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Abstract

With the advent of Next Generation Sequencing (NGS) technologies, whole genome and whole
exome DNA sequencing has become affordable for routine genetic studies. Coupled with
improved genotyping arrays and genotype imputation methodologies, it is increasingly feasible to
get rare genetic variant information in large datasets. Such datasets allow researchers to get a more
complete understanding of the genetic architecture of complex traits due to rare variants. We
review state-of-art statistical methods for the statistical genetics analysis of sequence-based
association, including efficient algorithms for association analysis in biobank-scale datasets, gene-
association tests, meta-analysis, fine mapping methods that integrate functional genomic dataset
and phenome wide association studies (PheWAS). We expect that these methods will be highly
useful for the next generation statistical genetics analysis in the era of precision medicine.
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INTRODUCTION

Over the last three decades, advances in DNA-sequencing have led to enormous progress in
the field of statistical genetics and genomics. The cost effective sequencing of the human
genome and exome (i.e. protein coding regions of the genome) has enabled large scale
genetic association studies, which have identified many genetic variations associated with
disease states, such as hypertension, heart attack, and early-onset Parkinson’s disease (Barth
& Tomaselli, 2016; Kathiresan et al., 2008; Klein & Westenberger, 2012), and other
continuous traits such as height (Lango Allen et al., 2010) and lipid levels (D. J. Liu et al.,
2017). Compared to common variants, rare genetic variants are more likely to be functional
(Fu et al., 2013), and hence can more easily lead to novel biological and clinical insights.
The identified genetic association has led to novel therapeutic targets such as the lipoprotein
pathway for lipid levels (Cohen, Boerwinkle, Mosley, & Hobbs, 2006; Tg et al., 2014; J. Wu
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et al., 2007). Despite the paramount successes, for most complex diseases, the known
mechanisms are rare, and a large portion of the heritability remain unexplained (“missing
heritability”). More in-depth genetic association analysis and functional experiments are
necessary to get a more complete understanding on the disease mechanisms.

There is great interest in the field to unveil the “missing heritability” that is attributable to
rare variants with minor allelic frequencies (MAF) of less than 1% (Ladouceur, Dastani,
Aulchenko, Greenwood, & Richards, 2012). The analysis of rare variants in large sample
sizes has been enabled by cost effective sequencing and genotyping technologies and
advanced genotype imputation methods. The cost of whole genome sequencing at 30x or
higher has fallen below the $1,000 barrier, while genotyping genome-wide single nucleotide
polymorphisms (SNPs) using arrays can be as low as ~$50. Coupled with advanced
genotype imputation algorithms (Das et al., 2016) and high-quality haplotype reference
panels (McCarthy et al., 2016), low frequency variants can be imputed with high accuracy.
For example, with the haplotype reference consortium panel, the average imputation quality
(as measured by R?) for low frequency variants with MAF of 0.1% can be as high as 80%
(McCarthy et al., 2016). It has now become feasible to collect comprehensive genetic
information from cohorts of hundreds of thousands or even millions of individuals.

Even with the large sample sizes, the power for detecting associations with rare variants may
still be limited, as each rare allele may still appear only a few times in a given dataset. Thus,
it is important to develop sophisticated data analysis methods, to aggregate multiple signals
in a gene region, prioritize likely causal variants over non-causal variants and enable the
efficient analysis in large datasets (Lee, Abecasis, Boehnke, & Lin, 2014). In addition, as
rare variants often arise more recently in history, and may be disproportionally stratified
within certain populations (Mathieson & McVean, 2012), refined techniques are necessary to
make sure that association analysis results are not spurious and influenced by the presence
of population structure or cryptic relatedness.

Here we review contemporary methods and tools for rare variant association analysis. The
goal of this review is to introduce techniques which efficiently perform the genetic
association analysis of rare variants, and aid in the functional interpretation of rare variant
association signals.

KEY CONCEPTS

Rare Variants

The definition of rare variant differs in various contexts. Typically, a rare variant is a genetic
variant with minor allele frequency (MAF) <1%. The term “low frequency” variants is often
used to refer to genetic variants with MAF between 1% and 5%.

Complex Disease

Complex disease is often defined in contrast to monogenic disorders, which are influenced
by one or a few genes. Complex diseases may be influenced by the effects of multiple genes,
often on the scale of hundreds or even thousands, in combination with lifestyles and
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environmental factors. Most common diseases are complex, which may also be called
multifactorial, or polygenic.

