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Abstract

Rare genetic variants may be responsible for a significant amount of the uncharacterized genetic
risk underlying many diseases. An efficient approach to characterizing the disease burden of rare
variants may be to impute them into existing large datasets. It is well-known that the ability to
impute a rare variant is dependent both on the array choice and number of individuals in the
reference panel carrying that variant, though it is still unclear exactly how well imputation will
work for rare variants. We review here the additional challenges that arise when imputing rare
variants, looking at studies that have been able to impute rare variants, methods behind merging
reference panels, approaches for imputing rare variants, and methods for analyzing rare variants.
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Efficiently testing for missing GWAS heritability through rare variant
imputation

Genome-wide association studies (GWAS, see Glossary) genotype and test millions of
genetic variants across the entire genome for association with various traits. GWAS have
detected a large number of clearly replicated novel associations [1], with increasing numbers
of variants found as study sample sizes grow [2]. GWAS have done particularly well at
finding associations between common variants and traits, although the magnitude of
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associations have been much smaller than originally anticipated [3]. Genome-wide
significant findings from GWAS only explain a limited proportion of the genetic variance
(i.e., heritability) for many phenotypes [4,5]. This proportion is increased when considering
all variants typed or tagged by GWAS arrays, although substantial heritability remains
unexplained (i.e., the so-called “missing heritability”). Rare variants are one potential source
of this missing heritability [6-8], although due to their rarity they may contribute very little
to heritability individually. Note that in general, investigators refer to common variants as
those with minor allele frequency (MAF) greater than 5%, less common variants as those
with MAF between 1% and 5%, and rare variants as those with MAF less than 1%.

Next-generation sequencing is one approach to assaying rare variants. However, this
remains prohibitively expensive for studying large sample sizes, which may be necessary to
have sufficient statistical power for detecting rare variant associations. A much more
affordable option is to type study subjects using genotyping arrays designed to measure rare
variants. For example, recent GWAS arrays have been designed with increasingly rarer
variation in them, such as arrays utilizing 1000 Genomes Project content in design (e.g.,
[llumina Omni 2.5 and 5, http://www.illumina.org, and Affymetrix Axiom arrays [9,10]),
and Exome arrays of rare potentially functional content (e.g., utilizing all variants likely to
be real in the Exome Sequencing Project (http://esp.gs.washington.edu).

An even more efficient approach for studying rare variants is to impute them into existing
genome-wide data. Genotype imputation entails predicting genetic variants that have not
been directly assayed in study subjects by matching their measured haplotypes to haplotypes
from a reference panel genotyped at additional loci. That is, imputation uses complete
haplotype information from a reference panel to estimate missing genetic variants in one’s
study subjects. This approach began as a method to combine different GWAS arrays that
genotyped different sets of variants [11]. Nowadays, imputing GWAS arrays to reference
panels prior to undertaking association analyses has become a standard approach to increase
statistical power and improve signal resolution [12-14]. Imputation of rare variants by
leveraging information across haplotypes is becoming increasingly feasible, even when there
is low pairwise correlation between rare variants and neighboring alleles.

However, a number of challenges remain for imputing rare variants. The ability to impute
rare variants depends both on the GWAS array that was used and the number of reference
samples used for imputation [15,16]. We will first discuss choices of reference panels used
for imputation, and methods for creating a custom reference panel with additional sequence
data. We then present approaches for analyzing rare genetic variants arising from imputation
efforts. Finally, we examine several successful strategies and applications of rare variant
imputation, making note of how the imputation was done, in particular what reference
panels were used.

Overall process for imputing and analyzing rare variants

Figure 1 outlines the overall process for imputing and analyzing rare variants. The first step
is choosing or creating reference panels for imputation (Box 1). With earlier imputation
methods, selecting reference panels that closely matched the race/ethnicity of your sample
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was important. However, more recent methods are able to appropriately use ethnically
diverse imputation panels, which can in turn improve imputation, especially in admixed
populations, and for rare variants that may be more common in other ancestries [15].

Performing genotype imputation

After a reference panel has been decided upon or created, imputation proceeds in two steps
(Figure 1). First, the genome-wide array data is computationally pre-phased, as the
genotyping process only measures genotypes, not phase (i.e., the haplotypes). The term pre-
phasing came from imputation methodology where there was a process of phasing many
times for imputation, before results showed that phasing just once produced similar
accuracy, but for a fraction of the computational cost [17]. The current most popular pieces
of software for pre-phasing are Shapeit [17] and Hapi-ur [18].

