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ABSTRACT 

Hundreds of thousands of human deoxyribonucleic acid (DNA) samples have 

been whole genome sequenced, identifying numerous rare variants in the 

nuclear genome and mitochondrial genome (mtDNA). Multiple mtDNA molecules 

are present in a cell. mtDNA heteroplasmy is the presence of two or more 

nucleotides at an mtDNA location in the same individual. Most of the 

heteroplasmic variants are extremely rare, posing a challenge to applying 

traditional analytic approaches in association with heteroplasmy. On the other 

hand, clustering disease-associated rare variants (e.g., classify them into null, 

positively, or negatively associated groups) in a gene region provides useful 

information for investigating the underlying biological mechanisms between rare 

variants and disease traits. However, few studies have investigated rare variants 

clustering. 

To fill in these knowledge gaps, this dissertation focuses on association 

analysis and clustering of rare variants. In project 1, we develop and evaluate a 

comprehensive framework for association testing of heteroplasmy using both 

simulated and real data. In project 2, we propose a method to cluster trait-
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associated rare variants based on a Gaussian mixture model (GMM) and apply 

this method to a real dataset. We also assess the effect of linkage disequilibrium 

(LD) on the performance of the clustering method in simulation studies. In project 

3, we apply the framework developed in project 1 for association analysis of 

heteroplasmy to cardiometabolic diseases (CMDs) in six TOPMed cohorts to 

identify CMD-associated heteroplasmic gene regions. Knowledge gained from 

these three projects will help to better understand the role of rare genetic variants 

in the etiology of complex human diseases.    
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CHAPTER 1 INTRODUCTION 

1.1 Introduction 

The human genome consists of nuclear DNA (nDNA) and mitochondrial 

DNA (mtDNA). In the last decades, thousands of genetic association studies 

have been conducted to identify the associations between nuclear DNA genetic 

variants and many disease traits.1; 2 However, due to the limitation of 

conventional genotyping technology, the associations between disease traits and 

mitochondrial DNA genetic variations have not been explored exhaustively. 

Mitochondria are important organelles producing cellular energy in human cells. 

Through oxidative phosphorylation (OXPHOS), mitochondrion generates 

adenosine triphosphate (ATP), which is an organic compound that provides 

energy to drive many processes in living cells.3 Human mtDNA is a circular 

molecule of 16,569 base pairs, encoding 13 proteins in the energy production 

pathway, 22 transfer ribonucleic acid (tRNA), and two ribosomal RNA (rRNAs) for 

the biosynthesis of mitochondrion itself.4 Based on the similarity between mtDNA 

and the chromosome of proteobacteria, the endosymbiont hypothesis states that 

the mitochondrion evolved from a bacterial progenitor via symbiosis within an 

essentially eukaryotic host cell.5  

Multiple mitochondria exist in a human cell and each mitochondrion 

contains multiple copies of mtDNA. Thus, unlike nuclear DNA with two copies per 

human cell, many copies of mtDNA molecules are present per human cell.6 The 
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number of copies of mtDNA varies widely by tissue and cell types in humans. For 

example, 4000-6000 copies of mtDNA molecules are present in tissues that need 

the most energy, such as cardiac and skeletal muscle. In contrast, a few hundred 

mtDNA molecules are present in blood cells.7 Although most mutations may only 

affect a small proportion of mtDNA copies, the increase in the number of mutant 

loci and a proportion of mtDNA copies with such mutations during aging may 

result in age-related diseases including cardiovascular disease and cancer.8 

 

1.2 Nuclear Inheritance and Mitochondrial Inheritance 

Human nDNA is packaged into thread-like structures called 

chromosomes. Normal human cells contain 23 pairs of chromosomes per cell. 

For each pair of chromosomes, one chromosome is inherited from the mother 

and another is inherited from the father through fertilization.9 On the contrary, 

mitochondria are inherited exclusively from the mother. The egg has thousands 

of mitochondria and they are passed to the developing embryo. In the sperm tail, 

mitochondria are used for propelling the sperm cells, and the tail is lost during 

fertilization.10 After fertilization, the mitochondria in sperm are usually destroyed 

by the egg cell.10 In addition, there is no clear evidence that recombination 

occurs in mtDNA.11 Because the mtDNA genome is located near the oxidative 

phosphorylation system which produces reactive oxygen species such as 

superoxide and hydrogen peroxide,12 mtDNA has a higher mutation rate than 

nuclear DNA. Thus, somatic mutations in mtDNA often occur and are 
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accumulated throughout the lifetime, and therefore, may result in age-related 

diseases. 

 

1.3 Mitochondrial DNA Reference Sequences  

The mtDNA variations are identified by comparing the sequence reads 

with a mtDNA reference sequence. Several mtDNA reference sequences have 

been commonly used. The first reference sequence is  Cambridge Reference 

Sequence (CRS) which was assembled in 1981.13 This sequence was derived 

from sequencing the mitochondrial genome from one woman of European 

descent by Fred Sanger et al. at the University of Cambridge during the 1970s.13 

However, eleven errors were found when resequencing the mtDNA from the 

same woman in 1992.14; 15 These eleven errors include one extra base pair in 

position 3107 and several incorrect assignments of single base pairs. The 

revised version of the sequence reference, designated as the revised Cambridge 

Reference Sequence (rCRS), was published by Andrews et al. in 1999.16 

Haplogroups represent the major branch points on the mitochondrial 

phylogenetic tree.17 Because rCRS belongs to European haplogroup H2a2a1 

which is not a maternal common ancestor of all living humans, some researchers 

argued that it may be better to choose a reference sequence starting with a 

“Mitochondrial Eve” (known as the maternal common ancestor of all living 

humans) as root for haplogroup prediction or comparing the changes in different 

haplogroups. Therefore, a new reference sequence, referred as Reconstructed 
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Sapiens Reference Sequence (RSRS), was assembled.18 The RSRS is a 

hypothetical sequence that uses both a global sampling of modern human 

samples and samples from ancient hominids.18 The RSRS represents the 

ancestral genome of Mitochondrial Eve. Nowadays debates remain about which 

reference sequence to choose between rCRS and RSRS. The favorer of RSRS 

claims that using rCRS may result in bias when tracing back from modern 

mtDNA sequences to our distant common maternal ancestor (the Mitochondrial 

Eve) because rCRS was from a European haplogroup.16 On the other hand, 

some researchers state that most of the potential rCRS-biased errors could have 

been prevented by referring to an mtDNA tree because the mtDNA classification 

tree could distinguish older inherited variants from recent or somatic ones which 

can help to avert potential oversights.19 Besides, additional reference sequences 

may confuse when adopting a phylogenetic approach.19 In addition to rCRS and 

RSRS, several alternative reference sequences have also been used in the field. 

These sequences include Yoruba, Uganda, Swedish and Japanese reference 

sequences.20 Nevertheless, rCRS is the mostly used mtDNA reference in the 

field. 

 

1.4 mtDNA Homoplasmy and Heteroplasmy 

mtDNA variations are identified by comparing sequence reads with a 

reference sequence (e.g., rCRS or RSRS). Because multiple mtDNA copies are 

present in each cell, a mutant (alternative) allele may coexist with a wild-type 
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allele at the same mtDNA locus in the same cell or individual, and this 

phenomenon is called heteroplasmy.21 In contrast, a homoplasmic variant occurs 

when an alternative allele is presented in all copies of mtDNA in an individual. 

Several common homoplasmic variants have been identified, such as 8701G>A 

and 10398A>G.20; 22 Some of the homoplasmic variants are used to define 

mtDNA haplogroups. More than 4,000 different mtDNA haplogroups have been 

identified.17; 23 Some of the macro-haplogroups are commonly found in different 

populations. For instance, H, J, K, N1, T, U4, and U5 are common haplogroups 

in European populations; L0, L1, L2, L3, L4, L5, and L6 are common 

haplogroups in African populations; F, C, W, M, D, N, K, U are common 

haplogroups in Asian populations.17 Homoplasmy can be detected by 

conventional genotyping techniques. However, based on several previous 

studies24-26, most of the mtDNA heteroplasmic mutations are rare, only occurring 

in one or a few individuals. In addition, the mutant-to-wild type allele ratio in an 

individual is low for most heteroplasmic mutations. Therefore, mtDNA 

heteroplasmic mutations can only be optimally studied when deep sequencing of 

mtDNA is available in a large number of individuals.25 Both mtDNA homoplasmic 

variants and heteroplasmic variants may be associated with disease traits.27 

More homoplasmic sites have been found in the human population than 

heteroplasmic sites.25 
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1.5 Association Analysis of mtDNA Variants  

Due to the low coverage of conventional genotyping technologies, only 

homoplasmic variants and high-level heteroplasmic variants can be detected 

accurately around one decade ago.25 Several common homoplasmic variants 

(e.g. 15326A>G, 8860A>G) and heteroplasmic mutations (e.g. 16093T>C, 

16129G>C) were identified.20 The common homoplasmic variants are well 

studied. The chi-squared test is commonly used for association testing of 

common homoplasmic variants with disease traits in case-control studies.28 

Linear models and linear mixed models (LMM) are widely used to analyze the 

associations between common homoplasmic variants and continuous traits in 

unrelated samples and correlated samples, respectively.29-32 Logistic regression 

models and generalized linear mixed models (GLMM) are commonly employed 

for analyzing binary traits in association analyses with common homoplasmic 

variants.33 However, most heteroplasmic mutations are rare in the sense that, for 

most heteroplasmic mutations, the heteroplasmy level is low in an individual, and 

most heteroplasmic mutations only occur in one or a few individuals in the human 

population. Therefore, appropriate statistical methods to investigate relationships 

between rare heteroplasmic mutations and disease traits remain to be studied. 
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1.6 Pipelines for the Identification of mtDNA Sequencing Variations 

Conventional Sanger sequencing lacks sensitivity for detecting mtDNA 

mutations with heteroplasmy levels lower than 20%.34 Thanks to deep 

sequencing techniques, low-level heteroplasmic variants can be identified 

precisely. The limit of detection of pyrosequencing methods is close to 5%35; 36 

(i.e. only mutations with heteroplasmy level ≥5% can be detected), and close to 

1% by reversible terminated chemistry37; 38. The duplex sequencing technology 

improves the limit of detection further to 0.01%.39; 40 With a greatly reduced cost 

in next-generation sequencing, mtDNA sequences have become available in a 

large human population through the whole genome sequencing (WGS) effort by 

the Trans-Omics for Precision Medicine (TOPMed) project supported by National 

Heart, Lung, and Blood Institute (NHLBI).41 The average coverage of nuclear 

DNA is > 30 fold in WGS and the corresponding average coverage of mtDNA by 

WGS is around 1000-4000 fold. Several bioinformatics pipelines have been 

developed to identify mtDNA sequence variations. Several widely used pipelines 

include MToolBox42, mitoCaller24, Mutect243, and Mitomaster44. MToolBox is a 

commonly used software for mtDNA variation identification, annotation, and 

haplogroup prediction. mitoCaller is also a computationally efficient pipeline to 

detect mtDNA variants by using a likelihood-based model, while the algorithm of 

Mutect2 is based on a pair-hidden Markov model probabilistic model for variation 

recognition. In chapter 3, we describe the implementation of MToolBox in the 

identification of heteroplasmic variants.  
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1.7 Gene-based Association Tests for Nuclear DNA 

Genome-wide association studies (GWAS) have identified thousands of 

associations between disease traits and common variants of nuclear DNA 

(nDNA) with minor allele frequencies (MAFs) ≥ 1%.1; 2 Previous studies showed 

that low frequency and rare variants (MAFs < 1%) contribute a considerable 

proportion of the heritability of phenotypes in addition to common variants, where 

heritability is a measure that estimates the degree of variation in a phenotype 

between individuals that is due to genetic variation in the population.45 However, 

the single-variant association tests are, in general, underpowered to detect 

associations of phenotypes and rare variants with MAFs < 1% in conventional 

cohort studies. 

 

Several variant-set tests (known as aggregate unit tests) have been 

developed to increase the power in association testing of rare variants by 

aggregating multiple rare variants in a region or a gene. The burden test46 and 

sequence kernel association test (SKAT)47 are two widely used variant-set tests 

in association analyses. Both methods are suitable for continuous, binary, and 

time-to-event outcomes and incorporate covariates. Burden tests are more 

powerful if a large proportion of variants in the region are associated with 

phenotypes, and all the allele effects are in the same direction.47 But the power is 

markedly reduced if many genetic effects have the opposite direction. In contrast, 

SKAT outperforms the burden test if a small proportion of variants is causal 



9 

 

and/or the effect directions differ.47 The burden test and SKAT can be combined 

by calculating a weighted average of their test statistics as 𝑄𝜌 = 𝜌𝑄𝑏𝑢𝑟𝑑𝑒𝑛 + (1 −

𝜌)𝑄𝑆𝐾𝐴𝑇, which follows a mixture of chi-square distributions asymptotically. 

SKAT-O48 is constructed to identify the optimal weight (combination) to minimize 

the p-value over different combinations. SKAT-O is adaptive for different 

scenarios of causal variants in the tested region. For instance, SKAT-O provides 

robust statistics irrespective of the proportion of causal variants within a region 

and the directionality of the causal effects. In practice, we rarely have information 

about the optimal combination. Therefore, a grid search over ρ is needed to find 

the combination with a minimal p-value for the statistic 𝑄𝜌. The 𝑄𝜌 statistic 

controls for multiple testing by a one-dimensional numeric integration. Therefore, 

SKAT-O is more computationally intensive than the burden test and SKAT.48  

 

Different weights can be assigned to the genetic variants in a region. The 

weight of each variant may be based on the MAF or the functional score such as 

the Combined Annotation Dependent Depletion (CADD) score. For example, one 

can assign larger weights to the variants with larger CADD scores when 

assuming that larger functional scores lead to larger effects on disease traits. An 

appropriate choice of weights for causal variants may increase power in 

association analyses. In SKAT, beta density functions are widely used as a group 

of flexible weight functions that depends on MAF, such as 𝑤𝑗 =

𝐵𝑒𝑡𝑎(𝑀𝐴𝐹𝑗 ,  𝑎1,  𝑎2), where 𝑎1 and 𝑎2 are pre-specified parameters, and MAF𝑗 is 
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the MAF of the j-th variant.47 The parameters are set to be 𝑎1 = 1 and 𝑎2 = 1 if 

we assume that all the variants have the same weights. Another common choice 

is 𝑎1 = 1 and 𝑎2 = 25 by assuming that more rare variants have larger effects on 

the trait.47 However, the optimal weights are unknown in practice. 

  

  An omnibus test, the aggregated Cauchy association test (ACAT)49, is 

used to combine different tests (e.g., burden and SKAT) with different weights. 

Because the distribution of the test statistics of ACAT is well approximated by a 

Cauchy distribution under the null hypothesis, the correlation structure of 

individual variant-set tests statistics is not needed to calculate the p-value.49 

Hence the ACAT test is fast to compute once we have the p-values of the 

individual variant-set tests we wish to combine. 

 

1.8 Outline of Dissertation 

In the last decades, thousands of genetic association studies have been 

conducted to identify the associations between genetic variants in nuclear DNA 

and many disease traits. However, due to the limitation of conventional 

genotyping technology, the associations between disease traits and 

mitochondrial DNA genetic variations have not been explored exhaustively. To 

this end, we develop a novel framework for the association analysis of rare (MAF 

< 0.01) heteroplasmic mitochondrial DNA mutations with disease traits. 
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In chapter 2, we establish a statistical framework that incorporates a pre-

specified threshold for identifying heteroplasmic variants and performs 

association analyses with a few methods, including the original burden test46 with 

its extensions including adaptive burden test, Z-score weighting approach, and 

variable threshold approach,50; 51 and SKAT.47 In the framework, we use two 

definitions to define heteroplasmic variants. This framework also uses an 

aggregated Cauchy association test (ACAT-O)49 and SKAT-optimal (SKAT-O)48 

to combine information from multiple gene-based methods applied to assess the 

association of phenotypes with heteroplasmic variants. Furthermore, this 

framework can easily incorporate different types of weights (e.g., a function of the 

variant allele fraction and the predicted functional score). We evaluate the 

performance of these methods with continuous and binary traits with a 

comprehensive simulation study. We also apply the methods to real data to 

assess the association of heteroplasmy with age and sex in several large cohorts 

with whole genome sequencing data. 

  

In chapter 3 we propose a clustering method for trait-associated rare 

variant identification and effect direction classification based on a Gaussian 

mixture model (GMM). Without loss of generalizability, this proposed method 

applies to both nuclear and mitochondrial rare variants. First, we perform ACAT-

O combining burden test and SKAT to detect regions in which rare variants show 

associations with a trait. For a given region associated with a disease trait, we fit 
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single variant models to obtain association statistics between phenotype and rare 

variants within the region. Based on the effect size, standard error (SE), and 

effect direction from the single variant model, this novel clustering method may 

identify risk and/or protective rare genetic variants with a trait of interest. The 

single variant model will be described in detail in Chapter 3. Because the 

performance of GMM is sensitive to the initialization of parameters, we calculate 

the initial proportion values for associated variants by an optimal combination of 

z-scores. In addition, the method may also cluster the associated rare variants 

into potential subgroups based on the direction and magnitude of effect sizes of 

those rare variants in association analyses. We evaluate the performance of the 

proposed clustering method with a simulation study and apply it to a real dataset.  

 

In chapter 4, we apply the framework we develop in Project 1 to explore 

the associations between heteroplasmic variants and several cardiometabolic 

disease (CMD) traits for five large cohorts of ARIC, CHS, FHS, JHS, and MESA. 

The CMDs include obesity, diabetes, hypertension, and hyperlipidemia as well as 

several continuous traits defining these CMD diseases. We incorporate three 

coding definitions of heteroplasmy including the two definitions defined in project 

1, and an additional definition based on Mito-Score that incorporates functional 

annotation and region constraint to evaluate a heteroplasmic variant. We perform 

cohort- and ancestry-specific association analyses. We meta-analyze the results 

across cohorts using a fixed-effect model (for the burden test) and Fisher's 
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method (for the other tests). We summaries our results, make conclusions and 

outline future work in chapter 5. 
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CHAPTER 2 ASSOCIATION ANALYSIS OF MITOCHONDRIAL DNA 

HETEROPLASMIC VARIANTS: METHODS AND APPLICATIONS 

2.1 Introduction  

Mitochondria are important organelles producing cellular energy through 

oxidative phosphorylation, calcium homeostasis, regulation of innate immunity, 

programmed cell death, and stem cell regulation.4 The maternally inherited 

mitochondrial genome is a circular molecule of double-stranded DNA (mtDNA). 

Human mtDNA consists of 16,569 base pairs and is essential for proper 

mitochondrial function. mtDNA encodes 22 tRNAs and 2 rRNAs, and 13 proteins 

that are involved in the energy production pathway 4 Hundreds to thousands of 

mtDNA molecules are present per human cell, depending on the cell’s energy 

requirement.6 Heteroplasmy refers to a phenomenon where two or more alleles 

coexist at the same site in a mixture of mtDNA molecules within a cell or an 

individual.21 Based on our previous studies52 and other studies,24-26 98% of 

mtDNA heteroplasmic variants are rare, only present in one (i.e., singleton) or a 

few individuals. In addition, most heteroplasmic variants display low VAFs in the 

general human population.24-26; 52 Nonetheless, the increase in both their number 

and VAFs of heteroplasmy during aging may contribute to age-related diseases, 

including cardiovascular disease and cancer.6; 8  

 

With a greatly reduced cost in next-generation sequencing technologies, 

hundreds of thousands of human genome samples, including mtDNA, have been 
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sequenced. The availability of mtDNA sequences with high coverage (e.g., > 

2000-fold) in large human populations52 provides for the detection of rare, low-

level heteroplasmic variants that are potentially associated with disease traits. 

The commonly used statistical methods to analyze rare variants in the nuclear 

genome, e.g., burden tests 46 and the sequence kernel association test (SKAT),47 

have not been evaluated for their performance in the context of ultra-rare variants 

such as mitochondrial heteroplasmic variants. In addition, there is no standard 

procedure or approach for the analysis of heteroplasmic variants. Therefore, it is 

important to develop a novel framework for testing the association of 

heteroplasmic variants with disease traits. 

  

We propose a statistical framework for association analysis of 

heteroplasmic variants with a trait. This framework incorporates a pre-specified 

threshold for identifying true heteroplasmic variants and performs association 

analyses with a few methods, including the original burden test46 and its 

extensions,50; 51 and SKAT.47 This framework also uses an aggregated Cauchy 

association test (ACAT-O)49 and SKAT-optimal (SKAT-O)48 to combine 

information from multiple gene-based methods applied in association analyses. 

Furthermore, this framework can easily incorporate different types of weights 

(e.g., the variant allele fraction and the predicted functional score). In this study, 

we evaluate the performance of these methods using simulated and real data to 

assess the association of heteroplasmy with continuous and binary traits. 
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2.2 Methods 

2.2.1 Definition of mtDNA Sequence Variants 

Variant alleles are identified by comparing sequence reads in mtDNA to 

reference sequence, e.g., the revised Cambridge Reference Sequence (rCRS)16 

or Reconstructed Sapiens Reference Sequence (RSRS)18. A variant allele 

fraction (VAF) is the proportion of the variant alleles over all sequence reads 

observed at an mtDNA site in an individual. To minimize false positive findings, a 

heteroplasmy is defined by a pre-specified threshold 𝜏 = (𝜏1, 𝜏2). Let 𝑉𝐴𝐹𝑖𝑗 be the 

VAF of a variant at mtDNA site jth in the ith individual. Here j = 1, …, m, and i = 

1, …, n. A site j is not considered as a variant if 𝑉𝐴𝐹𝑖𝑗 < 𝜏1  in individual i; it is 

considered as a heteroplasmy if 𝜏1 ≤ 𝑉𝐴𝐹𝑖𝑗 ≤ 𝜏2; and it is considered as a 

homoplasmy if 𝑉𝐴𝐹𝑖𝑗 > 𝜏2.  

Let 𝐺𝑖𝑗𝑡 be the coding of the heteroplasmy at the 𝑗𝑡ℎ site of 𝑖𝑡ℎ individual 

with a VAF threshold 𝜏. We consider two coding schemes for variants in 

association testing. First, we define a heteroplasmic variant by an indicator 

function in which the VAF of a heteroplasmy is not incorporated:  

𝐺𝑖𝑗𝜏 = 1𝜏(𝑉𝐴𝐹𝑖𝑗) = {
1 𝑖𝑓 𝑉𝐴𝐹𝑖𝑗 ∈ 𝜏

0            𝑜. 𝑤.   
                          (Definition 1) 

Second, we define a heteroplasmy by incorporating its VAF: 

𝐺𝑖𝑗𝜏 = {
𝑉𝐴𝐹𝑖𝑗 𝑖𝑓 𝑉𝐴𝐹𝑖𝑗 ∈ 𝜏

0            𝑜. 𝑤.   
                                       (Definition 2) 
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Because definition 2 results in distinct scales between heteroplasmic sites, we 

standardize the coding of each heteroplasmy. 

 

2.2.2 A Phenotype Model  

For subject i, let 𝑦𝑖 denote a phenotype with mean 𝜇𝑖. Let 𝑋𝑖 =

(𝑋𝑖1, … , 𝑋𝑖𝑞)𝑇 denote a vector of covariates, and let 𝐺𝑖𝜏 = (𝐺𝑖1𝜏, … , 𝐺𝑖𝑚𝜏)𝑇 be a 

vector of the coding of m mtDNA heteroplasmic variants in a region or gene. We 

consider a generalized linear model (GLM) framework to investigate the 

relationship between a set of mtDNA heteroplasmic variants in a region or gene 

and a phenotype.53  

                𝑔(𝜇𝑖) = 𝑑0 + 𝑋𝑖
𝑇𝒅 + 𝑀𝑖 + 𝑁𝑖 + 𝐺𝑖𝜏

𝑇 𝜷     (Equation 1) 

where 𝑔(𝜇𝑖) = 𝜇𝑖 for a continuous trait and 𝑔(𝜇𝑖) = 𝑙𝑜𝑔𝑖𝑡(𝜇𝑖) for a binary trait. To 

be more generalizable, we let 𝑀𝑖 be a polygenic component of the mtDNA, and 

𝑁𝑖 be a polygenic component of the nuclear genome.31 For family data, 𝑀𝑖 and 𝑁𝑖 

represent random effects from maternal and nuclear correlation matrix, 

respectively. In Equation 1, 𝑑0 is an intercept, 𝒅 = (𝑑1, … , 𝑑𝑞)𝑇 is a column vector 

of the effects from covariates, and 𝜷 = (𝛽1, … , 𝛽𝑚)𝑇 is a column vector of the 

effects from a set of heteroplasmic variants. The testing of the null hypothesis of 

no association between mtDNA sequence variations and a trait is equivalent to 

testing 𝐻0: 𝜷 = (𝛽1, … , 𝛽𝑚) = 𝟎. The score statistic for mutation j is defined as 



18 

 

𝑈𝑗 = ∑ 𝐺𝑖𝑗𝜏(𝑦𝑖 − 𝜇̂𝑖)
𝑛
𝑖=1      (Equation 2) 

where 𝜇̂𝑖 is the estimated mean of 𝑦𝑖 under the null hypothesis (𝐻0: 𝛽 = 0) by 

fitting the null model  𝑔(𝜇𝑖) = 𝑑0 + 𝑋𝑖
𝑇𝒅.  

 

2.2.3 Gene-based Tests 

The original burden and SKAT 

In this study, we only considered heteroplasmic variants with population-

level frequency 𝑀𝐴𝐹𝐻𝑗 =
1

𝑛
∑ 𝐺𝑖𝑗𝜏

𝑛
𝑖 < 0.01 in association analyses. Here, n is the 

number of participants in the study and 𝑀𝐴𝐹𝐻𝑗 refers to the minor allele 

frequency (MAF) of a heteroplasmic variant (H) j. The original burden test46 

(referred to as Burden) and SKAT47 are often used to aggregate the effects of 

rare variants in a genetic region in autosome. The corresponding test statistic for 

Burden is 𝑄𝑏𝑢𝑟𝑑𝑒𝑛 = (∑ 𝑤𝑗𝑈𝑗
𝑚
𝑗=1 )2. Under the null, 𝑄𝑏𝑢𝑟𝑑𝑒𝑛 follows a chi-square 

distribution asymptotically with 1 degree of freedom. The SKAT method47 uses a 

variance component framework and the corresponding test statistic is 𝑄𝑆𝐾𝐴𝑇 =

∑ 𝑤𝑗
2𝑈𝑗

2𝑚
𝑗=1 .  This test statistic follows a mixture of independent chi-square 

distributions asymptotically with 1 degree of freedom under the null. For both 

Burden and SKAT statistics, 𝑤𝑗 is a weight53 that an investigator may choose for 

mutation j.  
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Extensions to the original burden test  

The burden test has larger power than SKAT when rare variants in a 

gene/region display the same effect direction on a trait48. Therefore, the adaptive 

burden test50 (denoted as Burden-A) was proposed to improve the power for 

Burden by incorporating the effect directions of rare variants within the target 

gene region. The adaptive burden test50 (denoted as Burden-A) is an extension 

of the Burden test by changing the coding sign of single nuclear variants (SNVs) 

based on an arbitrary threshold p-value in regression analysis and the observed 

direction of effect. This test may have an advantage over the Burden46 test by 

selecting possible causal variants to be included in the test. The steps that 

perform the adaptive burden test50 for association analyses of heteroplasmic 

variants are described as the following. 

 

Step 1: For each heteroplasmic variant j, we fit a single mutation model 

described below 

𝑔(𝜇𝑖) = 𝛼0 + 𝐴𝑔𝑒𝑖𝛽1 + 𝑆𝑒𝑥𝑖𝛽2 + 𝐺𝑖,𝑗𝛽3,𝑗 (Equation 3) 

where 𝑔(. ) is the link function connecting the 𝜇𝑖 which is the conditional mean of 

phenotype 𝑦𝑖, to age, sex, and genetic dosage (𝐺𝑖,𝑗) of jth heteroplasmy of the ith 

subject. Here 𝛼0 is the intercept, 𝛽1 and 𝛽2 are the beta coefficients of age and 

sex, 𝛽3,𝑗 is the genetic effect of the jth heteroplasmy in the single mutation model. 

We obtain the estimate of the genetic effect 𝛽3,𝑗̂ and the p-value 𝑝𝑀,𝑗 for j=1…J. 
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Step 2: Given a pre-specified p-value cutoff 𝑝𝑐, we change the coding sign 

of the heteroplasmy j if 𝑝3,𝑗 ≤ 𝑝𝑐 and 𝛽3,𝑗̂ < 0. The signs of the other 

heteroplasmic variants remain the same. Hence, we obtain a new genetic 

dosage matrix 𝐺𝑛𝑒𝑤 with the same dimensions as the original genetic dosage 

matrix. We set 𝑝𝑐 = 0.1 in our study based on a previous study that proposed the 

adaptive burden method (Burden-A).50 

 

Step 3: Perform the original burden test with the new genetic dosage 

matrix 𝐺𝑛𝑒𝑤 and obtain the p-value, pnew. 

 

Step 4: Permute the phenotype {𝑌𝑖} B times to obtain B sets of permutated 

data {(𝑌𝑖
(𝑏)

, 𝑋𝑖, 𝐺𝑖)} for b=1,…,B. For each permuted data, we repeat steps 1-3 

and obtain a p-value 𝑝(𝑏). Therefore, we generate an empirical null distribution of 

pnew: {𝑝(𝑏)} with b=1,...,B. The empirical p-value of the test is calculated as 

∑ 𝐼(𝑝(𝑏) < 𝑝𝑛𝑒𝑤)/𝐵
𝑏=1 𝐵. We choose B=50000 for α level of 0.001. 

 

Burden-A50 uses the same weight for all the variants, which may lead to 

power loss. Sha and Zhang51 proposed a z-score weighting approach (referred to 

as Burden-S) to minimize this limitation. According to the method by Sha and 

Zhang51, let 𝑧𝑗 denote the z-score of jth heteroplasmic variant from Equation 3, 
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where 𝑧𝑗 =
𝛽3,𝑗
̂

𝑆𝐸(𝛽3,𝑗
̂ )

.   The weight of the jth heteroplasmy 𝑤𝑗 is set to be 𝑧𝑗 . The 

weight matrix is formed as 

𝑊 = 𝑑𝑖𝑎𝑔(𝑤1, … , 𝑤𝐽) 

and the score-weighted genetic dosage matrix is defined as 

𝐺𝑆 = 𝐺𝑊 

In analogy to the adaptive burden test, an empirical p-value is evaluated by a 

permutation test for the z-score weighting method. Note that we assign larger 

weights to heteroplasmic variants with larger z-scores. The sign of the 

heteroplasmic variants with negative z-scores is switched. Because switching the 

sign of all heteroplasmic variants with negative z-scores would results in extreme 

p-values under the null hypothesis, the null distribution would have a heavy tail 

and may lead to power loss. Some heteroplasmic variants may give rise to 

extreme z-scores by chance and this may result in an inflated type I error rate. 

   

To avoid such a situation, we modify the z-score weights to have lower 

(z=-1.5) and upper (z=1.5) bounds. That is, we set 𝑤𝑗 = 1 if |𝑧𝑗| < 𝑍0.05 where 

𝑍0.05 ≈ 1.65,  the 95 percentile of the standard normal distribution. If 𝑧𝑗 ≥ 𝑍0.05, 𝑤𝑗 

is assigned to be 𝑧𝑗 − 𝑍0.05 + 1, with an upper limit of 1.5. Similarly, if 𝑧𝑗 ≤ −𝑍0.05, 

𝑤𝑗 is assigned to be 𝑧𝑗 + 𝑍0.05 − 1, with a lower limit of -1.5. 
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Another limitation of Burden-A is that the cutoff 𝑝𝑐 based on marginal 

models is chosen arbitrarily. To overcome this, Sha and Zhang proposed the 

variable threshold approach51 (Burden-V) that searches for an optimal cutoff in 

Burden-A based on Equation 3. This method is implemented in the following 

steps: 

 

Step 1: We select various percentiles 𝑞𝑆 of the p-values 𝑆 =

{𝑝3,𝑗, 𝑗 = 1 … 𝐽} from Equation 3 as the thresholds. According to Sha and Zhang51, 

they choose all possible p-values as the candidate thresholds, which leads to an 

intensive computational burden. Therefore, we choose the 15th, 30th, 50th, 70th, 

and 85th percentiles to be the thresholds with a continuous trait, denoted by 𝑞15
𝑆 , 

𝑞30
𝑆 , 𝑞50

𝑆 , 𝑞70
𝑆 , 𝑞85

𝑆 . 

 

Step 2: For a given percentile 𝑞𝑆, we only include heteroplasmic variants 

with the p-value 𝑝3,𝑗 ≤ 𝑞𝑆 and change the sign of the heteroplasmic variant in G if 

the corresponding beta coefficient 𝛽3,𝑗̂ < 0. Thus, we obtain a manipulated 

genetic dosage matrix 𝐺𝑞𝑆.  

 

Step 3: We perform the original burden test based on 𝐺𝑞𝑆 and get the p-

value. The five percentiles yield five p-values: 𝑝𝑞15
𝑆 , 𝑝𝑞30

𝑆 , 𝑝𝑞50
𝑆 , 𝑝𝑞70

𝑆  and 𝑝𝑞85
𝑆 . We 
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also run a burden test by the original genetic dosage matrix 𝐺 and get the p-

value 𝑝0. Based on these six p-values 𝐾 = {𝑝0, 𝑝𝑞15
𝑆 , 𝑝𝑞30

𝑆 , 𝑝𝑞50
𝑆 , 𝑝𝑞70

𝑆 , 𝑝𝑞85
𝑆   }, we 

define two test statistics that are referred to as the Burden-V1 and Burden-V2 

methods. 

𝑇1 = 𝑚𝑖𝑛𝐾 (Burden-V1) 

𝑇2 = ∑ 𝑡𝑎𝑛 ((0.5 − 𝑝)𝜋)𝑝∈𝐾 /|𝐾| (Burden-V2) 

where 𝑇2 is the test statistic of ACAT49. 

 

Because most of the heteroplasmic variants are singletons, the regression 

model, Equation 3, of logistic regression with a binary trait leads to biased 

estimates and an extremely conservative p-value 𝑝3,𝑗 (>80% of the p-

values>0.9). Hence, we modify the single mutation model, and fit a logistic 

regression under the null hypothesis of no genetic effect on the trait and obtain 

the residuals: 

𝑙𝑜𝑔𝑖𝑡(𝜇𝑖) = 𝛼0 + 𝐴𝑔𝑒𝑖𝛽1 + 𝑆𝑒𝑥𝑖𝛽2 

These residuals are rank-base inverse normalized. Then we regress the 

transformed residuals on each of the heteroplasmic variants to get the p-value 

and beta coefficient. In addition, because a logistic regression with few rare 

mutations may lead to conservative results, we set the thresholds to be 50th, 70th, 

and 85th percentiles. 



24 

 

The weights 

The weights, 𝑏𝑒𝑡𝑎(𝑀𝐴𝐹, 1, 25), are used to put more weight on rarer 

variants in association analyses.47 However, 98% of mtDNA heteroplasmic 

variants are only present in one (i.e., singleton) or a few individuals.24-26; 52 Due to 

this extreme rareness, the 𝑏𝑒𝑡𝑎(𝑀𝐴𝐹, 1, 25) weights play a minimum role in the 

association analysis of rare heteroplasmic variants. For example, applying the 

𝑏𝑒𝑡𝑎(𝑀𝐴𝐹, 1, 25) weights to analyzing a singleton heteroplasmy or a 

heteroplasmic variant of five individuals gives rise to almost identical weights 

(24.8 versus 24.0, respectively) in a cohort of 3,000 individuals. Simulation 

studies confirm the theoretical calculations (Supplementary Figure 2.6). 

Therefore, the 𝑏𝑒𝑡𝑎(𝑀𝐴𝐹, 1, 25) weights are not used in evaluating type I error 

and power. 

 

2.2.4 Combing Multiple Gene-based Tests in a Gene/Region 

We adopt two omnibus tests (ACAT-O and SKAT-O) to combine 

information from association testing of heteroplasmic variants with Burden and 

SKAT. A generalized SKAT (SKAT-O)48 is constructed as a linear combination of 

an original burden test and a SKAT48. The test statistic is 𝑄𝜌 = 𝜌𝑄𝑏𝑢𝑟𝑑𝑒𝑛 + (1 −

𝜌)𝑄𝑆𝐾𝐴𝑇, where 𝜌 ϵ [0,1] is a weight applied to the original burden test statistic. 

Under the null hypothesis, 𝑄𝜌 follows asymptotically a mixture of independent 

chi-square distributions with 1 degree of freedom. The SKAT-O can be 
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constructed if we choose the minimum p-value of the different choices of ρ. The 

test statistic of SKAT-O is 𝑄𝑆𝐾𝐴𝑇−𝑂 = min {𝑝𝜌1
, … , 𝑝𝜌𝑘

}. The significance of 

𝑄𝑆𝐾𝐴𝑇−𝑂 can be assessed by a one-dimensional numerical integration. In our 

study, to make it comparable to ACAT-O, we take ρ=0 and 1 to combine Burden 

and SKAT. That is, 0 = 𝜌1 < 𝜌2 = 1. 

 

In ACAT-O49, the test statistic of a region/gene is defined as 𝑄𝑜𝑚𝑛𝑖𝑏𝑢𝑠 =

1

2
[tan{(0.5 − 𝑝𝑏𝑢𝑟𝑑𝑒𝑛)} + tan{(0.5 − 𝑝𝑆𝐾𝐴𝑇)}]. Here 𝑝𝑏𝑢𝑟𝑑𝑒𝑛 and 𝑝𝑆𝐾𝐴𝑇 denote the p-

values from Burden test and the SKAT. Because this test statistic approximately 

follows a standard Cauchy distribution 49, the p-value of the test statistic can be 

approximated by 𝑝𝑜𝑚𝑛𝑖𝑏𝑢𝑠 ≈
1

2
−

arctan (𝑄𝑜𝑚𝑛𝑖𝑏𝑢𝑠)

𝜋
. The ACAT-O method is 

computationally fast and it efficiently combines p-values from individual tests of 

different methods when multiple weighting schemes are applied. Based on 

previous studies, we use α=0.001 to control for multiple testing in association 

analyses across multiple genes/regions.30  

 

2.2.5 A Simulation Study 

According to Equation 1, we simulated a continuous trait and a binary trait 

in response to heteroplasmic sites located in the mitochondrial Cytochrome b 

(MT-CYB) gene in European American participants (N=3,415) of the 

Atherosclerosis Risk in Communities (ARIC) Study54. We only consider 
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independent samples and no correlation between nDNA and mtDNA, therefore, 

Equation 1 is simplified to 𝑔(𝜇𝑖) = 𝑑0 + 𝑋𝑖
𝑇𝒅+𝐺𝑖𝜏

𝑇 𝜷 by setting 𝑀𝑖 and 𝑁𝑖 to 0. The 

CYB gene has a length of 1141 base pairs, and it is the fourth longest gene 

among the 13-mtDNA coding genes. Heteroplasmy was identified by a widely-

used software package, MToolBox,42 with WGS data from TOPMed Freeze 8, 

released in February 2019, GRCH38.41  The rCRS16 was used to identify 

heteroplasmic variants. The CYB gene contains 121 heteroplasmic sites in 

European American participants in ARIC. Of those, 66 are nonsynonymous and 

rare variants. The traits were simulated as a function of these 66 

nonsynonymous mutations (Supplementary Table 2.1) according to Equation 1. 

We simulated 50,000 replicates to evaluate the performance of the proposed 

methods with empirical type I error rate and power at ɑ=0.001. Because the 

simulated phenotype follows the same distribution across the 50,000 simulation 

replicates under null, we simulated one empirical null distribution using 50,000 

permutations for each method with each coding definition. 

   

Type I error rate 

To evaluate the type I error rate, we simulated a phenotype, y, by 

Equation 1 under the null hypothesis: 𝑦 = 0.08𝐴𝑔𝑒 + 𝑆𝑒𝑥 + 𝜀, where 𝜀~𝑁(0, 0.7). 

We applied a cutoff of 80% quantile to the simulated continuous phenotype to 

obtain a binary phenotype with a 20% prevalence rate. The observed type I error 



27 

 

rate is defined as the proportion of simulation replicates with p-values ≤ 0.001 

under the null. We evaluated the type I error rate with a ratio of the observed type 

I error rate divided by 0.001. We calculate the 95% confidence interval of the 

empirical type I error rate of each method by the exact method using 

“binom.confint” function of the binom package in R. We define the empirical type 

I error rate to be conservative for a test if the upper limit of its 95% CI is smaller 

than 1. Analogously, we define the empirical type I error rate to be inflated for a 

test if the lower limit of its 95% CI is larger than 1. The empirical type I error rate 

is controlled well if its 95% CI contains 1. 

