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Abstract In genetics study, the genotypes or phenotypes
can be missing due to various reasons. In this paper, the
impact of missing genotypes is investigated for high res-
olution combined linkage and association mapping of
quantitative trait loci (QTL). We assume that the genotype
data are missing completely at random (MCAR). Two
regression models, “genotype effect model” and “additive
effect model”, are proposed to model the association
between the markers and the trait locus. If the marker
genotype is not missing, the model is exactly the same as
those of our previous study, i.e., the number of genotype or
allele is used as weight to model the effect of the genotype
or allele in single marker case. If the marker genotype is
missing, the expected number of genotype or allele is used
as weight to model the effect of the genotype or allele. By
analytical formulae, we show that the “genotype effect
model” can be used to model the additive and dominance
effects simultaneously, and the “additive effect model” can
only be used to model the additive effect. Based on the two
models, F-test statistics are proposed to test association
between the QTL and markers. The non-centrality param-
eter approximations of F-test statistics are derived to
calculate power and to compare power, which show that
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the power of the F-tests is reduced due to the missingness.
By simulation study, we show that the two models have
reasonable type I error rates for a dataset of moderate
sample size. However, the type I error rates can be very
slightly inflated if all individuals with missing genotypes
are removed from analysis. Hence, the proposed method
can help to get correct type I error rates although it does not
improve power. As a practical example, the method is
applied to analyze the angiotensin-1 converting enzyme
(ACE) data.

Keywords Missing genotype -
Linkage disequilibrium mapping - QTL

Introduction

In disease gene mapping, linkage analysis and linkage
disequilibrium (LD) mapping or association study can be
carried out. Linkage analysis is based on pedigree data, and
association study can be based on either population data or
pedigree data or combinations of population and pedigree
data. Linkage analysis is robust to population structure, and
is appropriate for low resolution genetic mapping to
localize trait loci to broad chromosome regions within a
few cM. In contrast to linkage analysis, association study
for genetic traits is useful in high resolution genetic map-
ping, i.e., fine disease gene mapping; however, association
study is prone to population structure and the rate of false
positives can be high. In recent years, there has been great
interest in carrying out combined linkage and association
mapping of complex genetic traits (Li et al. 2005; Xiong
and Jin 2000). The combined analysis of linkage and
association can take the advantage of the robustness of
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linkage analysis, and the high resolution of association
study. In addition, it may minimize the limits of each.

For many complex traits, such as diabetes, depression,
alcoholism and hypertension, quantitative phenotypes can
be very informative. Hence, it is of importance to develop
statistical methods for mapping of quantitative trait loci/
locus (QTL). There has been a long history in the research
of linkage mapping of QTL (Almasy and Blangero 1998;
Feingold 2002; Fulker et al. 1995; Goldgar 1990; Haseman
and Elston 1972; Pratt et al. 2000). Moreover, variance
component models have been proposed for combined
linkage and association mapping of QTL (Abecasis et al.
2000a, 2000b; Allison 2001; Almasy et al. 1999; Boer-
winkle et al. 1986; George et al. 1999; Fulker et al. 1999;
Sham et al. 2000).

Based on combinations of population and pedigree data,
we have developed variance component models for com-
bined linkage and association mapping of QTL for
complex diseases (Fan and Jung 2003; Fan et al. 2006,
2005; Fan and Xiong 2003; Jung et al. 2005). However,
there is limited research to investigate the impact of
missing data on our models. In genetics study, the geno-
types or phenotypes can be missing due to various reasons.
It is important to develop models which account for
missing data. In this article, we are going to develop
models which account for missing data, and to investigate
the impact of missing genotypes on combined linkage and
association mapping of QTL. Two regression models,
“genotype effect model” and “additive effect model”, are
proposed to model the association between the markers and
the trait locus when there are missing genotypes. Based on
the two models, F-test statistics or likelihood ratio test
statistics can be used to test association between the QTL
and markers. We will investigate the impact of missing
data on the models, under an assumption that the genotype
data are missing completely at random (MCAR). Simula-
tion study will be performed to evaluate the robustness of
the proposed models, and to make comparison with models
which exclude the individuals with missing genotypes from
analysis. In addition, the method will be applied to analyze
the angiotensin-1 converting enzyme data (Farrall et al.
1999; Keavney et al. 1998).

Method

Consider a quantitative trait locus @, which is located at an
autosome. Suppose that there are two alleles Q; and O, at
the trait locus with frequencies ¢, and ¢,, respectively. In a
region of the QTL Q, suppose that one marker or multiple
markers are typed for a sample; and the sample may
include multi-generation pedigrees of any sizes and any
types of relatives, nuclear families, sib-ships and unrelated

individuals. However, the marker information may be
missing for some individuals of the sample at some
markers. That is to say, some genotype information may
not be available for some individuals. In multiple marker
case, the genotypes of an individual may be missing at
some markers and may be available at the other markers. In
this paper, we assume that the genotype data are MCAR
(Little and Rubin 2002), i.e., the missingness does not
depend on the genotype and phenotype data. In the fol-
lowing, we first present the models by one marker, and
extend to use two/multiple markers in analysis.

Log-likelihood and mapping strategy

Log-likelihood

Suppose that the data are composed of a combination of N
unrelated individuals and [ independent families. The [
families can be multi-generation pedigrees, nuclear fami-
lies, sib-ships, or their combinations. In the following, we
first define log-likelihood of the data. Let us list the log-
likelihoods of the N individuals by L;,...,Ly, and the log-
likelihoods of the I families by Ly.1,...,Ly.;. The overall
log-likelihood is L = S_V'" L;. In the i-th family, let #; be
the total number of individuals who are listed as j = 1,
2,...,t;; each individual j is preceded by all his/her ances-
tors. Let us denote the quantitative traits of i-th family by a
vector y; = (yi1,yi2,---,Vi;) - Here, the superscript T
denotes vector/matrix transpose. In addition, assume
that marker genotypes are either available or missing
for a family member. The log-likelihood is defined by
L; = —4log(2n) — Ylog|=i| — 5 (y; — Xip) T (y; — Xi¢h),
under the assumption of multi-variate normality. In the log-
likelihood, X; is the variance—covariance matrix which is
defined in the paragraph below; X; is a model matrix
defined in Subsections below, and ¢ is a column vector of
regression coefficients related to the model matrix.

%;is a t; x t; matrix defined as

I pp - Py
P L py )
. . . O- b)

z =
Py, P2 1
where ¢° = 0} + a7, + 07, 0} is variance explained by the
putative QTL Q, ¢, is polygenic additive variance, and o>
is error variance. The genetic variance o, = a3, + 04, is
decomposed into additive and dominance components. As
in the traditional quantitative genetics, let a be the effect of
genotype 010, d be the effect of genotype Q,0,, and —a
be the effect of genotype 0,0, (Falconer and Mackay
1996). Let ap = a + (g2—¢q1)d be the average effect of
gene substitution, and Jy =2d be the dominance
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deviation. In addition, let u = a(q;—q») + 2dq,g> be the
aggregate effect of the QTL on the trait mean in the pop-
ulation. It is well known that the additive variance
ag = 2q1q2aQ and the dominance variance agd =
<q1q2) 52Q p]k (n]kQUga + Aon-gd + zq)kaGa)/o- is
correlation between the j-th individual and the k-th indi-
vidual of the family, where m; is the proportion of alleles
shared identically by descent (IBD) at QTL Q by the j-th
and the k-th individuals, Ajg is the probability that both
alleles at QTL Q shared by the j-th and the k-th individuals
are IBD, and @ is the kinship coefficient of individuals j
and k. myo and Ayo are usually estimated by marker
information (Amos 1994; Amos and Elston 1989). The
recombination fractions between the genotyped markers
and the unobserved QTL are contained in the estimations
of 7o and Ajyp. Hence, linkage information is modeled in
variance—covariance matrix.

For the N unrelated individuals, the log-likelihoods are L; =
—3log(2n0%) — 55 (v — Xip)* (v — Xi¢), i=1,...N
Here, y;; is the trait value of the i-th individual. It can be seen
that no linkage information is contained in the log-likeli-
hoods of the N unrelated individuals. The linkage is modeled
solely in variance—covariance matrices of the / families.
Therefore, family data can be used for linkage analysis.
In subsections below, we will show that LD information
is contained in the regression coefficients ¢. Thus, LD
information is contained in both population data and
family data.

Mapping strategy

The linkage analysis can usually locate the trait locus in a
broad chromosome region within a few cM or even around
15 cM. Linkage analysis is less sensitive to population
structures of subdivisions and admixtures, although its
resolution can be low. In contrast, the LD analysis has an
advantage for high resolution mapping of trait locus, but
can be prone to false positives. In practice, linkage analysis
can be performed as the first step of analysis to obtain
suggestive linkage information. With evidence of sugges-
tive linkage from linkage study, population data and family
data can be combined together for LD analysis for fine
mapping of QTL. Using this strategy to map the trait locus,
one may take advantage of both linkage analysis and LD
mapping, and be more likely to avoid the spurious
association.

