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Physiol 126: 1292–1314, 2019. First published January 3, 2019;
doi:10.1152/japplphysiol.00035.2018.—Intrinsic cardiorespiratory fitness (CRF) is defined as the level of CRF in the sedentary state. There
are large individual differences in intrinsic CRF among sedentary
adults. The physiology of variability in CRF has received much
attention, but little is known about the genetic and molecular mechanisms that impact intrinsic CRF. These issues were explored in the
present study by interrogating intrinsic CRF-associated DNA sequence variation and skeletal muscle gene expression data from the
HERITAGE Family Study through an integrative bioinformatics
guided approach. A combined analytic strategy involving genetic
association, pathway enrichment, tissue-specific network structure,
cis-regulatory genome effects, and expression quantitative trait loci
was used to select and rank genes through a variation-adjusted
weighted ranking scheme. Prioritized genes were further interrogated
for corroborative evidence from knockout mouse phenotypes and
relevant physiological traits from the HERITAGE cohort. The mean
intrinsic V̇O2max was 33.1 ml O2·kg⫺1·min⫺1 (SD ⫽ 8.8) for the
sample of 493 sedentary adults. Suggestive evidence was found for
gene loci related to cardiovascular physiology (ATE1, CASQ2, NOTO,
and SGCG), hematopoiesis (PICALM, SSB, CA9, and CASQ2), skeletal muscle phenotypes (SGCG, DMRT2, ADARB1, and CASQ2), and
metabolism (ATE1, PICALM, RAB11FIP5, GBA2, SGCG, PRADC1,
ARL6IP5, and CASQ2). Supportive evidence for a role of several of
these loci was uncovered via association between DNA variants and
muscle gene expression levels with exercise cardiovascular and muscle physiological traits. This initial effort to define the underlying
molecular substrates of intrinsic CRF warrants further studies based
on appropriate cohorts and study designs, complemented by functional investigations.
NEW & NOTEWORTHY Intrinsic cardiorespiratory fitness (CRF)
is measured in the sedentary state and is highly variable among
sedentary adults. The physiology of variability in intrinsic cardiorespiratory fitness has received much attention, but little is known about
the genetic and molecular mechanisms that impact intrinsic CRF.
These issues were explored computationally in the present study, with
further corroborative evidence obtained from analysis of phenotype
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data from knockout mouse models and human cardiovascular and
skeletal muscle measurements.
bioinformatics; cardiovascular physiology; in silico exploration of the
biology of cardiorespiratory fitness; intrinsic cardiorespiratory fitness;
skeletal muscle biology

INTRODUCTION

V̇O2max is defined as the oxygen uptake attained during
maximal exercise intensity that is not increased despite further
increases in exercise workload (44). V̇O2max is considered the
best indicator of cardiorespiratory and physiological fitness.
Cardiorespiratory fitness (CRF) is broadly defined as the ability
of the circulatory and respiratory systems to deliver oxygen to
the working muscles during maximal exercise. There are also
submaximal indicators of CRF, but they are not considered in
the present paper. Low CRF is a well-established risk factor for
all-cause and disease-specific mortality (43) in blacks and
whites (52), in both sexes (4), in various body mass index
(BMI) groups (88), in different age groups (51, 66), in apparently healthy people (52), but also in patients with diabetes (16,
53), cardiovascular disease (52), or hypertension (15).
Although of considerable importance, the distinction between intrinsic CRF and acquired CRF is rarely made (6).
Intrinsic CRF relates to the level of CRF exhibited in the
sedentary state. In contrast, acquired CRF is the level that is
achieved as a result of exposure to regular exercise or exercise
training. Importantly, there is no substantive relationship between intrinsic CRF and acquired CRF, as evidenced by the
lack of correlation between baseline V̇O2max and the gains in
V̇O2max in response to a 20-wk exercise program (78).
There are large individual differences in intrinsic CRF
among adults who are sedentary and who have a history of not
engaging in regular exercise (6). For instance, among 726
sedentary subjects (17– 65 yr of age) in whom V̇O2max was
measured twice (on separate days) at baseline in the HERITAGE
Family Study (8), the mean value was 31 ml O2·kg⫺1·min⫺1 with
an SD of 9 ml O2·kg⫺1·min⫺1. This represents an extraordinary
degree of heterogeneity among people who were confirmed as
sedentary with no substantial amount of exercise training in their
past. As shown by the findings of the HERITAGE Family Study,
there are many factors contributing to variation in CRF. Among
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them, maximum likelihood estimation revealed a maximal heritability of 51% for intrinsic V̇O2max adjusted for age, sex, body
mass, fat-free mass, and fat mass (7).
The physiological systems known to be broad determinants
of V̇O2max relate to O2 carrying capacity and skeletal muscle O2
extraction (2, 46). Oxygen delivery to the working muscle is
driven by heart size, cardiac output, blood volume, and total
hemoglobin (36, 37, 49, 76, 86, 89), while O2 transfer and
utilization is influenced by muscle capillary density, membrane
permeability, O2 solubility, muscle fiber size, fiber type, and
total myoglobin (11, 23, 84), as well as muscle mitochondria
volume density and oxidative capacity (23, 76, 85). These
multiple components are part of a conductance pathway forming an integrated system, where all components are interacting
to achieve the highest possible maximal power output, thus
defining V̇O2max (56, 85). In the aggregate, however, CRF is
primarily determined by the maximal O2 carrying and delivery
capacity in healthy individuals (10, 56). Estimates are that
~70% of the variability in V̇O2max is accounted by oxygen
transport capacity (26, 27).
Although the integrative physiology of variability in CRF
has received some attention, little is known about potentially
causal molecular mechanisms involving genes, pathways, and
networks that contribute to variation in intrinsic CRF in adults.
Given the high heritability of intrinsic CRF, there is continuing
interest in investigating the roles that genetic variation might
play in regulating trait variation. Genome-wide association
studies (GWAS) are one way to address genetic contributions,
but for common traits (such as intrinsic CRF), the standard
analysis has been handicapped traditionally by the fact that
most of the trait-associated variation resides in the regulatory,
noncoding genome, thereby precluding any direct associations
of genetic variation with protein function. Nevertheless, compared with other genome features, the putative genomic regulatory elements (e.g., enhancer and promoter regions) are also
known to have, by far, the largest contribution towards the
heritability of several human traits (41). Recently, however, the
availability of large data sets encompassing genome-scale
information on chromatin regulatory marks (1, 27b), expression quantitative trait loci (eQTL) (39a), tissue-specific genegene interaction networks (39), etc. has presented unprecedented opportunities to generate hypotheses linking trait-associated genetic variation to genetic and molecular events and to
ultimately connect genotypes to phenotypes (69). Generally
referred to as “integrative genetics,” this approach has led to
significant advances in our understanding of several cardiometabolic phenotypes including obesity, type 2 diabetes, cardiovascular disease (33, 34, 60, 63, 67), and exercise-dependent changes in CRF (35).
In the present study, we have taken an analogous integrative
approach to understand the role of genetic variation in intrinsic
CRF. Briefly, as a starting point, we used summary statistics
from a GWAS on intrinsic CRF (HERITAGE Family Study)
and interrogated the possible roles of genetic variants in affecting promoter and enhancer-marking histone binding and
transcription factor binding and influencing nearby gene expression as eQTLs. We further investigated the possible enrichment of variant-associated candidate genes in tissue-specific functional networks and highly curated biological pathways to generate hypotheses on tissue-relevant biological
mechanisms impacted by genetic variation. We sought further
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confirmation of the candidate genes implicated from in silico
analyses by interrogating, when available, their knockout phenotypes in mouse models. The availability of whole genome
expression data on skeletal muscle biopsies on a subset of the
HERITAGE cohort subjects further allowed us to test whether
the expression of the computationally identified genes was also
correlated with intrinsic CRF and with skeletal morphological
and metabolic indicators obtained from muscle biopsies. Finally, DNA sequence variants at the gene loci prioritized at the
conclusion of this series of analyses were investigated for their
associations with cardiovascular and muscle intermediate phenotypes of intrinsic CRF.
MATERIALS AND METHODS

