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Abstract IV

ABSTRACT

The main aim of the thesis was to investigate phenotypic and genetic properties of, and

relationships among functional traits; milk yield (MY), milking speed (MS), dry matter intake

(DMI), body weight (BW), and body condition score (BCS). To investigate these issues data

were obtained from first lactation records of dairy cows stationed at the Chamau research

farm of the Swiss Federal Institute of Technology, Switzerland over the period of April 1994-

2004 («=320). In addition body condition scoring was done by Swiss Holstein Breeding

Association, during May 2004- March 2005 for 7 times («=55). Type traits were evaluated for

Holstein cows («=28). For comparisons of different statistical methodologies, simulations

were made.

Quadratic random regression models were used to investigate changes of heritabilities and

genetic correlations among functional traits on daily bases. Estimated heritabilities varied

from 0.18 to 0.30 (h2 =0.24) for MY, 0.003 to 0.098 (h2=0.03) for MS, 0.22 to 0.53

(P=0.43) for BW and, 0.12 to 0.34 (P=0.23) for DMI. Estimated genetic correlations

varied from 0.31 to 0.41 between MY and MS, -0.47 to 0.29 between MY and DMI, -0.60 to

0.54 between MY and BW, 0.17 to 0.26 between MS and DMI, -0.18 to 0.25 between MS and

BW and -0.89 to 0.29 between DMI and BW. Results on daily genetic variance-covariance of

many functional traits are reported for the first time and would be useful when constructing

selection indices for more than one trait, based on longitudinal genetic parameters.

Principal component analyses with correlation matrix was used to find the relationship

among BCS, MY, MS, DMI and BW and other fixed effects including breed, year at calving,

season, parity and year-season interaction. It was found that for all functional traits first four

principal components explained more than 70% of the total variation. It was found that

trading loss of accuracy using principal components scores instead of explanatory variables

benefited reduction of dimension of explanatory variables and broke collinearity. Relationship

among type traits and functional traits were also investigated. Results showed that first four

principal components were informative enough except for MS and DMI. Clustering analyses

was performed based on different linkage methods; MY was associated with MS and DMI in

the same cluster which could be expected because each cow was by fed by her MY



Abstract v

performance. BCS was correlated with BW and all these functional traits are related with

mean lactation curve.

To investigate existence of major gene for milk yield, milking speed, dry matter intake,

and body weight Gibbs sampling was used to make statistical inferences on posterior

distributions; inferences were based on single run of the Markov chain for each trait with

500000 Gibbs samples, with each 10th sample collected due to the high correlation among the

samples. Posterior mean (and SD) of major gene variance for MY was 2.61 (2.46), for MS

was 0.83 (1.26), for DMI was 4.37 (2.34) and for BW was 2056.43 (665.67). Highest

posterior density regions for all three traits did not include zero except MS, which supported

the evidence for major gene. With additional tests for agreement with Mendelian transmission

probabilities, we could only confirm the existence of major gene for MY, but not for MS,

DMI and BW.

Usefulness of Kaiman Filter (KF) Random Walk methodology (KF-RW) was investigated.

Benefits of KF were demonstrated using recursive least squares and random walk models.

Breeding values were predicted over days in milk for BCS by KF-RW. Effect of different

number of subjects and number of observations per subject to estimates of variance

components and states were investigated. Fifty subjects with 10 observations each, started to

gave reasonable estimates. Since KF gives online estimation of breeding values and does not

need to store or invert matrices, this methodology could be useful in animal breeding industry

for obtaining online estimation of breeding values over DFM.
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ZUSAMMENFASSUNG

Ziel dieser Theis war es, phenotypische und genetische Beziehungen zwischen den

folgenden funktionellen Eigenschaften zu untersuchen: Milchmenge (MY),

Melkgeschwindigkeit (MS), Trockenfutteraufnahme (DMI) und Körpergewicht (BW), and

body condition score (BCS). Um diese Bereiche zu untersuchen wurden Daten von der ersten

Melkung von Milchkühen gesammelt, die in der Chamau Untersuchungs Farm des

Eidgenössischen Schweizer Technologie Instituts stationiert waren. Die Daten wurden

während der Periode vom April 1994-2004 («=320) erhoben. Alle genannten Eigenschaften

wurden täglich erhoben. Dabei wurden automatische Maschinen verwendet. Zusätzlich zu

diesen Daten Erhebungen wurde von Mai 2004 - März 2005 von der Schweizerischen

Holstein Zucht Vereinigung ein body condition scoring 7 Mal («=55) gemacht. Die

Eigenschaften der Typen wurden für die Holstein Kühe evaluiert («=26). Um die

verschiedenen statistischen Methoden zu vergleichen, wurden Simulationen gemacht.

Um die Veränderungen von vererbten Eigenschaften und genetischen Korrelationen

zwischen Funktionellen Eigenschaften auf einer täglichen Basis zu untersuchen wurden

quadratische random regression models verwendet. Die geschätzten vererbten Eigenschaften

variierten von 0.18 bis 0.30 (h2 =0.24) für MY, 0.003 bis 0.098 (h2 =0.03) für MS, 0.22 bis

0.53 (h2=0.43) für BW und 0.12 bis 0.34 (h2=0.23) für DMI. Ein permanenter Effekt von

der Umwelt wurde in beiden Modellen (Uni- und Bi-variat) gefunden. Aber es wurde

angenommen, das er konstant sei bem Schätzen von manchen genetischen Korrelationen

wegen den Konvergenz Problemen. Die geschätzen genetischen Korrelationen variierten von

0.31 bis 0.41 zwischen MY und MS, -0.47 bis 0.29 zwischen MY und DMI, -0.60 bis 0.54

zwischen MY und BW, 0.17 bis 0.26 zwischen MS und DMI, -0.18 bis 0.25 zwischen MS

und BW und -0.89 bis 0.29 zwischen DMI and BW. Genetische Korrelationen für MY, MS,

DMI und BW beim Kalben bis zu der Mitte des Laktations (Milchspende, Säugen) nahmen

monoton ab zu 0.40, 0.36, 0.14 und 0.36 und nahmen am Ende des Säugens ab zu den

Werten -0.06, 0.23, -0.07 respektiv 0.09. Die Resultate der täglichen genetischen Varianz-

Kovarianz von vielen funktionellen Eigenschaften wurden das erste mal berichtet. Es wäre

sinnvoll Selektions Indices zu konstruieren, die für mehr al seine Eigenschaft benutzt werden

können und auf longitudinalen genetischen Parametern beruhen.
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Die Prinzipal Komponenten Analyse mit Korrelations Matrizen wurde benutzt, um die

Verhältnisse zwischen BCS, MY, MS, DMI, BW und anderen fixierten Effekten zu finden.

Dazu gehören Zucht, Jahr beim Kalbens (Alter beim Kalben), Jahreszeit und Jahr - Jahreszeit

Interaktion. Es wurde gefunden, dass die ersten vier Prinzipal Komponenten über 70% der

totalen Variation bei allen funktionellen Eigenschaften erklären. Die

Determinationskoeffizienten der Prinzipal Komponenten Regression und der linearen

Regression, die auf den erklärenden Variablen beruhen wurden verglichen. Es wurde

gefunden, dass es einen Verlust an Exaktheit gibt durch das benutzen von den Prinzipal

Komponenten Werten anstatt der erklärenden Variablen, die von der Reduktion der

Dimension der erklärenden Variablen profitierten und die Kollinearität unterbrachen. Das

Verhältnis zwischen den Typen Eigenschaften und den funktionellen Eigenschaften wurde

auch untersucht. Die Resultate zeigten, dass die ersten vier Prinzipal Komponenten genug

Informationen lieferten ausser für MS und DMI. Darum waren MS und DMI Vorhersagen

nicht so exakt wie für BCS, MY, und BW. Um eine bestimmte Genauigkeit zu erreichen

wurden mehr Prinzipal Komponenten benutzt. Eine Cluster Analyse wurde ausgeführt, die auf

verschiedenen linkage Methoden beruhte. Die Resultate zeigten klare verständliche Muster

der physiologischen Verhältnisse zwischen funktionellen Eigenschaften: weil die Daten aus

dem experimentier Bauernhof kamen, bei der jede Kuh nach ihrer MY Performance gefüttert

wurde und darum MY mit MS und DMI im selben Cluster verbunden wurde. BCS ist mit BW

korreliert und alle diese funktionellen Eigenschaften wurden mit der mittleren

Laktationskurve in Verbindung gebracht.

Um die Existenz eines dominanten Gens für die Milchmenge, Milchgeschwindigkeit,

Trockenfutter Aufnahme und Körpergewichts zu untersuchen wurden Daten modelliert, die

auf der simplen Wiederholbarkeit der Kovarianz Struktur beruhen. Die Daten wurden mit

Hilfe der Bayer'sehen Segregations- Analyse analysiert. Die Gibbs'sehe Methode zur

Stichprobengewinnung wurde benutzt, um statistische Inferenzen zu machen bezüglich

posteriorer Verteilungen: die Inferenzen beruhten auf einem einmaligen Durchlaufen einer

Markov Kette für jede Eigenschaft mit 500'000 Stichproben, wobei jede zehnte Stichprobe

gesammelt wurde aufgrund der hohen Korrelation zwischen den Stichproben. Der posteriore

Mittelwert (und die SD) der dominierenden Gen Varianz für MY waren 2.61 (2.46), für MS

waren es 0.83 (1.26), für DMI waren es 4.37 (2.34) und für BW waren es 2056.43 (665.67).

Die höchsten posteriore Dichte Regionen für alle drei Eigenschaften enthielt nicht das Null

Ausnahme MS, welches den Beweis für ein dominantes Gen unterstützt. Mit zusätzlichen
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Tests für die Übereinstimmung der Mendelschen Übertragungs Wahrscheinlichkeiten konnten

wir nur die Existens eines dominanten Gens für MY bestätigen aber nicht für MS, DMI und

BW. Die erwarteten Mendelschen Übertragungs Wahrscheinlichkeiten und ihr Modell Fit

wurden auch verglichen.

Die Brauchbarkeit der Kaiman Filter (KF) Random Walk Methode (KF-RW) wurde

untersucht. Die Vorteile des KF wurden gezeigt mit Hilfe der kleinsten Quadrate und des

Random Walk Models. Die Aufzuchtwerte wurden vorhergesagt über days in milk von BCS

durch den KF-RW. Die Wirkung wurde untersucht, die eine verschiedene Anzahl von

Subjekten und Anzahl Beobachtungen pro Subjekt auf die Schätzungen der Varianz der

Komponenten und Zustände hat. Der Schwellenwert für vernünftige Schätzungen lag bei 50

Subjekten mit je 10 Beobachtungen. Weil der KF online-Schätzungen der Aufzucht Werte

gibt, ist es nicht nötig Matrizen zu speichern oder zu invertieren. Diese Methode könnte für

die Tierzuchtindustrie brauchbar sein, um online-Schätzungen für die Aufzucht Werte über

DFM zu erhalten.



CHAPTER 1

GENERAL INTRODUCTION
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GENERAL INTRODUCTION

The laws of genetics formulated by Gregor Mendel in the 19th century described the

inheritance of discontinuous traits. However, most of the phenotypes relevant to quantitative

traits characterized by continuous distributions are also subject to same "Mendelian" laws.

Genetic evaluations of the dairy cattle for example from the point of milk production are big

phenomena for breeders. Increasing the phenotypic level of the dairy cattle for the traits

concerned is possible using their genes and environments. In order to achieve maximum

genetic gain, correct evaluation of the genetic potential of the animals are necessary. Using

their phenotypic records we could partition them into relevant components which could

indicate the genetic potential of the dairy cattle.

In recent years, there has been increased emphasis on estimating genetic parameters for not

only production traits but also health, fertility, feed efficiency, survival and body condition

traits for use in optimized selection indexes in dairy cattle (e.g. Kadarmideen, 2004). In order

to construct the selection indices, for multitrait selection, genetic correlations are needed.

Conventional selection indices use genetic correlations estimated by 305-day lactation-based

models (e.g. Kadarmideen and Simm, 2002) but this may change in the future to include test-

day specific genetic correlations. The Chamau research farm of the Swiss Federal Institute of

Technology, Switzerland collected phenotypic measurements of functional traits such as MY,

MS, DMI, and BW on multiparous dairy cows over the period of April 1994- April 2004 and

May 2004- March 2005. Additionally, we began body condition scoring of these cows with

services of Swiss Holstein Breeding Association on 1 to 5 scale, during May 2004- March

2005 for 7 times. Type Traits were also evaluated for Holstein cows. The overall objective of

this thesis was to investigate these functional traits by advanced statistical genetic methods,

with a focus on longitudinal nature of these traits.

Milk productions could be measured repeatedly over lactations as test day records.

Longitudinal measurements of the milk productions has advantages over cross sectional

observations; a) longitudinal study offers investigators the opportunity for controlled and

uniform measurement of exposure history and other factors related outcome, b) longitudinal

designs provide information about individual patterns of change, c) longitudinal designs can

provide more efficient estimators of some parameters than cross sectional designs with the

same number and pattern of measurements (Ware, 1985). Hence analyzing test day records
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with appropriate methodology is also important in order to predict the genetic merit of the

cows correctly.

Measuring functional traits such as feed intake and body weight (especially on a daily

basis) is not common in practice because of the need for expensive labour and equipment. But

for milk production the major part of the total cost is due to feed costs and literature indicates

that there is a genetic variation for feed intake and BW (Korver, 1988; Veerkamp, 1998). In

addition, feed intake is correlated with other biological functions such as maintenance,

growth, reproduction, fetal growth, and energy balance (Veerkamp, 1998). Further, BW, dry

matter intake and milk production level together form an important cluster of functional traits

that affect energy balance or its indicator trait, body condition score (Kadarmideen and

Wegmann, 2003). Milking speed (MS) is another functional trait that relates to the incidence

of clinical mastitis, labour time and electrical power (Boettcher et al., 1998; Ilahi and

Kadarmideen, 2004).

Recently benefits of marker assisted selection on genetic evaluations showed as reducing

generation interval and increasing the selection intensity (Schrooten et al., 2005). Before

applying marker assisted selection, or start to search for quantitative trait loci (QTL),

investigation of major gene based on statistical segregation analyses using phenotypic data

would be informative, cheap and useful, since former selection methods costs time and

money. Although there are investigations for existence of major gene including; Janss et al.

(1995) for different Dutch Meishan crossbreds traits, Pan et al. (2001) for somatic cell scores

on dairy cattle, Hagger et al. (2004) for selection response on laying hens, Ilahi and

Kadarmideen (2004) for milk flow on dairy cattle, Kadarmideen and Janss (2005) for

osteochondrosis on pigs, there is yet no investigation on DMI and BW probably due to

difficulty of collecting data. However, DMI and BW are important functional traits in dairy

cattle from the point of biology and economy. The investigations on phenotypic and genetic

properties of all the functional traits are presented in Chapter 3 and search for evidence of

major gene are presented in Chapter 5.

Principal component analyses could be used to find the loadings that explains the highest

variation in the data set over dependent variable. The use of these loadings may decrease the

dimension of the explanatory variables and break possible dependency among explanatory

variables, hence also the collinearity problem (when it exists, linear regression assumptions
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could not be validated) that may exist among explanatory variables. Clustering analyses could

be used to classify the variables based on different similarity measures. Variables within the

same cluster are regarded as more related each other, hence in addition to principal

component analyses; also clustering analyses gives an idea for reduction of dimension of the

data set. The investigations on principal component and other clustering analyses of all the

functional traits are presented in Chapter 4.

