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Abstract

Background: Association mapping using abundant single nucleotide polymorphisms is a powerful
tool for identifying disease susceptibility genes for complex traits and exploring possible genetic
diversity. Genotyping large numbers of SNPs individually is performed routinely but is cost
prohibitive for large-scale genetic studies. DNA pooling is a reliable and cost-saving alternative
genotyping method. However, no software has been developed for complete pooled-DNA
analyses, including data standardization, allele frequency estimation, and single/multipoint DNA
pooling association tests. This motivated the development of the software, 'PDA' (Pooled DNA
Analyzer), to analyze pooled DNA data.

Results: We develop the software, PDA, for the analysis of pooled-DNA data. PDA is originally
implemented with the MATLAB® language, but it can also be executed on a Windows system
without installing the MATLAB®. PDA provides estimates of the coefficient of preferential
amplification and allele frequency. PDA considers an extended single-point association test, which
can compare allele frequencies between two DNA pools constructed under different experimental
conditions. Moreover, PDA also provides novel chromosome-wide multipoint association tests
based on p-value combinations and a sliding-window concept. This new multipoint testing
procedure overcomes a computational bottleneck of conventional haplotype-oriented multipoint
methods in DNA pooling analyses and can handle data sets having a large pool size and/or large
numbers of polymorphic markers. All of the PDA functions are illustrated in the four bona fide
examples.

Conclusion: PDA is simple to operate and does not require that users have a strong statistical
background. The software is available at http://www.ibms.sinica.edu.tw/%7Ecsjfann/first%20flow/

pda.htm.

Background

The millions of single nucleotide polymorphisms (SNPs)
now available are ideal for association analyses that iden-
tify important genetic variants in populations as well as
genes predisposed to diseases involving complex traits
[1,2]. Although the cost of individual genotyping has

been reduced drastically over the years, the use of DNA
pooling has reduced the cost even further, especially for
large-scale studies. The first DNA pooling study was per-
formed to identify the association between HLA class 1I
loci and disease genes predisposing type 1 diabetes [3].
DNA pooling was later used to estimate the allele fre-
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Welcome to use PDA (Pooled DNA Analyzer)
PDA is a powrful tool for the analysis of pooled DNA data:

Four main functions are :

(1) The estimate of CPA (coefficient of preferential amplification) and standard error (s.e.)
(2) The allele frequeny estimate and s.e.

(3) The single-point pooled DN A association test.

{4) The multipoint pooled DN A association test.
The user guide is available at http:/fwwnw ibms sinica. edu tw/%7Ecsifann/first?%20flow/database htm

1. Input / Output directory :

Input directory  |C:\Program Files\MATLAB7 1'PDA\nput [

Output directory |C:\Program Files\MATLAB? 1\PDA\Output |

2. Number of the groups studied?

One group []
. Data type for CPA estimation:

(X

Raw CPA / heterozygote ratio [ ]

Yes []

Map information: []Yes [ MNo

Number of Monte Carlo simulations: ‘—“

Two groups [] ( Assume constant CPA hetween different groups ? Yes [] No[] )

Peak intensity [ | ( Mumber of pairs of peak intensities for each heterozygote individual: ij Jii

4. Do you calculate hootstrapped s.e. of CPA estimate?
Yes [] (MNumberofbootstraps:| |, between 10 and 1000. )
No []

5. Do you calculate the estimate of allele frequency?
Yes [] (MNumber of pairs of pooled peak intensities:]  |)
No []

6. Do you require the single-point pooled DNA association test?
Yes [] ({Experimental error: | i\ , between O and 1. )
No []

7. Do you require the multipoint pooled DNA association test?
Data type for association test: [] Peak intensity [] P-value

Weight function: [] Equal weight  [[] User-specified weight

Threshald value of truncation: | [, betV\feen 0and1.

|, between 2 and the total number of SNPs.

[] Additive effect  [] Minimum

|, between 500 and 10000,

Window size:|
SWEPT statistic: [[] Multiplicative effect
No []
Figure |
Interface of PDA.

quency of short tandem repeats and SNPs, map disease
susceptibility genes [4,5], and identify polymorphisms [6-
8]. A comprehensive review of the history of DNA pool-
ing, the methods and algorithms involved, and the appli-
cation thereof can refer to [9] and [10].

DNA pooling is highly efficient. Many researchers have
investigated the performance of DNA pools while estimat-
ing allele frequency and have measured the impact of
pooling on association test results. The results show that
allele frequencies can be estimated accurately and pre-
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Figure 2

The transformed p-values of multiplicative SWEPT statistic
based on different CPAs by using peak intensity data in Exam-
ple 3.

cisely using DNA pools after considering coefficient of
preferential amplification (CPA) [11,12]; moreover, the
test power is high and the false-positive rate is well con-
trolled [11,13]. These promising results suggest that DNA
pooling studies is reliable and cost-saving relative to indi-
vidual genotyping studies. This motivated the develop-
ment of the software, Pooled DNA Analyzer (PDA), to
analyze pooled DNA data.

