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Abstract

Homozygosity indicates the state of possessing two identical alleles of a particular

gene, one inherited from each parent. Homozygous genes are these where both copies

share identical alleles at one specific site, this can result from identical mutations on

one site or several sites on both copies. In contrast, heterozygous genes are those

with different alleles at a given site, compound heterozygous genotype occurs when

there is more than one mutation on either copy of the gene but at different sites.

Homozygosity plays a key role in the risk of recessive Mendelian diseases. Be-

cause for recessive diseases, it is only when dysfunctional mutations are expressed

on both copies of an individual’s genome that these variants cause genetic diseases

such as cystic fibrosis and phenylketonuria. When a gene has two recessive alle-

les for the same gene, but the two alleles are different from each other, that is both

copies have dysfunctional mutations at different locations, these genotypes are called

compound heterozygosity. Both homozygosity and compound heterozygosity could

end up in completely knocked out of the function for a selected gene. Therefore,

homozygosity and heterozygosity are important risk factors for recessive genetic dis-

orders. It is essential to understand which genes have recessive effects on phenotypes.

Some work has been done on ranking human genes based on their tolerance to

functional genetic variants. These studies give a sense of how unusual functional
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mutation is in the context of a particular gene. Other work like genetic constraints

test for a depletion of rare singleton qualifying variation over expectation, based on

mutation rate, using large population databases. This work has been useful for iden-

tifying genes with strong dominant effects. However, there is currently no method

for identifying recessive intolerant gene.

Here, we propose a method for identifying recessive intolerant genes by looking

for a deficit of homozygosity and compound heterozygosity using human standing

variations. We first develop a novel computationally efficient and robust statistical

model to evaluate the viability of individuals according to the number of copies of a

selected gene harboring rare dysfunctional variants, using human standing variation

data. Then, we build a general framework to assess whether there’s evidence sup-

porting a shift towards a deficit of homozygosity or compound heterozygosity from

the distribution of expected genotypes. Third, we apply the statistical Score tests to

evaluate the deficit probability of a given gene. Finally, we use a simulation model

to further confirm the accuracy of our framework.
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1

Introduction

1.1 Homozygous and heterozygous genotypes

Homozygous genes are these where both copies share identical alleles at one specific

site, this can result from identical mutations on one site or several sites on both

copies. In contrast, heterozygous genes are those with different alleles at a given

site, compound heterozygous genotype occurs when there are more than one muta-

tion on the gene at different sites, these mutations could happen on either copy of

the gene [1]. As shown in Figure 2.1, heterozygous genotype could either denotes

multi mutations on only one copy of the gene, or these mutations could affect both

copies of a given gene. For recessive Mendelian diseases, only when both copies of

a gene get affected by dysfunctional mutations, the individual would have high risk

to the disease. Under this scenario, both homozygous genotypes and compound het-

erozygous genotypes could result in a complete ’knock out’ of gene function [2].

Different genes have different intolerant abilities to dysfunctional mutations. It

is essential to understand which genes have recessive effect on phenotypes. With
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the revolutionary development of next-generation sequencing (NGS) techniques, an

increasing amount of population data is available for genetic studies, researchers are

now able to study variations both within a given gene or domain and throughout the

whole human genome [3]. This gives us the opportunity to focuses on associations be-

tween genotypes like single nucleotide polymorphisms (SNPs) and phenotypes with

dominant, recessive, or additive Mendelian diseases [4, 5]. Most phenotypes of inter-

est are results of multi-gene dysfunction, with more than one mutation influencing a

set of genes, whole genome sequence (WGS) and whole exome sequence (WES) can

capture these mutations at a low cost [6].

In the same way that different mutations on a gene would play different roles on

the protein products, mutations related to dominant, recessive, and additive pheno-

types of a gene also result in differential impacts on the biological function of the

protein products. For variants correlated to Mendelian recessive disorders, individ-

uals carrying only one copy of a selected gene affected by these mutations would

not have diseases or their risk to some certain diseases would be significant low.

When both copies of an intolerant gene got affected by dysfunctional mutations, the

individual would have relative high risk to some certain diseases. It is essential to

develop a framework which could highlights genes that are intolerant to having both

copies of selected genes affected by dysfunctional mutations.

1.2 Genetic intolerance and human genetic constraints

Progress in scoring the functional impact of mutations along genes, sub domains

of genes, and exomes has been made. Residual Variation Intolerance Score (RVIS)

ranks genes based on their likelihood to impact diseases [7], similar work has been

done on evaluating mutations on non-coding regions, and predicting the genes known

to cause disease through up or down regulate expression level based on their depleted
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of loss-of-function alleles in the general population [8], and subRVIS evaluates gene

sub regions based on their intolerance score to dysfunctional mutations [9]. These

methods evaluate the proportion of common functional and dysfunctional variations

in each gene or sub region; as a result, identifying genes, sub regions, and non-coding

segments appear to be intolerant to mutations. This work provides the opportunity

to evaluate the impact of functional variations on certain diseases, (e.g., mutations

down regulate or up regulate gene expression, and mutations can significantly change

the protein products) [10]. In addition, these metrics allow us to systemically eval-

uate genes according to their impact on whole genome, as well as their intolerance

to dysfunctional mutations. Although these methods worked well on ranking genes

according to the intolerance to LoF mutations, and predicting the effects of de novo

mutations, these methods lost power in ranking genes according to the mutations

associated to recessive genetic disorders.

Methods have recently been developed for testing the association of compound

heterozygosity with diseases in case-control studies [11, 12]. For example, some work

has been done in cancer related homozygous mutations [13, 14] and genome-wide

copy-number analysis through microarray to detect regions of homozygosity (ROH)

in a genome wide manner [15, 16]. Additionally, recent studies have shown that

CRISPR mediated heterozygous mutations play an important role in heterozygous

gene repair [17]. A recent study tested the effect of rare compound heterozygous and

recessive mutations in case-parent trios [18]. Another way to test a depletion of rare

dysfunction variation over expectation using large population database, is to use the

human genetic constraints [19].

Some early studies showed that population homozygosity is a powerful parame-

ter to test a departure of alleles from neutrality to heterozygous advantage [20, 21].
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Other studies showed that to test a departure of alleles from neutrality to heterozy-

gous advantage, the population homozygosity is a powerful parameter [22]. Watter-

son demonstrated that the sample homozygosity has a distribution corresponding to

the numbers of alleles and the proportion of alleles converages, and the homozygos-

ity is determined by the departure of heterozygous disadvantage [20, 23]. However,

this method lost power in testing homozygosity when the allele frequencies are rare,

especially when rare variants are more likely to be of recent originated. Another

limitation is that, there’s no human population data to support these studies till

recently. Genes correlated to recessive diseases have been implicated in a large num-

ber of studies, but there are few statistical methods for quantifying their impact on

survival rate on the population scale, especially when such mutations are rare.

