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Statistical models of the genetic etiology of congenital 
heart disease 
Guojie Zhong1,2 and Yufeng Shen1,3,4,*   

Congenital heart disease (CHD) is a collection of anatomically 
and clinically heterogeneous structure anomalies of heart at 
birth. Finding genetic causes of CHD can not only shed light on 
developmental biology of heart, but also provide basis for 
improving clinical care and interventions. The optimal study 
design and analytical approaches to identify genetic causes 
depend on the underlying genetic architecture. A few well- 
known syndromes with CHD as core conditions, such as 
Noonan and CHARGE, have known monogenic causes. The 
genetic causes of most of CHD patients, however, are unknown 
and likely to be complex. In this review, we highlight recent 
studies that assume a complex genetic architecture of CHD 
with two main approaches. One is genomic sequencing studies 
aiming for identifying rare or de novo risk variants with large 
genetic effect. The other is genome-wide association studies 
optimized for common variants with moderate genetic effect. 
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Introduction  
Congenital heart disease (CHD) is an anatomically het
erogeneous condition. Historically, CHD is a severe 
condition with high mortality and morbidity. Recent 
advance in medicine has improved survival, but many 
CHD patients still have lingering medical problems later 
in life. As a result, CHD still causes reduced productive 
fitness. A study on Tetralogy of Fallot (TOF) reported 

that the average number of offspring per CHD in
dividual is about 30% smaller than age-matched controls  
[1]. Therefore, genetic factors with large effect size must 
be under strong negative selection and be rare in the 
population. In fact, the genes of known syndromes with 
CHD as a core condition, such as PTPN11 in Noonan  
[2–6] and KMT2D in Kabuki [7,8], often harbor de novo 
mutations in individuals with CHD. Consistently, 
identification of new risk genes by de novo variants 
(DNVs) is the main study design in several recent pro
minent genetic studies in CHD [9••–11]. Overall, the 
population-attributable risk percentage (PAR%) of CHD 
explained by de novo coding variants is about 20–30% in 
syndromic cases that have additional congenital anoma
lies or neurodevelopmental disorders, and likely less 
than 10% in isolated cases [9••–11]. 

=PAR
Incidence Rate in total population Incidence Rate unexposed

Incidence Rate in total population

=h
Phenotypic Variation Due to Genetic Factors

Total Phenotypic Variation
2

The bulk of CHD risk remains unknown. A range of 
CHD subtypes has high heritability (h2) [12–16]. A 
common hypothesis is that CHD in most of affected 
individuals is caused by multiple environmental and 
genetic factors, and most of these genetic factors may 
have moderate or small effect. Genome-wide associa
tion studies (GWAS) are designed to identify such ge
netic risk by searching for association of common 
variants with moderate effect size [17••]. Figure 1 
summarizes two genetic models for CHD. Under the 
“Denali” model, which is essentially monogenic, the 
genetic risk is dominated by highly penetrant muta
tions (“peaks”). Classical Mendelian CHD genes are 
under this model. Under the “Everest” model, the 
aggregated genetic risk from common inherited variants 
forms a high plateau of the disease liability that may be 
sufficient to cause CHD in most of the patients. Rare or 
DNVs with larger effect (“peaks”) may still play a role 
in these patients, especially in those with severe or 
syndromic conditions. 

Overall, recent human genetic studies on CHD are 
driven by genomic technological advances, meticulously 
enrolled large cohorts, and advanced statistical models. 
In this review, we will summarize the statistical methods 
used in recent studies. 
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Main statistical models of recent genetic 
association studies 
The basic model of statistical analysis of rare and 
common variants is similar. Under the null model, which 
states that a variant or a gene is not associated with CHD 
risk, the allele frequency in cases follows a statistical 
distribution with parameters determined by theoretical 
models or empirical data of a population without CHD 
(Table 1). In a frequentist approach, one can assess the 
null model by estimating type-I error, that is, p-value, as 
the probability of data as extreme as what was observed 
in the cases based on the null model. A candidate risk 
variants or genes are identified if one can reject the null 
hypothesis when the p-value is smaller than a type-I 
error threshold. In a Bayesian approach, one must define 
an alternative model, which states that the variant or 
gene is associated with CHD risk and the effect size 
follows a specified distribution. The model has two key 
parameters, the prior probability of being associated with 
the risk and the effect size, that is, the magnitude of the 
association, often defined as odds ratio or relative risk 
(Table 1). 

