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Abstract
Genome-wide association studies (GWAS) are the most popular and widely conducted
experiments to understand the genetic architecture of common diseases. Though GWAS have
been successful in identifying many common genetic variants associated with common complex
diseases, these studies have some shortcomings in explaining genetic heritability (specifically the
broad-sense heritability). Thus, the genetic architecture of complex diseases can be further
understood by exploring dominance and interacting variance components along with additive
effects. Testing of common variants to understand genetic etiology of common diseases is
commonly referred to as Common Disease Common Variants (CDCV) hypothesis where it is
believed that many high frequency, or common genetic variants could have large effects on
common disease risk. Due to the low cost of sequencing and advancement in technology, a
plethora of sequencing data has also been generated which helps in identifying the low frequency
or rare genetic variants. Another alternative hypothesis, the Common Disease Rare Variant
(CDRV) hypothesis, suggests that low frequency (or rare) variants with high penetrance could
largely affect the susceptibility to common genetic diseases. Many pieces of evidence for CDCV
and CDRV hypotheses exist in the literature. Thus, both common and rare variant association
studies (GWAS and Rare Variant Association Studies or RVAS) have shown importance in
understanding missing heritability. To no surprise, it is likely that missing genotypic variance
components can be explained by studying common and rare variants together and by integrating
both additive and non-additive effects. The aims described in this thesis, address some of the
challenges associated with additive and non-additive effect detection in common and rare genetic
variants to apply them to dissect the heritability for a disease trait –steps towards uncovering the
mystery of heritability.
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Introduction
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A plethora of genetic association analyses have identified several genetic risk loci.
Technological and statistical advancements have now led to the identification of not only common
genetic variants, but also low-frequency variants, structural variants, and environmental factors, as
well as multi-omics variations that affect the phenotypic variance of complex traits in a population,
thus referred to as complex trait architecture. The concept of heritability, or the proportion of
phenotypic variance due to genetic inheritance, has been studied for several decades, but its
application is mainly in addressing the narrow sense heritability (or additive genetic component)
from Genome-Wide Association Studies (GWAS). In this commentary, we reflect on our
perspective on the complexity of understanding heritability for human traits in comparison to model
organisms, highlighting another round of clues beyond GWAS and an alternative approach,
investigating these clues comprehensively to help in elucidating the genetic architecture of complex
traits.

Complex diseases and the concept of heritability

Elucidating the genetic underpinnings of diseases that occur frequently in the population,
such as obesity, type 2 diabetes, hypertension, and cancer, are essential research foci among
researchers in the human genetics community. The underlying genetic etiologies behind these
common human traits are inherently complex due to the effects of multiple genes on the phenotype
in comparison to diseases such as cystic fibrosis which follow a Mendelian pattern of inheritance1.
Remarkably, genetic association studies have been shown to be successful over the past two
decades in identifying genetic variants associated with common, complex traits. For example, the
first successful Genome-Wide Association Studies (GWAS) identified moderate effect size
variants such as CFH for age-related macular degeneration (odds ratio 1.25–20.28)2–4, while rare
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variant association studies have identified multiple rare variants in ANGPTL4 associated with
Coronary Artery Disease (odds ratio 0.32–0.81)5. Discovery of many such associations has also
impacted the field of pharmacogenomics where variants from these association studies have
resulted in drug development and repositioning strategies6,7.
GWAS are mainly performed using retrospective study designs from sample populations
collected from either academic medical centers/healthcare provider organizations (examples
include eMERGE Network, MyCode Community Health Initiative, and BioVU among others)8–10
or population-based, epidemiological study designs (NHANES, GIANT, CHARGE, etc.)11–13.
Despite the success of association analyses among heritable complex diseases, a small
proportion of phenotypic variance has been explained14–16. Many factors contribute to the
unexplained proportion of variance. In most studies, environmental factors and longitudinal effects
on the population remain underutilized merely due to unavailability resulting from the strenuous
task of collecting these measures17,18. Alongside, contributions of additional factors such as
structural variations, epistasis, mitochondrial-nuclear interactions and environmental factors have
been proposed as alternative hypotheses for understanding the genetic architecture of complex
traits. Comprehensive conventional approaches for validating these hypotheses in model organisms
have also shown great success in studying similar phenotypes

19–23

. A myriad of approaches are

applied for testing the effects of genetic associations in model organisms such as yeast, flies, and
mice24–28. These model organisms possess human orthologous genes as well as phenotypes that can
be directly correlated with human phenotypes29,30. Test of associations in model organisms has
helped us in many ways, but the gap between validation of all possible genetic associations and the
limited number that have been achieved lies in the potential genetic and phenotypic overlap
between humans and model systems. Phenotypic stability among model organisms results in
straightforward phenotypic changes due to the low effects of external factors, such as environment,
which occasionally makes the concept of missing heritability in humans seem delusional31.
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Validation of associations in model organisms are usually evaluated as quantitative traits but that
is not true for all human phenotypes and likewise not all human genes have model organism gene
orthologs. Another difference between humans and model organisms lies in the complexity and
heterogeneity on both the phenotype and genotype side in humans, whereas model organisms are
much simpler. The human genome has much more complex linkage disequilibrium and population
diversity than model organisms. In addition, in model organisms, the environment and phenotypes
are well controlled in laboratory testing. These differences are depicted in Figure 1-1 below.

Figure 1-1. Human and Model Organisms
Differences among genotypic and phenotypic complexity in humans and model organisms. The
intersection represents orthologous genes (yellow section) and phenotypes (green section).
Heritability of a disease trait refers to the proportion of variance that can be explained by
genetic factors. Estimation of heritability is usually done by observing patterns of inheritance
among samples either in family based studies or in population based studies. In family based
studies, patterns among a pedigree of family members or among monozygotic and dizygotic twins
are estimated. In these studies, environmental factors are assumed to be constant. Whereas in
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population based studies, patterns of inheritance among the population are observed in nonstationery environmental conditions. In this introductory chapter, we will highlight studies aimed
towards understanding the heritability of complex traits in the realm of sifting through the stack of
clues to uncover the mystery of complex trait genetic architecture. We will also emphasize the
validation of association analyses from model organisms where available and challenges in
interpreting these validated associations.

Clues to elucidating the underlying genetic architecture of complex traits

Association studies are founded on the bedrock of the concept of heritability. Significant
challenges for association studies arise in the realm of answering following fundamental questions:

1. How much more of heritability do we explain by exploiting genetic variations in population
based studies?
2. How much of the phenotypic variance is additive (i.e., the combinatorial effect of all
variations)? This is referred to as narrow sense heritability.
3. How much of variance cannot be explained merely by estimating only narrow-sense
heritability?

Answers to these questions vary from one phenotype to another phenotype. For example,
a trait such as height is highly heritable (>90% h2FAM (family based estimate of heritability) 32;
offspring resemble their parents) and association studies have shown that the majority of height
heritability can be explained by the additive variance components of common variations h2SNP
(SNP-based estimate of heritability), whereas complex traits such as obesity, type 2 diabetes, and
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neurological disorders among others are also estimated to be highly heritable (h2FAM 47–90%, 20–
80%, and 37–81%, respectively)33,34. However, association studies using common variants have
only explained 27%, 10%, and 21–28% proportion of variance for these traits, respectively33,35,36.
Considering the predominant explanation for height is through additive genetic variance, GWAS
studies have also explained a substantial amount of the genomic heritability for some other traits
such as body mass index (BMI), where over 50% of the heritability estimated by family and twin
studies has been explained. The same does not stand true for many other binary phenotypes, such
as type 2 diabetes, Crohn’s disease, Alzheimer’s disease, etc. There are many clues that may
contribute towards the unexplained heritability of these types of complex traits37–39 which include
effects due to: (1) rare variations; (2) structural variations; and (3) gene–gene or gene–environment
interactions effects among others. Exploring multi-omics data in many studies has also gotten us a
bit closer to uncovering the mystery of complex trait architecture40. That said, it is still proven
difficult to predict which genomic components/elements will be essential for each different
complex phenotypic trait. How can we know which elements are responsible for the underlying
genetic architecture of each unique trait? To uncover the heritability of common, complex traits, it
seems as though most or all these components are playing a different “Game of Clue” in explaining
the proportion of phenotypic variance as attributable to genetic/genomic variations. In the following
section, we propose our model for understanding this mystery of complex trait architecture by
putting the genomic elements contributing to the different effects in the context of “suspects”, types
of statistical analysis methods in the context of “weapons”, and which tissue these elements are
being tested/evaluated in the context of “rooms” to compare it to the Hasbro board game “Clue:
The Classic Mystery Game” (Hasbro, Pawtucket, RI, USA). In this classic board game, the goal is
to identify who committed a crime, with what weapon the crime was committed, and where the
crime took place. A similar analogy has been used in the area of genome sequencing to solve the
medical mystery of a drug resistant bacterial spread41. This analogy has also been used to describe
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the mystery of missing heritability42; we expand upon this idea in this review. We describe this
analogy further in Figure 1-2. We propose that each common, complex trait should be studied in
the same manner that a game of “Clue” would be played. Here, the “crime” is the complex trait
risk. In each new round, there is no a-priori hypothesis about who the suspect would be and there
is no preconceived notion of the weapon or the room. Also, it is likely that the genetic etiology of
a complex trait is amalgamation of many game of “clue” (for example, elucidating the etiology of
Alzheimer’s diseases is not dependent on just one model, rather is a combination of variants that
damage endocytosis in microglial cells, variants that alter lipid metabolism in liver, variants that
alter protein trafficking in the brain, etc.). Similarly, in other studies of complex traits, we can
expect different genomic and environmental elements to be responsible for disease risk, based on
different underlying models, functioning in different tissues. We should not assume that all
complex traits will follow a polygenic, additive model simply because height demonstrates this
type of model. Other traits may be due to different types of effects, in alternative models, and in
different tissues. We discuss all of these components in detail in the following sections.

Figure 1-2. “Clues” to the mystery of heritability
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Unriddling undercover heritability. A depiction of the mystery of heritability in the context of the
“Game of Clue.” Here tools and methods to understand heritability are shown as weapons,
suspects are genomic elements contributing to heritability, and tissues that are impacted are
represented as rooms on the “Clue” game board. The size of rooms does not correspond to
importance. This figure is adapted from https://en.wikipedia.org/wiki/Cluedo.

Suspects/Who did it? Considering different types of Omics and Environmental Variability
as the Suspects in the Crime (Influencing Disease Risk)

Common Variants

Over the past decade, studies to correlate common genetic variations with phenotypic
effects have become a standard part of genetic association studies. Among the most popular
tools/weapons for investigating common variants are GWAS where single nucleotide
polymorphisms (SNPs) obtained via genotyping chips and/or imputed data are tested for
association with a phenotype of interest. GWAS have identified over 50 K SNP-trait associations43–
45

. GWAS studies are based on patterns of linkage disequilibrium (LD) and assume that tag SNPs

in LD with causal SNPs could help in increasing our understanding of complex traits. Analyses of
common variants (SNPs) in common diseases follows the common-variant-common-disease
(CDCV) hypothesis, which suggests that a combination of common loci could be responsible for
common diseases46,47. GWAS have been successful in identifying tag SNPs for complex disorders
such as Crohn's disease,48, obesity 49, type 2 diabetes (T2D)50 , multiple sclerosis51, age-related
macular degeneration (AMD)4 and breast cancer52 among many others. Many associations
identified by GWAS have been validated in model organisms and have also shown pharmacological
implications. For example, GWAS have identified variations in the FTO gene to be associated with
obesity and studies in mouse models also suggest a lean body type when these genetic variations
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are present53. Orthologous phenotypes for metabolic traits such as obesity and T2D are easily
captured in model organisms whereas other complex human diseases such as AMD, which is
comprised of many factors, are difficult to recapitulate exactly in model organisms54. Despite this
difficulty, mouse models have suggested an important role of GWAS-identified variants in CFH
with AMD progression and pharmacological progress has been made regarding the design of a drug
targeting CFH for AMD patients6.
Biological processes are complex, and they arise due to the integration of many genes that
interact in a pathway to complete a cellular process. Thus, exploiting the interactive effects of
common variants is a natural extension in elucidating the complexity of common diseases.
Analyses of the non-linear genetic effects of common variants are referred to as epistasis19,38,55,56.
Non-additive genetic effects can be obtained via statistical methods that may not necessarily
correspond to biological epistasis57. While additive effects can only explain narrow-sense
heritability, exploring dominance and interacting effects could potentially get us closer to the
estimated heritability, thus getting one step closer to uncovering the underlying heritability.
Significant evidence of epistasis has been demonstrated in model organisms such as Drosophila
melanogaster and Saccharomyces cerevisiae58–61, but the role and validation of epistasis for most
(but not all) complex human diseases are still hidden due to numerous challenges in discovery and
replication of epistatic effects. These challenges are out of the scope of this review but have been
discussed previously by many14,37,62. We hypothesize that for some complex traits, common
variants will act through additive models; where other common variants will act through dominant
and epistatic models. We should allow the common variant data to be explored under each of these
scenarios to maximize our ability to identify common variants associated with complex traits.
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Rare Variants

Genetic variants that are less frequent in the population could have potentially large effects
on complex diseases, as illustrated in common-disease-rare-variant (CDRV) hypothesis. The
CDRV model is not captured by common variant GWAS designs47. Analyzing the single effects of
each rare variant is not statistically powerful due to the number of samples sequenced in rare variant
association studies (RVAS)63,64 and the rarity of the genetic variants. Thus, collapsing variants into
a gene, pathway, or other variant-set to test the association of the contributions of multiple rare
variants in collapsed regions on the phenotype of interest is the most popular method. Many
analysis tools have been developed for these analyses such as BioBin65, Sequence Kernel
Association Test (SKAT)66 , Variant Association Tools67, and RVTESTS68. Several genes
containing rare variants have been identified with moderate to high effects on complex traits such
as the association of low-frequency variants in IFIH1 with type 2 diabetes69 and the association of
gain and loss of function (LOF) rare variants in PCSK9 with low density lipoproteins (LDL)
levels7,70. The role of PCSK9 in designing lipid-lowering medications has been implicated in mouse
model testing71,72. Large-scale studies of multiple rare variants are still in their infancy. However,
we expect to see an emergence of rare variant association analyses in the coming years. As these
studies emerge, we will develop a better understanding of the role of rare variants in the architecture
of common, complex traits.

Structural Variations

Single nucleotide variants (SNVs) as explained in the previous two sections are of great
importance in understanding the link between genotype and phenotypes, but large structural
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variations such as insertions, deletions, translocations, and inversions73 also play a major role in
affecting complex diseases and traits. It has been shown that the human genome consists of multiple
recurrent sections of insertions and deletions74,75. These variations are rather rare in the population
occurring at a frequency of less than 0.05%76. Among structural variations are copy number
variations (CNV) which refers to large variations that span across one or multiple genes. Given the
inherent complexity of genotype and phenotype, it is easy to believe that these large variations
which span through many genes could influence a large variety of pathways underlying complex
diseases77. Since CNV frequency and distribution varies to a large extent in even closely related
samples, in population-based studies, a measure of the burden of CNV is sometimes used to
associate with diseases and traits. Evidence of association of CNV burden has been shown for
neurological and behavioral traits such as Autism Spectrum Disorders78. We expect that the
evidence for the role of structural variation in complex traits will continue to emerge as the
resolution and sensitivity of our molecular technologies continue to improve for structural variant
detection.

Environmental factors

The broad sense heritability (H2) of complex diseases can be estimated from both genetic
and environmental factors. Heterogeneity in association results could be due to the effects of
phenotype interactions with exposure or the interaction of genotypes with exposure. Thus, studying
the effect of environment is crucial in understanding biological pathways and mechanisms behind
complex traits. Studying the effects of environmental exposures on phenotypes is referred to as
environment-wide association study (EWAS)79,80 and the study of the effects of genetic variants in
the context of the environment is performed through gene–environment interaction studies81–83.
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Environmental exposures vary across a population-based study to a large extent and thus pose
several challenges to gene–environment studies. A comprehensive collection of complex heritable
measures is required. Several studies by Patel et al. 79,84 have identified disease-associated exposure
factors such as pesticides with type 2 diabetes and effects of heavy metals with serum lipids among
others. The effect sizes of the exposures on phenotypes are quite high (odds ratios range from 2–
4). Thus, many efforts to measure the exposome are in place to obtain standard global
environmental variables on study populations85. We hypothesize that gene–environment
interactions will explain a great deal of undercover heritability.

Gene Expression

Specific regions of the genome consist of genetic variations that lead to highly heritable
variability of gene expression86. These regions are known as expression quantitative trait loci
(eQTL). The effects of eQTLs on the expression of genes are highly tissue dependent. Thus, testing
the effect of eQTLs on diseases or traits is also important because these could be in LD with causal
variants that affect the expression of genes. Heritability of gene expression is mediated due to the
presence of specific variants (such as eQTLs as explained above). Studies by Moffat et al.87 and
Zhu et al.88 have identified eQTL signals associated with several complex traits. Even though gene
expression as measured by next generation sequencing technologies might not directly explain
heritability, it is an important suspect to investigate in elucidating the genetic architecture of
complex traits to observe how gene expression influences disease risk (hence the crime in
investigation). Various methods to test the effects of gene expression on diseases exist, such as
Summary based Mendelian Randomization (SMR), PrediXcan, MetaXcan, and CAVIAR (Causal
Variant Identification in Associated Regions)40,88–90 .
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Gene expression data have also been utilized in multi-omics integrative approaches. For
example, LaCriox et al.91 proposed a pyramid approach to test for the effect of SNPs and gene
expression on the disease. Kim et al.92 utilized gene expression data from The Cancer Genome
Atlas (TCGA) to predict integrative non-linear effects of SNPs, gene expression, and methylation
data on complex cancer phenotypes via an artificial neural network based approach (ATHENA)93.
Another popular approach to leverage gene expression data to identify how gene
expression mediates the effect of genetic variants on diseases and trait is Transcriptome Wide
Association Study (TWAS). Gusev et al.94 showed the efficiency of TWAS in identifying genes
associated with anthropometric traits. TWAS methods are still in their early stages. Two types of
methods have been suggested in this category: Summary Based Mendelian Randomization
(TWAS-SMR) and imputation of the cis-genetic component using SNP information TWAS multiSNP prediction (TWAS-MP) (e.g., PrediXcan). It is not surprising that gene expression affects
disease, but TWAS methods do require more thorough testing to understand the suitability to use
these methods to understand various genetic architectures and how these analyses can be validated
in model organisms.

Protein/Metabolites

The genetic underpinning of disease phenotypes can be better understood better if we can
pinpoint the agitations in normal cellular functions that lead to the disease process. The approaches
as mentioned above to identify how DNA variations predispose individuals to disease are
important, but they do not get us very close to identifying the underlying mechanisms affecting the
phenotype unless the specific causal variants are tested. Amino acid changes can lead to the
disruptions of proteins in biological pathways. Testing for the effect of protein variability on human
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diseases could have potential implications for identifying drug targets, susceptibility to diseases,
and also in developing preventive care measures. The effect of proteins can be tested in many
different ways: analyzing the effect of protein–protein interactions, the impact of protein
complexes, and the effect of metabolites. The field of study to link proteins and their functions to
diseases is referred to as proteomics. Biomarkers identified by proteomics are used in developing
diagnostic measures for early detection of various types of cancers such as prostate cancer95,96, as
well as monitor progression of ovarian cancer97,98. Information on proteins such as metabolites can
also be used as filters for pinpointing the underlying etiologies for complex traits. For example,
Lee et al.99 hypothesized that testing the effect of metabolites on metabolic disorders would yield
important insights. They utilized a network-based approach to identify connections among multiple
metabolic disorders based on circulating metabolites. The protein–protein interactions database is
a resource consisting of information on biological interactions among proteins. Sun et al.100 filtered
CNVs to identify epistatic effects among CNVs that mapped to proteins based on the protein–
protein interactions database and evaluated the impact of CNV-CNV interactions on the expression
of genes.

Epigenome

Germline genetic variations in DNA of an individual do not change significantly during
the life course, but the changes in DNA such as methylation and histone modification do
change101,102. Many factors influence the change in the conformation of DNA that could affect
underlying cellular mechanisms. Thus, it is also impactful to understand how epigenetic factors
influence the disease risk by investigating differences in epigenomes of carriers and non-carriers
of diseases. Analysis of the epigenome is mostly studied in the field of cancer genomics to see how
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these epigenetic factors differ in the cancerous vs. normal tissue103,104. Epigenetic changes observed
in model organisms can attribute similar biological behaviors in humans because of similar genes
in conserved pathways105. Thus, the epigenetic analysis is relevant and likely fruitful in model
organisms. Model organisms such as yeast and fruit flies, among others, are used to study
epigenetic changes such as chromatin structure, DNA methylation, RNA interference (RNAi)
pathways, histone modifications106–110.

What is the weapon of choice? Which type of underlying modeling can elucidate the
significant risk factors for complex disease?

In the previous section, we introduced the lineup suspects (or “WHO?”) in the still
uncovered mystery of complex trait architecture. These suspects are responsible for influencing
disease risk. Another important aspect is to identify which weapons (or “HOW?” the independent
variables are modeled) can be used for studying the behaviors of suspects discussed above.
Weapons here refer to the tools that can be used by researchers in identifying underlying biological
mechanisms. Multiple analysis tools exist in the literature to focus on one or more factors that can
contribute towards the susceptibility of complex traits. These weapons or modeling tools are listed
in Table 1-1. Some of these tools have already been described in previous sections as a means of
understanding the methods used to test or evaluate each suspect's behavior.
A key conclusion from analyzing all of these weapons is that there is likely no one single
weapon that can investigate all variations (“omics”) together simultaneously. Meta-dimensional
approaches aim to explore not only genomic features but also proteomic and epigenetic features by
integrating the effects of all variations in ingenious ways93,111. However, even those approaches
cannot be used in isolation, and other methods should be explored to improve our understanding of
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complex trait architecture. There are obvious strengths and caveats to using each of these
approaches which are out of scope of this review to highlight. However, we recommend that, when
exploring a new complex disease or trait, multiple suspects are considered along with multiple
weapons (or analysis tools) to evaluate the trait of interest thoroughly. It is crucial to evaluate
multiple possible analysis strategies for the study of each unique disease or trait.
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Table 1-1: A brief list of weapons (models/tools) available to identify genome-phenome
associations to uncover heritability. Many of the tools are compiled from ‘Omic Tools resource
(https://omictools.com/).
Weapon

Suspects
Common variations
Common variations
Common variations
Common variations
Common and Rare Variations
Common and Rare Variations
Structural Variations
Structural Variations
Structural Variations
Structural Variations
SNPs and Structural Variations
Common and Rare Variations
Common and Rare Variations
Rare Variations
Common variations
Rare Variations
Common variations
Common variations
Common variations
Common variations
Common variations
SNPs and Structural Variations
Common variations
Common variations
Common variations
Common variations
Common Variants and Phenotypes

Tool Name
PLINK
PLATO
QCTool
GenAbel
BOLT-LMM
FAST-LMM
CNVTools
PennCNV
CKAT
ParseCNV
CNVassoc
RVTests
PLINK/SEQ
EPACTS
MAGMA
EMMAX
MDR
AntEpiSeeker
MultiSURF
BOOST
PLATO
CNVassoc
SNPTEST
TS-GSIS
SNPAssociation
PLINK
CAPE

Reference
3]112
4]113
5]114
6]115
7]116
8]117
9]118
0]119
1]120
2]121
3]122
4]123
5]124
6]125
7]126
8]127
9]128
0]129
1]130
2]131
4]113
3]122
3]132
4]133
5]134
3]112
6]135

Gene-Environment
Interactions
Model

Common variations and Environment

PLATO

4]113

Detecting
Heterogeneity

Genetic variations and Phenotypes
Gene Expression and Phenotype
Gene Expression and Phenotype
Phenotype
Genetic and phenotypic
Genetic Heterogeneity
Genetic variations and Phenotypes

JBASE
SMR
FAST-LMM-EWASher
LiCHe
BUHMBOX
ForestPMPlot
NetDx

7]136
8]137
9]138
0]139
1]140
2]141
3]142

Additive
Model

Gene–
Gene Interactions
Model
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Network
based approaches

Pathway
analyses
Meta-dimensional
modelling
Genebased analyses

Feature Selection/
Prioritization
Causal
Variant
Determination

Genetic Heterogeneity
SNPs, Phenotypes and Gene Expression
Common variations
Gene Expression and Phenotype
Common variations
All genetic variations
Common variations
Genes
Genes
Common variations
Common variations
Multi-Omic Datasets
Multi-Omic Datasets
Multi-Omic Datasets
All genetic variations
Common and Rare Variations
Rare Variations

4]143
5]144
6]145
7]146
8]147
[149]
0]149
1]150
2]151
3]152
[136]
5]154
3]142
6]155
7]156
8]157
9]158

Common variations
Common variations
Common variations
Common variation and eQTL

BioGranat-IG
NETAM
EINVis
NetDecoder
ViSEN
Cytoscape
PARIS
SNPSea
GSEA
VEGAS2Pathway
MAGENTA
ATHENA
NetDX
iCluster
Biofilter
SKAT
BioBin
Variant Association
Tools
EPACTS
Biofilter
GLM (LASSO and Elastic-Net)
RANGER
Gradient Boosting
TATES
CAVIAR

Common variation and eQTL

PrediXcan

5]164

Rare Variations
Rare Variations
All genetic variations
Common variations

8]67
6]125
7]156
[116]
1]160
2]161
3]162
4]163
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Where? Which tissue(s) are important for the evaluation of ‘omics associations?

Every suspect (“variations” as described in previous sections) may alter different tissue
types in various biological processes. DNA variations are primarily obtained from blood or serum
plasma samples, but it is essential to know which pathway, tissue, or cell type that the risk locus
affects. The GTEx database is a powerful resource where the link between gene and the tissue that
is affected is investigated165. Similarly, for many ocular traits, an ocular tissues database has been
utilized166. SNPsea is a tool developed at the Broad Institute (Cambridge, Massachusetts, USA) to
help prioritize the genetic associations to identify tissues and pathways that are affected by the
expression of specific genes167. Liu et al. utilized SNPsea to identify tissues that are affected by
GWAS associations for Systemic Lupus Erythematosus168 and Hu et al.169 utilized the same
approach to identify tissues affecting the risk loci for autoimmune diseases. Another example where
tissue was explored is in an attempt to identify the location of the causes of missing heritability in
Type 2 Diabetes, which is one of the most well-studied diseases to identify genetic associations.
To identify causal variants and tissues affected by the risk loci, researchers have found that risk
associated loci for diabetes and many other metabolic disorders affect adipose tissue as well as
observed effects in islets of the pancreas170–172.
In the search for undercover heritability, many suggestions have been made. Genotyping
and sequencing technologies rely on the collection of blood samples from study population. Thus,
the tissue investigated remains constant in majority of the studies. The common variant common
diseases hypothesis (CDCV) suggests that many common variants are the suspects, an additive
genetic model is the weapon, and the disease risk manifests in the blood (where the SNPs are
measured). Likewise, the rare variant common disease (RVCD) hypothesis suggests that rare
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variants are the suspects, either burden or distribution of multiple rare variants are the weapons,
and blood is the location where the variation is measured. All of these suggestions are tested in one
study or the another, but in reality, it seems that we should consider both rare and common variants
in multiple possible genetic models for complex diseases. In addition, in elucidating the etiologies
of complex traits, the “murder” (or etiology of complex traits) can take place any location, where
location refers to the tissue that is affected by the risk loci. Hence, the secret of this game to identify
understand complex trait heritability is to be more open-minded and evaluate each new study with
the broad set of data types, tools, and tissues where possible.

