. For milk
phenotypes, the cow-individual milk fat percentage was utilised as fixed effect in the models, to
account (indirectly) for differences in cow-individual N intake. The cow-individual milk fat to milk
protein ratio (FPR) was suggested as a potential indicator of energy balance (Grieve et al., 1986, Heuer

et al., 2000, Glatz-Hoppe, 2019). The energy balance in turn is highly genetic correlated to DMI (e.g.:
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re= 0.73; n= 682 lactating Holstein- Friesians in Buttchereit et al. (2011)). In regard of a confounding
between milk protein percentage and further milk-N phenotypes (Kebreab et al., 2010), not the FPR,
but solely the milk fat percentage was utilised as covariate, to adjust (indirectly) for differences in cow-
individual DMI variability (i.e., N intake). The milk fat percentage is significantly high genetically

correlated to the FPR (rg= 0.84-0.97 across lactation stages, p< 0.05; (Buttchereit et al., 2011)).

Urine traits were adjusted for covariates by urinary creatinine concentration for differences in urine
volumes. Creatinine is excreted independently of dietary intake, endogenous protein metabolism and
urinary concentration (Lindberg, 1989, Kraft, 2005), but as a function of muscle mass (Dijkstra et al.,

2013). The latter was considered by including the cow-individual body weight as additional fixed effect.

The validation of our results by the biological function of the candidate genes that were identified in
our study implied reasonable covariate adjustment. For example, gap junction protein alpha 1 (GJA1)
was identified as candidate gene for MU. GJA1 encodes connexin 43, a component of gap junctions
that contributes to the diffusion of low molecular weight substances into cells (Graham and Simmons,
2005, Kim et al., 2012, Hu et al., 2013). Gap junctions, which are composed of the connexin 43
component allow the diffusion of molecules <1,200 dalton (Stains et al., 2014). Considering the small
molecule size of urea (60.06 dalton) and its diffusion ability across the epithelia alongside
concentration gradients (Von Engelhardt et al., 2015, Biorama, 2022), an influence of GJA1 on the urea
pool and subsequently on MU sizes seemed conceivable. Furthermore, the genes RCAN2, CLIC5,
ENPP4, and ENPP5, were identified as potential candidate genes for UU in our study. All of these genes
were attributed a relevant role in the diffusion-driven reabsorption and filtration processes in the
nephron (Schwiebert et al., 1994, Jentsch et al., 2002, Vekaria et al., 2006, Wang et al., 2011), which

in turn majorly determines UU.

The current literature revealed additional overlaps between some genomic regions identified by our
study to similar phenotypes in ruminants. For instance, E74 like ETS transcription factor 2 (ELF2) was
suggested to explain individual variation in MN in our study, and was further postulated as a major
transcription factor, that drives the formation of milk protein in high yielding dairy cows (Maas et al.,
1997). A potentially important role of ELF2 for mammary gland development and milk component
variability was further evidenced in a network analysis approach in lactating goats (Zhang et al., 2020).
ELF2 mediates the translation of mRNA to protein and thus might also determine the rate of milk
protein synthesis. Milk protein is generally synthesized by the lactocytes, which utilise the influx of AA
and dispense unused AA as part of MN in milk. Increased, or decreased milk protein synthesis, induced

by ELF2, may therefore be hypothesised to impact MN.

Due to the lack of genetic analyses conducted on MN, UU and minor urinary-N fractions, a validation

of our results with these (exact) phenotypes by the current literature was not possible. This lack of
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genetic approaches on these traits is likely due to the difficult phenotype obtainment, which limits the
sample sizes (Shook, 2006, Berry, 2013, Gulinski et al., 2016). Standard milk record procedures provide
analyses of total milk-N and MU. Total milk-N is composed of protein-N (approximately 95%) and
smaller N fractions, the latter constituting urea as the major and most variable N metabolite
(approximately 70%) and minor N fractions, which were termed as MN in our study (Rafiq et al., 2016).
MN is composed of the same N metabolites that minor urinary-N fractions are (e.g.: hippuric acid,
creatinine (Bristow et al., 1992)). This might imply a possible shared genetic determination of MN and
minor urinary-N fractions. In our study, no overlapping QTLs for MN and minor urinary-N metabolites
were identified. However, considering that MN residuals pictured the sum of minor-N fraction
variation, instead of the single N metabolites, our results do not principally disprove a shared genomic
region. It has been stated that some of the minor urinary-N metabolites comprised relevant potential
to influence N,O emissions by interacting with other N metabolites in the urine composition (Kool et
al., 2006). For example, urinary hippuric acid was suggested to massively reduce N,O emissions by its
breakdown products (Dijkstra et al., 2013) and has therefore relevance for further genetic analyses,
considering the reduction of N emissions from dairy cows by breeding. A shared genomic region of
milk and urinary hippuric acid concentration would enable high-scale phenotype obtainment of cow-
individual hippuric acid excretion via milk samples. The determination of hippuric acid in MN and a
subsequent GWAS approach is proposed for future research, based on the hypothesis that a shared

genomic region between milk and urinary hippuric acid may exist.
8.1.3 Results with focus on MU and future research proposals

In comparison to MN and the urinary traits, MU and MUY are easily and cost-effective available by the
monthly milk record data. However, approaches on the genetic architecture of MU are rare, compared
to traits, which are incorporated in the current breeding goal (e.g.: milk yield, -protein-, fertility traits),
and comprise inconsistent results. For example, Bouwman et al. (2010) localized four genomic regions
on BTA 1, 6, 21 and 23 for one-time measured MU and MUY in Holstein-Friesians by a QTL approach.
Three significantly associated SNPs on BTA 1, 7, and 26 were detected for one-time measured MU (no
overlap to the QTL on BTA 1 in (Bouwman et al., 2010)) by a candidate gene approach in Brown Swiss
cattle (Cecchinato et al., 2014). Another three different genomic regions on BTA 4, 5 and 13 were
detected in the same breed and phenotype, but in a GWAS approach (Pegolo et al., 2017). Recently,
MU’s genomic background was subject to three studies (Ariyarathne et al., 2021, Atashi et al., 2022,
Van den Berg et al., 2022). Significantly associated SNPs for repeatedly measured MU were uncovered
to differ between parities and lactation stages in > 1,600 Dual-Purpose Belgian Blue cows (Ariyarathne
et al., 2021). Moreover, six novel candidate genes were identified in a population of 634 Holstein

Friesian, Jersey, and crossbred cows by Single-Step Bayesian Method (Atashi et al., 2022). In addition,
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the issue of inconsistent results of MU’s genetic architecture was considered by applying two single
GWAS approaches on data of two different countries (NZL and Australia) and a subsequent meta-
GWAS on data of both countries aiming to identify consistent genomic regions (Van den Berg et al.,

2022).

In general, the inconsistency of associated genomic regions suggests MU a complex, polygenic
architecture, which might be orchestrated differentially between breeds, lactation stages, and parities.
However, differences in the determination of the phenotype (one-time measured vs. repeatedly
measured MU), the genotype data (different SNP chips, haplotypes) and the statistical approaches
(GWAS, QTL-mapping, candidate gene approach, meta- GWAS) might have further prevented

consistency of results and impede inter-study validation.

Regarding our results in the context of the evaluating for MU as an indicator trait for cow-individual
NUE, our study did not uncover significantly associated SNPs or candidate genes that overlapped
between the covariate- adjusted MU model and the covariate- adjusted models for MN and urinary-N
excretion metabolites. However, when applying GWAS on the raw models of MU and UU, a shared
genomic region on BTA 9 was identified by one significantly associated SNP (additional analysis of MU
and UU raw models: SNP rs440003937, BTA 9, 61.34Mb in ARS-UCD1.2; access: 12.08.2022; for MU (-
logio (p- value))= 5.91, for UU (-logio (p- value))= 4.18; significance thresholds (-logio (p- value)= 4.31
(suggested) and 5.61 (genome-wide) (Honerlagen et al., 2021)). A number of seven genes is annotated
in the respective QTL (SNP position + 500 kb), which includes Ubiquitin Conjugating Enzyme E2 J1
(UBE2J1). UBE2J1 was targeted in the raw model for UU by an additional significantly associated SNP
(rs43608880; (-logio (p- value)=4.16)). UBE2J1 has also been identified in a GWAs approach for residual
feed intake and daily feed consumption in pigs and was further stated as being involved in the
regulation of protein metabolic processes in the same study (Do et al., 2014). In regard of these
findings, the identification of UBE2J1 in the MU and UU raw models may either be interpreted as a
shared genomic region of MU and UU phenotypes, which was mirrored by our covariate- adjusted
models, for instance due to pleiotropy of the covariate’s genetic variant and the MU and UU genetic
variants as described above (Aschard et al., 2015). Alternatively, it is possible that the overlapping SNP
association in the MU and UU raw models derived solely by the covariate genetic variant (N intake),
which confounded both, MU and UU raw models, when covariate- adjustment was not applied (Wang
et al., 2018). This latter assumption would support the covariate- adjustment in our study. Pros and
cons of covariate-adjustment in GWAS approaches were discussed above: (Vansteelandt et al., 2009,
Aschard et al., 2015, Wang et al., 2018) and assumed as plausible for our data. However, in general,
validation studies in huge cow populations across different parities, lactation stages, breeds, countries
and methods are suggested, considering that the results of our covariate-adjusted models may have

mirrored a genetic linkage between MU and UU. Regarding that accurate urine sample obtainment is
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limited to sample sizes on experimental farms (Lavery and Ferris, 2021), data sharing might comprise
an option for a high-scale UU GWAS approach. However, if feasible sample sizes without major inter-

study biases can be achieved, is questionable (Spanghero and Kowalski, 1997).

In regard of more than 300,000 Holsteins that constitute high-scale milk record phenotype data (milk
performance and MU) and genotypes, which derived by the same SNP chip that we utilised in our study
(see above: reference population for gBV estimation of milk performance, chapter 3.3.1, Table 1), a
practicable, additional exploration of a possibly shared genetic architecture of MU and UU and the

further N excretion traits might instead be conducted by the following steps:
e Grouping the reference population for high and low MU phenotypes.

e Allele identification of the SNPs, which we identified as significantly associated to the urine

traits in our study.
e Applying Student’s t-test on allele frequencies between (extreme) high and low MU groups.

Furthermore, regarding the major wastes of dietary N via faeces, the investigation of faecal-N
phenotypes, which were obtained in the “Gut Dummerstorf” cow population may unravel additional
genomic regions by a GWAS approach, which could be of particular interest, considering the postulated
absences of phenotypic correlations between N excretion in milk and urine to faecal-N. The
identification of SNPs that associate with faecal-N might therefore provide additional potential to
increase NUE. However, faecal-N is massively influenced by DMI (Stallcup et al., 1975). Hence, the
determination of associated genomic regions asks for accurate separation of the faecal-N phenotypes
to DMI. Genetic determination of individual faecal-N is therefore suggested if techniques for cow-

individual DMI data collection will become available at a large scale.
8.2 Host genome—-rumen microbiota axis

The 2" and 3™ study investigated the host genome-rumen microbiota axis (Figure 2). The rumen
microbiota were focused as host genome dependent and interactive key player of the cow-individual

N metabolism.
8.2.1 Short summaries (2" and 3™ study)

In the 2" and 3™ study the rumen profiles of 20 cows grouped for their predisposition of higher or
lower MU (HMUg vs. LMUg, n=10 each) were explored by utilising 16S rRNA amplicon sequencing data
(microbial data) and holistic transcriptome profiling (host- gene expression) of the rumen epithelia.
The 2™ study was conducted as a pre- study, giving a first glance into potential ruminal differences

between MU predispositions. The microbial data analysis revealed that HMUg vs. LMUg cows shared
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the same core microbiome, which was analysed at phylum level (mainly Bacteroidota and Firmicutes,
accounting for 78.7% of total rumen abundances). At family level, however, Monoglobaceae,
Ruminococcaceae and Acetobacteraceae were identified with significantly differential abundances
between the cow groups. Twenty-eight gene transcript abundances were further identified to

significantly distinguish the rumen profiles of HMUg and LMUg cows.

In the 3™study a further exploration of different ruminal mechanisms underlying MU predispositions
revealed that the microbial diversity at OTU level did not significantly differ between HMUg and LMUg
cows. A number of 10 significantly differential abundant genera (DAG) was assigned to the previously
identified families. The genes with different transcript abundances between HMUg and LMUg rumen
tissues were mainly assigned to pathways of the immune system and attributed enhanced immune
responses to LMUg compared to HMUg cows. A number of 53 microbial genera and 100 host- gene
transcript abundances distinguished the rumen profiles of HMUg and LMUg cows. The analysis of a
potential microbe- host interplay revealed 157 significantly correlated microbe- gene pairs and two
pronounced microbe—transcript clusters that correlated contrarily. The differential abundant gene
transcripts of the respective clusters revealed their contribution to urea cycle (Cluster ) and immune
responses (Cluster I1). Microbial and host- transcriptome data was further analysed separately for an
adaption to low CP diets within the respective cow groups. Whereas some genera were depicted by
in- or decreases as consequence of LP feeding in both, HMUg and LMug cows, some genera were
identified either in HMUg or LMUg cows, as well as one genus abundance was found to increase in
HMUg and decrease in LMUg cows when adapting to LP diet. The analysis of host-gene expression
revealed a massive adaption to LP diet in LMUg cows (> 1000 differential expressed genes (DEGs)), that
indicated downregulation of immune responses and energy metabolism. HMUg cows showed no

significant adaption to LP diets in their transcriptome.
8.2.2 Study approaches and results

The expensive analysis of transcriptome profiling via HiSeq and the fact that cows need to be
slaughtered for the obtainment of rumen tissue limit sample sizes for rumen transcriptome profiling.
The sample and grouping sizes in our study (n= 20 cows; grouping for MU predisposition n= 10;
grouping for MU predisposition x diet: n=4x5) were in accordance with other publications (e.g.: rumen
transcriptome of Holstein calves; n= 18; groups: n= 3 (Connor et al., 2013); skin transcriptome of
Holstein cows; n= 10, groups: n=5 (Scholey et al., 2013); blood leucocytes of Holstein cows; n= 16,
groups: n= 8; (McLoughlin et al., 2014)). The housing of the cows under standardised conditions
(experimental farm) and the valid determination of cow groups (MU predisposition) by deregressed
proofs of a breeding value for MU (> 8 million MU records in the estimation model, MU predisposition

further confirmed by repeatedly measured MU phenotypes) can be assumed to have reduced
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environmental bias, thus increased statistical power and the accuracy of our results. Moreover,
potential bias between the groups, for instance due to stress (cortisol level) at sampling time point,
was prevented by the experimental design, which comprised the pairwise housing and slaughter of
one HMUg and one LMUg cow each, assuming equal occurrence of a potential bias in both groups,

thus not biasing the comparative analyses.

Regarding the dietary effect in the context of the short lifespans of mRNA (mRNA turnover) in the

tissue (Huth, 2012), the following facts of the experimental design may further be noteworthy:

The dietary passage rate is majorly a function of DMI, which in turn is dependent on the dietary energy
concentration (Lebzien et al., 2005). Average energy contents of NP and LP diets fed within the
experiment comprised 6.1 + 0.2 and 6.2 + 0.2 MJ NEL/kg DM. The average DMI of the cows ranged
between 17.0 and 18.1 kg/day (Miiller et al., 2021). Based on the calculations in Lebzien et al. (2005)
a passage rate of 5.2% to 7.7% of DMI per hour can be assumed for the diets provided to HMUg and
LMUg cows. The cows were slaughtered and sampled 4h after morning feeding, hence it was assumed
that the rumen epithelia was still majorly exposed to the dietary effect at sampling time point, being

depictable in the transcriptome.

The differences in rumen profiles identified by our studies were determined by a descriptive approach
of differential microbial and transcript abundances. A possible insight into underlying biological
mechanisms, which contextualised the differential transcript abundances, was conducted by pathway
analysis. Our results depicted LMUg cows with higher immune responses compared to HMUg animals
and with downregulated immune response and energy metabolism associated gene cascades, when
supplied with LP diet. The predominant role of the immune response in our results, and the evidence
for a relationship between immune responses and MU levels (Timonen et al., 2017), immune activity
and the microbial composition (Bessman and Sonnenberg, 2016) and immune system and welfare in

the context of low CP diets (Sinclair et al., 2014) was discussed within the study.

In the context of immune responses, the predominant role of different gene transcript abundances,
which belonged to the bovine Major Histocompatibility Complex (MHC) attracted particular interest in
our results. MHC gene transcripts distinguished MU predispositions, were depicted as key players in
the host- microbial interaction and were evidenced as potential adapting mechanism to low CP diets
(Honerlagen et al., 2022). Differences in the MHC complex between the MU predisposition groups
were predominantly driven by the enhanced gene expression of Bovine Leukocyte Antigens (BOLA) in
LMUg compared to HMUg cows. BOLA genes are known as major contributors to the MHC (Ellis and
Ballingall, 1999, Lewin et al., 1999). In the context of MU predisposition, it may attract interest, that
one specific allele in the BOLA- DRB3 gene was found to be significantly associated with increased 305-

day milk, fat and protein yields in Holsteins (Sharif et al., 1999). Furthermore, genetic variants of the
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MHC gene complex were attributed to feed efficiency in Nellore cattle (Ribeiro et al., 2021), and
different frequencies and expression levels of MHC genes were associated with feed efficiency in hens

(Lamont et al., 1987) and pigs (Gondret et al., 2017).

Transcript abundances of the MHC gene complex were further evidenced as being majorly important
for the interaction with the rumen microbiota in our study and were particularly identified to dictate
the host T-cell reactivity to biochemical products of commensal bacteria (Bessman and Sonnenberg,
2016). In our study, the MHC genes, BOLA-B, BOLA-DOB and BOLA-DRA contributed to the correlation
cluster Il, which distinguished the rumen profiles of LMUg and HMUg cows by positive correlations of
their transcript abundances to the respective microbial subset abundances (host-microbiota
interaction analysis). The higher abundance of BOLA-DRA transcripts in LMUg compared to HMUg cows
was strikingly positively correlated to Roseburia abundances in the rumen fluid (r= 0.49; p- value=
0.03). Interestingly the Roseburia genus was mentioned in the context of intestinal health and explored
as probiotics for the restoration of beneficial flora (e.g.: (Neyrinck et al., 2011, Tamanai-Shacoori et al.,
2017, Yang et al., 2022)), whereas the immune response of the host genome is known to maintain the
symbiotic relationship with the beneficial flora (Peterson et al., 2007). The Roseburia genus was also
evidenced to maintain tight junction integrity in the intestine of mice (Tan et al., 2019). In regard of
higher abundance of BOLA-DRA and Roseburia in LMUg compared to HMUg cows, and lower plasma
urea pool sizes in LMUg compared to HMUg cows’ phenotypes (Mdller et al., 2021), it might be
speculated if an interplay between BOLA gene expression and Roseburia abundances promote a
commensal microbial community, which lowers the ruminal efflux of NHs-N across the rumen epithelia

by enhanced tissue integrity (Schubert et al., 2021).

The effect of a reduced dietary N-supply on the microbial community and on host specific rumen tissue
processes in HMUg and LMUg cows was explored on the hypothesis, that LMUg cows may possess
lower N input requirements, thus would be oversupplied by the CP concentration in standard diets.
Due to our results, which depicted significant downregulation of immune responses and energy
metabolism pathways in LMUg cows, when supplied with LP instead of NP diet, the host’s immune
activity was considered as a protective role for the host against the infiltration of toxic compounds
(i.e., high amounts of NH3-N) via the rumen wall (Bessman and Sonnenberg, 2016, Tannock and Liu,
2020). With regard to the severe energy requirements of the immune system (Gleeson et al., 2004,
Kvidera et al., 2017), the observed downregulation of energy metabolism pathways in LMUg cows
when fed the LP ration, is speculated as a result of an altered energy demand to stabilise the RNB. In
this context, it is further noteworthy, that HMUg cows showed no adaption in the transcriptome to LP
diet. Regarding a potential breeding selection strategy with MU in the future, calculations for the
optimal N requirement may ask for a profound validation. This includes but is not limited to accurate
N balance studies with a large cohort of LMUg cows and different diets, similarly to the study of
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(Martens et al., 2021) which was introduced above (chapter 3.2.1.1; > 11,000 Holstein cows housed in
an experimental farm, cow-individual NUE measurements, exploration of a gradual dietary RNB

decrease.

Among the pronounced identification of immune system pathways, which discriminated the rumen
profiles, gene cluster | in the host-microbiota interaction analysis revealed significant enrichment of
the urea cycle due to higher expression of Arginase 1 (ARG1) in LMUg compared to HMUg cows.
Arginase is an enzyme that catalyses the last reaction step in the urea cycle by facilitating the synthesis
of arginine into ornithine and urea. This result was discussed within the study, implying that LMUg
cow’s rumen tissue might facilitate the breakdown of arginine into ornithine and urea. In general, the
urea cycle is predominantly conducted by hepatocytes in the liver (Emmanuel, 1980, Razmi et al.,
2005). However, (Beck et al., 2009) stated the expression of ARG1 also in the rumen epithelium of
cattle, which implies catabolism of N-metabolites via the urea cycle in the rumen wall. Evidence of
considerable arginase activity was further postulated by Emmanuel (1980) and by Aminlari and Vaseghi
(1992) in the rumen epithelium, and was also observed in the kidney of domestic species (Aminlari and
Vaseghi, 1992), and in the mammary gland of lactating cows (Shaw and Petersen, 1938). In regard of
these findings analyses of the transcriptome profiles of kidney, liver and udder tissue, which were
obtained for LMUg and HMUg cows within the project, may deserve a specific focus on ARG1
transcripts and on a potential enrichment of the urea cycle by comparing LMUg to HMUg cows in
ongoing research. Moreover, considering a potential difference in the N partitioning between cows
with LMU and HMU phenotypes, which was hypothesised by Miiller et al. (2021), the transcriptome
analyses of the different tissues (kidney, udder, liver, rumen) and a subsequent across-tissue data
integration may uncover underlying principles of potential differences in the flown partitioning

between HMUg and LMUg cows.

Regarding the interpretation of results from pathway analyses, it should generally be considered that
significant pathway enrichment is in dependence on the number of genes loaded, and on the number
of genes annotated for the respective pathway. Although, optimal sizes of gene sets for enrichment
analysis have not been determined yet (Holmans, 2010), the enrolled gene list of cluster | in our study,
which depicted enhanced urea cycle due to ARGI transcript abundance, comprised 24 annotated
genes, which is small compared to the other gene lists enrolled by our study (68 to 1220 genes) or by
other studies (e.g.: 500 genes (Scholey et al., 2013), 3250 genes (McLoughlin et al., 2014)). Moreover,
although some bovine databases are available, these comprise only a few more than 3000 functionally
annotated genes (Fortes et al., 2010) (e.g.: compared to > 50,000 annotated pathways in Ingenuity
Systems (IPA), http://www.ingenuity.com), making them not feasible for enrichment analyses. That is
why pathway analyses for livestock are — to date — conducted on the basis of human and mouse
assemblies (Curwen et al., 2004, Notebaart et al., 2006), although it was evidenced that species specific
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gene annotations may limit their detection and annotation in the underlying assemblies (Karisa et al.,
2013). Our results of the pathway analyses and specifically the significant enrichment of the urea cycle
may therefore be interpreted as a primary understanding of differential rumen profiling between MU
predispositions, diets and host-microbe interactions, which asks for future exploration if underlying

tools become more applicable for species-specific data analyses.

8.2.3 Over study discussion: integration of genomic regions and and transcriptome profiling

for future research

From our results, particularly ARG1 and BOLA gene transcripts were emphasised as potential molecular
determinants of cow-individual N utilisation and N excretion. Hypothesising that genetic variants (i.e.,
SNPs) may underlie their differential transcript abundance in HMUg compared to LMUg cows, a further
exploration of these genes by a targeted sequencing approach in the Gut Dummerstorf cow population
is proposed. DNA material of the population is available and sequencing companies offer various
methods for targeted sequencing approaches as a standard procedure (e.g.: amplicon sequencing,
target enrichment, targeted gene panels; Eurofins Genomics (https://www.eurofinsgenomics.eu);

lumina (https://emea.illumina.com/); access both: 11.10.2022)).

In principle, a targeted sequencing approach isolates the region of interest from the entire genome in
a DNA sample, for instance by hybridization to a targeted probe. The target genomic region is
subsequently sequenced. Compared to whole genome sequencing, this approach enables accurate
and low-cost sequencing of specific genomic regions. The sequencing of the targeted regions can either
be conducted by next-generation sequencing (NGS), which is cost- efficient, if an entire gene panel of
interest exists, or alternatively by Sanger sequencing, which is considered as a cost- efficient and
accurate sequencing method, if the sum of sequenced base pairs is low (Eurofins Genomics
(https://www.eurofinsgenomics.eu);  lllumina  (https://emea.illumina.com/);  access  both:
11.10.2022)). Considering our results, NGS might be advantageous if additionally, to ARG1 and BOLA
genes, a set of DEGs is extracted from our results. Sanger sequencing is suggested, if ARG1 and BOLA

genes are small genes and no additional candidate genes are investigated.

The aim of a targeted sequencing approach with ARG1 and BOLA genes would be a potential
identification of SNPs in ARG1 and BOLA genes, which associate with phenotypes of N utilisation and
N excretion. Therefore, a comparison of ARG1 and BOLA gene sequences between the Gut
Dummerstorf cows grouped for high and low N excretion metabolites in urine and milk (traits of the

GWAS study), faecal-N or genomic breeding values for MU (GBVMU, 4™ study).

