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Clinical conditions correlated with elevated triglyceride levels are well-known: coronary
heart disease, hypertension, and diabetes. Underlying genetic and phenotypic
mechanisms are not fully understood, partially due to lack of coordinated genotypic-
phenotypic data. Here we use a subset of the Healthy Nevada Project, a population of
9,183 sequenced participants with longitudinal electronic health records to examine
consequences of altered triglyceride levels. Specifically, Healthy Nevada Project
participants sequenced by the Helix Exome+ platform were cross-referenced to their
electronic medical records to identify: (1) rare and common single-variant genome-wide
associations; (2) gene-based associations using a Sequence Kernel Association Test;
(8) phenome-wide associations with triglyceride levels; and (4) pleiotropic variants linked
to triglyceride levels. The study identified 549 significant single-variant associations
(o < 8.75 x 1079), many in chromosome 11’s triglyceride hotspot: ZPR1, BUD13,
APOC3, APOA5. A well-known protective loss-of-function variant in APOC3 (R19X)
was associated with a 51% decrease in triglyceride levels in the cohort. Sixteen gene-
based triglyceride associations were identified; six of these genes surprisingly did not
include a single variant with significant associations. Results at the variant and gene level
were validated with the UK Biobank. The combination of a single-variant genome-wide
association, a gene-based association method, and phenome wide-association studies
identified rare and common variants, genes, and phenotypes associated with elevated
triglyceride levels, some of which may have been overlooked with standard approaches.

Keywords: GWAS, PheWAS, triglycerides, whole exome sequencing, rare variant analysis

INTRODUCTION

Hypertriglyceridemia is prevalent in the US adult population: 31% have borderline high triglyceride
measurements (>150 mg/dL) and 16% have high triglyceride levels (>200 mg/dL) (Miller et al.,
2011). Severe hypertriglyceridemia (>500 mg/dL) was shown to be associated with 33-38% greater
medical costs in 2008, after adjustment of clinical conditions such as cardiovascular disease, heart

Abbreviations: HNPT_EU, Healthy Nevada Project triglyceride cohort; HER, electronic health record; CHD, coronary heart
disease; LD, linkage disequilibrium; MAF, minor allele frequency; PCA, principal component analysis; VEP, Ensembl Variant
Effect Predictor v.101; DM2, type II diabetes; PheWAS, phenome-wide association study; GWAS, genome-wide association
study; CRP, C-reactive protein.
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failure, hypertension, and diabetes (Nichols et al., 2011). Elevated
triglycerides are associated with diabetes (Subramanian and
Chait, 2012) and a reported risk factor for coronary heart disease
(CHD), yielding an ongoing national health concern (Kathiresan
etal., 2008; Ewald and Kloer, 2012; TG and HDL Working Group
of the Exome Sequencing Project et al., 2014; Han et al., 2016;
Siewert and Voight, 2018).

Hypertriglyceridemia is a notable health burden in Nevada,
where many residents live in rural, typically underserved
communities, including more than thirty unique Native
American tribal reservations. Contribution to this health
concern is the high percentage of adult obese and overweight
Nevadans (27 and 66%, respectively), as it is well known
that body mass index (BMI) is linked with blood triglyceride
levels (Kim et al., 2012; Van Hemelrijck et al., 2018). The
Healthy Nevada Project (HNP), a population health study
developed in collaboration between Renown Health and the
Desert Research Institute in Reno, Nevada, was established in
2016 to examine the effects genetics may have on Nevadan
health outcomes. Whole-exome sequencing data paired with
cross-referenced Electronic Health Records (EHR) are now
available for more than 30,000 participants in Northern
Nevada. Although many studies have examined the effects
between single nucleotide variants and triglyceride levels
(Kathiresan et al, 2008; Lippi et al, 2008; Coram et al,
2013; Weissglas-Volkov et al, 2013; TG and HDL Working
Group of the Exome Sequencing Project et al., 2014; Dron
and Hegele, 2017; Yamada et al., 2018), none, to the best of
our knowledge, have performed a three-pronged approach:
single-variant genome-wide association studies (GWAS)
of both rare and common variants; gene-based association
analysis of both common and rare variants (lonita-Laza et al.,
2013); and comprehensive phenome-wide analyses (PheWAS)
(Carroll et al., 2014). Via this approach, our study replicated
a number of well-known triglyceride-linked variants and
identified several variants with no known associations to
triglycerides. Both the single-variant GWAS and the gene-based
association results were validated in a cohort (N = 35,321) of
UK Biobank participants with exome-sequencing (Van Hout
et al, 2019). Lastly, comprehensive EHR-based phenome-
wide analyses uncovered clinical conditions associated with
changes in triglyceride levels and examined pleiotropy in
triglyceride-linked variants.

This triglyceride-focused study examines common, rare, and
very rare variants on a genome-wide and phenome-wide scale.

MATERIALS AND METHODS

Data Disclosure Statement

In order to minimize unintentional sharing of information
that can be used to re-identify private information, a subset
of the phenotype data generated for this study is available
at  https://www.dri.edu/renown-ihi/healthynvprojectgenetics/.
Additionally, genotype data that support the findings of this
study will be made available upon reasonable request. Please see
Data Availability Statement.

The Renown EHR Database

The Renown Health EHR system was instantiated in 2007
on the EPIC system (EPIC System Corporation, Verona,
WI, United States), and contains lab results, diagnosis
codes (ICD9/ICD10), and sociodemographic information
of approximately 1.6 million hospital patient visits from 2005 to
the present date.

Genotype Sample Collection

The HNP is a population health study of Nevadans, with specific
targeted recruitment in rural and socioeconomically depressed
Northern Nevada areas. The project consists of two phases: Phase
I began in 2016, in which genotyping was conducted on 10,000
adult volunteer participants as described in Read et al. (2019);
Schlauch et al. (2020). Phase II was initiated in 2018, using the
Helix Exome+ platform (Helix, San Diego, CA, United States).
As of December 2020, approximately 30,000 sequenced Phase
II participants in the HNP have cross-referenced electronic
medical records. The study presented here examines a subset
of 9,183 European HNP participants with at least two recorded
triglyceride and BMI measurements. We refer to this as the
HNPT_EU cohort.

IRB and Informed Consent

This study was conducted under a human subject protocol
approved by the University of Nevada Institutional Review Board
under project #1106618-15. Participants in the Healthy Nevada
Project undergo written and informed consent to having genetic
information associated with electronic health information (EHR)
in a de-identified manner. Inclusion criteria are individuals older
than 18 years who can appear in person at an HNP study location
to participate in the education and consent process. A copy of the
consent can be found at https://healthynv.org/about/consent/.
Patient identifiers are not incorporated into the research EHR:
the EHR and genetic data are linked in a separate environment
via a unique identifier as approved by the IRB.

Processing of Clinical Data

Most HNPT_EU cohort participants had multiple BMI
recordings across the 14 years of EHR; the mean number of BMI
records across the individuals was 16.2 records; the maximum
number of BMI measures per individual was 652. For HNPT_EU
individuals with more than one recorded BMI measure, a
more complex quality control step was first performed before
computing the average BMI value to remove likely erroneous
values. Specifically, if participant i had multiple BMI records,
the standard deviation o;ppq of those records was computed. If
any of participants’ BMI measures were less than the threshold
or; or greater than the threshold o7, (explained below), they
were excluded before computing the average of the remaining
BMI measures. The threshold o7; is the lower 2.5th percentile
of the approximately normal distribution of; similarly, o, is
its upper 2.5th percentile. This additional quality control step
excluded BMI values such as “3986.19” and “3.” A total of
4.7% of outlying BMI values for those individuals with multiple
records were excluded.

Frontiers in Genetics | www.frontiersin.org

March 2021 | Volume 12 | Article 639418


https://www.dri.edu/renown-ihi/healthynvprojectgenetics/
https://healthynv.org/about/consent/
https://www.frontiersin.org/journals/genetics
https://www.frontiersin.org/
https://www.frontiersin.org/journals/genetics#articles

Read et al.

Genetics Driving Triglycerides in Nevada

The majority of HNPT_EU participants also have multiple
triglyceride lab results recorded across the 14 years; these
results span nine different lab tests each with independent
reference ranges. We standardized these reference ranges using
methods from Read et al. (2019). This approach applies a simple
linear transform to convert each tests reference range into the
most commonly recorded test. For individuals with multiple
triglyceride records, outliers were also excluded following the
same process as with multiple BMI measures described above.
Mean quality-controlled BMI and triglyceride values for the
HNPT_EU cohort, Type II diabetes ICD 9/ICD 10 codes and
antihyperlipidemic medications are available at the link: https:
//www.dri.edu/renown-ihi/healthynvprojectgenetics/.

Sequencing

Sequencing was performed in the Helix Laboratory (CLIA
#05D2117342, CAP# 9382893) using the Helix Exome+, a
proprietary medical-grade exome that includes additional non-
coding targets resembling a microarray backbone within one
sequencing assay (Helix., 2019; Cirulli et al., 2020). Coverage
for this platform is based on 4,000 Exome+ results (2,000 male
and 2,000 female) and includes full base-pair level histograms
(Helix., 2019). Results demonstrate that more than 90% of the
bases have greater than or equal to 20x coverage for popular
reference panels including ACMG-59 and the Ashkenazi Jewish
carrier screen. Moreover, this assay has been validated using
high confidence calls from public reference materials such as the
Platinum genomes (Eberle et al., 2017) and the National Institute
of Standards and Technology (NIST) Genome in a Bottle (GIAB)
(Zook et al., 2014) with sensitivity, precision, repeatability, and
reproducibility all greater than 99.9%. Sequencing data were
aligned to GRCh38 with variant calling implemented by Helix.
(2019) and Kendig et al. (2019) following established sequencing-
specific quality control metrics and GATK best practices (Helix.,
2019; Cirulli et al., 2020).

Statistical Analysis of Sequencing Data

Raw genotype data of rare and common variants were processed
through quality control pipelines for a single-variant GWAS
modified to include rare variants (Anderson et al., 2010;
Panoutsopoulou and Walter, 2018; Cirulli et al., 2020), using
GRCh38. Relationship inference was performed with KING,
which identified 4,019 pairs of first-degree relatives (Manichaikul
etal., 2010). For all related participants, only the participant with
the highest genotyping rate was retained (Anderson et al., 2010).
Variants out of Hardy-Weinberg equilibrium (p < 1 x 1076)
were excluded. Genotype call rates were similar to those in
other studies (Reed et al., 2015; Panoutsopoulou and Walter,
2018). Quality control thresholds were as follows: variant call
rates greater than 95% and individual call rates greater than
70% were deemed high quality. To ensure statistically powerful
rare-variant associations, any variant with less than ten copies
of the minor allele across the HNPT_EU cohort was removed.
This resulted in 5,712,318 non-pruned, high-quality variants in
the single-variant GWAS. Variants are generally classified as rare
if their minor allele frequency (MAF) < 0.01; low-frequency
when 0.01 < MAF < 0.05; and common if MAF > 0.05. The

filtered high-quality variants contained 35.84% rare, 20.26% low-
frequency, and 43.89% common variants. To distinguish the
many rare variants in our platform with MAF as low as 0.0002,
we use the term “very rare” variants with 0.0002 < MAF < 0.001.
Sequencing ontologies were noted for all variants (i.e., missense,
nonsense, synonymous, indels, frameshifts, etc.), and no variants
were excluded based on ontology type.

Variants underwent the same quality control in the SKAT
gene collapse as for the single-variant analysis above, and those
in linkage disequilibrium (LD) with surrounding variants were
pruned. PLINK v1.9 (Purcell et al, 2007) was implemented
for pruning, using standard parameters (50 variants per sliding
window; window size of five variants; 2 = 0.5) (Anderson et al.,
2010). As an additional quality control step for the gene-based
analysis, variants with less than three copies of the minor allele
were excluded. Variants carried by one or two people may,
in some cases, indicate a sequencing error and may decrease
the strength and specificity of the analysis. Note that gene-
based methods are better-powered, so the previous threshold
of a minimum of five carriers in the single-variant GWAS
was relaxed. This removed 5,459,154 variants from the analysis.
A total of 2,697,018 variants was used in the discovery gene
collapse analysis: 69.96% were rare, 11.68% were low-frequency,
and 18.36% were common. These variants were grouped into
25,283 gene sets.