Mixed effect models by one marker

In a region of the QTL Q, suppose that one marker A is
typed, which may be di-allelic or multi-allelic. Let us

@ Springer

denote the alleles of marker A by Ay,...,A,,, where m is the
number of alleles. Suppose that the marker A is in Hardy—
Weinberg equilibrium (HWE). Let the frequency of A, be
Ps,, g =1,2,...,m. Consider the j-th pedigree member of
the i-th family with trait value y; and genotype Gy;;. If the
genotype Gy;; is not missing, there are J, = m(m + 1)/2
possibilities for G,;;, which can be listed as A}A;,...,A,,4,,,
AAs,..AA,,.. ALaA,. In practice, the genotype Gy
can be missing. Therefore, the genotype G4;; can be one of
the J, genotypes if it is not missing and can be missing. If
Ga;j is missing, we denote it by G4; = ?; and if Gg;; is not
missing, we denote it by G4; # ?, i.e., the complementary
set of G4; = ?. Let us denote the probability that the
genotype G,; is missing by ¢, i.e., P(Ga; = ?) = éa.
Notice that P(Gu; # 7) = 1—¢4. In addition, let
P(Gyjj = AAGa;; = 7) or P(Gajj = AANGa; # 7) be
the conditional probability of genotype A.A, given
Gu;j = ? or Gy # 7. Since the missing mechanism is
missing completely at random, the probability is

P(Gaj = AAp|Gay = 7) = P(Gajj = AgAn|Gaj # 7)

P if g=h
= P(AA) = ¢ .
(Agn) { 2P Py, ifg#h

Genotype effect model

For the listed J, genotypes, let Bii,....0mm P12s-+-»
Bims---sPm—_1.m be the corresponding effects on quantitative
trait. The “genotype effect model” can be written as

_wlﬂ)-i,- Z

1<g<h<m

+ P(GAU =A AhlGAU

_Wl]y-i,- Z

1<g<h<m

+ H;j + ¢y,

GA;,fA Ap)

) (Gaij=" ]ﬁgh + H’J + €jj
LGa=aan) + P(AgAR)1(Gyy=)1Ben

(1)
where

1 if Gay = AGA,
l(GAij:AgAlx) T 10 else

and

1 if Gy =
I(GA"":) 0 else

are indicator functions of genotypes A A, and (G4; = ?),
w;; is a row vector of co-variates such as sex and age, 7 is
a column vector of regression coefficients of w;, Hj; is
polygenic additive effect, and e; is the error term.
Assume that H;; is random normal N(0,¢%,), and e; is
normal N(0,¢2). In addition, y and f, are fixed effects.
Hence, model (1) is a mixed effect model (Pinheiro and
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Bates 2000). The contribution of polygenic additive effect
to the variance—covariance matrix X; is from the terms
which contain ¢Z,.

Now let us show that model (1) extends the “genotype
effect model” in Fan et al. (2006). If the genotype is not
missing and Gu; = A A;, the model (1) becomes y; =
Wiy + Pen + Hj + ey, which is similar to “genotype
effect model” (1), Fan et al. (2006). Note that the poly-
genic additive effect H;; is not modeled in Fan et al. (2006).
Since only population data are used in Fan et al. (2000),
polygenic effect is not modeled to avoid redundancy and
the models therein are fixed effect models. In the current
paper, the polygenic effect is modeled as a random effect
and so the models are mixed effect models. Since we use
both population data and family data, the polygenic addi-
tive effect is assumed to be estimable.

If Gu;; =7 is missing, the model (1) is y; = wyy +
>t <g<nemP(AgAn)Bgy + Hyj + e;, which uses the con-
ditional probability P(Ga;; = AANGa; = 7) = P(AA)) as
the weight to model the effect 8, of genotype A,A;. Let us
denote

h
x[g&;j) = 1(GA,';:AgAh) + P(AgAh)l(GA:j:?)7 (2)

which can be thought as the expected number of genotype
AgA;, given observed genotype G,; at marker A. The

“genotype effect model” (1) can be re-written as y; =

wyy + legghgmxgg;)ﬁgh + Hjj + ;. Here, we add the
polygenic effect to the model proposed in Fan et al. (2006).
Based on “genotype effect model” (1), we may get the

model matrix X; and regression coefficient vector ¢

as follows: ¢ = (’V‘Eaﬁlh .. ~7ﬁmm7ﬁ127 .. '7ﬁ1m7 .. ~aﬂm 1m)r

and  X; = (Xai,....Xai,)", where Xu; = (Wy,xxyl)’ .
12 1 1 .

Xgm)’ xgzj)a'-'ax,gi;n)w- XXZ m>) :1,2,..., i

Additive effect model

Assume that the genetic effect is additive, ie., B =
oy + o, Where o is effect of allele A, Then model (1)
becomes an “additive effect model”, which can be written as

—wip+ Y [ley=ama) +PAAN g,

1<g<h<m
+ OCh) +Hij + €jj.

=] (o

(3)

If the genotype is not missing and Gu; = A.A;, the
model (3) becomes y; = wyy + o, + o + Hij + ey,
which is similar to “additive effect model”, Fan et al.
(2006). Therefore, model (3) extends the “additive effect
model”, Fan et al. (2006). If Gs; = ? is missing, the
model (3) is
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Yij = Wiy + P(AgAn) (o + o) + Hij + e
1<g<h<m
m m
=wy) + Y Padg + Y Paon+H+e;
g=1 h=1
m
= Wiy + Z2PAgocg +Hlj + ejj.
g=1
Note that 2 Py, = 2P(Gayj = AAGay = ) + S oP

(GAU = A Al Gu; = 7) is the expected number of alleles
A, given G4; = ?, which is the weight to model the effect
o, of allele A,. Let us denote

xl(ﬁgt'J)‘ =2 l(GAi/':A.eAx) + ; l(GAi/:AgAh) + 2Py, 1 (Gay=1)» (4)
h#g

which is the expected number of alleles A, given observed
genotype Gy;; at marker A. From the discussion above, we
may re-write the “additive effect model” (3) as y; =

wyy + Zg 1xAUrxg -+ H;j + e;. Again, we add the poly-
genic effect to the model proposed in Fan et al. (2006).
Based on the “additive effect model” (3), we may get the
model matrix X; and regression coefficient vector ¢ as

follows: ¢ = (9%, a1,...,00)" and X; = (Zait, - - -, Zair,)"s
where Zy; = (w,-j,xgllj, .. .,xgg.))z, j=12...t

Property of model coefficients

For g = 1,2,...,m, let us denote Dy o = P(Q14,) — q1Pa,,

which are measures of LD between QTL Q and marker A.
Here, P(Q1A,) is the frequency of haplotype Q;A,. In
Appendix A, the regression coefficients of “genotype
effect model” (1) are calculated as

Ben = i+ 0[Da,0/Pa, + Da,o/Pa,]
— 00Da,0Da,0/[Pa,Pa,)- (5)

In Appendix B, we show that the regression coefficients of
“additive effect model” (3) are given by

O(g = y/2 =+ aQDAgQ/PAg- (6)

Notice that relations (5) and (6) are exactly the same as
those of Fan et al. (2006). Assume that the additive effect
is significantly present, but the dominance effect is not
significantly present, i.e., op # 0 but dp = 0. To test
association between the marker A and the QTL Q, one may
test hypotheses Hy,y : oy = --- =, versus H,: at least
two o,’s are not equal. On the other hand, assume that both
additive and dominance effects are significantly present at
the putative QTL Q, i.e., op # 0 and 6y # 0. To test
association between the marker A and the QTL Q, one
may test hypotheses Hygo : 11 = =By =Prn =" =
Bim == B versus Hyy: at least two B, are not
equal. One may test H,y and H,4 by likelihood ratio test
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y-statistics. In the following, we will introduce F-test
statistics and the related properties. By large sample theory,
the F-test statistics and the likelihood ratio test statistics are
close to each other (Graybill, 1976, pp. 187-188).

F-tests and non-centrality parameter approximations
Assume that there are no covariates. Let us denote X =

(X7, X Xyts - X)) Y =11, N Yo - -
Yyvir)s H=(Hu,...Hy,Hy .. Hy, )", and e=
(e11,-- - eni €y 1s--ey,) . Here, H; = (Hy,....Hy)"
and ¢; = (ej1,...,ey) i =N-+1,...,N+ 1. Then “geno-

type effect model” (1) or “additive effect model” (3) can
be expressed as ¥ = X¢ + H + e. Let 3, and (2) be the
maximum likelihood estimations of X; and ¢. By standard
regression theory, the coefficients can be estimated by
¢ =02 X SN XE .

For the “genotype effect model” (1), denote regression

coefficient  vector 1= (S5, Bouns P12y - - > Bims - « -
Bu_1.m) - Let us define a (J4—1) x J4 matrix by

1 -1 0 o --- 0 O 0

1 0 -1 0 --- 0 O 0

1 0 O -1 --- 0 0 0
T=1. . . : . . .

1 0 0 o --- 0 -1 0

1 0 0 o --- 0 0 -1 (a—1)xJa
Then,  (Tn)" = (B11 = Baas - P11t = B P11 — Bras -5

Bii — Bims -+ Biy — Pu_1,m)- Hence, the hypothesis H,qo
is equivalent to Ty = (0,...,0)". By Graybill (1976),
Chapter 6, the test statistic of a hypothesis H,4y is non-

central F(Jy — 1,V ; — J4) defined by
PN €174 (400 St L) D s L)
mad = P P < T 5
v - xxe ) xes Ty Ja—l

where ¥ = diag(X,...
ance matrix with matrices %; on the diagonal, and 3 s its
maximum likelihood estimation. The non-centrality parameter
of above F-statistic is A, ud = (Tp)*[T(x*=~'x)"'17]"!
(Tn) = (Tn) [T X727 %)~ T (Tn).