Although many single-point pooled DNA association
tests have been developed, multipoint analysis still
presents a challenge due to the large numbers of genotypic
combinations in DNA pools. The difficulty increases sub-
stantially with the pool size and/or the number of SNPs
involved. Several of the recently proposed advanced
multipoint estimations and tests have been haplotype ori-
ented [14-17]; nevertheless, all such methods require a
small pool size and a small number of SNPs to reduce
both the computational complexity and running time. To
address the current computational challenges of analyz-
ing DNA pools, PDA provides the sliding-window empir-
ical p-value test (SWEPT), which has advantages with
respect to statistical computation, data implementation
and practical application. The SWEPT method is particu-
larly applicable when the analysis involves a large amount
of data, which overcomes the computational bottleneck
of conventional haplotype-oriented multipoint methods
in DNA pooling analyses.

Implementation

PDA was developed on the MATLAB® software platform
that is adapted to the Windows systems (MS Windows®
98/ME and MS Windows® NT/2000/XP/2003). For MAT-
LAB® users, PDA can be run with a graphical user-friendly

http://www.biomedcentral.com/1471-2105/7/233

interface where users merely click the checkboxes to carry
out data analysis. The PDA user interface is shown in Fig-
ure 1. For those who have no access to or little knowledge
of the MATLAB® system, we used the MATLAB® compiler to
generate standalone executables of PDA, which can be
deployed on machines without installing the MATLAB®.
The guide to the installation and initialization of PDA on
Windows is illustrated in Appendix A (See Additional File
1). Description of working directories for PDA is shown in
Appendix B (See Additional File 2). The PDA's input and
output data formats are explained in Appendices C and D
(See Additional files 3 and 4), respectively. Finally, the
compiled version of PDA is demonstrated in Appendix E
(See Additional File 5).

Interface of PDA, item functions and operation procedures
There are seven main items in the PDA menu, i.e., input/
output directory, number of groups studied, data type for
CPA estimation, bootstrapped standard error (s.e.) of CPA
estimates, allele frequency estimates, single-point pooled
DNA association test and multipoint pooled DNA associ-
ation test.

Item 1. Input/Output directory: The directories of input
and output files must be specified. PDA will read data
from the assigned input directory and automatically save
outputs in the output directory. The format of input and
output is illustrated in Appendices C and D (See Addi-
tional files 3 and 4).

Item 2. Number of groups studied: PDA can analyze one-
group or two-group DNA pooling data. For one-group
studies, users can estimate CPA and calculate adjusted
allele frequency by checking the box 'One group'. For two-
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Figure 3
The transformed p-values of multiplicative SWEPT statistic
using p-value data in Example 4.
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Figure 4
Interface of the execution of PDA on machines without
MATLAB® installed.

group studies (e.g., case control studies), users check the
box "Two groups' and determine whether to carry out
association tests after calculating estimates for CPA and
allele frequency. PDA provides the flexibility of equal or
unequal CPA statistical inference that the user may choose
as needed. Check 'Yes' for equal CPA inference or 'No' for
unequal CPA inference.

[tem 3. Data type for CPA estimation: Two types of data
are acceptable. The first type is peak intensity data from
genotyping experiments. The second type is raw CPA/het-
erozygote ratio from empirical studies or databases. If
peak intensity data are inputted, then users should pro-
vide the number of pairs of peak intensities for each locus.

Item 4. Calculation of the bootstrapped s.e. of the CPA
estimate: Bootstrapping is a resampling technique used to
estimate the s.e. of CPA. Users can determine whether s.e.
is to be calculated. If users want to calculate the boot-
strapped s.e. then they should check 'Yes' and assign a
number of bootstrap replications between 10 and 1000. A
larger number of bootstrap replications will take longer to
calculate but yields a more reliable estimate.

Item 5. Estimation of adjusted allele frequency: Users can
check 'Yes' to calculate the adjusted allele frequencies or
'No' to omit the calculation.

Item 6. Single-point pooled DNA association test: Users
can carry out association tests only for the analysis of a

http://www.biomedcentral.com/1471-2105/7/233

two-group study. Because the test statistic of association
tests depends on experimental error, users must assign a
proper value for the experimental standard error, oy, if an
association test is conducted.

