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Abstract 

Title of Dissertation:  Multi-omic analysis of hearing difficulty risk loci and gene 

regulatory networks in the mammalian cochlea 

Gurmannat Kalra, Doctor of Philosophy, 2021 

Dissertation Directed by:  Seth A. Ament, Ph.D. 

Assistant Professor  

Institute for Genome Sciences. 

The sensory cells of the mammalian cochlea do not have the capacity to regenerate. 

Studies have identified some genes and pathways that are critical for hair cell formation; 

however, the conditions necessary to regenerate fully functional hair cells remain 

unknown, as the genetic and genomic architecture of hearing loss and hair cell 

regeneration is only partially defined due to different experimental conditions and models 

used in each study. This dissertation improves our understanding of these conditions by 

taking a systems biology approach, combining diverse multi-omic data into genome-scale 

models for predicting target genes in the mammalian cochlea and in vitro systems. Using 

a meta-analysis of summary statistics from hearing-related traits, I identified 31 genome-

wide significant risk loci for self-reported hearing difficulty. I then investigated the 

regulatory and cell specific expression for these loci and found that risk-associated genes 

were most strongly enriched for expression in cochlear epithelial cells, as well as for 

genes related to sensory perception and known Mendelian deafness genes, supporting 

their relevance to auditory function. My epigenomic and statistical fine-mapping most 

strongly supported 50 putative risk genes. To derive target genes from a model of hair 

cell regeneration, I characterized cochlear organoids derived from murine progenitor cells 



 

through bioinformatic analysis of single-cell RNA sequencing and bulk RNA sequencing 

data. For comparison, I integrated data from six previous studies of cochlear and utricular 

cell types in vivo and report an improved list of marker genes for each inner ear cell type. 

I found that cells in organoids mimic nearly all subtypes of supporting cells and hair cells 

in the cochlea and that the resulting hair cells reach a mature identity. I reconstructed a 

gene regulatory model from these data to gain insight into the transcription factors 

driving the trans-differentiation of progenitors to hair cells. My model identified known 

regulators of hair cell development and predicts novel regulatory factors. I validated these 

networks across transcriptional datasets, demonstrating dynamic changes in the 

expression of these transcription factors. Overall, I report new risk genes for hearing 

difficulty and new transcription factors that play a role in hair cell regeneration.  
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Chapter 1: Introduction 
 
Hearing loss 

The Hearing Health Foundation reports that one in five Americans aged 12 and 

over has hearing loss in at least one ear, and nearly half of those aged 75 years and above 

and one third of those aged 65-75 suffer from hearing loss. Untreated, hearing loss can lead 

to negative psychological and emotional effects including but not limited to decreased 

quality of life, dementia, depression [1]. Compared to those with normal hearing, hearing-

impaired adults have higher rates of hospitalization, death, and falls [2].  

The three types of hearing loss are: conductive, sensorineural, and mixed. 

Conductive hearing loss involves the tympanic membrane and middle ear and affects the 

transmission of sound and its conversion to mechanical vibrations. Most causes of 

conductive hearing loss can be corrected with surgery. Sensorineural hearing loss involves 

the inner ear and affects the conversion of mechanical sound to signals in the inner ear or 

auditory nerve [1]. Characterization of hearing loss is performed via pure tone audiometry, 

which provides information on hearing sensitivity across a selected frequency range and 

on differentiating between conductive and sensorineural hearing loss [2,3]. People with 

normal hearing can hear sounds as soft as 25 dB [1].  

Chief causes of sensorineural hearing loss include aging, genetic mutations, noise 

exposure, exposure to ototoxic drugs, and chronic conditions. Age-related hearing loss is 

the most common type of sensorineural hearing loss, caused by a combination of genetic 

factors, aging, oxidative stress, cochlear vascular changes, and environmental factors [1]. 

Mutations in approximately 30 out of the over 100 genes that are known to result in hearing 

loss are associated with adult-onset or progressive hearing loss that is inherited as an 
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autosomal dominant trait. Noise exposure is another common cause of sensorineural 

hearing loss; 1 in 4 adults in the United States has hearing loss due to exposure to harmful 

noise. Patients receiving treatments such as aminoglycosides and cisplatin commonly have 

hearing loss due to their ototoxic effects. There are also strong associations between 

sensorineural hearing loss and smoking, diabetes, adiposity [2].  

Current strategies to combat hearing loss include hearing aids and cochlear 

implants. Hearing aids increase audibility of sounds that were already partially audible 

prior to hearing aid use [4]; they are only effective for those with mild to severe hearing 

loss. For those with severe to profound sensorineural hearing loss, cochlear implants 

restore hearing by bypassing the auditory periphery to electrically stimulate the auditory 

nerve [1,5]. Although they enhance the quality of life for those with hearing loss, both of 

them have the limitation of only partially restoring hearing, requiring ongoing 

maintenance, and the perceived sound quality does not mimic that of the fully functional 

cochlea [6,7].  

Regeneration of hair cells, the sensory cells of the cochlea, in the adult inner ear is 

necessary for restoring hearing in deaf patients [8]. Thus far, efforts towards hearing 

restoration have achieved partial hearing restoration using gene therapy in mouse models 

of human deafness [2]. The lack of complete restoration is due to insufficient knowledge 

about genes that can be targeted to restore cochlear function. Gaining this knowledge also 

involves distinguishing the cell types of the inner ear and understanding their roles in 

regenerating hair cells, the sensory cells of the cochlea.  
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Inner ear cell types and marker genes 

The organ of Corti in the cochlea contains hair cells, which are the sensory cells, as 

well as supporting cells surrounding them, which are involved in hair cell structure and 

function [9]. The organ of Corti comprises two types of hair cells: inner (IHC) and outer 

(OHC). The IHCs function in signal reception whereas the OHCs function in signal 

amplification [14]. These cells are innervated by type I and type II spiral ganglion neurons 

(SGN), respectively. Type I SGNs make up 90-95% of SGNs and function in transmitting 

complex sound information to the brain, and type II SGNs drive the olivocohlear efferent 

reflex, which allows the auditory system to adjust inner ear function during active and 

passive listening [10,11]. There are 3 genetically defined subtypes of type I SGNs, type I 

A, B, and C SGNs [10]. Surrounding the hair cells, the supporting cells include those of 

the greater epithelial ridge (GER), which is present only in the neonatal cochlea [12], inner 

border cells (IBC), inner phalangeal cells (IPhC), pillar cells (PCs), Hensen’s cells (Hen), 

and 3 rows of Dieters’ cells (DC1-3) [13]. The mammalian inner ear also contains the 

vestibule, which comprises organs that are involved in balance: the utricle, saccule, and 

three semicircular canals [15]. The vestibular system contains two types of hair cells: type 

I and type II, which are analogous to the cochlear inner and outer hair cells in the cochlea 

in being the receptor and amplifier sensory cells, respectively. The vestibular system is of 

interest in the hearing field because vestibular hair cells have a limited capacity to 

regenerate in adults, whereas adult cochlear hair cells lack any regenerative capacity [16]. 

The cochlea also contains the stria vascularis, which generates the endocochlear potential 

in the inner ear. This is necessary as ionic homeostasis in the scala media is critical for 

proper hair cell function. The stria vascularis consists of three major cell types: marginal, 
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intermediate, and basal cells. Other cell types of this tissue include spindle cells, root cells, 

macrophages, pericytes, and endothelial cells. These cells work together to generate and 

maintain the endocochlear potential [17].  

A significant gap in understanding the mechanisms that govern inner ear function 

is the lack of robust, cell type specific marker genes for the cells in the cochlea and utricle. 

Most reported markers were derived from immunolabeling of proteins [18], which may not 

match the expression pattern for transcripts. Also, many studies investigated marker genes 

differentially expressed between one cell subtype against others within that type but do not 

provide a more global view [10,17,19–21]. For example, the identity of genes specifically 

expressed in each of the SGNs but not in hair cells has not been defined [22]. As a result, 

marker genes for many cell types are not specific compared to other cells in the cochlea 

and utricle, which makes it challenging to identify and compare cell types in single cell 

RNA-sequencing studies of induced regeneration in the cochlea.  

 

Hair cell regeneration 

As hearing loss is commonly caused by damage to the cochlear inner and outer hair 

cells [23], a promising therapeutic approach to hearing restoration is hair cell regeneration 

from other cells in the cochlea. Adult cochlea hair cell damage is irreversible in mammals; 

however, studies have identified conditions and systems in and by which to induce cells to 

trans-differentiate into hair cells. Hair cell-like cells can be regenerated from various cell 

types in the cochlea, such as from the limbus regions and the Claudius cell region. 

However, location is important to hair cell function; newly regenerated hair cells should 

not just replace endogenous hair cell by number but also in position. For hearing 
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restoration, supporting cells are preferred targets for transformation so that the regenerated 

hair cells can directly contact the tectorial membrane and function properly and are 

positioned over the vibratory basilar membrane [13]. 

The conditions that are targeted for regeneration studies are based on genes and 

pathways involved in hair cell development, as regeneration can be viewed as mimicking 

development. This includes studies focused on overexpressing Atoh1, a crucial gene and 

basic helix-loop-helix transcription factor in hair cell development [8,24,25]. Sole 

overexpression of Atoh1, however, has been found to only transdifferentiate surrounding 

cells to hair cells at neonatal time points [26].  

Building on this, p27kip1 deletion and co-activation of transcription factors GATA3, 

POU4F3, and ATOH1, in vivo, has been found to promote the conversion of supporting 

cells to hair cells in adult mice. However, this study found that neither supporting cells nor 

the converted hair cells proliferated [27]. Supporting cell proliferation is critical to maintain 

when inducing hair cell regeneration because depletion of the supporting cell population 

would result in inadequate support for hair cell maintenance and function [28]. A stem cell-

based transplantation technique further expanded on the role of Atoh1 in turning supporting 

cells into hair cells by identifying three transcription factors: SIX1, POU4F3, GFI1, that 

work in combination with ATOH1 to convert mouse embryonic fibroblasts, adult tail-tip 

fibroblasts, and postnatal supporting cells into hair cell-like cells which exhibit hair cell-

like morphology, transcriptomic and epigenetic profiles, and electrophysiological 

properties. However, the resulting hair cells were immature in that they did not exhibit an 

inner or outer hair cell identity, or even a cochlear vs vestibular hair cell identity [29].   
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Pathways influencing hair cell development have also been targeted for 

regeneration studies. Activation of the Wnt signaling pathway and inhibition of the Notch 

pathway has been shown to partially regenerate hair cells [30]. An easier and more efficient 

system for producing a high yield of regenerated hair cells is the in vitro Lgr5+ cochlear 

progenitor model which targets supporting cells that express Lgr5, a Wnt response gene 

[28]. In the neonatal mouse cochlea, Lgr5 is expressed in some supporting cells: the greater 

epithelial ridge, inner border cells, the inner phalangeal cells, pillar cells, and the 3rd row of 

Deiters cells. Lgr5+ cells are able to undergo limited proliferation and trans-differentiation 

when stimulated by Wnt in the neonatal cochlear sensory epithelium [31]. Using a 

combination of growth factors and small molecules, Lgr5+ cells from both newborn as well 

as adult cochlear tissue have been successfully induced to differentiate into high yield hair 

cell populations [32].  

These regeneration studies have shown that supporting cells can be induced to 

transdifferentiate into hair cell-like cells under certain conditions; however, the resulting 

hair cells are incompletely formed, partially functional, or die quickly after their initial 

differentiation and maturation [33]. Therefore, more research is required on the genes and 

pathways that can be targeted to induce the formation of mature hair cells.  

 

Genome-wide association studies of hearing difficulty 

As age-related hearing impairment (ARHI), the most common form of 

sensorineural hearing loss, can be caused by genetic factors – its heritability estimates 

range from 36-70% depending on the precise phenotype [34] - genome-wide association 

studies (GWAS) are a promising source of potential target genes for hearing loss. As ARHI 
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is not easily quantifiable and defined, GWAS of hearing loss include a variety of traits as 

well as different ways of defining traits including pure tone audiogram results, ICD-9/10 

diagnoses, and self-reported hearing difficulty via surveys [34,35]. GWAS of hearing-

related traits have identified a total of approximately 50 genome-wide significant loci [36–

40], and the largest GWAS reported 44 risk loci for hearing difficulty [35]. These loci were 

found to be enriched in Mendelian deafness genes and to be localized in adult mouse 

cochleae [35]. However, the reported risk loci have not been characterized in terms of their 

enrichment in specific cochlear cells and in tissue specific regulatory regions. Identifying 

the cell types in which genome wide significant risk loci are enriched is essential for 

understanding the mechanisms of ARHI. Elucidating the gene regulatory mechanisms of 

ARHI is necessary to infer causal variants and to better understand the genetic architecture 

of the disease as most genome-wide significant loci fall outside of protein-coding regions.  

 

Systems biology on hearing loss 

Despite the identification of numerous hearing-related genes, gene therapies for 

hearing restoration have yet to be achieved even in animal models, largely because we lack 

a complete understanding of the genetic mechanisms that underlie hearing loss, hair cell 

development, and hair cell regeneration. To better understand the genes and pathways 

involved in hair cell regeneration, a multi-omic approach to elucidate genes, transcription 

factors, networks, and cell types integral to hair cell regeneration is necessary. From studies 

on hearing loss, there is a plethora of genomic data. The challenge lies in integrating those 

data in biologically meaningful ways to address gaps in the field. 
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Systems biology takes a holistic approach to model the regulation and activity of 

biological systems, using quantitative approaches and high-throughput biological data. 

Systems biology approaches often start with the generation of multiple data sets of different 

levels (i.e. DNA, mRNA, protein), pertaining to a particular system such as a disease-

relevant organ. These datasets are then integrated to yield insights on hypotheses involving 

genes, networks, and pathways [41]. These approaches have been used successfully to 

resolve complexities of gene regulation and networks in various fields of biology. For 

instance, a pioneering study applied gene network construction, whole genome sequencing, 

transcription factor binding analysis, mass spectrometry-based proteomic analysis, and 

protein structure modeling to predict adaptations related to salt tolerance in the 

Halobacterium salinarum NRC-1 model [42]. Whole brain mRNA expression data from 

various mouse strain-prion strain combinations was used to annotate interacting networks 

in prion replication and pathogenesis of prion disease [43]. Regulatory, epigenomic, and 

transcriptomic data from the human brain were integrated to identify genes, cell types, co-

expression modules, and loci where risk for neuropsychiatric disease converges [44]. The 

success of these and other such studies successfully elucidating gene network complexities 

in various disease models drives this study on applying a systems biology approach to 

hearing loss.  

 

Study goals 

In this study, I aimed to apply a systems biology approach to identify cell types and 

gene regulatory networks that are involved in hearing loss and report potential target genes. 

To do this, first I explored genome wide association studies of hearing difficulty and 
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hypothesize that hearing difficulty risk loci are enriched in Mendelian deafness genes, 

genes expressed in the cochlea, and in open chromatin regions from cochlear epithelial 

cells, especially in hair cells and supporting cells. To test this hypothesis, I used GWAS 

summary statistics from hearing-related traits in the UK Biobank to identify hearing 

difficulty risk loci and calculate their enrichment in various gene sets and cell types as well 

as in epigenomic data of the mouse cochlea. I also used various omic data from the cochlea, 

including newly generated mRNA-seq, ATAC-seq, and scRNA-seq from cochlear 

epithelial and non-epithelial cells of neonatal mice. Ultimately, we will identify and 

characterize putative risk genes for hearing difficulty.  

Next, I identified gene regulatory networks and potential driver genes for hair cell 

regeneration by examining the hair cell regeneration process in vitro. I hypothesized that 

Lgr5-cochlear progenitor cells undergoing differentiation form fully developed hair cells 

from harvested supporting cells. I began by identifying robust marker genes for cell types 

in the cochlea and utricle. I did this by integrating several scRNA-seq data sets of the mouse 

cochlea and utricle and identifying differentially expressed genes that are specific to each 

cell type. These marker genes were used to identify cell types that are involved in the in 

vitro differentiation of Lgr5+ supporting cells to hair cells. Single cell RNA-seq, bulk 

RNA-seq, and ATAC-seq samples of Lgr5+ cochlear progenitor cells (LCPs) that are 

subject to a 10-day expansion followed by a 10-day differentiation protocol were used to 

investigate dynamics of gene networks through supporting cell trans-differentiation into 

hair cells. These analyses predict which supporting cell types are likely involved in the 

process and which hair cell types are formed, by overlapping the scRNA-seq data of the 

LCPs with annotated data of the cochlear supporting cell types from our lab as well as from 
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the recently published scRNA-seq atlas of the developing organ of Corti [45]. Finally, I 

identified which gene regulatory networks drive hair cell regeneration.  

Overall, this work identified cell types that are involved in hearing loss and hair 

cell regeneration, as well as genes that can be targeted for hearing loss.  
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Chapter 2: Biological insights from multi-omic analysis of 31 genomic risk loci for adult 
hearing difficulty1 
 
 
A. ABSTRACT 
 
Age-related hearing impairment (ARHI), one of the most common medical conditions, is 

strongly heritable, yet its genetic causes remain largely unknown. We conducted a meta-

analysis of GWAS summary statistics from multiple hearing-related traits in the UK 

Biobank (n = up to 330,759) and identified 31 genome-wide significant risk loci for self-

reported hearing difficulty (p < 5x10-8), of which eight have not been reported previously 

in the peer-reviewed literature. We investigated the regulatory and cell specific expression 

for these loci by generating mRNA-seq, ATAC-seq, and single-cell RNA-seq from cells in 

the mouse cochlea. Risk-associated genes were most strongly enriched for expression in 

cochlear epithelial cells, as well as for genes related to sensory perception and known 

Mendelian deafness genes, supporting their relevance to auditory function. Regions of the 

human genome homologous to open chromatin in sensory epithelial cells from the mouse 

were strongly enriched for heritable risk for hearing difficulty, even after adjusting for 

baseline effects of evolutionary conservation and cell-type non-specific regulatory regions. 

Epigenomic and statistical fine-mapping most strongly supported 50 putative risk genes. 

Of these, 39 were expressed robustly in mouse cochlea and 16 were enriched specifically 

in sensory hair cells. These results reveal new risk loci and risk genes for hearing difficulty 

                                                
1 Kalra G, Milon B, Casella AM, Herb BR, Humphries E, Song Y, et al. Biological 
insights from multi-omic analysis of 31 genomic risk loci for adult hearing difficulty. 
PLoS Genet. 2020;16: e1009025. doi:10.1371/journal.pgen.1009025. Reprinted with 
permission. 
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and suggest an important role for altered gene regulation in the cochlear sensory 

epithelium. 

 
B. AUTHOR SUMMARY 
 
The genetic architecture of age-related hearing impairment (ARHI), a strongly heritable 

condition, has not been well studied. We present a systems genetics analysis of risk loci 

for ARHI. We performed a joint GWAS analysis of four hearing related traits from the 

UK Biobank and identified 31 genome-wide significant risk loci for hearing difficulty, 

eight of which have not been previously reported. By integrating these risk loci with 

transcriptomic and epigenomic data from the mouse cochlea, we discovered that risk loci 

are strongly enriched at genes and open chromatin regions that are active in cochlear 

sensory epithelial cells. Our results suggest an important role in ARHI for altered gene 

regulation in cochlear hair cells and supporting cells.  

 
C. INTRODUCTION 
 
 Age-related hearing impairment (ARHI) is characterized by a decline of auditory 

function due to impairments in the cochlear transduction of sound signals and affects 

approximately 25% of those aged 65-74 and 50% aged 75 and older[46]. Causes of ARHI 

and related forms of adult-onset hearing difficulty include a complex interplay between 

cochlear aging, noise exposure, genetic predisposition, and other health co-morbidities. 

Anatomical and physiological evidence suggest that these forms of hearing difficulty arise 

most commonly from damage to cochlear sensory epithelial cells, particularly inner and 

outer hair cells. Some forms of hearing difficulty also arise from damage to non-epithelial 

cells in the cochlea, including spiral ganglion neurons and cells of the stria vascularis.  
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 Twin and family studies suggest that 25-75% of risk for ARHI is due to heritable 

causes[47]. Mutations in >100 genes cause monogenic deafness or hearing loss 

disorders[48]. However, a substantial fraction of patients with ARHI do not have a 

mutation in any known deafness gene, suggesting that additional genetic causes remain to 

be discovered. Common genetic variation may contribute to these unexplained cases of 

hearing difficulty, but specific risk variants remain poorly characterized. Genome-wide 

association studies (GWAS) of hearing-related traits, including ARHI, tinnitus, and 

increased hearing thresholds, have identified in aggregate approximately 50 genome-wide 

significant risk loci[36–40], with the largest study of adult hearing difficulty reporting 44 

risk loci[35]. Positional candidate genes at these risk loci include TRIOBP, a gene 

associated with prelingual nonsyndromic hearing loss[36]; ISG20, encoding a protein 

involved in interferon signaling[36]; PCDH20, a member of the cadherin family[37]; and 

SLC28A3, a nucleoside transporter[37]. In addition, several studies have reported 

suggestive associations near GRM7, encoding a metabotropic glutamate receptor[38,40]. 

 The identification of risk loci for ARHI is merely the first step toward 

understanding the biological mechanisms by which variants at these loci influence hearing 

loss. The majority of GWAS risk loci that have been identified for ARHI contain no 

protein-coding SNPs, making it difficult to infer the causal genes. These findings are 

consistent with GWAS of other common traits, which have further demonstrated that very 

frequently the gene closest to the risk-associated SNPs is not causal[49–52]. A logical 

hypothesis is that the causal risk variants at many of these loci influence gene regulation. 

However, this hypothesis has not been tested in the context of ARHI, largely because the 

effects of gene regulatory variants are often cell type-specific, and there is very little 
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information about the locations of enhancers and promoters in relevant cell types in the 

human cochlea. 

