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ABSTRACT: Pooled genomic DNA has been proposed 
as a cost-effective approach in genomewide association 
studies (GWAS). However, algorithms for genotype call-
ing of biallelic SNP are not adequate with pooled DNA 
samples because they assume the presence of 2 fluo-
rescent signals, 1 for each allele, and operate under the 
expectation that at most 2 copies of the variant allele can 
be found for any given SNP and DNA sample. We adapt 
analytical methodology from 2-channel gene expression 
microarray technology to SNP genotyping of pooled 
DNA samples. Using 5 datasets from beef cattle and 
broiler chicken of varying degrees of complexity in terms 
of design and phenotype, continuous and dichotomous, 
we show that both differential hybridization (M = green 
minus red intensity signal) and abundance (A = average 
of red and green intensities) provide useful information 
in the prediction of SNP allele frequencies. This is pre-
dominantly true when making inference about extreme 
SNP that are either nearly fixed or highly polymorphic. 
We propose the use of model-based clustering via mix-

tures of bivariate normal distributions as an optimal 
framework to capture the relationship between hybrid-
ization intensity and allele frequency from pooled DNA 
samples. The range of M and A values observed here are 
in agreement with those reported within the context of 
gene expression microarray and also with those from 
SNP array data within the context of analytical meth-
odology for the identification of copy number variants. 
In particular, we confirm that highly polymorphic SNP 
yield a strong signal from both channels (red and green) 
while lowly or nonpolymorphic SNP yield a strong sig-
nal from 1 channel only. We further confirm that when 
the SNP allele frequencies are known, either because the 
individuals in the pools or from a closely related popu-
lation are themselves genotyped, a multiple regression 
model with linear and quadratic components can be 
developed with high prediction accuracy. We conclude 
that when these approaches are applied to the estimation 
of allele frequencies, the resulting estimates allow for the 
development of cost-effective and reliable GWAS.
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 INTRODUCTION

Pooling DNA samples can provide a cost-effec-
tive approach to increase power in genomewide asso-
ciation studies (GWAS; Sham et al., 2002). However, 
the estimation of SNP allele frequencies in a pooled 
DNA sample requires a numerical procedure that ex-
ploits the relative intensity signal of the 2 alternate 
alleles.

According to Craig et al. (2005), allelic frequen-
cies are approximated using a k-correction method 
such that f = A/(A + kB), in which k is a correction 
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factor and A and B represent the intensity signals from 
the 2 alleles in the SNP. The authors devised a pooling 
test statistic as a function of the number of individu-
als in the pool, the SD of the technical replicates, and 
the number of replicates. The approach was success-
fully used by Pearson et al. (2007) and general issues 
regarding the feasibility of GWAS using pooled DNA 
samples was explored by the same authors in Szelinger 
et al. (2011).

From a different perspective, Brohede et al. (2005) 
proposed a polynomial-based algorithm to estimate 
allele frequencies and its optimality was later ascer-
tained by Anantharaman and Chew (2009) concluding 
that the algorithm is highly accurate and reproducible, 
especially when a reference sample is used to estimate 
parameters of the polynomial.

More recently, Henshall et al. (2012) explored the 
value of logistic regression of genotype on phenotype to 
estimate the effect of SNP genotype from pooled DNA 
samples. Various pooling strategies were explored and 
pooled genotypes generated in silico as the frequencies 
of alleles in animals in the pool. The authors confirmed 
that pooling DNA from individuals within groups is su-
perior to pooling DNA across groups.

The aim of this paper was to conduct an initial ex-
amination of the value of analyzing intensity signals 
from SNP chips based on pooled DNA samples from 
beef cattle and broiler chicken. Analytical approaches 
include model-based clustering and polynomial regres-
sion of signal intensities.

MATERIALS AND METHODS

Blood samples were collected from commercial 
herds and flocks under the guidance of the local commit-
tees for the care and use of animals. Cattle blood sam-
ples were collected under approval number A6/2011 of 
the Commonwealth Scientific and Industrial Research 
Organisation Brisbane Animal Ethics Committee, 
chicken blood samples were collected following the 
Cobb-Vantress Inc. Animal Welfare Policy.

Data and Edits

We used 5 datasets with varying number of samples 
from 3 to 103. All samples were genotyped for approxi-
mately 50,000 SNP designed for bovine or chicken DNA. 
Table 1 lists and briefly describes the structure of the 5 
datasets. Further details are provided next.

