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Abstract

Objectives: The Admixture test is routinely used in link-
age analysis to take account of genetic heterogeneity,
and yields an estimate of the proportion of families (o)
segregating the linked disease gene. In complex disor-
ders, the assumptions of the Admixture test are violated.
We therefore explore how the estimate of a relates to the
true proportion of linked families with a complex disor-
der in a population or dataset. Methods: We simulated a
two-locus heterogeneity model and varied genetic pa-
rameters, ascertainment scheme and phenocopy fre-
quency. Results: In this model, a is almost always over-
estimated, by as little as 5% to as much as 60%. The bias
is largely attributable to (1) intrafamilial heterogeneity
arising from ascertainment of families with many af-
fected members or from analysis of dense pedigrees;
(2) low informativeness, which occurs in the presence of
reduced penetrance; and (3) differences in the evidence
for linkage in linked and unlinked families. This bias is
also affected by the analysis phenocopy frequency, but
only if the linked locus is dominant and the unlinked
locus is recessive. Conclusions: We conclude that, in
complex diseases, the Admixture test has greater value
in detecting linkage than in estimating the proportion of
linked families in a dataset.

Copyright© 2002 S. Karger AG, Basel

Introduction

Genetic heterogeneity exists when a single disease phe-
notype can be caused by independent genetic loci. Often
there are no phenotypic features to help distinguish the
different genetic forms. Genetic heterogeneity is a major
complicating factor in linkage analysis. If we perform
linkage analysis on a genetically heterogeneous group of
affected families with a marker near one disease locus,
some families will show evidence of linkage, whereas oth-
er families will show evidence against linkage. Heteroge-
neity can completely mask evidence in favor of linkage
even when a proportion of families in the dataset are truly
linked to the marker locus of interest.

When there is no predetermined criterion to separate
genetic subforms, the presence of genetic heterogeneity
can be taken into account in linkage analysis using the
Admixture Test [1] in which one estimates an admixture
parameter ‘o’. In this model a proportion (o) of families
are linked to the marker of interest ( < 0.5) whereas the
remaining (1-o) families are unlinked ( = 0.5). The
admixture test has been used to test for linkage and heter-
ogeneity [2], using the likelihood function: L(a, )=a L( )
+ (1-0) L(0.5), and has also been incorporated into pro-
grams for two-point (HOMOG) [3], and multipoint
(GENEHUNTER) [4] linkage analysis. Use of the hetero-
geneity LOD score (HLOD) allows one to search for link-
age in the presence of heterogeneity. The estimate of o
from the HLOD is also commonly cited as an indication
of the proportion of families in a dataset that are linked to
the marker of interest.
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The use of the HLOD to estimate the percentage of
linked families is undermined by the fact that estimates of
o appear to be accurate only when the data conform exact-
ly to the assumptions of the test. Recall that the parameter
o is defined as the fraction of linked families in the popu-
lation, not in the data set. The assumptions of the admix-
ture test are: (1) that there is no intrafamilial heterogene-
ity — a reasonable assumption in rare diseases but a prob-
lematic one in common ones [5]; (2) that the different dis-
eases comprising the clinical phenotype share the same
genetic model [6]. In studies of common disease, these
assumptions are unrealistic. Also, in situations where
there is low power to detect linkage, the estimate of a is
biased, especially when only a few families are linked [7].

Whittemore and Halpern [8] recently investigated
some theoretical aspects of estimating a. They discussed
the assumptions on which the estimation of a is based, the
effect of unequal penetrance of the two disease forms,
phenocopy frequency, and different gene frequencies, but
the definition of their heterogeneity parameter p is not
exactly the same as o. Although they proposed a way to
correct the estimate of a for some of the confounding
parameters they investigated, particularly phenocopies,
they concluded that o should never be estimated, even if a
is treated only as a nuisance parameter for the sake of tak-
ing account of heterogeneity in a linkage analysis.

Whilst their findings are insightful and interesting,
these conclusions may be too broad for two reasons. First,
it is not reasonable to assert that o should never be esti-
mated, even as a nuisance parameter when assessing evi-
dence for linkage. It is well known that in two-point analy-
sis, in which the lod score is maximised (Z.x) Over the
recombination fraction , the presence of unlinked fami-
lies has the effect of increasing the estimate of . In small,
phase-unknown families, and a are highly correlated.
Thus in such families, calculating Z,.x with respect to
can, depending on the circumstances, yield similar evi-
dence for linkage as when o is taken into account [9]. Even
if using o did not increase the evidence for linkage, simply
knowing that heterogeneity exists and what fraction of
families are linked can guide how to proceed in genetic
studies of disease. Even more critically, for multipoint
analysis, the HLOD can mean the difference between
detecting evidence of linkage and not detecting it [10].

