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Abstract

Veterans who served in the 1990-1991 Gulf War experience debilitating chronic
symptoms at extremely high rates. In the 30 years since the Gulf War, many researchers
have worked to identify the cause and biological pathway of Gulf War illness (GWI).
There is, however, no biomarker, ICD code, or other standardized way to identify
veterans with GWI; veterans are told they have GWI based on a clinician’s assessment of
their unexplained chronic symptoms. There is also little agreement on the causes and
potential biological pathways of GWI. This dissertation describes phenotyping efforts,
the first genome-wide association study (GWAS) of GWI, and a candidate gene-
environment interaction study. First, I describe methods for developing well-
documented indicators for complex phenotypes, which have generated GWI indicators
that are used for the MVP and GWECB datasets. This is the only tested and published
algorithm for defining GWI. This work required extensive exploratory analysis and data
cleaning, as it was the first major analysis of the GWECB dataset. The variables
generated through both the data cleaning and GWI algorithm have been incorporated
into the GWECB. Then, I performed the first GWAS of GWI, which supports prior work
in the field and suggests further candidate analyses. Top gene-set associations include
response to cadmium ion, regulation of response to interferon gamma, and regulation of
autophagosome maturation. Among other top associations, these results indicate
association with a neuroimmune response to exposure. GWAS summary statistics will

vi



be made available. Finally, I developed a hypothesis-driven candidate gene-
environment interaction study, which replicated a previously published statistically
significant association of rs662/PB pill exposure with GWI. Future research building off
my contributions could help identify the underlying biological pathways and causes of
GWI, allowing better treatment of the underlying disease for hundreds of thousands of

Gulf War Veterans.
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1. Introduction

Gulf War illness

Gulf War Illness (GWI) is a debilitating disease experienced by 20-40% of
veterans who served in the 1990-1991 Gulf War'. Beginning shortly after their return
stateside and continuing to present day, veterans suffer chronic symptoms such as
fatigue, diarrhea, reduced cognitive abilities, irregular moods, and respiratory
challenges, at very high rate>'2. GWI is significantly associated with deployment to the
Gulf during the 1990-1991 Gulf War in every major study®+131%. The heterogeneity of the
symptoms reported has made identifying a single consensus definition difficult, let
alone identifying any potential genetic susceptibility locus. GWI is defined by an
accumulation of chronic symptoms and has no definitive diagnosis as represented by an
ICD9 or ICD10 code, making it more difficult to study®. Symptoms-based case
definitions built from survey results are the state of the art for research?. While military
exposures from the Gulf War, such as pyridostigmine bromide (PB, anti-nerve gas pills),
pesticides, and burn pits, have been associated with GWI, no single association has
proven to be causal in human studies*. Many observational studies have been
completed in military cohorts, resulting in some common associations but no causal
indications, biomarker, or diagnostic tool has been identified*!>”. Several mouse and
rat models have been developed using a combination of these exposures and stress’®.

Though many studies have been completed and many manuscripts have been published



over 30 years of research, the field lacks a common consensus on the biological

underpinnings of GWI.

GWI case definitions

Gulf War illness has several commonly used research case definitions; there is no
uniformly accepted case definition?. The two most common are the Kansas® and Centers
for Disease Control and Prevention (CDC)? case definitions. The CDC case definition
was first described by Fukuda et al, in 1998, and was initially referred to as chronic
multisymptom illness (CMI). CMI was initially defined as the endorsement of at least
one symptom in at least two of three symptom domains: musculoskeletal, fatigue, and
mood/cognitive®. Kansas GWI was initially defined as the endorsement of at least one
moderate or severe symptom or at least two mild, moderate, or severe symptoms in at
least three of the six symptom domains, without endorsing any of the specific
exclusionary conditions®. Each case definition has a different prevalence, and many
individuals would be categorized as having CDC GWI but not Kansas GWI. There are
several other case definitions that have been developed and used over the past 30 years,
but the Research Advisory Committee for Gulf War research has advised to (1) stop
creating new case definitions, and (2) use the CDC GWI and Kansas GWI case
definitions?. This is due to their consistent positive association with deployment over

the past 25-30 years, as well as their use in most Gulf War research.



The CDC GWI case definition, or CM]I, as it is called in early literature, is a very
broad case definition. Individuals are required to report at least one symptom, at any
severity, in two of three symptom domains. The three symptom domains are: fatigue,
musculoskeletal, and mood-—cognition (see Appendix Figure 1)°. Some cohorts report
extremely high prevalence of CDC GWI, even in non-deployed individuals; GWECB
reports that 80% of non-deployed veterans in the cohort fulfill the CDC GWI case
definition®*!°. This makes research very difficult because the controls are so few. In
addition, in current research studies the cases are diluted by those who may be
displaying symptoms of aging or of other illnesses. The CDC Severe case definition has
the same symptoms arranged into the same symptom domains but requires at least one
severe symptom in at least two of the three symptom domains®. This case definition has
a better balance of cases and controls in modern cohorts, as well as being more highly
associated with deployment to the Gulf during the 1990-1991 Gulf War, making it a
more specific case definition?. Neither the CDC GWI nor the CDC Severe GWI case
definitions consider clinical conditions or age.

Kansas GWI contains both inclusionary and exclusionary criteria: one must fulfill
the inclusionary symptom criteria while not fulfilling the exclusionary clinical condition
criteria®. The exclusionary conditions are somewhat confusingly named, as they are
more conditions that would preclude one from being categorized as having GWI. At the

time of the development of the Kansas GWI case definition, scientists were working to



prove that GWI was in fact a serious condition, separate from other illnesses. Therefore,
those who report clinical conditions that could explain their symptoms are categorized
as non-cases®. This process is as much an art as a science, requiring deep understanding
on a clinical level of both Gulf War illness and other clinical conditions?'2%. This was
designed for extreme specificity among small research cohorts shortly after the Gulf
War. Genetic research, however, requires large cohorts for sufficient statistical power
and requires a more automated method for identifying Gulf War cases?. The symptom
domains for the Kansas GWI case definition are: fatigue and sleep problems; pain;
neurologic, cognitive, and mood symptoms; gastrointestinal; respiratory; and skin (see
Appendix Figure 1) ¢. Conditions that might preclude a veteran from fulfilling the
Kansas GWI case definition include cancer, diabetes, heart disease, stroke, liver disease,
lupus, multiple sclerosis, HIV, tuberculosis, hepatitis C, and mental health disorders that
may cause similar symptoms or cause a clinician to question the reported symptoms
(e.g. schizophrenia or bipolar disorder) (see Appendix Figure 2) ¢. It is notable that
while some papers publish exactly which symptoms fulfill their version of this case
definition, GWI experts still disagree on what exactly each category includes.

Both recommended case definitions depend on survey questions regarding
chronic symptoms and the severity of these symptoms, and the Kansas case definition
additionally relies on self-reported chronic conditions. Despite this reliance on survey

results, there is no validated survey instrument with which to collect these data. As



each research group thinks through how the case definitions could be improved and
how the survey questions could be better asked, the questions asked vary slightly.
While the design of each new survey does reflect on prior surveys, there is no standard
questionnaire or form. Each questionnaire is slightly different: the chronic symptom
questions are worded slightly differently, or different symptoms are included. To add
to this, there is no published, tested, and validated algorithm for identifying cases for
any of the case definitions. To best research GWI, a clear, concise algorithm must be
written to operationalize these survey data into a GWI research case definition. This
ideal case definition must be agreed upon by researchers within the Department of
Veterans Affairs, as consistency across studies allows for replication and comparison of
results. Without this consistency, we are unable to compare new and old results, and

are unable to determine if prior reported results can be replicated.

Chronic conditions associated with Gulf War service

Several conditions have been previously associated with deployment to the Gulf
in 1990-1991. Association with deployment or with deployment-related exposure can
lead to bureaucratic decisions that make a difference in the lives of veterans; for
example, amyotrophic lateral sclerosis (ALS) has been designated as service connected
for Gulf War veterans. Associations between deployment and various conditions have
been characterized by the Institute of Medicine as “sufficient evidence of a causal

relationship” (PTSD only), “sufficient evidence of an association” (generalized anxiety



disorder, depression, and substance abuse; gastrointestinal symptoms consistent with
irritable bowel syndrome and functional dyspepsia, chronic fatigue syndrome, Gulf War
illness) and “limited/suggestive evidence of an association” (ALS; fibromyalgia and
chronic widespread pain; and self-reported sexual difficulties)!. These designations
indicate that chronic conditions remain associated with deployment, but do not suggest
any biomarkers or biological tests for GWI or any causal pathways for any of these
associated diseases. More recently, the United States Department of Veterans Affairs
funded an evidence synthesis project Biological Measures and Diagnostic Tools for Gulf War
Iliness: A Systemic Review, which was completed in 2020%°. This report investigated and
reported on studies that searched for biological tests to determine GWI case status,
including 32 completed studies, 24 ongoing or unpublished studies, and 77
supplemental studies. None of the studies showed any validated biological tests to
assess GWI case status. Moreover, biological measures and GWI case definition varied
greatly across studies even though many studies show a significant association between
a biological measure and GWI. Biological measures included human leukocyte antigen
(HLA) alleles, platelet count, monocyte count, squalene antibody status, phospholipid
profiles, interferon-gamma plasma concentrations, and brain activation. That GWI and
biological measurements continue to be associated, even with varying case definitions
and a wide variety of biological measurements, strongly indicates a biological root of

GWL



Gulf War experiences and exposures

Veterans who served in the Gulf War experienced a wide variety of toxic
exposures and highly stressful experiences. Troops lived in tents for most of their time
deployed to the Gulf, with very little privacy?. There were many pests, including
snakes, scorpions, and desert flies, leading to not only bites and potential infections, but
also widespread pesticide use?. Troops were not provided clean uniforms or hot
showers very frequently, potentially compounding the toxic effects of pesticide use?.
Deployment was rapid and there were very few opportunities for relaxation; alcoholic
beverages were banned out of respect for local tradition and troops were ordered not to
befriend locals?. The food provided was packaged and troops drank bottled water; after
early contamination of fruits and vegetables, the military did not utilize local produce.
The weather was very hot in August and September, when most of the conflict occurred,
with sand temperatures reaching 150 degrees Fahrenheit. Wind was strong in both the
summer and winter months and troops wore goggles to protect their eyes from the sand.
Due to the rapid deployment of troops and the larger than ever portion of National
Guard and Reserve troops, many soldiers were unsure that their job would be there for
them when they returned stateside. Gulf War illness and post-traumatic stress disorder
(PTSD) are correlated and appear to interact, but there is little evidence supporting

causation or directionality of this correlation!%226,



In addition to the stressful environment, toxic exposures were also common
among troops. Oil well fires, burning of trash, sand suppressing petroleum products,
and unvented tent heaters, cooking stoves, and generators all caused strong smoke
exposure, not all of which is formally recorded. Troops also used pesticides, including
dog flea collars, methyl carbamates, organophosphates, pyrethroids, and chlorinated
hydrocarbons, in an attempt to combat local insects and rodents®. Sarin attacks, which
cause unpreventable seizures and death, were anticipated, and greatly feared. To protect
against this nerve gas, troops were given packs of pyridostigmine bromide (PB) pills to
temporarily block sarin, with instructions to take pills when ordered or when the
chemical attack sensors alarmed. Unfortunately, the chemical attack sensors were very
sensitive, alarming frequently in the presence of organic solvents, vehicle exhaust fumes,
and insecticides??. While the Department of Defense reported that over 5 million doses
of PB were fielded and estimated that about 250,000 individuals took at least one dose of
PB during the war, pills were self-administered upon orders from the unit commander.
This lack of documentation forces researchers to depend on self-reported survey results
for exposure data'®. In addition to the biological effects of these exposures, one might
also consider the psychological effects of the constant state of alarm these troops
experienced!’. The sheer number of potential exposures complicates analysis, as does the

fact that the Gulf War was over 30 years ago, potentially contributing to recall bias.



Prior work in occupational hazards and in Gulf War research has shown that
organophosphates and carbamates, such as pyridostigmine bromide (PB) pills, sarin,
and the pesticides used in the Gulf War, bind to acetylcholinesterase, the enzyme that
breaks down acetylcholine?-*. This binding sterically blocks the acetylcholinesterase
active site—in some cases reversibly and in some cases irreversibly?3%2. Nerve cells
release acetylcholine to pass a signal from one cell to the next; the cell receiving the
signal detects the presence of acetylcholine through various receptors, stimulating
muscle contraction®. If insufficient free acetylcholinesterase remains, the ensuing
accumulation of acetylcholine overstimulates the neuromuscular system, causing
systemic long term damage and, in extreme cases, death®>3+®, While irreversible
inhibition of acetylcholinesterase is often fatal, even reversible inhibition of
acetylcholinesterase temporarily causes this overstimulation®. Sarin is an irreversible
inhibitor of acetylcholinesterase, while PB pills are reversible inhibitors, meant to
preemptively defend soldiers from sarin attacks. The symptoms of long term damage
due to organophosphate poisoning reported in occupational hazards research are
similar to the symptoms of GWI: headaches; pain in muscles, joints, or bones; rashes or
itchy skin; blurred vision; dizziness; diarrhea; confusion; respiratory and circulatory
depression®¥. In addition, rodent models for GWI have been developed using
organophosphate pesticides, pyridostigmine bromide (PB), and chronic stress or

corticosterone®*!. Coadministration of PB and pesticides, along with stress, led to



delayed cognitive impairment in the rodent models; affected mice had decreased spatial
memory and increased depressive behavior®. Butryrylcholinesterase, carboxylase, and
paraoxonase can modulate the effects of toxic exposure by temporarily replacing
acetylcholinesterase in breaking down acetylcholine or by breaking down carbamates
and organophosphates®*. The concentration of these enzymes in the blood stream,
where they can quickly detoxify organophosphates, varies from species to species,
making human observational studies vital to understanding the specific human
biochemistry at work*. Both organophosphate and carbomate exposures can cause long

term neurological damage and were experienced in the Gulf War in non-trivial amounts.

Epidemiologic associations of military exposures and GWI

There is strong evidence of an environmental component to the development of
GWI. There is a strong association of GWI symptoms in the literature with deployment,
across decades of GWI research®%#, An association with deployment indicates that
some common experience or exposure specific to deployment to the Gulf in the 1990-
1991 Gulf War is likely in the causal pathway. There is also strong evidence of an
association (even among just those deployed to the Gulf) between GWI and
pyridostigmine bromide (PB) pill use and between GWI and pesticide exposure*?1721,
Both PB pill use and pesticide exposure are self-reported through surveys!. Pesticide
exposure alone is significantly associated with GWI in several studies, even across

several case definitions of GWI and several populations of veterans?#>#°. This

10



consistency, especially among the heterogenous and shifting case definitions and
cohorts, indicates that pesticides are likely important to the GWI model. The same is
true of self-reported PB pill use: it has been significantly associated with GWI regardless
of the shifting case definition and different veteran populations?4>474-51, PB pill and
excessive pesticide use are unique exposures to deployment in the 1990-1991 Gulf War
and they are both significantly associated with GWI across several studies, even across
different populations and case definitions. It is therefore reasonable to consider them as
promising candidate exposures for the development of GWI.

Not everyone who is exposed to pesticides or PB pills, even at extremely high
doses, develops GWI. In addition, not everyone who is unexposed is entirely protected
from developing GWI. This indicates that there must be another component to GWI,
such as genetics or epigenetics, that interacts with these exposures. There is no genome-
wide association study to date, although several studies examine specific SNPs or
genetic variants. Most studies are small (i.e. fewer than 100 people) and examine
associations with several different case definitions for GWI®. Several studies identify
genetic components within mouse and rat models, identifying important immune
loci®?%. Other studies have identified candidate genetic associations with GWI, such as
butyrylcholinesterase??, paraoxonase*, and Human Leukocyte Antigen (HLA)>-7, but
none have been replicated. There have also been no large genetic studies of GWI that

analyze a gene-environment interaction model, even with this strong evidence

11



suggesting that it may be appropriate!>. Smaller gene-environment interaction work
shows association, as does work in related phenotypes?>33, A gene-environment
candidate gene study may be an appropriate place to begin with this exposure-related

work.

Available datasets

The Gulf War Era Cohort and Biorepository (GWECB, funded by the VA Office
of Research and Development and maintained by Cooperative Studies Project 585,
CSP585) consists of DNA, electronic medical records, and survey data from individuals
who served in the United States Armed Forces during the 1990-1991 Gulf War®. Data
collected includes self-reported exposures, exposure lengths, symptoms, symptom
severity ratings, clinical conditions, and deployment locations®. Women, Veterans of
color, and deployed Veterans were oversampled®. Unlike some other VA-sponsored
studies of GWI, Veterans did not have to use the Veterans Affairs system for healthcare
to be eligible for inclusion®”. The GWECB received surveys from 1344 individuals®. The
Million Veteran Program (MVP) also developed a Gulf War cohort, who will have filled
out an MVP baseline survey, Gulf War specific survey based on the CSP585, and genetic
data (Cooperative Studies Project 2006, CSP2006)%. The MVP has developed into the
premier genetic analysis cohort for the United States Department of Veterans Affairs,
with a diverse population and over 825,000 participants enrolled (Million Veteran

Program (MVP) (va.gov))®!. The Gulf War cohort of MVP, CSP2006/MVP029, will allow

12



for further examination of any associations found in the GWECB, or CSP585, as it has
many more individuals (about 40,000 Gulf War Era veterans with GWI survey and

genetic data)®.

Combining genetics with exposures in GWECB

After considering evidence of both possible genetic and environmental
associations with GWI, it is possible to test a gene-environment interaction hypothesis in
a candidate gene interaction study®2. Gene-environment interactions can be challenging,
especially as candidate studies®®®*. In this case, completing a GWAS as an initial study
will be important to be sure that the interaction effects are not simply due to the
genotype alone. The GWECB dataset includes SNP data from peripheral blood and self-
reported exposure data from the CSP585 survey. The survey asks which exposures each
deployed veteran experienced, allowing the veteran to select a length of time that they
remember being exposed during (0 days, 1-6 days, 7-30 days, or 31+ days). Because
veterans who were not deployed to the Gulf during the 1990-1991 Gulf War were not
asked to report on their exposures, we are only able to test this in deployed veterans.
This gene-environment interaction can be tested using functional variants in previously
associated enzymes from smaller functional studies?>>. With the diversity of ancestry
among the GWECB dataset (in survey responses, 65% self-reported as White, not
Hispanic, 17% as Black, not Hispanic and 10% as Hispanic®), it is possible to test a wider

range of variants than we could test in a dataset with only individuals of European
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ancestry. Particularly since Black and Hispanic veterans are classified as having GWI at
a higher rate than white veterans in the CSP585 dataset?, this could help elucidate a
genetic susceptibility that may be more common in non-European ancestry. Genetic
diversity among large cohorts is incredibly important for the progress of genetic
research, especially among Veteran populations, as the demographics within the United

States shift.

Summary

In summary, current state of the art research suggests that while associations
with GWI have been found, especially with toxicants such as nerve gas and pesticides,
several open questions in the field must be closed to move forward with GWI research.
First, the non-specific nature of the survey instruments and case definitions may obscure
or drive associations. Researchers continue to use different criteria to evaluate GWI,
which makes comparing results difficult. A reproducible and shared case definition
algorithm would move the field forward in this space. Second, no genome-wide study
has been completed and much research has been done in very small datasets. A
genome-wide association study (GWAS) in the GWECB dataset (n=1061, after data
cleaning) would move the field forward into this space. Finally, while several
associations between exposures and GWI have been identified, there has been no
explanation of why some people who are exposed do not get GWI. A gene-environment

interaction candidate SNP study could identify a potential factor that may increase or
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decrease penetrance of disease. Contributions of a research case definition algorithm, a
GWAS of GWI, and a gene-environment interaction showing genetic susceptibility or
protection from disease would open a window through which future researchers could
better understand the biological underpinnings of GWI. A biological understanding of
GWI could lead to the development of therapies and medication targeting the root of

disease rather than the symptoms of disease.
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2. Phenotype Identification

The first part of this chapter includes a collaborative manuscript on which I am
tirst author!. I completed the data management, data cleaning, statistical analysis, table
generation, and figure generation, and drafted the manuscript. The second part of this
chapter includes modified excerpts from two collaborative manuscripts, the first of

which I am second author? and the second of which I am a middle author®. I completed

1]. Vahey, E. R. Hauser, K. J. Sims, D. A. Helmer, D. Provenzale, and E. ]J. Gifford,
“Research tool for classifying Gulf War illness using survey responses: Lessons
for writing replicable algorithms for symptom-based conditions,” Life Sci., vol.
282, p. 119808, Oct. 2021, doi: 10.1016/J.LFS.2021.119808. s>

2E.J. Gifford, J. Vahey, E. R. Hauser, K. J. Sims, J. T. Efird, E. K. Dursa, L. Steele, D. A.
Helmer, and D. Provenzale (2021). “Gulf War illness in the Gulf War Era Cohort
and Biorepository: The Kansas and Centers for Disease Control definitions,” Life
Sci., 278, p. 119454, Mar. 2021, doi: 10.1016/j.1fs.2021.119454.

s Radhakrishnan, K., Hauser, E. R., Polimanti, R., Helmer, D. A., Provenzale, D., McNeil,
R. B., Maffucci, A., Quaden, R., Zhao, H., Whitbourne, S. B., Harrington, K. M.,
Vahey, J., Gelernter, J., Levey, D. F., Huang, G.D. Gaziano, ].M., Concato, ]J.,
Aslan, M. “Genomics of Gulf War Illness in U.S. Veterans Who Served during the
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the data management, data cleaning, statistical analysis, table generation, and figure
generation for the Gifford et al. manuscript and have rearranged and described in my
own words the results, discussion, and conclusions here. I am a middle author on the
Radhakrishnan et al. paper and generated the figure presented. I have described in my

own words the results, discussion, and conclusions here.

1990-1991 Persian Gulf War: Methods and Rationale for Veterans Affairs
Cooperative Study #2006.” Brain Sciences 2021, Vol. 11, Page 845 11(7): 845.
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Research tool for classifying Gulf War lliness using survey
responses: Lessons for writing replicable algorithms for symptom-
based conditions

Introduction

Gulf War illness (GWI), a chronic multi-symptom illness, affects up to one third
of Veterans who served in the 1990-1991 Gulf War35665-¢8, There is no associated
diagnostic biomarker or objective laboratory criteria defining GWI. GWI is diagnosed
by the presence of certain symptoms and the exclusion of other disorders that may
explain those symptoms!-37-10, While the checklists and scoring algorithms were built
through extensive research, published studies sometimes do not contain specific
documentation on how the case definitions were applied®®. Authors frequently use
various modified versions of the Kansas® and Center for Disease Control and Prevention
(CDC)> definitions, the two definitions given special consideration by the Institute of
Medicine (IOM), to study the associations and incidence of GWI>?1%, Teams often use
near identical survey questions to assess case status, but comparison of results is
difficult without a consistently applied algorithm to identify GWI case status from the
questionnaire data.

An under-described feature of replicable research is the computer code that
considers symptoms and severity scores to assign disease status in symptoms-based
diseases like GWI. Best practices from software engineering, such as developing

pseudocode prior to writing the code and developing test cases, are intuitive concepts
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that can improve clarity for decision making, reduce coding errors, and reduce research
costs. Developing pseudocode prior to writing the code and developing test cases could
standardize the application of case definitions to different datasets. For example, the
CDC criteria (developed by Fukuda et al.’) was applied by Dursa et al.®” and Steele et
al.®. Both papers, published in the same year, state that the CDC case definition was
applied according to prior publications; however, while Steele et al. applied
exclusionary criteria, Dursa et al. did not. A standardized algorithm would promote
consistency in the definition, facilitating comparisons across studies. These methods
also support principles of replicable research”*7!.

This study is built upon research conducted in the VA Cooperative Studies
Program (CSP) which has developed two cohort studies of Gulf War Veterans (GWYV)
with near-identical questionnaires. Using those resources, the aims are to (I) develop an
algorithm for GWI case status using best practices of software engineering, (II)
implement this algorithm in SAS for the Gulf War Era Cohort and Biorepository
(GWECB)*, and (III) apply the SAS code to the Genomics of Gulf War Illness within the
Million Veteran Program (MVP)! with minimal changes. Aim I will use the IOM-
recommended Kansas, CDC, and CDC severe definitions to develop a set of decision
rules to determine case status. This set of decision rules is defined as the algorithm. Aim
II will implement the algorithm in SAS for GWECB, applying best practices from

software engineering. Aim III will demonstrate the flexibility of the code by applying it
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to the MVP dataset with minimal adjustment. The framework described here could

have broad applicability to any complex condition.

Materials and Methods

Data Sources and Participants:
The VA Cooperative Studies program launched a pilot study in 2014 to

develop a data and specimen repository from veterans who served during the era of the
1990-1991 Gulf War. This study, the Gulf War Era Cohort and Biorepository (GWECB),
consisted of a survey questionnaire, blood sample, permission to access medical record
data, and all relevant consent forms, and was fully described by Khalil et al.*. The
Genomics of Gulf War Illness study within MVP is comprised of participants in MVP
who were in the military in the First Gulf War (1990-91). This group completed a Gulf
War-specific survey that augmented the original baseline MVP survey by collecting data
on additional exposures, symptoms and medical conditions related to service in the Gulf
War ¢ In addition to the survey data, a blood sample and medical record data were
collected”. Briefly, GWECB served as a pilot for the MVP Genomics of GWI; thus, while
the variable names may differ, participants from both cohorts completed near-identical
self-report mailed surveys. GWECB has 1,343 participants while the MVP: Genomics of
GWI study has 41,077 participants. This paper describes the construction of the code for
GWI case status determination; a companion manuscript describes the GWI case results

determined by using the algorithm on the GWECB survey responses®.
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Measures:
The original CDC, CDC Severe, and Kansas definitions for GWI were

used to construct the algorithm. These measures are based on questions from self-
administered surveys of GWI symptoms and co-morbid disease diagnoses. In the paper
that originally defined the Kansas GWI definition, exclusionary conditions were based
on two major concepts: (1) a condition could cause symptoms demonstrated by GWI or a
condition that might impair a Veteran’s ability to accurately and consistently report
symptoms, and (2) a condition does not appear in deployed and non-deployed Veterans
at different rates®. In some previous applications of this approach, exclusionary
conditions were identified from the analyzed dataset®2'?. In developing this algorithm,
we chose to use the same chronic conditions that were reported in the original paper®
instead of redefining the exclusionary conditions based on our dataset. The inclusion
criteria require ‘moderate/severe or multiple symptoms’ in each of three of six symptom
domains. See Appendix Figure 1 for a more detailed list of the symptom criteria and
exclusionary criteria. The CDC definition was based on the original 1998 CMI paper and
contains no exclusionary criteria: the inclusion criteria require at least one symptom in
each of two of three symptom domains®. See Appendix Figure 2 for a detailed list of
symptom criteria by symptom domain. The CDC Severe definition requires at least one

severe symptom in two of three symptom domains®, also shown in Appendix Figure 2.
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Design and Implementation of Algorithm
Principles of software construction were applied to systematically implement the

GWI case definitions, modeling best practice for reusable and reliable classification
algorithms for symptom-based case definitions. The process of translating the
description of the case definition into an implemented algorithm involved (1) writing
pseudocode to plan the algorithm, (2) displaying the planned algorithm!™! visually to
discuss and determine exact specifications], (3) designing a set of test cases based on
these specifications to assess accuracy of the code, implementing!® the planned
classification algorithm, (4) testing the implemented algorithm using the previously

written test cases, and (5) disseminating the code publicly.

4l Algorithm in computer science refers to the method by which the computer
arrives at the intended answer. It refers to the process, not the actual program or code.

B Specifications in computer science are a list of rules for a piece of code: what is
considered a valid input, what is considered a valid output, and which inputs should
lead to which outputs.