HERITAGE Family Study. The subjects and study design of the
HERITAGE Family Study have been described elsewhere (8). Briefly,
834 subjects from 218 families were recruited to participate in an
endurance exercise training study and have measurements of baseline
V̇O2max. Among them, 493 adults (241 men and 252 women) from 99
families of European descent who were confirmed sedentary and had
taken two maximal exercise tests to exhaustion at baseline constitute
the population of the current study. Parents were 65 yr of age or less
while offspring ranged in age from 17 to 41 yr. Participants were
sedentary at baseline, normotensive or mildly hypertensive (⬍160/
100 mmHg) without medications for hypertension, diabetes, or dyslipidemia (8). The study protocol had been approved by the Institutional Review Boards at each of the participating centers of the
HERITAGE Family Study consortium. Written informed consent was
obtained from each participant.
Cardiorespiratory fitness measurement. Three exercise tests were
performed on separate days at baseline on a SensorMedics 800S
(Yorba Linda, CA) cycle ergometer and a SensorMedics 2900 metabolic measurement cart (80). The tests were conducted at about the
same time of day, with at least 48 h between two tests. In the first
maximal exercise test, subjects exercised at a power output of 50 W
for 3 min, followed by increases of 25 W each 2 min until volitional
exhaustion. For older, smaller, or less fit individuals, the test was
started at 40 W, with increases of 10 –20 W each 2 min thereafter. In
the second test, subjects performed a submaximal exercise test during
which subjects exercised for 10 min each at an absolute (50 W) and
at a relative power output equivalent to 60% V̇O2max. Finally, a
submaximal/maximal exercise test was performed, starting with the
same protocol as the submaximal test and then followed by 3 min of
exercise at a relative power output that was 80% of their V̇O2max, after
which resistance was increased to the highest power output attained in
the first maximal test. If the subjects were able to pedal after 2 min,
power output was increased each 2 min thereafter until they reached
volitional fatigue. The average V̇O2max from the maximal and submaximal/maximal tests was taken as the V̇O2max for that subject and
used in analyses if both values were within 5% of each other. If they
differed by ⬎5%, the higher V̇O2max value was used. Submaximal and
maximal exercise phenotypes of interest that were measured in the
sedentary state include heart rate, stroke volume, cardiac output,
systolic blood pressure, V̇O2, and other metabolic indicators at 50 W
and at 60% of V̇O2max (80, 90).
Genome-wide genotyping. Genome-wide genotyping was performed using the Illumina HumanCNV370-Quad v3.0 BeadChips on
Illumina BeadStation 500GX platform. The genotype calls were
determined via the Illumina GenomeStudio software, and all samples
were called in the same batch to eliminate batch-to-batch variation.
Monomorphic single-nucleotide polymorphisms (SNPs), SNPs with
only one heterozygote, and SNPs with ⬎30% missing data were
filtered out with GenomeStudio. Twelve samples were genotyped
twice with 100% reproducibility across all SNPs. All GenomeStudio
genotype calls with a GenTrain score ⬍0.885 were checked and
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confirmed manually. Quality control of the GWAS SNP data confirmed all family relationships and found no evidence of DNA sample
mix-ups.
Imputation was performed using a CEU reference panel (Northern
and Western European ancestry) consisting of 120 haplotypes from
HapMap Phase II data (release 22, build 36) and the MACH software
(57). A total of 2,228,863 directly typed or imputed SNPs were tested
for association with baseline CRF with adjustment for age and sex as
previously described (9).
Affymetrix microarray analysis. Biopsies of vastus lateralis muscle
were performed at baseline using the percutaneous needle biopsy
technique in 78 HERITAGE Caucasian subjects from the Laval
University (Québec) Clinical Center (72). Total RNA was isolated
from frozen muscle biopsies preserved in Tissue-Tek using Trizol and
mRNA amplified with Ambion MessageAmp Premier following manufacturer’s instructions. A subset of 52 samples was processed on
Affymetrix HG-U133⫹2 arrays to quantify global gene expression
levels. Background-corrected, quantile-normalized, and log2-transformed expression data were obtained via the method of Robust
Multichip Averages (5). Probe sets with normalized expression ⬍50
units in ⬎90% of samples were removed, resulting in 16,312 probes
for further analysis. Partial correlations between gene expression
levels and intrinsic CRF levels were calculated via the ppcor package
in R after adjustments for age, sex, BMI, and scan date. The relation
of gene expression to intrinsic CRF levels was further modeled via
general linear models (adjusted for age, sex, BMI, and scan date) and
visualized via partial residual regression plots in JMP (version 10.0.2;
SAS Institute, Cary, NC). For both generalized linear model and
partial correlations, a nominal P ⱕ 0.05 was considered as the
threshold for statistical significance. The raw microarray data for this
study have been deposited with Gene Expression Omnibus under
accession no. GSE117070 (17).
Measurement of muscle-related traits. The measurement of muscle-related phenotypes in the subsample of HERITAGE participants
that underwent muscle biopsies has been described previously (72).
Briefly, based on the staining properties for myofibrillar ATP, fibers
from the muscle biopsy samples were designated as type 1, type 2a,
and type 2b. The mean muscle fiber area was determined by averaging
the cross-sectional areas of 20 randomly selected fibers of each type.
The number of capillaries around each of these fibers was counted to
determine the capillary density and the area per capillary ratio in each
fiber type. The maximal activities of the following enzymes were also
determined on muscle homogenates from the biopsy samples (72):
creatine kinase, phosphorylase, hexokinase, phosphofructokinase,
glyceraldehyde phosphate dehydrogenase, 3-␤-hydroxyacyl CoA dehydrogenase (HADH), carnitine palmitoyl transferase, citrate synthase, and cytochrome c oxidase. As described below, these musclerelated traits were tested for their association with SNPs from candidate genes identified from our integrative bioinformatic analyses.

Analyses of associations with SNP and expression with cardiovascular and muscle traits. The integrative bioinformatic analysis (described below) identified four genes related to cardiovascular physiology (ATE1, CASQ2, NOTO, and SGCG) and four genes to skeletal
muscle phenotypes (SGCG, DMRT2, ADARB1, and CASQ2), for a
total of six unique genes. For these genes, the association of genotyped or imputed SNPs located ⫾50 kb from the gene were tested for
association with select cardiovascular and muscle-related traits (Supplemental Table S1; Supplemental Material for this article is available
online at the Journal website) using general linear models with age,
sex, and BMI as covariates (Proc GLM in SAS version 9.4). As noted
above, the SNP-muscle trait association analyses were performed in
the subset of subjects with muscle biopsy data (n ⫽ 52). For every
gene, the list of all SNPs associated with a cardiovascular or muscle
trait at a nominal P ⬍ 0.05 was further pruned via the SNPClip
module of LDLink software (59) using the 1000 Genomes (Phase 3)
CEU reference panel for linkage disequilibrium (LD) estimations.
Biallelic SNPs with r2 ⱕ 0.2 and minor allele frequency ⱕ0.01 were
considered as independent.
The associations of gene expression with muscle traits were examined via general linear models after adjustments for age, sex, BMI,
and scan date (JMP, v 10.0.2). Note that no gene expression results
were available for NOTO as the gene was not represented on the
Affymetrix arrays used in the study. The relations of gene expression
to muscle traits were visualized via partial residual regression plots,
similar to those for intrinsic CRF levels.
Bioinformatic studies. The overall strategy for integrative bioinformatics analysis used in the present report is depicted in Fig. 1. Details
of the analysis components are described below and summarized in
the Fig. 1 legend.
Regulatory genome analysis. To investigate the possible influence
of regulatory, noncoding variation on intrinsic CRF levels, we interrogated GWAS-associated SNPs (index SNP P ⱕ 1 ⫻ 10⫺04, plus
SNPs in LD at r2 ⱖ 0.8, total of 1,596 SNPs; 1000G Phase 1 EUR
population-based LD estimated via LDlink software) (59) for their
overlap with chromatin states associated with active or repressed transcription. Specifically, we used ENCODE and Roadmap
Epigenomics project-derived data in Haploreg (version 4.1) (87) to
identify SNPs overlapping with binding sites for modified histones
associated with enhancers (H3K4me1 and H2K27ac) and promoters
(H3K4me3 and H3K9ac), respectively, in 28 selected tissues considered relevant for intrinsic CRF. These epigenomic signatures were
derived from a 15-state hidden Markov model. Enrichment for enhancer coverage among the query SNPs, compared with a background
of all common SNPs (minor allele frequency ⬎5%), was calculated in
Haploreg by the binomial test across 28 tissues. Additional statistical
analysis for SNP enrichment at other genomic features including long
intergenic noncoding RNAs (lincRNAs), modified-histone binding
regions, gene features (introns, exons, and untranslated regions), DNA

