
ABSTRACT 

LUO, YIWEN. Statistical Methods to Study Association between Environmental, Epigenetic 

and Genetic Risk Factors and Child Health. (Under the direction of Dr. Jung-Ying Tzeng and 

Dr. Arnab Maity). 

Child health in early life plays a critical role in child infant growth and are associated 

with the health issues in later life and even the diseases in the adulthood. The many child 

early health metrics or indicators were reported as the risk factor for the diseases in the 

adulthood. Many studies from world-wide have shown the impaired growth as a health 

indicator has a profound impact on the later health, and are correlated with many chronic 

diseases such as hypertension, obesity and type 2 diabetes. Therefore, to study the child 

health and their association with the prenatal risk factors can provide more suggestions on 

child health during the early stage of the growth and may potentially prevent the health issues 

or disease in the later life. 

However, there are many challenges in studying the association between child health 

and those risk factors. For environmental exposures, the relationship of trace metals and 

nutrients are complex because the competing effects among the metals, and we poorly 

understand about the biological mechanisms for their association. Conventional linear 

regression cannot provide the comprehensive understand of the relationship between toxic 

metals concentration and nutrients level. For epigenetic markers, the differentially 

methylated region (DMR) attracts most of the interest among different epigenetic markers. 

However, the probes of DMR may highly correlated and potentially have non-linear effect on 

the child health which requires a proper statistical model to test their effect jointly. And for 

genetic markers, rare variants association study has become an important paradigm due to the 

advances of the next generation sequencing technologies. The population substructure as a 



confounding issue also rises due to the collapsing methods that are used in rare variants 

association test. Most of the studies focus on using the principal components based method to 

correct population substructure while few of the studies have investigated the variance 

components based correction method on rare variants association studies. The question about 

the performance between principal components based method and variance components 

based method still remains. For child health outcomes, growth curve is most important and 

contain most of the child health information, however most of the studies only look at few of 

the metric (e.g., birth weight, weight at age 3) instead of the whole growth curve. While 

current method that summarizes growth curve adopts some mathematic (parametric) model, 

those methods requires a large cohort and relatively complete observations of the growth 

measurement.  

In this dissertation work, we focus on investigate the challenges and issue for those 

risk factors and health outcomes and developed the solution to study association between 

environmental, epigenetic and genetic risk factors and child health.  
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CHAPTER 1 

Introduction 
 

1.1. Introduction 

Child early health plays a critical role in early growth development and are associated 

with the later health and even the disease in the adulthood. There are many metrics to 

monitor or predict child health, such as birth weight and growth trajectory. These 

measurements are of most interest because they are correlated with child obesity, and many 

later diseases as well. Many studies from world-wide have shown the impaired growth as a 

health indicator has a profound impact on the later health, and are correlated with many 

chronic diseases(Kramer, 2000) such as hypertension(D. J. P. Barker, 1993; Hulman, 1998), 

obesity(Monteiro, 2005; S. M. Williams, 2009) and type 2 diabetes(Forsén, 2000; Ong, 

2007; Vanhala, 1999). Investigating the association between those health indicators with the 

prenatal risk factors can provide more suggestions on child health during the early stage of 

the growth. The risk factors include prenatal environmental factors, epigenetic alternations, 

and genetic markers. Tackling down on those prenatal risk factors can trace back the cause 

of child health issue even before infant birth and better help to early prevent child disease. 

However, there are many challenges in studying the association between child health 

metrics and prenatal risk factors. First of all, the mechanism for the relationship among the 

toxic metals is complicated and hard to evaluate in human. Conventional linear regression 

has many assumptions and limitations such as normality and equal variance of residuals, and 
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it only evaluated the association at the mean level of the response. It is hard to evaluate more 

complex relationship or even non-linear relationship among the toxic metals. Second, for the 

growth trajectory, many of those studies only consider the particular pattern of the growth 

trajectory or the snapshot of the growth curve (Rolland-Cachera, 1984; Rozzi, 2015; S. M. 

Williams, 2009) which makes an incomplete evaluation of the growth trajectory. Thirdly, 

when investigating the association of the genetic markers with the complex traits, especially 

in rare variants studies, population substructure can be a severe confounding effect. The 

methods that can successfully adjust for population substructure in common variants studies 

need to be further evaluated in rare variants studies.  

To the end of this study prospective and the challenges above, in this dissertation, we 

focused on investigating issues and developing statistical solutions for studying the 

association between environmental, epigenetic and genetic risk factors and child early health. 

We conduct the quantile regression with simultaneous confidence band to explore the 

complete spectrum of the toxic metals and their association with nutrients. For growth 

trajectory as the response, we proposed a new method: functional principal components 

analysis – kernel machine regression (FPCA-KM). This new method can summarize the 

whole growth trajectory as the continuous response even with very sparse growth 

measurement and retain the maximum information of the curve. With the advantage of the 

kernel machine regression, it provides a powerful association test on the whole growth curve 

with the epigenetic markers. Lastly, we implement the variance components (VC) based 

method on similarity based association test platform to adjust the population substructure in 
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rare variants association test. Moreover, we evaluated this method with principal 

components (PC) based method on two simulation designs.  

1.2. Child early health indicator: growth pattern and growth trajectory 

The children growth curve/pattern has a significant impact on adult health and provides 

some early signs of the disease risk. Instead of measure body fat composition, it is more 

feasible to measure weight and height in infant longitudinal study. Therefore, the weight and 

height growth curve is widely used to investigate infant growth and their health. It is 

commonly believed that children with a higher level of adipose will have higher chance to 

end up obesity in adult, and some studies do find the increased risk of obesity in adulthood 

for adiposity infant(Charney, 1976; Stark, 1981). However, there are also many obese adults 

who do not have an overweight childhood. Therefore, it is important to study the growth 

pattern that may predict the adult obesity.  

One of the striking patterns is adipose rebound. The infant will have a rapid growth in 

his first year of life, and adiposity rebound is the second time when a child starts to grow 

rapidly, and it usually happens around age 3 to age 6. Many studies have identified that the 

adiposity rebound are a critical risk factor for adulthood obesity(Adair, 2008; Dietz, 1994; 

Drohan, 2002; Hardy, 2000; He, 2002; Rolland-Cachera, 1984, 1987, 2006). Moreover, 

more studies found the early age of adiposity rebound will cause a higher risk of obesity in 

adulthood(T. Cole, 2004; Freedman, 2001; Pan, 2009; Rolland-Cachera, 2006; Whitaker, 

1998; S. Williams, 1999; S. M. Williams, 2009).  
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Additionally, for the even early stage of growth trajectory, infants may have rapid 

weight gain during the first two years of their life. Many studies also reported that rapid 

weight gain in this early stage is a risk factor for childhood adiposity increasing(Baird, 2005; 

Monteiro, 2005; Ong, 2009) and associated with cardio-metabolic impairment in 

adulthood(Anderson, 2014; de Kroon, 2010; Ezzahir, 2005; Howe, 2010; Meas, 2008; Ong, 

2004; Whincup, 2008). 

1.3. Potential risk factors for the early child health 

1.3.1. Prenatal environment exposure 

Trace metals such as cadmium (Cd), lead (Pb), arsenic (As), mercury (Hg) and 

chromium (Cr) are common toxic metals. The primary exposure of those toxic metals is 

commonly from contaminated dust, food or drinking waters. Moreover, those metals ready 

enter the food(S Satarug, 2004; Soisungwan Satarug, 2012), bioaccumulate, and target 

multiple organs. Especially the blood concentration of cadmium in the US population has 

been reported increasing rapidly for the past decades(Albin, 2007; Dietrich, 1993; Elliott, 

2000).  

In human studies, the exposure of those toxic metals can be a risk factor for infant 

health and later disease. For example, toxic metals such as cadmium(Al-Saleh, 2014; 

Muneko Nishijo, 2004; Piasek, 2001; Ronco, 2005), lead(Al-Saleh, 2014; Faulk, 2014; 

Gundacker, 2010; Jones, 2010), mercury(Al-Saleh, 2014; Grandjean, 2003) and other heavy 

metals(Grandjean, 2003; Koppen, 2009; Shirai, 2010) are reported to be associated with 

shorter birth length. Also, other studies have found the risk of exposure to toxic metals may 
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have more profound impact on human cardiometabolic diseases in later childhood and even 

adulthood including diabetes(Agarwal, 2011; Chen, 2006), the cardiovascular 

diseases(Agarwal, 2011; Tellez-Plaza, 2013), renal disorders(M. Huang, 2013; Liang, 2011), 

and some cancer(Benbrahim-Tallaa, 2009; Christensen, 2009, 2011; Gallagher, 2010; Tokar, 

2011). 

Many animal experiments have already found the risk of exposure to toxic metals for 

fetal growth. Zebrafish as a standard vertebrate model system has been tested on the 

consequence of toxic metals exposures. The in vivo studies in Zebrafish has reported that the 

white adipose tissue (WAT) is increased in the early stage of zebrafish when exposed to high 

concentration of cadmium. This result suggests the exposure of toxic metals regulates the 

accumulation of lipid with vertebrate and mammals, and may also suggest the same result in 

humans. 

Therefore, strategies to control the concentration of toxic metal in pregnant women 

blood can effectively help to prevent the early child health risk such as low birth weight and 

rapid adiposity gain. 

1.3.2. Genetic/Epigenetic effect 

Whole genome sequence study is widely used to explore the association between 

human disease and genetic variants mostly the single nucleotide polymorphism (SNP). These 

variants are majorly the common variants (i.e. the minor allele frequency > 0.1). It has been 

working quite well especially under the common disease common variants (CDCV) 
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hypothesis, and many disease-related loci have been found. However, the those identified 

common variants still explain a small proportion of disease heritability(Schork, 2009).   

Recently with the advance of next generation sequence, a complete genome spectrum 

of genomic are sequenced, and more variants are found as rare variants than common 

variants. Therefore, more studies are now focusing on the rare variants association test. 

Moreover, the alternative hypothesis that common disease rare variants are now debating 

with the CDCV hypothesis. Instead of common variants studies from GWAS testing single 

variant at the time, rare variant association studies are more focusing on testing the multiple 

rare variants together with the collapsing method.  

Despite rare variants or common variants, the genetic locus is fixed though out human 

life. On the other side, epigenetic defined as “The study of mitotically and/or meiotically 

heritable changes in gene function that cannot be explained by changes in DNA 

sequence”(Russo, 1996) are related to fetal development. One important aspect of epigenetic 

is the DNA methylation which can effectively alter the gene expression level. The 

alternation on DNA methylation may also have an impact on fetal development and may 

associate with human disease(Feinberg, 2010).  Even though the DNA methylation can 

happen though the whole life, many of DNA methylation was formed during the methylation 

programming and reprogramming in early embryos(Reik, 2007). Thus, maternal 

environmental factors may impact the DNA methylation process during the pregnancy. 

Additionally, several studies have already reported that maternal smoking is associated with 

DNA methylation on several CpG sites(Joubert, 2012; Terry, 2008; Wilhelm-Benartzi, 
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2011). Therefore, epigenetic markers as potential risk factors for child health are worth 

investigating. Moreover, explore the prenatal risk factors that can alter the epigenetic profiles 

is of great interest as well. 

1.4. Challenge in studying the association between prevention targets and risk factors 

As discussed above, strategies are in need to investigating the association of child 

health indicator such as growth trajectory so that we can further prevent the health issues in 

the early stage of growth and adulthood as well as the related metabolic dysfunction and 

cardiovascular diseases. However, many studies are debating on the strategies of nutrients 

dietary control on infant growth trajectory (D. J. Barker, 1998; Gillman, 2002; Kramer, 

2000; Waterland, 1999). Moreover, for the impact of nutrients on the health indicator such as 

birth weight, several lines of evidence are still from the animal experiments and have not 

been proofed in human projects. Many of the studies are still in the preliminary stage and 

only provides the association between single nutrient and toxic metal but not 

comprehensively assess the nutrients combinations. 

There are statistical challenges for exploring the relationship among toxic metals and 

nutrients. As the relationship are more complicated, simply assume the simple linear 

relationship among the toxic metals and nutrients may not be able to identify and explain 

their association. Studying their association by ordinary linear regression is insufficient with 

following aspects: 1) The assumptions of linear regression are too strong. They assume the 

equal variance for the residual of the response. However, due to the complex metals 

interaction mechanism, the variance of metals might not be the same at different 
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concentration levels. Therefore, we cannot assume their variance to be equal.2) Ordinary 

linear regression only investigates the association at the mean level of the response which is 

incomplete. However, many metals may have different toxicity when their concentration 

varies. For example, iron is the essential metals in human, deficiency of iron may result in 

low birth weight of infant(Bourque, 2007; Komolova, 2008), while a high concentration of 

iron may be harm for the internal organs and it might be the risk factor of many chronic 

diseases(Pietrangelo, 2004). Therefore, looking at the mean level may not truly understant 

the association among metals. In addition, the inverse association at different levels might 

cancel out when studying the association at the mean level of the concentrations. 

Furthermore, the current approaches have certain limitations on studying the growth 

trajectory. Because of the nature character of the growth trajectory, its measurement is a 

time-varying variable. Typical statistical method evaluate association on scalar variable or 

categorical response but not the whole function. Therefore, when studying the growth 

trajectory as the response, many studies only target on several time-point of the growth curve 

such as weight at birth or at age 3, or certain patterns of the curve instead of considering the 

whole growth curve. In addition, due to the grid of the measurement of the growth curve 

heavily depend on the frequency that infant visits the clinic, it is common to have a very 

sparsely or irregularly measured growth trajectory.  Those sparse data also limit the study on 

the whole growth trajectory. The other widely-used model to summarize the growth 

trajectory is SITAR model(Tim J Cole, 2010). SITAR model is a convenient tool that has 

been proposed by Tim at 2010(Tim J Cole, 2010), and it summarizes the growth trajectory 

into three parameters with biological interpretations. However, it may still suffer the issue of 
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insufficient sample size and sparsely observed measurement. Especially when the 

measurement is very sparse, SITAR model may fail to converge. Also, the convenience of 

three parameters with the clear biological interpretation, in turn, has a restriction on 

summarization on the growth trajectory which may lead to the power loss in the down-

stream association analysis. Therefore, a method to handle the sparse growth data and 

accurately assess the growth trajectory as the curve is needed. 

