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ABSTRACT

Fixed regression model (FRM) analyses that consider only fixedgewetic effects to vary over the
lactation are currently used for genetic evaluation of production traits in South African Holstein. With randol
regression models (RRM), the random aniaral permanent environmental effects are allowed to also vary over
the lactation. Hence, RRM can account for an individual component representing changes during the lacta
i.e., its persistency (PERS), enabling selection for more persistent cows. teskstay (TD) records used for
genetic evaluations come from cows in contrasted production systems. The main ones rely on full pasture (PA
or a total mixed ration (TMR), a choice often depending on local average rainfall where herds are situated.
records from herds were divided iritwo datasets based on the production system (PAST or TMR). REML was
used to analyse production for each of the firstelactations under different multiplactation models for milk,
fat and protein production, agell asfat and protein percentage. Various FRM were compared to the current
FRM officially used for genetic evaluation in South Africa (saFRM). A FRM that cumulates different curves
over the lactation for different fixed effects was retained based on resukSRA8T dataset and was also applied
to the TMR dataset. This model was then broadened to an alternative RRM (aRRM) combining for each lactat
an average production and a PERS effect, after which it was compared to the current saFRM under L
production systems. The aRRM for both PAST and TMR had a better goodness of fit than the current saFRM
all traits except protein percentage. The mean squared error of aRRM was lower for all traits. Generally, aRF
heritability estimates were highdran with the saFRM at the beginning and end of lactation for most traits in
PAST while being mostly higher during late lactation in TMR. Overall, thie RAST were mostly higher than
in TMR for all traits. Estimates of betwedactations genetic correlations for average production from the aRRM
were generally higher. Withilactations genetic correlations between average production and PERS for TMF
from the aRRM were negative and stronger than for PAST. The extra source of information from the aRR
enables a genetic prediction of PERS and is expected to increase accuracy of genetic predictions. Diffe
genetic parameters between thve production gstems may denote a genotype x environment interaction.

Dairy cattle in South Africa (SAnustproduce in varying environments which can roughly be separated
as total mixed ration (TMR) and pasture (PAST) production systems according to the level of rainfall in the he
area. Previous studies aimed to determine a possible genotype x envirorigrantiom (GxE) using 308ay
lactation records, finding no interaction, but different heritabilities. An alternative random regnessieh
(aRRM) was developed using SA Holstein testy records of herds with knamproduction system used (TMR
or PAST, analysed independently). The &RReparates the animal genetic (additive) effect into an average
production (level) andpersistency (slope) effect and shows clear differences in the genetic variances ar

heritability estimates over the lactation between TMR and PAST. The aim of thysass to further investigate
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the existence of a possible GXE interaction, using the same dataset, methodsMrd dRfBrentiate each trait

(milk, fat and protein production for the firdtree8 lactations) separately for the two production systems (TMR
or PAST). The possible reranking of sicesresulting estimated breeding values from the andigsigeen TMR

and PAST wrealso investigated.Genetic correlations (0.81 to 0.94) of theneticaverageproductioneffect
between TMR and PAST were strong, while corresponding ctoms$aof thegeneticaveragepersistencyeffect
were weakl(actationl, 0.22 to 0.27) tonoderatel(actation®? and 3, 0.55 to 0.68) for all traits. Min@ranking

of sires between TMR and PAST are predicteddeneticaverageproduction but with moderatéo major
reranking forgeneticaveragepersistency Analyzing TMR and PAST separately using a reduced rank model fits
the data significantly better, adds additional information and alfowmore accurate predictions to improve
geneticpersistency, more so than using witAST estimates. The recording of TD records as TMR or PAST
shoud be seriously contemplated #s genetic component of persistertys asignificantimpact on total
production.

Genetic improvement for persistency of milk production in South African Holstein cattle in a total mixec
ration or pasture production system will be impeded because of the existence of genotype by environm
interaction between the production systems.(unlRe ev
reality) showed that rainfall level indicates the production system preferred by producers. Thasadyo
determine the effect of including average rainfall in a random regression rs@dpbasible proxor production
system used. The animadlditivegenetic effect due to annual rainfall (class) was add#tktexisting additive
geneticaverageproduction and-persistency effect. Heritability estimates of rainfall ass 1 ( 61 0
coincided with total mixed r at i o rcoineidet witmaastuzesestimatds | ¢
in later lactations. Results suggest that genetic background responsible/dmage production level and
persistency over the lactations are not consistent over different rainfall areas.

Genomic evaluations for dairy cattle have become standard practice in 23 developed countries accorc
to Interbull at the end of 2024. The development and ugseanly (tens to hundreds of thousandsigle
nucleotide markers (SNPspread over the whole genome opened new doors for improved genetic prediction:
Together with therelatively newly developed singlstep (ss) method that blends phenotypic, pedigree and
genotypes (indicated by the SNPs of key animalsw evaluation encompassing all thi®imation in a single
genetic analysis. Suchsg genomic evaluation has been shown to enhance accuracy of prediction for variou
traits. SA Holsteins do not employ such genomic evaluations due to the relatively high cost of genotyping anim:
playing a significant role. Some 1221 SA Holstein animal$143 cows) were however genotyped The
production system under which 535 of these cows were recorded for milk production was known. Because of
significant genotype x environment interaction between the two production systemdative 295days milk
production for lactation 1 and 2 in TMR and PAST were analysed as different traits (i.grafbanalyses).

Two-trait analyses (lactation 1 and 2, irrespective of production system used) were also cartisthgiREML,



two multi-trait (MT) i.e., fourtrait analyses (MT4) were donén the first analysis (MT4) genomic inform:tlion
wasnot implementednd yielded estimated breeding values (EBVs) and their accuracies (ACC). The secor
analysis was the same as the first (MT4) one, except that the-siaglenethod (ssMT4yas used, which
incorporated the genomic information and yielded genaliyienhanced EBVs (ssGEBVSs) and their ACChke
two-trait analyses were carried out in @ne waya MT2 and ssMT2 analysisieritabilities between the ssMT4

vs the MT4analysesvere similar(TMR lactation lestimates 00.23 vs 0.24respectively TMR lactation 2
estimates of 0.1@espectively PAST lactation 1 estimates of3Q, respectivelyPAST lactation 2 estimates of
0.27, respectively) Heritabilities forthe ssMT2 vs the MT2 analyses wealsosimilar (0.5, respectively for
lactation 1 and 0.X vs 0.18 respectivelyfor lactation 2). Genetic correlations from the ssMT4 between TMR
and PAST for lactation 1 and 2 were 0.81 an®0&spectively.Hence, nmor to moderte reranking of animals

on ssGEBVs between the two production systemghttake place for lactation 1 and 2, respectivéy average,

the largestind significanincrease irssGEBV vs EBV ACCsvere for cows with record®(17;no progeny in
thepedigre¢ and especially for the corresponding cows with the lowest EBV ACCs (increases of ~0.11 to ~0.4(
Dams with records (and progeny in the pedigree) had on average the second largest increase in SSGEBVs ((
also with the largest increases in dams \ligh lowest EBV ACCs (increases of ~0.12 to ~0.3Rgsults for
dams without records followed the same tendency. In this regadis of thessGEBV vs EBV ACCs for the

ss and MT2 analyses followed a similar trentihese preliminary resultseapromising for increasing ACC of
genetic prediction using ss genomic evaluations. However, more animals need to be genotyped, especially hi
influential sires with genetic merits that representwhele population. Validation afenomic predictioneeed

to be part of future research in the SA Holstein population.



CHAPTER 1
Introduction and objectives of the study

Increasing the accuracy génetic predictions for traits of economic importanoeluded as selection criteria
(directly or indirectly) to reach well set up breeding objectives is the mainstay of animal breeding. Accuracy
genetic predictions to identify animals that fit these goals as parents of the next generation are cardinal
favourable genetic change over time.

Since 1987 a sire model was used for the genetic evaluation of South (SA) African Holstein dairy catt
(Mostert et al., 2004). The major drawback of a sire model is that onlyasgegaluated, which is based on the
performance of their daughters. Secondl vy, the g
and all dams are presumed equal in their genetic merit. This assumption is not accurate and the use of &
modelcancause bias in estimated breeding values (EBVSs) if mating®s/xs and bulls are nerndom. (Mrode,
2014). Therefore, where nerandom matings deemed necessarg., maingii b e st , bravhele & s the
aim to mate animals that are more complimentanards each othdéor an important trait(sYavourable genetic
change will be inconsistenising a sire modeSuchmodels were however computationally undemandiAg.
for the drawbacks of this model, and probably because of the advancements in computing resources, there v
move to animal models.

In an animal model EBVs for all animals in the pedigree, using the numerator relationship matrix, al
predicted (Lynch and Walsh, 1998The use osucha model allows for more accurate selection and mating
strategies according to predetermined selection objectives as all animals have genetic predingbmgailS
(first lactation, cumulative 3G8ays productionpnimal models were used for the genetic evaluations of SA
Holsteins since 199@Vlostert et al., 2004) Although singletrait animal modelsvere a step forward from sire
models, such analyses still have its shortcomings.

Since 1999, multrait (MT) animal models were used f8A Holstein genetic evaluatioflslostert et al.,
2004) With such a model it is possible to take advantage of the fact that numerous traits are genetically correlz
(Guo et al., 2014), because of some genes that are closely linked (close to each other) on the same chromo
(high linkage disequilibrium ., high LD). The farther genes are situated from each other on the sam«
chromosome, the lower LD they have. More important is the effedemitimpy where the same genes affect
two or more traits. Furthermonmost traits of economic importance in livestock are polygenic, and thus a great
number of genes can affect the same trait(s). Analysing traits together (MT) take advantage of these ger
structures ananechanisms and are beneficial for predictions of all animals where only a relatively few ar

measured i.e., costly, or difficult to measuoe measured (expressed) in only one sex (sex influenced). Low
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heritable traits usually beneftie most from MT analysdanproved accuracy of predictionggcause of genetic
correlations (Guo et al., 2014; Bourdon, 2014; Mrode, 2014).

The use of cumulative milk (or fat or protein) yield, usually calculated for a standamda$d&ctation,
for the first three parities were the traits analyisepglastSA dairy cattlegenetic evaluationisefore the year 2000
(Mostert et al., 2004).The use of testlay (TD) records, taken roughly 30 days apart were tsedlculate
cumulative 30&day yield. TD recordstretch back to 1987 for SA Holsteindgsing this longitudinal (TD) data
with ~ 8 to 10 TD records as different, correlated tiaitsso-called TD model, for the first three lactations (MT)
using all pedigrees (animal model) describes the model that was/is currently used for SA Holstien gene
evaluations. In this model fixed effects are considered eithes\asg the same effect through the lactatiom
described using some kind of mathematical curve function to regress their effects over DIM i.e., an animal T
MT, and fixed regression model (FRM).

The body of this study is made up of four parts, each with the potential to increase rate of genetic char
through more accurate and less biased genetic predictions. Put together the four parts build on one anoth
arrive at improved genetic (genomajaluations for the SA Holstein dairy cattle breed. It is written in the form
of four articles (Chapter8 to 6), some of which are already published or in the process of being so. For this
reason, the general conclusions and recommendations in Chajaterbe seen as a summary of the four main

parts. These four parts (objectives) of the study are as follows:

1. The first study (ChapteB) aimed to improve on the curreanimal, TD, multilactation and fixed
regressionmodel that was used for genetic evaluations in the recorded SA Holstein population b
developing a model that fit the data better and lead to an increase in genetic prediction accuracy. This:
done separately for the two most common production systeatshy dairy producers i.e., total mixed

ration (TMR) and pasture (PAST) production systems.

2. The second study (Chaptéy sought to build on the evidence of genotype by environment interaction
(GXE) between the TMR and pasture PAST production systems shown in Chafigch an interaction

may have a major impact on the rate of genetic gain through selection.

3. A reaction norm model (Chapt&F where milk production was grouped in average rainfall classes and
used as a proxy for PAST and TMR was considered, to try and accurately predigahadditive

genetic effect due to annual rainfall

4, Lastly, available genomic information (Chap®&rwas introduced in a preliminary investigation into

possible changes in rankings of animals, but especially possible changes in accuracy of genetic predict



CHAPTER 2

Literature review

2.1 Introduction

Diverse cattle from Holland with regard to type and colour has been introduced as early as durifig the 1
and 18 century by early settlers to the Cape Colony of South Africa. These imports of cattle were made relative
easy as these settlers still had close racial, political and family relations with Holland. Crossbreeding was ¢
the norm in Europe during thperiod which ensured these imported cattle to vary in many ways, phenotypically
and genetically. It is thought that probably during théyez®" century Holland cattle were started to being
separated in different type and breeds in Holland itself. It was during this period that black and white cat
emerged in a way closer to what was (is) known as Frieslands. Reports indicate that GovePrleiterdrerg
i mported what was probably the first cattle of t
amid 1779 and 1784. These cattle were for the first time called by the term Fries, probably because of the prov
in Holland from where they came. Seemingly towards the end of thari® beginning of the ¥9century, a
reasonable number of Dutch and Dutch crosses could be found in the Cape and its adjacent districts. These L
cattle have earned a good reputation by the Iffticentury to a sufficient degree and imports rose quickly from
then onwards. Most of these cattle were seen to be of the black and white Friesian type and their impor
became the founders of the first Friesland studs. The Friesland Caite®rer s 6 Associ ati o
(SA) was established during an assembly of involved breeders in Bloemfontein on 21 October 1912. Howe\
the first Frieslands were registered in 1906 in the South African Studbook (Gertenbach, n.d.). Early orgd-riesla
were imported to South Africa from Germany, Great Britain, United States of America and Canada. Most
them were however brought in from Holland, specifically from the Friesland and North Holland provinces. (Swe
and O6Hagan, n.Q@at)t.l e TBiree eHdreiressdl amsds oci ati on of S
Hol stein Friesland Society during 1990, and to t

change was to reflect on the advancement of the breed (Duvenhage, 2017).

2.2  Fixed regression

At the time of beginning this study the model used for FE#stein genetic evaluations were a fixed
regressiormodel(FRM) analysing testlay (TD) recordginterbull,2020). This model used the Wilmink (1987)
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function to describe one fixe(nteraction)effect over the lactation, with other fixed effects incorporated as
independent of the stage of lactation or tifoenstant).

In fixed regression models there can be fixed eff@utgrgenetic)that areregarded to have the same
effectsover the lactation, but importantly also one or more fixed effectsatieabnlinear (change) and have a
certain curve(s) over the lactation. The lactation is describelebfyxed effects ovedays in milk (DIM) after
calving. Thee curvilinearshapés) include regressions over DIM from a variety of possibbathematical
functions. (Mrode, 2014 Cows that were treated the same over thatiaa will have their TD records adjusted
in the same manneilhe correct mathematical function tlyesthe best fit of the fixed effect curves influence
the accuracyf fixed estimates and consequently also genetic predicti@aduci and Costa (2012) reported
reranking of sires for milk yield and persistency (of yield) based on the measures used to decide the fi»
regression used for the lactation curve.

Silvestre et al. (2006) studied the accuracy of seven functions. These included earlier functions of Wo
(1967 WOOD), Wilmink (1987 WIL), and Ali and Schaeffer (198ALI) that were originallyitted to describe
(phenotypic) lactation curvesAccording to Silvestre et al. (2006} later years researchers employed other
means thaincluded Legendre polynomia{&irkpatrick et al, 1994 dairy cattle Pool et al. 2000) and splines
(White et al., 1999for the mathematad expressionof fixed curves. Silvestre et al. (2006) testd.egendre
polynomials to the degree of 2, 3 and 4, as well as (cubic) splideyer (2005) stated that after the use of
Legendre polynomials by Kirkpatrick et al. (1990) in describing the mean growth trajectory irtmeicese of
this function became widespreaBolynomials of a higher order can modeltuations of means and variances
over the length of a continuous varialsigtisfactory. Yet, these polynomiasphasizeobservations at the
beginning and end of the trajectory, which can be problematic (Meyer, 2088)is probably because of few
records at the ends of thectation as this is a cause of such Legendre polynomial arteféistad| et al, 2000)
Misztal (2006) stated many problems with Legendre polynomials, including sudden changes of the terms wit
high order at the extremes, pooatmematical fittingof irregularfunctions, lack oflatato estimate a very large
number of parameters, ah@jher suscegbility of (co)variance curves to each of themerougparameters.

In its simplest forma spline functions made up ofinearfragments The points where these fragments
join are called knotsA few of these fragments looks like and is called i bfsd k &€k 0 ¢ u bagie ,
expansionof parametric, linear regressioithese fragments can also be polynoraiad are often cubic, like in
the case of Silvestre et al. (2008heir results showed that the accuracy of WOOD, WIL and ALl was influenced
markedly by longer intervals (beyond 4 weeks) between TD intervals and when there was an increase in the
TD, beyond 2 monthsWhen this was the case the use of splines was best. Splioeteatsibed the lactation

curve effectively with fewer TD record®mpared t&ALI and Legendre polynomialdMisztal (2006) cited many
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studies that was done at the University of Georgia on the use implementation of linear splines (Bohmanova et
2005; Iwaisaki et al., 2005; Robbins et al., 2005) for growth in beef. Here, linear dy@Bexs orthree knots

was less complex to configurate and had better numerical characteMisesal (2006) specified that the use of
linear splines can bparticularly applicable for national genetic evaluations if the covariate functions (of the
lactation curve in our case) are known. Importarttign the correct number of knots as well as the correct
position of knots can be established.

Regarding theecording of TD yields during the early lactation stage, Silvestre et al. (2006) showed tha
all seven mathematical functions tested achieved better results when the first TD record was before 8 or 30 D
compared to 60 and 90 days. Macd@zdadt al. (2005) stressed the importance of TD records before peak yield for
accurate estimates of the lactation shape.

The number of fixed regressions will be influenced by the number of fixed effestdhat degree they
change over the lactatias well as the trait itselfCobuciand Costg2012) showed that multiple regression
lactation curves fitted the TD records for milk yield in first lactation best, but that only a single regression cun
was the best fit for later lactations.