1.3 A method for identifying recessive intolerant genes

In this study, we propose a framework to test the loss of homozygosity and com-

pound heterozygosity in recessive disease models on population data. We aim to

test on coding regions of genes to assess if there is a loss of homozygosity and com-

pound heterozygosity throughout the whole genome. This study not only develops a

framework to evaluate the distribution of human standing variants but also estimate

the viabilities for individuals with known number of variants on certain regions of

genes. Based on population variants frequencies and viabilities, this work provides a

pattern of natural selection on individuals with risk to recessive diseases.

The core hypothesis in this study is that there’s a deficit of homozygosity and

trans compound heterozygosity in population data. Under the null hypothesis, the

odds ratio of getting some disease for an individual with both copies of a gene af-

fected by a loss-of-function (LoF) mutation is identical to those from individuals
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with only one or neither copy affected. Although a lot of work has been done on

testing correlations between homozygous and heterozygous variants and diseases,

few statistical methods to systematically analyze genes have been explored [7], no

work has been done to evaluate genes’ intolerance to harboring homozygous and

compound heterozygous mutations. In this study, we focus on both coding regions

of the genome. This frame work can also be applied to sub regions and sub domains

of genes [24], as well as non-coding regions of the genome, which have been shown

to play an important role in numerous diseases [25].

There is current no method for identify recessive intolerant genes, in this work, we

first develop a novel computationally efficient and robust statistical model to evaluate

the viability of individuals according to the number of copies of a given gene har-

boring rare dysfunctional variants using population data. Next, we build a general

framework to assess whether there is evidence supporting a shift towards a deficit of

homozygosity or compound trans heterozygosity from the distribution of expected

genotypes. Under the null hypothesis, there is no difference between viabilities from

individuals having less than 2 copies of a gene affected by dysfunctional mutations

and individuals having both copies of the gene affected. To infer, the model is based

on a shift in homozygosity from the expectation given the assumptions that variants

are independent, there’s no linkage equilibrium between rare mutations, and gene

copies are randomly sampled. Third, we apply the statistical score tests to evaluate

the deficit probability of a given gene. Rao’s Score Test (RST) is the most powerful

test when the true value of parameter β is close to alternative parameter β0. One of

its main advantages is that the test does not require an estimate of the information

under the alternative hypothesis or unconstrained maximum likelihood. So, we apply

RST to further confirm the confidence and accuracy of our model.

5



Finally, we use a simulation model to further confirm the accuracy of our frame-

work. To do this, we simulate a set of genotypes based on the allele frequencies from

the population data, and then filter the genotypes according to the viabilities of their

risk to recessive diseases. With sufficient samples of simulated genotypes, we could

apply the developed framework to test the confidence region of viabilities for each

gene given the variants frequencies in population data.
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2

A Framework to Test A Loss of Homozygosity and
Compound Heterozygosity

In our work, we first develop a novel computationally efficient and robust statisti-

cal model to evaluate the viability of individuals according to the number of copies

of a given gene harboring rare dysfunctional variants using population data. Next,

we build a general framework to assess whether there is evidence supporting a shift

towards a deficit of homozygosity or compound trans heterozygosity from the dis-

tribution of expected genotypes. Under the null hypothesis, there is no difference

between viabilities from individuals having less than 2 copies of a gene affected by

dysfunctional mutations and individuals having both copies of the gene affected.

To infer, the model is based on a shift in homozygosity from the expectation

given the assumptions that variants are independent, there is no linkage equilibrium

between rare mutations, and gene copies are randomly sampled. Third, we apply the

statistical score test to evaluate the deficit probability of a given gene. Rao’s Score

Test is the most powerful test when the true value of parameter β is close to alter-

native parameter β0, one of its main advantages is that the test does not require an
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Figure 2.1: Example of Homozygous and heterozygous genotypes.

estimate of the information under the alternative hypothesis or unconstrained maxi-

mum likelihood. So, we apply RST to further confirm the confidence and accuracy of

our model. Finally, we will use a simulation model to further confirm the accuracy

of our framework. To do this, we simulate a set of genotypes based on the allele

frequencies from the population data, and then filter the genotypes according to the

viabilities of their risk to recessive diseases. With sufficient samples of simulated

genotypes, we could apply the developed framework to test the confidence region of

viabilities for each gene given the variants frequencies in population data.

2.1 Models to demonstrate homozygosity and heterozygosity

Develop a new method to estimate loss of homozygosity and compound trans het-
erozygosity in the population.

This study quantifies mutations defined by their predicted functional impact, and

their rarity in the population. In order to investigate the correlation of validity and

genotypes with both copies of a gene affected by LoF mutations. With more vari-
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ants, the more susceptibility a gene would be to have both copies affected. The

more important a gene is, the more intolerant that would be to dysfunctional muta-

tions. The idea here is very straight forward, we assume that the population breeds

randomly. And that genes are randomly mixed, according to Hardy-Weinberg Equi-

librium (HWE) theory. As a result, there should be an increase of homozygous geno-

types without natural selection, thus the risk of having recessive Mendelian diseases

would increase among the population. When natural selection is involved, individ-

uals harboring two mutated copies of sensitive genes would not likely to survive,

resulting in a deficit of homozygosity to dysfunctional mutations in the population.

We first develop a new method to estimate the viability ratio of individuals having

x copies of gene affected by dysfunctional mutations. Next we develop a statistical

method to test the loss of homozygosity and compound trans heterozygosity in the

population.

2.2 Genes intolerant to recessive mutations

GWAS relies on linkage between variants and diseases, and lacks the power to test

rare variants GWAS relies on linkage disequilibrium (LD) at the population level,

to link genomic loci to disease phenotypes or complex traits. Under the assumption

that genetic markers play an important role in the disease risk. Traditionally, GWAS

focuses on common variants to common disease (CVCD), recently a lot of work has

been done on rare variants correlated to disease risk [26, 27]. For the complex traits, a

lot of studies have shown that multiple loci have genome wide statistical significance,

thus GWAS may lose the power to identify most of the loci related to the traits. This

can occur because of a lack of statistical significance, and the genetic recombination

would break the LD [28]. Under the natural selection and the evolutionary theory,

variants correlated with disease risk would be eliminated and left at low frequency in
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Figure 2.2: Framework for variation discovery and genotyping from next-generation
DNA sequencing. Nature Genetics 43, 491498 (2011)

the population data, and such disease causing variants would lose LD in comparison

to common variants [29]. In this research, we develop a novel framework to evaluate

the intolerance of genes to rare mutations. This method focuses on the overall im-

pact of variants on genes to individual viability. This is independent to any simple

or multiple diseases models, thus our model is powerful in testing variants without

known linkage to disease risk.