The current methods to study the association between complex traits and rare variants 

are the collapsing method either on the fix effect level such as burden test, or variance level 

method such as Sequence Kernel Association Test (SKAT) (Wu, 2011). The advantage of 

collapsing method is to gain more power over the low frequency of the variants. However, 

due to this collapsing method and characteristic of rare variants, population substructure can 

be a more complex confounding issue. Moreover, similarity based method may even suffer 

more impact from population substructure. Conventional methods such as principal 

components (PC) based method and variance components (VC) based method have been 

proven quite a success to adjust population substructure have in common variants association 

test. However, whether those adjusting method can also be applied in rare variants analysis 

has not yet been completely evaluated. Moreover, question such as what kind of variants to 

construct correcting tools and how many PCs to use remain as the questions.  

1.5. Dissertation organization: 

In this dissertation, we implemented quantile regression with simultaneous confidence 

band to address the issue of complex relation among toxic metals and nutrients. We 
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proposed a new statistical method to answer the association between growth trajectory and 

epigenetic markers which address the challenges in growth curve studies. Moreover, to 

address the population substructure issue in rare variants association studies, we evaluated 

the performance two population substructure correction methods in SKAT platform on two 

simulation design with a variety of confounding effects caused by stratified population, 

admixed population, and spatially distributed non-genetic risk. 

1.5.1. Quantile regression with simultaneous confidence interval on maternal trace 

metal 

As the dietary manipulation is the recommended strategy to mitigate the toxic metals 

exposure and its effect on birth weight, it is of interest to study the association between toxic 

metals and various nutrients. Because of the more complexed mechanism of the relationship 

among trace metals and nutrients, and ordinary least square regression may suffer the 

limitation of evaluate the mean level association and miss the complete picture of the 

relationship. In the chapter 2, we investigated the relationship between toxic metals of 

cadmium (Cd), lead (Pb) and arsenic (As) with 8 nutrients of iron (Fe), zinc (Zn), selenium 

(Se), copper (Cu), calcium (Ca), magnesium (Mg), and manganese (Mn) and total folate by 

quantile regression method. Instead of ordinary least square regression only test the mean 

level association, quantile regression reveals the complete relation between the toxic metals 

and nutrients by comprehensively scanning through the distribution of toxic metals given the 

nutrients and adjusted by other covariates. When we perform the null hypothesis that there is 

no association between toxic metals and nutrients in any quantile of the toxic metals, 
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multiple test adjustment is required. Therefore, Simultaneous confidence band was used to 

control the family-wised error rate. The test results indicating the negative association 

between toxic metals and Fe, Se, Ca and folate combination, and the positive relationship 

between toxic metals and Zn, Cu, Mn and Mg combination. 

1.5.2. Functional Principal Components Analysis Kernel Machine Regression (FPCA-

KM) on growth curve study 

In chapter 3, we proposed a new method to investigate the association between growth 

trajectory and epigenetic/genetic effect, Functional Principal Components Analysis Kernel 

Machine Regression (FPCA-KM). By taking advantage of function principal components 

analysis, we could summarize growth trajectory by functional principal components which 

are a scalar variable. After the summarization of growth trajectory, we could conduct a 

downstream association analysis by kernel machine regression which retains better power 

compared to single-marker association analysis.  We conduct the simulation study with two 

sparse scenarios (regular sparse to mimic NEST data and extreme sparse data) to compare 

the performance our method with the widely-used SITAR model. The simulation results 

suggest that our method has better ability to handle the sparse situation and retain the higher 

power than the SITAR model. 

1.5.3. Substructure controls in rare variant analysis 

We are then further exploring the association test between genetic effect and human 

traits. With the advance of next generation sequencing, rare variants association study has 

emerged as an important paradigm for mapping genetic effect on human complex 
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phenotypes. Compare to the common variants study; rare variants association studies may 

have the more complex issue of population substructure because of the characteristics of rare 

variants and the use of collapsing method. Moreover, it is also suggested that similarity-

based tests of rare variants (e.g. SimReg, SKAT) might suffer more severe impact on 

population substructure than a burden-based test. However, the conventional methods to 

adjust for population substructure that is used in common variants association analysis have 

not been comprehensively evaluated. Therefore, in chapter 4, we implemented the variance 

components method on SKAT (Sequence Kernel Association Test) platform and compare 

the performance of two population substructures correcting method, principal components 

(PC) based method and variance component (VC) based method. We evaluate these two 

methods in two simulation studies, COSI (i.e. simulated sequence data) and CoLaus (i.e. 

based on the GWAS and target sequencing data of the Cohorte Lausannoise (CoLaus) 

cohort). We design variety population substructures ranging from stratification, admixture 

and European subpopulation based on real CoLaus samples and we investigate the 

performance of different types of variants (e.g. all variants, common variants, less frequent 

variants and rare variants) on capturing the population substructure. 
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Chapter 2  

Quantile Regression with Confidence 

Interval on Maternal Trace Metal 
 

2.1. Introduction 

Trace metals including cadmium (Cd), lead (Pb) and arsenic (As) are common 

environmental contaminants. Many studies have been reported those trace metals are 

correlated with lower birth weight both in humans studies and experiments (Fei, 2013; M 

Nishijo, 2002; Muneko Nishijo, 2004; Ronco, 2005; Salpietro, 2002). Moreover, the other 

studies also found shorter birth length are associated with cadmium(Al-Saleh, 2014; Muneko 

Nishijo, 2004; Piasek, 2001; Ronco, 2005), lead(Al-Saleh, 2014; Faulk, 2014; Gundacker, 

2010; Jones, 2010), mercury(Al-Saleh, 2014; Grandjean, 2003) and other heavy 

metals(Grandjean, 2003; Koppen, 2009; Shirai, 2010). Besides the effect on the 

anthropometric index at birth, heavy metals are found to be related to cardiometabolic 

diseases, such as diabetes(Agarwal, 2011; Chen, 2006), cardiovascular diseases(Agarwal, 

2011; Tellez-Plaza, 2013), renal disorders(M. Huang, 2013; Liang, 2011) and some 

cancer(Benbrahim-Tallaa, 2009; Christensen, 2009, 2011; Gallagher, 2010; Tokar, 2011). 

Due to those effects of toxic metals on human health and adult chronic disease, how to 

control and mitigate its concentration in blood could have widespread impacts. One of the 

successful strategies is the environment management and nutrition supplement manipulation 

to reduce the toxic metal exposure(Hu, 1995). In human studies, some essential nutrients 
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have been reported negatively associated with risk of low birth weight such as Fe(Bourque, 

2007; Komolova, 2008; Menzie, 2008; Yanoff, 2007), Zn(Jain, 2008, 2010), Cu(Wildman, 

2001), Mg(F. Guerrero-Romero, 2002; Fernando Guerrero-Romero, 2011, 2006) and 

Mn(Ganeshan, 2011). Another study suggests the negative correlation between Fe and blood 

concentration of cadmium by adjusting for smoking, poverty, age, race and obesity 

status(Gallagher, 2011). In Bangladesh study where the population has exposure to inorganic 

As chronically, a universal methyl group donor folate has been found associated with As 

methylation and urinary arsenic elimination(Hall, 2009). It has been proved, in animal 

experiments, that folate is negatively associated with arsenic excretion and 

methylation(Rossman, 2011), suggesting that adequate level of folate could support the 

reduction of blood arsenic level. 

Combined those human and animal studies, those results support a dietary 

supplementation of nutrients could mitigate the blood toxic metals levels or improve the 

urinary toxic metals elimination. However, those results only investigate the relationship 

between toxic metals and individual nutrients but not the combinations of nutrients. In this 

chapter, we are studying the association of 3 toxic metals cadmium, lead and arsenic with 

eight nutrients including Fe, Zn, Se, Cu, Ca, Mg, Mn and folate together. The data were 

collected from NEST cohort, which is a prospective study on pregnant women tracking on 

their environment exposure and infants with later health status. However, when examining 

the correlation between toxic metal and nutrient, a wedge-shaped relationship is found 

(Figure 2.1) indicating the unequal variance of response which violates the equal variance 

assumption for the linear regression. After conducting the ordinary least square regression on 
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this data, the correlation between Cd and Fe is not significantly detected while it has been 

found in animal experiments(Gallagher, 2011).   

Typically, most linear regression models estimate the effect of predictors on the mean 

level of response, i.e. fitting a model such that 𝐸(𝑌|𝑋) = 𝑋𝛽. And to make the inference on 

the estimation of parameter �̂�, linear regression assumes the homoscedastic response 

variables, i.e. response should have equal variance. And the response variable with 

heterogeneous variance will cause lower power to make the statistical inference and may not 

be able to well estimate the effect of predictors on the distribution of response variable(Cade, 

1999; Terrell, 1996).  

In 1977 Mosteller and Tukey pointed that it is possible to estimate regression model 

other than the mean level of the response(F, n.d.). Moreover, one year later, Koenker and 

Bassett proposed the quantile regression model that could estimate the association between 

predictors and complete quantile of response distribution conditioning on the predictors(R 

Koenker, 1978). Figure 2.2 shows a simple example of the situation where simple linear 

regression will fail while quantile regression can precisely estimate the effect of the actual 

effect of the predictors on the response variables. Given dichotomized explanatory variable, 

the distribution of response Y has the same mean but difference variance. Therefore, the 

conventional linear regression will find no significant association between X and Y. While 

using quantile regression, the effect of X is positive and negative in the 75th percentile and 

25th percentile of Y respectively. Because of this flexibility and less assumption restriction, 
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quantile regression has been widely applied in ecology and biology studies(Cade, 2000; 

Knight, 2002; Roger Koenker, 2001; Scharf, 1998).  

As reported, the negative association between nutrients and toxic metals could be 

through re-methylation of interspersed repeat elements(Hall, 2009); there is a more 

complexed mechanism for the elimination or reduction of toxic metals by nutrients. 

Therefore, quantile regression is a robust method to explore the association between toxic 

metals and nutrients with the following advantage: 1. It does not need the equal variance 

assumption on the response variable; 2. It can estimate the more comprehensive relationship 

between toxic metals and nutrients. In this chapter, we conduct the quantile regression to 

scan through the whole spectrum of toxic metal quantile and utilize the simultaneous 

confidence interval to control family-wised error rate to test their association with nutrients. 

Moreover, we found that a combination consisting of Fe, Ca, Se and folate were robustly and 

negatively related to Pb and Cd, regardless of the concentration of these toxic metals, 

whereas the inverse relationships with single nutrients were within very narrow ranges of 

exposure. 

2.2. Method 

2.2.1.Quantile regression: 

For a probability distribution function, such that: 

𝐹𝑌(𝑦) = Pr(𝑌 ≤ 𝑦) 

The 𝜏th quantile of Y can be defined as a function of 𝜏: 

𝑞𝜏 = 𝐹𝑌
−1(𝜏) = inf{𝑦: 𝐹𝑌(𝑦) ≥ 𝜏}, 
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where 𝜏 ∈ [0,1]. With the unconditional data, we could estimate the �̂�𝜏 by optimizing the 

tilted absolute value function(Roger Koenker, 2005): 

𝜌𝜏 = 𝑦(𝜏 − 𝐼(𝑦 < 0)), 

where 𝐼(∙) is the indicator function. 

With these concepts, the quantile regression coefficients are then estimated by 

optimizing: 

∫ 𝜌𝜏(𝑦 − 𝑞𝜏(𝑦|𝑥))𝑑𝐹𝑛(𝑦) = 𝑛
−1∑𝜌𝜏(𝑦𝑖 − 𝑞𝜏(𝑦|𝑥))

𝑛

𝑖=1

 

𝑓(𝛽𝜏) = 𝑛
−1∑𝜌𝜏(𝑦𝑖 − 𝑥𝑖

𝑇𝛽𝜏)

𝑛

𝑖=1

. 

And by linear programming, this loss function can be solved, and quantile coefficients 

can be estimated as: 

�̂�𝜏 = 𝑎𝑟𝑔𝑚𝑖𝑛
𝛽
∑𝜌𝜏(𝑦𝑖 − 𝑥𝑖

𝑇𝛽𝜏)

𝑛

𝑖=1

 

In this chapter, we adopt the rq.fit() function from quantreg package to estimate the 

quantile regression coefficients and its variance-covariance matrix. The quantile regression 

coefficients are estimated with the grid of 𝜏 = 0.1 to 0.9by increments of 0.05. 

2.2.2. Multiple test control 

For the association test, we estimate the quantile regression coefficient over the 

complete spectrum of the response quantiles (i.e. 𝜏 = 0.1 to 0.9by increments of 0.05). 
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Therefore, for association between response and predictor, we estimate 𝛽(𝜏) and test any of 

them are significant. And multiple test control has to be applied for those tests to keep the 

significant level at 𝛼 = 0.05. In this chapter, we use the simultaneous confidence interval for 

the multiple test control. 

And for the association tests on all eight nutrients with three toxic metals, we just use 

Bonferroni correction, and set 𝛼 =
0.05

3×8
= 0.00208. 

2.2.3. Simultaneous confidence interval  

Let the quantile spectrum to be 𝜏𝑘, where 𝑘 ∈ 1,2,⋯𝑚. After conducting the quantile 

regression, we have the estimation of quantile coefficients for each nutrient. The estimation 

of parameter denoted as: 

�̂� = [�̂�(𝜏1), �̂�(𝜏2),⋯ , �̂�(𝜏𝑚)]
𝑇
, 

which is a 𝑚×1 vector and variance covariance matrix of the �̂�, denoted as: 

Σ̂ =

[
 
 
 
�̂�2(𝜏1) �̂�(𝜏1, 𝜏2) ⋯ �̂�(𝜏1, 𝜏𝑚)

�̂�(𝜏2, 𝜏1) �̂�2(𝜏2) ⋯ �̂�(𝜏2, 𝜏𝑚)
⋮ ⋮ ⋱ ⋮

�̂�(𝜏𝑚, 𝜏1) �̂�(𝜏𝑚, 𝜏2) ⋯ �̂�2(𝜏𝑚) ]
 
 
 
, 

which is a 𝑚×𝑚 matrix. 𝜎2(𝜏𝑘) are the variance estimates for �̂�(𝜏𝑘) and 𝜎(𝜏𝑖, 𝜏𝑗) are the 

covariance estimates for �̂�(𝜏𝑖) and �̂�(𝜏𝑗). 
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To construct a simultaneous confidence interval for �̂� at significance level 𝛼, we need to 

control: 

Pr( 𝑠𝑢𝑝
1≤𝑘≤𝑚

|
�̂�(𝜏𝑘) − 𝛽(𝜏𝑘)

𝜎𝑘
| < 𝐶𝛼) = 1 − 𝛼 

Under this regulation, the (1 − 𝛼)×100%  simultaneous confidence interval for �̂� is: 

[
 
 
 
�̂�(𝜏1)

�̂�(𝜏2)
⋮

�̂�(𝜏𝑚)]
 
 
 

± 𝐶𝛼 [

�̂�(𝜏1)
�̂�(𝜏2)
⋮

�̂�(𝜏𝑚)

], 

where �̂�(𝜏𝑘) are the square root of the diagonal of variance covariance matrix Σ̂. 