2.3 Random regression

A serious shortcoming of a BRis that the random effects, like the anirgahetic (AG) and permanent
environmenta(PE) effects are assumed to be constant over the lactation (Mrode, 2014, geneticallf-RM
assumenilk productionto exactly beahe same trait over the lactatioRandom regressiomodels(RRM), apart
from accommodating fixed regressiomdlow for the AG and PE (random) effects to vary over the lactation
(Mrode, 2014). For instance, Lund et al. (1999) and Heringstad et al. (2003) shinatdene expression for
clinical mastitisdiffers substantially over the lactatioeerkamp et al. (2001) proved the AG effect for body
condition score (BCS) differed significantly over the lactation while Berry et al. (2003) reported the same fc
BCS, body weight and milk yield over DIMThis is important as it indicates that the lactation curve can be
altered through selection as they are heritable éDéwet al. 2024).In addition,Zavadilova et al. (2005) and Li
et al. (2020) showed that the Rffect was curvilinear over the lactation. Random effect curves are often
described by the same mathematical expressions that is used for fixed effect curves (regressions) like polynon
and Legendre polynomials to th& degree as well as various types of splindhe popularity of Legendre
polynomials were mentioned in the previous section (2r2portant to note when they are used for the random
effects (AG and PE) in random regression modelsla@ossible imperfecemphas of observations at the

beginning and end of the trajectory (Meyer, 200Sthaeffer and Jamrozik (2008) stated that the problem with



6

Legendre polynomials atastances oartefacts of unusually high genetic variances at the beginning and end of
the lactation with subsequent high heritabilities at these points.

The RRM model was presented by Henderson (1982) and Laird and Ware (1982), but it was Schaef
and Dekkers (1994) who introduced it to be used forddords, as it is suited for use in longitudinal data analyses
in many cases (Lewis and Br otehat, 20604, bodyawveights th Quail, Bagos o
et al., 2005, daily energy balance in dairy cows; Wolc et al., 2007, monthly egg production in laying hens; Wan
et al., 202, residual feed intake in pigs)Mark (2004) reporteanulti-trat RRM TD model s t o b
potenti al met hodo for genet i cliuetwla(l998 shovwed that BRfare d a i
inferior as their residual variance were higher tharMRRodels. Buttchereit et al. (2010¢onferred that as
expected, RRI models achieved better results tharVER

2.4  Persistency of production

With the advent of TDandom regressiomodelsimportant functional traits could be distinguished from
the lactation curve i.e., peak production and persistenpyoafuction. These traits are heritable, meaning that
the lactation curve can be altered throughctle in a population. (Oliveira et al., 2024Yarious definitions
and modelling of persistency exist (Grossman et al., 1998y on Sanders et al. (1930) defirpsisistency of
production as the rate of decline from peak yigBkngler(1995)defined persistency of milk production as the
Afl atness of .tJlmenrloazdtkateitomlcun(1®®8) proposedldusi
between DIM 60 (around peak production) and 28@her assessments of persistency have been proposed by
Solkner and Fuchs (1987), Jakobsen et al. (2002) and Cobuci et al. (2004). Cobuci et al. (2007) stated tha
the most parpersistency is evaluated ad @y r o d af @ridam regression TD modeldsing EBVs(EBV: =

EBV of DIMy) from aRRM, these authors tested six measofgsersistency (PERS):

DOYYObw 06w,

0 OY"Y 06 ® 06 wh

oYY 06 ® 06 wh

CA

0 0OY"Y 06w 06 wh



0 0OY"Y 06 & 06w h

0DOYY 06w 06w,
wherelow values of PER& 3 46indicate high persistency, whereas a high a value for PERBate the same
(PERS 4 from Jamrozik et al., 1997; PERSs from Jakobsen et al., 200RERS from Cobuci et al., 2004)
Cobuci et al. (2004) recommended PERSd PER&as their generic correlations with cumulative 8@y milk
production were weak@.31 and 0.31).Gengler (1996) emphasized that the evaluation of persistency must be
unrelated (unbiased) from yield or corrected for the influence of yield. The author concluded that persistency
reliant on yield, especially cumulative yield.

Persistency has a great potengabnomicimpact onthe efficiency of milk production, directly and
indirectly. Macciotta et al. (20113tated that because of (total) production incréasuilk yield, fertility and
health problems in dairy cattle also increased. The overall level of the production curve probably plays
important role. The yielat peak stage of lactationcreases health difficultig®ohmanova et al., 200@nd
cows being in a negative energy balance during that stage riitility traits (Friggens et al., 2007)This is
supported by Caixeta and Omontese (2021) who specified that roughly a third of dairy cows having at minimt
one clinical disease (metabolic and / or infectjpwith more than half having no less than one subclinical disease
case during the first 90 days of lactatidn.a review, Kgari et al. (2020) indicateddecline in fertility traits of
dairy cattle for multiple breeds over the world, because of strict selection for milk yield and content trait:
Grossman et al. (1999) proposed selection for increased persistency without increasing peak yield and subsec
undesirable stress on the cow.

Extended lactations where thasean ntended pause afisemination may increase the profitability of
cows in both conventional and pasture production systems as shown by Rotz et al. (2005) and Butler et al. (2C
If such cows are superior for production persistency this will be of economic advantage to the dairy enterpri
Sehested et al. (2019) argued that an extended lactation strategy will lead to a decrease in number of calving
year, as well as decrease in the number of health risk perfetitedto calving as shown by Ingvartsen et al.
(2003. There may also badditional benefits because of reduced insemination, veterinary,reawihg of

replacement heiferosts (Bach et al., 2008).



2.5 Genotype by environment interaction

One seemingly same trait that is measured in two different environments or conditions have the poten
to be two different traits (Falconer and Latyszewski, 19%®hen these environments or conditions are classified
as categoricah multitrait genetic analyses seems sufficient (Calus et al., 2002; Hayes et al., 2016). Suc
conditions include differential diets, production systems, milking type, production levels, and geographical regi
(Silva Neto et al.2024). When these conditions vary enougltlsat certain genotypes that are significantly more
adapted to better survive and (re)produce in a certain environment over other genotypes, the phenomenc
genotype by environment interaction (GXE) might be at plathe same trait but defined as two in a mtdait
genetic analyses have a genetic correlation below 0.80, GXE between these conditions exist (Robertson, 1
and will cause reranking of animals within the given populat®outh Africa is a relatively dry country, with an
average annuaainfall of about 464 mm. While the Western Cape gets most of its rainfall in winter, the rest o
the country is generally a summminfall region (South African Government, 202Https://www.gov.za/about
sa/geographandclimate. According to the Climate Change Knowledge Portal (2024
https://climateknowledgeportal.worldbank.org/country/seaftica/climatedatahistorica), the topography
varies from desert to serdesert in the drier northwestern region to-Bumid and wetalongtteount r y 6 s
coast; approximately half of the country is classified as arid or-agchi With regards to the different rainfall
regions, from low in the west to significantly higher in the south, southwest and east, production systems usec
dairy producers follow the same pattern. A TMR production system is utilised in the drier areasnathe
more wet areas a PAST production system is used. These very differing conditions have the potential to fav
different genotypes, especially with redato an exogeneous breed like the HolsteBaltz et al. (20183tated
that thepresence and magnitudé GXE vary dramatically across populations and traiBourdon (2014) stated
that the extent of possible reranking of animals, especiallyd#gsnd on the species and trait. Also, reranking
tends to be more in low heritable traits (fertility, survivability, and other functional traits) than in higher heritabl
traits. This is clear iaprevious SA Holstein stydwhere Neser et a{2014) founda weak genetic correlation
of 0.28 for age at first calving, while the corresponding correlation for cumulativedég8Q5milk production was
0.90 between TMR and PAST. In later studies with the introducti¢hf RRM, milk production traits could
be disseminated in mainly twgeneticparts i.e., production level of the lactation curve and persistdragaéhi
and Lin, 2003).Coffey et al. (2001) discussed a close association between persistency and other energy bala
traits. To argue that persistgnis a fitness trait due to its association with energy balance (mobilization), healtr

and fertility traits, might lead one to believe that a strong GXE magnitude for the persistency part of cumulati
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(production level plus persistency) yield is more probabld. s o, GxE wi th regards t

two main productions systems have never been investigated.

2.6  Single-step genomic evaluation

As suggested by the acronym, an SNP (single nucleotide polymorphism) marker is just &asagle
change in a DNA sequeng¥ignal et al., 2002). When an animal is genotyped, the specific base pairs that ar
present at specific points over the whole genome are read. The number of reading positiceccdifiérg to
the chip used, but generally the most popular chip contains approximat@dp ®NPs. Wiggans et al. (Z)0
stated thagenotypes from the lllumina BovineSNP50 BeadChip form the foundation for genomic evaluations i
the United States and Canada. VanRaden (2008) stated that geslatioaships occur because of alleles that
are shared between individuals. These shared alleles as indicated by SNP marksserdiato form the
importantgenomic relationshimatrix (G) needed in singlstep methodologgndis importantfor the estimation
of genomic selectioaccuraciesdepending on how many animals are genotyped (Goddard, 2068)shared
alleles are spreatiroughout (over)ndependent chromosome (IC) segmeritbe role effective population size
is of cardinal importanceegarding IC segment&ffective population siz€Ne) is the size of a hypothetical ideal
population with the same level of inbreeding or gene frequency divergence under gavdgitdrift as the
actual population under consideratiMiright, 1938). The smaller thecNhe fewerthe IC segmentshat must
beestimated to get a higher accuracy of genomic selection for the same populatiGoddard, 2009) Misztal
et al. (2020) statethat small N in farm animals enable genomic predicticd@hunks of DNA fromexcessively
presentec@ncestors form relatively few IC segmeatecalled linkage disequilibrium (LD) blocks. The authors
explain that these segments are difficult to identify because they are latokkghtly different places across
siblings (recombination), but they do appear indirectly (e.g., as singular G that needs to be blended to become
rank). (Misztal et al., 2020). Misztal et al. @29) proposed tgin the genomic relationshipsaptured by SNP
markers in the G matrix wittihe pedigreeaelationship matriXA) into anew blendedH) matrix that will replace
the A matrix.

If the genotyped animals are not genotyped at random, their base population is not thstlsatase in
the pedigree (Vitezica et al., 2011). This was the case when-steglss) methodology was implemented using
best linear unbiased prediction (BLUBjngthe H matrix which caused inflation of (or biased in) the subsequent
genomic breeding value (GEBV) predictions of genotyped animals (Forni et al., 2014 causes the G and A
(specifically the A> matrix, which are the genotyped animals in the A matrix, needed to form the new blende

matrix) matrices to be ill alignediguilar et al. (2010) suggested a scaling factor to reduce the bias of the GEBV
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Christensen (2012) introduced two methods to solve the misaligned Gamatix, the first being to adjust the

G matrix by wusing a regression. T h e A matrix to the biase ofs e
G. Contrariwise, Vitezica et al. (2011) proposed to alter the base of G to that abig the mean difference
between Az and G.

An important consideration in genetic evaluations is the modelling of missing pedigrees, which is just
important with singlestep genomic BLUP (ssGBLUPMissing parents of animals are replaced with groups that
are determined by ti me ( ogkneratiomrirtenval)ddgethérithaganetic path ofp
selection (e.g., sire of sire, sire of dam, dam of sire, dam of dam; Westell et al., 1988). nkmesenyparent
groups(UPGs, also called genetic groups i.e., GGrobpsg been fitteth classical animal models as covariates
or some form of classified effectg/estell et al., 1988)The necessity of UPGs is to account for selectiwt
known relations cannot account for (Westell et al., 1988)e approach by Westell et al. (1988) was expanded
by Quaas (1988) and alters the inverse of the covariance matrix for the random effects. Bermann et al. (2(
stated that this approach is computationally efficientthacthethod of choice in ssGBLUMMIisztal et al. (2013)

did however point out that UPG solutions are biased when used as per Quaas(4$8B). UP These problems
are reported to be solved when Udee fitted as explicit (separated) covarigtdssztal et al, 2013 Bermann
et al., 2022

What has become to be known as metafounders can also be used to model missing pedigrees in ssGBI
Fitting metafounders have the extra advantage of accounting for the misalignment between genomic and pedi
information. (Bermann et al., 2022)The construct of metafounders were presented by Legarra et al. (2015) an
were explained as being psetiddividuals that relate (connect) founders in the pedigree and different
populations.

Accuracies achieved and calculated from genetic predictions bagedt@midata relative to predictions
(phenotypes) based on cprehensivedata are used to validate genomic evaluations (Daetwyler et al., 2013;
Legarra and Reverter, 2018; Misztal et al., 2028)cording to Misztal et al. (2020) there are various methods
for thevalidation of genomic predictions that are currently being employed, but that each one is appropriate fo
distinct data structureWhen population records are few and only one generation is genotgpedating the
population inton samples and predicting phenotypes of a sample from the ones left over #ottieckoss
validation (Saatchi et al., 2011)n dairy cattle where sires have relatively large numbers of progeny with large
numbers of phenotypic records, VanRaden et al. (2009) suggestedric@mpaeudeobservationd of sires
(daughter vyield deviations or deregressed proofs) with their GEBVsorBBVg ui r ed wi t hout
dat a. Masuda et al. (2018) showed-otblsatr vtahii @ nmay

by BLUP in the presence of genomic selectiafthen validation animals have own records and no progeny,
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validation is based on correlations between GEBVs obtained without a phenotypic record vs the same record
is adjusted for the fixed effects (Legarra et al., 2008). This method is only suitable for simple models and depe
on how accurate the adjustnits are calculated (Legarra and Reverter, 208portant and indicated by Bijma
(2012) and Lourenco et al. (201S)that accuracies built on validation are reduced by selection, thus are lowe
than individual theoretical accuracies based on predietian variance (PEV)Misztal et al. (2020) propose the
LR method ofLegarra and Reverter (20183 a viable alternativ&@nceit supports any model and data structure.
This method uses statistics that compare genetic evaluations inchatitig and complete datasets. These
statistics yield estimators of bias, slope or dispersion and population accuracy for EBVs. Legarra and Reve
(2018) conclude that their LR method is automatic, easy to use and yields the quantities of ihterdsR
method and its estimators can also be used when moving from a pedigree based BLUP to a genestépsingle
BLUP evaluation as was shovey Bonifazi et al (2022).

A comprehensive genotyping strategy will have a major impact on reducingusgsnostly called bias)
bias with regards tdispersionmostly called dispersidimflation), as well as increasing the population accuracy
of the GEBVs using the estimators or the LR method discussed previ@ia/(level)is the dsparitybetween
the (G)EBV and the true breeding value (TBWijth a value other than 0 showing over or under estimatrbite
dispersion (bias) is the slope of the regression of TBV on (G)&BWM a value deviatinffom 1 showing over
or under dispersioaf (G)EBVs(Macedo et al., 2020 The population accuracy which is the correlation between
the (G)EBV and the TBYV is essentiacause it can be used to validtite accuracyreliability) of selection
responséMacedo et al., 2020)Population accuracy should be as close to a correlation with a valueTbisl.
is typically between datasets where one dataset is standard (i.e., without genomic information) and an alterne
dataset where certain information (i.e., genomic information in the form of SNP markers) are added. This ¢
also be the validation of datts where both have genomic information included, but phenotypic information of
the youngest generation is taken away in one datalsnoto et al. (2016) reported an increase in the accuracy
of GEBVs with ssGBLUP when genotyped cows were included witls lin their reference populatigm >
4000) Their study also showed that it is important to consider the genetic relationships betNgeen the
reference (genotyped) populatiomhomasen et al. (202@airy cattl¢ showed thathe addition ofa greater
number of genotyped cows = 2000)to thesirereference populatiom(= 1000 can potentially increase the rate
of genetic gain anslow down the ratef inbreeding regardless ahe size of theeferencepopulation Lourenco
et al. (2015) also stated that adding cows to a current sire reference population were favourable, however sr
Important to note is that in most of these studies, the size of the sire reference pogaladi@ing cattleto which
genotyped cows weraddedwere already relatively biglt shows that changing the structure from sires only to

including cows is however beneficial. Takeda et al. (2020) statednihaize of the reference population is



12

imperativeto the accuracy of GEBYredictiors, but alsathe number of progeny sfres which will increase the
quality of informationas an additional input to ssGBLWRaluations This is because sires that are, and should
be genotyped have high accuracy genetic predictions because of largesafmiasured daughters. Lourenco

et al. (2015) affirmed that the greatest benefits for genomic evaluations were because of the inclusion of genoty
of sires with high (EBV) accuracywVhetherthe traitfor which genetic improvement is sougbonly expressed

in one sexlays an important part. In dairy cattle, sires can achieve very high accuracies for genefic seit
limited traits (milk productionpecause of the potentially large numbenwasuredlaughters. Lourenco et al.
(2015) showed that in broiler chickens where most traits of importance are measured in both sexes, genotyj
males and femalesié¢reasesiccuracy ofgeneticpredictions as both sexesld phenotypic informatiormore
equally toadvancegenetic progressThe cat of genotyping large enough numbers of the appropriate animals
can be a limiting factoras genotyping animals are relatively expensive, especially in certain countries
Genotyping less animals, but using a chip with a much larger number of markers were investigated by VanRa
et al. (2011) to possible lessen costs to form a reference gopuld@hey concluded thatcreasing the number

of animals to be genotyped will lead to better gains than increasing the number of markattser possible
pitfall that can cause biasgenomic evaluations is called preselection. Jibrila et allj29&lained that animals

that are seleetlbe to parents of the next generation are mostly selected in several periods of time, with the earl
periods known as preselection. This may be problematic because these animals are selected to be superi
was concluded that to avoid bias due tesptection irfollowing singlestep genomic evaluations, information
thatcharacteris¢he referencelata used in the evaluation as well as genotypes and phenotypes of the preselect
animals must be included in the following evaluation (Jibrila et a2]1)2Regarding GEBYV accuracies, Zhou et

al. (2018)presentedesultsof decreasing accuracies as the generation of validation population increased wit
ssGBLUP. With the aim of improving accuracy of genetic prediction of younger, genotyped amiphials that

genotyping strategies should be kept up to date with every gendi@tinessen and Meuwissen, 2009).

