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1 INTRODUCTION 

1.1 Nature versus nurture 

The debate of nature vs. nurture has been lasting for centuries in fields of scientific, cultural, 

and philosophical [1]. With the development of biology and modern biotechnologies, this 

debate shifts to whether effect of genes is more important as opposed to the influences of 

individual’s life-time, especially early-life environment and development on human 

disposition, behavior and health [2,3].  

Evolutionary biology studies have confirmed that genes and environment act together and to 

complement each other to achieve better survivals by choosing appropriate behaviors to 

accommodate the environments [4,5]. Exposure to a nurturing and loving environment might 

help one become more successful and prevent bad habits [6,7]. Environmental aspects, such 

as the habits of parents, friends or a partner, might also be significant factors contributing to 

the development of addictions [8–10] such as smoking and drinking, could have huge impact 

on individual’s life quality and health status [11].  

Complex diseases including diabetes, hypertension, asthma, depression and schizophrenia 

tend to run in families, however, unlike single gene disorders, they do not have clear patterns 

of inheritance [12,13]. This is because both genetic markups and environment contribute 

together to the complex traits. Hence, it is difficult to predict risk of such diseases based on 

family history or genetic information alone [14], and the environmental aspect becomes 

equally or even more important in disease prediction and prevention.  

1.2 Epigenetics and environment 

Epigenetics studies changes in organisms caused by modification of gene expression rather 

than alteration of the genetic code itself, and it is on top of traditional genetic basis of 
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inheritance [15,16]. Many molecular mechanisms are involved in epigenetic control over 

gene expression [17]. Currently, the most popular and well-studied epigenetic medication is 

DNA methylation, and there are other major modifications including chromatin remodeling, 

histone modifications, and non-coding RNA mechanisms [18,19], etc. 

DNA methylation is a process by which methyl groups are added to C-5 position of the 

cytosine ring of DNA by DNA methyltransferases [19]. In mammals, while DNA 

methylation occurs at cytosines in genome, most of the DNA methylations (98%) are in a 

CpG dinucleotide context in somatic cells, and around 25% appear in a non-CpG context in 

embryonic stem cell [19]. DNA methylation is crucial for normal development and plays 

important roles in many key processes including genomic imprinting, X-chromosome 

inactivation, and suppression of repetitive element transcription and transposition [20,21]. 

When dysregulated, it contributes to diseases like cancer [22]. 

Genome-wide patterns of epigenetic modifications do not persist throughout life, but present 

precise, coordinated changes through different stage of development [23,24]. These changes 

contribute to tissue specific expression of genes [25]. Meanwhile, at a specific stage of 

development in some organism, certain epigenetic modifications become biologically 

stabilized and somatically maintained throughout the lifetime of that organism [26]. 

Epigenetic modifications on cellular and physiological phenotypic traits may result from 

external or environmental factors and they serve as a link of environmental changes and gene 

activities [27,28]. Many factors could influence epigenetics including age, environmental 

exposures, lifestyles and disease states, while the altered epigenetic states could likely lead to 

the development of abnormal or pathological phenotypes [23,29].  

More importantly, many environmental influences have impacts on epigenetic mechanisms 

[30]. Animal models have shown that nutrition and environmental exposures during 
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development could lead to locus-specific changes in the epigenome [31]. Although the 

identified DNA methylation changes resulting from malnutrition are quite small, it is still a 

future challenge to determine whether these slight changes yield high biological relevance.  

1.3 Use of twins in epigenetic studies 

The last decade has seen a great many genome-wide association studies (GWAS) on a wide 

range of complex traits including common diseases, quantitative risk factors for disease to 

detect associations between genetic variants and these traits [32–34]. However, for example 

in studies of cancer, the majority of identified risk-associated SNPs are located outside of 

coding region, and it will be more important to correlate the regulatory profiles with existing 

GWAS results [35]. 

Recent developments in biotechnology for high-throughput DNA methylation analysis are 

enabling the epigenome-wide association studies (EWAS) [36]. Like GWAS, an EWAS can 

be carried out using the simple case-control design. However, different from associating the 

genotype frequencies with the testing phenotype in GWAS, the epigenetic associations with a 

complex disease are under control by both genetic and environmental factors [37]. This will 

lead to reduced power in detecting disease-associated epigenetic changes due to uncertainty 

in the molecular phenotype brought about by genetic and non-genetic confounding [38]. 

Monozygotic (MZ) twins, also known as identical twins, are formed when one zygote created 

from same egg and sperm splits into two. The result is two embryos that develop as a separate 

fetus. MZ twins are the same sex and share physical characteristics. Since MZ twins develop 

from same zygote, theoretically, they share same nearly the same genetic materials [39]. This 

makes monozygotic twins that are discordant for specific phenotype perfect candidates for 

epigenetic studies [40,41]. With the use of twins, the genetic confounding is removed because 

the nearly perfect match of each pair, and other factors such as age and sex are also under 
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control. This enables the identification of epigenetic changes that are triggered by differential 

environmental exposures, which theoretically should yield higher statistical power [40]. 

In practice, the discordant twin design has been popular in use in epigenetic association 

studies [42–45]. Since EWAS usually  studies complex traits where there are many 

confounding factors, statistical power is crucial for these studies. However, few studies have 

properly investigated the power gain of using twin design. Tsai and Bell (2015) tried to 

estimate and compare the power of the ordinary case-control design and the twin design in 

DNA methylation studies and declared that both designs have similar power and nearly no 

advantage of using twin design [46]. However, they did not include the genetic contribution 

in their simulation model, and ignored the fact that controlling for genetic factors is the main 

reason that researchers apply twin design for their EWAS. According to their study, the use 

of twins does not confer power advantage which does not comply with the popular use of 

twins. A proper investigation of power of twin design is necessary in guiding epigenetic 

research in term of study design and statistical power. 

1.4 Body mass index (BMI) 

The body mass index (BMI) is a simple measurement calculated as weight in kilograms 

divided by the square of height in meters (kg/m2) [47]. It quantifies the amount of tissue mass 

including muscle, fat and bone in an individual, and is often used as a screening tool for 

obesity, a common condition in both developed and developing countries [48]. BMI has been 

found associated with diabetes and cardiovascular diseases which have impact on life quality 

and mortality [49–51]. The World Health Organization (WHO) defines overweight and 

obesity as abnormal or excessive fat accumulation that presents a risk to health. Studies have 

shown that obesity is associated with a significant increase in mortality, with a life 

expectancy decrease of 5–10 years [51]. Meanwhile, obesity is associated with a wide range 
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of complications affecting many different aspects of physiology [52]. Higher BMI is also 

associated with several cardiovascular risk markers such as dyslipidemia and hypertension 

[53].  

There are many factors that could impact obesity including diet, lack of exercise, individual 

environments, and genetics [54]. Estimates of heritability on BMI, which is the genetic 

contribution to BMI variations, are usually high [55,56]. A recent study shows that 

heritability of BMI changes over age, decreased from 0.77 to 0.57 in men and from 0.75 

women to 0.59 in women, when the age group change from 30s to 70s [57]. However, static 

genetic polymorphisms reported from GWAS explain only a limited proportion of BMI 

variation (2%-21%) contrasting to the high heritability estimates which are limited by the 

technology and methodology used in GWAS studies [58]. Epigenetic mechanisms regulate 

gene expression independently of the underlying DNA sequence, and they serve as an 

interface between the environment and genome. Analyzing the epigenetic association with 

BMI offers an alternative approach to explain BMI variations.  

Excessive calorie intake and food addiction are important causes for overweight [59,60]. 

Many high sugar and fat content foods stimulate the reward centers in the brain and have 

similar addictive effects like alcohol [61]. This will cause individuals to lose control over 

their eating behaviors which is a complex issue that could be difficult to overcome [62]. 

Calories could be burned through exercises and routine daily activities [63], but some 

medical problems, such as arthritis, could lead to decreased activity and weight gain [64,65]. 

Moreover, obesity tends to run in families, not just because of genetics, but also the lifestyle 

that shared in the family. Identifying the epigenetic markers that link specific environmental 

exposure with BMI using efficient study designs and statistical models can help with 

elucidating the etiology of metabolic health and effective handling of metabolic disorders.  
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1.5 Objectives 

With the above background, this PhD project aims at pursuing the following objectives: 

1. Validation and assessment of the disease discordant twin design in EWAS using 

computer simulation. 

2. Application of the discordant twin design to a methylome sequencing based EWAS in 

Chinese twins discordant for BMI. 

3. Extension and application of the twin design to an epigenome-wide analysis of the 

lncRNA expression profiles on BMI in Danish twins.  
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2 MATERIALS AND METHODS 

2.1 Discordant twin design 

EWASs generally use case-control design which collect cases and controls from ordinary 

population. Instead, the discordant twin design collects twin pairs discordant for a disease or 

trait, and aims to link the discordance with differential environmental exposure [40].  

 

Figure 2.1: Illustration of discordant twin design 

In this design, the healthy co-twins serve as an ideal control group. Although discordant twin 

design could be applied using either monozygotic twins or dizygotic twins, MZ twins 

perform better since they have nearly identical genetic composition, leaving the intra-pair 

discordance being the result of differential environmental exposure [40]. 

2.2 Simulation for the power of the discordant twin design 

2.2.1 Liability threshold model for a disease prevalence 

Assume the outcome is disease status which is dichotomous. Disease status is denoted by Y 

with value 0 for disease-free and 1 for disease individuals. To incorporate the genetic 

influence, we applied a liability threshold model [66,67]. Liability (L) is a latent continuous 
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measure of a disease, and we assume that it follows a normal distribution. Without losing 

generality, we assume that the liability distribution is a standard normal distribution with 

density function fL(l) and cumulative distribution function Φ(l) [68]. Then the mean value 

E(l) = 0 and variance V(l) = 1 (VL = 1). A threshold T is set such that all individual with 

liability exceeds T is affected (with disease) and otherwise unaffected (healthy). 

 

Figure 2.2: Liability threshold mode 

Assume the disease prevalence in total population is K. Then we would have 

 ∫ 𝑓𝐿(𝑙)
∞

𝑇
𝑑𝑙 = 1 − 𝛷(𝑙) = 𝐾 2.1 

Thus T = Φ-1(1 - K).  

For case-control design, it is preferred to exclude individuals whose liabilities are close to 

cutoff T (individuals without clear diagnosis) for better experiment result. Therefore, we 

exclude certain proportions (PK) of cases and controls whose liabilities are close to the cutoff 

T, and we will have two new cutoffs (TD and TH) to determine whether individuals should be 

included in the study. 
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Figure 2.3: Extension of liability threshold mode 

In the above figure, the disease prevalence is set to 0.05, then T = Φ-1(1 – 0.05) ≈ 1.64. When 

PK is set to 0.1, it means that 10% of cases and 10% of controls with liability close to T are 

excluded in study (gray area). Then 

 𝑇𝐻 = 𝛷−1((1 − 𝑃𝐾) × (1 − 𝐾)) ≈ 1.06 2.2 

 𝑇𝐷 = 𝛷−1(1 − (1 − 𝑃𝐾) × 𝐾) ≈ 1.70 2.3 

2.2.2 Decompose the liability 

Liability could be decomposed into genetic contribution and environmental contribution, and 

both contributions are assumed to follow normal distribution. 

 𝐿 = 𝐺 + 𝐸 2.4 

Then the total variance of phenotype on liability scale (VL) is the sum of additive genetic 

variance (VG) and environment variance (VE).  

 𝑉𝐿 = 𝑉𝐺 + 𝑉𝐸 = 1 2.5 

Here, the variance explained by genotype is the heritability to liability ℎ𝐿
2 = 𝑉𝐺 𝑉𝐿⁄ = 𝑉𝐺 . 
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2.2.3 Genotype and its phenotypic contribution  

Naïve approach 

Assume that we have ns SNPs with same effect size and same minor allele frequencies q, and 

the effect of allele is additive on liability scale. Then the number of alleles that individuals 

carry follows a binomial distribution B(2ns, q) with mean 2nsq and variance 2nsq(1-q). 

Probability of individual carries i alleles (genetic class i) is  

 𝑓𝑖 = 𝑝(𝑖) = (
2𝑛𝑠

𝑖
) 𝑞𝑖(1 − 𝑞)2𝑛𝑠−𝑖 2.6 

Denote baseline mean of genetic class when individuals carry 0 minor allele by b0. Since the 

effect of allele is additive on liability scale, the mean liability for genetic class i could be 

expressed as 

 𝐺 = 𝑏0 + 𝑎𝑖 2.7 

Where 𝑎 is the increased liability due to each copy of the minor allele. 

Then  

 𝐸(𝐺) = 𝐸(𝑏0 + 𝑎𝑖) = 𝑏0 + 𝑎𝐸(𝑖) = 0 2.8 

 𝑉𝑎𝑟(𝐺) = 𝑉𝑎𝑟(𝑏0 + 𝑎𝑖) = 𝑎2𝑉𝑎𝑟(𝑖) = 𝑉𝐺 = ℎ𝐿
2 2.9 

 𝐸(𝑖) =
−𝑏0

𝑎
 2.10 

 𝑉𝑎𝑟(𝑖) =
ℎ𝐿

2

𝑎2 2.11 

Solve them we have 
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 𝑏0 = −𝐸(𝑖)√
ℎ𝐿

2

𝑉𝑎𝑟(𝑖)
 2.12 

 𝑎 = √
ℎ𝐿

2

𝑉𝑎𝑟(𝑖)
 2.13 

Then liability could be simulated by 

𝑙𝐺,𝑖 = 𝑏0 + 𝑎𝑖 = −𝐸(𝑖)√
ℎ𝐿

2

𝑉𝑎𝑟(𝑖)
+ 𝑖√

ℎ𝐿
2

𝑉𝑎𝑟(𝑖)
 

 = (𝑖 − 𝐸(𝑖))√
ℎ𝐿

2

𝑉𝑎𝑟(𝑖)
=

𝑖−𝐸(𝑖)

𝑉𝑎𝑟(𝑖)
ℎ𝐿 2.14 

For illustration purpose, we choose 3 loci and did a simple simulation. 

 

Figure 2.4: Genotypes and liabilities 

Simplified approach 

Since this simulation only focuses on DNA methylation, and the exact genotypes will not be 

used in the analysis, we proposed a normal distribution with mean 0 and variance ℎ𝐿
2 to 

represent the genetic contribution to heritability.  
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 𝐺 ∼ 𝑁𝑜𝑟𝑚(0, ℎ𝐿
2)  2.15 

2.2.4 Methylation 

We use methylation data as an example for this simulation. 

The β-value of methylation is 

 𝛽 =
𝑖𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦(𝑀)

𝑖𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦(𝑀)+𝑖𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦(𝑈)
 2.16 

It is the proportion of methylated alleles in total sample. M-value is the logit transform of β-

value 

 𝑀 = 𝑙𝑜𝑔2(
𝛽

1−𝛽
) 2.17 

Then given M-value, β-value is computed by 

 𝛽 =
1

1+2−𝑀 2.18 

This relationship is visualized the following figure 
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Figure 2.5: Relationship between M-value and β-value 

We hypnotized that M-value for a single CpG follows a normal distribution in total 

population with mean E(M) and variance V(M). For normal distribution, the median is same 

as the value: Median(M) = EM. 