After pre-phasing, the genotypes are imputed by matching haplotype segments from the
study's individuals to the reference haplotypes (which has been more densely genotyped,
e.g., sequenced). This is usually done in sliding windows of 5Mb or less across the genome,
with a small amount of overlap (e.g., 0.5Mb) to ensure enough of a buffer to identify the
haplotypes [19]. A simplified version of this approach is depicted in Figure 2; in practice
many more haplotypes are matched, resulting in a probabilistic outcome for each imputed
genotype. That is, there is usually some uncertainty from this process as to which genotype
an individual will have due to incomplete haplotype matching. To use the probabilities in
association analyses, a simple approach is to convert them into their best guess. But it is
generally better to take the uncertainty into account (discussed below). Current commonly
used software for this process includes Impute2 [15,19,20], Minimac [21], and Beagle [22].

Following imputation, the resulting common and rare variants can be tested for association
with the phenotype of interest. Individually testing the association between each variant and
the phenotype is the standard approach for GWAS. This approach works well if the variant
is sufficiently common and/or has a strong enough effect on the phenotype. However, due to
the uncommon nature of rare variants, analyzing them individually can result in imprecise
estimates of effect and low power to detect associations. To address this issue one can
aggregate the rare variants together for their analysis. There are a large number of different
rare variant methods that analyze together rare variants, for example, in a gene (or even
pathway), to increase the power to detect associations of multiple variants with phenotypes
(Box 2).

Imputed SNPs are analyzed in a similar manner as genotyped SNPs, but the best performing
association methods account for imputation uncertainties [23]. One can do this by
converting the imputed SNPs to probabilistic dosages. These are effectively the additive
coding of the SNP, i.e., the number of copies an allele carried by an individual), but also
incorporating the imputation uncertainty. The dosage is given by 2*Pr(genotype=AA) +
1*Pr(genotype=Aa) + 0*Pr(genotype=aa). So individuals with a dosage of 2 are extremely
confident they are genotype AA, with decreasing confidence for 1.9 and 1.8, down to 1.5,
where they are equally likely to be AA vs. Aa. This dosage can be analyzed using various
imputation output formats (or conversion utilities to convert them) with Plink [24], with a
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beta version 1.9 in development that supports even more formats [25]. The other most
popular software for dealing with imputed data, Snptest, can compute tests utilizing dosages,
as well as allows for a few other different tests, as described in [20].

If an association is found, there are two steps to ensure that the variant has imputed correctly
and the association is real. Follow-up genotyping on the variant, at least on a subset of your
individuals, can confirm if the variant imputed correctly. Ideally the correlation of the
imputed genotype and the actual genotype will have a correlation similar to the estimated r2
from imputation (e.g., the rinso? estimate) [26]. For rare variants, it may be very useful to
confirm the genotype by enriching the number of individuals who are imputed to have the
rare variant, though this may slightly invent inflate the true r? because of enrichment. We
recommend a rough power analysis to determine how many individuals to genotype.
Second, to confirm the association is real, the variant should be tested in an independent
cohort, if available.

Successful rare variant imputation: strategies and examples

A number of strategies exist for imputing rare variants. The most straightforward is to use a
single existing reference panel, such as the 1000 Genomes Project data. As increasing
amounts of sequence data become publicly available in centralized repositories, this is
becoming a common approach. As an example, Magi and colleagues used a total of 16,179
individuals with GWAS array genotypes from the Welcome Trust Case Control Consortium
(WTCCC) and imputed up to the 1000 Genomes Project Phase | data [27]. They found a
total of 5,383,228 rare variants imputed with ri,f,220.4, and 17.3% of these imputing very
well (rinfo220.8). Here, rinfo? is a quality control metric that estimates the correlation of the
imputed genotype to the true genotype [20]; often those rare variants with rj,s,2=0.3 are
analyzed, although this threshold is somewhat arbitrary. Using the measured and imputed
data, Magi et al. used a burden test approach (discussed below) and detected genome-wide
significant evidence of association between rare variants in the PRDM10 gene and coronary
artery disease, as well as rare variants in 10 genes in the MHC region and Type | diabetes
[16].

