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Abstract
Genetic interaction is a crucial issue in the understanding of functional pathways underlying complex diseases. However,
detecting such interaction effects is challenging in terms of both methodology and statistical power. We address this issue by
introducing a disease-concordant twin-case-only design, which applies to both monozygotic and dizygotic twins. To
investigate the power, we conducted a computer simulation study by setting a series of parameter schemes with different
minor allele frequencies and relative risks. Results from the simulation study reveals that the disease-concordant twin-case-
only design largely reduces sample size required for sufficient power compared to the ordinary case-only design for detecting
gene–gene interaction using unrelated individuals. Sample sizes for dizygotic and monozygotic twins were roughly 1/2 and
1/4 of sample sizes in the ordinary case-only design. Since dizygotic twins are genetically similar as siblings, the enriched
power for dizygotic twins also applies to affected siblings, which could help to largely extend the application of the powerful
twin-case-only design. In summary, our simulation reveals high value of disease-concordant twins and siblings in efficiently
detecting gene-by-gene interactions.

Introduction

Genome-wide association studies (GWAS) have helped
identify genetic variations associated with various com-
plex phenotypes [1–3]. However, single-nucleotide poly-
morphisms (SNPs) often only explain a limited fraction of
the phenotype variance. On the other hand, epistasis or the
genetic interactions could help with further improving the
quantification of the genetic determinants of complex
diseases and phenotypes [4–6]. Gene-by-gene interactions
are often difficult to detect due to the computational
challenge arising from the exponential growth of multi-
locus genotype combinations and large sample sizes
required [7].

The case-only design has proven to be an efficient tool to
detect gene–environment interaction [8, 9] and gene–sex
interaction [10], and this powerful design has shown to be
more efficient compared to the case–control design [11, 12].
In addition, the case-only design uses only cases and makes
it more cost-effective in detecting interactions. The case-
only design is also a valid approach to measuring the effects
of gene–gene interactions [13] under the condition that the
genes involved are in linkage equilibrium, i.e., alleles at the
interacting loci are not inherited together.
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Twins are special samples for genetic studies because of
their genetic similarities and rearing-environmental sharing.
The last century witnessed successful uses of twins in dis-
secting the genetic and environmental contributions to
human diseases and complex traits. By comparing pheno-
type correlation patterns in monozygotic (MZ, identical)
and dizygotic (DZ, fraternal) twin pairs, various genetic and
environmental components can be assessed using the clas-
sical twin design for heritability estimation and correlation
calculation [14]. With the advancement in biotechnology
for genomic analysis, the use of twins is expanding from
traditional genetic epidemiology to omics studies [15].
Through computer simulation, we have revealed the power
advantage in using concordant twins in genetic association
studies on human longevity and on complex diseases [16, 17].
In this study, we focus on analyzing gene–gene interactions
by applying the powerful case-only design to affected twin
pairs, the disease-concordant twin-case-only design, for
more efficient detection of epistasis in complex diseases,
assuming genetic interactions are enriched in disease-
concordant twin pairs. The same idea can be extended to
estimate gene-by-sex and gene-by-environment
interactions.

Method

Experiment design

Instead of collecting patients from unrelated samples in an
ordinary case-only design, we genotype and collect sin-
gletons from disease-concordant twin pairs in the twin-case-
only design (Fig. 1). The design is flexible and could be
applied to disease-concordant MZ, DZ twin as well as
sibling pairs.

Simulation model

Assuming two SNPs (SNPA and SNPB) are under linkage
equilibrium and for simplicity, each has a dominant effect.

SNPA and SNPB, each has three genotypes: AA, Aa, aa and
BB, Bb, bb, where a and b are minor alleles for SNPA and
SNPB, respectively. Denote the minor allele frequencies for
SNPA and SNPB as qA and qB. Then genotype frequencies
for AA, Aa, and aa are (1− qA)

2, 2qA (1− qA), qA
2. Simi-

larly genotype frequencies for BB, Bb, and bb are (1− qB)
2,

2qB (1− qB), qB
2. In total, there are nine multilocus geno-

types for SNPA and SNPB. In the dominant mode of
inheritance, genotypes Aa and aa have the same risk,
therefore, the three genotypes of each SNP can be repre-
sented as two carrier types, and there are totally four mul-
tilocus carrier types (MLCTs). If we encode carrier as 1 and
non-carrier as 0 for each SNP, and denote pij as MLCT
frequency, where i, j are carrier types for SNPA and SNPB,
we could compute these MLCT frequencies.