(] Implementing an algorithm is when someone writes the code/program/script
to take inputs, follow the algorithm, and deliver the intended outputs. Implementation
is the point at which there is computer code in a coding language (ex. Python, R, SAS,
Java)
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Pseudocode, or plain language instructions upon which the computer code is
based, was written by the same team members who implemented the algorithm. This
pseudocode reflected the logic presented in the original papers describing the case
definitions>¢. Developing the pseudocode was necessary for the programmers to write
code which accurately captured the complexity of the definitions and the nuanced
decisions of team leaders. Multiple factors drove this complexity. First, a series of
decisions were made by the team regarding how to clean the self-reported data,
reflecting the numerous ways respondents might approach a paper survey. Second, the
Kansas definition includes two principles (rather than specific conditions) for the
exclusionary criteria (i.e., (a) having a diagnosis that could explain the symptoms and (b)
having a condition which could prevent the Veteran from reliably responding to
symptom questions). Because team members vary in their perspectives on what should
be included, reasonable individuals disagree. Third, decisions regarding how to handle
missing information on symptoms, severity ratings, and diagnoses introduced
additional complexity.

Pseudocode was then used to generate flowcharts, which were used to
graphically depict details and decision points. These flowcharts helped to ensure that all
team members had a shared understanding of the decisions, allowing translation from
the big picture aims to the nuanced details”. Pseudocode and flow diagrams can

improve communication across the multidisciplinary expertise of the team 747°. This
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process defines the algorithm and provides the opportunity to fine tune it to the state-of-
the-art understanding of the GWI case definition before coding begins.

To ensure the code accurately reflected the designed algorithm, a thorough
testing method was necessary. We employed the test-first programming strategy, which
used the pseudocode and flowcharts to write test cases to test every aspect of the
designed algorithm?. The test cases were designed to represent all possible
combinations of survey item inputs and each test case represents one hypothetical
person. For each test case, a set of inputs is provided (e.g., symptom ratings and
diagnosis indicators, in this example), as well as the gold standard version of the
outcome (e.g., GWI status) that is being tested. The code can be tested on these
hypothetical individuals to determine if the implemented algorithm was correctly
programmed to capture the correct answer in all possible individuals. The implemented
algorithm assigns a GWI case status, which is compared to the independently
determined gold standard GWI case status. ‘Passing’ the test case means that the two are
identical, while ‘failing” indicates that the result output by the implemented algorithm is
not the same as the expected result. Test cases were written in Excel, which separated
them from the implementation of the algorithm.

The algorithm was implemented using Don’t Repeat Yourself (DRY) technique,
meaning that repeated pieces of code are written once and are saved as a function or

variable”. In SAS, these are called macros and macro variables, and work by basically
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replacing the chosen variable name with the relevant portion of the previously defined
code. This technique is used so that slight modifications can be made with regard to
which symptoms or diagnoses are incorporated into the definition, without rewriting
the code or editing the code in too many places. It also allows the base case, or smallest
repetitive piece of the algorithm, to be implemented just once. This base case is then
used several times to implement the full algorithm. For example, the CDC severe
definition requires at least one severe symptom from two of three symptom domains.
The base case macro takes as an input the symptom domain and the list of symptoms in
the domain, then outputs whether or not a severe symptom is in that domain. This base
case macro is run once for each symptom domain, then the results are combined to
determine CDC GWI Severe case status. Without macro programming, the code in the
macro would have needed to be written three separate times, potentially adding typos
and other errors. Open-source macros were used to streamline this process. Following
the core tenets of software construction to keep the code tight, clean, and modular
significantly improves both the reliability and reusability of the case definition
algorithm?677,

The implemented algorithm was tested on the pre-written test cases. Test cases
were used by running the code (implemented algorithm) on all of the test cases, then
comparing the previously determined outcomes in the test case file with the outcomes

generated by the code. Simple two-by-two tables were used to compare the outputs of
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the classification algorithm with the outcomes written into the test cases. These
comparisons were done for every outcome generated by the designed and implemented

algorithm. Code was edited until all test cases passed.

Results

Aim 1: Design of Algorithm

The algorithm was fully designed before any code was written, allowing for
critical decision making prior to the implementation of the algorithm. Plain language
pseudocode, developed in Microsoft Word using the original Kansas and CDC case
definition papers, was used to highlight key decision points. Flowcharts, designed in
Microsoft PowerPoint, accurately and concisely communicated the designed algorithm
to the team. The pseudocode and flowcharts were redesigned until the team agreed on
the algorithm. The flowcharts facilitated discussion, as it was not necessary to

understand the code to contribute to the conversation and decision making. This
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separation of the design and the implementation of the algorithm permitted important
algorithmic decisions to be based on the published case definitions and needs for future
projects, rather than ease of coding. Figures 1 and 2 illustrate the flow charts for the
Kansas and CDC definitions, respectively. Since the entire team could read and
understand the flow charts, everyone was able to contribute to the discussion and
decision making. The team-based approach led to a more robust case definition based
on the contributions of team members with diverse backgrounds and a sense of
ownership over the decisions that were made, engendering confidence in the final

algorithm.

Figure 1b. CDC GWI Flowchart. First, classify
each symptom domain for each Veteran
according to panel on left, then classify each
Veteran for CDC GWI according to bottom
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The test cases added significant time and effort to the design and
implementation process, but without them, it is difficult to assess accuracy of the
program. Test cases provided clarity on edge cases, or situations where the algorithm
may misclassify individuals, and validated that the code behaved as intended. These
tests are always written based on the pseudocode and flowcharts, independently from
the code itself, as the goal is to be able to detect errors in the implementation of the
algorithm?. In particular, writing these test cases clarified the degree of missing
information the algorithm could support and still assign a legitimate classification. A
missing classification option was retained in the case that it was impossible to assign a
case definition. As seen in Figure 3, Kansas GWI begins with symptoms, which make up
symptom domains. These symptom domains are then combined to generate a symptom
criteria indicator, which is combined with the exclusionary criteria to determine Kansas
GWI case status. Each symptom domain was tested extensively: for every symptom
domain, a test case was written for every combination of valid values for all symptoms
in the domain. Figure 4 shows an example of the process to go from the survey question
and pseudocode to the set of test cases. In one case, the Kansas Neurological, Mood, or
Cognitive symptom domain, the full cartesian product became intractable (12 symptoms
with six valid inputs per symptom led to 78 billion possible test cases), so partitioning
was used to test that symptom domain. Documentation for the design of the algorithm

will be submitted to the Department of Veterans Affairs (VA) Phenomics library”, a
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database of research phenotypes defined in VA research studies that can be applied by
others to their own datasets, with submission of this manuscript. Pseudocode, flow
charts, and test cases allowed full determination of the classification algorithm before

any code was written, leading to team-wide confidence in the case definition.

Figure 3. lllustration of Test Cases for Kansas GWI Case Definition Classification Algorithm
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Aim 2: Implementation of Algorithm

The implementation of the case definition classification algorithm utilized
techniques drawn from software engineering. SAS Macro language was used to best
follow Don’t Repeat Yourself (DRY)”*7 techniques, which shortened the program
dramatically. For example, a macro was written to calculate a Kansas symptom domain

indicator using an input list of symptoms. This macro was then used to calculate all six
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Kansas symptom domain indicators for each individual, using the six lists of symptoms
relevant to each respective symptom domain. An identical process was applied to the
CDC symptom domain indicators: one macro was written and then was used to
calculate all three CDC symptom domain indicators. Macro variables were also used to
define the symptom and diagnosis identifiers for each symptom and diagnosis used in
the program. These macro variables provided the opportunity for late phase adjustment
to be made quickly and accurately; a symptom was removed from the CDC Fatigue
domain, and one was added to the Kansas Skin domain. The ability to change the
composition of the definition at a late stage of the project without causing significant
delays demonstrates the flexibility of the code and anticipates the adjustment of the case
definition in future studies. While this type of programming is an example of best
practice in software engineering’®”’, it is more time consuming to write and design, and
can require more time to debug. Using DRY programming techniques cuts down on the
amount of code that is copied, pasted, and edited, which reduces silent errors”.. The

code produced no errors and the only warnings produced were format warnings due to

(71 Silent errors are the worst type of programming errors—a mistake is made,
causing the wrong answer to be generated. It is silent because an answer is still
generated and no error or warning is reported. Often there is very little chance in
identifying these errors without a thorough independent code review or set of test cases.
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variables that were not used in the algorithm. The implemented algorithm ran to
completion in GWECB (n=1,343) in 5.6 seconds and the resulting dataset was saved as a
SAS dataset. Comments explaining the logic and indicating where changes could be
made are spread throughout the code.

The previously described test cases were used to validate the algorithm, leading
to the quick identification of several coding mistakes and providing confidence in the
outcomes produced. These test cases demonstrated that the implemented algorithm
functioned as intended. Test cases and code have been submitted to the VA Phenomics
library”. Best practices of software engineering, including techniques to limit the use of
copy/paste and techniques to check the results produced against an expected result,
resulted in code that was flexible, accurate, and reliable.

Aim 3: Adaptation to New Dataset

The use of SAS Macro language to implement the designed classification
algorithm allowed quick modification for use in the GW MVP dataset. The code and test
cases were repurposed for the GW MVP dataset with changes on only 15 lines of code
and 12 corresponding headers for the test cases. These changes represent differences in
variable names for the same or similar questions on the symptom questionnaire. The
code was 400 lines in length. The modifications were made in in the first 50 lines of code,
with comments indicating how to adjust the code for a new dataset. Adapting the code

and test cases for the new dataset, as well as running the code and test cases on the new
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dataset, were completed in less than a day. When applied to the 41,077 individuals in
the GW MVP dataset, the code ran to completion in 32.7 seconds.

Testing for the GW MVP dataset was also straightforward. Twelve headers,
corresponding with 12 of the 15 Macro variables adjusted in the code, were revised to
represent the GW MVP symptom and diagnosis identifiers. No additional changes were
necessary. Testing caught a misspelled symptom identifier, which was corrected before
results were reported. All test cases passed. The ease with which the code was applied
to a new dataset with different variable names illustrates its flexibility and shows that

this code could be used to standardize the GWI case definitions across datasets.

Discussion

Documentation of algorithm
Through the application of software engineering core principles to write

code for the case definition classification decision rules, the exact algorithm is clear and
can be replicated in any coding language. The documentation available describes the
inputs, outputs, and process for computing the outputs from the inputs. This coding
technique lowers the cost of writing code, as decision makers can easily understand
where the decision points are and how these decisions could affect results, leading to
fewer iterations of rewritten code. It also allows other groups to utilize what has already
been written, promoting efficiency and reducing the time required to recreate the case
definition algorithm. In addition, the inclusion of pseudocode, flowcharts and test cases

allow the algorithm to be readily adapted to different software languages, promoting
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usability and enhancing reliability and replicability. In this way, even though the code
takes longer to design and write when following this method, the code produced is of
higher quality, is easier to reuse, and can be quickly adapted to fit future projects.

Limitations
A major limitation of this method as described here is that the same individual

developed both the code and test cases. This can result in identical errors in both
locations, leading to the same erroneous output in the test cases and in the implemented
algorithm. Techniques employed to mitigate the risk of such errors included using
separate programs to write the code and test cases, multiple rounds of team review of
the algorithm, peer review of code, and time-delayed self-review of code and test cases.
Another possible limitation was the amount of time that the development phase
required. This, however, is not a true limitation, as the time saved later in the process
more than compensated for the high cost of the design phase. The entire process
generated significant confidence in the algorithm produced and the test cases, in
particular, ensure that the code followed the planned algorithm. The code and test cases
produced are reliable, flexible and generalizable to other projects, potentially saving
much more time than that spent planning and documenting the algorithm.

Flexible code for future work
The process we outlined led to the development of flexible code. As the

understanding of GWI continues to change, the ability to modify the symptoms in each

symptom domain and the conditions in the exclusionary criteria will reduce costs in the
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future. In addition, the comments and macros used in the code facilitate revisions in the
input and other larger adaptations. Thus, the programming method we described can be
readily adapted to future projects as the case definition of GWI evolves. Finally, the
implementation of a well-defined process resulted in standardized, validated code to
assign GWI case status. This algorithm could be applied to other cohorts, facilitating the

comparison of results across studies.

Conclusions

Through the application of best practices of software engineering, the authors
were able to take advantage of all skillsets on the team to generate a reliable and
replicable case definition classification algorithm for Gulf War Illness. The
documentation process, including the modularity of the code and the inclusion of test
cases, supports the accuracy of our work and facilitates the replication of our work by
other groups. Gulf War Illness is a challenging phenotype, in large part due to imperfect
and inconsistently applied case definitions. A standard process and algorithm for the
GWI phenotype could facilitate comparisons across cohorts and provide a common

platform for future, biologically based studies.
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Application of GWI Algorithm to CSP585 and CSP2006

Applying this algorithm to produce CDC, CDC Severe, and Kansas GWI case
definition indicators in both GWECB/CSP585 and CSP2006/MVP has led to several
papers. Here, I present tables and figures from the two published manuscripts in which
application of the GWI algorithm allowed for further study (Gifford et al., 20212° and
Radhakrishnan et al., 2021%°). This work described the GWECB cohort in terms of both
demographics and GWI-related measures, compared the GWI-related measures in
GWECB with those from the original Steele, 2000° paper, and used the applied case
definition to consider future projects for the MVP dataset. I am the second author on the
Gifford et al. paper and performed the data management, data cleaning, statistical
analysis, and generated the tables and figures. I am a middle author on the

Radhakrishnan et al. paper and generated the figure presented.
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Introduction

The GWI case definition algorithm manuscript was the product of a collaborative
effort to standardize the GWI case definition. Having completed that, the next step was
to apply that case definition to both CSP585 and CSP2006. The CSP2006 surveys were
distributed and returned later than the CSP585 surveys, providing an opportunity to
adjust the research plan based on preliminary results from CSP585. Described here is
some of the published collaborative work that came out of these case definition efforts.
First, the GWECB had no previously published results discussing GWI case status.
Since the cohort is thought to be highly biased due to a 12% survey return rate, there is
little confidence in estimating the cohort GWI prevalence, even in comparison to
population prevalence®. The confidence instilled by our case definition process was
able to ameliorate this problem®. Second, the MVP and GWECB cohorts are both VA
cohorts; streamlining the case definition to compare results and better utilize both
cohorts was a large focus of the collaborative work. Finally, with a reliable and well-
defined GWI case status indicator, more detailed and hypothesis focused experiments
can be planned. This is especially important for the CSP2006 team, which is working
with a dataset of about 40,000 individuals. It would not be possible to go through the
dataset to identify who has GWI on a case-by-case basis, as might be possible in small
clinical trials or smaller observational studies. This algorithm allows progress to be

made on the Gulf War projects in the MVP without further delay.
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Results

GWECB demographics and GWI-related outcomes

In the GWECB, 76% of respondents report being deployed to the Persian Gulf in

support of the 1990-1991 Gulf War. Overall, 23% were female, which is an

overrepresentation of female veterans for the time period. Approximately a third of the

cohort reports Black, Hispanic, or Other in response to the race/ethnicity survey

question®. Table 1 describes the cohort by deployment status. Notably, unit component

is associated with deployment (p=0.01), while sex, age group, race/ethnicity, household

income, education level, service branch, VHA utilization, and deployment in post-9/11

wars were not significantly associated with deployment to the Gulf in 1990-1991.

Table 1. Sample characteristics by 1990-1991 Gulf War deployment status

Did Not | p-
Alll Deployed:?
Deploy [ value
Characteristics n=1116 | n=849
n=267 from
(%) (%) (%) e
Male 76.8 78.0 73.0
Sex 0.0953
Female 23.2 22.0 27.0
40-49 years 38.7 40.1 34.5
Age Group | 50-59 years 36.9 36.3 39.0 | 0.2538
60 years and over 24.4 23.7 26.6

37




White, Not Hispanic 65.1 65.3 64.4
Race/ Black, Not Hispanic 17.2 16.7 18.7
0.4615
Ethnicity? Hispanic (any race) 9.5 9.5 94
Other 6.2 6.0 6.7
Under $30,000 11.2 10.7 12.7
Household | $30,000 - $59,999 23.1 223 25.8
income per | $60,000 - $99,999 29.0 29.7 27.0 | 0.5835
year $100,000 or more 29.8 30.3 28.1
Unknown 6.9 7.1 6.4
High School diploma/GED
9.0 9.5 7.1
Highest or less
achieved Some college to Associate's
68.2 67.8 69.3 | 0.6373
education | or Bachelor's degree
level Master's degree, Professional
20.7 20.4 21.7
degree, or Doctorate degree
Active Duty Only 60.6 58.1 68.5
Unit
Reserves Only 14.6 15.8 10.9
Componen 0.0108
Both Active Duty and
t 244 25.6 20.6
Reserves
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Army Only 45.5 45.1 46.8
Navy Only 16.1 16.7 14.2
Service Air Force Only 11.0 10.3 13.5
0.4698
Branch Marine Corps Only 12.5 13.3 10.1
National Guard#: All 9.8 9.7 10.1
Other 5.0 5.0 5.2
Used VHA
Yes 443 449 42.3
health care
or hospital 0.3848
inthelast | N 54.9 54.1 57.7
year
Deployed
poy Yes 21.7 22.7 18.4
in support
0.1952
of OEF or
No 76.5 76.2 77.5
OIF

!Includes 75 individuals who were deployed in support of the Persian Gulf war butnot to the Gulf War
Theater or Operations

2Includes Veterans who were deployed to the Gulf War Theater of Operations in support of the Persian
Gulf War

3Percentages may not sum to 100% due to unknown responses or missing values in some categories.

4National Guard is not a service branch but was asked in conjunction with military branch questions.
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* OEF=Operation Enduring Freedom; OIF=Operation Iraqi Freedom

GWI case status-related measures by deployment

GWI case status, symptom domains, and exclusionary criteria are key measures
for the GWECB. All GWI-related measures remain significantly associated with
deployment except for the CDC mild-moderate musculoskeletal domain and the Kansas
exclusionary criteria. The CDC Severe GWI case definition is the most strongly
associated with deployment, followed by the Kansas symptom criteria. Although both
have an odds ratio lower confidence level between 1.0 and 1.1, the CDC GWI (any
severity) case definition and the full Kansas GWI case definition are significantly
associated with deployment. The odds ratio for the musculoskeletal domain is the most
impacted by severity, with an initial odds ratio of 1.29 and a severe odds ratio of 2.39.
This increase is due to a large decrease in severe symptom reporting among the non-
deployed: where 86.5% report any musculoskeletal symptom, only 19.1% report a severe
musculoskeletal symptom. Among the deployed, that reduction is smaller: from 87.5%
to 33.6%. Skin symptoms are the most significantly associated with deployment among

the Kansas GWI components.
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Table 2. GWI Case Status and Related Components by Deployment Status

Measure Deployed | Did not | aOR | 95% CI

(n=849) | deploy

(n=267)

Panel A. GWI case status-related measures
Kansas symptom criteria 72.0 59.9 2.05 | (1.50, 2.80)
Kansas GWI case 39.9 32.6 1.42 | (1.05,1.93)
CDC GWI case 84.2 80.1 1.57 | (1.07,2.29)
CDC GWI severe case 26.9 13.5 2.67 | (1.79,3.99)
Panel B. Kansas GWI components
Moderate or multiple symptom domain
Fatigue/sleep problems (4 symptoms) 79.4 68.9 2.14 | (1.53, 3.00)
Pain (3 symptoms) 72.9 65.9 1.56 | (1.14,2.14)
Neurologic/cognitive/mood (14 86.3 80.1 1.80 | (1.22,2.65)
symptoms)
Gastrointestinal (3 symptoms) 38.5 30.3 1.57 | (1.15, 2.15)
Respiratory (3 symptoms) 35.5 24.0 1.93 | (1.39, 2.67)
Skin (2 symptoms) 324 18.4 241 | (1.70, 3.44)
Exclusionary criteria 40.3 40.8 1.05 | (0.78, 1.42)

Panel C. CDC GWI components
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Symptom domain

Fatigue (1 symptom) 69.0 55.1 2.18 | (1.61,2.96)
Musculoskeletal (3 symptoms) 87.5 86.5 1.29 | (0.84,1.97)
Mood-cognition (6 symptoms) 88.7 81.6 2.09 | (1.39,3.13)

Severe symptom domain

Fatigue (1 symptom) 16.4 6.7 3.09 | (1.83,5.22)
Musculoskeletal (3 symptoms) 33.6 19.1 239 | (1.68,3.41)
Mood-cognition (6 symptoms) 34.0 19.9 233 | (1.64,3.32)

aOR = adjusted Odds Ratio; CI = confidence interval.

Note: adjusted for sex, education, income, service branch, unit component, and age.

All components plotted in Figure 5 from GWECB are either consistent or
decreased in odds ratios from those reported by Steele, 2000°; ‘other skin conditions” was
not reported in the earlier paper. Our results have smaller confidence intervals than
those reported by Steele in 2000. These results are plotted as three groups: all, those
who do not fulfill the Kansas exclusionary criteria, and those who do fulfill the Kansas
exclusionary criteria. While the “all” group contains the entire cohort, the second and
third groups listed are mutually exclusive. Across all symptoms, the confidence
intervals overlap between the three GWECB groups. Almost all symptoms are

significantly associated with deployment in the “All” group. The symptoms not
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significantly associated with deployment in the “All” group are: ‘diarrhea” and

‘wheezing in chest’.

All Excl. Criteria: Not Met Excl. Criteria: Met Published Kansas (Steele, 2000)
Group - “\_4 146 =665 " n=a51 ™ n=1844

Symptoms

Fatigue *%_4
5 Feeling unwell after exercise Eai—c

Difficulty getting to or staying asleep b—%—‘

Not feeling rested after sleep »—E{H

Pain in joints e 4
Pain in muscles *'E‘—q N
Body pain where you hurt all over ==t
Difficulty remembering recent information —— . i . )

Feeling irritable or having angry outbursts [E=——"

Numbness or tingling in extremities %_‘

Headaches ’_‘%:m_‘
Eyes very sensitive to light "%—‘

Trouble finding words when speaking "E—; "
Feeling down or depressed e

Difficulty concentrating Eﬁ A
Night sweats ===="t
Feeling dizzy, lightheaded, or faint E==——H"
Low tolerance for heat or cold HET‘

e

Ju

Fatig

Pain

Neurological, Mood, or Cognitive

Symptoms in response to smells or chemicals I—'—O’_*:l—( A A
Blurred or double vision ;._IE[—”
Tremors or shaking *‘%‘—4
Diarrhea D-EE‘
(9 Nausea or upset stomach =1

ﬁﬁ

Abdominal pain or cramping

Difficulty breathing "‘l’i—‘i‘—q

Frequent coughing without a cold "%—4

Wheezing in chest *F%—.
Skin rash o —————

. | S, — |
Other skin symptom |y —

Respiratory

Skin

0 1 2 3 4 5 6 7 8 9 10
Adjusted Odds Ratios, 95% CI: Association of Symptoms with Deployment

Figure 5. Association of GWI symptoms with deployment

Application to MVP
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The MVP team used the same lists of Kansas symptoms and exclusionary
conditions, as well as CDC symptoms, as the GWECB team, with exception of
substituting melanoma for general skin cancer (Figure 6)%°. Using the more specific
melanoma indicator was not possible in the GWECB, even though it is more
appropriate, because the survey did not differentiate between melanoma and non-
melanoma skin cancers?. Once results from the MVP are available, it will be possible to
directly compare with GWECB results, as the same algorithm was used to identify cases

and non-cases.

Neurological/Mood/Cognition Skin Cancers Heart Disease
" d d Trouble finding words when
Fedling down or AR Brezs T
Difficulty concentrating response to certain smells or — [Ccolon ] [ tung ] T R
chemicals [ Blurred or double vision |
Difficulty ing recent Rashes [[Prostate | [Melanoma | - .
information Feeling irritable or having angry Tremors or shaking Congestive heart failure
outbursts - .
yes very sensitive to light extremities N
Fecling dizzy, ligh or Eie Infection Mental Health
faint [ tow tolerance for heat or cold | [ Night sweats |
HIV Schizophrenia
d Respirator Gastrointestinal Pain () [ Bipolar Disorder ]
Fatigue/Sleep Pl ry Hepatits €
o & Nervous System
Not feelng rested aftr seep Nowses orupset | || [ Paimim s ‘ v
. stomach Diabetes Traumatic Brain Injury
Problems getting to sleep or Frequent coughing when Body pain, where - = -
o e i e o e
Feeling unwell after physical Difficulty breathing or Pain in joints Stroke Liver Lupus
exercise or exertion
shortness of breath Tiver
Kansas Symptom Criteria Exclusionary Conditions

Feeling down or dep

Fatigue Musculoskeletal Mood/Cognition
Pain in muscles Difficulty concentrating Trouble finding words
when speakin,
Fatigue | | Stiffness in joints | recent information Problems getting to sleep

or staying asleep

Pain in joints

Feeling anxious Feeling(moody

CDC Gulf War lliness Criteria

Figure 6. MVP case definition graphic

Discussion

The GWECB dataset is a diverse dataset; compared to the overall population of

Gulf War veterans, there is an overrepresentation of women, Black veterans, and
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Hispanic veterans. This overrepresentation was planned in the recruitment phase, as an
effort to recruit more female and non-white veterans to research studies within the VAS!,
The only demographic factor that is associated with deployment is unit component
(p=0.01, Table 1). This is vitally important for identifying covariates for the GWI
association analyses. Importantly, later deployment, measured here with deployment to
OEF/OIF (post-9/11 wars in the Gulf region), is not associated with deployment to the
Gulf in the 1990-1991 Gulf War. In some military analyses, the healthy warrior effect can
severely bias the analysis due to the fact that the military requires a certain level of
titness and health for deployment®2. In the words of Dr. Haley, who coined the phrase in
his 1998 paper, the healthy warrior effect describes, “the selection bias from systematic
differences in the health of military personnel who are deployed to a war zone and those
who are not deployed due to the selective withholding of chronically ill soldiers from
deployment.” We might expect a double bias here, both in deployment to the Gulf in
1990-1991 and in deployment in subsequent wars. We are not seeing an association
with deployment in 1990-1991 with deployment in subsequent wars, which would have
complicated analysis. The demographic information informs on covariates of interest.
With these results and prior results in mind, it was decided that the genetic models of
GWI would adjust simply for sex and age, in addition to genetic principal components,

as appropriate.
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We also do not see an association between Kansas exclusionary criteria and
deployment (Table 2), which is vitally important to the full Kansas case definition.
When this case definition was first defined, the exclusionary criteria were intended to
identify those whose symptoms could be explained by common diseases that are not
associated with deployment. The GWECB dataset confirms that these common
conditions continue to not be associated with deployment in 1990-1991. Our results also
indicate that, with over 40% of both deployed and non-deployed veterans fulfilling the
Exclusionary Criteria, they might be too stringent for data collected 25 years after the
Gulf War. Further work will be necessary to identify the effects of these Exclusionary
Criteria.

The Exclusionary Criteria do not seem to change the association of the symptoms
with deployment. In Figure 5, the cohort is stratified by Exclusionary Criteria status,
which is not how it is worked into the Kansas case definition. Although the two
stratified groups appear to experience the same patterns, it is possible that including
those with both GWI symptoms and Exclusionary Criteria in the control group may be
contaminating the control group with potential cases. This can be seen in the decrease in
odds ratio for the association with deployment between the Kansas symptom criteria
and the full Kansas case definition. Further work is necessary, potentially in the MVP
dataset, especially as the average age of the cohort increases over time and exclusionary

conditions become more common.
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The many discussions between the GWECB team and the MVP team streamlined
the application of the case definition algorithm to MVP. Since the MVP team was
involved in discussions from the beginning, the decisionmakers agreed on the contents
and makeup of the case definition. Having seen the test cases catch translation errors
between the GWECB and the MVP datasets, there was confidence in the accuracy of the
code compared to the agreed-upon algorithm. The application of this case definition to
the MVP has been completed, but no results have been published yet.

