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Abstract

Background: Genotyping technology has advanced such that genome-wide association studies of

complex diseases based upon dense marker maps are now technically feasible. However, the cost

of such projects remains high. Pooled DNA genotyping offers the possibility of applying the same

technologies at a fraction of the cost, and there is some evidence that certain ultra-high throughput

platforms also perform with an acceptable accuracy. However, thus far, this conclusion is based

upon published data concerning only a small number of SNPs.

Results: In the current study we prepared DNA pools from the parents and from the offspring of

30 parent-child trios that have been extensively genotyped by the HapMap project. We analysed

the two pools with Affymetrix 10 K Xba 142 2.0 Arrays. The availability of the HapMap data

allowed us to validate the performance of 6843 SNPs for which we had both complete individual

and pooled genotyping data. Pooled analyses averaged over 5–6 microarrays resulted in highly

reproducible results. Moreover, the accuracy of estimating differences in allele frequency between

pools using this ultra-high throughput system was comparable with previous reports of pooling

based upon lower throughput platforms, with an average error for the predicted allelic frequencies

differences between the two pools of 1.37% and with 95% of SNPs showing an error of < 3.2%.

Conclusion: Genotyping thousands of SNPs with DNA pooling using Affymetrix microarrays

produces highly accurate results and can be used for genome-wide association studies.

Background
Single nucleotide polymorphisms (SNPs) are the most
abundant type of polymorphism in the human genome.
With the parallel developments of dense SNP marker
maps and technologies for high-throughput SNP genotyp-
ing, SNPs have become the markers of choice for genetic
association studies. The use of dense but incomplete maps
of SNP markers for genetic association is based upon the
premise that low penetrance but fairly common disease

variants can be detected by virtue of indirect association
between SNP markers and disease status. As a general rule,
the denser the map of markers used, the greater the prob-
ability that at least one marker will be in strong linkage
disequilibrium (LD) with a disease susceptibility allele,
and therefore indirect association between marker and
disease will be detected [1].
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With the development of genotyping platforms that per-
mit analysis of several hundreds of thousands of markers,
it is now possible to apply this principle of indirect asso-
ciation to the whole genome rather than just candidate
genes or candidate linkage regions. For example Affyme-
trix (Santa Clara, California), recently released microar-
rays that can interrogate ~500,000 SNPs, and Illumina
(San Diego, California) released in January 2006 the Sen-
trix(r) HumanHap300 Genotyping BeadChip which can
genotype 317,504 high-value SNP loci derived principally
from tag SNPs. Theoretical predictions [2] as well as
empirical data concerning the structure and distribution
of LD in the human genome [3] suggest that analyses on
this scale will probably be adequate for whole genome
association studies targeted at common disease variants.

The number of subjects required to detect the influence of
a risk allele by indirect association depends upon the
locus-specific genotype relative risks conferred by the sus-
ceptibility variant and the maximum LD between it and
any assayed marker. For unknown loci, these parameters
can only be guessed, but the expectation is that the relative
risks will usually be small and therefore the required sam-
ples large. Substantial samples are also required to offset
the enormous degree of multiple testing inherent in
genome-wide studies. Thus an uncorrected threshold for
statistical significance of α = 10-7 is required to achieve a
genome-wide type I error rate of only 0.05 in the face of
testing 500,000 independent SNPs. Although this is
somewhat conservative since many markers are in LD
(and therefore the tests are not independent), it serves as

a rough approximation to the scale of the statistical bur-
den. These dual considerations of small genetic effect sizes
and adjustment for multiple testing have led many to
assume that samples in the region of at least 1000 or more
cases and a similar number of controls will be required for
most complex disorders [e.g. [4-6]]. Given these expected
sample sizes, while genome-wide association are indeed
technically feasible, they are also expensive.

One way to reduce the cost is to undertake quantitative
analyses of allele frequencies in DNA pools, a process
often referred to as 'DNA pooling' [7,8]. Here, equal
amounts of DNA from patients and controls are mixed to
form two sets of pools. The pools are then genotyped and
the frequency of each allele estimated. The power of such
studies is approximately the same as for individual geno-
typing of cases and controls [4,9], but at a hugely reduced
cost. DNA pooling has proved remarkably accurate when
applied to simple tandem repeats [10-13] or to SNPs
using a variety of different genotyping technologies [7].
Typically, when estimates of allele frequency differences
between two pools are compared with those obtained by
individual genotyping, the mean error rate of pooled anal-
ysis is in the region of 1–2%.

Several groups have begun to apply pooled genotyping to
the new ultra-high throughput genotyping technologies.
Butcher et al, 2004 [14] and Meaburn et al, [15] pioneered
this method by assessing the performance of the Affyme-
trix 10 K Array Xba 131 for pooled genotyping. They vali-
dated by individual genotyping pooling data obtained
from 10 SNPs in their first experiment [14] and 104 SNPs
in the follow-up work [15]. They also compared the
pooled data from the remaining markers on the chip with
allele frequency data from a reference Caucasian popula-
tion. The same group recently [16] reported an applied
DNA pooling study based upon the 10 K Array with mild
mental impairment as a phenotype. They followed up the
pooling data for the 12 most significant markers by indi-
vidual genotyping in a larger replication sample. Four of
these SNPs remained significantly associated. Liu et al,
[17] recently reported the results of a study where pools of
20 individuals each were used to identify differences
between substance abusers and controls (a total of 1253
individuals were genotyped). This strategy allowed them
to identify 38 "nominally reproducibly positive" SNPs.

