
Validity and power of association testing in family-based
sampling designs: Evidence for and against the common
wisdom

Abstract
Current common wisdom posits that association analyses using family-based designs have inflated
type 1 error rates (if relationships are ignored) and independent controls are more powerful than
familial controls. We explore these suppositions. We show theoretically that family-based designs
can have deflated type-error rates. Through simulation, we examine the validity and power of
family designs for several scenarios: cases from randomly or selectively ascertained pedigrees;
and familial or independent controls. Family structures considered are: sibships, nuclear families,
moderate-sized and extended pedigrees. Three methods were considered with the chi-squared test
for trend: variance correction (VC), weighted (weights assigned to account for genetic similarity),
and naïve (ignoring relatedness) as well as the Modified Quasi-likelihood Score (MQLS) test.
Selectively ascertained pedigrees had similar levels of disease enrichment; random ascertainment
had no such restriction. Data for 1000 cases and 1000 controls were created under the null and
alternate models. The VC and MQLS methods were always valid. The naïve method was anti-
conservative if independent controls were used and valid or conservative in designs with familial
controls. The weighted association method was generally valid for independent controls, and was
conservative for familial controls. With regard to power, independent controls were more powerful
for small to moderate selectively ascertained pedigrees, but familial and independent controls were
equivalent in the extended pedigrees and familial controls were consistently more powerful for all
randomly ascertained pedigrees. These results suggest a more complex situation than previously
assumed which has important implications for study design and analysis.

INTRODUCTION
The genetic relationships that exist between individuals in family-based sampling designs
have been considered to universally violate statistical assumptions for standard statistical
tests of association, hence violating the validity of these tests. This has led to a current
common wisdom that suggests that applying standard population-based association tests to
data from family-based designs will lead to anti-conservative tests if genetic relationships
are not accounted for. An additional current common wisdom is that family-based controls
(controls that reside in a pedigree that contains cases) are considered to be less powerful
than independent controls in association testing. Certainly these suppositions have been
shown to be the correct in certain situations [Bourgain, et al. 2003; Browning, et al. 2005;
McArdle, et al. 2007] and at first glance they appear entirely reasonable. However, there are
a few studies that have shown contradictory evidence [Newman, et al. 2001; Slager, et al.
2003] and the suppositions have not been thoroughly tested across a variety of scenarios to
assess their uniform applicability. There are a great many family-based resources that
already exist across a vast variety of complex diseases, the majority previously ascertained
for linkage analyses. These family-based resources are increasingly being used for
association studies. It is therefore important to more thoroughly understand the validity and
power of association testing in family-based resources to be able to best utilize already
ascertained samples.
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Several methods for correcting relatedness have been developed to enable valid association
analyses in family-based sampling designs and many different statistical tests have also been
suggested [Allen-Brady, et al. 2006; Browning, et al. 2005; Knight, et al. 2009; Rabinowitz
and Laird 2000; Slager and Schaid 2001; Spielman, et al. 1993; Thornton and McPeek
2007]. Here we focus on a basic association test (chi-squared test for trend) and investigate
differences that occur due to the method of correction for related subjects and the design of
the study. For correction of relatedness, we will focus on two approaches: variance
correction (VC) and individual weighting methods, as both can be used in a chi-square trend
test framework. The VC approach was proposed by Slager and Schaid [Slager and Schaid
2001], where the variance used in the test statistic is adjusted by the covariance of the
studied individuals (cases and controls). An individual weighting method was first proposed
by Browning et al [Browning, et al. 2005]. In this approach, weights are assigned to the
individuals in pedigrees to correct for the relationships between them, and these weights can
be used in chi-square tests. Weights are calculated using an `all-pairs' approach, that is, all
pairs of related cases are considered when determining the weights. We also proposed a
weighting method [Knight, et al. 2009], similar to that of Browning et al. but where all
relationships between studied individuals are considered simultaneously when calculating
weights. This second method was shown to have a slight power improvement over
Browning's original method due to a tendency for the original `all-pairs' approach to over-
correct for the relationships [Knight, et al. 2009]. The validity of VC method is well
establish [Bourgain, et al. 2003; Slager and Schaid 2001] and the validity of the weighting
method has been shown using independent controls [Browning, et al. 2005]. The advantages
of VC and weighting methods over empirical approaches such as Genie [Allen-Brady et al
2005], are their utility in genome-wide association studies where millions of genetic markers
are tested and extreme critical probabilities are required for significance (situations that are
impractical in an empirical approach).