A crucial issue in genome-wide analysis is multiple test 
adjustment. The standard approach in GWAS is to use 
Bonferroni correction of p-values to minimize false dis
covery (Table 1), with a commonly used threshold of 5e- 
8, which reflects the effective number of independent 
common variants in human genome, no matter how 

many SNPs are tested. The same approach can be ap
plied to gene-based tests used in analysis of rare variants, 
adjusting for about 20 000 protein-coding genes. This 
approach is straightforward and effective in preventing 
false discoveries. However, it errs on being conservative. 
More powerful methods, based on false-discovery rate 
(FDR) or q-values, have been used in recent studies. We 
will review the complexity of this approach in the sec
tion on de novo-coding variant analysis. 

Analysis of de novo-coding variants 
DNVs are new mutations that are present in offspring 
but not in parents. DNVs, especially the ones located in 
protein-coding regions, are a group of variants with lar
gest effect size a priori. In Zaidi et al., 2013 [18], the 
Pediatric Cardiac Genomics Consortium team analyzed 
exome sequencing data of 362 CHD case–parent trios 
and 264 control trios. Compared with controls, CHD 
cases showed an excess of deleterious DNVs, especially 
in chromatin modifiers required for H3K4/H3K27 me
thylation and highly expressed genes during embryonic 
heart development. Only one gene, NAA15, harbors 
more than one de novo protein-altering variants in the 
data. This indicates that the pool of genes that con
tribute to CHD through de novo coding variants is very 
large, similar to the genetic architecture of autism- 
spectrum disorder based on early exome sequencing 
studies [19–23]. As the statistical power for identification 
of individual risk genes is severely limited by the small 
sample size, they introduced a heuristic method to im
prove signal-to-noise ratio of putative disease-causing 
DNVs based on filters at variant and gene levels. First, 
select likely deleterious DNVs by filtering based on 
functional annotations and conservation; second, select 
genes that are likely to play a role in CHD based on 
high-expression rank in developing mouse heart (em
bryonic day 14.5). With this method, they showed CHD 
cases were significantly enriched of deleterious DNVs in 
biologically plausible genes compared with controls. 
This paradigm has been used since then in later studies 
in CHD and other birth defects [24–28]. 

In Homsy et al., 2015 [9••], the same trend was ob
served in a larger cohort of 1213 trios, where they 
identified an excess of protein-damaging DNVs, espe
cially in genes highly expressed in the developing heart 
and brain that are involved in morphogenesis, chromatin 
modification, and transcriptional regulation. The study 
introduced a new method to improve power by com
paring observed data in cases with what is expected by 
chance based on a background mutation model [29]. 
The background mutation model, first introduced in 
Samocha et al., 2014 [30], estimates context-specific 
mutation rate based on large-scale human genome se
quencing data. In a transcript (of a gene), the aggregated 
mutation rate of each functional class of variants (e.g., 

Figure 1  

Current Opinion in Genetics and Development

Illustration of genetic architectures of CHD by two types of mountains. 
The height of the mountain represents disease liability. Left, the Denali 
model, disease liability is dominated by highly penetrant monogenic 
mutations. Right, the Everest model, disease liability is contributed by 
multiple genetic factors, including the high plateau (aggregated risk 
from common variants with small effect) and peaks (rare or DNVs with 
large effect). Horizontal dashed line indicates liability threshold for 
clinical manifestation of CHD. The aggregated risk from common 
variants in some individuals may be large enough to reach liability 
threshold. The illustration is adapted from lastfrontier.org.   
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protein-truncating variants, missense variants, and sy
nonymous variants) can be estimated by adding up all 
possible point mutation rates of that class. Missense 
variants can be further filtered as damage missense (“D- 
mis”) variants by various prediction tools (REVEL [31], 
CADD [32], MPC [33], metaSVM [34], etc). Using 
background mutation rate to calculate expectation under 
the null is equivalent to having infinitely large number 
of controls. With the background model, the number of 
DNVs in each gene follows a Poisson distribution 

H m Poisson: ~ ( )0 (1) 

where m is the observed number of DNVs of a certain 
type (e.g., missense variants) in N individuals, is the 
mean of the distribution, estimated by the number of 
individuals (N ) multiplied by the background mutation 
rate of the type of the variants in the gene. Under the 
null, one can test the significance of DNV burden of a 
gene by a Poisson exact test. It is applicable to both single 
genes and gene sets. A limitation of such method comes 
from the uncertainty of estimated background mutation 
rate because the model cannot completely account for 
the variation of mutation rate along the genome [30,35], 
especially short insertions and deletions. This issue can 
be partly improved by modeling the mutation rate as a 
random variable with mean and variance. While a 
Poisson test only accounts for the mean of this random 
variable, a Gamma-Poisson test (equivalent to negative 
binomial) can account for both. 

