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Abstract

In a quantitative trait locus (QTL) study, it is usually not fea-
sible to select families with offspring that simultaneously
display variability in more than one phenotype. When mul-
tiple phenotypes are of interest, the sample will, with high
probability, contain ‘non-segregating’ families, i.e. families
with both parents homozygous at the QTL. These families
potentially reduce the power of regression-based methods
to detect linkage. Moreover, follow-up studies in individual
families will be inefficient, and potentially even misleading,
if non-segregating families are selected for the study. Our
work extends Haseman-Elston regression using a latent class
model to account for the mixture of segregating and non-
segregating families. We provide theoretical motivation for
the method using an additive genetic model with two dis-
tinct functions of the phenotypic outcome, squared differ-
ence (5gD) and mean-corrected product (MCP). A permuta-
tion procedure is developed to test for linkage; simulation
shows that the test is valid for both phenotypic functions.
For rare alleles, the method provides increased power com-
pared to a ‘marginal’ approach that ignores the two types of

families; for more common alleles, the marginal approach
has better power. These results appear to reflect the ability
of the algorithm to accurately assign families to the two
classes and the relative weights of segregating and non-seg-
regating families to the test of linkage. An application of
Bayes rule is used to estimate the family-specific probability
of segregating. High predictive value positive values for seg-
regating families, particularly for MCP, suggest that the
method has considerable value for identifying segregating
families. The method is illustrated for gene expression phe-
notypes measured on 27 candidate genes previously dem-
onstrated to show linkage in a sample of 14 families.
Copyright © 2010 S. Karger AG, Basel

Introduction

In conventional quantitative-trait locus (QTL) map-
ping studies, families are selected into the sample on the
basis of phenotypic variation among the offspring. This
selection ensures that the offspring, and by definition
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their parents, have high probability of displaying allelic
variation at the QTL. We define segregating families as
those with at least one parent who is heterozygous at the
QTL. When multiple phenotypes are of interest, it is dif-
ficult to select families that simultaneously segregate for
all phenotypes. These studies are likely to include some
families where both parents are homozygous at one or
more of the QTL of interest. The offspring in these ‘non-
segregating’ families lack genetically determined varia-
tion in phenotype. Since non-segregating families do not
contribute to the linkage signal, their inclusion in the
sample should reduce the power of the analysis to detect
linkage compared to a sample of the same size composed
of segregating families. Additionally, there is little to be
gained from including material from non-segregating
families in subsequent follow-up studies. The research
described here was motivated by the Genetics of Gene
Expression study, a genome-wide linkage study per-
formed initially in 14 pedigrees from the Centre d’Etude
du Polymorphisme Humain (CEPH) collection [1]. The
phenotypes of interest were mRNA expression levels of
several thousand genes measured on each individual us-
ing microarray technology [2]. In these analyses we an-
ticipate that many QTL will be characterized by non-seg-
regating families as pedigrees were not selected for simul-
taneous variation in all of the phenotypes.

Here, we propose to measure linkage with an exten-
sion of Haseman-Elston regression based on a latent class
model to take into account segregating and non-segregat-
ing families. Latent class analysis is a model-based meth-
od for clustering data into unobserved, or latent, classes,
assuming that the marginal or observed distribution of
data is a mixture of two or more distributions [3]. Latent
class methods have previously been used in population-
based genetic studies to identify subclasses of disease
phenotypes, and to infer population substructure [4-12].
However, we are unaware of previous applications of la-
tent class methodology to family-based linkage studies.
Our method provides an objective test for linkage in the
presence of combinations of segregating and non-segre-
gating families. Through an application of Bayes rule, we
estimate the probability that individual families are seg-
regating, and thus, identify families that are likely to be
informative in follow-up statistical and molecular studies
of putative regulators of gene expression. This is a unique
aspect of our approach, one that, to our knowledge is not
addressed by current methods.

We briefly introduced a latent class approach to this
problem in an earlier study of trans regulators of gene ex-
pression [13]. Here we describe in detail an improvement
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on the original testing approach using examples of cis
regulation of gene expression as motivation. We justify
the new method theoretically and explore its operating
characteristics in a simulation study. In the Methods sec-
tion, the latent class extension to Haseman-Elston regres-
sion is developed along with a method for fitting the
model. The modified hypothesis test is presented along
with the approach for identifying subjects from segregat-
ing families. In separate Results sections, we first de-
scribe analytic findings and a simulation study and then
illustrate the approach with an example of the analysis of
several selected phenotypes from the motivating study.
We conclude with a Discussion of the methods.

Methods

Overview

We demonstrate the potential importance of the problem of
non-segregating families in the population and review the addi-
tive genetic model and the principles of regression-based linkage
analysis. A latent class model extends regression-based linkage to
account for heterogeneity in outcome due to segregating and non-
segregating families. We explore the properties of two phenotype
functions in the context of the two-class model and develop test-
ing and estimating procedures.

Occurrence of Non-Segregating Families

For a single QTL with two alleles, let H and L denote the high-
and low-expression alleles, with population frequencies p and g =
1 - p respectively. Under Hardy-Weinberg equilibrium, the pro-
portion of segregating families () in the population is

m=4p’q + 4p*q* + 4pq’ = 4pg(1 - pg) @21
The proportion of non-segregating families is
1-a=(1-2pq)? (2.2)

a value which exceeds 0.25 for all values of p, with larger rates oc-
curring as one allele becomes less common. Even with relatively
common alleles, 1 - 7 is substantial; for example with p = 0.10,
close to two thirds of the families in the population are non-seg-
regating. Non-segregating families are unlikely to be included in
a sample of families ascertained using a proband. However, sam-
ples selected without regard to phenotype should frequently con-
tain non-segregating families.

Genetic Model

We consider each expression phenotype independently. Let
Wi denote the phenotypic value for offspring j (j = 1, ..., #;) in the
i-th family (i = 1, ..., N), where n; (n; = 2) is the number of off-
spring in family i and N is the number of families in the sample.
We use an additive genetic model, without considering domi-
nance, i.e.

mj=y+V'Gﬁ+Fi+eij (23)
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Table 1. Parameters of the marginal and two-class model for SqD and MCP phenotype functions for a constant number of siblings per

family (n)
Model Phenotype Expectation
Marginal ~ SqD 2 [Var (Wij) — Cov (WijWijr| Zir,) ]
1 (n—1)>2 n®—n?—2n+4
MCP EV(IT‘ (VVZJ) + WCOU (WijWL'j’) — n2 (n n 1) Cov (WijWij'|Zik)
Two-Class SqgD 2 [Var (Wi;1Ci) — Cov (WUVVZ-J-/|ZikCi)]
1 (n—1)>? n®—n?—-2n+4
MCP EVG/I" (le|cl) + mCOU (WijWij/|Ci) - N2 (n n 1) Cov (W'L]sz/|szCz)
where v is the average phenotypic value of a heterozygote (geno- — 1l
type HL), vis the additive effect of the H allele, Gj; is the number, W. = n_zjzlwﬁ

minus one, of H alleles carried by individual j (G;; = {-1, 0, 1}), F;
is a family-level random effect, and e;; is an individual error term
[14]. We assume the F; are independent of the G;; and are indepen-
dent and identically distributed with mean zero and variance of
while the e;jare independent of G;;and F;and are independent and
identically distributed with mean zero and variance o;.