Biobanks and biorepositories contain phenotypic data, such as health records, lifestyle
variables, and mental health questionnaire data, often alongside genetic data (based upon
sequencing or genotyping) in a large sample of participants. Biobanks have been developed
based upon hospital patients or from the general population. Biobanks have also been
developed and curated for a variety of disorders including neuropsychiatric disorders and
cancer. These databases can be utilized to detect biomarkers for traits of interest, to prioritize
associated genetic variants, or to determine sub-phenotypes within a trait of interest.

General biobanks such as UK Biobank (Sudlow et al., 2015) ascertain behavioral and
medical phenotypes and genetic data from the general population. In addition, many
hospital-based biobanks have been developed by various countries and institutions, such as
the Vanderbilt BioVVU biobank (Roden et al., 2008), the Geisinger biobank (Carey et al.,
2016), etc.

Biobanks have also been developed to study specific diseases. For example, a group at Johns
Hopkins, The Bioinformoodics group, maintains several neuropsychiatric biobanks and
databases (Pirooznia et al., 2014). They have made available to researchers aggregate
findings from genetic studies of mood disorders, provides results from association,
expression, and linkage studies for hypothesis formation, clinical phenotypes of 5,000
individuals used in genetics studies of bipolar disorder, and gene annotation and
prioritization software based on neuronal signaling and synaptic pathways (Askland, Read,
& Moore, 2009; Fromer et al., 2014; Fukata & Fukata, 2017; Grover et al., 2007;
Henstridge, Pickett, & Spires-Jones, 2016; Pirooznia et al., 2012). The Early Detection
Research Network by the National Cancer Institute provides information and data regarding
potential biomarkers for many common types of cancer (Sokoll et al., 2010). This
information is also made available to researchers to further complement their findings, or to
provide researchers with ideas toward hypotheses to test in cancer research (Marks et al.,
2015; Williams et al., 2012).

Fine Mapping

Fine mapping refers to the statistical approaches used to narrow down the list of causal
variants from association analysis. Genome-wide association studies (GWAS) have been
widely used to identify disease-associated variants and loci for traits of interest. However,
these GWAS hits are often not causal (MacArthur et al., 2014). Some genetic variants in
close proximity may return as the most significant hits, but often are not causal. This is due
to variants in proximity to each other inheriting together, also known as linkage
Disequilibrium (LD). This manifests as variants in LD with the causal variants may also
have highly significant p-values. Through integrating functional genomic information, fine
mapping methods can identify functional categories that are most relevant for the diseases of
interest, and prioritize causal variants based upon both the strength of the association and the
importance of the their functional annotation (Schaid, Chen, & Larson, 2018b).
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STRATEGIC APPROACH

Genetic Association Test

The starting point for a statistical genetic analysis is to conduct an association analysis. To
analyze low frequency or rare variants, we often perform a combination of single variant and
gene-level association tests.

Single Variant Association Test

Statistical evaluation of the association between variants and a trait of interest has
traditionally been straightforward. Regression models are often applied to analyze common
variants by investigating variants individually and correcting for possible confounders in the
data, including genetic principal components, age, sex, etc. (Dudbridge & Gusnanto, 2008).
Many software packages can do single variant association analysis with ease, given the
standard input of genotypes [e.g. in BGEN format (Band & Marchini, 2018) or in VCF
format (Danecek et al., 2011)] and phenotypes [e.g. in PLINK PED (Purcell et al., 2007) file
format].

Gene-level Association Test

For low frequency variants, single variant association analysis usually is underpowered. One
alternative technique to analyze rare variants is to aggregate rare variants within individuals
and compare whether rare variants in a functional unit (e.g. a gene) are associated with a
trait of interest (B. Li, Liu, & Leal, 2013). Numerous methods and software packages have
been developed to conduct gene-level association test. But most popular among these
methods are the burden test (B. Li & Leal, 2008), variable threshold tests (Price et al., 2010),
and sequence kernel association tests (SKAT) (Lin & Tang, 2011; M. C. Wu et al., 2011).