In this chapter, we use the bootstrap method to find the 𝐶𝛼 by assuming that: 

�̂�~MVN(�̂�, Σ̂) 

And the procedure to find the 𝐶𝛼 is: 

Bootstrap procedure to get 𝐶𝛼 

1. Sample 𝛽(𝑏) from MVN(�̂�, Σ̂) 

2. 𝑄(𝑏) 𝑠𝑢𝑝
1≤𝑘≤𝑚

|
(𝛽(𝑏)(𝜏𝑘)−�̂�(𝜏𝑘))

�̂�(𝜏𝑘)
| 

3. Repeat 1-2 B times 

4. Order 𝑄(𝑏) to get order statistics 𝑄(1), 𝑄(2), ⋯ , 𝑄(𝐵) 

5. 𝐶𝛼 = (1 − 𝛼)th quantile of 𝑄(1), 𝑄(2), ⋯ , 𝑄(𝐵) 
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2.2.4. Global test for quantile coefficients 

Adopting the same spirit of the bootstrap method above, we conduct another bootstrap 

procedure to get the P-value for the global test for quantile coefficients under the null 

hypothesis: 

𝐻0: 𝛽(𝜏1) = 𝛽(𝜏2) = ⋯𝛽(𝜏𝑚)=0 vs 𝐻𝑎:Any of the 𝜏𝑖 ≠ 0 

 And the test statistics is: 

𝑇𝑄 = 𝑠𝑢𝑝
1≤𝑘≤𝑚

|
(�̂�(𝜏𝑘) − 0)

�̂�(𝜏𝑘)
| 

Because the true distribution of 𝑇𝑄 cannot be explicitly obtained, we generate the 

empirical distribution for this test statistics by adopting the same spirit of the bootstrap 

method above. 

The bootstrap procedure for generating an empirical distribution of this test statistics are: 

Bootstrap procedure to generate empirical distribution of 𝑇𝑄 

1. Sample 𝛽𝑛𝑢𝑙𝑙
(𝑏)

 from MVN(0, Σ̂) 

2. 𝑇𝑛𝑢𝑙𝑙
(𝑏) 𝑠𝑢𝑝

1≤𝑘≤𝑚
|
(𝛽𝑛𝑢𝑙𝑙

(𝑏)
(𝜏𝑘)−0)

�̂�(𝜏𝑘)
| 

3. Repeat 1-2 B times 

4. Order 𝑇𝑛𝑢𝑙𝑙
(𝑏)

 to get order statistics 𝑇𝑛𝑢𝑙𝑙(1), 𝑇𝑛𝑢𝑙𝑙(2), ⋯ , 𝑇𝑛𝑢𝑙𝑙(𝐵) 

 

After obtaining the empirical distribution, we can then calculate the P-value as: 
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P-value =
#𝑜𝑓𝑇𝑛𝑢𝑙𝑙 > 𝑇𝑄

𝐵
 

2.3. Real data analysis: 

In this chapter, we applied our method on the Newborn Epigenetics Study (NEST) data 

set which follows pregnant women and their children to study the association of prenatal 

environment exposure with newborn infants epigenetic alteration and later health 

status/chronic disease, e.g. obesity, eczema, and asthma. The majority of the cohorts live in 

Durham, NC area, and one question of interest is that the association of toxic metals in 

maternal blood concentrations with other environmental factors.   

2.3.1. Measurement of trace metals 

A maternal whole blood sample was obtained from the mothers, metal concentrations of 

Cd, Pb, As, Fe, Zn, Se, Cu, Ca, Mg and Mn were measured as nanograms per gram (ng/g) 

using solution-based inductively coupled plasma mass spectrometry (ICP-MS) methods 

previously described(Darrah, 2009; DeLoid, 2014; McLaughlin, 2011). All standards, 

including aliquots of the certified NIST 955c, and procedural blanks were prepared by the 

same process. Maternal metal concentrations were measured using a Perkin Elmer DRC II 

(Dynamic Reaction Cell) axial field ICP-MS at GeoMed Analytical(Darrah, 2009; DeLoid, 

2014; McLaughlin, 2011; Sprauten, 2012). 

2.3.2. Measurement of folate concentrations 

Erythrocyte folate concentrations were measured in maternal whole blood using a 

commercial kit, ID-Vit Folic acid (Immunodiagnostic-ALPCO; Salem, NH)(Horne, 1988). 



22 

 

 

2.3.3. Quality control  

To clean sample lines and reduce memory effects, sample lines were sequentially 

washed with 18.2 MΩ cm resistance (by a Milli-Q water purification system, Millipore, 

Bedford, Mass., USA) water for 90 seconds and a 2% nitric acid solution for 120 seconds 

between analyses. To monitor and correct for instrumental and procedural backgrounds, 

procedural blanks were analyzed within each block of 10 samples. Calibration standards 

included aliquots of 18.2 MΩ cm resistance H2O, NIST 955c SRM, and NIST 955c SRM 

spiked with known quantities of each metal in a linear range from 0.025 to 10 ng/g. 

Standards were prepared from 1000 mg/L single element standards obtained from SCP 

Science, USA. Method detection limits were calculated according to the two-step approach 

using the t99SLLMV method (USEPA, 1993) at 99% CI (t=3.71). The MDLs yielded values 

of 11.1, 6.2, and 36.1 pg/g parts per trillion, for Cd, Pb, and As, respectively. Limits of 

detection (LOD) were 1.6, 0.07, and 4.0 pg/g parts per trillion, for Cd, Pb and As, 

respectively, and limits of quantification (LOQ) according to Long and Winefordner, 1983) 

were 4.8, 0.21, and 12.0 pg/g parts per trillion for Cd, Pb, and As, respectively.  

2.4. Results: 

To facilitate comparisons with prior studies, trace metal concentrations were converted 

from 𝑛𝑔/𝑔 to 𝜇𝑔/𝑙 based on blood density of 1.035𝑔/𝑚𝑙. The distributions of individual 

toxic metals in strata of potential covariates are shown in Table 2.1. While there was some 

variation in the range of As by covariate, the median value remained comparable across 

covariates. The median values and range for Cd and Pb varied in strata of several covariates 
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and these covariates were explored as potential confounders in the associations between toxic 

metals and nutrients, as well as birthweight.  

2.4.1. Association between toxic metals and individual nutrients 

Quantile regression coefficient estimations (𝜏), along with their confidence bands58 

adjusted for other nutrients and maternal age, race/ethnicity, pre-pregnancy BMI, education, 

and smoking, are shown in Figure 2.3. We found significant inverse associations between Cd 

and Fe and folate concentrations, and positive associations with Cu and Mn. With the 

exception of Mn and folate, most regression coefficients were significant in the middle range 

of Cd. Similarly, inverse associations were also found between Pb concentrations and Fe, Ca 

and folate, while associations with Zn, Cu and Mn were positive. In general, regression 

coefficients were significant in the upper quantiles of Pb for Fe, Cu and Ca. In contrast, 

coefficients for folate and Mn were significant in a limited range. For As, we found 

significant inverse associations with Se and folate at only one quantile point, and significant 

positive associations with Zn and Cu Coefficients of Se remained relatively constant across 

quantiles of As, while Zn, Cu and folate had slope estimates further away from zero in larger 

quantiles. 

2.4.2. Association between toxic metals and nutrient mixtures 

To study the nutrients mixtures and their association with toxic metals, we aggregate the 

nutrients to form the negatively associated nutrients (NAN) and positively associated 

nutrients (PAN). NAN consists of standardized nutrients:  Fe, Ca, Se and folate. And PAN 

consists of standardized nutrients:  Cu, Zn, Mg, and Mn. 
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The second half of Figure 2.3 shows quantile regression for the sum of standardized 

inversely and positively associated indices, NAN and PAN, respectively, in relation to Cd, 

Pb and As. Cd levels were significantly associated with both nutrition indices (p-values < 

0.0002). In contrast to individual nutrients, where associations were observed for some range 

of quantiles (i.e. for Fe, τ = 0.55, 0.7~0.85), associations with the nutrient index remained 

significant for most of the quantiles. Similarly, Pb levels were significantly associated with 

both NAN and PAN indices (p-values < 0.0002), and the associations remained consistent for 

all quantiles of Pb. We also observed that As levels remained significantly inversely 

associated with the NAN index only in a limited range (𝜏 = 0.1~0.15, 0.4~0.75) and were 

no longer significant at the highest quintiles. 

2.5. Conclusion 

In this chapter, we adopted the quantile regression to evaluated the comprehensive 

association between prenatal toxic exposure Cd, Pb and As with eight nutrients under the 

dense grid of quantiles. Moreover, the simultaneous confidence interval guarantees the 

multiple test correction and are especially less conservative when testing the dense grid of 

quantile regression coefficients with the control the family-wise error rate.   

After scanning through the quantiles of toxic metals, we found the negative association 

of Fe, Ca, and folate with toxic metals in a narrow quantile range. Moreover, we also found 

the positive association of Cu and Mn with toxic metals in certain quantile range, while Zn 

and Mg have positive quantile coefficient estimation but not significant in any of the 

quantiles. Moreover, after aggregating the negatively associated nutrients and positively 
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associated nutrients, they have a robust correlation with toxic metals in the almost whole 

spectrum of quantiles.   

These findings are consistent with previous studies demonstrating that dietary repletion 

with Fe, Ca, Se and folate can mitigate the toxic metal concentration. However, our finding 

that toxic metals have a positive association between Cu, Zn, Mg and Mn is contrasting with 

the previous studies(Djukic-Cosic, 2006) that form the basis for existing intervention 

guidelines.  

As been reported before, high exposure of Cd, Pb and As are  positively associate with 

cardiometabolic risk markers(Gallagher, 2010; Karim, 2013; Kuo, 2013; Mendez, 2016; 

Schober, 2006; Tellez-Plaza, 2013; Wallia, 2014) such as systolic blood pressure, fasting 

insulin and/or glucose, triglycerides, cholesterol(Chinapaw, 2014; Eriksson, 2015; 

Falaschetti, 2010; R.-C. Huang, 2011; Lawlor, 2010; Messiah, 2012; Puder, 2011; Toschke, 

2008) and obesity risk(Ong, 2004). 

The quantile regression results from our NEST dataset support the previous finding that 

certain nutrients such as Fe, Ca and folate have the negative association between toxic metals 

Cd, Pb and As, and also provide an early suggestion that some nutrients may not be able to 

mitigate the toxic metal exposure. Due to the relatively small sample size, it is not possible to 

assess the sub-group effect and cross-sectional study. Our findings, therefore, should be 

interpreted by considering above limitations. 
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Table 2.1: Characteristics of 275 participants     

Category N 

Cadmium (ng/g) 

quantile: median 

[IQR*] 

Lead (ng/g) 

quantile: median 

[IQR*] 

Arsenic (ng/g) 

quantile: median 

[IQR*] 

Maternal age 

at delivery 

≤30 178 2.4 [1.1, 5.8] 3.3 [1.5, 7.8] 2.1 [1.8, 2.5] 

(30, 35] 66 1.9 [1, 3.8] 2.9 [1.5, 7] 2.1 [1.9, 2.5] 

>35 31 2.3 [0.9, 3.2] 5 [2.2, 13.6] 2.1 [1.9, 2.3] 

Pre 

pregnancy 

BMI 

≥30 201 2.2 [1.1, 5.1] 3.5 [1.6, 8] 2.1 [1.9, 2.5] 

>30 74 2.4 [1, 4.1] 3.1 [1.5, 8.2] 2.1 [1.8, 2.4] 

Education 

College 

graduate 
89 1.3 [0.9, 2.7] 2.7 [1.2, 6.9] 2.1 [1.8, 2.4] 

High school 

graduate/GE

D 

97 2.8 [1.4, 5.9] 2.6 [1.6, 6.4] 2.1 [1.8, 2.5] 

 <high 

school 
89 2.5 [1.2, 9.4] 5.2 [2.3, 10.8] 2.2 [2, 2.6] 

Smoking 

status 

Non-smoker 235 1.9 [1, 3.4] 3.3 [1.4, 7.5] 2.1 [1.9, 2.5] 

Smoker 40 5 [3.4, 9.7] 3.9 [1.7, 12.6] 2.2 [1.9, 2.7] 

Race / 

Ethnicity 

Black 104 3 [1.4, 5.7] 3.3 [1.6, 7.3] 2.1 [1.8, 2.5] 

Hispanic 89 1.9 [1, 8.7] 5 [2.2, 10.7] 2.1 [2, 2.4] 

White 82 1.5 [0.9, 2.8] 2.3 [1.2, 6.9] 2.2 [1.9, 2.5] 

Infant sex 
Male 132 1.9 [1, 3.9] 3.5 [1.4, 8.3] 2.1 [1.9, 2.5] 

Female 143 2.5 [1.1, 5.1] 3.3 [1.7, 7.8] 2.1 [1.8, 2.5] 

**IQR: interquartile range 
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Figure 2.1: Scat plot of cadmium(Cd) and iron (Fe) 
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Figure 2.2: Simple example of quantile regression 
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Figure 2.3: Quantile regression coefficients of 8 nutrients and their indices and toxic metals, 

Cd, Pb and As 

The Y axis indicates the regression coefficients of a nutrient for a given toxic metal; the X 

axis indicates the quantile of toxic metals. The grey area indicates the 95% simultaneous 

confidence band for the quantile coefficient estimation; red line indicates regression 

coefficient=0.  
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Chapter 3 

Functional Principal Components 

Analysis Kernel Machine Regression 

(FPCA-KM) on Growth Curve Study 
 

3.1. Introduction 

As the prospect of the NEST project, it is of interest to investigate the association 

between the epigenetic modification and the health outcomes in children. Among those 

health outcomes, growth curve is widely studied because it is closely related to later diseases. 

