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Abstract

Genes, including those with transgenerational effects, work in concert with behavioral, 

environmental, and social factors via complex biological networks to determine human health. 

Understanding complex relationships between causal factors underlying human health is an 

essential step towards deciphering biological mechanisms. We propose a new analytical 

framework to investigate the interactions between maternal and offspring genetic variants or their 

surrogate single nucleotide polymorphisms (SNPs) and environmental factors using family-based 

hybrid study design. The proposed approach can analyze diverse genetic and environmental 

factors and accommodate samples from a variety of family units, including case/control–parental 

triads, and case/control–parental dyads, while minimizing potential bias introduced by population 

admixture. Comprehensive simulations demonstrated that our innovative approach outperformed 

the log-linear approach, the best available method for case–control family data. The proposed 

approach had greater statistical power and was capable to unbiasedly estimate the maternal 

and child genetic effects and the effects of environmental factors, while controlling the Type I 

error rate against population stratification. Using our newly developed approach, we analyzed 
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the associations between maternal and fetal SNPs and obstructive and conotruncal heart defects, 

with adjustment for demographic and lifestyle factors and dietary supplements. Fourteen and 11 

fetal SNPs were associated with obstructive and conotruncal heart defects, respectively. Twenty­

seven and 17 maternal SNPs were associated with obstructive and conotruncal heart defects, 

respectively. In addition, maternal body mass index was a significant risk factor for obstructive 

defects. The proposed approach is a powerful tool for interrogating the etiological mechanism 

underlying complex traits.
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1 | INTRODUCTION

Human health and other complex traits are determined by a complex interaction between 

genetic, environmental, lifestyle, and other factors (Evans & Stoddart, 1990; Hunter, 

2005). On one hand, DNA is the blueprint for life; genes provide a set of instructions 

for growth and development, governing the particular physiology and anatomy of an 

individual (Committee on Evaluation of Children’s Health, 2004). It is clear that inherited 

genetic variation contributes to the pathogenesis of disease both directly and indirectly 

(Hernandez & Blazer, 2006). On the other hand, the influence of genes always exists 

within an environmental context; genetic makeup alone can seldom determine a phenotype, 

only the potential for expression of the phenotype in response to a particular lifestyle 

and environment (Meaney, 2010). Genes, behavior, physical environment, and social 

environment form a complex system that regulates the occurrence of disorders by acting 

on a biological network with many interwoven pathways such that each factor does not 

necessarily influence health in a deterministic way (Newacheck et al., 2006). Furthermore, 

parental genotypes may act in concert with individual’s inherited genotype to confer 

phenotypic variation via various mediating mechanisms including epigenetic modulation; 

supplying messenger RNA, hormones, and proteins essential for fetal development; and 

the maternal environment (Fowden & Moore, 2012; Keverne, 2015; Sferruzzi-Perri et al., 

2016), leading to parent-of-origin effects and/or transgenerational genetic effects (Lawson 

et al., 2013; Nadeau, 2009; Peters, 2014; Reik & Walter, 2001; Youngson & Whitelaw, 

2008). Maternal effects, the causal influence of the maternal genotype or phenotype on the 

offspring phenotype, are one of the most important subcategories of parent-of-origin effects 

(Wolf & Wade, 2009). The significant role of maternal effects on the phenotype of the 

offspring has been well documented (Casellas et al., 2009; Jarvis et al., 2005; Mousseau 

& Fox, 1998; Thomas et al., 1994); this role is particularly true for structural birth defects 

and other congenital conditions (Hackshaw et al., 2011; Lee et al., 2005; Lupo et al., 2014). 

In addition, increasing evidence also supports the “developmental origins of health and 

disease” concept that processes acting in early life may have long-lasting effects on health 

in adulthood (Gluckman & Hanson, 2004). Thus, mechanisms underlying human health 

and disease are quite complex. Identifying the interactive causal factors involved in human 

health and disease is the first step towards deciphering the biological mechanism and will 
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lay the scientific foundation for precision medicine, helping promote preventive care and 

decrease morbidity and mortality.

Genetic association studies that aim to detect direct or proxy nonrandom coexistence 

between one or more genetic polymorphisms and a trait of interest are powerful tools for 

dissecting the genetic architecture and elucidating the roles of genetic determinants (Cordell 

& Clayton, 2005). Genetic associations may be tested using either unrelated individuals, 

family-based samples, or a mixture of both. Family-based designs are a common choice 

because of unique advantages and the capability for controlling population stratification, 

investigating parent-of-origin effects, quantifying shared environmental effects, and testing 

both linkage and association (Laird & Lange, 2006; Ott et al., 2011). Popularly used 

analytical methods for family-based association studies fall into four categories. The first 

category includes the transmission/disequilibrium test (TDT; Ewens & Spielman, 1995; 

Ott, 1989; Spielman & Ewens, 1996; Spielman et al., 1993), an application of McNemar’s 

χ2 test (McNemar, 1947), and its extensions for missing parental information including 

sib TDT (Boehnke & Langefeld, 1998; Horvath & Laird, 1998; Spielman & Ewens, 

1998), reconstruction-combined TDT (Knapp, 1999), and 1-TDT (Sun et al., 1999); for 

extended pedigrees such as pedigree disequilibrium test (Martin et al., 2000); for multiallelic 

markers including generalized TDT (Rice et al., 1995), extended TDT (Bickeboller & 