A few studies have suggested that the use of a naïve approach (ignoring the known
relationships) will always result in inflated type 1 error rates [Bourgain, et al. 2003;
McArdle, et al. 2007]; however other studies have also shown that the naïve approach can
results in conservative rates [Newman, et al. 2001; Slager, et al. 2003]. It is known that if
relationships between studied subjects are ignored, point estimates, such as the mean, are
unbiased. However, the variance is biased by the relationships between studied individuals.
Slager and Schaid [2001] derived the equation for the unbiased, corrected variance of the
Armitage test for trend when related individuals are considered (see below).

where: X is the score vector used for the trend test (usually (0,1,2)), R is the number of
cases, N is the total sample size, yi is the genotype vector for the ith case, and zi is the
genotype vector for the ith control.

As can be seen from the equation above, the corrected variance is constructed of
components based on the variance of the cases (Var(yi)), variance of controls Var(zi), and
covariances for case-case pairs (Cov(yi,yj)), control-control pairs (Cov(zi,zj)), and case-
control pairs (Cov(yi,zj)). In the situation with unrelated individuals only the first two
components exist because all covariances are zero. For related individuals the three
covariance components change the variance estimate. If the combination of the covariance
components is positive then the true variance will be larger than the naïve estimated
variance. In this situation if the relationships are ignored, the variance is under-estimated,

et al. Page 2

Genet Epidemiol. Author manuscript; available in PMC 2012 April 1.

N
IH

-PA Author M
anuscript

N
IH

-PA Author M
anuscript

N
IH

-PA Author M
anuscript



the test statistic over-estimated, resulting in inflated type 1 errors. However, it should be
noted that the coefficient for the case-control pair covariance component is negative. Hence,
provided the covariance components themselves are positive, it is theoretically possible that,
if the case-control covariance dominates the other two covariance components, the true
variance can be smaller than the naïve variance. In such a situation, ignoring relationships
would result in an over-estimated variance and conservative type 1 errors.

It can be shown that all covariance components are positive. For example, for a sib-pair, the
covariance component is p(1−p), where p is the disease minor allele frequency (MAF) and
for all other (non inbred) relationships, the covariance component is π1p(1−p), where π1 is
the probability that the pair shares one allele identical by descent (IBD) (see Appendix).
Thus, if only cases are related (a family design with independent controls), then there is only
one covariance (the case-case covariance) with a positive coefficient. Hence, the corrected
variance is larger than the naïve variance and ignoring relationships will lead to inflated type
1 errors. However, when familial controls are studied, the balance between the case-case,
control-control and case-control covariance components can lead to a corrected variance that
can be larger than, equal to, or smaller than the naïve variance. For example with a sibship
of two cases and two controls, there would be one case-case pair and one control-control
pair, but four case-control pairs leading to a corrected variance that is smaller than the naïve
variance. Theoretically, therefore, it is certainly possible for the naïve approach to lead to
valid or conservative tests in familial data.

Variance correction, weighting, and naïve testing (simply ignoring relationships) methods
have not been extensively examined for validity and power across varying pedigree
structures and varying case and control selection strategies. As illustrated above, validity of
some methods can vary based on the familial structure. The power of Slager and Schaid's
VC method has been studied using cases from sibships [Tian, et al. 2007], and moderate-
sized and extended pedigrees [Bourgain, et al. 2003; Thornton and McPeek 2007]. Power of
the weighting method has been studied using moderate [Browning, et al. 2005] and extended
pedigrees [Knight, et al. 2009]. These studies used independent controls and familial
controls; however, none of these studies compared the power between these two types of
controls. The selection of cases or pedigrees has been shown to impact power [Fingerlin, et
al. 2004; Moore, et al. 2005], however, the impact of pedigree selection on these methods
has not been studied.