A standard principal component analysis (PCA) applied
to pruned variants corrected for population substructure in
the single-variant, gene-based, and phenotype-wide association
analyses. Statistical models were adjusted by the first four
genotypic principal components (P1, P2, P3, and P4), which
yielded a genomic inflation factor of A < 1.003.

Effect Sizes

Effect sizes are measured here as raw (non-standardized) beta-
coeflicients of the genotype covariate in the linear regression
model for each variant using PLINK. Sizes are reported in terms
of triglyceride measures in mg/dL units, as in Willer and Mohlke
(2012). Note that power studies performed on standardized effect
sizes of the linear regression are identical to those performed
on raw values. By standardizing the response variable (e.g.,
triglyceride measures) into its z-score and then performing linear
regression, the transformed genotype effect size is in terms
of standard deviation units of the original response variable
(Supplementary Text).

Genotype Annotation

Variants were annotated generally using dbSNP build 153!
and PhenoScanner V2 (Staley et al.,, 2016; Kamat et al., 2019).
Functional characterization of variants was performed by
Ensembl Variant Effect Predictor v.101 (VEP) (Supplementary
Table 1). Subsequently, single-variant and gene-based
associations were mapped using PhenoScanner V2, ClinVar
(January 31, 2021%), and the NHGRI-EBI Catalog of human

!ftp.ncbinlm.nih.gov/snp
Zhttps://www.ncbi.nlm.nih.gov/clinvar/
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genome-wide association studies’. If associations or their proxies
were not found in these databases, they are denoted in the
manuscript as “not published to the best of our knowledge.”

Power of Single-Variant GWAS

QUANTO (Gauderman, 2002) was applied to approximate
necessary sample sizes to detect a range of effect sizes with
several MAFs and at least 80% statistical power under the additive
model at a two-sided Type I error level of 5%. The mean and
standard deviation triglyceride levels of the HNPT_EU cohort
were used (119.29 and 67.64 mg/dL, respectively). To detect
standardized effect sizes greater than one standard deviation
unit with adequate power and reasonable sample sizes, the MAF
of a single variant was restricted to at least 5 x 107%; tests
of variants with this MAF were sufficiently powered to detect
standardized effect sizes of one standard deviation (67.64 mg/dL)
with a sample size of N = 9,183. Note that this MAF corresponds
to approximately ten carriers in a sample of size 9,183. Similarly,
tests of variants with MAF of 0.001 are well-powered to detect
effect sizes of 42.5 mg/dL; tests of variants with MAF of 0.005 are
adequately powered to detect effect sizes of 20 mg/dL, both with
N = 9,183. Variants with MAF between 0.01 and 0.05 generate
well-powered hypothesis tests to detect effect sizes between 14
and 6.5 mg/dL, respectively, with N = 9,183. Tests of common
variants proved powerful enough to test much smaller effect
sizes: any test with common variants is well-powered to detect
effect sizes less than 6.5 mg/dL with 9,183 participants. These
observations show that the HNPT_EU of 9,183 participants
allows for adequately powered tests of both rare and common
variants in the single-variant GWAS, with larger and smaller
effect sizes, respectively.

Single-Variant Genome-Wide

Association Study (GWAS)

Using 9,183 participants with high-quality call rates, a linear
regression on triglyceride levels vs. genotype was performed with
PLINK v1.9, under the additive genetic model with covariates
age, sex, BMI, DM2 diagnosis, whether the participant was
on an antihyperlipidemic drug at any time, and the first
four genotypic principal components (PC1-PC4). This model
represents a combination of statistical models used in previous
association studies targeting triglyceride measures (Teslovich
et al., 2010; Willer et al, 2013; Gao et al.,, 2014; Davis et al,
2017). Age was defined as the participant age in 2020. Residuals
were normally distributed under this model (Hoffmann et al.,
2018b). Association tests with p-values less than 8.75 x 1077
were considered statistically significant: a threshold based on
a Bonferroni correction with the total number of high-quality
variants used in the GWAS.

Gene-Based Collapse Analysis

SKAT is a standard method to examine gene effects by combining
common and rare variants in a gene by up-weighting rare variants
and down-weighting common variants to balance effect sizes (Lee

Shttps://www.ebi.ac.uk/gwas/

et al., 2012; Ionita-Laza et al, 2013). The SKAT analysis was
performed using the R package SKAT*, and the weighting scheme
outlined by Ionita-Laza et al. (2013): rare variants are weighted as
Beta(MAF; 1,25); common variants are weighted as Beta(MAF;
0.5,0.5). Covariates included in the model were the same as those
used in single-variant GWAS: age, sex, BMI, DM2 diagnosis,
whether the participant was on an antihyperlipidemic drug at any
time, and PC1-PC4. Gene-based association tests with p-values
less than 2.0 x 10~ were considered statistically significant; this
threshold was based on a Bonferroni correction with n = 25,283
(Auer and Lettre, 2015).

Phenome-Wide Association Study

(PheWAS)

The R package PheWAS v. 0.99.5.4 (Carroll et al, 2014)
was used as a basis to perform phenome-wide association
analyses (PheWAS). Specifically, the PheWAS investigated
whether triglyceride levels are a predictor of incidence of
specific phenotype groups in the HNPT_EU. Each phenotypic
group was investigated via a simple logistic regression using
the covariates age, sex, BMI, DM2 diagnosis, and the first
four genotypic principal components to adjust for ethnicity.
Participant ICD codes recorded in the EHR were converted
into 1,857 phenotype groups (“phecodes”) using the PheWAS
package as described in Denny et al. (2013) and Carroll et al.
(2014); 1,386 of these phenotype groups contained more than
20 cases and were examined for association with triglyceride
levels. Any model in which the maximum likelihood estimate
could not be calculated due to quasi-complete or complete
separation by the predictor variable (Venables and Ripley, 1999)
was excluded at this point from further investigation. The
significance level was computed by first calculating the adjusted
p-values for the multiple hypothesis tests performed using the
Benjamini-Hochberg false discovery rate (FDR) (Benjamini and
Hochberg, 1995) and selecting the raw p-value corresponding to
the FDR = 0.05 significance level, following a modification of
Denny’s protocol (Denny et al., 2013). This level (o0 = 3.8 x 1073)
is represented by the red line in Figure 1. Statistically significant
results are shown in Supplementary Table 2.

A series of PheWAS were performed to investigate pleiotropy
of the 549 variants found to be statistically significant in the
single-variant GWAS. Specifically, each analysis examined
760,914 possible phenotype-genotype associations of 549
variants and 1,386 phenotype groups with at least 20 cases in
the HNPT_EU. In order to identify associations across diverse
conditions and diseases, three statistical models were used: the
identical model as in the GWAS; a second model broadened
to include age, sex, BMI, and PC1-PC4; and a third model
including only age, sex, and PC1-PC4. These two latter models
directly follow published studies that identify pleiotropy in
triglyceride-associated variants (Ridker et al., 2008; Dehghan
et al,, 2011; Kraja et al,, 2011; Middelberg et al., 2011; Schunkert
et al., 2011; Nelson et al., 2017; Hoffmann et al., 2018b; Ligthart
et al, 2018). The additive genotype model was used as the
predictor for the phenotype. To account for spurious results

“https://cran.r-project.org/web/packages/SKAT/index.html
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FIGURE 1 | Phenome-wide analysis in the HNPT_EU between triglyceride levels

between triglyceride levels and incidence of one of 1,372 phenotype groups, with covariates age, sex, DM2, and PC1-PC4. The x-axis shows different phenotypic
conditions, grouped into 11 groups. The y-axis presents the -logqg transform of the p-value of each association. The significance level o = 3.8 x 1073 is shown by
the horizontal red line. Comprehensive results can be found in Supplementary Table 2.

Phenotypes

and EHR diagnoses. Each point represents the p-value of an individual association

due to either the small counts of rare variants in case/control
cohorts, or possible diagnosis or data-entry errors in the EHR, a
conservative Bonferroni correction was performed to adjust for
the false discovery rate.

Any model in which the maximum likelihood estimate could
not be calculated due to quasi-complete or complete separation
of the phenotype incidence by minor allele incidence (Venables
and Ripley, 1999) was excluded from further investigation. The
significance level of each PheWAS was then computed via a
Bonferroni correction as a = 0.05/N, with N the number of
feasible models tested. Models with the predictor (genotype)
coefficient deemed statistically different to zero via a t-test at a
p-value less than o were retained. A standard Fisher exact test
(one degree of freedom) was performed on the allelic distribution
between cases and controls as in Schlauch et al. (2016, 2019).
The raw p-value and power of the Fisher test are included
in Supplementary Table 3. The table also contains the allelic
odds ratio that describes the association between the specific
phenotype and minor allele of each variant, irrespective of
covariates. The final column (Supplementary Table 3) indicates
which covariates were included in the statistical model.

Biobank Validation
The UK Biobank Resource (UKB®) provided a validation
cohort for HNPT_EU single-variant and gene-based association

>www.ukbiobank.ac.uk

discoveries. The validation cohort includes 35,321 European
UKB participants with BMI measures [Field ID 21001],
triglycerides [Field ID 30870], incidence of DM2 [Field ID
130708], and antihyperlipidemic medications [BNF code in the
GP prescription records, Field ID 42039]. UKB participants had
one or two records of the continuous variables; thus means were
computed without any further quality control. We used the FE
version 43 of the UKB PLINK-formatted exome files [Field ID
23160] (Regier et al., 2018) for the gene-based analysis. Imputed
UKB genotypes [Field ID 22801-22823] were used to replicate
HNPT_EU associations. Demographics of the UKB cohort are
presented in Supplementary Table 4.

Quality control steps for UKB exome data closely followed
that of the HNPT_EU Exome+ data platform. Related individuals
were removed using the genetic kinship matrix provided by
the UKB [Field ID 22021]. Variants out of Hardy-Weinberg
equilibrium (p < 1 x 10~¢) were excluded. Empirical calculations
of the UKB differed due to the difference in sequencing
platforms; call rate distributions were used to set thresholds:
call rates less than 99% and individual call rates less than
98% were removed. PLINK v1.9 (Purcell et al., 2007) removed
variants in LD, based on the same parameters used in the
discovery cohort.

Single-variant validation included the identical linear model
as in the discovery cohort with covariates age, sex, BMI,
DM2 diagnosis, antihyperlipidemic medication status, and the
first four principal components. Principal components were
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generated identically to those in the HNP cohort. The same
significance level was used (p-value < 8.75 x 10~°). Gene-based
validation in the UKB was based on 1,935,811 single variants
and its significance level was identical to the discovery analysis
(p <2.0x1079).

RESULTS
Demographics
The mean level of standardized and quality-controlled

triglyceride levels of the HNPT_EU was 119.29 mg/dL with
standard deviation of 67.64 mg/dL (Table 1). As the effect size
is directly related to the expected value (mean) and variation
of the response variable, we expect raw effect sizes to be
proportionally large values.

Single-Variant GWAS

The single-variant GWAS identified 549 statistically significant
non-pruned variants (p < 8.75 X 10~%) associated with
triglyceride levels in the HNPT_EU (Supplementary Figure 1
and Supplementary Table 5). As Supplementary Figure 1 shows,
144 variants in the well-known triglyceride hotspot 11q23.3 were
shown to be associated with strong significance to triglyceride
levels in the HNPT_EU. There are published associations within
this multi-gene region (BUDI13, ZPRI, APOC3, SIK3, and
APOAS5), as well as MLXIPL, LPL, and GCKR to triglyceride
levels: we list only a few here (Kathiresan et al., 2008; Willer et al.,
2008; Hegele et al., 2009; Hindorft et al.,, 2009; Murray et al.,
2009; Ariza et al., 2010; Johansen et al., 2010; Ken-Dror et al.,
2010; Teslovich et al., 2010; Waterworth et al., 2010; Kraja et al,,
2011; Comuzzie et al., 2012; Kettunen et al., 2012; Coram et al,,
2013; Keller et al., 2013; Lutz et al., 2015; Yamasaki et al., 2015;
Hoffmann et al., 2018b; van der Harst and Verweij, 2018; Wojcik
etal., 2019).