A second imputation strategy is a hybrid approach that combines an existing reference panel
(e.g., the 1000 Genomes Project data) with additional study-specific genotyping or
sequencing data. This approach allows one to obtain rare variants among individuals with
the particular phenotype of interest, which could be important if one expects such
individuals to be more likely to carry particular (e.g., causal) rare variants. An interesting
recent example of this approach, that highlights challenges with imputation, are studies of
the well-known HOXB13 G84E prostate cancer mutation [28,29]. This mutation has a MAF
of 0.0017 in the 1000 Genomes Project individuals of European ancestry (the mutation is of
European ancestry). A previous study reported that they were unable to impute the G84E
variant using large multi-panel imputation (described below) with a large custom reference
panel from 5,500 prostate cancer cases and 4,923 controls typed on their iCOGS array plus
GB84E, 677 cases typed on the Illumina Omni 2.5 array, and 1000 Genomes subjects [30].
However, another study found an ancestral haplotype containing the mutation [31],
suggesting that imputation might be possible. By using the hybrid imputation approach and
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combining 1000 Genomes Project data with an enriched set of prostate cancer cases who
carried the mutation, Hoffmann and colleagues were able to successfully impute the G84E
mutation into a large cohort with r2=0.57 (computed from a genotyped subset) [26]. Why
one study was able to impute this mutation while another was not reflects the difficulty in
imputing rare variants [16]. Possible explanations here include differences in the original
GWAS array [26] and the imputation approach used, as well as potential difficulty in
accurately estimating r2, which is less accurate for rare variants [14]. Note also that
Hoffmann et al. used the imputed data to test for a pleiotropic effect of the HOXB13
mutation across multiple different cancers [26]; this highlights the value of using imputation
of discovered risk variants into cohort studies to test for cross-phenotype effects.

A third imputation strategy is to only use custom genotyping or sequencing content. As an
example of this approach, Jonsson and colleagues used a custom reference panel of 1,795
whole-genome sequenced Icelanders to impute into 71,743 Icelanders with GWAS data a
very rare Alzheimer's disease risk variant (MAF 0.62% cases, 0.13% controls) [32]. Another
study used 2,630 whole-genome sequenced Icelanders to impute variants in 11,114 cases
and 267,140 controls in Danish and Iranian samples, and discovered four low frequency
variants associated with BMI and Type 2 diabetes, including one variant with MAF 0.20%
and 0.65% [33]. As another example, Auer and colleagues exome sequenced 761 African
Americans and used these data as a custom reference panel for imputing genetic variants in
over 13,000 African Americans; they were able to impute almost 200,000 rare variants well,
and identified lowfrequency coding variants (MAF 2%—-3%) that may affect blood cell-
associated loci [34]. Another group showed that imputing variants with MAF 0.005-0.05
was feasible by using data on 1,962 African Americans in the Women's Health Initiative
(WHI) cohort who were genotyped on both the Metabochip and Affymetrix 6.0 arrays, and
used this to impute genotypes on 6,459 WHI SNP Health Association Resource (SHARe)
study subjects who had only been genotyped on the Affymetrix 6.0 array [35]. Li and
colleagues showed that imputation performance with custom panels depends strongly on
reference panel size by sequencing the exons and flanking regions of over 14,000
individuals in 202 genes and imputing into GWAS data from Affymetrix 500k or 6.0, or
[1lumina 550k on 8,865 of those individuals [16].

While we have outlined three strategies above, one may also try multiple different strategies
or several applications of the same strategy. For example, one of the first successful
examples of imputing a rare variant detected an association between a variant with
MAF=0.0038 and sick sinus syndrome by repeating the imputation process for each of
multiple different reference panels (HapMap, 1000 Genomes Pilot, and a set of genotyped
samples) [36].

Future Challenges

There are many future challenges for imputing rare variants, summarized in Box 3. As
reference panels become larger, methods to analyze them must become more
computationally efficient. Alternative strategies to merge reference panels may be necessary
depending on the performance of current methods. In addition, individuals usually follow
very reasonable QC procedures, but the impact of these remains poorly understood. Rare
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variants, and in particular singletons, may even be excluded in QC procedures. In addition
different sequencing technologies and lower coverage depth may make it more difficult to
detect rare/low frequency variants. This may make merging of reference panels for
recovering rare variants very difficult. There are also challenges with analyzing rare
variants. Usually ancestry is controlled for in non-homogeneous populations by adjusting for
principal components [37] or through mixed model approaches [38]. However, it is not yet
known if this will be enough of an adjustment for rare variants, as they may be extremely
localized [39]. In addition, most methods of rare variants tests were proposed for gene-based
tests, which worked particularly well for exome sequenced and exome array genotyped
individuals. As many GWAS hits have been in noncoding regions, new methods for
studying non-genic regions may be useful.