Clerget-Darpoux, 1995; Sham & Curtis, 1995), Monte Carlo Tm test (Kaplan et al., 1997), 

and exact TDT (Cleves et al., 1997); for multiple markers (Lazzeroni & Lange, 1998; 

Wilson, 1997; Zhao et al., 2000); for differentiating between fetal and maternal genetic 

effects (Mitchell, 1997); for genomic imprinting and hybrid family designs (Hu & Zhou, 

2010; Hu et al., 2007; Hu, Zhou, Sun et al., 2007); and for quantitative traits (Abecasis et 

al., 2000; Allison, 1997; Monks & Kaplan, 2000; Rabinowitz, 1997; Xiong et al., 1998). The 

second category is the conditional association tests including family-based association test 

and pedigree-based association test (Horvath et al., 2001, 2004; Lange & Laird, 2002; Lange 

et al., 2002, 2004; Rabinowitz & Laird, 2000). The third category is the likelihood-based 

association tests such as the conditional likelihood method (Schaid & Sommer,1993, 1994), 

the partial likelihood method for detecting imprinting and maternal effects (Han et al., 2013; 

Yang & Lin, 2013), the log-linear models (Vermeulen et al., 2009; Weinberg & Umbach, 

2005; Weinberg,1999a, 1999b; Wilcox et al., 1998), and the association test in the presence 

of informative missingness (Allen et al., 2003). The final category is the mixed effect models 

(Clark et al., 2016) or regression-based unified methods combining triads and unrelated 

subjects (Cordell & Clayton, 2002; Cordell et al., 2004; Epstein et al., 2005; Nagelkerke et 

al., 2004). Extensions of family-based methods have also been made for investigating the 

complex interplay between child and maternal genes, environmental exposures, and lifestyle 

factors by the inclusion of maternal and fetal genes, environmental factors, and/or their 

interactions (Kistner et al., 2009; Sinsheimer et al., 2003). However, none of the current 

methods fully address analytical problems. Specifically, most of these methods such as the 

TDT cannot model the maternal effects and/or environmental variates. The currently best 

available method for analysis of case–control family data, the log-linear models (Vermeulen 

et al., 2009; Weinberg & Umbach, 2005; Weinberg, 1999a; Weinberg et al., 1998; Wilcox et 

al., 1998), although considering parental effects, has several limitations: (1) only providing 

a valid test for association, not for association with linkage, potentially leading to false 
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positives and bias in presence of population structure, (2) not allowing for continuous 

environmental factors, and (3) not making full use of control phenotypic information. A 

more powerful analytical strategy is demanded to unveil the multigenomic architecture of 

complex diseases in which the effects of various genetic and environmental contributors may 

be highly intertwined.

Congenital heart defects (CHDs) typically arise from a sophisticated interplay among 

parental lifestyle, environmental, genetic, and epigenetic factors (Vecoli et al., 2014). CHDs 

are among the most common and serious birth defects, with a worldwide incidence ranging 

from 8 to 12 per 1000 live births (Hoffman, 2013; S.C. Mitchell et al., 1971). Cardiogenesis 

is an intricate biological process regulated by a complex genetic network (Kirby, 2002; 

Srivastava & Olson, 2000); defects in particular regions of the heart may arise from 

genetic and environmental effects during specific developmental windows of time (Fishman 

& Olson, 1997; Srivastava, 2001). Maternal genes, as well as maternal metabolic and 

lifestyle factors, are involved by acting on the intrauterine environment directly or through 

fetomaternal interactions indirectly (Hobbs et al., 2005; Hobbs et al., 2010, 2011; Lee et 

al., 2005). The majority of CHDs (>80%) are nonsyndromic (Gelb & Chung, 2014) and 

thought to have a multifactorial etiology in which both inherited and noninherited causes 

play key roles (Lage et al., 2012; Nora, 1968; Vecoli et al., 2014). CHDs are a spectrum of 

disorders that are etiologically heterogeneous and may be classified into various subtypes 

for which there is evidence of a shared etiology (Botto et al., 2007). The heritability of 

various forms of CHDs was reported to be 50%–90% (Cripe et al., 2004; Hinton et al., 

2007; McBride et al., 2005). Conotruncal heart defects (CTDs) and obstructive heart defects 

(OHDs) are two common subtypes, accounting for approximately 20%–30% and 25% of all 

CHDs, respectively (Cleves et al., 2003; Ferencz et al., 1985; van der Linde et al., 2011). 

CTDs are a category of malformations of cardiac outflow tracts and great arteries that share 

a common structural origin, derived from cardiac neural crest cells and secondary heart 

field (Hutson & Kirby, 2007). OHDs are a subgroup of CHDs in which either the left-sided 

or the right-sided heart valves, arteries, or veins are abnormally narrow or blocked (Botto 

et al., 2007). Deciphering the risk factors for CTDs and OHDs and better understanding 

the complex etiological mechanisms are fundamental to improve diagnosis and genetic 

counseling and to translate our knowledge into tangible benefits for families with CHDs.

In this study, we present a new analytical approach for detecting the associations of fetal and 

maternal genetic and environmental factors with congenital heart defects. Comprehensive 

simulations were performed to assess the validity and power of the proposed method. The 

new method was then applied to investigate the complex interplays between genetic variants 

and maternal lifestyle factors underlying the subtypes of CHDs, CTDs, and OHDs, using 

data from two of our previous studies (Hobbs et al., 2014; Tang et al., 2015).