Gene-Based Association Analysis

SKAT identified 16 gene-based associations at a significance level
of @ = 2.0 x 107° (Figure 2 and Table 2) in the HNPT_EU.
Fifteen of these were previously published as being related to
triglyceride, lipid and/or BMI measurements including APOA5,
ZPR1, BUD13, APOC3, GCKR, LPL, SIK3, BAZ1B, and APOA4

TABLE 1 | Demographic information for HNPT_EU.

Cohort size 9,183

Age (years) 58.68 + 15.62
Male (%) 3,081 (33.55)
Dm2 1,489 (16.21)
Prescribed antihyperlipidemics 3,544 (38.59)
Quality-controlled BMI 29.13 £6.43

Quality-controlled triglycerides 119.29 + 67.64

Table of cohort characteristics. Continuous variables are presented as mean + SD;
categorical variables are presented as counts and percentages. All values were
Standardized with a custom algorithm to remove outliers (see section Materials and
Methods). BMI is in kg/m?; triglyceride units are mg/dL.

(Merkel et al., 2002; Tsutsumi, 2003; Mar et al., 2004; Florvall
et al,, 2006; Corella et al., 2007; Willer et al., 2008, 2009, 2013;
Hegele et al., 2009; Hindorff et al., 2009; Murray et al., 2009; Qi
etal., 2009; Ariza et al., 2010; Delgado-Lista et al., 2010; Johansen
etal., 2010; Keebler et al., 2010; Ken-Dror et al., 2010; Waterworth
et al,, 2010; Chambers et al., 2011; Kraja et al., 2011; Major et al,,
2011; Ota et al.,, 2011; Carvalho-Wells et al., 2012; Coram et al.,
2013; Weissglas-Volkov et al., 2013; Hassan et al., 2014; Yamasaki
et al,, 2015; Lu et al,, 2016; Obata et al., 2016; Sakamoto et al,,
2018) (Supplementary Table 6). Several of these genes reside in
the chromosome 2 and 11 triglyceride hotspots. The two most
significant gene-based associations in the HNPT_EU were the
zinc finger protein encoded by ZPRI and Apolipoprotein A-V
encoded by APOA5 (p = 2.39 x 1072 and p = 1.36 x 10740,
respectively) (Table 2).

Ten of the significant gene-based associations contained
at least one statistically significant variant identified by the
single-variant GWAS. Three of these genes had a stronger
agglomerative gene-based effect than their respective single-
variant associations; thus, their associations were not driven by
a single statistically significant variant (Table 2). Conversely,
six gene-based associations had no overlap in the single-variant
GWAS. These associations would be undetected in a study based
solely on a single-variant GWAS.

Significant Phenotypic Associations With

Triglyceride Levels

The first PheWAS identified expected statistically significant
phenotypic associations of triglyceride levels. Triglyceride levels
were strong predictors of incidence of hyperglyceridemia,
hyperlipidemia, disorders of lipid metabolism, hypertension,
and hypercholesterolemia, in tandem with the covariates.
Additionally, triglyceride levels demonstrated a significant
positive effect in ischemic heart disease; hypertensive heart,
renal, and kidney disease; chronic liver disease; a number of
mental disorders, as well as sleep disorders. Higher triglyceride
levels showed a protective effect on osteoporosis. Comprehensive
results are shown in Figure 1 and Supplementary Table 2.

Pleiotropy of Rare and Common Variants

The second series of PheWAS identified variants with a
significant association to one or more phenotype groups. Many of
the variants were associated with hyperglyceridemia, supporting
both EHR diagnoses and the GWAS results above. One example
of recurring pleiotropy is the rare missense variant rs137891079,
which is a significant predictor of higher triglyceride levels in
the HNPT_EU, and is also shown to be a predictor of cerebral
atherosclerosis. Additionally, this variant was found to be
involved in osteomyelitis, and other infections within and outside
of the bone. The variant is not published in current releases
of PhenoScanner, NHGRI-EBI GWAS Catalog or ClinVar. We
note that the variant is extremely rare, with only 10 carriers in
the HNPT_EU, of which two are in the cerebral atherosclerosis
case group. The variant rs947056517 is shown to be associated
with increased incidence of HNPT_EU pancreatic disease; it
is also extremely rare and is not currently published with any
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TABLE 2 | Significant gene-based associations.

Gene Id Chrom Gene contains at The gene collapse HNPT_EU UKB HNPT_EU test HNPT_EU HNPT_EU HNPT_EU Previous
least one association p-value is gene-collapse gene-collapse statistic number of tested number of rare number of association with
significant variant greater than the p-value p-value variants variants tested common variants triglycerides
from the single-variant tested
single-variant association p-value for
GWAS all variants in the gene

ZPR1 1Y N 2.39 x 10742 117 x 1077° 66.88 34 26 8 *

APOA5 1Y Y 1.36 x 10=40 1.16 x 107124 52.05 25 19 6 *

BUD13 1Y N 1.13 x 10757 2.82 x 10758 48.04 65 34 31 *

GCKR 2 Y N 9.75 x 10~ 1.26 x 1098 35.39 73 57 16 *

APOC3 MY Y 2.65 x 10718 2,69 x 10785 28.54 18 13 5 *

LPL 8 Y Y 5.93 x 10714 1.51 x 1079 22.09 106 72 34 -

NRBP1 2 Y N 7.15 x 10710 2.33 x 10715 19.50 31 29 2 *

CSRNP2 12 Y N 4,09 x 10798 9.35 x 10701 14.46 32 25 7

APOA4 11 N NA 578 x 10708 2.01 x 10735 14.14 30 20 10 .

IFT172 2 N NA 6.46 x 10708 7.48 x 10~14 17.96 118 92 26 *

BAZ1B 7 N NA 9.38 x 10708 8.45 x 1019 15.34 97 67 30 *

SIK3 1Y N 3.08 x 10797 1.92 x 10-12 13.61 321 175 146 .

MLXIPL 7Y N 4.45 x 10797 1.97 x 1097 13.44 81 56 25 *

FNDC4 2 N NA 5.08 x 10797 6.35 x 10712 14.72 10 9 1 *

PPM1G 2 N NA 7.58 x 10797 9.36 x 1071 11.99 37 29 8 .

EIF2B4 2 N NA 1.14 x 1079 1.05 x 10~17 12.06 36 26 10 *

This table shows the statistically significantly associated genes with triglyceride levels in the HNPT_EU and UKB as identified by the SKAT gene-based association analysis. The second column indicates whether the
gene contains a variant identified in the single-variant GWAS: this demonstrates whether a gene association would have been undetected based on the single-variant analysis alone. The third column indicates whether
the gene-based association is stronger than any single variant association in the gene: “N” indicates that one single-variant association may be driving the gene-based association; “Y” indicates that a combination of
variants is driving the association. Genes marked with an “*” in the last column have a published association with triglycerides. References for those associations can be found in Supplementary Table 6.
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association to the best of our knowledge. Results from each model
are presented in Supplementary Table 3.

UK Biobank Validation

Significant single-variant associations identified in the
HNPT_FEU were examined for validation in the UKB: results
are presented in Supplementary Table 7. Approximately 50%
of the significant HNPT_EU variants lie on chromosomes 8
and 11 and were used for validation. Of 264 significant variants,
253 (95.8%) are imputed genotypes in the UKB resource. Of
these, 209 (82.6%) were validated at p < 8.75 x 1077, The effect
direction of all variants was equivalent between the two cohorts,
and most had similar magnitudes. Table 2 outlines the validation
of gene-based association results between the two cohorts. Of
16 genes, 14 (87.5%) were validated in the UKB with increased
significance. The two genes that did not demonstrate significant
association to triglycerides in the UKB cohort were PPMIG and
CSRNP2.

DISCUSSION
Single-Variant GWAS

Variants in well-known triglyceride-related genes such as BUDI13
and SIK3 are known to be associated with triglyceride levels,
lipid traits, overall lipid homeostasis, or metabolic syndrome
(Kathiresan et al., 2008; Kraja et al., 2011; Keller et al., 2013;
Sakamoto et al., 2018). Other expected single-variant associations
include those in ZPRI, which codes for a regulatory protein
known to bind several transcription factors that may influence
obesity (Ueyama et al., 2015); variants within ZPRI are known
to affect triglyceride levels, as well as modulate HDL and total
cholesterol levels (Comuzzie et al., 2012; Hoffmann et al., 2018b;
Wojcik et al., 2019). The gene ZPRI is known to interact with
the triglyceride-associated gene APOAS5 (Ueyama et al., 2015),
which plays an important role in regulating plasma triglyceride
levels, a major risk factor for coronary artery disease (CAD) (van
der Harst and Verweij, 2018). Variants in APOAS5 are associated
with triglyceride levels, diseases involving lipid traits, CAD, total
cholesterol levels, and metabolic syndrome (Kettunen et al., 2012;
Zhou et al., 2013; van der Harst and Verweij, 2018).

As noted in Supplementary Table 5, several other variant-
based associations were identified in the HNPT_EU that are
not yet published as far as we are aware. For example,
we observed a significant association between five RASGRP3
variants and elevated triglycerides. The protein product, RAS
Guanyl Releasing Protein 3, is a member of Ras guanyl-
releasing family of proteins that are receptors for phorbol esters
as well as diacylglycerol (DAG) (Stone, 2011). Importantly,
the overproduction of DAG is associated with abnormal
glucose metabolism (Hiramatsu et al., 2002; Das Evcimen and
King, 2007), a published associated condition with elevated
triglycerides (Parks, 2001). Additionally, the study identified
nine variants in DPP6 that were significantly associated with
triglycerides. Previous studies suggest that DPP6 binds specific
voltage-gated potassium channels in neurons and plays a role
in synaptic development and plasticity (Maussion et al., 2016;

Lin et al.,, 2018). Interestingly, DPP6 is predominantly expressed
by pancreatic islets (Demine et al., 2020), suggesting a role in
fatty acid metabolism. Indeed, previous studies have established
a connection between DPP6 and the glucose-insulin pathway,
as reported by Imai et al. (2008). Two variants in FOXOI were
also unpublished. Previous research demonstrates that FOXO1,
a nuclear transcription factor, modulates the insulin response
of apoC-III, a key enzyme influencing triglyceride metabolism
(Altomonte et al., 2004).

Gene-Based Association Analysis

Statistical power of classical rare single-variant GWAS is typically
under-powered due to low minor allele frequencies and small
sample sizes. Recent gene-based collapsing techniques such
as SKAT, burden tests, and C-alpha address these issues by
combining variants in a defined genetic region to increase
statistical power. The SKAT method is ideal for our study as it
(a) allows for combinations of common and rare variants via a
weighting scheme (Lee et al., 2012); (b) it does not implicitly
assume that all variants in one gene influence the trait in the same
direction and same approximate magnitude as in the burden test;
(c) it allows covariates to be included in the association model,
unlike the C-alpha test (Wu et al., 2011). We observed variants
within APOC3 and within GCKR that are in proximity to each
other (<10 kb) but have notably different effects on triglycerides
in opposite directions. This is contrary to the main assumption
behind a gene-based burden test (Wu et al., 2011).

