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The aim of this paper was to compare several methods of estimating the genetic
components of a quantitative trait in familial data. The Expectation and Maximiza-
tion (E-M) algorithm, the Newton-Raphson method, and the scoring method were
compared for estimating polygenic and environmental effects on nuclear families.
We also compared scoring and quasilikelihood (QL) methods when a linked genetic
marker was available to estimate effects from a major gene. Generally, all proce-
dures performed similarly in estimating polygenic and environmental variance com-
ponents. The E-M algorithm yielded more precise estimators when heritability was
low. The scoring method was much faster than the other methods and yielded slightly
more precise estimates of mean effects but slightly less precise estimates of the vari-
ance components. Estimates of major gene effects were not affected by the number
of alleles at the trait locus. For these relatively large sample sizes, QL and scoring
had similar precision, but QL took 32 times longer than scoring. Finally, we com-
pared the results of applying these methods to data from the Bogalusa Heart Study.
Results showed larger imprecision when the QL method was applied, consistent with
earlier studies that showed decreased precision of quasilikelihood compared with
maximum likelihood in moderately small sample siz8snet. Epidemiol. 17:64—
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INTRODUCTION

One of the primary goals of human genetics research is to study the familial
aggregation of quantitative traits such as systolic blood pressure or high-density lipo-
proteins. Of particular interest is whether these traits are more affected by genes or by
the environment, or whether both genes and environment are involved. If genetic
factors influence interindividual variability of a trait, identifying the specific factors
involved is a major goal of most current genetic studies. Although some environmen-
tal factors can be observed directly and modeled as fixed effects, genetic effects are
typically unobservable. To identify the total proportion of variance that can be attrib-
uted to genetic factors, mixed linear models, path analysis, and other methodologies
have been developed and applied, as discussed by Thompson and Shaw [1990] and
Rao et al. [1974]. Although effects from specific alleles at identified genetic loci are
usually not available for the study of quantitative traits, a dense map of markers is
currently available for human genome wide linkage analysis. These markers usually
do not have a direct effect on trait variability, but if they are linked, cosegregation of
the linked markers with a trait locus can be used to partition interindividual variabil-
ity into linked and unlinked components of variance [Amos, 1994].

Some environmental effects can be attributed to known and measurable factors,
and a fixed effects model is appropriate to represent these sources of variability.
Other sources of variability, such as measurement error, reflect an inherently vari-
able process and are specified by a random effects model. In some cases, unmeasurable
environmental effects due to factors such as shared household effect can be modeled
as a random effect. Genetic sources of variability can be modeled as either fixed or
random components of variance. Observed effects from specific alleles at a locus,
which are believed to directly affect trait variability, are modeled as fixed effects.
Polygenic effects, which arise from effects of many unlinked loci with unmeasurably
small effects, induce a correlation structure among relatives [Fisher, 1918] and are
modeled as a random effect. The effect from a major locus, which by definition has
an estimably large effect, can be modeled as a fixed or random component. If the
number of alleles at a locus is known, the unobservable genetic effects from the
locus could be modeled as a fixed effect. Standard models of qualitative traits, such
as being affected by a disease, assume a simple biallelic genetic model. For many of
the quantitative traits that have been characterized at the molecular level, such as
Lp(a), al-antitrypsin, and galactosemia, this assumption seems to be invalid, because
a large number of variant alleles are typically observed in those cases. Thus, a ran-
dom effects model may be more appropriate for assessing the effects from a genetic
factor linked to a marker. If the genetic effect actually results from a single locus
that has two alleles, specifying a random effects model has been shown in simula-
tion studies to lead to unbiased estimates of the variance components provided the
sample size is large enough and families are not selected through extreme individu-
als [Amos et al., 1996].