In addition to targeted sequencing, SNP discovery by RNA-Seq data was postulated as an efficient and

cost-effective approach, which was conducted successfully for transcribed genomic regions in livestock
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species (Jehl et al., 2021). This approach could be applied on our data by extracting the transcripts of
the ARG1 and BOLA genes from the holistic transcriptome profiles in the Blue Cow population. The
transcript sequences would be investigated for differences (i.e., SNPs) between HMUg and LMUg cows.
In general, SNP discovery by RNA-Seq is limited to the discovery of SNPs, which are localised in
transcribed regions (Canovas et al., 2010), hence, SNPs in introns, SNPs in promoter regions and in
general all genetic variants that are not localised in the transcribed region, but influence the transcript
abundance, cannot be identified. Moreover, allele-specificimbalance in the transcriptome profile (e.g.:
due to silencing of maternal or paternal allele) can bias SNP discovery by RNA-Seq approaches
(Stevenson et al., 2013). Despite these facts, the availability of the transcriptome profiles of the rumen
tissue, as well as from udder, kidney and liver tissues (analysis in the future) enables this approach
being conducted without any extra (sequencing) costs. Thus, SNP discovery by RNA-Seq is considered
as an efficient approach for the future exploration of ARG1 and BOLA genes as potential candidate

genes for cow-individual N utilisation and N excretion.

The integration of gene expression data and GWAS studies was proven to identify causal contributions
of candidate genes to diseases in humans (e.g.: (Bell et al., 2010, Musunuru et al., 2010, Small et al.,
2011)). A data integration approach of the QTLs identified by our GWAS and the DEG dataset identified
by the 2" and 3™ study, may provide a deeper insight into causalities of the host genome driving the
cow-individual N metabolism. Potential overlapping results, which might be uncovered by a profound
integration approach, may be speculated for the QTLs that were suggested for MU and MUY by the
GWAS and the DEG list, considering that the grouping factor underlying the DEGs was the MU
predisposition. However, the hypothesis of a different N partitioning, as well as significantly higher
urinary creatinine concentration in cows with LMU compared to HMU phenotype (Miiller et al., 2021),
implies that the transcriptome profiles of LMUg and HMUg cows could also comprise DEGs, which are
relevant for other N excretion metabolites than MU, thus data integration is proposed for all QTLSs(i.e.,

all N metabolism related traits) that were identified in the GWAS.

A first step for the data integration of our studies may comprise the genomic annotation of the DEGs
identified in the 2"¢ and 3™ study and the subsequent exploration of potential overlaps to the genomic
regions, which were identified as QTLs for N excretion metabolites in milk and urine by the GWAS.
Similarly, the annotation of results from the transcriptome profiles in kidney, udder and liver tissue is

suggested for comparison to the QTLs in the future.

So far, potential overlapping results of the 1% to the 2" and 3™ study were broadly explored by
comparing the suggested candidate genes identified by the GWAS to the gene identifiers of the DEGs,
which differentiated HMUg and LMUg cows in the 2" and 3™ study. This broad screening did not

uncover any overlaps. However, this can be due to various aspects, such as differences in the
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genotypes between the two cow populations, the mirroring of candidate gene transcripts due to the
holistic approach (noise) and the complexity of the trait (e.g.: a number of genetic variants, with each
having a small effect on a trait), tissue specific expression etc. (Huang, 2015, Uffelmann et al., 2021).
Moreover, considering that the majority of SNPs, which has been identified for complex traits map to
non-coding intergenic and intronic regulatory regions (Hindorff et al., 2009; Maurano et al., 2012], it
is conceivable that regulatory candidates, which were suggested by our GWAS (e.g.: E74 like ETS
transcription factor 2 (ELF2)), may contribute to the measured trait deviation without abundance in
transcriptome profiles. Similarly, also a protein- coding candidate gene may have not been depicted
the transcriptome profiles, due to a short and time point specific transcript abundances within a gene
cascade (Huang, 2015). For example, the QTL on BTA 7, which was identified by our GWAS, comprised
several genes with functional annotations in extracellular matrix formation and degradation (Col23A1,
B4GALT7, PHYKPL), in nuclear ribosomal processes (HNRNPAB, NHP2, RMND5B) and in intracellular
transports to the Golgi complex (TMED9), which may eventually imply time-point specific and

subsequent transcript abundance being not present at sampling time point.
8.3 Host genome-rumen microbiota—trait axis

Although the validation of microbial study results by inter- study comparison might be partly impeded
due to environmental biases (e.g.: feed ration, stalling factors), the underlying data (e.g.: 16S vs.
metagenome vs. cell culture), different data filtering procedures and the still rare knowledge of rumen
microbial processes, the microbial genera identified in the 2" and 3™ study partly overlapped with
other findings in N efficiency phenotypes of ruminants (goats, yaks, steers, beef). Some microbes
attracted further interest as part of the microbial signature inferred from GBVMU selection, which was
identified by the 4™ study. The 4% study explored the entire triangular relationship that had been

initially established to determine cow-individual N utilisation and N excretion (Figure 2).
8.3.1 Short summary (4t study)

In the 4™ study, the Gut Dummerstorf cow population was grouped for the upper and lower 15% of an
estimated genomic breeding value for MU (GBVumu n= 29, GBVimu n= 30; GBVmep n= 299). MU
phenotypes differed by 66 mg/l MU (p < 0.001) between the extreme cow groups (GBVumu vs. GBVimu)
MU and UU correlated significantly moderate (r= 0.25; p < 0.05), in the entire cow population, faecal-
N did not. The microbial analyses in the 4" study were conducted in a two step- approach by focusing
the rumen microbiota (i) as dependent attribute of the host genome (host genome—rumen microbiota
axis), and (ii) as potential drivers of NUE associated phenotypes (rumen microbiota—trait axis). The
microbial data was investigated in a diversity approach at OTU level (Simpson index) and for
differential abundances at genus level between the extreme GBVMU groups. No differences between

the groups were revealed at OTU level, but 24 microbial genera (partly) distinguished the rumen
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profiles of the extreme GBVMU groups and were consequently suggested as a microbial signature
inferred from genomic breeding selection for MU. The microbial signature comprised significantly
higher abundances of the ureolytic genus Succinivibrionaceae UCG-002 in GBViuy cows. GBVumu
animals hosted higher abundances of the genera Clostridia unclassified and Desulfovibrio, both of
which are prominent for their hyper-ammonia producing species (HAB bacteria). These findings were
in accordance with the results of the 2" and 3™ study in the “Blue Cow” population (higher abundance
of Succinivibrionaceae UCG-002 in LMUg cows; higher abundance of HAB bacteria in HMUg).
Moreover, an additional four genera of the microbial signature in the 4™ study were also identified to

distinguish the rumen profiles of HMUg and LMUg cows in the 2" and 3™ study.

The respective taxa abundances of the microbial signature were further investigated for their
relationship with proxies of NUE in milk, urine and faeces in the entire cow population by correlation
analysis (n= 358 cows). Three genera of the Lachnospiraceae family revealed significant correlations
to MU values and were emphasised as considerable players in the host genome—-rumen microbiota—
MU axis. The significant correlations of Prevotellaceae UCG-003, Anaerovibrio, Blautia and Butyrivibrio
abundances with MU measurements, MN and the N content in faeces further suggested their

contribution to genetically determined N utilisation in Holstein cows.
8.3.2 Host genome—rumen microbiota axis: results and future research proposals

In general, the modulation of specific microbial abundances is thought to improve phenotypic
performance of dairy cows (Weimer et al., 2010, Martinez-Alvaro et al., 2022). Indeed, the manual
transfer of rumen fluid from bisons successfully altered the rumen microbial composition in beef
heifers and was accompanied by an enhanced protein digestibility and N retention in the heifers
(Ribeiro et al., 2017). However, in addition to the fact that manual rumen fluid transfer is not practical
at operating dairy farms, the study of Weimer et al. (2010) revealed, that lactating Holsteins re-
established a host-specific rumen microbiome after near-total exchanges of ruminal contents. These
findings were assumed as the host genome’s influence to maintain an individual microbial
composition. The host genome’s effect on the rumen microbiota was further evidenced by
considerably moderate to high heritability estimates for entire microbial communities and for specific
taxa abundances (Roehe et al., 2016, Sasson et al., 2017, Difford et al., 2018b, Wallace et al., 2019,
Martinez-Alvaro et al., 2022). Moreover, the different abundance of the microbial signature (24
genera), which was identified by our 4™ study as being inferred from GBVMU selection, is suggested

as host genome dependent.

In regard of these findings, the modulation of the microbial composition by targeting genomic regions
on the host genome, which associate with beneficial microbiota abundances, might comprise a

considerable pre-step to influence phenotypes by future breeding selection strategies with microbial
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modulation. Due to the major role of the rumen microbiome for the N metabolism, such a “microbial

GWAS” approach is considered particularly important for a breeding strategy on enhanced NUE.

A microbial GWAS approach has been recently conducted in 1,028 pigs (Bergamaschi et al., 2020) and
in 40 dairy heifers (Golder et al., 2018). Whereas microbial phenotypes in pigs can be easily obtained
by faecal samples, the effort to obtain rumen fluids obviously impedes large-scale sample sizes and
thus statistical power of microbial GWAS in ruminants. Considering this aspect, the sample size of our
data (n=371 Holsteins) might enable comparably high statistical power for a bovine microbial GWAS.
Moreover, the identification of the microbial signature inferred from GBVMU selection and the rumen
microbial profile which distinguished HMUg and LMUg cows in the 2" and 3" study enables a focused

approach of specific microbiota with regard to the cow-individual N metabolism.

For a microbial GWAS approach in the Gut Dummerstorf cow population with focus on MU and further

NUE associated phenotypes the following steps are proposed:

e Establishing the microbial phenotypes, by extracting the count data of the microbial families

and genera identified in studies 2-4 in the Gut Dummerstorf microbial dataset.

e Normalisation of the count data either by variance-stabilizing transformation (vst) or by
relative abundances in the rumen fluid. Variance-stabilizing transformation provides a
normalisation of count data in dependence on the library size, but independent to the rest of
taxa abundances in a sample (Anders and Huber, 2010, Lloréns-Rico et al., 2021). The relative
abundance comprise a normalisation of the respective taxa counts in the context of the entire
microbial composition in each sample (Turpin et al., 2016, Weiss et al., 2017). Microbial GWAS
based on vsts or on relative abundances might therefore represent two individual, informative

approaches and are both suggested for application.

If significant microbe-SNP associations can be identified a further exploration of the respective

genomic regions may include:

e Their investigation in the bovine assembly for functional or positional candidate genes and in

the published literature.
e Their comparison to genomic regions identified by the 1% study.

e A particular interest for genomic regions, which associate with microbial abundances that in
turn were considerably related to faecal-N concentration (correlation analysis between
microbial signature and proxies for NUE, 4" study). Considering that proxies for NUE in milk
and urine were the consequence of host-assimilated N, whereas faecal-N majorly derives by

non-digested N (Stallcup et al., 1975), genomic regions which associate with faecal-N related
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microbes may reveal additional informative content on predisposed ruminal-intestinal

mechanisms of cow-individual NUE.

e The comparison to ruminal gene- expression patterns (DEG and cluster | and Il) that were

attributed to MU predisposition (2" and 3™ study).

e The investigation of allele frequencies of associated SNPs in the extreme GBVMU groups

(G BVHMU, G BVLmu).

SNPs identified by a microbial GWAS might be considered as potential targets of cow-individual N
utilisation and N excretion and considered for breeding strategies in the future. However, it should be
noted that an association study does not provide proofs of causality. Microbial GWAS results for weak
or not significantly heritable genera or OTUs may therefore be questioned. The findings of (Difford et
al., 2018b) indicated significant h% for 6% out of (almost) 4,000 OTUs and for 8 out of 144 genera (p-
value < 0.05; FDR 15%). Moreover, wide h% ranges between single OTUs and genera were evidenced
(h%s= 0.16-0.44 OTU; h%= 0.17-0.25 for genera (relative abundance) (Difford et al., 2018b). Regarding
the microbial families and genera identified by our studies, for some of them, significantly moderate
to high h%s were postulated (e.g.: Acidaminococcus h%= 0.54 (Martinez-Alvaro et al., 2022), Prevotella
and Butyrivibrio h%s= 0.23 to 0.33; uncultured Prevotellaceae h%= 0.32 to 0.45 (Wallace et al., 2019,
Martinez-Alvaro et al., 2022), Py > 0.95). Their considerable h?; as well as the fact that these genera
were identified in both of our cow populations (i.e., distinguished MU predispositions (3™ study) and
inferred from GBVMU selection (4™ study)) a host genome’s effect and a potential influence on MU
and further proxies for NUE seems conceivable. Thus, these genera are particularly suggested for a

microbial GWAS approach.

Due to the difficulty of rumen fluid sampling and the resulting lack in high- scale rumen microbial
phenotypes the integration of microbial phenotypes into breeding programs is not possible yet.
Sample sizes for initial gEBV estimation were calculated with at least 10,000 individuals (Calus and
Veerkamp, 2011). A study with comparable sample size for microbial phenotypes has not been
published yet (e.g.: n= 358 cows in our study; n= 363 in (Martinez-Alvaro et al., 2022); n= 750 in (Difford
et al., 2018b); n= 1000 in (Wallace et al., 2019)). However, adding microbial information was proven
to enhance the model prediction accuracy for methane phenotypes in dairy cows (Difford et al., 2018b,
Pérez-Enciso et al., 2021). In regard of this fact as well as in consideration of the massive increase in
microbial research in the last few years, a soon implementation of microbial information into breeding
models may not be far-fetched. In this context, microbial GWAS could contribute as an initial approach

to future “holobiont” breeding strategies.
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8.3.3 Rumen microbiota—trait axis: results and future research proposals

Whereas it is possible to quantify the host genome’s effect on (i) the entire microbial composition by
h%s estimates for a microbial dissimilarity matrix, and on (ii) specific microbial abundances by h%
estimates for single OTU abundances at different taxa levels, the rumen microbial effect on a specific
trait (microbiability) is generally estimated by regression analysis between a microbial dissimilarity
matrix, which is based on total rumen microbial abundances and the measured trait (Difford et al.,

2018a). The effect of specific taxa abundances on the trait cannot be estimated.

In regard of the fact, that N is required by all rumen microbes for growing processes (Von Engelhardt
et al., 2015), it seems conceivable that the majority of rumen microbes contributes to N associated
phenotypes. Thus, microbiability estimation might enable a reasonable approximation to what extent

the rumen microbiota contributes to cow-individual MU and further proxies of NUE.

However, at this time point a dissimilarity matrix and thus the results of microbiability estimation, is a
descriptive result of count data. Various normalisation methods were approached, which partly
overcome statistical issues of microbial count data, such as the comparability between OTU variance
of very high compared to very low abundant taxa (Love et al., 2014, Pérez-Enciso et al., 2021).
Nonetheless, yet it is not possible to account for the whole biological complexity of microbial

abundances driving a trait (Liu et al., 2021).

Our study results suggest that some genera are particularly important for cow-individual MU and
proxies of NUE. In regard of a microbiability estimation based on a dissimilarity matrix, the influence
of these potentially major players may be underestimated considering their differential abundance as
being only a small part of total ruminal abundance variance. A recent review suggested holistic
approaches, which integrate host genome, host transcriptome and host metabolome in addition to
the metagenome, metatranscriptome and the microbial produced metabolome and the host
metabolome for future approaches to enhance knowledge on the complexity of “holobionts” (Liu et
al., 2021). However, up to now the high costs of these -omics approaches hamper the number of
studies and high-scale sample sizes. A currently published multiomics approach was conducted on
metagenomics sequencing data and revealed that cow-individual milk protein yield was influenced by
the metagenome, the annotated metagenomics function, as well as by the microbial and host’s
metabolome. The study was conducted on samples of the 20 most extreme (very high, very low, n=10
each) phenotypes from a population of 374 cows (Xue et al., 2020). Furthermore, in a dataset of 48
beef cows, metagenomics analyses identified a breed effect on the microbial composition, which did
not affect the specific microbial functions, the latter being determined by the metatranscriptome data
(Li et al., 2019). Contrarily, Martinez-Alvaro et al. (2022) stated considerable heritabilities for rumen

microbial functions, which in turn would imply that breed effects should not be excluded as affecting
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microbial performance. These few publications might give an initial glance into the complexity of
“holobionts”, but also into the difficulty of valid results, due to low sample sizes and the data

complexity.

Considering our results, the overlapping findings of some specific microbes in both cow populations,
the identification by two different statistical methods within one cow population, the biological
assessment by the published literature, and the correlation analyses with MU and NUE proxies may
have provided a comparably valid identification of specific microbial key players in the host genome—
rumen microbiota—trait axis. Exemplarily, the identification of Cholstridia unclassified as one of these

ruminal key players is elucidated below:

e Cholstridia unclassified revealed considerable mean relative abundances in the Blue Cow
population by accounting for 0.2% of total ruminal abundances (790 genera) in all cows (n= 20)
and in the Gut Dummerstorf population, covering 0.3% of total ruminal abundances (1,064

genera) in all cows (n=358).

e Cholstridia unclassified was postulated as a genus, to which various hyper-ammonia producing
(HAB) species were assigned to (Paster et al., 1993, Bento et al., 2015, Libera et al., 2021). As a
result of their high proteolytic activity, HAB bacteria cause steep increases of ruminal NHs levels
that increase the NHj; efflux into the bloodstream (Hartinger et al., 2018), which in turn was
assumed to enhance the necessity for N detoxification into urea by the host, and would
consequently increase MU (Honerlagen et al., 2022). HAB bacteria were indeed stated to
negatively influence the NUE of ruminants (Hartinger et al., 2018), which was evidenced by their
higher ruminal abundances in Nellore steers with low NUE phenotypes (Bento et al., 2015) and in

low N recycling efficiency phenotypes of beef cattle (Alves et al., 2020).

e Our results identified Cholstridia unclassified as more abundant in genetically determined HMU

hosts in both cow populations (i.e, HMUg cows; GBVumu cows).

e Cholstridia unclassified was identified as differential abundant by one statistical analysis (sPLS-
DA) in the Blue Cow population and by both statistical analyses (DESeq2 and sPLS-DA) in the Gut
Dummerstorf population. In the correlation analyses between microbes and rumen transcriptome
of HMUg and LMUg cows (Blue Cow population), Cholstridia unclassified was assigned to
Microbial Group A. The abundances of microbial Group A were positively correlated to gene
cluster | (pathway enrichment: urea cycle) and negatively correlated to cluster Il (pathway

enrichment: immune responses).

e Cholstridia unclassified abundances were further depicted with significant (adj. p- value < 0.05)

positive correlations to MU (r= 0.18) and with significant negative correlations to total milk-N
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(MN: r=-0.17), milk protein yield (MPY: r=-0.16) and faecal-N concentration (FaecN r=-0.16) in

the Gut Dummerstorf cow population (n= 358).

Taking the results of our study approaches together, high ruminal abundances of Chlostridia
unclassified may be determined by host genetic predisposition for higher MU. This may lead to
enhanced ruminal NH3 efflux, which contributes to the host assimilated N pool that cannot be utilised
for milk protein build up (negative correlation to MN and MPY) but needs to be detoxified to urea
(positive correlation to MU; higher abundance in HMUg and GBVumy cows). Enhanced ruminal NHs; host
absorption would generally decrease the faecal-N losses (negative correlation to FaecN). Our studies
promote Chlostridia unclassified as a genus whose ruminal abundance is (partly) under host genetic
control and whose higher abundances may contribute to cow-individual higher MU and eventually

lower NUE phenotypes.
8.4 Applied breeding selection: difficulty of efficiency traits

Due to the fact that they are ratios of input and output, nutrient efficiency traits depend on the cow-
individual DMI, which in turn majorly affects the energy balance of high yielding cows (Buttchereit et
al., 2011, Spiekers, 2021). Per definition of the formula, low DMI is related to high efficiency. Hence,
“black box” breeding on high efficiency may result in selection for a trait that is like selecting for

reduced (or negative) energy balance (Pryce et al., 2014, Spiekers, 2021).

This conflict between energy and efficiency, which derives by the similarity of the formula for efficiency

and DMI, may also be assumed for NUE in regard of the following aspects:

In a standard diet, which contains 15% CP, the default N to feed protein conversion factor of 6.25
(Jones factor) and the default N to milk protein conversion factor of 6.38 (applied for milk record data),

the dependency between NUE (N in milk (g)/N intake (g)) and DMI can be formulated as:

MY x 1000 x (MP =+ 6.38)gN

NUE =
DMI x 1000 x (0.15CP + 6.25)gN

1MY= milk yield in kg; 2.MP= milk protein in %CP of 1kg milk; sDMI= dry matter intake in kg; 40.15 CP due to 15% CP in 1kg DM

The formula implies that a DMI increase leads to a decrease of NUE as a function of non-absorbed N
(which is desired). Certainly, NUE additionally decreases when DMI increases due to the feed to milk
conversion factor of < 1 (VandeHaar et al., 2016). Assuming exemplarily the feed to milk conversion
ratio of 1.95kg feed per 1kg milk, which was recently estimated for lactating Holsteins (Krpalkova et

al., 2021), NUE can be formulated as:
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1xMY x 1000 x (MP = 6.38)gN
1.95 x DMI x 1000 x (0.15CP + 6.25)gN

NUE =

1MY= milk yield in kg; 2MP= milk protein in % CP of 1kg milk; :DMI= dry matter intake in kg; 40.15 CP due to 15% CP in 1kg DM; sfeed to milk
conversion ratio: 1.95kg feed per 1kg milk (Krpalkova et al., 2021)

Considering the high average DMIs of 23kg DM/d in Holsteins (Martens et al., 2021), this multiplication
factor in the denominator massively decreases NUE of high yielding cows, due to feed-to-milk
conversion < 1, but independent to the N metabolism of the cow. Moreover, daily measurements of
cow-individual DMI and MY were analysed in a data set of >2.200 dairy cows (Holsteins (75%),
Simmental (20%), Brown cattle (5%)), which were stalled in ten experimental farms (Gruber et al.,
2006). Repeatedly, daily measured DMIs (28 weeks) ranged from 15.9 kg DMI/d to 20.8 kg DMI/d (86%
to 111% of average DMI (18.7 kg/d) between the cows. Daily DMls of individuals ranged from 5 kg
DMI/d to 32 kg DMIl/d. Increases and decreases of DMI were accompanied by increases or decreases
of MY, which were however not linear. In regard of these findings, it might be considered if inter-
individual NUE variation that was observed by applying the NUE formula may rather represent inter-
individual variation in the feed to milk conversion (i.e., feed efficiency) than inter- individual NUE

variation.

In addition to these issues of the NUE formula, which mainly derive by the definition of the
denominator (DMI similarity), the definition of the NUE formula’s numerator “N in milk” may further
be discussed. “N in milk” includes protein-N as major part (MP 95%), but also the milk’s NPN (MU and
minor N fractions, 5%). Although cow-individual variability in MU and minor N fractions might
quantitatively not affect total N in milk, the potential of the cow to utilise or excrete assimilated N

(protein-N vs. urea-N and minor N fractions) is not displayed by the NUE formula’s numerator.
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8.4.1 Novel goal trait: the “N efficient holobiont”

Given these facts of the NUE formula, an indicator trait for breeding strategies (i.e., MU) should not
aim to identically portray NUE. Instead, a more precise definition of the goal trait seems necessary,
which should subsequently be depicted by MU phenotypes. This novel goal trait might be defined as

the following:

“The N efficient holobiont is that individual, which enables
e the maximal ruminal utilisation of dietary N by microbial protein synthesis
e the maximal reutilisation of host-assimilated NHs-N by urea recycling

e the balanced symbiotic interaction between host and rumen microbiota, which rebalances

dynamically, when exposed to environmental changes (e.g.: diet)
e the maximal intestinal AA and (di-)peptide absorption

e the maximal utilisation of AA and (di-)peptides by the host for endogenous protein synthesis,

reflected by body maintenance, growth, and milk protein yield
e the maintenance to remain healthy and fertile.”
8.4.2 MU as an indicator trait for the ”N efficient holobiont”

MU data is available at a large scale. Moreover, MU is advantageous compared to the NUE formula
due to its direct determination in milk, instead of a calculated ratio. However, considering MU as an
indicator trait for a breeding strategy, which should depict the novel N efficiency trait, the following

aspects of MU data need to be considered:

A major impact of the absolute N intake, and consequently of DMI intake on MU levels was described
(e.g.: (Burgos et al., 2007), chapter 3.3.4). Hence, cow-individual MU record data is assumed to be
biased by cow-individual DMI variability. This assumption is substantiated by negative genetic
correlations between MU and fertility parameters (e.g.: female fertility r= 0.15 in early lactation (Chen
et al., 2021a)), the latter being an indicator of energy balance and DMI as described above (e.g.: (Pryce
et al., 2014, Ferreira Junior et al., 2018), chapter 3.3.1). At this time point, this bias of DMI cannot be
corrected due to the lack of (daily measured) cow-individual DMI data. Thus, although MU is available
at a large scale, selecting for low MU may result in selecting for low DMI, thus may have crucial

consequences for the energy balance of high yielding cows.

However, regarding that MU is a metabolite of detoxification instead of performance, the relationship

of MU and DMI might be speculated as phenotypic correlation without genetic linkage. Although the
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urea cycle is energy dependent (4 ATP per urea molecule), the absolute amount of energy costs for
detoxification is, in comparison to body maintenance and milk performance (i.e., protein synthesis),
low (Von Engelhardt et al., 2015). Basically, this would assume that breeding selection with MU is
possible without negative effect on the energy balance, if the error of cow-individual DMI could
precisely be quantified in a reference population. Regarding the high attractivity of efficiency traits for
breeding selection, applicable solutions for cow-individual DMI measurements are already established
on farm in Denmark, Sweden, and Finland (e.g.: camera techniques) and can be considered for high-
scale application in the near future (Thomasen et al., 2018, Seymour et al., 2019). A correction of MU
records via DMI data might therefore be approached. In this context, the following N specific aspects

ought to be a matter for consideration:

The quantification of the actual N intake requires precise determination of absolute dietary CP
including digestibility estimates of the respective N compounds (Fru Nji et al., 2005). Furthermore,
considering the separation of dietary compounds on the feeding table due to unhomogenised diets
(Preilinger et al., 2006), the calculated diets need to be validated by the actual provided diet on the

feeding table by samples obtained on farm.

