3
x
x
x
v
v
v
v
v
o
?

5

K::;ﬁ.?ﬂ?ﬂ?ﬂ?ﬂ?ﬂ‘aﬂ?ﬂ.?ﬁ?ﬁ ﬁ';‘0?ﬁ'?0?'{‘?0‘?'{‘?Q‘?i‘?Q‘?i‘?0?'{‘?0?'{‘?0’?ﬂu‘?ﬂef‘?q?f‘?qef‘?q?f‘?qecfgq LY Q\ ﬂ\ 0\ ﬂ\ q\ ﬂ\ q\ «\ q\ «\ q\ «\ u\ «\ n\ u\
® T QLA / D-05/2021¢%
< IASRI/PR-05/2021:
ol Institute Project Code: AGEDIASRISI L20180l300122“"
s £
Y o
N . \ . g
& FEM_ITd & RERC JAbed= TR eI &
Y Y
Y Y
R"Q‘ - - - mgm “;?
¢ Study of Robust Estimation of Heritability &
5 5
i &
i« &
i £
i £
& , 82 DG, &2 SR &
N )
ﬁ:i f fpamell @1 saAw i
s A@ab/??’lllnﬁaa@aﬁaﬁﬁﬁl £
S i
g Agrésearch with a % uman fouct i
< 3
i« i
« . . . . «
£ vaale, Ran dEv U, W 9T, T s (30 AT |, 2021 %) &
N Yy
8 &
= A. K.Paul , Himadri Sekhar Roy, Ranjit Paul, L.M.Bhar (up to 30" July,2021) &
i -
Y

Y

Y

i - -

Y Division of Statistical Genetics

®

oy

i

o

i

N

< (\W)) M5 amgu.- TR PR iR srga wRe
AT Ty, gE, ¥ faweh —110 012
E: "{gﬂ" I.C.A.R.- Indian Agricultural Statistics Research Institute 3
< Library Avenue, Pusa, New Delhi — 110 012

< Www.iasri. icar.gov.in

f
'
i

\

g (2021)




SILRE]

U U HEwaqul ATgdfRe IRMeR § 3R gaRipide Tl yoid & gRI

AEATHD ¢¢ H GER T o9 & ol Aiud wd ¥ YANT a1 SI1ar & | aemerd
@ LI 3R TS T Th A%l Joid HrdshA & ford #gaayel g1 digr &k Oy
U 3fibel H ds FdgRe Rafaal & T@r a1 g f& U101 &) Wa= w3
faRa =21 far a1 @ qen Uervil & 99 ) UeR & Agdey Aisg © | Nds!
® Feded ygiadl @ SURAfT H, et & dr WAl bl dAribel FRM Bl
Iocrae fhaT AT 2| AEAYY] PG’ b YR b (ARG gehl W OgAAl Ui
IR UY UsHBI # UM WU | 39 UHR, A dfie yeRvll der gAmRT,
@ Apodd IR H IAd I § | A= galie WRHeR & b &
IR TR U 3R U Uoidh BRIHH & FReHIT I 987 Aeaqul ¢ |

& mar A= SRS gRT IRITTATAT &1 AR HT 75 & | I§ < AT &
5 Feday Ueon @ SURAfT H, FfC gcal | §Ho Af¥e Wfad fGar S dsa
g | Saferd ardfds Agfeed Ff Tcd W U O Fa | Aol Tdh Afed <@+
HI AEAWIHAT & OBl FC D BRU WIS IT IAKAS AGBH F¢ Aled W
Uga ® HH IIN EREAHD dacld [hal S Fhdl @ I8 ghler’d AIRGDHI
@ qolg QFI SAARID Td URedl R R dEi+d a¥dh Ud BRe UR JeAldhT DR
B & AAT US4 A1 o Fod A3 DI IRYEAT dA GargAad D el D
HIAA A D AHdl © | A YBR MRS IRFIC & dha & o ARTDH
Sfearr o Aefrd o< o9 Fedt wifera oralRie @ &3 § ta Ag@yef
FARIhel Aoy #, aridpel § SURYT Igddy &I SUeTl &I oIl & | bl &
Aeday Ugfrdl & Hecdqul SURYfT H &4 Asded UWE bl SUeT 8l B Febd
21 59 ®RU gaferd, 39 Rufqdi den favewor &1 Sl &1 g1 smawgs 8
AT © Fifh YA Gedhl & b B & ol Rigia sgdey Ffedl & fo
Dad e H SURYT T | ST NI FTd & aRe Al TR IdA
SIE AT, 2018 H Y DI g A | g8 RIS RideR, 2021 Tb db Alhy ol |
UM & Aol UR AFHG dYdel & GUITd al IR—IMaRe HR®I &
g R WEEdd FC @ g9 SR wedey Ffedl & IuRYfT H ATaRiedr &
BT R I8 U9 & U9 P FHGAAIHS W0 d’d YhRE & folg
AT & |




AEAdy FfeAT BT IURATT H F=ATT 3T . QAR —3S.U.THIRINE. & ARGDHII
JATARTBT UHHT & ITHT wluszﬁwﬂmzﬁ?ﬁqﬁﬁv‘mWWIH‘éW
HIHITI—HTHHARME & FIRHFDR IARID! JANT & I HIIHA b T 9N
® wU H B g oAl IeFYA Sl YALUAWR, PRAEH [Fevd IR ARISG
ARSI U & UHE, Sl dIbR IEHE, HRAEd e, . IJoig I4lg,
QeI ATHIATU—ATHHIE & ANGe H AT fham Tar o | JHiei s w5 |
RUIe &I ugd iR ITH GuR & foly IWINT Fod <1 & oIy o@d B & 98a
IMIT B | AT Afgar auar, & ddb-ral PRI, shFfkE el de-ar
AWERS (E1-3), &1, THULRIE, FEe g0 ol IUeNI, faveyor, dRofiazor
3R RUE TR B H ITP!] 9890 FEIAl R & ol g=IdIg B & |

3 H IT IMAT I Sl 2 b 9 eFgT | U<l URvH HT T AR IS
HTIHH T & fo gomial & forg STanht 8 |

fRIdeR, 2021 IGECED
T8 fecel



PREFACE

Heritability is an important genetic parameter and is widely used by the geneticist and breeder
for selection and improvement in quantitative traits. The precise and accurate knowledge of
heritability is very important for the success a breeding programme. In the plant and animal
breeding data it has been observed in many practical situations that observations are not
independently distributed and some kind of correlation among the observations exists. In the
presence of significantly correlated trends in the data, the classical assumption of independence
between observations is violated. The information on genetic components of variances of the
important characters is the prime interest of plant and animal breeders. Thus, the estimation of
various genetic variances and inferring about their inheritance, based on estimates of the
different genetic parameters is very important from plant and animal breeding programme point

of view.

In addition to variability explained by different factors, it is seen that in the presence of
correlated observations, something more from the error components can be structured so as to
arrive at truly random error component. So, there is a need to look into a model wherein
structural variation due to error could be further accounted for in order to arrive at independent
or truly random error model. This, therefore, advocates the use and development of statistical
techniques wherein amount of variability due to different causes both at genetic and phenotypic
level can be assessed in a scientific manner and factors can be compared with fairly high amount

of precision and prediction of the breeding values is carried out more efficiently.

Hence, developing statistical approach for estimation of genetic parameters when errors are
correlated as well as presence of outlier, is an important researchable area in the arena of
statistical genetics. In the classical analysis approach of the field experimental data, the
correlation present in the data is ignored. In the presence of significantly correlated trends in the
data, we cannot neglect the correlation effect. Because of this reason it therefore, becomes
necessary to look for these situations and methods of analysis. Since theories for estimating the
variance components available in the literature are only for uncorrelated errors, So the present
investigation on Study of Robust Estimation of Heritability was initiated in March, 2018.The
project was in operation till September, 2021. The publication is devoted to critically examine



the the influence of correlated errors on the inheritance of quantitative characters and the effect
of outlier on the estimation of heritability in the presence of correlated errors.
The investigation was undertaken as a part of the research program of Statistical Genetics
Division of ICAR-1ASRI. The study was conducted under the guidance of Dr. L.M.Bhar, Acting
Director and Head of Statistical Genetics Division, Dr. Tauqueer Ahamed, Acting Director, Dr.
Rajendra Parsad, Director ICAR-IASRI. The authors are extremely thankful the refrees for
critically going through the report and making useful suggessions to improve the same. Our
thanks are also due Mrs SavitaWadhwa technical officer (T9) , Sh. Nitin Joshi, technical officer
(T-3), Sh. S.P.Singh, Technical officer( T-7-8) , for their valuable help in the analysis, tabulation
and preparation of the report.

In the end it is hoped that results emerging from this study will be useful for breeders for
making efficient selection and breeding program.

September,2021 AUTHORS
New Delhi
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INTRODUCTION

1. Background

Occurrence of outlier(s) is very common in every field in which data collection is involved.
An outlier in a set of data is an observation (or an observation vector) that appears to be
inconsistent with the remainder of the observations in that data set. Outlier(s) in genetics and
breeding experiments is/ are also likely to appear. The impact of outlier in plant breeding is
erroneous results in heritability estimation and genomic prediction. Here, our objective is to
develop a suitable robust procedure for heritability estimation. The existing methods are not
robust against the presence of outlier and non-normality of error or random effect for
estimating heritability. There is a need to modify the existing methods or to develop the
robust procedure for estimating heritability under different distributional assumptions of the

random effect as well as the error term.

Since in most of the practical situations in plant as well as animal breeding data the
assumption of independent errors is not fulfilled and they may be correlated. There is little
work (no work) towards the development of methods for estimation of heritability in case of
correlated error and correlated random effect for common dam as well as common dam and
sire. So there is need to develop methodology for estimation of important genetic parameter

heritability by considering the correlated random effects and error structure in the models.

The assumptions of uncorrelated error in Henderson’s mixed model do not hold always in
practical situation. Therefore, there is a need to modify the above model for correlated error
as well as random effect. The researchers estimate genetic parameters by assuming
independent errors. The consequence of this is the upward or downward biased estimates of
genetic parameters depending upon the nature of correlation among errors. So there is a need
to develop breeding value estimation procedure using Henderson’s Mixed model under

correlated errors.

In the plant and animal breeding data it has been observed in many practical situations that
observations are not independently distributed and some kind of correlation among the
observations existscorrelation (Falconer, 1989). In the presence of significantly correlated
trends in the data, the classical assumption of independence between observations is violated.
The information on genetic components of variances of the important characters is the prime
interest of plant and animal breeders. Thus, the estimation of various genetic variances and

inferring about their inheritance, based on estimates of the different genetic parameters is



very important from plant and animal breeding programme point of viewcorrelation
(Falconer, 1989). In addition to variability explained by different factors, it is seen that in the
presence of correlated observations, something more from the error components can be
structured so as to arrive at truly random error component. So, there is a need to look into a
model wherein structural variation due to error could be further accounted for in order to
arrive at independent or truly random error model. This, therefore, advocates the use and
development of statistical techniques wherein amount of variability due to different causes
both at genetic and phenotypic level can be assessed in a scientific manner and factors can be
compared with fairly high amount of precision and prediction of the breeding values is
carried out more efficiently.

In literature, a large number of statistical techniques are available for analysis of data for
random and fixed effects. The development of methods of estimating variance components
was initiated a long age in the early 20" century. Fisher (1925) made a major contribution to
variance component models through initiating the concept of the analysis of variance method
of estimation. Jackson (1939) dealt with a mixed model for the first time in the literature of
variance component estimation. Cochran (1939) initiated for unbalanced data. Henderson
(1953) gave a method of how to use unbalanced data for estimating variance components in a
difficult situation. In the light of the weaknesses (negativity, lack of distributional properties)
of ANOVA (Analysis of Variance) estimators developed earlier, other approaches namely
ML( Maximum Likelihood) REML( Restricted Maximum Likelihood) , MINQUE( Minimum
Norm Quadratic ) etc. were emerged. Again, for examining the relationship among
observations, different procedures are available in the literature. Durbin and Watson (1950)
gave a procedure to check the presence of first order autocorrelation disturbance in the error
term. Diblasi and Bowman (2001) proposed a test statistic and a graphical method, which can
assess the evidence for the presence of any spatial correlation in the data. Wahi and Rao
(2004) studied the effect of fixed effects on the estimate of heritability.Singhet al (2006)
estimate variance components when errors are correlated in half sib data. Costa et al (2009)
use autoregressive multiple lactation animal model for estimating genetic parameters of test
day fat and protein yields. Hence, developing statistical approach for estimation of genetic
parameters when errors are correlated is an important researchable area in the arena of
statistical genetics. In the classical analysis approach of the field experimental data, the
correlation present in the data is ignored. In the presence of significantly correlated trends in
the data, we cannot neglect the correlation effect. Because of this reason it therefore, becomes

necessary to look for these situations and methods of analysis. Since theories for estimating
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the variance components available in the literature are only for uncorrelated errors, so the

present investigation were taken with the following objectives:

2. Objectives:
i.  Development of robust procedure for heritability estimation

ii.  Development of heritability estimation procedure in case of correlated random effect
as well as error

iii.  Development of breeding value estimation procedure using Henderson’s Mixed
model under correlated errors

iv.  Development of appropriate computer programme for the developed methodologies
using SAS/R.



Development of robust procedure for heritability estimation

1.1 Introduction:

The linear mixed model (LMM) is employed in the evaluation of the genetic association of
continuous traits to examine the association between the phenotype and molecular marker. LMM
also serve as the foundation for estimating SNP-based heritability, which is calculated using the
LMM estimated variance. The LMM is based on a number of key assumptions (Laird and Ware,
1982), and caution should be exercised when data contamination (outliers) leads to a violation of
the assumption of the normality of the errors, because not only association analysis results, but
also variance component estimation and the coefficient of determination can be skewed (Lourenc
et al.,, 2011, Demidenko, 2013; Rousseeuw, 1984). In general, it is well understood that the
existence of even a single outlier can have a negative impact on methods based on likelihood
(Huber, 1964). Real-world experiments generate data with unusual observations that are not
always due to measurement errors. Outliers in plant breeding experiments might result from
inherent properties of the genotypes investigated, habitats, or even years (Bernal-Vasquez et al.,
2016; Estaghvirou et al., 2014). As a result, it is critical to not only check the assumptions of the
model, but also develop alternative methodologies capable of producing accurate findings when
the data deviates from the model's main assumptions. To minimize the effect of outlying
observations, robust procedures are designed. A goodness-of-fit measure of interest that can be
seriously affected by data contamination in the classical coefficient of determination (Croux and
Dehon, 2003; Rousseeuw, 1984). Data contamination can affect the classical coefficient of

determination, which is an essential indication of goodness-of-fit.

Robust approaches have been given for dealing with normality violations and other model
misspecifications in the simple linear regression model, and we may identify various robust
alternatives to the classical coefficient of determination in the context of robust linear regression
(Maronna et al., 2006; Renaud and Vitoria-Feser, 2010). When models are fitted using restricted
maximum likelihood, however, the likelihoods of LMMs with different fixed effects structures
cannot always be compared (REML; Pinheiro and Bates, 2000). Maximum likelihood (ML)
estimation solves the problem, but the variance component estimations will be more biased as a

result (Pinheiro and Bates, 2000).In animal breeding, derivative-free (DF) techniques are most



commonly used in variance component estimation by REML (Graser et al., 1987). The
fundamental reason for this is that they just require the REML log-likelihood function to be
computed, as well as a maximization procedure to determine its maximum. In this method, the
direct inversion of the mixed model equations' coefficient matrix, whose size can equal the
whole number of levels of all fitted random effects, can be readily avoided. Although DF-REML
methods have been shown to be the most suitable for univariate analyses (Meyer, 1994), they
have also been shown to be computationally expensive and/or inaccurate in multi-trait analyses,
in which case second-derivative algorithms (e.g. Newton-Rapshon, modified Newton-Raphson
EM, or others) are highly advantageous. In the case of our application, DF-REML is suitable,
and it has the further advantage of being easily robustified by suitably plugging-in robust

estimators in the optimization phase.

In this study, we have implemented robust heritability estimation approaches for estimation
SNP-based heritability when observations in the dataset may be contaminated with outlying
observations. The robust DF-REML estimate method have been described for estimating
variance components using LMMs. Huber's (1964) and Rousseeuw and Croux’s (1993) robust
estimates of scale was implemented for estimation procedure and the computation of the
coefficients of determination, respectively. A real dataset was applied using the robust methods
and different procedures are followed such as heritability and variance components are estimated

using the original data as well as contaminated data.

1.2 Robust estimation in the LMM
A general Linear mixed model can be written as-

Y=XpB+Zute 1)
Where y,.,is a vector of observations,X,,,+1) IS a design matrix for the fixed effects
(intercept included), B,+1)x1 is the vector of unknown fixed effects, z,,4is the design matrix for
the randomeffects, u,.;~N(0,G)is the vector of unknown random effects and e, ;~ N(O,R) is
the vector of random errors. It is assumed that cov(u,e) = 0 and y~N(XpB,ZGZ’+R). Here, G and
R are unknown; R =¢21, with 62 a residual variance which needs to be estimated, which means

that the errors have equal variances and are mutually independent.

