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sizes on future genome-wide association studies
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Abstract

Genome-wide association studies (GWAS) have identified many single nucleotide polymorphisms
(SNPs) associated with complex traits, but have explained little of the underlying genetic
heritability of many of these traits. To help guide future studies, we assess the crucial question of
what additional utility future GWAS will have in detecting additional SNP associations and
explaining heritability, by taking into account the new availability of larger GWAS SNP arrays,
reduced genotyping costs, and imputation. We first describe the pairwise and imputation coverage
of all SNPs in the human genome by commercially available GWAS SNP arrays, using the 1,000
Genomes Project as a reference. Next, we describe the findings from six years of GWAS of 172
chronic diseases, calculating the power to detect each of them taking array coverage and sample
size into account. We then calculate power to detect these SNPs under different conditions using
improved coverage and/or sample sizes, from which we estimate percentages of SNP associations
previously detected and detectable by future GWAS under each condition. Overall, we estimated
that previous GWAS have detected less than one fifth of all GWAS-detectable SNPs underlying
chronic disease. Furthermore, increasing sample size has a much larger impact than increasing
coverage on the potential of future GWAS to detect additional SNP-disease associations and
heritability.

Keywords
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INTRODUCTION

Genome-wide association studies (GWAS) have identified many common single nucleotide
polymorphisms (SNPs) that are associated with complex human traits. Some of these
findings have generated and supported hypotheses about the biological mechanisms
underlying these traits, such as helping to elucidate the role of zinc transporters in Type 2
Diabetes [Sladek et al., 2007]. Others have led to improvements in the treatment of complex
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diseases, for example by helping to predict patient response to statin therapy for myopathy
[The Study of the Effectiveness of Additional Reductions in Cholesterol and Homocysteine
Collaborative Group, 2008]. Despite these advances, criticisms of the methodology have
increased with the realization that in the first several years of their popularity, GWAS have
explained a limited amount of the genetic heritability of most complex traits [Visscher et al.,
2012].

There are several hypotheses for why GWAS have failed to explain this “hidden” genetic
heritability of complex traits. One is that GWAS do not usually address polygenic effects
due to epistasis or the cumulative contribution of variants that do not reach genome-wide
significance [Gibson, 2010; Yang et al., 2010]. It is also possible that we have overestimated
the genetic heritability of many complex traits (e.g. schizophrenia [Girard et al., 2011; Xu et
al., 2011]), so we are trying to detect some “phantom” heritability [Zuk et al., 2012].
Another prevailing hypothesis is that the heritability of common traits, especially complex
diseases, is more dependent on uncommon (1-5% minor allele frequency [MAF]) and rare
(<1% MAF) SNPs than assayed by early GWAS, which were originally designed based on
the common disease-common variant hypothesis and underpowered to detect associations
with these variants [Pritchard, 2001; Reich and Lander, 2001]. Finally, the focus on keeping
false positive findings to a minimum through replication studies and Bonferroni (or similar)
corrections for multiple testing may have resulted in a large number of false negative
findings that could help explain some heritability [Sebastiani et al., 2009; Williams and
Haines, 2011].

By now, many powerful GWAS have been performed for a wide variety of complex traits.
As a result, the range of effect sizes and SNP frequencies has expanded to include
uncommon SNPs and low effect sizes, as shown in the Catalog of Published Genome-Wide
Association Studies [http://www.genome.gov/gwastudies]. Thus, we now have the
opportunity to determine the impact of further increasing power on detecting additional
associations between these traits and this range of “GWAS-detectable” SNPs. Some of the
ways in which we can achieve more power for individual GWAS are through improved
microarray coverage, imputation methods, and by using larger sample sizes. The latest
microarrays capture many of the uncommon variants than earlier arrays designed based on
the common SNPs identified by the International HapMap Project [International HapMap
Consortium, 2003]. Arrays designed in the last two years cover a larger portion of all SNPs
in the human genome by directly measuring more common and uncommon variants, and by
measuring SNPs in linkage disequilibrium (LD) with more regions of the genome. This is
possible in part due to ongoing efforts to identify novel, less common SNPs by the 1,000
Genomes Project [The 1,000 Genomes Project Consortium, 2010].

