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Summary

Regressive models for segregation analysis have been extended to include multivariate data and linked
marker loci. The new models have been applied to data from two pedigrees segregating a gene for car-

diovascular disease.

Introduction

The growing density of polymorphic marker loci on
the map of the human genome is greatly increasing
the power of linkage studies for the localization and
identification of genes responsible for many human
diseases. In addition to its usefulness for mapping
single-gene disorders, linkage analysis can identify
major genetic contributions to multifactorial diseases
and other complex phenotypes. However, linkage
analysis has usually been conducted under the as-
sumption that the underlying major loci completely
account for all correlations between relatives.
Segregation analysis, also, is designed to detect ma-
jor genes underlying complex phenotypes; the mod-
ern methods account simultaneously for residual fa-
milial correlations due to polygenic and common
environmental effects (Elston and Stewart 1971;
Morton and MacLean 1974; Lalouel et al. 1983). In
segregation analysis one commonly estimates compo-
nents of the phenotypic variance under the assump-
tion that the total variance can be partitioned to
reflect effects of a major gene, of additive polygenic
factors, of familial environment, and random envi-
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ronmental factors (the mixed model; for details see
Morton and MacLean 1974; Lalouel et al. 1983).
The incorporation of residual correlations in linkage
analysis will be useful to evaluate the contribution of
major genes when other sources of familial correla-
tion could be present, as they are in various multifac-
torial diseases.

Recently Bonney (1984, 1986) introduced regres-
sive models as an alternative to the mixed model in
segregation analysis. Regressive models account for
family dependence by specifying (1) a regression rela-
tionship between a person’s phenotype and genotype,
(2) the phenotypes of parents and older brothers or
sisters, and (3) other explanatory variables. This ap-
proach is intuitively appealing because it provides for
a major gene and for complex patterns of familial
correlation, including spouse-spouse and parent-
offspring phenotypic correlations, without postulat-
ing an explicit genetic and environmental model to
explain the residual variance. Using regressive mod-
els, one can control for important epidemiological
variables by directly incorporating regressors into the
segregation analysis. Computations under the regres-
sive model are also simpler than those under the
mixed model.

In this paper we extend the regressive models to
incorporate linked marker loci, and we increase the
scope of the models to include multivariate pheno-
types and interactions between genes at different loci,
either linked or unlinked. We describe applications of
the extended model to the combined linkage and
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segregation analysis of two coronary heart disease
pedigrees.

Multivariate Traits and Linked Marker Loci

As stated above, regressive models (Bonney 1984,
1986) account for patterns of dependence in family
data by specifying a regression relationship between a
person’s phenotype (Y), the phenotypes of ancestors
and older relatives (Y,), the genotype (g), and other
explanatory variables (X). In essence the classical
penetrance function is generalized to include ances-
tral phenotypes. The generalized penetrance function
is the conditional probability of Y given g, Y, and X,
ie.,

Pl‘(YIg,YA,X) B (1)

Including Y, in the regression allows for unspecified
(or residual) factors, such as spouse correlations, ef-
fects of unspecified genes, and cultural and other en-
vironmental effects. Incorporation of transmission
probabilities to test for compatibility with Mendelian
inheritance (Elston and Stewart 1971; Lalouel et
al. 1983) is straightforward. Moreover, we have
identified broad patterns of dependence that allow
Y4 to include only a few relatives, which simplifies
the calculations greatly. For example, in the class A
pattern of dependence parents alone account for re-
sidual correlations among sibs, so that Y, includes
only the phenotypes of mother (Yyy), father (Yg), and
spouse (Ys) if spouse correlations are not zero.