Consider the k-th (k= 1, ..., m;, m; = (3) sibling pair, or sibpair,
comprised of individuals j and j". Let X;; be the number of alleles
shared IBD at the QTL by sibpair k in family i. The covariance of
phenotypic values for a sibpair, or phenotypic covariance, is a lin-
ear function of their IBD sharing, i.e.

Cov[Wy, Wy | Xl = o + 17pgXy, (2.4)

[15]. Equation (2.4) assumes that IBD sharing at the QTL, Xy, is
known, whereas in practice IBD sharing is approximated at single
nucleotide polymorphism (SNP) markers. Let Z; denote the
number of alleles shared IBD at a SNP marker, where 6 is the re-
combination fraction between the marker and the QTL (0 < 6 <
1/2). Here 6 = 0 indicates that the marker and the QTL do not re-
combine while 6= 1/2 indicates that the marker and the QTL are
unlinked. The phenotypic covariance in this case is

Cov[Wyj, Wyr | Zi] = i+ 47pqf(1 - 6) + vpq(1 - 2601 Zy.  (2.5)
Extension of Haseman-Elston Regression
Let Yj denote the squared difference (SgD) in phenotype for
siblings j and j' in sibpair k in family i

Yix = (W - Wyr)? (2.6)

Haseman and Elston [15] describe a ‘marginal’ regression-based
test of linkage. Here Yj; is regressed on IBD sharing at the QTL,
Xk. Subsequent efforts to increase the power of the method led to
the use of other functions of phenotypic values, including the
family mean-corrected product (MCP) and weighted sums of the
SqD and squared sums [16-22]. In addition to SqD, we considered
MCP, where

Y= (W - W) (Wyr = W)

and

A Latent Class Model for Linkage

denotes the mean phenotypic value for the i-th family. Table 1
shows that in the marginal model, the expectation of these func-
tions are linear combinations of phenotypic covariance and vari-
ance terms.

The expectations in table 1 are evaluated by substituting the
appropriate expressions for the variance and covariance terms
from table 2. The appendix provides further details of the deriva-
tions. The expected value of the phenotype function, either the
SqD or MCP, is a linear function of the number of alleles shared
IBD at the marker, Z; with the general form

EYi | Zul = o+ BZik (2.7)

For SqD the marginal intercept is o = 207, + 812pq [6* - 6+ 1/2];
for MCP the closed-form solution for the intercept is complicated
but is readily computed numerically. The specific values of the
‘marginal’ slope, 3, in terms of the genetic model appear in table 3.
For both phenotype functions the terms from the genetic model
that contribute to the slope come exclusively from the condition-
al covariance terms in Equation (2.5). The slope for SqD is inde-
pendent of sample size and the slopes for SgD and MCP are iden-
tical up to the multiplicative term

n—n*—2n+4
2n2<n+1)

where here, for the purpose of the derivation only, the number of
subjects per family, #, was set to be constant for all families. Note
from table 3 that § = 1/2 implies 8 = 0 under both models.

To extend the model in Equation (2.7), let C; be a binary vari-
able indicating whether family i belongs to a segregating (C; = .5)
or non-segregating (C; = %) ‘class’ of families. The expectation of
the phenotype functions conditional on class appear in table 1.
When evaluated in terms of the genetic model using the terms in
table 2, the expectations of the phenotype function conditional on
class are again linear functions of the number of alleles shared
IBD at the marker, Z;, i.e.

ElYi | Zi» Ci = 8] = ag+ BsZy or E[Yi | Zy, C; = M = ay+
BwZix (2.8)
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Table 2. Covariance and variance terms

Class Term Results

Marginal Cov

o} + 4w2pgf (1 — 0) + v2pq (1 — 20)* Ziy

Cov (W”WZJ ) o + v¥pq
Var (Wij) o2 +o% + V2pq
. 5 V2 (1 —20)°
Segregating ov (Wi;Wij|Zi,C =8) 0% + e [qu (pg+1)—1+460(1—0)(1 —pq)] + mZik
2 1
Cov (WiyWiy|C = S) ( i +pQ)>
4(1 —1pq ,
Var (Wi;|C =S) o2 +o% +v? <+pq>
4(1 - pg)°
2°¢°
Non- Cov (WijWij"Zikac:N) O'%;+V272
- (*+4¢)
Segregating D202
Cov (Wi Wip|C =N) 0% 412 (p 1 2)
(P? +4?)
Var (Wy;|C = N) 2+2+2< 2 )
ar (W|C = oltoh+ v ——m—
J e F (p2 + (]2)2

Table 3. Slopes parameterized using the genetic model

Model Parameter Phenotype
SqD MCP
3,2
i 2 2 2 5 (n® —n? —2n+4)
Marginal I6; —2v%pq (1 — 20) —2v°pq (1 — 20) 2 (n 1 1)
2(1—26)2 1-2 —n?—2n+4
Two-Class B —M — Vi 9) (n Z n )
2(1—pq) 2(1—pq) 2n? (n+1)
By 0 0

For SqD the class-specific intercepts are
v*|20° —20+1
1-pq

and a = 207 for MCP the closed-form intercept terms are more
complex but can be computed. Table 3 presents the slopes for the
two classes for both SgD and MCP.

ag =20+

Estimation

Let f(Yy) be the marginal density and let /(Y | C) be the den-
sity conditional on class membership of the i-th family. To fit the
model, we assume independence of sibpairs within a family, con-
ditional on latent class. The conditional densities are assumed to
be normal with constant variances, (Y | Ci = ) ~ N(sgr 02),
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where g = E[Yy | Zix, C; = ] from Equation (2.8) and table 1.
Similarly, f(Yi | Ci = ) ~ N(paapo 0%), where o, = E[Y | Zig C
= ). Thus, the marginal density, f(Y; | Z;), for a vector of sibpairs

with squared phenotypic difference Y; = (Y, ..., Yi») and IBD
sharing Z; = (Zy, ..., Zi,) is
f(Yz |Zi) = WHf(Ylk 1Z.C, = S)
k=1
+(1_7T>Hf(yiklzik’ci :N) (2.9)
k=1

In essence, the latent class approach is a method for fitting two
class-specific Haseman-Elston regression models, while account-
ing for the uncertainty in the latent class designations of individ-
ual families.

Bastone/Spielman/Wang/Ten Have/Putt



The likelihood was maximized using a general quasi-Newton
procedure implemented in SAS PROC TRA]J (v.9 using the NO-
VAR option; [23]). There are several issues to consider. First, seg-
regating and non-segregating classes are not explicitly designated
by the maximization procedure; this information is inferred by
designating the segregating class as the one with the minimum of
the two class-specific estimates of the slopes. Second, the two-
class model sometimes fails to converge. Even when both types of
families are present in the population, a given sample may contain
only one type of family, and in this case the algorithm is expected
to fail to converge to a two-class solution. In practice, the two-
class model also fails to converge at times when both segregating
and non-segregating families are present.