Item 7. Multipoint pooled DNA association test: Users can
carry out association tests only for the analysis of a two-
group study. If they check 'Yes', they must answer seven
options to conduct this test. The seven options are as fol-
lows. (1) Data type for the association test. Two types of
data are acceptable: peak intensity data or raw p-values
from previous single-point association tests. (2) Map
information. Users can check 'Yes' to provide information
on marker positions for the latter graph demonstration of
multipoint p-values or check 'No' to ignore the inter-
marker distances. (3) Weight function. Users can choose
to assign equal weights to all marker loci by checking
'Equal weight' or provide a set of weights by checking
'User-specified weight'. (4) Threshold value of truncation.
PDA provides a function to truncate insignificant p-values
in the analysis. The value is between 0 and 1, and p-values
greater than the threshold will be excluded from the anal-
ysis. (5) Number of Monte Carlo simulations. Users must
provide a suitable number of simulations between 500
and 10000. A large number of simulations increase the
accuracy of the empirical p-value estimation, but a longer
computational time may be required. (6) Window size,
defined as the number of markers in a window prior to p-
value truncation. Users should specify a suitable number
of markers in a window according to the attributes of their
data. Window size must be = 2, with the upper limit being
the total number of SNPs in the study. (7) SWEPT statis-
tics. PDA provides three statistics for multipoint associa-
tion tests; i.e., multiplicative, additive and minimum p-
value statistics.

The statistical theory is introduced in the next section.

Results

Methodology

We developed PDA based on a four-stage procedure,
which combines the concept of a three-stage DNA pooling
experiment [11] with the procedure of a novel multipoint
association test, SWEPT. The functions make PDA useful
for a complete analysis of pooled DNA data.

Firstly, PDA provides estimates for the CPA, which affects
allele frequency estimation and association testing in a
pooled DNA study. For a diallelic SNP with alleles A and
a, CPA represents the relative magnitude of the averaged
amplified intensities of the different alleles and is defined
mathematically as x = p,/u,, where u, and y, are the aver-
age peak intensities of alleles A and a. The parameters can
be estimated from heterozygous individuals who provide
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a standard for a 50:50 ratio for a pair of peak intensities of
two heterozygous alleles. When « = 1, there is no prefer-
ential amplification; when x > 1, the first allele is more
likely to be amplified than the second; when x < 1, the sec-
ond allele is more likely to be amplified than the first.
PDA provides three discrete estimates for the CPA: arith-
metic mean adjustment Ky, unbiased adjustment Kyy

and geometric mean adjustment K along with the corre-

sponding bootstrap standard errors [11]. Let 1., denote
the number of heterozygous individuals and {h% G,

hjl (), j = 1,...Mperert 1s the pair of peak intensities of het-
erozygous individuals derived from individual genotyp-
ings. The mathematical formulas of the three CPA
estimators are presented as follows:

nheter
Ry = Mheer X 3, [y (7)/85 (),
j=1

7,1
Mheter h_A -
h

1
Nheter — 1 a

I€U=I€H+

h/I& = nﬁéter ’ Zyielm hi& (] ) and

}_l; = nf_létel’ -zyielte' h;( j). For each SNP, the estimated

where

CPA will inform users of the magnitude of the difference
in amplification between two alleles.

Secondly, PDA provides adjusted estimates for allele fre-
quencies and the standard errors corresponding to the
three different CPAs. Let K be the estimated CPA. The
adjusted allele frequency of allele A is estimated by

pa =ha [(ha +Kxh, ), where hy and h, denote the peak
intensity of alleles A and a in a DNA pool [12]. These anal-
yses can be applied to studies of a single group or two

groups, and the information will help users understand
the genetic distribution of their groups.

Thirdly, PDA provides a single-point association mapping
of two groups (e.g., case control studies or comparative
studies of two groups). Let n; and ng, be the numbers of
individuals in groups G1 and G2; Kg; and Kg, are the

estimated CPAs in groups G1 and G2; D=p5'—p$2

http://www.biomedcentral.com/1471-2105/7/233

denotes the difference of the estimated allele frequencies
of allele A between two groups. The test statistic of single-
point association mapping with adjustment for preferen-

tial amplification is X = D? /V (D), where the estimated

variance is

2
~G1,:Gl1 ~G2-~G2 ~G1,Gl1 ~G2-G2
V(D _PAPa erA Pa + V(’fcl )l/zApAApa 7V(’€.G2)1/2ApAApa +26’é,
2ngy e ka1 KGa

where \7( Kg1) and \7( Kqo ) are the bootstrapped vari-

ances of the estimated CPAs in groups G1 and G2, and G

is the experimental standard error which can be estimated
by calculating the root mean square error based on a hier-
archical experimental design [18] or calculating the
square root of variance components relied on the
restricted maximum likelihood method [19]. The asymp-
totic distribution of test statistic X is a chi square distribu-
tion with one degree of freedom. This test reduces to the
single-point association test proposed in [11] if the equal-
ity of CPAs in two groups is held. The test statistic and p-
value are calculated and used to identify important SNPs.
Association studies that compare more than two groups
can be further analyzed by combining pair-wise analyses
with multiple testing correction.