Confidence in the case definition coding has led to the ability to test more
specific hypotheses. The future work described in the Radhakrishnan et al. paper would
not be possible without the case definition work. Completing a GWAS and a gene-
environment interaction work in a cohort of 40,000 Gulf War era veterans requires an
automated case definition. It would not be possible for an individual to go through each
person to categorize each veteran as a case or as a control. This will continue to be true
as analysis moves forward: work in genetic, methylation, and other high throughput
data types will allow for a large dataset, but only if the case definition is applied evenly
across the dataset in a consistent and time-efficient manner. This deterministic
algorithm has allowed for both consistency and time efficiency, without sacrificing
accuracy or confidence in the results. Future work includes a GWAS in both the

GWECB and the MVP datasets, as well as gene-environment interaction and linear
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mixed model (LMM) approaches to answer specific questions about the relationship

between genes, exposures, and GWI outcomes.

Conclusions

Application of the case definition algorithm to the GWECB and MVP datasets
has allowed analysis to begin. The results will be comparable between cohorts and
features of the cohorts can begin to be observed. The genetic model will be designed
using these results. Finally, deep understanding of the cohort and of the case definition

will allow for better designed models and better interpretation of results.
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3. Genome-wide Investigation

This chapter consists of an unpublished manuscript on which I am first author,
with the title and author list noted in the footnote®. I completed the data management,
data cleaning, statistical analysis, table generation, and figure generation, as well as
writing the first draft of the manuscript. I appreciate the mentorship, guidance, and idea
generation of several coauthors in the process of drafting the manuscript. Several
coauthors contributed to editing, generating the data, and writing grants to support this

work. This manuscript has not yet been submitted for publication.
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Genetics of Gulf War illness, a genome-wide association study

Introduction

United States Veterans who served in the 1990-1991 have continuously reported
higher rates of chronic multisymptom illness (CMI) than both the general population
and other military cohorts®. Out of the 700,000 military personnel who were deployed to
the Southwest Asia theater of military operations in the 1991 Gulf War, it is estimated
that between 175,000 and 250,000 (25-35%) have chronic multisymptom illness (CMI), in
this group defined as Gulf War Illness (GWI)?. This high level of unexplained illness
was reported as early as 1995, less than five years after deployment to the Gulf!'#. Many
of the symptoms used to define GWI are being reported by veterans deployed more
recently to Iraq and Afghanistan 12288, suggesting common causes of GWI, most of
which remain undiscovered but include both war-related environmental exposures and
individual susceptibility A better understanding of underlying genetic susceptibility to
CMI and GWI could help with its treatment or prevention of similar symptoms in other
at-risk groups.

The study of GWI poses several challenges the first of which is applying a
standard research definition. GWI has several generally accepted research case
definitions based on combinations of self-reported chronic symptoms®. The two main

definitions are the Kansas® and Center of Disease Control (CDC)° definitions. The
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Institute of Medicine and the Research Advisory Committee on Gulf War Illness have
extensively reviewed research over the past 25-30 years, concluding that the Kansas and
CDC case definitions are significantly associated with Gulf War deployment and that
these case definitions are preferred for research application 3. For this analysis we
choose the CDC Severe case definition as the primary outcome, as it demonstrates the
strongest association with deployment in this dataset?’. However, in application to
genetic analysis it remains unclear which of these case definitions is the most heritable
or even if GWI is heritable at all. Further compounding the lack of information on the
heritability of any case definition or its components is the need for exploration of genetic
models including genome-wide analysis.

Genome-wide association studies (GWAS) are an established method for gene
identification in well-defined diseases®**® and are now being used to study traits with
less well-defined genetic architecture, such as suicide®”®, post-traumatic stress disorder
(PTSD)¥, depression®, and Chronic Fatigue Syndrome (CFS)*. Even small datasets can
be a very important starting point when working with a trait that does not yet have any
genome-wide genetic work published; the first GWAS of age-related macular
degeneration had only 96 cases and 50 controls and launched the GWAS era with its
publication in 2005”!. Even where statistical power is low, the results of such GWAS
analysis can be very useful for identifying loci of interest and subsequent meta-

analyses®>®. There have been many small genetic association studies of GWI, focusing
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on candidate loci Human Leukocyte Antigen (HLA)*%, butyrylcholinesterase (BCHE)?,
and paraoxonase (PON1)>*%. These results have been difficult to replicate; in particular,
the PON1 finding has been elusive”®. Genome-wide studies of GWI allow an unbiased
screen of the genetic architecture and could identify smaller sets of genes to specifically
test in future work. Other work could be done with summary statistics: gene or gene set
associations®**’, phenome-wide studies®®*, or linear mixed model (LMM) 100101
approaches. These methods require that a GWAS be completed and summary statistics
be released. In this study we describe an initial GWAS analysis of the Gulf War Era
Cohort and Biorepository (GWECB), including 1,061 individuals with high-quality
genomic data and Gulf War illness status indicators for the IOM/RAC recommended

case definitions'®. Summary results will be made available for future work.

Materials and Methods

Gulf War Era Cohort and Biorepository

The Gulf War Era Cohort and Biorepository (GWECB) was designed as a
nationally representative longitudinal cohort of Gulf War era veterans, with survey data,
DNA, and electronic medical records®. Data collected include demographics, symptoms,
symptom severity ratings, clinical conditions, and deployment locations. Use of the
Veterans Health Administration healthcare system was not required for inclusion and
female veterans, non-white veterans, and deployed Veterans were oversampled®.

Development of the study, description of the survey data and development of the
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analytic dataset have been described?*. Gifford et al. developed an analytic dataset
consisting of 1,116 individuals who had all four GWI indicators, were not missing major
covariates (sex or deployment), and were not deployed elsewhere?. GWI-related
variables include symptom domains, Kansas exclusion flag, and GWI indicators®. In
addition, the analytic dataset includes covariates of age, race/ethnicity, highest achieved
education level, household income, unit component, service branch, Veterans Health
Administration (VHA) use, and deployment to OEF/OIF. Combined with the genetic
data cleaning described below, a total of 1061 participants were included in the GWAS
analysis.
GWI Case Definitions

GWI case status was calculated using a deterministic algorithm based on 32 self-
reported chronic symptoms, fully described by Gifford et al., 2021208, Symptoms and
diagnoses used in the GWI case status indicators are shown in Appendix Figures 1 and
2%, Outcomes were chosen based on expert panel recommendations; the Institute of
Medicine has recommended the use of the CDC and Kansas definitions for GWI
research’. All four case definitions are more prevalent among the deployed Veterans
than the non-deployed Veterans. While each case definition has a very different case
rate, the case definitions are closely related. All those who fulfill the CDC Severe GWI
criteria must also fulfill the CDC GWI criteria. Likewise, all those who fulfill the Kansas

GWI criteria must also fulfill the Kansas Symptom Criteria. Many of the symptoms
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necessary to fulfill the CDC GWI and Kansas symptom criteria also overlap. Thus, these
case definitions are not independent. Our primary outcome was CDC Severe GWI
because it is most strongly associated with deployment in the GWECB and is entirely
symptoms-based®. Secondary outcomes were CDC GWI, Kansas GWI, and Kansas
symptom criteria. The Kansas Exclusionary Criterion, the indicator for self-report of
least one exclusionary condition, is fulfilled by 40.6% of the GWECB population,
meaning that 40.6% of the study population are ineligible to be considered for Kansas
GWI (Table 4, Results). Thus, the Kansas Symptom Criteria was chosen as the primary
Kansas case definition for this study. These definitions were developed in conjunction
with the Million Veteran Program’s Gulf War Illness study to allow comparisons of
military cohorts®.
Genotyping and genetic data cleaning

Genotyping was done on an Illumina Omni2.5-8v1.4 microarray at the
Pharmacogenomics Analysis Laboratory (PAL) in the Central Arkansas Veterans
Healthcare System using standard protocols. Plink 1.9 was used for subsequent genetic
data cleaning and analysis'®. A total of 2,372,461 SNPs were genotyped; 82,369 SNPs
were removed due to missingness greater than 1% and 512,116 SNPs were removed due
to minor allele frequency (MAF) less than 1%, leaving 1,777,976 SNPs. Sample QC

replicates were removed, keeping the most informative sample for each individual. Two
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individuals were removed due to SNP missingness >1% and 13 individuals were
removed due to genetic relatedness (estimated identity-by-descent greater than 12.5%).
GWAS analysis

Genome-wide association studies (GWAS) were completed on 1,061 Veterans,
using a logistic regression model, adjusting for age, sex, and ten genetic principal
components (PCs). The logistic regression model uses the logit function for each
outcome as Y, with a separate regression model for each SNP to test each SNP
individually for association. Ten PCs were chosen, to follow prior work; the top 10
genetic PCs represent 87% of the genetic variability®2. The PCA plot (PC1 and PC2) and
the scree plot can be found in Appendix Figure 3. GWAS was run for the primary
outcome, CDC Severe GWI and three related outcomes: CDC GWI, Kansas GWI, and
Kansas GWI symptom criteria. Analyses to evaluate robustness to confounding were
performed for the white-only group (n=797) and the deployed-only group (n=810).
Principal components were calculated separately for each analysis group. In all a total of
12 GWAS were completed.

Equation 1. GWAS model
Y= By *SNP+ B, xsex + 3 xage + B4 * PCy + 5 * PC, + B¢ x PC3 + 37 * PCy + Bg * PCs
+ By * PCs + P1o * PCy + P11 * PCg + P12 ¥ PCy + By3 * Py
Primary results were filtered to require at least 5% observed alleles in both the

affected and unaffected groups. SNPs were ranked by p-value and visualizations for

top-ranked SNPs were generated using web-based LocusZoom!%. Results tables were
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generated using the output from PLINK and associations reported in published work.
Prior associations include eQTL and GWAS associations and were accessed on
LDexpress, LDtrait, and the GWAS catalog between 11/22/2021 and 11/30/2021.
LDexpress queries GTEx for specific SNPs and displays an output table of results related
to that SNP with associated p-values and study descriptions!'®. LDtrait queries the
GWAS catalog for the requested SNP and displays a table of results related to the
queried SNP, with associated p-values and study descriptions'®. The GWAS catalog
was also queried directly for top SNPs and for the genes with which the top SNPs were
annotated!?””. Ancestry-based minor allele frequency reported in tables was gathered
from NCBI dbSNP on 12/17/202110%10°,
Heritability analysis

Heritability was calculated using GCTA v1.93.2 using the reml command on
autosomes only. REML (restricted maximum likelihood) maximizes the joint likelihood
of all error contrasts to estimate the variance components in mixed models'*. REML
assumes normal distribution of input variables. Minimum minor allele frequency
(MAF) was set at 0.01 and covariates of age, sex, and 10 genetic principal components
were used, as in the GWAS model. Heritability was calculated for each of the four case
definitions across each of the three populations. Comparisons were made between
definitions within each population group.

Gene and gene set analysis
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Association of genes with GWI was tested using a multiple linear
principal components regression model, computing the gene p-value using an F-test,
implemented in MAGMA 1.6b%. The default of 0.1% of the variance in the SNP data
matrix was pruned before the principal components were used as predictors in the
linear regression model. The method is fully described by de Leeuw et al., 2015, and
utilizes individual-level data to minimize dependence on population-based summary
statistics®. The genome-wide gene association was based on individual-level data for
the CDC Severe outcome. Gene annotations were based on GRCh37.3 and were

downloaded from the MAGMA website: https://ctg.cncr.nl/software/magma. Age, sex,

and 10 genetic PCs were used as covariates for the gene association calculations in
MAGMA. Gene set association was computed by converting gene p-values to Z-values
using a probit function. Z-values represent the strength of the association between each
gene and GWI and are normally distributed. A gene set is associated if the genes in the
gene set are jointly associated with GWI, calculated through a linear regression model.
Gene set association was also implemented in MAGMA 1.6b. Gene set lists were

downloaded from the GSEA website: http://www.gsea-

msigdb.org/gsea/downloads.jsp#msigdb. Significance levels were adjusted for multiple

testing using a Bonferroni correction.
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Results

The sample size was 1061 after quality control. Table 3 shows the military and
civilian characteristics of the Veterans in this study, stratified by fulfillment of the CDC
Severe GWI case definition. Out of the 1,061 individuals, 247 were classified as fulfilling
the CDC Severe GWI case definition and 814 were classified as not fulfilling the CDC
Severe GWI case definition. Among those who fulfilled the CDC Severe GWI case
definition, 72% were male, 45% were under 50 years old, and 19% were at least 60 years
old. Black, non-Hispanic and Hispanic populations were overrepresented in the CDC
Severe GWI group at 20% and 19%, compared to 17% and 9% in the study population,
respectively. The white population is likewise underrepresented in the CDC Severe
GWI group, at 46% compared to 65% in the general study population. Those with
advanced degrees, incomes over $100,000, and those in the Reserves only were
underrepresented among the CDC Severe GWI group, while those who reported some
college through Bachelor’s degree, served in the Army, or served in Active Duty only
were overrepresented among the CDC Severe GWI group.

Table 3. Demographics by CDC Severe GWI status

All CDC Severe GWI
Yes No
n 1061 247 814
Age at Survey (mean (standard deviation)) 54.41 (8.02) | 52.62 54.95
(6.93) (8.25)
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Age Group 40-49 399 (37.6) 113 (45.7) | 286 (35.1)
50-59 399 (37.6) 88 (35.6) 311 (38.2)
60+ 263 (24.8) 46 (18.6) 217 (26.7)
Sex Male 813 (76.6) 177 (71.7) 636 (78.1)
Female 248 (23.4) 70 (28.3) 178 (21.9)
Race/ White, not Hispanic 687 (64.8) 113 (45.7) 574 (70.5)
Ethnicity Black, not Hispanic 183 (17.2) 50 (20.2) 133 (16.3)

Hispanic 99 (9.3) 47 (19.0) 52 (6.4)

Other 57 (5.4) 25 (10.1) 32 (3.9)

Unknown 35 (3.3) 12 (4.9) 23 (2.8)

Education HS, GED, or less 92 (8.7) 21 (8.5) 71 (8.7)
Some college to bachelor’s degree | 713 (67.2) 185 (74.9) | 528 (64.9)
Advanced degree 219 (20.6) 29 (11.7) 190 (23.3)

Unknown 37 (3.5) 12 (4.9) 25 (3.1)

Household Under $30,000 116 (10.9) 42 (17.0) 74 (9.1)
Annual $30,000-$59,999 241 (22.7) 70 (28.3) 171 (21.0)
Income $60,000-$99,999 305 (28.7) 70 (28.3) 235 (28.9)
$100,000 or more 316 (29.8) 42 (17.0) 274 (33.7)

Unknown 83 (7.8) 23 (9.3) 60 (7.4)
Deployed to Yes 810 (76.3) 212 (85.8) 598 (73.5)
the Gulf No 251 (23.7) 35(14.2) 216 (26.5)
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Military Air Force Only 117 (11.0) 15 (6.1) 102 (12.5)
Branch Army Only 481 (45.3) 136 (55.1) 345 (42.4)
Marines Only 130 (12.3) 30 (12.1) 100 (12.3)
Navy Only 173 (16.3) 30 (12.1) 143 (17.6)

National Guard, Any 107 (10.1) 22 (8.9) 85 (10.4)

Other or Unknown 53 (5.0) 14 (5.7) 39 (4.8)

Military Active Duty Only 643 (60.9) 163 (66.0) 480 (59.3)
Component Reserves and Active Duty 259 (24.5) 64 (25.9) 195 (24.1)
Reserves Only 154 (14.6) 20 (8.1) 134 (16.6)

The four case definitions examined were CDC GWI, CDC Severe GWI, Kansas

GWI, Kansas Symptom Criteria, which have 83.2%, 23.3%, 38.5%, and 69.7% prevalence

in GWECSB, respectively (Table 4). CDC GWI and Kansas Symptom Criteria both have

more cases than controls in GWECB. Table 4 illustrates the frequency of fulfilling each

case definition by deployment status.

Table 4. Case definitions by deployment

Overall Deployed Not deployed
N (%) N (%) N (%)
n 1061 810 251
Kansas GWI 408 (38.5) 324 (40.0) 84 (33.5)
Kansas Symptom Criteria 739 (69.7) 584 (72.1) 155 (61.8)
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Kansas Exclusionary Criteria 431 (40.6) 327 (40.4) 104 (41.4)

CDC GWI 883 (83.2) 685 (84.6) 198 (78.9)

CDC Severe GWI 247 (23.3) 212 (26.2) 35 (13.9)

GWAS for all four of these case definitions under the same model were
completed, with no results that show genome-wide significance (p < 10%). Figure 7
shows the QQ-plots and the Manhattan plots for the GWAS of CDC Severe GWI on the
entire study population. To assess robustness to additional population stratification and
an unmeasured environmental effect, GWAS were completed on each of the case
definitions in the entire cohort, in the subgroup who self-identifies on the survey as
“white, not Hispanic” and in the deployed subgroup, respectively. QQ-plots and

Manhattan plots of the other 11 GWAS are shown in Appendix B.
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Figure 7. CDC Severe GWI Manhattan plot and QQ-plot

While no Bonferroni-corrected statistically significant SNPs were identified,
several SNPs achieved a p-value less than 10° and were considered the top hits. Table 5
shows the SNPs with suggested significance (p < 10-°) in the CDC Severe GWI GWAS
among the entire study population, along with their genomic location, ORs, p-values,
and prior associations. Top hits that are in high linkage disequilibrium are marked with
superscripts. Most allele frequencies were stable across ancestry-based subpopulations,
but rs993521, rs993522, rs11768811, and rs4722409 have flipped major/minor alleles in

European populations compared to African populations.
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Table 5. Associations with GWI: top SNPs

SNP | Chr: | European | African p- OR | Gene Prior associations
BP allele allele value
frequency | frequency
rs993 | 161 | P(A)=0.58, | P(A)=0.65, | 2.4e-06 | 1.7 | WWOX | WWOX: height,
7803 1728 P(G)=0.42 | P(G)=0.35 (intron) | MS, forced
940 expiratory value,
platelet count,
hemoglobin
concentration
rs412 | 10: P(G)=0.93, | P(G)=0.99 |3.4e-06 | 2.5 | LINCO02 | eQTL: Adipose-
92,
86910 260, P(A)=0.07 |8, 653 subcutaneous
229 P(A)=0.00 (intron) | GWAS
2 HTR7 | LINCO02653:

protein levels x
insomnia
interaction,
protein QTL
(liver), total

amyloid
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(SNPxSNP
interaction),
Alzheimer’s
disease and age of

onset

rs993

521

145,
758,

307

P(T)=0.31,

P(G)=0.69

P(T)=0.54,

P(G)=0.46

3.4e-06

0.57

LNCSR

LR;

PLOD2

eQTL: Cells-
Cultured
Fibroblasts,
Thyroid;

Muscle- Skeletal,
Skin (suprapubic),
Esophagus
Mucosa

GWAS PLOD2:
Height, obesity

related traits

rs350

84682

69,
363,

682

P(A)=0.69,

P(G)=0.31

P(A)=0.74,

P(G)=0.26

4.1e-06

1.7

TMPRS

S11E

eQTL: Esophagus-
Mucosa,
GWAS linked

SN7P’s: mean
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corpuscular
hemoglobin,
triglycerides,
triglyceride levels
GWAS
TMPRSS11E:
urinary metabolite
levels in chromic
kidney disease,
cholesterol levels,
insulin-like
growth factor 1
levels, ApoAl

levels, serum

alkaline phosphate
levels, LDL levels,
APOB levels
rs993 | 3 P(C)=0.69, | P(C)=0.52, | 4.7e-06 | 0.57 | LNCSR | eQTL: Cells-
145,
522 P(A)=0.31 | P(A)=0.48 LR; Cultured
758,
. 564 PLOD2
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Fibroblasts,
Thyroid;

Muscle- Skeletal,
Skin (suprapubic),
Esophagus
Mucosa

GWAS PLOD2:
Height, obesity

related traits

rs475 | 100 | P(T)=0.80, | P(T)=0.83, | 6.1e-06 | 0.47 | None | None
1307

0723 P(G)=0.20 | P(G)=0.17
2894
0

rs123 | 100 | P(C)=0.58, | P(C)=0.62, | 6.4e-06 | 1.7 | LRMD | GWASLRMDA:
77,

55465 P(A)=0.42 | P(A)=0.38 A balding type 1,
893,
830 (intron) | male pattern

baldness, forced
expiratory
volume, scoliosis,
lung function vital

capacity, alopecia
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rs260

3152

69,
367,

074

P(C)=0.67,

P(T)=0.33

P(C)=0.52,

P(T)=0.48

6.9e-06

1.7

UGT2B

17;

TMPRS

S11E

eQTL:
TMPRSS11E/
Esophagus-
Mucosa

eQTL: UGT2B17/
Brain-Spinal cord
GWAS SNP:
triglycerides,
mean corpuscular
hemoglobin
GWAS UGT2B17:
Sex hormone-
binding globulin
levels adjusted for
BMI, Sex
hormone-binding
globulin levels,
Liver enzyme
levels (alkaline

phosphatase), LDL

67




cholesterol levels,

Serum alkaline

phosphatase levels
rs111 | 1 P(G)=0.72, | P(G)=0.51, | 8.1e-06 | 1.6 | ESRRG | GWAS ESRRG:

217,

17815 P(T)=0.28 | P(T)=0.49 Photic sneeze

403,

176 reflex, hemoglobin
concentration,
hematocrit, red
blood count

rs117 | 7 P(C)=0.84, | P(C)=0.39, | 9.0e-06 | 1.7 | None None

37,

68811 P(T)=0.16 | P(T)=0.61
199,
569
rsd472 | 7 P(T)=0.60, | P(T)=0.16, | 9.8e-06 | 1.7 | ADAP1 | eQTL: Adipose-

947,

2409 P(C)=0.40 | P(C)=0.84 ; Subcutaneous,

236

COX19 | Adipose-visceral,

brain —cerebellum,
breast, heart
GWAS

ADAP1/COX19:

lymphocyte
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counts, ApoAl
levels, HDL levels,
lymphocyte
percent of white

blood cells

The top ranked SNP, rs9937803, is in an intron of WWOX, close to a
chromosomal fragile site (Table 5). The LocusZoom plot for this region (Figure 8) shows
the cluster of SNPs in high LD co-located with rs9937803 between loci with high
recombination rates. The population minor allele frequency (MAF) estimates are similar

in African and European ancestry.
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Figure 8. LocusZoom rs9937803

The top ranked SNP rs993521 is in high LD (r2=1.0) with another top ranked SNP
(rs993522). These two SNPs have been identified as being significantly associated with
gene expression of the IncRNA sorafenib resistance in renal cell-- carcinoma associated
(LNCSRLR) gene in cultured fibroblasts (p=6.1 x 10'?) and with expression of the
procollagen-lysine 2-oxoglutarate 5-Dioxygenase 2 gene (PLOD?2) in skeletal muscle (p=3.5 x
107) (Table 5). PLOD?2 has also been previously associated with obesity-related traits.
Figure 9 shows the LocusZoom plot for this region, highlighting the high LD region with
low p-values close to the end of the PLOD?2 gene, between two loci with high

recombination rates.
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Figure 9. LocusZoom rs993521

Another top SNP identified was rs35084682, which was in high LD with
rs2603151 (another top SNP); rs35084682 is identified in GTeX as having a significant
association between the expression of UGT2B17 in Brain-spinal cord (cervical c1) (p=2 x
10-5) cells (Table 5). These two SNPs also were identified in differential gene expression
of TMPRSS11E in Esophagus Mucosa cells. The LocusZoom for this region is seen in

Figure 10.
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Figure 10. LocusZoom rs35084682

After Bonferroni correction, genome-wide significance was not reached by any
gene in the association analysis. The top 10 genes in the gene-based association were
SLC22A4, LANCL2, FAM172A, ZNF17, DPT, EPB41L1, ZNF516, ZNF804B, SCFD1, and
ZNF394. SLC22A4 is the top associated gene and is an integral membrane transport
protein that transports small organic cations. ZNF17, ZNF516, ZNF804B, and ZNF394
are all zinc finger proteins. The results show no clear association spike based on
chromosomal location. There are 22 genes with a p-value of less than 0.001, which are

labeled in Figure 11.
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The gene set analysis produced no Bonferroni-corrected statistically significant
results; however, the top ten ranked gene sets reproduce prior work. The top result,
response to cadmium ion, has a beta of 0.43 and a p-value of 2.36 X 10-4, associating the
gene set with GWI. Table 6 displays the top ten gene set results, ranked. While some
genes do overlap between gene sets (ex. number 7 is entirely encompassed by number
3), most gene sets shown do not contain the same genes. Response to cadmium ion,
cranial skeletal system development, and cellular response to inorganic substance have a
beta of less than 0.5, while eye pigmentation and positive regulation of autophagosome
maturation have a beta over 1. There are no beta values that are extremely large or
small, which would indicate potential false positive results due to the small sample size.

Table 6. Gene-set associations with GWI

Full name p-value beta
1 Response to cadmium ion 0.00023594 0.43071
2 Regulation of response to interferon gamma 0.00030829 0.62566
3 Regulation of autophagosome maturation 0.00033461 0.81499

4 | Postsynaptic modulation of chemical synaptic transmission | 0.00075648 0.81254

5 Response to laminar fluid shear stress 0.00083192 0.84157
6 Eye pigmentation 0.00088436 1.1388
7 Positive regulation of autophagosome maturation 0.00092823 1.114
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8 Cranial skeletal system development 0.00096495 0.3742

9 Cellular response to inorganic substance 0.0011139 0.20283

10 Neurotransmitter receptor internalization 0.0016388 0.5939
Discussion

These results are the first unbiased genetic study of GWI and replicate results
from prior candidate studies. First, top associated SNPs included one in the WWOX
gene, a site of high genomic instability, and one in the LINC02653 gene, which has been
previously associated with Alzheimer’s disease. Second, our gene set association study
highlighted gene sets intrinsic to several theories regarding the biological basis of GWI.
Third, our study had several limitations that may limit the scope of our conclusions.
Finally, putting all these analyses together leads to further hypotheses to test in future
work.

Of the four case definitions, CDC Severe GWI was the most heritable across the
whole cohort. In the group that self-identified as White, not Hispanic, the most heritable
definition was Kansas GWI. Appendix Figure 4 shows the heritability values with
corresponding standard errors for all three groups. Since the sample size is small, the
heritability point estimate may not be reliable, but the comparative measure was
informative and solidified the a priori decision to prioritize the CDC Severe GWI case

definition.

75



Our SNP-level GWAS results were not statistically significant but the rankings
on the results from the three overlapping cohorts (All, White, non-Hispanic, and
Deployed) were very similar. The top 11 SNP hits all had p-values less than 1x10%5,
which is considered to have suggestive statistical significance. Several of the SNPs were
previously associated with differential expression of genes and several of the genes
associated with top SNPs have been previously identified in GWAS of other traits, some
of which may be related to GWI. The SNP-level and gene-set level results correspond
and will be discussed together.