Enhanced DMl increases the dietary passage rate, which in turn lowers the absorption time for AA and
(di-) peptides at the intestinal surface (Lebzien et al., 2005). Considering that MU mainly origins from
ruminal absorbed NPN (NHs, NH* and urea) that passes the rumen epithelia via fast diffusion (Von
Engelhardt et al., 2015), the effect of an enhanced dietary passage rate on the total amount of host
assimilated NPN and the resulting MU may only be minor. However, an increased dietary passage
majorly decreases the dietary CP digestibility, due to the reduced time for rumen microbial proteolysis
(Khol-Parisini and Zebeli, 2012). The reduced rumen microbial proteolysis in turn leads to less ruminal
NPN (Riemeier, 2004), thus might consequently bias MU. If future techniques allow high scale cow-
individual DMI data measurement, this bias might be quantified by MU measurements across different

DMI levels.

The RNB is a proxy of ruminal N availability. In general, negative RNBs aim for the increased ruminal
utilisation of recycled NPN by the microbes (Martens et al., 2021). RNBs are calculated per kg DMI,
thus accumulate in either ruminal-N over or N undersupply by each kg DMI variation, which in turn
would lead to higher or lower ruminal NPN and thus potentially to higher or lower MU (Riemeier,
2004). In addition to the total amount of dietary CP and the digestibilities of the respective dietary N
compounds, the RNB should therefore be additionally considered as a bias of DMI variation being

present in MU record data.
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8.4.3 MU for applied breeding selection: potential economic weight

The daily N intake relocates almost equally in milk, urine and faeces — diminished by minor amounts
for maintenance requirements (e.g.: N intake: 498 g N/d; milk-N= 157 g N/d, urinary- N =159 g N/d,
faecal-N= 180 g N/d in (Mdiller et al., 2021)). In similarity to other quantification approaches of cow-
individual N utilisation, MU focusses on the N retention in milk only. The phenotypic independency of
faecal-N and MU was described above and further evidenced by the phenotypes in the Gut
Dummerstorf herd. Breeding selection with MU is therefore assumed to not affect faecal-N.
Considering faecal-N losses being majorly determined by the N digestion and N absorption capacity at
the intestine (AA and (di-) peptides) a high similarity between faecal-N losses and feed efficiency can
be assumed (Spiekers, 2021). Hence, a reduction of faecal-N losses may derive in tandem if feed

efficiency or a similar trait is implemented in the breeding goal in the future.

In comparison to the small amount of urea in milk (e.g.: approx. 7% of total daily milk-N in (Mdller et
al., 2021)), urea accounts for 70% to 80% of total urinary-N, resulting in absolute UU excretions of
about 270g/d (Dijkstra et al., 2013, Miiller et al., 2021). Thus, in dependency on the stability and
validity of the relationship between MU and UU, a slight decrease in absolute MU would majorly
impact absolute UU. Moreover, considering urea as a diuretic molecule, which influences the urine
volume, a quantification of daily urine volumes in relation to MU and UU might be considered for the

future.

Assuming that MU can be precisely differentiated from N intake in the future, and the MU to UU
relationship exists, is stable and valid over selection (i.e., genetically linked) an economic weight for a
direct breeding value for MU would mainly refer to the quantification of UU yield. UU yield would
display the majority of absolute urinary-N losses (see above: 70%-80% of urinary-N is urea-N) and
accounts for approx. 35% of total N losses in urine and faeces (based on the examples above: urinary-
N =159 g N/d, thereof on average 75% urea-N; faecal-N= 180 g N/d in (Mduller et al., 2021)). A combined
calculation based on greenhouse gas savings as well as on a possible economic advantage due to feed

N reduction could be suggested.
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9 Conclusion

The integration of NUE into dairy cows’ breeding programs was thought to be advantageous for socio-
ecological, economic, and animal health’s reasons. MU was suggested as indicator trait for NUE, due
to its high cow-individual data availability, which enables genetic parameter and breeding value
estimation in established pipelines. However, study approaches of the last years did not achieve a
uniform knowledge on the stability and validity of the MU-NUE relationship. Moreover, cow-individual
DMI was assumed to bias MU records. A deeper knowledge on underlying principles of cow-individual

NUE is indispensable before MU can be seriously considered for breeding programs.

Due to the key function of the rumen microbiome in the N metabolism it was hypothesised that cow-
individual NUE is determined by the entire “holobiont” (i.e., host genome and rumen microbiome).
Current knowledge on moderate to high heritabilities of specific rumen microbial taxa let assume that

rumen microbial abundances are partly targeted by genomic enhanced breeding selection.

Four study approaches were conducted, which focused on the host genome-—trait, the host genome—
rumen microbiota and the entire host genome—-rumen microbiota—trait axis. The studies aimed for a
holistic exploration of cow-individual N utilisation and N excretion with focus on MU as a potential

indicator trait for genomic enhanced breeding selection to increase NUE

Regarding the host genome—trait axis, genetic variability (narrowed down to a few candidate genes
identified by SNP trait association) was identified, which is thought to influence the milk and urine N
excretion phenotypes that were studied. Further analyses of these genomic regions may provide
causal insights into the genetic-physiological relationships, leading to variability of renal and milk-N
excretion in Holstein cows. Our analyses revealed no overlaps in significant regions between milk and
urinary N excretion traits, which suggests an independent genetic architecture of the trait complexes.
However, validation studies in larger cow populations are strongly suggested, particularly due to an
overlapping QTL of MU and UU phenotypic raw models, without covariate-adjustment. If the genetic
variant that uncovered the QTL is associated to a covariates variability, which biased the MU and UU
raw models, or if it is indeed a genetic variant that associates with urea variability in both, milk and
urine, asks for clarification. If the latter is the case, selecting for MU would potentially enable UU in-

or decreases by pleiotropic effects.

The investigation of the host genome—-rumen microbiota axis revealed that a specific pattern of
microbial taxa and host transcript abundances distinguished the rumen profiles of Holsteins with high
compared to low MU predisposition (HMug vs. LMUg). Host specific immune responses were
evidenced to majorly determine this predisposed rumen microbial-host pattern. LMUg cows further

adapted to the dietary N reduction by differentially regulated immune responses in the rumen tissue.
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Although the underlying databases are based on human and mouse annotations it might be
conceivable that breeding selection for MU target genomic regions which determine immune
responses, thus influence maintenance and adaption of microbial taxa abundances with subsequent

consequences for N utilisation and N excretion phenotypes.

Overlapping results of the rumen microbiota analyses in both, the Blue Cow and the Gut Dummerstorf
cow population, implies that breeding selection for low MU might be accompanied by higher
abundance of ureolytic and lower abundance of hyper-ammonia producing (HAB) rumen bacteria. This
might enable an enhanced ruminal N utilisation and reduce N losses, due to a desirable ruminal (re)
utilisation of urea and the absence of steep ruminal NHs increases and resulting effluxes in the host’s
NPN pool. Our analyses evidenced the Chlostridia unclassified genus (HAB bacterium) as the most
validly determined ruminal player in the host genome—-rumen microbiota—N associated trait axis. Our
results would speculate lower ruminal abundance of Chlostridia unclassified as a consequence of an
LMU host genotype, an interaction of this genus with the host specific ruminal immune response and
a relation to LMU phenotypes by promoting the N incorporation into (milk) protein. However, this
speculation is based on our statistical approaches, overlapping results between our studies and the
current literature, thus is not causally proven. A validation and further exploration of our results in the
context of the entire “holobiont” as a determinant of cow-individual N utilisation and N excretion may

provide consistent results, which could subsequently be utilised for breeding application in the future.

Considering a serious application of GBVMU in breeding programs, it is mentionable that the
phenotypes in the “Gut Dummerstorf” cow population revealed significantly lower MU, UU and slightly
higher milk yields in GBV my compared to GBVuymy cows. Faecal-N concentrations, total milk-N and MP
were not affected by GBVMU selection. Assuming that MU can be precisely differentiated from cow-
individual N intake in the future, breeding selection with MU may enable greenhouse gas savings and

a reduction of dietary N on dairy farms.
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Excreted nitrogen (N) of dairy cows contribute to environmental eutrophication. The
main N-excretory metabolite of dairy cows is urea, which is synthesized as a result of
N-metabolization in the liver and is excreted via milk and urine. Genetic variation in milk
urea (MU) has been postulated but the complex physiology behind the trait as well as the
tremendous diversity of processes regulating the N-metabolism impede the consistent
determination of causal regions in the bovine genome. In order to map the genetic
determinants affecting N-excretion, MU and eight other N-excretory metabolites in milk
and urine were assessed in a genome-wide association study. Therefore phenotypes of
371 Holstein- Friesians were obtained in a trial on a dairy farm under near commercial
conditions. Genotype data comprised SNP information of the Bovine 50K MD Genome
chip (45,613 SNPs). Significantly associated genomic regions for MU concentration
revealed GJAT (BTA 9), RXFP1, and FRY1 (both BTA 12) as putative candidates. For
milk urea yield (MUY) a promising QTL on BTA 17 including SH3D19 emerged, whereas
RCANZ, CLIC5, ENPP4, and ENPP5 (BTA 23) are suggested to influence urinary urea
concentration. Minor N-fractions in milk (MN) may be regulated by ELF2 and SLC7A11
(BTA 17), whilst ITPR2 and MYBPC1 (BTA 5), STIM2 (BTA 6), SGCD (BTA 7), SLC6A2
(BTA 18), TMCC2 and MFSD4A (BTA 16) are suggested to have an impact on various
non-urea-N (NUN) fractions excreted via urine. Our results highlight genomic regions
and candidate genes for N-excretory metabolites and provide a deeper insight into the
predisposed component to regulate the N-metabolism in dairy cows.

Keywords: GWAS, emission, cattle, nitrogen, milk urea, non-urea nitrogen

INTRODUCTION

Dairy farming contributes with considerable amounts to total environmental nitrogen (N)
emissions 2020 (Uwizeye et al., 2020). Due to societal demands and political decisions, the
dairy sector is challenged to reduce its N-emissions in the near future. Generally, N-emissions
in dairy farming arise after digestion and metabolization of dietary crude protein (CP)
(Bryant, 1970; Abdoun et al, 2006). In detail, most of CP is digested by the microbiota
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to peptides, amino acids and ammonia (NH3). Depending on
the availability of energy sources in the rumen, ammonia is
utilized by microbes producing microbial protein (MOP) and
facilitating microbial growth. The MOP and rumen undegradable
protein are subsequently transported to and digested in the
cow’s small intestine. The resulting amino acids and smaller
peptides are absorbed by the intestinal epithelia. Non-digested
dietary N, microbial N originating from the large intestine as
well as endogenous N from the cow’s metabolism are excreted
with feces (Nfec). Surplus ruminal ammonia is transported
through the rumen epithelia and by blood proteins to the liver,
where it is metabolized to urea by hepatocytes. Urea is excreted
by urine and milk, or is transported via the blood stream
across the rumen wall or saliva into the rumen. Ruminal urea
is instantaneously converted to ammonia resulting in further
MOP synthesis, independent of the dietary crude protein level
(Munyaneza et al., 2017). Due to the dynamics of N-cycling, the
concentrations of blood urea (BU), urinary urea (UU), and milk
urea (MU) are directly correlated (Burgos et al., 2007). While
quantitative measurements of UU excretions are difficult to carry
out in practice, MU values are collected routinely in monthly
milk records. Thereby MU is measured via infrared technology,
which probably does not provide the highest accuracy but makes
measurements available at a large scale. Thus, MU is considered a
convenient parameter to assess N-excretion and N-use efficiency
in large populations with multiple measurements per individual
cow (Burgos et al., 2007, 2010).

In consequence of the cooperative N-usage between the
cow and the microbes in the digestive tract, all N-excretions
including MU, UU and Nfaec mean a loss of bioavailable N
(Munyaneza et al., 2017). Besides urea, further N-fractions are
excreted via urine and milk, comprising purine derivatives,
creatine and creatinine, as well as hippuric acid and ammonia
(Cox, 2013; Munyaneza et al., 2017). Although these non-urea-
nitrogen (NUN) metabolites account only for a small part of total
N-excretion, they also contribute to N-losses and N-emissions
into the environment (Jardstedt et al., 2017). Generally, there
is high variation in NUN-excretion (Cox, 2013), but also
evidence for phenotypic variation in MU concentration, which
is most commonly explained by the feed ration. Interestingly,
Aguilar et al. (2012) referred to phenotypic variation in
MU concentrations that could not be explained by ration
composition and determined the cow itself as a highly significant
factor influencing MU concentrations. The feed-independent
variation in MU concentrations has led to the assumption that
genetic components might have a significant impact on the
N-metabolism and thus on N-excretion of dairy cows.

Indeed, several studies have calculated moderate heritabilities
for MU concentrations in Holstein cows, ranging from 0.13
to 0.59 (Wood et al., 2003; Stoop et al., 2007; Stamer et al.,
2011; Guarini et al., 2019). Average heritability estimates over
a whole lactation comprised values from 0.24, 0.22 to 0.2 for
Holsteins in first, second and third lactation, respectively (Jahnel
et al,, 2021). Estimations of the genetic relationship between MU
concentrations and other milk production traits, such as milk-,
fat-, and protein yield (Wood et al.,, 2003; Stamer et al., 2011;
Hofener, 2019), and fat and protein percentage (Hofener, 2019)

showed only little or even no correlation. Considering these facts,
MU concentrations have a potential for breeding intervention
based on genotypes that might determine a more eflicient
N-metabolism. Interestingly, a conventional breeding value for
MU concentrations was calculated in consequence of political
decisions in the Netherlands (Sebek et al., 2007) but not much
has been published yet on the underlying genome regions. Only
in a few studies, quantitative trait loci (QTL) for MU have been
detected. For example, Bouwman et al. (2010) localized four
genomic regions on BTA 1, 6, 21 and 23 for MU concentration
and MU yield, using genotypes and test day data from 1926
Holstein-Friesians in the Netherlands. Cecchinato et al. (2014)
detected three significantly associated SNPs on BTA 1, 7, and 26
in Brown Swiss cattle, while Pegolo et al. (2017) found regions on
BTA 4, 5, and 13 significantly related to MU concentrations.

Apparently, the functional biodiversity and the quantitative
character of MU make it difficult to determine genomic
regions consistently associated with N-metabolism in dairy cows.
Consequently, in the current study, in addition to the commonly
investigated traits (MU concentration and MU yield), further
N-excretion metabolites that are involved in N-metabolism were
investigated in a genome-wide association approach. Specifically,
the list of traits comprised MU, MU yield (MUY), urinary urea
(UU), total minor N-metabolites in milk (MN) and four specific
NUN-fractions in urine. The aim of our study was to uncover
genetic variants and genomic regions that are significantly
associated with MU and other N-excretion and N-metabolism
traits in order to better understand the genetic background of
N-metabolism in dairy cows.

MATERIALS AND METHODS

Animal husbandry and sampling were carried out according
to the guidelines of the German Animal Protection Law. All
protocols were approved by the Institute’s Animal Welfare
Commission. The experimental protocol is in strict compliance
with the German Animal Welfare Legislation, has been approved
by the Ethics Committee of the federal state of Mecklenburg-
Western Pomerania, Germany (Landesamt fiir Landwirtschaft,
Lebensmittelsicherheit und Fischerei; LALLF M-V7221.3-2-
019/19) and is in accordance with the ARRIVE guidelines.

Cow Population

For this study, all 371 lactating Holstein-Friesians owned by the
practice operating dairy farm Gut Dummerstorf (Mecklenburg-
Western Pomerania, Germany) were investigated. The entire
herd was housed in a free stall pen, fed twice daily (6.00
a.m./p.m., ad libitum) and milked twice daily (4.00 a.m./p.m.) in
a2 x 14 side-by-side milking parlor. All cows were fed the same
ration, which provided 7.26 MJ NEL/kg dry matter and 15.4%
crude protein resulting on average in a slightly negative ruminal
nitrogen balance of -0.9 g N/kg dry matter. The composition
of the ration was constant throughout the trial. The cows were
in 1st to 9th lactation and at least 21 days in milk. The average
herd’s daily milk yield was 36.2 kg per day with an average
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lactation duration of 364 days. The cows descended from 145
sires and 163 dam sires.

Sample Collection and Analysis

The trial was carried out in four subsequent sampling time points
in spring 2020. Milk samples were obtained as pooled samples
of morning (25 ml) and evening milking (25 ml) for each cow
in the monthly milk record procedure (in total 50 ml per cow).
Individual urine samples (10 ml) were collected in a maximum
time distance of 24 h relative to the monthly milk record
procedure (n = 371). The cows’ body weights were recorded two
times during the entire trial right after the morning milking.

Milk constituents were measured by the State Control
Federation of Mecklenburg-Western Pomerania. From each
cow, the pooled milk sample (50 ml) was conserved in a
Bronopol/Kathon mixture and stored at 4°C for not longer
than 48 h before urea content was determined using mid
infrared spectroscopy (CombiFoss 7, Foss, Hilleroed, Denmark).
Therefore, milk samples were homogenized and heated to 40°C
and the absorption measured at the corresponding wavelength
was electronically transformed on the basis of a regression
calculation (Partial Least Squares) into MU concentrations
(mg/1). Furthermore, data including protein, fat, lactose and milk
yield of monthly milk records were available from the herd.

In addition, the total N content of milk was analyzed
by MQD (Qualitétspriifungs- und Dienstleistungsgesellschaft
Mecklenburg-Vorpommern, Giistrow, Germany) according to
the Kjeldahl method in accordance with ASU §64 LFGB L 01.00—
10/1. Results were converted to milk crude protein (g/100 g),
using the factor 6.38.

Urine samples were obtained right after morning or evening
milking by dorso-ventral stimulating massages, ventral of
the vulva and during spontaneous urinating. The urine was
immediately stored in 15 ml tubes on ice, before it was frozen
at -20°C. Frozen urine samples were thawed on ice, homogenized
and centrifuged at 13,000 x g and 4°C for 5 min before they were
analyzed for urea and NUN-metabolites. Urea was diluted 20-
fold in water and analyzed photometrically at a ABX Pentra C400
clinical chemistry analyzer (HORIBA Europe GmbH, Oberursel,
Germany). The NUN-metabolites were measured by HPLC
(1200/1260 infinity Series; Agilent Technologies, Waldbronn,
Germany) as previously described (Miiller et al., 2021). Detection
and quantification of NUN-metabolites were conducted at
230 nm with exception for allantoin and creatine at 210 nm.

Phenotypic Traits

Nine phenotypes, divided into repeatedly measured traits (RMTs)
and single measured traits (SMTs), were generated from milk and
urine data. RMTs represent the entire cow individual lactation
by using the available milk record data of 14 months. SMTs are
derived from one-time measurements during the sampling trial.
RMTs using milk data are MU in mg/l and MUY in g. For MU,
values of 14 months milk record data were averaged for each
cow. MUY was generated by multiplying the individual daily milk
yield with the MU value of each test day in the 14 months period,

summed up and averaged. Milk nitrogen (MN) is the only single-
measured milk trait and contains all N-fractions in the milk, i.e.,
protein-N and non-protein-N (NPN) in g/100 g milk.

All urine traits represent SMTs, expressed in mmol/l urine.
Urinary traits comprise UU and the purine derivatives allantoin
(AL) and its precursor uric acid (UA). Furthermore, hippuric acid
(HA) and creatinine (CRE) as well as its precursor creatine (CR)
were quantified.

Genotype Data

The whole cow population of Gut Dummerstorf was genotyped
in the course of the German-wide genotyping project KuhVision
(Rensing et al., 2017). SNP chip data of the project was imputed
by vit Verden (Vereinigte Informationssysteme Tierhaltung,
Verden, Germany) on the Bovine 50K MD Genome chip
(45,613 SNPs). The imputing was conducted as part of the
genetic evaluation routine with 825,999 Holstein cows and
pedigree information of 2,467,138 animals, using FIMPUTE
version 3.0 (Sargolzaei et al., 2010). The imputing accuracy per
chromosome was reported to be 99.5-99.7% by vit Verden.
Probe sequences of the SNP chip were mapped to the current
bovine genome assembly and the annotation of markers was
updated to ARS-UCDI1.2 (access 01 September 2020). Markers
not mapping to autosomes in ARS-UCDI1.2 were discarded
(1,940 SNPs). Furthermore, genotype data was filtered for minor
allele frequency (MAF) > 0.05 and deviation from Hardy
Weinberg equilibrium (p > 1 x 107°) (4,220 SNPs discarded).
After imputing, mapping and filtering, 39,453 SNPs remained for
genome-wide association analysis.

Genome-Wide Association Study (GWAS)

A two-step approach was utilized to identify genomic regions
associated with nitrogen phenotypes in milk and urine
conducting the GAPIT R package with the BLINK method
and default parameters (Lipka et al., 2012; Huang et al,, 2019).
In a first step, all phenotypes were adjusted for environmental
effects in a linear model, giving residuals for each trait. The
phenotypes were adjusted as follows: For MU and MUY, the
average milk fat content of the lactation was included as covariate
in the model accounting for differences in feed intake between
individuals, considering the slightly negative RNB in the feed
ration. For MU, lactation number, which separates cows in their
first lactation from other cows, was considered as fixed effect in
the model to correct for physiological protein anabolism in the
course of growth during first lactation. Lactation number was
not included in the model for MUY, due to a confounding with
milk yield, which is a component of MUY calculation. For MN,
milk protein and MU content of the test day were integrated
as covariates in the model to investigate only the NPN-and
NUN-fractions in milk. In addition, for MN and for UU, the milk
fat content of the test day was included as covariate to account
for variation in feed intake. For all urinary traits, except for CRE,
the covariates CRE and body weight were used to correct for
differences in urine volume. CRE was adjusted for deviation in
muscle metabolism with body weight as covariate.

In a second step, GWAS was performed with the trait residuals
by using the Bayesian information and Linkage-disequilibrium
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Iteratively Nested Keyway (BLINK) method. BLINK executes
two fixed effect models in an iterative approach. One of which
accounts for population stratification by testing each SNP one
by one with multiple associated SNPs that are fitted as covariates
on the testing SNP. The second model selects the covariate SNPs
instead of a kinship matrix to correct on the relationship in the
population investigated. With this approach, BLINK abolishes the
necessity for the genes underlying a trait to be evenly distributed
along the genome in order to enhance statistical power (Huang
et al., 2019). For each trait, a quantile-quantile (QQ) plot was
generated, based on the observed P-values.

To account for linkage disequilibrium between markers,
the R script SimpleM was used to estimate the number of
independent tests. SimpleM calculates a composite linkage
disequilibrium matrix from the SNP genotypes and uses this
matrix in a principal component analysis to determine the
effective number of independent tests (Gao et al., 2008). For
the data set 20,517 independent tests were ascertained. The
significance thresholds were consequently set at 1/20,517 [-log10
(P-value) = 4.31] for suggestive significance and at 0.05/20,517
[-logl0 (P-value) = 5.61] for genome-wide significance (Lander
and Kruglyak, 1995). Genome-wide results for each trait were
visualized in Manhattan plots.

Data Integration and Candidate Genes

Based on the results from GWAS, the genomic regions
surrounding the significant SNPs were examined for each trait. In
accordance with Saatchi et al. (2014), 1 Mb regions were defined
around the significant SNPs (500 kb each direction from the SNP)
as putative QTL regions. The QTLs were manually investigated
for the two genes closest to the right and left of the significant
SNPs and for positional (covering significantly associated SNP)
and functional (postulated function with relevance to the
trait) candidate genes. Genomic information and functional
annotations of genes were extracted from GeneCards' and
Ensembl®.

'http://www.genecards.org
Zhttp://www.ensembl.org

RESULTS

Both the milk and urine traits showed appreciable variation
in the Holstein population studied (Table 1). However, urine
traits showed a considerably higher variability compared to milk
traits. This might be due to varying urine volumes, which led
to a dilution or concentration of the urine components (Spek
etal, 2012). QQ plots from GWAS are shown in Supplementary
Figure 1 for all traits, indicating that the approach used was
suitable to control for population stratification.

Urea in Milk and Urine

For MU, three significant SNPs were identified, which mapped on
BTA 9 (rs41609177) and on BTA 12 (rs110792428, rs110799535)
(Table 2 and Figure 1A). On BTA 12 both significant SNPs
are located in the same QTL region between 28.8 and 29.9 Mb,
which comprises six putative candidate genes. The region on
BTA 9 indicated at 29.8 Mb contains the annotated genes gap
junction protein alpha 1 (GJAI) and domain family member 32
(TBCID32).

For MUY as the consolidating trait of milk urea and milk
yield, rs41835093 and rs41835125 were found to be significantly
associated (Table 2 and Figure 1B). The two SNPs mapped on
BTA 17 at 6.6 Mb, only 0.03 Mb apart from each other. They are
located in the positional candidate gene SH3 domain containing
19 (SH3D19). Furthermore, in close vicinity six other genes are
annotated in this QTL region.

For UU, as the quantitatively most relevant nitrogen fraction
in urine, rs109244808 on BTA 23 indicated a single QTL at
18.9 Mb (Table 2 and Figure 1C). The QTL harbors five genes,
including chloride intracellular channel 5 (CLIC5) and regulator
of calcineurin 2 (RCAN2).