 

Power estimation 

To evaluate power, we simulated a continuous phenotype using the 

following model, a special case of Equation 1, with a genetic effect from 

sequence variations in the CYB gene: 𝑦 = 0.08𝐴𝑔𝑒 + 𝑆𝑒𝑥 + 𝑮𝜑
𝐶 𝑇𝜷 + 𝜀, where 

𝑮𝜑
𝑐 𝑇 = (𝐺1𝜑

𝑐 , … , 𝐺𝑘𝜑
𝑐 ) is a vector that includes the coding for k randomly chosen 

causal heteroplasmic variants in the CYB gene. If we use a coding definition in 

simulating a phenotype, we use the same coding definition in data analysis. That 

is, we use the same coding definition in the phenotype simulation step and the 

analysis step. 𝜷𝑇 = (𝛽1, … , 𝛽𝑘) is a vector of fixed effects for the selected causal 

mutations. We also applied a cutoff of 80% quantile to the simulated continuous 

phenotype to obtain a binary phenotype. The effect size of heteroplasmic variant 
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j is specified by |𝛽𝑗| = √
𝑐

𝑣𝑎𝑟(𝐺𝑗𝜏)
 , where c is a constant defined as 𝑐 =

𝑅2

𝑉𝑇𝐷𝑉
. Here 

𝑣𝑎𝑟(𝐺𝑗𝜏) is the variance of the heteroplasmic variant j, 𝑅2 is the proportion of 

variance explained by all causal mutations, D is the correlation matrix between 

mutations, and 𝑉 is a vector of the signs of 𝜷. The proportion of variance (R2) 

explained by the causal heteroplasmic variants was set to be 1% for the 

continuous phenotype, and 2% for the binary phenotype. The variance explained 

by age, sex, and random error is around 24%, 25%, and 50% respectively. We 

calculate empirical power by adjusting for the empirical type I error rate. We also 

calculate empirical power not adjusting for empirical type I error rate. 

 

Scenarios 

In practice, it is possible that a proportion of heteroplasmic variants in an 

mtDNA gene have effects on a phenotype while the rest of heteroplasmic 

variants in the same gene have no effects (i.e., 𝜷 = 𝟎) or display opposite effects 

(i.e., some elements of 𝜷 are positive and some others are negative) on the 

phenotype. We considered 5%, 25%, 50%, and 80% of the nonsynonymous 

heteroplasmic variants in the CYB gene to be causal and 50%,80%, and 100% of 

these causal heteroplasmic variants to have the same effect direction with a 

phenotype. Therefore, we evaluated the power under 12 scenarios that vary the 

proportion of heteroplasmic variants to be causal and vary the proportion of the 

causal mutations to have the same directionality. To account for an inflated or 
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conservative type I error rate, we estimate empirical power as the proportion of p-

values that is smaller than 0.1 quantile from all simulation replicates. We also 

present the power based on the nominal α level of 0.001. That is the proportion 

of simulation replicates with p-values≤0.001. 

  

2.2.6 Application of the Proposed Framework in Real Data 

Study participants 

We applied the framework to analyze heteroplasmy with traits in five large 

cohorts, including ARIC54, Framingham Heart Study (FHS)55-57, Cardiovascular 

Health Study (CHS)58, Jackson Heart Study (JHS)59 and Multi-Ethnic Study of 

Atherosclerosis (MESA) (Table 2.2).60 These cohorts are prospective cohort 

studies designed to investigate cardiovascular disease and its risk factors across 

different US populations. Participants in these five cohorts received whole 

genome sequencing (WGS) with an average coverage of 39-fold from the Trans-

Omics for Precision Medicine (TOPMed) program, sponsored by the National 

Institutes of Health (NIH) National Heart, Lung and Blood Institute (NHLBI).41 We 

excluded two duplicated individuals from JHS and eight from MESA because 

they overlapped with ARIC.  
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Identification of mtDNA heteroplasmy  

Quality control of WGS sequencing was described previously52. We 

applied MToolBox42 to all participating cohorts (WGS TOPMed Freeze 8, 

released in February 2019, GRCH38)41 with rCRS.16 We applied the 3%-97% of 

thresholds to identify heteroplasmy. The selection of the 3%-97% threshold with 

TOPMed WGS data and the detailed information for quality control of mtDNA 

sequence variations was described previously.52 

 

Association analysis of heteroplasmy 

We aim to identify age-associated mtDNA gene heteroplasmic variants 

and explore the association between sex and heteroplasmy. We applied two 

coding definitions to evaluate these gene-based tests and omnibus methods to 

analyze heteroplasmic variants in cross-sectional association analyses of age (a 

continuous trait) and sex (a binary trait) with rare heteroplasmy (𝑀𝐴𝐹𝐻𝑗 < 0.01) in 

16 genes/regions using the GLMM61 framework with heteroplasmic variants in 

sixteen genes/regions as the predictor variables. For illustration purposes, we 

use age and sex as outcome variables.  We performed cohort-specific and 

ancestry-specific association analyses with gene-based tests and omnibus tests. 

A previous study showed that the year of blood draw was significantly associated 

with mtDNA copy number.62 We tested if the heteroplasmic burden was 

associated with a year of blood draw in each cohort (Supplementary Table 2.3). 

We adjusted for the year of blood draw in cohort-specific association analyses if 
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the year of blood draw showed a significant association with heteroplasmic 

burden in a cohort. Whole genome sequencing was conducted using whole 

blood-derived DNA. A previous study showed that white blood cell count and 

platelet count were associated with the total heteroplasmic burden,52 therefore, 

we performed sensitivity analyses with additional adjustments for white blood cell 

count and differential count (the proportions of neutrophil, lymphocyte, monocyte, 

eosinophil, and basophil) and platelet variables. Because cell count/platelet 

variables were available only in a subset of cohort/participants, the sensitivity 

analyses were performed in FHS (n=2551) and JHS (n=2737). We compared the 

regression estimates between the models with and without cell count/platelet 

variables in the 2551 FHS participants and also in the 2737 JHS participants.  

 

Ancestry-specific meta-analysis was performed separately in participants 

of European ancestry and African ancestry. Meta-analysis was also performed to 

combine the results from each ancestry. We used two methods to conduct meta-

analyses. We first combined the p-values across cohorts by Fisher’s method 

which does not employ weight in meta-analyses.63  In addition, we performed a 

meta-analysis using the fixed-effects inverse variance method64 to combine the 

summary statistics of the original burden tests. Here, we hypothesized that there 

is only one true treatment effect for the association of heteroplasmy with a trait 

between studies. We presented a meta-analysis of all participants as the main 

result. We used α level of 0.001 for significance30 in association testing. We 
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performed 50,000 permutations to obtain empirical p-values for all of the burden-

extension methods. All analyses in simulation and application used R software 

version 3.6.0.65  

 

2.3 Results  

We simulated a continuous trait and a binary trait based on heteroplasmic 

sites located in the mitochondrial Cytochrome b (MT-CYB) gene which is the 

fourth longest gene of mtDNA (Methods & Supplementary Table 2.1). Below we 

presented results from simulation studies to evaluate type I error rate and power 

for several gene-based tests and the two omnibus tests. Of note, we used the 

same coding definition in simulating a phenotype and in estimating type I error 

rate and power. We also presented the findings from the application of these 

methods to real data in the five large cohorts with WGS. 

  

2.3.1 Empirical Type I Error Rate of Simulation Studies 

We employed two coding definitions of heteroplasmy which were 

described thoroughly in the method section. By definition 1 with a continuous 

trait, the type I error rate was appropriately controlled for Burden, Burden-A, 

Burden-S, Burden-V1, and ACAT-O because the 95% CI of their empirical type I 

error rate contains the null value of 1. The empirical type I error rate of burden-V2 

was inflated because the lower limit of its 95% CI (1.23) was larger than the null 
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value of 1. The SKAT and SKAT-O displayed a conservative empirical type I 

error rate because the upper limit of their 95% CI (0.9) was smaller than the null 

value of 1 (Table 2.1). For a binary trait with a prevalence of 20%, the type I error 

rate was well controlled for Burden, Burden-S, SKAT, SKAT-O, and ACAT-O 

because the 95% CI of their empirical type I error rate included 1 (Table 2.1).  

 

By definition2, the type I error rate was properly controlled for Burden, 

Burden-A, Burden-V1, SKAT-O, while ACAT-O. Burden-S and Burden-V2 had an 

inflated type I error rate. The type I error rate of SKAT was conservative. 

(Supplementary Table 2.2). With a binary trait, Burden, Burden-A, Burden-S, and 

ACAT-O controlled the type I error rate well. The empirical type I error rate of 

Burden-V1 and Burden-V2 was extremely conservative. The SKAT and SKAT-O 

had moderately conservative type I error rates (Supplementary Table 2.2). 

Of note, the weight, beta(MAF, 1, 25), which is widely used in gene-based 

association testing of rare variants in nDNA showed minimum effects to upper 

weight the rarer heteroplasmic variants in association testing. That is, the 

beta(MAF, 1, 25) and beta(MAF, 1, 1) provided similar results. Therefore, this 

weight was not evaluated in the subsequent results. We used equal weights for 

each heteroplasmic variant at the population level for all our analyses. 
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2.3.2 Empirical Statistical Power of Simulation Studies 

Gene-based tests by Definition 1 

We estimated empirical power using the proportion of p-values that is 

smaller than 0.1 quantile in simulation studies (Figure 2.1, Supplementary Figure 

2.1) and using the fixed (i.e., nominal) ɑ = 0.001 (Supplementary Figure 2.2-2.3). 

For both continuous and binary traits, as expected, for all gene-based tests, 

power was improved when the proportion of causal variants (of all variants) 

increased and/or when the proportion of causal variants with the same effect 

direction increased for both definitions (Figure 2.1, Supplementary Figure 2.1-

2.3).  

 

When 100% of heteroplasmic variants had the same effect direction, 

Burden and the burden extension methods displayed comparable power, 

adjusting for empirical alpha rate (Figure 2.1, Supplementary Figure 2.1). 

However, when any proportion of the causal variants displayed different effect 

directions, the burden extension methods, in general, outperformed the Burden 

method. Among these burden extension methods, Burden-V1 and Burden-V2 

had comparable power under all scenarios; Burden-S, Burden-V1/V2 

outperformed Burden-A when any proportion of heteroplasmic variants displayed 

different effect directions; and Burden-V1/V2 outperformed Burden S for most 

scenarios. For example, by Definition 1, when 25% of heteroplasmic variants 
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were causal, and 80% of these causal variants had the same effect direction, 

Burden had a low power (=0.29) while Burden-A (=0.63), Burden-S (=0.76), 

Burden-V1/V2 (=0.85) had much higher power (Figure 2.1).  

 

For a continuous trait, if other conditions were held constant, SKAT 

outperformed all burden methods if 5% or less of heteroplasmic variants were 

causal in a region (Figure 2.1). Of note, the power was also low (<0.6) for SKAT 

if < 25% of heteroplasmic variants were causal. If the proportion of causal 

heteroplasmic variants increased to 25% or higher, all burden methods displayed 

comparable or higher power than SKAT. For example, when 50% of the 

heteroplasmic variants were causal and 50% of the causal variants had the same 

effect direction, SKAT had a power of 0.63, Burden-S had a power of 0.65, and 

Burden-V1/V2 had a power of 0.89. 

 

For a binary trait, most burden tests had comparable or higher power than 

SKAT when the proportion of causal heteroplasmic variants was 25% or higher 

(Figure 2.1), regardless of the effect direction. For example, Burden-V1 exhibited 

156% greater power than the SKAT (0.41 versus 0.16) when 50% of the 

heteroplasmic variants were causal and 50% of these causal heteroplasmic 

variants had the same effect directionality. When only 5% of the heteroplasmic 

variants were causal and 50% of them had the same effect direction, neither 

Burden-V1 nor SKAT had power (0.002 versus 0.003). 
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Two omnibus tests by Definition 1 

SKAT-O test had comparable power to SKAT under all scenarios. When 

other conditions were held constant, ACAT-O had a similar power to the more 

powerful gene-based test (i.e., a SKAT or Burden depending on the different 

scenarios), and therefore, ACAT-O was more powerful than SKAT-O when the 

real disease model was unknown. SKAT-O and ACAT-O displayed comparable 

power when 50% of the causal mutations had the opposite effect direction. 

However, ACAT-O was more powerful than SKAT-O if 80% or 100% of the 

causal mutations had the same effect direction (Figure 2.1 & Supplementary 

Figure 2.2). 

 

Definition 2 

By Definition 2, for both continuous and binary traits, SKAT outperformed 

all Burden tests when 5% of heteroplasmic variants were causal and other 

conditions were fixed. For example, when 5% of the heteroplasmic variants were 

causal and 80% of these causal mutations had the same effect direction, the 

power of SKAT and Burden-V1 were 0.91 and 0.53, respectively, with a 

continuous trait. These two methods had comparable power if 25% or more 

heteroplasmic variants were causal. For example, these two methods had a 

power of 0.92 when the proportion of causal heteroplasmic variants increased to 

50% given other conditions were fixed. For the omnibus tests, SKAT-O had a 
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great power loss for both continuous and binary traits with Definition 2. For 

example, when 25% of the mutations were causal and 80% of the causal 

mutations had the same effect direction SKAT-O had a power of 0.15 while 

ACAT-O had a power of 0.56 for a binary trait (Figure 2.1, Supplementary 

Figures 2.1). The empirical power with and without empirical type I error 

adjustment was comparable (Figure 2.1, Supplementary Figures 2.1-2.3). 

 

2.3.3 Application to Real Data 

We identified heteroplasmic variants and performed quality control 

procedures in five TOPMed cohorts containing middle-aged and older 

participants [5456 African Americans (AA, mean age 59.2, women 60.8%) and 

12,051 European Americans (EA, mean age 63, women 53.7%)] (Table 2.2, 

Supplementary Tables 2.3-2.4, Supplementary Figure 2.4). We then performed 

cohort- and ancestry-specific association analyses of heteroplasmic variants with 

age and sex. Covariates included batch variables or white blood cell count and 

platelet count. Meta-analysis was used to combine results in participants of 

European ancestry and those of African ancestry, and all participants of both 

ancestries. We reported meta-analysis results in all participants of both 

ancestries and compared results between ancestries. 
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Association of heteroplasmy with age 

Two definitions of heteroplasmy coding tended to yield consistent p-value 

across methods in association testing with age in ancestry-specific meta-

analyses and meta-analyses of all participants (Supplementary Tables 2.5-2.16). 

In a meta-analysis of all participants by Fisher’s method, RNR1, RNR2, CO1, 

CO2, and ND4 showed significant associations with age (p < 0.001) using either 

definition 1 or definition 2 by multiple methods (Table 2.3, Supplementary Tables 

2.13-2.14). Using the fixed effect inverse variance method of the original burden 

test, D-loop, RNR1, RNR2, CO1, CO3, and ND4, ND5, CYB showed significant 

associations with age (p < 0.001) (Supplementary Tables 2.15-2.16). Using 

RNR1 as an example, an increase by one heteroplasmy in this gene was 

significantly associated with 1.1 years of older age (p = 3.8E-7) by definition 1 

(Supplementary Table 2.15). In addition, an increase by 1 SD in heteroplasmy 

VAF in RNR1 was significantly associated with 0.036 years of older age (p = 

3.7E-11) by definition 2 (Supplementary Table 2.16). Sensitivity analysis showed 

that association strength remained consistent after adjusting for white blood cell 

count, component counts, and platelet counts (Supplementary Figure 2.5). 

 

 Due to a large difference in sample sizes between participants of 

European ancestry and African ancestry, the results in the meta-analysis of all 

participants were more consistent with those in the meta-analysis of European 

participants (Supplementary Tables 2.5-2.16). In the meta-analysis of African 
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participants by Fisher’s method for an association with age, RNR2 was the only 

gene showing significant association (p < 0.001) by multiple burden tests but not 

by SKAT (Supplementary Tables 2.5-2.6). In the meta-analysis of EA 

participants, multiple genes, including RNR1, RNR2, CO1, CO2, and ND4, 

showed significant associations with age (p < 0.001) by multiple tests 

(Supplementary Tables 2.9-2.10).  

 

Association of heteroplasmy with sex 

Unlike the findings in association and meta-analysis with age, 

heteroplasmy in most mtDNA genes showed no association with sex 

(Supplementary Tables 2.17-2.28). For example, in the meta-analysis of all 

participants, ND6 was the only gene associated with sex (p < 0.001) with two 

burden methods by definition 2 (Supplementary Table 2.26). In the meta-analysis 

of participants of African origin, ND5 showed evidence of association with sex by 

multiple burden tests (p < 0.001) by definition 2 (Supplementary Tables 2.18 & 

2.20). In meta-analysis with participants of European origin, no genes showed 

significant associations with sex (all p > 0.001) (Supplementary Tables 2.21-

2.24).  
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2.4 Discussion 

We proposed a framework that incorporates a pre-specified threshold for 

identifying true heteroplasmic variants and several gene-based tests to perform 

association analyses between heteroplasmic variants and a trait. We used 

simulation studies to evaluate the proposed framework in association analyses of 

mtDNA heteroplasmic variants and applied this framework to analyze age and 

sex with rare heteroplasmic variants in five large TOPMed cohorts with WGS. 

 

Simulations studies 

The proposed framework incorporates several gene-based methods and 

omnibus tests to provide a comprehensive evaluation of the trait-heteroplasmy 

association. The burden-extension tests outperformed SKAT for all simulation 

scenarios except for extremely unfavorable situations in which a very small 

proportion (≤5%) of the heteroplasmic variants were causal and/or half of these 

causal variants display opposite directions. Under such unfavorable situations, 

the original burden had almost no power while the burden-extension tests had 

comparable power to SKAT. The original burden showed comparable power to 

burden extension methods only when ~100% of heteroplasmic variants showed 

consistent effect direction. Of the two omnibus tests, ACAT-O easily combines a 

large number of test p-values and it was more powerful than SKAT-O for most 

situations when combining SKAT and the original burden test. 
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It is also worth noting that our study showed the widely used weights, i.e., 

beta (MAF, 1, 25), and beta(MAF, 1, 1) provided similar results in association 

testing of heteroplasmy. While these methods outperformed the original burden 

test, the burden-extension tests provided only p-values without computing the 

effect size for a gene. The burden-extension tests use permutation to derive p-

values, which is computationally extensive. While they are feasible in analyzing a 

small number of genes in mtDNA, these extension methods are challenging to 

analyze a large number of genes in nuclear DNA. The incorporation of several 

burden methods provides valuable underlying information about the proportion of 

heteroplasmic variants associated with the trait and their effect directions in the 

gene-based tests. We are currently extending the framework to identify these 

trait-associated heteroplasmic variants and classify the trait-associated 

heteroplasmic variants into distinct groups with different effect directions. 

 

Association studies of age in real data 

Multiple studies have reported that heteroplasmy is associated with 

somatic aging.52; 66 However, few studies have investigated gene-specific 

heteroplasmic somatic aging. In this study, we found that mtDNA displays 

different somatic aging rates among the 16 mtDNA encoded genes/area 

concerning the number of heteroplasmic variants and/or VAFs of variants. The 

strongest associations were found with the RNR1 and RNR2 genes. The fact that 

the Burden test yielded the most significant results compared to its extension 



42 

 

methods and SKAT by two definitions indicates that both the number of 

heteroplasmic variants and mutant allele fractions increase with advancing age. 

The RNR1 and RNR2 genes encode a 12S rRNA and 16S rRNA, respectively, 

and they are part of the machinery for the synthesis of 13 mtDNA-encoded 

polypeptides that are essential components of the mitochondrial oxidative 

phosphorylation (OXPHOS) pathway.67 Despite their key roles in mitochondrial 

function, these two genes have been studied in far less detail than protein-coding 

genes in mtDNA. Mutations in RNR1 were found to cause hearing loss.68; 69 More 

recently, a small open reading frame within RNR2 that encodes the human 

polypeptide has been the target of Alzheimer's disease research.70; 71 Given that 

aging is the leading cause of Alzheimer's disease, heteroplasmic variants in 

these two genes merit further investigations for their relationships with 

Alzheimer's disease and other age-related diseases. The three cytochrome c 

oxidase (CO) subunits, CO1, CO2, and CO3, also showed significant association 

with age by more than one gene-based test with both definitions. Cytochrome c 

oxidase is the terminal complex (Complex IV) of the OXPHOS respiratory chain 

for aerobic metabolism.72 Maternally inherited mutations in the CO subunits are 

associated with many severe, inherited mitochondrial diseases, for example, 

Leber's hereditary optic neuropathy and complex IV deficiency.73-75  

 

The D-loop region is the main non-coding, control area and a hot spot for 

mtDNA alterations. However, we did not observe a significant association (p < 
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0.001) between age and heteroplasmy in this region in either European 

Americans or African Americans. Our results support a previous finding that 

heteroplasmy in the mtDNA control region seems not to be the result of somatic 

age-related accumulation.76 Of all coding genes, complex I consist of seven 

NADH-ubiquinone oxidoreductase (ND) genes encoded by mtDNA.77 This 

complex is the first and the largest complex of the electron transport chain.77 This 

complex oxidizes nicotinamide adenine dinucleotide (NADH) to generate 

electrons from NADH to coenzyme Q10 (CoQ10) and translocate protons across 

the inner mitochondrial membrane for energy metabolism.77 Heteroplasmic 

variants in six of the seven subunits of complex I (except for ND4) showed no 

significant associations with advancing age by both definitions. In addition, 

heteroplasmic variants in the cytochrome b (CYB) gene and the two adenosine 

triphosphate (ATP) synthases were not significantly associated with age either. 

CYB is a component of respiratory chain complex III. This component is also 

involved in electron transport and the generation of proton gradient for the 

formation of the energy storage molecule ATP by the two enzymes, ATP6 and 

ATP8, of the last complex (complex V) of the OXPHOS pathway.78 These 

observations indicate certain cellular protection mechanisms may help prevent 

age-related increases in the number and frequency of heteroplasmy in these 

complexes. Over the years, various clinical phenotypes, mostly maternally 

inherited and severe, have been linked to mutations in the subunits of the 

OXPHOS complexes.77; 79 
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In summary, the proposed framework provides a comprehensive 

evaluation of the trait-heteroplasmy association. Using this framework, we found 

that heteroplasmic variants are not likely to differ between men and women. We 

also found that somatic aging occurs unevenly across mtDNA regions, which 

merits further investigation between these identified age-related genes with age-

related traits. This framework will facilitate association analyses of heteroplasmic 

variants with complex, age-related traits in large population data with WGS.
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2.5 Tables and Figures 

Table 2.1 Gene-wide empirical type 1 error rates with 95% confidence interval for 

coding definition 1 in simulation studies at ɑ=0.001  

The number in each cell represents the ratio of type I error and the expected significance 

level of 0.001. Burden, original burden test; Burden-A, adaptive burden test; Burden-S, 

z-score weighting burden test; Burden-V1, variable threshold burden test with minimum 

p-value; Burden-V2, variable threshold burden test with ACAT p-value combination 

method; SKAT, sequence kernel association test; SKAT-O, sequence kernel association 

test-optimal test; ACAT, aggregated Cauchy association test combining burden and 

SKAT. We simulated 50,000 replicates for evaluating the type I error rate. We simulated 

a continuous variable and a binary variable in response to heteroplasmic variants 

located in the mitochondrial cytochrome b (MT-CYB) gene in European American 

participants (N=3,415) of the Atherosclerosis Risk in Communities (ARIC) Study.

 Continuous Traits Binary Traits (prevalence=20%) 

Burden 0.88 (0.64, 1.18) 0.94 (0.69, 1.25) 
A-Burden 1.22 (0.93, 1.57) 0.66 (0.45, 0.93) 
Burden-S 1.06 (0.79, 1.39) 0.80 (0.57, 1.09) 
Burden-V1 1.24 (0.95, 1.59) 0.32 (0.18, 0.52) 
Burden-V2 1.56 (1.23, 1.95) 0.32 (0.18, 0.52) 
SKAT 0.64 (0.44, 0.9) 1.20 (0.92, 1.54) 
SKAT-O 0.64 (0.44, 0.9) 1.14 (0.86, 1.48) 
ACAT 0.72 (0.5, 1) 1.18 (0.9, 1.52) 
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Table 2.2 Participant characteristics in the five population-level cohorts with 

whole genome sequencing 

Cohort 
Sample 

size 
Age, 

mean (±SD) 
Female, 

n (%) 
N of 

heteroplasmy 

African American (n = 5456, women 60.8%) 

ARIC 241 58.4(6.3) 144 (59.8%) 162 

CHS 705 73.8(5.6) 445 (63.1%) 673 

JHS 3404 55.7(12.8) 2140 (62.9%) 1590 

MESA 1106 60.9(9.6) 587 (53.1%) 968 

European American (n = 12,051, women 53.7%) 

ARIC 3415 58.2(5.9) 1734 (50.9%) 1501 

CHS 2788 74.2(5.7) 1594 (57.2%) 1859 

FHS 3992 59.9(15.7) 2190 (54.9%) 2158 

MESA 1856 61.5(9.8) 949 (51.1%) 1236 

Total n, the total number of heteroplasmic sites identified in a cohort. ARIC, 

Atherosclerosis Risk in Communities Study; CHS, Cardiovascular Health Study; FHS, 

Framingham Heart Study; JHS, Jackson Heart Study; MESA, Multi-Ethnic Study of 

Atherosclerosis.  
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Table 2.3 Genes showing significant associations with age in the meta-analysis using Fisher’s method 

mtDNA 
region 

P-values 

Burden Burden-A Burden-S Burden-V1 Burden-V2 SKAT SKAT-O ACAT 

Definition 1 

MT-RNR1 1.07E-08 1.27E-08 4.45E-08 0.00013 0.0043 0.0075 6.06E-05 3.19E-08 

MT-RNR2 2.23E-10 2.18E-10 2.17E-09 0.00045 5.11E-08 0.0073 1.49E-06 9.51E-09 

MT-CO1 7.61E-05 1.10E-05 2.01E-05 0.057 0.00060 0.072 0.00039 0.00035 

Definition 2 

MT-RNR1 5.36E-12 1.06E-08 4.19E-08 8.85E-05 3.19E-06 0.0015 0.0024 5.97E-11 

MT-RNR2 5.52E-12 2.21E-10 2.24E-09 0.00041 4.17E-08 0.013 0.00093 2.06E-10 

MT-CO1 2.06E-06 3.28E-06 4.56E-06 0.042 5.85E-05 0.050 0.019 2.16E-05 

MT-CO2 0.011 0.025 0.023 0.053 0.042 0.0060 0.00070 0.0014 

MT-ND4 0.0043 0.0044 0.0011 0.091 0.099 0.19 0.23 0.014 

Cohort-specific association analysis was performed between heteroplasmic variants and age using gene-based tests and 

omnibus tests. Fisher’s method was used to combine the p-values from individual cohorts/ancestries (i.e., meta-analysis) from 

all participants. This table includes genes that yielded p ≤ 0.001 in any gene-based tests after meta-analysis. Burden, original 

burden test; Burden-A, adaptive burden test; Burden-S, z-score weighting burden test; Burden-V1, variable threshold burden 

test with minimum p-value; Burden-V2, variable threshold burden test with ACAT p-value combination method; SKAT, 

sequence kernel association test; SKAT-O, sequence kernel association test-optimal test; ACAT, aggregated Cauchy 

association test combining burden and SKAT. 
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A. 

 

B. 

 

Figure 2.1 Simulation-based power comparisons of six gene-based tests and 
two omnibus tests with a continuous and a binary trait for coding definition 1 
(adjusted for empirical type I error rate. Power estimation for a continuous trait 
(A) and a binary trait (B) at α=0.001. Heteroplasmic variants are defined by an 
indicator function (definition 1). In simulations, we consider 5%, 25%, 50%, or 
80% of the nonsynonymous heteroplasmic variants in the CYB gene to be causal 
and consider that 50%, 80%, and 100% of the causal heteroplasmic variants 
have effects with the same directionality. The variance that was explained by 
causal mutations was set to be 1% for the continuous trait and 2% for the binary 
trait. Burden, original burden test; Burden-A, adaptive burden test; Burden-S, z-
score weighting burden test; Burden-V1, variable threshold burden test with 
minimum p-value; Burden-V2, variable threshold burden test with ACAT p-value 
combination method; SKAT, sequence kernel association test; SKAT-O, 
sequence kernel association test-optimal test; ACAT, aggregated Cauchy 
association test combining burden and SKAT. We simulated 50,000 replicates for 
evaluating power. 
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CHAPTER 3 CLUSTERING OF RARE VARIANTS FOR CAUSAL VARIANTS 

IDENTIFICATION AND EFFECT DIRECTION CLASSIFICATION 

3.1 Introduction 

During the last decade, genome-wide association studies (GWASs) have 

identified hundreds of thousands of common genetic variants (minor allele 

frequency ≥ 5%) associated with numerous complex diseases and quantitative 

traits.1; 80 in addition, low-frequency variants (1% ≤ MAF < 5%) and rare variants 

(MAF < 1%) are detected increasingly with the advent of next-generation 

sequencing technologies. Low-frequency variants and rare variants are 

substantial sources of unexplained heritability of various phenotypes.45 Several 

gene-based tests such as the burden test46 and sequence kernel association test 

(SKAT)47 have been developed for association testing of rare single nucleotide 

variants (SNVs) in genomic regions with disease traits. It has been shown that 

none of these gene-based tests is uniformly most powerful. Hence, omnibus 

tests such as SKAT-O48 and aggregated Cauchy association test (ACAT-O)49 are 

proposed to search for an optimal combination of the burden test and SKAT to 

provide robust summary statistics. Unlike single/multiple variant models, a 

common limitation of these aggregate methods is that they do not discriminate 

potential causal variants from null variants in association testing within the tested 

regions. 
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To overcome this weakness, we propose a clustering method based on a 

Gaussian mixture model (GMM) to discriminate potentially causal rare variants 

from null variants in the gene regions that are associated with disease traits. In 

large GWAS and meta-analysis, gene-based association analyses (e.g., SKAT-O 

and ACAT-O) are conducted to combine the burden test and SKAT to detect 

significant genes or regions (deemed as “signal regions” in this dissertation) in 

which rare variants show associations with a trait. The burden test outperforms 

SKAT when a large proportion of rare variants within a region are trait-

associated, and most of the trait-associated rare variants have the same effect 

direction. The SKAT has a larger power than the burden test otherwise.47  For a 

given signal region associated with a disease trait, we fit multiple-variant models 

to obtain association statistics between phenotype and rare variants within the 

region. Based on the variant-level statistics, this novel clustering method may 

identify potentially risk and/or protective genetic variants in a genomic region. 

Furthermore, the method may also cluster the signal variants into subgroups of 

variants with different effect sizes and effect directions in association testing. We 

simulate genomic regions with independent rare variants and variants in linkage 

disequilibrium (LD). We evaluate the performance of the proposed method by a 

comprehensive simulation study with several statistics, including the adjusted 

rand index (ARI), mean square error (MSE), and accuracy of the number of 

clusters specification. We then apply the new clustering method to identify risk 

and protective rare variants in six genes that are significantly associated with 
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blood pressure (BP) traits in the most recent large GWAS and meta-analysis.81 

The identification of risk and protective rare variant clusters is critical not only for 

investigating the underlying biological mechanism between rare variants and 

disease traits, but also for the identification of drug targets and the design of 

gene therapy. 

 

3.2 Methods 

3.2.1 Association testing of rare variants 

 The burden test46 collapses the rare variants within a gene region into a 

single genetic score and then tests the association of that variable with the trait.  

SKAT47 employs a score-type variance component test. The test statistics of 

these two tests can be constructed by the score statistics of rare variants in the 

tested region. The score statistics of jth rare variant are given by 

𝑈𝑗 = ∑ 𝐺𝑖𝑗(𝑦𝑖 − 𝜇̂𝑖)

𝑛

𝑖=1

 

where 𝐺𝑖𝑗 is the genotype or genetic dosage of the ith individual at the jth locus, 𝜇̂𝑖 

is the estimated mean of the outcome 𝑦𝑖 under the null hypothesis that there is 

no association between the variants in the gene region and the phenotype. The 

test statistic of the burden test is 𝑄𝑏𝑢𝑟𝑑𝑒𝑛 = (∑ 𝑤𝑗𝑈𝑗
𝐽
𝑗=1 )2, where J is the number 

of rare variants within the target region and 𝑤𝑗 is the weight of the jth variant. 

Under the null, 𝑄𝑏𝑢𝑟𝑑𝑒𝑛 follows an asymptotic chi-square distribution with 1 
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degree of freedom. 

The burden test is most powerful when all rare variants in the target region 

have the same effect direction and similar effect sizes. The burden test is 

underpowered when a large proportion of rare variants are non-causal or have 

opposite effect direction. The SKAT outperforms the burden under such 

scenarios. The SKAT test statistic is 𝑄𝑆𝐾𝐴𝑇 = ∑ 𝑤𝑗
2𝑈𝑗

2𝐽
𝑗=1  which follows a mixture 

of independent chi-square distributions asymptotically with 1 degree of freedom 

under the null. To improve power by combining these two tests, we adopt the 

ACAT-O method49 with two commonly used choices of weights based on MAF of 

beta density. The test statistic of the ACAT is 𝑇𝐴𝐶𝐴𝑇−𝑂 = ∑ ∑ 𝑡𝑎𝑛{(0.5 − 𝑝𝑔,𝑏)𝜋}𝑏𝑔  

where 𝑔 ∈ {𝑏𝑢𝑟𝑑𝑒𝑛, 𝑆𝐾𝐴𝑇} 𝑏 ∈ {𝑏𝑒𝑡𝑎(1,1), 𝑏𝑒𝑡𝑎(1,25)}. The p-value of ACAT is 

calculated by 𝑝𝐴𝐶𝐴𝑇−𝑂 ≈
1

2
−

𝑎𝑟𝑐𝑡𝑎𝑛(𝑇𝐴𝐶𝐴𝑇−𝑂/4)

𝜋
. The clustering analysis of rare 

variants is performed only if the p-value of ACAT-O is smaller than a selected 

threshold, i.e., 𝑝𝐴𝐶𝐴𝑇−𝑂 ≤ 𝛼, for a given region. 

 

3.2.2 Multiple-variant model to obtain variant level summary statistics 

 If a gene region shows statistical significance with a disease trait 

(𝑝𝐴𝐶𝐴𝑇−𝑂 ≤ 𝛼), we perform multiple-variant analysis for all rare variants within the 

region to account for potential LD between the rare variants. By adjusting for 

covariates, the multiple-variant model is given by 
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𝑔(𝜇𝑖) = 𝛼0 + 𝑋𝑖
𝑇𝛼 + ∑ 𝐺𝑖𝑗𝛽𝑗

𝐽

𝑗

 

where 𝑔(. ) is the identity function for a continuous trait and the logistic function 

for a binary trait. 𝑋𝑖
𝑇 is a row vector of covariates of the ith individual, 𝐺𝑖𝑗 is the 

genotype of this individual at the jth locus within the target gene region. The beta 

coefficient 𝛽𝑗̂, standard error 𝑆𝐸(𝛽𝑗̂) and corresponding p-value 𝑝𝑗 of the jth rare 

variant are obtained from the multiple-variant model. The beta coefficient and 

standard error statistics are used for the subsequent clustering analysis. 

 

3.2.3 Gaussian mixture model 

The Gaussian mixture model assumes data is generated from a mixture of 

Gaussian (normal) distributions. We assume that each beta coefficient from a 

multiple-variant model has its variance which is estimated by 𝜎𝑗̂ = 𝑆𝐸(𝛽𝑗̂).  We 

also assume that each beta coefficient can be classified into two types of 

clusters: a null cluster and K signal clusters. Therefore, the total number of 

clusters is K*=K+1. A null cluster includes all non-causal rare variants of a gene 

region. Within each of the K signal clusters, the causal variants have a similar 

effect on the trait. With a null cluster and K signal clusters, each beta coefficient 

𝛽𝑗 of the multiple-variant model follows one of the normal distributions of 

𝑁(𝜇0 = 0, 𝜎𝑗̂
2), 𝑁(𝜇1, 𝜎𝑗̂

2), … , 𝑁(𝜇𝐾, 𝜎𝑗̂
2), where 𝜇𝑘 is the true mean of beta 

estimates for rare variants classified in the same cluster. 𝜎𝑗̂
2
 is the estimated 
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variance of the jth beta coefficient from the multiple-variant model, 𝜇0 = 0 is the 

mean of the null cluster. For each 𝛽𝑗, we introduce a hidden (unobserved) class 

label variable 𝐷𝑗 which follow a categorical distribution (that is the generalized 

Bernoulli distribution). The class label variable 𝐷𝑗  indicates the component 

(cluster) that 𝛽𝑗̂ belongs to; that is, 

𝑝(𝛽𝑗̂|𝐷𝑗 = 𝑘, 𝜇𝑘) =
1

𝜎𝑗̂
2

√2𝜋
𝑒

−
1
2

(
𝛽𝑗̂−𝜇𝑘

 𝜎𝑗̂
)2

 

𝑝(𝐷𝑗 = 𝑘) = 𝜑𝑘, 0 ≤ 𝜑𝑘 ≤ 1 and ∑ 𝜑𝑘
𝐾
𝑘=0 = 1 

𝜑𝑘 is the proportion of component k in the mixture distributions. The density 

function of each data point 𝛽𝑗̂ is given by 

𝑝(𝛽𝑗̂|𝝁, 𝝅) = ∑ 𝑝(𝛽𝑗̂|𝐷𝑗 = 𝑘, 𝜇𝑘)𝜑𝑘

𝐾

𝑘=1

 

where 𝝁 = {𝜇0, … , 𝜇𝐾} and 𝝋 = {𝜑0, … , 𝜑𝐾}. The log-likelihood function of all beta 

coefficients 𝜷̂ = {𝛽1̂, … , 𝛽𝐽̂} is given by 

𝑙(𝜽, 𝝅|𝑿) = 𝑙𝑜𝑔 ∏ ∑ 𝑝(𝛽𝑗̂|𝐷𝑗 = 𝑘)

𝐾

𝑘=1

𝜑𝑘

𝑛

𝑖=1

= ∑ 𝑙𝑜𝑔 ∑ 𝑝(𝛽𝑗̂|𝐷𝑗 = 𝑘)

𝐾

𝑘=1

𝜑𝑘

𝑛

𝑖=1

 

Because there is no closed-form solution of the maximum likelihood estimators 

(MLE) of the parameters, the expectation–maximization (EM) algorithm is 

employed to find a numeric solution. The EM algorithm is an iterative method that 

is described in detail in the next section. 
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3.2.4 Parameter estimation by expectation maximization (EM) algorithm 

Given a fixed number of signal clusters K, we employ the EM algorithm to 

estimate the 2K parameters {(𝜇𝑘, 𝜑𝑘)|𝑘 = 1, … , 𝐾} because 𝜑𝑘 are sum to 1, that 

is, ∑ 𝜑𝑘
𝐾
𝑘=0 = 1. The algorithm undergoes three steps: (1) an initialization step to 

set the initial values of the parameters; (2) an expectation step that computes the 

expected value of the log-likelihood; and (3) a maximization step to update the 

parameters by maximizing the expectation of the log-likelihood. (4) determine the 

number of clusters K* by the minimum BIC with 2≤K*≤7. 

 

Initialization 

The EM algorithm may converge to a local optimum, and the chance of 

converging to a global optimum (MLE) depends essentially on the initial values of 

the parameters.82 To minimize the effect of initialization, we set initial values by a 

crude estimation of the proportion of non-causal variants 𝜑0 using a variable 

threshold approach. Suppose the p-values of multiple-variant models of all the 

rare variants within a region are 𝑆 = {𝑝𝑗, 𝑗 = 1 … 𝐽}. We define an absolute value 

of the standardized beta coefficient (Z-score) as |𝑍𝑗| =
|𝛽𝑗̂|

𝑆𝐸(𝛽𝑗̂)
, 𝑗 = 1, … , 𝐽. For each 

p-value, we use a variable threshold approach, that is, 𝑝𝑙 is used a threshold, 

here, 𝑝𝑙 ∈ 𝑆. We meta-analyze the |𝑍𝑗| whose corresponding p-value 𝑝𝑗 ≤ 𝑝𝑙 by 

the weighted sum of the Z-scores method: Ω𝑙 =
∑ 𝑎𝑗|𝑍𝑗|𝑗:𝑝𝑗≤𝑝𝑙

√∑ 𝑎𝑗
2

𝑗:𝑝𝑗≤𝑝𝑙

, where 𝑎𝑗 is a pre-
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specified weight for jth absolute value of standardized beta. 

  

Different weighting schemes can be used. An appropriate choice of weight 

may improve the accuracy of the estimation of 𝜑0. We select two weighting 

schemes: equal weight (𝑎𝑗 = 1) and weight as the inverse of the estimated 

standard error (𝑎𝑗 =
1

𝑆𝐸(𝛽𝑗̂)
, ). Given a specified weighting scheme, we define an 

optimal threshold as 𝑝𝑂
∗ = arg max

𝑝𝑙

Ω𝑙. Then, we define a rare variant as a 

preliminary signal variant if the corresponding p-value 𝑝𝑗 ≤ 𝑝𝑂
∗ ; otherwise, the 

variant is defined as a preliminary non-signal variant. The initial value of 𝜑0 can 

be calculated by 𝜑0̂
(0) = 1 −

∑ 𝐼{𝑝𝑗≤𝑝𝑂
∗ }𝑗

|𝑆|
. |𝑆| is the number of p-values in the set. 

