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Family-based genome-wide association studies
In the last 2 years, the effort to identify genes affecting common diseases and complex traits has been
accelerated through the use of genome-wide association studies (GWAS). The availability of existing large
collections of linkage data paved the way for the use of family-based GWAS. Although most published
GWAS used population-based designs, family-based designs have played an important role, particularly
in replication stages. Family-based designs offer advantages in terms of quality control, the robustness to
population stratification and the ability to perform genetic analyses that cannot be achieved using a
sample of unrelated individuals, such as testing for the effect of imprinted genes on phenotypes, testing
whether a genetic variant is inherited or de novo and combined linkage and association analysis.
KEYWORDS: association, family, genome-wide association study, GWAS, SNPs, TDT,
Transmission Disequilibrium Test

Over the last few decades, a huge effort has been
invested into the identification and characterization of genes influencing human diseases and
phenotypes. While success stories have been
reported for Mendelian traits, the identification
of genes underlying complex diseases has been
slow and difficult [1] . However, the development
of large-scale genotyping platforms, which was
precipitated by the completion of the Human
Genome Project [2,3] , the availability of SNPs in
the public databases [2] and the completion of
the first and second stages of the International
Haplotype Map (HapMap) Project [3,4] , allowed
the extension of genotype–phenotype association studies from the realm of a small number of
candidate genes to that of an entire genome.
Unlike candidate gene association studies,
which test for the association between pheno
types and variant(s) in biologically selected
gene(s), genome-wide association studies
(GWAS) test hundreds of thousands or millions
of SNPs covering the entire genome without
reference to any particular gene(s). The rapid
explosion in the number of GWAS has been
accompanied by the increase on the number
of reported associations between genetic variants and common complex diseases [101] and has
led to the implication of novel pathways in the
development of various diseases.
Published GWAS have mostly used samples
of unrelated individuals as, for a given geno
typing budget, this is in general the most powerful study design [101] . However, much effort
has been put into collecting family-based samples, both in resources such as twin registries