Fourthly, PDA provides a multipoint association test. A
sliding-window empirical p-value method is introduced
into pooled DNA analysis. Define {v,,....vy} to be a p-
value vector of N SNPs from single-point association tests,
and the locations of SNPs follow the order of genetic or
physical mappings. Let k& denote the size of a sliding win-
dow. The SWEPT statistics, based on multiplicative and
additive models in the ith window with window size k, are
represented as follows: fori=1,..,.N + 1 -k,

Zy(ik) = ij:’l?‘l u;"'jx”"f<“],

and Z, (i,k)= Zj-j_lwij xvjxIlvj < ul,

where g is the threshold of the p-value truncation and I[A]
is the usual indicator that takes the value of 1 if event A is
true; otherwise, it takes the value of 0. The non-negative
w;; is a standardized weight of the p-value, v; in the ith
window (i.e. the weight satisfies the requirement that the
weights in the window sum to one). The standardized
weight is calculated by dividing the original weight by the
sum of all original weights in the window under the given
original weights. The multiplicative SWEPT statistic is a
sliding-window extension of the truncated product
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Table I: The analysis of one-group DNA pooling data in Example | (Part I: The CPA estimate and standard error (s.e.))

OBS SNP N_h CPA_H s.e. CPA_U s.e. CPA_G s.e.
| 680 13 1.259 0.032 1.221 0.014 1.252 0.022
2 659 40 0.765 0.052 0.674 0.040 0.687 0.041
3 696 42 0.662 0.032 0.632 0.032 0.634 0.032
4 700 34 0.873 0.009 0.851 0.007 0.859 0.008
5 645 44 1.771 0.007 1.788 0.006 1.749 0.007
6 639 36 2.288 0.038 2.320 0.006 2.265 0.009

method [20], and the additive SWEPT statistic is an exten-
sion of the test statistic [21]. The third statistic is the min-
imum p-value in the window as follows:

=i, i+k_1{vj},i= 1,...,N+ 1-k

The minimum SWEPT statistic extended the technique of
taking the minimum score, which has good performances
in test power and type 1 error and has been used broadly
in genetic studies [22,23].

There are other efficient p-value combinations, such as the
rank truncated product method [24], which may be con-
sidered in PDA in the future. Extension of these methods
using sliding windows will help screen important genetic
markers in large-scale chromosome-wide pooled DNA
association studies. By default, PDA performs multipoint
analysis by using p-value data obtained from the pro-
posed single-point association; however, PDA also pro-
vides options for the use of p-value data yielded from
other single-point methods.

To assess the statistical significance of the SWEPT in each
window, PDA applied a Monte-Carlo procedure recom-
mended in [20] to calculate an empirical p-value. The pro-
cedure generates the correlated p-value vector V with a
correlation matrix 2, from an independent p-value vector
V,, based on the following correlation-invariant transfor-
mation

V=1-0(Cld(1-V,)),

where @(.) is the cumulative distribution of a standard
normal random variable and C is a lower triangular
matrix satisfying the Cholesky decomposition, > = CCT.
We estimated the correlation matrix ¥ using an autocorre-
lation function of p-values. We recalculated the SWEPT
statistics based on the generated p-value vector, V. The
previous procedure was repeated B times to yield {Z(®)(i,
k), b=1,..,B}. Hence, the empirical p-value of the ith win-
dow with window size k can be calculated as the follow-
ing:

ep=Y7 12\ (i) <z (ik)|/B,

where Z*(i,k) is the corresponding SWEPT value based on
real data. The SWEPT offers several advantages over con-
ventional DNA pooling analyses. (1) SWEPT can work
well even in cases where only p-value data are available;
hence, it can analyze data from different study designs and
is applicable to meta-analysis. Because SWEPT allows a p-
value truncation, it also handles data containing unpub-
lished insignificant p-values. (2) The SWEPT statistics
make adjustments for preferential amplification, a critical
aspect that has never been considered before in pooled
DNA multipoint analyses. (3) The simplicity of the
SWEDPT statistics lowers processing time and significantly
reduces the computational complexity. (4) The SNPs
involved in multipoint analyses can be determined con-

Table 2: The analysis of one-group DNA pooling data in Example | (Part 2: The allele frequency estimate (AFE) and standard error

(s.e.))
Unadjusted CPA_H adjustment CPA_U adjustment CPA_G adjustment
OBS SNP AFE s.e. AFE s.e. AFE s.e. AFE s.e.
| 680 0.945 0.029 0.932 0.033 0.934 0.032 0.932 0.032
2 659 0.034 0.024 0.044 0.027 0.050 0.028 0.049 0.028
3 696 0.163 0.048 0.228 0.054 0.236 0.055 0.235 0.055
4 700 0.643 0.062 0.673 0.061 0.679 0.060 0.677 0.060
5 645 0817 0.050 0.716 0.058 0.714 0.058 0.719 0.058
6 639 0.806 0.051 0.644 0.062 0.641 0.062 0.647 0.062
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Table 3: The analysis of two-group DNA pooling data in Example 2 (Part I: The CPA estimate and standard error (s.e.))