In the following discussion, the generalization of
the regressive model to a multivariate trait Y with an
arbitrary number of marker loci (q) is considered.
The underlying major genotype can be composed of
several linked or unlinked loci. Let the phenotype, Y,
be a p-valued vector of measurements on a single
individual, i.e., Y = (Y, Yz, . . ., Y,,). The most
important cases are as follows: I, one trait and q
marker phenotypes; II, one quantitative phenotype,
p — 1 qualitative phenotypes, and q marker loci;
and IIl; p continuous traits. Clearly, p qualitative
traits can be considered as a single polychotomous
trait and modeled as a multiple logistic function
(Bonney et al., in press).

Case I: One Trait and q Marker Phenotypes

Let Y denote the value of the trait and M = (M;,
M,, . .., My) denote the q marker phenotypes. The
genotype, g, in formula (1) spans all the loci underly-
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ing Y and M. Moreover, there is no loss of generality
if one assumes that the marker phenotypes are com-
pletely determined by g. Note that if a person is not
typed for a given marker, then the corresponding
phenotype vector, M, is shortened for that person.
With these considerations in mind, formula (1) can
be decomposed and simplified as follows:

Pr(Y3M|g,YA,X) = Pr(YlgaYAsX)Pr(MIY’gaYAaX) 2)
= Pr(Yilg,Ya,X) X 1 .

The second factor is unity because M is completely
determined by g. Thus, in linkage-to-marker studies
we only need to specify the penetrance function (2)
for the genotype underlying the univariate trait (Y;).
If Y, is continuous, penetrance function (2) is a nor-
mal density function (Bonney 1984); if it is qualita-
tive, penetrance function (2) is specified as a logistic
function (Bonney 1986; Bonney et al., in press).

Case Il: One Quantitative Trait and p — |
Qualitative Traits

Let the quantitative trait be Y. Equation (2) can be
decomposed in two ways; either as

Pr(YbYZ’ ] YplgaYA9x)
= PI‘(Y1|8,YA,X)P1'(Y2, L) YpIYlagaYAax)
(3a)

or as

P['(Y],Yz, “eey Yplg,YA,X)
= Pr(Yy ..., YplgaYAaX) (3b)
X Pl.'(Y]le, e e ey Yp,g,YA,X) .

The first factor in equation (3a) is the univariate pen-
etrance function in equation (2); the second factor
can be modeled by a multiple logistic function. Alter-
natively, in equation (3b) the first factor is assumed
to be a logistic function and the second factor is mod-
eled by the normal density function with the mean
(and possibly the variance) dependenton Y5, ..., Y,,
g, Ya, and X.

Case IlI: p Continuous Traits

Continuous variables can usually be modeled by
the normal density function. By way of illustration
we shall present the bivariate case (p = 2), assuming
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a class A pattern of dependence (Bonney 1984) in
which sib-sib residual correlations are due solely to
common parentage. The results here and the exten-
sions to p > 2 follow from standard regression for-
mulas.

Three types of penetrance functions must be
specified, involving the following phenotypes: (1) a
person randomly selected from the population, (2) a
person conditional on the spouse, or (3) a person
conditional on the parents. There is no loss of gener-
ality in assuming that the three persons are members
of a nuclear family, so for convenience the randomly
selected person in (1) will be taken to be the mother;
(2) will be the father conditional on the mother; and
(3) will be the offspring conditional on the parents.

Before defining the penetrance function we must
introduce some notation. Each of the three pene-
trances will be specified by a bivariate normal density
function. We shall denote generically the ordinate at
X1 and X, of the bivariate normal with means p.; and
W, variances o and o5, and correlation p by

1
(X - ,X _“',0.2’0.2’ =
Xy = w1, Xz 2, 01, 02, p) Ym0,V — o
_ 1 X1 —m )2
exef 21 - o) [( o
_ Zp(xl = M)(Xz - }Lz) (4)
g1 (o))

il

The bivariate phenotypes and parameters will be de-
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Table |
Notation for the Parameters of the Bivariate
Phenotype Model

Person Phenotype Means Variances
Mother .............. Yam Ymz B Bz a3, 03
Father ............... Y1, Ye2 WE1, M2 al, o3
Offspring ............ Y1, Y2 Wity Miz a}, o3

on genotype and other explanatory variables. For a
nuclear family the correlation matrix in table 2 is
reasonable.