Non-urea-N (NUN) in Milk and Urine

For MN, which represents minor NPN and NUN-metabolites
in milk, QTLs on BTA 4, 16, and 17 were indicated by
five significantly associated SNPs (Table 2 and Figure 2A).

TABLE 1 | Descriptive statistics of milk and urinary nitrogen traits in Holstein cows.

Acronym Trait Unit Matrix Analysis Min Max Mean SD N
MU Milk urea mg/! Milk RMT2 121.00 274.54 192.53 24.80 371
MUY Milk urea yield g Milk RMT 3.64 10.53 6.84 1.37 371
uu Urinary urea mmol/I Urine SMT 13.40 308.00 102.54 49.63 331¢
MN Milk nitrogen g/100 g Milk SMTP 2.70 4.75 3.62 0.38 3689
UA Urine acid mmol/l Urine SMT 0.40 3.06 1.52 0.31 331¢
AL Allantoin mmol/| Urine SMT 1.59 31.68 18.01 5.48 331°
HA Hippuric acid mmol/I Urine SMT 5.99 60.70 27.04 9.93 331¢
CR Creatine mmol/l Urine SMT 0.49 12.61 3.64 1.80 331¢
CRE Creatinine mmol/I Urine SMT 0.75 9.35 4.35 1.59 331°

8RMT, repeated measurement trait.
bSMT, single measurement trait.

CReliable body weight measurements could only be recorded in 331 out of 371 cows, resulting in 331 phenotypes for urine traits since body weight was included as

covariate in the urine models.

9Three samples out of initially 371 had been discarded in laboratory analysis resulting in 368 MN phenotypes
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TABLE 2 | Overview of QTLs and suggested candidate genes for N-traits identified by GWAS.

Trait BTA? QTL interval (Mb)° Significant SNP -logo (P-value) MAF® R2d Candidate gene®

MU 9 29.29-30.29 rs41609177 4.73 0.26 0.06 GJA1, TBC1D32

MU 12 28.84-29.89 rs110792428 4.50 0.42 0.06 RXFP2, FRY
rs110799535 4.86 0.41 0.06

MUY 17 6.12-7.15 rs41835093 4.81 0.31 0.07 SH3D19, PRSS48, LRBA, RPS3A
rs41835125 4.36 0.38 0.06

uu 23 18.49-19.49 rs109244808 4.54 0.14 0.05 CLIC5, RCANZ2, ENPP4, ENPP5

MN 4 20.65-21.65 rs43375405 4.91 0.44 0.05

MN 16 57.55-58.85 rs41814676 4.52 0.10 0.04 ASTN1
rs41814682 4.52 0.10 0.04 PAPPA2

MN 17 18.57-19.57 rs41576712 5.89 0.188 0.06 SLC7AT11

MN 17 17.56-18.56 rs109749663 4.85 0.06 0.05 MGST2, ELF2

UA 7 63.30-64.30 rs42372803 5.45 0.36 0.06 NMUR2

HA 7 38.87-39.87 rs109848970 8.82 0.07 0.09

HA 12 74.36-75.36 rs43706910 5.96 0.32 0.05

HA 17 69.78-70.78 rs41634411 5.59 0.37 0.06 SFI1

CR 4 116.16-117.16 rs109873598 4.37 0.24 0.05 DPP6

CR 5 82.0-83.00 rs110770413 4.85 0.31 0.06 ARNTL2, ITPR2

CR 5 65.16-66.16 rs41590238 4.83 0.06 0.06 MYBPC1

CR 6 46.21-47.21 rs43705592 4.31 0.32 0.06 STIM2

CR 7 63.44-64.44 rs110536156 5.12 0.40 0.06

CR 7 67.16-68.16 rs42332347 4.53 0.39 0.05 SGCD

CR 18 23.62-24.62 rs109756131 4.74 0.41 0.06 SLC6A2

CRE 16 2.51-3.51 rs41787830 4.35 0.15 0.06 TMCC2, MFSD4A

4Bos taurus autosome.

bCompiled according to Saatchi et al. (2014).

®Minor allele frequency of the significant SNR

9Calculated by linear regression between phenotype residuals and SNP-alleles.

eSelected due to a positional or functional association to the trait; MU, milk urea concentration; MUY, milk urea yield; UU, urinary urea; MN, minor N-fractions (non-protein,

non-urea) in milk; UA, uric acid; HA, hippuric acid; C, creatine; CRE, creatinine.

One of them, rs41576712 on BTA 17, exceeded genome-
wide significance. The same chromosome harbors a further
QTL region, with rs109749663 at 18.06 Mb highlighted
as significantly associated. This SNP indicates microsomal
glutathione S-transferase 2 (MGST2) as positional candidate.
On BTA 16, rs41814676 and rs41814682 mapped only 0.03 Mb
apart from each other in astrotactin 1 (ASTNI) and pappalysin
2 (PAPPA2) at 58 Mb. The significantly associated SNP on BTA
4 at 21.15 Mb points on ADP ribosylation factor like GTPase
4A (ARL4A) and scinderin (SCIN) as putative candidate genes
in the vicinity.

For AL no SNP exceeded the significance threshold, but for
UA one SNP occurred significant (Table 2 and Figures 2B,C).
This SNP (rs42372803) is located on BTA 7 at position
63.8 Mb and represents an intron variant of the long non-
coding RNA ENSBTAG000054682. However, in close proximity,
neuromedin U receptor 2 (NMUR2) provides a putative
functional candidate gene.

For HA, as a by-product of phenolic acid digestion excreted by
urine, the analysis revealed two SNPs that reached the genome-
wide significance threshold. These are rs109848970 (P = 8.82)
on BTA 7 and rs43706910 (P = 5.96) on BTA 12 (Table 2 and
Figure 3A). Although neither of these two SNPs directly mapped
in a gene region, rs109848970 opens up a QTL at 39.4 Mb (BTA 7)

with 15 annotated genes. In the immediate vicinity of rs43706910
at 74.86 Mb on BTA 12 six genes are annotated so far. A third
SNP on BTA 17 (rs41634411) was significantly associated with
HA. This SNP is located at 70.28 Mb in the gene encoding for the
SFI1 centrin binding protein (SFII).

For CR, which plays an indispensable role in muscular
energy metabolism, the urinary levels in the cow herd were
significantly associated with seven SNPs located on BTA 4, 5,
6, 7, and 18 (Table 2 and Figure 3B). Two QTLs on BTA 5
and one QTL on BTA 18 revealed more than 10 annotated
genes, respectively, while the other QTL regions included less
than five annotated genes, each. Three significantly associated
SNPs, that are rs110770413 (BTA 5 at 82.5 Mb), rs42332347
(BTA 7 at 67.7 Mb) and rs109873598 (BTA 4 at 116.7 Mb)
mapped in gene regions and indicated aryl hydrocarbon receptor
nuclear translocator like 2 (ARNTL2, BTA 5), sarcoglycan delta
(SGCD, BTA 7) and dipeptidyl peptidase like 6 (DPP6, BTA 4) as
positional candidates.

For CRE, which is an excretory derivative of CR, one SNP
(rs41787830) on BTA 16 reached the threshold of suggestive
significance (Table 2 and Figure 3C). This SNP is located at
3.0 Mb in an intron of the gene coding for transmembrane and
coiled-coil domain family 2 (TMCC2). Furthermore, this QTL
includes another 16 annotated genes.
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DISCUSSION

As a part of the effort to reduce N-emissions in dairy cows,
this work analyzed the genetics of several relevant traits that
contribute to the variance in N-excretion. For this purpose, a herd
of 371 Holstein cows was comprehensively phenotyped for nine
N-fractions from milk and urine and investigated in a GWAS
approach. Significantly associated genomic regions and potential
candidate genes were identified for eight of these fractions.

Urea in Milk and Urine

N-excretion is generally influenced by the cow and its rumen
microbiome. The most relevant N- excretion fraction in terms
of quantity is urea (Munyaneza et al, 2017). Besides the

microbiological impacts in the rumen, mainly the following
processes are conceivable to influence the amount of excreted
and recycled nitrogen in the cow: (i) absorption of ammonia
via the rumen epithelia, transport to the liver by blood proteins
and hepatic synthesis of urea; (ii) transport of synthetized urea
from liver via blood (BU) to kidney, udder and rumen; (iii)
diffusion and excretion of BU via nephrons (UU) and the udder
epithelium (MU).

For MU, significant genomic regions were identified on BTA
9 and 12. The region on BTA 9 indicates GJAI as a potential
candidate. GJAI encodes connexin 43, a component of gap
junctions that contribute to the diffusion of low molecular weight
substances into cells (Graham and Simmons, 2005). Therefore,
it seems conceivable that GJAI also influences the diffusion of
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urea across the udder epithelium, and thus the urea content of
the milk. Interestingly, connexin 43 was previously shown to
play a critical role in the development of the mammary gland
epithelia and in lactation processes in mice and cattle (Plante
and Laird, 2008; Farhadian et al., 2021). Moreover, GJA1 has
been associated with fertility parameters in cows (Ribeiro et al.,
2016; Neupane et al.,, 2017). In the second QTL identified for
MU on BTA 12, a number of candidate genes related to cellular
turnover processes are mapped and annotated. Interestingly, the
udder epithelia of cows is subject to strong cellular turnover
events during lactation. Specifically, in early lactation massive cell
proliferation causes the increase in milk yield, while apoptosis

in late lactation strongly influences the dry period induction
(Stefanon et al., 2002; Hale et al., 2003). Considering that cellular
turnover processes have an impact on the diffusion capacities in
the udder epithelium, an influence of those genes on MU levels
seems to be conceivable. In this context relaxin family peptide
receptor 2 (RXFP2) was shown to be significantly associated with
mammary gland morphology in Simmental cattle (Pausch et al,,
2016). Moreover, FRY microtubule binding protein (FRY) has
been confirmed to influence the development and function of the
mammary gland (Liu et al., 2019).

Milk urea yield was calculated as the absolute MU volume
over the entire lactation period, i.e., even with a lower MU per
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liter, a cow with a high milk yield can have a comparatively
high MUY. Two significant SNPs on BTA 17 revealed SH3D19
as positional candidate for MUY. Although SH3DI19 has not
been postulated in the context of urea or milk yield so far,
it has been mentioned in several studies concerning fertility
traits in cattle and pigs (Kranc et al., 2017; Guarini et al,
2019; Brazert et al., 2020). Fertility traits and milk yield
basically compete for available energy in early lactation of high-
yielding cows. Genomic correlations between milk yield and
fertility parameters as well as milk urea and fertility traits
have already been proven by several studies (Konig et al., 2008;
Mucha and Strandberg, 2011; Sawa et al, 2011). It is also

worth noting that other genes in this QTL such as serine
protease 48 (PRSS48), LPS responsive beige-like anchor protein
(LRBA) and ribosomal protein S3A (RPS3A) have also been
mentioned in the context of fertility. In fact, RPS3A serves
as an indispensable factor in reproductive processes not only
in cattle but also in sheep (He et al., 2017; Pokharel et al,
2020). It is therefore conceivable that not only the positional
candidate SH3DI9 but the entire QTL has an influence on
fertility, milk urea and milk yield (Hu et al., 2019). More detailed
investigations of this genomic region toward the influence on
energy metabolism as the common denominator of MUY and
fertility traits are proposed.
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For UU a single QTL on BTA 23 revealed six candidate
genes. Four of which (RCAN2, CLIC5, ENPP4, and ENPP5) are
of relevance due to their biological functions in the nephron.
Filtration and secretion processes in the nephron determine
the amount of excreted UU. Both, the filtration of urea in the
glomerus, the first section of the nephron, and the reabsorption
of urea back into the blood in the last section of the tubule,
depend on concentration-dependent diffusion. RCAN2, which
regulates the release of calcineurin, may be an obvious candidate
for UU because calcineurin activates podocyte (glomerus cell)
apoptosis (Wang et al., 2011). This might affect the absolute
renal diffusion rate for urea in the glomerus, resulting in an
altered amount of urea in urine. CLIC5 is indispensable for the
development and preservation of glomerular endothelial cells
and podocytes. In addition, chloride transporters in general play
an important role in establishing the concentration gradient
between blood and urine, which is relevant for filtration and
reabsorption of urea (Schwiebert et al., 1994; Jentsch et al., 2002).
Finally, ectonucleotide pyrophosphatase phosphodiesterase 4
and 5 (ENPP4 and ENPP5) might play a key role in the activation
of purinoceptors, which are known as renal tubular transporters
regulating sodium and water balance (Vekaria et al, 2006).
Sodium influences the amount of reabsorbed urea by its osmotic
potential, while the water balance is influenced by the amount of
reabsorbed urea.

Non-urea-N (NUN) in Milk and Urine

Apart from urea, several other N-metabolites are excreted
via milk and urine. These NUN are mainly intermediates
and end products of protein and nucleic acid degradation
and are known to be highly variable between individuals
(Bristow et al., 1992).

Milk nitrogen generally comprises all N-fractions in milk
including proteins, urea and NUN. By calculating the residuals
considering the effects of MU and milk protein in the model,
the present GWAS for MN focuses on the NUN-fractions in
milk. A major subset of NUN in milk are free amino acids
(Roginski et al., 2003; Rafiq et al., 2016). Among the four QTLs
identified for MN, three significantly associated SNPs mapped in
ASTNI, PAPPA2, and MGST?2. According to current annotations,
these genes are involved in neuroblast development, energy
metabolism and glutathione metabolism. While MGST2 has been
associated to milk fat metabolism in dairy cows (Gebreyesus et al.,
2019), a link to variations in NUN-fractions in milk has not
been postulated for any of these three genes so far. However,
in the same QTL region, E74 like ETS transcription factor 2
(ELF2) seems to be more likely to explain individual variation
in MN. ELF2 has been determined as a major transcription
factor driving the formation of milk protein in high yielding
dairy cows (Maas et al., 1997). Specifically, ELF2 mediates the
translation of mRNA to protein and thus limiting the rate of
milk protein synthesis. Milk protein is generally synthesized by
the lactocytes utilizing the influx of amino acids. Unused amino
acids in this process are excreted as part of MN. Thus, increased
or decreased milk protein synthesis induced by ELF2 could have
a major impact on MN. The bioavailability of limiting amino
acids is a further determinant of milk protein synthesis. Solute

carrier family 7 member 11 (SLC7AII) on BTA 17 encodes
for a highly specific amino acid transport system that enables
the influx of extracellular cysteine in exchange for intracellular
glutamate (Verrey et al., 2004). An impact of SLC7A11 on amino
acid availability might influence milk protein synthesis and thus
determining the amount of unused amino acids excreted via
MN. In the QTL on BTA 4, neither ARL4A nor SCIN have
been associated with minor N-fractions so far, but ARL4A has
been postulated as a candidate gene for milk yield, recently
(Vijayakumar et al., 2019).

Uric acid (UA) is a subsequent product of purine nucleotide
degradation. Precisely, the purine nucleotides are degraded to
xanthine and oxidized via xanthine oxidoreductase to UA mainly
in the intestinal mucosa and in the liver of cattle (Gonzalez-
Ronquillo et al., 2003). Although in ruminants, the purine influx
mainly derives from intestinal digestion and absorption of rumen
microbial nucleic acids (Balcells et al.,, 1991) UA is excreted
constantly, independent of the microbial protein synthesis and
the feeding ration (Susmel et al., 1995). One QTL on BTA 7
has been significantly associated with UA, revealing NMUR2 in
the vicinity. NMU, the encoded neuropeptide receptor, has been
attributed a central role in the regulation of feeding behavior,
feed intake and body weight in animal models (Howard et al.,
2000; Sampson et al., 2018), but an association to UA synthesis or
excretion in cattle has not been postulated so far.

No genomic region has been significantly associated with
allantoin (AL) excretion in urine. AL is a subsequent product of
oxidized UA and the quantitatively highest excretion metabolite
of purine bases in cows” urine (Bristow et al., 1992; Cox, 2013).
It is known that variance in AL is primarily influenced by the
rate of microbial protein synthesis (Kehraus et al., 2006; Tas and
Susenbeth, 2007).

Hippuric acid (HA) results from the hepatic conjugation of
glycine and benzoic acid. The latter is a product of phenolic acid
fermentation in the rumen (Sun et al., 2020). Interestingly, HA
content in manure could have a significant impact on N-losses
from the soil, making it a valuable trait for further genetic
improvement, in addition to nutritional measures to reduce
N-emissions (Gardiner et al., 2016). The QTL on BTA 7 contains
several genes with functional annotations in extracellular matrix
formation and degradation (Col23A1, B4GALT7, PHYKPL), in
nuclear ribosomal processes (HNRNPAB, NHP2, RMND5B) and
in intracellular transports to the Golgi complex (TMED?9). The
significantly associated SNP in the QTL on BTA 12 mapped
between RAP2A, member of RAS oncogene family (RAP2A)
and importin 5 (IPO5). The former gene links intestinal
microvilli formation and cell polarization, whereas IPO5 enables
the transport of proteins into the nucleus (Gloerich et al,
2012). Based on the current annotation, the proposed genes
provide no direct link to influence the variability in HA.
However, the rumen microbiota might have an impact on HA
differences by synthesizing divergent benzoic acid levels, but if
the significantly associated genes influence the ruminal microbial
composition and thus affect benzoic acid and HA levels asks for
further research.

Creatine (CR) is synthesized in the liver and acts as an
energy storage for nucleoside phosphates in the muscle. Since
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the muscular energy metabolism is regulated by a dynamic
variety of biological processes, a polygenic influence on CR levels
seems conceivable. SGCD on BTA 7 and myosin binding protein
C1 (MYBPCI) on BTA 5 are involved in muscle anabolism
and muscle contraction. The protein encoded by MYBPCI
influences the skeletal muscle contractility by targeting muscle-
type creatine kinase to myosin filaments. Furthermore, inositol
1,4,5-trisphosphate receptor type 2 (ITPR2) on BTA 5 and
stromal interaction molecule 2 (STIM2) on BTA 6 play roles
in Ca?* muscle storage and release. Creatine phosphate levels
are known to influence Ca>" entries in skeletal muscle fibers
(Fryer et al., 1995). ITPR2 encodes a receptor that mediates the
mobilization of intracellular Ca®* stores, while STIM proteins
act as Ca?™ sensors and influence the Ca?* influx. In addition,
the solute carrier family 6 member 2 (SLC6A2) gene localized
in the QTL on BTA 18 is of interest due to the identification of
a causal mutation for creatine transporter deficiency in humans
(Schiaffino et al., 2005).

Creatinine (CRE) is the hydrolyzed derivative of CR and the
main excretion product of creatine in urine. A single SNP on
BTA 16 had been significantly associated with CRE, indicating
TMCC?2 as positional candidate. TMCC2 forms complexes with
the apolipoprotein E and thus influences proteolytic pathways
(Hopkins et al, 2011). Given the fact that CR influences
muscle turnover processes, a link to protein degradation is
conceivable. Furthermore, major facilitator superfamily domain
containing 4A (MFSD4A) is involved in the opening of glucose
dependent sodium channels in the medulla of the kidney
and thus influencing the osmotic gradient between tubule and
interstitium. Urea reabsorption in the kidney is dependent on
both this osmotic gradient and the opening of sodium channels.
Interestingly, higher urinary CRE concentrations have been
observed in cows with lower urine and milk urea concentrations
(Miiller et al., 2021). An interplay of urea and CRE excretion via
MFSD4A, in the context of total N-excretion might therefore be
further explored.

CONCLUSION

This study proposes a number of genomic regions and candidate
genes associated with MU concentration and a further eight
N-excretory traits in milk and urine of Holstein-Friesians. The
results complement the knowledge of genetic determinants
regulating the N-metabolism of dairy cows, which influences
in its entirety N-emissions in dairy farming. In the light of a
sustainable food production the results can be of relevance for
a targeted exploitation of predisposed physiological plasticity in
N-metabolism of dairy cows.
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Abstract

The dairy sector has to reduce nitrogen (N) surpluses in the near future. In this context, the cow
individual milk urea (MU) concentration has been suggested to reflect N-excretion in breeding
strategies. The variability in MU levels is partly affected by ruminal processes attributed to
microbes and host gene expression. To investigate the relevance of MU for breeding, we aimed
to uncover ruminal mechanisms in cows with predisposed higher compared to lower MU (HMU
vs. LMU; n=20). Whereas the core microbiota at phylum level remained constant, the
abundances of three microbial families differed between HMU and LMU cows. Transcriptome
profiling of rumen tissue revealed 28 genes, including MMP3, TNP2 and various genes of
immune response that distinguished HMU and LMU cows. Our findings contribute to a deeper
knowledge of MU predispositions in Holsteins and attribute to the optimisation of N-usage in
conjunction with the reduction of N-emissions from dairy farms.

Introduction

The primary source of N-emissions from dairy cows is displayed by unutilised N, which is
ingested by the cow with feed crude protein and excreted via urine, milk and faeces (Abdoun
et al., 2006). In this context, the ruminal conversion rate of N into valuable microbial protein,
which is the result of rumen microbial growth, considerably contributes to the amount of N-
utilisation and N-emissions (Tan ez al., 2021). Due to the high phenotypic correlation between
milk urea (MU), urinary urea and blood urea concentration (Gulinski et al., 2016) the cow
individual MU value has been suggested as substitute trait for breeding selection (Beatson et
al., 2019; Honerlagen et al., 2021). In regard of successful breeding selection on N-use
efficiency and reduced N-excretion from dairy cows, unravelling the molecular biological
background of predisposed higher or lower MU concentrations (HMU — LMU) in dairy cows
is required. Considering the large impact of ruminal processes on the N-metabolism in lactating
ruminants, our study elucidated exclusively differences in the rumen microbial community and
corresponding host-specific transcriptional processes between HMU and LMU cows.

Materials & Methods

The predisposition for higher or lower MU concentration (HMU — LMU) was determined by
deregressed proofs of a breeding value for MU, estimated by vit Verden (Vereinigte
Informationssysteme Tierhaltung, Verden, Germany). The subsequent categorisation was
further validated by the five recent milk records from each cow (HMU=278.1 + 15.8 mg/l, LMU
181.54 £ 15.08 mg/l; mean + SD). Based on this classification, 20 German Holsteins in late
lactation were stalled in pairs, comprising one HMU and one LMU cow, treated as previously
described (Miiller et al., 2021) and slaughtered after two weeks. Samples of rumen villi and
rumen fluids (50 ml) were collected from each cow immediately after slaughter, snap frozen (-
80°C) and stored.



Laboratory analyses and sequencing pipelines. Microbial DNA was extracted from rumen
fluids, quality checked and used to amplify the V4 hypervariable region of the 16S rRNA gene
(Kozich et al., 2013), which was sequenced on HiSeq2500 (Illumina, San Diego, CA). The
reads were subsequently filtered, trimmed, and removed from chimeras within the mothur
software (version 1.44.1; Schloss et al., 2009). Sequences were aligned to the Silva reference
database (release 138; https://www.arb-silva.de/), aggregated into operational taxonomic units
(OTU, sequence identity >97%) and annotated according to the Silva database. The count data
was rarefied to the sample with the lowest read depth (745,235 reads). Statistical analyses were
conducted at phylum (n=19) and family (n=116) levels. Total RNA was isolated from
homogenized rumen villus epithelium, purified, qualitatively and quantitatively checked and
utilized for mRNA library preparation. Libraries were paired-end sequenced on HiSeq2500.
After quality control and filtering, sequences were aligned to the current reference genome
(Bos_taurus.ARS-UCD1.2). The number of reads uniquely mapped to each gene were extracted
using HTSeq (version 0.12.4).

Statistical Analyses of Rumen Microbiome and Transcriptome. Initially the core microbiome
of HMU and LMU cows was investigated based on relative abundances at phylum level.
Subsequently, DESeq2 was used to identify differentially abundant phyla and families between
HMU and LMU cows (Love et al., 2014). Similarly, the transcriptome dataset was analysed for
differentially expressed genes (DEG) with DESeq2. The trial of each pair was included in all
statistical models as fixed effect accounting for different crude protein levels in the feed rations.
DEG were further assigned to their general biological functions using GeneCards
(http://www.genecards.org).

Results

Bacteroidota und Firmicutes displayed the most dominant phyla in both, HMU and LMU cows
by capturing 78.7% of relative abundances in all rumen fluids (43.4% and 35.3%, respectively)
(Figure 1). The analysis at family level revealed Monoglobaceae (p<0.01) and
Ruminococcaceae (p=0.01) being significantly more abundant in LMU compared to HMU
cows. Microbes assigned to Acetobacteraceae sowed a significantly high relative occurrence in
HMU compared to LMU cows (p=0.04).
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Figure 1. Microbial composition of rumen fluids from HMU and LMU cows at phylum
level indicating a similar pattern with dominance of microbes assigned to Bacteroidota
and Firmicutes.

In the filtered transcriptome dataset 28 DEG were identified between HMU and LMU animals.
The highest fold changes were revealed for Matrix Metallopeptidase 3 (MMP3) and Transition
Protein 2 (TNP2), with higher transcript abundance in HMU and LMU, respectively (Table 1).
Five of the top ten DEG were identified as contributors of immune response and displayed
higher expression in LMU cows.

Table 1. Most prominent DEG between HMU and LMU cows.