Although these studies give cause for optimism, it is clear
that the validity of pooled genotyping using array technol-
ogy has not been proven for a sufficiently large number of
SNPs to allow researchers to apply the method with con-
fidence. In this paper, we have undertaken a more com-
prehensive analysis of the accuracy of microarray-based
pooling experiments. Rather than examine a small selec-
tion of SNPs, we examined 6843 fully informative SNPs

Reproducibility of RAS values for the sense strands obtained for the same pool on two independent arraysFigure 1
Reproducibility of RAS values for the sense strands obtained 
for the same pool on two independent arrays. The two flank-
ing lines capture 95% of the data points. The correlation 
coefficient is r = 0.985.
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out of a total of 10,204 SNPs represented on the Affyme-
trix 10 K Xba 142 2.0 array. Our results suggest that
pooled genotyping using Affymetrix arrays is as accurate
as that obtained with lower throughput platforms, and
that it can be performed instead of individual genotyping
with only a minimal loss of power.

Results
Reproducibility

To estimate allele frequencies in pooled DNA samples, we
used the Relative Allele Signal (RAS) scores given in the
output of the Affymetrix GeneChip DNA Analysis Soft-
ware (GDAS). RAS scores are produced separately for the
sense and antisense strand for each SNP and can be ana-
lysed separately, or can be averaged. The test-retest esti-
mates of allele frequency in pools were high for duplicate
experiments. This is illustrated in Figure 1 in which esti-
mates of allele frequency at 6843 SNP loci obtained in
one array (for the sense strand only) are compared with
the same data from another single array. When all possi-
ble pairs of such data were analysed, the mean correlation
between single arrays ranged from r = 0.974 to 0.986. The
correlations between sense only analyses and between
antisense only analyses were virtually identical.

While the average correlations are strong for any pair of
arrays, the spread of the data with respect to individual
SNPs, as depicted by the width of the bounded zone cap-
turing 95% of the data points (Figure 1), clearly shows
weak reproducibility for a large number of individual

markers. We therefore attempted to reduce measurement
errors by using the repeated measures of the same pool.
When the RAS scores for the sense and anti-sense strands
in a single array were averaged, reproducibility improved,
with mean correlations now ranging between r = 0.985–
0.992. The correlation continued to improve when data
from replicate arrays were included. With a maximum of
6 arrays performed on a single (parental) sample, our data
allow us to compare the composite data from 3 arrays
with what should be identical data from an independent
set of the other 3 arrays. As each array has sense and anti-
sense data, we have a total of 6 observations per pool.
Even at this fairly modest degree of replication, very high
reproducibility was obtained, with an r = 0.996. Equally
important, the bounded zone containing 95% of the data
is much narrower (Figure 2).

Allele frequency estimation

We averaged the RAS values (combining sense and anti-
sense strands) from the five replicate measures of the off-
spring pool and the six replicate measures of the parental
pool. The true allele frequencies in the parental and the
offspring samples were calculated from the HapMap gen-
otype database. Without correction with k for unequal
representation of alleles (see Methods) the allele frequen-
cies we estimated from the pooled analyses correlated well
with the true frequencies derived for each sample from the
HapMap (r = 0.959 for the parents and 0.961 for the off-
spring). The data for the offspring sample are shown in
Figure 3.

While the correlation is high, the spread of the data does
not allow confidence that any single allele frequency can
be accurately predicted. However the main aim of pooled
analysis is to predict differences in frequencies between
pools rather than the absolute allele frequencies per se.
The true allele frequency differences between parents and
offspring were calculated from the HapMap data and
compared with the allele frequency differences predicted
from the pooled analyses. The results (uncorrected with k
for unequal allele representation, see Methods) are pre-
sented in Figure 4. The mean error in estimating the allele
frequency differences between the two pools was only
1.37%, with 95% of all results showing an error of <3.2%
and 99% of results <4.6%. The error distribution in bins
of 1% is shown in Figure 5.

We estimated how the distribution of the error in pooled
analysis varies with attempts to reduce measurement error
through repeat measurement. The results are presented in
Figure 6 which shows how the mean error in estimating
allele frequency differences between pools changes with
increasing number of replicate analyses. We also present
the error thresholds below which lie 95% and the 99% of
the data. The number of arrays used per pool is plotted on

Averaged RAS values from sense and antisense strands obtained from 3 microarrays, compared with the data of the same pool of DNA from an independent set of 3 microarraysFigure 2
Averaged RAS values from sense and antisense strands 
obtained from 3 microarrays, compared with the data of the 
same pool of DNA from an independent set of 3 microar-
rays. The lines capture 95% of the data points. The correla-
tion coefficient is r = 0.996.
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the x axis. The x point of 5.5 corresponds to analysis of 5
arrays for offspring and 6 for parents (a mean of 5.5 arrays
per sample). The x data-point of 0.5 corresponds to the
data obtained for just one strand (sense or antisense) for
each array (i.e. half the data captured by each array). With
each replicate, we obtain an improvement in the mean
error and a lowering of the thresholds for 95% and 99%
of the data. Although in each case the degree of improve-
ment begins to plateau, even the addition of the final rep-
licate contributes to reduction in error.