Because the two-class model sometimes failed to converge, we
incorporated the possibility of fitting the marginal model from
Equation (2.7) into the estimation. Let D indicate convergence of
the two-class model. Convergence occurs (D = 1) if the following
three conditions are satisfied: (1) The numerical convergence cri-
teria of the estimation procedure are met. (2) The class-specific
parameter estimates are distinct, i.e. the slope and/or intercepts
differ by a specified constant, here set to 0.01. (3) The estimate of
the proportion of families that are segregating, 7 is non-zero and
less than 1.0.

Otherwise, D = 0 and the marginal model from Equation (2.7)
is fit using maximum likelihood, implemented here with PROC
TRAJ by specifying a model with one class and with signifiance
assessed using permutation. In addition to estimates of the slope
and intercept terms, the estimation procedure directly yields 7
the maximum likelihood estimate of 77 which, in turn, yields an
estimate of p through simple rearrangement of Equation (2.1).

Lastly, using Bayes rule and assuming normal densities, the
family-specific probability of membership in the segregating class
is
P(C, =S8,z
_ Wka(Yiklzik)Ci = S) (2.10)

Wka<Yfk|Zik’Cz‘ = 8) + (1 - 7T>ka(Yik 1Z.C, = N)

(2.11)

-1
1— N
g L -

where 7o = Vix — gk and 7 = yir — Mgk are class-specific residu-
als: if D = 1, estimates of gy, Mok 0~ andar are used to estimate
the family-specific probabilities of segregation in Equation (2.11).
If D = 0 then this probability is not estimated. For any gene, if the
magnitude of the residuals is small relative to ¢, then individual
families show little variation in P(C; = §| Y;, Z;) with values being
largely driven by the term

(1=7)

T

On the other hand, if the data from a particular family are well fit
by one of the conditional means, then the residuals for the other
class will be large and this will tend to drive P(C;= S| ¥;, Z;) toward
Zero or one.

Hypothesis Testing
For the marginal Haseman-Elston model in Equation (2.7),
the one-sided test for linkage is

A Latent Class Model for Linkage

Hy: 6=1/2 versus H: 6<1/2 (2.12)
or equivalently
Hy: B=0versus Hi: B<0 (2.13)

where 2, p, and g are assumed to be fixed.

For the two-class model, the hypothesis regarding 6 in Equa-
tion (2.12) remains of interest. However since 84-= 0, the hypoth-
esis regarding the slope is now

Hy: Bs=0versus Hy: B3<0 (2.14)

The estimated test statistic, S3s, for the hypothesis tests defined in
Equation (2.13) and Equation (2.14) is defined as

,23 - min(,@) ifD=1

(2.15)

S A
B iftD=0
where g =( ,éwﬁs) denotes the vector of estimated slopes from the
two-class model and S is the estimated slope for the marginal re-
gression. When D = 1 we infer that the minimum of the two
slopes, min (,8) estimates the slope in the segregating class. When
D = 0 the marginal slope is our best estimate of the slope in the
segregating class, even in light of the possibility that 8 estimates
the slope in the non-segregating class, or a mixture of segregating
and non-segregating families. The test is carried out using a per-
mutation procedure that retains the correlation structure of sib-
pairs within families. Specifically the observed value of Bg is de-
termined. Then we re-fit the two-class model to data where the
vector of sibpair outcomes for each family, y; = (yi1, yiz> .- Yim,)> 18
permuted while holding the IBD sharing constant. The permuta-
tion test statistic, B§t) is recomputed for the t = 1, ..., T permuta-
tions. The one-sided permutation p value is
r .
Zt 1 ( ;) < '85)

T

pP=

where I(*) is the indicator function.

Results: Analytic Findings and Simulation Study

Analytic Comparison of SqD and MCP

To use the two-class model for inference, the Newton-
Raphson algorithm must converge to a solution that iden-
tifies two distinct classes. While the test for linkage is
based on the slope in the segregating class, differences
between the intercepts as well as the slopes for the segre-
gating and non-segregating classes potentially contribute
to the ability of the algorithm to converge to a two-class
model. For both SgD and MCP, agand ay are indepen-
dent of IBD sharing with differences between segregating
and non-segregating classes even in the absence of link-
age (6 = 1/2) that increase with increasing p (result not
shown). For the slopes, table 3 shows that the slope for the
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non-segregating families, By, is zero for both SgD and
MCP while, for segregating families, the B¢ are identical,
except for the multiplicative term

(n3 —n’ 72n+4>
2n2(n+1)

which has an upper bound of 1/2 in very large families.
Bis zero when the marker is unlinked (6= 1/2) and non-
zero under linkage (0 < 6 < 1/2). Unlike the intercepts,
the slopes contribute no information useful for discern-
ing classes in the absence of linkage. Intuitively, as segre-
gating families become rare, the ratio for the marginal
and segregating slopes should become large. Indeed, the
ratio of slopes is identical to the proportion of segregating
families; using the results in table 1 for either SgD or MCP
and Equation (2.1)

B
5 pq( pq) T

(3.1

Simulation Study

Parameters of the Simulation Study

Simulation was used to assess the operating character-
istics of the proposed permutation test for the two-class
model compared to a permutation test based on the mar-
ginal model. The simulation study also described the
capacity of the approach to discriminate between segre-
gating and non-segregating families. Using the genetic
model, parental alleles were drawn from two unlinked
(independent) loci, using a Bernoulli(p) distribution and
assuming Hardy-Weinberg equilibrium. One of the al-
leles was arbitrarily designated as the QTL and the other
as an ‘Unlinked SNP’ or null marker. We then simulated
the random transmission of alleles from parent to each of
eight offspring, or in a limited number of cases to four
offspring. We determined the true IBD status of all sib-
pairs. Phenotypic values were determined conditional on
the QTL at each locus and assuming the additive genetic
model from Equation (2.3) and a normal distribution for
F;and €ij » with variances 0.3 and 0.2, respectively. To as-
sess type I error rate, we fit the latent class model to each
set of simulated data using IBD sharing at a ‘null’ marker,
i.e. a marker independent of phenotype. We simulated
500 sets of data, varying the number of families, N, the
additive allelic effect, 7, and the allele frequency p. Allele
frequencies of p = 0.025, 0.2, and 0.5 were chosen to rep-
resent a range from rare to common alleles. We comput-
ed the nominal type I error and power as well as the mean
and empirical variance of the estimated slope in the seg-
regating class. We also assessed the discriminative ability
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of the proposed method conditional on achieving conver-
gence for the two-class model; specifically, we assessed
the predictive value positive (PVP) (the probability that a
member of the nominal segregating class was a segregat-
ing family), sensitivity (probability of assignment of a
segregating family to the nominal segregating class) and
specificity (probability of assignment of a non-segregat-
ing family to the nominal non-segregating class) by as-
signing a family to either the segregating or non-segre-
gating class based on whether the probability in Equation
(2.11) exceeded 0.50.

Type I Error and Power

Table 4 shows the results for N = 14; similar patterns
were observed for a more limited study for N = 28 with
the same number of sibs per family. The type I error rate
is well controlled; for a nominal type I error rate of 0.05,
and a simulation error of 0.0097, the empirical error
ranged from 0.046 to 0.068 for SgD and from 0.036 to
0.056 for MCP. Power demonstrates two distinct patterns.
For the two-class model, when segregating families are
rare (p = 0.025; 7 = 0.095), MCP has better power than
SqD; when segregating families are common (p = 0.2;
7 =0.54 or p = 0.5; 7= 0.75), SqD has better power than
MCP. In marginal models, as expected from theoretical
results [16, 17], MCP has better power than SgD across the
range of simulations. The question of whether the mar-
ginal or the two-class model has better power again de-
pends on the frequency of the segregating families. Atlow
allele frequencies, the two-class model with MCP had the
highest power; at high allele frequencies, the marginal
model, again using MCP, had the highest power.