Fig. 1. Overall scheme for integrative bioinformatics. Diagram summarizes the integrative bioinformatics approach employed in this study. It consists of applying
specific tools to examine the possible consequences of genetic association study results on genome regulation (DNA) or gene expression (RNA) (highlighted in
yellow on the left). The boxes 1– 8 at the left summarize the various analytic approaches with brief descriptions. The middle shows a visual model of the analysis
referred to. The blue boxes to the right list the various bioinformatic tools employed to perform the corresponding analyses. The numbers in the blue boxes to
the right of the bioinformatic tools refer to the Pubmed IDs (PMIDs) of the publications describing the respective software tools. Beginning with genome-wide
association study (GWAS) summary data (bottom, box 1), single-nucleotide polymorphisms (SNPs) are selected at a user-defined threshold (above the red line
in the Manhattan plot) and queried, via several high-content online databases (e.g., ENCODE, Roadmap, GTEx, etc.), for their effects on genome cis-regulation
[e.g., histone and transcription factor (TF) binding and expression of nearby genes] and their enrichment in functional interaction networks (boxes 2–5).
Additional queries investigate the enrichment of SNP-associated genes in biological pathways (box 6). These combined analyses help generate a short list of
candidate genes potentially linked to the trait of interest. Further validation of these gene candidates is sought by interrogating their effects in knockout animal
models (box 7) and by correlating gene expression to molecular and physiologic end points relevant to the trait (box 8). The refined list of candidate genes is
then ranked, via some appropriate metric, to select genes for functional validation against trait-relevant phenotypes such as those listed at the top of the diagram.
For illustration purposes, a gene is indicated schematically in red as a line with 4 boxes to represent the exon-intron structure. A selected SNP, shown to reside
in the gene promoter that overlaps with histone and transcription factor binding, functions as an expression quantitative trait loci (eQTL). The SNP-associated
gene belongs to a gene network and biological pathway, shows a phenotype in mouse models and is transcriptionally correlated to intrinsic cardiorespiratory
fitness levels (ascending order of analyses in the schematic, dashed line).
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methylation regions, long-range chromatin interactions (HiC), and
nuclear lamina-associated domains (LAD) were assessed via the
Genomic Association Tester software (GAT) (45). For this analysis,
genome-feature level data was retrieved from multiple data repositories including ENCODE, FANTOM, and UCSC (27b, 47). Random
size-matched SNP sets were tested for feature overlap to generate the
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expected overlap for a null distribution. The magnitude of enrichment
was estimated via fold changes (observed overlap vs. expected overlap), and significance of enrichment was assessed from simulation
derived empirical P values after control for the false discovery rate
(FDR). The predicted effects of a SNP on a histone binding site were
quantified as the differences in chromatin feature probabilities (here

Fig. 1.
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histone binding) between the reference and alternative SNP alleles,
computed via a deep-learning-based algorithmic framework implemented in DeepSea (92). The analysis was conducted separately for
the four major histone modifications (H3K4me1, H3K4me3, H3K9ac,
and H3K27ac) using data available in ENCODE for seven cell types
(H1-hESC, K562, CD14⫹ monocyte, NH-A, NHDF, NHEK, and
NHLF). SNP-level probability differences for each histone mark were
then converted to gene-level effects by taking the 90th percentile of
the probability difference values for all SNPs mapping to a gene.
In addition to investigating the effects on histone binding, we also
interrogated the overlap of the 1596 query SNPs with genome-wide
eQTL reported in Haploreg from tissue-specific gene expression data
from GTEX v6.0 (39c) and other eQTL databases (42, 71). Finally,
we also examined the extent of SNP overlap with transcription factor
binding sites through the SNP2TFBS tool by analyzing the effects of
reference and alternate SNP alleles on transcription factor binding
based on changes in the position weight matrix (PWM) scores for the
binding specificity of the corresponding factor (JASPAR Core Vertebrate
2014 version).
Tissue prioritization through network analysis. We conducted
genome-scale tissue-level network analysis on networks available
from the Genome-scale Integrated Analysis of gene Networks in
Tissues (GIANT) resource (39). These tissue networks are based on
987 genome-scale data sets encompassing ~38,000 experimental conditions covering gene expression and functional interaction measurements from multiple data sources (12, 62, 65). Together, we queried
145 tissue-specific networks via programmatic access through the
GIANT API (74) utilizing 186 genes nominally associated to intrinsic
CRF (P ⱕ 0.01 by Pascal max method) as positive controls (GWASassociated genes). The connectivity of a given gene to the GWASassociated genes within a tissue network was quantified by the
NetWAS score (38). The NetWAS score is a weighted and predicted
score that captures the extent to which a gene’s network connectivity
is associated with the GWAS-associated gene set in a tissue, with
higher NetWAS scores indicating greater connectivity to the significant gene set (38). The distribution of the NetWAS scores in each
tissue was visualized via boxplots, with positive scores indicating
greater connectivity and, by extension, greater tissue relevance for
intrinsic CRF. Some of the top-scoring tissues (based on median
NetWAS scores) were further examined by analyzing subnetworks
containing highly connected GWAS genes (NetWAS score ⱖ0.3,
recommended cutoff by GIANT). From each of these subnetworks,
the top 200 edges were visualized in Cytoscape 3.4.0 (https://cytoscape.
org/). The selection of the top 200 edges was a subjective decision driven
by considerations for clarity of network visualization.
Pathway analysis. For pathway enrichment analyses, we queried a
customized pathway database consisting of Reactome-based pathway
annotation from the Molecular Signature Database (v5.2) (81) plus
custom gene sets, resulting in a total of 678 pathways (ⱖ10 and ⱕ250
genes per pathway). Although a wide number of gene-set repositories
are available, we selected the expert-authored and manually curated
Reactome database (24) due to its clear structural hierarchy and
internally consistent “reaction-based” data model encompassing a
wide variety of biological processes. Pathway enrichment analysis
was conducted via two separate methods [iGSEA4GWAS V2 (91)
and Pascal (55)] to reduce false discoveries by identifying the common pathways implicated in both. For both methods, a gene-wide
association P value was obtained from the P values of individual SNP
markers mapping to the gene body ⫾50-kb upstream and downstream
boundaries by using the max statistics (maximum of 2-scores or –log
P values). iGSEA4GWAS examines the enrichment of significantly
associated variants within a priori-defined gene sets (pathways) by
determining if a specific gene set ranks higher than a randomly
distributed set, based on a running-sum statistic on the ranked list of
genes (ranked by association P values or an equivalent statistic). The
“improvement” in iGSEA4GWAS over traditional GSEA approaches
is realized by focusing only on gene sets with high proportions of

significant genes instead of relying solely on the overall gene set
significance that may sometimes originate from only a few genes. In
contrast, Pascal incorporates numerical and analytical solutions for P
value estimation from the max statistics after adjusting for gene length
and LD and adopts a modified Fisher’s method (29) to compute
parameter-free pathway scores (empirical or 2-based P values) attaining rigorous type 1 error control. Pathways with both an
iGSEA4GWAS-derived FDR ⬍0.01 and a Pascal-derived 2 P ⬍
0.05 were considered to be significantly enriched. Significantly enriched pathways identified in common between iGSEA4GWAS and
Pascal were further analyzed via quantile-quantile plots in R (https://
cran.r-project.org) to compare the observed distribution of pathway
gene P values to the expected null. Hierarchical clustering of the
significant pathways, based on their gene contents, was conducted via
Ward’s method in JMP Version 10 statistical package (SAS Institute,
Cary, NC).
In addition to iGSEA4GWAS and Pascal, where pathway enrichment was computed on the full SNP-association data set, we also used
the Data-driven Expression Prioritized Integration for Complex Traits
(DEPICT; https://www.broadinstitute.org/depict) (68) tool for pathway analysis, using a prespecified list of 221 independent SNPs with
intrinsic CRF association P values ⬍1 ⫻ 10⫺04 (68). Independent loci
were identified via PLINK (v1.90b3.42) (70) by clumping SNPs in
LD (r2 ⬎ 0.1) or ⱕ500 kb from the index SNP (LD calculations were
based on 1000 Genomes Project Phase 1 Integrated Release V3
haplotypes). Additionally, DEPICT was used to predict most likely
causal genes at associated loci and to identify target tissues where
such genes are highly expressed.
Weighted ranking of selected genes. We developed a weighted
rank-based approach to prioritize the candidate genes that were
identified through the genetic, genomic, and bioinformatic analyses
described above (evidence categories). The candidate genes were first
ranked within each of the following evidence categories: strength of
GWAS association, predictions from DEPICT, evidence for eQTL,
overlap with histone marks or transcription factor binding sites, high
connectivity in tissue networks, and correlation of gene expression to
intrinsic CRF levels. Then, the relative influence of each evidence
category was determined by the inverse of the coefficient of variation
(CV) of the observed values in that category, such that categories with
higher CVs (deemed to have larger information content than categories with smaller CVs) were accorded greater weight in the final
ranking of the genes. We used the CV to make the weights comparable across all evidence categories. More specifically, to combine the
ranks corresponding to a specific candidate gene (Gi), an inverse
CV-weighted rank for gene G (ICVWRG) metric was constructed as
J