Population-wised complete smoothed growth curve can provide some prediction view of 

infants’ health(Cacciari, 2006; Kuczmarski, 2000). Many groups have studied the certain 

growth patterns and suggested that rapid weight gain may positively associate with the obese 

risk in later life or adulthood(Ehrenkranz, 1999; Magadia, 2012). Other studies found out the 

weight at the certain time point of growth may also correlated with later diseases, such as low 

birth weight might be positively associated with type 2 diabetes(Fei, 2013; M Nishijo, 2002; 

Muneko Nishijo, 2004; Ronco, 2005; Salpietro, 2002). Among all the potential risk factors 

for growth curve, Differentially methylated region (DMR) is particularly important. For each 

DMR, it often consists of multiple CpG sites that have DNA methylated. Differentially 

methylated on those CpG sites may alter the expression of the gene downstream or upstream 

of the DMR. Many experiments have identified that some DMR control the gene expressions 

and are reported to interact with the parentally imprinted genes(Edwards, 2007; Gicquel, n.d.; 
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Murrell, 2004) such as IG2 is associated with infant growth(Baker, 1993; J.-P. Liu, 1993; 

Tamemoto, 1994). Therefore, our goal is to study the association between growth curve and 

potential DMR to investigate the potential epigenetic risk factors for child health. 

However, there is an issue of model limitation in study growth curve as a response, due 

to its time-varying characteristic (i.e. varying along the time), irregular and often time 

insufficient measurements. Traditional statistical models to study the association between 

epigenetic markers and growth curve can lead into two major categories.  

One common method is to take certain time point of the curve as a response, such as 

weight at birth(Bhargava, 2004; Carlsson, 1999) or weight change from age to age(Taveras, 

2011). Moreover, the weight measurement at those specific time point can be evaluated via 

linear regression model. However, this approach only takes the snapshot of the curve and do 

not evaluate the entire curve. Furthermore, because of the irregular and sparse measurement, 

each child may not have the same number of measurement or a common time point to have 

their weight measured. Applying this method to such data may further reduce the limited 

sample size which makes this method fragile on those scenarios.  

Another approach is to model the growth curve for each child. One widely used method 

is the SITAR (Superimposition by Translation and Rotation) model(Tim J Cole, 2010). This 

model assumes that the population has the same underlie curve and individual curves differ 

via three parameters: the mean shift (shift on the measurement of the curve); the tempo shift 

(shift on timing measurement) and the velocity shift (shrinking/stretching of time scale). 

These three parameters alter the individual curves and provide a comprehensive summary 
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with clear biological interpretation on individual difference. Prentice and Dibba conducted 

the SITAR model on children growth pattern studies and found that the late Calcium 

supplement advanced the peak of height velocity for a male with shorter height in the adult 

by comparing the velocity and tempo shift parameter(Prentice, 2012). Cole and Statinkov 

reported the preterm infants tend to have slow postnatal growth velocity by fitting the infant's 

growth curve with different gestational ages in weeks (Tim J Cole, 2012). Gault and Perry 

studied the infants’ height curve and compared three parameters of the curve according to the 

oxandrolone induction (Gault, 2011). However, all those successful studies with SITAR 

model had either a large cohort or relatively complete observations of infant growth 

measurement. Rozzi failed to fit SITAR model in boys group due to relatively fewer 

observations (Rozzi, 2015) and Pizzi also reported that SITAR can only fit with relatively 

sparse data set but still might fail(Pizzi, 2014). In NEST data set, we only have a sample size 

of 33 infants with 14 average observations throughout 36 months for each subject after 

aligning weight measurement up to age 5, differential methylated region (DMR) and other 

prenatal/postnatal covariates. SITAR model could not fit this data sets with the error that 

model failed to converge. Whether SITAR model is suitable for sparse data set which has 

either small sample size in the subject or sparse measurement is in doubt.  

In addition, there are statistical challenges to investigate the DMR as the risk factors. 

Ordinary least square regression only evaluate the linear association but may not identify the 

non-linear effect of the DMR. Additionally, the methylation level of CpG sites  (markers) 

within a DMR may highly correlated with each other due to the relevant close physical 

distance. Direct modeling all CpG sites into linear regression model may lead to the issue of 
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over conservative due to the multiple test control and loss of power to detect the true 

association.  

Because of those statistical challenges and model limitations, we propose the new 

method Principal Components Kernel Machine Regression, FPCA-KM by adopting the 

Functional Principal Components Analysis (FPCA) with the Kernel Machine Regression 

(KM) to approach our goal of studying the association between the epigenetic markers and 

child growth curve. FPCA utilizes the functional principal components to summarize the 

growth curve as the continuous response variable, on which kernel machine regression can 

perform the global association test of DMR markers to further investigate the correlated and 

non-linear effect of the DMR markers.  

To evaluate the performance of our new proposed method, FPCA-KM, we optimize the 

widely-used SITAR model and implement the SITAR-KM regression as the benchmark 

method. We then adopt the logit model(Panik, 2014) to simulation the growth curve and use 

the DMR data from NEST cohort to incorporated the causal DMR effect into the simulated 

growth curve. In addition, we designed two sparse scenarios to simulate the irregular and 

sparse growth curve measurement: one has the similar sparsity as the NEST data set (i.e. 

average 14 measurements out of 37-month grid); the other has extreme sparsity of the 

measurement (i.e. average 5 measurements out of 37-month grid).  

Our simulation study demonstrates the following advantage over the conventional 

SITAR method: 1). Easy to conduct without tuning the parameters; 2). Great to handle sparse 
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growth curve and retain the maximum of the growth trajectory. 3). Better power to detect the 

association. 

3.2. Methods 

For an individual growth trajectory, we target at the weight measurement at each month 

𝑋𝑖(𝑡), 𝑡 = 0,1,2,⋯ ,36, and 𝑖 = 1,2,⋯ ,33. Notice that, the weight measurement might not 

be complete, and 𝑋𝑖(𝑡) could be either actual measurment for subject 𝑖 at month 𝑡, or a 

missing value. Therefore, the weight trajectory 𝑋 is a sparse matrix with many of the entries 

missing. And each individual has their DMR profile sequenced at birth, denoted as 𝐷𝑖 =

(𝐷𝑖1, ⋯𝐷𝑖ℓ), ℓ is the number of CpG sites that has differentially methylated level in a DMR. 

We are interested in study the association between growth trajectory 𝑋𝑖(∙) and DMR profiles.  

3.2.1.Functional Principal Components Analysis (FPCA) 

FPCA as the major tool in function data analysis (FDA) was first introduced by Rao for 

the growth trajectories studies. It has been widely studied on regularly densely measured on 

individual trajectory(Besse, 1986; Castro, 1986) and can also be used in sparse observed 

longitudinal data(Kneip, 1994; Ramsay, 1991; Staniswalis, 1998; Yao, 2005).  FPCA method 

is ideal for handling sparse data by smoothing the sample covariance functions. Especially 

FACE smoothing method are designed to handle sparse observed functional data(Xiao, 

2014). Moreover, by summarizing the growth curve as the functional principal components, 

it is more feasible to conduct the association analysis on the growth curve data. Kernel 

machine testing was introduced when studying the association between phenotype and SNP 

set(D. Liu, 2008, 2007). 
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An individual growth trajectory can be modeled by functional principal components 

analysis (FPCA) by Ramsay and Silverman(Ramsay, 2006). For subject 𝑖 = 1,⋯ ,33, let 

𝑋𝑖 = (𝑋𝑖0, 𝑋𝑖1, ⋯ , 𝑋𝑖36) denotes the individual growth trajectory. And 𝑋𝑖t = 𝑋𝑖(𝑡) denotes 

the weight measured for individual 𝑖 at time 𝑡, where 𝑡 = 0,1,⋯ ,36.  

It is assumed that each individual trajectory is a squared integrable random function of 

time. The mean 𝜇(𝑡) = 𝐸[𝑋(𝑡)], and covariance between time 𝑡 and 𝑠 are 𝐺(𝑠, 𝑡) =

𝐶𝑜𝑣(𝑋(𝑡), 𝑋(𝑠)). Based on the Mercers’s theorem, the covariance of weight trajectory at 

time 𝑡 and 𝑠 can be decomposed as: 

𝐺(𝑠, 𝑡) = ∑𝜆𝑘𝜃𝑘(𝑠)𝜃𝑘(𝑡)

∞

𝑘=1

, 

where 𝜆𝑘, 𝑘 ≥ 1 are the eigen values and 𝜆1 ≥ 𝜆2 ≥ ⋯ ≥ 0; 𝜃𝑘 are the corresponding 

orthonormal eigenfunctions. Then we can smooth the individual trajectory with Karhunen-

Loeve expansion(Ramsay, 2006): 

𝑋𝑖(𝑡) = 𝜇(𝑡) +∑𝜉𝑖𝑘𝜃𝑘(𝑡)

∞

𝑘=1

+ 𝜖𝑖𝑡, 

where 𝜖𝑖𝑡 are the random errors with identical and independent normal distribution, and 𝜉𝑖𝑘 

are the functional principal component (FPC) and can be expressed as: 

𝜉𝑖𝑘 = ∫ (𝑋𝑖(𝑡) − 𝜇(𝑡))𝜃(𝑡)𝑑𝑡, 

which has mean 0 and variance equals to the corresponding eigenvalue 𝜆𝑘. 
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Under the FPCA’s classic assumption, individual trajectory follows the mean curve 𝜇(𝑡) 

with individual effect ∑ 𝜉𝑖𝑘𝜃𝑘(𝑡)𝑘 , therefore functional principal components 𝜉𝑘 can serve as 

the good summary of growth trajectory which keeps the individual trajectory information and 

retains the maximum variance. 

In practical, we cannot afford to estimate infinite many functional principal components 

and functional eigen functions. Therefore, we truncate k with a finite number K, so that the 

first K functional principal components explained a certain proportion of variance from the 

growth trajectory. Commonly, the percentage is pre-specified as 99%, 95% or 90%. 

Therefore, the FPC 𝜉𝑘, 𝑘 = 1,2, … , 𝐾 can capture majority of the information from the 

sample growth trajectories. Additionally, first FPC always explains the most of the variance, 

second FPC explains second highest variation, and so on. Recognition of this, we can always 

start from the first functional principal component as the continuous response variable which 

contains majority of the variation of the growth trajectory.  

In this chapter, we specified the variance to be explained by 95%. And under this 

setting, 𝐾 = 1, that is to say the first functional principal component has already carried the 

95% of the variance of the growth curve. And we adopted “FACE” R package(Xiao, 2016) to 

smooth sparse growth trajectory data. 

3.2.2.Kernel Machine Regression 

Kernel machine regression is a similarity-based method such as the Sequencing Kernel 

Association Test (SKAT)(Wu, 2011), Similarity Regression(Tzeng, 2011, 2009), and other 

methods(S. D. Zhao, 2014). Kernel Machine Regression tests the marker-set together by 
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aggregating individual markers. And it has been reported to enhance the power compared to 

the individual SNP test(Wu, 2010). 

For individual 𝑖 = 1,⋯ , 𝑛, the FPC score is 𝜉𝑖𝑘; DMR markers 𝐷𝑖 are the vector of 

length ℓ; 𝑋𝑖
𝑇 as 𝑝×1 vector denotes the covariates. The kernel machine regression frame 

work are: 

𝜉𝑖𝑘 = 𝑋𝑖
𝑇𝛽𝑘 + ℎ𝑘(𝐷𝑖) + 𝜖𝑖𝑘 

where 𝛽𝑘 is the 𝑝×1 parameters of covariates coefficients for𝑘th FPC, 𝜖𝑖𝑘 is the random 

error with identically independent distribution which follows 𝑁(0, 𝜎2).  ℎ(∙) is a function to 

capture the non-linear DMR effects. Under the kernel machine framework, effect of DMR 

markers are modeled as random effects which follows a multivariate normal distribution, 

𝑀𝑉𝑁(0, 𝜏𝑘𝐾𝐷), where 𝜏𝑘 is the unknown variance parameter to quantify the variance of 

DMR markers, and 𝐾𝐷 is the 𝑛×𝑛 positive semidefinitely similarity matrix. 𝐾𝐷 models the 

subject similarity based on their DMR markers and is defined as kernel function 𝐾(∙,∙) which 

quantifies the DMR markers similarity between subject 𝑖 and 𝑗. There several commonly 

used kernel functions: 

1) Linear Kernel: 

𝐾(𝐷𝑖, 𝐷𝑗) = 𝐷𝑖
𝑇𝐷𝑗; 

2) Quadratic Kernel: 

𝐾(𝐷𝑖 , 𝐷𝑗) = (1 + 𝐷𝑖
𝑇𝐷𝑗)

2
; 
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In this chapter, we use the linear kernel function to quantify the effect of DMR. And we 

investigate the association between the growth trajectory and DMR markers by testing the 

hypothesis that, 𝐻0: 𝜏𝑘 = 0 vs. 𝐻𝑎: 𝜏𝑘 ≠ 0. The corresponding test statistics is: 

𝑇𝐷 =
1

2𝜎2
𝜉𝑘
𝑇𝑃𝐾𝐷𝑃𝜉𝑘|𝜎2=�̂�2 , 

where 𝑃 is the projection matrix projecting to 𝑁(𝑋) and are denoted as 𝐼 − 𝑋(𝑋𝑇𝑋)−𝑋𝑇, and 

�̂�2 is the estimator of the residual variance under the 𝐻0: 𝜏𝑘 = 0. The test statistics 𝑇𝐷 

approximately follows a weighted chi-square distribution ∑ 𝜆𝑗𝜒1
2

𝑗 , where 𝜆𝑗 equals to the 

non-zero eigen values of 
1

2𝜎2
𝑃𝐾𝐷𝑃. 