Homsy et al., 2015 [36] reported three genes (PTPN11, 
KMT2D, and RBFOX2) with genome-wide significance 
(Bonferroni correction) and additional 18 genes with ≥2 
damaging DNVs. While it is challenging to establish the 
association of these 18 genes individually by DNV data, 
simulation analysis showed that conditioned on the total 
number of damaging DNVs, the number of genes with 
multiple damaging DNVs by chance is far smaller, in
dicating that most of these 18 genes are likely to be true 
risk genes. This important insight is the foundation of 
formal methods to estimate FDR through Bayesian ap
proaches. 

Indeed, in a more recent study of 1891 CHD cases by 
Sifrim et al., 2016 [11], the authors used a hierarchical 
Bayesian model, TADA [21], to estimate FDR by ex
plicitly modeling the alternative hypothesis and the 
priors. Just like Poisson tests, TADA assumes that the 
observed number of DNVs in each gene follows a 
Poisson distribution (Equation (1)). 

Under the null hypothesis, can be estimated by 
background mutation rate using the same method based 
on Samocha 2014 model. Under alternative hypothesis, 
TADA specifies two parameters: the prior probability of 
being a risk gene ( ) and the relative risk ( ) of a class of 

variants. Given , the observed number of DNVs follows 
Poisson distribution with mean of * : 

H m Poisson| : ~ ( * )1 (2)  

is treated as a random variable with prior distribution. 
The Bayes factor is calculated as 

=BF
p m

p m
d

( * )
( ) (3)  

The posterior odds (PO) of two hypotheses can be cal
culated as 

= =PO
P m H

P m H
BF

( | )

( | ) 1
1

0 (4)  

TADA methods estimate the hyperparameters ( , ) by 
fitting the overall model with overall enrichment of 
DNVs and how DNVs are distributed across 
genes [21,37]. 

Finally, one can estimate posterior probability of asso
ciation (PPA) from posterior odds, and then a Bayesian 
FDR by false-discovery proportion implied by PPA. A 
candidate gene can be nominated if its FDR is below a 
threshold. From this paradigm, they identified 16 genes 
with FDR below 0.01. This approach has been used 
since then in many other studies. This study also in
troduced a new method for analyzing the missense var
iants by clustering of mutations within genes, where 
they computed the geometric mean of distances be
tween each pair of mutations along the protein sequence 
and compare with random simulations. This method can 
increase the power when integrated with the mutation- 
burden test. 

Analysis of rare inherited variants 
Rare inherited variants are variants in offsprings that 
inherited from parents with low minor allele frequency 
in the population, for example, less than 1%. As DNVs 
only account for ~30% of PAR of syndromic cases 
and <  10% of isolated cases, it is important to investigate 
rare variants in both dominant and recessive models to 
search for additional genetic factors. 

Jin et al., 2017 [38] developed a rigorous method to 
quantify the contribution of recessive genotypes of rare 
variants. As in previous analysis with implied dominant 
model, they only considered damaging coding (LoF, D- 
Mis, indels) variants. Under outbred population, the 
observed recessive genotypes should be proportional to 
the square of the cumulative frequency of damaging 
alleles, while under inbred population, it instead in
creases linearly with this number. This could be re
presented as a polynomial regression function of gene 
mutability 

4 Molecular and genetic basis of disease  
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= + + +Number of RGs mutability mutability* *0 1 2
2

(5)  

They tested the enrichment of observed recessive gen
otypes with a one-tailed binomial test in a specific gene 
or gene set in cases. This frequentist approach provides 
additional statistical significance in identifying CHD risk 
genes. Through this approach, they found enrichment of 
a single GDF1 founder mutation in Ashkenazim popu
lation. They also identified FLT4 with significantly en
riched rare heterozygous LoF variants in the patients 
with TOF, indicating its dominant genetic role to this 
subtype of CHD. FLT4, together with NOTCH1, was 
further confirmed to be the most frequent site of genetic 
variants that predisposed to TOF [39]. 

Watkins et al., 2019 [40••], analyzed the same exome 
sequencing dataset with a different approach, VAAST  
[41,42]. VAAST is a gene-burden test that ranks the 
probability being a risk gene or gene set based on em
pirically calibrated rarity of genotypes. VAAST approach 
is especially relevant for assessing the impact of com
pound heterozygous genotypes. Using VAAST, they find 
that cilia and cilia-related genes are enriched for rare, 
damaging recessive variants, suggesting their recessive 
homozygous and compound heterozygous leading 
to CHD. 

Analysis of copy number variants 
Pathogenic copy number variants (CNVs) were esti
mated to be presented in 4–14% of patients with isolated 
CHD and 15–20% of patients with CHD and extra
cardiac anomalies [43]. The basic model of analyzing 
CNVs is similar to small rare variants, that is, to test 
whether CNVs are enriched in cases compared with 
controls in genomic intervals such as genes. Audain 
et al., 2021 [44] reported an integrated analysis of CNVs 
and DNVs. The study assembled CNV data of 7958 
cases and 14 082 controls, mostly from public re
positories, and coding DNVs of 2489 cases from two 
recent publications [11,38]. They performed enrichment 
test on rare CNVs and DNVs separately and combined 
p-values using Fisher’s method. The study identified 21 
genes with significant association with loss-of-function 
point mutations or deletions. 

