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Large numbers of samples and marker loci were tested for association in genome-wide association stud-
ies (GWAS). Hence, quality control (QC) by removing individuals or markers with low genotyping quality
is of utmost importance to minimize potential false positive associations. IPGWAS was developed to facil-
itate the identification of the rational thresholds in QC of GWAS datasets, association analysis, Manhattan
plot, quantile–quantile (QQ) plot, and format conversion for genetic analyses, such as meta-analysis,
genotype phasing, and imputation. IPGWAS is a multiplatform application written in Perl with a graphical
user interface (GUI) and available for free at http://sourceforge.net/projects/ipgwas/.

� 2012 Elsevier Inc. All rights reserved.
1. Introduction

The advances in high throughput genotyping techniques have
resulted in an explosion of genome-wide association studies
(GWAS). There are 1449 published GWAS with p-values less than
5 � 10�8 for 237 traits by the second quarter of 2011 [1]. GWAS
have considered common genetic variations across the entire hu-
man genome to identify susceptibility and/or resistance alleles
and/or genotypes associated with a disease trait. A large number
of samples, as well as hundreds and thousands of single nucleotide
polymorphisms (SNP), were tested for association in GWAS. Hence,
even a small systematic error or bias can result in detrimental false
positive and/or false negative association signals. Genotype calling
assigns a subject either homozygous of allele A or B, or heterozy-
gous genotype for each SNP according to the signal intensities,
where allele A and B is the minor and the major allele, respectively
[2–4]. However, due to DNA quality and/or specific features during
the hybridization process, the signal intensities vary among indi-
viduals and some individuals may be mistyped in genotyping calls
[2,4–6]. SNP mistyping is an important cause of spurious associa-
tion results [7].

Quality control filters are applied to remove potentially prob-
lematic individuals and/or makers to minimize potential false find-
ings [3,8]. Discordance of genetic gender and phenotypic gender
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indicates plating errors or sample mix-ups [3,9,10]. It is advisable
to exclude these individuals from further analysis. Both missing
genotypes and heterozygosity rate are measures of DNA quality
[3,4,9,11]. Individuals with high missing genotypes and anoma-
lously heterozygosity rate should be removed from further analysis.
Case-control study compares the differences between unrelated
individuals, so individuals with cryptic relatedness should be ex-
cluded from further analysis. Population structure has the potential
to cause confounding and biases, statistical software such as EIGEN-
STRAT [12] has been successfully developed to detect and correct
for it in genome-wide association studies. SNPs with lower call rate
are more likely present as false positive associations [3,13], SNPs
with call rates P95% had few spurious associations [13]. SNPs show
extensively departure from Hardy–Weinberg equilibrium (HWE)
can indicate problems with genotyping and/or genotype calling,
or a strong signal of association [3,9,14]. Therefore, HWE test should
be only applied to controls. SNPs with HWE of P P 0.001 did not re-
sult in spurious associations [13]. SNPs with lower minor allele fre-
quency (MAF) should be removed because both the genotyping
quality and the power to detect an association signal tends to de-
crease with decreasing MAF [9,15]. SNPs with MAF P 5% did not ex-
hibit spurious associations [13].

Inconsistence between SNP arrays, genotype calling algorithms,
batch size and batch composition are potential sources for false
positive and false negative errors [16–18]. When cases and controls
have been genotyped at different genotyping centers and/or at dif-
ferent times, recalling genotypes after detecting and removing poor
quality samples is the most effective way to eliminate the plate
biases [10,19]. SAQC has been developed to detect poor-quality
SNP arrays and/or DNA samples [20]. The linkage disequilibrium
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(LD) based post-association cleaning approach detects spurious
association by checking the neighboring markers in LD with 84%
detection rate [21].