Filter is a device that could be used, for example, separate water from particles. By analogy

this idea was extended to separation of signals from noise (Grewal and Andrews, 2001) in

engineering context. The object of filtering is to update our knowledge of the system each

time a new observation is brought in (Durbin and Koopman, 2001). Since Kaiman Filter is

recursive estimation method, different from least squares estimation, relative advantages

could be defined as; with the Kaiman Filter i) we do not have to wait for collecting whole data

set to do estimations hence estimates are available as soon as measurements are taken ii) we

do not have to invert matrices, and iii) matrices are proportional to order of polynomials,

hence it is independent from the dimension of the data set (Zarchan and Musoff, 2000). In

addition the use of KF or state space approach are (Durbin and Koopman, 2001); 1)

explanatory variables are modeled separately, 2) State Space models are very general, missing

observations could be handled very easily, regression coefficients could be stochastically vary

over time and 3) because of the nature of the state space models, recursive relations are easy

to implement to computer and recursive relationships allow to work with very big matrices.

The investigation on KF for BCS is presented in Chapter 6.

OBJECTIVES of the THESIS

The thesis, based on the foregoing background information, is therefore focused on

following specific objectives;

i) Estimate the functions of genetic parameters such as heritabilities and genetic

correlations for longitudinal data for MY, MS, DMI and BW using daily test day random

regression methodology.

ii) Investigation for existence of major gene on MY, MS, DMI, and BW using

experimental data by Bayesian segregation analysis approach (Janss et al., 1995).

iii) How much variation is explained given the other functional traits?
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iv) Are there any principal component for functional traits that explained more

variation than others?

v) Which functional traits could be assumed more related (or within the same cluster)

compare with the others?

vi) Investigation of usefulness of Kaiman Filter methodology for prediction of

breeding values based on test day records of body condition scores.
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INTRODUCTION

The purpose of this chapter is to provide an overall literature review on statistical methods

and models for analysis of longitudinal or time-series datasets frequently observed in dairy

cattle. This Chapter (2) provides a detailed and thorough literature review for the Chapter (3)

which is a published paper in Journal of Dairy Science, and biological background for

Chapter (4); explanatory analyses on functional traits.

Test day (TD) milk yield (MY) measurements are longitudinal in nature, with repeated

measures of response taken over days in milk (DIM). Different approaches have been used to

analyze TD models. In some cases, TD records are treated as repeated records of the same

trait, but more generally measurements at different times or ages are considered to represent

different traits (Meyer and Hill, 1997). In order to capture the variation in the data set,

different covariance structures have been tried for the random part of the mixed model; for

example assuming common variance for each TD to assuming them as different variances for

each of TD record. Main strategy is to find the model which fits the least number of traits and

describes the data adequately. In 1982 analysis of longitudinal continuous data with a random

regression (RR) mixed linear model was suggested by Henderson Jr (1982) and in 1994

Schaeffer and Dekkers (1994) suggested analyzing test-day records with RR TD models. In

RR models each individual has their own regression and intercepts. In the earliest RR TD

models only the additive genetic effect was modeled with RR and the permanent

environmental effect was modeled as in repeatability model, however this model gave

unrealistic genetic variances especially in the end of the lactation (Kettunen et al., 1998).

Pattern of milk production

Mean lactation curve makes peak after calving within 2 months. After peak point, milk

production starts to decrease the angle which depends on some parameters through to end of

the lactation. Since RR approach is based on finding subject specific regression coefficients

for each animal based on deviations of their subject specific mean curve from mean lactation

curve, one should introduce the mean lactation curve into the model equation. While Cross

Sectional (CS) data includes single measurements taken for each animal, RR approach uses

several measurements taken during the lactation. Ware (1985) noted that longitudinal designs
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are superior to Cross Sectional designs in several ways: a) longitudinal study offers

investigators the opportunity for controlled and uniform measurement of exposure history and

other factors related outcome, b) longitudinal designs provide information about individual

patterns of change, c) longitudinal designs can provide more efficient estimators of some

parameters than cross sectional designs with the same number and pattern of measurements.

According to b) in order to introduce the mean lactation curve to model equation several

parameters would be needed.

Mathematical Models for Lactation Curves

One of the earliest models proposed by Gaines (1927) for modeling lactation curve was

without taking into account the first maximum (France and Thornley, 1984). Incomplete

gamma curve was proposed by Wood (1967) where some parameters of the curve were

difficult to interpret from the point of biology. Ali and Schaeffer (1987) have studied the

influence of covariances among MY within lactation on three models for describing the shape

of the lactation curve for individual cows. Their models included a gamma function, an

inverse quadratic polynomial function and a regression model of yields on day in lactation

(linear and quadratic) and descriptions on log of 305 divided by day in lactation with each

model several variance-covariance matrices. They compared models on the basis of squared

deviations of predicted versus actual MY and on the correlation between predicted and MY

through the lactation averaged over cows. They reported that the best combination of

parameters of the gamma function gave a relative efficiency of 74.7 % as compared to

selection for 305-d yield alone. Kistemaker (1997) gave comprehensive list of the

mathematical models used as lactation curves.

Random regression test day models for functional traits

Advantages and disadvantages of test day models. Van der werf et al. (1998) noted that TD

approach allows 1) direct correction for environmental effects on TD, 2) better accounting for

variation in number of tests recorded per animal, and 3) accounting for variation in shape of

the lactation curve. Rekaya et al. (1999) summarized some advantages to using TD models as

follows 1) More environmental variation can be removed from the phenotypic observations

by considering effects acting on the TD measure that cannot be taken into account when

modeling 305-day yields 2) Larger accuracy of cows evaluation may be achieved because of
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the use of more data per cow as compared to the unique 305-day yield measure per lactation:

TD information is less dependent on lactation length, and is not affected by the accuracy of

305-day extension methods 3) Selection tools to improve lactation shape characteristics such

as persistency may be obtained from TD information. Swalve (2000) noted that TD models

reduce the generation interval through frequent genetic evaluations with the latest data and

TD models can predict total production more accurately by accounting for time dependent

environmental effects. Swalve (2000) separated TD models into three groups: First, two step

models under which corrections are carried out at TD level and subsequently corrected TD

records are processed in an aggregated form as lactation records. Second, fixed regression

models assume that TD records within lactation are repeated records. Third, RR models

additionally define the animals genetic effect by using regression coefficients and allowing

for covariances among them.

However, the drawbacks of using TD milk records would be large increase in the number

of individual TD yields to be stored on every cow (Ptak and Schaeffer, 1993) hence more

complex statistical models could extend the memory and time requirements. Some additional

drawbacks are that these models contain many more parameters and need to describe the

lactation shape and include several fixed effects, and conventional methods give unreasonable

estimates with increasing probability as the number of traits is increased (Firat, 1995). Ptak

and Schaeffer (1993) described the basic needs of the TD models; TD models would include

data from all TDs, and must be able to model the general shape of the lactation curve and

preferably allow for deviations from this curve for individual animals.

Random regression models and covariance functions. The idea of random regression

approach could at least be traced back to Elston and Grizzle (1962) article. They compared

their two univariate model with the Rao's model (1959) from the point of confidence bands

and parameters for the longitudinal data. They assumed complete independence of all the

observations in the first model. While in the second, based on a mixed model approach, less

stringent assumptions were made; observations on the same individual were independent on

each other. Rao's model assumed the deviations from the true response curve have a

multivariate normal distribution. Elston and Grizzle (1962) found the same parameter

estimates regardless the model. But they suggested to use mixed model approach according to

using less computational resources. Different names are used in the statistical literature to
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describe the same model, mixed linear model, two-stage random effects model, multilevel

linear model, hierarchical linear model, empirical bayes model and RR coefficients.

Kirkpatrick and Heckman (1989) proposed the use of covariance functions defined by

orthogonal polynomials to describe the (co)variance structure of longitudinal observations and

more precisely of the genetic and environmental components of variance. The equivalence

between RR model and the covariance function model has been noted by several authors

(Meyer and Hill, 1997; Van der Werf et al. 1998). Kirkpatrick et al. (1990) showed that

phenotypic changes with age could be represented as a function of time. RR methodology

opens the possibility of prediction of unmeasured observations for unbalanced designs.

Compared with a multivariate model a RR model estimates variances and covariances

smoother and with less bias (Kirkpatrick et al., 1990). In comparison a RR model needs fewer

parameters to describe the same data as a multivariate model (Pool et al., 1999). Meyer (1999)

modeled the BW of Australian beef cattle with RR models and concluded that RR models

were well suited to the analysis of growth data.

Guo et al. (2002) tested for heterogeneity of genetic and environmental variance among

completed and extended records from different lactations or different DEVI. They found that

different DIM and different number of the lactations influenced parameters estimated from an

animal model with repeated records. Therefore they used RR for additive genetic effects and

permanent environmental effects with second or third order normalized Legendre polynomials

for DIM and parity. They defined covariance function based on the parameter estimates. They

showed that there were problems with the extension procedure used to predict 305-d MY.

Schaeffer and Dekkers (1994) proposed the use of linear RR models as an extension of the

fixed regression models that describe the lactation curves to define individual trajectories for

the genetic value along lactation.

Multiple trait and random regression models. Reents et al. (1995) extended the model of

Ptak and Schaeffer (1993) to a multiple trait model, in which TD records were considered as

repeated observations within lactation and as different traits across lactations. Meyer and Hill

(1997) reviewed how a reduced multivariate model can be identified using the covariance

function model of Kirkpatrick and Heckman (1989) and showed how it can be fitted in a

restricted maximum likelihood (REML) estimation framework, and demonstrated application

for simulated data and body weight (BW) records of beef cattle.



2n Chapter Literature Review on Random Regression Models 12

Van der werf et al. (1998) has compared two methods; multiple trait and RR models using

TD records for genetic evaluation of milk production. They found that either the multiple-trait

or RR methods might be convenient in particular applications, but in general RR method

seems more flexible and straightforward. They showed also using the canonical

transformation has got advantages like reducing the number of RR coefficients. Veerkamp

and Thompson (1999) described multitrait covariance functions for genetic covariances

among feed intake, BW and MY during the first 15week of lactation. They used RR models to

estimate covariance functions for the additive genetic and permanent environmental effects.

They found that second or third order effects polynomials were sufficient to describe the

additive genetic variation for MY, dry matter intake, (DMI) and BW during the first 15 week

of lactation.

Rekaya et al. (1999) has used three different models to estimate genetic parameters for TD

yields using Gibbs Sampling a) multitrait model on successive TD yields within the first

lactation b) multitrait model on the first three lactations considering TD yields as repeated

measures within lactations c) RR model (RRM) on first lactation TD yield. Additionally they

defined two alternatives of, RRM1 considered RR on the genetic effect only; RRM2 included

RR for the genetic and permanent environmental effects and allowed for heterogeneous

residual variances. They found in models (a), heritabilities tended to be larger in middle

lactation and genetic correlations among TD measures were large (>0.80 and large genetic

correlations among lactations (>0.89) and heterogeneous variances for first vs. other lactations

were found for model (b) and RRMl found to be superior to the simple repeatability model

(b) in terms of reducing residual variance. They indicated that RRMl produced very large

estimates of the genetic variance at the beginning and end of the lactation and genetic and

environmental variances estimated under RRM2 tended to be close to the multitrait model (a).

They concluded that the covariance function model provides a useful alternative to the

analyses of repeated records used to date.

Pool et al. (2000) has compared RR model and bivariate model estimates of genetic and

permanent environmental variances. They found genetic variances were highest in the middle

of lactation, as observed for the bivariate estimates and averaging within the bivariate

estimates and accounting for correlations among TDs in the RRM, resulted in higher

heritability estimates for daily test-day records in the RRM.
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Albuquerque and Meyer (2001) analyzed beef cattle BW data using RR model. They

modeled mean trends using cubic regression on orthogonal polynomials of age. They reported

that a model with RR fit the pattern of (co)variances in the data adequately, with estimates

similar to those obtained with univariate analysis. They claimed that RR models are expected

to give more accurate estimates of genetic parameters and predictions of breeding values than

the conventional multitrait model.

Guo et al. (2002) tested for heterogeneity of genetic and environmental variance among

completed and extended records from different lactations or different DEVI. They found that

different DIM and different numbers of lactations influenced parameters estimated from an

animal model with repeated records. Therefore they used RR for additive genetic effects and

permanent environmental effects with second or third order normalized Legendre polynomials

for DIM and parity. They defined covariance function based on the parameter estimates. They

showed that there were problems with the extension procedure used to predict 305-d MY.

Jakobsen et al. (2002) estimated (co)variance components for milk, fat and protein yield using

RR models by REML. They assumed the fixed part of the model was held constant, whereas

four different functions were applied to model the additive genetic effect and the permanent

environment effect and homogenous residual variance throughout lactation. They found

heritabilities were lowest in the beginning of the lactation and heritabilities for persistency of

fat yield were slightly higher than heritabilities for persistency of milk and protein yield.

Jaffrézic et al. (2002) used three approaches: RR, orthogonal polynomials, and character

process models and they aimed to show how these different approaches are related, to

compare their performance for the genetic analysis of lactation curves and to assess

equivalence between sire and animal models for repeated measures analyses. They found that,

with an animal model, a character process model with 11 parameters performed better,

regarding the likelihood criterion, than a quartic RR model (with 31 parameters). They

showed advantages in combining methodologies. A quadratic RR model for the

environmental part, combined with a character process model for the residual, performed

better than the quartic RR model and had fewer parameters. A character process structure

allowing for a correlation pattern modeled the residual better than a simple quadratic variance,

and had only extra parameter. Nobre et al. (2003) has analyzed Nellore cattle growth data by

multiple trait and RR analysis. Their results indicated that RR models are susceptible when
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the data have problems (like missing data) and the results obtained from RR models should be

compared with multiple trait analyses results for the consistency. Carvalheira et al. (2002)

described approaches to covariances between TD records including RR, autoregressive

repeatability, orthogonal polynomials and models based on character processing. They noted

that applicability of these models are mainly associated with the number of parameters to be

estimated, incorporation of multiple lactations and the accuracy of correlations generated by

the cows repeated expression of milking performance within and across lactations. Their

results showed that an autoregressive animal model containing short term and longitudinal

term environmental effect autoregressive processes accurately estimated these effects.

Romero et al. (2003) analyzed TD MY from Spanish Holstein cows using three

independent data sets with a set of RR models. They used Wilmink and Ali-Schaeffer

lactation functions and Legendre polynomials of varying order (up to six coefficients) on

additive genetics and permanent environmental effects. They concluded that lactational

models showed a worse performance than the RR Legendre models with the same number of

parameters and for RR Legendre models all criteria except the Bayesian information criterion,

favored the most complex model. Nobre et al. (2003) has analyzed Nellore cattle growth data

by multiple trait and RR analysis. Their results indicated that RR models are susceptible when

the data have problems (like missing data) and the results obtained from RR models should be

compared with multiple trait analyses results for the consistency.

Heritabilities and genetic correlations for milk production traits. Swalve (1995) presented

study to estimate genetic parameters for yields of milk, fat, and protein applying Restricted

Maximum Likelihood Approach (REML) procedures under TD animal models. For single

TDs heritabilities were highest for midlactation yields. For TD models estimates of

heritability varied with the number of TD records included for each cow. He found 0.32, 0.19

and 0.20 for the estimates of yields of milk, fat, and protein respectively. He pointed out that

estimates of residual variances were reduced when TD records were converted to records of

average yield in standardized intervals of 30d. Jamrozik and Schaeffer (1997) described a

model that contains both fixed and random regressions for analyzing TD records of dairy

cows using Bayesian methods utilizing the Gibbs Sampler to generate samples from the

marginal posterior distributions for inference of (co)variances. They used single trait model

for yields of milk, fat, and protein of first lactation Holsteins. They found that genetic

correlations between daily yields were higher as the interval between tests decreased, and
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correlations of daily yields with 305-d yields were greatest during midlactation. Jamrozik et

al. (2001) fitted hierarchical models to first lactation TD MY of Canadian Holstein Cows.