Gene Symbol Log 2 fold change!  Adjusted p-value? General function’
TNP2 -1.40 0.0159 Fertility
MMP3 1.22 0.0356 Tissue remodeling
OAS1Y -1.18 0.0316 Immune system
MX1 -1.09 0.0266 Immune system
IRF4 -0.99 0.0266 Immune system
PLA2G2D4 -0.95 0.0208 Immune system
SLAMF1 -0.94 0.0145 Immune system
GALNTS 0.91 0.0045 Protein metabolism
GPRC54 0.91 0.0273 Cell development
CHI3L2 -0.84 0.0216 Cartilage biogenesis

! derived from DESeq?2 analysis and refer to HMU
2 Benjamini-Hochberg adjusted p-values
3 General functions were obtained from GeneCards database

Discussion

Our study focused on the ruminal characterisation of Holsteins with predisposed higher or lower
MU concentration (HMU — LMU). Both, HMU and LMU cows occupied the typical core
microbiome of the bovine rumen (Wallace et al., 2019) comprising mainly Bacteroidota and
Firmicutes, which captured 78.7% of total rumen abundances (43.4% and 35.3% respectively).
Apparently, MU predisposition was not substantially associated with distinguished rumen flora.
However, three significantly differentially abundant families between HMU and LMU cows
were identified. Interestingly, the Ruminococcaceae family, which displayed higher
abundances in LMU cows has already been attributed a fundamental role in amino acidic and
protein metabolism in the bovine rumen (Pacifico et al., 2021). In addition, various
Ruminococcaceae genera displayed higher abundances in goats with high N-efficient
phenotypes (Wang et al., 2019). Further analysis of the microbiome at genus level as well as
the effect estimation of specific genera on N-utilisation and N-excretion might unravel
substantial information of ruminal MU characterisation. The results of DEG analysis elucidated
the enhanced expression of immune response genes in LMU cows. Interestingly, Zhang et al.
reported the activation of immune response pathways in the rumen epithelium of calves with
higher N-efficiency (Zhang et al., 2021). Moreover, recent studies identified immune system
activities of the host epithelia as key drivers of long- term host — microbial maintenance
(Peterson et al.,2007). In this context, the interplay between host gene expression, the microbial
community and the rumen environment as well as the different partitioning of nitrogen to body
compartments will be further investigated between HMU and LMU cows with regard to
divergent N utilisation and N excretion mechanisms.
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Efforts to reduce nitrogen (N) emissions are currently based on the
optimization of dietary- N supply at average herd N requirements. The
implementation of the considerable individual differences and predispositions
in N- use efficiency and N- excretion in breeding programs is hampered by
the difficulty of data collection. Cow individual milk urea (MU) concentration
has been proposed as an easy-to-measure surrogate trait, but recent studies
questioned its predictive power. Therefore, a deeper understanding of the
biological mechanisms underlying predisposed higher (HMUg) or lower
(LMUg) MU concentration in dairy cows is needed. Considering the complex
N- metabolism in ruminants, the distinction between HMUg and LMUg
could be based on differences in (i) the rumen microbial community, (ii)
the host-specific transcription processes in the rumen villi and (iii) the
host—microbe interaction in the rumen. Therefore, rumen fluid and rumen
epithelial samples from 10 HMUg and 10 LMUg cows were analyzed by
16S sequencing and HiSeq sequencing. In addition, the effect of dietary-N
reduction on ruminal shifts was investigated in a second step. In total, 10
differentially abundant genera (DAG) were identified between HMUg and LMUg
cows, elucidating greater abundances of ureolytic Succinivibrionaceae_UCG-
002 and Ruminococcaceae_unclassified in LMUg animals and enhanced
occurrences of Butyvibrio in HMUg cows. Differential expression analysis
revealed genes of the bovine Major Histocompatibility Complex (BOLA
genes) as well as MX1, ISG15, and PRSS2 displaying candidates of MU
predisposition that further attributed to enhanced immune system activities
in LMUg cows. A number of significant correlations between microbial genera
and host transcript abundances were uncovered, including strikingly positive
correlations of BOLA-DRA transcripts with Roseburia and Lachnospiraceae
family abundances that might constitute particularly prominent microbial—
host interplays of MU predisposition. The reduction of feed-N was followed
by 18 DAG in HMUg and 19 DAG in LMUg, depicting pronounced interest on
Shuttleworthia, which displayed controversial adaption in HMUg and LMUg
cows. Lowering feed-N further elicited massive downregulation of immune
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response and energy metabolism pathways in LMUg. Considering breeding
selection strategies, this study attributed information content to MU about
predisposed ruminal N-utilization in Holstein—Friesians.

KEYWORDS

rumen microbiome, host gene expression, microbe—host relationship, dairy cow, milk

urea

Introduction

Nitrogen (N) contribute

substantially to N-deposition in the environment (Castillo

excretions of dairy cows
et al, 2000). Considering the relevance for climate change
(nitrous oxide (N2O) atmospheric emissions) and groundwater
quality (nitrate (NOj3) contamination), the dairy sector
is demanded to reduce its N-emissions in the near future
(Uwizeye et al., 2020). The primary source of N-emissions from
dairy cows is represented by unutilized N, which goes into the
cow via feed crude protein (CP) and is excreted via urine, milk
and feces (Bryant, 1970; Abdoun et al., 2006). In this context,
the ruminal conversion rate of feed N into valuable microbial
protein, which is the result of rumen microbial growth, mainly
determines the number of N-emissions (Tan et al., 2021).

In detail, the cow acquires N via the dietary CP. A small part
of CP passes through the rumen as undegradable protein (UDP)
and is absorbed in the small intestine or excreted via feces.
The majority of dietary N from CP is provided to the rumen
microbes for microbial growth. However, the rate of microbial
N-utilization depends on various factors such as ruminal pH,
dietary energy content, the absorption capacity of the rumen
epithelium and the microbial community. Thus, a part of
the ruminal N-influx is incorporated into microbial protein,
whereas the remaining part is microbially converted to non-
protein-N (NPN) in forms of ammonia (NH3), ammonium-
ions (NHI), peptides and amino acids (Bryant, 1970; Hartinger
et al., 2018; Cholewinska et al., 2020). The cow absorbs amino
acids and peptides deriving from the microbial protein in the
small intestine whereas the NPN-compounds are absorbed by
the rumen epithelium. The amino acids and peptides can be
utilized by the cow as valuable N-sources, while absorbed NHj3
and NHI is transported with the blood stream to the liver.
There, the ammonia is detoxified, yielding urea in an energy-
intensive process. Urea is secreted back into the blood cycle from
which it is eliminated via urine (urinary urea, UU) and milk
(milk urea, MU), or secreted into the rumen either across the
rumen epithelium or via saliva (Burgos et al., 2007; Spek et al.,
2012). The recycled ruminal urea is converted by epithelium-
bound, ureolytic rumen bacteria to CO, and NHj3. The latter,
in turn, can be utilized by NHj3-assimilating microbes for the
metabolism of microbial protein (Jin et al., 2018).
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In symbiosis with their microbes, dairy cows may utilize
on average 25% of the dietary N (Calsamiglia et al., 2010).
However, substantial variation in the N-utilization efficiency,
which is defined as the ratio of gram N in product to gram
N intake between individual cows has been observed, ranging
from 15 to 40% (Calsamiglia et al., 2010; Spek et al., 2012;
Gardiner et al,, 2016; Chen et al., 2021). In recent years various
studies have focused on the reduction of dietary CP levels
to minimize N-emissions at herd level, but neither the cow-
specific potential has been exploited intensely nor has the
predisposition for individual N-use efficiency been considered
for breeding progress yet (Cantalapiedra-Hijar et al., 2020;
Bergen, 2021; Jahnel et al., 2021; Te Pas et al.,, 2021). One reason
is that data collection for the cow-individual N-use efficiency
is not feasible in huge cow cohorts. Generally, neither the
cow individual N-uptake nor the content of N in urine and
feces is measurable in practice operating dairy farms. Thus,
in the last years the cow-specific MU concentration has been
considered as a substitute trait (Burgos et al., 2007, 2010; Konig
et al., 2008; Honerlagen et al., 2021; Jahnel et al., 2021). MU
values are available to breeding companies at a large scale
due to the results of monthly milk records. Furthermore, MU
is moderately heritable and only weak or even no genetic
correlations to further milk performance parameters (i.e., milk
protein yield, milk fat yield) were evidenced (Wood et al,
2003; Miglior et al., 2007), which would, in principle, support
MU as a trait for breeding selection. Due to the phenotypic
correlation between MU, UU and blood urea concentration
(Spek et al., 2012; Gulinski et al., 2016) it has been hypothesized
that breeding selection on lower MU concentration could lead
to lower N-urine concentration and thus to lower N-emissions
from dairy farming (Beatson et al., 2019). In addition, lower MU
concentrations were also suggested as biomarkers for increased
N-utilization efficiency (Nousiainen et al., 2004; Lavery and
Ferris, 2021), being predominantly explained by enhanced
ruminal N-utilization (Gulinski et al., 2016). However, up to
now the validity of MU as a substitute trait for cow-individual
N-use efficiency and N-excretion is relying on the phenotypic
correlation between MU and UU, but its utility has been
questioned by the results of two recent studies (Correa-Luna
et al., 2021; Miiller et al., 2021). Thus, it became evident, that
a deeper knowledge of the biological mechanisms underlying
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predisposed MU concentrations is indispensable before MU can
be seriously proposed for breeding selection strategies.

Considering the large impact of ruminal processes on the N-
metabolism in dairy cows, this study aims to elucidate ruminal
mechanisms that distinguish between cows with predisposed
higher (HMUg) and lower (LMUg) MU concentration to
contribute to the validation of MU as substitutive trait for
N-utilization efficiency and N-excretion. In detail, this study
focuses on differences in (i) the rumen microbial community, (ii)
the host-specific transcriptional processes in the rumen villi and
(iii) the host-microbe interaction in the rumen between HMUg
and LMUg cows.

Moreover, assumed that LMUg cows may possess lower
N-input requirements as a consequence of more efficient N-
utilization, which would result in an N-oversupply if fed a
ration according to the recommendations, this study further
investigated the effect of reduced dietary N-supply on the
microbial community and on host specific rumen tissue
processes in HMUg and LMUg cows.

Materials and methods

Animal husbandry and sampling were carried out
the of the
Protection Law. All were

according to guidelines German Animal

protocols approved by the
Institute’s Animal Welfare Commission. The experimental
protocol is in strict with the German
Animal Welfare and has been approved
by the Ethics of the Federal State of
Mecklenburg, Western Pomerania, Germany (Landesamt
fir Landwirtschaft, Lebensmittelsicherheit und Fischerei;
LALLF M-V7221.3-2-019/19) and is in accordance with the

ARRIVE guidelines.

compliance
Legislation,
Committee

Cow population and sample collection

The predisposition of cows for a higher or lower MU
(HMUg and LMUg) was determined by
deregressed proofs of an estimated breeding value for MU
(EBVMU). The EBVMUs were estimated by vit Verden
Verden,
Germany) applying the established model for somatic cell

concentration

(Vereinigte  Informationssysteme  Tierhaltung,
score in milk [Vereinigte Informationssysteme Tierhaltung
(VIT)., (2020, access 20.01.2020)]. The estimation was based
on a milk record dataset of around 8 million lactation curves
of milk urea values from Holstein cows in their first to third
parities. The deregression of EBVMUs is a pre step for genomic
breeding value estimation. The HMUg was determined as
predisposition by positive values, LMUg by negative values.
Based on this categorization, 10 HMUg and 10 LMUg cows
were housed in pairs, comprising one HMUg and one LMUg
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cow, respectiveley. The phenotypes of MU concentration were
obtained from the recent five milk records depicting HMUg
= 278.1 £+ 15.8 (mean *+ SD) mg/L and LMUg = 181.54 +
15.08 (mean =+ SD) mg/L with comparable milk yields between
the groups.

These cow groups were fed an isocaloric diet [10.1 &+ 0.2
M] metabolisable energy/kg dry matter (DM)], with either
recommended (normal) CP content (NP with 157 &+ 2.68 (mean
+ SD) g CP/kg DM) or low CP content [LP with 139 + 8.37
(mean & SD) g CP/kg DM], resulting in a 4 x 5 balanced
design (NPxHMUg, NPxLMUg, LPxHMUg, LPXLMUg; each n
= 5). The experiment was conducted in 10 trials, with each
trial comprising one cow pair (HMUg and LMUg), which was
fed either the NP or the LP diet. The LP and NP rations
were offered twice-daily for ad libitum intake as a total mixed
ration. A detailed description of the diet, the feeding scheme
as well as phenotypic analyses of N-metabolites (i.e., ammonia
concentration in the rumen fluids, plasma urea, and glutamine
concentration) is documented in Miiller et al. (2021). After 2
weeks, the cows were slaughtered 4h after morning milking
and feeding by exsanguination after captive bolt stunning.
Samples of rumen villi from the saccus dorsalis containing all
rumen villus cell layers were collected, i.e., the basal membrane
cells, which connect villi to blood stream and muscle tissue.
The samples were rinsed, snap frozen in liquid nitrogen and
stored at —80°C until RNA isolation. In addition, the rumen
fluids (50 ml) were collected as a homogeneous mixture of the
entire rumen content and stored at —20° until isolation of
microbial DNA.

Rumen fluids: Microbial DNA extraction,
16S rRNA amplicon sequencing, and data
preparation

The rumen fluid samples (50ml) were mixed and
microbial DNA was extracted with the PowerLyzer PowerSoil
DNA isolation kit (QIAGEN, Hilden, Germany) following
manufacture’s recommendations, but utilizing 800 pl rumen
fluid sample (instead of 250 pl) and two additional heat
incubation steps (step 1: 70°C, 10 min; step 2: 95°C, 10 min)
before the bead beating procedure. The quantity of the
extracted DNA was determined on NanoDrop ND-2000
(Thermo Fisher Scientific, Dreieich, Germany) and afterwards
diluted to 10 ng/pl per sample. The diluted DNA extracts
were utilized to amplify the V4 hyper-variable region of
the 16S rRNA gene. The specific primer enclosed the V4-
specific sequence, the sequencing flow cell adapter and a
specific barcode for each primer as previously described
(Kozich et al., 2013). The amplification was conducted in
duplicate by polymerase chain reaction (PCR) with initial
denaturation at 95°C for 2min, followed by 35 cycles at
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95°C for 30s, 50°C for 60s, and 72°C for 90s, and a final
extension for 10 min at 72°C using the 5 Prime HotMasterMix
(5 Prime, Hamburg, Germany). The PCR products (16S
amplicons) were checked on agarose gel and subsequently
purified, normalized and pooled for sequencing using the
SequalPrep normalization plate kit (Thermo Fisher Scientific,
Dreieich, Germany) The sequencing of the amplicons was
conducted on HiSeq2500 (Illumina, San Diego, CA) with 250
bp paired-end reads.

The data then the
adapter sequences and filtered with mothur software for

sequence were trimmed for
sequences that exceeded 275 bp in length, which contained
ambiguous base calls or excessively long homopolymers
(>8 bases), as well as putative chimeras were removed
[version 1.44.1 (Schloss et al., 2009)].The sequences were
further globally aligned to the Silva reference database
138; 10.6.20)

and subsequently aggregated into operational taxonomic

(release https://www.arb-silva.de/, access
units (OTU) considering a sequence identity of >97%.
Taxonomic annotations for OTUs were obtained from
the Silva database (release 138). Considering stratification
by dispersion, the count data was rarefied to the sample
with the lowest read depth (745,235 reads) as suggested

by Mcmurdie and Holmes (2014).

Rumen fluids: Statistical analysis of 16S
rRNA sequencing data

Initially, very low abundant OTUs with <10 counts in all 20
cows were pre-discarded from further analyses. The microbial
community in rumen fluids was analyzed with inverse Simpson
diversity index (alpha diversity) at OTU level utilizing the R
packages “vegan” (Oksanen et al.,, 2013) and “agricolae” (De
Mendiburu Delgado, 2009). Means of Simpson indices of the
predisposition groups (HMUg and LMUg) and the diet groups
(NP and LP in HMUg and LMUg cows, respectively) were
tested for significant differences by applying Student’s t-test. The
subsequent analyses were conducted at genus level, excluding
genera with <10 counts in 5 or more cows to avoid potential
noise by barely observed reads. The remaining dataset was
tested for significantly differentially abundant genera (DAG)
between the groups (HMUg-LMUg; NPxHMUg-LPxHMUg;
NPxLMUg-LPxLMUg) utilizing Wald test in the DESeq2 R
package (Love et al., 2014). For the contrast of predisposition
(HMUg-LMUg) the trial was implemented as further fixed effect
in the statistical model, accounting for different CP levels in the
feed ration. For the differences between the diets, the contrasts
within each predisposition group were analyzed and expressed
as fold changes obtained from DESeq2 delogarithmized log2fold
changes. Genera with p-values below 0.05 were considered
as DAG.
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Rumen tissue: RNA extraction, library
preparation, sequencing, and data
preparation

The total RNA from homogenized rumen villi was isolated
using TRI reagent (Sigma-Aldrich, Taufkirchen, Germany),
followed by DNasel treatment (Roche, Mannheim, Germany)
and a subsequent column-based purification step utilizing the
NucleoSpin RNA Kit (Macherey-Nagel, Diiren, Germany).
The RNA quantity was measured on NanoDrop ND-2000
(Thermo Fisher Scientific) and further assessed for integrity
by application on agarose gel and via 2100 Bioanalyzer system
(Agilent, Santa Clara, CA). The RNA library preparation was
performed using the TruSeq Stranded mRNA kit according to
the manufacture’s recommendation (Illumina). The resulting
libraries were quality checked on the 2100 Bioanalyzer
system and quantified using the Invitrogen Qubit dsDNA
HS kit (Thermo Fisher Scientific). Libraries were paired-end
sequenced for 2 x 71 cycles on HiSeq 2500 (Illumina). The raw
sequencing reads (fastq) were quality-checked utilizing FastQC,
0.11.8
projects/fastqc/). The data preprocessing was conducted with

version (http://www.bioinformatics.babraham.ac.uk/
Trim Galore v.0.6.5 (https://www.bioinformatics.babraham.ac.
uk/projects/trim_galore/). The low-quality reads (mean Q-score
< 20) and short reads (<20 bp) were filtered out. Adapter-like
sequences at the 3’-end of sequence reads were trimmed. The
remaining high quality paired-end reads comprised a read
depth of 20,324,785 + 3,234,163 (mean £ SD) per sample
and were further aligned to the current reference genome,
Bos_taurus.ARS-UCD1.2 (access 01. 08.2020) with an average
alignment rate of 97.86% = 0.01% (SD) using Hisat2, version
2.2.0 (Kim et al., 2015, 2019; Pertea et al., 2016). The number of
reads uniquely mapped to each gene were extracted from the
HISAT2 mapping results using HTSeq, version 0.12.4 (Anders
etal., 2015).

Rumen tissue: Statistical analysis of
RNAseq data

The RNA dataset was analyzed for significantly differentially
expressed genes (DEG) between groups—corresponding to the
16S microbiota sequence data (HMUg-LMUg; NPxHMUg-
LPxHMUg; and NPxLMUg-LPxLMUg)—by utilizing Wald test
in DESeq2 package (Love et al,, 2014). Genes with <10 counts
in 10 or more cows were excluded from analysis, leading
to a dataset of 12,627 genes. The trial was considered as
further fixed effect for HMUg-LMUg contrast. Genes with a
Benjamini-Hochberg adjusted p-values <0.05 were considered
as DEG. The DEG identifiers were extracted to investigate the
biological function of the respective gene using the databases
GeneCards (http://www.genecards.org), Ensembl (http://www.
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ensembl.org), and the published literature. Furthermore, genes
revealing p-values below 0.01 (corresponding adjusted p-
values <0.6) were imported into Ingenuity Pathway Analysis
(IPA; Ingenuity
enrichment analysis between the groups (HMUg-LMUg;
NPxHMUg-LPxHMUg; NPxXLMUg-LPxLMUg). Pathways with
an adjusted p-value <0.05 were defined as significantly enriched

Systems, http://www.ingenuity.com) for

between the groups. Significant pathway inhibition or activation
was defined by Z-scores (significant inhibition: Z-score <-2;
significant activation: Z-score >2) in IPA. The Z-scores between
—2 and 0 or 0 and 2 were considered indicators of inhibition
or activation, respectively. The pathways were further assigned
to general functions after evaluation in Targeted Explorer (IPA).
The pathways of cancer and disease were excluded.

Integration of microbial and
transcriptome data: Statistical analysis

Datasets of rumen microbial genera (n = 229 microbes) and
gene expression (n = 12,627 genes) were initially transformed
by variance-stabilizing transformation (DESeq2 R package).
Subsequently, sparse Partial Least Squares Discriminant
Analysis (sPLS-DA) was applied on both datasets. The
sPLS-DA is incorporated in R package “mixOmics” (version
6.6.2, available at: http://mixomics.org) (Rohart et al., 2017)
and achieves feature selection and dimension reduction
simultaneously in dependence on a specific trait (Chun and
Keles, 2010). In this case, sPLS-DA was utilized to select a
key subset of microbial genera and a key subset of genes
that discriminate the microbial community and the rumen
tissue transcriptome between HMUg and LMUg cows on two
components each. The discrimination by the generated subsets
was visualized in two plots.

The data subsets were further analyzed for microbial
abundance-gene transcript correlations by utilizing Pearson
statistics. Microbe-gene pairs exhibiting p-values below 0.01
were considered as significantly correlated. The results were
visualized in a correlation map using R package “pheatmap”
(version 1.0.12, available at: https://cran.r-project.org/web/
packages/pheatmap) (Kolde and Kolde, 2015). The correlation
map identified two dominant clusters (I and II). The genes
attributing to the respective clusters were subsequently analyzed
for significantly enriched pathways between HMUg and LMUg
predisposition in IPA (adjusted p <0.05).

Results

The microbial community in rumen fluids comprised 7,697
OTUs after filtering, which attributed to 24 phyla, 45 orders,
101 classes, 168 families, and 350 genera across all 20 cows. The
filtered transcriptome dataset constituted 12,767 genes.
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Microbial analyses

The microbial composition ranked at inverse Simpson
values of 87.51 & 39.13 (mean £ SD) in HMUg cows and
80.95 £ 34.24 (mean £ SD) in LMUg cows, indicating no
significant differences between the predispositions (Figure 1A).
With lower dietary CP level, alpha diversity numerically
decreased, but not significantly, neither in HMUg nor in LMUg
cows (Figures 1B,C).

The DESeq2 analysis at genus level revealed 10 DAG
between HMUg and LMUg cows, which covered relative
0.0016 and 2.3668% all
cows (Table 1). Notably, the six most abundant genera

abundances between across
(Prevotella, Rikenellaceae_RC9_gut_group, Methanobrevibacter,
Christensenellaceae_R-7_group, F082_ge, and NK4A214_group)
captured together 51.6% of total rumen abundances and
did not differ significantly between HMUg and LMUg cows.
Within the DAG, Unclassified Ruminococcae exhibited the
broadest relative abundance (2.3668%) and manifested a 1.39-
fold higher presence in LMUg compared to HMUg animals,
whereas Butyrivibrio was significantly more abundant in HMUg
compared to LMUg cows. Moreover, Lachnospiraceae_UCG-010
showed significantly higher occurrence in HMUg compared
to LMUg, while Succinivibrionaceae_UCG-002 displayed a
2.24-fold higher occurrence in LMUg than in HMUg animals.
However, highest fold changes were observed for Acetobacter
and Monoglobus, with Acetobacter depicting 3.25-fold more
abundance in HMUg and Monoglobus being 2.33-times more
prevalent in LMUg animals.

For the comparison of NP and LP diets, 18 DAG were
identified in HMUg and 19 DAG in LMUg cows, including
four DAG that were previously identified in HMUg-LMUg
comparison (Table 2). The reduction of dietary CP content
was generally accompanied by high fold changes of genera
abundances. For instance, MVP-15_ge abundances decreased
133-fold in HMUg, whereas Sharpea abundances increased
24-fold in HMUg and 166-fold in LMUg with LP feeding.
Incertae sedis was less abundant in both, HMUg and LMUg
animals, when cows were exposed to the LP diet. Furthermore,
the abundances of Shuttleworthia increased in HMUg, but
decreased in LMUg cows with the LP diet. Following dietary
CP reduction, HMUg animals exhibited a further increase of
Acidaminococcus abundances and of three genera belonging
to phylum Desulfobacterota (Desulfovibrio, Desulfobulbus,
Desulfobulbaceae_unclassified) with mean relative abundances
between 0.0015 and 0.0993%. In LMUg animals, the significant
increases of Streptococcus and Lachnospiraceae_NK3A20_group
abundances were observed on the LP compared to NP
ration. On the contrary, Alphaproteobacteria_unclassified
and Succinivibrionaceae_unclassified abundances decreased
remarkably under conditions of LP feeding in LMUg cows at
4.05- and 13.3-times, respectively. Interestingly, Acetobacter,
whose abundance was significantly lower in LMUg than in
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FIGURE 1
Alpha diversity of the microbial community in rumen fluids of (A) HMUg and LMUg cows and after lowering dietary N in HMUg (B) and LMUg (C)
cows, respectively. Groups are displayed on the x-axis; inverse Simpson values scale the y-axis.

TABLE 1 Significantly differentially abundant genera (DAG) in the rumen of HMUg and LMUg cows.

Relative abundance? (%)

Genus HMUg LMUg Fold change® p-value®
Acetobacter* 0.0021 0.0010 3.25 0.0450
Acholeplasmataceae_unclassified 0.0036 0.0075 —2.02 0.0163
Butyrivibrio 0.3949 0.2594 1.37 0.0206
CAG-352 0.3157 0.4505 —1.95 0.0272
Catenibacterium 0.0015 0.0026 —-1.71 0.0353
Lachnospiraceae_UCG-010* 0.0105 0.0060 1.87 0.0418
Monoglobus 0.0121 0.0207 —2.33 0.0021
Ruminococcaceae_unclassified 1.9833 2.7502 —1.39 0.0440
Subdoligranulum 0.0139 0.0195 —1.42 0.0471
Succinivibrionaceae_UCG-002 0.4456 0.8744 —2.24 0.0336

“Calculated as mean of the respective group.

