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Abstract

Next-generation sequencing (NGS) studies are becoming commonplace, and the NGS field is
continuing to develop rapidly. Analytic methods aimed at testing for the various roles that genetic
susceptibility plays in disease are also rapidly being developed and optimized. Studies that
incorporate large, complex pedigrees are of particular importance because they provide detailed
information about inheritance patterns and can be analyzed in a variety of complementary ways.
The nine contributions from our Genetic Analysis Workshop 18 working group on family-based
tests of association for rare variants using simulated data examined analytic methods for testing
genetic association using whole-genome sequencing data from 20 large pedigrees with 200
phenotype simulation replicates. What distinguishes the approaches explored is how the
complexities of analyzing familial genetic data were handled. Here, we explore the methods that
either harness inheritance patterns and transmission information or attempt to adjust for the
correlation between family members in order to utilize computationally and conceptually simpler
statistical testing procedures. Although directly comparing these two classes of approaches across
contributions is difficult, we note that the two classes balance robustness to population
stratification and computational complexity (the transmission-based approaches) with simplicity
and increased power, assuming no population stratification or proper adjustment for it
(decorrelation approaches).
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Introduction

Methods

As DNA sequencing costs continue to decrease, large-scale whole-exome and whole-
genome sequencing studies are becoming more feasible. The choice of study design and its
implications are of paramount importance in these still expensive studies. In addition, the
efficiency of the analytical methods used once the appropriate design has been chosen must
be carefully considered.

We examine nine contributions to our Genetic Analysis Workshop 18 (GAW18) working
group, which was tasked with studying family-based tests of association for rare variants
using simulated data. The GAW18 data comprise whole-genome sequencing data from 20
large pedigrees with 200 phenotype simulation replicates of multiple outcomes observed at
three time points [Almasy et al., 2014].We explore the implications of applying various
statistical approaches and their resulting operating characteristics. Most of the methods
explored by members of our working group fall into two broad categories: transmission-
based methods that exploit properties of transmissions from parent to offspring, as in family-
based association tests (FBATS); and decorrelation methods that attempt to remove within-
family phenotype dependencies by means of some, often regression-based, adjustment. In
addition to the presentation of various methods and comparisons within these classes, we
discuss a two-stage strategy for sequencing studies of families.

Transmission-Based Approaches

Linkage Combined with Association—Li et al. [2014b] proposed a method to
combine the results of linkage and association analyses. They calculated linkage LOD scores
using a variance-components multipoint link-age analysis implemented in SOLAR [Almasy
and Blangero, 1998]. They then calculated association test statistics using a multimarker
FBAT with an empirical variance estimator to properly incorporate linkage within the
extended pedigree [Xu et al., 2006]. Their combining schemes were adapted from the
unweighted Liptak method [Liptak, 1958] and used genes as the testing unit. Finally, they
calculated the average LOD score of a gene, converted it to a Z-score, and then combined
that with an association test Z-score. The variance of the combined test statistic was
empirically estimated using permutations [Pesarin, 2001].

Rare Variant Family-Based Association Testing—The FBAT for rare variants
(FBAT-RV) is a gene-based burden test developed for rare variant studies [De et al., 2013].
The FBAT software (http://www.biostat.harvard.edu/fbat/default.ntml) uses both an
unweighted rare variant test and a weighted version that uses as weights the inverse of the
variance of the allele frequency estimated from the sample. Xu et al. [2014] applied both the
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unweighted and weighted FBAT-RV and restricted the analysis to variants with a minor
allele frequency (MAF) less than 0.01. Zhou et al. [2014] explored the unweighted FBAT-
RV and tested each gene using single-nucleotide polymorphisms (SNPs) filtered on the basis
of their predicted functions. They used Polyphen2 [Adzhubei et al., 2010], SnpEff (http://
snpEff.sourceforge.net), and lymphoblastoid cell line eQTLs from the HapMap CEU
samples to predict SNP function and to highlight SNPs associated with gene transcription
[Montgomery et al., 2010]. Their gene-based tests used the combination of rare and common
variants. Zhou et al. [2014] also explored several other FBATS, but they reported results
only for the unweighted FBAT-RV and the multimarker test because of their superior
performances. For the extended pedigree analysis where linkage is present, the empirical
variance estimator [De et al., 2013; Rakovski et al., 2007; Xu et al., 2006] is needed to
control the type | error.