They used Wilmink lactation curve and herd-test date effects in the first stage and genetic

factors in the second stage. They pointed out that accounting for the between herd-year-

season variation in trajectory parameters resulted in more stable estimates of genetic variances

over lactation, more sensible heritabilities for extreme DEVI, larger genetic correlations

between yields at distant days of lactation, but lower heritabilities of lactation curve

coefficients. Variation with smaller residual variances compared to unadjusted lactation

records.

Jakobsen et al. (2002) estimated (co)variance components for milk, fat and protein yield

using RR models by REML. They assumed the fixed part of the model was held constant,

whereas four different functions were applied to model the additive genetic effect and the

permanent environment effect and homogenous residual variance throughout lactation. They

found heritabilities were the lowest in the beginning of the lactation and heritabilities for

persistency of fat yield were slightly higher than heritabilities for persistency of milk and

protein yield.

Heritabilities and genetic correlations for body weight and condition traits. Body condition

score (BCS) is widely used in many species to assess body composition and energy balance

status of animals. Jones et al. (1999) used firstly RR model for BCS, reported for Holstein

Friesian heifers moderate heritability estimates, varying with stage of lactation from 0.23 to

0.28. Thus thinner cows or cows in more negative energy balance tend to have poorer fertility.

Although it is a subjective method; BCS is easy to measure on a large scale and is sufficiently

accurate to indicate a major part of the variation in body reserves between animals of a similar

breed (Veerkamp et al. 2001). In his reviewing article Veerkamp (1998) investigated latest

evidence on genetic variation in feed intake and feed utilization and to determine how this

variation might be used. Veerkamp and Brotherstone (1997) estimated variance components

for BCS at calving and for average BCS over the first 26 wk of lactation; they reported

heritability estimates for BCS ranging between 0.24 and 0.43 and they found substantial and

negative genetic correlations between BCS and MY traits. Domecq et al. (1997) concluded

that body condition during the dry period and during the first 30 d of lactation is an important

tool to identify cows at risk for failure to conceive at first AI. Heritability of BW has been
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estimated at 0.32 to 0.61 (Jensen et al., 1995; Koenen and Veerkamp, 1998; Veerkamp et al.,

2000), while heritability estimates for BCS are 0.20 to 0.45 (Koenen and Veerkamp, 1998;

Jones et al., 1999; Pryce et al., 2001; Veerkamp et al., 2001; Kadarmideen and Wegman,

2003). Heritability estimates for BW change range from 0.10 to 0.34 (Veerkamp, 1998;

Veerkamp et al., 2000), while heritability for change in BCS to wk 10 of lactation has been

quoted as 0.09 (Pryce et al., 2001).

Koenen and Veerkamp (1998) estimated genetic parameters for BW, BCS and DMI of

dairy heifers using covariance function methodology. They found in Holstein Friesian heifers

BCS heritability estimates ranging from 0.21 to 0.45 according to lactation stage at which

heifers were scored. Recently studies in the UK, the Netherlands and Switzerland

demonstrated that BCS from the linear type scoring system had similar heritability (0.3 to 0.4)

indicating that a considerable genetic variation exists for BCS (Jones et al., 1999;

Kadarmideen and Wegmann, 2003; Kadarmideen 2004).

Ruegg et al. (1995) has studied the relationship between BCS and its changes with MY,

reproductive performance, and disease incidence using repeated measurements methods. They

found that no significant differences for days to first observed estrus, days to first breeding,

days to conception, or number of times bred for cows grouped by BCS at calving or body

condition loss between calving and first breeding.

Pryce et al. (2000) and Kadarmideen (2004) showed that Holstein genes affect BCS and

they found strong relationship between BCS and reproductive measures.They noted that as

fertility is difficult to measure and has a low heritability, BCS measures may be useful as an

indirect measure to select for improved fertility. Further, BCS has unfavorable genetic

correlations with milk production traits and favorable genetic correlations with other

functional traits, more specifically somatic cell count, maturity-dependant production, health

and longevity in dairy cattle (Kadarmideen, 2004; Neuenschwander et al., 2004; Karacaören

et al., 2006). Pryce et al. (2000) demonstrated that BCS (adjusted for stage of lactation) has a

genetic correlation with calving interval of -0.40. Its main practical advantage lies in its

ability to allow the farmer to monitor and manage the nutritional status and health status of

high producing cows during their productive cycle. Pryce et al. (2000) concluded that high

genetic merit cows have lower BCS and lose more body condition in early lactation is

unfavorably related to reproductive performance, with the effect being greater in high genetic
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merit animals and BCS could be used for management and in a breeding program as indirect

selection criteria for fertility. Pryce et al. (2000) showed some initial evidence for changes in

genetic correlation as a function of lactation stage of BCS recording. In this study CI was

regressed on EBV for BCS at different lactation stages.

Koenen and Groen (1998) estimated genetic and phenotypic parameters of BW, heart girth

and linear conformation traits from field data of Holstein heifers. They found for BW genetic

variation is considerable. Koenen and Veerkamp (1998) found that heritability estimates for

condition score tended to increase with the advancing of lactation stage.

Veerkamp and Thompson (1999) estimated genetic correlations using bivariate analyses

and multitrait RR models for MY, DMI, and BW. Genetic correlations between energy

balance and reproductive measures still exist even after adjusting for MY at the phenotypic

and genetic level (Pryce et al., 2000, 2001; Veerkamp et al., 2000).

Uribe et al. (2000) has studied which body characteristics affected by age. Their results

showed that genetic merit for udder traits and rear leg set seem to be affected genetically by

age and if the data were not biased RR models were able to account for the effect of age on

type traits. Also they suggested the use of cameras instead of the classifiers for scoring

because of the bias apart from subjectivity. Veerkamp et al. (2001) compare bivariate

analysis, multitrait analysis and RR analysis for getting the estimates of correlations between

the BCS, yield and fertility traits. They reported that choosing the appropriate order of fit for

the RR model is not easy and multitrait analysis were over parameterized, because of the high

correlations within each measurements. As a result they found RR model provided a more

satisfactory fit. Gallo et al. (2001) studied to estimate heritability for condition score and heart

girth using a test-day model, to investigate the genetic relationships between condition score,

heart girth, and MY traits and to analyze the genetic relationships of condition score and heart

girth measured at different stages of lactation. They considered repeated observations as a 1)

repeated measurements of the same trait 2) observations for a trait collected in different stages

of lactation as different traits. They found heritability estimates 0.27, 0.36 and 0.32 for the

first and second half of the lactation and dry period respectively. They found that hearth girth

was more consistent across lactation stages and dry periods than those of BCS.
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Veerkamp et al. (2001) has compared repeatability and RR models for BCS and MY and

fertility traits. They found that genetic correlation between MY and BCS was negative and

correlation between BCS and fertility was low and they concluded that RR model provided a

more satisfactory fit. Dechow et al. (2001) estimated the heritability of BCS from producer

and consultant-recorded data and to describe the genetic and phenotypic relationships among

BCS, production traits, and reproductive performance. They concluded that higher BCS

during the lactation were negatively related to production, both genetically and

phenotypically, but the relationship was moderate and higher BCS were favorably related

genetically to reproductive performance during the lactation.

Dechow et al. (2002) estimated the heritability of BCS loss, BCSL, in early lactation and

estimate genetic and phenotypic correlations among BCSL, BCS, production and reproductive

performances. They found more loss in BCS was associated with an increase in days to first

service. Tsuruta et al. (2002) has used final scores to estimate genetic (co)variances using RR

and repeatability models for Holsteins. They found that genetic trends estimated from the

repeatability model and from the RR model were similar and noted that RR model for

conformation traits could account for the genetic difference by age and identity of sires whose

daughters age better if sufficient multiple scores and pedigree information were available.

Dechow et al. (2003) estimated the heritability of BCS and relationship among BCS, dairy

form and selected type traits. They found that BCS had a genetic correlation with final score

closer to zero (0.08) than correlations of final score with dairy form, stature or strength.

Kadarmideen and Weggman (2003) estimated environmental and genetic parameters for

BCS, 27 conformation traits and 3 milk production traits in Swiss Holstein cattle. They used

cross sectional methodology and their results showed that selection for good body condition,

body conformation and optimal milk production is possible and they showed that cows with

lower BCS have genetically poor fertility.

Berry et al. (2003) investigated covariance components for MY, BCS, BW, BCS change

and BW change over different herd-year mean MY and nutritional environments using a RR

model. They concluded that there was no GXE interactions for MY across the range of

environments investigated with the exception of silage quality. Berry et al. (2003)

investigated the genetic covariances between BCS, BW, MY and fertility traits. They
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concluded that there is sufficient genetic variation present to allow direct genetic

improvement in fertility with large progeny group sizes.

Breeding value estimation. Jamrozik et al. (2000) presented a procedure for obtaining

approximate reliabilities of estimated breeding values under a RR model. Albuquerque and

Meyer (2001) analyzed beef cattle BW data using RR model. They modeled mean trends

using cubic regression on orthogonal polynomials of age. They reported that a model with RR

fit the pattern of (co)variances in the data adequately, with estimates similar obtained with

univariate analysis. They claimed that RR models are expected to give more accurate

estimates of genetic parameters and predictions of breeding values than the conventional

multitrait model.

Togashi and Lin (2003) described three selection procedures for the improvement of total

lactation milk and persistency: 1) index selection based on daily estimated breeding value,

EBV, 2) index selection based on stage EBV and 3) index selection based on RR coefficients.

They concluded that the models called 2 and 3 are the equivalent and they could be used to

manipulate genetic changes among different lactation stages at a prespecified rate so as to

achieve the desired shape of the lactation curve. Lidauer et al. (2003) applied a multiple-trait

reduced rank RR TD model for the breeding value estimation for first parity milk, protein, and

fat yield of Finnish dairy cattle. They compared this model with three other models: a similar

multiple-trait RR TD model without rank reduction, a multiple-trait repeatability test-day

model, and a multiple-trait 305-d lactation yield model. Required (co)variance parameters

were derived from the same covariance functions for all four models. For both RR models,

standard deviations of breeding values were the same and correlations between breeding

values were between 0.995 and 0.998, resulting in only slight differences in the ranking of

305-d lactation yield model. The repeatability test-day model gave a slightly different genetic

trend and inflated standard deviations for breeding values of cows with lactation in progress.

Reduction of rank in the RR TD model decreased memory requirements and improved

convergence in iteration when solving the mixed model equations.
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ABSTRACT

The objective of the research was to estimate genetic parameters such as heritabilities and

genetic correlations using daily test day data for milk yield (MY), milking speed (MS), dry

matter intake (DMI) and body weight (BW) traits using random regression methodology. Data

were from first lactation dairy cows of («=320) Chamau research farm of the Swiss Federal

Institute of Technology, Switzerland over the period of April 1994-2004. All traits were

recorded daily using automated machines. Estimated heritabilities varied from 0.18 to 0.30

(P=0.24) for MY, 0.003 to 0.098 (P=0.03) for MS, 0.22 to 0.53 (P=0.43) for BW and,

0.12 to 0.34 (h2 =0.23) for DMI. Permanent environmental effect was in both the uni- and bi¬

variate models but was assumed constant in estimating some genetic correlations because of

convergence problems. Estimated genetic correlations varied from 0.31 to 0.41 between MY

and MS, -0.47-0.29 between MY and DMI, -0.60 to 0.54 between MY and BW, 0.17 to 0.26

between MS and DMI, -0.18 to 0.25 between MS and BW and -0.89 to 0.29 between DMI

and BW. Genetic correlations for MY, MS, DMI and BW at calving to middle of the lactation

monotonly decreased to 0.40, 0.36, 0.14 and 0.36 and at the end of the lactation decreased to -

0.06, 0.23, -0.07 and 0.09 respectively. Results on daily genetic variance-covariance of many

functional traits are reported for the first time and would be useful when constructing

selection indices for more than one trait, based on longitudinal genetic parameters.

Abbreviation key: ASE = approximate standard error, MS = milking speed, MY = milk

yield.
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INTRODUCTION

Measuring functional traits such as feed intake and body weight (especially on a daily basis)

is not common in practice because of the need for expensive labour and equipment. But for

milk production the major part of the total cost is due to feed costs and literature indicates that

there is a genetic variation for feed intake and BW (Korver, 1988; Veerkamp, 1998). In

addition, feed intake is correlated with other biological functions such as maintenance,

growth, reproduction, fetal growth, and energy balance (Veerkamp, 1998). Further, BW, dry

matter intake and milk production level together form an important cluster of functional traits

that affect energy balance or its indicator trait, body condition score (Kadarmideen and

Wegmann, 2003). Milking speed (MS) is another functional trait that relates to the incidence

of clinical mastitis, labour time and electrical power (Boettcher et al., 1998; Ilahi and

Kadarmideen, 2004). In practice, MS is often measured by subjective scoring whereas in the

present study it was measured electronically. Based on the foregoing literature estimates, it

could be claimed that under the assumptions of additive genetic infinitesimal model, there

should be genetic relationships among MS, DMI and BW. If there is a genetic relationship,

these genetic correlations may change over days in milk since these traits are related to each

other according to the mean lactation curve. There have not yet been published estimates on

how the genetic correlations change over DIM between MS and DMI or BW which could be

useful information to understand the physiological relationships over lactation stages and to

construct selection indices concerning more than one trait over DEVI.

Longitudinal data consists of repeated observations across time for different subjects and

allows the investigation of time dependent fixed and random effects. Random regression

methodology (Schaeffer and Dekkers, 1994; Jakobsen et al., 2002) has been extensively used

for analyzing longitudinal measurements such as test day yields. The benefits of test day

models and analyzing test day yields by random regression methodology have been

thoroughly discussed (Swalve, 2000; Jensen, 2001) and hence will not be presented here.

In recent years, there has been increased emphasis on estimating genetic parameters for not

only production traits but also many health, fertility, feed efficiency, survival and body

condition traits for use in optimized selection indexes in dairy cattle (e.g. Kadarmideen,

2004). In order to construct the selection indices, for multitrait selection, genetic correlations

are needed. Conventional selection indices use genetic correlations estimated by 305-day
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lactation-based models (e.g. Kadarmideen and Simm, 2002) but this may change in the future

to include test-day specific genetic correlations. Persistency allows to introduce the dynamic

genetic evaluation of MY to the selection indexes. Although it is not known how to introduce

such DIM based information for functional traits into selection indices recently derivation of

nonmarketvalues of functional traits for selection indices was proposed by Nielsen et al.,

(2005). There are only very few studies that investigated the traits we chose to analyse here.

For some of these traits the estimates obtained will be the first ones presented in the literature.

The objective of this research was to estimate the functions of genetic parameters such as

heritabilities and genetic correlations for longitudinal data for MY, MS, DMI and BW using

daily test day random regression methodology. Genetic correlations are estimated on a daily

basis, between these different functional traits and for the same trait over different stages of

lactation.

MATERIAL and METHODS

Data

Data were obtained from first lactation records of dairy cows stationed at the Chamau

research farm of the Swiss Federal Institute of Technology, Switzerland over the period of

April 1994-2004. The experimental procedures of the farm followed the Swiss Law on

Animal Protection and were approved by the Committee for the Permission of Animal

Experiments of the Canton of Zug, Zug, Switzerland. Traits, MY, MS, roughage and

concentrate intake and BW were recorded daily using automated units by METATRON

(American Calan Inc., Northwood, NH, USA). The animals were housed in a free-stall barn.

Milk production and other traits were measured two times (morning and evening) a day. The

concentrate, roughage, minerals and vitamins were fed according to calculated needs (NRC,

1989).

Data sets were created as follows. A minimum of 60 DIM and 5 kg of MY was required

(Table 1). In order to estimate genetic correlations, data sets were created with the same times

of measurement for all traits involved in bivariate analyses. The DMI was calculated by

summing the concentrate and roughage intake. Sum of morning and evening measurements of

milk production data per day was used for the analysis of MY and DMI while for MS and

BW, the measurements were averaged. The pedigree file included 320 cows from 109 sires

and 208 dams. A summary of the dataset used is given in Table 1.
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Table 1. Number of records, means, and standard errors for Milk Yield, Milking Speed, Live

Weight and Dry Matter Intake for some selected days of first lactation.