However, no filtering scheme is perfect, the ultimate step of
quality control is manual inspection of the SNP calls using cluster
graph, which provides a visual inspection and aids in identifying
problematic SNPs. After association analysis, it is essential to check
cluster graph of these SNPs which will be replicated to prevent
wasteful replication efforts [2–4,15]. IPGWAS systematically inte-
grates several quality control (QC) protocols [3,9] to identify and
remove individuals, as well as SNPs, that may introduce bias. It is
not reasonable to apply the same QC criteria to different studies
because of differences in overall call rates between studies [13].
IPGWAS implements intelligent approaches using plots in each
QC step to decide the thresholds, rather than arbitrarily deciding
the thresholds.

Association analysis by comparing the allele or genotype fre-
quency difference in unrelated individuals is a powerful method
for identifying disease susceptibility loci or genotypes. The null
hypothesis of no association between rows and columns of the
2 � 2 matrix of the counts of the two alleles among cases and con-
trols are usually tested using Pearson’s v2 test, Fisher exact test,
linear regression for quantitative traits and logistic regression for
disease traits. The null hypothesis of no association between rows
and columns of the 2 � 3 matrix of the counts of the three geno-
types among cases and controls are usually tested using Pearson’s
v2 test, Cochran-Armitage (CA) trend test, or Fisher exact test. The
CA trend test is used to determine association in a 2 � k contin-
gency table, where k is the number of genotype classes in the ge-
netic studies [3,22,23]. This test modifies the v2 test, is more
conservative, and does not require Hardy–Weinberg equilibrium
(HWE) holds [24]. A particular set of scores is assigned to geno-
types to maximize the power of this test. The CA trend test is
widely used in GWAS [25]. IPGWAS implements the CA trend test
in addition to the Pearson’s v2 test.
2. Methods

This section describes functions that were implemented in IPG-
WAS. These functions include identification of the rational thresh-
olds in QC of GWAS datasets, combination of GWAS datasets,
association analysis, Manhattan plot, quantile–quantile (QQ) plot,
format conversion for genetic analyses, such as meta-analysis,
genotype phasing, imputation and other functions.
Table 1
Distribution of genotypes.

AAa AB BB Total

Cases r0 r1 r2 R
Controls s0 s1 s2 S
Total n0 n1 n2 N

a Allele B is the risk allele and allele A is the other allele.
2.1. Quality control

2.1.1. Individual Quality Control
Individual QC of GWAS consists of several steps. IPGWAS iden-

tifies individuals with discordant sex information because of label-
ing errors or sample contamination using the plot of the inbreeding
coefficient F and the labeled gender of each individual. IPGWAS fil-
ters out individuals with an outlying call rate using the plot of or-
dered one minus missingness rate. Individual departures from
expected heterozygosity caused by DNA contamination or prob-
lems with the correlation of samples would then be removed. Pop-
ulation-based case-control studies assume that all samples are
unrelated. IPGWAS employs two methods to identify samples that
have cryptical relatedness. The first method re-moves the individ-
ual with a lower call rate from each pair with an identical-by-des-
cent (IBD) value larger than a threshold, such as 0.1875, which is
halfway between the expected IBD value of second-degree and
third-degree relatives. The second method plots the mean and var-
iance of identical-by-state (IBS). Individual pairs with similar rela-
tionship will then be clustered together. Then, one individual with
lower call rate from each pair that cannot be clustered with most
individual pairs is removed.

2.1.2. SNP Quality Control
IPGWAS filters out SNPs with outlying call rates, similar with

individual QC, using the ordered one minus missingness rate plot.
SNPs departure from the HWE can be indicative of problems with
genotyping or genotype calling. Hence, SNPs that strongly deviate
from HWE in the control data are customarily excluded. IPGWAS
explores the quantile quantile (QQ) plot of HWE p-value to identify
SNPs that deviate from HWE. Missingness among SNPs that are not
random with respect to phenotype can lead to false positive asso-
ciation results. IPGWAS can identify and remove these SNPs as well
as SNPs with low minor allele frequency (MAF). A MAF threshold of
1–2% is usually applied, but a higher such as 5% is also used in
small sample size studies.