Family-Based Sequence Kernel Association Test—Huang et al. [2014] used a
recently proposed family-based sequence kernel association test (SKAT) [lonita-Laza et al.,
2013]. This approach is analogous to SKAT (i.e., a variance-components test) but within the
transmission testing frame-work. Huang and colleagues altered the weighted linear kernel by
treating the offspring genotypes as the random variables and by conditioning on the
phenotypes. Entries in the genotype matrix were offset by the corresponding genotype
expectation based on parental genotype transmissions. The family-based SKAT used the
same score test statistic as SKAT with the amended kernel.

Decorrelation Approaches

Familial relationships induce a correlation structure between the outcomes of members of
the same pedigree conditional on their genotypes at a particular locus. Naively analyzing
these types of data without taking into account this correlation can result in inflated type |
error and decreased power to detect true associations. One broad alternative approach to
handling family data is to adjust for these correlations, essentially treating the relationships
as nuisance. In several of the contributions to our working group in this category, including
Fardo et al. [2014], Ding et al. [2014], and Li et al. [2014a], rather than using the provided
pedigree structures, the investigators estimated kinship matrices from whole-genome SNP
data to control for within-family residual phenotype correlations. Estimated kinships can
also be used to control for population stratification [Kang et al., 2010; Svishcheva et al.,
2012; Zhou and Stephens, 2012], at least for common variants, although estimating kinship
for rare variants while adjusting for both population structure and known pedigree
relationships simultaneously requires further study.

Mixed-Model Approaches—Mixed models are a natural choice to control for the
correlations induced by family structure. Wang et al. [2014] applied a multilevel mixed
model in a single-marker analysis of family-based longitudinal data with three levels: an
individual level (longitudinal), a within-sibship level, and a between-sibship level. Fardo et
al. [2014] performed a similar measured-genotype approach (MGA) analysis [Amin et al.,
2007] in which the familial relationships were accounted for by using random effects
defined through the kinship matrix, which was estimated using the whole-genome SNP data.
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Ding et al. [2014] used a combination of a linear mixed model and a penalized linear
regression, called a GRAM-MAR LASSO (genome-wide rapid association using mixed
model and regression least absolute shrinkage and selection operator), to detect the genes
harboring rare causal variants. In this approach they first regressed out the family structure
by performing a polygenic analysis using the kinship matrix estimated from the marker data.
This decorrelation step is similar to the method proposed by Svishcheva et al. [2012], with
the residuals generated from the first step used as the phenotype in the second step and a
penalized regression calculated from a mixture of gene-based group and pure LASSO
penalties.

Generalized Least-Squares Approach—Li et al. [2014a] used a generalized least-
squares (GLS) framework [Greene, 2012] to decorrelate the family structure. Briefly, they
calculated a transformation matrix as the inverse of the decomposition of the kinship matrix
estimated from the genetic data and then multiplied both the phenotype and genotype
covariance matrices by this transformation matrix. The family-based data were decorrelated
after the transformation, and any methods developed for independent data could then be
applied. To perform the gene-based rare variant analysis, Li and colleagues [2014a] applied
the SKAT-O approach [Lee et al., 2012; Wu et al., 2011] for rare variant detection to the
decorrelated data, calling this approach GLS-SKAT.

Prioritizing Variants Based on Cosegregation

Yang and Thomas [2014] used a two-stage strategy to detect rare causal variants in family
studies. Their strategy is based on the rationale that exploiting the cosegregation of variants
with disease within families can help to distinguish causal variants from noncausal ones and
that sequencing a subset of highly informative family members first can be cost-effective.
For this first stage, Yang and Thomas proposed a novel score-based statistic (similar to the
family-based SKAT tests of Schifano et al. [2012], Chen et al. [2013], and Schaid et al.
[2013b]) for SNP prioritization that uses the available phenotype information for all the
pedigree members and the genotype information for a subset of the pedigree. Then in the
second stage of their analysis, they performed a single-SNP association test in the remaining
sample for the top-ranked SNPs obtained in the first stage.