Estimating heritability (Making a suggestion in the game of “Clue”)

The measure of heritability that explains the degree to which a trait is inherited from one
generation to another refers to how the heritability values are quantified. The process in which
heritability is studied can take place in several different designs as explained below:
•

Family and Twin studies: In family and twin studies, a set of related individuals and their
phenotypic traits are analyzed to identify how heritable the phenotypic trait is in families
and in sets of identical twins respectively. Family study estimates are usually lower than
twin study estimates. For example, family studies for BMI estimate that BMI is 24–81%
heritable whereas twin studies estimate BMI to be 47–90% heritable34. The estimates
from studies of related individuals take the effects of the environment into consideration
and, thus, generally broad sense heritability is estimated by these methods.

•

Population based studies: Genomic heritability mainly refers to the proportion of trait
variance that can be attributable to genetic factors such as common variants and low
frequency or rare variations. Many methods and tools exist in the literature to measure
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heritability among a set of unrelated individuals. These include mixed model approaches
(GCTA, REACTA, PLINK, etc.)173,174, Bayesian approaches (example BGLR)175, LD
based weighted methods in mixed linear model approaches (LDAK)176, and machine
learning approaches (HERRA and MEGHA)177,178. All of these methods are focused
towards explaining the additive variance component (i.e., narrow sense heritability).
Narrow sense heritability estimates from GWAS studies and for either all variants on the
genotyping chip assayed or only a subset of statistically significant variants. Locke et
al.179 determined the variance components for BMI based on statistically significant
GWAS variants from their study and showed that 97 genome-wide significant loci can
explain only 2.7% of the variance, whereas the overall SNP heritability (i.e., heritability
from all available genotyped and imputed SNPs) is 75%, as shown by Robinson et al.180.
Recent studies have also looked at the proportion of phenotypic variance explained by
partitioning the genome. Speed et al.181 showed how the proportion of variance explained
for 19 different traits varies across the genome by chromosome and by minor allele
frequency ranges. Finucane et al.182 proposed LD score regression method using
summary statistics from GWAS to partition heritability across the genome based on
functional annotations.

Methods described above refer to the narrow sense heritability as estimated from GWAS studies
which reflects only the additive variance component. Missing heritability may also result from not
accounting of dominance and epistatic effects. Also, with the advent of sequencing technologies,
new methods analyzing the effects of rare variants and genetic and gene–environment interactions
are also necessary. Heritability estimates for rare variants can be obtained from single variants as
well as collapsed regions containing information on the burden of rare variants. To determine
unbiased estimates of heritability for gene-based rare variants, Liu et al.183 proposed a mixed model
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approach. Next, an estimation of unbiased estimates of interacting variance components remains to
be a challenge. Ronnegard et al.184 estimated genetic marker interactive effects using a ridge
regression-based approach. This analysis was conducted in 74 samples from Arabidopsis thaliana,
but its application on big, large-scale human datasets is still to be explored.

Focus of this dissertation

Addressing a phenotype of interest and analyzing an accurate representation of the
phenotype is of great importance. Association analyses are often conducted as retrospective studies
for example by utilizing electronic health record datasets8, epidemiological datasets185 and clinical
trials data sets186 among others. Testing of multiple phenotypes simultaneously in PheWAS
(Phenome-Wide Association Studies)187 is also becoming immensely popular, especially with the
use of EHR data and availability of multiple phenotypes. PheWAS provides a significant advantage
to test for phenotype relationships (comorbidities and potential pleiotropy) which a single
phenotype association study lack. Occurrences of phenotypes are dependent on many demographic
factors such as ancestry, sex, age, etc. Association studies account for these factors in some ways
by considering them as confounders and adjusting for their effects. However, it is also crucial to
investigate these factors in the context of sub-phenotypes. Verma et al. approached this strategy to
address the context of phenotypes in an Aids Clinical Trial Group (ACTG) dataset188 and identified
variants that showed effects on each phenotype of interest in the presence of a drug and in a specific
context, where a similar phenotype was not observed in other contexts. This leads to the concept
of phenotypic heterogeneity. It is essential to recognize the differences in a phenotype. Association
studies aim at understanding a complex phenotype such as type 2 diabetes, cataract, glaucoma,
chronic obstructive pulmonary disorder, etc. The analyses of these phenotypes include a single
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dependent variable which is a phenotype labeled as presence or absence of the disease status for
each sample. If we look closer, we observe that these complex phenotypes are a collection of many
sub-phenotypes. For example, Li Li et al. analyzed EHR data to identify patterns among patients
and were able to cluster type 2 diabetes patients into three distinct subgroups189. Similarly, another
study by Verma et al.190 has shown the importance of incorporating more than one data type from
an EHR to identify robust associations. EHRs are highly resourceful as they provide longitudinal
information12a on patients, but utilizing this information is essential and challenging. Longitudinal
data tells a patient's history, and careful assessment of this history can be very fruitful in designing
preventive and diagnostic measures. Machine learning methods have been proposed to use
longitudinal data from EHR. For example, methods by Zhao et al.191 and Singh et al.192 address the
issues of temporality from an EHR. Clinical laboratory measures that are part of routine care in
health systems are also utilized for association analyses. Historically, one set of values (mean,
median or most recent measurement) values are used. However, clinical measures can provide
inferences of a disease diagnosis precisely in the situation where one value for each patient might
not tell the complete story. Thus, exploring these longitudinal measures in many different ways
such as interquartile ranges (IQR), variance (referring to variability in measures), time-series
analysis, and extremely low and high values, etc. can be very beneficial in elucidating the etiology
of complex traits. The following dissertation addresses the challenges described as a game of
“Clue” and in each analysis, we enhance our understanding of complex traits by investigating the
role of common variations, rare variations and genetic interactions. We design an approach to
identify associations and estimate heritability for multiple variance components. Proposed methods
and pipelines from this dissertation have the potential to identify additive and non-additive effects
of novel disease risk variants, overcome challenges for epistatic discovery and replication, unveil
complex genetic etiologies and quantify the complexity of estimation of heritability in population
based studies.
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Chapter 2

Unravelling additive effects of common variants phenome-wide by leveraging
longitudinal data

Y

This Chapter is adapted from: Verma SS, Lucas AM, Lavage DR, Leader JB, Metpally R, Krishnamurthy
S, Dewey F, Borecki I, Lopez A, Overton J, Penn J, Reid J, Pendergrass SA, Breitwieser G, Ritchie MD;
Identifying Genetic Associations with Variability in Metabolic Health and Blood Count Laboratory Values:
Diving Into The Quantitative Traits By Leveraging Longitudinal Data From An EHR; Pacific Symposium
on Biocomputing, 2017
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Abstract

A wide range of patient health data is recorded in Electronic Health Records (EHRs). These
data include diagnosis, surgical procedures, clinical laboratory measurements, and medication
information. Together this information reflects the patient’s medical history. Many studies have
efficiently used these data from the EHR to find associations that are clinically relevant, either by
utilizing International Classification of Diseases, version 9 (ICD-9) codes or laboratory
measurements, or by designing phenotype algorithms to extract case and control status with
accuracy from the EHR. Here we developed a strategy to utilize longitudinal quantitative trait data
from the EHR at Geisinger Health System focusing on outpatient metabolic and complete blood
panel data as a starting point. Comprehensive Metabolic Panel (CMP) as well as Complete Blood
Counts (CBC) are parts of routine care and provide a comprehensive picture from high level
screening of patients’ overall health and disease. We randomly split our data into two datasets to
allow for discovery and replication. We first conducted a genome-wide association study (GWAS)
with median values of 25 different clinical laboratory measurements to identify variants from
Human Omni Express Exome beadchip data that are associated with these measurements. We
identified 687 variants that associated and replicated with the tested clinical measurements at
p<5x10-08. Since longitudinal data from the EHR provides a record of a patient’s medical history,
we utilized this information to further investigate the ICD-9 codes that might be associated with
differences in variability of the measurements in the longitudinal dataset. We identified low and
high variance patients by looking at changes within their individual longitudinal EHR laboratory
results for each of the 25 clinical lab values (thus creating 50 groups – a high variance and a low
variance for each lab variable). We then performed a PheWAS analysis with ICD-9 diagnosis
codes, separately in the high variance group and the low variance group for each lab variable. We
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found 717 PheWAS associations that replicated at a p-value less than 0.001. Next, we evaluated
the results of this study by comparing the association results between the high and low variance
groups. For example, we found 39 SNPs (in multiple genes) associated with ICD-9 250.01 (TypeI diabetes) in patients with high variance of plasma glucose levels, but not in patients with low
variance in plasma glucose levels. Another example is the association of 4 SNPs in UMOD with
chronic kidney disease in patients with high variance for aspartate aminotransferase (discovery pvalue: 8.71x10-09 and replication p-value: 2.03x10-06). In general, we see a pattern of many more
statistically significant associations from patients with low variance in the quantitative lab
variables, in comparison with the high variance group across all of the 25 laboratory measurements.
This study is one of the first of its kind to utilize quantitative trait variance from longitudinal
laboratory data to find associations among genetic variants and clinical phenotypes obtained from
an EHR, integrating laboratory values and diagnosis codes to understand the genetic complexities
of common diseases.

Introduction

In this era of precision medicine, emphasis is on preventive care facilitated by integration
of a patient’s medical and genomic information. De-identified electronic health records (EHR) and
bio-repositories represent significant resources of information that have been widely used for
association studies in past decade193. Electronic health record (EHR) data is primarily designed for
clinical care and is represented in both structured (such as ICD-9 codes, medication information,
clinical laboratory values) as well as unstructured (physician notes) forms. Many association
studies have utilized ICD-9 codes as well as clinical lab variables (structured forms of EHR data)
to identify variants associated with EHR-derived phenotypes that might be of clinical
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relevance190,194,195.

The number of association studies using EHR-derived phenotypes (both

structured and unstructured data) has been increasing rapidly196.

The complete blood count (CBC) panel and comprehensive/basic metabolic panel
(CMP/BMP) are part of routine medical care for all medical practices. These panels are comprised
of tests that help clinical practitioners identify underlying causes for conditions like weakness and
fatigue, as well as to identify chronic illnesses (e.g., kidney failure, heart disease). These tests are
generally conducted on patients that show some signs of illness, but these routine measurements
are conducted from time to time on healthy individuals as well. Thus, utilizing these panels can
help us understand overall health of patients by comparing these measurements across all patients
in an EHR. These tests are recorded as quantitative variables for which units of measurements can
be standardized across multiple clinical practices. ICD-9 codes and clinical measurements go hand
in hand for a patient’s medical record as a diagnosis code may either initiate the lab test which
confirms the code or the code may be entered as a result of the test. Thus, integrating both clinical
laboratory measurements and diagnosis codes present powerful approaches for understanding
genetic variants that show similar associations with both data types obtained from an EHR190. The
majority of association studies that use quantitative traits derived from an EHR as phenotypes use
either mean/median values190,197 or most recent measurements198 as also noted in Chapter 1. While
this approach has been successful, utilizing only mean/median values limits the understanding of
these traits by neglecting the variability over time that may be present in an individual patient’s
clinical history. This can be captured for analysis by using unique longitudinal information from
EHR. Longitudinal data provides a better picture of the patient’s health by actually pinpointing the
time of disease onset, or time in which the quantitative trait became out of the normal range, which
is especially important for the diseases that are more heterogeneous in nature and progress over
time/age. A strategy such as this has been applied to family-based studies, using a mixed effects
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model to find associations among candidate genes and longitudinal data199. Utilizing the
longitudinal data in some way other than considering one value also provides the opportunity to
consider not just the average, but also the variability in these traits over time. In this study, our goal
was to develop a strategy to embrace the longitudinal data in a population-based dataset, using trait
variance, rather than a measure of central tendency approach such as median values, by binning
patients in high and low variance groups separately to then test for associations. This strategy
allows for the integration of clinical lab measurements as quantitative traits, embracing the
variability in the traits, along with ICD-9 code PheWAS associations as well as SNPs.

Materials and Methods

Genotype Data

The MyCodeâ Community Health Initiative is a research initiative to engage Geisinger
Health System patients in research and integrate their clinical EHR data along with genetic
information to make discoveries in health and disease9. Over 160,000 Geisinger patients have
consented to participate in MyCode as of Novermber, 2017 and approximately 90,000 participants
have whole exome sequencing and genome-wide genotype data generated. For this study, we used
50,000 participants that were genotyped using the Illumina Human Omni Express Plus Exome
beadchip as of Spring 2016. This dataset contains 45,899 samples and ~600K variants after some
initial quality control procedures. For this analysis, after sample QC (removing one sample from
pairs of highly related samples up to 1st cousins and removing any samples that did not pass a
sample call rate filter of 90%), we divided the total dataset into two random sets to perform
discovery and replication analyses. We included only European American samples with age >18
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years. Our discovery dataset consisted of 17,347 samples and our replication dataset consisted of
17,348 samples (see Table 2-1 for demographic information on these samples). We also filtered the
variants that did not pass a genotype call rate filter of 99% to keep only high-quality SNP data. To
test common variants only, we applied a minor allele frequency (MAF) filter of 1%. This resulted
in a total of 629,274 variants that were considered for association testing in the discovery dataset
and 629,016 variants tested in the replication dataset.
Table 2-1: Demographics information on study sample

Age

BMI

Sex

Discovery Dataset

Replication Dataset

Minimum

18.13

18.01

Mean

60.65

60.65

Median
Maximum
Minimum

62.58
89.04
13.51

62.55
89.00
13.74

Mean

31.76

30.30

Median

30.52

31.60

Maximum

92.56

113.19

Male

7233

7366

Female

10103

9970

Phenotype Data

Twenty-five clinical laboratory variables were extracted from EHR outpatient data and
checked for consistency of unit measurements. A list of all 25 variables is provided in Table 2-2,
along with information on the panel from which they were obtained. The phenotype data is
extracted from the EHR as longitudinal data for all patients across their clinical history. Thus, each
sample has multiple entries for each variable. The first step in conducting our GWAS analysis was
to obtain median values for all 25 variables across patients’ longitudinal data. We wanted to be able
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to compare the GWAS on median values with the analyses in the high-variance and low-variance
groups. We visually inspected the clinical lab variable distributions to determine which variables
needed a natural log transformation. We also removed all outliers that were more than 2.5 standard
deviations from the mean. While this could lose some very interesting data points, for this pilot
analysis, we wanted to be sure to remove gross errors in lab variable coding/data entry. Appendix
Figure 2.1 and 2.2 show the distribution of discovery and replication datasets, respectively, after
removing outliers and performing natural log transformation wherever necessary. Table 2-2 lists
the name of the variable, how the sample is collected (i.e. Blood or Serum/Plasma), which panel
the variable is obtained from (i.e. Complete Blood Count (CBC) or Comprehensive Metabolic
Panel (CMP) or Basic Metabolic Panel (BMP)), the total sample size for each phenotype in both
discovery and replication datasets, and whether or not the data were transformed.
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Table 2-2: List of 25 clinical laboratory measurements that are used in the analysis.

CMP
CMP
CMP
BMP/CMP
CMP
CMP
BMP/CMP
BMP/CMP
BMP/CMP
BMP/CMP
CBC
BMP
CBC
CBC
CBC

Discovery
Sample Size
15527
15519
15189
15954
15406
15224
16164
16309
16235
16403
16032
16184
16213
16234
16175

Replication
Sample Size
15393
15439
15088
15849
15310
15141
16098
16203
16130
16323
15974
16137
16184
16186
16120

CBC

16166

16114

No

CBC
CBC
CBC
BMP/CMP
CMP
CBC
BMP/CMP
BMP/CMP
CBC

16220
16122
16281
16255
15002
16187
16222
16147
16478

16161
16099
16247
16165
14932
16142
16144
16049
16455

No
No
No
No
No
No
No
No
Yes

Clinical Laboratory Measurement

Panel type

Alanine Aminotransferase
Albumin
Alkaline Phosphatase
Anion Gap
Aspartate Aminotransferase
Bilirubin
Calcium
Carbon Dioxide
Chloride
Creatinine
Erythrocyte Distribution Width
Glucose
Hematocrit
Hemoglobin
Mean Corpuscular Hemoglobin
Mean Corpuscular Hemoglobin
Concentration
Mean Corpuscular Volume
Platelet
Platelet Mean Volume
Potassium
Protein
RBC
Sodium
Urea Nitrogen
WBC

Transformation
Yes
Yes
Yes
No
Yes
Yes
No
No
No
Yes
Yes
Yes
No
No
No

For the variance based analysis, we first calculated the variance for each sample across
their longitudinal clinical data from Electronic Medical Record (EMR). For each clinical lab
variable, we visually inspected scatterplots of the variance distribution and determined a threshold
for discovery and replication datasets separately (Appendix Table 2.1). Next, samples were divided
into high and low variance groups.
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Figure 2-1: Flow Chart
Flow chart describing the analyses for median lab variable linear regression GWAS on 25 clinical
labs

For high and low variance PheWAS analyses, we extracted all ICD-9 codes from the EHR.
Participants were defined as cases if they had three or more instances of a particular ICD-9 code;
less than three instances per participant were set to missing; and for no occurrence of an ICD-9
code, participants were designated control status. This resulted in testing a total of 541 ICD-9 codes.

Analysis Methods

We performed the analysis for this study as a two-step process. First, we performed a
GWAS on median values for 25 different clinical lab variables (Figure 2-1). Next, we took the
SNPs associated with the median trait values and performed an ICD-9 code PheWAS after grouping
the participants into high-variance and low-variance groups for each clinical lab variable (Figure
2-1). Each of these analyses is described in more detail in the following sections.
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Genome wide association analysis for 25 median clinical laboratory measurement

We performed a genome-wide association study (GWAS) to identify associations among
all variants from the data (after quality control data cleaning) with median lab values for each of
the

25

phenotypes.

Linear

regression

analysis

was

performed

using

PLATO200

(http://ritchielab.psu.edu/software/plato-download). All models were adjusted for age, sex and first
four principal components to control for confounding influences in the analysis. Approximately
15M (~600,000 SNPs and 25 variables) tests were performed for each patient for both discovery
and replication datasets. This analysis was repeated for both discovery and replication datasets
separately and then we identified p-values for all variant and clinical lab combinations that were
below genome-wide significance (p-value 5x10-8; Bonferroni significance based on approx.
500,000 independent varaibles tested in analysis) in both datasets (discovery and replication).

Variance-based analysis to identify associations with ICD-9 codes

For all phenotypes from the median lab GWAS that has statistically significant replicating
results (18 out of the 25 clinical lab variables, see Figure 2-1), we obtained longitudinal data for
each patient across the EHR and calculated the trait variance for each lab variable. Next, for each
of the 18 variables, we created scatterplots of the variance to identify samples that can be
categorized as high and low variance. Individual scatter plots for all of these variables are shown
in Appendix Figures 2.3 and 2.4 for the discovery and replication datasets. For each variable, we
created high variance and low variance groups based on separate threshold (while looking through
the distributions on scatter plots) to allow for PheWAS analyses separately in groups with high
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variability or low variability in each of the clinical lab variables. Appendix Table 2.1 lists the
thresholds and samples sizes for low and high variance categories in both discovery and replication
datasets. Participants below the chosen thresholds (based on looking at individual scatterplots) were
categorized as low variance and above threshold were categorized as high variance.

Figure 2-2: Flow chart
Flow chart describing the PheWAS analyses for high/low variance based datasets
The genotype data was filtered to include only those variants (687 SNPs) that were
significantly associated (genome-wide significance threshold of 5x10-8) in both the discovery and
replication datasets for one or more clinical lab variables in the GWAS of median clinical lab
values. Here, we are interested in the following question: Are genetic variants that are associated
with a median clinical lab variable, also associated with similar diagnosis codes in patients when
they are divided into high variability datasets vs. low variability dataset for same lab variable? In
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other words, are there diseases that show association with that SNP when only patients with high
variability in their lab values are analyzed in comparison to patients with low variability of lab
values? To investigate diagnosis codes that are associated with these variants, we performed
logistic

regression

analysis

for

ICD-9

codes

using

PLATO

(http://ritchielab.psu.edu/software/plato-download) by adjusting all models by age, sex and first
four principal components. We only considered ICD-9 codes that had at least 200 or more cases
with the code to reduce any false positive associations. Thus, for each sample 371,667 tests were
performed (687 SNPs and 541 ICD-9 codes). Lastly, we report the PheWAS results below a pvalue threshold of 0.001 that replicate in low variance and/or high variance categories.

Results

Genome-wide association studies for median values from 25 clinical laboratory variables
produced 935 SNP-phenotype associations that are present in the two datasets tested at p-value less
than 5x10-8. Association results below p-value 0.1 are shown in Figure 2-3 as Manhattan plots for
both discovery and replication datasets. Among the top results is a true-positive association where
multiple variants in the UGT1A gene family associated with serum bilirubin levels, where p-values
for both discovery and replication datasets is 3.29 x 10-83. This association has been identified and
extensively

reported

by

candidate

gene

and

genome-wide

association

studies201.

Hyperbilirubinemia results from a mutation in the UGT1A1 gene which causes the non- or slow
elimination of bilirubin from the body. We also identified variants in SLCO1B1 associated with
bilirubin levels, as suggested by previous GWAS studies
8.18x10-31 Replication p-value:3.81x10-22).

202–204

(rs4149081, Discovery p-value:
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Figure 2-3: Manhattan Plots
Manhattan plots for GWAS performed on all 25 clinical lab variables. X-axis represents the chromosome and base pair location of each SNP and Yaxis represent the –log10 of p-value from association analysis. The two colors represent p-value for discovery and replication datasets. Direction of
effect (positive or negative) is shown by the direction of arrows. Results at p-value <0.1 are shown in the plot. Black line indicates genome-wide
significance (5x10-08) threshold.
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Another association we identified is between missense variant, rs855791, on chromosome
22 in gene TMPRSS6 (Discovery p-value: 2.04x10-60 (beta=-0.27); Replication p-value: 1.73x10-51
(beta=-0.25)). This association was identified by previous GWAS studies with hemoglobin levels
as well as hemoglobin concentration205,206. It has been suggested that TMPRSS6 is essential for
maintaining iron levels in blood as it is involved in the control of iron homeostasis

206,207

. In

addition, our GWAS analyses also identified many more previously reported associations,
including variants in the ABO gene with alkaline phosphatase208 (rs505922, discovery p-value:
2.41x10-52, replication p-value:8.48x10-65), the CASR gene with calcium levels209,210 (rs17251221,
discovery p-value: 6.55x10-44, replication p-value:2.31x10-51), and the TCF7L2 gene with glucose
levels50 (rs7903146, discovery p-value: 1.41x10-35, replication p-value:6.23x10-24).

To explore pleiotropic associations among variants where one SNP is associated with
multiple phenotypes, we generated a phenogram plot211 as shown in Figure 2-4. This plot shows,
for example, multiple associations on chromosome 10 in gene JMJD1C to be associated with
platelet mean volume as well as alkaline phosphatase. Different GWAS studies performed
separately on blood and metabolic panels have identified these associations212,213 and our study
serves as confirmation for these associations when both panels are combined together and analysis
is run on the same patients. In our analysis, we see opposite directions of effect for both of these
associations, i.e. erythrocyte distribution width (discovery beta: -0.004 and replication beta: -0.004)
and mean corpuscular hemoglobin (discovery beta: 0.09 and replication beta: 0.12) which confirms
the relationship observed in anemic patients, where elevation in RDW and decrease in hemoglobin
is observed.
We also identified some novel associations. Among our novel associations is an intronic
variant rs8095374 in gene C18orf25 associated with erythrocyte distribution width known as RDW
(discovery p-value: 8.79x10-10, and replication p-value: 2.16x10-10) and mean corpuscular
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hemoglobin (discovery p-value: 3.57x10-9, and replication p-value: 1.84x10-13). Both laboratory
measurements are for red blood cells and could be useful in understanding the etiology of anemia.

Figure 2-4: Phenogram plot
Phenogram plot representing pleiotropic associations. Here each colored circle is a SNP and its
location is represented on the chromosome. SNPs are color coded based on the phenotype colors
as shown in the legend. SNPs are also pruned to LD threshold of 0.4. Here MCH is Mean
Corpuscular Hemoglobin; MCHC is MCH is Mean Corpuscular Hemoglobin Concentration; AST
is Aspartate Aminotransferase; RDW is Erythrocyte Distribution Width; ALT is Alanine
Aminotransferase.

Our next approach was to integrate ICD-9 code data along with variance category in
clinical lab variables to identify variants that we have found to be associated with median values
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of quantitative traits, and are also linked to diagnosis codes in the EHR. To perform this analysis,
we wanted to utilize longitudinal data, rather than a measure from a single point in time. Hence, we
divided patients into categories of high and low variance as described in Methods. Replication was
observed based on the combination of SNP, clinical lab variable, ICD-9 code, and variance category
(high or low). Replicated results are shown in form of a heat map in Figure 2-5. These heat maps
show that in our study, the majority of our replicating associations occur in the low variance
category. The primary reason for this is likely due to less power to detect associations in the high
variance groups (low sample size); although we would like to continue to explore this to determine
whether there is a biological explanation for this. Another possible reason for identifying samples
mostly in low variance group could be due to the fact that for majority of samples, clinical labs are
measured once or twice a year which could lead to ceilings and floor effects where some sample
would always show same values every time the clinical lab is measured, Thus, variance would be
low even though values have been very low or high.
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Figure 2-5. Heat Map

Heat map representing p-values (on left) and beta (on right) from variance based analysis for the combination of all SNPs, ICD-9 code and clinical lab
measurement in both high and low variance categories. Each point is the replicating SNP with the color gradient showing the range of p-value and beta.
The results are only shown for replicating results at p-value<0.001 for both discovery and replication datasets in both high variance and low variance
categories. X-axis lists all the ICD-9 codes and Y-axis lists the corresponding clinical lab variable for which replicating association is observed.
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In total, our analysis replicated 717 associations at a p-value<0.001. We observed 39 SNPs
on chromosome 6 that map to multiple genes (C6orf10, FKBPL, BAT3, BAT2, EGFL2, RDBP,
MSH5, TNXB, C6orf27, CSNK2B and BAT1) are associated with Type 1 Diabetes (ICD-9 code
250.01) when the samples with high variance glucose levels were evaluated. These results could
likely be confounded due to well-known associations in major histocompatibility complex (MHC)
region with auto-immune disorders214. These associations were not seen in samples in the low
variance glucose category. One of the most interesting associations identified is between four SNPs
in the uromodulin (UMOD) gene and ICD-9 code 585.3 (Chronic kidney disease) in patients with
low variance for aspartate aminotransferase (discovery p-value: 8.71x10-9 and replication p-value:
2.03x10-6). It has been observed by previous studies that patients with chronic kidney disease
usually have low levels of aminotransferase in serum215. This association was not replicated in the
high variance aspartate aminotransferase group. Association of variants in the UMOD gene with
chronic kidney disease, kidney stones, and end stage renal diseases has been previously
established216,217 but an association with aspartate aminotransferase levels has not been identified
by previous studies. Next, to integrate both the GWAS results and variance-based grouping
PheWAS results, we generated networks of all genome-wide significant results from GWAS
analysis and replicated results from variance based PheWAS analysis using Cytoscape218 as shown
in Figure 2-6. We explored the integrated results for SNP-Clinical lab variable- ICD-9 code in order
to identify the three-way associations that are indicative of disease diagnosis. This figure shows the
three top integrated networks from our analysis where both ICD-9 codes and clinical lab variables
are linked via a SNP. One thing to note here is that all these networks resulted from the low variance
groups only and also majority of clinical lab results from low variance groups are also observed in
median lab value GWAS (for example TCF7L2 variants and Glucose levels).
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Figure 2-6: Network Plot
Network visualization generated by Cytoscape using replicated results from both GWAS and
variance based analysis. Here, triangles represent ICD-9 code description, rectangles represent
clinical lab variable, and ovals represent SNP. Darker edges represent more significant
associations.
From the network visualization, we determined three variants in gene TCF7L2 are
associated with Type 2 Diabetes (T2D) and glucose levels. This association is expected because
these variants have been reported by many previous studies to be associated with T2D50,77,219.
Similarly, from this network analysis we also observed variants in the UMOD gene associated with
chronic kidney disease and creatinine levels obtained from serum which has been previously
reported by GWAS216,217,220. Lastly, a novel network obtained from this analysis is a link between
rs3132941 (mapped to gene, EGFL8) with WBC count and Type I Diabetes. A high WBC has been
observed in a few studies in T1D patients221,222. The EGFL8 gene maps near the MHC region
(Major-histocompatibility complex) on chromosome 6 and thus its association with T1D can be
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easily established223,224 but its association with WBC has not been found in any previous studies.
Our study presents this novel result which warrants further investigation.