Microarrays have also improved coverage of variants in populations with non-European
ancestry. For example, the latest of the Illumina Omni family of microarrays [http://
www.illumina.com/], the Omni5-Quad, directly measures nearly five million SNPs and
captures variation down to approximately 1% MAF in populations of Asian and African, as
well as European ancestry. The latest of the Affymetrix Axiom family of microarrays [http://
www.affymetrix.com/] provide population-specific arrays, which optimize coverage of
SNPs down to 1-2% MAF in Asians, Africans, and Latinos in addition to Europeans
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[Hoffmann et al., 2011a; Hoffmann et al., 2011b]. GWAS have also increasingly used
genotype imputation methods to improve the coverage of variants not directly measured by
microarrays, leading to novel associations [Marchini and Howie, 2010]. Finally, GWAS
have become and will continue to become more powerful due to dramatic reductions in
genotyping costs, allowing for much larger sample sizes than previously feasible.

Individual GWAS are unlikely to detect all the variants that explain the genetic heritability
of complex traits. In most cases, this will require the use of other methods designed for
detecting polygenic effects and associations with uncommon and rare SNPs. Full genome or
exome sequencing currently provide promise in these areas, and so do GWAS meta-analyses
[Begum et al., 2012; Yang et al., 2012]. However, full genome and exome sequencing in
large cohorts may remain prohibitively challenging for some time. GWAS meta-analyses
may be the most cost-effective way to explain additional heritability in previously well-
studied populations and diseases, but do not allow for inferences about others. In some
cases, more powerful individual GWAS will be required to detect associations that can
explain additional heritability.

Several recent reviews have shown that despite their limitations, GWAS have continued to
detect novel SNP associations over the past few years [Hindorff et al., 2009; Witte, 2010;
Visscher et al., 2012]. Though we expect this trend to slow and eventually end, future
GWAS may still contribute many additional associations that could further improve our
understanding of these traits and their heritability. Our goal is to determine the extent to
which increased GWAS power can lead to additional GWAS-detectable SNP associations.
To achieve this, we first describe the range of SNP frequencies and effect sizes reaching
genome-wide significance over the past six years from individual GWAS of nearly all of the
complex, chronic diseases studied thus far. In addition, we describe the coverage levels of
the GWAS arrays used to detect these associations. We then evaluate the impact that
improved array coverage and/or larger sample sizes could have on detecting additional
independent associations. Finally, we test the degree to which these SNP associations might
contribute to the explained genetic heritability of several well-studied complex diseases.
These results can help guide decisions about the most appropriate future research projects.

METHODS
COVERAGE OF 1,000 GENOMES PROJECT DATA BY ARRAYS

We calculated the maximum pairwise correlation (r2) between each SNP in the 1,000
Genomes Project (1kGP) phase 1 low coverage pilot data (June 2011 release [http://www.
1000genomes.org/]) for each population group and the SNPs on each array within a one-
megabase window using LdCompare [Hao et al., 2007]. Table I lists the arrays included in
this study. The 1kGP data contains SNP genotypes on 179 founders of European (60 Utah
residents with Northern and Western European ancestry), Asian (60 Han Chinese from
Beijing, China and Japanese from Tokyo, Japan), and African (59 Yoruba from Ibadan,
Nigeria) ancestry. We then plotted the proportion of SNPs in the 1kGP data that correlate
with at least one SNP on each array at thresholds of r2 > 0.01 to 0.99 (by 0.01 increments)
against the corresponding r2 threshold for each population ancestry group. We calculated the
area under the curve (AUC) for each array as a summary of coverage using cubic spline
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integration. We also calculated imputation coverage for each array using pre-phased 1kGP
data and leave-one-out cross-validation with the Impute2 v.2.2.2 software [Howie et al.,
2009].

SELECTION AND SUMMARY OF PREVIOUS GWAS FINDINGS

We obtained previously published GWAS data from the National Human Genome Research
Institute’s (NHGRI) Catalog of Published GWAS [http://www.genome.gov/gwastudies]. We
selected studies for inclusion in this analysis if they were individual GWAS (i.e. not meta-
analyses) using a case-control design with unrelated individuals, published between July 1,
2006 and June 30, 2012, and reported one or more autosomal SNP association with a
chronic (non-infectious) disease at the p<5x10~8 level. In addition, each study must have
used one of the Affymetrix or lllumina SNP microarrays, and it must have replicated
findings in a second stage with an independent cohort from the one in the first stage.