2.7 Conclusions

To enableanimal breeders to select the correct animals that fit their selection goals, keeping in mind t
markets they are producing for as well as the environmikats animals must produce in now, and in future,
utmost accuracy of genetic prediction is more important than ever. In developing the most suitable model,
use of the most recent and proven technology in the correct order hasnmeadteasng the accurac of
prediction These technologies, from the availability of new methodologies build dnather. South African

dairy genetic evaluations have been slow to adopt newer models for genetic evakradican reap the benefits
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of using random regression models alone earlier, rather than later. Realising a GxE interaction between the

most important production systems can easily increase genetic gain as much as the inclusion and adoptic

genomic predictions. Lastly, fiig ways to incorporate finew0o model

better select within the reality of a possible GXE, with genomics is a powerful tool to propel the breeding
genotypes that are more profitable and efficient producers.
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CHAPTER 3

Comparison of fixed and random regression models for the analysis of milk production

traits in South African Holstein dairy cattle under two production systems

3.1 Introduction

Models for genetic evaluations for dairy cattle in South Africa (SA) moved from a sire model in 1987 fo
the estimation of BLUP breeding values to a single trait animal model in 1992 and to a multitrait (MT) one |
1999 (Mostert et al., 2004). The advayga of MT BLUP are well established (Schaeffer, 1984; Thompson and
Meyer, 1986; Mrode, 2014). The current MT model used for genetic evaluation of production traits of the Sot
African Holstein breed is a teday (TD), fixed regression model (FRM) (Inbeitl, 2020). Jamrozik and
Schaeffer (1997) listed factors that influence TD yields: breed, region, herd management, management grc
weather conditions on the teddly of the year, lactation number, age at calving, month of calving, days in milk
(DIM), pregnancy &tus, medical treatments and milking times per day. Most of them change at each TD. Hen
testday models can consider more rgemetic factors that influence cows in different ways during the lactation.
This superiority of testlay models a supported by Swalve (2000) and Jensen (2001). Schaeffer et al. (2000
indicated that the benefits of tetty models also included better accounting of-t@nsfers between herds and
more accurate genetic selection of animals. This is supported kglfaet al. (2005) who reported greater
genetic improvement by using a telsty model.Mayeres et al. (2004) statthat testday models make it possible
to evaluate responses to changes in herd management by correcting records wsjplediBedcorrection factors.
FRM use TD milk production records directly, rather than calculatingdd@5milk production using the available
TD production records deliberately (Ptak and Schaeffer, 1%RBM-TD models make it possible to account for
nontgeneticeffects onpersistency wer the lactation curve (Jensen, 2001). Persistency of lactation is defined as
Athe ability of the cow to continue to produce ¢
ability to maintain a more or less constant yield duringlttect at i ono ( Gengl er , 19
discussed the importance of considering persistency in relation to feed costs and also outlined the role
persistency in breeding goals. They reported an overall economic value of persistency mteefatioluction
of 10.8% and to 16.4% for an average calving interval of 13 months for a specific system using basic paramet
Results showed that persistency can have significant implications in management decisions like insemination
culling decisons (Dekkers et al., 1998)n FRM the shape of the lactation curve is determined by fixed (non

genetic) effects only, while random effects are assumed to be constant within lactation (Swalve, 2000; Mro
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2014). In contrast, random regression models (RRM) allow this shape to vary with the additive genetic a
permanent environmeaidteffects of the cow (Mrode, 2014).

Average milk,fat and protein production were markedly differevtien South African Holstein herds
were groupethto four differentregions according to the global climatic characteristics of the area in which herds
are situated Differences between average milk production were also significant when herds were groupe
according to level of rainfall, which was shown to be attributable to the fact that herds in higher rainfall rely mo
on pasture (PAST) production systems and si@rxdower rainfall areastilize more total mixed ration (TMR)
production systems. (Ducroeqal., 2022)

Important areas for research and reasons for the implementation of an RiRividtc evaluation of dairy
cattle in SA were previously presented by Dzomba et al. (2010). The objectm@sstidy were to compare a
FRM, resembling the current model used for genetic evaluation in South African Holstein according to Interb
(2020), with variousFRM and then RRMas to ascertain the possible use of a RRM instead. These comparison
of models were done separately within each production system (PAST vs TMR) in order to investigate t
likelihood of a genotype x environmental intetians due to possible differences in genetic parameters.

3.2 Material and Methods

3.2.1 Data Preparation and/ariables Created

Data were obtained from the Logix animal registration and product recording system (Logix, 2019) of S
Studbook as well as the Intergis database of the Agricultural Research Council of South Africa (Intergis, 200
These two TD databases, together wigdigree information, consist of South African Holstein herds taking part
in milk recording. The two data sets were merged to make sumdlthassible animals and records were included
in a single data set. The raw, unprepared TD dataset consist&B5f326 records. From this data set, records
from 140 herds whose type of production system (PAST or TMR) is known were sel@ftedselection of
milk recording participant herds with known production system utilized, the dataset decre285® #8389 TD
records. Herds taking part in milk recording for at least 3 consecutive years for the period of 1988 w2016
kept. Recordsvhere herd was unknown were discarded together with records of animals without birth dates, s
status, cows with unknawsires and calving date(s). Records of traits considered were milk prodddiiioh (
fat production Fab and protein productiorP{oteir), measured in kilogram (kg) as wellfaspercentageRat%9
and protein percentagProtein%). These records were measured within d@dr time period and consisted of
the sum of 2 or 3 milkings per day (number of milkings, Mi). TD lactation (L) records following the first 3

parities were used (lactations 1, 2 and 3, respectively). Cowdithabt have first lactation records were not
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considered. Records were grouped into 8 calving age classes (AC) as followi: @Qass 23 months; Class 2:

24 to 27 months; Class 3: 28 to 31 months; Class 4: 32 to 35 months; Class 5: 36 to 41 months; Class 6: 42 t
months; Class 7: 48 to 55 months; Class 8: 56 to 69 months. Previous calving interval for each lactation v
calculated and 8 calvingterval classes (CIC) were formedth a range from 312 to 730 days. Classes 1 to 6
each had the same range of 42 days (21 days anoestrus plus af@&kldays, Opsomer et al. 1996) while class

7 ranged from 564 to 730 day€lass 8 was a separate class for heifers calving for the first time (no previou
calving interval). TD records from 6 to 300 days in milk (DIM) were considered for each lactation and cow
without a first TD record within day 6 and 65 were discardedhat particular lactationTD records where the
length between two sequential test days were less than 20 days and more than 90 days as well as lactations
less than 7 testays, were not used.

Table 3.1 Descriptive statistics of testay records for the first 3 lactations of milk productidvilk), fat
production Fai), protein productionHroteir), fat content Fat% and protein contenffotein% in the pasture
(PAST) and total mixed ration (TMR) production systems, with standard deviations (where applicable) |

parentheses
Lactation 1 Lactation 2 Lactation 3
Item PAST TMR PAST TMR PAST TMR
Avg. Milk (kg) 21.5 (5.4) 30.4 (8.4) 25.2(7.1) 34.2(105) 26.8(7.8) 34.8(10.9)
Avg. Fat(kg) 0.8(0.2) 1.1 (0.4) 0.9 (0.3) 1.2 (0.5) 1.0 (0.3) 1.3 (0.5)
Avg. Protein(kg) 0.7 (0.2) 1.0 (0.3) 0.8 (0.2) 1.1 (0.3) 0.8 (0.2) 1.1 (0.3)
Avg. Fat% 3.6 (0.7) 3.6 (0.7) 3.6 (0.7) 3.6 (0.8) 3.6 (0.7) 3.6 (0.8)
Avg. Protein% 3.2 (0.3) 3.2 (0.3) 3.2 (0.3) 3.2 (0.3) 3.2 (0.3) 3.2 (0.3)
n records 89,031 297,871 56,112 150,807 35,223 69,403
n cows with records 11,363 38,340 7,176 19,385 4 537 8,978
Avg. n records per cow 7.9 7.8 7.9 7.8 7.8 7.8
Avg. n records per HTMi 49 99 35 54 24 29
Avg. ndaughters per bull 18 36 13 19 9 10

Avg. = average; n = number of; HTMi = Herd x Telsty x Number of milkings interaction effect (contemporary group)
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Contemporary group was defined as the interaction between Herd -dalyest Number of Milkings
(HTMi) andgroups with less than 5 cows were discarded. Herd x Calving Year x Calving Season (S) x Lactati
(HYSL) were also considered. Here (HYSL), S were comprised of four calving seasons as follow: Calvir
season 1: December, January and February; Calvaspise?: March, April and May; Calving season 3: June,
July and August; Calving season 4: September, October and November. Calving Month was also considere:
its own in chronological order (Calving Month 1: January; Calving Month 2: February; €alving year x
Lactation interaction (CYL) was also formed. The interactions of Herd x Calving Year (Y) x Calving Month
(Mo) (HYMo) as well as @alving season x calving age class interaction (SAC) were formed as these are used
the current South African Holstein modeéiterbull, 2020). In the latter, they define two calving seasons: April
to September and October to March (as in Mostert et al., 2006a).

The prepared data set was divided to form two data sets consisting of TD records for herds using eithe
PAST or a TMR production system, respectively. For the TMR dataset 40% of records were from 2 milkings a
60% from 3 milkings per day. For the PA8a&taset, 91% of records were from 2 and 9% from 3 milkings per
day. Most of the cows in the datasets had a sire from the United States (44% and 45% of the PAST and T
datasets, respectively), followed by South Africa (36% and 34%), Canada (8% ande@bey|ands (7% and
6%), Italy (1% and 2%) and France (1% and 1%) in that order. The final data sets consisted of 518,081 .
180,366 records for TMR and PAST (698,447 records in total), respectively @ aple

3.2.2 Statistical Analyses

All records from herds were analysed using restricted maximum likelihood utilizing RIBXT
software (Meyer, 2007) undéifferent multiplelactation FRM and RRM. Five traitMilk , Fat Protein Fat%
andProtein%were analysed separately in a multij@letationsetting, where the traits corresponded to the first 3
lactations. Heterogeneous residual variance due to DIM were definedday 36sidual classes (RC) over the 3
lactations to form 10 classes per lactation, except for the last class of each ladtationovered 25 days only
(295-day lactation period in total i.e., because firstdddsidered were DIM 6). Partitioning the residual variance
in 10 classes over the lactation are in accordance with De Roos et al. (2004; 10 classes, but with different inter
in DIM) as well as with Mostert et al. (2006a) (9 x-@8y classes with thienth class consisting of 35 days).
Olori et al. (1999a) showed that the best fit for their model with regards to thi&dblgood function were
obtained when the residual error was assigned in 10 classes over the lactation. Olori et al. (1988ledconc
that assuming the residual variance to be constant over the lactation will bias the residual variance, and tha
residual variance will be more accurate by estimating unrelated (individual) estimates at different stages of
lactation as to alw f or heterogeneous variances (correl ati

between testlay records (Meyer, 1998).
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Goodness of fit between models was assessed based on the Bayesian Information BtiterieRldgL
+ log(N)*k, where logL denote the value of the maximum log likelihood of the model, N is the number o
examples in the training dataset, and k isrthmber of parameters in the model; Hastie et al., 2017) and mean

squared error.

3.2.3 Statistical Analyses: Replication of the Current and Given Fixed Regression Model Utilized for Sout
African Holstein

The given and official FRM used for South African Holstein genetigluations (saFRM Interbull,
2020) was replicated and not developed in this study. For each of the 5 traits, the4haatagien (lactations 1,
2 and 3), TD and simulated saFRM can be described as:

0 0°YD QOG0 ¢ 6O  Q Yo oo 60 00D Q [1]

wherey is the TD record of 24 testday Milk, Fat Protein Fat% and Protein%observations for the first 3
lactations, HTMiis the " Herd x Testday x number of Milkings effect (contemporary group), HY Nathe |

Herd x calving Year x calving Month effect, and €Ii8 the K" previous Calving Interval Class effect for
Lactation (L) 1, 2 or 3. These 3 variables represent the fixed (class) effects in the models ®&@¥' calving
Season (two seasons) x Age at calving Class as a regression over DIM, using the Wilmink (1987) function,
Lactation 1, 2 or 3 and represent the fixed regression in the model. The random effihetsadditive genetic
animal (AG) and permanent environmental (PE) effects of trenimal for Lactation 1, 2 or 3. The terg.e
represent the random residual effect belonging to observaiian ytilizing heterogenous residual variances for
the stage of lactation. (Interbull, 2020).

The distribution of random effectgasassumed to be:

00
0 Ox 0 mhwh [2],
Q
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whereG andP (see equation Hre covariance matrices for the AG and PE effeetpectively; As the additive
relationship matrix| is an identity matrix; and &2 LactationiS the matrix of residual covariances among traits with
elements depending on the heterogeneous residual variance class (RC) and. |adtateaFRM model clusters

most of the fixed effects together and consider them as constant over the length of the lactation, except for
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SAC interaction effect (Interbull, 2020). Also, the random effects (AG and PE) were assumed to be constant o
a lactation.

3.2.4 StatisticalAnalyses: Comparin@ther Fixed RegressiorModels with the South African Holsteééodel

Various other FRM analyses were performed and compared to the saFRM. Thelitfeeeott types of
regression on DIM tested included the Wilmink curve (Wilmink, 1987), Legendre polynomials (of order 3 or 4;
cubic splines and natural splines (with 4 or 6 knots). The number of FRM tested in order to find the model w
the best BIC fifor the fixed effects part of the model was too great to show and beyond the scope of the artic
A final FRM that cumulates different curves over the lactation for different fixed effects was retained based ¢
results in the PAST dataset. Naturalrsgg with 6 knots®IM 6, 20, 50, 135, 245 and 3p@ere found to be the
best regression function to describe these curves of the various fixed effects over DIM. This FRM was al
applied in the TMR dataset.

3.25 StatisticalAnalyses: Extending Binal Fixed RegressiorModel to aRandomRegressiorModel

Then, the model was extended to a RRM where the random components AG and PE were descril
separately for each lactation as the sum of a constant and a regression slope function of DIM multiplied by curi
DIM, therefore combining for each lactation areege productionrRROD;first principal component i.e., PC or
eigenvector) and an average persisterRERS;second PC or eigenvector) effect per lactation (6 PCs or
eigenvectors in total over the 3 lactationdligenvectors were derivefitom AG and PEand estimatedby
standardiing DIM between0.5 to 0.5 as a linear regressi{gee paragraph after equation [4Druet et al. (2003,
2005) alsoderivedthe same eigenvectofeom AG and PEestimates, however using Legendre polynomials.
Various previous studies (Van der Werf et al., 1998; Olori et al., 1999a; Pool et al., 2000; Jamrozik et al., 20
Druet et al., 2003 and 2005) have shown that by observing eigenfunction tendendgresusienof a second
term (regression coefficient) is an intrinsic measure for genetic persifeB&S) Druet et al. (2003, 2005)
argued that the explanation of a third eigenvector (per lactation) was, in biological terms, more intricate and m:
less sase to include. This model was compared to the current South African HeIRidinnder bottproduction
systems and thus had 3 PCs or eigenvectors i.e., one for each of the 3 lactatidvidk @hta was used for all
analyses to derive the final (RRM) model, which was also used for comparison with the FRM for the other trai

Models were compared for goodness of fit based on their BIC and mean squared error.

For each of the 5 traits, the final multigaetation (lactations 1, 2 and 3), TD alternative random regression

model (aRRM) can be described as:
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wherey is the TD record of 24 testday Milk, Fat Protein Fat% and Protein%observations for the first 3
lactations, HTMiis the " Herd x Testday x Number of Milkings effect (contemporary group) and HYiSthe

j"" Herd x calving Year x calving Season (4 seasons) x Lactation number effect. These 2 variables represent
fixed (class) effects in the model. Regressions on DIM within various fixed effects, using natural splines with
knots as the regression functiwere used for Lactation (L) 1, 2 or 3. These effects werexlerthe K Herd
effect, CYLn as the it Calving Year x Lactation effect, Maas the # calving Month effect, Clgas the 8
previous Calving Interval Class effect and 23 the {# Age of calving Class effect. The random effects are
represented by Ag and Pk, which are the additive genetic animal and permanent environmental randon
regression coefficients, respectively of animal q fortheer m of the | inear mBgr e
equal to the' term of the linear regression at DIM t (standardized feBrb to 0.5) for Lactation I. The term
&jkmnopq Fepresent the random residual effect belong to observajiaginpys The G and Fco)variance structure

can be described as:
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wheresubscriptsl, 3and5 are the average production (PRGRjiancedor Lacl, 2 and 3, respectively, and

subscript 2, 4 and 6 are the average persistency (PER$ncedor Lacl, 2 and 3, respectively.

The distribution of random effectgasassumed as in equation [2] with variances as in equati@x¢8jt
for G and P. Here (equation 4), these matrices allow the AG and PE random effects, respectively to vary over

lactation, which are not the case in a FRM (and saFRM; equation 1).
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3.3 Results and discussion

3.3.1 Goodness of Fit

Using the aRRM instead of the saFRM led for both production systems to an increase in the number
parameters estimated. However, taking the increased number of parameters into account, the BIC show
significant improvement in goodness of fit of tHRRM compared to the saFRM for all production trakslk ,
FatandProtein) within both PAST and TMR (Table33.0 in the supplementary material fdilk). This was
also the case fdfat%but not forProtein% where the saFRM had a significantly better fit within both production
systems. More research is needed to find the cause of the less suitablerbtdor% Specifically, comparing
the FRM to the aRRM with the exact same fixed effects structure and thus, where the only difference was
inclusion of a second term (regression coefficient over DIM for each lactation) for the random effects (AG at
PE), the BC of the aRRM was significantly better (improvement of 9,611.7Mibk in PAST). The mean
squared error of the aRRMere lower than the corresponding values of the saFRM for all production and milk
composition traits.Swalve (2000) found studies that compared the FRM vs RRM scarce and this stitfinelds
This author concluded that RRM are superior to FRM as the genetic merit of a cow over her lactation can
estimated and was shown to vary for production. In one of a few studies comparing RRM arigiutReMreit
et al. (2010) found random regression models superior to fixed regressietsrfaydat:protein ratio, using the
corrected Akaike information criterion (AICc) as evaluation criteria, AICc being AIC with an extra term to
penalize for smaller numbers of data points (Burnham and Anderson, 2002). Other evaluation criteria used
these authors were the correlation between the real observation and the estimated value, and residuals out
alongside DIM In 2019, RRM were the moded of choice for genetic evaluation in It of 32 countries

participating in Interbull (Interbull, 2ZD).

3.3.2 Estimates of Separated Fixed Effects

The inclusion of distinct, cumulative fixed effect regressions on DIM rather than combinations of effect
as in the saFRM had a significant and favourable influence on the BIC when included in the model, showing t
these effects are not constant overlt#wtation (Figure3.1 for different herd effect curves, and FiguréslSo
S3.4 in the supplementary material for AC, CIC, Mo and CYL effects, respectivEhik result coincides with
a study by Leclerc et al. (2008) where fixed effects such as daiedazalf (effect of gestation), month of calving,
length of dry period and calving age were shown to vary over the lactation for multiparoudrcowsstudy, it
was especially true for the individual curves fitted for each herd: they corresponded to the fixed effect that cau:

the BIC to change the most (increase of 1,785.51 and 5,341.70 when herd curves are removed from the aF
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for Milk in PAST and TMR, respectively)This result is supported by the study of Muller et al. (2014) which
reported herd as the fixed effect with the most significant effect when they studied tesiitstyn South African

Holstein andpresumed this effect as an indicator of management level.