DIM Milk Yield (kg) Milkinjg Speed(k:g/min
n X SE n X SE

5 277 18.13 5.58 277 0.22 0.62

30 277 21.66 6.68 277 1.86 0.81

60 277 20.21 7.85 277 2.01 0.73

90 268 18.45 7.07 268 2.02 0.73

120 257 16.93 6.51 257 1.97 0.86

150 247 16.24 5.75 247 2.02 0.72

180 238 14.66 5.11 238 1.96 0.68

210 232 13.54 4.92 232 1.89 0.64

240 220 12.77 4.59 220 1.84 0.62

270 190 11.66 4.10 190 1.78 0.60

305 111 11.22 3.55 111 1.81 0.53

DFM Body Weight (kg) Dry Matter Intake (kg)
n X SE N X SE

5 246 326.33 210.38 320 12.03 4.62

30 246 528.28 103.83 320 14.67 5.41

60 246 548.93 100.98 320 16.24 6.62

90 227 548.57 99.87 305 15.47 5.81

120 196 552.01 104.78 289 16.03 5.34

150 181 540.15 108.17 284 17.22 5.28

180 163 527.10 106.93 276 17.93 4.92

210 157 518.86 104.05 271 18.03 4.36

240 147 507.17 102.69 263 17.51 5.28

270 144 506.01 104.35 259 16.37 5.19

305 137 504.51 108.57 254 16.36 5.57

Statistical Models and Analyses

Analyses. ASREML (Gilmour et al., 2001) software was used to estimate variance

components. Results of the phenotypic analyses were used as starting values in the genetic

analyses to estimate variance components using an Average Information (AI-REML)

algorithm as implemented in ASREML (Gilmour et al., 2001). A 5l order orthogonal

polynomial was chosen for the fixed part of the model and quadratic random regressions were
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fitted based on the preliminary analysis and work of Olori et al. (1999) and Coffey et al.

(2001). The same fixed effects were fitted for all traits and are given in model (1).

Univariate Random Regression Model. For each trait, individual deviations from the mean

lactation curve were fitted for additive genetic effects using the random regression

methodology. The animal model fitted was as follows;

5 2 2

ytu
= Z aiVü + b, + f + S Vtfijl + S VüPjl +eU] (!)

1=0 1=0 1=0

where yh is MY (or MS, DMI, BW) produced by the fh cow on day t. al are the fixed

regression coefficients, v is the vector of the first five polynomials for the tth day in milk; br is

the fixed breed effect (^^Holstein-Friesian, nx =206, £2=Jersey, n2 =54, è3=Brown Swiss,

n3 = 42, b4 =Simmental, n4 = 12, b5 =Ayshire, n5 = 6), / consist of other fixed effects

including year at calving, season, age at calving (in months), year-season and DIM-breed

interactions. Terms aß and pß are random regression coefficients for the genetic effects and

permanent environmental effects respectively; /ut is the vector of the three first orthogonal

polynomial coefficients made on day t and eh] is the random residual variance assumed to

vary by month. Approximate standard errors (ASE) of the heritabilities estimated over

lactation for each month (Fischer et al., 2004).

Bivariate Random Regression Model. In order to estimate genetic correlations between two

traits as a function of time the following bivariate animal-model was used;

y = Xb + Za + Zp + e

where y contains the observations for the traits specified in model (1); b are the fixed

effects, and a and p are the set of random regression coefficients for all the animals for the

additive genetic effects and permanent environmental effects respectively; X and Z are

incidence matrices and e is a vector containing environmental effects and residuals. Same

fixed effects were fitted for all traits as given in model (1). For the random effects it is

assumed that
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^

Var -N

vey

(G®X 0 0^

0

0

P®I 0

0 R
J

where G and P are covariance matrix of the random regression coefficients; A is the

additive genetic relationship matrix for the animals; I is an identity matrix; R is a diagonal

matrix of the form 1er2 and a2 is the residual variance.

RESULTS AND DISCUSSION

The means of MY, MS, DMI and BW were 17.16 kg/d, 1.94 kg/min, 17.42 kg/d, and 545.12

kg, respectively and descriptive statistics for MY, MS, DMI and BW are given in Table 1.

Since increasing the sampling size for each individual increases the accuracy of parameter

estimates (Karacaören, 2001), it could be expected that using daily test day data may provide

more accurate parameter estimations compared with for example, monthly test day data. In

the present study, increased accuracy from having daily observations on each animal

compensated for a loss in accuracy from smaller total sampling size, a typical constraint in an

experimental farm. ASE of heritabilities over DIM was found to be relatively higher for BW

than the other traits probably due to smaller sampling size compared to other traits (Table 1).

Since these data were obtained from an experimental farm, results could therefore not be

directly compared with the results of field data sets such as referred below.

Heritabilities

Range of estimated heritabilities are provided in Table 2. Ranges were based on daily records

from 1 to 305 days. Estimates varied from 0.18 to 0.30 (h2=0.24) for MY, 0.003 to 0.098

(h2=0.03) for MS, 0.22 to 0.53 (h2=0A3) for BW and, 0.12 to 0.34 (h2=0.23) for DMI.

Curves drawn using estimated daily heritabilities for MY, MS, DMI and BW over DIM are

shown in Figure 1.
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Table 2. Ranges of daily estimated heritabilities (on diagonal) and daily genetic correlations

(below diagonal) between Milk Yield (MY) (kg), Milking Speed (MS) (kg/min), Dry Matter

Intake (DMI) (kg), Body Weight (BW) (kg).

MY MS BW DMÏ

MY 0.18-0.301

MS 0.31-0.41 0.003-0.0982

BW -0.60-0.54 -0.18-0.25 0.22-0.533

DMI -0.47-0.29 0.17-0.26 -0.89-0.29 0.12-0.344

1

Average of the range is 0.24, approximate standard error is ranged from 0.10 to 0.16.
2

Average of the range is 0.03, approximate standard error is ranged from 0.04 to 0.13.
3

Average of the range is 0.43, approximate standard error is ranged from 0.17 to 0.20.
4

Average of the range is 0.23, approximate standard error is ranged from 0.11 to 0.21.

Druet et al. (2003) found the heritability for MY ranged from 0.16 to 0.39 using random

regression test day model from field data. Strabel and Misztal (1999) found a slighlty lower

heritability, in the range of 0.13 to 0.17, and explained that this is because of the low

production level using random regression model. Olori et al. (1999) found heritability of 0.41

to 0.52. Jamrozik and Schaeffer (1997) found the heritability range from 0.40 to 0.59 and they

predicted the highest heritability during the first 10 d of lactation and explained it by properly

accounting for DIM within test days in the random regression model. In the present study we

found the heritability to be highest in the beginning of the lactation (Figure 1) as was found by

for example Jamrozik and Schaeffer (1997). Estimated error variances for MY decreased

through the end of the lactation (Table 3) as expected, but were found to have relatively

different shape and magnitude than the literature estimates (for e.g. Olori et al., 1999). ASE of

the heritability for MY (0.10-0.16) were at peak around DIM 270 to 0.16 then it dropped to

0.12 at DIM 305.
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Table 3. Residual error variances for Milk Yield (MY) (kg), Milking Speed (MS) (kg/min),

Dry Matter Intake (DMI) (kg), Body Weight (BW) (kg) for each measurement error class.

MY MS BW DMI

Days of Lactation

1-30 7.97 0.50 102.28 2.97

31-60 11.26 0.24 84.96 3.12

61-90 8.90 0.26 138.13 3.32

91-120 9.61 0.56 142.27 3.81

121-150 5.33 0.26 112.82 4.63

151-180 5.86 0.23 139.78 4.28

181-210 4.60 0.20 156.12 4.91

211-240 3.48 0.13 113.63 3.83

241-270 2.38 0.16 27.67 3.57

271-305 5.19 0.05 314.51 3.94

Genetic parameter estimates for traits like MS, DMI, or BW were mostly estimated from

experimental farm data sets with small sample sizes. Therefore, due to the sampling errors, it

is hard to expect that there will be a close agreement between the estimates (Korver, 1988;

van Elzakker and Arendonk 1993;Veerkamp, 1998).
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MILK YIELD MILKING SPEED

>- 08

1 20 39 58 77 96 115 134 153 172 191210 229 248 267 286 305

DIM

uj 02

1 20 39 58 77 96 115 134 153 172 191210 229 248 267 286 305

DIM

BODY WEIGHT

1 20 39 58 77 96 115 134 153 172 191210 229 248 267 286 305

DIM

DRY MATTER INTAKE

20 39 58 77 96 115 134 153 172 191210 229 248 267 286 305

DIM

Figure 1. Estimated heritabilities over DIM with ± standard errors for a) Milk Yield (kg) b) Milking Speed (kg/min) c) Body Weight (kg)
d) Dry Matter Intake (kg).
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Estimates of heritability for MS were found to be around 0.03 (ranging from 0.003 to

0.098) while Boettcher et al.(1998) found 0.14, Rupp and Boichard (1999) found 0.17, and

Ilahi and Kadarmideen (2004) found 0.25. However, these results were obtained from

subjective scoring (cross sectional observations) of field data; whereas in the present study

MS was measured electronically and daily over DIM. Zwald et al. (2005) found the

heritability of 0.17 using objectively and weekly measured field data and a sire model with

Bayesian methodology which is closer to the results of subjectively measured studies;

probably number of animals, and differences that could be observed under certain longitudinal

settings when using sire and animal model explains the differences in the estimated

heritabilities between the present study and the others. Error variances for MS found also

decreased through the end of the lactation, but there was a peak around 150 th of DIM (Table

3). ASE of heritabilities for MS found tends to increase through the end of the lactation

We averaged morning and evening measurements to estimate the heritability for BW

(ranging between 0.22 and 0.53, h 2=0.43). Veerkamp (1998) noted that heritability estimates

are generally high, especially when weight is based on the average of more than one

measurement. Veerkamp et al. (2000) found the heritability for the first 15 weeks equal to

0.61 using a random regression model whereas we estimated the heritability as 0.51 for this

period. Other literature estimates were obtained with multitrait analyses, for example Tveit et

al. (1991) as 0.65 or Swendsen et al. (1994) as 0.64.The shape of the estimated heritability

curve over DIM ofBW (Figure 1) shows increase and decrease, respectively since cows were

fed according to their yield. Error variances for BW showed paterns of increased to around 50

kg2 at day 270, and then a further increased to 300kg2 at day 300 (Table 3). ASE of

heritability for BW was found to be stable across DEVI but a small decline was observed (at

DEVI 270 to 305 as 0.20 to 0.17) at the end of the lactation.

Hooven et al. (1968) found the heritability for DMI equal to 0.38 using 318 cows with a

multi-trait model, whereas we found 0.23 (ranging from 0.12 to 0.34). Veerkamp and

Thompson (1999), based on data from 628 heifers for the first 15 weeks of the lactation and

using random regression model found the heritability equal to 0.30 whereas in present study it

was estimated for that period to be 0.29. Lee et al. (1992) found the heritability equal to 0.27

for weeks 26 to 34 of the lactation whereas we estimated it to be 0.15 for the specified period.

The differences concerning the number of animals, measurement stage of lactation, feeding

regime and statistical methodology between various studies explain the differences obtained
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for the heritability estimates for dry matter intake (Van Arendonk et al., 1991). Estimated

heritabilities over DIM for DMI shows increase (Figure 1) towards the end of the lactation.

Error variances and ASE of heritability for DMI showed no systematic pattern (Table 3).

Longitudinal Genetic Correlations

Since genetic correlations were obtained using random regression methodology, results could

be useful to change genetic patterns through selection using multi-trait selection indices.

Longitudinal genetic correlations for many functional traits reported here were one of the

main contributions of this study, since only very few studies reported genetic correlations

from a multi-variate daily random regression models (for e.g. Coffey et al., 2001; Jakobsen et

al., 2002; Berry et al., 2003). However due to convergence problems for estimating genetic

correlations of MY-DMI and BW-DMI permanent environmental effect had to be assumed

constant. In addition to this some of the parameter estimates from bivariate combinations

were found to be at boundary values of the parameter space.

Genetic Correlations between Beginning, Mid and End of the Lactation within Traits.

Genetic correlations for MY, MS, DMI and BW at calving to middle of the lactation

monotonically decreased to 0.40, 0.36, 0.14 and 0.36 respectively and at the end of the

lactation decreased to -0.06, 0.23, -0.07 and 0.09 respectively (Figure 2).

For MY the genetic correlations between days 1 and 247 was estimated to be 0.03, which

is smaller than the estimates of the Coffey et al. (2001).

Conversely, genetic correlations of MS between adjacent days decreased less rapidly

between beginning and late lactation, and it had the highest genetic correlation between

beginning and end of the lactation.

Genetic correlations of DMI for adjacent days decreased more rapidly compared with the

others at the beginning and end of the lactation (Figure 2). Different from the shape of the

estimates of Coffey et al. (2001) we found monotonie decreasement and slight increasement

through the end of the lactation.

For adjacent days highest genetic correlations obtained for BW after the MS. But it was still

smaller than the estimates of Veerkamp and Thompson (1999) and Coffey et al. (2001).
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Figure 2. Genetic correlations between DIM 1 and adjacent days for Milk Yield (*) (kg),

Milking Speed () (kg/min), Body Weight () (kg) and Dry Matter Intake (A) (kg) (every 30

days are shown).

Genetic Correlations between Milk Yield and Functional Traits. The ranges of estimated

genetic correlations are provided in Table 2. The curves of the estimated genetic correlations

between MY, MS, DMI and BW over the entire lactation are shown in Figure3. Although for

some part of the lactation genetic correlations found were high, due to the small amount of

data results should still interpret carefully and confirmed in different dairy cattle populations

for if the estimated relationships are of correct magnitude.

Our results indicated that there is a moderate genetic correlation among MY and MS

(r = 0.36) that ranged from 0.31 to 0.41. The genetic correlation slightly increases through

to the end of the lactation. This can be explained by the fact that, milk yield is low at the end

of the lactation, and hence the milking speed is increased (or milking time is also decreased)

according to mean lactation curve.

Genetic correlations turned from positive to negative around day 159 for MY and BW

(Figure 3) and ranged from -0.60 to 0.54. Veerkamp and Brotherstone (1997) explained that

this phenomenon happens because body fat and body weight are closely related during some

part of the lactation (genetic correlation from 0.27 to 0.67).

Estimated genetic correlation among MY and DMI ranged from -0.47 to 0.29. We found
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the correlations changed from negative to positive at day 84. Veerkamp (1988) concluded that

estimated genetic correlations outside of the range 0.46 to 0.65 were artificially high because,

especially under experimental conditions, cows were fed according to yield. Additionally,

feeding regime (for example concentrate) is adjusted according to production which increases

the correlation between feed intake and production (Van Arendonk et al. 1991).

Genetic Correlations among Functional Traits. Estimated genetic correlations between MS

and BW ranged between -0.18 to 0.25 and MY versus BW ranged between -0.60 to 0.54 both

followed a similar pattern. This is explained by the phenomenon that, towards the end of the

lactation, as cows prepare to dry off, they use energy to store body fat for the next calving

rather than for milk production (Kadarmideen and Wegmann, 2003), which results in low MY

and hence the genetic correlation curve switches from positive to negative (Figure 3). By

analogy decreasing milk production increases MS (or decreases milking time) and that is

related with BW.

Estimated genetic correlations between MS and DMI ranged from 0.17 to 0.26 (r = 0.22).

Genetic correlations between DMI and BW ranged from -0.89 to 0.29; Van Arendonk et al.

(1991) found the genetic correlation 0.65 and Veerkamp and Brotherstone (1997) found 0.23.

The genetic correlation between DMI and BW decreased as DEVI increased becoming

negative towards the middle of the lactation (Figure 3). This is because feeding regime is

adjusted according to production.