The burden test aggregates all rare variants with MAF less than a pre-defined threshold (e.g.
0.01) in a gene region, then tests for association between a phenotype and the total number
of rare variants (B. Li & Leal, 2008; Madsen & Browning, 2009). This method implicitly
assumes all variants in the same gene have the same direction of effect. When this
assumption does not hold, the association signals of different variants may cancel out, and
lead to considerable loss of power. This issue can be mitigated by the careful choice of
potentially causal variants that will be included in the burden tests. One way to decide is to
investigate the allele frequency. The frequency can be a first approximation for functionality,
where lower frequency variants are more likely functional. In addition to allele frequencies,
selecting variants that modify protein coding can improve the likelihood of selecting casual
variants. For example, it has become a standard practice to analyze only nonsynonymous or
loss-of-function variants in gene-level association test to reduce noise and potentially
improve power. Variable threshold tests conduct burden tests under different MAF
thresholds, correcting for the multiple comparison with a “minimal p-value” approach and
can increase power over simple burden tests when causal variants are predominately rare.
Alternatively, the inverse of the variant MAFs can be used as weights, in order to upweight
potentially causal variant.
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On the other hand, mixed effects models, such as those used by sequence kernel association
test (SKAT) (M. C. Wu et al., 2011), investigate the distribution of the rare variants between
cases and controls. SKAT improves power with variants of opposite effects, but it may be

less powerful if the data has a large proportion of same-direction effects (B. Li et al., 2013).

To combine the strength of burden tests and SKAT, the SKAT-Optimal test (SKAT-O) (Lee
etal., 2012), a hybrid burden and SKAT technique, was developed for situations in which
both deleterious and protective variants are within the gene. SKAT-O can be robust against
the presence of causal variants with opposite effects and does not lose much power
compared to burden tests, when all causal variants in the gene region have unidirectional
effects.

In practice, genetic studies often employ a combination of multiple rare variant association
tests, such as simple burden tests or SKAT. As gene-level tests may well be driven by one
causal variant, their reporting is often focused on the genes that are distant from significant
single variant associations and driven by multiple rare variants that do not individually reach
genome-wide significance.

As the field moves from whole exome sequencing to whole genome sequencing, gene-level
association tests also evolve to region-based association tests, where the analysis unit needs
to be redefined. Previously, a protein coding gene could be a natural analysis unit, but for
whole genome sequencing, the most straightforward analysis unit may be a consecutive
block of variants (e.g. a sliding window (Natarajan et al., 2018)). For whole genome
analysis, the determination of causal variants can be more challenging, and new method
development will be warranted to make progress (see the section below for more
discussions).

Integrating Functional Genomic Data to Prioritize Rare Variants

A key step in genetic association analysis of rare variants is to distinguish causal variants
from non-causal ones. The presence of non-causal variants can be highly detrimental to the
power of detecting associations (B. Li & Leal, 2008; D. J. Liu & Leal, 2010). Through
integrating functional information, higher weights can be assigned to likely causal variants,
which can be an effective way to improve the power for gene-level association tests.

Despite the paramount importance of these issues, it is very challenging to determine
whether a given variant is functional or causal. To achieve this, the most widely used
approach uses variant allele frequency as a proxy. This is based on the idea that lower
frequency variants may have a selective disadvantage and remain at low frequency due to
purifying selection (Fu et al., 2013). Thus, using a weight that is inversely proportional to
the variant allele frequency can be a useful approach to prioritize causal variants (Madsen &
Browning, 2009).

Another appealing approach is to prioritize functional variants using integrative approaches
based upon functional genomic data. Machine learning techniques allow for an array of
techniques to be performed to classify variant functionality and the resulting variant
functionality scores can be used to weigh association results to improve power. For example,
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techniques such as CADD (Kircher et al., 2014), MetaLR (Dong et al., 2015), and REVEL
(loannidis et al., 2016), DVAR (H. Yang et al., 2018), LINSIGHT (Huang, Gulko, & Siepel,
2017), EIGEN (lonita-Laza, McCallum, Xu, & Buxbaum, 2016), GWAVA (Ritchie,
Dunham, Zeggini, & Flicek, 2014), have been developed to rank whether a variant is likely
to be deleterious or silent by utilizing an ensemble of techniques. The functionality score
from these software programs can be used in conjunction with rare variant association tests
to improve power. Among these variant functional annotations, some use supervised
machine learning, such as CADD, and others use unsupervised methods, such as DVAR and
EIGEN. Unlike coding variants, the function of the noncoding genome is largely unknown,
and the available noncoding risk variants for complex diseases are often biased towards
those with large effect sizes. This can make the training set unrepresentative of typical risk
variants (those likely to have weak effects) for complex diseases. Accordingly, unsupervised
approaches, such as DVAR and EIGEN, address this challenge without relying on pre-
selected disease-causing noncoding risk variants, and are expected to be more effective in
prioritizing weak effect variants for complex diseases.