2.2. Combination of GWAS datasets

It is useful to combine GWAS datasets when the genotype data-
sets were genotyped by different collaborators or genotyped in dif-
ferent batches. When carry out population stratification analysis, it
is also useful to combine HapMap reference genotypes to investi-
gate the population structure. It is very important to make sure that
the two sets of SNPs are concordant in terms of positive or negative
strand when combine two datasets. IPGWAS employs two methods
to ensure the two sets of SNPs are concordant in terms of positive or
negative strand. The first method removes all symmetric SNPs first,
then checks the remaining SNPs to find out which SNPs in the two
datasets were not on the same strand, finally, flips the strand of
these SNPs in one dataset. This method works well for Illumina
datasets. However, this method will remove too much SNPs for
Affymetrix datasets, which may reduce the power of the study.
The second method uses the Affymetrix annotation files to decide
whether one SNP is on the positive or negative strand, and then flip
all SNPs to the same strand for the two datasets.

2.3. Association analysis

Association analysis compares the allele or genotype frequency
difference in unrelated cases and controls to identify disease sus-
ceptibility loci or genotypes. IPGWAS use the logistic regression
and linear regression function of PLINK [26] directly to do the
regression analysis. Besides logistic regression and linear regres-
sion, IPGWAS also provides Cochran-Armitage trend test with
additive, dominant, and recessive models, and Pearson’s v2 test
with more detail statistical information than PLINK [26].

2.3.1. Pearson’s v2 Test
Assuming that we have N individuals, R cases, and S controls,

then there are total n0, n1, and n2 individuals with 0, 1, and 2 risk
alleles, respectively. There are r0, r1, and r2 cases, as well as s0, s1,
and s2 controls with 0, 1, and 2 risk alleles, respectively (Table 1).
The genotypic test provides a general test of association in the
2 � 3 table of disease-by-genotype, and the v2 with 2 degrees of
freedom is calculated from the following formula:



Table 2
Distribution of alleles.

A B Total

Cases a b a + b
Controls c d c + d
Total a + c b + d a + b + c + d

In allelic model test: a is the count of allele A in all cases and a = 2r0 + r1; b is the
count of allele B in all cases and b = 2r2 + r1; c is the count of allele A in all controls
and c = 2s0 + s1; d is the count of allele B in all controls and d = 2s2 + s1.
In dominant and recessive model test: a, b, c, d are not the count of alleles but the
count of genotype categories. Suppose allele A is dominant to allele B. In the
dominant model test: a = r0 + r1, b = r2, c = s0 + s1, and d = s2. In the recessive model
test: a = r0, b = r2 + r1, c = s0, and d = s2 + s1.
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v2 ¼
X2

i¼0

ðri � EðriÞÞ2

EðriÞ
þ
X2

i¼0

ðsi � EðsiÞÞ2

EðsiÞ
ð1Þ

EðriÞ ¼
Rni

N
ð2Þ

EðsiÞ ¼
Sni

N
ð3Þ

where E(ri) and E(si) are the expected number of genotypes in cases
and controls, respectively.

To test the allele frequency difference (Table 2) between cases
and controls, the v2 with 1 degree of freedom is calculated from
the following formula:

v2 ¼ ðad� bcÞ2ðaþ bþ c þ dÞ
ðaþ bÞðc þ dÞðbþ dÞðaþ cÞ ð4Þ

The v2 with 1 degree of freedom of dominant and recessive model
can also be calculated using formula 4 with different methods to
calculated a, b, c and d (Table 2).

The output of Pearson’s v2 test includes SNP identifier (rs ID);
chromosome; physical position; minor allele; major allele; counts
of three genotypes in cases and controls separately; model of the
test; number of individuals with non-missing genotypes; minor al-
lele frequencies in cases, controls and both cases and controls; v2

statistic; asymptotic p value; estimated odds ratio; standard error
of odds ratio; and 95% confidence interval for odds ratio. The com-
prehensive information provides details of the association analysis
Fig. 1. Plot of the IBS mean versus IBS variance. This plot suggests 1.5 should be used as t
or more other individuals.
and can also be used as input file for Manhattan plot, QQ plot, and
meta-analysis directly.