3.2.3. Optimized SITAR model 

Tim extended the shape invariant model(Gasser, 1990; Stützle, 1980) and proposed the 

SITAR model (Superimposition by Translation and Rotation) at 2010 (Tim J Cole, 2010). 

SITAR model can fit the growth curve under the. It can characterise growth trajectory into: 

𝑋𝑖(𝑡) = 𝑎𝑖 + 𝑓 (
𝑡 − 𝑏𝑖

exp(−𝑐𝑖)
), 

where 𝑓(𝑡) is the natrual cubic spline function of t denoting a weight function of time. 𝑎𝑖 is 

the individual specific random variable and determines the mean weight for subject 𝑖, and it 

can be biologically interpreted as the size of the curve; 𝑏𝑖 is the individual specific random 

variable which determines the time shift and can be interpreted as the tempo of the growth 

curve; And 𝑐𝑖 is the individual specific random variable which determines the velocity of the 

growth. SITAR utilized the R function nlme to model 𝑎𝑖, 𝑏𝑖 and 𝑐𝑖 as both fixed effect and 
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random effect, and fixed effect 𝑓(𝑡) as the sum of natural cubic spline functions. And the 

number of natural  cubic spline function are denoted as degrees of freedom for SITAR 

model, the more df to use, the more curvature can be modeled, however more df may lead to 

a over fitted of the model. Users have to decide how many dfs they need to fit the SITAR 

model.  

To evaluate the performance of FPC-Kernel machine regression, we also implement the 

SITAR-Kernel machine regression model. SITAR-Kernel machine regression takes the three 

parameters estimated by SITAR model as the response to which we conduct the kernel 

machine regression of DMR markers. Therefore, we can form three kernel machine 

regression model as: 

𝑎𝑖 = 𝑋𝑖
𝑇𝛽𝑎 + ℎ𝑎(𝐷𝑖) + 𝜖𝑖, 

𝑏𝑖 = 𝑋𝑖
𝑇𝛽𝑏 + ℎ𝑏(𝐷𝑖) + 𝜖𝑖, 

𝑐𝑖 = 𝑋𝑖
𝑇𝛽𝑐 + ℎ𝑐(𝐷𝑖) + 𝜖𝑖; 

where ℎ𝑎(∙), ℎ𝑏(∙) and ℎ𝑐(∙)  follows 𝑀𝑉𝑁(0, 𝜏𝑎𝐾𝐷), 𝑀𝑉𝑁(0, 𝜏𝑏𝐾𝐷) and 𝑀𝑉𝑁(0, 𝜏𝑐𝐾𝐷) 

respectively. And the association are examined on testing the following null hypothesis 

respectively: 

𝐻0: 𝜏𝑎 = 0 vs. 𝐻𝑎: 𝜏𝑎 ≠ 0 

𝐻0: 𝜏𝑏 = 0 vs. 𝐻𝑎: 𝜏𝑏 ≠ 0 

𝐻0: 𝜏𝑐 = 0 vs. 𝐻𝑎: 𝜏𝑐 ≠ 0 
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To make a fair comparison, we maximize the performance of SITAR model by 

following strategies: 1). Smoothing the sparse growth curve by FPCA method to reconstruct 

the dense grid growth trajectory; 2). Screening through different degrees of freedom in the 

model setting. Then we utilize the Akaike information criterion (AIC) to compare models 

with varying degrees of freedom, the model with lowest AIC model is then selected for the 

downstream kernel machine regression.  

3.3. Simulation studies 

To investigate the efficacy of the FPC-Kernel machine regression, we conduct a 

simulation study to evaluate its performance comparing with SITAR-Kernel machine 

regression.  

3.3.1. Growth curve simulation 

We simulate the growth curve by adopting the widely-used logit model(Panik, 2014) as: 

𝑌𝑖(𝑡) =
𝐶𝑖

1 + 𝐴𝑖𝑒−𝐵𝑖𝑡
 

Where 𝐴𝑖~𝑈𝑛𝑖𝑓(6,8), and 𝑡 = 0,⋯ ,20, increment by 1/12 referred as  unit of month; 

the 𝑖 = 1,⋯ ,33 same as the NEST data set. And we incorporate DMR effect into the growth 

curve as: 

𝐵𝑖 = 𝐷𝑖
𝑇𝛾 + 𝑈𝑛𝑖𝑓(0.05,0.15) 
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𝐶𝑖 = 𝐷𝑖
𝑇𝛾 +

{
 
 

 
 𝑈𝑛𝑖𝑓(40,56), 𝐵𝑖 ≤ 𝐵25𝑡ℎ𝑞𝑢𝑎𝑛𝑡𝑖𝑙𝑒
𝑈𝑛𝑖𝑓(48,64), 𝐵25𝑡ℎ𝑞𝑢𝑎𝑛𝑡𝑖𝑙𝑒 < 𝐵𝑖 ≤ 𝐵50𝑡ℎ𝑞𝑢𝑎𝑛𝑡𝑖𝑙𝑒
𝑈𝑛𝑖𝑓(56,72), 𝐵50𝑡ℎ𝑞𝑢𝑎𝑛𝑡𝑖𝑙𝑒 < 𝐵𝑖 ≤ 𝐵75𝑡ℎ𝑞𝑢𝑎𝑛𝑡𝑖𝑙𝑒
𝑈𝑛𝑖𝑓(64,80), 𝐵75𝑡ℎ𝑞𝑢𝑎𝑛𝑡𝑖𝑙𝑒 < 𝐵𝑖

 

By this setting, DMR has the causal effect on the maximum weight of the growth 

trajectory and the growth rate to reach the maximum. To study the early stage of growth 

pattern, we only use growth trajectory from birth to age three as the response, that is 𝑡 =

0,⋯ ,3. 

3.3.2.  Sparse growth curve 

To mimic the real word sparse and irregularly measured growth curve data, we make the 

simulated dense grid curve sparse by sample the number of observation from a uniform 

distribution on 𝒯~𝑈𝑛𝑖𝑓(𝑚 − 2,𝑚 + 2). There for the average observation of weight for 

each individual is m. In this chapter, we considered two sparsity scenarios out of 37 repeated 

measure time points: 1) 𝑚 = 14, i.e. the average number of observation in NEST data 

cohort; 2) 𝑚 = 5, the extreme sparse scenarios. 

3.3.3. Evaluate the power of detecting the causal effect 

We repeat 250 times under the same growth curve setting. Moreover, the following 

metrics are considered to assess the performance of PFC-Kernel machine regression and 

SITAR-Kernel machine regression: 1. Percentage of simulation iterations of successfully 

conducted growth curve summaries and testing; 2. Type I error rate and power to detect the 

true signal along the grid of effect size.  
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Since in reality, we are not sure which parameters of SITAR model can capture the 

effect of DMR, SITAR-Kernel machine regression has to test association for all three 

parameters. Therefore, multiple test adjustment is applied. We performance the Šidák 

correction method(Sidak, 1967), so for the familywise 𝛼 level equals 0.05, the individual 𝛼 

levels is: 

𝛼𝑆𝐼𝐷 = 1 − (1 − 𝛼)
1
3 = 0.017 

And to compare the power of SITAR-Kernel machine regression and FPC-Kernel 

machine regression, we use the minimum P-value of three parameters from each iteration to 

calculate the overall SITAR-Kernel machine regression power. 

3.4. Simulation results 

Figure 3.1 and 3.2 demonstrate the simulated complete observed growth curves at 

different causal effect. Figure 3.1 presents the complete growth trajectories from age 0 to age 

20 and Figures 3.2 zooms in the resolution of ages to age 0 to age 3 which are used to 

conduct the downstream analysis. As the effect of DMR increases, the maximum of the 

growth curve increased, and the growth curve becomes much sharper that is to say the 

individual grows faster.  

We consider two scenarios of the sparseness of growth curve. Figure 3.3 and 3.4 

demonstrates the sample growth curve of 𝑚 = 14 and 𝑚 = 5 respectively. When the average 

observations of weight measurement equal to 14, the trend of growth trajectory is still 

identifiable while when the sparseness becomes much extreme (i.e. 𝑚 = 5), it becomes 

harder to identify the individual growth curves. 
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3.4.1. Percentage of success simulation iterations 

To compare the capability to handle sparsity of growth trajectory, we compare the 

percentage of the successful iterations of simulation in both SITAR-Kernel Machine 

regression and FPCA-Kernel Machine Regression. Because of the FACE package was well 

designed for sparse data scenarios, we can always obtain FPC out of 250 repeats no matter 

how sparse the data is. While on the other hand, even though we optimized the SITAR model 

with smoothing the sparse data and screening through the best degrees of freedom, SITAR-

Kernel Machine regression still have a chance to fail. Table 3.1 shows the proportion of 

SITAR iterations that could successfully estimate the three parameters of growth trajectory. 

Though the completion percentage for SITAR-Kernel machine are about 90%, over 50% of 

those completed repeat do not converge to estimate the three parameters. Thus, the overall 

complete percentage for SITAR-Kernel machine regression is only about 50%. And Table 

3.2 shows the even sparse scenarios; we notice that the complete rate of SITAR does not 

change much compared to less sparse scenarios. Considered that for two scenarios, we both 

use the FACE package to smooth the sparse data, the only limitation of data for SITAR 

model is the number of subjects (i.e. n=33). And those results also support that FPCA 

method can handle those sparse scenarios in either less observed measurement or small 

sample size.  
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3.4.2. Evaluate the power and type I error rate  

3.4.2.1. Type I error rate – No causal effect of DMR on growth trajectory 

The type I error rate for FPC-Kernel machine regression is 0.064 and 0.06 in scenario 

𝑚 = 14 and 𝑚 = 5 respectively. And the type I error rate for SITAR-Kernel machine 

regression are 0.02083 and 0.02381 in two scenarios. They are both around the 𝛼 level.  

3.4.2.2. Power analysis 

In the scenario that 𝑚 = 14,  the power curve of FPC-Kernel machine regression is 

higher than the minimum P-value power from SITAR-Kernel machine along the spectrum of 

DMR effect as shown in Figure 3.5. Even if we compare the power curve of FPC-Kernel 

machine regression with the highest power curve from SITAR-Kernel machine regression, 

FPC-Kernel machine regression still has overall higher power curve. When we simulated the 

growth curve, we have causal effect of DMR on 𝐵𝑖, which is a parameter similarity to the 

velocity parameter “𝑐”. This explains the fact that, in our simulation, power from parameters 

c has the highest power. However in reality we do not know which parameters will contain 

the effect of DMR, we have to conduct the association on all three parameters.  

Figure 3.6 shows the scenario that 𝑚 = 5. the power curves of both FPC-Kernel 

machine regression and SITAR-Kernel machine regression has dropped comparing to the 

scenario that 𝑚 = 14 due to the extreme sparseness of the data. However, it is obvious that 

the power curve of SITAR-Kernel machine drops more than the power of FPC-Kernel 

machine regression. Therefore, the overall power performance of FPC-Kernel machine is 

more stable than the SITAR-Kernel machine in regard to the extreme sparse scenarios. 



45 

 

 

3.5. Conclusion 

In this chapter, we propose FPCA-KM to study growth curve as the response and to 

investigate the association between growth curves and differentially methylated region 

effects. This new method can study the whole growth curve as the response variable and 

provide a comprehensive investigation on the growth curve. Besides, with the advantage of 

functional principal components analysis, this method can handle extreme sparse data and 

retain maximum variance of the growth trajectory. 

Comparing to the conventional study method SITAR in epidemiology, functional 

principal components analysis can model the growth curve with better efficiency, and avoid 

the headache issue of tuning the degree of freedoms. The functional principal component 

(FPC) which retains most variance of the growth trajectory makes the growth curve more 

flexible to be studied, as it summarizes the growth trajectory as a continuous scalar variable. 

Similarly to SITAR model which summarizes the growth curve as three parameters, we can 

use the summarization as risk factors(Jones-Smith, 2013; Ullemar, 2015) or responds (T.J. 

Cole, 2015; Jones-Smith, 2013; Perrin, 2015; Pizzi, 2014, 2014). For example,  Jones-

Smith’s team used the found the velocity estimated by SITAR as the risk factor for the later 

overweight(Jones-Smith, 2013), Johnson used the parameters estimated by SITAR model as 

the response and studied the association with genetic effect(Johnson, 2011), Cole and Ahmed 

successfully revealed the association between IGF1 with the later growth velocity (T.J. Cole, 

2015). The FPCA method does not even need to choose which parameter to use; only first 

FPC can be easily utilized in the scenarios where the SITAR parameters were applied. 
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Additionally, we implement the optimized SITAR model and conduct the association 

test under the kernel machine regression framework as the benchmark method. And the 

simulation results of kernel machine regression also demonstrate the higher power of FPC-

Kernel machine regression than SITAR-Kernel machine regression. This results support the 

fact that FPCA can summarize more information about the genetic effect on growth curve 

than any three parameters from SITAR model.  

Unlike the SITAR model which has an explicit representation of three parameters, effect 

of DMR on the FPC scores are not easy to interpret. However, by the strength of function 

eigen factors, we can also map the genetic effect directly onto the growth trajectories and 

explicitly demonstrate the causal effect on the complete growth curve. 
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Figure 3.1: Complete growth curve from age 0 to age 20 

Dense grid measured growth curve from age 0 to age 20. 
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Figure 3.2: Complete growth curve from age 0 to age 3 

Dense grid measured growth curve from age 0 to age 3. 
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Figure 3.3: Sparse growth curves with 𝑚 = 14 

The sparse growth curve, from age 0 to age 3. And the average observation for each 

individual is 14 which is similar to NEST data set. 
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Figure 3.4: Sparse growth curves with 𝑚 = 5 

The extreme sparse growth curve, from age 0 to age 3. And on average, only five 

measurements are observed for each individual. 
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Table 3.1: Percentage of success simulation repeats of SITAR when 𝑚 = 14 

𝛾 

Effect 

size 

Total 

repeat 
Complete Converge 

Complete 

rate 
Converge rate|Complete 

0 250 244 128 0.976 0.525 

0.03 250 245 136 0.980 0.555 

0.06 250 243 154 0.972 0.634 

0.09 250 242 154 0.968 0.636 

0.12 250 235 151 0.940 0.643 

0.15 250 224 136 0.896 0.607 

 

 

 

Table 3.2: Percentage of success simulation repeats of SITAR when 𝑚 = 5 

𝛾 
Effect 

size 

Total 

repeat 
Complete Converge 

Complete 

rate 
Converge rate|Complete 

0 250 238 126 0.952 0.529 

0.03 250 243 146 0.972 0.601 

0.06 250 237 153 0.948 0.646 

0.09 250 240 155 0.960 0.646 

0.12 250 236 132 0.944 0.559 

0.15 250 230 150 0.920 0.652 
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Figure 3.5: Power plot between FPC-Kernel machine and SITAR-Kernel machine regression 

with 𝑚 = 14 
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Figure 3.6: Power plot between FPC-Kernel machine and SITAR-Kernel machine regression 

with 𝑚 = 5 
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Chapter 4 

On the Substructure Controls in Rare 

Variant Analysis --- Principal 

Components or Variance 

Components? 
 