SNP and genotype calling focuses on sets of variants, heterozygous identification

have limitations in whole genome analysis GWAS vary from identifying SNPs which

directly change protein products to correlating SNPs related to disease risk [4]. In

SNP calling and genotype calling, the first step is to prepare a DNA segment library.

In this step, a DNA sequence, either a short gene or a whole chromosome, is digested
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by restriction enzymes into short sequences (200-600 bases). This is followed by

3’ and 5’ end ligation with adapters, the segments are then amplified by PCR and

purified. The second step is cluster generation, where the labeled amplified short

sequences are loaded into sequencing chips through the hybridization of adapters.

The third step is sequencing. Through fluorescence-based chain-termination meth-

ods. After sequencing, reads for these short DNA sequences are generated, and the

final step is to analyze the reads data, either by de novo assembly or by mapping

the reads back to a reference genome [30]. Following this mapping, SNP calling and

allele identification methods can be used, whereas genotype calling determines the

genotype of a specific gene for a person by that SNP site [31]. SNP calling relies

on the quality of reads mapping to the reference sequence, which is quantified by

Phred quality score for each base, this is defined by QPhred “ ´10 ˚ log10P perrorq

[32, 33], where, Q20 means an error rate of 1%. Early methods to call genotypes

depend on the proportion of the non-reference allele, when this lies between 20% and

80%, a heterozygous genotype is called for that specific site, otherwise a homozy-

gous genotype is called [34]. The accuracy of this method depends on the depth of

sequencing, it does not work well with low sequencing depths data, like when the

coverage is less than 5. In contrast, probability methods based on fixed cutoffs could

handle low sequencing data well [35]. Given a genotype P pG “ gq, the probability of

getting that genotype by observing a series of allels P pObsq on a specific site can be

expressed as P pObs|G “ gq “
P pG “ g|Obsq ˚ P pObsq

ř

G“g1 P pG “ g1qP pObs|G “ g1q
, and the likelihood

for the genotype is calculated according to Bayes’ Theorem, which is the posterior

probability of genotype P pG “ gq [36]. Using known SNP sites from allele frequency

databases to calculate the prior probability of each genotype could significantly im-

prove the accuracy of heterozygous site detection. Some work has been done in

identifying homozygosity and heterozygosity in diseases like cancer and Hepatitis
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C [10, 37, 38]. However, homozygous and heterozygous genotype calling is limited

to a small set of SNPs within genes correlated with disease risk, and it is often re-

stricted by familial data. To overcome these limitations, we develop a framework

to test variants throughout the whole genome, and rank genes or regions intolerant

to harboring both copies affected with these variants. As a result, our work does

not rely on genotype calling, instead it relies on known allele frequencies to evaluate

the viability of individuals carrying homozygous and compound trans heterozygous

genotypes based on the prior probability of a given genotype.

RVIS ranks genes in a systematic way, based on variant scoring metric, but loses

statistic power in genes related to recessive disease risk. Previous work focuses on

ranking genes according to their intolerance to LoF mutations, models like RVIS,

ncRVIS, and subRVIS can provide a sense of how unusual functional mutations are

in the context of a particular gene, which is useful in interpreting family wide stud-

ies of genome de novo mutations [7, 8, 9]. Although some mutations could result

in severe Mendelian diseases, many genes are able to tolerate such alleles as long

as only one copy of the gene is affected. Take the Titan gene for example, it has

over 10,000 known variants on both copies, of which over 400 are rare dysfunctional

variants. Theoretically, there should be a lot of cases with homozygosity and com-

pound trans heterozygosity from clinical sequencing data. However we did not see

any homozygosity among 58 LoF mutations in Exome Variant Server (EVS), and no

homozygosity among 24 LoF variants in 4365 individuals from the Center for Hu-

man Genome Variant (CHGV) control dataset. There is no homozygosity observed

among offspring in 415 infantile spasms and Lennox-Gastaut Syndrome (IS/LGS)

trios. These results show a deficit of homozygosity for this gene in the population.

Additionally, little is known about how to quantify the rarity of functional homozy-

gous or compound heterozygous mutations in a particular genetic context. Testing
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Table 2.1: Variants on Titan Gene

Expected and Observed Variants on TTN gene
Constraint from ExAC Expected Observed Constraint Metric

Synonymous 4148.1 4252 z = -1.00
Missense 10523.4 11673 z = -5.48

LoF 893.9 247 pLI = 0.00

the present of rare mutations related to recessive diseases remains unexplored. As a

result, we test the loss of homozygosity and compound heterozygosity in all genes,

and rank those intolerant to having both copies affected by rare LoF mutations.

We propose the development of a novel method that highlights genes which are

intolerant to having both gene copies affected by deleterious alleles (Fig 2.1). Our

approach looks for a deficit in the observed number of individuals in which mu-

tations affect both copies of a gene from the expected population data of human

standing variation. The assumption is developed under Mendelian law and Linkage

equilibrium, when the allele frequencies for each rare LoF mutation are known and

are independently distributed across the gene, any genotypes are randomly sam-

pled. Our framework does not rely on disease related variants, and is powerful in

testing rare mutations correlated to human viability. This model does not have the

limitation of a certain set of prior selected genes or already know genes related to

diseases risk, it considers variants throughout the whole genome. This will provide

a systematic view about genes’ intolerance to having both copies affected by rare

dysfunctional mutations. And most importantly, to our knowledge, this model will

be the first one to evaluate the loss of homozygosity and compound heterozygosity

for all genes based on human population data.
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2.3 Innovation, from prior selected genotype studies to systematic
studies

Genetic risk factors underlying rare and common variants correlated to recessive dis-

orders remain unexplored. Due to the complex traits and the heterogeneous nature

of the correlation between genotypes and phenotypes. Genome wide sequencing and

GWAS make it possible to plot a physical map of sequence and variants for each

individual, which gives us a new way to study genes associated with disease instead

of genotype-phenotype correlation studies based on priori evidence of biological rel-

evance [39].