2.3.2. Cochran-Armitage trend test
Assuming the genotype distribution is as Table 1 shown. Score

vectors (0, 1, 2), (0, 1, 1), and (1, 1, 0) are used for additive, domi-
nant, and recessive models, respectively. The test statistics can
then be written as follows:

v2
add ¼

N½Nðr1 þ 2r2Þ � Rðn1 þ 2n2Þ�2

ðN � RÞR½Nðn1 þ 4n2Þ � ðn1 þ 2n2Þ2�
� v2

1 ð5Þ

v2
dom ¼

N½Nðr1 þ r2Þ � Rðn1 þ n2Þ�2

RðN � RÞn0ðn1 þ n2Þ
� v2

1 ð6Þ

v2
rec ¼

N½Nðr0 þ r1Þ � Rðn0 þ n1Þ�2

RðN � RÞn2ðn0 þ n1Þ
� v2

1 ð7Þ

The output file contains the same information as Pearson’s v2 test
except that the allelic odds ratio, standard error and 95% confidence
interval was used for all three models.

2.4. Plot the results

2.4.1. QQ plot
QQ plot is a useful tool for interpreting the results of an associ-

ation test. P-values should follow a uniform distribution between
zero and one under null hypothesis. Hence, if a set of m p-values
is ordered from lowest to highest, then the observed quantile of
the jth ordered item should, on average, be equal to j/(m + 1).
The log QQ p-value plot is usually used, the negative logarithm of
the jth smallest p-value is plotted against -log (j/(m + 1)), where
m is the number of SNPs. Loci that deviate from the null line cor-
respond to SNPs that deviate from the null hypothesis.

2.4.2. Manhattan plot
A Manhattan plot is a type of scatter plot, Manhattan plot of

GWAS graphically displays the results of association analysis to
chromosomal locations. The relative genomic coordinates for each
chromosome are displayed along the X axis, and the negative log-
arithm of the association P values for each single nucleotide poly-
morphism displayed on the Y axis.
he IBS mean threshold to remove individuals that have cryptic relatedness with one



Fig. 2. Manhattan plot of the genome-wide association results. The genome-wide distribution of –log10 P values of Cochran-Armitage trend test is shown across the
chromosomes (1–22).

Fig. 3. Quantile–quantile plot of the genome-wide association results. The region between the line below and the line above the null line is the 95% confidence interval.
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2.5. Data manipulation

IPGWAS contains a lot of useful functions for data manipula-
tion. Such as change the affection status of individuals; filter sub-
jects on affection status and/or gender status; split GWAS dataset
by chromosome; filter GWAS results based on P value or remove
singleton significant SNPs; and convert file format for other ge-
netic analysis. IPGWAS can convert the EIGENSTRAT [12] adjusted
v2 results to the PLINK [26] association results format, which
then can be used for Manhattan plot, QQ plot and meta-analysis.
IPGWAS can convert the PLINK [26] format genotype to PHASE
[27,28] format for haplotype reconstruction and to BEAGLE
[29,30] format for imputing genotypes, inferring haplotype phase
and detecting identity-by-descent. IPGWAS can convert the asso-
ciation results of PLINK [26] and SNPTEST [31] to GWAMA [32]
format for meta-analysis. IPGWAS can also convert the imputa-
tion results of MACH [33] into PLINK [26] or SNPTEST [31] format
for further association analysis.



Table 3
Comparisons of IPGWAS results and the original results.