We gathered prevalence data for each of the diseases studied from online sources such as the
Centers for Disease Control and Prevention [http://www.cdc.gov/] and the Surveillance
Epidemiology and End Results database [http://seer.cancer.gov/]. Diseases with a
prevalence of >10% in the population under study were excluded so that each odds ratio
(OR) could be considered an approximation of a risk ratio in power calculations. We
removed identical SNPs that were associated multiple times with the same disease, or that
were in LD (r2>0.5) with other SNPs associated with the same disease. In these cases, we
kept only the most recently published association, because we wanted to reduce possible
biases from the winner’s curse effect [Capen et al., 1971]. We used the web-based tool
SNAP [Johnson et al., 2008] to calculate pairwise LD between SNPs associated with the
same disease and within 500 kilobases of one another, using the 1kGP data as the reference.
Finally, we removed SNPs with missing effect sizes or missing risk allele and frequency
information.

We categorized diseases into 11 major disease categories based on the 2012 version of the
National Library of Medicine’s Medical Subject Headings (MeSH) vocabulary [http://
www.nlm.nih.gov/mesh/2011/mesh_browser/MBrowser.html]. We grouped diseases falling
into more than one MeSH category according to the one that best represents the etiology of
the disease (e.g., we categorized stroke as a cardiovascular disease rather than a nervous
system disease). Not all diseases currently suspected or confirmed to be autoimmune (e.g.
Celiac disease [Sollid et al., 2005]) were included with other diseases of the immune system
in MeSH, so we categorized these with other diseases involving the same organ or system
(e.g. Celiac disease was categorized as a digestive system disease). We combined MeSH
categories for eye diseases, otorhinolaryngologic diseases, and stomatognathic diseases into
a “sensory organ disease” category, since there were few GWAS of diseases in these
specific categories. We provide descriptive statistics of the studies and SNPs associated
within each disease category.

POWER CALCULATIONS

We calculated the power to detect each SNP-disease association using methods for multi-
stage GWAS described by Skol et al. [2006] and their CaTS power calculation software
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[http://www.sph.umich.edu/csg/abecasis/CaTS]. This method takes into account the
following factors: effect size, MAF, disease prevalence, and sample size (the number of
cases and controls genotyped, and the proportion of the sample used in the initial stage of
each GWAS). More details about this method can be found in Skol et al. [2006]. The key
assumptions we made in order to implement this method were: 1) the genotyped SNPs were
in Hardy Weinberg Equilibrium (HWE); 2) the risk allele frequency in control subjects is
approximately equal to the overall risk allele frequency in the population when disease
prevalence is low (<10%); 3) the reported ORs are approximately equal to risk ratios when
the disease prevalence is low; 4) the reported ORs are per copy of the risk allele, i.e. a
multiplicative model applies.

We also took into account SNP microarray coverage of 1kGP SNPs in each population of
European, Asian, or African ancestry using a method previously described by Jorgenson and
Witte [2006]. For each SNP i, this formula is:

1
R:/TZZOPNTQ w,2

where Py, 2 is the joint power for both stages, calculated using the Skol et al. [2006] method,
but with the following changes to their formula: N (the number of cases and controls
combined) is multiplied r2, and then Py;2 is multiplied by w;2, the proportion of SNPs in the
1kGP data correlated at >r2 with at least one SNP on the array, for each possible r2. For
direct comparability between studies and arrays, we assumed a type | error rate of a =
5x1078 for the overall genome-wide significance, and o = 5x107 for the first stage. For the
52 GWAS that imputed genotypes, we assumed coverage was similar to the array with the
closest number of SNPs reported as passing quality control (QC) in the first stage (e.g. if a
study reported 2.5 million SNPs passing QC with imputation, the Illumina Omni2.5
coverage levels were assumed to apply).

PERCENT OF SNP ASSOCIATIONS AND HERITABILITY IN PREVIOUS AND FUTURE GWAS

We estimated the total expected number of independent SNP associations detectable by
GWAS within each MeSH disease, effect size, and MAF category in the range of previously
observed associations, calculated as:

E[M]=)Y"" 1/P,,

for i of m SNPs in the category, where Pp; was the power to detect SNP i in previous
GWAS. For each of the GWAS test conditions shown in Table 11, we calculated the percent
detectable within disease, effect size, and MAF categories as:

m (P /P,
Percent of GWAS— detectableSNPs:% x 100
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where P was the power to detect SNP i in each GWAS test condition. Effect size and MAF
categories were chosen a priori to be 1.0<OR<1.5 versus OR=1.5, and 1%<MAF<10%
versus 10%<MAF<30% versus 30%<MAF<50%.