Assume that the dataset is a population sample, i.e.,
I = 0. Under the assumption of large sample size N, we
show in Appendix C the following approximation

N(l — SA)
)Lm,ad ziz[
g

,2n47) 18 the overall variance—covari-

R+ ang;‘,Q (7)

where RAQ is a general measure of the degree of LD
between marker A and the QTL Q defined by R},

Yot Sact [P(QsAS) — Pags]’ /[Pags (Hedrick 1987;
Sham et al. 2000). Notice that R2 a0 18 the ¥ statistic of the
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m x 2 table of haplotype frequencies of the marker A and
trait locus Q. Approximation (7) shows that the non-cen-
trality parameter 4, ., is reduced by a factor of 1 — g,. If
there is no missing genotype data, i.e., ¢4 = 0, approxi-
mation (7) is exactly the same as that of the “genotype
effect model” in Fan et al. (2006). In the presence of
missing data, the model developed extends our previous
work. In addition, 4,,,, is reduced by a factor of RiQ for
additive variance af,a and a factor of RﬁQ for dominance
variance agd.

For the “additive effect model” (3), denote Y =

(o1, .., 0,)". Let K be a (m—1) x m matrix defined by
1 -1 0 o --- 0 O 0
1 0 -1 0 --- 0 O 0
1 0 o -1 --- 0 O 0
K=1|. . . . L
1 0 0 o --- 0 -1 0
1 0 0 o --- 0 0 -1

(m—1)xm

Then, (Klp)r = (oc]—ocg,...,ac]
H, is equivalent to Ky = (
Chapter 6,
non-central F(m

—a,,). Hence, the hypothesis
0,...,0)". By Graybill (1976),
the test statistic of the hypothesis H,y is
— 1,V ; — m) defined by

(KW[ (X’Z XK KY) S -

’ osTixxes Ty ixes Ty m—

Here, the model matrix X is built from the “additive effect
model” (3). The non-centrality parameter of above
F-statistic  is  Ama = (KY) [K(XZ7'X) 'K (Ky).
Assume that the dataset is a population sample, i.e.,
I = 0. Under an assumption of large sample size N, we
show in Appendix D the following approximation

Joma = % (Ky)* {K(XTX)’IKT} k)
N(] — SA)O'§

R B E— aRiQ. (8)

Again, the approximation (8) shows that the non-centrality
parameter 4,,, is reduced by a factor of 1 — ¢,4. If there is
no missing genotype data, i.e., &4, = 0, approximation (8) is
exactly the same as that of the “additive effect model” in
Fan et al. (2006). Besides, 4,,, is reduced by a factor of
RiQ for additive variance. The dominance variance is not
present in A, ..

Mixed effect models by two markers

In addition to marker A, assume that a second marker B is
typed, which has n alleles denoted by Bj,...,B,. Suppose
that the marker B is also in HWE. Let the frequency of allele
B, be Pp,k=1,2,...,n There are Jp = n(n + 1)/2
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possible genotypes, which can be listed as BBjy,..
B\B,..., B|B,,..

"Bl’an’
.» B,_1B,,. Let y;; be the trait value of the

J-th pedigree member of the i-th family with genotype G,

at marker A and genotype Gp; at marker B. Such as Gy
discussed above, Gg,; can be missing. If Gg;; is missing, we
denote it as Gg; = 7; and if Gg; is not missing, we denote it
by Gg;; # ?. Let us denote the probability that the genotype
Gpj; 1s missing by &g, i.e., P(Gp;; = ?7) = ¢5. Notice that
P(Gpj # 7) =1 — ¢p. In addition, let P(Gg; = BBl
Gpij = 7 or P(Ggij = BiB|Gg; # 7) be the conditional
probability of genotype BiB; given Gg;; = ? or Gg; # 7.
Since the missing mechanism is MCAR, the probability

P(GBij = BkBl|GBij = ?) =

= P(B(B)) = {

P(Gp; = ByB|Ggij # 7)
P} if k=1
2Pg P, ifk#1

Such as relations (4) to define x/(f;, let us denote the

expected number of alleles B, given the observed genotype
Gpj; at marker B

xg(zj) =2 1<GBij:BkBk> + Z I(GBif:BkBI> + 2PBk l(GBij:?)' (9)

7k

The “additive effect model” (13) of Fan et al. (2006) can
be extended to

m—1 n—1
y,-j:w,'jy—i—oc—l—fo(‘gi]).ocAg—i—ng}aBk +H;+e;, (10)
g=1 k=1
where w;; and y are the same as those in model (1), and
0,004 g5 and op are regression coefficients. To understand
that model (10) extends model (13) of Fan et al. (2006),
consider four possible cases as follows:

Case 1: both the genotypes G,;; and Gg;; are not missing,
the model (10) is similar to (13) of Fan et al. (2006). In the
model (10), we model the polygenic effect, which is not
modeled in Fan et al. (2006).

Case 2: both the genotypes Gu;; = ? and Gg; = 7 are
missing, the model (10) becomes
m—1 n—1
Yij = Wiy + oc—i—ZZPAgocAg +22P3k063k +H,j + ejj.
=1 k=1

Case 3: the genotype G,; is not missing and the
genotype Gg;; is missing, the model (10) becomes

m—1

y—WuV+0<+Z 2 1(Guy=A.A,) +ZIGAU—AAh) UAg
h#g
n—1

+ 2ZPBkO‘Bk + HU + €,’j.
k=1

Case 4: the genotype G,;; is missing and the genotype
Ggj; is not missing, the model (10) becomes

m—1
Vi = W,ﬂ/—‘r a+2ZPAxOCAg

g=1
n—1

+ Z 2 1(GBij=BkBk) + Z 1(GBij:BkBl) o + Hijj
=1 17k

+€,'j.

To extend the “genotype effect model” (14) of Fan
et al. (2006), let us denote

(gh) _ _p2 2
ZA&Z‘/ - _PAh l(GAij:AgAg) +PAgPAh 1<GAij:AgAh) _PAg l(GAij:AhAh>7
) 2
%U = P I(GBIj:BkBk)+PBkPBl1<GBi/:BkBI> _PBk I(GBij:BIBI>'

(11)

If the genotypes G,;; and Gg; are not missing, the variables

xﬁﬁj,xg,j,zgy) and zg,) are the same as those defined in Fan

et al. (2006). If the genotype G,;; or Ggj; is missing, xgy)- or

xl(;‘,j) is simply the expected number 2P, or 2Pp, of alleles

A, or By, and z/(w) or z,(_,;u> is 0. The reason that zg%j.” is 0 on

P(Gajj=AgAg|Gaij=")+
(GAi/ =AA,|Gay =

?)=0; the same reasoning apphes to zé) The “genotype

effect model” (14) of Fan et al. (2006) can be extended to

m—1

Yij = wiy + o+ E xA,jocAg+ E xBljoch

+ Z ZAI/ 5Agh + Z ZB” 5Bkl + Hl] + €ij,
1<g<h<m 1<k<I<n
(12)

where 4., and dpy, are regression coefficients of variables
(gh) (k)
za; and zp;, respectively; other terms are the same as
those of model (10). It can be shown that model (12)
extends model (14) of Fan et al. (2006).

Denote Xaij = (xf(llu), .. .,xXZ._l)) Xpij = (xgu), o

xg; 1)) and X/(&)B = (X}, Xp;)"- Let us denote the additive

variance—covariance matrix of the indicator variables
k i if if i)\t
xg”}?,%ﬁ by Va = Cov(X f(\fJ)B»Xf(tﬁB) = E(X,E\{J)B(XIS.GB) ) —
EX E(X))7. Similarly, let Zy; = (zl(mj), e zgli;@, zf(i?,
2m m—1,m 1n 23
a2 T Zy = (22 2 s

zg;), . -,Zg;].’l’”))’, and 7\, = (Z%;j» Zg;)"- Let us denote

the dominance variance—covariance matrix of the indicator

variables z/(f:f ), z%) by Vp =

Gaj=7? is as follows: —P
PA PAh (GA,']'ZA Ah‘GAij :?)—

Cov(Z /(,U)B,ZQJB) The elements
of matrices V4 and Vp, are provided in Appendix E.

For k=1, 2,..., n, let us denote Dgo = P(Q1Bx)
—q1Pg,, which are measures of LD between QTL Q and
marker B. Here, P(QB;) is the frequency of haplotype
Q1B;. In Appendix E, we show that the regression coeffi-
cients of models (10) and (12) are
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a1 Dy,o(1—¢4)
A (m—1) _1 | Da,_0(1—¢4)
=(Va/2)"" 1 %,
%B1 DB]Q(I_EB)
“B(nfl) DB,,,IQ(I_SB)
da12 [Pa,Da,o—Pa, Dayo (1—¢4)
OA(m—1ym p-1 P4, Da,0—Pa,Da, o) (1—¢a) 5
=Vp Q-
Op12 [Ps,Dp,0—Pp,Dp,g]” (1—25)
P )
B(n—1)n [P, ,Ds,0—Ps,D5, 0] (1—¢p)
(13)

Equations (13) show that the parameters of LD (i.e., Da o and
Dg,¢) and gene effects (i.e., g and J,) are contained in the
regression coefficients. Models (10) and (12) simultaneously
take care of the LD and the effects of the putative trait locus
Q. The gene substitution effect o is contained only in o4,
opr; and the dominance effect d is contained only in d4gp,
Opi- Therefore, V4 is called an additive variance—covariance
matrix; and Vp, is called a dominance variance—covariance
matrix. The model (12) orthogonally decomposes genetic
effect into summation of additive and dominance effects.

