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Chapter 1

Introduction

A 39-year-old man with hyperlipidemia, hypertension, a 46 pack-year history of tobacco use, and

positive family history of premature coronary artery disease presented with his first ST-segment

elevation myocardial infarction in 1970. Despite smoking cessation and a 20-pound intentional

weight loss, worsening exertional angina led to coronary artery bypass surgery in 1971. Twenty

years later, the patient passed away in his sleep, secondary to graft failure at the age of 60.

This patient’s story exemplifies the Coronary Profile proposed by Abraham Kagan in 1963. The

concept of coronary artery disease as an epidemiological entity for which there exist risk factors

including dyslipidemia, elevated blood pressure, smoking history, and family history (i.e., genetics)

was coming into focus just as this patient experienced his first myocardial infarction. His lifestyle

changes, including engaging in a regular exercise regimen and smoking cessation, had not yet been

proven to be preventative (i.e., in the causal pathway) of future events, but would later become

mainstay recommendations for both primary and secondary prevention of atherosclerotic cardio-

vascular disease (ASCVD). Near the end of his life, cardiovascular medicine ushered in an era of

primary prevention. The first statin for lowering cholesterol [Alberts et al., 1980] was approved

in 1987 [McKenney, 1988], and subsequent evidence that statins stabilize coronary plaques and

prevent incident cardiovascular disease paved the way for the widespread adoption of statins for

primary prevention in high-risk individuals. The Framingham risk score [Wilson et al., 1998] and

1



2

later the pooled cohort equations [Goff et al., 2014] were employed to guide shared decision-making

discussions between doctors and patients around daily statin therapy and recommended lifestyle

changes.

Seventy-five years after the first epidemiological study of coronary heart disease began in Framing-

ham, Massachusetts, cardiovascular diseases remain the leading cause of morbidity and mortality

in the United States [World Health Organization, 2018]. More than forty million Americans are

prescribed statins annually [Salami et al., 2017] as a first-line pharmacotherapy to lower circulating

low-density lipoprotein cholesterol, stabilize atherosclerotic plaques, and prevent myocardial infarc-

tion and stroke. Yet some individuals classified as “high-risk” never experience a major adverse

cardiovascular event and others who are “low-risk” do. Clearly, significant gaps remain in the un-

derstanding of the biology of atherosclerosis and interactions between risk factors and outcomes.

Clinical guidelines for primary and secondary prevention that are informed by risk estimates rely

on ten-year-old prediction models built on decades-old data that do not reflect the populations to

which they are being applied. At the same time, the past decade has seen exponential growth in data

generation from doctor-patient interactions, as well as from the laboratory. Electronic health records

have developed from niche homegrown products [Pryor et al., 1983] that housed a tiny fraction of

clinical data to comprehensive data management solutions that store nearly every documentable

aspect of patient-healthcare interactions. These electronic health records are a natural substrate

for investigating the human clinical “phenome.” In addition, the advancement of high throughput

methods for generating omics data that capture increasingly higher resolution snapshots of intricate

biologically-based molecular network interactions between the genome, proteome, and metabolome,

combined with advancing analytical methods and computing resources, enable the teasing apart of

meaningful biological inter-omic relationships.

Despite these promising developments, data fragmentation – largely attributable to the fragmenta-

tion of healthcare delivery in the United States – constrains our potential to find causal connections

between biomarkers and clinical outcomes. The natural state of big data is not sufficiently orga-

nized to facilitate data aggregation within a particular layer of abstraction (e.g., metabolome), let

alone across the trans-omics spectrum (e.g., genome to phenome). As such, the organization of data

according to standards is required for meaningful interdisciplinary knowledge discovery.
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1.1 Contributions

This dissertation addresses these challenges by developing a translational bioinformatics framework

for advancing the clinical practice of primary prevention of cardiovascular disease. This framework

integrates (1) health informatics solutions to characterize population ASCVD risk and prevention,

(2) bioinformatics methods to probe the underlying biology of atherosclerosis, and (3) genomic-linked

electronic health records to propose potential biomarkers for incident ASCVD.

Healthcare data fragmentation and complexity are barriers to leveraging big data for understanding

current clinical care practices and for characterizing local population risk profiles. This requires

the development of new information retrieval tools as well as the integration of data using common

data model standards. This dissertation presents novel applications for information retrieval from

natural language data, including the answering of clinically relevant questions using large language

models and transformer architectures. Domain expertise is applied for the modeling of hidden states

to identify structure within natural language clinical notes.