4.1. Introduction 

With the advance of next generation sequencing, rare variants association study has 

emerged as an important paradigm for mapping human complex traits. Recent studies have 

revealed that the impact of population substructure can be more complex on rare variants 

(RVs) than on common variants (CVs) (Mathieson, 2012; Moore, 2013; Nelson, 2012; 

O’Connor, 2013; The 1000 Genomes Project Consortium, 2012; Zawistowski, 2014), and 

dealing with population substructure is indispensable for RV testing (Cardon, 2003; Kang, 

2010). Compared to CVs, RVs have relatively short evolutionary history and are more 

geographically localized or even private to specific subpopulations. For example, even in 

Europe, there is a gradient in diversity from southern to northern Europe (Mathieson, 2012; 

Nelson, 2012; The 1000 Genomes Project Consortium, 2012). Many works have explicitly 

quantified the degree of inflation under various simulated scenarios (e.g., Mathieson, 2012; 

Wang, 2014) and in real data (e.g., Hoffman, 2014; Nelson, 2012; Wang, 2014) and showed 

that the degree of inflation is more severe in RVs than in CVs. Furthermore, RV studies 
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require large sample sizes, for which multiethnic samples start to gain attractions in 

association studies of RVs (Haiman, 2013). 

Recent studies reach different conclusions about if the correction methods designed for 

CVs can effectively account for population substructures in RV studies (e.g., Babron, 2012; 

Baye, 2011; Jiang, 2013; L. Liu, 2013; Q. Liu, 2013; Zhang, 2013). By focusing on the 

principal component (PC)-based methods (A L Price, 2006), it is noted that the correction 

performance depends on (i) the types of collapsing methods (Q. Liu, 2013; Zawistowski, 

2014) e.g., burden-based methods (Asimit, 2012; Li, 2008; Madsen, 2009; Morgenthaler, 

2007; Morris, 2010; Alkes L Price, 2010) or similarity-based methods such as the 

Sequencing Kernel Association Test (SKAT) (Wu, 2011) and others (Tzeng, 2011, 2014; G. 

Zhao, 2015); (ii) the degree of complication of the substructures (Q. Liu, 2013; Mathieson, 

2012); (iii) the number of variants collapsed (Q. Liu, 2013; Mathieson, 2012; Zawistowski, 

2014). In addition, it is also not clear which types of variants (e.g. RVs or CVs or both) 

should be used to capture the subtle substructure of RVs (Babron, 2012; L. Liu, 2013) and 

how many PCs should be used to sufficiently remove the confounding caused by population 

substructure (Babron, 2012; L. Liu, 2013; Q. Liu, 2013; Mathieson, 2012). It has been 

suggested that for simple stratifications (e.g., two continental groups), top few PCs based 

(e.g., 5~10) on CVs can effectively account for population substructures (L. Liu, 2013; Q. 

Liu, 2013; Zhang, 2013). For regional and complex substructures, many PCs (20~100 PCs) 

are required to remove the inflation induced by population substructures (Mathieson, 2012).  
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Besides the PC based approaches, there are also variance component (VC) based 

approaches for adjusting for population substructures, e.g., Kang, 2010; Lippert, 2011; 

Schaid, 2013; Thornton, 2010. Instead of including the PCs as covariates, VC correction 

methods account for the substructure effect by empirically estimating the genealogical 

relatedness based on whole genome sharing information. For association studies of CVs, VC 

correction methods are known to perform better than PC-based approaches when populations 

have subtle and complex substructures and be applicable in a wide range of substructures, 

including continental to regional stratification, admixture, and cryptic relatedness (Kang, 

2010). Nevertheless, only a few studies discussed the use of VC correction methods in RV 

analysis (Babron, 2012; Listgarten, 2013; Mathieson, 2012) and majority of these studies are 

under the context of burden tests. It is suggested that VC based correction for burden test can 

effectively correct for the inflations caused by complex confounding structure while give 

maximum power among all controlling methods (Listgarten, 2013). 

Recent work has suggested that similarity-based RV tests (e.g., SKAT) may suffer more 

severe impact by population substructure than burden-based RV tests (Q. Liu, 2013; 

Zawistowski, 2014). However, the performance of PC vs. VC correction methods has not 

been comprehensively examined for similarity-based RV tests. In this work, we aim to 

evaluate the PC-based and VC-based correction methods for SKAT and provide practical 

guidelines on the population substructure control for RV testing. Specifically, we implement 

the VC based correction approaches under the framework of SKAT (referred to as SKAT-

VC) and compare their performance with SKAT incorporating PC covariates (referred to as 

SKAT-PC). We consider a variety of confounding effects ranging from stratification, 
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admixture and geographically distributed non-genetic risk; we consider COSI simulated 

sequence data and real sequence data from CoLaus samples (Caucasians residents of 

Lausanne, Switzerland (Firmann, 2008)).  We investigate the effectiveness of using CVs 

(minor allele frequency (MAF)>5%), RVs (MAF<1%), less frequent variants (LFVs; 

1%≤MAF≤5%), and all variants (AVs; including RVs, LFVs, and CVs) in reconstructing the 

substructures under each scenario and correcting for the inflation.  

Our findings suggest the follows. First, regarding PC vs. VC based methods for 

confounding adjustment, we find that PC performed well in most situations except for 

admixture, and VC performs satisfactorily in all scenarios. For PC based methods, the 

number of sufficient PCs depends on the complexity of the scenarios and the type of variants 

used; yet PCs based on AVs (i.e., CVs+LFVs+RVs) tend to require equal or fewer PCs to 

account for substructure confounding. For VC based methods, VC using AVs can account for 

substructure in all scenarios, but its power may be close to or lower than other valid 

correction methods. In practice, the best method among PCs vs VCs and which variants 

would depend on the confounding mechanisms. Given such mechanism is typically unknown 

in practice, we would suggest to consider performing SKAT RV tests using VC based on all 

variants. 

4.2. Methods 

Consider a study consisting of 𝑛 individuals indexed by𝑖 = 1,… , 𝑛. For individual 𝑖, let 

𝑌𝑖 be the trait value; 𝑋𝑖 be a vector of covariates excluding population substructures; 𝐺𝑖 be 

the design vector of 𝐿 SNPs in the gene region to be evaluated for association. Each element 
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of𝐺𝑖, denoted by 𝐺𝑖ℓ, corresponds to the minor allele count for individual 𝑖 at locus ℓ and 

takes values 0, 1 or 2. We also obtain the whole genome SNPs for each individual, using 

which we compute genetic relationship matrix (GRM) (Price et al. 2006; Yang et al. 2011) 

based on LD-pruned RVs, LFVs, CVs and AVs, and denote the corresponding GRMs as 

𝐾𝐺𝑅𝑀
𝑅𝑉 , 𝐾𝐺𝑅𝑀

𝐿𝐹𝑉 , 𝐾𝐺𝑅𝑀
𝐶𝑉  and 𝐾𝐺𝑅𝑀

𝐴𝑉 , respectively. Specifically, given a set of whole genome SNPs, 

e.g., the 𝑀LD-pruned CVs, we obtain GRM by first computing the normalized genomic 

design matrix 𝑍𝑛×𝑀 so that each locus has mean 0 and variance 1 for the genotypic value, 

and then get 𝐾𝐺𝑅𝑀
𝐶𝑉 = 𝑍𝑍𝑇/𝑀.  

In this paper, we use SKAT (Wu, 2011), a similarity-based test, to evaluate the 

association between traits and rare variants and account for population substructure by two 

different methods: SKAT-PC and SKAT-VC. In SKAT-PC method, we treat substructure as 

fixed effects and account for its effects by including the top PCs of a particular 𝐾𝐺𝑅𝑀
𝑣  

obtained from eigensoft (A L Price, 2006), with 𝑣 ∈ {𝑅𝑉, 𝐿𝐹𝑉, 𝐶𝑉, 𝐴𝑉}.In SKAT-VC 

method, we treat substructure as random effects and account for the substructure-induced 

relatedness by including a particular 𝐾𝐺𝑅𝑀
𝑣  as the variance-covariance matrix for the 

substructure effects. Below we briefly describe each of the methods.   

4.2.1. SKAT-PC method 

For continuous traits, the SKAT-PC model has the form of  

𝑌𝑖 = 𝑋𝑖𝛽 + 𝑋𝑃𝐶,𝑖𝛽𝑃𝐶 + ℎ(𝐺𝑖) + 𝜖𝑖, 

where 𝑋𝑃𝐶,𝑖 the 𝑞×1 vector of the top 𝑞 PC scores based on a certain 𝐾𝐺𝑅𝑀
𝑣  for subject 𝑖 (and 

𝑣 ∈ {𝑅𝑉, 𝐿𝐹𝑉, 𝐶𝑉, 𝐴𝑉}) obtained by eigensoft (A L Price, 2006); 𝛽 and 𝛽𝑃𝐶 are the 
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coefficient vectors for the covariates and population substructures, respectively; ℎ(𝐺𝑖) is the 

genetic effect for individual 𝑖; and 𝜖𝑖 is the random error with 𝑁(0, 𝜎2). As in the standard 

kernel machine framework, the genetic effect is modeled using random effects, i.e., ℎ𝑇 ≡

[ℎ(𝐺1),⋯ ℎ(𝐺𝑛)]~𝑀𝑉𝑁(0, 𝜏𝐺K𝐺), where 𝜏𝐺 is an unknown variance component and 𝐾𝐺 is 

the 𝑛×𝑛 similarity matrix based on 𝐺𝑖 and 𝐺𝑗. The (𝑖, 𝑗) entry of 𝐾𝐺 records the similarity 

between subjects 𝑖 and 𝑗 and is defined using a pre-specified kernel function 𝑘𝐺(⋅,⋅) based on 

the 𝐿 variants in the gene, i.e., 𝑘𝐺{𝑖, 𝑗} = 𝑘𝐺(𝐺𝑖, 𝐺𝑗). In this article, we use the weighted 

linear kernel function 𝑘𝐺(𝑖, 𝑗) = ∑ 𝑤ℓ𝐺𝑖,ℓ𝐺𝑗,ℓ
𝐿
ℓ=1 , where 𝑤ℓ =

𝑤ℓ
′

∑ 𝑤ℓ′
𝐿
ℓ=1

 with the default weight 

function 𝑤ℓ
′ = (1 −𝑀𝐴𝐹ℓ)

24. The association between trait and gene can be examined by 

testing for 𝐻0: 𝜏𝐺 = 0vs.𝐻𝑎: 𝜏𝐺 ≠ 0, and the corresponding score test statistic is  

𝑇𝑃𝐶 =
1

2𝜎2
𝑌𝑇𝑃1𝐾𝐺𝑃1𝑌|𝜎2=�̂�2, 

where 𝑃1 = 𝐼 − �̃�(�̃�𝑇�̃�)
−1
�̃�𝑇, �̃� = (𝑋, 𝑋𝑃𝐶)and �̂�2 is the moment estimator for 𝜎2 under 

𝐻0:𝜏𝐺 = 0. The test statistic 𝑇𝑃𝐶 follows a weighted 𝜒1
2 distribution. 

4.2.2. SKAT-VC method 

For continuous traits, the SKAT-VC model has the form of  

𝑌𝑖 = 𝑋𝑖𝛽 + 𝑏𝑖 + ℎ(𝐺𝑖) + 𝜖𝑖, 

where the terms are defined as in SKAT-PC model, except that 𝑏𝑖 is the substructure random 

effects for subject 𝑖, and 𝑏 = [𝑏1, ⋯ , 𝑏𝑛]
𝑇~MVN(0, 𝜏𝑅𝐾𝐺𝑅𝑀

𝑣 )with 𝑣 ∈ {RV, LFV, CV, AV}. 

Compared to the SKAT-PC method, here an additional variance component of population 

substructure 𝜏𝑅 is introduced. Consequently, the score test statistic for 𝐻0: 𝜏𝐺 = 0 is 
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𝑇𝑉𝐶 =
1

2
𝑌𝑇𝑃2𝐾𝐺𝑃2𝑌|𝜏𝑅=�̂�𝑅,𝜎2=�̂�2 , 

where 𝑃2 = 𝑉𝐺
−1 − 𝑉𝐺

−1𝑋(𝑋𝑇𝑉𝐺
−1𝑋)−1𝑋𝑇𝑉𝐺

−1; 𝑉𝐺 = 𝜏𝑅𝐾𝐺𝑅𝑀
𝑣 + 𝜎2𝐼, and (�̂�𝑅 , �̂�

2) are the 

restricted maximum likelihood (REML) estimates under 𝐻0:𝜏𝐺 = 0. The test statistic 𝑇𝑉𝐶 

approximately follows a weighted 𝜒1
2 distribution, i.e., ∑ 𝜆𝑗𝜒1

2
𝑗 , where 𝜆𝑗 are the nonzero 

eigenvalues of 
1

2
𝑉𝐺

1

2𝑃𝐾𝐺𝑃𝑉𝐺

1

2. 

4.3. Design of Comparative Study  

We consider two simulation studies with different scenarios of substructure confounding 

to evaluate the performance of SKAT-PC and SKAT-VC. The first simulation, referred to as 

COSI simulation, is based on the simulated sequence data using software package COSI 

(COalescent SImulation) (Schneider, 2000). The second one, referred to as CoLaus 

simulation, is based on the real sequence data obtained from CoLaus (Cohorte Lausannoise) 

sequencing study (Firmann et al., 2008; Song et al., 2011). We describe the specific design 

for each simulation study below. 