We also calculated the narrow-sense genetic heritability explained by the independent SNPs
associated with several chronic diseases. These diseases were selected because they have
been well studied both in GWAS and because they had at least two estimates of sibling
recurrence risk ratios (As) reported in the literature. We estimate GWAS-detectable
heritability as a percentage of the total heritability that GWAS could explain if we were able
to detect all GWAS-detectable SNPs. Under HWE and a multiplicative/log-additive model,
we calculate the contribution of each SNP i to the genetic variance of a disease according to
a method described by Park et al. [2010] as:

gvi=2082d;(1 — d;)

where f; is the association between the risk allele for SNP i which has frequency d;. Under
this model, f; = In(OR;). We estimated total expected heritability explained by all GWAS-
detectable independent SNPs for each disease as:

E[H]:%.

For each of the GWAS test conditions shown in Table I1, we calculated the percent of
heritability detectable by GWAS for each disease as:

Z;il(gl/i)(PTi/Pl’i)

— x 100
Zi:l(g’/i/Pm)

Percent of GWAS—detectable heritability=

Using the 1kGP phase 1 pilot data as a reference, SNP microarrays have shown dramatic
overall improvements in pairwise r2 coverage with increasing array size (Fig. 1). As
expected, the smallest array (the Affymetrix GeneChip Human Mapping 100K) had the
lowest level of coverage, with an AUC of 0.31 overall in populations of European, Asian,
and African ancestry. 16.6% of all 1kGP SNPs were covered at an r2>0.8 threshold by this
array. In contrast, the largest array (the lllumina Omni5-Quad) had an AUC of 0.82 overall,
and 73.3% of all 1kGP SNPs were covered at an r2>0.8 threshold. Not surprisingly,
imputation of genotypes using the 1kGP data improves coverage of most SNPs, and reduces
the differences between arrays and populations (Supplementary Fig. 1). However,
imputation coverage is slightly worse than pairwise coverage with the directly genotyped
SNPs on the arrays when looking at a low LD threshold (e.g. r?<0.1). This is probably
because these SNPs are more isolated and less common. Though we used pre-phasing to
improve accuracy and efficiency, imputation of uncommon SNPs is difficult with only 60
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individuals per population [Howie et al., 2012]. Array manufacturers may have intentionally
targeted some of these SNPs for direct genotyping, leading to better pairwise than imputed
coverage.

As expected, pairwise coverage of the IkGP SNPs by GWAS microarrays varies by
population ancestry (Fig. 1). In general, coverage is much better in populations of European
and Asian ancestry than for those with African ancestry, since LD between SNPs is lower in
African ancestry populations and most GWAS and the arrays designed for them have
focused more on populations with European ancestry [Bustamante et al., 2011]. Coverage
also varies by MAF category in each population at r? thresholds of 0.5, 0.8, and 0.99
(Supplementary Tables 1I-1V). These differences are smaller for larger arrays, especially for
the Illumina Omni-5 Quad, since it was designed using the 1kGP data and has millions more
directly measured SNPs than other commercial arrays. Averaged across populations, the
Omni-5 Quad has only about a 2-fold difference in pairwise coverage of SNPs between the
lowest (1-5%) and highest (40-50%) MAF categories compared to greater than 4-fold
differences between these MAF categories for most other arrays.

PREVIOUS GWAS FINDINGS

The NHGRI Catalog of Published GWAS recorded 337 individual (not meta-analytic)
studies published between July 1, 2006 and June 30, 2012 using unrelated case-control
samples and reporting at least one replicated autosomal SNP association with a chronic
(non-infectious) disease that was significant at the p<5x10~8 level. We selected the 329
studies that used one of the Affymetrix or lllumina SNP microarrays for which SNP content
was publicly available (the other eight used Perlegen or custom arrays). We excluded five
GWAS of diseases with prevalence rates of >10% in the population studied (gallstones,
hypertension, hyperlipidemia, and obesity, for reasons described in the methods section),
leaving 324 studies. Next, we removed nine studies with missing effect sizes in the GWAS
Catalog and 25 studies with missing risk allele and frequency information, leaving 290
studies. Finally, we removed SNPs that were in LD (r2>0.5) with each other and associated
with the same disease by querying the SNAP database [Johnson et al., 2008]. In these cases,
we retained the most recently published association, leaving 219 studies and 729
“independent” SNPs associated with 172 chronic diseases.