Based on equations (13), we may use models (10) and
(12) to test the association between the trait locus Q and
the two markers A and B. Assume that the additive
genetic effect is significantly present, but the dominance
genetic effect is not significantly present, i.e., oy # 0 but
0o = 0. To test association between the markers A & B
and the QTL Q, one may test hypotheses Hapu : 041 =
S = Opne1) = 0Bl =+ = dp(u—1) = 0 versus Hyp,: at
least one o, ag’s is not equal to 0. On the other hand,
assume that both additive and dominance genetic effects
are significantly present at the putative QTL Q, i.e.,
ap # 0 and Jp # 0. To test association between the
markers A & B and the QTL (, one may test hypotheses
Hygaao : 0a1 = -+ = AA(m—1) = OBl = *** = 0B(n—-1) = Oa12
= =0Am="""=Op(m-1)m = OB12 =+ =0p1p = "
= 0p(n—1yn = 0 versus Hypaq: at least one ouq, %, Opghs
Opr 1s not equal to 0. Again, one may test Hyp,o and
Hapaao by likelihood ratio test xz—statistics. We will
introduce F-tests in the following.

Regression models and F-tests
Based on regression (12), one may construct an F-test
statistic Fap, 44 to test the null hypothesis Hp,q0 in the

@ Springer

same way to construct F,, ., or F,, (Graybill 1976,
Chapter 6). Under the null hypothesis of Hapuq0, Fap.aa 15
central F(Jy +Jp — 2, vajll ti —Ja — Jp + 1). Similarly,
one may construct an F-test statistic F4p, to test the null
hypothesis Hup,o based on the “additive effect model”
(10). Under the null hypothesis of Hag.o, Fap, 1S central
Fim4n—2, "t —m—n+1).

Population sample and non-centrality parameter
approximations

Assume that there are no covariates, and the dataset is a
population sample, i.e., I = 0. Suppose the sample size
N is large enough that the large sample theory applies.
Denote Dag = (Da,g,---,Da, ,0)" and Dpo = (Dp,0, - - -

Dg,_0)5 Aag= ([PAZDAIQ — Pa,Dagl’.- .., [Pa, \Da,o
—Pa,Da, 0")" and Agp = ([PBZDBIQ — Py, Dpgl, -,

[Ps, Do — Ps,Ds, 0]°). Under the alternative
hypothesis of Hagua1, Fap.qq 1s non-central F(J4 + Jg — 2,
N —Jy— Jg+ 1), and it can be shown that the corre-
sponding non-centrality parameter is approximated by

N T T
%4Bad B [(DAQ(I —&a), Dgo(1 — 83))

DAQ(I — SA)

x (Va/2)™ < )0§a/(qm)-

DBQ(I — 83)

+ (Mrg(1 = ea), App(1 = 28) ) V'

AA l—SA
X ( ol )>0§d/ (Cﬁqi)}

ABQ(I — 83)

Under the null hypothesis of Hap., Fap. 1S central
Fm+n—2, N—n—m+ 1). Under the alternative
hypothesis of Hap,1, Fap, is non-central F(m + n — 2,
N—m—n+1), and it can be shown that the
corresponding non-centrality parameter is approximated by
N (D3gl1 —ea). Dig1 — ) ) (Va/2) ™

(DAQ(I — SA)
X

/'{‘ABLI ~

DBQ(l - SB)

)ffﬁa/(qlch)-

Pedigree sample and non-centrality parameter
approximations

Consider pedigree data, and assume that there are no
covariates. For a relative pair (1,2) of individuals 1 and 2
who are non-inbred relatives, Table 1 gives the conditional
probability P(G1,G,IC) given their allele IBD sharing sta-
tus. Here, G; is genotype of individual j, and C is one event
of (IBD =k), k=0,1,2. For example, P(AA,,AzA,|
IBD =0) = Pjg, P(AgA,, A AL|IBD = 0) = 2Pf\qPAh and
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Table 1 Conditional probability P(G;,G,IC) of a relative pair (1,2) given their allele IBD sharing status

Conditional probability Allele IBD sharing status C

IBD =0 IBD = 1 IBD = 2
P(A A, AA,IC) P P P,

P(AeA, AAC) 2P, P, Pa, P}, 0

P(AAg, AiAIC) PP, 0 0

P(A.Aq, ArAw|C) 2P} Pa,Pa, 0 0

P(AgAn AANC) 4P3 P Pa,P}, + P3Py, 2PaPa,
P(AgAn, AAr|C) 4P/24ﬁPAhPAw Pa,Pa, Py, 0

P(AgAp, AgAy|C) 4P4, Pa,Pa,Pa, 0 0

P(AA,, BiBIC) P} P, Pa Py P(A¢By) P(A¢By)?

P(A A, BiB/IC) ZPE\gPBkPB, Pa Py, P(AgBy) + Pa Py, P(AgB)) 2P(AgBP(AgB))
P(AA,, BiBIIC) 2P, Pa, P}, Pa, Py, P(ABy) + Pa, Py, P(A,By) 2P(A BOP(ABY)

P(AgAh, BkBl|C) 4PA§PA;,PB;<PB[

P4, Py, P(A1B) + Pa, Py, P(A4By)

2P(A,B)P(ALB)) + 2P(A B)P(A,By)

+Py, P P(AgB;) + Py, Py P(AgBy)

Here, G; is genotype of individual j, and C is one event of (IBD = k), k = 0,1,2. In the Table, we assume g # h, g # g, g # h',h # ¢, h # I,

¢ EN k£ I

Table 2 Conditional

. . . . Conditional expectation
expectation of a relative pair

Allele IBD sharing status C

(1,2) given their allele IBD IBD = 0 IBD = 1 IBD = 2
sharing status
COV(xAzlvazz\C) 0 Pa 1= P, )(1 — &) 2P, [1 = Py J(1 —a)°
cOv(xA,l, A,Q\C) 0 —Pa,Pa, (1 —a) —2P, P, (1 — 1)’
COV( All ) A12 ‘C) 0 0 Pf\gpih (Pa, +Py,) (1 —ea)?
Cov( X’ZI: )z, Z“I’é IC) 0 0 [Pa,Pa,Pa, (1 — ea)]
Cov( Eﬁ’.’% 4 1) 0 0 0
Cov(xf Azl7 X’;Z IC) 0 0 0
COV(xAzh /(Ezh I€) 0 0 0
Cov(x A,I,JCBIZ\C) 0 (1 —ea)(1 — &p)Da,s, 2(1 —ea)(1 — &8)Da,s,
In the Table, we assume g # h, Cov( Am B:z |C) 0 0 0
§EE TN o o) 0 0 Blef5y 2] = Bl 2]
P(A Ay, AyAL|IBD = 0) = P/%g Pf‘h. Utilizing the conditional ~ two individuals 1 and 2 are IBD at any locus (Lange 2002).

the conditional covariances of

and Z(Bkl'j')

probabilities of Table 1,

(&) (k) _(gh)
variables xAU s Xpijs Zajj

calculated and the results are listed in Table 2. Given

(IBD=0), the covariances are O since the two variables are

independent and so unrelated (for instance, Cov(xggi)l,xAi2|

IBD = 0) = 0). Other entries of Table 2 can be calculated,
accordingly Based on Table 2, it can be seen that

Cov ( Aqu AUB|IBD 0) = Cov ( AUB’ Au3| IBD = 0) =
JIBD = k) = 0,k =0,1,2. In addi-

of arelative pair (1,2) can be

0 and Cov(X /(4qu Z, 05
tion, we have

i1)

1
(X4 5 X |

1
Cov AUBlIBD =1)= ZCOV(Xf(quv AUB|[BD =2),

LIIBD = 1) = 0.

AR
Cov(Z AUB> AUB

Let @}, be their kinship coefficient of individuals 1 and 2,
and A7y, be the probability that both alleles shared by the

Then it can be shown that the covariance matrix of variable
vectors X' and Z\), is a zero matrix, and

i2) (11

il
COV(X,EquvX/(AUB) = 201;Cov (X, p, AUB‘IBD =2)
=2013Vaa,
iy (i2)
COV(Z/(XU})B’ZAUB) A712Cov(Z f(qu» AUB|IBD 2)
= A712Va, (14)
where the elements of Vs =Cov(X X&B, AUB|IBD—2)

and Vp, = Cov( AUB, AUB|IBD =2) are given by the
entries of the last column of Table 2.