The preliminary signal variants are then clustered by K-means analysis. The 

remaining mixing proportion parameters {𝜑1̂
(0), … , 𝜑𝐾̂

(0)} are calculated as 1 −

𝜑0̂
(0)

 multiplied by the proportion of variants in the K signal clusters from the K-

means clustering. The initial values of the means of the signal clusters 

{𝜇1̂
(0), … , 𝜇𝐾̂

(0)} are set as the cluster means from the K-means analysis. 

We add a constraint that the preliminary signal variants with opposite 

effect directions cannot be assigned to the same cluster by the K-means method. 

That is, the variants with positive beta coefficients and negative ones are split 

into two separate clusters by the K-means method. Specifically, 𝐾 = 𝐾+ + 𝐾−, 

where 𝐾+ and 𝐾− are defined as the number of clusters for the variants with 
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positive and negative beta coefficients, respectively. Then we run K-1 

combinations ((𝐾+ = 1, 𝐾− = 𝐾 − 1), … , (𝐾+ = 𝐾 − 1, 𝐾− = 1)) of K-means 

analysis. The optimal cluster partition is identified by minimizing the within-cluster 

sum of squares (WCSS) across the K-1 combinations: 

arg min
𝑆+,𝑆−,𝐾+

( ∑ ∑ ‖𝛽 − 𝒄𝒊‖
2

𝛽∈𝑆𝑘+

𝐾+

𝑘+=1

+ ∑ ∑ ‖𝛽 − 𝒄𝒊‖
2

𝛽∈𝑆𝑘−

𝐾−𝐾+

𝑘−=1

) 

Where 𝑆+ = {𝑆1
+, … , 𝑆𝐾+

+ } is a partition of the variants with positive effect direction, 

and 𝑆− = {𝑆1
−, … , 𝑆𝐾−

− } is a partition of variants with a negative effect direction. 

 

Expectation step 

Because the EM algorithm is an iterative method, we designate 𝝁̂(𝒊) and 

𝝋̂(𝒊) as the values of 𝝁̂ and 𝝋̂ for ith iteration, respectively. For simplicity, we use 

the 𝜎𝑗̂
2
 value estimated from the multiple-variant models, and therefore, we do 

not update 𝜎𝑗̂
2
 in the EM algorithm. Then we define the posterior probabilities of 

𝐷𝑗 by 𝝁̂(𝒊) and 𝝋̂(𝒊) for each iteration 

𝑃𝑖(𝐷𝑗 = 𝑘|𝛽𝑗̂) = 𝛾𝑖𝑗(𝑘) =
𝑝(𝛽𝑗̂|𝐷𝑗 = 𝑘, 𝜇𝑘̂

(𝑖))𝜑𝑘̂
(𝒊) 

𝑝(𝛽𝑗̂|𝝁̂(𝒊), 𝝋̂(𝒊))
 

The expectation of the log-likelihood w.r.t current posterior probabilities of 𝐷𝑗 

given 𝜷̂ is 
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𝐸𝐷|𝜷̂,𝝁̂(𝒊),𝝋̂(𝒊) 𝑙(𝜽, 𝝋|𝑿) = ∑ ∑ 𝛾𝑖𝑗(𝑘)log (𝑝(𝛽𝑗̂|𝐷𝑗 = 𝑘, 𝜇𝐾)𝜑𝑘)

𝐾

𝑘=0

𝐽

𝑗=1

 

Note that  𝜇0 ≡ 𝜇0̂
(𝑖) ≡ 0. 

 

Maximization step 

To maximize parameters, we take partial derivatives of 

𝐸𝐷|𝜷̂,𝝁̂(𝒊),𝝋̂(𝒊) 𝑙(𝜽, 𝝋|𝑿) w.r.t each parameter of 𝝁 = {𝜇1, … , 𝜇𝐾} and 𝝋 = {𝜑1, … , 𝜑𝐾} 

and set to 0. That is 

∑ 𝛾𝑖𝑗(𝑘)
𝜕

𝜕𝜇𝑘
log (𝑝(𝛽𝑗̂|𝐷𝑗 = 𝑘, 𝜇𝐾)𝜑𝑘)

𝐽

𝑗=1

= 0, 𝑘 = 1, … , 𝐾 

∑ 𝛾𝑖𝑗(𝑘)
𝜕

𝜕𝜑𝑘
log (𝑝(𝛽𝑗̂|𝐷𝑗 = 𝑘, 𝜇𝐾)𝜑𝑘)

𝐽

𝑗=1

= 0, 𝑘 = 1, … , 𝐾 

By solving the above equations and adding the constraint of ∑ 𝜑𝑘
𝐾
𝑘=0 = 1, we 

have 

𝜇𝑘̂
(𝑖+1) =

∑ 𝛾𝑖𝑗(𝑘)𝛽𝑗̂/𝜎𝑗
2𝐽

𝑗=1

∑ 𝛾𝑖𝑗(𝑘)/𝜎𝑗
2𝐽

𝑗=1

 

𝜑𝑘̂
(𝑖+1) =

∑ 𝛾𝑖𝑗(𝑘)𝐽
𝑗=1

𝐽
 

The expectation and maximization steps are implemented iteratively. The 
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algorithm stops when |𝑙(𝜽, 𝝅|𝑿)(𝑖+1) − 𝑙(𝜽, 𝝅|𝑿)(𝑖)| ≤ 𝜀 for with a small positive 

number 𝜀. We set 𝜀 = 0.001. 

 

For a given K*, we choose the clustering results with a higher likelihood 

from the two sets of initialization values. We adopt the Bayesian information 

criterion (BIC) to determine the optimal number of clusters with 2≤K*≤7: 𝐵𝐼𝐶 =

(2𝐾) ln(𝐽) − 2ln (𝐿̂), where 𝐽 is the number of variants and 𝐿̂ is the maximized 

value of the likelihood function. 

 

3.2.5 A simulation study 

We simulated a continuous phenotype by the following model: 

 𝑦 = 10 + 0.6𝑋1 + 0.8𝑋2 + 𝑮𝐶
𝑇𝜷 + 𝜀  

where 10 is the intercept, 𝑋1~𝑁(0,1), 𝑋2~𝐵𝑖𝑛𝑜𝑚𝑖𝑎𝑙(0.5) and 𝜀~𝑁(0,0.49). 𝑮𝐶
𝑇 =

(𝐺𝐶1, … , 𝐺𝐶𝐿) is a vector that includes the genetic coding for L randomly chosen 

causal rare variants in the simulated region. 𝜷 = (𝛽1, … , 𝛽𝐿)𝑻 is a vector of true 

beta effects for the selected causal variants. The beta effect of rare variant i is 

based on 𝑅2 and 𝝎. 𝑅2 is the proportion of variance explained by all of the causal 

rare variants for a continuous trait. 𝝎 = {𝜔1, … , 𝜔𝐿} is the proportion of the beta 

effects of each causal rare variant. The elements of 𝝎 are randomly assigned to 
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each causal rare variant. 𝛽𝑙 = 𝑠𝑖𝑔𝑛(𝜔𝑙)√
𝑐𝑠𝑙

2

2𝑀𝐴𝐹𝑙(1−𝑀𝐴𝐹𝑙)
 ,  𝑐 =

𝑅2

𝒔𝑇𝐷𝒔
, where D is the 

correlation matrix between causal variants, and 𝒔 = (𝑠1, … , 𝑠𝑙), where 𝑠𝑙 =

𝑠𝑖𝑔𝑛(𝜔𝑙)√2𝑀𝐴𝐹𝑙(1 − 𝑀𝐴𝐹𝑙)𝜔𝑙
2. The proportion of variance (R2) explained by the 

causal rare variants was set to be 3% for the continuous phenotype. We also 

applied a cutoff of 80% quantile to the simulated continuous phenotype with R2 = 

3% to obtain a binary phenotype. The variance explained by 𝑋1, 𝑋2 and random 

error was around 36%, 16%, and 45% respectively.  

 

We conduct a simulation study of 1,000 replicates to evaluate the 

performance of the proposed clustering method. We generate 60 rare variants 

with a minor allele frequency (MAF) in 0.002≤MAF<0.01. It has been shown that 

rare variants display mild linkage disequilibrium (LD) between each other.83  LD 

may affect the performance of the clustering because the GMM model assumes 

the data points are independent. To evaluate the effect of LD on rare variant 

clustering, we perform simulations to generate rare variants under two 

conditions: independent variants and those that display LD using human genome 

sequence data from the 1000 Genome Project Build 37 as the reference.84 For 

the first condition, we generate genotypes using the PhenotypeSimulator R 

package.85 This package simulates genotypes based on the binomial distribution 

that does not incorporate LD. Second, we generate genotypes using the 

sim1000g R package that uses the first 60 rare variants of the B-Cell 
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Translocation Gene 3 (BTG3) gene (19,249 base pair in length, GRCh37/hg19) 

on chromosome 21 in the human 1000 Genomes Project (Build 37) as the 

reference. Of note, the choice of the BTG3 gene is arbitrary. The sim1000G 

package simulates variants for small or large genomic regions or a full 

chromosome in unrelated individuals or family data. Haplotypes are extracted to 

compute LD in the simulated genomic regions and to generate new genotype 

data among individuals. For both situations, i.e., the presence and absence of LD 

by the two R packages, we simulate 1000 replicates of 5,000, 15,000, 25,000 

samples. To compare the effect of sample size on rare variant clustering, we 

randomly select 5000, 15,000 and 25,000 samples from the underlying 

population of 250,000 individuals. To understand the LD structure between rare 

variants generated by the sim1000g package, we calculate an average 

correlation matrix of the simulated 60 rare variants over the 1000 replicates. 

 

For both the continuous and binary traits, we compare the performance of 

the clustering methods under six simulation scenarios (Table 3.1). For scenario 

1: 1/3 of the variants within the target region is non-causal, 1/3 of the variants are 

causal with moderate positive effect, and 1/3 of the variants are causal with 

strong positive effect. The ratio of moderate and strong effects is 1:2. In scenario 

2: 1/3 of the variants within the target region are non-causal, 1/3 of the variants 

are causal with positive effect, and 1/3 of the variants are causal with negative 

effect. The effect size of each causal variant is the same for this scenario. In 
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scenario 3: 1/4 of the variants within the target region are non-causal, 1/4 of the 

variants are causal with moderate positive effect, 1/4 of the variants are causal 

with strong positive effect, and 1/4 of the variants are causal with moderate 

negative effect. The ratio of the effects is -1:0:1:2 for this scenario. In scenario 4: 

1/5 of the variants within the target region is non-causal, 1/5 of the variants are 

causal with moderate positive effect, 1/5 of the variants are causal with strong 

positive effect, 1/5 of the variants are causal with moderate negative effect, and 

1/5 of the variants are causal with strong negative effect. The ratio of the effects 

is -2:-1:0:1:2. In scenario 5: 1/2 of the variants are causal with moderate positive 

effect, and the other 1/2 of the variants are causal with strong positive effect. The 

ratio of the effects is 1:2. In scenario 6: 1/2 of the variants are causal with 

positive effect, and the other 1/2 of the variants are causal with negative effect. 

The ratio of the effects is -1:1. Note that scenarios 5 and 6 are two extreme 

cases that do not contain a null cluster. 

 

We adopt the Adjusted Rand index86 (ARI) method to measure the 

similarity between the true and predicted allocations of clusters. That is, we 

calculate the average ARI over the 1000 replicates to evaluate the performance 

of the method. For each scenario, we also calculate the accuracy of the number 

of clusters K* determination. The accuracy is calculated as 

Accuracy =  
# of replicates determine 𝐾∗ correctly

# of replicates
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To assess the deviation between mean effects in estimation and the “true” effects 

from the simulation from clusters, we calculate the mean squared error (MSE) by 

MSE =
∑ ∑ (𝛽𝑟𝑗 − 𝛽𝑟𝑗̃)2

𝑗𝑟

𝐽 × # 𝑜𝑓 𝑟𝑒𝑝𝑙𝑖𝑐𝑎𝑡𝑒𝑠
 

where  𝛽𝑟𝑗 is the true mean of the jth cluster in the rth replicate; and 𝛽𝑟𝑗̃ is the 

corresponding estimated mean based on our clustering algorithm. For both 

simulation studies and real data analyses, we perform an analysis of variance 

(ANOVA) to test if the means of betas from different clusters are significantly 

different. We also apply the Mann-Whitney U test to evaluate if the mean of betas 

from a null cluster is significantly different from 0. 

 

3.2.6 Application to exome-wide association and a rare-variant GWAS of 

blood pressure traits 

To demonstrate the proposed clustering method, we apply the method to 

cluster the rare variants within the significant genes associated with blood 

pressure (BP) traits. Blood pressure is an inherited trait with an estimated 

heritability of up to 30-70%.87 High blood pressure is an independent risk factor 

for cardiovascular diseases.88 We apply the proposed clustering method to 

summary statistics obtained from the most updated association studies and 

meta-analysis of BP traits by Surendran et al.89 This study included more than 

800,000 individuals from four consortia (CHARGE, CHD Exome+, 
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GoT2D:T2DGenes, ExomeBP) and UK BioBank data.89 In this study, an exome-

wide association (EWAS) and a rare-variant GWAS (RV-GWAS) using imputed 

and genotyped single nucleotide variants (SNVs) were conducted to identify 

common and rare variants, and genes that were associated with three 

continuous BP traits (systolic blood pressure [SBP], diastolic blood pressure 

[DBP] and pulse pressure [PP]) and hypertension (HTN) by using both single-

variant model and gene-based tests. This large effort validated most of the 

previously identified BP-associated single variants and genes. In addition, this 

large study discovered several new SNVs and genes associated with BP traits. 89 

To cluster rare variants, we consider rare variants in genes that are associated 

with SBP, DBP, PP, and HTN.89 We apply two strategies to cluster rare variants. 

In the first strategy, we cluster rare variants per gene and trait. In the second 

strategy, we cluster the combined rare variants per gene. 

 

3.3 Results 

3.3.1 Simulation studies 

We first compared clustering methods under different scenarios using 

independent rare variants generated by the PhenotypeSimulator R package.85 

We then evaluated the effect of LD on the clustering method for rare variants 

generated by the sim1000g R package. 
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Simulations without LD structure  

The ARI value was largely improved when the sample size was increased, 

indicating that a large sample size provided a more accurate allocation of the 

clusters. For example, with a sample size of 5000, the mean ARI value was 0.61 

for the combined weighting scheme for a continuous trait under simulation 

scenario 2. With a sample size of 15,000 and 25,000, the ARI value increased to 

0.90 and 0.96, respectively. The ARI values were comparable using three Z-

score weighting schemes under each scenario (Supplementary Figures 6 and 7). 

Simulation scenarios 2 and 6 had higher mean ARI values compared to the other 

scenarios if other conditions were the same. This observation was as expected 

because the two signal clusters had opposite effect directions and the differences 

between the true cluster means of the two signal clusters were larger than those 

of the other scenarios.  

 

With a pre-specified number of clusters K* ranging from 2 to 7, the 

accuracy of determining the number of clusters was high (>0.9) for all simulation 

scenarios when the sample size reached 25000 for a continuous trait. The MSE 

of the estimates for the true cluster means was reduced with the increase in 

sample size. The ANOVA test was significant for all replicates under each 

scenario (P<0.05), indicating that the means of betas from the different clustering 

were significantly different. The Mann-Whitney test presented non-significant 
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results for all the scenarios (P>0.05), indicating that the rare variants allocated to 

the null cluster display effect sizes not significantly different from 0. 

  

The ARI value of clustering for binary outcomes was lower than that of 

continuous outcomes when all the other conditions remained the same 

(Supplementary Figure 3.2-3.13). For example, when there was no LD and the 

sample size was 15000, the mean ARI value of a continuous trait with the 

combined weighting was 0.67 under scenario 1. The corresponding mean ARI 

value of a binary trait was 0.34. 

 

Comparison of Simulations with and without LD   

We observed a moderate or low LD between the 60 simulated rare 

variants using the sim1000g package (Supplementary Figure 3.1). Among a total 

of 1770 rare variant pairs from the 60 rare variants, 530 pairs (29.9%) displayed 

a correlation between 0.01 and 0.05, with 73 pairwise displaying correlations > 

0.05. The strongest correlation between the two variants was 0.26. The two 

variants had MAF 0.0031 and 0.0032. 

 

For simulation scenarios 2, 4, and 6, the simulated genotype displaying 

mostly moderate LD provided comparable mean ARI values, MSE, and accuracy 
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of specification of the number of clusters K* compared to those of independent 

rare variants (Figure 2, Supplementary Figure 4). For example, the mean ARI 

values with/without the presence of LD among variants were comparable (0.91 

vs. 0.9) in scenario 2 with a sample size of 15,000 for a continuous trait using the 

combined weighting scheme. The corresponding MSE (0.0023 vs. 0.0022) and 

accuracy of specification of the number of clusters K* (0.992 vs. 0.995) were 

similar between the presence and absence of LD structure. For simulation 

scenarios 1, 3, and 5, the simulated genotype displaying mostly moderate LD 

provided a lower mean ARI value, larger MSE, and lower accuracy of 

specification of the number of clusters K* compared to those of independent rare 

variants (Table 3.2, Supplementary Tables 3.1–3.5, Supplementary Figures 3.2–

3.5). For example, using the combined weighting scheme, in a sample size of 

15,000 with a continuous trait, the average ARI value was 0.53 when the 

simulated rare variants displayed LD for scenario 1. In contrast, when simulated 

genotypes were independent, the average ARI value was 0.67, which was about 

0.14 higher than the clustering result based on the variants with LD using the 

same sample size. The corresponding MSE from clustering rare variants without 

LD structure was 0.0033 (Table 3.2), while the MSE from cluster rare variants 

with LD was 0.0043 (Supplementary Table 3.1). The specification accuracy of the 

number of K* clusters with the presence of LD (0.715) was lower than that (0.911) 

with the absence of LD between variants. Comparing the clustering performance 

of the scenarios between the presence and absence of LD, we observed that the 
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presence of LD had a larger effect on the performance of clustering for scenarios 

1, 3, and 5 compared to scenarios 2, 4, and 6. It was likely due to the smaller 

differences between the true cluster means in scenarios 1, 3, and 5 compared to 

those in scenarios 2, 4, and 6.         

 

3.3.2 Application to GWAS of BP traits with rare variants 

Identification of blood pressure trait-associated genes 

Using the SKAT test, multiple rare variants (MAF<0.01) were identified for 

one or more BP traits (P<2.5×10E-6) with four genes (NPR1, DBH, COL21A1, 

and NOX4).81; 90 Low frequency and rare variants in two additional genes of 

PLCB3 and CEP120 were associated with BP traits at MAF<0.05. The six genes 

harbor different numbers of rare variants. More specifically, NPR1 included 13 

rare variants, DBH included 29 rare variants, COL21A1 included 26 rare variants 

and NOX4 included 9 rare variants (Supplementary Table 3.6). SBP was 

associated with NPR1, DBH, and PLCB3; DBP was associated with DBH and 

PLCB3; PP was associated with COL21A1, NOX4, and CEP120 due to multiple 

rare variants in the gene (P<2.5E-6). Because gene-based test results were not 

available for the associations between HTN and these six genes in the GWAS89, 

we defined a signal gene of HTN if any of the six genes contained rare variant(s) 

(MAF<0.01) with P<1E-4 in the single variant-HTN association testing. The three 

genes of DBH, NPR1, and PLCB3 included rare variant(s) displaying association 
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with HTN at P<1E-4. We applied the proposed clustering method to cluster BP-

associated rare variants in these genes. 

 

Clustering of rare variants 

We performed rare variant clustering in eleven gene-trait associations (six 

genes with four traits): three genes associated with SBP, two genes associated 

with DBP, three genes associated with PP, and three genes that contain 

significant rare variants with HTN. On average, a signal gene contains about 20 

rare variants. Two to three clusters were identified in each of the eleven gene-

trait associations. About 70% of the rare variants were clustered into a null 

cluster (Tables 3.3-3.4, Supplementary Tables 3.7-3.24). For example, the NPR1 

gene contained 12 rare variants. We identified three clusters of rare variants in 

this gene for the HTN association. The means of standardized beta coefficients 

(z-scores) were significantly different across the three clusters (ANOVA 

P=0.00028). Of the 12 rare variants, 8 variants were in the null cluster. The rare 

variants allocated to the null cluster displayed effect sizes (i.e., the standardized 

beta coefficients) not significantly different from zero (Mann-Whitney U test 

P=0.46). Three variants, including rs140425746, rs61757359, and rs61758562, 

were grouped into a cluster with an average effect size of -2.05. The rare variant, 

rs116245325, which displayed the smallest p-value of 1.46E-5 with HTN in single 

variant analysis, forms a single cluster with an effect size of 4.33. Of note, the 
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clustering pattern in this example was similar to the layout in scenario 2 of the 

simulation study. That is, the two signal clusters had opposite effect directions. 

(Supplementary Table 3.23)  

 

We also conducted clustering analyses on the combined summary data 

from significant genes that were associated with each of the BP traits. Three 

genes were associated with PP traits. (Supplementary Table 3.6) A total of 55 

variants were located in these three genes. Of the 55 rare variants within these 

three genes, we identified five clusters with distinct effect sizes (ANOVA 

P=1.39E-19). (Table 3.3, Supplementary Tables 3.12) The null cluster contained 

43 out of 55 variants. The effect sizes of rare variants allocated to the null cluster 

displayed were not significantly different from zero (Mann-Whitney U test 

P=0.976). Two rare variants, rs139341533 and rs56061986, were clustered 

together with an average effect size of -0.097. Four rare variants, rs2303720, 

rs114280473, rs189429890, and rs144215891, were assigned to a distinct 

cluster with an average effect size of -0.0438. A single variant, rs200999181, was 

recognized as the only variant in the cluster with the strongest effect size of 

0.334. Five rare variants, rs201955087, rs115079907, rs76146749, 

rs200401514, and rs2764043, were grouped into a signal cluster with a moderate 

positive effect size of 0.173. The observed five-cluster pattern was similar to that 

in scenario 4 of the simulation study. Of note, scenario 4 included four signal 

clusters: a cluster with a strong positive effect, a cluster with a moderate positive 
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effect, a cluster with a strong negative effect, and a cluster with a moderate 

negative effect. For both positive and negative effects, the strong effect sizes 

were around twice the moderate effect sizes. The variants within the clusters of 

moderate effect sizes were more than the ones within the clusters of strong 

effects. The effect size of positive associations was larger than the effect size of 

negative ones. The running time of the BP variants clustering was around 33 

seconds with a core of 4GB of memory. 

 

3.4 Discussion 

We proposed a new method to cluster rare variants within signal gene 

regions associated with disease traits based on summary statistics of variant-trait 

associations. We performed a comprehensive simulation study to evaluate the 

performance of the proposed method under different scenarios concerning 

variant effect direction, LD structure, the number of clusters, and the study 

sample size. In simulation scenarios 1, 3, and 5, we observed that the proposed 

method provided a higher ARI value, a lower MSE, and a higher accuracy in the 

specification of the number of clusters with rare variants in the absence of LD 

compared to those with low LD given the other conditions are the same. This is 

expected because the GMM model assumes that the data points (i.e., rare 

variants) are independent. The ARI value is improved and the MSE value is 

decreased with an increase in sample size. Among the simulated scenarios, 
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scenario 2 yielded the highest ARI value, smallest MSE, and highest accuracy in 

the specification K* clusters because this scenario had the largest differences 

between the true means between clusters. 

  

We also applied the proposed method to cluster rare variants of signal 

genes associated with BP traits using summary statistics from a large GWAS and 

meta-analysis of BP traits using around 1.3 million individuals.81 We first 

classified the rare variants in individual genes per trait. To further demonstrate 

the classification utility, we applied the methods with combined variants in 

several genes that are associated with the same traits. We found that most of the 

rare variants within the BP traits-associated genes are grouped into the null 

cluster, indicating that natural selection is likely the main force in shaping the rare 

variants in the human genome.91 In addition, we found that more rare variants 

were allocated to clusters with negative means than those with positive means. 

  

A common limitation of gene-based tests is that these methods are not 

able to cluster possibly neutral, risk, and/or protective rare variants in trait-

associated regions. The proposed method may overcome this obstacle by 

clustering rare variants based on the summary statistics at the single variant level 

obtained from the published large GWAS and meta-analyses (e.g., > 500,000 

samples). By performing the proposed clustering analyses, we can distinguish 
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variants with opposite effects or those with different levels of effect sizes in the 

target region. In addition, the proposed method is computationally efficient for 

analyzing large-scale sequencing data. 

  

Previous studies have reported inconsistent views about LD structure 

among rare variants. Some studies assume the independence between rare 

variants while others assume a mild correlation between rare variants in 

evaluating rare variants in association studies with common diseases.83  Ignoring 

LD in rare variants may introduce bias or loss of power in association testing. In 

this study, we conducted simulation studies using independent rare variants and 

those simulated based on a genomic region on chromosome 21 in the human 

1000 Genomes Project. We found that a large proportion (65%) of these 

simulated rare variants had no LD (r-squared < 0.01), while 32% displayed low 

pairwise LD (R2 between 0.01 and 0.05), and about 4.5% showed R2 in 0.05-

0.33. By comparing the performance of the proposed method in clustering 

independent rare variants and rare variants with LD in simulation studies, we 

found that the proposed method performs better in clustering independent rare 

variants when the differences between the true means of clusters were relatively 

small, even if the multiple-variant model provided beta coefficients accounting for 

LD between rare variants. In addition, the multiple-variant model requires 

individual-level genotype data. Extending our algorithm to account for LD using 

existing summary data from large GWAS will be more cost-effective. 
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      In summary, the proposed clustering algorithm identifies risk and/or 

protective rare variants of distinct magnitudes according to summary statistics of 

SNP-trait associations. The proposed method can be easily applied to summary 

statistics from emerging large-scale rare variants GWAS to identify and group 

trait-associated rare variants into null and signal groups of discrete effect 

magnitudes. Therefore, this proposed method may facilitate the identification of 

potentially causal rare variant clusters in genomic regions and ultimately help 

understand the genetic architecture underlying human complex traits for the 

discovery of drug targets and the design of gene therapy. 
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3.5 Tables 

Table 3.1 Summary of six simulation scenarios with 1000 replicates 

 
Number of 

groups of rare 
variants 

The ratio of true 
beta effects 

between each 
group 

Proportions of the 
number of rare 

variants among each 
group 

Scenario 1 3 0:1:2 1
3⁄ : 1

3⁄ : 1
3⁄  

Scenario 2 3 -1:0:1 1
3⁄ : 1

3⁄ : 1
3⁄  

Scenario 3 4 -1:0:1:2 1
4⁄ : 1

4⁄ : 1
4⁄ : 1

4⁄  

Scenario 4 5 -2:-1:0:1:2 1
5⁄ : 1

5⁄ : 1
5⁄ : 1

5⁄ : 1
5⁄  

Scenario 5 2 1:2 1
2⁄ : 1

2⁄  

Scenario 6 2 -1:1 1
2⁄ : 1

2⁄  
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Table 3.2 MSE of estimated clusters' means for a continuous trait with the 

absence of LD in simulation studies 

Scenario N=5000 N=15000 N=25000 

Scenario 1 0.0102 0.00329 0.00169 

Scenario 2 0.0102 0.00221 0.000868 

Scenario 3 0.0124 0.00366 0.00179 

Scenario 4 0.0127 0.00461 0.00228 

Scenario 5 0.00535 0.0024 0.00141 

Scenario 6 0.00574 0.000633 0.000143 
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Table 3.3 Summary of clustering results for rare variants within the combined signal regions of BP traits 

Trait # variants # clusters Mu Phi 
# variants of 

clusters 
P-value 
ANOVA 

P-value 

MWU 

SBP 58 3 0/-0.0826/0.0573 0.719/0.178/0.102 46/8/4 4.26e-18 0.559 

DBP 45 3 0/-0.0924/0.0471 0.718/0.165/0.117 37/5/3 1.68e-11 0.338 

PP 55 5 
0/-0.0438/-

0.0968/0.334/0.173 
0.673/0.134/0.0654/0.0313/0.0966 43/4/2/1/5 1.39e-19 0.976 

HTN 59 3 0/-2.785/4.646 0.802/0.147/0.0516 48/8/3 3.66e-16 0.32 
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Table 3.4 Summary of clustering results for rare variants within the signal genes of SBP 

Gene Chr Start (bp) End (bp) 
# 

variants 

# 
clusters 

mu phi 
# variants 
of clusters 

P-value 
_ANOVA 

P-value 

MWU 

DBH 9 136501569 136523555 27 2 0/-0.082 0.75/0.25 21/6 5.18e-08 0.785 

NPR1 1 153652129 153665650 13 3 0/-0.0846/0.164 0.727/0.198/0.0753 10/2/1 6.02e-05 0.322 

PLCB3 11 64021930 64034975 18 2 0/0.0529 0.716/0.284 15/3 2.33e-05 0.934 
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CHAPTER 4 ASSOCIATION ANALYSIS OF MITOCHONDRIAL 

HETEROPLASMIC VARIANTS AND CARDIOMETABOLIC TRAITS 

4.1 Introduction 

Mitochondria are the energy powerhouses of the cells. They are the center 

of energy metabolism and play critical roles in many cellular activities such as 

reactive oxygen species (ROS) production, Ca2+ levels, and apoptosis.3; 6; 92 

Mitochondrial dysfunction has been implicated in the pathogenesis of multiple 

diseases including cardiovascular diseases.6 However, the underlying 

mechanisms between mitochondrial dysfunction and cardiovascular are complex. 

Recent advances in animal models indicated that mitochondrial dysfunction is 

likely to occur following the pathogenesis of atherosclerosis.93  

 

Mitochondria have their genome (mtDNA) which is maternally inherited 

and present in up to thousands of copies per cell. mtDNA encodes thirteen major 

genes for proteins of energy production in the oxidative phosphorylation pathway 

(OXPHOS). Several severe mitochondrial diseases are caused by maternally 

inherited, rare single nucleotide variants in mtDNA.94 The rare mitochondrial 

disease often involves multiple organs of the human body including the 

cardiovascular system. Recent studies have shown that mtDNA inherited 

variants are also associated with common cardiometabolic diseases (CMDs) 

including hypertension and diabetes.30; 32; 95 Heteroplasmy refers to a 
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phenomenon in which a mixed population of mtDNA molecules (due to multiple 

alleles at a single site) are present in a cell. The role of heteroplasmy in 

cardiovascular disease is poorly understood owing to the lack of deep-

sequencing of a large number of human genomes.  

 

With the advent of next-generation sequencing technology, a large 

number of human genomes including mtDNA have been deep-sequenced, 

making it possible to investigate the role of heteroplasmy in human disease. 

Studies using family data showed that heteroplasmy is both inherited and arises 

somatically.52; 96 Multiple studies found that heteroplasmy is ubiquitous in the 

human population. However, 98% of heteroplasmic variants are rare and only 

present in one (i.e., singleton) or a few individuals 24-26; 52; 96, and in addition, their 

variant allele fractions (VAFs) are low in individuals. We recently proposed a 

comprehensive framework for association analyses of rare heteroplasmic 

variants identified in whole genome sequencing (WGS). In this study, we applied 

the proposed framework to six large cohorts with WGS data. We performed 

cohort- and ancestry-specific association analyses of heteroplasmic variants with 

four CMDs including obesity, hypertension, diabetes, and hyperlipidemia, and the 

continuous traits related to these CMDs. 
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4.2 Methods 

4.2.1 Study participants 

This study included 16,882 participants with WGS from six longitudinal 

cohort studies of multiple ancestries (Supplemental Table 1): the Atherosclerosis 

Risk in Communities study54 (ARIC) (n=3,452), the Coronary Artery Risk 

Development in Young Adults Study (CARDIA)97 (n=3,346), the Cardiovascular 

Health Study (CHS)58 (n=3,341), the Framingham Heart Study (FHS)55-57 

(n=1,633), the Jackson Heart Study (JHS)59 (n=2,196), the Multi-Ethnic Study of 

Atherosclerosis Study (MESA) 98 (n=2,941).  Because FHS and JHS consist of 

family data and our framework is proposed for uncorrelated individuals, we 

randomly select maternally uncorrelated individuals from these two cohorts. FHS 

only includes participants of European ancestry while JHS consists of only African 

Americans. Cohorts recruited mostly middle-aged participants (mean age ranging 

from 58 to 69) while CHS recruited older participants (mean age 74 years) at the 

baseline. We excluded two duplicated individuals from JHS and eight from MESA 

because they overlapped with ARIC.      

 

4.2.2 Identification of heteroplasmy  

Four TOPMed sequencing centers performed whole genome sequencing 

of these participating cohorts with an average coverage of 39-fold on the nuclear 

genome and ~3000 on the mtDNA.41 All participants for a given cohort were 
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sequenced at the same center. Data acquisition, DNA library construction, and 

data processing methods are described in detail elsewhere 

(https://www.nhlbiwgs.org/topmed-whole-genome-sequencing-methods-freeze-

8). The alignment of sequencing reads and handling of BAM files were described 

in detail in a previous study.52 The detailed quality control procedures of mtDNA 

sequencing were described previously52. We applied MToolBox42 to all 

participating cohorts (WGS TOPMed Freeze 8, released in February 2019, 

GRCH38)99 with the reference mtDNA sequence, the revised Cambridge 

Reference Sequence (rCRS).16 Based on sequencing data from three FHS 

participants in a trio, we selected the 5%-95% of thresholds to identify 

heteroplasmy.52 That is, an mtDNA variant was considered a heteroplasmy if 5% 

≤ VAF ≤95%, and a variant is considered a homoplasmy if VAF > 95%. Of note, 

these thresholds are narrower compared to what is used in Chapter 2 (3%-97%), 

because a recent study found narrower thresholds are likely to reduce the effect 

of NUMT on heteroplasmy identification.100 Based on VAF and a pre-specified 

interval of 5%-95%, we consider three types of the genetic coding of 

heteroplasmic variants. For the ith individual at the jth site, the binary coding of a 

heteroplasmic variant is  𝐺𝑖𝑗
(1)

= {
1 𝑖𝑓 𝑉𝐴𝐹𝑖𝑗 ∈ (0.05,0.95)

0            𝑜. 𝑤.   
.   The second coding is 

to incorporate variant allele fraction (VAF) as 𝐺𝑖𝑗
(2)

=

{
𝑉𝐴𝐹𝑖𝑗 𝑖𝑓 𝑉𝐴𝐹𝑖𝑗 ∈ (0.05 − 0.95)

0            𝑜. 𝑤.   
. Mito-score is a measure of local constraint, 

derived from the assessment of local intolerance to base/amino acid 
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substitutions.  Each base is assigned a score between 0-1, and the higher the 

score the more locally constrained the base is. The mito-score coding is as 𝐺𝑖𝑗
(3)

=

{
𝑀𝑖𝑡𝑜𝑆𝑐𝑜𝑟𝑒𝑖𝑗 𝑖𝑓 𝑉𝐴𝐹𝑖𝑗 ∈ (0.05,0.95)

0            𝑜. 𝑤.   
                           

 

4.2.3 Cardiometabolic traits 

We analyzed cross-sectional CMD traits, i.e., these traits were mapped to 

the health exams when blood was drawn for DNA extraction for mtDNA CN 

estimates. We focused on four continuous and four binary CMD phenotypes in 

primary analyses including body mass index (BMI), obesity, systolic blood 

pressure (SBP), hypertension, blood glucose (BG), diabetes, low-density 

lipoprotein (LDL), and hyperlipidemia. LDL (mg/dL) was calculated as (TC - HDL 

- TRIG/5) in individuals with TRIG <400 mg/dL using imputed TC values.101 LDL 

values were log-transformed to approximate normality. The other continuous 

outcome variables were not transformed. 

  

A therapeutic indication was provided for medication treatment in most, 

but not all, of the TOPMed cohorts. SBP and LDL variables are calibrated for 

medication treatment. For participants with hypertension treatment for lowering 

high blood pressure, we added 15 mmHg to the measured SBP. For participants 

without hypertension treatment, the measured SBP was used in the analysis. For 
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participants with lipid treatment, TC values were calculated as the measured TC 

divided by 0.8, and participants were removed if their TRIG values were larger 

than 400 mg/Dl. Then LDL was calculated by the formula described in the above 

paragraph. For participants without lipid treatment, their LDL levels were 

calculated using their measured TC and TRIG levels. In the analysis of BG, we 

removed participants with measured BG levels≥126 mg/dL or with diabetes 

treatment.   

  

Obesity was defined as body mass index (BMI) ≥30 (kg/m2). Hypertension 

(HTN) was defined as systolic blood pressure (SBP) ≥140 mmHg, diastolic blood 

pressure (DBP) ≥90 mmHg, or the use of antihypertensive medication(s). 

Diabetes was defined as having a fasting blood glucose level of ≥126 mg/dL or 

currently receiving medications to lower blood glucose levels (BG) to treat 

diabetes. Hyperlipidemia was defined as fasting total cholesterol (TC) ≥200 

mg/dL or triglyceride (TRIG) ≥150 mg/dL, or the use of any lipid-lowering 

medication.  

 

4.2.4 Association analyses of rare heteroplasmic variants with 

cardiometabolic traits by gene-based tests   

We only include rare heteroplasmic variants with population-level 

frequency 𝑀𝐴𝐹𝐻𝑗 =
1

𝑛
∑ 𝐺𝑖𝑗

(1)𝑛
𝑖 < 0.01 in this study. We adopt four gene-based 
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tests for the association analyses: burden test, SKAT, SKAT-O, and ACAT-O. 

The burden test collapses the heteroplasmic variants in the target region into a 

single burden statistic. SKAT is a variance component test that is more powerful 

than the burden test when the proportion of causal rare variants in the region is 

small. SKAT-O is an omnibus combining the burden test and SKAT to provide 

robust results with different proportions of causal variants and effect directions of 

variants in the target region. ACAT-O is a p-value combination method that is 

commonly used in genetic association studies. ACAT-O combines the p-values 

of a burden test and a SKAT by 𝑄𝐴𝐶𝐴𝑇−𝑂 =
1

2
[tan{(0.5 − 𝑝𝑏𝑢𝑟𝑑𝑒𝑛)} +

tan{(0.5 − 𝑝𝑆𝐾𝐴𝑇)}]. The p-value of ACAT-O is 𝑝𝐴𝐶𝐴𝑇−𝑂 ≈
1

2
−

arctan (𝑄𝐴𝐶𝐴𝑇−𝑂)

𝜋
.  For 

each of the tests, we consider equal weights of heteroplasmic variants within 

target regions. These four methods are described thoroughly in Chapter 2. 

Covariates were incorporated by these methods. Age and sex are included as 

covariates in the model for all eight CMD traits. BMI is included as a covariate for 

the CMD traits except for BMI and obesity. Age squared is included for the traits 

of medication-adjusted SBP and hypertension. We adjust for visit year as a batch 

effect for FHS and JHS, because heteroplasmic burden is significantly 

associated with visit year in these two cohorts. Additionally, current smoking 

status is included as an adjustment variable except for ARIC and CARDIA due to 

unavailability. We run two sets of association analyses: 1. associations between 

the CMD outcomes and the heteroplasmic variants for the whole mtDNA 

genome; 2. associations between the CMD outcomes and the heteroplasmic 
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variants within the sixteen mtDNA genes/regions. We perform only the burden 

test for the first set of analyses, and we perform all four gene-based tests for the 

second set of analyses. We first perform cohort- and ancestry-specific analyses 

to obtain score statistics of heteroplasmic variants. Then for the two ancestries, 

we meta-analyze the results across the cohorts to obtain ancestry-specific 

results. We use a score statistics combination method to meta-analyze the 

results from ancestry-specific cohorts for the burden, SKAT, and SKAT-O 

methods implemented in the seqMeta R package. We adopt Bonferroni 

correction to control for sixteen mtDNA gene regions and set the significance 

level to be 𝛼 = 0.05/16 ≈ 0.00313.  We do not control for multiple CMD traits or 

multiple gene-based tests because they are highly correlated. It is too 

conservative to control traits and tests by Bonferroni correction. We consider that 

the heteroplasmic variants within a gene are associated with a CMD trait if at 

least one of the four tests provides significant results (P≤0.05/16) by one of the 

three coding definitions.    

 

4.3 Results 

4.3.1 Participants Characteristics 

Most of the cohorts included mainly middle-aged participants except for 

CHS (mean age 74 years).  These cohorts included more women (51%-64%) 

than men except for the FHS (47% women) due to the restriction to unrelated 
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samples according to maternal lineage information (Table 1). We observed 

heterogeneity in disease prevalence for the CMDs across the cohorts and two 

ancestries (i.e., AA versus EA). For example, the prevalence of obesity was 

higher in AA participants (51.3%) than EA participants in CARDIA (26.8%) (Chi-

squared P<0.00001). The prevalence of hypertension was 75.6% in EA 

participants in ARIC while it was 14.7% in EA participants in CARDIA (Chi-

squared P<0.00001), likely due to the large difference in age distributions (mean 

age is 58 in ARIC and 46 in CARDIA).  

 

4.3.2 Heteroplasmy distribution 

Due to the small sample size, we observed fewer heteroplasmic variants 

among AA participants than EA participants. For example, we observed 100 

heteroplasmic variants within the CYB gene among the EA participants 

(n=2,684); while we observed only 30 heteroplasmic variants for the AA 

participants in CHS (n=657). The counts of heteroplasmic variants were also 

different across genes due to different gene lengths. For instance, we observed 

121 heteroplasmic variants within the ND5 gene (length of 1,812 base pairs, 

frequency=121/1812≈6.7%) among EA participants; while we observed only 16 

within ATP8 gene (length of 207 base pairs, frequency=16/207≈7.7%) in CHS. 

