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ABSTRACT 

Genome-wide association studies with moderate sample size are underpowered especially when testing 

SNP alleles with low allele counts, a situation that may lead to high frequency of false positive results 

and lack of replication in independent studies. Related individuals such as twin pairs concordant for a 

disease should confer increased power in genetic association analysis because of their genetic 

relatedness. We conducted a computer simulation study to explore the power advantage of the disease 

concordant twin design which uses singletons from disease concordant twin pairs as cases and ordinary 

healthy samples as controls. We examined the power gain of the twin-based design for various 

scenarios, i.e. with cases from monozygotic and dizygotic twin pairs concordant for a disease and 

compared the power with the ordinary case-control design with cases collected from the unrelated 

patient population. Simulation was done by assigning various allele frequency and allelic relative risk 

for different mode of genetic inheritance. In general, for achieving a power estimate of 80%, the 

sample sizes needed for dizygotic and monozygotic twin cases were 1/2 and 1/4 of the sample size of 

an ordinary case-control design with variations depending on genetic mode. Importantly, the enriched 

power for dizygotic twins also applies to disease concordant sibling pairs which largely extends the 

application of the concordant twin design. Overall, our simulation revealed high value of disease 

concordant twins in genetic association studies, and encourages the use of genetically related 

individuals for highly efficiently identifying both common and rare genetic variants underlying human 

complex diseases without increasing laboratory cost.  
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INTRODUCTION 

In the post-genomic era, the rapid developments in biotechnology and computer science have made 

genome-wide association studies (GWAS) increasingly popular to identify genetic variants associated 

with complex phenotypes and diseases (Shin et al., 2014, Ferrari et al., 2015, Dichgans et al., 2014). 

However, genome-wide association analyses with moderate sample size are underpowered especially 

when testing SNP alleles with low allele counts (Manolio et al., 2009), a situation that leads to high 

frequency of false positive results and lack of replication in independent studies (Kraft et al., 2009). 

Although increasing sample size could always be an option, very large sample sizes can be required for 

detecting SNPs with low frequencies and relatively low risks (Spencer et al., 2009). Meanwhile the 

cost of  high-throughput analysis (Hayden, 2014) limits the scale of GWAS.  

            Twin studies have contributed to estimate heritability (Verweij et al., 2012), and helped with 

disentangling the genetic contributions to phenotype variations using the classical twin design 

(Boomsma et al., 2002). Recent simulations have confirmed higher powers in using genetically related 

individuals including twins in gene-longevity association analysis (Tan et al., 2014, Tan et al., 2010). 

We hypothesized that related individuals such as twin pairs concordant for a disease confer enriched 

power in genetic association analysis because of their genetic relatedness and conducted a computer 

simulation to explore the power advantage of the disease concordant twin design which uses singletons 

from disease concordant twin pairs as cases and ordinary healthy samples as controls. We examined the 

power gain of the twin-based design for various scenarios, i.e. with cases from monozygotic and 

dizygotic twin pairs concordant for a disease and compared the power with the ordinary case-control 

design with cases collected from the unrelated patient population. This paper reports our power 

estimates for various combinations of allele frequency and allelic relative risk parameters under 



different mode of genetic inheritance. We discuss the high value of the disease concordant twins in 

genetic association studies, and promote the use of genetically related individuals for highly efficient 

identification of genetic variants underlying human complex diseases.  

METHODS 

Disease concordant twin design 

Figure 1 depicts sample collection schemes in ordinary case-control (OCC) and disease concordant 

twin (DCT) designs. For OCC design, all cases and controls are taken from unrelated populations. In 

DCT design, however, one singleton from each affected twin pair is picked up to form the case group, 

with the control group collected as in OCC design. We simulated and compared the power of DCT 

design for disease concordant monozygotic (MZ) twin pairs who are genetically identical (the MZ 

design) and for disease concordant dizygotic (DZ) twin pairs who share half of their genetic make-ups 

(the DZ design). Both will be compared with the OCC design to show power advantages in using 

twins.  

Simulation model 

We first define disease prevalence K as the proportion of individuals with a disease in the total 

population. In our simulation, we set K to 0.05. For a SNP with minor allele frequency q, there are 3 

genotypes in the population carrying 0, 1 and 2 copies of the minor allele with genotype frequencies (1 

– q)2, 2q (1 – q) and q2. At population level, K is the weighted sum of genotype specific disease 

prevalence (Tan et al., 2008). 

