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[bookmark: _Toc111717056]Definition and Prevalence

	Communication represents a keystone of the human experience. We use our body, facial expressions, and voice, among other modes, to explain our unique perspective and experiences. The field of speech and language seeks to understand verbal communication: How humans use what we say (language) and how we say it (speech) to express ourselves. Successful verbal communication involves multi-system coordination; neurological, cognitive, and linguistic systems interact to produce vocalizations, which are subsequently interpreted by the receiver1-3. Dysregulation across or among any of these systems may result in dysfluent speech and language. Stuttering (or stammering), defined by the World Health Organisation as “speech that is characterized by frequent repetition or prolongation of sounds or syllables or words, or by frequent hesitations or pauses that disrupt the rhythmic flow of speech”4 represents a speech dysfluency. The World Health Organisation continues its definition with further clarification, maintaining that stuttering “should be classified as a disorder only if its severity is such as to markedly disturb the fluency of speech”4. A burgeoning addition to the definition of stuttering includes the experienced loss of control. In a 2018, Tichenor and Yaruss summarized the experience of stuttering within their participants, noting a loss of control as a key component: Participants noted a motoric or linguistic loss of control (the speaker knew what they wished to say, but could not execute the required speech) or a conversational/pragmatic loss of control, described as the ability to voice thoughts during conversation5. 
Stuttering is a common speech dysfluency. The work herein will focus on the most common form of stuttering, developmental stuttering. Developmental stuttering is defined as a speech fluency disorder characterized by prolongations, blocks, and repetitions of speech sounds in young children that emerges as they are learning speech and language skills6. At least five percent of children between ages 2 to 6 will display stuttering that warrants classification as developmental stuttering or childhood onset speech fluency disorder7-9. A majority (approximately 80%) of children diagnosed with developmental stuttering will recover spontaneously or with the assistance of therapy, typically before age eight (recovered stuttering). However, some individuals will continue to stutter after puberty into adulthood (persistent stuttering); at least 1% of the adult population experiences persistent developmental stuttering3,10.

[bookmark: _Toc111717057]A sexually dimorphic nature

Developmental stuttering is a sexually dimorphic trait. At stuttering onset the male-to-female ratio remains fairly even with estimates between 1:1 or 2:111-14. However, females are more likely to recover, leading to an adult male-to-female ratio of 4:13. Despite this well-documented phenomenon, the underlying cause of the observed male-bias in stuttering remains unclear with prevailing theories postulating that differential sex hormone regulation in males versus females may explain its cause15.  
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	Stuttering impacts the quality of life for many. Despite its prevalence of 1% in the general adult population, its impact often remains invisible. People who stutter may utilize avoidance tactics such as word substitution or refrain from vocalizations to mask their stutter16. In fact, the former U.K. prime minister, Winston Churchill, famously applied word substitution to avoid stuttering17. The impact of stuttering may be covert to outsiders; however, people who stutter frequently require a lifetime of therapy to manage both stuttering behaviors as well as their negative psychological impact18,19. Children and adolescents who stutter may experience increased bullying, decreased classroom participation, and a more negative educational environment20,21. For adults who stutter, stuttering may result in a negative impact on employability, perceived job performance, socioeconomic status, and their mental and social well-being22,23. Ultimately, such negative experiences can lead to grave economic consequences when those who stutter feel unable to fully communicate/express their ideas and/or experience discrimination. 
The intent of this body of work is to elucidate our understanding of the etiology of developmental stuttering, which may also provide the added benefit of giving us insight into the biology of speech. This intent carries with it the responsibility of acknowledging the growing neurodiversity movement, which seeks to emphasize and celebrate natural variation rather than pathologize it24. The consequences that accompany stuttering are frequently the result of discrimination and societal framing that often falsely peg people who stutter as shy, self-conscious, or lacking in confidence25; therefore, a future where stuttering is celebrated as a “normal” difference in speech might change this viewpoint. Investigations into the etiology of stuttering will hopefully increase community edification and result in de-stigmatization. Moreover, for those that do desire improved speech fluency, determining the etiology of developmental stuttering will be vital for developing novel treatments and refining current techniques.
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The underlying causes of stuttering have spurred speculation over centuries. In fact, ancient Greek theories purported the dryness of the tongue as the origin of stuttering17. Today, the prevailing theory is that developmental stuttering represents a multi-dimensional neurodevelopmental disorder, arising during childhood speech development26. Evidence supports the contribution of both biological and non-biological factors in stuttering. Research into biological risk factors provides evidence of neurological and genetic causes while research into non-biological risk factors provides evidence of the role of psychological or psycho-behavioral factors in developmental stuttering.
Strong neurological evidence includes reports from neuroimaging studies, which investigated anatomical differences in children or adults who stutter compared to their fluent counterpart. Such examinations have demonstrated differences in white matter integrity connecting auditory and motor regions in the brain, leading to the hypothesis that such differences are due to the failure of the motor system to generate the neural commands required to produce fluent speech27,28. 
Non-biological explanations consider the contribution of environment in stuttering. Such explanations exist in concert with neurological data, rather than in contrast. For example, the Dual Diathesis-Stressor model proposes that emotional and linguistic factors contribute to stuttering. In this model, the vulnerability for stuttering (the diathesis) and the stressor (i.e. an event that disrupts individual homeostasis) interact: i.e. “stress activates a diathesis, transforming the potential of predisposition into the presence of [stuttering]”29.
This work will focus on another key contributing biological factor to stuttering: genetics. Familial analyses, segregation, and twin studies have demonstrated high heritability estimates (50-80%)30-35; however, the genetic etiology and architecture of developmental stuttering remain elusive. The complex inheritance patterns observed within developmental stuttering combined with underpowered genetic studies have created obstacles to understanding its genetic etiology. 
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	Stuttering persists within families and amassed data provide evidence for genetic heritability. Clues into the heritability of developmental stuttering emerged when Dr. Mildred Berry, a pioneer in the field of speech pathology, surveyed 1000 families in 1937 and discovered that twinning occurred more frequently in families that stuttered; moreover, stuttering also occurred more frequently in twins than siblings36. More recent familial incidence studies report familial stuttering in 30 to 60% of probands (the first affected family member being studied) compared to less than 10% in families of control probands31,37. A 1993 study by Ambrose et al. evaluated 69 children between ages 2-6 and found that 43% of probands had relatives who stutter in their immediate family (parents and siblings) and 71% of probands had relatives who stutter in their extended family (grandparents, first cousins or avuncular relationships)30. This observed enrichment of stuttering in families led the field to hypothesize that genetics may play a role in stuttering. However, it’s important to note that an enrichment of stuttering in families could be due to genetics, environment, random chance, and/or gene-environment interactions. An estimate of heritability (h2) can help us understand the variance of a trait explained solely by genetic factors.
	Twin studies are a useful tool for measuring trait heritability. Since stuttering had a demonstrated familial enrichment, environmental and/or genetic factors might explain this observation. If we assume that environment impacts monozygotic and dizygotic twins similarly, then any observed difference in concordance rates (the percentage of cases in which both twin pairs exhibit a given trait) can be assumed to be due to their differences in genetic sharing: monozygotic twins share 100% of their DNA while dizygotic twins share about 50% of their DNA. Heritability is thus calculated as the difference between monozygotic twin concordance and dizygotic twin concordance. Since Berry’s seminal study, published concordance rates for stuttering between mono- and di-zygotic twins have fluctuated with the two largest twin studies reporting heritability estimates between 0.42-0.8433,34 (Table 1.1).

	Study
	Source
	H2
	DZ concord
	MZ concord
	Notes

	Andrews et al. 1991
	Australian Twin Registry, born between 1893 and 1964
	0.711
	3.5% (3/85)
	 20% (10/50)
	Assumed additive genetic model. Reported pairwise concordance

	Felsenfeld et al. 2000
	Australian Twin Registry, twins born between 1964 and 1971
	0.7
	12%/26% 
	29%/62% 
	Assumed additive genetic model for H2. Interviewed individuals passed more stringent case criteria (vs. self-report screening concordance calculations). Reporting proband-wise concordance

	Ooki et al. 2005
	Japanese Twin Database, aging from infant to 15yrs at time of data collection
	0.8(males)/ 0.85 (females)
	11% (6/56)
	52% (54/104)
	Structural equation modeling to calculate the proportion of phenotypic variance explained by genetics. DZ proband-wise concordance in same sex twins was 12%; whereas, for Female-male siblings it was 9% (2/3). Reporting proband-wise concordance

	Dworzynski et al. 2007
	Twins Early Development Study, a longitudinal UK-based study of all twins born between 1994 and 1996
	0.65
	12%
	32%
	Reporting proband-wise concordance. H2 estimate for 4-yr old children. Longitudinal study looking at participants at 2,3, 4, and 7 years

	van Beijsterveldt et al. 2010*
	Netherlands Twin Register
	0.42
	26%-36%
	53%-61%
	Parents evaluated their children's speech fluency via questionnaires around their fifth birthday. Additive genetic model

	Fagnani et al. 2011*
	Danish twins
	0.84 (males)/ 0.81 (females)
	4-16% (same sex only)
	38-62%
	Nation-wide questionnaire answers for phenotype

	Rautakoski et al. 2012
	Finnish twins, born between 1961 and 1989
	0.82
	27%
	74%
	Structural equation modeling to calculate the proportion of phenotypic variance explained by genetics


[bookmark: _Toc111465822]Table 1 - 1.1 Summary of stuttering heritability estimates from twin studies. 
Abbreviations: DZ, dizygotic twins; H2, calculated heritability (i.e. the difference between concordance rate of monozygotic twins and dizygotic twins); MZ, monozygotic twins. *These represent the two largest twin studies to-date, with > 20,000 individuals per study32-35,38,39.
	
Although evidence from twin studies performed in families with developmental stuttering provides strong evidence for the heritability of developmental stuttering, such studies also reveal incomplete concordance of stuttering in monozygotic twins. This demonstrates the importance of non-genetic factors in contributing to stuttering. Other complex traits such as type 2 diabetes40,41 or serum lipid levels42 have similar genetic heritability estimates and investigations into their genetic variation have provided key insight into their molecular basis.

[bookmark: _Toc111717061]Genetic studies of stuttering

	Knowing that genetic factors contribute to stuttering does not tell us about the specific genetic variation involved. Given the observation of enriched stuttering within families, researchers began their investigation of genetic contributions to developmental stuttering with family-based analyses and studies of population isolates. Linkage and other family-based approaches are successful tools for identifying rare and private causal variants with large genetic effects in the absence of genetic heterogeneity. The table below (Table 1.2) summarizes the genes implicated in development stuttering in family studies and studies of population isolates, but it does not include recently reported results from population studies (which will be discussed later).

	Study
	Gene
	Chromosome:bp (build 38)
	Population Architecture

	Lan, et al. 2009
	DRD2
	chr11:113,409,605-113,475,398
	Case-control  (gender-matched controls) association study focusing specifically on dopaminergic gene haplotypes and allele frequencies among SNPs in the Han Chinese population

	Kang, et al. 2010
	GNPTAB
	chr12:101,745,499-101,830,959
	77 unrelated Pakistani individuals that stutter plus unrelated cases from 46 Pakistani families (see Suresh et al.), 270 affected unrelated individuals from N. America & England

	
	GNPTG
	chr16:1,351,931-1,364,113
	

	
	NAGPA
	chr16:5,024,844-5,034,141
	

	Raza, et al. 2015
	AP4E1
	chr15:50,908,683-51,005,895
	Cameroonian family + probands from Cameroon, Pakistani, and N. America

	Mohammadi, et al. 2017
	CYP17A1
	chr10:102,830,531-102,837,472
	Case-control (age and ethnic background matched) study of a Kurdish population aged 3-9 years from western Iran


[bookmark: _Toc111465823]Table 2- 1.2 Summary of genes implicated in the stuttering literature
The first implicated gene, DRD2, encodes a dopamine receptor. Dopamine represents a neurotransmitter that plays a key role in how humans feel and experience pleasure. Variants in DRD2 that alter its typical function have been associated with addictive behaviors such as pathological gambling43 or neurologic disorders such as Tourette’s syndrome44 and schizophrenia45. In 2009, Lan et al. reported the results of an association study specifically focusing on dopaminergic gene haplotypes and allele frequencies in stuttering cases and controls from a Han Chinese population. Their study found both risk and protective alleles for stuttering in DRD246. However, a follow-up study published in 2011 by Kang et al. from a case-control cohort in Brazil and western Europe was unable to replicate the results published by Lan et al. in 200947.
The discovery of that lysosomal storage genes (GNPTAB, GNPTG, and NAGPA) contribute to stuttering risk began in 2005: Riaz et al.48 performed linkage analyses in 46 consanguineous Pakistani families with enriched stuttering, catalyzing the future discovery of three lysosomal transport genes. Their study uncovered a region on 12q23.3 linked with developmental stuttering in a single family, but they were unable to identify a causal gene within the family. Five years later in 2010 within the NEJM, Kang et al.49 reported the results from a follow-up study of 77 unrelated Pakistani individuals that stutter plus unrelated cases from the same 46 Pakistani families interrogated by Riaz et al.in 200548. This investigation implicated the three lysosomal storage genes as contributors to developmental stuttering risk. In 2018, Kazemi and colleagues reported additional supporting evidence: They performed sequencing and gene mapping for 25 Iranian families highly enriched with developmental stuttering and identified an additional 3 variants in GNPTAB and GNPTG that co-segregated with stuttering50. 
Next, the group that identified the lysosomal genes utilized mouse models of stuttering to determine why specific mutations in these genes might cause stuttering. In 2005 Shu et al. demonstrated that introducing human FOXP2 mutations into the orthologous Foxp2 gene in mice altered ultrasonic vocalizations in mice mimicking vocalizations observed in humans with the FOXP2 mutation, which set the precedent for using mice as a model of human speech and language traits51. In 2016, Barnes et al. developed a Cre-loxP knockin mouse model of stuttering for mice carrying a human stuttering mutation in GNTAB in the orthologous mouse Gnptab gene and found differences in the timing of vocalizations, namely increased pauses between bouts of syllables and abnormally long pauses in homozygous mutant mice when compared to control mice52. In 2019, they used their same mouse model to knock-in another human GNPTAB mutation and compared brain images taken from mutant and control mouse groups53. In the mutant mice they observed a decrease in the number of astrocytes in their corpus callosum, providing evidence that mutations in lysosomal storage genes might impact neurogenesis important for developing fluent speech. 
The next gene, AP4E1, was identified in a whole-exome sequencing analysis of a large polygamous Cameroonian family. Raza et al.54 observed that two heterozygous AP4E1 coding variants co-segregated with persistent developmental stuttering. Interestingly, AP4E1 encodes a subunit of the AP-4 complex, which is involved in protein sorting within the trans-Golgi network. The AP-4 complex comprises a subunit that interacts with NAGPA, a gene previously shown to associate with developmental stuttering. Although Raza et al.54 also reported 23 additional rare variants (including loss-of-function variants) within AP4E1 among unrelated stuttering individuals from Cameroon, Pakistan, and North America, their findings have yet to be replicated by another group.
The final gene implicated in the literature as contributing to developmental stuttering risk provides preliminary evidence for the role of hormone regulation in modulating stuttering risk. In 2017, Mohammadi et al.55 performed a case-control study of the Kurdish population aged 3-to-9 from Western Iran, specifically focusing on the dimorphic nature of stuttering and identified an allelic polymorphism associated with stuttering susceptibility in CYP17A1, a gene integral for the synthesis of steroid hormones. However, these results were not replicated in an independent case and population-matched control association study from the United States, Brazil, Pakistan, and Cameroon56. 
	This survey of published literature investigating stuttering genetic contributions demonstrates the predominance of family-based analyses and studies of population isolates. Such investigations are powered to detect large effects at rare, and even private, genetic variation that impacts developmental stuttering within a family; however, the genetic architecture of stuttering in populations likely encompasses variation with a vast spectrum of allele frequencies, effect sizes, and function. Such diversity demands varied tools to capture a more complete picture of the genetics underlying a trait. Studies exploring common genetic risk factors in unrelated individuals that better represent affected populations is critical, especially given the lack of consensus in the stuttering genetics literature.

[bookmark: _Toc111717062]Amassing population data from people who stutter
	
	Despite a 1% prevalence of persistent stuttering in the general adult population, prior genetic studies investigated stuttering within families and population isolates. These study designs were powered to detect variants of large effect within specific groups; however, whether these findings generalize in broader populations remains an outstanding question. The focus on families and population isolates was most likely due to practical reasons (it’s easier to enroll individuals with a familial history of stuttering than to collect a random population sample) and pragmatic reasons (epidemiology studies show an enrichment of stuttering within families). Nevertheless, the challenge of reproducing genetic signals from these prior studies highlighted the need for alternative analysis approaches. For example, genome-wide association studies (GWAS) are a powerful approach for detecting common and low-frequency variants of modest to weak effect associated with a trait at a population-level. This work will detail several strategies for amassing population-level data to investigate stuttering genetic effects that impact the broader population. 

[bookmark: _Toc111717063]International Stuttering Project
	Founded in 2020, the International Stuttering Project (ISP) is a global collaboration of clinicians, researchers, and most importantly the broader stuttering community. The ISP was formed to represent global outbred populations of individuals who stutter to illuminate stuttering etiology and broaden investigations of its diverse and variable phenotype. Currently, the ISP comprises researchers and study participants from the United States, Ireland, United Kingdom, Israel, Sweden, and Australia. The ISP is continually recruiting both study participants and collaborators to further research efforts (https://www.theinternationalstutteringproject.com/). Chapter 4 will discuss genetic results obtained from a multiethnic clinically ascertained developmental stuttering case set acquired through the ISP. Additional publications describing ISP research findings are annotated on the ISP website.

[bookmark: _Toc111717064]Biobanks
	Traditional genetic study designs typically acquire cases through direct recruitment of participants with a trait of interest. This is the method the ISP used to acquire a cohort of individuals with developmental stuttering confirmed by a licensed speech pathologist. For developmental stuttering, this recruitment strategy required several years to acquire and genotype approximately 1,300 stuttering cases. Chapter 4 will detail the results of this effort. However, briefly it’s important to note that such a sample size is powered to detect common genetic stuttering risk alleles with large to modest effect size in a GWAS. Such a sample size has insufficient power to detect common variants with weak effect size. Furthermore, the study also lacks the sample size required to divide the data into a training and testing set for polygenic risk score development or for stratified analyses (e.g. sex-stratified). Other neurologic polygenic traits such as Tourette’s57,58, Autism Spectrum Disorder (ASD)59,60, and schizophrenia45 required tens of thousands of subjects to establish and validate common variant trait liability61.
	Biobanks are a useful resource for amassing sample sizes large enough to detect weak effects contributing to a trait’s liability. Biobanks are large repositories of biological specimens, which often link genotype data with a patient’s electronic health records (EHR) in a de-identified manner to maintain individual privacy while enabling research. Vanderbilt University Medical Center (VUMC) has been recruiting and consenting individuals to join its biobank resource, BioVU, since February 200762,63. At the time the work presented in the subsequent chapters (2-3) was performed, BioVU had genotyped approximately 90,000 individuals. These genotyped individuals are linked to their respective de-identified EHR, which includes demographic data, clinical notes, electronic orders, laboratory measurements, ICD-9 CM/ICD-10 disease diagnosis billing codes, and CPT codes. The EHR can subsequently be used as a tool for identifying a trait of interest (e.g. developmental stuttering) and/or creating a proxy phenotype that is likely representative of a trait. Biobanks offer an attractive tool for agnostically investigating genotype-phenotype relationships in a large sample size. The following two chapters will discuss the both the challenges and outcomes of using VUMC’s EHR-linked biobank, BioVU, to identify individuals who stutter and to acquire a population cohort with increased power for detecting common genetic variation. We’ll build a polygenic risk model from our stuttering proxy-phenotype (PheML predicted stuttering) GWAS and demonstrate that our proxy phenotype successfully captures polygenic liability in clinically validated stuttering.

[bookmark: _Toc111717065]Self-reported stuttering
	For some traits, self-report survey data represents a powerful tool for acquiring cases64-66. Here, we discuss two sources, Add Health and 23andMe, for identifying individuals who stutter using survey data. Add Health is an ongoing, nationally representative, longitudinal study of the social, behavioral, and biological factors influencing health and developmental trajectories from early adolescence into adulthood67. Add Health collected demographic and health survey data as well as in-home physical and biological data (namely specimens for genotyping) from its participants. One survey question included the following: “Do you have a problem with stuttering or stammering?” Using this question, we were able to identify individuals with or without developmental stuttering ascertained by Add Health.
Direct-to-consumer (DTC) tests are gaining in popularity. For example, as of September 2021 23andMe had acquired upwards of 12 million specimens (https://thednageek.com/dna-tests/)  from consumers interested in gleaning their genealogy information or health insights following the provision of a saliva sample or buccal swab. 23andMe also offers its consumers the opportunity to participate in their research. Consumers who purchase a DNA test from 23andMe have the option of participating in research: To do so, participants answer online survey questions about themself and their life. In partnership with 23andMe Inc., we were able to leverage their vast DNA biobank to explore genetic variation that might impact stuttering. We gathered cases and controls from 23andMe participants who consented to participate in research and answered the survey question: “Have you ever had a stammer or stutter?” This self-report survey allowed us to collect the largest population cohort (over 1 million study subjects) of stuttering to-date. The results of this collaboration are reported in chapter 5.
	
[bookmark: _Toc111717066]Conclusion

	In the next several chapters, we’ll reveal how developmental stuttering risk is driven by genetic effects detectable at both the familial and population level; moreover, we’ll show that these genetic effects exert diverse biological functions. Each chapter will detail the methods employed to uncover the genetic etiology of developmental stuttering. The next two chapters (2,3) will utilize biobank data, leveraging the availability of electronic health record data to create an algorithm that uses stuttering comorbidities to 1) generate a stuttering proxy phenotype and 2) explore stuttering at the population-level. Such examinations will reveal novel stuttering comorbidities and common variant associations. In chapter 4, we report the results of our clinically ascertained genome-wide association study amassed through the ISP. Here, we show that developmental stuttering represents a complex polygenic trait with common genetic variation (implicating neurological processes) impacting stuttering risk. Finally, in chapter 5 we use our well-powered study of self-reported stuttering to describe the molecular etiology of stuttering.
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Introduction

[bookmark: _Toc111717070]Abstract

Purpose: This study aimed to identify cases of developmental stuttering and associated comorbidities in de-identified electronic health records (EHRs) at Vanderbilt University Medical Center, and, in turn, build and test a stuttering prediction model.
Methods: A multi-step process including a keyword search of medical notes, a text-mining algorithm, and manual review was employed to identify stuttering cases in the EHR. Confirmed cases were compared to matched controls in a phenotype code (phecode) enrichment analysis to reveal conditions associated with stuttering (i.e., comorbidities). These associated phenotypes were used as proxy variables to phenotypically predict stuttering in subjects within the EHR that were not otherwise identifiable using the multi-step identification process described above. 
Results: The multi-step process resulted in the manually reviewed identification of 1,143 stuttering cases in the EHR. Highly enriched phecodes included codes related to childhood onset fluency disorder, adult-onset fluency disorder, hearing loss, sleep disorders, atopy, a multitude of codes for infections, neurological deficits, and body weight. These phecodes were used as variables to create a phenome risk classifier (PheML) prediction model to identify additional high likelihood stuttering cases. The PheML prediction model resulted in a positive predictive value of 83%. 
Conclusions: This study demonstrates the feasibility of using EHRs in the study of stuttering and found phenotypic associations. The creation of the PheML has the potential to enable future studies of stuttering using existing EHR data, including investigations into the genetic etiology.

[bookmark: _Toc111717071]Introduction

The advent of large, diverse biomedical datasets has enabled agnostic, data-driven approaches in many areas of biomedical science. Electronic health records (EHRs) represent one such biomedical resource that encompasses large, readily accessible volumes of data. While the primary purpose of EHRs is to enhance individual patient care, they also provide a wealth of data useful for understanding disease patterns, treatment efficacy, and, when paired with DNA biobanks, the contribution of genetic factors in health. By combining demographic information with clinical notes, medication lists, and billing and procedural codes throughout the lifetime of a patient with DNA biobank samples, EHRs can facilitate novel approaches to questions that would be impractical to answer in traditional study designs. EHR-based studies are now commonplace in other fields, yet they represent an unexplored opportunity to expand the scope of developmental stuttering research. This project harnessed the power of data contained in EHRs to 1) identify stuttering cases via a text-mining algorithm and manual review, which in turn enabled us to 2) detect enrichments of co-occurring phenotypes (i.e., comorbidities) and 3) to create a phenome risk classifier (PheML) to predict stuttering cases in EHR linked biobanks.
Over the past decade, hundreds of studies utilizing EHRs have been published68-70. For example, Namjou et al. (2014)71 investigated whether genotyped data from previously published GWAS studies (i.e., known gene variants) were associated with 539 EHR-derived phenotypes (including speech disorders) within a pediatric cohort. These studies, among many others, have validated that data collected through routine clinical care and captured in EHRs can achieve similar data quality compared to prospective study collection. Furthermore, when clinical EHR data is paired with genotyped samples in a DNA biobank, genetic studies such as genome-wide association studies are feasible and effective for disease gene discovery.  
Electronic health record studies fundamentally rely on a process called phenotyping, or reliably identifying cases and controls of diseases and conditions of interest within or between EHR data sets. This usually involves creating an algorithm using International Classification of Diseases, Ninth and Tenth Revision (ICD-9 and -10) codes, Current Procedural Terminology (CPT) codes, laboratory test results, prescriptions, vital sign measurements, and/or free text keyword search, and then testing the algorithm against expert manual review. Traditionally, phenotypic characterizations within large-scale EHRs have relied on the presence of a diagnostic billing code, for example, an ICD-9 or ICD-10 code. While billing codes are adequate indicators of many clinical phenotypes, some conditions such as developmental stuttering are not always well captured by these data. For example, conditions that do not lead to hospital visits, are diagnosed outside of a hospital or outpatient setting, have broad or nonspecific billing codes, or are not covered by health insurance may be under-identified in the EHR. To demonstrate the inadequacy of using billing codes alone for identifying developmental stuttering cases, a preliminary search of de-identified EHRs at Vanderbilt University Medical Center (VUMC) revealed that ICD-9 and ICD-10 billing codes were conspicuously sparse for developmental stuttering: the billing code search returned only 90 cases out of approximately 93,000 records (0.01% prevalence), far below the expected population 1-3% prevalence (Pruett, Below, & Jones, American speech-language hearing association conference, November 2018). For stuttering and other similar conditions, additional data beyond diagnostic codes is necessary for accurate phenotyping.
Underrepresentation of developmental stuttering using basic search methods in the EHR is likely driven by several factors. First, evaluation and treatment of communication disorders are typically performed by speech-language pathologists, not medical doctors, and many stuttering evaluations take place in public schools or in private speech-language pathology clinics. Consequently, these records regarding the evaluation and treatment of stuttering are generally not included in medical center EHRs. Second, communication disorders such as stuttering are often ancillary to the purpose of a doctor visit, so descriptions of speech and language may not be considered relevant to record in EHRs. Third, communication disorders may simply go unnoticed by medical professionals during an encounter. For example, stuttering is variable in nature and individuals may not overtly stutter during a medical consultation. In this case, unless a patient was specifically asked about his or her speech, or being seen for a speech-related reason, stuttering would not be noted in the EHR. Despite these hurdles, patients who stutter are regularly seen within medical center settings and some have sufficient notation to positively identify them as individuals who stutter.
Keyword searches and text-mining algorithms can augment diagnostic codes to identify potential cases of a given disease or disorder. In fact, depending on the condition and medical context, keywords may provide even better representation of the phenotype of interest. In our preliminary study, when “stuttering” was mentioned within VUMC EHR notes, words associated with the disorder were often used to describe conditions other than developmental stuttering (Pruett, Below, & Jones, 2018). In a manual review of 1,822 records returned from a keyword search, 29% (521 records) contained exclusively non-speech related mentions of stuttering (Pruett, Below, & Jones, 2018). For example, the most common non-speech related usages of the keyword “stuttering” included: (1) “stuttering onset”, or a symptom that comes and goes, (2) “stuttering gait”, or a gait marked by instability and frequent halting, and (3) “stuttering angina”, or random or unstable heart pain. The widespread use of the terms provided evidence that a simple keyword search would be insufficient to define developmental stuttering cases in the EHR. Overall, the low prevalence of ICD codes combined with the high false-positive keyword search provided evidence that a more nuanced approach was necessary to define developmental stuttering within the EHR. It is not the case that information on stuttering is absent or irrelevant in these large databases, it is merely more difficult to parse than other disorders. Therefore, one purpose of the present study was to develop a valid and replicable approach to identify stuttering cases within EHRs.
Once developmental stuttering cases are identified, EHRs provide a practical and efficient method for investigating stuttering comorbidities, or the presence of one or more conditions that co-occur with developmental stuttering at a higher frequency than would be expected by random chance in a control sample. Interactions among conditions and diseases may have far-reaching effects on both personal health and the health care system at large. According to Valderas et al.72, comorbidity is associated with worse health outcomes, more complex clinical management, and increased health care costs. Mechanisms underlying the coexistence of two or more conditions in a patient include direct or indirect causation, shared risk factors, or independence, and understanding these mechanisms can impact clinical care, epidemiology, and health services planning72. Greater understanding of stuttering comorbidity may not only improve clinical care, but also our understanding of causes of stuttering. 
Clinical and anecdotal evidence suggests a high incidence of comorbid speech, language, and attention disorders within patients with developmental stuttering73,74. For the purpose of this study, diagnosed conditions or disorders rather than between-group differences, are considered comorbidities (for examples of studies that have examined between-group differences, but not statistically tested for differences in the frequency of diagnosed conditions or disorders associated with stuttering75-78). To date, a variety of methods have been used to examine stuttering comorbidities. For example, using the National Health Interview Survey, Briley & Ellis79 found the presence of at least one disabling developmental condition (from among (a) intellectual disability, (b) learning disability, (c) attention-deficit/hyperactivity disorder (ADHD)/ADD, (d) seizures, (e) autism, Asperger’s, or pervasive developmental disorder (PDD), and (f ) any other developmental delay) to be 5.5 times higher in children who stutter compared to children who do not. Additionally, using the 1995 Australian Health Survey, Keating, Turell, & Ozanne80 found children who stutter had a higher incidence of developmental delay and emotional problems as well as asthma, allergies, and deafness from among 16 pre-selected conditions. Furthermore, a mail survey sent to practicing speech-language pathologists in the United States inquiring about clients on their caseload suggested that 63% of young children who stutter have co-occurring speech, language, or non-speech-language disorders from among 18 pre-selected conditions81. Other studies have taken a more targeted approach and examined individual conditions comorbid with stuttering including anxiety82,83, inattention and hyperactivity74, and articulation and phonological disorders84. These studies have identified a number of disorders and conditions comorbid with developmental stuttering but were limited by 1) a reliance on either clinician or caregiver recall79, 2) lack of a control population74,81,83, and/or 3) a scope limited to preselected conditions (i.e., other potential comorbidities with stuttering may not be included on a given survey).    
In contrast to these approaches, EHRs offer a greater depth and breadth of examined medical conditions. Consequently, queried comorbidities are not limited to a predetermined list and are not dependent on the recall of an examiner or examinee. Additionally, the average length of medical records encompass more years than most comorbidity studies, capturing conditions across a greater portion of the lifespan. Therefore, the present investigation aimed to assess conditions associated with stuttering using a novel method with the potential to both replicate previously identified comorbidities and explore latent, unstudied, comorbidities. A greater understanding of stuttering comorbidities, especially those beyond the scope of previous studies, has the potential to impact clinical care management and reveal underlying shared etiology of associated conditions and diseases72.  
Further, identification of comorbidities enables the creation of a phenome risk classifier. Phenome risk classifiers use the association of comorbidities to create an algorithm to identify likely cases independent of positive diagnoses (e.g., no ICD-9 or -10 code and/or no positive keyword search identification) via underlying similarities to manually reviewed cases (e.g., a similar constellation of comorbid conditions). Using this tool, we can overcome the challenges in identifying developmental stuttering cases within EHRs to greatly increase the number of high-likelihood cases for genetic analysis within the Vanderbilt EHR. More broadly, this approach may be adapted and employed in other EHRs with limited free-text search abilities to identify high-likelihood stuttering cases, or other phenotypes that are not well captured by diagnostic codes themselves. For example, any significant genetic findings resulting from work within the Vanderbilt EHR could be replicated within other biobank-paired EHRs such as the UK Biobank or the eMERGE Network85,86. This approach has been previously used to replicate known associations between conditions and genetic variants in studies examining asthma87, cognition88, depression89, glaucoma90, muscle strength91, and osteoarthritis92, among many others, demonstrating the utility and feasibility of this approach across a wide variety of diseases and conditions. For the field of stuttering, this could lead to the discovery of population level causally-related stuttering genes. 
Therefore, the purpose of this project is to translate these powerful approaches to the study of developmental stuttering. Accordingly, the present study represents the first agnostic, wide-scale EHR-based study of developmental stuttering and associated conditions. The major advantages to using EHRs to investigate developmental stuttering include: 1) access to much larger sample sizes than prospective cohort studies, numbering in the thousands to hundreds of thousands, 2) access to a greater depth and breadth of nonspeech-language pathology medical history (e.g., to assess a wide range of associated comorbidities), and, when paired with DNA biobanks, 3) access to existing EHR-linked genetic data. We employed these advantages to propel novel studies of the etiology of stuttering at scale. These studies are particularly critical, because despite large heritability estimates, strong familial trends, and high population prevalence, the genetic architecture of developmental stuttering is still largely unknown31,34,93. Therefore, in order to begin to address this gap in our knowledge, this project harnessed the power of data contained in EHRs to: identify stuttering cases via text-mining and manual review, detect comorbidities, and create a PheML to predict high-likelihood stuttering cases in an EHR-linked biobank. As has been done with other conditions, this nascent work may enable the application of this approach to other biobanks and related genetic analyses in the area of developmental stuttering.  

[bookmark: _Toc111717072]Methods

[bookmark: _Toc111717073]Overall Strategy

The first step to identifying conditions associated with developmental stuttering within the Vanderbilt University Medical Center (VUMC) EHR involved “defining” the developmental stuttering phenotype status by systematically labeling individuals with explicit indicators of disfluency as developmental stuttering cases and those without as population controls. Due to the dearth of developmental stuttering notation within the EHR (Pruett et al. 2018), this process involved (a) a keyword search of clinical notes followed by, (b) a text-mining algorithm, and (c) manual review. This multi-step approach was used to broadly search for developmental stuttering cases while limiting manual review in an otherwise prohibitively large (2.8 million records) clinical note set. Following identification, manually reviewed developmental stuttering cases were compared to matched population controls in a phecode enrichment analysis to reveal conditions comorbid with stuttering. Finally, these enriched phecodes were used as variables to create a phenome risk classifier (PheML) prediction model to identify high-likelihood stuttering cases without the use of keywords and text-mining.

[bookmark: _Toc111717074]Data source – the Synthetic Derivative of the Vanderbilt University Medical Center EHR
Vanderbilt University Medical Center (VUMC), located in Nashville, Tennessee, is one of the largest academic medical centers in the United States and offers primary and specialty care in hundreds of adult and pediatric specialties with over 2 million patient visits each year. In addition to Vanderbilt University Hospital and Monroe Carell Jr. Children’s Hospital, VUMC comprises over 100 outpatient clinics in greater Tennessee. Furthermore, VUMC includes The Vanderbilt Bill Wilkerson Center for Otolaryngology and Communication Sciences, a multidisciplinary clinic that specializes in ear, nose, and throat diseases, and communication disorders such as hearing, speech, language, and voice problems.
The size and diversity of VUMC is reflected in the composition of the EHR. Vanderbilt University Medical Center maintains a de-identified EHR database called the Synthetic Derivative (SD) currently containing ~2.8 million patient records. The Synthetic Derivative is 52 % female, with a plurality of patients currently 18–44 years of age (33.1 %) and 15.7 % currently under 18 years of age. Current race/ethnicity estimates are: 59.8 % Caucasian, 9.6 % African American, 3.2 % Latino, 1.3 % Asian, 0.1 % Native American, 0.6 % other, 0.2 % multiple, and 25.2 % unknown. It should be noted that the recording of race is done by a third party and the procedure is not uniform, leading to a high incidence of reporting error; this cannot be directly addressed in this study but should be acknowledged as a potential, though likely minimal, source of bias.
The VUMC SD interface allows the user to search data extracted from most of the major health information databases at Vanderbilt. Specifically, the search interface provides users access to basic clinical and demographic information, such as ICD-9 and 10 codes, CPT procedure codes, medications, lab values, and free text from within medical notes, and returns de-identified data for review. Medical notes is an EHR category that contains free text, numerical, and categorical notes about an encounter. Medical note categories include admission notes, ancillary reports, discharge summaries, emergency department notes, family history, inpatient notes, general notes, nursing reports, pathology reports, outpatient notes, problem lists, and radiology reports. Medical notes make up the bulk of information on a patient and provide excellent context for understanding encounters in the EHR. Listed within medical note categories are: reason for the visit, medical history, general description of the patient, evaluation of the chief complaint, description of other relevant medical, social and familial context, test results, diagnoses, and follow-up plans. Medical notes also include transcripts of email, mail, and telephone correspondence between patients, providers, and referring providers. Psychological and psychiatric records are protected and not directly accessible, but neurology reports and psychological referral correspondence are accessible. New clinical data are added to the database bimonthly.
[bookmark: _Toc111717075]Identifying developmental stuttering cases in the EHR via keyword search and manual review

[bookmark: _Toc111717076]Exploratory keyword search

A list of exploratory keywords including descriptors of developmental stuttering in EHRs was developed based on investigator phenotypic expertise (Fig. 2.1, Step 1). A preliminary study of the VUMC SD examining cases with stuttering ICD 9 and 10 codes (n = 142) revealed that in free text chart notations written by doctors and nurses, stuttering was often misspelled and there were several words used to describe the condition (Pruett et al., 2018). However, in this preliminary study, every confirmed case of developmental stuttering contained at least one of these exploratory keywords, “stutter”, “studder” [sic], “stuttering”, “studdering” [sic], “stammer”, “stammering”, “disfluency”, and “dysfluency” within medical notes. Therefore, this list of exploratory keywords was used to initially filter the approximately 2.8 million records in the VUMC SD.
[bookmark: _Toc111717077]Initial manual review
Reviewers with expertise in stuttering then examined de-identified text files with the exploratory keywords highlighted in context to determine if the observed keywords were used to describe developmental stuttering (Fig. 2.1, Step 2). Medical notes with standardized test scores from a speech-language pathologist indicating developmental stuttering (e.g., Stuttering Severity Instrument, or stuttering-like disfluencies from a speech sample), description of stuttering speech combined with supporting familial/educational context (e.g., “Patient’s mother is concerned with child’s stuttering and describes teasing at school. Disfluency noted during encounter. Referral to speech-language pathologist.”) and mentions of stuttered speech without reference to confounding conditions like stroke, traumatic brain injury, seizures, and psychological/psychiatric conditions (e.g., “Patient displays stuttering in his speech, as per baseline.”) determined case status to be used in subsequent analyses. If case status could not be determined from the text surrounding keywords, the search was expanded outside the scope of the keywords (e.g., clarifying whether a disqualifying condition, such as stroke, occurred previously to the mention of stuttering). The purpose of this step is to remove cases where stuttering speech occurs as the result of (a) stroke or traumatic brain injury, termed neurogenic stuttering, (b) side effects from pharmaceuticals, termed neuropharmacological stuttering, and (c) idiopathic stuttering in conjunction with psychosis or schizophrenia, termed psychogenic stuttering. While these conditions may present similarly to developmental stuttering, with an adult onset and being often transient in nature, they likely represent a distinct pathogenesis94 and were removed from consideration as cases or controls. Similarly, ambiguous cases lacking adequate inclusion criteria (described above) were also removed from consideration as cases or controls.
Because the records used for this exploratory keyword search and context development would be lost to subsequent steps, we opted to limit our search to the first 30 positively identified stuttering cases. Due to limited sample size, there is a tradeoff between using cases to develop the text-mining algorithm and using cases for enrichment analysis and model training/testing. Therefore, the relatively limited number of cases used in this filtering step preserved cases for subsequent steps.