Figure 3.1 Estimates ofour different Herd effects over days in milk of which two utilize a pasture production
(green lines) system and two a total mixed ration (orange lines) production system from the alternative rand

regression model, over days in milk (DIfty first lactation.
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In other studies, Druet et al. (2003) and De Roos et al. (2004) fitted herd x year curves as an additio
random effect to the additive genetic and permanent environmental effects. De Roos et al. (2004) recommer
the inclusion of herd curves in RRM tgere was an unjustly increase of the estimated genetic variance at the
borders of the lactation if not included. The concatenation of the herd and additive geneticietfedams
and daughters produce in the same herd may make it problematic fa amaaels to accurately distinguish
between these effects (De Roos et al., 2004). Jamrozik et al. (2001) included a Herd x Year x Season curve €
over the lactation to mitigate the overestimation of genetic variance (early lactation), causedubingxcl
differing herd lactation curve shapes. Gengler\aal(2001) reported lower heritabilities when incorporating a
herdstage effect over the lactation, indicating that part of the genetic effaactually a consequence of this

herd effect.

3.3.3 Residual Variance Estimates

In accordance with previous studies (Olori et al., 1999a,b; Jamrozik et al., 2001; De Roos et al., 20(
Druet et al., 2005; Mostert et al., 2006b; Hammami et al., 20@&lior et al., 2009) the residual variance is
found to be heterogeneous over the lactations using either the saFRM or the aRRM for both production syst:
(PAST and TMR) and for all traits analys@eigure3.2 for Milk,, and Figures 35 to 3.8 in the supplementary

material forFat Protein Fat%andProtein%).
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Residual variance estimates with the aRRM were lower than with the saFRM for all traits, especially
the beginning and the end of the lactation for both production systems which is in accordance with Liu et
(1998) who reported lower residuals for tRBM than for the FRM. The pattern of higher residual variance
estimates at the beginning and end of the lactation is in accordance with other studies (Jamrozik et al. 2001; C
et al. 2005, Mostert et al. 2006b). Residual variance estimates weree@gethe lowest for lactation 1,
increasing each time when moving to the later lactation, irrespective of the model used (saFRM or aRRM). T
were also reported by De Roos et al. (2004), Druet et al. (2005) and Mostert et al. (2006b). This waalltrue for
traits except foProtein%where it appeared to be more or less the same for all lactgimnse 3.8 in the
supplementary materiall-he residual variance over DIM increasing from lactation 1 compared to later lactations
is in line with the incrase in average production from first lactation to later lactations (RGibarié et al., 1999),
being an important source of heterogeneous variance over time.

Figure 3.2 Residual variance estimates for milk productibti ) of the separate pasture production (green lines)
and the total mixed ration production (orange lines) system datasets from the South African Holstein fixi

regression (dash lines) and the alternative random regression (solid lines) model analyses, omemilays i
(DIM) for the first 3 lactations.
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3.3.4 Production Traits: Heritability Estimates (PA$ToductionSystem)

The heritability estimates over DIM for the 3 lactationsMiilk using the saFRM welttldghest during the
middle of each lactation and lowest during early and late lactation (Rg)ravith a consistent pattern of the
estimates between the 3 lactations.

Studies by Mostert et al. (2006a,b) on South African Holstein did not report the pattern of heritabilit
estimates over DIM, but appear to be in accordance with our results, since their trend of the residual varia

estimates over DIM (higher at the beagimg and end of the lactations is similar to ours (Figi2efor Milk).
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Also, since the genetic variance estimates are assumed to be constant over the lactation in FRM, this pattern
be expected (Figures4a, 3.4c and3.4e for Milk). The correspondingattern of heritability estimates over the

3 lactations for all other traits were mostly similar Mok (Figures 8.10, $3.12, $3.14 and 8.16 in the
supplementary material férat Protein Fat%andProtein% respectively).

Heritability estimates foMilk using the aRRM were higher than with the saFRM in most ciestat{ons
1 and 2, especially at the beginning and the end of the lactation, with estimates of the two models being close
equal during the mithctation period¢Figure3.3). The lower residual variance of the aRRM contributes to these
higher heritabilities (Figur8.2), as well as the higher AG and PE variances at the beginning and end of thes
lactations(Figures3.4a to3.4f). In contrast, heritability estimates for lactation 3 ushmgdRRM were mostly
lower than with the saFRM and can be attributed to the relatively larger PE variance using the aRRM (Figu
3.4a t03.4f).

Early and late lactation TD records carry a heavier weight and make a bigger contribution towards tot
lactation production (i.e., 298ay) estimated breeding values (EBVS) utilizing the aRRdtdtions 1 and)?2
whereas the same TD records with the safRéWeighted more conservativell,actation3 TD records (aRRM)
aremostly weighted to the same degreelastation2 (saFRM TD records bearirggnerallyhigher weights),
with TD records during late lactation being weighted the heavidst. aRRM heritallity estimates were more

consistent\ith anarrower range) over the lactation fdilk.

Figure 3.3 Heritability estimatedor milk production Milk ) of the separate pasture production (green lines) and
the total mixed ration production (oranigees) system datasets from the South African Holstein fixed regression
(dash lines) and the alternative random regression (solid lines) model analyses, over days in milk (DIM) for t
first 3 lactations. Standard errors ranged from 0.005 to 0.027.
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Figures 3.4a and -b Variancecomponents for milk productiorjlk) of the genetic (solid lines), permanent
environmental (dash lines), residual (solid lines with squared markers) défette pasture (green lines) and
total mixed ration (orange lines) using the South African fixed regression (saFRM, left) and the alternative rand
regression (aRRM, right) model analyses, over days in milk (DIM) for lactation 1.
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Figures 3.4c and -d Variance components for milk productioMli(k) of the genetic (solid lines), permanent
environmental (dash lines), residual (solid lines with squared markers) effects for the pasture (green lines) .
total mixed ration (orange lines) using the Scfitican fixed regression (saFRM, left) and the alternative random

regression (aRRM, right) model analyses, over days in milk (DIM) for lactation 2.
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Figures 3.4e and -f Variance components for milk productioNli(k) of the genetic (solid linespermanent
environmental (dash lines), residual (solid lines with squared markers) effects for the pasture (green lines) .
total mixed ration (orange lines) using the South African fixed regression (saFRM, left) and the alternative rand
regression (aRRMright) model analyses, over days in milk (DIM) for lactation 3.
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Thelactationl heritability pattern foMilk in PAST using the aRRM.¢., heritability estimates lower at

the beginning and end of the lactati@md higher during mielactation)is in accordance with Jakobsen et al.
(2002). Heritability estimates for first lactation is the most published shape and the pattern of heritabilit
estimates over the lactation show considerable variance between studies in literature with contributing fact
outlined by Misztal et al. (2000)These include fixing the PE vaniee and/or modelling the residual variance as
homogeneous over the lactation, as well as using a diagieapproach, causing the heritability to typically
increase rapidly dtothends of the lactatioourve(Misztal et al., 2000).These factors possibly played a role in
the differing heritability patterns from our results found by other authors (Jamrozik and Schaeffer, 1997; Van c
Werf et al., 198). Bignardi et al. (2009) reported an opposite heritability pattern (higher at the beginning an
end of the lactation). Possible (additional) reasons for differences from our study include the use of polynorr
regressions by these authors (opposed tmes), including cows with less records per lactation (limited
information of the lactation) (Misztal et al., 2000) and inherent differences between datasets as found by Gen
et al. (1999). Varying genetic parameters can also be due to differeffisesl iaffects included and described.

An applicable effect is gestation which can cause important differences in milk traits (Loker et al., 2009; Penc
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et al., 2016; Lainé et al., 2017) and subsequent heritability estimates (pattern and overall level) but was
considered (per se) in this study. Druet et al. (2003) stated that this effect might influence the end of lactat
and create large differercbetween pregnant and npregnant cows, causing the residual variance to be greater
at the end of lactation. Leclerc et al. (2008) showed a negative effect of pregnancy that began at 112, 131
132 days in calf for first, second and third parity comespectively. Our aRRM model does however include a
previous calving interval effect (CIC) which partially consider the effe€tsfage) of gestation. Data on
insemination dates would be ideal buas not available (recorded) in tB®uth African Holsteirataset.

On average, the heritability estimatesfitk using the aRRM show a highlewel for first lactation than
for later lactationsléctations 2 and)3 This is to be expected as the raiditive genetic and environmental
variances (PE and residual) and the AG variance are more similar between later lactationsathatoml.
Additionally, the AG variance explains more of the phenotypic variance at the beginning and end of lat
lactations than itactationl (Figures3.4b, d and f).This is in contradiction with the saFRM where on average
heritablity estimates folactations 1 and &re similar (both with an average of 0.25), with estimateksébation
2 (average 0.20) being lower. The lovatation2 heritability is caused by the increase in the PE and residual
variances fromactationl to lactation2, with the AG variance staying approximately the same. Mostert et al.
(2006Db) reported a heritability estimate of 0.24Nlk when using data adjusted for heterogeneous variances in
a fixedregression TD model in the South African Holstein population. The average aRRM heritability estimate
for Milk in PAST for lactations 1 and 2 are higher than what is currently used in the genetic evaluatigs (0.27
0.22 for lactation 1 and 0.22 vs 0.19 for lactation 2; Interbull, 2020). The current genetic evaluation heritabili
estimatedor lactation3 is higher (0.27 vs 0.23). The range of the aRRM heritability estimidi#s, PAST)
from this study were mostly in accordance with Holsteins maintained in a tropical environment (Meseret al
Negussie, 2017) and relatively close to Italian Holsteins (Muir et al., 2007). Hammami et &) g2@D8trabel
and Jamrozik (2006) reported lower estimatedMVitk for thefirst 3 lactatiors. According to Hammami et al.
(200&) high estimates of AG variances and heritabilities are associated with high milk production levels.

The pattern in heritability estimates férotein(Figure 8.12 in the supplementary material) were similar
to Milk (aRRM and saFRM). Heritability patterns feat (Figure $.10 in the supplementary material) were
slightly different during lee lactation, where heritability estimates were higher thaMilk. In general,
heritability estimates foProteinwere slightly lower than foMilk, with Fat having the lowest heritability
estimates.
The permanent environmental effect was in most cases the random effect with the largest influence on produc
traits Milk , FatandProteir) over all lactations for both PAST and TMiRoduction system@-igures S.9, S3.11

and $.13 in the supplementary materialarious authors (Mostert et al., 2006b, Strabel and Jamrozik, 2006;
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Savegnago et al., 2013) also reported higher PE variances compared to the AG variances as proportions G
total phenotypic variances.

3.3.5 Production Traits: Eigenvectors (PA®FfoductionSystem)

The first two eigenvector@isingaRRM), representing respectively the average produdfsOD)and
persistencyPERS)genetic effects folactationl, explained 90.8% to 94.0% of the total AG variance effect
(Table S1 in the supplementary material)PAST. This fraction represented close to 100% ddietation2
(99.5% to 99.7% for production traits) i.e., considering the third and fourth eigenvectors. These results are
accordancevith Jamrozik et al. (2002) who reported a value of ~90% for teetivo eigenvectors iMilk over
several countries (Australia, Canada, Italy and New Zealand). These values were higher in the aRRM whe!
persistency component is included than when using the saFRM (87.7% to 88.4% explained by the fi
eigenvector, representingctationl, and 96.7% to 97.8% after the second eigenvector represkatiation?2,
without a persistency component). Druet et al. (2005) reported values of 91.6% and 6.6% for the first and sec
eigenvectors for first lactation milk yieldxplaining 98.2% of the AG variation, compared to 91.82¢tétionl
Milk in PAST) in this study (63.5% and 27.8% for the first and second eigenvector, respectively). Leclerc et
(2008) reported a value of 98.4% for four eigenvectors to explain the total genetic variatidirsh 3hactatiors
when reducing the rank of the AG variance matrix from six as previously estimated by Druet et al. (200¢
Compared to the results of the study by Druet et al. (2005), the persistency component of thetadyriertf

a higher magnitude and seem to play a more prominent role in the South African Holstein breed (PAST).

3.3.6 Production Traits: Average Production Genetic Correlations (PR&ductionSystem)

Genetic correlations between average productititk ( FatandProteir) of all lactations using the aRRM
werestrongeithan the corresponding correlations usingstieRM (Table3.2 for Milk , and Tables &2 and 8.3
in the supplementary material fBat and Protein respectively). This was the case for both PAST and TMR
production systemsSaFRM genetic correlations ranged from 0.66 to 0.96 while aRRM genetic correlations wer
0.83 to 0.99. Apart from a different fixed effects structure, different curve functions and obvious difference
between FRM and RRM with regards to random effeatmther reason for these differences in genetic
correlations is the absenceapersistency component in the saFRM.

Average production aRRM genetic correlations for all production traits in PAST were considerably highe
than the parameters usedti@ current genetic evaluation (Interb@020; MT, TD and FRM without a genetic
persistency component) ranging between 0.93 to 0.96 vs 0.56 to 0.67 bleistegons 1 an@, 0.89 to 0.93 vs
0.53 to 0.59 betwedactations 1 and,3and 0.97 to 0.99 vs 0.67 to 0.74 betwksetations 2 an@, respectively.
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AverageMilk genetic correlations from the aRRM for lactations contiguous to each tab&atipnsl1,2 and
lactations2,3) were higher than lactations more distant from each dtmationsl,3) as were also found by
Strabel and Jamrozik (2006), as welliasother studieswhich reported genetic correlations on a 30fy
production basis (De Roos et al., 2004; Hammami et al.,&2008seret and Negussie, 2017). Our estimates
(Milk) were in accordance with Druet et al. (2005), Strabelantrozik (2006) and Togashi et al. (2008).

Table 3.2 Genetic correlations between the first 3 lactations for average milk production for the South Africa
Holstein fixed regression model (saFRM) vs the alternative random regression model (aRRM) for the pasti
(PAST) and total mixed ration (TMR) datasetsthwatandard errors in parentheses

PAST TMR
Lactations saFRM aRRM saFRM aRRM
1,2 0.77 (0.03) 0.95 (0.02) 0.77 (0.03) 0.87 (0.02)
1,3 0.69 (0.04) 0.89 (0.03) 0.77 (0.04) 0.88 (0.03)
2,3 0.93(0.02) 0.97 (0.02) 0.92 (0.03) 0.99 (0.02)

ij = between lactations i and |
3.3.7 Production Traits: Average Production and Persistency Genetic Correlations (Pé8uictionSystem)

Genetic correlations between average produditiROD) and their correspondingveragepersistency
(PERS)estimates within each of thiest 3 lactatiors for all production traits were weak, ranging frebil6 to
0.09 (Table3.3 for Milk, and Tables &6 and 3.7 in the supplementary materitdr Fat and Protein
respectively). Different studies define persistency of milk production traits in various ways and in our study
persistency is estimated as the average regression slope of DIM over the lactation.

Genetic correlations between average production and their corresponding persistermiedutiion
traits in South African Holstein coulabt be found in literatureSélkner and Fuchs (1987) and Gengler (1996)
reasoned that persistency should be estimated independently from milk yield, as is the case in this study. Mo
et al. (2008; SA Jersey data) found a negative and weak genetic corretatidh lfetween 6Gand 280day yield
EBVs as an indicator of persistency (Schaeffer et al., 2000) oely3ffsday milk yield EBVs were included as
covariates in their genetic model, with an estimateD@1 before this addition. Our results were in line with
Wasike et al. (2014) who found a weak genetic correlation between persistency and peak nmakk wielldas
with total milk yield in Kenyan dairy cattle, irrespective of differing persistency descripiamazaki et al.
(2013) reported weak genetic correlations betweerd2@amilk yield and persistency and their results, together
with those from Stabel and Jamrozik (2006) support findings from this study in that selection for persistenc

(PAST) ofMilk can be successful without changing the average level of production.
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Genetic correlations between persistency estimates in PAST ofldbtaBors for Milk (Table3.3) and
Protein(Table 3.7) followedthe same tendencies, being positive throughout and of low magnitude betweel
lactationl and later lactations (range 0.29 to 0.36) but of high magnitude between later lactations (range 0.9¢
0.97). Lactation1l EBVs for persistency of production is genetically not a good indicator of persistency in late
lactations and selection ¢actationl persistency EBVs will be inconsistent and unreliable to improve persistency
in later lactations.However, selection on persistency factation2 will be successful in improving persistency
in lactation3. Fat(Table $3.6) alsofollowed the same tendenciesMik , but some genetic correlations between
lactation1 and later lactations for PAST tended to be nmooeleratg0.47 and 0.46, respectively). Yamazaki et
al. (2013),analysingonly the first 2 lactations foundslightly stronger correlation (63) inMilk.

Table 3.3 Genetic correlations between the two components of the random regression model fooatuitkion
[(average milk productionRROD and persistency (PERS)] withand between the first 3 lactations for the
pasture (PAST) and the total mixed ration (TMR) production systems, with standard errors in parentheses

TMR
Lactation 1 Lactation 2 Lactation 3
PAST
PROD PERS PROD PERS PROD PERS
-0.32 0.87 -0.14 0.88 -0.20
PROD
_ (0.05) (0.02) (0.05) (0.03) (0.07)
Lactation 1
0.04 -0.46 0.27 -0.41 0.13
PERS
(0.07) (0.05) (0.06) (0.07) (0.09)
0.95 -0.06 -0.31 0.99 -0.32
PROD
_ (0.02) (0.08) (0.05) (0.02) (0.07)
Lactation 2
0.12 0.33 0.09 -0.32 0.87
PERS
(0.06) (0.08) (0.07) (0.07) (0.05)
0.89 -0.12 0.97 -0.06 -0.38
PROD
) (0.03) (0.08) (0.02) (0.08) (0.08)
Lactation 3
0.09 0.32 0.12 0.97 -0.03
PERS

(0.07)  (0.09)  (0.07)  (0.03)  (0.08)

Genetic correlations between lactation 1 and later lactations reported by De Roos et alfir€®4;
lactatiors) for milk production traitsMlilk , FatandProteir) were also positive and eohoderate ranging from
0.46 to 0.52.These last two studies found much lower genetic correlations between later lactations than we ¢

(0.98), but their measure of persistency was very different (decrease between 60 and 240/245 DIM).
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Genetic correlations of the aRRM between average milk produdiddk,(Table 3.3) of a lactation and the
persistency of later lactations (i.e., lactations 1 vs 2, 1 vs 3 and 2 vs 3) were weak and often closedt8Zero (
to 0.12) for both PAST and TMR production systems. Wais mostly true for the other production traits as well
(Tables 3.6 and 3.7 for FatandProtein respectively).

Genetic correlations of the aRRM between the persistency of a lactation and the average prdditiction (
Fat and Proteir) of later lactations were negative, weak and often close to zero in PASD {o0-0.01).
Corresponding genetic correlations in TMR were also negative but ranged from weak to medium s@&@gth (
t0 -0.19). (Table3.3 for Milk and Tables $6 and 3.7 for FatandProtein respectively).

