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Summary

Although many genome-wide association studies have been performed, the identification of disease poly-
morphisms remains important. It is now suspected that many rare disease variants induce the association sig-
nal of common variants in linkage disequilibrium (LD). Based on recent development of genetic models, the
current study provides explanations of the existence of rare variants with high impacts and common variants
with low impacts. Disease variants are neither necessary nor sufficient due to gene–gene or gene–environment
interactions. A new method was developed based on theoretical aspects to identify both rare and common disease
variants by their genotypes. Common disease variants were identified with relatively small odds ratios and rela-
tively small sample sizes, except for specific situations in which the disease variants were in strong LD with a vari-
ant with a higher frequency. Rare disease variants with small impacts were difficult to identify without increasing
sample sizes; however, the method was reasonably accurate for rare disease variants with high impacts. For rare
variants, dominant variants generally showed better Type II error rates than recessive variants; however, the
trend was reversed for common variants. Type II error rates increased in gene regions containing more than two
disease variants because the more common variant, rather than both disease variants, was usually identified. The
proposed method would be useful for identifying common disease variants with small impacts and rare disease
variants with large impacts when disease variants have the same effects on disease presentation.

1. Introduction

Genome-wide association studies (GWAS) have been
successful in revealing the existence of common dis-
ease variants; however, common variants identified
using GWAS explain only small portions of heritabil-
ity (Manolio et al., 2009). This prompted efforts to
find rare disease variants using re-sequencing to ex-
plain the remaining causes of heritability (Cirulli &
Goldstein, 2010). In addition to finding rare disease
variants, it was suggested that GWAS signals could
be synthetic due to rare disease variants (Dickson
et al., 2010). Recent studies provided evidence of the

synthetic associations of common variants due to
rare disease variants (Fellay et al., 2010; Saunders
et al., 2014). However, studies have also indicated that
common variants with small effects are mainly respon-
sible for complex traits (Morrison et al., 2013; Gaugler
et al., 2014). It is clear that both common and rare var-
iants are responsible for disease presentation, and studies
should focus on how these combined effects explain how
variants cause disease (Gibson, 2011).

When integrating the effects of variants, it is most
efficient to apply the effects of actual disease variants
rather than those of variants with indirect associa-
tions; however, the functions of variants are difficult
to predict in most cases (Cordell & Clayton, 2005).
The first report to identify actual functional variants
through GWAS was for differential drug responses
in patients with chronic hepatitis C (Fellay et al.,
2010). Two ITPA gene variants with known functions
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were found. Using a regressive model, two functional
variants (A/a and B/b) entirely explained the GWAS
signal (C/c). For both functional variants, each
minor allele was linked to the major allele of another
functional variant, and both minor alleles were strong-
ly linked to the minor alleles of the GWAS signal vari-
ant. Because the sum of two minor allele frequencies
of functional variants was close to the minor allele
of the GWAS signal variant, there were three major
halotypes (ABC, aBc and Abc) based on these
three variants, so that the regressive model using
two functional variants was able to explain the entire
GWAS signal. This example was likely an unusual
situation, and similar efforts have not been as
successful.

Recent advances in biotechnology, including RNA
sequencing and genome-wide chromatin immunopre-
cipitation (ChIP), have accelerated the identification
of functional variants. It has been suggested that
trait-associated variants are likely to be expression
quantitative trait loci (eQTL; Nicolae et al., 2010);
however, there are difficulties in linking eQTL and
disease variants due to tissue specificity (Heinzen
et al., 2008) and complex regulatory networks. More
importantly, the problem that the most significant
variant might not be the only functional variant
remains, and controlling linkage disequilibrium (LD)
is the only solution by which to solve these related
issues. Variants associated with renal cancer have
been found based on GWAS and genome-wide ChIP
(Schodel et al., 2012). Variants in the binding sites
were in strong LD, constituting a haplotype; there-
fore, it was difficult to conclude which variants in
the haplotype were responsible for the presentation
of renal cancer (Schodel et al., 2012).

Genome-wide functional studies could be useful for
identifying direct associations (Ryu et al., 2014), but it
remains questionable whether the most significantly
associated variant is the only true functional variant.
Efforts have been made to identify disease variants
in association studies using traditional approaches
for confounders (Nicodemus et al., 2004; Wrensch
et al., 2009) and advanced statistics for main associa-
tions (Charoen et al., 2007; Szymczak et al., 2009).
These studies did not focus on identifying actual dis-
ease polymorphisms by controlling LD, which is the
direct reason for the indirect association. More rele-
vant studies have involved step-wise regressions for
several associated variants in a locus (Cordell &
Clayton, 2002; Biernacka et al., 2007) and efforts
have been made to identify polymorphisms that ex-
plain a linkage signal (Biernacka & Cordell, 2009)
using family data. Step-wise regressions could be use-
ful from a statistical point of view; however, by ignor-
ing the actual relationship of LD, the method usually
fails to identify actual disease variants when there is
more than one disease variant in a locus (Park, 2010).