Setting R=021 usually constitutes an approximation to the structure of the error variance but, in
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the context of genomic selection in plant breeding, might have the advantage of accounting for
possible unexplained genetic variance, which can be absorbed by the error variance (Piepho et
al., 2012).
Here it is considered that R = 21 and G = 62A(0), where the variance matrix of the random
effects A depends on the vector of | unknown variance parameters = o7 ... ....., 02 /02 .
Following these assumptions, the variance expression of y may be shown as follows:

Var(y) = 02ZA(0)Z' + o2l = cZ¢,
With ¢ = ZA(©)Z' + 1
As we know that, in case of REML estimation procedure, prior to estimating the fixed effects
components, the variance components are estimated. Considering transformation of model (1)

through a matrixU ,,_4+1))xnSUch that UU’= 1 - P and U’U=I, considering P as the orthogonal
projection matrix on X. So, U’Xp = 0 and therefore model (1) can be written as follows:
y*=U’y=U’(Zute) )
where, var(y°) = var(U’y ) = 62 U’¢U = 62 @° and hence y° ~ N(0,c22°)

The REML log-likelihood is written as-
-21(a2,0,y)~(n-(p+1))logad+log | U°pU | +1/a(y’ ¢~ ) ©)

If the @ matrix is known (and thus @°is known), that means the variances ¢ ... ....., oare are

also known, hence the estimate of the residual variance o2can be expressed as-

G2=——y’ ¢ 1y. 4)

n—(p+1)

The REML profile-log-likelihood is expressed after replacing the model expression in (3)-

plik(9|5'ez, y): —le(9|5'3, y) ~ (n-(p+1))loggé+log | ¢ |

(%)

Inversion of the variance-covariance matrix, which is frequently non-diagonal and high
dimensional, is required in Formulation (4).lIts size is determined by the number of individuals
involved, which can range from a few hundreds to thousands in genetic breeding research
(Mrode, 2000; Searle, 1971). Due to numerical instability, direct inversion should be avoided if

at all possible, and the use of a matrix decomposition, such as the Cholesky decomposition, is
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recommended (Czkova and Czek, 2012). @°

If @is a symmetric positive-definite matrix (which implies that @°is also symmetric positive-
definite), one can take the inverse of the Cholesky decomposition of #°; = A= (chok®*)™1, and
transform model (2) to

y"=e” (6)
Now let y* = Ay°and e* = AU'(Zu + e) . Hence var(y*) = o2l and E(y*) = 0, it immediately
follows that y* ~N(0,021)

It can be demonstrated that the log-likelihood of (6) has the same formulation as the log-

likelihood of (3). Furthermore, the estimate of the residual variance is shown as-

62= ——(y*)'y %, (7)

e” n—(p+1)

The above model is equivalent to (4). This estimator of scale is applied in DF-REML procedure
provide an initial estimate of scale in the optimization process (in this case the minimization of
the profile-log-likelihood (5) and where ¢ is also estimated (Graser et al., 1987; Meyer,1989).
The robust DF-REML, initial robust estimates of scale need to be considered, ¢.g. the Huber’s
proposal-11 (Huber, 1964), the robust location-free scale estimate of Rousseeuw and Croux
(1993) or other robust estimates of scale. Only the two previous robust scale estimators are
considered here.

after Robust estimation of © has been done , the robust estimated#® and/ matrices and

subsequently robust estimate of 2 and 52 were recalculated. The robust estimates of the

random effects are obtained as (67, ... .....,02) = 62 x 6. Next, takinga=(choke®)™2, M-

regression is applied to robustly estimate the vector of fixed effects B via the fit of the model
Ay=A"Xp+e (8)

wheree = 4° (Zu + e)~N (0, 6?1)

and the distribution of the observation follows Ay ~ N(X3, o21)

Details on the robust estimation of parameters is given below as a flowchart. The algorithms for

implementing classical and Robust DF-REML estimation algorithm procedure is shown as
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follows:

Table 1: Step by step procedure for Robust DF-REML

Step Model Expected mean | Variance Distribution
1 Y=Xp+Iu+e E(y)=Xp V(y) = 202K + ol N(X, ce®)
- o2(202K +1)
-l

Consider a transformation of step-1 model through an nx(n—r) matrix U:uTxs=0

2 y=UTy=(Xg+lu+e) | E(y°)=0 Viy°)=cfUTau | N©,c80°)
:UT(Iu +e) =o-g<1>°

Assuming @°is known, step-2 model is considered and transform as 4= (chok@)) ™1

3 y =4 =a0T(lure) | E(y*)=0 V(y*) = o2l N, o21)

4 Now we need to estimate &2 from step-3 model
Classical REML: 62 = y*Ty* /(n— (p+1)) Initial estimate of scale
Robust REML: 62 = Qp (y*)2 MAD(y*)2, hubers(y*)2or others

5 Get the profile log-likelihood from step-2:
Ip(o? 168 =68 y) = o~ =8 D i0g(53) - logle

6 Plug-in the classical and robust estimates 52 obtained in step 4 in the profile log-
likelihood function land optimize for &2

7 Now we need to compute &° =UT (262K + 1)U, A= (chok®)) T and final &2 from step-3
model as :
Classical REML: 62 = var(iy®)
Robust REML: 62 =Q,(dy°)2 MAD(4y°)2, hubers(dy°)2 or others

8 Calculate o2 =52 x 52 for both classical and robust estimation

9 Consider a EYM)=X"8 | Viy)=od N(X®4.081)

transformation of

model in step-1 through




matrix 4° = (chok&®)) 1
y* =Ay=A"(Xp+Iu+e)

=X*p+e

10 Estimate the fixed parameters g via model (4)
classical REML.: classical least-squares estimation

robust REML: M-regression

1.3 Estimation of robust coefficient of determination:

Nakagawa and Schielzeth (2013) proposed a general method for obtaining R? from generalized
linear mixed-effects models. They defined a coefficient of determination for the variance
explained by the fixed factors, marginal RZ,, and another for the variance explained by both the
fixed and random factors, conditional R?2.

A general technique for determining R? from generalized linear mixed-effects models was
proposed by Nakagawa and Schielzeth (2013). They explained a marginal coefficient of
determination for the variance explained by fixed factors, marginal R2,and another by using both
the fixed and random factors and conditional RZ.Those coefficients rewrite in the LMM as

2

2

2 of 2
Rin szr+ag+02 and Rin

2

oTrotro? (9)
Here 6? and o2 are residual variance and the unknown genetic variance respectively. ofz is
the variance of fixed effect components. afzcan be estimated by the sample variance of the
elements of the vector X8, i.e. 6]3 = var(XB), here degrees-of- freedom correction ( Snijders
and Bosker, 1999) can be avoided.

Here, for the robust DF-REML approach, esti mate afz is done by using the robust location-free

scale estimator Qn of Rousseeuw and Croux (1993), the Huber M-estimator of scale (Huber,
1981). Both the estimators are implemented using R packages MASS and robust base, under the

A

functions Hubers() and Qn (), respectively. These functions are used to estimates/ and 67 =

Qn (XB)%and 67 = (hubers(XB)$s)?, respectively.




1.4 Linear Mixed Models for heritability estimation:
In quantitative genetics, the linear mixed effects model proposed by Yu et al. (2006), which
assumes a single observation per genotype and is shown as-

Y=Xp+ute (10)
where y is the vector of phenotypic observations;o? is an unknown genetic variance; and e ~
N(O,R = 62D) is the vector of random errors, with g2 an unknown residual variance, and D a
diagonal matrix with entries equal to 1/r;, where r; equals to the number of observations from
which each phenotypic data point was obatined. When there is no information on D then D = 1 is
considered. In any case, rescaling the data with the weight matrix D* = D=%/2 allocates us to

the case where R = ¢21 and therefore we herein consider, without loss of generality, that D = 1.

2
Hence, we have that y ~N( XB, 202K+ ¢2l)with K a kinship matrix. Since var(y) = ¢ (—zif +

e

1) = 02(2Ko? +1) =V , the vector ofunknown variance components that needs to be

estimated is the two dimensional vector 0 = ( 62, 62).

Estimation of narrow-sense heritability is crucial in plant and animal breeding for determining
the response to selection and in human studies for evaluating the potential to predict genetic risk
for disease, among other things. The general formula for estimating heritability is given as

h? = ¢%/(c6? + d?) (11)
where 2 and o2 are the genetic additive and residual variances. Note that (i) only a single
observation per genotype is considered; (ii) u ~N( 0, 02G) with G a genetic/GRM; and (iii) e ~
iid N(0, g2 I).

Point wise SNP-heritability (h2yp)proposed by Yang et al.(2014) suggest to estimate hZyp as
Ranp = (8% + 63 =62 = & .)/(8%+ 62) (12)

where 62 and 62 are the estimates obtained by the fit of model (10) with SNP removed from the

fixed effects component, and 52 and éez are the estimates obtained by the fit of model (10). In
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this work propose, based on the previous model formulations, to estimate h2ypas the difference
between the marginal R? obtained from the fit of the full model (10) and the marginal R?
obtained from the fit ofmodel (10) without the SNP (R? computed as in Section 3), i.e. as

hsz‘NP = ern;(w) - ern;(IO)SNP—out* (15)

The robust DF-REML estimation approach is presented in table 1 as a step-by-step methodology
for the estimation of variance components in LMMs with only one random effects variance
component, such as models The acronyms DF-REML-h and DF-REML-Q, are used to the robust
DF-REML methods that use Huber's (1964) and Rousseeuw and Croux’s (1993). Below we have
briefly discussed M-regression, Huber's (1964) and Rousseeuw and Croux's (1993) respectively.

1.5 M-regression:
The general multiple linear regression model can be written as

y=Xpg+e (16)
under the usual assumptions of independence, homoscedasticity and normality of the

errors,whereyp,1 is a vector of observations, Xpxpis the design matrix for the fixed effects

(intercept included), B, is the vector of unknown fixed effects, and enqis a vector of non-

observable errors with E(e) = 0 and covariance matrix var(e):azln . Note that we are considering

the case where n > p.
The least squares (LS) estimate of g is obtained by minimizing the residual sum of squares,

2
n
BLs =argmin D" (yi - Xje/3) (17)
Foiz1
. -1 . :
where Xj, =(in1,-~-,xip). If X has rank P<nwe obtain g g :(XT ) x Ty, with covariance

-1 P
matrixZﬁLs :aZ(XT j . Since in the classical approach we have e~ N(O,o—zlnjthen BLs is

also the maximum likelihood estimate (MLE) of g. Additionally 3| 5 is an UMVUE estimator of

B (Gauss-Markov theorem).
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When considering robust approaches in the estimation of the unknown parameters, the normality
condition on the error distribution is relaxed and the estimators are obtained by methods other
than maximum likelihood. In this study we restrict our attention to M-estimators, which have
been shown to have good computational and efficiency properties(Maronna et al., 2006;
Rousseeuw& Leroy, 2003). In the M-regression approach, the pestimates are the solutions to
the following minimization problem,

SR =arg min Zn: p(MJ (18)

i\ 7

where p is an appropriate function, rj(#)=yj-Xjegand & some robust estimate of scale,usually
the re-scaled mean absolute deviation (MADnN; Rousseeuw and Croux, 1993):

MAD ) (X)=1.483x med; xj —med;(x; ) (19)
One can easily see that p(x)=x2then R is the least squares estimate. Differentiating (3) with
respect to every gj , and equating to zero we get the p score equations

iw(@}xu =0, j=L-.p (20)

i=1
Although (3) and (5) are not always equivalent, (5) is useful in the search for solutions

to (3). Moreover considering the weights
(g
)

. -1 . . L .
leads to R :(XTWXJ x Twy, where W is a diagonal matrix with elements wi. This shows that

(5) can be solved by Iteratively Reweighted Least Squares (IRWLS) (Holland & Welsh, 1977;
Maronna et al., 2006).
Within the class of M-estimators we have considered the _ function proposed by Huber(1964)
2 /.
p(X)Z X%If |X|Sb (22)
bl(x|~b/2)f |xb
which assumes a quadratic form in the middle of the distribution and a linear one in the tails.

Also, we have taken the tuning parameter b = 1:345 to achieve a 95% asymptotic relative

efficiency when the data are normal and to allow for substantial resistance to outliers when the
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data departs from the normality premise. Changing the value of b allows for different levels of
compromise between efficiency and robustness. Specially, the bigger the value of b, the bigger
the efficiency but the lesser the robustness.
It can easily be seen that in this case, the derivative of p writes as
X |X<b
wp(x)=1b x)b =min (b, max(-b, x)) (23)
~b ifx(-b

1.6 Estimates of scale for the robust DF-REML method

In the case of the proposed robust DF-REML approach, we consider two distinct estimators

of scale:

(1) Huber's proposal 11 estimator (Huber, 1964; equation (9)), which, when consideringa tuning
constant b = 1:5, is known to tolerate up to 26% contamination, i.e, has a26% break down point,
and has 96% efficiency at Gaussian distributions. Huber'sproposal Il estimator is defined by a

function with two components,
v(z2=(vo@wb@?-5))
withyy as in equation (8), z=2"%and g =2d(b)-1-2bg(b)+2b2(1—@(b))with ¢ the density and
o

distribution functions of the Gaussian distribution, respectively. Specially, the estimator is given

as the solution to the following system of equations:

S oma ) -

where the scale and location estimates need to be obtained by iterative procedures. This
estimator corresponds to a combination of minimax results from the location and scale models,
and the estimates of scale and location need to be estimated via iterative procedures (technical

details can be found in Hampel et al., 2011).

(ii) The robust estimator of scale Qn (Rousseeuw and Croux, 1993; equation (10)), which
presents a break down point point of 50% (the best possible one) but has only 82%efficiency at

Gaussian distributions.
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Qn (x) = 2219{xj ~xj i<j}(k)

n

with kz( 7—% the k-th order statistic of the ( 2] inter-point distances.

Again, changing the values of the tuning constant b will allow for different compromises
between Gaussian efficiency and robustness in the case of (i). More detail on this topic can be
found in the works of, e.g., Huber (1964, 1981); Rousseeuw (1984); Rousseeuw and Croux
(1993) and Rousseeuw& Leroy (2003).

1.7 Data description: A dataset has been collected from International Maize and Wheat
Improvement Center (CIMMYT) of wheat improvement. The study consisted of 453 advanced
parental lines from the CIMMYT hybrid wheat breeding program. The lines were planted in 2-
m-long, double-row linear plots, with 20-cm inter-row spacing at El Batan, Mexico (20.83° N,
100.83° W) in 2017 and 2019, and at Obregon, Mexico (27.48° N, 109.93° W) in 2018 growing
cycles. The population was genotyped with the 20K Infinium is elect SNP array by Trait
Genetics (Gatersleben, Germany). The marker dataset was filtered for polymorphism and minor

allele frequency (<5%) and >50% missing data were removed.

1.8 Result and discussion:

We have applied DF-REML estimates in LMMs to to incorporate Huber's proposal Il estimator
and robust estimator of scale Qn (Rousseeuw and Croux, 1993). Both the estimators are well
known for their property of robustness. A real dataset (Wheat dataset) was analysed to detect the
impact of the both robust estimators. Finally these estimators are compared with classical Linear
mixed model and it is seen that robust estimators performed well as compared to the classical
model. Table 2 describes the estimated variance components of the three different approaches
and table 4 describes estimated heritability of three different methods. Here we have
incorporated 1%, 3% and 5% contamination and checked that incorporation of outlying

observations changes the estimated heritability values.
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Table 2: Estimated variance component

Without contaminated

1% contaminated

5% contaminated

10% contaminated

&2 EY &2 62 &2 62 &2 62
Classical 0.41 0.73 0.39 0.86 0.39 1.01 0.43 1.30
Huber 0.33 0.58 0.33 0.65 0.38 0.74 0.37 0.80
Qn 0.35 0.62 0.33 0.64 0.36 0.73 0.34 0.76
Table 4: Comparison of estimated heritability using different methods
Heritability
Without contaminated 1% contaminated | 5% contaminated | 10% contaminated
Classical 0.36 0.31 0.28 0.25
Huber 0.36 0.34 0.34 0.32
Qn 0.36 0.34 0.33 0.31
Conclusion:

In this study, we used robust heritability estimation methodologies in this study to estimate SNP-

based heritability when observations in the dataset were contaminated with outlying

observations. For estimating variance components using LMMs, the robust DF-REML estimate

method has been described. For the estimation technique and the derivation of the coefficients of

determination, Huber's (1964) and Rousseeuw and Croux's (1993) robust estimations of scale

were used. The robust approaches were applied to a real dataset, and several procedures were

followed, such as estimating heritability and variance components using both original and

contaminated data (1%, 3% and 5%). Finally the robust approach is compared with classical

approach. It is seen that for all cases heritability estimates decrease as contamination percentage

increases.
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Development of heritability estimation procedure in case of correlated random effect as

well as error

2. Introduction:

In order to study the statistical properties of the genetic parameters one of the basic
requirements was to simulate the statistical —biological models with the known population
parameters. Basically there are two approaches in the estimation of heritability, one based on
the regression of offspring on parents and other based on sib correlation or sib analysis. Both
the approaches have their own merits and demits. The precision and bias of these estimators
depend on the relationship chosen. In the present we confine only to the estimation of
heritability by sib analysis. The generation of data for correlated and uncorrelated cases are

undertaken in one-way and two way classification model as discussed below.