To enable genetic researchers to design family-based association studies that are valid and
maximize power we have examined the validity and power of three methods for managing
familial subjects under a variety of scenarios based on different pedigree structures (from
sibships to extended pedigrees), pedigree selection criteria (random versus selectively
ascertained pedigrees), and control populations (familial controls versus independent
controls). The three Cochran-Armitage trend test analysis approaches considered were 1) a
VC approach, 2) a weighting method, and 3) a naive method where the related cases and
controls are treated as independent subjects. In addition, we also considered the MQLS test
to assess the robustness of our findings beyond the basic trend test. The MQLS test is a
quasi-likelihood score test for association that is also often used in pedigree-based resources
and has been shown to have more power in some situations [Thornton and McPeek 2007].

METHODS
Analysis methods

Four analysis methods were considered. Three of the methods are based on the Cochran-
Armitage trend test: Slager and Schaid's VC method, the weighting method, and the naïve
method. The MQLS test was also considered.
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Slager and Schaid's VC method adjusts the variance by using the covariance between related
cases and controls which can be calculated based on the IBD probabilities of these
individuals [Slager and Schaid 2001]. Posterior or prior IBD probabilities can be used.
Posterior estimates use IBD probabilities as estimated from the observed genotypes (e.g.
using GENEHUNTER [Kruglyak, et al. 1996]). Prior IBD probabilities can be derived from
the kinship coefficients of the individuals considered. Given the limitation that posterior
probabilities can only be easily and accurately estimated for small to moderately-sized
pedigrees, we have used prior probabilities for all the covariance calculations.

The weighting algorithm used was developed by Knight et al [2009] and uses gene-drop
simulations to determine individual weights that account for the complete configuration of
related individuals in a pedigree. The weighting algorithm assigns weights to subjects (both
the cases/controls) based on expected allele sharing in the pedigree, estimated by simulating
inheritance vectors under the null (i.e. without regard to the affected status of the
individuals). The advantage of our algorithm is that it can easily be applied to pedigrees of
arbitrary sizes and structures. Also, while Browning's original method [Browning, et al.
2005] can result in weights that are negative, weights from this new weighting algorithm are
always positive resulting in larger effective samples sizes. Furthermore, a correction that
considers all individuals simultaneously wards against a potential over-correction that is
possible when weights are based on an all-pairs approach [Knight et al 2009]. Our algorithm
has been implemented in a java program and is available for download at our website
(http://wwwgenepi.med.utah.edu/Genie/index.html). We used 10,000 gene-drops to
calculate weights for each case or control in a pedigree. These weights were used in a
weighted-chi-square trend test.

A naïve trend analysis, that simply ignored any familial relationships, was also performed.
All three of these trend test analyses were performed using R software.

The MQLS method was also performed. Similarly to the VC method, MQLS accounts for
the correlations among related individuals using a kinship matrix. However, MQLS
additionally uses individual weights, based on the case-control configuration in the pedigree,
in an attempt to increase power. For example, a case without any other case-relatives would
be weighted differently from a case which is a member of an affected sib-pair. The rationale
for this is that under the alternative hypothesis, cases that are clustered with other cases are
more likely to be enriched for being risk variant carriers, and by weighting these more
highly, more power is achieved.

Simulation Data
We simulated genotypes for four pedigree structures – sibships (containing five siblings),
nuclear families (two parents and five offspring), moderately-sized pedigrees (three
generation pedigrees with no genotyping in top founders and 20 descendants), and extended
pedigrees (five generation pedigrees with no genotyping in top two generations and a total
of 274 individuals). Singleton controls were also considered. Genotypes for SNPs were
simulated using a gene-drop approach. Founders in the pedigree were randomly assigned
alleles according to the MAF for the genetic model being considered and these were then
segregated to offspring according to Mendelian inheritance. The simulated genotypes were
created for families and singletons under alternative and null models. For the alternative
data, cases status was assigned using five models each with a baseline sporadic rate of 10%,
MAFs for a risk allele ranged from 0.01 to 0.4 and multiplicative allelic effects were
assumed that ranged from 1.18 to 1.80 (Table 1). To match the phenotype clustering
between the alterative and the null scenarios, for the null data, cases status was assigned
using an alternative model; however, genotypes were then removed and replaced with
genotypes from a random gene drop. In this way, the phenotypic clustering appropriately
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represented a disease with a genetic component, but the genetic data analyzed was from the
null.