Discrimination of Segregating and Non-Segregating

Families

With respect to discriminating between segregating
and non-segregating families under the two-class model,
PVP values for MCP consistently exceeded those of SqD.
For p = 0.025, PVP values for MCP were 35-80%, and
while these values are somewhat low, they represent a
substantial enrichment in segregating families in the
nominal segregating class compared to the 9.5% expected
for the entire sample at this allele frequency. In contrast,
PVP values for SqD were 16-25% at p = 0.025, indicating
that the nominal segregating class was dominated by
non-segregating families. At higher allele frequencies
discrimination is excellent; PVP values for MCP were at
least 97% for p = 0.2/7 = 0.54 and at least 87% for SgD.
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Table 4. Type I error rate, at an unlinked SNP, or null marker, and power, at the QTL, for the hypothesis tests
based on the two-class and marginal tests along with PVP for the two-class approach

p T n Power/type I error PVP, %
two-class marginal
SqD MCP SqD MCP SqD MCP

Unlinked SNP (null marker)
0.025 0.095 0.8 0.052 0.056 0.058 0.054 9.7 8.5
0.025 0.095 1.0 0.046 0.052 0.048 0.060 9.4 8.1
0.025 0.095 1.2 0.052 0.056 0.064 0.064 9.6 8.5
0.200 0.54 0.8 0.060 0.060 0.066 0.068 52.6 54.5
0.200 0.54 1.0 0.054 0.056 0.050 0.058 51.5 53.3
0.200 0.54 1.2 0.068 0.036 0.048 0.058 52.5 53.5
0.500 0.75 0.8 0.056 0.054 0.046 0.056 74.0 75.9
0.500 0.75 1.0 0.036 0.050 0.038 0.038 74.9 74.4
0.500 0.75 1.2 0.040 0.046 0.028 0.022 74.7 73.3

QTL
0.025 0.095 0.8 0.232 0.288 0.200 0.242 15.5 34.8
0.025 0.095 1.0 0.336 0.448 0.312 0.338 22.9 69.5
0.025 0.095 1.2 0.490 0.584 0.440 0.482 24.6 79.6
0.200 0.54 0.8 0.766 0.696 0.894 0.934 87.0 97.0
0.200 0.54 1.0 0.928 0.784 0.980 0.990 93.5 99.0
0.200 0.54 1.2 0.950 0.862 0.990 0.996 97.9 99.7
0.500 0.75 0.8 0.910 0.788 0.988 0.998 96.6 99.4
0.500 0.75 1.0 0.950 0.884 1.00 1.00 98.7 99.5
0.500 0.75 1.2 0.960 0.900 1.00 1.00 99.6 99.7

Results shown are for 14 families, 8 sibs per family, and 500 simulations.

Factors Affecting Relative Power and Detection of

Segregating Families

To better understand these patterns, table 5 along with
figures 1 and 2 explore the impact of factors including the
rate of convergence to a two-class solution, and the com-
position of the nominal segregating class. This in turn
leads to a discussion of how bias in Bg and its empirical
standard error may impact relative power.

Probability of Converging to a Two-Class Solution

First consider convergence rates (P(D = 1)) (table 5). At
the ‘null marker’, two classes of families are present and
this variation is reflected in the distribution of the phe-
notype, but there is no association between IBD sharing
and phenotypic variation. Here differences in intercepts
potentially provide information about class membership,
while at the QTL we expect both intercepts and slopes to
contribute to discrimination between classes. For 14 fam-
ilies, rates of fit for the two-class model (P(D = 1)) at the
null marker ranged approximately between 95 and 97%
for SqD and between 35 and 38% for MCP. Convergence

A Latent Class Model for Linkage

rates for both phenotypes were similar to convergence
rates in simulations where there was no genetically based
heterogeneity and where we generated only a random in-
tercept and held v = 0 (results not shown). Thus the inter-
cepts in practice provide little discriminatory informa-
tion. Importantly, the probability of observing families
from both classes (both segregating and non-segregating
families) is 0.753 when p = 0.025/7r = 0.095, and over 0.98
at the two higher allele frequencies. Focussing on p =
0.025/7 = 0.095 it is clear that SqD frequently finds two
classes when only one exists. The results for the simula-
tion where » = 0 indicate SqD does so independently of
any genetic information. SgD may converge more fre-
quently than MCP because of the shape of the distribu-
tion. For example, SgD had skewness/kurtosis values of
around -2.8/11 compared to -0.8/8.6 for MCP when v =
1.0and p =0.2.

At the QTL, SqD continued to have higher conver-
gence rates than MCP. Here, SqD converged to a two-class
model in over 95% of simulations while MCP converged
at more reasonable rates of 58-73% at p = 0.025 and over
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Table 5. Convergence rates (P(D = 1)), sensitivity and specificity at an unlinked SNP or null marker, and

the QTL
p T n P(D=1),% Sensitivity, % Specificity, %
SqD MCP SqD MCP SqD MCP

Unlinked SNP (null marker)
0.025 0.095 0.8 95.6 36.2 53.9 52.9 48.4 45.2
0.025 0.095 1.0 95.6 35.2 52.0 50.0 49.0 46.2
0.025 0.095 1.2 96.4 37.1 53.1 50.6 49.2 459
0.200 0.54 0.8 96.4 35.8 494 51.8 48.7 49.0
0.200 0.54 1.0 97.4 35.2 49.0 54.9 46.1 43.3
0.200 0.54 1.2 96.0 36.0 49.8 53.5 47.9 44.8
0.500 0.75 0.8 96.0 38.4 49.8 50.1 48.8 51.9
0.500 0.75 1.0 96.8 37.2 49.7 49.3 51.5 49.2
0.500 0.75 1.2 97.2 34.6 49.8 47.6 50.5 49.7

QTL
0.025 0.095 0.8 95.6 58.3 69.7 25.6 48.6 93.8
0.025 0.095 1.0 95.6 71.8 74.0 414 73.3 97.6
0.025 0.095 1.2 96.4 73.2 80.1 55.3 75.6 98.3
0.200 0.54 0.8 96.4 97.0 48.4 25.7 91.7 99.1
0.200 0.54 1.0 96.0 99.4 50.8 33.5 95.9 99.6
0.200 0.54 1.2 99.8 99.6 54.1 424 98.6 99.8
0.500 0.75 0.8 96.0 99.4 40.0 22.1 95.9 99.6
0.500 0.75 1 96.8 99.5 41.9 29.5 98.4 99.6
0.500 0.75 1.2 97.2 99.7 44.4 33.5 99.5 99.7

Results for sensitivity and specificity include only those simulations where the two-class model converged
(D = 1). Results shown are for 14 families, 8 sibs per family, and 500 families.

97% at higher allele frequencies. Again, we note that SgD
converged at rates of 95-99% when p = 0.025 even when
the probability of at least one segregating family in the
sample was only 0.753.