2.1 Models for Heritability

2.1.1Introduction

Two important simulation models, namely one way and two way nested models( Half- Sibs
and Full — Sibs models) for the estimation of heritability given by Roningen(1974) are used

in this study. A brief discussion of these Monte Carlo methods are as follows:

2.1.2 One Way Classification

The one-way classification or half-sib analysis model can be written as follows:
Yy =puts +e; =128 j=1,2,..,p.

where, Y; is the observed value on the progeny of the j"dam mated to the i"sire,

u is the general mean,

s, is the effect due to i"sire,
&; is the random effect associated with j"progeny of the iMsire.

The simulation model (Ronningen, 1974) to generate half-sib model will be carried out as

follows:

! !
yij :,u+0'3a +O_eaij
Where a’and a; are random standard normal values.

The value of heritability is given by
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4652

2 2
G5 +Og¢

h? =

GSZ = sire variance components , Gg = error variance components

Correlated Case:
Suppose that sires are independent but within sire progenies are correlated. Further, assume
that the correlated errors follow AR(1) i.e.,

e; = p&;(j —1)+n;,m; =random error componets ,

(1)

where|,o|<1,Var(77ij)=16—62 and 7, ~1IDN(0.1) for j>1.

Generate €; using the equation (1). Then, we can generate the correlated observations y;;'s
by using the following modified simulation model:

Vi = H+08 +0.8
Notations have the same meaning as defined above, and e;;'s are the values generated from

equation (1).
In case of AR(2)
e; = 2.8 (i —1)+ p.& (j — 2)+ 1, m; =random error componets

In the similar fashion, we can generate the correlated data for different error structures other
than AR(1) e.g., AR(2), function of a distance, etc.

2.1.3. Two way nested Model

This is popularly known as full-sib analysis model and can be written as
Yije = 4 +S; +dj; +€,
where s, = the effect of i"sire

d;; =the effect of j""dam mated to i sire

€« =the random effect associated with k™ member of the ij™full-sib group.
The simulation model used for generating full sib data is given as follows:
Yk =4+03 +04d; +0,.3

e ijk

Where a;, a;and a;, are standard normal variates.
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Results and discussions:

Data have generated using different heritability values i.e. high and low(0.5, 0.1) Half sib
AR(!):and different sample size 100 and 500 and different correlation of errors A(1) and
AR(2). p=-1to +1. After generating the data variance components are estimated using SAS
varcomp proc. ANOVAML,REML and MIVQUE methods are used. Estimates of
heritability are obtained using the formulae give in the last chapter. Results are tabulated in
different tables.

5.1 Half sib Estimate of heritability and MSE values in case of correlated errors (AR(1))
and different sample sizes for different parametric value of heritability

The data generated from population with low and high heritability for various sample sizes
and family structures. The heritability estimates along with MSE( Means Square Error) are
obtained and shown in Tablel and Table2. It is seen that value of estimates of heritability
changes negative to positive when p changes from -1 to +1. MSE value decreasing up to p=0,
then again increasing p is positive. For p=-1 to p= -0.5 the estimate of heritability is 0 in
case of ML, REML and MIVQUE methods and MSE values are not changing. Estimate value
of heritability are increasing from p=-.4 to p=1 .MSE values are showing the same trend.

Increasing sample sizes it is noticed that the MSE values are decreasing.

2.2Halfsib Estimate of heritability and MSE values in case of correlated errors (AR(2))
and different sample sizes for different parametric value of heritability

The data generated from population with low and high heritability for various sample sizes
and family structures. The heritability estimates along with MSE( Mean Square Error) are
obtained and shown in Table3and Table4. It is noticed that in case of AR(2) if fixing AR(1)
value changing AR(2) values, the MSE value decrease with increasing the correlation value
in general. Sometimes haphazard trends are noticed. We found some good combination of
AR(1) and AR(2) values (-0.6,,0.4),(-0.5,-0.1) , (0, 0) ,(0.1,0.1) and (0.1, 0.5) combinations
are giving better estimates of heritability. Increasing sample sizes it is noticed that the MSE

values are decreasing.
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Table 1: Half sib Estimate of heritability and MSE values in case of correlated errors
(AR(1)) and different sample sizes for parametric value of heritability 0.10

MSE

Rho ANOVA ML REML MIVQUE
P=100 P=500 P=100 P=500 P=100 P=500 P=100 P=500

-1 0.2293 0.2311 0.0095 0.0095 0.0095 0.0095 0.0095 0.0095
(ht) -0.3811 -0.3830 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000

-0.9 | 0.2041 0.2067 0.0095 0.0095 0.0095 0.0095 0.0095 0.0095
(ht) -0.3539 -0.3566 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000

-0.8 |0.1731 0.1764 0.0095 0.0095 0.0095 0.0095 0.0095 0.0095
(ht) -0.3177 -0.3215 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000

-0.7 | 0.1416 0.1454 0.0095 0.0095 0.0095 0.0095 0.0095 0.0095
(ht) -0.2773 | -0.2819 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000

-0.6 |0.112 0.116 0.010 0.010 0.010 0.010 0.010 0.010
(ht) -0.2343 | -0.2399 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000

-0.5 | 0.0845 0.0887 0.0095 0.0095 0.0095 0.0095 0.0095 0.0095
(ht) -0.189 -0.1954 0 0 0 0 0 0

-0.4 | 0.0601 0.0642 0.0095 0.0095 0.0094 0.0094 0.0094 0.0094
(ht) -0.1408 -0.1481 0.0004 0.0004 0.0005 0.0005 0.0005 0.0005

-0.3 | 0.0392 0.0642 0.0092 0.0095 0.0091 0.0094 0.0091 0.0094
(ht) -0.0889 -0.1481 0.0024 0.0004 0.0032 0.0005 0.0032 0.0005

-0.2 | 0.0226 0.0258 0.0078 0.0080 0.0076 0.0079 0.0076 0.0079
(ht) -0.0320 -0.0408 0.0163 0.0149 0.0186 0.0171 0.0186 0.0171

-0.1 | 0.0118 0.0142 0.0065 0.0068 0.0064 0.0068 0.0064 0.0068
(ht) 0.0314 0.0220 0.0465 0.0430 0.0513 0.0476 0.0513 0.0476

0 0.0095 0.0109 0.0078 0.0078 0.0083 0.0083 0.0083 0.0083
(ht) 0.1037 0.0939 0.1006 0.0958 0.1082 0.1031 0.1082 0.1031

0.1 0.0201 0.0204 0.0180 0.0178 0.0200 0.0197 0.0200 0.0197
(ht) 0.1879 0.1779 0.1792 0.1715 0.1887 0.1806 0.1887 0.1806

0.2 0.0515 0.0506 0.0472 0.0464 0.0515 0.0506 0.0515 0.0506
(ht) 0.2884 0.2784 0.2775 0.2681 0.2884 0.2787 0.2884 0.2787

0.3 0.1176 0.1157 0.1096 0.1079 0.1176 0.1157 0.1176 0.1157
(ht) 0.4114 0.4018 0.3991 0.3896 0.4114 0.4018 0.4114 0.4018

0.4 0.2434 0.2409 0.2301 0.2279 0.2434 0.2409 0.2434 0.2409
(ht) 0.5659 0.5570 0.5520 0.5432 0.5659 0.5570 0.5659 0.5570

0.5 0.4753 0.4733 0.4542 0.4524 0.4753 0.4733 0.4753 0.4733
(ht) 0.7647 0.7571 0.7490 0.7415 0.7647 0.7571 0.7647 0.7571

0.6 0.8976 0.8980 0.8651 0.8656 0.8976 0.8980 0.8976 0.8980
(ht) 1.0252 1.0195 1.0077 1.0021 1.0252 1.0195 1.0252 1.0195

0.7 1.6534 1.6585 1.6050 1.6103 1.6534 1.6585 1.6534 1.6585
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(ht) 1.3663 1.3632 1.3472 1.3442 1.3663 1.3632 1.3663 1.3632

0.8 2.9268 2.9386 2.8600 2.8719 2.9268 2.9386 2.9268 2.9386
(ht) 1.7950 1.7948 1.7752 1.7750 1.7950 1.7948 1.7950 1.7948

0.9 4.7491 4.7670 4.6678 4.6858 4.7498 4.7670 4.7491 4.7670
(ht) 2.268 2.2703 2.2491 2.2515 2.268 2.2703 2.268 2.2703

1 6.5406 6.5607 6.4551 6.4753 6.5406 6.5607 6.5406 6.5607
(ht) 2.6502 2.6538 2.6333 2.6370 2.6502 2.6538 2.65024 | 2.6538

Table 2 :Half-sib Estimate of heritability and MSE values in case of correlated errors (AR(2)) and different

sample sizes in case heritability of 0.10

MSE
Py P, ANOVA REML ML MIVQUE
P=100 P=200 P=100 P=200 P=100 P=200 P=100 P=200

-1 -1 | 0.2460 0.2428 0.1093 0.1093 0.1095 0.10927 0.1095 0.1093
(ht) -0.2484 -0.2383 0.0023 0.0022 0.0074 0.00842 0.0074 0.0084

-1 -0.5 | 0.2123 0.2114 0.1095 0.1098 0.1110 0.11177 0.1110 0.1118
(ht) -0.1738 -0.1589 0.0014 0.0047 0.0132 0.02025 0.0132 0.0202

-1 0.1 | 0.2113 0.2108 0.1100 0.1103 0.1121 0.11297 0.1121 0.1130
(ht) -0.1648 -0.1510 0.0035 0.0075 0.0170 0.02418 0.0170 0.0242

-1 1| 1.6856 1.5547 1.3008 1.1860 1.6802 1.55046 1.6802 1.5505
(ht) 1.0906 1.0491 0.9288 0.8041 1.0946 1.06020 1.0463 1.0602

-1 0.5 | 0.2081 0.2085 0.1115 0.1119 0.1155 0.11657 0.1155 0.1166
(ht) -0.1359 -0.1261 0.0128 0.0161 0.0325 0.03861 0.0325 0.0386

-1 0 | 0.2114 0.2108 0.1099 0.1101 0.1118 0.11272 0.1118 0.1127
(ht) -0.1865 -0.1724 0.0031 0.0069 0.0061 0.02332 0.0161 0.0233
0.8 -0.8 | 0.1813 0.1866 0.1128 0.1130 0.1200 0.12220 0.1200 0.1222
(ht) -0.0561 -0.0626 0.0285 0.0381 0.0594 0.07405 0.0394 0.0740
-0.6 0.4 | 0.1898 0.2026 0.1266 0.1326 0.1472 0.15760 0.1472 0.1576
(ht) 0.0318 0.0454 0.0752 0.0889 0.1256 0.14283 0.1256 0.1428
-0.5 -0.5 | 0.1800 0.1920 0.1196 0.1236 0.1359 0.14411 0.1359 0.1441
(ht) 0.0074 0.0239 0.0628 0.0777 0.1284 0.14865 0.1284 0.1286
-0.5 -0.1 0.1818 0.1954 0.1220 0.1269 0.1398 0.14960 0.1398 0.1496
(ht) 0.0187 0.0359 0.0674 0.0838 0.1152 0.13602 0.1152 0.1360
-0.5 0.9 | 1.1004 1.0563 0.8026 0.7701 1.0954 1.05161 1.0954 1.0516
(ht) 0.8736 0.8557 0.7282 0.7104 0.8864 0.86772 0.8764 0.8677
-0.5 0.1 | 0.1834 0.1074 0.1233 0.1287 0.1415 0.15201 0.1415 0.1520
(ht) 0.0219 0.0387 0.0685 0.0850 0.1176 0.13779 0.1176 0.1378
-0.5 0 | 0.1825 0.1063 0.1226 0.1277 0.1405 0.15069 0.1405 0.1507
(ht) 0.0202 0.0372 0.0678 0.0843 0.1163 0.13684 0.1163 0.1368
-0.3 0.2 | 0.1850 0.2008 0.1249 0.1317 0.1444 0.15685 0.1444 0.1569
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(ht) 0.0309 0.0486 0.0726 0.0903 0.1229 0.14424 0.1229 0.1442

0 0.5 | 0.1968 0.2135 0.1323 0.1417 0.1574 0.17260 0.1574 0.1726
(ht) 0.0653 0.0807 0.0921 0.1075 0.1513 0.16892 0.1513 0.1689

0 -0.5 | 0.1785 0.1945 0.1196 0.1258 0.1360 0.14798 0.1360 0.1480
(ht) 0.0124 0.0328 0.0638 0.0827 0.1101 0.14345 0.1101 0.1345

0 1| 3.4235 3.3116 2.7851 2.6810 3.4232 3.31139 3.4232 3.3114
(ht) 1.7385 1.7171 1.5444 1.5209 1.7396 1.71769 1.7396 1.7177

0 -1 | 0.2063 0.2085 0.1095 0.1107 0.1113 0.11391 0.1113 0.1139
(ht) -0.1594 -0.1635 0.0036 0.0096 0.0181 0.02844 0.0181 0.0284

0 0 | 0.1818 0.1990 0.1232 0.1302 0.1415 0.15478 0.1415 0.1548
(ht) 0.0255 0.0461 0.0691 0.0891 0.1177 0.14282 0.1177 0.1428
0.1 0.1 | 0.1823 0.2000 0.1237 0.1312 0.1421 0.15604 0.1421 0.1560
(ht) 0.0258 0.0476 0.0688 0.0896 0.1174 0.14368 0.1174 0.1437
0.1 0.5 | 0.1960 0.2132 0.1319 0.1417 0.1568 0.17244 0.1568 0.1724
(ht) 0.0641 0.0802 0.1114 0.1271 0.1503 0.14865 0.1503 0.1687
0.3 -0.2 | 0.1791 0.1965 0.1215 0.1290 0.1386 0.15284 0.1386 0.1528
(ht) 0.0187 0.0436091 0.0650 0.0869 0.1118 0.14012 0.1118 0.1401
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Table 3: Halfsib Estimate of heritability and MSE values in case of correlated errors (AR(1)) and different
sample sizes parametric value of heritability 0.5

MSE

p ANOVA ML REML MIVQUE

P=500 p=100 P=500 p=100 P=500 p=100 P=500 p=100
-1 0.023877 | 0.0234756 0.024161 0.0249525 0.023128 | 0.023225 | 0.023867 | 0.023982
(ht) 0.445295 | -0.288932 0.432653 0 0.445295 | O 0.445295 | O
-0.8 | 0.364419 0.3774184 0.247697 0.247914 0.247569 | 0.2477293 | 0.247569 | 0.247729
(ht) -0.100169 | -0.110188 0.001928 0.002351 0.00239 0.0028794 | 0.00239 0.002879
-0.6 | 0.182937 0.1956736 0.1764717 | 0.1854192 0.171117 | 0.1807118 | 0.171117 | 0.1807118
(ht) 0.083117 0.0695232 0.086983 0.0771334 0.0940338 | 0.0833611 | 0.0740338 | 0.0833611
-0.4 0.0814276 | 0.0917786 0.0859963 | 0.0960323 0.0810401 | 0.09088 0.0810401 | 0.09088
(ht) 0.2404321 | 0.2240275 0.2306491 | 0.2148756 0.2408062 | 0.2248447 | 0.2408062 | 0.2248447
-0.2 0.0332794 | 0.0401821 0.0358849 | 0.0428798 0.0332794 | 0.0399805 | 0.0332794 | 0.0399805
(ht) 0.3789856 | 0.3606091 0.3670671 | 0.3491262 0.3789856 | 0.3608014 | 0.3789856 | 0.3608014
0 0.0233299 | 0.0262235 0.022699 0.0260297 0.0233299 | 0.0262235 | 0.0233299 | 0.0262235
(ht) 0.512632 | 0.4934539 0.4992923 | 0.4934539 0.512632 | 0.4934539 | 0.512632 | 0.4934539
0.2 0.0455013 | 0.0540885 0.1421093 | 0.0494531 0.0530136 | 0.0540885 | 0.0520136 | 0.0540885
(ht) 0.8933214 | 0.6456959 0.8765713 | 0.6311033 0.8933214 | 0.6456959 | 0.8933214 | 0.6456959
0.4 0.0408098 | 0.1729434 0.0453822 | 0.1607734 0.0408098 | 0.1729434 |0.0408098 | 0.1729434
(ht) 0.2983176 | 0.8612289 0.2872631 | 0.8448825 0.2983176 | 0.8612289 |0.2983176 | 0.8612289
0.6 0.1033029 | 0.5898351 0.1095355 | 0.5626328 0.1033029 | 0.5898351 | 0.1033029 | 0.5898351
(ht) 0.1787041 | 1.2307069 0.1691348 | 1.2122075 0.1787041 | 1.2307069 | 0.1787041 | 1.2307069
0.8 0.1388044 | 2.011267 1.9755056 | 1.9567327 0.1388044 | 2.011267 | 0.1388044 | 2.011267
(ht) 0.1274907 | 1.8967213 0.1185919 | 1.8770366 0.1274907 | 1.8967213 | 0.1274907 | 1.8967213
1 47689802 | 4.7782916 | 4.6970401 | 4.7064034 4.7689802 | 4.7782916 | 0.1689802 | 0.249825
(ht) 2.6779269 | 2.6796665 2.6612699 | 2.6630292 2.6779269 | 2.6796665 | 2.6779269 | O
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Table 4: Halfsib Estimate of heritability and MSE values in case of correlated errors (AR(2)) and