We introduce a novel framework for systematically studying the intolerance of

genes based on population data, this work is independent from any genotype-phenotype

correlations or known disease pathways. After applying the model to personal se-

quencing data, this model could transfer next-generation sequencing (NGS) data

from individuals to predict their risk for recessive diseases. It is also powerful in its

potential to predict the genetic risk of recessive genetic disorders of offspring given

the sequencing data of parents.
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3

Hypothesis Testing

3.1 Develop a Bayesian model to estimate heterozygous advantage

Homozygosity and heterozygosity are terms used to describe the genotypes on a gene

based on whether the alleles are identical at a single locus. A genotype is heterozy-

gous at a gene locus when there are two different alleles, while the gene is homozygous

when two alleles are identical at that locus. Since there might be many variants lie

on a particular gene, heterozygous are divided into two categories, compound cis

heterozygous when all variants are identified on only one copy of the gene, and com-

pound trans heterozygous when different alleles are identified on both copies of the

gene (Fig 2.1). We test our recessive model on rare variants based on population

data. For a given gene, let G denote multilocus genotypes of qualifying (deleterious)

mutations within a gene. X is the number of gene copies harboring a qualifying

variant pX “ 0, 1, 2q. And we refer to V as an indicator for whether that individual

was selected as viable in the cast-control sample. We present an algorithm for infer-

ring homozygous and compound heterozygous genotypes from multilocus genotype

population data, and develop modifications when both homozygous and compound
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heterozygous genotypes are inferred in the below section regrading the genotype in-

ference. In recessive disease models, when X is known, the genotype could be inferred

and the likelihood for that individual is be characterized by the probability of via-

bility from observed homozygous and compound heterozygous genotypes. It could

also be quantitatively characterized according to the number of gene copies affected

by the LoF mutations, i.e., from PrpV “ 1|X “ xq to PrpG “ g|V “ 1q. According

to Bayesian theorem, PrpG “ g|V “ 1q “
PrpV “ 1|G “ gq ˚ PrpG “ gq

ř

g1 PrpV “ 1|G “ g1q ˚ PrpG “ g1q
, and

the total probability law, which assumes that all individuals in the population are

independent. And the genes are randomly sampled, the likelihood contribution of

one gene from one individual is written as

PrpG “ g|V “ 1q “

řx“2
x“0 PrpV “ 1|X “ xq ˚ PrpX “ x|G “ gq ˚ PrpG “ gq

ř

g1

ř2
x1“0 PrpV “ 1|X “ x1q ˚ PrpX “ x1|G “ g1q ˚ PrpG “ g1q

(3.1)

We use rpxq “
PrpV “ 1|X “ xq

PrpV “ 1|X “ 0q
to represent the odds ratio of disease conferred

by having x gene copies affected relative to the risk of disease when no copies harbor

qualifying LoF mutations. Since we focus on recessive genetic disorders (RGD),

which could only result from inheriting two defective recessive alleles, we assume

rp0q “ rp1q “ 1 and rp2q “ β. Letting πx|g “ PrpX “ x|G “ gq and ρg “ PrpG “ gq,

we could simplify the probability equation:

PrpG “ g|V “ 1q “

ř2
x“0 rpxq ˚ πx|g ˚ ρg

ř

g1

ř2
x1“0 rpx

1q ˚ πx1|g1 ˚ ρg1
“

pπ0|g ` π1|g ` β ˚ π2|gq ˚ ρg
ř

g1pπ0|g1 ` π1|g1 ` β ˚ π2|g1q ˚ ρg1

(3.2)
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3.2 Homozygous and compound heterozygous genotypes inferences

Homozygous genotypes are inferred by having both copies of a gene affected by LoF

mutations at exactly one locus. This information can be directly taken from Amy-

otrophic Lateral Sclerosis (ALS) dataset (from Duke clinical). The heterozygous

genotypes can be inferred based on the known count of variants on a given gene

for a selected person. This information could also be obtained from ALS dataset.

Specifically, we follow two principles to infer homozygosity and compound trans het-

erozygosity when rare variants are observed: (1) if homozygous variants are found on

that gene, then the genotype of that gene belongs to the case group, the probability

that the person has both copies of the gene affected by LoF mutations is 100%; (2)

if the number of homozygous variants for that gene is zero, and the number of het-

erozygous variants is greater than one, then we could calculate the probability that

the person has both copies of the gene affected by the LoF mutations, through a

heterozygous genotype estimation equation shown below. We note that the principle

for case 2 is based on the assumption that the variants are in approximate linkage

equilibrium and that, under the alternative H0, any given mutation is equally likely

to fall on any given genotype. We specify π2|g “ PrpXi “ x|Gi “ giq

π2|g “

$

’

&

’

%

0 if n1 ď 1, n2 “ 0

1´ p
1

2
qpn1´1q if n1 ą 1, n2 “ 0

1 if n2 ą 0

(3.3)

where n1 and n2 are the observed number of heterozygous and homozygous variants

from gene g of a selected person respectively.

We specify the population structure ρg, which is the multi locus genotype dis-

tribution in the general population before case-control selection. We assume gene

copies (i.e., genotype) are randomly sampled from general population, there’s no
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population structure. Since we only focus on rare variants, the variant on a specific

locus would follow Bernoulli distribution, while all variants on a gene would follow

Binomial distribution, and then the genotype frequencies can be approximated by

the list of allele frequencies comprising them. Assume we are calculating ρg for a

gene with 3 variants, we will have frequencies for all genotype:

ρg “

$

’

’

’

’

&

’

’

’

’

%

Prp0, 0, 0q ´ ą p1´ p1q
2 ˚ p1´ p2q

2 ˚ p1´ p3q
2

Prp0, 0, 1q ´ ą p1´ p1q
2 ˚ p1´ p2q

2 ˚ p3p1´ p3q
Prp0, 0, 2q ´ ą p1´ p1q

2 ˚ p1´ p2q
2 ˚ pp3q

2

˚ ˚ ˚ ˚ ˚˚

Prp2, 2, 2q ´ ą pp1q
2 ˚ pp2q

2 ˚ pp3q
2

(3.4)

To verify homozygous probability equations, let ξi be an estimate of the probabil-

ity that the jth deleterious variant is found on a specific gene, assuming that there

are k variants lie on it, such that j “ 1, 2, ..., k. Then an estimate of the probability

that no variant is observed on one copy of the gene is evaluated by 1 ´
k

ś

j“1

p1 ´ ξjq.

Applying this equation to both copies, we can have a estimate of the expectation of

homozygosity and compound trans heterozygosity:

ÿ

g1

π2|g1 ˚ ρg1 “ p1´
k

ź

j“1

p1´ ξjqq
2 (3.5)

We apply this integration over all genotypes for both copies of the gene consistent

with observed genotypes g under the assumption that all variants are equally likely

distributed on both copies.

3.3 Testing the loss of homozygosity and compound heterozygosity
using population data.

Differentiating the log-likelihood with respect to β and evaluating under the null

hypothesis there’s no departure of homozygosity and compound trans heterozygosity
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among population data. Thus, all individuals with 0, 1, and 2 copies of genes affected

with LoF mutations would have the same survival rate. As a result, the odds ratio

of having 2 copies of a gene affected by LoF would be equivalent to having 0 copies

affected (i.e., β “ 1). Therefore, the score contribution for the ith individual’s genome

information is defined by

Si “
π2|g

π0|g ` π1|g ` β ˚ π2|g
´

ř

g1 π2|g1 ˚ ρg1
ř

g1pπ0|g1 ` π1|g1 ` β ˚ π2|g1q ˚ ρg1
(3.6)

Under the null hypothesis, β “ 1, π0|g ` π1|g ` β ˚ π2|g “ π0|g ` π1|g ` π2|g “ 1, and
ř

g1pπ0|g1 ` π1|g1 ` β ˚ π2|g1q ˚ ρg1 “ 1, and the final score contribution is:

Si “ π2|g ´
ÿ

g1

π2|g1 ˚ ρg1 (3.7)

Here we assume that, in the presence of the homozygous and compound heterozy-

gous genotype X, G provides no further information concerning viability. We discuss

how πx|g is estimated in detail below, but, as a preview, we assume a model where

genotypes are randomly sampled and so any loss of homozygosity will be captured

through the model relating viability to the number of dysfunctional gene copies.