Identifying causal variants in non-coding regions of the genome can be more difficult than in
exonic regions. Missense mutations within the exome can alter protein functionality by
prematurely terminating transcription or altering amino acid sequence. However, mutations
within the non-coding regions, can have significantly more subtle effects by modifying
promoter, enhancer, repressor, or binding regions for gene expression or modulating the
actions of long non-coding RNA (Kumar et al., 2013; F. Zhang & Lupski, 2015). Although
much progress has been made in the area, many regulatory domains remain unknown within
the genome. Nonetheless, researchers have developed some successful methods for
identifying potentially causal variants within non-coding regions of the DNA.

One major roadblock for using machine learning for rare variant analysis is that there is a
much larger number of genetic variants in the non-coding regions (Schubach, Re, Robinson,
& Valentini, 2017). This limits the size of training sets available for these techniques.
Methods such as hyperSMURF (Schubach et al., 2017), take this into account by utilizing
the synthetic minority oversampling technique (SMOTE) method to partition data from
unbalanced data sets (Chawla, Bowyer, Hall, & Kegelmeyer, 2002). This method works by
partitioning probable non-deleterious variants and simulating additional positive variants
within similar genomic attributes, allowing for a balanced dataset between non-deleterious
variants and potentially deleterious variants associated with a trait of interest (Schubach et
al., 2017).

Machine learning techniques have started to be used for complex rare variant analysis,
especially within the non-coding regions of the genome (Schubach et al., 2017). Future
improvements in these methods may allow for complex decision tree mapping for powerful
analyses of rare variant associations and integration of data information.

Genetic Association Test in Large Datasets

Modern genetic datasets have grown to an unprecedented scale, which often includes
hundreds of thousands, or even millions of individuals. These datasets quickly render GWAS
software packages obsolete that are not scalable up to biobank-scale data.
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A new generation of software packages (Table 1) were developed to analyze biobank-scale
data for genetic association analysis. The majority of the new software programs focused on
a couple of aspects.

First, large biobanks often contain subtle population structures and cryptic relatedness. For
example, about 1/3 of individuals in the UK Biobank dataset have 2" degree (or closer)
relatives in the dataset (Bycroft et al., 2017; P.-R. Loh, Kichaev, Gazal, Schoech, & Price,
2018). Linear mixed model-based methods are desired, as they can effectively control for
population structure and cryptic relatedness without the need to explicitly model those
confounders. In addition, linear mixed models can often improve power for the association
analysis. Through modeling the polygenic component of diseases, the model reduces the
variance of the association test statistics, and hence improve the non-centrality parameter
and power. It has been suggested that linear mixed models are the desirable approach to
analyze biobank-scale data and should be considered a default method of choice (J. Yang,
Zaitlen, Goddard, Visscher, & Price, 2014).

The linear mixed model-based methods differ by the algorithms to fit the null models,
including quadratic time and linear time algorithms.

Algorithms whose running time scales with the number of inputs squared (shown by the
equation: O(\¥) where Nis the sample size), are referred to quadratic time complexity
algorithms. For quadratic time algorithms, for example, the time to analyze 10,000 samples
will be 100 times longer than analyzing 1,000 samples. The quadratic algorithm can scale
well up to 50,000 individuals. Software packages implementing quadratic time algorithms
include EMMAX (Kang et al., 2010), GEMMA (X. Zhou & Stephens, 2012), fastLMM
(Lippert et al., 2011), RVTESTS (Zhan, Hu, Li, Abecasis, & Liu, 2016) etc. These methods
first calculate the genetic relationship matrix, which models the correlation of the random
effects in the linear mixed model. Then the methods factorize the kinship matrix, and rotate
the original genotype and phenotype data, so that the calculation of association statistic has
the same complexity as a linear regression model. For datasets with half a million or more
individuals, storing and factorizing the kinship matrix is extremely memory and time
intensive. These algorithms become infeasible for biobank-scale datasets.