One major theory in the field is that Gulf War illness is caused by extreme
immune dysregulation. An early paper comparing immune function in Gulf War
veterans with civilians who have chronic fatigue syndrome (CFS) showed that while
there is little evidence of immune dysregulation contributing to civilian CFS, Gulf War
veterans with similar symptoms had significantly higher levels of IL-2, IL-10, INF-y and
TNF-a'l. More recent work identifies immune-related SNPs that are associated with
GWI'2, gene network remodeling!’®, and reduced HLA protection among veterans with
GWT¢, Three of the top ten gene sets in the gene set association analysis are related to
immune system regulation: regulation of response to interferon gamma (27), regulation
of autophagosome maturation (3¢), and positive regulation of autophagosome
maturation (7). Interferon gamma has been found to induce autophagy in some types

of immune cells and in cell lines, and has been implicated in the mediation of
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autoimmune disease!#!1>, Several of the top genes were previously implicated in white
blood cell count, including SLC22A4 (the top gene) and ZNF516 (the 7t ranked gene).
Increased autophagy and interferon gamma have also been implicated in
neuroinflammation in Gulf War illness and in associated neurodegenerative diseases.
Interferon-gamma has been implicated in neuroinflammation and neuroinflammatory
disease in several studies since 1990, as both protective and causal'*-0
Autophagosomes engulf and deliver damaged cellular components and other organic
waste to be recycled. Impaired or dysfunctional autophagosome maturation has been
previously associated with neurodegenerative disorders, such as Alzheimer’s and
ALS!2-124, Without functional and properly regulated and matured autophagosomes,
toxic proteins can accumulate in the neurons, causing neurodegeneration. In addition,
one of the top SNP hits in the GWAS is in an intron in the LINC02653 gene, which has
also been previously associated with Alzheimer’s disease. Neurotransmitter-specific
gene sets (neurotransmitter receptor internalization and post-synaptic modulation of
chemical synaptic transmission) are ranked 10t and 4%, respectively. Cranial skeletal
system development, the 8 ranked gene set, could be related to repeated mild traumatic
brain injuries (mTBI) have been liked to GWI to other neurodegenerative diseases (ex.
ALS) that are experienced more by Gulf War veterans!>-1%2, It is possible that differences
in the cranial skeletal system development changes how individuals experience mTB],

associating the gene set with the neurodegenerative symptoms experienced with GWI.
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Several earlier papers point to GWI as a neuroimmune disease, bringing together the
immune dysregulation and the neurodegenerative symptoms?>°3135.134,

An overarching hypothesis that could bring together immune dysregulation,
neurodegenerative symptoms, and response to exposures is genomic instability.
Symptoms of genomic instability include immune system dysfunction, neural
dysfunction, and gastrointestinal distress!3>1%. Proposed as a “unifying hypothesis” in
several papers between 2016-2021!221351%, genomic instability is linked to heavy metal
exposure, particularly cadmium?'71%, and is expressed through a wide range of
symptoms. Response to cadmium exposure and cellular response to inorganic
substance are the 1st and 9t ranked gene sets and have no overlapping genes. Cadmium
is one of the heavy metals that is thought to induce genomic instability, mainly by
interfering with cell cycle checkpoints, DNA repair mechanisms, and apoptosis!31%.
This genomic instability can be observed as a higher mutation rate during cellular
replication and can cause cancer or other diseases'¥. Also directly related to genomic
instability is the top SNP hit, rs9937803, which is in an intron of WWOX. WWOX is the
site of FRA16D, a chromosomal fragile site that, as a hotspot for somatic and germline
mutations, is both a contributor to and a target of genomic instability!¥4. Autosome
maturation has also been linked to lowering genomic instability in cancer research!4142,

in addition to the earlier-cited connection with neurodegenerative symptoms. Immune

78



dysregulation, neurodegeneration, and Gulf War-specific exposures coalesce into the
genomic instability hypothesis.

There are several limitations to this work. First, the dataset is small for genome-
wide association studies. It is, however, a large dataset for GWI and contains agreed-
upon GWI indicators. The Million Veterans Program (MVP) has a larger dataset with
about 40,000 Gulf War veterans for future work. Second, we are unable to perform
replication studies without a second dataset. When a GWAS is completed in MVP, these
tindings should help separate legitimate from spurious results (e.g., type I errors). We
were additionally unable to separate individuals by ancestry for genetic analysis, as the
dataset was not large enough. This can also contribute to the generation of type I errors.
We have assessed our results for the possibility of population structure driving some
results and have mitigated this as much as possible. We have adjusted for genetic
principal components and analyzed the allele frequency for all top SNP hits.

A few themes repeat in the GWAS, gene association study, and gene-set
association study. First, genomic instability, usually linked with cancer, is known to
cause a higher rate of somatic mutation. A higher rate of somatic mutation could
account for the diversity of symptoms in GWI and the lack of consistent findings. This
unbiased analysis has aggregated support for prior work in this area through the
consistently high ranking of SNPs and gene sets identified as contributing to genomic

instability. Another common theme has been neurodegeneration. While mTBIs were
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more well-discussed in post-9/11 era veterans, many veterans do serve in more than one
service era and mTBIs are widely underreported!®>. Links between top results and ALS,
Alzheimer’s, and dementia are identified again and again. Between susceptibility to
chemical exposures, autophagosome activity, autoimmune regulation, and
neurotransmitter pathways, neurodegenerative diseases and GWI appear to share some
genetic risk factors. These two repeated themes prompt the development of hypotheses

to test in future work.

Conclusions

These unbiased genome-wide association results add supporting evidence to
prior GWI findings. First, the CDC Severe GWI case definition is both the most heritable
and the most highly associated with deployment. Second, genomic instability as a
unifying theory seems more plausible than ever, with the added support from our
unbiased genomic study. Many top hits appear to support the idea of genomic
instability as a biologic underpinning of GWI, and this could also explain the diversity
of symptoms across the GWI population. Third, neurodegeneration is a major issue for
Gulf War veterans, and it is possible that research on other specific neurodegenerative
diseases could help Gulf War veterans. Finally, future directions of research might
include more genome-wide work in larger datasets, perhaps in the MVP dataset, to

identify more ancestry-specific and GWI subtype-specific results.

80



4. Biologically based Candidate Studies
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coauthors in the process of drafting the manuscript.
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Gene-toxicant Interactions in Gulf War lliness: Differential Effects of
the PON1 genotype.

Introduction

Gulf War Veterans began reporting chronic systemic symptoms almost
immediately after returning from deployment to the Gulf in support of the 1990-1991
Gulf War®>#14 These symptoms have only increased, in both severity and frequency,
over the past 30 years and have been defined as Gulf War illness (GWI)3611.202L145146 " The
2016 Institute of Medicine (IOM) report on GWI indicated great heterogeneity in the
expression of GWI across the Veteran population, suggesting heterogeneity in genetic
susceptibility, environmental exposures, and/or their interactions*. There are still
important gaps in our understanding of genetic or environmental risk factors for GWI,
especially in how these risk factors may interact to increase susceptibility to GWI. True
biological understanding of GWI is necessary to discover and design better treatment
options for Veterans with GWI.

Prior work in occupational hazards has shown that organophosphates, such as
pyridostigmine bromide (PB) pills and pesticides used in the Gulf War, bind and
phosphorylate acetylcholinesterase, the enzyme that breaks down acetylcholine. Nerve
cells release acetylcholine to pass a signal from one cell to the next; the cell receiving the
signal detects the presence of acetylcholine through various receptors, stimulating
muscle contraction®. When acetylcholinesterase is competitively inhibited by another
chemical bound to the active site of the enzyme, not enough free acetylcholinesterase
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remains to break down the acetylcholine signal. The ensuing accumulation of
acetylcholine causes overstimulation of nerve cells and the neuromuscular system,
causing systemic long term damage and, in extreme cases, death32%3. While irreversible
inhibition of acetylcholinesterase is often fatal, even reversible inhibition of
acetylcholinesterase temporarily prevents the breakdown of acetylcholine, causing this
overstimulation®. Sarin is an irreversible inhibitor of acetylcholinesterase; PB pills were
designed to be reversible inhibitors of acetylcholinesterase to preemptively defend
soldiers from sarin attacks. The symptoms of long term damage reported in
occupational hazards research into organophosphate poisoning are similar to the
symptoms of GWI: headaches; pain in muscles, joints, or bones; rashes or itchy skin;
blurred vision; dizziness; diarrhea; confusion; respiratory and circulatory depression3¥.
In addition, rodent models for GWI have been developed using organophosphate
pesticides, PB, and chronic stress or corticosterone®*!. Coadministration of PB and
pesticides, along with stress, led to delayed cognitive impairment in the rodent models;
affected mice had decreased spatial memory and increased depressive behavior*.
Several other enzymes are capable of either breaking down acetylcholine while
acetylcholinesterase is inhibited or detoxifying these organophosphates.
Butyrylcholinesterase, carboxylase, and paraoxonase are among these enzymes and
could modulate the effects of toxic exposure . The concentration of these enzymes in

the blood stream, where they can quickly detoxify organophosphates, varies from
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species to species®. Due to this variation across species, human observational studies
are key to understanding the specific human biochemistry necessary to detoxify these
chemicals.

The genetic analysis of these candidate genes has been limited to association
studies of a small number of functional polymorphisms in each gene. ACHE, BCHE, and
PONT1 produce acetylcholinesterase, butyrylcholinesterase, and paraoxonase,
respectively. SOD1 is one of the main genes associated with amyotrophic lateral
sclerosis (ALS), which has been associated with GW service®*14-1%0, While there are few
common functional variants in human acetylcholinesterase, one SNP, rs1799805, is
responsible for the YT blood type. The two versions of acetylcholinesterase generated
by the variation of the rs1799805 locus do not differ in catalytic efficiency, they form
different antigens that make up this YT blood type. As the largest source of variation in
the ACHE gene, rs1799805 was chosen to represent ACHE in the candidate study. The
BCHE and PON1 genes contain common variants across the global population that are
known to code for protein variants that modulate the catalytic activity of these two
enzymes. The atypical butyrylcholinesterase variant, caused by the genetic variant
rs1799807, is known to cause slower metabolism of succinylcholine, a common
neuromuscular blockade used in surgery®!. Specific to GWI, Steele et al., 2015 show
association of butyrylcholinesterase variants with GWI when exposure to PB pills is

reported in a small sample of US GW Veterans??>. Paraoxonase is known to assist in
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organophosphate metabolism, as well as protection against oxidation and
inflammation’*2. Haley et al., 1998, found an association between low paraoxonase
activity and Gulf War related symptoms®%. The functional variant discussed by Haley et
al., rs662, has a high activity phenotype (A allele at this locus leads to the Q version of
the protein) and a low activity phenotype (G allele at this locus leads to the R version of
the protein). The common SNP rs662 has also been associated with increased risk for
cardiovascular disease and ALS*®1531%¢, SOD1, ACHE, BCHE, and PONI1 are the genes of
interest in this gene-by-environment interaction study, along with the exposures of
pesticides and PB pills. Our hypothesis is that Gulf War illness case status and features
of Gulf War illness and, specifically, the CDC Severe GWI case definition will be

associated with the interaction between these genes and PB pill or pesticide exposures.

Materials and Methods

Introduction to GWECB

The Gulf War Era Cohort and Biorepository (GWECB) consists of DNA,
electronic medical records, and survey data from individuals who served in the United
States Armed Forces during the 1990-1991 Gulf War®. Data collected includes self-
reported exposures, exposure lengths, symptoms, symptom severity ratings, clinical
conditions, and deployment locations. Women, Veterans of color, and deployed
Veterans were oversampled, and Veterans did not have to use the Veterans Affairs

system for healthcare to be eligible for inclusion.
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GWI Phenotypes

Veterans have been classified as meeting or not meeting the case definition using
the CDC, CDC severe, Kansas full case definition, and Kansas symptom criteria?’. Case
status was determined using a deterministic SAS algorithm and basic survey data
cleaning was also performed in SAS 9.4, as described in Vahey et al. and Gifford et
al.2080,

Eleven outcomes were used for the regression analysis: the CDC Severe GWI
Case Definition, the three CDC Severe symptom domains, Kansas Symptom Criteria,
and the six Kansas symptom domains. An additional variable derived from the GWI
case algorithm is the Kansas exclusionary conditions indicator. This variable identifies
veterans with at least one of 21 exclusionary conditions, such as diabetes, heart disease,
and cancer. Fulfilling the Exclusionary Criterion precludes an individual from being
considered a GWI case. The CDC Severe and Kansas GWI case definitions are known to
be heterogeneous; it is possible that multiple traits with different underlying etiologies
make up GWI, complicating analysis. Thus, studying the symptom domains separately
may isolate more homogeneous subphenotypes. Each symptom domain in the CDC
Severe and Kansas case definitions were considered as individual outcomes, as in prior
studies?>®. Previous analyses of deployment in GWECB demonstrated a strong and
consistent association of deployment with the CDC Severe Case Definition and thus

CDC Severe will serve as the primary outcome for this analysis®.
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Gulf War Exposures

Veterans deployed to the Gulf during the 1990-1991 Gulf War were asked to
report on their exposures. The survey asks for both a yes/no response and a “number of
days exposed” response for 11 exposure questions, which can be found in Appendix B.
Ambiguous values were coded based on previous work?: number of days exposed was
set to zero for individuals who said they did not experience an exposure, regardless of
their secondary answer. Exposures used were “Took pyridostigmine bromide (anti-
nerve agent pills)”, “Used pesticide cream or liquid on your skin”, “Wore a uniform
treated with pesticides”, and “Used insect baits / no-pest strips in your living area”. The
PB exposure variable used was the number of days each individual reported being
exposed to PB pills; the options were “No, none”, “Yes, 1-6 days”, “Yes, 7-10 days”, and
“Yes, 31 days or more”. The pesticide exposure variable combined the number of days
reported for all three pesticide variables listed above, based on the minimum number of
days per option (i.e., “Yes, 1-6 days” was counted as 1 day). Less than 31 days combined
exposure was a short exposure, 31-60 days combined exposure was a medium exposure,
and more than 60 days combined exposure was a long exposure.

Genotypes and genetic data cleaning

Genotyping was done on an Illumina Omni2.5-8v1.4 microarray at the
Pharmacogenomics Analysis Laboratory (PAL) in the Central Arkansas Veterans

Healthcare System. Plink 1.9 was used for genetic data cleaning and analysis'®. A total
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of 2,372,461 SNPs were genotyped; 82,369 SNPs were removed due to missingness
greater than 1% and 512,116 SNPs were removed due to minor allele frequency (MAF)
less than 1%, leaving 1,777,976 SNPs. From those 1,777,976 SNPs, 3 SNPs were chosen
for Tier 1 candidate SNP testing and 371 SNPs were chosen for Tier 2 candidate SNP
testing, based on their proximity to genes of interest. Individuals who returned surveys
but who did not provide a specimen for genetic testing were excluded from analysis.
Beginning with 1,343 samples, replicates were removed, keeping the most informative
sample for each individual. Two individuals were removed because of too many
missing genotypes and 13 individuals were removed due to perceived relatedness,
leaving 1,260 Veterans for genetic analysis. As only Veterans deployed to the Gulf were
asked to report on their exposures, those who were deployed elsewhere and those who
were not deployed were removed from the analysis. A total of 810 GW-deployed
Veterans were in the final analytic dataset after genotype and phenotype data cleaning,

as seen in Figure 12.
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1343 samples

6 samples due to 1260 individuals

missingness 77 individuals deployed

elsewhere

1337 samples

1 sample due to sex 1183 individuals

mismatch 11 individuals with

unknown deployment

1336 samples individual
63 samples due to 1162 individuals 88 individuals with
replicates unknown Kansas GWI

status

1273 samples individual
13 samples due to SR E DS 1 individual with
relatedness unknown CDC GWI

1260 individuals 2073 It status
Hevees 1 individual with
unknown CDC Severe

GWI status

1061 individuals

810 deployed
individuals

Figure 12. Block diagram: individuals in the analytic dataset

251 individuals not

deployed to the Gulf

Statistical Analysis

We fit a gene/environment interaction model to estimate the effect and statistical
significance of specific candidate gene/toxicant interactions. We used logistic regression
as implemented in PLINK 1.9 to test the effect of genetic variants and gene-by-exposure
interaction'®. As discussed above, the primary outcome was the CDC Severe phenotype.
Analyses of other GWI case phenotypes and the individual symptom domain
phenotypes were considered secondary. Given the complexity of the GWI phenotypes
and the correlation among individual symptom domains, as well as their relationship to
GWI outcomes, we did not adjust for multiple comparisons across the phenotypes but
rather reported the p-values and effect sizes for each analysis.

Ten genetic principal components, representing population structure, along with

age and sex were used as covariates for the basic model. The fully adjusted model
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included age, sex, education, income, and a binary indicator of the Kansas Exclusionary
Criterion as an indicator of presence or absence of medical conditions. Because the
Kansas exclusionary criterion is part of the full Kansas GWI case definition, the Kansas
symptom criteria indicator was used as an outcome rather than the full Kansas GWI case
definition in the fully adjusted model. Equation 1 outlines the basic model and Equation
2 outlines the fully adjusted model. We tested Bs using the standard allele test in an
additive genetic model as implemented in PLINK.

Equation 2. Basic additive genetic model
Y=Bg+B1*SNP+ B, E + B3xSNP+E + [(,+* age + [5* sex
Equation 3. Fully adjusted additive genetic model
Y=o +pP1*SNP+ B, E + B3 xSNP+E + [, age + fB5 * sex + B¢ * education
+ g * income + [, * Kansas_Exclusion

Interaction trends were tested for significance using the Cochran-Armitage test
for trend, according to the prop_trend_test() function in the rstatix package in R version
3.61. Locus zoom plots were generated using legacy LocusZoom.org!®. Tier 1 SNPs
were tested at p = 0.05, while Tier 2 SNPs were tested at p =0.00013 using a Bonferroni
correction for the 371 SNPs in Tier 2. SNPs were prioritized based on p-value and
representation across phenotypes.

SNP Selection

These models were run only on the SNPs within 50kb of the candidate. Both

models were run for each of the 11 outcomes, both exposures, and the basic and
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extended covariate lists. For inclusion in these models, we identified two kinds of a
priori SNPs based on published evidence for gene-toxicant interactions in GWI. Tier 1
SNPs in Table 7 have been previously identified in genetic analysis of GWI. Tier 2 SNPs,

enumerated in Table 7, were chosen to cover all common variation in the genes of

interest.
Table 7. Candidate SNPs
Tier 1 SNPs: BCHE, PON1, and ACHE from prior studies
SNP Gene Variant MAF Citations

rs1799807 | BCHE Atypical (A); lower 0.020 | Zhu et al. 2020,

catalytic rate; Goodall 200413,
succinylcholine Steele et al. 2015%
susceptibility
rs662 PON1 192Q/R; functional 0.396 Dardiotis et al.
variant of Ponl 201832, Davies et

al. 1996'7, Haley et
Modifier for risk of al. 199954

sporadic ALS Verde et al. 20191

rs1799805 | ACHE | H322N; Yt blood group; | 0.037 Shapira et al.

2000158

Tier 2 SNPs: remaining SNPs in BCHE, PON1, ACHE, and SOD1
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All SNPsin | Gene Location Number of
GWECB SNPs
that are BCHE | Chr 3. 165490692-165555211 (+/- 50kb) 84

within 50kb | PON1 | Chr 7. 94926988-94953844 (+/- 50kb) 178

of the gene | ACHE | Chr 7. 100487615-100494614 (+/- 50kb) 59

SOD1 | Chr 21. 33032006-33041244 (+/- 50kb) 53
Results

Demographics and Outcomes

Veterans who fulfill the CDC Severe GWI criteria and those who do not are

similarly distributed by sex, age group, and OEF/OIF deployment. Those who were

Black or Hispanic, in the army, have a lower household income, and deployed active

duty were more highly represented among those who fulfill the CDC Severe GWI

criteria than those who do not fulfill the CDC Severe GWI criteria (Table 8). Those who

earned advanced degrees and who were in the reserves were underrepresented among

those who fulfill the CDC Severe GWI criteria. Demographics by pesticide and PB

exposure times are shown in Appendix Figures 4 and 5, respectively.

Table 8. Demographics in deployed veterans, by CDC Severe GWI status

Demographics

All (n=810)

CDC Severe GWI
Yes No
(n=212) (n=598)
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Sex Female 180 (22%) | 55 (26%) | 125 (21%)
Male 630 (78%) | 157 (74%) | 473 (79%)
Age Group | 40-49 321 (40%) | 98 (46%) | 223 (37%)
50-59 296 (37%) | 74 (35%) | 222 (37%)
60+ 193 (24%) | 40 (19%) | 153 (26%)
Race/ White, non-Hispanic 529 (65%) | 101 (48%) | 428 (72%)
Ethnicity Black, non-Hispanic 137 (17%) | 43 (20%) | 94 (16%)
Hispanic 76 (9%) 37 (17%) | 39 (7%)
Other or missing 68 (8%) 31 (15%) | 37 (6%)
Income Under $30,000 84 (10%) 33 (16%) | 51 (9%)
$30,000-59,999 179 (22%) | 60 (28%) | 119 (20%)
$60,000-99,999 239 (30%) | 65 (31%) | 174 (29%)
$100,000+ 246 (30%) | 35(17%) | 211 (35%)
Education” High school, GED, or less 75 (9%) 17 (8%) 58 (10%)
Some college, or associate’s or 544 (67%) 161 (76%) | 383 (64%)
bachelor's degree
advanced degree 166 (20%) | 24 (11%) | 142 (24%)
Service Army only 366 (45%) | 114 (54%) | 252 (42%)
Branch” Navy only 139 (17%) | 28 (13%) | 111 (19%)
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Air Force only 80 (10%) 12 (6%) 68 (11%)
Marine Corps only 105 (13%) | 26 (12%) | 79 (13%)
National Guard, any 81 (10%) 21 (10%) | 60 (10%)
Military Active Duty 470 (58%) | 136 (64%) | 334 (56%)
Component | Both Active Duty and Reserves | 208 (26%) | 59 (28%) | 149 (25%)
Reserves Only 127 (16%) | 17 (8%) 110 (18%)
OEF/OIF Yes 187 (23%) | 38 (18%) | 149 (25%)
deployment | No 614 (76%) | 168 (79%) | 446 (75%)
Kansas Yes 327 (40%) | 112 (53%) | 215 (36%)
Exclusionary | No 483 (60%) | 100 (47%) | 384 (64%)
Criterion
rs1799807 Homozygous reference (AA) 773 (95%) | 206 (97%) | 567 (95%)
(BCHE) Heterozygous (AG) 36 (4%) 6 (3%) 30 (5%)
Homozygous Atypical Variant | 0 (0%) 0 (0%) 0 (0%)
(GG)
rs1799805 Homozygous reference (CC) 746 (92%) | 199 (94%) | 547 (91%)
(ACHE) Heterozygous (CA) 63 (8%) 13 (6%) 50 (8%)
Homozygous YT variant (AA) 0 (0%) 0 (0%) 0 (0%)
rs662 Homozygous high function 329 (41%) | 67 (32%) | 262 (44%)
(PONT1) (AA)
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Heterozygous (AG)

340 (42%)

100 (47%)

240 (40%)

Homozygous low function (GG)

141 (17%)

45 (21%)

96 (16%)

presented.

" Service Branch and Education do not add to 100% as ‘missing’ or ‘unknown’ were not

Across the 810 deployed Veterans, 26% are categorized as fulfilling the CDC

Severe GWI criteria. CDC Severe case status is associated with PB and pesticide

exposure (Table 9). Table 9 shows that 36% of those who report long PB exposure

(n=149) and 33% of those who report long pesticide exposure (n=156) report symptoms

consistent with CDC Severe GWI compared to 18% and 19% of those who report no PB

or no pesticide exposure, respectively. Across all outcomes except for the Kansas

Exclusionary Criterion, a larger proportion of those who were exposed to either

pesticides or PB pills fulfilled the symptom criteria compared to those in the overall

deployed group. Appendix tables 6 and 7 show the percentage of individuals in each

exposure group who fulfill all of the components to both the CDC Severe and Kansas

case definitions.

Table 9. Exposure Time by CDC Severe GWI Case Status

Exposure | Length of time All CDC Severe GWI
Yes No
All 810 212 (26%) 598 (74%)
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PB pill None 311 55 (18%) 256 (82%)
exposure | Unclear or missing 138 41 (30%) 97 (70%)
1-6 days 98 27 (28%) 71 (72%)
7-30 days 114 35 (31%) 79 (69%)
31+ days 149 54 (36%) 95 (64%)
Pesticide None 346 67 (19%) 279 (81%)
exposure | Unclear or missing 106 37 (35%) 69 (65%)
1-30 days 78 19 (24%) 59 (76%)
31-62 days 124 37 (30%) 87 (70%)
63+ days 156 52 (33%) 104 (67%)
Tier 1 SNPs

The results for all outcomes for the Tier 1 candidate SNPs are shown for PB pill
exposure and pesticide exposure in both the primary outcome (CDC Severe GWI) and
the secondary outcomes (Table 10). Candidate SNP results were adjusted for age, sex,
Kansas Exclusionary Criterion, education, and income. Only one SNP, rs662, showed a
statistically significant interaction with the CDC Severe GWI outcome (p=0.049). Among
the secondary outcomes, the interaction between rs662 and pesticides has a p-value of
0.029 in the fully adjusted model of the Kansas Gastrointestinal symptom domain. The
other Tier 1 interaction below p=0.05 was rs1799805 with PB pill exposure for the Kansas

skin symptom domain. The SNP rs1799805 is the variant that controls Yt blood type,
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which is not thought to affect catalytic efficiency. The BCHE and ACHE Tier 1 variants

had low minor allele frequencies: 0.022 and 0.039, respectively, likely resulting in lower

power to detect differences across groups for these two variants.

Table 10. Tier 1 Candidate SNP results

outcome Expo- ACHE BCHE PONI1
sure 151799805 | rs1799807 15662
OR| p OR| p |OR| p
CDC Severe GWI PB 1.1 0725 | 09 | 0.84 | 1.2 | 0.049
1 3 8 2 i
CDC Severe: Fatigue PB 1.5 10268 | 1.6 | 0.25 | 1.2 | 0.105
3 4 1
CDC Severe: Mood/Cognitive PB 1.0 {0856 | 1.1 | 0.72 | 1.1 | 0.201
5 3 1 3
CDC Severe: Musculoskeletal PB 09 | 0953 | 08 | 0.63 | 1.1 | 0.202
9 6 9 3
Kansas GWI symptom criteria PB 09 0821 | 1.2 | 0.59 | 0.9 | 0.923
3 8 9 9
Kansas: Fatigue PB 09 10838 | 1.0 | 097 | 1.0 | 0.814
3 1 9 3
Kansas: Pain PB 1.2 | 0443 | 1.6 | 035 | 1.1 | 0.225
6 1 6 6
Kansas: Gastrointestinal PB 09 10883 | 1.1 | 0.61 | 0.9 | 0.663
6 8 4 6
Kansas: Respiratory PB 1.1 0581 | 09 | 086 | 1.1 | 0.08
5 5 8 8
Kansas: Mood/Neurological/ PB 050251 | 1.0 | 085 | 1.2 | 0.278
Cognitive 8 9 5 1
Kansas: Skin PB 0.5 | 0.042 | 1.3 | 0.40 | 1.0 | 0.897
9 * 8 1
CDC Severe GWI Pesticide | 0.6 | 0.179 | 0.7 | 0.54 | 1.0 | 0.485
s 7 8 8 7
CDC Severe: Fatigue Pesticide | 0.8 | 0.739 | 1.2 | 0.58 | 1.1 | 0.235
s 9 7 7
CDC Severe: Mood/Cognitive Pesticide | 0.6 | 0123 | 1.1 | 0.67 | 1 | 0.958
s 5 7 6
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CDC Severe: Musculoskeletal Pesticide | 0.6 | 0.063 | 09 | 0.88 | 1.0 | 0.684
S 1 5 7 4
Kansas GWI symptom criteria Pesticide | 0.6 | 0.128 | 2.1 | 0.18 | 1.0 | 0.66
S 1 9 5
Kansas: Fatigue Pesticide | 0.7 | 0484 | 0.6 | 0.28 | 0.9 | 0.815
S 6 3 1 7
Kansas: Pain Pesticide | 0.6 | 0.151 | 1.4 | 0.36 | 1.1 | 0.185
S 7 7 2 7
Kansas: Gastrointestinal Pesticide | 0.8 | 049 | 1.1 | 0.74 | 0.8 | 0.029
S 4 1 7 2 *
Kansas: Respiratory Pesticide | 0.6 | 0.103 | 1.3 | 0.32 | 1 0.97
S 6 9
Kansas: Pesticide | 1.0 | 0.893 | 1.7 | 0.35 | 1.1 | 0.562
Mood/Neurological/Cognitive s 9 2 3
Kansas: Skin Pesticide | 0.6 | 0.098 | 1.2 | 0.45 0.96
S 5 8 1

* Statistically significant with p < 0.05.

Figure 13 illustrates the unadjusted CDC Severe GWI frequencies across rs662

genotype (AA- high activity allele homozygote, AG- heterozygote and GG- low activity

allele homozygote) by PB pill length of exposure group. Significant trends were

observed for longer lengths of exposure with higher rates of GWI were seen in the PON1

rs662 GA and GG genotypes, with p-values for the simple test for trend of 0.0004 and

0.0084, respectively. This trend was not observed in the AA group (p=0.179).
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rs662 interaction with PB exposure
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Figure 13. Proportion of individuals fulfilling CDC Severe GWI within each
genotype-exposure group

Candidate Genes and Tier 2 SNPs

SNPs in the four candidate genes were plotted by genomic location using
locusZoom, highlighting the SNP with the highest interaction —logio p-value (i.e., lowest
p-value) for each gene and outcome. The locusZoom plots for ACHE, BCHE, PON1, and
SOD1 for the primary outcome, CDC Severe GWI, are shown in Figure 14. No results for
any of the CDC Severe symptom domains were statistically significant using a
Bonferroni correction (p<0.00013). The lowest p-value for the interaction term with PB

exposure is seen in PONTI for the SNP rs2299260 (p=0.005) (Table 11).

99



CDC Severe: p-values for SNPxPB interaction
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Figure 14. LocusZoom plots for CDC Severe GWI, Tier 2

Across all outcomes, only three interactions were statistically significant: all were
interactions with PB exposure, and all three SNPs were in high linkage disequilibrium
with one another, across all ancestry groups. All three statistically significant
interactions involved SNPs in the PON1 gene and appeared significant only in
associations with the Kansas Respiratory symptom domain. All three top SNPs are in
the PON1 gene (Figure 15 and Appendix Figure 8) and are in high LD (r2=1.0),
regardless of ancestry group, so are represented in Table 11 by rs3917545. The other two

SNPs presented in Table 11 are the top outcomes in CDC Severe GWL
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Table 11 illustrates top results for the Tier 2 SNP/PB interactions among the 384

tested SNPs across all GWI outcomes (p = 0.00013). From left to right, the top SNPs

associated with: respiratory symptoms in interaction with PB pills (rs3917545), CDC

Severe GWI in interactions with PB pill exposure (rs2299260), and CDC Severe GWI in

interactions with pesticide exposure (rs62567349). Significant interactions are starred.

Top interactions in each candidate gene are bolded.

Table 11. Top Results for the Tier 2 SNP/PB and SNP/Pesticide Interactions

Outcome Exposure PONI1 PON1 PON1
rs3917545 152299260 rs62467349
OR P OR p OR p
CDC Severe GWI PB 1.45 | 3.2E-02 | 0.68 | 5.0E-03 | 1.39 | 5.5E-02
Pesticides | 1.45 | 2.2E-02 | 0.89 | 3.7E-01 | 1.54 | 8.6E-03
CDC Severe: Fatigue PB 1.54 | 2.5E-02 | 0.64 | 7.6E-03 | 1.52 | 3.1E-02
Pesticides | 1.41 | 5.7E-02 | 0.97 | 8.6E-01 | 1.38 | 7.5E-02
CDC Severe: PB 1.25 | 1.7E-01 | 0.82 | 1.2E-01 | 1.23 | 2.1E-01
Mood/Cognitive Pesticides | 1.05 | 7.7E-01 | 0.94 | 5.9E-01 | 1.07 | 6.5E-01
CDC Severe: PB 1.44 | 2.8E-02 | 0.76 | 3.0E-02 | 1.38 | 5.0E-02
Musculoskeletal Pesticides | 1.19 | 2.4E-01 | 0.86 | 2.2E-01 | 1.26 | 1.4E-01
Kansas GWI symptom PB 1.23 | 3.2E-01 | 0.99 | 9.7E-01 | 1.23 | 3.2E-01
criteria Pesticides | 1.30 | 1.8E-01 | 0.85 | 2.7E-01 | 1.37 | 1.2E-01
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Kansas: Pain PB 1.28 | 2.3E-01 | 0.73 | 3.5E-02 | 1.31 | 1.9E-01

Pesticides | 0.99 | 9.5E-01 | 1.05 | 7.3E-01 | 1.05 | 7.8E-01

Kansas: PB 1.09 | 5.9E-01 | 0.79 | 6.1E-02 | 1.03 | 8.6E-01

Gastrointestinal Pesticides | 0.84 | 2.2E-01 | 1.07 | 5.5E-01 | 0.83 | 2.0E-01

Kansas: PB 230 | 3.3E-02 | 0.89 | 5.6E-01 | 2.18 | 4.4E-02

Mood/Neurological/ Pesticides | 1.41 | 1.9E-01 | 0.86 | 4.3E-01 | 1.38 | 2.2E-01
Cognitive

Kansas: Fatigue PB 1.14 | 5.7E-01 | 0.95 | 7.9E-01 | 1.13 | 5.8E-01

Pesticides | 0.99 | 9.6E-01 | 0.79 | 1.4E-01 | 1.03 | 8.8E-01

Kansas: Respiratory PB 2.00 | 41E-05* | 0.78 | 5.5E-02 | 1.86 | 2.0E-04

Pesticides | 1.28 | 1.0E-01 | 0.98 | 8.8E-01 | 1.27 | 1.1E-01

Kansas: Skin PB 1.11 | 5.2E-01 | 0.92 | 4.8E-01 | 1.11 | 5.1E-01

Pesticides | 1.04 | 7.9E-01 | 1.09 | 4.9E-01 | 0.99 | 9.2E-01

The group of interactions that was significant in the Kansas Respiratory domain

model remained significant according to both the basic and fully adjusted models, but

only in the PB interaction model. Figure 15 shows the interaction p-values for the region

plotted on the -logio scale. The PON1 candidate SNP rs662 is not in high LD (12 < 0.4)

with rs3917545.
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Figure 15. Kansas Respiratory Domain: PON1 LocusZoom plot
Discussion

We identified a statistically significant association between CDC Severe GWI and
the rs662/PB pill interaction, as seen in Figure 13. This figure depicts the primary result
as a textbook image of a gene-environment interaction. While this was not the lowest p-
value interaction in the study, it is the only signal that appears in our primary outcome
out of the Tier 1 SNPs. Significantly higher rates of CDC Severe GWI with increasing
exposure to PB pills were detected for GG and GA genotypes. This increase in risk does
not appear in the AA genotype, indicating that exposure alone is not responsible for this
effect and separating the risk genotypes from the protective genotype. A significant
trend among those who reported over 31 days exposure to PB pills suggests an additive

risk according to the count of G alleles. This would imply, as previously reported in the
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literature, that the R version of the paraoxonase enzyme is less effective in detoxifying
most substrates, and therefore results in higher risk with more exposure *71%. Where
prior studies have measured catalytic activity, we measured genotype on a chip; this is
much higher throughput than protein activity measurements and allows for larger
sample sizes. Follow-up analysis to assess enzymatic activity could fully replicate this
finding.

A potential biological pathway is highlighted for CDC Severe GWI with the
rs662/PB exposure interaction. A functional variant, the rs662 G alternative allele causes
a change from a glutamine to an arginine at amino acid 192. As early as 1999, Haley et
al. demonstrated a genotype-specific difference in paraoxonase (arylesterase) activity
which was strongly associated with GWI*. The Q version of the protein was previously
found to have higher catalytic activity across most substrates, including sarin, while the
R version of the enzyme was found to more efficiently detoxify paraoxone. In
individuals who are unable to quickly break down these toxins, less damage can be
prevented than in individuals who were able to rapidly metabolize more of these
organophosphates. Rs662 has the strongest biological explanation and very clear,
statistically significant trends that show a classic gene-by-environment interaction.
Interestingly, this variant has also been implicated in several other diseases, including
cardiovascular disease, which is part of the Kansas Exclusionary Criterion, and as a

modifier of sporadic ALS, which affects Gulf War Veterans at higher rates than even
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other comparable military groups!®. Since this variant has also been previously
associated with sporadic ALS®, this could also explain some of the increased risk of ALS
among Gulf War Veterans.

Within the PON1 candidate gene, a signal was identified in association with the
Kansas Respiratory symptom domain outcome. This signal was not identified in any
other outcomes and was statistically significant before multiplicity adjustment for the
multiple symptom domains tested. We did not further correct for multiple comparisons
due to secondary analyses of the multiple phenotypes. These results would no longer be
statistically significant with this very conservative adjustment.

The SNPs identified are all in linkage disequilibrium with one another, and thus
are likely a single signal. These SNPs are all non-coding variants that have not been
identified by other GWI studies, although one of the SNPs, rs3917545 has been identified
in the GWAS catalog as associated with blood protein levels of PONI'®. The other three
candidate genes BCHE, ACHE, and SOD1 did not yield any significant interactions for
this candidate gene-environment interaction study.

There are some limitations to our study. While our sample size is large relative
to other studies of GWI with genetic information, we had limited power to detect rare
variants. We were able to prioritize candidate SNPs into two tiers, which allowed us to
identify several significant signals, one of which has biological meaning. Future work

could include data from the MVP study, which consists of 40,000 Gulf War Era Veterans,
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which will allow for greater statistical power. The GWECB survey had a very low
return rate and is therefore not representative of the general Gulf War Veteran
population. An important assumption in our model is the independence of genotype
and exposure. While we did not observe an association between genotype and
exposures, we are unable to fully rule out a possible dependency. Genotype proportions
by exposure time remained consistent across all exposure categories, indicating that
there is not an association between genotype and exposure length, visualized in
Appendix Figure 5. One benefit of GWECB is that both women and racial minorities
were oversampled, allowing some examination of racial differences despite our modest
sample size. The rs662 risk genotype is more common in those who identify as Hispanic
or Black, non-Hispanic than in those who identify as White, non-Hispanic. Among
White Veterans, risk was higher with increased exposure in the GG and AG groups, but
not in the AA group (Appendix Figure 6). The same is true among the Black and
Hispanic Veterans in the dataset (Appendix Figure 7), despite the smaller sample size.
Finally, we were unable to replicate a statistically significant interaction involving
pesticides in our analysis, although prior work indicates that pesticide exposure should
also confer signal 2341127161162 and qualitatively the pesticide results show similar
relationships with the SNPs in PON1. This is potentially attributable to the

heterogeneity in the composition of pesticides experienced. Different pesticides affect
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different biological pathways, and we could be seeing this biologic heterogeneity
reducing power for the pesticide analysis.

In summary, two significant signals were identified, associating Gulf War illness
with the interaction between PON1 and PB pill exposure. The primary result of the
association between CDC Severe GWI and the rs662/PB pill exposure interaction
corresponds with prior findings, as the rs662 locus is a functional variant that has been
previously identified in smaller studies®8°415¢, The secondary result of the association
between respiratory symptoms and the interaction of PB with a trio of SNPs in high
linkage disequilibrium (LD) with one another is a new finding and requires replication
in additional, larger studies. The SNPs in these two signals do not appear to be in LD
with one another, although both are in PON1 and both interactions are with PB pill
exposure. We did not observe statistically significant interactions or marginal effects for

any SNPs in ACHE, BCHE or SODI1.

Conclusions

Aligning with prior work in the area, this study identified an interaction between
PB pill exposure and the G allele of rs662. Because this G allele codes for a functional
variant, this interaction points to a biological pathway for GWI, identifying a potential

biomarker for GWI risk.
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5. Conclusions

Overview

Gulf War illness is an incredibly complex phenotype. Self-reported symptoms
and conditions accumulate into a research case definition, which is separate from a
clinical case definition. In a practical sense, Gulf War veterans looking for treatment
require both a diagnosis and a service connection. Specific War-Related Illness and
Injuries Study Centers (WRIISCs) have been focusing on both understanding GWI and
streamlining clinical diagnosis. The service connection depends on the associations
found by researchers between deployment, exposures due to deployment, and disease.
From the research side, this work is focused on understanding how GWI might relate to
exposures and genetic risk to better understand any biologic underpinnings of GWI.
This includes who might be at greatest risk for developing multisymptomatic illness like
GWI and how GWI might have developed due to exposures in the Gulf War. Future
work could identify not only how GWI develops and works as a disease, but also how it
is connected to service in the Gulf War. The research presented here indicates
association alone and does not yet indicate or prove causation; more work is necessary
to draw those much larger and more impactful conclusions. For Gulf War veterans who
have been suffering from GWI for 30 years, identifying these causal pathways could be

lifechanging.
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Phenotyping efforts

In my work on Gulf War illness, I developed computer code to systematically
identify those with GWI among veteran research cohorts®. I then published this code,
allowing other researchers to utilize not only the method, but the code for the GWI case
definitions. As researchers coalesce on a research case definition, GWI research will
become more consistent and more replicable. This is a valuable contribution to the field
as it is not possible to do genetic work without confidence in the phenotype. My work
with the phenotyping of Gulf War illness, specifically in the long discussions with
experts in the field to agree on a single algorithm to define GWI in large cohort studies
and in the writing of the algorithm in SAS, has already impacted both CSP585 and
CSP2006. The algorithm has been applied to the MVP dataset and there are several
manuscripts in progress looking at exposure, genetic, and general demographic
associations that use my case definition. The process generated ownership across the
entire group of the case definition and engendered confidence in the case definition
code, making it more likely to be used both within the group and in other groups in the
future. The case definition indicators were saved into the cohort datasets and the code
has been published on GitHub, which will allow other researchers to easily access and
utilize the indicators I organized, wrote, and implemented to push the field forward

with a consistent, replicable phenotype.
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Applications of the case definition to CSP585 and to CSP2006 have spurred a
great deal of in-progress research. Work on associations between GWI and Gulf War
exposures is necessary, as is subgrouping efforts related to both phenotype and
exposure groups. With such a heterogeneous group, it is likely that there are several
different ways to develop GWI; if correlations and associations between specific
exposures and specific symptoms can be drawn, we will be closer to understanding a
biological basis of GWI. Machine learning methods to cluster the symptoms could help
identify subgroups among symptom clusters, where there may be several subtypes of
GWI. GWI subtyping has been previously attempted through factor analysis; with the
sample size of the MVP dataset and the computational power from a budding
collaboration with the Department of Energy at Argonne National Laboratory, machine
learning methods such as neural networks are within reach. Even simple machine
learning methods such as hierarchical clustering could assist with this effort and could
be completed using current VA resources. Further understanding of the phenotype and

its potential subtypes could help untangle the heterogeneous nature of GWI.

Genomic analysis

Prior to my work, there were no genome-wide association studies of GWI. The
GWAS in the GWECB dataset was an important first step in genomic analysis of GWI, as
models should be examined from least to most complex. The genetic model tested in a

GWAS assumes that the effects of exposure are negligible compared to the genomic
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effects. In this GWAS for GWI in the GWECB dataset, I found no genome-wide
significant associations with any of the four tested GWI case definitions in the full
cohort, the deployed subgroup, or the white, non-Hispanic subgroup. We acknowledge
that the GWECB dataset is underpowered for GWAS relative to the corrections for
multiple testing required in a genome-wide setting. However, this lack of genome-wide
significance may also suggest that the genetic model is incorrect; prior work suggests
that the environmental component may be necessary. Iidentified candidate pathways
that merit further study, perhaps in the MVP cohort. Iidentified CDC Severe GWI as
the most heritable case definition in GWECB and found that the top ten ranked gene sets
in the gene set association study supported the top theories of the etiology of GWI in the
tield. This heritability was calculated among all individuals in the cohort, meaning that
deployed and non-deployed were analyzed together and the cohort was not stratified by
ancestry group. Future work with a larger dataset could stratify by deployment. We
expect the non-deployed veterans to experience a different type of disease than the
deployed veterans, under an exposure-dependent model, as they were not exposed to
the Gulf War exposures. Therefore, a more specific genetic model would be in the
deployed veterans only, removing the presumably entirely unexposed non-deployed
veterans. Additional efforts using polygenic risk scores (PRS) for IBS, CFS, or
tibromyalgia to isolate the Gulf War-specific disease burden may be appropriate.

Further work here could include replication in the MVP. MVP is large enough that it
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may be possible to stratify the cohort by genetic ancestry, allowing for more specific
analysis to be done in each ancestry group. The heritability analysis could be redone
within each ancestry group among deployed veterans. The non-deployed veterans with
GWI may provide insight into the genetic risk factors that are related more to civilian
multisymptomatic illnesses (such as fibromyalgia or chronic fatigue syndrome) than to
GWTI or could identify risk factors among military training or preparation.

Support for prior proposed etiologies of GWI was found in the genome-wide
analysis, particularly in the gene set analysis. Gene set association analysis, along with a
literature review and some biological interpretation, suggests a neuroimmune or genetic
instability root to GWI symptoms. A neuroimmune basis for GWI would explain the
connection with neurodegenerative disease, as the immune dysregulation, and the
heterogenous expression of symptoms. Other areas of interest around this are the links
with dementia, ALS, Alzheimer’s, and other neurodegenerative diseases. Several of the
top gene set results are involved with clearing accumulated cellular waste. With
associations between GWI and ALS, in addition to connections between GWI and other
neurodegenerative diseases caused by accumulations of plaques, the gene set results are
very intriguing. Future work would expand on these topics; for instance, perhaps
medication for Alzheimer’s could help veterans with GWI. Or perhaps a better
understanding of how experiences, exposures, and genetics combine to cause the

development of neurological symptoms in GWI could lead to creative ideas to treat
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some of these currently incurable neurodegenerative diseases. In either direction, some
suggestion towards the biological cause of the symptoms allows researchers to work
towards understanding where the pathway can be affected by treatment. This basic
science understanding is vital to beginning to work toward real treatments for GWI,
rather than temporarily treating symptoms.

My GWAS pathway analysis and my candidate analysis point towards
environmental toxicants. The GWAS pathway analysis returned top results related to
response to environmental toxicants, response to cellular stress (such as accumulation of
waste or misfolded proteins), and resiliency to environmental stress. With these results
coming out of a genetics-only model, it is clear that the environmental component must
be added to the model. With the genetics-only model, the idea is that the genetic
components are strong enough to be detected in a logistic regression model even though
the model is thought to be incomplete. In this case, even the genetic results point to
environmental components by identifying variation in response to these exposures as
the pathways with the highest ranked association with GWI. Preliminary results out of
the MVP dataset indicate that even with more individuals, heritability is low in the
genetics-only model and there are no genome-wide significant associations!'®®. The null
results in a dataset that should be large enough to see results if they exist indicates that

the model may be incorrect. The addition of exposures that are associated with GWI
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and that are unique to service in the Gulf War to the genetic model may increase the

power of these studies.

Interaction models

With this need for an environmental component, a gene-environment interaction
model was the clear next step. In the GWECB targeted candidate gene study, I found a
significantly associated gene-environment interaction with CDC Severe GWI that
replicated prior published work. This is the first gene-environment interaction done on
a large scale for GWI. Earlier studies that linked exposures and genetic variants were
focused on functional protein variants, measured by protein activity. This locus does
code for a functional variant but what was measured was the genetic variant as a SNP,
not the protein activity. The significant association between GWI and the interaction
between the rs662 locus and PB pills is an impactful finding as it is a statistically
significant finding that could help explain some of the lack of replication in studies that
do not include the interaction term. If it is the interaction that is important, the main
effect might not show significant association and could cloud results. In this case, the
main effect of the rs662 allele was not significant. The rs662 locus is additionally
interesting because it is known to have a variable minor allele frequency across ancestry
groups, with the minor allele flipping in European ancestry compared to African
ancestry. The diversity of the GWECB dataset has contributed to the possibility of this

tinding; other studies were unable to gather enough homozygous G genotypes due to
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the allele frequency in European populations. While we did test for association between
genotype and exposure and found no association, replication in MVP could be stratified
by ancestry group, allowing better study of the ancestry-specific nature of this
interaction. Isolating specific pesticide chemicals could also expand this work, as we
combined many types of pesticides together in the analysis, potentially combining
opposite effects. As this interaction was first reported in 1999 through a functional
study, it does have significant prior evidence that points to a biological pathway. With
turther work in this area, especially with parallel phenotyping efforts, a specific
subgroup might become evident. Further understanding of this pathway and etiology

could identify pathways to target for medication and therapy.

Expanding the genetic model

Diversity in genetic ancestry among the GWECB dataset has allowed for
statistical analysis that may not have been possible without representation from
individuals traditionally underrepresented in genetic research. In particular, Black and
Hispanic individuals have historical reason to be skeptical of scientific research studies
and genetic work, as genetics have been long misinterpreted into eugenics. Our results
show that the outreach effort to include more individuals with admixed and African
ancestry can lead to impactful results that would not be possible with a homogeneous
European ancestry group alone. The GWECB dataset had only 9 individuals with Asian

ancestry, which is too small for a separate analysis group. Further work could include
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more outreach to veterans with Asian, Native American, Pacific Islander, and Middle
Eastern ancestry. Continuing efforts to include Black and Hispanic veterans are also
vital to this type of research. Both the MVP and GWECB have much more
representation of Black and Hispanic veterans than other GWI datasets. However, since
genetic ancestry and race are both intertwined and fundamentally different, working
towards a cohort that most accurately represents the diverse and genetically admixed
population of the United States is incredibly important. True genetic diversity is
necessary to identify genetic risk factors that affect the entire population of veterans.
The genetic model could also be expanded in terms of differential exposure
models. The locus we identified in the gene-environment interaction codes for two
functional variants. Both variants of the Ponl enzyme have been thoroughly studied by
other researchers, with the conclusion that neither is uniformly more catalytically
efficient than the other. One variant (our risk variant) has higher catalytic efficiency in
breaking down paraoxon while the other variant (our protective variant) has higher
catalytic efficiency in breaking down sarin, soman, and diazoxon. It is easy to imagine a
similar situation where the protective variant of an enzyme depends on which chemical
in particular the veteran was exposed to in the Gulf. To identify these situations, a better
understanding (and measurement) of the exposures in the Gulf is necessary. Much like
how not all genetic models are simply dominant or recessive, more complex exposure

interaction models may be necessary.

116



Final thoughts

GWI is a complex and heterogeneous illness that could have several driving
factors. I'have contributed to the field in several ways: contributing a deterministic GWI
case definition algorithm, publishing the first GWAS of GWI, and identifying a
significant gene-environment interaction associated with GWI. Further, GWI indicators
and variables generated through my data cleaning process have been included in the
GWECB and MVP datasets, allowing other researchers to use these variables. The
GWAS summary statistics will also be made available. Future research building off my
work could help identify the underlying biological pathways and causes, allowing better
treatment of the underlying disease for hundreds of thousands of Gulf War Veterans.
Further research in this area could also lead to a better understanding of biological
aging, neurodegenerative disease, and more common multisymptomatic illnesses, such

as chronic fatigue syndrome, fibromyalgia, and irritable bowel syndrome.
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Appendix A: Phenotype Identification

Mood/Cognition Fatigue
Difficulty concentrating Fatigue
Difficulty remembering Musculoskeletal
recent information  pain in muscles
Feeling down or Pain in joints
depressed Stiffness in joints
Feeling anxious
Trouble finding words
when speaking
Problems getting to or
staying asleep
Feeling moody

Appendix Figure 1. CDC and CDC Severe GWI definition
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Neurological/Mood/Cognition

Feeling down or depressed

Low tolerance for heat or cold

Trouble finding words when speaking

Feeling dizzy, lightheaded, or faint

Physical or mental symptoms in response
to smells or chemicals

Feeling irritable or having angry outbursts

Eyes very sensitive to light

Difficulty concentrating

Headaches

Blurred or double vision

Tremors or shaking

Night Sweats

Numbness or tingling in extremities

Difficulty remembering recent information

Skin

Rashes

Other Skin

Fatigue

Not feeling rested after sleep

Fatigue

Problems getting to or staying asleep
Feeling unwell after exercise

Pain

Pain in muscles

Body pain, hurt all over

Pain in joints

Respiratory

Wheezing in chest

Frequent coughing without a cold
Difficulty breathing or shortness of breath
Gastrointestinal

Nausea or upset stomach

Diarrhea

Abdominal pain or cramping

Cancer
Brain Cancer
Colon Cancer
Breast Cancer
Lung Cancer
Prostate Cancer
Other Cancer
Heart Disease
Heart Attack
Coronary Artery
Disease
Congestive Heart
Failure
Infectious Disease
HIV
Tuberculosis
Hepatitis C

Mental Health
Schizophrenia
Bipolar Disorder
Neurological
Traumatic Brain Injury
Multiple Sclerosis
Stroke

Transient Ischemic
Attack

Stroke

Diabetes
Diabetes

Liver

Liver Disease
Lupus

Lupus

Appendix Figure 2. GWI Kansas
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Appendix Table 1. Kansas GWI case definition symptoms by Gulf War
deployment status

Domain Symptom Did Did not | aOR | 95% CI
Deploy | deploy
(n=2849) | (n=267)
(%) (%)
Fatigue/sleep | Fatigue 69.0 55.1 1.95 | (1.45,
problems 2.61)
Feeling unwell after exercise 43.6 29.6 2.01 | (1.48,
2.73)
Difficulty getting to or staying | 75.1 62.2 1.91 | (1.41,
asleep 2.58)
Not feeling rested after sleep 76.7 64.8 1.83 | (1.34,
2.50)
Pain Pain in joints 82.4 76.8 1.48 | (1.05,
2.08)
Pain in muscles 64.7 56.2 1.49 | (1.12,
1.99)
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Body pain where you hurt all 43.6 37.1 1.37 | (1.02,

over 1.84)

Neurologic/ | Difficulty remembering recent | 58.0 44.6 1.76 | (1.33,
cognitive/ information 2.34)
mood Feeling irritable or having 57.0 43.8 1.74 | (1.30,
angry outbursts 2.33)

Numbness or tingling in 63.7 50.9 1.74 | (1.31,

extremities 2.31)

Headaches 54.2 44.6 1.51 | (1.13,

2.03)

Eyes very sensitive to light 45.5 35.6 1.57 | (1.17,

2.11)

Trouble finding words when 51.8 44.6 1.37 | (1.03,

speaking 1.82)

Feeling down or depressed 53.9 39.3 2.00 | (1.49,

2.70)

Difficulty concentrating 57.4 40.4 2.08 | (1.56,

2.78)

Night sweats 43.2 35.2 1.44 | (1.07,

1.93)
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Feeling dizzy, lightheaded, or 45.2 34.1 1.62 | (1.21,

faint 2.17)

Low tolerance for heat or cold 39.2 32.6 1.46 | (1.08,

1.98)

Symptoms in response to 27.6 16.5 2.02 | (1.41,

smells or chemicals 2.91)

Blurred or double vision 38.5 28.8 1.60 | (1.18,

2.18)

Tremors or shaking 26.1 17.6 1.70 | (1.19,

2.43)

Gastro- Diarrhea 33.7 27.3 1.33 | (0.98,
intestinal 1.82)
Nausea or upset stomach 36.9 29.2 1.44 | (1.05,

1.96)

Abdominal pain or cramping 34.4 27.0 147 | (1.07,

2.01)

Respiratory | Difficulty breathing 38.2 25.5 1.90 | (1.39,
2.62)

Frequent coughing without a 33.9 255 1.59 | (1.16,

cold 2.18)
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Wheezing in chest 25.1 19.9 1.41 | (1.00,

1.99)

Skin Skin rash 37.5 23.2 2.05 | (1.49,
2.82)

Other skin problems 35.5 21.7 211 | (1.52,

2.93)

aOR = adjusted Odds Ratio for Gulf War deployed vs. nondeployed era veterans;

CI = confidence interval.

