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Abstract

Next-generation sequencing technology has presented an opportunity for rare variant discovery
and association of these variants with disease. To address the challenges of rare variant analysis,
multiple statistical methods have been developed for combining rare variants to increase statistical
power for detecting associations. BioBin is an automated tool that expands on collapsing/binning
methods by performing multi-level variant aggregation with a flexible, biologically informed
binning strategy using an internal biorepository, the Library of Knowledge (LOKI). The databases
within LOKI provide variant details, regional annotations and pathway interactions which can be
used to generate bins of biologically-related variants, thereby increasing the power of any
subsequent statistical test. In this study, we expand the framework of BioBin to incorporate
statistical tests, including a dispersion-based test, SKAT, thereby providing the option of
performing a unified collapsing and statistical rare variant analysis in one tool. Extensive
simulation studies performed on gene-coding regions showed a Bin-KAT analysis to have greater
power than BioBin-regression in all simulated conditions, including variants influencing the
phenotype in the same direction, a scenario where burden tests often retain greater power. The use
of Madsen-Browning variant weighting increased power in the burden analysis to that equitable
with Bin-KAT; but overall Bin-KAT retained equivalent or higher power under all conditions. Bin-
KAT was applied to a study of 82 pharmacogenes sequenced in the Marshfield Personalized
Medicine Research Project (PMRP). We looked for association of these genes with 9 different
phenotypes extracted from the electronic health record. This study demonstrates that Bin-KAT is a
powerful tool for the identification of genes harboring low frequency variants for complex
phenotypes.
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1. Introduction

Examining the genetic influence of low frequency or rare variation to complex disease
susceptibility may elucidate additional trait variability and disease risk which has largely
remained unexplained by traditional GWAS approaches[29]. In recent years, studies on
multifactorial diseases including Alzheimer's disease and prostate cancer have provided
compelling evidence that rare variants are associated with complex traits and should be
further examined[9, 16]. Advances in sequencing technologies and decreases in sequencing
cost have provided an opportunity for rare variant discovery. However, due to the frequency
of these variants, there is often low statistical power for detecting association with a
phenotype, and therefore, a necessity for prohibitively large sample sizes. Collapsing or
binning methods are commonly used to aggregate variants into a single genetic variable for
subsequent statistical testing, reducing the degrees of freedom in the analysis and improving
power[23]. BioBin[33, 34] is an automated bioinformatics tool initially developed for the
multi-level collapsing of rare variants into user-designated biological features such as genes,
pathways, evolutionary conserved regions (ECRs), protein families, and regulatory regions.
BioBin follows a binning approach driven by prior biological knowledge by using an
internal biorepository, the Library of Knowledge Integration (LOKI)[40]. LOKI combines
biological information from over a dozen public databases providing variant details, regional
annotations and pathway interactions. The flexible knowledge-driven binning design of
BioBin allows the user to test multiple hypotheses within one unified analysis.

Rare variant association analysis of binned variants is often performed using burden or
dispersion tests. Burden methods test the cumulative effect of variants within a bin and are
easily applied to case-control studies as they assess the frequency of variant counts between
these phenotypic groups[24]. Burden tests assume that all variants influence the trait in the
same direction and magnitude of effect, and will suffer a loss of power if a mixture of
protective and risk variants is present. Standard burden tests include generalized linear
model regression analyses and the weighted sum statistic(WSS)[28]. Instead of testing the
cumulative effect of variants within a region, dispersion or nonburden methods will test the
distribution of these variants in the cases and controls thereby maintaining statistical power
in the presence of a mixture of variants. The SKAT[46] package is a dispersion test that has
gained widespread use as it allows for easy covariate adjustment, analyzes both dichotomous
and quantitative phenotypes, and applies multiple variant weighting options. SKAT is a
score-based variance component test that uses a multiple regression kernel-based approach
to assess variant distribution and test for association. Both standard burden tests and the
SKAT dispersion method have been well assessed in rare variant analysis.