More recently, linear time algorithms were adapted to fit linear mixed models. Instead of
calculating and storing kinship matrix, they work by repeatedly loading chunks of the
genotype matrix into the memory to save the memory for computing. To estimate the
variance components parameters, they use either a Monte Carlo approach (e.g. in BOLT-
LMM (P. R. Loh et al., 2015)) or method of moment approach (in RVTESTS (Zhan et al.,
2016)) to replace maximum likelihood or restricted maximum likelihood. Such methods
allow fitting linear mixed model to samples of half a million individuals, greatly facilitating
the use of biobank-scale datasets for genetic discoveries. Another bottleneck lies in the
evaluation of the variance of the score statistic. Exact calculation requires quadratic time
complexity. Approximations were proposed to lower this time complexity to linear (O(N2)),
thereby significantly improving the speed of the algorithms (Svishcheva, Axenovich,
Belonogova, van Duijn, & Aulchenko, 2012). Association statistics resulting from this
approximation are almost identical to the exact statistics.
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Gene-level association analysis techniques for biobank-scale datasets are also being
developed. Extending the linear time algorithm for calculating single variant association
statistics, researchers proposed efficient linear time algorithms for calculating covariance
matrices between score statistics. Generally, the approximate covariance can be computed
with time complexity O(wp>N), where pis the number of markers in a gene, Vis the sample
size, and wis the number of genes. This is a dramatic improvement over calculating the
exact covariance which has a quadratic time complexity with respect to the sample size
given by O(WpNz). In simulations, they showed that the gene-level association tests with the
approximate covariance matrix produced nearly identical results as the test that uses exact
covariance matrices, but with a much lower computation time. RVTESTS (Zhan et al., 2016)
implemented this approximation, substantially improving the computational efficiency.

Meta-Analysis

The identification of low frequency variants requires large sample sizes. One way to increase
the sample size is to aggregate association statistics from multiple studies. This technique,
known as meta-analysis, is often easier to implement as compared to pooling individual-
level data (mega-analysis), more protective to study participant privacy, and more robust
against potential heterogeneities between studies (D. J. Liu et al., 2014).

Meta-analysis is a well-established method, which is broadly applied in statistical genetics
with user friendly software packages, such as METAL (Willer, Li, & Abecasis, 2010) or
META (J. Z. Liu et al., 2010). Meta-analysis methods can be broadly classified into fixed
effects and random effects methods. Fixed effect methods assume that the genetic effects are
equal across studies. Standard approaches for fixed effect meta-analysis include inverse
variance weighted meta-analysis and weighted Z-score statistic method. When the fixed
effect is true and the genetic effect for a variant is constant across studies, inverse-variance
weighted meta-analysis is provably optimal, maximizing the non-centrality parameter for the
chi-square statistic under the alternative hypothesis. One potential limitation in the use of
inverse-variance weighted meta-analysis is that included studies must measure the
phenotype in the same unit (Willer et al., 2010). For example, lipid levels in some studies are
measured in milligrams per deciliter ( mg/dL ) for some studies and in millimoles per liter
(mmol/L ) for others. It is essential that the phenotype measurements in different studies are
harmonized before applying inverse variance weighted meta-analysis. The results can be
very different if this prerequisite is not satisfied. On the other hand, the method that weighs
the Z-score statistic by the square-root of the sample size is more robust against the potential
measurement heterogeneities. The weighted Z-score method is equivalent to the inverse
variance weighted score meta-analysis if the variance of the genetic effect estimates is
proportional to the inverse of the sample size — a scenario that holds when the allele
frequencies between participating studies are similar.

Currently, one appealing approach is to leverage the latest and largest reference panels to re-
impute participating studies and re-conduct genetic meta-analysis, to leverage the better
imputed low frequency variants and identify novel associations. For example, a recently
conducted meta-analysis using haplotype reference consortium panels imputed genotypes to
study the genetics of smoking and drinking addictions (Liu M, 2018). It was noted that a
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compromise between weighted Z-score statistic and inverse-variance weighted meta-analysis
achieves the optimal balance between robustness and statistical optimality (Liu M, 2018).
Specifically, assume that the z-score statistic from K participating studies are given by
Zk=1 ... K, the imputation quality for the K'studies (R ) are Ry,...,Rxand the allele

frequencies are Ay,...,Pk. We defined the weight for study kas w, = NkR]%pk(l - pk). The

z LKk
Z =
meta 1/2
kK

This new statistic is imputation quality aware (Zaitlen & Eskin, 2010), but can also
accommodate potential differences in the variant allele frequencies between studies. This
approach gives the best results among all fixed effects meta-analysis methods in the meta-
analyses that we conducted.

meta-analysis statistic is given by

In the statistical genetics field, several methods have been developed recently to conduct
meta-analysis for rare variant association tests, in particular the gene-level association tests,
such as the burden tests, (optimal) sequence kernel association tests, and variable threshold
tests. These methods are based upon a similar principle that constructs gene-level
association tests from single variant association statistics, and their variance-covariance
matrix between them (Lee et al., 2014; Lee, Teslovich, Boehnke, & Lin, 2013; D. J. Liu et
al., 2014; Tang & Lin, 2013, 2014, 2015). These methods also differ by the fixed and
random effects assumptions. The most widely used approach is fixed effect methods, but
random effects meta-analysis methods are also available and implemented.