But the differences in the frequency of heteroplasmic variants within these two 

genes were not statistically significant. (Chi-squared P=0.67).         
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4.3.3 Association between heteroplasmic burden and year of examination 

We found that the year of blood draw of FHS and JHS individuals was 

significantly associated with the heteroplasmic burden (Table 4.3). Therefore, we 

additionally adjusted for the year of blood draw as a covariate for these two 

cohorts in gene-based tests. 

 

4.3.4 Associations between heteroplasmy and CMD traits 

We identified twelve pairs of gene-trait associations (P≤0.05/16). For all 

significant associations, the effect directions were consistent across the three 

coding definitions using the burden method (Table 3, Supplementary Tables 1-

16). For example, for coding definition 1, the heteroplasmic burden within the 

mitochondrially encoded Cytochrome C Oxidase II (CO2) gene was associated 

with lower odds of obesity among AA participants (OR = 0.57, P = 0.0015) (Table 

4.4). The burden test provided consistent effect direction by definition 2 (OR = 

0.98, P = 0.0016) and definition 3 (OR = 0.15, P = 0.0042) as definition 1 (Table 

4.4). The strongest association was obtained between hyperlipidemia and the 

heteroplasmic variants within the mitochondrially encoded Cytochrome C 

Oxidase I (CO1) gene among EA by burden test with coding definition 3 (OR = 

0.28, P = 3.4E-7) (Table 4.4). Of note, the corresponding SKAT did not provide 

significant results after multiple testing corrections (P = 0.02) (Table 4.4). This 

may suggest this association was attributed to a large proportion of rare 
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heteroplasmic variants within the CO1 gene with small effect sizes and 

consistent effect direction. As expected, the heteroplasmic burden of the whole 

genome was also associated with lower odds of hyperlipidemia among EA 

participants (OR = 0.79, P = 0.00082, definition 3) (Table 4.4). However, we did 

not identify any hyperlipidemia-associated genes except for CO1, maybe 

because the hyperlipidemia-associated heteroplasmic were evenly distributed 

across these mtDNA genes and none of the genes contained enough trait-

associated heteroplasmic variants to reach the significance level of 0.05/16 

(Supplementary Tables 4.15-4.16). The twelve significant associations were 

detected by different gene-based tests. According to the simulation study of 

Chapter 2, this may imply inconsistent distributions and effect directions of CMD 

trait-associated heteroplasmic variants across different mtDNA gene-CMD trait 

associations. For example, the heteroplasmic variants within the CO1 gene were 

significantly associated with medication-adjusted LDL among EA using burden 

test (beta=-13.4, P=0.0006), while SKAT (P=0.068) did not provide significant 

results (Supplementary Table 4.14). We infer that a large proportion of 

heteroplasmic variants within the CO1 gene was associated with medication-

adjusted LDL and most of the LDL-associated heteroplasmic variants had the 

same effect direction. The heteroplasmic variants within the CO3 gene were 

associated with medication-adjusted SBP among EA by SKAT (P=0.00051), 

while the burden test (P=0.4) did not show significant results (Supplementary 

Table 4.6). This may suggest that only a small proportion of heteroplasmic 
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variants within the CO3 gene were associated with medication-adjusted SBP, or 

around 50% of the SBP-associated heteroplasmic variants had opposite effect 

direction.   

 

4.4 Discussion 

In this study, we applied a framework that was developed in Chapter 2 to 

perform association analysis between heteroplasmic variants within sixteen 

mtDNA encoded genes/area and eight CMD traits in six TOPMed cohorts. We 

found the heteroplasmic within several mtDNA genes was associated with BMI, 

obesity, medication-adjusted SBP, restricted BG, diabetes, medication-adjusted 

LDL, and hyperlipidemia. In summary, were found fewer gene-trait associations 

among EA participants compared to AA participants, probably due to the smaller 

sample size (Table 1, Table 3). We found no overlapping heteroplasmy-

associated CMD traits between AA participants and EA participants. This may 

partly be due to the different disease prevalence between AA and EA 

participants. In addition, the difference in sample size may also contribute to the 

observed difference.  

 

Mitochondria are organelles of power production by generating ATP 

through oxidative phosphorylation. Mitochondria are also used for regulating 

cellular metabolism, cell death pathways, and calcium homeostasis. The 
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functions of mitochondria are strictly regulated by mtDNA. In this study, the 

strongest association was found between hyperlipidemia and heteroplasmic 

variants within the MT-CO1 gene. The MT-CO1 gene encodes the main subunit 

of the cytochrome c oxidase complex in complex IV which is the third and final 

enzyme of the electron transport chain of mitochondrial oxidative 

phosphorylation.102 Mutations in MT-CO1 have been associated with several 

diseases such as acquired idiopathic sideroblastic anemia, Complex IV 

deficiency, colorectal cancer, sensorineural deafness, and Leber's hereditary 

optic neuropathy.  

 

To minimize false positives, we applied 5%-95% threshold on VAF to 

define heteroplasmic variants. Because our framework can easily incorporate 

weights of heteroplasmic variants at the individual level, we considered three 

coding definitions of heteroplasmy at the individual level in the association 

analyses. Definition 1 which was based on an indicator function was similar to 

the genetic coding of nDNA variants. Definition 2 incorporated the VAF and 

definition 3 incorporated the Mito-score which is a functional annotation score 

system of mtDNA. These three definitions provided comparable results, which 

made our findings more solid and reliable.  
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We identified both positive and negative associations between 

heteroplasmy and CMD traits (Table 4.4). This may imply that within the mtDNA 

genome, there exist heteroplasmic variants of different effect directions 

concerning CMD traits. Therefore, we plan to apply the clustering algorithm we 

developed in Chapter 3 to cluster heteroplasmic variants based on the variant-

trait associations.  There is increasing evidence that mtDNA and nDNA interact 

to influence disease traits. It is crucial to extend our study to account for the 

effects of nDNA by mtDNA-nDNA interaction analysis. In addition, the biological 

mechanisms of heteroplasmy on CMD traits remain to be studied. Leveraging 

mtDNA and other omics data such as gene expression data by causal mediation 

analysis may help unravel the potential causal pathways of heteroplasmy on 

CMD traits. In summary, our study provides valuable information to understand 

the effect of heteroplasmy on the pathological process of CMD traits, and further 

creates opportunities for therapy and drug development. 
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4.5 Tables 

Table 4.1 Cohort-specific Characteristics for African Americans (A.) and 

European Americans (B.) 

A. 

 
B. 

 

Variable 
Mean (sd) or N (%) 

ARIC 
(N=205) 

CARDIA 
(N=1559) 

CHS 
(N=657) 

JHS 
(N=2196) 

MESA 
(N=1089) 

Ethnicity/Ancestry 
origin 

AA AA AA AA AA 

Age 58.7 (6.3) 44.4 (7.3) 73.7 (5.5) 56.5 (12.2) 60.9 (9.6) 

Women 123 (60%) 922 (59.1%) 417 (63.5%) 1337 (60.9%) 577 (53%) 

BMI 29.9 (7.1) 31.2 (7.4) 28.6 (5.5) 31.7 (7.2) 29.9 (5.4) 

Obesity 89 (43.4%) 799 (51.3%) 226 (34.4%) 1169 (53.2%) 472 (43.3%) 

Adj SBP 153.1 (25.8) 124 (19.4) 150.4 (23.6) 135.96 (19.5) 136.9 (23.6) 

HTN 170 (82.9%) 543 (34.8%) 514 (78.2%) 1339 (61%) 724 (66.5%) 

Adj FBG 100.4 (9.5) 93 (10.1) 97.3 (11.4) 90.6 (8.9) 90.1 (10.7) 

DIAB 51 (24.9%) 159 (10.2%) 155 (23.6%) 470 (21.4%) 170 (15.6%) 

Adj LDL 141.4 (51.9) 115.2 (36.8) 127.9 (41.4) 133.4 (40.2) 124.3 (37.2) 

Hyperlipidemia 136 (66.3%) 680 (43.6%) 405 (61.6%) 1323 (60.3%) 592 (54.4%) 

Smoking status - - 97 (14.8%) 1050 (47.8%) 197 (18.1%) 

Variable 
Mean (sd) or N (%) 

ARIC 
(N=3247) 

CARDIA 
(N=1787) 

CHS 
(N=2684) 

FHS 
(N=1633) 

MESA 
(N=1825) 

Ethnicity/Ancestry 
origin 

EA EA EA EA EA 

Age 58.2 (5.9) 45.5 (6.6) 74.2 (5.7) 59.4 (15.6) 61.6 (9.9) 

Women 1651 (50.9%) 972 (54.4%) 1539 (57.3%) 771 (47.2%) 934 (51.2%) 

BMI 27.5 (5) 27.7 (6.2) 26.4 (4.4) 27.7 (4.9) 27.8 (5) 

Obesity 854 (26.3%) 479 (26.8%) 474 (17.7%) 449 (27.5%) 503 (27.6%) 

Adj SBP 144.7 (21.5%) 113.7 (14.6) 142.8 (23.6) 132.3 (22.7) 127.3 (22.7) 

HTN 2455 (75.6%) 262 (14.7%) 1783 (66.4%) 799 (48.9%) 903 (49.5%) 

Adj FBG 101.2 (9.6) 92.8 (8.9) 98.6 (9.8) 97.3 (9.9) 87 (9.6) 

DIAB 337 (10.4%) 76 (4.3%) 352 (13.1%) 181 (11.1%) 91 (5%) 

Adj LDL 138.2 (40.6) 116.5 (32.7) 131.4 (39.3) 119.9 (33.5) 125.3 (31.5) 

Hyperlipidemia 2278 (70.2%) 909 (50.9%) 1896 (70.6%) 1066 (65.3%) 1209 (66.3%) 

Smoking status - - 273 (10.2%) 167 (10.2%) 194 (10.6%) 
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Table 4.2 Cohort-specific Distribution of Heteroplasmic variants Across Sixteen mtDNA genes for African 

Americans (A.) and European Americans (B.) 

A. 

 Gene_length ARIC_AA CARDIA_AA CHS_AA JHS MESA_AA Meta 

D-loop 573 4 57 31 61 48 113 

MT-RNR1 954 5 26 25 30 14 71 

MT-RNR2 1558 6 39 31 55 30 123 

MT-ND1 956 5 30 20 42 20 88 

MT-ND2 1042 4 34 19 42 17 102 

MT-CO1 1542 5 43 37 76 56 165 

MT-CO2 684 0 19 13 30 15 66 

MT-ATP8 207 0 6 6 14 5 26 

MT-ATP6 635 0 30 14 46 34 94 

MT-CO3 783 4 21 18 38 20 89 

MT-ND3 346 0 12 7 10 7 30 

MT-ND4L 297 1 10 4 8 5 21 

MT-ND4 1371 2 34 24 49 21 113 

MT-ND5 1812 13 47 38 79 47 166 

MT-ND6 525 1 15 20 22 15 57 

MT-CYB 1141 8 49 30 78 32 148 

Total 14426 58 472 337 680 386 1472 
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B. 

 Gene_length ARIC_AA CARDIA_AA CHS_AA JHS MESA_AA Meta 

D-loop 573 80 44 80 50 54 149 

MT-RNR1 954 55 19 75 38 35 169 

MT-RNR2 1558 67 35 121 72 36 261 

MT-ND1 956 43 26 53 29 29 130 

MT-ND2 1042 32 25 67 36 33 155 

MT-CO1 1542 97 41 94 65 55 260 

MT-CO2 684 40 28 39 27 30 117 

MT-ATP8 207 13 6 16 13 6 39 

MT-ATP6 635 52 34 47 37 40 155 

MT-CO3 783 39 28 59 25 32 138 

MT-ND3 346 14 8 25 10 11 55 

MT-ND4L 297 15 5 16 10 6 45 

MT-ND4 1371 52 31 64 42 33 178 

MT-ND5 1812 80 53 121 86 63 283 

MT-ND6 525 32 29 43 26 17 101 

MT-CYB 1141 83 58 100 56 62 254 

Total 14426 794 470 1020 622 542 2489 
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Table 4.3 Associations of heteroplasmic burden with the year of blood draw 

 

 Cohort (N) 
The P-value of 

heteroplasmic variants with 
the year of blood draw 

African origin (N = 5,706) 

ARIC (N=205) 0.91 

CARDIA (N=1559) 0.11 

CHS (N=657) 0.64 

JHS (N=2196) 0.013 

MESA (N=1089) 0.79 

European origin (N = 11,176) 

ARIC (N=3247) 0.08 

CARDIA (N=1787) 0.68 

CHS (N=2684) 0.44 

FHS (N=1633) 0.0039 

MESA (N=1825) 0.78 
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Table 4.4 Significant Associations between Heteroplasmic variants and CMD Traits across Sixteen mtDNA Genes 

by Definition 3 for continuous traits (A.) and binary traits (B.) 

A. 

Gene ANC Trait Beta SE p_burden p_skat p_skato p_acat 

MT-CO3 EA adjsbp 3.53 4.19 0.4 0.00051 0.00094 0.001 

MT-CO1 EA adjldl -13.4 3.9 6.00E-04 0.068 0.0011 0.0012 

 

B. 

Gene ANC Trait OR 95% CI p_burden p_skat p_skato p_acat 

MT-CO1 AA hyperlipid 0.28 (0.17, 0.46) 3.40E-07 0.02 0.018 6.90E-07 

WG AA hyperlipid 0.79 (0.68, 0.9) 0.00082 - - - 
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Chapter 5 Summary and Future Work 

5.1 Summary 

Rare variants in nuclear DNA (nDNA) and mitochondrial DNA (mtDNA) 

are associated with disease traits. This dissertation aims to develop new 

strategies and apply the developed new strategies for association analyses of 

rare variants in both nuclear DNA and mitochondrial DNA. 

  

In Chapter 1, we outlined the three projects in this dissertation. We 

reviewed the role of mitochondria in human life and mtDNA variants in human 

disease. Differently from nDNA variants, mtDNA variants display unique features, 

homoplasmy, and heteroplasmy. Most heteroplasmic variants are extremely rare. 

We also reviewed commonly used gene-based methods that have been 

developed in analyses of rare variants in nDNA. These gene-based methods 

remained to be evaluated for association analyses of mtDNA heteroplasmic 

variants, which motivated the development of Project 1 and Project 3 in this 

dissertation.  

 

In Chapter 2, we proposed a framework for the association analysis of 

rare heteroplasmic variants. We considered pre-specified thresholds to identify 

heteroplasmy and two coding definitions to model heteroplasmy in association 
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analyses. We evaluated four commonly used gene-based tests and three 

burden-extension tests comprehensively through simulation studies. None of the 

tests is uniformly the most powerful across the simulation scenarios. The original 

burden test performs well when a large proportion of rare variants within the 

target region are associated with the trait and all of the trait-associated variants 

have the same effect direction. The burden-A method outperforms the original 

burden test when signal variants display opposite effect directions. The burden-S 

and burden-V methods improve the power further for the scenarios in that a large 

proportion of the variants are not trait-associated. Nevertheless, these three 

burden-extension methods are permutation-based and are more computationally 

intensive than the original burden test method. The SKAT outperforms the 

original burden test when only a small proportion of variants within the gene are 

trait-associated. The SKAT provides more robust results compared to the original 

burden test across different scenarios. The ACAT combines the p-values of the 

original burden test and SKAT efficiently. SKAT-O is underpowered based on the 

simulation compared to the ACAT method. In real data application, we found that 

heteroplasmic variants among several mtDNA genes, including RNR1, RNR2, 

CO1, CO2, and ND5, are associated with older age.        

 

In summary, the burden-S has a larger power compared to the other 

methods in most of the simulation scenarios. Therefore, the burden-S method is 

recommended when the computational resource is sufficient. If the computational 
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resources are limited, the ACAT method is recommended, because ACAT is 

efficient and provides robust results. 

     

In Chapter 3, we developed an efficient algorithm to cluster risk, 

protective, and/or neutral rare variants of signal gene regions that are identified 

by gene-based tests in association analyses of rare variants with traits. We 

cluster rare variants using their beta coefficients of variant-trait associations, e.g., 

in large GWAS. The clustering method is based on GMM with the EM algorithm. 

We proposed a maximum weighted sum of the Z-scores method to calculate the 

initial values of parameters. In the simulation study, we obtained the beta 

coefficients and their SE's using a multiple-variant model to account for potential 

LD structure. According to the simulation study, the proposed methods can 

efficiently cluster independent rare variants or those with moderate LD l when the 

study has a large sample size (e.g., in large GWAS and meta-analysis).  

 

In Chapter 4, by using the framework developed in Chapter 2, we 

performed association analyses of heteroplasmic variants with CMD traits in six 

TOPMed cohorts, including ARIC, CARDIA, CHS, FHS, JHS, and MESA. The 

CMD traits included BMI, obesity, SBP, hypertension, blood glucose, diabetes, 

low-density lipoprotein, and hyperlipidemia. Heteroplasmic variants were 

identified from whole genome sequencing data generated by TOPMed 
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sequencing centers. We performed cohort- and ancestry-specific association 

analyses of heteroplasmic variants and CMD traits using the burden, SKAT, 

SKAT-O, and ACAT-O methods. We then conducted ancestry-specific meta-

analyses. We also conducted meta-analyses across ancestries. We found 

heteroplasmic variants within several genes, including CO1, and CO3. are 

associated with obesity, diabetes, and/or hyperlipidemia.  

 

5.2 Future Work 

5.2.1 mtDNA Genotype Simulation  

Genotype simulation plays an important role in genetic studies, such as 

evaluating the performance of novel statistical methods of genetics. To the best 

of our knowledge, unlike nDNA, there is no reliable software for mtDNA genotype 

simulation. To this end, we plan to develop software to simulate mtDNA VAF by 

mimicking the inheritance pattern of mtDNA using real mtDNA sequencing data 

as a reference. mtDNA displays unique features. First, mtDNA is maternally 

inherited; second, there are multiple mtDNA copies in a human cell; third, 

somatic mutation is occurred more frequently in mtDNA compared to nDNA, 

hence heteroplasmic burden is highly associated with age. Therefore, these 

three features are key points to be considered in software development. 
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5.2.2 Association Analysis of Heteroplasmy Using Correlated Data   

In Chapter 2, we developed a framework for association analysis of 

heteroplasmy in independent individuals. However, many cohorts consist of 

correlated individuals of family members, such as FHS and JHS. Therefore, 

extending our framework to correlated data is one of the next steps. There are 

several potential challenges in this extension. First, because mtDNA is 

maternally inherited, the mitochondrial genetic correlation between maternal 

ancestors and offspring may cause computational issues in statistical modeling. 

Second, accounting for both nDNA and mtDNA genetic correlation may be 

computationally intensive.    

 

5.2.3 Accounting for LD Structure Using Summary Statistics in Rare 

Variants Clustering 

In Chapter 3, we developed an algorithm to cluster rare variants. To 

account for LD, we fitted a multiple-variant model to obtain beta coefficients and 

SE's in the simulation study. Fitting a multiple-variant model to account for an LD 

structure between rare variants requires individual-level genotype data, which 

may be costly to obtain genotypes and time-consuming to conduct gene-based 

tests. However, summary statistics are widely available from large GWAS 

studies. Therefore, accounting for LD using summary statistics from large GWAS 

is attractive and cost-effective. To the best of our knowledge, there is a method 
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developed recently for LD adjustment using summary data.103 We plan to adopt 

this method and assess its performance in rare variants clustering by simulation 

studies.    
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APPENDIX A: SUPPLEMENTARY MATERIALS FOR CHAPTER 2 

A.1 Supplementary Tables 

Supplementary Table 2.1 Frequency of heteroplasmic sites in the CYB gene in 

simulation studies 

 Type N Singleton Doubleton 3-5 

All Heteroplasmy 116 97 17 7 

Nonsynonymous 
heteroplasmy 

66 55 9 4 

We used the heteroplasmic sites in the mitochondrial Cytochrome b (MT-CYB) gene in 

European American participants (N=3,415) of the Atherosclerosis Risk in Communities 

(ARIC) Study for simulation studies. N, the total number of all or nonsynonymous 

heteroplasmic sites found; singleton, the heteroplasmic sites in single participants; 

doubleton, heteroplasmic sites in any two participants; 3-5, heteroplasmic sites in 3-5 

participants. No heteroplasmic sites were found in more than five participants.   
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Supplementary Table 2.2 Gene-wise empirical type I error rates with 95% 

confidence interval for coding definition 2 using simulation data at ɑ=0.001 

 Continuous Traits Binary Traits (prevalence=20%) 

Burden 0.86 (0.62, 1.16) 1.06 (0.79, 1.39) 

Burden-A 1.14 (0.86, 1.48) 1.00 (0.74, 1.32) 

Burden-S 1.34 (1.04, 1.7) 0.98 (0.73, 1.3) 

Burden-V1 0.96 (0.71, 1.27) 0.00002 (0, 0.074) 

Burden-V2 1.62 (1.23, 1.95) 0.00002 (0, 0.074) 

SKAT 0.68 (0.47, 0.95) 0.06 (0.012, 0.18) 

SKAT-O 0.80 (0.57, 1.09) 0.5 (0.32, 0.74) 

ACAT 0.80 (0.57, 1.09) 0.72 (0.5, 1) 

The type I error rate was represented as the ration of observed type I error to ɑ=0.001. 

Burden, the original burden test; Burden-A, adaptive burden test; Burden-S, the z-score 

weighting burden test; Burden-V1, variable threshold burden test with minimum p; 

Burden-V2, variable threshold burden test with ACAT; SKAT, the sequence kernel 

association test; SKAT-O, the method combining the burden and SKAT; ACAT, the 

aggregated Cauchy association test combining the burden and SKAT. We simulated a 

continuous variable and a binary variable in response to heteroplasmic variants located 

in the mitochondrial cytochrome b (MT-CYB) gene in European American participants 

(N=3,415) of the Atherosclerosis Risk in Communities (ARIC) Study. We simulate 

50,000 replicates for evaluating type I error.
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Supplementary Table 2.3 Association analysis of heteroplasmic burden with the 

year of blood draw 

 Cohort (N) Number of 
heteroplasmic sites 

The P-value of heteroplasmic 
variants with the year of blood draw 

African origin (n = 5456) 

ARIC (N=241) 162 0.63 

CHS (N=705) 673 0.55 

JHS (N=3404) 1590 1.77E-7 

MESA (N=1106) 968 0.52 

European origin (n = 12,051) 

ARIC (N=3415) 1501 0.32 

CHS (N=2788) 1859 0.59 

FHS (N=3992) 2158 7.01E-9 

MESA (N=1856) 1236 0.66 
Total n, the total number of heteroplasmic sites identified in a cohort. ARIC, 

Atherosclerosis Risk in Communities (ARIC) Study; FHS, Framingham Heart Study, 

CHS, Cardiovascular Health Study; JHS, Jackson Heart Study; MESA, Multi-Ethnic 

Study of Atherosclerosis. JHS includes participants of African Americans.  

 

 

 

 

 

 

 



 

 

1
0

7
 

Supplementary Table 2.4 Distribution of heteroplasmic variants in the five cohorts  

  ARIC_AA ARIC_EA CHS_AA CHS_EA FHS JHS MESA_AA MESA_EA 

 N* %* n % n % n % n % n % n % n % 

D-loop 31 22.96 228 16.61 116 18.68 224 13.09 266 13.41 207 14.28 158 18.57 216 18.88 

RNR1 8 5.93 87 6.34 35 5.64 129 7.54 146 7.36 59 4.07 37 4.35 56 4.90 

RNR2 11 8.15 122 8.89 61 9.82 207 12.10 201 10.14 130 8.97 60 7.05 88 7.69 

ND1 9 6.67 73 5.32 32 5.15 85 4.97 96 4.84 79 5.45 47 5.52 61 5.33 

MND2 5 3.70 66 4.81 34 5.48 94 5.49 124 6.25 80 5.52 46 5.41 77 6.73 

CO1 7 5.19 137 9.98 60 9.66 155 9.06 197 9.93 156 10.76 99 11.63 101 8.83 

CO2 0 0.00 55 4.01 27 4.35 61 3.57 78 3.93 66 4.55 30 3.53 46 4.02 

ATP8 0 0.00 18 1.31 8 1.29 25 1.46 34 1.71 25 1.72 17 2.00 10 0.87 

ATP6 4 2.96 71 5.17 22 3.54 80 4.68 103 5.19 82 5.66 56 6.58 64 5.59 

CO3 6 4.44 75 5.46 33 5.31 94 5.49 89 4.49 83 5.72 33 3.88 55 4.81 

ND3 1 0.74 25 1.82 13 2.09 34 1.99 32 1.61 28 1.93 14 1.65 18 1.57 

ND4L 1 0.74 24 1.75 6 0.97 26 1.52 28 1.41 18 1.24 10 1.18 14 1.22 

ND4 9 6.67 89 6.48 29 4.67 103 6.02 124 6.25 90 6.21 51 5.99 74 6.47 

ND5 25 18.52 140 10.20 66 10.63 190 11.10 238 12.00 170 11.72 98 11.52 122 10.66 

ND6 2 1.48 47 3.42 28 4.51 61 3.57 67 3.38 47 3.24 24 2.82 40 3.50 

CYB 16 11.85 116 8.45 51 8.21 143 8.36 160 8.07 130 8.97 71 8.34 102 8.92 

 Total 135 100 1373 100 621 100 1711 100 1983 100 1450 100 851 100 1144 100 

*, number (n) of heteroplasmic variants in each gene/area; the proportion of heteroplasmic variants (%) of all variants in an 

ancestry-specific cohort. ARIC, Atherosclerosis Risk in Communities (ARIC) Study; FHS, Framingham Heart Study, CHS, 

Cardiovascular Health Study; JHS, Jackson Heart Study; MESA, Multi-Ethnic Study of Atherosclerosis. JHS includes 

participants of African Americans.  

 



 

 

1
0

8
 

Supplementary Table 2.5 Association analyses between heteroplasmic variants of 16 mitochondrial 

genes/regions and age for coding definition 1 from Fisher’s method meta-analysis for participants of African 

American ancestry 

mtDNA region 
P-values 

Burden Burden-A Burden-S Burden-V1 Burden-V2 SKAT SKAT-O ACAT 

D-loop 0.21 0.12 0.19 0.85 0.84 0.27 0.31 0.26 

MT-RNR1 0.21 0.038 0.1 0.1 0.11 0.22 0.29 0.22 

MT-RNR2 0.006 0.001 0.0026 0.001 0.0013 0.18 0.022 0.026 

MT-ND1 0.46 0.2 0.18 0.033 0.028 0.32 0.25 0.38 

MT-ND2 0.13 0.15 0.15 0.1 0.091 0.22 0.18 0.13 

MT-CO1 0.22 0.18 0.33 0.18 0.19 0.34 0.18 0.21 

MT-CO2 0.35 0.45 0.44 0.79 0.79 0.69 0.41 0.69 

MT-ATP8 0.56 0.46 0.39 0.19 0.21 0.22 0.43 0.35 

MT-ATP6 0.78 0.54 0.6 0.58 0.51 0.53 0.65 0.74 

MT-CO3 0.2 0.16 0.34 0.96 0.95 0.91 0.34 0.41 

MT-ND3 0.58 0.43 0.81 0.44 0.43 0.53 0.71 0.55 

MT-ND4L 0.81 0.71 0.39 0.37 0.38 0.38 0.55 0.6 

MT-ND4 0.33 0.47 0.48 0.97 0.96 0.82 0.45 0.57 

MT-ND5 0.16 0.17 0.24 0.29 0.31 0.64 0.32 0.32 

MT-ND6 0.011 0.04 0.04 0.051 0.054 0.065 0.023 0.019 

MT-CYB 0.062 0.047 0.15 0.53 0.62 0.57 0.17 0.15 

We perform cohort-specific association analyses between heteroplasmic mutations and age. Meta-analysis was performed 

with Fisher’s method to combine the p-values. Burden, the original burden test; Burden-A, adaptive burden test; Burden-S, 

the z-score weighting burden test; Burden-V1, variable threshold burden test with minimum p; Burden-V2, variable threshold 

burden test with ACAT; SKAT, the sequence kernel association test; SKAT-O, the method combining the burden and SKAT; 

ACAT, the aggregated Cauchy association test combining the burden and SKAT. MT-RNR1/RNR2, the two ribosomal RNA 

genes in mitochondrial DNA; MT-ND1/ND2/ND3/ND4/ND4L/ND5/ND6, the mitochondrial NADH dehydrogenase, subunit 1, 2, 

3, 4, 4L, 5 and 6 genes; MT-CO1/CO2/CO3, the mitochondrial cytochrome c oxidase I, II, and III genes; MT-CYB, the 

mitochondrial cytochrome b gene; MT-APT6/ATP8, the mitochondrial ATP synthase 6 and 8 genes. 
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Supplementary Table 2.6 Association analyses between heteroplasmic variants of 16 mitochondrial 

genes/regions and age for coding definition 2 from Fisher’s method meta-analysis for participants of African 

American ancestry 

mtDNA  
region 

P-values 

Burden Burden-A Burden-S Burden-V1 Burden-V2 SKAT SKAT-O ACAT 

D-loop 0.34 0.26 0.39 0.97 0.93 0.93 0.57 0.51 

MT-RNR1 0.086 0.047 0.22 0.14 0.15 0.49 0.036 0.15 

MT-RNR2 0.0019 0.00013 0.00042 0.00054 4.00E-04 0.033 0.28 0.0061 

MT-ND1 0.22 0.17 0.11 0.076 0.062 0.32 0.26 0.16 

MT-ND2 0.2 0.24 0.16 0.23 0.19 0.46 0.26 0.25 

MT-CO1 0.086 0.093 0.18 0.45 0.53 0.44 0.41 0.19 

MT-CO2 0.34 0.39 0.31 0.72 0.71 0.62 0.85 0.56 

MT-ATP8 0.87 0.6 0.56 0.3 0.32 0.51 0.2 0.79 

MT-ATP6 0.74 0.51 0.49 0.63 0.56 0.6 0.42 0.76 

MT-CO3 0.42 0.27 0.42 0.75 0.78 0.88 0.27 0.68 

MT-ND3 0.77 0.5 0.78 0.43 0.43 0.37 0.24 0.59 

MT-ND4L 0.84 0.74 0.39 0.46 0.5 0.41 0.58 0.64 

MT-ND4 0.18 0.39 0.36 0.94 0.94 0.78 0.41 0.32 

MT-ND5 0.08 0.17 0.21 0.053 0.23 0.66 0.53 0.16 

MT-ND6 0.023 0.052 0.051 0.099 0.1 0.24 0.12 0.057 

MT-CYB 0.032 0.043 0.16 0.49 0.41 0.73 0.91 0.1 

We perform cohort-specific association analyses between heteroplasmic mutations and age. Meta-analysis was performed 

with Fisher’s method to combine the p-values. Burden, the original burden test; Burden-A, adaptive burden test; Burden-S, 

the z-score weighting burden test; Burden-V1, variable threshold burden test with minimum p; Burden-V2, variable threshold 

burden test with ACAT; SKAT, the sequence kernel association test; SKAT-O, the method combining the burden and SKAT; 

ACAT, the aggregated Cauchy association test combining the burden and SKAT. MT-RNR1/RNR2, the two ribosomal RNA 

genes in mitochondrial DNA; MT-ND1/ND2/ND3/ND4/ND4L/ND5/ND6, the mitochondrial NADH dehydrogenase, subunit 1, 2, 

3, 4, 4L, 5 and 6 genes; MT-CO1/CO2/CO3, the mitochondrial cytochrome c oxidase I, II, and III genes; MT-CYB, the 

mitochondrial cytochrome b gene; MT-APT6/ATP8, the mitochondrial ATP synthase 6 and 8 genes.
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Supplementary Table 2.7 Association analyses between heteroplasmic variants 

of 16 mitochondrial genes/regions and age for coding definition 1 from the fixed-

effect meta-analysis for participants of African American ancestry 

Gene/region BETA SE 95% LCL 95% UCL P 

D-loop 0.23 0.11 0.016 0.45 0.036 

MT-RNR1 0.6 0.39 -0.17 1.37 0.13 

MT-RNR2 1.05 0.31 0.45 1.65 0.00059 

MT-ND1 0.49 0.37 -0.23 1.21 0.18 

MT-ND2 0.93 0.46 0.03 1.84 0.043 

MT-CO1 0.33 0.28 -0.21 0.87 0.23 

MT-CO2 0.85 0.54 -0.2 1.9 0.11 

MT-ATP8 0.13 0.95 -1.72 1.99 0.89 

MT-ATP6 0.21 0.48 -0.74 1.16 0.67 

MT-CO3 0.55 0.48 -0.39 1.49 0.25 

MT-ND3 1.06 0.77 -0.45 2.58 0.17 

MT-ND4L 0.7 1.02 -1.3 2.7 0.49 

MT-ND4 0.55 0.34 -0.12 1.23 0.11 

MT-ND5 0.44 0.2 0.047 0.84 0.028 

MT-ND6 1 0.53 -0.041 2.04 0.06 

MT-CYB 0.93 0.35 0.24 1.61 0.0079 

We perform cohort-specific association analyses between heteroplasmic mutations and 

age. Meta-analysis was performed with the fixed-effects inverse variance method. MT-

RNR1/RNR2, the two ribosomal RNA genes in mitochondrial DNA; MT-

ND1/ND2/ND3/ND4/ND4L/ND5/ND6, the mitochondrial NADH dehydrogenase, subunit 

1, 2, 3, 4, 4L, 5 and 6 genes; MT-CO1/CO2/CO3, the mitochondrial cytochrome c 

oxidase I, II, and III genes; MT-CYB, the mitochondrial cytochrome b gene; MT-

APT6/ATP8, the mitochondrial ATP synthase 6 and 8 genes.
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Supplementary Table 2.8 Association analyses between heteroplasmic variants 

of 16 mitochondrial genes/regions and age for coding definition 2 from the fixed-

effect meta-analysis for participants of African American ancestry 

Gene/region BETA SE 95% LCL 95% UCL P 

D-loop 0.0095 0.0056 -0.0015 0.021 0.091 

MT-RNR1 0.032 0.015 0.0017 0.062 0.039 

MT-RNR2 0.039 0.011 0.018 0.06 0.00025 

MT-ND1 0.0082 0.013 -0.017 0.033 0.52 

MT-ND2 0.021 0.014 -0.0076 0.049 0.15 

MT-CO1 0.02 0.0098 0.00032 0.039 0.046 

MT-CO2 0.031 0.018 -0.0043 0.065 0.086 

MT-ATP8 -0.0036 0.029 -0.061 0.053 0.9 

MT-ATP6 0.0094 0.016 -0.022 0.041 0.55 

MT-CO3 0.021 0.015 -0.0091 0.05 0.17 

MT-ND3 0.02 0.026 -0.031 0.072 0.43 

MT-ND4L 0.019 0.037 -0.053 0.091 0.61 

MT-ND4 0.028 0.013 0.0024 0.054 0.032 

MT-ND5 0.022 0.008 0.006 0.037 0.0067 

MT-ND6 0.043 0.019 0.0056 0.079 0.024 

MT-CYB 0.031 0.011 0.0086 0.053 0.0066 

We perform cohort-specific association analyses between heteroplasmic mutations and 

age. Meta-analysis was performed with the fixed-effects inverse variance method. MT-

RNR1/RNR2, the two ribosomal RNA genes in mitochondrial DNA; MT-

ND1/ND2/ND3/ND4/ND4L/ND5/ND6, the mitochondrial NADH dehydrogenase, subunit 

1, 2, 3, 4, 4L, 5 and 6 genes; MT-CO1/CO2/CO3, the mitochondrial cytochrome c 

oxidase I, II, and III genes; MT-CYB, the mitochondrial cytochrome b gene; MT-

APT6/ATP8, the mitochondrial ATP synthase 6 and 8 genes. 
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Supplementary Table 2.9 Association analyses between heteroplasmic variants of 16 mitochondrial 

genes/regions and age for coding definition 1 from Fisher’s method meta-analysis for participants of European 

American ancestry 

mtDNA  
region 

P-values 

Burden Burden-A Burden-S Burden-V1 Burden-V2 SKAT SKAT-O ACAT 

D-loop 0.0091 0.018 0.022 0.14 0.58 0.02 0.004 0.011 

MT-RNR1 2.40E-09 1.50E-08 2.00E-08 9.70E-05 0.0039 0.0041 1.60E-05 7.10E-09 

MT-RNR2 1.60E-09 8.30E-09 3.80E-08 0.045 2.20E-06 0.0051 4.30E-06 1.80E-08 

MT-ND1 0.14 0.06 0.037 0.49 0.37 0.21 0.085 0.11 

MT-ND2 0.14 0.2 0.23 0.97 0.95 0.61 0.33 0.38 

MT-CO1 2.50E-05 5.50E-06 5.30E-06 0.063 3.00E-04 0.039 0.00018 0.00014 

MT-CO2 0.02 0.0059 0.01 0.0094 0.0075 0.0084 0.0018 0.0021 

MT-ATP8 0.0021 0.0016 0.0025 0.1 0.1 0.051 0.0071 0.0036 

MT-ATP6 0.47 0.17 0.16 0.81 0.82 0.83 0.71 0.61 

MT-CO3 0.0032 0.0021 0.0015 0.044 0.11 0.029 0.012 0.0057 

MT-ND3 0.29 0.0054 0.0042 0.81 0.76 0.099 0.086 0.087 

MT-ND4L 0.77 0.73 0.66 0.74 0.73 0.35 0.6 0.47 

MT-ND4 0.062 0.025 0.012 0.045 0.056 0.3 0.15 0.11 

MT-ND5 0.0069 0.048 0.043 0.1 0.67 0.76 0.022 0.026 

MT-ND6 0.83 0.4 0.34 0.26 0.27 0.15 0.32 0.39 

MT-CYB 0.22 0.0045 0.0024 0.53 0.56 0.27 0.22 0.39 

We perform cohort-specific association analyses between heteroplasmic mutations and age. Meta-analysis was performed 

with Fisher’s method to combine the p-values. Burden, the original burden test; Burden-A, adaptive burden test; Burden-S, 

the z-score weighting burden test; Burden-V1, variable threshold burden test with minimum p; Burden-V2, variable threshold 

burden test with ACAT; SKAT, the sequence kernel association test; SKAT-O, the method combining the burden and SKAT; 

ACAT, the aggregated Cauchy association test combining the burden and SKAT. MT-RNR1/RNR2, the two ribosomal RNA 

genes in mitochondrial DNA; MT-ND1/ND2/ND3/ND4/ND4L/ND5/ND6, the mitochondrial NADH dehydrogenase, subunit 1, 2, 

3, 4, 4L, 5 and 6 genes; MT-CO1/CO2/CO3, the mitochondrial cytochrome c oxidase I, II, and III genes; MT-CYB, the 

mitochondrial cytochrome b gene; MT-APT6/ATP8, the mitochondrial ATP synthase 6 and 8 genes. 
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Supplementary Table 2.10 Association analyses between heteroplasmic variants of 16 mitochondrial 

genes/regions and age for coding definition 2 from Fisher’s method meta-analysis for participants of European 

American ancestry 

mtDNA  
region 

P-values 

Burden Burden-A Burden-S Burden-V1 Burden-V2 SKAT SKAT-O ACAT 

D-loop 0.027 0.016 0.011 0.29 0.83 0.18 0.01 0.07 

MT-RNR1 2.10E-12 1.10E-08 1.10E-08 2.10E-05 5.90E-07 0.00029 0.00011 1.50E-11 

MT-RNR2 1.20E-10 6.40E-08 2.10E-07 0.064 5.00E-06 0.058 0.00028 1.50E-09 

MT-ND1 0.28 0.15 0.084 0.73 0.6 0.46 0.27 0.35 

MT-ND2 0.093 0.18 0.19 0.96 0.94 0.88 0.055 0.33 

MT-CO1 1.30E-06 2.10E-06 1.70E-06 0.019 8.20E-06 0.02 0.00065 7.50E-06 

MT-CO2 0.0044 0.0096 0.01 0.013 0.0099 0.0012 6.70E-05 0.00025 

MT-ATP8 0.0019 0.0058 0.011 0.13 0.13 0.15 0.15 0.0058 

MT-ATP6 0.47 0.087 0.063 0.56 0.56 0.5 0.42 0.44 

MT-CO3 0.022 0.018 0.014 0.27 0.25 0.28 0.19 0.15 

MT-ND3 0.32 0.022 0.013 0.63 0.62 0.42 0.22 0.33 

MT-ND4L 0.94 0.96 0.97 0.87 0.89 0.89 0.96 0.93 

MT-ND4 0.003 0.0015 0.00036 0.018 0.019 0.056 0.15 0.0064 

MT-ND5 0.0081 0.024 0.012 0.26 0.34 0.73 0.1 0.032 

MT-ND6 0.59 0.08 0.042 0.16 0.16 0.078 0.37 0.19 

MT-CYB 0.014 0.014 0.0044 0.39 0.72 0.097 0.64 0.037 

We perform cohort-specific association analyses between heteroplasmic mutations and age. Meta-analysis was performed 

with Fisher’s method to combine the p-values. Burden, the original burden test; Burden-A, adaptive burden test; Burden-S, 

the z-score weighting burden test; Burden-V1, variable threshold burden test with minimum p; Burden-V2, variable threshold 

burden test with ACAT; SKAT, the sequence kernel association test; SKAT-O, the method combining the burden and SKAT; 