In addition, this work presents the first-ever standardization of health information exchange clinical

data into a common data model. The organization afforded by the common data model enables the

understanding of population cardiovascular risk and primary prevention practices at the intersection

of a range of care settings and providers. This demonstrated fragmentation in cardiovascular risk

factor data collection across healthcare sites for individual patients and a significant opportunity to

improve population statin guideline adherence.

Advancements in ASCVD prediction and patient risk stratification will be informed by causal

biomarkers of atherosclerosis. Towards this goal, whole genomic, aptamer-based proteomic, and

mass spectrometry-based metabolomic data derived from banked samples were studied to identify

novel proteomic determinants of metabolite levels in human plasma. Mendelian randomization iden-

tified previously uncharacterized causal relationships that involve known ASCVD biomarkers. The

top findings from this study were validated by performing serum metabolomics on murine knockout

models. The gene-protein-metabolite associations from the bioinformatics study were integrated

with whole genome sequencing linked electronic health records from the All of Us Research Pro-

gram. This analysis rediscovered the relationship between apolipoprotein E and the development
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of ASCVD and proposed a role for both the surface protein CD36 and plasmalogen glycerophos-

pholipids in the causal pathway with incident myocardial infarction. Together, these studies lay the

groundwork for future investigation of the biological basis of atherosclerosis and improved primary

prevention of cardiovascular disease.

1.2 Specific Aims and Research Hypotheses

Specific Aims

This dissertation integrates and analyzes observational biomedical datasets to motivate

and facilitate the identification of candidate causal biomarkers for incident cardiovas-

cular disease.

In pursuit of this goal, the Specific Aims are to:

1. Characterize population atherosclerotic cardiovascular disease risk and primary prevention

practices using a health information exchange.

2. Identify novel genomic and proteomic determinants of circulating levels of clinically relevant

plasma metabolites.

3. Leverage genomics as a translational bridge to propose candidate causal biomarkers of incident

cardiovascular disease.

Research Hypotheses

The aforementioned Specific Aims are addressed by testing the following three research hypotheses:

• Aim 1 Hypothesis: Health information exchange aggregates cardiovascular disease risk factors

that inform primary prevention care decisions for individual patients that would otherwise be

missed by a single healthcare institution.

• Aim 2 Hypothesis: Instrumental variable analysis of multi-omics data derived from banked

human plasma samples will identify novel causal inter-biomarker associations.
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Figure 1.1: Specific Aims of the dissertation.

• Aim 3 Hypothesis: Genomics is a translational bridge from bioinformatics knowledge to clinical

phenotypes for the identification of candidate incident disease causal biomarkers.

1.3 Translational Bioinformatics

The proverbial interpretation of translational medicine is the practical application of basic research

findings in the direction “from bench to bedside.” This paradigm supposes that there are significant

advances in basic research that require additional research efforts to allow them to be applied in

clinical settings (e.g., in a pill bottle). The field of translational bioinformatics [Butte, 2008, Shah

and Tenenbaum, 2012, Tenenbaum, 2016], which is designed to bridge bioinformatics findings with

applied health informatics domains, also presupposes that research advances from the molecular to

the patient level.

These translational paradigms are rarely presented in the opposite direction – basic research can

take inspiration from working closely with translational medical and clinical researchers. For this

reason, it is important to note that the origins of this dissertation rest firmly in clinical applications

and began as a quest to answer health informatics questions surrounding cardiovascular disease
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risk and primary prevention. It was from this inspiration that further investigation ventured into

the bioinformatics of molecular interactions to identify causal protein-to-metabolite pathway part-

ners. Finally, this work traversed the translational research barrier a second time by translating

those bioinformatics findings into a clinically relevant context using genomic-linked electronic health

records. It should also be noted that this dissertation is central to the training of a dual-degree

candidate for the degrees of Doctor of Philosophy and Doctor of Medicine in the hope that this

combined training will be synergistically generative for both future research and clinical care.

1.4 Outline of Research and Dissertation

This dissertation is organized into six chapters. The first places the work that follows into both

clinical and historical contexts, identifies existing knowledge gaps, and sets dissertation Specific

Aims. Chapter 2 is a literature review that covers three broad topics. The first is a history of

cardiovascular disease as an epidemiological entity that examines the development of the concept of

risk factors for chronic disease as well as the shift towards population risk-based primary prevention.

The second is an overview of biomarkers as risk factors, in particular those that are measured in

blood and have been demonstrated to be associated with incident cardiovascular diseases. Next

is a theoretical discussion of what can be learned from observational data and some foundational

mathematical theories that are fundamental for distinguishing between correlation and causation.