OBS SNP N_h CPA_H s.e. CPA_U s.e. CPA_G s.e.
| 6260 18 1.699 0.016 1.683 0.013 1.685 0.015
2 6267 10 1.643 0.127 1.597 0.010 1.638 0.012
3 6272 48 1.400 0.010 1.388 0.009 1.379 0.009
4 6415 16 1.880 0.186 1.770 0.007 1.858 0.014

veniently once the window size has been determined,
thereby avoiding the common perplexity of selecting
SNPs in haplotype-oriented or other multipoint analyses.
(5) SWEPT is comprehensive in that it covers conven-
tional single-point test statistics and can be applied to the
analysis of individual genotyping data, although this
aspect is not the primary concern of PDA.

Real data analysis

We give four examples to illustrate functions of PDA: (1)
One-group allele frequency estimation. (2) Two-group
single-point DNA pooling studies. (3) Two-group
multipoint association test based on peak intensity data.
(4) Two-group multipoint analysis based on p-value using
PDA. Throughout this paper, we set the host name of
working directory to be 'C:\Program
Files\MATLAB71\PDA'. All input data files for these four
examples are available with software PDA and saved in
the example directory, 'C:\Program
Files\MATLAB71\PDA\Example'.

Example |: one-group single-point analysis

We used the six SNP data published in our previous paper
[11] to illustrate the one-group analysis, the purpose
being to estimate allele frequency. The operation proce-
dures are illustrated in Appendix F (See Additional File 6).

Table 1 and Table 2 present the results from PDA for the
six SNPs. Table 1 shows the estimated results for CPA. The
1stcolumn shows the SNP number. The 24 column shows
the SNP name. The 31 column shows the number of het-

erozygous individuals. Three discrete adjustments ( Ky,

Ky . K¢ ) are shown along with the corresponding s.e. For

example, for the 6th SNP with SNP name 639, there are 36
heterozygous individuals used to calculate the CPA
adjustment. The arithmetic mean adjustment is 2.288,
with s.e. 0.038; the unbiased adjustment is 2.320, with s.e.
0.006; the geometric adjustment is 2.265, with s.e. 0.009.

Table 4: The analysis of two-group DNA pooling data in Example 2 (Part 2: The allele frequency estimate (AFE) and standard error

(s.e.))
The first group
Unadjusted CPA_H adjustment CPA_U adjustment CPA_G adjustment
OBS SNP AFE s.e. AFE s.e. AFE s.e. AFE s.e.
| 6260 0.954 0.010 0.924 0.013 0.925 0.013 0.925 0.013
2 6267 0.961 0.009 0.937 0.012 0.939 0.012 0.938 0.012
3 6272 0.671 0.023 0.593 0.024 0.595 0.024 0.596 0.024
4 6415 0.207 0.020 0.122 0.016 0.128 0.016 0.123 0.016
The second group
Unadjusted CPA_H adjustment CPA_U adjustment CPA_G adjustment
OBS SNP AFE s.e. AFE s.e. AFE s.e. AFE s.e.
| 6260 0.899 0.015 0.839 0.018 0.840 0.018 0.840 0.018
2 6267 0.877 0.016 0.813 0.019 0.817 0.019 0.813 0.019
3 6272 0.690 0.023 0.614 0.024 0.616 0.024 0617 0.024
4 6415 0.298 0.022 0.184 0.019 0.194 0.019 0.186 0.019
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Table 5: The analysis of two-group DNA pooling data in Example 2 (Part 3: The single-point DNA-pooling association test)

Unadjusted CPA_H adjustment CPA_U adjustment CPA_G adjustment

OBS SNP chi*2 p-value chir2 p-value chi?2 p-value chi?2 p-value
| 6260 2.726 0.099 5.605 0.018 5.540 0.019 5.547 0.019
2 6267 6.136 0.013 I1.465 0.001 11.507 0.001 11.875 0.001
3 6272 0.199 0.656 0.228 0.633 0.227 0.634 0.227 0.634
4 6415 4.931 0.026 2.727 0.099 2.946 0.086 2.798 0.094

In Table 2, PDA provides the allele frequency estimates.
The 15t column shows the SNP number. The 27d column
shows the SNP name. The 31 panel shows the unadjusted
allele frequencies and the corresponding s.e. The 4th, 5th
and 6% panels show the allele frequency estimates based
on the three adjustments ( Ky, Kyj, K¢ ) along with their

respective s.e. values. For example, the unadjusted allele
frequency of the 1stallele of SNP 639 is 0.806 (the allele
frequency of the 2nd allele is 0.194), and the s.e. is 0.051.
After applying CPA adjustments, the accurate allele fre-
quency estimate is about 0.64 and s.e. is 0.06. Three dif-
ferent adjustments yield similar results. In this example,
there is a serious overestimation of allele frequency if the
CPA adjustment is ignored.