ACAT, the aggregated Cauchy association test combining the burden and SKAT. MT-RNR1/RNR2, the two ribosomal RNA 

genes in mitochondrial DNA; MT-ND1/ND2/ND3/ND4/ND4L/ND5/ND6, the mitochondrial NADH dehydrogenase, subunit 1, 2, 

3, 4, 4L, 5 and 6 genes; MT-CO1/CO2/CO3, the mitochondrial cytochrome c oxidase I, II, and III genes; MT-CYB, the 

mitochondrial cytochrome b gene; MT-APT6/ATP8, the mitochondrial ATP synthase 6 and 8 genes.
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Supplementary Table 2.11 Association analyses between heteroplasmic 

variants of 16 mitochondrial genes/regions and age for coding definition 1 from 

the fixed-effect meta-analysis for participants of European American ancestry 

Gene/region BETA SE 95% LCL 95% UCL P 

D-loop 0.22 0.068 0.089 0.35 0.0011 

MT-RNR1 1.32 0.26 0.8 1.83 5.00E-07 

MT-RNR2 1.34 0.21 0.93 1.76 3.00E-10 

MT-ND1 0.78 0.32 0.14 1.42 0.016 

MT-ND2 0.68 0.3 0.086 1.27 0.025 

MT-CO1 1.1 0.23 0.64 1.56 2.20E-06 

MT-CO2 0.9 0.39 0.14 1.66 0.02 

MT-ATP8 1.67 0.69 0.32 3.02 0.016 

MT-ATP6 0.43 0.34 -0.24 1.11 0.21 

MT-CO3 1.26 0.33 0.61 1.9 0.00015 

MT-ND3 0.61 0.53 -0.44 1.65 0.26 

MT-ND4L -0.15 0.6 -1.33 1.03 0.8 

MT-ND4 0.56 0.23 0.11 1.02 0.015 

MT-ND5 0.45 0.17 0.13 0.77 0.0063 

MT-ND6 0.26 0.4 -0.52 1.05 0.51 

MT-CYB 0.43 0.21 0.012 0.84 0.044 

We perform cohort-specific association analyses between heteroplasmic mutations and 

age. Meta-analysis was performed with the fixed-effects inverse variance method. MT-

RNR1/RNR2, the two ribosomal RNA genes in mitochondrial DNA; MT-

ND1/ND2/ND3/ND4/ND4L/ND5/ND6, the mitochondrial NADH dehydrogenase, subunit 

1, 2, 3, 4, 4L, 5 and 6 genes; MT-CO1/CO2/CO3, the mitochondrial cytochrome c 

oxidase I, II, and III genes; MT-CYB, the mitochondrial cytochrome b gene; MT-

APT6/ATP8, the mitochondrial ATP synthase 6 and 8 genes. 
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Supplementary Table 2.12 Association analyses between heteroplasmic 

variants of 16 mitochondrial genes/regions and age for coding definition 2 from 

the fixed-effect meta-analysis for participants of European American ancestry 

Gene/region BETA SE 95% LCL 95% UCL P 

D-loop 0.0083 0.0028 0.0028 0.014 0.0033 

MT-RNR1 0.037 0.0059 0.025 0.048 4.80E-10 

MT-RNR2 0.03 0.0048 0.021 0.04 2.90E-10 

MT-ND1 0.014 0.0069 -4.30E-05 0.027 0.051 

MT-ND2 0.015 0.0066 0.0022 0.028 0.022 

MT-CO1 0.025 0.0051 0.015 0.035 9.20E-07 

MT-CO2 0.022 0.0082 0.0062 0.038 0.0068 

MT-ATP8 0.031 0.014 0.0042 0.057 0.023 

MT-ATP6 0.0087 0.0073 -0.0056 0.023 0.23 

MT-CO3 0.021 0.0069 0.0069 0.034 0.0031 

MT-ND3 0.019 0.012 -0.0046 0.043 0.11 

MT-ND4L -0.0068 0.012 -0.031 0.017 0.58 

MT-ND4 0.02 0.0057 0.0088 0.031 0.00047 

MT-ND5 0.0098 0.0041 0.0018 0.018 0.017 

MT-ND6 0.0067 0.0087 -0.01 0.024 0.44 

MT-CYB 0.016 0.0052 0.0062 0.027 0.0016 

We perform cohort-specific association analyses between heteroplasmic mutations and 

age. Meta-analysis was performed with the fixed-effects inverse variance method. MT-

RNR1/RNR2, the two ribosomal RNA genes in mitochondrial DNA; MT-

ND1/ND2/ND3/ND4/ND4L/ND5/ND6, the mitochondrial NADH dehydrogenase, subunit 

1, 2, 3, 4, 4L, 5 and 6 genes; MT-CO1/CO2/CO3, the mitochondrial cytochrome c 

oxidase I, II, and III genes; MT-CYB, the mitochondrial cytochrome b gene; MT-

APT6/ATP8, the mitochondrial ATP synthase 6 and 8 genes.
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Supplementary Table 2.13 Association analyses between heteroplasmic variants of 16 mitochondrial 

genes/regions and age for coding definition 1 from Fisher’s method meta-analysis for all participants 

mtDNA  
region 

P-values 

Burden Burden-A Burden-S Burden-V1 Burden-V2 SKAT SKAT-O ACAT 

D-loop 0.014 0.015 0.027 0.37 0.84 0.034 0.0095 0.02 

MT-RNR1 1.10E-08 1.30E-08 4.20E-08 0.00012 0.0038 0.0072 6.20E-05 3.30E-08 

MT-RNR2 2.50E-10 2.20E-10 2.40E-09 5.00E-04 5.90E-08 0.0073 1.60E-06 1.10E-08 

MT-ND1 0.24 0.065 0.04 0.083 0.058 0.25 0.1 0.17 

MT-ND2 0.091 0.14 0.15 0.32 0.3 0.4 0.23 0.2 

MT-CO1 7.20E-05 1.50E-05 2.50E-05 0.062 0.00061 0.071 0.00037 0.00034 

MT-CO2 0.042 0.018 0.028 0.044 0.036 0.036 0.0061 0.011 

MT-ATP8 0.0091 0.006 0.0077 0.094 0.1 0.062 0.021 0.0097 

MT-ATP6 0.73 0.31 0.32 0.82 0.78 0.8 0.82 0.81 

MT-CO3 0.0053 0.003 0.0044 0.18 0.34 0.12 0.027 0.016 

MT-ND3 0.47 0.016 0.023 0.72 0.69 0.21 0.23 0.19 

MT-ND4L 0.92 0.86 0.61 0.63 0.63 0.4 0.7 0.64 

MT-ND4 0.1 0.064 0.035 0.18 0.21 0.59 0.25 0.24 

MT-ND5 0.0086 0.047 0.058 0.13 0.53 0.84 0.042 0.048 

MT-ND6 0.052 0.082 0.072 0.071 0.076 0.055 0.044 0.044 

MT-CYB 0.072 0.002 0.0032 0.64 0.71 0.44 0.16 0.22 

We perform cohort-specific association analyses between heteroplasmic mutations and age. Meta-analysis was performed 

with Fisher’s method to combine the p-values in all participants. Burden, the original burden test; Burden-A, adaptive burden 

test; Burden-S, the z-score weighting burden test; Burden-V1, variable threshold burden test with minimum p; Burden-V2, 

variable threshold burden test with ACAT; SKAT, the sequence kernel association test; SKAT-O, the method combining the 

burden and SKAT; ACAT, the aggregated Cauchy association test combining the burden and SKAT. MT-RNR1/RNR2, the 

two ribosomal RNA genes in mitochondrial DNA; MT-ND1/ND2/ND3/ND4/ND4L/ND5/ND6, the mitochondrial NADH 

dehydrogenase, subunit 1, 2, 3, 4, 4L, 5 and 6 genes; MT-CO1/CO2/CO3, the mitochondrial cytochrome c oxidase I, II, and III 

genes; MT-CYB, the mitochondrial cytochrome b gene; MT-APT6/ATP8, the mitochondrial ATP synthase 6 and 8 genes.
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Supplementary Table 2.14 Association analyses between heteroplasmic variants of 16 mitochondrial 

genes/regions and age for coding definition 2 from Fisher’s method meta-analysis for all participants 

mtDNA  
region 

P-values 

Burden Burden-A Burden-S Burden-V1 Burden-V2 SKAT SKAT-O ACAT 

D-loop 0.052 0.027 0.028 0.64 0.97 0.47 0.035 0.15 

MT-RNR1 5.50E-12 1.20E-08 5.00E-08 4.00E-05 1.50E-06 0.0014 5.30E-05 6.30E-11 

MT-RNR2 6.90E-12 2.20E-10 2.10E-09 0.00039 4.20E-08 0.014 0.00082 2.40E-10 

MT-ND1 0.23 0.12 0.053 0.22 0.16 0.43 0.26 0.22 

MT-ND2 0.093 0.18 0.14 0.55 0.49 0.77 0.075 0.29 

MT-CO1 1.90E-06 3.20E-06 4.90E-06 0.049 5.80E-05 0.05 0.0025 2.10E-05 

MT-CO2 0.011 0.025 0.021 0.053 0.042 0.0061 0.00061 0.0014 

MT-ATP8 0.012 0.023 0.038 0.17 0.17 0.27 0.14 0.029 

MT-ATP6 0.72 0.18 0.14 0.72 0.68 0.66 0.48 0.7 

MT-CO3 0.053 0.031 0.036 0.53 0.51 0.59 0.2 0.33 

MT-ND3 0.59 0.061 0.057 0.62 0.62 0.44 0.21 0.51 

MT-ND4L 0.98 0.95 0.75 0.77 0.81 0.73 0.88 0.9 

MT-ND4 0.0046 0.0049 0.0013 0.086 0.09 0.18 0.23 0.015 

MT-ND5 0.0054 0.027 0.018 0.073 0.28 0.83 0.21 0.032 

MT-ND6 0.072 0.027 0.015 0.082 0.082 0.093 0.18 0.06 

MT-CYB 0.0039 0.0051 0.0058 0.51 0.66 0.26 0.9 0.024 

We perform cohort-specific association analyses between heteroplasmic mutations and age. Meta-analysis was performed 

with Fisher’s method to combine the p-values. Burden, the original burden test; Burden-A, adaptive burden test; Burden-S, 

the z-score weighting burden test; Burden-V1, variable threshold burden test with minimum p; Burden-V2, variable threshold 

burden test with ACAT; SKAT, the sequence kernel association test; SKAT-O, the method combining the burden and SKAT; 

ACAT, the aggregated Cauchy association test combining the burden and SKAT. MT-RNR1/RNR2, the two ribosomal RNA 

genes in mitochondrial DNA; MT-ND1/ND2/ND3/ND4/ND4L/ND5/ND6, the mitochondrial NADH dehydrogenase, subunit 1, 2, 

3, 4, 4L, 5 and 6 genes; MT-CO1/CO2/CO3, the mitochondrial cytochrome c oxidase I, II, and III genes; MT-CYB, the 

mitochondrial cytochrome b gene; MT-APT6/ATP8, the mitochondrial ATP synthase 6 and 8 genes.
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Supplementary Table 2.15 Association analyses between heteroplasmic 

variants of 16 mitochondrial genes/regions and age for coding definition 1 from 

the fixed-effect meta-analysis of all participants 

Gene/region BETA SE 95% LCL 95% UCL P 

D-loop 0.22 0.058 0.11 0.34 0.00012 

MT-RNR1 1.1 0.22 0.67 1.52 3.80E-07 

MT-RNR2 1.25 0.17 0.91 1.59 6.80E-13 

MT-ND1 0.66 0.24 0.18 1.13 0.0067 

MT-ND2 0.75 0.25 0.26 1.25 0.0027 

MT-CO1 0.79 0.18 0.44 1.14 8.80E-06 

MT-CO2 0.88 0.32 0.26 1.5 0.0052 

MT-ATP8 1.14 0.56 0.044 2.23 0.041 

MT-ATP6 0.36 0.28 -0.19 0.9 0.2 

MT-CO3 1.03 0.27 0.5 1.57 0.00015 

MT-ND3 0.75 0.44 -0.1 1.61 0.084 

MT-ND4L 0.069 0.52 -0.95 1.08 0.89 

MT-ND4 0.56 0.19 0.18 0.93 0.0035 

MT-ND5 0.45 0.13 0.19 0.7 0.00058 

MT-ND6 0.53 0.32 -0.097 1.15 0.098 

MT-CYB 0.56 0.18 0.21 0.92 0.0018 

We perform cohort-specific association analyses between heteroplasmic mutations and 

age. Meta-analysis was performed with the fixed-effects inverse variance method. MT-

RNR1/RNR2, the two ribosomal RNA genes in mitochondrial DNA; MT-

ND1/ND2/ND3/ND4/ND4L/ND5/ND6, the mitochondrial NADH dehydrogenase, subunit 

1, 2, 3, 4, 4L, 5 and 6 genes; MT-CO1/CO2/CO3, the mitochondrial cytochrome c 

oxidase I, II, and III genes; MT-CYB, the mitochondrial cytochrome b gene; MT-

APT6/ATP8, the mitochondrial ATP synthase 6 and 8 genes.
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Supplementary Table 2.16 Association analyses between heteroplasmic 

variants of 16 mitochondrial genes/regions and age for coding definition 2 from 

the fixed-effect meta-analysis of all participants 

Gene/region BETA SE 95% LCL 95% UCL P 

D-loop 0.0085 0.0025 0.0036 0.013 0.00065 

MT-RNR1 0.036 0.0055 0.026 0.047 3.70E-11 

MT-RNR2 0.031 0.0044 0.023 0.04 8.90E-13 

MT-ND1 0.013 0.0061 0.00078 0.025 0.037 

MT-ND2 0.016 0.006 0.0044 0.028 0.007 

MT-CO1 0.024 0.0045 0.015 0.033 1.20E-07 

MT-CO2 0.024 0.0075 0.0089 0.038 0.0016 

MT-ATP8 0.024 0.013 -0.00025 0.049 0.052 

MT-ATP6 0.0088 0.0066 -0.0042 0.022 0.18 

MT-CO3 0.021 0.0063 0.0087 0.033 0.00081 

MT-ND3 0.019 0.011 -0.0022 0.041 0.078 

MT-ND4L -0.0043 0.011 -0.027 0.018 0.7 

MT-ND4 0.021 0.0052 0.011 0.032 4.50E-05 

MT-ND5 0.012 0.0036 0.0052 0.019 0.00072 

MT-ND6 0.013 0.0079 -0.0025 0.028 0.1 

MT-CYB 0.019 0.0047 0.0095 0.028 6.70E-05 

We perform cohort-specific association analyses between heteroplasmic mutations and 

age. Meta-analysis was performed with the fixed-effects inverse variance method. MT-

RNR1/RNR2, the two ribosomal RNA genes in mitochondrial DNA; MT-

ND1/ND2/ND3/ND4/ND4L/ND5/ND6, the mitochondrial NADH dehydrogenase, subunit 

1, 2, 3, 4, 4L, 5 and 6 genes; MT-CO1/CO2/CO3, the mitochondrial cytochrome c 

oxidase I, II, and III genes; MT-CYB, the mitochondrial cytochrome b gene; MT-

APT6/ATP8, the mitochondrial ATP synthase 6 and 8 genes.
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Supplementary Table 2.17 Association analyses between heteroplasmic variants of 16 mitochondrial 

genes/regions and sex for coding definition 1 from Fisher’s method meta-analysis for participants of African 

American ancestry 

mtDNA 
region 

P-values 

Burden Burden-A Burden-S Burden-V1 Burden-V2 SKAT SKAT-O ACAT 

D-loop 0.28 0.22 0.18 0.36 0.37 0.19 0.22 0.26 

MT-RNR1 0.4 0.37 0.067 0.54 0.61 0.53 0.49 0.49 

MT-RNR2 0.57 0.57 0.28 0.35 0.39 0.2 0.37 0.37 

MT-ND1 0.75 0.76 0.2 0.18 0.21 0.71 0.78 0.79 

MT-ND2 0.31 0.38 0.21 0.14 0.17 0.69 0.48 0.42 

MT-CO1 0.26 0.24 0.27 0.047 0.24 0.051 0.076 0.088 

MT-CO2 0.011 0.01 0.0056 0.28 0.28 0.31 0.025 0.028 

MT-ATP8 0.71 0.78 0.21 0.87 0.81 0.76 0.84 0.76 

MT-ATP6 0.051 0.049 0.11 0.36 0.4 0.44 0.075 0.07 

MT-CO3 0.86 0.88 0.19 0.86 0.89 0.13 0.34 0.3 

MT-ND3 0.089 0.083 0.045 0.26 0.25 0.25 0.12 0.17 

MT-ND4L 0.42 0.38 0.31 0.41 0.4 0.22 0.29 0.29 

MT-ND4 0.1 0.12 0.029 0.11 0.14 0.22 0.18 0.15 

MT-ND5 0.002 0.0011 0.0026 0.082 0.08 0.017 0.012 0.0038 

MT-ND6 0.93 0.94 0.78 0.54 0.52 0.4 0.7 0.79 

MT-CYB 0.44 0.46 0.21 0.19 0.19 0.34 0.56 0.44 

We perform cohort-specific association analyses between heteroplasmic mutations and sex. Meta-analysis was performed 

with Fisher’s method to combine the p-values. Burden, the original burden test; Burden-A, adaptive burden test; Burden-S, 

the z-score weighting burden test; Burden-V1, variable threshold burden test with minimum p; Burden-V2, variable threshold 

burden test with ACAT; SKAT, the sequence kernel association test; SKAT-O, the method combining the burden and SKAT; 

ACAT, the aggregated Cauchy association test combining the burden and SKAT. MT-RNR1/RNR2, the two ribosomal RNA 

genes in mitochondrial DNA; MT-ND1/ND2/ND3/ND4/ND4L/ND5/ND6, the mitochondrial NADH dehydrogenase, subunit 1, 2, 

3, 4, 4L, 5 and 6 genes; MT-CO1/CO2/CO3, the mitochondrial cytochrome c oxidase I, II, and III genes; MT-CYB, the 

mitochondrial cytochrome b gene; MT-APT6/ATP8, the mitochondrial ATP synthase 6 and 8 genes.
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Supplementary Table 2.18 Association analyses between heteroplasmic variants of 16 mitochondrial 

genes/regions and sex for coding definition 2 from Fisher’s method meta-analysis for participants of African 

American ancestry 

mtDNA 
region 

P-values 

Burden Burden-A Burden-S Burden-V1 Burden-V2 SKAT SKAT-O ACAT 

D-loop 0.071 0.055 0.044 0.54 0.51 0.25 0.095 0.095 

MT-RNR1 0.27 0.26 0.12 0.44 0.45 0.51 0.088 0.43 

MT-RNR2 0.26 0.27 0.2 0.17 0.21 0.18 0.13 0.24 

MT-ND1 0.76 0.78 0.34 0.15 0.17 0.6 0.57 0.72 

MT-ND2 0.28 0.34 0.21 0.093 0.12 0.64 0.59 0.43 

MT-CO1 0.81 0.83 0.57 0.15 0.26 0.46 0.86 0.72 

MT-CO2 0.0032 0.0028 0.0028 0.043 0.042 0.29 0.028 0.01 

MT-ATP8 0.83 0.88 0.46 0.73 0.69 0.62 0.81 0.75 

MT-ATP6 0.014 0.013 0.042 0.11 0.11 0.28 0.013 0.02 

MT-CO3 0.95 0.96 0.53 0.83 0.88 0.58 0.74 0.86 

MT-ND3 0.12 0.13 0.091 0.43 0.39 0.43 0.052 0.2 

MT-ND4L 0.65 0.59 0.72 0.43 0.44 0.48 0.95 0.65 

MT-ND4 0.12 0.15 0.057 0.09 0.099 0.39 0.68 0.21 

MT-ND5 0.0015 0.0017 0.0041 0.066 0.00011 0.057 0.028 0.0024 

MT-ND6 0.98 0.99 0.71 0.56 0.59 0.5 0.75 0.94 

MT-CYB 0.38 0.4 0.25 0.19 0.16 0.35 0.41 0.41 

We perform cohort-specific association analyses between heteroplasmic mutations and sex. Meta-analysis was performed 

with Fisher’s method to combine the p-values. Burden, the original burden test; Burden-A, adaptive burden test; Burden-S, 

the z-score weighting burden test; Burden-V1, variable threshold burden test with minimum p; Burden-V2, variable threshold 

burden test with ACAT; SKAT, the sequence kernel association test; SKAT-O, the method combining the burden and SKAT; 

ACAT, the aggregated Cauchy association test combining the burden and SKAT. MT-RNR1/RNR2, the two ribosomal RNA 

genes in mitochondrial DNA; MT-ND1/ND2/ND3/ND4/ND4L/ND5/ND6, the mitochondrial NADH dehydrogenase, subunit 1, 2, 

3, 4, 4L, 5 and 6 genes; MT-CO1/CO2/CO3, the mitochondrial cytochrome c oxidase I, II, and III genes; MT-CYB, the 

mitochondrial cytochrome b gene; MT-APT6/ATP8, the mitochondrial ATP synthase 6 and 8 genes.
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Supplementary Table 2.19 Association analyses between heteroplasmic 

variants of 16 mitochondrial genes/regions and sex for coding definition 1 from 

the fixed-effect meta-analysis for participants of African American ancestry 

Gene/region BETA SE 95% LCL 95% UCL P 

D-loop 0.036 0.024 -0.011 0.084 0.13 

MT-RNR1 0.13 0.085 -0.034 0.3 0.12 

MT-RNR2 0.066 0.067 -0.067 0.2 0.33 

MT-ND1 0.094 0.081 -0.064 0.25 0.24 

MT-ND2 0.017 0.11 -0.19 0.23 0.87 

MT-CO1 0.12 0.06 -0.0015 0.23 0.053 

MT-CO2 0.18 0.11 -0.041 0.4 0.11 

MT-ATP8 0.086 0.2 -0.31 0.48 0.67 

MT-ATP6 0.17 0.11 -0.045 0.38 0.12 

MT-CO3 0.011 0.12 -0.23 0.25 0.93 

MT-ND3 0.43 0.17 0.096 0.76 0.011 

MT-ND4L 0.081 0.21 -0.34 0.5 0.7 

MT-ND4 0.092 0.081 -0.068 0.25 0.26 

MT-ND5 0.12 0.045 0.032 0.21 0.0076 

MT-ND6 -0.022 0.13 -0.27 0.23 0.87 

MT-CYB 0.1 0.073 -0.039 0.25 0.15 

We perform cohort-specific association analyses between heteroplasmic mutations and 

sex. Meta-analysis was performed with the fixed-effects inverse variance method. MT-

RNR1/RNR2, the two ribosomal RNA genes in mitochondrial DNA; MT-

ND1/ND2/ND3/ND4/ND4L/ND5/ND6, the mitochondrial NADH dehydrogenase, subunit 

1, 2, 3, 4, 4L, 5 and 6 genes; MT-CO1/CO2/CO3, the mitochondrial cytochrome c 

oxidase I, II, and III genes; MT-CYB, the mitochondrial cytochrome b gene; MT-

APT6/ATP8, the mitochondrial ATP synthase 6 and 8 genes.



123 

 

Supplementary Table 2.20 Association analyses between heteroplasmic 

variants of 16 mitochondrial genes/regions and sex for coding definition 2 from 

the fixed-effect meta-analysis for participants of African American ancestry 

Gene/region BETA SE 95% LCL 95% UCL P 

D-loop 0.003 0.0012 0.00066 0.0053 0.012 

MT-RNR1 0.0063 0.0032 -1.40E-05 0.013 0.051 

MT-RNR2 0.003 0.0022 -0.0012 0.0073 0.16 

MT-ND1 0.0024 0.0025 -0.0025 0.0073 0.33 

MT-ND2 9.50E-05 0.0029 -0.0056 0.0058 0.97 

MT-CO1 0.002 0.0019 -0.0017 0.0057 0.29 

MT-CO2 0.0081 0.0035 0.0013 0.015 0.019 

MT-ATP8 0.0021 0.0056 -0.0088 0.013 0.71 

MT-ATP6 0.0086 0.0031 0.0026 0.015 0.0048 

MT-CO3 -0.0015 0.0031 -0.0077 0.0047 0.63 

MT-ND3 0.01 0.0052 -6.40E-05 0.02 0.051 

MT-ND4L -0.0023 0.0071 -0.016 0.012 0.75 

MT-ND4 0.004 0.0027 -0.0013 0.0094 0.14 

MT-ND5 0.0054 0.0016 0.0022 0.0086 0.00087 

MT-ND6 -0.001 0.004 -0.0088 0.0068 0.8 

MT-CYB 0.0035 0.0022 -0.00088 0.0078 0.12 

We perform cohort-specific association analyses between heteroplasmic mutations and 

sex. Meta-analysis was performed with the fixed-effects inverse variance method. MT-

RNR1/RNR2, the two ribosomal RNA genes in mitochondrial DNA; MT-

ND1/ND2/ND3/ND4/ND4L/ND5/ND6, the mitochondrial NADH dehydrogenase, subunit 

1, 2, 3, 4, 4L, 5 and 6 genes; MT-CO1/CO2/CO3, the mitochondrial cytochrome c 

oxidase I, II, and III genes; MT-CYB, the mitochondrial cytochrome b gene; MT-

APT6/ATP8, the mitochondrial ATP synthase 6 and 8 genes. 
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Supplementary Table 2.21 Association analyses between heteroplasmic variants of 16 mitochondrial 

genes/regions and sex for coding definition 1 from Fisher’s method meta-analysis for participants of European 

American ancestry 

mtDNA 
region 

P-values 

Burden Burden-A Burden-S Burden-V1 Burden-V2 SKAT SKAT-O ACAT 

D-loop 0.95 0.86 0.94 0.27 0.31 0.45 0.81 0.79 

MT-RNR1 0.47 0.47 0.53 0.15 0.47 0.71 0.74 0.66 

MT-RNR2 0.66 0.66 0.65 0.58 0.97 0.46 0.57 0.62 

MT-ND1 0.8 0.81 0.86 0.56 0.53 0.33 0.61 0.65 

MT-ND2 0.51 0.65 0.76 0.12 0.18 0.6 0.61 0.58 

MT-CO1 0.12 0.12 0.13 0.016 0.23 0.28 0.15 0.12 

MT-CO2 0.24 0.23 0.19 0.042 0.034 0.29 0.27 0.25 

MT-ATP8 0.66 0.67 0.66 0.22 0.21 0.38 0.74 0.54 

MT-ATP6 0.24 0.24 0.21 0.11 0.12 0.42 0.27 0.28 

MT-CO3 0.8 0.79 0.83 0.45 0.46 0.85 0.92 0.88 

MT-ND3 0.33 0.23 0.18 0.86 0.87 0.5 0.38 0.37 

MT-ND4L 0.53 0.56 0.67 0.83 0.84 0.59 0.56 0.54 

MT-ND4 0.65 0.82 0.77 0.82 0.83 0.88 0.87 0.87 

MT-ND5 0.38 0.11 0.087 0.29 0.83 0.82 0.68 0.56 

MT-ND6 0.79 0.78 0.89 0.91 0.92 0.76 0.82 0.85 

MT-CYB 0.69 0.67 0.71 0.19 0.095 0.19 0.48 0.43 

We perform cohort-specific association analyses between heteroplasmic mutations and sex. Meta-analysis was performed 

with Fisher’s method to combine the p-values. Burden, the original burden test; Burden-A, adaptive burden test; Burden-S, 

the z-score weighting burden test; Burden-V1, variable threshold burden test with minimum p; Burden-V2, variable threshold 

burden test with ACAT; SKAT, the sequence kernel association test; SKAT-O, the method combining the burden and SKAT; 

ACAT, the aggregated Cauchy association test combining the burden and SKAT. MT-RNR1/RNR2, the two ribosomal RNA 

genes in mitochondrial DNA; MT-ND1/ND2/ND3/ND4/ND4L/ND5/ND6, the mitochondrial NADH dehydrogenase, subunit 1, 2, 

3, 4, 4L, 5 and 6 genes; MT-CO1/CO2/CO3, the mitochondrial cytochrome c oxidase I, II, and III genes; MT-CYB, the 

mitochondrial cytochrome b gene; MT-APT6/ATP8, the mitochondrial ATP synthase 6 and 8 genes. 
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Supplementary Table 2.22 Association analyses between heteroplasmic variants of 16 mitochondrial 

genes/regions and sex for coding definition 2 from Fisher’s method meta-analysis for participants of European 

American ancestry 

mtDNA 
region 

P-values 

Burden Burden-A Burden-S Burden-V1 Burden-V2 SKAT SKAT-O ACAT 

D-loop 0.81 0.59 0.77 0.075 0.85 0.49 0.48 0.74 

MT-RNR1 0.34 0.34 0.31 0.024 0.46 0.46 0.78 0.38 

MT-RNR2 0.4 0.41 0.32 0.61 1 0.62 0.95 0.52 

MT-ND1 0.93 0.93 0.97 0.63 0.64 0.54 0.88 0.85 

MT-ND2 0.65 0.65 0.72 0.24 0.21 0.58 0.89 0.71 

MT-CO1 0.14 0.14 0.22 0.035 0.46 0.48 0.25 0.21 

MT-CO2 0.14 0.14 0.1 0.17 0.17 0.46 0.14 0.21 

MT-ATP8 0.75 0.74 0.75 0.22 0.22 0.54 0.62 0.68 

MT-ATP6 0.19 0.19 0.15 0.19 0.17 0.54 0.31 0.31 

MT-CO3 0.79 0.79 0.84 0.48 0.46 0.68 0.8 0.76 

MT-ND3 0.39 0.39 0.33 0.94 0.94 0.8 0.87 0.6 

MT-ND4L 0.16 0.16 0.25 0.78 0.79 0.57 0.7 0.2 

MT-ND4 0.75 0.71 0.68 0.53 0.41 0.82 0.82 0.85 

MT-ND5 0.18 0.072 0.096 0.34 0.12 0.62 0.38 0.28 

MT-ND6 0.38 0.26 0.45 0.78 0.79 0.71 0.53 0.55 

MT-CYB 0.54 0.53 0.51 0.24 0.36 0.5 0.79 0.52 

We perform cohort-specific association analyses between heteroplasmic mutations and sex. Meta-analysis was performed 

with Fisher’s method to combine the p-values. Burden, the original burden test; Burden-A, adaptive burden test; Burden-S, 

the z-score weighting burden test; Burden-V1, variable threshold burden test with minimum p; Burden-V2, variable threshold 

burden test with ACAT; SKAT, the sequence kernel association test; SKAT-O, the method combining the burden and SKAT; 

ACAT, the aggregated Cauchy association test combining the burden and SKAT. MT-RNR1/RNR2, the two ribosomal RNA 

genes in mitochondrial DNA; MT-ND1/ND2/ND3/ND4/ND4L/ND5/ND6, the mitochondrial NADH dehydrogenase, subunit 1, 2, 

3, 4, 4L, 5 and 6 genes; MT-CO1/CO2/CO3, the mitochondrial cytochrome c oxidase I, II, and III genes; MT-CYB, the 

mitochondrial cytochrome b gene; MT-APT6/ATP8, the mitochondrial ATP synthase 6 and 8 genes.
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Supplementary Table 2.23 Association analyses between heteroplasmic 

variants of 16 mitochondrial genes/regions and sex for coding definition 1 from 

the fixed-effect meta-analysis for participants of European American ancestry 

Gene/region BETA SE 95% LCL 95% UCL P 

D-loop -0.00031 0.019 -0.038 0.037 0.99 

MT-RNR1 0.039 0.073 -0.1 0.18 0.6 

MT-RNR2 0.047 0.058 -0.067 0.16 0.42 

MT-ND1 -0.075 0.089 -0.25 0.099 0.4 

MT-ND2 -0.12 0.076 -0.27 0.025 0.1 

MT-CO1 0.028 0.062 -0.093 0.15 0.65 

MT-CO2 0.16 0.1 -0.041 0.36 0.12 

MT-ATP8 -0.14 0.18 -0.5 0.22 0.46 

MT-ATP6 -0.0058 0.091 -0.19 0.17 0.95 

MT-CO3 -0.047 0.091 -0.23 0.13 0.6 

MT-ND3 0.072 0.14 -0.2 0.35 0.6 

MT-ND4L 0.2 0.17 -0.13 0.54 0.24 

MT-ND4 -0.036 0.061 -0.16 0.084 0.56 

MT-ND5 0.047 0.044 -0.039 0.13 0.28 

MT-ND6 -0.096 0.11 -0.3 0.11 0.37 

MT-CYB 0.054 0.055 -0.053 0.16 0.33 

We perform cohort-specific association analyses between heteroplasmic mutations and 

sex. Meta-analysis was performed with the fixed-effects inverse variance method. MT-

RNR1/RNR2, the two ribosomal RNA genes in mitochondrial DNA; MT-

ND1/ND2/ND3/ND4/ND4L/ND5/ND6, the mitochondrial NADH dehydrogenase, subunit 

1, 2, 3, 4, 4L, 5 and 6 genes; MT-CO1/CO2/CO3, the mitochondrial cytochrome c 

oxidase I, II, and III genes; MT-CYB, the mitochondrial cytochrome b gene; MT-

APT6/ATP8, the mitochondrial ATP synthase 6 and 8 genes. 
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Supplementary Table 2.24 Association analyses between heteroplasmic 

variants of 16 mitochondrial genes/regions and sex for coding definition 2 from 

the fixed-effect meta-analysis for participants of European American ancestry 

Gene/region BETA SE 95% LCL 95% UCL P 

D-loop 0.00034 0.00081 -0.0012 0.0019 0.67 

MT-RNR1 0.002 0.0016 -0.0012 0.0052 0.23 

MT-RNR2 0.0016 0.0013 -0.0011 0.0042 0.24 

MT-ND1 -0.00076 0.0019 -0.0045 0.003 0.69 

MT-ND2 -0.0023 0.0018 -0.0057 0.0012 0.19 

MT-CO1 0.0019 0.0014 -0.00075 0.0046 0.16 

MT-CO2 0.0043 0.0023 -0.00012 0.0087 0.057 

MT-ATP8 -0.003 0.0037 -0.01 0.0044 0.43 

MT-ATP6 0.00029 0.002 -0.0036 0.0042 0.89 

MT-CO3 5.00E-06 0.002 -0.0039 0.0039 1 

MT-ND3 0.0029 0.0034 -0.0038 0.0096 0.39 

MT-ND4L 0.0051 0.0036 -0.0018 0.012 0.15 

MT-ND4 0.00068 0.0016 -0.0024 0.0037 0.66 

MT-ND5 0.0018 0.0012 -0.00049 0.004 0.12 

MT-ND6 0.00073 0.0024 -0.004 0.0055 0.76 

MT-CYB 0.0023 0.0014 -0.00053 0.0051 0.11 

We perform cohort-specific association analyses between heteroplasmic mutations and 

sex. Meta-analysis was performed with the fixed-effects inverse variance method. MT-

RNR1/RNR2, the two ribosomal RNA genes in mitochondrial DNA; MT-

ND1/ND2/ND3/ND4/ND4L/ND5/ND6, the mitochondrial NADH dehydrogenase, subunit 

1, 2, 3, 4, 4L, 5 and 6 genes; MT-CO1/CO2/CO3, the mitochondrial cytochrome c 

oxidase I, II, and III genes; MT-CYB, the mitochondrial cytochrome b gene; MT-

APT6/ATP8, the mitochondrial ATP synthase 6 and 8 genes.
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Supplementary Table 2.25 Association analyses between heteroplasmic variants of 16 mitochondrial 

genes/regions and sex for coding definition 1 from Fisher’s method meta-analysis for all participants 

mtDNA  
region 

P-values 

Burden Burden-A Burden-S Burden-V1 Burden-V2 SKAT SKAT-O ACAT 

D-loop 0.62 0.5 0.47 0.32 0.36 0.3 0.49 0.53 

MT-RNR1 0.5 0.48 0.15 0.28 0.64 0.74 0.73 0.69 

MT-RNR2 0.74 0.74 0.49 0.53 0.75 0.31 0.54 0.57 

MT-ND1 0.91 0.91 0.47 0.33 0.36 0.57 0.83 0.86 

MT-ND2 0.45 0.59 0.45 0.085 0.14 0.78 0.65 0.59 

MT-CO1 0.14 0.13 0.15 0.0062 0.22 0.075 0.062 0.059 

MT-CO2 0.018 0.016 0.0083 0.064 0.054 0.31 0.04 0.042 

MT-ATP8 0.82 0.86 0.41 0.51 0.47 0.65 0.92 0.78 

MT-ATP6 0.066 0.064 0.11 0.17 0.19 0.5 0.099 0.097 

MT-CO3 0.95 0.95 0.45 0.75 0.78 0.35 0.68 0.62 

MT-ND3 0.13 0.095 0.047 0.56 0.55 0.38 0.19 0.24 

MT-ND4L 0.56 0.54 0.53 0.71 0.7 0.39 0.46 0.45 

MT-ND4 0.24 0.33 0.11 0.31 0.37 0.51 0.45 0.4 

MT-ND5 0.0062 0.0012 0.0021 0.11 0.25 0.074 0.047 0.015 

MT-ND6 0.96 0.96 0.95 0.84 0.83 0.67 0.89 0.94 

MT-CYB 0.67 0.67 0.43 0.16 0.091 0.24 0.62 0.5 

We perform cohort-specific association analyses between heteroplasmic mutations and age. Meta-analysis was performed 

with Fisher’s method to combine the p-values in all participants. Burden, the original burden test; Burden-A, adaptive burden 

test; Burden-S, the z-score weighting burden test; Burden-V1, variable threshold burden test with minimum p; Burden-V2, 

variable threshold burden test with ACAT; SKAT, the sequence kernel association test; SKAT-O, the method combining the 

burden and SKAT; ACAT, the aggregated Cauchy association test combining the burden and SKAT. MT-RNR1/RNR2, the 

two ribosomal RNA genes in mitochondrial DNA; MT-ND1/ND2/ND3/ND4/ND4L/ND5/ND6, the mitochondrial NADH 

dehydrogenase, subunit 1, 2, 3, 4, 4L, 5 and 6 genes; MT-CO1/CO2/CO3, the mitochondrial cytochrome c oxidase I, II, and III 

genes; MT-CYB, the mitochondrial cytochrome b gene; MT-APT6/ATP8, the mitochondrial ATP synthase 6 and 8 genes.
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Supplementary Table 2.26 Association analyses between heteroplasmic variants of 16 mitochondrial 

genes/regions and sex for coding definition 2 from Fisher’s method meta-analysis for all participants 

mtDNA  
region 

P-values 

Burden Burden-A Burden-S Burden-V1 Burden-V2 SKAT SKAT-O ACAT 

D-loop 0.22 0.14 0.15 0.17 0.8 0.38 0.19 0.26 

MT-RNR1 0.31 0.3 0.16 0.059 0.53 0.57 0.25 0.46 

MT-RNR2 0.34 0.35 0.24 0.34 0.54 0.36 0.38 0.38 

MT-ND1 0.95 0.96 0.7 0.32 0.35 0.69 0.85 0.91 

MT-ND2 0.49 0.55 0.44 0.11 0.12 0.74 0.86 0.67 

MT-CO1 0.36 0.37 0.39 0.033 0.37 0.55 0.55 0.44 

MT-CO2 0.0039 0.0035 0.0026 0.043 0.042 0.4 0.026 0.015 

MT-ATP8 0.92 0.93 0.71 0.45 0.44 0.7 0.85 0.85 

MT-ATP6 0.018 0.017 0.038 0.1 0.093 0.44 0.026 0.038 

MT-CO3 0.97 0.97 0.81 0.77 0.77 0.76 0.9 0.93 

MT-ND3 0.19 0.2 0.14 0.77 0.73 0.71 0.19 0.37 

MT-ND4L 0.34 0.32 0.49 0.7 0.71 0.63 0.94 0.4 

MT-ND4 0.31 0.35 0.16 0.19 0.17 0.68 0.88 0.49 

MT-ND5 0.0025 0.0012 0.0035 0.11 0.00016 0.15 0.059 0.0056 

MT-ND6 0.74 0.61 0.68 0.8 0.82 0.72 0.76 0.86 

MT-CYB 0.53 0.54 0.39 0.19 0.22 0.48 0.69 0.54 

We perform cohort-specific association analyses between heteroplasmic mutations and age. Meta-analysis was performed 

with Fisher’s method to combine the p-values. Burden, the original burden test; Burden-A, adaptive burden test; Burden-S, 

the z-score weighting burden test; Burden-V1, variable threshold burden test with minimum p; Burden-V2, variable threshold 

burden test with ACAT; SKAT, the sequence kernel association test; SKAT-O, the method combining the burden and SKAT; 

ACAT, the aggregated Cauchy association test combining the burden and SKAT. MT-RNR1/RNR2, the two ribosomal RNA 

genes in mitochondrial DNA; MT-ND1/ND2/ND3/ND4/ND4L/ND5/ND6, the mitochondrial NADH dehydrogenase, subunit 1, 2, 

3, 4, 4L, 5 and 6 genes; MT-CO1/CO2/CO3, the mitochondrial cytochrome c oxidase I, II, and III genes; MT-CYB, the 

mitochondrial cytochrome b gene; MT-APT6/ATP8, the mitochondrial ATP synthase 6 and 8 genes.
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Supplementary Table 2.27 Association analyses between heteroplasmic 

variants of 16 mitochondrial genes/regions and sex for coding definition 1 from 

the fixed-effect meta-analysis of all participants 

Gene/region BETA SE 95% LCL 95% UCL P 

D-loop 0.014 0.015 -0.016 0.043 0.36 

MT-RNR1 0.078 0.055 -0.031 0.19 0.16 

MT-RNR2 0.055 0.044 -0.031 0.14 0.21 

MT-ND1 0.017 0.06 -0.1 0.13 0.77 

MT-ND2 -0.076 0.063 -0.2 0.047 0.23 

MT-CO1 0.076 0.043 -0.009 0.16 0.08 

MT-CO2 0.17 0.074 0.024 0.31 0.022 

MT-ATP8 -0.039 0.13 -0.3 0.22 0.77 

MT-ATP6 0.066 0.07 -0.072 0.2 0.35 

MT-CO3 -0.026 0.073 -0.17 0.12 0.72 

MT-ND3 0.22 0.11 0.0049 0.43 0.045 

MT-ND4L 0.15 0.13 -0.11 0.41 0.25 

MT-ND4 0.01 0.049 -0.085 0.11 0.83 

MT-ND5 0.083 0.031 0.021 0.14 0.0086 

MT-ND6 -0.065 0.084 -0.23 0.099 0.44 

MT-CYB 0.071 0.044 -0.015 0.16 0.11 

We perform cohort-specific association analyses between heteroplasmic mutations and 

age. Meta-analysis was performed with the fixed-effects inverse variance method. MT-

RNR1/RNR2, the two ribosomal RNA genes in mitochondrial DNA; MT-

ND1/ND2/ND3/ND4/ND4L/ND5/ND6, the mitochondrial NADH dehydrogenase, subunit 

1, 2, 3, 4, 4L, 5 and 6 genes; MT-CO1/CO2/CO3, the mitochondrial cytochrome c 

oxidase I, II, and III genes; MT-CYB, the mitochondrial cytochrome b gene; MT-

APT6/ATP8, the mitochondrial ATP synthase 6 and 8 genes.
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Supplementary Table 2.28 Association analyses between heteroplasmic 

variants of 16 mitochondrial genes/regions and sex for coding definition 2 from 

the fixed-effect meta-analysis of all participants 

Gene/region BETA SE 95% LCL 95% UCL P 

D-loop 0.0012 0.00067 -0.00014 0.0025 0.081 

MT-RNR1 0.0029 0.0014 5.50E-05 0.0057 0.046 

MT-RNR2 0.002 0.0011 -0.00023 0.0042 0.08 

MT-ND1 4.00E-04 0.0015 -0.0026 0.0034 0.79 

MT-ND2 -0.0016 0.0015 -0.0046 0.0014 0.29 

MT-CO1 0.0019 0.0011 -0.00027 0.0041 0.086 

MT-CO2 0.0054 0.0019 0.0017 0.0092 0.0046 

MT-ATP8 -0.0015 0.0031 -0.0075 0.0046 0.64 

MT-ATP6 0.0027 0.0017 -0.00056 0.006 0.1 

MT-CO3 -0.00044 0.0017 -0.0037 0.0029 0.79 

MT-ND3 0.005 0.0028 -0.00055 0.011 0.077 

MT-ND4L 0.0036 0.0032 -0.0027 0.0099 0.26 

MT-ND4 0.0015 0.0014 -0.0012 0.0042 0.26 

MT-ND5 0.0031 0.00096 0.0012 0.005 0.0013 

MT-ND6 0.00027 0.0021 -0.0038 0.0043 0.89 

MT-CYB 0.0026 0.0012 0.00033 0.005 0.025 

We perform cohort-specific association analyses between heteroplasmic mutations and 

age. Meta-analysis was performed with the fixed-effects inverse variance method. MT-

RNR1/RNR2, the two ribosomal RNA genes in mitochondrial DNA; MT-

ND1/ND2/ND3/ND4/ND4L/ND5/ND6, the mitochondrial NADH dehydrogenase, subunit 

1, 2, 3, 4, 4L, 5 and 6 genes; MT-CO1/CO2/CO3, the mitochondrial cytochrome c 

oxidase I, II, and III genes; MT-CYB, the mitochondrial cytochrome b gene; MT-

APT6/ATP8, the mitochondrial ATP synthase 6 and 8 genes.
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A.2 Supplementary Figures 

A. 