Pedigrees were either ascertained randomly or selectively. For random ascertainment,
families were selected for analysis without regard to the number of cases in a family. This
means that familial controls could come from pedigrees without cases and cases could come
from pedigrees with no familial controls. For selective ascertainment, families were chosen
based on a minimum number of cases which was chosen to represent an enrichment of cases
in the pedigree (p-value~0.10). This resulted in a minimum of two cases for the sibships and
nuclear families, four cases for the moderate pedigrees and 31 cases for the extended
pedigrees. For both the randomly and selectively ascertained pedigrees, the pedigrees were
generated until 1000 cases were obtained. Controls were chosen either by random selection
from within the generated families (familial controls) or independent individuals from
singleton simulations (independent controls). For each design, 1000 cases and 1000 controls
were used in the analyses. For example, for randomly ascertainment, we generated
pedigrees, keeping each pedigree, until we had 1000 cases; hence, some pedigrees may not
contain any cases. The 1000 familial controls were randomly sampled from within all
generated pedigrees, hence some controls may be selected from pedigrees without cases. For
selective ascertainment, we generated pedigrees, keeping only those pedigrees that
surpassed the minimum number of cases required, until we had 1000 cases. The 1000
familial controls were randomly sampled from within these selected pedigrees.

To assess validity 5000 simulations of the null were used (1000 null simulations from each
model). A trend test was performed for the VC, weighted and naïve methods, in addition to
the MQLS test. For 5000 simulations, and considering a multiple testing correction for the
16 study design scenarios, the 95% confidence interval for a type 1 error of 0.05 is (0.041 to
0.060). Power was based on 1000 simulations for each of the 16 study design scenarios and
genetic models.

RESULTS
The type I error rate results are shown in Table 2. As expected, both the VC and MQLS
methods were valid for all the scenarios considered. In-line with the current supposition, the
naïve method was found to be trending towards or significantly anti-conservative (inflated
type 1 error) if independent controls were used. This was true whether the pedigrees were
randomly or selectively ascertained. However, contrary to the common wisdom, the naïve
method was found to be valid in designs that used randomly ascertained pedigrees and
familial controls, and could be significantly conservative (reduced type 1 error rate) with
familial-controls if pedigrees were selectively ascertained. For both ascertainment criteria,
the weighted association method was generally valid for independent controls, but was
conservative when familial controls were used. To check that the pattern observed for our
weighting method was representative of the Browning weighting method, we repeated the
investigation using Browning's algorithm. As would be expected, an extremely similar
pattern was observed when using the Browning weighting method with prior kinship
coefficients (see supplementary table 1).

Comparisons of power are illustrated in Table 3. Results are shown for familial versus
independent controls, both ascertainment criteria (random, selective), and five genetic
models. We only report the power for the VC and MQLS methods as they were valid for all
scenarios and therefore power is meaningful. For the small to moderate selectively
ascertained pedigrees, independent controls were consistently found to be significantly more
powerful for all genetic models considered. This is consistent with what has been suggested
previously. However, contrary to common wisdom, for randomly ascertained pedigrees of
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any size, familial controls consistently provided greater power than independent controls.
Furthermore, for selectively ascertained extended pedigrees the power of the familial and
independent controls were similar across the genetic models considered, with no consistent
direction of one design out-performing the other.

DISCUSSION
The general findings with regard to validity are as follows. First, the VC and MQLS
methods were found to be valid for all scenarios. Second, methods using weighting to
account for relatedness were only valid with independent controls, and otherwise were
conservative (sometimes extremely so). Third, the naïve method was anti-conservative if
independent controls were used, but was valid for randomly ascertained pedigrees with
familial controls, and was conservative for selectively ascertained pedigrees with familial
controls.

Our validity results for the VC and MQLS methods confirm prior studies [Bourgain, et al.
2003; Slager and Schaid 2001; Thornton and McPeek 2007; Tian, et al. 2007] and extend
evidence of the validity to more scenarios, such as extended pedigrees with independent
controls, sibships with familial controls and randomly ascertained pedigrees. The fact that
these methods were valid for all pedigree structures and selection criteria makes them very
appealing analysis choices with family-based samples. Furthermore, both are
computationally feasible to be considered for use in a genomewide scan. It has previously
been suggested that the MQLS is more powerful than the VC method [Thornton and
McPeek 2007]. Our findings support this for small to moderately sized pedigrees. However,
for the extended pedigrees we found the VC method to be slightly more powerful. We note,
however, that in these analyses we used only data for the cases and controls, and our data
did not include individuals of unknown phenotype. MQLS is also able to incorporate
ungenotyped relatives as well as distinguishing between unaffected and unknown phenotype
controls. This makes MQLS more desirable in many real scenarios.