1. DATA1 – Bovine Proof of Concept. To explore the 
pattern of clusters in the fluorescent intensity signals 
that can be expected from SNP data using DNA from 
pooled blood samples, we designed a simple experi-
ment comprising 3 bovine samples genotyped using 
the BovineSNP50 V2 array chip (Illumina Inc., San 
Diego, CA). For this initial, proof of concept experi-
ment, DNA prepared from a single blood sample 
and a pool of 2 and a pool of 5 blood samples was 
tested. For pooled blood DNA preparation, 200 μL 
of whole blood from each animal was combined and 
mixed by inverting the tubes. Subsequently, DNA 
was extracted from a subsample of the blood mix-
ture with the DNeasy Blood and Tissue Kit (Qiagen 
Inc., Hilden, Germany).

2. DATA2 – Bovine Stature. Blood samples from 76 in-
dividual cows where used to create 11 pools. Ten pools 
contained equal volumes of blood from 7 individuals 
and 1 pool contained 6 samples. Genomic DNA was 
extracted from the pooled blood as described above 
and genotyped using the BovineSNP50 V2 array chip 
(Illumina). Individuals within a pool were selected ac-
cording to their stature so that individuals with similar 
height were pooled together. To allow for the measure-
ment of technical variation, 1 of the pools was replicat-
ed. These criteria resulted in 12 pools, which were fur-
ther subjected to 2 treatments based on the number of 
freeze–thaw cycles. In the first treatment, the DNA was 
extracted from whole blood frozen and thawed twice, 
while in the second treatment, the DNA was extracted 
whole blood frozen and thawed 3 times. Importantly, 
these 76 individuals were part of a larger population of 
1,193 cows previously individually genotyped with the 
BovineSNP50 V2 chip (Illumina) previously reported 
by Henshall et al. (2012).

Table 1. Description of the 5 datasets used in this study
Dataset Species Samples Description
DATA1 Bovine 3 Bovine Proof of Concept: A single DNA sample and a pool of 2 and a pool of 5 samples 

were genotyped to explore the emerging clusters of intensity signals.
DATA2 Bovine 24 Bovine Stature: Samples from 76 individuals to generate 24 pools each with 7 samples 

from a genotyped population of 1,193 Santa Gertrudis cows pooled according to stature.
DATA3 Bovine 69 Bovine Pregnancy Status: Samples from 959 age-matched cows were pooled according 

to pregnancy status (644 pregnant and 315 nonpregnant).
DATA4 Chicken 12 Chicken Proof of Concept: Thirty-five individually genotyped chickens were pooled in 

groups of 5, 10, or 20 and with 2 blood volumes and 2 technical replicates.
DATA5 Chicken 103 Chicken Feed Efficiency: One hundred three pools were genotyped from 2,007 chickens 

pooled according to their average feed efficiency performance.
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3. DATA3 – Bovine Pregnancy Status. Blood samples 
from a total of 959 3-yr-old Santa Gertrudis cows at 
their first rebreeding opportunity were pooled accord-
ing to pregnancy status. The animals were unrelated 
to animals in DATA2 and were part of a commercial 
cow herd located in Queensland and bred by natu-
ral mating and subjected to once-yearly pregnancy 
testing performed at the time of weaning the previ-
ous year’s calves. All cows were lactating at the time 
of pregnancy testing, which was performed by pal-
pation of the reproductive tract. Cows that had not 
reconceived by natural mating while suckling their 
first calf received the designation of “nonpregnant.” 
Cows in which pregnancy was detected by palpation 
were called “pregnant.” There were 644 pregnant 
and 315 nonpregnant cows and 69 pools were cre-
ated and DNA was extracted and genotyped using the 
BovineSNP50 V2 chip (Illumina). On average, there 
were 20.51 DNA samples in a pool and these ranged 
from 1 (3 pools) to 25 (6 pools).

4. DATA4 – Chicken Proof of Concept. Thirty-five 
broiler chickens were individually genotyped using the 
Illumina ChickenSNP60 chip (Illumina). The chip con-
tains 57,636 SNP markers from a whole-genome panel 
developed by Groenen et al. (2009). Blood from the 35 
chickens previously genotyped was pooled in groups 
of 5, 10, or 20, and DNA was extracted from blood 
pools and genotyped. For the DNA extraction, 2 blood 
volumes were explored, 20 and 50 μL, and 2 technical 
replicates performed to use a total of 12 samples (i.e., 3 
pool sizes × 2 blood volumes × 2 replicates).