Second, our previous work on phenocopies did not
support the prediction that misspecifying the phenocopy
frequency would always lead to a biased estimate of o
when using the linkage analysis computer programs at the
levels of phenocopies we investigated [11]. We had found
that the overall lod score in a two-locus heterogeneity
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model was unresponsive to the assumed phenocopy fre-
quency when both loci were dominant (D + D) or both
recessive (R + R). However, assuming any phenocopy fre-
quency resulted in an increase in lod score for D + R, and
decrease in lod score for R + D models. It is possible there-
fore, that the analysis phenocopy frequency might affect
the estimate of o only when the two loci differ in their
mode of inheritance. Furthermore, we do not know the
effect on linkage detection of trying to reduce or eliminate
phenocopies by requiring more than one affected off-
spring.

Moreover, despite the inherent weaknesses of the Ad-
mixture test, there are compelling reasons to investigate
its behaviour in complex disorders. First, it is the most
widely used for detecting heterogeneity in complex disor-
ders and there are a number of investigations on the
HLOD’s power to detect linkage [12-17]. On the other
hand, relatively little has been written on the relationship
between the estimated and true proportion of linked fami-
lies in a dataset. As noted above, the definition of a is the
proportion of linked families in the population. In fact,
Vieland and Logue [6] showed that when the trait models
at linked and unlinked loci differ, the estimate of a
derived from the HLOD actually reflects neither the per-
centage of linked families in the population nor in a data-
set. Second, by knowing how the HLOD behaves when its
assumptions are violated, we can better understand the
results we obtain in everyday analysis situations with
complex disorders. We can also use this understanding to
devise better tools to assess heterogeneity. Third, once we
have identified heterogeneity, we want to use that knowl-
edge to determine the source of the heterogeneity, and
find phenotypic characteristics that can separate linked
and unlinked disease forms. This will become especially
important as large collaborative linkage datasets grow in
number, and reliable estimates of a are sought.

The current work centers on the accuracy of the hetero-
geneity parameter 6, as an estimator of the proportion of
linked families in the population, but more importantly in
the data set, and the sources of bias. We will explore fac-
tors influencing this estimate, and what the estimate sig-
nifies for a complex genetic disease. In this study we used
computer simulation to study how the estimate of hetero-
geneity @ relates to the true proportion of families o in the
dataset that are linked to the marker. To explore this rela-
tionship between & and a we used a two-locus heterogene-
ity model and varied (a) the genetic parameters (viz mode
of inheritance and penetrance of the linked and unlinked
loci), (b) the ascertainment scheme, and (c) the generating
and analysis phenocopy frequency.
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Table 1. Two-locus heterogeneity models,
showing penetrance matrices of loci A and B
when both have f=0.9

Linked locus Unlinked locus

BB Bb bb
D + D model
AA 0.9 0.9 0.9
Aa 0.9 0.9 0.9
aa 0.9 0.9 0.0
R + R model
AA 0.0 0.0 0.9
Aa 0.0 0.0 0.9
aa 0.9 0.9 0.9
D + R model
AA 0.9 0.9 0.9
Aa 0.9 0.9 0.9
aa 0.0 0.0 0.9
R + D model
AA 0.9 0.9 0.0
Aa 0.9 0.9 0.0
aa 0.9 0.9 0.9
Methods

One of the critical points for this work is the definition of ‘linked’
and ‘unlinked’ families. The Admixture test assumes a mixture of
families, in a proportion () of which the disease locus is linked to the
marker and a proportion (1-a) of which it is not. The admixture test
also assumes the same genetic parameters at both loci. By varying
these parameters, we will be violating the assumptions of the test. In
reading what follows, bear in mind that we define o in its narrowest
meaning, that is, the proportion of families in which the disease is
caused only by the disease locus linked to the marker. We do not
include in our definition of a families in which both genetic forms are
segregating (see below). We define the estimate of heterogeneity from
the HLOD as 6, the value obtained by maximizing the HLOD over ¢
and a.

We generated the data using our extensively tested simulation
program [18]. We generated nuclear families and three-generation
pedigrees from a population in which two disease genes exist, one
linked and one unlinked to a marker. Each of the two disease loci was
set to be either dominant (D) or recessive (R). When the disease was
dominantly inherited, the gene frequency was set at 0.043, and when
recessive, the gene frequency was 0.29, unless otherwise specified.
The recombination fraction between the linked locus and the marker
was set at = 0.0. All matings were fully informative for the marker.
For each heterogeneity model, the proportion of each disease form in
the population was always 50%, although the final proportion in the
dataset could vary depending on the ascertainment criteria. We gen-
erated four genetic heterogeneity models (table 1): both loci domi-
nant (D + D); both loci recessive (R + R); linked locus dominant,
unlinked locus recessive (D + R); and linked locus recessive, un-
linked locus dominant (R + D). We examined the effect of varying
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ascertainment and penetrance in these models. We simulated 100
datasets each containing 200 families.