Concluding remarks

Imputation provides a very cost-effective means for characterizing the genetic architecture
of rare variants, especially as much larger reference panels become available. We have given
various examples showing the successful imputation of rare variants from current best
imputation reference panels, from reference panels combining additional data with existing
reference datasets, and from using exclusively independent datasets. Sources for these
additional reference data include whole genome and exome sequencing, as well as exome
genotyping, or even very focused genotyping. As reference panels become much larger or
existing panels are merged together, it may no longer be necessary to create additional
reference samples from one's own data. While imputation will never be able to recover
private mutations, we expect that it will provide a means to use the increasingly large
amounts of available array data (e.g., the 100,000 individuals currently available from the
RPGEH project, dbGap phs000674.v1.p1, and the 500,000 individuals soon to be available
from the UK biobank, http://www.ukbiobank.ac.uk/) to help characterize rare genetic
variation, especially as recent work suggests discovering rare variants may require
extremely large sample sizes [40,41].
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Glossary Box

Genome-wide
association study
(GWAS)

Genotype imputation

Haplotype

Missing heritability

Private mutation
Phase

Rare variant

Single nucleotide
polymorphism (SNP)

Single nucleotide
variant (SNV)

a study testing for associations of genetic variants and disease
across the entire genome (e.g., SNPs, insertions, deletions, copy
number variants, etc.)

filling in missing genotypes that were not directly assayed by
matching haplotypes to a set of reference panel haplotypes with
genotypes at additional locations

a collection of specific alleles in a tightly-linked (correlated)
region of the genome; these are generally spatially close to each
other

term used to describe that studies have not yet explained a
substantial proportion of the genetic variance (i.e., heritability)
for many phenotypes.

A mutation that occurs in only one individual
determining what the two haplotypes are for a set of genotypes

generally a variant with frequency less than 1%. Often a SNP,
but can be insertions, deletions, etc..

a SNV with frequency greater than 1%

a genetic locus that contains a single nucleotide variation
amongst individuals in a population; usually used for frequency
less than 1%
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Box 1
Selection and development of Reference Panels
Existing and future reference panels

Imputation reference panels have advanced rapidly in the past decade. The first set of
samples used in such panels was the HapMap Phase I releases starting in 2006 [42],
followed by the Phase Il data in 2009 [43]. These were superceeded by the main releases
of the 1000 Genomes Project. The Project began with the Pilot release, which include 60
CEU, 60 CHB and JPT, and 60 YRI individuals [44]. This was followed by the Phase |
integrated release in 2012 of 1,092 individuals, combining low coverage (~4x) genome-
wide data with high-coverage exomesequence data (~20-60x%). In late 2014, the interim
Phase 111 dataset with 2,504 individuals was released, more than doubling the number of
rare variants (Table I). Since multiple individuals with a rare variant are needed to impute
it well, the progression of larger and more comprehensive reference panels has
substantially improved our ability to impute increasingly rarer genetic variants.

Sources of additional imputation reference panel information

There are various different sources for additional reference panel information. One is to
use a subset of your own study samples as a reference panel (Figure 1). These individuals
can be whole-genome or whole-exome sequenced for novel variants or to enrich
reference panels with population-specific variants. Individuals could also be genotyped
with custom or off-the shelf exome arrays, which may in addition include a GWAS
backbone of a few hundred thousand SNPs with relatively high genome-wide coverage.
Finally, individuals can be genotyped at a particular known locus to be used for
imputation (see comments about buffers to use below in the Merging reference panels
section). Note that when using your own samples to discover new rare variant content,
also using them in ones rare variant association analysis can be problematic [45].

Merging reference panels

The process of merging reference panels—either just existing datasets, or an existing
dataset, such as the 1000 Genomes Project, with ones own custom panel—is an area of
active research. Early work focused on the situation where one reference panel contains a
subset of the variants in another reference panel, and modeled them jointly (multi-panel
imputation) [28]. If one has additional reference panel data on study samples and existing
datasets, then it may be possible to re-call the genotypes of all of the sequenced datasets
together, or at least at the loci identified in each of the panels. Another approach
proposed in the newest Impute2 software (v2.3.2) is to combine reference panels by first
treating them as reference panels for each other, and imputing them into each other, using
the best guess allele for the haplotype [19]. The performance of this approach has not yet
been fully explored.

