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Linkage mapping strategies for complex disorders have evolved under a variety of constraints.

Some of these constraints reflect the nature of complex disorders and are manifest in limitations on
the kinds of data that can be collected, while others were (at least historically) strictly computa-
tional. This paper focuses on how computational issues have impacted the design of studies on
complex disorders and, conversely, how our study designs have influenced the computational
issues that have been addressed. We now have unprecedented computational resources, but also
face unprecedented computational and methodological challenges as we move from the linkage
mapping of genes influencing susceptibility to complex disorders toward the identification of the
actual variation affecting susceptibility to these disorders. The near-term computational and
methodological issues we must address will be profoundly influenced by the study designs of the
recent past. But future study designs, as well as our investments in computational and methodo-
logical research, ought to be developed considering the computational and informatics resources

we now have at hand. © 2001 Elsevier Science
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A BRIEF AND SELECT HISTORY OF
LINKAGE MAPPING OF GENES FOR
COMPLEX DISORDERS

Complex disorders are familial but do not have a
simple, Mendelian pattern of transmission. Such dis-
orders are often common, including, for example, diabe-
tes, asthma, cardiovascular disease, and psychiatric dis-
orders, and collectively account for a substantial fraction
of public health care expenditures. We remain surpri-
singly ignorant of the primary defects for many of these
disorders, and our efforts to treat and prevent these dis-
orders are hampered by our ignorance. The identification
of genetic variation affecting susceptibility to such dis-
orders should increase our understanding of the primary
defects. Such knowledge might lead directly to improved
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therapies and preventive strategies and might also be
useful in designing more sophisticated epidemiological
studies that would enable us to identify more specific
nongenetic risk factors that might be targets for cost-
effective treatment and preventive strategies.

The identification of genes for relatively simple,
Mendelian disorders was a straightforward, if sometimes
arduous, procedure. We have not been as successful in
even the linkage mapping of genes for complex disorders.
In some ways, it is premature to judge the success of these
endeavors, since the first genome-wide screens in
complex disorders including more than 50 families were
not published until the mid-1990s. Given the modest
linkage signals reported in most of the early studies (on
relatively small samples), it is not surprising that fine-
mapping and positional cloning studies were not given
immediate priority. Instead, much attention has focused
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on issues of study design and methods of analysis in an
attempt to forge a consensus on an optimal strategy for
linkage mapping of genes for complex disorders.

Predictably, this effort to forge a consensus has been
an exercise in futility. Optimal strategies for data collec-
tion and analysis clearly depend on exactly those aspects
of complex disorders of which we remain ignorant. Each
disorder may well be unique in its complexity, and a
strategy universally recognized as optimal for the linkage
mapping of genes for complex disorders remains elusive.
There is widespread agreement that the paradigms suc-
cessfully applied to mapping and then cloning genes
for simple, Mendelian disorders must be modified or
replaced if we are to be similarly successful in complex
disorders. But there is much less agreement on what
should be done. Key uncertainties include choice of
population to be studied, size and structure of pedigrees
to be sampled, and methods for genetic analysis. Here,
we focus on how computational issues have influenced
the choices investigators have made.

COMMONLY USED ALGORITHMS FOR
LINKAGE MAPPING

Although there are a large number of software
packages used in linkage studies, there are two main
algorithms underlying the calculations. The approach
originally described in Elston and Stewart (1971) scales
linearly in the number of individuals in the pedigree, but
exponentially in the number of markers used in analysis.
Thus, it is ideal for linkage studies of large pedigrees, but
in its original form was practical for the analysis of only
a single marker with disease. A number of improve-
ments to the original algorithm have been suggested
(Cottingham et al., 1993; O’Connell and Weeks, 1995),
and multipoint analyses using several markers at a time
can now be conducted on large pedigrees. The algorithm
originally described in Lander and Green (1987) scales
linearly in the number of markers but exponentially with
the number of individuals in the pedigree. This algorithm
has also undergone substantial improvement (Kruglyak
et al., 1996; Kruglyak and Lander, 1998, Gudbjartsson
et al., 2000; Markianos et al., 2001) and is routinely used
for multipoint linkage analysis of tens to hundreds of
markers in moderately sized pedigrees (see Markianos
etal., 2001, for examples).

The Elston—Stewart algorithm is most commonly used
for parametric linkage analysis—i.e., analyses in which
the genetic model (defined by the genotype-specific
penetrances and disease susceptibility allele frequency) is
specified. The Lander—Green algorithm has probably
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been more commonly utilized for nonparametric or allele-
sharing analyses, but is equally well suited for parametric
linkage analysis. As noted above, the main practical dif-
ferences between these algorithms have to do with the
size of the pedigree and the number of markers that can
be utilized in analysis. The development and extension of
both algorithms were shaped in part by the needs of the
genetics community, and both have, in turn, had a major
impact on the kinds of data and and types of analyses
that have been conducted.