In the data-generating step, we labeled families as type 1, type 2,
or ‘mixed’. Families labeled as ‘type 1’ were expressing only the form
of disease caused by the locus linked to the marker, while families
labeled as ‘type 2’ were expressing only the form of disease not linked
to the marker. Families were labeled as ‘mixed’ if both disease geno-
types were expressed in the family. This labeling allowed us to com-
pute the exact proportion of type 1 and type 2 families, as well as
allowing us to observe the effect of intrafamilial heterogeneity, i.e.
mixed families. Following from the definition given above, o corre-
sponds to the proportion of type 1 families in the dataset, i.e. o =
n(type 1 families)/n(type 1 + type 2 + mixed families).

Data generation and analysis was divided into four sections each
of which was designed to answer a different question: (1) How does
behave under D + D, R + R, D + R, R + D models? (2) How does a
behave when selection criteria for ascertainment are varied? (3) How
does 6 behave when the generating or analysis phenocopy frequency
is varied? (4) How does 6 behave when the penetrances of the two loci
are reduced simultaneously or independently? The various parame-
ters specified for generating data and ascertaining families are sum-
marized in table 2.

(1) We first investigated the case of a heterogeneity model in
which all genetic parameters were in accordance with the assump-
tions of the Admixture test, i.e. full penetrance, both loci of the same
dominance model, low gene frequency (0.001 for dominant, 0.01 for
recessive) with no intrafamilial heterogeneity. We ascertained nu-
clear families if at least one offspring was affected. We then extended
this investigation to find the estimates of & in four different heteroge-
neity models: (D + D; R + R; D + R; R + D). In these examples, we
specified the generating penetrance (f) as 0.9 at each locus, used
slightly higher gene frequencies (table 2), and ascertained nuclear
families if at least one offspring was affected. Families in which both
parents were affected were not selected for analysis.

(2) We examined the effect of different ascertainment schemes on
a selecting =1 to =6 affected offspring. We refer to ascertainment
schemes requiring increasing numbers of affected offspring as being
more ‘stringent’. Families were always ascertained through affected
offspring. To study ascertainment, we generated nuclear families for
each of the four heterogeneity models described above, and again
fixed f=0.9. We also examined three-generation pedigrees for the D
+ D model.

(3) We tested the effect of varying the a) generating (which we
denote as s) and b) analysis (denoted s”) phenocopy frequency on the
estimate of 6. The phenocopy frequency is defined as the probability
of being affected given that the individual does not have a genetic
form of disease. (a) We generated a model with a linked dominant
locus, an unlinked dominant locus, and sporadic (S) forms (D + D +
S), with both genetic loci having f'= 0.9 and gene frequencies = 0.2.
The ascertainment scheme was fixed at =1 affected offspring. We
specified the following generating phenocopy values: 0.0001, 0.001,
0.01, 0.1. (b) We also tested the effect on & of changing the analysis
phenocopy frequency (between 0.0001, 0.001, 0.01, 0.1) while gener-
ating a zero phenocopy frequency. We generated D+ D, R+ R, D +
R, R + D models with all loci having = 0.9, and the ascertainment
scheme was fixed at = 1 affected offspring.

(4) Fourthly, we examined the effect of reduced penetrance (f) on
the estimate of 6.in D + D, R + R, D + R, R + D models, specifying f
for both dominant and recessive locias 0.9, 0.7, 0.5, or 0.3. We fixed
the generating penetrance of each locus to be the same. We also
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Table 2. Specified parameters for generating data and ascertaining families

Locus 1 Locus 2 Family: Ascertainment Penetrances Generating Analysis

(ql) (a2) N =nuclear criteria: affected  f1, f2 phenocopy phenocopy
P = pedigree offspring frequency frequency