K = (1 – q)2 d0 + 2q (1 – q) d1 + q2d2  (1) 



where d0, d1 and d2 are genotype-specific disease prevalence. In this simulation, we quantify d0, d1 and 

d2 by modeling them with three modes of genetic effects, i.e. additive, dominant and recessive models. 

For additive model, individual that carries more risk alleles will have a relative higher probability to 

develop disease, hence we quantify the probabilities as d1 = rd0 and d2 = r2d0, for r >1. For dominant 

model, carrying 1 or 2 risk alleles will have the same effect (i.e. d2 = d1 = rd0). For recessive model, 

only individuals with 2 risk alleles will express the effect (i.e.  d1 = d0, d2 = rd0). By setting K, mode of 

genetic effects, r and q, we could substitute d1 and d2 into Equation (1), and solve to obtain genotype-

specific disease prevalence. 

For additive model 

d0 = K / ((1 – q)2 + 2q (1 – q) r + q2r2) 

d1 = rK / ((1 – q)2 + 2q (1 – q) r + q2r2)   (2) 

d2 = r2K / ((1 – q)2 + 2q (1 – q) r + q2r2) 

For dominant model 

d0 = K / ((1 – q)2 + 2q (1 – q) r + q2r) 

d1 = rK / ((1 – q)2 + 2q (1 – q) r + q2r)   (3) 

d2 = rK / ((1 – q)2 + 2q (1 – q) r + q2r) 

For recessive model 

d0 = K / ((1 – q)2 + 2q (1 – q) + q2r) 

d1 = K / ((1 – q)2 + 2q (1 – q) + q2r)   (4) 



d2 = rK / ((1 – q)2 + 2q (1 – q) + q2r) 

Simulating genotype and phenotype 

To simulate the phenotypes (disease or disease-free) for unrelated individuals, a genotype is randomly 

assigned to an individual using the genotype frequencies obtained from a binomial distribution. Then 

we simulate the disease status of that individual using the genotype-specific disease prevalence. We 

choose individuals with disease as cases and individuals without disease as controls. When simulating 

case group in DCT designs, the process is similar but not straight forwards. The first step is to have the 

genotypes of the twin pairs. MZ twin pairs have the same genotype, thus we could simulate the 

genotype of one twin in a pair and assign it as the genotype of the co-twin. When simulating genotypes 

of DZ twins, we start from simulating the genotypes of their parents, and then we simulate the 

genotype for each twin by randomly taking one of two alleles with equal probability from each parent. 

This ensures that two twins within a pair have 50% chance of inheriting an allele identical by descent 

(IBD) (Tan et al., 2014). After having genotypes of the twin pairs, we simulate phenotypes 

independently. Disease concordant twin pairs are selected and one twin from each pair is taken to the 

case group. In the simulation, all the controls are from unrelated individuals, and the cases from disease 

concordant MZ and DZ twin pairs. Equal number of cases and controls were collected for the 

simulation study. In our simulation we use conditional probabilities, which are the probabilities of 

different genotypes with fixed phenotype. The computations of those probabilities could be found in 

supplement document 1. Using the conditional probabilities could reduce the complexity of the 

algorithm and retain all the obtained samples, thus significantly speed up the simulation process. 

Statistical testing and power estimation 



We apply the logistic regression model for detecting genetic association with the dichotomous trait of 

disease, i.e. we fit  

logit(p) = α + βx   (5) 

Where x is the genotype; logit(p) is logistic transformation of outcome variable p, which is the 

probability of being disease in the samples. In this model, coefficient β is tested using the likelihood 

ratio test. We simulated K = 2000 replicates, and with 2000 p-values obtained from logistic regression, 

corresponding power is estimated as 

Power =
∑ 𝐼[p−value(𝑖)<5×10−8]𝐾
𝑖=1

𝐾
   (6) 

Where I(·) is an indicator function for the logical expression (1 if true and 0 if false), K is the number 

of simulated replicates. Note that the power is calculated using the genome-wide significance threshold 

5×10-8 (Risch & Merikangas, 1996). 