There are three research chapters. Chapter 3 considers information retrieval from and the organi-

zation of electronic health records. The second half of this chapter focuses on health information

exchange to characterize population cardiovascular risk and primary prevention practices. Chapter

4 is a departure from clinical data and instead focuses on deep multi-omic phenotyping of plasma

samples collected as part of epidemiological studies. Here, the integration of genomics, proteomics,

and metabolomics profiling identifies interaction partners between known and unknown clinically

relevant molecular (e.g., protein and metabolite) biochemical actors. Chapter 5 integrates the work

of Chapters 3 and 4 by translating experimentally validated bioinformatics findings into a clini-

cal context using genomics-linked electronic health records to identify novel candidate biomarkers

of incident cardiovascular disease. Chapter 6 provides a summary of these findings, discusses the

limitations of work presented to date, and outlines planned future directions.



Chapter 2

Translational Medicine of

Atherosclerotic Cardiovascular

Disease

Cardiovascular diseases are the leading cause of morbidity and mortality in developed countries,

including the United States [World Health Organization, 2018]. The primary mechanism for car-

diovascular disease development is atherosclerosis. Atherosclerosis is the gradual build-up of plaque

on the walls of arteries. This results in a narrowing of the lumen, increased turbulence of blood

flow, and risk of plaque rupture and downstream total arterial occlusion (Figure 2.1). When this

occurs in the heart it is known as myocardial infarction (MI), and it is a stroke when it occurs in

the brain. Complete elimination of blood flow for an extended period leads to cell death due to a

lack of oxygen supply. Depending on the size of the affected tissue, this can result in irreversible

heart failure, functional impairment, or death.

The accumulation of plaque occurs over decades, and it is common for older asymptomatic adults

to have arteries in their heart that are more than seventy percent occluded. These obstructions

can be detected with a range of tests, including stress testing where a patient performs exercise

7
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Figure 2.1: Atherosclerosis is the gradual build-up of plaque on the walls of arteries that initiates
as a fatty streak and progresses through an intermediate lesion and atheroma without producing
clinical symptoms. Fibrous plaques can cause symptoms (e.g., angina) and rupture or thrombosis
can result in major adverse events such as myocardial infarction or stroke. Both non-modifiable
and modifiable risk factors have been identified through epidemiological studies including male sex,
Black race, cigarette smoking, hyperlipidemia, diabetes, and hypertension.

and an electrocardiogram is concurrently recorded. Associated changes in blood flow to cardiac

muscle during exercise can also be measured with a radioactive nuclear tracer. The gold standard

for diagnosing atherosclerotic occlusion is catheterization, which involves the percutaneous insertion

of a small wire, release of radioopaque contrast dye, and direct visualization of stenosis.

Treatment options for patients with known or suspected atherosclerosis include medical therapies and

interventions. HMG-CoA reductase inhibitors (i.e., statins) are the most effective and well-known

for reducing cholesterol and stabilizing plaques, reducing their likelihood of rupture. Ezetimibe,

bile-acid resins, and PCSK-9 inhibitors each play a second-line role in treating elevated cholesterol.

Interventions include stent placement and coronary artery bypass surgery. Clinically, the goal and

challenge are to identify patients who have the underlying disease before a catastrophic event, such

as MI or stroke, so that they can be treated appropriately.
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Coronary artery disease, MI, and stroke are collectively responsible for more than half of all car-

diovascular deaths in the United States but are considered largely preventable by the Centers for

Disease Control and Prevention (CDC) [Ritchey et al., 2018, Wright et al., 2018]. Black, Asian,

and non-White Hispanic Americans are disproportionately impacted by atherosclerotic cardiovascu-

lar disease (ASCVD), present with symptoms considered “atypical,” and are less likely to receive

evidence-based preventative treatment [Hicks et al., 2004, Kurian and Cardarelli, 2007, McSweeney

et al., 2006, Mensah et al., 2005, Ong et al., 2007, Redmond et al., 2011]. Collectively, marginalized

populations have a higher prevalence of unrecognized or traditionally unmeasured risk factors, and

many belong to populations too small to have been studied individually [Kurian and Cardarelli,

2007, Mensah et al., 2005]. These disparities motivate the need to identify risk factors that do not

rely on imprecise socially constructed race categories [Fields and Fields, 2014] to better estimate

risk across all populations.