YFold changes derive from DESeq2 analysis including trial as fixed effect in the model and refer to HMUg compared to LMUg.

¢p-values < 0.05 indicating significance.

*Displays genera that were also identified as DAG in comparison between NP and LP diets within HMUg and LMUg groups (Table 2).

HMUg cows (Table 1), showed a further 21-fold decrease in
LMUg cows upon the reduction of the dietary CP content
(Table 2).

Transcriptome analyses

In the filtered transcriptome dataset, 28 genes were identified
as differentially expressed in the rumen between HMUg and
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LMUg cows (Supplementary material 1, p. 1). The highest fold
changes were observed for Matrix Metallopeptidase 3 (MMP3)
and Transition Protein 2 (TNP2), with higher transcript
abundances in HMUg and LMUg, respectively. Furthermore,
166 genes passed the relaxed significance threshold (p <
0.01) for enrichment analysis (Supplementary material 1, p.
2) and revealed 13 significantly enriched pathways that
contributed almost exclusively (9 out of 13) to the immune
system (Table 3). Antigen Presentation Pathway revealed the
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TABLE 2 Significantly differentially abundant genera (DAG) in the rumen comparing normal crude protein (NP) and low crude protein (LP) diet

offered to HMUg and LMUg cows.

Relative abundance? (%)

Genus NP LP Fold change” p-value®
HMUg

Acidaminococcus 0.0026 0.0282 —11.52 0.0008
Bacilli_unclassified 0.1169 0.0568 1.80 0.0123
Cardiobacteriaceae_unclassified 0.0217 0.0586 —3.08 0.0361
Desulfobulbaceae_unclassified 0.0007 0.0029 —4.43 0.0056
Desulfobulbus 0.0445 0.1101 —2.71 0.0128
Desulfovibrio 0.0742 0.1605 —2.55 0.0087
horsej-a03 0.0148 0.0015 9.57 0.0395
Incertae_Sedis 0.0144 0.0017 6.54 0.0005
Lachnospira* 0.0076 0.0013 4.77 0.0049
Lachnospiraceae_UCG-009 0.0049 0.0008 5.31 0.0051
M2PT2-76_termite_group 0.0339 0.0035 7.57 0.0316
MVP-15_ge 0.0136 0.0001 132.57 0.0001
Prevotellaceae_Ga6Al_group 0.0757 0.0118 5.36 0.0073
Pseudobutyrivibrio 0.2100 0.0293 6.22 0.0368
Sharpea* 0.0015 0.0369 —23.72 0.0055
Shuttleworthia* 0.0178 0.1586 —10.20 0.0001
Syntrophococcus 0.0855 0.1888 —2.38 0.0411
vadinBE97_ge 0.1724 0.0333 4.71 0.0288
LMUg

Acetobacter* 0.0019 0.0001 21.31 0.0068
Alphaproteobacteria_unclassified 0.0158 0.0037 4.05 0.0374
Anaerolineae_unclassified 0.0654 0.3116 —6.11 0.0028
Anaerovibrio 0.0153 0.0048 2.93 0.0085
COB_P4-1_termite_group_ge 0.0096 0.0004 18.24 0.0002
Hungateiclostridiaceae_unclassified 0.0092 0.0222 —2.64 0.0244
Incertae_Sedis* 0.0139 0.0016 7.35 0.0002
Lachnospira* 0.0079 0.0020 3.43 0.0250
Lachnospiraceae_NK3A20_group 1.1391 2.8116 —2.88 0.0264
Lachnospiraceae_UCG-010* 0.0100 0.0020 431 0.0078
Pirellulaceae_unclassified 0.0043 0.0131 —3.74 0.0048
Ruminiclostridium 0.0186 0.0476 —2.78 0.0102
Sharpea* 0.0001 0.0119 —166.22 0.0001
Shuttleworthia* 0.0600 0.0077 6.45 0.0023
Slackia 0.0009 0.0044 —5.46 0.0472
Streptococcus 0.0057 0.0206 —4.44 0.0071
Succinivibrionaceae_unclassified 0.0092 0.0006 13.29 0.0027
UCG-007 (Oscillospiraceae) 0.0075 0.0008 7.92 0.0154
UCG-012 (Hungateiclostridiaceae) 0.0027 0.0003 7.00 0.0213

“Calculated as mean of the respective group.

bFold changes derived from DESeq2 analysis and refer to NP compared to LP.

p-values < 0.05 indicating significance.

*Displays genera that were identified significantly differential abundant in more than one contrast.
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TABLE 3 Significantly enriched pathways in rumen tissue comparing HMUg and LMUg cows.

Canonical pathways?® General -log(p-value)b Genes
function

Antigen presentation pathway IS 7.11 CD74,BOLA-B,BOLA-DMA,BOLA-DMB,BOLA-
DOB,BOLA-DRA,PSMB8, TAPBP

Interferon signuling IS 6.19 IRF1,IRF9,ISG15,MX1,0AS1Y,PSMBS8,STAT2

Complementsystem IS 6.19 CI1QA,CIQB,CIR,CI1S,C2,CFB,SERPING1

IL-4 signaling IS 491 BOLA-B,BOLA-DMA,BOLA-DMB,BOLA-
DOB,BOLA-DRA,IL2RG,IRF4,JAK3

B cell development 1S 3.38 BOLA-B,BOLA-DMA,BOLA-DMB,BOLA-
DOB,BOLA-DRA

Neuroinflammation signaling pathway IS 2.69 CXCL12,BOLA-B,BOLA-DMA,BOLA-
DMB,BOLA-DOB,BOLA-
DRA,IRF7,JAK3,MMP3,PTGS2

Acetate conversion to Acetyl-CoA FM/EM 2.17 ACSSI1,ACSS2

Primary immunodeﬁciency signaling 1S 1.91 CD3E,CD4,IL2RG,JAK3

Glucocorticoid receptor signaling 1S 1.76 CD3E,BOLA-B,BOLA-DMA,BOLA-DMB,BOLA-
DOB,BOLA-
DRA,IL2RA,IL2RG,JAK3,MMP3,PTGS2,TSC22D3

Activation of IRF by cytosolic pattern IS 1.67 IRF7,IRF9,ISG15,STAT2

recognition receptors

Ethanol degradation IT FM/EM 1.63 ACSS1,ACSS2,AKRIA1

Glutathione-mediated detoxification CP 1.62 GSTA1,GSTA2,GSTA4

Adipogenesis pathway FM/EM 1.41 BMP2,CEBPD,FABP4,WNT5A,XBP1

“Terms obtained from Ingenuity Pathway Analysis.

bBenjamini-Hochberg adjusted p-values <0.05 indicating significance; underlined italic letters display significant inhibition in HMUg (z-score < —2), italic letters indicate predicted

inhibition in HMUg (z-score < —2 to 0); bold letters emphasize genes that display fold changes ranking in the top 25 of the filtered transcriptome datasets.

IS, immune system; FM/EM, fat/energy metabolism; CP, cell protection.

most prominent adjusted p-value. In addition, Interferon
Signaling and Neuroinflammation Signaling pointed as two
further candidates, displaying significant inhibition in HMUg.
Whereas, Ubiquitin Like Modifier 15 (ISG15) and MX
Dynamin Like GTPase 1 (MX1I) were included in the former,
MMP3 and Prostaglandin-Endoperoxide Synthase 2 (PTGS2)
contributed to the latter. Interestingly, these four genes
also ranked under the top 25 genes in terms of absolute
fold changes among all annotated genes in the filtered
dataset (Supplementary material 1). However, Serine Protease 2
(PRSS2) and UL16 Binding Protein 17 (ULBP17) displayed the
most prominent fold changes.

Considering the reduction of dietary CP in HMUg cows,
no DEGs were observed, but 68 genes passed the relaxed
significance threshold for pathway analysis. This list culminated
in the
Pathway and MSP-RON Signaling Pathway as significantly

identification of Intrinsic Prothrombin Activation

enriched (Table 4; Supplementary material 2, p. 1). In contrast,
LMUg animals showed 1,220 DEGs and 139 significantly
enriched pathways when dietary CP content was reduced
(Table 4; Supplementary material 2, p. 2, 3). Whereas, Oxidative
Phosphorylation and Semaphorin Neuronal Repulsive Signaling
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Pathway were significantly activated when LMUg cows were
fed the LP ration, additional 79 pathways were identified to be
significantly inhibited, mainly representing pathways of immune
response and energy metabolism as well as pathways that
contribute to cell cycle and cell maintenance (Table 4).

Integration of microbial and
transcriptome data

The multivariate discriminant analysis (sPLS-DA) revealed
a microbial subset comprising 50 genera in the first component
and 5 genera in the second component separating HMUg
and LMUg cows rumen microbial communities (Figure 2A;
Supplementary material 3, p. 1). Two genera contributed to both
components, giving a subset of 53 genera that distinguished
HMUg and LMUg cows. Eight genera of the subset were
also identified as DAG in HMUg-LMUg contrast. The
transcriptome subset included 100 genes, comprising 50 genes
in each component (Figure 2B; Supplementary material 3, p. 2).
Twelve genes thereof were uncovered as DEG between HMUg
and LMUg.
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TABLE 4 Significantly enriched pathways between normal protein (NP) and low protein (LP) diet in rumen tissue of HMUg and LMUg cows.

Canonical pathways?® General z-score -log(adj. p-value)®
function
HMUg
Intrinsic prothrombin activation pathway IS 29
MSP-RON signaling pathway IS 2.75
LMUg
Insulin receptor signaling EM —2.294 4.49
PI3K signaling in B lymphocytes IS —3.128 4.16
CNTF signaling IS —2.673 4.07
RAN signaling CcC —2.828 4.07
Virus entry via endocytic pathways IS 391
Protein ubiquitination pathway CcC 3.82
GM-CSF signaling IN —2.138 3.82
UVA-induced MAPK signaling CcC —2.887 3.82
p70S6K signaling CF —2.982 3.64
Kinetochore metaphase signaling pathway CcC —1.698 3.47
Signaling by Rho family GTPases CM —1.8 3.37
IL-3 signaling N —2.324 3.36
Aldosterone signaling in epithelial cells CS —1.941 3.33
Ephrin A signaling CS 3.22
IGF-1 signaling EM —2.138 3.18
Semaphorin neuronal repulsive signaling pathway* CM 2.065 2.54
Oxidative phosphorylation* EM 2.84 2.39

“Terms obtained from Ingenuity Pathway Analysis.

bBenjamini-Hochberg adjusted p-values < 0.05 indicating significance; underlined italic letters indicate significant activation (z-score>2) or inhibition (z-score < —2) under NP, italic
letters indicate predicted inhibition (z-score < —2 to 0) under NP; for LMUg only the top 15 (adjusted p-value) significantly inhibited pathways and the two significantly activated pathways

(*indicates activation) under NP are displayed.

IS, immune system; FM/EM, fat/energy metabolism; CP, cell protection; CC, cell cycle; CF, cell function; CM, cell maintenance; CS, cell signaling.

The correlation analysis between the microbial and the
gene subset separating HMUg and LMUg cows detected 157
significantly correlated microbial genera-gene pairs. The two
pronounced clusters I and II were generated by two groups
of microbes (A and B) and two groups of genes (I and II)
that correlated contrarily (Figure 3; Supplementary material 3).
In detail, Cluster I depicted gene Group I (27 genes) being
positively correlated to microbial Group A (24 genera) and
negatively correlated to microbial Group B (29 genera). Cluster
IT on the other hand showed negative correlations between
gene Group II (73 genes) and microbial Group A, but
positive correlations between gene Group II and microbial
Group B.

The subsequent pathway analysis of gene Groups I and
II revealed significant enrichment of Urea Cycle, Arginine
Degradation and Citrulline Metabolism for Group I, which
was mainly determined by Arginase 1 (ARGI) expression
(Table 5). The ARGI expression was negatively correlated
with UCG-005 abundances (r = —0.64, p < 0.01; Figure 3;
Furthermore, the differential
expression of Glutamine-fructose-6-phosphate transaminase 1

Supplementary material 4).
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(GFPT1) in Group I contributed to the significant enrichment
of UDP-N-acetyl-D-glucosamine biosynthesis II (Table 5).
Moreover, GFPT1 was negatively correlated with UCG-010_ge
(r = —0.68, p < 0.01), Lachnospiraceae_UCG-006 (r = —0.56,
p = 0.011), and Roseburia abundances (r = —0.56, p = 0.01)
(Figure 3; Supplementary material 4). A higher expression
level of GFTPI was accompanied by increased abundances of
Lachnospiraceae_UCG-010 (r = 0.52, p = 0.02), Acetobacter (r
= 0.56, p = 0.01), and Shuttleworthia (r = 0.55, p = 0.01), which
had been pre-identified as DAG in the comparison of HMUg
and LMUg cows (Figure 3; Table 1; Supplementary material 4).
Gene Group II revealed significant enrichment of four
pathways that correspond to the immune system, including
B Cell Development, IL-4 Signaling and Antigen Presentation
Pathway, in overlap to the analysis of ruminal DEGs (Tables 3,
5). Particularly, genes of the Major Histocompatibility Complex
(BOLA-B, BOLA-DOB, and BOLA-DRA) as well as Interferon
Regulatory Factor 4 (IRF4) contributed to the significant
enrichment of immune pathways in Group II (Table 5). BOLA-
DRA transcripts were significantly less abundant in HMUg
compared to LMUg animals (DEG) and revealed positive
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Correlation map of ruminal host-microbiota interaction depicting the relationship of microbial subset abundances and gene subset transcripts
that separate HMUg and LMUg rumen profiles. Subsets derived from sPLS-DA analysis; estimated correlations are based on the microbial
abundances and gene transcripts in HMUg and LMUg cows; *indicates significant correlation (p < 0.01).

correlations with abundances of Roseburia (r = 0.53, p
0.02) and Lachnospiraceae_FE2018_group (r = 0.52, p
0.02) (Figure 3; Supplementary materials 1, 4). In addition,

the presence of Gamma-Glutamyltransferase 7 (GGT7) and
Leukotriene C4 Synthase (LTC4S) in Group II caused the
significant enrichment of Leukotriene Biosynthesis Pathway
(Table 5). The transcript abundance of both genes was highly
correlated with the abundance of Prevotellaceae_ UCG-004
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(GGT7: r = —0.67, p < 0.01, LTC4S: r = —0.52, p =
0.02) (Figure 3; Supplementary material 4). Moreover, GGT7
transcripts showed further a prominent negative correlation
to Lachnospiraceae_UCG-010 abundances (r —0.05, p =

0.02), whereas LTC4S transcripts negatively correlated with the

occurrence of Coxiella (r = —0.58, p < 0.01).
Furthermore, UCG-010_ge genus attracted interest due to
its particularly high correlations with transcript abundances
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TABLE 5 Significantly enriched pathways between HMUg and LMUg cows based on gene Groups | and Il derived from ruminal host-microbiota

interaction analysis (Figure 3).

Ingenuity canonical pathways? —log(p-value)b Genes Ratio® Cluster
Urea cycle 1.85 ARGI 0.17 Group I
Arginine degradation VI (Arginase 2 Pathway) 1.85 ARGI 0.17 Group I
UDP-N-acetyl-D-glucosamine biosynthesis I 1.85 GFPT1 0.17 Group I
Arginine degradation I (arginase pathway) 1.85 ARGI 0.25 Group I
Citrulline biosynthesis 1.78 ARGI 0.11 Group I
Superpathway of citrulline metabolism 1.63 ARGI 0.07 Group I
B cell development 1.87 BOLA-B,BOLA-DOB,BOLA-DRA 0.07 Group IT
IL-4 signaling 1.87 BOLA-B,BOLA-DOB,BOLA-DRA,IRF4 0.043 Group IT
Antigen presentation pathway 1.87 BOLA-B,BOLA-DOB,BOLA-DRA 0.08 Group IT
Leukotriene biosynthesis 1.6 GGT7,LTC4S 0.14 Group II

“Terms obtained from Ingenuity Pathway Analysis (IPA).
bBenjamini-Hochberg adjusted p-values < 0.05 indicating significance.

“contribution of the gene dataset (Gene Groups I or II) to respective pathway enrichment, calculated by IPA.

of KH Domain Containing 4 (KHDC4 r = —0.72, p =
0.0003), Ribosomal RNA Processing 9 (RRPY; r = 0.71, p
0.0005), Lipase Maturation Factor 1 (LMFI; r = 0.73, p
0.0003) and DNA Polymerase Delta 4 (POLD4; r = 0.73, p =
0.0002). Furthermore, POLD4 expression showed a strikingly

<
<

high negative correlation with the abundance of Shuttleworthia
(r=—0.74, p = 0.00017), whereas KHDC4 transcripts showed a
prominent correlation with Acetobacter occurrences (r = 0.69, p
=0.0008).

Discussion

In regard to the underlying biological principles of N-
metabolism in ruminants, it was hypothesized that the
predisposed variance in MU concentration is—in complement
to inherent post-ruminal processes—mainly attributed to the
ruminal mechanisms that differentiate between HMUg and
LMUg cows and thus lead to N-utilization and N-excretion
variance in genetically divergent cow cohorts. Specifically, the
rumen microbial N-utilization, the absorption and diffusion
processes of the rumen epithelium and the ruminal interaction
between microbes and host epithelium were thought to
characterize the ruminal make up of HMUg and LMUg cows.

Microbial analyses

Although no differences in the overall microbial diversity
have been uncovered between HMUg and LMUg cows, some
DAGs were identified. These DAG might (i) influence the
amount of ruminal NPN in forms of NHj3 or NHZ’, (ii)
determine the utilization of blood urea by ureolytic activity, or
(iii) influence the permeability for the transport of NH3z, NHI
and urea across the rumen epithelium.
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Specifically, LMUg animals displayed a significantly
higher abundance of Succinivibrionaceae_UCG-002, which
is an ureolytic genus in the rumen. Ureolytic bacteria
metabolize urea to CO, and NHj. The latter can be further
utilized by other ruminal genera for microbial growth, which
subsequently reduces the ruminal NPN-pool (Rosendahl, 2015).
Moreover, the conversion of urea into NH3 increases the urea
concentration gradient between blood and the rumen lumen.
This massively alters the urea transport rate, reduces blood urea
concentration and promotes N-fixation into microbial protein
(Rosendahl, 2015; Jin et al., 2016). Interestingly, significantly
lower blood urea concentrations and lower blood urea pool
sizes were observed in cows displaying the LMU compared to
the HMU phenotype in a recent study (Miiller et al.,, 2021).
Furthermore, unclassified genera of the Succinivibrionaceae
family have already been suspected as being more abundant in
ruminants with increased N-use efficiency (Jin et al., 2016).

LMUg exhibited
higher abundances of unclassified Ruminococcaceae. Various

animals  additionally significantly
Ruminococcaceae genera correlated with the N-metabolism in
goats, including Ruminococcus_2 displaying significantly higher
abundances in animals with higher N utilization efficiency
(Wang et al., 2019). Moreover, the Ruminococcaceae family
has been suggested to play a fundamental role in amino
acid and protein metabolism in the bovine rumen, and the
Ruminococcaceae NK4A214 group has been attributed a role to
N-recycling in cattle (Pacifico et al., 2021). Hu et al. (2019) found
a positive correlation between the Ruminococcus abundances
and the gap junctions in the rumen epithelium of yaks and
postulated an absorptive response of the rumen epithelium to
Ruminococcus metabolites. Some Ruminococcaceae genera were
also reported to have urease activity (Patra and Aschenbach,
2018), and thus it might be conceivable that unclassified
Ruminococcaceae increases the urea concentration gradient
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across the rumen wall and support the diffusion of urea in
LMUg animals.

Furthermore, HMUg animals showed higher abundances of
Butyvibrio, which is one of the most relevant butyrate producers
in the rumen (Meehan and Beiko, 2014; Henderson et al,
2015; Kong et al., 2020). Interestingly, two Butyvibrio species,
namely, B. fibrisolvens and B. proteoclasticus, were postulated
as key species involved in protein degradation in the bovine
rumen (Wallace and Brammall, 1985; Attwood and Reilly, 1995;
Henderson et al,, 2015). Due to their high proteolytic activities,
they belong to the hyper-ammonia producing bacteria species
(HAB) (Hartinger et al., 2018). Also, HAB species are known
to negatively influence the N-efficiency of ruminants, since they
cause steep increases of NH3, which cannot be directly utilized
by the rumen microbes and thus leads to enhanced NH3 efflux
into the bloodstream (Bento et al., 2015; Hartinger et al., 2018).
Based on phenotypic categorization into HMU and LMU cow
groups, HMU cows were indeed shown to exhibit numerically
higher ruminal NH3 concentrations than LMU cows (Miiller
et al,, 2021). Furthermore, higher Butyrivibrio abundances were
found to be correlated with lower N-recycling efficiency in beef
cattle (Alves et al., 2020).

The influence of different CP levels on the rumen microbial
community has been broadly evidenced (Lapierre et al., 2005;
Aguiar et al., 2014; Patra and Aschenbach, 2018; Miiller et al,,
2021). In general, it is known that lower CP levels in the diets
of dairy cows reduce rumen fluid NH3z and NHI, enhance
the relative blood urea reflux and faster N-assimilation and
N-fixation into microbial protein.

In both HMUg and LMUg animals, the reduction of
dietary CP content induced significant changes in microbial
abundances, which might be caused by microbial N-use
competition and the general dietary nutrient availability. In
this context, Sharpea abundances increased simultaneously with
the decline of Incertae_sedis abundances in both, HMUg and
LMUg cows, when feed-CP content was lowered. Sharpea
is known to digest short-chain carbohydrates (Dias et al,
2017; Trabi et al, 2020), while Incertae_sedis (aggregated
genus of the Ethanoligenenaceae and Ruminococcaceae families)
primarily converts cellulose (Suen et al.,, 2011; Bailoni et al,
2021). The metabolic processes and the resulting microbial
growth of cellulose digesters are generally slower than the
growth of microorganisms, which metabolize the short-chain
sugars. However, both microorganisms need to assimilate
N components for their microbial growth (Russell et al,
2009). It might be conceivable that Sharpea depressed the
growth of Incertae_sedis due to comparatively faster N-
assimilation, when CP was lowered. Shuttleworthia attracted
further interest since its abundance increased in HMUg,
whereas significant abundance decreases were identified in
the LMUg group. Several studies reported feed induced
abundance alterations of Shuttleworthia, which were related to
the dietary starch-fiber ratio and the energy level of the diet

Frontiers in Microbiology

12

10.3389/fmicb.2022.939711

(Plaizier et al., 2017; Kotz et al., 2020; Tun et al., 2020).
Furthermore, Zhang et al. (2019) postulated significantly
different abundances between high and low yielding dairy
breeds and identified Shuttleworthia as a genus displaying high
relative abundances, which is in common with the present study.
These findings promote Shuttleworthia as highly vulnerable and
strongly adaptable genus, which might be of importance in
characterizing the different ruminal adaption mechanisms in
LMUg and HMUg on low CP levels.

the
three genera of Desulfobacterota phylum (Desulfovibrio,

Moreover, abundances of Acidaminococcus and
Desulfobulbus, and Desulfobulbaceae_unclassified) increased
in HMUg cows with the reduction of dietary CP content.
Interestingly, several species of these genera have been
previously categorized as HAB (Attwood and Reilly, 1995;
Eschenlauer et al., 2002; Loubinoux et al., 2002). The growth
of HAB is known to be suppressed by high NH3 and NHZ‘
concentrations in a self-regulating manner (Sales et al,
2000). Interestingly, phenotypic HMU animals displayed
significant decreases in previously high ruminal NH3 and
NH;r concentrations following CP reduction, whereas in LMU
phenotypes only moderate ruminal NH3 and NHI declines
were observed (Miiller et al., 2021). Since genera abundances
of the Desulfobacterota phylum appeared to be significantly
increased exclusively in HMUg, it is conceivable that their
growth was inhibited by high ruminal NH3 and NHI levels in
HMUg under NP diet feeding, and that the reduction of dietary
N might have had a positive effect on their growth.

In LMUg cows, dietary CP reduction led to increased
abundances of Streptococcus, which is one of the most important
proteolytic members in the rumen fluid (Attwood and Reilly,
1995; Ling and Armstead, 1995). Streptococcus utilizes rapidly
assimilable energy sources (starch), is known to possess ureolytic
activity and is highly adaptable to various N-sources, which
could provide a competitive advantage under N scarcity (Jin
etal., 2016; Hartinger et al., 2018; Patra and Aschenbach, 2018).

Under conditions of LP diet feeding, LMUg cows further
exhibited a significant abundance decline of Acetobacter, which
had already been identified as significantly less abundant in
LMUg compared to HMUg cows in this study (contrast HMUg-
LMUg). The further massive abundance decline in LMUg cows
from NP to LP feeding suggests Acetobacter an adaptable
capacity to different N levels in the rumen, which may contribute
to differential N-utilization in LMUg cows.