For the preliminary evaluation of genetic linkage using quantitative traits, nu-
merous strategies have been developed. The Haseman-Elston (H-E) method is the
simplest of these [Haseman and Elston, 1972]. In this procedure, the squared differ-
ence between trait values is regressed upon the estimated proportion of genes “iden-
tical by descent” (IBD) at a marker locus. In the absence of linkage, there is no
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relationship between IBD at the marker locus and the squared pair differences. In the
presence of linkage, pairs of sibs who share two genes IBD are concordant for the
genetic factor that influences variation in trait levels. Therefore, they show a smaller
squared pair difference than pairs that share no alleles IBD. Thus, a simple test for
linkage can be developed by testing for a negative regression of squared pair differ-
ences onto IBD. The H-E method is easy to apply, has been shown to detect linkage
in the presence of nonnormally distributed residual nongenetic variance [Blackwelder
and Elston, 1985], and has been extended to provide a test for linkage using multi-
variate data [Amos et al., 1990]. This method has also been shown, however, to have
less power than methods that jointly model the distribution of either sib pairs or
members of sibships [Amos et al., 1996; Wright, 1997]. iaitally, modeling
covariate effects is difficult with the H-E method [Pugh et al., 1997; Amos, 1994].
To provide a simpler framework for modeling data from sibships and extended fami-
lies and for inclusion of covariates, Hopper and Mathews [1982] and Amos [1994]
suggested the use of a components of variance approach. The obvious approach of
simply applying standard likelihood theory and assuming a multivariate normal dis-
tribution to model the residual distribution of the phenotypes (after conditioning on
fixed effects such as measurable covariates) in families may not be appropriate if
unobservable major genes are segregating, because this segregation introduces
platykurtosis and may skew the distribution of trait values. Extensive simulations by
Amos et al. [1996] failed to document significant bias attributable to the moderate
kurtosis introduced by major gene effects, but robust estimation procedures were
preferable when the nongenetic variation was markedly nonnormal.

Comparisons of the effectiveness of various estimation procedures of compo-
nents of variance models in genetic studies are rather limited in the literature. Thomp-
son and Shaw [1990] applied the Expectation and Maximization (E-M) algorithm to
the polygenic model in families. Maximum likelihood (ML) methods have been ap-
plied by Lange et al. [1976], Hopper and Mathews [1982], and Lange and Boehnke
[1983] to the polygenic model as well. Schork [1991] compared various methods of
computation of the mixed model using a variety of purely numerical approaches.
Results indicated that a variety of methods using variable metric adaptations of N-R
methods yielded similar likelihood values across several replicates, suggesting that
these methods provided similar estimates. Finally, Amos et al. [1996] applied
quasilikelihood (QL) methods to model genetic parameters in nuclear families. For a
simple model involving only polygenic and nongenetic components of variance, the
QL method reduces to ML estimation. The estimation procedures we used for Fisher
scoring and for QL estimation are similar, so we do not compare this case. Modeling
the major gene component, however, requires evaluating a nonpatterned variance-
covariance matrix, so that QL estimation is no longer equivalent to ML estimation in
this context. Amos et al. [1996] compared application of the scoring algorithm for
QL estimators to Newton-Raphson (N-R) and direct search methods under ML esti-
mation. Because the numerical optimization of QL and ML estimating procedures
was not identical, results of the Amos group’s studies [1996] provide a limited evalu-
ation of the efficiency of the estimation methods per se. In particular, because nu-
merical optimization methods were used for ML estimation, the precision of the ML
procedure could have been underestimated.

Our main aim in this paper is to overview the iterative methods commonly ap-
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plied in variance components (VC) models and to evaluate how they behave when
they are used to estimate the genetic components of variance. Our comparative stud-
ies evaluate the precision of various methods for variance components estimation as
well as the computing time required by the methods. It is important to note that the
structure of VC in familial data is slightly different from that of the usual VC using
repeated measures or longitudinal data. In familial data, each family is a cluster of
individuals who share common genes. Therefore, the maximum likelihood expres-
sion cannot usually be written in terms of design matrices [Searle et al., 1992]. In
Methods, we describe the VC models of familial data and how the iterative proce-
dures behave. In Results, we present findings from simulation studies and an appli-
cation to data from the Bogalusa Heart Study.

METHODS
Background

The model we describe here represents the observed quantitative trait of an
individual as a function of fixed and randonfeefs. The random effects can be
represented by the polygenic and major gene components. For the polygenic compo-
nent, as is customary in genetics, we assume that a large number of loci are involved
in influencing the trait. We assume no interaction among the polygenic loci (no epista-
sis) and random mating. Based on this assumption, the dominance effect is mini-
mized for the polygenic effect [Morton et al., 1968; Morton, 1974], and the polygenic
component is assumed to be adequately represented by the additive genetic effect.