Discussion

Genome-wide association studies have been tremendously successful in unravelling the
etiologies of common complex diseases and the use of EHR in conducting such genome-wide and
phenome-wide studies has shown resounding progress. Many researchers are now working on
approaches to incorporate longitudinal information from the EHR into these studies. In this study
we aimed at advancing the use of longitudinal information from laboratory values by looking at the
variance for each outpatient clinical lab value rather than just mean/median or most recent value.
We first conducted a GWAS for 25 clinical lab median values and then, based on variance, we
divided participants into high and low variance groups. Next, we conducted a PheWAS to identify
which SNPs are associated with median clinical lab variable and ICD-9 codes. This study
represents a proof-of concept approach for utilizing trait variance and the longitudinal data as we
successfully identified and confirmed many previously known associations. We also described
several novel associations observed from our study. Variance, rather than mean/median may better
capture the richness of the longitudinal data. In this pilot analysis, we demonstrate that this
approach can be used to identify networks which reveal trends of associations among SNPs,
laboratory measurements, and diagnosis codes. In the future, we plan to replicate this analysis with
a larger sample size and in an independent EHR system. We used variance as outcome in one
analysis but did not observe many statistically significant results (See Appendix Figure 2.5 for
Manhattan plots). Future studies should include testing for variance, mean, median and extreme
values to identify the associations with these various ranges as also described in Chapter 1. One
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limitation of our approach here is that the use of longitudinal data in the way shown in this study
ignores the fact that in an EHR, the duration of longitudinal information varies from patient to
patient. Future approaches should also focus on developing methods which adjust for the duration
of longitudinal information. Developing approaches, such as the one described in this manuscript,
to explore the longitudinal nature of EHR data will provide greater opportunities for discovery and
understanding of the genetic and clinical architecture of common diseases.
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Chapter 3

Identifying impact of rare variant’s additive effects: Candidate gene based
burden approach

Y

This chapter is adapted from Shefali Setia Verma, Navya Josyula, Anurag Verma, Xinyuan
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Abstract

The Drugbank database consists of ~800 genes that have known drug targets. A list of drug
target genes is a useful resource for association analyses. This can be utilized to pinpoint the
variations that might contribute to the effect of the gene and also to identify other diseases that the
gene might affect for drug repositioning purposes. Loss of function (LOF) variations have the
potential to mimic the effect of drugs and could impact disease risk or protection. Secondly,
Phenome wide association studies (PheWAS) have gained success in identifying common variants
associated with risk for multiple phenotypes. Given this success, we set out to conduct a rare
variants association analysis to test the effects of rare variants in drug-target genes and a
comprehensive series of phenotypes using a gene-burden PheWAS approach. We used whole
exome sequencing data from 38,568 samples in Geisinger MyCode® Community Health Initiative
and phenotypes extracted from the electronic health record. In this analysis, we contrasted results
by binning LOF as well as other variants in gene bins. We identified multiple novel associations,
and the majority of the significant associations were driven by LOF variations. Findings reported
in this analysis recapitulate the known impacts of the genes through existing biological knowledge.
Overall, this study provides a sweeping exploration of rare variant associations within functionally
relevant genes across a wide range of diagnoses.

Introduction

While genome wide association studies (GWAS) and Phenome Wide Association Studies
(PheWAS) studies have identified novel and replicating associations for many common genetic
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variants and complex traits185,187,195,225,226, rare variation coupled with comprehensive PheWAS
associations are only beginning to be explored. Rare variation studies have the potential for
uncovering novel and informative relationships between genetic architecture and common
diseases, increasing our understanding of biological mechanisms as well as identifying key
targets for drug development 227. For example, gain of function rare variation in the lipid pathway
gene PCSK9 is associated with familial hypercholesterolemia, while loss of function mutations
lead to lower levels of LDL-cholesterol 228. Thus, drugs have now been developed that target
PCSK9 to lower LDL-cholesterol levels 71,72. In addition, rare genetic variation can also perturb
biological networks, impacting the risk and protection for conditions as well as impacting
quantitative traits such as clinical laboratory measures. Further, risk or protective impact on one
trait may be reversed for another trait, due to antagonistic pleiotropy. Finally, contrasting
protective and risk associations for specific genes can highlight potential drug side effects 229.
With PheWAS, we can interrogate a wide array of quantitative clinical laboratory measures and
dichotomous diagnoses across rare variation, including potentially functionally high impact rare
variation, across many genes 190,230,231 to identify new hypotheses for gene function.

Using rare-variant collapsing approaches and choosing rare variants based on functional
category has been shown to be of importance 65,232. For example, loss of function (LOF) variants
result in the truncation or lack of translation of a protein, and thus have the potential for a very
strong impact on downstream phenotypes. Functional annotation of variations can be obtained
from several predictive and analytical tools233–235. Binning these filtered variants and testing them
against multiple phenotypes has the potential for different insights depending on how the variants
are filtered.
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The DrugBank database (version 4.0) 236 is a resource from which a list of extremely well
characterized genes and the drugs that target those genes can be extracted. In this study, we
performed a PheWAS using ~800 unique genes from the DrugBank database evaluating
comprehensive associations between these genes and 541 diagnoses and 35 quantitative clinical
lab measures using a gene burden-based approach. For this study, we used whole exome
sequencing data from 38,568 unrelated European American adults (>18 years of age) from the
Geisinger MyCode® Community Health Initiative, from Geisinger, a large health care provider 9.
To explore how results changed depending on different methods for filtering rare variants, we
used several approaches: all rare variants within the DrugBank specified genes, as well as LOF
and non-synonymous variants via different predicting algorithms and filters. We also contrasted
our results with burden based association testing of all rare variants that lacked functional
annotation. Our goal was to identify 1) the impact of LOF variants on disease risk, 2) protective
effect of variants in these genes, 3) cross-phenotype associations for these targeted genes.

We identified novel associations between these genes and diagnoses and quantitative
clinical lab measures, identifying many associations that are supported by the known biological
impact of these genes. We contrasted our results with the known function of these genes in the
context of drugs and the diagnoses these genes target, as well as evaluated cross phenotype
associations. We also evaluated associations where variants were filtered by functional impact.
Overall, we have identified novel genetic associations providing new insights across many
phenotypes for a series of high impact genes, with the additional context of gene function,
genetic pathways, the functional impact of genetic variation, and potential pleiotropy.
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Methods

Figure 3-1 provides an overview of the sequence of steps and tools that were used for the
analyses of this manuscript.

Figure 3-1: Flow chart of the analyses of this study.
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Extraction of genes from DrugBank Database:

DrugBank database236 contains 4,387 different genes and drugs. A drug can have multiple
target genes or a single gene can also be the target of multiple drugs. A total of 3 drugs (Captopril,
Fluorescein and Glycine) did not have target genes in DrugBank. We obtained unique list of 829
genes and 957 drugs after removing duplicates.

We also retrieved chromosome and base pair locations for these 829 unique DrugBank
genes in the latest genome assembly build 38 using Biofilter version 2.4237 and the (Library of
Knowledge Integration) LOKI database version 2.2. Of the list of 829 genes, 19 gene identifiers,
were unrecognized by the Biofilter software (due to difference in the naming convention used in
by sources in LOKI database vs. Drugbank database). For these genes, alternate identifiers were
searched for using NCBI PubMed (https://www.ncbi.nlm.nih.gov/pubmed) and Gene Cards

238

database. Table 3-1 lists the genes unrecognized by Biofilter as well as the alternate gene
recognized by Biofilter. For these genes, build 38 regions were retrieved the same way as explained
above. Further, for our final gene list, we only considered genes in autosomal regions, and excluded
mitochondrial genes.

Due to the unspecific and changing nature of gene symbols, gene annotation sources such
as Entrez (the source of gene symbols and locations used by Biofilter) can have gene symbols
annotated with multiple genic regions. In the current dataset, there were 5 genes with multiple
regions listed in Table 3-1. We tested variants in these multiple regions even though they were
mapped to same gene name.
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The variant calling pipeline for the samples of this study was using the build 37 genome
assembly, thus the regions for these genes in build 38 were converted to build 37 using LiftOver
(Lift Genome Annotations) available as part of UCSC genome browser 239. For 3 genes: C1R,
FCGR1B and MUC2, LiftOver failed to convert regions. These regions were split into multiple
regions on same chromosome based on the gene boundaries in the build 37 genome assembly as
suggested by LiftOver. Excluding these genes resulted in the final number of 797 unique gene
regions (including the alternate gene regions as explained above). In Appendix Data File 3.1, we
provide the list of all these 797 gene symbols and chromosome and base pair location
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Table 3-1: Alternate Gene Identifiers for Genes Unrecognized by Biofilter
Chr

Gene Name

Start Position

End Position

12
12

C1R
C1R

7080209
7085860

7082108
7092447

5
5

CDO1
CDO1

115804733
115813620

115816954
115816111

1
1

CHRM3
CHRM3

239386518
239386565

239387227
239911462

3
3
3
3

LTF
LTF
RARB
RARB

46436005
46468135
24829344
25174332

46465142
46485234
25120621
25597932

Extraction of genes from exome-sequenced data for 50,000 patients:

We had a sample size of 38,568 for this study. Table 3-2 shows the demographics of our
samples. We included all variants that passed the Variant Quality Score Recalibration (VQSR) 240–
242

sensitivity threshold of 99.5% for SNPs and 99% for INDELs as recommended in GATK best

practices242. We also filtered the sequencing data to include only unrelated European Americans
using genetically informed ancestry estimated via principal components who were > 18 years of
age. From this QC’ed version of dataset, using GATK we then extracted regions as specified in
Appendix data file 3.1 to obtain all variants in 797 DrugBank genes further used for association
testing.
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BMI

Age

Table 3-2: Demographic information for the samples of this study after quality contr
Total
38568

females
22428

males
16116

Min

18.01

18.01

18.12

Median
Mean
Max
Min

62.18
60.21
88.55
13.18

58.71
57.32
88.55
13.18

65.7
64.22
88.55
13.51

Median

30.36

30.73

30.04

Mean
Max

31.64
113.19

31.98
85.79

31.17
113.19

For our association testing, we used a collapsing approach and binned all variants with
minor allele frequency (MAF) < 1% within the genes using software package Biobin243 . We also
binned variants with MAF < 1% using various filtering approaches described below:
All Variants: All variants in the DrugBank genes (no filtering based on functionality)
Functional Annotation Filter 1: Loss of Function (LOF) and non-synonymous variants
using SNPEff software233. We used the following definitions:

1. Loss Of Function Variant: A variant that has one of the following SNPEff roles:
• chromosome_number_variation
• exon_loss_variant
• frameshift_variant
• stop_gained
• stop_lost
• start_lost
• splice_acceptor_variant
• splice_donor_variant
• rare_amino_acid_variant
• transcript_ablation
• disruptive_inframe_insertion
• disruptive_inframe_deletion
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Note that this should consist of all SNPEff roles with a HIGH impact modifier,
plus the addition of the disruptive insertion/deletion.

2. Nonsynonymous Variant: A variant that is identified as a Loss of Function variant above, or has one of the following SNPEff roles:
• missense_variant
• inframe_insertion
• inframe_deletion
• 5_prime_UTR_truncation
• 3_prime_UTR_truncation
• splice_region_variant
• splice_branch_variant
• coding_sequence_variant
• regulatory_region_ablation
• TFBS_ablation
• 5_prime_UTR_premature_start_codon_gain_variant
• non_canonical_start_codon

Functional Annotation Filter 2: LOF and predicted deleterious non-synonymous variants
by using five different predictive algorithms. Following 5 scoring algorithms (for details on these
algorithms, refer to Appendix Text 3.1) were used in dbNSFP244 to predict deleterious variants
(limited to only SNPs):
SIFT245
PolyPhen2 (HDIV training set) 246
PolyPhen2 (HVAR training set)246
LRT247
MutationTaster248
If multiple annotations exist for a given variant (as would be in the case of multiallelic variants or
variant annotations specific to a transcript), a variant is considered to be in a given class if ANY
annotation meets the specification above.

55
Functional Annotation Filter 3: LOF and predicted deleterious non-synonymous variants
by using one predictive algorithm (SIFT).
Non-functionally annotated Variants: Variants without functional annotation, i.e. the
variants that were not included in 2, 3 or 4 above

Phenotype data extraction of EHR

We extracted international classification of disease version 9 (ICD-9) codes from the
electronic health record (EHR) of GHS. For the ICD-9 based data, we created case/control
diagnoses, requiring an individual to have 3 or more instances of an ICD-9 code to be considered
a case, individuals with less than three but greater than zero instances were dropped out of the
analyses. Zero instances of an ICD-9 code resulted in the individual being considered a control. As
a result, we had a total of 541 case/control based diagnoses used in our association testing.

A total of 35 clinical lab measures were also extracted from the EHR; we used the median
lab value measured from the longitudinal data for each individual. Some individuals had more
clinical lab measures than others, we used the median to obtain a general reflection of individual
clinical lab measures. In previous publications190,230,231, we have shown the efficacy of these
measures in association studies.

We previously identified that quality control and transformation of clinical laboratory
measurements was needed to meet all assumptions for the statistical tests of association as also
described in Chapter 2 for same dataset230. Units of measurements are different at various GHS
laboratories and devices used at the time of care thus we standardized these observations following
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Logical Observation Identifiers Names and Codes (LOINC) guidelines. We did not include any
measurements where the units reported were different than LOINC units and/or if the conversion
was not possible. We excluded outliers where measurements were not within +-3 standard
deviations. Median values were calculated for each patient using all their measurements from the
EHR available as outpatients. Values were also transformed to obtain normal distributions. Table
3-3 lists all the clinical variables used for the analysis and their respective transformation methods
applied if necessary (left blank if not required).

Burden-test analysis

After collapsing rare variants across the 797 genes separately for all 5 types of filtering rare
variants, as described above we then used regression to evaluate associations with our 576
phenotypes (Clinical Lab measurements reported in Table 3-3 and ICD-9 codes listed in Appendix
Data File 3.1). The rare variant burden calculated for each individual included weighting based on
rarity of the variants, using weighted sum collapsing approach as suggested by Madsen and
Browning249. Weighted sum collapsing approach to give more weights to rare variants due to their
stronger effect sizes is implemented in software package Biobin65. For associations with ICD- 9
diagnoses, logistic regression was used, and for quantitative clinical lab measures linear regression
test was used. All models were adjusted by the covariates of age, sex and first 4 principal
components for ancestry. Below are the regression models for both disease diagnosis analysis
(logistic regression) and laboratory measurement analysis (linear regression).

Table 3-3: Clinical lab phenotypic variables tested for PheWAS
CLINICAL LAB TRAIT

TRANSFORMATION
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Alanine aminotransferase - serum plasma

Natural Log

Albumin - serum plasma
Natural Log
Alkaline phosphatase - serum plasma
Natural Log
Anion GAP - serum plasma
Aspartate aminotransferase (AST) - serum plasma
Natural Log
Bilirubin - serum plasma 0.001
Natural Log
Calcium (Ca) - serum plasma
CARBON_DIOXIDE_CO2_SERUM_PLASMA
Chloride (Cl) - serum plasma
Creatinine (eGFR) - serum plasma
Natural Log
Erythrocyte Distribution Width (RDW) - blood
Natural Log
Hematocrit (HCT) - blood
Hemoglobin - blood
Mean corpuscular hemoglobin concentration (MCHC) - blood
Mean corpuscular hemoglobin (MCH) - blood
Mean corpuscular volume (MCV) - blood
Platelet blood count
Platelet mean volume (MPV) - blood
Potassium (K) - serum plasma
Protein - serum plasma
Red Blood Cell (RBC) count - blood
Sodium (Na) - serum plasma
Urea Nitrogen - serum plasma
White Blood Cell (WBC) count - blood 0.001
Fasting Blood Glucose (FBG)
Hemoglobin A1C (HBA1C)
Cholesterol
Free T3
Free T4
Bicarbonate (HCO3)
High Density Lipoprotein (HDL)
Insulin-like growth factor (IGF1)
Low density lipoprotein (LDL)
Triglycerides (TRIG)
Thyroid stimulating hormone (TSH)

Log
Boxcox
Boxcox
Natural Log
Natural Log
Natural Log
Natural Log
Natural Log
Natural Log
Natural Log
Natural Log
Natural Log

BioBin currently does not provide direction of effect from regression analysis. Thus, for
each analysis we also calculated direction of effect (beta) using PLATO250.
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(1) %&'()*() = ,- + ,/ 01 '2 3*45) + ,6 78) + ,9 :); + ,< =>1 + ,? =>2 + ,A =>3 + ,C =>4 + E

(2) %3*45) = ,- + ,/ 01'2 3*45) + ,6 78) + ,9 :); + ,< =>1 + ,? =>2 + ,A =>3 + ,C =>4 + E

In equation (1) and equation (2), % refers to the dependent variable (phenotype value),
01'2 3*45) refers to the contribution of individual to a gene bin, ,- is the beta coefficent of the
model and E is the error term.
Associations using different filters for binning approaches (filters as described above) as
well as ICD-9 codes and clinical laboratory measures were run separately and then results were
combined. All total, considering both case/control diagnoses and quantitative clinical lab
measures, we performed 459,072 tests. This resulted in a Bonferroni Correction of 1.08e-07
using an alpha of 0.05.

Gene-set enrichment analysis:

Using the p-values from the regression analyses, separated by each phenotype and variant
filtering approach, we ranked results from most significant gene association to least significant
association. We then performed gene-set enrichment analysis (GSEA)251,252 for the results of each
phenotype and filtering approach separately. We ran GSEA using the following gene-set databases:
•

KEGG Pathway

•

GO Biological Processes

•

Immunological signatures

•

microRNA targets

•

transcription factor targets
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We ran the analysis using GSEA command line option for each phenotype and then compiled all
results for ICD-9 and quantitative variables at FDR q-value < 0.25 into two sets of results to
evaluate. For GSEA, we used default options of 1000 permutations for pre-ranked analysis where
ranking of genes is based on the significance of p-value obtained from regression analysis. We then
explored results from diagnosis codes and laboratory measurements to identify most significant
gene-set terms and genes enriched for the phenotypes evaluated.

Results

For the results of associations between various low frequency variant filtering methods,
for 797 DrugBank genes using whole exome sequencing data, we found a total of 91 results that
passed the Bonferroni threshold (P-value = 1.08e-07); all 91 results passing this threshold are in
Appendix Table 3.2. Table 3-4 also lists the most potentially novel gene-phenotype associations
for clinical lab and diagnosis codes in our study.

The two most significant results of this study are associations between genes and phenotypes where
the impact of loss of function highly relates to the known function of these genes. For example,
the top result from diagnosis codes analysis observed in functional annotation filter category 2
among variants was an association between the calcium-sensing receptor gene (CASR) and the
diagnosis of “hypercalcemia” (ICD-9 275.42, P-value = 1.34e-22, beta=3.89, functional annotation
filter 2), Appendix Table 3.2. CASR plays an essential role in calcium homeostasis and is expressed
mostly in kidneys and parathyroid glands. Mutations in CASR lead to familial hypocalciuric
hypercalcemia (FHH)253. In our study, this association was Bonferroni significant using all four
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functionally annotated filter categories with the most significant result for functional annotation
Filter 2. Associations between CASR and hypercalcemia was least significant via the ‘all variants’
filtering category (functional annotation Filter 1). This supports that the effect of association is
impacted more strongly by functionally annotated variants in the CASR gene rather than nonfunctionally annotated variants. The diagnoses used in drug treatments that target CASR are
hyperparathyroidism,

bone

destruction,

chronic

kidney

disease

with

secondary

hyperparathyroidism and impaired renal function. The most significant result from the clinical
laboratory measurement analyses was the association between the gene GPT and alanine
aminotransferase levels (P-value=3.29e-83; Beta=-0.64; functional annotation filter 1), Appendix
Table 3.2. The GPT gene encodes the enzyme glutamate-pyruvate transaminase 1, also known as
cytosolic alanine aminotransferase. Comparative analyses of GPT with alanine aminotransferase
among the four filter categories suggest that functionally annotated variants have larger impact on
phenotypic variation associated with GPT than non-functionally annotated variants.

Table 3-4: Potential novel associations from PheWAS analyses
Gene

Phenotype

#Samples

GLCCI1

WBC Counts

36587

SLC12A3

Potassium

36039

PTGR2

Abnormal
glucose
tolerance of
mother

PTGR2

Abnormal
glucose
tolerance of
mother

Filter Type
Functional
Annotation
Filter 2
Functional
Annotation
Filter 3

Beta

OR

SE

P-value

-0.32

0.72

0.04

2.33E-13

-0.07

0.93

0.01

5.91E-07

38313

Functional
Annotation
Filter 2

4.02

0.68

55.7

5.48E-09

38313

Functional
Annotation
Filter 3

3.19

0.61

24.28

1.70E-07
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PTGR2

Abnormal
glucose
tolerance of
mother

38313

All Variants

2.9

0.56

18.17

3.18E-07

PTGR2

Abnormal
glucose
tolerance of
mother

38313

Functional
Annotation
Filter 1

3.04

0.6

20.9

5.52E-07

FOS

Sensorineural
hearing loss,
unspecified

36864

Functional
Annotation
Filter 2

3.03

20.67

0.56

6.73E-08

FOS

Sensorineural
hearing loss,
unspecified

36864

All Variants

1.74

5.7

0.38

5.71E-06

FOS

Sensorineural
hearing loss,
unspecified

36864

Functional
Annotation
Filter 3

1.84

6.3

0.47

9.45E-05

FOS

Sensorineural
hearing loss,
unspecified

36864

Functional
Annotation
Filter 1

1.81

6.11

0.47

1.29E-04

2.73

15.33

0.54

3.69E-07

1.96

7.09

0.43

4.19E-06

1.94

6.95

0.44

9.59E-06

1.52

4.57

0.41

1.85E-04

ATF7

Overweight

35809

ATF7

Overweight

35809

ATF7

Overweight

35809

ATF7

Overweight

35809

Functional
Annotation
Filter 2
Functional
Annotation
Filter 1
Functional
Annotation
Filter 3
All Variants
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Associations with Clinical Lab Measures

To show the overall landscape of results for the clinical lab measures for both highly
significant and more potentially suggestive associations, we plotted all results below an exploratory
P-value of 0.001 for clinical labs in Figure 3-2 A and B. There were 197 unique gene-phenotype
combinations.

A total of 24 out of total 44 associations that passed our Bonferroni correction were for
bilirubin and represented alternative splicing forms of UGT1A gene. The UGT1A gene is known
for highly significant associations with bilirubin for common frequency variants254,203,255,256. This
gene family encodes enzyme UDP-glucuronosyltransferase, which converts toxic bilirubin into
non-toxic form257. Of note, all the highly significant associations only included LOF filtered and
all variants categories. No associations in the Non-LOF category reached Bonferroni significance.

We also identified associations between GOT1 and aspartate aminotransferase258 (in
Functional annotation filter 1 and 2). GOT1 is known as Glutamic-Oxaloacetic Transaminase 1
(also known as aspartate aminotransferase), therefore its association with aspartate
aminotransferase in serum is not surprising.
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Figure 3-2: Results from Clinical Lab and ICD-9 PheWAS
“A” represents plots of for clinical laboratory measurement gene based associations for results with P-value < 0.001. The Y-axis lists all phenotypes. Triangles
represent –log10 of P-value of associations on the left, with normalized beta in on the right with standard error bars. Points are colored based on the filter
category. Direction of triangle corresponds to the direction of effect, up +, down -. The results for Alanine Aminotransferase ALT are plotted separately in “B”
due high significance resulting in a very different scale from the rest of the results. “C” plot is of associations with P-value < 0.001 for ICD-9 code based
case/control diagnoses. The x-axis corresponds to ICD-9 category and y-axis corresponds to the –log10(P-value) of the association. Points are colored based
on the ICD-9 category. Within each diagnosis category the plotted points are ordered from most significant associations to the least significant associations.
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We found a highly significant association between TUBB1 and platelet counts (P-value=
7.85x10-11; Normalized Beta= -6.50; functional annotation filter 2) that was also Bonferroni
significant via LOF filters 1 and 3. TUBB1 was also associated with the related mean platelet
volume (P-value=3.57x10-08; Normalized Beta= 5.51 in functional annotation filter 3), but with a
positive direction of effect. The TUBB1 gene is highly expressed in platelets and megakaryocytes
and has been inferred to be involved in proplatelet production and platelet release

213,259

. The

TUBB1 protein is one of the two core families to form microtubules. Functional variants in the
TUBB1 gene inhibits platelet release, which results in decrease in platelet counts. This supports our
finding of a negative direction of effect in our association with platelet counts, indicating that an
enrichment in LOF mutations leads to a decrease in platelet counts. It has also been shown that
mutation in this gene is associated with autosomal dominant macrothrombocytopenia, with both a
reduction in platelet counts as well as an increase in platelet volume. This is also consistent with
the observation in our study that loss of function of this gene is positively associated with platelet
mean volume (a measure of the average size of platelets in blood).260,261.

Another association from our study is between GLCCI1 gene (using functional annotation
filter 2) with white blood cell (WBC) counts. Common frequency SNPs in the GLCCI1 gene have
been previously associated with asthma262,263, but not WBC counts. High WBC counts are a
reflection of inflammation, and higher WBC counts are observed in patients with severe allergy
and asthma264. A direct link of this gene to WBC is not known.
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Associations with Clinical Diagnosis

Of the 70 Bonferroni significant associations with ICD-9 code based diagnoses, there
were 60 unique gene-phenotype combinations. Of these, 14 associations are closely related to the
known function of these genes, and 57 associations are more novel with respect to existing
understanding of these genes.

For ICD-9 code associations, we have highlighted some of the key results of these
associations in the Manhattan plot of Figure 3-2 C. Among the top associations is the gene
TACR1 associated with chronic sinusitis (ICD-9 473.9; P-value=2.01x10-10; beta=2.34; functional
annotation filter 3). The TACR1 gene is from the family of tachykinin receptors that are
characterized by the interactions with G-proteins. Other G-protein receptors such as IKACH ,
GNB2 are linked to some other forms of sinusitis265,266 but this association between functional
annotation mutations in TACR1 and chronic sinusitis is novel. The drug aprepitant is a known
target drug for gene TACR1, and is an antagonist of the receptor. It is used to treat nausea and
vomiting symptoms caused by chemotherapy treatment for cancer267,268. This novel association
among functionally annotated mutations in TACR1 and chronic sinusitis warrants further
investigation to understand what impact this drug may have in relation to sinusitis, including a
potential side effect of tachykinin receptor blocking through the use of this drug.
In our study, we also identified functionally annotated variants in the PTGR2 gene (from
all categories where functionally annotated mutations were tested) with “abnormal glucose
intolerance of mother”. These association results are below Bonferroni significance in all 4
categories where functionally annotated variants are included. For these associations, we
observed highest odds ratio of 55.70 in functional annotation filter 2 and lowest OR of 18.17 in
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All Variants category. These results are shown in Table 3-4. This association is also novel and not
seen in any studies. Gene PTGR2 also showed Bonferroni significant association in Nonfunctionally annotated category but with the diagnosis of ICD-9 code 309.28 (anxiety and
depression).