Then the median of β-value is 

 𝑀𝑒𝑑𝑖𝑎𝑛(𝛽) =
1

1+2−𝐸(𝑀) 2.19 

For different combination of mean and variance for M-values, the density of β-values are 

shown in following figure 
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Figure 2.6: Density of β-value for different combination of mean and variance for M-

value 

In our simulation, methylation is associated with environment factors, and 𝑀-value could be 

expressed as 

 𝑀 = 𝛼𝐸 + 𝜀 2.20 

In this equation 𝜀 is the other effects that are not associated with environmental contribution 

to liability, and it follows a normal distribution with mean 0 and some variance 𝑉𝜀. Denote 𝑅𝐸
2 

(coefficient of determination) the environment contribution in methylation, then 

 𝑅𝐸
2 =

𝛼2𝑉𝐸

𝑉𝑀
=

𝛼2(1−ℎ𝐿
2)

𝑉𝑀
 2.21 

And 
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 𝑉𝜀 = 𝑉𝑀 − 𝑅𝐸
2𝑉𝑀 = (1 − 𝑅𝐸

2)𝑉𝑀 2.22 

We used hypermethylation (α > 0) in this simulation, then 

 𝛼 = √
𝑅2𝑉𝑀

1−ℎ𝐿
2  2.23 

2.2.5 Data simulation for ordinary population 

Simulate a random number that follow a normal distribution with mean 0 and variance ℎ𝐿
2, 

and assign it as individual’s genotype contribution by 

 𝑔𝑖 = 𝑟𝑛𝑜𝑟𝑚(0, ℎ𝐿
2)  2.24 

Simulate environmental contribution to liability by 

 𝑒𝑖 = 𝑟𝑛𝑜𝑟𝑚(0, 𝑉𝐸)  2.25 

Then individual’s liability is 

 𝑙𝑖 = 𝑔𝑖 + 𝑒𝑖 2.26 

The individual’s group (yi) is decided by individual’s liability and cutoff T 

 𝑦𝑖 = {
𝐷, if 𝑙𝑖 ≥ 𝑇
𝐻, if 𝑙𝑖 < 𝑇

 2.27 

Simulate other effects in methylation by 

 𝜀 = 𝑟𝑛𝑜𝑟𝑚(0, (1 − 𝑅𝐸
2)𝑉𝑀)  2.28 

M-value is computed by: 
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 𝑚𝑖 = 𝛼 + 𝑒𝑖√
𝑅𝐸

2𝑉𝑀

1−ℎ𝐿
2 + 𝜀𝑖  2.29 

2.2.6 Data simulation for twins 

Simulate a random number that follows a normal distribution with mean 0 and variance ℎ𝐿
2, 

and assign it as genotype values of twin pair 

 𝑔𝑖
𝑡1 = 𝑔𝑖

𝑡2 = 𝑟𝑛𝑜𝑟𝑚(0, ℎ𝐿
2)  2.30 

Simulate environmental contribution to liability independently for twin 1 and twin 2 in a pair 

 𝑒𝑖
𝑡1 = 𝑟𝑛𝑜𝑟𝑚(0, 𝑉𝐸) 2.31 

 𝑒𝑖
𝑡2 = 𝑟𝑛𝑜𝑟𝑚(0, 𝑉𝐸) 2.32 

Then liabilities for twin pair are 

 𝑙𝑖
𝑡1 = 𝑔𝑖

𝑡1 + 𝑒𝑖
𝑡1 2.33 

 𝑙𝑖
𝑡2 = 𝑔𝑖

𝑡2 + 𝑒𝑖
𝑡2  2.34 

Twins’ phenotypes (yi) is decided by individual’s liability and cutoff T 

 𝑦𝑖 = {
𝐷, if 𝑙𝑖 ≥ 𝑇
𝐻, if 𝑙𝑖 < 𝑇

 2.35 

Simulate other effects in methylation 

 𝜀𝑡1 = 𝑟𝑛𝑜𝑟𝑚(0, (1 − 𝑅𝐸
2)𝑉𝑀) 2.36 

 𝜀𝑡2 = 𝑟𝑛𝑜𝑟𝑚(0, (1 − 𝑅𝐸
2)𝑉𝑀)  2.37 

Note that we used multivariate normal distribution with certain correlation to simulate εt1 and 

εt2 to represent the unknown heritability of methylation. 

M-values for twins are computed by 
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 𝑚𝑖
𝑡1 = 𝛼 + 𝑒𝑖

𝑡1√
𝑅𝐸

2𝑉𝑀

1−ℎ𝐿
2 + 𝜀𝑖

𝑡1 2.38 

 𝑚𝑖
𝑡2 = 𝛼 + 𝑒𝑖

𝑡2√
𝑅𝐸

2𝑉𝑀

1−ℎ𝐿
2 + 𝜀𝑖

𝑡2  2.39 

2.2.7 Sample selection 

In the simulation, the sample size (n) we use is equal to the number of cases as well as the 

number of controls (n = #cases = #controls). For ordinary case control design, we choose first 

n cases such that li > TD, and first n controls such that li > TH. For discordant twin design, we 

choose first n pairs of discordant twins such that 𝑙𝑖
𝑡1 < 𝑇𝐷 & 𝑙𝑖

𝑡2 > 𝑇𝐻 or 𝑙𝑖
𝑡1 > 𝑇𝐻 & 𝑙𝑖

𝑡2 < 𝑇𝐷. 

2.2.8 Statistical test 

For ordinary case-control design 

We apply linear regression to ordinary case-control methylation data 

 𝑀 = 𝛽0 + 𝛽1𝑌 2.40 

Here M is the methylation level for individuals; β0 is the intercept and β1 is the coefficient for 

phenotype Y. we use p-value of β1 to compute the power.  

For discordant twin design 

We used a linear mixed effect model that uses intra-pair differential DNA methylation as a 

function of exposure for the discordant twin design. Compared to paired t-test, this model 

allows the adjustment for confounding factors as fix effect and random effects such as batch 

effect, arrangement of samples on the array, etc. In this case, since we only have 𝑀-value and 

their disease status, we could simply use the following regression 
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 𝑀𝐷 − 𝑀𝐻 = 𝛼 2.41 

Here 𝑀𝐷 and 𝑀𝐻 are DNA M-values of affected and unaffected twins of the same pair. We 

extract the significance level of the intercept 𝛼. 

2.2.9 Power computation 

We repeat the simulation r times with same parameter, and the power is computed by 

 Power =
∑ 𝐼[p−value(𝑖)<1×10−6]𝐾

𝑖=1

𝐾
 2.42 

In this equation, I(·) is an indicator function for the logical expression that asserts whether the 

p-value for α meets the threshold 1×10-6. 

2.3 Experiment workflows 

2.3.1 RRBS experiment workflow 

Reduced representation bisulfite sequencing is an efficient and high-throughput technique for 

analyzing the genome-wide methylation profiles [69]. It combines restriction enzymes, size 

selection and bisulfite sequencing to generate a ‘reduced representation’ of the genome and 

enrich for areas of the genome with a high CpG content [69].   
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Figure 2.7: RRBS workflow. (source [70]) 

There are several key steps in the RRBS protocol. In the first step, genomic DNA is digested 

to completion using a restriction enzyme [69]. The enzyme is a methylation-insensitive 

restriction enzyme which is not influenced by the methylation status of CpGs and could 

digest both methylated and unmethylated areas [71]. The enzyme targets 5’CCGG3’ 
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sequences to produce DNA fragments of various sizes with CpGs at each end. In the next 

step, both the plus and minus strands are added with an extra adenosine, and this is necessary 

for the adapter ligation since the Mspl digestion will result in sticky ends of the strands [72]. 

To prevent deamination of cytosines on the DNA fragments in bisulfite conversion reaction, 

all the cytosines are replaced with 5’methyl-cytosines thus methylated sequence adapters are 

ligated to the DNA fragments [73]. Then fragments are selected by size for purification. DNA 

fragments of 40-220 base pair are representative of the majority of promoter sequences and 

CpG islands [71]. The next step is bisulfite conversion, which is a process that deaminates 

unmethylated cytosine into a uracil and methylated cytosines will be unchanged. The bisulfite 

converted DNA is then amplified using PCR and a following PCR purification [74]. The end 

fragments will be sequenced and ready for analysis. 

2.3.2 RRBS data preprocessing pipeline 

 

Figure 2.8: RRBS data preprocessing 

There are several steps for RRBS data preprocessing including adapter trimming, sequencing 

aliment and methylation calling. For the adapter trimming process, we used Trim Galore, 

which is a wrapper tool to automate quality control and adapter trimming [75]. It also 
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removes 2 additional artificially bases from end-repair during the preparation [75]. Then both 

version of the reads, i.e. fully bisulfite-converted forward (C->T) and reverse read (G->A 

conversion of the forward strand), are aligned to similar versions of the reference genome 

(also C->T and G->A converted) [76]. A unique best aliment from these four alignments is 

then compared to the normal reference sequence for the methylation call of all cytosine 

positions in the read [76]. After all the sequence are aligned, the methylated and 

unmethylated reads are summarized for each position and a percentage is calculation for each 

context which is the β-value [77]. 

Methylation β-value = 100 * 
methylated Cs

methylated Cs + unmethylated Cs
 2.43 

After this we have the methylation profiles for data analysis. 

2.3.3 Microarray experiment workflow 

The microarray technology is used for transcriptome analyses for many decades [78], and it is 

a high-throughput and versatile technology and allows to study activities of thousands of 

gene simultaneously [79]. There are well-defined protocols for hybridization as well as 

pipelines for data processing, and microarray technology is relatively low cost compared to 

sequencing technology [80,81]. 

There are several steps for DNA microarray analysis, and here we use mRNA as illustration. 

First RNA is isolated from the sample and converted into complimentary DNA (cDNA) [82]. 

Then both the test and reference samples are fluorescently labelled with Cye3– or Cye5–

dUTP, respectively [83]. The fluorescently labelled cDNA is polled and loaded onto the 

microarray, and the cDNA binds to complementary base pairs in each of the spots on the 

array (hybridization) [84]. Using laser excitation allows an emission of spectra on the grid 

and the emission is measured with a scanning confocal laser microscope [85]. Since the gene 

is active when the labelled cDNA binds to complimentary base pairs, each spot will appear 
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different combination of red and green which indicate the expression ratio of the two samples 

[86]. 

 

Figure 2.9: Microarray experiment workflow. (source [87]) 

The microarray used in this study was SurePrint G3 Human GE 8x60K Microarray from 

Agilent [88–91]. Each array has 62,976 features arranged in 384 rows and 164 columns [92]. 

In addition to mRNA targets, it also includes probes for long intergenic non-coding RNAs 

which makes it possible to measure mRNA and lncRNA in a single run and give us 

opportunity to conduct this lncRNA study [93]. 
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2.3.4 Microarray data preprocessing pipeline 

 

Figure 2.10: Microarray data preprocessing 

First the array images need to be read. For this we use Agilent Feature Extraction software v. 

10.7.3.1 (Agilent technologies) [94]. Then the raw intensity data need to be normalized. For 

background-correction we use the NormExp method, and Loess normalization method was 

used for within-array normalization and Quantile normalization was used for between-array 

normalization [95]. K-nearest neighbor averaging was used for imputing missing data, and 

replicate probes were collapsed by calculating the median. The preprocessing is performed 

using R package limma [95]. 

2.4 Biological function prediction and over representation analysis 

2.4.1 Over Representation Analysis 

Gene Set Enrichment Analysis (GSEA) is a tool that analyses a predefined set of genes 

(usually significant genes) and compares those genes to existing database to compute the 
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overlaps between the gene sets and the gene sets in database [96]. It detects whether 

pathways is overrepresented in the testing set by chance or not. The power of this method 

comes from its focus on gene sets, that is, groups of genes that share common biological 

function, chromosomal location, or regulation [97].  

The p-values are calculated from the hypergeometric test. Hypergeometric experiment is a 

statistical experiment that draws n samples with k successes in total of N samples (in which 

has K successes) without replacement. For a random variable X follows the hypergeometric 

distribution H (k, K, N-K, n), the probability mass function for is given by 

 Pr(𝑋 = 𝑘) =
(𝐾

𝑘)(𝑁−𝐾
𝑛−𝑘 )

(𝑁
𝑛)

 2.44 

 

In GSEA, p-values are computed from the hypergeometric distribution as [97] 

 ∑
( 𝐾

𝑖−1)( 𝑁−𝐾
𝑛−𝑖+1)

(𝑁
𝑛)

𝐾
𝑖=𝑘−1  2.45 

Where 

 k is the number of genes in the intersection of the query set with a set from MSigDB 

 K is the number of genes in the set from MSigDB 

 N is the total number of gene universe (all known human gene symbols) 

 n is the number of genes in the query set 

The FDR q-value is then computed after correction for multiple hypothesis testing with 

Benjamini–Hochberg procedure. 

2.4.2 GREAT predicts functions of cis-regulatory regions 

Many coding genes are well studied, and their biological functions are discovered. However, 

it is not true for non-coding genomic regions. These regions typically have no biological 

function, or their function is unknown, and some non-coding DNA is transcribed into 
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functional non-coding RNA molecules [98]. GREAT analyses the annotations of the nearby 

genes and assign the biological meaning to the non-coding regions by using a binomial test 

integrates distal binding events. It is robust regardless of erroneous assignments of genomic 

regions to genes [99]. Moreover, the utility of GREAT is not limited to ChIP-seq, as it could 

also be applied to open chromatin, localized epigenomic markers and similar functional data 

sets, as well as comparative genomics sets [99]. 

A binomial distribution is a discrete distribution of the number of k success in n experiment 

with success rate of p, and its probability mass function is given by 

 𝑃(𝑋 = 𝑘) = (𝑛
𝑘

)𝑝𝑘(1 − 𝑝)(𝑛−𝑘) 2.46 

In GREAT, the test calculates p-value for each ontology term from [99] 

 ∑ (𝑛
𝑘

)𝑝𝑘(1 − 𝑝)(𝑛−𝑘)𝑛
𝑖=𝑘  2.47 

Where 

n is the total number of genomic regions in the input set. 

p is the a priori probability of selecting a base pair annotated with π when selecting a single 

base pair uniformly from all non–assembly gap base pairs in the genome. 

k is the number of genomic regions in the input set that cause this annotation to be selected. 

2.4.3 Region-based association analysis 

Combined-pvalues is a command-line tool and python library that analysis p-values in BED 

files. It is useful to analysis data with spatial correlation, and for methylation data, it is useful 

for DMR finding [100]. If there are multiple CpGs with lower p-value grouped together, it 

will combine these p-values and check if the averaged p-value within this region is 

significant. There are several steps for this process: 

 Calculate the autocorrelation (ACF) within the bed file. 
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 Use the ACF information and Stouffer-Liptak-Kechris method to weight and combine 

neighboring p-values. 

 Apply Benjamini-Hochberg FDR correlation. 

 Then the peak-finding algorithm can search for enrichment regions or peaks based on the 

FDR q-value and assign a p-value to each region using Stouffer-Liptak correlation. 

2.5 Causal inference 

EWAS examines the association between the epigenetic profiles and BMI. However, an 

epigenetic association based on cross-sectional data does not imply the causation. Current 

epigenetic association studies are cross-sectional studies by nature which prohibits the 

establishment of causal relationship. We argue that, distinguishing causal from non-causal 

biomarkers is particularly relevant for intervention, as only causal biomarkers have the 

potential as intervention targets [101]. Recently, Li et al [108] introduced a statistical method, 

Causation through Examination of Familial Confounding (ICE FALCON), to make causal 

inferences in epigenetic studies using twin data. Conventionally, causal inference requires 

longitudinal study design [102,103]. ICE FALCON method, however, is a regression-based 

method using cross-sectional data explicitly applied to family data [104–109]. In their 

approach, “familial" means factors (both genetic and environmental) shared by relatives, 

which is essential for ICE FALCON to make explicit causal inference. Causal inference 

could be made between X and Y by examining changes in the coefficients from the following 

three models: 
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Model 1: 𝐸(𝑌𝑠𝑒𝑙𝑓) = 𝛼 + 𝛽𝑠𝑒𝑙𝑓𝑋𝑠𝑒𝑙𝑓  2.48 

Model 2: 𝐸(𝑌𝑠𝑒𝑙𝑓) = 𝛼 + 𝛽𝑐𝑜−𝑡𝑤𝑖𝑛𝑋𝑐𝑜−𝑡𝑤𝑖𝑛  2.49 

Model 3: 𝐸(𝑌𝑠𝑒𝑙𝑓) = 𝛼 + 𝛽′𝑠𝑒𝑙𝑓𝑋𝑠𝑒𝑙𝑓 + 𝛽′𝑐𝑜−𝑡𝑤𝑖𝑛𝑋𝑐𝑜−𝑡𝑤𝑖𝑛 2.50 

To assess the causal relationship of the opposite direction, Y and X can be swapped and fitted 

to the above models. Significance of the changes in regression coefficients can be assessed 

using a nonparametric bootstrap method (1000 iterations).  

Changes in the correlation i.e (βco-twin – β’co-twin) with co-twin and (βself – β’self) with self are 

examined and compared. Following Li et al. [108], there are three possible directed acyclic 

graphs for the different causation models as shown in Figure 2.11: a The cross-twin cross-

trait correlation is due to familial confounding. b The cross-twin cross-trait correlation is due 

to the causal effect of X on Y. c The cross-twin cross-trait correlation is due to the causal 

effect of Y on X. 

