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Single-nucleotide-polymorphisms (SNPs) are pouring into the public databases from several
large-scale discovery projects. Available resources allow only a small fraction of these SNPs
to be validated in a second population. It is therefore imperative that we understand what
factors govern validation success. By analyzing a validation experiment performed on 436
putative SNPs identified from the EST databases, we demonstrate that population genetics
is at least as important as data quality in predicting validation success. For this experiment,
we designed PCR primers to amplify the SNP loci from genomic DNA, and re-sequenced a
second population to determine if both alleles could be observed again. We were able to
replicate only 314 of these 436 SNPs, even though the EST data were selected for the highest
possible sequence quality. We present a population genetics model to explain these observed

validation rates, and provide a simple rule-of-thumb for future experiments.
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Several major single-nucleotide polymorphism (SNP) discovery projects have been launched in
both the public and private sectors (1,2). These projects are motivated by the idea that, if we score
a sufficiently large number of polymorphisms, association studies may have the power to detect
genetic variations underlying common diseases (3). SNPs are the preferred type of polymorphism
for these studies because of their abundance, 1 in 10° base pairs (4), and the growing number of
high-throughput genotyping techniques (5,6). Of the 26287 SNPs presently in GenBank, 10223
are from the National Cancer Institute’s Genetic Annotation Initiative (7). Another 7396 are from
the SNP Consortium (2); although, as we were submitting this article, 102719 new SNPs were
released through their web site. However, almost all of these SNPs are putative, in the sense that
only a small fraction of them have ever been replicated in a second population sample.

In the SNP community, it is commonly assumed that raw sequence quality is the most important
determinant of whether or not a site is polymorphic (i.e. most high-quality sequence differences
are assumed to be true SNPs). We will show that population genetics also requires consideration.
Population genetics predicts the existence of a large class of SNPs for which the minor allele is
rare (8). As a class, these SNPs comprise a surprisingly large fraction of the segregating sites in a
discovery sample. The probability that any one of these sites will be polymorphic in a second
sample is very small, and they will typically not be validated, even though they are polymorphic
in the first sample, and in the population. The precise fraction of validated SNPs will depend on
the detailed population history of the discovery and validation samples. However, the bulk of this
effect can be explained by simple models of human demographic history, because most genetic

variations occur within populations (9), rather than between them.

To examine the validation problem empirically, we surveyed the expressed-sequence-tag (EST)
databases (10) for high-quality discrepancies (11,12), designed PCR primers to amplify these
putative SNP loci from genomic DNA, re-sequenced a genetically diverse population (13), and
then compared the observed validation rates with our population genetics model. We applied
stringent data quality restrictions on the high-quality discrepancies (HQDs) chosen for validation,
to minimize the number of artifactual SNPs. Except in a small handful of cases, all selected
HQDs had two or more high-quality EST reads in both alleles, and the overall Phred quality, as
defined in Table 1, was Q30 or better (i.e., the expected error rate is 10 or better). We inspected
all of the relevant EST traces visually, before proceeding with the PCR primer design. After PCR
testing, 436 putative SNPs were available. For each SNP, we re-sequenced up to 24 individuals.
All three genotypes (AA, Aa, aa) were observed in 213 of these SNPs. Two genotypes (AA, Aa)

were observed in 97 of these SNPs, of which, 83 were supported by more than one heterozygote
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observation. In 4 SNPs, both homozygotes were observed (AA, aa), but not the heterozygote. For
the remaining 122 of these SNPs, we observed a single genotype — a homozygote, but one whose

sequence agreed precisely with the initial EST assembly.

To understand why a large fraction of these SNPs were not validated, we examined how the
validation rates vary as a function of either the EST data quality or the number of cDNA libraries
in the HQD, as defined in Table 1. The observed rates were only weakly dependent on the data
quality (Figures 1a, 2a), but they were highly correlated with the number of libraries in the HQD
(Figures 1b, 2b). When the number of libraries dropped from two to one, the validation rates fell
from 81% to 46%. Artifacts from cDNA cloning are not a plausible explanation because 114 of
the 122 un-validated SNPs had at least two high-quality EST reads in both alleles. Differences in
the ethnic makeup of the discovery and validation samples are potentially relevant, particularly
since the cDNA libraries were not constructed to be genetically diverse. However, this effect is
expected to be small because population-specific polymorphisms comprise less than 15% of all
variations (9).