different sample sizes in case heritability of 0.50

MSE
P | P; | ANOVA ML REML MIVQUE

P=100 P=200 P=100 P= 200 P=100 P=200 P=100 P=200
1 |1 | 0488917 0.5055455 | 0.3217234 | 0.3192378 0.3085184 | 0.3033904 | 0.3085184 | 0.3033904
(ht) -0.061335 -0.071945 | 0.033848 | 0.0346013 0.0625768 | 0.0658638 | 0.0625768 | 0.0658638
-1 | -05 | 0.3874837 0.4094116 | 0.2940606 | 0.2924512 0.2804843 | 0.2794069 | 0.2804843 | 0.2794069
(ht) 0.0541088 0.041723 0.0912773 | 0.0941407 0.1413845 | 0.1446804 | 0.1413845 | 0.1446804
-1 |01 |0.3789359 0.4013475 | 0.2902304 | 0.2883118 0.2753359 | 0.2743213 | 0.2753359 | 0.2743213
(ht) 0.0694036 0.054783 0.0995042 | 0.1014682 0.1539653 | 0.1554791 | 0.1539653 | 0.1554791
1 |1 1.2395441 11178785 | 0.9417583 | 0.8370438 1.23188 1.105354 | 1.23188 1.105354
(ht) 1.212535 11554846 | 1.0454333 | 0.9927172 1.2188096 | 1.1653236 | 1.2188096 | 1.1653236
-1 |05 |0.3698658 0.392958 0.2861523 | 0.2843872 0.2713197 | 0.2705514 | 0.1613197 | 0.2705514
(ht) 0.3977362 0.0783994 | 0.1163135 | 0.115657 0.1776563 | 0.1752478 | 0.1676563 | 0.1752478
1 |0 |0.3799107 0.4021615 | 0.2905735 | 0.2888736 0.276074 | 0.2750476 | 0.276074 | 0.2750476
(ht) 0.0671508 0.0530114 | 0.0983257 | 0.1003191 0.1518926 | 0.1537561 | 0.1518926 | 0.1537561
- |-0.8 | 0.2903288 0.3182769 | 0.2531953 | 0.2543523 0.2442571 | 0.2497993 | 0.2442571 | 0.2497993
08 0.2614686 0.232986 0.2078014 | 0.2033567 0.2989456 | 0.2881403 | 0.2989456 | 0.2881403
(ht)
- |04 |[0.2826397 0.3152194 | 0.2403634 | 0.2500989 0.2561565 | 0.2715525 | 0.2561565 | 0.2715525
06 0.4343475 0.3975651 | 0.3355253 | 0.3229166 0.4556018 | 0.4331193 | 0.4556018 | 0.4331193
(ht)
- |-05 [0.2787143 03077416 | 0.236489 | 0.2466598 0.2492345 | 0.2632248 | 0.2492345 | 0.2632248
05 0.4059834 0.3726499 | 0.3159194 | 0.3027095 0.4304707 | 0.4088362 | 0.4304707 | 0.4088362
(ht)
- [-01 [0.2792245 03102599 | 0.2352523 | 0.2468307 0.2523936 | 0.2682417 | 0.2523936 | 0.2682417
05 0.4276538 0.3940909 | 0.3327088 | 0.3196436 0.449757 | 0.4282556 | 0.449757 | 0.4282556
(ht)
- |09 [0.9536738 0.8881722 | 0.6875301 | 0.6432396 0.9428112 | 0.8767566 | 0.9428112 | 0.8767566
05 1.1322028 1.0788252 | 0.9630872 | 0.9135354 11409783 | 1.0880374 | 1.1409783 | 1.0880374
ht
f : 0.1 | 0.2791354 0.3116034 | 0.2355222 | 0.2472748 0.2536769 | 0.2703652 | 0.2536769 | 0.2703652
05 0.432518 0.3984701 | 0.3359199 | 0.3234566 0.4531939 | 0.4319457 | 0.4531939 | 0.4319457
(ht)
- |0 [0.2790786 0.3108332 | 0.2352239 | 0.2469746 0.2529008 | 0.2692483 | 0.2529008 | 0.2692483
05 0.4301217 0.396394 0.3344087 | 0.3216225 0.4515585 | 0.4301811 | 0.4515585 | 0.4301811
ht
f : 0.2 | 0.2814987 0.3158521 | 0.2367753 | 0.2495999 0257519 | 0.2761758 | 0.257519 | 0.2761758
03 0.4480096 0.4144742 | 0.3474886 | 0.3360006 0.467428 | 0.4467596 | 0.467428 | 0.4467596
ht
é : 05 | 0.2956891 0.3281732 | 0.2442001 | 0.2558624 0.2717972 | 0.2879008 | 0.2717972 | 0.2879008
(ht) 0.4782523 0.4428285 | 0.373028 | 0.3595952 0.4980278 | 0.4759263 | 0.4980278 | 0.4759263
0 |-05 |0.2790868 0.3117267 | 0.2364726 | 0.2491653 0.2518388 | 0.2698825 | 0.2518388 | 0.2698825
(ht) 0.419876 0.3901806 | 0.3261852 | 0.3161415 0.4428596 | 0.4243884 | 0.4428596 | 0.4243884
0 |1 2.6243948 2.4941297 | 2.0959868 | 1.9766438 26242349 | 2.4891787 | 2.6242349 | 2.4891787
(ht) 1.8872541 1.8343796 | 1.6908519 | 1.6423128 1.8874116 | 1.8381763 | 1.8874116 | 1.8381763
0 |-1 |0.3512803 0.3785129 | 0.2821327 | 0.2816984 0.2601747 | 0.2625201 | 0.2601747 | 0.2625201
(ht) 0.0844258 0.0687792 | 0.0983011 | 0.1026436 0.1581338 | 0.1615042 | 0.1581338 | 0.1615042
0 |0 |0.282824 0.3170387 | 0.2377139 | 0.2508368 0.2588365 | 0.2777029 | 0.2588365 | 0.2777029
(ht) 0.444284 0.4137827 | 0.3452012 | 0.3353194 0.4642377 | 0.4459368 | 0.4642377 | 0.4459368
01 | 0.1 |0.2840212 0.3185621 | 0.2395047 | 0.2520232 0.2611644 | 0.2794824 | 0.2611644 | 0.2794824
(ht) 0.4442807 0.4145428 | 0.3447372 | 0.3360139 0.4632117 | 0.4464846 | 0.4632117 | 0.4464846
01 |05 |0.296347 0.3285226 | 0.2453556 | 0.2563454 0272962 | 0.2884083 | 0.272962 | 0.2884083
(ht) 0.4761647 0.4417194 | 0.3711972 | 0.3586618 0.4955892 | 0.4746562 | 0.4955892 | 0.4746562
0.3 | -0.2 | 0.2849197 0.3177481 | 0.2417599 | 0.2528274 0.2619686 | 0.2788514 | 0.2619686 | 0.2788514
(ht) 0.4296791 0.4046221 | 0.3335078 | 0.3279882 0.4491103 | 0.4365253 | 0.4491103 | 0.4365253
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05 [ 05 [0.3036513 0.3305955 | 0.2566313 | 0.2623538 0.2858575 | 0.295549 | 0.2858575 | 0.295549
(ht) 0.4685222 0.4459214 | 0.3627324 | 0.3589103 04833918 | 0.4746578 | 0.4833918 | 0.4746578
05 [ -05 |0.2885923 0.3172444 | 0.2484051 | 0.2570623 0.266052 | 0.2795664 | 0.266052 | 0.2795664
(ht) 0.4091254 0.3932704 | 0.1264 0.3165383 0.4283446 | 0.4243574 | 0.4283446 | 0.4243574
05 [0 0.2936112 0.3220002 | 0.2528368 | 0.2595727 0.2750082 | 0.2871999 | 0.2750082 | 0.2871999
(ht) 0.4327986 0.416346 0.3332121 | 0.3342653 0.4484656 | 0.4450301 | 0.4484656 | 0.4450301
06 |04 |0.2998758 0.3230446 | 0.2568548 | 0.2630846 0.2812265 | 0.2922839 | 0.2812265 | 0.2922839
(ht) 0.4299095 0.422885 0.3326517 | 0.3377191 0.4460873 | 0.4485868 | 0.4460873 | 0.4485868
1 |o 2.2652188 25328067 | 1.777259 | 2.015278 22597589 | 25291173 | 2.2597589 | 2.5291173
(ht) 1.7376081 1.8491667 | 1.547399 1.6560534 17419088 | 1.872141 | 1.7419088 | 1.852141
1 [05 [22945728 4.4698334 | 1.8049469 | 3.8228249 22913326 | 4.4692683 | 2.2913326 | 4.4692683
(ht) 1.7477899 24391805 | 1.5570371 | 2.258803 17504548 | 2.4396932 | 1.7504548 | 2.4396932
1 |1 4.4170039 12540997 | 3.7461251 | 0.946702 44158735 | 1.2436536 | 4.4158735 | 12436536
(ht) 2.4444643 12343611 | 2.2615587 | 1.0669236 24454899 | 12327839 | 2.4454899 | 1.2427839
1 [ [1103853 24429774 | 0.8195423 | 1.9379834 1.0883625 | 2.4391544 | 1.0883625 | 2.4391544
(ht) 1.133445 1.8138037 | 0.9771187 | 1.6210762 1.1557986 | 1.8168861 | 1.1457986 | 1.8168861
1 [-05 [ 21795182 05055455 | 1.7034232 | 0.3192378 2.1736527 | 0.3033904 | 2.1736527 | 0.3033904
(ht) 1.7087757 -0.071945 15141305 | 0.0346013 17183973 | 0.0658638 | 1.7083973 | 0.0658638
1 [ -1 | 0488917 04004116 | 0.3217234 | 0.3924512 0.3085184 | 0.2794069 | 0.3085184 | 0.2794069
(ht) -0.061335 0.041723 0.033848 | 0.0941407 0.0625768 | 0.1446804 | 0.0625768 | 0.1446804
Table 5 : Full sib Estimate of heritability and MSE values in case of correlated errors (AR(1)) and
different sample sizes for parametric value of heritability 0.10
| MSE ;
Rho | Method ANOVA ML REML MIVQUE
Sample P=500 P=100 | P=500 P=100 | P=500 P=100 | P=500 P=100
-1 hZ | 0.098271 0.0983139 | 0.0152324 [ 0.0153534 | 0.0152362 | 0.0153524 | 0.0152362 | 0.0153524
(ht) -0.181885 | -0.183327 | 0.0014007 | 0.0002801 | 0.0014926 | 0.0003057 | 0.0014926 | 0.0003057
h2 | 09578841 | 009598772 | 0.6379551 | 0.639591 | 0.6378347 | 0.6395554 | 0.6378347 | 0.6395554
-0.383885 | -0.383327 | 0.0015007 | 0.0002901 | 0.0914926 | 0.0013057 | 0.001526 | 0.0023057
hZ,, | 11207918 | 1.1210013 | 0.76337 0.765174 | 0.7632358 | 0.7651345 | 0.7632358 | 0.7651345
-0.288885 | -0.283327 | 0.0015307 | 0.0003001 | 0.0024926 | 0.0004057 | 0.0014896 | 0.0013057
0.7 h2 | 00379526 | 0.0389461 | 0.0305571 |0.0314585 |0.0378693 | 0.0345774 | 0.0338693 | 0.0345774
(ht) 0.2647565 | 0.255177 0.2545453 | 0.2460257 | 0.2650561 | 0.2563335 | 0.2650561 | 0.2563335
h2 | 0.3046345 | 0.3145789 | 0.3150439 |0.3234633 | 0.3041462 | 0.3126467 | 0.3111462 | 0.3126467
0.3947565 | 0.295177 0.2545453 | 0.2460257 | 0.2775056 | 0.2563335 | 0.3650561 | 0.2563335
hZ,, | 0.390546 0.4019273 | 0.4024871 |0.4121844 | 0.3900127 | 0.3998217 | 0.3900127 | 0.3998217
0.28257565 | 0.2815517 | 0.2545453 | 0.2460257 | 0.2850567 | 0.2563335 | 0.2695561 | 0.2563335
0.5 h2 | 01491833 | 0.1595625 | 0.1488045 | 0.1495852 | 0.1691833 | 0.1595402 | 0.1591833 | 0.1595402
(ht) 05039313 | 0.4903359 | 0.4906877 | 0.4773262 | 0.5039313 | 0.4904137 | 0.5039313 | 0.4904137
h2 | 0.1125158 | 0.121275 0.1200414 | 0.128886 | 0.1125158 | 0.1211475 | 0.1125158 | 0.1211475
0.6037113 | 0.5903359 | 0.5906877 | 0.4773262 | 0.5139314 | 0.4904137 | 0.5989313 | 0.5904137
hZ,, | 01625511 | 0.1733496 | 0.1720633 | 0.1829121 | 0.1625511 | 0.1732105 | 0.1625511 | 0.1732105
05145313 | 0.5090335 | 0.5986877 | 0.4773262 | 0.5239317 | 0.4904137 | 0.5187313 | 0.5104137
0.3 hZ | 0.3455414 | 0.9612935 | 0.3284329 | 0.9270483 |0.3455414 |0.9612935 | 0.3455414 | 0.3612935
(ht) 0.6860825 | 1.0813578 | 0.6711132 | 1.0635749 |0.6860825 |1.0813578 | 0.6860825 | 1.0813578
h2 | 0.0426168 | 0.1239811 | 0.0457459 | 0.1137773 |0.0426168 |0.1239811 | 0.0426168 | 0.1239811
0.8860825 | 1.5813578 | 0.6811132 | 2.0635882 | 0.9863581 | 2.0813578 | 0.6860825 | 2.0814579
hZ,, | 00653294 | 0.0874024 | 0.0707039 | 0.0798661 | 0.0653294 |0.0874024 | 0.0653294 | 0.0874024
0.8860825 | 1.0983578 | 0.6921132 | 1.5635231 | 0.7860831 | 1.6781359 | 0.6860825 | 1.3893576
0 h2 | 06271941 | 0.603396 0.6014082 | 0.5783213 | 0.6271941 | 0.603396 | 0.6271941 | 0.603396
(ht) 0.893568 0.8764351 | 0.8769554 | 0.8599561 | 0.893568 | 0.8764351 | 0.893478 | 0.8764351
h2 | 0.043762 0.0431264 | 0.0404352 | 0.0403303 | 0.043762 | 0.0431264 | 0.043062 | 0.0431264
0.983568 1.8014351 | 0.8769554 | 1.8509332 | 1.993535 | 1.8764345 | 1.803216 | 1.8764321
hZ,, | 00353518 | 0.0372861 | 0.0345169 | 0.0369619 | 0.0353518 | 0.0372861 | 0.035351 | 0.0372861
0.895568 0.9884351 | 0.8769554 | 0.9599542 | 1.043569 | 0.9964323 | 0.993568 | 0.9764363
03 h2 | 0.9853297 0.9578041 | 0.9504265 | 0.9236276 |0.9853297 | 0.9578041 | 0.9453297 | 0.9578041
(ht) 1.096046 1.0798574 | 1.0781632 | 1.0620805 |1.096046 | 1.0798574 | 1.096046 | 1.0798574
h2 | 0.1281597 01225202 | 0.117433 [ 0.1123769 |0.1281597 | 0.1225202 | 0.1201597 | 0.1225202