Example 2: two-group single-point analysis

In this example, we analyze the data set from our previous
project that compared the allele distributions of three
main Taiwan subgroups in the human major histocom-
patibility complex (MHC) region. We selected two sub-
groups (Hakka and Han groups) and 4 SNPs for the
illustrations. The operation procedures are illustrated in
Appendix F (See Additional File 6).

The results are shown in Tables 3, 4, 5. Table 3 shows the
CPA estimates along with the s.e. values for these four
SNPs. The unbiased CPA estimates are 1.68, 1.60, 1.39

and 1.77, and the corresponding s.e. values are 0.013,
0.010, 0.009 and 0.007.

Table 4 shows the allele frequency estimates along with
s.e. Based on the unbiased adjustment of CPA, the allele
frequency estimates (s.e. values) of SNPs 6260, 6267,
6272 and 6415 in the Hakka group are 0.93 (0.013), 0.94
(0.012), 0.60 (0.024) and 0.13 (0.016), respectively. The
allele frequency estimates (s.e. values) of SNPs in the Han
group are 0.84 (0.018), 0.82 (0.019), 0.62 (0.024) and
0.19 (0.019), respectively.

In Table 5, PDA conducted association tests using the four
SNPs to compare the allele distributions between Hakka
and Han groups. Firstly, the association test without
applying CPA adjustment was conducted. The chi square
statistic and the corresponding p-value were calculated for
each SNP. Secondly, modified association statistics X
based on the three different CPA adjustments were con-
ducted. The s.e. of experimental error was set to be 0.02
according to our previous study [8]. For example, the asso-
ciation test based on the unbiased adjustment yields chi
square statistics 5.54, 11.51, 0.23 and 2.95 and p-values
0.019, 0.001, 0.634 and 0.086 respectively. The conclu-
sions from the unadjusted association test and adjusted
association test are quite different.

In our previous project, these four SNPs were also geno-
typed individually and the allele-based association test

Table 6: The multipoint analysis using peak intensity data in Example 3 (Part I: The CPA estimate and standard error (s.e.))

OBS SNP

N_h CPA_H s.e. CPA_U s.e. CPA_G s.e.
| 6421 38 2.660 0.002 2.644 0.003 2.641 0.003
2 6422 37 1.772 0.003 1.762 0.002 1.755 0.003
3 6419 36 1.704 0.003 1.689 0.002 1.689 0.002
4 6409 12 1.348 0.003 1.331 0.003 1.339 0.003
5 6424 4| 1.797 0.004 1.783 0.003 1.784 0.003
6 6425 37 1.759 0.250 1.655 0.168 1.699 0.188
7 6423 4 1.981 0.004 1.994 0.004 1.979 0.005
8 6428 38 2.041 0.003 2.023 0.003 2.024 0.003
9 6429 38 1.768 0.003 1.751 0.003 1.754 0.003
10 6430 37 1.586 0.002 1.575 0.002 1.579 0.002
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Table 7: The multipoint analysis using peak intensity data in Example 3 (Part 2: The allele frequency estimate (AFE) and standard
error (s.e.))

The first group
Unadjusted CPA_H adjustment CPA_U adjustment CPA_G adjustment
OBS SNP AFE s.e. AFE s.e. AFE s.e. AFE s.e
| 6421 0.816 0.019 0.626 0.024 0.627 0.024 0.627 0.024
2 6422 0.505 0.024 0.365 0.023 0.367 0.024 0.368 0.024
3 6419 0.457 0.024 0.330 0.023 0.332 0.023 0.332 0.023
4 6409 0.935 0.012 0.914 0.014 0915 0.014 0.915 0.014
5 6424 0.649 0.023 0.507 0.024 0.509 0.024 0.509 0.024
6 6425 0.754 0.021 0.636 0.023 0.650 0.023 0.644 0.023
7 6423 0.974 0.008 0.949 0.011 0.949 0.011 0.949 0.011
8 6428 0.531 0.024 0.357 0.023 0.359 0.023 0.359 0.023
9 6429 0.651 0.023 0.514 0.024 0.516 0.024 0516 0.024
10 6430 0.668 0.023 0.559 0.024 0.560 0.024 0.560 0.024
The second group
Unadjusted CPA_H adjustment CPA_U adjustment CPA_G adjustment
OBS SNP AFE s.e. AFE s.e. AFE s.e. AFE s.e.