Correcting the data

We performed several sets of corrections to see if our
results can be improved. First we applied k, a correction
factor often used in pooling experiments to correct the
data for any unequal efficiencies in representing alleles
[18] (see Methods section). As for other pooling methods
[7], this procedure improves the correlation between
measured and true allele frequencies (r = 0.997) and also
reduces the spread of the data (compare Figure 7 with Fig-
ure 3). For a small proportion of SNPs, the true allele fre-
quency in the pools was substantially different from the
measured allele frequency in that pool. Where this occurs,
extreme values of k are derived (see Methods) for the use
in other pools. For technical reasons which are entirely
understandable, this usually occurs for low frequency
SNPs. Consider a putative SNP that is actually non-poly-
morphic (allele frequency = 1 or 0). RAS scores are seldom

exactly zero. The result is that k reaches 0, (or alternatively
8) depending upon which allele is arbitrarily designated
allele A (see Methods). Since the use of inappropriate val-
ues for k markedly affects the type I and type II errors
where either the true allele frequencies are very low and/
or the correct k values extreme [18], the data for SNPs
whose derived k is small or large may not be reliable.

We therefore discarded 286 SNPs whose values of k were
>5 or <0.25: (including 100 SNPs where k = 0 and 110
SNPs where k = ∞) and re-examined the distribution of
errors. This procedure had little impact on the error in
estimating differences between pools, with no change in
the mean error (data not shown). This is not surprising
since this procedure affected only SNPs with very small
minor allele frequencies (mostly non-polymorphic SNPs)
which cannot reach big differences between the pools
used in our experiment. Correction with k is likely how-
ever to a have a substantial effect in true case-control asso-
ciation studies, where a small difference in the frequencies
of rare alleles can easily result in significant p-values. (In
the current experiment we decided not to analyse p-values
due to the very small sample size of the pools involved.)

We also sought to identify poorly performing SNPs based
upon large test-retest variation between arrays. Within
each pool, we measured the difference between the high-
est and lowest RAS value for each SNP produced by the
replicate arrays. We term this difference the "maximum
variability of the results". Just over 5% of SNPs showed a
maximum variability of >25% between the lowest and
highest signal of any array. Given that SNPs which show a
higher degree of variability are likely to produce less relia-
ble results, we removed these 341 SNPs. This correction
did not change substantially the error in estimating differ-
ences between pools.

Discussion
We have investigated the accuracy and reproducibility of
DNA pooling using the Affymetrix 10 K Xba 142 2.0 array
by comparing pooled data with individual genotype data.
In this respect, our analyses were greatly facilitated by the
availability of individual genotype data for 6843 SNPs on
all the individuals from whom we made pools, courtesy of
the HapMap project. Our data show that pooled estima-
tion of allele frequencies was highly reproducible. When
we compared the allele frequencies calculated from the
average of only three microarray replicates from one pool
with that calculated from the average of a second set of
three estimates for the same pool, the correlation between
measures was r = 0.996 (Figure 2). When we use as our
outcome measure the magnitude of the error in estimat-
ing differences in allele frequencies between samples (Fig-
ure 6), while continued improvement is evident with
increasing number of arrays, our data show further

Allele frequencies in offspring (uncorrected with k for bias in allele representation) predicted by pooled analysis (y-axis) plotted against the true allele frequencies obtained by individ-ual genotyping of all subjects from whom the pool was derived (x-axis)Figure 3
Allele frequencies in offspring (uncorrected with k for bias in 
allele representation) predicted by pooled analysis (y-axis) 
plotted against the true allele frequencies obtained by individ-
ual genotyping of all subjects from whom the pool was 
derived (x-axis). The correlation coefficient is r = 0.961. True 
frequency differences are plotted in intervals of 0.0083 which 
corresponds to increments of one allele in the 30 offspring.

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0

True allele frequency, offspring

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

A
ll
e
le

 f
re

q
u

e
n

c
y
 i
n

 o
ff

s
p

ri
n

g
, 
p

re
d

ic
te

d
 b

y
 t

h
e
 p

o
o

l



BMC Genomics 2006, 7:27 http://www.biomedcentral.com/1471-2164/7/27

Page 5 of 10

(page number not for citation purposes)

improvements are rather small beyond 4 replicates per
sample. Our data therefore suggest this as the minimum
number of arrays that should be hybridised per pool,
although more replicates are likely to further reduce the
rate of false-positive and false-negative results.

Pooled analysis yielded accurate estimates of the relative
allele frequencies in pools but not estimation of the abso-
lute allele frequencies when the data were not corrected for
unequal allele representation. Using the average values
obtained from five (offspring) and six (parent) arrays as
artificial case and control pools, the system performed
well, with a mean error of just 1.37% which is comparable
with other commonly used lower throughput methods
[7]. 95% of all estimated differences between pools were
within < 3.2%, and 99% of them were within < 4.6% of
the true differences.

Data correction

There are many reasons why alleles might be unequally
represented even when present in equimolar amounts
[8,19]. For microarrays, this might include differential
allele specific PCR hybridisation efficiencies. Correction
for this with a coefficient k has been shown to improve
both type I and type II errors in DNA pooling experiments
[8,18,19]. This is because the estimation of the statistical
significance of any observed difference requires that the
approximate true allele frequency in the sample be
known, a process significantly improved by use of the
coefficient k. The improvement in estimating true allele
frequency is in fact better than is apparent from Figure 7.