Some of the traits are not recorded in national cattle population herds (such as DMI and

BW) while others are recorded (MY and MS). The results from this study would still be

useful for general cattle populations because longitudinal correlations of MY and MS with

DMI and BW provided the knowledge about the physiological / genetic relationships

depending on lactation stages which in turn can help in placing appropriate weights for MY

and MS in a national selection index. Such an index may include traits correlated to BW (e.g.

body condition score) and to DMI (e.g. milk composition traits).
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Figure 3. Genetic Correlations between a) Milk Yield (kg) and Milking Speed (kg/min) b) Milk Yield (kg) and Body Weight (kg) c)
Milk Yield (kg) and Dry Matter Intake (kg) d) Milking Speed (kg/d) and Body Weight (kg) e) Milking Speed (kg/d) and Dry Matter

(kg) and f) Body Weight (kg) and Dry Matter Intake (kg).
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CONCLUSIONS

This study estimated genetic parameters of daily observations on several functional and

production traits and correlations among them over DEVI using the random regression

methodology, using dairy cattle kept under experimental conditions. This is one of the very

few studies that investigated estimation of heritabilities and genetic correlations on a daily

basis for a variety of functional and production traits. This study also estimated genetic

correlations by considering the same trait to be different depending on the stage of lactation.

Although, based on experimental data, these results show important patterns of genetic

properties and relationships for many traits that are important for national dairy cattle

breeding programs. These parameter estimates would be useful to construct selection indices

for more than one functional trait, based on test-day specific genetic correlations, and to

change the trajectory of genetic profile/patterns. However statistics that capture the

longitudinal nature of the measurements should be created for functional traits, as it is done

for MY using persistency, in order to place the information into the selection indices. Since

the sampling size was not large (as is typical for an experimental farm), results should still be

interpreted carefully and confirmed in different cattle populations.
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ABSTRACT

The objective of the research was to investigate relationship among functional traits; body

condition score (BCS), milk yield (MY), milking speed (MS), dry matter intake (DMI) and

body weight (BW). Data were from multi-parous dairy cows of («=55) Chamau research farm

of the Swiss Federal Institute of Technology, Switzerland over the period of May 2004-March

2005. Principal component analyses with correlation matrix was used to find the relationship

among BCS, MY, MS, DMI, BW and other fixed effects including breed, year at calving,

season, parity and year-season interaction. It was found that for all functional traits first four

principal components explained more than 70% of the total variation. Determination

coefficients of principal components regression and linear regression based on explanatory

variables were compared. It was found that trading loss of accuracy using principal

components scores instead of explanatory variables benefited reduction of dimension of

explanatory variables and broke collinearity. Relationship among type traits and functional

traits were also investigated. Results showed that first four principal components were

informative enough except for MS and DMI. Hence MS and DMI predictions were not that

accurate as for the BCS, MY, and BW. In order to achieve certain accuracy level more

principal components could be used. Clustering analyses was performed based on different

linkage methods and results showed the clearly understandable patterns of physiological

relationships among functional traits; since the data was from experimental farm where each

cow was fed by her MY performance and hence MY was associated with MS and DMI in the

same cluster. BCS is correlated with BW and all these functional traits are related with mean

lactation curve.
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INTRODUCTION

Measuring functional traits such as feed intake and body weight (especially on a daily basis)

is not common in commercial dairy farms because of the need for expensive labour and

equipment. The major part of total costs of milk production is due to feed costs. Feed intake is

also correlated with other biological functions such as maintenance, growth, reproduction,

fetal growth, and energy balance (Veerkamp, 1998). Hence, biological and economic

efficiency of dairy production might be improved if genetic variation in feed intake and feed

efficiency is considered (Koenen, 2001). Literature indicates that there is a genetic variation

for feed intake (Korver, 1988; Veerkamp, 1998, Koenen, 2001). Body weight (BW) is an

important functional trait regulating feed efficiency and energy balance traits in dairy cattle

(Sondergaard et al., 2002), which in turn, is directly related to regulating energy requirements

for milk production versus maintenance. Further, BW, feed (dry matter) intake and milk

production level together form an important cluster of functional traits that determines the

amount of fat reserves stored in the body; this is now recorded in many countries as 'body

condition score' or BCS (Kadarmideen and Wegmann, 2003; Kadarmideen, 2004).

A common body condition scoring system has been developed to estimate the average

BCS of cows in a herd. This system provides producers a relative score based on an

evaluation of fat deposits in relation to skeletal features. The scoring method involves a

manual assessment of the thickness of fat cover and prominence of bone at the tail head and

loin area. The most widely used body condition scoring system for dairy cattle assigns scores

from 1 to 9 in North America and from 1 to 5 in most European countries, with the lowest

score meaning emaciated and carrying virtually no fat and the highest score meaning

excessively fat.

Milking speed (MS) is another functional trait that relates to the incidence of clinical

mastitis, labour time and electrical power (Boettcher et al., 1998; Ilahi and Kadarmideen,

2004). In practice, MS is often measured by subjective scoring whereas in the present study it

was measured electronically.

Principal component analyses could be used to find the loadings or factors that explains the

highest variation in the data set over dependent variable. The resulting principal components
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or loadings may decrease the dimension of the explanatory variables and breaks the possible

dependency among explanatory variables, hence the collinearity. When collinearity among

explanatory variables exists, linear regression assumptions (linearity, independence,

homoscedasticity, normality) could not be validated. Reduction of the dimension of the

explanatory data set could be useful especially when analyzing big datasets. Although it is

difficult and subjective, biological interpretation of the principal components could also be

useful for the industry. Clustering analyses could be used to classify the variables based on

different linkage methods when classes initially not known. One of the main difficulty with

clustering analyses is to choosing correct linkage method. Different linkage methods; for

example, ward, centroid, mcquitty, single, average, complete, median could produce different

clusterings hence resulting dendrograms could have different interpretations of physical or

biological situation. Mathematical properties, formulas and comparison of methods given in

Everitt et al. (2001). Following we gave advantages and disadvantages of different linkage

methods. Ward's linkage method tends to clusters small numbered variables each other and

joined the variables has got same number of observations and sensitive to outliers. This

method is regarded very efficient (Statistica, 2004). Everitt et al. (2001) noted that Ward's

linkage method often appears to work well but may impose a spherical structure where none

exists. Ward's linkage method based on sum of squares hence it is analyses of variance,

ANOVA, type linkage method. Centroid linkage method is more robust to outliers than any

other methods but the more numerous of two groups clustered dominates the merged clusters

(Everitt et al., 2001). Single linkage method tends to produce unbalanced and straggly clusters

especially in large data sets and does not take account of cluster structure (Everitt et al.,

2001). Average linkage method tends to join clusters with small variances, intermediate

between single and complete linkage, takes account of cluster structure and relatively robust

(Everitt et al., 2001). Complete linkage methods tends to find compact clusters with equal

diameters, does not take account of cluster structure (Everitt et al., 2001) and this method

usually performs quite well in cases when the objects actually form naturally distinct

"clumps." If the clusters tend to be somehow elongated or of a "chain" type nature, then this

method is inappropriate (Statictica, 2004). Median linkage method superior to Centroid

linkage method when there are (or one suspects there to be) considerable differences in cluster

sizes (Statistica, 2004). Everitt et al. (2001) concluded that no one method can be

recommended above all other. Variables within the same cluster regarded as more related to

each other, hence in addition to principal component analyses, also clustering analyses gives

an idea for reduction of dimension of the data set.
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The main objective of this study was to explore the relationships among BCS, MY, MS,

DMI, and BW to address the following questions; 1) how much variation in a chosen trait is

explained by other functional traits that were included as independent variables in a model; 2)

Are there any principal components for functional traits that explain more variation than

others 3) Which traits could be assumed to be more related (or within the same cluster)

compared with the others, in other words, both the direction and amount of relationship.

MATERIALS and METHODS

Data

Data for MY, MS, DMI, and BW were obtained from multi-parous dairy cows (made of

Swiss Holsteins and Brown Swiss breeds) stationed at the Chamau research farm of the Swiss

Federal Institute of Technology, Switzerland over the period of May 2004- March 2005. The

experimental procedures of the farm followed the Swiss Law on Animal Protection and were

approved by the Committee for the Permission of Animal Experiments of the Canton of Zug,

Zug, Switzerland. Traits, MY, MS, roughage and concentrate intake and BW were recorded

daily using automated units by METATRON (American Calan Inc., Northwood, NH, USA).

The animals were housed in a free-stall barn. Milk production and other traits were measured

two times (morning and evening) a day. The concentrate, roughage, minerals and vitamins

were fed according to calculated needs (NRC, 2001).

BCS was measured by the Swiss Holstein Breeding Association as described by

Trimberger (1977) using 1 to 5 scale, during May 2004- March 2005 for 7 times

approximately at monthly intervals. Type traits were evaluated for Holstein cows only

(n = 28). The DMI was calculated by summing the concentrate and roughage intake. Sum of

morning and evening measurements of milk production data per day was used for the analysis

of MY and DMI while for MS and BW, the measurements were averaged. Results of 7 BCS

sessions and correspondence MY, MS, DMI, and BW measurements were averaged for

creating the final data set. A summary of the dataset used for analysis is given in Table 1.
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Table 1. Number of records, N, means, standard deviations, and minimum, maximum for

Body Condition Score, Milk Yield, Milking Speed, Body Weight and Dry Matter Intake for

some selected days of first lactation.

Variable Mean Std Dev N Minimum Maximum

Body Condition Score 3.21 0.52 55 2.00 4.18

Milk Yield 24.49 9.79 55 5.50 46.35

Milking Speed 2.19 0.82 55 0 4.30

Body Weight 692.66 74.58 55 477.66 860.66

Dry Matter Intake 51.21 7.66 55 29.09 69.38

Statistical Methods

Forward selection (Minitab, 2006) strategy was used to find the explanatory variables for

highest determination of coefficients which worked as new explanatory variables added to

model to achieve maximum determination of coefficients. The model equation is given as

v = b + f + c +e

where yy is MY (or BCS, MS, DMI, BW) produced by the/1 cow of ith breed, b, is fixed

breed effect («=55; bx =Brownswiss, nx =27, b2 =Holstein-Friesian, n2 = 28 ), / consist of

other fixed effects including, season, age at calving (in months), number of lactation, another

functional traits than the dependent one, and year-season, c is the animal effect, e is the

random residual variance.

Principal component analyses. Principal components analyses is a method for transforming

the variables in a multivariate data set, xl5x2,K ,x into new variables, y^,y2,K ,y which

are uncorrected with each other and which account for decreasing proportions of the total

variance of the original variables defined as
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yx =auxx + a12x2+K +alpxp

y2 ~ a2\X\ ~"~ö22-*'2 +& ~^^2pXp

M

yP =aPixi +ap2x2 +K +appxp

with the coefficients being chosen so that y^,y2,K ,y account for decreasing proportions of

the total variance of the original variables, xx,x2,K ,x (Everitt et al., 2001). Principal

component analyses with correlation matrix (Minitab, 2006) was used to find the relationship

among BCS, MY, MS, DMI, BW and other fixed effects including breed, year at calving,

season, and year-season interaction. Since scales of measurements of the functional traits

were different; correlation matrix was used instead of covariance matrix.

According to cumulative explanatory proportions number of principal components was

chosen and corresponding scores were estimated. Then based on these scores, regression

analyses were done again; coefficients of determination based on explanatory variables

regression and based on principal component regression scores were compared.

Clustering analyses. Clustering analyses could be used to classify the variables based on

different linkage methods when classes initially not known. Clustering analyses (Minitab,

2006) using different linkage methods were used for determining the relationships among

functional traits (ward, centroid, mcquitty, single, average, complete, median). Distance

between clusters defined as follows with corresponding linkage methods; by ward method,

increase in sum of squares within clusters; by centroid method, squared Euclidean distance

between mean vectors; by mcquitty method, average of the distances with the next cluster

(Minitab, 2006); by single method minimum distance between pair of objects; by average

method; average distance between pair of objects; by complete distance, maximum distance

between pair of objects; by median method, squared Euclidean distance between weighted

centroids (Everitt et al., 2001). Interpretations were made based on the dendrograms produced

by the Minitab (2006).
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RESULTS and DISCUSSION

The main objective of this study was to conduct a phenotypic analysis exploring relationships

and dependencies among a group of traits that significantly affects the function of dairy cows

(functional traits). This investigation was based on data collected from dairy cattle kept in an

experimental research farm for mostly nutritional experiments, using explorotary analyses by

principal component and clustering analyses. These statistical methods and concepts such as

clustering analyses and principal components regression are equally applicable large volumes

of data collected by national animal breeding organizations. Although limited in size of data

some of the explorotary analysis were statistically significant and will be useful. The

following sections provide results and discussion of our findings.

Principal Components Regression on Functional Traits

Principal component analyses were performed using the explanatory variables based on model

(1). Investigation of scree plots (Figure 1) shows that most of the variations are explained by

first four principal components.
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Figure 1. Scree plots of principal components analyses for body condition score, milk yield,
milking speed, body weight and dry matter intake.
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For the first four principal components of all functional traits, eigenvalues, proportions, and

cumulatives are given in Table 2.

Table 2 Eigenvalues, proportions, and cumulatives for first four principal components for

Body Condition Score, Milk Yield, Milking Speed, Dry Matter Intake, and Body Weight
measured in dairy cattle.

PCI PC2 PC3 PC4

Eigenvalue 2.41 1.80 1.05 0.91

Body Condition Score Proportion 0.30 0.22 0.13 0.11

Cumulative 0.30 0.53 0.66 0.77

Eigenvalue 2.61 1.54 1.09 0.89

Milk Yield Proportion 0.33 0.19 0.14 0.11

Cumulative 0.33 0.52 0.66 0.77

Eigenvalue 2.44 1.81 1.11 0.91

Milking Speed Proportion 0.31 0.23 0.14 0.11

Cumulative 0.31 0.53 0.67 0.78

Eigenvalue 2.34 1.90 1.08 0.96

Dry Matter Intake Proportion 0.29 0.24 0.13 0.12

Cumulative 0.29 0.53 0.66 0.79

Eigenvalue 2.56 1.53 1.07 0.91

Body Weight Proportion 0.32 0.19 0.11 0.10

Cumulative 0.32 0.51 0.64 0.76

More than 75% of the total variations are explained using these first 4 principal components

for all traits. Table 3 shows results of determination coefficients based on regression analyses

with explanatory variables, R-Square, and with first four principal components scores, R-

Squarepc,.
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Table 3. Comparison of determination coefficients using explanatory variables (R-Square)
and using the first four principal components (R-SquarePC)

R-Square R-Square

Body Condition Score 0.45 0.23

Milk Yield 0.39 0.22

Milking Speed 0.34 0.38

Dry Matter Intake 0.32 0.21

Body Weight 0.44 0.31

R-Square Coefficient of determination obtained from regression based on explanatory

analyses.

R-Squarepc Coefficient of determination obtained from regression based on first 4 principal

components.

Except for MS, all the R-SquarePC was smaller than R-Square. However using principal

components instead of explanatory variables reduced the dimension (from 8 explanatory

variables to 4 principal components) and broke the collinearity (hence Variance Inflation

Factors found 1 for all the functional traits on principal component regression). Hence using

principal components instead of explanatory variables gained both reduction of the

explanatory data set and broke the collinerarity. Comparison of predictions of observations

using principal components and actual measurements is shown in Figure 2 for BCS, MY, MS,

DMI, and BW. Visual inspection of Figure 2 showed that predictions were reasonably

accurate for all the traits since most of the points were lying around the straight line with a

slope 1.
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Figure 2. Observations and predictions based on first four loadings of the principal

components analyses for body condition score, milk yield, milking speed, dry matter intake,
and body weight. Straight line has slope 1 to check the prediction abilities.