We note here the utility of using gene-based association
in tandem with single-variant association techniques. The
advantage of this dual approach is especially pronounced in
APOC3, found to have a strong gene-based association with
triglyceride levels in the HNPT_EU, and one of the most-studied
genes associated to triglyceride levels (Jorgensen et al.,, 2014;
Hassan, 2014; TG and HDL Working Group of the Exome
Sequencing Project et al., 2014; Kohan, 2015; Carey et al., 2016;
Hu et al,, 2016; Crawford et al., 2018; Reyes-Soffer et al., 2019).
The gene collapse mechanism alone does not show that this gene-
based association is driven by only two variants: rs138326449 and
rs5128. The gene-based association (p = 2.65 x 10~ %) is based
on 18 variants. Without these two variants, the significance of
the association is p = 0.02, rendering the gene-based association
insignificant, genome-wide. Single-variant HNPT_EU analysis
shows the strength of these associations (p = 5.35 x 10~% and
p=2.08 x 1078, respectively), as well as the notable difference in
their effect magnitude and direction (f = —56.61, and §§ = 12.56,
respectively). The variant rs5128 is a common variant that was
previously associated with triglycerides in the UKB (Prins et al.,
2017). Variant rs138326449 (R19X) is a well-studied rare loss-
of-function variant with predicted ability to severely disrupt the
function of Apolipoprotein C3, the protein product of APOC3
(TG and HDL Working Group of the Exome Sequencing Project
et al., 2014). Studies showed that this variant is associated with
notably lower triglyceride levels; Jorgensen’s study reported a 39%
decrease and a reduced risk of cardiovascular disease (Jorgensen
et al., 2014; Carey et al., 2016). The HNPT_EU includes 42
heterozygotes (0.46%) whose mean triglyceride level is 51% lower
than in those without the mutation (Supplementary Figure 2).
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Another advantage of using both approaches is that
SKAT identified five genes not observed in the single-variant
association. One gene, BAZIB was previously associated with
triglycerides in several studies (Kathiresan et al., 2008; Johansen
et al., 2010; Prins et al., 2017) and is hypothesized to be directly
involved in lipid metabolism (Kong et al., 2015). Similarly,
PPMIG, a gene whose protein product has been clinically
verified to regulate the expression of APOE (Benson et al., 2018),
demonstrates a strong association in the HNPT_EU cohort but
does not contain significant single-variant associations. APOE is
necessary in lipid metabolism and triglyceride-related responses
to altered fat intake (Waterworth et al., 2010; Carvalho-Wells
et al., 2012; Willer et al., 2013).

The gene-based association of FNDC4 with triglycerides
was not observed in the single-variant GWAS. FNDC4, which
codes for Fibronectin Type III Domain-Containing Protein
4, functions as an anti-inflammatory factor on macrophages.
(Bosma et al., 2016) and Lee et al. (2018) reported that FNDC4
mitigates hyperlipidemia-induced insulin resistance through the
suppression of inflammation and endoplasmic reticulum stress
in adipocytes. PhenoScanner shows that this gene was previously
associated with triglycerides based on the study by Willer
et al. (2013), Staley et al. (2016), and Kamat et al. (2019)
(Supplementary Table 6).

A gene-based association with EIF2B4 was also undetected
in the single-variant GWAS. This gene codes for the Eukaryotic
Translation Initiation Factor 2B Subunit Delta, one of five
subunits of the eIF2B complex. This complex is crucial for
initiating the translation of mRNAs into peptides and therefore
regulates the translation rate in the context of several different
stress conditions (Rabouw et al., 2019; Marintchev and Ito, 2020).
Variants in this gene have been associated with inappropriate
insulin secretion from pancreatic B-cells (Bursle et al., 2019)
and mutations in other subunits, which affect eIF2 signaling,
have been associated with early onset diabetes (De Franco et al.,
2020). Moreover, studies in animal models have connected eIF2
signaling to heart inflammation cardiac hypertrophy (Zhang
etal., 2020). Willer et al. (2013) also found an association between
this gene and triglycerides (Supplementary Table 6).

Significant Phenotypic Associations With

Triglyceride Levels and Pleiotropy

Elevated triglyceride levels were shown to be a significant
predictor of expected phenotype groups (disorders of lipid
metabolism,  hyperlipidemia, and  hypercholesterolemia,
hypertension, ischemic heart disease, hypertensive heart
disease) in the HNPT_EU, but also some less canonical clinical
conditions, such as chronic liver and kidney diseases and several
mood disorders. The odds ratios for these continuous-variable
based associations are near one, indicating a small increase
in absolute risk given a one-unit change in triglyceride levels;
however, across the physical range of triglycerides, these
differences are notable. The HNPT _EU odds ratio between
triglycerides and chronic liver disease is approximately 0.3%
(p-value < 4 x 10~7); although that implies only a 0.3% increase
in the odds of developing chronic liver disease with a 1-mg/dl

increase in triglyceride levels, it is notable that an individual
with a triglyceride level of 150 mg/dl has a 10% increase in odds
of developing chronic liver disease compared to a participant
with the mean cohort level of 119 mg/dl, with respect to
fixed covariates.

A number of established triglyceride-related variants listed in
Supplementary Table 5 have been shown to exhibit pleiotropic
effects in European cohorts with elevated C-reactive protein
(Ridker et al., 2008; Dehghan et al., 2011; Ligthart et al., 2018),
metabolic syndrome traits (Kraja et al., 2011), cholesterol levels
(Hoffmann et al., 2018b), cardiovascular risk factors (Middelberg
et al, 2011), coronary artery disease (Schunkert et al., 2011;
Nelson et al,, 2017), among others. These are quantitative
trait studies, while the PheWAS is based on incidence of
disease or condition as dictated by ICD codes. Our study
does, however, identify pleiotropy in a number of variants. The
variant rs77466627 is indicative of increased incidence of cardiac
complications. Cerebral atherosclerosis also shows an increased
incidence in the HNPT_EU in minor allele carriers of the variant
rs137891079. A common variant, rs4938303, is found to be
somewhat protective of GERD. It is of interest that many of the
non-hyperglyceridemic associations have not yet been reported
and may merit further examination in larger cohorts. As a
majority of the variants tested in this study are indeed very rare,
additional care must be carried out when examining associations.
Although the Fisher test power calculation may add reassurance
to the hypothesis test, all very rare variant hypotheses presented
here should ultimately be carried out in larger cohorts.

UK Biobank Validation

The UKB is a standard European cohort for common and rare
variant analysis validation (Hoffmann et al., 2018a; Glentis et al.,
2019; Cirulli et al.,, 2020; Siewert et al., 2020). As noted in
the results, single-variant and gene-based associations identified
in our study were validated to a great degree in the UKB:
effect sizes and magnitudes, for the significant single-variants in
both cohorts were, in most cases, very similar (Supplementary
Table 7). The validation of the gene-based analysis was performed
on an identical European cohort using the UKB exomes (Regier
etal., 2018). Table 2 presents the gene-based validations. The two
associations that could not be validated, PPM1G and CSRNP2,
could be attributed to the differences in the cohort characteristics,
or differences in the genotyping platforms: the UKB platform
contains only exomes and exome adjacent variation (Van Hout
et al., 2019), while the Helix Exome+ platform includes exomes
and many other intronic and non-coding sites. In conclusion, the
single-variant and gene-based GWAS results in the HNPT_EU
were validated with strong significance in the UKB.

Using standard GWAS methods and gene-based association
techniques with very rare, rare and common variants, coupled
with a comprehensively EHR-cross-referenced cohort of notable
size, our study validated a number of known gene-based and
variant-based links with elevated triglycerides.

It also uncovered variants associated with elevated triglyceride
levels that, to the best of our knowledge, are unpublished.
Additionally, direct links between triglyceride levels and
unexpected diseases in the HNPT_EU were exhibited. Pleiotropy
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of triglyceride-related variants revealed further associations yet
unrecorded. We recognize that many variants reported here are
very rare (and thus possibly unpublished) and will require future
validation with larger cohorts. Although mostly academic in
nature, the study, with its combination of approaches (single-
variant GWAS, gene-based associations, phenotypic associations,
and phenotype-genotype analyses), provides a powerful platform
for the Healthy Nevada Project dataset. These are the first steps to
explore a range of diseases and conditions, and to bridge bench
and bedside with personalized translational medicine.

DATA AVAILABILITY STATEMENT

The data analyzed in this study is subject to the following
licenses/restrictions: Genotype Data: These data are available
to qualified researchers upon reasonable request and with
permission of the Institute for Health Innovation and Helix.
Researchers who would like to obtain the raw genotype data
related to this study will be presented with a data user agreement
which requires that no participants will be reidentified and
no data will be shared between individuals or uploaded onto
public domains. Due to the public nature of this article, and
genetic privacy requirements, the Institute for Health Innovation
and Helix require that the summary statistics of only 10,000
variants be made publicly available. This is the amount of
data considered to be insufficient to enable a re-identification
attack. The summary results of the most statistically significant
10,000 variants in this study are available here: https://www.dri.
edu/renown-ihi/healthynvprojectgenetics/. Column definitions
are provided in Supplementary Table 8. We attest that one
author had full access to all the data in this study and takes
responsibility for its integrity and the data analysis. The IHI
encourages and collaborates with scientific researchers on an
individual basis. Examples of restrictions that will be considered
in requests to data access include but are not limited to: 1.
Whether the request comes from an academic institution in
good standing and will collaborate with our team to protect
the privacy of the participants and the security of the data
requested 2. Type and amount of data requested 3. Feasibility
of the research suggested 4. Amount of resource allocation
for the IHI and Renown Hospital required to support the
collaboration Any correspondence and data availability requests
should be addressed to JG at (Joe.Grzymski@dri.edu) or Craig
Kugler (Craig.Kugler@dri.edu). EHR Data: EHR data for the
Healthy Nevada Project cohort are subject to HIPAA and
other privacy and compliance restrictions. The mean quality-
controlled BMI and Triglyceride levels for each individual

REFERENCES

Altomonte, J., Cong, L., Harbaran, S., Richter, A., Xu, J., Meseck, M., et al. (2004).
Foxol mediates insulin action on apoC-III and triglyceride metabolism. J. Clin.
Invest. 114, 1493-1503. doi: 10.1172/JCI19992

Anderson, C. A, Pettersson, F. H., Clarke, G. M., Cardon, L. R., Morris, A. P.,
and Zondervan, K. T. (2010). Data quality control in genetic case-control
association studies. Nat. Protoc. 5, 1564-1573. doi: 10.1038/nprot.2010.116

de-identified participant are available at https://www.dri.edu/
renown-ihi/healthynvprojectgenetics/. Requests to access these
datasets should be directed to JG, Joe.Grzymski@dri.edu; Craig
Kugler, Craig.Kugler@dri.edu.

ETHICS STATEMENT

The studies involving human participants were reviewed
and approved by University of Nevada Institutional Review
Board. The patients/participants provided their written informed
consent to participate in this study.

AUTHOR CONTRIBUTIONS

RR and KS conceived the idea and experimental design of the
study, performed data analysis and interpretation, and wrote
the manuscript. JG provided funding and access to research
components and principal investigator. VL provided scientific
content to the manuscript. EC, NW, and JL provided access
to crucial research components and revisions to the scientific
content of manuscript. All authors contributed to the article and
approved the submitted version.

FUNDING

Support for this project was, in part, provided by Renown Health
and the Renown Health Foundation of Reno, NV, and the Desert
Research Institute’s Internal Research Program. This research
has been conducted using the UK Biobank Resource under
Application Number 40436.

ACKNOWLEDGMENTS

We thank the clinical coordinator team and all ambassadors of
the Healthy Nevada Project. We also thank Renown Health, DRI,
and all of the participants in the Healthy Nevada Project. Thank
you to Craig Kugler for project management support.

SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found
online at: https://www.frontiersin.org/articles/10.3389/fgene.
2021.639418/full#supplementary- material

Ariza, M.-]., Sanchez-Chaparro, M. -A, Barén, E.-J., Hornos, A.-M., Calvo-
Bonacho, E., Rioja, J., et al. (2010). Additive effects of LPL, APOA5 and
APOEvariant combinations on triglyceride levels and hypertriglyceridemia:
results of the ICARIA genetic sub-study. BMC Med. Genet. 11:66. doi: 10.1186/
1471-2350-11-66

Auer, P. L., and Lettre, G. (2015). Rare variant association studies: considerations,
challenges and opportunities. Genome Med. 7:16. doi: 10.1186/s13073-015-
0138-2

Frontiers in Genetics | www.frontiersin.org

March 2021 | Volume 12 | Article 639418


https://www.dri.edu/renown-ihi/healthynvprojectgenetics/
https://www.dri.edu/renown-ihi/healthynvprojectgenetics/
mailto:Joe.Grzymski@dri.edu
mailto:Craig.Kugler@dri.edu
https://www.dri.edu/renown-ihi/healthynvprojectgenetics/
https://www.dri.edu/renown-ihi/healthynvprojectgenetics/
mailto:Joe.Grzymski@dri.edu
mailto:Craig.Kugler@dri.edu
https://www.frontiersin.org/articles/10.3389/fgene.2021.639418/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fgene.2021.639418/full#supplementary-material
https://doi.org/10.1172/JCI19992
https://doi.org/10.1038/nprot.2010.116
https://doi.org/10.1186/1471-2350-11-66
https://doi.org/10.1186/1471-2350-11-66
https://doi.org/10.1186/s13073-015-0138-2
https://doi.org/10.1186/s13073-015-0138-2
https://www.frontiersin.org/journals/genetics
https://www.frontiersin.org/
https://www.frontiersin.org/journals/genetics#articles

Read et al.

Genetics Driving Triglycerides in Nevada

Benjamini, Y., and Hochberg, Y. (1995). Controlling the false discovery rate: a
practical and powerful approach to multiple testing. J. R. Stat. Soc. B Stat.
Methodol. 57, 289-300.

Benson, M. D,, Yang, Q., Ngo, D., Zhu, Y., Shen, D., Farrell, L. A,, et al. (2018).
Genetic architecture of the cardiovascular risk proteome. Circulation 137,
1158-1172. doi: 10.1161/CIRCULATIONAHA.117.029536

Bosma, M., Gerling, M., Pasto, J., Georgiadi, A., Graham, E., Shilkova, O., et al.
(2016). FNDC4 acts as an anti-inflammatory factor on macrophages and
improves colitis in mice. Nat. Commun. 7:11314. doi: 10.1038/ncomms11314

Bursle, C,, Yiu, E. M., Yeung, A., Freeman, J. L., Stutterd, C., Leventer, R. J., et al.
(2019). Hyperinsulinaemic hypoglycaemia: a rare association of vanishing white
matter disease. JIMD Reports 51, 11-16. doi: 10.1002/jmd2.12081

Carey, D. ], Fetterolf, S. N., Davis, F. D., Faucett, W. A., Kirchner, H. L., Mirshahi,
U., et al. (2016). The Geisinger MyCode community health initiative: an
electronic health record-linked biobank for precision medicine research. Genet.
Med. 18, 906-913. doi: 10.1038/gim.2015.187

Carroll, R. ], Bastarache, L., and Denny, J. C. (2014). R PheWAS: data analysis
and plotting tools for phenome-wide association studies in the R environment.
Bioinformatics 30, 2375-2376. doi: 10.1093/bioinformatics/btul97

Carvalho-Wells, A. L., Jackson, K. G., Lockyer, S., Lovegrove, J. A., and Minihane,
A. M. (2012). APOE genotype influences triglyceride and C-reactive protein
responses to altered dietary fat intake in UK adults. Am. J. Clin. Nutr. 96,
1447-1453. doi: 10.3945/ajcn.112.043240

Chambers, J. C., Zhang, W., Sehmi, J., Li, X., Wass, M. N., van der Harst,
P., et al. (2011). Genome-wide association study identifies loci influencing
concentrations of liver enzymes in plasma. Nat. Genet. 43, 1131-1138. doi:
10.1038/ng.970

Cirulli, E. T., White, S., Read, R. W., Elhanan, G., Metcalf, W. J., Tanudjaja, F., et al.
(2020). Genome-wide rare variant analysis for thousands of phenotypes in over
70,000 exomes from two cohorts. Nat. Commun. 11:542. doi: 10.1038/s41467-
020-14288-y

Comuzzie, A. G., Cole, S. A., Laston, S. L., Voruganti, V. S., Haack, K., Gibbs, R. A.,
et al. (2012). Novel genetic loci identified for the pathophysiology of childhood
obesity in the Hispanic population. PLoS One 7:¢51954. doi: 10.1371/journal.
pone.0051954

Coram, M. A., Duan, Q., Hoffmann, T. J., Thornton, T., Knowles, J. W., Johnson,
N. A, etal. (2013). Genome-wide characterization of shared and distinct genetic
components that influence blood lipid levels in ethnically diverse human
populations. Am. J. Hum. Genet. 92, 904-916. doi: 10.1016/j.ajhg.2013.04.025

Corella, D., Lai, C.-Q., Demissie, S., Cupples, L. A., Manning, A. K., Tucker, K. L.,
et al. (2007). APOA5 gene variation modulates the effects of dietary fat intake
on body mass index and obesity risk in the Framingham Heart Study. J. Mol.
Med. 85,119-128. doi: 10.1007/s00109-006-0147-0

Crawford, D. C., Restrepo, N. A., Diggins, K. E., Farber-Eger, E., and Wells,
Q. S. (2018). Frequency and phenotype consequence of APOC3 rare variants
in patients with very low triglyceride levels. BMC Med. Genomics 11:66. doi:
10.1186/512920-018-0387-1

Das Evcimen, N., and King, G. L. (2007). The role of protein kinase C activation
and the vascular complications of diabetes. Pharmacol. Res. 55, 498-510. doi:
10.1016/j.phrs.2007.04.016

Davis, J. P., Huyghe, J. R., Locke, A. E., Jackson, A. U., Sim, X., Stringham, H. M.,
et al. (2017). Common, low-frequency, and rare genetic variants associated
with lipoprotein subclasses and triglyceride measures in Finnish men from
the METSIM study. PLoS Genet. 13:21007079. doi: 10.1371/journal.pgen.100
7079

De Franco, E., Caswell, R, Johnson, M. B., Wakeling, M. N., Zung, A., Dung,
V. C,, etal. (2020). De Novo mutations in EIF2B1 affecting eIF2 signaling cause
Neonatal/early-onset diabetes and transient hepatic dysfunction. Diabetes 69,
477-483. doi: 10.2337/db19-1029

Dehghan, A., Dupuis, J., Barbalic, M., Bis, J. C., Eiriksdottir, G., Lu, C., et al.
(2011). Meta-analysis of genome-wide association studies in >80 000 subjects
identifies multiple loci for C-reactive protein levels. Circulation 123, 731-738.
doi: 10.1161/CIRCULATIONAHA.110.948570

Delgado-Lista, J., Perez-Jimenez, F., Ruano, J., Perez-Martinez, P., Fuentes, F.,
Criado-Garcia, ., et al. (2010). Effects of variations in the APOA1/C3/A4/A5
gene cluster on different parameters of postprandial lipid metabolism in healthy
young men. J. Lipid Res. 51, 63-73. doi: 10.1194/jlr. M800527-JLR200

Demine, S., Garcia Ribeiro, R., Thevenet, J., Marselli, L., Marchetti, P., Pattou, F.,
et al. (2020). A nanobody-based nuclear imaging tracer targeting dipeptidyl
peptidase 6 to determine the mass of human beta cell grafts in mice.
Diabetologia 63, 825-836. doi: 10.1007/s00125-019-05068-5

Denny, J. C., Bastarache, L., Ritchie, M. D., Carroll, R. J., Zink, R., Mosley, J. D.,
et al. (2013). Systematic comparison of phenome-wide association study of
electronic medical record data and genome-wide association study data. Nat.
Biotechnol. 31, 1102-1110. doi: 10.1038/nbt.2749

Dron, J. S., and Hegele, R. A. (2017). Genetics of triglycerides and the risk of
atherosclerosis. Curr. Atheroscler. Rep. 19:31. doi: 10.1007/s11883-017-0667-9

Eberle, M. A., Fritzilas, E., Krusche, P., Kéllberg, M., Moore, B. L., Bekritsky,
M. A, et al. (2017). A reference data set of 5.4 million phased human
variants validated by genetic inheritance from sequencing a three-generation
17-member pedigree. Genome Res. 27, 157-164. doi: 10.1101/gr.2105
00.116

Ewald, N., and Kloer, H.-U. (2012). Treatment options for severe
hypertriglyceridemia (SHTG): the role of apheresis. Clin. Res. Cardiol.
Suppl. 7(Suppl 1), 31-35. doi: 10.1007/s11789-012-0042-x

Florvall, G., Basu, S., and Larsson, A. (2006). Apolipoprotein Al is a stronger
prognostic marker than are HDL and LDL cholesterol for cardiovascular disease
and mortality in elderly men. J. Gerontol. A Biol. Sci. Med. Sci. 61, 1262-1266.
doi: 10.1093/gerona/61.12.1262

Gao, F., Ballantyne, C., Ma, L., Virani, S. S., Keinan, A., and Brautbar, A. (2014).
Rare LPL gene variants attenuate triglyceride reduction and HDL cholesterol
increase in response to fenofibric acid therapy in individuals with mixed
dyslipidemia. Atherosclerosis 234, 249-253. doi: 10.1016/j.atherosclerosis.2014.
03.010

Gauderman, W. J. (2002). Sample size requirements for association studies of
gene-gene interaction. Am. J. Epidemiol. 155, 478-484.

Glentis, S., Dimopoulos, A. C., Rouskas, K., Ntritsos, G., Evangelou, E., Narod,
S. A, etal. (2019). Exome Sequencing in BRCA1- and BRCA2-negative Greek
families identifies MDM1 and NBEALI as candidate risk genes for hereditary
breast cancer. Front. Genet. 10:1005. doi: 10.3389/fgene.2019.01005

Han, S. H., Nicholls, S. J., Sakuma, I, Zhao, D., and Koh, K. K. (2016).
Hypertriglyceridemia and cardiovascular diseases: revisited. Korean Circ. ]. 46,
135-144. doi: 10.4070/kcj.2016.46.2.135

Hassan, M. (2014). APOC3: triglycerides do matter. Glob. Cardiol. Sci. Pract. 2014,
241-244. doi: 10.5339/gcsp.2014.38

Hassan, R., Sharon, E., Thomas, A., Zhang, J., Ling, A., Miettinen, M., et al.
(2014). Phase 1 study of the antimesothelin immunotoxin SS1P in combination
with pemetrexed and cisplatin for front-line therapy of pleural mesothelioma
and correlation of tumor response with serum mesothelin, megakaryocyte
potentiating factor, and cancer antigen 125. Cancer 120, 3311-3319. doi: 10.
1002/cncr.28875

Hegele, R. A., Ban, M. R,, Hsueh, N., Kennedy, B. A., Cao, H., Zou, G. Y, et al.
(2009). A polygenic basis for four classical Fredrickson hyperlipoproteinemia
phenotypes that are characterized by hypertriglyceridemia. Hum. Mol. Genet.
18, 4189-4194. doi: 10.1093/hmg/ddp361

Helix. (2019). Helix’s Variants Pipeline Performance White Paper. Available online
at: https://cdn.shopify.com/s/files/1/2718/3202/files/Helix_Performance_
White_Paper_v4.pdf (accessed: July 17, 2020).