Here, we generated mRNA-seq, ATAC-seq, and single-cell RNA-seq from 

cochlear epithelial and non-epithelial cells of neonatal mice, and we used these data to 

predict causal variants and genes and disease-relevant cell types at risk loci for ARHI. This 

analysis also utilized a new multi-trait analysis of publicly available GWAS summary 

statistics from hearing-related traits in the UK Biobank (n up to 330,759), which supported 

31 risk loci for hearing difficulty, of which eight have not been described in peer-reviewed 

publications. Our results indicate that heritable risk for hearing difficulty is enriched in 

genes and putative enhancers expressed in sensory epithelial cells, as well as for common 

variants near Mendelian hearing loss genes. Statistical and epigenomic fine-mapping most 

strongly supported 50 putative risk genes at these loci, predicting both protein-coding and 

gene regulatory mechanisms for ARHI. 

 
D. RESULTS  
 
Heritability of hearing-related traits in the UK Biobank 
 

The UK Biobank is a population-based, prospective study with over 500,000 

participants in Britain, aged 40–69 years when recruited in 2006–2010[53]. The study has 

collected genome-wide genotyping data as well as phenotypic data for thousands of traits, 

including multiple hearing-related traits. Recently, Wells et al.[35] reported GWAS of 

hearing difficulty and hearing aid use in this population. However, the UK Biobank 

resource also includes additional hearing-related traits, including tinnitus, and the 

molecular mechanisms remain poorly characterized. Here, we applied multi-trait meta-



 15 

analysis and multi-omic fine-mapping to gain insight into the genetic architecture of 

biological mechanisms of hearing difficulty. 

As a starting point for our analysis, we considered which of the hearing-related 

traits in the UK Biobank have significant heritability explained by the genotyped and 

imputed single-nucleotide polymorphisms (SNPs). Using publicly available summary 

statistics from GWAS in up to 337,000 UK Biobank participants performed by the Neale 

lab at Massachusetts General Hospital (http://www.nealelab.is/uk-biobank/), we examined 

heritability of 31 manually selected hearing-related traits, including 14 self-reported traits 

and 17 traits derived from International Statistical Classification of Diseases and Related 

Health Problems (ICD-10) codes (Fig. 2.1a; S2.1 Table). Four traits, all self-reported 

answers to survey questions, had statistically significant heritability (h2) explained by 

genotyped and imputed single nucleotide polymorphisms (SNPs), based on linkage 

disequilibrium (LD) score regression (LDSC[54]), after correction for multiple testing (raw 

p-values < 2.1x10-5; alpha = 0.05). The most significantly heritable trait was a subject’s 

response to the question, “Do you find it difficult to follow a conversation if there is 

background noise (such as TV, radio, children playing)?” (N = 330,759, prevalence = 38%, 

SNP heritability [h2] = 0.086, h2 p-value = 7.4e-65; henceforth, background noise 

problems). The second most heritable trait was the response to the question, “Do you have 

any difficulty with your hearing?” (N = 323,978, prevalence = 26%, h2 = 0.076, h2 p-value 

= 1.2e-32; henceforth, hearing difficulty/problems). Third, the response to the question, 

“Do you use a hearing aid most of the time?” (prevalence = 5.1%, h2 = 0.093, h2 p-value = 

3.4e-8; henceforth, Hearing aid user). Fourth, the response to the question, “Do you get or 

have you had noises (such as ringing or buzzing) in your head or in one or both ears that 
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lasts for more than five minutes at a time?” (henceforth, tinnitus, where the most heritable 

response was “yes, now most or all of the time”; N = 109,411, prevalence = 6.6%, h2 = 

0.137, h2 p-value = 1.3e-7). In their published analysis of the UK Biobank hearing traits, 

in a separate analysis using many of these same data, Wells et al.[35] previously reported 

GWAS for hearing aid use and for a trait that combines responses to the hearing difficulty 

and background noise questions and defines cases as those who responded “yes” to both 

questions. The GWAS of the UK Biobank tinnitus data has not been reported previously. 

 
Fig 2.1. Genome-wide association studies of hearing-related traits in the UK Biobank. 
a. Heritability of top 9 hearing-related traits in the UK Biobank. b. Genetic correlations among the four most 
significantly heritable hearing-related traits and between these traits and 14 non-hearing traits that are 
significantly correlated with the hearing traits. c. Manhattan plot for genetic associations with hearing 
difficulty in the UK Biobank, following meta-analysis across the four hearing-related traits. 
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We downloaded the GWAS summary statistics for the four most heritable hearing-

related traits and used LDSC to study the mean c2 statistics, estimating the proportion of 

inflation due to polygenic heritability versus confounding. As expected, quantile-quantile 

plots indicate substantial deviation of c2 statistics from a null distribution (S2.1 Fig). 

Background noise problems (Intercept = 1.031, Int. p = 1.3x10-3) and hearing difficulty 

(Intercept = 1.018; Int. p = 3.7x10-2) had significant LDSC intercept terms, suggesting 

some confounding, whereas the intercept terms for hearing aid use and tinnitus were not 

significant. Reassuringly, for all four traits, LDSC intercepts ascribe >90% of the inflation 

in the mean c2 to polygenic heritability rather than to confounding. These results suggest 

that hearing-related traits in the UK Biobank are heritable and highly polygenic. Moreover, 

the significant heritability and low confounding provide empirical validation for the Neale 

lab’s analytical approach, despite certain limitations in curation and quality control that are 

inherent to large-scale analyses. Based on these results, we chose to use the GWAS 

summary statistics provided by the Neale lab for these four traits as a starting point for 

downstream analyses. A detailed description of these traits and analyses is provided in 

Methods as well as in accompanying web resources from the Neale lab and UK Biobank. 

We note that the proportion of risk explained by genotyped and imputed SNPs was 

<10% for all of these traits, considerably less than the broad-sense heritability of ARHI 

based on twin and family studies. As with other complex traits, there are many potential 

sources for this missing heritability, including contributions from rare variants and gene x 

environment and gene x gene interactions. In this case, we must also consider the 

limitations of measuring a complex and clinically heterogeneous trait based on a small 
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number of self-reported questions, as compared to a clinical diagnosis of ARHI based on 

precise measurements of auditory thresholds. 

 
Genetic correlations among hearing-related and non-hearing-related traits 
 

Next, we assessed whether risk for hearing-related traits in the UK Biobank arises 

from shared or distinct genetic factors. Using LDSC, we found that all pairs of hearing-

related traits were genetically correlated (all rg ≥ 0.37; all p-values < 7.1x10-8; S2.2 Table). 

Genetic correlations were strongest between the two most significantly heritable traits, 

hearing difficulty and background noise problems (rg = 0.81). These results suggest 

substantial shared genetic architecture among these hearing-related traits. 

In addition, we assessed genetic correlations between the UK Biobank hearing-

related traits and GWAS of 234 non-hearing traits, available via LD Hub[55]. As expected, 

genetic correlations among hearing traits were stronger than genetic correlations between 

hearing traits and non-hearing traits. In addition, we detected significant genetic 

correlations (False Discovery Rate < 5%) between hearing-related traits and 14 of the 234 

non-hearing traits (Fig. 2.1b, S2.2 Table). Eleven of the 14 genetically correlated traits are 

psychiatric and personality traits, including positive genetic correlations of hearing 

difficulty with major depressive disorder and insomnia and a negative genetic correlation 

of hearing difficulty with subjective well-being. These positive genetic associations of 

hearing difficulty with depression-related traits is consistent with the recent report by Wells 

et al.[35] In addition, we detected positive genetic correlations between hearing difficulty 

and two anthropomorphic traits: obesity and waist circumference. Finally, we detected a 

negative genetic correlation between hearing difficulty and the age at first childbirth, a 

proxy for educational attainment and cognition. Interestingly, the genetic correlations with 
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psychiatric and personality traits, were stronger for hearing difficulty than for hearing aid 

use, which could reflect differences in the underlying genetic architecture of these hearing-

related traits or merely the stronger heritability of the hearing difficulty phenotype. Genetic 

correlations typically arise from diverse direct and indirect relationships, yet, remarkably, 

many of these correlations reflect known comorbidities and risk factors for hearing 

loss[56,57].  

 
Genomic risk loci and replication in independent cohorts 
 

Leveraging the shared heritability among the four selected hearing-related traits, 

we performed a multi-trait analysis with MTAG[58] (Multi-Trait Analysis of GWAS). 

MTAG uses GWAS summary statistics from multiple traits and can boost statistical power 

when the traits are genetically correlated. MTAG uses bivariate LDSC to account for 

sample overlap between traits, making it suitable for an analysis of multiple traits measured 

in overlapping subjects, as in the UK Biobank. The original GWAS summary statistics for 

hearing difficulty included genome-wide significant associations (p < 5x10-8) of hearing 

difficulty with 779 SNPs at 22 approximately LD-independent genomic loci (Fig. 2.1c). 

Following joint analysis with MTAG, we identified genome-wide significant associations 

of hearing difficulty with 988 genotyped and imputed SNPs, located at 31 approximately 

LD-independent genomic loci (S2.2 Fig). In addition, MTAG analysis revealed 20 

genome-wide significant loci for background noise problems, 25 for hearing aid use, and 

20 for tinnitus (S2.4-S2.6 Tables). Most of these loci overlap the 31 loci for hearing 

difficulty. The p-values of the lead SNPs at most loci are strengthened in the joint analysis 

as compared to the individual analysis (S2.7 Table). In our subsequent analyses, we utilized 

MTAG summary statistics for hearing difficulty. 
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Next, we sought to replicate these findings in independent cohorts. The small sizes 

of available hearing-related cohorts outside UK Biobank[36–40] make them underpowered 

for a standard replication analysis of individual risk loci. This issue is not unique to hearing-

related traits, and it has become common to report findings from biobank-scale GWAS 

without standard replication[59,60]. Nonetheless, these earlier cohorts provide valuable 

information, especially those that utilized more precise measures of hearing thresholds, 

which are likely to more accurately reflect hearing function than the self-reported traits in 

the UK Biobank. We took two approaches to replication.  

First, we compared the 31 risk loci described above to the previous analysis of the 

UK Biobank data by Wells et al.[35]. 23 of the 31 risk loci in our analysis overlapped loci 

from the Wells et al. analysis. The remaining eight loci are not in LD with risk loci from 

Wells et al., nor with previously reported risk locus from independent cohorts. These novel 

risk loci are described in Table S2.3, and the lead SNPs at these loci are rs2941580 (chr 

2:54862003,  p = 1.53 x 10-8), rs3915060 (chr 3:121712980, p = 5.84 x 10-9), rs117583072 

(chr 10: 73418873, p = 1.54 x 10-8), rs61890355 (chr 11: 51422105, p = 2.39 x 10-8), 

rs118176061 (chr 11:54830428, p = 3.96 x 10-8), rs78417468 (chr 16:55492795, p = 1.33 

x 10-8), rs118174674 (chr 18:44137400, p = 2.76 x 10-8), rs11881070 (chr 19:2389140, p 

= 3.85 x 10-9). Thus, meta-analysis across hearing-related revealed several loci that were 

not detected by GWAS of a more narrowly defined hearing trait. 

Second, we analyzed 59 SNPs reported at genome-wide or suggestive significance 

levels in earlier GWAS of hearing-related traits[36–40,61] to determine whether these 

associations are replicated in the UK Biobank sample. Eight of these 59 SNPs showed 

nominally significant associations with hearing difficulty in the UK Biobank (p < 0.05; 
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S2.8 Table), including both loci that reached genome-wide significance in the largest 

previous GWAS of ARHI[36]: rs4932196, 54 kb 3' of ISG20 (p = 2.6x10-5 in the UK 

Biobank); and rs5750477, in an intron of TRIOBP (p = 1.3x10-6). We note that other SNPs 

at the TRIOBP locus reached genome-wide significance in the UK Biobank. Also 

replicated in our analysis (notably, at genome-wide significance in the UK Biobank) were 

two SNPs previously reported at a suggestive significance level, in or near genes that cause 

Mendelian forms of hearing loss:  rs9493627, a missense SNP in EYA4[36] (p = 7.7x10-

10); rs2877561, a synonymous variant in ILDR1[36] (p = 1.1x10-8). In addition, we found 

a nominal level of support for rs11928865, in an intron of GRM7, previously reported at a 

suggestive significance level in multiple cohorts with ARHI[38,40] (p = 2.2x10-2). 

Therefore, hearing difficulty risk variants in the UK Biobank overlap and expand upon 

previously discovered risk variants. 

Third, we tested whether the combined, polygenic effects of hearing difficulty-

associated SNPs from the UK Biobank predicted hearing ability in an independent cohort. 

We obtained genotypes and phenotypes from a cohort of 1,472 Belgian individuals[61] 

whose hearing ability was assessed with binaural thresholds for detection of low-, medium-

, and high-frequency sounds. These thresholds were then summarized by principal 

component analysis, with PC1 giving an overall measure of hearing capabilities across all 

frequencies (S2.9 Table). A polygenic risk score[62] derived from the UK Biobank MTAG 

hearing difficulty summary statistics explained 1.3% of variance in PC1 from the Belgian 

sample (p=7.4x10-5; S2.3 Fig). The best prediction was obtained using all SNPs (GWAS 

p-value threshold = 1), and PRS scores using a wide range of GWAS p-value thresholds 

predicted a significant proportion of the variance. These results demonstrate shared genetic 



 22 

architecture for self-reported hearing difficulty and a more quantitative measure of hearing 

ability in an independent cohort. 

Heritability for hearing difficulty is enriched near Mendelian deafness genes and 

genes expressed in cochlear cell types 

Next, we sought biological insights into hearing difficulty through gene set 

enrichment analyses. We performed gene-based analyses of the MTAG summary statistics 

using MAGMA[63] and identified 104 genes reaching a genome-wide significance 

threshold, p < 2.5x10-6, correcting for 20,000 tests (S2.10 Table). Of these 104 genes, 40 

overlap with the 31 risk loci, while the remaining genes are located at additional loci where 

no individual SNP reached genome-wide significance. We performed a series of 

hypothesis-based and exploratory gene set enrichment analyses.  

It has been proposed that age-related hearing loss involves low penetrance variants 

in genes that are also associated with monogenic deafness disorders[36,64]. To test this 

hypothesis, we studied common-variant associations near 110 Mendelian deafness genes 

from the Online Mendelian Inheritance in Man (OMIM) database. These Mendelian 

deafness genes were enriched at hearing difficulty risk loci (p = 1.19x10-6; S2.11 Table). 

We detected gene-based associations with hearing difficulty at a nominal level of 

significance (p-values < 0.01) for 15 of these 110 genes, with the strongest associations at 

TRIOBP (MAGMA: p = 1.2x10-10), ILDR1 (p = 2.5x10-8), and MYO7A (p = 8.5x10-5). 

These findings support the hypothesis that Mendelian hearing loss genes contribute to age-

related hearing difficulty, but also suggest that many risk loci for hearing difficulty involve 

genes that have not previously been implicated in hearing loss. 
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A more general hypothesis is that hearing difficulty risk is enriched in genes 

expressed in the cochlea. We generated mRNA-seq from FACS-sorted cochlear epithelial 

cells, cochlear mesenchymal cells, cochlear neurons, and cochlear vascular endothelial 

cells from mice at postnatal day 2. We calculated the median expression of each gene in 

each of these cell types, as well as in four subtypes of sensory epithelial hair cells and 

supporting cells derived from published RNA-seq[14,65,66]. For comparison, we 

considered the expression of each gene in 5,674 cell types from single-cell RNA-seq 

experiments of diverse mammalian tissues (S2.12 Table), as well as 53 extracochlear 

human tissues and cell types from the Genotype-Tissue Expression consortium 

(GTEx)[67]. Using MAGMA gene property analysis, we tested for associations of tissue-

specific expression levels with genetic risk for hearing difficulty. Risk for hearing difficulty 

was enriched in genes expressed in cochlear sensory epithelial cells (mostly supporting 

cells, a small fraction hair cells; p = 5.8e-6), as well as in a pure population of cochlear hair 

cells (p = 1.4e-5; Fig. 2.2; S2.13,S2.14 Tables). Notably, enrichments of hearing difficulty 

risk near genes expressed in these cochlear cell types were far stronger than enrichments 

for brain-expressed genes, which had been reported in a previous analysis that did not 

include cochlear cell types9, and for any other non-cochlear cell type (S2.14 Table). 

Therefore, our results suggest that many of the risk loci are explained by genes that are 

expressed in the cochlear sensory epithelium. 
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Fig 2.2. Heritable risk for hearing difficulty is enriched near genes expressed in the cochlea. 
Black vertical lines indicate the -log10(p-value) for the enrichment of hearing difficulty risk near genes 
expressed in each cochlear cell type. Gray vertical lines indicate -log10(p-value) for genes expressed in each 
of 5,674 non-cochlear cell types. Labels are provided for significantly enriched cell types (p-value < 1e-4). 
The density plot represents the frequency distribution of p-values from non-cochlear cell types, computed 
using the density() function in R. 
 

To identify additional functional categories enriched for hearing difficulty risk, we 

performed an exploratory analysis of 5,917 gene sets from Gene Ontology (GO). This 

analysis revealed a single significant GO term after correction for multiple testing: sensory 

perception of mechanical stimulus (150 genes in this set; p = 8.62x10-9) (S2.15 Table). This 

finding is consistent with results reported by Wells et. al9. Taken together, these results 

support the relevance of hearing difficulty risk loci to the auditory system, including many 

genes that have not previously been associated with hearing loss. 

Heritable risk for hearing difficulty is enriched in open chromatin regions from 

cochlear epithelial cells 

Many studies have demonstrated that GWAS associations are enriched in gene 

regulatory regions such as enhancers and promoters, especially in regulatory elements that 

are active in disease-relevant tissues and cell types[68,69]. Consequently, we hypothesized 

that SNPs influencing risk for hearing difficulty are enriched in gene regulatory regions 
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active in the cochlea. To identify gene regulatory regions in the cochlea, we FACS-sorted 

epithelial cells (CD326+; including hair cells and supporting cells) and non-epithelial cells 

(CD326-; predominantly mesenchymal cells) from mouse cochlea at postnatal day 2 (Fig. 

2.3a), and performed ATAC-seq, on biological duplicates, to identify open chromatin 

regions in each cell type. Four considerations justify the use of mouse cochlea (rather than 

human) for this experiment: (i) mice have previously been used to successfully identify 

new deafness related genes and regulators of inner ear development[70–72]; (ii) at least 

25% of non-coding gene regulatory elements are evolutionarily conserved between mouse 

and human[73]; (iii) unlike other tissues, human cochleae are not readily available for 

biopsies and are only rarely removed surgically; and (iv) the human cochlea (even in 

aborted fetuses) is already sufficiently mature to make tissue dissociation to single cells 

very challenging[74]. We identified 228,781 open chromatin regions in epithelial cells and 

433,516 in non-epithelial cells, of which 113,733 regions were unique to epithelial cells 

(2.83% of the mouse genome), 320,871 unique to non-epithelial cells (4.47% of the mouse 

genome), and 120,919 overlapping (Fig. 2.3b; S2.16,S2.17 Tables). We validated these 

open chromatin regions through comparison to 15 experimentally validated enhancers from 

the VISTA Enhancer Database with activity in the ear[75] and found that ATAC-sensitive 

regions from both epithelial and non-epithelial cells overlapped significantly with known 

enhancers (epithelial cells: 3.1-fold enriched, p < 1.0x10-4; non-epithelial cells: 2.9-fold 

enriched, p < 1.0x10-4 based on 10,000 permutations). Examination of known cell type-

specific genes suggested that chromatin accessibility in epithelial versus non-epithelial 

cells was correlated with cell type-specific gene expression (Fig. 2.3c-e). For instance, we 

detected open chromatin specific to epithelial cells near Epcam and Sox2, which are 



 26 

expressed specifically in cochlear epithelial cells[72,76]; and open chromatin specific to 

non-epithelial cells around Pou3f4, a marker for non-epithelial cells[77].  

 

 
Fig 2.3. Heritable risk for hearing difficulty is enriched at open chromatin regions in cochlear epithelial 
cells. 
a. Fluorescence-activated cell sorting (FACS) of cochlear cells. Cochlear cells were labeled with a CD326 
antibody conjugated to Allophycocyanin (APC), and sorted two ways as CD326 (+) and CD326 (-). b. 
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Overlap of open chromatin regions identified by ATAC-seq of epithelial vs. non-epithelial cells in the mouse 
cochlea. c-e. Open chromatin peaks near cell type-specific marker genes: Epcam (b), Pou3f4 (b), 
and Sox2 (c). f. -log10(p-value) for enrichment of hearing difficulty risk in regions of the human genome 
homologous to open chromatin in epithelial and non-epithelial cells from mouse cochlea (black vertical lines) 
and in non-cochlear cell types from ENCODE (gray lines) https://umgear.org/p?l=3a70e6e7. 
 

Next, we asked whether these putative regulatory regions in the cochlea are 

enriched for SNPs associated with hearing difficulty. Using the UCSC LiftOver tool[78], 

we mapped ATAC-sensitive regions from each cochlear tissue type to the human genome 

to identify homologous genomic regions. 55.5% of the mouse epithelial regions and 50.2% 

of non-epithelial regions mapped to the human genome. To validate that these lifted-over 

regions are still capturing regulatory regions, we tested their overlap with ChromHMM-

derived enhancers and promoters in 111 extracochlear tissues and cell types from the 

ROADMAP Epigenome Mapping Consortium[79]. Lifted-over regions derived from both 

epithelial and non-epithelial cells were substantially enriched in human promoter and 

enhancer regions (>10-fold and ~5-fold, respectively) but depleted in quiescent regions, 

heterochromatin, and gene bodies (S2.4 Fig, S2.18 and S2.19 Tables). 

