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ABSTRACT

Human populations from around the world show
striking phenotypic variation across a wide variety
of traits. Genome-wide association studies (GWAS)
are used to uncover genetic variants that influence
the expression of heritable human traits; accord-
ingly, population-specific distributions of GWAS-
implicated variants may shed light on the genetic ba-
sis of human phenotypic diversity. With this in mind,
we developed the GlobAl Distribution of GEnetic
Traits web server (GADGET http://gadget.biosci.
gatech.edu). The GADGET web server provides users
with a dynamic visual platform for exploring the re-
lationship between worldwide genetic diversity and
the genetic architecture underlying numerous human
phenotypes. GADGET integrates trait-implicated sin-
gle nucleotide polymorphisms (SNPs) from GWAS,
with population genetic data from the 1000 Genomes
Project, to calculate genome-wide polygenic trait
scores (PTS) for 818 phenotypes in 2504 individual
genomes. Population-specific distributions of PTS
are shown for 26 human populations across 5 conti-
nental population groups, with traits ordered based
on the extent of variation observed among popula-
tions. Users of GADGET can also upload custom
trait SNP sets to visualize global PTS distributions
for their own traits of interest.

INTRODUCTION

All human traits that have been measured thus far show ev-
idence for some amount of heritability (1). The expression
of heritable traits is influenced, to varying degrees, by the
presence of specific genetic variants. Since the frequencies
of most genetic variants are known to vary among human
populations, heritable traits may be expected to differ across

populations as well. Indeed, human populations around the
world show tremendous variation for a wide variety of her-
itable traits.

Genome-wide association studies (GWAS) can shed light
on the genetic architecture underlying heritable human
traits. Over the last ten or so years, numerous GWAS stud-
ies have been used to discover thousands of genetic variants
that influence the expression of hundreds of human traits,
including anthropomorphic, behavioral, and health-related
phenotypes (2). Exploration of the distribution of GWAS
implicated variants across global populations has the po-
tential to yield insight into the genetic basis of human phe-
notypic variation.

Heritable human traits are complex and polygenic; they
are influenced by the action of genetic variants at multi-
ple loci throughout the genome, along with environmental
factors. Recently, genome-wide polygenic trait scores (PTS)
have emerged as a powerful tool for predicting individu-
als’ phenotypes based on the numbers of effect (risk) alleles
encoded in their genomes (3–5). PTS can be computed by
summing the numbers of effect alleles encoded in an indi-
vidual genome, and scores can be weighted by considering
allele effect sizes. In the case of health-related phenotypes,
PTS are often referred to as genetic risk scores, reflecting
the predicted health risk to individuals entailed by the pres-
ence of disease-implicated variants in their genomes. We
reasoned that calculation of PTS for different human pop-
ulation groups could be used to shed light on population-
specific variation for heritable human traits. To this end,
we developed the GlobAl Distribution of GEnetic Traits
(GADGET) web server, providing users with an intuitive
tool for exploring the relationship between worldwide ge-
netic diversity and the genomic architecture underlying a
wide variety of human phenotypes (Figure 1). The GAD-
GET web server allows users to explore the population-
specific distributions of pre-computed PTS for >800 human
traits across 26 global populations. Users also have the op-
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Figure 1. Schematic overview of the GADGET web server workflow. Cu-
rated (Explore mode) or user-provided (compute mode) trait SNP sets are
used to calculate genome-wide PTS. Population-specific PTS distributions
are shown for 26 global populations organized into 5 continental (super)
population groups. Among population PTS variation is quantified with
ANOVA (F-statistics and P-values provided).

tion to upload custom SNP sets in order to assess the global
distribution of PTS for their own traits of interest.

It should be noted that GADGET is intended as a tool
for researchers to explore population-specific distributions
of genetic variants that have been associated with a wide
variety of human traits. Users of the site should treat the re-
sults with caution, as the interpretation of PTS across pop-
ulations can be complicated by a number of factors (6). In
this sense, the PTS distributions returned by GADGET can
perhaps best be considered as working hypotheses, rather
than definitive assertions of population-specific differences
in genetic traits.