[bookmark: _Toc111717078]Confirmatory keyword identification

Using confirmed stuttering cases from the initial manual review, we selected all words immediately surrounding (within ten words of) an exploratory keyword instance (i.e., “stutter”, “studder”, “stuttering”, “studdering”, “stammer”, “stammering”, “disfluency”, and “dysfluency”) and calculated the frequency of observation. We then identified words whose presence was enriched in the records of developmental stuttering cases (Fig. 2.1, Step 3). The seventeen most strongly associated words were considered “confirmatory keywords” (i.e., “mom”, “mother”, “mom’s”, “parent”, “parents”, “school”, “preschool”, “pre-school”, “child”, “children”, “birth”, “dad”, “father”, “dad’s”, “father’s”, “SSI-3”, and “SSI”) and were selected for use in subsequent filtering steps. This data allowed us to create a text-mining algorithm, which served as a search engine for identifying high-likelihood developmental stuttering cases by the words used to describe it within medical notes.
[bookmark: _Toc111717079]Text-mining algorithm

We developed this text-mining algorithm to identify high-likelihood cases and thus reduce the number of false positive keyword hits (Fig. 2.1, Step 4). As a result, far fewer files required final manual review. Specifically, the algorithm tallies the number of confirmatory keywords within ten words of exploratory keyword instances to create a numerical score for each individual. After an initial trial with five or more confirmatory keyword phrases returned too few cases, the threshold was lowered to three confirmatory keyword phrases to cast a wider net of potential cases. Consequently, all patients with three or more instances of confirmatory keyword phrases (i.e. “mom”, “mother”, “mom’s”, “parent”, “parents”, “school”, “preschool”, “pre-school”, “child”, “children”, “birth”, “dad”, “father”, “dad’s”, “father’s”, “SSI-3”, and “SSI”) combined with exploratory keywords (i.e. “stutter”, “studder”, “stuttering”, “studdering”, “stammer”, “stammering”, “disfluency”, and “dysfluency”) were selected as high-likelihood developmental stuttering cases. Patients that had any direct mentions of “developmental stuttering” were also included.
[bookmark: _Toc111717080]Final manual review

An additional, final manual review (using the same procedure as the initial manual review) was conducted to remove false positive cases identified by the text-mining algorithm (Fig. 2.1, Step 5). Again, false positives included cases of neurogenic, neuropharmacological, and idiopathic stuttering. Specifically, this process ensured that all developmental stuttering cases were manually reviewed and confirmed by the phenotyping team.
Ultimately, the end goal of the multi-step identification process was to maximize the positive predictive value, or the proportion of confirmed cases among those identified as potential cases, in order to reduce manual review in future studies. Positive predictive value is a function of both the design of the text-mining algorithm as well as the base rate of the condition within a population. For example, a study examining phenotyping diseases within EHRs using a combination of natural language processing and structured data found that positive predictive value ranged from 88 % for rheumatoid arthritis to 98 % for Crohn’s disease95. Given the lack of specific billing codes for developmental stuttering within the VUMC SD, we assumed our keyword-based text-mining algorithm would result in a slightly lower positive predictive value. This multi-step process accomplishes the first aim of the project: identifying stuttering cases via a text-mining algorithm and manual review within the VUMC SD.


[bookmark: _Toc111717081]Comorbidity analysis via phecode enrichment
Once identified using the multi-step process described above, half of the developmental stuttering cases were randomly selected for the phecode enrichment analysis (i.e., comorbidity analysis), reserving the other half for the training and testing of the phenome risk classifier as described below. Each of these cases was assigned up to five controls matched for age (< 5 years of age difference), sex, race, ancestry, and number of clinical encounters (< 5 clinical visit difference between case and control). Clinical encounters were estimated by the number of unique days a patient received a diagnostic code (i.e., phecode), an index of the frequency of medical care and thus length of record.
Phecodes represent hierarchical diagnostic groupings for EHR data derived from ICD-9 codes96,97. There are 1,645 phecodes, loosely following the ICD-9 code system, but revised based on statistical co-occurrence and code frequency. For example, Phecode 315 Developmental Delays and Disorders contains the subcategory Phecode 315.2 Speech and Language Disorder, which encompasses the following ICD-9 categories: Developmental dyslexia (315.02), Other specific developmental reading disorder (315.09), Developmental speech or language disorder (315.3), Expressive language disorder (315.31), Mixed receptive-expressive language disorder (315.32), Speech and language developmental delay due to hearing loss (315.34), Childhood onset fluency disorder (315.35), and Other developmental speech disorder (315.39).
Enrichment analysis was used to compare the frequency of phecodes within the developmental stuttering cohort to selected controls. The approach uses a mathematical model (e.g., a distribution) to directly compute an empirical p value by calculating the frequency of each phecode in the stuttering case set compared to a null distribution created through multiple permutations of the randomized control set98. Specifically, for each permutation, one control was selected at random from each case’s matched set (i.e., 1 of the 5 controls for each stuttering case was randomly selected). By selecting exactly one control from each case’s matched set, we ensured that the overall control demographic structure (e.g., age, sex, race, etc.) remained similar to the demographics of the stuttering case set and helps account for possible confounds. We then calculated the frequency of each phecode for this randomly selected set of controls. This process was repeated for 10,000 permutations, resulting in 10,000 randomized sets of controls as well as the observed phecode frequency for each of these sets, creating a null distribution. A p-value for each phecode was then calculated by comparing the observed phecode counts in the stuttering case set to the null distribution of phecode counts created through the 10,000 permutations. Phecodes were considered significantly enriched in the stuttering case set if the observed counts exceeded the maximum observed counts in the control set distribution. For example, the maximum frequency of the Phecode 315 (Developmental delays and disorders) across all 10,000 randomized control sets was 128, whereas in our stuttering case set there were 351 patients who had this phecode; it is therefore significantly enriched in the stuttering case set. For further comparison, for Phecode 315, the 50th percentile of the observed counts across all 10,000 randomized control sets was 104 codes and the 99th percentile was 123 codes. For all significant phecodes, the stuttering case set had more observed codes than the maximum codes found across all 10,000 randomized control sets, corresponding to a conservative p-value threshold (p ~ 0). Phecodes which were observed in less than 3.5 % of developmental stuttering cases were excluded regardless of significance because these were deemed to be too infrequently occurring for comparison. For a sensitivity analysis, we repeated this methodology while restricting the developmental stuttering dataset to include only cases with Stuttering Severity Instrument (SSI) scores above “sub-clinical”, indicating that stuttering diagnosis was clinically measured and confirmed by speech-language pathologists. Overall, these steps accomplish the second aim of the project: to utilize a novel approach to detect enrichments of co-occurring phenotypes to examine developmental stuttering comorbidities across the breadth and depth of the VUMC SD.
[bookmark: _Toc111717082]Phenome risk classifier using machine learning

All significantly enriched phecodes (i.e., comorbidities) were used to model a decision tree classifier algorithm to create a phenome risk classifier (PheML) to predict potential developmental stuttering cases. Broadly speaking, by mapping clinical phenotypes extracted from the EHR, the PheML expresses the degree to which clusters of symptoms, represented by phecodes, predict a condition of interest, in this case developmental stuttering (for a similar approach that used symptom clusters and phecodes for identifying cases, see Bastarche et al. 201899). For example, a person with a higher frequency of codes that match the codes enriched in our developmental stuttering cohort (e.g., Developmental delays and disorders, Sleep disorders, Allergic reaction to food, etc.), would be identified as having underlying similarities to a person who stutters. Importantly, the predictiveness of any single phecode depends on the “impurity” of the phecode as a proxy variable. Impurity is determined by how effectively a certain phecode can split the dataset into stuttering and non-stuttering cases. For example, if everyone with a given phecode stutters and everyone lacking that phecode doesn’t stutter, then that phecode has an impurity of 0. Conversely, if a phecode doesn’t predict stuttering status any better than a coin flip, then that phecode has an impurity of 0.5. Consequently, a patient could be a predicted stuttering case with 2 or 3 phecodes with very low impurities, or with 6 or 7 phecodes with higher levels of impurity. The binary outcome of the PheML classifies individual patients within the EHR as either similar to our stuttering cohort or similar to the control cohort based on their phecodes. Those deemed similar to the stuttering cohort were considered PheML-predicted cases based on comorbidities.

[bookmark: _Toc111717083]Build and test classification algorithm

To create the PheML algorithm, the remaining half of the manually reviewed developmental stuttering cases not used in the comorbidity analysis were used to train and test the model. For the model training (or model creation), 80 % of stuttering cases with their accompanying phecodes were used in a gini-index based classification and regression tree classification model, using the presence or absence of each phecode as predictors, and a binary determination of developmental stuttering cases or controls as the outcome100. To avoid overfitting the model, we minimized tuning our hyperparameters and avoided re-testing and training the PheML model. No restrictions were placed on the tree depth or leaf node counts. Minimum samples per leaf was set to five. Twenty percent of the remaining manually reviewed developmental stuttering cases were used to test (or validate) the model, comparing developmental stuttering cases identified by manual review against PheML-predicted cases. This step accomplishes the third aim of the project: to create a PheML to predict potential developmental stuttering cases in EHR-linked biobanks.
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[bookmark: _Toc111465743]Figure 1 – 2.1 Flow chart depicting methodological steps with results  
*Step 7 application and results detailed in chapter 3.


[bookmark: _Toc111717084]Results

[bookmark: _Toc111717085]Exploratory keyword search
The exploratory keyword search returned 14,080 individuals with at least one keyword mention (“stutter”, “studder”, “stuttering”, “studdering”, “stammer”, “stammering”, “disfluency”, and “dysfluency”) in their records (Fig. 2.1, Step 1). These keywords cast a wide net but contained false positives from non-speech related uses of the words and/or stuttering resulting from exclusionary criteria.
[bookmark: _Toc111717086]Initial manual review
An initial manual review identified 30 developmental stuttering cases (Fig. 2.1, Step 2). The 30 cases represented a sufficient number for the confirmatory keyword identification while also maintaining as many cases as possible for the subsequent steps (Pruett et al., 2018). 
[bookmark: _Toc111717087]Confirmatory keyword identification

Based on analyses using the 30 confirmed developmental stuttering records, the top twenty confirmatory keywords associated with stuttering were chosen. Keywords that were also enriched within non-stuttering cases (“edition”, “test”, “total”) were excluded. The resulting seventeen confirmatory keywords associated with stuttering included: “mom”, “mother”, “mom’s”, “parent”, “parents”, “school”, “preschool”, “pre-school”, “child”, “children”, “birth”, “dad”, “father”, “dad’s”, “father’s”, “SSI-3”, and “SSI” (Fig. 2.1, Step 3). The identification of these confirmatory keywords was used to facilitate the creation of the text-mining algorithm, described subsequently.
[bookmark: _Toc111717088]Text-Mining
From the 14,080 individuals with stuttering-related exploratory keywords, the text-mining algorithm further reduced the number of high-likelihood cases to 1,567 (Fig. 2.1, Step 4). As previously mentioned, these 1,567 high-likelihood cases of developmental stuttering had: 1) at least three or more occurrences of confirmatory keyword phrases (i.e., “mom”, “mother”, “mom’s”, “parent”, “parents”, “school”, “preschool”, “pre-school”, “child”, “children”, “birth”, “dad”, “father”, “dad’s”, “father’s”, “SSI-3”, and “SSI”) combined with exploratory keywords (i.e., “stutter”, “studder”, “stuttering”, “studdering”, “stammer”, “stammering”, “disfluency”, and “dysfluency”), and/or 2) a direct mention of “developmental stuttering.”
[bookmark: _Toc111717089]Final manual Review
Of the 1,567 high likelihood cases of developmental stuttering identified by the text-mining algorithm, 1,143 were determined to be true cases after manual review by members of the investigative team (Fig. 2.1, Step 5). This equates to a positive predictive value (the number of confirmed cases divided by the total number of suspected cases) of 73 %. The relatively high positive predictive value indicates the exploratory keyword search combined with the text-mining algorithm successfully identified a much higher proportion of developmental stuttering cases compared to a keyword search alone (approximately 20 % positive predictive value, see Pruett et al., 2018). The average current age of developmental stuttering cases was approximately 17 with a standard deviation of 9. Birthdates for confirmed cases ranged from 1946 to 2015. Manual review typically required 3−5 min, with approximately 10 % of cases requiring more extensive review.
As mentioned previously, positive indicators for developmental stuttering cases within the 1,567 high-likelihood records included standardized test scores from a speech-language pathologist assessing developmental stuttering, description of stuttering speech combined with supporting familial/educational context, and mentions of stuttered speech without reference to confounding conditions like stroke, traumatic brain injury, seizures, and psychological/psychiatric conditions. Approximately 43 % of manually reviewed confirmed cases had a clinically documented developmental stuttering diagnosis as determined by Stuttering Severity Instrument scores and speech-language pathologist assessment. An additional ~20 % of manually reviewed stuttering cases had a speech-language pathology referral for stuttering concerns. Common exclusions within the 1,567 high-likelihood records included records with stuttering discussed in the context of (a) stroke or traumatic brain injury, termed neurogenic stuttering, (b) side effects from pharmaceuticals, termed neuropharmacological stuttering, and (c) idiopathic stuttering in conjunction with psychosis or schizophrenia, termed psychogenic stuttering. While these conditions are similar to developmental stuttering, with an adult onset and being often transient in nature, they likely represent a distinct pathogenesis94. Ambiguous cases were rare and represented less than 1% of cases reviewed. These cases included mentions of stuttering (e.g., “Patient stuttering”) but lacked sufficient supporting context to confirm developmental stuttering. For demographics of confirmed developmental stuttering cases, see Table 2.1.
	
	Confirmed Developmental Stuttering Cases

	
	n (%)

	Total
	1143

	Male
	867 (75.3%)

	Female
	276 (24.7%)

	
	

	Demographics
	Mean (SD)

	Age (years)
	17.7 (9.8)

	
	

	Race/Ethnicity
	n (%)

	Caucasian
	526 (46.0%)

	African American
	321 (28.1%)

	Asian
	16 (1.4%)

	Hispanic
	68 (5.9%)

	Unknown
	202 (17.7%)


[bookmark: _Toc111465824]Table 3 - 2.1 Demographics for Confirmed Developmental Stuttering Patients Following Manual Review

[bookmark: _Toc111717090]Comorbidity analysis
According to our phecode enrichment analysis, compared to matched controls (n = 2765), developmental stuttering cases not used for the development of the phenome risk classifier (n = 572) were enriched for a variety of previously suggested comorbidities as well as potential novel comorbidities (Fig. 2.1, Step 6a). For demographics of cases and controls used for phecode enrichment, see Table 2.2. 
Enriched phecodes associated with previously suggested comorbidities included Developmental Delays and Disorders (Phecode 315), Speech and Language Disorder (Phecode 315.2)73,81, Pervasive Developmental Disorders (Phecode 313)101, Tics and Stuttering (Phecode 313.2)32, Hearing Loss (Phecode 389) and Conductive Hearing Loss (Phecode 389.2)102, Sleep Disorders (Phecode 327)103, and a variety of codes related to the atopic triad including Acute Upper Respiratory Infections of Multiple or Unspecific Cites (Phecode 465), Allergic Reaction to Food (Phecode 930), Rash and Other Non-specific Skin Eruption (Phecode 687.1), Atopic/contact Dermatitis Unspecified (Phecode 939), and Cough (Phecode 512.8)104,105.
Other enriched phecodes included Other Tests (Phecode 1010) and associated infections, Neurological Deficits (Phecode 292), Aphasia/Speech Disturbance (Phecode 292.1), Overweight, Obesity, and Hyperalimentation (Phecode 278), Symptoms Concerning Nutrition, Metabolism, and Development (Phecode 1002), and Lack of Normal Physiological Development (Phecode 264). All significantly enriched phecodes are presented in Table 2.3. For non-significant phecodes of interest (up to p = .12), see Table 2.4. 
For the sensitivity analysis, we performed an additional phecode enrichment analysis which included only records containing Stuttering Severity Instrument (SSI) scores higher than “sub-clinical” with accompanying assessment by a speech-language pathologist (n = 243 cases, 1,173 controls). Of the 38 phecodes identified in the phecode enrichment analysis, 27 phecodes still exhibited enrichment (p < 0.05) in the sensitivity analysis. Two phenotypes that were no longer enriched, “Lack of coordination” (Phecode 350.3) and “Conductive hearing loss” (Phecode 389.2), had parent, or overarching, phecodes (“Abnormal movement” (Phecode 350) and “Hearing loss” (Phecode 389), respectively) which remained enriched in the sensitivity analysis. The other nine phecodes included: Candidiasis (Phecode 112), Lack of normal physiological development (Phecode 264), Lack of normal physiological development; unspecified (Phecode 264.9), Epilepsy; recurrent seizures; convulsions (Phecode 345), Convulsions (Phecode 345), Otitis media (Phecode 381), Otitis media and eustachian tube disorders (Phecode 381.1), Suppurative and unspecified otitis media (Phecode 381.11), and Otalgia (Phecode 382).
	

	
	Cases
	Controls

	
	n (%)
	n (%)

	Total
	572 (17.1%)
	2765 (82.9%)

	Male
	432 (75.6%)
	2081 (75.3%)

	Female
	140 (24.5%)
	684 (24.7%)

	
	
	

	Demographics
	Mean (SD)
	Mean (SD)

	Age (years)
	17.4 (9.48)
	18.2 (10.2)

	Visits
	24.64 (34.0)
	21.41 (28.7)

	
	
	

	Race/Ethnicity
	n (%)
	n (%)

	Caucasian
	260 (45.5%)
	1286 (46.5%)

	African American
	161 (28.1%)
	773 (28.0%)

	Asian
	11 (2.0%)
	50 (1.8%)

	Hispanic
	30 (5.2%)
	133 (4.8%)

	Unknown
	100 (17.5%)
	489 (17.7%)



	Cases
	Matched Controls

	0 (0%)
	0

	11 (1.9%)
	1

	6 (1.1%)
	2

	11 (1.9%)
	3

	11 (1.9%)
	4

	533 (93.2%)
	5


[bookmark: _Toc111465825]Table 4 - 2.2 Case and Control Demographics for Phecode Enrichment Analysis
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[bookmark: _Toc111465826]Table 5 - 2.3 Significant phecode enrichments
Developmental stuttering cases n = 572 , matched controls n = 2765). p values < .0001 indicated as 0.000 in the table. p01, p05, p10, p50, p90, p95, and p99 represent the number of phecodes found in the 1st, 5th, 10th, 50th, 90th, 95th, and 99th percentile of the 10,000 control samplings. max represents the maximum number of phecodes found in the 10,000 control samplings. 
 



[bookmark: _Toc111465827]Table 6 - 2.4 Non-Significant Phecodes of Interest
Developmental stuttering cases n = 572 , matched controls n = 2765). p values < .0001 indicated as 0.000 in the table. p01, p05, p10, p50, p90, p95, and p99 represent the number of phecodes found in the 1st, 5th, 10th, 50th, 90th, 95th, and 99th percentile of the 10,000 control samplings. max represents the maximum number of phecodes found in the 10,000 control samplings.


[bookmark: _Toc111717091]Phenome risk classifier using machine learning
From the 1,143 confirmed developmental stuttering cases, 571 randomly selected cases, with up to five matched controls (n = 2754), were used to develop the gini-index decision tree classifier. Of this set of 571 stuttering cases, 430 cases and their matched controls (n = 2070) were used to build the model, and 141 cases and their matched controls (n = 684) were used to test the model. Ultimately, of the 116 patients classified by PheML as high-likelihood cases, 97 were manually-reviewed positives from the case set and 19 were determined false positives from the control set, equating to a positive predictive value of >83 % (Fig. 2.1, Step 6b). It’s important to note that the positive predictive value rate is an estimate; because we cannot be certain of the true absence of stuttering in the control group, we cannot calculate the exact sensitivity, specificity, or negative predictive value for this model. However, the high estimated positive predictive value makes it useful for case acquisition: that is, patients identified as PheML predicted stuttering cases are very likely to be correctly categorized. For the confusion matrix for developmental stuttering classification, see Table 2.5. 
	
	Manually Reviewed Developmental Stuttering Cases
	Matched Controls

	Patients classified as high likelihood  stuttering cases
	97
	19

	Patients classified as low likelihood  stuttering cases
	44
	665


[bookmark: _Toc111465828]Table 7 - 2.5 Confusion Matrix for Developmental Stuttering Classification
Note. We cannot be certain of the true absence of stuttering in the control group; it is assumed that the prevalence of stuttering in the control group is approximately the population prevalence.
[bookmark: _Toc111717092]Discussion
The present study developed a multi-step process for identifying developmental stuttering cases within an EHR-based database. The subsequent phecode enrichment analysis of the VUMC EHR revealed phecodes enriched in developmental stuttering records, representing a variety of potential comorbid conditions. Using these phecode enrichments, a phenome risk classifier (PheML) was developed to increase the number of likely developmental stuttering cases identified within EHRs using a prediction model to increase the number of cases and enable further genetic study using the EHR.

[bookmark: _Toc111717093]Identifying developmental stuttering in the synthetic derivative of the VUMC EHR
Because communication disorders such as stuttering are often ancillary to the purpose of a doctor visit at major medical centers, they are not well captured through billing codes. Thus, our keyword search and subsequent filtering steps using text-mining and manual review were needed for accurate phenotyping of cases. The first step to identifying conditions associated with developmental stuttering within the Vanderbilt University Medical Center (VUMC) EHR involved “defining” the developmental stuttering phenotype status by systematically labeling individuals with explicit indicators of disfluency as developmental stuttering cases and those without as population controls. Due to the dearth of developmental stuttering notation within the EHR (Pruett et al., 2018), this process involved (a) a keyword search of clinical notes followed by, (b) an initial manual review to identify cases to create (c) a text-mining algorithm to highlight high-likelihood cases (and further reduce the need for extensive manual review) and (d) a final manual review of all high-likelihood stuttering cases. This multi-step approach was used to broadly search for developmental stuttering cases while limiting manual review in an otherwise prohibitively large clinical note set. Through this approach, an initial database of approximately 2.8 million patients was narrowed to 14,080 patients with exploratory keyword hits, then reduced to 1,567 high-likelihood cases as determined by text-mining, and, finally, after manual review, 1,143 developmental stuttering cases were identified. While there is high confidence in manually reviewed cases, we note that descriptions of speech and language may not be considered relevant to record in EHRs, and/or communication disorders may simply go unnoticed by medical professionals during an encounter, so there may be “hidden” developmental stuttering cases in our control population, slightly impacting power.
Despite these challenges, there was sufficient notation to positively identify 1,143 cases of stuttering by expert manual review. As we’ve shown, it is not the case that information on stuttering is absent or irrelevant in these large databases, but that identifying cases requires a careful review process. The approach developed here could be applied in other EHR databases with access to medical notes and may be adapted to identify other communication disorders that also fall outside the scope of typical medical encounters. The importance of comprehensively documenting conditions, even if they’re not related to the purpose of the visit, extends beyond stuttering. As Valderas et al.72 states, doing so would “enhance both the precision and generalizability of [comorbidity] findings, leading to improved understanding of the causes of co-occurring diseases and their consequences for health service providers and planners.”
[bookmark: _Toc111717094]Comorbidity analysis via phecode enrichment
Following identification and systematic review, confirmed developmental stuttering cases were compared to matched population controls in a phecode enrichment analysis to reveal conditions comorbid with stuttering within this sample. On balance, the methods employed in this study recapitulated some previously suggested stuttering comorbidities identified via other methods and produced intriguing possibilities for future comorbidity study.
Importantly, interpreting developmental stuttering comorbidities from the phecode enrichments requires understanding how the ICD-9 codes (from which the phecodes are derived) are used clinically. While some phenotypes that co-occur with developmental stuttering in the EHR may share biological underpinnings, others may be enriched due to the manner in which information is coded and utilized in the medical setting, such as an inappropriately broad billing code. The methods utilized within the EHR are distinct from previous stuttering comorbidity studies, which rely on clinician recall or are hypothesis driven. For example, our analysis of enriched phecodes examines the entire record of the subject and was not restricted to conditions observed concurrently with a mention of stuttering in medical notes. That being said, our EHR-based approach may be differentially powered to detect some enrichments, such as those that, like stuttering, are under-documented in medical records. Therefore, the absence of a significant positive finding should not be taken as a negative finding but rather as a null finding. Additionally, the demographic characteristics of a study sample from a hospital-based population may enable the identification of phenotypic associations that would not be detectable in a study of a well population.
The two most highly enriched phecodes, Developmental Delays and Disorders (Phecode 315) and Speech and Language Disorder (Phecode 315.2), encompass developmental stuttering, the phenotype of interest, and articulation disorders73,81. These enrichments provide evidence that developmental stuttering cases identified within the VUMC EHR contained expected speech conditions.
Pervasive Developmental Disorders (Phecode 313) and Tics and Stuttering (Phecode 313.2) were the next most enriched phecodes. These phecodes include the ICD-9 code for Adult Onset Fluency Disorder (307.0). This billing code was designated for acquired stuttering (i.e., neurogenic or psychogenic stuttering); however, according to experienced speech-language pathologists, the code was also commonly used for adult patients with developmental stuttering persisting into adulthood. Interestingly, while Pervasive Developmental Disorders was enriched, the autism-specific phecode Autism (313.3) was not significantly enriched (Table 4). There is increasing clinical interest in the interplay between autism and stuttering, especially autism-specific speech disfluencies106,107. Further study will be necessary to illuminate possible links between autism and developmental stuttering.
The enrichment of Hearing Loss (Phecode 389) and Conductive Hearing Loss (Phecode 389.2) was particularly intriguing considering the history of stuttering, audition, and hearing loss. For decades, the prevailing consensus was that stuttering prevalence was lower among children with hearing loss, suggesting hearing loss may be a protective factor against stuttering108-110. However, more recent studies have challenged that assumption, finding preschool-aged children with mild to severe hearing loss have an increased stuttering prevalence102. In addition to hearing loss, studies of delayed auditory feedback, frequency shifted feedback, choral speech, and noise masking have shown that each of these aural phenomena can temporarily increase fluency in some people who stutter7. While the underlying mechanisms leading to increased fluency are not fully understood, some have hypothesized that people who stutter have disrupted sensory feedback during speech production, and that decreased hearing may counteract this disrupted auditory feedback111-113. The varying directionality of findings related to hearing loss combined with known aural phenomena that increase fluency suggests the interaction of stuttering and hearing loss warrants further investigation.
While not commonly studied in combination with stuttering, emerging evidence suggests possible sleep differences in people who stutter. For example, a study examining structural changes in the brain resulting from obstructive sleep apnea found that, compared to the control group, the experimental group had significantly more individuals who stutter103. Additionally, a recent study found a difference in the likelihood of sleep problems and daily consequences of sleep deprivation among children who stutter114. Yet another study found that children who stutter, as a group, appear to exhibit more irregular biological patterns of sleep, hunger, and elimination patterns115. One hypothesis posits that sleep deprivation in childhood may interfere with memory consolidation required for early language and speech-motor mastery105.
Although the phecode for Asthma (495) fell short of our threshold for significance (Table 4), collectively, the significantly enriched phecodes for Acute Upper Respiratory Infections (Phecode 465), Allergic Reaction to Food (Phecode 930), Rash (Phecode 687.1), Atopic/Contact Dermatitis (Phecode 939), and Cough (Phecode 512.8) comprise elements of the asthma-allergy-eczema atopic triad. These conditions are called a triad because they frequently occur together: more than 60 % of children with eczema also have asthma and/or allergies to environmental aeroallergens or certain foods116. Retrospective analyses of the National Survey of Children’s Health and the National Health Interview Survey conducted in 2016 found that a history of asthma, hay fever, food allergy, and eczema were associated with increased risk of speech disorder, and, anecdotally, some speech-language pathologists report asthma and allergies are more frequently observed among children who stutter on their caseload105. While the pathophysiology connecting developmental stuttering and atopy is unclear, one explanation points, again, to the effects of chronic disease and resultant chronic sleep deprivation during childhood104. This explanation is especially compelling since sleep disorders were also a significant comorbidity in this study.
Other significant enrichments were previously unobserved in the literature. Other Tests (Phecode 1010), an extensive category that includes billing and procedural codes for a variety of diagnostic tests encompassing viral and bacterial infection, vaccine prophylaxis, and allergy testing, was significantly enriched. Due to the breadth of codes included in this category, it is difficult to pinpoint any single condition or infectious agent associated with stuttering. However, broadly speaking, an increase in diagnostic testing suggests developmental stuttering is associated with a greater overall burden of childhood medical conditions. This association is further supported by significant phecodes for conditions including Fever of Unknown Origin (Phecode 783), Viral Infection (Phecode 79), Chronic Pharyngitis and Nasopharyngitis (Phecode 472), Otitis Media, Dermatophytosis (Phecode 110), Candidiasis (Phecode 112), Infection of the Eye (Phecode 369), Otalgia (Phecode 382), and Open Wounds of the Head, Neck, and Trunk (Phecode 870).
Additionally, phecodes associated with a range of neurological conditions affecting speech, language, and gross motor movements were enriched in the developmental stuttering group, including Neurological Deficits (Phecode 292), Aphasia/Speech Disturbance (Phecode 292.1), Abnormal Movement (Phecode 350), Abnormality of Gait (Phecode 350.2), Lack of Coordination (Phecode 350.3), and Epilepsy and Convulsions (Phecode 345). Notably, Neurological Deficits and Aphasia/Speech Disturbance include ICD-9 codes for Aphasia (784.3) and Dysarthria (784.52), conditions that can present with speech disruptions similar to developmental stuttering. While clinicians may use related terminology to describe these conditions, our manual review process required documentation of developmental stuttering and excluded cases of acquired stuttering, so overlapping terminology alone would not account for the enrichment. Additionally, while the codes for Aphasia/Speech Disturbance and Abnormality of Gait are seen more frequently in the geriatric population and Epilepsy is seen more frequently in pediatrics, our age- and length-of-record matching procedure ensured that these codes are indeed enriched in comparison to the non-stuttering control sample and not as a result of age bias. Overall, these enriched neurological conditions pose the question of whether underlying vulnerabilities in the speech-motor and language systems, and the motor system at large, may be associated with developmental stuttering.
Furthermore, at first glance, the enriched codes for Overweight, Obesity, and Hyperalimentation (Phecode 278), Symptoms Concerning Nutrition, Metabolism, and Development (Phecode 1002), and Lack of Normal Physiological Development (Phecode 264) appear contradictory in that phecodes for both excessive weight gain and weight loss are present. One interpretation is that atypical weight regulation may be associated with stuttering. Alternatively, weight loss and weight gain may represent two distinct comorbidities. For example, Symptoms Concerning Nutrition, Metabolism, and Development and Lack of Normal Physiological Development include ICD-9 codes for Feeding Difficulties and Mismanagement (783.3) and Lack of Normal Physiological Development (783.40), conditions related to failure to thrive. While failure to thrive has many causes, children in families with inadequate support or resources are especially susceptible, and nutritional deficits during key developmental stages may have far-reaching impacts on physical, intellectual, and social growth, including speech and language development. In contrast, a cogent explanation regarding the association with weight gain is less clear and may require additional investigation of mediator conditions.
Importantly, the purpose of this phenome-wide, hypothesis-free testing is to be hypothesis generating; we cannot make assumptions about causality from our data. In this analysis we detect traits associated with stuttering, but these associations could be observed for a number of reasons: 1) associated traits may exert an effect on stuttering, increasing risk of stuttering either directly or through a mediator, 2) associated traits may similarly be affected by stuttering, 3) associations may be spurious 4) associations may be due to a common cause, 5) associations may be synthetic (that is, due to correlation with a confounder that is associated with stuttering). Despite multiple possible explanations for association, this study, and others like it, are important first steps towards generating new hypotheses about how complex traits manifest clinically and lay the groundwork for future studies designed to validate novel associations and determine causality.
[bookmark: _Toc111717095]Clinical features associated with developmental stuttering not identified via comorbidity analysis
Numerous studies13,29,75,76,102,117,118 have examined differences in language development, temperament, and emotion between children who stutter and children who do not stutter. Despite a body of evidence showing differences within those domains, the current study did not find significantly enriched phecodes specifically related to developmental language disorders, temperament, or emotion. One possible explanation is that while these domains may, on average, differ between children who stutter and children who do not, the differences fall short of clinical diagnosis, or, like stuttering, are underreported in the EHR. Consequently, fully examining these domains within EHRs will require a different approach than the one employed in this study.
Additionally, our study used Bonferroni correction, a conservative multiple comparisons correction method, a critical step considering the number of non-independent comparisons made here. Based on our sample and methods, it is possible that our results contain false negatives. For example, anxiety (p = .01) and ADHD (p = .12), two conditions with previous evidence as stuttering comorbidities74,82, did not reach significance after correction yet the phecodes were enriched at the 99th and 90th percentiles of that seen in the control sample, respectively, relative to the control resampling distributions (see Table 4). Again, due to potential differences in our EHR-based sample, the absence of a positive finding in this case is not a negative finding, but rather a null finding. Recognizing this, we included a list of non-significant findings of interest that, using less conservative multiple comparison correction methods, different sampling methods, or different diagnostic criteria, may be significant. Consequently, these findings warrant future consideration.
[bookmark: _Toc111717096]Sensitivity analysis
The purpose of this sensitivity analysis was to test if the phecode enrichments were still observed in the subset of cases that received clinical speech-language pathology assessments and are therefore more similar to clinical research cohorts. We performed the phecode enrichment analysis on a restricted stuttering cohort, including only subjects with Stuttering Severity Instrument (SSI) results that were above “sub-clinical” with documentation of a positive diagnosis from a speech-language pathologist. This case set included 243 stuttering cases (roughly 42.5 % of the larger case set used in our primary analyses) and SSI results ranged from “mild” to “very severe”. Of the 38 phecodes identified in the primary phecode enrichment analysis, 27 phecodes still exhibited enrichment (p < .05) in the sensitivity analysis. Additionally, two phenotypes that were no longer enriched likely due to a reduction in power, “Lack of coordination” (Phecode 350.3) and “Conductive hearing loss” (Phecode 389.2), had parent, or overarching, phecodes (“Abnormal movement” (Phecode 350) and “Hearing loss” (Phecode 389), respectively) which remained enriched in the sensitivity analysis. It’s difficult to assess whether the remaining nine phecodes did not retain significance due to increased specificity of the developmental stuttering cohort used for the sensitivity analysis, or due to the decrease in statistical power that comes with removing ~57.5 % of our case set. A PheML built using the 27 phecodes that exhibited enrichment in our sensitivity analysis had a positive predictive value of 81.2 %, compared to 83.3 % in our primary analysis. The higher positive predictive value and largely similar enrichments support the relevance of our case definition strategy for identifying associated clinical measures and developing the phenome risk classifier.

[bookmark: _Toc111717097]Creation of the phenome risk classifier
In addition to highlighting phecode enrichments relative to a control sample, phecodes were used as variables to create a Phenome Risk Classifier (PheML) prediction model to identify high-likelihood stuttering cases without the use of keywords and text-mining. The model identified 97 stuttering cases from the case set and 19 false positives from the control set for a positive predictive value of at least 83 % (Fig. 2.1, Step 6b). These results demonstrate that PheML successfully classified these cases of developmental stuttering independent of keywords, text-mining, and manual review. This is notable for future projects as it 1) greatly increases the number of cases phenotypically similar to stuttering available for genetic analysis within the Vanderbilt EHR and 2) provides an approach that may be adapted for use in other EHRs with limited free-text search abilities. For example, several large, EHR-linked biobanks provide limited access to individual medical notes. Using a PheML-based approach, the lack of direct access to medical notes would not be a barrier. Even in instances where databases do allow free-text search of medical notes, the manual review process can be prohibitively time-intensive, and a PheML-based approach could greatly assist in the identification of cases.
[bookmark: _Toc111717098]Future direction: application of phenome risk classifier
As mentioned, the PheML was developed to increase the number of cases phenotypically similar to developmental stuttering identified within the EHR for further study. When this tool is applied to an EHR-linked biobank, such as BioVU at VUMC, the PheML enables a well-powered genome-wide association study (GWAS), an approach that will help to elucidate the biological mechanism of developmental stuttering, a disorder with unknown etiology. Additionally, an approach utilizing a PheML, rather than one using text-based search, allows for the identification of cases in both publicly available and restricted-access genetic databases, such as UK Biobank or the eMERGE network, where text search is not permitted. These databases will be essential to validate any preliminary GWAS findings from VUMC’s BioVU and will be especially important considering the advantages of multi-site EHRs119.