To understand the validation experiments, we consider two simple, but very different, models of
human population history. The first model assumes a constant effective population size, which
appears to fit the data from two recent SNP discovery projects (14,15). The second model adds a
period of rapid expansion, following the “out-of-Africa” dispersal of modern humans 100,000
years ago — a model for which there is considerable evidence (8). Our base model with expansion
(16) assumes a pre-expansion size of 5000 people, and then expands exponentially to a present
day size of 5 billion, over 5000 generations. We also varied these parameters to account for
uncertainties in the historical details. Although neither model can fully capture the complex
demographic history of modern humans, the two models together provide a useful starting point
for exploring the full range of population genetic effects on SNP validation. In particular, with
significant expansion, the phylogeny tends to be more “star-shaped”, and there is a significantly

higher proportion of rare SNPs (17), as we show in Figure 3.

The predicted validation rates, with and without expansion, are shown in Figure 2. When the
minor allele is observed in two or more libraries, the predicted rates are the same for both models.
The two models differ only when the minor allele is observed in one library, with the expanded
population model predicting a much lower validation rate that agrees better with the observed
data. With 3 or more libraries, both models predict essentially 100% validation. The observed
residual failure rate, with 3 or more libraries, is 6.3%. This may be due to ethnic differences in the

discovery and validation samples. Focusing only on those SNPs where the minor allele was
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observed in a single library, and taking into account this 6.3% residual failure rate (that is, raising
the observed rate by this amount), we find that the predicted validation rate from the expanded
population model is not significantly different from the observed data (66% versus 52%, x° = 2.8,
p = 0.09), while the predicted validation rate from the constant-size population model is strikingly
different (85% versus 52%, x* = 16.5, p = 0.00005).

To understand how the predictions change for different expansion histories, we performed a
series of simulations in which we changed the pre-expansion population size by a factor of two in
either direction, and advanced or delayed the start of the expansion by 2500 generations. In
general, the validation rates increased with larger pre-expansion populations and decreased with
longer times since the start of expansion. When the minor allele is observed in only one library,
the expected validation rates ranged from 59% to 72%, resulting in a y* of 0.6 to 6.2, or p-values
from 0.01 to 0.45. Note that, in constant population models, the validation rates are independent
of population size because the allele frequency distributions are independent of population size
(18).

In conclusion, we validated 314 of 436 putative SNPs identified from the EST databases, for a
success rate of 72%. Rather than being a product of poor data quality, this low validation rate was
primarily due to those SNPs for which one of the alleles was initially observed in a single cDNA
library, representing a single individual. This result is expected from population genetics — many
of these sites are members of a large class of rare SNPs that appear frequently because they are so
common as a class. The observed validation rates were consistent with an expanding population
model, but not a constant-sized population model. Although we find good agreement with the
data using a simple model of population expansion, this result does not rule out other expansion
scenarios. Indeed, very different population models can produce very similar allele frequency

distributions (19), and hence very similar validation rates.

The lesson for the SNP community is that many real SNPs discovered in regions of high quality
will fail to replicate for population genetic reasons. This is true for almost all discovery strategies,
including those used by the SNP Consortium (2). In another SNP validation study (20) that tried
to estimate the effects of sequence data quality, the actual validation rate of 56% was significantly
smaller than the predicted rate of 78%. However, the ratio of these two numbers is 72%, which is
essentially identical to our observed population-genetics-limited rate. We would suggest that, if
the objective is to find common SNPs, for use as genetic markers, the validation rates can be
improved by screening for high-quality discrepancies where both alleles are observed twice in the

discovery sample (for more details, see Eberle and Kruglyak, submitted).
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All of our 436 putative SNPs, validated or not, are available in an Excel spreadsheet, at the web

site http://www.genome.washington.edu/UWGC/web_publications/default.htm.

Methods
Putative SNPs from EST databases

Putative SNPs were derived from an analysis of 526,711 human ESTs from the WUSTL/Merck
EST project (10), using the same basic strategy as other recent similar projects (7,21). SNPs were
identified by searching for high-quality-discrepancies (HQDs) in the 23507 Phrap contigs (22)
with 5 or more ESTSs, each of Phred quality Q20 or better (11,12). To minimize spurious cloning
artifacts, we focused on polymorphisms with multiple EST reads in both alleles and avoided all
SNPs within 50-bp of the poly-A tail. 8063 putative SNPs were found this way.