4 Chapter Explanatory analysisforfunctional traits 62

Principal Components Regression On Type Traits

Type traits that were evaluated for Holstein cows were analyzed. For each functional trait

included in the model, linear type traits that gave highest determination of coefficients were

sought. Variables used of forward regression that led to R-Square 100% for each functional

trait are given Table 4. Again investigation of scree plots and cumulative explanation of

principal components (results not shown) showed that first four principal components were

informative enough. However, R-SquarePC MS and DMI were found smaller (0.30 and 0.07

respectively) compared with other functional traits. Hence in order to achieve certain level of

accuracy more principal components could be used for MS and DMI. R-Squarepc was found

to be smaller than R-Square (Table 5), but instead of about 18 explanatory variables (Table 4),

only 4 principal components were used (here Variance Inflation Factor became 1).

Table 5. Comparison of determination coefficients using explanatory variables (R-Square)
and using first four principal components (R-SquarePC) with additional explanatory variables

as type traits.

R-Square R-Square

Body Condition Score ]L 0.64

Milk Yield ]L 0.59

Milking Speed ]L 0.30

Dry Matter Intake ]L 0.07

Body Weight ]L 0.59

Figure 3 shows observations and predictions obtained by principal component regression.

Again points mostly distributed around the line, and that concluded predictions were

reasonable except for DMI.



4th
4m Chapter Explanatory analysisforfunctional traits 63

BODY CONDITION SCORE

OBSERVATIONS

MILKING SPEED (KG)

2 3

OBSERVATIONS

BODY WEIGHT (KG)

300 450 600

OBSERVATIONS

900

80 -,

MILK YIELD (KG)

40 -

0 30 -

1 20

UJ

t 10-

0 -

10 20 30

OBSERVATIONS

40

DRY MATTER INTAKE(KG)

20 40 60

OBSERVATIONS

Figure 3. Observations and predictions based on first four loadings of the principal

components analyses with type traits for body condition score, milk yield, milking speed, dry
matter intake, body weight Straight line has slope 1 to check the prediction abilities.
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FUNCTIONAL TRAITS

BODY CONDITION SCORE

MILK YIELD X X X X X

MILKING SPEED XX X X X

DRY MATTER INTAKE X X X XX X

LIVE WEIGHT XXXX XXXXX

Table 4 Relationship among linear type traits as explanatory variables and functional traits as dependent variables. Results obtained by

regression for when the determination of coefficient equals one («=28, Holstein Friesian).



4 Chapter Explanatory analysisforfunctional traits 65

Clustering Analyses of Functional Traits

Dendrograms based on different linkage methods (ward, centroid, mcquitty, single, average,

complete, median) are shown in Figure 4. Since different linkage methods gives different

clusters, it is hard to interpret which one is correct. But most of the dendrograms shows same

variables in the same cluster (ward, mcquitty, average, and complete). This is as expected

because the data was from experimental farm where each cow was fed by her MY

performance and hence MY was associated with MS and DMI in the same cluster. BCS is

correlated with BW and all these functional traits are related with mean lactation curve; these

results are consistent with findings of Karacaören et al. (2006) who estimated longitudinal

genetic correlations among functional traits using 12 years of experimental data.
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Figure 4. Dendrograms based on different linkage methods for Milk Yield (MY), Milking Speed (MS), Dry Matter Intake (DMI), Body
Weight(BW) and Body Condition Score (BCS).
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CONCLUSIONS

This study investigated relationships among BCS, MY, MS, DMI, and BW using principal

components, regression and clustering analyses using dairy cattle kept under experimental

conditions. Although, based on experimental data, these results showed important biological

associations underlying the phenotypic relationships for many traits that are important for

national dairy cattle breeding programs. Principal components could be used for all functional

traits and would be useful in both dimension reduction and avoiding collinerarity problems,

common in the analysis of closely related functional traits such as body measurements or

fertility. Type traits as a predictor of MS and DMI was less accurate with only 4 principal

components but with increase in the number of principal components, accuracy is expected to

increase. Clustering analyses also showed the clearly understandable patterns of physiological

relationships among functional traits. However, different linkage methods produced different

clusters of traits, with most of the functional traits differentially discriminated in the same

clusters. Since the sampling size was not large (as is typical for an experimental farm), results

should still be interpreted carefully and confirmed in different cattle populations.
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ABSTRACT

The main aim of this study was to investigate existence of major gene for milk yield (MY),

milking speed (MS), dry matter intake (DMI), and body weight (BW) recorded at different

stages of lactation on first lactation dairy cows («=320) stationed at the research farm of the

Swiss Federal Institute of Technology over the period of April 1994-2004. Data were modeled

based on simple repeatability covariance structure and analyzed using Bayesian segregation

analyses. Gibbs sampling was used to make statistical inferences on posterior distributions;

inferences were based on single run of the Markov chain for each trait with 500000 samples,

with each 10th sample collected due to the high correlation among the samples. Posterior

mean (and SD) of major gene variance for MY was 2.61 (2.46), for MS was 0.83 (1.26), for

DMI was 4.37 (2.34) and for BW was 2056.43 (665.67). Highest posterior density regions for

all three traits did not include zero except MS, which supported the evidence for major gene.

With additional tests for agreement with Mendelian transmission probabilities, we could only

confirm the existence of major gene for MY, but not for MS, DMI and BW. Expected

Mendelian transmission probabilities and their model fits were also compared.
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INTRODUCTION

Measuring functional traits such as feed intake and BW (especially on a daily basis) is not

common in practice because of the need for expensive labour and equipment. But for milk

production the major part of the total cost is due to feed costs and literature indicates that

there is a genetic variation for feed intake and BW (Korver, 1988; Veerkamp, 1998). In

addition, feed intake is correlated with other biological functions such as maintenance,

growth, reproduction, fetal growth, and energy balance (Veerkamp, 1998). Further, BW, DMI

and milk production level together form an important cluster of functional traits that affect

energy balance or its indicator trait, body condition score (BCS) (Kadarmideen and

Wegmann, 2003). Energy balance traits and BCS are related to fertility (Kadarmideen, 2004).

MS is another functional trait that relates to the incidence of clinical mastitis, labour time and

electrical power (Boettcher et al., 1998; Ilahi and Kadarmideen, 2004).

Marker assisted selection (MAS) has been shown to increase genetic progress via

reduction of generation interval or by increasing the selection intensity in outbred populations

(Schrooten et al., 2005). Before applying marker assisted selection, or starting to search for

quantitative trait loci (QTL), investigation of major gene based on statistical segregation

analyses using phenotypic data would be informative, cheap and useful compared to MAS.

There are several investigations on existence of major gene in livestock species; for example

by Janss et al. (1995) for different Dutch Meishan crossbreds traits, Pan et al. (2001) for

somatic cell scores in dairy cattle, Hagger et al. (2004) for selection response in laying hens,

Ilahi and Kadarmideen (2004) for milk flow in dairy cattle and Kadarmideen and Janss (2005)

for osteochondral diseases in pigs. However, there have been no investigations yet on DMI

and BW probably due to difficulty of collecting data in field conditions. Both DMI and BW

are important functional traits in dairy cattle from the point of biology and economy.

The main aim of the present study was to investigate of existence of major gene for four

functional traits namely, MY, MS, DMI, and BW using experimental data by Bayesian

segregation analysis approach.
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MATERIALS AND METHODS

Data

Data were obtained from first lactation records of dairy cows stationed at the Chamau

research farm of the Swiss Federal Institute of Technology, Switzerland over the period of

April 1994-2004. The experimental procedures of the farm followed the Swiss Law on

Animal Protection and were approved by the Committee for the Permission of Animal

Experiments of the Canton of Zug, Zug, Switzerland. Traits, MY, MS, roughage and

concentrate intake and BW were recorded daily using automated units by METATRON

(American Calan Inc., Northwood, NH, USA). The animals were housed in a free-stall barn.

Milk production and other traits were measured two times (morning and evening) a day. The

concentrate, roughage, minerals and vitamins were fed according to calculated needs (NRC,

1989).

Data sets were created as follows. The DMI was calculated by summing the concentrate

and roughage intake. Sum of morning and evening measurements of milk production data per

day was used for the analysis ofMY and DMI while for MS and BW, the measurements were

averaged. Daily measurements were sampled as 30 day intervals for obtaining monthly test

day data. The pedigree file included 637 animals. A summary of the dataset used is given at

Karacaören et al. (2006).

Mixed Inheritance Models and Analyse. For investigation of existence of major gene for

MY, MS, DMI, and BW following mixed inheritance model was used;

y = Xß + Zu + Qp + ZWm + e

where y is the vector of observations, ß is the vector of fixed effects including breed

( bx =Holstein-Friesian, nx = 206, b2 =Jersey, n2 = 54, b3 =Brown Swiss, n3 = 42,

b4 =Simmental, n4 = 18), age at calving, and year-season interaction, u is the vector of

random polygenic effects, p is the vector of random permanent environmental effects, m is

the vector of genotype means (i.e., -a,d,a), e is the vector of random residual effects
, X, Z, Q

are design matrices and W is a matrix that contains genotype of each individual (i.e., AA, AB,

BB). W and m are unknown and have to be estimated from data using segregation

analyses. For the random effects it is assumed that
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wherea2u , a2p, and a2e ; are polygenic, permanent environment and error variances. A is the

additive genetic relationship matrix for the animals; I is an identity matrix.

Uniform prior distributions were assumed with range: (-oo, +oo) for non genetic effects

and for major locus, (0, + oo ) for variance components and (0, 1) for allele frequencies (Janss

et al. 1995). Gibbs sampling algorithm was used to obtain the variance components as

implemented in MAGGIC (Janss, 1998). A single run of the Markov chain for each trait

consisted of 500.000 samples, with first 25.000 samples used for burn-in period, and

thereafter each 10th sample was collected (due to the high correlation among the samples).

Starting values for variance components were obtained from previous analyses of the same

data (Karacaören, et al., 2006) using random regression models. Using variance components

for polygenes and major gene, heritabilities were calculated; for polygenic model heritability,

HeritabilityP, o2u l{a2u + a2e ) and for mixed inheritance model heritability, HeritabilityM,

(a2 +<j2a)/(<72 +<j2a +<72) ,
where a2a is major gene variance. Marginal posterior

distributions for MY, MS, DMI, and BW were obtained by Minitab (Minitab Inc., 2006).

Confirmation of Existence of Major Gene. The 95% highest posterior density regions

(HPDR) were obtained using the routine called "lush" as implemented in MAGGIC, which

uses average shifted histogram method of Scott (1992). Based on interval of the 95 %HPDR

(if it includes zero or not), existence of major gene was tested. Likely whether Mendelian

transmission probabilities; 1, 0.5, and 0 significantly differ from the model fits were tested by

checking if 95% HPDR overlap or not (if the intervals were consisted each other or not). We

fitted general transmission models to estimate transmission probabilities and tested against

Mendelian transmission of favorable allele (with probabilities A allele transmission of 1, V2

and 0 for genotypes AA, AB and BB, respectively) and the model of equal transmission of A

allele for all genotypes (AA, AB and BB). To declare evidence for the major gene, a model of

equal transmission was rejected along with failure to reject Mendelian transmission.



5 Chapter Investigation on major genes 76

RESULTS AND DISCUSSION

This study conducted Bayesian segregation analyses (BSA) on various functional traits in

dairy cattle managed under experimental conditions. Mixed inheritance models were used to

infer polygenic effects and effects of single major gene under Mendelian transmission. The

analyses were across breeds, because a separate BSA for each one of the breed was not

possible due to very low number of animals in each breed. This would be one reason for why

95%) HPDR included zero; maybe some breeds did not included major gene and this affected

overall results. However, such a multi-breed BSA has been conducted by accounting for breed

effects in the data (e.g. Kadarmideen and Janss 2005). Mean lactation curves of traits used are

given in Figure 1.
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Figure 1. Mean lactation curves for a) Milk Yield, b) Milking Speed, c) Dry Matter Intake, d) Body Weight.
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Descriptive statistics of the posterior distributions of the variance parameters for MY, MS,

BW, and DMI are given in Table 1 and Table 2. Convergences were assessed by the visual

inspection of the Gibbs samples which were found to be stationary with 500.000 samples.

Posterior standard deviations were relatively small except for MY (Table 1 and Table 2).

Permanent environmental effect was estimated to be around zero, which could be either due to

insufficient information in the data to estimate this parameter or that its effects are

confounded with residual and/or other variance components. One would ideally have tens of

thousands of records to estimate variance components in animal breeding but segregation

analysis of novel traits such as DMI or BW recorded only in animal experiment stations, this

would be impractical. Further, segregation analyses in human and companion animal

populations only involve a few hundred samples, as it is practically prohibitive to collect

samples on disease or disorders (e.g. as in Cargill et al., 2004, Kadarmideen and Janss 2005).

Nevertheless, the accuracy of estimates of variances would be higher in a larger datasets,

which was indeed the limitation of this study.
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Table 1. Posterior mean and standard deviation of parameters from mixed inheritance models

and left and right bounds of the 95%> Highest Posterior Density for Milk Yield (MY) and

Milking Speed (MS) (Multiple values for the same parameters indicated bimodality or

trimodality in posterior distributions)

Milk Yield Milking Speed
Parameter Posterior Posterior HPDR HPDR Posterior Posterior HPDR HPDR

Mean Stand. 95 95 Mean Stand 95 95

Dev LEFT RIGHT Dev LEFT RIGHT

Error 18.04 0.56 16.93 19.11 0.22 0.006 0.21 0.24

Variance

Polygenic 0.26 0.26 0.00 0.78 0.05 0.03 0.00 0.004

Variance

0.07 0.12

Major gene 2.61 2.46 0.68 4.94 0.83 1.26 0.00 3.20

variance

HeritabilityP 0.02 0.01 0.00 0.04 0.14 0.07 0.00 0.28

HeritabilityM 0.17 0.18 0.00

0.65

0.27

0.81

0.38 0.20 0.04 0.77

Additive 4.53 1.11 2.49 6.76 8.70 5.29 0.00 1.53

effect

4.93 5.46

Dominant

effect

-22.33 29.94 0.00

2.36

2.15

6.42

4.15 18.81

5.92

0.00

17.10

5.90

Heritability Estimates of heritability using polygenic variance

M

Heritability Estimates of heritability including polygene and major gene variance
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Table 2. Posterior mean and standard deviation of parameters from mixed inheritance models

and left and right bounds of the 95% Highest Posterior Density for Dry Matter Intake (DMI)
and Body Weight (BW) (Multiple values for the same parameters indicated bimodality or

trimodality in posterior distributions)

Dry Matter Intake Body Weight
Parameter Posterior Posterior HPDR HPDR95 Posterior Posterior HPDR HPDR95

Mean Stand.

Dev

95

LEFT

RIGHT Mean Stand

Dev

95

LEFT

RIGHT

Error 17.83 0.51 16.81 18.81 1307.18 45.62 1217.53 1388.57

Variance

1389.84 1397.44

Polygenic 1.32 0.94 0.00 2.99 648.25 449.38 0 1456.94

Variance

Major gene 4.37 2.34 0 0.53 2056.43 665.67 782.13 3392.24

variance

0.84 7.61

HeritabilityP 0.06 0.04 0.00 0.14 0.24 0.14 0.00 0.48

HeritabilityM 0.45 0.16 0.14 0.71 0.66 0.09 0.46 0.83

Additive 8.05 3.92 0 0.53 95.38 17.31 67.65 129.02

effect

3.74 11.14

Dominant

effect

4.24 0.51

11.87

0.07

16.90

0.58 -59.75 117.33 0.00 112.26

Heritability Estimates of heritability using polygenic variance

M

Heritability Estimates of heritability including polygene and major gene variance

Point Estimates of Mixed Inheritance Model Heritabilities

Posterior mean and SD of heritabilities from mixed inheritance model for all functional traits

are given in Table 1 and 2. Posterior mean and SD of heritabilities were found as 0.02 (0.01)

using polygenic variances and 0.17 (0.18) for mixed inheritance (major gene plus polygene)

variances for MY. The 95% HPDR for major gene heritability was found to be bimodal and

significant (i.e., 95% HPDR did not include zero). Karacaören et al. (2006) used the same

data set and found heritability varied from 0.18 to 0.30 (SE: 0.10 to 0.16) (h2 =0.24) for MY

using different methodology; random regression models. The possible reasons for a low

heritability for MY than other studies could be due to small sampling size (although repeated
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measurements used for each cow, total number of cows was still low) and, under mixed

inheritance modeling, major gene probably absorbs most of the genetic variances.