4.3.1. COSI Simulation 

In COSI simulation, we use COSI (Schneider, 2000) to generate sequence data for a 

1Mb region for 10K European haplotypes, 10K African haplotypes and 10K admixture of 

European and African haplotypes based on the coalescent model that mimics the 

corresponding population history. To create a stratified population, we first focus on the 

African haplotypes and European haplotypes. We randomly sample 2000 haplotypes from 

each haplotype population with replacement and form the genotypes of 1000 European 
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individuals and 1000 African individuals. A total of 21621 polymorphic SNPs are obtained, 

including 3558 CVs, 2555 LFVs and 15508 RVs. We evenly partition the 21621 SNPs into 

500 genes, with an average of 43 SNPs per gene.  

To generate admixture population, we randomly sample 4000 haplotypes with 

replacement from the admixture haplotypes and form 2000 individuals with admixed 

European and African ancestry. And total of 16571 polymorphic SNPs (with 3907 CVs, 2427 

LFVs and 10237 RVs) are evenly partitioned into 500 genes.  

Next, we simulate trait values based on the ancestry background and causal rare 

variants. We then perform gene-based SKAT tests on the RVs of every gene. Specifically, 

given the COSI simulated genotypes of individual 𝑖, we simulate trait value 𝑌𝑖based on their 

genotypes from Normal(𝜇𝑖, 1) with 𝜇𝑖 = 𝛽0 + 𝛽𝑃𝑆𝑋𝑃𝑆,𝑖 + ∑ 𝑟ℓ𝐺𝑖ℓ,
𝐿
ℓ=1  where 𝑋𝑃𝑆,𝑖 is the 

ancestry of individual 𝑖 as defined below, 𝛽𝑃𝑆is the population substructure effect, 𝐺𝑖ℓ is the 

minor allele count of locus ℓ, and𝑟ℓ = 𝛾×|logMAFℓ| if SNP ℓ is causal and is 0 otherwise. 

We consider three scenarios: (i) stratification (𝛽𝑃𝑆 ≠ 0), where we have 1000 individuals 

from European population with 𝑋𝑃𝑆,𝑖 = 1, and 1000 individuals from African population 

with 𝑋𝑃𝑆,𝑖 = 0; (ii) admixture (𝛽𝑃𝑆 ≠ 0), where we have 2000 individuals from the African-

European admixture population with 𝑋𝑃𝑆,𝑖 being the proportion of European ancestry; and 

(iii) no confounding from population substructure (𝛽𝑃𝑆 = 0), i.e., phenotypes were 

independent of ancestry. We set 𝛽𝑃𝑆 as -1 for (i) and -20 for (ii), which lead to detectable 

confounding effects caused by substructure. 

4.3.2. CoLaus Simulation 
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The CoLaus simulation, conducted based on the GWAS and target sequencing data of 

the Cohorte Lausannoise (CoLaus) cohort, allows us to investigate the impact of substructure 

based on realistic population substructures in Europe. The CoLaus GWAS study (Firmann, 

2008) contains SNPs data from 500K Affimetrix chips for a cohort of 6188 Caucasians 

residents of Lausanne, Switzerland, aged 35-75 years old. The CoLaus sequence study 

(Nelson, 2012; Song, 2011) contained targeted sequence data for 202 genes (11839 loci) for 

2000 of the 6188 subjects. We focus on the 1769 subjects that have both GWAS and 

sequence SNPs, use MACH to impute the missing genotypes, and obtain 442,171 loci. These 

SNPs include 340,973 CVs, 40,006 LFVs and 61,192 RVs. We perform the gene-based tests 

on the RVs of the 202 genes. 

For each individual, the birth place information of the four grandparents is also 

available. Among the 1769 subjects, ~50% have all four paternal and maternal grandparents 

born in Switzerland, about 7%, 6.6%, 5%, and 5% with all four grandparents born in Italy, 

Portugal, Spain, and France, respectively. The remaining subjects (~ 500 subjects) had 

grandparents born in same or different countries in Europe.  

When simulating confounding effects, we adopt the design of Mathieson and McVean 

(2012), which considers a non-genetic risk factor that follows a certain spatial distribution 

and the spatial distribution correlates with the population substructure. To apply this design 

on the CoLaus samples, we make the following modifications: First, we use the birth places 

of the four grandparents to define an individual’s “location”; such set-up allows us to 

introduce a natural correlation between the population substructure and the spatial 
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distribution of the non-genetic risk factor. Second, we set Portugal and Spain as the 

geographic origin of the non-genetic risk factor, and consider a discrete risk distribution and 

a continuous risk distribution of the non-genetic factor. In the data, there are ~11.6% of 

CoLaus individuals with all four grandparents born in Portugal or Spain. We simulate 𝑌𝑖 

based on the distance between the birth places of the four grandparents of individual 𝑖 and 

the risk center (Portugal and Spain), i.e., 𝑌𝑖~ Normal(𝜇𝑖, 1) with 𝜇𝑖 = 𝛽𝐵𝑃𝑋𝐵𝑃,𝑖 +

∑ 𝑟ℓ𝐺𝑖ℓ
𝐿
ℓ=1 , where 𝑋𝐵𝑃,𝑖 indicates the birth places of the grandparents of individual 𝑖 (as 

defined below); 𝛽𝐵𝑃 is the confounding effect; 𝐺𝑖ℓ and 𝑟ℓ are the same as defined in COSI 

simulation. In Scenario (i), we let the non-genetic risk have a discrete spatial distribution. To 

do so, we set 𝛽𝐵𝑃 > 0 and 𝑋𝐵𝑃,𝑖 equal to the number grandparents born in Spain or Portugal 

for subject 𝑖. In Scenario (ii), we let the non-genetic risk have a continuous spatial 

distribution. Besides letting 𝛽𝐵𝑃 > 0, we define 𝑋𝐵𝑃,𝑖 using the following procedure: First, 

define a risk origin at geographic coordinate (39.75, -6) (i.e., latitude 39.75N and longitude 

6W, the average coordinate of Spain and Portugal). Next, we obtain the geographic 

coordinate of the birth place for Grandparent 𝑘 (𝑘 = 1,⋯ ,4) of Subject 𝑖, denoted by 

(𝐴𝑖𝑘, 𝑂𝑖𝑘), and calculate the distance to the high-risk origin, i.e., 𝑑𝑘𝑖 =

√(𝐴𝑘𝑖 − 39.75)2 + [𝑂𝑘𝑖 − (−6)]2 for Grandparent 𝑘. Finally, for Subject 𝑖,we compute 

𝐷𝑖 =
1

4
∑ 𝑑𝑘𝑖
4
𝑘=1 , i.e., the average distance among the four grandparents to the risk origin and 

set 𝑋𝐵𝑃,𝑖 = (𝐷𝑖 − �̅�)/𝑠𝐷, where �̅� and 𝑠𝐷 are the mean and standard deviation of 𝐷1, ⋯ , 𝐷𝑛, 

respecitively. The resulting 𝑌𝑖 has a larger value if the grandparents of Subject 𝑖were born 

near the high-risk origin. We also consider Scenario (iii) of 𝛽𝑃𝑆 = 0, i.e., no confounding 
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caused by the non-genetic risk factor. We set 𝛽𝑃𝑆 = 5 for (i) and 10 for (ii), which lead to 

detectable confounding effects. 

4.4. Evaluation of the performance of SKAT-PC and SKAT-VC 

We evaluate the type I error rates and power of the gene-based RV test using SKAT-PC 

and SKAT-VC. The tests are performed on RVs for each of the 500 genes in COSI 

simulation and for each of the 202 genes in CoLaus simulation. We adjust the population 

substructure using PC or VC method, based on RVs, LFVs, CVs, or AVs. An ideal method 

would be able to correct for inflation caused by the confounding effects while retain a high 

power to detect association signal of the causal rare variants.  

For type I error analysis, we set 𝛾 = 0(i.e., no effect of the causal RVs). For a certain 

SKAT-PC/-VC method, we collect the p-values from all genes, and compare its distribution 

with the expected p-value distribution of no genetic effect (i.e., Uniform(0,1)) using quantile-

quantile plots (QQ plots). In the QQ plot, if the dots fall along the 45 degree line, it indicates 

the observed distribution agrees with the expected distribution. To permit a visual inspection 

of major deviations, we shade the 95% confidence band of the 45 degree line as the 

“allowable” zone, and an empirical distribution that follows outside the shaded area would 

imply major deviation from the expected null distribution. We note that this confidence band 

only serves as a coarse criterion to detect gross deviations from the expected distribution. We 

repeat the process 10 times and present the QQ plots averaged over the 10 replications as did 

in Mathieson and McVean (2012). In addition, we also report the type I error rate at nominal 

level 0.05, which is the proportion of rejection among all genes, averaged over the 10 
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replications. We perform statistical tests to examine if the empirical type I error rate is 

significantly larger from 0.05. 

For power analysis, we randomly select a causal gene and set 𝛾 > 0 for the causal gene. 

We report the power results only for those methods that yield correct type I error rates. For 

those methods whose type I error rates are not significantly larger than 0.05, we conduct 200 

replications and compute the power as the proportion of rejection among the 200 replications. 

4.5. Results 

4.5.1. COSI Simulations (Figures 4.1 and 4.2; Table 4.2) 

Under the scenario of no confounding (Table 4.1a; Figure 4.1 top row), both SKAT-PC 

and SKAT-VC have reasonable performance, regardless of the types of variants used to 

construct PCs and VCs (i.e., RVs, LFVs, CVs or AVs). The dots in the QQ plots fall within 

the shaded area, and the type I error rates are not significantly higher than 0.05.  

For power (Figure 4.2 top row), SKAT-VC has similar power as SKAT-0PC (i.e., no 

substructure adjustment) regardless which types of variants are used for obtaining VCs. 

Though not very obvious, the power of SKAT-PC tends to drop when more PCs are 

included. 

Under the scenario of stratification (Table 4.1b; Figure 4.1 middle row), the ability of 

SKAT-PC and SKAT-VC to correct for the confounding effect depends on the types of 

variants used to estimate substructure. For SKAT-PC, the number PCs required increases 

when rarer variants are used, e.g., SKAT-PC based on RVs requires 100 PCs while SKAT-

PC based on AVs only requires 10 PCs. On the other hand, the power of SKAT-100PC-RV 
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does not seem to suffer power loss comparing to that of SKAT-100PC-AV.  For SKAT-VC, 

using AVs, CVs, and LFVs can correct for stratification, but using RVs cannot. For power of 

those methods that can effectively correct confounding (Figure 4.2 middle row), SKAT-VC-

LFV (power = 0.76), SKAT-VC-AV (power = 0.73) and SKAT-100PC-RV (power = 0.75) 

have the highest power.  

Under the scenario of admixture (Table 4.1c; Figure 4.1 bottom row), SKAT-PC with 

even 100 PCs cannot correct for the substructure effect regardless which types of variants are 

used. SKAT-VC works well with RVs and AVs, though SKAT-VC-AV appears to have 

better performance (e.g., type I error rate closer to 0.05). The power of SKAT-VC-RV is 

higher than and SKAT-VC-AV, which might be partially due to the slightly higher type I 

error rate of SKAT-VC-RV (though all are not significantly higher than 0.05). 

4.5.2. Colaus Simulations (Figures 4.3 and 4.4; Table 4.2) 

Under the scenario of no confounding (Table 4.2a; Figure 4.3 top row), both SKAT-PC 

and SKAT-VC have reasonable performance ---the dots of QQ plot all fall within the shaded 

area and the type I error rates are not significantly higher than 0.05. For power (Figure 4.3 

top row), all methods have similar values comparing to no correction (i.e., SKAT-0PC). 

When the non-genetic risk has a discrete spatial distribution (Table 4.2b; Figure 4.3 

middle row), both SKAT-PC and SKAT-VC can correct for the confounding effect, though 

certain types of variants have to be used for SKAT-VC while all types of variants works for 

SKAT-PC. For SKAT-PC, only 10 PCs are sufficient to capture the confounding effect 

regardless which types of variants are used. On the other hand, SKAT-VC works except for 
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SKAT-VC-CV, for which the dots in QQ plot fall out of shaded area around the 45-degree 

line and the empirical type I error rate is significantly higher than 0.05. For power analysis 

(Figure 4.4 middle row), SKAT-PC-AV has the highest power, followed by SKAT-PC-RV 

and SKAT-VC-RV. Except for RVs, SKAT-VC tends to have lower power than SKAT-PC. 

When the non-genetic risk has a continuous spatial distribution (Table 4.2c; Figure 4.3 

bottom row), both SKAT-PC and SKAT-VC can correct for the confounding effect 

regardless which types of variants are used. For SKAT-PC, 10PCs are sufficient to correct 

for confounding. For power analysis (Figure 4.4 bottom row), SKAT-100PC-AV (power = 

0.83), SKAT-50PC-AV (power = 0.81) and SKAT-VC-RV (power = 0.80) have the highest 

power. SKAT-VC tends to have lower power than SKAT-PC except for with RVs.  

In summary, when the confounding effects is caused by non-genetic risk whose spatial 

distribution is related to substructure, SKAT-PC can adjust for the confounders with just 10 

PCs regardless of which types of variants used. The power of SKAT-PC based on AVs tend 

to be the highest. SKAT-VC can correct for the inflation except when CVs are used; SKAT-

VC yields lower power than SKAT-PC except when RVs are used. 

4.6. Discussion 

Focusing on SKAT RV tests, we evaluate the performance of PC-based and VC-based 

methods for correcting inflation caused by confounders related to substructure. We consider 

simulated and real sequence data, and confounding caused by population stratification, 

population admixture, and spatially distributed non-genetic factors. We found that these 

correcting methods developed for CV association analysis can work for RV analysis. 