P-valuea WTCCC IPGWAS Commonb

<10�5 55/760 (0.07) 15/131 (0.11) 14/78 (0.18)
<10�6 46/635 (0.07) 10/93 (0.11) 9/52 (0.17)
<10�7 44/533 (0.08) 8/68 (0.12) 7/33 (0.21)
<10�8 38/454 (0.08) 7/54 (0.13) 7/22 (0.32)

The values in plain font are the numbers of SNPs pass the P-value thresholds (after
the slash) and the numbers of SNPs were reported by other genome-wide associ-
ation studies (before the slash). The values in the parenthesis are the results of the
numbers before the slash divide the numbers after the slash.

a P-value thresholds, the frequentist association test with additive model results
were used for WTCCC, and Cochran–Armitage trend test with additive model
results were used for IPGWAS.

b The number of SNPs that passed the P-value threshold in both WTCCC results
and IPGWAS results.

Y.-H. Fan, Y.-Q. Song / Biochemical and Biophysical Research Communications 422 (2012) 363–368 367
2.6. Pathway analysis

Pathway analysis groups SNPs by the pathways they are in-
volved in instead of analyzing one single SNP. It reduces complex-
ity and increases explanatory power. Since most disease associated
SNPs have been found by GWAS have very small effect size, if these
SNPs are from the same biological pathway, then pathway analysis
can increase the power to detect association between the path-
ways and a disease. It is also easy to interpret the pathways asso-
ciation results than the SNPs association results, especially when
the SNPs are not located in any functional regions.

IPGWAS integrated the SNP ratio test (SRT) [34], which assesses
the enrichment of significant associations in a pathway and com-
putes an empirical P-value for each pathway based on permuting
case and control status. The gene ontology (GO) based pathway
analysis is under developing.
3. Results

The WTCCC dataset consists of about 2000 cases for each of se-
ven major diseases and a shared set of about 3000 controls [35].
The subjects in the WTCCC study were genotyped with the Gene-
Chip 500 K Mapping Array Set (Affymetrix chip). In this report,
we used the genotype data of type 1 diabetes (T1D) and common
controls to demonstrate how IPGWAS works.

Three cases and eleven controls were removed from the follow-
ing analysis due to gender mismatch. Five percent was used as call
rate threshold to exclude individuals and SNPs with low call rate.
Five percent was also used as minor allele frequency threshold to
exclude SNPs with low minor allele frequency. According the plot
(Fig. 1) of mean and variance of IBS, 38 individuals were removed
due to they have cryptic relatedness with one or more other indi-
viduals (1.5 was used as the IBS mean threshold). The result of this
method is consistent with the result using 0.1875 as IBD estimates
threshold, which removes 35 individuals, 34 of them were in-
cluded in the 38 individuals. Furthermore, 92 population outliers
were removed by EIGENSTRAT [12].

There are total 366658 SNPs in 4853 cases and controls passed
the quality control. Cochran–Armitage trend test implemented in
IPGWAS was used to calculate the association p-values. The Man-
hattan plot and QQ plot were shown in Fig. 2 and Fig. 3, respec-
tively. Then we compared the IPGWAS results and the original
WTCCC results and searched the GWAS catalog [1]. The results (Ta-
ble 3) suggested that IPGWAS is more stringent, which will reduce
the false positive association results and increase the success rate
of the following replication studies. It is also cheaper and easier
to conduct the replication studies.
4. Discussions

IPGWAS is designed to select the rational thresholds for QC, to
combine and split GWAS datasets, to perform and plot the results
of an association analysis, and to convert the format of different
software for downstream analysis. IPGWAS uses the summary re-
sults of PLINK [26] and provides graphical output to assist the
selection of rational thresholds for QC, which then will be used
by PLINK [26] to complement to PLINK [26]. IPGWAS tests different
models for association and generates more detailed association re-
sults, which then can be used for Manhattan plot, QQ plot and
meta-analysis. IPGWAS and the popular genetic analysis tool such
as PLINK [26], IGG3 [36] and GenABEL [37] complement each
other. IPGWAS is a multiplatform application written in Perl with
a user-friendly graphical interface, which is convenient to use,
especially for genetic scientists who know little about program-
ming. The module-based design is easy to maintain. Additional de-
tails regarding the function of IPGWAS can be found in its user
manual.
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