24



2.096046 11798574 [ 1.0791632 | 2.0620836 | 1.106046 | 1.0798574 | 1.066046 | 1.0798574
h2,, | 0.0893778 0.0861666 | 0.0813335 | 0.0786898 | 0.0893778 | 0.0861666 | 0.0853778 | 0.0861666
1.196046 11985741 | 1.07781632 | 1.5627685 |1.119604 | 1.0798574 | 1.096046 | 1.0798574
0.5 h2 | 14527074 | 14237997 | 1.4079084 | 1.379705 | 1.4527074 | 1.4237997 | 1.4227074 | 1.4237997
(ht) 1.310457 12956129 | 1.2915827 | 1.2768211 | 1.310457 | 1.2956129 | 1.310457 | 1.2956129
h2 | 0.3056672 | 0.2968278 | 0.286385 | 0.2781384 | 0.3056672 | 0.2968278 | 0.3056672 | 0.3168278
1.810457 1.3956129 | 1.2934827 | 2.2768342 | 2.315468 | 1.2956129 | 2.317894 | 1.2956129
h2,, | 02347236 | 0.2281108 | 0.2182726 | 0.2122402 | 0.2347236 | 0.2281108 | 0.2347236 | 0.2381108
1.420457 1.2985129 | 1.2978827 | 1.8768215 | 1.587567 | 1.2956129 | 1.657892 | 1.2956129
0.7 h2 | 25966888 | 2.5703997 | 25339041 | 2.5082108 | 2.5966888 | 2.5703997 | 2.5466888 | 2.5703997
(ht) 17202475 | 17088652 | 1.7004875 | 1.6891521 | 1.7202475 | 1.7088652 | 1.7202475 | 1.7088652
h2 | 0.8956373 | 0.8847362 | 0.8595667 | 0.8491983 | 0.8956373 | 0.8847362 | 0.8756373 | 0.8847362
21202475 | 17288652 | 1.7004875 | 2.6891534 | 2.7202475 | 1.7088652 | 2.7292471 | 2.7088652
hZ,, | 07632251 | 0.7540315 | 0.7301186 | 0.7214505 | 0.7632251 | 0.7540315 | 0.7432251 | 0.7540315
1.8902475 | 1.7788652 | 1.7004875 | 1.9891567 | 1.8802462 | 1.7088652 | 1.8892476 | 1.7988865
1 h2 | 67818181 | 6.8135921 | 6.6974755 | 6.7295237 | 6.7818181 | 6.8135921 | 6.7818181 | 6.8135921
(ht) 27242263 | 2.78902 27078968 | 2.7127551 | 2.7242263 | 2.72902 2.7242263 | 2.72902
hZ | 3.7234494 | 3.7487426 | 3.6611832 | 3.6866634 | 3.7234404 | 3.7487426 | 3.7234494 | 3.7487426
2.9842263 | 29810223 | 2.8178968 | 3.7127583 | 3.7242973 | 3.756935 | 3.7242289 | 3.72673
Table 6: Full sib Estimate of heritability and MSE values in case of correlated errors (AR(1))
and different sample sizes for parametric value of heritability 0.50
MSE
Rho | Method ANOVA ML REML MIVQUE
Sample 500 100 500 100 500 100 500 100
-1 h2 | 0.4745049 | 0.4821838 | 0.3576657 | 0.3628984 | 0.3563739 | 0.3615089 | 0.3563739 | 0.3615089
(ht) 0.072369 | 0.078842 | 0.0136716 | 0.0084092 | 0.0149473 | 0.0096753 | 0.0149473 | 0.0096753
h2 | 0.7696736 | 0.7798103 | 0.6201683 | 0.6273989 | 0.6183922 | 0.6255288 | 0.6183987 | 0.6255288
0.082369 | 0.088842 | 0.0336716 | 0.0184092 | 0.0299473 | 0.0196754 | 0.2149465 | 0.0296765
hZ,, | 1.684612 | 1.7002153 | 1.4624506 | 1.4741249 | 1.4505972 | 1.4711857 | 1.4595972 | 1.4711857
0.080469 | 0.098842 | 0.0134716 | 0.0086092 | 0.0178647 | 0.0099975 | 0.0199478 | 0.0099798
0.7 hZ | 0.0362448 | 0.0402199 | 0.038248 | 0.0426125 | 0.0362448 | 0.0401717 | 0.0362448 | 0.0401717
(ht) 0.5215111 | 0.501621 | 0.5081017 | 0.4884681 | 0.5215111 | 0.5016599 | 0.5215111 | 0.5016599
h2 | 0.1059406 | 0.1174672 | 0.1130348 | 0.1248533 | 0.1059406 | 0.1174041 | 0.1059406 | 0.1174041
05675111 | 0.541621 | 0.5381017 | 0.4984681 | 0.9265113 | 0.9501659 | 1.5215784 | 150187534
hZ,, | 05193806 | 0.5477033 | 0.5377983 | 0.5661963 | 0.5193806 | 0.5476073 | 0.5193806 | 0.5476073
05215111 | 0.531621 | 05181017 | 0.4804681 | 0.6289117 | 0.5516598 | 0.5900151 | 0.6016556
0.5 h2 | 0.0754066 | 0.0878031 | 0.068745 | 0.0619276 | 0.0754066 | 0.0678031 | 0.0754066 | 0.0678031
(ht) 0.8097071 | 0.7851935 | 0.7937283 | 0.7694161 | 0.8097071 | 0.7851935 | 0.8097071 | 0.7851935
h2 | 0.0356855 | 0.0373889 | 0.0350905 | 0.0375035 | 0.0356855 | 0.0373889 | 0.0356855 | 0.0373889
0.8397071 | 0.7951935 | 0.8937283 | 0.794161 | 0.8697071 | 1.1125193 | 1.6797895 | 1.4851989
hZ,, | 020576 | 0.2281638 | 0.2186582 | 0.2416015 | 0.20576 | 0.2281638 | 0.20576 0.2281638
0.8497071 | 0.7871935 | 0.8537283 | 0.8694161 | 0.8597071 | 0.7981934 | 0.895432 | 0.8964321
0.3 h2 | 02017277 | 0.1839696 | 0.1875438 | 0.170756 | 0.2017277 | 0.1839696 | 0.2017277 | 0.1839696
(ht) 1.0127343 | 0.986424 | 0.9953401 | 0.9692075 | 1.0127343 | 0.986424 | 1.0127343 | 0.986424
h2 | 0.0849251 | 0.077156 | 0.0773452 | 0.0704789 | 0.0849251 | 0.077156 | 0.0849251 | 0.077156
1.043343 | 1.786424 | 0.9953401 | 0.9692075 | 2.0127363 | 1.999427 | 2.0127376 | 1.186421
hZ,, | 0.0835544 | 0.0980029 | 0.0906629 | 0.1058641 | 0.0835544 | 0.0980029 | 0.0835544 | 0.0980029
1.0537343 | 0.9996424 | 0.9953401 | 0.9692075 | 1.3127347 | 0.9964398 | 1.0887344 | 0.999421
0 hZ | 0.4109657 | 0.3847571 | 0.3884926 | 0.3633111 | 0.4109657 | 0.3847571 | 0.4109657 | 0.3847571
(ht) 12165893 | 1.191063 | 1.1981041 | 1.1727144 | 1.2165893 | 1.191063 | 1.2165893 | 1.191063
h2 | 0.2167674 | 0.2002501 | 0.2013123 | 0.1857704 | 0.2167674 | 0.2002501 | 0.2167674 | 0.2002501
13165812 | 2.191063 | 1.1981041 | 1.1727144 | 2.2165887 | 2.191026 | 2.2165894 | 2.191066
hZ,, | 0.0432525 | 0.0482907 | 0.0434071 | 0.0493054 | 0.0432525 | 0.0482907 | 0.0432525 | 0.0482907
14165833 | 1.291063 | 1.1981041 | 11727144 | 1.3465875 | 1.401069 | 1.3965896 | 1.291061
03 h? | 0.6359402 | 0.6090954 | 0.6066396 | 0.5806974 | 0.6359402 | 0.6090954 | 0.6359402 | 0.6090954
(ht) 1.3780468 | 1.3566075 | 1.3589356 | 1.3375917 | 1.3780468 | 1.3566075 | 1.3780468 | 1.3566075
h2 | 0.3804428 | 0.3617376 | 0.358398 | 0.3405591 | 0.3804428 | 0.3617376 | 0.3804428 | 0.3617376
1.4280464 | 2.3566075 | 1.3589356 | 1.3375917 | 2.3780445 | 2.3566075 | 2.3786732 | 2.4560985
hZ,, | 0.070586 | 0.0699851 | 0.0646795 | 0.0648645 | 0.070586 | 0.0699851 | 0.070586 | 0.0699851
1.4480321 | 1.4566075 | 1.3589356 | 1.3375917 | 1.4380473 | 1.4076607 | 1.978046 1.4568347
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0.5 h2 [0.910936 | 0.8871555 | 0.8748306 | 0.8518017 | 0.910936 | 0.8871555 | 0.910936 0.8871555
(ht) 15387524 | 1.5216589 | 15192238 | 1.5021967 | 1.5387524 | 1.5216589 | 15387524 | 1.5216589
h2 | 05944249 | 05771342 | 0.5657337 | 0.5491693 | 0.5944249 | 0.5771342 | 0.5944249 | 0.5771342
1.6387524 | 2.5216545 | 25192238 | 2.5021967 | 2.5387524 | 2.5213583 | 2.5387556 | 2.5216554
hZ,, | 0.1488611 | 0.1460049 | 0.1366608 | 0.1344748 | 0.1488611 | 0.1460049 | 0.1488611 | 0.1460049
15688752 | 1.5983481 | 1.6192238 | 1.6421967 | 1.6587524 | 1.8212567 | 1.7687528 | 1.7216521
0.7 h? | 1.6325969 | 1.6172951 | 1.5833143 | 1.5685335 | 1.6325969 | 1.6172951 | 1.6325969 | 1.6172951
(ht) 1.8683506 | 1.8580999 | 1.848602 1.8383872 | 1.8683506 | 1.8580999 | 1.8683506 | 1.8580999
h2 | 1.1909502 | 1.1795402 | 1.1491653 | 1.1382628 | 1.1909502 | 1.1795402 | 1.1909502 | 1.1795402
1.8883506 | 2.8580912 | 2.848602 2.8383872 | 2.8683513 | 2.8580999 | 2.8683507 | 2.8580991
h2,, | 0.4670591 | 0.4643053 | 0.4419508 | 0.4396741 | 0.4670591 | 0.4643053 | 0.4670591 | 0.4643053
1.8553506 | 1.8980991 | 1.899863 1.8999872 | 1.8989508 | 1.8980999 | 1.8983502 | 1.8980993
1 h? | 4612573 | 4.6506737 | 4.5441372 | 4.5824519 | 4.612573 | 4.6506737 | 4.612573 4.6506737
(ht) 27529176 | 2.7603397 | 2.7368118 | 2.744318 | 2.7529176 | 2.7603397 | 2.7529176 | 2.7603397
hZ | 3.8350907 | 3.8703735 | 3.7727696 | 3.8082345 | 3.8350907 | 3.8703735 | 3.8350907 | 3.8703735
2.9529176 | 3.7603366 | 3.7368116 | 2.744318 | 3.7529112 | 3.7603345 | 3.7529171 | 3.7603332
hZ,, | 23642319 | 23932471 | 2.3155112 | 2.3446376 | 2.3642319 | 2.3932471 | 2.3642319 | 2.3932471
2.8529176 | 2.7897323 | 2.7868112 | 2.744318 | 2.9529178 | 2.9803332 | 2.9529173 | 2.8903393
Table 7: Full sib Estimate of heritability and MSE values in case of correlated errors
(AR(2)) and different sample sizes in case heritability of 0.10
MSE
VIETHOD ANOVA ML REML MIVQUE
Sample 100 500 100 500 100 500 100 500
Rcl=-1 MSE1 0.159 0.157 0.015 0.014 0.015 0.013 0.018 0.017
Rc2=-1 (ht1) -0.247 -0.231 | 0.005 0.009 0.010 0.017 0.017 0.015
MSE2 17.018 16.899 | 14.989 14.956 14.945 14.895 14.895 14.895
(ht2) 4.247 4.231 3.996 3.991 3.989 3.983 3.983 3.983
MSE3 3.519 3.324 3.654 3.519 3.543 3.512 3.588 3.467
(ht3) 2.5 2.4 2.6 2.7 2.8 2.4 2.6 2.2
Rcl=-1 MSE1 0.122 0.120 0.015 0.0169 | 0.016 0.021 0.021 0.021
Rc2=-.5 (ht1) -0.168 -0.151 | 0.014 0.025 0.029 0.044 0.044 0.044
MSE2 16.392 | 16.273 | 14.915 | 14.835 14.809 14.698 14.698 14.697
(ht2) 4.168 4.151 3.986 3.975 3.972 3.956 3.956 3.956
MSE3 3.519 3.123 3.413 3.351 3.567 3.534 3.619 3.519
(ht3) 2.7 2.6 2.5 2.6 2.7 2.2 2.5 2.3
Rc1=0 MSE1 0.085 0.085 0.024 0.024 0.042 0.042 0.042 0.042
Rc2=-.5 (ht1) 0.049 0.049 0.087 0.087 0.138 0.138 0.138 0.138
MSE?2 14.723 14,722 | 14.379 14.379 14.014 14.012 14.014 14.011
(ht2) 3.951 3.942 3.912 3.913 3.862 3.762 3.866 3.862
MSE3 3.519 3.319 3.534 3.519 3.546 3.522 3.523 3.509
(ht3) 2.5 2.3 2.8 2.6 2.5 2.1 2.8 2.6
Rc1=0 MSE1 0.104 0.103 0.038 0.037 0.064 0.063 0.064 0.062
Rc2=.5 (ht1) 0.103 0.103 0.117 0.114 0.181 0.180 0.181 0.179
MSE?2 14.339 14.335 | 14.169 14.166 13.717 13.713 13.715 13.712
(ht2) 3.897 3.892 3.883 3.881 3.819 3.812 3.819 3.813
MSE3 3.519 3.565 3.654 3.542 3.519 3.322 3.632 3.519
(ht3) 2.4 2.2 2,3 2.1 2.4 2.2 2.8 2.6
Rcl=1 MSE1 | 2996 | 2357 [2387 [2225 [2995 [2357 [3.357 |3.257
Rc2=.5 (ht1) 1.674 1.783 1.484 1.340 1.677 1.434 1.784 1.674
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MSE2 5.444 4.989 6.261 5.803 5.419 4.975 4.975 4.655
(ht2) 2.326 2.217 2.516 2.410 2.323 2.216 2.245 2.216
MSE3 3.519 3.521 3.996 3.987 3.874 3.765 3.519 3.432
(ht3) 2.6 2.5 2.4 2.1 2.5 2.3 2.8 2.5

* htl,ht2 and ht3 are obtained using formulae considering only sire component, only dam component and both sire and

Table 8: Full sib Estimate of heritability and MSE values in case of correlated errors (AR(2))

dam component same for MSE1,MSE2 and MSE3

and different sample sizes in case heritability of 0.5

MSE
ANOVA ML REML MIVQUE
P=100 p=500 P=100 p=500P=100 p=500P=100 p=500
Rcl=-1 MSE | 0.4721022 0.5050107 | 0.3201617 | 0.3161979 | 0.3003282 | 0.2967683 | 0.3003282 | 0.2967683
Rc2=-1 0.016912 0.018518 | 0.0649644 | 0.0800881 | 0.1002332 | 0.1201476 | 0.1002332 | 0.1201476
(ht1)
MSE | 11.684765 11.726601 | 11.077648 | 10.989606 | 10.861744 | 10.747473 | 10.861744 | 10.747473
4.0169119 4.0185178 | 3.9350356 | 3.9199119 | 3.8997668 | 3.8798524 | 3.8997668 | 3.8798524
(ht2)
MSE3 | 1.9316288 1.0316288 | 1.9316288 | 1.9316288 | 1.9316288 | 1.9316288 | 1.9316288 | 1.9316288
(ht3) | 2 2 2 2 2 2 2 2
Rcl=1 MSE | 0.345269 0.3922886 | 0.2758018 | 0.2771179 | 0.2508905 | 0.2591862 | 0.2508905 | 0.2591862
Rc2=-5 0.135154 0.1243975 | 0.1379398 | 0.1522402 | 0.200361 | 0.2143679 | 0.200361 | 0.2143679
(ht1)
MSE | 10.712549 10.819367 | 10.627594 | 10.54941 | 10.255663 | 10.18609 | 10.255663 | 10.18609
3.864846 3.8756025 | 3.8620602 | 3.8477598 | 3.799639 | 3.7856321 | 3.799639 | 3.7856321
(ht2)
MSE3 | 1.9316288 1.0316288 | 1.9316288 | 1.9316288 | 1.9316288 | 1.9316288 | 1.9316288 | 1.9316288
(t3) | 2 2 2 2 2 2 2 2
Rc1=0 MSE | 0.2095713 0.290843 | 0.1715443 | 0.2234997 | 0.1858822 | 0.2489659 | 0.1858822 | 0.2489659
Rc2=-5 0.0492439 0.5069488 | 0.0870818 | 0.416119 | 0.1380682 | 0.5358269 | 0.1380682 | 0.5358269
(ht1)
MSE | 8.3296764 8.5911057 | 8.9155416 | 9.0288042 | 8.2115175 | 8.3887754 | 8.2115175 | 8.3887754
3.9507561 3.4930512 | 3.9129182 | 3.583881 | 3.8619318 | 3.4641731 | 3.8619318 | 3.4641731
(ht2)
MSE3 | 1.9316288 1.0316288 | 1.9316288 | 1.9316288 | 1.9316288 | 1.9316288 | 1.9316288 | 1.9316288
(t3) | 2 2 2 2 2 2 2 2
Rc1=0 MSE | 0.2233608 0.2985235 | 0.1762173 | 0.2259265 | 0.2030454 | 0.2633412 | 0.2030454 | 0.2633412
RC2=.5 0.5393713 0.5609866 | 0.4271468 | 0.4595421 | 0.5563644 | 0.5854255 | 0.5563644 | 0.5854255
(ht1)
MSE | 8.0183033 8.2984624 | 8.6522973 | 8.7898279 | 7.9190841 | 8.1274165 | 7.9190841 | 8.1274165
3.4606287 3.4300134 | 3.5728532 | 3.5404579 | 3.4436356 | 3.4145745 | 3.4436356 | 3.4145745
(ht2)
MSE3 | 1.9316288 1.0316288 | 1.0316288 | 1.9316288 | 1.9316288 | 1.9316288 | 1.9316288 | 1.9316288
(t3) | 2 2 2 2 2 7 2 2
2
Rcl=1 MSE | 0.2233608 2.2715493 | 0.1762173 | 1.787283 | 0.2030454 | 2.2702529 | 0.2030454 | 2.2702529
RC2=.5 0.5978609 1.9058696 | 0.4753393 | 1.7112097 | 0.612054 | 1.9068249 | 0.612054 | 1.9068249
(ht1)
MSE | 8.0183033 2.7948503 | 8.6522973 | 3.3927611 | 7.9100841 | 2.7882435 | 7.9190841 | 2.7882435
3.4021391 2.0041304 | 3.5246607 | 2.2887903 | 3.387946 | 2.0931751 | 3.387946 | 2.0931751
(ht2)
MSE3 | 1.9316288 1.0316288 | 1.9316288 | 1.9316288 | 1.9316288 | 1.9316288 | 1.9316288 | 1.9316288
(t3) | 2 2 2 2 2 2 2 2
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2.3Full sib Estimate of heritability and MSE values in case of correlated errors (AR(1))
and different sample sizes for different parametric value of heritability

The data generated from population with low and high heritability for various sample sizes
and family structures. The heritability estimates along with MSE( Means Square Error) are
obtained and given in Table5and Table 6. In almost all cases biased estimates are obtained.
Estimates for considering only sire components are better than considering both sire and dam

component and dam component alone.