We tested for enrichment of hearing difficulty risk in these conserved regions 

homologous to cochlear gene regulatory regions using stratified LD score regression[80]. 

This model tests for heritability in cochlea-specific regions after accounting for a baseline 

model consisting of 24 non-cell type-specific genomic annotations, including 

evolutionarily conserved regions and regions that are open chromatin across many tissues. 

Heritable risk for hearing difficulty was enriched 9-fold in epithelial open chromatin 

regions (Fig. 2.3f). 2.1% of all SNPs are in the annotated regions, and these SNPs capture 

19.5% of the total SNP heritability (p = 5.2x10-8). Heritability was less strongly – though 

still significantly -- enriched in open chromatin regions from non-epithelial cells (4.6-fold 

enriched; 3.0% of all SNPs are in the annotated regions, and the SNPs capture 14.2% of 
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the total heritability; p = 0.001). For comparison, we performed similar analyses using open 

chromatin regions from 147 DNase-seq experiments in 42 mouse tissues and cell types, 

generated by the ENCODE project[73] (S2.20 Table). The significance of the heritability 

enrichment in cochlear epithelial cells was greater than for any of the non-cochlear tissues. 

These results suggest that heritable risk for hearing difficulty is enriched specifically in 

evolutionarily conserved gene regulatory regions active in cochlear epithelial cells.  

To confirm the robustness of these results, we performed comparable analyses 

using the original UK Biobank GWAS summary statistics for hearing difficulty as 

generated by the Neale lab (prior to MTAG meta-analysis); the hearing difficulty summary 

statistics from Wells et al.[35]; and the MTAG summary statistics for hearing aid use. In 

all of these analyses, we confirmed strong enrichments of heritable risk in the human 

genomic regions homologous to epithelial open chromatin regions, as well as more modest 

enrichments in the human genomic regions homologous to non-epithelial open chromatin 

regions (S2.20 Table). 

 

Statistical and epigenomic fine-mapping supports functional consequences to 50 

genes at hearing difficulty risk loci 

Next, we sought to predict causal variants and target genes at each of the 31 hearing 

difficulty risk loci, considering both protein-coding and putative gene regulatory 

consequences of each variant. To begin this analysis, we identified 613 SNPs and short 

indels that are in strong LD – r2 > 0.9 in European samples from the 1000 Genomes project 

Phase 3 dataset[81] – with a genome-wide significant lead SNP at one of the 31 risk loci 

(S2.21 Table). 534 of these SNPs were included in the GWAS analysis, all of which had 
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p-values < 2.6e-6. The remaining 79 SNPs are correlated tag SNPs for which associations 

were not tested directly.  

We scanned these 613 risk variants for non-synonymous and stopgain SNPs, 

frameshift and non-frameshift indels, and effects on splice donor and acceptor sites, 

focusing on those variants that are predicted to be deleterious with a CADD Phred score > 

10. We identified nine such protein-coding variants, including missense SNPs in CLRN2, 

CRIP3, EYA4, CHMP4C, TYR, TRIOBP (2x), BAIAP2L2, and KLHDC7B (Table 2.1). 

Notably, six of these nine SNPs are LD-independent lead SNPs at their respective loci, 

increasing the statistical likelihood that these variants are causal for hearing difficulty risk. 

The missense SNPs in TRIOBP and BAIAP2L2 are annotated to the same risk locus at 

22q13.1 (S2.6 Fig). The two TRIOBP variants are in strong LD (r2 = 0.97), so their effects 

may be additive or synergistic. By contrast, the BAIAP2L2 variant is not in LD with either 

of the TRIOBP variants, suggesting an independent effect.  

 
Risk 

Locus 
SNP rsID MAF GWAS 

P-
Value 

Beta r2 Ind. Sig. 
SNP 

Gene 
Symbol 

A.A. 
Change 

CADD 

6 4:17524570 
C/G 

rs13147559 0.13 8.4e-9 0.02 0.97 rs13148153 CLRN2 Leu113Val 23.6 

8 6:43273604 
A/G 

rs2242416 0.42 1.3e-18 0.02 1.00 rs10948071 CRIP3 Ile188Thr 23.8 

9 6:133789728 
A/G 

rs9493627 0.31 7.7e-10 0.01 1.00 rs9493627 EYA4 Gly223Ser 26 

13 8:82670771 
A/G 

rs35094336 0.08 2.5e-08 0.02 0.97 rs74544416 CHMP4C Ala232Thr 26.4 

21 11:89017961 
A/G 

rs1126809 0.25 4.9e-15 0.02 1.00 rs1126809 TYR Arg402Gln 34 

30 22:38121152 
A/C 

rs9610841 0.39 1.7e-10 0.01 1.00 rs739137 TRIOBP Asn863Lys 22.8 

30 22:38122122 
C/T 

rs5756795 0.39 NA NA 1.00 rs739137 TRIOBP Phe1187Leu 14.29 

30 22:38485540 
A/G 

rs17856487 0.41 NA NA 0.98 rs132929 BAIAP2L2 Cys252Arg 11.23 

31 22:50988105 
A/G 

rs36062310 0.04 7.9e-16 0.04 1.00 rs36062310 KLHDC7B Val504Met 16.21 

Table 2.1. Deleterious protein-coding variants in strong LD with LD-independent genome-
wide significant SNPs associated with hearing difficulty.  
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 Causal variants on risk haplotypes that do not contain protein-coding variants may 

alter gene regulation. To elucidate these gene regulatory consequences, we annotated the 

613 risk-associated SNPs in the context of the local two-dimensional and three-

dimensional chromatin architecture. For the former, we utilized our ATAC-seq data from 

cochlear cells. For the latter, we used publicly available Hi-C data from 20 non-cochlear 

tissues and cell types[82]. Since data for chromatin architecture in the cochlea is 

unavailable, we considered all cell types in aggregate and set a stringent chromatin 

interaction significance threshold (p-value < 1x10-25) to focus on the strongest chromatin 

loops. 126 of the 613 SNPs had potential gene regulatory functions in cochlea, based on 

homology to open chromatin in cochlear epithelial and non-epithelial cells from neonatal 

mice (Table S2.18). 57 of these 126 SNPs were located proximal (<10 kb) to the 

transcription start sites of 17 potential target genes. In addition, 100 of the 126 SNPs could 

be assigned to 72 distal target genes based on long-distance chromatin loops that connect 

the regions containing risk-associated SNPs to these genes’ transcription start sites located 

up to 3 Mb away (S2.22 Table).  

 We integrated the coding and non-coding functional annotations to prioritize the 

most likely causal genes at each locus. The union of functional annotations supported 84 

genes (S2.23 Table). We prioritized 50 of these genes, as follows: (i) if one or more genes 

at a locus contained risk-associated protein-coding variants, we selected those genes; (ii) if 

no coding variants were identified at a locus, we selected the proximal target gene(s) of 

non-coding SNPs with predicted regulatory functions; (iii) if no proximal genes were 

identified, we considered distal target genes. This analysis identified putative risk genes at 
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19 of the 31 risk loci, including 10 loci at which a single gene appears most likely to be 

causal (S2.24 Table). 

We sought independent support for roles of these genes in hearing loss or cochlear 

function based on prior evidence from genetic studies in humans and mice. Rare mutations 

in five of the 50 genes have been shown previously to cause Mendelian forms of deafness 

or hearing loss: TRIOBP, EYA4, FTO, SOX2, and LMX1A[36,83–91]. Genetic studies in 

mice have demonstrated hearing loss or cochlear development phenotypes for an additional 

seven of the 50 genes: SYNJ2, TYR, PTGDR, MMP2, RPGRIP1L, RBL2, and BAIAPL2[92–

98]. Notably, three of the five genes with independent support from human rare variants -

- FTO, SOX2 (Fig. 2.4a), and LMX1A (Fig. 2.4b) -- are located distal to risk-associated 

SNPs and were predicted as target genes based on long-distance chromatin interactions, 

validating this approach for predicting causal mechanisms. We note that there may be 

additional causal genes for which the functional variants are missed by our analysis. For 

instance, at the 3q13.3 risk locus our approach excludes a strong positional candidate, 

ILDR1, in which loss-of-function variants cause a recessive hearing loss disorder[85], since 

none of the risk variants at this locus were predicted to alter ILDR1 function. 
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Fig 2.4. Epigenomic fine-mapping predicts distal target genes for hearing difficulty risk loci. 
Genetic associations and epigenomic annotations at chr3q26.3 (a) and chr1q23.3 (b). From top to bottom, 
genome browser tracks indicate: -log10(p-values) for association with hearing difficulty; fine-mapped SNPs 
in strong LD with an LD-independent lead SNP and located <500bp from a region homologous to a cochlear 
open chromatin region based on ATAC-seq; -log10(p-values) for chromatin interactions between the 
locations of the fine-mapped SNPs and distal regions, based on the minimum chromatin interaction p-value 
in each 40kb region from Hi-C of 20 non-cochlear human tissues and cell types[44]; locations of UCSC 
knownGene gene models. 

 
Hearing difficulty risk genes are expressed in diverse cochlear cell types 
 

To better understand the potential functions of the 50 putative risk genes in the 

cochlea, we investigated their expression patterns in cochlear cell types. We sequenced the 
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transcriptomes of 3,411 single-cells from the mouse cochlea (postnatal day 2) using 10x 

Genomics Chromium technology. Cells were sequenced to a mean depth of 107,590 reads, 

which mapped to a median of 1,986 genes per cell. After quality control (Methods), we 

analyzed data from 3,314 cells. Louvain modularity clustering implemented with 

Seurat[99] revealed 12 major clusters of cells (Fig 2.5a, S2.5 Fig). Based on the expression 

of known marker genes (S2.25 Table), we assigned these cell clusters to the following cell 

types: three clusters of epithelial cells (Epcam+; n = 419, 101, and 24 cells per cluster), 

three clusters of mesenchymal cells (Pou3f4+; n = 887, 701, and 76 cells per cluster, of 

which the smallest cluster are 2810417H13Rik+ cells undergoing cell division), 324 glial 

cells (Mbp+), 391 medial interdental cells (Otoa+), 59 inner ear progenitors (Oc90+), 79 

vascular cells (Cd34+), 161 sensory epithelial supporting cells (Sox2+), and 91 sensory 

hair cells (Pou4f3+). 

We tested cell type specific expression for each hearing difficulty risk gene. 39 of 

the 50 risk genes were expressed highly enough in these cochlear cells to be included in 

this analysis. By far the largest number of genes, 14 out of 39, were expressed selectively 

in sensory hair cells (Fig. 2.5f; S2.26 Table). These hair cell-specific risk genes included 

known hearing loss genes such as Triobp (p = 9.5x10-42) and Eya4 (p = 2.3x10-21), as well 

as genes that have not previously been implicated in human hearing loss; e.g., Baiap2l2 (p 

= 2.6x10-192; Fig. 2.5e), Arhgef28 (p = 9.8x10-31; Fig. 2.5c), Gnao1 (p = 4.1x10-29), 

Rpgrip1l (p = 6.3x10-24), and Crip3 (p = 9.1x10-21). We also found risk genes that were 

expressed selectively in other cell types, including sensory epithelium supporting cells 

(Sox2, p = 9.5x10-151; Fig. 2.5d), sensory epithelium progenitor cells (e.g., Lmx1a, p = 
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7.4x10-131; Fig. 2.5b), medial interdental cells (Lpcat2, p = 1.8x10-139), and mesenchymal 

cells (Mmp2, p = 6.0x10-120).  

 
 

 
Fig 2.5. Single-cell RNA-seq of mouse cochlea reveals cell type-specific expression patterns of hearing 
difficulty risk genes. 
a. t-distributed stochastic neighbor embedding (t-SNE) plot of 3,411 cells in the postnatal day 2 mouse 
cochlea colored by Louvain modularity clusters corresponding to 12 cell types. b-e. t-SNE plots colored by 
the expression of selected hearing difficulty risk genes expressed selectively in cochlear cell 
types: LMX1A in a subset of epithelial Oc90 cells (b); ARHGEF28 in hair cells (c), SOX2 in supporting 
cells (d), and BAIAP2L2 in hair cells (e). f. Dot plot showing the average expression and percent of cells 
with non-zero counts for each cochlea-expressed risk gene in each of the 12 cochlear cell types. 
 

We sought to corroborate the expression pattern of risk genes in hair cells using 

published expression profiles from hair cells isolated by three other methods: (i) 

transcriptome profiling of FACS-purified hair cells versus surrounding cells[100]; (ii) 



 35 

translatome profiling of RiboTag-purified hair cells versus surrounding cells[101]; and (iii) 

single-cell RNA-seq of sensory epithelial cells[102]. Meta-analysis of these three datasets 

confirmed selective expression in hair cells (FDR < 0.1) for 12 of the 14 genes above (S2.27 

Table). This analysis also revealed low but highly specific expression in hair cells for two 

other risk genes, Clrn2 and Klhdc7b. Thus, in total, we find that 16 of the 50 putative 

hearing difficulty risk genes identified by GWAS are expressed selectively in sensory hair 

cells. 

 
E. DISCUSSION 

 
Here, we have described a well-powered GWAS of hearing difficulty, leveraging 

data from >300,000 participants in the UK Biobank and high-throughput association 

analyses from the Neale lab. We interpreted these genetic associations in the context of 

multi-omic data from the mouse cochlea. We identified 31 risk loci for hearing difficulty, 

of which eight have not been reported previously in the peer-reviewed literature. Heritable 

risk for hearing difficulty was enriched in genes and gene regulatory regions expressed in 

sensory epithelial cells, as well as for common variants near Mendelian hearing loss genes. 

We identified 50 putative risk genes at these loci, many of which were expressed 

selectively in sensory hair cells and other disease-relevant cell types. 

Genetic correlations, meta-analyses, and heritability enrichment analyses all 

suggest that many loci have shared effects on self-reported hearing difficulty, background 

noise problems, tinnitus, and hearing aid use. This result suggests that each of the survey 

questions captures a similar underlying trait related to ARHI, and our MTAG meta-analysis 

is designed to emphasize these shared effects. However, the traits are not identical: the 

genetic correlations among the four traits are considerably below 1, and some distinctions 
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were apparent in polygenic analyses. In particular, since many individuals with hearing 

loss do not use hearing aids, genetic factors contributing to the use of hearing aids may 

influence both hearing difficulty and behavioral/motivational states. In our analysis, we 

found a positive genetic correlation between increased risk for hearing difficulty and 

increased risk for major depression disorder (rg = 0.20, p = 6.0e-4), there was no significant 

genetic correlation between risk for hearing aid use and risk for depression (in fact, the 

trend is toward a negative genetic correlation; rg = -0.10, p > 0.05). ARHI is a well-known 

risk factor for depression in older adults. It is possible that the subset of hearing-impaired 

individuals who use hearing aids are genetically predisposed toward resilience or that 

hearing aid use ameliorates these adverse impacts. This interpretation is speculative, but 

the potential to detect effects of this kind motivates the continued development of large 

genetic cohorts for ARHI, including deeper phenotyping and questions into behavioral 

choices, comorbid conditions, and quality of life.  

A prominent hypothesis has been that age-related hearing impairment involves 

lower-penetrance genetic variation in genes that cause Mendelian forms of hearing 

loss[36,64]. In support of this view, we found that heritability for hearing difficulty was 

enriched near Mendelian hearing loss genes, including genome-wide significant risk loci 

that overlapped three Mendelian hearing loss genes, TRIOBP, EYA4, and ILDR1. However, 

these signals represent a small fraction of the heritable risk. Indeed, our results better 

support a highly polygenic genetic architecture for hearing difficulty, spanning many genes 

that had not been known to influence hearing. Evidence for polygenicity includes the 

inflation of c2 statistics (i.e., low p-values) across many thousands of SNPs and the 

enrichment of heritability across thousands of genes and putative gene regulatory regions 
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expressed in the cochlear sensory epithelium. It is likely that the 31 risk loci identified here 

represent merely the tip of a larger genetic iceberg. Thus, as with other common traits[103], 

it is likely that additional risk loci and risk genes will be discovered as sample sizes for 

GWAS continue to grow larger. 

Our results suggest that genetic risk factors for hearing difficulty act most 

frequently – but not exclusively -- through mechanisms within sensory hair cells. The 

primacy of hair cells is supported by heritability enrichments for genes expressed in hair 

cells and for regions of open chromatin in the cochlear sensory epithelium, as well as by 

the fact that 16 of the 50 fine-mapped risk genes were expressed selectively in hair cells. 

These results strongly support the relevance of our findings to auditory function, since 

damage to hair cells is the most common pathophysiology in AHRI. Of the 16 hair cell-

specific risk genes identified in our analysis, loss-of-function mutations in two are known 

to cause Mendelian hearing loss: TRIOBP[36,90,91] and EYA4[87,88]. An additional five 

genes have not previously been associated with human hearing loss but are known to cause 

hearing loss or cochlear development when mutated in mice: SYNJ2[92], RPGRIP1L[96], 

BAIAP2L2[98], TUB[104], and RBL2[97]. To our knowledge, this is the first report of a 

hearing loss phenotype for the remaining seven hair cell-specific risk genes: ANKRA2, 

ARHGEF28, CRIP3, CCDC68, EXOC6, GNAO1, IQCB1, and KLHDC7B. Hearing 

difficulty risk haplotypes contained protein-coding variants in 6 of these genes, while the 

others were supported by non-coding variants with predicted gene regulatory functions. 

These genes have diverse biological functions, ranging from transcriptional regulation to 

intracellular signaling to metabolic enzymes to structural components of synapses and 
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stereocilia. Taken together, these results suggest that functional variants impacting a wide 

range of hair cell-specific genes contribute to risk for hearing loss. 

Other risk genes suggest plausible mechanisms for hearing loss involving 

components of the stria vascularis. The lead SNP at a risk locus on chr11q14.3 is a 

deleterious missense SNP in TYR. TYR encodes tyrosinase, which catalyzes the production 

of melanin. In the cochlea, TYR is expressed specifically in melanin-producing 

intermediate cells of the stria vascularis, and TYR mutant mice have strial albinism, 

accompanied by age-associated marginal cell loss and endocochlear potential decline[93]. 

Chromosomal contacts at chr16q12.2 suggest that MMP2 is targeted by two distinct risk 

loci. MMP2 encodes matrix metalloproteinase-2, which serves an essential role in the 

cochlear response to acoustic trauma by regulating the functional integrity of the blood-

labyrinth barrier[95]. Risk-associated variants in these genes may contribute to strial 

atrophy, a common non-sensory cause of age-related hearing impairment[105]. 

Perhaps more surprisingly, several of the risk genes identified in our analysis are 

best known for their functions in cochlear development. These include two well-

characterized transcription factors: SOX2 and LMX1A. Loss-of-function mutations in each 

of these genes cause deformations of the cochlea and hearing loss in humans[84,86], while 

our analyses of adult hearing difficulty revealed non-coding genetic variation in putative 

distal enhancers. SOX2 is required for the formation of pro-sensory domains that give rise 

to hair cells and supporting cells[106]. LMX1A maintains proper neurogenic, sensory, and 

non-sensory domains in the mammalian inner ear, in part by restricting and sharpening 

SOX2 expression[107]. In addition, two genes supported by putative gene regulatory 

interactions at the chr10q23.3 risk locus, CYP26A1 and CYP26C1, metabolize retinoic acid 
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and are involved in the specification of the otic anterior-posterior axis[108]. Changes in 

cochlear development may cause vulnerabilities to hearing loss later in life. Alternatively, 

there may be as yet undescribed roles for these genes in the adult cochlea contemporaneous 

with hearing loss. 

Several limitations of this study should be noted. Our analysis is based on self-

reported hearing difficulty, which is likely less accurate than a clinical diagnosis of ARHI 

or a quantitative hearing assessment. Many of the loci have not yet been replicated, which 

will require very large independent cohorts. The 50 genes prioritized by epigenomic fine-

mapping remain data-driven hypotheses, which will need to be functionally validated in 

the future. Further resolving the gene regulatory interactions at these risk loci will also 

benefit from additional epigenomic data, including single-cell epigenomics to better 

resolve cell type-specificity and profiling of long-distance, ‘three-dimensional” chromatin 

interactions through techniques such as Hi-C. 

 In summary, we report the first systems genetics study of common genetic variation 

underlying risk for adult hearing difficulty. Our multi-trait and multi-omic analyses provide 

novel insights into genetic architecture and molecular mechanisms, prioritizing 50 putative 

risk genes. Functional studies of these risk genes are warranted, especially for several hair 

cell-specific genes that had not previously been implicated in hearing loss. In addition, our 

findings support a polygenic genetic architecture for hearing difficulty, suggesting that 

more risk genes will be discovered as genetic data become available from additional 

biobank-scale cohorts.  
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F. METHODS 
 
Ethics Statement 
 
All procedures involving animals were carried out in accordance with the National 

Institutes of Health Guide for the Care and Use of Laboratory Animals and were approved 

by the Animal Care Committee at the University of Maryland (protocol numbers 0915006 

and 1015003). 

 
Cell sorting by FACS followed by mRNA-seq and ATAC-seq 
 
CD-1 timed-pregnant females were purchased from Charles River (Maryland). At postnatal 

day 2, the mice were euthanized and their temporal bone removed. Cochlear ducts from 20 

mice were harvested, pooled and processed for Fluorescence-activated cell sorting (FACS) 

as described[72]. Briefly, to generate cell population for mRNA-seq, single-cell 

suspensions were obtained and incubated with anti-CD326, anti-CD49f, and anti-CD34 

antibodies to detect sensory epithelial, neuronal, mesenchymal, and vascular endothelial 

cells. For ATAC-seq, a simplified protocol was utilized to distinguish sensory epithelial 

from non-epithelial cells (primarily mesenchyme) based on labeling with anti-CD326. 

