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1.0  SUMMARY 

The goal of the Individual Exposure Health Risk Profile (IEHRP) project is the development of 
mathematical models that will support prediction of individual risk to workplace and 
environmental exposures. This approach is intended to promote the health and well-being of Air 
Force personnel through effective early detection, intervention, and risk mitigation through the 
development of a predictive model for individual susceptibility to disease based on occupational, 
environmental, demographic, and genetic factors. Ultimately, the goal of IEHRP is to translate 
these findings into valuable, clinically actionable recommendations for individuals and their 
health care providers for illness/disease prevention and improving human performance, ensuring 
a ready, fit personnel force for combatant commanders. This first IEHRP model will be the 
beginning of an Operational Health Risk and Readiness Profile (OHR&RP) to reach this goal. 
 
This initial IEHRP modeling effort focused on sensorineural hearing loss (SNHL) as a proof of 
concept for the broader OHR&RP program. The IEHRP model structure is based on a published 
statistical model, the Risk Estimation for Genetic and Environmental Traits (REGENT) model, 
which calculates an aggregate risk score by combining multiple risk factors from both 
environmental and genetic sources. Key contributing factors to individual risk were incorporated 
into the predictive health risk profile, including: occupational exposure to noise, susceptibility 
due to individual demographics (e.g., age, gender, race/ethnicity, level of education), behavioral 
characteristics (recreational firearm use), occupational noise exposure, and genetic susceptibility. 
Model predictions were derived from demographic data from the National Health and Nutrition 
Examination Survey (NHANES) and genetic data from published genome-wide association 
studies (GWAS) in human populations. The model builds a virtual population based on incidence 
rates and odds ratios derived from the input data; using confidence intervals from the data, the 
model then bins the population into average, reduced, elevated or high-risk categories. Using the 
described risk factors, the model predicts approximately 10% of the US population to be at 
elevated or high risk for hearing loss. This is within a factor of three from the measured hearing 
loss prevalence of 24% in the NHANES study. However, the under prediction of the prevalence 
does indicate that additional risk factors may need to be considered in further iterations of the 
model. In particular, chemical exposures and additional sources of noise should be further 
explored  
 
To facilitate access to the IEHRP model, an application (app) was developed which provides a 
graphical interface. This IEHRP app may be used by combatant commanders or physicians to 
quickly and efficiently evaluate susceptibility of an individual or group of combatants to hearing 
loss, as well as fitness for duty. It is expected that this user interface can be easily adapted for use 
as technological platforms are updated and as the model is expanded.  
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2.0  INTRODUCTION 

In response to Public Law 105-85, Presidential Review Directive 5, and the 2013 National 
Defense Appropriations Act (NDAA) Section 313 to collect, document, and act on long-term 
environmental health risks, the Air Force Medical Service (AFMS) introduced the Total 
Exposure Health (TEH) Initiative. TEH is intended to capture workplace, environmental, and 
lifestyle exposures to the individual using advances in science, technology, and informatics to 
help the Military Health System (MHS) reduce short- and long-term health risks to individuals 
by preventing disease, enhancing human performance, supporting force health protection, and 
ultimately developing precision health solutions for the warfighter in garrison and in theater. 
 
To support the technical capabilities of TEH, it is necessary to identify and integrate various big 
data sources and emerging data sets for genetics, exposures, demographics, and various 
biomarkers into a common framework for clinical and operational action. We refer to this 
common framework as the IEHRP. Ultimately, this framework will be implemented as part of a 
future Clinical Decision Support System (CDSS) intended to enrich clinical and performance 
assessments of personnel by physicians and commanders, and to facilitate enhanced 
documentation. The aspiration for this future state would also include full integration with each 
individual military member’s electronic health record (EHR) to create an individual longitudinal 
exposure record (ILER) per 2013 NDAA Section 313. As efforts to develop and increase 
accessibility to such records advance, incorporation of real-world exposure, medical, and 
demographic data into a computational framework will support high-resolution predictions of 
individual risk to various health outcomes and performance status throughout the member’s 
lifetime.   
 
In 2018 the development of a prototype model began to demonstrate the possible framework for 
incorporation of these different data streams and development of mathematical models that will 
support prediction of individual risk to workplace and environmental exposures. The IEHRP 
model concept was intended to promote health and well-being of Air Force personnel through 
effective early detection, intervention, and risk mitigation through development of a predictive 
model for individual susceptibility to disease based on occupational, environmental, 
demographic, and genetic factors. Ultimately, the goal is to translate these findings into valuable, 
clinically actionable recommendations for individuals, their supervisors, and their health care 
providers for illness/disease prevention and evaluating/improving human performance, and for 
ensuring a ready, fit force for combatant commanders. This first IEHRP model will be the 
beginning of an OHR&RP to reach this goal.  
 

2.1  Objectives 

 
This initial IEHRP modeling effort focused on SNHL as a proof of concept for the broader 
OHR&RP program. SNHL is a general term for hearing loss due to damage to the inner ear or 
the auditory nerve, whether due to age, noise or chemical toxicity, or conductive hearing loss 
(when sound cannot reach the inner ear, e.g. due to fluid in the middle ear or a hole in the 
eardrum). Key contributing factors to individual risk for SNHL were incorporated into the 
predictive health risk profile, including: occupational exposure to physical and chemical 
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stressors, environmental exposure to physical and chemical stressors, susceptibility due to 
individual demographics (e.g., age, weight, race), behavioral characteristics (e.g., smoking, 
alcohol consumption, risk enhancing hobbies), and genetic susceptibility (Figure 1). The goal of 
this project was to develop a prototype model to demonstrate the feasibility of combining 
exposure, demographic, and genetic information in a risk prediction model. 
 
 

 
 
Figure 1. Key variables in the predictive model for individual susceptibility to SNHL. 
Green boxes indicate key variables in the model predicting overall risk (blue box).  Gold boxes 
indicate sources contributing to each variable.   
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3.0  APPROACH 

3.1  Model structure 

The initial structure of the pilot model was based on the REGENT model package in R. The 
REGENT model code (in R script) is available through the Comprehensive R Archive Network 
(https://cran.r-project.org/), and implementation of the model is described in published papers 
(Crouch et al., 2013) and the associated manual (https://cran.r-
project.org/web/packages/REGENT/REGENT.pdf). The REGENT model calculates relative risk 
for disease outcomes based on genetic susceptibility (single nucleotide polymorphism (SNP) 
data) and “environmental” factors (Crouch et al., 2013). Original developers of the model used 
the term “environmental” to refer to any non-genetic factors, including demographics (e.g., age, 
race), lifestyle risk factors (e.g., smoking), and chemical or physical exposures. Inputs are 
categorical and based on traditional analysis of epidemiological data. Thus, categories of risk 
factors (age, smoking status, SNP presence/absence) are associated with an odds ratio (OR) 
calculated from the epidemiological or GWAS data. The OR is used in epidemiological studies 
to quantify the relationship between a particular risk factor and a health outcome. OR is 
calculated using the number of case-patients who did or did not have a risk factor and the 
number of controls who did or did not have the same risk factor. The odds ratio tells us how 
much higher the odds of the outcome are among case-patients/subjects than among controls. The 
confidence interval (CI) provides a measure of confidence around the OR. 
 
The REGENT model uses a statistical approach to identify individuals with low, average, 
elevated, or high risk for a disease outcome based on the relative risk (or risk ratio, RR) 
conferred by the existence of genetic or environmental factors (each expressed as an OR or RR). 
Using measured incidence rate and RR information for various risk factors reported in 
epidemiological studies, the model builds a virtual population and assigns the various risk factors 
randomly across the population. Assuming that the risk factors are independent, total relative risk 
(TRR) is then calculated by multiplying the OR for each risk factor. Finally, the model ranks the 
virtual individuals by TRR and assigns a classification of low, average, elevated or high risk 
based on the confidence intervals of the relative risk for the input factors (Crouch et al., 2013). 
Figure 2 illustrates the model process.   
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Figure 2. REGENT model process. 
Blue boxes describe the model process. White boxes provide information on model parameters 
and assumptions. 

 
 

The original REGENT code can be found at https://cran.r-project.org/. The modified code for the 
IEHRP hearing loss model is provided in Appendix A.  
 
A number of edits were made to the original REGENT code in order to improve utility of the 
model for IEHRP, including: 
- Improved efficiency in running the model 
- Improved ease of use for novice users 
- Allowing for input of larger data sets 
- Allowing for evaluation of a greater number of risk factors 
 
In addition to these technical aspects of the model, the graphical output of the model was 
modified to support better communication of the model predictions with the end user. The graphs 
of the model output were modified to improve the labeling of the axes and the colors used in the 
graphs. The new colors are more distinct, in order to better visualize the different risk groups. 
The color palette is also color blind-friendly in an effort to communicate the results with the 
broadest possible audience, as approximately 8.5% of the population is color blind. A 
comparison of the pre-programmed REGENT graphs vs the improved graph is shown in Figure 3 
The final model code as edited for the IEHRP pilot model is provided in Appendix A.  
 

 
Figure 3. Pre-existing REGENT model output (left) and modified graphical output of the 
IEHRP hearing loss model (right).   
The colors on the improved plot (right) are color blind-friendly. Predictions are based on the 
NHANES hearing loss data set (see Section 4). 
 
 

3.2  Collection of published data to support model development 

Initial model development and evaluation were performed using publicly available data sets. 
Scientific literature searches were performed using PubMed and Scopus, and internet searches 
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were performed using the Safari browser and Google web search engine to identify useful data 
sets.   
 
Areas of interest for model development were defined a priori during discussions with project 
managers and USAF hearing loss experts: 
-  Background information on the biology and physiology of hearing 
-  Demographic factors related to risk for hearing loss 
 -  Age 
 -  Gender 
 -  Race/Ethnicity 
 -  Disease status (cardiovascular disease, diabetes, obesity, etc.) 
 -  Behavioral factors (smoking, alcohol consumption, etc.) 
-  Genetic susceptibility to hearing loss 
-  Mechanism of action studies (identify key pathways/proteins/genes) 
-  Human studies (occupational, epidemiological, defined exposure) with RNA, DNA data 
-  Chemical-induced ototoxicity 
 -  Identifying compounds with ototoxic effects and their mode of action 
 -  Dose-response information in animals and humans 
 
More than 100 papers were identified to contain information that could support the hearing loss 
model. The citations for these publications are provided in Appendix B. Data that could be used 
to support model predictions were extracted from the literature.   
 
Key attributes of a useful data set were defined a priori:  
- Accessibility of data 
- Concurrent measure of hearing loss (quantitative evaluation, e.g., pure tone air 

conduction/audiogram, etc.) and risk factors 
- Large study populations for statistical power 
- Diversity of sampled subjects (e.g., race, gender, socioeconomic status, etc.) 
 
Demographic data 

Of the identified epidemiological studies with publicly available data, diverse study populations, 
and quantitative measures of hearing loss, only three studies would be considered “large” (n > 
1,000) – the NHANES, Epidemiology of Hearing Loss Study (EHLS), and Beaver Dam 
Offspring Study (BOSS). 
 
NHANES is a program of cross-sectional studies conducted under the purview of the Centers for 
Disease Control and Prevention (CDC) to assess the health and nutritional status of adults and 
children in the United States. To ensure statistical power, NHANES employs a weighted 
sampling approach with oversampling of persons 60 and older, African Americans, and 
Hispanics. The survey combines interviews and physical examinations and is conducted as a 
series of surveys focusing on different population groups or health topics. A nationally 
representative sample of about 5,000 persons is examined each year across locations in counties 
across the country. The NHANES interview includes demographic, socioeconomic, dietary, and 
health-related questions. The examination component consists of medical, dental, and 
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physiological measurements, as well as laboratory tests administered by highly trained medical 
personnel. Complete audiogram threshold measurements are available for a total of 3,831 
participants (1,953 men and 1,878 women) in the 1999 – 2004 and the 2011 – 2012 NHANES 
cycles. 
 
The EHLS is a longitudinal study conducted by the University of Wisconsin. The study was 
initiated in 1993 in Beaver Dam, Wisconsin with 3,753 participants ranging in age from 48–92 
years, who were then followed up every 5 years. Hearing loss was evaluated using pure tone air 
conduction and word recognition in quiet and in competing message (WRCM). 
 
The BOSS is a longitudinal study conducted as a follow-up to the EHLS in 2005 – 2008. Hearing 
loss data were collected for 2,837 offspring of the EHLS. The hearing examination included 
otoscopy, tympanometry, pure-tone air- and bone-conduction audiometry, as well as WRCM.  
 
The NHANES, EHLS, and BOSS studies had a similar number of subjects and similar level of 
racial, gender, and socioeconomic diversity. Similar risk factors were evaluated in each of the 
three studies as well (income, education, gender, age, cardiovascular disease, smoking status, 
occupational noise exposure, etc.). However, the NHANES study had a greater diversity in age 
and geographical location. For this reason, the IEHRP hearing loss model was based on the 
NHANES hearing loss data. 
 
Three published analyses of the NHANES data were identified by the literature search: Agrawal 
et al. (2009), Carroll et al. (2017), and Hoffman et al. (2017). The Agrawal and Hoffman papers 
used similar definitions of hearing loss (> 25 dB change at 1-2 or 3-8 kilohertz; kHz) to define 
speech frequency and high frequency hearing loss, respectively.  These studies were evaluating 
age-related hearing loss (i.e., not specifically noise-induced). Carroll et al. (2017) used very 
different criteria for hearing loss (high-frequency audiometric notch when any threshold at 3, 4, 
or 6 kHz exceeded the average threshold at 0.5 and 1 kHz by ≥15 decibels hearing level (db HL) 
and the 8 kHz threshold was at least 5 dB HL lower (better) than the maximum threshold at 3, 4, 
or 6 kHz), as they were attempting to evaluate specifically noise-induced hearing loss. Both 
approaches were evaluated with the model, using the data of Carroll et al. (2017), Agrawal et al. 
(2017) and Hoffman et al. (2017).  
 
Genetic data 

Literature searches were performed to identify publicly available data for genetic polymorphisms 
that confer susceptibility to SNHL. Initial searches included all nonsyndromic hearing loss 
(congenital, age-related, noise-induced). This returned studies using targeted sequencing using 
either Sanger sequencing or Next Generation Sequencing (NGS) in the human; GWAS in the 
mouse; and GWAS in the human using DNA databanks such as the UK Biobank 
(https://www.ukbiobank.ac.uk). More than 30 publications have been identified with information 
for human or mouse single nucleotide polymorphisms (SNPs) associated with nonsyndromic 
hearing loss, providing a total of 183 genes. Each gene can have more than one reported SNP 
associated with hearing loss, making the total number of SNPs well over 200. Information about 
specific SNPs will be collected in future efforts. These genes have been summarized in 
Appendix C. In the majority of studies, the aim was to identify putative SNPs or genes that could 
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confer susceptibility of hearing loss. For data collected in mice to be useful for human 
prediction, additional confirmation is needed in the human. For the current pilot model project, 
we focused on genetic data sets collected in humans, though additional SNPs could be later 
added to the model if confirmed to be relevant. 
 
Few studies provide both a quantitative evaluation of the relative risk associated with specific 
DNA mutations (SNPs) and a comprehensive evaluation of the genome for hearing loss. The 
majority of human studies typically suffer from insufficient sample sizes to allow calculation of 
statistically sound ORs. Of the studies identified in the literature, only two publications allowed 
calculation of ORs for the putative SNPs: Zhang et al. (2019), and Wells et al. (2019).   
 
In Zhang et al. (2019), 476 subjects with noise-induced hearing loss (NIHL; defined as > 1 year 
occupational noise exposure and high frequency hearing threshold > 45 dB) and 476 matched 
controls were recruited from a cross-sectional survey of NIHL in China. A total of 83 candidate 
SNPs were genotyped using nanofluidic dynamic arrays. Seven SNPs in the CDH23, PCDH15, 
EYA4, MYO1A, KCNMA1, and OTOG genes were significantly (P < 0.05) associated with the 
risk of NIHL, whereas seven other SNPs were marginally (P > 0.05 and P < 0.1) associated with 
the risk of NIHL. Zhang et al. (2019) provides ORs and CIs for each of these SNPs, which were 
then used as input in the IEHRP hearing loss model for initial evaluations. In general, ORs for 
individual SNPs were < 1.5, though two SNPs had ORs > 2.  
 
Wells et al. (2019) performed a GWAS analysis of the UK Biobank (UKBB) DNA data set. The 
UKBB contains DNA SNP data and health and lifestyle questionnaires for > 250,000 subjects 
from the United Kingdom (https://www.ukbiobank.ac.uk). The UKBB does not have audiogram 
data. Hearing loss was defined by self-reported hearing loss or reported use of a hearing aid 
based on participants’ questionnaires.  However, the study size provides a tremendous advantage 
in terms of statistical power, particularly for the large number of comparisons made in GWAS 
studies. Both the Zhang et al. (2019) and Wells et al. (2019) studies were used with the IEHRP 
model. 
 
Wells et al. (2019) did not report ORs or CIs for the SNPs associated with hearing loss in their 
GWAS study. To model the genetic risk for hearing loss, we obtained the summary statistics of 
Wells et al. (2019) study from UK Biobank.  From the summary statistics, we selected the 41 
SNPs that reached genome-wide significance (p < 5x10-8) and represented independent signals, 
based on linkage disequilibrium (LD) clumping using the PLINK program (v1.07; Purcell et al., 
2007). Effect size estimates were converted to ORs and CIs for use in the REGENT model R 
package.   
 

3.3  Evaluating utility of public data sets to predict relative risk for Air Force personnel  

To compare the distribution of the demographic characteristics in the NHANES population to 
those of current active duty Air Force personnel, we obtained access to the anonymized (de-
identified) individual subject data in the in NHANES study. The anonymized demographic data 
for current Air Force personnel (enlisted and officers) were also retrieved (16 September, 2020, 
15 January 2021) from the Air Force Personnel Center Personnel Statistics (PERS-STAT) 
Analytics Site.   
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3.4  Development of an application (app)  

An app was developed to facilitate end user access to the model. The graphical user interface 
was programmed in R with the Shiny plugin. Currently the app is accessed through R Studio, but 
will ultimately be accessed via existing 711th Human Performance Wing (711 HPW) 
applications that can be downloaded onto mobile devices. 
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4.0  RESULTS 

4.1  IEHRP model structure and parameters 

To determine which risk factors should be included in the model, the supporting literature was 
evaluated to identify risk factors that are consistently associated with increased risk (ORs > 1) 
for hearing loss across diverse data sets. Key risk factors for hearing loss that were identified 
from the literature search are discussed below. The data chosen for use in model development are 
summarized in Tables 1 - 2. 
 

4.1.1. Age as a risk factor for hearing loss 

Age is the predominant risk factor for elevated risk to hearing loss in the general population.   
NHANES data collated from the 1999 – 2004 surveys demonstrated increased risk for bilateral 
high-frequency hearing loss (> 25 dB change at 3-8 kHz) from ages 20-69, with odds ratios 
ranging from 2.1 at ages 30-39 to 50 at ages 60-69 (Figure 4; Agrawal et al., 2008), when 
adjusted for sex, race, smoking cardiovascular disease, diabetes, socioeconomic factors, and 
occupational noise. At speech frequencies (0.5 – 2 kHz), even greater risk was associated with 
age and bilateral hearing loss (OR: 3.3 – 101). Similar results have been reported by independent 
evaluations of NHANES data (Hoffman et al., 2017) and in other epidemiological studies 
(Cruickshanks et al., 1998; Nash et al., 2011; Pearson et al., 1995). 
 
 

 
Figure 4. Age-related hearing loss from 1999-2004 NHANES studies.  
Odds ratios reported by Agrawal et al. (2008). 
 
 

4.1.2. Gender as a risk factor for hearing loss 

According to various evaluations of the NHANES data, men are approximately 2-fold more 
likely to experience hearing loss (Agrawal et al., 2008; Carroll et al., 2017; Hoffman et al., 
2017). Other studies have confirmed this gender-dependence (Cruickshanks et al., 1998; Pearson 
et al., 1995). More in-depth analyses have found that the gender differences are more 
pronounced at high frequencies, with older men showing drastic decline in ability to hear high 
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frequencies (Figure 5). Interestingly, women are slightly more susceptible to loss of hearing at 
low frequencies as they age compared to men. 
 
 

 
Figure 5. Average age-related changes in hearing according to gender.  
Reproduced from Pearson et al. (1995). 
 
 

4.1.3. Race/ethnicity as a risk factor for hearing loss 

Data from the NHANES studies demonstrate differences in hearing loss associated with 
race/ethnicity (Agrawal et al., 2008; Hoffman et al., 2017; Lin et al., 2012). In the NHANES 
studies, participants self-identify as “white, non-Hispanic”, “black, non-Hispanic”, “Asian, non-
Hispanic”, “Mexican American”, “other Hispanic” or “other”. Non-whites tend to show 
decreased risk for hearing loss, particularly “black, non-Hispanic” (Figure 6). It has been 
suggested that this difference is a result of the increased protection that melanin provides against 
reactive oxygen species (ROS), which act as biological mediators of hearing loss (Lin et al., 
2012). 
 
 
 



12 
 

Distribution Statement A: Approved for public release.       AFRL-2021-1516, cleared 18 May 2021 

 
Figure 6. Mean audiograms by race/ethnicity. 
The significance of the association of racial/ethnic category with each pure tone is denoted by 
asterisks (* p < 0.05; ** p < 0.01; *** p <  0.001) based on regression models adjusting for all 
demographic (age, sex, education, income), medical (diabetes, smoking, hypertension, stroke), 
and noise (work, leisure, firearm) exposure covariates. 
 
 

4.1.4. Noise as a risk factor for hearing loss 

NHANES included occupational noise exposure as a risk factor based on self-reported noise 
exposure. The NHANES survey questionnaire defined “loud” noise as when “you had to speak 
in a raised voice to be heard” and “very loud” noise as when “you have to shout in order to be 
understood by someone standing 3 feet away from you.” When this same data set was evaluated 
for the contribution of noise to hearing loss, the odds ratio ranged from 1.2 – 2.4 when adjusted 
for age, sex, and other demographic factors (Hoffman et al., 2017). Other studies have shown 
that the contribution of occupational noise to overall hearing loss is independent of age and 
gender, and calculated odds ratios are typically < 2 (Carroll et al., 2017; Krishnamurti, 2009).   
 
Also included in the NHANES survey was noise from recreational firearm use. Participants were 
asked to estimate the number of rounds fired from a gun during the previous year. Firearm use 
was associated with elevated risk of hearing loss, with 1-999 yearly rounds fired yielding an OR 
= 1.4 and with 1,000 or more rounds annually yielding an OR = 1.8 (Hoffman et al., 2017). 
 
 
Other demographic factors 
Level of education was evaluated as potential risk factor by the three independent analyses of the 
NHANES hearing loss data (Agrawal et al., 2008; Carroll et al., 2017; Hoffman et al., 2017). In 
each of the studies, level of education was significantly associated with hearing loss.  Increased 
level of education was associated with a reduced risk of hearing loss, when adjusting for other 
risk factors including age, gender, race, and occupational noise exposure. Hoffman et al. (2017) 
evaluated the association of the putative comorbidities (Besser et al., 2008) hypertension, cardiac 
disease and diabetes with hearing loss in the NHANES population. ORs for these conditions, 
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adjusting for age, race, gender, education, and noise, ranged from 0.9-1 are were not statistically 
significant (Hoffman et al., 2017). Likewise, despite published studies suggesting that smoking 
is associated with hearing loss, Hoffman et al. (2017) found no association between cigarette 
pack years and hearing loss at speech frequency in the NHANES population when adjusting for 
cofactors. Thus, education, but not hypertension, cardiovascular disease, diabetes or smoking, 
was included in the pilot IEHRP model for hearing loss. 
 
 
Genetic susceptibility as risk factor for hearing loss 
 
Two studies were identified with potentially useful data on genetic susceptibility for hearing 
loss: Zhang et al. (2019) and Wells et al., (2019).  Zhang et al. evaluated 83 candidate SNPs in 
476 subjects with NIHL (defined as > 1 year occupational noise exposure and high frequency 
hearing threshold > 45 dB) and 476 matched controls in China. Seven SNPs in the CDH23, 
PCDH15, EYA4, MYO1A, KCNMA1, and OTOG genes were significantly (P < 0.05) 
associated with the risk of NIHL, whereas seven other SNPs were marginally (P > 0.05 and P < 
0.1) associated with the risk of NIHL. In general, ORs for individual SNPs were < 1.5, though 
two SNPs had ORs > 2.  
 
Wells et al. (2019) performed a GWAS analysis of the UKBB DNA data set and identified 41 
independent SNPs with a statistical association to self-reported hearing loss from a population of 
> 250,000 subjects. The SNPs, and their ORs and associated CIs are provided in Table 2. 
 
 
Final model structure 
 
Based on the data described above, the risk factors for the initial model were designated to be: 
exposure (occupational noise, firearm noise), demographic factors (race/ethnicity, gender, age) 
and genetic susceptibility (SNPs). The primary data sets used for model development and 
evaluation were the NHANES hearing loss studies by Carroll et al. (2017), Agrawal et al. 
(2008), and Hoffman et al. (2017) and the genetic susceptibility studies of Zhang et al. (2019) 
and Wells et al. (2019) summarized in Tables 1-2.  
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Table 1. Demographic factors included in IEHRP pilot model for hearing loss 
 
  SNHL NIHL 
  Agrawal et al. (2008) Hoffman et al. (2017) Carroll et al. (2017) 
  n = 5742 n = 3831 n = 3583 
  OR 95% CI OR 95% CI OR 95% CI 
Age             
20-29 1   1   1   
30-39 3.3 0.9-12.0 1.1 0.3-4.4 1.4 0.98-2 
40-49 9.5 3.3-28.0 3.3 0.8-13.3 1.72 1.28-2.31 
50-59 33 10-112 13.4 2.8-63.5 1.58 1.04-2.42 
60-69 101 29-344 39.5 10.5-149 1.09 0.66-1.82 
Gender             
Female 1   1   0.35 0.19-0.66 
Male 2.4 1.7-3.5 1.8 1.1-3.0 1   
Race/Ethnicity             
White, non-Hispanic 1   2.3 1.3-3.9 1   
Black, non-Hispanic 0.4 0.2-0.5 1   0.54 0.35-0.82 
Mexican American 0.7 0.4-1.1 1.4 0.8-2.3 1.93 1.09-3.42 
Asian, non-Hispanic     2.1 1.1-4.2     
Other Hispanic     1.2 0.6-2.3     
Other 1.3 0.7-2.1 1.4 0.6-3.3     
Education             
< High school 1   4.2 2.1-8.5 1.75 0.89-3.42 
High school/equivalency 0.4 0.3-0.6 2.8 1.2-6.9 1.78 1.26-2.51 
Some college/AA     2.4 1.2-4.9     
College graduate or above     1       
> High school 
(combined) 

0.3 0.2-0.5     1   

Occupational Noise             
No     1       
Loud, < 5 yr     1 0.5-2.2     
Loud,, > 5 yr     1.2 0.5-2.6     
Very loud, < 5 yr     1.5 0.7-3.3     
Very loud, >5 yr     1.5 0.9-2.7     
Unknown     0.5 0.1-3.1     
No         1   
Yes (combined)         1.91 1.17-3.11 
Firearms             
No     1       
1- 9999 rounds     1.4 0.8-2.2     
>=1,000 rounds     1.8 1.1-3.0     

Data shown for speech frequency hearing loss as defined in the respective publications of 
Agrawal et al. (2008), Carroll et al. (2017), and Hoffman et al. (2017). 
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Table 2. Genetic factors included in IEHRP pilot model for hearing loss. 
 

SNPs identified by Wells et al. (2019) 
 CHR SNP Gene Effect Allele OR Lower 

 
Upper 

 
P-value 

 22 rs36062310 KLDHC7B G 1.032 1.026 1.038 1.90E-22 
5 rs6453022 ARHGEF28 C 1.013 1.011 1.015 1.70E-21 
6 rs759016271 ZNF318 AGTAGTCC 1.013 1.011 1.015 6.10E-21 
5 rs6890164 ARHGEF28 A 1.012 1.010 1.014 3.30E-19 
11 rs7951935 TYR G 1.011 1.009 1.013 7.80E-17 
6 rs35186928 HLA-DQA1 G 1.011 1.009 1.013 1.70E-15 
6 rs9493627 EYA4 G 1.010 1.008 1.012 1.40E-13 
22 rs132929 BAIAP2L2 G 1.010 1.008 1.012 2.20E-13 
22 rs5756795 TRIPOBP T 1.009 1.007 1.011 5.10E-12 
14 rs1566129 NID2 T 1.009 1.007 1.011 1.40E-11 
4 rs35414371 CLRN2 T 1.013 1.009 1.017 1.60E-11 
3 3:182069497 TA T ATP11B TA 1.012 1.008 1.016 4.10E-11 
11 rs12225399 PHLDB1 G 1.009 1.007 1.011 8.60E-11 
11 rs55635402 TUB A 1.011 1.007 1.015 2.90E-10 
16 rs62033400 FTO A 1.009 1.007 1.011 2.90E-10 
8 rs13277721 AGO2 G 1.008 1.006 1.010 3.30E-10 
2 rs62188635 KLF7 C 1.008 1.006 1.010 4.70E-10 
6 rs2236401 SYNJ2 C 1.008 1.006 1.010 9.30E-10 
7 rs4947828 GRB10 T 1.010 1.006 1.014 1.00E-09 
10 rs6597883 CTBP2 T 1.011 1.007 1.015 1.00E-09 
5 rs34442808 MCTP1,SLF1 T 1.008 1.006 1.010 1.30E-09 
10 rs835267 EXOC6 A 1.008 1.006 1.010 1.60E-09 
10 rs4948502 ARID5B T 1.008 1.006 1.010 1.70E-09 
10 rs10824108 ADK G 1.008 1.006 1.010 3.00E-09 
1 rs12027345 MAST2 G 1.008 1.006 1.010 3.60E-09 
6 rs217289 SNAP91 G 1.008 1.006 1.010 4.90E-09 
3 rs13093972 ZBTB20 A 1.008 1.006 1.010 5.50E-09 
15 rs62015206 MAPK6 C 1.008 1.006 1.010 7.70E-09 
5 rs10475169 IRX2 A 1.012 1.008 1.016 9.30E-09 
17 rs17671352 ACADVL T 1.008 1.006 1.010 1.00E-08 
1 rs7525101 LMX1A C 1.008 1.006 1.010 1.50E-08 
17 rs12938775 PAFAH1B1 G 1.008 1.006 1.010 1.60E-08 
8 rs76837345 CHMP4C A 1.015 1.009 1.021 1.90E-08 
6 rs9366417 SOX4 G 1.009 1.005 1.013 2.10E-08 
8 rs3890736 GFRA2 G 1.008 1.006 1.010 2.20E-08 
10 rs143282422 CDH23 G 1.036 1.023 1.048 2.40E-08 
7 rs9691831 TMEM213 A 1.007 1.005 1.009 3.10E-08 
11 rs141403654 AGBL2 A 1.032 1.020 1.044 3.50E-08 
18 rs4611552 CCDC68 T 1.009 1.005 1.013 3.60E-08 
13 rs12552 OLFM4 A 1.007 1.005 1.009 4.80E-08 
1 rs10927035 AKT3 C 1.008 1.006 1.010 4.90E-08 
SNPs identified by Zhang et al. (2019) 
 CHR SNP Gene Effect Allele OR Lower 

 
Upper 

 
P-value 

10 rs2394795 CDH23 T 1.44 1.01 2.05 0.043 
6 rs212769 EYA4 A 1.43 1.01 2.02 0.042 
6 rs3777781 EYA4 A 0.72 0.52 0.99 0.049 
10 rs696211 KCNMA1 C 0.48 0.26 0.87 0.016 
12 rs1552245 MYO1A A 0.7 0.51 0.96 0.028 
11 rs7106021 OTOG A 1.43 1.02 2.00 0.036 
10 rs11004085 Pcdh15 C 0.59 0.41 0.84 0.004 

CHR = chromosome 
Data shown for hearing loss as defined in the respective publications of Wells et al. (2019) and 
Zhang et al., (2019). 
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4.2  Evaluating IEHRP pilot model with published data 

4.2.1. Noise-induced hearing loss using the Carroll et al. (2017) and Zhang et al. (2019) 
data 

The genetic data for the 14 statistically significant SNPs identified in Zhang et al. (2019), 
together with demographic data (age, gender, race) from Carroll et al. (2017), were input into the 
published REGENT model, in a first effort to test the utility of the model structure. The model 
output is shown in Figure 7. The model predicts that the majority of the population is 
indistinguishable from the average using this input data.  Only 3% of the population is predicted 
to have elevated risk, while none of the population is predicted to be in the high risk category. 
 
 

 
Figure 7. IEHRP pilot model for NIHL using data from Carroll et al. (2017) for noise-
induced hearing loss, including age, race, gender and genetic susceptibility from Zhang et 
al. (2019). 
Demographic data from Carroll et al. (2017).  Genetic data includes 7 statistically significant 
SNPs from Zhang et al. (2019). Orange indicates high-risk individuals. Purple indicates elevated 
risk. Dark blue indicates average risk. Light blue indicates reduced risk individuals. 
 
 
The lack of resolution between categories and the lack of representation in the elevated and high 
risk categories indicates either that the risk factors do not confer very high risk (i.e., low odds 
ratios) or that the uncertainty is very high (i.e., large confidence intervals) for the associated  risk 
factors.   
 
Regarding these possibilities, we note that in their evaluations, Carroll et al. (2017) defined 
noise-induced hearing loss as an audiogram with a “high-frequency audiometric notch when any 
threshold at 3, 4, or 6 kHz exceeded the average threshold at 0.5 and 1 kHz by ≥ 15 decibel (dB) 
hearing level (HL), and the 8 kHz threshold was at least 5 dB HL lower (better) than the 
maximum threshold at 3, 4, or 6 kHz." Thus, they filtered the NHANES data to only consider 



17 
 

Distribution Statement A: Approved for public release.       AFRL-2021-1516, cleared 18 May 2021 

tests that fell within this range as positive responders. This data set, which excludes any 
sensorineural hearing loss associated with factors other than noise, showed much lower odds 
ratios (OR of ~2) than the papers that evaluated overall hearing loss (ORs  of 3-100 when also 
including other factors such as age). Because relevant risk factors are excluded, we may not have 
sufficient resolution in these data to discriminate between average and elevated risk, except in 
the most extreme cases. To test this, we then evaluated the model against NHANES data using 
odds ratios from Hoffman et al. (2017) developed for non-specific (age-related, sensorineural) 
hearing loss which have higher ORs (e.g., up to 100 for age). 
 

4.2.2. Sensorineural hearing loss using the Hoffman et al. (2017) and Zhang et al. (2019) 
data 

As opposed to Carroll et al. (2017), Hoffman et al. (2017) analyzed the association of various 
risk factors with non-specific (or sensorineural) hearing loss. The odds ratios for some risk 
factors (e.g., age) were much greater than those reported for noise-induced hearing loss in 
Carroll et al. (2017) (e.g., 100 vs 2 for ages 60-69). We tested whether these data would better 
support definition of average vs. elevated risk in the tested populations; the genetic data for the 
14 statistically significant SNPs identified in Zhang et al. (2019), together with demographic 
data (age, gender, race) from Hoffman et al. (2017), were input into the IEHRP pilot model. The 
model output is shown in Figure 8.   
 
 

 
Figure 8. IEHRP pilot model for SNHL using risk factors from Hoffman et al. (2017) for 
sensorineural hearing loss, including age, race, gender and genetic susceptibility from 
Zhang et al. (2019).  
Demographic and exposure data from Hoffman et al. (2017). Genetic data from Zhang et al. 
(2019). Orange indicates high-risk individuals.  Purple indicates elevated risk.  Dark blue 
indicates average risk.  Light blue indicates reduced risk individuals. 
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Interestingly, while the model’s discrimination of reduced vs. average risk was improved, there 
was still only a small portion of the population (6%) identified as elevated/high risk. While we 
are only in the first spiral stage of development for this model and expect that expanded efforts 
to describe chemical and noise exposures will improve model predictivity, we have expectation 
that a larger portion of the population should be at elevated risk when age, race, education and 
gender are considered. In the population that was used for the Hoffman paper, approximately 
24% of the population tested positive for hearing loss using pure tone testing.   
 
To explore why the model appears to be under predicting risk, we evaluated the model 
predictions using only the demographic data from Hoffman et al. (2017) (excluding any genetic 
component). Using only the demographic data from Hoffman, it is reasonable to assume that if 
all of the key risk factors were accounted for in the Hoffman study, the model should then 
predict an “at risk” population that is consistent with the number of subjects identified to have 
experienced hearing loss (~24%). The model prediction is shown in Figure 9.  
 
 

 
Figure 9. IEHRP pilot model prediction using risk factors from Hoffman et al. (2017) for 
sensorineural hearing loss using only demographic factors - excluding genetic 
susceptibility.  
Demographic data from Hoffman et al. (2017). Orange indicates high-risk individuals.  Purple 
indicates elevated risk.  Dark blue indicates average risk.  Light blue indicates reduced risk 
individuals. 
 
 
By excluding the genetic data, the model is better able to discriminate between reduced, average, 
elevated, and high-risk populations. This model also predicts that 11% of the population would 
be at elevated or high risk, which is more consistent with the Hoffman study (assuming that most 
or all of the ~24% of subjects that experience hearing loss would be at elevated or high risk).  
 
The fact that the model is improved by excluding the genetic data indicates that the genetic data 
are impairing the model prediction. To explore this, we ran a number of scenarios with the 
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model. First, the model was run using only the genetic data as risk factors. As shown in Figure 
10, the model cannot discriminate between average and reduced or elevated risk except at the 
most extreme cases. We also ran several iterations of the model using the Hoffman et al. (2017) 
demographic data together with subsets of the genetic data (e.g., only the 7 highly associated 
SNPs, only the 3 SNPs with the highest ORs, etc.). These runs showed that the model’s ability to 
discriminate between average and elevated risk improved as the number of genetic factors were 
reduced (data not shown). Thus, based on all of these runs, we would conclude that the current 
genetic susceptibility data are not sufficiently strong to add value to the model.    
 
This is likely due to the fact that the study from which these data are taken was relatively small 
(952 subjects). The reported odds ratios are low (typically < 1.5), and the confidence intervals 
are relatively large. Thus, a priority for improving this model would be finding – or creating – a 
more robust genetic data set.   
 

 

 
 

Figure 10. IEHRP pilot model prediction for sensorineural hearing loss using only genetic 
susceptibility from Zhang et al. (2019). 
Orange indicates high-risk individuals. Purple indicates elevated risk. Dark blue indicates 
average risk. Light blue indicates reduced risk individuals. 
 
 
A recent study by Wells et al. (2019) evaluated the role of genetics in hearing loss using the UK 
Biobank database. Wells and co-authors identified 41 independent SNPs that had a statistically 
significant association with self-reported hearing loss (Table 2). This study had the advantage of 
a vastly increased study size (n > 250,000) compared to the Zhang et al. (2019) study (n < 
1,000). The Wells analysis also evaluated a broader range of SNPs and included a more diverse 
population compared to the Zhang study. Because of the large sample size, the Wells data set is 
likely to provide a higher level of resolution and improved statistical power compared to Zhang 
et al. (2019), which may be the reason more SNPs were identified in the Wells study. However, 
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like Zhang et al. (2019), the odds ratios for the individual SNPs identified in the Wells study 
were quite small (< 1.2).  
 
We ran the IEHRP model with the demographic and exposure data from each of the NHANES 
analyses for SNHL (Hoffman et al., 2017; Agrawal et al., 2008) and NIHL (Carroll et al., 2017) 
with and without the genetic data of Wells et al., 2019) (Figures 11-13).  Because access to the 
raw SNP data from the UK Biobank requires a time-intensive application process (approximately 
0.5 – 1 year), the following analyses used the summary data provided in the Wells et al. (2019) 
publication. These summary data allow us to replicate the analyses performed by Wells and co-
authors, but does not support further analysis of additional risk factors or gene by environment 
interactions that may exist. 
 
As opposed to the Zhang data, the addition of the Wells genetic data does not negatively affect 
the ability of the model to distinguish between reduced, average, elevated, and high risk 
categories. However, the genetic factors appear to slightly reduce the overall risk of hearing loss. 
 
 

  
Figure 11. IEHRP pilot model for SNHL using the demographic and exposure risk factors 
from Hoffman et al. (2017) (left) or the demographic, exposure, and genetic factors from 
Hoffman et al. (2017) and Wells et al. (2019) (right). 
Orange indicates high-risk individuals. Purple indicates elevated risk. Dark blue indicates 
average risk. Light blue indicates reduced risk individuals. 
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Figure 12. IEHRP pilot model for SNHL using the demographic and exposure risk factors 
from Agrawal et al. (2008) (left) or the demographic, exposure, and genetic factors from 
Agrawal et al. (2008) and Wells et al. (2019) (right). Orange indicates high-risk individuals. 
Purple indicates elevated risk. Dark blue indicates average risk. Light blue indicates reduced 
risk individuals. 
 
 

  
Figure 13. IEHRP pilot model for NIHL using the demographic and exposure risk factors 
from Carroll et al. (2017) (left) or the demographic, exposure, and genetic factors from 
Carroll et al. (2017) and Wells et al. (2019) (right). 
 
 
The population distribution of the four predicted risk categories are summarized in Table 3 for 
each combination of demographic and genetic risk data.  In each case, addition of the Zhang et 
al. (2019) genetic data reduced model resolution compared to using only the demographic and 
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environmental factors from Carroll et al., (2017), Agrawal et al., (2008) or Hoffman et al. 
(2017), as evidenced by larger population of “moderate risk” and reduced populations in all other 
categories.  In contrast, addition of the Wells et al. (2019) genetic data from the much larger and 
more diverse population (n > 250,000 vs. 952) had negligible effect on population distribution, 
and the slight changes observed were in the direction of reduced overall risk. 
 
 
Table 3. IEHRP model predicted population distributions of risk categories based on 
different data sources. 
  

NIHL SNHL 

Demographic 
dataa Carroll Hoffman 

 
Agrawal 

 
Genetic datab --- Zhang Wells --- Zhang Wells --- Zhang Wells 

          

Risk Category 
(% population) 

         

Reduced 30% 13% 32% 60% 53% 60% 66% 57% 67% 
Average 57% 84% 54% 29% 42% 30% 19% 37% 19% 
Elevated 11% 3% 11% 9% 5% 8% 7% 4% 7% 

High 3% 0% 3% 2% 1% 2% 8% 3% 8% 
aDemographic ORs and CIs from Agrawal et al. (2008), Carroll et al. (2017) and Hoffman et al. 
(2017). 
bGenetic ORs and CIs from Wells et al. (2019) and Zhang et al. (2019).  Dashed line indicates 
that genetic data was not used in the model. 
 
 

4.3  Evaluating utility of public data sets to predict relative risk for Air Force personnel 

It is expected that significant differences exist between the NHANES and Air Force populations, 
as NHANES employs a weighted sampling technique to ensure sufficient data are collected in 
minority populations of all ages. Further, the NHANES survey specifically excludes active duty 
military personnel. Thus, in order to evaluate whether the model built using the NHANES data 
can be useful for predicting relative risk in the Air Force population, the distribution of the 
demographic characteristics in the NHANES population was compared to those of current Air 
Force personnel.   
 
The comparison of the distribution of three risk factors (age, gender, race/ethnicity) in the 
NHANES (weighted) and Air Force populations is shown in Figure 14. 
A       B 
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C 

  
Figure 14. Comparison of the distribution of gender (A), age   (B), and race/ethnicity (C) in 
the NHANES (weighted) and Air Force populations (actual). 
 
 
While there are differences in the distributions, the NHANES data set clearly encompasses the 
demographics of the Air Force personnel. This indicates that a model built based-on the 
NHANES data should be applicable to the Air Force population. 
 

4.4  Development of a model app 

To facilitate user access to the IEHRP model, a graphical user interface was developed in R, 
using the Shiny plugin. Currently the app is accessed through R Studio but will ultimately be 
accessed via the internet, like existing 711 HPW applications, and potentially downloaded onto 
mobile devices. Screen captures of the current version of the app are shown below. For each 
figure, the numbers and notes on the side, which are in red font, have been added on top of the 
screen capture to highlight various features of the app for this report. 
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Figure 15. Screen capture of the landing page for the IEHPR model app. 
In the above figure, “1 >” (in red) denotes the tabs that allow the end user to choose the kind of 
data they want to consider in the model. The end user may choose genetic data, environmental 
risk factors (demographic and exposure), or both. “2 >” denotes the feature that allows the user 
to choose a data set from which to build their model. This could be using different data sets for 
the same outcome (e.g., NHANES vs Air Force specific data) or in later versions of the model 
could also be used to choose which health outcome is being modeled.  “3 >” denotes the action 
tab which tells the model to run. 
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Figure 16. Screen capture of IEHRP hearing loss model app output for population level 
data using the NHANES data. 
App output of the overall distribution of the risk categories for the modeled population. 
 
 

 
Figure 17. Screen capture of the model utility for predicting risk of individuals. 
The IEHRP app allows the model to be used to predict the risk categories for multiple 
individuals simultaneously in batch runs, by importing data (denoted by the text box and 
brackets on the right). The model may also be used to evaluate a single patient in real time 
(denoted by the text box and brackets on the left). “4 >” (in red) denotes dropdown menus that 
allow the end user to choose pre-set levels for the risk factors included in the model.  An example 
is shown here for a theoretical patient. 
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5.0  DISCUSSION 

5.1  Model structure 

Currently, it appears that the REGENT model structure is sufficient to support the first phase of a 
model for hearing loss (Spiral 1 development). Through modifications of the model code, it is 
possible to allow larger data sets, different types of data (continuous vs. discrete), and different 
analyses/comparisons. The computing power available to the Air Force will likely allow the 
model to be run relatively efficiently, even though the increased size of the IEHRP model 
compared to the original REGENT model package will significantly increase runtime. However, 
we may need to revisit the issue of using the current code as the backbone for the model as the 
OHR&RP program is expanded to include other health endpoints. One possible approach would 
be to run and store the virtual population predictions, and then save the output into static files 
that can be accessed for individual predictions within the model App. This would bypass the 
need for a time-consuming step of running the population level calculations each time the end 
user wanted to access predictions for individuals. 
 
In additional spirals of model development, the current hearing loss model could be expanded to 
consider additional risk factors, including chemical exposure and additional sources of noise 
(earbuds, concerts, flightline, etc.) that are likely to be risk factors for the Air Force population. 
Further, issues resulting from acute (impulse) noise could be included in an effort to help 
commanders evaluate Airman readiness for return to duty following impulse noise incidents. In 
addition, this model platform can be used to address any health outcomes that are both 
environmentally and genetically driven. Ultimately, the goal of this and future spirals of work is 
to develop a comprehensive model of the health of airmen, that includes the diverse health risks 
that may affect operational readiness of Air Force personnel.  
 
Another approach that would be of value is the development of a machine learning model. This 
type of model could more efficiently utilize the large data sets of databanks such as the UKBB 
and would be amenable to supporting an ever-evolving model in additional spiral developments.  
 

5.2  Supporting data  

It is clear from the initial results that the ability of the model to discriminate between risk 
categories (average vs. reduced or elevated) is highly dependent on the sample size of the data 
that used to develop the ORs that are used in the model. Sample size drives the size of the 
confidence intervals for each OR and therefore the ability of the model to predict whether a 
particular risk profile may lie outside the average range. While the genetic data from the Wells 
study (Wells et al., 2019) is based on over 250,000 subjects, the data we are currently using for 
demographic and exposure factors are taken from a combined NHANES population of less than 
6,000 subjects. Clearly, there is room for improvement in these data. We are currently 
undergoing the application process to access the raw data from the UK Biobank. The analyses 
performed to date have relied on summary data from a published analysis (Wells et al., 2019) 
and, therefore, are limited to the factors studied by the authors of the publication (genetic risk 
and self-reported hearing loss). Obtaining the raw data from the UK Biobank, though a more 
time-intensive process than using summary data from published analyses, will enable access to 
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questionnaire data associated with the > 250,000 subjects with hearing loss and genetic data that 
were analyzed in the Wells study. The questionnaire data includes information on demographic 
factors already considered in the model (age, gender, ethnicity, education) as well as many other 
possible risk factors, including possible noise and chemical exposures and medical conditions. 
With such a large data set, the resolution of the model would be improved. One drawback to 
using this data set for the model, however, is that the UKBB does not have audiogram data – 
meaning that hearing loss can only be defined by self-reported hearing loss or the use of a 
hearing aid. Thus, in order to use the UKBB data, we must ensure a robust relationship between 
self-reported hearing loss and audiogram measurements.   
 
A preliminary literature search was performed and > 20 papers were identified that address this 
topic. The studies are generally consistent, reporting approximately 70% agreement between 
self-reported hearing loss and audiograms (using audiogram as the comparator and a 25 dB HL 
cutoff). This specificity increases with larger dB HL cutoffs, which is reasonable considering 
larger dB HL cutoffs indicate more severe, and therefore noticeable, hearing loss. Specificity – 
or odds of self-reporting hearing loss when no change is seen in audiograms – is more variable, 
with reported values ranging from ~30 - 70%. This may be due to the type of questions asked. It 
appears that the simpler the question, the better correlation with the audiogram. For example, 
“Have you experienced hearing loss?” is likely to correlate more closely to audiograms than a 
more specific question. Methods for estimating “true” hearing loss from self-reported hearing 
loss have also been described in the literature (Ikeda et al., 2009) and could be useful for 
incorporating self-reported hearing loss into the IEHRP model. 
 
Overall, the literature is relatively supportive of using a resource such as the UKBB to 
parameterize the model, even if the study did not include audiogram data. If the correlation of 
self-reported hearing loss to audiogram is consistent enough, it may be reasonable to use self-
reported hearing loss based on the advantages gained in sample size/predictive power of the 
various risk factors. 
 
An additional advantage to using the UK Biobank for model building is the addition of several 
risk factors that may be important for hearing loss. The UK Biobank questionnaires included 
extensive polling of work history, workplace conditions, health history, noise exposure, and even 
some pertinent chemical exposure (e.g., occupational volatile chemical exposures) that may 
improve the model predictions of overall risk for hearing loss. We have requested 176 data fields 
from the UK Biobank questionnaire and intend to evaluate their role in hearing loss risk in future 
iterations of the IEHRP hearing loss model.   
 

5.3  Model output and communication 

The model app provides a user-friendly means of accessing the model and its predictions. While 
evolution of the model and the data is expected, it is also expected that whatever application is 
used would be easily adapted to incorporate any such changes. We will continue to update the 
accessibility to the model based on feedback from the customer and in response to any changes 
to the model or data.   
 
  



28 
 

Distribution Statement A: Approved for public release.       AFRL-2021-1516, cleared 18 May 2021 

6.0  CONCLUSIONS  

Our evaluations of the REGENT modeling framework indicate that the approach is appropriate 
for the purpose of predicting relative risk in a population. Despite limitations in the supporting 
data, the modeling framework is versatile enough that it can evolve as new data are obtained. It 
is expected that additional data will improve the accuracy of predictions but will not significantly 
impact how the results are presented. 
 
Initial model runs showing a lack of resolution between predicted risk of the individuals in the 
population highlight the need for data that can be used to ground-truth (i.e., validate) the model. 
In particular, access to information from the ILER or DOEHRS-IH databases are paramount. We 
are also working to access the UK Biobank raw data, which will strengthen both the 
demographic and genetic data sets. As data are made available, we will continue to incorporate 
them into a suitable model structure.  
 
We have identified the assumption of independence in the model as a key issue to be evaluated 
going forward. We have engaged mathematicians at the Air Force Institute of Technology to 
help with evaluation of parameter dependence. 
 
The app provides an initial user-friendly means of accessing the model and the model 
predictions. While evolution of the model and the data is expected, it is likely that the app will 
also be easily adapted to incorporate any such changes. The model may also be incorporated into 
existing 711 HPW applications. Both will continue to be updated based on feedback from 
customers and in response to any changes to the model or data. 
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APPENDIX A.  IEHRP MODEL CODE 

.onAttach <- function(...) { 
   startMessage <- "User manual in ../library/REGENT/doc/REGENT_usermanual.pdf" 
   packageStartupMessage(startMessage) 
} 
 
library(dplyr) 
 
#Set the function and the default values 
REGENT.model <- function(AnalysisName, 
                        LocusFile = NULL, 
                        EnvFile = NULL, 
                        prev = 0.001, 
                        cv = 0.05, 
                        alpha = 0.05, 
                        sims = 1e+05, 
                        indsims = 1e+05, 
                        SmallSampAdjust = 0.5, 
                        BaseRange = 0.01, 
                        PlotMax = 5, 
                        Block = 100, 
                        lowerLimit = 1, 
                        upperLimit = 1, 
                        convertRR = FALSE) { 
   print(paste("Analysis started at", date(), sep = " ")) 
   log <- paste("Analysis started at", date(), sep = " ") 
####################################################################### 
 
#Read in the model and locus files/objects 
 
####################################################################### 
 
   print("Reading input...") 
   log <- c(log, "Reading input...") 
  # Make sure data is provided and provide warnings if simulations would fail. 
   if (is.null(LocusFile) && is.null(EnvFile)) { 
      print("ERROR: No data available - specify LocusFile or EnvFile") 
      log = c(log, "ERROR: No data available - specify LocusFile or EnvFile") 
      return(NULL) 
   } 
   if ((sims < 1e+05) && (sims > 9999)) { 
      warn <- paste("Warning: low number of simulations,", 
                    "confidence intervals may be inaccurate", 
                    sep = "") 
      print(warn) 
      log <- c(log, warn) 
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   } 
   if (sims < 10000) { 
      warn <- paste("Warning: very low number of simulations,", 
                    "confidence intervals likely to be inaccurate!!", 
                    sep = "") 
      print(warn) 
      log <- c(log, warn) 
   } 
   if ((indsims < 1e+05) && (indsims > 9999)) { 
      warn <- paste("Warning: low number of individuals simulationed,", 
                    "relatively common multilocus genotypes may be missed", 
                    sep = "") 
      print(warn) 
      log <- c(log, warn) 
   } 
   if (indsims < 10000) { 
      warn <- paste("Warning: very low number of simulations, relatively", 
                    " common multilocus genotypes likely to be missed!!", 
                    sep = "") 
      print(warn) 
      log <- c(log, warn) 
   } 
 
   #Read in provided data. 
   Geno <- !is.null(LocusFile) 
   Env <- !is.null(EnvFile) 
   if (Geno) { 
      GenoIn <- read.table(LocusFile, header = TRUE) 
      path <- unlist(strsplit(LocusFile, split = "/")) 
   } 
   else { 
      path <- unlist(strsplit(EnvFile, split = "/")) 
   } 
   path <- path[-length(path)] 
   if (length(path) > 0) { 
      setwd(paste(path, collapse = "/")) 
   } 
 
   #Filtering is complicated by quosure nonsense. 
   upperLimit <- rlang::enquo(upperLimit) 
   lowerLimit <- rlang::enquo(lowerLimit) 
   #Validate, clean, and filter genetic data. 
   if (Geno) { 
      if (sum(c("SNP", "MAF", "Ncase", "Ncontrol") %in% colnames(GenoIn)) < 4) { 
         err <- paste("ERROR: Variables missing from input. ", 
                      "Ensure SNP name (SNP), Minor Allele Frequency (MAF),", 



32 
 

Distribution Statement A: Approved for public release.       AFRL-2021-1516, cleared 18 May 2021 