HOW COMPUTATIONAL LIMITATIONS
INFLUENCE THE DESIGN OF STUDIES ON
COMPLEX DISORDERS

If human geneticists must be the ultimate opportu-
nists, the study of complex disorders requires complete
pragmatism. We can study only what data we can collect,
and for late-onset disorders, we must deal with the
challenges of substantial missing information. A primary
way to supplement the data that is missing due to key
family members being deceased and/or unavailable for
study is through the simultaneous consideration of many
highly polymorphic markers in multipoint linkage anal-
ysis. As noted above, there have been computational
limitations in the size of pedigrees for which it is feasible
to compute exact multipoint linkage likelihoods. While
there are clearly scientific issues that can and do influence
the size and structures of families chosen for study, these
computational limitations undoubtedly had an affect on
study designs as well. At the very least, it is harder to
justify collection and genotyping of samples from large
pedigrees when that information cannot be fully utilized.

But it should also be noted that the computational
challenges on which we have chosen to focus reflect not
only the computational limitations inherent in our
methods of analysis, but also the prevailing trends and
fashions in the mapping methods considered most
appropriate for complex disorders. Rapid multipoint
calculations for small to moderate-sized families were
developed during a period in which there was a marked
emphasis on methods applicable to the analysis of
affected sib pairs and related approaches most relevant
to families in this size range (Risch, 1990a,b; Weeks and
Lange, 1988; Kruglyak and Lander, 1998; Kruglyak
et al., 1996; Kong and Cox, 1997). The conventional
wisdom on pedigree sizes and structures considered most
appropriate for genetic analysis of complex disorders
does change as rapidly as high fashion, however, and
there is ongoing appreciation of the value of large
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pedigrees for genetic studies of complex disorders. It is
inevitable that the size of the pedigree for which exact
multipoint calculations are feasible will increase (e.g.,
Gudbjartsson et al., 2000; Markianos et al., 2001) and
that the quality and speed of approximate calculations of
multipoint linkage likelihoods for pedigrees of arbitrary
size and complexity will improve as well (e.g., Sobel and
Lange, 1996; Heath, 1997).

Our ability to model the complexities that characterize
the genetic component to complex disorders has also
been compromised by the computational challenges such
modeling entails, and this, in turn, has also affected the
data collected for our studies. Although we essentially
define complex disorders as those arising as a conse-
quence of the actions and interactions of many genetic
and nongenetic factors, we have generally tried to map
the contributing genetic loci one at a time. Approaches
that allow us to include the gene x gene and gene X
environment interactions that almost certainly charac-
terize the genetic component to complex disorders may
substantially improve both the power and the resolution
of linkage mapping (Cox et al., 1999; Cordell et al., 2000;
variance components interaction studies). Unfortu-
nately, data on even the known nongenetic risk factors
have been collected only rarely, at least in part because of
our inability to analyze such data. Once there are
appropriate and computationally feasible approaches for
incorporating information on nongenetic factors affect-
ing risk of disease into linkage mapping studies, we can
hope that such data will be routinely collected and effec-
tively utilized.

CURRENT AND FUTURE CHALLENGES IN
GENETIC STUDIES OF COMPLEX
DISORDERS

The data we are now using to localize genetic variation
affecting susceptibility to complex disorders reflects both
the nature of the disorders we study and the limitations,
current and historical, of our methods and computa-
tional resources. The key challenge that we must now
address is how to move from merely localizing genes for
complex disorders to identifying the genetic variation
that actually influences susceptibility to these disorders.

There might well be as many legitimate approaches to
solving this challenge as there are unique data sets. Our
general approach (Horikawa e al., 2000) places a major
emphasis on identifying the genetic variation that can
adequately explain the original evidence for linkage.
While it is also true that causal variants should show
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reproducible association with disease and have measur-
able biological function and appropriate physiological
consequence, these follow-up studies, especially the
functional and physiological assays, can be time-con-
suming and expensive. Thus, we would argue that the
data most useful for the initial fine-mapping and posi-
tional cloning studies that are the natural follow-up to
successful linkage mapping studies are precisely those
used in the original linkage mapping studies and that the
most efficient strategy for positional cloning of suscep-
tibility genes for complex disorders is to use the original
linkage data in conjunction with newly typed SNP data
from the same samples to winnow the number of candi-
date polymorphisms that must undergo the more expen-
sive functional and physiological testing. It is widely
appreciated that even when we try to duplicate exactly a
study design resulting in successful mapping of a suscep-
tibility locus for a complex disorder, we are unlikely to
replicate the result (Suarez et al., 1994). Thus, any data
other than those providing the original evidence for
linkage have uncertain value in the initial follow-up
studies.