Cells were sorted by FACS using a BD FACS Aria II Cell Sorter (BD Biosciences) at the 

Flow Cytometry Facility, Center for Innovative Biomedical Resources (University of 

Maryland School of Medicine) (Fig. 2.3a).  

 

For mRNA-seq, libraries derived from total RNA from sorted cells were sequenced on an 

Illumina sequencer at the Institute for Genome Sciences (IGS) of the University of 

Maryland, School of Medicine. For ATAC-seq, fifty thousand cells and one hundred 

thousand cells from each sample were further processed as described [109] with the 
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following modification: following the transposition reaction and purification step, a right 

side size selection (ratio 0.6) using SPRIselect (Beckman-Coulter, Indiana) was added 

before proceeding to the PCR amplification. This extra step resulted in the selection of 

DNA fragments between 150 bp to 700 bp. The following primers from [109] were used 

for library preparations: 

Ad1_noMX 5’-AATGATACGGCGACCACCGAGATCTACACTCGTCGGCAGCGTCAGATGTG-3’; 

Ad2.1_TAAGGCGA 5’-CAAGCAGAAGACGGCATACGAGATTCGCCTTAGTCTCGTGGGCTCGGAGATGT-3’; 

Ad2.2_CGTACTAG 5’-CAAGCAGAAGACGGCATACGAGATCTAGTACGGTCTCGTGGGCTCGGAGATGT-3’; 

Ad2.3_AGGCAGAA 5’-CAAGCAGAAGACGGCATACGAGATTTCTGCCTGTCTCGTGGGCTCGGAGATGT-3’; 

Ad2.4_TCCTGAGC 5’-CAAGCAGAAGACGGCATACGAGATGCTCAGGAGTCTCGTGGGCTCGGAGATGT-3’. 

After completion of the libraries, whole genome sequencing, paired-end and a depth of 66 

million reads, was performed on an Illumina HiSeq 4000 at IGS. 

 
Single-cell RNA sequencing of mouse cochlea 
 
At postnatal day 2, 3 pups from a CD-1 timed-pregnant female were euthanized and their 

temporal bone removed. Cochlear ducts were harvested and pooled into Thermolysin 

(Sigma-Aldrich) for 20 min at 37oC. The Thermolysin was then replaced with Accutase 

(Sigma-Aldrich) and the tissue incubated for 3 min at 37oC followed by mechanical 

dissociation, repeating this step 3 times. After inactivation of the Accutase with 5% fetal 

bovine serum, the cell suspension was filter through a 35µm nylon mesh to remove cell 

clumps. The cell suspension was then processed for single-cell RNAseq. 

 Droplet-based molecular barcoding and single-cell sequencing were performed at 

the Institute for Genome Sciences (IGS) of the University of Maryland, School of 

Medicine. Approximately 10,000 dissociated cochlear cells were loaded into a Chromium 

Controller (10x Genomics) for droplet-based molecular barcoding of RNA from single 
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cells. A sequencing library produced using the 10x Single Cell Gene Expression Solution. 

Libraries from two cochlear samples were sequenced across three lanes of an Illumina 

HiSeq4000 sequencer to produce paired-end 75 bp reads. 

 

Description of traits and genome-wide association studies 
 
We started by manually identifying hearing-related traits (self-reported or ICD-10 codes) 

in the UK Biobank Data Showcase (https://www.ukbiobank.ac.uk/data-showcase/) for 

which GWAS summary statistics were available in the September 20, 2017, GWAS results 

data release from the Neale lab (http://www.nealelab.is/blog/2017/7/19/rapid-gwas-of-

thousands-of-phenotypes-for-337000-samples-in-the-uk-biobank). We used publicly 

available LDSC heritability estimates for these  traits produced by the Neale lab to select a 

smaller number for analysis. Details of the GWAS and heritability analyses are described 

on the Neale lab website (http://www.nealelab.is/blog/2017/9/11/details-and-

considerations-of-the-uk-biobank-gwas). We identified 31 traits, shown in Table S2.1. 

Four of these traits had significant heritability and were selected for further analysis. All 

of these were self-reported traits collected via ACE touchscreen questions, as follows: 

 

1) Hearing difficulty/problems (2247; http://biobank.ctsu.ox.ac.uk/crystal/field.cgi?id= 

2247). Participants were asked, “Do you have any difficulty with your hearing?” 

Possible answers were “yes”, “no”, “do not know”, “prefer not to answer”, and “I am 

completely deaf”. The Neale lab GWAS was performed using N = 323,978 unrelated 

individuals of European ancestry and compared individuals who answered yes (N = 

84,839) to all other individuals (N = 239,139). We note that this analysis appears to 
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misclassify N = 78 individuals who indicated they were completely deaf, who might 

better have been excluded from the analysis or treated as cases. Also, in this and other 

questions, it is debatable whether one should include those who answered “do not 

know” or “prefer not to answer.” The Neale lab did not indicate how many participants 

included in their analysis gave these answers, but they represent 4.7% of all UK 

Biobank participants shown in the Data Showcase (23,333 / 498,706). Despite these 

potential concerns, the LDSC heritability analysis of the Neale lab GWAS indicated 

strong heritability (https://nealelab.github.io/UKBB_ldsc/h2_summary_2247_1.html). 

As the individual-level data were not available to us, we decided to use the GWAS 

results as provided by the Neale lab. 

2) Hearing difficulty / problems with background noise (2257; http://biobank. 

ctsu.ox.ac.uk/crystal/field.cgi?id=2257). Participants were asked, “Do you find it 

difficult to follow a conversation if there is background noise (such as TV, radio, 

children playing)?” Possible answers were “yes”, “no”, “do not know”, or “prefer not 

to answer”. Participants who indicated they were previously deaf in trait 2247 were not 

asked this question or other subsequent hearing-related questions. The Neale lab 

analysis included N = 330,759 individuals and compared individuals who answered 

“yes” (N = 125,089 ) to all other individuals (N = 205,670;  https://nealelab.github.io/ 

UKBB_ldsc/h2_summary_2257.html). 

3) Hearing aid user (3393; http://biobank.ctsu.ox.ac.uk/crystal/field.cgi?id=3393). 

Participants were asked, “Do you use a hearing aid most of the time?” Possible answers 

were “yes”, ”no”, or “prefer not to answer”. The Neale lab analysis included N = 

204,240 individuals, with 10,322 answering “yes”, compared to 193,918 who answered 
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”no” or “prefer not to answer” (https://nealelab.github.io/UKBB_ldsc/h2_summary_ 

3393.html). 

4) Tinnitus, most or all of the time (4803; http://biobank.ctsu.ox.ac.uk 

/crystal/field.cgi?id=4803). Participants were asked, “Do you get or have you had 

noises (such as ringing or buzzing) in your head or in one or both ears that lasts for 

more than five minutes at a time?”  Possible answers included “Yes, now most or all 

of the time”, “Yes, now a lot of the time”, “Yes, now some of the time”, “Yes, but not 

now, but have in the past”, “No, never”, “Do not know”, or “Prefer not to answer.” The 

Neale lab performed GWAS of each of the “yes” categories, separately, in N = 109,411 

individuals. The GWAS with the strongest heritability compared those indicating they 

experienced tinnitus most or all of the time (N = 7,214) to those who gave any other 

response (N = 102,197; https://nealelab.github.io/UKBB_ldsc/h2_summary_4803_ 

11.html). 

We downloaded the summary statistics from these four GWAS from the Neale lab website 

and used them as the starting point for subsequent analyses. 

 
Genetic correlations of hearing-related and non-hearing-related traits 
 
Genetic correlations among the four hearing-related traits were calculated using the GWAS 

summary statistics from the Neale lab using LDSC v1.0.0. We utilized LD Scores derived 

from 1000 Genomes European genomes, downloaded from the LDSC website 

(https://data.broadinstitute.org/alkesgroup/LDSCORE/eur_w_ld_chr.tar.bz2). Genetic 

correlations of hearing-related traits with 234 additional traits was assessed using results 

from European ancestry GWAS (non-UK Biobank) of these traits available via LDHub 

v1.9.0 (http://ldsc.broadinstitute.org/ldhub/)[55]. 
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Meta-analysis of hearing-related traits in the UK Biobank 
 
Meta-analysis of the four hearing-related traits was performed with Multi-Trait Analysis 

of GWAS (MTAG)[58], using a version of the MTAG software downloaded on May 22, 

2018 (https://github.com/omeed-maghzian/mtag). MTAG is explicitly designed for joint 

analysis of summary statistics from biobank-scale GWAS of genetically correlated traits 

in overlapping samples. As above, this analysis used European LD Scores from LDSC and 

was performed using default parameters. 

 
Overlap of the loci identified in this study with those from the Wells et al study 
 
The Wells et al summary statistics were downloaded from: https://zenodo.org/record 

/3490750#.XaXevEZKhPa. FUMA[110] v1.3.1 was used to perform functional annotation 

of the summary statistics. Overlap was checked by determining whether each SNP from 

our study was in linkage disequilibrium with any of the independent significant SNPs from 

the Wells et al study.  

Polygenic risk score analysis 
 
Polygenic risk score analysis was performed to test whether hearing difficulty-associated 

SNPs from the UK Biobank predict hearing difficulty in an independent sample. Imputed 

genotypes and binaural hearing threshold phenotypes of Belgian individuals from Fransen 

et al.[61] were downloaded from the TGen website (https://www.tgen.org/supplementary-

data/gwas_polygenic_arhi_fransen_et_al/GWAS_POLYGENIC_ARHI_Fransen_et_al.ta

r.gz).  Initial QC was performed using PLINK v1.9. Individuals with >10% missing 

genotypes were filtered. We also removed SNPs that were missing from more than 10% of 

individuals, had a minor allele frequency of less than 5%, or were not in Hardy-Weinberg 

equilibrium (p<10-6). After filtering, 1,472 individuals and 907,726 SNPs were included in 
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this analysis. Risk scores were calculated in these samples using the R package PRSice-

2[62]. Risk scores were based on the weighted sum of risk-associated SNPs from the UK 

Biobank hearing difficulty MTAG summary statistics, using the following cutoffs for 

selection of SNPs included in the risk score: 0.001, 0.005, 0.01, 0.05, 0.1, 0.5, and 1.  

 
Replication of specific risk loci in independent cohorts 
 
We tested for replication of previously reported risk loci for ARHI and other hearing-

related traits through lookups in the MTAG hearing difficulty summary statistics. We 

started with 62 previously-reported SNPs, derived from top-level results reported by 

Hoffmann et al. (2016)[36], Vuckovic et al. (2015)[37], and from several earlier studies as 

reported in Table S2.1 from Ref. [36]. Summary statistics for 59 of these 62 SNPs were 

available in the UK Biobank sample. 

 
Gene set enrichment analysis 
 
Gene set enrichment analyses were performed using MAGMA[63] v1.06 implemented 

within FUMA[110] v1.3.1, as well as via a standalone installation. Genotyped and imputed 

SNPs were annotated to ENSEMBL v92 gene models in FUMA. Annotations were limited 

to protein-coding genes, excluding the major histocompatibility (MHC) region of extended 

linkage disequilibrium (a common source of false positive results), and with SNPs mapping 

to a gene if they were located between the gene’s start and end position. MAGMA was 

then used to calculate a p-value for each gene, based on the mean association among the 

SNPs annotated to each gene. Gene-based p-values were used to perform the following 

gene-level analyses:  
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i) Gene set enrichment analysis with Mendelian deafness genes extracted from the 

Online Mendelian Inheritance in Man (OMIM) database (https://omim.org/). This analysis 

was implemented using a local installation of MAGMA. 

ii) Gene property analyses to assess covariance of MAGMA gene p-values with 

gene expression in six cochlear cell types, 53 non-cochlear tissues, and 5,674 cell types 

from single-cell RNA-seq experiments of diverse mammalian tissues. For cochlear cell 

types, we computed the median transcripts per million (TPM) expression level for each 

gene in each cell type in RNA-seq of FACS-sorted cells from GSE64543[71] and 

GSE60019[65]. For non-cochlear cell types, we downloaded median TPM values for 53 

tissues from the GTEx v7 portal (gtexportal.org). We identified the set of genes quantified 

in all datasets and performed a quantile normalization across log-transformed TPM values 

from all cell types. Using these normalized expression levels, we performed a one-sided 

MAGMA gene property analysis, conditioning on the median expression level of each gene 

across all cell types, as well as standard covariate due to gene length, the number of SNP 

annotated to each gene, and correlations among nearby genes due to LD. These analyses 

were performed using a local installation of MAGMA. Equivalent gene property analyses 

of single-cell RNA-seq experiments were performed using FUMA, as described at 

https://fuma.ctglab.nl/tutorial#celltype. 

iii) Gene set enrichment analyses for Gene Ontology terms, utilizing 6,166 gene 

sets from the c5.bp, c5.cc and c5.mf databases from MSigDB v5.2. This analysis was 

implemented in FUMA. 
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ATAC-seq data processing 
 
Four ATAC-seq fastq files (two epithelial and 2 non-epithelial samples from P1 mouse 

cochlea) from each tissue type were aligned to mm10 genome using BWA aligner bwa 

mem method (https://github.com/lh3/bwa). Sorted BAM files from each of the four samples 

were filtered to mapped reads only using samtools, converted to BED format using 

bedtools, and analyzed for open chromatin signal enrichment using F-Seq[111]. The two 

BED files for each tissue type were merged using bedtools intersect, to identify regions 

common to both samples, requiring at least a 1 base pair overlap. We removed blacklist 

regions computed by the ENCODE project (ENCFF547MET), which show high non-

specific signal across many assays.   

Determining enrichment of ATAC-seq peaks for known tissue specific enhancers 
 
We examined overlap between open chromatin regions from ATAC-seq experiments and 

tissue-specific enhancers from VISTA (https://enhancer.lbl.gov/) using the Genomic 

Association Tester (GAT; https://github.com/AndreasHeger/gat). GAT determines the 

significance of overlap between genomic annotations though re-sampling within a genomic 

workspace defined as the mm10 genome, excluding ENCODE blacklist regions and 

regions of low mappability (ENCODE accession: ENCFF547MET).  

 
Enrichment of hearing difficulty heritability in open chromatin regions 
 
Enrichment of hearing difficulty heritability in tissue-specific open chromatin regions from 

our cochlear ATAC-seq experiments, as well as from ENCODE DNase-seq experiments, 

was examined using stratified LDSC. 1000 Genomes Phase 3 baseline model LD scores 

(non tissue-specific annotations) described by Finucane, Bulik-Sullivan et al. (2015)[80] 

were downloaded from http://data.broadinstitute.org/alkesgroup/LDSCORE/. Open 
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chromatin regions from DNase-seq of mouse tissues and cell types were downloaded from 

encodeportal.org; accession identifiers for the specific files are shown in Table S2.14. 

Regions of the mouse genome identified in these cochlear and non-cochlear open 

chromatin experiments were mapped to the human genome with the UCSC Genome 

Browser liftOver tool, using the mm10toHg19 UCSC chain file, requiring a minimum of 

50% of base pairs identical between the two genomes.  

 
Statistical fine mapping and functional annotation of GWAS risk loci 
 
Fine-mapping was performed using a combination of standard annotations and analyses 

performed with the SNP2GENE function in FUMA v1.3.1 (http://fuma.ctglab.nl)[110], as 

well as additional cochlea-specific annotations downstream data integration, as described 

below. The architecture of risk loci was determined based on LD structure in the 1000 

Genomes Phase 3 European-American sample, calculated with PLINK. LD-independent 

lead SNPs at each locus had p-values < 5e-8. We defined risk loci using a minimum 

pairwise r2 > 0.6 between lead SNPs and other SNPs. In addition, we set a minimum minor 

allele frequency of 0.01, and the maximum distance between LD blocks to merge into 

interval was 250. Subsequently, we selected 613 SNPs for deeper annotation, using a 

pairwise r2 threshold > 0.9 with an LD-independent lead SNP. 

Annotations of protein-coding variants were performed in FUMA, using 

ANNOVAR[112] with ENSEMBL v92 gene models. Deleteriousness of variants was 

predicted using CADD v1.3[113], and we selected variants with a CADD Phred score 

threshold >= 10. 

Regulatory functions were predicted for non-coding variants based on overlap with 

open chromatin in mouse cochlear epithelial and non-epithelial cells, followed by 
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prediction of target genes based on proximity to transcription start sites (TSS) and 

chromatin interactions from Hi-C experiments. First, we selected a subset of the 613 risk-

associated SNPs that were located +/-500bp of regions homologous to open chromatin in 

mouse cochlear epithelial and non-epithelial cells. SNPs were annotated to proximal target 

genes if they were located within 20kb of the TSS from an ENSEMBL v92 gene model. 

SNPs were annotated to distal target genes based on chromatin interactions from 

Hi-C of 20 human tissues and cell types[82]. Hi-C data were processed with FUMA, using 

Fit-Hi-C[114] to compute the significance of interactions between 40kb chromosomal 

segments. Using these data, we identified chromosomal interactions that connect the 

genomic segment containing each risk-associated, open chromatin-overlapping SNP to 

distal chromosomal segments. We annotated genes whose transcription start sites were 

located within these distal segments. We considered chromosomal loops identified in each 

of the 20 tissues and cell types. As chromosomal contacts differ from tissue to tissue and 

Hi-C data are inherently noisy, aggregating loops from multiple tissues can lead to false 

positive signals. To mitigate this risk, we selected a strict p-value threshold for the 

significance of loops, p < 1e-25, manually determined by inspection of the data to capture 

one or a few of the strongest loops at each locus. 

 
Single cell RNA-seq data analysis 
 
Genomic alignment, de-multiplexing, and mapping of unique molecular identifiers (UMIs) 

mapping to each gene was performed using cellranger. Downstream analyses were 

performed with the Seurat R package[99]. We filtered cells with <50 or >20,000 UMIs and 

with >20% of UMIs coming from mitochondrial genes. Counts of UMIs per gene were log 

normalized. Highly variable genes were identified using the FindVariableGenes function 
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with the following parameters: dispersion formula = LogVMR, minimum = 0.0123, 

maximum = 3, y cutoff = 0.5. Counts from variable genes were then scaled. We regressed 

out effects of cell cycle, percent of mitochondrial genes, and number of unique molecular 

identifiers. The list of cell cycle genes was obtained from the Seurat website: 

https://satijalab.org/seurat/cell_cycle_vignette.html. We constructed a shared-nearest 

neighbors graph based on the first 10 principal components of variation in the scaled and 

normalized expression patterns of variable genes. Cell clusters were identified from the 

nearest-neighbors group based on Louvain modularity, using the FindClusters() function, 

with a resolution of 0.6. Clusters were visualized by t-distributed stochastic neighbor 

embedding (t-SNE) of the first 10 principal components and annotated to known cochlear 

cell types based on the expression of all marker genes. Cell type specificity for the 50 risk 

genes was calculated using FindAllMarkers() function, using Wilcoxon tests to compare 

counts in each cell type to counts of all other cell types in aggregate. 

 
Meta-analysis of hair cell-specific gene expression for hearing difficulty risk genes. 
 
Processed data from GSE60019, GSE71982, and GSE116703 were downloaded and 

imported into R using the GEOquery R package. log-transformed transcripts per million 

were fit to linear models, using the lmFit, contrasts.fit, and eBayes functions in the limma 

R package. The main effect of cell type (hair cells versus all other cells) was calculated in 

each dataset, separately, controlling for covariates due to age. We then computed a 

combined meta-analytic p-value for each gene across the three datasets, using Stouffer’s z-

score method with equal weights. 
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Chapter 3. Cochlear organoids recapitulate epigenetic and transcriptional programs for the 
development of hair cells and supporting cells in vivo2. 
 
 
A. ABSTRACT 
 
Organoid systems have been designed to model the three-dimensional organization of the 

mammalian cochlea. However, the extent to which these organoids mimic transcriptional 

and epigenetic programs of in vivo cell types remains unclear. Here, utilizing an established 

protocol, we generated cochlear organoids from murine Lgr5+ progenitor cells and 

performed a comprehensive molecular characterization at multiple time points with single-

cell RNA sequencing and bulk RNA sequencing. For comparison, we generated 

comparable data from intact cochlea and utricle and integrated these data with six previous 

studies of cochlear and utricular cell types in vivo, leading to a substantially improved 

database of transcriptional markers for cell types in the mouse inner ear. Integration of 

these in vitro and in vivo datasets revealed that cells in organoids mimic nearly all subtypes 

of supporting cells and hair cells in the newborn cochlea with high fidelity, and 

transcriptional signatures of mature hair cells are apparent after ten days of organoid 

differentiation. However, at later time points, hair cells from organoids activate markers of 

cell stress and express mixed transcriptional signatures for cochlear and vestibular 

subtypes. We reconstructed a gene regulatory model from our data to gain insight into the 

transcriptional programs underlying the trans-differentiation of Lgr5+ progenitors to hair 

cells. Our model identified known regulators of hair cell development, including Atoh1, 

Pou4f3, and Gfi1, and predicts novel regulatory factors such as the Wnt effector Tcf4. We 

                                                
2 Gurmannat Kalra*, Danielle Lenz*, Brian R. Herb, Carlo Colantuoni, Beatrice Milon, Ronna P. Hertzano, 
[others], Seth A. Ament, Albert Edge. 
In preparation for submission. 
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validated these networks across transcriptional datasets, demonstrating dynamic changes 

in these TFs’ expression during organoid differentiation. 

 

B. INTRODUCTION 
 

The mouse cochlea contains approximately 15,000 hair cells. Its dimensions and 

location, and the small number of hair cells, make mechanistic, developmental and cellular 

replacement studies difficult. We recently published a protocol to expand and differentiate 

murine neonatal cochlear progenitor cells into 3D organoids that recapitulate 

developmental pathways and can generate large numbers of hair cells with intact 

stereociliary bundles, molecular markers of the native cells and mechanotransduction 

channel activity [30]. This organoid system holds promise for modeling development and 

differentiation and for higher-throughput screening to identify small molecules and genes 

that modulate these processes. 