p00 ¼ 1� qAð Þ2 1� qBð Þ2
p01 ¼ 1� qAð Þ2 2qB 1� qBð Þ þ q2B

� �

p10 ¼ 2qA 1� qAð Þ þ q2A
� �

1� qBð Þ2
p11 ¼ 2qA 1� qAð Þ þ q2A

� �
2qB 1� qBð Þ þ q2B
� �

: ð1Þ

We define disease prevalence K as the proportion of
individuals with the disease of interest in a population.
Disease prevalence K was set to 0.05 in our simulation.
Disease prevalence in a subpopulation of certain MLCT is
denoted as dij, where i and j are carrier types for SNPA and
SNPB, respectively. Then K is the weighted sum of disease
prevalences for each MLCT [18].

K ¼ p00d00 þ p01d01 þ p10d10 þ p11d11: ð2Þ
When only interaction effect is considered, an individual

carrying both SNPs has higher chance of developing dis-
ease. Then we could quantify the prevalence as d11= rd10
= rd01= rd00, where r is the relative risk. Combined with
Eq. 2, we will have all disease prevalences shown in Eq. 3
for use in the simulation.

d00 ¼ K= p00 þ p01 þ p10 þ rp11ð Þ
d01 ¼ K= p00 þ p01 þ p10 þ rp11ð Þ
d10 ¼ K= p00 þ p01 þ p10 þ rp11ð Þ
d11 ¼ rK= p00 þ p01 þ p10 þ rp11ð Þ

: ð3Þ

Simulating multilocus carrier type and phenotype

For unrelated individuals, we can simulate MLCTs and
phenotypes with frequencies computed in Eqs. 1 and 3,
respectively. Simulation of MLCTs in disease-concordant
twin pairs is more complicated due to the relatedness
between twin pairs. For MZ twin pairs who share same
genotype, we simulate one MLCT and assigned it to the
other twin of the same pair. For DZ twin pairs whose
genotypes are possibly different, we start with the genotype

Fig. 1 Illustration of ordinary case-only design and disease-concordant
twin-case-only design. The numbers represent carrier status of two
interacting SNPs in genotyped samples. (color figure online)
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simulations of their parents. Genotypes of SNPA and SNPB
for each parent are simulated independently, and two alleles
for each SNP have equal chance passing to their children to
ensure that twins have 50% chance of inheriting an allele
identical by descent (IBD) [16]. Phenotype of twins can be
simulated independently using their genotypes and corre-
sponding disease prevalences (Eq. 3), and we take one twin
from each disease-concordant twin pair to form our study
sample. To help accelerate the simulation process, we
computed the conditional probabilities of different MLCTs.
The computation of these probabilities can be found in
Supplement Document 1.

Statistical testing and power estimation

We used Fisher’s exact test for both twin-case-only and
ordinary case-only designs. Before we apply the test, a 2 × 2
contingency table with carrier types of two SNPs was
summarized, and each cell represents number of individuals
of corresponding MLCT. Then p-value of Fisher’s exact test
was extracted for power estimation. The test was with 1
degree of freedom.

We simulated N= 2000 replicates for all scenarios, and
corresponding powers were estimated as

Power ¼
PN

i¼1 I p�value ið Þ<threshold½ �
N

; ð4Þ

where I [·] is an indicator function with 1 as true and 0 as
false for logical expression of p <threshold. In our
simulation, we are interested in testing one SNP that could
be interacted with other SNPs in a GWAS, and thus we set
p-value threshold as 5 × 10−8.

Although the description of simulation was on interact-
ing SNPs, under the assumption that the interacting SNPs
are in linkage equilibrium, our power estimates are also
valid for detecting gene-by-sex and gene-by-environment
interactions because the interacting factors can be coded as
binary (0, 1) same as allele carrier status. Here the minor
allele frequency can be replaced by the lower proportion of
one sex or the proportion of exposures to an environmental
condition.

Results

Empirical type I error rate

Empirical type I error rates were estimated prior to power
simulation by setting relative risk r to 1. In the simulation,
we set theoretical type I error rates to 0.05. We used dif-
ferent combinations of minor allele frequency of the two
SNPs (0.05 and 0.30) in this simulation, and a sample size

of 10,000 was used for each of a total 10,000 replications to
ensure the accuracy of type I error rates. From the results
shown in Table 1, we could see that all the empirical type I
error rates are around 0.05, which suggests that the simu-
lation and testing methods used were unbiased and our
power simulation was valid.