[bookmark: _Toc111717099]EHR limitations for developmental stuttering
This study has revealed previously unknown barriers to utilizing EHRs as a data source for developmental stuttering, and likely, communication disorders at large. Some of these barriers, such as keywords used to describe non-stuttering conditions, can be overcome through thoughtful research design; others, such as total lack of notation of stuttering within the EHR, are more systemic in nature. Fully overcoming these obstacles for future research will require coordination from the medical community and EHR developers to increase categorical and free-text descriptions of speech-language disorders. Refining EHRs is a continual process, and, hopefully, future iterations will move toward enhancing their research potential for communication disorders such as stuttering. Again, this highlights the importance of interdisciplinary collaboration and correspondence between academics, speech-language pathology clinicians, and the medical community.

[bookmark: _Toc111717100]Conclusion
Overall, our VUMC EHR review identified cases of developmental stuttering and revealed diverse phecode enrichments (i.e., comorbidities), some of which may suggest potential novel comorbidities. Our study also demonstrated the feasibility of a data-driven approach using a large, pre-existing dataset. Importantly, this approach depended on both clinical stuttering expertise combined with phenotyping via text-mining and machine learning.
Following the lead of other biomedical science fields, the next decade could transform how we look for patterns in data in the communication sciences. Rather than hand-selecting a set of variables, we can model using a patient’s entire chart; this study marks the first exploration of this process for stuttering. Better characterization of the enriched phecodes also has the potential to enhance patient care. Ultimately, understanding conditions associated with stuttering may help us further understand the etiology and development of stuttering through shared pathophysiology, as well as provide data needed for future characterizations such as estimating the heritability and genetic and epigenetic architecture that contribute to risk, hopefully yielding advances in our knowledge of this complex disorder.
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[bookmark: _Toc111717102]PHENOME RISK CLASSIFICATION ENABLES PHENOTYPIC IMPUTATION AND GENE DISCOVERY IN DEVELOPMENTAL STUTTERING CASES[footnoteRef:2] [2:  This work is published in the American Journal of Human Genetics: Shaw DM, Polikowsky HG, Pruett DG, Chen H, Petty LE, Jones RM, Viljoen KZ, Beilby JM, Kraft SJ, Below JE. Phenome risk classification enables phenotypic imputation and gene discovery in developmental stuttering cases. Am J Hum Genet. https://www.ncbi.nlm.nih.gov/pmc/articles/PMC8715184/. 
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[bookmark: _Toc111717105]Summary
Developmental stuttering is a speech disorder characterized by disruption in the forward movement of speech. This disruption includes part-word and single-syllable repetitions, prolongations, and involuntary tension that blocks syllables and words, and the disorder has a life-time prevalence of 6–12%. Within Vanderbilt’s electronic health record (EHR)-linked biorepository (BioVU), only 142 individuals out of 92,762 participants (0.15%) are identified with diagnostic ICD9/10 codes, suggesting a large portion of people who stutter do not have a record of diagnosis within the EHR. To identify individuals affected by stuttering within our EHR, we built a PheCode-driven Gini impurity-based classification and regression tree model, PheML, by using comorbidities enriched in individuals affected by stuttering as predicting features and imputing stuttering status as the outcome variable. Applying PheML in BioVU identified 9,239 genotyped affected individuals (a clinical prevalence of ∼10%) for downstream genetic analysis. Ancestry-stratified GWAS of PheML-imputed affected individuals and matched control individuals identified rs12613255, a variant near CYRIA on chromosome 2 (B = 0.323; p value = 1.31 × 10−8) in European-ancestry analysis and rs7837758 (B = 0.518; p value = 5.07 × 10−8), an intronic variant found within the ZMAT4 gene on chromosome 8, in African-ancestry analysis. Polygenic-risk prediction and concordance analysis in an independent clinically ascertained sample of developmental stuttering cases validate our GWAS findings in PheML-imputed affected and control individuals and demonstrate the clinical relevance of our population-based analysis for stuttering risk.

[bookmark: _Toc111717106]Introduction

Developmental stuttering is a speech disorder characterized by disruption in the forward movement of speech. This disruption includes part-word and single-syllable word repetitions, sound prolongations, and involuntary breaks in syllables and words6. Previous population-based studies estimate that 6–12% of children aged 2-4 will develop a stutter and that 15–25% of these speech impediments will persist to adulthood, resulting in approximately 1% prevalence in the adult population3. Risk factors for developmental stuttering include sex—males demonstrate increased risk—and a family history of stuttering120. Elevated risk in males increases with age; the male-to-female ratio is approximately 2:1 (or lower) in children under 4121,122 but rises to 5:1 in adolescents and adults121, suggesting a higher rate of recovery in females, by age123. 
The impact of stuttering across the lifespan is significant and well documented. Children who stutter, especially those in whom stuttering persists, experience decreased overall school performance, including social withdrawal and reduced classroom participation20. In addition to the impact on their academic experiences, adolescents who stutter often experience a higher incidence of bullying20. Adults who continue to stutter can also experience impaired career trajectories because stuttering can increase the risk of unemployment and reduce perceived job performance, both of which contribute to reducing socioeconomic status among people who stutter21. Despite a clear social and vocational impact, no direct causes of developmental stuttering in populations have been previously identified. Given the observed enrichment in families, genetic studies offer a particularly promising approach to understanding underlying genetic causes and provide insight into potential biological mechanisms contributing to this phenotype10.
Heritability estimates of developmental stuttering have varied greatly across studies; they have ranged from 0.42 to 0.84 in the two largest twin studies, each comprising a sample size exceeding 20,000 individuals33,34. Though heritability estimates vary, there is clear evidence that a genetic component for developmental stuttering exists, and consequently several linkage-based genetic analyses have sought to identify loci within potentially causative genes. These familial genetic studies identified significant hits within GNPTAB, GNPTG, NAGPA, and AP4E1, although there is little concordance in identified loci across studies, indicating that results might be specific to the tested family10,49,54. Follow-up studies have demonstrated that disruptions in GNPTAB resulted in deficits in astrocyte pathology in the corpus callosum and disruptions in mouse vocalization124. The roles of these astrocytes in the onset of stuttering are not well characterized; however, recent studies have contributed to a growing body of evidence that dopamine receptor D2 blockers can impact stuttering behavior, perhaps because of increased astrocyte metabolism in the striatum125. These studies suggest that dopamine projection from the basal ganglia might contribute to disturbances in speech and vocalization, and the findings potentially support pharmacological means for treatment126,127. Recent evidence also implicates autoimmune reactions from group A beta-hemolytic streptococcus (GAS) infections that target specific cell types within the basal ganglia as a potential cause of stuttering128. Rheumatic fevers and other sequelae resulting from GAS have been more generally linked with pediatric autoimmune neuropsychiatric disorders and historically have correlated strongly with stuttering in children128.
Still, to date, most genetic research has provided limited biological insight into potential mechanisms of action that contribute to the stuttering phenotype, and the lack of replicability across the linkage studies suggests that these genetic risk loci do not explain the genetic basis of stuttering at a population level10.
Genome-wide association studies (GWAS), an alternative method to linkage analysis for disease gene discovery, typically utilize genome-wide genetic data in large samples drawn from populations to identify common genetic variants that are associated with increased risk of a disease or trait. Prior to this study, no population-based genome-wide association study (GWAS) has successfully identified variants significantly associated with developmental stuttering. Stuttering has a high recovery rate and is frequently diagnosed outside of a hospital or clinical setting; therefore, one reason for the lack of genetic discoveries that explain the general prevalence of stuttering is the challenge of acquiring large numbers of developmental stuttering cases for GWAS approaches to be well powered. To address the issue of case acquisition, today, researchers are frequently turning to large-scale biobanks linked to electronic health records (EHRs) to efficiently and cost effectively develop studies well powered for genetic discovery129. Cases for a particular phenotype are often identified in EHRs through the use of phenotyping algorithms based on ICD-9/10 billing codes, CPT procedural codes, and/or notes from clinical records130. However, the billing codes traditionally used to assess patient status in the electronic health record are heavily underreported for developmental stuttering (chapter 2)131.
In Vanderbilt University’s large EHR-linked DNA database (BioVU), only 142 of the 92,762 (0.15%) patient samples genotyped on the Illumina Multi-Ethnic Genotyping Array (MEGAEX) had recorded billing codes denoting developmental stuttering (see Document S1, Table S1), a proportion well below even the most stringent expected prevalence. The nature of this condition might shed some light on its underrepresentation in Vanderbilt’s EHR. In cases where patients do not have an overt stutter or in the event that the patient exhibits early recovery, doctors might simply overlook the condition and not record a diagnosis in the EHR. Even if a patient were to seek evaluation and treatment for developmental stuttering, speech evaluations are typically performed by speech-language pathologists, usually outside of a hospital context (e.g., schools or private clinics)131. There are also currently no FDA-approved medications or medical procedures to treat developmental stuttering, making it significantly less likely to be noted in a medical setting. Finally, although treatment exists for stuttering in the form of therapy and even though this is a chronic condition for many adults, this condition is not considered a parity diagnosis, and as such most government and private insurance plans do not cover treatment costs for stuttering. An inability to bill for these diagnoses makes it less likely for providers to include the ICD code for this diagnosis during a patient visit.
In our previous research, we identified individuals affected by stuttering by applying a phenotype-driven machine-learning algorithm (PheML) that uses commonly reported phenotypes significantly associated with clinically diagnosed developmental stuttering as predictor variables to impute a developmental stuttering phenotype in BioVU (individuals with this phenotype are predicted by PheML to be affected by stuttering, chapter 2). Our model takes a series of binary proxy parameters to impute developmental stuttering in a patient population by using a Gini impurity-based classification and regression tree classifier100. The PheML algorithm was built and tested with an initial pool of manually reviewed records from individuals affected by stuttering in Vanderbilt University’s EHR (no subjects within BioVU were used) across all ancestries (Figure 3.1). Model validation testing in an independent dataset containing manually reviewed records resulted in a positive prediction rate of 83.3%  (Table 3.1). Applying this model in BioVU resulted in a higher proportion of individuals with imputed developmental stuttering (∼10%) than were observed by diagnostic code (0.15%) or manual chart review (chapter 2).
	PheML classification model performance

	
	predicted status
	

	
	case
	control
	total

	case by manual review
	97
	44
	141

	no indications of stuttering
	19
	665
	684

	total
	116
	709
	


[bookmark: _Toc111465829]Table 8 – 3.1 PheML classification model confusion matrix
Testing set included 825 subjects (141 confirmed developmental stuttering cases and 684 subjects with no indication of stuttering in their health records). Positive prediction rate for model is ~83%.

To execute a well-powered GWAS aimed at identifying associated genetic loci for stuttering, we applied PheML in BioVU to impute a stuttering phenotype in patients with genetic data linked to their EHR. We then leveraged the imputed stuttering phenotype as the dependent variable in a GWAS to identify associated variants and generate a polygenic-risk-prediction model. We validated these results by comparing the concordance of our GWAS summary statistics to the GWAS results obtained from an independent clinically ascertained stuttering sample set acquired through the International Stuttering Project (ISP) and the polygenic-risk-prediction scores in the clinically ascertained cases versus matched population-based controls (see chapter 4). This approach allowed us to impute a stuttering phenotype in a large patient set on the basis of the presence of a phenotypic profile that approximates a developmental stuttering phenotype and to amass statistical power from a large sample size to help accommodate the lack of clinical specificity. In doing so, we were able to perform a GWAS that identified genome-wide-significant variants associated with the clinical profile of developmental stuttering.
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[bookmark: _Toc111465744]Figure 2 - 3.1 Outline of PheML development and application
Within a set of 3.1 million deidentified electronic health records (A), we first identified a small pool of subjects (B) with developmental stuttering through expert manual review. We selected these patients and their demographically matched controls to identify comorbidities as predictive features and develop and test a machine-learning model (C) that would impute stuttering in BioVU (D) an independent EHR dataset linked to genetic data. We then performed a GWAS by using the imputed phenotype as the dependent variable in the labeled genetic dataset (E) to identify genetic variants associated with imputed stuttering (F). 


[bookmark: _Toc111717107]Subjects and Methods
[bookmark: _Toc111717108]Model development and application to BioVU


We developed a model that classified patients as having a high probability of having developmental stuttering if they had one of the phenotypes (denoted as phecodes) associated with developmental stuttering; details are described in chapter 2. Phecodes were mapped from ICD-9 codes clustered on the basis of a grouping system developed through the Phecode Map project. Features were selected on the basis of phecode enrichment in individuals with developmental stuttering as compared to matched controls. Patients with one or more instance of a phecode in their EHR were noted as positive for that feature, and they were noted as negative if they had no mentions of the phecode; only phecodes observed more often in the set of affected individuals than in 10,000 simulations of matched controls were carried forward into model building (corresponding to a p value of 0). A Gini impurity-based classification-and-regression-tree machine-learning model was developed from these features via scikit-learn tree regression software100, and the model was tested in an independent set of 141 individuals with developmental stuttering and 684 matched controls in Vanderbilt University’s EHR; phenotypic status of these individuals was confirmed by expert manual review. We then applied this model to a set of 92,762 individuals genotyped on the MEGAEX array with available ICD-9 records and resulting phecodes to impute developmental stuttering status for a downstream GWAS.

[bookmark: _Toc111717109]Genotyping, imputation, and quality control
All BioVU participants as well as the participants in the independent clinically ascertained developmental stuttering dataset were genotyped on Illumina’s Infinium Expanded Multi-Ethnic Genotyping Array (MEGAEX). Duplicate variants and indels were removed; for duplicate samples, the duplicate with a lower call rate was removed.
[bookmark: _Toc111717110]BioVU 
Quality control was performed primarily with PLINK v. 1.90132. Initial filtering thresholds for the entire BioVU sample included excluding variants with a call rate less than 98% and samples with a call rate less than 97%. Eigenvectors and eigenvalues were calculated through principal-component analysis (PCA) run in PLINKv1.90, and data were separated according to genetic principal components (eigenvectors) into five broad ancestry groups—European (EUR), African (AFR), South East Asian (SAS), East Asian (EAS), and Hispanic (AMR) —with the 1000 Genomes reference for ancestry classification verification (Document S1, Figure S1)133. Each ancestry subset was subsequently analyzed separately; a minor-allele filter of 1%, a variant-missingness filter of 5%, and a sample-missingness filter of 10% were applied, and checks for heterozygosity, sex, and variants that did not align with Hardy-Weinberg expectations (variants with a Hardy-Weinberg [hwe] statistic <1 × 10−10 were removed) were performed. Data were prepared for imputation according to specifications outlined on the Michigan server webpage; these included using a pre-imputation data-preparation toolkit134. Imputation was performed for each ancestry cohort on the Michigan Imputation server through the use of EAGLE2 phasing, Minimac4 imputation, and the Haplo-type Reference Consortium (HRC) reference134-136. Final post-imputation quality-control filtering included selecting variants with a minor-allele frequency above 1% within each ancestry group, as well as removing all variants with an R2 imputation info score of less than 0.4.

International Stuttering Project (ISP) dataset
As an independent reference dataset, we obtained 1,345 clinically ascertained developmental stuttering patients (965 male and 380 female) collected from Curtin University Stuttering Center in Perth, Australia, the SpeechMatters Clinic in Dublin, Ireland, the Stuttering Research Laboratory at the University of Pittsburgh, Dr. Shelly Jo Kraft’s research group at Wayne State University, and the Attadale Stuttering Treatment Facility in Australia and through a social-media outreach campaign led by Drs. Below and Kraft on reddit.com. We paired these with 7,019 demographically matched controls from BioVU (4,951 males and 2,068 females; selected as described below and with no overlap with the dataset used in our primary GWAS) (Document S1, Table S2). A speech pathologist evaluated each participant to confirm their phenotypic status. We applied the methods described by Pluzhnikov et al. to identify possible plate or batch effects prior to merging unique batches of genotypes from affected individuals137. No plate or batch effects were observed. Initial filtering for stuttering excluded variants and samples with a call rate less than 90%. Next, data for affected individuals were separately assessed for quality control according to broad ancestral groups (European, Admixed American/Hispanic, African American, and Asian) as defined by PCA in which the HAPMAP3 reference was used for ancestry classification138. Each ancestry cohort was subsequently analyzed; analysis incorporated a minor-allele filter of 1%, a variant-missingness filter of 3%, and a sample-missingness filter of 5%, as well as checks for heterozygosity, sex, and variants that did not align with Hardy-Weinberg expectations (variants with a hwe statistic <1 × 10−15 were removed). Then, approximately five ancestry and sex-matched population-based controls per case were drawn from a quality-control filtered BioVU set (quality control for BioVU as described above). To select ancestry-matched controls, we calculated eigenvectors and eigenvalues through PCA generated by PLINK v.1.90. PCA was performed on the maximally unrelated set of affected individuals and potential control individuals (as identified by PRIMUS139,140) through use of a panel of SNPs in low linkage disequilibrium (LD); additional related affected individuals and potential control individuals were projected along each of the calculated eigenvectors. Data from affected individuals were merged with that from their selected matched controls (the control selection method is described below) for imputation according to standard protocols and specifications outlined for the TOPMed server; these included using the same pre-imputation data-preparation toolkit as above134. The autosomal region was imputed on the TOPMed server with EAGLE_v. 2.4 phasing, Minimac4 imputation, and the TOPMed reference135,141,142. Post-imputation quality-control filtering included selecting variants with a minor-allele frequency above 1% and removing all variants with R2 imputation info score less than 0.4.

[bookmark: _Toc111717111]Genome-wide association studies
[bookmark: _Toc111717112]BioVU 
For the GWAS, developmental stuttering patients were stratified by ancestry, with independent association analyses performed for each ancestry group: EUR, AFR, SAS, EAS, and AMR. For each identified case, up to six controls were selected from the sample of patients identified as controls by the PheML prediction model. Control individuals were matched by age (within 5 years of their matched affected individual) and sex. Additionally, control individuals were matched to the lowest genetic Euclidean pairwise case-control distance that met the previously mentioned criteria. Euclidean pairwise distance was calculated as the sum of the square of the difference in the eigenvectors scaled by their eigenvalue for each principal component calculated from our PCA143. Any pairwise case-control distance not within two standard deviations of the mean distribution of all case-control pairwise distances were removed from the analysis. A logistic-regression model was used for the variant association analyses in SUGEN143, and corrections were made for sex, age, and ancestry (genetic ancestry captured by the first three principal components). To correct for multiple testing, we considered variants with an association p value below 5.0 × 10−8 to be significant. Manhattan plots were generated with the qqman R package144. Loci and LD structure visualization and qq- plots were generated with the LocusZoom browser tool145.

[bookmark: _Toc111717113]International Stuttering Project (ISP) GWAS 
Control individuals were selected from a sample set of individuals who were not identified as being affected by stuttering according to ICD9 and ICD10 codes (Document S1, Table S1) or by the PheML prediction algorithm. These individuals were matched by sex, similarly to those described for the BioVu individuals described above. Genetic Euclicean pairwise distance was minimized, and any pairs of affected and control individuals not within two standard deviations of the mean distribution of all pairwise distances were removed. Individuals under 18 were also excluded as potential controls. Dates of birth for individuals in the ISP sample sets were not available, so subjects were not matched by age. A GWAS for the ISP stuttering sample set was performed with a frequency-based additive logistic model via SAIGE (scalable and accurate implementation of generalized mixed model), a method developed for biobank data in order to control for unbalanced case-control ratios and sample relatedness146. The regression model accounted for population substructure by including the first six principal components as covariates.


[bookmark: _Toc111717114]Calculations of genetic heritability

Genome-wide SNP-based liability-scale heritability within our European ancestry (EUR) sample set was calculated through a genomic-relatedness-based restricted maximum-likelihood (GREML) approach implemented through GCTA software147. Observed variance estimates from the observed scale were transformed to an expected underlying scale, for which an expected population prevalence was set to 0.1 on the basis of the observed frequency of predicted cases within BioVU. Heritability estimates included all variants tested in the GWAS (see Genotyping, imputation, and quality control in the methods section for exclusion criteria). We corrected for sex, age, and the first three principal components (see Genotyping, imputation, and quality control).

[bookmark: _Toc111717115]Variant-effect-size concordance analysis

For the concordance analysis, we compared summary statistics from the EUR GWAS to summary statistics produced from the ISP GWAS to determine whether the concordance rate between the two summary statistics was higher than expected. The concordance rate was calculated by the proportion of variants that had the same direction of effect over the total variants present in both GWAS analyses. 7,570,420 variants that passed previously described QC metrics were present in both GWAS analyses, aligned by strand and reference allele, and analyzed here. Additional concordance rates were calculated for variants with p values below 0.5, 0.05, and 0.005 thresholds in both GWAS. We performed a one-sample t test to determine whether each concordance rate was significantly higher than an expected concordance rate of 0.5.

[bookmark: _Toc111717116]Modeling of the polygenic risk score

We used the summary statistics resulting from our GWAS of PheML-defined EUR-imputed stuttering to develop a polygenic risk (PRS) model by using data from all 7,751,954 autosomal SNPs meeting the quality-control criteria outlined above. The PRS model was developed with PRScs python software, which creates a model that estimates genetic liability through a linear combination of the weight of SNP dosage on effect size and p values from the provided GWAS summary data148. Our global shrinkage parameter (phi) was set to 1. This model was applied to the genetic data of the independent clinically ascertained developmental stuttering cohort as well as their matched controls. This analysis was restricted to only samples that were of EUR. Individual polygenic scores were calculated through PLINK v. 1.9149. To assess the significance of the difference in genetic liability for stuttering between the individuals with clinically ascertained stuttering and the matched control individuals, we ran a two-sample t test comparing the overall score distribution between these two groups.

[bookmark: _Toc111717117]Results
[bookmark: _Toc111717118]Efficacy of PheML prediction

To test the efficacy of our model predicting PheML stuttering, we applied the model to a set of 825 patients (141 patients with developmental stuttering confirmed by manual review and 709 patients with no indications of stuttering in their health records). Of the 116 subjects that our prediction model scored as having developmental stuttering, 97 were among those manually reviewed as having developmental stuttering, and 19 had no indications of stuttering in their records, resulting in a positive prediction rate of ∼83% (Table 3.1). Of the 141 manually reviewed individuals with developmental stuttering in the testing set, 97 were predicted as having developmental stuttering by the PheML model, whereas 44 were not, suggesting that despite our high positive predictive values, 30% or more affected individuals might still be missed by our approach (chapter 2).

[bookmark: _Toc111717119]PheML imputation of developmental stuttering identifies a large case sample

Of a set of 92,742 BioVU subjects, PheML labeled 9,239 as having a high likelihood for developmental stuttering (9.96% prevalence). Of this set, 5,732 affected individuals were female (62.0%; average age of 47.9 years). 6,639 (68.6%) were of EUR, 1,869 (20.2%) were of African ancestry (AFR), 398 (4.3%) were of Hispanic ancestry, 124 were of EAS ancestry (1.3%), and 41 (0.6%) were of South Asian ancestry (SAS) (Table 3.2). Broad ancestry groups were stratified via principal-component analysis (Document S1, Figure S1).
	Demographics of BioVU subjects classified by PheML algorithm

	
	               Predicted Cases
	                 Predicted Controls

	Total
	9239
	83503

	Male
	3507 (38.0%)
	36140 (43.3%)

	Female
	5732 (62.0%)
	47363 (56.7%)

	Demographics
	Mean (SD)

	Age (years)
	47.9 (24.9)
	55.2 (22.7)

	Ancestry
	n (%)

	European
	6339 (68.6%)
	63471 (76.0%)

	African
	1869 (20.2%)
	13728 (16.4%)

	East Asian
	124 (1.3%)
	772 (0.9%)

	South Asian
	51 (0.6%)
	363 (0.4%)

	Hispanic
	398 (4.3%)
	2068 (2.5%)

	Unknown/Other
	158 (1.7%)
	3101 (3.7%)


[bookmark: _Toc111465830]
Table 9 - 3.2 BioVU Demographics classified by PheML


	Demographics of BioVU subjects used in GWAS

	
	               Predicted Cases
	                Predicted Controls

	Total
	9221
	45793

	Male
	3491 (37.9%)
	17162 (37.5%)

	Female
	5730 (62.1%)
	28631 (62.5%)

	Demographics
	Mean (SD)

	Age (years)
	47.7 (24.8)
	48.6 (24.2)

	Ancestry
	n (%)

	European
	6339 (68.7%)
	33172 (72.4%)

	African
	1853 (20.1%)
	8372 (18.3%)

	East Asian
	124 (1.3%)
	592 (1.3%)

	South Asian
	51 (0.6%)
	228 (0.5%)

	Hispanic
	397 (4.3%)
	1395 (3.0%)


[bookmark: _Toc111465831]
Table 10 - 3.3 BioVU Demographics used in GWAS


[bookmark: _Toc111717120]GWAS in the PheML set identify genetic loci associated with stuttering

The PheML predicted-stuttering sample set was stratified by PCA-based genetic ancestry (African, EAS, European, Hispanic, and South Asian) for genome-wide association studies (Table 3.3). We performed a separate GWAS for each ancestry group. Across analyses in the five ancestry groups, the European and AFR groups were the largest and best powered. One locus reached genome-wide significance in the EUR analysis and one locus reached near genome-wide significance in the AFR sample set (Table 3.4).
	Top hits identified in GWAS of PheML imputed cases and controls

	rsID
	Ancestry
	CHR
	Position
	Ref
	Alt
	Beta (95% CI)
	P VALUE
	Nearest gene
	Location
	Replicating Analysis (P<.05)
	Replicating Beta
	Replicating P value

	rs12613255
	EUR
	2
	16628186
	A
	T
	0.323 
(0.211, 0.434)
	1.31E-08
	FAM49A
	113kb 3'
	N/A
	N/A
	N/A

	rs7837758
	AFR
	8
	40624542
	C
	T
	0.518 
(0.331, 0.704)
	5.07E-08
	ZMAT4
	intronic
	N/A
	N/A
	N/A

	rs10872381
	EAS
	6
	131706657
	C
	T
	0.803
(0.512, 1.093)
	6.38E-08
	AKAP7
	102kb 3'
	N/A
	N/A
	N/A

	rs115024493
	AFR
	12
	91973678
	G
	A
	0.376
(0.239, 0.512)
	6.85E-08
	DCN
	397kb 5'
	N/A
	N/A
	N/A

	rs78072807
	AFR
	1
	237682933
	T
	C
	0.371
(0.235, 0.507)
	8.73E-08
	RYR2
	intronic
	N/A
	N/A
	N/A

	rs10464899
	AFR
	8
	60209436
	A
	G
	0.216
(0.135, 0.296)
	1.51E-07
	TOX
	178kb 5'
	ISP
	0.138
(0.038, 0.238)
	7.21E-03

	rs2997903
	AFR
	9
	131599311
	G
	A
	0.308
(0.188, 0.429)
	5.32E-07
	KYAT1
	intronic
	EUR
	0.086
(0.018, 0.015)
	1.27E-02

	rs6981922
	AFR
	8
	60219451
	T
	A
	0.197
(0.119, 0.276)
	9.35E-07
	TOX
	188kb 5'
	ISP, EAS
	0.109
(0.099,0.119), 
0.372
(0.021, 0.723)
	3.21E-02, 3.79E-02

	rs6415726
	HIS
	9
	16247629
	G
	A
	0.730
(0.438, 1.022)
	9.61E-07
	C9orf92
	intronic
	ISP
	0.223 
(0.105, 0.341)  
	2.17E-04

	rs8013614
	EUR
	14
	36425517
	C
	G
	-0.120
(-0.170, -0.071)
	1.59E-06
	BRMS1L
	84kb 5'
	AFR
	-0.091
(-0.171, -0.011)
	2.62E-02

	rs34456770
	AFR
	16
	126219
	G
	A
	0.256
(0.114, 0.399)
	1.87E-06
	MPG
	797bp 5'
	ISP
	0.349
(0.070, 0.628)
	1.41E-02

	rs10036373
	EUR
	5
	23909919
	G
	A
	0.097
(0.057, 0.137)
	2.26E-06
	C5orf17
	42kb 5'
	ISP
	0.104
(0.007, 0.201)
	3.61E-02


[bookmark: _Toc111465832]Table 11 - 3.4 Top hits from PheML predicted stuttering GWAS



Table includes sentinel variants from loci that exceeded p-values of 1x10-7, as well as any variants that exceeded 5x10-6 that were replicated in a separate analysis. EUR, AFR, EAS, and HIS refer to association results from samples of European, African, East Asian, and Hispanic ancestry, respectively. ISP indicates variant results from the International Stuttering Project stuttering GWAS (see methods).

In the EUR case set, the GWAS included 6,339 predicted developmental stuttering cases and 33,172 ancestry and sex-matched controls and 7,751,954 imputed variants (Figure 3.2; see methods section). One statistically significant locus was identified, and the sentinel variant was determined to be at rs12613255 (beta = 0.323; p = 1.31 × 10−8), 113 kb 3′ of CYFIP-related Rac1 interactor A (CYRIA) (see Figure 3.3). The developmental-stuttering GWAS in subjects of AFR included 1,853 affected individuals, 8,402 ancestry- and sex-matched control individuals, and 13,636,593 variants (Figure 3.4; see methods). The top variant, rs7837758, reached near-genome-wide significance (beta = 0.518; p = 5.07 × 10−8). rs7837758 is found the third intron of ZMAT4, located on chromosome 8 (Figure 3.5). The GWAS performed on subjects of Hispanic ancestry included 397 affected individuals, 1,457 ancestry- and sex-matched control individuals, and 8,147,169 variants (Document S1, Figure S2). For subjects of EAS ancestry, the GWAS included 124 affected individuals, 716 ancestry- and sex-matched controls, and 6,922,517 variants (Document S1, Figure S3). For subjects of South Asian ancestry, the GWAS included 51 affected individuals, 279 ancestry- and sex-matched controls, and 7,058,354 variants (Document S1, Figure S4). Most likely because of the reduced power in smaller sample sizes, association analyses in the Hispanic, South Asian, and EAS cohorts did not result in any significantly associated variants with our PheML prediction set (see Document S1, Figures S2-S4 and Table S3). We also report several loci that exceeded a suggestive significance threshold of p = 5 × 10−6 (108 variants across all ancestry GWAS) and were replicated (p < 0.05) in one or more independent developmental stuttering GWAS (Table 3.4; Document S1, Figures S5-S13). Our strongest replications across these studies include rs6415726 (HIS GWAS; beta = 0.730; p = 9.61 × 10−7), an intronic C9orf92 variant that replicated in the ISP GWAS (beta = 0.197; p = 6.29 × 10−4), and rs10464899 (AFR GWAS; beta = 0.216; p = 1.51 × 10−7; see Document S1, Figure S13), a variant that is 178 kb 5′ of TOX and replicated in the ISP GWAS (beta = 0.139; p = 6.88 × 10−3; see Document S1, Figure S6).
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[bookmark: _Toc111465745]Figure 3 - 3.2 Manhattan and QQplot for PheML predicted EUR stuttering subjects
Analysis included 7,751,954 variants across chromosomes 1–22. One locus in chromosome 2 reached genome-wide significance (p < 5 × 10−8); the sentinel variant, rs12613255 (BETA = 0.323; p = 1.31 × 10−8), was 113 kb 3' of CYRIA (FAM49A is an alias for CYRIA). The red line indicates the threshold for genome-wide significance (5.0 × 10−8), and the blue line indicates the threshold for suggestive significance (1.0 × 10−5). Loci reported in Table 3.4 are labeled on the plot as well as the nearest gene.
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[bookmark: _Toc111465746]Figure 4 - 3.3 LocusZoom plot for rs12613255 locus in EUR PheML stuttering GWAS
The lead variant (marked as a diamond) was found in chromosome 2, 113 kb 3' of CYRIA. A dashed line indicates the threshold for genome-wide significance (5.0 × 10−8).
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[bookmark: _Toc111465747]Figure 5 - 3.4 Manhattan and QQplot for PheML predicted AFR stuttering subjects
Analysis included 13,643,593 variants across chromosomes 1–22. One variant, rs7837758, reached genome-wide significance (BETA = 0.518; p = 5.07 × 10−8), on chromosome 8 within the third intron of ZMAT4. The red line indicates the threshold for genome-wide significance (5.0 × 10−8), and the blue line indicates the threshold for suggestive significance (1.0 × 10−5). Loci reported in Table 4 are labeled on the plot as well as the nearest gene.
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[bookmark: _Toc111465748]Figure 6 - 3.5 LocusZoom plot for the rs7837758 locus in the AFR PheML Stuttering GWAS
The lead variant (marked as a diamond) was found on chromosome 8, within the third intron of ZMAT4. A dashed line indicates the threshold for genome-wide significance (5.0 × 10−8).


[bookmark: _Toc111717121]Genome-wide explained variance within the EUR PheML sample set

Genome-wide SNP-based liability-scale heritability within our EUR sample set was calculated through GCTA within the European-ancestry PheML sample set. The proportion of phenotypic variance explained by genetic factors was reported at 0.0232 (SE = 0.0083)150. Through GCTA we also transformed the explained variance estimates from the observed scale to the underlying liability scale to account for an expected prevalence of affected individuals of 0.1. The proportion of phenotypic variance (liability-scale heritability) was 0.0453 (SE = 0.016, p = 2.29 × 10−3).


[bookmark: _Toc111717122]Concordance analysis reveals genetic similarity between PheML-predicted stuttering individuals and ISP subjects
To ensure that the genetic profile of our PheML-predicted stuttering individuals properly recapitulated effects associated with clinical developmental stuttering, we compared the direction of effect estimated in a GWAS between our GWAS of EUR PheML-predicted stuttering individuals and a GWAS of an independent, largely European-ancestry, and clinically ascertained set of individuals with developmental stuttering (see Document S1, Table S2); this latter set was also genotyped by the genotyping core facility at Vanderbilt University, VANTAGE, on the MEGAEX. 7,570,420 imputed variants were present and tested in both analyses by an approach similar to that described in the 2014 DIAGRAM paper151.
For all variants present in both GWAS, 50.41% of the variants were found to have the same direction of effect (3,816,091 of 7,570,420 variants; p = 6.86 × 10−112). For all variants that had a p value threshold below 0.5 in both GWAS, the concordance-of-effect rate was 50.86% (982,614 of 1,931,927 variants; p = 3.77 × 10−127).
Variants with a p value threshold below 0.05 in both GWAS had a concordance rate of 53.47% (10,830 of 20,255 variants; p = 2.84 × 10−23). Variants below a p value threshold of 0.005 in both GWAS had a concordance rate of 73.19% (121 of 171 variants; p = 6.25 × 10−10) (Table 3.5).
	Concordance Analysis

	
	Concordant variants
	Concordance rate (%)
	Binomial P value

	All variants
	3816091/7570420
	50.41
	6.86*10-112

	P < 0.5
	982614/1931927
	50.86
	3.77*10-127

	P < 0.05
	10830/20255
	53.47
	2.84*10-23

	P < 0.005
	121/171
	73.10
	6.25*10-10


[bookmark: _Toc111465833]Table 12 - 3.5 Variant concordance analysis results
Results from analyses comparing European PheML stuttering GWAS summary statistics to the ISP stuttering GWAS summary statistics. Concordant variants include any variants that were present in both analyses and had the same direction of effect.


[bookmark: _Toc111717123]Stuttering polygenic-risk-score models developed using the PheML GWAS show increased genetic liability within the ISP stuttering set

We developed a PRS-score model by using the summary statistics for 7,751,954 variants produced by the GWAS of EUR PheML-predicted stuttering individuals. We then applied this model to the genetic datasets of our ISP developmental-stuttering subjects and their matched control individuals (the same set used in the variant concordance analysis, although he sample set only included those of PCA-based European ancestry). Our ISP stuttering set scored significantly higher on the PRS model (mean = 8.56 × 10−8, SD = 1.13 × 10−6) than their matched control individuals (mean = −3.59 × 10−7, SD = 1.01 × 10−6; two-sample t test, t(1131) = 13.12, p = 6.83 × 10−39), providing compelling evidence that the genetic architecture identified in the model-imputed phenotyping discriminates the genetic liability for developmental stuttering in clinically ascertained cases and population-based controls (Document S1, Figure S14).