2.4 Full-sib estimate of heritability and MSE values in case of correlated errors (AR(2))
and different sample sizes for different parametric value of heritability

The data generated from population with low and high heritability for various sample sizes
and family structures. The heritability estimates along with MSE( Means Square Error) are
obtained and shown in Table7 and Table 8. It is noticed In almost all cases biased estimates
are obtained. Estimates for considering only sire components are better than considering sire
and dam component and dam component alone. Combination of correlation i.e. (0,-.5) and (0,
.5) are giving better results than any other combination. Increasing sample size decrease the
MSE values.

The random effect model for the one-way classification is-

yij = Hu+a +eij i=1,2,...,a; j=1,2,...,n.

where, Y;; is the observed value of the i" class, p is the general mean, o; is the effect due toi™sire, &;

is the residual error.

Under the normality assumptions
E(eu j = 0, E((ZI): 0, E(e%] = O'g, E[aizu j = aczlv COV(ai ,ai-);t 0 Vil ,

Correlated Case:

Suppose that sires are independent but within sire progenies are correlated. Further, assume that the

correlated errors follow AR(2) i.e.,
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e; = p&;(j —1)+n;,m; =random error componets , (1)

2

where| p|<1,Var(77ij)= . e and n; ~1IDN(0.1) for j>1.

Generate €; using the equation (1). Then, we can generate the correlated observations Y;;'s by

using the following modified simulation model:
Yij =+ 0a + 0.8

Notations have the same meaning as defined above, and €;;'s are the values generated from equation
Q).

We generate sire component and error component following different combination of
distribution i.e. normal, beta, Cauchy and t-distribution with different heritability values and
estimate of heritability and rmse values obtained by four different methods i.e. ANOVA,
ML,REML and MIVQUE methods with different parametric values of heritability.

The results are tabulated here. From the results it is noticed that when we increase
correlation value —ve to zero the rmse values decrease . If we increase from zero to higher
i,e. nearer to +1 it is noticed that rmse values increased for all the combinations of

distribution.

Table 9: Half sib Estimate of heritability and MSE values in case of correlated errors
(AR(1)) and different sample sizes for parametric value of heritability 0.10 when sire is
distributed as Normal but error follows Beta distribution

Heritability(Ht) Correlation(RC) Estimated Heritability M.S.E
0.1 -0.7 -0.779 0.780
0.000 0.009
0.000 0.009
0.000 0.009
0.1 -0.3 -0.323 0.215
0.004 0.005
0.006 0.007
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0.006 0.007
0.1 0 0.099 0.049
0.095 0.018
0.107 0.020
0.107 0.020
0.1 0.3 0.578 0.287
0.554 0.263
0.579 0.287
0.579 0.287
0.1 0.7 1.315 1.532
1.288 1.467
1.315 1.532
1.315 1.532

Table 10: Half sib Estimate of heritability and MSE values in case of Correlated errors
(AR(1)) and different sample sizes for parametric value of heritability 0.10 when sire is
distributed as Normal but error follows Cauchy distribution

Heritability(Ht) Correlation(RC) Estimated M.S.E
Heritability
0.3 -0.7 -0.740 1.196
0.000 0.089
0.000 0.089
0.000 0.089
0.3 -0.3 -0.427 0.589
0.005 0.090
0.006 0.090
0.006 0.090
0.3 0 0.015 0.095
0.035 0.076
0.044 0.072
0.044 0.072
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0.3 0.3 -0.427 0.589
0.005 0.090
0.006 0.090
0.006 0.090
0.3 0.7 1.390 1.634
1.365 1.579
1.390 1.634
1.390 1.634

Tablell : Half sib Estimate of heritability and MSE values in case of correlated errors
(AR(1)) and different sample sizes for parametric value of heritability 0.10 when sire is
distributed as t- distribution but error follows t- distribution

Heritability (Ht) Correlation(RC) Estimated Heritability M.S.E

0.9 -0.7 -0.872 3.148
0.000 0.810
0.000 0.810
0.000 0.810

0.9 -0.3 -0.722 2.643
0.000 0.810
0.000 0.810

0.9 0 -0.118 1.072
0.025 0.769
0.030 0.761
0.030 0.761

0.9 0.3 0.477 0.231
0.455 0.247
0.478 0.228
0.478 0.228

0.9 0.7 1.326 0.233
1.300 0.211
1.326 0.233
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1.326

0.233

Table 12: Half sib Estimate of heritability and MSE values in case of correlated errors
(AR(1)) and different sample sizes for parametric value of heritability 0.90 when sire is
distributed as Normal but error follows Normal distribution

Heritability(Ht) Correlation(RC) Estimated M.S.E
Heritability

0.9 -0.7 -0.218 1.301
0.019 0.779
0.023 0.774
0.023 0.774

0.9 -0.3 0.349 0.376
0.340 0.374
0.361 0.353
0.361 0.353

0.9 0 0.734 0.113
0.710 0.120
0.735 0.112
0.735 0.112

0.9 0.3 1.318 0.275
1.292 0.253
1.318 0.275
1.318 0.275

0.9 0.7 2.157 1.663
2.133 1.604
2.157 1.663
2.157 1.663
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Table 13: Half sib Estimate of heritability and MSE values in case of correlated errors
(AR(1)) and different sample sizes for parametric value of heritability 0.90 when sire is

distributed as Cauchy distribution but error follows Cauchy distribution

Heritability (Ht) Correlation(RC) Estimated Heritability | M.S.E

0.9 -0.7 0.929 3.212
1.262 2.251
1.273 2.266
1.273 2.266

0.9 -0.3 1.672 3.052
1.741 2.839
1.755 2.860
1.755 2.860

0.9 0 2.022 3.403
2.008 3.381
2.023 3.401
2.023 3.401

0.9 0.3 2.431 3.403
2.413 3.365
2.431 3.403
2.431 3.403

0.9 0.7 3.583 7.273
3.576 7.235
3.583 7.273
3.583 7.273
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Objective-111

1. Introduction:

Occurrence of outlier(s) is very common in every field in which data collection is involved.
An outlier in a set of data is an observation (or an observation vector) that appears to be
inconsistent with the remainder of the observations in that data set. Outlier(s) in genetics and
breeding experiments is/ are also likely to appear. The impact of outlier in plant breeding is
erroneous results in heritability estimation and genomic prediction. Here, our objective is to
develop a suitable robust procedure for heritability estimation. The existing methods are not
robust against the presence of outlier and non-normality of error or random effect for
estimating heritability. There is a need to modify the existing methods or to develop the
robust procedure for estimating heritability under different distributional assumptions of the
random effect as well as the error term.

Since in most of the practical situations in plant as well as animal breeding data the
assumption of independent errors is not fulfilled and they may be correlated. There is little
work (no work) towards the development of methods for estimation of heritability in case of
correlated error and correlated random effect for common dam as well as common dam and
sire. So there is need to develop methodology for estimation of important genetic parameter
heritability by considering the correlated random effects and error structure in the models.
The assumptions of uncorrelated error in Henderson’s mixed model do not hold always in
practical situation. Therefore, there is a need to modify the above model for correlated error
as well as random effect. The researchers estimate genetic parameters by assuming
independent errors. The consequence of this is the upward or downward biased estimates of
genetic parameters depending upon the nature of correlation among errors. So there is a need
to develop breeding value estimation procedure using Henderson’s Mixed model under

correlated errors.

2. Statistical methodology:
The Usual Representation of the Mixed effect linear model is given below:
Let the linear mixed model is represented as
Y= XB+Zg+e

where,
Y=[V1Ya ... Y,,]'is the vector of Observations
B=[B1Pa...... B.]'is the vector of Fixed effects
0=[91.92..... Jgn]’is the vector of random genetic effects
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_____________ e, ]'is the vector of random residual effects

Xaxp = Incidence Matrix relating element of Y to element of 3
Z,p = Incidence Matrix relating elements of Y to elements of g.
The distribution of fixed and random effects are as follows

Y XB1[ZGZ'+R ZG R
gl ~ MVN{| 0 GZ' G O
e 0 R 0 R

Maximizing joint density of y and g
fly,g) = fly | &) f(g)
Where f(y,g) ~MVN ( XB + Zg, R)
f(g) ~ MVN (0, G)
The generalized BLUP estimate of
B =[ X'V IX]"X'V-LY
§=GZ'V= (Y-XB)
for independent error where R= lg2
V(e) = o2
V(g) =02 GZ'PZG [Where P=V~"1-Vv-IXx(Xx'V-1 X) X'V1]
V() = ZGZ'+ lo?

For correlated error Structure
of v Ofy
R=]: ' :
0-1%1 O-r%n

V() =R

V(§)=GZ'V-1ZG' - GZ'VIXX'V 1 X)"1X'Vv-1ZG'
V({)=2ZGZ' +R

for correlated Random Effects

Oj1 "t Ogg
G — . . .
OIgn  Ogng
V(e) =R
V(g) = RGZ'PZG [Where P = V- 1-V-IX(X'V-1 X)

XI V—l]
V(@)= ZGZ' + R
For both correlated error and rapdom effects

2 2
Og1 Ogq
G - . . .
2 2
Ogn Ognq |
2 2
0'1 cee O'ln
R=] : :
2 2
On1 " Onn|
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V() =R
V(3) = RGZ'PZG
V()= ZGZ' + R

3. Data description: The data generated from population with low and high heritability
for various sample sizes and family structures. Two dataset has been generated, incorporating
correlated and uncorrelated error structures. SAS programme for data generation is given in

next section.
4. Results and discussion:

The dataset is analyzed and variance component estimation is done using the
Henderson’s mixed model. Table 1 shows the variance component estimates
done by analyzing linear mixed model approach using Henderson’s mixed
model equation. Results show the mean heritability of the trait of the interest is
0.39. The table also shows the estimated breeding values for all the animals of
the study.

Table 1: Comparison of breeding values in correlated and uncorrelated case

Without Correlated Correlated
Breeding Breeding
Heritability | Yield Value Heritability | Yield Value
0.39| 0.55 0.2145 0.32| 0.55 0.176
0.39| 0.77 0.3003 0.32| 0.77 0.2464
0.39| 0.77 0.3003 0.32 | 0.77 0.2464
0.39| 0.97 0.3783 0.32| 0.97 0.3104
0.39| 0.98 0.3822 0.32| 0.98 0.3136
0.39| 2.73 1.0647 0.32| 2.73 0.8736
0.39| 0.56 0.2184 0.32| 0.56 0.1792
0.39| 2.29 0.8931 0.32| 2.29 0.7328
0.39 | 0.59 0.2301 0.32 | 0.59 0.1888
039 0.3 0.117 032 0.3 0.096
039 | 211 0.8229 032] 211 0.6752
0.39| 2.38 0.9282 0.32| 2.38 0.7616
0.39| 0.52 0.2028 0.32 | 0.52 0.1664
0.39| 1.87 0.7293 0.32 | 1.87 0.5984
0.39 | 0.55 0.2145 0.32| 0.55 0.176
039 0.3 0.117 032 0.3 0.096
0.39| 1.37 0.5343 0.32| 1.37 0.4384
0.39| 3.17 1.2363 0.32| 3.17 1.0144
0.39| 1.26 0.4914 0.32| 1.26 0.4032
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0.39| 0.25 0.0975 0.32| 0.25 0.08

0.39| 0.68 0.2652 0.32| 0.68 0.2176
0.39 0.5 0.195 0.32 0.5 0.16

0.39| 0.02 0.0078 0.32| 0.02 0.0064
0.39| 0.76 0.2964 0.32| 0.76 0.2432
0.39| 0.98 0.3822 0.32| 0.98 0.3136
0.39| 0.75 0.2925 0.32| 0.75 0.24

0.39| 0.79 0.3081 0.32]| 0.79 0.2528
0.39| 0.23 0.0897 0.32| 0.23 0.0736
0.39| 3.37 1.3143 032 3.37 1.0784
039| 144 0.5616 032| 144 0.4608
0.39| 0.33 0.1287 0.32| 0.33 0.1056
0.39| 0.14 0.0546 0.32| 0.14 0.0448
0.39| 0.46 0.1794 0.32| 0.46 0.1472
0.39| 0.88 0.3432 0.32| 0.88 0.2816
0.39| 1.76 0.6864 032 1.76 0.5632
0.39| 0.56 0.2184 0.32| 0.56 0.1792
0.39| 0.17 0.0663 0.32| 0.17 0.0544
0.39| 0.38 0.1482 0.32| 0.38 0.1216
0.39| 0.01 0.0039 0.32| 0.01 0.0032
0.39| 0.44 0.1716 0.32| 0.44 0.1408
039 | 215 0.8385 032 | 2.15 0.688
0.39| 0.68 0.2652 0.32| 0.68 0.2176
039 119 0.4641 032 119 0.3808
039 | 211 0.8229 032 211 0.6752
0.39| 0.97 0.3783 0.32| 0.97 0.3104
0.39| 1.55 0.6045 0.32| 1.55 0.496
0.39 | 0.02 0.0078 0.32 | 0.02 0.0064
0.39| 1.06 0.4134 0.32| 1.06 0.3392
0.39 | 0.69 0.2691 0.32 | 0.69 0.2208
0.39| 0.29 0.1131 0.32| 0.29 0.0928
0.39| 0.94 0.3666 0.32| 0.94 0.3008
0.39 | 3.08 1.2012 0.32 | 3.08 0.9856
0.39 | 0.06 0.0234 0.32 | 0.06 0.0192
0.39| 0.45 0.1755 0.32| 0.45 0.144
039 125 0.4875 032| 125 0.4

0.39| 1.56 0.6084 0.32| 1.56 0.4992
039 | 174 0.6786 032| 174 0.5568
0.39 | 0.05 0.0195 0.32 | 0.05 0.016
0.39| 0.65 0.2535 0.32| 0.65 0.208
0.39| 115 0.4485 0.32| 115 0.368
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0.39| 0.35 0.1365 0.32] 0.35 0.112
0.39| 0.23 0.0897 0.32| 0.23 0.0736
0.39| 0.76 0.2964 0.32| 0.76 0.2432
0.39| 0.67 0.2613 0.32| 0.67 0.2144
0.39| 0.17 0.0663 0.32| 0.17 0.0544
0.39| 0.26 0.1014 0.32| 0.26 0.0832
0.39| 0.67 0.2613 0.32| 0.67 0.2144
0.39| 0.16 0.0624 0.32| 0.16 0.0512
0.39] 0.71 0.2769 0.32] 0.71 0.2272
0.39| 3.83 1.4937 0.32| 3.83 1.2256
0.39| 0.87 0.3393 0.32| 0.87 0.2784
0.39 0.6 0.234 0.32 0.6 0.192
0.39| 0.03 0.0117 0.32| 0.03 0.0096
0.39 1 0.39 0.32 1 0.32

0.39| 0.24 0.0936 0.32| 0.24 0.0768
039] 321 1.2519 032] 321 1.0272
0.39| 0.13 0.0507 0.32| 0.13 0.0416
0.39| 0.39 0.1521 0.32]| 0.39 0.1248
039 | 0.11 0.0429 032 | 0.11 0.0352
0.39| 0.28 0.1092 0.32| 0.28 0.0896
039| 114 0.4446 032 | 114 0.3648
0.39 0.3 0.117 0.32 0.3 0.096
039 1.23 0.4797 032 | 1.23 0.3936
0.39| 0.51 0.1989 032 0.51 0.1632
0.39| 2.02 0.7878 032 | 2.02 0.6464
039 | 1.26 0.4914 032 | 1.26 0.4032
039 | 1.25 0.4875 032 | 125 0.4