2 | STUDY DESIGN AND STATISTICAL METHOD

2.1 | Family-based hybrid design

Among several family-based designs advocated to differentiate offspring and maternal 

genetic contributions to early-onset disorders, the hybrid design based on augmenting a 

set of case–parent triads with a set of unrelated control–parent triads/dyads or just parents 
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of controls is well accepted by the research community (Healy et al., 2010; Vermeulen et 

al., 2009; Weinberg & Umbach, 2005). A hybrid design can bring the strengths of both 

population-based case–control and family-based case–parent designs together into a single 

study framework (Weinberg & Umbach, 2005). While the extension of the proposed method 

is straightforward to other family-based designs (e.g., discordant siblings, concordant 

siblings, and multiplex families) and/or phenotypes (e.g., quantitative and ordinal), the 

hybrid design is used here to illustrate the statistical method.

2.2 | Statistical model

A logistic regression model for the probability that individual i with child genotype c in a 

family of maternal genotype m and paternal genotype f is a case can be expressed as follows,

logit pmfci = log pmfci
1 − pmfci

= αmf + wmT βM + xmfc
T βC + zmfci

T γ +

wmT ⊗ zmfci
T ψM + xmfc

T ⊗ zmfci
T ψC,

(1)

Where pmfci is the probability (in a biallelic case, m, f, c = 0, 1, 2, 3, denote 0, 1, and 

2 copies of a given allele and the missing genotype, respectively); αmf is the parameter 

related to the genotype frequencies and the parental mating type and αmf = αfm under 

the assumption of mating symmetry; βM is the vector of maternal effects, consisting of 

additive, and dominance effects; wm is the observation vector coding the elements of the 

incidence (design) matrix related to βM (superscript “T” of a vector denotes its transpose);βC 

is the vector of child effects, consisting of additive and dominance effects under various 

parental configurations; xmfc is the vector coding the elements of the incidence matrix 

related toβC; γ is the vector of covariates such as sex, age, and folic acid intake; 

zijkl is the vector of covariate observations; ψM is the vector of interactions between a 

maternal gene and environmental factors; wmT ⊗ zmfci
T  is the vector of coding the maternal 

interactions; ψC is the vector of interactions between a child gene and environmental 

factors; xmfc
T ⊗ zmfci

T  is the vector coding the child interactions; and ⊗ represents a 

Kronecker product. Tables 1 and S1 summarize how to code the design matrix for child 

effects in terms of the parent–child genotype configurations. The statistical additive and 

dominance effects in βC (and their interactions ψC) are the functions of inheritance (and 

gene–environment interaction) parameters including genotypic frequencies and genotypic 

disequilibria (i.e., allelic frequencies and disequilibrium coefficient at Hardy–Weinburg 

equilibrium), associated with factors of (1 – 2θ) and (1 − 2θ)2, respectively, when parents 

are heterozygous, of 1 and 1, respectively, when parents are homozygous (Table 1), and of 

(1−θ) and (1−θ)2, respectively, when the parental genotypic information is missing (Table 

S1), where θ is the recombination rate. For an illustration, a child of MM in mating type 

MM × Mm receives an M from homozygous parent MM (associated with a factor of 1) and 

the other M from heterozygous parent Mm [associated with a factor of (1−2θ)], then the 

coefficient of additive effect is [1 + (1 − 2θ)] and the coefficient of dominance is −1 × (1 

− 2θ) = −(1 − 2θ), while a child of Mm in mating type MM × Mm receives the M from 

homozygous parent MM (associated with a factor of 1) and the m from heterozygous parent 

Mm [associated with a factor of (1 − 2θ)], then the coefficient of additive effect is [1 − (1 − 

2θ)] and the coefficient of dominance is −1 × [−(1 − 2θ)] = (1 − 2θ).
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Two choices can be adopted to characterize the model. First, similar to the traditional TDT, 

we can incorporate the recombination rate θ into the effect parameters; for example, α, (1 

− θ)α, and (1 − 2θ)α are treated as three distinct parameters (e.g., α′, α ′′, and α′′′) 

that can be estimated from the corresponding components of families. Second, we can also 

explicitly model the recombination rate θ, offering a parsimonious and potentially more 

powerful model. With this model, there may be a nonregular problem due to the presence of 

nonidentifiable parameter(s) when there is no association and/or no genetic effect, requiring 

a more complicated significance test such as permutation testing (Drton, 2009; Feng & 

McCulloch, 1996).

Since the grandparent information is unavailable, no maternal population structure is 

assumed in the above model. If the assumption of no population structure does not hold 

true, the inclusion of maternal grandparents is needed to avoid potential bias in estimating 

maternally mediated genetic effects (Mitchell & Weinberg, 2005; Weinberg, 2003). As an 

alternative, structure assessment and/or principal components analysis (PCA) can also be 

used to correct for maternal population structure (Price et al., 2006; Pritchard et al., 2000).

The statistical model may also be adapted to analyze the genomic imprinting in which the 

expression of a gene is dependent on its parent-of-origin. In such a case, an additional 

parameter, the difference in genotypic value between the reciprocal heterozygotes, may be 

included in the model to measure the imprinting effect (Strauch et al., 2000).

2.3 | Parameter estimation and hypothesis test

Define an indicator variable as follows,

dmfci = 1 if individual mfci is affected
0  if individualmfci isunaffected  .