[bookmark: _Toc111717124]Discussion

[bookmark: _Toc111717125]Stuttering classification model development and application to BioVU
We set out to utilize a phenotype-based machine learning algorithm, PheML, to identify unlabeled cases of developmental stuttering, an underdiagnosed phenotype, in a large EHR. Our model shows a positive prediction rate of 83.3%, though it’s important to note that while testing, those who were classified as “controls” during manual review may have had stuttering and simply did not have any mentions of it in their records. We expect that roughly 16.7% of patients in BioVU that were classified as a case are false positives, though this is likely an overestimate.
Applying PheML to BioVU resulted in a large population of patients that, even in the absence of a direct diagnosis of stuttering, exhibited a constellation of traits associated with stuttering; an underlying phenotypic signature that could be leveraged to predict developmental stuttering in a manner akin to imputation. Though 9.96% of the sample was predicted to be a case by our PheML model, the modest sensitivity of the model (68.8%) suggests that this is likely an underestimation of the actual proportion of the true cases in our sample.
Interestingly, although males exhibit a higher prevalence of stuttering, more females were identified as exhibiting stuttering by our PheML prediction model (the female-to-male ratio was 1.6:1). Although there are more females in BioVU than males (1.3:1; female:male), this does not fully explain the discrepancy. There are several possible explanations for this imbalance. There might be sex imbalance in the rate or quality of diagnosis of selected predictive phenotypes; also, the ability to predict stuttering might be greater in women than in men. The positive-prediction rate for our model is > 83.3%, and more women might be mis-specified as affected by stuttering. A third possibility is that the prevalence of stuttering in women is higher than reported but less frequently diagnosed or detected because of a faster or higher rate of recovery. Prior evidence from Ambrose et al. supports this last potential explanation by suggesting that the male-to-female ratio for lifetime prevalence might be more balanced when mild cases of developmental stuttering and individuals who recover early are included93. Future analyses of sex-stratified GWAS of developmental stuttering and its associated clinical phenome are needed if researchers are to further explore differential risk factors that might contribute to differences in age and rate of recovery between men and women.
[bookmark: _Toc111717126]Genetic discovery in predicted-stuttering cohort
PheML-imputed affected individuals and well-matched control individuals were stratified by ancestry for GWAS. Our estimated positive-prediction rate (83.3%, implying a false-positive rate of 16.7%) among cases is most likely markedly lower than the positive-prediction rate of samples acquired from affected individuals in treatment clinics, where speech and language pathologists confirm patient status. However, as with studies that leverage population-based controls, our power reduction resulting from imprecision in definitions of affected and control individuals is offset by the size of the dataset identified by our PheML model.
Controls for GWAS were selected from patients our model classified as having low likelihood for developmental stuttering (i.e., these patients were not predicted to stutter). Our sensitivity analysis indicates that the model is classifying 68.8% of manually reviewed developmental stuttering cases as being at high risk for stuttering, whereas 31.2% were classified as control individuals. Therefore, we expect some model-defined controls, roughly equal to one-third of the biobank prevalence for stuttering, to exhibit stuttering, potentially further reducing our power to discriminate allele-frequency differences between affected individuals and controls.
Despite the challenge of misclassification of affected and control individuals in the sample size attained with our phenotype-imputation approach in biobank-scale data, our analyses in EUR participants not only identified a genome-wide significant locus but also demonstrate that a significant portion of the variance of the trait captured by our model is heritable (h2 = 0.045, SE = 0.016, p = 2.29 × 10−3), indicating that there exists a common underlying genetic background among those who were classified as exhibiting developmental stuttering in our model. This heritability estimate is in line with other common complex neurological and psychological traits, such as PTSD in males and anxiety152,153. We also demonstrate that this common genetic background is consistent with the genetic architecture identified in a clinically ascertained independent GWAS of stuttering.
Association analyses were separated by ancestry groups. For the analyses conducted in AFR, HIS, SAS, and EAS ancestry groups, no variants were observed to be significantly associated with our developmental stuttering cohort after genome-wide Bonferroni correction (p < 5 × 10−8) (Table S3), although two variants came close to reaching significance in the EAS sample (rs10872381, beta = 0.803; p = 6.4 × 10−8; see Document S1, Figure S10) and AFR sample (rs7837758, beta = 0.518; p = 5.07 × 10−8, see Figure 3.5). These studies were markedly smaller in size than our EUR study (see Table 3) and were therefore likely insufficiently powered to discover variants of modest effect size.
GWAS in the European cohort revealed one significant locus; the top hit was at rs12613255 (beta = 0.323; p = 1.31 × 10−8); see Figure 3.3). The closest gene to this variant, which resides on chromosome 2, is CYRIA, also referred to in the literature as FAM49A. RNA expression data show that CYRIA is highly expressed in the central nervous system (specifically in the cerebral cortex, basal ganglia, and olfactory region) and is also highly expressed in the thyroid gland, granulocytes, and monocytes154. CYRIA has not previously been implicated in developmental stuttering, although in Asian and Brazilian populations it has been reproducibly associated with cleft lip and palate155-158, a trait that was not used a predictor variable in our model.
In the AFR GWAS, variant rs7837758 nearly reached the genome-wide significance threshold of 5.0 × 10−8 (beta = 0.518; p = 5.07 × 10−8) (see Figures 3.4 and 3.5). This variant is located on chromosome 8 in the intron of ZMAT4 (Zinc finger matrix-type protein 4) (see Figure 3.5). Variants within this gene have previously been observed to be associated with myopia and fasting blood glucose in African Americans159,160. Neither of these phenotypes have been previously associated with developmental stuttering, nor did these phenotypes serve as proxy variables in our prediction algorithm (chapter 2). ZMAT4 has been observed to be highly expressed in the central nervous system, especially in tissue types present in the cerebral cortex, cerebellum, and hippocampus and to be modestly expressed in the basal ganglia154.
Little is known about the neuronal basis of developmental stuttering, although imaging studies have demonstrated that patients who stutter show abnormal function in the form of overactivity in the cortical motor and pre-motor areas associated with speech, as well as disruptions in the basal ganglia and dopaminergic systems161-163. Although the previous linkage analyses have identified candidate genes, including DRD2, AP4E1, CYP17A1, GNPTAB, GNPTG, and NAGPA50,54,164,165, the mechanisms of action remain uncertain, although both GNPTAB and GNPTG are active in lysosomal enzyme-targeting pathways and energy metabolism166. We checked for replication within these genes but failed to demonstrate any significant findings (see Table S4). Although the mechanisms of action of our top associated variants on the clinical profile of developmental stuttering are not yet known, our approach enabled variant discovery, and future work will be needed to reproduce these findings and establish their functional role in the clinical profile of susceptibility to developmental stuttering.

[bookmark: _Toc111717127]Validation of GWAS results: concordance analysis

Using the summary statistics resulting from our GWAS of EUR individuals predicted by PheML to exhibit stuttering, we ran a variant concordance analysis that assessed how many variants had the same direction of effect as the variants tested in a GWAS run on a clinically ascertained developmental-stuttering sample set via the approach outlined in the 2014 DIAGRAM paper, in which concordance measures were used for assessing T2D risk alleles across various ancestry groups151. Variants that were not well imputed (r2 > 0.4) in either GWAS were removed from the concordance analysis, and datasets were verified to have the same strand and reference-allele orientation. This was repeated with only variants that surpassed thresholds of p = 0.5, 0.05, and 0.005 in both association analyses. For example, for the group “p < 0.05,” only variants with a p value that was below 0.05 in both the PheML GWAS results and the ISP GWAS results were included in the analysis. Together, the four concordance analyses demonstrated that the proportion of variants with the same direction of effect was significantly greater than random. Additionally, as the significance threshold for variants included in the concordant analysis became more stringent, the proportion of variants with the same direction of effect increased, and 73.1% of all variants that surpassed a threshold of p = 0.005 in both GWAS have the same direction of effect (see Table 3.5). The clinically ascertained stuttering sample set was from a multi-ethnic analysis, although it was predominantly comprised of EUR participants (84.2%; see Document S1, Figure S1 and Table S2). This remarkable finding provides compelling evidence that the GWAS using our PheML-imputed stuttering phenotype is capturing a portion of the genetic architecture of clinical developmental stuttering.


[bookmark: _Toc111717128]Validation of GWAS results: stuttering PRS model development

To further explore our genetic findings, we developed a PRS model built with summary statistics from the GWAS conducted in our EUR PheML stuttering sample. PRS models are used for summarizing variant effects and assessing genetic liability for a trait. We applied this model to the genetic dataset of our ISP developmental-stuttering EUR cohort, as well as their matched controls. The ISP stuttering set scored significantly higher than their matched controls (two-sample t test, t(1131) = 13.12, p = 6.83 × 10−39; see Document S1, Figure S14), indicating that the PRS model developed from our imputed stuttering GWAS is significantly predictive of stuttering liability. This additional evidence strongly supports our conclusion that the PheML classifier captures a phenotype sufficiently similar to that of the ISP stuttering sample set to identify genetic risk factors relevant for stuttering. Although statistically significant, the difference observed in the score distributions for stuttering and control individuals suggests that this PRS model has limited clinical value for predicting developmental-stuttering status (receiver operating characteristic AUC = 0.601; see Document S1, Figure S15). Ge et al.167 simulate the predictive performance of PRS across various sample sizes and genetic architectures. In these simulations they demonstrate that predictive performances for more polygenic traits benefitting from greater sample sizes, showing that PRS models developed from 50 to 100K sample sets have drastically better performance metrics than models with smaller sample size167. Our PRS model was developed from a sample set of 39,511, which may be underpowered for developing a model that would be useful for predictive purposes.
We note that the developmental-stuttering comorbidities that formed the basis of our PheML model were determined in a dataset largely comprising European and African American individuals. As such, the underrepresentation of other racial and ethnic minority groups in our comorbidity detection and model building is a limitation. The effect of this population structure in our EHR might lead to our model’s missing some population-specific comorbidities, consequentially reducing model performance in these subgroups. Future research exploring comorbidities of stuttering and genetic architecture within and across populations is warranted.
Through our stuttering-prediction algorithm, we designed and conducted the largest GWAS for the clinical profile of developmental stuttering. Despite a lack of clinical evaluation and diagnosis of stuttering in our affected individuals and controls, our approach allowed use of an existing EHR-linked DNA databank of sufficient size and power to identify genome-wide significant loci through a population based genetic analysis of this important trait. These data provide insights into the genetic contributions to developmental stuttering in patients of African and European descent, demonstrating that genetic risk of this clinical profile is dominated by modest to low genetic effects, as well as providing a framework for studying underreported diseases in large-scale EHRs.
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] 


[bookmark: _Toc111717132]Author contributions

	This study was performed by Hannah G. Polikowsky (HGP), Douglas M. Shaw (DMS), Lauren E. Petty (LEP), Hung-Hsin Chen (HC), Dillon G. Pruett (DGP), Jonathon P. Linklater (JPL), Kathyrn Z. Viljoen (KZV), Janet M. Beilby (JMB), Heather M. Highland (HMH), Brandt Levitt (BL), Christy L. Avery (CLA), Kathleen Mullan Harris (KMH), Robin M. Jones (RMJ), Jennifer E. Below (JEB) and Shelly Jo Kraft (SJK). HGP performed quality-control analyses, pre- and post- imputation for ISP and BioVU genotyped data. HGP aided by DMS, LEP and HC performed the majority of analyses detailed in the manuscript: GWAS, meta-analysis, variant annotation, heritability calculations, functional analyses, power calculation, and replication analysis. DGP and RMJ provided clinical context and perspective on how the stuttering community might interpret our results. HMH, BL, CLA, and KMH identified self-report stuttering cases and controls in Add Health and gathered the genotype data required for GWAS. BL and HMH performed the Add Health GWAS. JPL, KZV, JMB, and SJK screened potential participants for inclusion in the ISP, obtained participant consent, and confirmed participant stuttering status according to clinical criteria. SJK and JEB were principal investigators and worked with the team to enroll and consent stuttering participants, develop analyses, and secure funding for this research. HGP performed the bulk of manuscript writing while everyone provided manuscript feedback and edits.


[bookmark: _Toc111717133]Introduction

[bookmark: _Toc111717134]Summary

Despite a lifetime prevalence of at least 5%, developmental stuttering, characterized by prolongations, blocks, and repetitions of speech sounds, remains a largely idiopathic speech disorder. Family, twin, and segregation studies overwhelmingly support a strong genetic influence on stuttering risk; however, its complex mode of inheritance combined with thus-far underpowered genetic studies contribute to the challenge of identifying and reproducing genes implicated in developmental stuttering susceptibility. We conducted a trans-ancestry genome-wide association study and meta-analysis of developmental stuttering in two primary datasets: The International Stuttering Project comprising 1,345 clinically-ascertained cases from multiple global sites and 6,759 matched population controls from the biobank at Vanderbilt University Medical Center, and 785 self-reported stuttering cases and 7,572 controls ascertained from The National Longitudinal Study of Adolescent to Adult Health (Add Health). Meta-analysis of these genome-wide association studies identified a genome-wide significant signal for clinically reported developmental stuttering in the general population:  a protective variant in the intronic or genic upstream region of SSUH2 (rs113284510, protective allele frequency = 7.49%, Z = -5.576, p = 2.46 x 10-8) that acts as an eQTL in esophagus-muscularis tissue by reducing its gene expression. In addition, we identified 15 loci reaching suggestive significance (p < 5 x 10-6). This foundational population-based genetic study of a common speech disorder reports the findings of a clinically-ascertained study of developmental stuttering and highlights the need for further research. 

[bookmark: _Toc111717135]Introduction

	Speech and language represents an integral component of the human experience; we unite language (what we say) and speech (how we say it)168 to express our thoughts, feelings, and experiences with one another. Successful verbal communication requires coordination among neurological, cognitive, motor and linguistic systems; dysregulation across or among any of these systems may result in disordered speech and language1-3. Developmental stuttering is a common speech disorder with an onset between 2-5 years of age characterized by prolongations, blocks, and repetitions of speech sounds6. Although most studies report a 5% lifetime prevalence of stuttering1,11,38,93,169, the true prevalence may be higher due to restrictive reporting criteria and poor subject selection3,7, particularly since onset and recovery can be transient during early childhood170. Individuals who are affected by the condition either stutter into adulthood (persistent stuttering) or stutter during early childhood, but recover with the assistance of therapy, or spontaneously, typically before age 8 (recovered stuttering). Persistent developmental stuttering afflicts approximately 1% of the adult population3,10, which equates to more than 2.5 million adults afflicted with developmental stuttering in the United States171.
This common speech condition impacts the quality of life for many. Persistent stuttering has no known cure and therapy for affected individuals often results in only a modest reduction in severity172. Moreover, those who stutter frequently require a lifetime of therapy to manage the speech challenges as well as the psycho-social impact18-20. Job performance and employability in adults who stutter can be affected, leading to substantial economic impacts22,173,174.  Despite extensive research on the psychological and economic consequences of this speech disorder, the etiology of developmental stuttering remains elusive. Current evidence postulates neurological175, biological176, and genetic underpinnings for stuttering48,49,55,177-181 though few causal associations have been identified to date. Even though multiple studies in the past few decades10,46,47,54,55,177 evince a genetic predisposition for developmental stuttering, its genetic etiology and architecture largely remain evasive.
Family, twin, and segregation studies overwhelmingly support a strong genetic influence on stuttering risk; many individuals who stutter have a family member who also stutters10. However, heritability estimates of developmental stuttering have varied widely across studies32-35,38,39 with estimates ranging from 0.42 to 0.84 from the two largest twin studies, each comprising a sample size greater than 20,000 individuals. Although heritability estimates performed in twin studies of developmental stuttering point to genetic causes, such estimates also indicate the presence of environmental factors contributing to developmental stuttering. Monozygotic twin concordance rate estimates range from 38-62% in these two studies33,34. Nevertheless, many studies of other complex disorders (e.g. type 2 diabetes40,41 [MIM:125853], serum lipid levels42, Parkinson’s disease182, and Alzheimer’s disease183,184 [MIM:104300]) with similar or smaller heritability estimates have discovered genetic risk factors essential to understanding the molecular basis of the trait, suggesting that similar genetic study designs may offer key insights into the etiology of developmental stuttering. 
To date, published literature investigating genetic contributions to developmental stuttering has primarily drawn on family-based analyses and studies of population isolates46,48,49,54,55,177-179,181,185. Linkage and other family-based approaches have been successful at identifying rare and private causal variants with large genetic effects in the absence of genetic heterogeneity. For developmental stuttering, identifying the causal gene(s) within and across families has proven challenging. For example, in 2005 Riaz et al.48 performed linkage analyses in 46 consanguineous Pakistani families where stuttering occurred in at least two generations and diagnosis was confirmed independently by two different clinicians; they discovered a region on 12q23.3 linked with developmental stuttering in a single family without pinpointing an exact causal gene. Five years later in 2010, Kang et al.49 reported the results from a follow-up study of 77 unrelated Pakistani individuals that stutter plus unrelated cases from the same 46 Pakistani families interrogated by Riaz et al.in 200548; their investigation pinpointed three causal genes critical for the mannose-6-phosphate lysosomal targeting pathway: GNPTAB [MIM: 607840], GNPTG [MIM: 607838], and NAGPA [MIM: 607985]. In 2018, Kazemi and colleagues performed Sanger sequencing and homozygosity mapping for 25 Iranian families afflicted by developmental stuttering and identified an additional 3 variants in GNPTAB and GNPTG that co-segregated with stuttering50. Additional studies have revealed several regions across the genome linked with the trait, but only identified three candidate risk genes: DRD246 [MIM:126450], AP4E154 [MIM:607244], CYP17A155 [MIM:609300]. Lan et al.46 performed an association study focusing specifically on dopaminergic gene haplotypes and allele frequencies among SNPs in the Han Chinese population and identified risk and protective alleles in DRD2. These results were not replicated in 2011 by Kang et al.47 in a case-control cohort from Brazil and western Europe. In 2015, Raza et al.54 used whole exome-sequencing to identify two heterozygous AP4E1 coding variants that co-segregated with persistent developmental stuttering in a large Cameroonian family (the same polygamous family as published in their earlier work from 2013186); they also observed these same two variants in unrelated Cameroonians with persistent stuttering. Although Raza et al.54 also reported 23 additional rare variants (including loss-of-function variants) within AP4E1 among unrelated stuttering individuals from Cameroon, Pakistan, and North America, their findings have yet to be replicated by another group. In 2017, Mohammadi et al.55 performed a case-control study of the Kurdish population aged 3-to-9 from Western Iran, specifically focusing on the dimorphic nature of stuttering and identified an allelic polymorphism associated with stuttering susceptibility in CYP17A1, a gene integral for the synthesis of steroid hormones. As reported by Domingues et al. in 201956, these results were not replicated in an independent case and population-matched control association study from the United States, Brazil, Pakistan, and Cameroon. Despite these efforts, the molecular pathophysiology of developmental stuttering in general populations remains obscure, in part due to the dearth of studies exploring common genetic risk factors in unrelated individuals and the lack of consensus across studies.
The International Stuttering Project (ISP) was formed to represent global outbred populations of individuals who stutter, specifically to illuminate genetic etiology and broaden investigations of its diverse and variable phenotype. Given the success of investigations for heritable complex diseases, genome-wide association analyses of developmental stuttering are poised to provide insights into its molecular basis. Moreover, prior investigations into the genetics underlying developmental stuttering have comprised samples and study designs ill-equipped to detect common variant effects or reconcile genetic heterogeneity. Our study accommodates both. Here, we accrued a global and multiethnic clinically-ascertained developmental stuttering case set through the ISP and report genome-wide significant findings in a meta-analysis study of developmental stuttering. 

[bookmark: _Toc111717136]Materials and methods
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The multiethnic genome-wide association study (GWAS) meta-analysis included studies with genotype data from clinically ascertained individuals with developmental stuttering from the ISP and their sex- and ancestry-matched controls (N =8,104; n cases = 1,345) and summary statistics (N = 8,357; n cases = 785) from The National Longitudinal Study of Adolescent to Adult Health (Add Health). The ISP comprises 1,345 clinically ascertained developmental stuttering cases collected from the Curtin Stuttering Treatment Clinic in Perth, Australia; the SpeechMatters Clinic and the Irish Stammering Association, in Dublin, Ireland; the National Stuttering Association, U.S.A.; online recruitment on reddit.com; and Dr. Shelly Jo Kraft’s research group at Wayne State University (Table 4.1). Stuttering status was confirmed in all cases by a speech pathologist with expertise in fluency disorders. Up to five ancestry- and sex-matched population-based controls per case were drawn from BioVU (n controls = 6,759; Table 4.1), Vanderbilt University Medical Center’s electronic health record-linked biobank: 49 of the 6,759 controls included genotyped unaffected family members of cases. Vanderbilt University Medical Center has recruited and consented individuals to join BioVU since February 200762,63. The EHR at VUMC offers de-identified demographic data, clinical notes, electronic orders, laboratory measurements, ICD-9 CM/ICD-10 disease diagnosis codes, and CPT codes. Using electronic health records, individuals with diagnoses of developmental, speech, or language disorders as identified via ICD-9 and ICD-10 codes (Table S4.1) or a phenome risk classifier187,188, and individuals under age 18 were excluded as potential controls. To select ancestry-matched controls, we calculated eigenvectors and eigenvalues through principal component analysis (PCA) run on PLINKv1.90149. PCA was performed on the maximally unrelated set of cases and potential controls (<0.09375, as identified by PRIMUS139,140) using a panel of SNPs in low linkage disequilibrium (LD); additional related cases and potential controls were projected along each of the calculated eigenvectors. Pairwise Euclidean distance between each case and potential control was calculated using principal components to identify the control with the smallest Euclidean pairwise distance for each case143. This control selection method included outlier pruning, which removed any potential controls with a pairwise distance more than 2 standard deviations away from the average pairwise distance. Control selection also matched according to sex. Age information was not available for 171 samples and therefore was excluded as a covariate during control selection.

ISP studies (protocol 0225119MP2E) were approved by Wayne State University’s Committee for the Protection of Human Subjects. The studies were explained to all participants and written informed consent obtained. Genotyping services were provided by Vanderbilt Technologies for Advanced Genomics (VANTAGE). Analysis of deidentified ISP and BioVU data in this study was approved under an institutional IRB exemption by Vanderbilt University’s Committee for the Projection of Human Subjects (IRB #180583). Use of BioVU data was approved by the Vanderbilt Institute for Clinical and Translational Research (BV247, BV247_A1).
Add Health represents an ongoing, nationally representative, longitudinal study of the social, behavioral, and biological factors influencing health and developmental trajectories from early adolescence into adulthood67. Add Health collected demographic and health survey data as well as in-home physical and biological data from participants. For our study, 785 self-reported stuttering cases were defined as participants who at one point answered “yes” to the following survey question: “Do you have a problem with stuttering or stammering?” For controls, 7,572 participants were included in the analysis. All controls answered “no” to the above question and did not mark “delayed speech or other problems with speaking or understanding” or “I don’t know” to the same query across all study visits.
	

	ISP GWAS
	Add Health GWAS

	
	Cases
	Controls
	 
	Cases
	Controls

	Total
	1,345
	6,759
	Total
	785
	7,572

	
	n (%)
	 
	n (%)

	Male
	965 (71.7%)
	 4,780 (70.7%)
	Male
	446 (56.8%)
	3,419 (45.2%)

	Female
	380 (28.3%)
	1,979 (29.3%)
	Female
	339 (43.2%)
	4,153 (54.8%)

	
	 

	Ancestry
	
	
	Ancestry
	
	

	African
	68 (5.1%)
	388 (5.7%)
	Non-Hispanic Black
	182 (23.2%)
	1,522 (20.1%)

	Hispanic
	38 (2.8%)
	131 (1.9%)
	Hispanic
	122 (15.5%)
	1055 (13.9%)

	East Asian
	42 (3.1%)
	113 (1.7%)
	Asian 
	44 (5.6%)
	404 (5.3%)

	European
	1,132 (84.2%)
	5,875 (86.9%)
	Non-Hispanic White
	433 (55.2%)
	4,559 (60.2%)

	South Asian
	44 (3.3%)
	143 (2.1%)
	Native American
	4 (0.5%)
	32 (0.4%)

	Other/Mixed
	21 (1.6%)
	109 (1.6%)
	 

	
	 
	years (std)

	
	Age 
	28.44 (1.77)
	28.52 (1.81)


[bookmark: _Toc111465837]Table 16 - 4.1 Demographics of subjects used in GWAS
For the ISP analysis, ancestry was determined through principal component analysis and approximately 5 cases were selected for each case, matching on ancestry and sex. For the Add Health GWAS, ancestry was determined through principal component analysis and affection status was self-reported by each subject.


[bookmark: _Toc111717138]Genotyping, quality control, and imputation

The ISP cases and controls were genotyped using the Illumina Expanded Multi-Ethnic Genotyping Array (MEGAex) at Vanderbilt University Medical Center’s core facility, Vanderbilt Technologies for Advanced Genomics (VANTAGE). Sample and variant filtering for quality control was performed using PLINKv1.90149; initial filtering thresholds for the control cohort excluded variants with a call rate less than 98% and samples with a call rate less than 97%. Initial filtering for stuttering cases excluded variants and samples with a call rate less than 90%. Duplicate variants and indels were removed as well as any duplicate samples (the duplicate sample with a lower call rate was removed) in both cases and controls. We applied the methods described by Pluzhnikov and Below et. al137 to identify possible plate or batch effects prior to merging genotype batches. Cases were separately assessed for quality control by ancestry group (European, Admixed American, African, East Asian), assigned using principal components calculated after merging the case samples with HapMap3189 reference data for ancestry classification. Each ancestry group was subsequently analyzed, applying a group-specific minor allele filter of 1%, variant missingness filter of 3%, sample missingness filter of 5%, as well as checks for heterozygosity, sex, and variants that deviated strongly from Hardy-Weinberg equilibrium (variants with a HWE p < 1 x 10-15 were removed). Cases were then merged with their selected matched controls for imputation according to standard protocols and specifications outlined for the TOPMed Imputation Server, including using William Rayner’s pre-imputation data preparation toolkit190. Relatedness checks for cases and controls performed using PRIMUS140. All autosomal chromosomes were imputed on the TOPMed Imputation Server using EAGLE_v2.4 phasing135, Minimac4 imputation142, and the TOPMed reference134,141. Post- imputation quality control filtering included removal of variants with a minor allele frequency (MAF) less than 1%, imputation r2 less than 0.4, or with an effective N (Neff = 2 × (MAF) × (1 − MAF) × n × r2) less than 30.
In Add Health, data were genotyped on the Illumina Omni Quad 1 and 2.5 and imputed on the Michigan Imputation Server using Minimac2142 and the 1000 Genomes (Phase3v5) reference134,191. Post- imputation quality control filtering included selecting variants with a MAF above 1%, as well as removing all variants with an imputation r2 less than 0.4 or with an effective N less than 30.

Experimental workflow depicted in graphical format in Figure S4.1.	

[bookmark: _Toc111717139]Statistical analysis

In the clinically ascertained developmental stuttering set, ~9 million imputed variants (Table S4.2, Figure S4.2) were analyzed for association with stuttering risk using a frequency-based additive logistic mixed model via SAIGE146, a method applied and developed for biobank data in order to accommodate imbalanced case-control ratios and sample relatedness. Association analysis corrected for population substructure by using six trait-associated principal components capturing genetic ancestry as covariates138. 
In Add Health,  ~9M imputed variants (Table S4.3, Figure S4.3) were analyzed for association with stuttering status using a frequency-based additive logistic model via SUGEN192. Model covariates included ten ancestry-associated principal components and age. 

[bookmark: _Toc111717140]Meta-analysis

	Meta-analysis was performed combining result of the ISP and Add Health studies across 7,275,796 variants imputed in both datasets. Summary statistics (direction of effect and observed p value) from each contributing GWAS were combined in each study to calculate a signed Z-score using METAL193. The sample size scheme was used in this meta-analysis since effect size estimates and standard errors were not equivalent between each genome-wide association study. Annotated associations from study-specific and meta-analyses were variants that reached genome-wide significance (p < 5 × 10−8) or were suggestive (p < 5 × 10−6). Variants were aligned to human genome reference build 38. The genome-wide significance threshold of p < 5 x 10-8 was set according to field standards194. This threshold uses a Bonferroni correction where  = 0.05 and assumes there are approximately 1 million independent (i.e. not in linkage disequilibrium) common signals across the human genome. The suggestive threshold of p < 5 x 10-6 assumes an expectation of one false positive association per GWAS (i.e. 1/total number of independent SNPs)195,196.

[bookmark: _Toc111717141]Annotation
	
We annotated top associated variants from study-specific and meta-analyses using ANNOVAR197. The data accessed from the GTEx198 portal in July 2021 derive from the following version: dbGaP phs000424.v8.p2.


[bookmark: _Toc111717142]Functional analyses
	
	We performed a Bayesian colocalization analysis between our Add Health-ISP meta-analysis top hits and tissue-specific eQTL signals from GTEx v8 data198 using fast enrichment aided colocalization analysis (fastENLOC199,200). We looked for colocalization solely for meta-analysis regions with a variant identified as a top hit (Table 4.2). Evaluated regions in the meta-analysis included all sentinel variants as well as any other variants found in the same LD block in addition to any variants nearby (gene < 250kb upstream or downstream of sentinel variant) an identified protein-coding gene. Linkage disequilibrium (LD) blocks in the meta-analysis data were defined according to European-based LD calculated from 1000 Genomes phase 1 data by Berisa and Pickrell201. Colocalization analysis was tissue-specific and included all stuttering relevant tissues available in GTEx v8 (skeletal muscle, pituitary, minor salivary gland, all esophageal tissues, and all brain tissues). We reported the results of any colocalization signal with a regional colocalization probability (RCP) (i.e. the probability that one of two SNPs in an LD block is responsible for a genuine association)  0.05 (Table S4.6).
We performed gene ontology analysis for the top 100 genes associated with variant signals in our meta-analysis. Our top signals were annotated with the Open Targets Genetics “Variant-to-Gene” (V2G) pipeline, which integrates evidence from four main data types (molecular phenotype quantitative trait loci, chromatin interactions, in silico functional predictions from Ensembl, and distance between the variant and each gene’s canonical transcription start site)  to assign the most likely functional gene for each variant202. Next, we used clusterProfiler203,204 to perform a false discovery rate (FDR) corrected enrichment test for gene ontology terms among our identified top 100 genes. We also performed an enrichment test for gene modules with our identified top 100 genes to determine if any sets of highly correlated genes (gene modules) were associated with stuttering risk. Gene co-expression networks comprised groups of functionally related genes or “modules” Gerring et al.205 identified from GTEx v7 tissue gene expression data. Module enrichment reported for any gene tissue-specific analysis with a raw p value < 0.05 among stuttering relevant tissues (skeletal muscle, pituitary, minor salivary gland, all esophageal tissues, and all brain tissues). We performed a competitive gene pathway analysis for reported module enrichments using g:Profiler (https://biit.cs.ut.ee/gprofiler/gost) and subsequently annotated the outputted biological pathways (Table S7). 

[bookmark: _Toc111717143]Power calculation
	
	We calculated our power to detect significant stuttering risk associations across a range of disease allele frequencies for our meta-analysis comprising 2,130 stuttering cases and 14,331 controls. We estimated power assuming a two-sided hypothesis test at p < 5 x 10-8 , an additive model, and using a developmental stuttering prevalence of 1%. Calculations were performed using the University of Michigan’s Genetic Association (GAS) Power Calculator206.

[bookmark: _Toc111717144]Replication for published implicated stuttering genes
	
We manually reviewed over 200 records on PubMed via the National Center for Biotechnology website for publications in the past twenty-one years (2000-2021) that mentioned “stuttering” in the title field. Much of the published stuttering literature48,177-181,185,186 implicated large genome regions from linkage studies in families, without determining a specific causal gene. We sought replication for the six genes that have been previously implicated in the stuttering literature46,49,54,55 (Table S4.5) by evaluating all variants that passed our QC metrics within each gene in our meta-analyzed GWAS. To determine the effective number of tests for each gene, we calculated r2 between each SNP pair within a gene using PLINKv1.90149. SNPs that had an r2 > 0.4 were considered to be in linkage disequilibrium. The effective number of tests used for our Bonferroni correction represented the number of independent tag SNPs in each gene with pairwise r2 < 0.4. Results were Bonferroni corrected for the effective number of tests in each gene and the variant with the minimum p value within each gene is reported (Table S4.5). 
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	Genome-wide association analyses of stuttering were carried out in 8,104 individuals (1,345 cases) from the ISP study and 8,357 individuals (785 cases) (Table 4.1) from a self-reported stuttering study, with ~7.3 million overlapping variants tested. No evidence for residual population stratification or systematic technical artifact was observed in either individual dataset or the meta-analysis. The genomic inflation factor, , was 1.0173 (Figure S4.2) in the ISP GWAS and 1.0161 in the Add Health GWAS (Figure S4.3). The genomic inflation factor for the meta-analysis was  = 0.9977 (Figure 4.1). In the meta-analysis, one genome-wide significant association was observed at rs113284510 (Z = -5.576, p = 2.46 x 10-8). The variant, rs113284510, occurred in either an intronic region or genic upstream region of SSUH2 [MIM:617479] (Figure 4.2) depending on the transcript. This variant exhibited consistent direction of effect (p < 5 x 10-6) in the Add Health GWAS (p = 2.23 x 10-7, OR = 0.455 [0.320-0.591]) and in the ISP GWAS (p = 0.0059, OR = 0.754 [0.617-0.922] (Table S4.2). The frequency of the protective effect allele (T) for rs113284510 was 7.49% overall (7.08% in the ISP GWAS and 7.88% in the Add Health GWAS) (Table S4.2).
In the meta-analysis, the index variant for an additional 15 associations reaching a suggestive genome-wide significance threshold of p < 5 × 10−6 are presented in Table 4.2. No genome-wide significant associations were observed in either the ISP or Add Health GWAS; however, 19 variants reached our suggestive (p < 5 × 10−6) significance threshold for the ISP GWAS (Table S4.3) and 24 variants reached this same suggestive threshold in the Add Health GWAS (Table S4.4).
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[bookmark: _Toc111465749]Figure 7 -  4.1 Manhattan and QQ plot
Meta-analysis included 16,461 samples and 7,275,796 variants present in the Add Health and ISP datasets; variants not present in both datasets were excluded. One locus reached genome-wide significance (red line p < 5 × 10−8); fifteen loci reached suggestive genome-wide significance (blue line p < 5 × 10−6). Q-Q plot x axis represents expected −log10(p) and the y axis represents observed −log10(p).

	rsID
	CHR
	Position
	Effect
Allele
	Other Allele
	EAF
	Zscore
	P VALUE
	Nearest Gene
	Location

	rs113284510
	3
	8683501
	T
	C
	0.0749
	-5.576
	2.46E-08
	SSUH2
	intronic or genic upstream transcript

	rs34919320
	1
	217480104
	G
	A
	0.2602
	5.128
	2.93E-07
	GPATCH2
	intronic

	rs58528263
	4
	17105854
	G
	T
	0.249
	5.102
	3.37E-07
	LDB2
	207kb downstream

	rs2938894
	9
	78480092
	A
	T
	0.030
	-5.004
	5.63E-07
	PSAT1
	150kb downstream

	rs1011275
	2
	53611701
	G
	T
	0.2393
	4.804
	1.55E-06
	ASB3
	58kb upstream

	rs4282275
	5
	54451477
	A
	G
	0.1347
	4.783
	1.72E-06
	HSPB3
	4kb upstream

	rs6547085
	2
	76410210
	G
	A
	0.0532
	4.752
	2.01E-06
	NA
	NA

	rs16855942
	4
	43363575
	A
	G
	0.3616
	-4.685
	2.79E-06
	NA
	NA

	rs10994385
	10
	46038901
	C
	G
	0.3678
	-4.661
	3.14E-06
	MSMB
	intronic

	rs35612603
	2
	98486856
	A
	G
	0.1321
	4.659
	3.18E-06
	INPP4A
	intronic

	rs16954038
	15
	70000732
	G
	C
	0.0371
	4.64
	3.48E-06
	TLE3
	47kb upstream

	rs11158418
	14
	62490392
	T
	A
	0.4699
	4.633
	3.60E-06
	KCNH5
	209kb upstream

	rs1446110
	2
	80290628
	C
	A
	0.3264
	-4.622
	3.79E-06
	CTNNA2
	intronic

	rs10779884
	2
	112130529
	A
	G
	0.4826
	4.62
	3.83E-06
	FBLN7
	8kb upstream

	rs115327327
	2
	61440832
	T
	A
	0.2722
	4.574
	4.78E-06
	USP34
	intronic

	rs111962436
	2
	223438584
	A
	T
	0.0261
	-4.571
	4.85E-06
	SCG2
	158kb upstream


[bookmark: _Toc111465838]Table 17 - 4.2 Top Hits from Add Health and ISP meta-analysis
Genome-wide association summary statistics from Add Health and ISP stuttering studies meta-analyzed using METAL. Sentinel variants from loci with p < 5 x 10-6 reported along with nearest gene annotation. NA (not available) reported for variants where the nearest protein-coding gene was more than 250kb away (either upstream or downstream according to UCSC reference genome browser). Base-pair positions listed according to human genome reference build 38. Bolded variant represents a locus that reached genome-wide significance (p < 5 x 10-8).


[bookmark: _Toc111465750]Figure 8 - 4.2 Locus Zoom plot for rs113284510
Locus zoom plot of meta-analysis stuttering associations with surrounding variants (color coded by r2 bin) and the sentinel variant (denoted by purple diamond) using EUR linkage disequilibrium (LD) generated from 1000 Genomes EUR reference. The x axis represents chromosome position (hg38) with annotated genes found within the region, the y axis represents −log10 (p value) of the association between the genetic variant and stuttering. Sentinel variant is located in either an intronic or genic upstream region of SSUH2.


[bookmark: _Toc111717147]Functional analyses

	Our colocalization analysis identified three regions in our stuttering meta-analysis showing weak association (regional colocalization probability,  0.1 > RCP  0.05) between cis-eQTLs in GTEx v8:  chr2:111630529-112630529, chr2:60940832-6194083, and chr2:97986856-98986856 (Table S4.6). In the chr2:111630529-112630529 region, the lead SNP, rs10779884, was identified as a top hit in our meta-analysis (Table 4.2) and serves as an eQTL in FBLN7 [MIM:611551] within muscle skeletal, esophagus mucosa, and brain hypothalamus tissues. The chr2:60940832-6194083 did not colocalize with any eQTLS for protein coding genes and chr2:97986856-98986856 region identified rs140321250 as the lead SNP, predicted to act as an eQTL for INPP4A [MIM:600916] in esophagus mucosa tissue (Table S4.6). 
We did not observe any significant (p < 0.05 after FDR correction) enrichment for gene ontology terms among the top 100 genes identified in our meta-analysis. We observed one significant GTEx tissue-specific enrichment205 for a gene module in the minor salivary gland (fdr corrected p =  6.63x10-3) with biological pathways implicated in processes such as extracellular matrix and structure organization, cell adhesion, anatomical structure development, nervous system development, ossification, neurogenesis, cell migration, and bone morphogenesis (Table S4.7). The nearest gene to the identified genome-wide significant hit (rs113284510), SSUH2,  was found in this gene module as well as the FBLN7 gene near another top variant hit (rs10779884) (Table 4.2). We did not observe any additional significant GTEx tissue-specific gene module enrichments.

[bookmark: _Toc111717148]Replication analysis of implicated stuttering genes from the literature

	To assess whether genetic contributions observed in families and population isolates might replicate in a population-based analysis, we assessed our data for replication of six genes that have previously been implicated in the stuttering literature46,49,54,55: DRD2, GNTAB, GNPTG, NAGPA, AP4E1, CYP17A1 (Table S4.5). We reported the lowest p value observed in our study in imputed variants within the exonic and intronic region for each gene, as well as the Bonferroni corrected p value for each top signal, based on the effective number of tests in that gene. None of the variants measured in our GWAS meta-analysis for these six genes reached statistical significance (p < 0.05) after Bonferroni correction; however, two variants neared statistical significance after Bonferroni correction: rs761057 (intron of GNPTG; p = 0.105; risk allele (T) frequency 9.9%) and rs4919687 (intron of CYP17A1; p = 0.100; protective allele (A) frequency 27%) (Table S4.5). 