RESULTS 

Empirical type I error rate 

Before power simulation, we estimated empirical type I error rate using simulated data by setting the 

relative risk r to 1 and calculating the false positive rate. We simulated 2000 replicates with sample size 

10000. Empirical type I error rate is estimated by setting p-value threshold to 0.05 (the theoretical type 

I error rate). The results are shown in Table 1.  The table shows that the estimated empirical type I error 

rates are around 0.05 with only little fluctuation suggesting that our simulation procedure is valid and 

unbiased.  



Power simulation 

Figures S1-S3 (supplement files) show the estimated powers for additive, dominant and recessive 

models respectively. For each model, various combinations of parameters (relative risk and minor 

allele frequency) were simulated using OCC design (dash-dotted line), DZ design (dotted line) or MZ 

design (solid line). As expected, the estimated power goes up with increasing sample size, and also 

with increasing allelic risk. Take the additive model for example (Figure S1), for the combinations of 

low q (0.05, 0.1) and low allelic risk (1.2, 1.3), the OCC design is under-powered with estimated power 

well below 80% even with a sample size of 5000 as indicated by the horizontal dashed line. In contrast, 

sufficient power can be achieved in detecting a SNP with q = 0.1 and r = 1.3 using only 1310 DCT MZ 

twins or 2260 DCT DZ twins. For the same setting of q and risk parameters, while only slightly larger 

sample sizes are needed for the dominant model (Figure S2) in comparison with the additive model, the 

recessive SNPs require much larger sample size to be detected (Figure S3) when compared to the 

additive and dominant models. Finally, it is clearly shown in Figures S1-S3, that the MZ twin design 

has higher power than the DZ twin design and both exhibit enriched power as compared with OCC 

design. 

In addition, we also report the minimum sample sizes required to reach sufficient power 

(>80%) under the three modes of genetic effect and for various combinations of q and allelic risk 

(Tables 2-4). It is interesting to see that, for the three different modes, sample size for MZ (nMZ) is 

roughly half of the sample size for DZ (nDZ), and sample size for DZ is approximately half of the 

sample size for unrelated individuals (nOCC), i.e.  nMZ ≈ nDZ /2 ≈ nOCC /4. The relationship clearly 

summarizes the power advantage of using DCT design in genetic association studies.  



DISSCUSSION 

Using computer simulation, we have shown the remarkably increased statistical power in using DCT 

design in genetic association studies. The confirmed high value of disease concordant twins could offer 

an efficient experiment design for identifying genetic variations underlying complex diseases and 

phenotypes.  Compared to OCC design, the 1/2 and 1/4 sample size estimations with DZ twins and MZ 

twins will confer remarkable power enrichment for GWAS without extra charge in experimental 

expense. This is especially valuable for the next-generation sequencing study which is still an 

expensive experiment, a factor that limits the scale of most of the studies. It has been shown that 

current GWAS which is based on the common disease/common variants assumption explains only 

small proportion of the total genetic contribution to diseases resulting leading to the issue of missing 

heritability (Manolio et al., 2009, Maher, 2008). Meanwhile previous studies have shown that abundant 

rare genetic variants and a large proportion of SNPs which are predicted functionally important are rare 

(Nelson et al., 2012, Tennessen et al., 2012). In this regard, the power advantage of the concordant 

twin design offers an efficient approach for detecting rare genetic variants associated with human 

diseases and traits. New simulation work is underway to investigate the power of DCT design with 

various testing methods for rare-variant associations (Lee et al. 2014).  

Although with obvious power advantage, the use of DCT design can be highly limited by 

the low availability of disease concordant twin pairs to be sampled. On the other hand, since DZ twins 

are genetically similar to sibling pairs, the estimated power increase for disease concordant DZ twins 

also applies to disease concordant sibling pairs. This is important as sibling pairs are in abundance 

compared with DZ twins. As such, replacing disease concordant DZ twin pairs with the affected sibling 

pairs largely increases sample availability but retains doubled efficiency in the association analysis. 



Here we want to distinguish the use of DCT design in disease concordant siblings with the affected sib-

pairs (ASP) analysis (Freimer & Sabatti, 2004). As an important approach in linkage analysis, the ASP 

design works by correlating allele sharing identical-by-decent (IBD) with sharing of phenotype in the 

sibling pairs, which requires parental genotypes for specifying observed patterns of IBD or estimating 

IBD probabilities. The application of ASP design, which is a linkage analysis by nature, is limited by 

its low resolution in genetic mapping (Boehnke, 1994) and by locus heterogeneity in complex diseases 

(Ott et al. 2015).  The enriched power in using DCT design in disease concordant siblings shows the 

value of affected sibling pairs in genetic association studies of human complex disorders.   