Comparison of Decorrelation and FBAT-Based Approaches

Three of the research groups that used decorrelation approaches made comparisons to the
conventional FBAT or its variants. Both Wang et al. [2014] and Fardo et al. [2014]
compared the mixed-model approaches to the single-SNP FBAT using quantitative traits.
Fardo and colleagues also compared decorrelation to the VVan Steen screening approach
(FBAT-VS) [Van Steen et al., 2005]. Li et al. [2014a] compared the GLS-SKAT to the
weighted FBAT-RV for gene-based inference. Yang and Thomas [2014] compared the
performance of their proposed two-stage design to a one-stage QTDT), [Gauderman, 2003]
in which complete phenotype and genotype data were used.

Application to the GAW18 Data

All investigators performed analyses with the knowledge of the true simulation model. A
summary of the GAW18 data that each individual researcher used can be found in Table 1.
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All transmission-based tests were gene-based and region-based and were focused on
continuous phenotypes, with systolic blood pressure (SBP) and diastolic blood pressure
(DBP) for power comparison and Q1 for evaluating type | error.

All the decorrelation studies used the simulated SBP or DBP data at baseline, with the
exception of Wang et al. [2014], who used all three time points. Fardo et al. [2014] also used
the simulated Q1 data, which had no genetic contribution, for type I error comparison. Three
research groups [Fardo et al. 2014; Wang et al. 2014; Yang and Thomas 2014] performed
single-SNP analyses, and two groups [Ding et al. 2014; Li et al. 2014a] performed gene-
based inference, although the definition of gene regions varied.

Transmission-Based Approaches

Linkage Combined with Association—Li et al. [2014b] adopted the method of Levy et
al. [2000] to adjust for the effects of age, sex, and medication and then calculated mean SBP
over the three time points for the analysis. They showed that chromosome 3 had LOD scores
greater than 1.5 in three of the first 10 replicates for the null trait of Q1 compared with nine
of 10 replicates for mean SBP. The FBAT was applied to the 8,047 genes with more than
one nonsynonymous SNP. On average, over replicates 1-10, there were 49 genes of 8,047
with combined P-values for mean SBP less than 0.001. Only two causal genes, MAP4 and
FLNB on chromosome 3, were ever among the top 49 genes. For Q1, on average, there were
9.5 and 9.1 genes of 8,047 with FBAT P-values and combined P-values less than 0.001,
corresponding to an empirical false-positive rate of 0.0012 and 0.0011, respectively. After
combining linkage and FBAT P-values, the detection power for MAP4 improved from 50%
to 100%. For FLNB, which explains a much lower percentage of SBP variance (0.29%),
FBAT had no detection power. Combined P-values improved the power to 40%. The type |
error rate was well controlled in the combined P-values. When the correlations between
linkage and association P-values were corrected, the ranks of MAP4 and FLNB (out of
8,047) based on the combined P-values did not change.

Rare Variant Family-Based Association Testing—Both Xu et al. [2014] and Zhou et
al. [2014] focused their studies on chromosome 3 and applied various FBAT methods to all
200 simulations. Xu and colleagues used both SBP alone and SBP adjusted for the effects of
sex, age, and medication, although simple covariate adjustment for medication can be
inappropriate when it serves as both a confounder and an intermediate variable on a causal
pathway [Tobin et al., 2005]. Causal genes from chromosome 3 were used for the
assessment of power, and the rate of type | errors was calculated using noncausal genes.
MAPA4 gave the strongest signal when collapsing all rare variants (MAF< 0.01)within the
true causal genes. Both the unweighted and weighted FBAT-RV methods detected the
MAP4 association signal with P-values less than 104, INSCAP, another causal gene for
SBP, only the weighted FBAT-RV detected associations at this level of significance, and
neither the weighted or the unweighted method detected associations in other causal genes.
Xu and colleagues found that the weighted FBAT-RV consistently outperformed the
unweighted FBAT-RV. At a significance level of 1073, the unweighted FBAT-RV identified
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less than 6%of significant associations in the 1,209 noncausal genes. Although the number
of false positives decreased as the threshold became more stringent, the unweighted FBAT-
RV still identified 2% of the associations among the noncausal genes as significant (a =
107%), indicating inflated type I error.