[bookmark: _Toc111717149]Discussion

	Our multiethnic GWAS meta-analysis of stuttering in men and women of European, Hispanic, Asian, and African American ancestry led to the identification of one genome-wide significant (GWS) protective risk locus. The protective T allele for the index variant, rs113284510, occurred within either an intronic or genic upstream region of SSUH2, a gene previously reported to play a major role in odontogenesis. A missense mutation in SSUH2 was shown to disrupt protein structure and production, causing autosomal-dominant Dentin Dysplasia Type I [MIM: 125400] in a large Chinese family207. Interestingly, a different top meta-analysis locus, rs10779884 (Table 4.2), is found approximately 8 kilobases upstream of the FBLN7 transcription start site. FBLN7 encodes a protein that interacts with extracellular matrix molecules in developing teeth and may play important roles in differentiation and maintenance of odontoblasts and dentin formation208. Moreover, in the Genotype Tissue Expression (GTEx) database198, rs10779884 acts as an eQTL modulating FBLN7 expression across several tissues including: arteries, adipose, tibial nerve, skin, breast, skeletal muscle, heart, esophagus, pancreas, colon, and brain. Interestingly, both these genes (SSUH2 and FBLN7) appeared in a GTEx tissue-specific gene module enriched in the minor salivary gland (Table S7). This enriched gene module also included, RELN [MIM: 600514], a gene that encodes a glycoprotein produced within the developing brain. RELN has been implicated in neural traits such as Autism Spectrum Disorder (ASD) [MIM:209850]209 as well as volumetric brain measures210. Notably, a recent paper by Peter et al.211 identified likely deleterious variants in RELN inherited by two siblings affected with both ASD and childhood apraxia of speech, suggesting pleiotropic effects for RELN. A pathway analysis showed that genes in this module are involved in a myriad of biological processes such as extracellular matrix organization, nervous system development, neurogenesis, cell migration, and bone morphogenesis. This intriguing analysis provides preliminary support that genes with roles in structural organization and various neural processes might play a role in developmental stuttering risk.
Further investigation of the genome-wide significant sentinel variant, rs113284510, in GTEx198 showed that it acts as an eQTL specifically in esophagus-muscularis tissue by reducing SSUH2 expression in the presence of the protective T allele. This function might in-part be explained by its genic upstream position to SSUH2. A review of the GWAS literature also shows suggestive significance (p < 5 x 10-6) for variants located in SSUH2 with ASD212. ASD is a neurodevelopmental disorder that presents with a gradual or sudden early childhood onset, similar to developmental stuttering. Individuals with ASD exhibit impaired social interaction skills, and in moderate to severe cases, have little to no speech production beyond basic vocalizations. A possible shared genetic liability between ASD and developmental stuttering has not been published; however, disordered speech in ASD was found to be associated with mutations in the FOXP2213 [MIM:605317] and CNTNAP2 [MIM:604569] genes214,215. Although not yet specifically implicated in persistent developmental stuttering216, these genes have known associations with a broad umbrella of speech and language disorders including developmental verbal dyspraxia and developmental language disorder217.
GTEx198 also shows that the genome-wide significant sentinel variant, rs113284510, acts as an eQTL in tibial artery tissue by increasing CAV3 [MIM:601253] expression in the presence of the protective T allele. CAV3 encodes instructions for making the caveolin-3 protein, which is found in the membrane surrounding muscle cells; caveolin-3 may also help regulate calcium levels in muscle cells. As such, genetic changes in CAV3 have been implicated in various health conditions with impaired muscle function such as rippling muscle disease, limb-girdle muscular dystrophy, and hypertrophic cardiomyopathy218-223. The rs113284510 variant seems to regulate the expression of two unique genes, CAV3 and SSUH2; investigating pleiotropic effects may help unravel the potential role of these genes in modulating developmental stuttering risk. 
	Among our meta-analysis top hits (Table 4.2), we observed nine variants suggestively associated with stuttering risk (p < 5 x 10-6) of obscure functional consequence (rs58528263, rs2938894, rs1011275, rs4282275, ​​rs6547085, rs16855942, rs16954038, rs11158418, rs111962436). Our gene ontology and GTEx tissue-specific gene module enrichment analysis did not provide any additional illumination for these associations.
For the other six suggestively associated loci, our GTEx198, Open Targets Genetics Portal202, and GWAS catalog224 searches uncovered initial clues as to their possible function. For example, our GWAS meta-analysis identified a risk locus that neared genome-wide significance (rs34919320, p = 2.93 x 10-7) in an intronic region of GPATCH2 [MIM:616836 ], a gene that encodes a nuclear factor that plays a role in spermatogenesis and tumor growth during breast cancer225. Investigation of rs34919320 in GTEx198 also supports a possible role for GPATCH2 in spermatogenesis, showing that the risk allele G acts as an eQTL in testis tissue by reducing GPATCH2 expression. Another top hit (rs115327327, p = 4.78 x 10-6) is found in an intronic region of USP34 [MIM:615295], which encodes a ubiquitin protein. In a large study of testosterone and related sex hormones in 425,097 UK Biobank participants, other intronic variants in USP34 were associated with sex hormone-binding globulin (SHBG)226. SHBG controls how much testosterone, dihydrotestosterone, and estradiol are delivered throughout the body; however, the SHBG blood test is primarily used to determine testosterone levels (medlineplus.gov/lab-tests/shbg-blood-test/)227. These findings motivate further exploration into population-based genetic effects that might contribute to the sexually dimorphic nature of stuttering. At stuttering onset, the male to female ratio is more even (between 1:1 and 2:111); however, females are more likely to recover from stuttering changing the male to female ratio to 4:1 as observed in adults3. The mechanisms for this observed sex discrepancy are not well understood and initial clues into possible causal genetics are unclear. A paper by Mohammadi et al. provides preliminary insight: They measured testosterone levels in children who stutter and their control counterparts and found higher levels of testosterone and its metabolites in children who stutter55. Observed stuttering susceptibility was also reported in association with CYP17A155, a gene that encodes the instructions to make an enzyme involved in steroid hormone synthesis. Interestingly, work by Anthoni et al. has also shown that variants in CYP19A1 [MIM:609300], a gene in the same cytochrome P450 family as CYP17A1, are associated with quantitative measures of language and speech, such as phonological processing and oral motor skills228.  These results combined with our associations suggest that variants involved in the regulation of sex hormones may contribute to stuttering risk. Follow-up analysis to determine if these associations reach genome-wide significance and replicate in an independent dataset is warranted, particularly in a larger dataset powered to perform sex-stratified analyses.
	Another intriguing suggestive association with stuttering susceptibility at the population-level, included the identification of a protective variant in an intronic region of CTNNA2 [MIM:114025] (rs1446110, p = 3.79 x 10-6), which encodes Catenin alpha-2 protein. Catenin alpha-2 plays a critical role in cortical neuronal migration and neurite growth229. Another identified protective variant (rs10994385, p = 3.14 x 10-6) occurred in an intronic region of MSMB [MIM:157145], a gene that encodes a member of the immunoglobulin binding factor and is synthesized by prostate epithelial cells230,231. Other variants in MSMB have shown association with prostate cancer232,233. Finally, an identified risk variant, rs35612603, occurred in an intronic region of INPP4A, a gene that encodes a Mg2+ enzyme to hydrolyze the 4-position of the inositol ring234. In the GWAS Catalog summary statistics repository224, the top five traits associated with variants within INPP4A included: use of prednisolone medication, time employed in current main job, unspecified personality disorders, hypopituitarism, and brain cancer/tumor. Although these initial associations lay a foundation for possible common developmental stuttering susceptibility variants, future replication analyses to determine if these associations reach genome-wide significance and replicate in independent datasets will be integral to the design of functional validation analyses.  
	As an initial investigation into possible shared genetic contributions between familial developmental stuttering and the risk of developmental stuttering in the general population, we performed a replication analysis for six published stuttering risk genes (Table S4.5). Since the observed causal variants in these family-based studies46,49,54,55 were not directly measured on our arrays, too rare to impute with accuracy, and too rare to estimate robust effects given our sample size, we instead looked for any potential effects from common variants in and around these genes. After performing locus-based Bonferroni correction for the number of independent tests in each locus, we did not identify any significant common variant effects in these six genes, thus suggesting that the genetic architecture detected to date in families highly enriched with individuals who stutter is largely distinct from the common genetic drivers of stuttering in general populations. However, we did observe common variant signals that neared nominal statistical significance after regional test correction at GNPTG (rs761057; p = 0.105) and CYP17A1 (rs4919687, p = 0.100), suggesting that studies with greater sample size and improved power may identify shared familial and population genetic contributions for these stuttering risk genes. Another postulation is that common and rare variation act additively to create risk in developmental stuttering, as was observed in a recent study of the genetics underlying ASD. The authors developed a polygenic transmission disequilibrium test (pTDT) and demonstrated that common and rare variation act additively in ASD235. As this study is underpowered to detect effects of rare variants (see Figure S4.4 for Power Curve), future investigations performing a pTDT, using the data presented here, to create a polygenic risk score capturing common genetic stuttering liability are warranted. 
	This study has a few potential limitations, the most significant of which is the sample size. Our sample of a little over 2,000 cases is not sufficient to identify definitive developmental stuttering susceptibility variants, especially if a myriad of common variants of very small effect prove to impact its liability (Figure S4.4). Relatedly, our study has insufficient power for stratified analyses examining additional clinical variables of interest such as sex or recovery status (persistence). This study also lacked a sufficient sample size to divide the data into a training and testing set for polygenic risk score development; for example; PRS-CS recommends tens of thousands of cases for their approach148. Akin to other neurologic polygenic traits such as Tourette’s57,58 [MIM:137580], ASD59,60, and schizophrenia [MIM:181500], establishing and independently validating common variant trait liability to stuttering will most likely require studies of tens of thousands of subjects61. Furthermore, replicating the results herein is critical. Although, our study identified rs113284510 as significantly associated with stuttering in our meta-analysis, both the strength of association and quality of imputation (ISP: beta = -0.282 and INFO = 0.860; Add Health: beta = -0.787 and INFO 0.478) for this SNP varied in each contributing study (Table S4.2). Furthermore, the exact biologic context of this association remains obscure. Our functional analyses implicated the variant, rs113284510, in SSUH2, which our GTEx tissue-specific gene module enrichment test identified as enriched for a gene module in the minor salivary gland (Table S4.7). Although our pathway analysis showed that genes in this module are involved in processes such as nervous system development and neurogenesis, the module was not significantly enriched within any brain tissues. This lack of observed enrichment in brain tissues might be a model limitation. Furthermore, gene modules were built using adult GTEx data and it has been hypothesized that genes influencing other speech traits, such as childhood apraxia of speech, are likely expressed during prenatal and early postnatal brains236. Since our modules relied on adult brain data, we could be missing relevant mechanistic correlations with our genetic findings. Nonetheless, the fact that our stuttering associated variant and genes appear to have neural functions suggests a role for these genes that warrant future study. Finally, despite the success of this study in identifying both genome-wide significant and suggestively significant signals for stuttering in the general population, we anticipate that the power limitations of our presented study can be resolved by substantial increases in the number of stuttering cases collected for GWAS and inclusion of diverse ancestries. 
Most importantly, this study lays necessary groundwork for the identification of additional common developmental stuttering susceptibility variants in larger population-wide cohorts and helps to provide a more complete understanding of the full genetic architecture for this common speech condition, with the potential of uncovering etiology, pathophysiology, and eventual therapeutic targets.

[bookmark: _Toc111717150]Supporting Information

	ICD codes used to identify developmental stuttering patients in BioVU

	ICD-9 Code
	ICD-10 Code
	Definition

	315.35
	F80.81
	Childhood Onset Fluency Disorder

	315.39
	F80.0, F80.89, F80.9
	Other developmental speech or language disorder


[bookmark: _Toc111465839]Table 18 -  S4.1 ICD9/10 Exclusion criteria
Table depicts ICD codes applied as exclusion criteria for the selection of ancestry- and sex-matched population-based controls for the ISP GWAS of clinically ascertained cases. 


[bookmark: _Toc111465840]Table 19 - S4.2 Genome-wide significant meta-analysis hits with individual annotations
https://ars.els-cdn.com/content/image/1-s2.0-S2666247721000543-mmc2.xlsx 

	rsID
	CHR
	Position
	Effect Allele
	Other Allele
	EAF
	INFO
	BETA
	SE
	OR
	P VALUE
	Nearest gene
	Location

	NA
	2
	78519487
	T
	TA
	0.343
	0.991
	-0.270
	0.051
	0.763
	1.08E-07
	NA
	NA

	NA
	4
	172506840
	C
	CTACTCATGAG
	0.067
	0.682
	0.587
	0.116
	1.80
	4.23E-07
	GALNTL6
	intronic

	rs61859204
	10
	43660815
	T
	C
	0.095
	0.989
	0.407
	0.081
	1.50
	5.02E-07
	NA
	NA

	rs7197535
	16
	24382574
	G
	A
	0.1144
	0.982
	0.370
	0.074
	1.45
	6.20E-07
	CACNG3
	20kb downstream

	rs10994295
	10
	46040909
	C
	T
	0.499
	0.487
	0.418
	0.084
	1.512
	6.42E-07
	MSMB
	intronic

	rs1045247
	1
	226994874
	A
	G
	0.180
	0.985
	0.302
	0.062
	1.352
	1.05E-06
	CDC42BPA
	exonic

	rs6427338
	1
	156953690
	C
	A
	0.037
	0.705
	0.730
	0.150
	2.08
	1.13E-06
	ARHGEF11
	intronic

	rs904872
	15
	97520985
	T
	C
	0.071
	0.402
	0.715
	0.148
	2.04
	1.35E-06
	NA
	NA

	rs144946999
	2
	25505099
	G
	A
	0.012
	0.972
	1.07
	0.223
	2.90
	1.71E-06
	DTNB
	intronic

	rs10817935
	9
	116790777
	T
	C
	0.234
	0.971
	-0.278
	0.059
	0.758
	2.35E-06
	ASTN2
	intronic

	rs2774497
	13
	103286349
	C
	T
	0.086
	0.971
	-0.413
	0.089
	0.661
	3.19E-06
	SLC10A2
	220kb downstream

	rs182338960
	14
	85216697
	G
	A
	0.021
	0.916
	0.817
	0.176
	2.265
	3.24E-06
	SNORD3P3
	55kb upstream

	rs9531835
	13
	31400237
	C
	G
	0.188
	0.890
	0.301
	0.065
	1.351
	3.42E-06
	B3GLCT
	68kb downstream

	rs34711070
	4
	182770462
	C
	G
	0.482
	0.888
	0.239
	0.052
	1.27
	3.61E-06
	TENM3
	intronic

	rs74434153
	4
	33128906
	C
	T
	0.045
	0.882
	0.556
	0.121
	1.74
	4.01E-06
	NA
	NA

	rs13183297
	5
	1200770
	G
	C
	0.232
	0.917
	0.275
	0.060
	1.32
	4.19E-06
	SLC6A19
	1kb upstream

	rs12613469
	2
	131920387
	A
	C
	0.146
	0.936
	-0.342
	0.074
	0.710
	4.30E-06
	CDRT15P3
	119kb downstream

	rs549259468
	4
	118420869
	G
	C
	0.012
	0.970
	1.01
	0.221
	2.75
	4.90E-06
	PRSS12
	68kb downstream

	rs71571436
	6
	166126728
	T
	C
	0.030
	0.985
	-0.703
	0.154
	0.495
	4.91E-06
	TBXT
	31kb upstream


[bookmark: _Toc111465841]Table 20 - S4.3. Top hits from ISP genome wide association study
Table includes nineteen sentinel variants from loci with p < 5 x 10-6. NA (not available) reported for variants where the nearest protein-coding gene was more than 250kb away (either upstream or downstream according to UCSC reference genome browser). Location indicates approximate position from nearest gene. Base-pair positions listed according to human genome reference build 38.

	rsID
	CHR
	Position
	Effect Allele
	Other Allele
	EAF
	INFO
	BETA
	SE
	OR
	P VALUE
	Nearest gene
	Location

	rs76016608
	21
	36661116
	T
	G
	0.082
	0.937
	0.530
	0.102
	1.70
	2.08E-07
	RUNX1
	240kb downstream

	rs77605856
	5
	63572220
	G
	T
	0.062
	0.508
	0.799
	0.154
	2.22
	2.18E-07
	RNF180
	intronic

	rs113284510
	3
	8725187
	T
	C
	0.079
	0.478
	-0.787
	0.152
	0.455
	2.23E-07
	SSUH2
	intronic

	NA
	12
	29759906
	G
	GCC
	0.380
	0.970
	0.288
	0.056
	1.33
	2.27E-07
	TMTC1
	intronic

	rs61936749
	12
	95114780
	T
	C
	0.081
	0.876
	0.551
	0.107
	1.74
	2.35E-07
	TMCC3
	70kb downstream

	rs57878561
	2
	52386461
	C
	G
	0.087
	0.724
	0.565
	0.114
	1.76
	6.79E-07
	NA
	NA

	rs3098526
	15
	27840730
	C
	T
	0.461
	0.862
	-0.289
	0.058
	0.749
	7.27E-07
	GABRG3
	62kb downstream

	rs11193269
	10
	108998421
	T
	A
	0.080
	0.872
	0.523
	0.106
	1.69
	7.69E-07
	SORCS1
	74kb downstream

	rs58528263
	4
	17107477
	G
	T
	0.226
	0.991
	0.329
	0.067
	1.39
	9.13E-07
	LDB2
	207kb downstream

	rs1491167301
	1
	173738919
	C
	CA
	0.257
	0.456
	0.447
	0.091
	1.56
	9.19E-07
	KLHL20
	intronic

	rs915383
	14
	101651628
	T
	C
	0.067
	0.563
	0.687
	0.142
	1.99
	1.23E-06
	NA
	NA

	rs73479865
	9
	25555477
	C
	T
	0.026
	0.864
	0.818
	0.173
	2.27
	2.12E-06
	TUSC1
	121kb upstream

	rs73859317
	3
	106215273
	G
	C
	0.031
	0.896
	0.770
	0.163
	2.16
	2.29E-06
	NA
	NA

	rs78908171
	8
	70551392
	A
	G
	0.114
	0.806
	0.452
	0.096
	1.57
	2.49E-06
	SULF1
	intronic

	rs6824924
	4
	38761762
	G
	T
	0.109
	0.543
	-0.556
	0.119
	0.573
	2.92E-06
	TLR10
	12kb upstream

	rs35164368
	9
	100375608
	G
	A
	0.046
	0.875
	0.648
	0.139
	1.92
	3.17E-06
	TSTD2
	intronic

	rs2070394
	21
	35239405
	T
	A
	0.324
	0.979
	0.272
	0.059
	1.31
	3.69E-06
	ITSN1
	intronic

	rs151193015
	1
	173441135
	C
	G
	0.034
	0.647
	0.865
	0.188
	2.38
	4.07E-06
	NA
	NA

	rs28380337
	5
	153785436
	T
	G
	0.064
	0.910
	0.560
	0.122
	1.75
	4.31E-06
	NA
	NA

	rs564196491
	11
	58977318
	G
	del(TATGTGTGTGCGTGTGTGTGTGTGTGT)
	0.388
	0.640
	-0.312
	0.068
	0.732
	4.35E-06
	MPEG1
	3' UTR

	rs3786426
	18
	9792798
	T
	C
	0.144
	0.544
	0.466
	0.101
	1.59
	4.40E-06
	RAB31
	intronic

	NA
	7
	125074119
	A
	AT
	0.098
	0.746
	0.480
	0.105
	1.62
	4.49E-06
	NA
	NA

	rs2868820
	4
	84811756
	A
	G
	0.478
	0.750
	0.282
	0.062
	1.33
	4.86E-06
	NA
	NA

	rs2433647
	12
	23018273
	G
	A
	0.341
	0.980
	0.265
	0.058
	1.30
	4.90E-06
	ETNK1
	175kb downstream


[bookmark: _Toc111465842]Table 21 - S4.4 Top hits from Add Health stuttering genome wide association study
Table includes twenty-four sentinel variants from loci with p < 5 x 10-6. NA (not available) reported for variants where the nearest protein-coding gene was more than 250kb away (either upstream or downstream according to UCSC reference genome browser). Location indicates approximate position from nearest gene. Base-pair positions listed according to human genome reference build 37.

	Study
	Gene
	Chr:bp (Gene)
	Population Architecture
	N SNPs
	Lowest pval in our study
	effN tests
	Adj pval
	Rsid
	Chr:pos
(Rsid)
	Effect Allele
	Other Allele
	EAF
	Zscore

	Lan, et al. 200931
	DRD2
	chr11:113,409,605-113,475,398
	Case-control  (gender-matched controls) association study focusing specifically on dopaminergic gene haplotypes and allele frequencies among SNPs in the Han Chinese population
	167
	0.034
	22
	0.748
	rs12805897
	11: 113453571
	A
	G
	0.063
	2.12

	Kang, et al. 201032
	GNPTAB
	chr12:101,745,499-101,830,959
	77 unrelated Pakistani individuals that stutter plus unrelated cases from 46 Pakistani families (see Suresh et al.), 270 affected unrelated individuals from N. America & England
	199
	0.013
	14
	0.182
	rs55764824
	12:101788264
	T
	C
	0.087
	-2.48

	
	GNPTG
	chr16:1,351,931-1,364,113
	
	19
	0.015
	7
	0.105
	rs761057
	16:1354725
	T
	C
	0.099
	2.43

	
	NAGPA
	chr16:5,024,844-5,034,141
	
	28
	0.022
	6
	0.132
	rs34742205
	16:5030890
	A
	G
	0.105
	-2.29

	Raza, et al. 201533
	AP4E1
	chr15:50,908,683-51,005,895
	Camroonian family + probands from Cameroon, Pakistani, and N. America
	224
	0.126
	9
	1
	rs79933276
	15:50928230
	T
	A
	0.024
	-1.53

	Mohammadi, et al. 201730
	CYP17A1
	chr10:102,830,531-102,837,472
	Case-control (age and ethnic background matched) study of Kurdish population aged 3-9 years from western Iran
	17
	0.025
	4
	0.1
	rs4919687
	10:102835491
	A
	G
	0.27
	-2.24


[bookmark: _Toc111465843]Table 22 - S4.5 Summary of genes implicated in developmental stuttering from the literature
Reported p value represents the lowest p value identified in the gene found within our meta-GWAS. Adjusted p value (Adj pval) represents the Bonferroni corrected p value after adjusting for the effective number of tests (effN tests). Chromosome and base-pair positions listed according to human genome reference build 38.




	Region
	Gene
	RCP
	# of SNPs
	Lead SNP
	Max SCP
	Tissue

	chr2:111630529-112630529
	FBLN7
	0.092
	10
	rs10779884
	0.030
	Muscle Skeletal

	chr2:111630529-112630529
	FBLN7
	0.063
	13
	rs4849044
	0.025
	Muscle Skeletal

	chr2:111630529-112630529
	FBLN7
	0.062
	16
	rs10779884
	0.025
	Esophagus Mucosa

	chr2:111630529-112630529
	FBLN7
	0.060
	14
	rs6707397
	0.023
	Brain Hypothalamus

	chr2:60940832-61940832
	NA
	0.052
	7
	rs74181273
	0.046
	Esophagus Muscularis

	chr2:60940832-61940832
	NA
	0.051
	5
	rs74181273
	0.033
	Esophagus Gastroesophageal Junction

	chr2:97986856-98986856
	INPP4A
	0.050
	4
	rs140321250
	0.018
	Esophagus Mucosa


[bookmark: _Toc111465844]Table 23 - S4.6. Identified genomic regions colocalizing with cis-eQTLs
Identified genomic regions that showed the highest probability of a colocalized association signal between cis-eQTLs in GTEx_v8 and stuttering meta-analysis hits. A region is listed if its regional colocalization probability (RCP) is  0.05. Max SCP (SNP-level colocalization probability) indicates the maximum probability reported for each SNP identified in the indicated region. The affected protein-coding gene is listed; “NA” indicates no identified protein-coding gene. The tested tissue indicated in the tissue column. SNP in bold was identified as a top hit in the meta-analysis. Region positions refer to human genome reference build 38. 
	Gene
	Gene Count
	Adj pval
	pval
	Tissue
	Biological Process

	SSUH2/LRRTM1/FBLN7/ELOVL2/RELN/MAB21L2/SEMA6D
	7
	6.63E-03
	5.10E-04
	Minor Salivary Gland
	Extracellular matrix and structure organization, cell adhesion, anatomical structure development, developmental process, nervous system development, ossification, neurogenesis, cell migration, bone morphogenesis

	PSAT1/SMURF1/PDE6D/ELOVL2/
ERBB4/RASSF8/NFATC2/ZNF496/
DCTN4/C4orf19/RLBP1
	11
	0.123
	0.012
	Brain Cortex
	organic acid catabolic process, carboxylic acid catabolic process, small molecule catabolic process, monocarboxylic acid catabolic process, fatty acid catabolic process, organic acid metabolic process, small molecule metabolic process, oxoacid metabolic process

	QDPR/PLLP/TMCC3
	3
	0.137
	0.019
	Cerebellar Hemisphere
	ensheathment of neurons, axon ensheathment, myelination, neurogenesis, oligodendrocyte differentiation, glial cell differentiation, nervous system development, generation of neurons

	USP34/RELN/C14orf132/EXOSC6
/FRY
	5
	0.137
	0.025
	Cerebellar Hemisphere
	DNA binding, transcription regulator activity, metal ion binding, nucleic acid binding

	DSEL/QDPR/PLLP/TMCC3
/EFNA1
	5
	0.167
	0.033
	Brain Cortex
	ensheathment of neurons, axon ensheathment, myelination, neurogenesis, oligodendrocyte differentiation, glial cell differentiation, nervous system development, generation of neurons

	QDPR/SLC48A1/PLLP/TMCC3
	4
	0.178
	0.023
	Cerebellum
	ensheathment of neurons, axon ensheathment, myelination, neurogenesis, oligodendrocyte differentiation, glial cell differentiation, nervous system development, generation of neurons

	INPP4A/USP34/TBC1D30/RELN
/UNC13C/C14orf132/FRY/SACM1L
	8
	0.178
	0.040
	Cerebellum
	DNA binding, transcription regulator activity, metal ion binding, nucleic acid binding

	DSEL/QDPR/CDC42BPA/SEMA6D
/PLLP/ TMCC3
	6
	0.199
	0.017
	Caudate basal ganglia
	ensheathment of neurons, axon ensheathment, myelination, neurogenesis, oligodendrocyte differentiation, glial cell differentiation, nervous system development, generation of neurons

	GPATCH2/NCAM2/ERBB4/RPAP3/ SACM1L
	5
	0.224
	0.022
	Brain putamen basal ganglia
	mitochondrial ATP synthesis coupled electron transport, ATP synthesis coupled electron transport, aerobic electron transport chain, respiratory electron transport chain, oxidative phosphorylation

	UNC50/RPAP3/SACM1L
	3
	0.327
	0.025
	Brain cervical spinal cord
	sterol biosynthetic process, secondary alcohol biosynthetic process, cholesterol biosynthetic process, secondary alcohol metabolic process, alcohol biosynthetic process, cholesterol metabolic process, central nervous system development sterol metabolic process

	GPATCH2/TLE3/CDC42BPA
	3
	0.345
	0.049
	Brain substantia nigra
	regulation of histamine secretion by mast cell

	SSUH2/RPAP3/ZNF496/SLC48A1/
DCTN4/WDR27
	6
	0.367
	0.049
	Amygdala
	nitrogen compound metabolic process, cellular metabolic process

	QDPR/DTX4/CDC42BPA/PLLP
/TMCC3
	5
	0.415
	0.048
	Brain nucleus accumbens basal ganglia
	ensheathment of neurons, axon ensheathment, myelination, neurogenesis, oligodendrocyte differentiation, glial cell differentiation, nervous system development, generation of neurons


[bookmark: _Toc111465845]Table 24 - S4.7. Module enrichment analysis performed using eMAGMA
The Genes column indicates the gene set enriched in our Add Health and ISP meta-analysis and gene count indicates the number of genes in each module. Genes highlighted in bold were identified as a nearest gene for a meta-analysis top hit (see Table 4.2). Module enrichment reported for any gene tissue-specific analysis with a raw p < 0.05, “Adj pval” indicates the FDR corrected p value. A competitive gene pathway analysis was performed on tissue-specific gene co-expression modules using g:Profiler (https://biit.cs.ut.ee/gprofiler/gost). The biological process column describes biological pathways of tissue-specific modules enriched with stuttering gene-based signals.




[bookmark: _Toc110860860][bookmark: _Toc110939884]
[bookmark: _Toc111465751]Figure 9 - S4.1 Experimental workflow
Diagram indicates the flow and sequence of applied quality control filters for each analyzed dataset (ISP cases and controls and Add Health samples). Details for each step are depicted in the methods section.



[bookmark: _Toc111465752]Figure 10 - S4.2 Manhattan and QQ plot for ISP GWAS
 Analysis included 1,345 cases and 6,759 ancestry and sex-matched controls for 8,987,507 variants imputed across autosomes using the TOPMed reference. No loci reached genome-wide significance (red line p < 5 x 10-8). Nineteen loci reached suggestive genome-wide significance (blue line p < 5 x 10-6).




[bookmark: _Toc111465753]Figure 11 - S4.3 Manhattan and QQ plot for Add Health GWAS
Analysis included 785 cases and 7,572 controls for 8,986,005 variants imputed across autosomes using the 1000 Genomes Reference. No loci reached genome-wide significance (red line p < 5 x 10-8); twenty-four loci reached suggestive genome-wide significance (blue line p < 5 x 10-6).



[bookmark: _Toc111465754]Figure 12 - S4.4 Power curve for stuttering meta-analysis
Power calculation included 2,130 cases and 14,331 controls and assumed a two-sided hypothesis test at p < 5 x 10-8, an additive model, and a developmental stuttering population prevalence of 1%. Each color represents estimated power for the disease allele frequency indicated in the figure legend.



















[bookmark: _Toc111717151]CHAPTER 5
[bookmark: _Toc111717152]THE GENETIC BASIS OF STUTTERING


[bookmark: _Toc111717153]Introduction

Developmental stuttering is the most common fluency disorder with more than 400 million people affected worldwide and a lifetime prevalence of about 5-8% among global populations.1,3 Stuttering is characterized by syllable and word repetitions, sound prolongations, and involuntary breaks in words that disrupt the forward movement of speech. The onset of developmental stuttering typically occurs during childhood between ages 2 and 5, however, an estimated 80% of children who stutter will spontaneously recover, with or without the aid of speech therapy. For the children and adults who experience persistent stuttering, disfluency can have a profound life impact. Children and adolescents who stutter experience increased bullying, decreased classroom participation, and report a more negative educational experience.19-21 For adults, stuttering can have a negative impact on employability, perceived job performance, socioeconomic status, and mental and social well-being.20-23 Moreover, those who persistently stutter often seek therapy throughout life to manage their speech disfluency and its psychosocial impact.18 Despite its effect on quality of life and widespread prevalence, the etiology of developmental stuttering remains evasive.
Studies of stuttering within families, twins, and population isolates provide overwhelming evidence for a strong genetic influence on stuttering risk.46,48,49,54,55,177-179,181,185 The two largest twin studies (each with a sample size greater than 20,000) provide evidence for its heritability with estimates ranging from 0.42 to 0.84.33,34 Linkage and other family-based approaches have successfully identified rare and private genetic variation with large effect sizes; however, pinpointing and replicating effects of causal genes has proven to be more challenging. To date, family studies have identified six candidate causal stuttering genes: Genes involved in the mannose-6-phosphate lysosomal pathway – GNPTAB, GNPTG, and NAGPA49,50; DRD246; AP4E154; and CYP17A1.55 However, efforts to replicate these findings in other families/populations have not yet validated the observed effects.47,56
Recent efforts to broaden genetic investigation into the etiology of developmental stuttering have demonstrated that common genetic variation also contributes to susceptibility. Polikowsky et al. (HGG Advances 2022, see Chapter 4)237 accrued a global and multiethnic clinically ascertained case set and reported genome-wide association findings of a meta-analysis study of developmental stuttering (N = 16,461; n cases = 2,130 cases; see Table 16 chapter 4). They identified one genome-wide significant locus, the tag variant occurring in an isoform-dependent intronic or upstream region of SSUH2, a gene previously reported to play a major role in odontogenesis. Furthermore, Shaw et al. (AJHG 2021, Chapter 3)238 leveraged a machine learning algorithm (PheML)131 to phenotypically predict stuttering in a large electronic-health record (EHR)-linked biobank repository where disfluency diagnoses are not well-captured. This algorithm used a constellation of comorbid stuttering conditions to identify high-likelihood developmental stuttering cases independent of traditional clinical diagnoses. Shaw et al. then performed ancestry-specific genome-wide association studies (GWAS) within the biobank data, accruing a sample size of 92,742 individuals (9,239 algorithm-predicted cases): Their study identified one genome-wide significant locus in the European cohort (n cases = 6,330, see Table 10 in chapter 3), implicating FAM49A, a gene associated with cleft lip and palate.239-242 The next top hit, rs7837758, occurred in an intronic region of ZMAT4 and neared genome-wide significance in the African cohort (n cases = 1,853; p = 5.07 x 10-18, see Figure 5 in Chapter 3). Variants within ZMAT4 have previously been observed to be associated with myopia and fasting blood glucose in African Americans159,160 and ZMAT4 has been observed to be highly expressed in the central nervous system154. 
These prior investigations, leveraging both family data and global outbred populations, demonstrate that stuttering genetic risk factors are complex and involve both familial and population variation. To date, two population studies of stuttering have been published in the literature, reporting 2 genomic loci that confer stuttering risk at the population-level; while, published familial studies of stuttering have implicated 6 genes (see Table 2, chapter 1). Despite this progress, the biological context of associated variants and implicated stuttering genes remains opaque. Larger sample sizes are urgently needed to elucidate genetic risk factors for this common complex trait, especially to examine clinical variables of interest such as sex or recovery status (persistence vs. recovered stuttering).
Stuttering represents a sexually dimorphic trait. At stuttering onset the male-to-female ratio remains even (between 1:1 or 2:111). However, females are more likely to recover, changing the male-to-female ratio to 4:1 as observed in adults3; in turn, confounding recovery status with sex. The biological cause of this sex discrepancy, linked to recovery status, remains unclear with preliminary evidence pointing to hormone regulation modulating stuttering risk. For example, a study by Mohammadi et al.55 measured testosterone levels in children who stutter and their control counterparts and found higher levels of testosterone and its metabolites in children who stutter. Stuttering susceptibility was also associated with CYP17A1, a gene that encodes the instructions to make an enzyme involved in steroid hormone synthesis. In a separate study by Anthoni et al.228 they demonstrated that variants in CYP19A1 (in the same gene family as CYP17A1) are associated with quantitative measures of speech and language. 
Genetic studies of other complex polygenic traits with heritability estimates comparable to stuttering (e.g. insomnia64, Impulse Control Disorder in Parkinson’s66, beat synchronization65) have revealed genetic factors essential to understanding the molecular basis of the trait. Such studies have even built predictive models that leverage genetic risk markers (E.g. Impulse Control Disorder in Parkinson’s66). Moreover, such studies have also successfully leveraged questionnaires and surveys to amass a well-powered sample size via self-report data. We anticipate that a similarly or larger genetic study leveraging self-report data could also yield import biological insights for stuttering, including performing sex-stratified analyses.
Here, we report results from eight sex- and ancestry- specific genome-wide association studies of self-reported stuttering among 23andMe participants who answered the survey question: “Have you ever had a stammer or stutter?” This analysis comprised a sample size of more than 1 million individuals (99,776 cases; Table 25), and was well-powered to detect stuttering risk alleles with modest effect size. This exceptionally well-powered study provides a first look into the complex genetic architecture of developmental stuttering, identifying 24 novel genome-wide significant loci, enabling creation of an independently validated polygenic risk score, and providing an opportunity to explore genetic correlations between stuttering and its comorbidities. Together, these remarkable advances inform our understanding of the molecular etiology of stuttering and lay groundwork for the future of precision care in developmental speech disorders.

[bookmark: _Toc111465846]Table 25 - Demographic distribution for subjects used in genome-wide association studies
	
	Cases
	Controls

	Age
	0-30
	30-45
	45-60
	60+
	Total
	0-30
	30-45
	45-60
	60+
	Total

	African American
	Male
	406
	817
	655
	602
	2,480
	1,228
	3,561
	3,435
	3,273
	11,497

	
	Female
	854
	936
	735
	493
	3,008
	3,477
	6,760
	6,403
	5,135
	21,775

	East Asian
	Male
	259
	556
	191
	128
	1,134
	896
	2,585
	1,452
	1,102
	6,035

	
	Female
	510
	446
	176
	73
	1,205
	3,542
	4,569
	2,405
	1,626
	12,142

	European
	Male
	4,571
	10,585
	9,408
	13,693
	38,257
	20,615
	77,226
	86,742
	151,439
	336,022

	
	Female
	8,402
	10,728
	9,813
	11,194
	40,137
	48,620
	124,027
	142,141
	215,146
	529,934

	Admixed American
	Male
	1,609
	2,416
	1,313
	1,008
	6,346
	5,223
	14,225
	10,589
	8,823
	38,860

	
	Female
	2,344
	2,344
	1,359
	847
	7,209
	12,522
	23,697
	17,439
	13,320
	66,978

	Total
	
	99,779
	
	1,023,243


 
Cases and controls determined through the survey question, “Have you ever had a stammer or stutter?” Cases represent individuals who answered “yes” to this question and controls represent individuals who answered “no”.

[bookmark: _Toc111717154]Results
[bookmark: _Toc111717155]Study Overview
We accumulated ancestry- and sex-specific self-report association summary statistics from 8 independent genome-wide association studies for a total of 1,023,243 controls and 99,779 cases across four ancestry groups (Table 25). Ancestry group refers to individuals with similar genetic background. In each study, we considered autosomal variants that were successfully imputed across all platforms and reached our quality control thresholds (see Methods for details). 
[bookmark: _Toc111717156]Ancestry- and sex-specific genome-wide association studies
Across all 8 independent studies, we identified 24 loci (Figures 29-52) associated with stuttering at the conventional genome-wide significance threshold of P < 5x10-8: 9 loci were associated with stuttering in the European-female study, 10 loci in the European-male study, 3 loci in the African-male study, 1 locus in the Admixed-American-female and Admixed-American male study (Figure 13, 22-28). No loci reached genome-wide significance in the African-female GWAS, the East Asian-female GWAS, nor the East Asian-male GWAS. The top 2 associations in the European-female GWAS were independently replicated in another sex and ancestry-specific GWAS in the 23andMe dataset (Table 27). In the European-male GWAS 6 out of 10 of the genome-wide significant loci were independently replicated in one or more sex and ancestry-specific GWAS (Table 26). We did not observe any replication for the 5 genome-wide significant signals in our non-European studies (Table 34). 
Sentinel hits from the European-male GWAS identified signals implicating VRK2, CAMTA1, MYO16, MMAB, CTNND2, SEMA6D, IRS2, and COL14A1 as the most likely (Open Targets V2G pipeline202) impacted functional gene (Table 26). Sentinel hits from the European-female GWAS identified signals implicating SLC39A8, DCC, SRPK2, NMUR2, TSHZ2, and MITF as the mostly likely impacted functional genes (Table 27). Sentinel hits from the African American-male GWAS implicated PTPRQ, SHISA2, and CYTH4 as likely functional genes; Admixed American-female GWAS implicated SORCS1; and Admixed American-male GWAS implicated RGCC (Table 34).