Briefly, if Y measured on one twin (Yself) is associated with X of the co-twin (Xco-twin), then: (i) 

if this association is unchanged after conditioning on X of self (Xself), i.e. small | βco-twin – β’co-

twin | in comparison with (| βself – β’self |), the data are consistent with the existence of familial 

factors acting on both X and Y, while (ii) if the association is negated after conditioning on 

Xself, i.e. large | βco-twin – β’co-twin | in comparison with (| βself – β’self |), the data are consistent 

with X causing changes in Y.  
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Figure 2.11: Possible directed acyclic graphs for the different causation models (source: 

[109]) 

2.6 Experiment materials  

2.6.1 RRBS data from databases of Qingdao Twin Registry 

There are 30 monozygotic twin pairs discordant for BMI included in this study. These 

Chinese twin pairs were selected from the databases of Qingdao Twin Registry [110] and the 
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large Qingdao Diabetes Prevention Program [111]. Written consents from all the participants 

were obtained. The study was approved by Regional Ethics Committee at Qingdao CDC 

Institutional Review Boards (QDCDC-IRB) and conducted according to the principles of the 

Helsinki Declaration. For each participant, whole blood was taken for DNA methylation 

analysis.  

Table 2.1 Descriptive statistics 

  Quantiles  Intra-pair correlation 

Variables* Mean 2.5% 97.5%  r P value 

Age, year 53.53 47.00 60.00    

Height, cm 161.08 152.24 171.05  0.84 7.39E-09 

Weight, kg 65.17 49.53 85.68  0.31 0.10 

BMI, kg/m2 25.13 19.14 32.91  0.31 0.10 

   ΔBMI, kg/m2 4.33 3.40 5.08    

   ΔBMI, %** 12.26 9.71 14.52    

 

There are 15 male pairs and 15 female pairs included in this study, and the descriptive statics 

are shown in Table 2.1. The mean of age is 53.53 years old (ranging from 39 to 72), and the 

mean of BMI is 25.13 kg/m2 (ranging from 18.9 to 37.7).  

The RRBS data was obtained using by Illumina HiSeq X Ten (Illumina Inc., San Diego, CA, 

USA). Genomic DNAs was first digested using the MspI enzyme, which restrictively cuts 

DNAs at sites CCGG, and then the fragments were end-repaired and dA-tailing to blunt end 

products, followed by adaptor-ligation with T overhang. The ligation products were purified 

by 2% agarose gel electrophoresis and size-selected of DNA fragments 150–400 bp long 

(including 100 bp adaptor). Size-selected DNAs were bisulfite-converted with the NEXTflex 

Bisulfite-Seq Kit (Bioo Scientific, Austin, TX, USA). The final library was generated by 

PCR-amplification, enriching for fragments with adapters on both ends. 
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We used linear mixed effect model for single CpG analysis with twin pairing as random 

effect. Two variables GLU (fasting glucose) and TG (triglyceride) were found not significant 

for intra-pair correlation, and we adjust them in our analysis together with cell-type 

composition. For pathway analysis we passed CpG with nominal significance of 0.05 to Gene 

Set Enrichment Analysis (GSEA). In addition, we also examined enrichment in the regulatory 

domain using Genomic Regions Enrichment of Annotations Tool (GREAT) [99].  

2.6.2 LncRNA data from Danish Twin Register 

Twin samples for the lncRNA analysis were collected from Middle Aged Danish Twins 

(MADT) Study from the Danish Twin Register [112]. There were 220 complete monozygotic 

twin pairs included in this analysis and whole blood samples were used in this analysis. 

Descriptive statics are shown in Table 2.1. The mean of age is 66.41 years old (ranging from 

56 to 80), and the mean of BMI is 26.73 kg/m2 (ranging from 15.77 to 38.15). 

Table 2.2 : Descriptive statistics 

  Quantiles  Intra-pair correlation 

Variables* Mean 2.5% 97.5%  r P value 

Age, year 66.41 61.00 71.00    

BMI, kg/m2 26.73 24.12 29.05  0.66 2.2e-16 

   ΔBMI, kg/m2 0.010 0.940 3.410    

   ΔBMI, %** 9.56 3.87 13.58    

 

Whole blood samples were collected in PAXgene Blood RNA Tubes (PreAnalytiX GmbH, 

Hombrechtikon, Switzerland) and total RNAs were extracted using the PAXgene Blood 

miRNA kit (QIAGEN) according to the manufacturer’s protocol. The concentration of the 

extracted RNAs was determined using a NanoDrop spectrophotometer ND-8000 (NanoDrop 
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Technologies), and the quality was assessed by the Agilent 2100 Bioanalyzer (Agilent 

Technologies). 

Gene-expression analysis was performed using the Agilent SurePrint G3 Human GE 8×60K 

Microarray (Agilent Technologies). Sample labeling and array hybridization were carried out 

according to the ‘Two-Color Microarray-Based Gene Expression Analysis – Low Input 

Quick Amp Labeling’-protocol (Agilent Technologies) [87]. Samples were labeled with Cy5 

and the reference consisting of a pool of 16 samples was labeled with Cy3. Hybridization, 

washing, scanning, and quantification were performed according to the array manufacturer's 

recommendations. 

Of the 14832 lncRNA probes measured on the microarray, there were 438 probes on the sex 

chromosomes and 5,260 probes with CV < 0.1 (house-keeping lncRNAs) which were 

excluded in this analysis. We tested the associations of the remaining 9134 probes and BMI 

using generalized estimating equations with geeglm() function from R package geepack 

[113]. False discovery rate (FDR) was calculated to account for multiple testing [114] and 

causal inferences were performed on probes with FDR < 0.05. Then lncRNA probes with p-

value < 0.01 were passed to Genomic Regions Enrichment of Annotations Tool (GREAT) 

[99] to map the binding sites of the differentially expressed lncRNAs to genes and to identify 

enrichments in gene functional predictions. 
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3 RESULTS 

3.1 Validation and power analysis of disease discordant twin design 

This is a simulation study aims to compare the power of discordant twin design and ordinary 

case-control design in epigenetic association studies. The liability threshold model was 

applied under the assumption that each monozygotic twin pair have same genetic contribution 

to the liability of complex human disease. We applied wide range of parameters to ensure that 

the simulation is close to real-world scenarios and could cover as many situations as possible. 

There are some general patterns observed in the simulation study. Power increases with larger 

sample size. For the disease with higher heritability, the sample size increases both for 

discordant twin design and ordinary case-control design. This is due to the genetic 

contribution to the liability. Moreover, discordant twin design has relatively smaller changes 

than case-control design for different heritability with respect to power and sample size. 

When heritability is over 30%, the discordant twin design overperforms ordinary case-control 

design for all the settings of other parameters. The only scenario that ordinary case-control 

design has slightly better power estimates is that when the heritability is low, and the testing 

feature is with large effect size. In addition, we also tested the influence of different p-value 

cutoffs on power, and we simulated for 1×10-5, 1×10-6 and 1×10-7. The sample size 

requirements for power over 80% both changed for discordant twin design and ordinary case-

control design. However, the change of discordant twin design is relatively smaller. Overall, 

this simulation study reveals better power estimates for discordant twin study. 

This paper is published on Bioinformatics.  
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Li W, Christiansen L, Hjelmborg J, Baumbach J, Tan Q. On the power of epigenome-wide 

association studies using a disease-discordant twin design. Bioinformatics. 

2018;34(23):4073-4078. doi: 10.1093/bioinformatics/bty532.  

3.2 Application I: DNA methylation sequencing analysis on BMI in Chinese twin 

samples 

This study applies discordant twin design for methylation data and aims to find biomarkers or 

pathways associated with BMI variation. In the single CpG analysis, there are 136 CpGs 

identified with p < 1e-04, among them 30 CpGs with p < 1e-05, 2 CpGs with p < 1e-06. 

Although no significant CpGs were found after correcting for FDR correction, region-based 

analysis using comb-p identified 11 DMRs with FDR < 0.1 and 9 of them with FDR < 0.05. 

Among these DMRs, there are 4 DMRs located in the intergenic regions and 7 DMRs 

annotated to LINC01503 on chromosome 9 (an RNA gene), DPYSL3 on chromosome 5, 

CHD5 and AGRN on chromosome 1, C1QL2 on chromosome 2, CWF19L1 on chromosome 

10, and AKAP12 on chromosome 6.  

Over-representation analyses of canonical pathways in the BioCarta gene sets, KEGG gene 

sets and Reactome gene sets using GSEA show significant pathways (FDR < 4.32e-12). 

Some of them are related to development such as developmental biology, axon guidance. 

Some pathways are related to neuron functions such as neuronal system, transmembrane 

transport of small molecules, transmission across chemical synapses and signaling by NGF. 

There are pathways related to extracellular matrix (ECM) such as core matrisome and ECM 

glycoproteins. 

Function prediction using GREAT shows many biological processes that are related to BMI 

changes. These biological processes involved in regulations of gliogenesis, glial cell 

differentiation, regulation of lipid biosynthesis, negative regulation of glial cell 
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differentiation, regulation of lipid biosynthesis, thyroid gland development, retinal rod cell 

development. 

Our DNA methylation sequencing analysis on twins provides new references for the 

epigenetic regulations on BMI and obesity.   

This paper is published online ahead of print by International Journal of Obesity.  

Li W, Zhang D, Wang W, Wu Y, Mohammadnejad A, Lund J, et al. DNA methylome profiling 

in identical twin pairs discordant for body mass index. Int J Obes.  May 31. doi: 

10.1038/s41366-019-0382-4.  

3.3 Application II: LncRNA expression analysis on BMI in MADT 

This is an exploratory study focused on lncRNA associated with BMI differences in twins. In 

the single probe analysis, of the 9134 probes in the test, 1,374 probes are with p-value < 0.05 

and 575 probes are with p-value < 0.01. There is 6 significant lncRNA probes with FDR < 

0.05, and they are annotated to LOC283575 (p-value 1.23E-07), LINC00570 (p-value 1.93E-

07), APTR (p-value 1.37E-06), lnc-AL162389.1-1 (p-value 2.98E-06), HCP5 (p-value 3.23E-

06) and SNORD71 (p-value 4.63E-06), respectively. Causal inference suggested that BMI 

causes lncRNA expression changes for all the 6 probes, which suggests that these lncRNAs 

are expressed in response to BMI changes. 

There are 21 Gene Ontology biological processes identified using GREAT with FDR < 0.05. 

Some of the biological processes are related to kidney includes metanephric nephron 

development, renal tubule development, loop of Henle development, glomerulus vasculature 

development and cell differentiation involved in kidney development. There are also 

processes are either directly or indirectly related to obesity such as to regulation of lipid 

biosynthetic process, phagocytosis, regulation of circadian rhythm, positive regulation of 
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Notch signaling pathway, negative regulation of auditory receptor cell differentiation, retinal 

blood vessel morphogenesis, and pharyngeal system development. 

Our analysis showed that lncRNAs are significantly expressed in response to BMI changes. 

The differential expression profiles of lncRNAs involve multiple biological processes 

implicated in obesity. 

This manuscript is submitted to Epigenomics. 
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4 DISCUSSION 

4.1 The value of discordant twin design in EWAS 

Complex diseases are influenced by both genetic factors and environment factors. This is 

usually indicated by heritability studies using the classical twin design or from family 

correlation [115]. For the epigenetic studies that focus on the association of complex disease 

and the biomarkers, the nature of complex disease being involved with many genes as well as 

their epigenetic changes only makes the epigenetic association study more demanding for 

statistical power [116]. With the perfect match for age, sex and nearly matching genetic 

makeups, the discordant twin design is useful in controlling genetic effects and for revealing 

the epigenetic influence [117]. 

In the literature, the discordant twin design is becoming more popular and has been used in 

epigenetic studies over the years [118,119]. However, no proper power investigation has been 

done. Tsai and Bell (2015) attempted to conduct a simulation study for estimating and 

comparing the power for ordinary case-control design and twin design, but they failed to 

include the genetic background in phenotype variation and concluded a false statement that 

there is no advantage of using twin design in epigenetic studies [46]. Our simulation study 

has addressed this issue by including genetic background in a liability threshold model. From 

our results, we see that the statistical power is influenced by many factors especially 

heritability. When heritability is high moderate (>30%), discordant twin design has much 

better power estimates. This simulation study not only validates the design and statistical 

analysis, but also provides useful guidance for researchers with project design and power 

analysis. 

There are cases that ordinary case-control design overperforms discordant twin design. 

However, these cases only happen when the heritability is low, and the disease is almost 
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entirely determined by environmental factors. For those diseases, there is no need for 

controlling the genetic factors thus twin design is not recommended. But this is generally not 

the case for complex disease. 

Note further that, for diseases with higher heritability, both twin design and ordinary case-

control design have lower power compared to disease with low heritability. This indicates the 

influence of genetic contribution to the statistical power of epigenetic studies, and those 

factors need to be controlled. However, the power estimate still improves for discordant twin 

design than ordinary twin design when heritability is high. This is especially valuable for the 

epigenetic features with small effect size, since those features would be difficult to detect 

using the ordinary case-control design, while they are abundant due to the nature of complex 

diseases. 

In addition to the statistical power advantage in the twin design, the ICE FALCON method 

represents a useful approach for establishing causal relationship in cross-sectional association 

studies using genetically related individuals in families or twin pairs. In epidemiology, it is 

well-known that a significant association based on cross-sectional samples does not prove 

causation. Detecting causal associations from the popular cross-sectional study design 

represents a major challenge in epidemiology. Causal inference is especially demanding in 

molecular epidemiology which focuses on identification of molecular biomarkers for diseases 

and health because non-causal markers are meaningless for clinical or preventive 

intervention. Our application of ICE FALCON method to lncRNA data revealed causal 

relationship from BMI to lncRNA expression which is in agreement with the reported causal 

effect from BMI to DNA methylation [108]. Both could mean that the transcriptional 

activities in the blood cells are regulated in response to change in BMI. The successful 

application of ICE FALCON in our lncRNA study illustrates the usefulness of the method 

which should be promoted in molecular epidemiologic studies on twins [120].  
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4.2 Extension of the discordant twin design: continuous phenotypes 

Our simulation is based on binary phenotype where the outcome is disease and healthy 

control. In fact, the discordant twin design could be extended to continuous trait which is 

usually seen in real-world studies such as BMI, cognitive function or blood pressure. There 

are some ways to achieve this using the discordant twin design. 

One strategy is to create the case-control outcomes based on the definition of medical 

conditions and their classification thresholds. This means the samples could be collected from 

one of the two ends of the distribution depending on the phenotype under study. Using this 

strategy, discordant twin pairs can be identified and analyzed as described. As discussed in 

Paper I, the sample collection would play an important role in using this strategy, and it 

would be preferable to select samples with liability not too close to the cutoff. This liability is 

highly correlated to the continuous trait if the measurement could represent the medical 

condition of study, and there is only partial error in the measurement. Therefore, samples 

with more clear/certain diagnosis should be selected. 

Another strategy is to use the continuous variable directly in the analysis. However, in this 

case, the discordant twins are not defined based on the phenotype distribution anymore, but 

rather quantified by the intra-pair differences. Moreover, data analysis should also take the 

twin structure into consideration since the observations are not independent. 

One way of dealing with the intra-pair correlation of the data is to use linear mixed effects 

model and use the family ID or twin pair ID as random effect variables. The mixed effects 

model assigns a random intercept for each twin pair or each family, assuming that the random 

intercept will capture the genetic correlation and family-environment correlation. However, 

different from the fixed effect models, the fitting of mixed effects model is time-consuming 

and computer intensive when running a genome scale analysis. In addition, the large number 
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of variables (including the random effect variables) take away the statistical power in 

detecting significant markers. Moreover, the estimated random effects may not help to 

completely control the genetic and environmental correlations in the twin samples.  

With these considerations, a useful and practical way to deal with the situation is to select 

twin pairs discordant for a continuous trait of interest from the sample collection step (Paper 

2 in this thesis) or filter the twin pairs from a sample collection using a filtering scheme, e.g. 

the percentage discordance defined in Tan et al. (2014) [121],  

 Δ𝑏𝑤% =
Δ𝑏𝑤

max (𝑏𝑤)
× 100 4.1 

The cut off for filtering discordant pairs can be flexible depending on sample size available, 

clinical definition, or even model performances.   