Hindorff, L. A, Sethupathy, P., Junkins, H. A., Ramos, E. M., Mehta, J. P., Collins,
F. S., et al. (2009). Potential etiologic and functional implications of genome-
wide association loci for human diseases and traits. Proc. Natl. Acad. Sci. U.S.A.
106, 9362-9367. doi: 10.1073/pnas.0903103106

Hiramatsu, Y., Sekiguchi, N., Hayashi, M., Isshiki, K., Yokota, T., King, G. L., et al.
(2002). Diacylglycerol production and protein kinase C activity are increased in
a mouse model of diabetic embryopathy. Diabetes 51, 2804-2810. doi: 10.2337/
diabetes.51.9.2804

Hoffmann, T. J., Choquet, H., Yin, J., Banda, Y., Kvale, M. N., Glymour, M., et al.
(2018a). A large multiethnic genome-wide association study of adult body mass
index identifies novel loci. Genetics 210, 499-515. doi: 10.1534/genetics.118.
301479

Hoffmann, T. J., Theusch, E., Haldar, T., Ranatunga, D. K., Jorgenson, E., Medina,
M. W, et al. (2018b). A large electronic-health-record-based genome-wide
study of serum lipids. Nat. Genet. 50, 401-413. doi: 10.1038/s41588-018-
0064-5

Frontiers in Genetics | www.frontiersin.org

March 2021 | Volume 12 | Article 639418


https://doi.org/10.1161/CIRCULATIONAHA.117.029536
https://doi.org/10.1038/ncomms11314
https://doi.org/10.1002/jmd2.12081
https://doi.org/10.1038/gim.2015.187
https://doi.org/10.1093/bioinformatics/btu197
https://doi.org/10.3945/ajcn.112.043240
https://doi.org/10.1038/ng.970
https://doi.org/10.1038/ng.970
https://doi.org/10.1038/s41467-020-14288-y
https://doi.org/10.1038/s41467-020-14288-y
https://doi.org/10.1371/journal.pone.0051954
https://doi.org/10.1371/journal.pone.0051954
https://doi.org/10.1016/j.ajhg.2013.04.025
https://doi.org/10.1007/s00109-006-0147-0
https://doi.org/10.1186/s12920-018-0387-1
https://doi.org/10.1186/s12920-018-0387-1
https://doi.org/10.1016/j.phrs.2007.04.016
https://doi.org/10.1016/j.phrs.2007.04.016
https://doi.org/10.1371/journal.pgen.1007079
https://doi.org/10.1371/journal.pgen.1007079
https://doi.org/10.2337/db19-1029
https://doi.org/10.1161/CIRCULATIONAHA.110.948570
https://doi.org/10.1194/jlr.M800527-JLR200
https://doi.org/10.1007/s00125-019-05068-5
https://doi.org/10.1038/nbt.2749
https://doi.org/10.1007/s11883-017-0667-9
https://doi.org/10.1101/gr.210500.116
https://doi.org/10.1101/gr.210500.116
https://doi.org/10.1007/s11789-012-0042-x
https://doi.org/10.1093/gerona/61.12.1262
https://doi.org/10.1016/j.atherosclerosis.2014.03.010
https://doi.org/10.1016/j.atherosclerosis.2014.03.010
https://doi.org/10.3389/fgene.2019.01005
https://doi.org/10.4070/kcj.2016.46.2.135
https://doi.org/10.5339/gcsp.2014.38
https://doi.org/10.1002/cncr.28875
https://doi.org/10.1002/cncr.28875
https://doi.org/10.1093/hmg/ddp361
https://cdn.shopify.com/s/files/1/2718/3202/files/Helix_Performance_White_Paper_v4.pdf
https://cdn.shopify.com/s/files/1/2718/3202/files/Helix_Performance_White_Paper_v4.pdf
https://doi.org/10.1073/pnas.0903103106
https://doi.org/10.2337/diabetes.51.9.2804
https://doi.org/10.2337/diabetes.51.9.2804
https://doi.org/10.1534/genetics.118.301479
https://doi.org/10.1534/genetics.118.301479
https://doi.org/10.1038/s41588-018-0064-5
https://doi.org/10.1038/s41588-018-0064-5
https://www.frontiersin.org/journals/genetics
https://www.frontiersin.org/
https://www.frontiersin.org/journals/genetics#articles

Read et al.

Genetics Driving Triglycerides in Nevada

Hu, S.-L., Cui, G.-L., Huang, J., Jiang, J.-G., and Wang, D.-W. (2016). An APOC3
3’UTR variant associated with plasma triglycerides levels and coronary heart
disease by creating a functional miR-4271 binding site. Sci. Rep. 6, 32700-32710.
doi: 10.1038/srep32700

Imai, Y., Patel, H. R., Doliba, N. M., Matschinsky, F. M., Tobias, J. W., and Ahima,
R. S. (2008). Analysis of gene expression in pancreatic islets from diet-induced
obese mice. Physiol. Genomics 36, 43-51. doi: 10.1152/physiolgenomics.00050.
2008

Ionita-Laza, I, Lee, S., Makarov, V., Buxbaum, J. D., and Lin, X. (2013). Sequence
kernel association tests for the combined effect of rare and common variants.
Am. J. Hum. Genet. 92, 841-853. doi: 10.1016/j.ajhg.2013.04.015

Johansen, C. T., Wang, J., Lanktree, M. B., Cao, H., McIntyre, A. D., Ban,
M. R, et al. (2010). Excess of rare variants in genes identified by genome-
wide association study of hypertriglyceridemia. Nat. Genet. 42, 684-687. doi:
10.1038/ng.628

Jorgensen, A. B., Frikke-Schmidt, R., Nordestgaard, B. G., and Tybjaerg-Hansen,
A. (2014). Loss-of-function mutations in APOC3 and risk of ischemic vascular
disease. N. Engl. J. Med. 371, 32-41. doi: 10.1056/NEJMoa1308027

Kamat, M. A., Blackshaw, J. A., Young, R., Surendran, P., Burgess, S., Danesh,
J., et al. (2019). PhenoScanner V2: an expanded tool for searching human
genotype-phenotype associations. Bioinformatics 35, 4851-4853. doi: 10.1093/
bioinformatics/btz469

Kathiresan, S., Willer, C.J., Peloso, G. M., Demissie, S., Musunuru, K., Schadt, E. E.,
et al. (2008). Common variants at 30 loci contribute to polygenic dyslipidemia.
Nat. Genet. 41, 56-65. doi: 10.1038/ng.291

Keebler, M. E., Deo, R. C,, Surti, A., Konieczkowski, D., Guiducci, C., Burtt, N.,
et al. (2010). Fine-mapping in African Americans of 8 recently discovered
genetic loci for plasma lipids. Circ. Cardiovasc. Genet. 3, 358-364. doi: 10.1161/
CIRCGENETICS.109.914267

Keller, M., Schleinitz, D., Forster, J., Tonjes, A., Bottcher, Y., Fischer-Rosinsky, A.,
et al. (2013). THOCS: a novel gene involved in HDL-cholesterol metabolism.
J. Lipid Res. 54, 3170-3176. doi: 10.1194/jlr.M039420

Kendig, K. L, Baheti, S., Bockol, M. A., Drucker, T. M., Hart, S. N., Heldenbrand,
J. R., et al. (2019). Sentieon DNASeq variant calling workflow demonstrates
strong computational performance and accuracy. Front. Genet. 10:736. doi:
10.3389/fgene.2019.00736

Ken-Dror, G., Goldbourt, U., and Dankner, R. (2010). Different effects of
apolipoprotein A5 SNPs and haplotypes on triglyceride concentration in three
ethnic origins. J. Hum. Genet. 55, 300-307. doi: 10.1038/jhg.2010.27

Kettunen, J., Tukiainen, T., Sarin, A.-P., Ortega-Alonso, A., Tikkanen, E.
Lyytikdinen, L.-P., et al. (2012). Genome-wide association study identifies
multiple loci influencing human serum metabolite levels. Nat. Genet. 44, 269-
276. doi: 10.1038/ng.1073

Kim, Y.-N., Kim, S., and Cho, Y.-O. (2012). Body mass index was

positively correlated with blood triglyceride and total cholesterol
levels. FASEB J. 26, 1b356-1b356. doi: 10.1096/fasebj.26.1_supplement.
1b356

Kohan, A. B. (2015). Apolipoprotein C-III: a potent modulator of

hypertriglyceridemia and cardiovascular disease. Curr Opin. Endocrinol.
Diabetes. Obes. 22, 119-125.

Kong, X., Zhao, Q,, Xing, X., Zhang, B., Zhang, X., Hong, J., et al. (2015). Genetic
variants associated with lipid profiles in Chinese patients with type 2 diabetes.
PLoS One 10:e135145. doi: 10.1371/journal.pone.0135145

Kraja, A. T., Vaidya, D., Pankow, J. S., Goodarzi, M. O., Assimes, T. L., Kullo, I. J.,
et al. (2011). A bivariate genome-wide approach to metabolic syndrome:
STAMPEED  consortium. Diabetes 60, 1329-1339. doi: 10.2337/db10-
1011

Lee, S., Emond, M. J., Bamshad, M. J., Barnes, K. C., Rieder, M. J,
Nickerson, D. A, et al. (2012). Optimal unified approach for rare-variant
association testing with application to small-sample case-control whole-exome
sequencing studies. Am. J. Hum. Genet. 91, 224-237. doi: 10.1016/j.ajhg.2012.
06.007

Lee, W, Yun, S., Choi, G. H,, and Jung, T. W. (2018). Fibronectin type III
domain containing 4 attenuates hyperlipidemia-induced insulin resistance
via suppression of inflammation and ER stress through HO-1 expression in
adipocytes. Biochem. Biophys. Res. Commun. 502, 129-136.

Ligthart, S., Vaez, A., Vésa, U, Stathopoulou, M. G., de Vries, P. S, Prins, B. P.,
et al. (2018). AR TICLE genome analyses of >200,000 individuals identify 58

loci for chronic inflammation and highlight pathways that link inflammation
and complex disorders. Am. J. Hum. Genet. 103, 691-706. doi: 10.1016/j.ajhg.
2018.09.009

Lin, L., Murphy, J. G., Karlsson, R.-M., Petralia, R. S., Gutzmann, J. J., Abebe,
D., et al. (2018). DPP6 loss impacts hippocampal synaptic development and
induces behavioral impairments in recognition. learning and memory. Front.
Cell. Neurosci. 12:84. doi: 10.3389/fncel.2018.00084

Lippi, G., Salvagno, G. L., Montagnana, M., Guidi, G. C., Targher, G., and
Franchini, M. (2008). Relationship between von Willebrand factor, cholesterol
and triglycerides in non-diabetic subjects. Nutr. Metab. Cardiovasc. Dis. 18,
e3-e4. doi: 10.1016/j.numecd.2007.06.003

Lu, X,, Li, ], Li, H,, Chen, Y., Wang, L., He, M., et al. (2016). Coding-sequence
variants are associated with blood lipid levels in 14,473 Chinese. Hum. Mol.
Gene.t 25, 4107-4116. doi: 10.1093/hmg/ddw261

Lutz, S. M., Cho, M. H., Young, K., Hersh, C. P., Castaldi, P. J., McDonald,
M.-L,, et al. (2015). A genome-wide association study identifies risk loci for
spirometric measures among smokers of European and African ancestry. BMC
Genet. 16:138. doi: 10.1186/s12863-015-0299-4

Major, J. M., Yu, K., Wheeler, W., Zhang, H., Cornelis, M. C., Wright, M. E,, et al.
(2011). Genome-wide association study identifies common variants associated
with circulating vitamin E levels. Hum. Mol. Genet. 20, 3876-3883. doi: 10.1093/
hmg/ddr296

Manichaikul, A., Mychaleckyj, J. C., Rich, S. S., Daly, K., Sale, M., and Chen, W.-
M. (2010). Robust relationship inference in genome-wide association studies.
Bioinformatics 26, 2867-2873. doi: 10.1093/bioinformatics/btq559

Mar, R., Pajukanta, P., Allayee, H., Groenendijk, M., Dallinga-Thie, G., Krauss,
R. M,, et al. (2004). Association of the APOLIPOPROTEIN A1/C3/A4/A5gene
cluster with triglyceride levels and LDL particle size in familial combined
hyperlipidemia. Circ. Res. 94, 993-999. doi: 10.1161/01.RES.0000124922.
61830.F0