Transcriptome

While the metabolic activity of the microbial community
substantially affects the ruminal protein-N to NPN ratio,
the gene expression in the rumen villi impact the ruminal
milieu (e.g., active and passive transport processes) and thus
the composition of the microbial community (e.g., immune

frontiersin.org



Honerlagen et al.

modulation) (Penner et al,, 2011; Steele et al., 2016). The
pathway analysis of DEGs in rumen villi revealed the enrichment
of immune response pathways, which were activated in LMUg
compared to HMUg cows. Interestingly, it was recently reported
in humans that the intestinal mucosa was able to respond
to the microbial products with the targeted expression of
receptors, immune genes and signaling molecules to maintain
intestinal homeostasis (Tannock and Liu, 2020). In addition,
the concept of “immune selection” was described as a way
of maintaining host-microbe relationships in the long term
as a result of host immune activity (Peterson et al., 2007).
In this context, Bessman and Sonnenberg (2016) elucidated
the essential role of Antigen Presentation and the Major
Histocompatibility Complex, which dictated the host T-cell
reactivity to biochemical products of commensal bacteria by
the expression of innate lymphoid cells. Notably, the highest Z-
score with significant activation in LMUg compared to HMUg
cows was found for the Antigen Presentation Pathway in this
study. Furthermore, the pathways of IL-4 Signaling, B Cell
Development and Glucocorticoid Receptor identified in LMUg-
HMUg contrast were enhanced, predominantly by Bovine
Leukocyte Antigens (BOLA), which are prominent drivers of the
bovine Major Histocompatibility Complex (Ellis and Ballingall,
1999; Lewin et al., 1999). Moreover, Zhang et al. (2021) reported
a simultaneous slight activation of the Antigen Presentation
Pathway with a significantly higher expression of PRRS2 in the
rumen tissue of calves with comparatively higher N-efficiency.
In fact, PRSS2 showed a severely higher expression in LMUg
compared to HMUg cows. Thus, both antigen presentation and
PRRS2 might constitute key candidates distinguishing ruminal
N-utilization of LMUg and HMUg. Also, PRSS2 has further
been associated with feed efficiency and performance traits in
cattle (Abo-Ismail et al., 2013), which might be of interest since
MX Dynamin Like GTPase 1 (MX1) and ISG15 Ubiquitin Like
Modifier (ISG15) were similarly found to be higher expressed
in more feed-efficient heifers, which simultaneously possessed
more active immune systems (Paradis et al., 2015). All of these
three genes displayed remarkably higher expression levels in
LMUg compared to HMUg cows in this study driving the
enrichment of Interferon and Neuroinflammation Signaling.
Among the significantly DEG, Matrix Metallopeptidase
3 (MMP3) and TNP2 exhibited the broadest expression
differences between cow groups. Metalloproteases were inferred
to influence the destruction of tissues by remodeling the
extracellular matrix (Coussens et al., 2003; Abendano et al,
2013) and MMP3 in specific has been recognized to influence
the remodeling of adipose tissue in cattle (Jeong et al., 2017).
It might be conceivable that MMP3 also attributes to structure
processes in the rumen tissue and thus contribute to different
absorption and diffusion capacities between HMUg and LMUg
epithelia, regarding ruminal NHj, NHI, and urea fluxes.
Furthermore, TNP2 has been reported in the context of male
fertility (Pasquariello, 2015), but up to now, its function in the
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rumen of cattle as well as its possible role in N-metabolism
remains uncertain. However, given the relationship of fertility
traits and immune system activities in dairy cows, the differential
expression of TNP2 demands further investigation whether
LMUg and HMUg cows differ with respect to fertility parameters
(Chebel etal., 2004; Hansen et al., 2004; Moore et al., 2005; Konig
et al., 2008; Weiss et al., 2009; Hurley, 2014).

Although the reduction in dietary CP content did not
trigger significantly differential gene expression in rumen tissue
of HMUg animals, LMUg cows exhibited severe adaptations
in their transcriptome, as characterized by more than 1,000
DEG and 139 significantly enriched pathways. The pathways
identified contributed almost exclusively to the immune system,
the energy metabolism and the cell cycle. Considering the
significantly higher plasma urea pool size during NP compared
to LP feeding in cows phenotyped for LMU (Miiller et al.,
2021), and the general role of immune cells in the rumen wall
in protecting the host against infiltration of toxic compounds,
the enrichment of these pathways may indicate the necessity
for the rumen epithelia to balance the N-gradient and maintain
immune homeostasis (Bessman and Sonnenberg, 2016; Tannock
and Liu, 2020; Miller et al,, 2021). In regard to the severe
energy requirements of the immune system (Gleeson et al,
2004; Kvidera et al., 2017), it might further be speculated that
the observed effects on energy metabolism pathways in LMUg
cows fed the LP ration result from an altered energy demand to
stabilize the ruminal N balance.

Relationship between microbial genera
and transcriptome subsets

The correlation analysis between microbial and host gene
subsets reflecting the rumen microbiome—host interaction,
which distinguished the rumen profiles of HMUg and LMUg
cows, identified two main clusters. The pathway analysis of Gene
Group I revealed the enrichment of Urea Cycle and Arginine
Metabolism, primarily due to increased expression of Arginase
1 (ARGI) in LMUg compared to HMUg cows. Arginase is
an enzyme that catalyzes the last reaction step in the urea
cycle by facilitating the synthesis of arginine into ornithine and
urea. In general, the urea cycle is performed predominantly
by hepatocytes in the liver (Emmanuel, 1980; Razmi et al.,
2005). However, Beck et al. (2009) stated the expression of
ARGI also in the rumen epithelium of cattle, which implies
catabolism of N-metabolites via the urea cycle in the rumen wall.
Similarly, Emmanuel (1980) identified low ARGI expression
in the rumen epithelium of sheep. Considering the conversion
of NH3 into urea, the prominent negative correlation between
ARGI transcripts and UCG-005 abundances calls for further
research. Although UCG-005 has not been mentioned directly in
the context of N-efficiency in ruminants yet, Amat et al. (2021)
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predicted UCG-005 a negative impact on Methanobrevibacter
abundances in yearling heifers, which is known to contain
various N-fixating strains (Poehlein et al., 2018).

Further insights into a possible differentiation of HMUg
and LMUg were displayed by Gene Group II, which revealed
the enrichment of four immune system pathways, particularly
attributed to the expression of BOLA genes. Interestingly,
BOLA polymorphisms were not only reported to determine
inherent and acquired immune defenses (Rupp and Boichard,
2003), they were also capable to modulate the composition of
colostrum microbiota in dairy cows (Derakhshani et al., 2018).
Furthermore, BOLA gene expression is known to influence the
symbiotic microbial community in the gastrointestinal tract
of humans (De Palma et al., 2010), mice (Toivanen et al,
2001), and fish (Bolnick et al, 2014). In the present study,
BOLA-DRA transcripts were significantly more abundant in
LMUg compared to HMUg cows and showed further striking
positive correlations to Roseburia abundances. The contribution
of Roseburia to immune responses and to the N-metabolism
in cattle, goats, and rabbits has been postulated by various
authors (Wang et al., 2011; Alves et al., 2020; Sun et al., 2020).
The observed higher abundances of Roseburia and BOLA-DRA
transcripts in LMUg compared to HMUg cows might picture a
microbial-host interplay that contributes to the distinction of
ruminal patterns between HMUg and LMUg cows by affecting
immune response and N-metabolism-associated processes.

In addition to the correlation with Roseburia, BOLA-
DRA
to  Lachnospiraceae_FE2018_group

transcripts revealed a severe positive correlation

which
belongs—like as Roseburia—to the Lachnospiraceae family.

abundances,

Lachnospiraceae_FE2018_group had been mentioned in terms
of intestinal barrier function, antioxidant balance, and intestinal
inflammation in the gut immune system of broilers (Kong et al.,
2020; Liu et al., 2021). Moreover, Wang et al. (2021) postulated a
significant positive correlation between Lachnospiraceae family
and intestinal inflammation in dairy cows. The Lachnospiraceae
family was also found to be significantly more abundant in
beef steers with low N-retention efficiency and higher urinary
N-excretion (Alves et al., 2020). Furthermore, high abundances
of Lachnospiraceae were uncovered in the colon and caecum
of goats with low N-utilizing phenotype (Wang et al., 2019).
Additionally, Lachnospiraceae occurrences were found to
be correlated with a low feed conversion rate and low feed
efficiency in beef steers (Hernandez-Sanabria et al, 2010;
Carberry et al,, 2012).

Conclusion

This study focused on the ruminal background of
Holstein cows with predisposed higher or lower MU
concentration (HMUg-LMUg) as well as on their adaptation
to low CP diets. Compared to HMUg predisposition,
LMUg cows displayed higher occurrences of ureolytic
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Succinivibrionaceae_ UCG-002  and

Ruminococcaceae_unclassified, which might

genera, such as

cause lower
blood urea concentrations and lower blood urea pool sizes
in LMU phenotypes. Similarly, the higher ruminal NHj3
concentrations in HMU phenotypes might be attributed to
the higher occurrences of high ammonia-producing species
hosted by HMUg cows. If enhanced immune responses that
were uncovered in LMUg compared to HMUg cows rumen
epithelia influence the epithelial barrier for NPN molecules and
thus drive MU phenotype distinction can only be speculated at
this point. However, the downregulation of immune responses
and energy metabolism pathways in LMUg cows fed a low CP
diet might have indicated energy wasting efforts of the rumen
epithelia to maintain ruminal N-balance when LMUg cows
were exposed to diets with normal CP content. Considering
the important role of Arginase in the urea cycle, the observed
interplay between ARGI expression and UCG-005 occurrences
is specifically proposed for future research on microbe-host
interactions. The ruminal patterns identified for HMUg
and LMUg cows contribute to a deeper insight into MU
predisposition of Holsteins and attribute to the optimization of
N-utilization in tandem with the reduction of N-emissions on
dairy farms by future breeding selection strategies.
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p. 1: Significantly differentially expressed genes (DEG) between HMUg
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Abstract:

Increasing the nitrogen (N)-utilisation efficiency (NUE) of dairy cows by breeding selection would offer
advantages from a nutritional, environmental and economic perspective. Since data collection of NUE
phenotypes is not feasible in large cow cohorts, the cow individual milk urea concentration (MU) has
been suggested as indicator trait. In regard of the symbiotic interplay between dairy cows and their
rumen microbiome, the individual MU was thought to be influenced by host genetics and by the rumen
microbiome, the latter in turn being partly attributed to host genetics. In order to enhance the
knowledge of MU as indicator trait for NUE, this study aimed to identify differential abundant rumen
microbial genera between Holsteins with divergent genomic breeding values for MU (GBVMU; GBVumu
vs. GBVimu). The microbial genera identified were further investigated for their correlations to MU and
seven additional NUE-associated traits in urine, milk and faeces in 358 lactating Holsteins. Statistical
analysis of microbial 16S rRNA amplicon sequencing data revealed significantly higher abundances of
the ureolytic genus Succinivibrionaceae UCG-002 in GBViumy cows, whereas GBVyuy animals hosted
higher abundances of Clostridia unclassified and Desulfovibrio. The entire discriminating ruminal
signature of 24 microbial taxa included a further three genera of the Lachnospiraceae family that
revealed significant correlations to MU values and were therefore proposed as considerable players in
the GBVMU - microbiome — MU axis. The significant correlations of Prevotellaceae UCG-003,
Anaerovibrio, Blautia and Butyrivibrio abundances with MU measurements, milk nitrogen (MN) and
the N content in faeces (FaecN) suggested their contribution to genetically determined N-utilisation in
Holstein cows. The microbial genera identified might be considered for future breeding programs in
order to enhance NUE in dairy herds.

Keywords: Rumen microbiota;, genomic breeding value milk urea,, nitrogen utilisation efficiencys,
host — rumen microbiota — traits, dairy cows

Introduction

The symbiotic relationship between the dairy cow and its rumen microbiome enables the utilisation of
non-protein nitrogen (i.e. urea and ammonia) and increases the biological value of the dietary protein
by rumen microbial protein synthesis (Bryant, 1970, Huber and Kung Jr, 1981, Tan et al., 2021).
Although ruminal N-conversion in general increases the N-availability for the host, the N-utilisation
efficiency (NUE) of dairy cows — defined as the ratio of gram N in milk to gram N intake —is on average
only 25% (Calsamiglia et al., 2010). Non-utilised dietary-N and N of endogenous origin is excreted via
milk, urine and faeces (Abdoun et al., 2006, Reed et al., 2015, Tan et al., 2021). Whereas faecal N
accounts quantitatively for the largest part of N-excretion and is therefore most considerable for
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nutrient losses, the urinary N-excretion — with urea as the major N-excretion metabolite — contributes
remarkably to N-emissions from dairy farms (Dijkstra et al., 2011, Spanghero and Kowalski, 2021). A
more efficient N-utilisation by the symbiotic interplay between dairy cows and their rumen
microbiome would reduce the excretion of non-utilised N and provide a higher nutrient availability,
accompanied by economic and ecological advantages (Spanghero and Kowalski, 2021, Tan et al., 2021).
Interestingly, NUE was found to vary widely between individual cows, with ranges from 16% to 36 %
across diets, N-intake levels, breeds, lactation numbers and lactation stages (Calsamiglia et al., 2010,
Powell et al., 2010). Recently, early lactating dairy cows were even phenotyped with NUEs ranging
from 9.7% to 81.7% (Grelet et al., 2020, Bergen, 2021, Jahnel et al., 2021, Te Pas et al., 2021).

To overcome this problem, various studies proposed the individual milk urea concentration (MU) as
an indicator trait (Nousiainen et al., 2004, Guliiski et al., 2016, Bobbo et al., 2020, Lavery and Ferris,
2021). MU is known to be moderately correlated with the urinary urea concentration (UU) and was
therefore thought to depict N-emissions, deriving from UU (Gonda and Lindberg, 1994, Burgos et al.,
2010, Beatson et al., 2019). Moreover, MU has been attributed a predictive power about cow
individual NUE (Nousiainen et al., 2004, Huhtanen et al., 2015, Munyaneza et al., 2017, Bobbo et al.,
2020, Lavery and Ferris, 2021). Due to its routinely obtainment by monthly milk records, huge data
sets of individual MU values are available. The moderate heritability of MU as well as the weak or
absent genetic correlations to milk performance parameters further support MU’ s potential as an
indicator trait for breeding programs (Wood et al., 2003, Miglior et al., 2007). However, the success of
breeding selection by using an indicator trait strongly depends on its prediction accuracy for the real
trait (MU — NUE). Thus, increasing the knowledge about the relationship between MU genetics and
NUE phenotypes is a necessary step before MU can be seriously considered for breeding strategies.

The rumen microbial community is known as the major determinant of the N metabolism in ruminants
(Bach et al., 2005). Although the rumen microbiome is strongly influenced by the diet (Loor et al.,
2016), recent studies identified significant host genetic effects on rumen microbial abundances
(Difford et al., 2018, Pérez-Enciso et al., 2021, Saborio-Montero et al., 2021). Genomic breeding
selection for MU is therefore hypothesized to affect the host-trait axis and the triangular host — rumen
microbiome — trait axis, which collectively influence individual NUE phenotypes.

In order to better understand the link between MU genetics and individual proxies of NUE, the current
study aimed to explore both axes by (i) the identification of differential microbial genera abundances
between dairy cows with divergent genomic breeding values for MU (GBVimu vs. GBVumu) and (ii) by
investigating these rumen microbial genera identified in (i) as potential microbial signatures of GBVMU
selection for their relationship to proxies of individual NUE.



Material and Methods

The following description of data collection, statistical analyses and the analysis strategy is visualised
in Figure 1.

Cow population and sampling

The cow population and the experimental trial has been described previously (Honerlagen et al., 2021).
In brief, 371 lactating Holstein-Friesian cows were sampled for milk, urine, faeces and rumen fluid in a
practice-operating dairy farm. All cows were fed a total mixed ration which comprised 7.26 MJ NEL/kg
dry matter (DM), 15.4% crude protein (CP) and a ruminal nitrogen balance of -0.9 g N/kg DM. Milking
and feeding was carried out twice daily. Urine, faeces and rumen fluids were obtained once from each
cow in @ maximum time distance of 24h to milk samples, which were obtained by the monthly milk
record procedure as pooled sample from morning and evening milking. Monthly milk recording data
for one entire lactation (14 months) including protein, fat, lactose and milk yield was available for all
individuals of the herd. In order to sample urine, faeces and rumen fluids, cows were fixed in a feeding
fence directly after the morning or evening milking. Urine was collected after stimulating massages or
spontaneous miction, immediately cooled on ice and stored at -20 °C. Faeces samples (approx. 200 mg
per cow) were withdrawn by rectal removal and stored at -20°C. Rumen fluids were obtained by oral
stomach tubing. Therefore, each cow was fixed with a rope in the feeding fence, a stomach tube
(Hauptner-Herberholz GmbH & Co. KG, Solingen, Germany) was warmed up in water and intubated
into the rumen. After discarding saliva, rumen fluids were transferred into 50-ml falcon tubes and
stored at ambient temperature (1-7°C) for 2 h maximum before long-time storage at -20°C. The
stomach tube was intensively rinsed with water before the next cow was sampled.

Genomic breeding value estimation for MU (GBVMU)

For all cows a genomic breeding value for MU (GBVMU) was estimated by vit Verden (Vereinigte
Informationssysteme Tierhaltung, Verden, Germany) by applying the established estimation model for
somatic cell score (https://www.vit.de/fileadmin/DE/Zuchtwertschaetzung/Zws_Bes_deu.pdf, access
20.01.2020). Only cows with GBVMUs and all phenotypes were included in the statistical analyses,
resulting in a data set of n=358 lactating Holsteins.

Based on GBVMUs the population was grouped into the following three categories: GBVumu (GBVMU <
85, n=30, MU phenotype=226.97mg/| + 19.88 (mean MU % SD of the group)), GBVmep (GBVMU = 86 —
115, n=299; MU phenotype= 191.95 mg/| + 21.24) and GBVuy (GBVMU 2 115, n=29, MU phenotype=
161.54 mg/l £ 19.10). The extreme cow groups (GBVumu, GBVuwu) represented the top and bottom 15%
for GBVMU of the population separated by three standard deviations between GBVMU values. The
cow groups assigned to GBVMU were similar in parity (3, 3, 3; mean GBVumu, GBVimu, GBVwmep), lactation
stages (198 days in milk (DIM), 203 DIM, 199 DIM) and body weights (681 kg, 686 kg, 684 kg).

Sample analysis and settings of NUE proxies

The analyses of milk and urine samples were previously described (Honerlagen et al., 2021). In brief,
the State Control Federation of Mecklenburg-Western Pomerania provided the analyses of milk
protein, milk fat, lactose and milk urea, the latter being analysed by mid infrared spectroscopy
(CombiFoss 7, Foss, Hilleroed, Denmark). Total milk N was determined by MQD (Qualitatsprifungs-
und Dienstleistungsgesellschaft Mecklenburg-Vorpommern, Gistrow, Germany) with the Kjeldahl
method and converted into milk CP (g/100g milk), using the factor 6.38. The urine samples were
analysed photometrically for urea concentration at a ABX Pentra C400 clinical chemistry analyser
(HORIBA Europe GmbH, Oberursel, Germany). Faeces samples were dried, grinded and subsequently
analysed for the total N-content, calculated as percentage of DM, using a “vario MAX” element
analyzer (Elementar; Langenselbold, Germany). The rumen fluids were analysed for the microbial
composition by 16S rRNA amplicon sequencing. Microbial DNA extraction, 16S rRNA amplicon
sequencing and data preparation followed the description in (Honerlagen et al., 2022). Briefly,
microbial DNA was extracted utilising the PowerlLyzer PowerSoil DNA isolation kit (QIAGEN, Hilden,
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Germany), the V4 region of the 16S rRNA gene was targeted via PCR and the PCR products were
subsequently sequenced on HiSeq2500 (lllumina, San Diego, CA) with 250 bp paired-end reads. After
excluding nine samples due to low read depth the remaining data set was subsampled to 120 521 reads
per sample (McMurdie and Holmes, 2014).

Proxies of NUE generated from milk, urine and faeces samples comprised repeatedly measured and
one-time measured traits. Repeatedly measured traits were generated by averaging individual milk
record data of one lactation (14 months lactation duration). One-time measured traits were recorded
as part of the collection procedure of rumen, urine and faecal samples. Repeatedly measured proxies
of NUE utilised in this study are: Milk urea concentration (MUpc), milk yield (MYic), milk urea yield
(MUY jac= MUjac* MYioc and milk protein yield (MPY s = milk protein percentage (MPiac) *MYiac). One-time
measured traits are: MU, urinary urea concentration (UU), milk protein percentage (MP), milk CP as
parameter for total milk nitrogen concentration (MN) and faecal N-concentration (FaecN).

Statistical analyses

Milk, urine and faeces phenotypes were tested for significant differences between the extreme
GBVMU groups (GBVumu vs. GBViuwy) by utilising Student’s t-test and further investigated for
phenotypic correlations among traits in the whole cow population (n=358).

The microbial data was initially analysed at OTU level in the whole population (n=358) by
multidimensional scaling (NMDS) based on a Bray-Curtis dissimilarity matrix using ‘vegan’ R package
(Oksanen et al., 2013). Moreover, PERMANOVA analysis was performed based on the dissimilarity
matrix to test differences between GBVumu, GBVmep and GBVimu groups. Inverse Simpson indices were
calculated to assess alpha diversity with ‘agricolae’ R package (De Mendiburu Delgado, 2009).

Further analyses were conducted at genus level considering genera with more than 30 counts in at
least a third of the entire cow population (remaining data set: 123 genera). Differences in taxa
abundance between the extreme GBVMU groups were analysed using Wald test implemented in the
‘DESeq?2’ R package (Love et al., 2014). The milk fat content was included as fixed effect in the statistical
model accounting for differences in feed intake between the cows. Genera were defined as
significantly differentially abundant (DAG) at p-values < 0.05. Furthermore, a sparse Partial Least
Squares Discriminant Analysis (sPLS-DA) was applied on the filtered and variance-stabilised
transformed count data set (123 genera) utilising the R package ‘mixOmics’ (version 6.6.2, available at:
http://mixomics.org) (Rohart et al., 2017). SPLS-DA was utilised to identify the most discriminative
microbial genera that mainly distinguish the rumen profiles of extreme GBVMU groups. The analysis
considered two components of microbial features, with the 10 most distinctive genera in each of the
components.

The microbial genera identified by ‘DESeq2’ (DAG) and ‘sPLS-DA’ were considered as microbial
signatures of GBVMU and further investigated for their correlation to the NUE-associated traits (milk,
urine, faeces) in the whole cow population (n=358). Therefore, a Pearson correlation analysis between
the sample-specific genus abundance and each trait was conducted and tested for significance by
utilising 'stats’ package in R. Significance was determined at adjusted p-values < 0.05 (Benjamini-
Hochberg). Most prominent microbe-trait correlations considering correlation coefficients,
significance and literature research were identified and visualised with ‘ggplot’ in R.

Results

Phenotypic characterisation of cows assighed to GBVMU

The NUE-associated traits are documented in Table 1 showing means and standard deviations for the
entire herd, as well as for GBVymyand GBV iy cow groups.

GBVuuu cows showed significantly lower MU values than GBVumu cows, which was evident at sampling
time point (MU) and across lactation (MU.c). GBVimu cows also excreted significantly less absolute MU
per lactation, indicated by MUY\, even though they yielded significantly more milk (MYjac) than



GBVumu cows. Furthermore, GBVuwy had significantly lower UU than GBVumu cows, whereas MN, MP,
MPY.c and FaecN did not significantly differ between groups.

Correlations among the NUE-associated traits in the whole cow population are reported in Table 2.
MU and MU were positively correlated (r=0.63, p<0.05). UU revealed moderate positive correlations
to MU, (r=0.25) and MU (r=0.26) and a weak positive correlation to MN (r=0.14). FaecN did not show
any significant correlations to milk and urine traits. Although a moderate correlation between the
repeatedly measured MPY,c and MU, was observed (r=0.25), there was no relation between MPY,
and one-time measured MU. However, one-time measured MU correlated positively with the one-
time measured MP (r=0.27).

Results microbiome

The filtered and subsampled microbial data set in the entire cow population comprised 1064 genera,
which were taxonomically assigned to 426 families. Analysis at OTU level revealed neither a distinct
clustering of the overall microbial communities (Figure 2A) nor differences in the alpha diversity
between GBVMU groups (GBVumu, GBVmen, GBVimu; Figure 2B).

Analyses at genus level uncovered 13 DAG between GBVumu and GBVivmu cows in the filtered data set
(Table 3). The genera with the highest abundance among the DAG were Lachnospiraceae NK3A20
group and Muribaculaceae ge, both with a higher occurrence in GBVymy cows compared to GBVimu
animals. Two additional genera assigned to the Lachnospiraceae were identified as DAG. Furthermore,
Veillonellaceae unclassified, Succinivibrionaceae UCG-002 and Blautia abundances indicated
substantial differences between the divergent GBVMU groups. Whereas Veillonellaceae unclassified
was observed 2.5 times more in GBVuymy compared to GBViwu, Succinivibrionaceae UCG-002 and
Blautia were significantly more abundant in GBV.uy with fold changes of 2.7 and 2.1, respectively. The
significantly higher abundance of Desulfovibrio in GBVumy was supported by the lowest p-value in the
data set, whereas Clostridia unclassified might constitute a further prominent DAG with higher
prevalence in the rumen of GBVumy cows.

Although sPLS-DA did not achieve a complete distinction of GBVumuand GBVimu cows’ microbial
profiles, the abundances of the selected microbial features partly separated the rumen profiles of the
divergent GBVMU groups (Figure 3A). Lachnospiraceae NK3A20 group, which was identified as most
abundant DAG in the ‘DeSeq2’ analysis, was also selected as most important driver of component 1,
accounting for higher abundances in GBVumu (Figure 3B, Table 3). Eight further DAG were also
identified by sPLS-DA, whereas WCHB1-41 ge and Bacteroidales BS11 gut group ge were uncovered
exclusively by sPLS-DA and represented the two most important features of component 2 (Figure 3C).
Both genera occupied higher abundances in GBVumu cows and covered mean relative abundances of
0.2378% and 0.1445% in the whole cow population.