ICVWRGi ⫽

兺

j⫽1

wj

兺

J
j⫽1w j

Rij,

where Rij is the rank of the ith gene in the jth evidence type, the
weights, w j ⫽ 1 CV j , the coefficient of variation, CV j ⫽  j  j , j
is the mean, and j is the SD of the jth evidence type in their original
scale (P values or some other measures) and j ⫽ 1, ѧ, J. In this
sequence, an evidence type with the higher SD (j) will give a higher
CVj and a lower wj, resulting in a lower value of ICVWRG when the
mean (j) is fixed.
Analysis of mouse phenotypes. We queried the Mouse Genome
Informatics (MGI; www.informatics.jax.org) database to identify and
classify mouse phenotypes that are affected by knockout of candidate
genes identified from the integrative bioinformatic analyses. A total of
38 genes were selected for this analysis, based on the extent of
collective evidence for the following: 1) evidence for joint eQTL and
histone mark overlap at one or more SNPs near a gene, 2) evidence for
the gene being an eQTL target in any tissue tested, or 3) DEPICTbased prioritization of the gene as associated with intrinsic CRF
association (P ⬍ 0.05). Only mouse phenotypes arising from spontaneous mutations, targeted gene knockout, or gene trap studies were
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Fig. 2. Distribution of intrinsic V̇O2max expressed by kg of body weight in 493
sedentary adults of both sexes of European ancestry. Maximal O2 uptake was
measured on a cycle ergometer on two different days. See text MATERIALS AND
METHODS.

retrieved to avoid confounding effects from other mouse models (e.g.,
mutations in unrelated genes in chemical mutagenesis or multiple
gene knockout type models). Phenotypes associated with the query
genes were further grouped into their “root phenotypes” according to
the hierarchical ontology utilized in the MGI V6.07 mammalian
phenotype browser. For every gene, the percentage of phenotypes
belonging to specific root phenotypes compared with all observed
phenotypes was also estimated as a measure of root phenotype
enrichment. As mouse data were not available for all candidate genes
emerging from the prior analyses, we elected not to use the mouse
knockout findings in our computation of the weighted ranking of
genes as described above. Rather we interrogated MGI with the aim
of extracting functional evidence in favor or against genes previously
identified.
RESULTS

Study population and intrinsic CRF distribution. A total of
493 sedentary white adults from the HERITAGE Family Study
were available for the study; the mean intrinsic (sedentary)
V̇O2max was 33.1 ml O2·kg⫺1·min⫺1 with a SD of 8.8
O2·kg⫺1·min⫺1. The distribution of intrinsic V̇O2max ranged
from 14 to 58 ml O2·kg⫺1·min⫺1 based on two maximal tests,
as displayed in Fig. 2. Some of the variance in intrinsic V̇O2max
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can be accounted for by measurement error and day-to-day
variability in the trait. Attempts to quantify these variance
components in HERITAGE have been based on three strategies: V̇O2max was measured twice at baseline in all subjects; 60
sedentary subjects meeting all HERITAGE inclusion criteria
were tested 3 times over several weeks; and 8 subjects traveled
across the 4 HERITAGE clinical sites to be tested within a
2-wk period (8, 77, 79). The intraclass coefficient for repeated
V̇O2max measures ranged from 0.96 to 0.98 across these 3
conditions, with CVs extending from 4.1 to 5.0%. The SD for
repeated V̇O2max measures ranged from 108 to 137 or ~1.4 to
1.8 ml O2·kg⫺1·min⫺1 (mean body weight of 75 kg), which
represents ~15 to 20% of the variability (as the SD ⫽ 8.8) in
intrinsic V̇O2max as defined in HERITAGE.
Steps in bioinformatic analyses. The different components
of the integrative bioinformatic analysis undertaken with the
genetic association and gene expression data are outlined in
Fig. 1. Briefly, our analytic strategy explored the impact of
intrinsic CRF-associated sequence variation in influencing
nearby gene expression (cis-eQTLs) or perturbations of
transcription factor binding sites or chromatin marks associated with the noncoding, regulatory genome (e.g., histone
binding sites at gene enhancers and promoters). Additionally, we examined the impact of sequence variation on
biological mechanisms and tissue-specific functional interactions in the form of well-documented biological pathways
and genome-scale tissue interaction networks, respectively.
Finally, we investigated potential genotype-phenotype associations through an analysis of the functional consequences
of candidate intrinsic CRF-associated genes in knockout
mouse models and also interrogated the skeletal muscle
specific transcriptomic association of candidate genes with
intrinsic CRF levels. Thus, starting from SNP-level effects
on the regulatory genome, we expanded our analysis to
cellular events involving biological pathways, networks,
and gene transcription and finally explored phenotypic implications at the organismal level.
Analysis of effects from noncoding SNPs. We interrogated
data from Haploreg (v4.1) to identify SNPs that overlapped
with enhancer and promoter regions in various relevant tissues,
based on histone modification signals from the Roadmap Epigenomics and ENCODE projects (27a, 73). We considered
signals arising from a subset of the intrinsic CRF-associated
SNPs (P ⱕ 1 ⫻ 10⫺04), plus SNPs in high LD (r2 ⱖ 0.8), in

Fig. 3. Effects of noncoding single-nucleotide polymorphisms (SNPs) on histone and transcription factor occupancy and cis-gene expression. A: enhancerenrichment analysis across selected tissues, based on the overlap of intrinsic cardiorespiratory fitness (CRF)-associated SNPs with enhancer regions identified
in Haploreg; the significance of enhancer enrichment is indicated by the negative logarithm of the binomial P value on the y-axis. B: distribution of the overlap
of intrinsic CRF-associated SNPs (plus SNPs in linkage disequilibrium, r2 ⬎ 0.8) with regions of active promoters and enhancers identified by modified histone
binding across selected tissues. The four histone marks representing active promoter and enhancer elements are shown in columns and selected tissues in rows.
Data are column normalized and color coded from blue (low overlap) to red (high overlap). Gray cells indicate absence of data from ENCODE. C: analysis of
enrichment for intrinsic CRF-associated SNPs with genomic features via permutation testing in Genomic Association Tester software (GAT). The genomic
features and tissues tested for feature overlap (where applicable) are represented on the y-axis. The x-axis displays the negative logarithm of the empirical P value
observed from association testing based on 1,000 simulations. Points in the scatterplot are colored by the type of feature tested and sized by the fold change of
observed vs. expected overlaps. D: top scoring expression quantitative trait loci (eQTL) across tissue categories. Genes with allele-dependent expression patterns
are shown for 6 tissue categories which are aggregated over 16 different tissues. For each gene, the negative logarithm of the most significant regression P values
obtained from its eQTL SNPs are plotted with deeper shades of red indicating greater significance. E: SNPs displaying joint eQTL and histone-mark overlap
properties. SNPs with joint behavior in at least 1 tissue were selected. eQTL and histone-site overlap results are shown side-by-side for each tissue in columns.
A positive association is indicated in gray. F: overlap of SNPs with transcription factor binding sites (TFBS) predicted by SNP2TFBS tool. The %change in
position weight matrix scores relative to the reference allele is shown on the x-axis, and SNPs, along with their nearest genes and their genomic annotation, are
indicated on the y-axis. Plot is restricted to SNPs that 1) overlap a predicted TFBS with a high binding score (P ⬍ 3 ⫻ 10⫺06) in at least 1 of the two alleles,
and 2) overlap a modified histone binding site and/or function as an eQTL.
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6 broad tissue types (adipose, brain, heart, lung, skeletal
muscle, and pancreas) encompassing 16 different tissues; Supplemental Table S2). Out of a total of 1596 SNPs queried, a
statistically significant enrichment (binomial P ⱕ 0.01) for
enhancer-associated SNPs was observed in tissues specifically

related to cardiorespiratory function such as aorta, right ventricle, and skeletal muscle (including myoblasts and satellite
cells; Fig. 3A). Furthermore, as shown in Fig. 3B, we observed
increased overlap with active enhancers (H3K4me1 and
H3K27ac marks) and active promoters (H3K4me3 and