Heterogeneity models

D (0.001) D (0.001) N >1 affd 1.0,1.0 0.0 0.0

R (0.01) R (0.01) N >1 affd 1.0, 1.0 0.0 0.0

D (0.043) D (0.043) N, P >1 affd 0.9,0.9 0.0 0.0

D (0.043) R (0.29) N >1 affd 0.9,0.9 0.0 0.0

R (0.29) R (0.29) N >1 affd 0.9,0.9 0.0 0.0

R (0.29) D (0.043) N >1 affd 0.9,0.9 0.0 0.0

Ascertainment

D (0.043) D (0.043) N >1to =6 affd 0.9,0.9 0.0 0.0

D (0.043) R (0.29) N >1to =6 affd 0.9,0.9 0.0 0.0

R (0.29) R (0.29) N >1to =6 affd 0.9,0.9 0.0 0.0

R (0.29) D (0.043) N >1to =6 affd 0.9,0.9 0.0 0.0

Phenocopy frequency

D (0.043) D (0.043) N >1 affd 0.9,0.9 0.0 0.0001-0.1

D (0.043) R (0.29) N >1 affd 0.9,0.9 0.0 0.0001-0.1

R (0.29) R (0.29) N >1 affd 0.9,0.9 0.0 0.0001-0.1

R (0.29) D (0.043) N >1 affd 0.9,0.9 0.0 0.0001-0.1

D (0.2) D (0.2) N >1 affd 0.9,0.9 0.0001-0.1 0.0

Penetrance

D (0.043) D (0.043) N >1 affd 0.3-0.9,0.3-0.9 0.0 0.0

D (0.043) R (0.29) N =1 affd 0.3-0.9,0.3-0.9 0.0 0.0

R (0.29) R (0.29) N >1 affd 0.3-0.9,0.3-0.9 0.0 0.0

R (0.29) D (0.043) N >1 affd 0.3-0.9,0.3-0.9 0.0 0.0

Parameters for generating data and ascertaining families. Dominance models D, dominant and R recessive at
locus 1 and 2. Respective gene frequencies are given in parentheses, q1 and q2. Families were generated either with
nuclear (N) or pedigree (P) structure. A family is selected for analysis depending on the minimum number of affected

offspring (=1 etc.).

Families are not selected if both parents are affected. The penetrance (f) at locus 1 and 2 is either fixed at 0.9, or
varied between the values 0.3, 0.5, 0.7, 0.9, locus 1 always having the same penetrance as locus 2. The phenocopy
frequency in the analysis is also varied or fixed as shown, but the phenocopy frequency in data generation was fixed at
zero except for one example. Analysis was performed using two-point lod score methods, specifying the same parame-
ters for dominance, gene frequency, and penetrance as those used to generate the linked locus, except of course when

the analysis phenocopy frequency was varied.

examined the effect of varying the penetrance of each locus (f1, f2)
independently, in the D + D model only (e.g. 1 =0.7, /2 =0.5).

We used the ‘true’ parameters of the linked locus in the analysis,
except of course when exploring the effect of varying analysis pheno-
copy frequency. Linkage calculations were performed with LIPED
[19]. We used the program HETEROTEST to estimate a [2]. We cal-
culated mean maximum lod scores and mean 6 for the 100 datasets
as a whole, and also separately for type 1, type 2, and mixed families
in the datasets. In the figures, we plotted mean @ vs. the parameters of
interest (penetrance, ascertainment criterion), the mean being calcu-
lated over the 100 datasets. We also plotted the mean of the actual
proportion of type 1, type 2, and mixed families in the datasets for
comparison with &. We included values of the lod score in some
graphs.

Heterogeneity Estimation

Results

Our original purpose in this study was to assess what
factors affect the estimate of o in a data set. Recall that in
the Admixture test a is the proportion of linked families
in the population. Whilst we do not know the theoretical
relationship to the proportion of linked families in the
data set, we expected that such a relationship could be
empirically determined. In general, we found that & was a
poor estimator of a. The size and direction of the bias var-
ied according to the generating genetic parameters and
specified ascertainment criteria. We found that increasing
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the number of affected family members required for
ascertainment biased the estimate of o in an upward
direction. Estimates of a were more inaccurate when
intrafamilial heterogeneity was present and this bias wor-
sened as the proportion of mixed families rose. Estimates
of o in datasets of three-generation pedigrees were sub-
stantially worse than in datasets consisting of nuclear
families. Varying the analysis phenocopy frequency had
negligible effect on the estimate of . in D + R but had a
notable effect in the other three models. The effect of
reduced penetrance also led to substantial upward bias in
the estimate of o, which was reduced by constraining the
HLODto =0.01.

Influence of Mode of Inheritance on Estimate of a

First, in the full penetrance (f1 = /2 = 1.0), same dom-
inance models, we found that & was 0.52 (95% CI:0.50-
0.54) in the D + D model, and 0.56 (95% CI:0.54-0.59) in
the R + R model, when the true mean proportion of type 1
families was 0.49. This was true despite the absence of
mixed families in the datasets. We found that the estimate
of o was biased in both of these cases because families
which have the trait caused by the unlinked trait locus still
had a chance of showing positive evidence for linkage by
chance alone, although at high (e.g. 0.2-0.3). The linked
families were generated with a recombination fraction
between trait and marker of zero and were thus incapable
of showing negative lod scores by chance. This asymmet-
ric situation caused the maximum heterogeneity lod score
to be upwardly biased in the estimate of a.

With the generating penetrance of each locus fixed at
0.9, and demanding at least one affected offspring, esti-
mates of alpha were increased 5-7% over the actual pro-
portion of linked families in the dataset in the D + D, R +
R, and R + D models (fig. 1a-c). In the D + R model
(fig. 1d), the overestimate was much more pronounced
(17%).