We have the following likelihood,

L D ∣ α, βM, βC, γ, ψM, ψC ∝ ∏m, f, c, i pmfci
dmfci 1 − pmfci

1 − dmfci . (2)

The maximum likelihood (ML) method can be used to estimate the statistical parameters 

including maternal additive and dominance effects, child additive and dominance effects, 

covariate effects and interaction effects (if applicable), and the recombination rate (if 

applicable) in Model (1). As in the routine logistic regression, the numerical iterative 

algorithms such as Fisher’s scoring and Newton–Raphson procedure can be used to find 

the ML estimates. The likelihood ratio (LR) statistic may be computed to test the overall 

significance between a null model and the corresponding alternative model while the Wald 

statistics are used to test the significance of individual parameters. Statistical significance 

can be determined by either the conventional χ2 or empirical permutation test where the 

case–control labels are randomly assigned across families within mating-type strata.

We can build diverse LR statistics to test the corresponding hypotheses, such as H0: (1−2θ)δ 
= 0 for no linkage or association where δ is a disequilibrium coefficient H0: (1−2θ)δ = 
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(1−θ)δ = δ for tight linkage, and H0: θ = 0.5 for no linkage, based on LR. We can also test 

H0: (1 − θ) δ = δ = 0 for a filtering step and H0: (1−2θ)δ = 0 for a verification step by 

using two independent and complementary components in the model, of which the former 

is ignored in the traditional TDT. Benefitting from the filtering step (the markers without 

association will be filtered out), this approach can reduce multiple testing penalty.

2.4 | Simulation scenarios

Simulations were performed based on a set of 2000 families consisting of 1000 nuclear 

families with an affected child and 1000 nuclear families with an unaffected child under 

various scenarios to evaluate the validity and statistical power of the new approach. Biallelic 

markers with a minor allele frequency (MAF) of 0.40 and disease gene with a MAF of 0.30, 

between which there is a disequilibrium coefficient δ of either 0.06 or 0.00, were used to 

generate a base population from which the parents were drawn. Since the disequilibrium 

coefficient is the characteristic parameter of population stratification (i.e., various admixture 

scenarios with the same disequilibrium coefficient will give the same result; Slatkin, 2008; 

VanLiere & Rosenberg, 2008), no specific stratification scenario is considered here. The 

genotypes of children were simulated according to the parental genotypes assuming a 

recombination fraction of either 0.50 or 0.00. The phenotype of a child, case or control, 

was determined based on the logistic regression model,

P(y = 1) = 1
1 + e−η,

Where η is the linear predictor consisting of maternal additive and dominance, child 

additive and dominance, and covariate effects as defined in Model (1). As the statistical 

effects in Model (1) are the functions of genetic parameters including gene effects, allele 

frequencies, and disequilibrium coefficient δ, we used the genetic parameters to specify the 

data-generating model.

Several scenarios were considered in simulations for various illustrative purposes. Without 

loss of generality, we assumed a disease gene with mid-parent value m = 0. 0 and ratio 

of dominance to additive dC/aC = dM/aM = 0.5 (i.e., a case of semi-dominance where the 

size of dominance is half that of additive effect), and a continuous environmental factor the 

observation of which follows the standard normal distribution in all scenarios. To verify the 

validity of the proposed approach for the null models, in addition to recombination rate θ = 

0.5 and child additive effect aC = 1.0, we considered disequilibrium coefficient δ = 0.00 and 

neither maternal nor covariate effects in Scenario I (i.e., no linkage and no association); δ = 

0.06 and neither maternal nor covariate effects in Scenario II (i.e., not linked but associated, 

the case of nonsyntenic disequilibrium which is equivalent to the spurious association due 

to population structure); δ = 0.06, a continuous environmental factor with its effect γ = 0.5, 

and no maternal effects in Scenario III; and δ = 0.06, maternal additive effect aM = 0.5, and 

γ = 0.5, with the inclusion of grandparent genotypes in Scenario IV. To assess statistical 

power, in addition to θ = 0, δ = 0.06, and aC = 1, we included only child effects in Scenario 

V (i.e., aM = γ = 0), child effects plus a covariate with effect γ = 0.5 in Scenario VI, and 
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child effects plus maternal effect with aM = 0.5aC, γ = 0.5, and the inclusion of grandparent 

genotypes in Scenario VII. One thousand simulations were performed for each scenario.

The parsimonious model was used to explicitly estimate the recombination rate. The ML 

method was used to fit the null and alternative models for the simulated data, and the LR and 

Wald statistics were computed for hypothesis tests. To circumvent the nonregular problem 

when there is no association or no genetic effect, permutation testing of 1000 replicates 

was also performed to construct an empirical distribution of LR statistic under the null 

hypothesis to avoid an inflated Type I error rate. Type I error rate and power were calculated 

at a significance level of 0.05. The Type I error rates and power were also assessed at 

varying significance levels to construct the probability–probability plots of significance 

level against Type I error rate or power. For comparison, the log-linear method (Vermeulen 

et al., 2009; Weinberg & Umbach, 2005) was used to analyze the same simulated data 

implemented with the LEM software (van Den Oord & Vermunt, 2000).