Nuclear family data. Consider I families each has both
parents and s offspring. The total number of individuals is
I(s + 2). Let us list the s 4+ 2 individuals of each family as
j=1,2, 3, ,$ + 2, where individual 1 is the father
and individual 2 is the mother, and the offspring are listed as
j =3, ...,s + 2.Suppose that variance—covariance matrices

@ Springer



324

Behav Genet (2008) 38:316-336

of the I families are the same, i.e., X; = ...
Z7 = () (g2 (s42), and let b= (yy5 + -

2 2
(Y3 + -+ 92502) + S ;+h+1 Vije

families 7 is large enough, we show in Appendix F that the
non-centrality parameter of statistic F4p 4 1S approximated by

2% (o4l Ditt )

s+2 D (1 —¢ )
N S ety
— ©¢B

k=1

= ;. Denote
+V1542)

If the number of

/ABad R

2
Iagd

8 (AT (1 —ga), AL, (1 —¢
e 05t -0 80 - )
s+2 s+2 0 s+2
X Vp' (Z T Vo + Z Z Vk1V02/2>
k=3 I=k+1
AAQ(I —SA))
X V—1< . 15
D ABQ(I _SB) ( )

Similarly, the non-centrality parameter of statistic Fup,, is
approximated by

21 02

Japa ~ (Dio(1 = &), Do (1 — n) )

s+2 DAQ(l _ SA)
(Z Vi Va + bVA2> (DBQ(I _5) )

Multi-generation pedigree data. Consider I families given
in graph A or graph B of Fig. 1 (Fig. 1 in Abecasis et al.
2000B; Fan et al. 2005). For each individual in Fig. 1, an ID
is assigned. For the grand parents of graph B, both pheno-
types and genotypes are unavailable and so no IDs are
assigned. The total number of individuals is ¢/, where t = 11
for graph A and t = 18 for graph B of Fig. 1, respectively.
Again, assume that variance—covariance matrices of the [
families are the same, i.e., £, = ... = X;. Denote Zi_l =
L (1)1~ If the number of families / is large enough, we can
show in the same way as Appendix F that the non-centrality
parameter of statistic F4p 44 1s approximated by

2]0’2 .
o (D (1-

AABad R ————
q1
t
DAQ(l —SA)
x V! YieVa+b1Vas V! <
A (kzl: kk A DBQ(lng)

qlq202

) Djo(1—2))

2
Iagd

+——5—(A4p(1 —&a),Apy(1 —ep)
(q1q2>202( AQ BQ
! A (1—8,4)
VoS Vo bV /2 |V T4 ,
XVp (kz_;/kk p+b2 m/) D (ABQ(l—SB)

(16)

where b; and b, are provided in Appendix G. The non-
centrality parameter of F,p, is approximated by
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21 0'2

lABa ~ —2
q1920

DAQ(I — SA)
V! TVa +bi1Var | V! ( )
A (kz—; “ A\ Dpo(1 — )

(Df (1 = ), D (1 —83))

Results
Type I error rates

Simulation studies are performed to evaluate the robustness
of the proposed models. We evaluate a marker A which is
di-allelic, tri-allelic and quadri-allelic, i.e., m = 2, 3 and 4.
For di-allelic marker, equal allele frequencies are assumed,
i.e., Py, = P4, = 0.5; for tri-allelic marker, the allele fre-
quencies are given by P4, = P4, = 0.3 and P4, = 0.4; and
for quadri-allelic marker, equal allele frequencies are
assumed, i.e., P4, = --- = P4, = 0.25. Five test cases are
considered in type I error rate calculation. Table 3 presents
parameters of four test cases. Trait values are constructed by
normal distribution with mean 100 and total variance
0' =1 except for test case of Admixture. Here ¢ =

T O’Ga + O’ is the summation of the additive major gene
effect 62 the Varlance of polygenic effect JGa, and the
error Varlance a . In the test cases of Null, Famzlzallty, and
Admixture, no major gene effect is assumed, i.e., 0' =0.In
the test cases of Linkage and Composite, major gene effect
is assumed, and recombination fraction 040 = 0; in the
meantime, linkage equilibrium is assumed between QTL Q
and the marker A. In the test case of Admixture, population
admixture is generated by mixing families equally drawn
from one of the two sub-populations C and D. In both sub-
populations C and D, no major gene effect or familial effect
is assumed, i.e., aﬁa = aéa = 0. However, the trait mean of
sub-population C is fixed as 1 and the variance is fixed as 1.
The trait mean of sub-population D is fixed as 0 and the
variance is fixed as 1. Therefore, the total variance in the
mixing population is ¢* = 1.25. The admixture contributed
to (1—0)2/[4 x 1.25] = 0.20 of the total variance.

To calculate the type I error rates of Table 4, 1,000
datasets are simulated for each test case. Each dataset
contains 50 pedigrees of either graph A or graph B of
Fig. 1, respectively. Using the datasets, we fit the model (3)
and test the null hypothesis H,y: o) = ... = ,. Since the
QTL Q is in linkage equilibrium with marker A, an
empirical test statistic which is larger than the cutting point
at a 0.05 significance level is treated as a false positive.
Based on likelihood ratio test, type I error rates are cal-
culated as the proportions of the 1,000 simulation datasets
which give significant result at the 0.05 significant level.
The results of type error rates are presented in Table 4. The
results of Table 4 show that the type I error rates are
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Fig. 1 Multi-generation (A)
pedigrees used in power

calculations and comparison,

which are taken from Fig. 1 of

Abecasis et al. (2000B) or Fan

et al. (2005). The number in the

box or circle is individual ID

(B)

O

@

Table 3 The parameters of the simulated genetic cases

@—

@

@ 18

Test cases 02, 02, o2 a 04 o a Dio,8=1,....m
Null 0 0 1.0 1.0 0.5 Not Applied Not Applied
Familiality 0 0.5 0.5 1.0 0.5 Not Applied Not Applied
Linkage 0.5 0 0.5 1.0 0 0.5 0

Composite 0.2 0.3 0.5 1.0 0 0.5 0

The total variance is fixed as 6> = oﬁa +0%,+0%>=1,and aﬁd = 0. Admixture: no major gene effect or familial effect 0'§ = 0%, = 0, but with

population admixture (see text for explanation)

around the nominal level 0.05. Hence, the model is rea-
sonably robust. In all the four missing rate cases
(e4 = 0.05, 0.10, 0.15, 0.20), the type I error rates are
reasonable. Hence, the missingness does not affect the
robustness of the model.

In the Table 5, we show the type I error rates using tri-
nuclear families. Each tri-nuclear family contains 3 people,
parents and an offspring. Again, 1,000 datasets are simu-
lated for each test case. Each dataset contains 50 tri-nuclear
pedigrees. Two types of calculation are performed: (1)
imputing genotypes which are missing by the proposed
method, and keeping every individual in the analysis; (2)
removing all individuals from analysis whose genotypes
are missing. It can be seen that the proposed method can
help to get correct type I error rates, by imputing genotypes
which are missing, since the type I error rates are around

the nominal level 0.05. In the previous approach, an indi-
vidual is deleted from analysis once his/her genotype is
missing; it may inflate type I error rates by the results of
Table 5, since the type I error rates are around 0.06. In the
column of ¢4 = 0 of Table 5, no individual is removed
since there is no missing genotypes; hence, the type I error
rates are the same for the two types of calculation.

Power comparison

Let us denote the heritability by 4%, which is defined as
h* = a,,/0* (Falconer and Mackay 1996). To compare
power, we plot power curves of two cases using the related
non-centrality parameter approximation: a dominant mode
of inheritance, a = 1, d = 1, and a recessive mode of
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Table 4 Type I error rates (%)

at a 0.05 significance level No. of alleles Pedigree type Test case Error rates
based on likelihood ratio tests. &4 = 0.05 g4 = 0.10 eq = 0.15 eq = 0.20
Di-allele Small 3-generation Null 4.2 4.9 4.9 4.6
m=12 pedigree (A) Familiality ~ 3.8 43 52 4.2
Admixture 4.2 4.5 44 4.5
Linkage 5.7 4.8 5.0 53
Composite 5.2 4.6 4.9 5.0
Large 3-generation Null 4.1 43 4.0 4.0
pedigree (B) Familiality ~ 5.4 5.6 5.0 4.7
Admixture 5.4 4.8 4.6 3.5
Linkage 4.5 4.4 4.7 44
Composite 53 5.1 4.8 5.0
Tri-allele Small 3-generation Null 4.8 39 4.5 3.7
m=3 pedigree (A) Familiality ~ 5.1 5.1 5.4 54
Admixture 4.0 3.7 4.2 4.4
Linkage 5.6 3.9 5.0 5.8
Composite 4.5 4.6 5.0 4.9
Large 3-generation ~ Null 4.8 5.0 5.8 5.0
pedigree (B) Familiality ~ 5.0 4.8 57 56
Admixture 3.8 54 5.5 5.8
Linkage 54 4.9 52 5.1
Composite 5.9 5.6 5.6 5.1
Quadri-allele Small 3-generation Null 4.9 4.8 54 4.6
m=4 pedigree (A) Familiality ~— 4.6 5.2 4.6 5.4
Admixture 4.4 3.7 44 4.4
Linkage 54 5.3 5.7 52
Composite 54 54 54 4.8
Large 3-generation Null 4.3 4.6 5.6 52
pedigree (B) Familiality ~ 4.3 3.9 45 46
Admixture 4.8 5.2 4.3 54
Linkage 5.6 5.8 4.9 4.8
Composite 5.1 5.2 5.4 4.3
Table 5 Type I error rates (%) at a 0.05 significance level of 50 tri-nuclear families based on likelihood ratio tests
No. of alleles Method of treating missing genotypes Test case Error rates
ea=0 eq = 0.05 eq = 0.10 eq = 0.15 eq = 0.20
Quadri-allele Imputing all genotypes which are missing, Null 4.8 4.4 5.3 4.1 4.9
m=4 and keeping everyone in analysis Familiality 5.6 5.0 5.6 53 53
Admixture 5.6 5.6 52 5.1 5.1
Linkage 53 5.7 52 5.1 52
Composite 53 5.0 55 5.5 4.9
Removing all individuals whose genotypes Null 4.8 6.1 6.4 5.6 6.0
are missing Familiality 5.6 6.2 57 59 5.8
Admixture 5.6 6.2 5.7 5.8 6.0
Linkage 53 5.7 6.0 6.0 6.2
Composite 53 53 5.7 6.0 5.8
inheritance, a = 1, d = —0.5. Figures 2 and 3 show power models (10) and (12) using two markers A and B. The