Fig. 3.
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Fig. 3. Continued

H3K9ac marks) in multiple biological samples related to skeletal muscle (including myoblasts and myotubes) as well as
increased levels of active enhancer associated H3K4me1-site
overlaps in aorta. Adipose tissue generally demonstrated increased levels of overlap with enhancer and promoter sites,
whereas sites overlapping with H3K4me1 were particularly
underrepresented in a variety of brain sections tested. The
enrichment of associated SNPs with enhancers was further
corroborated by GAT analysis which showed a statistically
significant overlap (P ⬍ 8.7 ⫻ 10⫺04 to 7.5 ⫻ 10⫺02) of query
SNPs in modified-histone (H3K9me3, H3K4me1, H3K36me3,
and H3K27me3) binding regions of the genomes in tissues
related to cardiorespiratory function including heart, ascending
aorta, skeletal muscle, and others (Fig. 3C). Interestingly, the
intrinsic CRF-associated SNPs were also enriched in other
regions of the genome associated with introns (P ⬍ 0.001),
lincRNAs (P ⬍ 0.001), DNAse hypersensitivity regions (P ⬍
9 ⫻ 10⫺03 to 6.510⫺02), regions of long-range chromatin
interactions (P ⬍ 0.001), and regions of lamina associated
domains (P ⬍ 0.001) (additional details in Supplemental Table
S3). Conversely, we did not observe statistical enrichment in
transcription start sites, 5=/3=-untranslated regions, or DNA
hypermethylation regions (FDR ⬎0.2). These findings provide

important insights into the roles played by elements of the
noncoding regulatory genome in influencing intrinsic CRF.
We next interrogated cis-eQTL data from Haploreg (v4.1) to
determine if a subset of the 1596 SNPs was also predicted to be
eQTLs in relevant tissues. A total of 216 SNPs were significantly associated with cis-gene expression (eQTL P ⬍ 1 ⫻
10⫺05). The top three most significant eQTL associations were
observed for SNP rs2838815 on chromosome 21 influencing
ADARB1 gene expression in brain (P ⬍ 1 ⫻ 10⫺18), a cluster
of highly linked SNPs on chromosome 10 (intronic to ATE1)
regulating nonstructural maintenance of chromosome element
4 homolog A (NSMCE4A) gene expression in pancreas (P ⬍
1 ⫻ 10⫺14), and another cluster of tightly linked SNPs on
chromosome 2 affecting expression of the protease-associated
domain containing 1 (PRADC1) gene (P ⬍ 1 ⫻ 10⫺12) in
adipose, heart, and skeletal muscle. Figure 3D depicts all
significant eQTLs (P ⬍ 1 ⫻ 10⫺05) observed across the tissue
categories (additional SNP and tissue details are provided in
Supplemental Table S4).
We next tested whether some of the genomic regions identified as harboring eQTLs were also coincident with regions
overlapping histone binding sites (“joint” SNPs). Such an
association would suggest the likelihood that SNP-dependent
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Fig. 3. Continued

alterations in histone binding are affecting enhancer/promoter
activity and in turn affecting downstream gene expression and
partly explain the mechanism behind SNP(s) from the same
region functioning as eQTLs. The results for a subset of such
“joint” SNPs are shown in Fig. 3E where eQTL and histonebinding site overlaps are compared across six tissue categories
(full details in Supplemental Table S5). The largest overlap
between histone-binding and eQTL SNPs was observed in
heart tissue, followed by pancreas, muscle, and adipose,
whereas the overlap was much lower for brain and lung.
We further interrogated the effects of noncoding SNPs on
gene transcription by computing their predicted impact on
transcription factor binding sites based on predicted alleledependent changes in PWM scores. Several SNPs were predicted to significantly alter transcription factor binding based
on large, significant changes in PWM scores between the SNP
alleles (e.g., rs2343465 for REST and rs11200256 for PAX5
binding) as summarized in Fig. 3F. We then investigated
possible overlap among the previously identified eQTL or
histone binding site overlapping SNPs and SNPs predicted to
significantly alter transcription factor binding. Several in-

stances of overlap between eQTL, histone binding, and transcription factor binding were observed (Supplemental Table
S6). In several cases, the transcription factor binding motifs
were identified in the first intron of the transcribed gene
which is consistent with the observation that transcription
regulatory elements appear to be enriched within the 5=most introns (13).
Analysis of tissue-specific networks. Tissue-specific genome-scale gene networks were queried with a list of 186
genes nominally associated to intrinsic CRF (P ⬍ 0.01 by
Pascal) with the goal of identifying relevant tissues based on
overall connectivity of tissue-expressed genes to the set of
GWAS-significant genes and to explore the subnetwork neighborhood for a subset of the highly connected genes in such
tissues. The boxplots (Fig. 4A) depict the distribution of gene
connectivity in 44 tissues based on the connectivity score
(NetWAS score) obtained for each gene in each tissue (individual gene-level scores per tissue and boxplots for all 145
tissues are shown in Supplemental Table S7 and Supplemental
Fig. S1, respectively). The top five tissues with high median
network connectivity included placenta, heart, skeletal muscle,
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Fig. 4. Continued

pancreas, and liver. We further extracted subnetworks from
these tissue networks to visualize the gene neighbors around
some of the strongly connected intrinsic CRF-associated genes
(NetWAS score ⱖ 0.3). The skeletal muscle subnetwork is
shown in Fig. 4B and demonstrates a high degree of connectivity for the intrinsic CRF-associated genes SSB, EED,
PICALM, and TIMM8B (hub genes). Some of these genes (SSB
and EED) were also found in the subnetworks from other
tissues (Supplemental Fig. S2) suggesting common mechanisms, whereas other genes were more tissue selective (e.g.,
PICALM primarily in heart and skeletal muscle, and TIMM8B
in skeletal muscle). We next investigated whether any biological functions were overrepresented among the genes associated with these hub genes using the gene overrepresentation
tool, DAVID (48) (Fig. 4C and Supplemental Table S8). Genes

connected to SSB and EED were enriched for functions related
to RNA biology (mRNA splicing, mRNA export, etc.),
whereas PICALM-associated genes mostly functioned in cell
adhesion and intracellular transport processes. Finally, the
TIMM8B subnetwork was enriched for genes involved in
mitochondrial functions including mitochondrial translation
and mitochondrial electron transport.
Pathway enrichment analysis. Pathway enrichment analysis
was conducted using iGSEA4GWAS and Pascal, and 34 pathways identified as significant by both methods (FDR ⬍ 0.01
for iGSEA, and P2 ⬍ 0.05 for Pascal) were further analyzed
(the full list of significant pathways provided in Supplemental
Table S9). Hierarchical clustering of the significant pathways
based on gene content identified groups of pathways with
shared genes, reflecting common biological processes (Fig.

Fig. 4. Analysis of genetic associations on genome-scale tissue networks. A: distribution of network connectivity to intrinsic cardiorespiratory fitness
(CRF)-associated genes in tissue-specific gene networks. A NetWAS analysis was conducted to estimate the extent of connectivity of all genes to intrinsic
CRF-associated genes (Pascal P ⬍ 0.01) in tissue-specific interactomes obtained from Genome-scale Integrated Analysis of gene Networks in Tissues (GIANT;
giant.princeton.edu). The distribution of the connectivity scores (NetWAS score) for all genes across 44 selected tissues are shown as boxplots. Tissues with
greater connectivities involving intrinsic CRF-associated genes tend to have higher median scores. B: analysis of a skeletal muscle sub-network centered on
intrinsic CRF-associated genes. The top connected genes from the skeletal muscle NetWAS analysis (NetWAS score ⱖ 0.3) were extracted, and the network
structure around the intrinsic CRF-associated genes were visualized. The genome-wide association study (GWAS)-associated genes are shown as boxes, whereas
genes interacting with them (but not nominally GWAS-associated, P ⬎ 0.01) are shown as circles. Genes are color coded by the negative logarithm of their
GWAS-association P values, with deeper shades of green indicating stronger associations. Additionally, the node size is proportional to the gene NetWAS score,
and edge width is proportional to the posterior probability of network connectivity as determined in GIANT. C: pathway overrepresentation analysis among the
skeletal muscle gene subnetworks shown in B. The sets of genes interacting with each GWAS-associated hub gene (EED, SSB, PICALM, and TIMM8B) were
separately queried for enrichment of biological function via DAVID. The top 5 enriched Gene Ontology pathways among each hub gene neighbors are depicted
as a heatmap. Tissue-specific hub gene subnetworks are indicated in columns and significant pathways in rows. Heatmap is color coded according to the negative
logarithm of the significance of pathway enrichment (deeper red indicates greater significance).
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Fig. 5. Pathway enrichment analysis of intrinsic
cardiorespiratory fitness (CRF)-associated genes. A:
hierarchical clustering of common pathways found
to be significantly enriched for intrinsic CRF-associated genes by iGSEA and Pascal. Pathways were
clustered based on the shared number of significantly associated genes among pathways. Pathway
significance levels from each tool (empirical P values) are indicated to the right. Pathways are color
coded based on their similarities after cutting the
dendrogram at 10 clusters. B: quantile-quantile plots
for a subset of the significant pathways. For each
pathway, the expected distribution of gene association P values are plotted on the x-axis and the
observed distributions shown on the y-axis. Deviations from the diagonal indicate enrichment of significantly associated genes in a pathway.