Note: OR adjusted for adjusted for sex, education, income, and age.

deployment status

Appendix Table 2. CDC GWI case definition symptoms by Gulf War

Symptom | Symptom Did Did not | aOR | 95% CI
domain deploy | deploy

(n=2849) | (n=267)

(%) (%)
Fatigue Fatigue 69.0 55.1 1.95 | (1.45,2.61)
Musculo- | Pain in joints 82.4 76.8 1.48 | (1.05,2.08)
skeletal Pain in muscles 64.7 56.2 1.49 | (1.12,1.99)

Stiffness in joints 78.6 75.3 1.22 | (0.87,1.69)
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Mood-

cognition

Difficulty remembering recent 66.7 53.9 1.77 | (1.32, 2.36)
information or difficulty

concentrating

Difficulty remembering recent 58.0 44.6 1.76 | (1.33,2.34)
information

Difficulty concentrating 57.4 40.4 2.08 | (1.56,2.78)
Trouble finding words when 51.8 44.6 1.37 | (1.03, 1.82)
speaking

Feeling moody 58.2 46.4 1.65 | (1.24,2.21)
Feeling down or depressed 53.9 39.3 2.00 | (1.49,2.70)
Difficulty getting to or staying 75.1 62.2 1.91 | (1.41,2.58)
asleep @

Feeling anxious 52.3 37.8 1.90 | (1.41, 2.55)

aOR = adjusted Odds Ratio for Gulf War deployed vs. non-deployed era veterans;

CI = confidence interval.

Note: OR adjusted for adjusted for sex, education, income, and age.

2 This symptom is used in both the Kansas and CDC GWI case criteria; However, it is

included in the fatigue domain in the Kansas definition and in mood—cognition domain in

the CDC definition.
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Appendix Table 3. Frequency of veteran-reported exclusionary conditions by
1990-1991 Gulf War deployment status.

All Deployed | Didnot | aOR | 95% CI
(1116) | (n=849) | deploy
(n=267)

(%) (%) (%)
Any exclusionary condition | 40.4 40.3 40.8 1.05 | (0.78,1.42)
Cancer 9.2 8.8 10.5 0.96 | (0.60, 1.54)
Brain cancer sup. sup. sup. - -
Breast cancer 1.0 0.7 sup. 0.41 | (0.10, 1.67)
Colon cancer sup. sup. sup. - -
Lung cancer sup. sup. sup. - -
Prostate cancer 3.0 29 3.0 1.43 | (0.59, 3.48)
Other cancer 54 51 6.4 0.84 | (0.46,1.52)
Diabetes 17.0 17.4 15.7 1.24 | (0.83,1.85)
Heart disease 8.7 7.9 11.2 0.81 | (0.50,1.33)
Heart attack 42 3.5 6.4 0.66 | (0.34, 1.26)
Coronary artery disease 6.4 6.0 7.5 1.03 | (0.57,1.84)
Congestive heart failure 24 2.1 34 0.73 | (0.31,1.72)
Stroke 3.4 2.8 5.2 0.52 | (0.26, 1.04)
Stroke 22 1.9 3.4 0.48 | (0.20,1.16)
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Transient ischemic attack 1.7 1.3 3.0 0.47 | (0.18,1.21)
Infectious disease 4.7 45 52 0.85 | (0.45,1.63)
HIV 0.6 0.7 sup. 1.94 | (0.22,17.34)
Tuberculosis 2.3 2.5 sup. 1.35 | (0.50, 3.69)
Hepatitis C 2.0 1.5 3.4 0.44 | (0.18,1.09)
Liver disease 2.2 2.0 2.6 0.77 | (0.31,1.93)
Lupus 1.1 1.3 sup. 3.05 | (0.36,25.67)
Mental health 3.6 3.7 3.4 1.17 | (0.53, 2.58)
Schizophrenia 0.5 sup. sup. 095 | (0.09,9.71)
Bipolar disorder 34 34 34 1.07 | (0.48, 2.38)
Neurological 4.7 4.7 49 092 | (0.47,1.79)
Multiple sclerosis 0.7 sup. sup. 0.39 | (0.08,1.81)
Traumatic brain injury 4.0 41 3.7 1.08 | (0.52,2.27)

Note: OR adjusted for sex, education, income, service branch, unit component,

and age.

*All includes 75 individuals who were deployed in support of the Persian Gulf war

but not to the Gulf War Theater or Operations.

-- indicates OR undefined due to zero cell size.
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Appendix B: Genome-wide investigation
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Appendix Figure 3. PCA of genetic ancestry in GWECB
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Appendix C: Biologically based candidate studies

Appendix Table 4. Demographics by Pesticide Exposure

Overall Pesticide Exposure
None | Missing | Short | Medium | Long
Count 810 346 106 78 124 156
Sex Female 22% 26% 19% 19% 23% 17%
Male 78% 74% 81% 81% 77% 83%
Age 40-49 40% 37% 30% 35% 46% 49%
Group 50-59 37% 36% 37% 39% 36% 38%
60+ 24% 27% 33% 27% 19% 14%
Race/ White, non- 65% 66% 51% 71% 65% 71%
Ethnicity Hispanic
Black, non- 17% 18% 27% 8% 13% 16%
Hispanic
Hispanic 9% 11% 12% 9% 9% 5%
Other 5% 2% 4% 9% 11% 6%
Income Under $30,000 10% 8% 16% 8% 10% 13%
$30,000-59,999 22% 24% 24% 17% 23% 19%
$60,000-99,999 30% 29% 26% 35% 27% 33%
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$100,000+ 30% 30% 26% 33% 34% 30%
Education High school, 9% 12% 9% 5% 4% 10%
GED, or less
Some college, or 67% 66% 70% 74% 73% 60%
associate's or
bachelor's
degree
Advanced 21% 20% 16% 17% 20% 27%
degree
Service Army only 45% 35% 50% 46% 52% 59%
Branch Navy only 17% 27% 11% 13% 10% 8%
Air Force only 10% 12% 8% 9% 9% 8%
Marine Corps 13% 13% 12% 15% 16% 9%
only
National Guard, 10% 8% 14% 10% 10% 11%
any

Military Active Duty 58% 53% 62% 62% 60% 64%
Component Both Active 26% 28% 25% 21% 24% 24%

Duty and

Reserves
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Reserves Only 16% 18% 13% 18% 15% 12%
OEF/OIF No 76% 85% 70% 80% 80% 55%
deployment Yes 23% 15% 24% 21% 19% 45%
Appendix Table 5. Demographics by PB exposure.
Overall PB pill exposure
None | Missing | Short | Medium | Long
Count 810 311 138 98 114 149
Sex Female 22% 28% 24% 18% 17% 16%
Male 78% 72% 76% 82% 83% 84%
Age Group 40-49 40% 38% 37% 40% 43% 42%
50-59 37% 34% 38% 30% 42% 40%
60+ 24% 27% 25% 31% 15% 18%
Race / White, non- 65% 70% 60% 68% 61% 61%
Ethnicity Hispanic
Black, non- 17% 16% 24% 10% 17% 17%
Hispanic
Hispanic 9% 7% 10% 11% 11% 11%
Other 5% 4% 2% 6% 8% 7%
Income Under $30,000 10% 11% 14% 6% 9% 10%
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$30,000-59,999 22% 23% 21% 22% 22% 22%
$60,000-99,999 30% 27% 29% 37% 26% 32%
$100,000+ 30% 30% 32% 30% 32% 30%
Education High school, 9% 11% 7% 8% 7% 11%
GED, or less
Some college, or 67% 65% 73% 68% 71% 62%
associate’s or
bachelor's
degree
advanced degree | 21% 23% 17% 20% 18% 22%
Service Army only 45% 31% 43% 62% 59% 56%
Branch Navy only 17% 31% 18% 4% 4% 7%
Air Force only 10% 15% 10% 5% 6% 5%
Marine Corps 13% 8% 15% 16% 15% 18%
only
National Guard, 10% 12% 10% 9% 8% 9%
any
Active Duty 58% 54% 59% 48% 66% 66%
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Military Both Active 26% 28% 25% 27% 19% 26%
Component Duty and
Reserves

Reserves Only 16% 17% 15% 26% 15% 7%

OEF/OIF No 76% 77% 79% 81% 72% 70%

deployment Yes 23% 23% 15% 19% 27% 30%

Appendix Table 6. Frequency of fulfilling symptom domains and case
definitions by exposure to pesticides.

Overall Pesticide Exposure

None | Missing | Short | Medium | Long

Count 810 346 106 78 124 156

CDC Severe: Fatigue Domain 16% 12% 18% 19% 19% 21%

CDC Severe: Mood Domain 33% 25% 40% 32% 37% 45%

CDC Severe: Musculoskeletal 33% 24% 46% 37% 36% 41%
Domain

CDC Severe GWI 26% 19% 35% 24% 30% 33%

Kansas: Fatigue Domain 80% 70% 86% 81% 86% 92%

Kansas: Respiratory Domain 36% 25% 43% 47% 40% 45%

Kansas: Gastrointestinal 39% 30% 41% 47% 36% 55%
Domain

Kansas: Pain Domain 73% 62% 84% 80% 76% 83%

Kansas: Skin Domain 33% 22% 35% 42% 40% 42%

Kansas: Mood Domain 87% 80% 90% 87% 95% 93%

Kansas Symptom Criteria 72% 59% 81% 78% 77% 89%

Kansas: Exclusionary Criterion | 40% 40% 44% 46% 39% 38%
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Appendix Table 7. Frequency of fulfilling symptom domains and case

definitions by exposure to PB pills

Overall PB Pill Exposure

None | Missing | Short | Medium | Long

Count 810 311 138 98 114 149

CDC Severe: Fatigue Domain 16% 9% 20% 22% 17% 24%

CDC Severe: Mood Domain 33% 24% 37% 34% 41% 44%

CDC Severe: Musculoskeletal 33% 24% 36% 38% 34% 48%
Domain

CDC Severe GWI 26% 18% 30% 28% 31% 36%

Kansas: Fatigue Domain 80% 71% 80% 84% 89% 89%

Kansas: Respiratory Domain 36% 27% 40% 43% 40% 43%

Kansas: Gastrointestinal 39% 28% 38% 40% 52% 51%
Domain

Kansas: Pain Domain 73% 61% 80% 77% 77% 87%

Kansas: Skin Domain 33% 24% 33% 40% 38% 41%

Kansas: Mood Domain 87% 79% 87% 90% 93% 94%

Kansas Symptom Criteria 72% 59% 75% 74% 83% 87%

Kansas: Exclusionary Criterion | 40% 38% 46% 42% 39% 41%
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Appendix Figure 5. Genotype proportions by exposure time (PB)

Note: Individuals in Appendix Figures 6 and 7 are stratified by rs662 genotype

and PB exposure time.
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rs662 interaction with PB exposure
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Appendix Figure 6. CDC Severe GWI frequency: white, non-Hispanic
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Appendix Figure 7. CDC Severe GWI frequency: Hispanic or Black, non-
Hispanic
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CDC Severe: p-values for SNPxPesticide interaction
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Appendix Figure 8. LocusZoom plots for Tier 2 SNPs in interaction with
pesticides
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11. While you were in the Gulf region,

IF YES: About how many days?

‘ ‘
| i 1
did you experience any of the I Not | 16 | 730 !31daysor
following? | Sure i No Yes i days | days | more
i i i
a Entered Iraq ./ ONot | ONo | OYes | ©O . o I o
' ;  Sue | | : :
| i i i i
b. Entered Kuwait i ONot | ONo OYes | (@) i O i (@)
. Sure | j i i
| | i i i
i i ‘ i i
c. Served on board a ship P o g°t I ONo OYes | @ I @ 1 @
! ure | 1 i i
: : : : i
d. Close proximity to smoke ' ONot | ONo OYes | (@) : o : o
from oil well fires i Sure | ! : |
e. Directly involved in | O Not 3 o No O Yes i o : o : o
ground combat | Sure | i | |
| | ] i i
‘ i ‘ i i
f. Took pyridostigmine bromide | ONot | ONo | OYes ! © I o 1 o
(anti-nerve agent pills) i Sure ! ! v v
1 | i i i
g. E_xpos_ed to chemical or | O Not 3 o No O Yes 3 o E o E o
biological warfare agents | Sure ! i ! !
| | i : i
h. Worked with prisoners of war i © gs:e y © No O Yes | © i © i S
3 1 1 : :
i. Used pesticide cream or 1 ONot | ONo OYes | o ! o ! o
liquid on your skin . Sure | ! | |
j- Wore a uniform treated i ONot 1 ONo OYes | o P o 1 ©
with pesticides ! Sure | ! i i
| : : : |
k. Used insect baits / no-pest | ONot | ONo OoYes | (e} i o i e}
strips in your living area | Sure i i E E
I I I 1 1

Appendix Figure 9. Exposure questions from the CSP585 questionnaire
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Appendix D: GWI indicator pseudocode

Notes and Citation

This code is published on GitHub: https://github.com/V A-Phenomics-Library-
CIPHER/Gulf-War-Illness

Documentation was co-authored by Jackie Vahey and Beth Gifford.

Glossary

‘symptom’ refers generically to a specific symptom from the list of Kansas and
CDC list. Throughout this document, ‘symptom’ implies that the variable name is the
same as in the CSP585 dataset.

Rev short for revised

‘diagnosis’ refers generically to a specific diagnosis used in the Kansas definition
exclusionary criteria.

Domain refers to a collection of symptoms as defined by the Kansas and CDC
studies (see Table 1)

‘domain’ refers generically to a specific domain from the list of Kansas and CDC
list. For Kansas, the official name of the domains (and abbreviation) are (1) Fatigue &
sleep (fatigue), (2) Pain (pain), (3) Neurological/mood/cognition(mood), (4)
Gastrointestinal (GI), (5) Respiratory (resp), and (6) Skin (skin). For CDC the official

name of the domains (and abbreviation) are (1) Fatigue (Fatigue), (2) Musculoskeletal
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(pain), (3) Mood-Cognition(mood). Part A. Preparing Variables Related to Symptoms

and Severity of Symptoms for the Kansas and CDC Definition.
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Part A. Prepare Symptoms for Analysis

Step Al. Select Symptoms for Kansas and CDC definitions

Table 1 lists the symptoms from CSP585 used to construct the Kansas and CDC

definitions.

Appendix Table 8. Symptoms Used to Construct the Kansas and CDC

Domains

Table 1. Symptoms Used to Construct the Kansas and CDC Domains

Domains KANSAS CDC
Fatigue & sleep 37D Not feeling rested after you sleep
(KS=4 items 37aFatigue 37aFatigue

CDC=2 items)

Called Fatigue by CDC

37c Problems getting to sleep or staying

asleep!

37b Feeling unwell after physical exercise or

exertion

Pain (3 items for KS
& CDCO)

Called Musculoskeletal

37e pain in your joints

37e pain in your joints

371 stiffness in your joints

37g. Pain in your muscles

37g. Pain in your muscles

by CDC

37h. Body pain where you hurt all over
Neurological/ 37cc. Difficulty remembering recent 37cc. Difficulty remembering
mood information recent information
/cognition 371f. Feeling irritable or having angry

(KS=14 items

outbursts
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CDC=7 items)

Called Mood-

Cognition by CDC

37m. numbness or tingling in your

extremities

37i. headaches

37k. eyes very sensitive to light

37dd. Trouble finding words when speaking

37dd. Trouble finding words

when speaking

37ee. Feeling down or depressed

37ee. Feeling down or

depressed

37bb. Difficulty concentrating

37bb. Difficulty

concentrating

37p. night sweats

37j Feeling dizzy, lightheaded or faint

370. low tolerance for heat or cold

37q. having physical or mental symptoms in

response to certain smells or chemicals

371. blurred or double vision

37n. tremors or shaking

37c. Problems getting to

sleep or staying asleep

37gg. Feeling moody

37hh. Feeling anxious

GI (3 items-KS-only)

37t. Diarrhea

37u. Nausea or upset stomach

37v. Abdominal pain or cramping
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Respiratory (3 items- | 37w. Difficulty breathing or shortness of

KS-only) breath

37x. Frequent coughing when you don’t have

a cold

37y. wheezing in your chest

Skin (2 items-KS- 37r. rashes

only) 37s. other skin

"'Note that this symptom is used in the CDC definition but under mood domain rather than the fatigue

domain

Step A2. Infer a symptom is present if responded rated the severity as mild,
moderate or severe

For the symptoms used in (a) Kansas and (b) CDC definition (see Table A1), we
create new variables [‘symptom’_Rev] that revise ‘symptom’ responses to account for
survey missing response patterns and the MVP standard of updating less specific
information when it is in conflict with a more specific answer. If the respondent rated the
severity of the symptom as “mild”, “moderate”, or “severe” (e.g., ‘symptom’Rate) then
“missing” & “no” responses to the ‘symptom’ become “yes” to indicate that the person
experienced the symptom.

These new ‘symptom’_Rev variables are used for all calculations in the Kansas

and CDC definitions.
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Step A3. Create new variables that revise the severity score from 0 “No” to 3
“Severe”

For the purposes of programming, we create new variables that revise the severity
score. Specifically, if the respondent indicated “no” to having a symptom, then we treat
the severity rating as “no” and assign the value 0. The new variables are named

‘symptom’Rate_Rev (figure 1).
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Part B. Constructing the Kansas GWI definition

Step B1. Creating the exclusion criteria

The Kansas GWI definition excludes individuals from being eligible for having
GWI if they have been previously diagnosed with certain conditions. Table 2 lists the
exclusion criteria that were used for the CSP 585 sample.

Step Bla. Determine the categories for exclusion

Appendix Table 9. List of Kansas Exclusionary Criteria

Table 2. List of Exclusionary Criteria Used for the Kansas Definition

Exclusion Criteria Question #/ Variable name
All Cancers
Brain CaBrain
Breast CaBrst
Colon CaColon
Lung CaLung
Prostate CaPros
Melanoma (where available) Not available in CSP585.
Other CaOth
Diabetes DoDM
Heart Disease
Heart Attack CircHrtAtk
Coronary artery disease CircCAD
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Congestive heart failure

CircCHF

Stroke CircStrk
Transient ischemic attack CircTIA
Infectious Disease
HIV IDHIV
Tuberculosis IDTB
Hepatitis C IDHepC
Liver disease DoLiver
Lupus DoLupus
Schizophrenia MHSCZ
Bipolar MHBPD
Multiple Sclerosis NSMS
TBI NSTBI
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Step B1b. Create revised diagnosis variables
Create a variable called ‘diagnosis’_Rev for each diagnosis that is ‘yes’ if the
person reported having ‘diagnosis’ (figure 2). In addition, if the respondent reported a

‘yeartold’ but whose ‘diagnosis’ is no or missing, then the ‘diagnosis’_Rev marked yes.

‘diagnosis’_Rev

-
o ©
\1:>
) ©
3‘7\120)
@ o m© =
C C wo
© ¥ Lo
s gt
m‘_~§8
Lo >
OS5 g
; B o T =
25<88
o > 2 > >

‘yeartold’

o
v
[«}
| =4
Qo

o

h=)

Appendix Figure 11. Creating Revised Diagnosis Variables
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Step Blc. Create Kansas Definition Exclusion Indicator Variable

Create a variable called KS_Excl as follows:

Yes if the respondent answered “yes” to any of the revised exclusion criteria
‘diagnosis’_Rev (Table 2).

No if the respondent answered “no” to all of the revised exclusion criteria
‘diagnosis’_Rev (Table 2).

Missing If the respondent has not responded “yes” to any of the ‘diagnosis’_Rev but has
at least 1 missing item in the exclusionary criteria.

We also create a variable called KS_Exel NumMiss which is a count of missing items

among the revised exclusion criteria ‘diagnosis’_Rev (table 2).

Step B2. For each domain, determine if the respondent did or did not meet
multiple or moderate or severe criteria

This section describes how to construct the 6 variables which document whether or not
the veteran met the moderate or multiple criteria of the Kansas Domains (figure 3). Figure 4
demonstrates how to construct the moderate-multiple criteria for the fatigue domain.

For each symptom domain:

Once a person meets the “yes” criteria then they are a yes and they remain in that
category. The following criteria qualify a person for “yes”:

Multiple Symptoms: if the respondent answered “yes” to more than 1 ‘symptom’_Rev
in the domain and/or

Moderate-to-Severe: at least 1 ‘symptom’Rate_Rev was coded as “moderate” or

“severe”.
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Note, in the CSP585 repository, if the veteran marked multiple severity scores (among mild,
moderate, several) these were recorded in the data as “81-multiple responses”; In our sas
dataset we have used .b as the extended SAS missing code for 81. These should be treated as
moderate or severe for this calculation, as it is impossible for a multiple answer options to
include neither moderate or severe.

To distinguish between “No” and “Missing”:

No: all three of the below bullets must be true:

Zero or one ‘symptom’_Rev marked “yes”

Zero revised ‘symptom’Rate_Rev were marked as “moderate” or “severe”

There were zero items missing in ‘symptom’Rate_Rev

Missing: 1 or more ‘symptom’Rate_Rev items had missing values. This is because a
single “yes, moderate” or “yes, severe” is enough to change a domain from “no” to “yes”.

Appendix Figure 12. Kansas Symptom Domain Indicators
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Appendix Figure 13. Kansas Symptom Criteria Indicator, Part 1

150



8AOqe 8Y) JO BUON

uay ou |

% Buissiw a1om uleWOp

woydwis enbiye4 Sy oy ul 8)el woydwAs pasinel olez7
o=ssINwnNaIey enbie4 gy :ejep jusidng

uewy ‘sof )
soon]

,2I3A3s, 10 3jRI3pOW, Sem ujewop wojdwis

\.MJ anbped Sy ay vl 3jes woydwks pasiaal | 1ses| Iy
A L=Aagpoy enbie4 gy :swoldwAs aiones-o}-ajelapoy

uangy 'sak J|
L¥e? -
/ .sek, se paylew uewop
Yoy 'Saf W woydwAs enbije4 Sy auyy ul wodwis pasiaal | uey) alop

<wnN - enbped gy swoydwis sidniny

unpow enbe4 Sy

:91qelIBA MON sa|ny uojspaqg

(an8ie4 *xa) ¢urewop uaniS e soy | SESUEY
e119311) 3dRINA 10 319AIS 0} JEIIPOIA SESUE)| 193U UBISIIA 5300

Appendix Figure 14. Kansas Symptom Criteria Indicator, example

Step B3. Determine if the respondent did or did not meet Kansas symptom

criteria

To denote whether or not the veteran met the symptom criteria for the Kansas

GWI definition, we constructed a variable called KS GWI ModMult _SC (see figure 5).

Table 3 lists all of the possible combinations of the 6 Kansas domains to determine

whether or not the veteran met the symptom criteria.
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In summary, this variable is:

Yes: If 3 or more multiple/moderate-to-severe symptom domains are “yes”, then
respondent met Kansas Definition Symptom Criteria

No: If 4 or more multiple/moderate-to-severe symptom domains are ’no”, the
respondent does not meet Kansas Definition Symptom Criteria.

Missing: If neither 3 or more multiple/moderate-to-severe symptom domains are
“yes” or 4 or more multiple/moderate-to-severe symptom domains are “no”, then the
Kansas Definition Symptom Criteria is missing. “Missing” Kansas Definition Symptom
Criteria indicates that the true (but unknown) value of the information that is missing
from the survey questionnaire could change the value of the Kansas Definition Symptom

Criteria indicator.
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Appendix Figure 15. Kansas Symptom Criteria Indica




Appendix Table 10. Kansas GWI Symptom Criteria by Symptom Domain
Indicators

Number of Kansas

Number of Kansas

Number of Kansas

Does Veteran Meet

Domains Marked Yes | Domains Marked No | Domains Marked Kansas Symptom
Missing Criteria?

6 0 0 Yes

5 0 1 Yes

5 1 0 Yes

4 0 2 Yes

4 1 1 Yes

4 2 0 Yes

3 0 3 Yes

3 1 2 Yes

3 2 1 Yes

3 3 0 Yes

2 0 4 Missing

2 1 3 Missing

2 2 2 Missing

2 3 1 Missing

2 4 0 No

1 0 5 Missing

1 1 4 Missing

1 2 3 Missing
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2 Missing
1 No
0 No
6 Missing
5 Missing
4 Missing
3 Missing
2 No
1 No
0 No
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Step B4. Determine if the respondent met the criteria for Kansas Gulf War Illness

This section combines information from the Kansas symptom criteria with the
exclusionary criteria to determine whether or not the veteran met the Kansas GWI definition (see
figure 6). Table 4 provides all of the possible combinations of Kansas GWI symptom criteria and
the exclusion criteria and how these combinations are reflected in the Kansas GWI case status.

Yes: Respondents who met Kansas Definition Symptom Criteria and who did not meet
the Exclusionary Criteria and had no missing Exclusionary Criteria.

No:

Respondents who did not meet Kansas Definition Symptom Criteria, or

Respondent who met exclusionary criteria

Missing: Respondents who were classified as missing Kansas Definition Symptom

Criteria or who were missing exclusionary criteria.

Does the Veteran meet the Kansas GWI Case Definition?
Kansas
:a:‘sa;anWI + Exclusionary — Kansas GWI
y. p. Criteria Caseness
Criteria

Decision Rules New Variable:
KS_GWI

Met all 3 of these conditions: Ifyes,
1. KS GWI Symptom Criteria=yes,

2. Exclusionary criteria=no, and \b

3. No missing exclusionary criteria Yes

|

I not I yes,

Met 1 of these conditions:
1. KS GWI Symptom criteria = no or
2. Exclusionary criteria = yes

No

;

If not,

Then
If neither condition, then _—

Missing

(i)

Appendix Figure 16. Kansas GWI Case Definition
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Veteran meets Kansas Veteran endorsed yes on at least one | Kansas Definition Case
symptom criteria exclusionary condition Status
Yes No Yes
Yes Yes No

No Yes No

No No No

Yes Missing Missing
No Missing Missing
Missing Missing Missing
Missing Yes Missing
Missing No Missing

Appendix Table 11. Does Veteran meet Kansas GWI case definition?

Part C. Constructing the CDC GWI definition

The CDC GWI definition is composed of 3 domains: fatigue; mood and cognition; and
musculoskeletal (see table 1 for symptoms that compose each domain). Figure 7 depicts the logic
for combining possible combinations of the symptoms to determine whether or not the veteran (a)

meets the domain criteria and (b) meets the “severe” domain criteria.

Step C1. For each domain, determine if the respondent did or did not meet the

domain criteria
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Construct 3 variables 1 for each domain named CDC_‘domain’_Any which are scored
as follows:

“Yes” if the respondent answered yes to any ‘symptom’_Rev within the domain

“No” if respondent answered no to each ‘symptom’_Rev within the domain

“Missing” if respondent did not answer yes to any ‘symptom’_Rev within the domain

and at least one ‘symptom’_Reyv is missing

Step C2. For each domain, determine if the respondent did or did not meet the
severe criteria

Construct three variables (one for each domain) named CDC_‘domain’_sev which are
scored as follows:

“Yes” if the respondent answered “severe” to any of the ‘symptom’Rate Rev within the
domain

“No” if none of the ‘symptom’Rate_Rev within the domain are “severe” and none of the
‘symptom’Rate_Rev within the domain are missing

“Missing” if none of the ‘symptom’Rate_Rev are “severe” and none of the

‘symptom’Rate_Rev within the domain are missing
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Appendix Figure 17. CDC and CDC Severe Symptom Domain Criteria

Step C3. Determine if the respondent met the criteria for CDC Gulf War Illness

Construct two variables (1) CDC_GWI and (2) CDC_GWTI_Sev to identify if respondent

meet the CDC GWI case definitions (see table 5 and figure 8).
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CDC Gulf War Illness Case Status

“Yes” if the respondent met two or three domain criteria

“No” if the respondent met zero or one domain criteria

“Missing” if the respondent did not meet the yes criteria and had fewer than two no’s

Appendix Table 12. CDC GWI Case Status

Table 5. Does the Veteran Meet the CDC GWI Case Definition?

# of domains with no

# of domains marked yes 0 1 2 3
0 Insufficient Information No No
1 to Determine Case Status No

2 YES YES

3 YES

Black = Combination not possible because there are only 6 domains

Yes = Meets CDC GWI Symptom Criteria

No = Does not Meet GWI Symptom Criteria

CDC Gulf War Illness Severity Case Status

“Yes” if at least one CDC symptom in at least two domains were ranked as severe.