5. DATA5 – Chicken Feed Efficiency. A total of 2,007 
individual chicken blood samples were used to make 
103 blood pools according to their average feed effi-
ciency (FE). On average, there were 19.5 individuals 
in each pool (range: 13 to 23) and individuals within 
a pool were from the same management group (n = 6) 
and sex (n = 2). The original data represented 80 sire 
families and contained 776 males and 1,231 females 
with an average (SD) FE of 0.00 (99.66) and –1.04 
(97.15), respectively.

Intensity Signals in the Context of SNP Genotype Data

The allele specific intensity signals can be explored by 
means of the scatter plot of the M values (green minus red 
intensity signals) in the y axis against the A values (average 
of green and red intensity signals) in the x axis. The base-2 
logarithmic scale is used throughout. Originally coined by 
Dudoit et al. (2002) in the context of gene expression data, 
these plots are typically used to check for the need to fur-
ther normalize that data and, most importantly, to identify 
genes differentially expressed. In the context of SNP geno-
type data from truly biallelic SNP and individual samples, 

the intensity signals are supposed to be either perfect green 
(e.g., genotype AA) or perfect red (e.g., genotype BB) or 
perfect yellow (e.g., genotype AB). However, when pooled 
samples are used, deviations from “perfect” green, red, or 
yellow are expected from any given SNP due to possible 
genotype differences among the samples.

Figure 1 illustrates the rationale for the use of the 
scatter plot of M and A values in the context of genotyp-
ing pools of DNA. Each point in the scatter represents a 
single SNP. From top to bottom, 3 distinct clusters can 
be identified: 1) The uppermost cluster, or “green” cluster, 
corresponds to the SNP for which the green signal pre-
dominates (i.e., the “A” allele is more common than the 
“B” allele) and most individuals in the DNA pool have 
genotype AA for these SNP. 2) The middle cluster, or 
“yellow” cluster, corresponds to the SNP for which neither 
signal, green or red, predominate resulting in the emis-
sion of a yellow signal. Most individuals in the DNA pool 
have genotype AB for these SNP. 3) The bottom cluster, 
or “red” cluster, corresponds to the SNP for which the red 
signal predominates (i.e., the “A” allele is less common 
than the “B” allele) and most individuals in the DNA pool 
have genotype BB for these SNP.

Figure 1. Rationale for the use of the scatter plot of the M values (green 
minus red intensity signals) against the A values (average of green and red 
intensity signals) in the context of genotyping pools of DNA. Each point in 
the scatter represents a SNP. Three clusters are clearly distinguishable from 
green (most individuals in the DNA pool having genotype AA for these SNP), 
to yellow (genotype AB), to red (genotype BB). See online version for figure 
in color.
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Model-Based Clustering via Bivariate Mixture Models

Model-based clustering via mixture of distributions 
has been proposed by a number of authors to analyze 
microarray gene expression data in a uni- and bivariate 
fashion (see for instance Reverter et al. [2006] and refer-
ences therein). In the present study, for each SNP in i, 
the paired data points in Mi and Ai were assumed to be 
independent observation from a p-component mixture 
model (or clusters) with probability density function:
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denotes a bivariate normal density function with 2-di-
mensional mean vector μj and a 2 × 2 covariance ma-
trix Vj, and πj are the mixing proportions constrained to 
be nonnegative and sum to unity. In the present study, 
we explored p = 3 and p = 5 clusters depending on the 
number of DNA samples in the pools. In all cases, pa-
rameters of the mixture model were estimated using the 
EMMIX software (McLachlan et al., 2002).

Multiple Regression Models

For DATA2 (Bovine Stature), DATA4 (Chicken 
Proof of Concept), and DATA5 (Chicken Feed 
Efficiency) for which SNP genotypes were available on 
pools as well as on the individual DNA samples com-
prising the pools, we used the PROC REG procedure 
(SAS Inst. Inc., Cary, NC) to analyze the frequency of 
the first allele (p) in a multiple regression model that in-
cluded the effects of Mi and Ai with linear and quadratic 
components. The regression model was as follows:

2 2
0 1 2 3 4M A M Ai i i i ip b b b b b= + + + + ,

in which pi is the frequency of the first allele for the 
ith SNP and obtained from genotyping individual DNA 
samples, Mi and Ai are the intensity signal metrics de-
fined earlier, and the β correspond to the estimated par-
tial regression coefficients.