As with other cell culture systems, the relevance of LCPs to in vivo developmental 

and differentiation depends on the fidelity with which they mimic in vivo cell types and 

developmental processes. Previous studies of LCPs examined the functional attributes of 

organoid-derived hair cells and demonstrated that subsets express markers for both of the 

major subtypes of cochlear hair cells, inner hair cells and outer hair cells [32,115]. 

However, these analyses were limited to a small number of known marker genes, which 

may not fully reveal the cells’ transcriptional states. Moreover, the transcriptional 

signatures of cells within organoids that do not become hair cells remain little 

characterized. Here, we performed a comprehensive transcriptional characterization of 

LCPs in comparison to in vivo cell types, confirming that LCPs mimic nearly all supporting 
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cell and hair cell subtypes of the in vivo cochlea. Gene regulatory network modeling of 

these data predicted novel regulators of hair cell development and differentiation.  

 
C. RESULTS 
 
Data integration reveals robust molecular profiles for each cochlear and utricular cell 
type 

 
To enable a quantitative comparison of inner ear sensory epithelium cell types, we 

developed a comprehensive database of gene expression profiles for various cell types and 

states in the mouse cochlea and utricle. We generated new scRNA-seq from mouse utricle 

at postnatal days 2 and 7. We integrated these data with six previously published scRNA-

seq datasets to identify robust molecular signatures for various time points of 17 cell types, 

including subtypes of hair cells, supporting cells, spiral ganglion neurons, and cells of the 

stria vascularis (Supplemental Table 3.1). We correlated these signatures with each other 

as validation of their specificity to each cell state as well as shared molecular signatures 

between cell types and states (Fig 3.1, Supplemental Table 3.2). We plotted the expression 

of the top few genes of each cell state to evaluate their robustness across cell states (Fig 

3.1). These profiles will allow us to more specifically identify in vitro cells; known markers 

for cochlear hair cells – many of which were derived from analyses of protein abundance 

– are not always suitable for these analyses, either because their transcript levels are less 

cell type-specific or because they are also expressed in vestibular hair cells. Furthermore, 

it is important to capture the molecular differences of cell types in different time points (for 

example, postnatal day 1 vs 7).  
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Figure 3.1.  Molecular profiles for each cochlear and utricular cell type. Left: Pearson’s 
correlation of molecular profiles from each cell state. Right: Expression of the top few 
genes from each cell state.  
 
Single-cell analysis of LCPs reveal tight correlation to the postnatal cochlea 
 

Next, we generated scRNA-seq of a total of 67,162 LCP cells at day 0 (4 samples) and 

day 10 (2 samples) of differentiation (Fig 3.2a). Louvain clustering revealed 11 

transcriptionally distinct cell types (Fig. 3.2c). As expected, several cell clusters were 

differentially abundant in D0 vs. D10 samples, indicating that differentiation results in 

substantial changes in cell composition. We correlated signatures of in vivo cochlear cell 

types at embryonic (E14, E16) and postnatal (P1, P7) timepoints [45] to signatures of the 

11 clusters of LCP organoids (D0, D10) (Fig 2D, Supplemental Table 3.4). Examination 

of canonical marker genes indicated that at both time points organoids were primarily 

composed of epithelial cells that express markers of hair cells (Atoh1, Pou4f3, Myo7a, and 

Pvalb) or of supporting cells (Sox2 and Lgr5) (Fig. 3.2b). 
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Figure 3.2. Identification of in vitro cell types from the LCP differentiation time course. 
A) Clustering of the four D0 samples and 2 D10 samples. B) Expression of Sox2, Lgr5, 
Atoh1, Pou4f3, Myo7a, and Pvalb in the in vitro samples. C) Clustering of the in vitro 
samples, labeled by cluster number. D) Top: Proportion of cells in each in vitro cluster 
from C. Middle: Pearson’s correlation of in vitro cell clusters from C to in vivo cell types. 
Bottom: Expression of individual marker genes from each in vivo cell state in each in vitro 
cell cluster.  
 

Among the LCP clusters that lack hair cell markers, signatures for clusters 0, 1, 3, and 

4 (primarily D0 LCP cells) were positively correlated with signatures for in vivo inner 

phalangeal cells, inner pillar cells, GER, prosensory, inner sulcus, and Ube2c+ cells. The 

signature for cluster 9 (primarily D0 LCP cells) was strongly correlated with Oc90 and 

mesenchymal cells. Clusters 2, 5, and 6 (primarily D10 LCP cells) were positively 

correlated with signatures for postnatal lateral GER, interdental cells, and Oc90 cells. 

Cluster 10 was correlated with the signature for Deiters’, Oc90, inner pillar, as well as for 

cells of the stria vascularis. We note that when comparing in vivo vs. in vitro cell types the 

correlation coefficients were often weaker and less specific than in comparisons of the 

same in vivo cell type in independent datasets, suggesting that the in vitro cells are less 

fully differentiated or express cell culture-specific signatures. Similar results have been 

reported for cortical organoids [116]. Importantly, most of the in vivo cell types matching 

clusters from D0 LCPs are Lgr5+ -- especially 3rd row Deiters, inner pillar, and inner 

phalangeal cells – and likely reflect the original cell types from which the LCPs were 

derived. By contrast, most of the in vivo cell types matching clusters from D10 LCPs do 

not express Lgr5, suggesting that by day 10 of differentiation these cells have assumed new 

supporting cell identities. Overall, these results indicate that cells within LCPs differentiate 

to nearly all supporting cell subtypes from the in vivo cochlea.  
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Signatures of two LCP clusters – clusters 7 and 8 -- correlated strongly with in vivo 

hair cells. These hair cell-like cells represent 1.6% of the cells in D0 LCPs and 12.4% of 

the D10 LCPs. Both clusters show positive correlation with cochlear and vestibular hair 

cells. Cluster 7 (49.9% D0 and 50.1% D10 cells) correlated most strongly with signatures 

of early cochlear hair cells. By contrast, cluster 8 (99.7% D10 cells) correlated less strongly 

with early cochlear hair cells and shows more positive correlation with vestibular hair cells. 

To further investigate the molecular differences between clusters 7 and 8, a differential 

gene expression analysis revealed the upregulation of cochlear and vestibular hair cell 

genes in cluster 8, and mostly cochlear hair cell genes in cluster 7 (Fig 3.3a).  Projecting 

the average expression of differentially expressed genes from hair cells at E14, E16, P1, 

and P7 [45], and from vestibular immature and mature hair cells revealed a hair cell 

maturation trajectory from LCP clusters 7 to 8 (Fig 3.3b). In addition, the canonical marker 

of immature hair cells, Atoh1, is expressed most strongly in cluster 7, while markers of 

more mature hair cells, including Pou4f3 and Myo7a, were most highly expressed in cluster 

8. Therefore, these clusters may correspond to immature and mature hair cell identities, 

respectively. We speculate that the small number of hair cell-like cells in undifferentiated 

D0 LCPs arose through spontaneous activation of hair cell differentiation programs, 

whereas more numerous and more mature hair cells arise in D10 LCPs. It is surprising that 

some LCP-derived hair cells also expressed signatures of type I and type II utricular hair 

cells, suggesting that these cells have not assumed a distinct cochlear vs vestibular identity 

[29]. Reassuringly, none of the hair cell-like cells in LCPs express signatures of other 

Atoh1 dependent lineages: cerebellar granular precursors, gut cells, and Merkel cells (Fig 

3.3c). Interestingly, many of the hair cell-like cells in LCPs express the progenitor cell 
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marker Sox2 (Fig 3.2c). Pouf43 and Sox2 generally are generally not co-expressed during 

in vivo cochlear development. However, Sox2 is highly expressed in regenerated hair cells 

that arise in vivo after noise- or chemical-induced hair cell ablation. In this respect, the 

trans-differentiation processes by which LCPs differentiate to hair cell-like cells may more 

closely mimic regeneration than development. In summary, LCP differentiation results in 

a trajectory from immature to more mature hair cell-like cells of which subsets express 

signatures of both cochlear and vestibular subtypes. 

Trajectories of supporting cell to hair cell transdifferentiation 
 
 Next, we sought to model the trajectories by which Lgr5+ supporting cells 

transdifferentiate to hair cells, using pseudotime trajectory analysis of our scRNA-seq data, 

as well as time course mRNA sequencing from bulk LCP cells at days 0, 2, 4, and 10 of 

LCP differentiation. Using Monocle, we produced a non-branching trajectory that follows 

cells from cluster 4 (the cluster with the highest expression of Lgr5) through cluster 7 

(immature hair cells) to cluster 8 (mature hair cells) (Fig 3.2 C,D), from differentially 

expressed genes in each of those clusters (Supplemental Table 3.4). Examination of known 

markers for hair cell development revealed sequential patterns of activation. Lgr5 

expression was high at the beginning of the trajectory, then declined to low levels in 

immature and mature hair cells (Fig 3.2E). Atoh1, the master regulator of hair cell 

development, peaked in immature hair cells at the middle of the trajectory. Markers of 

mature hair cells, including Gfi1, Myo6, Myo7a, Pou4f3, and Pvalb increased to high levels 

at the end of the trajectory. As noted above, Sox2 was co-expressed with mature hair cell 

markers in LCPs, and we confirmed that its expression was highest at the end of the 

pseudotime trajectory. 



 62 

 



 63 

Figure 3.3. Characterization of the in vitro hair cell-like cells and trajectory analysis. A) 
Differentially expressed genes in LCP clusters 7 and 8 B) Average expression of genes 
differentially expressed in each cochlear and utricular hair cell type, in LCP clusters 7 and 
8 C) Projection of Atoh1-dependent cell lineages in in vitro cell clusters 7 and 8. D) Left: 
Trajectory of clusters 4, 7, and 8, labeled by cluster number. Right: Trajectory of clusters 
4, 7, and 8, labeled by pseudotime. E) Expression of select genes over the pseudotime 
trajectory of clusters 4, 7, and 8.  
 
Extending this analysis to additional genes with dynamic expression across pseudotime, 

we identified 6,523 dynamically expressed genes. Clustering these genes with BEAM 

revealed three gene co-expression clusters (Supplemental Table 3.5).  

To confirm these gene dynamics, we generated mRNA-seq of bulk LCP cells at days 

0, 2, 4, and 10 of differentiation, as well as of P2 hair cells (Atoh1+) and supporting cells 

(Lgr5+ and Sox2+). Principal component analysis on the D0, 2, 4, and 10 samples 

confirmed that the largest component of variation separates the different time points (Fig 

3.3a). Examination of known markers confirmed activation of hair cell marker genes 

during differentiation (e.g., Myo7a and Tmc1), accompanied by a decrease in Notch 

pathway genes (e,g., Notch3 and Jag1) and cell cycle genes (e.g., Ccnc1, Birc5, and Cdk1; 

Fig 3.3c). K-means clustering of the bulk RNA-seq data revealed eight distinct expression 

patterns (Fig 3.3d, Supplemental Table 3.6). Three of the eight bulk RNA-seq -derived 

patterns statistically overlapped the three transdifferentiation-related co-expression 

patterns derived from the scRNA-seq trajectory (groups 1, 3, and 4) (Supplemental Table 

3.7). Representative genes from these clusters include Ccnd1 and Lgr5 (group 1, decreasing 

over differentiation), Atoh1 and Pax2 (group 4, middle-onset expression), and Myo7a and 

vGlut3 (group 3, late-onset) (Fig 3.3e). 

Functional annotation of gene co-expresssion modules across datasets revealed 

biological processes that are robustly enriched at the early-, middle-, and late phases of 
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transdifferentiation. Significant GO terms (p.adj < 0.05) for the “early” gene co-expression 

modules include negative regulation of Notch signaling pathway, regulation of inner ear 

auditory receptor cell differentiation, and regulation of mechanoreceptor differentiation. 

Significant GO terms for middle-onset module included “regulation of epithelial cell 

differentiation” (p = 4.01 x 10-5) and development-related terms. Significant GO terms for 

the late-onset module included cilium movement, inner ear development, hair cell 

differentiation, and inner ear morphogenesis (Supplemental Table 3.8). These gene 

expression dynamics largely mirror hair cell development processes observed in vivo. 

Gene regulatory networks underlying transdifferentiation 
 

The transcriptional regulators involved in transdifferentiation of supporting cells to hair 

cells remain incompletely characterized. We predicted these regulators by reconstructing a 

gene regulatory network (GRN) model from our scRNA-seq and mRNA-seq data. Briefly, 

we applied a random forest GRN inference algorithm, GENIE3 [117], to predict target 

genes for transcription factors, using scRNA-seq data from clusters 4, 7, and 8. This 

resulted in a GRN model predicting the regulation of 17,849 genes by 1024 TFs. To predict 

key regulators of transdifferentiation, we tested for the enrichment of GENIE3-derived 

regulons in early-, middle-, and late-onset gene co-expression modules. A total of 67 TFs 

were reproducibly enriched (p < 0.05) in modules derived from both scRNA-seq and bulk 

RNA-seq data. Next, these 67 TFs were used as input to  reconstruct a dynamical TF-to-

TF gene regulatory network along pseudotime, using SCODE [118] (Figure S3.1, Figure 

3.4A). TFs with the most predicted targets in this network include known regulators of hair 

cell differentiation (e.g., Atoh1, Pou4f3, and Lmo1), as well as TFs that have not previously 

been implicated in this process (e.g., Ddit3, Basp1, Tcf4, Sox4).  



 65 

 
 
Figure 3.4.  Clustering analysis of bulk RNA-seq data from D0, 2, 4, and 10. A) PC1 scores 
of the D0, 2, 4, and 10 bulk RNA-seq samples and their replicates. B) PCA of Atoh1+, 
Lgr5+, and Sox2+ cells and their replicates from P2 mouse cochlea. C) Expression of select 
genes in D0, 2, 4,and 10 samples. D) K-means clustering of D0, 2, 4, and 10 bulk RNA-
seq samples, showing eight gene expression patterns. E) Expression of select genes in 
groups 1, 3, and 4 from D.  
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Figure 3.5. Gene regulatory network of transcription factors that drive the 
transdifferentiation of Lgr5+ cochlear progenitor cells to hair cell-like cells. Each 
transcription factor is colored by its activity in the pseudotime course from Fig 3.3E, and 
its size in this diagram reflects the magnitude of its outdegree.  
 

D. DISCUSSION 
 

Our data integration analysis which yielded robust cell profiles for various cochlear 

and utricular cell types allowed a more precise characterization of cells involved in the 

LCP differentiation protocol.  

The cells at the start of the differentiation protocol correlate best with in vivo inner 

and outer pillar, inner phalangeal, Deiters, prosensory, greater epithelial ridge, and inner 
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sulcus cells, many of which express Lgr5. The cells at the end of the differentiation protocol 

correlate best with in vivo greater epithelial ridge, lesser epithelial ridge, and interdental 

cells. This is consistent with a recent finding that greater epithelial ridge cells show robust 

ability to generate cochlear progenitors [12].  

It has been previously demonstrated that LCP differentiation yields cells which 

express key hair cell markers, including those of inner and outer hair cells. Here, we 

confirm that finding and also report that the hair cell-like cells also express markers of 

vestibular hair cells, which may be a result of the in vitro culture.  

 We also present gene expression dynamics during the LCP differentiation protocol, 

supported by scRNA-seq and bulk RNA-seq data. These include previously known patterns 

of in hair cell and supporting cell genes as well as several new genes that follow those 

patterns. 

 This study elucidates the regulation of genes that are known to be expressed in the 

inner ear, during the process of trans-differentiation. Upregulation of Ddit3, a cell cycle-

related gene corresponding to endoplasmic reticulum stress, is thought to contribute to 

hearing loss [119]. Our network reconstruction reveals that Ddit3 has a high outdegree 

during trans-differentiation, is most active towards the end of the maturation process, and 

acts similarly to Pou4f3, Atoh1, and Lmo1 in repressing Hes1 and expressing genes such 

as Sox4, Tceb2, Tcf4 and Wnt signaling-related genes: Jun and Junb. Expression of Sox4 

restores supporting cell proliferation and hair cell production [120], Tceb2 is expressed in 

cochlear hair cells [21], and Tcf4 is known to interact with Atoh1 to induce neuron 

differentiation [121] but has not been reported in hair cell maturation literature.  
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A limitation to this study is that the LCP differentiation protocol in vitro culture 

condition seems to not allow a specific hair cell subtype identity of the resulting hair cell-

like cells. Therefore, although we determined that resulting cells assume a mature hair cell 

identity, we are unable to identify factors that are required to form inner and outer hair 

cells. Furthermore, though we characterized the LCP cells using multiple cell types and 

cell states by combining publicly available RNA-seq data, there was only one time point 

for a few cell types, resulting in characterization by one state of those cell types. These 

limitations can be overcome by generating a larger dataset of LCPs, sequenced at multiple 

time points during differentiation. Also, lineage tracing may be used to confirm the 

identities of the cells that differentiate into hair cell-like cells in this protocol.  

In conclusion, we present here a comprehensive database of robust molecular 

profiles for cell types in various cell states of the cochlea and the utricle, which allowed us 

to identify cell types involved in the in vitro LCP differentiation protocol. We also elucidate 

gene regulatory networks that drive the in vitro transdifferentiation of Lgr5+ supporting 

cells to a hair cell fate.  

 
E. METHODS 
 
Marker genes for each cell type 
 

By integrating publicly available scRNA-seq data from cochlear and utricular cell 

types, we derived gene profiles for each cell type. Utricular and cochlear cells were 

integrated into one expression matrix. Marker genes were derived by performing 

differential gene expression analysis on each cell type against all others in that matrix, 

using the Seurat R package, and calculating a specificity score for each gene [116].  
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Datasets for hair cells and spiral ganglion neurons (SGNs): 
Cell Type Time point Source 
IHCs P1, P7 GSE137299 
OHCs P1, P7 GSE137299 
Type I HCs P7, P12, P100 GSE115934 
Type 2 HCs P7, P12, P100 GSE115934 
Type I SGNs P63, P25-27 GSE114759, GSE114997 
Type 2 SGNs P63, P25-27 GSE114759, GSE114997 

 
Datasets for supporting cells and stria vascularis cells: 
Cell Type Time Point Source 
Hensen’s E16, P1 GSE137299 
Inner Pillar E16, P1, P2, P7 GSE137299 
Outer Pillar P1, P2, P7 GSE137299 
Inner Phalangeal E16, P1, P2, P7 GSE137299 
Claudius E16, P1 GSE137299 
Deiters row 1,2 P1, P2, P7 GSE137299 
Deiters row 3 P1, P2, P7 GSE137299 
Utricular SCs P1, P2 GSE71982  
Marginal P30 GSE136196 
Intermediate P30 GSE136196 
Basal P30 GSE136196 

 
Genes with a specificity score for the relevant cell type and either 0 for other cell types or 

a very low score for other cell types (as necessary for Type IA-C SGNs) were selected as 

marker genes.  

   
Expansion and differentiation of Lgr5-positive cochlear progenitor cells 
 

Lgr5-positive cochlear HC progenitors (LCPs) were made by the established protocol 

[32]. Lgr5-positive cells derived from newborn Atoh1-nGFP mouse organ of Corti in 

medium supplemented with growth factors were expanded to form inner ear organoids in 

GSK3b inhibitor, CHIR, and HDAC inhibitor, VPA, and were induced to differentiate in 

GSK3b inhibitor, CHIR, and g-secretase inhibitor, LY411575. Generation of HCs was 

assayed by flow cytometry for GFP, which relies on Atoh1 enhancer activation in these 

transgenic mice [122].  
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RNA-sequencing 
LCPs were examined by RNA-Seq at 4 time points: the start (D0), the early (D2), 

middle (D4) and late (D10) stages of differentiation [32]. RNA was isolated by published 

procedures [115,123]. The cells at these time points were compared to sorted cells prepared 

at P2 from Atoh1-GFP, Sox2-GFP[124], and Lgr5-GFP [125] mice, corresponding to hair 

cells, supporting cells, and the Lgr5-positive subset of supporting cells. RNA quality was 

confirmed, and cDNA synthesis, and library preparation carried out using 2 ng of sheared 

cDNA. Illumina NextSeq500 Single-End 75 bp (SE75) sequencing was performed to 

provide an estimated coverage of 20-30 million single-end reads per sample as described 

[123].  

 
Single-cell RNA-Sequencing 
 

scRNA-Seq of the LCPs was performed at D0 and D10 of differentiation to follow gene 

expression at the single cell level. LCPs were prepared from 6-12 newborn ears of both 

sexes, and more than 5,000 cells were collected for analysis using the 10X Genomics 

droplet-based single-cell sequencing platform. The cell suspension was diluted to a 

concentration of 500 cells per ml and immediately captured, lysed, and primed for reverse 

transcription (RT) using the high throughput, droplet microfluidics Gemcode platform 

from 10X Genomics with v2 chemistry. Each droplet on the Gemcode co-encapsulates a 

cell and a gel bead that is hybridized with oligo(dT) primers encoding a unique cell barcode 

and unique molecular identifiers (UMIs) in lysis buffer. After capture for 6 min on gel 

beads, the transcriptomes were pooled and reverse transcribed to cDNA. Cell barcodes and 

UMIs were employed, after sequencing to demultiplex the originating cell and mRNA 

transcript from the pooled and PCR amplified cDNA. RT-PCR amplification of cDNA, 
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and preparation of a library from 30 ends were conducted according to the manufacturer’s 

published protocol. We performed 14 cycles of PCR amplification of cDNA. The library 

was sequenced on an Illumina NovaSeq 6000 with an S2 100 cycle reagent kit at the Broad 

Institute Sequencing Facility.  