As genetic research is shifting to include non-European populations, differing allelic
frequencies of variants and different mutations may lead to the identification of novel
associations. A few reasons may lead to the genetic effect heterogeneity between studies.
First, the SNP used in the association analysis may not be the causal variant. Due to the
potential linkage disequilibrium (LD) differences across populations, the SNP may have
differential LD with the causal variant in different studies, which lead to difference in the
measured genetic effect. Second, due to potential gene-by-environment interactions, the
marginal effect may differ due to different environmental exposures. Third, if the causal
variant is rare, it is likely population specific, which can also lead to the heterogeneity in the
genetic effects. Random effects assumption in a trans-ethnic meta-analysis can be very
useful. There has been growing emphasis on extending the genetic studies to non-European
populations. For example, the Trans-Omics Precision Medicine Sequencing program aims at
sequencing >100,000 individuals from diverse human populations (Group, 2015). Such
projects, when completed, would allow for the analysis of diverse populations to evaluate
reproducibility of results.

Trans-ethnic meta-analysis methods were developed to jointly analyze samples from distinct
ancestries. The underlying assumption for these methods is that for genetically closely
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related populations, genetic effects are similar and fixed effect meta-analysis can be used to
group genetically similar populations. For cohorts that are genetically dissimilar, the genetic
effects can be different and random effect meta-analysis can be used to group these
dissimilar populations. For single variant analysis, MANTRA (Morris, 2011) and Mr.
MEGA (Magi et al., 2017) have been state-of-the-art approaches and widely applied to study
a variety of complex human diseases including type Il diabetes (Mahajan et al., 2014). More
recently, the trans-ethnic meta-analysis has been extended to rare variant gene-level
association tests, which combines the use of fixed and random-effect meta-analyses
methods. Several methods were available with companion software packages, including
MASS (Tang & Lin, 2013) and metaSKAT (Lee et al., 2013).

Joint Analysis of Multiple Phenotypes

There is increasing interest in the field to extend beyond single variant and single trait
analysis and jointly study multiple traits. For traits with shared genetic basis, jointly
analyzing multiple phenotypes may increase the statistical power for detecting associations.

The multi-trait analysis of GWAS summary statistics (MTAG) method was designed to
improve the amount of variance explained as compared to the traditional GWAS statistics
(Turley et al., 2018). This technique analyzes multiple summary statistics from GWAS, thus
analyzing potentially overlapping samples (Turley et al., 2018). When utilizing multiple
GWAS datasets, this method can identify more associated loci than the individual tests
themselves. Additionally, numerous methods have been developed for jointly testing
multiple phenotypes and perform an omnibus test. Beside omnibus tests, Bayesian methods
have been developed to perform model comparison and dissect subset of associated
phenotypes in addition to perform omnibus tests (Stephens, 2013).

Phenome-Wide Association Analysis

Another new development in rare variant analysis is the phenome wide association study
(PheWAS). Traditionally, PheWAS was developed to follow up the phenotypic consequences
of a subset of genetic variants on a variety of phenotypes, e.g. the phenotypes derived from
electronic medical record (Denny et al., 2010). However, when the cost of sequencing and
genotyping continues to decrease, candidate gene studies have been replaced by genome-
wide association studies. PheWAS has started to systematically analyze the associations
between all genetic variants and all phenotypes.

PheWAS can be used in any phenotype-rich datasets such as UK Biobank (Sudlow et al.,
2015), or BioVU (Roden et al., 2008). Many of these analyses use medical codes such as
from the International Classification of Diseases 9™ Revision (ICD9) as phenotypic traits for
the analysis (Fritsche et al., 2018). Such techniques allow for the evaluation of variant-
associated phenomes such that DNA variants can be tested for association across medical
phenotypes (Cortes et al., 2017).

As PheWAS phenotypes are often derived from electronic medical records, power can be
improved by incorporating the hierarchal structures of ICD9 or ICD10 codes into the
analyses. A new method along this direction is TreeWAS(Cortes et al., 2017). This technique
utilizes the clustering of phenotypes by related ICD medical codes to employ a hierarchal
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“tree” of phenotypes for association with variants (Cortes et al., 2017). This technique
allows for a more powerful association analysis with EMR-based biobanks compared to
standard methods that ignore the tree structure in the billing codes.