With the above notation the penetrance function
for the mother as a randomly selected person from
the population is

UYmi — v Yoz — Bm2s 0%, 03, p12) - (5)

The second penetrance function (father’s pheno-
type conditional on mother’s) requires the regression
of Y1, Yr2 on Yy, Yame. In terms of standard regres-
sion theory, the father’s phenotypes adjusted for the
mother’s phenotypes can be written as

Zpr = Yr1 — pp1 — bEmnn(Ymr — HMm1)
= (04/03) b’EMu(YMz - BM2) 3
Zpy = Yi2 — pp2 — (02/01) bimar (Ymr — )

- bt‘MZZ(YMZ - pM2)

noted as shown in table 1. In general, the p’s depend (6)
Table 2
Correlation Matrix for a Bivariate Trait in a Nuclear Family with c Offspring

Ym1 Ymz Yr1 Y1 Y2 Y2 Y2 cee Yo Ye
YM1 coeeeeeeieeiaia, 1 P12 PEM11  PEM1z  PmoO11  Pmo1z  Pmon Pmor2 PMO11  PMOI12
YM2 ooeenenneaeineinenae, P12 1 PFM12  PFM22  PMO12  PMO22 PMmoO12  PMmO22 PMO12 PMO22
YEL coeeeeineiniiii PrM11 Prm12z 1 P12 PFo11 PFo12 PFo11 Pro12 <+« Pro1 PFo12
YE2 cevreeiineeiiniiiiaann, PEM12  PFM22 P12 PFO12 PFO22 PFO12 PFO22 PFO12 PFO22
Yig coveneennineiiiin, PMo11  Pmo1z  Pronr  Pronz 1 P12 Pss11 Pss12 see Pssit Pss12
Yig coeeneeiiiiiniininnn, PMo12  PMO22  PFo12  PFO22 P12 1 Pss12 Pss22 cee Pssi2 Pss22
D T PMo11 PMmo12  Pro1r Pro12z  Pssit Pss12 1 P12 cee Pssit Pss12
Yoz cvvneennnennniiiniann, PMo12  PMO22  Pro12 PFo22  Pssiz Pss22 P12 1 s Pssi2 Pss22
Ye1 cevemennnneiiinniinanin., PMo11  PMO12  Pro11 PFO12  Pssii Pss12 Pss11 Pss12 cee 1 P12
Yoz covvvvinniiniineiennnn., PMoO12  PMO22  PFo12  PFo22  Pssi2 Pss22 Pss12 Pss22 cee P12 1
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where the b*’s are given by the matrix

[b’iMu bf’MlZ] _ [pFMll pFMlZ][ 1 012]—1
bim21 Prm22 JL P12 1 ’
(7)

3
bFM22 PFM12

which requires inversion of a 2 x 2 matrix. The
associated conditional variances and correlation of
Zg, and Zg; are given by

2 _ 2 .
of. = o1(1 — bimi1Pem11 — bEmi2Pemi2) 3

2 _ 2 .
03. = 03(1 — bEma1Pemi2 — bEmazpem22) 5 (8)
01.02.p12. = 0102(p12 — bEmi1Pem12

- b?MuPFMZZ) .