Simulated power

The simulation was carried out with sample size incre-
ment of 10, and simulation stops when the power reaches
1 for each parameter set. Minor allele frequencies of both
SNPs are the same as in empirical type I error rate
simulation (Table 1), and relative risk r was set ranging
from 1.2 to 2.5. The power estimates for comparing dif-
ferent designs were shown in Fig. 2. From the figure, we
could see that power is stably increasing with sample size,
and higher power is observed with higher frequency SNPs
and higher relative risks. Most importantly, the highest
power is achieved by the MZ twin-case-only design fol-
lowed by the DZ twin-case-only design with ordinary
case-only design showing the lowest power. For example,
when qA= 0.05, qB= 0.3, and r= 1.25, power of MZ
twin-case-only design reaches 80% when sample size is
1620. With same sample size, the power estimate for DZ
twin-case-only design is 0.38 and for ordinary case-only
design is 0.27. When sample size is 4160, power for DZ
twin-case-only design is over 80%, and for ordinary case-
only design, the power is only 0.58.

In Table 2, we also report minimal sample sizes required
for power achieving 80%. Under the same setting of q and r
and compared with the ordinary case-only design, the
minimum sample size required can be roughly reduced by
1/2 sample size using the DZ twin-case-only design and by
1/4 using the MZ twin-case-only design. For example, when
qA= 0.05, qB= 0.30, and r= 1.50, the estimated sample
sizes are 1980, 1130, 430 for ordinary case-only, DZ and
MZ twin-case-only designs, respectively. From Table 2, we
also observe that the sample size estimated for power

Table 1 Empirical type I error rate for simulated data

QA qB Ordinary case-only design Disease-concordant twin-
case-only design

Dizygotic Monozygotic

0.05 0.05 0.0440 0.0449 0.0479

0.05 0.30 0.0498 0.0465 0.0490

0.30 0.30 0.0503 0.0499 0.0515

Type I error rate were estimated 10,000 replicates using sample size of
10,000 each

qA, qB minor allele frequencies for SNPA and SNPB
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achieving 80% is very sensitive with regard to relative risk.
For example, for qA= 0.05, qB= 0.05, when relative risk
change from 1.20 to 1.25, estimated sample size changes
from 27,410 to 18,250 for ordinary case-only design, which
is over 1/3 change. With disease-concordant twins, those
numbers are from 16,950 to 10,820 by the DZ twin-case-
only design and from 6330 to 4120 by the MZ twin-case-
only design.

Illustration with empirical data

In addition to the simulated results, we further illustrate the
high efficiency of the disease-concordant twin-case-only
design in detecting gene-by-sex interaction using an
empirical data set from a GWAS project based on 363,536
genotyped SNPs and a total of 1,348,667 SNPs after
imputation and quality control [19]. The project collected

qA = 0.05, qB = 0.05 qA = 0.05, qB = 0.3 qA = 0.3, qB = 0.3
r = 1.2

r = 1.25
r = 1.3
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relative risk. (color figure
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434 patients with allergic rhinitis consisting of 243 siblings
and 191 unrelated individuals, both male and female.
Although with small sample sizes, the presence of both
sibling pairs who are genetically correlated as DZ twins and
unrelated individuals in the sample offers us an opportunity
to perform sibling-case-only and ordinary/unrelated case-
only analyses and compare their performances in detecting
gene–sex interaction. To do that, we used two subsets from
the sample, 138 siblings and 138 unrelated individuals, and
we matched both sample size and gender proportion. For
each of the two datasets, we conducted a GWAS using
logistic regression to test genotype by sex dependence.

The sibling-case-only design identified 5 SNPs with p-
value <1 × 10−5 and 82 SNPs with p-value below 1 × 10−4.
While in the ordinary case-only design, no SNP is found
with p-value below 1 × 10−5 and only 13 SNPs had p-value
below 1 × 10−4. To ensure that no inflation in the statistical
significance is involved, we calculated genomic inflation
factor (GIF) [20], with GIF= 1.017 for the disease con-
cordant sibling-case-only design and GIF= 1.011 for the
ordinary case-only design. Since the two GIFs are nearly
equal and are both very close to 1, there is no genomic

inflation in the two GWASs. Although no significant hit
was found for both designs, the fact that more SNPs were
found with p-value below relatively low or suggestive
thresholds (1 × 10−5 and 1 × 10−4) by the sibling-case-only
design in combination with its GIF of about one suggests
that it is more sensitive and efficient compared to the
ordinary case-only design.