3.3.8 Production Traits: Differences in Genetic Parameters in the TviitluctionSystem

Differences in the pattern of heritability estimates in the TMR vs Pg®&diuction systemare presented
in Figures3.3 (for Milk), and $.12 in the supplementary mater{&br Proteir), respectively. TMR estimates
from the aRRM werelose to equahan the saFRM during the second half of the lactatiolaétationl (average
of 0.20 vs 0.16 during the last 145 DIM fitilk), andalsoduring the late lactation period in later lactations
(average of 0.21 vs 0.15 féactation2, and 0.18 vs 0.13 fdactation 3, during the last 95 DIM foMilk,
respectively). In estimating 29fay EBVs, the emphasis will thus bightly more on the second half of the
lactation (actationl) and latedctation period (later lactations) with higher accuracy of prediction during these
periods than with the saFRM. Heritability estimates (aRRM) were always highest during late lactation in TM
vs PAST. The main cause of the different heritability estimzgtgseen TMR vs PAST is a much greater increase
in AG variance after early lactation in TMR. This was especially true for the later lac{@iguses3.4b, d and
f for Milk, and Figures $18a to 8.18c and 8.19a to 8.19c for Fat and Protein respectively in the
supplementary material). The aRRM heritability patterng=ftin TMR (Figure $.10 in the supplementary
material) wereclose tathesame than foMilk andProtein The pattern of the aRRM TMR heritability estimates
for production traits coincides with several other studies which also reported an increase in the AG variance
heritability estimates over the lactation (Zavadilova et al., 2005; Muir et al., 2007; Aliloo et al., 2014).

Whencomparinghe overall level of the heritability estimates for all production traits, those of TMR were
lower than PAST estimates throughout d&atiors when using both models (saFRM or aRRM). This is caused
by the higher PEFigures 8.9, S3.11 and 8.13 in the supplementary material fdfilk, Fat and Protein
respectively) and residual variances in TMR relative to thev&@@nce (Figure8.4a to3.4f for Milk , and Figures
S3.18a to $.18c and 8.19a to 3.19c in the supplementary material féat and Protein respectively). Our
results show that in TMR, milk and protein production is mainly influenced by the PE and residual effec

(temporary environmental component), especially at the beginning and end of the lactations, and overall, m
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more so than in PAST. Large herds that utilize a Tpi&luction systemmainly feed their cows according to

their individual phenotypic milk yield (level) quite possibly more so in the early lactation period, including peal

production and during at least rakttation (considering the results of this study). Exislanation makes sense

as it is recommended in SA that higher producing cows are fed at a higher level than low producing cows in or

to increase profitability, and that cows should be fed r@icg to the lactation curve (The Dairy Farming

Handbook, 2017). These recommendations also show the importance -gublgi roughage together with

high energy concentrates, as well as the correct (increasing) feeding level during the fii& B8ND specific

for each cow according to peak milk yield (The Dairy Farming Handbook, 2017). Individual cow feedinc

management information (within herd) is not sent to the genetic evaluation service provider(s) and thus can

be considered in the gereévaluation of the breed. Consequentlye model used cannot accurately distinguish

if production level is the result of the AG effect or the individual (phenotypic group) nutrition level. Other thar

with TMR, cows in the PASPproduction systerhave an equal chance to be exposed to the same nutritional level
The amount of the total AG variance explained by the first two eigenvetdotationl) for production

traits (Table S1using the aRRM in TMR were lower than for PAST (87.6% to 88.9% vs 90.8% to 94%), beinc

fairly equalfor lactation2 (third and fourth eigenvector), but still high (98.8% to 99.2% vs 99.5% to 99.7%).

3.3.9 Milk Composition Traits

Heritability estimates foFat%andProtein%in bothproduction system@RRM) were higher compared
to the saFRM from approximately the middle to late lactation period and on(ragdses S.14 and S.16 in
the supplementary materiall.hese results imply that with the calculation of aRRR&l lactation i.e., 298ay
EBVs, TD records during the first half of the lactation will be weighted more conservatively than those durin
the second half in comparison to those from the saFRMus, selection progresfor increased total milk
production per lactation will be faster because of later production than early production (in the lactdten).
aRRM heritability patterns over DIM&ctationl) are in accordance with Bastin et al. (2011) and to a great degree
with Mohammadi et al. (2014).

Regarding the amount of total AG variance explained by the first two eigenvectors (&RNon1)
for the two milk composition traits, values were mostly higher (range 91.5% to 93.5%) than for the mill
production traits in botproduction systemsspecially TMRTable S1).

In contrast taMlilk , genetic correlations between average milk composition traits and their correspondin
persistency estimates within each of fingt 3 lactationswere consistently negative and of medium strength over

bothproduction system&lable 8.8 and 3.9 in the supplementary material).
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In accordance with milk production traits, genetic correlations between persistencies in the 3 lactatio
for Protein%(Table 3.9) were also positive throughout, but generally stronger in both PAST and TMR, ranging
from 0.74 to 0.85 betwedactationl and later lactations. Genetic correlations between later lactations are highe
(0.88 and 0.95 for PAST and TMR, respectively). Druet et al. (2005) repooiedmoderatgenetic correlations
between lactations for protein percentage (0.56 and 0.66 between lactations 1 and 2, and lactations 1 ar
respectively) with a genetic correlation of 0.75 between later lactations. Persggantyg correlations fdfat%
betweenactationl and later lactations were slightly lower than Reotein% ranging from 0.64 to 0.75 while
being 0.65 and 0.83 between later lactations for PAST and TMR, respectively. Druet et al. (2005) reported hig
genetic correlations of 0.90 (between lactations 1 and 2) and 0.83 (between lactations 1 and 3), am8r97 be

later lactations for fat percentage.

3.4  Conclusiors

The partitioning of fixed effects into a sum of separate curves over the lactation (i.e., curves as used in
aRRM, based or6-knot natural splines instead of the Wilmink function) explains the fixed effects significantly
better and led to a better model fit. Including the AG and PE effects as random over the lactations (aRRM) :
not fixed (FRM) led to a further better fit tife model as well as lower residual variances than the current saFRM.
The aRRM showed that the AG and PE random effects shouliermnsidered constant over the lactation with
both effects explaining more of the phenotypic variance at the beginnirendotithe lactation. The extension
of the aRRM with the addition of a measure of persistency as a genetic component allowed for a more accu
estimatiorof the AG effect. Itis an important, extra source of information which ins#asaccuracy of genetic
prediction. Additionally, the genetic prediction for persistency allows for selection over the lactation as a trait
eonomic importance. Increasing accuracy of genetic prediction using the aRRM instead of the saFRM is a
possible due to higher genetic correlations between average produesipecially betweelactationl and later
lactations. The implementation of the alternative random regression model for genetic evaluations of S.
Holsteins is recommended.

The overall lower heritability estimates in this study compared to some other studies might be explain
by a less rigorous efarm recording system without an external supervisor who visit dairy farms on a monthly
basis, ast is for instancdhe case in most European countries. A possible larger amount of incorrect pedigre
information in South African Holstein, possibly because of much larger herd sizes compared to Europe
countries, might also play an important role.

The quite distinct genetic parameters of the TMR compared to the PAfsIliction systendenote a

genotype by environment interaction between the two production systems. Disregarding such an interact
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decreases genetic gain and biases EBVs to a certain degnemaghi€ude, possible origin, and ways to mitigate
the interaction mudte studied further using a tegfy, multilactation, and random regression model.
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CHAPTER 4

Genotype by environment interaction under two production systems utilizing a
random regression model for milkproduction traits in multiparous South African

Holstein dairy cattle?

4.1 Introduction

Selection response under different fAenvironme:i
(GxE) can vary substantially. This can be attributedifferent genes that may be necessary to adapt and thrive
in different environments (FalconeQ@0). South Africa (SA) is a country with diverse environments, classified
into 13 distinct climate zones according to the Kép@enger classification metho€§IR,2023). Despite the
varying climatic conditions and regions in SA, Van Niekerk et2l0§ found no GXE interaction in SA Jersey
cattle for milk production (Milk) in various groups based on different production systems and climatic area
using abivariate (actatiorbasegl animal model. However, Theron and Most@Ad9 compared SA dairy cows
on a concentrate, mixed or pasture (PAST) ration and showed significant phenotypic differences in product
between these feeding systems and speculated about a possible GXE interaction. Various other studies rep
mostly mina to no GXE interactions for production traits between some type of control (conventional or confine
environment) vs grazing herds (Weigel et 4099 Boettcher et al.2003 Kearney et al.2004 Fahey et al.,
2007). It is quite possible that the lack of GXE interactions could have been that the differing environments
each study did not vary enough, as the magnitude of GXE between envirormamghtenced by, amongst other
factors the amount of variation between the climatic areas or management systems (BR&dlon,

All these studies used whole lactation (mostly 3f#y) records, which prevents the differentiation
between productiofevel and-persistency as shown by Van der Werf et 8898, Olori et al., 19993 and
Jamrozik et al. (202. Previously, Sélkner and Fuch®@l) evaluated various persistency measures using test
day (TD) milk yield records. They showed that more persistent cows could be more efficient (and/or profitabl
as they require less concentrate to produce the same amount of milk thanmdessnpeows. According to
Gengler (95 the concentrate reduction amounts to 3%, with a further 7% reduction in health and reproductic
cost. Dekkers et al. 988 indicated an economic value for persistency of 3.4% relative to the corresponding

value of 305day production at a calving interval of 12.4 months, with a threefold increase in the economic valt

2 Submitted. Van Niekerk et al. Genet. Sel. Evol. (26p
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of persistency when the average calving interval was 13 months. They stated that taking health and reproduc
costs into account, the economic importance of persistency will increase further.

Banga et al. 2009 compiled economic values for SA Holstein and Jersey cattle of diffpegmhent
systems that included milk volume, fat and protein yield as production traits, as well as live weight, longevit
calving interval and somatic cell score (SCS). However, the effect of lactation persistency per se was not par
the study. Banget al. 014 emphasized the importance of protein yield and (milk) volume, longevity and SCS
as traits to be included into breeding objectives for SA Holstein cattle. There exists a genetic relationship betw
all these traits and persistency. A pdesisy index for SA dairy breeds based on the Canadian Persistency Inde:
wasimplemented by Mostert et aR((8).

A preliminary studyof GXE interaction in SA Holstein was conducted for -82fy production and age at
first calving between total mixed ration (TMR) and PAST feeding system herds with no such interaction for mil
production (Neser et al2014. Neser et al. (2014id, however, highlight the possible existence of a GXE
interaction for production traits due to the large difference between the heritabilities for the same trait in the t
feeding systems.Van Niekerk et al. (2023¢onfirmed this result using a TD, muléictation, and random
regression (RR) model with differing heritability levels and patterns over the lactation for production trait
between TMR and PAST. Ducrocq et al0Z2) also concluded that an important GXE interaction exists in SA
Holstein catie which could result in reranking of sires between different feeding systems (TMR and PAST)
Thar studyshowed that the average annual rainfall of the region in which the herds are kept are a determinan
production (feeding) system used. Ducrocq et &l2Z2emphasized that GXE interaction research in SA dairy
cattle should be expanded by using more complex genetic evaluation models.

The objective of this study was to investigate the previous indications of a possible GXE in milk productic
traits under a TMR versus a PAST production system, specifically asiily multi-lactation model based on
the alternative random regression (aRR) developed in Van Niekerk et28).(Zbis model can give new insights
into theexistenceand magnitude of a possible GXE as it includes a genetic averadction (level;, PROD)
and-persistency (slope; PERS) effect. TMR and PAST productions weeg aealyzed together as different
traits to investigate GXE interaction in SA before. The second objective was to consider a potential reranking

sires in the different production systems.

4.2 Material and methods

4.2.1 Dataset
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TD (n=2167022) and pedigree records from all herds (140) participating in milk recording were made
available by th&South AfricanHo | st ei n Cattl e Breedersdé Society f
milk recording for 3 consecutive years were included in the final dataset. TD records for milk, fat and prote
production (Milk, Fat and Protein; kg) of cows with suffididirst lactation records, milked 2 or 3 times a day
(number of milkings) for the first 3 lactations (Lacl, Lac2 and Lac3, with2a and Lac3 demar
| actationso) were used. C o7W B resoiids were excludeddronvtherdatasal. a
Each lactation consisted of TD records that ranged from 6 to 300 days in milk (DIM). Lactations where the fir
TD record were not within 65 DIM, and where consecutive TD records were shorter than 21 daygerothlan
90 days, were discarded.

Table 4.1 Descriptive statistics

Lacl Lac2 Lac3
Item TMR PAST TMR PAST TMR PAST
Avg. Milk (kg) 31.4(8.3) 21.1(5.0) 35.0(10.6) 24.8(6.8) 35.6(10.9) 26.5(7.6)
Avg. Fat (kg) 1.1 (0.4) 0.7 (0.2) 1.3 (0.5) 0.9 (0.3) 1.3 (0.5) 0.9 (0.3)

Avg. Protein (kg) 1.0(0.3) 0.7(0.2) 1.1(0.3) 0.8(0.2) 11(0.3) 0.8(0.2)

Record$ 272 318 82 591 137 944 52 446 63712 33 365
Cows 35011 10 548 17716 6 703 8 236 4 295
Record$/ Cow 7.8 7.9 7.8 7.9 7.8 7.8
Record$/ Group 105 49 58 35 31 24
Sires Total 1022 998 900

Sires / System 972 570 929 513 814 455
Sires 5/ System 933 424 778 331 475 249
Sires 16/ System 853 303 507 196 266 124
Shared sires’s 335 226 151
Daughter$/ Sire 36 19 19 13 10 9

Standard deviations in parentheses; Laci = Lactation i; Avg. = Average; Milk = Milk production; Fat = Fat production
Protein = Protein production; Superscript 1 = Number of; Superscript 2 = Average number of; Group = Contemporary grc
defined by the Herd Testday x Number of milkings interaction effe&ires Total = Total number of sires irrespective of
production system; Sires / System = Total number of sires itotinesponding productiasystem Sires ¥ Systen= Sires

with a minimum of 5daughtersn the corresponding production systeé®ires10/ System= Sires with a minimum of0
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daughtersn the corresponding production systedmared sires 5 = Sires with a minimum of 5 daughters in the pasture and
total mixed ration production systems each.

Contemporary groups (Herd x TD x Number of milkings) had to consist of at least 5 cows. Calging age
of cows (in months) were grouped into 8 calving age classes as follow: Class 1, 20 to 23; Class 2, 24 to 27; C
3, 28 to 31; Class 4, 32 to 35; Class 5, 36 to 41; Class 6, 42 to 47; Class 7, 48 to 55; Class 8, 56 to 69. Cal
month variable were fmed and followed the natural 12 months of the year, while calving season was also use
and followed the natural seasons in South Africa (Summer, SeaBesdmber, January, and February; Autumn,
Season 2: March, April and May; Winter, Season 3: June, July and August; Spring, Season 4: September, Oct
and November).

The calving year ranged from 1988 to 2016. Previous calving interval classes were categorized and ran
from 312 to 730 days (Class 1: 312 to 353; Class 2: 354 to 395; Class 3: 396 to 437; Class 4: 438 to 479; Cla:
480 to 521; Class 6: 522 to 563a6$ 7: 564 to 730; Class 8: no previous calving intérfiedt calf cows). Sires
had to have at least 10 daughters in the datesetpective of whether daughters produced in TMR or PAST.
Cows with unknown sires were discarded.

The final dataset consisted of 26 herds with a total ofSA3TD records utilizing a TMR production
system and 11 herds with a total of 168 402 TD records utilizing a PAST production systend(Tjablehe
total number of sires in the TD dataset was 1@P0 daughters in total)By far the largest proportion (53%) of
these sires were frodMorth America (United States and Canada). This proportion varied little between TMR anc
PAST.

Table4.1 shows the total number of siregespective of production system, total number of sires per
production systermthe number of sires with at least 5 daughtasswell as at least 10 daughtersSTMR and
PAST. There were 520 shared sires between TMR and PAST with an average of 44 and 18 daughters in the
production systems, respectively. Out of these, 335 (64%) had at least 5 daughters in both TMR (average of
and PAST (average of 26)r Lacl These sires are termed Shasigds 5 (Table4.1).

4.2.2 Model for analysis

Milk, Fat and Protein were analyzed separately, usi@WBAT (Meyer,2007). A TD, multi-lactation
(first 3 lactations) RR model was usedamalyseeach of the traits.The residual variance was considered as
heterogeneous and TD records were assigned to 9 residual effect classes (CLASS) of 30 days each, and 1 cl
25 days at the end of the lactation (10 classes in totalgd@@%actation). The model is described in Takle.
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Table 4.2 Description of the random regression (RR) model used to analyse milk, fat and protein production

Fixed eff ec Fi xreedgr essi o Random regres:¢
Herd x TD x Her d Ani mal Geneti
mi I kings p Calving yea Per manent Envi

Calving m

Herd x Cal v i Het erogeneous
_ Previous ca
Calving seas (10 cl asse

Calving a

Class = classified; TD = Tesay; DIM = Days in milk

Including the Herd x Calving year x Calving season x Lactation fixed effect in the model will adjust
records for stage of lactation where the cows in a group calved within the sarday-®&hdow. Regressions
on DIM within various fixed effects, using natural splines with 6 knots (DIM 6, 20, 50, 135, 245a8@0e
regression functiswere used fokactation (Lac) 1, 2 or 3. @andPEeffects were assumed normally distributed
and were fitted as random regression effects. The AG and PE effects described each lactation separately.
each effect consisted of a constant as well as a regression sltijpdiedby current DIM. The constant term
describes the (additivegeneticaverageproduction (PROD) effect, while the regression slogescribesthe
geneticaveragepersistencfPERS) effect over the whole lactation (DIM 6 to 300). Thus, these AG effects result
in estimated breeding values [EBV(s)] for both components (i.e.-EB®@WD and EBWERS) for each animal
The sum of these two components are thus a total production EBV i.e-TEBXL. These two elements are
the first and seconglrincipal components for the first lactation, respectively, resulting in 6 principal components
over the 3 lactations for each of the traits.

Using the model in Tablé.2, TD records obtained either in a TMR or a PAST production system, were
treated as two separate traits, and was analysed together in a multiple trait analysis resulting in 12 princ
components (TMRPAST12 model).These principal components were deriiethe same mannérom the G
matrix as inVan Niekerket al.(2023) where wefitted standardized DIM directly as linear regressioithis
analysis was followed by a reduced rank model resulting in 8 principal componentsHABIR model) and
representhe two genetic components (PROD and PERS) of each of the first 3 lactations in TMR, plus the tv
genetic components (PROD and PERS) of Lacl in PAST (all trait®@estimatesrom the TMR-PAST model
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are considered in the result¥he 8 principal components were based on ldrgest eigenvalues after
decomposition othe 12 by 12(co)variancematrix of the AG effect (full rank).