Under the null hypothesis EpSiq “ 0 and we have statistic test T “
p
řn

1 Siq
2

n ˚ V arpSiq
,

this will asymptotically follow χ2
1 distribution, as the number of observed population

becomes large. According to the definition, the P -value is the smallest α-level at

which H0 can be rejected based on the observed value of the test statistic. There-

fore, we compute the P -value by summing over the distribution of Si. Specifically, we

enumerate the likelihood for all possible combinations of
ř

g1 π2|g1 ˚ ρg1 by integrating

over all genotypes consistent with observed genotypes under the assumption that all

variants on a given gene are equally likely distributed.

In the statistical test, we test the ith person’s contribution to the total score:
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S2
i

n ˚ V arpSiq
„ χ2

1. This works fine with long genes with over 400 LoF rare variants.

However, some genes have a limited number of qualified variants, and thus the count

for homozygous and compound heterozygous genotypes would be zero. Under this

scenario, the V arpSiq would be zero, and the statistical test does not work in this

case. We apply RST from Equation.2. The Likelihood function Lpβq “ PrpG “

g|V “ 1q “
ρg ˚ pπ0|g ` π1|g ` βπ2|gq

ř

g1 ρg1pπ0|g1 ` π1|g1 ` βπ2|g1q
.
BlogrLpβqs

Bβ
denotes the first derivative of

the log likelihood over β, taken at β “ 1, which is our null hypothesis, we could have

score function:

Upβq “
BlogrLpβqs

Bβ
|pβ “ 1q “ π2|g ´

ÿ

g1

π2|g1 ˚ ρg1 (3.8)

To get the Fisher Information, we take the second derivative of the log-likelihood

function. The negative expectation of the 2nd derivative log-likelihood is Ipβq “

´Ep
B2logrLpβqs

Bβ2
q. We calculate the 1st and 2nd derivative of the log-likelihood:

B2logrLpβqs

Bβ2
“
B2logrρg ˚ pπ0|g ` π1|g ` βπ2|gqs

Bβ2
´
B2logr

ř

g1 ρg1 ˚ pπ0|g1 ` π1|g1 ` βπ2|g1sq

Bβ2

(3.9a)

“ ´
π2
2|g

pπ0|g ` π1|g ` βπ2|gq
`

p
ř

g1 ρg1 ˚ π2|g1q
2

ř

g1 ρg1pπ0|g1 ` π1|g1 ` βπ2|g1q
(3.9b)

Under the null hypothesis, β “ 1, π0|g`π1|g`βπ2|g “ 1, and
ř

g1pπ0|g1`π1|g1`βπ2|g1q “
1. So

B2logrLpβ, xqs

Bβ2
“ p

ÿ

g1

ρg1 ˚ π2|g1q
2
´ π2

2|gi
(3.9c)
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The information matrix (vector) function is given by

Ipβq “ ´Ep
B2logrLpβqs

Bβ2
q “ Erπ2

2|g ´ p
ÿ

g1

ρg1 ˚ π2|g1q
2
s «

1

n

n
ÿ

1

pπ2
2|g ´ p

ÿ

g1

ρg1 ˚ π2|g1q
2
q

(3.10)

This is the new variance we will use in the Rao’s score test. The statistic test under

the null hypothesis can now be defined by

Spβ “ 1q “
Upβ “ 1q2

Ipβ “ 1q
„ χ2

1 (3.11)

To calculated the Rao’s Score Test with 3047 observations, we will use p
ř3047

1 Siq
2 “

p
ř3047

1 π2|g´
ř

g1 π2|g1 ˚ρg1q
2 as the score, and V “

ř3047
1 Ipβ0q “

ř3047
1 rπ2

2|gi
´p

ř

g1 ρg1 ˚

π2|g1q
2s as the estimated variance.

The test will follow Chi-square distribution with 1 degree of freedom.

p
ř3047

1 Siq
2

ř3047
1 Ipβ0q

“
r
ř3047

1 pπ2|g ´
ř

g1 π2|g1 ˚ ρg1qs
2

ř3047
1 rπ2

2|g ´ p
ř

g1 ρg1 ˚ π2|g1q
2s
„ χ2

1 (3.12)

We can calculate π2|g base on the known homozygous variants n1 and compound

heterozygous variants n2 counts, and evaluate Ipβq based on the clinical ALS dataset.

3.4 Simulating the viability of individuals given the population allele
frequencies.

Since some genes do not have any observed homozygous and heterozygous variants in

the clinical dataset, in the statistic t-test we result in V arpSiq “ 0; and in the RST,

the π2|g “ 0 giving p
ř

pSiqq
2{

ř

pIpβqq “ n, losing the power to test our model. We

simulate a set of genotype samples for a given gene’s allele frequencies, with 200,000

21



genotypes per sample. We filter the genotypes based on corresponding viabilities,

only keep the genotype when it is viable. From the simulation process, we could

obtain the count numbers of homozygous SNPs and heterozygous SNPs distributed

alone the gene, and the population frequencies for each allele in the simulated sam-

ples; And then we could pass the simulated n1, n2, ρgand π2|g to the model we

developed, to further estimate the confidence we have to reject the null hypothesis.

Further details about the simulation will be discussed in Chapter 5.
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4

Testing Loss of Homozygousity on Titan Gene

4.1 Methods

4.1.1 Data sources

Population level data We use population data from Broad Institute; Exome Aggre-

gation Consortitum (ExAC) is an exome sequencing database from a wide variety

of large scale sequencing projects. The dataset spans 60,706 unrelated individuals

sequenced as part of various disease-specific and population genetic studies [40]. To

get qualified allele frequencies of all variants on a given gene, we first obtain the

gene IDs and exon frames for each gene from CCDS.r14, this file contains identical

protein annotations on the reference human genomes according to a CCDS ID [41].

Next, we pull down information of all LoF variants for each gene from ExAC, with a

java based net-crawling software. Third, we use the exon frame as a filter to screen

the variants data, only keeping the variants on exons. Since we focus on rare muta-

tions, we set the threshold to 10%. In this way, we will get all rare LoF variants on

exons for each gene. The expected homozygous and compound trans heterozygous

probability based on given variants could be estimated by equation 5.
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Personal level data The personal variants data is obtained from the ALS dataset.