In addition to merging entire reference panels for genome-wide imputation, it can also be
useful to perform imputation on a more focused region. One might also want to follow up
known association regions from GWAS, and fine map them by attempting a more
thorough imputation process around a locus by using a custom more detailed and/or

Trends Genet. Author manuscript; available in PMC 2016 October 01.




1duosnue Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnuey Joyiny

Hoffmann and Witte

Page 11

ethnically diverse reference panel. A window of approximately 0.5Mb past both ends of
the region is probably sufficient to ensure enough of a buffer to identify haplotypes, but
the exact useful size may depend on the region. It may also be useful to rephase the final
reference panel if one is trying to impute a specific rare variant that was potentially not
phased well in one of the reference panel groups (e.g., if a private mutation exists only in
one of the groups).
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Box 2
Association analysis approaches

These methods make a range of different assumptions and the corresponding tests can be
categorized as burden, adaptive burden, variance components, and hybrid [46]. The
power of these methods varies considerably depending on how realistic are their
assumptions. Some tests sacrifice a small amount of power when all of the assumptions
are true, and behave much better in other situations. Burden tests collapse rare variants
into genetic scores for testing, and include the CAST [47] and CMC [48] methods. These
methods use a priori information for collapsing, such as if a variant alters the protein
coding, and if it is predicted to be damaging using information such as provided in
PolyPhen 2 [49], or MutationTaster [50]. They also assume that all rare variants have the
same direction of effect on the phenotype (e.g., are deleterious). They are powerful if the
assumptions are correct, and a large proportion of the variants are causal.

Adaptive burden tests use data-adaptive weights, thresholds, or the best of several
different weights and thresholds when computing risk scores [51-54]. They are more
robust than burden tests, but tend to be computationally intensive. Variance components
tests evaluate the variance of genetic effects, and perform particularly well when only a
small fraction of the variants are causal, and if there are both deleterious and beneficial
variants [55,56]. One of the more popular such tests for rare variants is the SKAT test
[55]. Finally, there are tests that try to combine the best of burden tests and variance
components tests, such as SKAT-O [57]. Several of these methods have their own pieces
of software and have implementations in R [58]; standalone packages that incorporate
multiple rare variant tests include Plinkseq (http://atgu.mgh.harvard.edu/plinkseq),
Epacts (http://genome.sph.umich.edu/wiki/EPACTS), Granvil (http://www.well.ox.ac.uk/
GRANVIL) [59], Rvtests (http://genome.sph.umich.edu/wiki/Rvtests), Score-Seq (http://
dlin.web.unc.edu/software/score-seq), and VAT (http://varianttools.sourceforge.net/
Association/HomePage) [60].

As an example of applying these rare variant tests, Zawistowski and colleagues were the
first to show that burden tests also work well with imputed dosages with their CMAT
test, and provided an example applied to Psoriasis finding a novel gene SKIVL, which
contained four less common variants that each trended towards significance but did not
alone explain the signal [61]. Magi and colleagues provide a second successful example
of this approach (discussed above in the successful rare variants examples) [27].
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1000 Genomes Project
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Figure 1. Rare variant imputation process

Other sequence
data...

Genotype imputation

Association analysis

\/

Match reference haplotypes
to genotyped haplotypes,

and fill in missing genotypes.

elmpute2
eMinimach
eBeagle

One-at-a-time for common
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Rare variant tests

eBurden

eAdaptive burden

eVariance component
eVariance component + burden

Validation

eGenotype subset, correlated
with imputed?
eReplicate in another dataset?

A flowchart describing the steps in imputing rare variants into genome-wide SNP datasets.
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TCCATTTTTCAC

e o o

Figure 2. Genotype imputation
Variants are imputed by matching up haplotypes from the sample to be analyzed to

haplotypes in a reference panel. Note that they are generally matched to more haplotypes
than shown; rare variants in particular can be limited by the sample size of the reference
sample, which indicates how many haplotypes can be used in the matching process. The
corresponding values are filled in probabilistically, that is, 1/3 T and 2/3 C for example for
the first loci of the second genotyped haplotype. One can convert this to a “best guess”

genotype, which, in the example described before, would be C.
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