Overall Trends of Results Across Variant Filtering Approaches

A focus of this study was comparing and contrasting the results of gene-based
comprehensive associations across a wide range of phenotypes when using a range of approaches
for filtering rare variants. Figure 3-3 below shows a circos plots representing all results with Pvalues less than 0.001 from functional annotation filter 2 category for results from associations
with ICD-9 based case/control status as well as the quantitative clinical lab measures. Plots for
other functionally annotated filters, All variants and Non- functionally annotated filter categories
are shown in Appendix Figures 3.1, 3.2, 3.3 and 3.4. We have presented results from each of the
functional annotation filters in separate colors to exemplify the differences and similarities
observed in these set of analyses.

For ICD-9 based diagnoses, the results from functional annotation filter 2 had the least
number of associations that were significant at an alpha level of 0.001. However, it also had the
most significant association of the entire study (CASR and hypercalcemia), as well as the most
significant associations for ICD-9 based diagnoses. Also for ICD-9 based diagnoses the Nonfunctionally annotated category showed the highest number of results at P-value < 0.001, but the
lowest P-value was 1.08e-09 for the gene GSK3B associated with the diagnosis “thoracic
aneurysm”, ICD-9 441.2. In the other functionally annotated filter categories for associations with
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diagnoses, the lowest P-value was 1e-10, and in the Non-functionally annotated category the
lowest P-value was 1e-08.
For clinical lab measures associations, filtering rare variants for functional annotation
showed more number of highly statistically significant results than non-filtering by functional
annotation (Allvar and Non-functional annotation filter categories), with the top result for
functional annotation filter 1, 2 and 3 for GPT and alanine aminotransferase levels (P-value =
3.29e-83).

To compare and contrast the effect of associations that are significant for one rare variant
filter and marginally or not significant in other filters, we picked the top 5 genetic associations
from each functional annotation filter and plotted the P-values of the same gene and phenotype
associations from the other functional annotation categories. These results are shown in Figure 34. For example, for the ICD-9 diagnosis based associations, the most significant association in the
All Variants category was between the gene THBD and the diagnosis “other closed fractures of
distal end of radius” (ICD-9 code 813.42, P-value= 3.54e-09). This result seems to be influenced
mainly by Non-functionally annotated variants as it is (a) significant in All variants, (b) not
statistically significant for the Non-functionally annotated filter (P-value = 2.23e-06) and (c) not
significant in the functional annotation filter categories.

The association between gene ADRA2B and “alcohol abuse” ICD-9 305.00 (mental disorders
category) is observed as most significant result for functional annotation filter 2 (P-value= 3.88e10). This association does not reach Bonferroni significance in other filter categories implying the
relevance of LOF and deleterious variants from this category and their link to alcohol abuse.
ADRA2B has been linked to diseases such as hypertension, obesity, epilepsy, etc269–271 and its
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association with addiction is also known272, but the specific link with alcohol consumption and
abuse has not been reported. Notably, the Non-functionally annotated results for this gene and
phenotype were very non-significant.

Figure 3-3: Circular Manhattan Plot
Manhattan plot of –log 10(p-value) association results by chromosome from ICD-9 codes (outer circle,
points represented as triangles) and clinical laboratory values (points represented as squares) for results
with p-value<0.001. The genes are labeled at their respective chromosome base pair location boundaries.
Red points represent results from LOF filter 2 category. The axis on both plots is same and goes from 0 to
22 (-log10 P-value).
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In the functional annotation filter 3 category, we observed an association between the
gene NPR3 with “anxiety behavior” ICD-9 309.24 (diagnosis category “adjustment disorder with
anxiety”) with P-value = 1.21e-09. The result however was statistically non-significant for
functional annotation filter 1 and All Variants, underscoring the contribution of LOF variants in
filter 3 to these associations. Natriuretic receptors are well known to play essential role in blood
pressure regulation. These receptors are also known to be very important in fluid regulation in
central nervous system and thus can effect emotional behaviors such as anxiety273.

We repeated this analysis using only the more highly significant top 5 clinical laboratory
measure associations from each rare-variant filter from the results presented in Figure 3-4A. As
previously mentioned, the association between GPT gene and alanine aminotransferase is the
most significant result in all 4 categories consisting of functionally annotated variants. This
association is not significant in Non- functionally annotated category. Also, it is interesting to
note that top 5 associations that are significant in Non- functionally annotated category are not
significant at all in other categories and do not pass Bonferroni significance in general.

Next, we explored the results intersecting among the rare-variant filters and again looked
at the count of results with P-value < 0.001, shown in Figure 3-5. For clinical laboratory
measures, we observed 8 results that were in functionally annotated filtered categories. For ICD9 diagnoses, we observed only 5 results that were shared among all categories implying that the
effect of association is from the combination of all functionally annotated and not annotated
variations, 200 results that were only present for functionally annotated filters, and 202 results in
both the functionally annotated and All variants filter.
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The intersection plots shown in figure 3-5 for the counts of associations shared in each
category highlight results due to various functionally annotated filters. It is evident from the plots
that there were 155 associations in functional annotation filter 2 and 3 in ICD-9 testing and 6
associations in laboratory measure testing implying that these associations were mostly influenced
by LOF and deleterious variants.
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Figure 3-4. Top 5 results from all Filter Categories
Plot showing top 5 results from each rare variant filtering strategy and corresponding –log10(P-value)
and magnitude and direction of effect (boxes linked to the data points) from other filtering strategies for
the same gene-phenotype associations for ICD-9 based diagnoses. First plot shows results for clinical
laboratory measurements and second shows results for ICD-9 code. The x axis in plot B shows the
general ICD-9 category the diagnosis was grouped into.

Only Identified in functionally annotated filters: The PheWAS-view plot in Figure 3-6
represents the common results identified from all functionally annotated filters, with minimum
number of cases 501 (track 3 in Figure 3-6). Among the top most significant associations that
were found only by functional annotation filtering of variants, we identified associations
between the FOS gene with “sensorineural hearing loss” ICD-9 389.10 (See Table 3-4). One
factor that causes sensorineural hearing loss is noise and studies in mouse models have
suggested that noise exposure activates the MAPK signaling pathway and the FOS gene among
other genes is up-regulated in MAPK Signaling pathway274,275. Another interesting association
was observed is between gene ATF7 and the ICD-9 diagnosis 278.02 (overweight) (see Table 34). Even though this result did not achieve statistical significance, it might reflect clinical
importance with further study. The ATF7 gene is known to be linked to familial atrial
fibrillation276 but its association with obesity is not completely known.

74

Figure 3-5: Intersection plots
Intersection plots shown in Figure 3-5 for the counts of associations shared in each category are very useful in picking more robust associations
that are due to various LOF filters. It is evident from the plots that there were 155 associations in LOF Filter 2 and 3 in ICD-9 testing and 6
associations in laboratory measure testing implying that these associations were mostly influenced by LOF and deleterious variants.
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Figure 3-6: PheWAS-View plot
PheWAS-view plot showing P-values, Beta and case number track for all results with strongest associations derived from filtering on LOF variants
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Only Identified in variants that are not functionally annotated: We explored the top-most
associations where the effect was not due to functionally annotated variants, only due to
associations with non-functionally annotated variants. We identified 2120 such associations
from ICD-9 analysis and 31 associations from clinical lab results where results are filtered at Pvalue of 0.001. Among the most significant associations is a novel association between the gene
PTGS2 (Prostaglandin-Endoperoxide Synthase 2) and ICD-9 493.20 (chronic obstructive asthma)
with P-value= 4.90e-08 and also between gene ADRA1D and ICD9-9 780.93 (memory loss) with
P-value= 7.64e-07, where gene ADRA1D is already known to be associated with
Schizophrenia277. All Bonferroni significant results in this category are shown in Appendix Table
3.2.

The top most associations are between gene NGF and WBC counts (P-value= 5.24e-06,
Normalized Beta= -4.55) and gene AZIN2 and creatinine levels (P-value= 5.94e-06, Normalized
Beta=-4.54). Both of these associations have not been reported previously by rare variant
association studies. Nerve Growth Factor (NGF) has been known to act in inflammatory
responses in rat studies278,279 and is also known to be responsible for T and B-cell activation in
humans280, therefore, its association with WBC counts based on rare variants offer further
evidence. EHR-based study could help in providing useful insights into understanding the
genetics behind inflammation, viral infections, etc.
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Figure 3-7: Matching results with DrugBank Database
“A” shows Intersection of results matching DrugBank database. A total of 874 associations had a match between the target gene, associated
phenotype, and the diagnosis that drugs are prescribed to target that gene, for p < 0.001. “B” represents Forty-one associations where there
was a match between the target gene, associated phenotype, and the diagnosis drugs are prescribed for that target that gene, for p < 0.001.
The x-axis shows the disease description and tracks from top to bottom show -log10 P-value, the magnitude and direction of effect, and the
number of cases. Colors represent the different filters applied to the variants before gene based association testing. Drug name is listed in the
association to represent the drug prescribed for the diagnosis listed. Bonferroni significant associations are shown zoomed in the plot.
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Associations with diagnoses matching diagnoses for drugs of the DrugBank database

We characterized gene-disease associations where the diagnosis matches the reason drugs
are prescribed that target specific genes. The DrugBank database provides list of genes that are
targets for drugs, along with the condition the drugs are prescribed for. We mapped these gene
and drug combinations to the ICD-9 code ranges corresponding to disease diagnosis. We matched
results below a P-value threshold of 0.001 to the DrugBank listed ICD-9 codes range as explained
above. A total of 1,277 associations (7 out of those associations were Bonferroni significant) had
a match between the target gene, associated phenotype, and the diagnosis drugs that are
prescribed to target that gene. There were 874 unique gene – phenotype combinations. Figure 37A shows how these results across individual ways of filtering rare variants, and when the
associations were present with more than one way of filtering rare variants. In supplemental
materials, we describe in more detail the number of associations we had depending on the
functional annotation of variants.

Two of the top associations, apart from the CASR results already described, were for
functionally annotated filtered variants. We found an association between ADRA2B and
“substance addiction and disorders” (ICD-9 305.00; lowest P-value= 3.88e-10; Beta= 4.51;
functional annotation filter 2), the drugs known to target this gene include Amoxipine,
Amphetamine, Loxapine, Clozapine, and the drugs are prescribed for are depression, stress and
attention deficit hyperactivity disorder (ADHD). There were also associations between RBP1 and
ICD-9 695.89 “other specified erythematous conditions” (lowest P-value 1.28e-09, beta= 3.25,
functional annotation filter 1). RBP1 plays an important role in transportation of vitamin A to
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epithelial tissue and thus is a gene target for the drug Acitretin281 which is used to treat psoriasis,
squamous cell carcinoma, chronic hand dermatitis, and malignant melanoma, among others282.

In order to further contrast how the significance of results changed depending on variant
filter, Figure 3-7B shows these results in PheWAS-view plot283 where we present P-values, betas
and the number of cases for each unique gene-phenotype combination. We also list the drugs as
listed in the DrugBank database that are prescribed for the matching diagnosis code. Notably in
the figure, regardless of the annotation or all variant filter, for each association the direction of
effect is consistently positive. Thus, all associations are with a protective direction of effect for
the disease conditions of the associations. In the Appendix Data file 3.1 we describe in detail
how many associations, and how much overlap, there was for these associations depending on
variant filtering.

Table 3-6: Number of associations observed uniquely for each variant filtering approach, where
results were not significant with p < 0.001 in any other categories, shown with ascending order of
count.

Filter Category

Count

NON LOF Variants
LOF Filter 2

201
176

All Variants

88

LOF Filter 3

72

LOF Filter 1

63
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Cross-phenotype associations

Exploring cross-phenotype and potentially pleiotropic associations are of high interest in
a PheWAS study due to a wide range of phenotypes evaluated at once. We filtered all results at Pvalue threshold of 1.08e-08 and number of cases greater than 150 (for ICD-9 code associations)
to look at cross-phenotype associations. We did not observe any cross-phenotype associations
where results were all Bonferroni significant. To explore these results further, for each gene
where P-value with phenotype was Bonferroni significant, we also extracted results for same
genes at P-value < 1e-04. Here we only report unique gene-phenotype combinations from all
filter categories as represented in Figure 3-8. This exploratory search of cross-phenotype
associations at an exploratory P-value cutoff resulted in several interesting observations. For
example, we see association among gene ABCA1 with HDL levels, total cholesterol levels, and
irritable bowel syndrome (IBS). The drug Probucol is used to target ABCA1 gene which helps in
controlling cholesterol and is also known to lower HDL. In MyCode dataset, we observed 1,486
patients that are cases for IBS and out of these patients 528 have total cholesterol>200mg/dl and
198 patients have HDL<40mg/dl. A connection between lipid levels and IBS warrants further
investigation.

Next, we also observed associations of various phenotypes such as hyposomality
(abnormal levels of electrolytes), hypopotassemia, chloride levels and septicemia with gene
Cytochrome oxidase 6 C (COX6C). The only Bonferroni significant association with COX6C is
abnormal electrolyte levels but this exploratory search points to the direction of the changes in
body caused due to sepsis infection. Septicemia can cause abnormal levels of potassium, sodium,
chloride, etc284,285. Cholic acid is used to target COX6C in treatment of adults and children with
bile acid synthesis disorders such as Zellweger Syndrome286. Cytochromes are known to be
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crucial during development of sepsis287,288 and there is a relationship between cholic acid levels
increasing with sepsis.
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Figure 3-8: Phenogram Plot
Phenogram plot representing cross-phenotype associations from results with P-values < 1x10-08. Shapes correspond to ICD-9 code description or Laboratory
measurements for both results that are Bonferroni significant and p-value<1x10-04 significant
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Pathway analysis for the most enriched results

With the results of our DrugBank PheWAS, we also used gene set enrichment analysis to
see if there were multiple genes within the same genetic pathways, that had been associated with
the same phenotype. This provides further information about key pathways impacting phenotypic
variability, and the impact of perturbing biological networks on outcomes. This approach can also
identify multiple potential drug targets across a single pathway. We used the P-values from the
regression analyses, separated by each phenotype and variant filtering approach, and ranked
results from most significant gene association to least significant association. We then performed
gene-set enrichment analysis (GSEA)251,252 for the results of each phenotype and filtering
approach separately (described further in methods)

Appendix Figure 3.5 shows an overview of number of results in ICD-9 code categories
at FDR q-value <0.25 for each of the filter categories. Similarly, Appendix Figure 3.6 represents
an overview of the number of results from clinical laboratory measurements. In our analysis, we
did not identify the enrichment of highly-significant genes in any pathways, we instead observed
that less significant genes (ranked lower in the list) were enriched in pathways. These results are
plotted in a heatmap in Figure 3-9.

We also explored gene set enrichment analysis at a non-stringent FDR q-value threshold
of 0.001. Counts varied from range of 1-5, we picked all gene-sets, gene and phenotype
combination where minimum counts of genes are 3. Using a less stringent approach with the
association results resulted in combination of 18 genes and 3 gene-sets (GO Drug Metabolic
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process, KEGG Drug Metabolism Cytochrome P450 and KEGG Retinol Metabolism) that are
found to be most enriched in our analysis. These results are shown in Figure 3-10.

It is not surprising to see drug metabolic processes as the top results from GSEA since we
started our analysis with genes that are common drug targets. We observed that in majority of
cases for each of these enriched pathways, that even though we performed gene set enrichment
separately, there were multiple filter categories (evident from overlaying points in Figure 3-10)
that showed similar gene enrichment results. We did however observe some results where genes
were found to be enriched in pathways for results only from one functional variant filtering
category. For example, all the genes listed in Figure 3-10 in the KEGG retinol metabolism
pathway are from associations with triglycerides for functional annotation filter 2, there was no
enrichment for these genes from other variant filters in this pathway.
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Figure 3-9: Heat map of GSEA results.
Heat map of GSEA results where FDR q-value=0. These results are separated by LOF filter category. X-axis is the gene name and Y-axis represent
combination on Phenotype (on right) and Gene-set (On left). Gradient of color corresponds to the normalized enrichment score (NES).

86

Figure 3-10: Plot from GSEA analysis
The top 3 enriched gene sets along with the genes that are found to be enriched in these pathways. The size of the points corresponds
to the normalized enrichment score, and the color corresponds to the Filter type from the tests. X-axis labels are gene names and yaxis labels are clinical lab measures or ICD-9 phenotype categories)
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Discussion

Association analyses for rare variants is another strategy in the search for uncovering the
hidden heritability of complex diseases14. Single variant analyses for rare variants can be underpowered to detect meaningful associations. Thus, as also mentioned in Chapter 1, collapsing or
binning based methods are an important approach to provide enough power for identifying the
impact of rare variation on phenotypic variability, these tests can be further refined by filtering
variation for functional impact. For this study, we filtered rare variants for each gene in various
ways to characterize how much results changed depending on the type of variants chosen.

We identified 91 novel rare variant associations. Many of the results clearly recapitulated
the known function of those genes on outcomes, some from common variant association testing,
even though the rare variant associations themselves were novel. We also had additional results
identifying new hypotheses for gene impact due to rare genetic variation. For example, we
observed associations between functionally annotated rare variants in the gene TACR1 and
chronic sinusitis, as well as associations between functionally annotated variants in ATF7 and
obesity related diagnoses (results not passing multiple burden threshold).

One of the unique approaches of this study was to compare and contrast results across
different ways of filtering rare variants by function. Gene-based association testing is still
relatively new, and annotation of rare variants to identify candidates for study is also a quickly
growing and developing field with more and more emerging bioinformatics tools. Our study
showed no single filtering approach with superiority over another filtering method. There was
variability in the top most significant results for each filtering approach, variability in the number
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of significant association results for each filtering approach, and our most significant association
result also came from the filtering method with the least number of highly significant
associations. Thus, our study shows the utility of using different filtering approaches for rare
variants when seeking out new genetic associations. For example, our associations between as
CASR and Hypercalcemia, GPT and alanine aminotransferease and UGT1A genes and Bilirubin
levels, were identified in all ways of filtering functionally annotated variation. We also tested for
associations for rare variants within genes for all variants except that are functionally annotated.
We observed that in the non-functional annotation filter category, the results were overall less
significant when compared to filtering based on annotated variants even though the largest
number of associations passing a P-value cutoff of 0.001 were not annotated-. With the overall
weaker effects of associations not filtering variants by functionality, we have confirmation of the
importance filtering novel variants by functional impact for gene based association testing.

Because Drugbank provides genes that are known drug targets with linked medications
that prescribed for specific diagnoses, we linked these diseases to ICD-9 code ranges and
identified associations that matched both the gene target and the diseases the specific drugs are
used to target. Our analysis resulted in 254 associations at P-value <0.001 that linked to similar
range of ICD-9 codes as diseases for which drugs are prescribed. Most of the results passing our
P-value cutoff consisted of functionally annotated variants where 5 different algorithms were
used to predict LOF, non-synonymous, and deleterious variants. Thus, we represent the
importance of functional annotation in rare variant association analysis to identify biologically
relevant results.
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We also explored potential pleiotropic associations, and unsurprisingly we found many
cross-phenotype associations for highly correlated phenotypes. However, there were some
intriguing cross phenotype associations. For example, Bonferroni significant results showed
association of COX6C with electrolyte levels but also associations with other phenotypes such as
septicemia, chloride and potassium levels for results below P-value 1e-04. While these
phenotypes are interrelated, we may be seeing more of a reflection of the complex interplay
between genetics and these phenotypes, not just the correlation between these phenotypes. We
also performed pre-ranked gene-set enrichment analysis and we identified 3 pathways and 18
genes that are enriched from low-significant ranked genes from our list. We did not find any
genes that were highly significant in our analysis to be enriched in any pathways.

Limitations

We adjusted our regression models consistently by age, sex and 4PCs corresponding to
genetic ancestry. which could have potentially missed the effect of other phenotypes on the
associations. Various covariates can affect genetic associations beyond the covariates used in this
study. However, from one phenotype to another the most relevant covariates can vary, and this
was high-throughput hypothesis generation over hundreds of phenotypes. This is regularly a
limitation in PheWAS when performing high throughput associations. The benefit of PheWAS is
that the results generate new hypothesis for further research, where individual association models
can be investigated in the future in a more comprehensive manner, including more phenotypic
development and exploring various covariates and their impact on the model.
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In this chapter, we present a gene based PheWAS-study by collapsing functionally
annotated and non-annotated rare variants (MAF<1%) into gene bins that are known drug targets.
We used a burden based approach to highlight the direction of effect for associations for the
genes tested. We have presented several associations where our results clearly reflect the known
function of these genes, underscoring how changes to the proteins through rare variation impact
phenotypic variation. We also found associations where there is less of a known relationship
between gene products and phenotypic variability, which could lead to new hypotheses for further
research. Our analyses highlight the importance of filtering rare variants by functional impact
before testing associations. We identified interesting cross-phenotype associations. Our future
work includes more refined phenotyping of variables identified in the associations of this study
and also developing high throughput technique to adjust the models for related phenotypes. We
will also further explore the potentially pleiotropic results of this study.
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Abstract

Primary open angle glaucoma (POAG) is a complex disease and is one of the major leading
causes of blindness worldwide. The complex nature of primary-open angle glaucoma (POAG) has
left researchers exploring the genetic architecture and searching for the missing heritability using a
number of different study designs. Over the past decade, many studies have been conducted to
explain the etiology of POAG; however, a high proportion of estimated heritability still remains
unexplained. GWA studies for POAG have identified significant associations but these associations
have only explained a small proportion of the genetic risk (odds ratios range between 1-3). In this
Chapter, we first sought to confirm the primary genome-wide significant associations that have
been discovered so far for glaucoma in phenotypes developed from EMR data in an effort to show
that EMR data can be a powerful resource for finding genetic variants influencing POAG
susceptibility. In Chapters 2 and 3, we laid the foundation of association analysis by identifying
additive effects for common and rare variants for wide range of phenotypes. Next, we are testing
for statistical interactions, which can be presented as an important tool in an attempt to explain
complex trait heritability as pointed out in Chapter 1. In this Chapter, we test for statistical epistasis
to elucidate the genetic etiology of POAG. We used a reduced list of variants filtered by marginal
main effect analysis to look for epistatic interactions. We present our results from replication of
gene-based interaction analyses performed in eMERGE and the NEIGHBOR consortium data.
Using expression data and annotations from various publicly available databases, the most
significant genes that replicated in our analyses show expression in the eye and trabecular
meshwork. Analysis for estimation of genetic variance explained by significant associations from
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previous GWAS and replicated variants from gene-based interactions suggest that these explain
5.6% of variance in eMERGE dataset and also explain 3.4% variance in NEIGHBOR dataset.

Introduction

Glaucoma, a chronic degenerative optic neuropathy that results in loss of retinal ganglion
cells and axons, is one of the primary causes of irreversible visual impairment worldwide affecting
approximately 70 million people289. Twin and relative studies have estimated the heritability of
primary open angle glaucoma (POAG) to be between 16-20%290,291. Genetic linkage studies have
only identified a common mutation found in MYOC which explains a very small fraction of total
risk in different populations292. Genome-wide association studies (GWAS) have proven to be a
successful tool in identifying several loci and genes associated with POAG which have elucidated
important biological information that has enhanced some understanding of the genetic architecture
of this disease293–296. Family based studies and GWAS taken together still only explain less than
10% of the heritability of POAG297.

Electronic Medical Records (EMR) represents a brief medical history about patients
whereas EHR consists of overall health information about patients which includes. Phenotypes
from EMR data are curated and linked to genetic bio-repositories in the eMERGE (electronic
MEdical Records and GEnomics) network at several participating institutions nationwide298–300. In
eMERGE, genotypes in more than 55,000 samples from 9 sites and 9 different genotyping
platforms have been imputed to the 1000 Genomes reference panel301. We conducted a GWAS on
5,090 eMERGE samples (961 cases and 4,129 controls) that were extracted from the dataset
containing ~55,000 samples for the purpose of confirming known signals from previous POAG
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GWAS to show that EMRs are a powerful resource that can be utilized to explore genetic
associations for complex traits. In addition to disease- associated SNPs identified by GWAS, some
studies have also identified interactions between variants in genes OPTN and OLFM2 to be
significantly associated with open angle glaucoma (OAG)302. The genetic architecture of traits with
complex inheritance such as POAG are expected to include complex genetic interactions, that in
part, can also account for disease heritability 14,37,303–305. Many studies in model organisms such as
Drosophila and mouse have shown strong evidence of epistasis, or gene-gene interactions, in
complex phenotypes 306,307. Because of the complex nature of POAG, it is possible that disease risk
is not mediated only by single loci but also by a harmonious links between different genes.

Many computational techniques have emerged in recent years to explore genetic
interactions, yet numerous challenges must be overcome to conduct these analyses, including
extensive computational resources and time required to run analyses. Further, exhaustively
searching for pairwise SNP-SNP interactions leads to issues with multiple testing corrections,
which makes discovering interactions even more difficult. To limit the search space, it is important
to reduce the number of variants being tested62. To address this issue, we limited our SNP-SNP
interaction analysis in the eMERGE dataset (Discovery dataset) to only those SNPs attaining
marginal to strong association (p-value < 0.01) in the eMERGE POAG GWAS.

Additional analytic challenges include biological interpretation of all SNP-SNP
interactions. Replication of the exact SNP pairs is extremely difficult and still remains an
exasperating task as it is complicated by linkage disequilibrium (LD) pattern differences as well as
genetic and/or clinical heterogeneity

308–310

. Genetic heterogeneity poses a challenge in replicating

exact variants associated with a disease in different populations, as the variants are spread across
multiple loci in a gene or are in high linkage disequilibrium (LD) with other variants. It has been
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previously reported from studies in model organisms such as yeast that understanding the genetic
architecture of diseases precisely in heterogeneous populations such as humans is an arduous task
311–313

. Therefore, to overcome the problem of replicating exact SNP-SNP pairs and address the

challenge of heterogeneity, we annotated SNPs to genes and then extracted all SNPs in the top
interacting models (results with likelihood ratio test (LRT) p-value<1x10-05 in the Discovery
dataset) to perform a gene-based SNP-SNP interaction analyses followed by replication in the
NEIGHBOR consortium (Replication dataset; previously genotyped and reported314). The dataset,
which includes 2,132 POAG cases and 2,290 non-POAG controls, was then imputed to the
1000Genomes reference dataset315. In this study, we report our top replicated findings from the first
gene-based interaction study in POAG conducted on two independent datasets.