5A). For example, the purple cluster in Fig. 5A refers to
pathways involved in calcium and inositol 1,4,5-trisphosphate
signaling, whereas the red cluster involves pathways involved
in G-protein signaling. Additional pathway analysis conducted
in DEPICT further identified Reactome-based pathways related
to insulin and PI3 signaling as nominally significant (P ⬍
0.002; Supplemental Table S10). The distribution of intrinsic

CRF association P values among genes in the significant
pathways was analyzed via quantile-quantile plots. SDs from
the expected null, due to enrichment for small P values, were
observed for a subset of the pathways, e.g., G␣s signaling,
glycerophospholipid signaling and glucagon type II ligand
receptor-associated pathways (Fig. 5B; full analysis details on
all pathways presented in Supplemental Fig. S3).
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Analysis of knockout mouse phenotypes. We summarized
findings from all preceding bioinformatic analyses and arrived
at a list of 38 genes that were identified by at least 1 of the
analyses (Supplemental Table S11). These genes were further interrogated for their effects in knockout mouse models
(detailed results in Supplemental Table S12). Of the 38
genes selected, knockout phenotypes were available for 21
genes. Figure 6 summarizes the distribution of the observed
root-level mouse phenotypes among the gene knockouts.
From this list, we focused on cardiovascular, hematopoietic,
muscle, and metabolism related root phenotypes due to their
greater relevance for intrinsic CRF. The individual phenotypes underlying each of these root phenotypes and the
genes where they are observed are presented in Fig. 7.
Notably, knockout of the Casq2 gene affected all four root
phenotype categories, with the majority of its observed
phenotypes belonging to the cardiovascular system (60% of
all reported Casq2 phenotypes). Knockout of Picalm was
associated mostly with hematopoietic phenotypes (62% of
all reported phenotypes). Sgcg knockout produced effects on
cardiovascular and muscle phenotypes (17.5 and 41.1% of
all reported phenotypes, respectively), and Pradc1 knockout
led to only one specific metabolic effect (increased circulating glucose). Analysis of the relationship between the
number of publications per gene and the number of knockout phenotypes ascribed to that gene did not show evidence
for publication bias (Supplemental Fig. S4).
Analysis of gene expression in skeletal muscle biopsies.
Whole genome expression profiling data of vastus lateralis
muscle biopsies from a subset of 52 genotyped participants was

analyzed to identify genes that were transcriptionally correlated with log2 intrinsic CRF levels, after adjustments for age,
sex, BMI, and scan date. We identified 47 Affymetrix probes
that were significant in analysis of covariance (ANCOVA)
analysis (Pancova ⱕ 0.05) and also significantly correlated to
intrinsic CRF levels (absolute partial correlation ⱖ 0.3,
Ppartialcorrel ⱕ 0.05; Supplemental Table S13). In some instances, multiple probes were associated to the same gene; e.g.,
two probes corresponding to the glutamine transporter
SLC38A1 and two probes mapping to the eukaryotic translation
initiation factor 5B (EIF5B) were among the top positively and
negatively associated probes, respectively (Fig. 8). Notably,
this list also included three genes (CASQ2, COX7A2L, and
PRADC1) that were earlier identified as potentially relevant for
intrinsic CRF through the integrative bioinformatic analyses.
Ranking of genes based on cumulative evidence. In Fig. 9,
we have summarized our findings from the combined bioinformatic analysis and ranked the 38 candidate genes based on
the cumulative evidence supporting their association with intrinsic CRF levels. The evidence categories included 1)
strength of genetic association in the GWAS; 2) predictions of
gene prioritization via DEPICT; 3) evidence for eQTL function
in relevant tissues; 4 and 5) overlap with histone marks or
transcription factor binding sites; 6) connectivity to GWASassociated genes in tissue networks, and 7) correlation of gene
expression to intrinsic CRF levels. Due to the large number of
missing values in the knockout mouse phenotypes (data was
available for only 21 of the 38 candidate genes), we did not
include this information when calculating the weighted sum of
ranks but analyzed it more qualitatively to identify candidate

Fig. 6. Column 1, gene symbol; columns 2–27,
different root phenotypes; column 28, total number
of root phenotypes observed for each gene. For any
root phenotype, number of observed subphenotypes
is indicated in individual cells. Cardiovascular, hematopoietic, metabolic, and muscle-related root
phenotypes are highlighted in gray.
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Fig. 7. Effect of candidate gene knockouts on phenotypes potentially relevant to cardiorespiratory fitness. Candidate intrinsic CRF-associated genes were used
to query the Mouse Genome Informatics (MGI) database for phenotypes arising from targeted gene knockouts or gene trap models. Heatmaps show the reported
individual phenotypes under four root phenotype categories (cardiovascular, hematopoietic, metabolic, and muscle) in gene knockouts. Phenotypes are indicated
in rows and genes in columns. In each heatmap, genes displaying at least one knockout phenotype are considered. The presence of an association between a gene
and a phenotype is indicated in magenta.

genes with relevant mouse phenotypes. In the bioinformatic
analysis, genes such as ADARB1, CASQ2, IGFN1, and
PRADC1 displayed evidence over multiple categories, whereas
the category evidence for genes such as PICALM, NSMCE4A,
and SLC38A1 was more restricted. However, as the evidence
categories are unlikely to have an equal influence in the
association of a gene to intrinsic CRF, we weighted the
categories by the inverse CV of the observed values in each
category and used this information to compute a weighted
sum of ranks for each gene based on the ICVWRG metric
described in MATERIALS AND METHODS. The ADARB1 and
PRADC1 genes scored high on the bioinformatic analysis
and demonstrated phenotypic evidence for muscle and metabolism, respectively, from MGI data. Notably, the CASQ2

gene was also ranked high in the bioinformatic explorations
(rank of 7) and demonstrated a positive phenotype in all 4
root phenotype classes, with 14/23 phenotypes related to
cardiovascular function (Fig. 6). Brief descriptions of the
biological functions of the genes listed in Fig. 9 are described in Supplemental Table S14.
Association of genetic variants in identified candidate genes
with traits related to underlying physiology of intrinsic CRF.
The combined bioinformatic analysis found suggestive evidence for four gene loci related to cardiovascular physiology
(ATE1, CASQ2, NOTO, and SGCG) and four loci linked to
skeletal muscle phenotypes (SGCG, DMRT2, ADARB1, and
CASQ2). To further explore the link between these loci and the
major physiological determinants of V̇O2max (i.e., central and
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Fig. 8. Association of gene expression with
intrinsic cardiorespiratory fitness (CRF) levels in vastus lateralis muscle biopsies in a
subset of the HERITAGE cohort. Partial
regression residual leverage plots based on
partial correlations of gene expression (yaxis) to intrinsic CRF levels (x-axis) after
adjustments for age, sex, body mass index,
and scan date are shown for four genes
(CASQ2, EIF5B, PRADC1, and SLC38A1).
Both gene expression and intrinsic CRF are
plotted in the log2 scale for ease of interpretation. The dashed horizontal line corresponds to a gene expression partial residual ⫽ 0 and represents the model where the
hypothesized value of gene expression is
constrained to 0. The least squares line
through the plotted points and its 95% confidence curves are shown. Significant effects
are indicated when the confidence curve
crosses the horizontal line.

muscle components), we examined the association of SNPs
located in and near ATE1, CASQ2, NOTO, and SGCG with
cardiovascular phenotypes and SNPs in or near SGCG,
DMRT2, ADARB1, and CASQ2 with muscle-related phenotypes. Furthermore, we examined the association of skeletal
muscle gene expression of SGCG, DMRT2, ADARB1, and
CASQ2 with muscle-related phenotypes.
Multiple SNPs in ATE1, CASQ2, NOTO, and SGCG were
nominally associated (P ⬍ 0.05) with cardiovascular traits
measured at rest and during submaximal and maximal exercise,
including heart rate, stroke volume, cardiac output, and systolic
blood pressure (Supplemental Table S15). Similarly, multiple
SNPs (Supplemental Table S15) and gene expression (Supplemental Table S16) of SGCG, DMRT2, ADARB1, and CASQ2
were nominally associated with muscle-related traits, including
percent fiber type, capillary area per fiber, and muscle enzyme
activities. For example, CASQ2 SNP rs7523715 was associated
with cardiac output and heart rate during submaximal and
maximal exercise, respectively (Fig. 10A). Similarly, CASQ2
SNP rs2999460 was associated with the percentage of type
1 (Fig. 10A, left) and type 2b muscle fibers (middle panel)
and hydroxyacylcoA-dehydrogenase activity (Fig. 10A,
right), with TT homozygotes having significantly higher
proportions of type 1 and lower proportions of type 2b fibers
and higher HADH levels (Fig. 10B). CASQ2 gene expression was positively associated with the percentage, area, and
capillarization of type 1 fibers and negatively associated
with the percentage and area of type 2b fibers (Fig. 11A).
Moreover, CASQ2 gene expression was positively associated with enzyme activities related to aerobic cellular respiration (cytochrome oxidase, citrate synthase, and HADH)
and negatively associated with the rate-limiting enzyme of
glycolysis (phosphofructokinase) (Fig. 11B).