Single cell RNA-seq pre-processing, integration, and clustering 
 

Initial scRNA-seq data processing, including demultiplexing, alignment to the mouse 

genome (mm10), and read counting were performed with cellranger (10X Genomics). The 

number of genes expressed, the number of UMIs detected, and the percentage of 

mitochondrial and ribosomal RNA were calculated for quality control. Cells with >5% of 

UMIs from mitochondrial genes were discarded. We applied the Seurat v3 Standard 

Workflow (Butler and Satija, 2019) to integrate cells across replicates, using 7,000 highly 

variable genes, 3000 anchors, and 50 dimensions. Subsequently, principal component 

analysis was performed, and cells clustered on a K-nearest neighbor graph based on 

Euclidean distance using the previously defined PCA dimensionality as the input. Cells 

were clustered using the Louvain algorithm to optimize the standard modularity function 

before performing dimensionality reduction via UMAP. Further analysis was performed 

by re-clustering selected sets of cells followed by differential gene expression analysis to 

identify unique cell markers. 

Comparison of LCP cell clusters to in vivo cell types 

Cell clusters in LCPs were compared to cell types in the in vivo mouse cochlea 

based on correlations among shared marker genes. A cell type specificity score was defined 

for each gene in each cluster, as previously described [116]. Briefly, for each gene detected 

in >50% of cells from a cluster, we multiplied its enrichment (log2 fold change) by its 
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specificity (percent of relevant cluster expressing the gene/percent of other clusters 

expressing the gene) to yield a specificity score within each cluster. Specificity scores were 

calculated for each LCP cell cluster, as well as for each cell type in the mouse cochlea, 

based on scRNA-seq of E14, E16, P1, and P7 cochlear cell types from [Kelley paper]. We 

then used Pearson’s correlations to quantify the similarity of marker genes for each in vivo 

vs. in vitro cell cluster.  

In addition, we used the projectR R package [126] to “score” each cell for the 

expression of marker genes in each in vivo cell type. For each in vivo cochlear cell type, 

we defined a set of specifically expressed markers (>50% non-zero counts; p-value < 0.05). 

Cells in LCPs were then scored based on the combined expression of each set of marker 

genes, using the projectR() function. Similarly, cells in LCPs were compared to other cell 

types that share an Atoh1 lineage, defining scores based on genes specifically expressed in 

gut cells, Merkel cells, cerebellar granule cell progenitor cells, and hair cells [29]. 

 
Monocle trajectory construction 

We reconstructed a pseudotime trajectory for the differentiation of LCPs to hair 

cell-like cells using Monocle. For this analysis, we selected the LCP cluster most similar 

to greater epithelial ridge (cluster 4), as well as the two clusters of hair cell-like cells. 

Trajectory analysis was performed using Monocle version 2.14.0. Cells were ordered using 

the top 375 differentially expressed genes (min.pct = 0.25) in the cells from each cluster. 

Monocle’s orderCells function arranged these cells along a pseudotime trajectory. The 

differentialGeneTest function (fullModelFormulaStr = “sm.ns(Pseudotime)”) was used to 

calculate the significance of each gene’s expression change over pseudotime. Genes with 
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a q-value < 0.01 and detected in at least 200 cells were retained for clustering in 

pseudotime.   

 

GO term enrichment 

GO term enrichment on the genes supported by the bulk RNA-seq clusters and the 

pseudotime-derived scRNA-seq clusters was performed using clusterProfiler R package 

[127]. GO terms with a BH adjusted p-value < 0.05 were reported.  

Gene regulatory network reconstruction 

 A gene regulatory network for the differentiation of LCPs to hair cell-like cells was 

derived from scRNA-seq data. As with trajectory analysis, we selected clusters 4, 7, and 8 

for this analysis. First, GENIE3 [117] was used to predict target genes for each of 1,186 

transcription factors, the subset of transcription factors with expression in these cells from 

a list of 1675 mouse transcription factors from http://genome.gsc.riken.jp/TFdb/data/ 

tf.name. The GENIE3 output was a list of transcription factors and their predicted target 

genes (regulons). We used hypergeometric tests to identify transcription factors whose 

predicted target genes were over-represented in each gene co-expression cluster from 

pseudo-time analysis and bulk RNA-seq. We further reconstructed a dynamical model for 

TF-to-TF interactions during hair cell differentiation using SCODE, which implements an 

ordinary differential equation model using pseudotime. For this analysis, we selected 58 

TFs whose targets were over-represented within gene co-expression clusters whose 

expression peaked early, middle, or late in hair cell differentiation, consistently in our bulk 

and single-cell datasets.  
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Chapter 4. Summary and implications of the research 
 

Hearing loss affects approximately 466 million people worldwide. Sensorineural 

hearing loss is most commonly the result of loss of sensory hair cells of the inner ear [29]. 

Current therapies include hearing aids and cochlear implants, both of which require 

ongoing maintenance and neither of which mimic the quality of sound transmitted by a 

fully functional cochlea [2]. Therefore, developing gene-based therapies for hearing loss is 

of high interest in the hearing field. Hair cell regeneration is targeted for gene therapies for 

hearing loss because the mammalian cochlea lacks the capacity to regenerate hair cells, the 

sensory cells of the cochlea, upon damage. Previous studies on hair cell regeneration have 

identified genes and pathways that are critical for hair cell development; however, they 

have been successful in forming only partially functional, or immature, hair cells [29]. This 

dissertation aims to identify genes that can be targeted for forming fully functional and 

mature hair cells.  

A. Main findings  

 The goal of this dissertation was to employ a systems biology approach to better 

understand the genetic and genomic architecture of hearing loss. I accomplished this using 

two different strategies: in the first, I derived potential target genes by characterizing 

GWAS risk loci, and in the second, I elucidated cell types and gene regulatory networks 

that are involved in hair cell regeneration, from a molecular study of an in vitro hair cell 

regeneration model. 

The first strategy involved meta-analyzing GWAS of four hearing-related traits in 

order to characterize risk loci and predict target genes. I did this by integrating epigenomic 

and transcriptomic data. This analysis yielded 8 novel risk loci for age-related hearing 
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impairment. Expression of risk-associated genes was most enriched in cochlear epithelial 

cells. I also found that heritable risk for hearing difficulty was enriched in open chromatin 

regions in epithelial cells. I report 50 putative risk genes, including those which have been 

previously implicated in hearing loss studies, as well as novel ones. Sixteen of these genes 

were enriched specifically in sensory hair cells, which suggests their significance in hair 

cell function. These results not only reveal new risk loci and genes for hearing difficulty, 

but also reveal an important role for altered gene regulation in the cochlear sensory 

epithelium.  

In the third chapter, I present a comprehensive analysis of the molecular dynamics 

of Lgr5+ cochlear progenitor cells that are subject to an expansion and a differentiation 

protocol. In this chapter, I also present an improved database of molecular profiles for the 

cell types in various cell states in the cochlea and utricle. Using the robust cell signatures, 

derived from our data integration analysis, I identified the cells that are involved in the in 

vitro transdifferentiation of Lgr5+ supporting cells to hair cells. From investigating the 

gene regulatory networks that drive the transdifferentiation process, I report a list of 

transcription factors that interact the most strongly during the transdifferentiation time 

course. This list contained some known, critical transcription factors for hair cell 

development, as well as novel ones.  

1. Strengths and limitations  

 This dissertation presents a first systems biology approach to deriving target genes 

for hearing loss. I integrated multi-omic data to elucidate the genomic architecture of the 

disease.  
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The GWAS study in Chapter 2 utilized self-reported hearing-related traits, as those 

had statistically significant heritability. A limitation to this study is that self-reported traits 

are not as accurate as audiometry data or hearing loss diagnoses. However, I meta-analyzed 

those traits to boost statistical power of the resulting risk loci. Despite the traits being self-

reported, significant enrichment of genome-wide significant loci was in auditory cells and 

processes. Furthermore, many of the predicted target genes were enriched in cochlear hair 

cells. Another limitation is the lack of large cohorts in which the loci reported in this study 

can be replicated.  

In Chapter 3, I built a database of cell profiles for cochlear and utricular cells, for 

which I integrated scRNA-sesq data from six previously published studies as well as newly 

generated data from our study. This resulted in very robust signatures for cell types for 

which multiple sequencing studies were performed. A limitation of this analysis is that for 

a few cell types which are not commonly studied, like Oc90 and Ube2c+ cells, the marker 

genes were derived from only one available data set. For more commonly studied cells 

such as hair cells and supporting cells, I integrated 2-3 data sets, which yielded stronger 

gene profiles. Data integration utilizing this many samples has not been done previously.  

Our LCP study modeled an in vitro system of hair cell regeneration. This study was 

successful in producing mature hair cells. While it is able to produce a high yield of hair 

cell-like cells which makes it possible to study gene expression dynamics that are involved 

in the transdifferentiation process, this study’s limitation is that the in vitro culture 

conditions inevitably introduce molecular effects which would not occur in vivo. As a 

result, while one can identify the likely cell types that transdifferentiated into hair cells, it 

is challenging to deduce their exact identities without lineage tracing experiments. Another 
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artifact of the in vitro culture condition was that LCPs exhibited molecular signatures of 

vestibular hair cells as well. As a result, it was not possible to determine factors that drive 

a hair cell to a cochlear, inner or outer hair cell fate. Despite this limitation, as cochlear and 

vestibular hair cells share molecular signatures such as expression of Pou4f3, this study 

allows understanding of the regulatory dynamics of hair cell formation and maturation.  

2. Future directions 

Functional studies of the gene lists reported in this dissertation are necessary. From 

our GWAS analysis in Chapter 2, hair cell-specific genes that had not been previously 

implicated in hearing loss are attractive targets, as they may serve a critical role in hair cell 

function. These studies could involve in vitro organoid systems such as that used in Chapter 

3, to study the expression of each gene, and transcriptomic and epigenomic experiments of 

damaged and undamaged in vivo cochleae. 

 Our findings in Chapter 3 include transcription factor interactions which drive 

supporting cell to hair cell transdifferentiation. Previous studies on determining a 

combination of transcription factors that are sufficient for hair cell formation report 

combinations of Gfi1, Pou4f3, Atoh1, and Six1 [29,128,129]. Those studies resulted in 

immature hair cells or hair cells that are transiently functional. Building on those studies, 

individual transcription factors from our study can be added in a step-wise manner to these 

previously reported combinations and tested for their effect on forming mature hair cells.   

The goal of such investigations is to identify a recipe for gene therapy that is able 

to regenerate mammalian cochlear hair cells in order to restore adult hearing. Studies have 

successfully designed vectors that overcome the challenge of safely delivering a 

therapeutic to the inner ear. These efforts involve adeno-associated viruses, which have 
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high transduction efficiency in animal models and can lead to long-lasting gene expression 

[130].  
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List of Supplemental Files 
 
S2.1 Fig: Quantile-quantile plots of the four hearing-related traits with statistically 
significant heritability in the UK Biobank. X-axis indicates the expected distribution of 
p-values for the associations of SNPs with each treat in the absence of true associations 
or confounding effects. y-axis indicates the observed distribution of p-values. A. 2247_1: 
“Hearing difficulty/problems: yes” B. 2257: “Hearing difficulty/problems with 
background noise” C. 3393: “Hearing aid user” D. 4803_11: “Tinnitus: Yes, now most or 
all of the time.” 
 
S2.2 Fig. Region plots for the 31 hearing difficulty risk loci (PDF document). Each 
plot displays the -log10(p-values) and genomic locations of all SNPs that are in linkage 
disequilibrium (LD; r2 > 0.6) with an LD-independent, genome-wide significant SNP (p 
< 5e-8). Genes at and around each locus are shown below each plot. Eight novel loci that 
had not been reported in previous GWAS of hearing difficulty are indicated in bold.  
 
S2.3 Fig. Heritability of binaural hearing thresholds explained by hearing difficulty 
polygenic risk scores in an independent sample. Polygenic risk scores (PRS) were 
calculated with PRSice-2[62], defined as the weighted sum of risk-associated SNPs from 
the UK Biobank hearing difficulty MTAG summary statistics and using the p-value 
cutoffs indicated on the x-axis. Y-axis indicates the -log10(p-value) from a test of whether 
each PRS score predicts binaural hearing thresholds in an independent sample of 1,472 
Belgian adults[61]. Binaural hearing thresholds across a range of frequencies were 
summarized by principal component analysis, with principal component 1 (PC1) 
corresponding to the overall hearing capacity, PC2 corresponding to whether the 
audiogram is flat or sloping from low to high frequencies, and PC3 providing a measure 
of its convexity. 
 
S2.4 Fig. Human genomic regions homologous to open chromatin in mouse cochlea 
are enriched in known promoters and enhancers. We predicted genomic regions that 
may be involved in gene regulation in the human cochlea based on homology to regions 
of open chromatin that we identified in epithelial (a) and non-epithelial cells (b) from 
mouse cochlea. To evaluate whether these human genomic regions correspond to true 
gene regulatory regions, we tested for overlap with chromatin states in 111 human tissues 
and cell types from the ROADMAP Epigenome Mapping Consortium. Y-axis indicates 
the fold enrichment (mean +/- standard error) within each chromatin state from a 25-state 
ChromHMM model: 1_TssA = Active TSS; 2_PromU = Promoter Upstream TSS; 
3_PromD1 = Promoter Downstream TSS 1; 4_PromD2 = Promoter Downstream TSS 2; 
5_Tx5 = Transcribed -5’ preferential; 6_Tx = Strong transcription; 7_Tx3 = Transcribed 
– 3’ preferential; 8_TxWk = Weak transcription; 9_TxReg = Transcribed and regulatory 
(Prom/Enh); 10_TxEnh5 = Transcribed 5’ preferential and Enh; 11_TxEnh3 = 
Transcribed 3’ preferential and Enh; 12_TxEnhW = Transcribed and Weak Enhancer; 
13_EnhA1 = Active Enhancer 1; 14_EnhA2 = Active Enhancer 2; 15_EnhAF = Active 
Enhancer Flank; 16_EnhW1 = Weak Enhancer 1; 17_EnhW2 = Weak Enhancer 2; 
18_EnhAc = Primary H3K27ac possible Enhancer; 19_DNase = Primary DNase; 
20_ZNF_Rpts = ZNF genes & repeats; 21_Het = Heterochromatin; 22_PromP = Poised 
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Promoter; 23_PromBiv = Bivalent Promoter; 24_ReprPc = Repressed Polycomb; 
25_Quies = Quiescent/Low. 
 
S2.5 Fig: Expression patterns of marker genes used to identify cell types in single-
cell RNA-seq of mouse cochlea. Expression patterns of canonical marker genes used to 
assign cell type labels to clusters of transcriptionally similar cells in single-cell RNA-seq 
of postnatal day 2 mouse cochlea. X- and y-axes indicate the positions of cells in a 
reduced dimensional space defined by t-stochastic neighbor embedding (tSNE), with all 
plots here and in Fig. 5 displaying the cells using the same tSNE coordinates. Canonical 
marker gene specificities: Epcam, epithelial cells; Pou3f4, mesenchymal cells; Mbp, glia 
(oligodendrocytes); Pou4f3, sensory hair cells; Otoa, medial interdental cells; Oc90, 
inner ear progenitors; Sox2, sensory epithelial supporting cells; Cd34, vascular cells; and 
2810417H13Rik+, a marker of mesenchymal cells undergoing cell division. 
 
S2.6 Fig: Region plot of risk-associated SNPs at the chr22q13.1 risk locus. 
Independently significant SNPs at the chr22q13.1 risk locus (rs739137 and rs132929) 
were in strong LD (r2 > 0.9) with three protein-coding variants in the genes TRIOBP and 
BAIAP2L2. rs9610841 (TRIOBP Asn863Lys) and rs5756795 (TRIOBP Phe1187Leu) 
were in strong LD with each other, whereas rs17856487 (BAIAP2L2 Cys252Arg) was 
not in LD with any SNP predicted to impact TRIOBP. 
 
S2.1 Table: Heritability of hearing-related traits. (Excel file). The sample size and 
heritability of each hearing-related trait in the UK BioBank, based on analyses by the 
Neale lab at Massachusetts General Hospital. Reproduced from 
https://nealelab.github.io/UKBB_ldsc/. 
 
S2.2 Table: Genetic correlations between hearing related traits and non-hearing 
related traits. (Excel file). Genetic correlation between hearing-related traits and 234 
non-hearing related traits measured in independent cohorts, using LDHub. For each pair 
of traits, we report the genetic correlation (rg) and its associated p-value.  
 
S2.3 Table: Genomic risk loci for hearing difficulty. Loci were defined by the set of all 
SNPs in LD (r2 > 0.6, 1000 Genomes Phase 3 European samples) with an independently 
significant SNP (p < 5e-8) at that locus. Start and end refer to the left- and rightmost 
positions of these SNPs (hg19 coordinates). nSNPs refers to the total number of SNPs in 
the locus, regardless of whether these SNPs were directly tested for association and 
included in the GWAS summary statistics. nGWASSNPs indicates the number of SNPs 
in the locus that were included in the GWAS summary statistics, a subset of "nSNPs". 
SNPs that are not in linkage disequilibrium with any of those identified in the previously 
published GWAS of hearing difficulty in the UK Biobank[35] are indicated in bold text. 
 
S2.4 Table: Genomic risk loci for background noise problems. Loci were defined by 
the set of all SNPs in LD (r2 > 0.6, 1000 Genomes Phase 3 European samples) with an 
independently significant SNP (p < 5e-8) at that locus. Start and end refer to the left- and 
rightmost positions of these SNPs (hg19 coordinates). nSNPs refers to the total number of 
SNPs in the locus, regardless of whether these SNPs were directly tested for association 
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and included in the GWAS summary statistics. nGWASSNPs indicates the number of 
SNPs in the locus that were included in the GWAS summary statistics, a subset of 
"nSNPs". 
 
S2.5 Table: Genomic risk loci for hearing aid use. Loci were defined by the set of all 
SNPs in LD (r2 > 0.6, 1000 Genomes Phase 3 European samples) with an independently 
significant SNP (p < 5e-8) at that locus. Start and end refer to the left- and rightmost 
positions of these SNPs (hg19 coordinates). nSNPs refers to the total number of SNPs in 
the locus, regardless of whether these SNPs were directly tested for association and 
included in the GWAS summary statistics. nGWASSNPs indicates the number of SNPs 
in the locus that were included in the GWAS summary statistics, a subset of "nSNPs". 
 
S2.6 Table: Genomic risk loci for tinnitus. Loci were defined by the set of all SNPs in 
LD (r2 > 0.6, 1000 Genomes Phase 3 European samples) with an independently 
significant SNP (p < 5e-8) at that locus. Start and end refer to the left- and rightmost 
positions of these SNPs (hg19 coordinates). nSNPs refers to the total number of SNPs in 
the locus, regardless of whether these SNPs were directly tested for association and 
included in the GWAS summary statistics. nGWASSNPs indicates the number of SNPs 
in the locus that were included in the GWAS summary statistics, a subset of "nSNPs". 
 
S2.7 Table: Associations of independently significant SNPs at the 31 hearing 
difficulty risk loci with other hearing-related traits in the UK Biobank. Table 
indicates the p-values and effect sizes for each SNP in each of the four traits examined, 
showing results from the original GWAS performed by the Neale lab as well as from 
MTAG meta-analysis. 
 
S2.8 Table. Replication in the UK Biobank for risk-associated SNPs from previous 
GWAS of hearing difficulty. Analysis of 59 SNPs reported at genome-wide or 
suggestive significance levels in earlier GWAS of hearing-related traits[36] to determine 
whether these associations are replicated in the MTAG analysis of hearing difficulty in 
the UK Biobank. 
 
S2.9 Table. Polygenic risk prediction in a cohort of 1,472 Belgian individuals. The 
threshold, significance, variance explained (R2), effect size estimate, and the number of 
SNPs included in each threshold are reported.  
 
S2.10 Table: MAGMA gene-based p-values. (Excel file). The gene symbols, along 
with the chromosomal location, number of SNPs (NSNPS), number of relevant 
parameters used in the model (NPARAM), sample size, z-score, and p-values (raw and 
adjusted for multiple testing) are reported for each of the genes reaching a genome-wide 
significance threshold from a gene-based analyses of the MTAG summary statistics using 
MAGMA. 
 
S2.11 Table: MAGMA gene set enrichments for Mendelian deafness genes and 
genes expressed in cochlear cell types. (Excel file). The gene Ensembl IDs, along with 
the chromosomal location, number of SNPs (NSNPS), number of relevant parameters 
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used in the model (NPARAM), sample size, z-score, and p-values) are reported for each 
of the gene sets used in the MAGMA gene set enrichment analysis. 
 
S2.12 Table: MAGMA gene set enrichments for 5,674 cell types from single-cell 
RNA-seq experiments of diverse mammalian tissues. (Excel file). The dataset 
name/source, cell type that it highlights, number of genes used (NGENES), beta, standard 
error, and significance is reported for a MAGMA gene set enrichment of each cell type.  
 
S2.13 Table: MAGMA cell specific expression. (Excel file). The median transcripts per 
million (TPM) expression level for each gene in each cell type in RNA-seq data of 
FACS-sorted cells from GSE64543[71] and GSE60019[65]. 
 
S2.14 Table: MAGMA gene set enrichments for genes expressed in tissues from 
GTEx. For each tissue, the source, the regression coefficient of the gene set, standard 
error, and p-value are reported.  
 
S2.15 Table: GO Term enrichment of hearing difficulty risk loci. (Excel file). For 
each GO Term, the number of genes, the regression coefficient of the gene set, standard 
error, the p-value, and the adjusted p-value are reported.  
 
S2.16 Table. Open chromatin regions in cochlear epithelial cells. (Excel file). 
Chromosomal locations of the open chromatin regions in cochlear epithelial cells.  
 