Finally, the regression equation resulting from 
DATA2 (Bovine Stature) was used to estimate the pi in 
DATA3 (Bovine Pregnancy Status) for which only pools 
were available.

Genomewide Association Studies

With the first allele frequencies estimated as previous-
ly described we performed GWAS for DATA3 (Bovine 
Pregnancy Status) and DATA5 (Chicken Feed Efficiency).

For the GWAS of DATA3, we adapted the method-
ology described by Macgregor et al. (2006) for case-
control samples and with “pregnant” vs. “nonpregnant” 
as our contrast. In particular, the difference in allele fre-
quency between pregnant and nonpregnant pools was 
tested using the following test statistic:
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In the expression above, Pp  and Np  denote the first allele 
frequency estimated for pregnant and nonpregnant pools, 
respectively. The binomial sampling variance in V  is es-
timated by ( ) ( )1 2 1 2P P P N N NV p p n p p n= − + −

    , in which nP 
and nN denote the number of pregnant and nonpregnant 
pools, respectively. Finally, var(epool–1) is the variance 
of the pool-specific error in allele frequency estimation 
and computed over all SNP as follows:
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For the GWAS of DATA5 (Chicken Feed Efficiency), 
the additive effect of each SNP was estimated based on 
logistic regression of estimated allele frequencies in 
pools on phenotype as measured by the average FE of 
the individuals in each pool. Logistic regression analyses 
for the pools were performed using analytical methodol-
ogy described in Henshall et al. (2012) and estimated 
SNP effects from pooled DNA samples were compared 
with those obtained from individual DNA samples on 
the available 2,007 chicken.

For the GWAS on individual DNA samples, the ef-
fect of each SNP was estimated in turn using the follow-
ing mixed model equations:

i iu ab= + + +y X Z S e

in which y represents the vector of FE measures across 
the 2,007 chicken, X is the incidence matrix relating 
fixed effects in β with observations in y, Z is the inci-
dence matrix relating random additive polygenic effects 
in u with observations in y, Si is the vector of genotypes 
for the ith SNP across all chicken, ai represents the addi-
tive effect of the ith SNP, and e is the vector of random 
residual effects. Fixed effects included in the model were 
contemporary group and sex with n = 6 × 2 = 12 levels. 
We used Qxpak5 (Pérez-Enciso and Misztal, 2011) to 
estimate SNP additive effects and test their significance.

Following Bolormaa et al. (2013), the false discov-
ery rate (FDR) was calculated as
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( ) ( )( )FDR 1 / / / 1P S T S T P= − −  

In which P is the P-value tested (e.g., 0.0001), S is the 
number of SNP that were significant at the P-value test-
ed, and T is the total number of SNP tested.

RESULTS AND DISCUSSION

Summary Statistics for M and A Values
Preliminary analyses of DATA2 (Bovine Stature) 

across all SNP revealed no significant association 
(P-value = 0.3108) of the treatment effect (i.e., 2 versus 3 
rounds of freeze–thaw cycles) on the red to green relative 
intensity signals. Similarly, for DATA4 (Chicken Proof of 
Concept) neither pool size (i.e., 5 vs. 10 vs. 20; P-value = 
0.9573) nor volume (20 vs. 50 μL; P-value = 0.9899) nor 
technical replicate (P-value = 0.8790) were significant 
sources of variation in the relative intensity signals.

Table 2 provides the number of records, SNP, and 
summary statistics for the M and A intensity signal met-
rics across the 5 datasets. The number of records (N) is the 
product of the number of SNP times the number of samples 
genotyped. Across datasets, consistent M values were ob-
served: centered at 0 and with a SD averaging 2.18 (SD 
range from 1.99 to 2.35 for DATA5 and DATA1, respec-
tively). Values for the A metric were also consistent across 
datasets averaging 12.78 and with a CV ranging from 5.8% 
for DATA1 and DATA4 to 6.8% for DATA2 and DATA3.

Importantly, the range of M and A values observed 
here are in agreement with those reported within the con-
text of gene expression microarray. See for instance the 
early work of Dudoit et al. (2002) and Bolstad et al. (2003) 
for 2-channel cDNA and 1-channel oligonucleotide array 
data, respectively. Our M and A  values also agree with 
those from SNP array data within the context of analytical 
methodology for the identification of copy number vari-
ants (recently reviewed by Li and Olivier [2013]).

