File S1
Extending the theoretical model of giSNPs to diploid populations
To extend our theoretical model to diploid populations, we begin by assuming
that n is the number of chromosomes sampled, which corresponds to n/2 diploid
individuals. Again we consider a variant with minor allele frequency k/n. For
the diploid model, equation 1 (the expected fraction of variants with the same
minor allele frequency) still holds because the minor allele frequency for a particular variant stays constant whether we consider n chromosomes partitioned
into n haploid individuals or n chromosomes partitioned into n/2 diploid individuals. Thus we can use this equation to calculate the expected fraction of
variants with the same minor allele frequency.
The fraction of variants with minor allele frequency k/n that have an identical allelic configuration is slightly more complicated than for the haploid case.
Here, allelic configurations are composed of three classes (homozygous major
allele, heterozygous, and homozygous minor allele) rather than two. For a site
with minor allele count k, the number of possible phased allelic configurations
is
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where the first binomial coefficient represents the configuration of alleles for
the first of the two copies of the locus, and the second binomial coefficient the
configuration for the second of the two copies of the locus. The right-hand
side of the equation follows from the Chu-Vandermonde identity. These allelic
configurations are all equally likely under the neutral Wright-Fisher model with
infinite-sites mutation.
In the context of giSNPs, we are primarily interested in physically distant
pairs of loci (loci that are far apart or on different chromosomes), and phase
becomes arbitrary. If we focus on unphased allelic configurations, the number
of possible configurations for a site with minor allele count k is
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Unfortunately, these allelic combinations are not equally likely. In particular,
each heterozygote in the unphased allelic configuration doubles the number of
possible phased allelic combinations. Combining this fact with equation 1 yields
a formula for the probability of any specific unphased allelic configuration:
 −1
n
Pr(allelic configuration) = 2h
k
where h is the number of heterozygotes present in the configuration in question.
Overall, it is evident that for a sample of 2n diploid individuals, considering a
variant with minor allele frequency k/n, for variants with either (1) an unphased
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allelic configuration with no heterozygotes or (2) a phased allelic configuration,
the expected fraction of other variants with which it will be a giSNP is identical
to the haploid case with twice as many individuals sampled (sample size 2n),
given in equation 2. For unphased allelic configurations that include one or
more heterozygotes, this probability will be inflated by a factor of 2h , where h
is the number of heterozygotes present in the configuration.

Genetically indistinguishable SNPs in humans
To explore the rate of giSNP occurrence in real genome-wide data, we examined
giSNPs in 1,093 humans from the 1,000 genomes project (The 1000 Genomes
Project Consortium, 2012). We focused on biallelic SNPs, and discarded
any sites with over 10% missing data. We obtained SNPs implicated in human
genome-wide genotype-phenotype associations from the NIH Catalog of Published Genome-Wide Association Studies (Hindorff et al., 2014). The meiotic
recombination rate in humans is roughly 1 cM/Mb (Jensen-Seaman et al.,
2004) so in order to focus on effectively randomly assorting loci we ignored
giSNPs less than 50 Mb apart on the same chromosome. The large number of
SNPs present in this dataset (>38 million) precludes enumeration of LD between all ∼730 trillion pairs of SNPs, so we focused on calculating whether
each of 12,607 distinct SNPs with reported significant associations in a GWAS
(Hindorff et al., 2014) and any of the other ∼38 million SNPs in the dataset
were genetically indistinguishable. Overall, nine GWAS-reported SNPs were
members of giSNP pairs with a total of 44,270 other unique SNPs across the
genome.
Most of the pairs of giSNPs (44,156 of 44,270 pairs) involved five GWAS
SNPs where one individual carried a single copy of the minor allele. In other
words, the GWAS SNP minor allele was a singleton private to the individual in
question, and thousands of other private variants within that individual formed
a cluster of giSNPs. Given that a new exome sequence reveals roughly 200 singletons private to that individual (Tennessen et al., 2012) and that the exome
corresponds to approximately 1.5% of the human genome, it is not surprising
that there should be thousands of private singleton variants present in each individual. These individuals were not confined to one population but included
individuals of African, admixed American, and European descent. The other
four GWAS SNPs were genetically indistinguishable from a small number of
other variants (9, 10, 32, and 63) at which two individuals carried a single copy
of the minor allele.