IMPLEMENTATION

Platform

The GlobAl Distribution of GEnetic Traits (GADGET)
web server frontend and visualizations are built using
the R programming language (https://www.r-project.org)
with the Shiny web development package (http://shiny.
rstudio.com). The user-editable spreadsheet is provided by
rhandsontable (https://github.com/jrowen/rhandsontable),

and shinyjs (https://github.com/daattali/shinyjs) provides
the R-to-javascript interface for custom tab interactions
and input validation. GADGET results are visualized with
ggplot2 (http://ggplot2.org) (box plots and strip charts)
and leaflet.js (http://leafletjs.com) (maps). The computation
backend consists of an SQL database along with compan-
ion Perl and Python scripts for data validation and PTS
score calculation. In an effort to simplify deployment of the
Explore module, pre-computed results are exported to flat-
files. GADGET supports sharing of results via the ‘Share
table’ function.

Polygenic trait SNP data

The GADGET web server allows users to (1) explore the
global distributions of pre-computed genome-wide poly-
genic trait scores (PTS) for >800 phenotypes or (2) to
compute worldwide PTS for user-defined traits of inter-
est. The pre-computed PTS are based on trait-specific
sets of SNPs taken from the NHGRI-EBI GWAS Cata-
log, whereas the user-defined PTS are derived using user-
supplied sets of SNPs corresponding to traits of interest.
Both pre-computed and user-defined PTS are calculated
using genome sequence variant data for 2504 individual
genomes from 26 global populations characterized as part
of the 1000 Genomes Project (1KGP).

Polygenic trait and SNP (effect allele) information used
to compute PTS were taken from the NHGRI-EBI GWAS
Catalog version 1.0.1 (2), and trait descriptors were orga-
nized into functionally coherent trait categories using the
EBI Experimental Factor Ontology (7) November 2017
data release. We rely on the NHGRI-EBI GWAS Cata-
log study eligibility criteria and SNP reporting methods
(https://www.ebi.ac.uk/gwas/docs/methods) for the purpose
of curating SNPs associated with specific traits; accord-
ingly, SNPs are incorporated into our trait-specific SNP sets
if they show a genome-wide association P-value <1.0e−5.
The trait-associated SNPs curated from the NHGRI-EBI
GWAS Catalog are all based on dbSNP build 150 and the
human genome assembly version GRCh38.p10. For each
trait-associated SNP, we record the effect allele reported by
the GWAS catalog for the purposes of PTS score calcula-
tion, and SNP effect alleles are all indexed to the positive
strand.

Two classes of trait-specific SNP sets were curated for
subsequent PTS calculation: (i) individual trait SNP sets
parsed directly from the NHGRI-EBI GWAS Catalog an-
notations and (ii) higher order trait SNP sets organized ac-
cording to the EBI Experimental Factor Ontology. For the
individual trait SNP sets, text strings from the NHGRI-EBI
GWAS Catalog were first normalized in order to import
the data into an SQL database. Primary SNP sets were cre-
ated by querying the database for each unique entry in the
‘DISEASE/TRAIT’ column. Resulting subsets were then
filtered to remove interaction terms, duplicate variants, and
multi-allelic variants that do not have defined effect alleles.
Effect and non-effect alleles were swapped as needed to be
consistent within a set (e.g. all effect alleles in the ‘Type 2
Diabetes’ set should increase risk of diabetes). Finally, trait
SNP sets with fewer than three variants were removed after
the other filters were applied.
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For the higher order trait SNP sets, the EBI Experimen-
tal Factor Ontology was parsed to obtain terminal nodes
and subterminal (internal) nodes with high numbers of con-
nected terminal nodes. First, the terminal node trait de-
scriptors were used to create trait SNP sets from the filtered
NHGRI-EBI GWAS Catalog annotations described in the
previous paragraph. The majority of the resulting trait SNP
sets were identical to the existing individual trait SNP sets
taken directly from the NHGRI-EBI GWAS Catalog. The
resulting trait SNP sets that differed from the existing sets
were retained as additional sets for subsequent PTS calcu-
lation. Second, trait descriptors from the highly connected
subterminal nodes were used to create higher order, func-
tionally coherent trait SNP sets from the filtered NHGRI-
EBI GWAS Catalog annotations. The rationale for this ap-
proach was to maximize the ability to calculate PTS for the
traits reported in the NHGRI-EBI GWAS Catalog. For ex-
ample, there are a number of GWAS studies for which the
NHGRI-EBI GWAS Catalog only reports a single SNP for
a given trait, and thus do not yield sufficient information
for PTS calculation. Combining identical or related traits
into more densely populated higher order SNP sets allows
for greater trait coverage of the GWAS Catalog for the pur-
pose of PTS calculations.