Approaches have been developed to improve the efficiency of PheWAS computation within
large-scale databases, such as biobanks. Biobanks often contain extremely unbalanced
number of cases and controls, with a far greater number of controls compared to cases. Such
unbalanced samples can lead to inflated type I errors when the association statistics are
evaluated using a normal distribution. On the other hand, the calculation of p-values can be
improved via the use of saddle point approximation. The saddle point approximation is
much faster than the approach based upon Firth correction but can achieve comparable
performance for controlling the type I error for unbalanced case control studies. Software
packages such as SGA(Dey, Schmidt, Abecasis, & Lee, 2017) and SAIGE(W. Zhou et al.,
2018) implemented these methods for PheWAS based upon EMR data.

Fine Mapping Causal Variants

One immediate step following association analysis is to identify causal variant using fine
mapping. Fine mapping is an active area of research, where numerous methods have been
developed and utilized. Most of the approaches are based on a similar Bayesian framework,
where genetic variants in the same annotation category are assumed to have a similar genetic
effect distribution and similar likelihood of being causal. When jointly modeled with the
association statistics (such as the genetic effect size estimate, their standard deviation, etc.),
functional categories that are enriched with statistically significant associations will be
identified. Often posterior probability of association is calculated, which can be used to
prioritize causal variants over non-causal variants.

The statistical methods differ by the assumptions that they made. Given the large number of
genetic effects in a locus, earlier methods, such as fgwas (Pickrell, 2014) and PAINTOR
(Kichaev et al., 2014) often assume that each locus contains only one or a few causal
variants. This assumption can be overly restrictive for some loci with extensive allelic
heterogeneity, but allows the enumeration of all possible configurations of causal variants in
the locus and the calculation of the exact likelihood. Other methods, including RiVIERA
(Yue Li, Davila-Velderrain, & Kellis, 2017; Y. Li & Kellis, 2016) and FINEMAP (Benner et
al., 2016), instead make use of Markov Chain Monte Carlo methods to approximate the
exact likelihood, in order to make the computation feasible.

More recently, the development of fine mapping methods has been extended to combine
samples from multiple ancestries. Due to the differential LD patterns between studies, the
trans-ethnic fine mapping methods, such trans-ethnic PAINTOR (Kichaev & Pasaniuc,
2015), have the potential to further narrow down the list of causal variants. In addition,
methods have been developed to jointly fine map multiple correlated phenotypes in order to
further improve the resolution (H. Huang et al., 2017). As sequence data becomes available
for large multi-ethnic datasets, efforts have begun to integrate sequence and imputation-
based GWAS data for fine mapping. As sequence data and GWAS imputation-based data
measure slightly different variant sites, specialized statistical methods were developed to
perform joint analysis in the presence of missing data (Jiang et al., 2018). More detailed
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information on fine mapping was discussed in the comprehensive review by Schaid et al
(Schaid, Chen, & Larson, 2018a).

COMMENTARY

Application

The techniques discussed above are important tools which can assist researchers seeking to
analyze the association of rare genetic variants on phenotypes. When looking in the
literature, it is fairly common for researchers to utilize several of these techniques when
performing their research. Here, two examples are given in which multiple techniques
described above are utilized to research phenotypes of interest.

Researchers recently investigated genetic variants associated with smoking and drinking
traits, looking to identify and replicate rare variant associations (Brazel et al., 2018). They
first aggregated summary statistics from 16 individual studies and combined the data with
UK Biobank data for a meta-analysis, using linear mixed models to properly account for
relatedness (Brazel et al., 2018). Next, researchers conducted a genome-wide association
meta-analysis to identify loci in the genome significantly associated with the phenotypes.
Fine mapping was next performed to identify potentially causal variants within each loci
using fgwas (Pickrell, 2014) integrating functional data and a Bayesian method (Mahajan et
al., 2018) that is based upon association strength only. Additionally, gene-level association
tests were conducted using SKAT (M. C. Wu et al., 2011) and simple burden tests using rare
variants (Brazel et al., 2018), grouping variants with MAF<1%. These techniques allowed
the researchers to identify rare variants which accounted for between 11%-18% of the SNP
heritability of these phenotypes (Brazel et al., 2018).