The Bayesian Information Critesh (BIC = -2logL + log(N)*k, wherelogL denote the value of the
maximum log likelihood of the modeN is thesample size ofhe training dataset, arld is the number of
parameters in the model) were used to assess the differences in goodness of fit between the different analys

4.3 Results and discussion

4.3.1 Goodness of fit: Production systems analysed as different traits

The TMRPAST model fitted the data best for all traits. This reduced rank model showed a significar
improvement of 266, 359 and 266 in the BIC of Milk, Fat and Protein, respectively when compared to the TMI
PAST12 full rank model. This was because of the reduced number of effects that had to be estimate
Consequently, using Milk as example, the Central Processing Unit (CPU) time of the reduced rank moc
decreased by ~100 hours, with faster and easier convergence (within ~55 hours), compared to the full rank mc
Eigenvalues showed that 99.8% of thekgenetic variance for Milk, Fat, and 100% for Protein is explained by

the first 8 principal components used in the TARST model.

4.3.2 Genetic correlations between TMR and PAST for Milk production

The low to moderate genetic correlations (Figufe 0.22, 0.64 and 0.59) obtained for PERS between the
production systems indicate that PERS in a TMR system is a different trait as PERS in a PAST system. °
genetic correlations are significantly different (weaker) from 0.80 (Roberi€&9), showing substantial GXE
interaction between TMR and PAST for persistency. These results indicate that different genes are probabl
play in the different production systems and that selection in one of the production systems could thus lead 1
suboptimal gengéc trend for the trait in the other production system.

Contrary to PERS, the genetic correlations (Milk) between the PROD effagtsd4.1) were strong
(0.92, 0.85 and 0.89), indicating that the same trait is measured in the two productions systems. Both
correlations in Lacl and Lac2 diffeignificantlyfrom 1 (P<0.05) but not for Lac3.Corresponding results for
PROD and PERS between TMR and PAST in Fat and Protein were mostly similar (Figures S4.1 and S¢
supplementary material).

Similar studies using TD, mullactation RR models, where records were obtained from different
production systems or feeding regimes, and where both persistency (PERS) and production (PROD) w

included in the study, arelativelyscarceawithin countries Zwald et al. 200]) concluded that herds and countries
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can be groupethto different production systenagcording tovarious parameterpéak milk yield, days to peak
milk yield, persistency, percentage of North American Holstein genes, standard deviation of milk yield, sii

predicted transmitting ability and fat:protein (%) ratio

Figure 4.1 Genetic correlations (standard errors) betweendtat mixed ration and pasture production systems
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Compared to Zwald et al. @21), milk production h SAusing Holsteingesemble, to greater extent, countries
that use more concentrates (United States, Israel and Canada) in contrast to the rotational grazing systems
in New Zealand and Ireland, but probably also Estonia and Czech Republic. Zwald @03la(gued that
different countries can be treated as different production environments. Jamrozik2003).irfdicated a
significant GXE interaction betweerelN Zealandand countries with more intensive management systems (ltaly
and Canada) for total (milk) yieldy(®.66 and 072, respectively) and persister(cefined similaly in our study

rg 0.16 and 0.28, respectively), as well as between all 4 countries (Australia &sithehd study for persistency
(rg0.16 to 0.55). Hammami et a2q08D also showed significant GXE between Luxembourg @dmglt system)

and Tunisian Holsteins (lowwo mediuminput systems) for 368ay milk yield (g 0.60) and persistencyy(@.36;
defined as the difference between DIM 80 and 280). Using a TD, daujé¢ion RR model over diffent
production systems (i .e., I ow, m e -daly mnitkyieldaWadinya et @.h )
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(27; multi-breed cows in Kenya) supported the results in the current study, with milk yield genetic correlatior
varying from 0.04 to 0.54 over different DIM. In a bivariate analysis (confined vs grazing cows) usidgy305
milk yield records, Ramire¥alverde et al. (210 obtained a genetic correlation of 0.76 for Jersey cattle in
Mexico, indicating a possible GXE interaction. Studying factors that influence lactation curves in different herc
Caccamo et al. (0 concluded that different crude praoteind dry matter content in diets, and more specifically
their interaction influenced persistency of milk production between herds.

Using experimental data, other studies (Kolver e2@02 Horan et al.2005 Fulkerson et al2008 also
found significant genotype by diet, feeding systems and feeding level interactions, respectively, for milk yield
dairy cattle.

In contrast to the current study, Weigel et 41999 and Boettcher et al.2003 found negligible
differences between their applicable systemsl@se to 0.90 or greaterHowever, these studies used 30y
lactation records and not TD, RR models, resulting in an inability to independestithguishbetweerthegenetic
persistencys thegenetic (level of) productioaffects Most likely due to this reason, Neser et 2014 also
did not find a significant Gxkhteractionin a previous prelimingrSA Holstein study of milk production in TMR
vs PAST (5= 0.90 + 0.03). The same reasoning could likely explain the high genetic correlafibns @ . 8 8
between TMR and PAST, as well as between other groups clustered according to genetic levels, manager
practices, herd size, geographical location, and environmental influences in SA Jersey dairy cattle (Van Niek
et al.,2006.

According to Slagboom et al2Q2]), these weak to moderate genetic correlations, specifically for
persistency from the aboweentionedstudies (Jamrozik et aD02, and Hammami et al. 0D8b), as well as in
the current study may very wediquiredifferentbreeding goalsThe® authors shoadthat if genetic correlations
between production systefresmainstream and an organic niche production environment in theiaoagelow
0.6, it is better to consider GxBteractionin genetic evaluations.

Genetic correlationsdiween TMR and PAST (and vice varsand at the same tinteetweenPROD and
PERSwere weak and varied fror0.29 to 0.27, often times not being significantly different from Z&ebles
S4.1 toS4.3 for Milk, Fat and Protein, respectively, supplementary material). Correspondingly; WitRimand
-PAST genetic correlations between PROD and PERS were also weak and ranged.4domo 0.14, also
regularly not being significantly different from zeroThus, independent genetic improvemehPROD from

PERS and vice versa should be easily attainable.

4.3.3 Genetic correlations between lactations for Milk production

Between lactations PERS genetic correlations (Milk) for PAST Lacl vs TMR later lactations (0.35 an
0.21, respectively; Figuré.2; Figures 8.3 and 4.4 for Fat and Protein, respectivesupplementary materjal
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were weak and significantly more smmpared to TMR Lacl vs PAST later lactations (0.71 and 0.70,
respectively). These TMR Lacl vs PAST later lactations genetic correlations show that TMR Lacl is a bette
indicator of PAST later lactations than is the case within PAST (0.34 and 0.37, respectively; Table S
supplementary materjal

The higher genetic correlation between TM&1and PASTlater lactationgan be an indication of TMR
first parity cows that are anatomically and physiologically more developed and thus more similar to later par
cows in PAST, rather than to their first parity PAST counterparts. The latter might be due to possible differir
rearing environments between TMR and PAST systems.

Figure 4.2 Genetic correlations (standard errors) between lactations fototake mixed ration vs pasture
production systems
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Milk = Milk production; PROD = Averag@roduction; PERS = Averageersistency; Laci,j = Lactation i,j; TMR

= Total Mixed Ration production system (orange); PAST = Pasture production system (green)

MacDonald et al.Z007 Holsteins) concluded thatdith Americanheifers(closer to TMRhave a greater
mature weight and age at puberty than those frenv Realand (closer to PAST)vhich possibly suggesthat
pasture conditions limit their growth rate as they are unable to meet their metabolizable energy requirements.

The complete genetic correlations matrix betweard withinTMR and-PAST for Fat, Protein and Milk
production are shown in Tabg.1 to $4.3, respectively inhe supplementary material

Important to note, the majority (91%) of PAST sires also have daughters (with greater number on avera
in TMR, than in PAST. On the other hand, half (53%) of TMR sires also have daughters (with on average
smaller number) in PAST than in TMR.



44

4.3.4 Genetic and other variances for Milk production

The genetic, permanent environmental and residual variance components of TMR and PAST over DIV
to 300 in each of the first 3 lactations for Milk are presentedrigures 4.3, 4.4 and 4.5, respectively.
Corresponding variance components for Fat and Protein are presehigdras34.5 to $4.10 (supplementary
materia). TMR genetic variances (Milk) were higher than corresponding PAST genetic variances for a
lactations, with the largest differences being in Lacl and Lac2.

Jamrozik et al. (@02 reported differing random regression coefficients for Milk that described the curves
of the genetic effects over the lactation between intensive management (Canada and Itatgjianal grazing
systems (Australia andeWw Zealand. The (additive) genetic variances for Milk over lactations also differed
amongow-, medium and highproduction systems with regards to their shape as shown by Wahinya @2@). (2
Moreover, our results are in accordance waimrozik et al(2002 andWahinya et al(2020) who also showed
the tendency of the genetic variance to be higher in the more optimal environment (TMR in ourStadsily,
Santos et al.2019 showed increasing genetrariance as the environment improves. Dos Santos Daltro et al.
(2022 argued that genetic differences are more detectable in more favourable environments as animals are r
able to express their full genetic merit. In this regard, the environmental variances (PE and residual) indicate

TMR can be considered a moretiapal production system compared to PAST for production.

Figures 4.3, 4.4 and 4.5 Genetic, permanent environmental and residual variances for Milk production over day
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36 36 36
32 32 32
3 b3
o 28 _, 28 < 28
2 Q -
Q 24 T 24 824
c [0} %
8 20 S 20 < 20
@ . g
5 16 G 16 = 16
.; > g
e 12 W g2 S 12
) [}
O T g
4 4 4
0
0 100 200 300 0 100 200 300 0 100 200 300




45

36 36 36
32 32 32
N N
Q28 « 28 § 28
- [&]
Q24 524 8 24
c [} =
S 20 S 20 % 20
S 8
5 16 5 16 Z 16
= > S
2 12 w12 D12
Q @
o o

0 0
0 100 200 300 0 100 200 300 0 100 200 300
36 36 36
32 32 32
[92]
c:)% 28 o« 28 < 28
- 8] -
g 24 S 24 3 24
c [ %
820 220 = 20
a 8 g
5 16 g 16 = 16
9 @
S 12 w12 S 12
4 4
0
0 100 200 300 0 100 200 300 0 100 200 300

y-axis values kg?;, x-axis values = days in milk; PE = Permanent environmental; Orange blocks (solid) = Tota

Mixed Ration; Green blocks (open) = Pasture; Laci = Lactation i.

The differing genetic variances over the lactation, within and between TMR and PAST can be explain
by cowsd di s s i Abaldnees and reutnientt partition onofédes, gostpartum. Body condition score
(BCS) can be used to predict total body ggearontent (lipid and protein) change over the lactation (Banos et al.,
200%). Loker et al. 2011 showed increasing genetic variance for BCS as lactation progressed, illustrating
genetic differences i n cowso0 yragEdsiespecially atthe end & the |

lactation.

4.3.5 EBVrankings of sires between TMR and PAST for Milk production

Using Milk as example, the distribution of the percentile rank of sires (Widctation) with at least 5
daughters each in TMR and PAST (i.e., the bettemected sires), based on their EBERS are presented in
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Figure4.6. The most significant withitactation reranking of sires in the'8percentile in TMR vs their percentile
rank in PAST take place in Lacl. The same is true contvess, where major rerankingalso the case for sires
in the 8" percentile for PAST vs their rank in TMR. In these two instances roughly half'gfe86entile sires
in TMR will be below the 60 percentile in PAST, with approximately a quarter of the sires below th& ~37
percentile.Reranking in Lac2 and Lac3 will be lessit still significant. These results are in line with the EBV
PERS percentile rank correlations between TMR and PAST for all sires with at least 5 daughters each in TI
and PAST ¢hared sire®; Table4.1), which were 0.16, 0.65 and 0.54 for Milk Lacl to Lac3, respectively (not
shown). The equivalentcorrelations for Fatacl to Lac3wvere 034, 0.6 and 059, respectivelyand0.29, 023
and 054, respectively for Protein.

Unlike EBV-PERS, reranking dishared sireSso6 ( T a Hdr EBV-2RQOD should be minor with strong
percentile rank correlations ranging from 0.94 to 0.99 for all lactations in Milk, Fat and Protein (not shown).

Figure 4.6 Reranking of sires between the total mixed ration and pasture production systems for Milk productic
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Laci = Lactation i; EBVPERS = Estimated breeding value for averpeesistency; TMR = Total Mixed Ration
production system; PAST = Pasture production system; Solid blocks = Sires if'ther&éntile (pctl) rank for
EBV-PERS in TMR (orange) vs their percentile rank distribution in PAST (green); Open blocks = Sires in th
80" percentile (pctl) rank for EB\PERS in PAST (green) vs their percentile rank distribution in TMR (orange).
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The EBVLTOTAL percentile rank correlationsetween TMR and PAST fall fishared sireSowere 0.6,
0.75 and 075 for Milk Laclto Lac3, respectively (not shown). Tbaresponding correlations for Fat wered).7
0.8 and 0.76, respectiveBnd0.76, 041 and 0.4, respectivelyor Protein Moderatereranking of sires between
TMR and PAST will probably still take place based on EBYTAL. The corresponding EBVYOTAL
correlations between TMR and PAST for all sires (n = 1022) were similar.

In their GXE study of production traits in confined vs grazing herds of primiparous US Holsteins, Kearne
et al. 004 obtained EBV rank correlations of 0.59, 0.63 and 0.66, also for sires with at least 5 daughte
producing in both environments. Across herd management levels for Luxembourg and Tunisian Holstei
(primiparous cows), Hammami et &009) showed EBV rank correlations for common sires to be weak, ranging
from 0.19 to 0.41 for 308ay milk yield. In that study, the Luxembourgish dairy faoas be defined as mostly
high-input production systems with maize silage, brewers grains feeds and concentratess lkalghsimilar

to TMR systems in the current study.

4.3.6 Heritability estimates, permanent environnarand residual variance ratios for Milk production

PAST heritabiliy estimatesvere higher than TMR estimates throughout all lactations (Nilgire4.7),
more so during the first 100 days in Lacl (average of 0.24 vs 0.17, respectively) and Lac2 (average of 0.2]
0.15, respectively), and during the last 95 days in Lac3 (average of 0.27 vs 0.15, respectively). The bigc
difference between PAST and TMReritability estimateswere during Lac3 (average of 0.24 vs 0.14,
respectively). Corresponding estimates for Fat and Protein are sholiguires S4.11 and $4.12 in the

supplementary material

Figure 4.7 Heritability estimates over days in milk for Milk production
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h? = heritability; xaxis values = days in milk; Laci = Lactation i; Orange blocks (solid) = Total Mixed Ration;
Green blocks (open) = PastuBtandard errors for heritability estimates ranged from 0.01 to 0.02.

Average heritability estimates for Milk, Protein and Fat in PAST and TMR were essentially the same :
those reported by Van Niekerk et al. 23Din separate analyses of PAST and TMR using the same model. PAST
heritability estimates (0.25 for Lacl) for Milk were closest to estimates from various authors in primiparous dai
cows on a 30&lay milk yield basis, with an estimate of 0.19 from Hammanale{20080 and 0.15 from
RamirezValverde et al. (@10. These two authors reported heritability estirmatie0.42 for thehigh-input
system(Hammami et al.2008h Luxembourgand0 . 2 7 f o r cohbfihem e fidysbeohRamirezValverde
et al.,2010. Overall, heritabily estimatesn this studyaresimilar toHolsteins kept in a tropical environment
(Meseret and NegussieP17 and somewhat higher than Hammami et 20089 and Strabel and Jamrozik
(20086.

The higher Milk (and Protein) heritability estimates in PAST compared to TMR were mostly because c
the higher proportion of the total (phenotypic) variance that was explained by the PE variancé&{gatie4;8)
in TMR (on average) with a resulting drop in the genetic variancdeare supported by the results in Chapter 3,
section 3.3.8This higher PE ratio tendency in TMR estimasarost likelybecause TMR cows are fed according
to individual phenotypic milk yield, and quite understandably mordwsng early lactationincluding peak
lactation up to midactation. Individual cow feeding information is not sent to the genetic evaluation service
provider(s) and thus cannot be adjusted for through the fixed effects equations in BLUP. Accordingly, BLU
cannot accuratelgistinguish superior or inferior producti@s the result of the AG dhe individual nutrition

level effect. Other than with TMR, cows in PAST have an equal chance to be exposed the same nutritional le

Figures4.8 and 4.9 Permanent environmaaitand residual variance ratios over days in milk for Milk production
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This can also be seenVWan Niekerk et al. (223) with the same corresponding results with regards to the PE and
residual variance (ratio&igure4.9for the residual ratios in this study) as reasons for differing TMR and PAST
heritability estimatesRamirezValverde et al. (@10) also implied a higher PE ratio for confined vs grazing herds
while Jamrozik et al. 02 reported a higher PE variance for more intensive production systems (Canada ar
Italy) vs rational grazing systems W Zealandand Australia).

Different from Milk, the most important cause of the higher Fat PAST heritability estimates compared t
TMR were on average the smaller residual variance ratios in PAST with a resulting increase in the heritabili
In the same way, the smaller PE varanatios in PAST also contributed to the genetic variance explaining more
of the total variance.

The corresponding PE and residual variance ratios for Fat and Protein are shkgunasS5413to S4.16,

respectively irthe supplementary material
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4.3.7 The genetic effect (EBVs) mdrsistency on total productiqiviilk)

The PERS effect on genetic total production for Milk in Lacl are shown in MdlBeusing the average
EBVs of three different sire groups. The groups only included sires with at least 5 daughters eachamdTMR
PAST (total of 335 bulls). The groups were differentiated as superior sittp¢vcentile; pctl), average sires
(30" to 70" pctl) and inferior sires (30pctl) for TMR (left figure) and PAST (right figure). In the three graphs
(Figure4.10 each siravasallocated to the appropriate sire group based on its percentile rank fePERS.
Each graph in Figuré 10shows the sire group average EBYROD vs the corresponding sire group EBROD
+ EBV-PERSi.e., total productioror EBV-TOTAL on a 295days Milk basis. Thus, the slope of each graph is
the average EB\PERS of the specific sire group.