All of the trait descriptors parsed from the Experimen-
tal Factor Ontology were hierarchically organized into a
custom ontology containing 818 discrete traits, a browsable
visualization of which is available online at: https://gadget.
biosci.gatech.edu/ontology.html. This custom ontology was
created to yield a simplified and more intuitive organiza-
tional scheme for human phenotypes, which we used to clas-
sify our trait SNP sets into 11 functionally related categories
for visualizing PTS results: aging, brain health and disor-
ders, cancer, diabetes, general health, heart and health dis-
orders, immune disease and disorders, miscellaneous, obe-
sity, pulmonology, and reproductive health.

Individual and population-specific SNP variant data

The GADGET web server uses publicly available genotype
data from the 1000 Genomes Project (1KGP) Phase 3 data
release (8) to compute genome-wide PTS for 2504 individ-
uals from 26 worldwide populations, which are organized
into five continental (or super) population groups according
to the 1KGP scheme: African (AFR), Admixed American
(AMR), East Asian (EAS), European (EUR) and South
Asian (SAS). SNP variant genotype data for these individ-
uals were downloaded as VCF files from the 1KGP web-
site at: http://www.internationalgenome.org/data. The VCF
files were processed to remove SNP variants with >5% miss-
ingness, and the remaining variants were annotated with
SnpEff (9). A customized version of the Gemini v0.20.0 ap-
plication (10) was used to import the resulting filtered and
annotated VCF files into a SQLite3 database. The same
database was populated with trait and GWAS citation in-
formation for all of the trait SNP sets created as previously
described. The resulting combined database is queryable by
chromosomal position, rsID, gene symbol, trait name and
PMID.

Genome-wide polygenic trait scores

Genome-wide PTS are calculated for individual genome se-
quences from the processed 1KGP SNP variant data us-
ing the curated trait SNP sets described previously (Explore
mode) or with user-supplied SNP sets that correspond to
traits of interest (Compute mode). In the Explore mode, un-
weighted PTS (uPTS) are calculated as the normalized sums
of the number of effect alleles found in the genome for all
trait-associated SNPs:

u PTS =
∑n

i=1
E Ai/

∑n

i=1
Ai (1)

where E Ai ∈ {0, 1, 2} are homozygous absent, heterozy-
gous, and homozygote present effect alleles for each trait-
associated SNP i, and Ai ∈ {0, 1, 2} are the total number of
alleles with basecalls at each SNP i. PTS are only computed
for cases where there are at least three SNP positions with

basecalls, i.e. when
n∑

i = 1
Ai ≥ 6, thereby eliminating the pos-

sibility of any division by zero error. In the Compute mode,
PTS can be computed for user-supplied SNP sets as either
unweighted or weighted sums of the number of effect alleles.
Weighted PTS (wPTS) employ effect size estimates, either
odds ratios or �-values, to weight the numbers of observed
effect alleles for each trait associated SNP:

wPTS =
∑n

i=1
(E Ai × esi )/

∑n

i=1
Ai (2)

where esi is the SNP-specific effect size estimate.

GADGET USE CASES

Explore mode

In the Explore mode of the GADGET web server, users
can visualize the global distributions of genome-wide PTS
for 818 polygenic traits organized into 11 phenotypic cate-
gories. For each trait, unweighted PTS are calculated for the
2504 individual genomes from the 1KGP, and population-
specific PTS distributions are shown for 26 global popu-
lations organized into five continental (super) population
groups. The resulting population-specific PTS are visual-
ized as scaled circles on a global map as well as population-
specific box plots. The area (A) of the circle for each pop-
ulation (i ) is computed as: Ai = πr 2, where r = 10 ×
(2PTSi / max PTS). The among population variance of trait-
specific PTS is measured using ANOVA, for the five con-
tinental population groups, with F-statistics, P-values and
false discovery rate q-values reported in the trait table. A
detailed summary of population-specific PTS values along
with the results of the ANOVA analyses are provided in the
‘Summary statistics’ field.