Our simulation study was focused on genetic factors to reduce complexity of the 

simulation. In reality, non-genetic or environmental factors are also important in disease development. 

In classical twin modeling (Rijsdijk & Sham, 2002), it is assumed that the two twins in a pair (MZ or 

DZ pair) share the same family environment. The high degree of sharing of family environmental 

factors (just like the sharing of genetic materials in twins) suggests that the DCT design could also be a 

useful model for studying family environmental factors and disease, a design that is equally powerful 

for both MZ and DZ twins. This can be particularly relevant in linking early life events with disease 

and heath because early life exposure to advert environmental factors could have a lasting effect on 

individual’s health status (Newnham & Ross, 2009, Gluckman & Hanson, 2004).    

In contrast to genetic association study, the emerging field of epigenetics is serving as a 

bridge linking gene activity with environmental condition in disease development. The sample of twins 

contributes to epigenetic association study through the disease discordant twin design which is 

supposed to have increased power in identifying environmentally induced epigenetic modification in 

disease etiology by controlling for the genetic effects on disease risk (Tan et al. 2015). Likewise, 



computer simulation can serve as a useful approach for investigating the power advantage and help to 

promote the use of twins in both genomic and epigenomic association studies.  
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Table 1 Empirical type I error rate for simulated data. 

Model q OCC design DZ DCT design MZ DCT design 

Additive 

0.05 0.0502 0.0496 0.0482 

0.10 0.0527 0.0513 0.0514 

0.20 0.0528 0.0449 0.0502 

0.30 0.0509 0.0469 0.0545 

0.40 0.0479 0.0521 0.0493 

0.50 0.0488 0.0521 0.0480 

Dominant 

0.05 0.0468 0.0504 0.0508 

0.10 0.0513 0.0469 0.0593 

0.20 0.0474 0.0474 0.0524 

0.30 0.0501 0.0491 0.0530 

0.40 0.0494 0.0475 0.0454 

0.50 0.0517 0.0487 0.0509 

Recessive 

0.05 0.0464 0.0476 0.0492 

0.10 0.0488 0.0468 0.0464 

0.20 0.0507 0.0470 0.0494 

0.30 0.0474 0.0470 0.0483 

0.40 0.0493 0.0524 0.0503 

0.50 0.0480 0.0457 0.0533 

q: minor allele frequency; OCC: ordinary case-control; DZ DCT: dizygotic disease concordant twin; 

MZ DCT: monozygotic disease concordant twin. Data were based on 2000 replicates with sample size 

of 10000 each. 

  



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

Design q 
Relative Risk 

1.2 1.25 1.30 1.50 1.75 2.0 2.5 

OCC 

0.05 21250 13850 9800 3860 1910 1180 630 

0.10 11020 7250 5220 2080 1050 650 360 

0.20 6440 4270 3020 1230 640 410 230 

0.30 5030 3280 2360 990 510 340 200 

0.40 4380 2970 2150 900 480 320 200 

0.50 4390 2900 2080 910 500 330 210 

DZ DCT 

0.05 9070 5880 4140 1570 760 460 240 

0.10 4820 3140 2260 870 430 270 150 

0.20 2850 1870 1320 540 270 180 110 

0.30 2240 1480 1060 440 240 160 100 

0.40 2070 1340 960 430 240 160 110 

0.50 1990 1340 1000 440 250 180 120 

MZ DCT 

0.05 5060 3350 2350 900 440 270 150 

0.10 2770 1800 1310 510 250 160 100 

0.20 1610 1080 760 320 170 110 80 

0.30 1300 860 630 260 150 110 70 

0.40 1160 800 570 250 150 110 80 

0.50 1170 790 580 260 150 120 80 

q: minor allele frequency; OCC: ordinary case-control; DZ DCT: dizygotic disease concordant twin; 

MZ DCT: monozygotic disease concordant twin. The sample sizes were estimated with increment of 

10 samples. 