While various tools have been specifically developed to facilitate rare variant association
analysis, many methods focus either on the creation of a relevant set of variants or on the
statistical analysis of already collapsed variants. This may often lead to file conversion
issues for specific tools, as well as more complicated and longer analysis time. Herein we
expand the framework of BioBin by integrating select statistical tests, regression and SKAT,
as well as capabilities for multiple phenotype analysis (or Phenome-wide Association
Studies (PheWAS)), thereby providing a comprehensive, unified bioinformatics tool for the
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biological binning and association analysis of rare variants. We have evaluated the
commonly used regression burden analysis and SKAT in the context of BioBin with data
simulations based on individuals of European descent from 1000 Genomes Project Phase I.
We have also applied a BioBin-SKAT, or Bin-KAT, test to analyze nine complex human
phenotypes from the Marshfield-PMRP project[31], part of the eMERGE network[14]. Our
analyses highlight the utility of BioBin as a fast, comprehensive and versatile tool for the
biological binning and analysis of low frequency variants in sequence data for multiple
complex phenotypes and PheWAS.

2. Methods

2.1. BioBin

2.1.1. Overview of BioBin—BioBin is a unified command line bioinformatics tool
written in C++ that utilizes the LOKI database for biologically inspired binning of variants,
and also provides a platform for the association analysis of rare variant bins. The framework
of a BioBin analysis is to determine biological features upon which data will be binned, such
as genes, pathways or intergenic regions, execute bin generation using LOKI, and apply
statistical association analysis to each bin. BioBin follows an allele frequency threshold
binning approach using the non-major allele frequency (NMAF), defined as 1 minus the
frequency of the most common allele. As NMAF and MAF are interchangeable for biallelic
markers, MAF will be used in this work. BioBin allows variants below a user-specified MAF
in the case or the control group to be binned thereby facilitating the aggregation of both
potential risk and protective variants. BioBin was originally developed solely for the
biologically informed binning of rare variants in an automated manner. To facilitate more
efficient statistical analysis, we have incorporated an extensible testing infrastructure,
implementing select burden and dispersion-based tests, namely regression, wilcoxon and
SKAT[46] into BioBin. These are commonly used statistical tests in rare variant association
analysis, and their direct implementation into BioBin streamlines the analysis, saves time,
and also avoids any potential file conversion issues. Also, if an alternate statistical test is
desired, BioBin may still be utilized strictly for its biologically inspired variant collapsing
function. We have also integrated multiple phenotype capabilities allowing the user to
efficiently perform a binned rare variant PheWAS[35, 41, 42]. BioBin analyzes each
phenotype separately and uses parallel processing to increase the speed of a PheWAS
analysis through a user-specified number of processors. BioBin is open source and the code
is freely available at https://ritchielab.psu.edu. It is also available on demand from the
authors. All supplemental files for this manuscript are available at https:/ritchielab.psu.edu/
publications/supplementary-data/psbh-2016/biobin-on-multiple-phenotype.

2.1.2. Library of Knowledge Integration (LOKI)—BioBin collapses variants into
biological features by consulting the Library of Knowledge Integration (LOKI), an internal
repository containing diverse knowledge from multiple sources including NCBI dbSNP and
gene Entrez[38], Kyoto Encyclopedia of Genes and Genomes (KEGG)[18], Gene Ontology
(GO)[11], and Pharmacogenomics Knowledge Base (PharmGKB)[32]. LOKI integrates
information from these external databases into a single local repository containing
knowledge from the downloaded raw data in each database. The main data types used within
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LOKI are position, region, group, and source. Position refers to the chromosome and base-
pair position of single variants, and region represents biological features containing a start
and stop position including genes and copy number variants[33]. Sources are the external
databases compiled in LOKI, while groups represent various groupings of biological
features such as protein interactions, protein families and pathways. While LOKI is not
distributed within the BioBin code due to size constraints, tools are provided within the
source distribution allowing a user to compile and perform a local installation of LOKI by
downloading data directly from the external sources. The data sources within LOKI can be
individually updated as necessary in order to provide the most up-to-date information.