A method to address LD was previously developed
(Park, 2007; Park, 2010). As shown in Fig. 1, the
method employs an exhaustive procedure by testing
all possible disease variant models. For an example
with 10 variants in a gene locus, 10 likelihood ratio
tests (LRTs) should be conducted for one-disease-
variant models. Here, the distribution of LRT fits a
chi-square with the given degree of freedom only for
the correct model and not the remainder of the mod-
els. If one of the tests shows a p-value less than 0·95,
then the variant model is the correct model. If none
of the tests shows a p-value less than 0·95, 45 more
LRTs should be conducted for two-disease-variant
models. The LRTs continue until a model shows
any p-values less than 0·95 when increasing the num-
ber of disease variants. As previously shown (Park,
2010), the method showed stably low Type I error
rates and generally low Type II error rates. In Park,
2010, independent odds ratios of each variant were
assumed; however, as shown in the allelic and locus
heterogeneity of many Mendelian disorders
(Nussbaum et al., 2007), functional variants in a
gene may show the same defective effects on gene
function, leading to the causation of a complex dis-
ease. Therefore, it is necessary to study several disease
variants in a gene having the same effects on the pres-
entation of a complex trait. Additionally, the previous
study was based on LRTs of alleles. Genotypic asso-
ciations may be better for identifying actual disease
variants to minimize possible influences of diploidy
of the human genome.

2. Methods

The properties of disease variants were first examined
according to models, to identify disease variants based
on genotypic associations. The new method was then
described, and simulation studies were provided to
examine the validity of this method.

Fig. 1. Procedure of identifying disease variants in case–
control associations.
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(i) Disease model and disease variants with incomplete
penetrance

The disease variants found from GWAS were neither
sufficient nor necessary to cause disease because the
discovered variants might not have been actual disease
variants; otherwise, the interaction between the vari-
ant and other causal components, such as a disease
variant in another gene or an environmental factor
is also likely a compelling explanation. Recently, dis-
section of the causal factors of complex diseases was
attempted based on the Sufficient Causal Component
(SCC) model in epidemiology (Rothman et al., 2008;
Madsen et al., 2011 a; Madsen et al., 2011 b; Park &
Kim, 2015). As shown in Fig. 2, a complex disease is
presented in an individual when a SCC is fulfilled.
SCCs could be single genetic factors, environmental
factors, gene–gene interactions (G ×G) or gene–
environmental interactions (G × E).

Among SCCs, each causal component in G ×G or
G× E was not sufficient for presentation of the com-
plex disease. Only when all the other causal compo-
nents in G ×G or G ×E were fulfilled did an
individual develop disease due to the SCC, G ×G or
G× E. Each causal component in G ×G or G× E
was not necessary for presentation of the disease

because the disease could develop due to other causal
factors. One of the causal components in G ×G or
G× E could be a gene with disease genotypes, and
the behaviour of the disease variants in the gene was
the same as those of variants discovered from
GWAS, which were neither sufficient nor necessary
for the presentation of complex diseases. In Fig. 2,
an example of a genetic component in G × E is pre-
sented. The G1 component in Sufficient Cause II
(G × E) could result in disease presentation only
when all the other components in Sufficient Cause II
were fulfilled. Additionally, an individual with a nor-
mal genotype of G1 can develop the disease due to
Sufficient Cause I or other sufficient causes.

The G1 component could be dominant or recessive.
If the population lifetime incidence (PLI) of the dis-
ease is small (approximately 1% of the population),
as shown in Fig. 2, the genotype frequencies of con-
trols are similar to those of the entire population. In
the case population, the disease genotype frequencies
would increase as a portion of y, which is the propor-
tion of Sufficient Cause II in the PLI. In the case
population, normal genotype frequencies would de-
crease as a portion of 1-y. There are two disease gen-
otypes for a dominant gene; thus, each genotype
proportion in the total disease genotypes should be

Fig. 2. A sufficient causal component model and genotype frequencies of a genetic component of G ×G or G×E.
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considered, as shown in Fig. 2. Therefore, disease gen-
otypes exist in the controls, and normal genotypes
exist in the cases, as previously indicated.

The odds ratios of the disease allele were different
depending on their frequencies and proportions in
PLI. As shown in Fig. 3, the odds ratios for a disease
variant in a gene decreased as the frequencies of the
disease allele increased for a fixed proportion, y, in
PLI. The phenomena were more severe when the dis-
ease variant was dominant, showing odds ratios close
to 1 for many variants with allele frequencies greater
than 0·5. Considering the complexity of the causal
components in the presentation of a complex disease,
the proportions in PLI were small for the most suffi-
cient causal components, and the odds ratios of com-
mon disease variants in a sufficient causal component
were also small. For example, when the proportion
was 0·2 and the allele frequency was 0·3, the odds
ratio was 1·3, as shown in Supplementary Table 1.
This result is reasonable considering that it is difficult
for a severely defective allele to increase its frequency
in a population due to purifying selection. For the full
range of proportions, as the proportions become large,
the odds ratios become extreme, especially when the
disease variant is recessive, as shown in Supplemen-
tary Fig. 1. The penetrance of disease variants also
decreases quickly as the proportions decrease and
the disease allele frequencies increase. The genes asso-
ciated with Mendelian diseases with incomplete pene-
trance and extreme odds ratios could be explained
with this SCC model of G ×G or G ×E.