Posterior mean and SD of heritability for MS were found to be around 0.14 (0.07) using

polygenic variance and 0.38 (0.20) using polygene and major gene variance (Table 1).

Karacaören et al. (2006) found estimates in the range: 0.003 to 0.098 (h2=0.03) (SE: 0.04 to

0.13) while Boettcher et al. (1998), Rupp and Boichard (1999) and Ilahi and Kadarmideen

(2004) found an estimate of 0.14, 0.17 and 0.25, respectively. Again differences concerning

methodologies (random regression vs cross sectional models) and sampling size could explain

some differences between the results of our study and others. Polygenic heritability for MS

found to be not significant since 95%> HPDR included zero (Table 1).

Posterior mean (and SD) of heritability for DMI was 0.06 (0.04) for polygenic variances

and 0.45 (0.16) for polygene plus major gene variances while Karacaören et al. (2006) found

polygenic model heritability of 0.12 to 0.34 (P=0.23) (with SE: 0.11 to 0.21). The 95%

HPDR did not include zero (Table 2) for mixed inheritance model heritability, confirming the

significance of this parameter. Veerkamp and Thompson (1999) based on data from 628

heifers for the first 15 weeks of the lactation and using random regression model, also found

the heritability equal to 0.30. The low polygenic heritability for DMI between our and other

studies could be due to differences in sample size as well polygenic vs. mixed inheritance

models used.

Veerkamp (1998) noted that heritability estimates are generally high, especially when

weight is based on the average of more than one measurement. We averaged morning and

evening measurements to estimate the heritability for BW and found 0.24 (0.14) using

polygenic variances and 0.66 (0.09) using mixed inheritance (polygene plus major gene)

variances. The 95% HPDR did not include zero (Table 2) for mixed inheritance

(polygene+major gene) heritability. Karacaören et al. (2006) found heritability estimates of

0.22-0.53 (SE: 0.17-0.20) using random regression methodology. Other literature estimate,

obtained with multitrait analyses, for example, by Tveit et al. (1991) was 0.65 or by Swendsen

et al. (1994) was 0.64, and agreed with our results. In general, there were no literature

estimates on mixture inheritance model heritabilities for MY, DMI and BW in dairy cattle and



5 Chapter Investigation on major genes 82

hence our results could not compared; but only for MS where mixed heritabilities were

reported to be higher than polygenic heritabilities (Ilahi and Kadarmideen 2004).

Evidence of Major Gene for Functional Traits

In general it is known that segregation analysis is not robust to violations of distributional

assumptions (e.g. Kadarmideen and Ilahi 2005, Igo et al., 2006) so we adapted a two-stage

validation approach. First, significance testing using 95% HPDR on posterior distribution of

parameters and secondly, checking Mendelian transmission probabilities to guard against any

violation of normality or false positives due to environmental factors affecting the results

Milk Yield The results of segregation analyses of MY are given in Table 1. Polygenic

variance was found to be smaller than the major gene variance (Figure 2 and Figure 3).

Existence of the major gene for MY is confirmed by the 95% HPDR which did not include

zero. This could also be interpreted as, rejecting null hypothesis of no segregating major gene

for MY, at 95% significance level. Dominance effect was found to be quite higher than the

additive effect which is not expected. Results of 95% HPDR for Mendelian transmission

probabilities are given in Table 3. Since there is no overlapping of 95% HPDR among

homozygotes, it was concluded that inheritance of this trait is Mendelian and there could be a

major gene. This result agrees with latest studies that found QTL for MY (e.g. Chen et al.,

2006; Olsen et al., 2002).
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Table 3. Left and right bounds of highest posterior density regions for transmission

probabilities, presented as the probabilities to inherit an A allele from AA, AB, and BB

genotypes

Milk Yield Transmission

probability

HPD95-

left

HPD95-

right

Pr(A|AA)
Pr(A|AB)
Pr(A|BB)

0.94

0.46

0.00

1.00

1.00

0.83

Milking Speed Transmission

probability

HPD95-

left

HPD95-

right

Pr(A|AA)

Pr(A|AB)
Pr(A|BB)

0.42

0.14

0.00

1.00

0.96

0.72

Dry Matter

Intake

Transmission

probability

HPD95-

left

HPD95-

right

Pr(A|AA)

Pr(A|AB)
Pr(A|BB)

0.07

0.00

0.00

0.64

0.26

0.86

Body Weight Transmission

probability

HPD95-

left

HPD95-

right

Pr(A|AA)

Pr(A|AB)

Pr(A|BB)

0.60

0.26

0.00

1.00

1.00

0.72

Milking Speed. Major gene variance was found to be higher than the polygenic variance

(Table 1). Since 95% HPDR included zero (Tablel) null hypothesis could not be rejected, and

it is concluded that there is no major gene for milking speed. This agrees with results of Ilahi

and Kadarmideen (2004) for who analyzed evidence for major gene in 3 breeds on Swiss

dairy cattle using a national database. Mendelian transmission probabilities for 95% HPDR

was found to be overlapping (Table 3), again confirming the absence of Mendelian

inheritance.
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Figure 2. Marginal posterior distributions of polygenic variances for milk yield, milking

speed, dry matter intake and body weight.

Dry Matter Intake. The 95% HPDR of major gene was found to be bimodal (Table 2) which

indicates 2 different models (polygenic and major gene) corresponding to these two regions.

Smaller region (0-0.53) could be explained by polygenic model which includes zero. The rest

(0.84-7.61) of the variation could be explained by the major gene. Although major gene

variances were found to be higher than the polygenic variances for DMI (Table 2),

investigation of 95%> HPDR for Mendelian transmission probabilities showed that there is no

major gene for DMI. However more data are needed to confirm this negative result.

Body Weight. Major gene variance was higher than the polygenic variance for BW (Table 2).

The 95%) HPDR did not include zero (Table 2) which confirms presence of segregating major

gene. But 95%> HPDR for Mendelian transmission probabilities showed that probabilities for 3

genotypes were overlapping (Table 3). Hence it is concluded that segregation is not

Mendelian for BW.
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Figure 3. Marginal posterior distributions of major gene variances for milk yield, milking

speed, dry matter intake and body weight.

CONCLUSIONS

A Bayesian segregation analyses was conducted to investigate the mode of inheritance of

MY, MS, DMI, and BW. Results showed evidences for existence of major gene for MY, DMI

and BW using standard statistical significance testing based on 95% highest posterior density

regions. A further validation of this evidence for major genes using a test for Mendelian

transmission probabilities did not, however, strongly support the evidences of major gene for

DMI and BW. It was the first attempt to investigate presence of a major gene for DMI and

BW. Since results were based on experimental station data, sampling size was not large

however since repeated measurements used for each cows: it could be expected that this

should have improved the estimates of the parameters. These results also indicate that it
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would be worthwhile to collect more data and conduct candidate gene analysis or quantitative

trait loci mapping for these functional traits.
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FILTER: APPLICATION to BODY CONDITION SCORES in DAIRY
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ABSTRACT

Main aim of this study was to investigate the usefulness of Kaiman Filter (KF) Random Walk

methodology (KF-RW) in prediction of breeding values of traits observed in animals. We use

body condition score (BCS) from dairy cattle for illustrating the use of KF-RW. BCS was

measured by the Swiss Holstein Breeding Association during May 2004-March 2005 for 7

times approximately at monthly intervals from multiparous dairy cows («=80) stationed at the

Chamau research farm of the Swiss Federal Institute of Technology, Switzerland. Benefits of

KF were demonstrated using recursive least squares and random walk models. Breeding

values were predicted over days in milk for BCS by KF-RW. Variance components were

predicted by Gibbs sampling. Lowess and KF-RW were compared under different

longitudinal experimental designs, and results showed that KF-RW gave more reasonable

estimates especially for lower smoother span of lowess. Effect of different number of subjects

and number of observations per subject on estimates of variance components and states was

investigated. Estimates of variance components were found more accurate when the number

of observations and number of subjects increased and increasing these quantities decreased

standard errors. Fifty subjects with 10 observations each, started to give reasonable estimates.

Posterior means for variance components were found 0.03 (0.006) for animal genetic variance

0.04 (0.007) for permanent environmental variance and 0.21 (0.02) for error variance. Since

KF gives online estimation of breeding values and does not need to store or invert matrices,

this methodology could be useful in animal breeding industry for obtaining online estimation

of breeding values over DEVI.
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INTRODUCTION

A filter is a device that is used for example to separate water from particles. By analogy this

idea was extended to separation of signals from noise (Grewal and Andrews, 2001) in

engineering context. The observed value of the time series is the sum of signal and noise that

may be regarded as random effects that differ in spectra (Robinson, 1991). Kaiman Filter

(KF) was invented by Rudolph Emil Kaiman at 1960 (Kaiman, 1960), although the idea of

the filter could be traced earlier to 1960's. KF was referred by Grewal and Andrews (2001) as

the greatest achievement in estimation theory of the twentieth century. The object of filtering

is to update our knowledge of the system each time a new observation is brought in (Durbin

and Koopman, 2001). Since KF is a recursive estimation method, different from least squares

estimation, advantages could be defined as; with the KF i) we do not have to wait for

collecting the whole data set to do estimations hence estimates are available as soon as

measurements are taken ii) we do not have to invert matrices, and iii) matrices are

proportional to order of polynomials, hence it is independent from the dimension of the data

set (Zarchan and Musoff, 2000).

KF was defined with Bayesian features by Harrison and Stevens (1971) as Bayesian

Dynamic Linear Model (Meinhold and Singpurwalla, 1983) although West and Harrison

(1997) quoted as ""Bayesian forecasting is Kaiman Filtering" is akin to saying that statistical

inference is least squares". Migon et al. (2005) described some special characteristics of KF

as following; i) all relevant information's are used, including history, factual or subjective

experiences, and knowledge of forthcoming events ii) routine forecasting is produced by a

statistical model and exceptions can be considered as an anticipation or in a retrospective base

iii) prospective (what happened) and retrospective (what if) analysis are easily accommodated

iv) model decomposition, a full Bayesian forecasting model may be decomposed into

independent dynamic linear models, each one describing particular features of the process

under analyses.

KF methodology could be useful in animal breeding industry when analyzing very big data

sets since it does not need store or invert matrices. In addition online estimation of breeding

values could also be useful for selection schemes. As was shown by Van Bebber et al. (1999)

KF also could be used for detecting false measurements in experimental farms.
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We investigated the possible application of KF-RW (Kaiman Filter- Random Walk) in

field conditions. In this context, we chose body condition score (BCS) in dairy cows

(Kadarmideen and Wegmann, 2003; Kadarmideen, 2004). Body weight, feed (dry matter)

intake and milk production level together form an important cluster of functional traits that

determines the amount of fat reserves stored in the body; this is now recorded in many

countries as 'body condition score' or BCS (Kadarmideen and Wegmann, 2003;

Kadarmideen, 2004). A common body condition scoring system has been developed to

estimate the BCS of cows in a herd. This system provides producers a relative score based on

an evaluation of fat deposits in relation to skeletal features. The scoring method involves a

manual assessment of the thickness of fat cover and prominence of bone at the tail head and

loin area. The most widely used body condition scoring system for dairy cattle assigns scores

from 1 to 9 in North America and from 1 to 5 in most European countries, with the lowest

score meaning emaciated and carrying virtually no fat and the highest score meaning

excessively fat. Veerkamp and Brotherstone (1997) estimated variance components for BCS

at calving and for average BCS over the first 26 wk of lactation; they reported heritability

estimates for BCS ranging between 0.24 and 0.43. Jones et al. (1999) reported for Holstein

Friesian heifers moderate heritability estimates of BCS, varying with stage of lactation from

0.23 to 0.28.

Sallas and Harville (1981) suggested to use KF for prediction of breeding values for

consecutive lactations. Hudson (1984) compared reduced animal model and KF. The main

aim of this study was to provide theoretical developments of KF-RW in the context of

adapting it to analysis of animal breeding data with an emphasis on application of KF-RW in

predicting breeding values over DEVI for BCS. This would be the first use of KF for

predicting breeding values over DIM. Simulations are performed to check the validity of

methods and comparison of different sub-models.
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MATERIALS and METHODS

Statistical Models and Analyses

Recursive Least Squares Model. For demonstration purposes we investigated least square

estimation in recursive form. We followed notation of Zarchan and Musoff (2000). Suppose

we tried to fit model using first order polynomial for estimates of statex
, x,

t\- — *'*n Cti t t

Our aim is to find the best fit, hence prediction of a0 and al. According to least square theory

we could find the best estimate of this quantity as minimizing the following

*=E&-*;)2 (i)
k=\

where x*k is observation at time. Estimators could be obtained as setting the derivatives of a0

and al to zero in (1),

an

a,

n £:
k=\

.

k=\ k=\

k

-1
n

2^xk
k=\

2

k

\_k=l J

(2)

where xk = (k-Y)*Ts as k varies from 1 to n and Ts is sampling interval. According to (2)

zeroth order estimator of a0, â0, obtained as

T.-
xk — a0 (3)

In order to make (3) recursive, we can add and subtract the preceding state estimate to the

numerator of the (3) yielding,

1 * ,

Xk = Xk-\ + y \Xk
~

Xk-\ )
k
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where — is Kaiman gain. Simulation design and Fortran code used here were given by
k

Zarchan and Musoff (2000) to demonstrate the benefit of recursive estimation.

Random Walk Model For demonstration purposes we used random walk model and it is

given below.

yt =at+et, et oc n(o,ct2)

aM=at+7it,ntccN(o,a2n) (4)

In (4) the first equation is called the observation equation and the second equation is called

the state equation. We assumed that observations,^, depend on an unobservable quantity,

at, and our aim was to do statistical inference on at (states). We assumed constant variances

for st and rjt as a2 and a2n respectively with independent, identically and normally

distributed random variables with zero means. Lowess (R, 2004) smoother was used to make

comparisons with random walk model (4) in recursive form (KF-RW).

Parameter values assumed were <r^=100 and <re2=25 for simulating observations, y, from

random walk model. A total of 1000 Gibbs cycles with first 50 cycles used as burn in period

were used to obtaining estimates of states, 6, and variance components a 2n, a] .

For genetic analyses, the following mixed model is normally used in animal breeding;

y = Xß + Zaa + Z n + e (5)

where y is the vector of observations, ß is the vector of fixed effects, a is the vector of

breeding values, p is the vector of random permanent environmental effects, X, Za, Zp are

design matrices and e is the vector of random residual effects.

For the random effects it was assumed that

Var

ao

Po

veoy

-N 0

0

0

\G2

0

0 1er;
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'O
Vor <N

\-AUrf

p,-l

0 0

0 \a2p 0

0 0 \o„

where<r2
,
a2, and <r2 ; are genetic, permanent environment and error variances. A is the

additive genetic relationship matrix for the animals; I is an identity matrix.