Another research study investigating smoking phenotypes aimed to identify loci that
associate with one or more smoking or drinking phenotype and to implicate gene pathways
in conferring risk for these phenotypes (Liu M, 2018). They utilized data from a variety of
cohorts that were imputed using the Haplotype Consortium Reference Panel. Despite the
improved accuracy of imputing rare variants, there can be considerable heterogeneity in the
imputation R2 values between studies, so the researchers adopted an imputation-aware meta-
analysis. GWAS summary statistics were obtained using RVTESTS (Zhan et al., 2016),
where a linear mixed model was used to analyze the associations controlling for relatedness
and genetic architecture. The meta-analysis was performed using rareGWAMA (D. J. Liu et
al., 2014), and MTAG (Turley et al., 2018) was used to increase the power for locus
discovery. These researchers were able to identify 406 loci associated with multiple stages of
smoking, and determined neurotransmitter pathways that may affect susceptibility to
smoking (Liu M, 2018).

Future Development

Many techniques have been created within the last decade to analyze genotype association
data. Several of these techniques utilize an integration of other types of data in concert with
genetic data, allowing for a more powerful analysis of associations between genetics and
traits of interest. This enables the identification of rare variants of interest for disease states.
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Statistical association analyses will often be followed-up by fine mapping to determine if the
associated variant(s) is causal (using either an in silico approach or an experimental
approach), and if so, through which mechanisms it affects the trait of interest. Cell and
animal studies involving knockdown, knockout, silencing, and overexpression of genetic
variants can generate data on the effects of variants on cell viability, pathway functionality,
or phenotype development.

For the field at large, data continues to be gathered and aggregated into larger and better-
annotated databases. This further collection of RNA, proteomic, and medical data in tandem
with larger cohorts will greatly increase the power of association tests, refine the set of
potential causal variants, and aid in the development of polygenic risk scores. This increase
in data available within databases and biobanks will need to be thoroughly vetted through
quality control procedures, however, to ensure accuracy of the results within. With increased
power comes increased data volume and heightened computational demands for such
analysis, generating a need for more sophisticated analytical methods. The need for more
processing power may be at least partially overcome by cloud computing methods, which
allows researchers to reserve groups of computers for only the time and processing power
they need (Langmead & Nellore, 2018). Programs like SEQSpark (D. Zhang et al., 2017)
can allow for the analysis of rare variant associations in whole-genome data quickly and
efficiently in a highly parallel fashion. This allows for far quicker analysis of large genomic
datasets (D. Zhang et al., 2017).

Concluding remarks

Rare variant analysis is of particular interest currently in statistical genetics research, despite
the limitations imposed by their low allelic frequency. Increased sensitivity offered by
modern statistical analysis methods, large databanks, and heightened computational
resources have enabled more research into this field. Studies on such variants have already
led to key findings in personalized medicine (Birdwell et al., 2012; MacGregor et al., 2018;
Xu et al., 2011) and they hold great promise to further elucidate disease mechanisms. It is
imperative that statistical methods are selected carefully to analyze a given dataset to
minimize false positive discoveries. We expect that our results will provide a useful resource
for the design, analysis, and interpretation of next generation genetic studies.
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Software packages for Biobank-Scale Association Analysis. We compared the features of several widely used
software packages that can analyze biobank scale datasets for associations. We considered the input file format
supported, the type of phenotypes (binary or quantitative) they can analyze, the gene-level tests they can
perform, as well as whether they can handle samples with relatedness.

Software for
Biobank-
Scale Data BGENIE BOLT-LMM PLINK2 RVTESTS SAIGE
Analysis
”,‘:%‘r‘tm';t"e BGEN | BGEN/PLINK/dosage/VCF | BGEN/PLINK/dosage’VCF | BGEN/VCF/PLINK | BGEN/VCF/dosage
Single Variant Association Analysis
Quantitative Trait v v v v v
v (include v (include
. . correction for correction for
Binary trait v N X (only Wald test) unbalanced case/ unbalanced case/
control samples) control samples)
Gene-level Association Test
Simple burden;
SKAT and
Variable X X X v X
Threshold Test
Support for
Related
Individuals and X v X v v
Linear Mixed
Model Analysis
Generation of
Summary X X X v X
Statistics

Curr Protoc Hum Genet. Author manuscript; available in PMC 2020 April 01.




	Abstract
	INTRODUCTION
	KEY CONCEPTS
	Rare Variants
	Complex Disease
	Biobanks
	Fine Mapping

	STRATEGIC APPROACH
	Genetic Association Test
	Single Variant Association Test
	Gene-level Association Test
	Integrating Functional Genomic Data to Prioritize Rare Variants
	Genetic Association Test in Large Datasets
	Meta-Analysis
	Joint Analysis of Multiple Phenotypes
	Phenome-Wide Association Analysis
	Fine Mapping Causal Variants

	COMMENTARY
	Application
	Future Development
	Concluding remarks

	References
	Table 1:

