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CHAPTER I 

 

Introduction 

 

Speech and language are defining features of human beings. Verbal communication relies 

upon coordination of cognitive, linguistic, and fine motor systems to transform what we want to 

say to how we say it. However, for people who stutter, dysregulation within or across these 

domains can interrupt the forward flow of speech. Accordingly, developmental stuttering is a 

speech condition characterized by speech sound repetitions, prolongations, and involuntary 

pauses called blocks (Yairi & Ambrose, 2013). The onset of stuttering typically occurs between 

the ages of 2 and 4 years of age and affects approximately 5-8% of the population in this age 

group (Yairi & Ambrose, 2013). About 80% of young children who stutter will do so for a short 

period of time and then will stop, recovering with or without the assistance of speech therapy; 

however, the remaining 20% of children who stutter will continue to stutter into adulthood 

(Månsson, 2000). In the United States, the population prevalence of developmental stuttering 

across all ages is approximately 1% with an estimated lifetime prevalence of 5%, although the 

true lifetime prevalence may be higher due to early recovery and subsequent underdiagnosis via 

self-report (Bloodstein & Bernstein Ratner, 2008).  

Stuttering is considerably more common in males with a male-to-female ratio of 

approximately 2:1 in children under 4 years of age and a male-to-female ratio of nearly 5:1 in 

adolescents and adults (Ambrose et al., 1997). The increase in the male-to-female ratio over time 

reflects greater recovery in females prior to adolescence (Singer et al., 2020). While still an 

active area of research, in general, those at highest risk for stuttering persistence are male, have a 
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family history of stuttering, have an onset of stuttering after 3.5 years of age, and show little 

improvement in stuttering severity for more than 6-12 months post onset (Craig et al., 2002; 

Singer et al., 2022; Yairi & Ambrose, 2005). 

 

1.  Impact of Stuttering 

Stuttering can negatively impact many areas of life. Young children and adolescents who 

stutter often experience bullying, which can lead to negative emotions, difficulty making friends, 

decreased classroom participation, and a less beneficial school experience overall (Daniels et al., 

2012; Davis et al., 2002; McAllister et al., 2012). In adults, stuttering can negatively impact 

mental health, personal and romantic relationships, perceived job performance, socioeconomic 

status, and quality of life (Beilby et al., 2013; Klein & Hood, 2004; McAllister et al., 2012; Van 

Borsel et al., 2011; Yaruss, 2010). Speech therapy can positively impact activity participation 

and overt speech fluency, but most gains in fluency are typically transient, with remission rates 

as high as 70% within a year (Craig & Hancock, 1995). Additionally, a longstanding shortage of 

speech-language pathologists specializing in stuttering acutely limits access to these therapists, 

and speech-language pathologists without specific expertise in stuttering often lack basic 

knowledge and skills to assess and treat stuttering (Kelly et al., 1997; Tellis et al., 2008). Even 

when stuttering specialists are available, large out of pocket costs can be a barrier to seeking care 

in the United States since few insurance policies, including Medicare and Medicaid, cover 

stuttering therapy outside of school settings (Zebrowski, 2018).  

Despite affecting a large proportion of the population and often incurring significant 

personal, educational, and professional cost, the proximal cause of developmental stuttering 

remains obscure. The majority of prior research regarding the etiology and development of 
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stuttering has been theoretically motivated by clinical observation. This work has been crucial in 

understanding how factors such as language, articulation, speech-motor coordination, neural and 

physiological characteristics, and temperament and emotion contribute to stuttering; however 

further research is needed to fully understand the causal factors of stuttering. 

 

2.  Genetics of Stuttering 

In addition to these approaches, data from twin, family, and segregation studies support a 

strong genetic influence on developmental stuttering (Ambrose et al., 1993; van Beijsterveldt et 

al., 2010; Yairi et al., 1996). Monozygotic twin concordance rates for stuttering, or the presence 

of the trait in a set of identical twins, have ranged from 38% to 62% (Fagnani et al., 2011; van 

Beijsterveldt et al., 2010). Heritability estimates, a measure of the degree of variation in a trait in 

a population that is due to genetic variation, have ranged from 0.42 to 0.82, indicating a genetic 

cause, combined with the presence of environmental factors (Dworzynski et al., 2007; Fagnani et 

al., 2011, 2011; Ooki, 2005; Rautakoski et al., 2012).  

As summarized in Polikowsky et al. (2022), most studies investigating specific genetic 

contributions to stuttering have relied on family-based analyses and studies of population 

isolates. For example, Riaz et al. (2005) performed linkage analyses in 46 multigenerational 

consanguineous Pakistani families and discovered a chromosome region on 12q23.3 linked with 

stuttering in a single family without determining a causal gene. In a follow up study, Kang et al. 

(2010) examined 77 unrelated Pakistani individuals who stutter combined with the families from 

Riaz et al. (2005) and identified three causal genes: GNPTAB, GNPTG, and NAGPA. 

Additionally, a study of 25 Iranian families found three additional variants of GNPTAB and 

GNPTG that co-segregated with stuttering (Kazemi et al., 2018). In an unrelated study, the 
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protective allele DRD2 was identified in an association study of dopaminergic gene haplotypes 

among SNPs in a Han Chinese population (Lan et al., 2009); however, these results were not 

replicated in a separate case-control cohort from Brazil and western Europe (Kang et al., 2011). 

Additionally, two heterozygous AP4E1 coding variants co-segregated with stuttering in a whole 

exome sequencing study of a large Cameroonian family, but findings have not been replicated 

(Raza et al., 2015). Furthermore, a case-control study of young Kurdish children from western 

Iran identified an allelic polymorphism associated with stuttering in CYP17A1, a gene involved 

in synthesizing steroid hormones (Mohammadi et al., 2017), but, again, results were not 

replicated in a population-matched control association study with subjects from the United 

States, Brazil, Pakistan, and Cameroon (Domingues et al., 2019). Two other studies compared 

brain imaging measures with brain gene expression data. Specifically, the studies compared the 

spatial expression patterns of genes previously associated with stuttering in Kang et al. (2010) 

and Raza et al. (2015) to differences between children who stutter and children who do not 

stutter in terms of 1) functional connectivity patterns (Benito-Aragón et al., 2020) and 2) gray 

matter volume (Chow et al., 2020). Overall, the studies found that both functional and structural 

differences were correlated with the expression pattern of GNTPG, providing nascent insight into 

how basic gene function might affect brain function in stuttering. For a summary of these 

studies, please see Table 1.  
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Table 1.1  
Summary of Genetic Findings in Stuttering 

Authors Year Chromosome Region Statistical 
strength 

Population structure 

Shugart et al.  2004 Chr 18 18q11.2–
21.1 

Suggestive 68 outbred families with persistent 
stuttering in North America and 
England  

Riaz et al. 2005 Chr 12 12q23.3  Significant 46 consanguineous Pakistani families 
Suresh et al. 2006 Chr 9 9p Suggestive 100 families of European descent 
Wittke-Thompson 
et al. 

2007 Chr 13 13q21  Suggestive One 232-person genealogy with 48 
affected (Hutterites population in South 
Dakota)  

Lan et al.a  2009 Chr 11 DRD2  Significant Case-control (gender-matched controls) 
association study focusing specifically 
on dopaminergic gene haplotypes and 
allele frequencies among SNPs in the 
Han Chinese population 

Raza et al.b  2010 Chr 3  3q13.2-13.33  Significant  One consanguineous family (three 
cousin matings in F3 generation) from 
Pakistan; study performed a two-point 
linkage analysis, modeling autosomal 
recessive stuttering  

Kang et al. 2010 Chr 12 12q23.3  Significant 77 unrelated Pakistani individuals who 
stutter plus unrelated cases from 46 
Pakistani families (see Suresh et al), 270 
affected unrelated individuals from N. 
America and England (follow-on study) 

Raza et al.b  2012 Chr 16  16q Significant  One consanguineous family from 
Pakistan  

Raza et al.b  2013 Chr 2, 15  2p+15q Significant 71 individual family from Cameroon 
comprised of 33 affected members 

Domingues et al.b 2014 Chr 10  10q21 Significant 43 Brazilian families; 2 families with 
genome-wide significance after 
modeling dominant inheritance  

Raza et al.  2015 Chr 15 AP4E1  Significant  Cameroonian family + probands from 
Cameroon, Pakistani, and N. America 
(Follow-on study) 

Mohammadi et 
al.a 

2017 Chr 10  CYP17A1 Significant  Case-control (age and ethnic 
background matched) study of Kurdish 
population aged 3–9 years from western 
Iran  

Kazemi et al.  2018 Chr 12, 16 GNPTAB, 
GNPTG, 
NAGPA 

Significant  25 Iranian families with at least two 
first-degree, related, nonsyndromic 
stutterers  

      
Notes. aResults not replicated in follow-on literature. bResults for only one or two families. Suggestive: Findings did 
not reach genome-wide significance. Significant: Findings reached genome-wide significance.  
Adapted from Stuttering and Related Disorders of Fluency (4th ed.), by P. M. Zebrowski, J. D. Anderson, and E. G. 
Conture, 2022, Thieme.   
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Overall, the approaches employed in these genetic studies have identified rare and private 

variants associated with stuttering. However, identifying causal genes across families has proven 

challenging, as evidenced by a lack of consensus across studies, and whether these findings 

generalize in populations remains an ongoing question. Notably, linkage studies can be limited 

by several factors (Jorde, 2000). For one, linkage is highly sensitive to phenotypic miss-

specification, meaning that a single stuttering case labeled as a control, or a control labeled as a 

stuttering case can confound evidence of linkage. Linkage is also underpowered to detect 

conditions caused by multiple genes within or across families, a major deficiency given the 

evidence for the polygenicity of stuttering (Kraft & Yairi, 2011). Considering these limitations, 

additional approaches are warranted in the exploration of the molecular underpinnings of 

stuttering.  

Genome-wide association studies represent one such alternative. In genome-wide 

association studies, or GWAS, variants across the genome are tested for a statistical relationship 

with a disease or trait in a sample from a general population. If an allele occurs more commonly 

in people with the trait than in the general population, the variant is said to be associated with the 

trait. In contrast to linkage studies, GWAS tolerates some case/control misspecification without 

large loss of power and, crucially, can detect risk associations from multiple variants in the 

genome. However, GWAS requires much larger sample sizes to reach significance; 

contemporary GWAS publications often have sample sizes in the hundreds of thousands or 

millions. Amassing sample sizes of that magnitude has been aided by the growth of large-scale 

genetic databases called biobanks. Biobanks link participants’ electronic health records (EHRs) 

with genotyped biological specimens, usually blood. With many EHR-linked biobanks exceeding 
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500,000 participants, they offer a cost-effective method for exploring genotype-phenotype 

relations.  

  While biobanks are broadly utilized in modern biomedical research, they represent a 

relatively new tool for studying stuttering—one that is characterized by the presence of 

challenges as well as the potential to significantly advance knowledge on the genetic basis of 

stuttering. The research described in these chapters was designed to develop innovative 

approaches to address the challenges of conducting stuttering research within largescale genetic 

databases. Accordingly, the present studies, as described in Study 1 (Chapter II) and Study 2 

(Chapter III), employ EHRs and EHR-linked biobanks to study stuttering comorbidities and 

genetic variants associated with the condition to advance the understanding of biological 

mechanisms related to this phenotype. Considering the novel nature of this research within the 

field of speech-language sciences, potential pathways for clinical translation of this research are 

discussed (Chapter IV), followed by concluding remarks (Chapter V).   
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CHAPTER II 

 

Stuttering Comorbidities and the Creation of a Stuttering Prediction Model 

 

1. 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 machine learning classifier (PheML) to predict stuttering cases in EHR 

linked biobanks. 

Over the past decade, hundreds of studies utilizing EHRs have been published (Denny et 

al., 2011; Onitilo et al., 2009; Walters et al., 2020). For example, Namjou et al. (2014) 

investigated whether genotyped data from previously published GWAS studies (i.e., known gene 
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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, & 
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Jones, 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 
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(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. (2009), 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 planning (Valderas et al., 2009). Greater understanding of stuttering comorbidity 

may not only improve clinical care, but also our understanding of causes of stuttering.  
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Clinical and anecdotal evidence suggests a high incidence of comorbid speech, language, 

and attention disorders within patients with developmental stuttering (Arndt & Healey, 2001; 

Donaher & Richels, 2012). 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 stuttering, see Ambrose et al., 

2015; Kefalianos et al., 2017; Reilly et al., 2013; Watkins et al., 1999). To date, a variety of 

methods have been used to examine stuttering comorbidities. For example, using the National 

Health Interview Survey,  Briley & Ellis (2018) 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 et al. (2001) 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 conditions (Blood et al., 2003). Other 

studies have taken a more targeted approach and examined individual conditions comorbid with 

stuttering including anxiety (e.g., Iverach et al., 2016; cf. Manning & Beck, 2013), inattention 

and hyperactivity (e.g., Donaher & Richels, 2012), and articulation and phonological disorders 

(e.g., Wolk et al., 1990). These studies have identified a number of disorders and conditions 



 13 

comorbid with developmental stuttering but were limited by 1) a reliance on either clinician or 

caregiver recall (Briley & Ellis, 2018), 2) lack of a control population (Blood et al., 2003; 

Donaher & Richels, 2012; Manning & Beck, 2013), 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 diseases (Valderas et al., 2009).  

Further, identification of comorbidities enables the creation of a phenome machine 

learning classifier. Phenome machine learning 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 
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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 Network (Gottesman et al., 2013; Sudlow et al., 2015). 

This approach has been previously used to replicate known associations between conditions and 

genetic variants in studies examining asthma (Zhu et al., 2018), cognition (Davies et al., 2016), 

depression (Howard et al., 2018), glaucoma (Verma et al., 2016), muscle strength (Tikkanen et 

al., 2018), and osteoarthritis (Zengini et al., 2018), 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 unknown  

(Ambrose et al., 1997; Fagnani et al., 2011; Yairi et al., 1996). Therefore, in order to begin to 

address this gap in our knowledge, this project harnessed the power of data contained in EHRs 
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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.   

 

2. Methods 

 

2.1 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, Below, & Jones, 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 machine learning classifier (PheML) 

prediction model to identify high-likelihood stuttering cases without the use of keywords and 

text-mining. All code used to develop the text-mining algorithm, phecode enrichment analysis, 
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and phenome machine learning classifier is publicly available and open for use at 

https://github.com/belowlab/StutteringCART. 

 

2.2 Data Source – The Synthetic Derivative (SD) 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) containing ~3.0 million patient records in 2020. 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. 
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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.  

 

2.3 Identifying Developmental Stuttering Cases in the EHR via Keyword Search and 

Manual Review 

2.3.1 Exploratory Keyword Search  

A list of exploratory keywords including descriptors of developmental stuttering in EHRs 

was developed based on investigator phenotypic expertise (Figure 1, Step 1). A preliminary 
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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, Below, & Jones, 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.   

2.3.2 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 (Figure 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 
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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 pathogenesis 

(Theys et al., 2008) 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.  

2.3.3 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 (Figure 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 
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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.   

2.3.4 Text-Mining Algorithm 

We developed this text-mining algorithm to identify high-likelihood cases and thus 

reduce the number of false positive keyword hits (Figure 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. 

2.3.5 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 

(Figure 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.  
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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 disease (Liao et al., 2015). 

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. 

 

2.4 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 machine learning 

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 

codes (Denny et al., 2010, 2013). There are 1,645 phecodes, loosely following the ICD-9 code 
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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 set (Reimand et al., 2019). 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 
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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.      

 

2.5 Phenome Machine Learning Classifier (PheML)  

All significantly enriched phecodes (i.e., comorbidities) were used in a decision tree 

classifier-based model to predict potential developmental stuttering cases, an algorithm termed a 

phenome machine learning classifier (PheML). Broadly speaking, by mapping clinical 

phenotypes extracted from the EHR, the PheML expresses the degree to which clusters of 
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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 Bastarache et al., 2018). 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.   

2.5.1 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 outcome  (Pedregosa et al., 
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2011). 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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Figure 2.1 
 
 
Flow Chart Depicting Methodological Steps with Results 

 
Note. All code used to develop the text-mining algorithm, phecode enrichment analysis, and phenome machine 
learning classifier is publicly available and open for use at https://github.com/belowlab/StutteringCART. Step 
7 applies to future studies. 
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3. Results 

 

3.1 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 (Figure 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. 

 

3.2 Initial Manual Review 

 An initial manual review identified 30 developmental stuttering cases (Figure 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, Below, Jones, 2018). 

 

3.3 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” (Figure 1, Step 3). The 

identification of these confirmatory keywords was used to facilitate the creation of the text-

mining algorithm, described subsequently.   

3.4 Text-Mining 
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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 (Figure 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.”   

 

3.5 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 (Figure 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 to 5 minutes, 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 
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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 pathogenesis (Theys et al., 2008). 

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.  
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Table 2.1 

 
Demographics for Confirmed Developmental Stuttering Patients Following Manual Review 

 
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%) 
 

3.6 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 machine learning 

classifier (n = 572) were enriched for a variety of previously suggested comorbidities as well as 

potential novel comorbidities (Figure 1, Step 6a). For demographics of cases and controls used 

for phecode enrichment, see Table 2.1.  
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Enriched phecodes associated with previously suggested comorbidities included 

Developmental Delays and Disorders (Phecode 315) (Arndt & Healey, 2001; Blood et al., 2003), 

Speech and Language Disorder (Phecode 315.2) (Arndt & Healey, 2001; Blood et al., 2003), 

Pervasive Developmental Disorders (Phecode 313) (Scott, 2015), Tics and Stuttering (Phecode 

313.2) (Ooki, 2005), Hearing Loss (Phecode 389) and Conductive Hearing Loss (Phecode 389.2) 

(Arenas et al., 2017), Sleep Disorders (Phecode 327) (Macey et al., 2002), and a variety of codes 

related to the atopic triad including Acute Upper Respiratory Infections of Multiple or 

Unspecific Cites (Phecode 465) (Strom & Silverberg, 2016a), Allergic Reaction to Food 

(Phecode 930) (Strom & Silverberg, 2016a), Rash and Other Non-specific Skin Eruption 

(Phecode 687.1) (Strom & Silverberg, 2016a), Atopic/contact Dermatitis Unspecified (Phecode 

939) (Strom & Silverberg, 2016a), and Cough (Phecode 512.8) (Strom & Silverberg, 2016a). 

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 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” 
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(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).   
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Table 2.2 

 

Case and Control Demographics for Phecode Enrichment Analysis 

 

 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%) 
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Table 2.3 

Significant Phecode Enrichments  

 
 
Note. 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 resamplings. Max represents the maximum 
number of phecodes found in the 10,000 control resamplings.  
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Table 2.4 

Non-Significant Phecodes of Interest 

 

 

Note. 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 resamplings. Max represents the maximum 
number of phecodes found in the 10,000 control resamplings.  
 

  

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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3.7 Phenome Machine Learning Classifier (PheML)  

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 the 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% (Figure 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.  
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Table 2.5 

Confusion Matrix for Developmental Stuttering Classification 

 

 Manually Reviewed 
Developmental Stuttering Cases 

Matched 
Controls 

Records classified as high likelihood  
stuttering cases 

97 19 

Records classified as low likelihood  
stuttering cases 

44 665 

 

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.  
 

4. 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 machine 

learning 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.  

 

4.1 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 
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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, Below, & Jones, 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 
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documenting conditions, even if they’re not related to the purpose of the visit, extends beyond 

stuttering. As Valderas et al. (2009) 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.”  

 

4.2 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. 
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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 disorders (Arndt & Healey, 2001; Blood et al., 2003). 

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 disfluencies  (Sisskin & Wasilus, 2014; Sisskin, 2006). 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 stuttering (Backus, 

1938; Harms & Malone, 1939; Montgomery & Fitch, 1988). However, more recent studies have 
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challenged that assumption, finding preschool-aged children with mild to severe hearing loss 

have an increased stuttering prevalence (Arenas et al., 2017). 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 stutter (Bloodstein & Bernstein Ratner, 2008). 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 feedback (Hutchinson & Ringel, 1975; Lieshout et al., 1993; Tourville et 

al., 2008). 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 stutter (Macey et al., 

2002). Additionally, a recent study found a difference in the likelihood of sleep problems and 

daily consequences of sleep deprivation among children who stutter (Merlo & Briley, 2019). Yet 

another study found that children who stutter, as a group, appear to exhibit more irregular 

biological patterns of sleep, hunger, and elimination patterns (Anderson et al., 2003). One 

hypothesis posits that sleep deprivation in childhood may interfere with memory consolidation 

required for early language and speech-motor mastery (Strom & Silverberg, 2016a). 

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 
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(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 foods (Kapoor et al., 2008). 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 caseload (Strom & 

Silverberg, 2016b). 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 childhood (Strom & Silverberg, 2016a). 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 
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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 
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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. 
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4.2.1 Clinical Features Associated with Developmental Stuttering Not Identified via 

Comorbidity Analysis 

Numerous studies have examined differences in language development, temperament, 

and emotion between children who stutter and children who do not stutter. (e.g., Ambrose et al., 

2015; Arenas et al., 2017; Eggers et al., 2013; Jones et al., 2014; Kefalianos et al., 2017; Singer 

et al., 2019; Yairi & Ambrose, 2005). 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 comorbidities (e.g., Donaher & Richels, 2012; Iverach et al., 2016), 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 
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comparison correction methods, different sampling methods, or different diagnostic criteria, may 

be significant. Consequently, these findings warrant future consideration.  

4.2.2 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 
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strategy for identifying associated clinical measures and developing the phenome machine 

learning classifier. 

 

4.3 Creation of the Phenome Machine Learning Classifier (PheML) 

In addition to highlighting phecode enrichments relative to a control sample, phecodes 

were used as variables to create a phenome machine learning 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% (Figure 1, Step 6b). These results demonstrate 

that the 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 necessarily 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.  

4.3.1 Future Direction: Application of Phenome Machine Learning Classifier (PheML) 

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-
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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 EHRs (Baxter et al., 2021). 

 

5. 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.  
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6. 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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CHAPTER III 

 

Sex-Specific Comorbidities and Genetic Variants Associated with Stuttering 

 

 
1. Introduction  

As outlined in Chapter I, the cause of stuttering is not yet well understood. Research from 

twin, family, and segregation studies have provided salient empirical evidence on genetic 

contributions to stuttering (Fagnani et al., 2011; Kang et al., 2010; Raza et al., 2015; van 

Beijsterveldt et al., 2010). However, these approaches have methodological limitations for 

investigating polygenic conditions such as stuttering. The recent application of EHR-based 

approaches in stuttering research as described in Chapter II has overcome hurdles that had 

previously precluded largescale genetic studies of stuttering. Notably, Pruett et al. (2021) 

(Chapter II) developed a case acquisition approach to overcome under-documentation of 

stuttering within electronic health records. This approach enabled the identification of associated 

comorbidities, machine learning case identification, and examination of variants associated with 

stuttering via genome-wide association studies in an EHR-linked biobank.   

 

1.1 Stuttering and Biobanks  

Notably, the case selection approach developed by Pruett et al. (2021) (Chapter II) was 

utilized in Shaw et al. (2021) to increase the number of cases available for the first EHR-linked 

biobank GWAS of stuttering, demonstrating the utility of the approach for case acquisition of 

poorly documented conditions. Ancestry specific GWAS run using the imputed stuttering cases 

resulted in two genome-wide significant hits, rs12613255, a variant 113kb downstream of 
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FAM49A on chromosome 2 specific to European ancestry stuttering cases and rs7837758, an 

intronic variant found within the ZMAT4 gene on chromosome 8 specific to African ancestry 

cases. Additionally, another GWAS of stuttering was carried out using clinically ascertained 

cases from multiple global sampling sites, leading to the identification of a protective risk loci 

for the variant rs113284510, occurring within an intron of SSUH2 (Polikowsky et al., 2022). 

Notably, a polygenic risk score (PRS) model, a weighted sum of the number of risk alleles, was 

developed from the European ancestry EHR-based imputed stuttering cases. The PRS model was 

applied to the clinically ascertained stuttering cases and their matched controls. Results revealed 

that the clinically ascertained cases scored significantly higher than the matched controls, 

providing evidence that the genetic architecture identified in the imputed stuttering cases 

discriminates genetic liability for developmental stuttering between clinically ascertained cases 

and population controls (Shaw et al., 2021). In other words, the PRS model provides evidence 

for extensive genetic overlap between phenotypically predicted (or “imputed”) and clinically 

observed stuttering cases, an essential step in validating this approach. These findings motivate 

further exploration of EHR-linked biobanks to examine population-based genetic effects that 

contribute to stuttering. 

 

1.2 Stuttering Comorbidities 

The development of EHR-based approaches has also expanded the scope of stuttering 

comorbidity studies. As discussed in Chapter II, while stuttering can occur in isolation, the 

condition is associated with an array of other disorders. Previous studies using national survey-

based approaches and smaller targeted studies have demonstrated higher rates of co-occurring 

developmental disorders (Briley & Ellis Jr., 2018), anxiety (e.g., Iverach et al., 2016; cf. 
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Manning & Beck, 2013), inattention and hyperactivity (e.g., Donaher & Richels, 2012), 

articulation and phonological disorders (e.g., Wolk et al., 1990), developmental delay, emotional 

problems, asthma, allergies, and deafness (Keating et al., 2001). Furthermore, mounting 

anecdotal clinical and empirical evidence suggests that comorbidities are more common in males 

who stutter than in females who stutter (Choo et al., 2020).  

Emerging evidence also suggests stuttering may be associated with comorbidities across 

a wider range of medical conditions. For example, in Chapter II, Pruett et al. (2021) utilized 

electronic health records (EHRs) to examine conditions across the lifespan that co-occur with 

developmental stuttering at a higher rate than expected. Pruett et al. (2021) found that, compared 

to a control population, subjects who stuttered had significantly more diagnostic codes related to 

hearing loss, sleep disorders, atopy, infections, neurological deficits, and body weight 

management. By combining demographic information with clinical notes, medication lists, and 

billing and procedural codes throughout the lifetime of a patient, EHRs can facilitate novel 

approaches to questions that would be impractical to answer in traditional study designs.  

 

1.3 Stuttering and the Role of Sex 

As discussed in Chapter I, male-skewed stuttering prevalence and elevated male 

comorbidity rates combined with established genetic influence on stuttering invites speculation 

into the role sex may play in stuttering onset and developmental trajectory (Kraft & Yairi, 2011; 

Yairi & Ambrose, 1999). In addition to differences in anatomy, physiology, and behavior, 

genetics contribute to sex-specific variation in epidemiology and examples of genotype-by-sex 

interactions on disease risk suggest that such effects are common (Aleman et al., 2003; Choi & 

McLaughlin, 2007; Gater et al., 1998; Lockshin, 2005; Postma, 2007; Wooten et al., 2004). 



 53 

Indeed, various studies have demonstrated that sex-modified genetic transmission can play a 

profound role in the inheritance pattern and health outcomes of many neurological and 

neuropsychiatric conditions including attention deficit hyperactivity disorder, autism spectrum 

disorder, Parkinson’s disease, schizophrenia, and others (Davies, 2014; Loke et al., 2015; 

Werling & Geschwind, 2013). Specifically, sex disparities in the prevalence, course, and severity 

of human diseases and conditions are likely due to sex-specific differences in gene regulation 

rather than gene content alone, particularly in sex steroid-responsive genes (Ober et al., 2008). 

Consequently, there is a renewed effort within association studies to incorporate sex-specific 

effects in design and interpretation. 

This study examines sex-specific stuttering comorbidities across the lifespan combined 

with a genome-wide association analysis utilizing developmental stuttering cases within an EHR 

linked to a large-scale DNA biobank to further explore the connections between sex and 

stuttering. This sex-specific lens highlights sex as an important factor in the onset and 

developmental trajectory of stuttering. 

 

1.4 Study Aims 

Specific aims to investigate sex-specific comorbidities and genetic variants associated with 

stuttering are as follows:   

 Aim 1: Identify cases of developmental stuttering in a large medical center EHR. 

Aim 2: Investigate conditions associated with stuttering in males and females.  

Aim 3: Create machine learning algorithms to accurately predict male and female cases 

phenotypically similar to developmental stuttering within the EHR. 
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Aim 4: Conduct sex-specific genome-wide association studies (GWAS) to identify 

genetic variants significantly associated with developmental stuttering 

 

2. Methods 

 

2.1 Overall Strategy  

The first step to investigating these questions involved identifying patients who stutter 

within the EHR at Vanderbilt University Medical Center (VUMC) (Aim 1). This process 

involved a keyword and billing code search and text mining of deidentified medical records 

followed by manual review to systematically label patients with indicators of developmental 

stuttering as cases and those without as controls, as established in Pruett et al. (2021). Next, we 

compared the confirmed developmental stuttering cases to controls and performed comorbidity 

analyses to detect conditions associated with stuttering in males and females (Aim 2). Then, 

using the significantly enriched comorbidities, we created sex-specific machine learning 

algorithms, termed phenome machine learning (PheML) classifiers, to predict cases 

phenotypically similar to developmental stuttering cases but lacking traditional clinical 

documentation within the EHR (Aim 3). Using the phenotypically predicted stuttering cases, we 

performed sex-stratified GWAS to identify variants significantly associated with developmental 

stuttering in males and females (Aim 4). Finally, we compared the top GWAS findings to a 

separate, clinically-ascertained stuttering cohort via concordance analysis to assess how many 

variants have the same direction of effect.  
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2.2 Data Sources  

Several data sources were utilized for this study. First, the Synthetic Derivative (SD) of 

the VUMC EHR was used for the comorbidity analyses and development of the PheML models. 

Second, BioVU was used for the primary GWAS. Third, a clinically ascertained cohort from the 

International Stuttering Project (ISP) was included in a concordance analysis for GWAS 

validation. Data sources are described in detail in Sections 2.2.1-2.2.3   

2.2.1 The Synthetic Derivative (SD)  

Vanderbilt University Medical Center maintains a de-identified EHR database called the 

Synthetic Derivative (SD). As of 2022, the SD contains approximately 3.6 million unique patient 

records, but due to changes in VUMC data access policy, studies requesting records for 

exploratory phenotyping are limited to random samples of up to 500,000 SD records. Therefore, 

Aims 1, 2, and 3 of the present study utilize a random sample of 500,000 SD records. HIPPA 

identifiers within each record are removed by either deletion or permutation with an error rate of 

approximately 0.01%. 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 
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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.  

2.2.2 BioVU  

A subset of patients within the VUMC SD have genetic data paired with their de-

identified electronic health records via BioVU, the Vanderbilt DNA biobank. Patients receiving 

routine clinical blood testing at VUMC can opt to have DNA extracted from discarded blood. 

This blood sample can then be genotyped and linked to their de-identified medical records in the 

SD. The goal of BioVU is to provide researchers with tools to investigate genetic associations 

with conditions of interest. Researchers may request access to DNA samples after a summary of 

a proposed study is approved by the IRB and Scientific Review Committee. By pairing de-

identified electronic health records with genotyped samples, researchers can study genetic 
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variation, disease susceptibility, and variable drug responses to advance clinical practice. As of 

2022, BioVU includes approximately 275,000 individuals (242,100 adults; 32,900 children) 

making it one of the largest single-center EHR-based biobanks in the world. Of the total subjects 

in BioVU approximately 90,000 were genotyped on Illumina’s Infinium Expanded Multi-Ethnic 

Genotyping Array (MEGAEX). In practice, all BioVU participants are also part of the SD; 

however, for this project, subjects with BioVU data were disaggregated from the SD and treated 

as separate samples. Consequently, the SD data used to train the phenome machine learning 

(PheML) classification algorithm was independent from the BioVU dataset on which the PheML 

was deployed.  

2.2.3 The International Stuttering Project (ISP) 

An independent, clinically ascertained cohort from the International Stuttering Project 

(ISP) was included for validation purposes. Formed in 2020, the ISP consists of 1,345 clinical 

developmental stuttering cases (965 male, 380 female) along with 6,759 sex- and ancestry-

matched population controls 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, the 

Attadale Stuttering Treatment Facility in Australia, and through a social-media outreach 

campaign led by Drs. Below and Kraft on reddit.com. Each of the ISP subjects was seen directly 

by a speech-language pathologist to confirm stuttering status. A variant effect-size concordance 

analysis was performed to assess the proportion of variants that have the same direction of effect 

present in both ISP and BioVU GWAS analyses.  
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2.3 Identifying Developmental Stuttering in the Synthetic Derivative of the VUMC EHR 

Similar to Chapter II, the first step in this study involved identifying developmental 

stuttering cases in the Synthetic Derivative (SD), the deidentified EHR for VUMC. As discussed 

in Chapter II, since stuttering is typically diagnosed and treated within schools or small private 

clinics, billing codes for stuttering appear less frequently in medical center EHRs than would be 

expected by the condition’s population prevalence. However, although billing codes for 

stuttering are surprisingly sparse, free text descriptions of stuttering within medical notes are 

much more common. Sometimes, these descriptions of stuttering refer to developmental 

stuttering, the predominant form of stuttering that begins in childhood and may persist to 

adulthood. Other times, the term “stuttering” may refer to other adult-onset speech conditions, or 

descriptions unrelated to speech at all, such as a “stuttering onset” or a “stuttering gait”. Our 

multi-step filtering approach, with a keyword and billing code search of clinical notes followed 

by text-mining and manual review, cast a wide search for developmental stuttering cases while 

limiting the number of records requiring manual review, an otherwise prohibitively time 

intensive process with a large (500,000 randomly sampled records) clinical note set.  

2.3.1  Exploratory Keyword Search   

Exploratory keywords from Study 1 were again used to initially filter the records in the 

VUMC SD. The exploratory keywords included “stutter”, “studder” [sic], “stuttering”, 

“studdering” [sic], “stammer”, “stammering”, “disfluency”, and “dysfluency”. Study 1 

established that every confirmed case of developmental stuttering contained at least one of these 

exploratory keywords. 

2.3.2 Initial Manual Review  
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An initial manual review of records containing exploratory stuttering keywords as well as 

ICD-9 (315.35 childhood onset fluency disorder) and ICD-10 (F80.81 childhood onset fluency 

disorder) codes related to developmental stuttering was conducted to provide the data necessary 

to build the text-mining algorithm. This approach was employed to ensure the clinical 

applicability of the text-mining algorithm given that most individuals with ICD codes were 

evaluated by a speech-language pathologist and were very likely to have a positive diagnosis for 

developmental stuttering. Because the records used to create the text-mining algorithm are lost 

for subsequent analysis, we opted to limit our search to the first fifty positively identified male 

and female stuttering cases. Due to limited sample size, there is a tradeoff between using cases to 

develop the text-mining algorithm and using cases for the comorbidity enrichment analysis and 

model training/testing. Therefore, the relatively limited number of cases used in this step 

preserved cases for future analysis.  

Reviewers with expertise in stuttering examined the de-identified text files with the 

exploratory keywords highlighted in context to determine if the observed keywords and ICD 

codes were accurately used to describe developmental stuttering. Overall, 54 male records and 

56 female records were reviewed. Excluded records included instances where a stuttering 

assessment was performed but stuttering was ruled out in favor of diagnoses for phonological 

and/or language conditions.   

2.3.3 Confirmatory Keyword Identification  

Using male and female confirmed stuttering cases from the initial manual review, we 

calculated the frequency of all words immediately surrounding (within ten words of) an 

exploratory keyword instance (i.e., “stutter”, “studder”, “stuttering”, “studdering”, “stammer”, 

“stammering”, “disfluency”, and “dysfluency”). This process identified additional words 
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associated with male and female developmental stuttering cases. We hypothesized that there may 

be different keywords associated with stuttering in male and female cases, however, results 

showed that the top 25 keywords for males and females were nearly identical. Therefore, the 

text-mining algorithm did not differ between males and females. Similar to Study 1, 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.  

2.3.4 Text-mining Algorithm 

The exploratory keywords and confirmatory keywords were used to create a text-mining 

algorithm, which identified high-likelihood male and female developmental stuttering cases. 

Specifically, the algorithm tallies the number of confirmatory keywords within ten words of 

exploratory keyword instances to create a numerical score for each individual. All records with 

one 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 one or more exploratory 

keywords (i.e. “stutter”, “studder”, “stuttering”, “studdering”, “stammer”, “stammering”, 

“disfluency”, and “dysfluency”) were selected as high-likelihood developmental stuttering 

cases. Patients with direct mentions of “developmental stuttering” were also included. 

The text-mining algorithm reduces the number of false positive keyword hits by selecting 

high-likelihood cases, significantly decreasing the number of records requiring manual review. 

For example, in our previous study, 14,080 records contained stuttering keywords; however, only 

about 10% of those files were determined to be true developmental stuttering cases following 
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manual review. In contrast, the text-mining algorithm identified 1,567 high-likelihood records 

and 1,143 were determined to be stuttering cases following manual review (Pruett et al., 2021).   

The text-mining algorithm was deployed in 500,000 records randomly sampled from the 

VUMC SD. In contrast to Study 1, due to data access policy changes at VUMC, a full search of 

the 3.6 million records in the SD was not possible. To compensate for the decreased SD sample 

size due to restricted access, we expanded our search parameters from Study 1, decreasing the 

required number of confirmatory keywords from 3 to 1, to capture as many cases as possible. 

2.3.5 Final Manual Review 

An additional, final manual review (using the same procedure as the initial manual 

review) was conducted to remove false positive records identified by the text-mining algorithm. 

Again, false positives included cases of neurogenic, neuropharmacological, and idiopathic 

stuttering as well as non-speech related use of the word “stuttering”. This final manual review 

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, to minimize manual review. 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 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 disease. Given the lack of billing codes for 

developmental stuttering within the VUMC SD, we assumed our keyword-based text-mining 

algorithms would result in a lower positive predictive value compared to other common medical 
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conditions. This multi-step process accomplished the first aim of the project: identifying 

stuttering cases via a text-mining algorithm and manual review within the VUMC SD.  

 

2.4 Sex-Stratified Comorbidity Analysis via Phecode Enrichment 

Once identified using the multi-step process described in Section 2.3, newly identified 

stuttering cases were combined with cases previously identified in Study 1 from Chapter II. The 

full developmental stuttering case set was then stratified by sex. Next, half of the male and 

female cases were randomly selected for comorbidity analysis (with the remaining cases reserved 

for the training and testing of the phenome machine learning classifier described in Sections 

2.4.1-2.5.1). Each of the selected cases was assigned 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.  

2.4.1 Phecode Enrichment Comorbidity Analysis 

As discussed in Chapter II, phecodes represent hierarchical diagnostic groupings for EHR 

data derived from ICD-9 codes (Denny et al., 2010, 2013). 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 
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developmental delay due to hearing loss (315.34), Childhood onset fluency disorder (315.35), 

and Other developmental speech disorder (315.39).  

To investigate male and female stuttering comorbidities, the frequency of phecodes 

within the selected male and female case sets were compared to the frequency of phecodes in the 

matched control sets in phecode enrichment analyses. The enrichment analysis uses a 

mathematical model (e.g., a distribution) to directly compute an empirical p value by calculating 

the frequency of each phecode in the male and female stuttering case sets compared to null 

distributions created through multiple permutations of the randomized male and female control 

sets (Reimand et al., 2019). 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 to help account for possible confounds. We then 

calculated the frequency of each phecode for this randomly selected set of controls and repeated 

the process for 10,000 permutations. The phecode frequencies from the 10,000 randomized sets 

of controls for males and females formed two null distributions. A p-value for each phecode was 

then calculated by comparing the observed phecode counts in the stuttering case set to the null 

distributions of phecode counts. As described in Chapter II, phecodes were considered 

significantly enriched in the male or female stuttering set if the observed count in the case set 

exceeded the maximum observed count in the control set distribution, corresponding to a 

conservative p-value threshold (p ~ 0). Phecodes which were observed in less than 3.5% of 

developmental stuttering cases were deemed too infrequent for comparison and excluded 
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regardless of significance. Overall, these steps accomplished the second aim of the project: 

investigating conditions associated with stuttering in males and females.  

 

2.5 Phenome Machine Learning (PheML) Classifier Overview 

All significantly enriched phecodes (i.e., associated comorbidities) were used to create 

male and female machine learning-based models called phenome machine learning (PheML) 

classifiers to predict developmental stuttering cases independent of traditional clinical 

description. Broadly speaking, 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 

Bastarache et al., 2018).  

2.5.1 Building and Testing the Male and Female PheML Classification Models 

To create the male and female PheML models, 75% of the remaining stuttering cases not 

used in the comorbidity analysis were included in gini-index based classification and regression 

tree (CART) models. Significantly associated phecodes served as predictor variables and binary 

determination of stuttering cases and controls were outcomes (Pedregosa et al., 2011). 

Essentially, this step uses comorbidities to phenotypically predict or “impute” male and female 

stuttering cases lacking traditional clinical documentation in the EHR, drastically increasing 

sample size for subsequent genetic analysis. 

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 datasets 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 
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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 subjects within 

the EHR as either similar to our stuttering cohort or similar to the control cohort based on their 

phecodes. Males and females deemed similar to their sex-matched stuttering cohort were 

considered PheML-predicted cases based on comorbidities. To avoid overfitting the model,  

hyperparameter tuning was minimized and re-testing and training the PheML models was 

avoided. No restrictions were placed on the tree depth or leaf node counts. Minimum samples per 

leaf was set to five.  

The remaining 25% of male and female stuttering cases were used to test (or validate) the 

PheML models, comparing PheML-predicted cases against stuttering cases identified by manual 

review. As we report in the Results (Section 3.6), due to low performance of the female PheML, 

the male PheML was used to predict both male and female stuttering cases. This step 

accomplished the third aim of the project: to create machine learning algorithms to predict cases 

phenotypically similar to developmental stuttering within the EHR.  

 

2.6 Genome-Wide Association Studies (GWAS) and Concordance Analysis Overview 

To conduct the GWAS, we applied the PheML model to predict the stuttering phenotype 

in subjects with records linked to BioVU. As described in Section 2.5, the PheML models create 

a phenotypic profile that approximates the developmental stuttering phenotype, and in doing so, 

helps amass crucial statistical power by increasing the sample size. The large sample size 
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compensates for the reduced clinical specificity. The imputed stuttering phenotype was then used 

as the dependent variable in GWAS to identify genetic variants associated with stuttering. 

To validate the GWAS results, a variant effect-size concordance analysis was performed. 

This compared the BioVU GWAS summary statistics to the clinically ascertained International 

Stuttering Project GWAS summary statistics to assess the proportion of variants that have the 

same direction of effect. 

 

2.7 Genotyping and Quality Control 

BioVU participants and the International Stuttering Project participants were genotyped 

on the Illumina Infinium Expanded Multi-Ethnic Genotyping Array (MEGAEX). Genotyping 

services were provided by Vanderbilt Technologies for Advanced Genomics (VANTAGE). 

Duplicate variants and insertions/deletions were removed. For samples with duplicates, the 

sample with a lower call rate was ignored. Additional imputation and quality control procedures 

are described in Sections 2.7.1-2.7.2. 

2.7.1 BioVU Imputation and Quality Control 

 BioVU quality control procedures match the method described in Shaw et al. (2021). 

Quality control was primarily performed with PLINK version 1.90. For the BioVU samples, 

initial filtering thresholds excluded variants with a call rate of less than 98% and samples with a 

call rate of less than 97% (Purcell et al., 2007). Next, principal-component analysis (PCA) was 

used to calculate eigenvectors and eigenvalues using PLINK version 1.90. Samples were then 

separated according to genetic principal components (eigenvectors) into five broad ancestry 

groups: European, African, South East Asian, East Asian, and Hispanic. 1000 Genomes was used 

as reference for ancestry classification verification (Altshuler et al., 2010). A series of filters 
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were applied, including, a minor-allele filter of 1%, a variant-missingness filter of 5%, a sample-

missingness filter of 10% (Purcell et al., 2007). Additional checks for heterozygosity, sex, and 

variants that did not align with Hardy-Weinberg expectations were also performed. 

Specifications outlined on the Michigan server webpage were followed for imputation 

preparation, including a pre-imputation data preparation toolkit (Das et al., 2016; McCarthy et 

al., 2016). Imputation was then performed for each ancestry group on the Michigan Imputation 

Server using EAGLE2 phasing, Minimac4 imputation, and the Haplo-type Reference 

Consortium (HRC) reference (Das et al., 2016; Loh et al., 2016; McCarthy et al., 2016). Final 

post-imputation quality control filtering included selecting variants with a minor-allele frequency 

above 1% within each ancestry group and removing all variants with R2 imputation score of less 

than 0.4.  

2.7.2 International Stuttering Project (ISP) Imputation and Quality Control 

 Quality control and imputation steps for the International Stuttering Project data again 

followed the method described in Shaw et al., (2021). First, the methods described by 

Pluzhnikov et al. (2010) were used to identify possible plate or batch effects prior to merging 

unique batches of genotypes from affected individuals and no plate or batch effects were 

observed. Initial filtering excluded variants and samples with a call rate less than 90%. Next, 

principal component analysis (PCA) was used to calculate eigenvectors and eigenvalues using 

PLINK version 1.90 and samples were separated according to genetic principal components 

(eigenvectors) into five broad ancestry groups: European, African, South East Asian, East Asian, 

and Hispanic, with HAPMAP3 used as reference for ancestry classification (Price et al., 2006). A 

series of filters were applied, including, 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 
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variants that did not align with Hardy-Weinberg expectations. Then, five ancestry and sex-

matched population-based controls per case were drawn from the quality-control filtered BioVU 

set (described in Section 2.7.1). Ancestry-matched controls were selected through eigenvectors 

and eigenvalues calculated via 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 

PRIMUS (Staples, Ekunwe, et al., 2016; Staples et al., 2013, 2014; Staples, Witherspoon, et al., 

2016) 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 (with the control selection method described in Section 2.9) for imputation according to 

standard protocols and specifications outlined for the Trans-Omics for Precision Medicine 

(TOPMed) server, including the same pre-imputation data-preparation toolkit described in 

Section 2.7.1 (Das et al., 2016; McCarthy et al., 2016). The autosomal region was imputed on the 

TOPMed server with EAGLE version 2.4 phasing, Minimac4 imputation, and the TOPMed 

reference (Fuchsberger et al., 2015; Loh et al., 2016; Taliun et al., 2021). 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. 

 

2.8 BioVU GWAS 

For the BioVU GWAS, PheML-predicted stuttering cases were stratified by ancestry. 

Due to much smaller than expected sample size, this study conducted analyses on cases of 

European ancestry, without separate analyses of African, South East Asian, East Asian, and 

Hispanic ancestries. For each identified case, up to six age and sex matched controls were 
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selected from the cohort of patients identified as controls by the PheML prediction model. 

Control individuals were also matched by the lowest genetic Euclidean pairwise case-control 

distance. 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 the 

PCA (Luca et al., 2008). Any pairwise case-control distance not within two standard deviations 

of the mean distribution of all case-control pairwise distances was removed from the analysis. A 

logistic-regression model was used for the variant association analysis in SUGEN and 

corrections were made for sex, age, and ancestry (genetic ancestry captured by the first three 

principal components) (Lin et al., 2014). To correct for multiple testing, we considered variants 

with an association p value below 5.0 × 10-8 to be significant at the genome-wide level. 

Manhattan plots and Q-Q plots generated with the qqman R package (Turner, 2014). 

 

2.9 International Stuttering Project (ISP) GWAS  

Control individuals were selected from a sample set of individuals within BioVU who 

were not identified as being affected by stuttering according to ICD-9 and ICD-10 codes or by 

the PheML prediction algorithm. These individuals were then matched by sex. 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 relatedness 
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(Zhou et al., 2018). The regression model accounted for population substructure by including the 

first six principal components as covariates. 

 

2.10 Variant Effect Size Concordance Analysis 

To provide evidence that the genetic profile of our PheML-predicted stuttering cases 

recapitulated genetic effects associated with clinical developmental stuttering, a concordance 

analysis was performed to compare summary statistics from the European-ancestry BioVU 

GWAS to summary statistics produced from the male and female ISP GWAS. Variants that 

passed previously described quality control metrics and were present in both GWAS analyses, 

were aligned by strand and reference allele and analyzed. Additional concordance rates were 

calculated for variants with p values below 0.5, 0.05, and 0.005 thresholds in both GWAS. A 

one-sample t test was used to determine whether each concordance rate was significantly higher 

than an expected concordance rate of 0.5, or a rate that may be expected from random chance. 

 

3. Results 

 

3.1 Initial Manual Review 

An initial manual review of records with exploratory keywords and ICD-9 and ICD-10 

codes was conducted until 50 male and 50 female cases were confirmed. Overall, 54 male 

records and 56 female records were reviewed. The 50 cases per sex represented a sufficient 

number for the confirmatory keyword identification while also maintaining as many cases as 

possible for the subsequent analyses. The number of confirmed cases in the initial manual review 
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was increased from 30 in Study 1 to 50 per sex in this study to increase the ability to differentiate 

male and female confirmatory keywords. 

 

3.2 Confirmatory Keyword Identification 

Words associated with stuttering in the 50 male and 50 female cases were considered  

confirmatory keywords. Somewhat surprisingly, the top word associations did not vary 

appreciably by sex. Consequently, similar to Study 1, 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”. The identification of these confirmatory 

keywords was used to facilitate the creation of the text-mining algorithm, described in Section 

3.3.   

 

3.3 Text-Mining 

The text-mining algorithm identified 1,053 individuals (587 male, 466 female) with 

stuttering-related exploratory keywords from the random sample of 500,000 VUMC SD records. 

As previously mentioned, these 1,053 high-likelihood cases of developmental stuttering had: 1) 

one 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.” The decrease in required 
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confirmatory keywords from 3 in Study to 1 in the present study was intended to compensate for 

the smaller than expected sample of SD records. 

 

3.4 Final Manual Review 

Of the 1,053 high likelihood cases of developmental stuttering identified by the text-

mining algorithm, 318 (223 male, 95 female) were determined to be true cases after manual 

review by members of the investigative team. This equates to an overall positive predictive value 

(the number of confirmed cases divided by the total number of suspected cases) of 30.2% (38.0% 

for males, 20.4% for females). The positive predictive value indicates the exploratory keyword 

search combined with the text-mining algorithm identified a slightly higher proportion of 

developmental stuttering cases compared to a keyword search alone. However, the overall 

positive predictive value for Study 2 (30.2%) was much lower than for Study 1 (72.9%). 

As previously discussed, positive indicators for developmental stuttering cases within the 

1,053 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. Manual review typically required 3 to 5 minutes, with 

approximately 10% of cases requiring more extensive review.  

Common exclusions within the 1,053 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 
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stuttering. While these conditions are similar to developmental stuttering, they likely represent a 

distinct pathogenesis (Theys et al., 2008). 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.  

 

3.5 Comorbidity Analysis 

Half (n = 731) of the total confirmed stuttering cases from Study 1 (n = 1,143) and Study 

2 (n = 318) were used for the comorbidity analysis. According to our phecode enrichment 

analysis, compared to matched controls, developmental stuttering cases not used for the 

development of the phenome risk classifier were enriched for a variety conditions. Sections 

3.5.1-3.5.2 discuss male and female specific phecode enrichments, respectively.  

3.5.1 Male Comorbidity Analysis 

 For the male comorbidity analysis (n = 545 cases, 2725 controls), the three most 

significantly enriched phecodes included Developmental Delays and Disorders (phecode 315), 

Speech and Language Disorder (phecode 315.2), and Tics and Stuttering (phecode 313.2). No 

other phecodes met the strict significance criteria. In other words, the frequency of other 

phecodes in the male stuttering case set did not exceed the maximum frequency observed in 

10,000 random resamplings of the control set. However, the phecode for Contact Dermatitis and 

Other Eczema (phecode 931) showed suggestive significance with an uncorrected p value of less 

than .05 (p = .0048). Additionally, three other phecodes previously associated with stuttering in 

Study 1 were among the top hits, but were not statistically significant: Learning Disorder 

(phecode 315.1) (p = .0728), Aphasia/Speech Disturbance (phecode 292.1) (p = .0969), and 
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Pervasive Developmental Disorders (phecode 313) (p = .1074).  See Table 3.1 for complete male 

phecode enrichment results. 

Table 3.1 

Male Phecode Enrichment Analysis Results  
 

 
 
Notes. 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 resamplings. Max represents the maximum number 
of phecodes found in the 10,000 control resamplings. n = 545 cases, 2725 controls. * = previously significant 
result in Pruett et al. (2021). 
 

3.5.2 Female Comorbidity Analysis 

 For females (n = 186 cases, 930 controls) the three most significantly enriched phecodes 

also included Developmental Delays and Disorders (phecode 315), Speech and Language 

Disorder (phecode 315.2), and Tics and Stuttering (phecode 313.2). One other phecode, 

Aphasia/Speech Disturbance (phecode 292.1) reached significance. However, 19 other phecodes 

reached suggestive significance with uncorrected p values of less than .05. Cardiovascular 

phecodes reaching suggestive significance included: Cerebrovascular Disease (phecode 433), 

Coronary Atherosclerosis (phecode 411.4), Congestive Heart Failure (phecode 428), and 

Ischemic Heart Disease (phecode 411). Neurological phecodes included: Neurological Disorders 

(phecode 292), Partial Epilepsy (phecode 345.12), Epilepsy/Seizures/Convulsions (phecode 

345), Convulsions (phecode 345.3), Disturbance of Skin Sensation (phecode 687.4), Abnormal 

Involuntary Movements (phecode 350.1), Epilepsy (phecode 345.1), and Abnormal Movement 

Phecode Description Count Max p value
Statistical 

Significance p01 p05 p10 p50 p90 p95 p99

315 Develomental delays and disorders* 102 83 < 1.0 × 10-5 Significant 42 46 48 56 64 66 71
315.2 Speech and language disorder* 97 70 < 1.0 × 10-5 Significant 32 36 38 45 52 54 58
313.2 Tics and stuttering* 37 19 < 1.0 × 10-5 Significant 2 3 4 7 11 12 14

931 Contact dermatitis and other eczema* 4 7 0.00482 Suggestive 0 0 0 1 3 3 4
315.1 Learning disorder* 8 17 0.0728 Not significant 1 2 3 5 8 9 11
292.1 Aphasia/speech disturbance* 14 25 0.09692 Not significant 4 6 7 11 14 16 18

313 Pervasive developmental disorders* 57 82 0.10743 Not significant 37 41 43 50 58 60 64
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(phecode 350). Psychological phecodes included: Alteration of Consciousness (phecode 291.8), 

Other Specific Nonpsychotic and/or Transient Mental Disorders (phecode 291), Altered Mental 

Status (phecode 292.4), and Anxiety Disorder (phecode 300.1). Other suggestive phecodes 

included Type 2 Diabetes (phecode 250.2), Edema (phecode 782.3), and Other Diseases of the 

Lung (phecode 510). See Table 3.2 for complete female phecode enrichment results. 

 

Table 3.2 

Female Phecode Enrichment Analysis Results  
 

 
 
Notes. 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 resamplings. Max represents the maximum number 
of phecodes found in the 10,000 control resamplings. n = 186 cases, 930 controls. * = previously significant 
result in Pruett et al. (2021). ^ = previously suggestive result in Pruett et al. (2021). 
 

3.6 Phenome Machine Learning (PheML) Classification Models 

Phecode Condition Count Max p value Statistical 
Signigicance p01 p05 p10 p50 p90 p95 p99

315 Develomental delays and disorders* 40 34 < 1.0 × 10-5 Significant 9 11 12 17 21 23 25

315.2 Speech and language disorder* 38 28 < 1.0 × 10-5 Significant 7 9 10 14 18 19 22

313.2 Tics and stuttering* 12 10 < 1.0 × 10-5 Significant 0 0 1 3 4 5 6

292.1 Aphasia/speech disturbance* 13 12 < 1.0 × 10-5 Significant 0 1 2 4 6 7 8

433 Cerebrovascular disease 13 15 4.99 × 10
-5

Suggestive 1 2 2 5 7 8 9

411.4 Coronary atherosclerosis 12 14 4.99 × 10
-5

Suggestive 1 2 3 5 7 8 10

428 Congestive heart failure; nonhypertensive 8 16 0.04442 Suggestive 1 2 3 5 8 8 10

411 Ischemic Heart Disease 11 14 0.00166 Suggestive 1 2 3 5 8 9 10

292 Neurological disorders* 24 28 0.00025 Suggestive 6 8 9 13 17 18 20

345.12 Partial epilepsy* 9 13 0.00102 Suggestive 0 1 1 3 6 6 8

345 Epilepsy; recurrent seizures; convulsions* 29 36 0.00153 Suggestive 10 12 13 18 23 24 27

345.3 Convulsions* 24 33 0.00963 Suggestive 8 10 11 16 20 22 24

687.4 Disturbance of skin sensation 8 13 0.02742 Suggestive 1 2 2 5 7 8 9

350.1 Abnormal involuntary movements* 9 15 0.02853 Suggestive 1 2 3 5 8 9 10

345.1 Epilepsy* 11 18 0.02911 Suggestive 2 3 4 7 10 11 13

350 Abnormal movement* 12 19 0.04163 Suggestive 3 4 5 8 11 12 14

291.8 Alteration of consciousness 10 15 0.00489 Suggestive 1 2 3 5 8 8 10

291 Other specified nonpsychotic and/or transient mental disorders 13 18 0.00542 Suggestive 2 3 4 7 10 11 13

292.4 Altered mental status 10 15 0.02258 Suggestive 2 3 3 6 9 10 11

300.1 Anxiety disorder^ 16 26 0.04289 Suggestive 5 7 8 11 15 16 18

250.2 Type 2 diabetes 13 23 0.04516 Suggestive 3 5 6 9 12 13 15

782.3 Edema 11 18 0.04595 Suggestive 3 4 5 7 11 11 13

510 Other diseases of lung^ 10 17 0.04859 Suggestive 2 3 4 7 10 10 12

Cardiovascular 

Neurological

Psychological

Other
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From the 1,461 confirmed developmental stuttering cases, 545 randomly selected male 

cases with matched controls (n = 2,725) and 186 randomly selected female cases with matched 

controls (n = 930), were used to develop the PheML stuttering prediction models. Specifically, 

410 male cases and 140 females cases were used to build the models, and 135 male cases and 46 

females cases were used to test the model. Of the 107 male records classified by the PheML as 

high-likelihood cases, 83 were manually-reviewed positives from the case set and 24 were 

determined false positives from the control set, equating to a positive predictive value of 75%. 

Of the 67 female records classified by the PheML as high-likelihood cases, 29 were manually-

reviewed positives from the case set and 38 were determined false positives from the control set, 

equating to a positive predictive value of 43%, or below chance estimates for positive case 

status. Due to the low performance of the female PheML compared to the male PheML, we 

chose to use the male PheML to acquire both male and female cases for the GWAS.  

When the male PheML was tested in female records, 41 female records were classified 

by the male PheML as high-likelihood cases and 28 were manually-reviewed positives from the 

case set and 13 were determined false positives from the control set, equating to a positive 

predictive value of  68%. Although less than the 83% positive predictive value of the sex-

combined PheML from Study 1, the male PheML demonstrated adequate performance for both 

male and female case acquisition: that is, both male and female records identified as PheML-

predicted stuttering cases were likely to be correctly categorized. When the PheML was 

deployed within the BioVU database, the prediction model returned 6,611 predicted cases with 

phecode information, and of those, only 3,150 were genotyped on the Expanded Multi-Ethnic 

Genotyping Array (MEGAEX) and available for analysis. Of these predicted cases, 2,277 were 

European ancestry, 600 were African ancestry, 208 were Hispanic ancestry, 55 were East Asian 
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ancestry, and 10 were South East Asian ancestry. Due to sample size, only European-ancestry 

predicted cases were subsequently analyzed. Additional European ancestry cases were lost 

following case/control matching for a total of 2,176 (863 male, 1,313 female) predicted stuttering 

cases analyzed in the GWAS.  

Ancestry is a concept related to but distinct from race and ethnicity and represents an 

important consideration for GWAS. Individuals who share similar ancestry also share genetic 

signatures due to migration of common ancestors, mutations and recombination, genetic drift, 

and natural selection (Peterson et al., 2019). These processes can produce changes in allele 

frequencies across populations that must be accounted for to avoid false-positive findings 

(Barrett & Cardon, 2006; Peterson et al., 2019).   

 

3.7 BioVU GWAS 

In the European-ancestry PheML-predicted GWAS, there were 2,176 cases (863 male, 

1,313 female) and 10,880 ancestry and sex matched controls, and 7,751,953 imputed variants. 

No loci reached the genome-wide significance threshold of 5.0 × 10-8. One loci on chromosome 

7 exceeded the 1 × 10-7 suggestive significance threshold. The sentinel variant was determined to 

be rs1406152 (chr 7: 78932141) (β = 0.27292; p = 4.783279 × 10-7), an intronic region of 

MAGI2. See Figure 3.1 and Table 3.3 for GWAS results.   
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Figure 3.1 
 
Manhattan Plot and Q-Q Plot of Results from GWAS of PheML-predicted European-Ancestry 
Stuttering Cases 
 

Note. Analysis included 7,751,953 variants across chromosomes 1–22. 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). No loci reached genome-wide significance. One locus on chromosome 7 reached the 1 × 10-7 
significance threshold; sentinel variant (rs1406152) with nearest gene (MAGI2) labeled. 

Note. λ  (the median chi-square expected under the null) values near 1 indicate minimal inflation from possible 
confounding effects of population stratification.  
 

λ  = 0.9906 

rs1406152; MAGI2 
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Table 3.3 
 
Top Hits Identified in GWAS of PheML-predicted Stuttering Cases 
 

 

Note. The table includes variants from loci that exceeded p values of 1 × 10-7  
 

3.8 Concordance Analysis Between BioVU and ISP Variants  

For the concordance analysis, we compared summary statistics from the BioVU GWAS 

to summary statistics from the ISP GWAS to determine whether the concordance rate between 

the two summary statistics was higher than expected by chance alone. The concordance rate is 

calculated as the proportion of variants with the same direction of effect over the total variants 

present in both GWAS analyses (for studies using a similar approach, see Mahajan et al., 2014). 

Significant variant concordance between BioVU and ISP GWAS would provide evidence that 

PheML-predicted stuttering cases recapitulate genetic effects associated with clinical 

developmental stuttering.  

Overall, 2,367,273 variants that passed previously described quality control metrics were 

present in both GWAS analyses and aligned by strand and reference allele. Variants that were 

not well imputed (r2  >  0.4) in either GWAS were removed from the concordance analysis. 

Additional concordance rates were calculated for variants with p values below 0.5, 0.05, and 

0.005 thresholds in both GWAS. A one-sample t test was used to determine whether each 

concordance rate was significantly higher than an expected concordance rate of 0.5. 

For all variants present in both BioVU and ISP GWASs, 50.0% of the variants were 

found to have the same direction of effect (1,183,519 of 2,367,273 of  variants; p = 0.5610). For 

Chromosome Position rsID Reference 
Allele

Alternatative 
Allele Beta (95% CI) p value Nearest Gene Location

7 78932141 rs1406152 T C 0.27292 (-0.23742, 0.04715) 4.783279 × 10-7 MAGI2 Intronic
7 78933093 rs4727841 A G 0.27292 (-0.23742, 0.04715) 4.783279 × 10-7 MAGI2 Intronic
7 78933938 rs10953828 G A 0.27289 (-0.23752, 0.04714) 4.696506 × 10-7 MAGI2 Intronic
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all variants that had a p value threshold below 0.5 in both GWASs, the concordance-of-effect 

rate was 50.0% (295,918 of 591,777 variants; p = 0.4699). Variants with a p value threshold 

below 0.05 in both GWASs had a concordance rate of 49.96% (3117 of 6239 variants; p = 

0.5303). Variants below a p value threshold of 0.005 in both GWASs had a concordance rate of 

45.23% (19 of 42 variants; p = 0.7796). In general, lack of concordance at each increasing 

significance threshold reveals that significant variants from the BioVU GWAS and ISP GWAS 

do not show the same direction of effect at rates higher than chance. 

 

Table 3.4 
 
Results of Variant Concordance Analysis 
 

 
 

4. Discussion 

The present study developed a multi-step process for identifying developmental stuttering 

cases within an EHR-based database. Stuttering cases were compared to matched controls in a 

phecode enrichment analysis to find conditions associated with stuttering in males and females. 

Using these associated phecodes, prediction algorithms called phenome machine learning 

(PheML) classification models were developed to select cases phenotypically similar to 

developmental stuttering cases for further genetic study. Then, an ancestry-specific genome-wide 

association study was performed to assess genetic variants associated with stuttering. 

 

Concordant Variants Concordance Rate (%) Binomial p value
All Variants 1,183,519 / 2,367,273 50.00 0.5610
p < 0.5 295,918  / 591,777 50.00 0.4699
p < 0.05 3117 / 6239 49.96 0.5303
p < 0.005 19 / 42 45.23 0.7796
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4.1 Identifying Stuttering in the VUMC EHR 

As previously discussed, diagnostic billing codes for communication disorders in general 

and stuttering specifically are less common than previously expected within medical center 

EHRs. Consequently, our keyword search and subsequent filtering steps using text-mining and 

manual review were necessary to select stuttering cases quickly and accurately in an otherwise 

prohibitively large clinical note set. Records with explicit indicators of developmental stuttering 

were labeled as cases and those without were designated as population controls, with exclusions 

removed from either case or control consideration. Through this approach, the random sample of 

500,000 SD records was narrowed to 1,053 (587 male, 466 female) records with 318 confirmed 

cases (223 male, 95 female) following manual review. These cases were then combined with the 

1,143 (867 male, 276 female) confirmed cases from Study 1. The lower positive predictive value 

of the male and female text mining algorithms compared to the sex-combined text mining 

algorithm from Study 1 is likely due to decreasing the confirmatory keyword requirement from 3 

to 1. We expanded the parameters in an effort to capture more cases in the smaller-than-expected 

500,000 random sample of the SD, as opposed to a full SD search. As such, the male and female 

text mined records contained more false positives.  

Overall, the record review process highlighted the importance of comprehensively 

documenting conditions, especially communication disorders, even if they’re not related to the 

purpose of the visit. As Valderas et al. (2009) 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.”  
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4.2 Comorbidity Analysis via Phecode Enrichment 

Following identification and systematic review, confirmed male and female stuttering 

cases were compared to matched population controls in phecode enrichment analyses to reveal 

conditions comorbid with stuttering. The approach used in this study replicated some phecode 

associations from Study 1 and revealed novel suggestive associations. Male and female phecode 

enrichment analyses are discussed in detail in Sections 4.2.1-4.2.2.  

4.2.1 Male-Specific Comorbidities 

For males, only three phecodes were significantly associated with stuttering: 

Developmental Delays and Disorders (phecode 315), Speech and Language Disorder (phecode 

315.2), and Tics and Stuttering (phecode 313.2). In contrast, 38 phecodes were found to be 

associated with stuttering in Study 1. Importantly, the three signicantly associated phecodes are 

all stuttering related phecodes. For example, Developmental Delays and Disorders (phecode 315) 

is an umbrella phecode that includes the phecode for developmental stuttering (phecode 315.2). 

Additionally, Speech and Language Disorder (phecode 315.2) is the name of the phecode that 

includes developmental stuttering (phecode 315.2), among other closely related speech and 

language conditions. Furthermore, the phecode for Tics and Stuttering (phecode 313.2) includes 

the phecode for adult-onset stuttering (phecode 313.2), a code used for various forms of non-

developmental stuttering but often systematically, yet erroneously, applied to adults with 

developmental stuttering persisting into adulthood. Therefore, rather than representing potential 

comorbidities, the presence of these phecodes suggests enrichments for stuttering itself, an 

expected outcome that provides evidence that cases identified within the SD contain phecodes 

related to stuttering.  
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Contact Dermatitis and Other Eczema (phecode 931) fell short of the strict significance 

threshold but met the suggestive significance threshold and replicated from Study 1, providing 

additional evidence for the association between stuttering and the atopic inflammatory triad of 

asthma, allergies, and eczema (Strom & Silverberg, 2016a). Three other significant phecodes 

from Study 1 were among the top associations but fell short of statistical significance: Learning 

Disorder (phecode 315.1), Aphasia/Speech Disturbance (phecode 292.1), and Pervasive 

Developmental Disorders (phecode 313). Results from Study 1 combined with clinical and 

anecdotal evidence suggests a need for further study of the associations between these conditions 

and developmental stuttering. 

4.2.2 Female-Specific Comorbidities 

For females, four phecodes were significantly associated with stuttering: Developmental 

Delays and Disorders (phecode 315), Speech and Language Disorder (phecode 315.2), Tics and 

Stuttering (phecode 313.2) and Aphasia/Speech Disturbance (phecode 292.1). Again, this 

contrasts with the 38 phecodes previously found to be associated with stuttering in Study 1. As 

discussed in Section 4.2.1, Developmental Delays and Disorders, Speech and Language 

Disorder, and Tics and Stuttering are phecodes capturing developmental stuttering and closely 

related conditions. Similar to the male phecode analysis, the presence of these phecodes suggests 

enrichment for stuttering itself, rather than representing comorbidities.  

Nineteen additional phecodes reached suggestive significance with an uncorrected p 

value of less than .05. None of these phecodes reached suggestive significance in males. Twelve 

suggestive phecodes were related to neurological and psychological conditions. Of these 

conditions, phecodes related to Aphasia (phecodes 292.1 and 292.11), Epilepsy (phecodes 345.1 

and 345.12), Convulsions (phecode 345.3), and Abnormal Involuntary Movements (phecode 
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350.1) replicated from Study 1. One proposed hypothesis to explain the associated neurological 

and psychologiocal phecodes is that, in contrast to males, for females, stuttering may be 

associated with broader general neurological vulnerability. This vulnerability may then lead to 

increased risk for other neurological and psychological conditions.  

Other female-specific suggestive associations included four cardiovascular phecodes: 

Cerebrovascular Disease (phecode 433), Coronary Atherosclerosis (phecode 411.4), Congestive 

Heart Failure (phecode 428), and Ischemic Heart Disease (phecode 411). While cerebrovascular 

disease and ischemic heart disease may be associated with or even causal for aphasia, another 

significantly associated phecode, explanations for the associations between coronary 

atherosclerosis and congestive heart failure and stuttering are less clear.  

Three other phecodes reaching suggestive significance included Type 2 Diabetes 

(phecode 250.2), Edema (phecode 782.3), and Other Diseases of Lung (phecode 510). The 

phecode for Other Diseases of Lung and Acute Upper Respiratory Infections (phecode 465), a 

phecode significantly associated with stuttering in Study 1, both broadly describe conditions 

related to lung function. This fits with a narrative of possible links between both infection, lung 

function, and stuttering. On the other hand, Type 2 diabetes and edema may be directly 

associated with other cardiovascular phecodes.  

4.2.3 Comorbidity Takeaways 

Importantly, these associations are exploratory and require replication, but broadly, they 

align with our previous study and independent studies. One major finding from the sex-stratified 

comorbidity analysis is that females exhibited more suggestive phecode enrichments than males. 

This diverges from emerging evidence suggesting that males who stutter have more associated 

comorbidities (Arndt & Healey, 2001; Briley et al., 2021; Donaher & Richels, 2012). One 
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possibility is that females who stutter are more likely to have comorbid conditions that are 

frequently documented within electronic health records, while males may be more likely to have 

comorbid conditons within the clinical scope of speech-language pathology that lack 

documentation within electronic health records. Another possibility is that, due to the higher 

stuttering recovery rate of females, the adult female cases in this study may represent a more 

severe form of stuttering, one that is more likely to be associoated with neurological and 

psychological conditons.  

Overall, the phecode enrichments are generally supported by stuttering comorbidity 

studies based on National Health Interview Survey data. For example, the presence of phecodes 

related to the atopic inflammatory pathway mirrors emerging health survey data indicating 

children who stutter are at higher risk for asthma, allergies, and skin allergies (Briley & Merlo, 

2020). Furthermore, for females, the phecodes related to epilepsy and convulsions are in line 

with population health survey data indicating children who stutter have a higher risk of 

experiencing seizures, especially females (Briley et al., 2021).  

While these findings cannot determine causality, the convergent findings from EHR- and 

survey- based methodologies suggests additional research into broader medical comorbidities is 

warranted. Although careful interpretation is critical, the presence of comorbidities supported by 

previous studies provides evidence for the research potential of investigating sex-specific 

stuttering comorbidities using EHRs.  

 

4.3 Phenome Machine Learning (PheML) Classification Models to Predict Stuttering 

In addition to highlighting potential stuttering comorbidities, the associated phecodes 

were used as variables to create phenome machine learning (PheML) prediction models to 
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identify high-likelihood male and female stuttering cases without the use of keywords and text-

mining. The female PheML model failed to adequately predict stuttering cases, so the male 

PheML model was used to predict both male and female cases for the genome-wide association 

model. One explanation for the low performance of the female PheML is the small sample size 

of the female dataset relative to the male dataset. Increasing the female sample size would 

increase power to detect significant associations. Another possible explanation is that the number 

of suggestive phecodes included in the female PheML negatively impacted the model 

performance. Perhaps the phecodes most closely related to stuttering (Developmental Delays and 

Disorders, Speech and Language Disorder, and Tics and Stuttering) are the most informative and 

the additional suggestive phecodes introduce noise in the model. Interestingly, the relatively high 

positive predictive value of the male PheML within female records seems to support significant 

overlap between male and female stuttering comorbidities. This is likely primarily driven by the 

stuttering-related phecodes significantly associated with both sexes. Regardless of explanation, 

further studies are needed to fully characterize possible sex-specific stuttering comorbidities to 

understand the clinical manifestation of stuttering in males and females. 

 

4.4 BioVU Genome-Wide Association Studies Using PheML-predicted Stuttering Cases  

Applying the PheML to BioVU resulted in a sample of 6,611 predicted stuttering cases. 

This is far below the 9,221 sex-combined PheML-predicted stuttering cases in Shaw et al. 

(2021). Lack of available Expanded Multi-Ethnic Genotyping Array (MEGAEX) data within the 

predicted cases further reduced the sample to 2,277. The estimated positive predictive value in 

males (75%) and females (68%) implies false positive rates of 25% and 32%, respectively. While 

the male and female positive prediction rates are much lower than what may be expected from 
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clinical samples where patient status is confirmed by speech-language pathologists, in line with 

studies that leverage population-based controls, the power reduction resulting from imprecision 

in case and control specification is usually offset by the size of the dataset. Controls for the 

GWAS were selected from records the PheML model predicted to be non-stuttering. Therefore, 

we expect some model-defined controls to exhibit stuttering, adding to a modest reduction in 

power to discriminate allele-frequency differences between affected individuals and controls. 

One loci reached a suggestive significance threshold of 1 × 10-7. The sentinel variant is 

located in an intronic region of MAGI2, a gene that codes for membrane-associated guanylate 

kinase. Introns reside within a gene but are removed via RNA processing following gene 

transcription, so they do not code for amino acids that make up the protein encoded by that gene. 

The membrane-associated guanylate kinases (MAGUK) are a superfamily of scaffold proteins 

that regulate adhesion and plasticity at cell junctions. Studies have shown MAGUK proteins are 

critical for developmental and function of numerous tissues; mutations can impair synaptic 

plasticity in the mammalian brain (Funke et al., 2005). Synaptic plasticity is particularly 

intriguing as it may relate to the onset and persistence of stuttering. Stuttering imaging studies 

have demonstrated that people who stutter show abnormal function in various brain areas 

including motor and pre-motor cortex areas associated with speech, as well as disruptions in the 

basal ganglia and dopaminergic systems (Chang et al., 2008; Giraud et al., 2008; Watkins et al., 

2008).  

Interestingly, MAGI2 has been implicated in sleep duration (Spada et al., 2016), body 

mass index (Pulit et al., 2019), facial morphology (Lee et al., 2017), and itch intensity of 

mosquito bites (Jones et al., 2017). These traits largely mirror the sleep, weight control, and 

allergy phecodes associated with stuttering in Study 1. While these associations may prove to be 
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synthetic, the sleep, weight control, and allergy phecodes from Study 1 were not used as 

predictor variables in the PheML model for this study. Additionally, recent stuttering GWAS 

discovered genes broadly involved in facial morphology. Using a similar phenotype imputation 

approach, Shaw et al. (2021) identified a genome-wide significant locus implicating FAM49A, a 

gene associated with cleft lip and cleft palate. Likewise, using a clinically-ascertained cohort, 

Polikowsky et al. (2022) identified a locus implicating SSUH2, a gene previously reported to 

play a major role in odontogenesis, another aspect of facial morphology. Certainly, this 

investigation opens many questions for future work on the mechanism of action of these variants 

leading to stuttering.  

 

4.5 Concordance Analysis: Validation of GWAS Results 

Using the summary statistics resulting from our BioVU GWAS with PheML-predicted 

stuttering, we ran a variant concordance analysis that assessed how many variants had the same 

direction of effect as the variants tested in the clinically ascertained ISP GWAS. This was 

repeated with only variants that surpassed thresholds of p 0.5, 0.05, and 0.005 in both association 

analyses. Together, the four concordance analyses demonstrated that the proportion of variants 

with the same direction of effect was not significantly greater than random, regardless of 

significance threshold. This contrasts with a concordance analysis from Shaw et al. (2021) that 

showed that predicted stuttering cases from a separate, sex-combined PheML demonstrated 

increasing concordance with ISP variants with increasing significance levels. One possible 

explanation is that the reduced positive predictive value of the male PheML model in this study 

resulted in significantly more PheML-predicted cases that did not mirror typical clincal stuttering 

cases. Validating a high degree of correlation between PheML-predicted cases and clinical 
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stuttering cases is critical to using the approach to draw conclusions about the genetic 

architecture of clinical developmental stuttering. 

 

4.6 Study Limitations 

As demonstrated in our Results, interpreting stuttering comorbidities from the phecode 

enrichments requires understanding how ICD-9 and ICD-10 codes (from which the phecodes are 

derived) are used clinically and applying judicious interpretation. Broadly, electronic health 

record-based approaches represent a wealth of potential data but may also have particular biases: 

clinically-derived EHRs are not necessarily optimized for research and may be prone to 

inconsistency and noise. For one, the demographic characteristics of a study sample from a 

medical center-based population may meaningfully differ from the general population. 

Additionally, differences in healthcare delivery, such as the differing healthcare models of the 

United States and the National Health Service (NHS) of the United Kingdom, can lead to major 

differences in how systems are coded. Variation can also occur over time within single systems 

with revisions of coding systems, such as when World Health Organization International 

Classifications of Disease are updated (Zeggini et al., 2019). Furthermore, EHR studies 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. All of these pitfalls do not negate 

the research potential of EHRs but understanding the potential for bias is critical. As the EHR 

research landscape continues to mature, validation and dissemination of best practice approaches 

will be essential to ensure robust and interpretable results for the future. 
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 In addition to the broader issues associated with EHRs, there are other study-specific 

limitations. First, the VUMC SD is largely comprised of individuals from European and African 

American ancestry and the phecode enrichment analyses and PheML models are based on these 

patients. The population structure of the SD might lead to missing some population-specific 

comorbidities. Consequently, underrepresentation of other racial and ethnic minority groups in 

our comorbidity analysis and PheML model building is a limitation. Second, a reduction in 

sample size led to a European-ancestry only GWAS instead of the planned ancestry-specific 

GWAS. While the choice ensured our study would be powered to detect associations since 

predictive power decreases with ancestral divergence, it perpetuates a longstanding problem of 

GWAS of primarily European-ancestry. This can be problematic because even if a causal variant 

is present in multiple populations and has consistent effect sizes, variant frequencies may vary 

across populations, leading to different power within different ancestries (Zeggini et al., 2019). 

As such, future studies of the genetic architecture of stuttering should prioritize ancestry-specific 

GWAS and trans-ancestry metanalysis for scientific discovery and health equity within and 

across populations. 

 

5. Conclusion 

Overall, this study built on the procedure and results of Study 1 and aimed to investigate 

sex-specific stuttering comorbidities and associated genetic variants using electronic health 

records and a linked DNA biobank. Due to underrepresentation of stuttering billing codes in the 

EHR, a multistep process involving a keyword search, text-mining, and manual review was used 

to identify stuttering cases. Once identified, male and female stuttering cases were compared to 

controls in phecode enrichment analyses to detect potential sex-specific comorbidities. Overall, 
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the significantly associated phecodes for both males and females were stuttering-related 

phecodes. In contrast, neurological, psychological, and cardiovascular phecodes reached 

suggestive significance in the female cohort but not the male cohort. These phecodes were then 

used to create male and female phecode machine learning (PheML) stuttering prediction models 

to increase sample size for genome-wide association studies to investigate genetic variants 

associated with stuttering. The number of PheML-predicted stuttering cases was lower than 

expected, impacting power for the GWAS. Consequently, no variants reached genome-wide 

significance. However, one locus on chromosome 7 reached the suggestive significance 

threshold of 1 × 10-7, implicating MAGI2, a membrane-associated guanylate kinase gene 

involved in the development and function of numerous tissues, including synaptic plasticity in 

the mammalian brain. This investigation depended on both clinical stuttering and genetic 

expertise combined with big data approaches and the process revealed both the promise and 

pitfalls of large-scale EHR research. This study represents a single snapshot of a larger effort into 

investigating the genetics of stuttering; further studies examining both sex-specific aspects of 

stuttering are planned. Ultimately, exploring comorbidities and genetic variants associated with 

stuttering may help us further understand the etiology, advancing our knowledge of this complex 

disorder.   

 

 
 
 
 
 
 

CHAPTER IV 
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Next Steps and Clinical Considerations  

 

1. Next Steps Following GWAS 

This project is among the first to amass dense genotyped population-level genetic data for 

the stuttering phenotype. As decreased cost and increased quality of genotyping arrays have 

made GWAS more accessible, more studies on gene discovery have followed and increasingly, 

more phenotypes, such as stuttering, are being studied (Levy & Boone, 2019). What are the 

broad goals of investigating the genetic basis of conditions like stuttering? First, genetic 

exploration may lead to specific biological mechanism. In some cases, this can lead to either 

development of novel interventions, or application of already available approaches. Second, 

genetics can lead to surveillance and early intervention for high-risk individuals, timing 

intervention to deliver the greatest benefit. Third, genetics may guide diagnosis and treatment of 

tertiary comorbidities that may not otherwise be adequately addressed.  

Identifying genetic associations is the first step in a protracted process: follow up studies 

are crucial to translating associated loci into biological mechanism of action and clinical 

application. These steps are not trivial, and the complexity of biological and clinical questions 

increasingly necessitates multi-disciplinary teams to coordinate, incorporate, and interpret 

disparate data. Accordingly, in this section, we discuss options for investigating functional 

biological pathways of GWAS loci, translating biological insights into clinical care in other 

conditions, and potential impact and considerations for stuttering specifically.  

 

1.1 Challenges and Opportunities Investigating Functional Pathways Following GWAS 
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Translating genetic loci into biological mechanisms remains a highly complex task; 

causal alleles involved in complex traits, such as stuttering, are likely to have subtle molecular 

and cellular effects (McCarthy & Hirschhorn, 2008). Typically, variants identified via GWAS 

only incrementally increase disease risk and explain a fraction of heritability. Some of the 

difficulty involves accounting for non-additive effects such as gene-by-gene and gene-by-

environment interaction. Specifically, the vast majority of genome-wide associated variants tend 

to be in non-coding regions of DNA, suggesting effects on gene regulation and chromatin 

folding for which the target gene can be difficult to discern (Loos, 2020; Zhang & Lupski, 2015). 

This complexity can obscure functional investigations, requiring multifaceted interrogation from 

computational, cellular, and animal model approaches. For stuttering and other complex 

conditions unique to humans, no single approach is likely sufficient to draw causal conclusions. 

A growing body of evidence suggests that the strength of association of a variant in a 

GWAS is not directly equivalent to biological relevance, illustrating the importance of functional 

follow up (Loos, 2020). However, a variety of tools including increased availability of multi-

omics data, including transcriptomics, proteomics, chromatin accessibility, and histone 

modification, can overcome previous obstacles and accelerate connections between genetic 

signals and genes (Zeggini et al., 2019). Essentially, each of these “-omic” approaches provides a 

slightly different lens in which to view the effect of genetic variation, with each “layer” 

contributing independently or additively.  

From a computational standpoint, there are multiple tools for exploring functional 

associations following GWAS. For example, large-scale publicly available resources such as the 

Genotype-Tissue Expression (GTEx) project as well as ENCODE, ROADMAP, and 

BLUEPRINT provide tools for studying tissue-specific gene expression and regulation of 
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GWAS signals (Dunham et al., 2012; Gamazon et al., 2018; Kundaje et al., 2015; Stunnenberg et 

al., 2016). For GTEx specifically, this involves a tissue-specific gene module enrichment 

analysis to put variant associations in context of genes and gene function. A gene pathway 

analysis, used to characterize biological processes within each gene module, can reveal genes 

within known gene modules that are involved in myriad biological processes such as nervous 

system development, synaptic signaling, chemical synaptic transmission, anatomical structure 

development, among others. Through GTEx and other tools, we can potentially further explain 

GWAS results and determine starting points for future investigation of biological pathways.  

 

1.2 Translation to Clinical Care in Other Conditions  

Despite the difficulty of elucidating biological pathways from GWAS, at least in some 

monogenic conditions, or conditions caused by a single gene, genetic discovery has led to 

relatively rapid and successful clinical implementation. For example, 4-5% of patients with 

cystic fibrosis, a genetic condition, have a unique mutation in the cystic fibrosis transmembrane 

conductor regulator channel. A specific drug, ivacaftor, affects the activity of the regulator 

channel and can be prescribed to patients with that specific mutation (Clancy & Jain, 2012). 

Another example of rapid gene discovery to clinical translation includes genome sequencing 

leading to the development of molecular targeting for cancer, including the chimeric antigen 

receptor (CAR) T cell immunotherapy for cancer (June et al., 2018); CART therapy has had an 

immediate impact on cancer treatment.  

However, similar clinical translation success has been much slower for complex 

conditions, like stuttering, characterized by multiple genetic and environmental factors. For 

example, cardiovascular disease is characterized by both monogenic and polygenic variants 



 95 

interacting with environmental factors. Monogenic variants are typically rare and confer a large 

disease risk, such as a low density lipoprotein (LDL) receptor variants causing familial 

hypercholesterolemia. These rare monogenic variants have been well-studied over the past 

decade and have formed the foundation of clinical cardiovascular genetics (Aragam & Natarajan, 

2020). But many families do not have monogenic variants, yet still have cardiovascular disease 

risk. This observation, combined with evidence from twin studies, supports a polygenic basis for 

cardiovascular disease, where common genetic variation contributes substantially to risk 

(Polderman et al., 2015); this model may be similar to stuttering. In essence, stuttering may 

mirror cardiovascular disease, with rare variants responsible for contributing a large amount of 

risk in some families, and common variants each contributing some risk within general 

populations: such a model is supported by prior linkage analysis and population based GWAS 

(Polikowsky et al., 2022; Raza et al., 2010, 2012).  

Importantly, genome-wide association studies have discovered numerous cardiovascular 

risk alleles enabling the creation of polygenic risk scores within healthcare biobanks, randomized 

controlled trials, and direct-to-consumer testing (O’Sullivan et al., 2022). Recent studies have 

demonstrated that the predictive accuracy of these polygenic risk scores combined with clinical 

risk tools performed significantly better than clinical risk tools alone for atrial fibrillation, 

coronary artery disease, and other cardiovascular conditions (Mars et al., 2020; Riveros-Mckay 

et al., 2021). Notably, this risk is detectable prior to the emergence of traditional clinical risk 

factors and is evident across ages, sexes, and ancestries and ethnicities (Koyama et al., 2020; Lu 

et al., 2022; Mars et al., 2020; Weale et al., 2021). This suggests that polygenic risk scores may 

improve prediction of complex cardiovascular diseases and a similar path forward may be 

possible for other polygenic conditions, such as stuttering (Aragam & Natarajan, 2020). 
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Admittedly, any clinical use of polygenic risk scores for stuttering is far from a reality, but future 

applications could include the ability to assess stuttering risk before the emergence of stuttering, 

or assessing the risk for stuttering persistence near stuttering onset, permitting active surveillance 

in cases of concern or targeted early intervention in cases at high persistence risk.  

Autism spectrum disorder (ASD) is yet another condition with a history of genetic 

exploration and clinical implementation attempts. From a communication sciences standpoint, 

ASD may offer a better direct comparison to stuttering. Over the last two decades, studies have 

revealed the involvement of many genetic variants, both common and rare, that contribute to 

ASD; this suggests that pervasive pleiotropy and etiological heterogeneity are characteristic of 

ASD (Vorstman et al., 2017). Pervasive pleiotropy suggests that there are multiple genes 

contributing to multiple causes of ASD and this may be true for stuttering as well. Genetic 

pleiotropy describes a genetic variant that affects multiple traits. This can occur in two main 

ways. In vertical pleiotropy, there is a causal relationship two traits or conditions. As an 

example, a gene could cause stuttering, which in turn could cause anxiety. In this example, 

increased stuttering risk leads to increased risk of anxiety. In contrast, in horizontal pleiotropy, a 

gene contributes to two traits through an intermediate “endo-phenotype”. For example, a gene 

could cause change in basal ganglia function, and this change could increase risk for both 

stuttering and anxiety. Even with significant progress in ASD genetics, there continues to be a 

large gap between the basic science and clinical application, demonstrating the difficulty of 

interpreting and applying genetic findings to complex conditions (de la Torre-Ubieta et al., 

2016). For stuttering, genetic discovery may face a similarly complicated path to clinical 

application.  

1.3 Possible Clinical Applications for Stuttering  
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Linking genetics to biological pathways to inform clinical care is challenging, but the 

process may answer important questions in stuttering. For example, one unresolved question in 

the field of stuttering, with lengthy historical speculation, is whether persistent stuttering and 

recovery from stuttering represent distinct subtypes (Cox & Kidd, 1983; Seider et al., 1983). In a 

review of stuttering genetics, Yairi et al. (1996) considers four alternative hypotheses regarding 

subtyping persistent and recovered stuttering: 1) recovery from stuttering is not heritable, 2) 

recovery is heritable but independent of an inherited predisposition to stutter that is the same for 

both recovered and persistent stuttering, 3) recovery is heritable and is a milder subtype of 

stuttering, meaning those who recover have less genetic liability than those who persist, and 4) 

recovery from stuttering and persistent stuttering are independent, heritable disorders. Thus far, 

studies have yielded conflicting results with no clear relationship between pattern of recovery 

and genetic model (Ambrose et al., 2015; Yairi, 2007; Yairi et al., 1996). The discovery of 

stuttering subtypes with differing genetic etiologies could spur more tailored treatment methods 

for particular subgroups. This could include targeting available therapies to those most likely to 

need intervention, or those most likely to respond (Khera et al., 2018). In theory, this could 

benefit stuttering therapy, where there is a shortage of qualified speech-language pathologists 

specializing in stuttering and high therapy costs when available.  

The development, validation, and implementation of these approaches for stuttering will 

require substantial research. For one, stuttering research could greatly benefit from large scale 

cooperation to improve sharing of genotype-phenotype data from cross sectional and 

longitudinal studies. In recognition of this potential, there are a number of large scale initiatives 

to improve clinical utility of genomics across healthcare including BioVU, UK Biobank, All of 

Us, and 23andMe (Zeggini et al., 2019). While these platforms vary in content, the case 
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identification process presented in Chapter II and Chapter III demonstrates one approach to 

agglomerate stuttering data from electronic health records that could be adapted for these 

platforms. Even with potential challenges, the continued growth and maturation of large-scale 

genomics presents opportunities to transform the fundamental understanding and clinical 

treatment of stuttering.  

Additionally, integrating researcher and clinician expertise will be critical. The field of 

stuttering faces a gap in research knowledge and healthcare professional education, and this gap 

figures to intensify with increasingly complex genetic study, potentially becoming a barrier for 

dissemination and implementation. Speech-language pathologists, even those specializing in 

stuttering, typically have little or no basic or clinical genetic training. Consequently, even with 

breakthrough genetic findings, clinical professionals may not have the necessary knowledge to 

explain them to clients and families. On the other hand, researchers should prioritize translating 

their findings for clinicians and making publications more accessible to wider audiences. 

Bridging the gap between research and the clinic will require educating clinicians working in the 

field with relevant knowledge of genetic principles, making research results accessible to 

clinicians, and partnering with other specialists, including genetic counselors, when appropriate. 

1.3.1 Neurodiversity and Stuttering 

The long-term goal of investigating genetic components of stuttering is to advance early 

detection, therapy, and accommodations to improve the quality of life of people who 

stutter.  After decades of progress examining the neural and physiological contributions of 

language, articulation, speech-motor coordination, and temperament and emotion to stuttering, 

the addition of genetics may provide a mechanistic framework for integrating findings across 

these domains. There are certainly those skeptical that genetic discovery will have an appreciable 



 99 

impact on stuttering therapy. Indeed, translating the biological underpinnings of stuttering to 

clinical intervention will be challenging. But as discussed in Section 1.2, genetic discovery has 

been clinically informative for other conditions. What if unlocking the next stuttering therapy is 

right around the corner, if only we looked?  

Beyond basic science and clinical intervention, another possible effect of investigating 

biologic causes of stuttering is a reduction in stigma endured by individuals who stutter and their 

families. Many in the general public attribute stuttering to shyness, anxiousness, or personality, 

and view it as something that can or should be overcome (Schlagheck et al., 2009). In media, 

stuttering has been historically trivialized for humor. These stereotypes and misunderstandings 

perpetuate stigma, both implicit and explicit, towards those who stutter (Walden et al., 2020; 

Walden & Lesner, 2018). Stigma can be personally and professionally harmful in many ways 

and is associated with overall lower quality of life (Corrigan et al., 2013). However, enduring 

changes are possible as knowledge and cultural responses to stigmatized conditions evolve. For 

example, prior to the National Cancer Act of 1972, a massive federal investment in biomedical 

research, cancer was highly stigmatized, with many patients choosing to hide their diagnosis 

(Phelan, 2002). But the shame once associated with cancer has largely been dispelled by accurate 

information resulting in increased public understanding and drastic improvements in care. 

Equivalently, stuttering stigma may be decreased by disproving that stuttering is caused by 

personality flaw or bad parenting. 

 To be clear, the exploration of genetics is not meant to be a panacea. There is a 

tremendous need for additional stuttering research across the board, including characterizing 

stuttering at an epidemiological level, exploring non-genetic risk factors, and conducting large-

scale randomized controlled trials of treatment approaches. First and foremost, researchers and 
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clinicians should work in partnership with the stuttering community in developing the healthcare 

research agenda. The path forward should include the voices of not only the scientific and 

medical community, but those of adults and children who stutter as well as their families and 

caregivers. In line with the growing neurodiversity movement, researchers should frame their 

work without defaulting to a deficit-based model (Gerlach & Constantino, 2022). Discussing 

genetic explanations for differences in speech fluency should not imply the difference to be a 

deficit or disease, suggest a lack of capacity for change, or minimize the diversity of individual 

experiences of those who stutter. On the contrary, genetics are not destiny; humans are highly 

dynamic. Overall, the application of new genetic tools to stuttering presents ample challenge and 

considerable future potential, and if the exploration can improve the lives of people who stutter, 

the journey will be well worth the effort. 
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CHAPTER IV 

 

Conclusions 

 

As previously discussed in Chapters I-III, stuttering has a highly male skewed 

prevalence, varied comorbidities, and genetic components that contribute to the condition. 

Electronic health records linked to DNA biobanks present an untapped resource for investigating 

stuttering, a condition with a largely unknown etiology. 

In Study 1, described in Chapter II, an exploration of stuttering within the Synthetic 

Derivative (SD) of the Vanderbilt University Medical Center (VUMC) electronic health record 

(EHR) revealed that the condition was underrepresented by diagnostic billing codes and that 

keywords previously assumed to describe stuttering exclusively are also used to describe a 

variety of unrelated conditions. To overcome this issue, a multistep process involving keyword 

search, text-mining, and manual review was used to find developmental stuttering cases in the 

SD. Following case identification, a phecode enrichment analysis compared conditions occurring 

more frequently within stuttering cases than controls to investigate potential stuttering 

comorbidities across the medical record. Conditions associated with stuttering included a variety 

of phecodes related to hearing loss, sleep disorders, the atopic triad, weight control, and 

infections. These comorbid conditions were used to build a phenome machine learning (PheML) 

classifier to predict additional stuttering records in the EHR that lack traditional clinical 

documentation. The PheML prediction model was shown to have a positive predictive value of 

83%, demonstrating an ability to acquire under-documented stuttering by “imputing” a stuttering 

phenotype via comorbidities. A follow-on study used the PheML-predicted stuttering cases to 
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conduct a GWAS in BioVU, a DNA biobank linked to the SD, and found several variants 

reaching genome-wide significance (Shaw et al., 2021).  

 Encouraged by the results of Study 1, for Study 2, described in Chapter III, our 

investigation aimed to focus on sex-specific comorbidities and a sex-stratified GWAS to further 

elucidate the genetic architecture of this highly sex-skewed disorder. With expected steady 

growth of both the SD and BioVU in the two years since Study 1, we assumed an increase in 

stuttering cases would result in adequate power to explore these questions. However, due to 

changes in VUMC data access policy regarding exploratory phenotyping, the study was 

ultimately limited to a random sample of 500,000 records. The decrease in available records led 

to a widening of our text-mining search criteria and a higher rate of exclusions during manual 

review compared to Study 1. Once identified, male and female stuttering cases were compared to 

controls in phecode enrichment analyses to detect potential sex-specific comorbidities. Several 

stuttering-related phecodes were significantly associated with stuttering in both male and female 

cohorts while neurological, psychological, and cardiovascular phecodes reached suggestive 

significance in the female cohort, but not the male cohort. These associatated phecodes were then 

used to create male and female phecode machine learning (PheML) stuttering prediction models. 

Due to particularly low performance of the female PheML model, the male PheML was used to 

select all cases. The PheML model predicted fewer cases than expected and, to compensate for 

the decrease in power, a sex-combined rather than sex-stratified genome-wide association study 

(GWAS) was conducted. In the GWAS of PheML-predicted stuttering cases, one locus on 

chromosome 7 reached suggestive significance, and implicated MAGI2, a membrane-associated 

guanylate kinase gene involved in the development and function of numerous tissues, including 

synaptic plasticity in the mammalian brain.  
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Despite several unexpected challenges, the methods described in Study 2 still present a 

unique opportunity to further explore comorbidities and genetic variants associated with 

stuttering. Further investigation of both stuttering comorbidities and associated genetic variants 

may shed light on causal mechanisms of stuttering more broadly. However, even after 

identifying variants associated with stuttering, follow up studies are crucial to translating 

associated variants into biological mechanisms and clinical application. Even with potential 

challenges, the continued growth and maturation of large-scale genomics has potential to 

transform our basic understanding of stuttering and, perhaps, the clinical treatment of stuttering. 

The steps from discovery to translation to clinical application are not trivial, but if this line of 

research can provide critical insight and improve the lives of people who stutter, the challenge 

will be worth the effort. 

 

 

 

 

 

 

 

 

 

 

 

 



 104 

References 

 

Aleman, A., Kahn, R. S., & Selten, J.-P. (2003). Sex Differences in the Risk of Schizophrenia: 

Evidence From Meta-analysis. Archives of General Psychiatry, 60(6), 565–571. 

https://doi.org/10.1001/archpsyc.60.6.565 

Altshuler, D. M., Gibbs, R. A., Peltonen, L., Altshuler, D. M., Gibbs, R. A., Peltonen, L., 

Dermitzakis, E., Schaffner, S. F., Yu, F., Peltonen, L., Dermitzakis, E., Bonnen, P. E., 

Altshuler, D. M., Gibbs, R. A., de Bakker, P. I. W., Deloukas, P., Gabriel, S. B., 

Gwilliam, R., Hunt, S., … Scientific management. (2010). Integrating common and rare 

genetic variation in diverse human populations. Nature, 467(7311), Article 7311. 

https://doi.org/10.1038/nature09298 

Ambrose, N. G., Cox, N. J., & Yairi, E. (1997). The Genetic Basis of Persistence and Recovery 

in Stuttering. Journal of Speech, Language, and Hearing Research, 40(3), 567–580. 

https://doi.org/10.1044/jslhr.4003.567 

Ambrose, N. G., Yairi, E., & Cox, N. (1993). Genetic Aspects of Early Childhood Stuttering. 

Journal of Speech, Language, and Hearing Research, 36(4), 701–706. 

https://doi.org/10.1044/jshr.3604.701 

Ambrose, N. G., Yairi, E., Loucks, T. M., Seery, C. H., & Throneburg, R. (2015). Relation of 

motor, linguistic and temperament factors in epidemiologic subtypes of persistent and 

recovered stuttering: Initial findings. Journal of Fluency Disorders, 45, 12–26. 

https://doi.org/10.1016/j.jfludis.2015.05.004 



 105 

Anderson, J. D., Pellowski, M. W., Conture, E. G., & Kelly, E. M. (2003). Temperamental 

Characteristics of Young Children Who Stutter. Journal of Speech, Language, and 

Hearing Research, 46(5), 1221–1233. https://doi.org/10.1044/1092-4388(2003/095) 

Aragam, K. G., & Natarajan, P. (2020). Polygenic Scores to Assess Atherosclerotic 

Cardiovascular Disease Risk. Circulation Research, 126(9), 1159–1177. 

https://doi.org/10.1161/CIRCRESAHA.120.315928 

Arenas, R. M., Walker, E. A., & Oleson, J. J. (2017). Developmental Stuttering in Children Who 

Are Hard of Hearing. Language, Speech, and Hearing Services in Schools, 48(4), 234–

248. https://doi.org/10.1044/2017_LSHSS-17-0028 

Arndt, J., & Healey, E. C. (2001). Concomitant Disorders in School-Age Children Who Stutter. 

Language, Speech, and Hearing Services in Schools, 32(2), 68–78. 

https://doi.org/10.1044/0161-1461(2001/006) 

Backus, O. (1938). XLVIII Incidence of Stuttering among the Deaf. Annals of Otology, 

Rhinology & Laryngology, 47(3), 632–635. 

https://doi.org/10.1177/000348943804700304 

Barrett, J. C., & Cardon, L. R. (2006). Evaluating coverage of genome-wide association studies. 

Nature Genetics, 38(6), Article 6. https://doi.org/10.1038/ng1801 

Bastarache, L., Hughey, J. J., Hebbring, S., Marlo, J., Zhao, W., Ho, W. T., Driest, S. L. V., 

McGregor, T. L., Mosley, J. D., Wells, Q. S., Temple, M., Ramirez, A. H., Carroll, R., 

Osterman, T., Edwards, T., Ruderfer, D., Edwards, D. R. V., Hamid, R., Cogan, J., … 

Denny, J. C. (2018). Phenotype risk scores identify patients with unrecognized 

Mendelian disease patterns. Science, 359(6381), 1233–1239. 

https://doi.org/10.1126/science.aal4043 



 106 

Baxter, S. L., Saseendrakumar, B. R., Paul, P., Kim, J., Bonomi, L., Kuo, T.-T., Loperena, R., 

Ratsimbazafy, F., Boerwinkle, E., Cicek, M., Clark, C. R., Cohn, E., Gebo, K., Mayo, K., 

Mockrin, S., Schully, S., Ramirez, A., & Ohno-Machado, L. (2021). Predictive Analytics 

for Glaucoma using Data from the All of Us Research Program. American Journal of 

Ophthalmology, 0(0). https://doi.org/10.1016/j.ajo.2021.01.008 

Beilby, J. M., Byrnes, M. L., Meagher, E. L., & Yaruss, J. S. (2013). The impact of stuttering on 

adults who stutter and their partners. Journal of Fluency Disorders, 38(1), 14–29. 

https://doi.org/10.1016/j.jfludis.2012.12.001 

Benito-Aragón, C., Gonzalez-Sarmiento, R., Liddell, T., Diez, I., d’Oleire Uquillas, F., Ortiz-

Terán, L., Bueichekú, E., Chow, H. M., Chang, S.-E., & Sepulcre, J. (2020). 

Neurofilament-lysosomal genetic intersections in the cortical network of stuttering. 

Progress in Neurobiology, 184, 101718. https://doi.org/10.1016/j.pneurobio.2019.101718 

Blood, G. W., Ridenour, V. J., Qualls, C. D., & Hammer, C. S. (2003). Co-occurring disorders in 

children who stutter. Journal of Communication Disorders, 36(6), 427–448. 

https://doi.org/10.1016/S0021-9924(03)00023-6 

Bloodstein, O., & Bernstein Ratner, N. (2008). A Handbook of Stuttering. Thomson Delmar 

Learning. 

Briley, P. M., & Ellis Jr., C. (2018). The Coexistence of Disabling Conditions in Children Who 

Stutter: Evidence From the National Health Interview Survey. Journal of Speech, 

Language & Hearing Research, 61(12), 2895–2905. 

https://doi.org/10.1044/2018_JSLHR-S-17-0378 



 107 

Briley, P. M., & Merlo, S. (2020). Presence of Allergies and Their Impact on Sleep in Children 

Who Stutter. Perspectives of the ASHA Special Interest Groups, 5(6), 1454–1466. 

https://doi.org/10.1044/2020_PERSP-20-00095 

Briley, P. M., Merlo, S., & Ellis, C. (2021). Sex Differences in Childhood Stuttering and 

Coexisting Developmental Disorders. Journal of Developmental and Physical 

Disabilities. https://doi.org/10.1007/s10882-021-09811-y 

Chang, S.-E., Erickson, K. I., Ambrose, N. G., Hasegawa-Johnson, M. A., & Ludlow, C. L. 

(2008). Brain anatomy differences in childhood stuttering. NeuroImage, 39(3), 1333–

1344. https://doi.org/10.1016/j.neuroimage.2007.09.067 

Choi, B. G., & McLaughlin, M. A. (2007). Why Men’s Hearts Break: Cardiovascular Effects of 

Sex Steroids. Endocrinology and Metabolism Clinics of North America, 36(2), 365–377. 

https://doi.org/10.1016/j.ecl.2007.03.011 

Choo, A. L., Smith, S. A., & Li, H. (2020). Associations between stuttering, comorbid conditions 

and executive function in children: A population-based study. BMC Psychology, 8(1), 

Article 1. https://doi.org/10.1186/s40359-020-00481-7 

Chow, H. M., Garnett, E. O., Li, H., Etchell, A., Sepulcre, J., Drayna, D., Chugani, D., & Chang, 

S.-E. (2020). Linking Lysosomal Enzyme Targeting Genes and Energy Metabolism with 

Altered Gray Matter Volume in Children with Persistent Stuttering. Neurobiology of 

Language, 1(3), 365–380. https://doi.org/10.1162/nol_a_00017 

Clancy, J. P., & Jain, M. (2012). Personalized Medicine in Cystic Fibrosis. American Journal of 

Respiratory and Critical Care Medicine, 186(7), 593–597. 

https://doi.org/10.1164/rccm.201204-0785PP 



 108 

Corrigan, P. W., Sokol, K. A., & Rüsch, N. (2013). The Impact of Self-Stigma and Mutual Help 

Programs on the Quality of Life of People with Serious Mental Illnesses. Community 

Mental Health Journal, 49(1), 1–6. https://doi.org/10.1007/s10597-011-9445-2 

Cox, N. J., & Kidd, K. K. (1983). Can recovery from stuttering be considered a genetically 

milder subtype of stuttering? Behavior Genetics, 13(2), 129–139. 

https://doi.org/10.1007/BF01065662 

Craig, A., Hancock, K., Tran, Y., Craig, M., & Peters, K. (2002). Epidemiology of Stuttering in 

the Community Across the Entire Life Span. Journal of Speech, Language, and Hearing 

Research, 45(6), 1097–1105. https://doi.org/10.1044/1092-4388(2002/088) 

Craig, A. R., & Hancock, K. (1995). Self-Reported Factors Related to Relapse following 

Treatment for Stuttering. Australian Journal of Human Communication Disorders, 23(1), 

48–60. https://doi.org/10.3109/asl2.1995.23.issue-1.04 

Daniels, D. E., Gabel, R. M., & Hughes, S. (2012). Recounting the K-12 school experiences of 

adults who stutter: A qualitative analysis. Journal of Fluency Disorders, 37(2), 71–82. 

https://doi.org/10.1016/j.jfludis.2011.12.001 

Das, S., Forer, L., Schönherr, S., Sidore, C., Locke, A. E., Kwong, A., Vrieze, S. I., Chew, E. Y., 

Levy, S., McGue, M., Schlessinger, D., Stambolian, D., Loh, P.-R., Iacono, W. G., 

Swaroop, A., Scott, L. J., Cucca, F., Kronenberg, F., Boehnke, M., … Fuchsberger, C. 

(2016). Next-generation genotype imputation service and methods. Nature Genetics, 

48(10), Article 10. https://doi.org/10.1038/ng.3656 

Davies, G., Marioni, R. E., Liewald, D. C., Hill, W. D., Hagenaars, S. P., Harris, S. E., Ritchie, 

S. J., Luciano, M., Fawns-Ritchie, C., Lyall, D., Cullen, B., Cox, S. R., Hayward, C., 

Porteous, D. J., Evans, J., McIntosh, A. M., Gallacher, J., Craddock, N., Pell, J. P., … 



 109 

Deary, I. J. (2016). Genome-wide association study of cognitive functions and 

educational attainment in UK Biobank ( N =112 151). Molecular Psychiatry, 21(6), 

Article 6. https://doi.org/10.1038/mp.2016.45 

Davies, W. (2014). Sex differences in Attention Deficit Hyperactivity Disorder: Candidate 

genetic and endocrine mechanisms. Frontiers in Neuroendocrinology, 35(3), 331–346. 

https://doi.org/10.1016/j.yfrne.2014.03.003 

Davis, S., Howell, P., & Cooke, F. (2002). Sociodynamic relationships between children who 

stutter and their non-stuttering classmates. Journal of Child Psychology and Psychiatry, 

43(7), 939–947. https://doi.org/10.1111/1469-7610.00093 

de la Torre-Ubieta, L., Won, H., Stein, J. L., & Geschwind, D. H. (2016). Advancing the 

understanding of autism disease mechanisms through genetics. Nature Medicine, 22(4), 

Article 4. https://doi.org/10.1038/nm.4071 

Denny, J. C., Bastarache, L., Ritchie, M. D., Carroll, R. J., Zink, R., Mosley, J. D., Field, J. R., 

Pulley, J. M., Ramirez, A. H., Bowton, E., Basford, M. A., Carrell, D. S., Peissig, P. L., 

Kho, A. N., Pacheco, J. A., Rasmussen, L. V., Crosslin, D. R., Crane, P. K., Pathak, J., … 

Roden, D. M. (2013). Systematic comparison of phenome-wide association study of 

electronic medical record data and genome-wide association study data. Nature 

Biotechnology, 31(12), 1102–1111. https://doi.org/10.1038/nbt.2749 

Denny, J. C., Crawford, D. C., Ritchie, M. D., Bielinski, S. J., Basford, M. A., Bradford, Y., 

Chai, H. S., Bastarache, L., Zuvich, R., Peissig, P., Carrell, D., Ramirez, A. H., Pathak, J., 

Wilke, R. A., Rasmussen, L., Wang, X., Pacheco, J. A., Kho, A. N., Hayes, M. G., … de 

Andrade, M. (2011). Variants Near FOXE1 Are Associated with Hypothyroidism and 

Other Thyroid Conditions: Using Electronic Medical Records for Genome- and 



 110 

Phenome-wide Studies. The American Journal of Human Genetics, 89(4), 529–542. 

https://doi.org/10.1016/j.ajhg.2011.09.008 

Denny, J. C., Ritchie, M. D., Basford, M. A., Pulley, J. M., Bastarache, L., Brown-Gentry, K., 

Wang, D., Masys, D. R., Roden, D. M., & Crawford, D. C. (2010). PheWAS: 

Demonstrating the feasibility of a phenome-wide scan to discover gene–disease 

associations. Bioinformatics, 26(9), 1205–1210. 

https://doi.org/10.1093/bioinformatics/btq126 

Donaher, J., & Richels, C. (2012). Traits of attention deficit/hyperactivity disorder in school-age 

children who stutter. Journal of Fluency Disorders, 37(4), 242–252. 

https://doi.org/10.1016/j.jfludis.2012.08.002 

Dunham, I., Kundaje, A., Aldred, S. F., Collins, P. J., Davis, C. A., Doyle, F., Epstein, C. B., 

Frietze, S., Harrow, J., Kaul, R., Khatun, J., Lajoie, B. R., Landt, S. G., Lee, B.-K., Pauli, 

F., Rosenbloom, K. R., Sabo, P., Safi, A., Sanyal, A., … Lochovsky, L. (2012). An 

integrated encyclopedia of DNA elements in the human genome. Nature, 489(7414), 57–

75. https://doi.org/10.1038/nature11247 

Dworzynski, K., Remington, A., Rijsdijk, F., Howell, P., & Plomin, R. (2007). Genetic Etiology 

in Cases of Recovered and Persistent Stuttering in an Unselected, Longitudinal Sample of 

Young Twins. American Journal of Speech-Language Pathology, 16(2), 169–178. 

https://doi.org/10.1044/1058-0360(2007/021) 

Eggers, K., De Nil, L. F., & Van den Bergh, B. R. H. (2013). Inhibitory control in childhood 

stuttering. Journal of Fluency Disorders, 38(1), 1–13. 

https://doi.org/10.1016/j.jfludis.2012.10.001 



 111 

Fagnani, C., Fibiger, S., Skytthe, A., & Hjelmborg, J. V. B. (2011). Heritability and 

environmental effects for self-reported periods with stuttering: A twin study from 

Denmark. Logopedics Phoniatrics Vocology, 36(3), 114–120. 

https://doi.org/10.3109/14015439.2010.534503 

Frigerio Domingues, C. E., Grainger, K., Cheng, H., Moretti-Ferreira, D., Riazuddin, S., & 

Drayna, D. (2019). Are variants in sex hormone metabolizing genes associated with 

stuttering? Brain and Language, 191, 28–30. https://doi.org/10.1016/j.bandl.2019.02.003 

Fuchsberger, C., Abecasis, G. R., & Hinds, D. A. (2015). minimac2: Faster genotype imputation. 

Bioinformatics, 31(5), 782–784. https://doi.org/10.1093/bioinformatics/btu704 

Funke, L., Dakoji, S., & Bredt, D. S. (2005). Membrane-Associated Guanylate Kinases Regulate 

Adhesion and Plasticity at Cell Junctions. Annual Review of Biochemistry, 74, 219–245. 

Gamazon, E. R., Segrè, A. V., van de Bunt, M., Wen, X., Xi, H. S., Hormozdiari, F., Ongen, H., 

Konkashbaev, A., Derks, E. M., Aguet, F., Quan, J., Nicolae, D. L., Eskin, E., Kellis, M., 

Getz, G., McCarthy, M. I., Dermitzakis, E. T., Cox, N. J., & Ardlie, K. G. (2018). Using 

an atlas of gene regulation across 44 human tissues to inform complex disease- and trait-

associated variation. Nature Genetics, 50(7), Article 7. https://doi.org/10.1038/s41588-

018-0154-4 

Gater, R., Tansella, M., Korten, A., Tiemens, B. G., Mavreas, V. G., & Olatawura, M. O. (1998). 

Sex Differences in the Prevalence and Detection of Depressive and Anxiety Disorders in 

General Health Care Settings: Report From the World Health Organization Collaborative 

Study on Psychological Problems in General Health Care. Archives of General 

Psychiatry, 55(5), 405–413. https://doi.org/10.1001/archpsyc.55.5.405 



 112 

Gerlach, -Houck Hope, & Constantino, C. D. (2022). Interrupting Ableism in Stuttering Therapy 

and Research: Practical Suggestions. Perspectives of the ASHA Special Interest Groups, 

7(2), 357–374. https://doi.org/10.1044/2021_PERSP-21-00109 

Giraud, A.-L., Neumann, K., Bachoud-Levi, A.-C., von Gudenberg, A. W., Euler, H. A., 

Lanfermann, H., & Preibisch, C. (2008). Severity of dysfluency correlates with basal 

ganglia activity in persistent developmental stuttering. Brain and Language, 104(2), 190–

199. https://doi.org/10.1016/j.bandl.2007.04.005 

Gottesman, O., Kuivaniemi, H., Tromp, G., Faucett, W. A., Li, R., Manolio, T. A., Sanderson, S. 

C., Kannry, J., Zinberg, R., Basford, M. A., Brilliant, M., Carey, D. J., Chisholm, R. L., 

Chute, C. G., Connolly, J. J., Crosslin, D., Denny, J. C., Gallego, C. J., Haines, J. L., … 

Williams, M. S. (2013). The Electronic Medical Records and Genomics (eMERGE) 

Network: Past, present, and future. Genetics in Medicine, 15(10), Article 10. 

https://doi.org/10.1038/gim.2013.72 

Harms, M. A., & Malone, J. Y. (1939). The Relationship of Hearing Acuity to Stammering. 

Journal of Speech Disorders, 4(4), 363–370. https://doi.org/10.1044/jshd.0404.363 

Howard, D. M., Adams, M. J., Shirali, M., Clarke, T.-K., Marioni, R. E., Davies, G., Coleman, J. 

R. I., Alloza, C., Shen, X., Barbu, M. C., Wigmore, E. M., Gibson, J., Hagenaars, S. P., 

Lewis, C. M., Ward, J., Smith, D. J., Sullivan, P. F., Haley, C. S., Breen, G., … 

McIntosh, A. M. (2018). Genome-wide association study of depression phenotypes in 

UK Biobank identifies variants in excitatory synaptic pathways. Nature Communications, 

9(1), Article 1. https://doi.org/10.1038/s41467-018-03819-3 



 113 

Hutchinson, J. M., & Ringel, R. L. (1975). The effect of oral sensory deprivation on stuttering 

behavior. Journal of Communication Disorders, 8(3), 249–258. 

https://doi.org/10.1016/0021-9924(75)90017-9 

Iverach, L., Jones, M., McLellan, L. F., Lyneham, H. J., Menzies, R. G., Onslow, M., & Rapee, 

R. M. (2016). Prevalence of anxiety disorders among children who stutter. Journal of 

Fluency Disorders, 49, 13–28. https://doi.org/10.1016/j.jfludis.2016.07.002 

Jones, A. V., Tilley, M., Gutteridge, A., Hyde, C., Nagle, M., Ziemek, D., Gorman, D., Fauman, 

E. B., Chen, X., Miller, M. R., Tian, C., Hu, Y., Hinds, D. A., Cox, P., & Scollen, S. 

(2017). GWAS of self-reported mosquito bite size, itch intensity and attractiveness to 

mosquitoes implicates immune-related predisposition loci. Human Molecular Genetics, 

26(7), 1391–1406. https://doi.org/10.1093/hmg/ddx036 

Jones, R. M., Buhr, A. P., Conture, E. G., Tumanova, V., Walden, T. A., & Porges, S. W. (2014). 

Autonomic nervous system activity of preschool-age children who stutter. Journal of 

Fluency Disorders, 41, 12–31. https://doi.org/10.1016/j.jfludis.2014.06.002 

Jorde, L. B. (2000). Linkage Disequilibrium and the Search for Complex Disease Genes. 

Genome Research, 10(10), 1435–1444. https://doi.org/10.1101/gr.144500 

June, C. H., O’Connor, R. S., Kawalekar, O. U., Ghassemi, S., & Milone, M. C. (2018). CAR T 

cell immunotherapy for human cancer. Science, 359(6382), 1361–1365. 

https://doi.org/10.1126/science.aar6711 

Kang, C., Domingues, B. S., Sainz, E., Domingues, C. E. F., Drayna, D., & Moretti-Ferreira, D. 

(2011). Evaluation of the association between polymorphisms at the DRD2 locus and 

stuttering. Journal of Human Genetics, 56(6), 472–473. 

https://doi.org/10.1038/jhg.2011.29 



 114 

Kang, C., Riazuddin, S., Mundorff, J., Krasnewich, D., Friedman, P., Mullikin, J. C., & Drayna, 

D. (2010a). Mutations in the Lysosomal Enzyme–Targeting Pathway and Persistent 

Stuttering. New England Journal of Medicine, 362(8), 677–685. 

https://doi.org/10.1056/NEJMoa0902630 

Kang, C., Riazuddin, S., Mundorff, J., Krasnewich, D., Friedman, P., Mullikin, J. C., & Drayna, 

D. (2010b). Mutations in the lysosomal enzyme-targeting pathway and persistent 

stuttering., Mutations in the Lysosomal Enzyme–Targeting Pathway and Persistent 

Stuttering. The New England Journal of Medicine, The New England Journal of 

Medicine, 362, 362(8, 8), 677, 677–685. https://doi.org/10.1056/NEJMoa0902630, 

10.1056/NEJMoa0902630 

Kapoor, R., Menon, C., Hoffstad, O., Bilker, W., Leclerc, P., & Margolis, D. J. (2008). The 

prevalence of atopic triad in children with physician-confirmed atopic dermatitis. Journal 

of the American Academy of Dermatology, 58(1), 68–73. 

https://doi.org/10.1016/j.jaad.2007.06.041 

Kazemi, N., Estiar, M. A., Fazilaty, H., & Sakhinia, E. (2018). Variants in GNPTAB, GNPTG 

and NAGPA genes are associated with stutterers. Gene, 647, 93–100. 

https://doi.org/10.1016/j.gene.2017.12.054 

Keating, D., Turrell, G., & Ozanne, A. (2001). Childhood speech disorders: Reported prevalence, 

comorbidity and socioeconomic profile. Journal of Paediatrics and Child Health, 37(5), 

431–436. https://doi.org/10.1046/j.1440-1754.2001.00697.x 

Kefalianos Elaina, Onslow Mark, Packman Ann, Vogel Adam, Pezic Angela, Mensah Fiona, 

Conway Laura, Bavin Edith, Block Susan, & Reilly Sheena. (2017). The History of 

Stuttering by 7 Years of Age: Follow-Up of a Prospective Community Cohort. Journal of 



 115 

Speech, Language, and Hearing Research, 60(10), 2828–2839. 

https://doi.org/10.1044/2017_JSLHR-S-16-0205 

Kelly, E. M., Martin, J. S., Baker, K. E., Rivera, N. I., Bishop, J. E., Krizizke, C. B., Stettler, D. 

S., & Stealy, J. M. (1997). Academic and Clinical Preparation and Practices of School 

Speech-Language Pathologists With People Who Stutter. Language, Speech, and 

Hearing Services in Schools, 28(3), 195–212. https://doi.org/10.1044/0161-

1461.2803.195 

Khera, A. V., Chaffin, M., Aragam, K. G., Haas, M. E., Roselli, C., Choi, S. H., Natarajan, P., 

Lander, E. S., Lubitz, S. A., Ellinor, P. T., & Kathiresan, S. (2018). Genome-wide 

polygenic scores for common diseases identify individuals with risk equivalent to 

monogenic mutations. Nature Genetics, 50(9), Article 9. https://doi.org/10.1038/s41588-

018-0183-z 

Klein, J. F., & Hood, S. B. (2004). The impact of stuttering on employment opportunities and job 

performance. Journal of Fluency Disorders, 29(4), 255–273. 

https://doi.org/10.1016/j.jfludis.2004.08.001 

Koyama, S., Ito, K., Terao, C., Akiyama, M., Horikoshi, M., Momozawa, Y., Matsunaga, H., 

Ieki, H., Ozaki, K., Onouchi, Y., Takahashi, A., Nomura, S., Morita, H., Akazawa, H., 

Kim, C., Seo, J., Higasa, K., Iwasaki, M., Yamaji, T., … Komuro, I. (2020). Population-

specific and trans-ancestry genome-wide analyses identify distinct and shared genetic risk 

loci for coronary artery disease. Nature Genetics, 52(11), Article 11. 

https://doi.org/10.1038/s41588-020-0705-3 

Kraft, S. J., & Yairi, E. (2011). Genetic Bases of Stuttering: The State of the Art, 2011. Folia 

Phoniatrica et Logopaedica; Basel, 64(1), 34–47. http://dx.doi.org/10.1159/000331073 



 116 

Kundaje, A., Meuleman, W., Ernst, J., Bilenky, M., Yen, A., Heravi-Moussavi, A., Kheradpour, 

P., Zhang, Z., Wang, J., Ziller, M. J., Amin, V., Whitaker, J. W., Schultz, M. D., Ward, L. 

D., Sarkar, A., Quon, G., Sandstrom, R. S., Eaton, M. L., Wu, Y.-C., … Kellis, M. 

(2015). Integrative analysis of 111 reference human epigenomes. Nature, 518(7539), 

Article 7539. https://doi.org/10.1038/nature14248 

Lan, J., Song, M., Pan, C., Zhuang, G., Wang, Y., Ma, W., Chu, Q., Lai, Q., Xu, F., Li, Y., Liu, 

L., & Wang, W. (2009). Association between dopaminergic genes (SLC6A3 and DRD2) 

and stuttering among Han Chinese. Journal of Human Genetics, 54(8), 457–460. 

https://doi.org/10.1038/jhg.2009.60 

Lee, M. K., Shaffer, J. R., Leslie, E. J., Orlova, E., Carlson, J. C., Feingold, E., Marazita, M. L., 

& Weinberg, S. M. (2017). Genome-wide association study of facial morphology reveals 

novel associations with FREM1 and PARK2. PLOS ONE, 12(4), e0176566. 

https://doi.org/10.1371/journal.pone.0176566 

Levy, S. E., & Boone, B. E. (2019). Next-Generation Sequencing Strategies. Cold Spring Harbor 

Perspectives in Medicine, 9(7), a025791. https://doi.org/10.1101/cshperspect.a025791 

Liao, K. P., Cai, T., Savova, G. K., Murphy, S. N., Karlson, E. W., Ananthakrishnan, A. N., 

Gainer, V. S., Shaw, S. Y., Xia, Z., Szolovits, P., Churchill, S., & Kohane, I. (2015). 

Development of phenotype algorithms using electronic medical records and incorporating 

natural language processing. The BMJ, 350. https://doi.org/10.1136/bmj.h1885 

Lieshout, P. H. H. M. van, Peters, H. F. M., Starkweather, C. W., & Hulstijn, W. (1993). 

Physiological Differences Between Stutterers and Nonstutterers in Perceptually Fluent 

Speech. Journal of Speech, Language, and Hearing Research, 36(1), 55–63. 

https://doi.org/10.1044/jshr.3601.55 



 117 

Lin, D.-Y., Tao, R., Kalsbeek, W. D., Zeng, D., Gonzalez, F., Fernández-Rhodes, L., Graff, M., 

Koch, G. G., North, K. E., & Heiss, G. (2014). Genetic Association Analysis under 

Complex Survey Sampling: The Hispanic Community Health Study/Study of Latinos. 

The American Journal of Human Genetics, 95(6), 675–688. 

https://doi.org/10.1016/j.ajhg.2014.11.005 

Lockshin, M. D. (2005). Sex Differences in Autoimmune Disease. In M. Lockshin, D. W. 

Branch, & R. A. Asherson (Eds.), Handbook of Systemic Autoimmune Diseases (Vol. 4, 

pp. 3–10). Elsevier. https://doi.org/10.1016/S1571-5078(05)04002-X 

Loh, P.-R., Danecek, P., Palamara, P. F., Fuchsberger, C., A Reshef, Y., K Finucane, H., 

Schoenherr, S., Forer, L., McCarthy, S., Abecasis, G. R., Durbin, R., & L Price, A. 

(2016). Reference-based phasing using the Haplotype Reference Consortium panel. 

Nature Genetics, 48(11), Article 11. https://doi.org/10.1038/ng.3679 

Loke, H., Harley, V., & Lee, J. (2015). Biological factors underlying sex differences in 

neurological disorders. The International Journal of Biochemistry & Cell Biology, 65, 

139–150. https://doi.org/10.1016/j.biocel.2015.05.024 

Loos, R. J. F. (2020). 15 years of genome-wide association studies and no signs of slowing 

down. Nature Communications, 11(1), Article 1. https://doi.org/10.1038/s41467-020-

19653-5 

Lu, X., Liu, Z., Cui, Q., Liu, F., Li, J., Niu, X., Shen, C., Hu, D., Huang, K., Chen, J., Xing, X., 

Zhao, Y., Lu, F., Liu, X., Cao, J., Chen, S., Ma, H., Yu, L., Wu, X., … Gu, D. (2022). A 

polygenic risk score improves risk stratification of coronary artery disease: A large-scale 

prospective Chinese cohort study. European Heart Journal, 43(18), 1702–1711. 

https://doi.org/10.1093/eurheartj/ehac093 



 118 

Luca, D., Ringquist, S., Klei, L., Lee, A. B., Gieger, C., Wichmann, H.-E., Schreiber, S., 

Krawczak, M., Lu, Y., Styche, A., Devlin, B., Roeder, K., & Trucco, M. (2008). On the 

Use of General Control Samples for Genome-wide Association Studies: Genetic 

Matching Highlights Causal Variants. The American Journal of Human Genetics, 82(2), 

453–463. https://doi.org/10.1016/j.ajhg.2007.11.003 

Macey, P. M., Henderson, L. A., Macey, K. E., Alger, J. R., Frysinger, R. C., Woo, M. A., 

Harper, R. K., Yan-Go, F. L., & Harper, R. M. (2002). Brain Morphology Associated 

with Obstructive Sleep Apnea. American Journal of Respiratory and Critical Care 

Medicine, 166(10), 1382–1387. https://doi.org/10.1164/rccm.200201-050OC 

Mahajan, A., Go, M. J., Zhang, W., Below, J. E., Gaulton, K. J., Ferreira, T., Horikoshi, M., 

Johnson, A. D., Ng, M. C. Y., Prokopenko, I., Saleheen, D., Wang, X., Zeggini, E., 

Abecasis, G. R., Adair, L. S., Almgren, P., Atalay, M., Aung, T., Baldassarre, D., … 

Morris, A. P. (2014). Genome-wide trans-ancestry meta-analysis provides insight into the 

genetic architecture of type 2 diabetes susceptibility. Nature Genetics, 46(3), Article 3. 

https://doi.org/10.1038/ng.2897 

Manning, W., & Beck, J. G. (2013). Personality dysfunction in adults who stutter: Another look. 

Journal of Fluency Disorders, 38(2), 184–192. 

https://doi.org/10.1016/j.jfludis.2013.02.001 

Månsson, H. (2000). Childhood stuttering: Incidence and development. Journal of Fluency 

Disorders, 25(1), 47–57. https://doi.org/10.1016/S0094-730X(99)00023-6 

Mars, N., Koskela, J. T., Ripatti, P., Kiiskinen, T. T. J., Havulinna, A. S., Lindbohm, J. V., 

Ahola-Olli, A., Kurki, M., Karjalainen, J., Palta, P., Neale, B. M., Daly, M., Salomaa, V., 

Palotie, A., Widén, E., & Ripatti, S. (2020). Polygenic and clinical risk scores and their 



 119 

impact on age at onset and prediction of cardiometabolic diseases and common cancers. 

Nature Medicine, 26(4), Article 4. https://doi.org/10.1038/s41591-020-0800-0 

McAllister, J., Collier, J., & Shepstone, L. (2012). The impact of adolescent stuttering on 

educational and employment outcomes: Evidence from a birth cohort study. Journal of 

Fluency Disorders, 37(2), 106–121. https://doi.org/10.1016/j.jfludis.2012.01.002 

McCarthy, M. I., & Hirschhorn, J. N. (2008). Genome-wide association studies: Potential next 

steps on a genetic journey. Human Molecular Genetics, 17(R2), R156–R165. 

https://doi.org/10.1093/hmg/ddn289 

McCarthy, S., Das, S., Kretzschmar, W., Delaneau, O., Wood, A. R., Teumer, A., Kang, H. M., 

Fuchsberger, C., Danecek, P., Sharp, K., Luo, Y., Sidore, C., Kwong, A., Timpson, N., 

Koskinen, S., Vrieze, S., Scott, L. J., Zhang, H., Mahajan, A., … the Haplotype 

Reference Consortium. (2016). A reference panel of 64,976 haplotypes for genotype 

imputation. Nature Genetics, 48(10), Article 10. https://doi.org/10.1038/ng.3643 

Merlo, S., & Briley, P. M. (2019). Sleep problems in children who stutter: Evidence from 

population data. Journal of Communication Disorders, 82, 105935. 

https://doi.org/10.1016/j.jcomdis.2019.105935 

Mohammadi, H., Joghataei, M. T., Rahimi, Z., Faghihi, F., Khazaie, H., Farhangdoost, H., & 

Mehrpour, M. (2017). Sex steroid hormones and sex hormone binding globulin levels, 

CYP17 MSP AI (−34T:C) and CYP19 codon 39 (Trp:Arg) variants in children with 

developmental stuttering. Brain and Language, 175, 47–56. 

https://doi.org/10.1016/j.bandl.2017.09.004 



 120 

Montgomery, B. M., & Fitch, J. L. (1988). The Prevalence of Stuttering in the Hearing-Impaired 

School Age Population. Journal of Speech and Hearing Disorders, 53(2), 131–135. 

https://doi.org/10.1044/jshd.5302.131 

Namjou, B., Marsolo, K., Carroll, R., Denny, J., Ritchie, M. D., Setia, S., Lingren, T., Porollo, 

A., Cobb, B., Perry, C., Kottyan, L. C., Holm, I. A., Kohane, I., & Harley, J. B. (2014). 

Phenome-wide association study (PheWAS) in EMR-linked pediatric cohorts. Frontiers 

in Genetics, 5. https://doi.org/10.3389/fgene.2014.00401 

Ober, C., Loisel, D. A., & Gilad, Y. (2008). Sex-specific genetic architecture of human disease. 

Nature Reviews Genetics, 9(12), Article 12. https://doi.org/10.1038/nrg2415 

Onitilo, A. A., Engel, J. M., Greenlee, R. T., & Mukesh, B. N. (2009). Breast Cancer Subtypes 

Based on ER/PR and Her2 Expression: Comparison of Clinicopathologic Features and 

Survival. Clinical Medicine & Research, 7(1–2), 4–13. 

https://doi.org/10.3121/cmr.2008.825 

Ooki, S. (2005). Genetic and Environmental Influences on Stuttering and Tics in Japanese Twin 

Children. Twin Research and Human Genetics, 8(1), 69–75. 

https://doi.org/10.1375/twin.8.1.69 

O’Sullivan, J. W., Raghavan, S., Marquez-Luna, C., Luzum, J. A., Damrauer, S. M., Ashley, E. 

A., O’Donnell, C. J., Willer, C. J., Natarajan, P., & null,  null. (2022). Polygenic Risk 

Scores for Cardiovascular Disease: A Scientific Statement From the American Heart 

Association. Circulation, 146(8), e93–e118. 

https://doi.org/10.1161/CIR.0000000000001077 



 121 

Pedregosa, F., Varoquaux, G., Gramfort, A., Michel, V., Thirion, B., Grisel, O., Blondel, M., 

Prettenhofer, P., Weiss, R., Dubourg, V., Vanderplas, J., Passos, A., & Cournapeau, D. 

(n.d.). Scikit-learn: Machine Learning in Python. MACHINE LEARNING IN PYTHON, 6. 

Peterson, R. E., Kuchenbaecker, K., Walters, R. K., Chen, C.-Y., Popejoy, A. B., Periyasamy, S., 

Lam, M., Iyegbe, C., Strawbridge, R. J., Brick, L., Carey, C. E., Martin, A. R., Meyers, J. 

L., Su, J., Chen, J., Edwards, A. C., Kalungi, A., Koen, N., Majara, L., … Duncan, L. E. 

(2019). Genome-wide Association Studies in Ancestrally Diverse Populations: 

Opportunities, Methods, Pitfalls, and Recommendations. Cell, 179(3), 589–603. 

https://doi.org/10.1016/j.cell.2019.08.051 

Phelan, J. C. (2002). Genetic bases of mental illness – a cure for stigma? Trends in 

Neurosciences, 25(8), 430–431. https://doi.org/10.1016/S0166-2236(02)02209-9 

Pluzhnikov, A., Below, J. E., Konkashbaev, A., Tikhomirov, A., Kistner-Griffin, E., Roe, C. A., 

Nicolae, D. L., & Cox, N. J. (2010). Spoiling the Whole Bunch: Quality Control Aimed 

at Preserving the Integrity of High-Throughput Genotyping. The American Journal of 

Human Genetics, 87(1), 123–128. https://doi.org/10.1016/j.ajhg.2010.06.005 

Polderman, T. J. C., Benyamin, B., de Leeuw, C. A., Sullivan, P. F., van Bochoven, A., Visscher, 

P. M., & Posthuma, D. (2015). Meta-analysis of the heritability of human traits based on 

fifty years of twin studies. Nature Genetics, 47(7), Article 7. 

https://doi.org/10.1038/ng.3285 

Polikowsky, H. G., Shaw, D. M., Petty, L. E., Chen, H.-H., Pruett, D. G., Linklater, J. P., 

Viljoen, K. Z., Beilby, J. M., Highland, H. M., Levitt, B., Avery, C. L., Mullan Harris, 

K., Jones, R. M., Below, J. E., & Kraft, S. J. (2022). Population-based genetic effects for 



 122 

developmental stuttering. Human Genetics and Genomics Advances, 3(1), 100073. 

https://doi.org/10.1016/j.xhgg.2021.100073 

Postma, D. S. (2007). Gender Differences in Asthma Development and Progression. Gender 

Medicine, 4, S133–S146. https://doi.org/10.1016/S1550-8579(07)80054-4 

Price, A. L., Patterson, N. J., Plenge, R. M., Weinblatt, M. E., Shadick, N. A., & Reich, D. 

(2006). Principal components analysis corrects for stratification in genome-wide 

association studies. Nature Genetics, 38(8), Article 8. https://doi.org/10.1038/ng1847 

Pruett, D. G., Shaw, D. M., Chen, H.-H., Petty, L. E., Polikowsky, H. G., Kraft, S. J., Jones, R. 

M., & Below, J. E. (2021). Identifying developmental stuttering and associated 

comorbidities in electronic health records and creating a phenome risk classifier. Journal 

of Fluency Disorders, 68, 105847. https://doi.org/10.1016/j.jfludis.2021.105847 

Pulit, S. L., Stoneman, C., Morris, A. P., Wood, A. R., Glastonbury, C. A., Tyrrell, J., Yengo, L., 

Ferreira, T., Marouli, E., Ji, Y., Yang, J., Jones, S., Beaumont, R., Croteau-Chonka, D. 

C., Winkler, T. W., GIANT Consortium, Hattersley, A. T., Loos, R. J. F., Hirschhorn, J. 

N., … Lindgren, C. M. (2019). Meta-analysis of genome-wide association studies for 

body fat distribution in 694 649 individuals of European ancestry. Human Molecular 

Genetics, 28(1), 166–174. https://doi.org/10.1093/hmg/ddy327 

Purcell, S., Neale, B., Todd-Brown, K., Thomas, L., Ferreira, M. A. R., Bender, D., Maller, J., 

Sklar, P., de Bakker, P. I. W., Daly, M. J., & Sham, P. C. (2007). PLINK: A Tool Set for 

Whole-Genome Association and Population-Based Linkage Analyses. The American 

Journal of Human Genetics, 81(3), 559–575. https://doi.org/10.1086/519795 



 123 

Rautakoski, P., Hannus, T., Simberg, S., Sandnabba, N. K., & Santtila, P. (2012). Genetic and 

environmental effects on stuttering: A twin study from Finland. Journal of Fluency 

Disorders, 37(3), 202–210. https://doi.org/10.1016/j.jfludis.2011.12.003 

Raza, M. H., Amjad, R., Riazuddin, S., & Drayna, D. (2012). Studies in a consanguineous family 

reveal a novel locus for stuttering on chromosome 16q. Human Genetics, 131(2), 311–

313. https://doi.org/10.1007/s00439-011-1134-2 

Raza, M. H., Mattera, R., Morell, R., Sainz, E., Rahn, R., Gutierrez, J., Paris, E., Root, J., 

Solomon, B., Brewer, C., Basra, M. A. R., Khan, S., Riazuddin, S., Braun, A., 

Bonifacino, J. S., & Drayna, D. (2015). Association between Rare Variants in AP4E1, a 

Component of Intracellular Trafficking, and Persistent Stuttering. The American Journal 

of Human Genetics, 97(5), 715–725. https://doi.org/10.1016/j.ajhg.2015.10.007 

Raza, M. H., Riazuddin, S., & Drayna, D. (2010). Identification of an autosomal recessive 

stuttering locus on chromosome 3q13.2–3q13.33. Human Genetics, 128(4), 461–463. 

https://doi.org/10.1007/s00439-010-0871-y 

Reilly, S., Onslow, M., Packman, A., Cini, E., Conway, L., Ukoumunne, O. C., Bavin, E. L., 

Prior, M., Eadie, P., Block, S., & Wake, M. (2013). Natural History of Stuttering to 4 

Years of Age: A Prospective Community-Based Study. Pediatrics, 132(3), 460–467. 

https://doi.org/10.1542/peds.2012-3067 

Reimand, J., Isserlin, R., Voisin, V., Kucera, M., Tannus-Lopes, C., Rostamianfar, A., Wadi, L., 

Meyer, M., Wong, J., Xu, C., Merico, D., & Bader, G. D. (2019). Pathway enrichment 

analysis and visualization of omics data using g:Profiler, GSEA, Cytoscape and 

EnrichmentMap. Nature Protocols, 14(2), Article 2. https://doi.org/10.1038/s41596-018-

0103-9 



 124 

Riaz, N., Steinberg, S., Ahmad, J., Pluzhnikov, A., Riazuddin, S., Cox, N. J., & Drayna, D. 

(2005). Genomewide Significant Linkage to Stuttering on Chromosome 12. The 

American Journal of Human Genetics, 76(4), 647–651. https://doi.org/10.1086/429226 

Riveros-Mckay, F., Weale, M. E., Moore, R., Selzam, S., Krapohl, E., Sivley, R. M., Tarran, W. 

A., Sørensen, P., Lachapelle, A. S., Griffiths, J. A., Saffari, A., Deanfield, J., Spencer, C. 

C. A., Hippisley-Cox, J., Hunter, D. J., O’Sullivan, J. W., Ashley, E. A., Plagnol, V., & 

Donnelly, P. (2021). Integrated Polygenic Tool Substantially Enhances Coronary Artery 

Disease Prediction. Circulation: Genomic and Precision Medicine, 14(2), e003304. 

https://doi.org/10.1161/CIRCGEN.120.003304 

Schlagheck, A., Gabel, R., & Hughes, S. (2009). A Mixed Methods Study of Stereotypes of 

People Who Stutter. Contemporary Issues in Communication Science and Disorders, 

36(Fall), 108–117. https://doi.org/10.1044/cicsd_36_F_108 

Scott, K. S. (2015). Dysfluency in Autism Spectrum Disorders. Procedia - Social and Behavioral 

Sciences, 193, 239–245. https://doi.org/10.1016/j.sbspro.2015.03.266 

Seider, R. A., Kidd, K. K., & Gladstien, K. L. (1983). Recovery and Persistence of Stuttering 

among Relatives of Stutterers. Journal of Speech and Hearing Disorders, 48. 

https://doi.org/10.1044/jshd.4804.402 

Seider Robin A., Kidd Kenneth K., & Gladstien Keith L. (1983). Recovery and Persistence of 

Stuttering among Relatives of Stutterers. Journal of Speech and Hearing Disorders, 

48(4), 402–409. https://doi.org/10.1044/jshd.4804.402 

Shaw, D. M., Polikowsky, H. P., Pruett, D. G., Chen, H.-H., Petty, L. E., Viljoen, K. Z., Beilby, 

J. M., Jones, R. M., Kraft, S. J., & Below, J. E. (2021). Phenome risk classification 

enables phenotypic imputation and gene discovery in developmental stuttering. The 



 125 

American Journal of Human Genetics, 108(12), 2271–2283. 

https://doi.org/10.1016/j.ajhg.2021.11.004 

Singer, C. M., Hessling, A., Kelly, E. M., Singer, L., & Jones, R. M. (2020). Clinical 

Characteristics Associated With Stuttering Persistence: A Meta-Analysis. Journal of 

Speech, Language, and Hearing Research, 63(9), 2995–3018. 

https://doi.org/10.1044/2020_JSLHR-20-00096 

Singer, C. M., Otieno, S., Chang, S.-E., & Jones, R. M. (2022). Predicting Persistent 

Developmental Stuttering Using a Cumulative Risk Approach. Journal of Speech, 

Language, and Hearing Research, 65(1), 70–95. https://doi.org/10.1044/2021_JSLHR-

21-00162 

Singer, C. M., Walden, T. A., & Jones, R. M. (2019). Differences in the relation between 

temperament and vocabulary based on children’s stuttering trajectories. Journal of 

Communication Disorders, 78, 57–68. https://doi.org/10.1016/j.jcomdis.2019.01.004 

Singer, C. M., Hessling, A., Kelly, E. M., Singer, L., & Jones, R. M. (2020). Clinical 

Characteristics Associated With Stuttering Persistence: A Meta-Analysis. Journal of 

Speech, Language, and Hearing Research, 63(9), 2995–3018. 

https://doi.org/10.1044/2020_JSLHR-20-00096 

Sisskin, V., & Wasilus, S. (2014). Lost in the Literature, but Not the Caseload: Working with 

Atypical Disfluency from Theory to Practice. Seminars in Speech and Language, 35(02), 

144–152. https://doi.org/10.1055/s-0034-1371757 

Sisskin Vivian. (2006). Speech Disfluency in Asperger’s Syndrome: Two Cases of Interest. 

Perspectives on Fluency and Fluency Disorders, 16(2), 12–14. 

https://doi.org/10.1044/ffd16.2.12 



 126 

Spada, J., Scholz, M., Kirsten, H., Hensch, T., Horn, K., Jawinski, P., Ulke, C., Burkhardt, R., 

Wirkner, K., Loeffler, M., Hegerl, U., & Sander, C. (2016). Genome-wide association 

analysis of actigraphic sleep phenotypes in the LIFE Adult Study. Journal of Sleep 

Research, 25(6), 690–701. https://doi.org/10.1111/jsr.12421 

Staples, J., Ekunwe, L., Lange, E., Wilson, J. G., Nickerson, D. A., & Below, J. E. (2016). 

PRIMUS: Improving pedigree reconstruction using mitochondrial and Y haplotypes. 

Bioinformatics, 32(4), 596–598. https://doi.org/10.1093/bioinformatics/btv618 

Staples, J., Nickerson, D. A., & Below, J. E. (2013). Utilizing Graph Theory to Select the 

Largest Set of Unrelated Individuals for Genetic Analysis. Genetic Epidemiology, 37(2), 

136–141. https://doi.org/10.1002/gepi.21684 

Staples, J., Qiao, D., Cho, M. H., Silverman, E. K., Nickerson, D. A., & Below, J. E. (2014). 

PRIMUS: Rapid Reconstruction of Pedigrees from Genome-wide Estimates of Identity 

by Descent. The American Journal of Human Genetics, 95(5), 553–564. 

https://doi.org/10.1016/j.ajhg.2014.10.005 

Staples, J., Witherspoon, D. J., Jorde, L. B., Nickerson, D. A., Below, J. E., & Huff, C. D. 

(2016). PADRE: Pedigree-Aware Distant-Relationship Estimation. The American 

Journal of Human Genetics, 99(1), 154–162. https://doi.org/10.1016/j.ajhg.2016.05.020 

Strom, M. A., & Silverberg, J. I. (2016a). Asthma, hay fever, and food allergy are associated 

with caregiver-reported speech disorders in US children. Pediatric Allergy and 

Immunology, 27(6), 604–611. https://doi.org/10.1111/pai.12580 

Strom, M. A., & Silverberg, J. I. (2016b). Eczema Is Associated with Childhood Speech 

Disorder: A Retrospective Analysis from the National Survey of Children’s Health and 



 127 

the National Health Interview Survey. The Journal of Pediatrics, 168, 185-192.e4. 

https://doi.org/10.1016/j.jpeds.2015.09.066 

Stunnenberg, H. G., Abrignani, S., Adams, D., de Almeida, M., Altucci, L., Amin, V., Amit, I., 

Antonarakis, S. E., Aparicio, S., Arima, T., Arrigoni, L., Arts, R., Asnafi, V., Esteller, 

M., Bae, J.-B., Bassler, K., Beck, S., Berkman, B., Bernstein, B. E., … Hirst, M. (2016). 

The International Human Epigenome Consortium: A Blueprint for Scientific 

Collaboration and Discovery. Cell, 167(5), 1145–1149. 

https://doi.org/10.1016/j.cell.2016.11.007 

Sudlow, C., Gallacher, J., Allen, N., Beral, V., Burton, P., Danesh, J., Downey, P., Elliott, P., 

Green, J., Landray, M., Liu, B., Matthews, P., Ong, G., Pell, J., Silman, A., Young, A., 

Sprosen, T., Peakman, T., & Collins, R. (2015). UK Biobank: An Open Access Resource 

for Identifying the Causes of a Wide Range of Complex Diseases of Middle and Old Age. 

PLOS Medicine, 12(3), e1001779. https://doi.org/10.1371/journal.pmed.1001779 

Taliun, D., Harris, D. N., Kessler, M. D., Carlson, J., Szpiech, Z. A., Torres, R., Taliun, S. A. G., 

Corvelo, A., Gogarten, S. M., Kang, H. M., Pitsillides, A. N., LeFaive, J., Lee, S., Tian, 

X., Browning, B. L., Das, S., Emde, A.-K., Clarke, W. E., Loesch, D. P., … Abecasis, G. 

R. (2021). Sequencing of 53,831 diverse genomes from the NHLBI TOPMed Program. 

Nature, 590(7845), Article 7845. https://doi.org/10.1038/s41586-021-03205-y 

Tellis, G. M., Bressler, L., & Emerick, K. (2008). An Exploration of Clinicians Views About 

Assessment and Treatment of Stuttering. Perspectives on Fluency and Fluency 

Disorders, 18(1), 16–23. https://doi.org/10.1044/ffd18.1.16 



 128 

Theys, C., van Wieringen, A., & De Nil, L. F. (2008). A clinician survey of speech and non-

speech characteristics of neurogenic stuttering. Journal of Fluency Disorders, 33(1), 1–

23. https://doi.org/10.1016/j.jfludis.2007.09.001 

Tikkanen, E., Gustafsson, S., Amar, D., Shcherbina, A., Waggott, D., Ashley, E. A., & 

Ingelsson, E. (2018). Biological Insights Into Muscular Strength: Genetic Findings in the 

UK Biobank. Scientific Reports, 8(1), Article 1. https://doi.org/10.1038/s41598-018-

24735-y 

Tourville, J. A., Reilly, K. J., & Guenther, F. H. (2008). Neural mechanisms underlying auditory 

feedback control of speech. NeuroImage, 39(3), 1429–1443. 

https://doi.org/10.1016/j.neuroimage.2007.09.054 

Turner, S. D. (2014). qqman: An R package for visualizing GWAS results using Q-Q and 

manhattan plots (p. 005165). bioRxiv. https://doi.org/10.1101/005165 

Valderas, J. M., Starfield, B., Sibbald, B., Salisbury, C., & Roland, M. (2009). Defining 

Comorbidity: Implications for Understanding Health and Health Services. Annals of 

Family Medicine, 7(4), 357–363. https://doi.org/10.1370/afm.983 

van Beijsterveldt, C. E. M., Felsenfeld, S., & Boomsma, D. I. (2010). Bivariate Genetic Analyses 

of Stuttering and Nonfluency in a Large Sample of 5-Year-Old Twins. Journal of Speech, 

Language, and Hearing Research, 53(3), 609–619. https://doi.org/10.1044/1092-

4388(2009/08-0202) 

van Beijsterveldt Catharina Eugenie Maria, Felsenfeld Susan, & Boomsma Dorret Irene. (2010). 

Bivariate Genetic Analyses of Stuttering and Nonfluency in a Large Sample of 5-Year-

Old Twins. Journal of Speech, Language, and Hearing Research, 53(3), 609–619. 

https://doi.org/10.1044/1092-4388(2009/08-0202) 



 129 

Van Borsel, J., Brepoels, M., & De Coene, J. (2011). Stuttering, attractiveness and romantic 

relationships: The perception of adolescents and young adults. Journal of Fluency 

Disorders, 36(1), 41–50. https://doi.org/10.1016/j.jfludis.2011.01.002 

Verma, S. S., Bailey, J. N. C., Lucas, A., Bradford, Y., Linneman, J. G., Hauser, M. A., 

Pasquale, L. R., Peissig, P. L., Brilliant, M. H., McCarty, C. A., Haines, J. L., Wiggs, J. 

L., Vrabec, T. R., Tromp, G., Ritchie, M. D., Network,  eMERGE, & Consortium, N. 

(2016). Epistatic Gene-Based Interaction Analyses for Glaucoma in eMERGE and 

NEIGHBOR Consortium. PLOS Genetics, 12(9), e1006186. 

https://doi.org/10.1371/journal.pgen.1006186 

Vorstman, J. A. S., Parr, J. R., Moreno-De-Luca, D., Anney, R. J. L., Nurnberger Jr, J. I., & 

Hallmayer, J. F. (2017). Autism genetics: Opportunities and challenges for clinical 

translation. Nature Reviews Genetics, 18(6), Article 6. https://doi.org/10.1038/nrg.2017.4 

Walden, T. A., & Lesner, T. A. (2018). Examining implicit and explicit attitudes toward 

stuttering. Journal of Fluency Disorders, 57, 22–36. 

https://doi.org/10.1016/j.jfludis.2018.06.001 

Walden, T. A., Lesner, T. A., & Jones, R. M. (2020). Is what I think I think really what I think? 

Implicit and explicit attitudes toward stuttering among practicing speech-language 

pathologists. Journal of Communication Disorders, 83, 105965. 

https://doi.org/10.1016/j.jcomdis.2019.105965 

Walters, C. E., Nitin, R., Margulis, K., Boorom, O., Gustavson, D. E., Bush, C. T., Davis, L. K., 

Below, J. E., Cox, N. J., Camarata, S. M., & Gordon, R. L. (2020). Automated 

Phenotyping Tool for Identifying Developmental Language Disorder Cases in Health 

Systems Data (APT-DLD): A New Research Algorithm for Deployment in Large-Scale 



 130 

Electronic Health Record Systems. Journal of Speech, Language, and Hearing Research, 

63(9), 3019–3035. https://doi.org/10.1044/2020_JSLHR-19-00397 

Watkins, K. E., Smith, S. M., Davis, S., & Howell, P. (2008). Structural and functional 

abnormalities of the motor system in developmental stuttering. Brain, 131(1), 50–59. 

https://doi.org/10.1093/brain/awm241 

Watkins, R. V., Yairi, E., & Ambrose, N. G., (1999). Early Childhood Stuttering III. Journal of 

Speech, Language, and Hearing Research, 42(5), 1125–1135. 

https://doi.org/10.1044/jslhr.4205.1125 

Weale, M. E., Riveros-Mckay, F., Selzam, S., Seth, P., Moore, R., Tarran, W. A., Gradovich, E., 

Giner-Delgado, C., Palmer, D., Wells, D., Saffari, A., Sivley, R. M., Lachapelle, A. S., 

Wand, H., Clarke, S. L., Knowles, J. W., O’Sullivan, J. W., Ashley, E. A., McVean, G., 

… Donnelly, P. (2021). Validation of an Integrated Risk Tool, Including Polygenic Risk 

Score, for Atherosclerotic Cardiovascular Disease in Multiple Ethnicities and Ancestries. 

The American Journal of Cardiology, 148, 157–164. 

https://doi.org/10.1016/j.amjcard.2021.02.032 

Werling, D. M., & Geschwind, D. H. (2013). Sex differences in autism spectrum disorders. 

Current Opinion in Neurology, 26(2), 146–153. 

https://doi.org/10.1097/WCO.0b013e32835ee548 

Wolk, L., Conture, E. G., & Edwards, M. L. (1990). Comorbidity of stuttering disordered 

phonology in young children. South African Journal of Communication Disorders, 37(1), 

Article 1. https://doi.org/10.4102/sajcd.v37i1.284 



 131 

Wooten, G. F., Currie, L. J., Bovbjerg, V. E., Lee, J. K., & Patrie, J. (2004). Are men at greater 

risk for Parkinson’s disease than women? Journal of Neurology, Neurosurgery and 

Psychiatry, 75(4), 637–640. 

Yairi, E. (2007). Subtyping stuttering I: A review. Journal of Fluency Disorders, 32(3), 165–

196. https://doi.org/10.1016/j.jfludis.2007.04.001 

Yairi, E., & Ambrose, N. (2005). Early childhood stuttering: For clinicians, by clinicians. 

ProEd. 

Yairi, E., & Ambrose, N. (2013). Epidemiology of Stuttering: 21st Century Advances. Journal of 

Fluency Disorders, 38(2), 66–87. https://doi.org/10.1016/j.jfludis.2012.11.002 

Yairi, E., Ambrose, N., & Cox, N. (1996). Genetics of Stuttering: A Critical Review. Journal of 

Speech, Language, and Hearing Research, 39(4), 771–784. 

https://doi.org/10.1044/jshr.3904.771 

Yairi, E., & Ambrose, N. G. (1999). Early Childhood Stuttering I: Persistency and Recovery 

Rates. Journal of Speech, Language, and Hearing Research, 42(5), 1097–1112. 

https://doi.org/10.1044/jslhr.4205.1097 

Yairi, E. (1983). The Onset of Stuttering in Two- and Three-Year-Old Children. Journal of 

Speech and Hearing Disorders, 48(2), 171–177. https://doi.org/10.1044/jshd.4802.171 

Yaruss, J. S. (2010). Assessing quality of life in stuttering treatment outcomes research. Journal 

of Fluency Disorders, 35(3), 190–202. https://doi.org/10.1016/j.jfludis.2010.05.010 

Zebrowski, P. M. (2018, February 12). The High Cost of Stuttering (world) [Discussion]. The 

ASHA Leader; American Speech-Language-Hearing Association. 

https://doi.org/10.1044/leader.FMP.21072016.6 



 132 

Zeggini, E., Gloyn, A. L., Barton, A. C., & Wain, L. V. (2019). Translational genomics and 

precision medicine: Moving from the lab to the clinic. Science, 365(6460), 1409–1413. 

https://doi.org/10.1126/science.aax4588 

Zengini, E., Hatzikotoulas, K., Tachmazidou, I., Steinberg, J., Hartwig, F. P., Southam, L., 

Hackinger, S., Boer, C. G., Styrkarsdottir, U., Gilly, A., Suveges, D., Killian, B., 

Ingvarsson, T., Jonsson, H., Babis, G. C., McCaskie, A., Uitterlinden, A. G., van Meurs, 

J. B. J., Thorsteinsdottir, U., … Zeggini, E. (2018). Genome-wide analyses using UK 

Biobank data provide insights into the genetic architecture of osteoarthritis. Nature 

Genetics, 50(4), Article 4. https://doi.org/10.1038/s41588-018-0079-y 

Zhou, W., Nielsen, J. B., Fritsche, L. G., Dey, R., Gabrielsen, M. E., Wolford, B. N., LeFaive, J., 

VandeHaar, P., Gagliano, S. A., Gifford, A., Bastarache, L. A., Wei, W.-Q., Denny, J. C., 

Lin, M., Hveem, K., Kang, H. M., Abecasis, G. R., Willer, C. J., & Lee, S. (2018). 

Efficiently controlling for case-control imbalance and sample relatedness in large-scale 

genetic association studies. Nature Genetics, 50(9), Article 9. 

https://doi.org/10.1038/s41588-018-0184-y 

Zhu, Z., Lee, P. H., Chaffin, M. D., Chung, W., Loh, P.-R., Lu, Q., Christiani, D. C., & Liang, L. 

(2018). A genome-wide cross-trait analysis from UK Biobank highlights the shared 

genetic architecture of asthma and allergic diseases. Nature Genetics, 50(6), Article 6. 

https://doi.org/10.1038/s41588-018-0121-0 

 

 

 