Influence of Ascertainment on Estimate of a

We next examined the effect of changing the ascertain-
ment scheme by requiring more affected family members.
As we demanded more affected family members, the error
in estimating a increased in all except the R + D model
(fig. 1a—d). For example, when six or more affected off-
spring were selected, the bias was 10%, 22% and 24%
higher than the true oo in the D + D, R + R, and D + R
models, respectively. The divergence of 6 from a with
more stringent ascertainment was similar in D + D and R
+ R models (fig. 1a, b).

220 Hum Hered 2002;53:216-226

The bias in the R + D model was a constant 7% regard-
less of whether =1 or =6 offspring were selected. With
increasing numbers of affected offspring, there was a con-
current rise in mixed families, in which members with
both forms of disease occurred. Note from figure la—d
that & is not equivalent to the proportion of all families
made up of type 1 plus mixed families. Neither does it
reflect the count of evidence for linkage in the dataset: if
we count type 1 families and mixed families that show
evidence for linkage (lod score >0), the number of these
families, as a proportion of the total families, does not
correspond to & (data not shown).

When we eliminated mixed families, the bias in esti-
mation of o was significantly attenuated. Figure 1e shows
estimates of o, with mixed families excluded (see the
dashed lines labelled o*), the bias has fallen to 1% (D + R
model) or 4% (D + D, R + R, R + D models) when =6
affected offspring are selected. (R + R is not graphed for
simplicity). This result indicated that intrafamilial hetero-
geneity was a major source of the overestimate of o with
requirement for increasing number of affected offspring.
To further test this, we generated disease at low (qr =
0.001) and high (gy = 0.2) gene frequencies in the D + D
model. We anticipated more intrafamilial heterogeneity
in the high gene frequency model, and consequently a
greater bias in the estimate of a. We indeed found this to
be the case: selecting one or more affected offspring in the
gy example resulted in a 20% overestimate of o with 30%

Fig. 1. a True and estimated proportions of linked families, and true
proportions of mixed families obtained under different ascertain-
ment criteria. Each point represents a mean calculated from 100
datasets of 200 nuclear families each generated under a two-locus
D + D heterogeneity model, each locus having 90% penetrance. The
mean maximum lodscores, for lowest (=1) and highest (=5) ascer-
tainment schemes, are adjacent to the curves for type 1 and mixed
families. The ascertainment criteria are varied to require greater or
equal to one, two, three, four or six affected offspring. Data were
analyzed under two-point lodscore methods assuming the generating
parameters of the linked locus. The top curve (boxes) represents the
mean estimate of heterogeneity & obtained from the admixture test
(Alpha?). The middle curve (circles) represents the mean proportion
of type 1 families in each dataset. The bottom curve (triangles) repre-
sents the mean proportion of mixed families in each dataset. b As for
lain the R + R model. c As for 1a in the D + R model. d As for 1a in
the R + D model. e Solid lines reproduce the mean proportions of
type 1 families in D + R (triangles), D + D (circles), and R + D (dia-
monds) models according to ascertainment criteria shown in figures
la, 1c and 1d. The dashed lines alongside each solid curve represent
the estimate of o from the admixture test (Alpha*) after the exclusion
of mixed families from the datasets. The R + R model, which closely
resembles the D + D model, is not shown for clarity of presentation.
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of the families being mixed; on the other hand in the low
gene frequency (gr) disease, there was a 4% overestimate
in a and a negligible number of mixed families. We also
found greater bias in & in three-generation pedigrees
underthe D + D, g1 = ¢2 =0.043 model: & was 11% higher
than the true a when one or more affected member was
selected (cf. nuclear families: & was 5% higher than true
o). Excluding the mixed families significantly reduced the
bias in both the high gene frequency case (from 20-36%
to 2-3%), and in pedigrees (from 11-27% to 1-2%), con-
firming the hypothesis that intrafamilial heterogeneity
was a major source of systematic error.

The effect of increasingly stringent ascertainment cri-
teria (ie selecting for more affected family members) on &
is influenced by the mode of inheritance at the second,
unlinked locus. If this unlinked locus is recessive and the
linked is dominant, there is significant bias, even when
ascertainment criteria are not stringent (eg 17% when =1
affected member selected). When more affected offspring
are required for ascertainment, there is a consistently
strong bias (eg 22-25% when = 6 affected offspring select-
ed) whenever the unlinked locus is recessive, regardless of
the inheritance of the linked locus. Selecting for more
affected members will always result in a preference for
dominant disease forms if dominant and recessive forms
have equal population prevalence. In our examples, dense
families or pedigrees (regardless of the heterogeneity
model) are saturated with the dominant disease form.

Sensitivity of Alpha to Phenocopy Frequency

(1) Generating phenocopies. We found,inaD+D + S
model, that the effect on & of varying the generating s
between 0.0001 to 0.1 (fixing s = 0.0) was very small:
mean 6 changed 17 from 0.55 (sd 0.079) when s was
0.0001, to 0.58 (sd 0.085) when s was 0.1.