Consider the case in which a particular trait, such as systolic blood pressure, is
observed for families (or clusters of related individuals). Under a polygenic model the
observed values of the trait for the members oftthiamily can be represented by

Yi=p+XB+a+g, (1)

wherey; is the vector of the observed values of the trait (or phenotype) faththe
family, p is the vector of overall meas;is the unobservable vector of the additive
random genetic effects for tli family, X;is the matrix of observable covariat@s,
is the vector of fixed covariate effects uncorrelated with the additive genetic effects
and environmental &fcts, andg; is the vector of environmental effects for thh
family, vi,i=1,2,... k

We assume that the additive genetic effect forithéamily isa ~.1°(0, 0°G),
where G is the matrix of coefficients of relationship between pairs of related indi-
viduals, for example, ¥ for full sibs and parent-offspring; the environmental effect
for the ith family is g, ~1°(0, 1), wherel is the identity matrix; and the additive
genetic effect is uncorrelated with the environmentigcef Theny; ~ AV (u + XiB,
V), whereV =¢°G + 7.

To estimate the VCs3” andt?, we can use the E-M algorithm, N-R, and scor-
ing methods. These methods are well described in the literature for the case in which
a design matrix can be specified for each VC [Searle et al., 1992]. For most genetic
problems in humans, however, no design matrix can be specified a priori because the
structure of the matrix will vary from family to family and markers are usually less
than fully informative, and few reports concern the estimation of VC in such a case.
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The E-M algorithm is based on sufficient statistics of the complete data, which con-
sist of the observed and unobserved data. Observed data are the observed quantita-
tive traits or phenotypes, and unobserved data are the random components, in our
case, the genetic and environmental components. The N-R and scoring methods are
based on the derivatives of the log likelihood function and each method has its own
advantages and disadvantages. The E-M algorithm generally takes longer to con-
verge but does not produce negative estimates of the variance components, whereas
the N-R and scoring methods converge faster, but can produce negative estimates
unless boundary constraints are imposed. The E-M algorithm can yield the breeding
values, an important measure in animal breeding but it does not provide an informa-
tion matrix of the estimates. To produce this matrix, we need to apply an additional
step [Louis, 1982; Meng and Rubin, 1991]. Conversely, the scoring and N-R meth-
ods automatically provide this information matrix.

Expectation-Maximization Algorithm

The basic form of E-M equations for the above model are well known [Laird, 1982;
Dempster et al., 1977]. The natural sufficient statistics for the “complete gat@’ (
when there are no fixed effects except for the overall mueanek™'1'(y —a), K'dG™a,
and K'e'e, whose unconditioned expectations grec®, and %, respectively. Thus, the
iterative equations are formed by setting new values for these parameters equal to the
conditional expectations of the statistics taken at current parameter values

H =K'E(L'(y —a) | X, p, 0% 1) =k '1(y —n), ()
o = K'E(@G aly, p, 02 1) =k [tr(G™%) +n'G ™), (3)
0 =K |, p, 0% 1) = Kt (3) + €], @

where
n=E(@|x,p 0, 17)=y—pn-¢,

T =0°G(l —0*V'G) =0’ T°GV,
tr(G'z) = o’tr(VY),

tr(Z) = o’ttr(GV ™) =tér(l —t?v).

The problem with these E-M equations is that they all require computaNon aif
each iteration. For large pedigrees, the computatidfi ot each iteration can become
computationally intensive. To deal with this issue, Thompson and Shaw [1990] solved
the above E-M equations without determinig. Instead, only the eigenvalues Gf
needed to be determined, which provide the eigenvaluéstaince)V . Thus the trace
terms of equations (3) and (4) are easily computed. In our study we analyzed only small
pedigrees and therefore inverted V to solve iterative equations.

Newton-Raphson Method

In the VC estimation problem, we can estimate the set of parameters denoted by
0, which consists of the fixed effects coefficients and the VC parameters, by the N-R
iterations
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9(m+1) - e(m) _ (H(m))—l VL(m), (5)

where L indicates the log likelihood functiod™ the Hessian matrix (second-de-
rivative matrix), andV L™ the gradient vector, witB replaced by™. In our stud-

ies, we used a numerical method to perform N-R iterations as implemented by
MAXFUN [Sorant and Elston, 1994].