Composition of Nominal Segregating Class

With respect to the composition of the nominal segre-
gating class based on the posterior probabilities from
Equation (2.11), SgD consistently shows higher sensitivity
and MCP consistently shows higher specificity at the
QTL. The net result, seen in table 4, is that the PVP for
MCP is higher. However, while the nominal segregating
class for MCP is highly enriched in segregating families,
its low sensitivity means that a large proportion of segre-
gating families in MCP are assigned to the non-segregat-
ing class. This observation appears important in under-
standing relative power.

Power of MCP versus SgD in the Two-Class Model

We first consider the relative power of MCP and SqD
for the two-class model (table 4) and suggest why MCP is
more powerful at low allele/segregating family frequency.
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When the algorithm fits the slopes for the two-class mod-
el, each family contributes to the estimates from both
classes, with the relative contribution weighted by the
goodness of fit of the family-level data to each class. With
the caveat that the weights in the fitting algorithm are
continuous rather than binary, we gain some insight into
the relative weighting of families to the slopes by consid-
ering the composition of the nominal segregating family
class. Figure 1 shows that for SgD, min (B), the estimated
slope in the segregating class from the two-class fit (Equa-
tion (2.15)), underestimates S, the true parameter, when
p = 0.025, a finding consistent with the result that the
nominal segregating class for SgD at p = 0.025 is domi-
nated by non-segregating families (PVP < 25%). In con-
trast for MCP fs, the estimated slope in the segregating
class from the two-class fit (Equation (2.15)), substantial-
ly overestimates 35 when p = 0.025. The bias may reflect
the fact that the nominal segregating class is dominated
by segregating families while sensitivity for MCP at this
allele frequency is no greater than 55%, suggesting that
the contribution of a few segregating families to the slope
estimate, probably those with extreme slopes, is large
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while those segregating families with less extreme slopes
make little contribution to the estimate of Bs. Underesti-
mation of Bg by SgD and overestimation by MCP is con-
sistent with the finding that MCP is more powerful than
SqD at low allele frequency for the two-class model.

We next suggest an explanation for why SqD is more
powerful at higher allele/segregating family frequency.
Because we do not have closed-form solutions for vari-
ance estimates, we focus on relative power using MCP at
p =0.025 as the baseline. At higher allele frequencies (p =
0.2 or p = 0.5), the nominal segregating classes for both
S§qD and MCP are dominated by segregating families.
Sensitivity, while lower than at p = 0.025, is higher for
SqD. For both phenotypes, min (3), the slope estimate in
the segregating class, overestimates Ss. Since the magni-
tude of the relative bias is larger for MCP (fig. 1), we sug-
gest that the precision of the estimate, rather than the bias
may explain why SgD has better power than MCP for the
two-class model at higher allele frequencies (table 4). We
consider increases in the mean slope and the empirical
standard deviation (SD) at the higher allele frequency rel-
ative to p = 0.025. Specifically for each phenotype we
computed two ratios, the slope ratio is the mean of the
slope estimates at p = 0.2 versus p = 0.025, and the SD ra-
tio is the empirical SD of the slope estimates at p = 0.2
versus p = 0.025. Intuitively, we hypothesized that larger
slope ratios would tend to yield a larger increase in power,
while larger SD ratios would have an opposite effect,
yielding a smaller increase or decrease in power. Figure 2
(top row) illustrates the ratios. For the nominal segregat-
ing class, the slope ratio was higher and the SD ratio was
smaller for SgD compared to MCP. Slope ratios were 2.5
to 3.1-fold larger for each value of vfor SgD and 1.8 to 2.0-
fold larger for MCP. In contrast, ratios for the empirical
SD were 1.3 to 1.6-fold larger for SgD and 1.7 to 1.9-fold
larger for MCP. Similar patterns were observed for p =
0.500 versus p = 0.025. Thus, while MCP is highly spe-
cific across allele frequencies, the variance of the slope
estimate in the segregating class is relatively higher than
SqD for more common versus rare alleles. We speculate
that compared to SgD, MCP’s low sensitivity effectively
reduces the size of the nominal segregating class when
allele frequencies are larger, and this inflates the standard
error and reduces power relative to SgD.

Power of Marginal versus Two-Class Model

Lastly, we seek to understand why, for each phenotype,
the two-class model had better power than its marginal
counterpart at low allele frequency while the marginal
model had better power at higher allele frequency. We
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Fig. 1. Relative bias of SgD and MCP slope estimates as a function
of allele frequency p for v = 0.8 (solid line, red), 1.0 (dashed line,
blue) and 1.2 (dash-dot line, black) in the nominal segregating
class of the two-class model (colors refer to online version; white,
grey, and black, respectively, in the print version). Relative bias is
the difference between the mean of the estimated slope and its
expectation expressed as a percentage of the expectation. Hori-
zontal dashed line indicates absence of bias.

focus on MCP as this was the phenotype with the best
absolute power. At p = 0.025 the ratio of population slopes
for the segregating class (3s) and the marginal model (B)
is 10.5, reflecting the fact that only 9.5% of families in the
population are segregating (Equation (3.1)); in fact the ob-
served slope ratio for the segregating versus marginal
models for MCP was even higher, ranging from 11.7 to 21.
The power of the two-class model at low allele frequency
appears to reflect, at least in part, the large contribution
of non-segregating families to the marginal slope along
with the enrichment of segregating families in the nomi-
nal segregating class of the two-class fit and, for MCP, the
upward bias of BS, in cases where the two-class MCP
model converges.

At higher allele frequency, we speculate that the high-
er power of the marginal approach, compared to the two-
class approach, reflects a smaller contribution of non-
segregating families to the marginal slope, along with
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poor sensitivity of the two-class model, i.e. a relatively
poor ability to classify segregating families as such. For
MCP at p = 0.2 the ratio of population slopes for the seg-
regating class in the two-class model and the marginal
model, Bs/B, is 1.9, a value much smaller than at p = 0.025.
However, the ratio of observed slopes ranged from 3.5 to
4.6, again reflecting the unbiasedness of the marginal
slope and the upward bias of Bs. Since the slope estimates
for the segregating class in the two-class model continue
to be much higher than for the marginal model, we sug-
gest that the precision of the slope estimate may explain
why the marginal model has better power than the two-
class model at higher allele frequencies (table 4). Because
we do not have closed-form solutions for the variance of
the slope estimate, we use p = 0.025 as a reference and
considered relative values of the slopes and standard de-
viations. For the marginal model the slope ratio is the
mean of the estimated 8 at p = 0.2 versus p = 0.025, and
the SD ratio is the empirical SD of the slope estimate at
p =0.2 versus p = 0.025. Figure 2 (bottom row) shows the
slope and SD ratios for the marginal and two-class mod-
els for MCP at different values of . As described above,
slope ratios for the MCP two-class model are 1.8 to 2.0;
figure 2 shows that for the marginal model the slope ra-
tios are much larger, on the order of 6.0 to 8.0. In contrast
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for the two-class model, the SD ratios are 1.7 to 1.9, and
for the marginal model, they are only slightly higher, 2.0
to 2.5. Thus the relative increase in the slope for the mar-
ginal model compared to the two-class model appears to
outpace the relative increase in SD. A comparison of the
marginal MCP model to the two-class SgD model yields
similar results. We hypothesize that at larger allele fre-
quencies, the low sensitivity of the two-class model re-
duces the size of the nominal segregating class, effective-
ly inflating the standard error of the slope estimate. This
in turn reduces the power of the two-class model relative
to the marginal model. The relative power of the mar-
ginal and two-class approaches appears to reflect trade-
offs between the relative magnitude of the slope in the
segregating class and the overall population, and the in-
ability of the two-class model to assign the majority of
segregating families to the nominal segregating class.