that collect both genetic and phenotypic
information on a large number of phenotypes
in twins and their families [5] and from clinicians studying disease phenotypes. These collections formed the basis of the many linkage
studies performed in the pre-GWAS era and
remain valuable resources in the study of many
complex traits, including GWAS.
This review will provide a brief overview of
the methodology used in family-based association studies followed by an examination of the
advantages and disadvantages of family-based
design compared to population-based designs.
Finally, we will review the published GWAS
that use family-based data, which were identified from a catalog of published GWAS [101] . The
summary of the published family-based GWAS
was not intended to be comprehensive, but it is
hoped to capture some of the interesting roles of
family data in published GWAS.
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Analysis of family-based
association data
There are several possible family-based designs,
ranging from simple cases of parent–offspring
trios to large multigenerational pedigrees.
Different methods have been developed to perform an association analysis on these familybased data [6,7] . While most methods use the
transmission of allele within informative families (families with at least one heterozygous parent) to assess the evidence for genetic association [6] , a number of methods were developed
to analyze all available data (e.g., Abecasis’s
‘total’ association test [8]). Here, we will provide
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a brief overview of a simple family-based association design in order to demonstrate the sources
of information on genetic association within
these designs and which of these components
are protected against population stratification.
A more detailed discussion of the methodology
for family-based association tests in more general
pedigrees is beyond the scope of this review and
can be found elsewhere (e.g., [7]).
To illustrate the use of allelic transmissions
within families, consider a simple family-based
design for detecting a genetic association to a
disease, the parent–offspring trio design, which
consists of families with an affected offspring
and both parents. The genotype–phenotype
association in this design is tested using the
Transmission Disequilibrium Test (TDT) [9] .
This test was originally designed to detect linkage in the presence of association [9] , but since
it requires the presence of both linkage and
association in order to be significant, it is now
typically used as a test for association [1] . The
requirement for the presence of both linkage
and association is one of the biggest advantages
of this association test as the presence of linkage makes the result robust against population
stratification and admixture, both of which can
cause potential false-positive associations [10] .
In the TDT, an association between a marker
and disease is tested by comparing the number
of transmitted with nontransmitted alleles from
heterozygous parents to the affected offspring.
Any deviation from the 1:1 ratio expected from
Mendel’s laws suggests an association between
the allele and disease. To illustrate this, consider
the family in Figure 1A . In this trio, the offspring
can have two possible genotypes depending on
the allele inherited from its mother, AA and Aa.
Under the null hypothesis, both genotypes are
expected to occur with 50% probability. Similarly,
in Figure 1B the offspring can have three possible
genotypes, AA, Aa and aa, with probabilities of
25%, 50% and 25%, respectively. If in a collection of such families, one allele, say the A allele,
is preferentially transmitted to the offspring and
thus creating a significant deviation from the
expected genotype probabilities, then the locus
is said to be linked to the disease of interest. Note
that in the family represented in Figure 1C , the
offspring always has genotype AA so this family
does not contribute to the test. It follows that only
families with at least one heterozygous parent can
contribute to the test for association. In other
words, there is a requirement for potential genotype variation within a family and thus this test is
called a ‘within-family’ test for association.
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Extensions to the methodology for the
analysis of family-based association analysis
allow the analysis of general pedigree structures [8,11] , quantitative traits [12,13] and multiple phenotypes [14] . Tests of association using
family-based samples have also been extended
to include additional association information
from across families [8] . As its name suggests, a
within-family association test only uses information from the allelic transmissions within
families. Additional information on genetic
association is available through a comparison of
allele frequencies across families and testing for
its association with the trait of interest [15] . With
carefully constructed test statistics, it is possible to separate the total association data into
independent within-family and between-family
components [15] . Ethnicity or population substructure does not vary within families, but they
can vary between families. Thus, while the total
(combined between- and within-family) association is more powerful, only the within-family
component is robust to the effects of population
stratification. Furthermore, the independence of
the between- and within-family tests for association makes it possible to explicitly test for the
effects of population stratification by comparing the estimated allelic effect on the trait of
interest from the two tests [15] .
The genome-wide approach to association
studies provide a good coverage of the genome,
but at the same time it creates a multiple testing problem due to hundreds of thousands of
statistical tests performed. The question on what
is the association test p‑value to be declared
significant may be answered by a Bonferroni
correction, false-discovery rate or other methods [16] . For example, the Wellcome Trust Case
Control Consortium declared that association
test p‑value of 5 × 10 –7 to be significant [17] .
Advantages & disadvantages of
family-based design in genome-wide
association studies
While it is generally accepted that association
analysis using unrelated individuals is more
powerful than using related individuals [18,19] ,
there are several advantages that family-based
designs have to offer. Primary among the advantages of family-based association studies is the
robustness of the design to the effects of population stratification or structure as discussed
above. It is well known that population-based
genetic association analyses are subject to spurious associations caused by factors such as ethnicity, admixture and population stratification [20] .
future science group
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With dense genome-wide SNP data, it becomes
possible to detect and remove individuals with
admixed ancestries (e.g., through the use of
multidimensional scaling as in [17]). Such methods can even detect subtle population differences between countries in Europe [21,22] . In
order to achieve the large sample sizes necessary
to have sufficient power for a GWAS, it is often
necessary to accept a small amount of subtle
stratification. However, even small amounts
of stratification can lead to false positives, and
care must be taken in the analysis to avoid this
when not using within-family association tests.
An example of the effect of subtle population
stratification in an association study is provided
by Campbell et al. who found an association
between a SNP in the lactase (LCT ) gene and
height in a European American population (a
mixture of populations derived from different parts of Europe) [23] . Later they discovered
that the apparent association between the LCT
gene SNP and height was due to the fact that
the LCT gene SNP and height were correlated
with grandparental ancestry along an approximately northwestern–southwestern axis in
Europe [23] .
Family-based designs offer a more thorough
genotype quality control mechanism, especially
with respect to the detection of Mendelian
errors. Genotyping errors can be detected by
noting inconsistencies between a parent and
his/her offspring’s genotype, providing a direct
estimate of genotyping error rate. As SNPs generally have only two alleles, the proportion of
genotyping errors detected is in the range of
25% [24] for a parent–offspring pair, but the
detectable proportion of genotyping errors
is increased with additional relatives and the
examination of genotypes that would force
unlikely recombination events within the family. Apart from the removal of incorrect genotypes, the use of Mendelian inconsistencies also
allows the detection, and possible resolution, of
sample mix-ups.
A further advantage of family-based design
is the possibility of genotyping a subset of
individuals within families, but including the
phenotypes and imputed genotype probabilities of the ungenotyped relatives in the total
association analysis. Chen and Abecasis have
shown that for the same number of genotyped
individuals, the total association test in related
individuals that includes ungenotyped relatives
is much more powerful than an association test
using unrelated individuals [25] . This approach
is particularly advantageous in a study where,
future science group
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Figure 1. Example of a simple family-based study design demonstrating
the source of within- and between-family information in family-based
association studies. In families (A) and (B) the genotype of the offspring is