(ii) Genotypic likelihood ratio tests based on
SCC models

Unlike the previous study (Park, 2010), the current
study assumed that disease variants in the same gene

cause the same effects. Therefore, a haplotype was con-
sidered a disease haplotype if it contained more than
one disease allele. Based on this property, it can be
assumed that one virtual disease variant exists instead
of all the disease variants in the gene. When consider-
ing genotypes, Hardy–Weinberg equilibrium (HWE)
was typically assumed. However, in an actual situation,
random sampling of gametes creates slight deviations
from HWE depending on the population size and the
sample size (Weir, 1996; Park, 2011). These deviations
will be reflected in the sampled population as well.
Therefore, in the current study, a method for identify-
ing disease variants was developed based on genotypes
with consideration of natural deviations from HWE.

The genotype frequencies of each variant in cases
increased or decreased depending on the LD with
genotype frequencies of the disease variant. To
reflect the natural deviations from HWE, the current
study employed the LD between genotypes in which
the LDs between the alleles were reflected. By doing
so, the population deviation from HWE could be cor-
rectly reflected in the analyses. The current study
assumed that the disease variants in a gene gave the
same effect on the disease presentation due to the mal-
functions of the gene. If a haplotype contained two
disease alleles, it would still be considered a disease
haplotype. Therefore, regardless of how many disease
variants exist in the gene, they can be considered to be
only one disease variant in the gene. Each genotype
frequency of a variant in cases could be expected as
described below, depending on the LD with the geno-
type frequencies of the disease variant:

PG′
i = PGi +

∑
j

PGiDj πj πj =
PD′

j

PDj

, ifPDj . 0

PD′
j, otherwise

⎧⎨
⎩ (1)

Fig. 3. Changes in odds ratios depending on allele frequencies and proportions in population lifetime incidence. (a)
Dominant genes; (b) recessive genes.
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Here, P(Gi´) indicates the ith genotype frequency in
the cases, and P(Gi) indicates the ith genotype fre-
quency in the control. P(Dj´) indicates the jth geno-
type frequency of the disease variant in the cases,
and P(Dj) indicates the jth genotype frequency of the
disease variant in the control. P(GiDj) indicates the
frequency in the control when an individual has
both Gi and Dj genotypes. For D genotypes, there
are only two alleles, disease and normal. Therefore,
three genotypes are available, such as a regular
bi-allelic variant.

To test whether a model of a disease variant is the
true model, the likelihood ratio test was modified simi-
larly to the previous study. In the current study, the
number of possible genotypes was usually three for
bi-allelic variants. Therefore, the likelihood would be
based on the multinomial distribution instead of the
binomial distribution. The variance corrections due
to the control sampling from the actual population
should be applied, similar to the previous study
(Park, 2010). The likelihood ratio test for a variant
can be expressed as follows:

− 2 log (LR) = −2
∑k
i=1

xi(log (πi) − log( pi)), pi = xi/n

− 2 log (LR) × |Σ|
|Σ| + |σ| � χ2k−1

Σ =
n p1(1− p1) . . . −n p1 pk−1

..

. . .
. ..

.

−n pk−1 p1 . . . n pk−1(1− pk−1)

⎛
⎜⎜⎝

⎞
⎟⎟⎠

(2)
Here, k is the number of genotypes for the variant,

and pi is the genotype frequency for the ith genotype.
πi indicates the theoretical genotype frequency derived
when the disease model is true. |∑| is the determinant
of ∑, which is the variance and the covariance matrix
for the k-1 genotypes. Because the frequency of the
last element is completely dependent on all of the pre-
vious elements in multinomial distributions, ∑
includes up to (k-1)2 elements. Most variants are
bi-allelic; therefore, ∑ is a 2 × 2 matrix in the current
study. The degree of freedom for the k genotypes is
k-1. The determinant of the simulated variance, |σ|,
is a similar determinant to |∑|, which is approximately
derived from random samplings to correct sampling
errors for controls that are sampled from the actual
control population. To generate the simulated vari-
ance, random samplings of the cases were performed
1000 times from the control population. The genotype
frequencies of the disease variants in cases were first
sampled based on the multinomial distributions with
the genotype frequency probability of the target dis-
ease variant, and each individual case was recon-
structed based on the genotype frequencies of a
randomly sampled control individual with the corre-
sponding genotype of the disease variant. For rare

variants, controls may not have homozygous rare
alleles, but cases may have such genotypes. To correct
for such biases, 20% of the cases were sampled from
those that had the same sampled genotype of the dis-
ease variant to obtain the simulated variance.

As shown in Fig. 1, the current method employed a
similar procedure to identify actual disease poly-
morphisms. First, a model of one disease variant
was tested for all the candidate variants. Each likeli-
hood ratio test statistic was summed to examine the
total likelihood, and the degree of freedom for testing

n variants was
∑n
j=1

(kj − 1). For bi-allelic rare variants

that had only two genotypes, the degree of freedom
was 1, which was kj-1. If several variants showed a
p-value smaller than 0·95, the variant with the smal-
lest p-value is the disease variant. If one of the geno-
types showed a p-value smaller than 0·95, the
variant was accepted as the disease variant in
the gene. Otherwise, the next step was to continue to
the model of two disease variants and test all the pos-
sible sets of variants. If one of the results showed a
p-value smaller than 0·95, the set of variants was
accepted as the disease variants in the gene. This
newly developed method for computing the likelihood
ratio test of the genotype frequencies was integrated
into the existing R package (Identifying Functional
Polymorphisms ‘IFP’: http://cran.r-project.org/web/
packages/IFP/index.html).