Discussion

Despite the recent success of GWAS in identifying loci
associated with complex diseases, a large proportion of the
genetic components remain missing perhaps partly due to
the ignorance of genetic interactions in the current GWAS.
Detecting gene–gene, gene–sex, and gene–environment
interactions might help with improving the quantification of
the genetic determinants of complex diseases and pheno-
types. As testing for the interaction effects in genomic
association analysis is a challenging frontier, the simulation
results on our proposed disease-concordant twin-case-only
design for detecting interaction effects are encouraging.
With a roughly 1/2 sample size reduction by the DZ and 1/4
with MZ twin-case-only designs as compared with the
ordinary case-only design, our proposed approach is a
powerful tool for detecting interaction effects in genome-
wide association analysis.

The fact that disease concordance occurred in genetically
related twin pairs or siblings highly increases the probability
of sharing disease genes including interacting genes, with
the higher the degree of genetic relatedness the higher the
probability of sharing. We want to mention here that the
disease-concordant twins/siblings design for association
analysis also benefits from the power linkage analysis
because the sharing of interacting genes in MZ twins is
actually IBD from a common ancestor without any inter-
vening recombination. Even in disease-concordant DZ twins
or siblings, the sharing can be IBD or identical-by-state. This
means that the disease-concordant twin design tests not only
genetic association, but also, to some extent, genetic linkage
as in the affected sib-pair analysis [21]. The highly enriched
power by applying the case-only design to disease-
concordant twins could offer a new opportunity for explor-
ing the genetic interaction network that involves genes of
low frequency and/or small effect size, which would be hard
to detect using conventional methodology [22].

As just aforementioned, the enriched power of the pro-
posed design is due to the increased likelihood of interac-
tion effects in genetically related individuals who are
affected, if genetic interaction is indeed involved in disease
development. This also imposes restriction on sample col-
lection, which could limit practical application of the
design. Fortunately, the same power advantage in using

Table 2 Estimated minimum sample size for reaching power >80%

q r Ordinary case-only
design

Disease-concordant
twin-case-only design

Dizygotic Monozygotic

1.20 27,410 16,950 6330

qA=
0.05

1.25 18,250 10,820 4120

1.30 12,350 8110 2760

qB=
0.05

1.50 4980 2890 1010

1.75 2490 1260 450

2.00 1540 770 260

2.50 770 370 120

1.20 9810 6360 2360

qA=
0.05

1.25 6450 4160 1620

1.30 4650 3070 1080

qB=
0.30

1.50 1980 1130 430

1.75 980 570 210

2.00 580 350 130

2.50 330 180 80

1.20 3970 2630 950

qA=
0.30

1.25 2570 1770 670

1.30 1940 1350 510

qB=
0.30

1.50 820 610 230

1.75 440 330 140

2.00 300 240 110

2.50 190 160 80

The sample sizes were estimated with increment of 10 samples and
2000 replications

qA, qB minor allele frequencies for SNPA and SNPB, r relative risk
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disease-concordant DZ twins also applies to affected sibling
pairs due to the same degree of genetic sharing. Extending
to the sampling scope to include affected sibling pairs lar-
gely increases feasibility for studies using the proposed
design. On the other hand, the frequent use of twins in
genomic studies also offers new opportunities for con-
ducting large-scale, consortium-based analysis of epistasis
and gene–sex as well as gene–environment interactions in
GWAS. Finally, considering the high experimental expen-
ses in genomic analysis, promoting the disease-concordant
twin-case-only design is a cost-effective way for uncovering
the interactive network in disease development.

Finally, the power estimates presented in this paper are
for carriers of SNP minor alleles (non-carriers coded 0,
carriers coded 1) with power simulated using a p-value
cutoff for GWAS. Because of that, the power estimates
also apply to tests on gene-by-sex (as illustrated in the
example application) and gene-by-environment interac-
tions by coding sex and exposure as 0 or 1, with the
degree of multiple testing similar to a typical GWAS. This
flexibility expands the application of the twin-case-only
design to cover different types of interactions involving
the genome to further harness the power of twins in
genomic studies.
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