Xu et al. [2014] also used a sliding window approach for association testing. The entire
chromosome was divided into a series of disjoint 100 kb windows. Four such windows
covered MAP4. After Bonferroni correction, the power (at o = 1077) of the best performing
window out of these four decreased from0.745 to 0.455, which was better than the power for
MAP4 evaluated as a whole (0.005). However, the sliding window method resulted in
additional type | error inflation, making power comparisons difficult, if not impossible.

Zhou et al. [2014] tested both SBP and DBP over the three time points adjusted for age, sex,
age x sex, and medication at each exam. They also analyzed average residuals over three
exams. The Q1 phenotype was used to evaluate type | error and was adjusted for age and sex
only. Of the 894 variants in MAP4, Zhou and colleagues identified 28 SNPs that met the
functional criteria of Polyphen scores above 0.5, splice, stop variants, and an eQTL cutoff of
3.4 (—log P-value from eQTL analysis). Of these, eight were true causal variants. More than
half (57%) of the 28 SNPs were rare (MAF < 0.05). The same set of functional variants was
used for the comparison of both family- and population-based designs. The type | errors of
both the unweighted FBAT-RV and the multimarker FBAT were well controlled, and this
analysis highlighted the association of MAP4 across all simulation replicates. The highest
power and the strongest association signals were identified using the multimarker FBAT
with power around 0.9.

Family-Based SKAT—Huang et al. [2014] used the baseline SBP and DBP from all 200
simulations and the 31 causal genes on chromosome 3 to evaluate power for the family-
based SKAT and the burden test (unweighted FBAT-RV). Q1 was used to evaluate type |
error rate. Ninety-three trios were extracted for the gene-based association test. The
empirical type | error rates were close to the nominal level of 0.05, with a range of 0.043-
0.059. Using a nominal significance level of 0.05, both the family-based SKAT and the
family-based burden test were able to detect MAP4. The proportions of causal SNPs in the
analysis (i.e., 10%, 25%, 50%) did not substantially affect the power of either test, nor did
the inclusion or not of rare variants. The power of both the family-based SKAT and the
family-based burden test were comparable across most genes, but the performance of the
two tests depended on the true simulation model; for example, when the causal variants’ §
coefficients were in different directions, the family-based SKAT had better power than the
burden test (e.g., MAP4 gene). The combination of both common and rare variants provided
the best performance.

Decorrelation Approaches

Both Wang et al. [2014] and Fardo et al. [2014] reported nominal type | error rates for the
mixed model based strategy. Li et al. [2014a] also observed a nominal type | error rate for
the GLS-SKAT. Type | error rate was not available in the GRAMMAR LASSO method
[Ding et al., 2014].
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Several research groups compared the performance of different variants of the decorrelation
strategy to that of FBAT. Wang et al. [2014] compared the power of the mixed model
applied to the family-based longitudinal model to the single time point FBAT analysis. In
general, higher power was observed in the mixed-model approach, although when applied to
the rare variants only, both the mixed model and FBAT-based approaches had low power
(less than 20% across all the causal variants at a significance level of 0.05). Fardo et al.
[2014] found that the MGA approach also tended to have higher power compared to the
conventional FBAT. The FBAT-VS approach [Van Steen et al., 2005], which is much less
computationally intensive than the MGA method, had better performance in terms of power
than the conventional FBAT but was less powerful than MGA. For genes that accounted for
only a small proportion of the variance, power of all three approaches was low, although the
MGA approach was still somewhat better. For MAP4, Li et al. [2014a] saw a clear
advantage for the GLS-SKAT (with a power of 0.34 at an a level of 4.0 x 107°) over the
weighted FBAT-RV (with a power of 0.08). Neither approach detected any other causal
gene region on chromosome 3 after a stringent multiple-testing correction.

In the GRAMMAR LASSO approach, Ding et al. [2014] showed that theMAP4 gene, which
contributes more than 6% of the heritability of both DBP and SBP, could be consistently
discovered. Detection probability increased as more weight was placed on the pure LASSO
penalty. False discovery rates were often above 90%, although the gene-based false-positive
rates were reasonably maintained (all less than 0.03%).