The correlation analysis between microbial abundances and NUE-associated traits (milk, urine, faeces)
in the entire cow population (n=358) was conducted with the 24 microbial genera related to GBVMU
obtained from the joint lists of ‘DESeq2’ and ‘sPLS-DA’ (Table 4; Suppl.1). Most prominent genus
abundance — trait correlations are visualised in Figure 4 (A-F).

The abundances of two genera of Lachnospiraceae family, namely the “XPB1014 group” and “AC2044
group”, as well as Prevotellaceae NK3B31 group and Butyrivibrio revealed considerable negative
correlation coefficients to MUjac (r? = -0.16 to -0.13). Butyrivibrio and Lachnospiraceae XPB1014 group
abundances showed further notable negative correlations to MUYp (r> = -0.13 and r? = -0.14,
respectively), but positive relations to FaecN (r?= 0.24; r2= 0.21). Another six genera were significantly
correlated with MU (r? = > abs (0.15); adj. p < 0.05). Whereas Erysipelotrichaceae UCG-007 and
Clostridia unclassified abundances correlated negatively with MU, higher abundances of
Prevotellaceae UCG-003, Blautia and Anaerovibrio were observed alongside higher MU values. The
latter three genera were further found to be positively correlated to MN and FaecN. Blautia
abundances revealed thereby the most remarkable relationships (MN: r?= 0.2; FaecN: r?2=0.29), but
was only barely observed (0.0344% mean relative abundance). Moreover, the abundances of three



genera (WCHB1-41 ge, CAG-352 and Bacteroidales BS11 gut group ge), which contributed to the
discrimination of extreme GBVMU groups in sPLS-DA, were accompanied by higher FaecN excretion
and lower MUY, and MY/, values. Furthermore, the abundances of Desulfovibrio and Veillonellaceae
unclassified were negatively correlated with MN, MP and FaecN. Although both genera were identified
as DAG, their abundances were not correlated to MU.c or MU phenotypes considering the entire cow
herd. Anaerolineae unclassified abundances revealed the only considerable correlation with UU values.

Discussion:

This study was conducted under the hypothesis that due to the symbiotic interplay between dairy cows
and their rumen microbiome, individual MU is affected by host-genetics and the rumen microbiome,
which in term is partly attributed to host genetics. Thus, differences in GBVMU should be displayed by
different abundances of rumen microbes playing a role for the individual N-utilisation and N-excretion.
Specific microbial genera were identified as potential rumen microbial signatures related to GBVMU.
These genera were further investigated for their relationship to proxies of NUE in milk, urine and faeces
in order to assess their potential influence on cow individual NUE phenotypes.

All NUE associated phenotypes ranged in standard norms, assuring suitable dietary-N and energy
supply in a high producing herd (Gonda and Lindberg, 1994, Sgrensen et al., 2003, Ruska and Jonkus,
2014). The phenotypic characterisation of milk parameters revealed that GBViwu cows excrete
significantly less urea via milk (MUjac, MU and MUY\y), but yielded more milk (MYiac) than GBVumu.
However, in accordance with various studies that confirmed the absence of genetic and phenotypic
correlations between MU and milk performance parameters in large cow populations (Wood et al.,
2003, Miglior et al., 2007), no phenotypic correlations between MU, and MU with MYj,c were
identified by the present study. Thus, higher MY, in GBVimu cows do not indicate that GBVMU
selection would concurrently enhance MYi.c. However, our results strengthen the hypothesis that
GBVMU selection would at least not negatively influence MY,.. Moreover, even though GBV vy cows
were phenotyped with higher MY, than GBVumu, they excreted significantly less absolute MU per
lactation (MUYiac= MU *MYiac). These findings indicate the high potential to substantially reduce MUac
by GBVMU breeding selection.

Urea — as the quantitatively most occurring N-metabolite in urine —is also known as the most variable
urinary N-fraction (Bristow et al., 1992), which might explain the high standard deviations in our study.
Nonetheless, lower UU in GBViwy compared to GBVumy was significantly evident. The moderate
correlations between UU and MU (MU, and MU) are concordant with various studies and strengthen
the general assumption that selection on GBVuycows would reduce UU and thus N-emissions (Burgos
et al., 2010, Gulinski et al., 2016, Bergen, 2021, Te Pas et al., 2021).

Although GBViuy cows had significantly lower urea concentrations in milk and urine they did not
occupy significantly different FaecN phenotypes compared to GBVumyu cows. This observation is in
accordance with (Arunvipas et al., 2008) who assured absent associations between MU and faecal N
concentration by multiple measurements in 79 lactating dairy herds. These findings suggest the
independency of GBVMU selection to the excretion of undigested N in faeces. However, it should be
considered that data collection of absolute urinary and faecal N-excretion was not possible in the
present study, due to the free-stall housing of the herd, the large sample size and the sample
obtainment within the daily farming routine. Hence, some NUE associated phenotypes were depicted
relative to the normalized sampling volume (i.e. UU and FaecN). The determination of absolute N-
losses by exact calculations of N-input, N-deposit (i.e. milk and muscle protein) and N-excretion would
enhance the knowledge of phenotypes deriving from GBVMU selection.

N compounds in milk and urine origin from the cows’ N-pool as a result of N- absorption in the rumen
and intestine, whereas faecal N is mainly determined by non- absorbed N. Consequently, a potential
influence of specific rumen microbial genera on proxies of NUE demands for differentiation between
milk and urine traits compared to faecal N excretion.

In general, a high ruminal fermentation rate of feed-N compounds yielding high amounts of absorbable
N-metabolites (i.e. peptides and AA) at the small intestine enhances the N-usability for the cow,
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decreases the ruminal and the cow’s (blood) non-protein-N (NPN) pool and thus reduces N-losses via
milk and urine. A specific rumen microbial effect on milk and urinary N-excretion would therefore be
conceivable, if a genus (i) influences the ruminal amount of NHs or NH* by its deamination activity
(impact on ruminal NPN-pool), (ii) determines the diffusion and utilisation of blood urea in the rumen
by its ureolytic activity (impact on cow’s NPN pool), or (iii) influences the transport of NHs, NH* and
urea across the rumen epithelium (impact on ruminal and cow’s NPN-pool).

Faecal N-excretion originates from undigested dietary N, non-absorbed microbial protein, and to a
small amount from endogenous N (Stallcup et al., 1975). The faecal N-content is therefore mainly
determined by the total amount of N absorbed by the cow, independent of the N-absorption form
(NHs or NH* via rumen epithelia; AA and peptides via small intestine membrane). Microbial influence
on FaecN phenotypes might therefore be more due to (i) the initial breakdown of dietary protein-N by
proteolytic activity in the rumen, (ii) the ruminal N-fermentation activity, which determines the
amount of N incorporation into microbial protein or (iii) an effect on the dietary passage rate, which
impacts the cow’s intestinal barrier absorption capacity of peptides and AA.

The results of the overall microbial composition indicated that GBVMU selection is neither
accompanied by specific ruminotypes nor would the microbial diversity been substantially increased
or decreased. These findings are in accordance with low to moderate heritability estimations of
microbial features in dairy cattle (Difford et al., 2018) and might be explained by the fact that the
rumen microbial composition is mainly influenced by environmental factors (i.e. feed components)
and only to a certain extent by host genetics (Yafiez-Ruiz et al., 2015). Nonetheless, fourteen DAG were
identified between the extreme GBVMU groups. Interestingly, seven thereof were also identified to
distinguish the rumen profiles of another cow population grouped for high and low MU predisposition
in our previous study (Honerlagen et al., 2022). Specifically, a higher abundance of the ureolytic genus
Succinivibrionaceae UCG-002 was identified in GBVimu cows, whereas GBVumu cows hosted significantly
more abundances of Clostridia unclassified and Desulfovibrio, which became prominent as hyper-
ammonia producing bacteria (HAB) species (Paster et al., 1993, Bento et al., 2015, Hartinger et al.,
2018, Honerlagen et al., 2021, Libera et al.,, 2021). Ureolytic bacteria are known to enhance the
diffusion of blood urea into the rumen, which reduces the cow’s blood NPN-pool, facilitates the
ruminal N-incorporation into microbial protein and thus reduces N-losses (Rosendahl, 2015).
Accordingly, ureolytic genera were identified to facilitate the ruminal N-utilisation (Jin et al., 2016). In
contrast, HAB bacteria are known to massively increase NHjs levels in the rumen fluid by their rapid AA
deamination activity (Patra and Aschenbach, 2018). The subsequent steep increases of the ruminal
NH; pool enhance NH; effluxes into the blood, increase the blood NPN-pool and promote the urea
synthesis in the hepatocytes. Accordingly, HAB are thought to negatively influence the NUE and
enhance N-losses (Hartinger et al., 2018).

Furthermore, this study identified three genera of Lachnospiraceae family — namely Lachnospiraceae
NK3A20 group, Lachnospiraceae AC2044 group and Lachnospiraceae XPB1014 group — that possibly
constituted microbial signatures influencing MU phenotypes. The Lachnospiraceae family has been
associated with low N-utilising phenotypes in beef steers and goats (Wang et al., 2019, Alves et al.,
2020). However, this family hosts a huge variety of genera that adapt to individual ecological niches
and might therefore contribute to the N-metabolism in ruminants in a different manner (Meehan and
Beiko, 2014). Lachnospiraceae NK3A20 group has been depicted as a major genus of the
Lachnospiraceae family in the rumen (Anderson et al., 2021) and was significantly higher abundant in
GBVumu cows. Interestingly, (Huang et al., 2021) stated a positive correlation between ruminal
Lachnospiraceae NK3A20 group abundances and the rumen papillae length in yaks that quantitatively
enhanced the absorption capacity of the tissue. Regarding higher occurrences of Lachnospiraceae
NK3A20 group in cows with HMU phenotypes and correspondingly higher blood-N pools (Miiller et al.,
2021), it might be speculated if Lachnospiraceae NK3A20 group enhanced the NHz and NH* absorption
by stimulating rumen papillae growth and thus promote N-effluxes into the blood. Lachnospiraceae
AC2044 group and Lachnospiraceae XPB1014 group were higher abundant in GBV,mu cows. Both
genera were negatively correlated to MU, and the XPB1014 group showed further considerable
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negative correlations to MUY, and positive correlations to FaecN. Interestingly, Lachnospiraceae
XPB1014 group abundances were found to be increased under N-scarcity in the hindgut of pigs and
contributed to enhanced NUE (Zhao et al., 2020). Furthermore, increased Lachnospiraceae XPB1014
group abundance has been observed alongside with high carbohydrate fermentation levels in cows
and pigs (Zhao et al., 2020, Hendawy et al., 2021). In general, a high fermentation rate of carbohydrates
stimulates feed intake, accelerates the feed passage rate of the diet, reduces the absorption time of
AA and peptides in the intestine, and thus increases faecal nutrient losses (McCarthy Jr et al., 1989,
Honer, 2001, Brade and Distl, 2015, Schuba et al., 2017).

A further considerable positive correlation was found between FaecN and Prevotellaceae UCG-003
abundances. Interestingly, high abundances of Prevotellaceae UCG-003 were observed alongside with
low ruminal fermentation degrees in yaks and steers (Liu et al., 2019, Qiu et al., 2020). Moreover,
(Huang et al., 2021) identified a negative correlation between Prevotellaceae UCG-003 and the length
of the rumen papilla in yaks. Short papilla generally decrease the nutrient absorption capacity of the
rumen tissue and might subsequently lead to enhanced faecal nutrient losses (Brade and Distl, 2015,
Huang et al., 2021). The Prevotellaceae family is a major player in ruminal fermentation processes and
hosts various genera, which are known to massively affect the ruminal AA metabolism (Liu et al., 2019,
Qiu et al., 2020, Zhao et al., 2020). The present study revealed numerically higher abundances of
Prevotellaceae UCG-003 in GBVumu cows and further positive correlations to MU and MN.
Prevotellaceae UCG-003 might therefore constitute a microbial signature of GBVMU selection, which
is proposed for independent effect estimation on faecal and milk N-losses from dairy cows.

Furthermore, Anaerovibrio and Blautia abundances were positively correlated to FaecN, MU and MN.
Although, both genera were — in accordance with other studies — only barely abundant (Ramos et al.,
2018, Xie et al., 2022) , Anaerovibrio and Blautia have been identified as differentially abundant in the
digestive tract of goats grouped for high and low NUE phenotypes (Wang et al., 2019). Anaerovibrio
was found to be significantly higher abundant in the low NUE goats, whereas Blautia was detected
with higher presence in the high efficient phenotype. Although these findings are in accordance with
significantly higher abundance of Blautia in GBV vy cows in the present study, the positive correlation
between Blautia abundances and MU, FaecN and MN excretion would attribute Blautia a
disadvantageous role in the ruminal N-metabolism. Since Blautia has just recently been defined as a
single genus (Liu et al., 2021), further research on the biological contribution of Blautia to the N-
metabolism in ruminants is proposed.

Moreover, the considerable positive correlation between Butyrivibrio abundances and FaecN attracted
interest. Butyrivibrio is a dominant genus in the rumen (Henderson et al., 2015) and accounted for
considerable abundances in the present study. Butyrivibrio has been identified with significantly higher
occurrence in predisposed HMU cows in our previous study (Honerlagen et al., 2022) and correlated
with lower N-recycling efficiency phenotypes in beef cattle (Alves et al., 2020). However, in the present
study, Butyrivibrio accounted for significantly more abundances in GBVimy cows and correlated
accordingly negative with MUj,.. Considering the major occurrence of this genus as well as the findings
of (Derakhshani et al., 2018) who suggested Butyrivibrio as a major fybrolitic rumen dweller in
Holsteins with a major impact on ruminal fermentation, it might be speculated whether Butyrivibrio
affects the dietary N digestibility by its fermentation activity and therefore promote FaecN losses. At
this time point, the causality between host genetics, Butyrivibrio abundances and the N-utilisation and
N-excretion remains unclear, but deserves further research.

Conclusion

The results of this study implied that selection for GBV.uu cows would reduce MU and UU but would
not affect FaecN. Although GBVMU selection would potentially not lead to fundamental changes in the
rumen microbial composition, specific genera abundances distinguished between GBV muand GBVumu
cows. Considering their relationship to MU and further NUE associated traits, Succinivibrionaceae UCG-
002, Clostridia unclassified, Desulfovibrio, the Lachnospiraceae family, Prevotellaceae UCG-003 and
Butyrivibrio are proposed as the most considerable microbial genera linked to GBVMU, possibly



influencing proxies of NUE in Holsteins. These genera are suggested for quantitative effect estimations,
in order to determine their potential as microbial signatures for future breeding selection on enhanced
NUE in dairy cows.
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Table 1: Means and standard deviations of NUE-associated traits in the whole cow population (n=358)
and in the extreme groups (GBVumu (n=30), GBV.mu (n=29)), respectively.

NUE-associated trait Acronym  Entire herd GBVumu GBVimu p-value?
Milk urea (mg/l)* MU ac 192.27 £24.80 226.97+19.88 161.54+19.10 <0.001
Milk urea (mg/l) MU 174.04 £40.40 204.07 £45.42 146.73+£29.11 <0.001
Milk urea yield (g/d)* MUY ac 6.82 +1.36 7.87+1.31 6.13+1.38 <0.001
Milk nitrogen (g CP/100g milk) MN 3.62 +0.38 3.64+0.43 3.60+0.40 0.355
Urinary urea (mmol/l) uu 103.02 £+50.52  131.12 +59.90 81.07+54.69  <0.001
Faecal N (% in DM) FaecN 2.50+0.30 2.53+0.27 2.49+0.42 0.335
Milk yield (I/d)* MYiac 35.40 £ 5.68 34.62 £6.04 37.85+6.06 0.022
Milk protein (% in milk) MP 3.61+0.38 3.62+0.40 3.59+0.40 0.403
Milk protein yield (kg/d)* MPYac 9.87+2.49 10.05 +2.15 9.98 +2.86 0.909

1lac = averaged data of one lactation (14 months);

2p-value < 0.05 indicates significant differences between GBVumy and GBV vy cow groups
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Table 2: Correlations of NUE-associated traits in the whole cow population (n=358).

Trait MU MU MUY! MN UU FaecN MY! MP?
Mut

MU 0.63*

MUY' 0.60* 0.31*

MN 0.21* 0.25* -0.11*

uu 0.25* 0.26* 0.09 0.14*

FaecN 0.06 0.10 0.03 -0.03 -0.07

My? -0.06 -0.09 0.74* -0.34* -0.11* -0.01

MP 0.19* 0.28* -0.12* 0.96* 0.15* -0.02 -0.33*
MPY! 0.25* 0.07 0.68* 0.06 0.06 -0.08 0.63* 0.07

1lac = averaged data of one lactation (14 months);

*indicates significant correlation (p-value < 0.05)
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Table 3: Significantly differentially abundant genera (DAG) between the rumen fluids of GBVumy and
GBV.mu cows.

Relative abundance? (%)

Genus Entireherd GBVuwy GBVimu  Fold change? p-value3
Anaerolineae unclassified® 0.0696 0.0943 0.0524 1.65 0.022
Blautia 0.0344 0.0243 0.0337 -2.15 0.008
Butyrivibrio 0.3634 0.3037 0.3841 -1.36 0.018
Clostridia unclassified 0.3234 0.3579 0.2937 1.38 0.044
Desulfobulbus 0.0424 0.0332 0.0438 -1.32 0.036
Desulfovibrio 0.0676 0.1113 0.0654 1.94 0.004
Lachnospiraceae AC2044 group 0.1293 0.1253 0.1628 -1.27 0.047
Lachnospiraceae NK3A20 group 2.5930 2.9075 2.2247 1.31 0.012
Lachnospiraceae XPB1014 group 0.0907 0.0758 0.0909 -1.32 0.041
Muribaculaceae ge 1.9545 2.1735 1.8869 1.14 0.015
Prevotellaceae NK3B31 group 0.3637 0.3367 0.4309 -1.31 0.013
Succinivibrionaceae UCG-002 0.2743 0.2731 0.2782 -2.68 0.043
Veillonellaceae unclassified 0.7186 0.9950 0.5936 2.48 0.043

Icalculated as mean of the respective group;

2Fold changes derive from DESeq?2 analysis (n=59 cows) and refer to GBVywy compared to GBV mu;

3p-values < 0.05 indicate significance;

aMicrobial genera underlined were also identified by sPLS-DA analysis to distinguish GBVymy and GBV yy rumen profiles
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Table 4: Correlation between the abundances of potential microbial signatures derived from GBVMU
selection with proxies of NUE in milk, urine and faeces in the entire cow population (n=358 cows)

Genus MU ac MU  MUYiae MYiac MN UU  FaecN MP  MPYiac
Anaerolineae unclassified® -0.09 -0.05 -0.14* -0.10 0.03 -0.14 0.09 0.01 -0.21*
Anaerovibrio 0.00 0.16* -0.05 -0.08 0.16* 0.07 0.25*% 0.17* -0.03
Anaerovoracaceae ge 0.00 -0.14 0.12 0.17¢* -0.11 0.04 -0.20* -0.11 0.13
Bacteroidales BS11 gut group ge  -0.07 0.07 -0.23* -0.23* 0.03 -0.11 0.22* 0.04 -0.30*
Blautia -0.03 0.15* -0.11 -0.13 0.20* 0.02 0.29* 0.21* 0.00
Butyrivibrio -0.15* 0.06 -0.13 -0.06 0.07 0.01 0.24* 0.09 -0.17*
CAG-352 -0.11 0.06 -0.21* -0.20* 0.08 -0.08 0.23* 0.10 -0.30*
Clostridia UCG-014 ge -0.05 -0.11 0.04 0.12 -0.08 -0.03 -0.08 -0.08 0.01
Clostridia unclassified 0.00 -0.18* 0.04 0.07 -0.17* 0.08 -0.21* -0.16* 0.07
Desulfobulbus -0.04 0.03 0.08 0.14 0.00 0.04 0.00 0.00 0.09
Desulfovibrio 0.02 -0.06 0.04 005 -0.14* -0.02 -0.16* -0.17* -0.05
Erysipelotrichaceae UCG-002 -0.03 -0.10 0.05 0.09 -0.07 0.06 -0.21* -0.08 0.10
Erysipelotrichaceae UCG-007 -0.02 -0.17* 0.02 0.06 -0.08 0.06 -0.21* -0.09 0.10
Firmicutes unclassified -0.03 -0.03 -0.12 -0.12 0.03 -0.08 0.03 0.03 -0.22%*

Lachnospiraceae AC2044 group -0.13 -0.10 0.00 0.12 -0.11 -0.05 -0.07 -0.10 -0.04
Lachnospiraceae NK3A20 group 0.13 0.05 0.09 -0.01 0.15* 0.01 -0.07 0.15* 0.10
Lachnospiraceae XPB1014 group -0.15* 0.03 -0.14* -0.06 0.03 -0.09 0.21* 0.05 -0.21*

Muribaculaceae ge -0.01 -0.03 -0.14 -0.17* 0.02 -0.05 0.21* 0.01 -0.20*
Prevotellaceae NK3B31 group -0.16* -0.06 -0.08 0.02 0.00 -0.08 0.12 0.00 -0.05
Prevotellaceae UCG-003 0.00 0.15* -0.10 -0.13 0.10 -0.04 0.24* 0.11 -0.11
Succinivibrionaceae UCG-002 -0.06 0.10 -0.06 -0.05 0.05 0.00 0.11 0.07 -0.04
Syntrophococcus 0.03 -0.16* 0.11 0.12 -0.12 0.08 -0.22* -0.12 0.14

Veillonellaceae unclassified 0.07 -0.10 0.09 0.09 -0.15* 0.07 -0.25* -0.17* 0.09

WCHB1-41 ge -0.04 0.13 -0.18* -0.21* 0.12 -0.07 0.23* 0.12 -0.18*

#Microbial genera underlined were identified by both, ‘DeSeq2’ and ‘SPLS-DA’ analyses;

*indicates significant correlations (adj. p-value<0.05)
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Figure 1. Flow chart of data collection and analysis.
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Microbial component 2
o

Figure 3. Sparse Partial Least Square-Discriminant Analysis (sPLS-DA) in dependence on extreme
GBVMU groups, generated by the loading vectors (i.e. selected microbial genera) of component 1 and
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the respective microbe.

21

01 02 03 04 05 06



A =053, P -value = 0.0037 B o 17=0.1496, P - value = 0.0046 C #=-01721, P-value =0.001
03
= 3 ® GBY,
& B 5 "
g g g A GBY,,
g Y . V,
N S < . m GBV,e,
S o2 @, & o
Q
g S g
< 3 s K
g 3 s P .
g g g y N
8 < g -
£ 3 3
gm R g
£ & ] X
s 0 N L A
= . Py S &
o *ra P vt il e ol
00 o
120 160 200 240 280 50 100 150 200 250 300 30 35 40 a5
Mean milk urea per lactation [mg/] Milk urea [mg/l] Milk protein [% in milk]
#=-0.1399, P - value =0.008 70102, P -value =0.0538 #=-0.1474, P - value =0.0052
_ 03 B .
& N
g g &
5 =
= . 8 3
S o2 & 2 .
5 . g2 g .
g H $
Py .
S H 3 P
3 8 3 .
S g s .o N
£ 2 3 2yt .
S 01 | 22 3
g £
£ 3 e, ™ .
CPR Y Y
3 T
o LIS LR SR L DFCTS - N S e
00 o
4 5 B 7 8 9 0 30 35 40 a5 30 35 40 a5
Mean milk urea yield per lactation [g/d] Milk nitrogen [g CP/100g milk] Milk nitrogen [g CP/100g milk]
0,208, P-value = 1e-04 . #=0.2354, P - value <0.001 75 7 =-0.2462, P - value <0.001
- 3 . °
g .o
5 £ g
= 50
H z 3 .
z S H :
o2 8. g
1
g S g
p H g2s
3 § g
8 3 S
Ea',u.u s B g
3
£ < £ o0
]
s
3
00 _ i} _ i} o _ ) i} . i} _ i} i} i} )
#=0.1631, P-value =0.002 E 020 7=0.1549, P-value =0.0033 F 25 2=-0.1486, P - value =0.0048
0.100:
. 20
015
0.075: ° .
= - . N B
= . . = s
2 e . & ) °
5 "a ' S 010 5
3 0.050, 3 3
g 2 s
g [ Rt
< . [
0.025 . - 0.05
A ok RS .. °
et Swpgr S
o]+ eerie A AR A 000
50 100 150 200 250 300 50 160 200 280
Milk urea [mg/i] Mean milk urea per lactation [mg/l]
N #=0.1566, P value =0.003 0.20 2201957, P-value = 2e-04 25 #=-0.1301, P-value =0.0138
0.100
N
20
015
0.075: ° ° .
g . B T
) = s
2 B =2 ) :
5 S 010 - H
§ oos0 3 B R
g s g . .
< [ .
0,025
05
0.000 0.0
30 35 40 a5 1 5 7 8 9 0
Milk nitrogen [g CP/100g milk] Mean milk urea yield per lactation [g/d]
020 #=0.2868, P -value <0.001 25 #=02355, P-value<0.001
0.100: .
o1 20
0.075- *
g ‘ g
B T ane s .
g g oo . 5
§ 0.050: § . " 3 .
3 T . . 10
< . e . @
005 -
0.025: ) .
. 05
0.000 oo 00

Figure 4A-F. Most prominent relationships between rumen microbial signatures assigned to GBVMU
and specific proxies of NUE identified in the entire cow population (n=358). Dots display the microbial
abundance — trait correlation coloured in correspondence to the respective GBVYMU group (GBVumu
(blue), GBVwmep (grey), GBVimu (red)) of the individual cows. The grey area displays the confidence

interval (0.95).
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