not completely determined by the parental genotypes. Across a collection of
such families, potential variation in offspring genotype is used for the
within-family association test. The genotype of the offspring in family (C) is
completely determined by the parental genotypes and so does not contribute
to the within-family test, but it can still contribute to between-family and total
tests of association.

the genotyping budget is limited to genotype,
only a subset of available samples and marker
data from previous linkage analysis is available
across individuals that were not genotyped for
genome-wide association [25] .
Family-based designs offer a variety of genetic
analyses that cannot be performed using a
sample of unrelated individuals. By using family-based designs, we can test for the effect of
imprinted genes on phenotypes [26] . Some studies have shown that the parental origin of genotypes has an effect on the phenotypic expression of complex traits (e.g., [27]), although these
parent-of-origin effects may only affect a small
proportion of genes [28] . We can also examine whether a particular allele is inherited or
de novo [29,30] . This is of particular interest when
examining the effect of copy-number variants
where de novo variants appear to occur with a
greater frequency. For example, Sebat et al. have
demonstrated that de novo variants were sugnificantly associated with autism [30] . Another use
of family-based data is the possibility to perform combined linkage and association analysis. This type of analysis tests whether a linkage
between disease locus (generated from linkage
analysis) and disease can be explained by association of candidate SNP. Combined linkage
and association analysis can be useful for fine
mapping [31] and for testing locus heterogeneity
in the population [32] .
As with any other design, family-based
association designs also have their disadvantages. Compared to population-based design,
which uses a sample of unrelated individuals, a
notable disadvantage of family-based design is
that it has less power per genotype. Theoretical
and simulation studies have shown that designs
www.futuremedicine.com
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based on affected and unaffected sibs have less
power than designs using unrelated individuals
as controls [18,19] . In the absence of population stratification, the loss of power by using
the TDT (within-family test) method can
be substantial [33] . Chen and Abecasis noted
that the power loss in family-based design is
due to the fact that the same marker was used
for both testing the association and to guard
against population stratification [25] . This loss
in power can be substantial when considering only the within-family test. However, if
the total association is being considered, the
loss of power due to the relatedness of individuals in family-based designs is small [34] .
Also, the power can be increased by including
sibships with multiple affected sibs [18,19] and
u ngenotyped relatives [35] .
Other disadvantages of family-based designs
include their sensitivity of the results of their
analyses to genotyping error [36,37] , although this
is somewhat circumvented due to the increased
genotype error checking afforded by the related
individuals. The analysis of family-based association studies is also computationally more
demanding compared to that of a sample of
unrelated individuals, thus requiring specialized software. Finally, family-based designs
that require parental information, such as the
parent–offspring trio design may not be practical for late-onset diseases. However, this can
be overcome by using sib design rather than
parent–offspring design [38] .
Statistical packages for the analysis of
family-based association data
There are several publicly available statistical
software packages that can be used to perform
family-based association analysis (Table 1) . While
some were developed specifically for familybased designs (e.g., family-based association
testing [FBAT] [39] , GHOST [25] , PBAT [40] ,
quantitative tansmission disequilibrium tests
[QTDT] [8] and TRANSMIT [41]), others were
developed for general association analyses, but
provide support for some family-based designs
(e.g., PLINK [42] , UNPHASED [43] and wholegenome association pipeline [WASP]). Also,
several statistical genetics packages that are
primarily aimed toward other genetics analyses (e.g., linkage, linkage disequilibrium or
haplotype block analysis) can also be used to
perform family-based association analysis,
including FAMHAP [44] , HAPLOVIEW [45] ,
multipoint engine for rapid likelihood inference
(MERLIN) [46] and SIB‑PAIR [47] .
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Published genome-wide association
studies using family data
Prior to August 2008, there were 173 published
GWAS [101] with at least 36 of them (including
the 17 published GWAS from the Framingham
Heart Study [48]) using a family-based study
design either during the initial screening or the
replication stage. A list of published GWAS that
used family data (plus a summary of 17 GWAS
from the Framingham Heart Study series [48]) is
presented in Table 2 .
It can be seen from Table 2 that only one published GWAS used a family-based design for
both the initial screening and replication samples [49] . The Framingham Heart Study series,
which used family data in the initial screening
stage, did not feature a replication stage in any of
its publications. Most studies used a combination
of family-based and case–control designs, with
the use of population-based design for the initial
screening sample and family-based design as the
replication sample being favored (e.g., [50–52]).
This approach is attractive as the higher power
of population-based samples compared to the
family-based samples is particularly advantageous during the screening of large numbers of
SNPs due to the rigors of multiple testing. Using
a family-based design for the replication stage
removes the potential for significant associations
to be caused by population stratification and thus
any replicated genotype–phenotype associations
are more likely to be genuine.
Another point to be taken from the published family-based association studies is that
not all use the within-family test (TDT test).
For example, Scuteri et al. used the total association (using all observed/estimated genotypes)
for testing the association between SNPs and
obesity related traits [49] . While this test uses
more data and thus is more powerful, it is not
protected against the effects of population stratification. As false-positives caused by population
stratification are a primary concern, they then
applied genomic control to adjust for the effects
of population stratification.
The series of papers published from the
Framingham Heart Study [48] form the largest family-based association study published
in terms of the number of phenotypes analyzed [53–69] . A total of 17 phenotype groups
were examined, ranging from obesity to cancers,
but mostly related to cardiovascular diseases,
with each published in a separate paper. By
genot yping 1345 individuals from 310 families
using 100K Affymetrix GeneChips®, these studies demonstrate the use of large phenotypic and
future science group
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Table 1. List of publicly available software that support family-based association analyses.
Study