(iii) Simulations for estimating error rates

For the simulation data set, the sequencing data of the
APOE region, which were known to be associated
with Alzheimer’s disease, from phase 1 of the 1000
Genomes Project were used (Abecasis et al., 2010).
The region including ± 1000 bp upstream and down-
stream regions of the gene was examined. The data
consisted of 1092 individuals and 57 variants in the re-
gion. Among the 57 variants, 33 variants that had
minor allele frequencies greater than 0·001 were
included in the analyses. For each disease variant
model, one virtual disease variant was derived in the
control groups based on the actual disease variants.
As shown in Fig. 2, the proportion (y) of PLI was
derived from the odds ratio (OR) as follows:

y=

OR
1+(OR−1)(PDD+PDd/2)−1

1
PDD+PDd

−1
,whenDominant

(OR−1)(PDD+PDd/2)
1+ (OR−1)(PDD+PDd/2) ,whenRecessive

⎧⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎩

(3)
Here, PDD and PDd are the genotype frequencies of

the DD and Dd genotypes for the disease allele (D),
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respectively. When the variant was dominant, the pro-
portion became larger than 1 for a certain odds ratio
that was larger than 2(1-PDD)/PDd-1. Therefore, cer-
tain high odds ratios are impossible for dominant var-
iants with specific genotype frequencies.

Based on the proportion (y) and the genotype fre-
quencies in controls, the genotype frequencies in the
cases could be derived for a disease variant model.
For specific sample sizes for the cases and controls,
the control populations were directly sampled from
the data of the 1000 Genomes Project. The number
of disease genotypes in the cases were obtained by
multinomial distribution with theoretical probabilities
based on a dominant or recessive model, and the
affected individuals were sampled from the same
data based on the number of genotypes in the cases.
When there was no homozygotes of rare alleles in
the data of the 1000 Genomes Project, two haplotypes
of the disease allele were randomly sampled. The
sampled cases and controls were used to test which
disease variant model was the true model. For most
of the simulations, the sample sizes of the cases and
controls were 500 unless otherwise specified, and
1000 simulations were conducted.

3. Results

(i) One-disease-variant model

Similarly to the previous study (Park, 2010), Type I
error rates were reasonably small at approximately
0·05 for the level α = 0·05 and approximately 0·01
for the level α = 0·01. The identification of the true dis-
ease variant model was based on all possible tests as
shown in Fig. 1; thus, Type II error rates were also im-
portant, similar to the previous study (Park, 2010).
Considering the importance of rare disease variants,
the current study examined Type II error rates

depending on various disease allele frequencies and
odds ratios for the one-disease-variant model. As
shown in Fig. 4, Type II error rates were higher overall
for rarer disease variants; however, the LD patterns
were more crucial for reducing Type II error rates.
For rare disease variants with an allele frequency of
0·005, Type II error rates did not approach zero,
even when the odds ratio was high. It was because
the variant was in strong LD with another variant
through r2 of 0·77. High Type II error rates were
greater when the disease variant was recessive. The
higher Type II error rates for recessive variants were
observed for the other rare variants; however, the
trend was opposite for common variants.

For common disease variants with allele frequen-
cies greater than 0·05, Type II error rates were typical-
ly low for odds ratios greater than 2. For the
dominant variant with a disease allele frequency of
0·325, Type II error rates increased for the maximum
available odds ratios. The LD between the variants
was examined in Supplementary Table 2, and it was
clear that variant no. 18 with an allele frequency of
0·325 was in strong LD with variant no. 7, showing
an r2 value of 0·446. The allele frequency of variant
no. 7 was 0·510 greater than that of variant no. 18.
For small odds ratios, the genotype frequencies of
variant no. 7 were not sufficiently large even with
the strong LD with variant no. 18; however, when
the odds ratio was very large, the strong LD between
these variants substantially increased the genotype fre-
quencies of variant no. 7. Because variant no. 7 had
greater frequencies, it was more likely to be detected
as a disease variant than variant no. 18. Similarly,
for the recessive variant with a disease allele frequency
of 0·082, Type II error rates increased as the odds
ratios increased. As shown in Supplementary
Table 2, variant no. 15 was in strong LD with variant
no. 23 through an r2 value of 0·502. Similarly, because

Fig. 4. Type II error rates depending on allele frequencies and odds ratios. (a) Dominant variants; (b) recessive variants.
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the allele frequency of variant no. 15 (0·082) was smal-
ler than that of variant no. 23 (0·149), the high odds
ratios increased the genotype frequencies of variant
no. 23. Therefore, variant no. 23 was identified as a
disease variant ahead of the actual disease variant.

Increasing the sample sizes was helpful to reduce
the Type II error rates, as shown in Fig. 5, in which
variant no. 10 with an allele frequency of 0·00870
was extensively examined as a disease variant.
Different from the previous study (Park, 2010),
which showed a larger effect of the control sample
sizes in the reduction of Type II error rates, the current
method showed a larger effect of the case sample sizes
in the reduction of Type II error rates. The current
study focused on rare variants, and variance correc-
tions were partially based on the random sampling
of the case samples. The control samples had relative-
ly few disease genotypes compared with the case sam-
ples, especially for rare variants, which could lead to
biased results depending on the sampled case indivi-
duals. Therefore, the larger effect of case sample size
was more obvious when the disease variant was reces-
sive, as shown in Fig. 5.