curves of population samples at 0.01: Fig. 2 is based on
models (1) and (3) using one marker A; Fig. 3 is based on
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power curves of Fig. 2 are plotted against the heritability
h?; for graphs I and II, the marker A has three equal
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frequency alleles; for graphs III and IV, the marker A has
four frequency alleles; and the related parameters are given
in the legend of the figure. Two features can be noted from
Fig. 2: (1) the power based on “genotype effect model” (1)
is generally lower than that of the “additive effect model”
(3); (2) the power is reasonably high when the heritability
h? is larger than 0.15. The power curves of Fig. 3 are
plotted against the LD measure Dy, o; for graphs I and II,
there are no missing genotypes, i.e., ¢4 = ¢g = 0.0; for
graphs III and IV, there are missing genotypes, and ¢4 =
eg = 0.25. It is obvious that missing genotypes lead to
power decreasing, since the non-centrality parameter
approximations are reduced.

The power curves of Figs. 4-6 are based on pedigree
data: Fig. 4 is based on nuclear families in which each
family consists of two parents and two children; Fig. 5 is

Fig. 2 Power curves of
population sample at 0.01 level

based on 45 small 3-generation pedigrees (Graph I, Fig. 1);
and Fig. 6 is based on 30 large 3-generation pedigrees
(Graph II, Fig. 1). Such as the population data, the three
figures show that missing genotypes lead to power
decreasing. In addition, the power based on the “genotype
effect model” (12) is generally lower than that of the
“additive effect model” (10).

Example

The proposed method is applied to analyze angiotensin-1
converting enzyme data (Farrall et al. 1999; Keavney et al.
1998). The data consist of 83 extended families with
between 4 and 18 members. Circulating ACE levels were
measured for 405 individuals. Ten  bi-allelic

I. Dominant mode of inheritance, 3-allele Il. Recessive mode of inheritance, 3-allele

based on models (1) and (3), 2 2
where N = 250,¢4 = 0.1,
g1 =0.5,06%, = 0.10. For
graphs I and II, the marker A has 24 2
three alleles and Py, = 1/3,
i=1,2,3,D4,0 =0.12,
DAZQ = DAzQ = 7006, for g — 5 g —
graphs III and IV, the marker A 9] z
has four alleles, P4, = 0.25, nc§_> o
i:17'~~74,DAlQ:—DA2Q :D'C_ ‘Df._
= DA;Q = _DA4Q = 0087 for
dominant mode of inheritance ___ F{Aa}
of graphs I and III, a = 1, o ~ | 7 - - F_{Aad
d = 1; for recessive mode of e e
inheritance of graphs II and IV,
a=1,d=-05 o | o |4
o o
T T T T T T T T T T T
0.0 0.1 0.2 0.4 0.5 0.0 0.1 0.2 0.3 0.4 0.5
Heritability h"2 Heritability h"2
lll. Dominant mode of inheritance, 4-allele IV. Recessive mode of inheritance, 4-allele
e | o |
@ | o« _|
o o
© | o |
—_ ° - o
< [
H 2
g g
< < |
o o
N N
o o
e | o ]
o
T T T T T 4 T T T T T
0.0 0.1 0.2 0.4 0.5 0.0 0.1 0.2 0.3 0.4 0.5

Heritability h"2

Heritability h"2

@ Springer



328

Behav Genet (2008) 38:316-336

Fig. 3 Power curves of

I. Dominant mode of inheritance

Il. Recessive mode of inheritance

population sample at 0.01 level o | o |
based on models (]0) and (12), T — F_{AB,a} T — F_{AB,a}
where N = 200,m = 2, - - F_{AB,ad} - - F_{AB,ad}
\ \ /
n=3,q1 = qy = Pa, = Py, o | \ o | \
=0.5,Pp =1/3, ° i
i= 17 27 37D31Q = DBZQ
:0~067DA181 :DAIBZ © ©
=0.05,aéa=0.10,h2=0.15. _ S _ ST
For graphs I and 11, g 2
g4 = g5 = 0.0; for graphs III & &
and IV, ¢, = 5 = 0.25; for S S \ /
dominant mode of inheritance A \ /
of graphs I and III, @ = 1, AR
d = 1; for recessive mode of N4 N
inheritance of graphs II and IV,
a=1,d=-05
Qe ] o
o o
T T T T T T T T T T
-0.2 -0.1 0.0 0.1 0.2 -0.2 -0.1 0.0 0.1 0.2
LD measure D_{A_1Q} between A and Q LD measure D_{A_1Q} between A and Q
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polymorphisms in the ACE gene were genotyped. There is
missing genotype information at markers. Although we can
not rigorously show that the missingness is missing com-
pletely at random, it is roughly correct since there is no
systematic pattern in the missingness; actually, either
founder’s or non-founder’s genotypes or both can be
missing in a pedigree. In addition, the missingness is dif-
ferent from marker to marker, i.e., genotypes of an
individual at some markers are missing, and are not
missing at other markers. In our previous study, all indi-
viduals with missing genotypes are deleted, and so the total
number of individuals is different from marker to marker
(Fan et al. 2005; refer to column 2 of Table 6). For
instance, there are 4 individuals whose genotype informa-
tion is missing at marker I/D and the total number N = 401
in our previous study; at marker G2350A, on the other
hand, there are more missing genotype data, and N = 368.
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In this paper, all 405 individuals are used in the analysis
using the proposed variance component models for each
marker.

Before fitting the models, multi-point IBD at each
marker are calculated by Merlin (Abecasis et al. 2002).
Variance component linkage analysis shows that additive
variance is significantly larger than 0, but dominant vari-
ance is not significantly larger than 0 (Abecasis et al.
2000B). Hence, dominant effects can be excluded from
regression equation, and the total variance is modeled as
i Uéa + 0%, + 2. Table 6 shows LD analysis of the
ACE gene by individual marker. After fitting the pro-
posed models in this article, lod is calculated by LRT/(2 In
10), where LRT = 2(L, — Ly), L, is the log-likelihood
under y; = o+ x,;004 + Hj; + e;; which is equivalent to
model (3), and L, is the log-likelihood under y;
=a+ Hy + ey
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Fig. 4 Power curves of 200
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The lod scores calculated by the proposed method in this
article are similar to those in our previous study for most
markers (column 4 and column 5, Table 6). Hence, whe-
ther the individuals with missing genotypes are removed
from the analysis or not does not influence the conclusion
we reached. The results of Table 6 confirm the previous
finding that the association is strongest around the
G2215A, I/D, G2350A and 4656(CT)3/2 polymorphisms
(Abecasis et al. 2000b). Therefore, these markers are likely
in complete LD with the trait alleles. The Lod scores cal-
culated by the proposed method at three markers, T-1237C,
G2215A and G2350A, show big decreases compared with
those of our previous study. This is most likely due to the
fluctuations from the missingness. In our previous study,
we found that allele I at marker I/D is almost always
present with allele A at marker G2350A, and allele D at
marker I/D is almost always present with allele G at marker

Disequilibrium Coefficient D_AQ

G2350A (Fan et al. 2005). The two markers are almost in
complete LD with each other. However, the lod scores of
these two markers are different from each other, which is
most likely because there are more missing genotypes at
marker G2350A.

Discussion

In searching for common genes of complex traits, large
samples are needed that are likely to come only from
combining family and population based data. In addition,
sophisticated methods are needed to analyze these combi-
nations. The statistical and mathematical methods and
models must account for missing data, and must account
for environmental covariates which are certain to play a
role in complex diseases. In this article, we have extended
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Fig. 5 Power curves of 45
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our previous variance component models for combined
linkage and association mapping of QTL in the presence of
missing genotypes. Under an assumption of MCAR, two
regression models, “genotype effect model” and “additive
effect model”, are proposed to model the association
between the markers and the trait locus. Based on the two
models, F-test statistics are proposed to test association
between the QTL and markers. The non-centrality param-
eter approximations of F-test statistics are derived to make
power calculation and comparison, which show that the
power of the F-tests is reduced due to the missingness. In
the Table 4, Fan et al. (2005), we showed that the non-
centrality parameter approximations compare well to what
is produced via simulation, under a circumstance of no
missing data and di-allelic markers. Under the assumption
that the genotype data are MCAR, we perform some sim-
ulations to confirm the accuracy of the non-centrality

@ Springer

Disequilibrium measure D_{A_1Q}

parameter approximations (data not shown). Moreover,
simulation studies are performed to calculate the type I
error rates to evaluate the robustness of the proposed
models. It is found the type I error rates are reasonable. The
method is applied to analyze the European angiotensin-1
converting enzyme data.