68 

 

 

Specifically, SKAT-PC can correct for the substructure-related confounders in all scenarios 

investigated in this work except for admixture populations; and SKAT-VC is capable to 

correct for confounding effects in all scenarios. However, which variants to use in order to 

reach effective correction depend on the specific scenarios, and for SKAT-PC, it would also 

depend on the number of PCs included. Overall speaking, for SKAT-PC, using AVs often 

require less number of PCs and yield reasonable (although SKAT-PC cannot adjust for 

admixture effects regardless which variants are used to construct PCs). For SKAT-VC, VC-

RV offers reasonable inflation control and yields the highest power, but VC-RV failed to 

work in simple stratification. VC-AV appears to be the optimal strategy because it can adjust 

for confounding effects in all scenarios investigated in this work, although sometimes it may 

have less power compared to its PC counterpart (such as in the scenario of spatially 

distributed confounders in the CoLaus simulations). Given the underlying confounding 

sources is often unknown in a prior, SKAT-VC using AVs would serve as a more reliable 

strategy to adjust for substructure-related confounding effects. 

4.6.1. PC vs. VC 

VC based methods treat the population substructure as random effect and it is known to 

be able to correct inflation caused by complex confounding even when PC methods failed 

(Listgarten, 2013). In our study, we see that SKAT-VC can correct for the inflation caused by 

both stratification and admixture and achieve higher power than SKAT-PC. On the other 

hand, when the inflation is caused by spatially confined non-genetic confounders, we see that 

both SKAT-VC (except for SKAT-VC-CV) and SKAT-PC provide effective adjustment, and 

SKAT-PC tend to have higher power than SKAT-VC. The results agree with the observation 
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of Zhang and Pan (2014). Focusing on CV association tests with PC and VC constructed 

using CVs, Zhang and Pan (2014) investigate the ability of PC and VC methods in adjusting 

for spatially distributed non-genetic confounders. They found that (i) PCs can more 

effectively adjust for the confounding effects than VCs because top PCs of genetic variants 

can represent geographic coordinates (Wang, 2012; Zhang, 2014); and (ii) VC based on CVs 

may fail to correct for the confounding effects in CV association tests. Besides reaching 

similar conclusions as theirs in RV association tests, we also found that in RV tests, if AVs 

are used to correct for potential confounding effects, VC-AV methods can successfully adjust 

for spatially distributed confounders, and PC-AV methods can achieve higher power than PC 

methods using other types of variants. 

4.6.2. Which variants to use to obtain PC and VC 

Several works investigated the performance of PC-based correction methods under 

stratified populations (L. Liu, 2013; Q. Liu, 2013; Zhang, 2013, 2013). While some found 

that using RVs to construct PCs can be more effectively adjust for inflation (Q. Liu, 2013), 

most found that using CVs or AVs to construct PCs would be more effective (Q. Liu, 2013; 

Zhang, 2013, 2013). Our results in general agree with the latter, i.e., using AVs to construct 

PCs provided more effective adjustment (i.e., requiring fewer number of PCs) than RVs for 

inflation caused by stratification (though the power of PC-AV is similar to PC-CV but lower 

than PC-RV). We also observed that for confounding caused by spatially distributed non-

genetic risk factor, PC based AVs would provide the most effective adjustment and efficient 

(i.e., yielding highest power) than PCs based on other types of variants. As pointed out by 

Zhang et al. (2013), although RVs were more likely to cluster in a few subpopulations, most 
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RVs were not population specific. In contrast, CVs and LFVs were subgroup specific, which 

may lead to a better adjusting performance under stratified population. 

For VC based methods, VC-AV can provide the most reliable performance across all 

scenarios, including admixed population (where all PC methods failed), stratified population 

(where VC-RV failed), and discrete distributed non-genetic risk factor (where VC-CV 

failed). VC-AV have the highest power among all PC and VC methods in stratified 

populations; yet it does not yield the highest power under the scenarios of non-genetic 

confounders. On the other hand, VC-RV, though fails in stratified population, provides 

satisfactory adjusting performance in all other scenarios and yields the highest power among 

all PC and VC methods. This observation is not unexpected according to the results of Q. 

Liu, 2013, though their evaluation focused on SKAT-PC while we focus on SKAT-VC.   

In conclusion, it has been noticed that similarity-based association test of rare variants, 

such as SKAT, which can accommodate a mixture of risky and protective variants in a gene, 

can also be more vulnerable to substructures than burden based test (Zawistowski, 2014). 

Our work may help to provide some guidance of selecting correction methods for SKAT RV 

tests. First, we would suggest to use AVs to obtain PCs or VCs to achieve effective 

correction and reasonable power across various scenarios. Second, depends on the 

complexity of population substructure and the type of variants used, the minimum number of 

PCs required varies from 10 to 100, though 10 PCs are often sufficient for SKAT-PC if AVs 

are used to construct PCs in the scenarios explored in this study. Third, when population 

substructure becomes more complex such as admixture or localized structure, SKAT-VC 
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would be preferred. Overall, given the underlying confounding mechanism is not known in a 

priori, SKAT-VC based AVs would be the most robust correction method. 
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Figure 4.1: QQ plots of p-values under no genetic effects for COSI simulations  
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Figure 4.2: Power and type I error rates for COSI simulations  
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Figure 4.3: QQ plots of p-values under no genetic effects for Colaus simulations 
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Figure 4.4: Power and type I error rates or Colaus simulations 
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Table 4.1: Type I error rates 𝜋 (and p-values* in parentheses) in COSI study 

a. No population substructure 

 0PC 10PC 50PC 100PC VC 

RV 
0.0480 

(>0.1) 

0.0440 

(>0.1) 

0.0480 

(>0.1) 

0.0500 

(>0.1) 

0.0480 

(>0.1) 

LFV 
0.0480 

(>0.1) 

0.0460 

(>0.1) 

0.0420 

(>0.1) 

0.0440 

(>0.1) 

0.0480 

(>0.1) 

CV 
0.0480 

(>0.1) 

0.0440 

(>0.1) 

0.0480 

(>0.1) 

0.0500 

(>0.1) 

0.0480 

(>0.1) 

AV 
0.0480 

(>0.1) 

0.0460 

(>0.1) 

0.0440 

(>0.1) 

0.0460 

(>0.1) 

0.0480 

(>0.1) 

b. Stratified population 

 0PC 10PC 50PC 100PC VC 

RV 
0.5020 

(<0.0001) 

0.2560 

(<0.0001) 

0.0820 

(0.0005) 

0.0620 

(>0.1) 

0.1460 

(<0.0001) 

LFV 
0.5020 

(<0.0001) 

0.0780 

(0.0020) 

0.0640 

(0.0754) 

0.0580 

(>0.1) 

0.0660 

(0.0503) 

CV 
0.5020 

(<0.0001) 

0.0640 

(0.0754) 

0.0500 

(>0.1) 

0.0520 

(>0.1) 

0.0500 

(>0.1) 

AV 
0.5020 

(<0.0001) 

0.0580 

(>0.1) 

0.0460 

(>0.1) 

0.0460 

(>0.1) 

0.0400 

(>0.1) 

c. Admixed population 

 0PC 10PC 50PC 100PC VC 

RV 
0.1620 

(<0.0001) 

0.1720 

(<0.0001) 

0.1660 

(<0.0001) 

0.1660 

(<0.0001) 

0.0640 

(0.0754) 

LFV 
0.1620 

(<0.0001) 

0.1640 

(<0.0001) 

0.1660 

(<0.0001) 

0.1460 

(<0.0001) 

0.1180 

(<0.0001) 

CV 
0.1620 

(<0.0001) 

0.1700 

(<0.0001) 

0.1620 

(<0.0001) 

0.1760 

(<0.0001) 

0.1380 

(<0.0001) 

AV 
0.1620 

(<0.0001) 

0.1740 

(<0.0001) 

0.1560 

(<0.0001) 

0.1440 

(<0.0001) 

0.0500 

(>0.1) 

*: The p-values are for testing 𝐻0: 𝜋 ≤ 0.05(i.e., a method can adjust for confounding 

effects) vs. 𝐻𝐴: 𝜋 > 0.05 (i.e., a method cannot adjust for confounding effects). Cells 

shown in grey are those methods that can successfully correct confounding effects.  
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Table 4.2: Type I error rates 𝜋 (and p-values* in parentheses) in C0Laus study 

a. No confounders 

 0PC 10PC 50PC 100PC VC 

RV 
0.0510 

(>0.1) 

0.0510 

(>0.1) 

0.0459 

(>0.1) 

0.0459 

(>0.1) 

0.0459 

(>0.1) 

LFV 
0.0510 

(>0.1) 

0.0510 

(>0.1) 

0.0459 

(>0.1) 

0.0459 

(>0.1) 

0.0510 

(>0.1) 

CV 
0.0510 

(>0.1) 

0.0459 

(>0.1) 

0.0510 

(>0.1) 

0.0510 

(>0.1) 

0.0510 

(>0.1) 

AV 
0.0510 

(>0.1) 

0.0510 

(>0.1) 

0.0459 

(>0.1) 

0.0408 

(>0.1) 

0.0459 

(>0.1) 

b. Non-genetic confounder with discrete spatial distribution 

 0PC 10PC 50PC 100PC VC 

RV 
0.1020 

(0.0004) 

0.0561 

(>0.1) 

0.0561 

(>0.1) 

0.0510 

(>0.1) 

0.0306 

(>0.1) 

LFV 
0.1020 

(0.0004) 

0.0459 

(>0.1) 

0.0510 

(>0.1) 

0.0510 

(>0.1) 

0.0714 

(0.0843) 

CV 
0.1020 

(0.0004) 

0.0612 

(>0.1) 

0.0612 

(>0.1) 

0.0612 

(>0.1) 

0.0918 

(0.0036) 

AV 
0.1020 

(0.0004) 

0.0612 

(>0.1) 

0.0561 

(>0.1) 

0.0459 

(>0.1) 

0.0459 

(>0.1) 

c. Non-genetic confounder with continuous spatial distribution 

 0PC 10PC 50PC 100PC VC 

RV 
0.0918 

(0.0036) 

0.0510 

(>0.1) 

0.0561 

(>0.1) 

0.0357 

(>0.1) 

0.0357 

(>0.1) 

LFV 
0.0918 

(0.0036) 

0.0510 

(>0.1) 

0.0510 

(>0.1) 

0.0510 

(>0.1) 

0.0561 

(>0.1) 

CV 
0.0918 

(0.0036) 

0.0357 

(>0.1) 

0.0408 

(>0.1) 

0.0408 

(>0.1) 

0.0714 

(0.0843) 

AV 
0.0918 

(0.0036) 

0.0459 

(>0.1) 

0.0459 

(>0.1) 

0.0306 

(>0.1) 

0.0408 

(>0.1) 

*: The p-values are for testing 𝐻0: 𝜋 ≤ 0.05(i.e., a method can adjust for confounding 

effects) vs. 𝐻𝐴: 𝜋 > 0.05 (i.e., a method cannot adjust for confounding effects). Cells shown 

in grey are those methods that can successfully correct confounding effects. 
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CHAPTER 5 

Conclusion and  

Future Work 
 

In this dissertation work, we focus on investigating the issues and developing the 

solutions for those encountered in studying the association between environmental, 

epigenetic/genetic risk factors and child health. 

In chapter 2, we adopted the quantile regression to explore the association of multiple 

nutrients with complete quantile spectrum of toxic metals. And we utilized the simultaneous 

confidence interval for the multiple test control on a dense grid of toxic metals quantiles. The 

advantages of quantile regression are that it does not have the equal variance assumption and 

can estimate the comprehensive association between the nutrients and any quantile of the 

toxic metals. The second advantage can help the reveal the complex association between the 

response and predictors, especially when the underlying biology mechanism is complicated, 

and the association may not be strictly linear. Moreover, our results also consistent with 

animal experiments that certain nutrients such as Fe, Cs, Se and folate can help to mitigate 

the toxic metals concentration.  

 In chapter 3, we proposed a new method to study the association between growth 

trajectory and genetic/epigenetic markers: Functional Principal Components Analysis – 

Kernel Machine Regression (FPCA-KM). We utilized the strength of functional principal 

components analysis to handle the sparse growth trajectory data and summarize it as the 
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scalar variables: functional principal components. In the downstream analysis, the functional 

principal components can be adopted into the powerful kernel machine regression framework 

to study the association between the association of a set of markers with growth trajectory. 

This method has the following advantage over then conventional method studying the growth 

pattern: 1) It investigate the whole trajectory instead of certain growth pattern; 2) It can 

handle the extreme sparse growth trajectory by borrowing the information from the 

population; 3) It provides a higher power to study the association between the marker set and 

growth trajectory. 

In Chapter 4, we investigated the critical issue of population substructure in rare variants 

association analysis. And we evaluated the performance of two population substructure 

correction methods: principal components (PC) based methods and variance components 

(VC) based methods. The evaluation was conducted in the same association test framework, 

a similarity based collapsing method): sequence kernel association test (SKAT)(Wu et al., 

2011). And 4 strategies to construct correction tool were also assessed, i.e. common variants, 

less frequent variants, rare variants, or all variants. We found that, for PC based correction 

methods, (i) they can account for population substructure in most scenarios except for 

admixture, though the number of sufficient PCs depends on the complexity of the scenarios 

and the type of variants used. (ii) PCs based on all variants (i.e., common + less frequent + 

rare variants) tend to require equal or fewer PCs to account for substructure confounding. For 

VC based correction methods, (i) they perform satisfactorily in all scenarios, even for 

admixture; (ii) VCs based on rare variants tend to provide the best power, but it does not 

work for simple stratification. On the other hand, VC based on all variants can account for 
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substructure in all scenarios, but may pay the price of some power loss comparing to the 

valid correction method with highest power. In conclusion, the best method among PCs vs 

VCs and which variants would depend on the underlying, unknown scenarios of substructure, 

among which the VC based correction methods using all variants would be a more robust 

choice. 

In summary, we identified some issues and developed solutions for those in studying the 

association between environmental, epigenetic/genetic risk factors and child health. There are 

more works to do in the future. First, we need to further investigate the comprehensive 

association of toxic metals mixture with birth weight which is an important health indicator 

for later health. Additional, with the strength of functional principal components analysis 

(FPCA), we can also treat the growth curve as a confounder and investigate the association 

between prenatal risk factors and early health disease which may not have strong signal 

especially when growth trajectory has the significant impact on those diseases and dominate 

the signal.  
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