Effect of Reduced Number of Sibs per Family

At the suggestion of the reviewers, we briefly explored
the impact of a smaller number of sibships. Results of a
simulation with 28 families and four sibs per family are
shown in table 6 for =1 at the QTL. The type I error rate
was controlled and appeared somewhat conservative for
both phenotypes (not shown). The results were similar to
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Table 6. Power, convergence rates (P(D = 1)), sensitivity and specificity at the QTL

p T Power PVP, % P(D=1),% Sensitivity, % Specificity, %
two-Class marginal
SqD  MCP SqD  MCP SqD  MCP SqD MCP SqD MCP SqD MCP
0.025 0.095 0.270 0.132 0252 0.198 14.2 14.7 99.0 56.8 54.9 23.8 66.4 94.9
0.200  0.54 0.444 0.160 0.856 0.846 87.4 939 99.8 88.8 28.0 09.0 95.4 99.3
0.500  0.75 0.554 0.326 0.972 0.980 97.8 99.2 99.6 95.8 24.9 10.1 99.2 99.8

Results for sensitivity and specificity include only those simulations where the two-class model converged (D = 1). Results shown
are for 28 families and 4 sibs per family across 500 simulations for v = 1.

those described although both the marginal and two-class
models yielded hypothesis tests with lower power. Addi-
tionally, for the smaller number of sibships, the marginal
model had substantially, better power than the two-class
model, except for p = 0.025 for the SgD function. For the
two-class model, SgD consistently had better power than
MCP. As with the larger sibship size, MCP consistently
had better specificity and worse sensitivity than SgD, and
this yielded better PVP for the MCP phenotype. The PVP
values were consistently lower than for the larger sibship
sizes, but still exceeded 90% for MCP for p = 0.20.

We were unable to carry out the permutation test suc-
cessfully using fewer than four sibs per family. It appeared
that because the number of permutations was small (six
per family for three sibs per family), that the within-fam-
ily permutation did not yield sufficient variation to dif-
ferentiate between the results under the null and alterna-
tive hypotheses, leading to a test with literally no power.
While the permutation procedure could not be used, we
were still able to fit the two-class model, and this infor-
mation could be used to classify families.

Results: Application to the CEPH Study

Description of the CEPH Study

The motivating study is fully described in Morley et
al. [2]. Briefly, 3,554 gene expression phenotypes were an-
alyzed for linkage in a genome-wide study of cell lines
from 14 Utah pedigrees with seven to nine offspring. Us-
ing a recent modification of Haseman-Elston regression
[21], 142 phenotypes yielded sufficient linkage evidence
to achieve genome-wide significance (p values < 4.3 X
1077). These expression phenotypes were further classi-
tied based on location of the linked SNP marker relative

A Latent Class Model for Linkage

to each expression phenotype. Target genes with expres-
sion mapped to within 5 Mb of their genomic location
were classified as cis-regulated; otherwise genes were
classified as trans-regulated. Here, we illustrate the two-
class approach using 27 expression phenotypes which
demonstrated statistically significant evidence of linkage
to a cis regulator in the original study [2]. We selected the
single SNP closest to the start of transcription of each of
these 27 genes. While we identified a single SNP for the
analysis, we used Merlin to estimate the number of alleles
shared IBD at the SNP marker using genotype data from
all SNPs on the chromosome containing the target gene
using [24]. Merlin is a multipoint algorithm which uses
information from SNPs in the neighborhood of the SNP
of interest to infer IBD status. Genotype data from grand-
parents, parents, and offspring were used in the IBD cal-
culations, although only outcome data from the offspring
were used in the latent class analysis. This approach sug-
gests that IBD sharing at the QTL for these data should
be well approximated by IBD sharing at a nearby genetic
marker.

Hypothesis Tests

Table 7 shows the full set of parameter estimates for
the MCP function ordered by 7; their estimated probabil-
ity of membership in the segregating class. p values for
hypothesis tests for both SgD and MCP are shown for
both the marginal and two-class models. For both func-
tions, the two-class model converged for all genes. The
slope estimates followed the expected pattern: By was
very close to zero, and 3 for the marginal model was in-
termediate to Bs and 4. Estimates of minor allele fre-
quencies, p, for those genes where the latent class model
converged ranged from 0.018 to 0.127; these values cor-
respond to estimated prevalences of segregating families
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Table 7. Results of latent class analysis for expression phenotypes

Gene Estimates p values
B By Bs 7 p marginal two-class
MCP SqD MCP SqD

CHI3L2 0.801 0.603  3.741 0.071 0.018 <0.001 <0.001 0.005 0.009
CTBP1 0.038 0.013  0.253 0.071 0.018 <0.001 <0.001 0.001 <0.001
CTSH 0.030 0.021  0.151 0.071 0.018 <0.001 <0.001 <0.001 0.011
PPAT 0.044 0.025  0.332 0.071 0.018 <0.001 <0.001 0.005 0.044
SMARCBI1 0.023 0.008  0.179 0.071 0.018 <0.001 0.003 0.001 <0.001
ZNF85 0.106 0.005  0.922 0.071 0.018 <0.001 0.001 0.001 0.354
POMZP3 0.216 0.148  1.072 0.071 0.018 <0.001 <0.001 <0.001 0.007
VAMPS 0.019 0.009  0.094 0.131 0.033 <0.001 0.011 0.042 0.038
CPNEI 0.062 0.023  0.330 0.143 0.036 <0.001 <0.001 0.002 0.001
CSTB 0.032 0.014  0.135 0.143 0.036 <0.001 0.001 0.007 0.010
ICAP-1A 0.048 0.010  0.179 0.143 0.036 <0.001 <0.001 0.001 0.001
S100A13 0.053 0.002  0.336 0.143 0.036 <0.001 0.013 0.006 0.044
GSTM1 0.098 0.054  0.282 0.180 0.045 <0.001 <0.001 0.114 0.027
LOC388796 0.090 0.028  0.289 0.217 0.055 <0.001 <0.001 0.023 <0.001
IRF5 0.072 0.032  0.204 0.220 0.055 <0.001 <0.001 0.061 0.006
EIF3S8 0.022 0.009  0.057 0.233 0.059 <0.001 <0.001 0.071 0.036
RPS26 0.014 0.003  0.051 0.250 0.063 <0.001 <0.001 0.067 0.093
PSPHL 0.685 0.056  2.165 0.282 0.071 <0.001 <0.001 0.038 0.001
TM7SF3 0.074 0.008  0.282 0.286 0.072 <0.001 0.001 0.048 0.002
DDX17 0.091 0.002  0.267 0.294 0.074 <0.001 <0.001 0.154 0.013
HSD17B12 0.021 0.007  0.057 0.306 0.077 <0.001 <0.001 0.021 0.001
TCEAI 0.010 -0.002  0.037 0.311 0.079 0.005 0.046 0.130 0.212
IL16 0.026 0.002  0.083 0.324 0.082 0.010 0.023 0.156 0.040
CGI-96 0.074 0.017  0.176 0.360 0.091 <0.001 <0.001 0.046 0.008
GSTM2 0.070 0.001  0.165 0.434 0.112 <0.001 <0.001 0.131 0.035
LOC64167 1.047 -0.002  2.190 0.490 0.127 <0.001 <0.001 0.050 0.004

Complete results are shown for the MCP phenotype. p values for the SqD phenotype also shown with bold values indicating the
smaller of the two p values. Nominal segregating and non-segregating families for genes in bold are illustrated in figure 3.