 

B. 

 

Supplementary Figure 2.1 Simulation study: power comparisons of six 

aggregate unit tests and two omnibus tests with a continuous trait and a binary 

trait for coding definition 2 (adjusted for empirical type I error rate). Power 

estimation was performed for a continuous trait (A) and a binary trait (B) at 

α=0.001 with simulation data. Heteroplasmic mutations are defined by definition 

2. We considered that 5%, 25%, 50%, or, 80% of the nonsynonymous 

heteroplasmic variants in the CYB gene are causal and consider that 50%, 80%, 

and 100% of the causal heteroplasmic mutations have effects with the same 

directionality. The variance that is explained by causal mutations is set to be 1% 

for the continuous trait and 2% for the binary trait. Burden, original burden test; 

Burden-A, adaptive burden test; Burden-S, z-score weighting burden test; 

Burden-V1, variable threshold burden test with minimum p-value; Burden-V2, 

variable threshold burden test with ACAT p-value combination method; SKAT, 

sequence kernel association test; SKAT-O, sequence kernel association test-

optimal test; ACAT, aggregated Cauchy association test combining burden and 

SKAT. We simulated 50,000 replicates for evaluating power. 
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A. 

 

B. 

 

Supplementary Figure 2.2 Simulation-based power comparisons of six 

aggregate unit tests and two omnibus tests with a continuous and a binary trait 

for coding definition 1 (unadjusted for empirical type I error rate). Power 

estimation for a continuous trait (A) and a binary trait (B) at α=0.001. 

Heteroplasmic variants are defined by an indicator function (definition 1). In 

simulations, we consider 5%, 25%, 50%, or 80% of the nonsynonymous 

heteroplasmic variants in the CYB gene to be causal and consider that 50%, 

80%, and 100% of the causal heteroplasmic variants have effects with the same 

directionality. The variance that is explained by causal mutations is set to be 1% 

for the continuous trait and 2% for the binary trait. Burden, original burden test; 

Burden-A, adaptive burden test; Burden-S, z-score weighting burden test; 

Burden-V1, variable threshold burden test with minimum p-value; Burden-V2, 

variable threshold burden test with ACAT p-value combination method; SKAT, 

sequence kernel association test; SKAT-O, sequence kernel association test-

optimal test; ACAT, aggregated Cauchy association test combining burden and 

SKAT. We simulated 50,000 replicates for evaluating the power.
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A. 

 

B. 

 

Supplementary Figure 2.3 Simulation study: power comparisons of six 

aggregate unit tests and two omnibus tests with a continuous trait and a binary 

trait for coding definition 2 (unadjusted for empirical type I error rate). Power 

estimation was performed for a continuous trait (A) and a binary trait (B) at 

α=0.001 with simulation data. Heteroplasmic mutations are defined by definition 

2. We considered that 5%, 25%, 50%, or, 80% of the nonsynonymous 

heteroplasmic variants in the CYB gene are causal and consider that 50%, 80%, 

and 100% of the causal heteroplasmic mutations have effects with the same 

directionality. The variance that is explained by causal mutations is set to be 1% 

for the continuous trait and 2% for the binary trait. Burden, original burden test; 

Burden-A, adaptive burden test; Burden-S, z-score weighting burden test; 

Burden-V1, variable threshold burden test with minimum p-value; Burden-V2, 

variable threshold burden test with ACAT p-value combination method; SKAT, 

sequence kernel association test; SKAT-O, sequence kernel association test-

optimal test; ACAT, aggregated Cauchy association test combining burden and 

SKAT. We simulated 50,000 replicates for evaluating power. 
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Supplementary Figure 2.4 The proportion of heteroplasmic variants in each of 

the 15 genes and D-loop region
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Supplementary Figure 2.5 Comparison of standardized beta coefficients of 

simple burden test of coding definition 1 with/o cell count variables in 

Framingham Heart Study (FHS) and Jackson Heart Study (JHS). We 

investigated whether adjusting for cell count and compositions affect the 

association of heteroplasmic burden in the 16 genes/regions and age in the 

same participants in the FHS (n = 2551) and JHS (n=2737). 
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Supplementary Figure 2.6 Simulation study: power comparisons at beta (MAFH, 

1, 1) and beta (MAFH, 1, 25). Power estimation was performed for a continuous 

trait at α=0.001 with simulation data. Heteroplasmic mutations are defined by 

definition 1. We considered that 25% of the nonsynonymous heteroplasmic 

variants in the CYB gene are causal and considered that 100% of the causal 

heteroplasmic mutations have effects with the same directionality. The variance 

that is explained by causal mutations is set to be 1%. Burden (1,1), the original 

burden test with weights of beta (MAFH, 1, 1); Burden(1,25), the original burden 

test with weights of beta (MAFH, 1, 25); SKAT(1,1), sequence kernel association 

test with weights of beta (MAFH, 1, 1); SKAT (1,25), sequence kernel association 

test with weights of beta (MAFH, 1, 25). We simulate 50,000 replicates for evaluating 

type I error. 

 

 

 



138 

 

APPENDIX B: SUPPLEMENTARY MATERIALS FOR CHAPTER 3 

B.1 Supplementary Tables 

Supplementary Table 3.1 MSE of estimated clusters' means for a continuous 

trait with the presence of LD in simulation studies 

 

 

 

 

 

 

 

 

Scenario N=5000 N=15000 N=25000 

Scenario 1 0.0102 0.00429 0.00225 

Scenario 2 0.0118 0.00226 7.00E-04 

Scenario 3 0.014 0.00446 0.0022 

Scenario 4 0.0148 0.00557 0.00268 

Scenario 5 0.00405 0.00282 0.00177 

Scenario 6 0.0061 0.00042 0.000116 
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Supplementary Table 3.2 Accuracy of number of clusters specification for a 

continuous trait with the absence of LD in simulation studies 

Scenario N=5000 N=15000 N=25000 

Scenario 1 0.132 0.911 0.98 

Scenario 2 0.99 0.995 0.991 

Scenario 3 0.093 0.994 0.995 

Scenario 4 0.001 0.691 0.993 

Scenario 5 0.737 0.895 0.935 

Scenario 6 0.788 0.91 0.954 

 

 

 

 

 

 

 

 

 

 

 



140 

 

Supplementary Table 3.3 Accuracy of number of clusters specification for a 

continuous trait with the presence of LD in simulation studies 

Scenario N=5000 N=15000 N=25000 

Scenario 1 0.034 0.715 0.946 

Scenario 2 0.995 0.992 0.993 

Scenario 3 0.031 0.965 0.995 

Scenario 4 0 0.596 0.977 

Scenario 5 0.585 0.828 0.874 

Scenario 6 0.789 0.906 0.934 

 

 

 

 

 

 

 

 

 

 



141 

 

Supplementary Table 3.4 Accuracy of number of clusters specification for a 

binary trait with the absence of LD in simulation studies 

Scenario N=5000 N=15000 N=25000 

Scenario 1 0.004 0.258 0.711 

Scenario 2 0.56 0.997 0.998 

Scenario 3 0.003 0.152 0.77 

Scenario 4 0 0 0.057 

Scenario 5 0.476 0.761 0.842 

Scenario 6 0.737 0.792 0.86 
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Supplementary Table 3.5 Accuracy of number of clusters specification for a 

binary trait with the presence of LD in simulation studies 

Scenario N=5000 N=15000 N=25000 

Scenario 1 0.002 0.069 0.292 

Scenario 2 0.47 0.99 0.996 

Scenario 3 0 0.078 0.567 

Scenario 4 0 0.001 0.038 

Scenario 5 0.424 0.647 0.766 

Scenario 6 0.748 0.784 0.854 
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Supplementary Table 3.6 Summary of associations between genes and blood pressure traits in real data analysis 

 Chr Start pos End pos 
Number of 

rare variants 

P-value 

SBP DBP PP 

CEP120 5 122682248 122758665 21 - - 8.25E-31 

COL21A1 6 55923968 56047400 26 - - 2.3E-29 

DBH 9 136501569 136523555 29 8.85E-22 1.77E-32 - 

NOX4 11 89069094 89224387 9 - - 1.85E-23 

NPR1 1 153652129 153665650 13 2.72E-10 - - 

PLCB3 11 64021930 64034975 15 4.97E-13 4.27E-10 - 
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Supplementary Table 3.7 Summary of clustering results for rare variants within signal genes of DBP 

Gene Chr Start (bp) End (bp) # variants # clusters mu phi 
# variants 
of clusters 

P-value 
_ANOVA 

P-value 

MWU 

DBH 9 136501569 136523555 27 2 0/-0.0927 0.786/0.214 22/5 9.97e-07 0.0391 

PLCB3 11 64021930 64034975 18 2 0/0.0473 0.69/0.31 14/4 0.000166 0.626 
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Supplementary Table 3.8 Summary of clustering results for rare variants within signal genes of PP 

Gene Chr Start (bp) End (bp) 
# 

variants 

# 
clusters 

mu phi 
# variants 
of clusters 

P-value 
_ANOVA 

P-value 

MWU 

CEP120 5 122682248 122758665 21 2 0/-0.0435 0.673/0.327 18/3 9.98e-08 0.196 

COL21A1 6 55923968 56047400 24 3 0/0.335/0.171 0.761/0.0493/0.19 19/1/4 1.14e-09 0.312 

NOX4 11 89069094 89224387 10 2 0/-0.0962 0.605/0.395 7/3 0.00125 0.937 
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Supplementary Table 3.9 Summary of clustering results for rare variants within signal genes of HTN 

Gene Chr Start (bp) End (bp) 
# 

variants 

# 

clusters 
mu phi 

# variants 
of clusters 

P-value 
_ANOVA 

P-value 

MWU 

DBH 9 136501569 136523555 29 2 0/-2.612 0.712/0.288 21/8 2.15e-07 0.495 

NPR1 1 153652129 153665650 12 3 0/-2.053/4.334 0.667/0.253/0.079 8/3/1 0.000282 0.461 

PLCB3 11 64021930 64034975 18 2 0/4.808 0.887/0.113 16/2 1.27e-05 0.433 
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Supplementary Table 3.10 Clustering results of rare variants within the combined signal region of SBP 

rsID Chr Position 
Major 
allele 

Minor 
allele 

MAF Effect SE P-value 
Cluster 

membership 
Cluster 
mean 

rs76856960 9 136501569 g a 0.0046 0.00322 0.0138 0.8151 1 0 

rs143544421 9 136501599 g a 5e-04 0.123 0.156 0.4303 1 0 

rs78445536 9 136501746 g a 5e-04 -0.0666 0.0572 0.2443 1 0 

rs146922432 9 136501768 g a 3e-04 -0.0174 0.144 0.9042 1 0 

rs76819676 9 136507375 g a 2e-04 -0.0232 0.111 0.8347 1 0 

rs200430427 9 136507456 c t 4e-04 -0.0581 0.154 0.706 1 0 

rs143535251 9 136507474 c t 0.0013 0.0197 0.0248 0.4267 1 0 

rs200628504 9 136507528 c t 4e-04 0.0516 0.128 0.6857 1 0 

rs5321 9 136507559 g c 5e-04 0.0625 0.069 0.3652 1 0 

rs199734841 9 136507586 g c 4e-04 -0.176 0.2 0.3791 1 0 

rs13306301 9 136508640 g a 1e-04 -0.549 0.282 0.05178 1 0 

rs5324 9 136508658 g a 6e-04 -0.0219 0.0384 0.5682 1 0 

rs145655199 9 136508682 g a 0.001 -0.0173 0.18 0.9233 1 0 

rs201681337 9 136508691 g a 0.002 0.0305 0.0754 0.6864 1 0 

rs75215331 9 136513028 c t 0.0034 0.0146 0.0168 0.3834 1 0 

rs41316996 9 136521654 g a 0.0032 0.019 0.0145 0.1918 1 0 

rs144040856 9 136521738 g a 3e-04 -0.0756 0.135 0.5758 1 0 

rs141021210 9 136521751 a g 0 -0.131 0.997 0.8956 1 0 

rs201973877 9 136522317 t c 0.0003 -0.0251 0.0565 0.6566 1 0 

rs75512464 9 136523487 a t 0.002 -0.0264 0.0236 0.2621 1 0 

rs76316834 9 136523555 g a 4e-04 0.0484 0.13 0.709 1 0 

rs56019647 1 153652129 c t 1e-04 -0.113 0.165 0.4947 1 0 

rs28730726 1 153653757 g c 0.0016 -0.0175 0.0432 0.6842 1 0 

rs199612927 1 153654234 g a 2e-04 0.0688 0.0871 0.4298 1 0 

rs140425746 1 153655966 g a 2e-04 -0.0333 0.154 0.8287 1 0 

rs201746049 1 153656216 a g 0.0003 -0.033 0.195 0.8658 1 0 

rs115938602 1 153656228 c a 0 -0.139 0.29 0.6323 1 0 

rs149202797 1 153658306 c a 2e-04 -0.0203 0.136 0.8808 1 0 

rs116775696 1 153659550 a g 0 -0.333 0.458 0.4672 1 0 
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rs139174442 1 153660154 c g 10.0e-05 0.297 0.35 0.3973 1 0 

rs201787421 1 153660625 g a 2e-04 -0.68 0.316 0.0312 1 0 

rs200996360 11 640253 c g 0.0003 -0.03 0.0527 0.5689 1 0 

rs111961110 11 64021930 a g 0.0003 -0.14 0.207 0.4974 1 0 

rs144191345 11 64022785 c t 2e-04 -0.0212 0.108 0.8442 1 0 

rs199645363 11 64022873 c t 3e-04 0.0912 0.101 0.3668 1 0 

rs138400940 11 64022905 c t 1e-04 -0.381 0.576 0.5084 1 0 

rs188572550 11 64026357 g a 0 0.801 0.704 0.2551 1 0 

rs201842672 11 64027567 g t 0.0038 -0.0627 0.0711 0.3777 1 0 

rs200923408 11 64028916 g a 3e-04 -0.538 0.235 0.02196 1 0 

rs200263631 11 64031571 t c 0.0003 0.0847 0.0703 0.2283 1 0 

rs79573066 11 64032784 g a 0.0036 0.0262 0.0696 0.7066 1 0 

rs61757725 11 64033360 g t 0.009 0.0786 0.0599 0.1896 1 0 

rs148059922 11 64033391 g c 4e-04 -0.0149 0.131 0.9093 1 0 

rs201342752 11 64033986 c t 0.002 -0.0891 0.0706 0.2068 1 0 

rs141163685 11 64034734 g t 0.0031 0.249 0.113 0.02777 1 0 

rs113554478 11 64034975 g a 0.0011 0.00854 0.102 0.9333 1 0 

rs3025380 9 136501756 g c 0.0045 -0.0884 0.0119 1.096e-13 2 -0.0826 

rs74853476 9 136501834 t c 0.0021 -0.0774 0.0181 1.973e-05 2 -0.0826 

rs142383279 9 136507332 g a 0.0018 -0.0652 0.0194 0.0007811 2 -0.0826 

rs145059403 9 136507425 g a 0.001 -0.102 0.0261 9.144e-05 2 -0.0826 

rs148439785 9 136521726 g a 8e-04 -0.0595 0.0313 0.05706 2 -0.0826 

rs151228388 9 136522272 a g 0.0013 -0.317 0.102 0.001909 2 -0.0826 

rs61757359 1 153658297 g a 0.0034 -0.0819 0.014 4.487e-09 2 -0.0826 

rs61758562 1 153659131 g a 5e-04 -0.133 0.0495 0.007185 2 -0.0826 

rs116245325 1 153665650 c t 8e-04 0.166 0.0287 7.686e-09 3 0.0573 

rs117874826 11 64027666 a c 0.0138 0.0467 0.00729 1.535e-10 3 0.0573 

rs145502455 11 64031030 g a 0.0054 0.0723 0.0118 8.563e-10 3 0.0573 

rs142330950 11 64032945 g t 0.0021 0.0456 0.0182 0.01236 3 0.0573 
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Supplementary Table 3.11 Clustering results of rare variants within the combined signal region of DBP 

rsID Chr Position Major allele Minor allele MAF Effect SE P-value 
Cluster 

membership 
Cluster 
mean 

rs76856960 9 136501569 g a 0.0046 -0.00876 0.0138 0.5248 1 0 

rs143544421 9 136501599 g a 5e-04 0.0145 0.156 0.9262 1 0 

rs78445536 9 136501746 g a 5e-04 -0.0651 0.0572 0.255 1 0 

rs146922432 9 136501768 g a 3e-04 -0.125 0.144 0.3888 1 0 

rs76819676 9 136507375 g a 2e-04 0.0357 0.111 0.7477 1 0 

rs200430427 9 136507456 c t 4e-04 0.0385 0.154 0.8029 1 0 

rs143535251 9 136507474 c t 0.0013 0.00881 0.0248 0.7226 1 0 

rs200628504 9 136507528 c t 4e-04 -0.081 0.128 0.5253 1 0 

rs5321 9 136507559 g c 5e-04 0.0583 0.069 0.3984 1 0 

rs199734841 9 136507586 g c 4e-04 -0.225 0.2 0.2601 1 0 

rs13306301 9 136508640 g a 1e-04 -0.753 0.283 0.007722 1 0 

rs5324 9 136508658 g a 6e-04 -0.0431 0.0385 0.2625 1 0 

rs145655199 9 136508682 g a 0.001 0.129 0.18 0.473 1 0 

rs201681337 9 136508691 g a 0.002 0.0397 0.0755 0.5993 1 0 

rs75215331 9 136513028 c t 0.0034 0.00505 0.0168 0.7633 1 0 

rs41316996 9 136521654 g a 0.0032 0.00855 0.0146 0.557 1 0 

rs148439785 9 136521726 g a 8e-04 -0.0323 0.0313 0.3019 1 0 

rs144040856 9 136521738 g a 3e-04 -0.217 0.135 0.1089 1 0 

rs141021210 9 136521751 a g 0 -1.023 0.995 0.3037 1 0 

rs201973877 9 136522317 t c 0.0003 -0.0286 0.0566 0.6134 1 0 

rs75512464 9 136523487 a t 0.002 -0.025 0.0236 0.2893 1 0 

rs76316834 9 136523555 g a 4e-04 0.015 0.13 0.9078 1 0 

rs200996360 11 640253 c g 0.0003 0.0237 0.0528 0.653 1 0 

rs111961110 11 64021930 a g 0.0003 0.00639 0.207 0.9754 1 0 

rs144191345 11 64022785 c t 2e-04 0.0759 0.108 0.4822 1 0 

rs199645363 11 64022873 c t 3e-04 0.0863 0.101 0.3935 1 0 
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rs138400940 11 64022905 c t 1e-04 -0.858 0.576 0.1362 1 0 

rs188572550 11 64026357 g a 0 0.624 0.704 0.3759 1 0 

rs201842672 11 64027567 g t 0.0038 -0.0781 0.0711 0.2721 1 0 

rs200923408 11 64028916 g a 3e-04 -0.194 0.235 0.4077 1 0 

rs200263631 11 64031571 t c 0.0003 0.121 0.0704 0.08613 1 0 

rs79573066 11 64032784 g a 0.0036 0.0198 0.0697 0.7768 1 0 

rs61757725 11 64033360 g t 0.009 0.0537 0.06 0.3709 1 0 

rs148059922 11 64033391 g c 4e-04 -0.154 0.131 0.2409 1 0 

rs201342752 11 64033986 c t 0.002 -0.0181 0.0706 0.7979 1 0 

rs141163685 11 64034734 g t 0.0031 0.214 0.113 0.05838 1 0 

rs113554478 11 64034975 g a 0.0011 0.0951 0.102 0.3518 1 0 

rs3025380 9 136501756 g c 0.0045 -0.103 0.0119 4.287e-18 2 -0.0924 

rs74853476 9 136501834 t c 0.0021 -0.0954 0.0182 1.529e-07 2 -0.0924 

rs142383279 9 136507332 g a 0.0018 -0.0701 0.0194 0.0003159 2 -0.0924 

rs145059403 9 136507425 g a 0.001 -0.0829 0.0262 0.001551 2 -0.0924 

rs151228388 9 136522272 a g 0.0013 -0.226 0.102 0.02711 2 -0.0924 

rs117874826 11 64027666 a c 0.0138 0.041 0.00731 2.069e-08 3 0.0471 

rs145502455 11 64031030 g a 0.0054 0.0668 0.0118 1.619e-08 3 0.0471 

rs142330950 11 64032945 g t 0.0021 0.0367 0.0182 0.04445 3 0.0471 
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Supplementary Table 3.12 Clustering results of rare variants within the combined signal region of PP 

rsID Chr Position 
Major 
allele 

Minor 
allele 

MAF Effect SE P-value 
Cluster 

membership 
Cluster 
mean 

rs145436175 5 122682248 t c 0.0008 0.233 0.268 0.385 1 0 

rs140306974 5 122685717 g a 0.0011 0.0594 0.126 0.6367 1 0 

rs200061679 5 122685731 t a 0.0015 0.0692 0.0388 0.07491 1 0 

rs142792779 5 122708381 c t 3e-04 -0.0136 0.213 0.9492 1 0 

rs139865050 5 122713092 c g 0 -0.192 0.707 0.7861 1 0 

rs74938108 5 122713159 c t 0.0016 -0.0257 0.0905 0.7765 1 0 

rs201600892 5 122713191 c g 10.0e-05 0.0767 0.447 0.8637 1 0 

rs61744334 5 122714044 t c 0.0006 -0.0201 0.0684 0.7689 1 0 

rs144490830 5 122714104 g c 2e-04 0.37 0.179 0.03908 1 0 

rs147277049 5 122720724 t c 0.0006 -0.0181 0.036 0.6152 1 0 

rs200450605 5 122725693 g a 0.0017 0.016 0.0229 0.4841 1 0 

rs201571160 5 122725754 c g 0.0003 0.166 0.316 0.6004 1 0 

rs114281792 5 122725761 t c 0.0067 -0.00233 0.0098 0.8124 1 0 

rs61747983 5 122725768 g a 1e-04 0.0156 0.112 0.8895 1 0 

rs147273517 5 122748194 t c 10.0e-05 0.36 0.162 0.02599 1 0 

rs202103949 5 122748198 t c 0.0004 -0.029 0.121 0.8106 1 0 

rs199793672 5 122758665 t c 10.0e-05 -0.479 0.503 0.3404 1 0 

rs200478915 6 55923968 g c 8e-04 -0.0449 0.0323 0.1652 1 0 

rs200564236 6 55925008 g a 8e-04 -0.0212 0.162 0.8957 1 0 

rs199722485 6 55925588 t g 0.0005 -0.0128 0.106 0.9038 1 0 

rs200674177 6 55925689 g a 2e-04 -0.0981 0.189 0.6046 1 0 

rs201839603 6 55925762 a c 10.0e-05 0.0193 0.577 0.9733 1 0 

rs9464337 6 55925801 g t 0.0054 0.000204 0.0116 0.986 1 0 

rs201892311 6 55926464 g c 1e-04 0.426 0.707 0.547 1 0 

rs199910287 6 55935556 g a 6e-04 0.054 0.0445 0.2255 1 0 

rs191626317 6 55939059 g t 0.002 0.0424 0.102 0.6783 1 0 
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rs75605879 6 55966311 a g 10.0e-05 -0.147 0.107 0.169 1 0 

rs202115077 6 55988871 g t 0.002 0.00866 0.0186 0.6409 1 0 

rs201267383 6 56006611 t c 0.0003 -0.077 0.0817 0.3461 1 0 

rs35583895 6 56006732 a g 0.0081 0.00138 0.0479 0.9771 1 0 

rs200361985 6 56029264 g a 0.002 0.0616 0.0546 0.2593 1 0 

rs142653960 6 56035494 c t 4e-04 -0.0656 0.0525 0.2115 1 0 

rs199532612 6 56035853 a t 0.0017 -0.0186 0.0217 0.3925 1 0 

rs200708113 6 56035881 c t 5e-04 -0.0112 0.0509 0.8259 1 0 

rs202026963 6 56035909 g a 1e-04 0.0193 0.242 0.9364 1 0 

rs147394600 6 56047400 g a 1e-04 -0.159 0.164 0.331 1 0 

rs115031759 11 89073269 g a 1e-04 0.192 0.161 0.2323 1 0 

rs201165492 11 89106599 c t 1e-04 -0.274 0.576 0.6345 1 0 

rs149515506 11 89135492 a g 10.0e-05 0.428 0.706 0.5445 1 0 

rs147350656 11 89177310 c t 1e-04 -0.184 0.236 0.4375 1 0 

rs142433357 11 89182609 t c 10.0e-05 -1.231 0.707 0.08181 1 0 

rs55977241 11 89182652 c t 0.002 0.000803 0.109 0.9941 1 0 

rs145686545 11 89224387 c t 2e-04 0.162 0.202 0.4229 1 0 

rs2303720 5 122682334 c t 0.0291 -0.0418 0.00482 4.532e-18 2 -0.0438 

rs114280473 5 122714092 g a 0.0063 -0.0632 0.011 8.076e-09 2 -0.0438 

rs189429890 5 122729025 c t 0.0065 -0.0373 0.00999 0.0001886 2 -0.0438 

rs144215891 11 89069094 t c 0.0014 -0.0716 0.0302 0.01798 2 -0.0438 

rs139341533 11 89182666 c a 0.0043 -0.0905 0.0126 8.085e-13 3 -0.0968 

rs56061986 11 89182686 t c 0.0029 -0.113 0.0161 2.385e-12 3 -0.0968 

rs200999181 6 55935568 c a 0.0012 0.336 0.0244 3.471e-43 4 0.334 

rs201955087 5 122727015 c t 0.0013 0.274 0.106 0.009927 5 0.173 

rs115079907 6 55924005 c t 0.0015 0.207 0.0248 5.573e-17 5 0.173 

rs76146749 6 55925783 t a 7e-04 0.198 0.0782 0.01144 5 0.173 

rs200401514 6 55989091 c t 4e-04 0.124 0.0552 0.02532 5 0.173 

rs2764043 6 56035643 a g 0.0016 0.152 0.0203 7.82e-14 5 0.173 
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Supplementary Table 3.13 Clustering results of rare variants within the combined signal region of HTN 

rsID Chr Position Major allele Minor allele MAF Z value P-value 
Cluster 

membership 
Cluster 
mean 

rs76856960 9 136501569 g a 0.0035 -0.511 0.6096 1 0 

rs143544421 9 136501599 g a 2e-04 -0.526 0.5989 1 0 

rs78445536 9 136501746 g a 3e-04 0.234 0.815 1 0 

rs146922432 9 136501768 g a 1e-04 1.257 0.2089 1 0 

rs142383279 9 136507332 g a 0.002 -1.826 0.06781 1 0 

rs76819676 9 136507375 g a 1e-04 -0.787 0.4313 1 0 

rs143535251 9 136507474 c t 0.0014 0.397 0.6916 1 0 

rs200628504 9 136507528 c t 2e-04 -0.0675 0.9462 1 0 

rs5321 9 136507559 g c 2e-04 0.226 0.8212 1 0 

rs199734841 9 136507586 g c 2e-04 0.897 0.3697 1 0 

rs13306301 9 136508640 g a 0 -1.378 0.1683 1 0 

rs5324 9 136508658 g a 8e-04 -1.404 0.1604 1 0 

rs145655199 9 136508682 g a 3e-04 -1.247 0.2125 1 0 

rs201681337 9 136508691 g a 2e-04 1.109 0.2676 1 0 

rs75215331 9 136513028 c t 0.0025 -0.0818 0.9348 1 0 

rs41316996 9 136521654 g a 0.003 2.028 0.04261 1 0 

rs144040856 9 136521738 g a 1e-04 0.0598 0.9523 1 0 

rs141021210 9 136521751 a g 0 -0.665 0.5059 1 0 

rs201973877 9 136522317 t c 0.0002 -0.923 0.356 1 0 

rs75512464 9 136523487 a t 0.0014 -0.289 0.7723 1 0 

rs148806316 9 136523534 c t 0.0025 0.295 0.7679 1 0 

rs76316834 9 136523555 g a 2e-04 -0.39 0.6962 1 0 

rs56019647 1 153652129 c t 0 -0.727 0.4675 1 0 

rs199612927 1 153654234 g a 1e-04 0.468 0.6397 1 0 

rs140425746 1 153655966 g a 1e-04 -1.607 0.1081 1 0 

rs201746049 1 153656216 a g 10.0e-05 -1.254 0.21 1 0 

rs115938602 1 153656228 c a 0 -1.174 0.2405 1 0 

rs149202797 1 153658306 c a 1e-04 0.23 0.8182 1 0 
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rs61758562 1 153659131 g a 0.0011 -1.693 0.09054 1 0 

rs116775696 1 153659550 a g 0 0.641 0.5213 1 0 

rs139174442 1 153660154 c g 0 0.0493 0.9606 1 0 

rs201787421 1 153660625 g a 1e-04 -0.287 0.7739 1 0 

rs200996360 11 640253 c g 0.0003 -0.905 0.3653 1 0 

rs111961110 11 64021930 a g 10.0e-05 -0.917 0.3591 1 0 

rs144191345 11 64022785 c t 1e-04 0.259 0.7958 1 0 

rs199645363 11 64022873 c t 2e-04 -0.587 0.5575 1 0 

rs138400940 11 64022905 c t 1e-04 -1.28 0.2004 1 0 

rs188572550 11 64026357 g a 0 -0.324 0.7457 1 0 

rs201842672 11 64027567 g t 9e-04 -0.58 0.5616 1 0 

rs200923408 11 64028916 g a 1e-04 -0.496 0.6198 1 0 

rs200263631 11 64031571 t c 0.0002 1.033 0.3018 1 0 

rs79573066 11 64032784 g a 2e-04 0.665 0.5063 1 0 

rs142330950 11 64032945 g t 0.0021 2.175 0.02966 1 0 

rs61757725 11 64033360 g t 3e-04 0.427 0.6694 1 0 

rs148059922 11 64033391 g c 1e-04 1.308 0.1908 1 0 

rs201342752 11 64033986 c t 5e-04 1.223 0.2215 1 0 

rs141163685 11 64034734 g t 4e-04 0.867 0.3859 1 0 

rs113554478 11 64034975 g a 1e-04 0.708 0.4787 1 0 

rs77273740 9 136501728 c t 0.0042 -2.933 0.003353 2 -2.785 

rs3025380 9 136501756 g c 0.0045 -5.297 1.176e-07 2 -2.785 

rs74853476 9 136501834 t c 0.0022 -2.186 0.02885 2 -2.785 

rs145059403 9 136507425 g a 0.0012 -3.468 0.0005248 2 -2.785 

rs200430427 9 136507456 c t 1e-04 -2.306 0.02112 2 -2.785 

rs148439785 9 136521726 g a 0.0019 -2.196 0.02806 2 -2.785 

rs151228388 9 136522272 a g 0.0003 -2.399 0.01646 2 -2.785 

rs61757359 1 153658297 g a 0.0036 -3.719 2e-04 2 -2.785 

rs116245325 1 153665650 c t 8e-04 4.335 1.457e-05 3 4.646 

rs117874826 11 64027666 a c 0.0308 5.712 1.119e-08 3 4.646 

rs145502455 11 64031030 g a 0.0047 4.015 5.952e-05 3 4.646 
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Supplementary Table 3.14 Clustering results of rare variants within the DBH gene with SBP 

rsID Chr Position 
Major 
allele 

Minor 
allele 

MAF Effect SE P-value 
Cluster 

membership 
Cluster 
mean 

rs76856960 9 136501569 g a 0.0046 0.00322 0.0138 0.8151 1 0 

rs143544421 9 136501599 g a 5e-04 0.123 0.156 0.4303 1 0 

rs78445536 9 136501746 g a 5e-04 -0.0666 0.0572 0.2443 1 0 

rs146922432 9 136501768 g a 3e-04 -0.0174 0.144 0.9042 1 0 

rs76819676 9 136507375 g a 2e-04 -0.0232 0.111 0.8347 1 0 

rs200430427 9 136507456 c t 4e-04 -0.0581 0.154 0.706 1 0 

rs143535251 9 136507474 c t 0.0013 0.0197 0.0248 0.4267 1 0 

rs200628504 9 136507528 c t 4e-04 0.0516 0.128 0.6857 1 0 

rs5321 9 136507559 g c 5e-04 0.0625 0.069 0.3652 1 0 

rs199734841 9 136507586 g c 4e-04 -0.176 0.2 0.3791 1 0 

rs13306301 9 136508640 g a 1e-04 -0.549 0.282 0.05178 1 0 

rs5324 9 136508658 g a 6e-04 -0.0219 0.0384 0.5682 1 0 

rs145655199 9 136508682 g a 0.001 -0.0173 0.18 0.9233 1 0 

rs201681337 9 136508691 g a 0.002 0.0305 0.0754 0.6864 1 0 

rs75215331 9 136513028 c t 0.0034 0.0146 0.0168 0.3834 1 0 

rs41316996 9 136521654 g a 0.0032 0.019 0.0145 0.1918 1 0 

rs144040856 9 136521738 g a 3e-04 -0.0756 0.135 0.5758 1 0 

rs141021210 9 136521751 a g 0 -0.131 0.997 0.8956 1 0 

rs201973877 9 136522317 t c 0.0003 -0.0251 0.0565 0.6566 1 0 

rs75512464 9 136523487 a t 0.002 -0.0264 0.0236 0.2621 1 0 

rs76316834 9 136523555 g a 4e-04 0.0484 0.13 0.709 1 0 

rs3025380 9 136501756 g c 0.0045 -0.0884 0.0119 1.096e-13 2 -0.082 

rs74853476 9 136501834 t c 0.0021 -0.0774 0.0181 1.973e-05 2 -0.082 

rs142383279 9 136507332 g a 0.0018 -0.0652 0.0194 0.0007811 2 -0.082 

rs145059403 9 136507425 g a 0.001 -0.102 0.0261 9.144e-05 2 -0.082 

rs148439785 9 136521726 g a 8e-04 -0.0595 0.0313 0.05706 2 -0.082 

rs151228388 9 136522272 a g 0.0013 -0.317 0.102 0.001909 2 -0.082 
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Supplementary Table 3.15 Clustering results of rare variants within the NPR1 gene with SBP 

rsID Chr Position 
Major 
allele 

Minor 
allele 

MAF Effect SE P-value 
Cluster 

membership 
Cluster 
mean 

rs56019647 1 153652129 c t 1e-04 -0.113 0.165 0.4947 1 0 

rs28730726 1 153653757 g c 0.0016 -0.0175 0.0432 0.6842 1 0 

rs199612927 1 153654234 g a 2e-04 0.0688 0.0871 0.4298 1 0 

rs140425746 1 153655966 g a 2e-04 -0.0333 0.154 0.8287 1 0 

rs201746049 1 153656216 a g 0.0003 -0.033 0.195 0.8658 1 0 

rs115938602 1 153656228 c a 0 -0.139 0.29 0.6323 1 0 

rs149202797 1 153658306 c a 2e-04 -0.0203 0.136 0.8808 1 0 

rs116775696 1 153659550 a g 0 -0.333 0.458 0.4672 1 0 

rs139174442 1 153660154 c g 10.0e-05 0.297 0.35 0.3973 1 0 

rs201787421 1 153660625 g a 2e-04 -0.68 0.316 0.0312 1 0 

rs61757359 1 153658297 g a 0.0034 -0.0819 0.014 4.487e-09 2 -0.0846 

rs61758562 1 153659131 g a 5e-04 -0.133 0.0495 0.007185 2 -0.0846 

rs116245325 1 153665650 c t 8e-04 0.166 0.0287 7.686e-09 3 0.164 
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Supplementary Table 3.16 Clustering results of rare variants within the PLCB3 gene with SBP 

rsID Chr Position 
Major 
allele 

Minor 
allele 

MAF Effect SE P-value 
Cluster 

membership 
Cluster 
mean 

rs200996360 11 640253 c g 0.0003 -0.03 0.0527 0.5689 1 0 

rs111961110 11 64021930 a g 0.0003 -0.14 0.207 0.4974 1 0 

rs144191345 11 64022785 c t 2e-04 -0.0212 0.108 0.8442 1 0 

rs199645363 11 64022873 c t 3e-04 0.0912 0.101 0.3668 1 0 

rs138400940 11 64022905 c t 1e-04 -0.381 0.576 0.5084 1 0 

rs188572550 11 64026357 g a 0 0.801 0.704 0.2551 1 0 

rs201842672 11 64027567 g t 0.0038 -0.0627 0.0711 0.3777 1 0 

rs200923408 11 64028916 g a 3e-04 -0.538 0.235 0.02196 1 0 

rs200263631 11 64031571 t c 0.0003 0.0847 0.0703 0.2283 1 0 

rs79573066 11 64032784 g a 0.0036 0.0262 0.0696 0.7066 1 0 

rs61757725 11 64033360 g t 0.009 0.0786 0.0599 0.1896 1 0 

rs148059922 11 64033391 g c 4e-04 -0.0149 0.131 0.9093 1 0 

rs201342752 11 64033986 c t 0.002 -0.0891 0.0706 0.2068 1 0 

rs141163685 11 64034734 g t 0.0031 0.249 0.113 0.02777 1 0 

rs113554478 11 64034975 g a 0.0011 0.00854 0.102 0.9333 1 0 

rs117874826 11 64027666 a c 0.0138 0.0467 0.00729 1.535e-10 2 0.0529 

rs145502455 11 64031030 g a 0.0054 0.0723 0.0118 8.563e-10 2 0.0529 

rs142330950 11 64032945 g t 0.0021 0.0456 0.0182 0.01236 2 0.0529 
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Supplementary Table 3.17 Clustering results of rare variants within the DBH gene with DBP 