Performance of the Two-Stage Approach

In the two-stage approach of Yang and Thomas [2014], the first-stage mean score statistics
showed a clear gradient across the negative, null, and positive variants, indicating the
potential of the score statistics for prioritizing variants. Compared to the one-stage procedure
(power of 13.4% for the top 100 ranked variants), lower power was observed for the two-
stage design (power of 4.0% for the top 100 ranked variants).

Discussion

Members of our working group applied two major strategies to the family-based sequence
data. The first category follows the traditional family-based association testing approach and
utilizes transmission patterns for inference. In contrast, the second strategy class treats
family structure as a nuisance and tries to remove the correlation resulting from family
structure to ensure valid inference. Those two categories can be viewed as extensions of
similar strategies in the common variants era, that is, the traditional transmission-based tests
such as FBAT and the transmission disequilibrium test (TDT) [Abecasis et al., 2000;
Allison, 1997; Cleves et al., 1997; Laird et al., 2000; Spielman et al., 1993] and the recently
developed variance-components or mixed model based tests in which kinship is incorporated
to control for (known or unknown) family structure [Kang et al., 2010; Svishcheva et al.,
2012; Zhou and Stephens, 2012].

Because linkage and association metrics capture distinct and almost independent
information from phenotype-genotype correlations, various efforts have been made to model
linkage and association jointly [Biernacka and Cordell, 2007; Chen et al., 2005; Dupuis and
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Van Eerdewegh, 2003; Goring and Terwilliger, 2000; Li et al., 2004, 2005; Roeder et al.,
2006; Sun et al., 2002; Thornton and McPeek, 2010] to improve power for detecting causal
variants. Joint modeling methods are usually computationally intensive; hence they cannot
currently accommodate large pedigrees with dense markers. The method proposed by Li et
al. [2014b] combines P-values from the linkage LOD score and P-values from the
multimarker FBAT. The performance of the proposed methods, which can be viewed as an
average of the linkage and association signals, depends largely on the strength of both
linkage and association signals. Moderate signals in both linkage and association will
generate a more significant combined P-value than a significant signal in one test but a null
signal in the other.

The unweighted FBAT-RV (and the weighted FBAT-RV) is a recently developed FBAT
designed specifically for rare variant studies [De et al., 2013]. Several research groups
applied this method to the GAW18 simulated data [Huang et al., 2014; Xu et al., 2014; Zhou
et al., 2014]. Xu and colleagues examined both the weighted and unweighted FBATRV
methods, focusing on rare variants (MAF < 1%); they found that the weighted FBAT-RV
had better power. Zhou and colleagues focused on both the unweighted and weighted
FBAT-RV and found that the multimarker FBAT outperformed the unweighted FBAT-RV
when testing MAP4; this could be due to some causal variants of MAP4 within the variants
for analysis being common. Other multimarker tests of FBAT did not perform well in the
GAW 18 data set. Huang and colleagues compared the unweighted FBAT-RV (collapsing
method) with the family-based SKAT from lonita-Laza et al. [2013]. The family-based
SKAT outperformed the unweighted FBAT-RV when the signs of effects from causal SNPs
were in different directions.

The family-based SKAT and the various versions of FBAT, which are TDT-type tests
conditioning on founder genotypes and comparing allelic transmissions, had low power
except when common variants were included in the analysis. Although smaller sample size
can partly explain the lower power, the simulated data of GAW18, which was generated by
fixing the genotypes across the simulations, is also a concern when examining approaches
that treat genotypes as the random variable, because the transmissions are exactly the same
in all replicates. Zhou et al.’s [2014] population-based comparison suggests that in the
absence of population substructure or with proper adjustment [Price et al., 2010], the
population-based association tests using the whole families are more powerful. However, in
the presence of population substructure that is not properly taken into account, the
population-based association tests may lead to inflated type I errors, whereas the
transmission-based methods are fully robust to population substructure [Laird and Lange,
2006].