Figure 4.10Effect of 295days EBVPERS (Milk) for superior, middle and inferior sire groups

Avg. 295days TMR EBVs Avg. 295days PAST EBVs
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Avg. = Average; yaxis values are in kilograms (kdilk) on a 295days EBV basis in lactation 1; EBRERS =
Estimated breeding value for avergmasistency, EBWROD = Estimated breeding value for average
production; B/B-TOTAL = Estimated breeding value for averggeduction plus-persistency i.e., EBV
TOTAL; Milk = Milk production; pctl = percentile; Sire groups (average EBVSs): superior (solid lines, round
markers) = sires in the P@ctl for EBV-PERS;averaggdashed lines, solid square markers) = sires in the®0
70" pctl for EBV-PERS; inferior (dotted lines, open squared markers) = sires in thpc80for EBV-PERS;

TMR = Total mixed ration production system; PAST = Pasture production system.
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In developing breeding objectives for SA Holstein cattle, Banga et al. (2014) stated that protein yield w
generally the most economically important trait, but also acknowledged that milk yield (volume), amongst oth
traits, was more important in someyment system) instances. Persistency of production (genetic) is an integra
part of milk volume produced, especially in South African Holsteins. Van Niekerk et al. (2023; supplementa
material) reported that the persistency component (PERS) explaimedeasignificant proportion of the total
genetic variance in TMR, and even more so in PAST than some other Holstein populations, with eigenvalues
of 25%, 22% and 23% for Milk, Fat and Protein, respectively in TMR Lacl, and 28%, 25%, 30% for the san
traits and lactation, respectively in PAST.

Figure4.10 highlight the effect of genetiaveragepersistency (EBWERS) on genetitotalproduction
(EBV-TOTAL) as a deviation from genetaverageproduction (level) i.e., EBWPROD, on a 298lays Milk
basis, as a possible indication on the importance of persysberproduction. Regarding the average HBERS
sire groups, their EB\PERS resulted in EBMOTAL changes (decrease or increase}sxaf kg €84%) and
+320 kg (+38%) in relation to their EBFWROD in TMR and PAST, respectively. The correspogdesults for
the inferior EBVPERS sire group werd008 kg £104%) and +66 kg (+14%). Pertaining to the superior EBV
PERS sire groups, their EBRERS brought about EBVOTAL changes 0f135 kg ¢€30%) and +546 kg (+95%)
relative to their EBWPROD in TMR and PAST, respectively. TMR, although the average EBRROD of the
inferior EBV-PERS sire group was the highest, because of their inferior genetic meritREBRS) for
persistency, genetically production could not be maintained and theif TEBNAL over the lactation was the
lowest. On the contrary, EBVOTAL was highest for the superior EBRERS sire group, notwithstanding that
this sire group had the lowest average EBBROD. In PAST, the three EBFERS sire groups did not differ
much in their averagyEBV-PROD and consequently the superior EBERS sire group had the highest EBV
TOTAL.

4.4  Conclusions

Including testday records of cows explicitlizonsidering production system of their herd (total mixed
ration or pasture managemera$, well as implementing a reduced rank model for the genetic evaluation of milk
production traits fits the dataset best by a large margin.

Results showed that a significajgnotype by environment interactifor production traits betweental
mixed rationand pastureproduction systems exist in the@&h African Holstein population for thgenetie
averagepersistency (of productiorgffect for all lactations (especialliyrst lactatior) and traits: k genetic

correlations wersignificantly different from 1 and most from 0.8These results show that thesemajor first
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lactation to intermediatedecond and third lactatipmeranking of sires between the tywmduction systasfor
EBV-PERS Using EBVTOTAL moderatereranking of siresare likely totake placeas all EBVTOTAL
percentile rank correlatiorese below0.80 forall lactations in all traits.The effect of EBVPROD (minor GxE)

to compensate for the major GXE in EBERS do not seem large enough to significantly lessen the reranking
of sires on EBVTOTAL.

Deriving from the weak to zero genetic correlations between PROD and PiEii€apon of EBVPROD
separately fromPERS enablgroducers to bbetterpositioredto seleca ni mal s t hat produc
wayo over the |l actation. This will depend on th
lower genetic production level, and not have the geme&dt to produce as much milk pgak yield, but tthave
afiflatterolactation curve (superior genetic persistency) will lead to a cow herdgbaine pregnaegrlieragain,
having more favourable negative energy balance (better body condition score), less health problems and utili:
less feedduringthe first 100 days in milkln our study such a cow (lower avergg®duction,higheraverage
persistencyare more likely tgorodu@ more milk in both TMR and PASTAfter determining theieconomic
importance and derived weightsoth EBVPROD andPERScan be included in a selection indeXhis will
simplify selection for cumulative production (over the lactation) for produdeBd/-PROD and-PERScan be
publisredalongside the indeand EBVTOTAL.

Regardinggeneticaveragepersistency a significant advantage of analysitige total mixed rationand
pasture systenas different traitss the considerable increase in reliability to better predict and selgua$ture
productionin later lactations because of the significantly higher genetic correlationginsittactation in total
mixed rationcompared to weak withipasturegenetic evaluatioestimates This is becaus¢he pasture system
is genetically very well representedtime total mixed ration systethrough shared sires, whileetbpposite is
less true. In this way, because of the notalbligher number oflaughters of shared sires that are performance
tested irtotal mixed rationthe genetic evaluation this populatiorbenefits from increased informatiotdeally
more herds, especially PAST herds should be included in the study, together with bulls that have suffici
progeny in both production systemAlso, genetically average persistency (slope) has a significant influence on

the total volume of milk produced over the lactation.
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CHAPTER 5

Inclusion of average rainfall in genetic evaluation of SA Holsteins to mitigate genotype by

environment interaction®

51 I ntroduction

Genotype by environment interaction has been shown to exist in South African (SA) Holstein dairy catt
in previous studies by Ducrocq et al. (unpublished data) and Van Niekerk et al. (2019, 2021). In the latter t
studies, clear differences in geneti@rgameters between herds utilising a total mixed ration (TMR) or pasture
(PAST) production system were shown. Specifically, genotype by environment interaction for persistency ¢
production between the twproduction systemsvere indicated with genetic getations for the first three
lactations being below 0.64 throughout. This mean that animals whose progeny perform well in TMR will n
necessary perform well undBAST conditions with regards to milk production traits. Selecting sires whose
progeny will perform satisfactory or superior in both or one optieeluction systemwill thus not be accurate,
as theproduction systermused by herds are not known and thus excluded in genetic evaluations of SA Holsteir
(Interbull, 2020, 2022) Ducrocq et al. (@15) showed that theroduction systemsed by herds are dependent on
the longterma n nu al , average rainfall (AvgRain) of the
showed that AvgRain had the largest effect on the genetic variability of milk production using a reaction nor
model. The aim of this study was to investigate the effects of including AvgRain of the towns nearest to tl
applicable herds (which is known), as a proxy forgheduction systenused, utilising a previously developed

alternative random regression model (aRRM; Van Niekerk et al., 2019).
5.2 Materials & M ethods
Full access to the complete pedigree and milk recording data that were used in this study were given

the South AfricafSA)Ho | st ein Cattl e Breedersd Society.

5.2.1 Data

®Published. Van Niekerk et aProceedings of 12th World Congress on Genetics Applied to Livestock Production
(WCGALP) 2022.https://doi.org/10.3920/9780-8686940-4_807
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Testday (TD) records of milk production (kilk), from 1988 to 2016 were used for the analysis. The
dataset consisted of the first three lactations of cows from 37 herds, of which 26 utilizensxedaiation (TMR)
and 11 a pasturd®AST) production system. Cows with sufficient (seven or more) TD records per lactation anc
completed their first lactation were used in the study. Sires with less than 10 daughters and contemporary gre
with less than five cows were excluded from the ddtas

5.2.2 Statistical analyses

Restricted maximum likelihoodlasused to analyse the records utilising thOMBAT software (Meyer,
2007). The analyss for Milk were multilactation where an alternative random regression m@fRM),
developed by Van Niekerk et al. (2019) were expanded and appliessimdtelwascreated as a better substitute
to the fixed regression model used for genetic evaluations of SA Holétetiadull, 2022) In theaRRMthe
animatadditivegenetic (AG)component (random effectyvere defined as separate for each lactation and
expressed as a functiondadys in milk (DIM),containing a constant plus a regresggtandardized frorr0.5to
0.5) multiplied by current DIM. Consequently, each lactation is a combination (@fdaitive) geneti@verage
production GPr) and-persistencyGPe)(first andsecond eigenvectsr respectivelyeffect (6 eigenvectors in
total over the firsthreelactations). In the analyss for this study a thirderm (regression) over each DIMas
added for the Affect. This termrepresentthe genetic effect due to loigrmaverage, annual rainfall (GAR).
Average, annual rainfall (AvgRain) was categorised in five classes as follow: Class 1: 413 to 492 mm; Class
493 to 597 mm; Class 3: 598 to 672 mm; Class 4: 673 to 787 mm; Classt6: 188 mm. Classes were defined
according to the distribution of herds over AvgRain in the prepared dataset. The permanent environmental (|
effect was included in the same W&AR effect includedas the AG effectResidual variance due to DIM were
considered as heterogeneous over and between each lactation and partitioned in 10 classes pefTlaistation.
aRRM, TD and multiactation model that included the GAR effect (GAR model)Mik can be described as

follows:

y=Tt+Ss+Hh+LI +Mm +Aa+Cc+Qu+Zp +e [1],

wherey is a vector of 24 testday Milk observations for the lactationsis a vector of fixed Herd x Teslay x
Number of milkings interaction (contemporary group) effesitsa vector of fixed Herd x Calving year x Calving
season x Lactation number interaction effects. The following vectors of fixed regression coefficients are incluc
in equation (1)h for Herd effects| for Calving year x Lactation number interaction effeotdpr Calving month

effects;a for Calving age class effects (8 classedpr previous calving interval class effects (8 classes). The
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random regression coefficients for the animal additive genetic and permanent environmental effacendere
p (two terms for each effece., of orderl for eacheffec), respectively andis a vector of residual effects. The
matricesT, S, H, L, M, A, C, Q andZ are incidence matrices that relate observations to their respective effects

The Bayesian Information Criterion (BIC) was used to compare the goodness of fit of the GAR modt
(this analysis), to results from previous analyses by Van Niekerk et al. (2021), where the same dataset was L
In the previous study by Van Niekerk et @021)a very similaraRRM were used in two analyses. These two
analyses differed in the following way: (1) TD records from herds using a TMRABT production system
were defined as separate traits and analysed together, without the GAR effeePEMRnNodel), so to get
accurate TMR anBASTproduction systergenetic parameters; (2) TD records were undefined frpraguction
systetmtéand without the GAR effect, so to get genetic

genetic evaluationd (nGE model ).

5.3 Results and Discussion

The current model that included the GAR effect in this study, did not have a better BIC (increase ¢
27,316.38)comparing to results from the previous TNHRAST model, where the TD records from TMR and
PAST were treated as different traitdowever, there was an improvement of the BIC (decrease of 2,879.55) of
the current model comparing to results from the previous nGE model without the GAR effect. (Van Niekerk
al., 2021). The GAR effect explained 7.80% of the aniadlitivegenetic eflect for Milk in lactation 1 and
decreased to 0.89% and 0.00% for lactation 2 and 3, respectively.

In lactation 1 (Figuréb.1), heritability estimates from theurrent GAR model wereclose tosimilar
betweenAvgRainclass 1, 3 and @nd in close agreemetd previousTMR and nGEestimats. In lactation 2
the AvgRainclass 1 and 3 estimates were gtithse toeach other and tpreviousTMR and nGE estimase
However, AvgRairclass 5 estimategere higheduring early to mid-lactation and closer fareviousheritability
estimats from thePAST production system In lactation 3 the differences between the heritability estisnat
AvgRainclass 1, 3 and 5 areore pronounceduring mid to latelactation with estimates fromvgRainclass 5
being closest tpreviousPAST estimats, andAvgRain class 1 estimates still being closespteviousTMR
estimats (as in lactation 1 and 2Van Niekerk et al., 2021).

Previous nGE heritability estimates are near the TMR estimates as most records analysed with the n
model came from herds using a TNdRoduction syster{iVan Niekerk et al., 2021). AvgRain class 1 heritability
estimates being close to previous TMR heritability estimates make sense as 100% of herds in this class u

TMR production systemThis also make sense to a lesser degree, for AvgRain class 3 estimates as 78% of he
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utilise a TMRproduction systeni86% of herds in AvgRain class 2 herds use TMR)% of herds employing a
PAST production systenin AvgRain class 5 explains the closeness of these estimates with prBvi&Is
estimateg67% of herds in AvgRain Class 4 herds use PASAYgRain classes 3 and 5 heritability estimates
seem to follow previous nGE aRAST estimates more precisely in later lactations, specifically lactation 3. (Van
Niekerk et al., 2021).

Figure 5.1 Heritability estimates for milk production over the first three lactations using the current mode
including thegenetic effect due to average rainfal{class 1: blue dotted; class 3: blue dashed; class 5: blue
solid; GAR model), compared to the previous model where the two production systems were defined as differe
traits pasture: green; TMR-PAST model), as wellasthenat i on al SA
genetic evaluatio® model excluding the genetic effect due to averageathinhd TD records undefined for
production systenfbrown; nGE model).
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Genetic correlations (Tabkl) between the GAR and GPr effects were positive but weak, ranging from
0.43 to 0.32 for lactation 1 and 2, and 0.19 for lactation 3. The genetic correlation between the GAR and G
effects were negative and weak for lactation 1 an@.28 and0.30, respectively), but positive and close to zero
for lactation 3 (0.10).

The GPr and GPe components are made up of the awaldgvegenetic level and persistency
respectively of performance of animals and their progeny, irrespective of the rainfall area(s) in which the
produce and are measured in, over each of the lactations. When the aphigtie performance of animals and
their progeny are further regressed forgRain the genetic correlations mentionsdggestthat the genes

involved inMilk are not consistent and reliable over differBugRainareas.
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Table 5.1 Genetic correlations between the different aniadditivegenetic effects for milk productionvlk )

over the first three lactatiorfstandard errors in parentheses)

Laclt Lac2 Lac3
Milk
GPP GPeé GAR* GPP GPeé GAR* GPP GP¢ GAR*
GPP 1.00
NA
GPeé -0.29 1.00
Lac1
(0.04) NA
GAR* 0.43 -0.28 1.00
(0.09) (0.12) NA
GPP 0.90 -0.41 0.43 1.00
(0.02) (0.05) (0.11) NA
Lacs! GpPé -0.07 0.12 -0.03 -0.15 1.00
ac
(0.04) (0.05) (0.12) (0.05) NA
GAR* 0.20 -0.41 0.88 032 -0.30 1.00
(0.10) (0.13) (0.11) (0.32) (0.12) NA
GPP 0.88 -0.35 0.32 098 -0.24 0.25 1.00
(0.03) (0.06) (0.12) (0.02) (0.05) (0.12) NA
Lacal GP¢ -0.08 0.03 -0.07 -0.14 095 -0.26 -0.22 1.00
ac
(0.05) (0.06) (0.13) (0.06) (0.02) (0.14) (0.06) NA
GAR* 0.26 -0.15 0.52 0.27 0.03 0.38 0.19 0.10 1.00
(0.20) (0.22) (0.30) (0.20) (0.21) (0.30) (0.19) (0.23) NA

Lag 7 Lactation 1, 2 or 3;%GPri (additive) geneti@verageproduction effect; *GPei (additive) geneti@verage

persistency effect’‘GAR i (additive)genetic effect due to loAgrm-average, annual rainfallNA i Not Applicable.
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54 Conclusions

Considering the heritability estimates in this stadg supported bgrevious research, includidggRain
as an important climatic variable in the proposed aRRMitk seem to be a good proxy fproduction system
used by Holstein herds in SA, especially for later lactations. Wdne in which the AvgRain classes are
constructeanay have an important effect on the heritability estimad@®ther method for construction of classes
is to fit annual rainfall classes as an interaction with production sgsdefmed as TMR and PAST to possibly
counteract the confounding of AvgRain classes with TMR or PAST better. All AvgRain classes, except clas:
did however contain TMR and PAST herdslore herds in high rainfall areas that utilis® AST production
systemshould be identified and incorporated in the sttalincrease accuracy of genetic parameters.
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CHAPTER 6

The effect of including genomic information fromprimarily cows on the reranking and

accuracies of genetic predictions for SA Holsteins in two production systems

6.1 Introduction

According to Interbull (2024), 23 countries use genomic evaluations for genetic predictions of productic
traits and can be seen as almost standard practice in the developed world. South African (SA) Holsteins do
utilize such genomic evaluations withe relatively high cost of animal genotyping playing a substantial role.
The Dairy Genomics Programme (DGP) was initiated in 2016 where animal genotyping of the three main da
breeds (Holstein, Jersey and Ayrshire) would be financed by governmeniqMagd., 2021). One of the key
objectives of the DGP initiative was genomic research with possible future genomic evaluations as an outca
(Mafolo et al., 2021). The initiative realised 1221 genotyped Holstein animals.

Genomic evaluations, and more specific the sistd@ (ss) genomic evaluations wem@posed by
Misztal et al. (2009)blending phenotypic, pedigree and genotypes to form a single evalugpenifically, the
pedigree relationship matrix in traditional best linear unbiased predictions (BLUP) are replaced by a mc
complete matrix (H), which merges the pedigree and genomic relationships (Lourenco et al., 2020). The geno
relationship matriXG) measureshe proportion of alleles shared between animals as indicated by the observe
single nucleotide polymorphism markers (SNPs).e méw H matrixwas, however,rather complex and after
Aguilar et al. (201Q)and Christenseand Lund(2010) established that the inverse of the H matrix is reasonably
simple, singlestep genomic BLUP (ssGBLUP) becampe ofthe most widely used methedor genomic
evaluations. Legarra et al. (2009) showed that in the H matrix genomic informapassisd througto all
ungenotyped individuals throughe covariances among thenBy its very nature (structure), the G matrix
accounts for the probability that two random individuals share the same alleles (identical by state) as shown
the SNP markers, irrespective of origin. The pedidpased relationship matrix can only calesi the degree of
relatedness through recorded pedigrees (identical byrtesarirenco et al., 2020). This, together with the G
matrix that calculates more complete (exact) relationships, not relying on average probabilities between ancest
descendants and siblings, increases the acc(®&) of genetic predictions.

Significant genotype by environment interaction between production traits in total mixed ration (TMR
and pasture (PAST) production systems have previously been shown for lactation persistency in SA Holste

(Van Niekerk et al., 2021). For this reasotuydying the inclusion of genomic information, we continued to
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distinguish TMR and PAST milk production (Milk) as two distinct traits. Although in this study we could not
distinguish between productidevel and-persistency (cumulative Milk production wausedand notthe test

day recordyer s@¢ , the influence of persistency on 6tot a
Niekerk et al. (2023) reported that productersistency explained 27.8% of the genetic variance for first
lactation (Milk) in the pasture production system.