Plots of M and A Values and Mixtures of Distributions

Figure 2 shows the plots of M and A values re-
sulting from the analysis of DATA1 (Bovine Proof of 
Concept) along with the estimated distributions of the 
mixture models. When only the DNA of 1 individual is 
genotyped the M and A plot shows 3 tight clusters (Fig. 
2A) corresponding to the 3 possible genotypes: an upper 
cluster of positive M values capturing 40.8% of the SNP 
according to the mixture model and presumably all with 
homozygous AA genotype, a middle cluster of interme-
diate (i.e., around 0) M values capturing 29.1% of the 
SNP according to the mixture models and presumably 
all with heterozygous AB genotype, and a lower cluster 

of negative M values made of the remaining 30.1% of 
the SNP presumably with homozygous BB genotype.

The expectation of a clear distinction between the 3 
clusters observed in Fig. 2A is what SNP genotype calling 
algorithms exploit in the mapping of raw allele A and al-
lele B intensities from each SNP into the 3 genotype calls: 
AA, AB, or BB. See for instance the work of Ritchie et 
al. (2011) and Chai et al. (2010) respectively for Illumina 
(Illumina Inc., San Diego, CA) and Affymetrix SNP chips 
(Affymetrix Inc., Santa Clara, CA).

When samples from 2 individuals are pooled and gen-
otyped, the resulting plot of M and A values shows five 
distinct clusters (Fig. 2B) corresponding to observing 0 to 
4 copies of the variant allele, B. This would be equivalent 
to genotyping a biallelic SNP (still with alleles A and B) 
on a DNA from a tetraploid individual where the 5 pos-
sible genotypes (percent of SNP according to the mixture 
models in brackets) would be AAAA (25.2%), AAAB 
(11.5%), AABB (22.3%), ABBB (23.7%), and BBBB 
(17.3%). Finally, when 5 samples are pooled and geno-
typed, the clusters get diffuse (Fig. 2C) with monomor-
phic SNP occupying the extremes in the scale of M values.

Importantly, in all 3 cases, the clusters with intermedi-
ate M values are associated with higher A values and this is 
reflected in the estimated means for the distributions of the 
mixture models. This finding anticipates the importance of 
using not only the relative intensity signal of each channel 
(red and green) captured by M values but also the abun-
dance of both signals captured by the average in A values.

While there is not a precise reason as to why the clus-
ter of intermediate M values is associated with higher A 
values, it is tempting to speculate that highly polymor-
phic SNP yield a strong signal from both channels (red 
and green) while lowly or nonpolymorphic SNP yield a 
strong signal from 1 channel only. When averaging is 
made in the computation of A values, highly polymor-

Table 2. Summary statistics for the M1 and A1 intensity 
signal metrics across the 5 datasets
Dataset SNP N Metric Mean2 SD2 Minimum2 Maximum2

DATA1 54,606 163,818 M –0.00 2.35 –5.35 4.18
A 12.67 0.74 9.64 14.96

DATA2 47,762 1,146,288 M 0.05 2.17 –6.71 5.67
A 13.14 0.90 8.49 15.50

DATA3 47,844 3,301,236 M 0.02 2.33 –8.15 6.80
A 12.97 0.88 7.04 15.25

DATA4 49,756 597,072 M –0.02 2.06 –6.19 5.07
A 12.66 0.74 9.53 14.76

DATA5 57,589 5,931,667 M –0.22 1.99 –6.94 4.55
A 12.47 0.75 7.91 14.64

1Metrics: M stands for minus and is computed from the difference between 
green and red intensity signals; A stands for average and is computed from the 
average of green and red intensity signals. Intensity signals are expressed in 
base-2 logarithmic units.

2Units are fluorescent intensity units in base-2 log-scale.
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phic SNP show twice as much average signal than lowly 
polymorphic SNP and this doubling in the average signal 
is reflected by a difference of 1 in the base-2 log-scale. 
Supporting this speculation, the estimates of the mixtures 
of distribution show a difference of 1 between the esti-
mate of the mean A values (approximately 12.3 intensity 
units) for the upper and lower clusters and the estimate 
of the mean A values (approximately 13.3) for the middle 
cluster. Quite significantly, this pattern of 1 unit differ-
ence can be observed in Fig. 5A of Ritchie et al. (2011) 
with an example of signals from a good quality array.