                      "number of cases (Ncase) and number of controls ", 
                      "(Ncontrol) are specified in locus file", 
                      sep = "") 
         print(err) 
         log <- c(log, err) 
         return(NULL) 
      } 
      if ("RR" %in% colnames(GenoIn)) { 
         GenoIn <- GenoIn %>% 
            filter(!(RR > 1 & RR ^ 2 < !!upperLimit), 
                   !(RR < 1 & RR ^ 2 > !!lowerLimit)) 
            nSNP <- nrow(GenoIn) 
         if (nrow(GenoIn) > 0) { 
            p <- GenoIn[, match("MAF", colnames(GenoIn))] 
            ncase <- GenoIn[, match("Ncase", colnames(GenoIn))] 
            ncontr <- GenoIn[,match("Ncontrol", colnames(GenoIn))] 
            OR <- GenoIn[, match("RR", colnames(GenoIn))] 
            OR[p > 0.5] <- 1 / OR[p > 0.5] 
            MltplctvOR <- TRUE 
         } 
         else { 
            Geno <- FALSE 
         } 
      } 
      else { 
         if (("RR_het" %in% colnames(GenoIn)) && 
             ("RR_hom" %in% colnames(GenoIn))) { 
            GenoIn <- GenoIn %>% 
               filter(!(RR_het > 1 & RR_het < !!upperLimit) & 
                         !(RR_hom > 1 & RR_hom < !!upperLimit), 
                      !(RR_het < 1 & RR_het > !!lowerLimit) & 
                         !(RR_hom < 1 & RR_hom > !!lowerLimit)) 
            nSNP <- nrow(GenoIn) 
            OR <- cbind(GenoIn[, match("RR_het", colnames(GenoIn))], 
                        GenoIn[,match("RR_hom", colnames(GenoIn))]) 
            if (nrow(GenoIn) > 0) { 
               p <- GenoIn[, match("MAF", colnames(GenoIn))] 
               ncase <- GenoIn[, match("Ncase", colnames(GenoIn))] 
               ncontr <- GenoIn[,match("Ncontrol", colnames(GenoIn))] 
               OR[p > 0.5,] <- 1 / OR[p > 0.5,] 
               MltplctvOR <- FALSE 
            } 
            else { 
               Geno <- FALSE 
            } 
         } 
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         else { 
            err <- paste("ERROR: Ensure risk ratios are present,", 
                         " with column name OR for allelic risk ratios or two", 
                         " columns RR_het and RR_hom for genotypic risk ratios", 
                         sep = FALSE) 
            print(err) 
            log <- c(log, err) 
            return(NULL) 
         } 
      } 
      if (nSNP > 0) { 
      p[p > 0.5] <- 1 - p[p > 0.5] 
      q <- 1 - p 
      } 
      else { 
         Geno <- FALSE 
         nSNP <- 0 
         p <- integer(0) 
         q <- integer(0) 
         MltplctvOR <- TRUE 
         OR <- NULL 
         GenoIn <- NULL 
      } 
 
   } 
   else { 
      nSNP <- 0 
      p <- integer(0) 
      q <- integer(0) 
      MltplctvOR <- TRUE 
      OR <- NULL 
      GenoIn <- NULL 
   } 
   #Validate, clean, and filter enviromental data. 
   MlvlEF <- TRUE 
   if (Env) { 
      EnvIn <- read.table(EnvFile, header = TRUE) 
      if (!("Factor" %in% colnames(EnvIn))) { 
         err <- paste("ERROR: Ensure factor name (Factor)is specified", 
                      "in environmental file", 
                      sep = "") 
         print(err) 
         log <- c(log, err) 
         return(NULL) 
      } 
      EnvIn <- EnvIn %>% 
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         filter_at(vars(starts_with("RR")), 
                   any_vars(!(. < 1 & . > !!lowerLimit) & !(. > 1 & . < !!upperLimit))) 
      nEnv <- nrow(EnvIn) 
      ORnames <- paste("RR", 1:((dim(EnvIn)[2] - 1) / 3), sep = "") 
      if (length(ORnames) == 1) { 
         ORnames <- "RR" 
         MlvlEF <- FALSE 
      } 
      Exnames <- paste("Exposed", 1:((dim(EnvIn)[2] - 1) / 3), sep = "") 
      if (length(Exnames) == 1) { 
         Exnames <- "Exposed" 
         MlvlEF <- FALSE 
      } 
      SEnames = paste("SE", 1:((dim(EnvIn)[2] - 1) / 3), sep = "") 
      if (length(SEnames) == 1) { 
         SEnames <- "SE" 
         MlvlEF <- FALSE 
      } 
      if (MltplctvOR) { 
         if (!MlvlEF) { 
            OR <- c(OR, EnvIn[, match(ORnames, colnames(EnvIn))]) 
         } 
         else { 
            genoFill <- matrix(rep(NA, length(OR) * (length(ORnames) - 1)), 
                            nrow = length(OR)) 
            if (length(OR) > 0) { 
               OR <- rbind(as.matrix(cbind(OR, genoFill)), 
                           as.matrix(EnvIn[, match(ORnames, colnames(EnvIn))])) 
            } 
            else { 
               OR <- as.matrix(EnvIn[, match(ORnames, colnames(EnvIn))]) 
            } 
         } 
      } 
      else { 
         if (!MlvlEF) { 
            OR <- rbind(OR, cbind(EnvIn[, match("RR", colnames(EnvIn))], 
                                 rep(NA, sum("RR" %in% colnames(EnvIn))))) 
         } 
         else { 
            if (length(OR) > 0) { 
               if (length(ORnames) > 2) { 
                  genoFill <- matrix(rep(NA, length(OR) * ((length(ORnames) - 2))), 
                                      nrow = length(OR)) 
               OR <- cbind(OR, genoFill) 
               } 
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               OR <- rbind(as.matrix(OR), 
                           as.matrix(EnvIn[, match(ORnames, colnames(EnvIn))])) 
            } 
            else { 
               OR <- as.matrix(EnvIn[, match(ORnames, colnames(EnvIn))]) 
            } 
         } 
      } 
      if (nrow(EnvIn) > 0) { 
         colnames(OR) <- NULL 
         Ex <- as.matrix(EnvIn[, match(Exnames, colnames(EnvIn))]) 
         nEx <- 1 - Ex 
         SE <- as.matrix(EnvIn[, match(SEnames, colnames(EnvIn))]) 
         nEnv <- nrow(EnvIn) 
         if (sum(rowSums(Ex) > 1) > 0) { 
            err <- "ERROR: sum of environmental exposure levels greater than 1" 
            print(err) 
            log <- c(log, err) 
            return(NULL) 
         } 
      } 
      else { 
         nEnv <- 0 
         Ex <- integer(0) 
         nEx <- integer(0) 
         EnvIn <- NULL 
         Env <- FALSE 
      } 
    } 
   else { 
      nEnv <- 0 
      Ex <- integer(0) 
      nEx <- integer(0) 
      EnvIn <- NULL 
   } 
   nVar <- nSNP + nEnv 
   if (nVar == 0) { 
      err <- "All factors have been filtered out." 
      print(err) 
      log <- c(log, err) 
      return(NULL) 
   } 
####################################################################### 
 
#Calculate the multifactoral risks for the population 
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####################################################################### 
 
   print("Simulating population of genotypes...") 
   log <- c(log, "Simulating population of genotypes...") 
   pop <- matrix(nrow = indsims, ncol = nVar, rep(0, nVar * indsims)) 
   if (Geno) { 
      for (i in 1:nSNP) { 
         rand <- runif(indsims, 0, 1) 
         pop[rand <= p[i], i] <- 1 
         rand <- runif(indsims, 0, 1) 
         pop[rand <= p[i], i] <- pop[rand <= p[i], i] + 1 
      } 
   } 
   if (Env) { 
      for (i in 1:nEnv) { 
         rand <- runif(indsims, 0, 1) 
         for (j in dim(Ex)[2]:1) { 
            pop[rand <= sum(Ex[i, 1:j]), nSNP + i] <- j 
         } 
      } 
   } 
   Mp <- table(apply(X = pop, MARGIN = 1, FUN = paste, collapse = "")) / indsims 
   Combos <- t(matrix(as.numeric(unlist(strsplit(rownames(Mp), 
                                                split = ""))), nrow = nVar)) 
   nGeno <- dim(Combos)[1] 
   rownames(Mp) <- NULL 
   pop <- NULL 
   print("Calculating point estimates...") 
   log <- c(log, "Calculating point estimates...") 
   MGRR <- rep(1, nGeno) 
   rsim <- rnorm(sims, 1, sd = cv) 
   if (Geno) { 
      gsim <- array(dim = c(sims, nSNP, 3)) 
      gsim[, , 1] <- 1 
      if (MltplctvOR) { 
         for (i in 1:nSNP) { 
            MGRR <- MGRR * OR[i] ^ Combos[, i] 
            #Create therorical experiment based on values provided 
            #Note: SamllSampAdjust is there to avoid divison by 0 
            con0 <- (q[i] ^ 2) * ncontr[i] 
            con1 <- 2 * p[i] * q[i] * ncontr[i] 
            con2 <- (p[i] ^ 2 * ncontr[i]) + SmallSampAdjust 
            denom <- (1 + (OR[i] - 1) * p[i]) ^ 2 
            case0 <- ((q[i] ^ 2) * ncase[i]) / denom 
            case1 <- (2 * OR[i] * p[i] * q[i] * ncase) / denom 
            case2 <- ((((OR[i] * p[i]) ^ 2) * ncase) / denom) + SmallSampAdjust 
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            #Compute SD of the RR from theorical experiment above 
            sdLog1 <- sqrt((1 / case0) + (1 / case1) + (1 / con0) + (1 / con1)) 
            sdLog2 <- sqrt((1 / case0) + (1 / case2) + (1 / con0) + (1 / con2)) 
            #Simulate OR 
            gsim[, i, 2] <- rlnorm(sims, meanlog = log(OR[i]), sdlog = sdLog1) 
            gsim[, i, 3] <- rlnorm(sims, meanlog = log(OR[i]^2), sdlog = sdLog2) 
            sdFreq <- sqrt((p[i] * q[i]) / ncontr[i]) 
            lsim <- rnorm(sims, mean = p[i], sd = sdFreq) 
            lsim <- (1 + (gsim[, i, 2] - 1) * lsim) ^ 2 
            lsim <- mean(lsim)/lsim 
            gsim[, i, ] <- gsim[, i, ] * lsim 
         } 
      } 
      else { 
         for (i in 1:nSNP) { 
            MGRR <- MGRR * cbind(rep(1, nSNP), 
                                 as.matrix(OR)[1:nSNP,])[i, Combos[, i] + 1] 
            #Create therorical experiment based on values provided 
            #Note: SamllSampAdjust is there to avoid divison by 0 
            con0 <- (q[i] ^ 2) * ncontr[i] 
            con1 <- 2 * p[i] * q[i] * ncontr[i] 
            con2 <- (p[i] ^ 2 * ncontr[i]) + SmallSampAdjust 
            denom <- (1 + (OR[i, 1] - 1) * p[i]) ^ 2 
            case0 <- ((q[i] ^ 2) * ncase[i]) / denom 
            case1 <- (2 * OR[i, 1] * p[i] * q[i] * ncase) / denom 
            case2 <- (((OR[i ,2] * (p[i]) ^ 2) * ncase) / denom) + 
               SmallSampAdjust 
            #Compute SD of the RR from theorical experiemnt above 
            sdLog1 <- sqrt((1 / case0) + (1 / case1) + (1 / con0) + (1 / con1)) 
            sdLog2 <- sqrt((1 / case0) + (1 / case2) + (1 / con0) + (1 / con2)) 
            gsim[, i, 2] <- rlnorm(sims, meanlog = log(OR[i, 1]), 
                                   sdlog = sdLog1) 
            gsim[, i, 3] <- rlnorm(sims, meanlog = log(OR[i, 2]), 
                                   sdlog = sdLog2) 
            lsim <- rnorm(sims, mean = p[i], 
                         sd = sqrt((p[i] * q[i]) / ncontr[i])) 
            lsim <- (1 + (gsim[, i, 2] - 1) * lsim) ^ 2 
            lsim <- mean(lsim) / lsim 
            gsim[, i, ] <- gsim[, i, ] * lsim 
         } 
      } 
   } 
   if (Env) { 
      esim <- array(dim = c(sims, nEnv, dim(Ex)[2] + 1)) 
      esim[, , 1] <- 1 
      for (i in 1:nEnv) { 
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         MGRR <- MGRR * (c(1, as.matrix(OR)[nSNP + i, ])[!is.na(c(1, as.matrix(OR)[nSNP + i, 
]))][Combos[, nSNP + i] + 1]) 
         for (j in 2:(dim(Ex)[2] + 1)) { 
            esim[, i, j] = rlnorm(sims, 
                                  meanlog = log(as.matrix(OR)[nSNP + i, j - 1]), 
                                  sdlog = as.matrix(SE)[i, j - 1]) 
         } 
      } 
   } 
 