(ii) Two-disease-variant model

When two disease variants exist in a gene region, Type
II error rates can be increased because of the differ-
ence in allele frequencies between the variants.
Different from the previous study based on haplotype
associations (Park, 2010), in which the odds ratio of
each variant was independent, the current study
assumed the same influence of disease variants on dis-
ease presentation. The odds ratio of each disease vari-
ant was not independent; thus, a disease variant with
larger frequencies could usually be identified as a dis-
ease variant during the procedure shown in Fig. 1
when the difference in allele frequencies between dis-
ease variants was large. Fig. 6 shows a simulation
study of the two-disease-variant model. Variant no.
16 with an allele frequency of 0·00412 was fixed as
the first disease variant, and the second disease variant
varied depending on the allele frequencies as follows:
variants no. 22, no. 10 and no. 15 had allele frequen-
cies of 0·00592, 0·00870 and 0·0820, respectively.

In Fig. 6, the solid line indicates the Type II error
rates when both disease variants were identified, and
the dashed lines indicate the probability of the correct
identification of only one of the disease variants.
Overall, Type II error rates decreased as the disease
allele frequency increased. As shown in Fig. 6(a),
most Type II error rates came from the early identifi-
cation of one of the disease variants when testing the
one-disease-variant model. These phenomena were
relatively less shown for disease variants with small
differences between disease allele frequencies. When
two disease variants had similar and small allele

frequencies, the slightly high Type II error rates are
shown as the odds ratios increased in Fig. 6. These
results occurred because of the early identification of
one of the disease variants and the incorrect identifica-
tions of other variants in LD with the disease variants,
especially due to the strong LD (r2 = 0·768) between
variants no. 22 and no. 2. For recessive variants, the
frequency of only one genotype among three increased
as the odds ratio increased. Therefore, the similar in-
cremental effect of the genotypes of the other variants
in LD could be more severe than that of the dominant
variants, as shown in Fig 6(b) involving variant no. 15
in strong LD with high frequency variants.

As expected, increasing the sample sizes reduced the
Type II error rates, as shown in Fig. 7. The plots were
based on the model of two rare disease variants, var-
iants no. 16 and no. 10, with allele frequencies of
0·00412 and 0·00870, respectively. Similar to Fig. 5,
increasing the case sample size rapidly reduced Type
II error rate; however, the Type II error rates did
not decrease to zero as the odds ratios increased, espe-
cially for dominant variants with a fixed control sam-
ple size. The primary reasons for high Type II error
rates were early identifications of more frequent vari-
ant and incorrect identifications of a variant with a
larger allele frequency as the disease variant. Instead
of identifying the rare disease variant, an incorrect
common variant was detected as a disease variant
due to strong LD through D´ with two disease var-
iants, which coincidently increased its genotype fre-
quencies in cases.

(iii) Comparisons to the model of independent disease
variants

Different from the previous study (Park, 2010), in-
creasing the case sample sizes was slightly more effect-
ive in decreasing Type II error rates. The previous
study targeted common disease variants so that the
allele frequencies and LD relationships of the control
populations were important for correct identification.
However, in the current study, rare variants were of
major interest and variance corrections used both
the control and case samples, so the genotype fre-
quency constitutions were not dependent only on the
control samples. For recessive variants, increasing
the case sample sizes was slightly better than increas-
ing the control sample sizes. Different from dominant
variants, only one genotype frequency increased in
cases for recessive variants. In addition to the rare dis-
ease genotype frequencies in controls for rare variants,
the genotype frequency of heterozygotes of the disease
variant was rare in the controls and slightly rarer in
the cases of recessive variants according to Fig. 2.
Therefore, increasing sample sizes reduced Type II
error rates more substantially for recessive variants
than for dominant variants.
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Similar to the previous study (Park, 2010), the
method provided good performance for identifying
common disease variants with allele frequencies
greater than 0·05, as shown in Supplementary Fig. 2,

except in the condition in which two disease variants
were in strong LD. Two common disease variants,
no. 15 and no. 33 (red lines in Supplementary Figs 2
(c) and 2(d)), were in strong LD with an r2 value of

Fig. 5. Type II error rates depending on sample sizes and odds ratios. (a) Dominant variants when both case and control
sample sizes increase; (b) dominant variants when case sample size is fixed at 500 and control sample sizes increase; (c)
dominant variants when control sample size is fixed at 500 and case sample sizes increase; (d) recessive variants when both
case and control sample sizes increase; (e) recessive variants when case sample size is fixed at 500 and control sample sizes
increase; (f) recessive variants when control sample size is fixed at 500 and case sample sizes increase.

Fig. 6. Two-disease-variant models for a fixed variant and a variant with various allele frequencies, in which the solid line
indicates Type II error rates and the dashed line indicates the probability when only one of two disease variants is
identified as a disease variant. (a) Dominant genes; (b) recessive genes.
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0·410 (Supplementary Table 2). In this case, the incre-
ments of disease genotype frequencies in the cases
were always dependent on the frequent variant (no.
33); the frequent variant was identified as the disease
variant when testing a model of one disease variant.
The phenomena were more significant than those in
the previous study (Park, 2010) because the effects
of the two disease variants were independent in the
previous study. To discriminate the effect of these
two disease variants with the same effect on disease
presentation, more studies are necessary.