This is because k is derived from parental data (see meth-
ods) and then applied to the data obtained for children
(or vice versa). Therefore any errors in estimating the
parental allele frequencies are incorporated in the esti-
mate of k with the result that the estimates of allele fre-
quencies in offspring include the measurement errors
from both samples.

Where the application of k is required, the solution until
now has been to derive k from the ratio of the intensities
(or whatever other measures are appropriate) of the sig-
nals representing each allele specific products from heter-
ozygous individuals. To this aim, Simpson et al, [19] have
recently initiated the development of a central resource
for the accumulation of microarray data from hetero-
zygous individuals. However, finding several hetero-
zygous individuals for rare SNPs is problematic and the
whole process rather complex if 500,000 SNPs need to be
examined. Our approach avoids this problem. Instead of
analysing heterozygous individuals, we suggest using
HapMap reference samples (in our case CEPH trios) thus
eliminating the need to obtain genotypes from heterozy-
gotes for every SNP.

Under the (unproven) assumption that to some extent,
the value of k varies with laboratory practice, the greatest
accuracy will be achieved if each group constructs their
own pools of CEPH individuals (or pools from reference
panels from other ethnic groups if they are working with
other ethnic groups) and then conducts their own array
replicates (10 K, 100 K or 250 K) to derive their own lab-
oratory specific k values as described in the Methods sec-
tion. It should be noted that k corrects for technical
artefacts in allele representation rather than population
specific differences in allele frequency and that the k val-
ues derived in one sample are applicable to any other
sample regardless of differences in allele frequency. How-
ever, the use of the most similar ethnic group represented
in the HapMap to those comprising the main focus of
research within a lab does have the advantage that k values
for any population-specific SNPs can be derived (some
SNPs are non-polymorphic in some populations).

However, it may well be the case that with the use of the
highly standardised operating procedures which are
always used for the work with Affymetrix arrays, inter-lab-
oratory k values will be modest and in most cases insuffi-
cient to be a significant source of error [14,18]. This is an
issue we are currently exploring and if confirmed, we will
deposit k values for the two 250 K arrays on our institu-
tions website, and/or provide them to researchers upon
request.

In terms of practical utility, our results indicate that mod-
erate differences in allele frequency should be easily

Correlation between the true allele frequency differences between parents and offspring (as determined by individual genotyping) and the allele frequency differences estimated from pooled analysesFigure 4
Correlation between the true allele frequency differences 
between parents and offspring (as determined by individual 
genotyping) and the allele frequency differences estimated 
from pooled analyses.
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detected by pooled analysis followed by a very limited
amount of individual genotyping, thereby greatly enhanc-
ing the cost-efficiency of the study. As an example, let us
assume we are interested in detecting an unknown SNP
which has a frequency of 30% in the 1000 controls and
38% in 1000 cases. This scenario corresponds to an allele
with an odds ratio of 1.4 and an association which sur-
passes our approximate genome-wide threshold for signif-
icance of p = 10-7 (by analysis of a 2 × 2 contingency
table). In our sample, 276 SNPs have true allele frequency
differences >8% between parents and offspring. If we set
as our target to individually genotype all SNPs which in
pools showed an 8% difference, we would end up geno-
typing 286 SNPs which include 54% of the 276 SNPs with
true 8% allele frequency differences (and all 10 SNPs with
a frequency difference >13%). Thus, by undertaking the
pooled experiment, we would have identified 54% of the
target loci (frequency difference 8%) and all 10 best loci,
but at the cost of genotyping only a very small proportion
of the SNPs.

If we use the correction with k, our correct discovery rate
remained similar at 50% (we would have discovered cor-

rectly 153 SNPs by genotyping 306 SNPs). However, most
designs aim to follow up the results surpassing a given
threshold of statistical significance. For a given sample
size, the calculated statistical significance depends not just
on the magnitude of the allele frequency difference
between samples but also on the allele frequency. Our
data concerning corrected and uncorrected data (compare
Figures 3 and 7) clearly show that estimates of absolute
allele frequencies are greatly improved by correcting for k.
This correction improved the estimation of allele frequen-
cies in the current study from a correlation with the true
data of r = 0.961 for the offspring pool (Figure 3) to r =
0.997 when k correction was applied to that pool (Figure
7). Therefore we expect that when the best p-values in an
experiment are targeted, then a correction with k will lead
to an improvement of the discovery rate. Fortunately, with
the method we propose, and the availability of genotyped
reference samples, the process of deriving k is now quite
straightforward.

We have illustrated the efficiency gains obtained by DNA
pooling with Affymetrix arrays by choosing differences of
8% or more, but clearly this is a very arbitrary threshold
and smaller differences are likely to be of interest to some
researchers, particularly in larger samples. Useful cost effi-
ciency gains can still be made, though self evidently, the
smaller the difference sought, the less the absolute magni-
tude of the gains. Where the goal is to detect more modest
differences in allele frequency, it is possible that cost-effi-
ciency might be improved by more replicates. This is
because even though our data show that the improve-
ments in the mean error rate beyond 4 replicates are rela-
tively small (Figure 6), the absolute number of SNPs
falsely predicted by pooling continues to go down with
more replicates.