2.1 Chronic Disease Management by Risk Estimation

The Framingham Heart Study

At the inception of the Framingham Heart Study (FHS), it was not obvious that atherosclerotic

cardiovascular disease was appropriate for study as an epidemiological entity. The domain of epi-

demiology has its foundations in the study of infectious diseases and its modern origins are credited

to John Snow and his identification of contaminated water sources as the primary factor in the

spread of cholera [Snow, 1849, Snow, 1856]. For one hundred years, subsequent epidemiology of

cardiovascular disease remained in the domains of infectious disease and nutritional deficiency. This

included identifying the association between Streptococcus pyogenes with rheumatic heart disease

[Coburn and Pauli, 1932], Syphilis with aortic aneurysm [Brockbank, 1925], and Rubella with con-

genital patent ductus arteriosis [Rutstein et al., 1952]. In addition, thiamine and niacin deficiencies

and their associations with dilated cardiomyopathy (i.e., wet beriberi syndrome and pellagra, re-

spectively) [Rachmilewitz and Braun, 1945]. Despite these well-established relationships between

environmental factors and cardiovascular diseases, almost nothing was known about the factors as-

sociated with the primary and rising causes of morbidity and mortality due to hypertensive and

atherosclerotic cardiovascular diseases. It was however believed that atherosclerotic cardiovascular

disease was a complex multi-factorial disease that developed over a long period of time [Dawber



10

et al., 1951, Dawber et al., 1963]. FHS was designed to address these challenges and determine the

important factors that lead to the development of atherosclerotic cardiovascular disease.

FHS is a community-wide study of the general adult population in the town of Framingham, Mas-

sachusetts. It was originally designed as a prospective study of the host and environmental factors

that may contribute to the development of coronary heart disease. FHS was motivated by the

increasing proportion of coronary heart disease-attributable deaths in the United States and indica-

tions by prior research that there were factors, including sex differences, that appeared to alter the

probability of developing coronary heart disease. Starting in 1948, 5,209 men and women between

the ages of 30 and 62 were recruited to be followed every two to six years for a total of 20 years.

The initial examination included a comprehensive collection of medical history, medication use, past

medical history, family and social history, a review of symptoms, and estimated retrospective average

weights at five-year intervals. Physical exam was also conducted and included comprehensive body

measurements, skin examination, cardiovascular physical exam, abdominal exam, chest x-ray, elec-

trocardiogram, and blood draw [Dawber et al., 1951, Dawber and Kannel, 1958, Dawber et al., 1963].

These baseline data allowed for prevalence phenotyping of the population along with the definition

of a subpopulation of “normals” in which the natural progression of atherosclerotic cardiovascular

disease could be observed.

FHS defined coronary heart disease as the presence of one of three clinical syndromes [Dawber and

Kannel, 1963]. The first is the presence of angina pectoris - substernal chest pain that clinical

judgment determines to likely be cardiac in origin. The second is the clinical, laboratory, or elec-

trocardiographic evidence of MI. Third, is the experience of sudden unexpected death either due

to known cardiovascular disease or for an unknown reason. Prior data indicated that the vast ma-

jority of sudden death in the United States is due to cardiovascular disease and therefore assuming

unexplained sudden death is a manifestation of coronary heart disease was a reasonable simplifying

assumption.

With only four years of follow-up available, some of the most important risk factors for the devel-

opment of coronary heart disease already started to come into focus [Dawber et al., 1957] (Figure

2.2). The incidence of CHD among men and women was roughly similar in the fourth and fifth

decade of life but a significant increase in incident CHD was seen in men compared to women in the
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Figure 2.2: Timeline of coronary heart disease risk factor evidence

sixth decade of life. Even more stark was the difference in incident MI (15-to-1) where women were

more likely to experience angina pectoris as their incident presentation of disease at rates similar

to men. These differences in the prevalence of CHD and MI in particular between men and women

would later drive decades of analyses of FHS data because an increase in the number of events at

each analysis point meant that the study had more power to reveal significant epidemiologic factors

in men compared to women and therefore evidence for the factors mounted earlier in men than

women. Subsequent follow-up bolstered the evidence for sex differences in incident CHD [Dawber

et al., 1962]. Sex was not the only strong CHD-associated factor identified.

Both elevated blood pressure and serum cholesterol levels were found to be significant factors as-

sociated with the incidence of CHD [Dawber et al., 1957, Dawber et al., 1962]. The finding that

left ventricular hypertrophy secondary to high blood pressure was also found to be associated with

incident CHD was generative of mechanistic questions regarding the causal relationship between

all three. Obesity also appeared to be related to incident CHD, however, when considering the

interaction between high blood pressure, cholesterol, and obesity, it became clear that while blood

pressure and cholesterol are independent risk factors, the relationship between obesity and incident

CHD is confounded by cholesterol. Subsequent joint dependence analysis of cholesterol and blood
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pressure revealed that the association between blood pressure and cholesterol with incident CHD

is independent and therefore risk is conferred that is multiplicative [Cornfield, 1962]. In particular,

the relative risk of developing CHD in high versus low blood pressure and cholesterol was about

five-fold. Having both high cholesterol and high blood pressure conferred a twenty-five-fold increase

in risk compared to low levels of both risk factors. Furthermore, no critical values could be identified

for increased incident CHD risk.