2.2. Simulations

Simulation testing was performed in order to evaluate regression (a standard burden test) and
SKAT (a dispersion test) within the framework of a BioBin variant collapsing analysis. All
tests were performed using SeqSIMLAZ2[4] to simulate sequence data as it allowed for the
simulation of common burden and dispersion test assumptions. Randomly selected protein-
coding variants with a MAF<5% in individuals of European descent from the 1000
Genomes Project Phase 1[8] dataset were used as the basis for our simulations. This dataset
was used to obtain a distribution of allele frequencies across the whole exome for each non-
monomorphic single nucleotide variant site in the represented individuals of European
descent (CEU, TSI, FIN, GBR, and IBS). This allele frequency distribution was then used to
create the input for SeqSIMLAZ2. All simulations were performed with 100 variants as we
calculated this to be an approximate average number of variants expected in a median sized
24,000bp gene[12]. For this calculation, we used known gene regions in the UCSC Human
Genome Browser[19] to define the total gene region length and the 1000 Genomes Project to
estimate the number of SNPs identified in these gene regions.

Simulation tests and specific parameters are shown in Table 1. Our simulations focused on
two main tests: altering the odds ratio (OR) and altering the proportion of risk variants, with
numerous parameters tested in each of these categories. Multiple testing parameters
separated by commas in Table 1 correspond to independent simulations. The proportion of
causal variants represents the percentage of disease sites of the total 100 variants being
simulated. Likewise, the proportion of risk variants provides the number of risk variants of
these causal sites. For instance, in our altering OR test category, when simulating 40%
causal variants, we had 40 disease sites, and either 40-risk variants (when testing a 100%
proportion of risk variants) or 20-risk variants and 20-protective variants (when testing a
50% proportion of risk variants). The specified OR corresponds to that of the individual
causal variants. Type | error was estimated with 1,000 simulated null datasets using an OR
of 1. Significance was assessed using a=0.05.

2.3. Application of Bin-KAT to natural dataset

A Bin-KAT test was used to analyze type Il diabetes (TI1ID) and eight diagnosis indicators in
740 de-identified European American subjects from the Marshfield Clinic Personalized
Medicine Research Project (PMRP) sequenced in the electronic Medical Records and
Genomics (eMERGE) Network[15], as part of the eMERGE-PGX study[43]. Subjects were
sequenced using PGRNseq[43], a next-generation sequencing platform designed for the
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targeted capture of selected pharmacogenes[43]. Case control status for TIID was
determined using Mount Sinai's diabetes algorithm[20] from the Diabetes HTN CKD
algorithm[37]. The eight diagnosis indicators analyzed are asthma, benign prostatic
hyperplasia (BPH), cataracts, diverticulosis, gastroesophageal reflux disease (GERD),
hypertension, hypothyroidism, and uterine fibrosis. For each diagnosis indicator, a subject
was considered a case if diagnosed with one of the listed ICD-9 codes in Table 2 on two or
more dates. Controls were defined as non-cases who did not meet the criteria of ICD-9
diagnosis on two or more dates.

To highlight the multiple variant collapsing functions within BioBin, we binned variants
having a MAF less than 0.05 by three features: gene, biological pathway and SNPEff[5]
functional predictions with a minimum bin size of 5 variants. Gene binning analysis was
performed on the 82 targeted pharmacogenes that passed QC. SNPEff functional predictions
were used as a secondary collapsing strategy following gene binning. Variants annotated as
having intergenic and intragenic effects by SNPEff were excluded from the analysis.
Biological pathway variant binning was achieved using all pathway sources currently in the
LOKI biorepository[40]. Overall Madsen and Browning[28] weighting was used to weigh
binned variants inversely proportional to their MAF. SKAT was used to test for association
between binned variants and each phenotype while adjusting for sex, year of birth, and
median BMI.