10 K versus 250 K arrays

We have to consider whether the conclusions we have
drawn with respect to the 10 K array are likely to be valid
for the 250 K arrays (two of which when combined con-
stitute the Affymetrix 500 K arrays). Each SNP is interro-
gated by 40 features on the 10 K array but by only 24
features on the 250 K array (a reduction from 10 to 6 quar-
tets per SNP, although a small proportion of SNPs are rep-
resented on more quartets on the 250 K arrays). This
reduction in the number of features per SNP, as well as the
reduction of the feature size from 8 to 5 microns, may
reduce information content. This suggests that more rep-
licate arrays will be needed to achieve accuracy and repro-
ducibility equivalent to that reported in the present study.
A slight problem is created by the fact that for the 250 K
arrays the Affymetrix software does not calculate automat-
ically RAS scores. However, these can easily be calculated
from the intensity values reported for each array feature,
using the algorithms described by Liu et al, [20].

Bar chart depicting the distribution of errors arising from pooled analyses of allele frequency differences between par-ents and offspringFigure 5
Bar chart depicting the distribution of errors arising from 
pooled analyses of allele frequency differences between par-
ents and offspring. The x-axis shows the size of the error in 
intervals of 1% and the y-axis shows the number of SNPs fall-
ing within each interval. The number of SNPs within each 1% 
interval are also given. The mean error = 1.37%, range 0–
11.4%. 95% of SNPs have an error of ≤ 3.2%.
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So far there have been only a few published fairly high
density genome-wide association studies and these have
so far been based on around 100,000 SNPs. Klein et al,
[21] genotyped 116,204 SNPs in a sample of 96 patients
with age-related macular degeneration, and 50 controls.
They identified a SNP in the complement factor H gene
(CFH) which was strongly associated with disease (nomi-
nal p value <10-7), a result that has been replicated since.
Yamazaki et al, [22] genotyped 72,738 SNPs in 94 Japa-
nese patients suffering with Crohn's Disease, and 752
controls. This lead to the discovery of a highly significant
association with the TNFSF15 gene, p = 1.71 × 10-14 in a
large replication sample. Several more studies on a variety
of phenotypes have been performed but have not been
fully published yet. Summaries of such studies on multi-
ple sclerosis and cardiovascular disease using 100,000
SNP, and Graft-Versus-Host disease using 500,000 SNPs
are available in the Affymetrix Microarray Bulletin of April
2005 [23]. While the results of each study give cause to
believe that genome association approaches can deliver
novel genes, the costs are likely to prevent similar
approaches being applied in all reasonably sized samples
across the whole spectrum of complex disorders. Until the
costs reduce further, our data suggest that as an interim
step, DNA pooling based upon arrays will allow laborato-
ries with relatively modest budgets to usefully contribute
to this research.

Conclusion
When performed on Affymetrix SNP genotyping arrays,
DNA pooling provides a fairly accurate method for iden-
tifying allele frequency differences between samples, with
a mean error of 1.37%. In order to minimise measure-
ment error, the final data should be based upon compos-
ite scores from 4–5 replicates for 10 K arrays, but this
number will probably need to be increased for 500 K
arrays, or where smaller differences in allele frequency are
required. While not essential for measuring differences in
allele frequencies between samples, to obtain estimates of
the statistical significance of those differences, the data
should be corrected for unequal representation of the two
alleles using the coefficient k. Instead of deriving k from
the ratio of signals in heterozygous individuals, we sug-
gest deriving it from pooling data obtained from samples
of reference individuals from whom DNA and vast quan-
tities of genome-wide genotype data are available through
cell repositories and the HapMap respectively. The cost-
efficiency of DNA pooling on arrays should enable even
small laboratories to contribute to genome-wide associa-
tion studies.

Methods
We obtained DNA samples from 30 anonymous CEPH
trios (90 individuals) from The Human Genetic Cell
Repository at the Coriell Institute for Medical Research
[24]. These are the trios that have been genotyped by the
HapMap consortium. DNA pools were prepared using
serial dilutions of the stock DNA and measuring the con-
centration after each dilution with the PicoGreen ds DNA
Quantitation Reagent (Molecular Probes, Eugene, Ore-
gon) on a Labsystems Ascent Fluoroscan (Life Sciences
International, Basingstoke, UK). We aimed at a target con-
centration of approximately 50 ng/µl. From this working
dilution we took equimolar amounts of DNA from each
individual and prepared one pool from all 60 parents and
another pool representing all 30 offspring. The final con-
centration of each pool was 46 ng/µl.