(2) Analysis phenocopies. To test the proposition that
the estimate of o is sensitive to the misspecification of the
phenocopy frequency s [8], we varied the analysis pheno-
copy frequency s’ from 0.00001 to 0.01 in the four hetero-
geneity models. In the D + D, R + R, R + D models, esti-
mates of a were unaffected by change in s”: when assumed
sporadic frequencies between zero and 0.01 were speci-
fied, estimates of o changed by a mean of 1%. The mean
maximum lod scores were almost unchanged by varying s’
in these models. In the D + R model, 6 was biased by up to
11%, rising from 0.55 (at s* = 0.0) to 0.66 (at s = 0.01),
with a parallel increase in mean maximum lod score from

214at =0.04 (s =0.0)to Zme = 24.0at = 0.04 (s’ =
0.01).
222 Hum Hered 2002;53:216-226

The Effect of Reduced Penetrance on the Estimate of

Alpha

(1) Both loci share same penetrance. We found that, in
all models, the lower the penetrance f, the larger was the
overestimate of o (fig. 2a—d for D + D model). For exam-
ple, at f= 0.3, the bias in estimating a was 33%, 22%,
35%,and 19% in D+ D, R + R, D + R, and R + D models
respectively. Intrafamilial heterogeneity was not the ex-
planation for this finding. Low generating penetrance did
not lead to a marked increase in mixed families. Nor did
excluding mixed families improve the estimate of o, as we
had found in the ascertainment example above. As pene-
trance fell, the information available for estimating het-
erogeneity also fell. In a heterogeneous dataset with re-
duced penetrance, the heterogeneity lodscore (HLOD)
typically maximized at an estimated recombination frac-
tion larger than the true disease-marker distance of 0.0
(e.g. Zmax at = 0.2), with an accompanying upward bias
in o. We already know that the two parameters and o are
highly correlated [9], and so reasoned that by constraining
analysis to a fixed, small value of , this might result in
attenuation of the upward bias in &. We therefore con-
strained the HLOD to assess o at lodscore values corre-
sponding toonly =0.01. Constraining the valueto =
0.01 resulted in consistently more accurate estimates of a,
as long as the evidence for linkage exceeded a lod score of
3.0. We successfully used this tactic to improve the esti-
mate of o in conditions of reduced penetrance. The esti-
mate of heterogeneity using an analysis constrained to
be 0.01 is now biased by 9%, 9%, 15%, and 5% in the D +
D,R +R, D + R and R + D models (whereas before it was
33%, 22%, 35%, 19% respectively). Figure 2a-d shows
the D+ D, R + R, D + R and R + D models respectively
(dotted lines labeled Alpha”* represent test estimates con-
strained to theta = 0.01). Using the HLOD constrained to

= (.01 did not reduce the bias in & resulting from strin-
gent ascertainment schemes.

(2) Varying penetrance of each locus independently. In
the D + D model, we found that the bias in & was greater
when the linked locus had a higher penetrance than the
unlinked locus (table 2). This bias was always positive and
increased both as the penetrance of the linked locus fell (as
we found in 4a), and as the disparity between penetrances
rose.

For example, with f1 = 0.9 and f2 = 0.3, the bias was
14%; when f1=0.9 and f2 = 0.7, the bias was 11%; when
f1=0.5and f2 = 0.3, the bias was 30%. Constraining the
HLOD to =0.01 resulted in less positive bias when the
unlinked locus had lower penetrance than the linked
locus, for example with f1 = 0.5 and /2 = 0.3, the bias fell
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Fig. 2. a True and estimated proportions of linked families obtained
when both loci have reduced penetrance varying from 0.3 to 0.9.
Each point represents a mean calculated from 100 datasets of 200
nuclear families each generated under a two-locus D + D heterogene-
ity model. The ascertainment criteria are fixed to require greater or
equal to one affected offspring. Data were analyzed under two-point
lodscore methods assuming the generating parameters of the linked

from 30% to 15%. When the unlinked locus had higher
penetrance than the linked locus, there was a negative bias
in 6. For example, when f1 = 0.5 and f2 = 0.9, then the
bias was —7% in the constrained test, compared to +9%
when the unconstrained test was used (table 3).
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locus. The bottom solid curve (circles) represents the mean propor-
tion of type 1 families. The top dashed curve (squares) represents the
estimate of a from the admixture test (Alpha?). The middle dotted
curve (open squares) represents the estimate of o produced by the
admixture test (Alpha” ") when constrainedto =0.01.basaforR +
R model; c as a for D + R model; d as a for R + D model.