The number of independent SNPs detected per GWAS was positively and significantly
correlated with study sample size (both case and control), the number of SNPs genotyped in
the first stage, and publication date (Fig. 2), as previously shown [Visscher et al., 2012;
Witte, 2010]. Figure 2 also shows that, as a result of the SNP selection process—whereby
the most recent was chosen among those in LD and associated with the same disease—very
few were included from the first year of our study period (prior to July, 2007). In addition to
publication date being associated with the number of independent SNP associations reported
per study, there were significant positive correlations between publication date and the
number of SNPs genotyped in the first stage (Spearman’s p=0.38, p<0.001) as well as
sample size (Spearman’s p=0.15, p=0.024).

We describe the characteristics of selected GWAS and SNPs in Table 111, grouped by MeSH
categories. This table shows that GWAS have tested a wide range of SNPs in the first stage

Genet Epidemiol. Author manuscript; available in PMC 2015 January 12.



1duosnue Joyiny vd-HIN 1duosnue Joyiny vd-HIN

1duosnuely Joyny vd-HIN

Lindquist et al.

Page 8

through direct genotyping or imputation (ranging from about 80 thousand to 8 million
SNPs), sample sizes (ranging from 225 to about 143 thousand cases and controls), MAFs
(1%-50%), and effect sizes (OR ranging from 1.06 to 6.23). We show the individual
diseases included in each MeSH category in Supplementary Table I.

Table IV shows the characteristics of selected SNPs grouped by broad categories of OR
(<1.5 and =1.5) and MAF (1-10%, 10-30%, 30-50%). As expected, the majority (81%) of
independent SNPs associated with chronic disease had low ORs (<1.5) and high MAFs
(>10%). These categories explain more variance in, and have a stronger association with
log-transformed sample sizes (R?=0.19, overall OR and MAF category p<0.001) than with
the number of SNPs tested in the first stage (R2=0.03, p=0.002). Overall, the median sample
size for detecting SNPs with OR>1.5 (6,948) was only about a third of that used to detect
SNPs with ORs<1.5 (21,787), but the median number of SNPs was similar in both OR
categories (507 thousand versus 562 thousand, respectively).

THE IMPACT OF ARRAY COVERAGE AND SAMPLE SIZE ON FUTURE GWAS FINDINGS

Figure 3 shows the estimated percent of SNPs detectable by GWAS under each of these
conditions by disease category. These results show that we can detect many more SNPs
within the range of effect sizes and MAFs observed in previous GWAS. They also show that
the relative gains by increasing array coverage are much smaller than the gains by increasing
sample size, whether we achieve better coverage by imputation, the lllumina Omni-5 array,
or even by genotyping all 1kGP SNPs. Overall, we estimate that only 13.8% of all
independent GWAS-detectable SNP associations have been detected by previous GWAS.
These estimates ranged from 4.8% for respiratory tract diseases to 25.2% of nervous system
diseases. With sample sizes equal to those of previous GWAS, we estimate that maximizing
coverage of all 1kGP SNPs would result in the detection of still less than one quarter of all
GWAS-detectable SNPs. Specifically, we estimate that 15.6% are detectable with previous
arrays plus imputation, 17.0% with Illumina’s Omni5-Quad array, and 23.2% with perfect
coverage of all LkGP SNPs. In contrast, doubling or quadrupling the sample sizes without
changing the coverage of previous GWAS, we estimate that we could detect 34.7% or
62.3%, respectively, of GWAS-detectable SNPs in future studies. The relative impact of
increasing array coverage is slightly similar in the context of quadrupled sample sizes, rising
to 69.2% with imputation, 80.2% with the Omni5-Quad array, and 93.9% with direct
genotyping of all 1kGP SNPs. The percent of remaining SNPs requiring more than
quadruple the sample size of previous GWAS and perfect SNP coverage ranged from 0.9%
for urogenital diseases to 15.1% for sensory organ diseases.