Materials and Methods

Discovery Dataset:

eMERGE-II was a consortium in the United States that consisted of seven adult sites and
two pediatric sites across the country. There were a total of 55,289 unique samples in eMERGE
that have been genotyped on different platforms and imputed to the 1000 Genomes March 2012
reference dataset using SHAPEIT2 for phasing and IMPUTE2 for imputation316. Five adult sites
(Marshfield Clinic, Group Health, Geisinger Clinic, Northwestern University, and Mayo Clinic)
contributed samples to the glaucoma phenotype. There are total of 5090 samples that include 961
cases and 4,129 controls, (2,247 males and 2,843 females). Table 4-1 shows the distribution of
samples across all sites and gender. Glaucoma case and control status was obtained from EMR
data. All cases and controls selected were age 40 or above and had a recent eye exam within two
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years. Patients with two or more occurrences for ICD-9 codes for open angle (365.10), primary
open angle (365.11) or low-tension open angle glaucoma (365.12) were diagnosed as cases and all
the other samples were further evaluated for controls by following criteria: excluded any samples
that had diagnosis for Ocular Hypertension; patients with Current Procedural Terminology (CPT)
codes for glaucoma related surgery; patients that were given intraocular pressure lowering
medications (details in Appendix Text 4.1). Glaucoma samples in the eMERGE dataset were
extracted from the imputed version3 dataset (dbGaP accession: phs000888.v1.p1}; all markers and
samples below 99% call rate were excluded from the analysis. For the purpose of running GWAS
and GXG common variant analysis, we only kept markers at MAF >=0.05. This resulted in
2,914,185 SNPs tested for GWAS. Principal component analysis was performed using
Eigensoft[58] on all non-related samples to look for individual level population variations. We
calculated 32 principal components and used a scree plot visual to determine the significant number
of principal components. A plot of eigenvector 1 versus 2 from the eigen-analysis is shown in
Figure 4-1. Adjusting for principal components helps to identify non-spurious and relevant
associations that are merely due to ancestral difference.
Table 4-1. Demographics for glaucoma samples in eMERGE discovery dataset
Variable

Type

Glaucoma
Phenotype

Observations

%

Cases

961

0.189

Controls

4129
409
71
289
86
85
21
1441
253

0.811
0.08
0.014
0.057
0.017
0.017
0.004
0.283
0.05

Cases
Site

Controls

Category

Group Health
Vanderbilt
Marshfield
Mayo
Geisinger
Northwestern
Group Health
Vanderbilt
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Cases
Sex
Controls

Cases
Race

Marshfield
Mayo
Geisinger
Northwestern
Male
Female
Male
Female
Black
White
Other
Black

1245
411
382
397
404
557
1843
2286
14
922
25
82

0.245
0.081
0.075
0.078
0.079
0.109
0.362
0.449
0.003
0.181
0.005
0.016

White

3918

0.77

Other

129

0.025

Controls

Figure 4-1. Principal component analysis (PCA)
Principal component analysis (PCA) of 5090 samples (glaucoma cases and controls) from
eMERGE network. Eigenvector 1 is on x-axis and eigenvector 2 is on y-axis. Each point is a sample
and they are color coded by case and control status.
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Replication Dataset:

DNA from more than 4,900 POAG cases and controls (primarily European Americans)
was collected for the NEIGHBOR study from 12 sites including Massachusetts Eye and Ear
Infirmary, Brigham and Women’s Hospital, Duke University, Johns Hopkins University,
Marshfield Clinic, Stanford University, University of Pittsburgh, University of West Virginia,
University of Miami, University of Michigan, University of California, San Diego, and Vanderbilt
University as previously reported294,314. POAG was defined in cases by the presence of optic nerve
disease with visual field loss consistent with nerve fiber layer dropout; when this information was
not available, cases were determined based on a cup-to-disc ratio greater than 0.8 in at least one
eye. POAG controls had normal optic nerves, normal intraocular pressure, and presumed normal
visual fields, or a cup to disc ratio less than 0.7. Samples were genotyped on the Illumina 660W
Quad platform at the Center for Inherited Diseases Research (CIDR). Samples with call rate <97%
were excluded, as were samples determined to be related with a kinship coefficient >0.0312. This
resulted in 4,422 individuals (2,132 POAG cases, 2,290 controls). Principal components analysis
was run using Eigenstrat and eigenvectors were tested for association with disease status using a
logistic regression model in Stata; eigenvectors 1,2,3, and 10 were significant. The GWAS data
were phased and imputed to the March 2012 version of the 1000Genomes reference data using
ShapeIt2 and IMPUTE2. Markers with call rate <97% and MAF<0.05 were removed, as were
markers with imputation quality <0.7; this resulted in 6,287,101 variants to be examined for further
analysis. Out of ~6M variants, 3839 SNPs were used for the purpose of replication as described
earlier in methods section.
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SNP-SNP interaction analysis

Exploring pairwise SNP-SNP interaction is a two-step process. Steps for filtering of SNPs
at different stages are explained in detail in Figure 4-2. From GWAS results, we extracted all SNPs
with main effect p-value <0.01 and also to test only independent models, we removed any SNPs in
high linkage disequilibrium (LD r2 threshold >0.6). We removed these SNPs in LD using PLINK.
Secondly, we investigated all pairwise SNP-SNP interaction models using logistic regression in
PLATO250 assuming an additive encoding model. All models were adjusted for age, sex, site,
platform and first 6 principal components. Likelihood ratio tests were performed to determine
significance of each pairwise interaction model above and beyond its main effects. This resulted in
117 SNP-SNP models with LRT p-value <1x10-05. To perform replication, these SNPs from the top
117 SNP-SNP models were annotated to genes using Biofilter 2.0318 which resulted in 91 unique
genes that were considered for replication. All SNPs in these genes were extracted from
NEIGHBOR data and then SNPs passing an info score threshold of 0.7, marker call rate of 99%,
MAF 0.05 and SNPs passing LD pruned r2 threshold 0.6 were considered for replication (i.e. 3,839
SNPs). All genes based on expanded SNP-SNP models were exhaustively tested in the replication
dataset. A total of 7,367,042 pairwise SNP-SNP models (from 3,839 SNPs) in 91 genes were
evaluated in the replication dataset. Unique models with replicating LRT p-value< 0.001 are
reported in Table 4-3.
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Figure 4-2: Flow chart
Flow chart explaining all the steps for gene based interaction analysis in discovery (eMERGE) and
replication dataset (NEIGHBOR).

Results

Generalization results from GWAS:

To identify previously reported associations between SNPs and POAG disease status as
defined by the EMR algorithm, we performed a genome-wide scan with samples classified as
POAG cases (N=961) and controls (N=4,129). The POAG cases were electronically phenotyped
using the EMR data in eMERGE (details on the phenotypic algorithm for POAG are provided in
Appendix Text 4.1). Our analysis was adjusted for the first six principal components, age, sex,
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genotyping platform, and eMERGE site. Figure 4-3(A) illustrates the results for the primary GWAS
analysis in a Manhattan plot. SNPs in genes that have known association with glaucoma were
annotated with gene names for simplicity of interpretation of results. Figure 4-3(B) show a quantilequantile plot of observed and expected p-values. The genomic inflation factor (λ) is 1.04, which
suggests that there is minimal inflation in our results.

Figure 4-3: POAG GWAS Results in eMERGE dataset.
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First panel shows Manhattan plot shows chromosome and base pair positions on x-axis and -log10
of p-value on y-axis. Each point here represents a SNP. Red line is the genome-wide significance
line at 5x10-08. Highlighted points indicate annotation of SNPs with previously reported GWAS
associated genes. Second panel shows a QQ-plot from GWAS analysis

From the GWAS analysis, we reviewed 17 previously reported glaucoma-associated loci
that have attained genome-wide significance (i.e. p-values<5x10-08) according to the NHGRI
GWAS catalog in one or more studies319. Table 4-2 shows all of the known loci as of March 25,
2016 and with the p-values obtained from our analyses. Although only one of our results reaches
genome-wide significance level (5x10-08), six of our results reach Bonferroni significance (0.05/17
tests), and 13/17 exceed a p-value <0.05; thus, we observe p-values for known associations also
clearly shows that EMR data can produce non-spurious and relevant findings. Thus, we believe that
the data derived from the EMR were able to replicate many of the signals and demonstrate that in
our EHR-derived phenotype we can identify association signals with glaucoma. A point to note
here is that based on previous GWAS’s as cited from NHGRI GWAS catalog, not all loci reach
genome-wide significance in all studies. Here we have compiled lists of all loci that have reached
genome-wide significance in a minimum of 1 study. For example, variants in gene PMM2 have so
far only being replicated in Chinese populations.

Based on power calculations, we had

approximately 45% power to detect a common allele with odds ratio greater than 1.5 at genome
wide significance (Appendix Table 4.2 show power calculation results considering odds ratio in
range on 1-3 as reported in previous GWAS studies for POAG in the NHGRI GWAS catalog and
MAF range of 0.05-0.5). Power calculations were done using Quanto available at:
http://biostats.usc.edu/Quanto.html) . Thus, we demonstrate that existing EMR data can be
extensively utilized in confirming known GWAS hits and are powerful resources for applying new
methodologies to explore the genetic architecture of complex trait
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Table 4-2: Results from GWAS analysis, showing previously reported gene regions that are known to be associated with glaucoma; the
lowest p-value of the gene region in eMERGE GWAS analysis for glaucoma is reported.
Gene Region

Chrom

Start

End

SNP

Lowest P-value

CDKN2B-AS
AFAP1
SIX6

9
4
14

21984777
7750440
60965669

22131096
7951653
60989568

rs7866783
rs1320074
rs1018533

4.49x10-08
1.61x10-06
6.65x10-05

Odds
Ratio
1.34
0.77
0.8

GAS7
TXNRD2
GMDS
ABCA1
FNDC3B
8q22 Region:
LRP12_ZFPM2
TMCO1

17
22
6
9
3
8

9803926
19853040
1614035
107533283
171747418
105491459

10111868
19939359
2255868
107790527
172128493
106826767

rs12150284
rs58714937
rs13217030
rs2472495
rs12897
rs1545699

1.95x10-04
1.43x10-03
6.11x10-03
1.10x10-02
1.24x10-02
1.23x10-02

1.22
1.26
1.21
1.17
0.87
0.86

1

165683528

165806992

rs4233408

1.28x10-02

0.82

TGFBR3
PMM2
CAV2
CAV1
ATXN2
SIX1
FOXC1

1
16
7
7
12
14
6

92135900
8890670
115917434
116154839
111880018
61100133
1600681

92381559
8944194
116158595
116211239
112047480
61134977
1624132

rs2810903
rs8057024
rs75347112
rs7795510
rs653178
rs7152548
rs2235718

1.77x10-02
3.18x10-02
2.91x10-02
8.84x10-02
1.60x10-01
3.17x10-01
6.15x10-01

1.24
1.11
0.79
1.09
1.08
0.9
0.96

Reference Study
[57]Osman W (PMID: 22419738)
[5]Gharahkhani P (PMID: 25173105)
[5]Gharahkhani P (PMID: 25173105)
[57]Osman W (PMID: 22419738)
[58]van Koolwijk LM (PMID: 22570627)
[30]Cooke Bailey J (PMID: 26752265)
[5]Gharahkhani P (PMID: 25173105)
[45]Chen Y (PMID: 25173107)
[32]Lu Y(PMID: 23291589)
[29]Wiggs J (PMID: 22570617)
[58]van Koolwijk LM (PMID: 22570627)
[5]Gharahkhani P (PMID: 25173105)
[33]Li Z (PMID: 25861811)
[45]Chen Y (PMID: 25173107)
[7]Thorleifsson G (PMID: 20835238)
[7]Thorleifsson G (PMID: 20835238)
[30]Cooke Bailey J (PMID: 26752265)
[57]Osman W (PMID: 22419738)
[30] Cooke Bailey J (PMID: 26752265)
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Gene based SNP-SNP Interactions

Detection of epistasis is of interest in exploring the etiology of complex diseases. In the
present study, markers that showed suggestive marginal association with POAG from the eMERGE
GWAS (4,624 SNPs with p-value<0.01) were chosen as potential candidates to detect epistatic
interactions between genes, a strategy also used by many others (reviewed by Sun et al 2014)62.
We performed this analysis in all 5,090 eMERGE samples and also in samples only from European
American (EA) ancestry (4,840 samples). In testing for epistasis, we performed a pairwise SNPSNP interaction analysis i.e. each from the 4,624 SNPs were tested against the remaining 4,623
SNPs. To examine the distribution of observed p-values in this discovery dataset, we plotted the pvalues in a quantile-quantile plot to compare against random expected p-values. This qq-plot is
shown in Appendix Figure 4.1. We also calculated the inflation factor for the observed values using
the GenABEL package in R320 and the inflation factor was 1.03. SNPs within or 10kb upstream or
downstream of the gene location were mapped to 2,433 genes using the Library of Knowledge
Integration (LOKI) database compiler in Biofilter 2.0[33]. From the eMERGE dataset, we chose a
p-value threshold (1x10-05) to obtain approximately the top 100 results to consider for replication.
Next, to empirically estimate the null distribution of the test statistics in the discovery dataset, we
conducted the Kolmogorov-Smirnov test for all p-values above the chosen threshold (1x10-05) to
test the null hypothesis that p-values come from a uniform distribution. The test resulted in a pvalue of 0.28 which suggests that we did not have proper evidence to reject the null hypothesis.
Using a LRT p-value <1x10-05 as a threshold, we observed 117 SNP-SNP models that mapped to
91 genes. SNPs (151 out of 224) not located within 10Kb region of a gene were not tested in
replication based on the definition of a gene as described above. A total of 3,839 SNPs were
available in the NEIGHBOR dataset that mapped to the 91 genes from eMERGE and were
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subsequently moved forward to the replication stage. There were 1,361 results that passed p-value
criteria for marginal replication i.e. LRT p-value <0.01 in the NEIGHBOR dataset (Appendix Table
4.1). Considering LRT p-value <0.001 (to get the top 100 models) for the NEIGHBOR dataset, we
observed 117 SNP-SNP models in 33 unique genes that replicated consistently with the eMERGE
results. The flow of this process is explained in detail in Figure 4-2. Since we tested 91 unique
genes in NEIGHBOR dataset, we calculated Bonferroni significance at alpha=0.05 based on these
91 genes (i.e. 0.05/4095 = 1.2x10-05 where 4095 is the number of tests for 91 genes), 3 models
(ALX4-RBFOX1, OPCML-RYR3 and ZNF385B-ELMO1) passed Bonferroni corrected p-value
(1.2x10-05) at alpha=0.05. Figure 4-4 illustrates all unique gene-gene models (resulted in 17 unique
models from a total of 117 SNP-SNP non-unique models) and their respective lowest p-values from
the models in both eMERGE and NEIGHBOR datasets. Appendix Table 4.1 shows all non-unique
results that were replicated from both all eMERGE samples as well as only EA eMERGE samples.
It is evident from the table that many tag SNPs spread across the same genes show similar
interactions, supporting the approach of gene-based interaction analysis rather than finding exact
SNP-SNP interaction in both discovery and replication analyses.
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Table 4-3: All replicating gene-gene interactions at LRT p-value <1x10-04 for replication dataset.

ALX4_RBFOX1
OPCML_RYR3
ZNF385B_ELMO1
CTNND2_NRG3
TMEM97P2_SLC24A3
CD247_CYP4F8
CCDC3_GTF3C1
ROBO1_HTR2A
ERC2_TNC
CARS2_SIRPB2
FAM167A_NAV2
SUMF1_RPS6KA2
C8orf12_NAV2
SETDB1_ITGA9
NLN_DCHS1

rs10838251
rs2246352
rs2138196
rs1302802
rs7836543
rs864537
rs2399892
rs6802127
rs7637114
rs389656*
rs7018324
rs11919486
rs7018324
rs34207591
rs10096

rs653127
rs2467565
rs918978
rs11191761
rs7264540
rs2239367*
rs4787965
rs2070039
rs7035322
rs12480584
rs10734289
rs12208871
rs10734289
rs4678971
rs937856

eMERGE LRT
P-val
7.29x10-06
4.34x10-06
6.53x10-06
9.23x10-06
9.24x10-06
8.88x10-06
6.78x10-06
5.44x10-06
4.88x10-06
1.83x10-06
6.59x10-06
2.39x10-06
6.59x10-06
9.66x10-06
2.97x10-06

MYO5A_GNG7
LOC101928114_LOC101928703

rs1669859
rs12491137

rs759065
rs6840100

3.01x10-06
9.30x10-06

Gene1_Gene2

eMERGE Var1

eMERGE Var2

rs7126447
rs2659614
rs13408749
rs2973515
rs7826784
rs704856
rs2580904
rs1444480
rs815443
rs2304767
rs2618433
rs13096374
rs10105588
rs198325
rs1309822

rs11077011
rs8028442
rs2392477
rs660464
rs11907443
rs3794989
rs7184872
rs9534510
rs7847271
rs2422575
rs2584848
rs1883361
rs2243437
rs78196452
rs2659863

Neighbor LRT
P-val
1.62x10-06
1.01x10-05
1.23x10-05
1.60x10-05
1.12x10-04
1.24x10-04
1.91x10-04
2.18x10-04
2.42x10-04
3.83x10-04
3.90x10-04
4.32x10-04
6.09x10-04
6.47x10-04
7.03x10-04

rs2693467
rs62248525

rs7258864
rs75134552

7.84x10-04
7.96x10-04

Neighbor Var1

Neighbor Var2
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Figure 4-4: Synthesis-view plot.
Synthesis view plot representing unique gene-gene interaction models and their p-values in discovery
and replication dataset.
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As additional follow-up, we explored which of the 33 unique genes comprising the 17 unique genegene models (described above) showed evidence of expression in eye tissue using two online
databases: Tissue-specific Gene Expression and Regulation (TiGER) (we used a threshold of
enrichment greater than 0.5) and BioGPS[35] (listing mRNA expression based on custom arrays,
we used a threshold greater than median expression value across all tissues in each gene to list it as
expressed in the eye tissue). Figure 4-5 shows a gene-gene interaction circular plot among the 33
unique genes color-coded by the genes that are expressed (red) and not expressed (grey) in eye
based on these databases. Next, we looked for expression of these genes in different eye tissues
using the ocular tissue database322 and reported the expression of the genes found in the database
in 10 different eye tissues in Appendix Figure 4.2. We also annotated these 33 unique replicating
genes to pathways using Biofilter 2.0. To evaluate the presence of genes in major pathways, only
pathways supported by at least 2 sources in Biofilter were considered. Since Biofilter reports results
from all the data sources, we observed some annotations whose relevance could not be established
and these annotations were discarded. We carefully reviewed pathway annotations from Biofilter
and removed results that were not applicable. Appendix Figure 4.3 represents a Cytoscape
hierarchal plot[36] for 16 of the 33 genes that were annotated to 11 major pathways.
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Figure 4-5: Circular interaction plot.
Circular plot representing only unique gene-gene interactions. Genes are colored as red if they are
expressed in eye and as grey if not expressed in the eye. All genes are ordered by chromosome.
Links between the genes represent gene-gene interactions that are replicated.

Lastly, to investigate genetic variance explained by these SNPs, we combined 17 SNPs
from Table 4-2 with the 34 SNPs from Table 4-3 to estimate variance of POAG risk. Analysis in
eMERGE data using GCTA323 suggests that GWAS SNPs explain 2.1% of the variance. Adding
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top significant SNPs from the interaction analysis performed here increases the explained estimated
variance to 5.6%. Analysis in NEIGHBOR dataset for GWAS as well as SNPs replicated from
interaction study explain 3.4% of the total variance. Variance explained in the NEIGHBOR dataset
is less than the variance explained in eMERGE mainly because the disease prevalence (1.86% as
suggested by National Eye Institute (https://nei.nih.gov/eyedata/glaucoma)) used in this analysis is
low as compared to the proportion of cases and controls as suggested in GCTA manual323.

Discussion

We have successfully completed a discovery and replication study to test gene-based
interactions in two large POAG datasets: eMERGE and the NEIGHBOR. We have identified
several gene-gene interactions associated with glaucoma and showed that most of the genes are
expressed in the eye. We annotated all replicating genes from the gene-gene interaction analysis to
pathways and observed that 16 genes from the analysis were mapped to 11 major pathways based
on the sources available in Biofilter. Our results show several genes involved in cell adhesion,
axonal guidance and signaling pathways, previously hypothesized to impact glaucoma-related optic
nerve degeneration
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. Expression analysis from the ocular tissue database also shows that many

genes identified by this analysis show high expression in optic nerve and optic nerve head
especially three genes in particular GNG7, RYR3 and CTNND2 (See Appendix Figure 4.2).
Zinc finger proteins are also known to be associated with glaucoma325 . Our results indicate
associations with POAG involving interactions between several zinc finger proteins and other
protein coding genes such as interaction between genes ZNF385B and ELMO1 (LRT p-value
6.53x10-06 and 1.23x10-05 for eMERGE and NEIGHBOR respectively).
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Among the top associations, is the interaction between protein coding genes OPCML and
RYR3 (LRT p-value 4.34x10-06 and 1.01x10-05 for eMERGE and NEIGHBOR respectively). The
OPCML gene is an opioid binding protein/cell-adhesion molecule that is closely related to other
proteins including , the NTN (neurotrimin), and genes in the immunoglobin family (IgLON
family)326. NTN has been found to be nominally associated with glaucoma in previous studies327.
Our results also indicate interaction for ROBO1 and HTR2A (LRT p-values 5.44x10-06 and
2.18x10-04 for eMERGE and NEIGHBOR respectively as shown in Table 4-3). Both of these genes
show co-expression with SNCA as predicted by the GIANT network 328 (Genome-scale Integrated
Analysis of gene Networks in Tissues: http://giant.princeton.edu/) web based interface. Figure 4-6
shows an interaction network generated by GIANT with genes that show functional interaction
between query genes and other genes expressed only in the eye. HTR2A encodes receptors of 5HT2A serotonin molecules. Serotonin molecules work as neurotransmitters and these molecules
also function as receptors for many drugs329.
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Figure 4-6: GIANT network.
GIANT network representing interaction between ROBO1 and HTR2A query genes and other genes
for expression in the eye. Scale represents the confidence in the relationship shown

Another interesting finding is an interaction between CTNND2 and NRG3 (LRT p-value
9.23x10-06 and 1.60x10-05 for eMERGE and NEIGHBOR respectively as shown in Table 4-3).
CTNND2, i.e. Catenin Delta 2 gene, encodes adhesive junction proteins that are involved in retinal
morphogenesis and cell adhesion 330,331.

Cadherin molecules are known to support the migration of axons during optic nerve
morphogenesis ,[50] and have been previously investigated as POAG susceptibility genes

333,334

.

Our results identify a statistical interaction between NLN and glycoprotein DCHS1 also known as
PCDH7 (LRT p-value 2.97x10-06 and 7.035x10-04 for eMERGE and the NEIGHBOR respectively)
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and also an interaction between NGR3 (neuregulin 3) and cadherin-associated protein CTNND2
(LRT p-value 9.23x10-06 and 1.60x10-05 for eMERGE and the NEIGHBOR respectively).
Pathway analysis using the gene-gene models revealed several interesting pathways
including signal transduction, cell adhesion and regulation of actin dynamics for phagocytic cup
formation. Myocilin, a protein involved in mendelian forms of glaucoma, may impact focal
adhesion and migration of cells 335 but the interaction among other genes with similar functions is
unknown. Our analysis highlights several genes with these functions and their role in glaucoma
may require further investigation.

Our interaction analysis showed at least two genes (CTNND2 and RBFOX1) that have been
previously associated with myopia, and are also associated with glaucoma in our datasets. CTNND2
is known to be associated with myopia336 and myopia can influence glaucoma risk 337. CTNND2 is
significantly associated with myopia in an Asian GWAS and RBFOX1 has been associated with
myopia in a multi-ethnic cohort and also in a Chinese population-based study [53–55]. In
eMERGE, POAG cases and controls were not screened for myopia. Therefore, these associations
will need further evaluation to understand if they are due to the co-morbidities of POAG and
myopia in these patients. These results suggest that exploring interaction among genes associated
with myopia may also be of interest in POAG studies. In conclusion, interactions among genes with
only marginal POAG association can demonstrate interesting interactions that may contribute to
the complex etiology of POAG.

This is the first replication study to identify gene-gene interactions in POAG in a large
case-control dataset. We found 17 gene-gene replicating models at LRT p-value less than 0.001
and many of these interacting genes play important roles in cell adherence junction and signal
transduction. Most drugs for glaucoma target synthesis of aqueous humor, which could be achieved
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by manipulating trabecular meshwork that maintains the outflow of aqueous humor in the eye. In
most of the glaucoma patients, the outflow mechanism from the trabecular meshwork is negotiated
when the progression of the disease is accompanied by an increase in intraocular pressure. For all
the genes that are expressed in eye, we looked at the genes that are also expressed in trabecular
meshwork via literature search and in the ocular tissue database as shown in Appendix Figure 4.2
338,339

. While most of the genes identified in this study show significant expression in the eye, 9

genes in particular (GNG7, ROBO1, SUMF1, RYR3, SLC24A3, CCDC3, CARS2, RPS6KA,
SETDB1) also show expression in trabecular meshwork. Thus, this suggests potential genes that
could be involved in ocular hypertension and elevated IOP could be linked to the progression of
POAG. Many complex diseases are caused by multiple variants in the same genes or in different
genes. SNP-based association tests do not account for locus based genetic heterogeneity, and when
looking for replication it is highly unlikely that the same variant might be causal for a complex
disease in an independent population. Our analysis highlights the importance of performing gene
based interaction analysis to utilize complexity in biology and considering heterogeneity for testing
statistical epistasis. Our analysis also indicates that testing for interactions in association studies
can help explain additional genetic variance beyond that accounted for by SNPs associated with a
disease via main effects only. Despite of the advantages to look for gene-based interactions, one
limitation of this approach is that focusing only on the genes could result in missing interactions
among the intragenic regulatory regions such as distal enhancers. Furthermore, we also did not test
for all possible pairwise combinations but instead picked variants that show significant to marginal
main effect which could also result in missing some potentially significant epistatic variants. Future
studies could include testing for interactions based on prior-biological knowledge and testing for
regions that are involved in similar pathways or are linked based on regulatory information
available[32]. More studies or meta-analysis to replicate the interaction results can provide
increased confidence in our analyses.
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In conclusion, we identified many significant gene-gene models that are associated with
POAG and our study clearly indicates that we can consider heterogeneity among independent
populations by looking for replication in gene regions rather than exact SNPs. Thus, presenting a
gene based SNP-SNP interaction analysis, which has been done by others including Ma et al. 2012
and 2013341,342, as a powerful approach in replication studies.
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Chapter 5

Knowledge driven feature selection for phenome wide interaction scan

Y

This Chapter is adapted from: Verma SS, Frase AT, Verma A, Pendergrass SA, Mahony S, Haas DW,
Ritchie MD; Phenome-Wide Interaction Study (PheWIS) in Aids Clinical Trials Group Data (ACTG); Pacific Symposium of Biocomputing, 2016
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Abstract

Association studies have shown and continue to show a substantial amount of success in
identifying links between multiple single nucleotide polymorphisms (SNPs) and phenotypes. These
studies are also believed to provide insights toward identification of new drug targets and therapies.
Despite of all the success, challenges still remain for applying and prioritizing these associations
based on available biological knowledge. Along with single variant association analysis, genetic
interactions also play an important role in uncovering the etiology and progression of complex
traits. For gene-gene interaction analysis, selection of the variants to test for associations still poses
a challenge in identifying epistatic interactions among the large list of variants available in highthroughput, genome-wide datasets as described in Chapter 4. Therefore, in this study, we propose
a pipeline to identify interactions among genetic variants that are associated with multiple
phenotypes by prioritizing previously published results from main effect association analysis
(genome-wide and phenome-wide association analysis) based on a-priori biological knowledge in
AIDS Clinical Trials Group (ACTG) data. We approached the prioritization and filtration of
variants by using the results of a previously published single variant PheWAS and then utilizing
biological information from the Roadmap Epigenome project. We removed variants in low
functional activity regions based on chromatin states annotation and then conducted an exhaustive
pairwise interaction search using linear regression analysis. We performed this analysis in two
independent pre-treatment clinical trial datasets from ACTG to allow for both discovery and
replication. Using a regression framework, we observed 50,798 associations that replicate at pvalue 0.01 for 26 phenotypes, among which 2,176 associations for 212 unique SNPs for fasting
blood glucose phenotype reach Bonferroni significance and an additional 9,970 interactions for
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high-density lipoprotein (HDL) phenotype and fasting blood glucose (total of 12,146 associations)
reach FDR significance. We conclude that this method of prioritizing variants to look for epistatic
interactions can be used extensively for generating hypotheses for genome-wide and phenomewide interaction analyses. This original Phenome-wide Interaction study (PheWIS) can be applied
further to patients enrolled in randomized clinical trials to establish the relationship between
patient’s response to a particular drug therapy and non-linear combination of variants that might be
affecting the outcome.