039 | 1.28 0.4992 032 | 1.28 0.4096
0.39 | 0.59 0.2301 0.32 | 0.59 0.1888
039 142 0.5538 032 142 0.4544
039 | 127 0.4953 032 127 0.4064
0.39| 0.22 0.0858 0.32| 0.22 0.0704
0.39| 0.15 0.0585 0.32| 0.15 0.048
039 144 0.5616 032 | 144 0.4608
039 | 175 0.6825 032 | 175 0.56

0.39| 1.08 0.4212 0.32| 1.08 0.3456
0.39 2 0.78 0.32 2 0.64

0.39| 1.03 0.4017 0.32| 1.03 0.3296
0.39 | 0.89 0.3471 0.32| 0.89 0.2848
0.39| 047 0.1833 0.32| 047 0.1504
0.39| 167 0.6513 0.32] 1.67 0.5344
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0.39| 0.18 0.0702 0.32| 0.18 0.0576
0.39| 2.54 0.9906 0.32| 2.54 0.8128
0.39 0.1 0.039 0.32 0.1 0.032
0.39| 0.44 0.1716 0.32| 044 0.1408
0.39| 041 0.1599 032 041 0.1312
0.39| 145 0.5655 032] 145 0.464
0.39| 0.55 0.2145 0.32| 0.55 0.176
0.39 1.5 0.585 0.32 1.5 0.48

0.39| 0.29 0.1131 0.32]| 0.29 0.0928
0.39 0.3 0.117 0.32 0.3 0.096
0.39| 1.79 0.6981 032 1.79 0.5728
0.39| 0.88 0.3432 0.32| 0.88 0.2816
0.39| 0.54 0.2106 0.32| 0.54 0.1728
0.39| 1.06 0.4134 0.32| 1.06 0.3392
0.39| 0.79 0.3081 0.32| 0.79 0.2528
0.39| 1.08 0.4212 0.32| 1.08 0.3456
0.39 0.2 0.078 0.32 0.2 0.064
0.39 0.1 0.039 0.32 0.1 0.032
0.39| 0.76 0.2964 0.32| 0.76 0.2432
0.39| 1.98 0.7722 0.32| 1.98 0.6336
0.39| 1.05 0.4095 0.32| 1.05 0.336
0.39| 0.15 0.0585 0.32| 0.15 0.048
0.39| 0.28 0.1092 0.32| 0.28 0.0896
039 111 0.4329 032] 111 0.3552
0.39 | 0.07 0.0273 0.32| 0.07 0.0224
0.39 | 2.09 0.8151 0.32 | 2.09 0.6688
0.39| 1.55 0.6045 0.32| 1.55 0.496
0.39 | 0.66 0.2574 0.32 | 0.66 0.2112
0.39| 047 0.1833 0.32| 047 0.1504
0.39| 0.34 0.1326 0.32| 0.34 0.1088
0.39| 0.67 0.2613 0.32| 0.67 0.2144
0.39| 0.33 0.1287 0.32| 0.33 0.1056
039 | 1.29 0.5031 0.32] 129 0.4128
0.39 0.6 0.234 0.32 0.6 0.192
0.39| 0.73 0.2847 0.32| 0.73 0.2336
039 | 142 0.5538 032] 142 0.4544
0.39 | 0.65 0.2535 0.32 | 0.65 0.208
0.39| 0.15 0.0585 0.32| 0.15 0.048
0.39| 0.76 0.2964 0.32| 0.76 0.2432
039 123 0.4797 032 | 1.23 0.3936
0.39| 0.23 0.0897 0.32| 0.23 0.0736
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0.39 3.9 1.521 0.32 3.9 1.248
0.39| 2.89 1.1271 0.32]| 2.89 0.9248
0.39| 0.19 0.0741 0.32] 0.19 0.0608
0.39| 0.72 0.2808 032 0.72 0.2304
0.39| 0.69 0.2691 0.32| 0.69 0.2208
0.39 1.4 0.546 0.32 1.4 0.448
0.39| 0.73 0.2847 0.32| 0.73 0.2336
0.39 1.3 0.507 0.32 1.3 0.416
0.39| 0.51 0.1989 032 051 0.1632
0.39| 158 0.6162 0.32| 158 0.5056
039| 132 0.5148 032 132 0.4224
0.39| 1.68 0.6552 0.32| 1.68 0.5376
0.39 0.8 0.312 0.32 0.8 0.256
0.39| 0.95 0.3705 0.32| 0.95 0.304
0.39| 0.87 0.3393 0.32| 0.87 0.2784
0.39| 0.45 0.1755 0.32| 0.45 0.144
0.39| 0.46 0.1794 0.32| 0.46 0.1472
0.39| 222 0.8658 032 222 0.7104
0.39| 0.35 0.1365 0.32| 0.35 0.112
039 | 1.74 0.6786 032 | 174 0.5568
039 | 1.26 0.4914 032 | 1.26 0.4032
039 | 1.94 0.7566 032 | 194 0.6208
039 | 1.63 0.6357 032 | 1.63 0.5216
0.39| 0.13 0.0507 0.32| 0.13 0.0416
0.39| 0.45 0.1755 0.32| 0.45 0.144
0.39 | 0.03 0.0117 0.32| 0.03 0.0096
0.39| 2.85 1.1115 0.32| 2.85 0.912
039 | 1.36 0.5304 0.32| 1.36 0.4352
0.39| 0.76 0.2964 0.32| 0.76 0.2432
039 125 0.4875 032| 125 0.4

0.39 0.3 0.117 0.32 0.3 0.096
039 | 1.62 0.6318 032 | 1.62 0.5184
0.39| 1.65 0.6435 0.32| 1.65 0.528
0.39 0.4 0.156 0.32 0.4 0.128
039 125 0.4875 032| 125 0.4

039 | 2.01 0.7839 032] 201 0.6432
039 | 2.92 1.1388 032 | 2.92 0.9344
0.39| 155 0.6045 0.32| 1.55 0.496
0.39 | 0.08 0.0312 0.32| 0.08 0.0256
0.39| 153 0.5967 0.32| 1.53 0.4896
0.39| 2.39 0.9321 0.32] 2.39 0.7648
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0.39| 0.82 0.3198 0.32]| 0.82 0.2624
0.39| 2.18 0.8502 0.32| 2.18 0.6976
0.39| 0.49 0.1911 0.32] 0.49 0.1568
0.39| 0.13 0.0507 0.32| 0.13 0.0416
039| 147 0.5733 032 147 0.4704
039| 114 0.4446 032] 114 0.3648
0.39| 0.78 0.3042 0.32| 0.78 0.2496
0.39| 0.47 0.1833 0.32| 0.47 0.1504
0.39| 2.72 1.0608 032 2.72 0.8704
0.39| 133 0.5187 032 133 0.4256
0.39| 1.66 0.6474 0.32| 1.66 0.5312
0.39| 0.89 0.3471 0.32| 0.89 0.2848
0.39| 0.44 0.1716 0.32| 0.44 0.1408
0.39| 0.45 0.1755 0.32| 0.45 0.144
0.39| 0.75 0.2925 0.32| 0.75 0.24

0.39 0.9 0.351 0.32 0.9 0.288
0.39| 0.53 0.2067 0.32| 0.53 0.1696

Conclusion:

In the classical analysis approach of the field experimental data, the correlation present in the
data is ignored. In the presence of significantly correlated trends in the data, we cannot
neglect the correlation effect. Because of this reason it is therefore, becomes necessary to
look for these situations and methods of analysis. Since theories for estimating the variance
components are available in the literature only for uncorrelated errors, the theory for
estimating the variance components in case of correlated structure will be developed. The
influence of the correlated errors on the estimates of random effects is empirically examined.
Again, using the concept of variance component estimates, further the effect of correlated

errors as well as uncorrelated errors is checked. The estimate of important genetic parameters

are empirically examined.
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Development of appropriate computer programme for the developed methodologies using
SAS/R.

Objective-I

# The "diff-REML" function is used for robust DF-REML method

# The output includes:

# -Coef: model coefficients (for intercept, PCs and SNPs)

# -weights.sum: sum of the per observation weights used in the robust fit
# -rand.var: estimated variance for the random effects (genetic variance)
# -res.var: estimated variance for the residual errors

# - Conditional.R2: Adjusted conditional R?

# - Marginal.R2: Ajusted marginal R?

diff REML<-function(response,fixed,random,method,intercept,ubound){

#Hit

## response : continuous response variable; coded as numeric

#Hit

## fixed : matrix or dataframe of fixed effects == explanatory variables

#H# coded appropriately

## random : variance-covariance structure of the random effects

i needs to be a symmetric positive semi-definite matrix

i if it is a Kinship matrix K, multiply by two when calling the function function
i if it is NRM, GRM or just the indentity call the function directly

i throughtout the algorithm semi-definite matrices are needed; if problems

i are encountered please refer to the paper of

#HH Rousseeuw&Molenberghs (1993), Comm in Stats -Theory &Meths, 22(4), 965-984
## method : DF-REML approach of the Imekin() function

#HH from package coxme which optimizes a different likelihood

## intercept: one may choose between estimating or not the intercept
## ubound : upper bound for the initial estimate of theta needed for the optimize() function
#HH function instead of the optim() function, in which case one should change the code

require(MASS) # for hubers() and rIm() functions
require(robustbase) # for Qn() function

y<-response; X<-fixed; K<-random
K<-as.matrix(K)
X<-as.matrix(X)
nn<- dim(X)[1]
pp<- dim(X)[2]

robfs<- function(xr){hubers(xr,mu=0)$s"2}

robfs<- function(xr){Qn(xr)"2}
robfs<- function(xr){mean(xr"2)}
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# Step 2
if(intercept==T){Xstar<- chind(rep(1,nn),X)}else{Xstar<- X }

# Qr decomposition of XX'; U matrix corresponds to the U' in the algorithm
mX<-Xstar%*%t(Xstar)

# code added for the specific data set
eigenmX<-eigen(mX)$values
if(length(eigenmX[eigenmX<0])>0){
lambda<-abs(eigenmX[length(eigenmX)])+1e-9
mXpd<-(mX+lambda*diag(dim(mX)[1]))/(1+lambda)
rownames(mXpd)<-rownames(K)
colnames(mXpd)<-rownames(K)
mX<-mXpd

¥
U<-t(qr.Q(ar(mX))[.((pp+1)+1):nn])

# transforming phenotypes y
y.dot<-U%*%y

# Steps 3-5
ploglik<- function(theta){ # defining the profile log-likelihood function

# defining ther variables as in the algorithm
phi<-theta*K+diag(nn)

phi.dot<-(U%*%/(phi)%*%t(U))

Delta<- t(solve(chol(phi.dot)))

# transforming phenotypes y.dot
y.star<-Delta%*%y.dot

#profile log-likelihood
if(intercept==T){
loglik<- (nn-(pp+1))*(log(2*pi)+1+log(robfs(y.star)))+log(det(phi.dot))
}else{loglik<- (nn-pp)*(log(2*pi)+1+log(robfs(y.star)))+log(det(phi.dot))}
}

#Step 6
## using the optimize function()
sol<- optimize(function(x) ploglik(x),c(O,ubound))  # optimizing the profile log-likelihood
function
newtheta<-sol$minimum

# Step 7
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phi.dot.hat<- U%*%(newtheta*K+diag(nn))%*%t(U)
Delta.hat<- t(solve(chol(phi.dot.hat)))

s <-robfs(Delta.hat%*%y.dot)
if(intercept==T){
logl<- -(nn-(pp+1)
Yelse{logl<- -(nn-pp)*(log(2*pi)+1+log(s))/2-log(det(phi.dot.hat))/2}

# Step 8
sa2r<- s*newtheta # variance for the random effects (genetic variance)
se2r<-s # variance for the residual errors

# Step 9

V.hat<-s*(newtheta*K+diag(nn))
Delta.dot<- t(solve(chol(V.hat)))

# Step 10
fit<-rim(Delta.dot%*%y~0+Delta.dot%*% Xstar)
#use rim(Delta.dot%*%y~0+Delta.dot%*%Xstar
#method="MM") in the case the predictor variables are continuous and may be contaminated
fit<-Im(Delta.dot%*%y~0+Delta.dot%*%Xstar) }
fit.coef<- fit$coef

# computing the marginal residuals
y.res <-y-Xstar%*%fit.coef

# computing the conditional residuals
rm(fit)

new.Delta<- t(solve(chol(sa2r*K)))
if(method!="1s"){

fit<- rlm(y.res~O+new.Delta)

#use rIm(Delta.dot%*%y~0+Delta.dot%*%Xstar, method="MM") in the case the predictor
variables are continuous and may be contaminated
Yelse{fit <- Im(y.res~0+new.Delta)}
rcoef<- fit$coef
y.hat<- Xstar%*%fit.coef+diag(length(rcoef))%*%rcoef

fit.res <-y-y.hat
rm(fit)

# Preparing the output
wsum<- sum(rim(Delta.dot%*%y~0+Delta.dot%*%Xstar)$w) # Sum of the per observation
weights used in the robust fit

fit.aux<- matrix(rep("NA",length(fit.coef)), ncol=1)

if(intercept==T){row.names(fit.aux)<- c("Intercept”, paste("X",1:dim(X)[2],
sep="")) yelse{row.names(fit.aux)<-c(paste("X",1:dim(X)[2], sep=""))}
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colnames(fit.aux)<- c("Estimate")
fit.aux<- as.data.frame(fit.aux)
fit.aux[,1]<- round(fit.coef, 5)

results<- list(Coef=fit.aux, rCoef=rcoef,weights.sum=wsum, rand.var=sa2r, res.var=sez2r,
Conditional.R2=R2c, Marginal.R2=R2m,

Fixed.R2=sf2r,MargResiduals=y.res,CondResiduals=fit.res,loglik=logl)
return(results)

by
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Objective-I1:
prociml;
vs=0.225; ve=0.775;
print vs ve;
ht=4*vs/(vs+ve);
printht;
p=1;
m=12;
rcl=1;
rc2=-2;
doiter=1to p;
doi=1to10;
si=sqrt(vs)*rannor(800);
do k=1t010;
if k=1then do;

eijkl=sqrt(ve)* rancau (12345)*rc1,;
eijk2=sqrt(ve)* rancau (23145)*rc2;
end;

else do;

eijkl=rcl*eijk1+ rancau (1000);
eijk2=rc2*eijk2+ rancau (1000);
end;

z=m+si+eijkl+eijk2;

yd=yd//z;

srl=srl//i

num=num//iter;

gm=gm//1;

end;

end;

end;

[*create no_selectvar{yd sr1 num gm};*/
[*append ; */

run;

print srlyd;

quitiml;

prociml;
*vs=0.225;

ve=1;

*print vs ve;
*ht=4*vs/ (vs+tve) ;
*printht;

ht=0.2;
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vs=ht/ (4-ht);

print vs;

p=200;

m=12;

doiter=1lto p;

doi=1to0l0;
si=sqgrt (vs) *rannor (800) ;
do k=1tol0;

if k=lthen do;

eijkl=sqgrt (ve)* rancau (12345)*rcl;
eijk2=sqgrt (ve)* rancau (23145)*rc2;

end;

else do;

eijkl=rcl*eijkl+ rancau (1000);
eijk2=rc2*eijk2+ rancau (1000);
z=mt+si+teijk;
yd=yd//z;srl=srl//i;num=num//iter;gm=gm//1;
end;

end;

end;

createno selectvar{yd srl num gm};

append ;

run;

quitiml;

data popl;

setno select;

procmixedmethod=type3 noclprintnoinfonoitprint;
class srl;

model yd=gm;

random srl;

make'covparms' out=canv;

by num notsorted;

run;

data pop2;

setno select;

procmixedmethod=ml noclprintnoinfonoitprint;
class srl;

model yd=gm;

random srl;

make'covparms' out=cml;

by num notsorted;

run;

data pop3;

setno select;
prochxedmethod=remlnoclprintnoinfonoitprintnoprofile ;
class srl;
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model yd=gm;

random srl;

make'covparms' out=creml;
by num notsorted;

run;

data pop4;

setno select;
procmixedmethod=mivqueO noclprintnoinfonoitprintnoprofile ;
class srl;

model yd=gm;

random srl;

make'covparms' out=cmivque;
by num notsorted;

run;

prociml;

usecanv;

read all intoanvc;
p=200;v={0.0251};ht=4*v[1,1]/vI[,+];
anvc=anvc|,2];

anvc=shape (anvc, p) ;
anvcmn=anvc [+, ]/p;
printanvc;
anvcbias=anvcmn-v;
anht=4*anvc][,1l]/anvc[,+];
anhtbias=anht-ht;
anhtbiasmn=anhtbias[+,]/p;
anhtmn=anht [+, ]/p;
anhtbs=anhtmn-ht;
anhtmse=ssqg (anht-ht) /p;
**print anvcmnanhtmnanhtbsanhtmse;
use cml;

read all intomlvc;
mlvc=mlvc[,2];

mlvc=shape (mlvc, p) ;
mlvcmn=mlvc[+,]/p;
mlvcbias=mlvcmn-v;
mlht=4*mlvc[,1]/mlvc[,+];
mlhtbias=mlht-ht;
mlhtbiasmn=mlhtbias[+,]/p;
mlhtmn=mlht [+, ]/p;
mlhtbs=mlhtmn-ht;
mlhtmse=ssq(mlht-ht) /p;
**print mlvecmnmlhtmnmlhtbsmlhtmse;
usecreml;

read all intoremlvc;
remlvc=remlvc|[,2];
remlvc=shape (remlvc, p) ;
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remlvcmn=remlvc|[+,]/p;
remlvcbs=remlvcmn-v;
remlht=4*remlvc|[,1l]/remlvc[, +];
remlhtbias=remlht-ht;
remlhtbiasmn=remlhtbias[+,]/p;
remlhtmn=remlht [+, ]/p;
remlhtbs=remlhtmn-ht;
rmlhtmse=ssq(remlht-ht) /p;