Table 8. Estimated probability of membership in the segregating class for individual families for genes in figure 3

Gene CEPH family identifier
1333 1340 1341 1345 1346 1347 1362 1408 1416 1418 1421 1423 1424 1454

SMARCBI 0.010 0.006 0.003 0.002 0.002 0.004 0.009 0.006 0.004 0.004 0.018 0.793 0.000 0.002

ZNF85 0.000  0.000 0.000 1.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
POMZP3 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000 0.000 0.000 0.000 0.000 0.000
CGI-96 0.166 0.124 0.175 0.171 0.564 0.689 0.544 0.614 0.285 0.141 0.713 0.164 0.150 0.105
PSPHL 1.000  0.000 0.000 0.006 0.000 0.000 0.000 0.997 0.000 0.000 1.000 0.000 0.000 0.993
TM7SF3 0.035 0.707 0.012 0.127 0.055 0.627 0.008 0.037 0.874 0.711 0.021 0.016 0.038 0.101
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of between 0.07 and 0.49. Values of p were generally high-
er for SgD ranging up to p = 0.276 and 7 = 0.64 (results
not shown). As expected for genes that reached strict sta-
tistical significance for linkage in the genome-wide study
reported in [2], permutation p values in the test based on
the marginal model were generally small (<0.001). p val-
ues for the two-class hypothesis test in Equation (2.13)
were generally larger than for the marginal model, but
were less than 0.05 in 19 out of 27 genes for MCP and for
24 out of 27 genes for SgD. Based on the simulation study,
we predicted that p values would be smaller for MCP than
for SqD at the lower allele frequencies with a reversal in
this pattern at the higher allele frequencies. Indeed, we
observed eight genes with p = 0.018 and 7= 0.071, and of
these genes the p value was smaller for MCP than for SqD
in seven cases. Of the 13 genes with the highest allele fre-
quencies, specifically with p > 0.05 and 7 > 0.20, the p
value was larger for MCP than for SqgD in 11 cases.

Designation of Segregating Families

Figure 3 illustrates MCP for each family in six example
genes with estimated allele frequencies, p, ranging from
0.018 to 0.091. Note that the scale for MCP differs among
genes. Families were designated as segregating if esti-
mates of the class-specific probabilities P(C; = S| Y;, Z;)
from Equation (2.10) exceeded 0.50; data for these fami-
lies appear in red (grey in the print version). Class-specit-
ic probabilities of membership in the segregating class
appear in table 8. As expected individual families differed
in their designation as a segregating family across genes.
Typically, families with the largest range in MCP values
were designated as segregating while families with the
smallest range in MCP values were designated as non-
segregating. For PSPHL and TM7SF3, the two-class ap-
proach also designated several families as segregating
that had smaller ranges in MCP than families that were
designated as non-segregating. For these six genes, the
probability of membership in a segregating class tended
to approach 1.0 or 0.0 for most families. However, for
CGI-96 and TM7SF3 there was more uncertainty in the
designation of a segregating versus a non-segregating
family. In interpreting these results, we keep in mind the
simulation study indicating that while we have reason-
able confidence that families assigned to the nominal
segregating class are indeed segregating, the low sensitiv-
ity for MCP means that we may have falsely assigned seg-
regating families to the non-segregating class.

A Latent Class Model for Linkage

Discussion

Using a novel latent class model, we have developed
and evaluated an estimation and testing procedure that
accounts for heterogeneity in outcome due to segregating
and non-segregating families. The approach provides an
objective test for linkage which may be valuable when the
prevalence of segregating families in the sample is small,
as well as information that can be used to identify segre-
gating families, which in turn may inform the selection
of families or individuals for future study. In our motivat-
ing study, multiple measures of gene expression were the
phenotypes of interest. However, the method could also
be used in studies where multiple continuous endpoints
are collected but families are selected into the study with-
out regard to phenotypic variation in the outcome of
interest. One limitation to performing the latent class
analysis with a large number of markers is that the per-
mutation procedure proposed here is computationally
intensive; to obtain the resolution needed to make mul-
tiple comparison adjustments the computational burden
would be even larger. For illustrative purposes, we ig-
nored the issue of multiple comparisons but in practice
this adjustment would be important, particularly if a
large number of candidate loci were examined.

For large sibships, the hypothesis test for MCP is some-
what more powerful than SgD in marginal, regression-
based linkage analyses [17, 22]. For the two-class ap-
proach, simulation suggests that SgD is more powerful
than MCP for higher allele frequency whereas MCP is
more powerful than SgD for rare alleles. However, the
marginal MCP model was more powerful than both la-
tent class procedures at higher allele frequencies, despite
ignoring the distinction between information from seg-
regating and non-segregating families. The two-class
procedure has several steps, and there are a number of
factors at each step that may contribute to this finding.
Our results suggest that factors that may contribute to
this finding include the skewed distribution of the origi-
nal phenotypes, which in turn results in higher specific-
ity for MCP and higher sensitivity for SgD. While the
results describing power are complex, the ability of the
two-class approach using the MCP to identify segregating
families was consistent and impressive, with PVP values
that consistently exceeded 95% at higher allele frequen-
cies. For the marginal model, additional phenotype func-
tions have been proposed. For example, correction by the
best linear unbiased predictor (BLUP) of the population
mean was shown to perform better than correction by the
family mean [22]. However, since the means in the segre-
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gating and non-segregating classes differ, the marginal
BLUP should be biased for the conditional means. An-
other phenotype function uses residuals to obtain an
optimally weighted function of the squared sum and
squared difference and was used in the original analysis
of these data [2, 21]. Like the BLUP-based approach, this
function relies on marginal residuals and is not well suit-
ed for use as the outcome in the two-class model without
modification. In limited studies we found that phenotype
functions which depend on marginal moments gave un-
expected results, including introducing bias or reducing
the ability of the algorithm to detect the latent classes.
We used maximum likelihood to fit the two-class
model, assuming normality with separate means but
equal variances in the two classes. We further assumed
that sibpairs within a family are independent, condition-
al on the latent class. Each of these three assumptions
(normality of the phenotype functions, equality of vari-
ance and conditional independence) are undoubtedly vi-
olated, and it is perhaps not surprising that the slope es-
timates in the two-class model are highly biased. Early in
our study, we found that when the two-class algorithm
converged, the maximum likelihood estimates of the
variance seriously underestimated the empirical variance
of the slope in the segregating class. This finding is con-
sistent with results from the simulation study, essentially
ruling out the possibility of using a Wald-type test [Bas-
tone, unpubl. data]. An additional problem in the devel-
opment of a valid hypothesis test arose as a result, of the
algorithm failing to consistently converge to a two-class
solution. As a result the test statistic involves both the es-
timated slope from the two-class model, and in the event
of non-convergence, the estimated slope in the marginal
model. Permutation was used to address these issues. The
mixture distribution of the test statistic was estimated
under the null hypothesis using permutation. The proce-
dure yields valid type I error rates, and allows the proce-
dure to be used irrespective of the bias in the estimate,
and whether a two-class model can be fit to the observed
data. In developing this approach, we initially used a per-

Fig. 3. MCP for selected families with 7rranging from 0.07 to 0.29.
For each gene, families designated as segregating, based on a pos-
terior probability for membership in the segregating class of at
least 0.5, are shown in red (grey in the print version). Note the
larger scale for the dependent variable for PSPHL and POMZP3
compared to the other four genes. Posterior probability for mem-
bership in the segregating class are shown in table 7.