Estimation of Allele Frequency

Figure 3 shows the M and A plots resulting from 
the analyses of DATA2 (Bovine Stature) and DATA4 
(Chicken Proof of Concept). Every point in these plots 
represents a single SNP and its location in the M and A co-
ordinates corresponds to the average across all replicates. 
Overlaid in these plots are the SNP first allele frequen-
cies (pi) estimated from genotyping the individual DNA 
samples and color coded from red to yellow to green for 
low, intermediate, and high pi, respectively. These plots 

illustrate the strong relationship that exists between the pi 
and the M and A values resulting from genotyping pools 
and confirming the expectation of intermediate M values 
(i.e., near 0) corresponding to highly polymorphic SNP, 
while extreme M values (i.e., either extreme positive or 
extreme negative) correspond to lowly polymorphic SNP.

When the pi were modeled as a function of the M and 
A values, we estimated the multiple regression equations 
given in Table 3. The goodness of fit, as explained by the 
R2, indicated that over 78% (and a maximum of 92.4% 
for DATA4) of the variation in pi can be explained by 
linear and quadratic components of M and A values. 
These R2 are similar to those reported by Brohede et al. 
(2005), which averaged 90.4 and 95.9% for biological 
and technical replicates, respectively. They also contrast 
with the 96% of the corrected relative allele signal meth-
odology recently reported by Teumer et al. (2013) with 
technical replicates and using the Birdseed2 genotype 
calling algorithm (Korn et al., 2008).

Consistent across the 3 datasets (DATA2, DATA4, 
and DATA5), we observed a significant (P < 0.001) 
negative β1 (the partial regression coefficient associated 
with the linear component of the M values) indicating 

Figure 2. Scatter plots of M values (green minus red intensity signals) against A values (average of green and read intensity signals) and parameters of 
the model-based clustering via mixtures of distributions for the three samples of DATA1 – Proof of Concept: (A) a single DNA sample, (B) a pool of 2 DNA 
samples, and (C) a pool of 5 DNA samples.
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that as the M value increases the frequency of the first 
allele decreases. Similarly, a consistent and significant 
(P < 0.001) positive β2 (the partial regression associated 
with the linear component of the A values) was estimated 
indicating that as A values increases the frequency of the 
first allele also increases. However, this linear increase 
is offset by the significant (P < 0.001) and negative es-
timate of β4 (the partial regression associated with the 
quadratic component of the A values).

Furthermore, when this polynomial was used to pre-
dict the pi from the pools in DATA3 (Bovine Pregnancy 
Status) the results allowed us to undertake a GWAS for 
pregnancy rate (Fig. 3).

Genomewide Association Studies

The multiple regression equation obtained with 
DATA2 (Bovine Stature) was used to estimate the pi 
from DATA3 (Bovine Pregnancy Rate) and these were 
then used to perform a GWAS to identify loci associat-
ed with pregnancy rate. Figure 4 shows the distribution 
along the genome of P-values (Manhattan plot) of the 
47,844 SNP included in the GWAS as well as the Q-Q 
plot of P-values.

The peaks of significance in the Manhattan plot are 
less clear than what it is usually found from the analysis 
of individual DNA samples. Nevertheless, the number 
of SNP found to be significantly associated with preg-
nancy rate at the nominal P-values of 0.01, 0.001, and 
0.0001 was 943 (FDR = 50.24%), 321 (FDR = 14.82%), 
and 145 (FDR = 3.29%), respectively. When the genom-
ic region of the 145 associated SNP (P < 0.0001) was 

surveyed we found that 34 of them (Table 4) were relat-
ed to genes reported in the recent review of Fortes et al. 
(2013a) as associated with fertility in cows. Prominent 
among these genes are PENK and IGF2. The prepro-
enkephalin gene (PENK) is in the region of BTA14 re-
ported for its pleiotropic potential in cattle (Fortes et al., 
2013b) and where PLAG1 gene is encoded. Karim et al. 
(2011) showed that a mutation on PLAG1 affecting stat-
ure in cattle also changed the expression of PENK in fe-
tal tissues. The insulin-like growth factor 2 gene (IGF2) 
is an imprinted gene, expressed only from the paternal 
allele, and exerts its effects by binding the IGF1 recep-
tor (Baker et al., 1993). The role of IGF1 pathway genes 
and their association with age of puberty in cattle has 
been documented by Fortes et al. (2012).