In this paper, the genotypes are assumed to be MCAR.
This assumption is roughly true for some study, such as the
angiotensin-1 converting enzyme data. For certain studies,
the missingness can be systematic, e.g., some or all of the
founder genotypes can be missing (Wang and Elston 2005).
It is unclear how this will affect the proposed models, if the
assumption of MCAR is not valid. In many situations, the
assumption of MCAR is unlikely to be met. Hence, the
utility of the proposed method in a practical situation can
be limited although it may improve robustness. The issue
of how to properly account for missing data to improve
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Fig. 6 Power curves of 30 large
3-generation pedigrees (Graph
B, Fig. 1) at 0.01 level based on
models (10) and (12), where
m=n=2q =Py =

Pg, = 0.5,Dp,¢ = 0.06,

Dy, p, = 0.05,0%, = 0.10,

h* = 0.15. For graphs I and II,
ea = &5 = 0.0; for graphs III
and IV, ¢4 = ¢ = 0.25; for
dominant mode of inheritance
of graphs I and 111, a = 1,

d = 1; for recessive mode of
inheritance of graphs II and IV,
a=1,d=-05

Table 6 Linkage
disequilibrium analysis of the
European ACE data by
individual marker

The AbAw’s lod is taken from
Table 4 of Abecasis et al.
(2000B). The lod without
missing is taken from Table 5,
column 4, Fan et al. (2005),
which is calculated by deleting
all individuals when their
genotypes are missing. The lod
with missing is calculated based
on the model developed in this
paper. * There is error in
Table 5, column 4, Fan et al.
(2005)
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Marker A Previous results Lod with
- missing # of
# Of AbAW’s Lod without individuals=405
individuals lod missing
T-5491C 395% 9.86 13.91 13.34
A-5466C 392 9.04 14.06 14.25
T-3892C 400 12.49 18.27 17.58
A-240T 401 10.81 13.35 13.66
T-93C 392 10.93 13.00 13.13
T-1237C 377 11.52 20.59 17.94
G2215A 372 14.91 27.01 24.78
1/D 401 15.76 27.37 27.59
G2350A 368* 14.40 28.01 26.13
4656(CT)3/2 390 14.22 27.93 27.16
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power while maintaining correct type I error rates in
genetic studies is paramount. For instance, consider a tri-
nuclear family. Assume that the two parents’ genotypes are
12 and 11, and the genotype of the offspring is missing. It
is easy to see that the genotype of the offspring can be 11
or 21 with a probability 0.5 for each genotype. Hence, the
right imputing method is to assign a weight of 0.5 for each
of these two genotypes. Besides, other genotypes such as
22 should be assigned a weight of 0. In short, information
of genotypes of family members can be used to infer the
missing genotype of another family member. In this ways, it
is very likely that the power can be improved. However, it
won’t be easy to get neat non-centrality parameter
approximations as the ones we have in the paper under an
assumption of MCAR. Instead, simulation study is a pos-
sible method for the investigation. Due to the length of this
paper, we leave this issue to be investigated in the future
study.

The proposed models can be used to analyze either
single marker or multiple genotype data. However, the
models can only be used to analyze one phenotype. As the
ability to generate more genetics data, both for phenotypes
and for genotypes, increases, statistical methods are
required to evaluate multiple phenotypes and multiple
genotypes simultaneously. That is, more research is nec-
essary to extend existing theoretical methods to analyze
multivariate phenotypes of complex diseases.
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Appendix A

Multiplying both sides of the “genotype effect model” (1)
by 1(G,;=a,4, and taking expectation lead to
E(yijl(GA[i:AgAh>)
= lej’yE[l(GAif:AgA’l)} + E[I(GAi/:AgAh)]ﬁgh
_ (1 _8A)[Wijy+ﬁgg]P124g lfg:h
(1= ea)wyy + Bol - 2PaPa,  if g #h
Let Gg;; be genotype of the j-th individual of the i-th family

at the trait locus Q. A true random effect model describing
the trait value is y; = w; v + g; + H;; + e;;, where

(17)

a Ggj= 0101
gi=4 d Goj=010.
—a Ggj= 00

Since the missing mechanism is missing completely at
random, we have
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P(Ggyj=0101,Guaj =AgAg|Gay # 7) = [P(Q14,)],
P(Goij = 0102,Gaij = AgAg|Gajj £ 7) =2P(Q1A,)P(Qa24,),
P(Gpij=0202,Gajj =AgAs|Gaj #7) = [P(QzAg)]z-

Utilizing relations P(Q1A;) = —Da,0 + Pa,q1 and P(QrA,) =
_DAgQ +PA,;CI27 we have

E(il(Gy=a,4,))
= wiPE[1(G,;=4,4,)] T Elgii1(G,;=,4,)]
= wyyP(AgAg|Gajj # 7)P(Gajj # 7)
+ Elgiil(Gy=a,4,)|Gaij # TIP(Gayj # 7)
= (1 —ea) [wyyP3, + alP(Q1A,))
+d - 2P(Q1A;)P(Q24,) — a[P(QZAgm
= (1 —¢a) [w,;,-yPig + ,qu,g + 2Dy, 000P4, — 6QD1243Q].
(18)

Equating Eqs. 17 and 18, we show the Eq. 5 when g = h.
Now assume that g # h. Since the missing mechanism is
missing completely at random, we have

P(Gij=0101,Gajj=AgAn|Gajj #7) =2P(Q1A;) P(Q141),

P(Gpij=0102,Ga;j =AgAn|Gay #7) =2P(Q1A4,) P(Q2A)
+2P(Q1A1)P(Q2A,),

P(Ggij=0202,Gaij =AcAn|Gajj #7) =2P(Q2A¢) P(Q2An).

Utilizing relations  P(Q1A;) =Da,0+Pa,q1, P(Q2A¢) =
—Da,0+Pa,q2, P(Q1An) =Da,o+Pa,q1, P(Q2Ar)=—Da,o
+P4,q2, we have

E(yil(Gy=a.a1)
= WiVE[L(G5=a,a)] + Elg1(G15=a,41)]
= wij7P(A;An|Gaij # 7)P(Gaij # 7)
+ Elgl(G=,4,)|Gaij # "1P(Gayj # 7)
= (1 —&a)[wyy - 2Pa,Pa, +2a(P(Q1A,)P(Q1An)
— P(Q2A;)P(Q2A1)) + d(2P(Q1Ag)P(Q2A)
+2P(0,A,)P(Q1A1))]
= (1 — &a) [2P4,Pa,wijy + 2Ps P4, 1.
+ 209 (Da,oPa, + Da,oPa,) — 200Da,0Da,0]-  (19)

Equating Eqs. 17 and 18, we show the Eq. 5 when g # h.

Appendix B

In relations (17), replacing f,, by a, + o, and taking
summation lead to
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EQiley) =

1<g<h<m

E(yiil(Gy=a.a,)

m m

Z Wi + g + o) Pa, Pa,
=1 h=1

=(1—¢y) (w,]y—i—ZZochA)

Since the missing mechanism is missing completely at ran-
dom, one has E(y;1G a5 = 2) = BEQlGa; # D1 — &4)
= (1—)By;; = (I — gA)(wyy + ). Thus, Y00, o Pa, =
u/2.

Again, replacing B, by o, + @, in relations (17) and
taking summation with respect to & lead to

E [yul(GA,,A 40 t5 Z)’z/ (Gai=Aq Ah)‘|

= I—FA

h#g
(1 —ey Z Wiy + og + och)PAgPAh
h=1
= (1 — SA)PAg (WU"/ + OCg + ZOChPAh>
h=1
= (1 — ea)Pa, (w,jy + o, + ,u/2). (20)

Notice > ;" Da,o = 0. Taking summation of relations
(18) and (19) leads to

E yijl(Gy=a.,) T 5 ZYU GAUAAh)]
h#g

= (1 — EA)PAg [WU’V + U —|—DAgQO(Q/PAg] . (21)

Equating the right-hand terms of relations (20) and (21)
leads to (6).

Appendix C

Assume that there are no covariates, and the dataset is a
population sample. Then the model matrix of “genotype effect

model” (1) is X; = X5, = (x4, a2 lm)
xmtmy =

Co X ., N. To show non-centrality parameter
approximation (7), we first notice the following relation

,w+m(ﬁ)u&wm (22)

v

BIX[X\] = (1 — 64)diag (P}

where v is a column vector given by V' = (P/%z,...7
P% 2PpPa,, .., 2P5 Py, ..., 2Py, P4,). In addition,
diag(P} ,v") is a diagonal matrix, whose elements on

m?

the diagonal are given by the elements of (Pfh,vf). We
may verify (22) by E[(xim)) ] =ELGyiisn,) + P(AA,)
El(G,,—7) = P(AgAn)(1 — &4) + P(A,Ay) s, and  for

Elx (gh) (k1) | =

(8:h) # (k, 1), EpoyyyXap P(A,Ap)P (AkAl)El(GAn:?) =
P(AgAh)P(AkA1)8A .