####################################################################### 
 
#Obtain confidence intervals for multilocus GRRs by simulation 
 
####################################################################### 
 
   print("Simulating for confidence intervals...") 
   log <-  c(log, "Simulating for confidence intervals...") 
   upper <- vector(length = nGeno) 
   lower <- upper 
   for (i in seq(0, nGeno - 1, by = Block)) { 
      if (i <= (nGeno) - Block) { 
         risksim <- matrix(rep(rsim, Block), nrow = sims, ncol = Block) 
         if (Geno) { 
            for (j in 1:nSNP) { 
               risksim <- risksim * gsim[, j, 
                                         Combos[(i + 1):(i + Block), j] + 1] 
            } 
         } 
         if (Env) { 
            for (j in 1:nEnv) { 
               risksim <- risksim * esim[, j, 
                                         Combos[(i + 1):(i + Block), 
                                                nSNP + j] + 1] 
                } 
            } 
            sorted <- as.matrix(apply(X = risksim, 
                                      MARGIN = 2, 
                                      FUN = quantile, 
                                      probs = c(alpha/2, 1 - (alpha/2))), 
                                nrow = 2) 
            lower[(i + 1):(i + Block)] = sorted[1, ] 
            upper[(i + 1):(i + Block)] = sorted[2, ] 
        } 
        else { 
            risksim <- matrix(rep(rsim, nGeno - i), 
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                              nrow = sims, 
                              ncol = nGeno - i) 
            if (Geno) { 
               for (j in 1:nSNP) { 
                  risksim <- risksim * gsim[, j, Combos[(i + 1):nGeno, j] + 1] 
               } 
            } 
            if (Env) { 
               for (j in 1:nEnv) { 
                  risksim <- risksim * esim[, j, 
                                            Combos[(i + 1):nGeno, nSNP + j] + 1] 
               } 
            } 
            sorted <- as.matrix(apply(X = risksim, 
                                      MARGIN = 2, 
                                      FUN = quantile, 
                                      probs = c(alpha/2, 1 - (alpha/2))), 
                                nrow = 2) 
            lower[(i + 1):nGeno] <- sorted[1, ] 
            upper[(i + 1):nGeno] <- sorted[2, ] 
        } 
    } 
 
    #Order all values properly from least to greatest value 
    ranks <- order(MGRR, decreasing = FALSE) 
    MGRR <- MGRR[ranks] 
    Mp <- Mp[ranks] 
    upper <- upper[ranks] 
    lower <- lower[ranks] 
    Combos <- Combos[ranks, ] 
 
    b <- order(abs(MGRR - sum(Mp * MGRR)), decreasing = FALSE)[1] 
    tot <- Mp[b] 
    b2 <- b 
    i <- 1 
    #Loop adjusts for baseline risk if it's greater than the current risk 
   while (tot < BaseRange) { 
      tot <- tot + Mp[b + i] 
      b2 <- c(b2, b + i) 
      tot <- tot + Mp[b - i] 
      b2 <- c(b - i, b2) 
      i <- i + 1 
   } 
 
   #Set up baseline variables 
   baseline <- (sum(MGRR[b2] * Mp[b2]) / sum(Mp[b2])) 
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   zeroGenType <- rep(0, nSNP) 
   zeroGenType[GenoIn$MAF > 0.5] <- 2 
   zeroGenType <- c(zeroGenType, rep(0, nEnv)) 
   baseline2 <- 1 
   if (MltplctvOR) { 
      if (Geno) { 
         baseline2 <- prod(as.matrix(OR)[1:nSNP, 1]^zeroGenType[1:nSNP]) 
      } 
      if (Env) { 
         for (i in 1:nEnv) { 
            baseline2 <- baseline2 * (c(1, as.matrix(OR)[nSNP + i, ])[!is.na(c(1, 
as.matrix(OR)[nSNP + i, ]))][zeroGenType[nSNP + i] + 1]) 
         } 
      } 
      else { 
         if (Geno) { 
            baseline2 <- baseline2 * prod(as.vector(t(cbind(rep(1, nSNP), 
OR[1:nSNP])))[(0:2)[zeroGenType[1:nSNP] + 1] + seq(1, 3 * nSNP, by = 3)]) 
         } 
         if (Env) { 
            for (i in 1:nEnv) { 
               baseline2 <- baseline2 * (c(1, as.matrix(OR)[nSNP + i, ])[!is.na(c(1, 
as.matrix(OR)[nSNP + i, ]))][zeroGenType[nSNP + i] + 1]) 
            } 
         } 
      } 
   } 
   #Adjust values for baseline risk 
   baseline2 <- baseline / baseline2 
   MGRRb <- MGRR / baseline 
   upper <- upper / baseline 
   lower <- lower / baseline 
 
####################################################################### 
 
#Find risk categories 
 
####################################################################### 
 
   print("Calculating risk categories...") 
   log <- c(log, "Calculating risk categories...") 
   LowerAv <- sum(lower[b2] * Mp[b2])/sum(Mp[b2]) 
   UpperAv <- sum(upper[b2] * Mp[b2])/sum(Mp[b2]) 
   LowerHi <- upper[(1:nGeno)[lower > UpperAv][1]] 
   bins <- seq(log(min(MGRR)), 
              log(max(MGRR)), by = (log(max(MGRR)) - log(min(MGRR))) / 1000) 
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   binfreq <- vector(length = length(bins) - 1) 
   binlow <- binfreq 
   binhigh <- binfreq 
   for (i in 1:(length(bins) - 2)) { 
      index <- (1:nGeno)[log(MGRR) >= bins[i]] 
      binfreq[i] <- sum(Mp[index[log(MGRR)[index] < bins[i + 1]]]) 
      binhigh[i] <- sum(upper[index[log(MGRR)[index] < bins[i + 1]]] * 
Mp[index[log(MGRR)[index] < bins[i + 1]]]) / binfreq[i] 
      binlow[i] <- sum(lower[index[log(MGRR)[index] < bins[i + 1]]] * 
Mp[index[log(MGRR)[index] < bins[i + 1]]])/binfreq[i] 
   } 
   i <- i + 1 
   index <- (1:nGeno)[log(MGRR) >= bins[i]] 
   binfreq[i] <- sum(Mp[index[log(MGRR)[index] <= bins[i + 1]]]) 
   binhigh[i] <- sum(upper[index[log(MGRR)[index] <= bins[i + 1]]] * 
Mp[index[log(MGRR)[index] <= bins[i + 1]]])/binfreq[i] 
   binlow[i] <- sum(lower[index[log(MGRR)[index] <= bins[i + 1]]] * 
Mp[index[log(MGRR)[index] <= bins[i + 1]]])/binfreq[i] 
   write.table(cbind(exp(bins[-length(bins)])/baseline, exp(bins[-1])/baseline, 
                     binfreq, binlow, binhigh), 
               file = paste(AnalysisName, "_RRDist.txt", sep = ""), 
               col.names = c("Lower_risk", 
                             "Upper_risk", 
                             "Frequency", 
                             "Mean_lowerCI", 
                             "Mean_UpperCI"), 
               row.names = FALSE, 
               quote = FALSE) 
   #Table with risk categories 
   out <- matrix(nrow = 4, ncol = 2) 
   rownames(out) <- c("Reduced", "Average", "Elevated", "High") 
   colnames(out) <- c("LowerCI", "UpperCI") 
   out[1, ] <- c(0, LowerAv) 
   out[2, ] <- c(LowerAv, UpperAv) 
   out[3, ] <- c(UpperAv, LowerHi) 
   out[4, ] <- c(LowerHi, Inf) 
   out <- round(out, digits = 3) 
   options(warn = -1) #dafuq?? 
   write.table(x = paste("##REGENTv1.0 by G. Goddard, D. Crouch & C. Lewis##", sep = ""), 
               file = paste(AnalysisName, ".txt", sep = ""), 
               quote = FALSE, 
               row.names = FALSE, 
               col.names = FALSE) 
   write.table(x = out, 
               file = paste(AnalysisName, ".txt", sep = ""), 
               quote = FALSE, 
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               row.names = TRUE, 
               col.names = TRUE, 
               append = TRUE) 
 
#Cleaning up anything extraneous in genetic dataframe 
   if (Geno) { 
      GenoIn <- GenoIn[, colnames(GenoIn) %in% c("SNP", 
                                                "MAF", 
                                                "RR", 
                                                "RR_het", 
                                                "RR_hom", 
                                                "Ncase", 
                                                "Ncontrol")] 
      if ("RR" %in% colnames(GenoIn)) { 
         GenoIn <- GenoIn[, match(colnames(GenoIn), c("SNP", 
                                                      "MAF", 
                                                      "RR", 
                                                      "Ncase", 
                                                      "Ncontrol"))] 
      } 
      else { 
         GenoIn <- GenoIn[, match(colnames(GenoIn), c("SNP", 
                                                      "MAF", 
                                                      "RR_het", 
                                                      "RR_hom", 
                                                      "Ncase", 
                                                      "Ncontrol"))] 
      } 
   } 
 
    #Cleaning up environmental exposure dataframe 
   if (Env) { 
      RRvec <- grep("RR", colnames(EnvIn)) 
      SEvec <- grep("SE", colnames(EnvIn)) 
      EXvec <- grep("Exposed", colnames(EnvIn)) 
      EnvIn <- EnvIn[, c(match("Factor", colnames(EnvIn)), EXvec, RRvec, SEvec)] 
    } 
 
    #Code that presents the eventual output 
   out <- list(categories = as.matrix(out), 
               baseline = round(baseline2,digits = 3), 
               LocusFile = GenoIn, 
               EnvFile = EnvIn) 
 
    #Writing Files 
   write.table(x = paste(rep("#", 50), collapse = ""), 
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               file = paste(AnalysisName, ".txt", sep = ""), 
               quote = FALSE, 
               row.names = FALSE, 
               col.names = FALSE, 
               append = TRUE) 
   EnvName <- EnvFile 
   if (is.null(EnvName)) { 
      EnvName <- "-" 
   } 
 