| 6421 0.776 0.020 0.566 0.024 0.567 0.024 0.568 0.024
2 6422 0.589 0.024 0.447 0.024 0.448 0.024 0.449 0.024
3 6419 0.561 0.024 0.428 0.024 0.431 0.024 0.430 0.024
4 6409 0.927 0.013 0.904 0.014 0.905 0.014 0.905 0.014
5 6424 0.590 0.024 0.445 0.024 0.447 0.024 0.446 0.024
6 6425 0.733 0.022 0.609 0.024 0.624 0.024 0618 0.024
7 6423 0.968 0.009 0.938 0.012 0.937 0.012 0.938 0.012
8 6428 0.543 0.024 0.368 0.024 0.370 0.024 0.369 0.024
9 6429 0.682 0.023 0.548 0.024 0.550 0.024 0.550 0.024
10 6430 0.656 0.023 0.546 0.024 0.548 0.024 0.548 0.024

based on individual genotyping data yielded the exact p-  Example 3: two-group multipoint analysis based on peak intensity
values for these four SNPs are 0.00795, 0.00006, 0.52346  data

and 0.23972 respectively. The conclusions are consistent ~ In this example, we illustrate a multipoint analysis, an
with the results from the adjusted association tests and  important utility of PDA. We analyzed 10 SNPs from our
demonstrate the importance of CPA adjustment. MHC study to screen for potential candidate regions that

Table 8: The multipoint analysis using peak intensity data in Example 3 (Part 3: The single-point pooled DNA association test)

Unadjusted CPA_H adjustment CPA_U adjustment CPA_G adjustment
OBS SNP chi*2 p-value chi*2 p-value chi*2 p-value chi*2 p-value
| 6421 1.034 0.309 1.847 0.174 1.844 0.175 1.843 0.175
2 6422 3.533 0.060 3.399 0.065 3.405 0.065 3.408 0.065
3 6419 5.466 0.019 5.016 0.025 5.032 0.025 5.031 0.025
4 6409 0.052 0.820 0.080 0.778 0.078 0.780 0.079 0.779
5 6424 1.799 0.180 1.949 0.163 1.950 0.163 1.950 0.163
6 6425 0.272 0.602 0.368 0.544 0.360 0.549 0.363 0.547
7 6423 0.041 0.840 0.127 0.722 0.128 0.720 0.127 0.722
8 6428 0.065 0.799 0.059 0.809 0.059 0.808 0.059 0.808
9 6429 0.494 0.482 0.580 0.446 0.580 0.446 0.580 0.446
10 6430 0.067 0.796 0.077 0.782 0.077 0.782 0.077 0.782
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Table 9: The multipoint analysis using peak intensity data in Example 3 (Part 4: The multipoint pooled DNA association test)

SNP Unadjusted CPA_H adjustment CPA_U adjustment CPA_G adjustment
Start End SWEPT p-value SWEPT p-value SWEPT p-value SWEPT p-value
6421 6424 0.474 0.058 0.633 0.048 0.578 0.047 0.335 0.046
6422 6425 0.474 0.080 0.480 0.078 0.722 0.084 0.630 0.086
6419 6423 0.279 0.242 0.510 0.228 0.330 0.229 0.620 0.229
6409 6428 0.216 0.786 0.531 0.719 0.341 0.718 0.604 0.712
6424 6429 0.227 0.697 0.668 0.618 0.188 0.629 0.396 0619
6425 6430 0.176 0.925 0.644 0.871 0.204 0.874 0.232 0.869

could distinguish Hakka and Han groups. The operation
procedures are illustrated in Appendix F (See Additional
File 6).

The results are shown in Tables 6, 7, 8, 9. Table 6 shows
the CPA estimates along with s.e. values for the ten SNPs.
Table 7 shows the allele frequency estimates along with
s.e. values. Table 8 shows the single-point pooled DNA
association tests comparing the allele distributions
between Hakka and Han groups. The results show that
only SNP 6419 is significant; the p-value is 0.019 for the
statistic without adjusting CPA, whereas it is 0.025 after
adjusting CPA.

Table 9 shows the multipoint pooled DNA association
tests. The results firstly describe the input information of
the analysis. In this example, peak intensity data, map
information and equal weight were considered in the
analysis, and the p-value was not truncated. We carried
out 10000 Monte Carlo simulations to calculate the
empirical p-value. The size of each window was 5, and a
multiplicative p-value statistic was used. Using these set-
tings, multipoint tests based on different CPAs were con-
ducted. The results also are presented in Figure 2, where p-
values were transformed by taking the minus log 10. For
example, based on the unbiased adjustment of CPA, the
p-values for the six sliding windows (with window size 5)
are 0.047, 0.84, 0.229, 0.718, 0.629 and 0.874.

Table 10: The multipoint analysis using p-value data in Example 4

In our previous project, these ten SNPs were also geno-
typed individually, and the allele-based association test
based on individual genotyping data yielded exact p-val-
ues for these ten SNPs: 0.0216, 0.0052, 0.0115, 0.6859,
0.0232, 0.9440, 0.1628, 0.4468, 0.4082 and 0.9443.
However, the previous single-point pooled DNA test only
identified SNP 6419. In this case, the important SNPs,
6421 and 6422, were not identified by the single-point
association tests; however, the two SNPs are included in
the region from SNPs 6421 to 6424, which was identified
by a multipoint analysis based on a sliding window with
size 5.