Let us denote u = (P,2,..., P2, [2P4 Pa] 2, ..., [2Py4,
PA”,] R [ZPAWIPAM]*z). Applying the large number

law and a fact of inverse matrix (M +ab") ' =M"!
—Mta)(b*’M~Y)/(1 +b™M'a), we can calculate the
following approximation

Ly

T(X'X)'T* ~T[NE(X]X1)]

=N'.T [(1 — &4)diag(P3 V")

P -
+5A< A])(sz\wvr)] T

v
—[(1—e0N]"!
1
1
-T diag(P;f,uT)—SA L DT
1

= [(1 —ea)N] ™" Tdiag(P; 2, u")T".

Utilizing above relation, we may show non-centrality
parameter approximation (7) in the same way as Appendix
III, Fan et al. (2006).

Appendix D

Assume that there are no covariates, and the dataset is a
population sample. Then the model matrix of “additive
effect model” (3) is Xi=Z, = (x\),.. a0 i=
1,...,N. To show non-centrality parameter approximation
(8), we first notice the following relation

E[Zx11Z},)]
Py,
=2(1—¢,) |diag(Pa4,, -+, Pa,) + (Pa,y+++,Pa,)
Py,
Py,
+ 4ey (Pa,s-yPa,),
Py

m

which can be verified by E[(xggl)l)z]:4E1(GA”:AgAg)—|—
Yonte ELGu=a,a,) +4P3 Elg,, =7 = 2(1 —ea)Pa,[1 +
Py ]+ 4pP% ,éa, and for h#g, E [xAl)lxXll)l] (1—¢4) -
2P4, Py, +4PAgPAheA. Let X = (Za11,---,Zan1)"- Applying
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the large number law and a fact of inverse matrix (M +
ab )y =M — (M) (MY /(14 b'Ma),

we can
calculate the following approximation
K(X'X) 'K
T -1 T
~ K[NE(ZanZ;,,)] K
=N""K|2(1 — ea)diag(Pa,,...,Pa,) +2(1 + 1)
PAI -1
X (PAla“-vPAm) KT
Py,
= [2(1 —&a)N] ™!
diag( ,P;"f) (14 ¢4)
1
1
X (L,1,..,1)/2|K*
1
=[2(1—&4)N]"" - Kdiag(P;!,...,P; )K"

Utilizing above relation, we may show non-centrality
parameter approximation (8) in the same way as Appendix
IV, Fan et al. (2006).

Appendix E

For ¢ =1,2,....m, k= 1,...,n, let us denote Dap, =
P(A¢Bi) — P4, Pp,,which are measures of LD between
markers A and B. Here, P(A,By) is frequency of haplotype
ABy. It can be shown that for g # h, k # I, h # I,
1# 1, (gh) # (gh), ki) # (K.I')

Ex) = 2P4, E(x{)’

ij

Exjy) = 2Pp, ,E <xg;;>2 =(1-

(gh
E Aé:j> =0 E( Al] )

(1 - SA)(2P2 + 2PA ) +4P§c£A,E[X
¢8)(2Pg, +2Pp,) + 4P129k83, E[x
(1= 24)P} P% [Pa, + P, Ezjy) =
)=

AijZBij

The quantities in (23) imply that the elements of V, are
given by

COV(.XAU7)CAU) —2PA PA;, 1 A),

Var(xA (1= Pa)(1 — &),

2DA Bk

)(1 - 83)7

Cov (xAU,xB

COV(.XB”,.XB _ZPBkPBI 1 — 83)

) =2
) -
)=
Var(x)) = 2P5, (1~ Py )(1 — ).

Since EZ/(;UU')B is a vector of Os by the quantities in (23), it
can be shown that Vp = Cov( QUJB,ZQUSB) = E(ZQUJB
(Z/SUJB)T). Moreover, the quantities in (23) imply that the
covariance matrix COV( QUJB,ZE‘@B) is a 0 matrix. In

addition, the covariances between the trait value y; and

variables xﬁ,x%,zﬁ,) and Zg(z?

COV( U,xgl;) = ZOCQ(l — l;A)DA 0
Cov (y,j,xg‘y)-) = 209(1 — ¢p)Dp,0,

h h kl
COV( ’/’ng)) E[y,,zfj’;])} COV(y’J’Zgl}) E[y,,zéﬂ

Taking variance—covariance between y; and )

Xphs
xgij), g‘if),zg{,j) based on relation (12), we may get the

regression coefficients (13) of models (10) and (12).

(Oxl)] = 2P4 Pa, (1 — &4) + 4Pa Py, ca,

g;)xgl)j] = 2PBkPB,(1 — 83) + 4PBkPB,837

O,E(zf;k,»jl-))2 =

(1 — e5)P3 P}, [Py, + P,
k h

= Elxjyzi] =0,

(Pa,Pa,Pa )2 (1 = ea),

[A,,zA,,}— E[x)zi ) = Elxly)z B,)]:E[xgi}zz’!}’]:mx@ oy
E[x{)x B,,J = 2D, 5,(1 — &a)(1 — &5) + 4P, Py, E[5 25 =
E[z 25" = 0, B[4 2| = (Ps. Py Py )’ (1 — e5), Elc 2] = 0,
E[{%)z B,,] [Pa, (P8,Da,s, — Ps,Das,) — Pa,(Ps,Da,s,

— Py.Dap)] (1 — &) (1 — ep),

k

E[yuxA,,] = 2Py, (wyy + 1) + 209D, 0(1 = &), Elyixis)] = 2P, (wyy + 1) + 200D, o(1 = ),
kl 2

Elyizs] = 00 [Pa,Dano — Pa,Da,o) (1 — &), Elyzsy] = 00[Ps, Do — P,Dp,o) (1 — e5).
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Appendix F

Notice ¥, = 2 (7)) s 12)x (s12)- Let X; be the model matrix
of family i = 1, 2, ..., I. Then

(m—1) (1) (n—1)

(12)

(1997), to calculate the inverse of the right-hand matrix
of (24).

(12) (n—1,n)

(m—1,m)

R i Xail XBil XBil 2ail 24il il ZBi1
(1) (m—1) (1) (n—1) (12) (m—1,m) (12) (n—1,n)
I xpn xArzr'lz XBi2 xB'§-2 Ai2 2Ai2 95 Bi2 !
X; =
1 m—1 1 n—1 12 m—1,m 12 n—1,n
1 xﬁu?wz x,(Ai.s+% xéi,)s+2 x;ii‘s+>2 Zﬁu,s)ﬂ /(4i,s+2 ) Zg?i,s>+2 Zgi,x+2)
Denote 7 = >33 377 9, Applying large number law
leads to an approximation as
i X E X1~
11 T
y YE(XL0))] 0,
(24)
1 11 542 11 1)\1e
= EED S v Va + bVar +EXGU)EXGDT 0 !
05 O4 Ziﬁ ViV + Ziﬁ ;:lf-o—l 7Vp2/2

where O;, i = 1,2,3,4 are zero vectors or matrices, and
1
E(X/gu‘;) = (2Py,,...2Ps |, 2Pp,.....2Pp )".
Let

010 0
S§=10 0 1 0
0 0 0 1

be the test matrix corresponding to hypothesis Hxpuq0,
and ¢ Z(O(7 OALy - oy OCA(m,l), OBly -« -y “B(mfl)v 5A12, oy
5A(m_|)m,5312,...,53(,,_1>n)T be the column vector of
regression coefficient of “genotype effect model”
(12). Utilizing regression coefficients (13), we may
show (15) by plugging approximation (24) into App,y =
(S$)° (1, X7='%) 7877 (S9). One may want
to notice that we may use Theorem 8.5.11, Harville

Appendix G

For pedigrees in graph A of Fig. 1, the constants b; and b,
of Aap.aq in (16) are given by

by =[5+ (7 +-+7111)/2]
+ [vas + (V27 + - +v2.11)/2]
+ 36 + (737 + - +3.11)/2]
+ a6+ (Pag + -+ 7a11)/2]
+ (574 vs01) + g7+ F Vea1)

1ol
+Z Z Vais

k=T lI=k+1

1l
by = Z Z /2

k=T I=k+1

For pedigrees in graph B of Fig. 1, constants b, and b, are
given by
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by =v112+ a2+ (2as + -+ 72.16) /2]
+ a2+ T+ 73,06] /2
+ [aan + -+ va16l/2
[Vs.12/2 + (7513 + - + ¥5.16)]
(V6,13 + -+ Vo.16) + (V617 + V6.18)/2]
V713 + - +77.18)/2
(813 + - +78.16)/2 + (7517 + V5.18)]
(79.17 + Vo.18) + (V1017 + V10,18) /2
(1117 FV11a8) /2 + (P12a3 + -+ V12.16) /4
(713,14 + V1305 + V13.16)
(V1a.1s + V1a16) T V1506 + V1307 T+ V1617)/4
+isas + 0+ V6asl/4 + V178
by = [(713,14 + V1315 + V13.16) + (V1415 + V1a.16)
+715.16)/2 + V17,18/2-

o+ o+ o+ o+
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