Even the initial stages of follow-up studies, including
linkage and linkage disequilibrium (LD) fine-mapping of
regions of interest, can be quite computationally inten-
sive. Part of the reason for the computational intensity is
the sheer amount of information likely to be generated in
the context of these fine-mapping studies. For example,
in the fine-mapping and positional cloning studies in a
region containing the diabetes susceptibility locus
NIDDM]1, Horikawa et al. (2000) reported resequencing
~ 80 kbp of contiguous DNA in 10 samples, as well as a
comparable amount of DNA scattered over a larger
region. More than 200 variant sites were identified (182
variant sites in the contiguous region resequenced) and
nearly 100 of these (mostly SNPs) were typed in samples
of unrelated patients (from the original genome-wide
screen) and randomly ascertained individuals from the
same population. The most interesting of these poly-
morphisms (~ 30) were typed in all members of all
families included in the original genome-wide screen.
Preliminary studies using these polymorphisms can be
rapidly completed—e.g., comparison of allele and haplo-
type frequencies among groups—but the more powerful
approaches, such as multipoint, likelihood-based linkage
disequilibrium mapping (McPeek and Strahs, 1999), are
quite computationally intensive.

The computational difficulties stem partly from the
nature of the information (much of the data consisting
of diploid genotypes rather than unambiguously estab-
lished haplotypes) used in these analyses and partly from
the number of markers that are included in analysis.
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Application of the latest algorithms for LD mapping
using the decay of haplotype sharing (DHS) approach of
McPeek and Strahs (1999) requires 1-2 weeks of compu-
tational time on a dual processor Sun workstation. And
even this is not really a fully optimal analysis. As noted
above, in the contiguous 80-kbp region that was com-
pletely resequenced, 182 variant sites were identified,
but only 96 polymorphisms have been genotyped. While
all informative (minor allele frequency > 0.05) poly-
morphisms having unique patterns in the 10 individuals
used for resequencing were genotyped, there were many
informative polymorphisms with identical patterns in
these 10 individuals. Initial studies on the polymor-
phisms from this region showed that polymorphisms
with informative, identical patterns in the 10 individuals
used for resequencing were in near-perfect LD when
typed in a larger (> 200 individuals) sample. Eventually,
resources were allocated for the typing of only those
polymorphisms with unique patterns in these 10 indi-
viduals. This strategy is not unreasonable for analyses
that will consider a single polymorphism at a time,
whether in allele and haplotype frequency comparisons
or in studies designed to test the ability of the polymor-
phism to partition the original evidence for linkage
(Horikawa et al., 2000). The LD mapping approaches
utilizing the DHS method, however, should ideally be
applied to the complete information from a region—the
LD among sites that made them appear less informative
for simple studies can be critically important in evaluat-
ing the haplotypes shared among affected individuals.
For the data reported in Horikawa ef al. (2000), includ-
ing this additional information would double the number
of markers included in the DHS, substantially increasing
the computational burden.

Recent studies focused on genotype/phenotype rela-
tionships in model organisms suggest that there may be
considerable additional molecular complexity relevant to
our studies on complex disorders. In these studies, com-
binations of variants appear to have much larger effects
on phenotype than are apparent from the marginal
effects of the individual sites (Stam and Lauri, 1996).
This general observation is not so different from what is
already suspected for loci with known effects on complex
disorders, such as those observed for HLA region varia-
tion in autoimmune disorders. But such molecular com-
plexity has yet to be adequately incorporated
into commonly used genetic models, and approaches
that consider the phenotypic effects of multiple sites
simultaneously will clearly increase computational
burdens substantially, not to mention the challenges
that will be generated in assessing significance of
observations.
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The expense and difficulty of typing SNPs is being
reduced at a rapid rate, which should lead to a profound
increase in the amount and complexity of data used in
fine-mapping and positional cloning studies. Because of
the composition of samples collected for linkage
mapping in complex disorders, much of this initial data
will be generated in unrelated individuals, or affected sib
pairs, in which haplotypes cannot be established unam-
biguously, and thus analyses of these data will be com-
putationally intensive. Moreover, the need for more
realistically complex models at all levels of genetic anal-
ysis will also tend to increase computational burdens.
The methodological and computational chal-
lenges we now face may well become the limiting factor
in identifying genetic variation affecting susceptibility to
complex disorders.
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