[bookmark: _Toc111465755]Figure 13 - 5.1 Miami plot for European female and European male genome-wide association studies
The European female association study (top panel in orange) included 570,071 total samples (40,137 self-reported stuttering cases) and 29,449,463 autosomal variants. Nine loci reached genome-wide significance (dotted line p < 5E-8). The European Male association study (bottom panel in blue) included 374,279 total samples (38,257 self-reported stuttering cases) and 29,409,446 autosomal variants. Ten loci reached genome-wide significance (dotted line p < 5E-8). The x axis represents chromosome base pair coordinates in human genome build 37 and the y axis represents observed -log10(p) for each GWAS. Annotated genes for each GWAS includes the predicted functional gene for each loci (when available) according to Open Targets V2G pipeline, which integrates evidence from molecular quantitative trait loci, chromatin interactions, in silico functional predictions from Ensembl, and distance between the variant and gene canonical transcription start site.







	rsid
	chr
	pos_b37
	EA
	NEA
	EAF
	OR [95% CI]
	p value
	Functional Gene(s)
	Location
	Replicating Study

	rs35609938
	2
	58756729
	T
	C
	0.501
	0.95 [0.93 - 0.96]
	5.84E-12
	VRK2
	FANCL---[]
	EUR-F

	rs1040225
	2
	58139593
	G
	A
	0.598
	1.05 [1.04 - 1.07]
	1.82E-11
	VRK2
	[VRK2]
	EUR-F

	rs34394051
	1
	6853091
	G
	A
	0.157
	1.07 [1.04 - 1.09]
	1.51E-09
	CAMTA1
	[CAMTA1]
	EUR-F

	rs545889942
	2
	104116510
	I
	D
	0.445
	1.05 [1.03 - 1.06]
	5.07E-09
	NA
	TMEM182---[]
	NA

	rs72664949
	13
	109280508
	G
	A
	0.245
	1.06 [1.04 - 1.07]
	7.42E-09
	MYO16
	[MYO16 ]
	NA

	rs10850379
	12
	110002777
	T
	C
	0.445
	1.04 [1.03 - 1.06]
	1.77E-08
	MMAB
	[MMAB]
	EUR-F, AMR-M

	rs62337988
	5
	12031700
	T
	A
	0.317
	1.05 [1.03 - 1.07]
	2.04E-08
	CTNND2
	CTNND2---[]
	EUR-F

	rs11353659
	15
	48059138
	I
	D
	0.637
	0.96 [0.94 - 0.97]
	2.56E-08
	SEMA6D
	[SEMA6D]
	EUR-F

	rs58120907
	13
	110413514
	G
	A
	0.666
	0.96 [0.94 -0.97]
	4.81E-08
	IRS2
	[IRS2]
	NA

	rs558002155
	8
	121159409
	G
	A
	0.999
	3.51 [2.09 - 5.89]
	4.99E-08
	COL14A1
	[COL14A1]
	NA


[bookmark: _Toc111465847]Table 26 - Sentinel hits from European-male genome-wide association study
Sentinel variant reported for each locus with a genome-wide significant hit, p < 5 x 10-8. The functional gene(s) represents the variant-to-gene predicted by Open Targets V2G pipeline, which integrates evidence from molecular quantitative trait loci, chromatin interactions, in silico functional predictions from Ensembl, and distance between the variant and gene canonical transcription start site. NA (not available) reported for variants where Open Targets did not identify a gene. Base-pair positions listed according to human genome reference build 19. Dashes in location column indicate distance, where [] is contained within the transcripts of the specified gene; ‘’ = <1kb; ‘-‘ = < 10kb; ‘--’ = < 100kb; ‘---’ = < 1000kb to either upstream or downstream of the gene. Replicating Study indicates the study where replication was observed or ‘NA’ if replication was not observed in any of the seven tested independent studies.









	rsid
	chr
	pos_b37
	EA
	NEA
	EAF
	OR [95% CI]
	p value
	Functional Gene(s)
	Location
	Replicating Study

	rs13107325
	4
	103188709
	T
	C
	0.0813
	1.11 [1.09 - 1.15]
	3.81E-16
	SLC39A8
	[SLC39A8]
	AMR-F

	rs572319557
	18
	50846441
	I
	D
	0.551
	1.04 [1.03 - 1.06 ]
	2.95E-10
	DCC
	[DCC]
	AFR-M

	rs3801279
	7
	104904868
	T
	C
	0.52
	0.96 [0.94 - 0.97]
	3.03E-09
	SRPK2
	[SRPK2]
	NA

	15:29934686
	15
	29934686
	T
	C
	7.37E-04
	0.23 [0.13 - 0.42]
	7.53E-09
	NA
	FAM189A1--[]--TJP1
	NA

	rs535503154
	5
	151965756
	I
	D
	0.271
	0.95 [0.94 - 0.97]
	2.78E-08
	NMUR2
	NMUR2---[]---GRIA1
	NA

	rs968163
	20
	51037935
	G
	A
	0.258
	0.95 [0.94 - 0.97]
	3.81E-08
	TSHZ2
	ZFP64---[]---TSHZ2
	NA

	rs529593131
	17
	68255397
	T
	C
	2.81E-04
	0.043 [0.008 - 0.225]
	3.84E-08
	NA
	KCNJ2--[]
	NA

	rs779897701
	4
	12449797
	G
	C
	3.63E-04
	0.096 [0.026 - 0.35]
	4.05E-08
	NA
	[]---RAB28
	NA

	rs62252182
	3
	69881433
	G
	A
	0.206
	1.05 [1.03 - 1.07]
	4.51E-08
	MITF
	[MITF]
	NA


[bookmark: _Toc111465848]Table 27 - Sentinel hits from European-female genome-wide association study
Sentinel variant reported for each locus with a genome-wide significant hit, p < 5 x 10-8. The functional gene represents the variant-to-gene predicted by Open Targets V2G pipeline, which integrates evidence from molecular quantitative trait loci, chromatin interactions, in silico functional predictions from Ensembl, and distance between the variant and gene canonical transcription start site. NA (not available) reported for variants where Open Targets did not identify a gene. Base-pair positions listed according to human genome reference build 19. Dashes in location column indicate distance, where [] is contained within the transcripts of the specified gene; ‘’ = <1kb; ‘-‘ = < 10kb; ‘--’ = < 100kb; ‘---’ = < 1000kb to either upstream or downstream of the gene. Replicating Study indicates the study where replication was observed or ‘NA’ if replication was not observed in any of the seven tested independent studies.


[bookmark: _Toc111717157]Self-report stuttering captures clinically validated stuttering
To further explore our genetic findings, we developed a PRS model built with summary statistics from our most well-powered association studies, the European-female and European-male GWAS. PRS models are used for summarizing variant effects and assessing genetic liability for a trait; moreover, we wanted to understand if our self-report phenotype captured by 23andMe participants would capture genetic liability in a clinically ascertained cohort. As such, we developed PRS models from our European sex stratified studies and applied these models to male and female African (n cases = 64) and European participants (n cases = 893) in the International Stuttering Project (ISP), a globally ascertained and clinically diagnosed stuttering cohort237 (see chapter 4 for details). The final male derived PRS model included 1,024,432 variant predictors and the female model PRS model included 1,024,431 variant predictors. Genetic liability comparisons between ISP stuttering cases and matched population controls were ancestry- and sex-stratified. 
Using the PRS model derived from the 23andMe European-male GWAS, European male ISP stuttering cases demonstrated significantly higher genetic liability than demographically matched population controls (t(650) = 9.50; P = 3.19x10-21) with model performance (AUC = 0.6116, see figure 14) comparable to other common complex traits (See Ge et al.243 for PRScs performance metrics on breast cancer, coronary artery disease, depression, inflammatory bowel disease, type 2 diabetes mellitus,  rheumatoid arthritis). Similarly, female European ISP cases demonstrated significantly higher genetic liability than matched controls based on estimates from the 23andMe European-male GWAS-derived PRS model (t(241) = 5.74; P = 1.13x10-8) as well as modest model performance (AUC = 0.6064; figure 14). Despite the small sample size within the ISP African testing set, African male ISP stuttering cases (n=48) demonstrated significantly higher genetic liability than demographically matched population controls (t(47) = 3.47; P = 5.79x10-4) with modest model performance (AUC = 0.6519; figure 15). African female ISP stuttering cases (n=16) also demonstrated significantly higher genetic liability than demographically matched population controls (t(15) = 2.33; P = 2.18x10-2) with modest model performance (AUC = 0.6854; figure 15).
In contrast, PRS models developed from European female summary statistics did not result in significantly different genetic liability between European male ISP cases and controls (t(650) = 0.31; P = 0.753), further demonstrated by model performance (AUC = 0.5032; figure 14). However, the 23andMe European female derived PRS model did result in a significantly different genetic liability between African male ISP cases and controls (t(48) = 3.00; P = 2.92x10-3), further demonstrated by model performance (AUC = 0.6255; figure 15). Nevertheless, the European male derived PRS model resulted in better performance metrics in the ISP African male testing set (see figure 15).
Interestingly, the European derived female PRS model demonstrated small differences in genetic liability between European female ISP stuttering cases and controls (t(241) = 2.03; P = 0.042) with weak model performance (AUC = 0.5365; figure 14). The European male derived PRS model resulted in better performance metrics in the ISP European female testing set (figure 14). Furthermore, this European female derived PRS model was unable to distinguish ISP female African cases from demographically matched controls (t(15) = 0.10; P = 9.22x10-1 and AUC = 0.4736; figure 15).


Polygenic risk scores developed using 23andMe GWAS results and applied to clinically validated International Stuttering Project European cohort demonstrate increased stuttering liability within confirmed stuttering subjects. ISP cohort was filtered to include the maximally unrelated set and subjects of European ancestry. Model was developed and trained using default auto-phi shrinkage parameter through PRScs. LD panels were constructed using 1KG phase 3 EUR reference. Polygenic risk scores were z-score normalized and case-control distributions were compared using Student’s two-sample t-test (ɑ = 0.05).[bookmark: _Toc111465756]Figure 14 - 23andMe stuttering polygenic risk-score Model performance in ISP European stuttering cohort



[bookmark: _Toc111465757]Figure 15 - 23andMe stuttering polygenic risk-score Model performance in ISP African stuttering cohort

Polygenic risk scores developed using 23andMe GWAS results and applied to clinically validated International Stuttering Project African cohort demonstrate increased stuttering liability within confirmed stuttering subjects. ISP cohort was filtered to include the maximally unrelated set and subjects of European ancestry. Model was developed and trained using default auto-phi shrinkage parameter through PRScs. LD panels were constructed using 1KG phase 3 EUR reference. Polygenic risk scores were z-score normalized and case-control distributions were compared using Student’s two-sample t-test (ɑ = 0.05).

[bookmark: _Toc111717158]Genetic heritability
	We calculated SNP-based liability scaled heritability for our male and female European, African, and Admixed American studies using LD Score regression.244,245 The proportion of observed phenotypic variance explained by the genetic factors was reported as 0.0226 (SE = 0.0013) for European-females (sample prevalence = 0.0704) and 0.0331 (SE = 0.0019) for European-males (sample prevalence = 0.1022). We also transformed the explained variance estimates from the observed scale to the underlying liability scale, accounting for an expected case prevalence of 0.1. Liability scaled heritability was 0.0906 (SE = 0.0051) for European females and 0.0947 (SE = 0.0054) for European males. The proportion of observed phenotypic variance explained by the genetic factors was reported as 0.053 (SE = 0.0279) for African-females (sample prevalence = 0.1214) and 0.085 (SE = 0.058) for African-males (sample prevalence = 0.1774). Liability scaled heritability was 0.1308 (SE = 0.0688) for African females and 0.1531 (SE = 0.1046) for African males. The proportion of observed phenotypic variance explained by the genetic factors was reported as 0.016 (SE = 0.0055) for Admixed American-females (sample prevalence = 0.0972) and 0.0141 (SE = 0.0077) for Admixed American-males (sample prevalence = 0.1404). Liability scaled heritability was 0.0252 (SE = 0.0086) for Admixed American females and 0.0161 (SE = 0.0088) for Admixed American males. Despite the smaller male sample size, stuttering prevalence was higher in males versus females across all ancestries with the male-to-female ratio in each study around 1.5:1 (see Table 33 for heritability summary).

[bookmark: _Toc111717159]Genetic Correlation
To understand the relationship between stuttering and traits that have been associated with stuttering in prior literature (see chapter 2 for comorbidity analysis details), we assessed shared genetic architecture. We performed an ancestry and sex-specific genetic correlation analysis comparing our European-male GWAS to summary statistics from independent GWAS of European-males and our European-female GWAS to summary statistics from independent GWAS of European-females for 17 traits previously reported in studies of stuttering82,102,114,131,246,247 [see Table 35 for trait details]. The 17 selected traits encompassed the following categories: Behavioral, Circadian Rhythm, Immune, Metabolic, Motor, Neurological, and Hearing traits. We observed a significant positive genetic correlation with both our European male and European female studies for hearing loss, daytime sleepiness, and depression. We observed a significant positive genetic correlation in European females only for asthma, allergic rhinitis, suicide ideation, anxiety, ADHD, and BMI as well as a significant negative genetic correlation for sleep duration, alcohol consumption frequency, and walking pace (figure 16). [bookmark: _Toc111465758]Figure 16 - Forest plot showing genetic correlations for stuttering susceptibility with previously-reported comorbid traits

Sex and ancestry-specific genetic correlations performed for each indicated trait against self-reported stuttering in European Males and European females. Male-specific correlations designated by triangles and female-specific correlations designated by circles. Each trait color-coded according to its descriptive category (behavioral, circadian rhythm, immune, metabolic, motor, neurological, speech and language). Bars indicate standard error for each performed genetic correlation analysis. Significant correlations marked with an asterisk.

[bookmark: _Toc111717160]Mendelian Randomization
	We performed a sex-specific mendelian randomization analysis for each of the 17 traits included in our genetic correlation analysis to determine if the genetic risk for any of these traits might harbor a causal or pleotropic relationship with the self-report stuttering phenotype captured in our European-male or European female GWAS. In particular, we wanted to understand if a causal relationship existed between our European-female study and the 9 traits (asthma, allergic rhinitis, suicide ideation, anxiety, ADHD, BMI, sleep duration, alcohol consumption frequency, and walking pace) where we observed a significant genetic correlation (figure 16) with our European-female GWAS, but not our European-male GWAS. We observed a significant causal relationship between European-females with self-reported stuttering and an increased genetic risk for BMI, evening chronotype, depression, and slower walking pace (Fig. 17a,c). We also observed both significant pleiotropic and causal relationships between European-females with self-reported stuttering and an increased genetic risk for higher BMI and an evening predisposed chronotype (Fig. 17b,c). Alternatively, we observed a significant causal relationship between European-males with self-reported stuttering and an increased genetic risk for suicide ideation (Fig. 17a,d) and both significant pleiotropic and causal relationships between European-males with self-reported stuttering and higher testosterone levels (Fig. 17b,d). We did not observe any shared overlap in either pleiotropic or causal relationships between European-female and European-male self-reported stuttering.




[bookmark: _Toc111465759]Figure 17 - Forest plot showing mendelian randomization of stuttering susceptibility with previously-reported comorbid traits

A). Mendelian randomization analysis of sex-specific stuttering (male results in red and female results in black) investigating causality with any of the listed traits. B). Mendelian randomization analysis of sex-specific stuttering (male results in red and female results in black) investigating horizontal pleiotropy with any of the listed traits. C). Directed acyclic graph showing impact of statistically significant (p < 0.05) MR results for female-stuttering with sex included to illustrate possible confounding effect. D). Directed acyclic graph showing impact of statistically significant (p < 0.05) MR results for male-stuttering with sex included to illustrate possible confounding effect.

[bookmark: _Toc111717161]Colocalization analysis

We next sought to explore how regulatory variants at noncoding stuttering-association signals might impact stuttering risk. We integrated tissue-specific cis-eQTL signals from GTEx_v.8 data with our stuttering genome-wide association hits. We looked for Bayesian colocalization199,200 across all GTEx_v.8 tissues for the following reasons: 1) the molecular etiology of stuttering is not well understood and 2) frequently concordant regulation across tissues can be leveraged to observe significant biological functions that might be missed due to power in GTEx or tissue inaccessibility of the relevant tissues. Our colocalization analysis between our European-male GWAS and cis-eQTLs in GTEX_v.8 identified one colocalized region (chr12:109025901-110336719, b37) (Table 28). This region demonstrated weak colocalization probability (regional colocalization probability, 0.1 > RCP > 0.05) across 11 different tissues: Esophagus gastroesophageal junction, heart left ventricle, colon transverse, whole blood, heart atrial appendage, adipose visceral omentum, artery tibial, colon sigmoid, cells cultured fibroblasts, esophagus mucosa, and artery aorta. Each tissue identified rs12314392 as the lead SNP, with it serving as either an eQTL for MMAB and MVK (Table 28). We did not observe colocalization between genome-wide significant loci in our European-female study with cis-eQTLs in GTEx v.8.
	Region
	Gene
	RCP
	# of SNPs
	Lead SNP
	Max SCP
	Tissue

	chr12:109025901-
110336719
	MVK
	0.0949
	3
	rs12314392
	0.0759
	Esophagus Gastroesophageal Junction

	chr12:109025901-
110336719
	MMAB
	0.0936
	3
	rs12314392
	0.0648
	Heart Left Ventricle

	chr12:109025901-
110336719
	MMAB
	0.0924
	3
	rs12314392
	0.0786
	Colon Transverse

	chr12:109025901-
110336719
	MMAB
	0.0811
	6
	rs12314392
	0.0681
	Whole Blood

	chr12:109025901-
110336719
	MVK
	0.0783
	7
	rs12314392
	0.0616
	Heart Atrial Appendage

	chr12:109025901-
110336719
	MMAB
	0.0725
	4
	rs12314392
	0.0620
	Adipose Visceral Omentum

	chr12:109025901-
110336719
	MMAB
	0.0699
	2
	rs12314392
	0.0591
	Artery Tibial

	chr12:109025901-
110336719
	MMAB
	0.0679
	19
	rs12314392
	0.0540
	Colon Sigmoid

	chr12:109025901-
110336719
	MMAB
	0.0653
	18
	rs12314392
	0.0541
	Cells Cultured Fibroblasts

	chr12:109025901-
110336719
	MMAB
	0.0612
	12
	rs12314392
	0.0508
	Esophagus Mucosa

	chr12:109025901-
110336719
	MMAB
	0.0558
	5
	rs12314392
	0.0398
	Artery Aorta


[bookmark: _Toc111465849]Table 28 - Colocalization associations
Identified genomic regions that showed the highest probability of a colocalized association signal between cis-eQTLs in GTEx_v8 and self-report stuttering in European males. A region is listed if its regional colocalization probability (RCP) is > 0.05. Max SCP (SNP-level colocalization probability) indicates the maximum probability reported for each SNP identified in the indicated region. The affected protein-coding gene is listed; “NA” indicates no identified protein-coding gene. The tested tissue is indicated in the tissue column. SNP in bold was identified as a top hit in the meta-analysis. Region positions refer to human genome reference build 37. 

[bookmark: _Toc111717162]Tissue-specific gene module enrichment
	We performed a  tissue-specific gene module enrichment analysis to further elucidate the gene processes and biology of our stuttering associations, particularly in non-coding regions of the genome. Genetic risk variants are highly enriched in non-coding regions of the genome and can affect gene expression; moreover, genes may be co-expressed and regulate one another’s activity in highly organized networks (“gene modules”)205. To facilitate the identification of gene processes contributing to stuttering risk, we looked for an enrichment of the GTEx tissue-specific gene co-expression networks (i.e. “gene modules”) developed by Gerring et al.205 within our stuttering association studies.
We observed eight significant tissue-specific enrichments198,205 within our European-male GWAS. These gene modules were identified in the following tissue models: Skin not sun exposed suprapubic (FDR-corrected P = 4.16x10-3), artery coronary (FDR-corrected P = 6.00x10-3), adrenal (FDR-corrected P = 1.44x10-2), brain frontal cortex (FDR-corrected P = 2.47x10-2), adipose subcutaneous (FDR-corrected P = 2.71x10-2), pancreas (FDR-corrected P = 2.95x10-2), and brain anterior cingulate (FDR-corrected P = 3.28x10-2) cortex tissues (Table 29). These gene modules are implicated in multiple biological processes such as nervous system development, synaptic signaling, anatomical structure development, small molecule metabolic process, and extracellular structure organization among others. Three predicted functional genes (CTNND2, SEMA6D, COL14A1) identified from the sentinel hits in our European-male GWAS (Table 26) appeared within significantly enriched gene modules, with COL14A1 and CTNND2 appearing across multiple tissue models. One predicted functional gene, SLC39A8, from the top sentinel hit in our European-female GWAS (Table 27) appeared in a significantly enriched gene module within the skin not sun exposed suprapubic tissue model. 
	Genes
	Gene Count
	Adj pval
	pval
	Tissue
	Biological Process

	IGSF11/PPARGC1A/GABRA2/ANXA3/SLC39A8/CTNND2/
RCAN2/DEPTOR/PFKFB3/SESN3/RBM11
	11
	4.16E-03
	4.63E-04
	Skin not sun exposed suprapubic
	multicellular organismal process, cell communication, signaling, response to stimulus, nervous system development, ion transport, ion transmembrane transport, regulation of biological quality, cell-cell signaling, developmental process

	RIMS3/KCNJ3/SH3BP2/SGCD/ATXN1/RCAN2/SDK1/COL141/
PTPRD/PRKG1/CTBP2/NOX4/
SOX5/KCTD10/MEIS2/SLC24A5/CDH11/ZNF532
	18
	6.00E-03
	5.45E-04
	Artery Coronary
	nervous system development, synaptic signaling, anterograde trans-synaptic signaling, chemical synaptic transmission, trans-synaptic signaling, cell-cell signaling, system development, multicellular organism development, multicellular organismal process, anatomical structure development

	IGSF21/RIMS3/KCNJ3/CTNND2/RCAN2/SDK1/NRG1/ARC/
PTPRD/NEBL/CADM1/SOX5/
MEIS2/SEMA6D/MCHR1
	15
	1.44E-02
	1.80E-03
	Adrenal
	nervous system development, synaptic signaling, anterograde trans-synaptic signaling, chemical synaptic transmission, trans-synaptic signaling, cell-cell signaling, system development, multicellular organism development, multicellular organismal process, anatomical structure development

	LRP1B/ATIC/IGSF11/DCUN1D1/GABRA2/GABRG1/
HEXB/SGCD/NEBL/SESN3/CADM1/SOX5/MEIS2/CDH11/ZHX3
	15
	2.47E-02
	2.14E-03
	Brain frontal cortex
	small molecule metabolic process, organic acid metabolic process, oxoacid metabolic process, carboxylic acid metabolic process, carboxylic acid catabolic process, organic acid catabolic process, monocarboxylic acid metabolic process, system development, multicellular organism development, developmental process

	PTBP2/FANCL/SESTD1/DEPTOR
	4
	2.47E-02
	3.53E-03
	Brain frontal cortex
	NA

	RIMS3/B3GALT2/KCNJ3/PPARGC1A/CTNND2/WDR41/RCAN2/COL14A1/PRKG1/CTBP2/MEIS2/RBM11/MCHR1
	13
	2.71E-02
	1.43E-03
	Adipose subcutaneous
	muscle system process, regulation of cellular process, biological regulation, muscle structure development, actin filament-based process, regulation of biological process, multicellular organismal process, muscle contraction, developmental process, anatomical process

	SGCD/RCAN2/COL14A1/PRKG1/NOX4/ARHGAP42/CDH11/ZNF532
	8
	2.95E-02
	1.34E-03
	Pancreas
	multicellular organism development, anatomical structure development, system development, anatomical structure morphogenesis, vasculature development, circulatory system development, extracellular matrix organization, extracellular structure organization, external encapsulating structure organization

	IGSF11/MCCC1/GABRA2/GABRG1/HEXB/SAYSD1/NEBL/PRKG1/SESN3/CADM1/SOX5/KCTD10/MEIS2/SEC14L5/ZHX3
	15
	3.28E-02
	2.53E-03
	Brain Anterior cingulate cortex
	small molecule metabolic process, oxoacid metabolic process, organic acid metabolic process, carboxylic acid metabolic process, organic acid catabolic process, carboxylic acid catabolic process, small molecule catabolic process, monocarboxylic acid metabolic process, fatty acid metabolic process, monocarboxylic acid catabolic process


[bookmark: _Toc111465850]Table 29 - Significant gene module enrichments in European-male GWAS
GTEx gene module enrichment analysis performed for genes associated with stuttering in the European-male genome-wide association study. The Genes column indicates the gene set enriched in the European male GWAS and gene count indicates the number of genes in each module. Genes highlighted in bold were identified as a likely functional gene for a genome-wide significant hit in either the European-male or European-female GWAS. Module enrichment reported for any gene tissue-specific analysis with an adjusted p  < 0.05, “Adj pval” indicates the FDR corrected p value. A competitive gene pathway analysis was performed on tissue-specific gene co- expression modules using g:Profiler (https://biit.cs.ut.ee/gprofiler/gost). The biological process column describes biological pathways of tissue-specific modules enriched with stuttering gene-based signals. 

We observed four significant GTEx198 tissue-specific enrichments within our European-female GWAS. These gene modules were identified in the following tissue models: Heart atrial appendage (FDR-corrected P = 4.57x10-4), pancreas (FDR-corrected P = 8.49x10-4), brain nucleus accumbens basal ganglia (FDR-corrected P = 2.54x10-3), and esophagus mucosa (FDR-corrected P = 6.10x10-3) (Table 30). These modules were implicated in multiple biological processes such as multicellular organism development, protein metabolic process, signaling, circulatory system development, cell communication, and developmental process among others. Two predicted functional genes (TSHZ2, MITF) from the sentinel hits in our European-female GWAS (Table 27) appeared in significantly enriched gene modules, with TSHZ2 appearing in multiple tissue models – heart atrial appendage, pancreas, and esophagus mucosa.
	Genes
	Gene Count
	Adj pval
	pval
	Tissue
	Biological Process

	FOXJ3/GATAD2B/RBMS1/FOXP1
/PRKCI/PPP3CA/SREK1/TMEM161B/
KMT2E/RORA/ELAC2/TSHZ2/PAXBP1
	13
	4.57E-04
	2.41E-05
	Heart Atrial Appendage
	cellular protein modification process, protein modification process, macromolecule modification, cellular protein metabolic process, regulation of cellular metabolic process, regulation of primary metabolic process, regulation of nitrogen compound metabolic process negative regulation of cellular process, protein metabolic process

	TMEM200B/NEGR1/PLA2R1/HTRA3/
SLIT2/MEF2C/SGCD/BHLHE22/
LPAR1/ANGPTL2/NR2F2/TSHZ2
	12
	8.49E-04
	3.54E-05
	Pancreas
	multicellular organism development, anatomical structure development, system development, anatomical structure morphogenesis, vasculature development, circulatory system development, developmental process, extracellular matrix organization, extracellular structure organization

	KAZN/RBMS1/SEMA5B/BEND4/
MEF2C/KCNK9/OPCML/FMN1/TSHZ2
	9
	2.54E-03
	1.69E-04
	Brain Nucleus accumbens basal ganglia
	cell-cell signaling, signaling, cell communication, synaptic signaling, trans-synaptic signaling, anterograde trans-synaptic signaling, chemical synaptic transmission, ion transport, regulation of cellular process, cation transport

	TMEM200B/ERMAP/NEGR1/ST6GALNAC3/PROX1/ZNF660/LRIG1/MITF/
FOXP1/HTRA3/SLIT2/BEND4/CCSER1/MEF2C/SGCD/MLXIPL/BHLHE22/
PTPRD/TLE1/LPAR1/ANGPTL2/
OPCML/RHOJ/GALC/NR2F2/WSCD1/HAS1/CXADR
	28
	6.10E-03
	3.39E-04
	Esophagus Mucosa
	system development, multicellular organism development, anatomical structure development, developmental process, multicellular organismal process, anatomical structure morphogenesis, signaling, cell communication, circulatory system development, regulation of cellular process


[bookmark: _Toc111465851]Table 30 - Significant gene module enrichments in European-female GWAS
 GTEx gene Module enrichment analysis performed for genes associated with stuttering in the European-female genome-wide association study. The Genes column indicates the gene set enriched in the European female GWAS and gene count indicates the number of genes in each module. Genes highlighted in bold were identified as a likely functional gene for a genome-wide significant hit in the European-female GWAS. Module enrichment reported for any gene tissue-specific analysis with an adjusted p  < 0.05, “Adj pval” indicates the FDR corrected p value. A competitive gene pathway analysis was performed on tissue-specific gene co- expression modules using g:Profiler (https://biit.cs.ut.ee/gprofiler/gost). The biological process column describes biological pathways of tissue-specific modules enriched with stuttering gene-based signals. 

[bookmark: _Toc111717163]Replication
 We sought replication for the six genes previously implicated as causal genes in family studies (see Table 22 and methods in chapter 4 for details) by evaluating all variants that passed our QC metrics within each gene across all 8 independent GWAS. Since the observed causal variant in the family-based studies46,49,54,55 were not directly genotyped or were too rare to impute, we instead looked for any potential effects from variants in and around these genes. We uncovered common variant signals reaching statistical significance for the following genes: GNPTAB, GNPTG, AP4E1, and CYP17A1 (Table 31). The variant in GNPTAB, rs76300806, represents a common indel (EAF = 0.484 in European males) found in the 5’ UTR region (Figure 18). The variant in GNPTG, rs111790048, represents a rare (EAF = 4.22x10-5 in European males) intronic variant that is also in proximity to TSR3 (~2Kb upstream) (Figure 19). The variant in AP4E1, rs565776226, represents a rare (MAF = 0.001 in Admixed American males) intronic variant (Figure 20). The variant in CYP17A1, rs777625933, represents a rare (EAF = 1.58x10-4 in European females) intronic variant (Figure 21).

	Study
	GENE
	CHR:BP 
(Gene)
	effN
tests
	GWAS
	AdjP
	P
	RSID
	CHR:BP:EA:NEA (Rsid)
	EAF
	OR
	OR95 Lower
	OR95Upper
	Avg
RSQ
	Min
RSQ

	Lan et al. 2009
	DRD2
	11:113280327:
113346120
	176
	AMR_F
	0.0617
	3.51E-04
	rs4986918
	11:113295242:G:A
	0.996
	0.648
	0.516
	0.813
	0.994
	0.993

	Kang et al. 2010
	GNPTAB
	12:102139277:
102224737
	112
	EUR_M
	0.017
	1.52E-04
	rs76300806
	12:102224492:I:D
	0.484
	1.03
	1.01
	1.05
	0.982
	0.980

	
	GNPTG
	16:1401932:
1414114
	56
	EUR_M
	4.46E-05
	7.96E-07
	rs111790048
	16:1403254:G:A
	4.22E-05
	10.85
	4.48
	26.32
	0.586
	0.472

	
	NAGPA
	16:5074845:
5083936
	48
	EUR_F
	0.0853
	1.78E-03
	rs7188856
	16:5075633:G:A
	0.648
	0.976
	0.962
	0.991
	0.996
	0.988

	Raza et al. 2015
	AP4E1
	15:51200880:
51298092
	72
	AMR_M
	0.0229
	3.18E-04
	rs565776226
	15:51210871:T:G
	0.999
	0.0935
	0.0252
	0.347
	0.911
	0.830

	Mohammadi et al. 2017
	CYP17A1
	10:104590288:
104597170
	32
	EUR_F
	0.0025
	7.80E-05
	rs777625933
	10:104595243:T:A
	1.58E-04
	0.068
	9.77E-03
	0.476
	0.630
	0.458


[bookmark: _Toc111465852]Table 31 - Gene replications in 23andMe Stuttering GWAS
Reported p value represents the lowest p value identified in the gene found within the indicated GWAS. Adjusted p value (AdjP) represents the Bonferroni corrected p value after adjusting for the effective number of tests (effN tests). Chromosome and base-pair positions listed according to human genome reference build 37. Statistically significant replications in bold.[bookmark: _Toc111465760]Figure 18 - Locus zoom plot of rs76300806

Locus zoom plot of European-male stuttering associations with surrounding variants (color coded by r2 bin) and the replicated variant (denoted by purple diamond) using EUR linkage disequilibrium (LD) generated from 1000 Genomes EUR reference. The x axis represents chromosome position (hg37) with annotated genes found within the region, the y axis represents log10 (p value) of the association between the genetic variant and stuttering. Plot display only shows GNPTAB.



Locus zoom plot of European-male stuttering associations with surrounding variants (color coded by r2 bin) and the replicated variant (denoted by purple diamond) using EUR linkage disequilibrium (LD) generated from 1000 Genomes EUR reference. The x axis represents chromosome position (hg37) with annotated genes found within the region, the y axis represents log10 (p value) of the association between the genetic variant and stuttering. Plot display focused on GNPTG.[bookmark: _Toc111465761]Figure 19 - Locus Zoom plot of rs111790048


[bookmark: _Toc111465762]Figure 20 - Locus Zoom plot of rs565776226

Locus zoom plot of Admixed American-male stuttering associations with surrounding variants (color coded by r2 bin) and the replicated variant (denoted by purple diamond) using AMR linkage disequilibrium (LD) generated from 1000 Genomes EUR reference. The x axis represents chromosome position (hg37) with annotated genes found within the region, the y axis represents log10 (p value) of the association between the genetic variant and stuttering. Plot display only shows AP4E1.
Locus zoom plot of European-female stuttering associations with surrounding variants (color coded by r2 bin) and the replicated variant (denoted by purple diamond) using EUR linkage disequilibrium (LD) generated from 1000 Genomes EUR reference. The x axis represents chromosome position (hg37) with annotated genes found within the region, the y axis represents log10 (p value) of the association between the genetic variant and stuttering. Plot display focused on A	CYP17A1.[bookmark: _Toc111465763]Figure 21 - Locus Zoom of rs777625933



We also sought SNP-based replications for the top hits reported in Shaw et al. (chapter 3) and Polikowsky et. al. (chapter 4). We did not replicate any signals in either study after applying a Bonferroni correction for the number of tests (p > 0.05); however, one variant, rs34919320, reported by Polikowsky et al. neared significance (Table 32).
	STUDY
	RSID
	CHR:BP:EA:NEA
	EAF
	OR
	OR95_L
	OR95_U
	N_tests
	PVAL
	AdjP
	avgRSQ
	minRSQ

	EUR
male
	rs34919320
	1:217653446:G:A
	0.290
	1.02
	1.006
	1.04
	8
	8.20E-03
	0.0574
	0.919
	0.909


[bookmark: _Toc111465853]Table 32 - rs34919320 Replication in European male GWAS

[bookmark: _Toc111717164]Discussion
Genome-wide association studies
	Our genome-wide association studies of self-reported stuttering in men and women of African American, Admixed American, East Asian, and European ancestry led to the discovery of 24 loci that contribute to stuttering susceptibility (Tables 26,27,34). The majority (19/24) of these loci were identified in our European studies, most likely due to our increased power (Table 25, European-female N= 570,071 (40,137 cases); European-male N= 374,279 (38,257 cases)). The nine loci identified in the European-female GWAS did not replicate in the European-male GWAS (Bonferroni corrected p value < 0.05); however, the top two hits (rs13107325, a missense variant in SLC39A8 and rs572319557, an intronic variant in DCC) were replicated in the independent Admixed American-female GWAS and African American-male GWAS, respectively (Table 27). Six of the ten hits identified in the European-male GWAS were replicated in the European-female GWAS (rs35609938, located within the long intergenic non-protein coding RNA 1122; rs1040225, occurring within either an intronic or genic upstream region of VRK2; rs34394051, occurring within either an intronic or genic upstream region of CAMTA1; rs10850379, an intronic variant in MMAB; rs62337988, an intergenic variant < 1Mb downstream of CTNND2; rs11353659, occurring within either an intronic or genic downstream transcript region of SEMA6D). The locus tagged by rs10850379 was also replicated in in the Admixed American-male GWAS (Table 26). 
The five loci identified in the non-European association studies (3 loci in African American-male; 1 in Admixed American-female; 1 in Admixed American-male) were not replicated. 