S2.17 Table. Open chromatin regions in cochlear non-epithelial cells. (Excel file). 
Chromosomal locations of the open chromatin regions in cochlear non-epithelial cells.  
 
S2.18 Table: Overlap of conserved cochlear epithelial open chromatin regions and 
other cell types from ROADMAP. We predicted genomic regions that may be involved 
in gene regulation in the human cochlea based on homology to regions of open chromatin 
that we identified in epithelial cells from mouse cochlea. To evaluate whether these 
human genomic regions correspond to true gene regulatory regions, we tested for overlap 
with chromatin states in 111 human tissues and cell types from the ROADMAP 
Epigenome Mapping Consortium. Enrichment is indicated within each chromatin state 
from a 25-state ChromHMM model, as column headings: 1_TssA = Active TSS; 
2_PromU = Promoter Upstream TSS; 3_PromD1 = Promoter Downstream TSS 1; 
4_PromD2 = Promoter Downstream TSS 2; 5_Tx5 = Transcribed -5’ preferential; 6_Tx = 
Strong transcription; 7_Tx3 = Transcribed – 3’ preferential; 8_TxWk = Weak 
transcription; 9_TxReg = Transcribed and regulatory (Prom/Enh); 10_TxEnh5 = 
Transcribed 5’ preferential and Enh; 11_TxEnh3 = Transcribed 3’ preferential and Enh; 
12_TxEnhW = Transcribed and Weak Enhancer; 13_EnhA1 = Active Enhancer 1; 
14_EnhA2 = Active Enhancer 2; 15_EnhAF = Active Enhancer Flank; 16_EnhW1 = 
Weak Enhancer 1; 17_EnhW2 = Weak Enhancer 2; 18_EnhAc = Primary H3K27ac 
possible Enhancer; 19_DNase = Primary DNase; 20_ZNF_Rpts = ZNF genes & repeats; 
21_Het = Heterochromatin; 22_PromP = Poised Promoter; 23_PromBiv = Bivalent 
Promoter; 24_ReprPc = Repressed Polycomb; 25_Quies = Quiescent/Low. 
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S2.19 Table: Overlap of conserved cochlear non- epithelial open chromatin regions 
and other cell types from ROADMAP. We predicted genomic regions that may be 
involved in gene regulation in the human cochlea based on homology to regions of open 
chromatin that we identified in non-epithelial cells from mouse cochlea. To evaluate 
whether these human genomic regions correspond to true gene regulatory regions, we 
tested for overlap with chromatin states in 111 human tissues and cell types from the 
ROADMAP Epigenome Mapping Consortium. 
Enrichment is indicated within each chromatin state from a 25-state ChromHMM model, 
as column headings: 1_TssA = Active TSS; 2_PromU = Promoter Upstream TSS; 
3_PromD1 = Promoter Downstream TSS 1; 4_PromD2 = Promoter Downstream TSS 2; 
5_Tx5 = Transcribed -5’ preferential; 6_Tx = Strong transcription; 7_Tx3 = Transcribed 
– 3’ preferential; 8_TxWk = Weak transcription; 9_TxReg = Transcribed and regulatory 
(Prom/Enh); 10_TxEnh5 = Transcribed 5’ preferential and Enh; 11_TxEnh3 = 
Transcribed 3’ preferential and Enh; 12_TxEnhW = Transcribed and Weak Enhancer; 
13_EnhA1 = Active Enhancer 1; 14_EnhA2 = Active Enhancer 2; 15_EnhAF = Active 
Enhancer Flank; 16_EnhW1 = Weak Enhancer 1; 17_EnhW2 = Weak Enhancer 2; 
18_EnhAc = Primary H3K27ac possible Enhancer; 19_DNase = Primary DNase; 
20_ZNF_Rpts = ZNF genes & repeats; 21_Het = Heterochromatin; 22_PromP = Poised 
Promoter; 23_PromBiv = Bivalent Promoter; 24_ReprPc = Repressed Polycomb; 
25_Quies = Quiescent/Low. 
 
S2.20 Table. Enrichments of hearing difficulty risk in open chromatin regions from 
cochlear and non-cochlear cell types. (Excel file). Sheet 1: Enrichments of hearing 
difficulty risk in open chromatin regions from cochlear and non-cochlear cell types 
(MTAG summary statistics). Sheet 2: Enrichments of hearing difficulty risk in open 
chromatin regions from cochlear and non-cochlear cell types (Neale lab v1 summary 
statistics). Sheet 3: Enrichments of hearing difficulty risk in open chromatin regions from 
cochlear and non-cochlear cell types using summary statistics from the previously 
published GWAS of hearing difficulty in the UK Biobank[35]. Sheet 4: Enrichments of 
hearing aid use risk in open chromatin regions from cochlear and non-cochlear cell types 
(MTAG summary statistics). 
 
S2.21 Table. Functional annotations of 613 SNPs in LD with LD-independent 
genome-wide significant SNPs at hearing difficulty risk loci. (Excel file). Table 
indicates coding and non-coding functional annotations for 613 SNPs in LD with an LD-
independent genome-wide significant SNPs at the 31 risk loci. Annotations also include 
predicted target genes and the evidence supporting these annotations. 
 
S2.22 Table: Chromatin Interactions with hearing difficulty SNPs. (Excel file). Table 
describes chromatin loops used to predict interactions between risk-associated SNPs and 
potential target genes. 
 
S2.23 Table. List of likely causal genes from integrating coding and non-coding 
functional annotations. (Excel file). For each SNP, the genomic locus, variant 
identifiers (rsID), effect and non-effect alleles, allele frequency, GWAS p-value, 
regression coefficient (beta), standard error of the beta coefficient, predicted 
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deleteriousness based on Combined Annotation Dependent Depletion PHRED score[131] 
(higher is more deleterious), and gene names. 
 
S2.24 Table. Annotation of 50 fine-mapped risk genes at hearing difficulty risk loci. 
(Excel file). For each gene, the gene symbol, variant type (coding vs. non-coding), and a 
description.  
 
S2.25 Table: Marker genes for cochlear cell types in P2 scRNA-seq data. (Excel file). 
For each marker gene, the cell type cluster that it belongs to, as well as the p-value and 
the percentage of cells in that cluster that express it (pct.1) vs the percentage in all other 
cells (pct.2) is listed.  
 
S2.26 Table. Cell type-specificity analysis for hearing difficulty risk genes. (Excel 
file). For each gene, the top 3 clusters that it is expressed in from the single cell RNA-seq 
data are listed. 
 
S2.27 Table: Meta-analysis of risk gene expression in hair cells vs. other cochlear 
cell types. (Excel file). For each risk gene, the p-value and log fold change derived from 
each data set is reported, along with the meta-analysis p-value.  
 
S3.1 Figure: Pseudotime-derived TF-TF regulatory network from SCODE. TFs in 
this network are enriched in both the bulk RNA-seq and scRNA-seq data.  
 
S3.1 Table: Specificity scores of genes in cochlear and utricular cell types. These 
scores are derived from a combined R object comprised of all cells.  
 
S3.2 Table. Pearson’s correlations of in vivo cell profiles with each other.  
 
S3.3 Table. Pearson’s correlations of in vivo cell profiles with each in vitro LCP cell 
cluster.  
 
S3.4 Table. Genes from clusters 4, 7, and 8 that are used to order the Monocle 
pseudotime trajectory of Lgr5+ supporting cells to hair cells.  
 
S3.5 Table. Genes in each of the three clusters of pseudotime expression dynamics 
from scRNA-seq data.  
 
S3.6 Table. Genes in each of the eight clusters of transdifferentiation expression 
dynamics from k-means clustering of bulk RNA-seq data.  
 
S3.7 Table. Genes shared between the three pseudotime-derived clusters from 
scRNA-seq and three of the eight k-means clustering-derived clusters from bulk 
RNA-seq. 
 
S3.8 Table. GO term enrichment results of genes shared between the scRNA-seq 
pseudotime-derived clusters and bulk RNA-seq k-means clustering-derived clusters.   



 85 

References 
 
1.  Michels TC, Duffy MT, Rogers DJ. Hearing loss in adults: Differential diagnosis 

and treatment. Am Fam Physician. 2019;100: 98–108. Available: 

https://pubmed.ncbi.nlm.nih.gov/31305044/ 

2.  Cunningham LL, Tucci DL. Hearing Loss in Adults. Ropper AH, editor. N Engl J 

Med. 2017;377: 2465–2473. doi:10.1056/NEJMra1616601 

3.  Musiek FE, Shinn J, Chermak GD, Bamiou DE. Perspectives on the pure-tone 

audiogram. Journal of the American Academy of Audiology. American Academy 

of Audiology; 2017. pp. 655–671. doi:10.3766/jaaa.16061 

4.  Ferguson MA, Kitterick PT, Chong LY, Edmondson-Jones M, Barker F, Hoare 

DJ. Hearing aids for mild to moderate hearing loss in adults. Cochrane Database of 

Systematic Reviews. 2017. doi:10.1002/14651858.CD012023.pub2 

5.  Macherey O, Carlyon RP. Cochlear implants. Current Biology. 2014. 

doi:10.1016/j.cub.2014.06.053 

6.  Turchetti G, Bellelli S, Palla I, Berrettini S. Systematic review of the scientific 

literature on the economic evaluation of cochlear implants in adult patients. Acta 

Otorhinolaryngol Ital. 2011.  

7.  Lee MY, Park YH. Potential of Gene and Cell Therapy for Inner Ear Hair Cells. 

Biomed Res Int. 2018. doi:10.1155/2018/8137614 

8.  Edge AS, Chen ZY. Hair cell regeneration. Current Opinion in Neurobiology. Curr 

Opin Neurobiol; 2008. pp. 377–382. doi:10.1016/j.conb.2008.10.001 

9.  Ramírez-Camacho R, García-Berrocal JR, Trinidad A, González-García JA, 

Verdaguer JM, Ibáñez A, et al. Central role of supporting cells in cochlear 



 86 

homeostasis and pathology. Med Hypotheses. 2006. 

doi:10.1016/j.mehy.2006.02.044 

10.  Grandi FC, De Tomasi L, Mustapha M. Single-Cell RNA Analysis of Type I 

Spiral Ganglion Neurons Reveals a Lmx1a Population in the Cochlea. Front Mol 

Neurosci. 2020. doi:10.3389/fnmol.2020.00083 

11.  Lopez-Poveda EA. Olivocochlear efferents in animals and humans: From anatomy 

to clinical relevance. Frontiers in Neurology. 2018. doi:10.3389/fneur.2018.00197 

12.  Kubota M, Scheibinger M, Jan TA, Heller S. Greater epithelial ridge cells are the 

principal organoid-forming progenitors of the mouse cochlea. Cell Rep. 2021;34: 

108646. doi:10.1016/j.celrep.2020.108646 

13.  Shu Y, Li W, Huang M, Quan YZ, Scheffer D, Tian C, et al. Renewed 

proliferation in adult mouse cochlea and regeneration of hair cells. Nat Commun. 

2019. doi:10.1038/s41467-019-13157-7 

14.  Li Y, Liu H, Giffen KP, Chen L, Beisel KW, He DZZ. Transcriptomes of cochlear 

inner and outer hair cells from adult mice. Sci data. 2018;5: 180199. 

doi:10.1038/sdata.2018.199 

15.  Burns JC, Stone JS. Development and regeneration of vestibular hair cells in 

mammals. Seminars in Cell and Developmental Biology. Academic Press; 2017. 

pp. 96–105. doi:10.1016/j.semcdb.2016.11.001 

16.  Warchol ME, Massoodnia R, Pujol R, Cox BC, Stone JS. Development of hair cell 

phenotype and calyx nerve terminals in the neonatal mouse utricle. J Comp 

Neurol. 2019. doi:10.1002/cne.24658 

17.  Korrapati S, Taukulis I, Olszewski R, Pyle M, Gu S, Singh R, et al. Single Cell 



 87 

and Single Nucleus RNA-Seq Reveal Cellular Heterogeneity and Homeostatic 

Regulatory Networks in Adult Mouse Stria Vascularis. Front Mol Neurosci. 2019. 

doi:10.3389/fnmol.2019.00316 

18.  Wan G, Corfas G, Stone JS. Inner ear supporting cells: Rethinking the silent 

majority. Seminars in Cell and Developmental Biology. Elsevier Ltd; 2013. pp. 

448–459. doi:10.1016/j.semcdb.2013.03.009 

19.  Maass JC, Gu R, Cai T, Wan YW, Cantellano SC, Asprer JST, et al. 

Transcriptomic analysis of mouse cochlear supporting cell maturation reveals 

large-scale changes in Notch responsiveness prior to the onset of hearing. PLoS 

One. 2016. doi:10.1371/journal.pone.0167286 

20.  McInturff S, Burns JC, Kelley MW. Characterization of spatial and temporal 

development of Type I and Type II hair cells in the mouse utricle using new cell-

type-specific markers. Biol Open. 2018. doi:10.1242/bio.038083 

21.  Liu H, Pecka JL, Zhang Q, Soukup GA, Beisel KW, He DZZ. Characterization of 

transcriptomes of cochlear inner and outer hair cells. J Neurosci. 2014. 

doi:10.1523/JNEUROSCI.1690-14.2014 

22.  Li C, Li X, Bi Z, Sugino K, Wang G, Zhu T, et al. Comprehensive transcriptome 

analysis of cochlear spiral ganglion neurons at multiple ages. Elife. 2020. 

doi:10.7554/eLife.50491 

23.  Waqas M, Gao S, Iram-Us-Salam, Ali MK, Ma Y, Li W. Inner Ear Hair Cell 

Protection in Mammals against the Noise-Induced Cochlear Damage. Neural 

Plasticity. Hindawi Limited; 2018. doi:10.1155/2018/3170801 

24.  Shou J, Zheng JL, Gao WQ. Robust generation of new hair cells in the mature 



 88 

mammalian inner ear by adenoviral expression of Hath1. Mol Cell Neurosci. 2003. 

doi:10.1016/S1044-7431(03)00066-6 

25.  Zheng JL, Gao WQ. Overexpression of Math1 induces robust production of extra 

hair cells in postnatal rat inner ears. Nat Neurosci. 2000. doi:10.1038/75753 

26.  Richardson RT, Atkinson PJ. Atoh1 gene therapy in the cochlea for hair cell 

regeneration. Expert Opinion on Biological Therapy. Informa Healthcare; 2015. 

pp. 417–430. doi:10.1517/14712598.2015.1009889 

27.  Walters BJ, Coak E, Dearman J, Bailey G, Yamashita T, Kuo B, et al. In Vivo 

Interplay between p27Kip1, GATA3, ATOH1, and POU4F3 Converts Non-

sensory Cells to Hair Cells in Adult Mice. Cell Rep. 2017;19: 307–320. 

doi:10.1016/j.celrep.2017.03.044 

28.  White PM. Perspectives on human hearing loss, cochlear regeneration, and the 

potential for hearing restoration therapies. Brain Sciences. MDPI AG; 2020. pp. 1–

17. doi:10.3390/brainsci10100756 

29.  Menendez L, Trecek T, Gopalakrishnan S, Tao L, Markowitz AL, Yu H V., et al. 

Generation of inner ear hair cells by direct lineage conversion of primary somatic 

cells. Elife. 2020;9: 1–33. doi:10.7554/eLife.55249 

30.  Lenz DR, Gunewardene N, Abdul-Aziz DE, Wang Q, Gibson TM, Edge ASB. 

Applications of Lgr5-Positive Cochlear Progenitors (LCPs) to the Study of Hair 

Cell Differentiation. Front Cell Dev Biol. 2019. doi:10.3389/fcell.2019.00014 

31.  Shi F, Hu L, Edge ASB. Generation of hair cells in neonatal mice by β-catenin 

overexpression in Lgr5-positive cochlear progenitors. Proc Natl Acad Sci U S A. 

2013. doi:10.1073/pnas.1219952110 



 89 

32.  McLean WJ, Yin X, Lu L, Lenz DR, McLean D, Langer R, et al. Clonal 

Expansion of Lgr5-Positive Cells from Mammalian Cochlea and High-Purity 

Generation of Sensory Hair Cells. Cell Rep. 2017. 

doi:10.1016/j.celrep.2017.01.066 

33.  Mittal R, Nguyen D, Patel AP, Debs LH, Mittal J, Yan D, et al. Recent 

advancements in the regeneration of auditory hair cells and hearing restoration. 

Frontiers in Molecular Neuroscience. 2017. doi:10.3389/fnmol.2017.00236 

34.  Nagtegaal AP, Broer L, Zilhao NR, Jakobsdottir J, Bishop CE, Brumat M, et al. 

Genome-wide association meta-analysis identifies five novel loci for age-related 

hearing impairment. Sci Rep. 2019;9: 1–10. doi:10.1038/s41598-019-51630-x 

35.  Wells HRR, Freidin MB, Zainul Abidin FN, Payton A, Dawes P, Munro KJ, et al. 

GWAS Identifies 44 Independent Associated Genomic Loci for Self-Reported 

Adult Hearing Difficulty in UK Biobank. Am J Hum Genet. 2019;105: 788–802. 

doi:10.1016/j.ajhg.2019.09.008 

36.  Hoffmann TJ, Keats BJ, Yoshikawa N, Schaefer C, Risch N, Lustig LR. A Large 

Genome-Wide Association Study of Age-Related Hearing Impairment Using 

Electronic Health Records. PLoS Genet. 2016;12: e1006371. 

doi:10.1371/journal.pgen.1006371 

37.  Vuckovic D, Dawson S, Scheffer DI, Rantanen T, Morgan A, Di Stazio M, et al. 

Genome-wide association analysis on normal hearing function identifies PCDH20 

and SLC28A3 as candidates for hearing function and loss. Hum Mol Genet. 

2015;24: 5655–64. doi:10.1093/hmg/ddv279 

38.  Van Laer L, Huyghe JR, Hannula S, Van Eyken E, Stephan DA, Maki-Torkko E, 



 90 

et al. A genome-wide association study for age-related hearing impairment in the 

Saami. Eur J Hum Genet. 2010;18: 685–693. doi:10.1038/ejhg.2009.234 

39.  Girotto G, Pirastu N, Sorice R, Biino G, Campbell H, d’Adamo AP, et al. Hearing 

function and thresholds: a genome-wide association study in European isolated 

populations identifies new loci and pathways. J Med Genet. 2011;48: 369–374. 

doi:10.1136/jmg.2010.088310 

40.  Friedman RA, Van Laer L, Huentelman MJ, Sheth SS, Van Eyken E, Corneveaux 

JJ, et al. GRM7 variants confer susceptibility to age-related hearing impairment. 

Hum Mol Genet. 2009;18: 785–796. doi:10.1093/hmg/ddn402 

41.  Hood L, Heath JR, Phelps ME, Lin B. Systems biology and new technologies 

enable predictive and preventative medicine. Science. 2004. 

doi:10.1126/science.1104635 

42.  Bonneau R, Facciotti MT, Reiss DJ, Schmid AK, Pan M, Kaur A, et al. A 

Predictive Model for Transcriptional Control of Physiology in a Free Living Cell. 

Cell. 2007. doi:10.1016/j.cell.2007.10.053 

43.  Hwang D, Lee IY, Yoo H, Gehlenborg N, Cho JH, Petritis B, et al. A systems 

approach to prion disease. Mol Syst Biol. 2009. doi:10.1038/msb.2009.10 

44.  Li M, Santpere G, Kawasawa YI, Evgrafov O V., Gulden FO, Pochareddy S, et al. 

Integrative functional genomic analysis of human brain development and 

neuropsychiatric risks. Science (80- ). 2018. doi:10.1126/science.aat7615 

45.  Kolla L, Kelly MC, Mann ZF, Anaya-Rocha A, Ellis K, Lemons A, et al. 

Characterization of the development of the mouse cochlear epithelium at the single 

cell level. Nat Commun. 2020. doi:10.1038/s41467-020-16113-y 



 91 

46.  Yamasoba T, Lin FR, Someya S, Kashio A, Sakamoto T, Kondo K. Current 

concepts in age-related hearing loss: Epidemiology and mechanistic pathways. 

Hearing Research. 2013. doi:10.1016/j.heares.2013.01.021 

47.  Momi SK, Wolber LE, Fabiane SM, MacGregor AJ, Williams FMK. Genetic and 

Environmental Factors in Age-Related Hearing Impairment. Twin Res Hum 

Genet. 2015;18: 383–392. doi:10.1017/thg.2015.35 

48.  Van Camp G, Smith R. Hereditary Hearing Loss Homepage. 2019.  

49.  Fromer M, Roussos P, Sieberts SK, Johnson JS, Kavanagh DH, Perumal TM, et al. 

Gene expression elucidates functional impact of polygenic risk for schizophrenia. 

Nat Neurosci. 2016;19: 1442–1453. doi:10.1038/nn.4399 

50.  Gusev A, Lee SH, Neale BM, Trynka G, Vilhjalmsson BJ, Finucane H, et al. 

Regulatory variants explain much more heritability than coding variants across 11 

common diseases. bioRxiv. Cold Spring Harbor Labs Journals; 2014 Apr. 

doi:10.1101/004309 

51.  Claussnitzer M, Dankel SN, Kim K-H, Quon G, Meuleman W, Haugen C, et al. 

FTO Obesity Variant Circuitry and Adipocyte Browning in Humans. N Engl J 

Med. 2015; 150819140043007. doi:10.1056/NEJMoa1502214 

52.  Maurano MT, Humbert R, Rynes E, Thurman RE, Haugen E, Wang H, et al. 

Systematic localization of common disease-associated variation in regulatory 

DNA. Science. 2012;337: 1190–5. doi:10.1126/science.1222794 

53.  Sudlow C, Gallacher J, Allen N, Beral V, Burton P, Danesh J, et al. UK Biobank: 

An Open Access Resource for Identifying the Causes of a Wide Range of 

Complex Diseases of Middle and Old Age. PLoS Med. 2015. 