Genotyping with the Affymertix 10 K Xba 142 2.0 Array
was performed at the MRC Rosalind Franklin Centre for
Genomics Research, Wellcome Trust Genome Campus,
Cambridge, UK using the standard protocol recom-
mended by the manufacturer, with no special modifica-
tion. Briefly, 250 ng of genomic DNA per array were
digested with a restriction enzyme (Xba I) and ligated to
adapters that recognise the cohesive four base-pair over-
hangs. A generic primer that recognises the adapter
sequence was then used to amplify the adapter-ligated
fragments in a PCR reaction. The amplified DNA was then
fragmented, labelled and hybridised to the array. The
Affymetrix GeneChip Operating Software (GCOS) col-
lected and extracted feature data from the scanner, which
was then analysed with the Affymetrix GeneChip DNA

Change in error (y-axis) arising from pooled analyses of allele frequency differences between parents and offspring with increasing number of arraysFigure 6
Change in error (y-axis) arising from pooled analyses of allele 
frequency differences between parents and offspring with 
increasing number of arrays. The x-axis shows the number of 
arrays used for each sample. At position 0.5 we show the 
data for a single (sense or antisense) strand. The final obser-
vation (position 5.5) is based upon 5 arrays for children and 6 
arrays for parents (mean 5.5). Mean errors are represented 
by circles, and error thresholds below which 95% (squares) 
and 99% (triangles) of the data lie.
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Analysis Software (GDAS). We performed 5 replicates (5
arrays) of the offspring pool and 6 replicates of the parent
pool. The researcher performing the hybridisation and
scanning of the chips was not informed of the details of
our experiment.

Data analysis

Each Affymetrix 10 K array includes more than 420,000
features, each consisting of over one million copies of a 25
bp oligonucleotide probe of a defined sequence synthe-
sized by photolithographic manufacturing [25]. Each SNP
is interrogated by five probe quartets for each strand of the
DNA. Each quartet is composed of four probes of a perfect
match and mismatch for alleles A and B of that SNP, giv-
ing a total of 40 different 25 bp nucleotides for each SNP,
with each probe having a variation in perfect matches,
mismatches and flanking sequence around the SNP. The
software provides raw data for the intensity of fluores-
cence corresponding to the amount of labelled PCR prod-
uct hybridised to each feature on the microarray. To
convert these data to estimated allele frequencies for each
SNP we used the median of the relative allele signals
(RAS) of the 5 quartets that are available for each SNP on
each strand. These RAS values are produced by the GDAS
programme according to algorithms described by Liu et al,

[20]. This procedure is the same used previously by
Butcher et al, [14]. Although the software used for analysis
of 250 K arrays does not produce RAS scores, these can be
calculated using the same algorithms.

To estimate the accuracy of the pooled analysis, we com-
pared our estimations with the true allele frequency differ-
ences between parents and offspring based upon the
genotypic data available from HapMap. From the 10204
SNPs represented on the array, we first excluded 172 with
no given chromosomal location, followed by 1780 SNPs
that had not been genotyped by the HapMap project at
the time we completed our analysis. We then excluded
1242 SNPs which had one or more individuals with miss-
ing HapMap genotypes because given the small sample
sizes of our pools, data from even a single individual in
the case of children contributes 0.033 to the estimated
allele frequency, which is above the margin of error that
we were hoping to achieve. Finally we excluded the
remaining 167 SNPs on the X-chromosome because with
respect to this chromosome, males and females do not
contribute equimolar amounts of DNA to the pools. This
left 6843 fully informative SNPs suitable for analysis.

Estimation of the correction coefficient (k)

In pooling experiments it is generally customary to nor-
malise the data by accounting for inequalities in the rep-
resentation of each allele [18,26,27]. Such a procedure has
also been reported as necessary for pooled analyses on
microarrays [15]. The correction coefficient (k) is usually
estimated as

k = hA/hB  (1)

where hA and hB are the measurements representing alleles
A and B in heterozygous individuals, for example peak
heights or signal intensities. This ratio is then used to nor-
malize the data from pools in order to calculate fA (the
predicted frequency of allele A):

where HA and HB are the intensities of allele A and B in the
pool. In the current experiment we know the exact allele
frequency for each SNP from the HapMap data, therefore
we can estimate the correction coefficient without the
need to observe heterozygous individuals. For this pur-
pose we first express k from formula (2):

Since 1 - fA is the true frequency of allele B, (we denote it
fB), we can simplify this further:
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Allele frequencies in the offspring pool predicted by pooled analysis and corrected with k (y-axis), plotted against the true allele frequencies of this sample (x-axis)Figure 7
Allele frequencies in the offspring pool predicted by pooled 
analysis and corrected with k (y-axis), plotted against the 
true allele frequencies of this sample (x-axis). The correlation 
coefficient is r = 0.997. Note that the coefficient k was 
derived from parental data (see methods) and then applied to 
the data obtained for children. Any errors in estimating the 
parental allele frequencies are incorporated in the estimate 
of k and therefore the estimate of the allele frequency in off-
spring includes the measurement errors from both samples.
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All values on the right-hand side of formula (3) are

known, so we can estimate k in any pooling experiment

for which we know the true allele frequencies without the

need to observe heterozygous individuals. Indeed, for a

heterozygous individual, the true ratio of the allele fre-

quencies fB/fA of alleles A and B equals to one and there-

fore the formula above simplifies to , which

equates with formula (1) – the standard way of estimating

k from the observation of a heterozygous individual.