The application of the equation to estimate allele 
frequencies for DATA5 (Chicken Feed Efficiency) al-
lowed us to perform GWAS to identify loci associated 
with FE using the 103 DNA pools. Figures 5A and 5B 

Table 3. Parameter estimates of the multiple regression of 
first allele frequency on M1 and A1 intensity signal metrics2

Dataset β0 β1 β2 β3 β4 R2, %
DATA2 –5.586 –0.141 0.933 0.003 –0.036 78.4
DATA4 –0.054 NS –0.154 0.129 –0.003 –0.007 92.4
DATA5 –5.808 –0.153 1.021 –0.000 NS –0.042 80.2

1Metrics: M stands for minus and is computed from the difference between 
green and red intensity signals; A stands for average and is computed from the 
average of green and red intensity signals. Intensity signals are expressed in 
base-2 logarithmic units.

2The regression model is as follows: 2 2
0 1 2 3 4â â M â A â M â Ai i i i ip = + + + + . 

Parameter estimates not significantly different from 0 (P > 0.05) are indicated 
by (NS). (NS = not significant.)

Figure 3. Scatter plots of the M values (green minus red intensity signals) against the A values (average of green and red intensity signals) for (A) DATA2 
– Bovine Stature and (B) DATA4– Chicken Proof of Concept and with overlaid estimates of first allele frequency from red (low allele frequency) to green (high 
allele frequency) based on genotyping of individual samples. See online version for figure in color.
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Figure 4. Results from the genomewide association studies (GWAS) of DATA3 – Bovine Pregnancy Status. (A) Manhattan plot of the distribution of 
P-values of SNP in association with pregnancy rate. The horizontal axis represents the SNP location alongside the 30 bovine chromosomes (with chromosome 
30 being the X chromosome) and the vertical axis gives the –log10(P-value). Horizontal lines correspond to nominal thresholds of –log10(P-value) of 4 and 7 
capturing significant SNP listed in Table 4. (B) The Q-Q plot of P-values from GWAS of pregnancy rate. See online version for figure in color.
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show the Manhattan plot of the distribution of P-values 
of SNP in association with FE using individual and 
pooled DNA samples. Table 5 provides the number of 
significant SNP and FDR at 5 nominal P-values. Using 
pooled DNA samples, the number of significant SNP at 
the nominal P-values of 0.01, 0.001, and 0.0001 was 895 
(FDR = 46.16%), 178 (FDR = 23.40%), and 30 (FDR = 
13.92%), respectively. As expected, at any given signifi-
cance threshold, the GWAS of individual DNA samples 
yielded more SNP and hence lower FDR than the GWAS 
of DNA pools (Table 5; Fig. 5C). A total of 1,852, 428, 
and 76 SNP were found to be significant in both GWAS 
at P-values of 0.05, 0.01, and 0.001, respectively (Table 
5). The SNP effects estimated from pools were highly 
correlated with those estimated from individual DNA 
samples and this correlation increases with the signifi-

cance threshold (Fig. 5D). At P-values of 0.05, 0.01, and 
0.001, the correlation between SNP effects were 0.915, 
0.923, and 0.935, respectively.