The required penetrance function for a father condi-
tional on the mother is thus

UZg1,Z52,0%.,03.p12.) - )

The third type of penetrance function (offspring
conditional on parents) is derived analogously. The
adjusted variates are

Zy = Yi — i — bton1(Yr — pp)
= (01/02)bto12(Yr2 — Br2)
= bMonn(Yamr — wan)
= (01/02)bYo12(Ym2 — mm2) 3 (10)
Zjy = Yi — pi2 — (02/01)bto21(Yrr — mE1)
= bto22(Yr2 — Br2) — (02/01)bMo2s

X (Ym1 — wmi1) — bho22(Ymz — mma2)s

where the b*’s are given by

bio11bMor2bFo11btorz
bio21bio22bt021bE
M0219M0220F021DF022

1
P12
FM11
PMO11PMO12PFO11PFO12 x P
PFM12
PM0O21PMO22PFO21PFO22
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which requires inversion of a 4 X 4 matrix. The
conditional variances and correlations of Z;; and Z;,
are given by

~2 2 * * *
61. = of(1 — b’fvtonPMon — blo12pM012
* % * * .
— btoi2pPto11 — btoriptor2) ;
~2 _ 2 * * * *
G3. = 03(1 - blMoz21PMo21 — b}1022PMo022

* * * * .
— bto21PF021 — b¥0220%022) ;
pod foud ~ — *
G1.62.p12. = 0102(P12 — b}1011PMmO012
*
— blo12Pmo22 — bto11pPro12

— bto12pPr022) -

(12)

The required penetrance function (of offspring given
parents) is
~2 ~2 ~
UZi1,Zi2,615675P12.) - (13)
These equations can be simplified considerably if
spouse correlations are assumed to be zero; in this
case equation (9) is the same as equation (), with the
subscript F in place of M. Furthermore, the 4 X 4
matrix in equation (11) is easily inverted, so that after
the necessary multiplication we obtain

bt1o11 = (PMo11 — P12PMO12)/(1 — 0 2
bto11 = (pPro11 — P12Pro12)/(1 — p12) ;
/

b}o12 = (Pmo12 — P12PMO11)/(1 — P

) 12
bto12 = (Pro12 — P12Pro1)/(1 — pi2) ;

)

(

(
(
b}1021 = (Pmo12 — P12PMO22)/(1 — g 2
b¥o21 = (Pro12 — P12Pr022)/(1 — P12)
(
(

bio22 = (Pmoz2 — P12Pmo12)/(1 — pT2)
bto22 = (Pro22 — P12Pro12)/(1 — p12) -

P12 PFM11 PEMI12 |
1 PEM12 PFM22 , (11)
PFM12 1 P12
PFM22 1
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Extension to Pedigrees

The penetrance equations presented thus far have
assumed a nuclear family structure. For pedigrees
with arbitrary structure, we need only allow for the
fact that some persons have parents and a spouse. If
the spouse correlations are zero, no modifications are
needed; otherwise, the required modifications are
simple because of the assumption that the phenotypes
of an individual’s spouse and of his or her ancestors
and sibs are uncorrelated. Denoting the bivariate
phenotype of a preceding spouse by Ys; and Ys,, with
corresponding means ps; and ps,, we need only mod-
ify equation (10) by adding the term

—bEm11(Ys1 — ms1) — o1/o2bEmaz(Ysz — ps2)
(15)

to Z;;, and by adding

—0'2/01bf=M21(Y51 - Msi1) — b’f-‘M22(Ysz - Ks2)
(16)

to Z;;; then modify equation (12) by adding (to the
terms within parentheses)

—bEmi1Pem11 — bEmi2PEMi2 (17)
to 62,

—b¥mi2Pem1z — bEm22PEm22 (18)
to 3., and

—btm11Pem12 — bEmi2PEM22 (19)
to G1.52.p12. .

Computer Implementation

Implementation of the models we have discussed
requires merely that the penetrance function be
modified in the existing computer programs for ge-
netic analysis. Thus, all existing algorithms designed
for the fast calculation of likelihoods over pedigrees
can be employed (see Elston and Stewart 1971; Can-
nings et al. 1978). The bivariate forms of the class A
models above have been implemented in the com-
puter package LINKAGE (Lathrop et al. 1984). These
programs allow both multilocus analysis of markers
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and consideration of the interactions of several dif-
ferent linked or unlinked loci with univariate or
bivariate phenotypes.