The situation in DNA pooling with Affymetrix arrays is
only slightly different, as the RAS score is not just the ratio
of the intensities for alleles A and B, but it is also corrected
for the non-specific hybridisation (the mismatch inten-
sity). The simplified formula of RAS is the median RAS of
all quartets on one strand and approximates to:

where PMA is the intensity of the perfect match for allele
A, PMB is the intensity of the perfect match for allele B and
MM is the mean of the two mismatches [20]. The full algo-
rithm keeps the RAS value bound between 0 and 1. Effec-
tively the RAS score given by the software is the RAS of
allele A. In order to use formula (3), we first express it in
terms of intensities of allele A only, namely fB = 1 - fA and
HB = 1 - HA, and therefore formula (3) can be re-written as

Now we can use the RAS score as the measure of the inten-
sity of allele A (i.e. substitute HA by RAS):

The resulting value for k is in fact the correct value of k for
each SNP observed in our experiment and it does not
require the observation of heterozygous individuals.

This procedure inevitably results in the correct estimation
of parental allele frequencies but exaggerates the error in
estimating allele frequency in the offspring pools as this
contains the error from both samples. It does not however
result in any bias in estimating the performance of the
pooled assay in determining the difference in allele fre-

quencies between pools. The accuracy of that prediction,
when compared with the true difference is the main out-
come in our study.

Authors' contributions
GK and MCO'D conceived of and designed the study

GK performed most of the analysis, contributed to inter-
pretation of the data, and took the lead in drafting the
manuscript

IN performed the bioinformatics work, most importantly
deriving the correct allele frequencies for all SNPs from
the HapMap database

LG constructed the DNA pools

VM performed the data corrections

MJO and MCO'D contributed to interpretation of the data
and to the writing of the manuscript.

Acknowledgements
The authors would like to thank the staff at the MRC Rosalind Franklin 

Centre for Genomics Research, Wellcome Trust Genome Campus, espe-

cially Andrew Dearlove and Dave Negus who performed the genotyping. 

The work was partly supported by a Component Grant of an NIMH funded 

Silvio O Conte Centre for the Neuroscience of Mental Disorders co-ordi-

nated by K Davis of Mt Sinai, NY, USA, and by grants from the MRC (UK).

References
1. Wang WY, Todd JA: The usefulness of different density SNP

maps for disease association studies of common variants.
Hum Mol Genet 2003, 23:3145-3149.

2. Kruglyak L: Prospects for whole-genome linkage disequilib-
rium mapping of common disease genes.  Nat Genet 1999,
22:139-144.

3. Hinds DA, Stuve LL, Nilsen GB, Halperin E, Eskin E, Ballinger DG,
Frazer KA, Cox DR: Whole-genome patterns of common DNA
variation in three human populations.  Science 2005,
307:1072-1079.

4. Risch NJ: Searching for genetic determinants in the new mil-
lennium.  Nature 2000, 405:847-856.

5. Cardon LR, Bell J: Association study designs for complex dis-
eases.  Nat Rev Genet 2001, 2:91-99.

6. McGinnis R, Shifman S, Darvasi A: Power and efficiency of the
TDT and case-control design for association scans.  Behavior
Genet 2002, 32:135-144.

7. Sham PC, Bader JS, Craig I, O'Donovan M, Owen M: DNA pooling:
A tool for large-scale association studies.  Nat Rev Genet 2002,
2:862-871.

8. Norton N, Williams NM, Williams HJ, Spurlock G, Kirov G, Morris
DW, Hoogendoorn B, Owen MJ, O'Donovan MC: Universal,
robust, highly quantitative SNP allele frequency measure-
ment in DNA pools.  Hum Genet 2002, 110:471-478.

9. Risch N, Teng J: The relative power of family-based and case-
control designs for association studies of complex human
diseases. I. DNA pooling.  Genome Res 1998, 8:1273-1288.

10. Barcellos LF, Klitz W, Field LL, Tobias R, Bowcock AM, Wilson R,
Nelson MP, Nagatomi J, Thomson G: Association mapping of dis-
ease loci, by use of a pooled DNA genomic screen.  Am J Hum
Genet 1997, 61:734-747.

11. Daniels J, Holmans P, Williams N, Turic D, McGuffin P, Plomin R,
Owen MJ: A simple method for analyzing microsatellite allele
image patterns generated from DNA pools and its applica-

k
H

H

f

f
A

B

B

A

= ⋅ ( )3

k
H

H
A

B

=

RAS
PM MM

PM MM PM MM
A

A B

=
−

− + −

( )

( )

k
H H f

f H f
A A A

A A A

=
−

−
.

k
f

f f
A

A A

=
− ⋅

− ⋅

RAS RAS

RAS
.



Publish with BioMed Central   and  every 
scientist can read your work free of charge

"BioMed Central will be the most significant development for 

disseminating the results of biomedical research in our lifetime."

Sir Paul Nurse, Cancer Research UK

Your research papers will be:

available free of charge to the entire biomedical community

peer reviewed and published immediately upon acceptance

cited in PubMed and archived on PubMed Central 

yours — you keep the copyright

Submit your manuscript here:

http://www.biomedcentral.com/info/publishing_adv.asp

BioMedcentral

BMC Genomics 2006, 7:27 http://www.biomedcentral.com/1471-2164/7/27

Page 10 of 10

(page number not for citation purposes)

tion to allelic association studies.  Am J Hum Genet 1998,
62:1189-1197.

12. Kirov G, Williams N, Sham P, Craddock N, Owen MJ: Pooled gen-
otyping of microsatellite markers in parent-offspring trios.
Genome Res 2000, 10:105-115.