rsID Chr Position 
Major 
allele 

Minor 
allele 

MAF Effect SE P-value 
Cluster 

membership 
Cluster 
mean 

rs76856960 9 136501569 g a 0.0046 -0.00876 0.0138 0.5248 1 0 

rs143544421 9 136501599 g a 5e-04 0.0145 0.156 0.9262 1 0 

rs78445536 9 136501746 g a 5e-04 -0.0651 0.0572 0.255 1 0 

rs146922432 9 136501768 g a 3e-04 -0.125 0.144 0.3888 1 0 

rs76819676 9 136507375 g a 2e-04 0.0357 0.111 0.7477 1 0 

rs200430427 9 136507456 c t 4e-04 0.0385 0.154 0.8029 1 0 

rs143535251 9 136507474 c t 0.0013 0.00881 0.0248 0.7226 1 0 

rs200628504 9 136507528 c t 4e-04 -0.081 0.128 0.5253 1 0 

rs5321 9 136507559 g c 5e-04 0.0583 0.069 0.3984 1 0 

rs199734841 9 136507586 g c 4e-04 -0.225 0.2 0.2601 1 0 

rs13306301 9 136508640 g a 1e-04 -0.753 0.283 0.007722 1 0 

rs5324 9 136508658 g a 6e-04 -0.0431 0.0385 0.2625 1 0 

rs145655199 9 136508682 g a 0.001 0.129 0.18 0.473 1 0 

rs201681337 9 136508691 g a 0.002 0.0397 0.0755 0.5993 1 0 

rs75215331 9 136513028 c t 0.0034 0.00505 0.0168 0.7633 1 0 

rs41316996 9 136521654 g a 0.0032 0.00855 0.0146 0.557 1 0 

rs148439785 9 136521726 g a 8e-04 -0.0323 0.0313 0.3019 1 0 

rs144040856 9 136521738 g a 3e-04 -0.217 0.135 0.1089 1 0 

rs141021210 9 136521751 a g 0 -1.023 0.995 0.3037 1 0 

rs201973877 9 136522317 t c 0.0003 -0.0286 0.0566 0.6134 1 0 

rs75512464 9 136523487 a t 0.002 -0.025 0.0236 0.2893 1 0 

rs76316834 9 136523555 g a 4e-04 0.015 0.13 0.9078 1 0 

rs3025380 9 136501756 g c 0.0045 -0.103 0.0119 4.287e-18 2 -0.0927 

rs74853476 9 136501834 t c 0.0021 -0.0954 0.0182 1.529e-07 2 -0.0927 

rs142383279 9 136507332 g a 0.0018 -0.0701 0.0194 0.0003159 2 -0.0927 

rs145059403 9 136507425 g a 0.001 -0.0829 0.0262 0.001551 2 -0.0927 

rs151228388 9 136522272 a g 0.0013 -0.226 0.102 0.02711 2 -0.0927 
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Supplementary Table 3.18 Clustering results of rare variants within the PLCB3 gene with DBP 

rsID Chr Position 
Major 
allele 

Minor 
allele 

MAF Effect SE P-value 
Cluster 

membership 
Cluster 
mean 

rs200996360 11 640253 c g 0.0003 0.0237 0.0528 0.653 1 0 

rs111961110 11 64021930 a g 0.0003 0.00639 0.207 0.9754 1 0 

rs144191345 11 64022785 c t 2e-04 0.0759 0.108 0.4822 1 0 

rs199645363 11 64022873 c t 3e-04 0.0863 0.101 0.3935 1 0 

rs138400940 11 64022905 c t 1e-04 -0.858 0.576 0.1362 1 0 

rs188572550 11 64026357 g a 0 0.624 0.704 0.3759 1 0 

rs201842672 11 64027567 g t 0.0038 -0.0781 0.0711 0.2721 1 0 

rs200923408 11 64028916 g a 3e-04 -0.194 0.235 0.4077 1 0 

rs79573066 11 64032784 g a 0.0036 0.0198 0.0697 0.7768 1 0 

rs61757725 11 64033360 g t 0.009 0.0537 0.06 0.3709 1 0 

rs148059922 11 64033391 g c 4e-04 -0.154 0.131 0.2409 1 0 

rs201342752 11 64033986 c t 0.002 -0.0181 0.0706 0.7979 1 0 

rs141163685 11 64034734 g t 0.0031 0.214 0.113 0.05838 1 0 

rs113554478 11 64034975 g a 0.0011 0.0951 0.102 0.3518 1 0 

rs117874826 11 64027666 a c 0.0138 0.041 0.00731 2.069e-08 2 0.0473 

rs145502455 11 64031030 g a 0.0054 0.0668 0.0118 1.619e-08 2 0.0473 

rs200263631 11 64031571 t c 0.0003 0.121 0.0704 0.08613 2 0.0473 

rs142330950 11 64032945 g t 0.0021 0.0367 0.0182 0.04445 2 0.0473 
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Supplementary Table 3.19 Clustering results of rare variants within the CEP120 gene with PP 

rsID Chr Position 
Major 
allele 

Minor 
allele 

MAF Effect SE P-value 
Cluster 

membership 
Cluster 
mean 

rs145436175 5 122682248 t c 0.0008 0.233 0.268 0.385 1 0 

rs140306974 5 122685717 g a 0.0011 0.0594 0.126 0.6367 1 0 

rs200061679 5 122685731 t a 0.0015 0.0692 0.0388 0.07491 1 0 

rs142792779 5 122708381 c t 3e-04 -0.0136 0.213 0.9492 1 0 

rs139865050 5 122713092 c g 0 -0.192 0.707 0.7861 1 0 

rs74938108 5 122713159 c t 0.0016 -0.0257 0.0905 0.7765 1 0 

rs201600892 5 122713191 c g 10.0e-05 0.0767 0.447 0.8637 1 0 

rs61744334 5 122714044 t c 0.0006 -0.0201 0.0684 0.7689 1 0 

rs144490830 5 122714104 g c 2e-04 0.37 0.179 0.03908 1 0 

rs147277049 5 122720724 t c 0.0006 -0.0181 0.036 0.6152 1 0 

rs200450605 5 122725693 g a 0.0017 0.016 0.0229 0.4841 1 0 

rs201571160 5 122725754 c g 0.0003 0.166 0.316 0.6004 1 0 

rs114281792 5 122725761 t c 0.0067 -0.00233 0.0098 0.8124 1 0 

rs61747983 5 122725768 g a 1e-04 0.0156 0.112 0.8895 1 0 

rs201955087 5 122727015 c t 0.0013 0.274 0.106 0.009927 1 0 

rs147273517 5 122748194 t c 10.0e-05 0.36 0.162 0.02599 1 0 

rs202103949 5 122748198 t c 0.0004 -0.029 0.121 0.8106 1 0 

rs199793672 5 122758665 t c 10.0e-05 -0.479 0.503 0.3404 1 0 

rs2303720 5 122682334 c t 0.0291 -0.0418 0.00482 4.532e-18 2 -0.0435 

rs114280473 5 122714092 g a 0.0063 -0.0632 0.011 8.076e-09 2 -0.0435 

rs189429890 5 122729025 c t 0.0065 -0.0373 0.00999 0.0001886 2 -0.0435 
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Supplementary Table 3.20 Clustering results of rare variants within COL21A1 gene with PP 

rsID Chr Position 
Major 
allele 

Minor 
allele 

MAF Effect SE P-value 
Cluster 

membership 
Cluster 
mean 

rs200478915 6 55923968 g c 8e-04 -0.0449 0.0323 0.1652 1 0 

rs200564236 6 55925008 g a 8e-04 -0.0212 0.162 0.8957 1 0 

rs199722485 6 55925588 t g 0.0005 -0.0128 0.106 0.9038 1 0 

rs200674177 6 55925689 g a 2e-04 -0.0981 0.189 0.6046 1 0 

rs201839603 6 55925762 a c 10.0e-05 0.0193 0.577 0.9733 1 0 

rs9464337 6 55925801 g t 0.0054 0.000204 0.0116 0.986 1 0 

rs201892311 6 55926464 g c 1e-04 0.426 0.707 0.547 1 0 

rs199910287 6 55935556 g a 6e-04 0.054 0.0445 0.2255 1 0 

rs191626317 6 55939059 g t 0.002 0.0424 0.102 0.6783 1 0 

rs75605879 6 55966311 a g 10.0e-05 -0.147 0.107 0.169 1 0 

rs202115077 6 55988871 g t 0.002 0.00866 0.0186 0.6409 1 0 

rs201267383 6 56006611 t c 0.0003 -0.077 0.0817 0.3461 1 0 

rs35583895 6 56006732 a g 0.0081 0.00138 0.0479 0.9771 1 0 

rs200361985 6 56029264 g a 0.002 0.0616 0.0546 0.2593 1 0 

rs142653960 6 56035494 c t 4e-04 -0.0656 0.0525 0.2115 1 0 

rs199532612 6 56035853 a t 0.0017 -0.0186 0.0217 0.3925 1 0 

rs200708113 6 56035881 c t 5e-04 -0.0112 0.0509 0.8259 1 0 

rs202026963 6 56035909 g a 1e-04 0.0193 0.242 0.9364 1 0 

rs147394600 6 56047400 g a 1e-04 -0.159 0.164 0.331 1 0 

rs200999181 6 55935568 c a 0.0012 0.336 0.0244 3.471e-43 2 0.335 

rs115079907 6 55924005 c t 0.0015 0.207 0.0248 5.573e-17 3 0.171 

rs76146749 6 55925783 t a 7e-04 0.198 0.0782 0.01144 3 0.171 

rs200401514 6 55989091 c t 4e-04 0.124 0.0552 0.02532 3 0.171 

rs2764043 6 56035643 a g 0.0016 0.152 0.0203 7.82e-14 3 0.171 
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Supplementary Table 3.21 Clustering results of rare variants within the NOX4 gene with PP 

rsID Chr Position 
Major 
allele 

Minor 
allele 

MAF Effect SE P-value 
Cluster 

membership 
Cluster 
mean 

rs115031759 11 89073269 g a 1e-04 0.192 0.161 0.2323 1 0 

rs201165492 11 89106599 c t 1e-04 -0.274 0.576 0.6345 1 0 

rs149515506 11 89135492 a g 10.0e-05 0.428 0.706 0.5445 1 0 

rs147350656 11 89177310 c t 1e-04 -0.184 0.236 0.4375 1 0 

rs142433357 11 89182609 t c 10.0e-05 -1.231 0.707 0.08181 1 0 

rs55977241 11 89182652 c t 0.002 0.000803 0.109 0.9941 1 0 

rs145686545 11 89224387 c t 2e-04 0.162 0.202 0.4229 1 0 

rs144215891 11 89069094 t c 0.0014 -0.0716 0.0302 0.01798 2 -0.0962 

rs139341533 11 89182666 c a 0.0043 -0.0905 0.0126 8.085e-13 2 -0.0962 

rs56061986 11 89182686 t c 0.0029 -0.113 0.0161 2.385e-12 2 -0.0962 
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Supplementary Table 3.22 Clustering results of rare variants within the DBH gene with HTN 

rsID Chr Position 
Major 
allele 

Minor 
allele 

MAF Z value P-value 
Cluster 

membership 
Cluster 
mean 

rs76856960 9 136501569 g a 0.0035 -0.511 0.6096 1 0 

rs143544421 9 136501599 g a 2e-04 -0.526 0.5989 1 0 

rs78445536 9 136501746 g a 3e-04 0.234 0.815 1 0 

rs146922432 9 136501768 g a 1e-04 1.257 0.2089 1 0 

rs76819676 9 136507375 g a 1e-04 -0.787 0.4313 1 0 

rs143535251 9 136507474 c t 0.0014 0.397 0.6916 1 0 

rs200628504 9 136507528 c t 2e-04 -0.0675 0.9462 1 0 

rs5321 9 136507559 g c 2e-04 0.226 0.8212 1 0 

rs199734841 9 136507586 g c 2e-04 0.897 0.3697 1 0 

rs13306301 9 136508640 g a 0 -1.378 0.1683 1 0 

rs5324 9 136508658 g a 8e-04 -1.404 0.1604 1 0 

rs145655199 9 136508682 g a 3e-04 -1.247 0.2125 1 0 

rs201681337 9 136508691 g a 2e-04 1.109 0.2676 1 0 

rs75215331 9 136513028 c t 0.0025 -0.0818 0.9348 1 0 

rs41316996 9 136521654 g a 0.003 2.028 0.04261 1 0 

rs144040856 9 136521738 g a 1e-04 0.0598 0.9523 1 0 

rs141021210 9 136521751 a g 0 -0.665 0.5059 1 0 

rs201973877 9 136522317 t c 0.0002 -0.923 0.356 1 0 

rs75512464 9 136523487 a t 0.0014 -0.289 0.7723 1 0 

rs148806316 9 136523534 c t 0.0025 0.295 0.7679 1 0 

rs76316834 9 136523555 g a 2e-04 -0.39 0.6962 1 0 

rs77273740 9 136501728 c t 0.0042 -2.933 0.003353 2 -2.612 

rs3025380 9 136501756 g c 0.0045 -5.297 1.176e-07 2 -2.612 

rs74853476 9 136501834 t c 0.0022 -2.186 0.02885 2 -2.612 

rs142383279 9 136507332 g a 0.002 -1.826 0.06781 2 -2.612 

rs145059403 9 136507425 g a 0.0012 -3.468 0.0005248 2 -2.612 

rs200430427 9 136507456 c t 1e-04 -2.306 0.02112 2 -2.612 

rs148439785 9 136521726 g a 0.0019 -2.196 0.02806 2 -2.612 

rs151228388 9 136522272 a g 0.0003 -2.399 0.01646 2 -2.612 
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Supplementary Table 3.23 Clustering results of rare variants within the NPR1 gene with HTN 

rsID Chr Position Major allele Minor allele MAF Z value P-value 
Cluster 

membership 
Cluster 
mean 

rs56019647 1 153652129 c t 0 -0.727 0.4675 1 0 

rs199612927 1 153654234 g a 1e-04 0.468 0.6397 1 0 

rs201746049 1 153656216 a g 10.0e-05 -1.254 0.21 1 0 

rs115938602 1 153656228 c a 0 -1.174 0.2405 1 0 

rs149202797 1 153658306 c a 1e-04 0.23 0.8182 1 0 

rs116775696 1 153659550 a g 0 0.641 0.5213 1 0 

rs139174442 1 153660154 c g 0 0.0493 0.9606 1 0 

rs201787421 1 153660625 g a 1e-04 -0.287 0.7739 1 0 

rs140425746 1 153655966 g a 1e-04 -1.607 0.1081 2 -2.053 

rs61757359 1 153658297 g a 0.0036 -3.719 2e-04 2 -2.053 

rs61758562 1 153659131 g a 0.0011 -1.693 0.09054 2 -2.053 

rs116245325 1 153665650 c t 8e-04 4.335 1.457e-05 3 4.334 
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Supplementary Table 3.24 Clustering results of rare variants within the PLCB3 gene with HTN 

rsID Chr Position Major allele Minor allele MAF Z value P-value 
Cluster 

membership 
Cluster 
mean 

rs200996360 11 640253 c g 0.0003 -0.905 0.3653 1 0 

rs111961110 11 64021930 a g 10.0e-05 -0.917 0.3591 1 0 

rs144191345 11 64022785 c t 1e-04 0.259 0.7958 1 0 

rs199645363 11 64022873 c t 2e-04 -0.587 0.5575 1 0 

rs138400940 11 64022905 c t 1e-04 -1.28 0.2004 1 0 

rs188572550 11 64026357 g a 0 -0.324 0.7457 1 0 

rs201842672 11 64027567 g t 9e-04 -0.58 0.5616 1 0 

rs200923408 11 64028916 g a 1e-04 -0.496 0.6198 1 0 

rs200263631 11 64031571 t c 0.0002 1.033 0.3018 1 0 

rs79573066 11 64032784 g a 2e-04 0.665 0.5063 1 0 

rs142330950 11 64032945 g t 0.0021 2.175 0.02966 1 0 

rs61757725 11 64033360 g t 3e-04 0.427 0.6694 1 0 

rs148059922 11 64033391 g c 1e-04 1.308 0.1908 1 0 

rs201342752 11 64033986 c t 5e-04 1.223 0.2215 1 0 

rs141163685 11 64034734 g t 4e-04 0.867 0.3859 1 0 

rs113554478 11 64034975 g a 1e-04 0.708 0.4787 1 0 

rs117874826 11 64027666 a c 0.0308 5.712 1.119e-08 2 4.808 

rs145502455 11 64031030 g a 0.0047 4.015 5.952e-05 2 4.808 
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B2. Supplementary Figures 

Supplementary Figure 3.1 Heatmap of the average correlation matrix of the 60 

simulated rare variants with the presence of LD structure 
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Supplementary Figure 3.2 Boxplots of ARI values of simulation scenarios 1, 2, 

and 3 with combined weighting scheme with/without LD for a continuous trait 
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Supplementary Figure 3.3 Boxplots of ARI values of simulation scenarios 4, 5, 

and 6 with combined weighting scheme with/without LD for a continuous trait 
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Supplementary Figure 3.4 Boxplots of ARI values of simulation scenarios 1, 2, 

and 3 with combined weighting scheme with/without LD for a binary trait 
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Supplementary Figure 3.5 Boxplots of ARI values of simulation scenarios 4, 5, 

and 6 with combined weighting scheme with/without LD for a binary trait 
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Supplementary Figure 3.6 Boxplots of ARI values of simulation scenarios 1, 2, 

and 3 with equal, inverse SE and combined weighting schemes with the absence 

of LD for a continuous trait  
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Supplementary Figure 3.7 Boxplots of ARI values of simulation scenarios 4, 5, 

and 6 with equal, inverse SE and combined weighting schemes with the absence 

of LD for a continuous trait  
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Supplementary Figure 3.8 Boxplots of ARI values of simulation scenarios 1, 2, 

and 3 with equal, inverse SE and combined weighting schemes with the absence 

of LD for a binary trait  
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Supplementary Figure 3.9 Boxplots of ARI values of simulation scenarios 4, 5, 

and 6 with equal, inverse SE and combined weighting schemes with the absence 

of LD for a binary trait  
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Supplementary Figure 3.10 Boxplots of ARI values of simulation scenarios 1, 2, 

and 3 with equal, inverse SE and combined weighting schemes with the 

presence of LD for a continuous trait  
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Supplementary Figure 3.11 Boxplots of ARI values of simulation scenarios 4, 5, 

and 6 with equal, inverse SE and combined weighting schemes with the 

presence of LD for a continuous trait  

 

 

 

 

 



177 

 

Supplementary Figure 3.12 Boxplots of ARI values of simulation scenarios 1, 2, 

and 3 with equal, inverse SE and combined weighting schemes with the 

presence of LD for a binary trait  
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Supplementary Figure 3.13 Boxplots of ARI values of simulation scenarios 4, 5, 

and 6 with equal, inverse SE and combined weighting schemes with the 

presence of LD for a binary trait  
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APPENDIX C: SUPPLEMENTARY MATERIALS FOR CHAPTER 4 

Supplementary Table 4.1 Associations between heteroplasmic variants and BMI across sixteen mtDNA genes 

among AA 

 Definition 1 Definition 2 Definition 3 

Gene beta se burden skat skato acat beta se burden skat skato acat beta se burden skat skato acat 

D-loop -0.2 0.18 0.26 0.083 0.14 0.13 -0.006 0.0066 0.36 0.0097 0.012 0.019 -1.78 2.79 0.52 0.2 0.34 0.32 

MT-RNR1 -0.36 0.43 0.41 0.53 0.59 0.47 -0.0029 0.014 0.84 0.46 0.47 0.72 -1.03 0.87 0.24 0.22 0.36 0.23 

MT-RNR2 0.029 0.33 0.93 0.38 0.57 0.85 0.00097 0.01 0.92 0.044 0.54 0.18 -0.29 0.79 0.71 0.64 0.86 0.68 

MT-ND1 0.052 0.36 0.89 0.61 0.82 0.82 0.00011 0.011 0.99 0.57 0.66 0.98 -0.33 1.75 0.85 0.76 0.93 0.82 

MT-ND2 0.43 0.51 0.4 0.063 0.12 0.12 0.006 0.014 0.66 0.45 0.68 0.57 -1.92 1.76 0.28 0.6 0.44 0.42 

MT-CO1 -0.31 0.22 0.16 0.22 0.23 0.18 -0.013 0.0079 0.1 0.047 0.097 0.064 -0.58 0.97 0.55 0.15 0.26 0.27 

MT-CO2 -0.92 0.56 0.097 0.45 0.16 0.17 -0.026 0.017 0.12 0.096 0.032 0.11 -4.46 2.01 0.026 0.66 0.047 0.055 

MT-ATP8 1.25 1 0.21 0.34 0.34 0.27 0.029 0.028 0.31 0.42 0.59 0.36 -0.68 6.84 0.92 0.91 0.97 0.92 

MT-ATP6 -0.26 0.43 0.55 0.56 0.76 0.56 -0.0029 0.013 0.83 0.65 0.79 0.76 0.26 6.87 0.97 0.65 0.86 0.94 

MT-CO3 -0.51 0.53 0.33 0.15 0.26 0.21 -0.018 0.016 0.26 0.4 0.28 0.32 -0.9 1.84 0.62 0.68 0.84 0.65 

MT-ND3 2.07 0.88 0.018 0.035 0.031 0.024 0.08 0.027 0.0026 0.0012 0.45 0.0017 0.29 2.21 0.89 0.28 0.43 0.76 

MT-ND4L -0.21 0.98 0.83 0.07 0.11 0.2 -0.0044 0.029 0.88 0.044 0.046 0.13 1.34 2.85 0.64 0.0044 0.0061 0.0089 

MT-ND4 -0.11 0.35 0.75 0.56 0.77 0.67 -0.0031 0.011 0.78 0.2 0.55 0.48 1.67 1.34 0.21 0.07 0.12 0.11 

MT-ND5 -0.21 0.22 0.35 0.33 0.5 0.34 -0.0043 0.0066 0.52 0.15 0.52 0.25 -1.03 1.08 0.34 0.89 0.52 0.77 

MT-ND6 -0.25 0.52 0.63 0.33 0.51 0.47 -0.015 0.017 0.37 0.41 0.48 0.39 0.33 2.51 0.9 0.32 0.5 0.77 

MT-CYB 0.44 0.37 0.23 0.039 0.073 0.068 0.016 0.01 0.12 0.0044 0.039 0.0086 -1.46 1.96 0.46 0.94 0.68 0.87 

WG -0.024 0.035 0.49 - - - -0.00058 0.0011 0.61 - - - -0.23 0.22 0.29 - - - 
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Supplementary Table 4.2 Associations between heteroplasmic variants and BMI across sixteen mtDNA genes 

among EA 

 Definition 1 Definition 2 Definition 3 

Gene beta se burden skat skato acat beta se burden skat skato acat beta se burden skat skato acat 

D-loop -0.24 0.13 0.055 0.93 0.098 0.34 -0.0093 0.0042 0.025 0.97 0.13 0.34 -3.01 1.61 0.061 0.66 0.11 0.13 

MT-RNR1 -0.2 0.26 0.44 0.31 0.52 0.37 -0.0036 0.0063 0.57 0.15 0.14 0.27 -0.11 0.48 0.82 0.28 0.47 0.62 

MT-RNR2 0.07 0.21 0.74 0.91 0.92 0.86 0.0017 0.005 0.73 0.83 0.56 0.79 0.1 0.37 0.78 0.71 0.91 0.75 

MT-ND1 -0.38 0.32 0.24 0.62 0.4 0.4 -0.0075 0.0069 0.28 0.64 0.48 0.44 -0.91 1 0.36 0.53 0.56 0.44 

MT-ND2 -0.058 0.31 0.85 0.68 0.89 0.79 -0.0031 0.0068 0.65 0.85 0.84 0.79 1.34 0.98 0.17 0.14 0.25 0.16 

MT-CO1 0.063 0.22 0.78 0.48 0.72 0.66 0.003 0.005 0.55 0.47 0.17 0.51 0.49 0.51 0.34 0.5 0.54 0.41 

MT-CO2 0.42 0.33 0.21 0.16 0.27 0.18 0.01 0.0075 0.18 0.074 0.045 0.11 0.16 0.92 0.86 0.55 0.78 0.77 

MT-ATP8 1.29 0.62 0.037 0.08 0.065 0.051 0.031 0.013 0.017 0.028 0.0057 0.021 10.96 6.96 0.12 0.43 0.17 0.19 

MT-ATP6 -0.0037 0.31 0.99 0.044 0.083 0.98 0.00067 0.0068 0.92 0.073 0.28 0.45 -0.43 4.06 0.92 0.16 0.29 0.74 

MT-CO3 0.07 0.32 0.83 0.87 0.97 0.85 0.0011 0.007 0.87 0.83 0.97 0.85 1.02 1.02 0.32 0.32 0.51 0.32 

MT-ND3 0.015 0.51 0.98 0.45 0.69 0.95 0.0047 0.012 0.68 0.45 0.3 0.58 -0.96 1.26 0.45 0.56 0.64 0.5 

MT-ND4L -0.52 0.62 0.4 0.12 0.22 0.2 -0.012 0.013 0.37 0.14 0.43 0.21 -1.41 1.27 0.27 0.039 0.07 0.069 

MT-ND4 -0.34 0.24 0.16 0.87 0.25 0.57 -0.0091 0.0059 0.12 0.92 0.43 0.69 -0.42 0.69 0.54 0.45 0.68 0.5 

MT-ND5 -0.22 0.18 0.22 0.93 0.36 0.81 -0.0059 0.0044 0.18 0.82 0.099 0.5 -0.41 0.61 0.5 0.86 0.73 0.76 

MT-ND6 0.4 0.36 0.27 0.6 0.44 0.41 0.005 0.008 0.53 0.39 0.73 0.46 3.03 1.38 0.028 0.083 0.051 0.042 

MT-CYB 0.039 0.19 0.84 0.81 0.95 0.82 4.00E-04 0.0048 0.93 0.87 0.51 0.91 0.24 1.01 0.81 0.79 0.95 0.8 

WG -0.027 0.033 0.41 - - - -0.00078 0.00094 0.4 - - - 0.021 0.15 0.89 - - - 
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Supplementary Table 4.3 Associations between heteroplasmic variants and obesity across sixteen mtDNA genes 

among AA 

 Definition 1 Definition 2 Definition 3 

Gene OR 95% CI burden skat skato acat OR 95% CI burden skat skato acat OR 95% CI burden skat skato acat 

D-loop 0.89 (0.79, 0.99) 0.031 0.22 0.052 0.055 1 (0.99, 1) 0.027 0.05 0.07 0.035 0.24 (0.043, 1.32) 0.1 0.57 0.17 0.19 

MT-RNR1 0.89 (0.67, 1.16) 0.38 0.8 0.55 0.64 1 (0.99, 1.01) 0.52 0.76 0.81 0.66 0.77 (0.44, 1.36) 0.37 0.75 0.55 0.59 

MT-RNR2 0.86 (0.7, 1.05) 0.15 0.47 0.23 0.24 0.99 (0.99, 1) 0.1 0.3 0.33 0.16 0.69 (0.41, 1.14) 0.15 0.31 0.25 0.2 

MT-ND1 0.89 (0.7, 1.12) 0.32 0.47 0.48 0.39 1 (0.99, 1) 0.26 0.67 0.46 0.44 0.74 (0.25, 2.21) 0.59 0.66 0.8 0.63 

MT-ND2 1.11 (0.8, 1.53) 0.52 0.57 0.75 0.55 1 (0.99, 1.01) 0.45 0.52 0.78 0.49 0.83 (0.25, 2.79) 0.76 0.59 0.8 0.69 

MT-CO1 0.85 (0.74, 0.97) 0.016 0.077 0.024 0.027 0.99 (0.99, 1) 0.01 0.18 0.025 0.02 0.87 (0.46, 1.62) 0.65 0.11 0.2 0.23 

MT-CO2 0.57 (0.4, 0.81) 0.0015 0.49 0.0023 0.003 0.98 (0.97, 0.99) 0.0016 0.47 0.0077 0.0033 0.15 (0.039, 0.55) 0.0042 0.27 0.0075 0.0084 

MT-ATP8 1.32 (0.69, 2.53) 0.4 0.16 0.27 0.23 1.01 (0.99, 1.03) 0.4 0.17 0.32 0.25 0.27 (0.0043, 16.24) 0.53 0.52 0.6 0.53 

MT-ATP6 0.96 (0.72, 1.28) 0.8 0.21 0.36 0.51 1 (0.99, 1.01) 0.79 0.26 0.36 0.56 20.3 (0.17, 2372.41) 0.22 0.57 0.36 0.35 

MT-CO3 0.72 (0.5, 1.04) 0.078 0.48 0.14 0.15 0.99 (0.98, 1) 0.082 0.38 0.19 0.14 0.6 (0.17, 2.1) 0.43 0.47 0.64 0.45 

MT-ND3 1.24 (0.71, 2.17) 0.45 0.57 0.66 0.51 1.01 (0.99, 1.02) 0.36 0.63 0.77 0.49 0.98 (0.23, 4.25) 0.98 0.4 0.58 0.96 

MT-ND4L 0.62 (0.33, 1.15) 0.13 0.22 0.2 0.16 0.99 (0.97, 1.01) 0.17 0.28 0.15 0.22 1.31 (0.21, 8.14) 0.77 0.25 0.38 0.52 

MT-ND4 0.83 (0.65, 1.05) 0.11 0.58 0.18 0.22 0.99 (0.99, 1) 0.091 0.54 0.16 0.17 1.4 (0.6, 3.29) 0.44 0.31 0.5 0.37 

MT-ND5 0.89 (0.77, 1.03) 0.11 0.3 0.16 0.17 1 (0.99, 1) 0.11 0.29 0.21 0.16 0.73 (0.36, 1.47) 0.38 0.22 0.36 0.29 

MT-ND6 0.75 (0.52, 1.08) 0.13 0.16 0.21 0.14 0.99 (0.98, 1) 0.082 0.094 0.14 0.087 0.58 (0.1, 3.4) 0.55 0.095 0.16 0.18 

MT-CYB 1.18 (0.93, 1.48) 0.17 0.41 0.28 0.25 1 (1, 1.01) 0.19 0.51 0.56 0.31 1.67 (0.47, 5.97) 0.43 0.79 0.65 0.66 

WG 0.98 (0.96, 1) 0.058 - - - 1 (1, 1) 0.061 - - - 0.9 (0.78, 1.03) 0.12 - - - 
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Supplementary Table 4.4 Associations between heteroplasmic variants and obesity across sixteen mtDNA genes 

among EA 

 Definition 1 Definition 2 Definition 3 

Gene OR 95% CI burden skat skato acat OR 95% CI burden skat skato acat OR 95% CI burden skat skato acat 

D-loop 0.91 (0.8, 1.03) 0.14 1 0.25 1 1 (0.99, 1) 0.12 0.99 0.38 0.98 0.2 (0.037, 1.06) 0.058 0.96 0.11 0.83 

MT-RNR1 1.05 (0.81, 1.36) 0.71 0.77 0.9 0.75 1 (0.99, 1.01) 0.76 0.61 0.8 0.7 1.27 (0.78, 2.07) 0.33 0.47 0.53 0.39 

MT-RNR2 1.13 (0.91, 1.4) 0.26 0.83 0.43 0.61 1 (1, 1.01) 0.43 0.74 0.89 0.61 1.22 (0.83, 1.8) 0.32 0.79 0.51 0.6 

MT-ND1 1 (0.73, 1.37) 0.99 0.69 0.9 0.97 1 (0.99, 1.01) 0.97 0.81 0.8 0.95 0.8 (0.3, 2.1) 0.65 0.35 0.56 0.5 

MT-ND2 1.03 (0.76, 1.41) 0.84 0.39 0.61 0.71 1 (0.99, 1.01) 0.92 0.38 0.53 0.84 1.37 (0.52, 3.61) 0.52 0.4 0.62 0.46 

MT-CO1 1.14 (0.91, 1.42) 0.26 0.82 0.43 0.6 1 (1, 1.01) 0.3 0.65 0.23 0.46 1.22 (0.73, 2.04) 0.45 0.21 0.36 0.3 

MT-CO2 1.24 (0.91, 1.7) 0.18 0.14 0.25 0.16 1 (1, 1.01) 0.28 0.25 0.25 0.26 1.07 (0.44, 2.57) 0.88 0.093 0.17 0.39 

MT-ATP8 1.35 (0.73, 2.5) 0.34 0.17 0.29 0.23 1.01 (1, 1.02) 0.13 0.054 0.26 0.077 4.6 (0.01, 2123.04) 0.63 0.5 0.64 0.56 

MT-ATP6 0.96 (0.72, 1.29) 0.78 0.47 0.7 0.67 1 (0.99, 1.01) 0.96 0.41 0.26 0.92 2.44 (0.057, 104.94) 0.64 0.41 0.64 0.53 

MT-CO3 0.94 (0.69, 1.28) 0.68 0.84 0.89 0.78 1 (0.99, 1.01) 0.62 0.85 0.95 0.78 1.86 (0.66, 5.25) 0.24 0.41 0.4 0.31 

MT-ND3 1.03 (0.61, 1.73) 0.91 0.46 0.7 0.82 1 (0.99, 1.01) 0.93 0.29 0.11 0.83 0.62 (0.17, 2.25) 0.47 0.88 0.67 0.78 

MT-ND4L 1.25 (0.68, 2.29) 0.48 0.13 0.22 0.22 1 (0.99, 1.02) 0.56 0.18 0.056 0.3 1.88 (0.56, 6.29) 0.3 0.12 0.21 0.18 

MT-ND4 0.87 (0.69, 1.11) 0.27 0.98 0.43 0.96 1 (0.99, 1) 0.12 0.99 0.59 0.97 0.78 (0.38, 1.58) 0.49 0.35 0.56 0.42 

MT-ND5 0.92 (0.77, 1.09) 0.33 0.96 0.52 0.92 1 (0.99, 1) 0.19 0.84 0.054 0.56 0.75 (0.4, 1.39) 0.36 0.98 0.56 0.97 

MT-ND6 1.23 (0.86, 1.75) 0.26 0.28 0.44 0.27 1 (0.99, 1.01) 0.68 0.33 0.52 0.51 1.54 (0.41, 5.84) 0.52 0.26 0.43 0.37 

MT-CYB 1.03 (0.86, 1.25) 0.73 0.79 0.92 0.77 1 (1, 1.01) 0.81 0.58 0.54 0.73 0.88 (0.32, 2.43) 0.81 0.89 0.96 0.86 

WG 1 (0.97, 1.04) 0.92 - - - 1 (1, 1) 0.95 - - - 1.08 (0.92, 1.26) 0.33 - - - 
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Supplementary Table 4.5 Associations between heteroplasmic variants and adjusted SBP across sixteen mtDNA 

genes among AA 

 Definition 1 Definition 2 Definition 3 

Gene beta se burden skat skato acat beta se burden skat skato acat beta se burden skat skato acat 

D-loop -0.53 0.51 0.29 0.78 0.45 0.56 -0.018 0.018 0.31 0.89 0.49 0.76 -4.53 7.9 0.57 0.94 0.78 0.89 

MT-RNR1 -2.67 1.27 0.035 0.34 0.056 0.066 -0.098 0.04 0.013 0.43 0.15 0.027 -4.89 2.63 0.063 0.15 0.1 0.089 

MT-RNR2 -1.07 0.94 0.26 0.82 0.39 0.6 -0.029 0.028 0.29 0.89 0.34 0.75 -3.74 2.35 0.11 0.92 0.19 0.64 

MT-ND1 -0.072 1.12 0.95 0.51 0.72 0.9 0.0067 0.031 0.83 0.37 0.48 0.68 7.46 5.1 0.14 0.19 0.25 0.16 

MT-ND2 0.59 1.47 0.69 0.47 0.7 0.59 0.01 0.037 0.78 0.61 0.61 0.71 -7.99 5.6 0.15 0.83 0.26 0.47 

MT-CO1 0.89 0.64 0.17 0.1 0.15 0.13 0.03 0.022 0.17 0.37 0.24 0.24 3.05 2.94 0.3 0.51 0.48 0.4 

MT-CO2 -1.67 1.57 0.29 0.77 0.44 0.56 -0.037 0.045 0.42 0.91 0.73 0.83 3.01 6.21 0.63 0.79 0.83 0.73 

MT-ATP8 -3.04 3.01 0.31 0.66 0.48 0.48 -0.08 0.078 0.3 0.79 0.84 0.6 -2.03 17.03 0.91 0.96 0.95 0.94 

MT-ATP6 1.76 1.36 0.19 0.46 0.31 0.29 0.064 0.038 0.094 0.19 0.38 0.13 -8.05 22.9 0.73 0.75 0.91 0.74 

MT-CO3 0.49 1.7 0.77 0.99 0.94 0.99 0.0072 0.045 0.87 0.97 0.96 0.96 -1.04 6.01 0.86 0.96 0.98 0.94 

MT-ND3 -1.97 2.56 0.44 0.76 0.65 0.64 -0.06 0.074 0.41 0.71 0.93 0.58 -2.94 6.82 0.67 0.62 0.81 0.65 

MT-ND4L -5.47 2.89 0.059 0.15 0.091 0.085 -0.15 0.082 0.063 0.1 0.024 0.079 -10.39 8.41 0.22 0.67 0.32 0.4 

MT-ND4 -0.3 1.1 0.79 0.8 0.94 0.8 -0.009 0.032 0.78 0.7 0.75 0.74 -4.41 3.79 0.24 0.32 0.4 0.28 

MT-ND5 -0.64 0.66 0.33 0.86 0.47 0.71 -0.022 0.019 0.24 0.81 0.27 0.55 0.17 3.3 0.96 0.84 0.97 0.94 

MT-ND6 0.14 1.72 0.94 0.79 0.94 0.9 -0.0074 0.05 0.88 0.85 0.75 0.87 -4.26 8.02 0.6 0.97 0.8 0.94 

MT-CYB -1.41 1.06 0.18 0.46 0.31 0.28 -0.031 0.028 0.28 0.7 0.047 0.48 -0.65 5.99 0.91 0.99 0.99 0.98 

WG -0.063 0.1 0.53 - - - -0.0021 0.0031 0.51 - - - -0.58 0.62 0.35 - - - 

 

 

 

 

 



 

 

1
8

4
 

Supplementary Table 4.6 Associations between heteroplasmic variants and adjusted SBP across sixteen mtDNA 

genes among EA 

 Definition 1 Definition 2 Definition 3 

Gene beta se burden skat skato acat beta se burden skat skato acat beta se burden skat skato acat 

D-loop -0.28 0.51 0.58 0.77 0.79 0.69 -0.0063 0.017 0.72 0.6 0.82 0.66 0.24 6.98 0.97 0.33 0.53 0.94 

MT-RNR1 1.34 1.04 0.2 0.17 0.3 0.19 0.036 0.027 0.18 0.81 0.89 0.47 2.81 2.01 0.16 0.73 0.29 0.36 

MT-RNR2 0.041 0.86 0.96 0.089 0.17 0.87 -0.0013 0.021 0.95 0.11 0.16 0.83 -0.88 1.58 0.58 0.41 0.64 0.49 

MT-ND1 -0.37 1.25 0.77 0.45 0.68 0.64 -0.0045 0.028 0.87 0.73 0.52 0.82 -2.89 4.04 0.47 0.27 0.44 0.36 

MT-ND2 0.072 1.25 0.95 0.33 0.54 0.9 -0.00056 0.029 0.98 0.34 0.15 0.97 3.49 3.67 0.34 0.44 0.53 0.39 

MT-CO1 -1.26 0.89 0.16 0.89 0.28 0.64 -0.018 0.02 0.38 0.87 0.41 0.75 -1.87 2.14 0.38 0.87 0.6 0.75 

MT-CO2 -0.83 1.24 0.5 0.79 0.73 0.68 -0.016 0.029 0.58 0.8 0.77 0.72 1.42 3.6 0.69 0.72 0.89 0.71 

MT-ATP8 -2.11 2.38 0.37 0.85 0.57 0.71 -0.05 0.052 0.34 0.85 0.94 0.69 -3.99 17.21 0.82 0.95 0.91 0.91 

MT-ATP6 0.43 1.16 0.71 1 0.91 0.99 0.0038 0.026 0.88 1 0.99 0.99 14.38 14.9 0.33 0.86 0.53 0.72 

MT-CO3 0.14 1.25 0.91 0.02 0.037 0.05 0.0054 0.028 0.85 0.006 0.99 0.012 3.53 4.19 0.4 0.00051 0.00094 0.001 

MT-ND3 -1.66 2.06 0.42 0.96 0.63 0.92 -0.03 0.049 0.54 0.78 0.96 0.69 -5.89 5.24 0.26 0.93 0.4 0.83 

MT-ND4L -0.23 2.54 0.93 0.86 0.97 0.9 0.0038 0.055 0.94 0.74 0.71 0.91 -3.98 5.16 0.44 0.84 0.65 0.72 

MT-ND4 -0.53 0.95 0.58 0.69 0.79 0.64 -0.0071 0.024 0.77 0.83 0.83 0.8 1.7 2.93 0.56 0.46 0.69 0.51 

MT-ND5 -0.57 0.7 0.41 0.62 0.62 0.52 -0.011 0.018 0.56 0.38 0.66 0.47 1.38 2.46 0.57 0.73 0.8 0.66 

MT-ND6 0.93 1.38 0.5 0.74 0.73 0.64 0.014 0.032 0.65 0.89 0.96 0.83 2.61 4.95 0.6 0.4 0.61 0.5 

MT-CYB -0.38 0.74 0.6 0.69 0.82 0.65 0.0015 0.019 0.94 0.59 0.65 0.88 -2.07 3.96 0.6 0.24 0.41 0.39 

WG -0.089 0.13 0.5 - - - -0.0017 0.0039 0.66 - - - 0.12 0.62 0.84 - - - 
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Supplementary Table 4.7 Associations between heteroplasmic variants and HTN across sixteen mtDNA genes 

among AA 

 Definition 1 Definition 2 Definition 3 

Gene OR 95% CI burden skat skato acat OR 95% CI burden skat skato acat OR 95% CI burden skat skato acat 