Similar in spirit to a few recent studies [Kang et al., 2010; Svishcheva et al., 2012; Zhou and
Stephens, 2012], a direct extension of the mixed model in the family-based data is attractive
because it allows investigators to use most of the phenotype and genotype information for
individuals within a family. Wang et al. [2014] extended the mixed model to accommodate
both longitudinal observations and family structure, and the MGA approach of Fardo et al.
[2014] used an estimated kinship matrix based random effect for polygenic components to
account for family structure. Both of these approaches showed higher power than
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transmission-based tests. Although both approaches are for single marker based analysis,
direct extension to gene or gene region based inference is possible, because a variance
component or random effect for local genetic structure can be incorporated into the mixed
model, similar to that applied in the SKAT approach for unrelated individuals [Lee et al.,
2012; Wu et al., 2011]. However, the model will be more cumbersome and the
computational burden can be formidable for genome-wide data, so more efficient algorithms
might be necessary for developments in this direction.

Another way of accounting for family structure is to decorrelate the family data before
applying methods developed for unrelated subjects. Those methods include the GRAMMAR
LASSO approach of Ding et al. [2014] and the GLS-SKAT of Li et al. [2014a]. Similar to
the original GRAMMAR approach [Svishcheva et al., 2012], the GRAMMAR LASSO
method uses the kinship matrix to calculate the residuals of the phenotype after controlling
for covariates and family structure and then uses penalized regression to detect the gene
regions harboring rare causal variants. In the GLS-SKAT, the family-based data were
decorrelated by using a GLS transformation of phenotype, genotype, and covariates. An
advantage of these approaches is that the data only need to be decorrelated once, and
established methods for unrelated subjects can then be applied. This makes a seamless
interface for many recent methodological developments, most of which require
independence. A caveat of this type of approach is that decorrelation using the kinship
matrix may not completely remove dependence resulting from family structure, because
there could be residual correlations within families as a result of shared environmental
factors. In addition, these approaches may actually remove the genotype and phenotype
correlations that are of primary interest. More exploration to test this is needed.

Overall, the comparison between accounting for family structure and transmission-based
inference indicates a higher power when mixed-model and decorrelation approaches are
used to adjust for family structure. This is expected because sample sizes are larger when
founders can be incorporated directly, as in the adjustment approaches. However, as in the
population studies, adjustment for population stratification is still needed for
nontransmission-based approaches, which can be especially challenging with complex
pedigree structures and, in particular, rare variants. Nevertheless, a direct comparison across
different contributions is impossible with the differences in the data used, the manner of
handling multiple testing, the significance thresholds used, the definition of genes or gene
regions, and the comparability of the type | error rate for some approaches. These
difficulties are present even when differences appear minor, and this is evidenced by the two
contributions that found contradicting type | error rates with similar approaches.

Yang and Thomas [2014] proposed a two-stage approach in which a subset of subjects was
selected for SNP prioritization and the remaining “maximally unrelated” subjects were used
for the second-stage validation. Compared to a one-stage approach (QTDT),), Yang and
Thomas observed lower power in the second stage. This is not at all surprising, because in
the proposed two-stage approach only a small subset of the data was used. However, from a
design point of view, with the success of similar two-stage ideas in genome-wide association
studies [Schaid et al., 2013a; Skol et al., 2006], this approach could have potential, given the
current cost of whole-genome sequencing.
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From the analysis point of view this two-stage idea can also be useful. Several two-step
analysis strategies for the same data have been proposed[Millstein et al., 2006;Murcray et
al., 2009, 2011; Van Steen et al., 2005; Wason and Dudbridge, 2012; Zheng et al., 2007].
The advantage of the two-stage analysis is that, with an independent filtering stage, which is
usually based on a certain hypothesis, the signal-to-noise ratio can be increased and/or the
multiple testing penalty can be decreased [Wason and Dudbridge, 2012]. Built on a similar
idea of increasing the signal-to-noise ratio, Zhou et al. [2014] filtered the SNPs and gene
regions based on predicted biological functions of SNPs. They showed that the filtering
based on external functional and evolutionary data can prioritize the causal variants and
improve success for later analysis, although one might expect that the performance also
depends strongly on the relevance and accuracy of prior information. These filtering-based
strategies can be useful because the multiple-testing penalty can be tremendous for whole-
genome data, and previous investigations have indicated that gene-based inference of rare
variants can be sensitive to the signal-to-noise ratio in the region. The GAW18 simulated
data were based on eQTL analysis, so using this information to prioritize variants would
likely be the best scenario for this application.