   GenoName <- LocusFile 
   if (is.null(GenoName)) { 
      GenoName <- "-" 
   } 
   write.table(cbind(c("Analysis name:", 
                       "Locus file:", 
                       "Environment file:", 
                       "Disease prevalence:", 
                       "Coefficient of variation:", 
                       "alpha value:", 
                       "Number of RR simulations:", 
                       "Size of simulated population:", 
                       "Genotypes in RAM ('Block'):", 
                       "Small sample adjustment:", 
                       "Proportion of population used to calculate baseline confidence intervals:", 
                       "Baseline RR:"), c(AnalysisName, GenoName, EnvName, prev, 
                                          cv, alpha, sims, indsims, Block, 
                                          SmallSampAdjust, BaseRange, 
                                          round(baseline2, digits = 3))), 
               file = paste(AnalysisName, ".txt", sep = ""), 
               quote = FALSE, 
               col.names = FALSE, 
               row.names = FALSE, 
               append = TRUE) 
   write.table(x = paste(rep("#", 50), collapse = ""), 
               file = paste(AnalysisName, ".txt", sep = ""), 
               quote = FALSE, 
               row.names = FALSE, 
               col.names = FALSE, 
               append = TRUE) 
    #prev = prev/(1 - prev) 
   vy <- c(0, cumsum(rev(Mp * MGRR/sum(MGRR * Mp)))) 
   vx <- c(0, cumsum(rev(Mp * (1 - prev * MGRR/sum(MGRR * Mp))/(1 - prev)))) 
   auc <- round(sum((vx[2:length(vx)] - 
                        vx[1:(length(vx) - 1)]) * 
                       (vy[2:length(vy)] + vy[1:(length(vy) - 1)]) * 0.5), 
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                digits = 3) 
   Categories <- rep(2, nGeno) 
   Categories[upper < LowerAv] <- 1 
   Categories[lower > UpperAv] <- 3 
   Categories[lower > LowerHi] <- 4 
   write.table(cbind(c("Reduced", "Average", "Elevated", "High","", "AUC"), 
                     c(round(sum(Mp[Categories == 1]), digits = 3), 
                       1 - sum(c(round(sum(Mp[Categories == 1]), digits = 3), 
                                 round(sum(Mp[Categories == 3]), digits = 3), 
                                 round(sum(Mp[Categories == 4]), digits = 3))), 
                       round(sum(Mp[Categories == 3]), digits = 3), 
                       round(sum(Mp[Categories == 4]), digits = 3), "", auc)), 
               file = paste(AnalysisName, ".txt", sep = ""), 
               quote = FALSE, 
               col.names = c("Risk_Category", "Proportion_of_population"), 
               row.names = FALSE, 
               append = TRUE) 
   write.table(x = paste(rep("#", 50), collapse = ""), 
               file = paste(AnalysisName, ".txt", sep = ""), 
               quote = FALSE, 
               row.names = FALSE, 
               col.names = FALSE, 
               append = TRUE) 
   if (Geno) { 
      write.table(GenoIn, file = paste(AnalysisName, ".txt",sep = ""), 
                  append = TRUE, 
                  col.names = TRUE, 
                  row.names = FALSE, 
                  quote = FALSE) 
      write.table(x = paste(rep("#", 50), collapse = ""), 
                  file = paste(AnalysisName, ".txt", sep = ""), 
                  quote = FALSE, 
                  row.names = FALSE, 
                  col.names = FALSE, 
                  append = TRUE) 
   } 
   if (Env) { 
      write.table(EnvIn, file = paste(AnalysisName, ".txt", sep = ""), 
                  append = TRUE, 
                  col.names = TRUE, 
                  row.names = FALSE, 
                  quote = FALSE) 
      write.table(x = paste(rep("#", 50), collapse = ""), 
                  file = paste(AnalysisName, ".txt", sep = ""), 
                  quote = FALSE, 
                  row.names = FALSE, 
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                  col.names = FALSE, 
                  append = TRUE) 
   } 
   options(warn = 0) 
 
   #Generating plots 
   print("Printing graphs...") 
   log <- c(log, "Printing graphs...") 
   PlotMax2 <- PlotMax 
   if (PlotMax > max(MGRRb)) { 
      PlotMax2 <- max(MGRRb) 
   } 
   colvec <- rep(4, nGeno) 
   colvec[Categories == 1] <- 3 
   colvec[Categories == 3] <- 2 
   colvec[Categories == 4] <- 1 
   colvec2 <- rainbow(6, alpha = 0.5)[colvec] 
   colvec3 <- rainbow(6)[colvec] 
   colkey <- rainbow(6)[c(1, 2, 4, 3)][c(4, 3, 2, 1) %in% Categories] 
   tiff(filename = paste(AnalysisName, "_RRDistCol.TIF", sep = ""), 
        pointsize = 30, 
        width = 1500, 
        height = 1500, 
        units = "px", 
        antialias = "default") 
   barplot(MGRRb, 
           width = Mp, 
           border = NA, 
           ylab = "Risk Ratio (Rebased)", 
           ylim = c(0, PlotMax2), 
           space = 0, 
           xlab = "Percentage of population", 
           col = colvec2, density = -100) 
   legend(x = 0, 
          y = PlotMax2, 
          as.factor(c("High", 
                      "Elevated", 
                      "Average", 
                      "Reduced")[c(4, 3, 2, 1) %in% Categories]), 
          cex = 0.8, 
          col = colkey, 
          pch = 19, 
          title = "Risk") 
   axis(1, 
        seq(0, 1, by = 0.1), 
        c("0%", "", "", "", "", "50%", "", "", "", "", "100%")) 
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   abline(1, 0, col = grey(0.75)) 
   if (sum(MGRRb > PlotMax) > 0) { 
      par(xpd = TRUE) 
      arrows(1.03, PlotMax - (PlotMax/5), 1.03, PlotMax, col = colkey[1]) 
   } 
   quiet <- dev.off() 
   tiff(filename = paste(AnalysisName, "_RRDistGrey.TIF", sep = ""), 
        pointsize = 30, 
        width = 1500, 
        height = 1500, 
        units = "px", 
        antialias = "default") 
   barplot(MGRRb, 
           width = Mp, 
           border = NA, 
           ylab = "Risk Ratio (Rebased)", 
           ylim = c(0, PlotMax2), 
           space = 0, 
           xlab = "Percentage of population", 
           density = -100) 
   axis(1, 
        seq(0, 1, by = 0.1), 
        c("0%", "", "", "", "", "50%","", "", "", "", "100%")) 
   abline(1, 0, col = 1) 
   if (sum(MGRRb > PlotMax) > 0) { 
      par(xpd = TRUE) 
      arrows(1.03, PlotMax - (PlotMax/5), 1.03, PlotMax, col = grey(0.75)) 
   } 
   quiet <- dev.off() 
   print(paste("Analysis completed at", date(), sep = " ")) 
   log <- c(log, paste("Analysis completed at", date(), sep = " ")) 
   write.table(as.matrix(log), 
               file = paste(AnalysisName, ".txt", sep = ""), 
               quote = FALSE, 
               row.names = FALSE, 
               col.names = FALSE, 
               append = TRUE) 
   return(out) 
} 
 (sum(MGRRb > PlotMax) > 0) { 
      par(xpd = TRUE) 
      arrows(1.03, PlotMax - (PlotMax/5), 1.03, PlotMax, col = grey(0.75)) 
   } 
   quiet <- dev.off() 
   print(paste("Analysis completed at", date(), sep = " ")) 
   log <- c(log, paste("Analysis completed at", date(), sep = " ")) 
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   write.table(as.matrix(log), 
               file = paste(AnalysisName, ".txt", sep = ""), 
               quote = FALSE, 
               row.names = FALSE, 
               col.names = FALSE, 
               append = TRUE) 
   return(out) 
} 
            sum(Mp[Categories == 2]) * 100, 
                                   sum(Mp[Categories == 3]) * 100, 
                                   sum(Mp[Categories == 4]) * 100) 
   simplePlotData <- as_tibble(cbind(categoryNames, values)) 
   names(simplePlotData) <- c("Risk", "Percent") 
   simplePlotData$Percent <- as.numeric(simplePlotData$Percent) 
   simplePlotData$Risk <- factor(simplePlotData$Risk, 
                                 ordered = TRUE, 
                                 levels = categoryNames) 
   simplePLot <- ggplot(simplePlotData, 
                        aes(Risk, Percent, fill = Risk)) + 
      geom_bar(stat = "identity") + 
      scale_fill_manual(values = c("#85C0F9", "#0F2080","#A95AA1", "#F5793A")) + 
      xlab("Risk category") + 
      ylab("Percentage of simulated population") + 
      scale_y_continuous(limits = c(0, max(simplePlotData$Percent) + 5)) + 
      theme(legend.position = "none") + 
      ggsave(simplePlotName, width = 7, height = 7, units = "in") 
   quiet <- dev.off() 
   print(paste("Analysis completed at", date(), sep = " ")) 
   log <- c(log, paste("Analysis completed at", date(), sep = " ")) 
   write.table(as.matrix(log), 
               file = paste(AnalysisName, ".txt", sep = ""), 
               quote = FALSE, 
               row.names = FALSE, 
               col.names = FALSE, 
               append = TRUE) 
 
   return(out) 
} 
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APPENDIX C.  LIST OF HUMAN OR MOUSE GENES WITH POLYMORPHISMS 
ASSOCIATED WITH NON-SYNDROMIC HEARING LOSS 

 
Bold font indicates that more than one reference found for the gene.  Asterisk indicates conflicting evidence. 
Genes in all capitals were identified in human subjects.  Genes in sentence case have only been identified in 
mice. 
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LIST OF ACRONYMS & ABBREVIATIONS 

711 HPW – 711th Human Performance Wing 
AFMS – Air Force Medical Service 
BOSS – Beaver Dam Offspring Study 
CDSS – Clinical Decision Support System 
CI – confidence interval 
DNA – deoxyribonucleic acid 
dB HL – decibels hearing level 
DOEHRS-IH – Defense Occupational and Environmental Health Readiness System – Industrial 

Hygiene 
EHLS – Epidemiology of Hearing Loss 
EHR – Electronic health record 
GWAS – genome-wide association studies  
HL – hearing level 
HPW – Human Performance Wing 
IEHRP – Individual Exposure Health Risk Profile  
ILER – Individual Longitudinal Exposure Record 
kHz - kilohertz 
LD – Linkage disequilibrium 
MHS – Medical Health System 
NDAA – National Defense Appropriations Act 
NGS – Next generation sequencing 
NHANES – National Health and Nutrition Examination Survey 
NIHL – noise-induced hearing loss 
OHR&RP – Operation Health Risk and Readiness Profile 
OR – odds ratio 
PERS-STAT – Air Force Personnel Center Personnel Statistics Analytics Site 
REGENT – Risk Estimation for Genetic and Environmental Traits 
RNA – ribonucleic acid 
RR – risk ratio or relative risk 
SNHL – sensorineural hearing loss 
SNP – single nucleotide polymorphism 
TEH – Total Exposure Health  
TRR - Total relative risk  
UKBB – United Kingdom (UK) Biobank 
WRCM – word recognition in quiet and in competing message 
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