3.1. Simulations

We evaluated regression and SKAT within a BioBin coupled collapsing analysis using data
simulations of 100 variants based on the allele frequencies of European subjects from the
1000 Genomes Project. All simulated conditions are shown in Table 1 and aim to test the
assumptions of burden and dispersion methods. Table 3 displays that Type | error was well
controlled in the analyses and was not being sacrificed in the regression or SKAT analysis.

A key limitation of burden tests is loss of statistical power in the presence of a mixture of
variant effects. We simulated the direction of effect by testing 100% risk variants and 50%
risk, 50% protective variants. We evaluated the impact of differing directions of effect on
statistical power in a Bin-KAT and BioBin-regression analysis over a varying OR range
from 1.5 to 3.0. These results are shown with 10% and 40% causal variants in Figure 1 and
2, respectively. Both figures highlight the influence of variant weighting by displaying
results with and without Madsen and Browning weighting.

To further explore the impact of a mixture of variant effects on statistical power, we
simulated data altering the proportion of risk variants over a wide range, from 25% to 100%,
as seen with a disease prevalence of 5% in Figure 3. We increased this disease prevalence to
50% and present these results in Supplementary Figure 1. While a disease prevalence of
50% is high, it allowed us to create a balance in the case to control ratio and thereby
symmetry in the results with comparable statistical power between 25%-75%, and
40%-60%, and a significant loss of power at 50%. This is not seen with a lower disease
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prevalence of 5% (Figure 3) as we are oversampling our population, so that symmetry is
likely shifted.

3.2 Application of Bin-KAT to natural dataset

As Bin-KAT consistently maintained greater power than a BioBin-regression, we applied
this method coupled with variant weighting to simultaneously analyze 9 phenotypes in
subjects of European descent from the Marshfield cohort of eMERGE-PGX project. These
subjects were target sequenced for 82 pharmacogenes. We found numerous association
results with p-values less than 0.05 in our gene, pathway, and SNPEff functional prediction
analysis. Due to the hypothesis generating nature of this method we present all results with a
p-value less than 0.05 or 0.01. As sequencing was performed on specific, targeted genes, the
statistical tests are highly correlated, and therefore do not meet the independence
assumptions of Bonferroni correction, which would prove too stringent in our analysis[7]. In
addition, this study is exploratory in nature and all findings should be replicated in
independent datasets in the future.

A full list of the results may be found in Supplementary Tables 1 and 2. Table 4 shows the
number of results per phenotype and binned biological feature below a p-value cutoff of 0.05
for genes and SNPEff annotations, and an additional 0.01 cutoff for pathway analysis. We
found significant associations with binned variants in 59 of the 82 targeted pharmacogenes.
Figure 4 shows a Phenogram plot of all significant results collapsed by gene and SNPEff
functional prediction displayed by chromosomal location of the gene. Details on the specific
annotated SNPEff effect and impact can be found in Supplementary Table 1.

4. Discussion

In this work, we sought to expand the framework of BioBin by integrating statistical tests to
provide a tool for the automated, biologically-driven binning and association analysis of rare
variants. The choice of binning algorithm is often research specific, and BioBin supports this
by providing variant collapsing on multiple biological levels, as well as supporting user-
customized analysis. BioBin also includes multiple variant weighting schemes outside of
those within a SKAT analysis, including minimum and maximum variant weighting, as well
as weighting based on allele frequencies only within our phenotypic controls. Further,
BioBin supports polyallelic variant sites and will incorporate all allelic information from
these sites, a characteristic that is not supported by all tools. While multiple studies have
performed exhaustive comparisons of burden and dispersion methods[2,6,10], we
specifically chose to focus on regression and SKAT. Regression is a commonly used burden
test, and several popular rare variant methods use a regression framework[1, 26, 27, 36].
SKAT was chosen due to its vast popularity as a dispersion method, its ease of covariate
adjustment, and application to binary or quantitative phenotypes. Regression and SKAT have
previously been compared in rare variant analysis[2, 10, 22] and here, are evaluated within
the context of a biologically inspired binning method.