A Latent Class Model for Linkage

mutation procedure where we accepted the null hypoth-
esis when the two-class model failed to converge [13, 26].
In simulation studies, this approach yielded acceptable
type I error rates, but, obviously, failed to detect linkage
in any gene where the two-class model did not fit and
yielded lower power than the procedure detailed here.

In practice one of the limitations of this study is the
computational burden of the permutation procedure and
in practice the computational burden would be even larg-
er when multiple markers are used. Permutation provides
a valid test when assumptions about the distribution of
the outcome and the conditional independence are vio-
lated. Morever, for the method proposed here, the test
statistic has a mixture distribution that is not easily mod-
elled parametrically. However, permutation is computa-
tionally intensive and is not feasible for either trios or
where there is a single sibpair. Within the framework of
the two-class model, generalized estimating equations
(GEE) provide a framework for incorporating correlation
into the covariance matrix for each family while relaxing
the normality and homogeneity of variance assumptions
[25-27]. GEE requires correct specification of the vari-
ance just as ordinary least square (OLS), and so accomo-
dating heterogeneous variances in GEE is explicitly done
in the same way with variance weights just as with OLS
under alinear model. We have made some initial progress
in using GEE to fit the two-class model. By incorporating
more reasonable assumptions into the model, estimation
using GEE, perhaps in combination with a sequential
testing procedure to account for the two sizes of models
that are potentially fit, might allow us to develop a semi-
parametric test and, at least in larger samples, avoid the
need for permutation.

While the development of a valid hypothesis test in-
volved a number of complications, the results of the clas-
sification procedure are highly encouraging given the
importance of accurately identifying segregating families
in the presence of heterogeneity. Our simulation results
suggest that the method using MCP is clearly capable of
identifying segregating families with very high PVP
when these families are relatively common. In cases
where segregating families are rare, PVP values are lower,
but still provide substantial improvements in informa-
tion compared to randomly selecting families for follow-
up. We note that families with larger sibships can be bet-
ter classified using this approach. One limitation of our
method is that the sensitivity for detection of segregating
families is low. In our experience, the identification of
segregating families is generally of greater interest than
the identification of non-segregating families. We cau-
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tion that the two-class approach described here would
not be appropriate for a study where accurate identifica-
tion of both types of families was needed. As with the
hypothesis testing problem, it is possible that improved
sensitivity could be achieved by more reasonable assump-
tions in the model, perhaps by using a GEE framework.

Other family-based linkage methods have been ex-
tended to account for heterogeneity using mixture mod-
els, including parametric linkage methods for qualitative
traits and the variance components method for quanti-
tative traits [28-30]. Our latent class extension of Hase-
man-Elston regression is not limited to distinguishing
between segregating and non-segregating families. A
similar approach could be used to model the genetic, or
locus-based, heterogeneity of a complex trait such as a
quantitative measure of disease, even when families are
selected on the basis of phenotype and all families are as-
sumed to be segregating. In contrast to the model-based
approaches, ordered subset analysis and recursive parti-
tioning are data-driven methods that have been applied
to linkage problems in the presence of heterogeneity [31-
34]. These approaches provide a test for linkage and as-
sign families to classes but, unlike the method proposed
here, do not include an approach for quantifying the un-
certainty of class assignment through the posterior prob-
ability of membership in the segregating class.

Lastly, we note that large marker sets are now widely
used in human gene-mapping. Incorporating an ap-
proach into the methods described here, that would allow
us to test for linkage with multiple loci, is a topic of fur-
ther study.
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Appendix

Expectation of Squared Difference (SqD)
For the marginal model, table 1 shows the expectation of the
SqD function conditional on IBD sharing as [15]:

E(W; - Wy | Zy)* = 2[E(Wy; | Zi) - EWWyr | Zip)]
= 2[Var(Wy) - Cov(WyW; | Z)]
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The terms from table 2 needed to derive the slope in table 3 and
intercept in terms of the genetic model are the variance of W,
which follows directly from the genetic model (Equation (2.3)),
as well as the conditional covariance. Using the definition of Wj;
and results previously derived by Haseman and Elston [15], the
covariance of Wj; and Wj; at the QTL conditional on member-
ship in sibpair k is:
Cov(Wy; Wy | Xi) = o+ v?Cov(GiGyyr | Xy)

= 0.123 + VZE(GI']'Gij' |Xik) - E(Gij)2

= 0'12: + Vzqu,k
Considering sharing at the SNP marker leads directly to the term

in Equation (2.5). Similarly, conditioning on class in addition to
IBD sharing yields:

E(W;; - Wy | ZyCp)? = 2[Var(W;; | C) - Cov(W;Wy; | ZyC))]

For each class, Cov(W;;W; | ZixC)) is derived in Appendix B of Bas-
tone [26].

Expectation of Mean Corrected Product (MCP)
For the marginal model, table 1 shows the expectation of the
MCP function conditional IBD on sharing as:

E[- (W= W) (Wy = W) | Zy] = Var(W; | Zy)

+ Cov(WyWy: | Zi) - 2Cov(WyW; | Zin) (A1)
Note that
— 1 2
Var(W,|Z, )= ;Var(w,j) + FCOV(W,.}.% 1Z,)
nin—1)—2
+ #Cov(wgw,f lij' € k’) (A.2)
n

where jj" € k’ denotes a sibpair belonging to a sibpair other than
k. To derive Cov(W;Wj; | ji" € k") the marginal covariance of a
sibpair can be written as:

n(n—l)

+ Cov(W,thj, ljj" € k') n(n — 1) 2

Cov (W, W)= Cov(W, W, Z,)

and thus:

Con(w,, i €)= Cov(w )1

! n(n - 1) -2
- COV(Wg‘Wg' |ka)W (A.3)
Also
COV(W7E|Z1'I<> = %E (W,] - :“) ZW,] —n|lZy
J
- %Vm(wﬁ) + %COV(Wﬁsz 1, )
+ 222 Con(wyw i € k) (A4)
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Using the information from Equations (A.3), (A.2) and (A.4) with

Equation (A.1) yields the following result:

—

10

B[~ (w, - 2), - iz | = var()

Y

)
o Cov (W)

n(n—i—l)
_n3—n2—2n+4

" (n T 1) COV(Wjo' |Zik)
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