It contains genotype data for 3047 individuals, with counts for homozygous and het-

erozygous variants in each gene. After obtaining the zygousity counts for each gene,

we use equation 3 to calculate the observed π2|g in ALS data set.

4.1.2 Statistical analysis

Using the population data obtained from ExAC and individual data obtained from

ALS, and evaluating under the null hypothesis β “ 1, we can calculate the marginal

contribution of each individual to the score using equation 7, and then apply sta-

tistical test to evaluate the observed likelihood of being homozygous or compound

trans heterozygous to the expected likelihood.

4.2 Testing loss of homozygosity and compound heterozygosity on
Titan gene

We test the loss of homozygosity and compound heterozygosity in Titin (TTN)

Gene. The TTN gene provides instructions for making a very large protein called

Titin. This protein plays an important role in muscles the body uses for movement

(skeletal muscles) and in cardiac muscles. Slightly different versions (called isoforms)

of titin are made in different muscles.

Within muscle cells, Titin is an essential component of sarcomeres. Sarcomeres

are the basic units of muscle contraction; they are made up of proteins that generate

the mechanical force needed for muscles to contract. Titin has several functions

within sarcomeres. One of its main functions is to provide structure, flexibility, and
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Figure 4.1: Variants along Titan gene, figure from ExAC website.

stability to cell structures. Titin interacts with other muscle proteins, including

actin and myosin, to keep the sarcomere components in place as muscles contract

and relax. Additionally, researchers have found that titin plays a role in chemical

signaling and in assembling new sarcomeres.

Table 4.1: Score Tests on Titan Gene

Test Score Variant Value P-Value
Stats T-Test

ř

pSiq2=221.93 Var = 0.0028 25.96 1.74E-7
Rao’s S-Test

ř

pSi2q=8.6189 Ipβq = 0.00011 25.73 1.96E-7

As shown in Table 4.1, TTN is a large gene, 105kb in length and flooded with

over 10,000 missence variation. Because the variants are in large quantities, its RVIS

score is in the 99th percentile of tolerance, which indicates the gene is sensitive to LoF

mutations. However, we observed complete deficit of homozygous LOF mutations

among the 58 LOF mutations in EVS, there is no homozygous variants among the

24 LOF mutations in 4365 CHGV control cases; Also, no homozygous or compound

heterozygous variants found among offspring in 415 IS/LGS trios.

We apply the statistical test and the RST to TTN gene, given the rare LoF

variants allele frequencies from population data and the zygousity counts from ALS

data. We also simulate the viabilities for individuals with both copies of the gene

affected and the viabilities for individuals with less then 2 copies affected using

pequation 13q. From the Statistic T-test, P-value = 1.9612e-06; and from the RST,
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P-value = 1.7422e-07. The null hypothesis in our simulation is that the viabilities

are equal for individuals with 0 or 2 copies affected. We simulated 1200 samples

under the null hypothesis and applied our model developed in Chapter 2, and the

distribution of P -values followed almost uniformly between 0 and 1 Fig 5.2. Based

on these results, we can reject the null hypothesis, this implies a certain pattern of

deficit homozygosity and compound heterozygosity in population data for the Titan

gene.
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5

Viability Simulation under the Null Hypothesis and
under the Alternative Hypothesis

Model simulation in biostatistics and population genetics could play an key role in

helping us better understand the impact of various evolutionary and demographic

scenarios on sequence mutations and diseases correlations to variants. A good sim-

ulation study could help investigators to develop better statistical models and test

the hypothesis based on both null hypothesis and alternative hypothesis.

5.1 Methods

5.1.1 Simulating genotypes based on allele frequencies

In this study, we develop a simulation frameworks, based on the allele frequencies of

all known LoF alleles on a given gene, and the risk of potential recessive Mendelian

diseases, as well as the viabilities correlated to an selected individual’s genotype. As-

suming the current simulation parameters in our model would fall under the frame-

work we develop in Chapter 2, we adjust the viabilities for individuals with both

copies of a given gene affected by at least one LoF mutations, and compare them with
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respect to their evolutionary and demographic scenarios. Additionally, we address

some limitations in our simulation algorithm and discussed future challenges in the

development of more powerful simulation models.

Take one random gene with 3 variants for example, there are 33 genotypes. As-

suming these variants on the given gene G are randomly distributed and there is no

LD among them. For each variant site, the probability of having mutations would

follow Bernoulli distribution. While for the whole gene, the probability of genotypes

would follow Binomial distribution:

ρg “

$

’

’

’

’

&

’

’

’

’

%

Prp0, 0, 0q ´ ą p1´ p1q
2 ˚ p1´ p2q

2 ˚ p1´ p3q
2

Prp0, 0, 1q ´ ą p1´ p1q
2 ˚ p1´ p2q

2 ˚ p3p1´ p3q
Prp0, 0, 2q ´ ą p1´ p1q

2 ˚ p1´ p2q
2 ˚ pp3q

2

˚ ˚ ˚ ˚ ˚˚

Prp2, 2, 2q ´ ą pp1q
2 ˚ pp2q

2 ˚ pp3q
2

(5.1)

5.1.2 Algorithm of simulating genotypes based on allele frequencies

For a selected gene with K variants, there are 3K genotypes, we could randomly

simulate one genotype based on the allele frequencies along the gene. We first down-

load all allele frequencies for LoF mutations from ExAC website with a Java-based

new crawler software (see appendix). The allele frequencies could be stored in an

array: a1, a2, a3.....ak. After that, we generate a array of uniformly distributed ran-

dom numbers (0-1), u1, u2, u3....uk. By comparing the random numbers generate

to the allele frequencies one-by-one, we could simulate one copy of the gene, with

detail information on which SNP site there’s an allele or not. Repeat the random

number generation and comparation, we could have another list of random numbers,

v1, v2, v3....vk, and another simulated copy of the gene.
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After generating two array lists of random numbers, we set the count numbers of

homozygous SNPs (n2) and heterozygous SNPs (n1) as 0. Loop through the indics

of array lists, compare between generated random numbers and allele frequencies

at the same index, if vi ą ai and ui ą ai we get one homozygous SNPs on both

copies, n2++. If ui ą ai or vi ą ai, we get a heterozygous SNP on one copy, n1++.

Meanwhile, we could specifically mark whether the genotype we simulated has both

copies of the gene affected by LoF mutations or not. Thus, we could estimate the vi-

ability for that simulated genotype accordingly, if the genotype only has 1 or 0 copies

affected, the viability could be 95%, otherwise, the viability could be a percentage

less than 95%. In the end, we filter the genotype with viabilities corresponding to

number of gene copies X harboring dysfunctional mutations. Only keep the gene

under the viability threshold.