 92 

doi:10.1371/journal.pmed.1001779 

54.  Bulik-Sullivan BK, Loh P-R, Finucane HK, Ripke S, Yang J, Patterson N, et al. 

LD Score regression distinguishes confounding from polygenicity in genome-wide 

association studies. Nat Genet. 2015;47: 291–295. doi:10.1038/ng.3211 

55.  Zheng J, Erzurumluoglu AM, Elsworth BL, Kemp JP, Howe L, Haycock PC, et al. 

LD Hub: a centralized database and web interface to perform LD score regression 

that maximizes the potential of summary level GWAS data for SNP heritability 

and genetic correlation analysis. Bioinformatics. 2016/09/22. 2017;33: 272–279. 

doi:10.1093/bioinformatics/btw613 

56.  Rutherford BR, Brewster K, Golub JS, Kim AH, Roose SP. Sensation and 

Psychiatry: Linking Age-Related Hearing Loss to Late-Life Depression and 

Cognitive Decline. Am J Psychiatry. 2018;175: 215–224. 

doi:10.1176/appi.ajp.2017.17040423 

57.  Dhanda N, Taheri S. A narrative review of obesity and hearing loss. Int J Obes 

(Lond). 2017;41: 1066–1073. doi:10.1038/ijo.2017.32 

58.  Turley P, Walters RK, Maghzian O, Okbay A, Lee JJ, Fontana MA, et al. Multi-

trait analysis of genome-wide association summary statistics using MTAG. Nat 

Genet. 2018;50: 229–237. doi:10.1038/s41588-017-0009-4 

59.  Verweij N, van de Vegte YJ, van der Harst P. Genetic study links components of 

the autonomous nervous system to heart-rate profile during exercise. Nat 

Commun. 2018;9: 898. doi:10.1038/s41467-018-03395-6 

60.  Huffman JE. Examining the current standards for genetic discovery and replication 

in the era of mega-biobanks. Nat Commun. 2018;9: 5054. doi:10.1038/s41467-



 93 

018-07348-x 

61.  Fransen E, Bonneux S, Corneveaux JJ, Schrauwen I, Di Berardino F, White CH, et 

al. Genome-wide association analysis demonstrates the highly polygenic character 

of age-related hearing impairment. Eur J Hum Genet. 2015;23: 110–115. 

doi:10.1038/ejhg.2014.56 

62.  Euesden J, Lewis CM, O’Reilly PF. PRSice: Polygenic Risk Score software. 

Bioinformatics. 2015;31: 1466–8. doi:10.1093/bioinformatics/btu848 

63.  de Leeuw CA, Mooij JM, Heskes T, Posthuma D. MAGMA: generalized gene-set 

analysis of GWAS data. PLoS Comput Biol. 2015;11: e1004219. 

doi:10.1371/journal.pcbi.1004219 

64.  Mchugh RK, Friedman RA. Genetics of hearing loss: Allelism and modifier genes 

produce a phenotypic continuum. Anat Rec Part A Discov Mol Cell Evol Biol. 

2006;288A: 370–381. doi:10.1002/ar.a.20297 

65.  Scheffer DI, Shen J, Corey DP, Chen Z-Y. Gene Expression by Mouse Inner Ear 

Hair Cells during Development. J Neurosci. 2015;35: 6366–6380. 

doi:10.1523/JNEUROSCI.5126-14.2015 

66.  Liu H, Chen L, Giffen KP, Stringham ST, Li Y, Judge PD, et al. Cell-Specific 

Transcriptome Analysis Shows That Adult Pillar and Deiters’ Cells Express Genes 

Encoding Machinery for Specializations of Cochlear Hair Cells. Front Mol 

Neurosci. 2018;11: 356. doi:10.3389/fnmol.2018.00356 

67.  Aguet F, Ardlie KG, Cummings BB, Gelfand ET, Getz G, Hadley K, et al. Genetic 

effects on gene expression across human tissues. Nature. 2017;550: 204–213. 

doi:10.1038/nature24277 



 94 

68.  de la Torre-Ubieta L, Stein JL, Won H, Opland CK, Liang D, Lu D, et al. The 

Dynamic Landscape of Open Chromatin during Human Cortical Neurogenesis. 

Cell. 2018;172: 289-304.e18. doi:10.1016/j.cell.2017.12.014 

69.  Huang K-L, Marcora E, Pimenova AA, Di Narzo AF, Kapoor M, Jin SC, et al. A 

common haplotype lowers PU.1 expression in myeloid cells and delays onset of 

Alzheimer’s disease. Nat Neurosci. 2017;20: 1052–1061. doi:10.1038/nn.4587 

70.  Friedman LM, Dror AA, Avraham KB. Mouse models to study inner ear 

development and hereditary hearing loss. Int J Dev Biol. 2007;51: 609–631. 

doi:10.1387/ijdb.072365lf 

71.  Elkon R, Milon B, Morrison L, Shah M, Vijayakumar S, Racherla M, et al. RFX 

transcription factors are essential for hearing in mice. Nat Commun. 2015;6: 8549. 

doi:10.1038/ncomms9549 

72.  Hertzano R, Elkon R, Kurima K, Morrisson A, Chan S-L, Sallin M, et al. Cell 

type-specific transcriptome analysis reveals a major role for Zeb1 and miR-200b in 

mouse inner ear morphogenesis. PLoS Genet. 2011;7: e1002309. 

doi:10.1371/journal.pgen.1002309 

73.  Yue F, Cheng Y, Breschi A, Vierstra J, Wu W, Ryba T, et al. A comparative 

encyclopedia of DNA elements in the mouse genome. Nature. 2014;515: 355–64. 

doi:10.1038/nature13992 

74.  Roccio M, Perny M, Ealy M, Widmer HR, Heller S, Senn P. Molecular 

characterization and prospective isolation of human fetal cochlear hair cell 

progenitors. Nat Commun. 2018;9: 4027. doi:10.1038/s41467-018-06334-7 

75.  Visel A, Minovitsky S, Dubchak I, Pennacchio LA. VISTA Enhancer Browser--a 



 95 

database of tissue-specific human enhancers. Nucleic Acids Res. 2007;35: D88–

D92. doi:10.1093/nar/gkl822 

76.  Hume CR, Bratt DL, Oesterle EC. Expression of LHX3 and SOX2 during mouse 

inner ear development. Gene Expr Patterns. 2007;7: 798–807. 

doi:10.1016/j.modgep.2007.05.002 

77.  Ahn KJ, Passero FJ, Crenshaw EB 3rd. Otic mesenchyme expression of Cre 

recombinase directed by the inner ear enhancer  of the Brn4/Pou3f4 gene. Genesis. 

2009;47: 137–141. doi:10.1002/dvg.20454 

78.  Hinrichs AS, Karolchik D, Baertsch R, Barber GP, Bejerano G, Clawson H, et al. 

The UCSC Genome Browser Database: update 2006. Nucleic Acids Res. 2006;34: 

D590-8. doi:10.1093/nar/gkj144 

79.  Kundaje A, Meuleman W, Ernst J, Bilenky M, Yen A, Heravi-Moussavi A, et al. 

Integrative analysis of 111 reference human epigenomes. Nature. 2015;518: 317–

30. doi:10.1038/nature14248 

80.  Finucane HK, Bulik-Sullivan B, Gusev A, Trynka G, Reshef Y, Loh P-R, et al. 

Partitioning heritability by functional annotation using genome-wide association  

summary statistics. Nat Genet. 2015;47: 1228–1235. doi:10.1038/ng.3404 

81.  Consortium T 1000 GP. An integrated map of genetic variation from 1,092 human 

genomes. Nature. 2012;491: 56–65. doi:10.1038/nature11632 

82.  Schmitt AD, Hu M, Jung I, Xu Z, Qiu Y, Tan CL, et al. A Compendium of 

Chromatin Contact Maps Reveals Spatially Active Regions in the Human 

Genome. Cell Rep. 2016;17: 2042–2059. doi:10.1016/j.celrep.2016.10.061 

83.  Schrauwen I, Chakchouk I, Liaqat K, Jan A, Nasir A, Hussain S, et al. A variant in 



 96 

LMX1A causes autosomal recessive severe-to-profound hearing impairment. Hum 

Genet. 2018;137: 471–478. doi:10.1007/s00439-018-1899-7 

84.  Wesdorp M, de Koning Gans PAM, Schraders M, Oostrik J, Huynen MA, 

Venselaar H, et al. Heterozygous missense variants of LMX1A lead to 

nonsyndromic hearing impairment and vestibular dysfunction. Hum Genet. 2018. 

doi:10.1007/s00439-018-1880-5 

85.  Borck G, Ur Rehman A, Lee K, Pogoda H-M, Kakar N, von Ameln S, et al. Loss-

of-function mutations of ILDR1 cause autosomal-recessive hearing impairment  

DFNB42. Am J Hum Genet. 2011;88: 127–137. doi:10.1016/j.ajhg.2010.12.011 

86.  Zhang Y, Zhang X, Long R, Yu L. A novel deletion mutation of the SOX2 gene in 

a child of Chinese origin with congenital bilateral anophthalmia and sensorineural 

hearing loss. J Genet. 2018;97: 1007–1011.  

87.  Wayne S, Robertson NG, DeClau F, Chen N, Verhoeven K, Prasad S, et al. 

Mutations in the transcriptional activator EYA4 cause late-onset deafness at the  

DFNA10 locus. Hum Mol Genet. 2001;10: 195–200.  

88.  Schonberger J, Wang L, Shin JT, Kim S Do, Depreux FFS, Zhu H, et al. Mutation 

in the transcriptional coactivator EYA4 causes dilated cardiomyopathy and 

sensorineural hearing loss. Nat Genet. 2005;37: 418–422. doi:10.1038/ng1527 

89.  Daoud H, Zhang D, McMurray F, Yu A, Luco SM, Vanstone J, et al. Identification 

of a pathogenic FTO mutation by next-generation sequencing in a newborn with 

growth retardation and developmental delay. J Med Genet. 2016;53: 200–207. 

doi:10.1136/jmedgenet-2015-103399 

90.  Pollak A, Lechowicz U, Murcia Pienkowski VA, Stawinski P, Kosinska J, 



 97 

Skarzynski H, et al. Whole exome sequencing identifies TRIOBP pathogenic 

variants as a cause of post-lingual bilateral moderate-to-severe sensorineural 

hearing loss. BMC Med Genet. 2017;18: 142. doi:10.1186/s12881-017-0499-z 

91.  Shahin H, Walsh T, Sobe T, Abu Sa’ed J, Abu Rayan A, Lynch ED, et al. 

Mutations in a novel isoform of TRIOBP that encodes a filamentous-actin binding 

protein are responsible for DFNB28 recessive nonsyndromic hearing loss. Am J 

Hum Genet. 2006;78: 144–152. doi:10.1086/499495 

92.  Manji SSM, Williams LH, Miller KA, Ooms LM, Bahlo M, Mitchell CA, et al. A 

Mutation in Synaptojanin 2 Causes Progressive Hearing Loss in the ENU-

Mutagenised Mouse Strain Mozart . Krahe R, editor. PLoS One. 2011;6: e17607. 

doi:10.1371/journal.pone.0017607 

93.  Ohlemiller KK, Rybak Rice ME, Lett JM, Gagnon PM. Absence of strial melanin 

coincides with age-associated marginal cell loss and endocochlear potential 

decline. Hear Res. 2009. doi:10.1016/j.heares.2008.12.005 

94.  Eguchi M, Kariya S, Okano M, Higaki T, Makihara S, Fujiwara T, et al. 

Lipopolysaccharide induces proinflammatory cytokines and chemokines in 

experimental otitis media through the prostaglandin D2 receptor (DP)-dependent 

pathway. Clin Exp Immunol. 2011;163: 260–269. doi:10.1111/j.1365-

2249.2010.04292.x 

95.  Wu J, Han W, Chen X, Guo W, Liu K, Wang R, et al. Matrix metalloproteinase-2 

and -9 contribute to functional integrity and  noise-induced damage to the blood-

labyrinth-barrier. Mol Med Rep. 2017;16: 1731–1738. 

doi:10.3892/mmr.2017.6784 



 98 

96.  Mahuzier A, Gaude H-M, Grampa V, Anselme I, Silbermann F, Leroux-Berger M, 

et al. Dishevelled stabilization by the ciliopathy protein Rpgrip1l is essential for 

planar cell polarity. J Cell Biol. 2012;198: 927–940. doi:10.1083/jcb.201111009 

97.  Rocha-Sanchez SM, Scheetz LR, Contreras M, Weston MD, Korte M, McGee J, et 

al. Mature mice lacking Rbl2/p130 gene have supernumerary inner ear hair cells 

and  supporting cells. J Neurosci. 2011;31: 8883–8893. 

doi:10.1523/JNEUROSCI.5821-10.2011 

98.  Bowl MR, Simon MM, Ingham NJ, Greenaway S, Santos L, Cater H, et al. A large 

scale hearing loss screen reveals an extensive unexplored genetic landscape for 

auditory dysfunction. Nat Commun. 2017;8: 886. doi:10.1038/s41467-017-00595-

4 

99.  Butler A, Hoffman P, Smibert P, Papalexi E, Satija R. Integrating single-cell 

transcriptomic data across different conditions, technologies, and species. Nat 

Biotechnol. 2018;36: 411. Available: https://doi.org/10.1038/nbt.4096 

100.  Shen J, Scheffer DI, Kwan KY, Corey DP. SHIELD: an integrative gene 

expression database for inner ear research. Database (Oxford). 2015;2015: bav071. 

doi:10.1093/database/bav071 

101.  Chessum L, Matern MS, Kelly MC, Johnson SL, Ogawa Y, Milon B, et al. Helios 

is a key transcriptional regulator of outer hair cell maturation. Nature. 2018;563: 

696–700. doi:10.1038/s41586-018-0728-4 

102.  Single-cell RNA-Seq resolves cellular complexity in sensory organs from the 

neonatal inner ear. [cited 1 Mar 2021]. Available: 

https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4634134/ 



 99 

103.  Boyle EA, Li YI, Pritchard JK. An Expanded View of Complex Traits: From 

Polygenic to Omnigenic. Cell. 2017;169: 1177–1186. 

doi:10.1016/j.cell.2017.05.038 

104.  Ohlemiller KK, Hughes RM, Lett JM, Ogilvie JM, Speck JD, Wright JS, et al. 

Progression of cochlear and retinal degeneration in the tubby (rd5) mouse. Audiol 

Neurootol. 1997;2: 175–85. doi:10.1159/000259242 

105.  Schuknecht HF, Watanuki K, Takahashi T, Belal AA, Kimura RS, Jones DD, et al. 

Atrophy of the stria vascularis, a common cause for hearing loss. Laryngoscope. 

1974;84: 1777–821. doi:10.1288/00005537-197410000-00012 

106.  Puligilla C, Kelley MW. Dual role for Sox2 in specification of sensory competence 

and regulation of Atoh1 function. Dev Neurobiol. 2017;77: 3–13. 

doi:10.1002/dneu.22401 

107.  Koo SK, Hill JK, Hwang CH, Lin ZS, Millen KJ, Wu DK. Lmx1a maintains 

proper neurogenic, sensory, and non-sensory domains in the mammalian inner ear. 

Dev Biol. 2009;333: 14–25. doi:10.1016/j.ydbio.2009.06.016 

108.  Bok J, Raft S, Kong K-A, Koo SK, Dräger UC, Wu DK. Transient retinoic acid 

signaling confers anterior-posterior polarity to the inner ear. Proc Natl Acad Sci U 

S A. 2011;108: 161–6. doi:10.1073/pnas.1010547108 

109.  Buenrostro JD, Wu B, Chang HY, Greenleaf WJ. ATAC-seq: A Method for 

Assaying Chromatin Accessibility Genome-Wide. Curr Protoc Mol Biol. 

2015;109: 21.29.1–9. doi:10.1002/0471142727.mb2129s109 

110.  Watanabe K, Taskesen E, van Bochoven A, Posthuma D. Functional mapping and 

annotation of genetic associations with FUMA. Nat Commun. 2017;8: 1826. 



 100 

doi:10.1038/s41467-017-01261-5 

111.  Boyle AP, Guinney J, Crawford GE, Furey TS. F-Seq: a feature density estimator 

for high-throughput sequence tags. Bioinformatics. 2008;24: 2537–2538. 

doi:10.1093/bioinformatics/btn480 

112.  Wang K, Li M, Hakonarson H. ANNOVAR: functional annotation of genetic 

variants from high-throughput sequencing data. Nucleic Acids Res. 2010;38: 

e164–e164. doi:10.1093/nar/gkq603 

113.  Rentzsch P, Witten D, Cooper GM, Shendure J, Kircher M. CADD: predicting the 

deleteriousness of variants throughout the human genome. Nucleic Acids Res. 

2019;47: D886–D894. doi:10.1093/nar/gky1016 

114.  Ay F, Bailey TL, Noble WS. Statistical confidence estimation for Hi-C data 

reveals regulatory chromatin contacts. Genome Res. 2014;24: 999–1011. 

doi:10.1101/gr.160374.113 

115.  McLean WJ, McLean DT, Eatock RA, Edge ASB. Distinct capacity for 

differentiation to inner ear cell types by progenitor cells of the cochlea and 

vestibular organs. Dev. 2016. doi:10.1242/dev.139840 

116.  Bhaduri A, Andrews MG, Mancia Leon W, Jung D, Shin D, Allen D, et al. Cell 

stress in cortical organoids impairs molecular subtype specification. Nature. 2020. 

doi:10.1038/s41586-020-1962-0 

117.  Huynh-Thu VA, Irrthum A, Wehenkel L, Geurts P. Inferring regulatory networks 

from expression data using tree-based methods. PLoS One. 2010;5: 12776. 

doi:10.1371/journal.pone.0012776 

118.  Matsumoto H, Kiryu H, Furusawa C, Ko MSH, Ko SBH, Gouda N, et al. SCODE: 



 101 

An efficient regulatory network inference algorithm from single-cell RNA-Seq 

during differentiation. Bioinformatics. 2017;33: 2314–2321. 

doi:10.1093/bioinformatics/btx194 

119.  Cheng C, Wang Y, Guo L, Lu X, Zhu W, Muhammad W, et al. Age-related 

transcriptome changes in Sox2+ supporting cells in the mouse cochlea. Stem Cell 

Res Ther. 2019;10: 1–18. doi:10.1186/s13287-019-1437-0 

120.  Gnedeva K, Hudspeth AJ. SoxC transcription factors are essential for the 

development of the inner ear. Proc Natl Acad Sci U S A. 2015;112: 14066–14071. 

doi:10.1073/pnas.1517371112 

121.  Mulvaney J, Dabdoub A. Atoh1, an essential transcription factor in neurogenesis 

and intestinal and inner ear development: Function, regulation, and context 

dependency. JARO - J Assoc Res Otolaryngol. 2012;13: 281–293. 

doi:10.1007/s10162-012-0317-4 

122.  Lumpkin EA, Collisson T, Parab P, Omer-Abdalla A, Haeberle H, Chen P, et al. 

Math1-driven GFP expression in the developing nervous system of transgenic 

mice. Gene Expr Patterns. 2003. doi:10.1016/S1567-133X(03)00089-9 

123.  Samarajeewa A, Lenz DR, Xie L, Chiang H, Kirchner R, Mulvaney JF, et al. 

Transcriptional response to wnt activation regulates the regenerative capacity of 

the mammalian cochlea. Dev. 2018. doi:10.1242/dev.166579 

124.  Arnold K, Sarkar A, Yram MA, Polo JM, Bronson R, Sengupta S, et al. Sox2 + 

adult stem and progenitor cells are important for tissue regeneration and survival 

of mice. Cell Stem Cell. 2011. doi:10.1016/j.stem.2011.09.001 

125.  Barker N, Van Es JH, Kuipers J, Kujala P, Van Den Born M, Cozijnsen M, et al. 



 102 

Identification of stem cells in small intestine and colon by marker gene Lgr5. 

Nature. 2007. doi:10.1038/nature06196 

126.  Stein-O’Brien GL, Clark BS, Sherman T, Zibetti C, Hu Q, Sealfon R, et al. 

Decomposing Cell Identity for Transfer Learning across Cellular Measurements, 

Platforms, Tissues, and Species. Cell Syst. 2019;8: 395-411.e8. 

doi:10.1016/j.cels.2019.04.004 

127.  Yu G, Wang LG, Han Y, He QY. ClusterProfiler: An R package for comparing 

biological themes among gene clusters. Omi A J Integr Biol. 2012;16: 284–287. 

doi:10.1089/omi.2011.0118 

128.  Costa A, Sanchez-Guardado L, Juniat S, Gale JE, Daudet N, Henrique D. 

Generation of sensory hair cells by genetic programming with a combination of 

transcription factors. Dev. 2015;142: 1948–1959. doi:10.1242/dev.119149 

129.  Lee S, Song JJ, Beyer LA, Swiderski DL, Prieskorn DM, Acar M, et al. 

Combinatorial Atoh1 and Gfi1 induction enhances hair cell regeneration in the 

adult cochlea. Sci Rep. 2020;10: 1–15. doi:10.1038/s41598-020-78167-8 

130.  Ren Y, Landegger LD, Stankovic KM. Gene therapy for human sensorineural 

hearing loss. Frontiers in Cellular Neuroscience. Frontiers Media S.A.; 2019. p. 

323. doi:10.3389/fncel.2019.00323 

131.  Kircher M, Witten DM, Jain P, O’Roak BJ, Cooper GM, Shendure J. A general 

framework for estimating the relative pathogenicity of human genetic variants. Nat 

Genet. 2014;46: 310–5. doi:10.1038/ng.2892 

 

 
 