Simulation testing shows a Bin-KAT analysis maintains greater overall statistical power than
BioBin-Regression. We found SKAT to outperform regression even in conditions where a
burden analysis is assumed to have greater power than a dispersion test, such as variants
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influencing the phenotype in the same direction, as is presented in Figure 1 with 10% causal
variants. In the 40% causal variant simulations (Figure 2), regression maintains higher power
over SKAT in both weighted and unweighted tests. This suggests that the power of
regression may be affected by the proportion of causal variants having the same direction of
effect. However, when we encounter a mixture of both risk and protective variants,
regression suffers a significant loss of power. In fact, SKAT maintains high power regardless
of the proportion of risk variants simulated, and is held at 100% from an OR 2.0-3.0 (Figure
3). Our results also highlight that applying Madsen and Browning variant weighting to the
binning analysis increases power.

We performed a Bin-KAT test with Madsen and Browning weighting to analyze 9 different
phenotypes from Marshfield-PGX subjects who were target sequenced for specific
pharmacogenes. We, and others, hypothesize that pharmacogenes related to drug response
may also be associated with the diseases for which the drugs are used to treat. Using Bin-
KAT, a series of significant associations were found. In the gene-binning analysis, an
association between BDNF and type Il diabetes (p-val 0.000437) was identified. Literature
indicates that low levels of BDNFmay be involved in type Il diabetes pathogenesis,
providing a potential explanation for the clustering of dementia, depression and type Il
diabetes[13, 21]. BDNF may also play a role in blood glucose metabolism and insulin
resistance, a characteristic of type Il diabetes[21, 30]. A number of significant results in the
pathway-binning analysis performed using asthma patients included leukotriene pathways.
Leukotrienes are inflammatory chemicals that can act as lipid mediators and have been well
established in the pathobiology of asthma[3, 17, 44]. Leukotriene-B4 is being further
investigated for its regulatory role in the development of asthma [17].

The results of this study show indications of potential pleiotropy where gene-binned variants
are associated with more than one phenotype. We see this with CYP2C19, which is
significantly associated with asthma, cataracts, hypothyroidism, and uterine fibroids.
CYP2C19has a highly polymorphic sequence, accounting for its variability in drug
metabolism as it acts on up to 10% of clinical drugs[25]. In lung tissue, cytochrome P450
enzymes may be affected by air pollutants, and the CYP2C19*2 genotype has been
implicated as a risk factor for asthma[47]. Also, linkage analysis on families with
endometriosis, a disorder that may be correlated with uterine fibroids[45], indicates a
potential role of CYP2C19in endometriosis risk[39]. Association results with CYP2C19
present exciting connections that warrant further exploration. We have looked at the co-
occurrence of these four phenotypes and the correlation is fairly low. Future work will aim
to evaluate CYP2C19and medication usage.

Bin-KAT serves as a powerful and versatile method for the biological binning and analysis
of rare variants in sequence data. This approach was successful in the identifying novel and
well-studied genes and pathways harboring low frequency variants in a multiple complex
phenotype analysis. Studying the influence of low frequency variants has the potential to
identify underlying risk factors, and uncover complex genotype-phenotype associations in
multifactorial diseases.
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Figurel.