Scoring Method

This method uses an iteration scheme similar to N-R, replacing the Hessian matrix
with the information matrix, which is the negative expectation of the Hessian matrix.
By doing so, the information matrix need only be calculated once, thus avoiding the
computational burden of iteratively calculating the Hessian as required by N-R. Then
the scoring method uses the following iteration scheme:

oM™l = g™ 4+ ( (m))fl VL(m), (6)

wherel ™ is the information matrix. We wrote scientific code to solve iterative equa-
tions for E-M and scoring using the C programming language. For all methods we
used the identical convergence criterion that the change in likelihood between itera-
tions must be less tharx110~.

Major Gene Models

Advances in molecular biology enable us to evaluate the association and ge-
netic linkage of markers with quantitative traits. Let us assume that in addition to the
polygenic additive effect, a major gene is responsible for the trait and a marker locus
is linked with this major gene. Then equation (1) can be rewritten as

Yi=u+XB+a+g+e, (7)

whereg; is the unobservable major gene effect forithdamily. Amos [1994] showed
thatg, ~ (0, o5F:), whereF; = (f (8, 1)), 8 is the recombination fraction between the
major locus, andr; is the IBD sharing assessed by marker typings for pairs of indi-
viduals (, I) at theith family. The values fof (6, 1) for several relationships are
given by Amos [1994].

We assume that the dominance component of variance for the major gene effect
is negligible. Amos [1988] showed that, except for unusual situations, the additive
component of variance usually dominates the dominance variance. For most linkage
testing situations, the additive assumption is reasonable. The dominance variance
can become appreciable for recessive traits. When the recessive disease allele fre-
guency is less than 1/3, the dominance variance is greater than the additive variance.
Consequently, here? refers to the additive major gene component of variance. The
value oftg; can assume only 3 values: 0, %, or 1. However, because data from mark-
ers are often incomplete, estimatesipfre routinely used as described by Haseman
and Elston [1972]. This leads to a less discrete formulatiorvafues.

Under tight linkage, we assume thét= 0. Thenf (6, ;) = 1, and conse-
quently,g; ~ (0, 6°,Z)), whereZ; = (1;). In this case, the variance-covariance matrix
for each familyy; is V = 6°G + 0°Z; + 1°l. Here we assume thgt~ .V (u + X;B,
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V), despite the fact this assumption may not be correct because the major gene effect
does not necessarily follow a normal distribution.

To estimated?, we applied the three methods mentioned above and the QL
approach proposed by Amos [1994]. The maximization step of the E-M algorithm is
given by

65 =E[diZ g |yi] = () 81Z78 + tr(Z7Vy)], (8)
wherek is the family size,
& =E[g |yl =05ZV7(yi — W),
V= var[g |y] = 0:Z[l —V7'03Z)).

In this case, we are required to inv&rtfor each familyi. For some families,
this matrix may be singular. In particular, singular matrices occur for any family in
which two or more sibs share all alleles IBD or in sibships of size 4 or larger, where
two sibpairs share no alleles IBD, for example, in a family of 4 siblings whose par-
ents have alleles 1,2 and 3,4, and offspring have alleles 1,3; 2,4; 1,2; and 3,4, respec-
tively. The generalized inverse could be applied to obtain estimators, but usual forms
of generalized inverses [Searle, 1982] essentially work with the nonsingular parts of
the matrix, deleting rows and columns that result in singularities. In the case covered
by equation (8), this would result in incomplete use of phenotype information.

To estimate the VC of the major gene effect, one extra parameter is added to the N-
R and scoring equations (5) and (6), respectively. These equations can produce negative
estimates of the VC parameters, which is an inadmissible solution [Searle et al., 1992].
We applied the step-halving method suggested by Jennrich and Schluchter [1986] to
avoid this problem whenever a parameter was estimated outside the admissible region.
We also compare the genetic VC results from the scoring method with QL method. For
the QL method, we followed approaches provided by Amos et al. [1996].

RESULTS
Simulation Studies

We performed several simulations. First, we compared E-M algorithm, N-R,
and scoring methods for polygenic and environmevi@al The E-M algorithm and
scoring method are calculated analytically, whereas the N-R method is calculated
numerically. The results are shown in Table I, with respective average CPU time
requirements for analysis of one simulation run. Although all methods yielded esti-
mates very close to the generating values, in general, the estimates slightly underes-
timated these values. Because the distribution of VC estimates is usually slightly
skewed, the means are even closer to generating values than the medians (results not
shown). For low heritability (h= 0.1), E-M was substantially more accurate than N-