D-loop 0.94 (0.82, 1.08) 0.37 0.5 0.56 0.44 1 (0.99, 1) 0.38 0.65 0.37 0.52 0.31 (0.04, 2.42) 0.26 0.37 0.42 0.31 

MT-RNR1 0.71 (0.5, 1.01) 0.057 0.63 0.097 0.12 0.99 (0.98, 1) 0.056 0.73 0.48 0.13 0.51 (0.25, 1.03) 0.059 0.54 0.1 0.12 

MT-RNR2 1.08 (0.84, 1.39) 0.56 0.79 0.77 0.7 1 (1, 1.01) 0.37 0.71 0.89 0.56 1.41 (0.77, 2.59) 0.27 0.61 0.44 0.42 

MT-ND1 1.09 (0.81, 1.46) 0.56 0.73 0.77 0.66 1 (0.99, 1.01) 0.6 0.81 0.76 0.74 1.41 (0.41, 4.88) 0.59 0.56 0.78 0.58 

MT-ND2 1.35 (0.93, 1.94) 0.11 0.6 0.2 0.22 1.01 (1, 1.02) 0.16 0.5 0.29 0.27 1.77 (0.48, 6.47) 0.39 0.52 0.59 0.45 

MT-CO1 1.13 (0.96, 1.32) 0.15 0.043 0.064 0.067 1 (1, 1.01) 0.17 0.15 0.12 0.16 1.23 (0.59, 2.53) 0.58 0.34 0.54 0.46 

MT-CO2 0.82 (0.54, 1.24) 0.34 0.6 0.51 0.46 0.99 (0.98, 1.01) 0.38 0.77 0.45 0.62 0.78 (0.17, 3.67) 0.75 0.53 0.75 0.66 

MT-ATP8 0.93 (0.43, 2.01) 0.86 0.28 0.45 0.68 1 (0.98, 1.02) 0.87 0.33 0.8 0.73 0.14 (0.00021, 96.97) 0.56 0.7 0.67 0.63 

MT-ATP6 1.25 (0.9, 1.74) 0.18 0.73 0.3 0.4 1.01 (1, 1.02) 0.048 0.48 0.21 0.094 0.85 (0.0054, 132.69) 0.95 0.16 0.28 0.86 

MT-CO3 1.19 (0.79, 1.8) 0.4 0.57 0.61 0.48 1 (0.99, 1.02) 0.47 0.28 0.31 0.36 1.55 (0.35, 6.78) 0.56 0.8 0.78 0.71 

MT-ND3 1.29 (0.67, 2.45) 0.45 0.82 0.65 0.69 1.01 (0.99, 1.03) 0.43 0.79 0.71 0.65 1.88 (0.34, 10.47) 0.47 0.41 0.6 0.44 

MT-ND4L 0.74 (0.35, 1.54) 0.41 0.67 0.59 0.55 0.99 (0.97, 1.01) 0.46 0.49 0.25 0.48 0.75 (0.099, 5.62) 0.78 0.69 0.86 0.74 

MT-ND4 0.9 (0.69, 1.18) 0.46 0.8 0.67 0.68 1 (0.99, 1) 0.42 0.55 0.81 0.48 0.39 (0.15, 1.03) 0.056 0.34 0.098 0.1 

MT-ND5 1 (0.84, 1.18) 0.95 0.7 0.88 0.92 1 (0.99, 1) 0.95 0.52 0.57 0.91 1.06 (0.47, 2.4) 0.88 0.91 0.98 0.9 

MT-ND6 0.88 (0.58, 1.32) 0.53 0.36 0.56 0.44 1 (0.98, 1.01) 0.45 0.64 0.6 0.55 0.31 (0.046, 2.05) 0.22 0.66 0.36 0.4 

MT-CYB 0.77 (0.58, 1.01) 0.062 0.14 0.11 0.086 1 (0.99, 1) 0.22 0.23 0.02 0.22 0.75 (0.17, 3.31) 0.7 0.33 0.53 0.52 

WG 1 (0.97, 1.03) 1 - - - 1 (1, 1) 0.89 - - - 1 (0.84, 1.18) 0.99 - - - 

 

 

 

 

 



 

 

1
8

6
 

Supplementary Table 4.8 Associations between heteroplasmic variants and HTN across sixteen mtDNA genes 

among EA 

 Definition 1 Definition 2 Definition 3 

Gene OR 95% CI burden skat skato acat OR 95% CI burden skat skato acat OR 95% CI burden skat skato acat 

D-loop 0.98 (0.86, 1.11) 0.71 0.28 0.45 0.49 1 (0.99, 1) 0.53 0.12 0.17 0.23 0.84 (0.18, 3.88) 0.83 0.5 0.73 0.72 

MT-RNR1 1.19 (0.92, 1.52) 0.18 0.9 0.31 0.69 1 (1, 1.01) 0.11 0.89 0.47 0.53 1.49 (0.94, 2.36) 0.093 0.94 0.17 0.75 

MT-RNR2 0.99 (0.8, 1.21) 0.89 0.21 0.36 0.69 1 (0.99, 1) 0.83 0.028 0.055 0.065 0.91 (0.63, 1.31) 0.61 0.15 0.27 0.29 

MT-ND1 1.06 (0.78, 1.44) 0.7 0.11 0.2 0.24 1 (1, 1.01) 0.34 0.82 0.76 0.66 0.79 (0.31, 1.98) 0.61 0.18 0.31 0.33 

MT-ND2 1.07 (0.79, 1.44) 0.67 0.53 0.76 0.61 1 (1, 1.01) 0.61 0.46 0.21 0.54 1.2 (0.45, 3.19) 0.72 0.78 0.9 0.75 

MT-CO1 0.95 (0.76, 1.18) 0.63 0.71 0.85 0.67 1 (1, 1.01) 0.78 0.53 0.84 0.68 1.02 (0.62, 1.69) 0.94 0.68 0.89 0.89 

MT-CO2 0.81 (0.59, 1.11) 0.19 0.44 0.33 0.28 0.99 (0.99, 1) 0.08 0.26 0.48 0.12 0.66 (0.27, 1.59) 0.36 0.43 0.56 0.39 

MT-ATP8 0.87 (0.47, 1.64) 0.68 0.78 0.88 0.74 1 (0.98, 1.01) 0.72 0.67 0.71 0.69 0.24 (2.5e-05, 2339.8) 0.76 0.9 0.91 0.86 

MT-ATP6 1.1 (0.82, 1.48) 0.52 0.84 0.76 0.74 1 (1, 1.01) 0.46 0.87 0.69 0.77 12.39 (0.26, 587.82) 0.2 0.87 0.34 0.63 

MT-CO3 1.06 (0.78, 1.44) 0.7 0.93 0.9 0.88 1 (1, 1.01) 0.59 0.86 0.76 0.78 1.08 (0.41, 2.81) 0.88 0.21 0.36 0.67 

MT-ND3 0.6 (0.36, 0.98) 0.042 0.11 0.075 0.061 0.99 (0.98, 1) 0.11 0.32 0.43 0.17 0.28 (0.08, 0.96) 0.042 0.091 0.072 0.058 

MT-ND4L 1.33 (0.73, 2.42) 0.35 0.36 0.55 0.36 1.01 (0.99, 1.02) 0.27 0.5 0.77 0.37 1.58 (0.47, 5.31) 0.46 0.66 0.67 0.57 

MT-ND4 1.02 (0.81, 1.28) 0.87 0.42 0.64 0.75 1 (1, 1.01) 0.49 0.69 0.78 0.6 1.38 (0.71, 2.71) 0.34 0.82 0.55 0.65 

MT-ND5 0.95 (0.8, 1.13) 0.55 0.26 0.43 0.38 1 (1, 1) 0.74 0.27 0.42 0.51 1.17 (0.64, 2.13) 0.61 0.94 0.84 0.89 

MT-ND6 1.19 (0.84, 1.69) 0.33 0.57 0.53 0.44 1 (1, 1.01) 0.34 0.83 0.8 0.67 1.42 (0.38, 5.29) 0.6 0.2 0.35 0.35 

MT-CYB 0.86 (0.71, 1.03) 0.1 0.5 0.18 0.19 1 (0.99, 1) 0.23 0.75 0.24 0.47 0.54 (0.2, 1.46) 0.23 0.49 0.38 0.33 

WG 0.99 (0.96, 1.03) 0.64 - - - 1 (1, 1) 0.99 - - - 1.01 (0.87, 1.17) 0.92 - - - 

 

 

 

 

 



 

 

1
8

7
 

Supplementary Table 4.9 Associations between heteroplasmic variants and restricted BG across sixteen mtDNA 

genes among AA 

 Definition 1 Definition 2 Definition 3 

Gene beta se burden skat skato acat beta se burden skat skato acat beta se burden skat skato acat 

D-loop 0.51 0.26 0.051 0.068 0.084 0.058 0.014 0.0091 0.11 0.063 0.093 0.081 5.16 3.96 0.19 0.36 0.31 0.26 

MT-RNR1 0.58 0.67 0.38 0.43 0.55 0.41 0.011 0.021 0.58 0.17 0.29 0.31 0.92 1.38 0.51 0.57 0.71 0.54 

MT-RNR2 0.04 0.49 0.94 0.75 0.92 0.9 0.0052 0.014 0.72 0.65 0.84 0.69 -0.35 1.25 0.78 0.9 0.94 0.86 

MT-ND1 -0.28 0.59 0.63 0.91 0.82 0.85 -0.01 0.016 0.52 0.91 0.71 0.84 -3.05 2.76 0.27 0.96 0.44 0.92 

MT-ND2 0.62 0.78 0.43 0.025 0.045 0.048 0.011 0.019 0.56 0.081 0.14 0.16 2.23 2.91 0.44 0.37 0.56 0.41 

MT-CO1 -0.094 0.32 0.77 0.32 0.46 0.57 -0.0063 0.011 0.57 0.52 0.73 0.55 -1.64 1.55 0.29 0.55 0.46 0.4 

MT-CO2 -0.11 0.78 0.89 0.65 0.85 0.82 0.00034 0.022 0.99 0.62 0.81 0.98 1.52 2.99 0.61 0.094 0.16 0.19 

MT-ATP8 0.069 1.55 0.96 0.88 0.98 0.94 0.0058 0.041 0.89 0.79 0.94 0.85 2.73 9.23 0.77 0.71 0.76 0.74 

MT-ATP6 0.73 0.72 0.31 0.031 0.052 0.058 0.015 0.02 0.47 0.0049 0.0081 0.0098 -5.91 12.77 0.64 0.39 0.6 0.52 

MT-CO3 -0.3 0.94 0.75 0.28 0.47 0.53 -0.017 0.025 0.48 0.34 0.53 0.41 -2.67 3.11 0.39 0.27 0.44 0.32 

MT-ND3 1.29 1.48 0.39 0.1 0.17 0.17 0.02 0.041 0.63 0.042 0.069 0.088 1.38 3.62 0.7 0.12 0.19 0.27 

MT-ND4L 0.51 1.48 0.73 0.64 0.83 0.69 0.013 0.043 0.76 0.32 0.49 0.57 -0.63 4.66 0.89 0.6 0.78 0.82 

MT-ND4 0.18 0.61 0.76 0.067 0.11 0.16 0.012 0.017 0.5 0.02 0.039 0.039 1.74 2.05 0.4 0.053 0.099 0.098 

MT-ND5 0.016 0.33 0.96 0.45 0.63 0.92 0.00016 0.0092 0.99 0.34 0.48 0.97 0.87 1.73 0.62 0.18 0.28 0.32 

MT-ND6 0.95 0.94 0.31 0.42 0.47 0.36 0.032 0.026 0.22 0.64 0.28 0.38 1.01 4.34 0.82 0.46 0.67 0.7 

MT-CYB 0.047 0.56 0.93 0.63 0.85 0.88 -0.0016 0.015 0.92 0.65 0.86 0.86 -0.78 3.15 0.8 0.61 0.83 0.73 

WG 0.033 0.051 0.51 - - - 7.00E-04 0.0016 0.66 - - - 0.042 0.32 0.9 - - - 
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Supplementary Table 4.10 Associations between heteroplasmic variants and restricted BG across sixteen mtDNA 

genes among EA 

 Definition 1 Definition 2 Definition 3 

Gene beta se burden skat skato acat beta se burden skat skato acat beta se burden skat skato acat 

D-loop -0.18 0.25 0.47 0.83 0.68 0.72 -0.0098 0.0083 0.24 0.53 0.42 0.36 -0.2 3.34 0.95 0.4 0.61 0.9 

MT-RNR1 0.2 0.52 0.69 0.12 0.22 0.27 0.0081 0.013 0.54 0.27 0.43 0.38 0.95 0.99 0.34 0.045 0.084 0.082 

MT-RNR2 -0.079 0.44 0.86 0.17 0.31 0.56 -0.0011 0.01 0.91 0.27 0.45 0.79 0.016 0.77 0.98 0.27 0.47 0.97 

MT-ND1 -1.39 0.62 0.025 0.51 0.047 0.05 -0.033 0.014 0.016 0.41 0.028 0.032 -1.86 2.08 0.37 0.11 0.19 0.17 

MT-ND2 -0.006 0.61 0.99 0.54 0.78 0.98 0.002 0.014 0.89 0.77 0.94 0.85 0.066 1.89 0.97 0.79 0.95 0.95 

MT-CO1 0.77 0.44 0.078 0.18 0.14 0.11 0.015 0.0099 0.12 0.14 0.19 0.13 1 1.03 0.33 0.27 0.45 0.3 

MT-CO2 -0.71 0.62 0.25 0.15 0.26 0.19 -0.016 0.014 0.25 0.15 0.27 0.19 0.38 1.77 0.83 0.47 0.69 0.72 

MT-ATP8 -1.38 1.19 0.25 0.0014 0.0026 0.0029 -0.015 0.026 0.56 0.24 0.39 0.36 4.33 10.2 0.67 0.44 0.55 0.57 

MT-ATP6 0.37 0.58 0.52 0.96 0.76 0.92 0.013 0.013 0.31 0.83 0.51 0.64 2.75 7.44 0.71 0.97 0.9 0.94 

MT-CO3 0.091 0.63 0.88 0.35 0.56 0.76 -0.0013 0.014 0.92 0.22 0.36 0.8 2.47 2.06 0.23 0.29 0.39 0.26 

MT-ND3 0.4 1.04 0.7 0.074 0.14 0.17 0.004 0.024 0.87 0.38 0.54 0.74 2.58 2.62 0.33 0.069 0.12 0.12 

MT-ND4L 0.44 1.24 0.72 0.95 0.91 0.91 0.012 0.027 0.65 0.93 0.86 0.88 3.36 2.55 0.19 0.59 0.31 0.33 

MT-ND4 -0.35 0.48 0.46 0.2 0.34 0.3 -0.016 0.012 0.19 0.23 0.29 0.21 0.31 1.37 0.82 0.33 0.53 0.64 

MT-ND5 -0.14 0.37 0.7 0.31 0.51 0.51 -0.007 0.0089 0.43 0.54 0.56 0.49 -0.49 1.22 0.69 0.48 0.71 0.59 

MT-ND6 -0.78 0.7 0.27 0.0054 0.01 0.011 -0.0091 0.016 0.56 0.054 0.098 0.11 -2.08 2.65 0.43 0.3 0.48 0.36 

MT-CYB 0.46 0.37 0.22 0.029 0.054 0.052 0.013 0.0092 0.16 0.073 0.14 0.1 1.34 2 0.5 0.51 0.73 0.51 

WG -0.021 0.067 0.75 - - - -0.00093 0.0019 0.62 - - - 0.27 0.31 0.39 - - - 
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Supplementary Table 4.11 Associations between heteroplasmic variants and diabetes across sixteen mtDNA 

genes among AA 

 Definition 1 Definition 2 Definition 3 

Gene OR 95% CI burden skat skato acat OR 95% CI burden skat skato acat OR 95% CI burden skat skato acat 

D-loop 0.85 (0.72, 1.01) 0.07 0.72 0.12 0.16 0.99 (0.99, 1) 0.11 0.51 0.19 0.21 0.092 (0.0067, 1.26) 0.074 0.63 0.13 0.15 

MT-RNR1 0.96 (0.65, 1.41) 0.84 0.7 0.89 0.78 1 (0.98, 1.01) 0.57 0.54 0.60 0.55 0.83 (0.39, 1.77) 0.63 0.47 0.69 0.55 

MT-RNR2 0.87 (0.65, 1.17) 0.37 0.56 0.55 0.46 1 (0.99, 1.01) 0.67 0.34 0.69 0.50 0.83 (0.41, 1.67) 0.61 0.59 0.81 0.6 

MT-ND1 0.96 (0.69, 1.35) 0.82 0.35 0.54 0.65 1 (0.99, 1.01) 0.6 0.26 0.40 0.41 0.74 (0.16, 3.44) 0.7 0.72 0.89 0.71 

MT-ND2 1.15 (0.74, 1.79) 0.54 0.019 0.037 0.038 1 (0.99, 1.01) 0.77 0.27 0.62 0.54 0.9 (0.18, 4.54) 0.9 0.16 0.27 0.68 

MT-CO1 0.86 (0.7, 1.06) 0.16 0.56 0.25 0.29 1 (0.99, 1) 0.26 0.38 0.21 0.31 1.01 (0.44, 2.34) 0.97 0.37 0.58 0.94 

MT-CO2 0.66 (0.41, 1.07) 0.088 1 0.14 0.99 0.98 (0.97, 1) 0.019 0.98 0.16 0.69 0.13 (0.022, 0.81) 0.029 1 0.05 0.99 

MT-ATP8 0.80 (0.34, 1.9) 0.62 0.49 0.7 0.55 1 (0.97, 1.02) 0.79 0.46 0.46 0.67 15.29 (0.00066, 354737.57) 0.59 0.59 0.75 0.59 

MT-ATP6 1.14 (0.76, 1.71) 0.54 0.23 0.4 0.35 1 (0.99, 1.02) 0.52 0.32 0.55 0.41 56.42 (0.13, 24315.2) 0.19 0.39 0.32 0.27 

MT-CO3 1.02 (0.64, 1.63) 0.93 0.55 0.78 0.87 1 (0.99, 1.01) 0.98 0.64 0.79 0.96 0.96 (0.21, 4.37) 0.95 0.42 0.64 0.91 

MT-ND3 1.75 (0.86, 3.57) 0.12 0.22 0.2 0.16 1.01 (0.99, 1.03) 0.34 0.15 0.29 0.21 0.88 (0.12, 6.4) 0.9 0.78 0.93 0.86 

MT-ND4L 0.64 (0.27, 1.54) 0.32 0.42 0.48 0.37 0.99 (0.96, 1.01) 0.28 0.7 0.12 0.48 0.57 (0.054, 5.94) 0.64 0.55 0.74 0.59 

MT-ND4 1.07 (0.78, 1.48) 0.67 0.31 0.49 0.49 1 (0.99, 1.01) 0.79 0.44 0.50 0.66 0.82 (0.29, 2.33) 0.7 0.64 0.85 0.68 

MT-ND5 0.95 (0.77, 1.18) 0.67 0.15 0.25 0.31 1 (0.99, 1) 0.63 0.26 0.44 0.42 1.66 (0.61, 4.49) 0.32 0.046 0.082 0.084 

MT-ND6 1.03 (0.63, 1.69) 0.89 0.15 0.25 0.63 1 (0.98, 1.01) 0.92 0.3 0.17 0.82 0.48 (0.054, 4.2) 0.5 0.47 0.68 0.49 

MT-CYB 0.86 (0.63, 1.17) 0.35 0.2 0.34 0.26 1 (0.99, 1.01) 0.55 0.17 0.55 0.30 0.73 (0.14, 3.84) 0.71 0.34 0.54 0.53 

WG 0.99 (0.95, 1.02) 0.43 - - - 1 (1, 1) 0.45 - - - 0.93 (0.76, 1.15) 0.51 - - - 
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Supplementary Table 4.12 Associations between heteroplasmic variants and diabetes across sixteen mtDNA 

genes among EA 

 Definition 1 Definition 2 Definition 3 

Gene OR 95% CI burden skat skato acat OR 95% CI burden skat skato acat OR 95% CI burden skat skato acat 

D-loop 1.21 (1.01, 1.46) 0.042 0.45 0.075 0.08 1 (1, 1.01) 0.17 0.26 0.44 0.21 9.58 (0.87, 105.32) 0.065 0.16 0.12 0.093 

MT-RNR1 1.36 (0.94, 1.97) 0.1 0.18 0.18 0.13 1.01 (1, 1.02) 0.072 0.0025 0.29 0.0048 1.8 (0.94, 3.46) 0.079 0.0055 0.011 0.01 

MT-RNR2 0.99 (0.75, 1.3) 0.93 0.52 0.75 0.87 1 (0.99, 1.01) 0.82 0.61 0.9 0.74 0.87 (0.53, 1.42) 0.57 0.76 0.8 0.69 

MT-ND1 1.21 (0.76, 1.94) 0.42 0.12 0.23 0.2 1.01 (0.99, 1.02) 0.33 0.044 0.67 0.079 4.08 (0.95, 17.46) 0.058 0.029 0.053 0.039 

MT-ND2 1.16 (0.74, 1.82) 0.52 0.37 0.59 0.44 1 (0.99, 1.01) 0.38 0.19 0.24 0.26 1.26 (0.32, 4.91) 0.74 0.36 0.56 0.57 

MT-CO1 0.97 (0.71, 1.32) 0.85 0.26 0.44 0.64 1 (0.99, 1.01) 0.90 0.37 0.58 0.79 0.6 (0.31, 1.16) 0.13 0.85 0.23 0.45 

MT-CO2 0.81 (0.52, 1.27) 0.36 0.84 0.57 0.7 1 (0.99, 1.01) 0.38 0.69 0.58 0.54 0.74 (0.21, 2.65) 0.64 0.77 0.85 0.72 

MT-ATP8 1.13 (0.48, 2.65) 0.78 0.11 0.2 0.29 1 (0.99, 1.02) 0.75 0.12 0.11 0.3 618.9 (0.00089, 431507131.83) 0.35 0.2 0.32 0.26 

MT-ATP6 0.88 (0.56, 1.36) 0.56 0.78 0.79 0.7 1 (0.99, 1.01) 0.52 0.91 0.91 0.84 0.035 (0.00011, 11.41) 0.26 0.86 0.42 0.67 

MT-CO3 1.26 (0.8, 1.98) 0.32 0.011 0.021 0.021 1 (0.99, 1.01) 0.62 0.16 0.091 0.31 1.19 (0.3, 4.76) 0.81 0.2 0.34 0.51 

MT-ND3 1.32 (0.64, 2.73) 0.45 0.19 0.34 0.28 1.01 (0.99, 1.02) 0.52 0.15 0.2 0.25 0.96 (0.18, 5.23) 0.97 0.37 0.56 0.93 

MT-ND4L 1.50 (0.62, 3.65) 0.37 0.1 0.18 0.17 1.01 (0.99, 1.03) 0.26 0.039 0.053 0.069 1.69 (0.31, 9.15) 0.54 0.28 0.45 0.4 

MT-ND4 1.29 (0.91, 1.82) 0.16 0.066 0.12 0.094 1 (0.99, 1.01) 0.43 0.35 0.89 0.39 0.54 (0.21, 1.34) 0.18 0.98 0.32 0.96 

MT-ND5 1.16 (0.91, 1.47) 0.24 0.17 0.29 0.2 1 (1, 1.01) 0.65 0.41 0.31 0.53 1.03 (0.45, 2.36) 0.94 0.58 0.81 0.89 

MT-ND6 1.04 (0.63, 1.71) 0.89 0.55 0.78 0.81 1 (0.99, 1.01) 0.84 0.42 0.62 0.71 2.77 (0.43, 17.77) 0.28 0.17 0.3 0.22 

MT-CYB 0.90 (0.69, 1.18) 0.46 0.87 0.68 0.76 1 (0.99, 1) 0.42 0.9 0.38 0.81 0.9 (0.22, 3.67) 0.88 0.5 0.73 0.79 

WG 1.03 (0.98, 1.08) 0.23 - - - 1 (1, 1) 0.34 - - - 1.02 (0.83, 1.25) 0.83 - - - 
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Supplementary Table 4.13 Associations between heteroplasmic variants and adjusted LDL across sixteen mtDNA 

genes among AA 

 Definition 1 Definition 2 Definition 3 

Gene beta se burden skat skato acat beta se burden skat skato acat beta se burden skat skato acat 

D-loop 1 1.04 0.34 0.066 0.11 0.11 0.031 0.038 0.41 0.058 0.047 0.11 14.69 16.57 0.38 0.42 0.55 0.4 

MT-RNR1 1.72 2.59 0.51 0.53 0.7 0.52 0.049 0.083 0.55 0.27 0.18 0.39 5.4 5.37 0.31 0.26 0.41 0.28 

MT-RNR2 1.44 1.97 0.47 0.12 0.19 0.2 0.013 0.059 0.82 0.23 0.24 0.56 0.031 4.8 0.99 0.68 0.88 0.99 

MT-ND1 2.19 2.25 0.33 0.35 0.49 0.34 0.058 0.066 0.38 0.25 0.35 0.31 -6.11 10.47 0.56 0.98 0.78 0.97 

MT-ND2 0.36 3.06 0.91 0.59 0.82 0.84 -0.009 0.08 0.91 0.46 0.91 0.83 -8.46 11.25 0.45 0.91 0.67 0.83 

MT-CO1 1.36 1.31 0.3 0.14 0.21 0.2 0.042 0.047 0.37 0.024 0.012 0.046 0.87 6.08 0.89 0.11 0.2 0.48 

MT-CO2 4.57 3.35 0.17 0.066 0.11 0.097 0.089 0.098 0.36 0.44 0.91 0.4 7.93 12.74 0.53 0.26 0.42 0.37 

MT-ATP8 3.5 6.25 0.58 0.99 0.79 0.98 0.1 0.17 0.54 0.96 0.58 0.93 38.5 35.07 0.27 0.39 0.31 0.33 

MT-ATP6 -1.26 2.69 0.64 0.94 0.84 0.9 -0.048 0.079 0.54 0.72 0.89 0.64 -24.15 44.29 0.59 1 0.8 1 

MT-CO3 0.37 3.41 0.91 0.18 0.31 0.75 0.027 0.095 0.78 0.5 0.39 0.67 0.96 11.96 0.94 0.77 0.94 0.9 

MT-ND3 5.42 5.28 0.3 0.089 0.16 0.14 0.2 0.16 0.2 0.12 0.95 0.15 -21.47 13.59 0.11 0.41 0.18 0.19 

MT-ND4L 7.72 5.94 0.19 0.14 0.21 0.16 0.28 0.17 0.11 0.037 0.29 0.055 21.86 17.04 0.2 0.0045 0.0062 0.0089 

MT-ND4 0.14 2.21 0.95 0.11 0.18 0.82 0.011 0.067 0.87 0.42 0.93 0.76 -2.69 7.99 0.74 0.48 0.7 0.63 

MT-ND5 2.5 1.35 0.065 0.15 0.095 0.09 0.082 0.039 0.037 0.072 0.14 0.049 9.45 6.71 0.16 0.084 0.14 0.11 

MT-ND6 1.2 3.39 0.72 0.18 0.3 0.39 0.027 0.1 0.79 0.34 0.73 0.62 -15.08 15.95 0.34 0.89 0.53 0.77 

MT-CYB -0.99 2.2 0.65 0.78 0.86 0.73 -0.034 0.06 0.57 0.53 0.79 0.55 -25.51 12.19 0.036 0.56 0.067 0.074 

WG 0.22 0.21 0.28 - - - 0.0066 0.0066 0.32 - - - 0.41 1.29 0.75 - - - 
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Supplementary Table 4.14 Associations between heteroplasmic variants and adjusted LDL across sixteen mtDNA 

genes among EA 

 Definition 1 Definition 2 Definition 3 

Gene beta se burden skat skato acat beta se burden skat skato acat beta se burden skat skato acat 

D-loop -0.67 0.95 0.48 0.32 0.51 0.39 0.0016 0.032 0.96 0.77 0.91 0.93 -11.39 12.62 0.37 0.42 0.57 0.39 

MT-RNR1 0.083 1.95 0.97 0.021 0.037 0.1 -0.045 0.049 0.36 0.44 0.51 0.4 -1.82 3.65 0.62 0.32 0.52 0.46 

MT-RNR2 -1.48 1.59 0.35 0.93 0.56 0.85 -0.024 0.039 0.54 0.89 0.29 0.81 -3.28 2.88 0.25 0.91 0.42 0.78 

MT-ND1 -2.93 2.37 0.22 0.5 0.37 0.32 -0.064 0.052 0.22 0.45 0.28 0.31 -7.85 7.42 0.29 0.5 0.47 0.38 

MT-ND2 -2.55 2.31 0.27 0.39 0.45 0.32 -0.028 0.052 0.59 0.19 0.47 0.33 -8.55 7.09 0.23 0.94 0.38 0.86 

MT-CO1 -4.89 1.65 0.0031 0.14 0.0058 0.0061 -0.11 0.038 0.0032 0.12 0.01 0.0062 -13.4 3.9 6.00E-04 0.068 0.0011 0.0012 

MT-CO2 2.09 2.37 0.38 0.4 0.59 0.39 0.062 0.056 0.27 0.25 0.67 0.26 7.88 6.79 0.25 0.02 0.039 0.038 

MT-ATP8 -7.94 4.54 0.081 0.57 0.14 0.16 -0.18 0.098 0.074 0.38 0.13 0.13 -28.57 39.97 0.47 0.93 0.59 0.86 

MT-ATP6 0.038 2.21 0.99 0.86 0.98 0.97 -0.0024 0.05 0.96 0.86 0.61 0.94 -26.21 29.03 0.37 0.67 0.62 0.52 

MT-CO3 0.28 2.34 0.91 0.79 0.95 0.87 0.028 0.053 0.6 0.73 0.75 0.67 2.15 7.75 0.78 0.59 0.81 0.71 

MT-ND3 -1.62 3.83 0.67 0.59 0.82 0.63 -0.012 0.09 0.9 0.71 0.69 0.84 0.22 9.45 0.98 0.99 1 0.99 

MT-ND4L 1.29 4.7 0.78 0.24 0.4 0.53 -0.00099 0.1 0.99 0.34 0.79 0.98 -13.02 9.7 0.18 0.9 0.29 0.71 

MT-ND4 -2.54 1.77 0.15 0.95 0.25 0.86 -0.047 0.045 0.3 0.97 0.84 0.93 0.88 5.29 0.87 0.58 0.81 0.79 

MT-ND5 -1.19 1.28 0.35 0.77 0.55 0.6 -0.037 0.033 0.26 0.46 0.74 0.35 0.28 4.54 0.95 0.38 0.59 0.9 

MT-ND6 0.83 2.66 0.76 0.81 0.93 0.79 0.0061 0.06 0.92 0.66 0.85 0.86 7.88 9.92 0.43 0.74 0.64 0.61 

MT-CYB -0.49 1.4 0.73 0.98 0.91 0.96 0.0063 0.036 0.86 0.94 0.97 0.92 -1.08 7.41 0.88 0.96 0.98 0.94 

WG -0.34 0.25 0.17 - - - -0.0087 0.0072 0.23 - - - -2.34 1.15 0.042 - - - 
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Supplementary Table 4.15 Associations between heteroplasmic variants and hyperlipidemia across sixteen 

mtDNA genes among AA 

 Definition 1 Definition 2 Definition 3 

Gene OR 95% CI burden skat skato acat OR 95% CI burden skat skato acat OR 95% CI burden skat skato acat 

D-loop 0.96 (0.86, 1.08) 0.49 0.66 0.7 0.58 1 (0.99, 1) 0.35 0.46 0.3 0.4 0.61 (0.1, 3.58) 0.58 0.74 0.79 0.67 

MT-RNR1 0.98 (0.73, 1.31) 0.89 0.93 0.98 0.91 1 (0.99, 1.01) 0.86 0.82 0.92 0.84 0.9 (0.5, 1.63) 0.73 0.89 0.91 0.84 

MT-RNR2 0.89 (0.72, 1.11) 0.3 0.57 0.46 0.42 1 (0.99, 1) 0.21 0.47 0.71 0.31 0.82 (0.49, 1.37) 0.45 0.27 0.45 0.35 

MT-ND1 0.98 (0.77, 1.25) 0.86 0.62 0.83 0.79 1 (0.99, 1.01) 0.93 0.62 0.89 0.88 1.02 (0.33, 3.15) 0.97 0.66 0.87 0.94 

MT-ND2 0.90 (0.65, 1.24) 0.52 0.1 0.19 0.19 1 (0.99, 1) 0.29 0.37 0.47 0.33 0.92 (0.29, 2.95) 0.89 0.37 0.57 0.77 

MT-CO1 0.95 (0.82, 1.09) 0.44 0.67 0.6 0.56 1 (0.99, 1) 0.42 0.68 0.85 0.56 1.08 (0.57, 2.05) 0.81 0.66 0.87 0.75 

MT-CO2 0.85 (0.6, 1.22) 0.39 0.81 0.58 0.66 1 (0.99, 1.01) 0.41 0.72 0.88 0.58 0.87 (0.22, 3.35) 0.84 0.74 0.92 0.8 

MT-ATP8 0.96 (0.5, 1.85) 0.9 0.5 0.72 0.82 1 (0.98, 1.02) 0.92 0.55 0.62 0.85 0.35 (0.0053, 22.91) 0.62 0.55 0.63 0.59 

MT-ATP6 0.92 (0.69, 1.23) 0.59 0.5 0.72 0.54 1 (0.99, 1.01) 0.46 0.3 0.36 0.37 34.92 (0.32, 3761.15) 0.14 0.31 0.23 0.19 

MT-CO3 0.76 (0.53, 1.09) 0.13 0.44 0.23 0.22 1 (0.99, 1.01) 0.42 0.61 0.39 0.52 0.62 (0.17, 2.23) 0.47 0.21 0.35 0.31 

MT-ND3 1.35 (0.77, 2.38) 0.29 0.68 0.46 0.48 1.01 (1, 1.03) 0.15 0.61 0.16 0.28 1.28 (0.29, 5.66) 0.75 0.42 0.61 0.61 

MT-ND4L 1.04 (0.55, 1.97) 0.91 0.92 0.99 0.92 1 (0.98, 1.02) 0.81 0.86 0.95 0.84 0.94 (0.15, 5.87) 0.94 0.79 0.93 0.91 

MT-ND4 0.91 (0.72, 1.15) 0.44 0.39 0.59 0.41 1 (0.99, 1) 0.43 0.46 0.42 0.44 0.88 (0.38, 2.06) 0.78 0.57 0.79 0.69 

MT-ND5 0.99 (0.86, 1.14) 0.88 0.44 0.63 0.78 1 (1, 1) 0.95 0.35 0.41 0.9 1.29 (0.63, 2.61) 0.49 0.43 0.64 0.46 

MT-ND6 0.88 (0.62, 1.26) 0.49 0.87 0.7 0.76 1 (0.99, 1.01) 0.56 0.82 0.62 0.73 0.55 (0.1, 2.94) 0.49 0.46 0.67 0.48 

MT-CYB 0.91 (0.72, 1.16) 0.46 0.42 0.64 0.44 1 (0.99, 1) 0.43 0.57 0.43 0.5 0.35 (0.094, 1.29) 0.11 0.32 0.2 0.17 

WG 0.99 (0.97, 1.01) 0.38 - - - 1 (1, 1) 0.35 - - - 0.95 (0.83, 1.1) 0.49 - - - 
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Supplementary Table 4.16 Associations between heteroplasmic variants and hyperlipidemia across sixteen 

mtDNA genes among EA 

 Definition 1 Definition 2 Definition 3 

Gene OR 95% CI burden skat skato acat OR 95% CI burden skat skato acat OR 95% CI burden skat skato acat 

D-loop 0.95 (0.85, 1.07) 0.42 0.75 0.63 0.61 1 (0.99, 1) 0.35 0.22 0.35 0.27 0.96 (0.22, 4.25) 0.96 0.74 0.92 0.93 

MT-RNR1 0.86 (0.67, 1.09) 0.2 0.29 0.34 0.24 1 (0.99, 1) 0.15 0.52 0.48 0.26 0.71 (0.45, 1.12) 0.14 0.65 0.24 0.28 

MT-RNR2 0.89 (0.73, 1.08) 0.25 0.53 0.41 0.36 1 (0.99, 1) 0.51 0.64 0.91 0.58 0.78 (0.55, 1.11) 0.16 0.38 0.28 0.24 

MT-ND1 0.69 (0.52, 0.93) 0.013 0.029 0.025 0.018 0.99 (0.99, 1) 0.01 0.022 0.038 0.014 0.69 (0.28, 1.67) 0.41 0.30 0.49 0.35 

MT-ND2 0.87 (0.65, 1.15) 0.33 0.39 0.53 0.36 1 (0.99, 1) 0.58 0.49 0.86 0.54 0.59 (0.24, 1.46) 0.25 0.24 0.41 0.25 

MT-CO1 0.70 (0.57, 0.86) 0.00071 0.14 0.14 0.0014 0.99 (0.99, 1) 0.0013 0.19 0.086 0.0025 0.28 (0.17, 0.46) 3.40E-07 0.02 0.018 6.90E-07 

MT-CO2 0.90 (0.66, 1.21) 0.47 0.58 0.7 0.52 1 (0.99, 1.01) 0.79 0.51 0.73 0.68 1.04 (0.45, 2.42) 0.93 0.42 0.64 0.86 

MT-ATP8 0.54 (0.31, 0.95) 0.033 0.38 0.059 0.064 0.99 (0.98, 1) 0.053 0.35 0.52 0.095 0.017 (8.8e-05, 3.41) 0.13 0.53 0.18 0.24 

MT-ATP6 0.86 (0.65, 1.13) 0.28 0.56 0.47 0.4 1 (0.99, 1) 0.6 0.47 0.28 0.53 0.018 (0.00051, 0.66) 0.029 0.22 0.053 0.051 

MT-CO3 1.05 (0.79, 1.4) 0.75 0.78 0.93 0.77 1 (1, 1.01) 0.37 0.78 0.96 0.62 1.22 (0.47, 3.15) 0.68 0.34 0.55 0.52 

MT-ND3 1.04 (0.65, 1.67) 0.88 0.66 0.87 0.81 1 (0.99, 1.01) 0.68 0.43 0.27 0.56 0.84 (0.25, 2.82) 0.77 0.77 0.93 0.77 

MT-ND4L 0.79 (0.45, 1.39) 0.42 0.35 0.55 0.38 0.99 (0.98, 1.01) 0.39 0.33 0.55 0.36 0.63 (0.2, 2) 0.44 0.66 0.64 0.56 

MT-ND4 0.89 (0.72, 1.11) 0.32 0.28 0.46 0.3 1 (0.99, 1) 0.44 0.51 0.56 0.48 1.1 (0.57, 2.1) 0.78 0.54 0.78 0.69 

MT-ND5 0.99 (0.84, 1.17) 0.92 0.37 0.58 0.84 1 (1, 1) 0.91 0.35 0.87 0.8 0.61 (0.35, 1.08) 0.092 0.30 0.17 0.14 

MT-ND6 1.11 (0.8, 1.55) 0.53 0.49 0.72 0.51 1 (0.99, 1.01) 0.7 0.33 0.34 0.52 3.04 (0.9, 10.29) 0.073 0.75 0.13 0.17 

MT-CYB 0.94 (0.79, 1.11) 0.45 0.45 0.67 0.45 1 (1, 1) 0.97 0.55 0.7 0.95 0.98 (0.39, 2.46) 0.97 0.73 0.91 0.94 

WG 0.97 (0.94, 1) 0.049 - - - 1 (1, 1) 0.075 - - - 0.79 (0.68, 0.9) 0.00082 - - - 
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