2.5 | Candidate gene-based association studies on conotruncal heart defects and 
obstructive heart defects

To interrogate the risk factors for two subgroups of CHDs (CTDs and OHDs), family­

based case–control samples were collected from the participants enrolled in the National 

Birth Defects Prevention Study (NBDPS) between 1997 and 2008. The NBDPS is a 

multisite population-based case–control study including 10 states (Arkansas, California, 

Iowa, Massachusetts, New Jersey, New York, Texas, Georgia, North Carolina, and Utah; 

Yoon et al., 2001). A total of 616 case families with singleton live-born infants with CTDs 

and 1645 control families with singleton live-born infants without any major structural birth 

defects were included in the CTDs study (Hobbs et al., 2014). A total of 586 case families 

with singleton live-born infants with OHDs and 1702 control families were used for the 

OHDs study (Tang et al., 2015). All study participants for the analyses gave informed 

written consent and submitted buccal cells collected using cytobrushes from which DNA 

was isolated. All the study protocol and forms/procedures were approved by the Institutional 

Review Boards of the University of Arkansas for Medical Sciences and the NBDPS with 

protocol oversight by the Centers for Disease Control and Prevention (CDC) Center for 

Birth Defects and Developmental Disabilities.

A customized panel of 1536 single nucleotide polymorphisms (SNPs) in 62 candidate genes 

from the folate, homocysteine, and glutathione/transsulfuration pathways was selected for 

genotyping. The detailed genotyping procedure has been previously described (Hobbs et al., 

2014; Tang et al., 2015). Postgenotyping quality control analysis was performed. Individuals 

with either high no-call rate and/or high rates of Mendelian inconsistency, and the SNPs 

with no-call rates more than 10%, Mendelian error rates more than 5%, minor allele 

frequency more than 5%, and/or significant deviation from Hardy–Weinberg Equilibrium 

in at least one racial group (p < 10−4) were excluded from the subsequent analysis. After 

quality control, 4648 individuals from 616 case and 1645 control families each with 921 

SNPs and 4551 individuals from 569 case, and 1644 control families each with 877 SNPs 

were included in the final analysis for the CTDs study and the OHDs study, respectively. 

The minor allele in each SNP was used as the reference allele in the genetic analysis.
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Child and maternal genetic effects were estimated with the inclusion of maternal 

characteristics such as maternal age at delivery, folic acid supplementation, body mass 

index (BMI) of mother, maternal race, alcohol use, and smoking status, as the covariates. 

Considering the limited sample size and the potential number of parameters, we did not 

include the interactions between genes and maternal characteristics in the analysis although 

it is feasible in principle. Because only parent–child samples were available, the population 

structure in mothers was examined by PCA and, when necessary, the first five principal 

components were used to correct for population stratification in maternal effects. Bayesian 

false-discovery probability (BFDP) that can balance the costs of false discovery and false 

non-discovery in multiple testing was computed to evaluate the noteworthiness of a tested 

association, and as suggested, a BFDP of 0.80 was used as the threshold (Wakefield, 2007). 

All covariates were tested using the Wald statistics.

3 | RESULTS

3.1 | Simulation study

The simulation results suggested that the proposed approach could control Type I error 

rate well for diverse scenarios of null models: (1) either the absence of both linkage and 

association (Figure 1a for Scenario I) or the presence of association but no linkage (Figure 

1b–d for Scenarios II–IV) and (2) either with no covariate and no maternal effects (Scenario 

II), with a covariate but no maternal effects (Scenario III), or with both covariate and 

maternal effects (Scenario IV). All the Type I error rates were close to the nominal levels. 

For example, the Type I error rates at the significance level of 0.05 were 0.050 when there 

were no association and no linkage, 0.052 when only the child gene effects were involved, 

0.046 when both the child gene effects and the effect of an environmental factor were 

engaged, and 0.055 when all child genes and maternal genes and an environmental factor 

controlled the phenotype. On the other hand, the log-linear method yielded inflated Type I 

error rates in the presence of nonsyntenic disequilibrium regardless of whether the maternal 

effects or environment effects were present or absent (Figure 2a–c). Thus, the log-linear 

method was subject to potential bias stemming from population structure. Furthermore, 

although a test was proposed for the log-linear method to detect population stratification in 

a hybrid design via either an LR statistic with 5 df or an LR statistic with 1 df (Vermeulen 

et al., 2009; Weinberg & Umbach, 2005), such a test might be invalid and misleading as 

demonstrated by the inflated Type I error rate in Scenario V, a case where the marker and the 

causal gene coincide at a certain chromosome positon (a recombination rate of 0.0) but there 

is no population stratification (Figure 2d). It seems that the real null hypothesis to be tested 

is whether the mating-type parameters of cases are the same as those of controls or not, and 

thus the test cannot address the issue of population structure; a rejection or acceptance of the 

null hypothesis does not necessarily correspond to rejection or acceptance of the absence of 

population structure.

The comparison of power showed that the proposed approach could substantially improve 

the statistical power over the log-linear method in Scenarios V and VI (Figure 3a,b). 

In Scenario VI, the power of the proposed approach and the log-linear method at the 

significance level of 0.05 were 88.0% and 81.4%, respectively; whereas the counterparts 
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were 92.8% and 86.9%, respectively, in Scenario V. The magnitude of improvement in 

Scenario VI seemed to be higher than that in Scenario V, indicating the benefit of accounting 

for an informative covariate. Although the log-linear method had higher power than the 

proposed approach in Scenario VII (Figure 3c), the increase might be caused by an increased 

false-positive rate of 24.6% (Figure 2c). The simulations also suggested that all the estimates 

of parameters were considered to be unbiased with a small mean squared error, suggesting 

that the proposed approach also provide valid estimation of parameters (Table 2).