The nine GWAS SNPs that have giSNPs in the 1,000 genomes dataset were
reported in a total of four separate GWAS (Do et al., 2011; Comuzzie et al.,
2012; Demirkan et al., 2012; Seppala et al., 2014). In most cases, the SNP
did not have a highly significant p-value, and was often reported as suggestive.
The sole exception was rs34637584, which had a highly significant p-value of
2×10−28 (Do et al., 2011) (this association was reported previously to the study
in question). However, in all cases, the frequency of the risk allele in the GWAS
was either very high or very low (0.998 for two SNPs, ≤ 0.006 for five SNPs;
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0.063 for one SNP; unreported for the last SNP). It is well understood that
population based association studies are poorly powered to detect associations
between traits and causal alleles with low MAF (Long et al., 1997; Ohashi
and Tokunaga, 2001; Zondervan and Cardon, 2004). Our results indicate
that genotypes with very low MAF are particularly susceptible to “dragging
along” many additional non-causal loci that are giSNPs and that, as has been
previously noted, any significant GWAS results involving very low MAF variants
should be interpreted with extreme caution. This is consistent with the success
of collapsing methods in the context of rare-variant association studies, where
rare variants are not individually tested for association with phenotypes but,
rather, information is aggregated from low-frequency variants across multiple
sites to produce a test statistic (Asimit and Zeggini, 2010; Zuk et al., 2014).
Thus, giSNPs are not likely to pose significant problems for modern GWAS with
large sample sizes that test for association using only SNPs with, e.g., at least
a 5% MAF.
In order to examine the dependence of giSNPs in human data on sample
size, we added 50 randomly selected humans (100 chromosomes) to our sample
of 100 randomly selected individuals from each model organism dataset (S.
cerevisiae, D. melanogaster, and A. thaliana). Again, since the absolute number
of giSNPs is highly dependent on the number of SNPs in a dataset, we randomly
selected 100,000 SNPs from each reduced sample of individuals. After removing
differences in sample size, we observed similar overall rates of giSNP prevalence
in humans as in the model organisms (Fig. S1). Thus, consistent with the
observations made by Lawrence et al. (2005), giSNPs would have the potential
to be a significant concern in human GWAS in cases where sample sizes are small
(e.g. dozens or low hundreds of individuals). Fortunately, this scenario does not
apply to most modern human GWAS.

Examining giSNPs using the empirical allele frequency spectrum
As described in the main text, our theoretical model for the prevalence of genetically indistinguishable variants has two components:
1. A component giving the expected fraction of variants with the same MAF.
This component represents a contribution due to the allele frequency spectrum.
2. A component giving the fraction of variants with MAF k/n that have an
identical allelic configuration.
In our model, we use an idealized allele frequency spectrum for the first item
above. However, it is also possible to compute the expected number of giSNPs
for variants of a given MAF using the empirical allele frequency spectrum.
Specifically, the fraction of variants with MAF k/n (equation 1 in the main
text) can be calculated from the data itself. Then, the expected number of
giSNPs for a given MAF can be calculated as the fraction of variants with that
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−1
. In practice, due to missing
MAF in the dataset of interest multiplied by nk
data, we calculate the empirical allele frequency spectrum using bins centered
around the minor allele frequencies 1/n, 2/n, . . . , (n − 1)/n. Figure S2 shows
giSNPs (expressed as the number of giSNPs per million SNPs) in the three
model organism datasets compared to the expectation based on each species’
empirical allele frequency spectrum. It is apparent that, for all three species,
a contribution of the allele frequency spectrum alone cannot fully explain the
number of giSNPs present. Thus, structure and population history play a role
as well, including factors such as migration, subdivision, assortative mating, and
many others.
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