The gene identity of each EST contig was established by a Blast search against the nucleotide and
protein databases. Certain genes were avoided: (a) highly polymorphic genes, like HLA and Ig
genes, (b) highly redundant genes, like ribosomal and cytoskeleton genes, and (c) highly studied
disease genes, like BRCAL and dystrohpin. We favored oncogenes and tumor suppressor genes,
membrane-associated proteins, transcription factors, and genes with functional implications from
studies of model organisms. We were not able to assign a gene identity to 60% of the ESTs. A
small fraction of these were included, nevertheless, for an unbiased sampling. Of the 335 putative
SNPs (out of 436) with an assigned gene identity, 6 were in the 5’-UTR, 36 were synonymous
changes, 14 were non-synonymous amino acid changes, and 279 were in the 3’-UTR. There was

no correlation between validation rate and lack of gene identity.
DNA amplification and sequencing

We anticipated that primer design for this experiment would be challenging, because we did not
have genomic sequences, and had to design primers based on exonic sequences. Therefore, we
aimed for targets of size 100 to 130-bp, to reduce the likelihood that we would straddle an intron.
The fact that many putative SNPs were on 3’-UTRs was an advantage, as their exons tend to be
larger. UTRs are also more divergent than coding regions, so the likelihood of paralog confusion
is minimized. Candidate primers were selected with the assistance of Primer3 (23). Altogether,
we designed 643 pairs of primers. These primer pairs were tested against four DNA samples. 522
gave visible PCR products of the expected size. 49 yielded larger PCR products than expected,
presumably due to intron interruptions. 72 failed completely. After sequencing the 522 good PCR
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products, another 86 primer pairs were rejected because they did not give interpretable sequence

traces. Overall, 436 of 643 primer pairs survived, for a success rate of 68%.

DNA samples for the re-sequencing experiments were derived from the Human Diversity Panels
distributed by the Coriell Institute for Medical Research (13). The samples were amplified in a
total volume of 10 pl, with 7 ng genomic DNA template, 0.5 pM of each primer, 100 uM of each
deoxynucleotide triphosphate, and 0.25 U Taqg polymerase. Unincorporated primers and dNTPs
were removed, before the sequencing reaction, by incubation with 1 ul of exonuclease I (10 U/ul)
and 1 pl of shrimp alkaline phosphatase (2 U/ul). To this mix, 1 pl of 3 mM sequencing primer,
3.8 ul of 5X reaction buffer (400 mM Tris-HCI, pH 9.0, 10 mM MgCl,), and 2.2 ul of Big-Dye
sequencing mixture were added and thermal-cycled. Since our PCR products were so small, less
than 200-bp, we used 6% polyacrylamide gel exclusively, to improve resolution.

Sequencing traces were assembled into contigs with Phred (11,12) and Phrap (22). The results
were viewed in Consed (24). All genotypes were interpreted manually, and tagged within Consed.
As a visual aid, each directory was seeded with an artificial read encoding the expected sequence,
based on the original EST contigs, and the position of the putative SNP. Software was developed
to export the assembled sequences and tagged SNPs, back to an Access database, for comparison

against the original ESTs. Submissions to GenBank were made under the handle UWGC.
Population genetics model details

Genetic trees were calculated using the coalescent model (25). For the expanded population, we
started with a constant population and added a period of exponential expansion to arrive at the
present population (16). For each population history, we tracked 1000 chromosomes back to their
most recent common ancestor. Allele frequency distributions were then calculated by placing
mutations at each branch of the tree, weighting the resultant mutation frequencies by the branch
length, and normalizing by the total tree length. The distributions from one million trees were
averaged. Using these allele frequency distributions, we calculated the probability of validating
each of the 436 putative SNPs in a second sample of 25 chromosomes. To minimize costs, the
actual validation experiment employed a stopping procedure that halted sequencing as soon as a
SNP was validated. To be conservative, we based our model parameters on the average number
of samples successfully re-sequenced for the un-validated SNPs (i.e., when the stopping rule was

not used). This number was 12.4 individuals, or 24.8 chromosomes.