13. Tamiya G, Shinya M, Imanishi T, Ikuta T, Makino S, Okamoto K, Furu-
gaki K, Matsumoto T, Mano S, Ando S, Nozaki Y, Yukawa W,
Nakashige R, Yamaguchi D, Ishibashi H, Yonekura M, Nakami Y,
Takayama S, Endo T, Saruwatari T, Yagura M, Yoshikawa Y, Fujimoto
K, Oka A, Chiku S, Linsen SE, Giphart MJ, Kulski JK, Fukazawa T,
Hashimoto H, Kimura M, Hoshina Y, Suzuki Y, Hotta T, Mochida J,
Minezaki T, Komai K, Shiozawa S, Taniguchi A, Yamanaka H, Kamatani
N, Gojobori T, Bahram S, Inoko H: Whole genome assocciation
study of rheumatiod arthritis using 27039 microsatellites.
Hum Mol Genet 2005, 14:2305-2321.

14. Butcher LM, Meaburn E, Liu L, Fernandes C, Hill L, Al-Chalabi A, Plo-
min R, Schalkwyk L, Craig IW: Genotyping pooled DNA on
microarrays: a systematic genome screen of thousands of
SNPs in large samples to detect QTLs for complex traits.
Behav Genet 2004, 34:549-555.

15. Meaburn E, Butcher LM, Liu L, Fernandes C, Hansen V, Al-Chalabi A,
Plomin R, Craig I, Schalkwyk LC: Genotyping DNA pools on
microarrays: tackling the QTL problem of large samples and
large numbers of SNPs.  BMC Genomics 2005, 6:52-.

16. Butcher LM, Meaburn E, Knight J, Sham PC, Schalkwyk LC, Craig IW,
Plomin R: SNPs, microarrays and pooled DNA: identification
of four loci associated with mild mental impairment in a
sample of 6000 children.  Hum Mol Genetics 2005, 14:1315-1325.

17. Liu QR, Drgon T, Walther D, Johnson C, Poleskaya O, Hess J, Uhl
GR: Pooled association genome scanning: Validation and use
to identify addiction vulnerability loci in two samples.  Proc
Natl Acad Sci USA 2005, 102:11864-11869.

18. Moskvina V, Norton N, Williams N, Holmans P, Owen M, O'Donovan
M: Streamlined analysis of pooled genotype data in SNP-
based association studies.  Genet Epidemiol 2005, 28:273-282.

19. Simpson CL, Knight J, Butcher LM, Hansen VK, Meaburn E, Schalkwyk
LC, Craig IW, Powell JF, Sham PC, Al-Chalabi A: A central
resource for accurate allele frequency estimation from
pooled DNA genotyped on DNA microarrays.  Nucleic Acids
Res 2005, 33:e25-.

20. Liu WM, Di X, Yang G, Matsuzaki H, Huang J, Mei R, Ryder TB, Web-
ster TA, Dong S, Liu G, Jones KW, Kennedy GC, Kulp D: Algo-
rithms for large-scale genotyping microarrays.  Bioinformatics
2003, 19:2397-2403.

21. Klein RJ, Zeiss C, Chew EY, Tsai JY, Sackler RS, Haynes C, Henning
AK, SanGiovanni JP, Mane SM, Mayne ST, Bracken MB, Ferris FL, Ott
J, Barnstable C, Hoh J: Complement factor H polymorphism in
age-related macular degeneration.  Science 2005, 308:385-389.

22. Yamazaki K, McGovern D, Ragoussis J, Paolucci M, Butler H, Jewell D,
Cardon L, Takazoe M, Tanaka T, Ichimori T, Saito S, Sekine A, Iida A,
Takahashi A, Tsunoda T, Lathrop M, Nakamura Y: Single nucle-
otide polymorphisms in TNFSF15 confer susceptibility to
Crohn's disease.  Hum Mol Genet 2005, 14:3499-3506.

23. Affymetrix Microarray Bulletin April 2005   [http://www.micro
arraybulletin.com/downloads/April-AMB.pdf]

24. Coriell Cell Repository   [http://ccr.coriell.org/nigms/over
view.html]

25. Affymetrix GeneChip arrays. Mapping 10 K 2.0 Array   [http:/
/www.affymetrix.com/products/arrays/specific/10k2.affx]

26. Hoogendoorn B, Norton N, Kirov G, Williams N, Hamshere ML,
Spurlock G, Austin J, Stephens MK, Buckland PR, Owen MJ, O'Dono-
van MC: Cheap, accurate and rapid allele frequency estima-
tion of single nucleotide polymorphisms by primer extension
and DHPLC in DNA pools.  Hum Genet 2000, 107:488-93.

27. Le Hellard S, Ballereau SJ, Visscher PM, Torrance HS, Pinson J, Morris
SW, Thomson ML, Semple CA, Muir WJ, Blackwood DH, Porteous
DJ, Evans KL: SNP genotyping on pooled DNAs: comparison of
genotyping technologies and a semi automated method for
data storage and analysis.  Nucleic Acids Res 2002, 30:e74-.


	Abstract
	Background
	Results
	Conclusion

	Background
	Results
	Reproducibility
	Allele frequency estimation
	Correcting the data

	Discussion
	Data correction
	10 K versus 250 K arrays

	Conclusion
	Methods
	Data analysis
	Estimation of the correction coefficient (k)

	Authors' contributions
	Acknowledgements
	References