In summary, the simulation studies clearly demonstrated that the proposed approach had 

higher power than the log-linear model and could unbiasedly estimate both genetic and 

environmental effects while maintaining the correct Type I error rates in the presence of 

population structure.

3.2 | Obstructive heart defects study

PCA of the OHD data showed that the maternal samples seemed to fall into several groups 

in the space spanned by the first three principal components, roughly corresponding to the 

ethnic/racial groups (Figure S1). The top five principal components of mother were therefore 

included as covariates to account for the potential structure in the maternal population.

Manhattan plots show the distribution of p values for the fetal SNPs (Figure 4) and the 

maternal SNPs (Figure 5). There were a total of 14 fetal SNPs linked to and associated 

with the OHDs risk at the noteworthiness level (Table S2). They are located in the 

MTHFS gene of the folate pathway; the BHMT2, BHMT, and DNMT3L genes of the 

homocysteine pathway; and the SOD2, GSR, and MGMT genes of the transsulfuration 

pathway, respectively. SNPs rs526264, rs625879, and rs557302 in the BHMT2 gene were 

also detected at the noteworthiness level by the previous log-linear analysis (Tang et al., 

2015). SNP rs659044, which was not previously reported, was highly associated with 

rs526264 (r2 = .97) and rs625879 (r2 = .96), respectively (Figure S2). The associations 

of rs732498 and rs5746105 in the SOD2 gene with OHDs also appeared in the previous 

report. The newly identified SNP rs645112 in the BHMT gene was highly associated 

with the previously detected SNP rs490268. Twenty-seven SNPs in 10 genes had a note­

worthy maternal influence on the risk for OHDs via either maternal additive, maternal 

dominance, or both (Table S3). Significant maternal SNPs rs6482747 and rs4751110 in 

the MGMT gene overlapped with the log-linear analysis. Sixteen significant SNPs in the 

MGMT gene were located in three LD blocks (Figure S3), implying that the multiplicity of 

detected associations might be degraded into fewer functional variants. The identified SNPs, 

rs1556893 and rs4933327, in the MAT1A gene were previously found to be associated with 

OHDs in obese mothers, but not normal-weight mothers (Tang et al., 2015). Furthermore, 

the Wald tests revealed that BMI of mother was a significant risk factor for OHDs; the 

estimated effect ranged from 0.398 to 0.505 in the different SNP models while the p-value 

ranged from .002 to .015. The effects of the other covariates did not reach the significance 

level.
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3.3 | Conotruncal heart defects study

According to the PCA results, the maternal ethnic groups appeared to be well separated 

by the first three principal components (Figure S4). The top five principal components 

of mothers were included as covariates to account for the potential maternal population 

structure.

Eleven SNPs were linked to and associated with the risk of developing a CTD at the 

noteworthiness level (Figure S5). Of these SNPs, five SNPs are located in the MTHFD2 

and TYMS genes in the folate pathway and six SNPs are located in the GPX5, GPX6, 

and GCLC genes in the transsulfuration pathway (Table S4). SNPs rs2612101, rs2847607, 

rs2847326, and rs2847324 in the TYMS gene were also reported to be associated with CTDs 

in the previous log-linear analysis (Hobbs et al., 2014). The three SNPs in the GCLC gene 

that were in high linkage disequilibrium with each other had nearly the same estimated 

additive and dominance effects (Figure S6), indicating that they potentially share a common 

causal variant. There were 17 maternal SNPs in 12 genes associated with the risk for 

CTDs (Figure S7 and Table S5). The associations of maternal SNPs rs572494, rs13212365, 

rs546726, rs634657, and rs648595 in the GCLC gene and rs6912979 in the SOD2 gene were 

previously reported (Hobbs et al., 2014), among which rs546726, rs634657, and rs648595 

were in the same LD block (Figure S8). Except for age at delivery, which had a marginal 

effect on the risk for CTDs, the effects of the other covariates did not reach the significance 

level.

4 | DISCUSSION

Population stratification is a well-known confounding factor that can lead to spurious 

findings in genetic association studies consisting of unrelated individuals (Price et al., 2010). 

Although the PCA and mixed-effects model are popularly used to correct for population 

structure (Price et al., 2006; Yu et al., 2006; Zhang et al., 2010), the validity seems to be 

not guaranteed (Wang et al., 2013; Wu et al., 2011). Family-based studies offer an effective 

way to bypass the problem of population stratification in association studies via the use 

of robust tests such as TDT in which neither linkage alone nor disequilibrium alone will 

generate a positive association (Mackay & Powell, 2007). Furthermore, family data are also 

potentially informative for interrogating some etiological factors, such as transgenerational 

genetic effects, underlying complex diseases (Benyamin et al., 2009). Family-based studies 

offer a unique solution to deciphering the genetic basis of complex traits.

Although log-linear model-based methods (Weinberg & Umbach, 2005; Weinberg, 1999b; 

Wilcox et al., 1998) may account for parental effects, we experienced several limitations 

of the models when attempting to unravel complex relationships. First, these models 

fail to distinguish the effects of population subdivision from linkage disequilibrium (i.e., 

syntenic association caused by linkage). They are only a valid test for association, not 

for association with linkage, potentially leading to false positives and estimation bias in 

presence of population structure. Second, although categorical environmental factors may 

be included in log-linear models, continuous environmental factors cannot. Lastly, they do 

not make full use of phenotypic information in controls that may inform the estimation of 

penetrance parameters. On the other hand, the polytomous logistic method which allows for 
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continuous environmental cofactor(s) cannot accommodate the parental effects (Kistner et 

al., 2009). To address these analytical limitations, for a binary phenotype in a family-based 

hybrid design, we formulated a new approach that offers a unified and coherent statistical 

framework for the analysis of genetic and nongenetic factors, and their interactions. 