Figure 4 shows the estimated percent of SNPs detectable by GWAS under each of these
conditions by OR and MAF categories. We estimate that a small percentage of the SNPs
with MAFs of 1-10% have been detected by previous GWAS, as expected from the low
frequencies in Table V. This also shows that the impact of increasing sample size is greater
for SNPs with weak associations (OR<1.5) than for those with stronger associations relative
to the percent of SNPs detected by previous GWAS. Specifically, we estimated that
quadrupling sample sizes for effects with OR<1.5 would increase the number of SNPs
detected after future GWAS by over 400%. In contrast, quadrupling sample sizes for effects

Genet Epidemiol. Author manuscript; available in PMC 2015 January 12.



1duosnue Joyiny vd-HIN 1duosnue Joyiny vd-HIN

1duosnuely Joyny vd-HIN

Lindquist et al.

Page 9

with OR>1.5 would only increase the number of SNPs detected after future GWAS by about
130%. SNPs with MAFs of 1-10% will be harder to detect than SNPs with MAFs of >10%
in both OR categories.

For several well-studied diseases, we show in Table VV how much additional narrow-sense
genetic heritability we can explain by GWAS that are more powerful. We selected these
diseases because they have been the focus of multiple GWAS, and have multiple sibling
recurrence risk ratios reported in the literature. As we did in estimating the percent of SNPs
detectable by GWAS, we scaled these heritability estimates so that they represent a
percentage of the maximum heritability that GWAS SNPs could explain, given the effect
size and MAF distributions previously observed. We found that previous findings explain
7% to 40% of the genetic heritability that could ultimately be explained by GWAS. We also
estimated that we can explain less than half of the heritability by only improving array
coverage in future GWAS, and that sample sizes would need to be at least quadrupled in
order to detect over half of the heritability of these diseases.

DISCUSSION

In this study, we calculated pairwise and imputation coverage for nearly all GWAS SNP
microarrays used for studying nearly all of the chronic diseases that have been recorded in
the NHGRI Catalog of Published GWAS [http://www.genome.gov/gwastudies] in the past
six years. Our pairwise coverage statistics show that GWAS SNP arrays have improved with
increasing size, and that this is most dramatic with the latest SNP arrays that rely on the
1kGP data and more diverse populations. As expected, the biggest improvements are seen in
coverage of uncommon SNPs (1%<MAF<5%) in populations of European, Asian, and
African ancestry. The use of the latest genotype imputation methods enhances the coverage
of all LkGP SNPs by GWAS arrays, and also narrows the coverage gaps between arrays and
populations. To our knowledge, we are the first to publish these coverage statistics for
nearly all commercial GWAS arrays available.

We also show that previous GWAS have detected significant associations between chronic
disease and SNPs with a wide range of MAFs (down to 1%) and a wide range of effect sizes
(detecting increased odds of disease of only 6% per risk allele). This range has not been
observed in other reviews of GWAS findings, probably because they did not include results
from the most recent and powerful GWAS. In general, the overall trends of GWAS that we
observe agree well with those of previous studies using earlier data [lles, 2008; Hindorff et
al., 2009; Witte, 2010; Visscher et al., 2012]. For example, we see that significant positive
correlations exist between the number of novel SNP associations detected and sample sizes,
the number of SNPs tested, and publication dates. However, on average, we estimate that we
have detected less than one fifth of all independent GWAS-detectable SNPs underlying
chronic disease. We estimate that future more powerful individual GWAS have the potential
to detect many of these additional SNP associations, and thus to explain more heritability.
We found that increasing the sample size alone provides a much larger increase in GWAS-
detectable SNP associations and heritability explained than improving array coverage, even
with imputation or direct genotyping of all 1kGP SNPs. This is true for all major disease,
MAF, and effect size categories that we studied. Even if all 1kGP SNPs were genotyped
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with the sample sizes used in previous GWAS, we estimate that GWAS would detect less
than half of all GWAS-detectable SNPs and heritability. In contrast, quadrupling sample
sizes but using the same arrays of previous GWAS would result in over 60% of SNPs and
heritability detected. If it is possible to increase sample and array sizes for some diseases,
future GWAS may capture most of the associations and heritability that GWAS-detectable
SNPs have the potential to capture.