Introduction

Investigating the precise response of antiretroviral therapies given to patients is an
important area of research. Previous studies have discovered interesting single gene effects as well
as genetic interaction effects associated with response to anti-retroviral medications256,343 in the
AIDS Clinical Trials Group (ACTG) data (https://actgnetwork.org/). A recently published
Phenome-wide association study (PheWAS)256 showed a number of variants associated with a list
of 27 highly curated and transformed (for normal distribution) phenotypes collected in baseline
model of AIDS clinical trials344,345. Thus, this unique clinical trial dataset and the analyses
performed earlier provide a backbone for performing epistatic interactions analyses among variants
and genes that might be associated with multiple drug response phenotypes.

A wealth of data is being generated from speedy advancements in genotyping and
sequencing technologies, thus providing opportunities to investigate not only single gene effects
but also non-linear combined genetic effects of these variants. However, testing for two or multiway interactions remains a challenge due to overhead of computing resources and also due to
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correction for false positives for each test performed as discussed briefly in Chapter 4. Thus,
filtration of variants based on prior biological knowledge is used frequently in the search for
epistasis318. Many studies have shown that filtration of variants based on strong and marginal main
effects as determined by the data can be useful in detecting interactions62. Combining the main
effect filtration method along with filtration based on prior-biological knowledge has also been
proven to increase the power to detect epistatic interactions341,346,347.

The Roadmap Epigenome has provided high-resolution genome wide interaction maps
based on the chromatin accessibility, histone modifications, DNA methylation and mRNA
expression across 127 epigenomes348,349. These data can be used as a great resource of prior
biological information for filtering variants based on the activity of the genomes as defined by
chromatin states350. Annotations of variants associated with disease traits from the NHGRI GWAS
Catalog44 have shown that 81% of variants associated with a disease can be annotated into one of
the functional regulatory elements using ENCODE data where functional here refers to a subset of
biochemical activities as identified from at least one of the cell lines from ENCODE

348,350

.

Roadmap epigenome data is collected from an even larger list of epigenomes and thus provide an
extensive and more detailed map of regulatory activity of the genome.

In this study, we intended to use this extensive knowledge about regulatory elements as
criteria to filter variants based on their functional activity before performing interaction testing
rather than the more traditional approach of prioritizing variants based on their activity after
conducting analysis. This will reduce the multiple testing burden and increase interpretability. In
the remaining sections, we explain our proposed analytic pipeline for Phenome-wide interaction
study (PheWIS), its application to the pre-treatment ACTG datasets, and a series of highly
significant gene-gene interactions associated with baseline clinical variables. We show that
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combination of biological knowledge and main effect filtering provides a high-throughput,
comprehensive pipeline to address the architecture of complex traits. This method can clearly be
applied to patients from on-treatment imminent clinical trial data to generate hypothesis for
epistatic gene-gene interactions that could influence drug response and treatment design.

Materials and Methods

Genotype and Phenotype data

ACTG data from treatment-naïve patients has been previously reported186,351–354. We used the same
dataset as described in the pilot PheWAS conducted on ACTG data that consisted of 27 pretreatment laboratory measurements (shown in Appendix Table 5.1) that have been normalized by
appropriate transformations. From all 27 phenotypes, 26 were used as independent variables and
one phenotype (CD4 T-cell counts) was used as a covariate due to its known confounding effect in
HIV patients355. This dataset consisted of 2547 genotyped participants which were imputed in three
phases based on a separate immunogenomics project356. Phase I and II were combined together
(Discovery dataset), which consisted of 1366 samples and Phase III consisted of 1181 samples
(Replication dataset) as described in detail in pilot PheWAS256. Table 5-1 Lists the information on
samples used in both the discovery and replication dataset along with the demographic information
on these samples.
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Table 5-1: Samples used in the Discovery and Replication dataset along with gender, age and
square root of CD4 cell count distribution in samples.
ACTG Phase
#Samples
Sex

Age

CD4_Sqrt

Male
Female
Minimum
Median
Mean
Maximum
Minimum
Median
Mean
Maximum

Discovery Dataset
Phase I and II
1366
1110
256
17
37
37.94
77
0
15.03
13.8
32.43

Replication Dataset
Phase III
1181
998
183
18
38
38.31
70
0
14.66
13.91
32.41

Annotation and Filtration of variants

The pilot PheWAS analysis reported 10,584 variants that replicated at p-value <0.01 with
the same direction of effect across two datasets. We took all of these variants that passed the
replication criteria in the pilot PheWAS and annotated them to chromatin states as observed in
Roadmap Epigenome database. We used the 25-state chromatin models’ data published on the
Roadmap Epigenome website
(http://egg2.wustl.edu/roadmap/web_portal/imputed.html#chr_imp). The Roadmap Epigenome
posterior probability raw data is a map of the human genome where the genome is divided into
200 base pair regions (chunks) and thus there are 15,478,375 total chunks of the genome (for
human genome build 37) for which probabilities for each 25 states are provided. We combined
posterior probabilities from 127 epigenomes (tissues/cell types) in Roadmap Epigenome data by
doing an average across all values to calculate posterior probability of each state for each 200bp
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region. The state with highest probability was then assigned to each region. Careful investigation
of these data suggested that many consecutive chunks are annotated as the same chromatin states.
Thus, we dynamically combined chunks together to yield a larger contiguous region of the
genome, thereby reducing the total number of chunks. In order to combine the consecutive
chunks, we used a rule of 80% where the two chunks were combined and annotated as the same
state if the probability of the same state in consecutive chunk is 80% or greater.
To get an estimate of the total number of regions for each chromatin state in a genomewide study, we choose to look at approximately 5M variants from Illumina Omni5 platform as that
is one of the largest genotyping chips. Table 5-2 provides an overall estimate of each chromatin
state and the total number of regions combined dynamically for all variants genotyped on Illumina
Omni5

chip

(http://www.illumina.com/products/humanomni5-quad_beadchip_kit.html).

We

picked the Omni5 chip to show a large number of variants that can be covered with their respective
chromatin states from the genotyping chips available. To get a better overview of variants on
genotyping chips that are known to be associated with a disease using NHGRI GWAS catalog44,
we also mapped these variants on Omni 5 chip to GWAS catalog (accessed May 2014) using
Library of Knowledge Integration (LOKI) database in Biofilter and looked at how all variants in
each state are associated with one or more disease from GWAS catalog. Biofilter is a unified
framework that consists of data from multiple resources such as KEGG, GENCODE,
RegulomeDB, etc. Table 5-2 also represents the number of times each chromatin state is
represented in the NHGRI GWAS catalog as being associated with a disease.

A total of 10,584 variants from the pilot PheWAS were annotated using the same approach
described above. Figure 5-1 shows the proportion of variants in each of the 25 states. To filter these
variants based on the activity of each region (corresponding to chromatin states), we removed any
variants that fell in Chromatin State 25 (Quiescent/Low State) because as described in Roadmap
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Epigenome, most of the inactive regions fall under quiescent state (approximately 40% of inactive
region) and this state is represented on an average in 68% of the genome349. This annotation
followed by filtration step resulted in 1776 variants that were further considered for association
testing.

Statistical Analysis

To test for pairwise interactions among 1773 annotated variants, we ran linear regression
where a reduced model consisted of main effects of all variants adjusted by covariates and a full
model consisted of main effects and an interaction term for each pairwise SNP-SNP model adjusted
by covariates. A likelihood ratio test was conducted to obtain the significance of the interaction
effect

above

and

beyond

the

main

effect

of

each

variant.

We

used

PLATO

(http://ritchielab.psu.edu/software/plato-download) to conduct PheWIS where all 26 phenotypes
were calculated simultaneously for each pairwise interaction model. We adjusted the analysis by
age, gender, CD4 T-cell count (square root) and first five principal components (to account for
genetic ancestry). We also calculated Bonferroni and FDR based corrected p-values357,358 for each
model tested. Here the models are adjusted for all pairwise combination of variants and all
phenotypes (40,842,828 tests). We ran the regression analyses separately for discovery and
replication datasets and then looked for each pairwise combination of SNPs associated with the
same phenotype to determine if results were replicating across the two independent datasets.
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Table 5-2: Estimate of chromatin states from Illumina Omni5 genotyping chip and number of chromatin states in variants mapping to GWAS
catalog that are associated with a disease. Here each 200-base pair region of the genome is combined together dynamically when the next region
is represented as same state with at least 80% posterior probability.
Fraction in Omni5
Chip

#Occurrences
in
NHGRI GWAS Catalog

Fraction
in
GWAS catalog

Overall Representation

6803

0.001629

18

0.002403

1.475417

Promoter Upstream TSS

21901

0.005244

51

0.006809

1.298521

S3

Promoter Downstream TSS 1

22854

0.005472

65

0.008678

1.585966

S4

Promoter Downstream TSS 2

9007

0.002157

24

0.003204

1.485846

S5

Transcribed 5' preferential

90330

0.021628

175

0.023364

1.080311

S6

Strong transcription

42687

0.010220

102

0.013618

1.332439

S7

Transcribed 3' preferential

225664

0.054030

449

0.059947

1.109499

S8

Weak transcription

207773

0.049747

404

0.053939

1.084264

15920

0.003812

47

0.006275

1.646257

15170

0.003632

40

0.005340

1.470338

9022

0.002160

25

0.003338

1.545183

State

Description

#Occurrences
Omni5 Chip

S1

Active TSS

S2

S9
S10
S11

Transcribed
Regulatory
(Prom/Enh)
Transcribed 5' preferential and
Enh
Transcribed 3' preferential and
Enh

in

S12

Transcribed weak Enhancer

19313

0.004624

46

0.006142

1.328162

S13

Active Enhancer 1

7318

0.001752

23

0.003071

1.752582

S14

Active Enhancer 2

6947

0.001663

24

0.003204

1.926446

S15

Active Enhancer Flank

10350

0.002478

23

0.003071

1.239168

S16

Weak Enhancer 1

8878

0.002126

25

0.003338

1.570246

S17

Weak Enhancer 2

18104

0.004335

44

0.005874

1.355255
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S18

Primary H3K27ac possible Enhancer

895

0.000214

5

0.000668

3.115228

S19

Primary DNAase

19959

0.004779

48

0.006409

1.341051

S20

ZNF genes and repeats

9211

0.002205

11

0.001469

0.665930

S21

Heterochromatin

32644

0.007816

40

0.005340

0.683281

S22

Poised Promoter

3808

0.000912

12

0.001602

1.757224

S23

Bivalent Promoter

12285

0.002941

35

0.004673

1.588677

S24

Repressed Polycomb

69906

0.016737

189

0.025234

1.507614

S25

Quiescent/Low

3289868

0.787687

5565

0.742991

0.943256

Figure 5-1: Distribution of all 25 chromatin states
Distribution of all 25 chromatin states in 10,584 SNPs from the pilot PheWAS study (on left) and the proportions of variants
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Results

Annotation of all 10,584 variants from the pilot PheWAS analysis showed that the majority
of variants represent state 25 (S25; Quiescent/Low) as shown in Figure 5-1. Variants detected from
GWAS are highly enhanced in regulatory regions as illustrated in Table 5-2 and surprisingly even
though ~74% of disease associated variants mapped to quiescent state, their overall representation
in comparison to the genome is very low. It is interesting to see that regulatory elements like TSS,
enhancers among others have more representation. Since a large proportion of variants known to
be associated from GWA studies only represent small proportion of genetic risk359 and one of the
biggest challenges is in understanding the role of the majority of these variants360. Therefore,
prioritizing variants based on the affect that they can impose on gene regulation is a crucial step in
understanding the associations between variants and phenotypes. We aimed this study to focus on
only variants that are represented in more active states (with state 1 being the most active and state
25 being the least active) with the potential for a larger proportion of variance to be explained by
these variants. A total of 50,798 SNP-SNP pair and phenotype results replicate at p-value<0.01. In
order to adjust for multiple testing burden and to reduce false positives, we required replication
between the two datasets based on Bonferroni adjusted p-value and False Discovery Rate (FDR)
adjusted p-value357,358,361. A total of 2,176 results replicate for just one phenotype (fasting glucose)
based on Bonferroni based correction and 12,146 results replicated for two phenotypes: fasting
glucose and high-density lipoprotein (HDL), for FDR based correction of p-values. We used
Biofilter to again annotate these variants with chromatin states and then further annotated the SNPSNP pairs with genes. Table 5-3 presented the distribution of variants from Bonferroni and FDR
based results for each of the 24-chromatin states. We also looked at the expression of top genes in
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various tissues using GTEx portal165. For HDL results, we looked for expression in adipose and
liver tissue and for fasting glucose; we looked for expression in the pancreas.

We also mapped all SNP-SNP pairs to genes using Biofilter. Bonferroni significant results
consisted of 212 unique genes that were mapped to 66 genes and FDR-based significant results
consisted of 690 unique SNPs that represent 245 unique genes. Details of all replicated results can
be found in Appendix Tables 5.2 and 5.3.

Figure 5-2 represents the top 30 results for fasting glucose that are less than Bonferroni
corrected p-value 0.01. Each SNP-SNP pair and their corresponding genes are shown along with –
log10 (p-value) track for both Discovery and Replication datasets.

Interactions among the specific chromatin states that the SNP falls under are shown on the
right side. Six unique gene-gene pairs are also expressed in the pancreas. Figure 5-3 shows a
circular plot for HDL providing the interaction between the SNPs in the genes and the states that
the SNPs represent. The genes are colored based on the tissue that they are expressed in. Figure 53 also represents the FDR corrected p-values for each SNP-SNP interaction pairs. For details on all
results that were replicated, please refer to Appendix Tables 5.2 and 5.3.
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Figure 5-2. Synthesis-view plot
Synthesis-view plot (http://visualization.ritchielab.psu.edu/synthesis_views/plot) illustrating
interactions among top 30 SNP-SNP pair for fasting glucose phenotype. Different color for text
corresponds to the combination of chromatin states that SNP-SNP pairs are mapped to as
represented on the right axis.
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Table 5-3: Occurrences of Bonferroni and FDR corrected results in all 25 chromatin states.

Active TSS
Promoter Upstream TSS
Promoter Downstream TSS 1
Promoter Downstream TSS 2
Transcribed 5' preferential
Strong transcription
Transcribed 3' preferential
Weak transcription
Transcribed Regulatory (Prom/Enh)
Transcribed 5' preferential and Enh
Transcribed 3' preferential and Enh
Transcribed weak Enhancer
Active Enhancer 1
Active Enhancer 2
Active Enhancer Flank
Weak Enhancer 1
Weak Enhancer 2
Primary H3K27ac possible Enhancer
Primary DNAase

#Occurrences in
Bonferoni
corrected results
1
6
3
3
33
5
38
80
2
2
6
1
6
0
2
1
0
1
2

#Occurrences in
FDR corrected
results
4
15
14
7
118
24
183
292
4
10
7
11
12
2
9
1
6
2
8

S20

ZNF genes and repeats

2

5

S21
S22
S23
S24

Heterochromatin
Poised Promoter
Bivalent Promoter
Repressed Polycomb

7
0
4
10

34
1
20
27

State

Description

S1
S2
S3
S4
S5
S6
S7
S8
S9
S10
S11
S12
S13
S14
S15
S16
S17
S18
S19
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Figure 5-3: Circular interaction plot
Circular plot representing interactions of SNP-SNP pair combined based on the genes and the chromatin
states represented for HDL phenotype. Yellow color corresponds to the expression of gene in adipose
tissue, red color corresponds to expression of gene in liver tissue and grey color corresponds to
expression on gene in neither adipose nor liver tissues. Lines show the interactions between the variants
in the genes and corresponding states. On right, showing a synthesis view plot where FDR p-values of
both discovery and replication dataset for each pair SNP-SNP interactions representing unique gene and
chromatin state is represented. Color for SNP-SNP pair corresponds to different combinations of
interactions among chromatin states
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Discussion

This study presents a pilot Phenome-wide Interaction study (PheWIS), which is the first of
its kind, in the AIDS Clinical Trials Group data. With the help of statistical methods to detect
genetic interactions associated with one or multiple phenotypes, we showed significant interactions
for SNPs mapped to different chromatin states. The purpose of this study is aimed at mimicking
the regulatory genetic networks by showing how interactions between two different chromatin
states impacted by genetic variants are associated with a trait. In this paper, we used a-priori
biological information from Roadmap Epigenome data to test for variants that represent active
chromatin states. Among the top associations with Bonferroni p-value<0.01 are the interactions
between SEH1L gene and RCL1 gene to be associated with fasting glucose. Interactions between
these two genes are represented by two top-most SNP-SNP interaction pair as shown in Figure 52. In these interactions, the three-chromatin states represented are S3 (Promoter Downstream TSS
1), S5 (Transcribed 5’ preferential) and S8 (Weak Transcription), which suggests interactions
among transcribed regions that could be of potential interest. SEH1L gene participates in the
regulation of glucose transport process (GO:0010827) and functional studies in yeast have shown
that growth of yeast on glucose media requires function RCL1362.

The majority of interactions in the FDR corrected results for HDL show interactions among
chromatin state 21 (S21; Heterochromatin) and other states.

In Roadmap epigenome data,

heterochromatin state is mostly represented by constitutive heterochromatin and heterochromatin
state is highly tissue specific349. Since in this analysis, we combined data from all cell lines to
represent all 25 chromatin states, nothing can be said about the heterochromatin in adipose or liver
cell lines. Thus, suggesting that in the future, more work would be required to look at these
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polymorphic regions based on the tissue that phenotype is affecting or the tissue using which the
study samples are collected. For the HDL PheWIS results, one potential interesting interaction is
between ARID1B and PEPD genes. Peptidase D (PEPD) and ARID1B genes have been known to
be associated with HDL363–365. Both of these genes are highly expressed in adipose tissue with
PEPD being also highly expressed in liver.

There are a few limitations in this study. Although after correcting for multiple testing
based on Bonferroni and FDR methods, we identified many statistical interactions associated with
two phenotypes; future research is required to understand these novel interaction associations.
Next, all these results are based on treatment naïve patients enrolled in clinical trials, similar
analysis in post-treatment quantitative phenotypes can help explore more associations that are
linked to the side-effects presented by drugs as well as the benefits of the drug given to patients.
Lastly, we only excluded the variants that were mapped to state 25 from Roadmap epigenome data
whereas future studies could also focus on excluding variants that are underrepresented in more
than one states and only including the variants that map to states which are over-represented in our
data.

Conclusions

We present the first phenome-wide SNP-SNP interaction study in a pharmacogenomics
dataset. Though this study is on treatment naïve patients, it presents a great framework to look for
statistical epistasis in a large number of phenotypes, which are collected post treatment. Most of
the interactions associated with traits in this study are novel and would require more extensive
future work to understand if any of these associations explain biological processes that are also
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linked to one or more phenotypes. Methods such as the one proposed for PheWIS will enable
researchers to investigate more territory in the etiology of complex traits.
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Chapter 6

Data-driven feature selection for epistatic discovery
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Abstract

Detection of epistatic interactions still remain a challenge due to the number of features
that are available as input, thus leading to the so-called “short fat data” problem, also discussed
earlier in Chapter 4 and 5. The efficiency of machine learning methods can be increased by limiting
the number of input features. Thus, it is very important to perform variable selection before
searching for epistasis. Many methods have been evaluated and proposed to perform feature
selection previously, but no single method works best in all data scenarios. We demonstrate this by
conducting two separate simulation analyses to evaluate proposed collective feature selection
approach. Through our simulation study we propose a collective feature selection approach to select
features that are in the “union” of the best performing methods. We explored various parametric,
non-parametric, and data mining approaches to perform variable selection. We choose our top
performing methods to select the union of the resulting variables based on a user-defined
percentage of variants selected from each method to take to downstream analysis. Our simulation
analysis shows that non-parametric data mining approaches, such as MDR, may work best under
one simulation criteria for the high effect size (penetrance) datasets, but other non-parametric
methods designed for feature selection, such as ranger and gradient boosting, work best under
another simulation criteria. Thus, using a collective approach proves to be more beneficial for
selecting variables with epistatic effects also in low effect size datasets and different genetic
architectures. Following this, we applied our proposed collective feature selection approach to
select the top 1% of variables to identify potential interacting variables associated with Body Mass
Index (BMI) in ~44,000 samples obtained from Geisinger’s MyCode Community Health Initiative
(as described in Chapter 2). In this study, we were able to show that selecting variables using a
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collective feature selection approach could help in picking true positive epistatic variables more
frequently than applying any single method for feature selection. We were able to demonstrate the
effectiveness of collective feature selection along with a comparison of many methods in our
simulation analysis. We also applied our method to identify non-linear networks associated with
obesity.

Introduction

The advancements and cost-effectiveness of genotyping and sequencing technologies have
led to the “short fat data” problem where number of features outnumber the sample size (p>>n) in
applying various machine learning methods to detect epistasis37,366. These challenges have also
been described in chapter 4 and 5. Gene-gene interactions are considered crucial components in
the origination of the “missing heritability” in testing association of variants with single or multiple
disease traits38,303. Various statistical and biological filtering techniques are commonly applied to
select variants that are most meaningful in the search of epistatic interactions linked with common
and complex diseases367,368. Regression approaches are frequently used to model pairwise
interactions but many machine learning approaches such as multi-factor dimensionality reduction
(MDR)369,370, neural networks371, support vector machines372, Bayesian methods373, among others
are now more commonly applied contemporary methods. Most of these methods are limited in the
number of features they can handle, and thus dealing with the computational burden poses a
challenge in applications of these methods. Besides the computational burden, it is also important
to note that the efficiency of most learning-based methods can be improved to a greater extent if
the number of input variables can be reduced. In order to do so, many feature selection methods

138
have been proposed in the past and have been applied in the context of detecting statistical epistasis
to identify non-linear associations of genetic variants with a disease trait. Hence, feature selection
is not a new concept. Several parametric and non-parametric methods such as LASSO374, Elastic
Net375, Random Forests376, ReliefF377, Gradient Boosting378, etc., have been developed and used
frequently to perform variable selection. All methods have some advantages and disadvantages,
and thus they do not follow “one method fits all” criteria, i.e. not one method performs best in all
scenarios.
In this study, we tested an eclectic set of parametric and non-parametric methods on
simulated datasets to first pick a few orthogonal methods to use in selecting features that can be
used in downstream analysis of epistasis. We compared these methods based on both efficiency
and effectiveness. We observed that different methods tend to pick variables based on different
important aspects. Thus, we suggest a collective feature selection approach. We proposed to
select the union of features from the top comparable methods. The concept of taking the input
from many algorithms, to select variables as a collective opinion is in line with the “no free
lunch” theorem of optimization which states that in searching for candidate solutions, no one
algorithm can be specialized to all problems379. Unknown genetic etiology of complex diseases
makes it theoretically impossible for one algorithm to be specialized in identifying all possible
combinations of predictors associated with a disease. This concept is also similar to the concept
of “Crowd Machine” which has been explained in previous work by Maley380. Crowd Machine
learning refers to combining multiple machine learning methods into a single machine learning
method so that the features from all methods can be used effectively. Our proposed method is a
variation of this concept. We recommend applying a collective approach using various top
performing feature selection methods to identify variants with varying effect sizes (high and low
penetrance) and MAF.
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Methods

Data

Simulated Data Experiment 1: We simulated multiple data sets consisting of SNPs (single
nucleotide polymorphisms), referred to as variables, in R using an additive genetic encoding
(AA=0, Aa=1, aa=2) with case control status to test for binary outcome. Our simulation parameters
consisted of various combinations of the following epidemiological characteristics:
•

Disease Penetrance/Prevalence: This refers to the strength of the simulated signal or effect
size and thus directly corresponds to the heritability of the phenotype. We have used the
previously simulated data with the same signal strength as explained in Li et al373.

•

Number of disease sites: This refers to the number of SNPs that contributes to the total
effect in the dataset.

•

Minor Allele Frequency (MAF): For many genetic interaction studies, it has been shown
that MAF highly influences power to detect true interactions. Therefore, we limited our
analysis to only common alleles above MAF 0.4381,382. For main effect variants, we limited
the MAF of the causal SNP to 0.4. For interacting effects, MAF for the two interacting
SNPs was also set to 0.4.

•

Number of Samples: We generated 8 balanced datasets with 2,000 cases and 2,000
controls.

•

Number of Variants: We varied the number of variants to 100 and 500 to address the
computation burden.
We simulated both main effect only and interaction effect only datasets using a simulation

procedure that has been previously explained373.As described, we evaluated feature selection
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methods on similar datasets. Table 6-1 lists details of all parameters used in generating main effect
and interaction effect datasets. For all the simulation analyses, we generated only 10 data sets for
each combination of parameters in this experiment since we were interested in obtaining mean
accuracy values from the replicates to compare across different methods.

Table 6-1: Parameters used for generating simulated experiment 1 data. All datasets consisted of
2,000 cases and 2,000 controls (4,000 samples in total). ‘G’ here refers to the SNP ID prefix.
Type of Effect

Signal
Dataset Name

(100 and 500 SNPs)

Main Effect

(0.1, 0.5 and 0.9)
1SNP

G1

2SNP

G1, G2

3SNP

G1, G2, G3

4SNP

G1, G2, G3, G4

case1_control0

G1<->G2
G1<->G2

case1_control1

Interaction Effect

case2_control0

G99 <->G100
G1<->G2
G3 <->G4
G1<->G2
G3 <->G4

case2_control2

G97<->G98
G99<->G100

Simulated variables with interaction effects were generated in case and control datasets
separately. For example, in dataset case2_control2, there are 2 interaction models simulated in
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cases (G1<->G2 and G3<->G4) and 2 interaction models in controls (G97<->G98 and G99<>G100).

Simulated Data Experiment 2: We simulated another set of datasets with slightly different
architecture to recapitulate the need to consider the varying architectures of complex disease traits.
For this simulation, we used GAMETES software to simulate two different architectures383. The
two architectures here are reflected by the ease of detection measure (EDM) which makes the model
easier (EDM-2) or harder (EDM-1) to detect. We simulated 100 features with MAF 0.2 for all
predictive features in each dataset. In this scenario, we simulated datasets with a sample size of
2000 (1000 cases and 1000 controls). For each combination of parameters, we simulated 50
replicates of each heritability value of 0.1, 0.2, or 0.4. There were 3 predictive features and 97 nonpredictive features simulated in each dataset. The predictive features are included in such a way
that there is a pairwise pure epistatic interaction as well as a third main effect additively combined
with the interaction.

Natural Biological Data: We applied the proposed collective feature selection to a real
dataset obtained from the Geisinger MyCode DiscovEHR collaboration227,384. At the time of
analyses, the DiscovEHR study consisted of 60,000 samples whose genotype data (using Illumina
Human Omni Express Exome chip) is linked to their Electronic Health Record (EHR). The
demographics of this dataset has been described previously in chapter 2 and 3. For our analysis, we
extracted unrelated European American samples of age 18 or older. We also extracted all available
Body Mass Index (BMI) values for all samples who also had genotype data, from the Geisinger
EHR. Median BMI was calculated for all samples and used as the basis for the obesity phenotype
in the following analyses. After quality control, 40,449 samples were divided into cases and
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controls where samples with BMI ranging from 18-24.9 (defined as normal range) were considered
as obesity controls and samples with BMI>30 (defined as obese) were considered as obesity cases.
To conduct a two-step analyses for feature selection and model testing, we divided the dataset
randomly into two parts: testing and training. Our training dataset was used for feature selection
and consisted of 15,201 samples (3,917 controls and 11,284 cases) while our testing dataset, which
contained 14,925 samples in total (3,767 controls 11,158 cases), was used for downstream analyses.
We also performed quality control on genotype data to only include variants with genotyping call
rate >99%, MAF>20% and HWE P-value<1x10-07. To reduce the search space for testing, we LDpruned the data to only include independent variants. We used an R2 threshold of 0.2 for LD
pruning. After genotype QC, the training dataset consisted of 60, 232 variants for feature selection.