In LINKAGE, missing observations are currently
handled as suggested by Bonney (1984). Thus, the
penetrance is set to unity for missing persons, accord-
ing to the method of Elston and Rao (1978). For an
observed person, Y, in the penetrance function (1)
includes only the observed ancestral phenotypes.
Thus formula (9) for a father is reduced to the form
of formula (5) if the wife is missing; formula (13) is
reduced to the form of formula (9) if one parent is
missing and to the form of formula (5) if both parents
are missing. A comprehensive study of missing obser-
vations in the regressive models will be communi-
cated separately.

Applications
Hypercholesterolemia and the LDL Receptor Gene

Leppert et al. (1986) published data on total
cholesterol and LDL receptor genotypes in a large
pedigree with dominantly inherited hypercholes-
terolemia. The pedigree was ascertained through men
with myocardial infarction prior to age 55 years.

To establish linkage with the LDL receptor locus,
these authors assumed () contributions of a single
major locus and (b) polygenic heritability of age- and
sex-adjusted measurements of LDL cholesterol. By
segregation analysis under the mixed model and by
using the PAP program (Hasstedt and Cartwright
1981), genetic parameters were estimated in a larger
set of pedigrees in which both the major gene and
polygenic inheritance were found to contribute
significantly to the phenotypic variance. Recombina-
tion between the LDL receptor genotypes and the
major locus analysis in the single pedigree was under-
taken with the other genetic parameters fixed at these
estimates. The maximum lod score was 7.52 at § =
0.

We have analyzed the data on 57 members of this
pedigree by using the extended regressive models.
The pedigree and data are shown in figure 1; the
second husband and a child of one member of the
pedigree were not included in our analysis. We
undertook no correction for ascertainment but, to
avoid bias in the estimate of gene frequency, assumed
a fixed frequency of .001 for a dominant major gene
leading to elevated levels of LDL cholesterol.

The results of our analysis are shown in table 3.
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Linkage between hypercholesterolemia and the LDL receptor gene in a large pedigree. Total cholesterol levels adjusted for

age and sex, and the genotypes for the LDL receptor, appear below the symbol for each sampled individual.

We found no evidence of a major gene in this pedi-
gree when segregation analysis was performed as-
suming free recombination (8 = .5) with the LDL
receptor. Indeed, the estimate of the mean difference
between heterozygotes and homozygotes for a hy-
pothesized major gene is zero; therefore, the esti-
mates of the residual correlations are the same with
and without the inclusion of a major gene. Of these
estimates, only that of the spouse correlation is sig-
nificant (psg = —.83, x3 = 4.2). A possible explana-
tion for the negative value of this estimate is ascer-
tainment; the pedigree contains many core members
with hypercholesterolemia who have married persons
drawn from the general population, in which the dis-
ease is infrequent.

In the combined segregation and linkage analysis,
the estimate of recombination between a major gene
for elevated cholesterol levels and the LDL receptor
gene is 0. Table 3 shows that neither the spouse-
spouse nor the parent-offspring correlation is sig-
nificant when the recombination fraction is estimated
simultaneously. As the spouse correlation is signifi-
cant when 8 = .5, however, we advocate that the test
for linkage include this correlation. The likelihood
ratio test then gives x3 = 27.2, equivalent to a lod
score of 5.9. The test of linkage without residual cor-
relations is also significant (x3 = 31.7—or a lod
score of 6.9).