4.3 Extension of the discordant twin design: testing covariates 

By applying regression models to the twin design, it is possible to extend the analysis to 

include covariates [40,121,122]: 

 𝑙𝑜𝑔 [
𝑀𝑒(+)

𝑀𝑒(−)
] = 𝛼 + 𝛽1𝑥1 + 𝛽2𝑥2 + ⋯ + 𝛽𝑛𝑥𝑛 + 1|𝑦1 + 1|𝑦2 + ⋯ + 1|𝑦𝑚 4.2 

In this model 𝑀𝑒(+) and 𝑀𝑒(−) are the DNA methylation levels measured in the case and 

control twins in a pair; 𝛽𝑖 is the slope of  fixed effect variables (𝑥1 to 𝑥𝑛), and 𝑦1 to 𝑦𝑚 are 

the random effect variables such as batches. The intercept 𝛼 in this model stands for the mean 

level of intra-pair methylation difference when other variables are set to 0 [121]. 

In this model, the fixed effect variables (𝑥1 to 𝑥𝑛)  are either shared by twins in a pair such 

age and sex, or the differential exposure variables for the twin pair such as BMI, smoking 

status, etc. Different from the covariate counterparts in individual analysis, these variables 

have different interpretations. In discordant twin design, since we are investigating twins with 
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different disease status, these pair-specific variables will be associated with disease status as 

well and represent the interaction effects. Taking a pair-specific variable sex for example, if 

there is a sex-specific effect of methylation on the diseases (i.e. an interaction effect), we 

have, for the affected (+) and healthy (-) twins,  

 𝑙𝑜𝑔𝑀𝑒(+) = 𝛼0 + 𝛼+ + (𝛽1 + 𝛽1+)𝑠𝑒𝑥  

 𝑙𝑜𝑔𝑀𝑒(−) = 𝛼0 + 𝛽1𝑠𝑒𝑥  4.3 

Here 𝛼0 is the methylation level is healthy controls, 𝛼+ is the methylation difference between 

affected and unaffected twins; 𝛽1 is the sex difference in DNA methylation at the specific site 

and 𝛽1+ is sex-specific methylation in the affected twins or sex-methylation interaction effect 

on the disease.   

Taking the intra-pair difference, we have, 

 𝑙𝑜𝑔 [
𝑀𝑒(+)

𝑀𝑒(−)
] = 𝛼+ + 𝛽1+𝑠𝑒𝑥 4.4 

This is exactly the simplified version of the model extension for the discordant twin design 

where it is clear the estimated effect of sex is in fact an interaction effect by nature. The same 

applies to pair-specific variable age for detecting age-dependent methylation differences 

between the affected and unaffected twins. Most interestingly, when genotype data for a 

specific locus is available and included in above model as a pair-specific variable, its 

significant estimate would suggest a methylation quantitative locus (meQTL) associated with 

the disease.  

For the differential exposures, the coefficients of these variables stand for the methylation 

changes conditional on exposure that could affect the disease. Smoking is a good example for 

such case. Svendsen et al. [77] conducted an association study between rheumatoid arthritis 

and DNA methylation using this design. In that study, they discovered that smoking induced 
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hypomethylation in a region on chromosome 6 which antagonized the estimated treatment 

effect of antirheumatic drugs (DMARD) in the exactly same region [123]. Therefore, these 

exposure dependent methylation patterns are also important in the epigenetic studies. This 

shows that the extension of discordant twin design is also capable of adjusting for covariates 

in detecting interaction effects as well as effects from exposure variables. 

4.4 Importance of epigenetic controls over BMI 

Twin studies have estimated a very high heritability of up to around 60% for BMI indicating 

there is significant genetic influence on the BMI variation [57]. However, it is argued that the 

variance explained by genetic factors is prone to overestimated in twin studies [124]. Limited 

by current technology and methodology used in GWAS studies, only a small part of BMI 

variation was explained by the discovered SNPs, even in large scale meta-analysis [33,56]. A 

recent meta-analysis of genome-wide association studies for BMI in 339,224 individuals 

identified 97 loci only account for about 2.7% of BMI variation [56]. Another more recent 

meta-analysis in 2018 with approximately 700 thousand individuals discovered 941 near-

independent SNPs associated with BMI. Those genome-wide significant SNPs only explain 

6.0% of the variance of BMI [58]. More importantly, only a small fraction of loci identified 

by GWAS are located in protein-coding genes and a substantial proportion fall in non-coding 

regions (regulatory or intergenic regions) [125–128]. These suggest that epigenetics, as a 

mechanism that regulates gene expression independently of the underlying DNA sequence, 

are essential for deciphering the phenotype variation. 

In our DNA methylation analysis in paper 2, we have found several significant DMRs. The 

top DMR is annotated to LINC01503, which is a lncRNA reportedly to be over expressed in 

squamous cell carcinoma [129,130]. Interestingly, no protein-coding gene is link to those 

DMR, and in the vicinity there are many microRNAs such as miR-200a, miR-200b, and miR-
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429. These small non-coding RNAs function in RNA silencing and post-transcriptional 

regulation of gene expression [131,132]. Out of the 11 DMRs, 4 are in the intergenic regions. 

Although their function is unknown, they might control other gene expressions. These 

findings indicate the important role of miRNA and lncRNA regulations in modifying BMI 

[133,134]. 

Our simulation study shows that twin design is powerful for epigenetic association studies, 

however, there is no significant CpG in RRBS analysis and only 6 significant probes in 

lncRNA analysis identified in association with BMI after FDR correction. One reason could 

be due to the diverse environmental exposures associated with BMI, such as different diet 

pattern, lifestyle, condition of stress [119,135]. The condition of stress could be early-life 

stress like malnutrition or adult work or life stress [136,137]. The different environmental 

exposures could introduce epigenetic regulations in different genes of the same biological 

pathways implicated in BMI, a situation that complicates EWAS on BMI in term of statistical 

power for detecting single methylation sites. In case of EWAS using twins, there could be 

early-life stress because of prenatal shared environment by twins as compared with singleton 

birth. Meanwhile, there are also adulthood lifestyles and stressful conditions (work 

environment or family life) that influence BMI. The above description is a simple illustration 

of complexity in EWAS of complex traits like BMI which is not considered in our 

simulation. This means the power estimates from our simulation study are based on the most 

ideal situation or on the marginal effect of specific environmental exposures.   

On the other hand, the above situation emphasizes the importance of including environmental 

exposure variables in EWAS which is unfortunately not the case in current EWAS literature. 

Testing environmental exposure variables in EWAS could help with linking the differential 

epigenetic profiles with the specific exposure variables which can be highly important and 

relevant in developing effective prevention and treatment strategies. Moreover, in the 
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extension of the twin model, one could include the pair-specific genotype in the analysis. As 

discussed above, the coefficient for these covariates are the gene environment interaction 

effects which would be beneficial in studying meQTL and eQTL (in gene expression data). 

Such practice nicely incorporates epigenetic studies and genetic studies for better uncovering 

the underlying biological mechanisms for the disease of interest [138].   



 

44 

 

5 CONCLUSIONS AND PERSPECTIVES 

In this PhD projects, we have investigated and compare the powers of discordant twin design 

and ordinary case-control design by conducting a computer simulation study and applied the 

twin design to empirical studies. The results show that twin study has enriched power when 

disease is with moderate heritability (>30%). After the validation of the twin design, we 

applied it to the DNA methylation sequencing data on Chinese twins and lncRNA expression 

data on Danish twins for studying their association with BMI. There are 6 lncRNA probes 

with FDR < 0.05, and we made causal inference on these genes in relation to BMI. Causal 

inference results show that all of 6 probes are in response to BMI changes. In both studies, 

significant genomic regions and related functional pathways were discovered by the twin 

model. We discussed the potential causes including sample heterogeneity and complex 

exposures that are related to the BMI variation, and suggested a potential approach to tackle 

this problem by using extension of the twin models. Both assessment and application of the 

twin designs have shown the unique value of using twins in epigenetic studies. By in-

cooperating epidemiological and genotype data with the powerful discordant twin design, 

future EWASs should be able to link disease-related epigenetic alterations with specific 

environmental exposures as well as specific genetic variations to help with understanding of 

the disease etiology and with the development of highly efficient treatment and prevention 

strategies. 
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6 ENGLISH SUMMARY 

The epigenetic modification is essential for controlling normal development and homeostasis 

and allows organism to integrate and react to environments. The epigenetic changes could be 

influenced by many factors including age, sex as well the lifestyle. Since both genetic and 

environmental factors play important roles in complex disease development, in epigenetic 

studies, it will considerably increase the power by controlling the genetic effect. For this 

reason, the twin designs have been widely used in epigenetic studies. In theory, using 

monozygotic (MZ) twins that share genetic makeups in epigenetic studies provides 

distinctive advantage over traditional case-control design. However, no power assessment has 

been properly performed on the discordant twin design although it is popular in use. 

To address this concern, we conducted a computer simulation study to investigate and 

compare the statistical power of discordant twin design and ordinary case-control design. We 

used a liability threshold model and simulated both genetic and environmental contributions 

to disease. In this way, the heritability, which is represented by the genetic contribution to 

disease, can be put under control. Simulation results suggest that the discordant twin design 

has higher power estimates when disease is with moderate to high heritability (>30%), and 

only in cases when the influence of genetic contribution is nominal, the discordant twin 

design has lower power. The results indicate that the discordant twin design is indeed a 

powerful tool for epigenetic association studies. 

After power assessment using computer simulation, we applied the discordant twin design to 

real twin data on epigenome-wide association analysis of body mass index (BMI). BMI is a 

simple measurement based on weight and height, and studies have shown that BMI is 

associated with many traits relevant to metabolism and future heart disease risk, such as 

cholesterol and blood pressure. It is also often used as a screening tool for obesity which is a 
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common condition that significantly declines quality of life and is closely related to diabetes 

as well as many cardiovascular diseases. There are many factors that influence body weight 

including genetic, behavioral and hormonal. Meanwhile, the heritability estimates for BMI 

are generally higher than 47%, which makes BMI a good candidate for epigenetic association 

analysis using the discordant twin design. 

In an effort to look for epigenetic changes associated with BMI in the Chinese population, 

epigenetic data was collected on 30 pairs of MZ twins with methylation profiles from whole 

blood samples analyzed using the reduced representation bisulfite sequencing (RRBS) 

technique. Epigenome-wide association study on this data found 11 differentially methylated 

regions (DMRs) and several biological pathways associated with BMI. Some identified 

pathways are related to extracellular matrix (ECM), neuronal system and signaling. Within 

the DMRs, expression of DPYSL3 has been associated with nonalcoholic fatty liver disease 

and CWF19L1 has been shown to influence liver fat deposition.  

By regulating gene expression through transcriptional and epigenetic regulation as well as 

alternative splicing in the nucleus, the long non-coding RNAs (lncRNAs) are important 

regulators of the epigenetic status of the human genome. LncRNA expression data on 220 

MZ twin pairs from Danish Twin Register was also collected for association with BMI. There 

are 6 significant pseudogenes related to BMI variation after FDR correction. Causal inference 

suggests that all 6 pseudogenes are in response to BMI changes. By using GREAT software, 

we have found that most of the identified GO biological processes are related to kidney 

development, regulation of lipid biosynthetic process, regulation of circadian rhythm, 

regulation of Notch signaling and other processes that are related to BMI or obesity. 
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Overall, both assessment and application of the discordant twin design have shown the values 

of using twins in epigenetic studies and the potential for extension to be applied to other 

complicated diseases or traits.  

  



 

48 

 

7 DANSKE RESUMÉ 

Epigenetiske modifikationer er essentielle for a kontrollere normal og homøostasisk 

udvikling og tillader at en organisme kan integrere og reagerer på udefrakommende miljøer. 

De epigenetiske ændringer kan blive modificeret af mange faktorer deriblandt alder og køn 

såvel som livsstil. Da både genetik og miljø spiller vigtige roller in komplekse sygdomme, 

kan det være en fordel at kontrollere den genetiske effekt og derved forstørre den statistiske 

kraft i epigenetiske studier. Tvillingdesigns er blevet flittigt brugt i epigenetiske studier. I 

teorien, ved at bruge enæggede (MZ) tvillinger der deler deres genetiske ’makeup’ i 

epigenetiske studier giver øjensynlige fordele i forhold til traditionelle case-control designs. 

Dog er der ikke blevet målt statistisk power i forhold til ændring i studier for afvigende 

tvillinger, selvom de er flittigt brugt.  

For at udfylde dette hul, har vi foretaget et computer simulations studie for at undersøge and 

sammenligne kraften ved et afvigende tvillingstudie i forhold til det almindelige case-control 

studie. Vi bruger her en liability thresholds model og simulerer både genetiske og 

miljømæssig påvirkning af sygdomme. Derved er heritabiliteten som er repræsenteret af de 

genetiske kontributioner til sygdomme kontrolleret. Simuleringernes resultater peger på at 

afvigende tvillingestudie designs har et større kraftestimat når sygdomme har højere 

heritabilitet (>30%), og kun når den genetiske påvirkning er nominal har afvigende 

tvillingestudie designs lavere kraft. Disse resultater indikerer at et afvigende tvillingestudie 

design er et kraftfuldt værktøj i epigenetiske associations studier.  

Efter at have målt kraftforskellene via computer simulationer, har vi anvendt afvigende 

tvillingestudie designet til rigtige tvillingers data for at udføre genome-wide associations 

analyse af body mass index (BMI). BMI er en simpelt mål baseret på højde og vægt, og 

studier har vist at BMI er associeret med mange egenskaber i forhold til metabolisme og 
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fremtidige hjertesygdoms risikofaktorer, såsom kolesterol og blodtryk. Det er også ofte brugt 

som en screenings værktøj for overvægt, hvilket er en almindelig livsstils sygdom som ofte 

giver nedsæt livsglæde, og er tæt relateret til diabetes såvel som mange hjertekar sygdomme. 

Der er mange faktorer der har indflydelse på kropsvægt, inklusive genetik, adfærd og 

hormoner. Derudover er heritabilitetsestimatet for BMI normalt højere end 47% hvilket gør 

BMI en meget god kandidat for det afvigende tvillingedesign. 

For at undersøge de epigenetiske ændringer associeret med BMI i en Kinesisk population, har 

vi anvendt epigenetisk data indsamlet for 30 par af enæggede tvillinger med methylerings 

profiler fra blodprøver analyseret vha. en reduced representation bisulfite sequencing (RRBS) 

teknik. Ved at udføre et epigenome-wide associations studie vha. dette data, fandt vi 

adskillige pathways og 11 differentierede methylerede regioner (DMRs) associerede med 

BMI. 

Nogle af disse identificerede pathways var relaterede til extracellular matrix (ECM), 

neuronale systemer og signalering. I blandt de fundne DMRs, var DPYSL3 som har været 

associeret med nonalcoholic fatty liver disease og CWF19L1 som er blevet vist at have 

indflydelse på lever fedts depoter. 

Ved at regulere gene expression igennem transcriptionale og epigenetiske faktorer såvel som 

alternativ splicing i nucleus, er long non-coding RNAs (lncRNAs) vigtige regulatorer af den 

epigenetiske status i det menneskelige genome. LncRNA expressions data baseret på 220 

MZ-tvillingpar fra det Danske Tvilling Register var også samlet for association af BMI. Der 

er 6 signifikante psuedogener relateret til BMI variationer efter FDR-korrektion. Kausal 

inferenz peger på at alle 6 psuedogener er i respons til BMI-ændringer. Ved at bruge GREAT 

software, har vi fundet ud af at de fleste identificerede GO biologiske processer er relateret til 
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nyre udvikling, regulering af lipid biosyntetiske processer, regulering af døgnrytme, 

regulering af Notch signaler og andre processer der er relateret til BMI eller overvægt.   

Alt i alt, er det blevet vist at der er værdi for både vurderingen og potentiale for anvendelsen 

af tvillingdesigns i epigenetiske sammenhæng, for mange andre komplekse sygdomme eller 

egenskaber. 
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Abstract

Motivation: Many studies have investigated the association between DNA methylation alterations

and disease occurrences using two design paradigms, traditional case-control and disease-

discordant twins. In the disease-discordant twin design, the affected twin serves as the case and

the unaffected twin serves as the control. Theoretically the twin design takes advantage of control-

ling for the shared genetic make-up, but it is still highly debatable if and how much researchers

may benefit from such a design over the traditional case-control design.