For each set we simulate 1000 samples, for each sample we simulate 200K geno-

types. For each sample, after getting 200k genotypes simulated, we have 200K counts

numbers of n1s and n2s. We calculate π2|g for each genotype, based the n1 and n2

(according to equation: 3). We also calculate the new allele frequencies based on all

the total number of mutations and total number of genotypes simulated. Thus, a

new
ř

g π2|g ˚ ρg could be developed, based on the new allele frequencies (Equation

4).

For each sample, we apply the Score test to get the P-values. Repeating this

for 1000 times, we get 1000 P-values, and calculate the proportion of P-values less

than 0.05. This is the proportion out of the 1000 datasets which we have confidence

to reject the null hypothesis, which also indicates the proportion of datasets shown

significant deficit of homozygosity and compound heterozygosity on simulated data.
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The equation of viability for an individual with a known genotype could be ex-

pressed as below:

PrpV “ 1|xq “
1

1` eα`β˚Ipx“2q
(5.2)

Where I is an indicator factor, only when x “ 2 can I “ 1, otherwise I “ 0. Only

genes with V “ 1 will be kept for next step. We repeat the procedure until 100,000

genotypes are obtained. We use these simulations to investigate the relationship

between power and parameters under the hypothesis for a certain sample size. By

calculating the simulated π2|g and perform the same statistic text, we could evaluate

at what β range we could get similar P-values for genes with sufficient homozygous

and heterozygous counts in the clinical dataset, and then do the simulation for genes

lacking the sufficient number of homozygous and heterozygous variants counts.

In our simulation study, we get a simulated pattern for the count of homozygous

and compound heterozygous genotypes for the Titan gene from the simulation. This

pattern is similar to what we observed in the Duke clinical ALS data set. As shown

in Equation 5.2, we set α “ ´2.2 and adjust β ranging from 0 to 5.0, we get viabil-

ity for people with 0 or only 1 gene copy affected with rare dysfunctional mutations

of 95% and viability of people with both copies of gene affected ranging from 95%

to 5%. As the power of our simulation increases, viability for individuals with both

copies of a gene affected would decrease, the statistic test scores and proposition of

P-values less than 0.05 increase significantly.

5.2 Simulation under the null hypothesis

Under the null hypothesis, all individuals would share the same viability no matter

how many number of gene copies get affected by LoF mutations. We simulate 1200
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Figure 5.1: Distribution of π2|g from simulated genotype samples under the null
hypothesis that there’s no viable advantage for individuals with 0 or 1 copies of genes
affected over individuals with 2 copies of genes affected by LoF.

samples of genotypes based on all 416 allele frequencies on Titan gene, with 200,000

genotypes for each sample. Each genotype simulation is based on the qualified total

variants on exons and the corresponding population allele frequencies, these variants

are sampled to get a random genotype; After the genotype is formed, the viability sta-

tus of the gene could be generated by a Bernoulli random variable with ’success’ prob-

ability given by the viability probability equation, rpxq “
PrpV “ 1|X “ xq

PrpV “ 1|X “ 0q
“ 1.

The viabilities for individuals have 0, 1, or 2 copies affected would be equal.

After getting 200k genotypes for each sample, we calculate the count n1, n2, and
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Figure 5.2: Distribution of P-values from simulated genotype sampels under the
null hypothesis that there’s no viable advantage for individuals with 0 or 1 copies of
genes affected over individuals with 2 copies of genes affected by LoF.

the new expected π2|g. As shown in Fig 5.1, the P-values we get from 1200 samples

follow uniform distribution.

5.3 Simulation under the alternative hypothesis

Under the alternative hypothesis, individuals with less than 2 copies of the gene af-

fected would have viability advantage over individuals with both copies of the gene

affected by Lof mutations. The simulation procedure as shown in subsection 5.1, we

simulate a set of samples, for each sample there are 500K genotypes. We calculate

the count numbers n1 and n2 for each genotype, and the new π2|g, the main differ-

ence is that, when filtering the viability of each genotype, we set the viability for

genotypes with both copies of the gene affected at a lower percentage. Following the

hypothesis, rpxq ă 1, we set the viability for individuals with 0, or 1 copy affected at

0.95, for individuals with 2 copies of the selected gene affected, we test the viability

from 0.95 to 0.6.
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Figure 5.3: Distribution of P-values from simulated genotype samples under the
alternative hypothesis that there’s certain viable advantage for individuals with 0 or
1 copies of genes affected over individuals with 2 copies of genes affected by LoF.

Three simulation results are shown in Fig 5.2. As we increase the power of our

simulation, and reduce the viabilities for genotypes with both copies affected, we

observe a significant shift of the proportion of P-values from uniform distribution to

right screwed distribution.

5.4 Results and conclusions

To facilitate our study in the deficit of homozygosity and compound heterozygos-

ity, it is important to design and develop simulation model with the capability to

accurately generate genotypes under various allele frequency data, and consider the

viability under natural selection pressure, and then pass the viable genotypes to the

model we developed to further test our hypothesis. In our simulation, a number of

simulated genotypes under different natural selection pressure are simulated. Score

tests are performed for each simulated sample, and the corresponding P-values for

each sample set are calculated based on the new allele frequencies, homozygosity

counts and heterozygosity counts from the simulated genotypes data. Each P-value
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Figure 5.4: Distribution of P-values from simulated genotype samples under the
alternative hypothesis that viable advantage for individuals with 0 or 1 copies of
genes affected over individuals with 2 copies of genes affected by LoF.

indicates confidence in rejecting the null hypothesis, the proportion of these P-values

would show whether or not there is a certain pattern of selection advantage for geno-

types with less than 2 copies of gene affected.

We find there’s a certain departure of homozygosity and compound heterozy-

gosity in some intolerant genes (Titan gene for example). The viability simulation

confirms there is a pattern of reduce for individuals with both copies affected by LoF

variants, as shown in Fig 5.3 and Fig 5.4.

It appears that many limitations remain in current simulation algorithms, and

there are several main challenges for further simulation studies in population genetic

and bioinformatics. First of all, natural selection and evolution is a very complicated

process which happens in a extremely long historical category. Meanwhile, it involves

inheritance from ancestries and de-novo mutations, both genetic pressures and en-
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vironmental factors play key role in the development of human genome. All these

impactors can only be approximated and most of them have not been considered in

our simulations. More work will be done on genes with different number of alleles

and genes with different range of allele frequencies.
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6

Discussion

Homozygous and heterozygous genotypes play key role in the risk of recessive Mendelian

diseases, the viability of individuals without Mendelian diseases has advantage over

that of individuals with Mendelian diseases, thus it is essential to develop a model to

quantify the relationship between homozygosity and compound heterozygosity and

the viabilities accordingly. Some pure theoretical studies had been done on testing

the loss of homozygosity against heterozygosity when there’s selection advantage of

heterozygosity [20, 23]. However, these work was done 30 to 40 years ago, when there

was no genetic data or population data, and the computing power was not as good

as we have today.