Statistical Analyses

To compare and contrast the different methods that can be used to select features with nonadditive effects, we chose a wide range of parametric and non-parametric methods. Figure 6-1 lists
the three categories of methods we tested for feature selection. We will describe in detail how we
ran analyses using these methods in this section. Datasets that are imputed or obtained from
commercial genotyping chips such as Illumina consist of 500K to approximately 10M variants.
After quality control and LD pruning to include only the most independent variables, it is common
to still be left with over 50,000 variants to exhaustively test for interactions. The concept of feature
selection is to reduce these variants in order to reduce the computational burden for downstream
analysis. Since we chose different methods to test in our analysis, it is important to note that the
format of output from all these methods varies and has limited the way in which we can compare
the accuracy of these methods. For example, some methods provide a test-statistic for every model,
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where others provide a ranked list of variables based on performance. Therefore, to compare all
different feature selection approaches, we employed a ranking based method to extract the highest
ranked features from a user-defined percentage after running each algorithm. Ranking here refers
to the score or the accuracy estimates from each algorithm separately. For all our simulation tests,
we showed results at several different user-defined thresholds: 2% or 3% (based on number of
effect SNPs in the two sets of simulated datasets), 5% and 10%, thus we select the top 2/3%, 5%,
or 10% of the variables in both simulated data experiments to investigate whether the methods
perform better or worse, i.e. selection of true positives in comparison to false positives (see Figure
6-3). Next, we ran all of the methods on all replicates of datasets generated from the combinations
of parameters as explained in the simulated data section to reduce the error and increase robustness
of the models selected. We then averaged across the replicated runs to compare the results.

Figure 6-1. Methods
Methods explored for feature selection and selection of top user defined percentage of features for
comparison
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Parametric Methods: LASSO and Elastic Net regularizations are widely accepted methods
for feature selection368. Least Absolute Shrinkage and Selection Operator, or LASSO374,385, is a
shrinkage and variable selection method with imposed L1 regularization on the regression
coefficients. Since the main goal of this analysis is to detect features that exhibit interaction effects,
we ran LASSO regression to include both additive effects of SNPs in the models and exhaustive
pairwise interactions of all SNPs in the model. Below are the equations representing LASSO
regularization for single SNP and interactions:
Penalized estimates for the model with additive effects alone can be derived as the solution
to the following optimization problem:
:

1
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regularization parameter and 8(%) is the penalty function.
For LASSO Regularization with additive effects only, the penalty function is the L1 norm
and can be expressed as follows:
:
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Likewise, penalized estimates for the regression model with additive and SNP-SNP
interaction effects can be derived as the solution to the following optimization problem:
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Again, for LASSO Regularization with additive effects and interactions together, the
penalty function can be expressed as follows:
:

:

:
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LASSO combines variable selection and shrinkage of variables, but it has a drawback
when the number of predictors is greater than the number of samples (p>n), in which case it tends
to select at most n predictors. Also, when predictors are correlated, LASSO is outperformed by
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ridge regression. Thus, we modeled the data with ridge regression in a preliminary part of our
analysis but did not include those results in this manuscript since they were similar to those from
LASSO. Next, we explored another penalized regression method, the Elastic Net, which works
well in selecting a group of correlated variables and does not limit the selection of the number of
variables. Elastic Net uses a weighted average of the L1 and L2 norms for its penalty function.
Similar to the LASSO penalty function, the elastic net penalty function [Zou et
al; 2005] for the model with additive effects and interactions can be expressed as follows:
:

:

:

:
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Both these penalized regression methods (LASSO and elastic net) require optimization of
ƛ. Elastic net involves another tuning parameter called E, which is commonly set to 0.5. In order
to help tune these parameters, we performed 5-fold cross validations for these two methods and
chose the most optimal regularization parameter for feature selection.

Non-Parametric Methods: Even though parametric methods are simple and easy to
understand, they do not always fit the complex nature of biology. Thus, exploring some nonparametric methods is also necessary. Non-parametric methods do not make assumptions about the
distribution of variables and underlying genetic architecture. These methods usually work best for
“big data” problems. We tested two decision-tree based methods, including Random forests and
Gradient Boosting, and we also tested a non-heuristic ReliefF algorithm variation called Multiple
Threshold Spatially Uniform ReliefF (MultiSURF)386.

For our random forests implementation, we used the RANGER R package387. We tuned
random forests to get better results, setting number of trees as 1,000 for main effect datasets and
4,500 for datasets with interaction effects. The other parameter that we tuned is the number of
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variables that split each node; we used 35 for main effects, 70 for interaction effects in datasets
with 100 SNPs, and 200 for interaction effects in datasets including 500 SNPs, respectively. We
also used gradient boosting implementation in the GBM R package. For gradient boosting, we set
the number of trees as 800 for main effect datasets and 15,000 trees for interaction effects datasets.
We set the bag fraction as 0.5 and shrinkage as 0.01, which have been suggested to have the best
performance based

on

the best

practices

from

R

package manual

(https://cran.r-

project.org/web/packages/gbm/gbm.pdf). TuRF refers to Tuned ReliefF and it is useful in running
ReliefF algorithms iteratively. It is suggested to use TuRF along with ReliefF algorithms to get
better performance when using a large number of variables367,377,388.Thus, it is important to test the
number of variables that will be thrown out at every iteration. We tested discarding 1%, 5% and
10% of least predictive variables at each iteration to determine the appropriate threshold for
MultiSURF+TuRF in order to identify more true positives in a computationally feasible amount of
time.

Non Parametric data mining approach for feature selection:

Multifactor Dimensionality

Reduction (MDR) has been traditionally applied to several association studies including gene-gene
and gene-environment interaction studies369,370. Many different versions of MDR have also been
proposed for different data types389–391. Using MDR as filtering method has also been previously
tested

and

compared

with

other

methods392.We

utilized

parallel

MDR

(pMDR)

{https://ritchielab.psu.edu/software/mdr-download} in similar way to Oki NO et al393, where we
ran all one-way and two-way interactions without cross validations and then ranked the variables
based on their training accuracy.

Collective feature selection: A plethora of machine learning and feature selection methods have
been proposed and tested in various studies368,374,375,378,392. In this manuscript, we aimed to compare
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a few of these methods; however, picking one method can be convenient but not always pertinent.
Thus, in our analysis we proposed to select a few orthogonal feature selection methods from what
were tested and then use the union of all variables selected from these methods for any downstream
analysis. Figure 6-2 depicts the concept of our collective feature selection approach in selecting
variables in a dummy set of 4 methods listed as Method 1 to 4. We applied this approach to only
simulated data experiment #2 where we selected top 3%, 5% and 10% features from each of the 4
methods. Features selected in simulated data experiment #1 by various methods suggests same
results as experiment #2. We compared these methods in terms of number of overlapping features,
number of true positives, and number of false positives detected from each. To represent the
overlapping features and features selected for EDM-1 and EDM-2 models, we merged the datasets
with 3 different heritability values (0.1,0.2 and 0.4) together.

Figure 6-2. Collective Feature Selection approach
Outer circle represents collective feature selection approach
Using this approach, we also propose a pipeline as shown in Figure 6-3 for performing
analysis using feature selection as an essential step before applying machine learning methods, such
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as neural networks, support vector machines, Bayesian approaches, etc., in downstream analyses.
Figure 6-3 represents a three-step pipeline, beginning with testing several feature selection methods
in simulated datasets in Step 1, as covered in this manuscript. Steps 2 and 3 involve applying the
selected methods to a real dataset. We propose to apply top performing methods from Step 1 on
our natural biological dataset in Step 2. In Step 2, we select variables based on our collective
approach in our real training dataset. Last, in Step 3, we propose to extract collectively selected
variables from the testing subset of our natural biological dataset to then use for downstream
analysis.

Figure 6-3. Method workflow
Proposed pipeline of feature selection procedure and downstream analysis in both simulated and
natural biological data.
Feature Selection and Downstream Analyses: We applied this proposed approach to test for SNPs
that are associated with obesity among samples from the MyCode DiscovEHR study384. On quality
controlled data, we selected features using MDR, MultiSURF and TURF, and Ranger collectively,
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and then performed downstream analyses using Analysis Tool for Heritable and Environmental
Network Associations (ATHENA)93,371. We choose to apply Grammatical Evolution Neural
Networks (GENN) implemented in ATHENA for this analysis to select non-linear epistatic
interactions between SNPs selected from the feature selection strategy described above.
Grammatical evolution methods are alternatives to classic genetic programming approaches in
machine learning methods. The effectiveness of this approach has been explained in many previous
studies394–397. We used the following parameter criteria to identify networks associated with BMI
case control outcome:
1. Five-fold cross validation: Testing data as described in Step 3, which included 14,925
samples and features selected via collective approach, were divided into 5 equal parts
2. Process: The first iteration begins with selecting a training set to generate random
population (popsize 10,000), dividing into sub-populations, and then preforming an
analysis on 30 nodes. The grammar for GENN is then used to evaluate the training set
using Area Under Curve (AUC) fitness criteria. This step is then repeated 20 times
(numsteps) after which migration takes place to select the best solution from all 30 nodes.
This process is repeated 4 more times, once for each remaining cross-validation fold to
perform 5-fold cross validation as explained in step #1.
3. Results: Training and testing AUC for each network model associated with outcome is
reported from all cross validations.
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Results

Optimizing TuRF iterations

We aimed to use TuRF along with MultiSURF to help increase its efficiency. We tested 3
different thresholds, 1%, 2% and 5%, to iteratively remove that percent of lowest ranking variables
at each iteration. Figure 6-4 below shows the comparison of results. Here exactness is defined as
the proportion of true positives selected where an exactness of 1 means 100% of true positives were
selected from the simulated dataset.

Figure 6-4. MultiSURF and TuRF results at various parameter settings
Comparison of results for TuRF parameters when using it with MultiSURF and also MultiSURF
without TuRF implementation. Plot on left is for 100 variables and on right is for 500 variables. Xaxis lists main effect and interaction datasets and y-axis lists all methods tested. These plots are
divided by top percentage of variables selected and also the strength of signal. Color gradient refers
to the exactness (percentage of true positives).
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It is interesting to note here that MultiSURF without TuRF performs better for strong effect
models (0.5 and 0.9 penetrance) for both 100 SNPs and 500 SNPs datasets. This could be due to
the fact that TuRF works better for larger datasets with many variables whereas 500 variables is
still considered relatively “small” and can be handled by MultiSURF alone. In this case, TuRF does
not help but instead makes it worse. The poor performance of MultiSURF and TuRF could be
explained by the algorithm accidentally discarding the important variable or variables in the first
iteration.

Distribution of accuracy from MDR

We ranked all MDR generated models based on their training accuracy to select top userdefined percentages of models as explained in model selection. Figure 6-5 shows the distribution
of median training accuracy for all models that were selected from MDR feature selection. It is to
be noted that the accuracies for the selected features vary greatly based on the strength of signal.
For example, training accuracies in 0.1 effect signal datasets are close to 55% for all models
whereas accuracies for 0.9 effect signal datasets are closer to 80%.
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Figure 6-5. Median training accuracy from MDR analyses
Distribution of median training accuracy from pMDR analyses. X-axis is median training accuracy
values, Y-axis lists all main effect and interaction simulated datasets. These plots are divided in
combination of the effect size and top percentage of models selected. 100 SNP data is shown in
circles and 500 SNP in triangles. The two colors represent actual true and false positives in results.

Application of all methods on simulated datasets

We tested all chosen methods on two experiments of simulated datasets with different
ranges for effect sizes and various additive main effect and interaction effect models as explained
in the data section. To compare results, we are using the degree of effectiveness coined “Exactness”
where an exactness of 1 is equivalent to 100% of true positives being selected in the top features.
Figure 6-6 represents the results for all methods tested using simulated data experiment 1 and
Figure 6-7 represents results from all methods tested using simulated data experiment 2. It seems
evident from these plots that MDR used as a feature selection tool helps to select true positives
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every time for models tested in simulated data experiment 1 whereas Ranger and Gradient Boosting
perform best in terms of selecting true positives for data experiment 2. In the first set of simulations,
we see that nonparametric methods do not perform as well in detecting interacting effects.
Additionally, we see that most methods do not perform well for the weakest signal tested (0.1
penetrance). MultiSuRF and TURF seem to perform well for interaction effects but do not perform
well for main effects. In the second set of simulations, LASSO (without explicitly adding
interactions in the model) and Elastic net fail to find true positives in both EDM-1 and EDM-2
models, while MDR fails to identify true positives for EDM-2 model. MultiSURF alone and
MultiSURF with TuRF both struggle in finding true positives from EDM-2. MDR and ReleifF
algorithms work well for EDM-1 model architecture. Lastly, LASSO with interaction models can
identify interactions similar to best performing methods in both simulated sets. When we compared
these methods for their efficiency (computation burden) as shown in Figure 6-8, we observed that
the parametric methods (especially LASSO with interactions) take more computation time than
most non-parametric methods and the data mining approach. Additionally, LASSO generates an
nxn matrix (SNPxSNP) for all exhaustive pairs of SNPs and also requires more memory than other
methods to perform computation.
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Figure 6-6. Results for simulated dataset 1
Comparison of results from all methods tested on simulated dataset 1. These heat maps show the
exactness of results for all methods (on y-axis) and all simulated models (on x-axis) for both 100 SNPs
and 500 SNPs datasets in combination with different effect sizes and selection of top features.

We also estimated the time it would take for most of these methods to run when the number
of samples and variants are increased. From our analysis, we estimated that MDR scales linearly
with number of samples whereas MultiSURF scales quadratically with number of samples but has
increased efficiency in comparison to MDR when the number of variants is increased377. Thus, the
computational burden increases when number of samples are increased. Gradient boosting also
seems to only perform well with larger effects sizes in terms of detecting true positives378 and fewer
variants. For larger numbers of variants and samples, the best way to perform analyses using
gradient boosting is to create subsets of SNPs with low intercorrelations and then aggregate results
(email conversation with Dr. Gitta Lubke).
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Figure 6-7. Results from simulated dataset 2
Comparison of results from all methods tested on simulated dataset 2. These heat maps show the
exactness of results for all methods (on y-axis) and both simulated models (on x-axis) in
combination with different effect sizes and selection of top features

Figure 6-8. Computational time comparison

Plot showing time in seconds (on y-axis) taken for running all feature selection methods. All
simulated models are presented in x-axis. Color represent each method. Circles are for 100 SNPs
datasets and triangles for 500 SNPs datasets
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Collective Feature Selection on Simulated Dataset

We applied collective feature selection on simulated data experiment 2 to obtain the
number of features that will be selected from top performing methods. Figure 6-9 A and B show
the overlap among top features selected from MDR, Ranger, Gradient Boosting, and MultiSuRF
and TuRF on EDM-1 and EDM-2 model architectures. Based on information known about merged
results from simulated datasets, we expected to obtain 9 true positives (3 from each heritability
parameter) in each set of top features selected by every method. However, we again observe that
each method does not pick all true positives as shown in 3rd panel of Figure 6-9

A

B
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Figure 6-9. Collective feature selection representation on simulated dataset
Venn Diagrams shown here represent the overlap among the top features selected by all methods and bar charts below each venn diagram show the number
of true positives and false positives selected by each method. “A” plot demonstrates results for EDM-1 datasets and “B” plot contain results for EDM-2
datasets
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Therefore, the practice of applying a collective approach seems advantageous as it
increases the chances of obtaining true positives while also considering the increase in chances of
selecting more noise variables. Figure 6-10 shows the number of features selected in each model
by top 3, 5 and 10% model selection criteria. One point to note is that by choosing collective feature
selection, we picked all 9 true positives every time whereas by picking one method alone, we risk
the chance of picking the “best” method based on one scenario and applying it to a dataset where
it is unable to detect all of the true positives.

Figure 6-10. Number of features selected by collective approach

Results from Natural Biological Dataset:

Collective Feature Selection: The first step in identifying non-linear models associated
with obesity (defined here based on BMI values) is to perform feature selection. We selected 3
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methods (MultSurF and TuRF, MDR and RANGER) for feature selection as described in the
methods section. Input data consisted of 60,032 SNPs and after feature selection, we selected the
top 1% results from each method. This resulted in 1,758 variables selected using collective feature
selection. The overlap of these variables among the different methods is shown in Figure 6-11. To
identify if each feature selection method tend to select features based on some patterns, we looked
for distribution of the selected features from each method in terms of MAF and weights (based on
data driven weighting scheme to account for additive, dominant and recessive effects of
variations)398. Appendix Figure 6.1 represent these trends. Next, we also mapped variants from all
selected methods to pathways from KEGG database to identify patterns. The network of pathways
obtained is shown in Appendix Figure 6.2.

Figure 6-11. Collective feature selection on natural dataset
Collective feature selection to select 1758 variables with potential epistatic effect from Mycode data
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ATHENA Results: 5 different networks were obtained as a result of applying GENN to
identify non-additive interactions associated with BMI outcome. The average training and testing
area under ROC curve (AUC) for the 5 models are presented in Table 6-2.

Table 6-2: Training and testing AUC for models selected by ATHENA
Cross Validation

Training AUC

Testing AUC

CV1

0.552115

0.537071

CV2

0.546601

0.540414

CV3

0.543943

0.547598

CV4

0.549398

0.538175

CV5

0.555795

0.541373

We choose the best network from this analysis which is shown in Figure 6-12. In this
analysis, we did not adjust for any confounding effects of age, sex, or principal components (PCs)
on BMI, but for the variants selected in top models from ATHENA, we ran regression using
PLATO250 to see if the effect sizes and P-values for these variants change drastically when BMI,
the dependent variable, is adjusted by covariates (age, sex and first 4 PCs). Therefore, to identify
if there is significant effect of co-variates on SNPs, we tested these variants by running logistic
regression with and without adjusting for covariates. Table 6-3 lists the p-values and betas from
regression analyses.
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Figure 6-12: GENN Model
Best GENN model selected from ATHENA. The SNPs are annotated to gene names.
Obesity is a worldwide epidemic and it predisposes to many other metabolic traits and
diseases399. In our network, we observed a well-known hit for a variant in the FTO gene which has
been identified by many GWAS analyses. The reported model suggests interaction of FTO179,399
variants with variants in TNC, MYO16, and TTBK1 genes. Notably, these three genes have known
associations with other phenotypes influenced by BMI, such as TNC with Alzheimer’s and
schizophrenia400,401. TTBK1 is also known to be associated with Alzheimer’s diseases402–404350–
352

while MYO16 has been found to be associated with pulse pressure405. It is also interesting to note

that that genes variants in genes MYO16 and TNC are not significant when tested for independent
main effect (as reported in Table 6-3) but they are included in the interaction model as suggested
by ATHENA (Figure 6-12) which suggests that these variants might work in combination to affect
the etiology of obesity but would not be identified otherwise in an additive model.
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Table 6-3: p-values and betas from regression analyses on 5 SNPs selected by ATHENA network
SNP

Gene Name

No Covariates

With Covariates

p-value

beta

p-value

beta

exm-rs11075987

FTO

6.76x10-11

0.173939

8.02x10-09

0.1690

rs7232886

N/A

9.36x10-09

-0.15448

6.24X10-06

-0.1336

rs2756184

TTBK1

0.014104

-0.06635

0.018812

-0.0699

rs9520911

MYO16

0.045223

0.053358

0.051185

0.0573

rs7043308

TNC

0.768626

-0.00958

0.745697

-0.0116

Discussion

Epistatic features of genes are necessary to consider when investigating the genetic
etiology of disease traits. Gene-gene interactions are believed to account for hidden genetic
variability38. Testing exhaustive pairwise or higher order interactions among all genetic variants
poses various challenges including computational burden and correction for multiple hypotheses.
Along with these challenges that affect efficiency, it is also important to note that adding more
variables to test also reduces the effectiveness of the predictions. Thus, implementing a feature
selection method before model prediction is necessary. In our study, we tested parametric,
nonparametric, and data mining approaches to feature selection and compared them based on the
top models selected as well as the computational time. Through our simulation experiments, we
observed that every method is trained to pick variants based on different underlying models that
could have potential epistatic effects on disease traits which is reflected by the selection of different
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false positives from each method on our simulated datasets. One possible explanation for selection
of different features from different algorithm corresponds to the “no free lunch” theorem379 and the
understanding that no particular feature selection method is specifically designed to pick all
epistatic effects. We recommend selecting a user-defined percentage to obtain the union of features
from all methods, referred to here as collective feature selection, to potentially increase power to
detect more biologically pertinent associations. It is likely that using a collective approach could
result in adding more noise to the analysis, but our analysis suggests that applying different feature
selection strategies yield such majorly dissimilar results that the payoff is greater than the cost. In
future studies, we aim to test the collective feature selection approach on other natural biological
datasets. Our simulation analysis showed that applying non-parametric approaches, like MDR,
random forest, gradient boosting and ReliefF results in selecting more true positives epistatic
effects in a computationally feasible amount of time than using parametric approaches. But using
one method does not always yield all true positives. Thus, we propose collective feature selection
utilizing non-parametric methods for feature selection as a powerful approach for epistatic
discovery analysis.

One of the limitations of this study is that we tested our analyses for binary outcome in
both simulated and natural datasets. Future work would include the application of these methods to
quantitative phenotypes. Additionally, in our simulation analyses we were not able to identify any
patterns among the SNPs that were selected across methods. One possible reason could be because
of the way that noise is simulated in our dataset, we selected all variants at similar MAF. More
studies including simulations of different sets of MAF could also help validate this approach
further. In addition, the inclusion of other types of underlying models of epistasis would be useful
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to further discern which orthogonal or complementary methods perform best in a collective feature
selection strategy.

Conclusions

Although our current study is limited in terms of the simulations we performed, we clearly
indicate that different methods select varying features (both signal and noise variables) depending
on the genetic architecture of the dataset. Thus, using a collective approach could help in filtering
features that show non-additive effects. We applied our approach to select features that were later
tested in an independent dataset to identify networks using GENN. Our model was able to select
known signals as well as potential interacting effects of known signals with other variants that could
be influencing risk of obesity.
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Chapter 7

Step by step dissection of heritability to uncover the missing pieces
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Abstract

Obesity is one of the largest public health concerns worldwide. Variation in body mass
index (BMI) leads to obesity which then predisposes individuals to many other diseases. Family
studies estimate that the heritability of obesity ranges from 47-90%; however, genome-wide
association studies (GWAS) to date have identified that GWAS-significant variants explain only
6-11%. To supplement findings identified from analyses that have only focused on estimating
variance components associated with additive genetic effects, we hypothesize that more of the
missing heritability can be recovered by estimating variance corresponding to epistatic interactions
and rare genetic variants. Utilizing all these elements in an exhaustive way is a challenging task.
Due to recent advances in genotyping and sequencing technologies, we now have the dense genetic
variation data needed to perform this type of comprehensive analysis. Methods to estimate variance
components are based on an aggregate effect of genetic variants on a phenotype. These methods
have provided remarkable insights into elucidating the genetic architecture of complex traits based
on additive variance components alone. However, it is also possible to study non-additive effects
of both common and rare variants using these methods. In this study, we designed an approach to
obtain heritability estimates from common and rare variants, including additive and epistatic
variance components. We performed genetic association tests in over 40,000 unrelated samples
from the DiscovEHR study to obtain main effects, pairwise interactions, and rare variant gene
burden models associated with body mass index (BMI). We used this set of genetic variants to
estimate additive, epistatic, and rare variant variance components in ~40,000 samples from the
eMERGE network and subsequently estimated the proportion of phenotypic variance explained by
each component. Our results indicate that 15% of phenotypic variance for BMI can be explained
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by estimating the interacting variance component from all common genetic variants. Rare variants
selected from whole exome analysis explain an additional 5% of the heritability. These components
might add to the almost 19% heritability explained by the additive genetic components. We
conclude that incorporating additive and epistatic variance for common and the inclusion of rare
variants based on an in-depth scrutiny of phenotypic and genetic complexity are essential for
enhancing our understanding of the heritability of complex human traits.

Introduction

Obesity is a genetically heterogeneous trait and its cause is believed to be dependent on
many factors (genetic as well as environmental)406–408. Investigating the role of genetic variation in
obesity is crucial because many other diseases such as cardiovascular disease, type 2 diabetes, and
sleep apnea are comorbidities due to overweight/obesity409. Individuals are considered obese based
on one or a combination of quantitative values for Body Mass Index (BMI) and Waist to Hip Ratio
(WHR). In our analysis, we used median BMI values as the trait to evaluate the genetic etiology of
obesity. Recent studies suggest that 75% of SNP heritability for BMI can be explained by
genotyped common variations180 (>500K variants; where each variation would contribute an
average of 0.01% of the variance based on polygenic assumption of REstricted Maximum
Likelihood (REML) algorithm). Although genome wide association analyses have identified many
significant SNPs associated with BMI, these significant variants have only been able to explain 24% of the trait heritability179. Since BMI is a polygenic trait, many genetic variants are likely to
contribute to its heritability. We hypothesize that the a portion of this missing heritability can
potentially be estimated by investigating phenotypic complexity, rare variations, as well as genetic
interaction effects along with additive effects14,303,304,410. Scrutinizing phenotypic and genetic
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complexity is essential in the search for missing heritability. Here, heritability is defined as the
extent to which individual genetic variation accounts for phenotypic variation seen in a population.

Historically, heritability is estimated from twin and family studies and is referred to as
broad sense heritability because it accounts for all the genetic components contributing towards the
variation in phenotype. However, heritability estimated by regressing all the available genotyped
markers on the phenotype (e.g. with whole-genome regression based studies) can only account for
additive genetic variance (narrow sense heritability). There is usually a substantial gap between the
two estimates (broad and narrow sense heritability), leading us to investigate the contribution of
non-additive sources of genetic variation to estimates of heritability

21,32,411–413

. For complex

diseases such as obesity not much of the heritability can be explained by additive variance
components alone. Studies are mostly conducted to identify one type of effect whether it is additive,
pairwise interactions between common variants or rare variants but these studies are usually either
(a) limited in sample size or (b) estimates of heritability from non-additive sources of genetic
variation are not obtained. Due to technological advancements, copious genetic information is
available from EHR biobanks. Thus, it seems necessary to design algorithms that can partition
heritability into the proportion that can be explained by each of these individual components.

Methods to estimate variance components are based on aggregate effects of genetic
variants on a phenotype323. These methods have provided remarkable insights into elucidating the
genetic architecture of complex traits. A majority of these methods are applied to estimate the
additive variance components from GWAS studies using either genotype data or summary statistics
173,176,414

. Advancement in genotyping and sequencing technologies has provided ample marker

information for large sample sizes415. Thus, it is now possible to study additive and non-additive
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effects of both common and rare variants on a large number of samples. In this chapter, we propose
a pipeline to dissect the missing heritability not only from common variant additive effects, but
also from interaction effects and rare variant effects using regression based methods. Regression
approaches are widely accepted to estimate the proportion of phenotypic variance explained by
common genetic variant173,174. Regression approaches such as Best Linear Unbiased Prediction
(BLUP) are used to identify random effects of SNPs in whole genome regression to mainly estimate
the proportion of variance due to additive genetic effects173,416,417. Although these methods have
been immensely useful in estimating proportion of genotypic variance explained from whole
genome regression analysis (mostly common variants), applying similar approaches to interacting
effects and rare variants can also be very useful in dissecting the extent of heritability explained by
non-additive components. Testing linear mixed model approaches for gene-gene interactions
possess several challenges in terms of computational burden and interpretability because testing
interactions requires the use of a Hadamard product of the kinship matrix (equivalent to an elementby-element square of the kinship matrix) as well as a large sample size (N choose 2 parameters).
Although a large sample size could help in achieving precise heritability estimates, squaring the
elements of a large kinship matrix could be computationally expensive. Next, since these datasets
consists of more variables than number of samples (p>>n problem), it is important to address the
challenges of overfitting the models to estimate heritability181. We evaluate Restricted Maximum
Likelihood (REML) to precisely estimate heritability due the above-delineated genetic
components. Here, we propose a pipeline to dissect the heritability into three major ways:
1. Additive variance component due to common variants (MAF>1%)
2. Interaction variance component due to pairwise epistatic associations between common
variants (MAF>1%)
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3. Additive variance component due to gene burden association from rare variants
(MAF<1%)

In this chapter, we aimed fill in the missing pieces to obtain heritability estimates in a
population-based dataset that are closer to broad sense heritability estimates. We achieved this by
dissecting the heritability component using the proposed pipeline to understand the estimates of
heritability from additive effects of common and rare variants and also interaction effect of
common variations.