R or scoring. For other models, scoring provided generally more accurate estimates
of main effects and slightly less accurate estimates of random effects. Compared to
scoring on average, however, the N-R method required roughly 12-fold more time,
and the E-M model took 20 times longer than scoring.
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TABLE |. Median Values of 1,000 Simulations From 100 Nuclear Families (2 Parents and 4
Offspring) Using 3 Different Approaches (Values in Parentheses Are the Median Squared Error)*

Exp Method R Overall meanf) Polygenic VC ¢°)  Error VC (%) CPU time
1 E-M 0.1 -0.000145 (0.0101) 1.008 (0.0948) 8.900 (0.2014) 137.2
2 SCOR 0.1 0.002033 (0.0082) 0.9445 (0.1926) 9.027 (0.2522) 8.2
3 NR 0.1  2699e-05(0.0101)  0.9567 (0.1670) 8.988 (0.2505) 84.1
4 E-M 0.3 0.001705 (0.0131) 2.949 (0.2934) 6.993 (0.2042) 135.9
5 SCOR 0.3 —0.000130 (0.0119) 2.917 (0.2980) 7.031 (0.2341) 6.3
6 NR 0.3 0.001709 (0.0131)  2.950 (0.2930) 6.992 (0.2044) 84.4
7 E-M 0.5 0.009510 (0.0168) 4.919 (0.3586) 4.997 (0.1784) 134.9
8 SCOR 0.5 0.001680 (0.0154) 4.919 (0.4143) 5.027 (0.2001) 6.6
9 N-R 0.5 0.009508 (0.0168) 4.919 (0.3600) 4.997 (0.1784) 79.5
10 E-M 0.7 0.010380 (0.0206) 6.957 (0.4062) 2.990 (0.1227) 137.8
11 SCOR 0.7 0.000138 (0.0191) 6.931 (0.4517) 3.025 (0.1495) 6.9
12 N-R 0.7  0.010380 (0.0206)  6.956 (0.4062) 2.990 (0.1222) 83.1
13 E-M 0.9 0.009015 (0.0242) 8.935 (0.3320) 1.003 (0.0595) 135.9
14 SCOR 0.9 0.003434 (0.0223) 8.934 (0.4446) 0.9953 (0.0811) 6.7
15  N-R 0.9  0.008759 (0.0251)  8.966 (0.3789) 0.9927 (0.0712) 82.9

*CPU in seconds per run on average on a SUN Sparcstation 20. For experimeni$ 24372 = 9,

for experiments 4—-6¢° = 3,1° = 7; for experiments 7-@° = 5,12 = 5; for experiments 10-18? = 7,

12 = 3; for experiments 13-1%° = 9,12 = 1. E-M, expectation and maximization algorithm; SCOR,
scoring method; N-R, Newton-Raphson method.

In the second set of simulations, we compared scoring under two different mod-
els: one when the quantitative trait locus (QTL) had 2 alleles and the marker locus
had 4 equally probable alleles, and the other when the QTL and the marker locus
both had 4 alleles. The results are shown in Tabl&He accuracy of all variance
components tended to improve with increasing major gene and polygenic heritabil-
ity. Under both models, the scoring method estimates were similar to the true value.

Lastly, we compared our results with those of quasilikelihood analysis. We as-
sumed two QTL, each one with 2 alleles. We further assumed that one QTL was
linked to a marker locus and the other QTL was not linked. We expected that the

TABLE Il. Median Values of 1,000 Simulations From 100 Nuclear Families (2 Parents and 4
Offspring) Using Scoring Method (Values in Parentheses Are the Median Squared Error)*

True value 2 alleles 4 alleles

Exp H h? o’ a; 12 o® a; 12

1 0.1 0.3 0.9189 2.949 5.967 0.9060 2.909 5.962
(1.000) (0.5711) (0.1988) (1.000) (0.5449) (0.1895)

2 0.3 0.3 2.884 2.994 4.006 3.005 2.988 3.984
(0.9196) (0.6695) (0.1764) (1.018) (0.6991) (0.1573)

3 0.5 0.3 4.980 2.909 2.017 5.033 2.927 1.998
(0.7590) (0.4956) (0.1002) (0.7877) (0.5117) (0.0988)

4 0.1 0.5 0.9574 4,918 3.970 1.005 4,946 3.953
(0.9304) (0.4753) (0.1432) (1.000) (0.4800) (0.1363)