Results: In this study, we investigate and compare the power of both designs with simulations. A li-

ability threshold model was used assuming that identical twins share the same genetic contribu-

tion with respect to the liability of complex human diseases. Varying ranges of parameters have

been used to ensure that the simulation is close to real-world scenarios. Our results reveal that the

disease-discordant twin design implies greater statistical power over the traditional case-control

design. For diseases with moderate and high heritability (>0.3), the disease-discordant twin design

allows for large sample size reductions compared to the ordinary case-control design. Our simula-

tion results indicate that the discordant twin design is indeed a powerful tool for epigenetic associ-

ation studies.

Availability and implementation: Computer scripts are available at https://github.com/zickyls/

EWAS-Twin-Simulation.

Contact: qtan@health.sdu.dk

Supplementary information: Supplementary data are available at Bioinformatics online.

1 Introduction

DNA methylation is an important epigenetic modification which is

involved in regulating many cellular processes, such as transcription

and X chromosome inactivation (Gopalakrishnan et al., 2008;

Robertson, 2005). Epigenome-wide association studies (EWAS) are

becoming popular among researchers in recent years and many

associations between DNA methylation and human disease have

been discovered (Oliver et al., 2015; Svendsen et al., 2016).

Epigenetics studies allow researchers to understand more about the

etiology of a complex disease, which is often influenced by both gen-

etic and environmental factors, and allow development of interven-

tion strategies that could improve the quality of life (Bediaga et al.,

2010; Luczak and Jagodzinski, 2006).
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The disease-discordant twin design uses monozygotic twin

pairs discordant for a disease, the one with disease serving as case

and the other as control (Tan et al., 2015). Theoretically, monozy-

gotic twins share the same and dizygotic twins share half of their

genetic material (Boomsma et al., 2002). In the currently popular

disease-discordant twin design for epigenetic association studies,

researchers collect monozygotic twin pairs that are discordant for a

trait to investigate the association between disease and epigenetic

regulation (e.g. DNA methylation). The nearly perfect control of

covariates such as age, sex and genotype theoretically should em-

power the epigenetic association study (Bell and Saffery, 2012; Bell

and Spector, 2011; Castillo-Fernandez et al., 2014).

Although statistical power plays a crucial role in EWAS, few

studies have investigated it in detail. Tsai and Bell (2015) tried to es-

timate and compare the power for the ordinary case-control design

and the twin design in DNA methylation studies, but failed to show

a power advantage from the disease-discordant twin design. Their

results show nearly similar power estimates for these two designs be-

cause the genetic background was neglected in the simulation.

However, complex diseases are usually subject to both genetic and

environmental influences. The use of disease-discordant twin design

is to control for the confounding of genetic effects. The latter affects

disease susceptibility both in twins and in unrelated individuals.

Here, we use a liability threshold model (Haegert, 2004; Tenesa and

Haley, 2013) to simulate both genetic and environmental (epigenet-

ic) effects on disease, using different scenarios to estimate and com-

pare the power of the two designs.

2 Materials and methods

2.1 Simulating phenotype, genetic contribution and

environmental contribution
The liability threshold model was applied to simulate the phenotype

as shown in Figure 1 (Lee et al., 2011). Liability l is the underlying

continuous random variable that collectively describes all the genetic

and environmental factors that contribute to the development of a cer-

tain disease. It is assumed to follow a standard normal distribution. In

our simulation, liability is decomposed into the sum of two independ-

ent normal distributions which represent the genetic (G) and environ-

mental (E) contributions to the disease. We denote their expectations

as E(G) and E(E), and their variance as Var(G) and Var(E), respective-

ly. Without losing generality, we use two centered distributions, thus

E(G) ¼ E(E) ¼ 0. Heritability (h2) is defined as the proportion of the

phenotypic variation that is due to the genetic variation in the given

population, and it is calculated by Var(G)/(Var(G) þ Var(E)). From

the assumption, the variance of liability is assumed to be 1, thus

Var(G) þ Var(E) ¼ 1. The above combined gives that

VarðGÞ ¼ h2 (1)

VarðEÞ ¼ 1� h2: (2)

For individual i in the ordinary case-control design, the genetic

contribution gi is simulated by drawing a random number from a

normal distribution with mean 0 and variance h2, and environmen-

tal contribution ei is simulated by drawing a random number from a

normal distribution with mean 0 and variance 1 – h2. Then the li-

ability is computed as li ¼ gi þ ei. As for liabilities of MZ twins, we

use same parameters for random number generation of the genetic

contributions for both twins, and then simulated the environmental

contributions independently.

2.2 Simulating methylation
The b-value of methylation is the ratio of methylated probe intensity

and overall intensity (sum of methylated and unmethylated probe

intensities) (Du et al., 2010). In our simulation, we directly use

M-values which is the two-based logit transformation of methyla-

tion b-values. The reason for using M-values in this simulation is

that, compared to b-values, M-values are deemed to follow a normal

distribution and thus have better statistical properties for modeling.

We use the following equation for obtaining the M-value of the

methylation level (M).

M ¼ b0 þ b1Eþ e: (3)

In this equation, b0 is the mean of the M-value, E is the environ-

mental contribution (which we have simulated) for disease and b1 is

the effect size of E in methylation. e is other effects (such as early-life

event) which may influence the methylation level, and it is simulated

from a normal distribution with mean E(e) ¼ 0 and a computed vari-

ance Var(e). When simulating twin samples, e is assumed with cer-

tain correlation (using multivariate normal distribution) within twin

pair due to either shared genetic background or common environ-

ment (Denoted as qe). We use selected distribution of M-value with

mean E(M) and variance Var(M), and for a given R-square (R2
M,E)

for this model, we could compute parameters b0, b1 and Var(e).

From the model setting, we have

b0 ¼ EðMÞ: (4)

From the definition of R2
M,E, we have

R2
M ;E
¼ b2

1VarðEÞ=VarðMÞ: (5)

Combine Equation (5) with Equation (2), we could solve b1 as

b1 ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
R2

M;EVarðMÞ
1� h2

s
: (6)

From model defined in Equation (3) we also have

VarðMÞ ¼ b2
1VarðEÞ þVarðeÞ: (7)

Combine Equation (7) with Equation (5), we could solve Var(e) as

VarðeÞ ¼ ð1� R2
M ;E
ÞVarðMÞ: (8)

Fig. 1. (a) Liability threshold model and (b) extended liability threshold model.

Green area represents controls and red area represents cases. Gray area is

the samples that should be excluded from the experiment (Color version of

this figure is available at Bioinformatics online.)
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For simulating e in twins with correlation qe, we use multivariate

normal distribution with zero vector for means and the covariance

matrix is defined as

VarðeÞ qeVarðeÞ

qeVarðeÞ VarðeÞ

" #
: (9)

Then for individual i, we could simulate another random number

ei, with same random number ei that we have before, we could com-

pute M-value for this individual using Equation (3) and the com-

puted b0 [(Equation (4)] and b1 [(Equation (6)].

2.3 Sample selection
A universal liability cutoff T is set based on disease prevalence p,

which is the proportion of affected individuals in a population.

Individuals with liability that exceed T are affected and others

are unaffected, as shown in Figure 1a. The red area which is

the probability that liability falls into interval T to1 is p, thus that

1– A(T) ¼ p. Solve it and we have T ¼ A�1(1� p). Ideally the cases

and controls should have distinguishable liabilities (which could be

indicated by phenotypic measurement), and it is preferable to choose

discordant twins with larger liability difference since the difference

in the environmental contribution will also be enlarged together

with methylation levels at associated CpG sites. To achieve that,

we set a new parameter PK, which is the percentage of cases

and controls that have liabilities close to the cutoff T. Those samples

are excluded from real-life studies, as illustrated in Figure 1b.

For a given PK, controls should have a liability lower than

TH ¼ A�1(1�(1�PK)p) and cases a liability higher than

TD ¼ A�1((1�PK) (1�p)). In this simulation, we use the same liabil-

ity cutoff for both the ordinary case-control design and the twin de-

sign as studies have shown no difference in disease susceptibility

between twins and the general population (Andrew et al., 2001).

2.4 Statistical testing
We apply regression models to analyze the simulated data. For the

ordinary case-control design, we regress the methylation level (M-

value) on the phenotype (S ¼ 1 for cases, S ¼ 0 for controls).

M ¼ b0 þ b1S: (10)

In this regression, b0 is the intercept and b1 is the coefficient for

S. An association is established if b1 is significantly different from 0.

For the twin design, we use the following linear regression for per-

forming a pair-matched analysis (Tan, 2013; Tan et al., 2015).

MD �MH ¼ a: (11)

In this model, MD and MH are methylation levels for the affected

twin and the unaffected co-twin within a pair. We extract the signifi-

cance level of the intercept a. Then at each significant CpG site, the

disease is associated with hyper-methylation if a > 0 and hypo-

methylation if a < 0.

2.5 Power calculation
For a giving parameter setting, the empirical power was estimated as

the proportion of significant experiments of the total replications in

the simulation.

Power ¼
PK

i¼1 I½P� valueðiÞ < 1� 10�6�
K

: (12)

In this equation, I(�) is an indicator function for the logical ex-

pression that asserts whether the P-value for a meets the threshold

1 � 10�6.

2.6 Parameter settings
To start the simulation, we first fixed the disease prevalence (p) to

0.05. Proportion that was excluded where individuals have a liabil-

ity close to the cutoff (PK) was set from 0 to 0.4. We simulated dis-

eases with a heritability ranging from 0 to 0.6, and R2
M,E ranging

from 0 to 1 to represent different degrees of environmental effect on

DNA methylation. The Mean of the M-value was set from �3.78 to

3.36 while variance was set from 0.06 to 4. The twin correlation on

methylation qe was set to 0, 0.1, 0.3, 0.5 and 0.8 in twin samples.

Equal number of cases and controls were used in our simulation,

and in this paper, we refer to this number as sample size. The sample

size started from 5, and increased 1 after each iteration until the

power reaches 1. To compare the power, we used same parameter

settings for both designs. All the simulations were performed using

R software.

3 Results

To validate our simulation method and statistical testing methods,

we simulated the type I error rate by fixing the R-square between

environmental contribution to disease and methylation to 0. By

setting R2
M,E ¼ 0, we created an artificial null effect, and the

estimated power becomes type I error rate. We simulated 1000

cases and 1000 controls for all parameter settings with 2000 replica-

tions. The results are available in Supplementary Material S1. In

Supplementary Material S1, boxplot (Supplementary Fig. A) shows

that type I error rate estimates for the two designs are stable at 0.05

for both designs. Plot of joint distribution in Supplementary Figure

B suggests that the type I error rate does not have bias toward either

design since there is no systematic pattern between the distribution

of the two designs. The results prove that our simulation and testing

methods are unbiased and valid.

Power estimates for samples that have liability below TH ¼ 0.43

and higher than TD ¼ 1.81 (when PK ¼ 0.3) are reported in

Figure 2, with the red horizontal line marking power of 80%. The

mean and variance of the M-value are set to 3.36 and 0.06, respect-

ively. Other results (with different assumptions of PK) are provided

in Supplementary Material S2. All the plots share the same pattern

with power consistently increasing with larger sample size. For the

parameters that are used in this plot, when disease has a high herit-

ability (0.6) and there is a low correlation between environmental

factors and DNA methylation (R2
M ,E ¼ 0.1), the sample size required

for the power to exceed 0.8 in an ordinary case-control design

reaches its maximum at 221. For the same parameter settings, sam-

ple size estimated for the disease-discordant twin design ranges from

22 (when qe ¼ 0.8) to 63 (when qe ¼ 0.1), which is an immense im-

provement over the ordinary case-control design.

Some general patterns are observed in how parameter change

impacts the power, and for illustration, we use a baseline parameter

set and change only one parameter at a time to investigate those pat-

terns. The baseline parameters were set to PK ¼ 0, R2
M,E ¼ 0.3,

h2 ¼ 0.3 and qe ¼ 0.3. The results are shown in Figure 3. From the

figure, it is evident that when the heritability changed from 0.3 to

0.5, both the ordinary case-control design and the twin design have

reduced power. Sample size required for power over 0.8 changes

from 66 to 93 in the ordinary case-control design while in twin de-

sign it ranges from 48 to 50. Different from the twin design, the
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power of the ordinary case-control design is more sensitive to

the genetic contribution to the disease under investigation because

the uncontrolled genetic background serves as noise in the ordinary

case-control design. When increasing PK from 0 to 0.2, both designs

have better power estimates with sample size changing from 66 to

48 in the ordinary case-control design and from 48 to 31 in the twin

design. This makes sense as cases and controls are selected from

individuals with more distinguishable phenotypes. The power to de-

tect a CpG site increases with the environmental effect on its methy-

lation level. With R2
M,E increasing from 0.3 to 0.8, the sample size

for the ordinary case-control design reduces from 66 to 24 while for

the twin design it decreases from 48 to 22. Lastly when qe changes

from 0.3 to 0.8, only power for the twin design increases and sample

size for power over 0.8 changes from 48 to 39. For the ordinary

case-control design, this number is unchanged as expected since

cases and controls are unrelated individuals. In addition, we also

show how the power changes with different P-value cutoff for the

two designs. When P-value cutoffs are 1 � 10�5, 1 � 10�6 and

1 � 10�7, the minimum sample size required are 45, 66 and 76, re-

spectively for ordinary case-control design. Those numbers are 39,

48 and 55 for disease-discordant twin design. From the numbers, we

saw that P-value cut-off affects sample size requirement in both

designs although it is more demanding for the ordinary case-control

design.

To better visualize the change of sample size for power >80%,

we also report the ratio of the minimum sample size in the twin de-

sign and ordinary case-control design for the power to reach 0.8

under the same parameter scheme (Fig. 4). From the figure, we could

see that for diseases with heritability higher than 0.3, all the points

fall below 1, which means that the sample size requirement for

the twin design is smaller than for the ordinary case-control design.

We also observed that the higher the heritability, the lower the sam-

ple size ratio, which suggests better sample size reduction with the

disease-discordant twin design. From the first plot in Figure 4, which

consists of results with all different settings for heritability, we could

see that ordinary case-control design slightly overperforms twin

design for large-effect CpGs. The maximum ratio is 1.44, where

sample size required for the ordinary case-control design is 9 and 13

for the twin design. However, the situation of a lower power

estimate for the twin design only occurs when the disease has a

low heritability (<0.3) and CpG effect size is very large such

that sample size requirement by the ordinary case-control design is

already small (<50).

4 Discussion

The etiology of complex disease involves both genetic and environ-

mental factors. The polygenic background serves as unneglectable

confounding factors in epigenetic studies as epigenetics mediates en-

vironmental effects on disease development. The fundamental ad-

vantage of applying disease-discordant twin design residents in the

fact that monozygotic twins have identical genetic make-ups which

can be paired out. Under the framework of multifactorial diseases

(with genetic and environmental influences), we used liability model

to simulate both genetic and environmental (epigenetic) contribu-

tions to disease development. For each of the parameter set, both or-

dinary case-control design and twin design data were simulated to

fairly compare the power difference.

Advantaged by the perfect match for age, sex and their genetic

make-ups, twin design is preferred when the disease has been shown

to have a genetic involvement usually indicated by a heritability esti-

mate or family correlation. This simulation study showed that com-

pared to the drastic change of power in ordinary case-control

design, power of the disease-discordant twin design is less subjective

to the change of heritability. This confirms that the disease-

discordant twin design has much better power estimates over ordin-

ary case-control designs when there is a moderate heritability (over

30%), and the power continue to improve for diseases with higher

Fig. 2. Power estimates using liability threshold model for different designs,

R2
M ,E, h2 and qe. Horizontal red line marks power ¼ 80% (Color version of this

figure is available at Bioinformatics online.)

Fig. 3. Example of how different parameter influence the power. Baseline

parameters are set to PK ¼ 0, R2
M ,E ¼ 0.3, h2 ¼ 0.3 and qe ¼ 0.3. Line colors indi-

cate different changing of each parameter from the baseline. Changed param-

eters are shown in the legends (Color version of this figure is available at

Bioinformatics online.)
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heritability. Our results thus substantiate that the twin design is a

powerful tool for epigenetic association studies advantaged by con-

trolling for genetic factors.

Sample collection also plays an important part in an EWAS ex-

periment. In this simulation, we applied the same criterion to filter-

ing out samples with liabilities close to the cutoff. From our results,

we observed better power estimates for both the ordinary case-

control design and the disease-discordant twin design after filtering.