Methods and Materials

Linear mixed model (LMM) approaches are useful in estimating the proportion of variance
explained by the combination of genetic variants where all predictor variables are added linearly in
a single model. LMM methods are an alternative to GWAS where the association of only one SNP
with phenotype is tested, here all SNPs of interest (genome-wide, only significant main effect
SNPs, SNPs filtered based on MAF, etc.) can be modelled in a single regression model173. The
basic concept here is to fit the effects of all SNPs included as random effects in the regression
model such as equation below:

! = $% + '( + )

− −+,(-./01 1

Here Y is the independent variable or phenotype, term “b” refers to the vector of fixed
effects (effect from sex, ancestry, age), “u” refers to the vector of random effects (SNP markers)
and is assumed to follow normal distribution, i.e. u ~ N (0, '' 3su2) where W is the nxp matrix of
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SNP genotypes and “e” refers to residual effects where residuals are assumed to follow normal
distribution i.e. e ~ N (0, Ise2) where I is the nxn identity matrix (n is number individuals). Thus,
proportion of variance or heritability can be estimated from previous equation as follows:

4-5(7) = '' 3 9:; + <9=;

− −+,(-./01 2

Next, A = WW’/N can be interpreted as genetic relationship matrix (GRM) or kinship
matrix which represents the relationship among the set of unrelated samples. And 9:; = ? ∗ 9A;
where 9A; is the variance explained by all SNPs. This proportion of phenotypic variance can be
written as follows:

4-5(7) = B 9A; + <9=;

− −+,(-./01 3

Proportion of variance explained by all SNPs (9A; ) can be estimated by REstricted
Maximum Likelihood approach (REML) and this method has been implemented in the Genomewide Complex Trait Analysis (GCTA) tool173, which has been widely popular for over a decade.
During the estimation of the GRM, closely related samples, i.e. siblings, parent-offspring, and
twins, are removed from the analysis to generate unbiased estimates of genetic relationships. Here,
LD between SNPs is used to estimate the relationships in an unrelated list of samples. Although
this approach has been very useful, there are some caveats to this approach. Causal variants can be
tagged by variants in perfect LD and if there are more variants in high LD with causal variants, it
can overestimate the relationship among samples in one region when compared to another region
where there is a smaller number of variants in high LD with causal variants. Thus, to overcome the
problem of overestimation, Speed et al. proposed an alternative method for GRM estimation where
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SNPs are weighted based on LD between the variants; this approach is implemented in Linkage
Disequilibrium Adjusted Kinship (LDAK) tool176. In this approach, authors investigated the role of
LD on estimation of heritability and showed that the weighted method yields unbiased estimates of
heritability. Therefore, we used the LDAK tool for calculating variance components based on (a)
additive effects of common variants, (b) additive effects of rare variant gene-burden effects, as well
as (c) interactions between common variants effects.

Simulated dataset

The LDAK tool was developed to estimate the additive variance component and its
application to GWAS data has been contrasted and compared with other tools such as GCTA176,181.
Estimation of interacting variance component requires the Hadamard product of the kinship matrix
as generated by the SNPs of interest184. Interaction variance component estimation has not been
calculated for large datasets (sample size ~40,000) before, therefore, we first tested this in simulated
datasets in order to make sure that we use the correct parameters (and commands for LDAK) for
heritability estimation in our real, biological dataset. We simulated 2 datasets, one with a pure
additive effect (h2 = 0.4) and the second with a pure epistatic effect (h2 = 0.31). Results from the
simulated experiments are shown in Table 7-1 and discussed in the Results section.

Analysis of Body Mass Index (BMI)

Ordinarily, variability in BMI is used to diagnose obesity which can lead to the
predisposition to many other diseases. In this analysis, we used datasets from DiscovEHR (60,000
samples as explained in Chapter 2) and eMERGE cohorts (imputed data as described in Chapter 4)
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for this analysis. A proposed pipeline for analyzing data for identifying important variables and
estimating heritability is described in Figure 7-1. Both datasets consist of ~40,000 unrelated
European American adult samples (Age>18 years). We calculated residuals for BMI where the
dependent variable BMI was regressed against sex, age, age^2 and first 4 PCs (for DiscovEHR)
and 10PCs (for eMERGE). For common variant analyses (GWAS and epistasis), we conducted
association tests in the DiscovEHR dataset and used the test statistics (p-values) to filter predictor
variables for heritability estimation. To address the challenge of overfitting, we performed the
heritability calculations in an independent eMERGE dataset. For epistatic features, we also applied
a collective feature selection approach which was developed and evaluated in Chapter 6. As
explained earlier, to estimate the interaction variance component, we individually squared the
elements of the kinship matrix (the Hadamard product). We calculated the heritability of kinship
matrix from collectively selected features as well as all genotyped variables. Again, to address
problem of overfitting and to obtain unbiased estimates, we estimated variance component due to
interaction effects in the eMERGE dataset (independent from the DiscovEHR dataset) so that the
heritability estimates from significant variants are not calculated in same dataset in which the
association analysis was conducted. In the rare variant analyses, as discussed in Chapter 3, region
based tests are performed to aggregate the effects of rare variants, where a single variant analysis
would not be powerful enough to detect associations. We should be able to use this aggregated
effect of rare variants from collapsed regions to estimate phenotypic proportion. But heterogeneity
in low frequency variations make it difficult to identify similar aggregated effects of genes even in
closely related populations. Thus, it would not be ideal to perform heritability estimates in an
independent dataset for rare variants due to rarity of these variants. Therefore, for low frequency
variants we performed variance component estimation in the same dataset (DiscovEHR).
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Figure 7-1. Heritability analysis pipeline

Pipeline to perform association testing and estimation of heritability for BMI

Results

Simulated data analysis

Table 7-1 below represents the estimation of heritability from LDAK package for additive
as well as interaction variance component. We wanted to estimate the correct parameters to use for
heritability analysis for interaction variance component. LDAK provides 3 estimates of heritability
based on user input of LDAK variables:
•

Her_K is the contribution of kinship matrix

•

Her_R# is the contribution of region number #

•

Her_Top is the contribution of top user specified list of predictors
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•

Her_All is the sum of all contributions from kinship matrices, regions and top predictor
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Simulated
Dataset

Effect Type

True
Positive

Simulated
Heritability

Kinship in
LDAK

Input Files

Variables
Tested

40k_SAMPLES_
GAMETES_Add_
EDM-2_1

Additive

M0P3

0.4

Linear using
100 Simulated
Variables

Linear

40k_SAMPLES_
GAMETES_Epi_
EDM-1_1

Pure Epistatic

M0P1
and
M0P2

0.31

Linear using
100 Simulated
Variables

Linear

All in Kinship
M0P3
M0P3 with 9 FP
Random 10 FP
All 100

40k_SAMPLES_
GAMETES_Epi_
EDM-1_1

Pure Epistatic

M0P1
and
M0P2

0.31

Hadamard
product of
kinship using
all 100
variables

Hadamard
Product
Hadamard
Product
Hadamard
Product
Linear
Linear
Hadamard
Product
Hadamard
Product
Hadamard
Product
Hadamard
Product
Hadamard
Product
Hadamard
Product
Linear
Linear
Linear
Linear

Her_K
from
LDAK
0.441689
1.2717
1.3372
0.4677
0.2135

Her_Top from
LDAK

Only True
Positives
True Positives +
5 False Positives
All 100

0.2135

NA

0.2135

NA

0.2135

NA

Top Preds is TP
Top Preds is TP
+ 5 FP
Only True
Positives
True Positives +
5 False Positives
All 100

1.7820
1.8580

0.180069
0.180112

0.2455

NA

0.2455

NA

0.2455

NA

Top Preds is TP

0.0210

0.19501

Input file is
Hadamard
Top_Preds is
Only FP
Top Preds is TP
+ 5 FP
All 100
Top Preds is TP
Top Preds is FP
Top Preds is TP
+ 5 FP

0.2458

0.000006

0.0210

0.195957

0.2455
0.3005
0.2457
0.3005

NA
0.180069
0.000218
0.180112

NA
0.382646
0.382754
0.000254
NA
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Hadamard
product of
kinship using
Only 98 FP

Table 7-1:

Linear

All 98 FP

-0.0013

NA

Heritability estimates from LDAK on simulated dataset

This table shows the descriptive name of dataset and the effect type simulated (additive or epistatic). Third column represents the true positive signal
simulated in dataset and 4th column represents the simulated heritability. Columns 5-9 lists the variables specific for LDAK. Column 5 is the input kinship
matrix to LDAK (either linear or hadamard product) and column 6 is the type of input genotype files (linear or hadamard). Column 7 shoes which variables
(SNPs) were tested in model. Column 8-9 are heritability estimates from LDAK
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From the table above, it is evident that LDAK estimates the additive variance component
for true positives very close to the simulated heritability and this estimate is represented in
“Her_Top”. For the interaction variance component, we noticed that the Hadamard product (dot
product) of kinship with true positives yields close estimates of heritability when linear input for
all predictors is provided. Thus, these are the elements that we will include in the BMI Analysis.

Body Mass Index (BMI) Analysis

As explained earlier, heritability estimation from LDAK provides two different heritability
result values: 1). Her_K and 2). Her_Top (if top predictors are used as parameters). Results from
heritability estimation from GWAS, interactions and RVAS analyses are listed in Table 7-2. We
used the linear kinship matrix for calculation of heritability for GWAS and RVAS to get the
additive components whereas to obtain interacting variance component, we used an element-byelement square of kinship matrix values.
Table 7-2:

Heritability estimates from LDAK for BMI

Analysis

Category

GWAS

SNP-SNP

RVAS

Her_K

Her_Top

Kinship Heritability

Number of
variables tested
586577

0.19219

NA

Top 1%
Bonferroni Significant

1842
12

0.15173
0.18211

0.06916
0.00645

All
Collective Feature
Selected
Kinship Heritability
Top 1%
Bonferroni Significant

586577
297

0.15397
0.00474

NA
0.01207

22464
223
1

0.00428
0.00386
0.00436

NA
0.00744
0.00003
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It is evident from the heritability analysis that the additive variance component from
common variants explains the majority of phenotypic variance for BMI (19%). As the number of
SNPs in additive model increases, Her_Top also increases (Her_Top value is only reported when
top significant variables are provided in a list, Her_K value is reported in both case when top
variable list is provided or not to report the kinship heritability). Notably, REML follows polygenic
assumption, which means that every variable in mixed linear model is assumed to contribute
towards the heritability. Adding more SNPs, Her_Top value increases even if completely nonassociated SNPs are added in the model. Thus, we limited our analysis to Top 1% variables for
additive effects by common and rare variations (Table 7-2). From this analysis, we also observed
that epistatic variance component from all variants contribute ~15% to heritability and all genes
including rare variants explain very little of heritability for BMI (0.04%).

Discussion

Currently, heritability estimation for large scale datasets mostly rely on computing the
additive variance component from common variants. This current set up is usually applied to
estimate SNP heritability of a large number of variants using REML, Kernel based or Bayesian
approaches173,175,178. Since biology is complex, heritability estimates for embracing this complexity
are also necessary. Previous studies have partitioned the genome by allele frequency as well as
biological annotations to estimate heritability estimated by additive effects
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. In this analysis,

we presented two different ways to estimate heritability. First, by applying different thresholds to
the datasets (such as selecting top predictor variables from association analysis) and second, from
common variants, rare variants, as well as interactions between common variants. We used the
REML approach implemented in LDAK software to perform this analysis. Adding more than 2,000
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predictor variables in the first approach leads to an overfitting problem where even the variants
with no association are included in the model. Therefore, we limited our investigation to the top
1% Bonferroni-significant variables. Our analyses also suggest that common variants explain the
majority of phenotypic variance for BMI, however, 15% of trait variance can also be explained by
the interaction variance from all LD pruned genotyped variants. We calculated the interaction
variance component by obtaining the element-by-element square of the kinship matrix. There is no
tool currently publicly available to estimate the heritability due to interaction effects for large
sample sizes (EpisbigRR package is useful for small sample sizes of ~2000. We worked with Dr.
Doug Speed to obtain a version of LDAK that would perform these estimations once we externally
calculated the Hadamard product of the kinship. Our simulation study suggested that LDAK
provides unbiased estimates of heritability in the scenario we tested. However, we only tested one
method for this pilot phase of analysis; testing of more methods would be necessary in future
studies. Though REML is faster, it only can provide point estimates whereas Bayesian methods
could be very useful in providing posterior distribution of estimates on variance components175.
Thus, testing of Bayesian approaches could also help in testing the robustness of our analysis in
future studies. One possible limitation of estimating these variance components separately is that
there might be an overlap between additive, interaction, and gene burden components. If there is
overlap, some of the estimates could be over-estimates, as the components may or may not be
independent. Future directions for this would include developing methods to model all of the
variance components simultaneously to estimate the non-overlapping contribution of each
component for a given trait.
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Chapter 8

Conclusions
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The dissertation presented here explored the complexity of the genome and the phenome by looking
at connections across phenotypes with common variant main effects, rare variant burden effects as
well as common variant interaction effects. Common variant association studies play an essential
role in identifying the independent effect of variations on phenotype/s. But, this effect is usually
small, and many common variants additively only explain an ungenerous proportion of phenotypic
variance. As described in Chapter 1, investigating the impact of all available resources together for
a select list of polygenic phenotypes could help in elucidating this complexity and genetic etiology
of complex traits. Phenotypes studied in this dissertation are complex and polygenic traits that are
obtained from EHR systems. Genetic architecture of complex polygenic traits is believed to be
controlled by not one type of genetic variations but combinations of variations. Thus, testing effects
of other variations to embrace this complexity seems necessary. EHR are the powerhouse of
information about the study population that contains data in the form of many available resources
such as disease diagnosis, laboratory measurements, medication information, imaging,
demographic information among others. Integrating these resources from the EHRs not only
provide robustness to associations but also help in identifying if variability in quantitative
measurements among samples in the study population affect the disease diagnosis as explained in
Chapter 2. We used longitudinal information from EHR and showed that the differences in
laboratory measures affect the disease diagnosis and its association with common variants. In
Chapter 3, however, we tested the effect of rare variations on both laboratory measures as well as
disease diagnosis information extracted from the EHR. This dissertation utilized quantitative traits
from EHR in the form of median values or variance but testing for the effect of SNPs, as well as
disease diagnosis on tail end of values (extremely low or extremely high), still remains elusive.
Rather than testing for one set of values, a complementary approach would be to test for mean,
median, extremely low, extremely high, interquartile range, and variance simultaneously. This
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approach could help in yielding important insights into the genetic underpinnings of complex traits
by embracing the heterogeneity and complexity of phenotypic data.

The foundation of association studies is based on estimating the additive effect of variations
to explain narrow sense heritability. Overall heritability as estimated by twin and family studies,
also referred to broad sense heritability is, in fact, the combination of additive, dominance and
interactive effects. Thus, we have emphasized the importance of testing for interactions as one of
the primary focus of this dissertation. Testing for interactions faces many challenges. In Chapter 46, challenges such as loci heterogeneity, computational burden and multiple hypothesis correction
pertaining to discovery and replication of epistasis analysis were discussed. In this dissertation, we
applied biological filtration methods as well as data-driven methods to reduce the noise and
computational burden for epistatic discovery. We explored gene-based replication approaches
(Chapter 4) and the effect of filtering variations by annotating non-coding regions with regulatory
information from roadmap epigenome (Chapter 5). Gene-based method for replicating epistatic
signal to account for loci heterogeneity yielded potential for applying the similar approach in future
studies. The use of Roadmap Epigenome data to map variants to most probable chromatin state has
potential to prioritize variants, but mapping variants to chromatin state averaged across tissues
possess several caveats, especially losing the tissue specificity. An alternative method for future
direction to test biologically driven statistical epistasis could be to utilize regulatory information of
genes and generate genomic boundaries based on the biochemical interactions as provided by
sources such as CTCF binding location annotations (this can be obtained from ENCODE, Roadmap
Epigenome, IDEAS or ChromHMM). A method to restrict the testing of pairwise epistatic features
can be potentially limited to the genomic boundary regions. Next, another approach to use could
also be in exploiting epistasis in LD regions. In most studies, we exclude variants in same LD
region to test for independent SNPs. But it is likely that some interactions occur in same LD regions
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as well. In Chapter 6, we presented a data-driven method for feature selection and proposed
collective feature selection approach as a powerful tool to perform filtering of variants before
testing/modeling for associations with a phenotype of interest. Future methods would include a
combination of biological and data drive feature selection to detect epistasis.

Approaches as mentioned above and methods applied on several datasets in this
dissertation all aimed at the central goal of explaining the proportion of phenotypic variance
attributable to genetic variations. We applied all lessons learned from various analysis strategies to
dissect the proportion of phenotypic variance/heritability for BMI in Chapter 7. LDAK** package
was used to estimate additive variance component from common and rare variants as well as
interacting variance component from common variants. The analyses performed in Chapter 7
suggest that the interacting variance component is also an essential part of uncovering the mystery
of heritability. One of the caveats of this study, as explained in Chapter 7, is that the overlapping
proportion of phenotypic variance is not estimated. Thus, improved extensions of this variance
component estimation are needed that account for the additive and interacting variance components
simultaneously.
More genotypic and transcriptomic data are being generated on large datasets of diverse
samples. In our opinion, the majority of the heritability of complex traits remains elusive due to
trends for testing of one type of genetic variation in a given study. With the availability of more
‘omics datasets, future studies will focus on meta-dimensional methods to predict how these ‘omics
networks associate with phenotype of interest as conceptualized in Figure 8-1.
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Figure 8-1. Integrating multi-omic data concept
Concept for integrating multi-omic data in a meta-dimensional network
One possible strategy would be to use meta-dimensional methods such as ATHENA93 and
iCluster419 to generate networks by providing all variables as independent inputs to these methods.
Another alternative approach could also be to map all genetic variations to an intermediate entity
such as genes or pathways and then generate a score for genes/pathways to test for its association
with the phenotype of interest. Kim et al419 has explored this alternative strategy in part. Testing
these strategy accounting for phenotypic heterogeneity as explained earlier can be useful in
elucidating genetic underpinnings of complex disorders.

In this era of rapid molecular technological advancements, we expect to see future studies
not looking at the relevance of one ‘omics dataset at a time, but instead considering the
combinatorial effects (including additive and interactive) of all possible ‘omics datasets. The field
is moving in the direction of integrative modeling approaches (such as meta-dimensional
analyses)111, and thus, along with detection of risk factors, we should also expect the calculations
of variance components attributable by additive, interactive, and environmental effects to be
included in the same comprehensive models elucidating undercover heritability. Utilizing a-priori
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biological information for interpretation of results and identifying interconnected networks
affecting disease etiology and what tissues are affected also seems necessary420. Many association
studies of phenotypes such as lipid traits, cancer, Alzheimer's disease, and autism to name a few,
have been conducted to identify the impact of different genomic variations (suspects) utilizing
several analytic methodologies (weapons) to represent their effect in tissues whereas analogized in
Chapter 1. However, future studies will likely involve the development of methods to integrate all
types of ‘omics variations in identifying models affecting disease traits. Methods should also focus
on dealing with the sparsity of data because it is highly unlikely to have all of the different data
types variations collected on large enough sample sizes. Still, our challenge will be to initiate each
new investigation as we would a new round of the board game “Clue.” We will allow for any of
the suspects, weapons, and locations to be the accurate solution to the crime (disease risk) in
question. Our ability to explore the different types of ‘omics variation, using different underlying
genetic architectures and modeling methods will be critical to achieving our maximal
understanding of the genomics of common, complex diseases and traits.
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Appendix Figure 2.1
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Appendix Figure 2.2
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Appendix Figure 2.3
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Appendix Figure 2.4
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Appendix Figure 2.5
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Appendix Table 2.1: Variance based thresholds chosen for each variable in discovery and replication datasets
Sample Size

Sample Size

Clinical Lab Variable

Discovery Dataset
Threshold

Replication Dataset
Threshold

Discovery Low
Variance

Discovery High
Variance

Replication Low
Variance

Replication High
Variance

ALANINEAMINOTRANSFERASE

250

250

10422

2442

10223

2487

ALBUMIN

NA

NA

NA

NA

NA

NA

ALKALINEPHOSPHATASE

400

500

9635

2243

9870

1811

ANIONGAP

7.5

7.5

10406

3501

10503

3331

ASPARTATEAMINOTRANSFERASE

175

200

10592

1873

10495

1772

BILIRUBIN

0.07

0.05

10598

1207

9901

1702

CALCIUM

0.2

0.2

11675

2725

11528

2782

CARBONDIOXIDE

7

7.5

11446

2983

11870

2487

CHLORIDE

NA

NA

NA

NA

NA

NA

CREATININE

0.09

0.08

13418

1260

13262

1374

ERYTHROCYTEDISTRIBUTIONWIDTH

0.62

1.25

9160

4705

10831

2973

GLUCOSE

650

500

10628

4132

10038

4653

HEMATOCRIT

NA

NA

NA

NA

NA

NA

HEMOGLOBIN

1.3

2

9654

4359

11125

2811

MEANCORPUSCULARHEMOGLOBINCO
NCENTRATION

1

0.8

10873

2992

9654

4153

MEANCORPUSCULARHEMOGLOBIN

2

2

11517

2348

11509

2298

MEANCORPUSCULARVOLUME

12.5

12.5

11601

2264

11600

2208

PLATELETCOUNT

2500

4500

10535

3291

12147

1618

PLATELETMEANVOLUME

1.8

1.6

11858

1992

10897

2894

POTASSIUM

NA

NA

NA

NA

NA

NA
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PROTEIN

NA

NA

NA

NA

NA

NA

RBC-COUNT-BLOOD

0.125

0.2

9718

4147

11369

2438

SODIUM

NA

NA

NA

NA

NA

NA

UREANITROGEN

NA

NA

NA

NA

NA

NA

WBC-COUNT

12.5

8

12507

1373

11651

2179
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Appendix Data File 3.1: List of 797 Unique genes tested

Link to Appendix_Data_File_3.1 for download

Appendix Table 3.1: List of all ICD9- codes tests along with their description

Link to Appendix Table 3.1 for download

Appendix Table 3.2: 93 Bonferroni significant associations

Link to Appendix Table 3.2 for download

Appendix Text 3.1: Brief information on predictive algorithms used in dbNSFP tool:

dbNSFP provides precomputed prediction scores for SNPs (no indels) to identify
functional relevance of variants. It provides scores using following 5 algorithms:
•

SIFT245: Sorting Intolerant From Tolerant is a tool that classifies variant as damaging
(score <0.05) or tolerated (i.e. score>0.05). This tool predicts if the amino acid substitution
is deleterious or not based on sequence homology and physical properties of amino acids.

•

PolyPhen2 (HDIV training set) and (HVAR training set)246: It uses naïve Bayes
machine learning algorithm to predict if the amino acid substitution will affect the function
and stability of the protein. It takes nonsynonymous SNPs as input and then map them to

236
gene transcripts (option between All, UCSC gene transcripts and canonical gene
transcripts) and then constructs conservation profiles based on structural information and
sequence annotations. It uses two different training sets HDIV (mainly useful for rare
variant evaluation for GWAS studies) and HVAR (useful for mendelian disorders). Three
categories of scores are provided for both training sets in dbNSFP: probably damaging
[“D”], possibly damaging [“P”] and benign [“B”].

•

LRT247: Likelihood Ratio Test (LRT) method compares the input genome to 32 vertebrate
species and classify the substitution as deleterious [“D”], neutral [“N”] or unknown [“U”]

•

MutationTaster248: This method is similar to PolyPhen and it also uses naïve Bayes
algorithm for prediction. This method uses HGMD professional dataset and includes SNPs
and indels from 1000 Genomes. Variations causing premature stop-codons and also listed
as pathogenic in ClinVar database are classified as disease causing [“A”], variations similar
to reference dataset are classified as harmless [“P”], otherwise all are classified as disease
causing variations [“D”] or polymorphisms [“N”]. This tool classify directly and then give
a score ranging from 0 to 1 which defines the confidence in the classifier where 1 means
high confidence.
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Appendix Figure 3.1: Circos plot for LOF Filter 3 category
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Appendix Figure 3.2: Circos plot for LOF Filter 2 category
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Appendix Figure 3.3: Circos plot for All Variants Filter category

240
Appendix Figure 3.4: Circos plot for NON LOF Filter category

241
Appendix Figure 3.5: Count of results below FDR q-value 0.25 from GSEA for ICD-9 codes
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Appendix Figure 3.6: Count of results below FDR q-value 0.25 from GSEA for Clinical
laboratory measurements
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Appendix Text 4.1. Phenotypic algorithm for POAG from eMERGE:

Flowchart and pseudocode for phenotypic algorithm to extract samples from Electronic Health
Record data to classify as cases and controls for POAG.
Link to Appendix Text 4.1 for download

Appendix Table 4.1. All Replicated results between eMERGE and NEIGHBOR datasets:
All SNP-SNP interaction results replicated in eMERGE and NEIGHBOR analysis. This table lists
p-values for all eMERGE samples analysis and also analysis in European American samples only.
P-values for each variable in the model as well as likelihood ratio test p-value for interactive effect
is also provided.
Link to Appendix Table 4.1 for download

Appendix Table 4.2. Power calculation results:

Power calculation as performed by Quanto considering odds ratio in range of 1-3 for two sets of
disease risk parameters represented in 2 separate tabs in excel
Link to Appendix Table 4.2 for download
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Appendix Figure 4.1. Quantile-Quantile plot of interaction results from discovery
(eMERGE) data:

QQ-plot showing distribution of p-values from interaction analyses in discovery dataset.
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Appendix Figure 4.2. Heat map representing expression of the unique genes found in the
ocular tissue database from GXG interaction results. Here, the x-axis lists all genes and yaxis lists the names of 10 tissues from the eye. Scale and color intensity represent PLIER
values as reported in the ocular tissue database.
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Appendix Figure 4.3. Hierarchal plot showing 16 genes in red circles and 11 pathways in
blue rectangles. Connection between the genes and pathways was established using Biofilter
2.0.
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Appendix Table 5.1

27 Phenotypes from ACTG
(Source: http://ofid.oxfordjournals.org/content/2/1/ofu113/T2.expansion.html)
Link to Appendix Table 5.1 for download

Appendix Table 5.2

Replicated Results after Bonferroni Correction

Link to Appendix Table 5.2 for download

Appendix Table 5.3

Replicated Results after FDR Correction

Link to Appendix Table 5.3 for download
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Appendix Figure 6.1: MAF and Weight trends for selected features from each method

Dot plot showing Minor allele frequency on X-axis and weights as calculated from PLATO on y-axis for top 603 SNPs selected from each
method. The color of plots represents the method. Right plot is a zoomed in version of left plot to visualize distributions.
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Appendix Figure 6.2: Network plot for variants selected from each method mapped to KEGG pathways

Triangles are each method and rectangles in this network are the KEGG pathways. Edge between a method and pathway represent the
presence of SNP mapping to pathway.
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