DISCUSSION

A large body of data from the exercise physiology literature
supports the conclusion that heart size, stroke volume, cardiac
output, blood volume, and total hemoglobin content are the
most critical determinants of maximal O2 uptake or CRF (56,
58). We assumed that this also applies to intrinsic CRF in
completely sedentary individuals. Even though there is some
clarity in the physiology underlying intrinsic CRF, there is a
gap in our understanding of the genetic and molecular determinants that underlie and regulate the observed physiology. In
this study, we have sought to address this gap by exploring the
potential genetic regulation of intrinsic CRF through integration of summary level GWAS association and muscle gene
expression data with an integrative analysis of functional
information relating to biological pathways, tissue-specific
networks, noncoding genome regulation, and knockout mouse
phenotypes.
To summarize the key findings from our study and put them
into perspective, we begin with an examination of the impact
of intrinsic CRF-associated genetic variants on the noncoding,
regulatory genome. As the majority of trait-associated SNPs
are located in the noncoding genome, exploratory analyses
have been conducted in prior publications to examine the
overlap of genome-wide significant (and LD-associated) variants with specific regulatory signatures such as DNAse 1
hypersensitivity sites, promoter-associated H3K4me3/H3K9ac,
and enhancer-associated H3K4me1/H3K27ac marks in data
generated through the ENCODE consortium and Roadmap
Epigenomics Project (3). An examination of 426 GWAS data
sets further demonstrated that disease-associated variants are
significantly more likely to overlap with regulatory domains
such as strong enhancers (28). Notably, analysis of the current
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Fig. 9. Summary of bioinformatic and phenotypic analysis
of intrinsic cardiorespiratory fitness (CRF) associated candidate genes. Genes are listed in rows and the various
genetic and phenotypic evidence categories are listed in
columns. Values in each column are derived from genetic or
bioinformatic analysis. Column 1, gene name; column 2,
gene-level genome-wide association study (GWAS) association P value from Pascal analysis; column 3, Data-driven
Expression Prioritized Integration for Complex Traits
(DEPICT)-predicted gene prioritization P value; column 4,
best expression quantitative trait loci (eQTL) association P
value observed for gene in any tissue tested; columns 5– 8,
DeepSea predicted difference in probabilities for major
modified-histone binding (H3K4me1, H3K4me3, H3K9ac,
and H3K27ac) between reference and alternate alleles;
column 9, transcription factor binding sites (TFBS) predicted max. percent change in allele-dependent position
weight matrix scores for any transcription factor; column
10, max. observed NetWAS score for gene across tissues;
column 11, regression P value for muscle gene expression
changes with intrinsic CRF for a subset of HERITAGE
cohort (no Affymetrix probe mapped to NOTO gene);
Column 12, relative ranking of genes based on ICVWRG
method described in the text; and columns 13–18, presence
of a root phenotype effect for gene knockout in mouse
models. CRF relevant root phenotypes are shown in red,
other phenotypes in blue, and absence of mouse phenotype
data is shown in green.

data set also indicated significant enrichment of active enhancer regions in heart and skeletal muscle related tissues,
providing a possible basis for regulation of relevant tissue
function via the noncoding genome. Additionally, significant
overlap of the query SNPs was also observed for other regulatory genomic features such as several modified-histone binding sites, lincRNA coding regions, long-range chromatin interaction regions, and nuclear lamina-associated chromosome
domains. Although not further explored in this study, these
findings provide intriguing leads into future studies to probe
the consequences of genetic variation in these regulatory domains for the control of intrinsic CRF.
Several recent studies have also indicated that trait-associated SNPs are often enriched for loci that alter the expression
of nearby genes, possibly via their impact on the binding of
transcription regulators at gene promoters and enhancers (39b,
40, 75). Known as cis-eQTLs, the association of sequence
variation with proximal gene expression may often provide a
functional interpretation for the associated variants that could

be biologically more meaningful than the conventional assumption of a SNP impacting its most proximally located gene
(64). By comparing GWAS-associated SNP variants with
eQTL data from published sources, we observed strong eQTL
predictions for several genes, notably PRADC1 (predicted by a
cluster of SNPs in and near the gene on Chr 2, eQTL association P values ranging from 1.6 ⫻ 10⫺07 to 1.3 ⫻ 10⫺11) in
heart, adipose, and skeletal muscle, and a tightly linked cluster
of SNPs intronic to the ATE1 gene predicted as eQTLs for
NSMCE4A specifically in the pancreas (eQTL P values between 2.5 ⫻ 10⫺08 to 6.3 ⫻ 10⫺15). The roles of either of these
genes in intrinsic CRF are currently unknown; PRADC1 (also
known as HPAP21) is a secreted glycoprotein with no reported
function (93), whereas NSMCE4A is a component of the
SMC5-SMC6 complex (82) involved in homologous recombination and telomere maintenance. Interestingly, a recent publication studying microdeletion at 10q26.1 reported on ATE1
and NSMCE4A as candidate genes for heart defects and growth
cessation, among other phenotypes (14). We should point out,
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Fig. 10. A: association of CASQ2 single-nucleotide polymorphism (SNP) rs7523715 genotype with cardiovascular traits measured during submaximal (left) and
maximal (right) exercise. B: association of CASQ2 SNP rs2999460 genotype with muscle-related traits measured in a subset of the HERITAGE cohort. Adjusted
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however, that the eQTL associations do not shed light on the
causality of the SNPs altering gene expression; i.e., the predicted eQTL SNPs may be tagging other SNPs via strong LD
that are the bona fide causal regulators of gene expression.
We further reasoned that the altered binding of regulatory
proteins (e.g., modified histones and transcription factors) in
active promoters and enhancers can offer a possible mechanism of function for an eQTL SNP, for example, when such
histone/transcription factor binding sites overlap with eQTL
sites. Thus we investigated joint associations of eQTL and
histone/transcription factor binding motifs to narrow the list of
potentially functional SNPs in CRF relevant tissues. Notably,
the SNP clusters that were eQTLs for PRADC1 and NSMCE4A
also overlapped with modified histones tagging promoter and
enhancer elements. Gene expression analysis on a subset of the
genotyped cohort further suggested a significant correlation of
expression for genes such as PRADC1, CASQ2, DMRT2,
IGFN1, and SLC38A1 with intrinsic CRF levels (adjusted for
age, sex, BMI, and chip scan date).
While the above analyses elucidated the impact of individual
SNPs and genes, we undertook a parallel investigation to
identify the effect of genetic variation on sets of genes representing biological processes and tissue-specific interactomes.
By definition, pathway enrichment analysis is not so much
dependent on high genetic association signals from individual
genes, but evidence is instead accumulated over multiple
genes, even with individually small to modest effect sizes, that
operate within a pathway. Our analysis identified 34 Reactome-based pathways that were significantly enriched with
intrinsic CRF-associated variants. These pathways could be
further categorized into broader categories including pathways