Software

Analysis options

Abecasis et al.

MERLIN

Total association analysis (not robust to population stratification)

Abecasis et al.

QTDT

Barrett et al.

HAPLOVIEW

Becker et al.

FAMHAP

Chen et al.

GHOST

Clayton et al.

TRANSMIT

Family-based association analysis, including total- and
within-family association
Combined association and linkage analyses
Single SNP and haplotype association tests (including TDT)
Linkage disequilibrium and haplotype block analyses
Visualization and plotting of PLINK GWAS results
Association analysis of nuclear family data
Test for imprinting in nuclear family data
GWAS and genotype imputation
Haplotype association analysis
Designed for GWAS
Association analysis of family data
Can handle large pedigree and infer missing genotypes
TDT analysis
Marker haplotypes based on several closely linked markers

Dudbridge

UNPHASED

Duffy

SIB‑PAIR

Laird et al.

FBAT

Lange et al.

MENDEL

Lange et al.

PBAT

Purcell et al.

PLINK

Vanderbilt
University

WASP

Analysis of nuclear families and unrelated subjects, and
combinations of the two
Analysis of discrete or quantitative traits
Maximum likelihood treatment of missing genotype data and
uncertain haplotypes
Global association tests and tests of individual haplotypes
Conditioning tests that allow for previous associations of
linked loci
Inclusion of information from additional tag markers
Support for nongenetic covariates including parent-of-origin
Permutation tests allowing for multiple testing
Various basic genetic analyses
Allelic association with a binary or quantitative trait
Combined association and linkage analyses
Imputation of genotypes
A variety of family-based association analyses
Association tests on sex-linked X-chromosome markers
Haplotypes estimation
Allelic association using TDT or gamete competition model
Association analysis on quantitative traits
Combined association and linkage analyses
A variety of family-based association analyses, including for
univariate and multivariate data, gene/covariate interaction and
time to onset/survival data
Designed for GWAS
Summary statistics for data quality control
Various association test, including family-based association test
(TDT, sibships test)
Multimarker/haplotypic tests
Joint SNPs and CNVs association tests
Epistasis, gene–environment analyses
Designed for GWAS
Summary statistics for data quality control
Association analyses (TDT and case–control)
GUI data plotter

Website
www.sph.umich.edu/
csg/abecasis/merlin/
www.sph.umich.edu/
csg/abecasis/QTDT/
index.html
www.broad.mit.edu/
node/443

Ref.
[25,46]
[8]

[45]

http://famhap.meb.
uni-bonn.de/

[44]

www.sph.umich.edu/
csg/chen/ghost/

[25]

www-gene.cimr.cam.
ac.uk/clayton/software/
(no longer maintained)
www.mrc-bsu.cam.ac.
uk/personal/frank/
software/unphased/