Marintcheyv, A., and Ito, T. (2020). eIF2B and the integrated stress response: a
structural and mechanistic view. Biochemistry 59, 1299-1308. doi: 10.1021/acs.
biochem.0c00132

Maussion, G., Cruceanu, C., Rosenfeld, J. A., Bell, S. C., Jollant, F., Szatkiewicz,
J., et al. (2016). Implication of LRRC4Cand DPP6in neurodevelopmental
disorders. Am. J. Med. Genet. 173, 395-406. doi: 10.1002/ajmg.a.38021

Merkel, M., Eckel, R. H., and Goldberg, I. J. (2002). Lipoprotein lipase: genetics,
lipid uptake, and regulation. J. Lipid Res. 43, 1997-2006. doi: 10.1194/jlr.
£200015-j1r200

Middelberg, R. P., Ferreira, M. A., Henders, A. K., Heath, A. C., Madden,
P. A, Montgomery, G. W., et al. (2011). Genetic variants in LPL, OASL and
TOMM40/APOE- C1-C2-C4 genes are associated with multiple cardiovascular-
related traits. BMC Med. Genet. 12:123. doi: 10.1186/1471-2350-12-123

Miller, M., Stone, N. J., Ballantyne, C., Bittner, V., Criqui, M. H., Ginsberg,
H. N, et al. (2011). triglycerides and cardiovascular disease. Circulation 123,
2292-2333. doi: 10.1161/CIR.0b013e3182160726

Murray, A., Cluett, C., Bandinelli, S., Corsi, A. M., Ferrucci, L., Guralnik, J., et al.
(2009). Common lipid-altering gene variants are associated with therapeutic
intervention thresholds of lipid levels in older people. Eur. Heart J. 30, 1711~
1719. doi: 10.1093/eurheartj/ehp161

Nelson, C. P., Goel, A., Butterworth, A. S., Kanoni, S., Webb, T. R., Marouli, E.,
et al. (2017). Association analyses based on false discovery rate implicate new
loci for coronary artery disease. Nat. Genet. 49, 1385-1391.

Nichols, G. A., Arondekar, B., and Garrison, L. P. (2011). Patient characteristics and
medical care costs associated with hypertriglyceridemia. Am. J. Cardiol. 107,
225-229. doi: 10.1016/j.amjcard.2010.09.010

Obata, Y., Maeda, N., Yamada, Y., Yamamoto, K., Nakamura, S., Yamaoka, M.,
et al. (2016). Impact of visceral fat on gene expression profile in peripheral
blood cells in obese Japanese subjects. Cardiovasc. Diabetol. 15, 159-159. doi:
10.1186/s12933-016-0479-1

Ota, V. K., Chen, E. S., Ejchel, T. F., Furuya, T. K., Mazzotti, D. R., Cendoroglo,
M. S, et al. (2011). APOA4 polymorphism as a risk factor for unfavorable
lipid serum profile and depression: a cross-sectional study. J. Investig. Med. 59,
966-970. doi: 10.2310/JIM.0b013e31822467cd

Panoutsopoulou, K., and Walter, K. (2018). “Quality control of common and
rare variants,” in Genetic Epidemiology: Methods and Protocols Genetic
Epidemiology: Methods and Protocols, ed. E. Evangelou (New York, NY:
Springer), 25-36.

Frontiers in Genetics | www.frontiersin.org

March 2021 | Volume 12 | Article 639418


https://doi.org/10.1038/srep32700
https://doi.org/10.1152/physiolgenomics.00050.2008
https://doi.org/10.1152/physiolgenomics.00050.2008
https://doi.org/10.1016/j.ajhg.2013.04.015
https://doi.org/10.1038/ng.628
https://doi.org/10.1038/ng.628
https://doi.org/10.1056/NEJMoa1308027
https://doi.org/10.1093/bioinformatics/btz469
https://doi.org/10.1093/bioinformatics/btz469
https://doi.org/10.1038/ng.291
https://doi.org/10.1161/CIRCGENETICS.109.914267
https://doi.org/10.1161/CIRCGENETICS.109.914267
https://doi.org/10.1194/jlr.M039420
https://doi.org/10.3389/fgene.2019.00736
https://doi.org/10.3389/fgene.2019.00736
https://doi.org/10.1038/jhg.2010.27
https://doi.org/10.1038/ng.1073
https://doi.org/10.1096/fasebj.26.1_supplement.lb356
https://doi.org/10.1096/fasebj.26.1_supplement.lb356
https://doi.org/10.1371/journal.pone.0135145
https://doi.org/10.2337/db10-1011
https://doi.org/10.2337/db10-1011
https://doi.org/10.1016/j.ajhg.2012.06.007
https://doi.org/10.1016/j.ajhg.2012.06.007
https://doi.org/10.1016/j.ajhg.2018.09.009
https://doi.org/10.1016/j.ajhg.2018.09.009
https://doi.org/10.3389/fncel.2018.00084
https://doi.org/10.1016/j.numecd.2007.06.003
https://doi.org/10.1093/hmg/ddw261
https://doi.org/10.1186/s12863-015-0299-4
https://doi.org/10.1093/hmg/ddr296
https://doi.org/10.1093/hmg/ddr296
https://doi.org/10.1093/bioinformatics/btq559
https://doi.org/10.1161/01.RES.0000124922.61830.F0
https://doi.org/10.1161/01.RES.0000124922.61830.F0
https://doi.org/10.1021/acs.biochem.0c00132
https://doi.org/10.1021/acs.biochem.0c00132
https://doi.org/10.1002/ajmg.a.38021
https://doi.org/10.1194/jlr.r200015-jlr200
https://doi.org/10.1194/jlr.r200015-jlr200
https://doi.org/10.1186/1471-2350-12-123
https://doi.org/10.1161/CIR.0b013e3182160726
https://doi.org/10.1093/eurheartj/ehp161
https://doi.org/10.1016/j.amjcard.2010.09.010
https://doi.org/10.1186/s12933-016-0479-1
https://doi.org/10.1186/s12933-016-0479-1
https://doi.org/10.2310/JIM.0b013e31822467cd
https://www.frontiersin.org/journals/genetics
https://www.frontiersin.org/
https://www.frontiersin.org/journals/genetics#articles

Read et al.

Genetics Driving Triglycerides in Nevada

Parks, E. J. (2001). Effect of dietary carbohydrate on triglyceride metabolism in
humans. J. Nutr. 131, 27725-2774S. doi: 10.1093/jn/131.10.2772S

Prins, B. P., Kuchenbaecker, K. B., Bao, Y., Smart, M., Zabaneh, D., Fatemifar,
G., et al. (2017). Genome-wide analysis of health-related biomarkers in the
UK Household Longitudinal Study reveals novel associations. Sci. Rep. 7,
11008-11009. doi: 10.1038/s41598-017-10812-1

Purcell, S., Neale, B., Todd-Brown, K., Thomas, L., Ferreira, M. A. R, Bender, D.,
et al. (2007). PLINK: a tool set for whole-genome association and population-
based linkage analyses. Am. J. Hum. Genet. 81, 559-575. doi: 10.1086/
51975

Qi, Q., Wu, Y., Li, H,, Loos, R. J. F., Hu, F. B, Sun, L., et al. (2009). Association
of GCKR rs780094, alone or in combination with GCK rs1799884, with type
2 diabetes and related traits in a Han Chinese population. Diabetologia 52,
834-843. doi: 10.1007/500125-009-1290-2

Rabouw, H. H., Langereis, M. A., Anand, A. A, Visser, L. J., de Groot, R. ],
Walter, P., et al. (2019). Small molecule ISRIB suppresses the integrated stress
response within a defined window of activation. Proc. Natl. Acad. Sci. U.S.A.
116, 2097-2102. doi: 10.1073/pnas.1815767116

Read, R. W, Schlauch, K. A., Elhanan, G., Metcalf, W. J., Slonim, A. D., Aweti, R.,
etal. (2019). GWAS and PheWAS of red blood cell components in a Northern
Nevadan cohort. PLoS One 14:¢0218078. doi: 10.1371/journal.pone.0218078

Reed, E., Nunez, S., Kulp, D., Qian, J., Reilly, M. P., and Foulkes, A. S. (2015). A
guide to genome-wide association analysis and post-analytic interrogation. Stat.
Med. 34, 3769-3792. doi: 10.1002/sim.6605

Regier, A. A,, Farjoun, Y., Larson, D. E., Krasheninina, O., Kang, H. M., Howrigan,
D. P, et al. (2018). Functional equivalence of genome sequencing analysis
pipelines enables harmonized variant calling across human genetics projects.
Nat. Commun. 9:4038. doi: 10.1038/s41467-018-06159- 4

Reyes-Soffer, G., Sztalryd, C., Horenstein, R. B., Holleran, S., Matveyenko, A.,
Thomas, T, et al. (2019). Effects of APOC3 heterozygous deficiency on plasma
lipid and lipoprotein metabolism. Arterioscler. Thromb. Vasc. Biol. 39, 63-72.
doi: 10.1161/ATVBAHA.118.311476

Ridker, P. M., Paré, G., Parker, A., Zee, R. Y. L, Danik, J. S., Buring, J. E., et al.
(2008). Loci related to metabolic-syndrome pathways including LEPR,HNF1A,
IL6R, and GCKR associate with plasma C-reactive protein: the women’s genome
health study. Am. J. Hum. Genet. 82, 1185-1192. doi: 10.1016/j.ajhg.2008.03.
015

Sakamoto, K., Bultot, L., and Géransson, O. (2018). The salt-inducible kinases:
emerging metabolic regulators. Trends Endocrinol. Metab. 29, 827-840. doi:
10.1016/j.tem.2018.09.007

Schlauch, K. A., Khaiboullina, S. F., De Meirleir, K. L., Rawat, S., Petereit, J.,
Rizvanov, A. A, et al. (2016). Genome-wide association analysis identifies
genetic variations in subjects with myalgic encephalomyelitis/chronic fatigue
syndrome. Transl. Psychiatry 6:€730. doi: 10.1038/tp.2015.208

Schlauch, K. A., Kulick, D., Subramanian, K., De Meirleir, K. L., Palotas, A,
and Lombardi, V. C. (2019). Single-nucleotide polymorphisms in a cohort of
significantly obese women without cardiometabolic diseases. Int. J. Obes. (Lond)
43, 253-262. doi: 10.1038/s41366-018-0181-3

Schlauch, K. A., Read, R. W., Lombardi, V. C., Elhanan, G., Metcalf, W. J.,
Slonim, A. D,, et al. (2020). A comprehensive genome-wide and phenome-wide
examination of BMI and obesity in a Northern Nevadan cohort. G 3, 645-664.
doi: 10.1534/g3.119.400910

Schunkert, H., Kénig, I. R., Kathiresan, S., Reilly, M. P., Assimes, T. L., Holm, H.,
etal. (2011). Large-scale association analysis identifies 13 new susceptibility loci
for coronary artery disease. Nat. Genet. 43, 333-338. doi: 10.1038/ng.784

Siewert, K. M., and Voight, B. F. (2018). Bivariate genome-wide association scan
identifies 6 novel loci associated with lipid levels and coronary artery disease.
Circ. Genom. Precis. Med. 11:¢002239. doi: 10.1161/CIRCGEN.118.002239

Siewert, K. M., Klarin, D., Damrauer, S. M., Chang, K.-M., Tsao, P. S,
Assimes, T. L., et al. (2020). Cross-trait analyses
reveal widespread pleiotropy and suggest a vascular component to
migraine headache. Int. J. Epidemiol. 49, 1022-1031. doi: 10.1093/ije/dya
a050

Staley, J. R., Blackshaw, J., Kamat, M. A, Ellis, S., Surendran, P., Sun, B. B,
et al. (2016). PhenoScanner: a database of human genotype-phenotype
associations. Bioinformatics 32, 3207-3209. doi: 10.1093/bioinformatics/bt
w373

with migraine

Stone, J. C. (2011). Regulation and function of the RasGRP family of Ras activators
in blood cells. Genes Cancer 2, 320-334. doi: 10.1177/1947601911408082

Subramanian, S., and Chait, A. (2012). Hypertriglyceridemia secondary to obesity
and diabetes. Biochim. Biophys. Acta 1821, 819-825. doi: 10.1016/j.bbalip.2011.
10.003

Teslovich, T. M., Musunuru, K., Smith, A. V., Edmondson, A. C,, Stylianou, I. M.,
Koseki, M., et al. (2010). Biological, clinical and population relevance of 95 loci
for blood lipids. Nature 466, 707-713. doi: 10.1038/nature09270

TG and HDL Working Group of the Exome Sequencing Project, National Heart,
Lung, and Blood Institute, Crosby, J., Peloso, G. M., Auer, P. L., Crosslin,
D. R, Stitziel, N. O., et al. (2014). Loss-of-function mutations in APOC3,
triglycerides, and coronary disease. N. Engl. J. Med. 371, 22-31. doi: 10.1056/
NEJMoal307095

Tsutsumi, K. (2003). Lipoprotein lipase and atherosclerosis. Curr. Vasc. Pharmacol.
1,11-17.