4. Discussion

The current study presents an alternative method for
identifying disease variants based on genotype fre-
quencies when the disease variants have the same
effects on disease presentation. The method works
best for common variants with high impacts; however,
with large sample sizes, it works reasonably well for
rare variants with high impacts, especially variants
that are in high LD through D´ rather than through
r2, which means that the rare allele of each variant

is associated with the common allele of another vari-
ant. These situations of LD are expected to be
observed frequently because most rare variants are
in high LD through D´ but not through r2. The previ-
ous method is suitable for the dense genotyping of a
locus harbouring several independent disease variants
(Park, 2010), and the current method is suitable for
re-sequencing data harbouring several disease variants
with the same impact on disease presentation. With
more developments on disease variants in strong LD
through r2, the current method may provide an ultim-
ate solution for identifying true disease variants in
conjunction with the previous method by identifying
both dependent and independent disease variants.

However, the method needs to be improved to re-
duce the Type II error rates for rare disease variants.
The correct identification of all disease variants is
difficult, especially when two or more disease variants
are in high LD through r2. Therefore, even though a
disease variant was identified through the current
method, caution should be taken regarding the pos-
sible existence of another disease variant in high LD
through r2. Possible solutions to identify all of the

Fig. 7. Type II error rates for two-disease-variant models depending on various sample sizes. (a) Dominant variants when
both case and control sample sizes increase; (b) dominant variants when case sample size is fixed at 500 and control
sample sizes increase; (c) dominant variants when control sample size is fixed at 500 and case sample sizes increase; (d)
recessive variants when both case and control sample sizes increase; (e) recessive variants when case sample size is fixed at
500 and control sample sizes increase; (f) recessive variants when control sample size is fixed at 500 and case sample sizes
increase.
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disease variants might be the observations of Hardy–
Weinberg disequilibrium for disease variants (Lee,
2003; Song & Elston, 2006; Grover et al., 2010; Gao
et al., 2012; Xu et al., 2012) or analyses of the variants
of the gene locus that interact with the analyzed gene
locus (Phillips, 2008; Cordell, 2009; Shin et al., 2012).

The current study provides reasonable explanations
regarding the low odds ratios of common disease var-
iants and the high odds ratios of rare disease variants
based on new genetic models (Park & Kim, 2015).
Additionally, the study also clearly explains why dis-
ease variants of common complex diseases are neither
necessary nor sufficient for the disease presentation
based on the G ×G or G×E interactions. Because
the current method assumed that the control sample
represented the entire population for making the simu-
lation data set, the usage of cohort populations re-
gardless of disease status works best for the
assumption rather than the regular control samples.
However, the result would not differ unless the PLI
of complex diseases and the proportion of the corre-
sponding causal component were high. It is also note-
worthy that the method is independent of the disease
model because the LRT depends entirely on the
changes of disease genotype frequencies and on the
LD between disease variants and other variants.

This study assumed a G×G as a complementary
interaction, in which all of the interacting genes should
havedisease genotypes foradiseasephenotype. In apre-
vious study (Park & Kim, 2015), the complementary
gene interactions and epistasis came from existing gen-
etic observations; however, in fact, it cannot be ruled
out that other types of complicated gene interactions
might also exist. In this case, alternative explanations
for the changes in odds ratios depending on allele fre-
quencies would be required, and the simulation data
should be rebuilt. Even in this case, the proposed
method still could identify disease variants because the
method is independent of disease models as indicated
previously. In addition, since it is convenient to reduce
the possibilities to two (function or malfunction), the
assumptions still might offer advantages.

ThisworkwassupportedbytheNationalResearchFoundation
of Korea (NRF) grants funded by the Korean Government
(MSIP; 2010-0028631 and 2013R1A1A3006685). The key cal-
culationswere performedusing the supercomputing resource at
the Korea Institute of Science and Technology Information
(KISTI), supported by grant No. KSC-2015-C2-015 from
KISTI. The authors are grateful to K. Kim for being involved
in a preliminary study of the one-dominant-variant model
assuming HWE without variance corrections.

Supplementary material

The online supplementary material can be found avail-
able at http://dx.doi.org/10.1017/S0016672316000033

References

Abecasis, G. R., Altshuler, D., Auton, A., Brooks, L. D.,
Durbin, R.M., Gibbs, R. A., Hurles, M. E. & McVean,
G. A. (2010). A map of human genome variation
from population-scale sequencing. Nature 467,
1061–1073.

Biernacka, J. M. & Cordell, H. J. (2009). A composite-
likelihood approach for identifying polymorphisms that
are potentially directly associated with disease. European
Journal of Human Genetics 17, 644–650.

Biernacka, J. M., Charoen, P. & Cordell, H. J. (2007). Joint
linkage and association analysis for identification of po-
tentially causal polymorphisms in GAW15 data. BMC
Proceedings 1(Suppl. 1), S36.

Charoen, P., Biernacka, J. M. & Cordell, H. J. (2007).
Linkage and association analysis of GAW15 simulated
data: fine-mapping of chromosome 6 region. BMC
Proceedings 1(Suppl. 1), S23.

Cirulli, E. T. & Goldstein, D. B. (2010). Uncovering the
roles of rare variants in common disease through whole-
genome sequencing. Nature Reviews Genetics 11, 415–425.

Cordell, H. J. & Clayton, D. G. (2002). A unified stepwise
regression procedure for evaluating the relative effects of
polymorphisms within a gene using case/control or family
data: application to HLA in type 1 diabetes. American
Journal of Human Genetics 70, 124–141.