European-male genome-wide significant variation and functional context
The ten tagged loci in the European-male GWAS implicated VRK2, CAMTA1, MY016, MMAB, CTNND2, SEMA6D, IRS2, and COL14A1 as impacting stuttering risk. The Open Targets variant-to-gene (V2G) prediction algorithm assigns the most likely functional gene as VRK2, for the top two hits, rs35609938 and rs1040225: rs35609938 occurs downstream of VRK2 and upstream of FANCL, rs1040225 occurs within either an intronic or genic upstream region of VRK2 (Locus Zoom). VRK2 encodes a serine/threonine kinase; variants in this gene have been associated with several traits: schizophrenia248, depression249, language functional connectivity250, and smoking initiation251 among others. Another top hit, rs34394051, is isoform dependent occurring within either an intronic or genic upstream region of CAMTA1. Variants in CAMTA1 have been associated with a milieu of traits as well including body mass index (BMI)252, blood pressure253, and chronotype254. The top hit, rs72664949, is also isoform dependent occurring within either an intronic or genic upstream region of MY016, a gene that encodes a myosin protein critical for brain development255. rs62337988, an intergenic variant found < 1Mb downstream of CTNND2 acts as an eQTL, modulating CTNND2 expression across several tissue types: tibial nerve, thyroid, tibial artery, and subcutaneous adipose tissue (see: https://gtexportal.org/home/snp/rs62337988). CTNND2 encodes instructions to make a delta catenin, an active protein in the nervous system (neuronal migration, cell adhesion, and cell movement); loss of function in CTNND2 is associated with neurodevelopmental disorders and has causal implications in severe Autism Spectrum Disorder (ASD)256. A variant, rs58120907, intronic to IRS2 (Figure 37) acts as an eQTL modulating its expression within the testis (https://gtexportal.org/home/snp/rs58120907). IRS2 encodes an insulin receptor important for mediating insulin and glucose transport. Another top hit, rs558002155, occurs within an intronic region of COL14A1, a gene that encodes a collagen protein; variants within this gene have been associated with appendicular lean mass257.
Next, we performed a colocalization analysis, which integrated tissue-specific cis-eQTL signals from GTEx_v.8 data with our stuttering genome-wide association hits, to provide functional context that might explain how variation in non-coding regions impacts stuttering risk. Our colocalization analysis between our European-male GWAS and cis-eQTLs in GTEx v.8 provided  biologic context for the sentinel hit rs10850379, an intronic variant in MMAB. Our analysis showed that one region (chr12:109025901-110336719, b37)  colocalizes with cis-eQTLS within 11 different tissue models (Table 28). Moreover, the lead SNP in each of these 11 tissue models, rs12314392, is in high LD (r2 =0.95) with the sentinel genome-wide significant variant tagged in our European-male GWAS, rs10850379. The GTEx database shows that, rs12314392,  acts as an eQTL in multiple tissues for both MMAB and MVK. MMAB encodes an adenosyltransferase, which catalyzes the final step in the synthesis of a vitamin B12 cofactor and MVK encodes instructions for making the mevalonate kinase enzyme, a protein involved in the pathway that produces cholesterol. In Leydig cells, testosterone and other androgens are synthesized from cholesterol and the translocation of cholesterol from the outer mitochondrial membrane to the inner mitochondrial membrane represents the rate-limiting step in androgen biosynthesis.258 
These associations, which implicated an eQTL within MVK, support findings by Mohammadi et al.55: Their study measured testosterone levels in children who stutter and their control counterparts and found higher levels of testosterone and its metabolites in children who stutter. Stuttering susceptibility was also associated with CYP17A1, a gene that encodes the instructions to make an enzyme involved in steroid hormone synthesis. A separate study by Anthoni et al.228 has also shown that variants in CYP19A1 (in the same gene family as CYP17A1) are associated with quantitative measures of speech and language. These results offer intriguing evidence as to the importance of hormone regulation in modulating stuttering risk, especially considering the sexually dimorphic nature of stuttering: At stuttering onset the male-to-female ratio remains even (between 1:1 or 2:111); however females are more likely to recover, changing the male-to-female ratio to 4:1 as observed in adults3. 
We also performed a tissue-specific gene module enrichment analysis to further elucidate the biology of our stuttering associations. A top hit in our European-male GWAS, rs11353659 (occurring within either an intronic or genic downstream transcript region of SEMA6D), appeared in a significantly enriched gene module in our GTEx tissue-specific module enrichment analysis (Table 29). A gene pathway analysis, used to characterize biological processes within each gene module, revealed that genes in this module are involved in a myriad of biological processes such as nervous system development, synaptic signaling, anterograde trans-synaptic signaling, chemical synaptic transmission, anatomical structure development, among others. For example, SEMA6D, a gene from a significantly enriched gene module, encodes a membrane-associated semaphorin protein. Interestingly, SEMA6D also appeared in a significantly enriched gene module from a prior meta-analysis of developmental stuttering (see chapter 4)237. These recapitulated observations implicate stuttering associated genes in biological processes such as metabolism, nervous system development, and cell signaling. 

European-female genome-wide significant variation and functional context
The nine loci identified in the European-female GWAS implicated SLC39A8, DCC, SRPK2, NMUR2, TSHZ2, and MITF as genes that appear to impact stuttering risk. The top variant, rs13107325, represents a missense variant for SLC39A8, a gene that encodes a transmembrane protein responsible  for cations such as zinc, iron, and manganese. This variant has been associated with brain measures such as cortical thickness259,260 as well as high density lipoprotein (HDL) cholesterol levels261 among other traits. Another top hit, rs572319557, represents an indel found in an intron of DCC,  a gene that encodes a protein involved in neuronal connections262. rs3801279 represents another intronic variant that acts as an eQTL modulating the expression of SRPK2, which encodes a serine/threonine kinase, across several tissue types: skin, whole blood, esophagus, aorta artery, tibial artery, subcutaneous adipose, mammary breast, pituitary, lung (https://gtexportal.org/home/snp/rs3801279). Another top hit, rs968163, also acts as an eQTL (https://gtexportal.org/home/snp/rs968163), modulating the expression of TSHZ2, a gene that encodes a zinc-finger transcription factor. 
To put our variant associations in context of genes and gene function, we performed a tissue-specific gene module enrichment analysis. We identified significant enrichment of a gene module in heart atrial appendage, pancreas, brain nucleus basal ganglia, and esophagus mucosa tissues (Table 30). These gene modules are involved in a variety of important biological processes such as cell-cell signaling, metabolic processes, and anatomical structure development, among others; highlighting the contributory role of cell communication, metabolism, and developmental processes in stuttering risk. 
	 
Genome-wide significant variation in non-European populations
Three genome-wide significant loci were identified in the African American-male study. Variant rs541395135 is found in an intronic region of PTPRQ (Figure 48), a gene that encodes a protein tyrosine phosphatase critical for cell proliferation and apoptosis. Interestingly, mutations in PTPRQ have been implicated in two separate studies investigating heritable hearing impairment263,264. The next top hit in the African American-male study, rs7333000, is found in an intronic region of ATP8A2; however, the Open Targets Variant to gene prediction algorithm assigns the most likely functional gene as SHISA2 (~90Kb downstream of the canonical transcription start site for SHISA2) (Figure 49). In mouse studies, the protein encoded by SHISA2, Shisa2, appears to play an essential role in mouse head development265. The third and final genome-wide significant hit in the African American-male study, rs192857772, occurs in an intergenic region between ELFN2 and MFNG. Its rare minor allele frequency (MAF = 0.002) resulted in a low effective N (Neff = 8), so it’s possible rs192857772 represents a spurious or false positive hit. 
The final genome-wide significant hits, rs35713684 and rs556601931, were identified in the Admixed American-female and Admixed American-male GWAS, respectively. Both of these variants were found in intergenic regions and had a low effective N (see Table 34). Follow-up replication studies with larger sample sizes in non-Europeans will be critical to evaluate the validity of these associations with low effective N. Due to observed differential effects by ancestry and sex groups, investigations of associated variants and genes were performed in all strata. This discussion focuses on results from stratified genome-wide association studies with greatest sample size; however, functional studies for non-European populations are ongoing.

Stuttering gene replication analysis demonstrates shared genetic architecture between familial and population stuttering
	Our study uncovered common genetic signals reaching statistical significance for four of the six genes reported in the literature as causal in developmental stuttering: GNPTAB, GNPTG, AP4E1, and CYP17A1 (Table 31). This result provides initial evidence that the genetic architecture in families highly enriched with individuals who stutter shares some overlap with the common genetic drivers of stuttering in general populations. In a recent study of Non-syndromic cleft lip with or without cleft palate (NSCL/P) the authors used whole-genome sequencing and genome-wide genotyping followed by polygenic risk score and linkage analyses to pinpoint the genetic etiology of NSCL/P in a large three-generation family: Results revealed that a rare PDGFRA variant, modified by additional common NSCL/P risk variants effect NSCL/P risk266. Rare variation, modified by common risk variants might contribute to the complex multifactorial inheritance patterns observed in developmental stuttering, explaining the failure of linkage analysis in identifying a causal gene within a family. Our results demonstrated that we could use our well-powered stuttering GWAS to model common polygenic stuttering risk. As such, an intriguing future direction would be to apply our developed PRS model to stuttering families where a causal gene has yet to be identified.  

Polygenic risk models built from European GWAS capture stuttering liability in clinically ascertained stuttering cases
Polygenic risk scores (PRS) enable risk stratification in general populations, and can be used in precision medicine to support early disease detection, prevention, intervention, and as a research tool to correlate genetic risk of a trait across the medical phenome (PheWAS). PRS can be calculated as the sum of the number of risk alleles carried for a specified set of variants weighted by correlation measures and effect size. We generated sex- and ancestry-specific polygenic risk scores from our most well-powered studies (European-male and European-female GWAS) and assessed their predictive ability in an independent clinically ascertained developmental stuttering cohort from the ISP (Figures 14,15). PRS built from the European-male GWAS demonstrated the greatest power for risk stratification in both male and female testing sets from ISP developmental-stuttering cases and their matched controls (AUC = 0.6116 for European ISP males and AUC= 0.6064 for European ISP females, Figure 14; AUC = 0.6519 for African ISP males and AUC= 0.6854 for African ISP females Figure 15).237 In contrast, the PRS model derived from the European-female GWAS when tested within the ISP male and ISP female case-control cohorts was less able to distinguish between clinically validated stuttering cases versus controls (AUC = 0.5028 for ISP European males and AUC= 0.5365 for ISP European females, Figure 14; AUC = 0.4736 for ISP African males and AUC= 0.6255 for ISP African females, Figure 15). The ability of the PRS model derived from the European-female GWAS to distinguish between clinically validated stuttering cases versus control in the African male case-control cohort might be explained by the observed overlap of genome-wide significant signals between the European female and African male GWAS; one of the top hits in the European female GWAS, rs572319557, was also replicated in the African male GWAS (Table 27). This dichotomy in model performance suggests that the polygenic liability captured by GWAS of self-reported stuttering in the 23andMe European-male participants differs from the 23andMe European-female participants. 
The stronger model performance for the European-male PRS provides evidence that the self-report stuttering trait ascertained within European-males captures polygenic liability for clinically ascertained developmental stuttering cases (in both African and European populations). Although the European-female PRS model does appear to capture some polygenic liability for clinically ascertained developmental stuttering cases, its worse performance suggests that the self-report stuttering trait ascertained within European-females differs more from the phenotype profile of our testing cohort (ISP subjects). There are several possible explanations for this observation, including: 1) The trait captured by 23andMe European-females contains more false positives than the European-male study (i.e. sex-differential participation bias267) 2) genetic liability for developmental stuttering varies between males and females 3) genetic variation contributing to developmental stuttering risk is confounded by horizontal pleiotropy modulated by sex. The first possibility, sex-differential participation bias, represents a documented phenomenon reported within 23andMe genetic data267; however, to assess this possibility we’d need access to the raw genotype data as detailed by Pirastu et al. in their study267. Sex-differential participation bias could also be confounded by adult recall, because adults who recovered from stuttering during childhood might not recall their childhood stuttering status. Because females are more likely to recover from stuttering, adult recall of stuttering in childhood may disproportionately impact female self-report of stuttering3. 
The second possibility, sex-differentiating genetic liability, represents an intriguing explanation given our association results that implicated genes involved in hormone regulation. It is also possible that persistent stuttering has distinct genetic effects relative to recovered stuttering, and the sex-imbalance among persistent and recovered developmental stuttering results in different model performance between females and males, because the ISP dataset comprises predominantly male participants with persistent stuttering. Therefore, this testing set is underpowered to validate polygenic liability unique to recovered stuttering in females. Future research with targeted recruitment is needed to further distinguish between recovered vs. persistent stuttering. 
The third possibility, horizontal pleiotropy, might also explain the observed discrepancy between our sex-specific PRS models to capture developmental stuttering polygenicity. Horizontal pleiotropy occurs when a gene or variant has an effect on a trait (here, stuttering) outside of the pathway of the exposure of interest. Sex could confound either a pleiotropic or causal interaction between stuttering and a trait (see DAGs in Figure 17c,d). This phenomenon might occur due to differential exposure prevalence by sex or if sex specifically regulates the exposure (E.g. hormone regulation in males versus females). To evaluate this hypothesis, we performed sex-specific mendelian randomization and genetic correlation analyses with stuttering and its known comorbid traits.

Shared genetic architecture between stuttering and other traits previously demonstrated to be comorbid with stuttering
To assess possible shared genetic architecture between stuttering and its previously reported comorbidities82,102,114,131,246,247, we performed ancestry and sex-specific genetic correlation analyses for our European-male and European female summary statistics against 17 traits (figure 16). We observed a significant positive genetic correlation with both our European male and European female studies for hearing loss, daytime sleepiness, and depression. However, we observed significant genetic correlations in European females only for nine traits: Asthma, allergic rhinitis, suicide ideation, anxiety, ADHD, BMI, sleep duration, alcohol consumption frequency, and walking pace (figure 16). Given the inferior ability of our European-female built 23andMe models to distinguish between ISP cases and controls, we hypothesized that these comorbid traits are causal for stuttering. To test this hypothesis we performed a mendelian randomization analysis between stuttering and the 9 traits comorbid in females only. 
Our mendelian randomization analysis identified a significant causal relationship between European-female self-report stuttering and 2 of the 9 traits with European-female only genetic correlation: walking pace and BMI (Fig. 17a-c). Our mendelian randomization analysis also highlighted a significant causal relationship between European-female self-report stuttering and chronotype and depression. Interestingly, a pleiotropic relationship between European-female self-report stuttering and BMI and chronotype was also identified (figure 17a-c). These identified causal and pleiotropic relationships in European-females only suggest that the genetic impact of circadian rhythm (chronotype), walking pace (i.e. natural gait), genetic risk of depression, as well as genetic weight regulation (BMI) impact the observed self-report stuttering trait. In European-males with self-report stuttering our mendelian randomization analysis highlighted the impact of testosterone and suicide ideation on the trait: We observed a causal relationship between suicide ideation as well as a causal and pleiotropic relationship between genetically related testosterone levels in European-males (Figure 17 a,b,d). We did not observe an overlap of causal and/or pleiotropic relationships between European-male and European-female self-report stuttering, highlighting sex differences. However, even though we did not observe any shared causal or pleiotropic relationships between self-reported stuttering in European-males versus European-females, we did observe overlap among trait categories: Endocrine (testosterone impacting males and BMI impacting females) and Neurological (suicide ideation impacting males and depression impacting females). The shared categorical overlap hints that both endocrine and neurological systems contribute to stuttering in both males and females despite the presence of sex-specific differences. There may be shared underlying stuttering genetic liability that manifests differently from a phenotypic perspective in males versus females. Future studies investigating sex discrepancies in stuttering are needed to validate these findings.
Concluding remarks
Overall, this study provides evidence that common stuttering genetic risk factors are complex and polygenic. Additionally, stuttering associated genes are implicated in biological processes such as metabolism, nervous system development, and cell signaling, among others, providing incipient biological insight into the pathophysiology of stuttering. These findings demonstrate a significant step toward characterizing the genetic basis of stuttering, yet they also reveal the need for further examination of the specific mechanisms that underlie stuttering, particularly sex-specific genetic liability. Future research should probe the role of sex in the occurrence and development of stuttering.
Beyond the basic science, characterizing the genetic basis of stuttering has the potential to shape how stuttering is perceived and managed, with the potential to enhance patient care. Stuttering has been observed since antiquity, yet it is still poorly understood, leading to stigma. Further understanding the heritability and genetic causes of stuttering may dispel myths and alleviate feelings of shame experienced by individuals who stutter and their families.
Additional investigation may reveal specific and sex-specific causal mechanisms of this common, heritable, and complex disorder; presently, this study demonstrates that common susceptibility variants and genes, which regulate vital endocrine and neurological systems, contribute to stuttering in the adult population.
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23andMe: Genome-wide association studies included participants from 23andMe Inc. who self-reported stuttering status through a questionnaire. Cases included participants who answered “yes” (99,779 individuals) to the question: “Have you ever had a stammer or stutter?” Controls (1,023,243 individuals) included participants who answered “no” to this same question (see Demographic Table 1). All individuals included in the analyses provided informed consent and answered surveys online according to 23andMe human subject protocol, which was reviewed and approved by Ethical & Independent Review Services, a private institutional review board (http://www.eandireview.com). Genotyping, quality control, and imputation performed by 23andMe according to their standard practices.

ISP: Polygenic model testing was performed using individuals with developmental stuttering acquired through the International Stuttering Project. Stuttering status in the ISP cohort was confirmed by a speech pathologist with expertise in fluency disorders. See Polikowsky et al. 2022 HGG Advances237 for a detailed description of this cohort.

[bookmark: _Toc111717167]Statistical Analysis
Eight ancestry- and sex-specific genome-wide association analyses were performed to determine variant association with stuttering risk (see demographic table). Each performed GWAS used a logistic regression that assumed an additive model for allelic effects: 
Stuttering status ~ age + pc.0 + pc.1 + pc.2 + pc.3 + pc.4 + v2_platform + v3_0_platform + v3_1_platform + v4_platform + genotype
Reported P values represent  a computed likelihood ratio test. Principal components for each logistic regression model were calculated independently for each ancestry, using ~65,000 high quality genotyped variants present across all five genotyping platforms. Principal components were computed on a subset of participants randomly sampled across all the genotyping platforms (137K, 102K, 1000K, and 360K participants were used for African-American, East-Asian, European, and Hispanic, respectively). PC scores for participants not included in the analysis were obtained by projection, combining the eigenvectors of the analysis and the SNP weights. Summary statistics were reported for imputed autosomal variants that were successfully imputed across all platforms (v2,v3,v4, and v5) and reached the following quality control thresholds: average rsq > 0.5, minimum rsq > 0.3, and batch check p value > 1x10-50.
 
[bookmark: _Toc111717168]Annotation
The sentinel variant for each genome-wide significant locus was reported for each ancestry and sex-specific study. The genome-wide significance was defined as p < 5x10-8 194; this threshold applies a Bonferroni correction where α = 0.05 and assumes there are approximately 1 million independent (i.e. not in linkage disequilibrium) common signals across the human genome. Annotated gene(s) for each locus included the predicted functional gene(s) for each loci (when available) according to Open Targets “Variant-to-gene (V2G) pipeline”, which integrates evidence from molecular quantitative trait loci, chromatin interactions, in silico functional predictions from Ensembl, and distance between the variant and gene canonical transcription start site.268,269 Loci were defined according to independent linkage disequilibrium blocks identified in 1000 Genomes reference using the matched ancestry reference. Reported sentinel variants represent the variant with the smallest p value within each associated region. All reported positional coordinates (chromosome and base-pair locations) refer to human genome reference build 37. We also looked for replication of any genome-wide significant signal among the other independent ancestry- and sex-specific GWAS.

[bookmark: _Toc111717169]Genetic Heritability calculations
Genome-wide SNP based heritability (h2) was calculated using summary statistics resulting from the European, African, and Admixed GWAS results using the LD Score regression software245. We used LDSC to estimate liability scaled h2 assuming a 10% population prevalence. LD maps were estimated from the 1000 Genomes phase 3 European, Admixed American, and African populations for the respective ancestry. Heritability was not calculated for the male and female East Asian GWAS due to sample size.

[bookmark: _Toc111717170]Stuttering polygenic risk-score model development
Polygenic risk-score models were trained using GWAS results from each sex- and ancestry-stratified in PRScs270, using a continuous shrinkage prior to adjust individual SNP weight for LD and variant significance. Default auto-phi parameters were used in both the male and female derived models and were not optimized to prevent overfitting, with LD reference panels constructed using 1KG phase 3 EUR reference for Europeans (give others for other ancestries). Each model was applied to the international stuttering project (ISP) cohort237, matched according to ancestry and stratified by sex. After pruning the ISP cohort to only include the primus identified maximally unrelated set, 651 European male stuttering cases and 4,260 sex-matched controls were included, as well as 242 European female cases and 1,788 female-controls; 48 African male stuttering cases and 308 sex-matched controls were included as well as 16 African female stuttering cases and 90 sex-matched controls. Genetic datasets were scored using PLINK 1v9132. Genetic liability scores were z-score normalized. Liability score distributions between cases and controls were compared via student’s two-sample t-test, and McFadden’s pseudo R-squared values were calculated via binary logistic regression modeling using the liability scores as the independent variable and stuttering status as the outcome.

[bookmark: _Toc111717171]Genetic Correlation
To assess common underlying genetic architecture between stuttering and various other comorbid traits, we performed a genetic correlation analysis, comparing the European male and female GWAS results to sex-specific summary statistics from 17 traits with available sex-specific GWAS results [see Table 35]. These traits were selected to include phenotypes previously identified as comorbidities with stuttering82,102,114,131,246,247. Each trait also needed to have available sex-specific summary statistics and for binary traits a case size > 1000, due to these constraints genetic correlations were only performed in the European-specific GWAS. All genetic correlation estimates were calculated between the European stuttering GWAS results (male and female-specific) and each of the 17 traits through LDSC244,245.

[bookmark: _Toc111717172]Functional analyses
	We performed a Mendelian Randomization analysis using the MendelianRandomization R package271. We performed a sex-specific mendelian randomization analysis for each of the 17 traits (hearing loss, asthma, dermatitis/eczema, hayfever/allergic rhinitis, sleep duration, daytime sleepiness, chronotype, recent thoughts of suicide or self-harm/suicide ideation, depression, anxiety, epilepsy, Attention-Deficit/Hyperactivity Disorder, alcohol dependency, alcohol consumption frequency, walking pace, body mass index, testosterone) included in our genetic correlation analysis to determine if the genetic risk for any trait was either causally related or pleotropic to stuttering in our European-male and European female GWAS. We filtered input variants for each included trait to only include variants that 1) were included in both the trait and stuttering GWAS and 2) variant p value in each GWAS < 5x10-6.
We performed an enrichment test for gene modules using our top identified genes associated with variant signals in either the European-male or European-female GWAS to determine if any sets of highly correlated genes (gene modules) were associated with stuttering risk. Top associated genes were determined for all variants with a p < 5x10-6 using Open Targets Genetics V2G pipeline268,269. Gene co-expression networks comprised groups of functionally related genes or ‘‘modules’’ Gerring et al.205 identified from GTEx v.7 tissue gene expression data. Module enrichments were reported for any gene tissue-specific analysis with an FDR adjusted p value < 0.05 among any of the 49 available GTEx tissues. We performed a competitive gene pathway analysis for reported module enrichments using g:Profiler and subsequently annotated the outputted biological pathways (Tables 29,30).
We performed a Bayesian colocalization analysis between our European-male and European-female genome-wide significant hits and tissue-specific eQTL signals from GTEx v.8 data198 using fast enrichment aided colocalization analysis.199,200 We looked for colocalization solely within regions with a variant identified as a top hit (Tables 26,27). Evaluated regions included all sentinel variants in either the European-male or European-female GWAS as well as any other variant found in the same LD block. LD blocks were defined according to European-based LD calculated from 1000 Genomes reference201. Colocalization analyses were tissue-specific and included all tissues available in GTEx v.8. We reported the results of any colocalization signal with a regional colocalization probability (RCP) (i.e., the probability that one of two SNPs in an LD block is responsible for a genuine association) > 0.05  (Table 28). 
Colocalization analysis and gene module enrichment for genome-wide significant loci identified in non-European studies is ongoing.

[bookmark: _Toc111717173]Replication Analysis
Gene replication analysis performed using methods detailed in chapter 4 section, “Replication for published implicated stuttering genes”. The previously calculated effective number of tests was then multiplied by 8, since we looked for replication of signals across our eight independent sex- and ancestry- specific GWAS. As such, the effective number of tests used for our Bonferroni correction represented the number of independent tag SNPs in each gene with pairwise r2 < 0.4 multiplied by 8. Gene replication results were Bonferroni corrected for the effective number of tests in each gene and the variant with the minimum p value within each gene was reported.
SNP-based replications looked for replication of the top hits reported in Shaw et al. (chapter 3) and Polikowsky et. al. (chapter 4) across all eight sex- and ancestry-specific studies. Bonferroni multiple-test correction applied (p = 0.05/8 tests or significance: p < 6.25x10-3). 

[bookmark: _Toc111717174]Supporting Information

	 
	Sex
	Sample Size
(n cases)
	Sample Prevalence
	Observed h2
(SD)
	Liability Scaled h2 (SD)

	African
	Female
	24,783 (3,008)
	0.1214
	0.053 (0.0279)
	0.1308 (0.0688)

	
	Male
	13,977 (2,480)
	0.1774
	0.085 (0.058)
	0.1531 (0.1046)

	European
	Female
	570,071 
(40,137)
	0.0704
	0.0226 (0.0013)
	0.0906 (0.0051)

	
	Male
	374,279 
(38,257)
	0.1022
	0.0331 (0.0019)
	0.0947 (0.0054)

	Admixed American
	Female
	74,187 (7,209)
	0.0972
	0.016 (0.0055)
	0.0252 (0.0086)

	
	Male
	45,206 (6,346)
	0.1404
	0.0141 (0.0077)
	0.0161 (0.0088)

	East Asian
	Female
	13,347 (1,205)
	0.0903
	
	

	
	Male
	7,169 (1,134)
	0.1871
	
	


[bookmark: _Toc111465854]Table 33 - SNP-based stuttering heritability
Population prevalence for liability scaling set to 10%. Ancestry-specific 1000 Genomes population used for LD reference. Sample size prevented SNP-based h2 calculations in the East Asian cohort




[bookmark: _Toc111465764]Figure 22 -  Manhattan and QQplot female African GWAS
Manhattan and Q-Q plot for Female African genome-wide association study. The African female association study included 24,783 total samples (3,008 self-reported stuttering cases) and 29,555,214 autosomal variants. No loci reached genome-wide significance (dotted line p < 5E-8). Q-Q plot x axis represents expected -log10(p) and the y axis represents observed -log10(p); λ=1.0191.


[bookmark: _Toc111465765]Figure 23 - Manhattan and QQplot male African GWAS
Manhattan and Q-Q plot for Male African genome-wide association study. The African male association study included 13,977 total samples (2,480 self-reported stuttering cases) and 29,443,778 autosomal variants. Three loci reached genome-wide significance (dotted line p < 5E-8). Q-Q plot x axis represents expected -log10(p) and the y axis represents observed -log10(p); λ=1.0192.








[bookmark: _Toc111465766]Figure 24 - Manhattan and QQplot female Admixed American GWAS
Manhattan and Q-Q plot for Female Admixed American genome-wide association study. The Admixed American female association study included 74,187 total samples (7,209 self-reported stuttering cases) and 29,814,878 autosomal variants. One locus reached genome-wide significance (dotted line p < 5E-8). Q-Q plot x axis represents expected -log10(p) and the y axis represents observed -log10(p); λ=1.0329.


[bookmark: _Toc111465767]Figure 25 - Manhattan and QQplot male Admixed American GWAS
Manhattan and Q-Q plot for Male Admixed American genome-wide association study. The Admixed American male association study included 45,206 total samples (6,346 self-reported stuttering cases) and 29,759,321 autosomal variants. One locus reached genome-wide significance (dotted line p < 5E-8). Q-Q plot x axis represents expected -log10(p) and the y axis represents observed -log10(p); λ=1.0215.


[bookmark: _Toc111465768]Figure 26 - Manhattan and QQplot female East Asian GWAS
Manhattan and Q-Q plot for Female East Asian genome-wide association study. The East Asian female association study included 13,347 total samples (1,205 self-reported stuttering cases) and 10,595,969 autosomal variants. No loci reached genome-wide significance (dotted line p < 5E-8). Q-Q plot x axis represents expected -log10(p) and the y axis represents observed -log10(p); λ=1.0105.


[bookmark: _Toc111465769]Figure 27 - Manhattan and QQplot male East Asian GWAS
Manhattan and Q-Q plot for Male East Asian genome-wide association study. The East Asian male association study included 7,169 total samples (1,134 self-reported stuttering cases) and 10,586,108 autosomal variants. No loci reached genome-wide significance (dotted line p < 5E-8). Q-Q plot x axis represents expected -log10(p) and the y axis represents observed -log10(p); λ=1.0203.



[bookmark: _Toc111465770]Figure 28 - QQplots European male and female GWAS
Q-Q plots for European Male and Female genome-wide association studies. Q-Q plot x axes represent expected -log10(p) and the y axes represent observed -log10(p); λ=1.0824 for European Female GWAS [left] and λ=1.0808 for European Male GWAS [right]. 



	Study
	rsid
	chr
	pos_b37
	EA
	NEA
	EAF
	OR 
[95% CI]
	P value
	Functional Gene(s)
	Location
	Avg
RSQ
	Min
RSQ
	Neff

	AFR-M
	rs541395135
	12
	80825417
	I
	D
	0.945
	0.654 [0.564-0.758]
	4.36E-08
	PTPRQ
	[PTPRQ]
	0.686
	0.596
	179

	AFR-M
	rs7333000
	13
	26535079
	G
	A
	0.915
	1.40 [1.23-1.59]
	4.29E-08
	SHISA2
	[ATP8A2]
	0.899
	0.856
	347

	AFR-M
	rs192857772
	22
	37824152
	G
	A
	0.998
	5.83 [3.18-10.71]
	2.24E-08
	CYTH4
	ELFN2[]--
MFNG
	0.872
	0.868
	8

	AMR-F
	rs35713684
	10
	109112494
	G
	A
	0.993
	2.22 [1.62-3.06]
	4.58E-08
	SORCS1
	SORCS1---[]
	0.725
	0.708
	77

	AMR-M
	rs556601931
	13
	41980338
	T
	C
	6.76E-04
	6.84 [3.65-12.84]
	2.24E-08
	RGCC
	NAA16--[]--RGCC
	0.682
	0.401
	6


[bookmark: _Toc111465855]Table 34 - non-European top hits
Sentinel hits from non-European genome-wide association studies. Sentinel variant reported for each locus with a genome-wide significant hit, p < 5 x 10-8. The functional gene(s) represents the variant-to-gene predicted by Open Targets V2G pipeline, which integrates evidence from molecular quantitative trait loci, chromatin interactions, in silico functional predictions from Ensembl, and distance between the variant and gene canonical transcription start site. NA (not available) reported for variants where Open Targets did not identify a gene. Base-pair positions listed according to human genome reference build 19. Dashes in location column indicate distance, where [] is contained within the transcripts of the specified gene; ‘’ = <1kb; ‘-‘ = < 10kb; ‘--’ = < 100kb; ‘---’ = < 1000kb to either upstream or downstream of the gene. Replication was not observed in any of the seven tested independent genome-wide association studies.



[bookmark: _Toc111465771]Figure 29 - Locus zoom plot of rs35609938
 Locus zoom plot of European-male stuttering associations with surrounding variants (color coded by r2 bin) and the sentinel variant (denoted by purple diamond) using EUR linkage disequilibrium (LD) generated from 1000 Genomes EUR reference. The x axis represents chromosome position (hg37) with annotated genes found within the region, the y axis represents log10 (p value) of the association between the genetic variant and stuttering. Sentinel variant is located more than 500kb (upstream or downstream) from a protein-coding gene. 


[bookmark: _Toc111465772]Figure 30 - Locus zoom plot of rs1040225
Locus zoom plot of European-male stuttering associations with surrounding variants (color coded by r2 bin) and the sentinel variant (denoted by purple diamond) using EUR linkage disequilibrium (LD) generated from 1000 Genomes EUR reference. The x axis represents chromosome position (hg37) with annotated genes found within the region, the y axis represents log10 (p value) of the association between the genetic variant and stuttering. Sentinel variant is a genetic upstream transcript or intronic variant within VRK2. 


[bookmark: _Toc111465773]Figure 31 - Locus zoom plot of rs34394051
Locus zoom plot of European-male stuttering associations with surrounding variants (color coded by r2 bin) and the sentinel variant (denoted by purple diamond) using EUR linkage disequilibrium (LD) generated from 1000 Genomes EUR reference. The x axis represents chromosome position (hg37) with annotated genes found within the region, the y axis represents log10 (p value) of the association between the genetic variant and stuttering. Sentinel variant is a genetic upstream transcript or intronic variant within CAMTA1.






[bookmark: _Toc111465774]Figure 32 -  Locus zoom plot of rs545889942
Locus zoom plot of European-male stuttering associations with surrounding variants (color coded by r2 bin) and the sentinel variant (denoted by purple diamond) using EUR linkage disequilibrium (LD) generated from 1000 Genomes EUR reference. The x axis represents chromosome position (hg37) with annotated genes found within the region, the y axis represents log10 (p value) of the association between the genetic variant and stuttering. Sentinel variant is located more than 500kb (upstream or downstream) from a protein-coding gene. 


[bookmark: _Toc111465775]Figure 33 - Locus zoom plot of rs72664949
Locus zoom plot of European-male stuttering associations with surrounding variants (color coded by r2 bin) and the sentinel variant (denoted by purple diamond) using EUR linkage disequilibrium (LD) generated from 1000 Genomes EUR reference. The x axis represents chromosome position (hg37) with annotated genes found within the region, the y axis represents log10 (p value) of the association between the genetic variant and stuttering. Sentinel variant is a genetic upstream transcript or intronic variant within MY016.



[bookmark: _Toc111465776]Figure 34 - Locus zoom plot of rs10850379
Locus zoom plot of European-male stuttering associations with surrounding variants (color coded by r2 bin) and the sentinel variant (denoted by purple diamond) using EUR linkage disequilibrium (LD) generated from 1000 Genomes EUR reference. The x axis represents chromosome position (hg37) with annotated genes found within the region, the y axis represents log10 (p value) of the association between the genetic variant and stuttering. Sentinel variant is an intronic variant within MMAB.



[bookmark: _Toc111465777]Figure 35 - Locus zoom plot of rs62337988
Locus zoom plot of European-male stuttering associations with surrounding variants (color coded by r2 bin) and the sentinel variant (denoted by purple diamond) using EUR linkage disequilibrium (LD) generated from 1000 Genomes EUR reference. The x axis represents chromosome position (hg37) with annotated genes found within the region, the y axis represents log10 (p value) of the association between the genetic variant and stuttering. Sentinel variant is located < 1Mb upstream of CTNND2. 


[bookmark: _Toc111465778]Figure 36 - Locus zoom plot of rs11353659
Locus zoom plot of European-male stuttering associations with surrounding variants (color coded by r2 bin) and the sentinel variant (denoted by purple diamond) using EUR linkage disequilibrium (LD) generated from 1000 Genomes EUR reference. The x axis represents chromosome position (hg37) with annotated genes found within the region, the y axis represents log10 (p value) of the association between the genetic variant and stuttering. Sentinel variant is a genetic downstream transcript or intronic variant within SEMA6D.


[bookmark: _Toc111465779]Figure 37 - Locus zoom plot of rs58120907
Locus zoom plot of European-male stuttering associations with surrounding variants (color coded by r2 bin) and the sentinel variant (denoted by purple diamond) using EUR linkage disequilibrium (LD) generated from 1000 Genomes EUR reference. The x axis represents chromosome position (hg37) with annotated genes found within the region, the y axis represents log10 (p value) of the association between the genetic variant and stuttering. Sentinel variant is an intronic variant within IRS2.



[bookmark: _Toc111465780]Figure 38 - Locus zoom plot of rs558002155
Locus zoom plot of European-male stuttering associations with surrounding variants (color coded by r2 bin) and the sentinel variant (denoted by purple diamond) using EUR linkage disequilibrium (LD) generated from 1000 Genomes EUR reference. The x axis represents chromosome position (hg37) with annotated genes found within the region, the y axis represents log10 (p value) of the association between the genetic variant and stuttering. Sentinel variant is an intronic variant within COL14A1.


[bookmark: _Toc111465781]Figure 39 - Locus zoom plot of rs13107325
Locus zoom plot of European-female stuttering associations with surrounding variants (color coded by r2 bin) and the sentinel variant (denoted by purple diamond) using EUR linkage disequilibrium (LD) generated from 1000 Genomes EUR reference. The x axis represents chromosome position (hg37) with annotated genes found within the region, the y axis represents log10 (p value) of the association between the genetic variant and stuttering. Sentinel variant is a missense variant within SLC39A8.


[bookmark: _Toc111465782]Figure 40 - Locus zoom plot of rs572319557
Locus zoom plot of European-female stuttering associations with surrounding variants (color coded by r2 bin) and the sentinel variant (denoted by purple diamond) using EUR linkage disequilibrium (LD) generated from 1000 Genomes EUR reference. The x axis represents chromosome position (hg37) with annotated genes found within the region, the y axis represents log10 (p value) of the association between the genetic variant and stuttering. Sentinel variant is an intronic variant within DCC.

[bookmark: _Toc111465783]Figure 41 - Locus zoom plot of rs3801279
Locus zoom plot of European-female stuttering associations with surrounding variants (color coded by r2 bin) and the sentinel variant (denoted by purple diamond) using EUR linkage disequilibrium (LD) generated from 1000 Genomes EUR reference. The x axis represents chromosome position (hg37) with annotated genes found within the region, the y axis represents log10 (p value) of the association between the genetic variant and stuttering. Sentinel variant is an intronic variant within SRPK2.


[bookmark: _Toc111465784]Figure 42 - Locus zoom plot of 15:29934686
Locus zoom plot of European-female stuttering associations with surrounding variants (color coded by r2 bin) and the sentinel variant (denoted by purple diamond) using EUR linkage disequilibrium (LD) generated from 1000 Genomes EUR reference. The x axis represents chromosome position (hg37) with annotated genes found within the region, the y axis represents log10 (p value) of the association between the genetic variant and stuttering. Sentinel variant is between FAM189A1 and TJP1.


[bookmark: _Toc111465785]Figure 43 - Locus zoom plot of rs535503154
Locus zoom plot of European-female stuttering associations with surrounding variants (color coded by r2 bin) and the sentinel variant (denoted by purple diamond) using EUR linkage disequilibrium (LD) generated from 1000 Genomes EUR reference. The x axis represents chromosome position (hg37) with annotated genes found within the region, the y axis represents log10 (p value) of the association between the genetic variant and stuttering. Sentinel variant is upstream of NMUR2.


[bookmark: _Toc111465786]Figure 44 - Locus zoom plot of rs968163
Locus zoom plot of European-female stuttering associations with surrounding variants (color coded by r2 bin) and the sentinel variant (denoted by purple diamond) using EUR linkage disequilibrium (LD) generated from 1000 Genomes EUR reference. The x axis represents chromosome position (hg37) with annotated genes found within the region, the y axis represents log10 (p value) of the association between the genetic variant and stuttering. Sentinel variant is upstream of ZFP64.





[bookmark: _Toc111465787]Figure 45 - Locus zoom plot of rs529593131
 Locus zoom plot of European-female stuttering associations with surrounding variants (color coded by r2 bin) and the sentinel variant (denoted by purple diamond) using EUR linkage disequilibrium (LD) generated from 1000 Genomes EUR reference. The x axis represents chromosome position (hg37) with annotated genes found within the region, the y axis represents log10 (p value) of the association between the genetic variant and stuttering. Sentinel variant is downstream of KCNJ2.



[bookmark: _Toc111465788]Figure 46 - Locus zoom plot of rs779897701
 Locus zoom plot of European-female stuttering associations with surrounding variants (color coded by r2 bin) and the sentinel variant (denoted by purple diamond) using EUR linkage disequilibrium (LD) generated from 1000 Genomes EUR reference. The x axis represents chromosome position (hg37) with annotated genes found within the region, the y axis represents log10 (p value) of the association between the genetic variant and stuttering. Sentinel variant is located more than 500kb (upstream or downstream) from a protein-coding gene. 


[bookmark: _Toc111465789]Figure 47 - Locus zoom plot of rs62252182
Locus zoom plot of European-female stuttering associations with surrounding variants (color coded by r2 bin) and the sentinel variant (denoted by purple diamond) using EUR linkage disequilibrium (LD) generated from 1000 Genomes EUR reference. The x axis represents chromosome position (hg37) with annotated genes found within the region, the y axis represents log10 (p value) of the association between the genetic variant and stuttering. Sentinel variant is an intronic or genic upstream transcript variant within MITF.