  



Table 3 Estimated minimum sample size for reaching power > 80% by dominant model 

Design q 
Relative Risk 

1.2 1.25 1.30 1.50 1.75 2.0 2.5 

OCC 

0.05 22810 14800 10530 4290 2120 1310 710 

0.10 13420 8860 6310 2530 1290 820 460 

0.20 8960 6140 4410 1820 930 620 360 

0.30 8600 5870 4250 1790 960 630 390 

0.40 9630 6470 4690 2070 1120 770 470 

0.50 12170 8060 5960 2660 1470 1020 640 

DZ DCT 

0.05 10020 6420 4630 1780 840 530 280 

0.10 6030 3880 2730 1090 540 350 190 

0.20 4340 2880 2080 870 450 300 180 

0.30 4200 2820 2060 890 500 340 220 

0.40 4910 3320 2470 1090 620 430 290 

0.50 6430 4460 3270 1450 860 620 420 

MZ DCT 

0.05 5640 3570 2560 1000 490 310 170 

0.10 3300 2190 1560 620 310 200 120 

0.20 2400 1590 1150 470 260 180 110 

0.30 2340 1550 1140 500 280 200 140 

0.40 2600 1800 1310 600 360 260 190 

0.50 3400 2290 1720 810 490 370 270 

q: minor allele frequency; OCC: ordinary case-control; DZ DCT: dizygotic disease concordant twin; 

MZ DCT: monozygotic disease concordant twin. The sample sizes were estimated with increment of 

10 samples. 

  



Table 4 Estimated minimum sample size for reaching power > 80% by recessive model 

Design q 
Relative Risk 

1.2 1.25 1.30 1.50 1.75 2.0 2.5 

OCC 

0.05 770020 514750 361280 140750 70820 42860 22470 

0.10 199470 130480 91660 36630 17820 10790 5730 

0.20 51470 33710 23800 9520 4660 2880 1520 

0.30 24370 15970 11220 4460 2220 1410 760 

0.40 14780 9910 7200 2850 1440 900 500 

0.50 10910 7150 5240 2040 1110 700 400 

DZ DCT 

0.05 457830 302090 211810 79430 37930 22510 11130 

0.10 112610 71520 52340 19400 9180 5500 2790 

0.20 28320 17960 12570 4840 2320 1410 720 

0.30 12780 8320 5840 2300 1090 670 350 

0.40 7670 4980 3570 1380 680 440 240 

0.50 5480 3670 2590 1030 520 340 200 

MZ DCT 

0.05 191030 122220 86820 32380 15250 9110 4710 

0.10 48710 30680 21580 8040 3780 2330 1210 

0.20 12530 8150 5650 2200 1040 640 340 

0.30 6010 3920 2760 1060 510 330 180 

0.40 3720 2470 1760 690 350 220 130 

0.50 2740 1860 1340 540 280 180 110 

q: minor allele frequency; OCC: ordinary case-control; DZ DCT: dizygotic disease concordant twin; 

MZ DCT: monozygotic disease concordant twin. The sample sizes were estimated with increment of 

10 samples. 

  



Figure 1. 

Illustration of the disease concordant twin (MZ or DZ) design and the ordinary case-control design. 

Individuals marked with “+” are carriers and “-” are non-carriers. Individuals without “+” or “-” do not 

require genotyping. 

 

Figure S1. 

Additive model power estimates by logistic regression applied to ordinary case-control (OCC, dash-

dotted line), dizygotic disease concordant twin (DZ DCT, dotted line) and monozygotic disease 

concordant twin (MZ DCT, solid line) designs for various combinations of minor allele frequency (q) 

and allelic relative risk (r). The horizontal dashed line marks power = 80%. 

 

Figure S2. 

Dominant model power estimates by logistic regression applied to ordinary case-control (OCC, dash-

dotted line), dizygotic disease concordant twin (DZ DCT, dotted line) and monozygotic disease 

concordant twin (MZ DCT, solid line) designs for various combinations of minor allele frequency (q) 

and allelic relative risk (r). The horizontal dashed line marks power = 80%. 

 

Figure S3. 

Recessive model power estimates by logistic regression applied to ordinary case-control (OCC, dash-

dotted line), dizygotic disease concordant twin (DZ DCT, dotted line) and monozygotic disease 

concordant twin (MZ DCT, solid line) designs for various combinations of minor allele frequency (q) 

and allelic relative risk (r). The horizontal dashed line marks power = 80%. 

 