Specifically, the proposed approach can incorporate information from continuous and/or 

discrete environmental factors, account for both maternal and child genetic effects, correct 

for potential population stratification for fetal genetic effects (and for maternal genetic 

effects when grandparental genotypes are available), and accommodate various family 

structures and missing data scenarios, such as case–parent triads and control–mother dyads, 

in a unified analysis with inclusion of the control phenotype. Thus, the proposed approach 

can make better use of the genetic information available and be potentially more powerful 

than the existing methods. The simulations corroborated these expectations: the proposed 

approach adequately controlled Type I error rate, enhanced statistical power, and computed 

unbiased estimates of the parameters under various simulation scenarios.

In the application of the proposed approach to two candidate gene-based association studies, 

the major findings revealed in the previous analyses using the log-linear method were 

replicated (Hobbs et al., 2014; Tang et al., 2015). For example, the fetal SNPs in the 

BHMT2 and SOD2 genes were associated with OHDs and those in the TYMS gene 

were associated with CTDs at the significance level of noteworthiness. The associations 

of maternal SNPs in the MGMT gene with OHDs and the associations of maternal SNPs 

in the GCLC gene and in the SOD2 gene with CTDs were detected in both the new 

and the previous analyses. In addition, several new associations might be considered as 

“being replicated” because they could be accounted for by the high linkage disequilibria 

between the relevant SNPs. Furthermore, the new analysis also revealed that a high BMI of 

mother might significantly increase the risk for OHDs. However, there are a few important 

differences between the two kinds of analyses: (1) we tested both linkage and association 

for the fetal genome; (2) we used PCA to correct for potential population structure in the 

maternal genome; (3) we considered both additive and dominance effects in the fetal and 

maternal genomes; and (4) several demographic and lifestyle factors and folate supplement 

were included as covariates in the new analysis. Consequently, there were some differences 

in analytical results.

The potential roles of the identified variants and/or genes in birth defects are extensively 

supported by the literature. In the OHDs study, the most significant fetal SNPs were 

rs526264 and rs625879 in the BHMT2 gene that were reported to be associated with 

nonsyndromic congenital anomaly (Hozyasz, 2010). The significant association of rs645112 

in the BHMT gene was involved in nonsyndromic cleft lip and palate (Blanton et al., 

2011; Chiquet et al., 2011). BHMT and BHMT2 convert homocysteine to methionine using 

betaine and S-methylmethionine, respectively, as methyl donor substrates. Anomalies in 

homocysteine metabolism have been implicated in disorders ranging from vascular disease 

to neural tube birth defects such as spina bifida (Blom & Smulders, 2011). SNP rs5746105 

in the SOD2 gene was found to be associated with nonsydromic myelomeningocele (Kase 

et al., 2012). Variant of rs12329764 in the CBS gene that encodes cystathionine-beta­

synthase to catalyze the conversion of homocysteine to cystathionine was associated with 

myelomeningocele (Tilley et al., 2012).
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Among the fetal SNPs and/or genes associated with CTDs, the TYMS gene codes the 

enzyme catalyzing the methylation of deoxyuridylate to deoxythymidylate using 5,10­

methylenetetrahydrofolate as a cofactor. Several studies pointed to the associations between 

variants in the TYMS gene and risks of neural tube defects and CTDs (Lupo et al., 2011; 

Shaw et al., 2009; Volcik et al., 2003; Zhu et al., 2012) and Hispanic infants homozygous 

for the minor alleles of rs2847326 showed a significant increase in CTD risk (Zhu et al., 

2012). GPX6 and GPX5 belong to the glutathione peroxidase family whose major biological 

role is to protect the organism from oxidative damage. The glutathione peroxidases played 

a significant role during embryonic development, indicating their biological plausibility 

for CTDs (Ufer & Wang, 2011). The GCLC gene encodes the catalytic subunit of 

glutamate–cysteine ligase to catalyze the initial and rate-limiting step of biosynthesis of 

glutathione that plays a crucial role in the intracellular antioxidant defense systems (Lu, 

2009). The associations between variants in the GCLC gene and several human diseases 

and the prenatal deaths of homozygous knockout mice suggested its importance in fetal 

development and pathogenesis (Dalton et al., 2000; Gysin et al., 2007; Koide et al., 

2003; McKone et al., 2006; Ristoff et al., 2000). The MTHFD2 gene encodes a nuclear­

encoded mitochondrial bifunctional enzyme with methylenetetrahydrofolate dehydrogenase 

and methenyltetrahydrofolate cyclohydrolase activities and its expression was shown to be 

essential for embryonic development (Di Pietro et al., 2002). The polymorphisms within 

the MTHFD2 gene were associated with risk for numerous pathological states including 

congenital anomalies (Copp et al., 2013; Ducker & Rabinowitz, 2017; Shaw et al., 2009). 