This also reflects a general real-world clinical situation as a larger

difference in liability between case and control groups may mean

that more severe patients as indicated by clinical variables are

selected in ordinary case-control design or, likewise, more discord-

ant twin pairs are selected in the discordant twin design. In our

simulation, we used intra-pair correlation of residuals in methyla-

tion to represent twin correlation on methylation at a CpG site. The

residual lowers the power estimates and reflects the larger sample

size estimates for ordinary case-control designs. For the disease-

discordant twin design, the correlated proportion from the residual

of methylation (due to shared environmental and genetic factors)

canceled out and results in better power estimates than case-control

design under same parameter settings. This gives an additional as-

pect into how the twin design could improve the efficiency of

EWAS.

Instead of a paired t-test, we used a simple linear regression for

statistical testing in our simulation. While the simple regression

model is equivalent to the paired t-test, the regression setup allows

the possibility for including pair-specific variabilities like age and

sex for adjustment. Although these variables were not considered in

our simulation for simplicity, intra-pair differences in methylation

can be larger in older pairs than in younger pairs, or larger in one

sex than the other sex. These interactive effects can be easily

assessed in a regression model (Tan et al., 2015).

As shown in Figure 4, in some cases, the ordinary case-control

design has better power. This happens only when the heritability is

relatively low (h2 � 0.3) and the environmental contribution almost

entirely determinates the DNA methylation level (R2
M,E � 0.8). This

is probably because the twin design uses pair-wise M-value differ-

ence as one observation which statistically halves the sample size,

subsequently leading to disadvantage in estimating statistical power.

The results suggest that the discordant twin design only benefits

when the disease under study has a solid genetic background. For

diseases with low or no significant heritability, the twin design is not

recommended because there is no need for controlling the genetic

effects. Another situation where the use of twins can lead to reduced

power is the mapping of methylation quantitative loci or meQTL

mapping. The latter is derived by mapping levels of DNA methyla-

tion in genetically different individuals when the use of genetically

related individuals such as twins or siblings can be underpowered

because of reduced genetic variation across samples.

Tissue heterogeneity such as cell composition difference across

samples is an important issue when analyzing methylation data col-

lected from a heterogeneous source (e.g. blood tissue). Our simula-

tion model mainly focuses on the comparison of power in two

experiment designs and, as a limitation, the simulated data represent

the clean data (e.g. methylation profile after correcting for cell com-

position). Finally, our simulation showed that disease-discordant

twin design gains power when the phenotype under investigation

has relatively high heritability. Under this situation, the shared gen-

etic contribution may add difficulties in collecting discordant twin

pairs. The feasibility of an EWAS using the discordant twin design

should be studied before power considerations.
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Abstract
Objective Body mass index (BMI) serves as an important measurement of obesity and adiposity, which are highly correlated
with cardiometabolic diseases. Although high heritability has been estimated, the identified genetic variants by genetic
association studies only explain a small proportion of BMI variation. As an active effort for further exploring the molecular
basis of BMI variation, large-scale epigenome-wide association studies have been conducted but with limited number of loci
reported, perhaps due to poorly controlled confounding factors, including genetic factors. Being genetically identical,
monozygotic twins discordant for BMI are ideal subjects for analyzing the epigenetic association between DNA methylation
and BMI, providing perfect control on their genetic makeups largely responsible for BMI variation.
Subjects We performed an epigenome-wide association study on BMI using 30 identical twin pairs (15 male and 15 female
pairs) with age ranging from 39 to 72 years and degree of BMI discordance ranging from 3–7.5 kg/m2. Methylation data
from whole blood samples were collected using the reduced representation bisulfite sequencing technique.
Results After adjusting for blood cell composition and clinical variables, we identified 136 CpGs with p-value < 1e-4, 30
CpGs with p < 1e-05 but no CpGs reached genome-wide significance. Genomic region-based analysis found 11 differentially
methylated regions harboring coding and non-coding genes some of which were validated by gene expression analysis on
independent samples.
Conclusions Our DNA methylation sequencing analysis on identical twins provides new references for the epigenetic
regulation on BMI and obesity.

Introduction

Diabetes and cardiovascular diseases are common condi-
tions in developed and developing countries, which have
big impact on life quality and mortality [1–3]. These con-
ditions are often related to obesity for which body mass
index (BMI) is an important measurement. BMI calculated
as weight in kilograms divided by the square of height in
meters (kg/m2) is a simple and inexpensive surrogate
measurement for body mass and obesity [4]. BMI has been
widely studied using traditional epidemiology revealing its
association with environmental factors, including occupa-
tion [5], incomes [6], and many other factors. Importantly,
twin studies have estimated high heritability of up to 90%
indicating large contribution by genetic factors to the var-
iation of BMI [7].

In the past decade, the increasing popularity of genome-
wide association studies (GWAS) has led to the discovery
of both common genetic polymorphisms and rare genetic

* Qihua Tan
qtan@health.sdu.dk

1 Epidemiology and Biostatistics, Department of Public Health,
University of Southern Denmark, Odense, Denmark

2 Division of Epidemiology and Health Statistics, Qingdao
University Medical College, Qingdao, China

3 Chair of Experimental Bioinformatics, TUM School of Life
Sciences, Technical University of Munich, Munich, Germany

4 Department of Mathematics and Computer Science, University of
Southern Denmark, Odense, Denmark

5 Department of Clinical Immunology, Copenhagen University
Hospital, Rigshospitalet, Copenhagen, Denmark

6 Unit of Human Genetics, Department of Clinical Research,
University of Southern Denmark, Odense, Denmark

Supplementary information The online version of this article (https://
doi.org/10.1038/s41366-019-0382-4) contains supplementary
material, which is available to authorized users.

12
34

56
78

90
()
;,:

12
34
56
78
90
();
,:

73



variants associated with complex diseases and health traits
[8] including BMI [9]. Unfortunately, the reported static
genetic polymorphisms explain only a limited proportion of
BMI variation (2–21%) in comparison with the estimated
high heritability (40–70%) [7, 9]. Efforts have been taken to
look for alternative mechanisms underlying BMI variation
such as the epigenetics [10] defined as the study of heritable
changes in gene expression that do not constitute changes in
the DNA sequence. Large scale epigenome-wide associa-
tion studies (EWAS) have been conducted using DNA
methylation profiling but only a handful of significant
genomic sites have been reported [11–13]. The limited
discovery could perhaps be partly due to poorly controlled
confounding factors, both genetic and environmental.
Considering the high heritability estimate of BMI, the
uncontrolled sequential genetic variations could serve as
confounding factors that reduce the statistical power in
current EWAS looking for non-sequence-based epigenetic
variations associated with BMI.

As identical twins or monozygotic (MZ) twins share their
genetic makeups, MZ twin pairs discordant for a disease or
trait serve as ideal samples for EWAS on highly heritable
diseases or phenotypes advantaged by a perfect control over
the genetic background [14]. Our recent computer simula-
tion study has shown the highly enriched statistical power of
the discordant twin design in EWASs especially on diseases
with strong genetic basis [15]. We have recently conducted
an EWAS on 30 pairs of identical twin pairs discordant for
BMI using the reduced representation bisulfite sequencing
(RRBS) technique for analyzing the DNA methylome with a
broader coverage compared with the DNA methylation chips
[16]. This paper reports our findings and discuss potential
implications in the etiology of obesity.

Materials and methods

Samples

The discordant twin pairs were selected from the databases
of Qingdao Twin Registry [17] and the large Qingdao
Diabetes Prevention Program [18]. Based on our recent
statistical power estimates for the discordant twin design in
EWAS [15], thirty monozygotic twin pairs with 15 male
pairs and 15 female pairs were included in this study. All
samples included were free from medication and from
diagnosed diseases, including cancer, cardiovascular dis-
eases, type 2 diabetes, mental disorders, etc. The age ranges
from 39–72 and BMI ranges from 18.9–37.7 across the
samples. For each participant, whole blood was taken for
DNA methylation analysis. Written consents were obtained
from all the participants. The study was approved by
Regional Ethics Committee at Qingdao CDC Institutional

Review Boards (QDCDC-IRB) and conducted according to
the principles of the Helsinki Declaration.

DNA methylation analysis

DNA was extracted from whole blood using CTAB (cetyl-
trimethyl ammonium bromide) following standard proce-
dure. DNA methylation library was constructed by
Biomarker Technologies Corporation, Beijing, China
(http://www.biomarker.com.cn/) using RRBS. Genomic
DNA was first digested using the MspI enzyme, which
restrictively cut the DNA at sites CCGG, and then the
fragments were end-repaired and dA-tailing to blunt end
products, followed by adaptor-ligation with T overhang. The
ligation products were purified by 2% agarose gel electro-
phoresis and size-selected of DNA fragments 150–400 bp
long (including 100 bp adaptor). Size-selected DNA was
bisulfite-converted with the NEXTflex Bisulfite-Seq Kit
(Bioo Scientific, Austin, TX, USA). The final library was
generated by PCR-amplification, enriching for fragments
with adapters on both ends. The RRBS was performed by
Illumina HiSeq X Ten (Illumina Inc., San Diego, CA, USA).

Data preprocessing

Raw data were preprocessed using the pipeline recommended
by Bismark [19]. Sequencing data were first trimmed using
Trim Galore [20] and then aligned to Genome Reference
Consortium Human Build 37 (hg19) using Bowtie2 [21]. The
coverage outputs from Bismark were imported to R package
BiSeq [22] to smooth the methylation level, and were used for
further analysis. As a result of quality control, one twin pair
were dropped due to unexpected extremely high coverage. To
reduce bias, we limited the coverage to the 90% quantile,
which led to 1,368,869 remaining sites. Next, we further
removed CpGs that had an average methylation beta value
< 0.01 or more than four missing observations. This resulted
in 952,848 CpG sites for subsequent analysis. The methyla-
tion beta values were transformed into M-value using logit
(base 2) transformation for statistical modeling.

Cell-type composition

Since the DNA methylation data were measured on whole
blood consisting of different cell types, different methyla-
tion profiles of distinct cell types may lead to false dis-
coveries. In order to control for cell-type composition effect
on DNA methylation, we introduced ReFACTor, a
reference-free adjustment for cell-type composition based
on a variant of principal component analysis (PCA) [23].
Instead of estimating absolute cell count values, ReFACTor
calculates the linear transformations of the cell-type com-
position as PCA components. We selected the top five
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components to add as covariates in subsequent statistical
analysis to account for cell-type heterogeneity.

Statistical analysis

For single CpG analysis we applied linear mixed effect model
regressing methylation level on BMI adjusting for cell-type
composition and clinical variables, with twin pairing modeled
as a random effect variable. The mixed effect model here is
equivalent to the regression model for discordant twin design
as proposed by Tan et al. [24]. To take multiple testing into
account, we calculated the false discovery rate (FDR) [25] and
defined genome-wide significance as FDR< 0.05.

Functional annotations

Over-representation analysis

The identified genomic sites reaching nominal significance
of p < 0.05 were first linked to their nearest genes. The
resulting list of genes was submitted to the Gene-set
Enrichment Analysis (GSEA) website at http://software.
broadinstitute.org/gsea/index.jsp for over-representation
analysis of the input gene list in the Molecular Signatures
Database (MSigDB). The analysis was performed using a
hypergeometric test to calculate the probability of having
the number of overlapping genes between the input list and
a functional cluster (pathway) of genes when randomly
taking the same number of genes as in the input list from all
genomic sites analyzed. Multiple testing is corrected by
estimating the FDR [25].

Genomic regions enrichment analysis

For the identified methylation sites with nominal sig-
nificance of p < 0.05, we examined their enrichment in the
regulatory domain of different functional pathways assum-
ing cis-regulation using the Genomic Regions Enrichment of
Annotations Tool (GREAT) [26]. Instead of the nearest-gene
approach based on proximal binding events, GREAT applies
a binomial test on genomic regions using the total fraction of
the genome associated with a given ontology term as the
expected fraction of input regions associated with the term
by chance. A binomial fold enrichment is calculated as the
ratio between the actual number of genomic regions in the
test set and the expected number of genomic regions in the
test set. Annotation of GREAT is based on Genome
Reference Consortium Human Build 37 (hg19).

Detecting differentially methylated regions (DMRs)

Based on the bisulfite sequencing data and corresponding
EWAS result, we detected significant DMRs for BMI using

the comb-p approach proposed by Petersen et al. [27]. The
method combines p-values of adjacent CpGs using the
Stouffer–Liptak method to find regions of significant
enrichment after performing false discovery adjustment.
The method is implemented in a python library comb-p
(https://github.com/brentp/combined-pvalues).

Validation using expression data from Mid-aged
Danish Twin cohort

The CpGs were annotated and then those genes were vali-
dated using expression data from Mid-aged Danish Twin
(MADT) cohort. This cohort includes 229 twin pairs with
expression data collected. The analysis of MADT data were
carried out using mixed linear model, same as methylation
data, with adjustment of age, sex, and cell compositions.

Results

In Table 1, we show the description for anthropometric and
biochemical variables for samples. The last column of Table 1
is the intra-pair correlation of each variable. Most variables
had considerably high and/or significant correlation, a
situation that our discordant twin design can benefit. Some

Table 1 Descriptive statistics for anthropometric measure, blood
pressure, and biochemistry tests

Quantiles Intra-pair
correlation

Variables Mean 2.5% 97.5% r p-value

Anthropometry

Age, year 53.53 47.00 60.00

Height, cm 161.08 152.24 171.05 0.84 7.39E-09

Weight, kg 65.17 49.53 85.68 0.31 0.10

BMI, kg/m2 25.13 19.14 32.91 0.31 0.10

ΔBMI, kg/m2 4.33 3.40 5.08

ΔBMI, %a 12.26 9.71 14.52

Blood pressure

Systolic, mmHg 134.00 100.95 181.68 0.64 1.50E-04

Diastolic, mmHg 83.90 62.95 103.15 0.35 0.06

Clinical biochemistry

GLU, mmol/l 5.48 4.09 8.07 0.28 0.14

CHOL, mmol/l 5.22 3.02 6.85 0.44 0.02

TG, mmol/l 1.33 0.17 3.22 0.31 0.10

HDLC, mmol/l 1.54 0.85 2.49 0.73 6.60E-06

LDLC, mmol/l 3.07 1.70 4.57 0.48 0.01

GLU fasting glucose, CHOL total cholesterol, TG triglyceride, HDLC
high-density lipoprotein cholesterol, LDLC low-density lipoprotein
cholesterol
aΔBMI/max(BMI) in a pair
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showed low and insignificant intra-pair correlation (e.g.,
GLU, TG), which we included in our association analysis
for adjustment. Absolute intra-pair BMI discordance
(ΔBMI) ranges from 3–7.5 kg/m2 and percentage dis-
cordance calculated as |ΔBMI|/max(BMI) from 8–22%.
Figure 1 displays the BMI measurements for each twin pair.
All twin pairs distance themselves from the diagonal line
indicating intra-pair discordance in BMI measurements.
Meanwhile, the overall pattern in Fig. 1 also indicate a weak
intra-pair correlation on BMI as reported in Table 1
(r= 0.307, p= 0.099). No sex-specific pattern for BMI

discordance was observed in the male (solid dots) and the
female (empty dots) twin pairs.

Single-site based association analysis

We first performed a single-site-based EWAS as described
in the Methods section. A total of 136 CpGs were identified
with p < 1e-04, among them 30 CpGs with p < 1e-05, 2
CpGs with p < 1e-06. No site reached genome-wide
significance defined as FDR < 0.05 with the lowest
FDR= 0.195 (supplementary Table S1). In Fig. 2, we show
the Manhattan plot for the p-values of each CpG site against
its chromosomal location (Fig. 2a) and a Q–Q plot for the
estimated p-values plotted against the randomly expected
p-value distribution (Fig. 2b). The p-values of the top sig-
nificant CpGs show deviation from the random distribution
and its shaded area of 95% confidence intervals (Fig. 2b),
suggesting non-random association of these CpGs with
BMI.