5 0.3 0.5 3.004 4,915 2.010 3.050 4,915 1.991
(0.6743) (0.4347) (0.0879) (0.7234) (0.4747) (0.0885)

*Polygenic heritability (), major gene heritability &), polygenic VC ¢2), major gene VCd), error VC
(1. For experiment 1g° = 1, o5 = 3, 1 = 6; for experiment 20° =3, ¢° =1, ;= 3, T° = 4; for
experiment 3p” = 5,05 = 3,7° = 2; for experiment 49° = 1; a5 = 5,1° = 4; for experiment 55° = 3, ¢} =
5,1°=2.
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variance of the unlinked QTL locus would be modeled by the polygenic VC without
error, and that is what we observed. We concluded that the results (Table Ill) were
similar, except that the scoring method gave us smaller median squared error when
heritability (ff) was low. The QL method was extremely computationally intensive,
requiring about 32 times longer than the scoring method.

Data from the Bogalusa Heart Study

As a part of the Bogalusa Heart study, a large family was selected based on a
proband with a heart murmur and a self-reported history of prevalent heart disease
on both sides of the family. The data included samples from 196 individuals repre-
senting six generations. High-density lipoprotein cholesterol (HDL-C) and serum
apolipoprotein B (ApoB) levels were quantitated following standardized protocols
[Rosenbaum et al., 1986; Heiba et al., 1993le ApoB polymorphism was evalu-
ated using Southern blot analysis of an Xbal site (Heiba et al., 1993; Ma et al.,
1987]; data from 60 sibling pairs were available. The HDL-C and ApoB levels were
log-transformed before the analysis. Following the analyses reported here and in
previous publications [Laing et al., 1994; Amos et al., 1987], effects of age, age
squared, sex, oral contraceptive use, alcohol consumption, and smoking behavior
were statistically removed by a regression analysis and obtaining the residuals. The
residuals were subsequently standardized to have unit variance. We previously iden-
tified evidence by segregation analysis, for a major geieetedn ApoB levels in
this pedigree, with 42% of the variance attributed to a putative major locus. Using
model-dependent methods of linkage analysis [Ott, 1991], we also found evidence of
linkage between quantitative levels of serum ApoB and the APOB structural gene
[Laing et al., 1994], but we did not find statistically significant evidence concerning
ApoB levels using the Haseman-Elston method [Heiba et al., 1993]. For the current
analysis, we first divided the extended family into nuclear families and then used
either (1) the VC method assuming multivariate normality (scoring), or (2) the VC
approach and QL. For the ML method, we used the Fisher information matrix to
obtain standard errors, while for the QL method, we used a robust estimate of the
variance for the estimated parameters [Amos et al., 1996]. Because the family was

TABLE lll. Median Values of 1,000 Simulations From 100 Nuclear Families (2 Parents and 4
Offspring) Using Scoring and Quasilikelihood (QL) Methods (Values iin Parentheses Are the
Median Squared Error)*

True value Scoring QL
h? h’, o o5 2 CPU ¢? o; 72 CPU
1 0.1 0.3 0.919 2.949 5.967 24.8 0.919 3.006 5.907 413.8
(1.000) (0.5711) (0.1988) (1.00) (0.7518) (0.1915)
2 0.3 0.3 2.884 2.994 4.006 13.9 2.884 2.997 4.005 677.3
(0.9196) (0.6695) (0.1764) (0.9195) (0.6696) (0.1747)
3 0.5 0.3 4.980 2.909 2.017 125 4.980 2.909 2.017 678.7
(0.7590) (0.4956) (0.1002) (0.7589) (0.4956) (0.1002)
4 0.1 0.7 0.964 6.919 1.989 22.4 0.975 6.950 1.981 6104
(0.5205) (0.2888) (0.0767) (0.5055) (0.3288) (0.0723)

*CPU in seconds per run on average on a SUN Sparcstation 20. Polygeniz?)y@djor gene VC
(0%), error VC ?). For experiment 10° = 1, 0§ = 3,1° = 6; for experiment 20° = 3, 05 = 3,1° = 4;
for experiment 3¢” = 5, oj = 3,1° = 2; for experiment 4g°= 1, a5 = 7,1° = 2.
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ascertained on the basis of only one proband, we felt the effect of ascertainment
correction would have minimal effect, and therefore, we did not make an ascertain-
ment correction [Majumder, 1985].