Maternal SNP rs1801131 was reported to interact with dietary folate intake in modifying 

the risk for CTDs (Zhu et al., 2012). Polymorphisms in the MTHFR gene, which provides 

instructions for making an enzyme called methylenetetrahydrofolate reductase, were also 

associated with the risk of neural tube defects and spina bifida (de Franchis et al., 2002; 

Kirke et al., 2004; Tsang et al., 2015; Yan et al., 2012). These convergent pieces of evidence 

suggest the biological implication of the revealed variants and further follow-up is thus 

warranted.

The proposed analytical framework is flexible and can be generalized to other types of 

the phenotype by using appropriate statistical models in place of the logistic model, for 

example, generalized linear model (Nelder & Wedderburn, 1972) and quasi-likelihood 

model (McCullagh, 1983) for count and continuous phenotypes, generalized estimating 

equations model for correlated observations and multiple complex traits (Liang & Zeger, 

1986), multinomial logistic model for polytomous data (Begg & Gray, 1984), proportional 

odds model for ordinal data (Agresti, 1999), and proportional hazards model for survival 

data (Cox, 1972). It can also be extended to general family-based designs other than child–

parent trios.

It is a limitation that the gene–environment interaction effects have not been considered in 

the real data analyses for conotruncal heart defects and obstructive heart defects because of 

the problems of estimation stability and convergence in finding the numerical solution for 

the parameters in the parsimonious model using the iterative Newton–Raphson or Fisher’s 

scoring methods. Such problems are not uncommon for the iteration-based algorithms 

especially in the case of a large number of parameters to be estimated with limited 

sample size and/or insufficient data points (Shen & Gao, 2008). The common causes 
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for nonconvergence and/or instability (e.g., inappropriate convergence to local optimum) 

include poor initial guess, the existence of stationary points, flat or ridged likelihood 

surfaces, and multicollinearity among regressors. There may be a few potential ways to 

mitigate nonconvergence and stabilize estimation in analyzing interactions. To accommodate 

the interaction effects in our congenital heart defects studies, the full model will include 

additional tens of interaction parameters between four genetic effects and six maternal 

characteristics. One feasible solution is to prioritize the interaction effects to be tested in 

the statistical model on the basis of their biological plausibility and relevance and thereby 

decrease the sophistication of the statistical model; for example, the BMI–gene interactions 

may be considered at a high priority within our context. Another is the use of more robust 

methods such as penalized maximum likelihood (Firth, 1993), homotopy analysis method 

(Abbasbandy et al., 2007; Watson & Haftka, 1989), and a hybrid method that combines with 

a grid search method. Furthermore, in practical implementation, it will also be helpful to try 

multiple nice initial guesses of parameters. It will be crucial in analyzing a large number of 

interactions to circumvent the problems of convergence and estimation stability.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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FIGURE 1. 
Probability–probability plot of significance level versus Type I error rate for the logistic 

approach. The horizontal axis represents significance level while the vertical axis is Type 

I error rate. The reference line is the diagonal line with unit slope through the origin. To 

evaluate the Type I error rate, the scenarios of no linkage were considered: (a) the absence 

of association, (b) the presence of association due to child effects, (c) the presence of 

association due to child effects as well as the effect of an environmental factor, and (d) 

the presence of association due to child and maternal effects as well as the effect of an 

environmental factor
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FIGURE 2. 
Probability–probability plot of significance level versus Type I error rate for the log-linear 

method. The horizontal axis represents the significance level while the vertical axis is Type 

I error rate. The reference line is the diagonal line with unit slope through the origin. To 

evaluate the Type I error rate, the scenarios of no linkage were considered: (a) the presence 

of association due to child effects, (b) the presence of association due to child effects as 

well as the effect of an environmental factor, (c) the presence of association due to child and 

maternal effects as well as the effect of an environmental factor, and (d) is the Type I error 

rates for the likelihood ratio tests with 5 df and 1 df for population structure in the log-linear 

method, in the scenario of no population structure but the recombination rate of 0.0 between 

the causal locus and marker. The red solid line represents the likelihood ratio (LR) test with 

1 df and the blue dash line represents the LR test with 5 df
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FIGURE 3. 
Comparison of receiver operating characteristic curves between the logistic model and the 

log-linear model. The horizontal axis represents the false-positive rate, while the vertical 

axis is the true positive rate. Red solid line is for the family-based logistic model and 

blue dash line is for the log-linear model. To assess the statistical power, the scenarios of 

complete linkage with a linkage disequilibrium were considered, (a) the presence of only 

child effects, (b) the presence of child effects and an environmental effect, and (c) the 

presence of child and maternal effects and an environmental effect
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FIGURE 4. 
Manhattan plot of the fetal SNPs associated with obstructive heart defects. The horizontal 

axis denotes the SNP position, while the vertical axis represents the minus logarithm of 

an observed p-value. The red triangle points denote the SNPs reaching the noteworthiness 

level at a BFDP of ≤ .80, while the black circle points represent the SNPs not reaching the 

noteworthiness level at a BFDP of > .80. BFDP, Bayesian false-discovery probability; SNPs, 

single nucleotide polymorphisms
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FIGURE 5. 
Manhattan plot of the maternal SNPs associated with obstructive heart defects. The 

horizontal axis denotes the SNP position, while the vertical axis represents the minus 

logarithm of an observed p-value. The red triangle points denote the SNPs reaching the 

noteworthiness level at a BFDP of ≤ .80, while the black circle points represent the SNPs 

not reaching the noteworthiness level at a BFDP of > .80. BFDP, Bayesian false-discovery 

probability; SNPs, single nucleotide polymorphisms
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