There are several caveats to keep in mind when interpreting these results. First, we are
basing all estimates on the distribution of previously observed effect sizes and MAFs. The
extremes of the true underlying distribution of SNP-disease associations are likely to be
under-represented (only 8.2% of previously associated SNPs have MAFs of 1-10%), and
this distribution will likely shift as we add to the number of independent SNPs associated
with disease. The NHGRI Catalog of Published GWAS is also not an exhaustive source of
known SNP-disease associations, and has been updated with findings from both individual
and meta-analytic GWAS since mid-2012 when our collection period ended. The estimates
of A\ that we used for calculating heritability were also based on publications, and may
continue to change somewhat over time. In addition, we calculate array coverage using a
maximum pairwise approach to estimate the number of additional SNPs that remain. This
may slightly underestimate coverage compared to say a multi-marker approach, and may
explain why some associations were detected with seemingly low power. However, we
believe that taking these issues into account would not likely change our results or
conclusions that future GWAS can detect many additional SNPs and explain additional
heritability, and that larger sample sizes improve their power to do so more than larger
microarrays.

Another practical consideration is that in some situations, doubling or quadrupling sample
sizes over those used in previous GWAS may not be realistic. For example, quadrupling the
sample size over previous GWAS involving pancreatic cancer patients would require
recruiting about half of all prevalent cases currently residing in the United States (based on
Surveillance, Epidemiology and End Results [http://seer.cancer.gov/] and the U.S. Census
[http://www.census.gov/] data). In other scenarios, increasing the sample size may be
possible, but may require a less specific definition of the phenotype and more heterogeneous
case samples which could in turn reduce power [Pawitan et al., 2009]. If previous GWAS
have already studied a disease with very large sample sizes but poor coverage of variants in
the population of interest, then it obviously makes more sense to improve coverage than to
increase sample sizes to detect additional associations.

Despite the fact that individual GWAS have their limitations, we have shown that with
increased power, they can detect many more SNP-disease associations. Although previous
GWAS findings have explained a low amount of heritability for most diseases, they have
also detected a low percentage of all the SNP-disease associations that the GWAS have the
potential to detect. Even if we detect all of these GWAS-detectable SNPs, explaining all of
the heritability of complex diseases will likely require other methods, especially meta-
analyses and whole exome or genome sequencing. In addition, the contributions of family
data, gene-gene and gene-environment interaction tests, functional validation experiments,
and other approaches will be important to incorporate [Manolio et al., 2009; Pawitan et al.,
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2009; Cantor et al., 2010; Witte, 2010]. However, GWAS do have the potential to contribute
many additional findings that may continue to add to our understanding of the biology and
heritability underlying complex diseases.
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Refer to Web version on PubMed Central for supplementary material.
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Fig. 1.

Coverage (maximum pairwise r2) of the 1,000 Genomes Project SNPs by microarray and
population ancestry. (A) Coverage of SNPs in individuals with European ancestry. (B)
Coverage of SNPs in individuals with Asian ancestry. (C) Coverage of SNPs in individuals
with African ancestry. The table shows the area under the curve for each microarray and

population.

Genet Epidemiol. Author manuscript; available in PMC 2015 January 12.




1duosnue Joyiny vd-HIN 1duosnue Joyiny vd-HIN

wdudsnuel Joyny vd-HIN

Lindquist et al.

Number of independent SNPs per study

50
40
30

20

Page 15

Spearman's rho=0.%5. p<0.001 A 28— Spearman's rho=0.29, p<0.001 =
. 30 .
L] 20+ . .

1— mEEsE W =W 1— N e eEme L I1] [ N ] L] L] a
T T T T T T I T T T T T T
&= S s Sl o & S R I 1/,@51'
SEIDE Sleaser) Sample Size (Controls)
50 -{Spearman's r_ho=0‘26, p<0.001 C 50-{Spearman’s rho=0.22, p=0.001 = D
40 40
301 . 30 _
20 . .
-
’ L
101 o e ° a .
. am ™ a? B
5+ s : [ L] : :
- . L L]
= e o L] am L]
- Hue= L]
1 - ee— Eman a []
iR N R\ TP e 0 s e et as
KRN ) 2 S O (O DY Q% N N K RS N N
s " 7 TS T