Discussion

In complex diseases, & can be viewed as a nuisance
parameter when the HLOD is used to maximise evidence
for linkage in the presence of heterogeneity. The Admix-
ture test retains an important role in this regard, and we
know that in the presence of heterogeneity, the heteroge-
neity lod score (HLOD) has superior power to detect link-
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Table 3. Bias in estimate of a in the D + D heterogeneity model
when each locus has different penetrance

Linked locus (D) Unlinked locus (D) penetrance
penetrance 0.3 0.5 0.7 0.9
0.3 G 0.33 0.14 0.18* 0.23*
a 0.10 -0.09 -0.13* -0.19*
0.5 a 0.30 0.19 0.16 0.09
a 0.15 0.05 -0.05 -0.07
0.7 G 0.24 0.23 0.14 0.08
a 0.14 0.13 0.04 -0.002
0.9 G 0.12 0.12 0.11 0.07
a 0.12 0.08 0.06 0.04

Both loci have the same gene frequency (0.043). The admixture
test is applied to estimate o without constraining (@), and also con-
strained to = 0.01 (a). Analyses were performed assuming ‘correct’
parameters of the linked locus. * Maximum lod score = 3.0.

age over homogeneity lods and so called model-free meth-
ods [20, 21]. Even when proportions of linked families
vary across different datasets of ASPs, a simple adapta-
tion of the HLOD vyields higher power than both the
homogeneity LOD and certain nonparametric tests [22,
23]. The usefulness of the HLOD as an estimator of heter-
ogeneity in complex disorders is more open to question.
In the range of models and parameters we have studied, 6
overall performs poorly in estimating the proportion of
type 1 families in a dataset. In analysis of real datasets, the
true trait parameters and ascertainment schemes are
usually unknown, so it is difficult to predict exactly how
accurate 6 will be. In complex diseases, G corresponds nei-
ther to the proportion of type 1 families (a), nor to the
proportion of (type 1 and mixed) families in the dataset
that give evidence for linkage. The estimate of a is biased
when the assumptions of the Admixture test (i.e. disease
forms share the same genetic model and there is no intra-
familial heterogeneity) are violated. Vieland and Logue
[6] reported conclusions consistent with ours, that when
linked and unlinked loci differ in their trait models, the
HLOD is based on the wrong likelihood and therefore
returns incorrect estimates of the trait parameters.

In this paper, we wanted to understand the detailed
behavior of & using the HLOD. We were interested to
know how ascertainment, penetrance and the assumed
phenocopy frequency would affect 6. We found that the
bias arises from three sources: intrafamilial heterogeneity,
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low information content, and difference in linkage evi-
dence between linked and unlinked groups, which are all
in turn influenced by genetic parameters and ascertain-
ment strategies. For example, the probability of intrafam-
ilial heterogeneity rises as the gene frequency of the alleles
at the two disease loci increases. Demanding many af-
fected members has the result of enriching for more than
one disease form in the family. Selecting pedigrees for
study, as compared to nuclear families, also increases the
probability of having two or more disease forms in the
family. The influence of ascertainment on & applies
whether or not the two disease forms have the same or
different modes of inheritance, but is more pronounced
when the unlinked locus is recessive.

Bias in estimating a also arises from low linkage infor-
mation content of the data. Low information content
arises either when: (1) there is reduced penetrance at the
disease loci, or (2) when marker and disease loci are not
tightly linked (i.e. > 0.01). When the two disease loci
have the same dominance model and reduced penetrance,
we observed a positive bias in ¢; the size of which depends
on the penetrance of the linked locus and the difference in
penetrance between linked and unlinked forms. The bias
arising from low information content, which we found
applies to both the estimate of and o in the HLOD,
could be partially corrected experimentally by constrain-
ingthe HLOD to =0.01.

Using the constrained test does not improve the biased
estimate of o resulting from stringent ascertainment
schemes, but removing mixed families does improve it.
Conversely, eliminating mixed families, which improves
the estimate of a in the presence of intrafamilial heteroge-
neity does not improve the biased estimate of o when the
disease loci have reduced penetrance. This implies that
ascertainment and reduced penetrance have separate and
independent influences on the estimate of a. When phe-
nocopies are truly present in the dataset, assuming a zero
phenocopy frequency in the analysis has very little effect
on either the maximum lod score, or the estimate of o.
Whittemore and Halpern stated that estimates of hetero-
geneity are sensitive to misspecification of the analysis
phenocopy frequency [8]. (We note that they appeared to
assume extraordinarily high proportions of phenocopies
in the population). We found this to be true under the D +
R model, but not the other models we studied, using a
realistic range of values for non-genetic disease forms (i.e.
phenocopy frequency). In the D + R model, families with
the disease caused by the unlinked locus give evidence for
linkage that is less negative when one assumes a non-zero
phenocopy frequency, but the lod score of the linked fami-
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lies also decreases [24]. When the modes of inheritance
and penetrance of the linked and unlinked forms are the
same, the loss and gain cancel each other out, and so the
overall lod score and estimate of o are unchanged. How-
ever, in the D + R case, assuming a non-zero phenocopy
frequency results in a better representation of the model,
which increases the overall lod score and estimate of a.
We had previously proposed that the analysis phenocopy
rate differentially influences evidence for linkage in reces-
sive disease, because families with recessive disease are
more ‘sporadic-like’ [24]. This assumption is supported in
this study, since a higher analysis sporadic frequency
seems to remove evidence against linkage in the unlinked
recessive disease forms which, in the D + R case, increases
the lod score and biases the estimate of a. Can the esti-
mate of o be improved sufficiently to be useful in the
genetic analysis of complex diseases? Bias can be reduced
by several means, but the estimate of o still appears to be
unreliable. Firstly, recall the fact that o and are highly
correlated. Thus even when there is no heterogeneity, if
the true 1is greater than about 0.1, there will appear to be
evidence for heterogeneity. With modern genome scans,