[bookmark: _Toc111465790]Figure 48 - Locus zoom plot of rs541395135
Locus zoom plot of African American-male stuttering associations with surrounding variants (color coded by r2 bin) and the sentinel variant (denoted by purple diamond) using AFR linkage disequilibrium (LD) generated from 1000 Genomes AFR reference. The x axis represents chromosome position (hg37) with annotated genes found within the region, the y axis represents log10 (p value) of the association between the genetic variant and stuttering. Sentinel variant is an intronic variant within PTPRQ.


[bookmark: _Toc111465791]Figure 49 - Locus zoom plot of rs7333000
Locus zoom plot of African American-male stuttering associations with surrounding variants (color coded by r2 bin) and the sentinel variant (denoted by purple diamond) using AFR linkage disequilibrium (LD) generated from 1000 Genomes AFR reference. The x axis represents chromosome position (hg37) with annotated genes found within the region, the y axis represents log10 (p value) of the association between the genetic variant and stuttering. Sentinel variant is intronic within ATP8A2.


[bookmark: _Toc111465792]Figure 50 - Locus zoom plot of rs192857772
Locus zoom plot of African American-male stuttering associations with surrounding variants (color coded by r2 bin) and the sentinel variant (denoted by purple diamond) using AFR linkage disequilibrium (LD) generated from 1000 Genomes AFR reference. The x axis represents chromosome position (hg37) with annotated genes found within the region, the y axis represents log10 (p value) of the association between the genetic variant and stuttering. Sentinel variant is an upstream transcript variant for ELFN2.


[bookmark: _Toc111465793]Figure 51 - Locus zoom plot of rs35713684
Locus zoom plot of Admixed American-female stuttering associations with surrounding variants (color coded by r2 bin) and the sentinel variant (denoted by purple diamond) using AMR linkage disequilibrium (LD) generated from 1000 Genomes AMR reference. The x axis represents chromosome position (hg37) with annotated genes found within the region, the y axis represents log10 (p value) of the association between the genetic variant and stuttering. Sentinel variant is upstream of SORCS1.




[bookmark: _Toc111465794]Figure 52 - Locus zoom plot of rs556601931
Locus zoom plot of Admixed American-male stuttering associations with surrounding variants (color coded by r2 bin) and the sentinel variant (denoted by purple diamond) using AMR linkage disequilibrium (LD) generated from 1000 Genomes AMR reference. The x axis represents chromosome position (hg37) with annotated genes found within the region, the y axis represents log10 (p value) of the association between the genetic variant and stuttering. Sentinel variant is between NAA16 and RGCC.





	Category
	Phenotype
	Sex
	UKBB or GWAS catalog phenotype ID
	N total
	Phenotype Description

	Speech and language
	Hearing loss
	Male
	
2247_1

	161251
(50565 cases)
	Binary (Y: Do you have any difficulty with your hearing?)


	
	
	Female
	
	185384
(40145 cases)
	

	Immune
	Asthma
	Male
	22127
	41234
(5002 cases)
	Doctor diagnosed asthma (Y or N)


	
	
	Female
	
	50553
(6715 cases)
	

	
	Dermatitis/Eczema
	Male
	20002_1452
	166988
(4255 cases)
	Self-reported dermatitis


	
	
	Female
	20002_1452
	194153
(5066 cases)
	

	
	Hayfever/
Allergic rhinitis
	Male
	20002_1387
	166988
(9704 cases)
	Self-reported


	
	
	Female
	20002_1387
	194153
(10963 cases)
	

	Circadian Rhythm
	Sleep duration

	Male
	1160

	166210
	Trait defined as three categories; <7 hrs, >7 & <8 hrs, or >=8hrs

	
	
	Female
	
	192810
	

	
	Daytime sleepiness

	Male
	1220

	166280
	How likely are you to doze off or fall asleep during the daytime when you don't mean to? (e.g. when working, reading or driving). 3 categories


	
	
	Female
	
	193472
	

	
	Chronotype

	Male
	
1180

	144884
	Do you consider yourself to be [a morning person]? Ordinal - 4 categories

	
	
	Female
	
	177604
	

	Motor
	Walking pace

	Male
	924
	165967
	ordinal: <3-4mph, 3-4mph, > 3-4mph

	
	
	Female
	
	193007
	

	Neurological
	Suicide Ideation
	Male
	
20513

	51605
	

Ordinal (Over the last two weeks, how often have you been bothered by thoughts that you would be better off dead or hurting yourself in some way?": 1 (never) to 4(frequently))


	
	
	Female
	
	65572
	

	
	Epilepsy
	Male
	20002_1264
	166988 
(1498 cases)
	Self-report (Y or N)

	
	
	Female
	
	194153 
(1517 cases)
	

	
	
Attention deficit hyperactivity disorder (ADHD)*

	Male
	GCST005362
	32102 
(14154 cases)
	Clinically diagnosed

	
	
	Female
	GCST012597
	21,191 
(4945 cases)
	

	
	Depression
	Male
	20544_11
	51841 
(8166 cases)
	
Self-report (Y or N): Depression diagnosed by a professional?


	
	
	Female
	
	65941 
(16921 cases)
	

	
	Anxiety
	Male
	20544_15
	51825 
(5649 cases)
	
Self-report (Y or N): Have you ever been diagnosed with anxiety, nerves, or generalized anxiety disorder?


	
	
	Female
	
	65926 
(11081 cases)
	

	Behavior
	Alcohol Dependency
	Male
	20406
	3406 (1603 cases)
	Self-report (Y or N): Have you been addicted to alcohol?

	
	
	Female
	
	3108 (1175 cases)
	

	
	Alcohol consumption frequency
	Male
	20414
	51874
	Ordinal (5 categories - often to never)

	
	
	Female
	
	66040
	

	Endocrine
	Body mass index
	Male
	21001_irnt
	166413
	Continuous, inverse rank normalized

	
	
	Female
	
	193570
	

	
	Testosterone
	Male
	30850_raw
	157738
	quantitative trait in nm/L

	
	
	Female
	
	154364
	


[bookmark: _Toc111465856]Table 35 - Genetic Correlation details
All traits derived from UK Biobank from the Neale Lab except for ADHD. See http://www.nealelab.is/uk-biobank/ to access data.
*Source is PGC+iPSYCH, data published by Martin et al. (PMID: 29325848)272.





[bookmark: _Toc111717175]CHAPTER 6
[bookmark: _Toc111717176]CONCLUSION
[bookmark: _Toc111717177]Summary
The body of work presented here demonstrates that developmental stuttering risk is driven by genetic effects detectable at both the familial and population level; moreover, that these genetic effects exert diverse biological functions, modulating endocrine, neurological, and cell communication systems. 
In chapter 1, we reviewed prior literature investigating the genetics of developmental stuttering. Heritability estimates from twin studies provided evidence for a strong genetic influence on stuttering risk. Despite this evidence, studies using population isolates and families have only implicated six stuttering genes: DRD2, GNPTAB, GNPTG, NAGPA, AP4E1, and CYP17A1. As such, the work detailed in the subsequent chapters details our efforts to investigate more diverse, global populations of individuals who stutter.
In chapter 2, we detailed the feasibility of using electronic health records to bolster our stuttering investigations. We built a phenome risk classifier model, PheML, that could identify high likelihood stuttering cases in electronic health records (EHR), which do not clearly annotate instances of developmental stuttering. We also leveraged EHR data to identify phenotypes that co-occur with stuttering (comorbidities). Our study replicated findings from prior studies that found sleep disorders103, the atopic triad104,105, and other developmental disorders73,81,101 comorbid with stuttering. Additionally, our study also identified weight control, infection susceptibility, and various neurological deficits comorbid with stuttering. These observed comorbidities could be due to shared genetic etiology and/or a causal interaction. For example, a recent study by Per Alm implicated streptococcal infections as a major historical cause of stuttering due to group A beta-hemolytic streptococcus targeting cells within the basal ganglia128. Our mendelian randomization study in chapter 5 identified other stuttering causes. Chronotype, depression, BMI, and walking pace appeared to cause stuttering in females who self-reported stuttering; whereas, testosterone and suicide ideation caused stuttering in males who self-reported stuttering. 
In chapter 3, we expound our study of stuttering within EHR. We used our stuttering risk classifier model, PheML, to identify stuttering cases within BioVU, Vanderbilt’s EHR-linked biorepository. We validated PheML by showing concordance of genetic signals between PheML-predicted stuttering individuals and clinically ascertained subjects (ISP). Importantly, PheML enabled the discovery that common genetic risk variation contributes to stuttering risk. We also showed that a polygenic risk score (PRS) model built from our PheML GWAS captured polygenic developmental stuttering liability.
In chapter 4, we present the genome-wide association results from a global outbred population of individuals who stutter (the International Stuttering Project, ISP). This study revealed that common variation contributes to genetic susceptibility for developmental stuttering. Moreover, this study demonstrated that stuttering genetic risk factors are complex and involve both familial and population variation. This study also provided preliminary evidence for the role of neurological processes in developmental stuttering.
In chapter 5, we use our exceptionally well-powered study of self-reported stuttering to elucidate the molecular etiology of stuttering. We identified 24 novel genome-wide significant loci, enabling the creation of an independently validated polygenic risk score in our ISP set, and providing an opportunity to explore genetic correlations between stuttering and its comorbidities. This study revealed that common genetic variation regulates vital endocrine and neurological systems to impact stuttering risk in the adult population.

[bookmark: _Toc111717178]Future Directions
	Our study provided initial evidence that the genetic architecture in families highly enriched with individuals who stutter shares some overlap with common genetic drivers of stuttering in general populations. However, it’s unclear how familial and common genetic drivers coordinate to impact stuttering risk. For example, rare variation, modified by common risk variants might contribute to the complex multifactorial inheritance patterns observed in some families enriched with developmental stuttering. We could apply our developed PRS model (depicted in chapter 5) to model common polygenic stuttering risk in stuttering families where a causal gene has yet to be identified.  
The dimorphic nature of developmental stuttering begs further investigation into its sex-specific causal mechanisms. Our study highlighted differential polygenic liability between males and females who stutter. We investigated horizontal pleiotropy as a possibility for this sex discrepancy; however, further investigation is critical, particularly since persistent stuttering is more prevalent in males compared to females. Therefore, sex-differentiating polygenic liability is confounded by persistent versus recovered stuttering status. Research with targeted recruitment to distinguish between recovered versus persistent stuttering represents a critical need. 
Although the research presented here investigates diverse populations of individuals who stutter, acquired cases predominantly come from European ancestry. Our European-male derived PRS model distinguished both male and female African and European cases from their sex- and ancestry-matched controls (Figures 14 & 15); however, due to the small sample size of the ISP cohort, we were unable to assess whether our PRS model captured polygenic liability in stuttering individuals with other ancestry backgrounds. Increasing diversity in genetic research will provide a more comprehensive and refined view of the genetic contribution of complex traits273, such as developmental stuttering, and facilitate a future that implements precision care. Research with targeted recruitment to enroll individuals who stutter from diverse ancestry backgrounds represents a burgeoning need.


[bookmark: _Toc111717179]Conclusion 
Stuttering is a common, heritable, and complex speech disorder. The remarkable advances presented herein inform our understanding of the molecular etiology of stuttering and lay groundwork for the future of precision care in developmental speech disorders. Characterizing the genetic basis of stuttering could shape how stuttering is perceived and managed, with the potential to enhance patient care. Stuttering has been observed since antiquity, yet it is still poorly understood, leading to stigma. Further understanding the genetic causes of stuttering may dispel myths and alleviate feelings of shame experienced by individuals who stutter and their families.

[bookmark: _Toc111717180]Closing remarks
	Speech and language represent a uniquely human experience. We unite speech and language to share our stories and perspective with one another. Communication requires the coordination of neurological, cognitive, and linguistic systems to give shape to our inner thoughts, feelings, and experiences. By elucidating the genetic etiology of developmental stuttering, we begin to unravel the molecular forces that result in speech and language and ultimately coalesce to enable communication. 















…

My words, my brushes
04.01.20

Curved loops and curlicues,
Scribbled lines and jagged hues,

Each word stands poised awaiting my command,
Each one an instrument on demand.

One-by-one in an orderly line,
I gather them in a fashion divine,

Deliberate motions. Expert lines. They paint escapes,
telling stories rivaling Monet’s landscapes.

Crowded together they spill around,
I hurriedly grab them before they abound,

Grand strokes. Elaborate gestures. They paint dreams,
telling stories rivaling Jackson Pollock’s scenes.

Scattered haphazardly gleefully free,
I locate a few just for me,

Pregnant pauses. Sweeping arcs. They paint hearts,
telling stories rivaling any handprint art.

Escapes, dreams, hearts.

The canvas is my mind.

My words, my brushes.
…
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110.1|Dermatophytosis 38| 0000 16 18] 20| 24| 29 31 33 34
112(Candidiasis 33 0000 14 16 17| 23 28 30 32 33
369| Infection of the eye 58| 0000 25 29| 34| 42 50 51 54 58
369.5Conjunctivits; infectious 54 0000 22 26 20| 37 44 46 50 59
382|Otalgia 27) 0000 5 o 11 16 21 21 23 25
870|Open wounds of head; neck and trunk 54 0000 21 81 31 39 46 47 49 50
870.3Other open wound of head and face 38| 0000 12 17| 19| 25 80 32 35 36
Neurological deficits
292|Neurological disorders 55| 0000 21] 23] 26| 32| a7 39 41| 41
292.1 Aphasia/speech disturbance 40/ 0000 6 8 10| 14| 18 19 21 23
350|Abnormal movement 53 0000 14 15 17 22 27 28 31 2
350.2 Abnormaiity of gait 24 0000 o 1] 2/ 4 8 7 7 10
350.3| Lack of coordination 20 0000 3 5 7 11 15 16 18 19
345 Epilepsy; recurrent seizures; conwulsions | 55| 0000 29 35| 37| 44| 50 51 54 55
345.3|Convuisions 54 0000 27| 82 34 41 47 48 51 51
Weight Control
278|Overweight; obesity and other hyperalimes 29| 0000 1) 2| 3] 5 8 9 10/ 10
1002 Symptoms concering nutrition; 31 0000 2 8 4 7 10 10 11 11
264{Lack of normal physiological developmen{ 83| 0000 53 55| 56| 65 73 74 79 82
264.9|Lack of normal physiological 43 0000 19| 21| 23| 28 33 36 38 40

| development; unspecified





image4.emf



Phecode Description Count p.value p01 p05 p10 p50 p90 p95 p99 max



300 Anxiety disorders 34 0.0100 16 20 21 26 32 33 34 36
476 Allergic rhinitis 77 0.0100 47 54 56 64 71 73 75 78
512 Other symptoms of respiratory system 163 0.0100 120 128 132 140 151 154 157 165
558 Noninfectious gastroenteritis 47 0.0100 23 28 30 35 41 43 47 49



264.3 Delayed milestones 33 0.0200 14 17 18 24 29 30 35 37
479 Other upper respiratory disease 56 0.0200 33 36 38 47 53 54 57 57
481 Influenza 28 0.0200 12 13 15 21 24 26 30 30



8 Intestinal infection 38 0.0400 15 20 24 30 36 38 40 42
313.3 Autism 23 0.0400 9 11 12 18 22 23 25 26
371 Inflammation of the eye 22 0.0400 9 11 13 17 21 22 25 26



495.2 Asthma with exacerbation 44 0.0400 24 25 26 32 39 41 45 47
915 Superficial injury without mention of infection 27 0.0400 13 14 16 21 27 27 29 31
474 Acute and chronic tonsillitis 55 0.0500 33 37 39 46 53 55 61 64



474.2 Chronic tonsillitis and adenoiditis 52 0.0500 32 34 36 43 49 52 58 61
465.2 Acute pharyngitis 75 0.0600 47 53 55 63 73 76 82 82
495 Asthma 74 0.0600 48 54 56 62 70 75 78 81



772.3 Muscle weakness 21 0.0600 8 11 11 16 21 22 26 27
512.1 Wheezing 50 0.0700 32 34 36 41 50 51 55 55
658 Maternal complication of pregnancy 



affecting fetus or newborn
27 0.0700 15 16 17 21 27 29 32 34



381.2 Eustachian tube disorders 39 0.0800 20 24 26 31 39 40 43 45
483 Acute bronchitis and bronchiolitis 59 0.0800 35 39 43 50 59 61 62 63



803.2 Fracture of radius and ulna 27 0.0900 13 15 17 22 27 29 31 31
327.3 Sleep apnea 38 0.1000 17 25 26 32 38 39 42 47



327.32 Obstructive sleep apnea 28 0.1000 11 17 18 23 28 30 33 35
313.1 Attention deficit hyperactivity disorder 49 0.1200 30 36 38 43 50 51 54 55



Non-Significant Phecodes of Interest
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		phecode		description		count.1000		p.value		p01		p05		p10		p50		p90		p95		p99		max

		79		Viral infection		116		0.0000		67		70		76		85		95		98		102		109

		110		Dermatophytosis / Dermatomycosis		39		0.0000		17		20		21		26		31		33		35		35

		110.1		Dermatophytosis		38		0.0000		16		18		20		24		29		31		33		34

		112		Candidiasis		33		0.0000		14		16		17		23		28		30		32		33

		264		Lack of normal physiological development		83		0.0000		53		55		56		65		73		74		79		82

		264.9		Lack of normal physiological development; unspecified		43		0.0000		19		21		23		28		33		36		38		40

		278		Overweight; obesity and other hyperalimentation		29		0.0000		1		2		3		5		8		9		10		10

		292		Neurological disorders		55		0.0000		21		23		26		32		37		39		41		41

		292.1		Aphasia/speech disturbance		40		0.0000		6		8		10		14		18		19		21		23

		313		Pervasive developmental disorders		186		0.0000		66		69		72		80		90		93		95		95

		313.2		Tics and stuttering		141		0.0000		15		17		19		25		30		32		35		37

		315		Develomental delays and disorders		351		0.0000		81		87		89		104		117		121		123		128

		315.2		Speech and language disorder		337		0.0000		64		74		77		89		102		106		109		115

		327		Sleep disorders		47		0.0000		18		24		25		30		35		36		39		42

		345		Epilepsy; recurrent seizures; convulsions		55		0.0000		29		35		37		44		50		51		54		55

		345.3		Convulsions		54		0.0000		27		32		34		41		47		48		51		51

		350		Abnormal movement		53		0.0000		14		15		17		22		27		28		31		32

		350.2		Abnormality of gait		24		0.0000		0		1		2		4		6		7		7		10

		350.3		Lack of coordination		20		0.0000		3		5		7		11		15		16		18		19

		369		Infection of the eye		58		0.0000		25		29		34		42		50		51		54		58

		369.5		Conjunctivitis; infectious		54		0.0000		22		26		29		37		44		46		50		53

		381		Otitis media and Eustachian tube disorders		149		0.0000		94		104		108		120		131		133		136		143

		381.1		Otitis media		144		0.0000		89		99		101		114		125		126		129		131

		381.11		Suppurative and unspecified otitis media		134		0.0000		84		90		95		106		116		118		122		122

		382		Otalgia		27		0.0000		5		9		11		16		21		21		23		25

		389		Hearing loss		79		0.0000		38		43		45		53		59		62		66		66

		389.2		Conductive hearing loss		46		0.0000		18		22		23		30		35		37		39		44

		465		Acute upper respiratory infections of multiple or unspecified sites		174		0.0000		131		135		140		150		163		164		171		172

		472		Chronic pharyngitis and nasopharyngitis		29		0.0000		10		13		14		19		24		25		28		29

		512.8		Cough		120		0.0000		73		76		81		90		99		101		106		106

		687.1		Rash and other nonspecific skin eruption		63		0.0000		29		33		34		41		48		50		52		53

		783		Fever of unknown origin		152		0.0000		109		111		115		124		136		139		144		145

		870		Open wounds of head; neck; and trunk		54		0.0000		21		31		31		39		46		47		49		50

		870.3		Other open wound of head and face		38		0.0000		12		17		19		25		30		32		35		36

		930		Allergic reaction to food		20		0.0000		4		6		6		10		14		15		16		19

		939		Atopic/contact dermatitis due to other or unspecified		84		0.0000		37		42		44		51		59		60		62		68

		1002		Symptoms concerning nutrition; metabolism; and development		31		0.0000		2		3		4		7		10		10		11		11

		1010		Other tests		143		0.0000		15		20		21		27		33		34		37		40

		300		Anxiety disorders		34		0.0100		16		20		21		26		32		33		34		36

		476		Allergic rhinitis		77		0.0100		47		54		56		64		71		73		75		78

		512		Other symptoms of respiratory system		163		0.0100		120		128		132		140		151		154		157		165

		558		Noninfectious gastroenteritis		47		0.0100		23		28		30		35		41		43		47		49

		264.3		Delayed milestones		33		0.0200		14		17		18		24		29		30		35		37

		479		Other upper respiratory disease		56		0.0200		33		36		38		47		53		54		57		57

		481		Influenza		28		0.0200		12		13		15		21		24		26		30		30

		8		Intestinal infection		38		0.0400		15		20		24		30		36		38		40		42

		313.3		Autism		23		0.0400		9		11		12		18		22		23		25		26

		371		Inflammation of the eye		22		0.0400		9		11		13		17		21		22		25		26

		495.2		Asthma with exacerbation		44		0.0400		24		25		26		32		39		41		45		47

		915		Superficial injury without mention of infection		27		0.0400		13		14		16		21		27		27		29		31

		474		Acute and chronic tonsillitis		55		0.0500		33		37		39		46		53		55		61		64

		474.2		Chronic tonsillitis and adenoiditis		52		0.0500		32		34		36		43		49		52		58		61

		465.2		Acute pharyngitis		75		0.0600		47		53		55		63		73		76		82		82

		495		Asthma		74		0.0600		48		54		56		62		70		75		78		81

		772.3		Muscle weakness		21		0.0600		8		11		11		16		21		22		26		27

		512.1		Wheezing		50		0.0700		32		34		36		41		50		51		55		55

		658		Maternal complication of pregnancy affecting fetus or newborn		27		0.0700		15		16		17		21		27		29		32		34

		381.2		Eustachian tube disorders		39		0.0800		20		24		26		31		39		40		43		45

		483		Acute bronchitis and bronchiolitis		59		0.0800		35		39		43		50		59		61		62		63

		803.2		Fracture of radius and ulna		27		0.0900		13		15		17		22		27		29		31		31

		327.3		Sleep apnea		38		0.1000		17		25		26		32		38		39		42		47

		327.32		Obstructive sleep apnea		28		0.1000		11		17		18		23		28		30		33		35

		313.1		Attention deficit hyperactivity disorder		49		0.1200		30		36		38		43		50		51		54		55

		599.3		Dysuria		22		0.1200		9		12		13		18		23		24		26		26

		912		Insect bite		22		0.1500		12		13		14		19		24		25		27		29

		300.1		Anxiety disorder		21		0.1600		8		11		12		18		23		23		26		28

		312		Conduct disorders		31		0.1800		17		19		21		27		33		34		37		38

		519		Other diseases of respiratory system; not elsewhere classified		22		0.1900		12		14		14		19		24		25		31		33

		561.1		Diarrhea		48		0.1900		32		34		37		44		51		53		56		59

		599		Other symptoms/disorders or the urinary system		42		0.2100		27		30		32		37		45		48		49		56

		840		Sprains and strains		33		0.2400		20		22		24		30		35		37		38		39

		8.6		Viral Enteritis		28		0.2600		12		18		19		25		32		33		34		35

		916		Contusion		48		0.2700		35		37		38		44		52		54		57		61

		380.4		Impacted cerumen		21		0.3200		8		13		13		20		25		26		29		29

		367		Disorders of refraction and accommodation; blindness and low vision		31		0.3500		17		21		23		29		36		38		43		44

		803		Fracture of upper limb		36		0.3600		24		27		29		35		42		44		49		53

		741		Symptoms and disorders of the joints		28		0.3700		16		20		21		28		34		35		37		40

		418		Nonspecific chest pain		35		0.3800		19		27		29		34		40		41		43		44

		871		Open wounds of extremities		23		0.4200		12		16		17		23		29		30		31		34

		276.5		Hypovolemia		45		0.4300		31		33		38		44		51		54		55		56

		681		Superficial cellulitis and abscess		39		0.4300		28		29		32		38		46		48		49		50

		339		Other headache syndromes		43		0.4800		28		33		34		43		50		52		56		58

		510		Other diseases of lung		20		0.5200		12		15		16		21		27		28		30		33

		798		Malaise and fatigue		37		0.5200		25		30		31		38		46		48		50		51

		1005		Other symptoms		20		0.5500		12		15		16		21		27		29		31		32

		480		Pneumonia		38		0.5600		29		32		33		39		45		48		50		56

		656.3		Endocrine and metabolic disturbances of fetus and newborn		20		0.5800		11		14		16		22		27		30		32		35

		656.8		Perinatal jaundice		40		0.6100		30		34		36		42		48		51		51		58

		1009		Injury; NOS		92		0.6200		77		82		84		95		106		111		116		122

		789		Nausea and vomiting		86		0.6300		74		76		79		90		100		101		108		109

		512.7		Shortness of breath		26		0.6800		17		22		23		29		33		34		36		37

		378		Strabismus and other disorders of binocular eye movements		23		0.7300		17		18		20		26		31		33		36		39

		378.1		Strabismus (not specified as paralytic)		20		0.7300		14		17		18		22		28		30		33		36

		591		Urinary tract infection		22		0.7900		18		19		22		26		31		33		35		36

		773		Pain in limb		44		0.8000		38		41		42		48		56		58		59		59

		276		Disorders of fluid; electrolyte; and acid-base balance		53		0.8300		45		49		51		59		67		68		70		73

		785		Abdominal pain		77		0.8700		65		72		76		86		94		100		104		108

		745		Pain in joint		53		0.9000		48		51		53		63		70		72		80		83

		368		Visual disturbances		24		0.9300		21		24		26		32		39		40		43		45

		656		Other perinatal conditions of fetus or newborn		60		0.9300		53		58		61		69		78		79		84		88

		550		Abdominal hernia		22		0.9400		20		22		24		30		37		38		40		40

		563		Constipation		48		0.9600		42		49		50		60		71		73		78		79

		512.9		Other dyspnea		36		0.9700		33		37		40		47		55		56		59		63

		604		Disorders of penis		33		0.9700		30		34		36		43		50		53		55		57

		751.1		Congenital anomalies of genital organs		24		0.9800		23		26		27		33		38		40		43		45

		751.12		Congenital anomalies of male genital organs		24		0.9800		22		25		26		32		37		40		43		44

		396		Abnormal heart sounds		26		0.9900		26		31		32		39		45		46		52		56

		513		Respiratory abnormalities		23		0.9900		23		25		26		33		38		40		40		42

		530.1		Esophagitis; GERD and related diseases		43		0.9900		43		48		49		56		63		65		68		71

		604.1		Redundant prepuce and phimosis/BXO		25		0.9900		25		28		29		35		43		45		48		52

		747		Cardiac and circulatory congenital anomalies		22		0.9900		21		25		28		33		41		44		50		51

		747.1		Cardiac congenital anomalies		21		0.9900		18		23		26		32		40		41		47		48

		427		Cardiac dysrhythmias		22		1.0000		28		29		31		38		45		47		49		51

		530		Diseases of esophagus		44		1.0000		45		49		49		57		65		67		69		72

		530.11		GERD		39		1.0000		41		44		45		53		60		64		66		69

		637		Short gestation; low birth weight; and fetal growth retardation		22		1.0000		29		32		34		40		44		45		48		51

		656.2		Respiratory conditions of fetus and newborn		20		1.0000		26		29		31		38		43		45		47		47

		751		Genitourinary congenital anomalies		28		1.0000		31		34		35		41		46		48		51		54
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		Phecode		Description		Count		p.value		p01		p05		p10		p50		p90		p95		p99		max

		79		Viral infection		116		0.000		67		70		76		85		95		98		102		109

		110		Dermatophytosis / Dermatomycosis		39		0.000		17		20		21		26		31		33		35		35

		110.1		Dermatophytosis		38		0.000		16		18		20		24		29		31		33		34

		112		Candidiasis		33		0.000		14		16		17		23		28		30		32		33

		264		Lack of normal physiological development		83		0.000		53		55		56		65		73		74		79		82

		264.9		Lack of normal physiological development; unspecified		43		0.000		19		21		23		28		33		36		38		40

		278		Overweight; obesity and other hyperalimentation		29		0.000		1		2		3		5		8		9		10		10

		292		Neurological disorders		55		0.000		21		23		26		32		37		39		41		41

		292.1		Aphasia/speech disturbance		40		0.000		6		8		10		14		18		19		21		23

		313		Pervasive developmental disorders		186		0.000		66		69		72		80		90		93		95		95

		313.2		Tics and stuttering		141		0.000		15		17		19		25		30		32		35		37

		315		Develomental delays and disorders		351		0.000		81		87		89		104		117		121		123		128

		315.2		Speech and language disorder		337		0.000		64		74		77		89		102		106		109		115

		327		Sleep disorders		47		0.000		18		24		25		30		35		36		39		42

		345		Epilepsy; recurrent seizures; convulsions		55		0.000		29		35		37		44		50		51		54		55

		345.3		Convulsions		54		0.000		27		32		34		41		47		48		51		51

		350		Abnormal movement		53		0.000		14		15		17		22		27		28		31		32

		350.2		Abnormality of gait		24		0.000		0		1		2		4		6		7		7		10

		350.3		Lack of coordination		20		0.000		3		5		7		11		15		16		18		19

		369		Infection of the eye		58		0.000		25		29		34		42		50		51		54		58

		369.5		Conjunctivitis; infectious		54		0.000		22		26		29		37		44		46		50		53

		381		Otitis media and Eustachian tube disorders		149		0.000		94		104		108		120		131		133		136		143

		381.1		Otitis media		144		0.000		89		99		101		114		125		126		129		131

		381.11		Suppurative and unspecified otitis media		134		0.000		84		90		95		106		116		118		122		122

		382		Otalgia		27		0.000		5		9		11		16		21		21		23		25

		389		Hearing loss		79		0.000		38		43		45		53		59		62		66		66

		389.2		Conductive hearing loss		46		0.000		18		22		23		30		35		37		39		44

		465		Acute upper respiratory infections of multiple or unspecified sites		174		0.000		131		135		140		150		163		164		171		172

		472		Chronic pharyngitis and nasopharyngitis		29		0.000		10		13		14		19		24		25		28		29

		512.8		Cough		120		0.000		73		76		81		90		99		101		106		106

		687.1		Rash and other nonspecific skin eruption		63		0.000		29		33		34		41		48		50		52		53

		783		Fever of unknown origin		152		0.000		109		111		115		124		136		139		144		145

		870		Open wounds of head; neck; and trunk		54		0.000		21		31		31		39		46		47		49		50

		870.3		Other open wound of head and face		38		0.000		12		17		19		25		30		32		35		36

		930		Allergic reaction to food		20		0.000		4		6		6		10		14		15		16		19

		939		Atopic/contact dermatitis due to other or unspecified		84		0.000		37		42		44		51		59		60		62		68

		1002		Symptoms concerning nutrition; metabolism; and development		31		0.000		2		3		4		7		10		10		11		11

		1010		Other tests		143		0.000		15		20		21		27		33		34		37		40

		Significantly Enriched Phecodes

		Phecode		Description		Count		p.value		p01		p05		p10		p50		p90		p95		p99		max

		Childhood onset fluency disorder

		315		Develomental delays and disorders		351		0.000		81		87		89		104		117		121		123		128				Enrichments of Previously Suggested Comorbidities 

		315.2		Speech and language disorder		337		0.000		64		74		77		89		102		106		109		115				Phecode		Description

		Pervasive development disorders and adult onset fluency disorder																										Childhood onset fluency disorder

		313		Pervasive developmental disorders		186		0.000		66		69		72		80		90		93		95		95				315		Develomental delays and disorders

		313.2		Tics and stuttering		141		0.000		15		17		19		25		30		32		35		37				315.2		Speech and language disorder

		Hearing loss																										Pervasive development disorders and adult onset fluency disorder

		389		Hearing loss		79		0.000		38		43		45		53		59		62		66		66				313		Pervasive developmental disorders

		389.2		Conductive hearing loss		46		0.000		18		22		23		30		35		37		39		44				313.2		Tics and stuttering

		Sleep disorders																										Hearing loss

		327		Sleep disorders		47		0.000		18		24		25		30		35		36		39		42				389		Hearing loss

		Atopic triad																										389.2		Conductive hearing loss

		465		Acute upper respiratory infections of multiple or unspecified sites		174		0.000		131		135		140		150		163		164		171		172				Sleep disorders

		930		Allergic reaction to food		20		0.000		4		6		6		10		14		15		16		19				327		Sleep disorders

		687.1		Rash and other nonspecific skin eruption		63		0.000		29		33		34		41		48		50		52		53				Atopic triad

		939		Atopic/contact dermatitis due to other or unspecified		84		0.000		37		42		44		51		59		60		62		68				465		Acute upper respiratory infections of multiple or unspecified sites

		512.8		Cough		120		0.000		73		76		81		90		99		101		106		106				930		Allergic reaction to food

		Diagnostic testing and infections																										687.1		Rash and other nonspecific skin eruption

		1010		Other tests		143		0.000		15		20		21		27		33		34		37		40				939		Atopic/contact dermatitis due to other or unspecified

		783		Fever of unknown origin		152		0.000		109		111		115		124		136		139		144		145				512.8		Cough

		79		Viral infection		116		0.000		67		70		76		85		95		98		102		109				Enrichments Suggesting New Comorbidities 

		472		Chronic pharyngitis and nasopharyngitis		29		0.000		10		13		14		19		24		25		28		29				Diagnostic testing and infections

		381		Otitis media and Eustachian tube disorders		149		0.000		94		104		108		120		131		133		136		143				Neurological deficits

		381.1		Otitis media		144		0.000		89		99		101		114		125		126		129		131				292		Neurological disorders

		381.11		Suppurative and unspecified otitis media		134		0.000		84		90		95		106		116		118		122		122				292.1		Aphasia/speech disturbance

		110		Dermatophytosis / Dermatomycosis		39		0.000		17		20		21		26		31		33		35		35				350		Abnormal movement

		110.1		Dermatophytosis		38		0.000		16		18		20		24		29		31		33		34				350.2		Abnormality of gait

		112		Candidiasis		33		0.000		14		16		17		23		28		30		32		33				350.3		Lack of coordination

		369		Infection of the eye		58		0.000		25		29		34		42		50		51		54		58				345		Epilepsy; recurrent seizures; convulsions

		369.5		Conjunctivitis; infectious		54		0.000		22		26		29		37		44		46		50		53				Weight Control

		382		Otalgia		27		0.000		5		9		11		16		21		21		23		25				278		Overweight; obesity and other hyperalimentation

		870		Open wounds of head; neck; and trunk		54		0.000		21		31		31		39		46		47		49		50				1002		Symptoms concerning nutrition; metabolism; and development

		870.3		Other open wound of head and face		38		0.000		12		17		19		25		30		32		35		36				264		Lack of normal physiological development

		Neurological deficits

		292		Neurological disorders		55		0.000		21		23		26		32		37		39		41		41

		292.1		Aphasia/speech disturbance		40		0.000		6		8		10		14		18		19		21		23

		350		Abnormal movement		53		0.000		14		15		17		22		27		28		31		32

		350.2		Abnormality of gait		24		0.000		0		1		2		4		6		7		7		10

		350.3		Lack of coordination		20		0.000		3		5		7		11		15		16		18		19

		345		Epilepsy; recurrent seizures; convulsions		55		0.000		29		35		37		44		50		51		54		55

		345.3		Convulsions		54		0.000		27		32		34		41		47		48		51		51

		Weight Control

		278		Overweight; obesity and other hyperalimentation		29		0.000		1		2		3		5		8		9		10		10

		1002		Symptoms concerning nutrition; metabolism; and development		31		0.000		2		3		4		7		10		10		11		11

		264		Lack of normal physiological development		83		0.000		53		55		56		65		73		74		79		82

		264.9		Lack of normal physiological development; unspecified		43		0.000		19		21		23		28		33		36		38		40

		Non-Significant Phecodes of Interest

		Phecode		Description		Count		p.value		p01		p05		p10		p50		p90		p95		p99		max

		300		Anxiety disorders		34		0.0100		16		20		21		26		32		33		34		36

		476		Allergic rhinitis		77		0.0100		47		54		56		64		71		73		75		78

		512		Other symptoms of respiratory system		163		0.0100		120		128		132		140		151		154		157		165

		558		Noninfectious gastroenteritis		47		0.0100		23		28		30		35		41		43		47		49

		264.3		Delayed milestones		33		0.0200		14		17		18		24		29		30		35		37

		479		Other upper respiratory disease		56		0.0200		33		36		38		47		53		54		57		57

		481		Influenza		28		0.0200		12		13		15		21		24		26		30		30

		8		Intestinal infection		38		0.0400		15		20		24		30		36		38		40		42

		313.3		Autism		23		0.0400		9		11		12		18		22		23		25		26

		371		Inflammation of the eye		22		0.0400		9		11		13		17		21		22		25		26

		495.2		Asthma with exacerbation		44		0.0400		24		25		26		32		39		41		45		47

		915		Superficial injury without mention of infection		27		0.0400		13		14		16		21		27		27		29		31

		474		Acute and chronic tonsillitis		55		0.0500		33		37		39		46		53		55		61		64

		474.2		Chronic tonsillitis and adenoiditis		52		0.0500		32		34		36		43		49		52		58		61

		465.2		Acute pharyngitis		75		0.0600		47		53		55		63		73		76		82		82

		495		Asthma		74		0.0600		48		54		56		62		70		75		78		81

		772.3		Muscle weakness		21		0.0600		8		11		11		16		21		22		26		27

		512.1		Wheezing		50		0.0700		32		34		36		41		50		51		55		55

		658		Maternal complication of pregnancy affecting fetus or newborn		27		0.0700		15		16		17		21		27		29		32		34

		381.2		Eustachian tube disorders		39		0.0800		20		24		26		31		39		40		43		45

		483		Acute bronchitis and bronchiolitis		59		0.0800		35		39		43		50		59		61		62		63

		803.2		Fracture of radius and ulna		27		0.0900		13		15		17		22		27		29		31		31

		327.3		Sleep apnea		38		0.1000		17		25		26		32		38		39		42		47

		327.32		Obstructive sleep apnea		28		0.1000		11		17		18		23		28		30		33		35

		313.1		Attention deficit hyperactivity disorder		49		0.1200		30		36		38		43		50		51		54		55
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