The association between smoking and CHD was evident but weak compared to blood pressure and

cholesterol [Dawber et al., 1959]. This was in part due to the complex nature of recording smoking

history including quantity (e.g., packs per day) and type of exposure (e.g., pipe, cigar, and cigarette).

In addition to both of these factors affecting CHD outcomes, evidence also suggested that there might

be a differential effect on subclasses of CHD [Dawber et al., 1962]. In particular, that cigarette

smoking was the most harmful and may increase the risk of MI but not angina pectoris. Additional

follow-up data was needed before definitive conclusions could be made. Eighteen years of follow-up

enabled the observation of how changes in behavior, in particular the cessation of cigarette smoking,

impacted incident CHD [Gordon et al., 1974, Gordon et al., 1975]. Subjects who were observed to

have stopped cigarette smoking during the study and those who reported quitting cigarette smoking

before the study began experienced subsequent incident CHD risk profiles substantially reduced

compared to those who never quit smoking.

The epidemiological relationship between diabetes and coronary heart disease proved to be more

complicated than blood pressure, cholesterol, or smoking. People with prior evidence of diabetes

mellitus were observed to have a two to a three-fold higher risk of cardiovascular diseases than those

without, but the elevated risk for CHD adjusted for other risk factors was less pronounced at 1.7 to

two-fold [Kannel and McGee, 1979, Kannel, 1985]. The effects of diabetes on CHD were observed

to be greater in women than men. In addition, subjects with evidence of diabetes had a higher

prevalence of known risk factors. The relatively low prevalence of diabetes in the first generation of

FHS combined with these other confounding factors contributed to the difficulty in interpreting the

role of diabetes in incident CHD.

In addition to coronary heart disease, FHS data provided a rich insight into the comparative contri-

bution of risk factors for incident vascular disease of the brain. Twelve-year follow-up comparing the
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most important risk factors for MI with non-hemorrhagic thrombotic stroke demonstrated substan-

tial overlap with notable differences [Kannel et al., 1965]. Evidence of thrombotic stroke was defined

as the occurrence of new-onset focal neurologic deficit in the setting of a potential embolism source,

such as atrial fibrillation or recent MI. Age appeared to have a differential effect on incident embolic

stroke by sex. Women were observed to have a similar incidence of stroke and MI by age whereas

stroke incidence in men lagged that of MI by 20 years. Blood pressure and electrocardiographic

abnormalities both contributed to the risk of incident stroke. Cigarette smoking demonstrated a

dose-response relationship in men while results were equivocal in women. Elevated serum choles-

terol, a primary risk factor for coronary heart disease appeared to pose no increased risk of incident

stroke.

FHS did not demonstrate an association between other measured factors and incident CHD. Mea-

sures of social and economic factors were inherently flawed [Dawber et al., 1959]. The place of

residence as measured by voting precinct failed to demonstrate any meaningful differences in CHD

incidence. Levels of education were strongly confounded by age, with younger study subjects being

more likely to attain higher levels of education. Demographic homogeneity among Framingham sub-

jects may not have provided sufficient ancestral variance to provide meaningful conclusions about

this factor’s potential role in the development of CHD.

The success of FHS led to a second cohort, the children of the original cohort and their spouses,

to be subsequently enrolled and followed longitudinally starting in 1971 [Kannel et al., 1979]. The

Framingham Offspring Study aimed to determine if there were changes in CHD risk factors between

generations and determine the familial and genetic effects on those risk factors. Most recently,

starting in the year 2002, the grandchildren of the original cohort have been studied as well [Splansky

et al., 2007]. The Third Generation Cohort set out to supplement pedigrees and expand observations

of the prior two cohorts. Over 70 years and thousands of publications, FHS has defined the modern

notion of health risk factors [Kagan et al., 1963] and specifically translated the relationship between

sex, cholesterol, blood pressure, smoking, and diabetes with coronary heart disease from hypothesis

to lay health knowledge.

Familial aggregation of ischemic heart disease was long reported before rigorous study was possible.

A well-conducted case-control study comparing reported family histories of consecutive patients
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admitted for MI compared to other admitted patients demonstrated excess mortality from ischaemic

heart disease in the MI patients’ parents compared to controls [Rose, 1964]. FHS was able to build

on these findings by collecting vital status and cause of death information on subjects at regular

intervals throughout follow-up. This demonstrated that family history is an independent risk factor

for incident CHD and does not interact with other known CHD risk factors [Schildkraut et al.,

1989, Myers et al., 1990]. These studies go through significant effort to demonstrate the quality of

family history data collected in FHS. While these efforts add to the voracity of the study findings

they raise significant questions about the feasibility of collecting this kind of information reliably in

a clinical setting.

The 2013 Guideline on the Assessment of Cardiovascular Risk

Lessons and insights from the FHS led to the conducting of several other large epidemiological

studies of atherosclerotic cardiovascular diseases in the United States. These studies aimed to fill

gaps in understanding resulting from the homogenous population of Framingham and leverage new

technologies to measure additional biomarkers and subclinical disease.

The Atherosclerosis Risk in Communities (ARIC) study recruited subjects from four separate geo-

graphic regions including Forsyth Country, North Carolina, the city of Jackson, Mississippi, suburbs

of Minneapolis, Minnesota, and Washington County, Maryland starting in 1987 [The ARIC inves-

tigators, 1989]. All sites attempted to recruit populations that represented the diversity of the re-

cruitment area other than Jackson, where recruitment was limited to Black participants. The stated

goals of ARIC included the investigation of the etiology and natural history of atherosclerosis and

atherosclerotic diseases, and how incidence, associated risk factors, and medical care vary by race,

sex, place, and time. In addition to the investigation of the coronary heart disease endpoints investi-

gated in FHS, ARIC used arterial ultrasound as an indicator of preclinical disease by measuring wall

thickness and distensibility, two physiologic properties that precede stenosis. Biomarkers beyond

total cholesterol were also measured from baseline, including specific lipoproteins (e.g., Apolipopro-

tein B, low-density lipoprotein cholesterol, high-density lipoprotein cholesterol, apolipoprotein A-I,

and apolipoprotein E), proteins involved in the clotting cascade (e.g., fibrinogen, factors VII and

VIII, von Willibrand factor, antithrombin, and protein C), platelet function, and thromboxane B2.
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ARIC demonstrated that fibrinolytic factors [Folsom et al., 2001], hemostatic factors [Folsom et al.,

1997], and carotid arterial wall thickness [Chambless et al., 1997] are all associated with coronary

heart disease outcomes independent of traditional risk factors but that the added information pro-

vided by these measurements may not be practically significant. In addition, an examination of

sex and race differences in multi-variable adjusted risk factors for coronary heart disease failed to

demonstrate statistically significant within-sex race differences in a variety of risk factors after ad-

justment. One notable exception was a significantly increased hazard of diabetes in White compared

to Black women [Jones et al., 2002]. Other adjusted hazard ratios for risk factors including hyperten-

sion, smoking, and left ventricular hypertrophy were each observed to have notable but statistically

insignificant differences by race.

Out of ARIC grew the desire to further study risk factors, especially hypertension, in Black indi-

viduals as well as develop institutional infrastructure and a pipeline for Black public health and

epidemiology researchers. The Jackson Heart Study (JHS) was initiated as a continuation of the

Jackson, Mississippi cohort from ARIC and sought to investigate these aims driven by epidemiolog-

ical data that demonstrated unequal burden of cardiovascular risk factors and mortality in Black

versus White individuals [Sempos et al., 1999]. In addition, longitudinal data for the United States

and Mississippi in particular demonstrated that differences in age-adjusted rates of cardiovascular

mortality by race increased from 1980 to 1995.

In parallel to ARIC and JHS, two additional population studies aimed to assess risk factors and

outcomes in both young [Friedman et al., 1988] and older [Fried et al., 1991] age groups. The

Coronary Artery Risk Developing in Young Adults (CARDIA) study looked at a biracial cohort of

18-30 year-olds to better understand how coronary artery disease risk factors evolve during young

adulthood and inform the understanding of lifetime cardiovascular risk. The Cardiovascular Health

Study (CHS) was motivated by the significant burden of cardiovascular disease in older individuals

(65+), the aging United States population, to address an information gap in how traditional risk

factors relate to incident cardiovascular disease in this cohort, and the desire to determine if any

risk factors are unique to older individuals. pooled cohort equations In 2008, the National Heart,

Lung, and Blood Institute (NHLBI) initiated the creation of a set of four guidelines including the

assessment of cardiovascular risk, management of blood cholesterol, lifestyle modification to reduce



16

cardiovascular risk, and management of overweight and obesity in adults [Goff et al., 2014]. The

American Heart Association and the American College of Cardiology in a joint effort convened expert

panels to review the highest quality evidence available to develop these guidelines. A systematic

review of the literature including randomized controlled trials, meta-analyses, and observational

studies was considered. The remainder of this section will focus on the development of a set of

pooled cohort equations for the assessment of cardiovascular risk and the use of these equations for

the management of blood cholesterol.