Table IV shows estimates based on the analyses by either the ML or QL meth-
ods. For this pedigree we find that 69% of the variance was attributed to a major
gene when the ML method was used, and 73% of the variance was attributed to a
major gene when the QL method was used. Similarly, neither method provided evi-
dence of a major genetic effect by APOB on HDL, although the QL estimates were
considerably higher than the total variance of HDL should have been (it was stan-
dardized to unit variance before the analysis). Although ML provided more accurate
results than QL, it is important to note the very small sample size available for study,
with only 60 total sib pairs. For a larger sample size, we would expect QL to provide
more accurate results than it did. Previously, Amos et al. [1996] found the ML method
to be more accurate for moderately small sample sizes than QL. In addition, applica-
tion of a robust variance estimate for the QL approach may have led to larger stan-
dard errors than those obtained with the scoring method and subsequent inversion of
the information matrix.

DISCUSSION

The use of these iterative methods to estimate genetic components of variance
has been reported by several groups [Thompson and Shaw, 1990; Henderson, 1986;
Lange and Boehnke, 1983; Hopper and Mathews, 1982]. Xu and Atchley [1995]
reparameterized the genetic components of variance in terms of heritabilities. How-
ever, methods of estimation have not been compared in the literature except by
Jennrich and Schluchter [1986], who gave us a statistical overview of these methods
but no specific application to quantitative traits.

We compared iterative methods and showed their utility in estimating the ge-
netic variance components. For the analyses presented here, we assumed that the
likelihood model postulates a normal distribution of the quantitative trait. The segre-
gation of the major gene violates this assumption, however. Our simulation studies

TABLE IV. Estimated Values of Variance Components Parameters From the Bogalusa Heart
Study Using Scoring and QL Methods, With Serum ApoB Levels and High-Density Lipoprotein
Cholesterol (HDL) as Quantitative Traits and the APOB Gene as the Major Gene (Values in
Parentheses Are the Standard Errors)*

Traits Method o? o 7
ApoB Scoring 0.0000 0.7558 0.3383
— (0.1658) (0.1111)
QL 0.0000 0.9449 0.3488
(0.4231) (0.4262) (0.1078)
HDL Scoring 0.6752 0.0000 0.7887
(0.2229) — (0.1861)
QL 1.2764 0.0000 0.7221
(0.7918) (0.7999) (0.2151)

*Polygenic VC @), major gene VCd3), error VC ¢?).
®The estimated value is fixed at the boundary. No standard error value is provided. Elsewhere, standard
error is in parentheses.
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showed that ML methods of estimating these genetic components of variance are
consistent and slightly more efficient than @lethods. Weattempted to use E-M
methods that included a major gene component but encountered difficulties. First we
attempted to apply E-M methods directly but obtained singular matrices for common
IBD relationships. We also attempted a two-step procedure in which the polygenic
components were first fitted by the E-M algorithm and then removed, and the re-
sidual was analyzed by scoring. However, this method underestimated the major gene
component (further results available by request). A possible remedy for this problem
would be to cycle between the two steps: as the major gene VC is estimated, new
residuals are obtained by subtracting off the major gene effect and the new update is
then put back into step 1. When we analyzed ApoB and HDL levels in a large pedi-
gree, results of QL and ML methods were similar, but estimates based on the ML
method were more precise.

Generally, compared with the other methods, we found scoring to perform well
in terms of computational requirements. The computational efficiency of this method
is balanced, however, by greater difficulty in providing the information matrix ana-
Iytically. N-R estimation and scoring provided similar results, and the N-R method
may be preferred in situations in which complex genetic models need to be fitted.
When computational speed is not a major factor in choosing an algorithm, the N-R
method is most appealing because it is easier to implement using available numeri-
cal optimization routines. For simulation studies, the N-R approach is excessively
computationally intensive.

We have also extended the scoring method for multivariate traits to simulta-
neously adjust for covariates and to permit the inclusion of an ascertainment correc-
tion [de Andrade et al., 1997]. In addition, we included a common environmental
effect, and can allow for effects from multiple unlinked loci. In future work, gene-
covariate interactions and methods to handle classes of distributions from the expo-
nential family will be developed. All scientific code used for this manuscript is
available on request to mandrade@request.mdacc.tmc.edu and our website http://
request.mdacc.tmc.edu/ contains software for most of this work.
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