Figure 2 shows an example of the Explore mode out-
put for the trait diisocyanate-induced asthma, which shows
the most extreme population-specific PTS distributions for
any of the pre-computed traits. Diisocyanates are chemical
building blocks used to make a wide array of polyurethane
products and represent a ubiquitous environmental con-
taminant. They are a leading cause of workplace respira-
tory problems and representative of a large class of envi-
ronmental triggers for respiratory distress (11,12). Accord-
ingly, diisocyanate-induced asthma has been investigated by
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Figure 2. Example output for the GADGET Explore mode. Users can
explore global PTS distributions for 818 traits organized into 11 pheno-
typic categories. The summary table shows traits in descending order of
their ANOVA F-statistics, measuring the extent of among population PTS
variation, alongside their statistical significance values (P and q). Example
results are shown for the highlighted trait diisocyanate-induced asthma.
Scaled circles are used to represent population-specific PTS values on a
global map. Box-plot PTS distributions are shown for all 26 global popu-
lations and for the 5 continental (super) population groups. Users have the
option to view all the SNPs and effect alleles used to compute PTS for the
displayed trait.

GWAS in an effort to elucidate the genetic architecture of
environmentally triggered asthma (13). Results generated
by the GADGET web server show that individuals from
African populations have far higher genetic risk for envi-
ronmentally triggered asthma than any other population
group, as measured by their diisocyanate-induced asthma
PTS. The East Asian and Admixed American population
groups, which show similar diisocyanate-induced asthma
PTS distributions, have the next highest genetic risk pro-
files for this trait, whereas European populations show uni-
formly low diisocyanate-induced asthma PTS.

These PTS distributions reflect known health disparities
for asthma, underscoring the potential utility of compar-
ing PTS across global population groups for investigating
the genetic basis of population-specific health outcomes.
The results are consistent with previous work showing a
relationship between African genetic ancestry and asthma
risk in African Americans (14). Furthermore, in the United
States, African-Americans have the highest prevalence of
environmentally triggered asthma followed by Hispanics
and East Asians, with European Americans showing rela-
tively low levels of asthma (https://minorityhealth.hhs.gov/
omh/browse.aspx?lvl=4&lvlid=15) (15).

Figure 3. Example output for the GADGET Compute mode. Users can
supply their own trait SNP sets for PTS calculation and global PTS distri-
bution visualization. An example trait SNP table, for acute kidney disease,
is shown here. This trait is broken down into three phenotypes based on
the ancestry-origin of the GWAS SNPs used for PTS calculation. PTS are
calculated for all phenotypes, and users can explore each phenotype indi-
vidually. As with the pre-computed PTS shown in the explore mode, PTS
calculated from user-supplied SNP sets are visualized on a global map and
as population-specific box plots. ANOVA statistics are shown on the plot
for the five continental (super) population groups.

Compute mode

In the Compute mode of the GADGET web server, users
can supply their own SNP sets in order to analyze global
PTS distributions for their traits of interest. The required
fields for user-supplied trait SNP tables are: rsIDs, the iden-
tity of the effect allele, trait name, and effect size estimates.
PTS for the 1KGP individuals and populations can be com-
puted as unweighted or weighted, and users can supply SNP
sets for one or more traits of interest in a single file. The
SNP set input file format requirements are specified on the
website along with an example SNP table that can be down-
loaded and/or run on the server.

Figure 3 shows the Compute mode output for acute kid-
ney disease based on the example SNP table that is found
on the website. These SNPs were curated from a trans-
ethnic meta-analysis of five acute kidney disease GWAS,
wherein SNP effects were inferred separately for African,
European and Native American ancestry groups (16). The
example input SNP table for this trait considers SNP effects
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separately for African-American (AfrAm), American In-
dian (AmInd), and European American (EurAm) GWAS-
implicated SNPs, following the convention of the original
paper, as can be seen in phenotype column labels. Once the
PTS are computed for the three distinct SNP sets, users can
toggle among the results for each set using the dropdown
menu (‘Choose a phenotype to explore’). In this way, the
extent to which PTS are influenced by the population an-
cestry of the study subjects in the GWAS can be assessed.