**print remlvcmnremlhtmnremlhtbsrmlhtmse;
usecmivque;

read all intomivgvc;

mivgvc=mivqgvcl[,2];

mivgvc=shape (mivqgvc, p) ;
mgvcmn=mivqgvc [+, ]/p;

mgvcbias=mgvcmn-v;
mivght=4*mivqgvc[,1]/mivgvc(,+];
mivghtbias=mivght-ht;
mivghtbiasmn=mivghtbias|[+,]/p;
mivghtmn=mivght [+, ]/p;
mivghtbs=mivghtmn-ht;

mvghtmse=ssq (mivght-ht) /p;

**print mgvcmnmivghtmnmivghtbsmvghtmse;
vc=anvcmn//mlvemn//remlvemn//mgvemn;
ht=anhtmn//mlhtmn//remlhtmn//mivghtmn;
htbs=anhtbs//mlhtbs//remlhtbs//mivghtbs;
mse=anhtmse//mlhtmse//rmlhtmse//mvghtmse;
printvchthtbsmse;

run;

Obijective-111I:

# given parameters (page 37)

sigmaE<- 40

sigmaA<- 20

alpha <- sigmaE / sigmaA

print(alpha)

# Data (Paul)

calf<- c(4:8)

sex<- c("male", "female”, "female"”, "male", "male")
WWG <-¢(4.5,2.9, 3.9,3.5,5.0)

# Dataframe
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data.3.1 <- data.frame(calf, sex, WWG)
rm(list=(c("calf", "sex", "WWG")))

# print data

print(data.3.1)
R — #
# Pedigree
R — #

# set up pedigree

Calf <-c(1:8)

Sire <-¢(0,0,0,1,3,1,4,3

Dam <-¢(0,0,0,0,2,2,5,6)
ped.3.1 <- data.frame(Calf, Sire, Dam)
rm(list=c("Calf","Sire","Dam"))
print(ped.3.1)

# Create A HtHHHHTHHTHHHHHHHTHH]
“createA” <-

function(ped){

if (nargs() >1){
stop("Only the pedigree is required (Animal, Sire, Dam)")

¥

# This is changed from Gota's function
# Extract the sire and dam vectors

s = ped[, 2]

d = ped[, 3]

# Stop if they are different lengths
if (length(s) !'= length(d)){
stop(“size of the sire vector and dam vector are different!")

}

# set number of animals and empty vector
n <- length(s)

N<-n+1

A <- matrix(0, ncol=N, nrow=N)

# set sires and dams

$<-(s==0)*(N) +s
d<-(d==0)*N+d
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start_time<- Sys.time()
# Begin for loop
for(iin 1:n){

# equation for diagonals
Ali,i] <- 1+ A[s[i], d[i]]/2

for(j in (i+1):n){ #only do half of the matrix (Symmetric)
if (j > n) break
A[Lj] <- (A, s[l] + A, d[jl] ) / 2 # half relationship to parents
A[},1] <- A[i,j] # symmetric matrix, so copy to other off-diag
¥
¥

# print the time it took to complete
cat("\t", sprintf("%-30s:%f", "Time it took (sec)", as.numeric(Sys.time() - start_time)), "\n")

# return the A matrix
return(A[1:n, 1:n])

¥

U
library("Matrix'™)

A <- Matrix(createA(ped.3.1))
A <- as(A, "sparseMatrix")
print(A)

# inverse of A
Ainv<- solve(A)
print(Ainv)

# set response variable
y <- Matrix(data.3.1$WWG, ncol=1)

print(y)
data.3.1$sex <- factor(data.3.1$sex, levels=c("male", "female™))

#setup X
X <- Matrix(model.matrix(~ sex - 1, data=data.3.1))
print(X)

# set up Z (n by n*) n* = number of animals in whole pedigree (8)
Z <- Matrix(0, nrow=nrow(data.3.1), ncol=nrow(ped.3.1))

# change row/column names
colnames(Z) <- ped.3.1$Calf
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rownames(Z) <- data.3.1$calf

#fillinZ

for (i in 1:nrow(data.3.1)) {
index = data.3.1[i, "calf" ]
Z[i, index] =1

k

# print Z
print(Z)

# set up MME for PE solutions
basicMME-<- function(X, Z, A, y, alpha) {

# Calculate blocks of LHS

XpX = crossprod(X) # same as t(X) %*% X
ZpZ = crossprod(Z) + (solve(A) * alpha)  # same as (t(Z) %*% Z) + (solve(A)*alpha)
XpZ = crossprod(X, Z) # same as t(X) %*% Z

# Paste top and bottom together for LHS
toprow =chind(XpX, XpZ)
bottomrow = cbind(t(XpZ), ZpZ)

# Put top and bottom together for left hand side (LHS)
LHS = rbind(toprow, bottomrow)

# Elements for RHS
XpY = crossprod(X, y)
ZpY = crossprod(Z, y)

# Calculate right hand side (RHS)
RHS = rbind(XpY, ZpY)

# calculate solutions by direct inversion of LHS
solutions = solve(LHS) %*% RHS

# Return LHS, RHS, and solutions
return(list(LHS=LHS, RHS=RHS, solutions=solutions))

}

output<- basicMME(X, Z, A, y, alpha)
# print the LHS

LHS <- output[[1]]

print(LHS)

53



# print the inverse of LHS
LHSinv<- solve(LHS)
print(round(LHSinv, 4))

# print the RHS
RHS <- output[[2]]
print(RHS)

# print the solutions

solutions<- output[[3]]
rownames(solutions) <- rownames(RHS)
print(solutions)

# variance of a
G <- A*sigmaA

# print G
print(G)

# variance of e
R <- Matrix(diag(nrow(data.3.1))*sigmaE)

# print R
print(R)

# variance of y
V <-Z%*% G %*%t(Z2) + R

# print V
print(V)

# Take the inverse of the LHS and multiply by sigma”2_e
solve(LHS)
solve(LHS)*sigmaE

# create data frame
data.acc<- data.frame(Animal = 1:8)

# create column with diagonals
data.acc$DiagLHS = diag(solve(LHS))[3:10]

# calculate relability from Diagonals of LHS (alpha = sigmakE / sigmaA)
data.acc$r2 = 1 - data.acc$DiagLHS*alpha

# calculate the accuracy from reliability (r"2)
data.acc$r = sqrt(data.acc$r2)
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# calculate Standard Error of Prediction (SEP) (using diagonals and the variance of €)
data.acc$SEP = sqrt(data.acc$DiagLHS*sigmaE)

# now the variance (square the standard error of prediction (SEP))

data.acc$PEV = data.acc$SEP"2

# print

print(data.acc)

#iHHHHE NOT REQUIREDH#HHHHHIHHHHH

IR R R R

# histograms

data.acc %>%

gather(Type, Value, DiagLHS:PEV) %>%

mutate(Type = fct_relevel(Type, "DiagLHS", "r2", "r", "SEP", "PEV")) %>%

ggplot(., aes(x=Value)) +

geom_histogram(bins=5, color="white", fill="dodgerblue3") +

facet_wrap(~ Type, scales="free") +

theme_bw()

1T
T

Il
1T

# Plot BIF vs True accuracy

1T
T

# BIF accuracy = 1 - sgrt(1 - r"\2)

# Accuracy = sqgrt(1 - (1-BIF)*2)

Il
1T
T

I
1T
T

# Setup

IT
T

4L
1T

# my ggplot2 theme
my_gg_theme<- theme_light() +
theme(text = element_text(size=16),
plot.title = element_text(hjust=0.5),
panel.grid = element_blank())

4L
IT
1

+*
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# Code

T
7

# vector of accuracies
Acc<- seq(0,1,by=0.01)

r2 <-Acc2

BlFacc<- 1 - sqrt(1 - Acc™2)

# combine into dataset
data<- data.frame(Seq = seq(0,1,by=0.01), Acc = Acc, r2 =r2, BIFAcc = BIFacc)

# melt
data.gather<- gather(data, Type, Value, Acc:BIFAcc) %>%
mutate(Type = fct_relevel(Type, "Acc”, "r2", "BIFAcc"))

# plot

print(ggplot(data.gather, aes(x=Seq, y=Value, color=Type, shape=Type, group=Type)) +
geom_line() +

geom_point() +

scale_color_manual("Accuracy", values=c("dodgerblue3”, "blue", "magenta™),
labels = c("True Acc”, "Reliability”, "BIF Acc")) +
scale_shape_manual("Accuracy"”, values=c(16,17,15),

labels = c("True Acc”, "Reliability”, "BIF Acc")) +

ylab("Reported Accuracy") +

xlab("True Accuracy") +

my_gg_theme)

#lllustration through simulation

# load MASS for mvrnorm function

library(MASS)

# we can generate TBVs using the mean (0) and variance (A*sigma2_a)
mu = rep(0, 8)

Sigma = A*sigmaA

# create 1000 samples of TBVs (random effects change each sampling)
TBV.samples<- mvrnorm(n=10000, mu=mu, Sigma=Sigma)

# row/col names
rownames(TBV.samples) <- 1:nrow(TBV.samples)
colnames(TBV.samples) <- 1:8

# now look at the correlations between them!
round(cov(TBV.samples), 3)

# multiply A and sigma”™2_a

A * sigmaA
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# now look at the correlations between them!
round(cor(TBV.samples), 3)

# sex

sex<- ¢("male", "female”, "female”, "male", "male™)

# Let us assume that the TRUE fixed effects are really 4.4 and 3.4
sex.solutions<- Matrix(c(4.4, 3.4), ncol=1, nrow=2)

# Get fixed part of Model
fixed<- X %*% sex.solutions

# replicate
fixed<- Matrix(rep(fixed, 10000), nrow=5, ncol=10000)

# Get random part of Model (Z is (5,8) and TBV is (10000,8)
# so the result will be (5,10000)
random_a<- Z %*% t(TBV.samples)

# so to generate y we also need the residuals
random_e<- t(mvrnorm(n=10000, mu=rep(0,5), Sigma=diag(5)*sigmaE))

# finally we can generate y
random_y<- data.frame(as.matrix(t(fixed + random_a + random_e)))

# cov

cov(random_y)

# variance fory
Z%*%G%*%t(Z) + R
# mean of male (animals 1, 4, 5) and female (animals 2 and 3).
mean(random_y[, 1])
mean(random_y[, 4])
mean(random_y], 5])
# females
mean(random_y], 2])
mean(random_y], 3])
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Summary and Conclusion

In many practical situations in the plant and animal breeding that observations are not
independent and some kind of correlation among the observations exists. In the presence of
significantly correlated trends in the data, the classical assumption of independence between
observations is violated. The information on genetic components of variances of the
important characters is the prime interest of plant and animal breeders. Thus, the estimation of
various genetic variances and inferring about their inheritance, based on estimates of the
different genetic parameters is very important from plant and animal breeding programme point

of view.

Further in mixed models, in addition to comparison of fixed effects the prime interest of plant
and animal breeders is to have information on the genetic components of the variances of the
important characters. This results in estimating various genetic variances and inferring about
their inheritance, based on estimates of the different genetic parameters. In literature, theory is
available for estimating the variance components for those models which are having uncorrelated
errors but not for correlated structure. So, it was required to develop the theory for estimating
variance components in case of correlated error structure so as to meet the requirements of
practical situations. Again, in the complicated error structure, which cannot be modelled, one
can study the influence of correlation on the estimate of variance components through empirical
studies. Hence, developing statistical approach for estimation of genetic parameters when errors

are correlated is an important researchable area in the arena of statistical genetics.

In this study, we used robust heritability estimation methodologies in this study to estimate SNP-
based heritability when observations in the dataset were contaminated with outlying
observations. For estimating variance components using LMMs, the robust DF-REML estimate
method has been described. For the estimation technique and the derivation of the coefficients of
determination, Huber's (1964) and Rousseeuw and Croux's (1993) robust estimations of scale
were used. The robust approaches were applied to a real dataset, and several procedures were
followed, such as estimating heritability and variance components using both original and

contaminated data (1%, 3% and 5%). Finally the robust approach is compared with classical
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approach. It is seen that as contamination percentage increase, the estimated heritability
decreases.

In the present study we considered both half sib and full sib model for data generation. Here we
used both AR(1) and AR(2) errors. In case full sib model we derived formulae for E(MSE) and
Estimate of heritability in the presence of AR(1) correlation in the error. For different heritability
values 0.1,,0.5 are considered different AR(1) values from -1 to +1 are considered . The expected
mean sum of squares due to error are overestimated when the correlation is negative and they
increase as degree of correlation increase. But these expected mean sum of square are
underestimated if errors are positively correlated and they decrease with increase in degree of
correlation and approach to 0 as p tends to unity. On the other hand, just reverse results are
obtained for estimating the mean sums of squares due to sire i.e. expected mean sum of squares
are under estimated when rho is negative and they are overestimated if the correlation is positive.
As p tends to unity expected mean sum of squares due to sire approaches to its maximum

value.

Heritability values are over estimated if the correlation is positive. The same trend follows for all
the level of heritability. Also heritability increases zero to nearly four as autoregressive
coefficients increase from minus unity to approximate unity. Data have generated using
different heritability values i.e. high, moderate and low(0.5, 0.25, 0.1) Half sib AR(!):and
different sample size 100,200 and 500 and different correlation of errors A(1) and AR(2). p=-110
+1. After generating the data variance components are estimated using SAS ProcVarcomp .
ANOVA ML,REML and MIVQUE methods are used. Half sib Estimate and full sib of
heritability and MSE values in case of correlated errors (AR(1)) and AR(2) different sample
sizes for parametric value of heritability 0.10,0.25,0.5 for different sample sizes 100, 200 and
500 with and with out fixed effects are obtained. Value of estimates of heritability changes
negative to positive when p changes from -1 to +1. MSE value decreasing up to p=0, then again
increasing p is positive. Up to p= -1 to p= -0.5 the estimate of heritability is O in case of
ML,REML and MIVQUE methods and MSE values are not changing. Estimate value of
heritability are increasing from p=-.4 to p=1 .MSE values are showing the same trend.

Increasing sample sizes it is noticed that the MSE values are decreasing.
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In case of AR(2) if fixing AR(1) value changing AR(2) values, the MSE value decrease with
increasing the correlation value in general. Sometimes haphazard trends are noticed. We found
some good combination of AR(1) and AR(2) values (0, 0),(0.1,0.1) and (0.1, 0.5) combinations
are giving better estimates of heritability. Increasing sample sizes it is noticed that the MSE
values are decreasing. In almost all cases biased estimates are obtained. Estimates for
considering only sire components are better than considering sire and dam component and dam
component alone. In almost all cases biased estimates are obtained. Estimates for considering
only sire components are better than considering sire and dam component and dam component
alone. In case of AR(2) if fixing AR(1) value changing AR(2) values, the MSE value decrease
with increasing the correlation value in general. Sometimes haphazard trends are noticed. We
found some good combination of AR(1) and AR(2) values (-0.5, -0.1)),) and (0.1, 0.5)
combinations are giving better estimates of heritability. Increasing sample sizes it is noticed that
the MSE values are decreasing. All the cases biased estimates are obtained. MSE values
decreases after fixing (AR(1) values increase AR(2) values up to AR(1) values 0.0 it follows
the trend. .The combination of correlation i.e. (-.5,-.1)) and (0.1, .0.5) are giving better results
than any other combination. Under fixed effect also after changing correlation AR(1) from -1 to
+1 with increment .5 it is noticed that MSE values decreases with increase of AR(1) correlations.
All the cases highly biased estimates of heritability obtained. In almost all cases biased estimates
are obtained. Estimates for considering only sire components are better than considering sire and
dam component and dam component alone. The combination of correlation i.e. (0,-0.5) and (0,
0.5) are giving better results than any other combination. Increasing sample size decrease the
MSE values.

We may conclude that different correlation structures i.e. AR(1), AR(2) etc. have impact on
estimate of heritability and Means Square Error values. Different cases different combination are
identified for better results. Sire component and error component are generated following
different combination of distribution i.e. normal, beta, Cauchy and t-distribution with different
heritability values and estimate of heritability and RMSE values obtained by four different
methods i.e. ANOVA, ML,REML and MIVQUE methods with different parametric values of
heritability.
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From the results it is noticed that when we increase correlation value —ve to zero the rmse values
decrease . If we increase from zero to higher i,e. nearer to +1 it is noticed that rmse values

increased for all the combinations of distribution.
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