In the following, we show general assumptions used in KF-RW method, based on Bayesian

principles. Proportional joint posterior distribution without constant terms given in (6) using

(5) based on following recursive relationship (West and Harrison, 1997);

p(et|e(_t),7jxp(et|et_1,7t_1)p(et+1|et,7t_1)p(7t|et,7t_1),

f{y\b, 2 2 2 )x(CTe2)^expf-i(y-Xb-Zaa-Zpp)'(y-Xb-Zaa-Zpp)/<

:k)^exp[-Ia;A-V^2 fl(o2a)J^ expf-i(at -a.jA-'k -.t,W

x(a2)^expf-^p;Pl/a2 tlivlV'"" exp[ -|(p, -P,_,)'r'(p, -P,_,)/<t

k)^' exp
2o2

k) 2 > exp
2o2

kvt exp
vpSp
2a2

(6)

Last line of (6) are product of density of scaled inverted chi-square distributions assumed

prior for variance parameters. After algebraic manipulations conditional distributions could be

written as following,

ôtk2,aj,a.2,at,pt,j;t~Jv((x'x)-1X^-Z.a-Zppt)i(x'x)-1<T.2)

f

N _LZ' z +1A-1
^-2 at at 2

w

K^e

atFa,°P,°e,bt,Pt,yt

^Z'(yt-XA-Zptpt) +^A> -i-Z'Z +^-a-1
^-2 at at 2

PtFa>°r»°e>at>bt>Pt>yt
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f

N

W
Vz'^-x.b.-z^aJ+^-rV

ptt~t/ 2 *+l

ap J

f
-\\

aa\av*ae*Pt*at*KPt*yt
Xdf

fe+vu2 2 2 7 V^ P
' '

P" P >

°V\°a^e,Pt,at,ht,Pt,yt
—

Xdf

(a+vA)
cvpl,c\,Pt>at>KPt>yt ..2

x.DF

where in the last two line Qa, Q and Qe stands for quadratic form of the respective error

terms and DF degrees of freedoms.

Implementation

All computations were made in R (2004), using the package called MASS (Venables and

Ribley, 2002) implemented in R, for sampling from multivariate Normal distributions, and

Fortran (2000). We demonstrated the benefit of recursive estimation based on least square

theory. We compared KF-RW and lowess approach. We investigated effect of different

number of subjects and different number of observations per subject on estimation of both

states and variance components. Finally we applied the theory to animal breeding data to

predict breeding values over DEVI.

Application of KF-RW method to BCS Data

BCS was measured by the Swiss Holstein Breeding Association as described by Trimberger

(1977) using 1 to 5 scale, during May 2004-March 2005 for 7 times approximately at monthly

intervals from multiparous dairy cows («=80) stationed at the Chamau research farm of the

Swiss Federal Institute of Technology, Switzerland. The experimental procedures of the farm

followed the Swiss Law on Animal Protection and were approved by the Committee for the

Permission of Animal Experiments of the Canton of Zug, Zug, Switzerland. Results of 7 BCS



6 Chapter Kaiman Filter 99

sessions split into 4 periods over DIM to reduce number of missing values. Missing values

filled in with subject specific averages. A summary of the dataset used for BCS analysis is

given in Table 1. The pedigree file included 637 animals.

For genetic analyses of BCS following mixed model was used;

y = Xß + Zaa + Zpp + e (5)

where y is the vector of observations included 320 (80 animals, with 4 repeated measurements

each) observations, ß is the vector of fixed effects including breed («=80; bx =Holstein-

Friesian, nx =42, b2= Brown Swiss, n2 =38) age at calving, and year-season interaction, a is

the vector of breeding values, p is the vector of random permanent environmental effects, X,

Za, Zp are design matrices and e is the vector of random residual effects.

Table 1. Number of records, means, and standard errors for body condition scores for some

selected days of first lactation.

DEVI Body Condition Score

n X SE

1 80 3.24 0.006

75 80 3.16 0.005

150 80 3.22 0.005

305 80 3.21 0.006

RESULTS AND DISCUSSION

Recursive Least Squares Model for Simulated Data Sets

Simulation results of zeroth order recursive least squares given in Figure 1. Results showed

that increasing number of observations made predictions more accurate.
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Figure 1 Simulation results for zeroth order recursive least squares

Figure 2. Errors for estimated parameters with theoretical error bounds

A five run Monte Carlo results agree with theoretical boundaries (Figure 2)
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100

Figure 3. Simulation results for second order recursive least square.

Simulation results of second order recursive least squares is given in Figure 3. Again the filter

is able to track the true series especially when the number of observations increased. Different

from ordinary least squares estimation, recursive least square does not have to store or invert

matrices as given in (2). In addition with recursive estimation we do not have to wait for

collecting all data set, estimations are available when the measurements made.

Random Walk Model for Simulated Data Sets

We compared estimations of observations from random walk model with different smoother

spans for lowess and KF-RW (Table 2 and Figure 4). Predictions were found to be both

reasonable by KF-RW models and lowess approach. However mostly KF-RW estimates

found were better than those of lowess estimates (Table 2). In addition tracing the random

walk was better with KF-RW especially compared with lowess by bigger smoother span

values (Figure 4). Small values for smoother span (e.g. f=0.01) gave more reasonable results.
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Table 2. Means of predictions of observations simulated from random walk model by

different smoother spans for lowess and Kaiman Filter random walk methodologies.

smoother span observations lowess Kaiman Filter

f=0.1 201.19(0.12) 202.96(0.02) 202.78(0.08)
f=0.5 199.40(0.11) 201.32(0.06) 199.71(0.07)
f=0.7 261.40(0.25) 264.42(0.21) 263.57(0.23)
f=0.9 157.08(0.17) 162.35(0.12) 159.15(0.15)
f=0.01 203.62(0.13) 202.93(0.06) 204.71(0.09)
f=0.05 160.75(0.15) 161.41(0.11) 161.51(0.13)
f=0.07 184.61(0.16) 182.30(0.13) 185.08(0.14)
f=0.09 116.91(0.18) 119.25(0.15) 117.42(0.17)

We also investigated effect of different sampling sizes to state and variance components

estimates (Table 3) from KF-RW. Estimates of states were getting closer to observations as

number of observations and number of subjects increased. Also it was observed that

increasing both quantities decreased the standard errors. Variance components estimates were

found to be more accurate when the number of observations and number of subjects

increased. Again increasing these quantities decreased standard errors. Fifty subjects with 10

observations each, started to gave reasonable estimates.
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1^0.01 f=0.05

fcO.07
f=0.09

Figure 4. Simulation results from random walk model and estimates from Kaiman Filter Random Walk (states) and lowess for

different smoother spans, f,.
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Table 3. Means of estimates of states, #, observations, y ,
and variance components. Standard errors given in bracets.

Number

of

subjects

Number of Observations

5 10 20 50

0 y 0 y 0 y 0 y

50 198 80(0 04) 198 85(0 05) 201 08(0 02) 201 02(0 02) 200 67(0 02) 200 67(0 01) 196 57(0 009) 196 52(0 001)

100 200 77(0 02) 200 87(0 03) 200 19(0 01) 200 24(0 01) 200 02(0 008) 199 92(0 009) 197 75(0 005) 197 55(0 005)

200 199 58(0 01) 200 38(0 02) 199 33(0 006) 199 58(0 07) 200 00(0 004) 200 04(0 004) 200 72(0 002) 200 68(0 002)

500 199 46(0 004) 199 54(0 005) 199 66(0 003) 199 63(0 002) 199 42(0 001) 199 35(0 002) 200 89(0 0009) 200 98(0 001)
1000 199 63(0 002) 199 86(0 002) 199 95(0 001) 200 08(0 001) 199 48(0 0009) 199 53(0 0007) 200 05(0 0005) 200 04(0 0005)

Number of

subjects
Number of Observations

5 10 20 50

n
à] à2

n
à]

n
à]

n
à]

50 71 00(0 13) 40 52(0 12) 26 01(0 03) 102 58(0 07) 29 43(0 02) 99 97(0 01) 26 07(0 004) 103 99(0 01)
100 95 58(0 10) 35 71(0 11) 25 42(0 01) 101 56(0 04) 3134(0 01) 93 88(0 02) 26 39(0 003) 92 62(0 007)
200 97 38(0 05) 33 92(0 05) 27 91(0 01) 94 67(0 02) 23 44(0 003) 98 43(0 009) 26 92(0 001) 102 15(0 003)

500 100 31(0 02) 36 02(0 02) 25 47(0 003) 99 64(0 009) 23 18(0 001) 102 09(0 001) 25 10(0 0005) 99 32(0 001)
1000 97 75(0 007) 20 94(0 01) 23 16(0 001) 10198(0 004) 23 71(0 0007) 100 93(0 002) 24 47(0 0003) 100 59(0 0008)

â2 : Estimates of error variance

a2 : Estimates of states variance
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Figure 5. Scatter plots of gibbs samplings for error, permanent environment and animal genetic variances.
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Prediction of Breeding Values for Body Condition Scores by Kaiman Filter

We analyzed BCS data for permanent environmental variance and without genetic effects in

order to decide number of gibbs cycle and burn in period. Repeated runs of the same analyses

for the same priors showed that monte carlo errors were small. Two thousand gibbs cycles

with 200 burn-in period found reasonable. However since each cow consisted of small

number of repeated measurements (n=4) different prior values gave different estimates,

especially for smaller values of scaling factors, s, (Table 4).

Table 4. Estimates of state {&„ ) and error variances (<r2 ) for different parameter values of

scaled inverted chi-square prior distributions (v degree of belief, s scaling factors)
v=0.01 v=l v=2 v=3 v=4 v=5

M àl M àl M àl M à2e M àl M à2e

s=\ 0.0005 0.18 0.02 0.18 0.04 0.19 0.04 0.20 0.05 0.21 0.06 0.21

s=0A 0.00009 0.18 0.04 0.18 0.009 0.17 0.01 0.17 0.02 0.17 0.02 0.18

s=0.5 0.0003 0.18 0.01 0.18 0.03 0.19 0.03 0.19 0.04 0.19 0.04 0.19

Standard errors varied between 0.000001-0.14

Increasing the scaling factor, s, gave more stable estimates, hence v=5 with s=0.5 chosen for

parameters of scaled inverted chi-square prior distribution for genetic analyses of the BCS

data.

Results of gibbs samples given in Figure 5 as scatter plots. Since no paterns were observed in

the Figure 5 for all variance components; it was decided that sample size was reasonable.

Posterior means for variance components found 0.21 (0.02) for error variance, 0.03 (0.006)

for animal genetic variance and 0.04 (0.007) for permanent environmental variance.

Estimates of breeding values, permanent environment variance and body condition scores

given in Figure 6, Figure 7, and Figure 8 respectively. Figure 8 showed that predictions were

reasonable. In this data set variation was quite small among and between animals (Figure 6,

Figure 7).
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Figure 8. Comparison of predictions and respective body condition scores observations for first 4 animals.
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CONCLUSIONS

We provided a general theoretical framework for use of KF-RW in the analyses of animal

breeding data, with an emphasis on application of KF-RW in predicting breeding values for

BCS measured as a longitudinal trait. Simulations were also performed to check the validity

of methods and comparison of different sub-models. Although we used random walk model;

model choice depends on the variability and prior information about the data, different models

could be more realistic in different applications. Since random walk model is not stationary it

may not be suitable for animal breeding data under certain settings. We assumed constant

variances for state and error components over DIM, however this assumptions could be

extended for time dependent variance components models, and it could be claimed that this

would give more realistic results. Since KF gives online estimation of breeding values and

does not need to store or invert matrices, this methodology could be useful in animal breeding

industry for obtaining online estimation of breeding values over DEVI.
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General Discussions and Conclusions

The main aim of this research project was to phenotypic and genetic analyses of the functional

traits from dairy cattle kept under experimental station.

This study estimated genetic parameters of daily observations on several functional and

production traits and correlations among them over DEVI using the random regression

methodology, using dairy cattle kept under experimental conditions. Permanent

environmental effect was in both the uni- and bi-variate models but was assumed constant in

estimating some genetic correlations because of the convergence problems. Results on daily

genetic variance-covariance of many functional traits are reported for the first time and would

be useful when constructing selection indices for more than one trait, based on longitudinal

genetic parameters. This is one of the very few studies that investigated estimation of

heritabilities and genetic correlations on a daily basis for a variety of functional and

production traits. This study also estimated genetic correlations by considering the same trait

to be different depending on the stage of lactation. Although, based on experimental data,

these results showed important patterns of genetic properties and relationships for many traits

that are important for national dairy cattle breeding programs. These parameter estimates

would be useful to construct selection indices for more than one functional trait, based on test-

day specific genetic correlations, and to change the trajectory of genetic profile/patterns.

However statistics that capture the longitudinal nature of the measurements should be created

for functional traits, as it is done for MY using persistency, in order to place the information

into the selection indices. Since the sampling size was not large (as is typical for an

experimental farm), results should still be interpreted carefully and confirmed in different

cattle populations.

We also investigated relationships among BCS, MY, MS, DMI, and BW using principal

components, regression and clustering analyses using dairy cattle kept under experimental

conditions. Principal component analyses with correlation matrix was used to find the

relationship among BCS, MY, MS, DMI, BW and other fixed effects including breed, year at

calving, season, parity and year-season interaction. It was found that for all functional traits

first four principal components explained more than 70% of the total variation. Determination

coefficients of principal components regression and linear regression based on explanatory
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variables were compared. It was found that trading loss of accuracy using principal

components scores instead of explanatory variables benefited reduction of dimension of

explanatory variables and broke collinearity. Relationship among type traits and functional

traits were also investigated. Results showed that first four principal components were

informative enough except for MS and DMI. Hence MS and DMI predictions were not that

accurate as for the BCS, MY, and BW. In order to achieve certain accuracy level more

principal components could be used. Clustering analyses was performed based on different

linkage methods and results showed the clearly understandable patterns of physiological

relationships among functional traits. Since the data was from experimental farm where each

cow was fed by her MY performance one would expect MY to be associated with MS and

DMI in the same cluster. BCS is correlated with BW and all these functional traits are related

with mean lactation curve. However, different linkage methods produced different clusters of

traits, with most of the functional traits differentially discriminated in the same clusters.

Principal components could be used for all functional traits and would be useful in both

dimension reduction and avoiding collinerarity problems, common in the analysis of closely

related functional traits such as body measurements or fertility. Type traits as a predictor of

MS and DMI were less accurate with only 4 principal components but with increase in the

number of principal components, accuracy is expected to increase.

A Bayesian segregation analyses was conducted to investigate the mode of inheritance of

MY, MS, DMI, and BW. Results showed evidences for existence of major gene for MY, DMI

and BW using standard statistical significance testing based on 95% highest posterior density

regions. Data were modeled based on simple repeatability covariance structure and analyzed

using Bayesian segregation analyses. Standard segregation analysis supported evidence of

segregating major gene for all traits except MS. With additional tests for agreement with

Mendelian transmission probabilities, we could only confirm the existence of major gene for

MY, but not for MS, DMI and BW. It was the first attempt to investigate presence of a major

gene for DMI and BW. These results also indicate that it would be worthwhile to collect more

data and conduct candidate gene analysis or quantitative trait loci mapping for these

functional traits.

Usefulness of Kaiman Filter (KF) was investigated by simulated data sets and the theory

applied to BCS data set. Benefits of KF were demonstrated using recursive least squares and

random walk model. Breeding values were predicted over days in milk. Variance components
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were predicted by Gibbs sampling. Lowess and KF were compared under different

longitudinal experimental designs, results showed that KF gave more reasonable estimates

especially for lower smoother span of lowess. Effect of different number of subjects and

number of observations per subject to variance components and states estimates was

investigated. Estimates of variance components was found more accurate when the number of

observations and number of subjects increased and increasing these quantities decreased

standard errors. Fifty subjects with 10 observations each, started to gave reasonable estimates.

Although we used random walk model depends on the variability and prior information about

the trends in the data, different models could be more realistic in applications. Since random

walk model is not stationary it may not be suitable for animal breeding data under certain

settings. We assumed constant variances for state and error components over DEVI, however

this assumptions could be extended for time dependent variance components models, and it

could be claimed that this would give more realistic results. Since KF gives online estimation

of breeding values and does not need to store or invert matrices, this methodology could be

useful in animal breeding industry for obtaining online estimation of breeding values over

DEVI.
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