Due to the natural selection, individuals with genes harboring LoF mutations are

less likely to pass their genome information to next generation, as a result, the muta-

tions which could cause serous disease are rare. Genes also show different tolerance

abilities to mutations on them, some studies like RVIS has shown positive results to

rank genes according to their intolerance to LoF mutations. Genetic constraints test

for a depletion of rare (singleton) qualifying variation over expectation (based on
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mutation rate) using large population data base (ExAC). Both RVIS and Constraint

focus on priority dominant effects. Both work well for de novo mutations. However,

for recessive Mendelian diseases, individuals have high risk only when both copies of

gene got affected. Some clinical data showed that some genes could tolerate Loss-

of-Function variants just fine, as long as these alleles only affect one copy of the gene.

In this study, we have developed a framework that highlights genes that are in-

tolerant to having both gene copies impacted by Loss-of-Function mutation. Based

on our model, we have tested a hypothesis that under the natural selection and evo-

lutionary pressure, the individuals with both copies of some certain genes affected

by LoF mutations would have lower viability than those with 0 or only 1 copies

affected. We test our hypothesis on population data with Rao’s Score Test. We find

there’s a deficit of homozygosity and compound heterozygosity in some certain genes

(Titan gene for example). To further confirm our hypothesis, we simulate a series

sets of genotype samples, perform the same RST for each sample, and calculate the

P-values to reject the null hypothesis. The viability simulation results confirm that

there is a pattern of population reduction for individuals with both copies affected

by LoF variants.

This result is novel and notable because it is the first study focusing on deficit

of homozygosity and compound heterozygosity with rare LoF mutations. It also

demonstrates the practical applicability of evaluation on genes intolerant to having

both copies affected by LoF, even in situations where the distribution of the alleles on

the gene is unknown, our model could give an accurate estimation of the departure

of such pattern.

Moving forward with our model, to fully realize the potential of this method, more
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testing should be done to further determine if the hypothesis testing will remain effi-

cient for other genes with different distributions of allele numbers and different allele

frequencies. Since some genes are relatively short, with few known alleles on them,

so from our clinical data there’s no mutation observed on these genes, thus it is

impossible to test the loss of homozygosity and compound heterozygosity for them.

As more and more clinical data become available for research works, we will be able

to perform our model and test on other genes in the future.

In conclusion, we have developed a framework to test the hypothesis that individ-

uals with less than 2 copies affected by LoF mutations would have viable advantage

over those with both copies affected. We hope that this work will make contribution

to current studies like RVIS, which would give us predictions about how sensitive a

gene would be to LoF mutations, in the categories of both dominate and recessive

Mendelian diseases.
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Appendix A

Appendix Code and Algorithms

Appendix

Verifying equation 3.4 and 3.5 The Java code for verifying two methods calculat-

ing the probability of homozygosity Equation 3.4 and 3.5 could be found: https:

//github.com/breezedu/LossHomozygosity/blob/master/JavaCodes/D0608_verify_

homozysity_equations.java could verify whether these two methods would give

the same result or not. Both methods gave almost identical probabilities.

Example: when there are twelve variants:

According to method TWO,

The probability of having homozygous would be: 1.6551662611646306E-4

According to method ONE,

The probability of having homozygous would be: 1.655166261164481E-4

Since all these test codes gave almost exactly the same homozygosity

probability, we could say the result we got from equation 5 is reliable for

TTN gene.
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Building gene-exon frame objects from CCDS.r14 The Java code for get-

ting gene-exon frames could be found: https://github.com/breezedu/LossHomozygosity/

blob/master/JavaCodes/D0724_AllGene_CSV_fit_CCDSHash.java This code will

get unique gene ID from CCDS and get exons frames for each gene.

Downloading LoF allele frequencies for each gene from broad institute

website. The Java code for pulling down LoF variants frequencies from ExAC web-

site could be found: https://github.com/breezedu/LossHomozygosity/blob/master/

JavaCodes/D0701_tryPullData_from_ExAC.java This code will pull down all LoF

variants frequencies, after being filtered by exon frames and 10% threhold, we can

get qualified rare variants for each gene.

Simulating viability advantage The Java code for simulating viabilities under

the null hypothesis that viabilities for individuals with 0 or 2 copies affected by LoF

mutations are equal. https://github.com/breezedu/LossHomozygosity/blob/

master/JavaCodes/D20170315_Simulate_TTN_Viability2copiesBeta0.java This

code will get the variants allele frequencies from population data, and fit these vari-

ants to CCDS.r14 exon frames, and keep qualified rare LoF variants. Next, it will

simulate a sample of genotypes based on these allele frequencies. And filter the

genotypes based on the viability equations equation 13 to decide whether to keep

the genotype or not. Keep calling the simulation class till sufficient genotypes are

simulated for testing our model.

Rao’s Score Test with and without Fisher Information. The R code to

perform both statistical T test and the Rao’s Score Test on TTN gene. https://

github.com/breezedu/LossHomozygosity/blob/master/RSimulation/20170208_
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chi_test_of_TTN_gene.R The code first reads in homozygous variants count, and

compound heterozygous variants counts, calculate π2|g and Si, and perform χ2
1 test,

calculate the score and P-value. And then perform RST with the same data.

The R code to perform the Rao’s Score Test, and plot the P-values from all

genotypes simulated. https://github.com/breezedu/LossHomozygosity/blob/

master/RSimulation/20170315PlotPValuesbeta0.R

Population data from ExAC

As described in Part II, Supplemental Instructions for Preparing the ExAC Subjects

Section of the Research Plan.

The Exome Aggregation Consortium (ExAC) is a coalition of investigators seek-

ing to aggregate and harmonize exome sequencing data from a wide variety of large-

scale sequencing projects, and to make summary data available for the wider scientific

community. The data set provided on this website spans 60,706 unrelated individu-

als sequenced as part of various disease-specific and population genetic studies. The

ExAC Principal Investigators and groups that have contributed data to the current

release are listed here.

Clinical data from ALS

The genes considered for amyotrophic lateral sclerosis (ALS), a ”late-onset” severe

neuronal disorder, were similarly extracted from OMIM: SOD1 (ALS1 - OMIM#

105400), ALS2 (ALS2 - OMIM# 205100). Of the 15 ALS genes, ALS2 and SIGMAR1

lacked OMIM annotation for a dominant model. OMIM susceptibility genes were

not considered, and only genes with reported causal genetic variants were eligible.
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Non-coding sequencing data from ncRVIS paper

Described in Supplemental Instructions for Preparing the Human Subjects Section

of the Research Plan, Sections 4.4 and 5.7.

Sub-region sequencing data from subRVIS paper
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Figure A.1: The QQPlot of P-values from simulation under the null hypothesis that viabilities
for individuals with 0 or 2 copies of TTN gene affected are equal.
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