Table 4. Identity of SNP associated with pregnancy rate (P < 0.0001) in the present study and with genomic region 
and candidate genes reported in the literature as influencing bovine female fertility phenotypes
SNP BTA1 Mb Gene Reference
Hapmap50687-BTA-41950 1 30.8 GBE1 Cole et al. (2011)
BTB-01211220 1 92.3 NLGN1 Cole et al. (2011)
BTB-00077049 2 1.7 ARHGEF4 Hawken et al. (2012)
BTA-68622-no-rs 3 91.8 BSND Cole et al. (2011)
ARS-BFGL-NGS-78389 4 49.1 SLC26A3 Sahana et al. (2010)
BTB-00202925 4 93.9 TSPAN33 Sahana et al. (2010)
ARS-BFGL-NGS-25578 5 28.1 ACVRL1 Hawken et al. (2012)
BTB-00226316 5 44.2 MIR2427 Hawken et al. (2012)
ARS-BFGL-NGS-6160 6 118.6 PSAPL1 Hawken et al. (2012)
ARS-BFGL-NGS-55438 8 61.1 MELK Hawken et al. (2012)
BTA-24875-no-rs 8 112.5 RAB14 McClure et al. (2010)
ARS-BFGL-NGS-20827 8 112.8 ALLC McClure et al. (2010)
ARS-BFGL-NGS-108654 11 29.9 MSH6 Hawken et al. (2012)
Hapmap56532-rs29016027 11 42.8 BCL11A Hawken et al. (2012)
ARS-BFGL-NGS-36039 11 49.7 KCMF1 Holmberg and Andersson-Eklund (2006)
BTA-31432-no-rs 12 11.4 MTRF1 Lien et al. (2000)
ARS-BFGL-NGS-103125 13 29.7 CDNF Holmberg and Andersson-Eklund (2006)
ARS-BFGL-NGS-86040 13 31.1 PTER Hawken et al. (2012)
ARS-BFGL-BAC-839 13 57.3 PHACTR3 Sahana et al. (2010)
BTA-32994-no-rs 13 57.8 SLMO2 Sahana et al. (2010)
BTB-02067445 13 58.9 PMEPA1 Sahana et al. (2010)
ARS-BFGL-BAC-13199 13 59.9 FAM209B Sahana et al. (2010)
BTB-01779799 14 25.3 PENK Hawken et al. (2012)
BTB-00569940 14 49.7 EIF3H Schnabel et al. (2005)
BTA-38885-no-rs 16 41.1 FASLG Hawken et al. (2012)
Hapmap27883-BTA-154035 17 37.5 FSTL5 Hawken et al. (2012)
Hapmap32084-BTA-147824 21 6.3 CERS3 Hawken et al. (2012)
ARS-BFGL-NGS-69151 23 41.0 DTNBP1 Hawken et al. (2012)
BTA-110818-no-rs 24 29.4 CDH2 Hoglund et al. (2009)
Hapmap43304-BTA-59744 25 25.2 IL21R McClure et al. (2010)
BTB-00905776 25 26.6 SEZ6L2 McClure et al. (2010)
Hapmap43264-BTA-41979 27 26.5 WRN Hawken et al. (2012)
Hapmap49260-BTA-66294 29 9.96 TMEM126A Hawken et al. (2012)
ARS-BFGL-NGS-29984 29 50.1 IGF2 Cobanoglu et al. (2005)

1BTA = Bos taurus autosomal chromosome.

Table 5. Number of significant SNP and false discovery 
rate (FDR) at various P-value thresholds from the analy-
sis of DATA5 – Chicken Feed Efficiency using individ-
ual and pooled DNA samples, and number of significant 
SNP in the overlap

 
P-value

Individual samples Pooled samples Overlap
SNP FDR, % SNP FDR, % SNP

0.05 4,490 43.7 3,288 61.6 1,852
0.01 1,489 27.3 895 46.2 428
0.001 293 14.2 178 23.4 76
0.0001 76 5.5 30 13.9 13
0.00001 15 2.8 4 10.4 3
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Figure 5. Results from the genomewide association studies (GWAS) of DATA5 – Chicken Feed Efficiency. (A) Manhattan plot of the distribution of P-values 
of SNP in association with feed efficiency using individual DNA samples. (B) Manhattan plot of the distribution of P-values of SNP in association with feed ef-
ficiency using pooled DNA samples. For these Manhattan plots, chromosomes have been randomly shuffled and vertical lines placed at equally spaced intervals to 
assist with the visual comparison. Horizontal lines correspond to nominal thresholds of –log10(P-value) 3.0. (C) The Q-Q plots of P-values from GWAS using pooled 
and individual DNA samples. (D) Scatter plot of the SNP effects estimated using individual DNA samples (x axis) and pooled DNA samples (y axis). Overlaid in 
the scatter is the P-value of the significance of the association of each SNP to feed efficiency, averaged across the 2 analyses, individual and pooled DNA samples. 
See online version for figure in color.
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Concluding Remarks

With the declining cost of genotyping technologies, 
the search for cost-effective alternatives such as geno-
typing pools of DNA becomes less imperative. However, 
in the context of animal breeding and genetics, there are 
still situations where DNA pooling will remain an at-
tractive proposition in the foreseeable future. Examples 
of such situations are found in aquaculture and in broiler 
chicken operations that result in large contemporary 
groups and where the phenotype of interest is expen-
sive to measure such as residual feed intake or disease 
resistance. Another example is when phenotypes are 
collected routinely and in unpedigreed animals such as 
commercial beef cows raised in extensive conditions.

The present study represents an attempt to explore the 
numerical attributes of the intensity signals that should 
be considered when the intention is to genotype pools 
of DNA. We conclude that a strong relationship exists 
between the relative signal intensity of the 2 channels 
(red and green) and the SNP allele frequencies and show 
how this relationship can be formally explored by means 
of mixtures of distributions and polynomial equations. 
When these approaches are applied to the estimation of 
allele frequencies, the resulting estimates allow for the 
development of cost-effective and reliable GWAS.
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