Hypobetalipoproteinemia and the Apolipoprotein B Gene

Leppert et al. (in press) have ascertained a 52-
member pedigree through a single family in which

several members exhibit reduced plasma concentra-
tions of LDL cholesterol, triglycerides, and apolipo-
protein B, traits characteristic of heterozygous hy-
pobetalipoproteinemia. Figure 2 shows the pedigree,
with genotypic data for two polymorphisms of the
apoB gene, along with age-adjusted triglyceride and
total cholesterol values; ascertainment was through
the family of the proband indicated in the figure.
Analysis of the quantitative measurements by means
of the AP (Hasstedt and Cartwright 1981) and LINk-
AGE (Lathrop et al. 1984) programs showed signifi-
cant evidence of linkage to the apoB gene. Here we
use the regressive model for segregation and linkage

Table 3

Results of the Combined Segregation and Linkage Analysis
of Total Cholesterol and the LDL Receptor Locus

Linkage Assumption and

Segregation Model —2 In Likelihood

No linkage:
No residual correlation................. 346.8
Spouse correlation ..................... 3423
Parent-offspring correlation ............. 346.1
All residual correlations ................ 341.7
Recombination estimated:
No residual correlation................. 315.1
Spouse correlation .............. ... 315.0
Parent-offspring correlation ............. 315.0
All residual correlations ................ 315.0

NoTe.—Under the assumption of no linkage (8 = .5), the esti-
mated mean difference for the distribution of total cholesterol in
normal homozygotes and disease heterozygotes is zero.
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Figure 2

Linkage between hypobetalipoproteinemia and the apolipoprotein B gene in a large pedigree. The proband is designated by

the blackened circle. Below the symbol for each sampled individual are, from top to bottom, (1) age- and sex-adjusted values of total
cholesterol, (2) age- and sex-adjusted values of triglycerides, (3) genotypes for ApoB (Mspl), and (4) genotypes for ApoB (Xbal).

analysis of triglyceride and total cholesterol data with
the apoB genotypes. Again, other than to assume a
fixed gene frequency of .001 for the disease allele, no
ascertainment correction has been applied to the
data.

We applied a logarithmic transformation to adjust
for skewness of the triglyceride values and standard-
ized the data prior to analysis because of differences
in the scale of the triglyceride and cholesterol mea-
surements. As the haplotypes for apoB cannot be de-

Table 4

duced for all typed members of the pedigree, the
markers were considered as separate but completely
linked loci in linkage equilibrium.

The results of the univariate analyses of triglycer-
ides and total cholesterol are shown in table 4. The
recombination estimates are .0 with both variables.
For triglycerides the estimated spouse correlation ap-
proaches —1.0 when estimated simultaneously with
the recombination fractions (x3 = 6.6); otherwise,
the residual correlations are not significant. As in the

Likelihood Results for the Combined Segregation and Linkage Analysis of Total Cholesterol

and Triglycerides with ApoB

—2 In LIKELIHOOD

Total
LINKAGE ASSUMPTION AND SEGREGATION MODEL Cholesterol ~ Triglycerides  Bivariate

No linkage:

No residual correlation .............ooiiiiiiinia... 170.0 166.0 188.0

Spouse correlation ...........iiiiiiiiiiiiii 165.9 165.9 184.2

Parent-offspring correlation ......................... 165.6 165.2 179.0

All residual correlations .............c.oiiiiiii... 164.6 165.2 179.0
Recombination estimated:

No residual correlation ............oovviiininninn... 142.3 154.8 155.7

Spouse correlation ......... ... ciiiiiiiiiiiii i, 140.7 148.2 147.0

Parent-offspring correlation ......................... 141.7 150.9 152.2

All residual correlations ..............coviiinin.... 138.3 147.9 145.4

NotE.—Under the assumption of no linkage (8 = .5), the estimated mean difference for the distribu-
tions of total cholesterol and triglyceride in normal homozygotes and disease heterozygotes is zero.
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previous example, the negative spouse correlation
could be due to the method of ascertainment. Link-
age with apoB is significant for both total cholesterol
(X3 = 25.2—or a lod score of 5.5) and triglycerides
(x3 = 11.4—or a lod score of 3.8) when the spouse
correlations are included in the latter test. Inter-
estingly, if linkage is tested without accounting for
this residual correlation, the lod score for triglycer-
ides and apoB is 2.42 (x5 = 11.1). By convention the
demonstration of linkage requires a lod score =3.0;
therefore, the linkage between triglycerides and apoB
is not conclusive when modeled without residual
spouse correlations.