DISCUSSION

Methods for calculating PTS

There are a number of different factors that need
to be considered when choosing the specific set of
SNPs to be used in PTS calculation for any given
trait (BioRxiv: https://www.biorxiv.org/content/early/2017/
02/05/106062). The most fundamental decision relates to
the number of SNPs to include in a trait set. At the ex-
treme ends of the spectrum, there is the top-SNP approach,
whereby only SNPs that reach genome-wide significance
are used for either unweighted or weighted score calcula-
tion, versus the all-SNP approach, whereby effect sizes are
used to weight the phenotypic contributions of all the SNPs
that were genotyped in a given study. Between these two ex-
tremes, PTS calculation methods can use different GWAS
P-value thresholds to determine whether SNPs should be
included in a trait set. The approach that the GADGET
web server uses to calculate PTS can be considered as a soft
version of the top-SNP approach, since it employs a fairly
stringent P-value threshold of 10−5, which is nevertheless
far more inclusive than the standard GWAS genome-wide
significance threshold of 10−8. Our approach is also distin-
guished by the fact that it sometimes combines SNPs from
multiple GWAS into single trait sets. We have found that
this approach provides additional resolution for PTS calcu-
lation, based in part on the use of larger numbers of SNPs
for PTS calculation. Since the effect sizes between multiple
studies may not be directly comparable, the pre-computed
PTS reported in the server’s explore mode are calculated via
the unweighted approach. The option for users to supply
their own SNP sets provides more flexibility for the compu-
tation of PTS, both with respect to the number of SNPs that
can be used as well as the weighting scheme.

Genetic ancestry effects on PTS calculation

The vast majority of GWAS have been conducted in pop-
ulations with European ancestry (17,18), and the extent to
which GWAS-implicated variants replicate across popula-
tions remains a matter of contention (19). On the one hand,
a number of trans-ethnic studies have shown that the ma-
jority of GWAS implicated variants replicate across pop-
ulations (20–22). This is even true for traits such as type
2 diabetes (23,24), which shows highly population-specific
PTS distributions (25,26). Furthermore, while the same tag
SNPs may not reach genome-wide significance in distinct
populations, the haplotypes that they mark are often found
to replicate among populations. Nevertheless, even SNPs
that replicate between populations can differ with respect to

population-specific effect size and explanatory power. Fur-
thermore, a recent study showed that the effects of demo-
graphic history on allele frequencies can reduce the accu-
racy of PTS calculated among divergent populations; for ex-
ample, PTS for the highly heritable trait height were found
to be unreliable across populations (6). Even GWAS vari-
ants that do replicate across populations can show sub-
stantial heterogeneity with respect to effect sizes in differ-
ent populations (BioRxiv: https://www.biorxiv.org/content/
early/2017/09/15/188094).

In any case, the results reported by our web server
should be interpreted with caution in light of the fact that
population-specific PTS will inevitably be generated from
SNPs implicated by GWAS on subjects with distinct ances-
tries. Thus, the PTS distributions that we show may best be
considered as hypotheses that can be used to stimulate and
guide further investigations. It is also worth noting that, as
we illustrated in the example for acute kidney disease, the
Compute utility provided on our webserver, whereby users
provide their own SNP sets for traits of interest, provides
one way to explore whether and how the ancestry of GWAS
study subjects influences population-specific distributions
of PTS. In addition, the comparison of unweighted and
weighted scores for user-supplied SNP sets can be used to
evaluate the effect of ancestry-specific effect size estimates
on PTS population differences.

Conclusion: Interpreting PTS differences across populations

As mentioned previously, the meaning of PTS differences
across human populations very much remains an area of ac-
tive investigation and there are numerous possible interpre-
tations for such results. It is important to keep these alterna-
tive explanations in mind when interpreting the worldwide
PTS distributions generated by the GADGET server. Some
of the possible explanations for PTS differences among
global populations are: (i) the genetic predisposition to the
trait differs among populations, (ii) the top SNPs used for
the analysis differ among populations, but the overall ge-
netic predisposition for the trait would balance out if addi-
tional SNPs were included in the PTS calculation, (iii) the
apparent population differences in genetic predisposition
for any given trait could disappear due heterogeneous ef-
fect sizes among populations, (iv) observed population dif-
ferences in PTS could be due to stochastic effects related to
demographic factors (e.g. genetic drift). These are just some
of the possible explanations; the list is by no means exhaus-
tive. In addition, problems with the original GWAS studies
or issues with accuracy of the GWAS database used to gen-
erate trait-associated SNP sets could also cause problems
with global PTS distributions. In light of these caveats, PTS
results generated by GADGET should be treated with cau-
tion.

Finally, users are cautioned not to use GADGET to draw
conclusions regarding the genetic basis of racial differences.
GADGET allows for the interrogation of PTS differences
across human population groups characterized as part of
the 1KGP, which are defined by geographic origin and dis-
tinguished by genetic ancestry. We make no attempt to de-
lineate racial groups from these populations, and the extent
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to which racial classifications accurately reflect genetic an-
cestry remains a matter of contention (27–30).
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