Conceptually, the two classes of approaches examined by members of our working group
vary greatly (e.g., the random variables are different across approaches and the association
metrics are on different scales), and the implications of their differences are illuminated
somewhat by comparisons among our working group’s results. However, broader
comparisons will require more in-depth exploration using varied data structures (e.g.,
samples subject to population stratification). In addition, most contributions examined
methods within only one of these classes, making direct comparisons between classes
difficult. This is particularly challenging with different numbers of tests, distinct multiple-
testing corrections, and/or significance thresholds used and sometimes inconsistent type |
error rates across the contributions. In general, the two classes balance the robustness to
population stratification and computational complexity of the transmission-based
approaches with the simplicity and increased power (assuming no stratification or proper
adjustment) of the decorrelation approaches.
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Summary of contributions to the working group on family-based tests of association for rare variants using

simulated data

Contributor M ethods Phenotypes Genotypes Highlighted conclusions/results
Lietal. Linkage and multimarker FBAT SBP (first 10 Genes on all Type | error rate was well controlled in the
[2014b] simulations); chromosomes; combined P-values; power for MAP4
Q1 focused on MAP4 improved from 50% to 100%; power for
and FLNB FLNB improved from nothing to 40%.
Xu et al. Unweighted and weighted FBAT- ~ SBP baseline Genes on Weighted FBAT-RV outperformed
[2014] RV (200 chromosome 3; unweighted FBAT-RV consistently; both
simulations) sliding window of methods have inflated type I error.
100 kb regions over
chromosome 3
Zhou et al. Unweighted FBAT-RV; SBP,DBP at all Genes on Performances were evaluated at a nominal
[2014] multimarker FBAT; SKAT; three time chromosome 3; significant level of 0.05; type I error was
GCTA points (200 focused on MAP4 controlled; using filtered SNPs of MAP4
simulations); (common and rare), multimarker FBAT has
Q1 the best power (over 90%); using 142
unrelated individuals, SKAT and adapted
GCTA have better than 80% power to
detect MAP4.
Huang et al. Family-based SKAT SBP baseline 31 causal genes on Performances were evaluated at a nominal
[2014] (200 chromosome 3 significant level of 0.05; both the family-
simulations); based SKAT and the family-based burden
Q1 test were able to detect MAP4, and
performances were comparable for other
genes.
Ding et al. GRAMMAR LASSO SBP and DBP Genes on all MAP4 could be consistently discovered;
[2014] (first time chromosomes detection probability increased as more
point, 200 weight was placed toward the pure LASSO
simulations) penalty; false discovery rates were often
greater than 90%, although the gene-based
false-positive rates were reasonably
maintained.
Wang et al. Mixed-model FBAT SBP and DBP All the causal Power of the mixed model tended to be
[2014] (all three time variants and higher than the single time point FBAT.
points for randomly selected
mixed model; noncausal variants
first time point
for FBAT; 200
simulations)
Fardo et al. MGA, FBAT, FBAT-VS DBP and Q1 Causal variants MGA tended to have higher power than the
[2014] (first time (DBP); a subset of conventional FBAT; FBAT-VS approach,
point, 200 uncorrelated SNPs which is much less computationally
simulations) on chromosome 3 intensive than the MGA, had better
performance in terms of power compared
to the conventional FBAT but was less
powerful than MGA.
Lietal. GLS-SKAT; weighted FBAT-RV  SBP (firsttime  All the genes on GLS-SKAT is more powerful than
[2014a] point, 100 chromosome 3 weighted FBAT-RV.
simulations)
Yang and Two-stage SBP and DBP MAP4 gene region Two-stage approach is less powerful than
Thomas (first time the one-stage approach, which uses more
[2014] point, five data.
simulations)

DBP, diastolic blood pressure; FBAT, family-based association test; FBAT-RV, FBAT for rare variants; FBAT-VS, Van Steen’s FBAT [Van Steen
et al., 2005]; GCTA, genome-wide complex trait analysis; GLS-SKAT, generalized least-squares SKAT; GRAMMAR LASSO, genome-wide
rapid association using mixed model and regression least absolute shrinkage and selection operator; MGA, measured-genotype approach; SBP,
systolic blood pressure; SKAT, sequence kernel association test.
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