[41]

www.qimr.edu.au/
davidD/sib-pair.html

www.biostat.harvard.
edu/~fbat/default.html
www.genetics.ucla.edu/
software/mendel

www.biostat.harvard.
edu/~clange/default.
htm
http://pngu.mgh.
harvard.edu/~purcell/
plink/

http://chgr.mc.
vanderbilt.edu/wasp/

[43]

[102]

[39]
[73]

[40]

[42]

–

CNV: Copy number variant; GUI: Graphical user interface; GWAS: Genome-wide association studies; TDT: Transmission disequilibrium test.

genetic collections previously used in genetic
linkage studies are still valuable resources in the
era of GWAS. Since these papers were aimed as
future science group

an initial resource for future replication studies or
meta-analysis, there was no attempt to replicate
the findings in independent sample(s).
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Crohn’s disease

Barrett et al.

Initial sample

Replication sample
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Crohn’s disease

Childhood asthma,
ORMDL3 expression

Alzheimer’s disease

Crohn’s disease

Libioulle et al.

Moffatt et al.

Poduslo et al.

Raelson et al.

future science group

994 cases, 1243 controls
(including TDT analysis in
378 children and
405 parents)
29 siblings from two
affected families,
60 unrelated controls
382 trios

487 young cases,
442 controls
574 cases, 605 controls,
1148 parents of cases
547 cases, 928 controls

521 trios, 750 cases,
828 controls

199 patients, 85 spouses

1266 cases, 559 controls,
428 trios
2320 cases, 3301 controls

2269 individuals in
644 families
Not available

[48]

FBAT and R

PLINK
PLINK, UNPHASED
and WASP
HAPLOVIEW
FBAT
PBAT

TDT in replication sample
TDT
TDT in trios
TDT in trios
Two-stage procedures in PBAT using the same
sample: use parental genotype to select SNPs
and genetic model that best predict offspring’
phenotype; use FBAT to test the association
between selected SNPs and phenotype
Family-based association testing (FBAT
additive) in replication sample
TDT in DNA pooling experiment, followed by
TDT in individual genotypes
TDT in trios of replication sample

For trios with affected parents, spousal
chromosomes were used as controls. For
child-affected trios, parental nontransmitted
chromosomes were used as controls

Allelic and haplotype associations

TDT in a subset of individuals in initial sample

[83]

HAPLOVIEW

TDT in replication sample

Not specified

HAPLOVIEW and
HELIXTREE

TRANSMIT

Not specified

Not specified

Not specified

[85]

FBAT

Total (GEE) and within family associations

[78]

[74]

[75]

[77]

[70]

[51]

[84]

[82]

[50]

[81]

[87]

FBAT and
HAPLOVIEW

[80]

[76]

Ref.

Not specified

Software

TDT in replication sample

TDT in trios of
replication sample
Total (GEE) and within family associations

Statistical methods for family data

GEE: Generalized estimating equation; GLIMM: Generalized linear mixed models; TDT: Transmission disequilibrium test. Table 2 is modified from [101].

Kirov et al.

Early onset extreme
obesity
Schizophrenia

Hinney et al.

3230 cases, 4829 controls 2325 cases, 1809 controls
1339 affected trios
Not available
Cupples et al.
987 phenotypes related 1345 individuals from
310 families (Framingham
to cardiovascular
Heart Study)
diseases
Duerr et al.
Inflammatory bowel
547 cases, 548 controls
401 cases, 433 controls,
disease
883 families, 1119 affected
offspring
Florez et al.
Type 2 diabetes and six 1087 family members
1465 unrelated individuals;
quantitative traits
2175 cases and 2412 controls
Franke et al.
Irritable bowel
393 cases, 399 controls
2920 cases, 1961 controls,
syndrome
1248 trios
Graham et al.
Systemic lupus
431 cases, 2155 controls
740 trios
erythematosus
Hafler et al.
Multiple sclerosis
931 trios, 2431 controls
609 trios, 2322 cases,
2987 controls
Hakonarson et al. Type 1 diabetes
561 cases, 1143 controls, 1333 individuals in
467 trios
549 families; 390 trios
Hakonarson et al. Type 1 diabetes
563 cases, 1146 controls, 549 families, 1092 individuals
483 trios
from 364 trios
Herbert et al.
Obesity
694 offspring
3489 cases, 6392 controls,
361 trios

Disease/trait

Study

Table 2. List of published family-based genome-wide association studies.
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GEE: Generalized estimating equation; GLIMM: Generalized linear mixed models; TDT: Transmission disequilibrium test. Table 2 is modified from [101].