Example 4: two-group multipoint analysis based on p-value data

In this example, we illustrate the implementation of p-
value analysis using PDA. To conduct multipoint associa-
tion tests, we used the same 10 SNPs as in Example 3,
based on the p-value derived from a single-point pooled
DNA association test with unbiased adjustment of CPA.
The operation procedures are illustrated in Appendix F
(See Additional File 6).

Because we only implemented the p-value of each SNP,
the procedures for the CPA estimate, allele frequency esti-
mate and single-point association test cannot be consid-
ered in the analysis. Only multipoint association tests can
be conducted.

SNP Test results
Start End SWEPT p-value
6421 6424 0.521 0.037
6422 6425 0.551 0.084
6419 6423 0.439 0.244
6409 6428 0.574 0.730
6424 6429 0.537 0.591
6425 6430 0.617 0.825
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First, PDA shows the input information for the analysis in
this example, as follows: p-value data were used; no map
information was provided; user-specified weights were
used; the threshold value of truncation was 1; the number
of Monte Carlo simulations was 10000; the size of each
window was 5; the SWEPT statistic was calculated using
the additive model. The results are summarized in Table
10 and are presented in Figure 3. Table 10 shows the
SWEPT statistics and p-values for the six regions, each of
which contains five SNPs. Because the same SNP data
were used in Examples 3 and 4, it is not surprising that the
results are similar to those in Example 3.

Discussion

CPA estimation is based on peak intensity data of hetero-
zygous individuals. Data of heterozygous individuals in a
pilot study may not be available occasionally. Public
accessible CPA databases for SNPs provide important
information [25,26]. PDA allows for allele frequency esti-
mation and association testing by directly inputting CPA
values of SNPs of interest. This function enhances PDA to
analyze large numbers of SNPs on the public databases in
pooled DNA analysis.

PDA provides an extended single-point association test
allowing for different CPAs between two comparative
groups. This test reduces to the conventional testin [11] if
the equal CPA between two groups is assumed. If typing
of case and control DNA pools is performed at the same
time under the same experimental conditions, then the
reduced test should be applied. However, if the DNA
pools of case and control groups are typed under different
time/environments, e.g., a meta analysis and a sequential
analysis, then the extended test should be performed.

Haplotype-scoring [27] and locus-scoring approaches
[28] are the two main categories of association tests for
disease gene mapping; however, it is currently unclear as
to which method is superior while analysing individual
genotyping data. We first introduce locus-scoring
approach to analyze pooled DNA data. The SWEPT
method considered in PDA is a locus-scoring approach,
which does not require an inference to phase-unknown
haplotypes; hence the locus-scoring approach has several
advantages, among which is the reduction of computa-
tional burden. Until a breakthrough in economic efficien-
cies of haplotyping, locus-scoring approach is preferred
than haplotype-scoring approach while performing
pooled DNA analyses.

Weights for different SNPs in each window may affect the
significance of a multipoint association test. If there is no
prior knowledge in this regard, then equal weights can be
employed. The other strategy is to consider weights
according to genetic/physical or linkage disequilibrium

http://www.biomedcentral.com/1471-2105/7/233

maps of SNPs [29]. Using information of haplotype maps
to improve the estimation of allele frequency difference at
each single locus for association mapping has been con-
sidered in [30]. In our method, a SNP should be assigned
a higher weight if the SNP marker is closer to the anchor
in the center of a window. Anchors scan over the chromo-
some region of interest simultaneously when sliding win-
dows move from the start to the end of all SNPs.

The sliding window procedure emphasizes a local effect,
which assumes the neighboring SNPs provide sufficient
information for the window of interest and that other
SNPs outside the window do not impact the inference of
the window once SNPs within the window have been con-
sidered. A small proportion of SNPs is considered each
time, making the sliding-window approach a convenient
and practical procedure for chromosome-wide studies
once the window size is determined. A sliding-window
size of 5 for the selection of genetic markers for associa-
tion tests with individual genotyping data was suggested
in [31], but they warned that this value might not be suit-
able in certain situations. We suggest that genetic back-
ground of studied region should be considered and
several window sizes about the size of 5 should be ana-
lyzed to yield reliable results.

Conclusion

PDA provides simultaneous analyses of the CPA adjust-
ment, adjusted allele frequency estimate and single/
multipoint DNA pooling association tests that are usually
essential for complete DNA pooling studies. All of the
PDA functions are illustrated in the four bona fide exam-
ples contained in the program. PDA is simple to operate
and does not require that users have a strong statistical
background.

Availability and requirements
PDA software can be downloaded from the web site:

http://www.ibms.sinica.edu.tw/%7Ecsjfann/
first%20flow/pda.htm.

Project name: DNA pooling project

Project home page: http://www.ibms.sinica.edu.tw/

%7Ecsjfann/first%20flow/pda.htm

Operating system: MS Windows®
Programming language: MATLAB®
Other requirements: No

License: PDA license
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Any restrictions to use by non-academics: On request
and citation
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