Cordell, H. J. & Clayton, D. G. (2005). Genetic association
studies. Lancet 366, 1121–1131.

Cordell, H. J. (2009). Detecting gene-gene interactions that
underlie human diseases. Nature Reviews Genetics 10,
392–404.

Dickson, S. P., Wang, K., Krantz, I., Hakonarson, H. &
Goldstein, D. B. (2010). Rare variants create synthetic
genome-wide associations. PLoS Biology 8, e1000294.

Fellay, J., Thompson, A. J., Ge, D., Gumbs, C. E., Urban,
T. J., Shianna, K. V., Little, L. D., Qiu, P., Bertelsen,
A. H., Watson, M., Warner, A., Muir, A. J., Brass, C.,
Albrecht, J., Sulkowski, M., McHutchison, J. G. &
Goldstein, D. B. (2010). ITPA gene variants protect
against anaemia in patients treated for chronic hepatitis
C. Nature 464, 405–408.

Gao, G., Kang, G., Wang, J., Chen, W., Qin, H., Jiang, B.,
Li, Q., Sun, C., Liu, N., Archer, K. J. & Allison, D. B.
(2012). A generalized sequential Bonferroni procedure
using smoothed weights for genome-wide association
studies incorporating information on Hardy–Weinberg
disequilibrium among cases. Human Heredity 73, 1–13.

Gaugler, T., Klei, L., Sanders, S. J., Bodea, C. A.,
Goldberg, A. P., Lee, A. B., Mahajan, M., Manaa, D.,
Pawitan, Y., Reichert, J., Ripke, S., Sandin, S., Sklar,
P., Svantesson, O., Reichenberg, A., Hultman, C.M.,
Devlin, B., Roeder, K. & Buxbaum, J. D. (2014). Most
genetic risk for autism resides with common variation.
Nature Genetics 46, 881–885.

Gibson, G. (2011). Rare and common variants: twenty argu-
ments. Nature Reviews Genetics 13, 135–145.

Grover, V. K., Cole, D. E. & Hamilton, D. C. (2010).
Attributing Hardy–Weinberg disequilibrium to popula-
tion stratification and genetic association in case–control
studies. Annals of Human Genetics 74, 77–87.

Heinzen, E. L., Ge, D., Cronin, K. D., Maia, J. M.,
Shianna, K. V., Gabriel, W. N., Welsh-Bohmer, K. A.,
Hulette, C.M., Denny, T. N. & Goldstein, D. B. (2008).
Tissue-specific genetic control of splicing: implications
for the study of complex traits. PLoS Biology 6, e1.

Lee, W. C. (2003). Searching for disease-susceptibility loci
by testing for Hardy–Weinberg disequilibrium in a gene

L. Park & J. H. Kim 10

https://doi.org/10.1017/S0016672316000033 Published online by Cambridge University Press

https://doi.org/10.1017/S0016672316000033


bank of affected individuals. American Journal of
Epidemiology 158, 397–400.

Madsen, A.M., Hodge, S. E. & Ottman, R. (2011a). Causal
models for investigating complex disease: I. A primer.
Human Heredity 72, 54–62.

Madsen, A.M., Ottman, R. & Hodge, S. E. (2011b). Causal
models for investigating complex genetic disease: II. What
causal models can tell us about penetrance for additive,
heterogeneity, and multiplicative two-locus models.
Human Heredity 72, 63–72.

Manolio, T. A., Collins, F. S., Cox, N. J., Goldstein, D. B.,
Hindorff, L. A., Hunter, D. J., McCarthy, M. I., Ramos,
E.M., Cardon, L. R., Chakravarti, A., Cho, J. H.,
Guttmacher, A. E., Kong, A., Kruglyak, L., Mardis, E.,
Rotimi, C. N., Slatkin, M., Valle, D., Whittemore,
A. S., Boehnke, M., Clark, A. G., Eichler, E. E.,
Gibson, G., Haines, J. L., Mackay, T. F., McCarroll,
S. A. & Visscher, P.M. (2009). Finding the missing herit-
ability of complex diseases. Nature 461, 747–753.

Morrison, A. C., Voorman, A., Johnson, A. D., Liu, X., Yu,
J., Li, A., Muzny, D., Yu, F., Rice, K., Zhu, C., Bis, J.,
Heiss, G., O’Donnell, C. J., Psaty, B.M., Cupples,
L. A., Gibbs, R. & Boerwinkle, E. (2013).
Whole-genome sequence-based analysis of high-density
lipoprotein cholesterol. Nature Genetics 45, 899–901.

Nicodemus, K. K., Stenger, J. E., Schmechel, D. E.,
Welsh-Bohmer, K. A., Saunders, A.M., Roses, A. D.,
Gilbert, J. R., Vance, J. M., Haines, J. L., Pericak-
Vance, M. A. & Martin, E. R. (2004). Comprehensive as-
sociation analysis of APOE regulatory region polymorph-
isms in Alzheimer disease. Neurogenetics 5, 201–208.

Nicolae, D. L., Gamazon, E., Zhang, W., Duan, S., Dolan,
M. E. & Cox, N. J. (2010). Trait-associated SNPs are
more likely to be eQTLs: annotation to enhance discovery
from GWAS. PLoS Genetics 6, e1000888.