can be made quite small and certainly less than 0.1. We
have also shown that for certain circumstances, i.e. when
reduced disease penetrance exists, the estimate of a can be
further improved by constraining the HLOD to = 0.01.
A second way to improve the estimate of o is to avoid the
use of pedigrees or dense families with three or more
affected offspring. Several drawbacks about the use of
pedigrees in linkage analysis of complex diseases have
already been highlighted [11, 25]. Larger pedigrees may of
course contribute significantly towards evidence for or
against linkage, whereas nuclear families may contribute
less information or evidence about linkage. Therefore
avoiding dense pedigrees will usually necessitate a larger
sample size of families to demonstrate evidence for link-
age. We have not explored the effect of misspecifying
analysis values other than the phenocopy frequency. We
are, however, aware that parameter misspecification has
limited effect on the maximum lod score, except when
dominance is incorrectly specified [26, 27]. Since the esti-
mation of a in a two-locus heterogeneity model is depen-
dent on the relative magnitude of lod scores contributed
by the linked and unlinked disease forms, parameter mis-
specification might be expected to influence @ in a man-
ner predicted by its effect on the lod scores of the linked
and unlinked disease forms. Nevertheless, despite all
these measures, the estimate of o, in the range of situa-
tions we have studied, can still be expected to diverge
from the true a by 15-20%. The estimate only rarely

Heterogeneity Estimation

approaches the exact proportion of type 1 families in the
dataset. The bias in using the HLOD to estimate o has
further implications for research in complex genetic dis-
eases, both for data collection and for reaching conclu-
sions about molecular associations after linkage has been
established. Since linkage plus heterogeneity is difficult to
detect by statistical means, strenuous attempts must be
made to identify and control heterogeneity at the pheno-
typing or data collection stage. This will require detailed
analysis of perhaps subtle clinical features, which may
yield useful clues for subclassification in linkage analysis.
This strategy will also yield dividends in terms of evi-
dence for linkage, at the same time making clearer geno-
type-phenotype correlations.

After demonstrating linkage, the investigator might
perform an association study with alleles from candidate
genes in linked families (i.e. families from the dataset that
give evidence for linkage). If assumptions about the ho-
mogeneity of the dataset are biased, (6 indicating more
homogeneity than is actually present) then association
results will be confusing. Some affected family members
might have the mutation of interest, whereas others will
not (e.g. because of intrafamilial heterogeneity from ge-
netic or non-genetic causes, or reduced penetrance), so
making it difficult to conclusively demonstrate clear geno-
type-phenotype relationships with putative candidate
genes. This conundrum is particularly common in large
dense pedigrees, in which it is often wrongly assumed that
only a single disease form segregates.

We conclude that the behaviour of & as an estimator of
the proportion of linked families in a complex disease
dataset is open to considerable bias. Unfortunately, when
studying complex diseases, we have little, if any, prior
knowledge of the true genetic parameters and so cannot
predict the degree of bias in the estimate of a. Although
we have suggested several means by which the bias may
be reduced, & remains an unreliable estimator of linked
families in a dataset. However, we strongly disagree with
Whittemore and Halpern’s [8] suggestion that the estima-
tion of linked families ‘be postponed until the relevant
genes have been identified’. For in order to find the genes,
we must make efforts to identify and reduce heterogeneity
in the first place. More important than improving the esti-
mate of o is the fact that the actual value of a is not usually
crucial in moving closer to the identification of the dis-
ease locus. What is important is 1) to take heterogeneity
into account, with o as a nuisance parameter, to increase
evidence in favour of linkage; and ii) to use the families in
the dataset with positive evidence for linkage to under-
stand the origin of heterogeneity based on clinical, epide-
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miologic, family, ethnic or other data. Once the origin of

heterogeneity is understood, not only can gene identifica-

tion proceed with more understanding of the disease, but
also new hypotheses can be tested about how to differen-

tiate disease forms or symptoms.

—_
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