“No” if, in at least two domains, all symptoms were marked as no, mild, or moderate.

“Missing” if neither of the above statements is true.
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Appendix Figure 18. CDC and CDC Severe Case Def
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Summary of variables constructed to make the Kansas and

CDC definitions

Appendix Table 13. Derived Variable List

Variable name Variable Label | Value Label | Calculation | Notes
For each symptom
‘symptom’_ Rev “’symptom 1=Yes Generates a ‘symptom’
label’ Revised 0=No new variable | refers to the
to account for .=missing that replaces original
severity missing values | variable name
information” with yes if a
severity for
that symptom
was given
‘symptom’Rate Rev “’symptom’Rat | 0=No Generates a This is
e label’ Revised | 1=Mild new variable | helpful for
to account for 2=Moderate that codes programming
valid skips” 3=Severe missing values | the
as severity definitions;
scores as 0 Drew has
rather than suggested
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missing — more
reflecting the | consideration
valid skip of this for an
pattern analytic
variable
For each diagnosis
‘diagnosis’_Rev “*diagnosis 1=Yes Generates a ‘diagnosis’
label’ Revised 0=No new variable | refers to the
to account for .=missing that replaces original
severity missing values | variable name
information” with yes if a
year told for
that diagnosis
was valid
For the Kansas Definition
KS Excl “Meets Kansas | 1=Yes Yes=If at exclusionary
Exclusion 0=No least 1 of the criteria are
Criteria” .=missing exclusionary listed in Table
criteria is yes, | 2

then the

veteran was

considered to

have met the
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exclusion

criteria;

=if the
veteran is not
yes but has a
missing item
among the
exclusionary
criteria then
missing
exclusion

criteria

0= if all of the
exclusionary

criteria are no

KS Excl NumMiss

“Number of
missing
exclusion

criteria”

Integer: 0-
(number of
exclusionary

conditions)

Number of
missing items
among the
exclusionary

criteria are
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listed in Table

2
KS Excl Count Number of Integer: 0- Number of
exclusionary (number of items
criteria exclusionary endorsed yes
endorsed conditions) among the
exclusionary

criteria (listed

in Table 2)

Kansas Moderate-to-Severe Domain Criteria (At least 1 symptom mild to moderate or

more than 1 item is endorsed within domain)

KS Fatigue ModMult Fulfils the 1=Yes
Kansas 0=No
.=missing
Fatigue
domain
criteria
KS Mood ModMult Fulfils the 1=Yes
Kansas Mood 0=No
.=missing
domain
criteria
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KS Pain ModMult Fulfils the 1=Yes
Kansas Pain 0=No
.=missing
domain
criteria
KS GI ModMult Fulfils the 1=Yes
Kansas GI 0=No
.=missing
domain
criteria
KS Resp ModMult Fulfils the 1=Yes
Kansas 0=No
.=missing
Respiratory
domain
criteria
KS Skin ModMult Fulfils the 1=Yes
Kansas Skin 0=No
.=missing
domain
criteria
Gulf War Symptom Criteria
KS GWI ModMult S | Meets the 1=Yes
C Kansas GWI 0=No
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Symptom .=missing
Criteria
KS GWI Definition
KS GWI Kansas GWI 1=Yes Individuals
case status 0=No who met
~=missing exclusion
criteria are
in the
denominator
CDC
CDC Fatigue Any CDC Fatigue 1=Yes
domain has any | 0=No
symptoms .=missing
marked yes
CDC_Mood Any CDC Mood 1=Yes
domain has any | 0=No
symptoms .=missing
marked yes
CDC _Pain_Any CDC Pain 1=Yes
domain has any | 0=No
symptoms .=missing
marked yes
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CDC Fatigue Sev CDC Fatigue 1=Yes
domain has >=1 | 0=No
symptom .=missing
marked severe
CDC Mood_Sev CDC Mood 1=Yes
domain has >=1 | 0=No
symptom .=missing
marked severe
CDC Pain_Sev CDC Pain 1=Yes
domain has >=1 | 0=No
symptom .=missing
marked severe
CDC _GWI CDC GWI 1=Yes
caseness 0=No
.=missing
CDC_GWI Sev CDC GWI 1=Yes
caseness severe | 0=No
.=missing
Other Items: Not in main code
VHAStatus 1=Yes Used VA
0=No healthcare at
=Missing least once in

the past year
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or were a
patient in a
VA healthcare
facility
overnight or

longer at least

once in the
past year
Deploy Deployed 1=Yes Deployed to | Considerabl
during the 0=No Gulf or e discussion
1990-1991 Gulf | —Missing | P> about where
Elsewhere
War to put
“Deployed
elsewhere”
Income_new 1= Under What income
$30,000 category
2— $30.000- represents the
§59.999 total income
3-$60000. | TN
§99.999 household
4= Over from all
$100.000 sources during
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.= Unknown the past 12
months
Education 1=“High Highest
School degree or
diploma/GE | level of
D or less” school
2=“Some completed
college to
Associate’s or
Bachelor’s
Degree”
3= “Master’s,
Professional,
or Doctorate
degree”
. = “Unknown”
numConditions Integer Number of
diagnoses
endorsed yes
BestAge Integer Age at time of

survey, pulled
from mix of

sources
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ageGroup Age group at
time of survey
raceEth 0= White, not | Race/Ethnicit
Hispanic y
1= Black, not
Hispanic
2= Hispanic
3= Other
4 = Unknown
Cancer Rev Fulfill any
cancer
exclusion
HeartDis Rev Fulfill any

heart disease

exclusion

ID Rev

Fulfill any
infectious
disease

exclusion

Stroke Rev

Fulfill any
stroke

exclusion
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MH_Rev

Fulfill any
mental health

exclusion

NS Rev

Fulfill any
neurological

exclusion
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Summary of SAS programs used to create KS and CDC Case

Status Indicators

Appendix Table 14. SAS programs to generate case definition indicators

Program Name

‘What program does

What

datasets it

creates
CSP585_GWI_(00)_main | Call all other sas program files for preparing the data
Reads in the macros %array, %do_over, and %numlist
Get data from data warehouse and Basic Data Management (e.g. labeling)
Reads in data from Work.CSP585
CSP585 _GWI (01) Readin | CSP_ProdCSP585.Res.vwTeleformSurveyParent Com | DB
Data binedLogic
Applies label and value formats Updates
CSP585_GWI_(02)_Labels Work.
CSP585DB
Converts the missing value codes used in the SQL Updates
CSP585_GWI _(03) Missin | database to sas’s missing value codes Work.
gData CSP585DB
Gulf War Specific Work
CSP585_GWI _(04) Setup Creates formats for yesno, rate, and revised rate
CSP585 _GWI _(05) PartA | Creates ‘symptom’ Rev GWI_PartA

Creates ‘symptom’Rate Rev
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CSP585_GWI _(06) PartAL | Labels ‘symptom’_Rev ¢ & symptom’Rate_Rev Updates

abels GWI PartA

Kansas Specific

CSP585 GWI (07) KS Pa | Creates KS Excl variable Creates:

rtB1 KS Excl Nummiss GWI PartB1
From:
GWI_PartA

CSP585 _GWI _(08) KS Pa | Calculates the 6 KS Domains (moderate severity or GWI_PartB2

rt B2 Domains multiple symptoms)

CSP585 GWI _(09) KS Pa | Creates the symptom criteria GWI_PartB3

rtB3

CSP585 _GWI (10) KS Pa | Creates GWI Caseness (Kansas) Creates:

rtB4 GWI_PartB4

CDC Specific

CSP585 GWI (11) CDC_ | Calculates the 3 CDC Domains (Any) Creates:

PartC1 Calculates the 3 severe CDC Domains (Sev) GWI PartCl1

CSP585 _GWI (12) CDC_ | Creates GWI caseness (CDC and CDC severe) Creates:

PartC2 GWI_PartC2
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Full Pseudocode Flowchart: Revised Variables

1. Binary Symptom Indicator

Raw Binary Indicator is “Yes Raw Severity Rating is not “Missing” Revised Binary
Indicator is the Raw
Binary Indicator (yes,
no, missing)
Revised Binary Revised Binary
Indicator is yes Indicator is yes
2. Symptom Severity Indicator
Revised Binary Indicator is “No” Revised Symptom Severity
Indicator is the Raw Symptom
Severity Indicator (mild,
moderate, severe, Or missing)
Revised Symptom Severity
Indicator is “No™
1. Binary Diagnosis Indicator
Raw Binary Indicator is “Yes” Raw Year Told is a valid year Revised Binary
Indicator is the Raw
Binary Indicator (yes,
no, missing)
Revised Binary Revised Binary
Indicator is yes Indicator is yes

Appendix Figure 19. Pseudocode: symptom and diagnosis cleaning
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Full Pseudocode Flow Chart: Kansas Definition

1. Classify each SymptomDomLin: Follow arrows right until an answer is yes, then follow arrow down

More than one revised
symptom in the

symptom domain was
marked as ‘yes’

Moderate to Severe
Symptom Domain
Status is YES

At least one revised
symptom severity rating in
the symptom domain was

moderate or severe

No revised symptom
severity rating in the
symptom domain was

issing

Moderate to Severe
Symptom Domain
Status is YES

Moderate to Severe
Symptom Domain
Status is NO

Moderate to Severe
Symptom Domain
Status is MISSING

2. Classify each Veteran for Kansas GWI Definition using Symptom Domains: Follow solid arrows right if
the answer is no and down if the answeris yes. Dotted arrows must be followed.

At least three Kansas
Moderate to Severe Symptom

Domains are marked YES

Meets Kansas Definition
Symptom Criteria

All Exclusion Criteria marked

no

At least four Kansas Moderate to
Severe Symptom Domains are
marked NO

Kansas Definition Symptom
Criteria status cannot be

determined

Does not meet Kansas Definition
Symptom Criteria

No Exclusion Criteria are missing

.

Full Kansas GWI Definition

cannot be determined

Meets Full Kansas GWI
Definition

Does not meet Full Kansas GWI
Definition

Appendix Figure 20. Pseudocode: Kansas GWI

176




Full Pseudocode Flow Chart: CDC Definition

1. Classify each Symptom Domain: Follow arrows right until an answer is yes, then follow arrow down

More than one revised symptom in the No revised symptom severity rating in CDC Symptom
symptom domain was marked as ‘yes’ the symptom domain was missing Domain Status cannot
be determined
CDC Symptom CDC Symptom
Domain is YES Domain is NO

2. Classify each Veteran for CDC GWI Definition using Symptom Domains: Follow solid arrows right if
the answer is no and down if the answeris yes.

More than one revised symptom in the No revised symptom severity rating CDC Symptom
symptom domain was marked as ‘yes’ in the symptom domain was missing | Domain Status cannot
be determined
CDC Symptom CDC Symptom
Domain is YES Domain is NO

Appendix Figure 21. Pseudocode: CDC GWI
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Tree Diagram of Phenotypes

Gulf War lliness

Kansas

GWI

Kansas Exclusionary
Criteria

Symptom Criteria

Gl
Domain

Kansas Skin
Domain

Kansas Mood
Domain

Kansas Pain
Domain

Kansas Fatigue

Exclusionary Criteria: Domain

Brain Cancer

Colon Cancer

Breast Cancer

Lung Cancer

Prostate Cancer

Other Cancer

Heart Attack

Coronary Artery Disease
Congestive Heart Failure
Stroke

Transient Ischemic Attack
Diabetes

Liver Disease

Lupus

HIV

Tuberculosis

Hepatitis C
Schizophrenia

Bipolar Disorder

Domain

Kansas Respiratory

CDC GWI

CDC Mood
Domain

CDC Severe GWI

CDC Mood
Severe
Domain

CDC Fatigue

Domain

CDC Musculo-

CDC Fatigue
Severe
Domain

skeletal Domain

CDC Musculo-
skeletal Severe
Domain

Chronic Symptoms:
Feeling down or depressed
Low tolerance for heat or cold
Trouble finding words when speaking
Feeling dizzy, lightheaded, or faint
Physical or mental symptoms in response to
smells or chemicals
Feeling irritable or having angry outbursts
Eyes very sensitive to light
Difficulty concentrating
Headaches
Blurred or double vision
Tremors or shaking
Night sweats
Numbness or tingling in extremities
Difficulty remembering recent information
Pain in muscles
Body pain, where you hurt all over
Painin joints
Wheezing in chest
Frequent coughing without a cold
Difficulty breathing or shortness of breath
Nausea or upset stomach
Diarrhea
Abdominal pain or cramping
Fatigue
Not feeling rested after sleep
Problems getting to or staying asleep
Feeling unwell after exercise

Appendix Figure 22. Tree diagram of phenotypes
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Appendix E: GWI indicator SAS code

Notes and Citation

This code is published on GitHub: https://github.com/V A-Phenomics-Library-
CIPHER/Gulf-War-Illness

SAS code was co-authored by Jackie Vahey and Beth Gifford.

CSP585_GWI_(00)_Main

/**************************************************

This code prepares data from CSP585 for analysis
- Replaces missing value codes with SAS missing values
- Labels variables and data
- Calculates GWI status and related information

- Prepares data to be used in analysis

**************************************************/

/*To Use:
1. replace path in each filename syntax with the path to the proper files on your
machine

2. be sure to have downloaded code for the %ARRAY and %DO_OVER macros
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%Do_Over and %Array Authors: Ted Clay, M.S. and David Katz, M.S.
"Please keep, use and pass on the ARRAY and DO_OVER macros with this authorship
note. "
Full documentation with examples appears in SUGI Proceedings, 2006,
"Tight Looping With Macro Arrays" by Ted Clay
3. replace %let statements below with corresponding variable names from your

dataset

¥/

*Macros setup;
filename dr_macro "R:\CSP 585\ AnalysisCode\ 585

Manuscripts\ Caseness\ CODE\SAS\ ClayTightLoopingmacros";

%INCLUDE dr_macro('ARRAY .sas');

%INCLUDE dr_macro('DO_OVER.sas));

%INCLUDE dr_macro('NUMLIST .sas');

*Path setup;

filename syntax "R:\ CSP 585\ AnalysisCode\ 585 Manuscripts\ Caseness\ CODE\SAS";
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filename syntax2 "R:\CSP 585\ AnalysisCode\585

Manuscripts\ Caseness\ CODE\SAS\ PrepareDataForWarehous";

/*Step Oa. Create a place to store final dataset and formats*/
libname out 'R:\ CSP 585\ AnalysisCode\ 585

Manuscripts\ Caseness\ CODE\SAS\ Derived SAS'; run; *change this too;

/*Step Ob. Edit 'quick change' pieces of the code
- Missing values
- Kansas definition: exclusionary conditions
- Kansas definition: symptoms in domains

- CDC definition: symptoms in domains */

*Missing Values;

%let missing_values=(..a.b.c.d .e .f.g .h.g);

%let missing_values_notb =(..a.c.d .e.f.g .h.g); *this doesn't include
‘multiple answers', allowing multiple answers to count for moderate to multiple;

*Kansas definition: exclusionary conditions;

%let exclCondList = CaBrain CaBrst CaColon CaLung CaPros CaOth

DoDM
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CircHrtAtk CircCAD CircCHF

CircStrk CircTIA

IDHIV IDTB IDHepC

DoLiver DoLupus

MHSCZ MHBPD NSMS NSTBI ;
*all symptoms;
%let allSymptomsList = SMoFatigue SMoUnwel = SMoGetSlp ~ SMoRested
SMoPain SMoStiff
SMoMuscl ~ SMoHurtOvr SMoHeadA SMoDizzy =~ SMoSLight
SMoBlur SMoNumb  SMoShake = SMoLowTol
SMoSweat ~ SMoSmell SMoRash SMoSkin SMoDiarr
SMoNaus SMoAbdom SMoDBreath SMoFCough SMoWheez
SMoSThroat SMoLymph SMoDConct SMoDReme SMoTFind
SMoFDown SMoOQOutbur SMoMoody SMoAnxio ;
*Kansas definition: symptoms in domains;
%let KSFatigueSymptomList = SMoFatigue SMoGetSlp SMoRested SMoUnwel ;
%let KSPainSymptomList = SMoPain SMoMuscl SMoHurtOvr ;
%let KSMoodSymptomList = SMoDReme SMoOutbur SMoNumb SMoHead A

SMoSLight SMoTFind SMoFDown SMoDConct SMoSweat SMoDizzy SMoLowTol

SMoSmell SMoBlur SMoShake ;
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%let KSGISymptomList = SMoDiarr SMoNaus SMoAbdom ;

%let KSRespSymptomList = SMoDBreath SMoFCough SMoWheez ;

%let KSSkinSymptomList = SMoRash SMoSkin;

*CDC definition: symptoms in domains;

%let CDCFatigueSymptomlList = SMoFatigue ;

%let CDCMuscSkelSymptomList = SMoPain SMoMuscl SMoStiff ;

%let CDCMoodSymptomList = SMoDReme SMoTFind SMoFDown SMoDConct

SMoMoody SMoAnxio SMoGetSlp ;

/**Step 1. Read in the Data**/

%INCLUDE syntax('CSP585_GWI_(01)_ReadinData.sas");

/*Step 2. Label Variables and Labels--This runs Code that is Generated by

['R:\CSP 585\ AnalysisCode\ Beth-Explore \ SQL\ C-FORREVIEW-

MISSING-VALUE-CODES-SQL-CreateSasFormatting.sql"]*/

%INCLUDE syntax('CSP585_GWI_(02)_Labels.sas');

*This creates a file called new;
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run;
/**Step 2b. This replaces the ReasonCodes from the SQL server with sas's extended
missing codes*/
/*In SQL Server--I ran this code 'R:\ CSP 585\ AnalysisCode\ Beth-
Explore\SQL\SQLQuery1--ARRAYS' to get a list of variables with each
ReasonDigitCode (2,4,6,7)
I'just change the where statement to select the relevant set; this provides a list that I copy
and paste into a word document and use the advanced find/replace
to remove the hard returns. Then I saved each of these as text files which I copied and
pasted into the sas code;
The file was too big for ReasonDigitCode=2 so I had to copy and paste in smaller
chunks.*/

%INCLUDE syntax('CSP585_GWI_(03)_MissingData.sas');
run;

*This writes over new with the missing data codes;

e 2 26 26 34 4 24 o o 5 6 e 404 o o e e e 00 o o e e e S A A 008
7

/* Gulf War Illness specific work */

e o 2 26 340 4 24 o o 5 6 e e 04 o o e e 0 o o e e e S A 00k
7
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*Creates formats for yesno, rate, and revised rate;
%INCLUDE syntax('CSP585_GWI_(04)_Setup.sas');
run;
*Creates 'symptom'_Rev and 'symptom'Rate_Rev;
*Creates dataset GWI_PartA;
%INCLUDE syntax('CSP585_GWI_(05)_PartA.sas');
run;
*labels 'symptom'_Rev and 'symptom'Rate_Rev;
*updates dataset GWI_PartA;
%INCLUDE syntax('CSP585_GWI_(06)_PartALabels.sas');
run;
/*Kansas Specific*/
*Creates KS_Excl and KS_Excl Nummiss;
*Creates dataset GWI_PartB1 from GWI_PartA;
%INCLUDE syntax('CSP585_GWI_(07)_KS_PartB1.sas');
run;
*Calculates the 6 KS Domains (Moderate or Multiple);
*Creates dataset GWI_PartB2 from GWI_PartA;
%INCLUDE syntax('CSP585_GWI_(08)_KS_PartB2_Domains.sas');

run;
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*Creates the KS Symptom Criteria;
*Creates dataset GWI_PartB3 from GWI_PartB2;

%INCLUDE syntax('CSP585_GWI_(09)_KS_PartB3.sas');
run;
*Calculates KS GWI Caseness;
*Creates dataset GWI_PartB4 from GWI_PartB3;

%INCLUDE syntax('CSP585_GWI_(10)_KS_PartB4.sas');
run;
/*CDC Specific*/
*Calculates the 3 CDC symptom domains, Any and Severe;
*Creates dataset GWI_PartC1 from GWI_PartB4;

%INCLUDE syntax('CSP585_GWI_(11)_CDC_PartCl.sas');
run;
*Calculates CDC GWI Caseness: Any and Severe;
*Creates dataset GWI_PartC2 from GWI_PartC1;

%INCLUDE syntax('CSP585_GWI_(12)_CDC_PartC2.sas');

run;

* run basic tabulations for GWI;

* GWI x (sex, deployment, VA User);
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%INCLUDE syntax('CSP585_GWI_(13)_demographics.sas');

run;

/* Save a permanent sas dataset*/
data out.CSP585 GWI;
set GWI_demographics;

run;

CSP585 GWI _(01) ReadinData.sas

*** This prevents errors when bringing in data;

options nofmterr;

*** 1. Get list of tables that YOU can access ***;

*Ideally, I can modify this part of the code to account for the missing values in proc SQL;
proc sql;

connect to odbc(dsn='"CSP_ProdCSP585");

CREATE TABLE new AS

SELECT *
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FROM CONNECTION TO ODBC(
SELECT *

FROM CSP_ProdCSP585.Res.vwTeleformSurveyParent_CombinedLogic

);
disconnect from odbc;

quit;

/* load bestAge */
proc sql;
connect to odbc(dsn='"CSP_ProdCSP585");
CREATE TABLE getages AS
SELECT *
FROM CONNECTION TO ODBC(
SELECT *

FROM CSP_ProdCSP585.Res.vwTeleformSurveyAges

);

disconnect from odbc;

188



quit;

*This creates a file called new;

run;

CSP585 GWI _(02) Labels.sas

*/ This code can be found on the GitHub site and is omitted due to space constraints.

The code labels each variable and each value for each variable. /*

CSP585_GWI_(03)_MissingData.sas

*/ This code can be found on the GitHub site and is omitted due to space constraints.
The code identifies all variables that have 4 digit missing value codes,
5 digit missing value codes, and 6-digit missing value codes. Then it converts those

missing value codes into SAS missing value indicators (“.”) /*

CSP585_GWI_(04)_Setup.sas
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proc format;

value _yesno

0="No"
1="Yes"
.="Missing"
.a="Blank"

b ="Multiple Answers"
.c="Invalid Value"

.d ="Below Minimum"
. ="Above Maximum"
f="Write In"

.g ="Invalid Value"

.h ="Expected Missing"

valuel Rate
0="Mild"
1="Moderate"
2="Severe"
.= "Missing"

.a ="Blank"

190



b ="Multiple Answers"
.c="Invalid Value"

.d ="Below Minimum"
. ="Above Maximum"
.f="Write In"

.g ="Invalid Value"

.h ="Expected Missing"

value 1_RevisedRate
0="No, None"
1="Yes, Mild"
2="Yes, Moderate"
3="Yes, Severe"
. ="Missing"
.a="Blank"
b ="Multiple Answers"
.c ="Invalid Value"
.d ="Below Minimum"
. ="Above Maximum"

f="Write In"
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.g ="Invalid Value"

.h ="Expected Missing"

run;

CSP585_GWI_(05)_PartA.sas

data GWI_PartA;

set new;

/* Step Al. Symptoms from the Kansas and CDC Measures*/

%Array (symptoms, values = &allSymptomsList);

array symptom (&symptomsn) %DO_OVER(symptoms, phrase=?);
*puild array of symptoms;

array symptomRate(&symptomsn) %Do_OVER(symptoms, phrase=?rate);
*build array of symptomRates;

array symptom_Rev(&symptomsn) %DO_OVER(symptoms, phrase=?_rev);
*build array of revised symptoms;

array symptomRate_Rev(&symptomsn) %DO_OVER(symptoms,

phrase=?rate_rev);  *build array of revised symptomRates;
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*Step A2. Infer a symptom is present if responded rated the severity as mild,
moderate or severe;
do i=1 to &symptomsn;
symptom_REV[i]J=symptoml[i]; *revised symptom is the symptom
unless a symptom rate is recorded;
if symptom[i] in(0 . .a.b .c.d .e .f .g .h) & symptomRate[i] in(0 1 2) then
symptom_Rev[i]=1;
end;
*Step A3.Create new variables that revise the severity score from 0 “No” to 3
“Severe”;
do i=1 to &symptomsn;
symptomRate_Rev[i]=symptomRate[i];
if symptomRatel[i] in (0,1,2) then symptomRate_Rev([i] =
symptomRate[i]+1 ;
/*This line of code is trying not to replace values for people who said no
but then provided a symptom*/
if symptomRate[i] in(. .a .b .c .d .e .f .g .h) & symptom_Rev][i]=0 then
symptomRate_Rev[i]=0;
end;

*Format each type of variable by array;
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format %DO_OVER(symptoms, phrase=?) 1_yesno.;

format %Do_OVER(symptoms, phrase=?rate) 1_Rate.;

format %DO_OVER(symptoms, phrase=?_rev) l_yesno.;

format %DO_OVER(symptoms, phrase=?rate_rev) |_RevisedRate.;

run;

CSP585 GWI _(06) PartALabels.sas

data GWI_partA;

set GWI_PartA;

%let revisedDescript = Revised: Over past 6 months, persistent or recurring problem
with: ;

%let revisedRateDescript = Revised: Over past 6 months, rate the persistent or
recurring problem with: ;

label SMoFatigue_rev = "&revisedDescript Fatigue";

label SMoFatigueRate_rev = "&revisedRateDescript Fatigue";

label SMoUnwel_rev = "&revisedDescript Feeling unwell after physical exercise or
exertion";

label SMoUnwelRate_rev = "&revisedRateDescript Feeling unwell after physical
exercise or exertion';
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label SMoGetSlp_rev = "&revisedDescript Problems getting to sleep or staying asleep";

label SMoGetSlpRate_rev = "&revisedRateDescript Problems getting to sleep or staying
asleep";

label SMoRested_rev = "&revisedDescript Not feeling rested after you sleep";

label SMoRestedRate_rev = "&revisedRateDescript Not feeling rested after you sleep";

label SMoPain_rev = "&revisedDescript Pain in your joints";

label SMoPainRate_rev = "&revisedRateDescript Pain in your joints";

label SMoStiff_rev = "&revisedDescript Stiffness in your joints";

label SMoStiffRate_rev = "&revisedRateDescript Stiffness in your joints";

label SMoMuscl_rev = "&revisedDescript Pain in your muscles";

label SMoMusclRate_rev = "&revisedRateDescript Pain in your muscles";

label SMoHurtOvr_rev = "&revisedDescript Body pain, where you hurt all over";

label SMoHurtOvrRate_rev = "&revisedRateDescript Body pain, where you hurt all
over";

label SMoHeadA _rev = "&revisedDescript Headaches";

label SMoHead ARate_rev = "&revisedRateDescript Headaches";

label SMoDizzy_rev = "&revisedDescript Feeling dizzy, lightheaded, or faint";

label SMoDizzyRate_rev = "&revisedRateDescript Feeling dizzy, lightheaded, or faint";

label SMoSLight_rev = "&revisedDescript Eyes very sensitive to light";

label SMoSLightRate_rev = "&revisedRateDescript Eyes very sensitive to light";
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label SMoBlur_rev = "&revisedDescript Blurred or double vision";

label SMoBlurRate_rev = "&revisedRateDescript Blurred or double vision";

label SMoNumb_rev = "&revisedDescript Numbness or tingling in your extremeties";

label SMoNumbRate_rev = "&revisedRateDescript Numbness or tingling in your
extremeties";

label SMoShake_rev = "&revisedDescript Tremors or shaking";

label SMoShakeRate_rev = "&revisedRateDescript Tremors or shaking";

label SMoLowTol_rev = "&revisedDescript Low tolerance for heat or cold";

label SMoLowTolRate_rev = "&revisedRateDescript Low tolerance for heat or cold";

label SMoSweat_rev = "&revisedDescript Night sweats";

label SMoSweatRate_rev = "&revisedRateDescript Night sweats";

label SMoSmell_rev = "&revisedDescript Having physical or mental symptoms in
response to certain smells or chemicals";

label SMoSmellRate_rev = "&revisedRateDescript Having physical or mental
symptoms in response to certain smells or chemicals";

label SMoRash_rev = "&revisedDescript Skin rashes";

label SMoRashRate_rev = "&revisedRateDescript Skin rashes";

label SMoSkin_rev = "&revisedDescript Other skin problems";

label SMoSkinRate_rev = "&revisedRateDescript Other skin problems";

label SMoDiarr_rev = "&revisedDescript Diarrhea";
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label SMoDiarrRate_rev = "&revisedRateDescript Diarrhea";

label SMoNaus_rev = "&revisedDescript Nausea or upset stomach";

label SMoNausRate_rev = "&revisedRateDescript Nausea or upset stomach";

label SMoAbdom_rev = "&revisedDescript Abdominal pain or cramping";

label SMoAbdomRate_rev = "&revisedRateDescript Abdominal pain or cramping'";

label SMoDBreath_rev = "&revisedDescript Difficulty breathing or shortness of
breath";

label SMoDBreathRate_rev = "&revisedRateDescript Difficulty breathing or shortness
of breath";

label SMoFCough_rev = "&revisedDescript Frequent coughing when you don't have a
cold";

label SMoFCoughRate_rev = "&revisedRateDescript Frequent coughing when you
don't have a cold";

label SMoWheez_rev = "&revisedDescript Wheezing in your chest";

label SMoWheezRate_rev = "&revisedRateDescript Wheezing in your chest";

label SMoSThroat_rev = "&revisedDescript Sore throat";

label SMoSThroatRate_rev = "&revisedRateDescript Sore throat";

label SMoLymph_rev = "&revisedDescript Tender lymph nodes in your neck or

armpits:";
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label SMoLymphRate_rev = "&revisedRateDescript Tender lymph nodes in your neck
or armpits";
label SMoDConct_rev = "&revisedDescript Difficulty concentrating”;
label SMoDConctRate_rev = "&revisedRateDescript Difficulty concentrating";
label SMoDReme_rev = "&revisedDescript Difficulty remembering recent
information";
label SMoDRemeRate_rev = "&revisedRateDescript Difficulty remembering recent
information";
label SMoTFind_rev = "&revisedDescript Trouble finding words when speaking";
label SMoTFindRate_rev = "&revisedRateDescript Trouble finding words when
speaking";
label SMoFDown_rev = "&revisedDescript Feeling down or depressed"”;
label SMoFDownRate_rev = "&revisedRateDescript Feeling down or depressed";
label SMoOutbur_rev = "&revisedDescript Feeling irritable or having angry outbursts";
label SMoOutburRate_rev = "&revisedRateDescript Feeling irritable or having angry
outbursts";
label SMoMoody_rev = "&revisedDescript Feeling moody";
label SMoMoodyRate_rev = "&revisedRateDescript Feeling moody";
label SMoAnxio_rev = "&revisedDescript Feeling anxious";

label SMoAnxioRate_rev = "&revisedRateDescript Feeling anxious";
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run;