The Risk Assessment Work Group developed an approach to quantitative risk assessment for ten-

year incident ASCVD events. The definition of ASCVD events used for this purpose was a nonfatal

MI or coronary heart disease death or fatal or nonfatal stroke [Goff et al., 2014]. They focused

on data that primary care physicians were likely to have readily available about their patients

and decided to formalize the use of absolute risk assessment that could be used to determine the

appropriateness of preventative pharmacotherapy. The risk factors that became part of the pooled

cohort equations (PCE) include sex, age, race, total cholesterol, high-density lipoprotein cholesterol,

systolic blood pressure, hypertension treatment, diabetes, and tobacco use. In doing so, the Work

Group acknowledged that applying any kind of average risk to an individual is flawed (e.g., no patient

will ever experience a partial MI). However, as an approach to incident disease risk reduction on a

population level, the paradigm was deemed effective. There was an attempt to match the derivation

population to individual patients by developing four separate risk equations by sex (male or female)

and race (White or Black). Insufficient data were available to develop additional race-specific risk

prediction models.

Participant-level data from FHS, ARIC, CARDIA, CHS, and JHS were combined for the formation

of the PCE [Goff et al., 2014]. Excluded from this analysis were participants who identified as a

race other than White or Black. In addition, those identifying as Hispanic were also excluded. The

insufficient numbers of participants in these subgroups and the inability to make additional race and

ethnicity-specific prediction equations were the justification given for excluding them from the final

analysis. However, the Work Group proposed that the same equations could be used in populations

not represented in their derivation with a moderate level of supporting evidence.

Guidance for the use of these equations to inform clinical decision-making includes that as continuous
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risk factor values get more extreme (e.g., systolic blood pressure near 200), the precise risk estimation

should be interpreted with caution. However, risk factor values near or beyond the ranges studied

should be subject to logical inference. For example, if a clinician is evaluating the ASCVD risk

for an individual patient who has total cholesterol higher than the range accepted by the PCE, a

combination of common sense and clinical judgment would allow the use of the maximum allowable

value for risk estimation using the PCEs while knowing the individual patient’s risk is likely higher

than the equations report.

The motivating assumption for using risk factor-driven prediction of incident ASCVD is that the

modifiability of some of the risk factors used for prediction (e.g., blood pressure and cholesterol)

may inform clinical decision-making and reduce incident ASCVD. The corollary to this assumption

is the suggestion by the Work Group that clinical decisions around risk factor modification match

the intensity of conferred risk [Goff et al., 2014]. For example, a patient with relatively higher choles-

terol should be considered for more aggressive cholesterol-lowering intervention while a patient with

modestly elevated cholesterol may only require motivational interviewing around lifestyle changes.

The PCE predicts that one-third of the United States population has at least a 7.5% chance of

experiencing a hard ASCVD event within the next ten years [Goff et al., 2014]. The prediction of ten-

year ASCVD risk is the cornerstone of the 2013 guidelines on the management of blood cholesterol

[Stone et al., 2014] as well as the more recently updated version of the guidelines [Grundy et al.,

2019]. The algorithm for primary prevention in the most recent guidelines is reprinted as Figure

2.3. Briefly, patients with very high (≥ 190mm/dL) low-density lipoprotein cholesterol (LDL-C)

should be considered for a high-intensity statin. Any patient with diabetes mellitus 40-75 years old

should be considered for a moderate-intensity statin and evaluated for incident ASCVD risk ≥ 7.5%

for potential high-intensity statin therapy. Patients 40 to 75 years old with LDL-C between 70

and 190mg/dL without diabetes mellitus and a ten-year risk of incident ASCVD ≥ 7.5% should be

considered for moderate-intensity statin therapy. High-risk individuals (≥ 20%) should be started

on high-intensity statins. Patients of all ages and risk levels should be engaged in discussions about

lifestyle modifications that can prevent or reduce the risk of developing ASCVD. Additional risk

enhancers including (e.g., family history of early ASCVD and chronic kidney disease) should also

inform clinical judgment shared decision-making with patients around statin appropriateness and
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Figure 2.3: Algorithm for primary prevention of ASCVD [Grundy et al., 2019].

intensity.

Improving on the Pooled Cohort Equations

The significant burden of cardiovascular diseases has led to approach prevention on a population

health level. That is, the patients who are at high risk compared to the general population receive

testing and treatment.