Analysis of triglycerides and total cholesterol
under the bivariate model gives results similar to
those of the univariate analyses (table 4). The spouse-
spouse correlations are marginally significant when
estimated simultaneously with the recombination
fraction (x3 = 7.9 at 8 = 0). The test for linkage
when these correlations are included gives xi =
36.5—or a lod score of 7.9—compared with x5 =
32.3—or a lod score of 7.0—when residual correla-
tions are not included. Thus, the lod score from the
bivariate analysis is greater than the lod scores from
either of the univariate analyses.

Discussion

The extension of regressive models to include mul-
tivariate data and an arbitrary number of linked
marker loci allows an effective combination of segre-
gation and linkage analysis for studies of multifacto-
rial disease. Linkage studies of multifactorial disease
can be conducted either with candidate genes—such
as the LDL receptor and apoB polymorphisms in the
examples presented here—or with arbitrary DNA
segments that may show linkage with the phenotype
concerned. The detailed genetic maps that are now
available for many chromosomes will allow one to
combine these two approaches by selecting for link-
age studies several highly polymorphic markers in the
vicinity of a candidate gene. Joint analysis of several
markers in the region, as provided for in our im-
plementation of the regressive models, will be impor-
tant for the detection of linkage and for precise local-
ization of genes involved in multifactorial diseases.

Regressive models have several advantages over
the mixed model for the study of multifactorial dis-
ease; these advantages include allowing for com-
plicated patterns of familial correlation, including
spouse-spouse and parent-offspring phenotypic cor-
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relations, the possibility of introducing regressor
variables directly into the analysis, and computa-
tional efficiency (Bonney 1984, 1986). For example,
it is possible to estimate and test the hypothesis of
different father-offspring and mother-offspring resid-
ual correlations under regressive models but not
under the mixed model. In segregation analysis, the
regressive and mixed models give similar results
when phenotypic correlations are due to a major gene
and to additive polygenic factors (Bonney 1984).

The approach we have adopted—to estimate re-
combination, parameters of a major gene, and resid-
ual correlation simultaneously—is likely to be impor-
tant for studies of diseases in which polygenic and
environmental sources of familial correlation could
be significant. Indeed, detection of linkage may in
some cases require the incorporation of residual
covariance in the analysis to obtain significance, as
illustrated in our univariate analysis of triglycerides
in hypobetalipoproteinemia.

Linkage studies of rare disease will usually be un-
dertaken in families selected for investigation because
they contain many affected members. The spouses (or
“marry-ins”’) of affected pedigree members are highly
unlikely to exhibit symptoms of disease. This is one
possible source of significant negative spouse correla-
tions. Although it is possible to incorporate explicit
formulations for ascertainment correction (see, e.g.,
Cannings and Thompson 1979; Elston and Sobel
1979), such corrections may not account for negative
spouse correlations. Since ignoring spouse correla-
tions can apparently lead to a failure to detect linkage
in some cases (as shown in one of our examples),
allowing for residual correlations may be a simple
way to account for certain types of ascertainment—
even for traits determined totally by a single genetic
locus. Further investigations are required before the
importance of accounting for such correlations in
linkage analysis can be fully assessed.

The popular linear combination approach to segre-
gation analysis for multivariate traits (Goldin et al.
1980) does not allow for pleiotropy or for control of
different phenotypes by different loci in a readily in-
terpretable manner. With the methods presented
here, bivariate traits can be analyzed either under a
model that assumes pleiotropic effects of a single
locus on two phenotypes or under a model that as-
sumes two phenotypes controlled by separate linked
or unlinked loci. The generalization to three or more
traits is limited only by the practical problem of es-
timating a large number of parameters.
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