related to calcium and inositol-phosphate signaling, G-protein
activation and signaling, and glucose and phospholipid metabolism.
Tissue-specific network analysis provides valuable complementary insights into the biological pathways impacted by
sequence variation. Whereas pathway enrichment analysis is
focused on function (but not tissue-specific gene expression),
tissue networks largely inform on tissue-relevant connectivities
based on gene coexpression and protein-protein interactions.
Analysis of tissue-specific networks in our study identified the
heart and skeletal muscle as two top tissues where gene
networks were enriched for gene variants associated with
intrinsic CRF. The convergence between the findings from
pathway analysis and network analysis (e.g., calcium and
inositol 1,4,5-trisphosphate signaling as top pathways from
pathway analysis and heart and skeletal muscle as top tissues in
network analysis) provides an opportunity for more refined
hypotheses regarding biological processes and the site of their
action in the regulation of CRF.
Results from knockout animal models provide a starting
point for evaluation of evidence for convergence (or divergence) of genotypic and phenotypic findings. We queried the
MGI database (www.informatics.jax.org) to identify and classify intrinsic CRF-relevant mouse phenotypes that are affected
by knockout of candidate genes identified through the integrative bioinformatic approach. Knockout phenotype information
was available for a subset of the queried genes and was further
classified according to the root phenotypes as described in the
MGI phenotype browser. From this list, we focused on genes
that displayed phenotypes related to one or more of cardiovascular, hematopoietic, muscular, or metabolic traits. This anal-
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ysis identified the CASQ2 (calsequestrin) gene with phenotypes
in each of the four categories, most notable with effects on
cardiac muscle contractility, increased heart weight, cardiac
hypertrophy, sinus arrhythmia, etc. (cardiovascular phenotypes), reduced eosinophil number (hematopoietic phenotype),
abnormal sarcoplasmic reticulum morphology, and reduced
ventricle muscle contractility (muscle phenotypes). Interest-

ingly, CASQ2 is a moderate affinity calcium binding protein
that is localized to the sarcoplasmic reticulum in cardiac and
skeletal muscle and functions as an internal calcium store and
regulator of luminal calcium release triggering muscle contraction. At least three separate rare variant mutations in CASQ2
(rs121434549, rs786205106, and rs121434550) have been
associated with catecholaminergic polymorphic ventricular
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Fig. 11. Association of skeletal muscle CASQ2 gene expression to selected muscle-related traits in a subset of the HERITAGE cohort. Partial regression residual
leverage plots were constructed for selected muscle trait values (x-axis) against CASQ2 gene expression from muscle biopsies (log2 transformed, y-axis), after
adjustments for age, sex, body mass index, and scan date. In all plots, the least squares line through the plotted points and its 95% confidence curves are shown.
Significant effects are indicated when the confidence curve crosses the horizontal line. A: regression of CASQ2 expression to muscle fiber-related phenotypes:
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of CASQ2 expression on muscle enzyme activities (all reported as units/g): COX, cytochrome oxidase; CS, citrate synthase; HADH, hydroxyacyl-CoA
dehydrogenase; PFK, phosphofructokinase.
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Fig. 11. Continued

tachycardia 2 (CPVT2) (25, 50, 54). Our findings would
suggest that common variants in CASQ2 may also influence
cardiac function and, eventually, CRF. Knockout of arginyltransferase 1 (ATE1) in mouse models impacted several
cardiovascular functions involving morphological defects in
heart and metabolic phenotypes including impairments in
adaptive thermogenesis and reduced circulating glucose.
However, no human phenotypes of ATE1 mutants have been
reported yet. Phosphatidylinositol binding clathrin assembly
protein (PICALM) gene knockout displayed a wide range of
hematopoietic and metabolic effects (abnormal erythropoiesis, decreased erythroblast number, impaired hematopoiesis, abnormal iron homeostasis, etc.), whereas the largest
number of muscle-related phenotypes were observed in
sarcoglycan gamma (SGCG) knockouts (skeletal muscle
hypertrophy, skeletal muscle necrosis, muscle degeneration,
etc.). Notably, SGCG is a sarcolemmal transmembrane glycoprotein and a component of the sarcoglycan complex
linking F-actin cytoskeleton and the extracellular matrix in
muscle cells. Impairments in SGCG function result in early
onset recessive muscular dystrophy, especially limb-girdle
muscular dystrophy, in humans (30, 32, 61). Knockout of
the protease-associated domain containing 1 (PRADC1)
gene resulted in a metabolic phenotype characterized by
increased circulating glucose. It is thus tempting to speculate that genes that direct metabolic fuel delivery to critical
tissues, such as skeletal muscle and heart, may play an
additional role in regulating CRF.

Using the HERITAGE resource of extensive exercise cardiovascular and muscle physiology phenotypes, we were able
to extend our exploration of the potential role of the prioritized
gene loci and muscle transcript levels to direct testing of their
associations with traits known to be of relevance to intrinsic
CRF. SNPs in the newly identified gene targets (ADRB1,
ATE1, CASQ2, DMRT2, NOTO, and SGCG) for the central
cardiovascular and O2 delivery determinants of intrinsic CRF
were found to be associated with relevant exercise traits such
as heart rate at 60% of V̇O2max, stroke volume at 60% of
V̇O2max, systolic blood pressure at V̇O2max, etc. Multiple SNPs
in CASQ2, SGCG, ADRB1, and DMRT2 were also associated
with muscle fiber type distribution, capillarity, and enzyme
activities in a manner concordant with the expected physiological relevance. For instance, when a given allele was associated
positively with traits indicative of higher oxidative potential,
the same allele was shown to be negatively correlated with
traits indicative of greater muscle glycolytic potential. Globally, more research is clearly warranted on the new candidate
loci identified in the present report and the role of DNA
sequence variants on gene expression in relevant tissues in
relation to maximal exercise capacity in sedentary people and
in model organisms. Our findings strongly suggest that sets of
genes, mostly unrecognized until now, have the potential to
contribute to our understanding of the connection among the
genetic, regulatory, and integrative physiology of cardiorespiratory fitness.

J Appl Physiol • doi:10.1152/japplphysiol.00035.2018 • www.jappl.org
Downloaded from www.physiology.org/journal/jappl by Claude Bouchard (198.062.089.034) on May 21, 2019.

BIOLOGY OF INTRINSIC CARDIORESPIRATORY FITNESS

Some potential limitations of the study are now discussed.
Due to the relatively modest cohort size, analyses requiring
prior SNP selection were based on a less stringent GWAS
association P value cutoff (P ⬍ 1 ⫻ 10⫺04) to partly offset the
generally weaker association signals observed in smaller cohorts. For larger GWAS studies, we recommend filtering SNPs
at P ⬍ 1 ⫻ 10⫺05 or 1 ⫻ 10⫺06 for the types of integrative
analyses performed here. Second, since the association of
SNPs with regulatory marks (eQTL and histone and transcription factor binding) are based on data from heterogeneous
sources (ENCODE, GTEx, etc.), one should see these results
primarily as hypothesis generating and subsequently conduct
focused experiments to test such hypotheses in subjects intensively phenotyped for relevant exercise and CRF traits, as well
in appropriate experimental systems (e.g., heart and muscle
induced pluripotent stem cells derived from individuals at the
extremes of intrinsic CRF). Third, in addition to the inverse
CV-based weighted ranking scheme implemented in this study
for the ranking of genes from combined bioinformatic evidence, other approaches for evidence weighting (e.g., Bayesian
models) are conceptually possible and warrant further exploration (31, 83). Lastly, the interpretation of results from the
knockout mouse database analysis may be susceptible to inference bias; while the presence of a phenotype upon knockout
of a gene is usually a good reason to consider the gene’s
importance toward the phenotype, the absence of such a
phenotype is not necessarily evidence for the gene’s noninvolvement. For example, a CRF-relevant phenotype may simply not have been tested so far for a specific gene knockout or
a phenotype may only become apparent upon appropriate
stimulation (e.g., treadmill test).
We conclude that since human heterogeneity in intrinsic
CRF, as evaluated by repeated V̇O2max tests in confirmed
sedentary adults, is considerable and because CRF is strongly
associated with several common chronic diseases and human
longevity, there is a need to fully understand the underlying
physiology and molecular biology that governs variation in
intrinsic CRF. In this paper, we have explored some possible
mechanisms for the genetic regulation of intrinsic CRF by
combining integrative bioinformatic analyses with evidence for
phenotypic effects identified in knockout mouse models. Our
analysis suggests four gene loci related to cardiovascular physiology (ATE1, CASQ2, NOTO, and SGCG), four loci related to
hematopoiesis (PICALM, SSB, CASQ2, and CA9), four loci
related to skeletal muscle function (SGCG, DMRT2, ADARB1,
and CASQ2), and eight loci related to metabolism (ATE1,
PICALM, RAB11FIP5, GBA2, SGCG, PRADC1, ARL6IP5,
and CASQ2) as possible candidates for functional follow-up
based on combined bioinformatic evidence and phenotypic
associations. We were able to provide preliminary supportive
evidence for a role of DNA sequence variants and muscle
transcript expression levels on exercise cardiovascular physiology and skeletal muscle morphology and metabolism traits
for some of these genes in sedentary adults (ADRB1, ATE1,
CASQ2, DMRT2, NOTO, and SGCG). Replication studies
based on appropriate cohorts and study designs are warranted.
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