Because of the inherent ambiguity in determining the actual number of sampled chromosomes in

an EST assembly, we used a weighted-average to calculate the probability of validating a SNP.
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The ambiguity arises from the fact that we only know the actual number of chromosomes from a
particular library if either both alleles are observed or if the library is sampled only once. For
example, the assembly in Table 1 has two interpretations: (1) library c is heterozygous and allele-
2 occurs three times in an effective sample size of 6 chromosomes, i.e. (6,3) where we define
(n,k) as a sample of size n with k minor alleles; or (2) library ¢ is homozygous and allele-2 occurs
four times in a effective sample size of 6 chromosomes, i.e. (6,2) where allele 1 is now the minor
allele in the sample. In computing the effective sample size for our statistical analysis, we count
both alleles of libraries a and c, because they were sampled multiple times, but only one allele of
libraries b and d, because they were only sampled once. We weight the validation rate for each
scenario by the a priori probability of (n,k), and the probability of the sample observations given
(n,k). For a given allele frequency, the a priori probability of (n,k) is calculated by taking the
product of the probability of the frequency (as described above), and the probability that, for the
given mutation frequency, the mutant allele is observed k times (or equivalently n-k times) in n
chromosomes. Summing over all frequencies gives the probability of (n,k). To calculate the
probability of the sample observations, we exclude the “known” alleles and calculate the
probability of the “unknown” alleles for all possible (n,k)’s. For the given example, the only
unknown is whether or not library ¢ is homozygous. If library ¢ is homozygous, i.e. (6,2), two
samples of the chromosomes that represent library ¢ will always show the same allele; If library ¢
is heterozygous, i.e. (6,3), there is only a 25% chance of two samples from library ¢ showing

allele-2.
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Tables

Table 1: Different measures for the reliability of a high-quality-discrepancy (HQD). We depict
here an EST contig with 9 reads. The cDNA libraries from which these EST reads are derived are
identified by letters a,b,c,d. Different libraries are assumed to have been derived from different
individuals, with the exception of the Soares adult brain N2b4HB55Y, adult brain N2b5HB55Y,
retina N2b4HR, and retina N2b5HR libraries, all of which were derived from some 55 year old
male. Every library has two unique chromosomes, but seeing two reads from the same library in a
particular allele, as with libraries a and c, does not imply that we have seen both chromosomes.
Only with library a are we certain that we have seen both chromosomes because library a is seen
in both alleles. Any model must address this inherent ambiguity in the EST data. To assess the
quality of the EST sequence itself, we compute the minimum across both alleles of the maximum
Phred score within each allele.

Allele 1 | Allele2 | HQD
Library identifiers a,a,aab | accd

# of EST sequences 5 4 4
Per read qualities 20-30 20-35 30
# of cDNA libraries 2 3 2
# of chromosomes 2 3-4 2

Supplemental Table for Reviewers: Expected validation rates, for different population histories,

of those SNPs that are observed in only one library.

Present ~ Time of Expansion Pre-expansion Validation Chi-squared p-Value

Population (Generations) Population Rates
5e9 2500 5,000 0.7227 6.20 0.013
5e9 5000 5,000 0.6577 2.80 0.094
5e9 7500 5,000 0.6153 1.30 0.254
5e9 5000 2,500 0.5850 0.58 0.447
5e9 5000 10,000 0.7228 6.21 0.013
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Figure 1: Distribution of sequenced SNPs, plotted against the Phred quality (a), and the number
of libraries in the HQD (b), as defined in Table 1. Validated (Pass) and un-validated (Fail) SNPs
are distinguished by different colors. All of the 436 putative SNPs are depicted (314 validated and

122 un-validated).
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Figure 2: Distribution of SNP validation success rates, plotted against the Phred quality (a), and
the number of libraries in the HQD (b), as defined in Table 1. The solid lines show the predicted

validation rates for the constant (CN) and expanding (EX) population models.
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Figure 3: Allele frequency distribution for SNPs discovered in a sample size of 10 chromosomes,
under the constant (CN) and expanding (EX) population models. Each bin represents a 5% range
of allele frequencies, from 0-5% to 45-50%. The lightly-colored hashing indicates that portion
which is predicted to fail validation if 25 chromosomes are re-sequenced. For the putative SNPs
that failed validation in our experiments, there was an average of 9.1 unique chromosomes per

EST contig, and 24.8 re-sequenced chromosomes.
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