At the start of dairy genomic evaluations, reference populations were mainly made up of bulls wit
phenotyped progeny (Koivula et al., 2016). However, in small dairy populations such sires can be relative
scarce, and in the case of SA Holsteins wizel@ of sires come from foreign countries, local proven bulls for
inclusion in genomic evaluations may be in short stock. The SA DGP projectd8dtdls and 1143 cows that
were genotyped, and Mafolo et al. (2020) also reported limited availabilibcalf proven sires to include. In
this instance, the use of genotyped cows in genomic evaluations are necBsgeeyand DaetwylgR2013) and
Ding et al. (2013) stated that this is a desirable solution to extend a reference populatio
Also, to avoid bias animals that were identified under the DGP for genotyping were not just elite according
their genetic predictions but represed the whole variability with regards to their genetic merit.

Regarding the incorporation of genomic information, this study can be seen as a preliminary investigati
in SA for Holsteins The objective was to investigate the difference in genetic predictions (EBVs compared t
ssGEBVS) after the inclusion of SNPs from available genotyped animals using thestepgieethod where Milk
in TMR and PAST are defined as separate traits. Sgaby, the change in rankings of cows (dams) and sires
as well as the shift in corresponding genetic predich@Csfor TMR and PASTi.e., a bivariate analysidut
al so when analysing Milk in the two dparroddou cgteincent i sc

i.e., univariate analysis.

6.2 Material and methods

6.2.1 Data

Testday records (n 2167022 and pedigree information were made available by the South African
(SA) Holstein Association, together with the production system used by 140 herds. Production systems utiliz
by herds included a total mixed ration (TMR) and a pasture (PAST) prodsgstam. Records used came from
herds that participated in milk recording for at least 3 consecutive years. Milk production (Milk; kg over 2.
hours) from cows that were milked 2 or 3 times a day (number of milkings) were included and cows retained
the dataset had to have sufficigisee belowfirst lactation (Lacl) records. Second lactation (Lac2), if present

for these cows were also used in the analyses. Cows without calving datessandithless than 7 testay
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records were discarded. Tesby records from 6 to 300 days iday mi
record had to be within the first 65 days in milk. Additionally, cows whose consecutidajestcords were
shorter than 21 days,orlongehan 90 days between each ot ddayrecomder e
were used to calculate cumulative 28&8ys Milk using the test interval method from Sargent (1968) as described
by Interbull (2024).

Contemporary groups were formed by concatenating Herd x calving Year x calving Season (HYS) whe
the following natural four seasons in South Africa were used: Summer, Season 1: December, January
February; Autumn, Season 2: March, April and May; WinBsmason 3: June, July and August; Spring, Season 4:
September, October and November. Only cows that were part of a contemporary group with at least 5 cows v
kept. The calving year of cows ranged from 1999 to 2019. Calving ages in months, of cewgsouped into
8 groups as followsClass 1, 20 to 23; Class 2, 24 to 27; Class 3, 28 to 31; Class 4, 32 to 35; Class 5, 36 to ¢
Class 6, 42 to 47; Class 7, 48 to 55; Class 8, 56 toP88vious calving interval in days, of cows before each
lactation were also classified in 8 groups as follo@lass 1312 to 353; Class, 354 to 395; Class, 396 to 437,
Class 4438 to 479; Class, 380 to 521 Class 6522 to 563 Class 7564 to 730; Class,$0 previous calving
intervali i.e.,first calf cows Cows that were not from a sire with at least 10 daughters as well as cows withou

a sire were removed.

Table 6.1 Descriptive statistics for Milk production data

Lacl Lac2
Item TMR PAST TMR PAST
Avg. Milk + SD (kg) 8 652.8+ 1 923.8 6 833.8+1334.1 9840.5+ 2 274.4 8 263.0+ 1 569.8
Record$ 26 943 8 089 10 588 4 000
Record$/ Group 20 17 13 13
Sirest 802 460 758 368
Sires 5 754 329 561 218
Shared sires!5 239 138
Daughter$/ Sire 33 18 14 11

SD = Standard deviatigriaci = Lactation i; Avg. = Average; Milk = Milk production; Superscript 1 = Number of; Superscript 2 =
Average number of; Group = Contemporary group defined by the Heatl/ing Yearx calving Seasomteraction effect; Sires 5 =
Sires with a minimum of 5 daughters; Shared sires 5 = Sires with a minimum of 5 daughters in the pasture and totalbomixed ra

production systems each.
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Pedigree information from animals born in 1998 to 2018, together with their parents and grandparents
generations) were used. This was dame=ducethe decline in genetipredictionACC, which happens with
every generation because of recombination, especially forrbomge linkage disequilibrium between markers
and quantitative trait loci (QTL; Boichard et al., 2022). Hollifield et al. (2021) showed a deterioratiGiof
-0.19t0-0. 13 from generation 1 (after the Otrainingé
were formed according to country groups and birth year of animals with one or more unknown parents. Th
were included explicitly as addinal randoneffects. The final dataset consisted of92@ cows from 44 TMR,
and 8089 cows from 20 PAST production system herds, respectively. The total number of sires with record
daughters was 844 of which 56% came from North America (Canada and the Urtigsjl Stdne proportion of
sires from Mrth Americaof all the sires in the final-§eneration pedigree dataset (2 452 sires; 65 862 animals)
were 48%, whilst the foreign country that contributed the third most sires are the Netherlands (5%). Sauth Afric
bulls comprised 40% of all sires.

In order to understand the data structure, cose grouped on whether they had Milk records or not
(Table6.2). These cows were subdivided on whether they had progeny @daivho progeny COWS in the

pedigree COWSare not heifers. Not all calves odws especially bull calves aregistered by producers.

Table 6.2 Genotyping patterns for number of animals over TMR and PAST

Animals Genotyped Non-genotyped
Cows with Milk records TMR PAST TMR PAST
é COWS 244 1 18 636 5881
é DAMS 289 1 7774 2 206
¢ theilr sires 25 0 359 42
¢ shared sires 22 396

Cows without Milk records TMR and PAST TMR and PAST

é DAMS 141 28 208

€ their sires 20 1617

COWS =cows with no progeny in the pedigrd2AMS = cows with progeny in the pedigreeMR = Total Mixed Ration;
PAST = PastureSuperscript 1 = Sires with recorded daughters only in TMR or PAST; Superscript 2 = Sires with recorde
daughters in TMR and PAST

Genomic data (markers) incorporated in the analyses Ve&218 SNPs (Single Nucleotide

Polymorphisms¥rom each of thel233 genotyped animals before quality contrdhe lllumina 50K chip v3
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(Mlumina Inc., San Diego, CA, USAyere used to genotype animalSex chromosomes and variants with a
minor allele frequency of less than 2% were removed. The H&kgberg equilibrium test was applied at P <
10E-6 and a call rate of at least 95% was used. After quality cont@@b5@NPgor 1173 animals were available.
Only the genomic informatiofrom animals that are in thedeneration pedigree dataset were kept which led to
a total of 743 genotyped animals (676 cows and 67 sires) whose V@& scorporated in the applicable
analyses.Doing quality control @ genomic dataneeded to construct the genomatationship matrix (G; see

below) avoids biases arldsses oACC in genomic predictions (Lourenco et al., 2020).

6.2.2 Model and analyses

Cumulative 295days Milk from the firsttwo lactations were analysed utilizing medtait (MT) modeb
with the WOMBAT (Meyer, 2007) software. Multiple analyses with either two or faits (MT2 orMT4) were

performed. The model used is described in Télde

Table 6.3 Description of the multtrait (MT2 andMT4) model used to analy$ilk production

Fixed effects (classified) Random effects

Herd x calving Year x calving Season (HYS) Animal Genetic (additive; AG)

calving Age class (AC) Permanent Environmeatt(PE)
previous Calving Intervatlass(CIC) Genetic Group (GGroups., Unknown parent group:
number of Milkings (24 hours; Mi) Residual

The inclusion ofthe HYS fixed effect in the model adjustow recordsto a same contemporary group
andstage of lactatioeffect where groups afowscalved in the same-@onthwindow (season). Shorter calving
window periods gneor two months) for the seasonal effect within calving year and herd were tested but did nc
fit the model significantly (fD0.05) better as indicated by the corrected Akaike Information Criterion (AICc).
The AICc were mainly used to assess the goodness of fit for the production data when including different fix
effects. All fixed effects in thenodel were found to have a significant (P < 0.05) effect on Milk.

In the analyses where SNPs of genotyped animals were included, thessipg(ss methodto form the
so-calledH* matrix, was used. The Hmatrix replaces the A(inverse of the pedigree relationship matrix) in
the mixed model equations in the animal model. Initially, tiven@trix is calculated from the SNP marker

counts as:

0 1]
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following Method 1 of VanRaden (2008), whavle= the matrix of marker counts (number of genotyped animals
x number of markers i.e., 743 animals x@1 SNPs in our study]} = corresponding matrix of assumed
frequenciegi, ands=¢B n p 1 8In our caseéGu should be positive semidefinite using this method as
the number of markers are not smaller than the number of genotyped animals (VanRaden, 2008; Lourenco e
2020). HoweverGwm is commonly adjusted as to ensure its inverse exists, to assure that(gemomic
relationship; see below) matrix line up better with gégedigree relationship) matrix, and to account for the
residual polygenic variation (Meyer, 2022). Meyer (2022) summarise the general types of adjustments as:

o _1T0O TO]0 p 0 [2]

Wherert f  p represents the fraction of total genetic variance due to the SNP difent{) are alignment
factors (blending parameters) proposed by Vitezica et al. (2011) and Christensen (2012), and reviewed
Lourenco et al. (2020), is the matrix with all elements equal tol is the identity matrix, is a small constant,
andAx: is thepedigree relationshimatrix among genotyped animali this study a value of 1 for botkandb

was assumedMethodl of VanRaden (2008)as implementedwhich is the default method usingQWIBAT
(Meyer,2007) To ensure a positive definite matrix using this methodatlede counts areentredby observed
frequencies and adding(0.1) to the diagonal elemerdéG. The default VDMBAT (Meyer,2007) method of
Colleau (2002Was usedo calculate the submatrd:>. To modifyG to better align withA, the option to add the
termU o Gu was used, wherdwas the average difference between the elementsahdGy (Vitezica et al.,
2011). Finally, thed* used in the analyses was:

Tt Tt

© 0 nt0 76 (31

whereA1is theinverse of the pedigree relationship matéx is the inverse of the genomic relationship matrix,
and= is the inverse of thpedigree relationshimatrix among genotyped animalsieuristic scale factor§y
ando in [3] were proposed to reduce bias in EBVs (Tsuruta et al., 2011), but they were not used. Hrtis, the
matrix unifies the pedigree and genomic relationship matrices. Usird theatrix, SNP information is also

propagatedo individuals that are not genotyped (Lourenco et al., 2020).

6.2.3 Four-trait analyses

Milk records from cows were separated according to the production system utilized in their correspondi
herds (TMR or PAST). Lacl and Lac2 from cows that produced under a TMR production system (traits 1 and
were defined as two different traits commhte Lacl and Lac2 from cows that produced under a PAST production

system (traits 3 and 4). Using REML, tWtl'4 analyses were done. The first analypi¥4) was implemented
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without genomic information, with resulting EBVs and their corresponding ACCs. The second analysis (singl
step; sMT4) incorporated the available genomic information (T&®, with subsequent ssGEBVs and their
ACCs. Using WOMBAT, dandard erropredictionsof the AG effect solutionggether withdiagonal elements

of the general relationship matmwereused to calculatdCCs (Meyer, 2007)

6.2.4 Twortrait analyses

The production system (TMR or PAST) under which cows produced were ignored and REML was use
to perform two,MT2 (Lacl and 2) analyses. As in tfeur-trait analyses, the first analy§{®T2) was done
without genomic information and the second analysis with genomic informagiog singlestep(ssVT2). The
same pedigree information and production dataset were used for all analf3@s.were calculated the same
way as in the foutrait analysesdection6.2.3).

6.3 Results and discussion

6.3.1 (Co)variance ratios

Estimates of all (co)variance components between i@ 4sandMT4 analyses were identical or very
similar, aswell as between the 8§ 2 andMT2 analyses (Tablé.4). All estimates from thewo traitanalyses

were also in line with the estimates for TMR, from ther traitsanalyses.

Table 6.4 Variance ratios from the singktep multitrait (sMT4 and sMT2) and multitrait (MT4 andMT2; in
parentheses if different) models for Milk
SMT 4 and MT 4 analyses i.e., with TMR and PAST

Heritability PE GGroups Residual
TMR PAST TMR PAST TMR PAST TMR PAST
Lacl 0.23 (0.24) 0.31 0.25 0.67 0.02 0.01 0.49 0.01
Lac2 0.16 0.27 0.26 0.11 0.03 0.00 0.55 0.62
SMT 2 and MT 2 analysesi.e., without TMR and PAST
Heritability PE GGroups Residual
Lacl 0.25 0.24 0.02 0.50 (0.49)
Lac2 0.17 0.18 0.20 0.02 0.61

ss = singlestep;Laci = Lactation i;PE = Permanent Environmental, GGroups = Genetic GrAlMR = Total

Mixed Ration production system; PAST = Pasture production system
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Senarath et al. (2022) also reported similar heritabilities for Milk between BLUP and ssGBLUP fivihin
different regions in Thailand with estimates ranging from 0.23 to 0.40 for Holsteins. The authors reasoned t|
the genetic parameters are not altered when genomic and pedigree matrices for the genotyped animals are
Boonkum et al. (2023) showeeny comparable estimates of 0.04 (BLUP) vs 0.05 (ssGBLUP), but with regards
to number of services per conceptiohhe heritability estimates for Milkn PAST was higher than in TMR as
well as in Lacl compared to Lac2 (all analyses). Results from Van Niekerk et al. (2023) confirm this tendenc
but using a testlay (TD), multilactation, and random regression model where TMR and PAST were analysec
separgely. The heritabilities (per se), especially for TMR corresponded well Qrither et al. (2023) with an
estimate of 0.24 for 3G8ay milk yield in Polish Holsteins. Buch et al. (2012) demonstrated that with a higher
heritability (0.15 vs 0.05 in theilase) a reference population of cows will be more advantageous than a referenc
population of bulls.When a traithas arelatively highetheritability (own record is a more accurate indicator of
phenotypic performancepgether with the fact that it measured in the animalsows) that directly provide the
genomicinformation, the stronger the affiliatidretween the phenotypgenetic merit andnharker(s) should be.
This isdue to naecombinationeffect) that take placdetween the markers and phenotygéis help explain
results onACCs of genetic predictions in the current studfere MILK, because of its higher heritability
estimate§hi’r ange 0.23 to 0.31; Table 6.4) compared to
phenotypic performancéBourdon, 2014) Bulls on the other hand, and more specifically their genomic
information (genetic markersgre removed from the phenotypic performance, measured in their daughter:
because of recombination loss. If the trait in question has a relatively low heritabilityedker of an indicator

hi s d a phgnotype pesfarmance are of his genetic merit, antatiger number ofmeasured daughters for

the trait the sire needs for a more accurate genetic predi€worulls this should translate in a weaker affiliation
between phenotypes (measured in his daughters), his genetic merit and nfark&svely low average number

of daughters per sire (Table 6.1) in our study is thus not ideal.

Compared to our previous results where TMR and PAST were analysed as separate traits (Van Nieker
al., submitted), and considering that a TD, mlaltitation, and random regression model was used, results for
TMR and to a lesser degree PAST, were brpadline. However, the PAST PE ratio had a much higher estimate
for Lacl and a relatively low estimate for Lac2 (0.67 and 0.11, respectsgelgnd MT4). Conversely, the
corresponding residual ratios for PAST.01 and 0.62 for Lacl andhc2, respectiely) were opposite than the
PE ratios (667 and 011for Lac 1 and.ac2, respectively). It seems that in this case, using cumulative production,
and a very different model and methodology, the@sdMT4 analyses could not accuratelijferentiatethe two

environment al ef f ect s,sHeqficallyndheRPAST envaranmenti t e mpor ar y o
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6.3.2 Genetic correlations

Genetic correlations between estimates from skeand MT4 analyses (Tabl&.5) were similar.
Corresponding correlations between Lacl and 2 were 0.90 (not shown) for botlratidE2 analyses. Within
TMR and PAST genetic correlations between Lacl and 2 (0.85 and 0.97, respestMalg; were strong. These
genetic correlations (Lac1,2) are similar to the estimate of 0.91 fed®PMilk by Lee et al. (2020; ssGBLUP).
The between TMR and PAST genetic correlation for Lacl were also strong (848%)sand above the threshold
of 0.80 as per Robertson (1959), indicating no significant reranking of animals between the production syste
for cumulative Milk in Lacl. However, the corresponding genetic correlation for Lac2 (OMD4ssdicates
that there will be moderate reranking of animals between the production systems foil hexcsultis in line
with Van Niekerk et al. (submitted; comparable dataset) where the authors also found evidence of genotype

environment interaction between TMR adPAST with a genetic correlation of 0.64 for Lac2 persistency of Milk.

Table 6.5 Genetic correlations (below diagonal) and phenotypic correlations (above diagonal) from the singl

step multitrait (s8VMT4) and multitrait (MT4; in parentheses different) models for Milk

TMR PAST
Lacl Lac? Lacl Lac?

Lacl - 0.48 0.23 (0.24) 0.23
TMR

Lac2 0.85 - 0.13 (0.14) 0.15

Lacl 0.81 (0.84) 0.53 (0.58) - 0.53
PAST

Lac2 0.89 (0.90) 0.70 (0.72) 0.97 (0.96) -

TMR = Total Mixed Ratiorproduction system; PAST = Pasture production system; Laci = Lactation i

6.3.3 Change in genetic prediction rank (percentiie) COWSandDAMS ss and MT4 analyses

The percentile (pctl) rank of EBV vs ssGEBVs for Milk Lacl from the Mib4 analyses for cows are
depicted in Figure6.1a to d (left). Cows were also grouped on whether they had TMR or PAST records, wher
applicable. Norgenotyped animals (left labels) are distinguished from genotyped animals (right labels) in eac
graph, each with their own regression line and coeffidémetermination (8. The mean difference together
with the mean difference standard deviation (SD) for genotyped vgemtypedanimals in each group were
also calculated and shown under each graph. Correspondingly, F&gRaeto d (right) display the same
information as Figure8.1a to d, but for the EBV and ssGEBV ACCs for the equivalent (left) group of animals.
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Figures6.1a, -b, -cand-d (left) Lactation 1 Milk EBV  Figures 6.2a, -b, -c and -d (right) Lactation 1 Milk
vs SSGEBYV percentile rankOWSandDAMS EBV vs ssGEBV accuracACC): COWSandDAMS
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