Number of SNPs Genotyped in First Stage

Fig. 2.
Tr?e relationship between GWAS study-level characteristics and the number of significant
SNP associations (p<5x%1078). The lines are predictions from linear regression models, and
the gray areas are 95% confidence intervals around the regression lines. (A) The number of
cases in thousands (K) versus the number of SNP associations. (B) The number of controls
in thousands versus the number of SNP associations. (C) The number of genotyped SNPs
passing quality control (QC) in thousands or millions (M) in the first or only stage of each
GWAS versus the number of SNP associations. (D) The month and year of publication of
the study versus the number of SNP associations.
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Fig. 3.
Estimated percent of SNP associations detected by each GWAS condition tested, by disease

category. Disease categories are ranked by the percent of associations detected by previous
GWAS. Sensory organ diseases include the following MeSH categories: Eye diseases,
Otorhinolaryngologic diseases, and Stomatognathic diseases.
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Fig. 4.
Estimated percent of SNP associations detected by each GWAS condition tested, by odds

ratio (OR) and minor allele frequency (MAF) category.
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Table |

GWAS SNP microarrays with abbreviated names used in this study and the number of SNPs on the array.

Array manufacturer Manufacturer’s array name Abbreviated array name  Number of SNPs@

Affymetrix GeneChip Human Mapping 100K Affy100K 109,365
Human SNP Array 5.0 Affy5.0 443,816
GeneChip Human Mapping 500K Affy500K 500,568
Human SNP Array 6.0 Affy6.0 934,968
Hlumina HumanHap250S (v1) 1Im250K 241,847
HumanHap300 (v1 or v2) 1Im300K 317,503
HumanCNV370 (Duo or Quad) 11Im370K 353,202
HumanHap550 (v1 or v3) 1Im550K 555,352
Human610-Quad (V1) 11Im610K 599,021

Human Omnil-Quad IHim 1M 1,070,858

Human Omni2.5 11lm2.5M 2,450,000

Human Omni5-Quad 1Im5M 4,500,000

eLI'he number of SNPs on each array includes only those pre-selected by the manufacturer (not any custom SNPs that can be added to some arrays).
In cases where there were several versions of an array (v1, v2, etc.), the number of SNPs reflects the union of SNPs from all versions.
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Table Il

GWAS conditions tested in this study.
GWAS Condition  Array Used Sample Sized
Previous GWAS Same as that of previous GWAS Equal previous GWAS
Imputed Same as that of previous GWAS + Imputationt ~ Equal previous GWAS
1Im5M Illumina Human Omni5-Quad Equal previous GWAS
All 1KGPC Theoretical array containing all IkGP SNPs Equal previous GWAS
Nx2 Same as that of previous GWAS Double previous GWAS
Nx4 Same as that of previous GWAS Quadruple previous GWAS
Imputed, Nx4 Same as that of previous GWAS + Imputation Quadruple previous GWAS
1Im5M, Nx4 Illumina Human Omni5-Quad Quadruple previous GWAS
All 1kGP, Nx4 Theoretical array containing all 1kGP SNPs Quadruple previous GWAS

a .
Cases and controls combined.

b . . . .
Imputation was calculated for the arrays using the 1,000 Genomes project low coverage pilot data.

C1kGP: the 1,000 Genomes Project low coverage pilot data.
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Table IV

Characteristics of case-control GWAS SNPs associated with chronic diseases at p<5x1078, by odds ratio (OR)
and minor allele frequency (MAF).

Odds Ratio Minor Allele Number of Median (Range) Median (Range)
Frequency Independent  gnps passing QCP, Sample Size®
(MAF) SNPs& (Thousands)

1.0sOR<15 0.01<MAF<0.1 25 666 (300 —7,689) 26,005 (6,089 — 143,503)
0.1<MAF<0.3 250 570 (80 — 7,689) 23,422 (4,644 — 143,403)
0.3<MAF<0.5 312 541 (131-7,689) 20,916 (1,607 — 143,503)

OR21.5 0.01<MAF<0.1 35 666 (282 - 7,689) 10,769 (1,606 — 143,503)
0.1<MAF<0.3 68 501 (235 - 6,607) 7,354 (690 — 74,544)
0.3<MAF<0.5 39 480 (215 - 2,500) 3,424 (225 - 39,547)

a‘I'he sum of independent SNPs (r2<0.5) associated with each disease.
bThe number of SNPs passing quality control (QC) in the first GWAS stage.

c .
The number of cases and controls in all stages.
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