The weighting methods were valid only when independent controls were used. This is due to
the fact that these methods are ignorant to the case/control status of the related individuals
being weighted. Related individuals are always down-weighted. This is appropriate when
there are no relationships between cases and controls. However, it is clear from the corrected
variance equation presented previously that the familial relationships between cases and
controls effect the variance in the opposite direction and needs to be considered separately.
Therefore, in scenarios with familial controls, the weighting method can be extremely
conservative because the case-control relationships are being corrected for in the wrong
direction. The use of only independent controls was suggested by Browning [Browning, et
al. 2005] cited due to a reduction in power because familial cases may be non-penetrant
carriers of the risk variant. Our results indicate that the reduction in power is likely due to
the -sometimes extremely- conservative nature of the weighting procedure and not the
choice of familial controls, per se. Previously it was suggested that Browning's weighting
method was more powerful than the VC approach [Browning, et al. 2005]. We investigated
this with our data and found the power of Browning's method to be slightly lower than the
VC method when these were adjusted for type 1 error rate (data not shown). As can be seen
in Table 2, we did find statistically significant increased type I error rate for the larger
selectively ascertained pedigrees with independent controls (which appeared to be more
severe when using Browning's weighting method). An increased rate was similarly reported
by Browning using an allelic test for a moderate sized pedigree [Browning, et al. 2005]. It is
unclear whether this increase is due to the size or structure of the pedigree, the selectively
ascertainment of the pedigree or a combination of these, or whether it is simply random
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fluctuation. However, it has been reported that non-random sampling of pedigrees can bias
results [Bucher and Schrott 1982] and researchers should be aware of this possible bias..

In the situations where the weighting method is valid, one advantage of the technique is that
it can easily be extended to other statistical tests that allow the incorporation of weights. To
examine this further, we used the same pedigrees and genotypes but simulated a quantitative
trait. We found that the weighting method continued to be valid for all family structures and
independent controls. This suggests that if independent controls are used, weighting methods
maintain their validity for other statistics, too.

Perhaps most unexpected, and contrary to common wisdom, is the suggestion that the naïve
analysis may be valid or even conservative if familial controls are used. Although perhaps
counter-intuitive at first glance, inspection of the corrected variance equation shows
theoretically that valid or conservative tests can result, depending on the balance of case-
case, control-control and case-control pairs in the resource being studied. We found that for
randomly ascertained family-based resources of any pedigree size that the naïve analysis
was valid with familial controls. We note that random ascertainment of pedigrees indicates
that a resource was selected and studied without respect to the disease status of individuals
in the pedigrees. This means that pedigrees in these resources may contain only cases, only
controls, or both cases and controls. In our study the percentage of related cases and controls
varied by the pedigree structures for the random sample with 60% related in the sibships,
50% in nuclear families, 90% in the moderate pedigrees and 80% in the extended pedigrees.
While the moderate and extended pedigrees had more related individuals the average
kinship coefficient for these individuals was 0.15 and 0.03, respectively compared to 0.24
for the sibships and nuclear families. Our results indicate that this random combination of
cases and controls balances the corrected variance leading to validity with a simple naïve
approach. There are a few community or population based cohorts that could be considered
random pedigree ascertainment. These include the Framingham Heart Study [Cupples, et al.
2007] and the Hutterites [Ober, et al. 1983]. Our results indicate that for these resources, if
all or a random subset of cases and controls are studied, that use of the naïve approach could
be valid. Use of the naïve approach has the advantage that it allows for easy and quick
analyses, a characteristic necessary for genomewide investigations. Furthermore, it appears
plausible that this validity would extend to other more sophisticated statistical analyses.

For power, we present three main findings which hold for both the VC and the MQLS
method. First, that the use of independent controls is a significantly more powerful approach
if cases reside in small to moderate sized selectively ascertained pedigrees. Second, that use
of familial controls is a reasonable study design for resources of selectively ascertained
extended pedigrees. In the highly selected pedigrees studied here (containing at least 31
cases) independent and familial controls were essentially equivalent. In further
investigations of less highly selected extended pedigrees, familial controls substantially
outperformed independent controls (data not shown). Third, that familial controls are more
powerful for randomly ascertained pedigrees of any size.