Ueyama, C., Horibe, H., Yamase, Y., Fujimaki, T., Oguri, M., Kato, K., et al. (2015).
Association of FURIN and ZPR1 polymorphisms with metabolic syndrome.
Biomed. Rep. 3, 641-647. doi: 10.3892/br.2015.484

van der Harst, P., and Verweij, N. (2018). Identification of 64 novel genetic loci
provides an expanded view on the genetic architecture of coronary artery
disease. Circ. Res. 122, 433-443. doi: 10.1161/CIRCRESAHA.117.312086

Van Hemelrijck, M., Ulmer, H., Nagel, G., Peter, R. S., Fritz, J., Myte, R,, et al.
(2018). Longitudinal study of body mass index, dyslipidemia, hyperglycemia,
and hypertension in 60,000 men and women in Sweden and Austria. PLoS One
13:0197830. doi: 10.1371/journal.pone.0197830

Van Hout, C. V., Tachmazidou, L., Backman, J. D., Hoffman, J. X,, Ye, B., Pandey,
A. K, et al. (2019). Whole exome sequencing and characterization of coding
variation in 49,960 individuals in the UK Biobank. bioRxiv [perprint]. 3, 69-34.
doi: 10.1101/572347

Venables, W. N., and Ripley, B. D. (1999). Modern applied statistics with S-PLUS.
New York, NY: Springer-Verlag.

Waterworth, D. M., Ricketts, S. L., Song, K., Chen, L., Zhao, J. H., Ripatti, S.,
et al. (2010). Genetic variants influencing circulating lipid levels and risk of
coronary artery disease. Arterioscler. Thromb. Vasc. Biol. 30, 2264-2276. doi:
10.1161/ATVBAHA.109.201020

Weissglas-Volkov, D., Aguilar-Salinas, C. A., Nikkola, E., Deere, K. A,
Cruz-Bautista, I, Arellano-Campos, O., et al. (2013). Genomic study in
mexicans identifies a new locus for triglycerides and refines European
lipid loci. J. Med. Genet. 50, 298-308. doi: 10.1136/jmedgenet-2012-10
1461

Willer, C. J., and Mohlke, K. L. (2012). Finding genes and variants for lipid levels
after genome-wide association analysis. Curr. Opin. Lipidol. 23, 98-103. doi:
10.1097/MOL.0b013e328350fad2

Willer, C. J., Sanna, S., Jackson, A. U., Scuteri, A., Bonnycastle, L. L., Clarke, R.,
et al. (2008). Newly identified loci that influence lipid concentrations and risk
of coronary artery disease. Nat. Genet. 40, 161-169. doi: 10.1038/ng.76

Willer, C. J., Schmidt, E. M., Sengupta, S., Peloso, G. M., Gustafsson, S., Kanoni, S.,
et al. (2013). Discovery and refinement of loci associated with lipid levels. Nat.
Genet. 45, 1274-1283. doi: 10.1038/ng.2797

Willer, C. J., Speliotes, E. K., Loos, R. J. F,, Li, S., Lindgren, C. M., Heid, I. M.,
et al. (2009). Six new loci associated with body mass index highlight a neuronal
influence on body weight regulation. Nat. Genet. 41, 25-34. doi: 10.1038/ng.287

Wojcik, G. L., Graff, M., Nishimura, K. K., Tao, R., Haessler, J., Gignoux,
C. R, et al. (2019). Genetic analyses of diverse populations improves
discovery for complex traits. Nature 570, 514-518. doi: 10.1038/s41586-019-
1310-4

Wu, M. C,, Lee, S., Cai, T., Li, Y., Boehnke, M., and Lin, X. (2011). Rare-
variant association testing for sequencing data with the sequence kernel
association test. Am. J. Hum. Genet. 89, 82-93. doi: 10.1016/j.ajhg.2011.
05.029

Yamada, Y., Kato, K., Oguri, M., Horibe, H., Fujimaki, T., Yasukochi, Y., et al.
(2018). Identification of 12 novel loci that confer susceptibility to early-
onset dyslipidemia. Int. J. Mol. Med. 43, 57-82. doi: 10.3892/ijmm.2018.
3943

Yamasaki, M., Mutombo, P. B. W. B., Iwamoto, M., Nogi, A., Hashimoto, M.,
Nabika, T., et al. (2015). The interaction of apolipoprotein A5gene promoter
region T-1131C polymorphism (rs12286037) and lifestyle modification on

Frontiers in Genetics | www.frontiersin.org

March 2021 | Volume 12 | Article 639418


https://doi.org/10.1093/jn/131.10.2772S
https://doi.org/10.1038/s41598-017-10812-1
https://doi.org/10.1086/5197
https://doi.org/10.1086/5197
https://doi.org/10.1007/s00125-009-1290-2
https://doi.org/10.1073/pnas.1815767116
https://doi.org/10.1371/journal.pone.0218078
https://doi.org/10.1002/sim.6605
https://doi.org/10.1038/s41467-018-06159-4
https://doi.org/10.1161/ATVBAHA.118.311476
https://doi.org/10.1016/j.ajhg.2008.03.015
https://doi.org/10.1016/j.ajhg.2008.03.015
https://doi.org/10.1016/j.tem.2018.09.007
https://doi.org/10.1016/j.tem.2018.09.007
https://doi.org/10.1038/tp.2015.208
https://doi.org/10.1038/s41366-018-0181-3
https://doi.org/10.1534/g3.119.400910
https://doi.org/10.1038/ng.784
https://doi.org/10.1161/CIRCGEN.118.002239
https://doi.org/10.1093/ije/dyaa050
https://doi.org/10.1093/ije/dyaa050
https://doi.org/10.1093/bioinformatics/btw373
https://doi.org/10.1093/bioinformatics/btw373
https://doi.org/10.1177/1947601911408082
https://doi.org/10.1016/j.bbalip.2011.10.003
https://doi.org/10.1016/j.bbalip.2011.10.003
https://doi.org/10.1038/nature09270
https://doi.org/10.1056/NEJMoa1307095
https://doi.org/10.1056/NEJMoa1307095
https://doi.org/10.3892/br.2015.484
https://doi.org/10.1161/CIRCRESAHA.117.312086
https://doi.org/10.1371/journal.pone.0197830
https://doi.org/10.1101/572347
https://doi.org/10.1161/ATVBAHA.109.201020
https://doi.org/10.1161/ATVBAHA.109.201020
https://doi.org/10.1136/jmedgenet-2012-101461
https://doi.org/10.1136/jmedgenet-2012-101461
https://doi.org/10.1097/MOL.0b013e328350fad2
https://doi.org/10.1097/MOL.0b013e328350fad2
https://doi.org/10.1038/ng.76
https://doi.org/10.1038/ng.2797
https://doi.org/10.1038/ng.287
https://doi.org/10.1038/s41586-019-1310-4
https://doi.org/10.1038/s41586-019-1310-4
https://doi.org/10.1016/j.ajhg.2011.05.029
https://doi.org/10.1016/j.ajhg.2011.05.029
https://doi.org/10.3892/ijmm.2018.3943
https://doi.org/10.3892/ijmm.2018.3943
https://www.frontiersin.org/journals/genetics
https://www.frontiersin.org/
https://www.frontiersin.org/journals/genetics#articles

Read et al.

Genetics Driving Triglycerides in Nevada

plasma triglyceride levels in Japanese. Nutr. Res. Pract. 9, 379-384. doi: 10.4162/
nrp.2015.9.4.379

Zhang, Y., Chen, W., and Wang, Y. (2020). STING is an essential regulator of
heart inflammation and fibrosis in mice with pathological cardiac hypertrophy
via endoplasmic reticulum (ER) stress. Biomed. Pharmacother. 125:110022. doi:
10.1016/j.biopha.2020.110022

Zhou, L., He, M., Mo, Z., Wu, C., Yang, H., Yu, D, et al. (2013). A genome
wide association study identifies common variants associated with lipid levels
in the Chinese population. PLoS One 8:¢82420. doi: 10.1371/journal.pone.008
2420

Zook, J. M., Chapman, B., Wang, J., Mittelman, D., Hofmann, O., Hide, W, et al.
(2014). Integrating human sequence data sets provides a resource of benchmark
SNP and indel genotype calls. Nat. Biotech. 32, 246-251. doi: 10.1038/nbt.2835

Conflict of Interest: JL, EC, and NW are employees of Helix Opco, LLC.

The remaining authors declare that the research was conducted in the absence of
any commercial or financial relationships that could be construed as a potential
conflict of interest.

Copyright © 2021 Read, Schlauch, Lombardi, Cirulli, Washington, Lu and Grzymski.
This is an open-access article distributed under the terms of the Creative Commons
Attribution License (CC BY). The use, distribution or reproduction in other forums
is permitted, provided the original author(s) and the copyright owner(s) are credited
and that the original publication in this journal is cited, in accordance with accepted
academic practice. No use, distribution or reproduction is permitted which does not
comply with these terms.

Frontiers in Genetics | www.frontiersin.org

15

March 2021 | Volume 12 | Article 639418


https://doi.org/10.4162/nrp.2015.9.4.379
https://doi.org/10.4162/nrp.2015.9.4.379
https://doi.org/10.1016/j.biopha.2020.110022
https://doi.org/10.1016/j.biopha.2020.110022
https://doi.org/10.1371/journal.pone.0082420
https://doi.org/10.1371/journal.pone.0082420
https://doi.org/10.1038/nbt.2835
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/journals/genetics
https://www.frontiersin.org/
https://www.frontiersin.org/journals/genetics#articles

	Genome-Wide Identification of Rare and Common Variants Driving Triglyceride Levels in a Nevada Population
	Introduction
	Materials and Methods
	Data Disclosure Statement
	The Renown EHR Database
	Genotype Sample Collection
	IRB and Informed Consent
	Processing of Clinical Data
	Sequencing
	Statistical Analysis of Sequencing Data
	Effect Sizes
	Genotype Annotation
	Power of Single-Variant GWAS
	Single-Variant Genome-Wide Association Study (GWAS)
	Gene-Based Collapse Analysis
	Phenome-Wide Association Study (PheWAS)
	Biobank Validation

	Results
	Demographics
	Single-Variant GWAS
	Gene-Based Association Analysis
	Significant Phenotypic Associations With Triglyceride Levels
	Pleiotropy of Rare and Common Variants
	UK Biobank Validation

	Discussion
	Single-Variant GWAS
	Gene-Based Association Analysis
	Significant Phenotypic Associations With Triglyceride Levels and Pleiotropy
	UK Biobank Validation

	Data Availability Statement
	Ethics Statement
	Author Contributions
	Funding
	Acknowledgments
	Supplementary Material
	References