Biological pathway analysis

Using biomaRt [28, 29], a total of 23,863 CpGs out of
38487 CpGs with p-value < 0.05 (Supplementary Table S1)
were successfully annotated to 2542 functional genes and
submitted to GSEA [30] for over-representation analysis of
canonical pathways in the BioCarta gene sets, KEGG gene
sets and Reactome gene sets. Table 2 shows the ten path-
ways with high statistical significance even after correcting
for multiple testing (FDR < 4.32e-12). Among them, there
are pathways related to ensemble of genes encoding

Fig. 1 Scatter plot displaying intra-pair BMI discordance by plotting
BMI measurements for twin 1 on x-axis, for twin 2 on y-axis. All twin
pairs distance themselves from the diagonal line of equal BMI

Fig. 2 Circular Manhattan (a) and Q–Q (b) plots for single CpG-based EWAS. No CpGs was found as genome-wide significant. The tail of
observed p-values shows a clear deviation from the random p-value distribution and its shaded area of 95% confidence interval

W. Li et al.

76



extracellular matrix (ECM) and extracellular matrix-
associated proteins, including ECM glycoproteins, col-
lagens and proteoglycans, genes involved in neuronal sys-
tem, genes involved in developmental biology. There are
also pathways of neuron functions and signaling include
genes involved in transmission across chemical synapses, in
axon guidance, and in signaling by NGF (nerve growth
factor).

The 38,487 CpGs with p-value < 0.05 were also used as
input to GREAT for analyzing their enrichment in the
regulatory domain. The analysis found 15 functional clus-
ters of biological process with very high statistical sig-
nificance (binomial p-value < 1.072e-10) (Table 3)
involving positive regulations of gliogenesis (Fold enrich-
ment or FE:2.49), negative regulations of gliogenesis (Fold
enrichment or FE:2.03), negative regulation of glial cell
differentiation (FE:2.19), negative regulation of lipid bio-
synthesis (FE:2.61), thyroid gland development (FE:2.83),
retinal rod cell development (FE: 3.54), etc.

Genomic region-based analysis

By applying comb-p, we identified 11 DMRs with
FDR < 0.1, among them 9 DMRs were found with FDR <
0.05 on chromosomes 1, 2, 3, 5, 6, 9, 10, and 18 (Table 4).
Interestingly, four significant DMRs (from 1,103,393 to
1,103,564 bp (basepair) and from 990,300 to 990,641 bp on
chromosome 1; from 1,594,287 to 1,594,438 bp on chro-
mosome 6; from 102,026,134 to 102,026,689 bp on chro-
mosome 10) cover the top significant CpGs in
supplementary Table S1. Four DMRs in Table 4 are located
in the intergenic regions and the other seven DMRs are
annotated to LINC01503 on chromosome 9 (an RNA gene),
DPYSL3 on chromosome 5, CHD5 and AGRN on chro-
mosome 1, C1QL2 on chromosome 2, CWF19L1 on chro-
mosome 10, and AKAP12 on chromosome 6. Figure 3
displays the methylation patterns for the 11 DMRs in
Table 4. Except the DMRs in Fig. 3f, j, which are hypo-
methylated with increasing BMI, methylation levels at the
other 9 DMRs are all positively correlated with BMI.

Validation using MADT expression data

Using gene expression data on Danish twins, we analyzed
the seven genes linked to the 11 in DMRs in Table 4 by
testing the correlation between their expression levels and
BMI. Two genes, LINC01503 and AKAP12 have been
validated with very high significance. In the gene expres-
sion data, 11 probes were matched to LINC01503 among
which eight had p-value < 0.05 with the lowest p-value of
9.23e-06. There were three probes in AKAP12, one probe
with p-value 0.067 and the other with p-value 1.89e-04.
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Discussion

Based on bisulfite sequencing analysis of the DNA
methylome, we have performed an EWAS on BMI using
the discordant twin design. As shown in Fig. 2, our study
did not identify DNA methylation sites of genome-wide
significance predefined as FDR < 0.05. However, the tail
of the observed p-values deviates clearly fom random,
indicating epigenetic association with BMI. Among the
top CpGs in summplementary Table S1, 18 CpGs are
from the signifcant DMR on chromosome 1 from
1103393–1103564 bp (Fig. 3h and Table 4), with p-value
< 5.47e-05. Most importantly, although no protein coding
gene is linked to the DMR, it is in the vicinity of miR429
and miR200a both have been reported to regulate adipo-
genesis [31, 32]. Crepin et al. [33] observed differential
expression of 11 miRNAs in the hypothalamus (a crucial
central nervous system area controlling appetite, body

weight, and metabolism) from leptin-deficient ob/ob mice
among which three miRNAs, miR-200a, miR-200b, and
miR-429 were confirmed in independent samplers, sug-
gesting their implications in the hypothalamic regulation
of energy homeostasis.

Although our single CpG-based EWAS did not identify
sites of genome-wide significance, significant functional
pathways have been found enriched by their annotated
genes or regulatory profiles. Our results show that DNA
methylation changes due to BMI discordance could be
linked to development (Table 2, REACTOME: genes
involved in developmental biology) involving perhaps
early-life events such as low birthweight. Among the ten
significant pathways in Tables 2 and 3 are related to the
extracellular matrix (ECM) in which excess deposition in
the adipose tissue deteriorates insulin sensitivity [34]. In
both Tables 2 and 3, several neural pathways are enriched
by the DNA methylation patterns associated with BMI,

Table 3 Significant functional
clusters biological process
identified by GREAT using
binomial test

Term name p-value FDR Enrichment Expected Region hits

Positive regulation of gliogenesis 2.66E-78 4.20E-76 2.4916 221.5429 552

Negative regulation of lipid biosynthetic
process

2.76E-59 3.00E-57 2.5706 152.4932 392

Negative regulation of gliogenesis 2.32E-49 1.78E-47 2.0345 261.9863 533

Ventral spinal cord interneuron fate
commitment

1.48E-48 1.08E-46 2.9650 84.6536 251

Negative regulation of glial cell differentiation 2.53E-46 1.71E-44 2.1913 191.2137 419

Layer formation in cerebral cortex 1.50E-40 7.66E-39 4.7166 24.5939 116

Retinal rod cell development 3.60E-38 1.68E-36 3.5355 42.9928 152

Ventral spinal cord interneuron differentiation 8.06E-34 3.03E-32 2.3718 107.5150 255

Thyroid gland development 2.28E-32 7.99E-31 2.8281 62.5867 177

Auditory receptor cell fate commitment 2.67E-29 8.15E-28 3.1315 43.4298 136

Forebrain regionalization 2.97E-27 8.26E-26 2.0232 143.3386 290

Protein kinase C signaling cascade 5.55E-18 8.70E-17 2.4950 46.8945 117

Mating behavior 3.48E-15 4.59E-14 2.0448 72.8673 149

Regulation of female receptivity 4.34E-12 4.53E-11 2.3373 36.3672 85

Hindbrain maturation 1.07E-10 9.89E-10 3.0609 15.0282 46

Table 4 Annotation to the seven
significant DMRs (FDR < 0.1)

Chrom. Start End Length Region-Stouffer-Liptak-p-value FDR Genes

chr9 132,114,692 132,115,210 45 1.67E-06 0.002 LINC01503

chr1 6,187,752 6,188,986 83 4.27E-06 0.002 CHD5

chr2 119,915,729 119,915,890 46 1.02E-06 0.004 C1QL2

chr1 990,300 990,641 36 3.63E-06 0.007 AGRN

chr6 1,594,287 1,594,438 22 2.22E-06 0.009

chr5 146,888,827 146,889,302 48 1.38E-05 0.019 DPYSL3

chr18 15,107,516 15,107,664 22 6.12E-06 0.026

chr1 1,103,393 1,103,564 33 9.13E-06 0.034

chr3 128,151,167 128,151,437 26 2.01E-05 0.046

chr10 102,026,134 102,026,689 52 4.93E-05 0.056 CWF19L1

chr6 151,649,188 151,649,450 34 3.00E-05 0.071 AKAP12
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including axon guidance (Table 2), glial cell differentiation,
gliogenesis (Table 3). The neural system directly controls
the production of many hormones, which are involved in
regulating metabolism and behavior [35]. The importance
of glial cells in gastrointestinal functions is notably high-
lighted by a multitude of digestive and even extradigestive
disorders (such as obesity) that are associated with altered
enteric glia [36]. In another development, an animal study
showed that a partial loss of neural stem cells in the
hypothalamus of the forebrain caused weight gain and
glucose intolerance [37], which are in line with the sig-
nificant functional cluster of forebrain regionalization in
Table 3. Neuron cell fate commitment or differentiation is
frequently observed in Table 3, perhaps due to the fact that
modulation of energy metabolism is a key aspect associated
with cell fate transition [38]. In fact, neurons in the hind-
brain, forebrain and midbrain are critical for normal energy
homeostasis involving obesity pathogenesis through con-
trolling food intake and energy balance [39, 40]. Retinal

degeneration and several other degenerative diseases have
been associated with metabolic disorders [41]. Finding of
the biological process in retinal rod cell development in
Table 3 could suggest that relevant epigenetic modification
could have already started in BMI discordant twins.

The power of genomic region-based analysis is clearly
shown by the results in Table 4 where nine DMRs have
been found with FDR < 0.05 and two with 0.05 < FDR <
0.1. Among the genes linked to the DMRs, expression of
DPYSL3 has been associated with nonalcoholic fatty liver
disease [42]. The AGRN gene displayed strong evidence for
a causal intrauterine effect of maternal BMI on newborn
blood DNA methylation [43]. Our result directly links the
gene with BMI discordance in identical twin pairs. The gene
CWF19L1 has been shown to influence liver fat deposition
together with ERLIN1 and CHUK [44]. Recently, the same
gene was discovered as potential epigenetic biomarkers of
obesity-related insulin resistance in human whole blood
[45]. LINC01503 is over expressed in squamous cell

Fig. 3 Differential methylation patterns from the 11 DMRs. Except the two hypomethylated DMRs (f, j), nine are hypermethylated with
increasing BMI
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carcinoma [46]. Its role in regulating BMI and obesity
requires further investigation. A recent review showed that
A-kinase anchoring proteins (AKAPs) plays important roles
in cardiovascular system, and AKAP12 is related to
isoproterenol-mediated heart failure [47]. Two genes,
LINC01503 and AKAP12, were also found differential
expressed in our analysis on MADT dataset.

Although this study used the powerful discordant twin
design, the single-site-based EWAS discovered no CpG of
genome-wide significance. This can be explained partly
by the small sample size but also by the high heritability
estimate for BMI [7], indicating that individual variation
in BMI can be mainly explained by DNA sequence var-
iations. The limited impact of nongenetic factors requires
relatively large sample sizes to obtain sufficient statistical
power. Different from single-site analysis, biological path-
way analyses using GSEA based on functional gene anno-
tation and GREAT based on the regulatory domain were
able to reveal significant functional clusters and pathways
potentially implicated in metabolic disorders. The fact that
both GSEA and GREAT revealed high importance of
developmental biology (cell fate commitment, cell and gland
development, forebrain regionalization, hindbrain matura-
tion, layer formation in cerebral cortex) could emphasize the
impacts of early-life factors (such as low birthweight) on
BMI at adult ages. Meanwhile, the results also remind us
that studying the epigenetics of BMI using discordant twins
design might put high weight to the epigenetic influence of
early-life events on BMI at adult ages. Generalization of the
findings to the non-twin population should be made with
caution.
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Differential long non-coding RNA profiling of body mass index in twins 1 

Abstract 2 

Efforts have been made to identify genetic variants associated with Body mass index (BMI) but 3 

only a small proportion of BMI variation was explained. Alternatively, we explore the epigenetic 4 

contribution to BMI variation by focusing on the regulatory domain of long non-coding RNA 5 

(lncRNA) which represents a key layer of epigenetic control. We analysed lncRNA expression 6 

profiles of 229 complete monozygotic twin pairs in association with BMI using generalized 7 

estimating equation and identified 6 probes with FDR < 0.05. Causal inference confirmed that 8 

these significant lncRNAs were expressed in response to BMI. Functional annotation of 9 

differential profiles identified GO biological processes including kidney development, regulation 10 

of lipid biosynthetic process, regulation of circadian rhythm, regulation of Notch signaling and 11 

other processes.    12 
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Introduction 13 

The body mass index (BMI) quantifies the amount of tissue mass including muscle, fat and bone 14 

in an individual, and can be an indicator of high body fatness. It is calculated as weight in 15 

kilograms divided by the square of height in meters (kg/m2) and it is a simple and inexpensive 16 

surrogate measurement for body mass and obesity. BMI is connected to diabetes and 17 

cardiovascular diseases which have impact on life quality and mortality [1–3]. There are a large 18 

number of traditional epidemiology studies focusing on its association with individual’s 19 

occupation [4], incomes [5], and many other factors. Twin studies have estimated high 20 

heritability of up to 60% indicating a large contribution of genetic factors to the variation of BMI 21 

[6], even though it is argued that the variance explained by genetic factors is prone to 22 

overestimated in twin studies [7]. In fact, only a limited proportion of BMI variation (2% - 21%) 23 

was explained by current genome-wide association studies (GWAS) [8–10]. On the other hand, 24 

the epigenetic contribution to BMI variation on top of genetics could represent an important 25 

layer of molecular mechanism implicated in BMI development.  26 

Long non-protein-coding RNA (lncRNA) transcripts are longer than 200 nucleotides and are not 27 

translated into protein [11]. They have a large range of functions: molecular and biochemical 28 

mechanisms, from cis- to trans-regulation of gene expression, and from epigenetic modulation in 29 

the nucleus to posttranscriptional control in the cytoplasm [12]. Although many studies, 30 

including genome-wide association studies and epigenome-wide association studies (EWAS) 31 

have been carried out on BMI [13–16], very few have studied the roles of lncRNA in the 32 

regulation of BMI [17,18]. 33 
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Monozygotic (MZ) twins represent an ideal population for controlling the genetic background in 34 

investigating epigenetic associations, as they share similar genetic makeups [19]. We have 35 

demonstrated the massive value of the twin design in previous studies and showed a significantly 36 

higher statistical power over traditional case-control design using unrelated individuals in 37 

complex disease studies [20]. Moreover, the use of twins also enables inference on causal 38 

relationships in epigenetic association studies using a cross-sectional setup [21]. We performed 39 

lncRNA expression profiling of BMI in MZ twin pairs to identify significant and causal 40 

regulatory molecular markers of BMI followed by functional annotations.  41 

Material and method 42 

Samples 43 

This study used a dataset of the Middle Aged Danish Twins (MADT) Study from the Danish 44 

Twin Register [22]. There were 220 complete monozygotic twin pairs included in this analysis, 45 

and whole blood samples were taken over the period from 2008 to 2011. Samples include 242 46 

males and 198 females (Figure 1). The age ranges from 56 to 80 and BMI ranges from 15.77 to 47 

38.15 across the samples. Blood cell counts are available for all the samples. 48 

RNA extraction and gene-expression analysis 49 

Whole blood was collected in PAXgene Blood RNA Tubes (PreAnalytiX GmbH, 50 

Hombrechtikon, Switzerland) and total RNA was extracted using the PAXgene Blood miRNA 51 

kit (QIAGEN) according to the manufacturer’s protocol. The concentration of the extracted RNA 52 

was determined using a NanoDrop spectrophotometer ND-8000 (NanoDrop Technologies), and 53 

the quality was assessed by the Agilent 2100 Bioanalyzer (Agilent Technologies). 54 
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Gene-expression analysis was performed using the Agilent SurePrint G3 Human GE 8×60K 55 

Microarray (Agilent Technologies). Sample labeling and array hybridization were carried out 56 

according to the ‘Two-Color Microarray-Based Gene Expression Analysis – Low Input Quick 57 

Amp Labeling’-protocol (Agilent Technologies). Samples were labeled with Cy5 and the 58 

reference consisting of a pool of 16 samples was labeled with Cy3. Hybridization, washing, 59 

scanning, and quantification were performed according to the array manufacturer's 60 

recommendations. 61 

Data pre-processing 62 

Agilent Feature Extraction software v. 10.7.3.1 (Agilent technologies) was used to analyze 63 

acquired array images. The raw intensity data was background-corrected using the NormExp 64 

method, and was then within-array normalized by Loess normalization method and between-65 

array normalized by quantile normalization [23,24]. The normalized values were used to 66 

calculate log2-transformed Cy5/Cy3 ratios. Missing expression values were imputed by k-67 

nearest neighbors averaging, and replicate probes were collapsed calculating the median. Data 68 

pre-processing was performed using the R packages limma [25]. Prior to statistical analysis, the 69 

coefficient of variation (CV) was calculated for each probe, and probes with CV < 0.1 were 70 

excluded in the further analysis. All the probes on the Agilent SurePrint G3 array were re-71 

annotated using GENCODE v.25 gene annotation database (www.gencodegenes.org). 72 

Statistical analysis 73 

The normalized expression data was first adjusted for cell compositions by using linear 74 

regression. Then the association of lncRNA expression and BMI was tested using generalized 75 

estimating equations (GEE) method, with family as cluster, adjusting age and sex. The analysis 76 

was carried out using geeglm() function from R package geepack [26]. False discovery rate 77 
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(FDR) was calculated to account for multiple testing [27]. FDR<0.05 was used as a cut-off for 78 

defining significance. 79 

Casual inference 80 

For lncRNAs showing significant association with BMI (FDR < 0.05), causal relationship with 81 