As commonly assumed, we found that for selectively ascertained small to moderate
pedigrees, independent controls were most powerful. This finding supports other studies
using different methods that found that independent controls increased the power [Li, et al.
2006; Witte, et al. 1999]. This conforms to the argument that familial controls in diseased-
ascertained families may be non-penetrant carriers of the disease allele leading to reduced
power, such that the use of unrelated independent controls is superior. However, one
concern with using unrelated, independent controls is the possibility of inappropriate
matching and this can lead to invalidity (population stratification) and also loss of power.
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Contrary to common wisdom, however, in our simulations we found that for all randomly
ascertained pedigrees that familial controls resulted in increased power, and that and for
selectively ascertained extended pedigrees familial controls were also a reasonable design
choice. The increase in power for the randomly ascertained pedigrees was relatively minor,
but consistent. The intuition to avoid familial controls in the context of selectively
ascertained pedigrees is due to the enrichment for disease alleles in the selected pedigrees
and therefore the potential for an enrichment of non-penetrant familial controls, hence
decreasing power. In randomly ascertained pedigrees, however, the enrichment for disease
alleles does not exist and therefore neither does the enrichment for non-penetrant control
carriers, hence, there is no detrimental effect due to that issue. Furthermore, the superior
familial matching of the cases and controls may produce beneficial effects and explain the
improved power. The similar, or superior, power for familial controls in selectively
ascertained extended pedigrees may be largely due to the fact that controls are, on average,
less related to the cases than in smaller pedigrees. This may allow the beneficial aspects of
matching to play a greater role than the detrimental enrichment of non-penetrant controls.
Hence, familial controls may be a very reasonable option for selectively ascertained
extended pedigrees.

It is important to bear in mind that our findings are limited to the pedigree structures and
disease models considered and therefore generalization should be made with caution.
Nonetheless, our findings provide important insight for association study designs performed
in family-based resources. For example, in randomly ascertained family-based resources of
any pedigree size a naïve analysis may be valid and familial controls preferable.
Furthermore, for a resource of selectively ascertained, large, extended pedigrees, familial
controls may be more powerful and a naïve method appropriate. These observations shed
new light on possible optimal study designs for resources such as the Framingham Heart
Study and extended high-risk pedigree resources, respectively.

In conclusion, we have presented evidence that strongly suggests that the situation for
validity and power of family-based sampling designs for association testing is not as simple
as previously assumed. Our results indicate support both for and against the current common
wisdom. The findings presented here may help researchers select valid analysis approaches
and design more powerful studies involving family-based data. In particular, for randomly
ascertained resources and extended pedigree resources that are being considered for
association analyses, the potential impact of these findings is substantial.

Supplementary Material
Refer to Web version on PubMed Central for supplementary material.
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Appendix
The formula for determining the covariance as outlined by Slager and Schaid [2001] and of
two related individuals is as follows:
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Where p' is the genotype probabilities ((1−p)2, 2p(1−p), p2) for genotypes aa, aA, and AA,
where p is the probability of the risk allele. P(gi,gj) is the matrix of the joint genotype
probabilities and is given by

Where P(gi) is a matrix with genotype probabilities pi along the diagonal and 0 otherwise
and πk are the IBD probabilities for sharing k alleles. I,T, and O are matrixes [Li 1955],
where I is the identity matrix, O have the genotype probabilities ((1−p)2, 2p(1−p), p2) for
each row of the matrix, and T is given as follows.

For siblings the Cov(wi,wj) is

This covariance matrix is multiplied by the score functions, X'=(0,1,2) to give us the
covariance component for the variance correction equation.

For non-sibling relationships (assuming no in-breeding) the covariance component is given
as follows
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Which for parent-child relationships also equals p(1−p).
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Table 1

Genetic models considered for alternative hypotheses

Model MAF RR

1 1% 1.80

2 5% 1.40

3 10% 1.30

4 20% 1.20

5 40% 1.18

Note: MAF, minor allele frequency (for disease); RR, relative risk (of disease).
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