Wallace et al.

Todd et al.
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Family-based designs have not only been
used for studies where all individuals are genotyped, but also in DNA pooling experiments.
Kirov et al. used parent–offspring trio design
in DNA pooling experiments to identify
genetic variants affecting schizophrenia [70] .
Although the difference between parents and
offspring is roughly half of that of cases and
controls, resulting in reduced power, this
approach provided a protection against false
positives due to potential population stratification. While no SNP in that particular study
reached genome-wide significance, the use of
pooling is an attractive option for studies with
a limited budget and its use with family-based
data warrants further investigation.

WINBUGS

4741 individuals from
Obesity-related traits:
(BMI, hip circumference, large families
body weight)
Type 1 diabetes
1963 cases, 2938 controls 4000 cases, 5000 controls,
2997 trios
Biochemical markers for 1955 unrelated
2033 individuals in
cardiovascular disease
hypertensive individuals
519 families; 1461 twins
(1/pair selected randomly)

GLMM

[86]

[49]

[79]

Scuteri et al.

Not specified
Total association (use all observed/estimated
genotypes) and use genomic control to adjust
for population stratification
TDT in replication sample
R or STATA

Software
Statistical methods for family data

PLINK and WHAP
946 cases, 977 controls

Initial sample

530 trios, 353 cases,
207 controls
3205 individuals
from families
Rioux et al.

Replication sample
Disease/trait

Crohn’s disease

Study

Table 2. List of published family-based genome-wide association studies.

Not specified

Ref.
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Future perspective
A summary of published GWAS shows that
population-based design is currently favored
as a design of choice for identifying genes for
common complex diseases [101] . However, family-based designs are regularly used in replication studies and this is likely to become more
prevalent in the future. Published GWAS have
revealed that, for most diseases, the identified
genetic variants explain only small proportion
of genetic variance. Larger sample sizes will
be needed in order to identify the remaining genetic variants. As the sample sizes of
a population-based study are increased, so
is the probability of false positives resulting
from the effect of population stratification
[71] . Genomic control, which uses the genotypes throughout the genome to determine an
appropriate correction for population stratification, has been suggested as a solution for
eliminating potential false positives in population-based studies [71] . However, the use of
genomic control is only appropriate in situations where a large number of markers have
been genotyped across all individuals. This is
not the case in replication studies where typically only a few markers are examined. Thus,
genomic control only serves as a complement
method to a family-based design for correcting
the association between genotypes and phenotypes for the effect of population stratification [72] . Therefore, for any GWAS based on
population samples, it would be preferable to
have a family-based design for the replication
samples to ensure the replicated associations
are genuine. Family-based designs can also be
successfully used during the primary stages of
GWAS, as shown by the Framingham Heart
Study. As the price of large-scale genot yping
www.futuremedicine.com
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continues to decrease, it is likely that many of
the other large resources collected for linkage
studies of complex disease will become targets
for GWAS.
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Executive summary
Family-based genome-wide association studies
 Family-based genome-wide association studies (GWAS) are aimed to identify genetic variants associated with complex diseases/
phenotypes using samples of related individuals genotyped with a very large number of genetic markers (e.g., SNPs).
Advantages of family-based compared to population-based designs
 Can make use of the existing family-based (linkage) data collected in pre-GWAS era.
 Robust to the possible effects of population stratification.
 The ability to perform a thorough genotyping quality control (e.g., Mendelian inheritance error and sample mix-ups).
 Provide a platform to perform additional genetic analyses, such as testing for the effect of imprinted genes on phenotypes, testing
whether an allele is inherited or de novo and performing combined linkage and association analyses.
Disadvantages of family-based compared to population-based designs
 Less power.
 Sensitive to genotyping error.
 Computationally more demanding and requires specialized software.
 May not be practical for late-onset diseases.
Published family-based genome-wide association studies
 Family-based designs are frequently used during the replication stage.
Available software for analysis
 A variety of software for analyzing family-based GWAS data is available.
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