Analysis of de novo noncoding variants 
Most of CHD cases, even syndromic ones, do not carry 
damaging DNVs in coding regions or pathogenic CNVs. 
This motivated the investigation of de novo noncoding 
variants in Richter et al., 2020 [45••]. Unlike protein- 
altering DNVs, there is no significant overall enrichment 
of de novo noncoding variants in cases. To quantify how 
much de novo noncoding variants contribute to CHD 
risk, it is crucial to preselect variants that may have a 
functional impact. This requires a systematic integration 

of functional genomics data. In Richter et al., 2020  
[45••], they introduced HeartENN, a deep learning- 
based epigenomic-effect model based on DeepSEA [46]. 
HeartENN uses convolutional neural network archi
tecture to predict the genome-wide features for human 
and mouse based on the heart-specific chromatin profile, 
including histone markers in promoter and enhancer 
regions. Noncoding variants were scored and filtered 
with HeartENN with optimal threshold, followed by 
case–control binomial tests. They observed a significant 
enrichment of noncoding variants with HeartENN score 
≥0.1 in 749 CHD trios compared with 1611 unaffected 
trios. In addition to transcriptional regulatory disruption, 
they also tested the enrichment of noncoding variants 
that may disrupt post-transcriptional regulation, through 
a combination of RNA-binding protein-binding sites and 
histone markers of transcribing gene body. To account 
for testing of many hypotheses among which many are 
correlated, they used a method described in Werling 
et al., 2018 [47] to estimate the effect number of in
dependent tests by the number of eigen vectors that 
explains ≥99% of the variance of the correlations be
tween features. This number is used to perform Bon
ferroni correction of p-values of individual tests. Those 
tests provided additional evidence of disturbed post- 
transcriptional regulation machinery that may contribute 
to CHD. 

Analysis of common variants 
GWAS are designed to test the association of individual 
genetic variants across the genome with phenotypes. It 
has been widely used [48] in complex diseases and traits 
with variants that are common in the population, for 
example, allele frequency above 1. A recent GWAS 
study on CHD was performed on 4034 cases with CHD 
and 8486 healthy controls [17••]. They identified 20 
genome-wide significant SNPs with a wide range of ef
fect size (odds ratio from 1.57 to 6.11). As expected, the 
effect size is negatively correlated with allele frequency. 
All the significant SNPs with odds ratio above 2 have 
allele frequency below 5%. Interestingly, all but one 
SNP are associated with specific CHD subtypes. Since 
the sample size of each subtype is still modest in the 
study, the statistical power of GWAS in CHD is limited. 
How to effectively identify genetic risk factors that are 
shared across subtypes and subtype-specific using the 
same dataset without incurring heavy multiple testing 
adjustment is an open statistical problem. 

Conclusions 
Recent studies on rare and common variants in CHD 
have significantly improved the understanding of the 
etiology and genetic architecture of CHD. Several ad
vances in the statistical analysis and variant annotation 
tools, including applications of background mutation 
model (1213 trios, [9]••), Bayesian association methods 
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(1891 trios, [11]), recent missense pathogenicity predic
tion tools, VAAST (2391 trios, Watkins et al., 2019  
[40••]), and HeartENN (749 probands and 1611 control 
trios, Richter et al., 2020 [45••]) have significantly in
creased the statistical power. 

There are significant gaps in our understanding of 
human CHD genetics. The identified genetic risk fac
tors only account for a minor fraction of population-at
tributable risk, especially isolated CHD without 
additional congenital anomalies or neurodevelopmental 
disorders. Some risk genes are shared in across CHD 
subtypes, while others are specific to certain subtypes. 
Comprehensive identification of new risk genes by both 
rare and common variants is still a key to advance the 
field and provide the basis for improving understanding 
of developmental biology of CHD and long-term clinical 
outcomes. To improve statistical power, we need more 
international collaboration and effective data sharing. 
Furthermore, we need new statistical and computational 
methods that can take advantage of recent advances in 
machine learning, protein structure, and single-cell 
technologies. For example, modeling of single-cell ex
pression and functional genomics data to infer regulatory 
networks during fetal heart development would be of 
great help for understanding the genetic architectures of 
CHD. Finally, accurate prediction of the pathogenicity 
and mode of action of missense variants is critically im
portant to improve power of new gene discovery and 
clinical interpretation. Recent advances in machine- 
learning modeling of protein sequence and structure can 
improve our ability to make predictions of the functional 
and genetic impact of genetic variants. 
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