Power plot of Bin-KAT and BioBin-regression analyses with a causal variant proportion of
10%. SKAT results are represented by a dashed line; regression results have a solid line.
Simulations of 100% risk variants are in grey while 50% risk variants are black.
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Power plot of Bin-KAT and BioBin-regression analyses with a causal variant proportion of
40%. SKAT results are represented by a dashed line; regression results have a solid line.
Simulations of 100% risk variants are in grey while 50% risk variants are black.
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Figure 3.
Power plot of a Bin-KAT and BioBin-regression analysis performed when altering the

proportion of risk variants between 25% and 100% with a disease prevalence of 5%. SKAT
results are represented by a dashed line; regression results have a solid line.
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Binned Gene and SNPEff Results
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Figure 4.
Phenogram plot of significant association results (p-value<0.05) in a binned gene and

SNPEff functional prediction Bin-KAT analysis. The biological features are designated with
different shapes, and each phenotype is represented by a different color. The target capture
of the PGRNseq platform is shown by blue horizontal bands across the chromosome. The
specific SNPEff effect can be found in Supplementary Table 1.
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Simulation tests and Parameters

Table 1

Test Parameter

Altering OR

Altering Proportion of Risk Variants

Number of Simulations

1000

1000

Sample Size 1000 cases and 1000 controls 1000 cases and 1000 controls
Proportion of Causal Variants (n=100)  40%, 10% 40%

Disease Prevalence 5% 5%, 50%

Odds Ratio (OR) 15,20,3.0 3.0

Proportion of Risk Variants

50%, 100%

25%, 40%, 50%, 60%, 75%, 100%

Variant Weighting

No Weighting, Madsen and Browning

No Weighting, Madsen and Browning
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Analyzed Phenotypes

Table 2

Page 16

Phenotype Diagnosis Cases Controls
THD Diabetes HTN CKD algorithm 99 594
Asthma ICD-9 codes: Between ‘493.00” and ‘493.92° 90 650
(BPH) ICD-9 codes: ‘600’, ‘600.0’, “600.00°, *600.01’, “‘600.09’, ‘600.2°, “600.20’, ‘600.21", ‘600.9’, 122 250
‘600.90°, “600.91"
Cataracts ICD-9 codes: “366.107, “366.12’, “366.14", ‘366.15, ‘366.16°, ‘366.17", ‘366.9’ 202 538
Diverticulosis ICD-9 codes: ‘562.00°, ‘562.01’, ‘562.02", ‘562.03’, ‘562.10", ‘562.11", ‘562.12’, ‘562.13’ 134 606
GERD ICD-9 codes: “530.81", ‘530.11 204 536
Hypertension ICD-9 codes: Between ‘401.00” and ‘401.99’ 374 366
Hypothyroidism  ICD-9 codes: ‘244’, ‘244.8°, ‘244.9’, ‘245, *245.2’, “245.8’, ‘245.9’ 98 642
Uterine Fibroids  ICD-9 codes: ‘218.0°, ‘218.1", ‘218.2°, ‘218.9’, ‘654.10", ‘654.11’, ‘654.12’, ‘654.13’, ‘654.14’ 58 313
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Table 3

Type | Error Results, standard error is in parentheses.

Variant Weighting SKAT Typel Error Rate Regression Typel Error Rate

None 0.045 (+0.011) 0.061(0.011)

Madsen-Browning  0.037(0.005) 0.039(+0)
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Table 4

Page 18

Number of association results per phenotype and biological feature at the specified p value cutoff. Total

number of bins in each biological feature is noted in parentheses.

Phenotype Gene (p-value< 0.05) Pathway (p-value<0.05) Pathway (p-value<0.01) SNPEff annotation (p-value <0.05)
Type 1l Diabetes 4 (82) 233 (8911) 13 17 (458)

Cataracts 5(82) 777 (8964) 17 8 (458)

Hypothyroidism 6 (82) 324 (8991) 6 19 (458)

Hypertension 2(82) 234 (8964) 62 1(458)

Diverticulosis 2(82) 248 (8964) 148 14 (458)

Asthma 6 (82) 297 (8984) 135 16 (458)

GERD 2(82) 177 (8964) 19 3 (458)

BPH 2(82) 102 (8964) 18 4 (458)

Uterine Fibroids 10 (82) 390 (8991) 102 18 (458)
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