CSP585 GWI _(07)_KS_ PartB1.sas

data GWI_PartB1;
set GWI_PartA;
*If exclusionary diagnoses change, edit this list and the labels at the
bottom of the page;
%Array(exclVars, values = &exclCondList);
array Array_KS_Excl (&exclVarsn) %DO_OVER(exclVars, phrase=?);
array Array_KS_Excl_yrdx (&exclvarsn) %DO_OVER(exclvars,
phrase=?YrDx);
array Array_KS_Excl_Rev (&exclVarsn) %DO_OVER(exclVars,
phrase=?_Rev);
do i=1 to &exclVarsn;
Array_KS_Excl_Rev[i]=Array_KS_Excl[i];  *revised exclusion is
the original unless a dx year is recorded;
if Array_KS_Excl_yrdx[i] not in &missing_values then
Array_KS_Excl_Revl[i]=1;
end;
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KS_Excl=0;
label KS_Excl = "Has 1 or more exclusion criteria";
KS_Excl_Nummiss=0;
label KS_Excl_Nummiss = "Number of missing exclusion items";
KS_Excl_Count=0;
label KS_Excl_Count = "Number of exclusion items endorsed as yes";
do i=1 to &exclVarsn;
if Array_KS_Excl_Rev[i]=1 then KS_Excl=1;
if Array_KS_Excl_Rev[i]=1 then KS_Excl_Count = KS_Excl_Count
+1;
if Array_KS_Excl_Rev[i] in( &missing_values) then
KS_Excl_Nummiss= KS_Excl_Nummiss+1;
end;
if KS_Excl=0 & KS_Excl_Nummiss>0 then KS_Excl=;
*will need to change these labels if the exclusionary diagnoses change;
%let revisedDescript = Revised: Healthcare provider told you that you
have: ;
label CaBrain_Rev = "&revisedDescript Brain Cancer";
label CaBrst_Rev = "&revisedDescript Breast Cancer";

label CaColon_Rev = "&revisedDescript Colon Cancer";
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label CaLung_Rev = "&revisedDescript Lung Cancer";

label CaPros_Rev = "&revisedDescript Prostate Cancer";

label CaSkin_Rev = "&revisedDescript Skin Cancer";

label CaOth_Rev = "&revisedDescript Other Cancer";

label DoDM_Rev = "&revisedDescript Diabetes";

label CircHrtAtk_Rev = "&revisedDescript Heart Attack";

label CircCAD_Rev = "&revisedDescript Coronary Artery Disease";
label CircCHF_Rev = "&revisedDescript Congestive Heart Failure";
label CircStrk_Rev = "&revisedDescript Stroke";

label CircTIA_Rev = "&revisedDescript Transient Ischemic Attack (TIA)";
label IDHIV_Rev = "&revisedDescript HIV";

label IDTB_Rev = "&revisedDescript Tuberculosis";

label IDHepC_Rev = "&revisedDescript Hepatitis C";

label DoLiver_Rev = "&revisedDescript Liver Condition";

label DoLupus_Rev = "&revisedDescript Lupus";

label MHSCZ_Rev = "&revisedDescript Schizophrenia";

label MHBPD_Rev = "&revisedDescript Bipolar Disorder";

label NSMS_Rev = "&revisedDescript Multiple Sclerosis";

label NSTBI_Rev = "&revisedDescript Traumatic Brain Injury";

format %DO_OVER(exclVars, phrase=?_Rev) l_yesno.;
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run;

CSP585 GWI _(08) KS PartB2 Domains.sas

%macro calcKSDomain(KSdomain=, symptomList =, domainDescript=);
&KSdomain._Any=0;
label &KSdomain._Any=" &domainDescript Domain: Endorsed at least 1
criteria";
&KSdomain. Num=0;
label &KSdomain._Num=" &domainDescript Domain: # of Items
endorsed" ;
&KSdomain. ModSev=0;
label &KSdomain._ModSev=" &domainDescript Domain: Endorsed at
least 1 criteria as moderate or severe";
&KSdomain.Rate_NumMiss=0; /* This variable is to store the number of missing
items on severity*/
label &KSdomain.Rate_NumMiss=" &domainDescript Domain: # of
items with missing severity rating";

&KSdomain._ ModMult=0;
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label &KSdomain._ModMult =" &domainDescript Domain: Meets
moderate to severe or multiple criteria";
/* do the work to calculate accurate values for these variables */
%array (domain_vars, values=&symptomList);
array &KSdomain._items(&domain_varsn) %DO_OVER(domain_vars,
phrase=?_rev);
array &KSdomain._rates(&domain_varsn) %DO_OVER(domain_vars,
phrase=?rate_Rev);
/* Stepl a. Replace if any item was endorsed*/
do i=1 to &domain_varsn;
if &KSdomain._items[i]=1 then &KSdomain._Any=1;
/* Stepl b. Count number of items endorsed*/
if &KSdomain._items[i]=1 then &KSdomain._Num=
&KSdomain. Num + 1;
end;
/*Step2 Identify if any items were endorsed as moderate or severe*/
do i=1 to &domain_varsn;

if &KSdomain._rates[i] in (.b 2 3) then &KSdomain._ModSev=1;
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if &KSdomain._rates[i] in (&missing_values_notb) then
&KSdomain.Rate_ NumMiss= &KSdomain.Rate_ NumMiss+1;
end;
/* Step 3. Does person meet Kansas moderate or multiple Domain */
if &KSdomain. Num >1 then &KSdomain. ModMult=1;
else if &KSdomain._ ModSev=1 then &KSdomain._ ModMult=1;
else if &KSdomain.Rate. NumMiss=0 then &KSdomain. ModMult=0;
else &KSdomain. ModMult=.;
%mend;
data GWI_PartB2;
set GWI_PartB1;
%calcKSDomain(KSdomain= KS_Fatigue, symptomList =
&KSFatigueSymptomlList, domainDescript= Fatigue);
%calcKSDomain(KSdomain= KS_Pain, symptomList = &KSPainSymptomList,
domainDescript= Pain);
%calcKSDomain(KSdomain= KS_Mood, symptomList = &KSMoodSymptomList,
domainDescript= Neurological Mood and Cognition);
%calcKSDomain(KSdomain= KS_GI, symptomList = &KSGISymptomList,

domainDescript= Gastrointestinal);
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%calcKSDomain(KSdomain= KS_Resp, symptomList = &KSRespSymptomList,
domainDescript= Respiratory);

%calcKSDomain(KSdomain= KS_Skin, symptomList = &KSSkinSymptomList,
domainDescript= Skin) ;

run;

CSP585_GWI_(09)_KS_PartB3.sas

data GWI_PartB3; set GWI_PartB2;

KS_GWI_ModMult_SC=.;

label KS_GWI_ModMult_SC = "Meets the Kansas GWI Symptom

Criteria";

%let KS_domains = KS_Fatigue_ModMult, KS_Pain_ModMult,
KS_Mood_ModMult, KS_GI_ModMult, KS_Resp_ModMult, KS_Skin_ModMult ;

KS_domains_Yes = SUM(&KS_domains); *number of domains that are
endorsed as moderate/severe or multiple;

if KS_domains_Yes =. then KS_domains_Yes = 0; *if all are missing, the sum will
be missing, but we want it to be zero;

label KS_domains_Yes = "Numer of Kansas domains endorsed as yes";
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KS_domains_Miss = NMISS(&KS_domains); *number of domains that could not
be determined as Y/N for moderate/severe or multiple;
label KS_domains_Miss = "Numer of Kansas domains that cannot be determined
as yes orno';
KS_domains No =6 - KS_domains_Yes - KS_domains_Miss; *Number of
domains that are endorsed as not moderare/severe or multiple;
label KS_domains_No = "Numer of Kansas domains endorsed as no";
if KS_domains_Yes>=3 then KS_GWI _ModMult_SC=1; * IFF 3 domains marked
yes then GWI caseness is yes;
else if KS_domains No >=4 then KS_GWI_ModMult_SC = 0; *IFF
there are at least 4 No domains, the GWI caseness is no;
else KS_GWI_ModMult_SC = .; *otherwise we don't know enough to
decide;

run;

CSP585_GWI_(10)_KS_PartB4.sas

data GWI_PartB4; set GWI_PartB3;
KS_GWI =0;
label KS_GWI = "Kansas Gulf War Illness Caseness Indicator";
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format KS_GWI 1_yesno.;
if KS_Excl =0 & KS_GWI_ModMult_SC =1 then KS_GWI =1; *Veterans

with no exclusionary criteria who fit the symptoms criteria are marked 1;

else if KS_Excl =1 & KS_GWI_ModMult SC =1 then KS_ GWI =0;
*Veterans with exclusionary criteria who fit the symptoms criteria are marked 0;

else if KS_Excl =1 & KS_GWI_ModMult_SC =0 then KS_GWI = 0;
*Veterans with exclusionary criteria who don't fit the symptoms criteria are marked 0;

else if KS_Excl = 0 & KS_GWI_ModMult_SC =0 then KS_GWI = 0;
*Veterans with no exclusionary criteria who don't fit the symptoms criteria are marked
0;

else KS GWI=.;

*All other veterans are marked missing;

run;

CSP585 GWI_(11)_ CDC_PartC1.sas

%macro calcCDCDomain(CDCdomain=, symptomList =, domainDescript=);
&CDCdomain._Any=0;
label &CDCdomain._Any=" &domainDescript Domain: Endorsed at least
1 criteria";

207



format &CDCdomain._Any 1_yesno.;
&CDCdomain._Sev=0;
label &CDCdomain._Sev=" &domainDescript Domain: Endorsed at least
1 criteria as severe'";
format &CDCdomain._Sev 1_yesno.;
&CDCdomain.Rate. NumMiss=0; /* This variable is to store the number of
missing items on severity*/
label &CDCdomain.Rate_NumMiss=" &domainDescript Domain: # of
items with missing severity rating";
/* do the work to calculate accurate values for these variables */
%array (domain_vars, values=&symptomList);
array &CDCdomain._items(&domain_varsn) %DO_OVER(domain_vars,
phrase=?_rev);
array &CDCdomain._rates(&domain_varsn) %DO_OVER(domain_vars,
phrase=?rate_Rev);
/* Stepl Replace if any item was endorsed*/
do i=1 to &domain_varsn;
if &CDCdomain._items[i]=1 then &CDCdomain._Any=1;
end;

/*Step2 Identify if any items were endorsed as severe*/
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do i=1 to &domain_varsn;
if &CDCdomain._rates[i]=3 then &CDCdomain._Sev=1;
if &CDCdomain._rates[i] in (&missing_values) then
&CDCdomain.Rate_ NumMiss= &CDCdomain.Rate_ NumMiss+1;
end;
if &CDCdomain.Rate_NumMiss > 0 & &CDCdomain._Any=0 then
&CDCdomain._Any=. ; *Any is missing if nothing is endorced and something is
blank;
if &CDCdomain.Rate. NumMiss > 0 & &CDCdomain._Sev=0 then
&CDCdomain._Sev=. ; *Sev is missing if nothing is severe and something is blank;
%mend;
data GWI_PartC1;
set GWI_PartB4;
%calcCDCDomain(CDCdomain= CDC_Fatigue, symptomList =
&CDCFatigueSymptomList , domainDescript= Fatigue);
%calcCDCDomain(CDCdomain= CDC_MuscSkel, symptomList =
&CDCMuscSkelSymptomList , domainDescript= Musculoskeletal);
%calcCDCDomain(CDCdomain= CDC_Mood, symptomList =
&CDCMoodSymptomlList , domainDescript= Mood and Cognition);

run;
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CSP585 GWI_(12) CDC_PartC2.sas

data GWI_PartC2; set GWI_PartCl1;
*Set up variables;
CDC_GWI=.;
label CDC_GWI = "Meets the CDC GWI Definition";
format CDC_GWTI 1_yesno.;
CDC_GWI Sev=.;
label CDC_GWI_Sev = "Meets the CDC GWI Definition, severe";
format CDC_GWI_Sev |_yesno.;
*Calculate CDC_GWI;
%let CDC_domains = CDC_Fatigue_Any, CDC_MuscSkel_Any,
CDC_Mood_Any ;
CDC_domains_Yes = SUM(&CDC_domains); *number of domains that are
endorsed as yes;
label CDC_domains_Yes = "Number of CDC domains endorsed as yes";
CDC_domains_Miss = NMISS(&CDC_domains); *number of domains that could

not be determined as Y/N ;
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label CDC_domains_Miss = "Number of CDC domains that cannont be
determined as yes or no";
CDC_domains_No =3 - CDC_domains_Yes - CDC_domains_Miss; *Number of
domains that are endorsed as no;
label CDC_domains No = "Number of CDC domains endorsed as no";
if CDC_domains_Yes >=2 then CDC_GWI=1; * IFF 2 domains marked yes then
GWI caseness is yes;
else if CDC_domains No >=2 then CDC_GWI = 0; *IFF there are at least
2 No domains, the GWI caseness is no;
else CDC_GWI = ,; *otherwise we don't know enough to decide;
*Calculate CDC_GWI_Sev;
%let CDC_domains_sev = CDC_Fatigue_Sev, CDC_MuscSkel_Sev,
CDC_Mood_Sev ;
CDC_domains_Yes_Sev = SUM(&CDC_domains_sev); *number of domains
that are endorsed as severe;
label CDC_domains_Yes_Sev = "Number of CDC severe domains
endorsed as no";
CDC_domains_Miss_Sev = NMISS(&CDC_domains_sev); *number of domains

that could not be determined as Y/N for severe;
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label CDC_domains_Miss_Sev = "Number of CDC severe domains that
cannont be determined as yes or no";
CDC_domains_No_Sev =3 - CDC_domains_Yes_Sev - CDC_domains_Miss_Sev;
*Number of domains that are endorsed as not severe;
label CDC_domains No_Sev = "Number of CDC severe domains
endorsed as no";
if CDC_domains_Yes_Sev >=2 then CDC_GWI_Sev=1; * IFF 2 domains marked
yes then GWI caseness is yes;
else if CDC_domains No_Sev >=2 then CDC_GWI_Sev =0; *IFF
there are at least 2 No domains, the GWI caseness is no;
else CDC_GWI_Sev = .; *otherwise we don't know enough to decide;

run;

CSP585_GWI_(13)_demographics.sas

*uncomment below to see all the variables in the data;
*proc contents data=GWI_PartC2 order=varnum;
%INCLUDE syntax('CSP585_zz_formats.sas');

run;

212



Data GWI_table_setup;

set GWI_PartC2;

** Define VHAstatus based on Q39 Percentage healthcare at VA in last year and

(Q40a Overnight in Va facility;

* (039 ;
if VAUse =0
user;
else if VAUsein (1234 5)

VAUse _use =2; * Not answered;

then VAUse_use = 0; * Non-

then VAUse_use =1; * User;

else

** (Q40a;

if VAHosp =0 then VAHosp_use = 0; * Non-
user;

elseif VAHospin (1234) then VAHosp_use =1; * User;
else

VAHosp_use = 2; * Not answered;

** STATUS Q39 OR Q40a ;

If (VAUse_use =0 AND VAHosp_use = 0) then VHAstatus=0; *
Non-user;
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else If (VAUse_use =1 OR VAHosp_use = 1) then VHAstatus=1; *

User;

else VHAstatus = .; * Not answered,;
format VHAstatus 1_yesno.;
label VHAstatus = "Used VA health care or hospital in the last year";
label KS_GWI = "Meets the full Kansas GWI Definition";
*identify conditions;
%Array(conditions, values = CircHTN CircStrk CircTIA CircHrtAtk
CircCAD CircPVD CircChol
CircClot CircCHF CircOth SkMsOA SkMsRA
SkMsOthArth SkMsGout ~ SkMsOP SkMsOth MHAnxPan
MHADHD  MHBPD MHPTSD MHDep MHEatDo
MHPersDo MHSCZ MHSocPh MHOth HVCat HVGlauc
HVMD
HVBIlind HVTin HVHear IDTB IDHepC IDHIV
KDNoDial = KDDial KDAcute GIReflux GlUlcer
GIODbstGIPolyp GIIBS GIUC GICrohn GICeliac

CaBrain CaBrst CaColon CaLung CaProsCaSkin
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NSMigrn NSOthHd NSMemLoss NSDem NSLOC
NSTBI NSSCI NSEpilNSPD NSALSNSMS NSOth
DoAsth DoLung DoDM DoBPH DoLiver
DoApnea DoLupus CaOth GIOth DoThy IDOth DoSkin);
array Array_conditions (&conditionsn) %DO_OVER(conditions, phrase=?);
array Array_conditions_yrdx (&conditionsn) %DO_OVER(conditions,
phrase=?YrDx);
array Array_conditions_Rev (&conditionsn) %DO_OVER(conditions,
phrase=?_Rev); *these are what we want to keep;
do i=1 to &conditionsn;
Array_conditions_Rev[i]=Array_conditions|i]; *revised condition is
the original unless a dx year is recorded;
if Array_conditions_yrdx[i] notin (..a.b .c.d .e .f .g .h) then
Array_conditions_Rev[i]=1;
end;
label sex="Sex";
format Education 1 educatation.;
if NoDplyGulf =1 AND DplyGulf =0 then deploy = 0; * Did not deploy;
else if NoDplyGulf = 0 AND DplyGulf = 1 then deploy = 1; * Deployed to Gulf;

else if DplyElsewhere =1 then deploy = 2; * Deployed elsewhere ;
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else deploy = .; * unknown;
label deploy = "Deployed to the Gulf the 1990-1991 Gulf War";
format deploy 1_deploy.;
if income IN (0, 1, 2) then income_new = 1; *Under 30,000;
else if income IN (3, 4, 5) then income_new = 2; *$30,000 - $59,999;
else if income IN (6, 7) then income_new = 3; *$60,000 - $99,999;
else if income IN (8, 9) then income_new = 4; *$100,000 or more;
else income_new =5;
*Unknown;
label income_new="Household income per year";
format income_new l_income.;
if educat IN (0, 1) then Education = 1; *Less than Bachelor's
degree;
else if educat IN (2, 3, 4) then Education = 2; *Bachelor's degree,
associates deg;
else if educat IN (5, 6) then Education = 3; *Master's, Professional, or
Doctorate's degree;
else Education =

4;*Unknown;
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label Education = "Highest achieved education level";
format Education 1 educatation.;
if MltySrvTypeAD =1 AND MIltySrvTypeRO =0 then
MltyComp = 0; *Active duty only;
else if MltySrvTypeAD =1 AND MltySrvTypeRO =1 then
MltyComp = 1; *both active duty and reserves;
else if MltySrvTypeAD =0 AND MltySrvTypeRO =1 then

MltyComp = 2; *Reserves only;

else MltyComp = ;
label MltyComp = "Military Component";
format MltyComp 1_mltycomp.;
*set up raceEth;
if RaceW =1 and RaceAA =0 and RaceAl = 0 and RaceAsCh =0 and RaceAs]p =0
and RaceAsIn = 0 and RaceAsOt = 0 and RaceAsFp =0 and RacePl
=0 and RaceOt=0
and ethnicl =1
then raceEth = 0; *raceEth is white, nonhispanic;
else if RaceAA=1 and raceW=0 and RaceAl = 0 and RaceAsCh =0 and

RaceAs]p=0
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and RaceAsIn = 0 and RaceAsOt =0 and RaceAsFp = 0 and RacePI
=0 and RaceOt=0
and ethnicl =1
then raceEth=1; *raceFEth is black, nonhispanic;
else if ethnic1=0
then raceEth=2; *raceFEth is hispanic;
elseif raceWin(..a.b.c.d .e.f.g .h)
then raceEth = 4; *raceEth is missing/unknown;
else if ethnicl in (..a .b.c.d .e .f .g .h)
then raceEth = 4; *raceEth is missing/unknown;
else raceEth = 3; *raceEth is other;
label raceEth = "Race/ Ethnicity";
format raceEth 1 raceEth.;
SvcBranch = 6; *other;

if mltyBrArmy =1 then SvcBranch =1; *Army only;

if mltyBrNavy =1 then SvcBranch = 2; *Navy only;

if mltyBrAF =1 then SvcBranch = 3; *Air Force only;

if mltyBrMC =1 then SvcBranch = 4; *Marines only;

if mltyBrNG=1 then svcBranch = 5; *National Guard, any;
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if sum(mltyBrArmy, mltyBrNavy, mltyBrAF, mltyBrMC)>1 then SvcBranch = 6;
*other;

format SvcBranch 1_svcBr.;

*Some combined variables;

Cancer Rev=0; *This 0 could represent no or missing;

if CaBrain_rev=1 then Cancer_Rev=1;

if CaBrst_rev =1 then Cancer_Rev=1;

if CaColon_rev =1 then Cancer_Rev=1;

if CaLung_rev =1 then Cancer_Rev=1;

if CaPros_rev =1 then Cancer_Rev=1;

if CaOth_rev =1 then Cancer_Rev=1;

HeartDis_Rev = 0; *This 0 could represent no or missing;

if CircHrtAtk_rev=1 then HeartDis_Rev=1;

if CircCAD_rev =1 then HeartDis_Rev=1;

if CircCHF_rev =1 then HeartDis_Rev=1;

ID_Rev=0; *This 0 could represent no or missing;

if IDHIV_rev=1 then ID_Rev=1;

if IDTB_rev=1 then ID_Rev=1;

if IDHepC_rev=1 then ID_Rev=1,;

Stroke_Rev=0;*This 0 could represent no or missing;
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if CircStrk_rev=1 then Stroke_Rev=1;

if CircTTIA_rev=1 then Stroke_Rev=1;

MH_Rev=0; *This 0 could represent no or missing;

if MHSCZ_Rev=1 then MH_Rev=1;

if MHBPD_rev=1 then MH_Rev=1;

NS_Rev=0; *This 0 could represent no or missing;

if NSTBI_rev=1 then NS_Rev=1;

if NSMS_rev=1 then NS _Rev=1;

SMoDRemeConct_rev = .; *this combined variable is used in the original CDC
and is created for comparison;

if SMoDReme_rev=1 | SMoDConct=1 then SMoDRemeConct_rev =1;

if SMoDReme_rev=0 & SMoDConct=0 then SMoDRemeConct_rev =0;

format KS_Fatigue_ModMult KS_Pain_ModMult KS_GI_ModMult
KS_Mood_ModMult

KS_Resp_ModMult KS_Skin_ModMult CDC_Fatigue_Any CDC_Mood_Any
CDC_MuscSkel_Any

CDC_Fatigue_Sev CDC_Mood_Sev CDC_MuscSkel_Sev CDC_GWI
CDC_GWI_Sev KS_GWI

KS_Excl KS_GWI_ModMult_SC1_yesno.;
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numConditions = sum(CircHTN_Rev, CircStrk_Rev, CircTIA_Rev,

CircHrtAtk_Rev, CircCAD_Rev, CircPVD_Rev, CircChol_Rev,
CircClot_Rev,

CircCHF_Rev, CircOth_Rev, SkMsOA_Rev,SkMsRA_Rev, SkMsOthArth_Rev,

SkMsGout_Rev, SkMsOP_Rev, SkMsOth_Rev,

MHAnNxPan_Rev, MHADHD_Rev, MHBPD_Rev, MHPTSD_Rev,

MHDep_Rev, MHEatDo_Rev, MHPersDo_Rev, MHSCZ_Rev,

MHSocPh_Rev, MHOth_Rev, HVCat Rev, HVGlauc_Rev,

HVMD_Rev, HVBIlind_Rev,HVTin_Rev, HVHear_ Rev, IDTB_Reyv,

IDHepC_Rev, IDHIV_Rev, KDNoDial Rev, KDDial_Rev,

KDAcute Rev, GIReflux_Rev,GIUlcer Rev, GIObst Rev,

GIPolyp_Rev, GIIBS_Rev, GIUC_Rev, GICrohn_Rev, GICeliac_Rev,

CaBrain_Rev, CaBrst_Rev, CaColon_Rev, CaLung_Rev,

CaPros_Rev, CaSkin_Rev, NSMigrn_Rev, NSOthHd_Rev,

NSMemLoss_Rev, = NSDem_Rev, NSLOC_Rev, NSTBI_Rev, NSSCI_Rev,

NSEpil_Rev, NSPD_Rev, NSALS_Rev, NSMS_Rev, NSOth_Rev,

DoAsth_Rev, DoLung_Rev, DoDM_Rev, DoBPH_Rev,

DoLiver_Rev, DoApnea_Rev, DoLupus_Rev, CaOth_Rev,

GIOth_Rev, DoThy_Rev, IDOth_Rev, DoSkin_Rev);

inData=1; *This is for table formatting;
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label inData = "Table formatting only. 1 for all";
run;
*pbring in the ages from getages table pulled from SQL in file 01;
PROC SQL;
CREATE TABLE GWI_demographics AS
SELECT *
FROM GWI_table_setup, getages
WHERE upcase(GWI_table_setup.PIDSurvey) = upcase(getages.PIDSurvey);

QUIT;

Data GWI_demographics;
set GWI_demographics;
ageGroup=0; *no ages were missing and further checks indicate no ageGroup=0;
if ageAtSurvey>40 then ageGroup=1;
if ageAtSurvey>50 then ageGroup=2;
if ageAtSurvey>60 then ageGroup=3;

run;
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