BMI was investigated by the Inference about Causation through Examination of Familial 82 

Confounding (ICE FALCON) method, which is a regression-based method for causal inference 83 

in association studies using twins or family data [21,28–32]. In their approach, “familial" means 84 

factors (both genetic and environmental) shared by relatives, which is essential for ICE 85 

FALCON to make explicit causal inference. As described by Li et al. [21], inference on causal 86 

relationship from X to Y can be made by examining the changes in the correlation i.e (βco-twin – 87 

β’co-twin) with co-twin and (βself – β’self) with self in the following models,  88 

Model 1: 𝐸(𝑌𝑠𝑒𝑙𝑓) = 𝛼 + 𝛽𝑠𝑒𝑙𝑓𝑋𝑠𝑒𝑙𝑓 89 

Model 2: 𝐸(𝑌𝑠𝑒𝑙𝑓) = 𝛼 + 𝛽𝑐𝑜−𝑡𝑤𝑖𝑛𝑋𝑐𝑜−𝑡𝑤𝑖𝑛 90 

Model 3: 𝐸(𝑌𝑠𝑒𝑙𝑓) = 𝛼 + 𝛽′𝑠𝑒𝑙𝑓𝑋𝑠𝑒𝑙𝑓 + 𝛽′𝑐𝑜−𝑡𝑤𝑖𝑛𝑋𝑐𝑜−𝑡𝑤𝑖𝑛 91 

In short, if Y measured on one twin (Yself) is associated with X of the co-twin (Xco-twin), then: (i) if 92 

this association is unchanged after conditioning on X of self (Xself), i. e. small | βco-twin – β’co-twin | 93 

in comparison with (| βself – β’self |), the data are consistent with the existence of familial factors 94 

acting on both X and Y, while (ii) if the association is negated after conditioning on Xself, i.e. large 95 

| βco-twin – β’co-twin | in comparison with (| βself – β’self |), the data are consistent with X causing 96 

changes in Y. The GEE model was applied for parameter estimation with twin pairs set as 97 

clusters.   98 
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Functional annotations 99 

LncRNA probes with p-value < 0.01 have been passed to Genomic Regions Enrichment of 100 

Annotations Tool (GREAT) [33] to map the binding sites of the differentially expressed 101 

lncRNAs to the regulatory domain of the human genome (UCSC.hg19) to identify enrichments 102 

in biological processes and functional clusters implicated in BMI. 103 

Results 104 

Of the 14,832 lncRNA probes measured on the microarray, 438 probes are on the sex 105 

chromosomes and 5,260 probes with CV < 0.1 (house-keeping lncRNAs). After removal of sex-106 

chromosome probes and invariant probes, a total of 9134 probes remained for subsequent 107 

analysis. Statistical testing detected 1,374 probes with p-value < 0.05 and 575 probes with p-108 

value < 0.01. The top 20 probes (ranked by p-value) are shown in Table 1, and the complete 109 

result is provided in Supplementary Table 1. There are 6 probes with FDR < 0.05, and they are 110 

annotated to LOC283575 (p-value 1.23E-07), LINC00570 (p-value 1.93E-07), APTR (p-value 111 

1.37E-06), lnc-AL162389.1-1 (p-value 2.98E-06), HCP5 (p-value 3.23E-06) and SNORD71 (p-112 

value 4.63E-06), respectively.  113 

The results of casual inference on the 6 significant probes are provided in Supplementary Table 114 

2. To better visualize the results, 𝛽 changes (both self change and co-twin change) for 115 

assumptions (1) lncRNA expression causes BMI and (2) BMI causes lncRNA expression are 116 

shown in Figure 2. The permutation p-values for 𝛽 changes under the two assumptions are 117 

shown in Supplementary Figure S1 where the changes in βco-twin are all significant with p-value < 118 

0.05 while no change in βself is significant. Interestingly, a causal effect of BMI on lncRNA 119 

expression is clearly supported by the patterns in Figure 2B for all the 6 significant lncRNA 120 
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probes (large changes in βco-twin, small changes of nearly 0 in βself) while the pattern in Figure 2A 121 

does not support a causal relationship from lncRNA expression to BMI (changes in βco-twin and in 122 

βself are nearly equal). 123 

Results from annotation of probes with p-value < 0.01 using GREAT are displayed in Table 2, 124 

and corresponding acyclic graph is in Figure 3. There are 21 Gene Ontology biological processes 125 

identified with FDR < 0.05. Most of the GO biological processes are related to kidney including 126 

metanephric nephron development, renal tubule development, loop of Henle development, 127 

glomerulus vasculature development and cell differentiation involved in kidney development. 128 

Other GO biological processes are either directly or indirectly related to obesity such as to 129 

regulation of lipid biosynthetic process, phagocytosis, regulation of circadian rhythm, positive 130 

regulation of Notch signaling pathway, negative regulation of auditory receptor cell 131 

differentiation, retinal blood vessel morphogenesis, and pharyngeal system development. 132 

Discussion 133 

By controlling genetic effects on BMI through twin design, we have performed an exploratory 134 

analysis on the association between lncRNA expression and BMI, identifying 6 significant 135 

probes after correcting for multiple testing. From the causal inference analysis, we found that all 136 

6 significant lncRNA probes are expressed in response to BMI changes, but not vice versa. 137 

Among the 6 significant lncRNAs, LOC283575 harbors SNP rs1986116  which has been found 138 

as one of the independent SNPs most highly associated with sleep quality [34] and which could 139 

indirectly affect BMI [35]. LINC00570 was found downregulated in osteoarthritis patients who 140 

had a high BMI [36]. Gene APTR was upregulated in fibrotic liver samples and activated hepatic 141 

stellate cells (HSCs), which was indicated as a potential biomarker for liver cirrhosis [37], and 142 
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the latter is highly associated with obesity [38]. HCP5 is an important gene that associated with 143 

Acquired Immunodeficiency Syndrome, and it was found hyper-methylated in obese Ghanaian 144 

African migrants [39]. During adipocyte differentiation, SNORD71 was found upregulated when 145 

compare obese over lean individuals, and it is more expressed in both pre-adipocytes and 146 

subcutaneous fat tissue [40]. 147 

The enriched GO biological processes suggest that long non-coding RNAs are involved in 148 

kidney development associated with BMI. One of the strong indicators of chronic kidney disease 149 

is high BMI. A compensatory hyperfiltration occurs to meet the heightened metabolic demands 150 

for obese individuals [41]. It has been shown that incidence of chronic kidney disease increase 151 

with higher BMI in large cohort studies [42,43]. There are several renal alterations and 152 

impairments that are related to obesity: increased kidney weight, glomerular hypertrophy, tubular 153 

hypertrophy, hemodynamic changes, increased salt sensitivity, renin–angiotensin–aldosterone 154 

system activation as well as changes of glucose metabolism and adipose-derived inflammation 155 

and deposition of lipid components [44–46].  156 

Our results from over-representation analysis suggest that the lipid biosynthetic process related 157 

to obesity could be medicated by lncRNA expression. Lipids are essential for many vital 158 

functions such as storing energy and forming cell membranes. However, exceeding lipid could 159 

result in high body fat such as triglycerides, which is the main form of stored energy and main 160 

constituents of body fat [47–49]. It is thus highly sensible that our identified lncRNA genes and 161 

GO biological processes are frequently linked to internal organs such as the liver and kidneys as 162 

visceral fat content is strongly associated with metabolic disorders [50].  163 
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Other GO biological processes are also highly related to obesity. Many studies have reported that 164 

circadian rhythm such as abnormal sleep/wake patterns are associated with obesity since sleep is 165 

an important modulator of neuroendocrine function and glucose metabolism [51–53]. Our 166 

finding suggests that lncRNA could also be involved in regulation of circadian rhythm. 167 

Phagocytosis is a critical part of the immune system, and obesity and diabetes could decrease 168 

phagocytosis capacities [54–56].  Notch signaling is crucial for cell-cell communication and 169 

development, and it has been found important for metabolism that improves glucose tolerance, 170 

insulin sensitivity, and ameliorates obesity and atherosclerosis [57]. There are also reports of 171 

changes in auditory [58–60], sight [61,62] and pharyngeal function [63,64] that relate to high 172 

BMI or obesity. 173 

The top significant probes are all inferred as differentially expressed in response to BMI but not 174 

as causing changes in BMI. Interestingly, by causal inference on the association between 175 

peripheral blood DNA methylation and BMI, Li et al. [21] reported that BMI has a causal effect 176 

on DNA methylation which means methylation changes in response to BMI. Although our study 177 

focused on a different epigenetic mechanism (lncRNA regulation of gene activity), the two 178 

approaches both revealed similar nature of causal relationship between BMI and epigenetic 179 

regulation in peripheral blood cells.  180 

Even with the powerful twin design, we identified only 6 significant lncRNAs associated with 181 

BMI after FDR correction. Although the heritability for BMI might be overestimated, still the 182 

moderate to high heritability estimates indicate that a large proportion of BMI variation could be 183 

explained by DNA sequence variations [9]. Meanwhile, to what extend that lncRNA is involved 184 

in BMI variation is still unknown. Nevertheless, our exploratory analysis identified lncRNAs 185 

associated with BMI in MZ twins. Annotations based on regulatory domain were able to reveal 186 
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significant biological processes potentially implicated in BMI and obesity. Importantly, the use 187 

of twins enables causal inference on significant findings in cross-sectional studies. Future twin-188 

based lncRNA profiling on BMI using more relevant tissues (muscles or adipose) should help 189 

with validating and verifying our results. 190 
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Figure 1. 

Scatter plot displaying intra pair BMI discordance by plotting BMI measurements for twin 1 on 

x-axis, for twin 2 on y-axis. All twin pairs distance themselves from the diagonal line of equal 

BMI.  

Figure 2. 

Comparison between β co-twin change and β self change. A: outcome Y = BMI, and exposure X 

= expression; B: outcome Y = expression, and exposure X = BMI. 

Figure 3. 

Directed acyclic graph (DAG) generated from GREAT based on the enriched terms. It is the 

representation of hierarchy of Gene Ontology database. Enriched terms are shown in blue, and 

their ancestor terms are shown in grey. Nodes have been sized according to Binomial Fold 

Enrichment. 

Supplementary Figure 1. 

P-value comparison when swap X and Y in the regression. A: β co-twin change; B: β self change. 

Supplement Document 1. Complete results of lncRNA analysis.  

Supplement Document 2. Complete results of causal inference on the significant probes.  
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Table 1. Top 20 probes from lncRNA analysis using generalized estimating equation. 

Probe ID Gene Symbol Genomic Coordinate Estimate P-value FDR 

A_33_P3815064 LOC283575 chr14:77535783-77535842 -0.021 1.23E-07 0.001 

A_21_P0011999 LINC00570 chr2:11542175-11542234 0.046 1.93E-07 0.002 

A_19_P00318883 APTR chr7:77314638-77314579 -0.009 1.37E-06 0.012 

A_21_P0006309 lnc-AL162389.1-1 chr9:110477317-110477258 0.010 2.98E-06 0.027 

A_24_P17870 HCP5 chr6:31432645-31432704 -0.020 3.23E-06 0.029 

A_21_P0000382 SNORD71 chr16:71792377-71792318 0.031 4.63E-06 0.042 

A_32_P115558  chr17:016285923-016285864 0.025 6.16E-06 0.056 

A_21_P0008280 LOC102724190 chr14:77535582-77535523 -0.015 7.77E-06 0.071 

A_21_P0008448 LOC101927856 chr14:65170570-65170511 -0.011 1.89E-05 0.172 

A_33_P3298750  chr20:47319537-47319596 0.013 1.96E-05 0.179 

A_21_P0000223 SNORD15B chr11:75115551-75115610 0.041 2.16E-05 0.197 

A_33_P3401284 RMRP chr9:35657998-35657939 0.027 2.35E-05 0.215 

A_21_P0000618 EIF1B-AS1 chr3:40214727-40214668 -0.008 2.36E-05 0.216 

A_21_P0014322 LOC101928595 chr16:30116145-30116204 -0.014 3.20E-05 0.292 

A_21_P0000334 SNORA49 chr12:132515831-132515890 0.013 3.43E-05 0.313 

A_21_P0004567 lnc-ARRDC3-1 chr5:90607514-90606842 -0.015 3.63E-05 0.331 

A_21_P0000489 SNORD104 chr17:62223458-62223517 0.026 3.64E-05 0.331 

A_21_P0000351 SCARNA22 chr4:1976428-1976487 0.033 4.14E-05 0.378 

A_33_P3329462 DLEU1-AS1 chr13:51095345-51095286 0.012 4.24E-05 0.386 

A_33_P3282394 MLLT1 chr19:6210517-6210458 -0.014 4.47E-05 0.408 
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Table 2. Significant functional clusters biological process identified by GREAT. 

Term Name Binom Raw 

P-Value 
Binom FDR 

Q-Val 
Binom Fold 

Enrichment 
Binom 

Observed 

Region Hits 

negative regulation of auditory receptor cell 

differentiation 
6.05E-08 1.66E-05 12.797 9 

metanephric nephron development 3.67E-07 8.05E-05 2.926 30 

negative regulation of stem cell differentiation 1.13E-06 1.85E-04 4.481 16 

mammary gland epithelial cell differentiation 1.91E-06 2.92E-04 3.873 18 

renal tubule development 2.84E-06 3.93E-04 2.035 51 

phagocytosis 3.15E-06 4.27E-04 2.028 51 

regulation of epidermal cell differentiation 4.40E-06 5.36E-04 2.630 29 

negative regulation of lipid biosynthetic 

process 
6.17E-06 6.99E-04 3.066 22 

regulation of circadian rhythm 7.35E-06 8.05E-04 2.201 39 

regulation of lipid biosynthetic process 1.60E-05 1.59E-03 2.001 45 

regulation of epidermis development 5.50E-05 4.46E-03 2.181 32 

loop of Henle development 8.71E-05 6.23E-03 3.445 14 

mammary gland epithelium development 8.80E-05 6.22E-03 2.155 31 

retinal blood vessel morphogenesis 1.02E-04 6.95E-03 8.363 6 

epithelial cell fate commitment 3.20E-04 1.61E-02 2.893 15 

neuroepithelial cell differentiation 3.35E-04 1.68E-02 2.183 25 

glomerulus vasculature development 4.10E-04 1.98E-02 3.104 13 

cell differentiation involved in kidney 

development 
6.47E-04 2.77E-02 2.050 26 

negative regulation of epithelial cell 

differentiation 
7.07E-04 2.91E-02 2.190 22 

positive regulation of Notch signaling 

pathway 
7.90E-04 3.07E-02 2.328 19 

pharyngeal system development 1.48E-03 4.70E-02 2.322 17 

 

 

106



●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

● ●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

● ●

●

●

●

●

●

●
● ●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

15

20

25

30

35

15 20 25 30 35

BMI (Twin 1)

B
M

I (
Tw

in
 2

)

Gender

●

●

Female

Male

107



●

●

●

●

●

●

APTR

lnc−AL162389.1−1

LOC283575

LINC00570HCP5

SNORD71

−3

−2

−1

0

1

2

3

−3 −2 −1 0 1 2 3
β Co−Twin Change (EXP → BMI)

β 
S

el
f C

ha
ng

e 
(E

X
P

→
B

M
I)

A

●

●

●

● ●
●

APTR

lnc−AL162389.1−1 LOC283575LINC00570

HCP5
SNORD71

−0.010

−0.005

0.000

0.005

0.010

−0.010 −0.005 0.000 0.005 0.010
β Co−Twin Change (BMI → EXP)

β 
S

el
f C

ha
ng

e 
(B

M
I→

E
X

P
)

B

108



< 1 2 3 4 > 5Node size  legend:

Local DAG for enriched t erm s in GO Biological Process
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