Nussbaum, R. L., McInnes, R. R., Willard, H. F. &
Hamosh, A. (2007). Thompson & Thompson Genetics in
Medicine. Philadelphia: Saunders Elsevier.

Park, L. & Kim, J. H. (2015). A novel approach for identi-
fying causal models of complex diseases from family data.
Genetics 199, 1007–1016.

Park, L. (2007). Controlling linkage disequilibrium in asso-
ciation tests: revisiting APOE association in Alzheimer’s
disease. Genomics & Informatics 5, 61–67.

Park, L. (2010). Identifying disease polymorphisms from
case–control genetic association data. Genetica 138,
1147–1159.

Park, L. (2011). Effective population size of current human
population. Genetics Research 93, 105–114.

Phillips, P. C. (2008). Epistasis – the essential role of gene
interactions in the structure and evolution of genetic sys-
tems. Nature Reviews Genetics 9, 855–867.

Rothman, K. J., Greenland, S. & Lash, T. L. (2008).
Modern Epidemiology. Philadelphia: Lippincott
Williams & Wilkins.

Ryu, J., Woo, J., Shin, J., Ryoo, H., Kim, Y. & Lee, C.
(2014). Profile of differential promoter activity by

nucleotide substitution at GWAS signals for multiple
sclerosis. Medicine 93, e281.

Saunders, E. J., Dadaev, T., Leongamornlert, D. A.,
Jugurnauth-Little, S., Tymrakiewicz, M., Wiklund, F.,
Al Olama, A. A., Benlloch, S., Neal, D. E., Hamdy,
F. C., Donovan, J. L., Giles, G. G., Severi, G.,
Gronberg, H., Aly, M., Haiman, C. A., Schumacher, F.,
Henderson, B. E., Lindstrom, S., Kraft, P., Hunter,
D. J., Gapstur, S., Chanock, S., Berndt, S. I., Albanes,
D., Andriole, G., Schleutker, J., Weischer, M.,
Nordestgaard, B. G., Canzian, F., Campa, D., Riboli,
E., Key, T. J., Travis, R. C., Ingles, S. A., John, E.M.,
Hayes, R. B., Pharoah, P., Khaw, K. T., Stanford, J. L.,
Ostrander, E. A., Signorello, L. B., Thibodeau, S. N.,
Schaid, D., Maier, C., Kibel, A. S., Cybulski, C.,
Cannon-Albright, L., Brenner, H., Park, J. Y., Kaneva,
R., Batra, J., Clements, J. A., Teixeira, M. R., Xu, J.,
Mikropoulos, C., Goh, C., Govindasami, K., Guy, M.,
Wilkinson, R. A., Sawyer, E. J., Morgan, A., Easton,
D. F., Muir, K., Eeles, R. A. & Kote-Jarai, Z. (2014).
Fine-mapping the HOXB region detects common variants
tagging a rare coding allele: evidence for synthetic associ-
ation in prostate cancer. PLoS Genetics 10, e1004129.

Schodel, J., Bardella, C., Sciesielski, L. K., Brown, J.M.,
Pugh, C.W., Buckle, V., Tomlinson, I. P., Ratcliffe, P. J.
& Mole, D. R. (2012). Common genetic variants at the
11q13·3 renal cancer susceptibility locus influence binding
of HIF to an enhancer of cyclin D1 expression. Nature
Genetics 44, 420–425, S1–S2.

Shin, J., Kim, Y., Kong, M. & Lee, C. (2012). Genetic archi-
tecture for susceptibility to gout in the KARE cohort
study. Journal of Human Genetics 57, 379–384.

Song, K. & Elston, R. C. (2006). A powerful method of
combining measures of association and Hardy–
Weinberg disequilibrium for fine-mapping in case–control
studies. Statistics in Medicine 25, 105–126.

Szymczak, S., Biernacka, J. M., Cordell, H. J.,
Gonzalez-Recio, O., Konig, I. R., Zhang, H. & Sun,
Y. V. (2009). Machine learning in genome-wide associ-
ation studies. Genetic Epidemiology 33(Suppl. 1), S51–
S57.

Weir, B. S. (1996). Genetic Data Analysis II. Sunderland:
Sinauer Associates, Inc.

Wrensch, M., Jenkins, R. B., Chang, J. S., Yeh, R. F., Xiao,
Y., Decker, P. A., Ballman, K. V., Berger, M., Buckner,
J. C., Chang, S., Giannini, C., Halder, C., Kollmeyer,
T.M., Kosel, M. L., LaChance, D. H., McCoy, L.,
O’Neill, B. P., Patoka, J., Pico, A. R., Prados, M.,
Quesenberry, C., Rice, T., Rynearson, A. L., Smirnov,
I., Tihan, T., Wiemels, J., Yang, P. & Wiencke, J. K.
(2009). Variants in the CDKN2B and RTEL1 regions
are associated with high-grade glioma susceptibility.
Nature Genetics 41, 905–908.

Xu, J., Yuan, A. & Zheng, G. (2012). Bayes factor based on
the trend test incorporating Hardy–Weinberg disequilib-
rium: more power to detect genetic association. Annals
of Human Genetics 76, 301–311.

Identifying disease variants based on genotypes 11

https://doi.org/10.1017/S0016672316000033 Published online by Cambridge University Press

https://doi.org/10.1017/S0016672316000033


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize false
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage false
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Remove
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 400
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