The importance of accurate atherosclerotic cardiovascular disease (ASCVD) risk estimation and

subsequent medical therapy recommendation has been underscored by the ISCHEMIA trial results,

which demonstrate that optimal lipid-lowering therapy is equivalent to invasive procedures for AS-

CVD prevention [Reynolds et al., 2021]. The PCE define lipid-lowering therapy guidelines for the

prevention of ASCVD in patients without known cardiovascular disease [Chou et al., 2016, Grundy
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et al., 2019, Last et al., 2017, Stone et al., 2014, Taylor et al., 2013]. Overall, they have been vali-

dated to provide “moderate to good” discriminatory power (c-index = 0.71) [Muntner et al., 2014].

However, these equations have notable limitations. Validation studies suggest that the PCE may

require cohort-specific calibration [Colantonio et al., 2017, DeFilippis et al., 2017, DeFilippis et al.,

2015, Emdin et al., 2017, Loprinzi and Joyner, 2016, Zhang et al., 2017]. The use of single time point

data for risk estimation results in therapy recommendations impacting sensitivity to single blood

pressure measurements in up to 24% of patients at low and medium risk boundaries [Gupta et al.,

2016]. In addition, simulation analysis of the PCE identifies paradoxical therapy impacting risk

estimation for White women smokers and older Black women that are artifacts of logistic modeling

of interaction terms [Schiros et al., 2015]. While the PCE improve upon risk estimation in Black

patients over prior risk models [Qureshi et al., 2016, Topel et al., 2018], they accomplish this by

computing separate equations for Blacks and side-step disparities that are likely a result of social

factors of ASCVD risk [Morris et al., 2013]. This method assigns false precision to racial categories

[Fields and Fields, 2014] and ignores observed ASCVD disparities in other racial and ethnic groups

[Graham, 2015]. Finally, the burden of calculating ASCVD risk remains a barrier to optimizing

lipid-lowering therapy [Bakhai et al., 2018], and improved pharmacotherapy-based primary preven-

tion could reduce associated deaths by 12.6% annually [Yang et al., 2017]. Therefore, there is a need

to streamline the calculation and increase the accuracy of ASCVD risk estimation at a population

level. Doing so will further enable the primary prevention of incident ASCVD events.

2.2 Biomarkers as Intermediates of Disease Relevant Bio-

chemical Processes

Identification of the next generation of predictors and modifiable risk factors of atherosclerotic

cardiovascular disease will require an improved understanding of plasma biochemistry. Several well-

characterized biochemical pathways are related to atherosclerosis including cholesterol metabolism,

coagulation, inflammation, and glucose homeostasis. The summary of these biochemical processes

over the next few pages is informed by The Pathologic Basis of Disease [FRCPath et al., 2020].

On the trans-omics spectrum from the genome to phenome, the proteome and metabolome are the

biochemical actors most in proximity to clinical phenotype (Figure 2.4). Compared to genetics, the

proteome and metabolome are significantly lower dimensionality and represent a real-time indication
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Figure 2.4: Trans-omics interaction with human phenotypes. Broad classes (-omes) of structurally
and functionally related biologically important molecules exist on a spectrum from genome to phe-
nome. These include the epigenome, transcriptome, proteome, and metabolome. Each class partici-
pates in a complex network of intra- and inter-ome interactions through biochemical processes that
include transcription, post-transcriptional modification, translation, and post-translational modi-
fication. The constellation of these interactions manifests in physiological and pathophysiological
phenotypes.

of genetics interacting with the environment. For this reason, they are theoretically well-positioned

as predictive risk factors and to elucidate mechanisms of subclinical disease processes.

Cholesterol Metabolism

Cholesterol is absorbed through the diet and endogenously produced as needed. Ingested cholesterol

and triglycerides form chylomicrons in the small intestine and are absorbed through the gut mucosa.

Chylomicrons are transported via the lymphatic system, avoiding first-pass metabolism by the liver,

before being released into the bloodstream for circulation. They are hydrolyzed by endothelial

lipoprotein lipases in the capillaries of smooth muscle and fat tissue. Chylomicron remnants rich

in cholesterol are transported to the liver where they either enter into the metabolic pool or are

excreted as bile acid or free cholesterol.

The liver secretes very-low-density lipoproteins (VLDL) which are comprised of a large number

of triglycerides and significant cholesterol, as well as surface proteins apolipoprotein C (Apo-C),

apolipoprotein E (Apo-E), and apolipoprotein B-100 (Apo-B). Similar to chylomicrons, VLDLs
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undergo lipolysis in the capillaries of muscle and fat tissue which in turn uptake triglycerides. The

VLDL-remnant, also known as intermediate density lipoprotein (IDL), differ from VLDL in that they

contain relatively fewer triglycerides and lack Apo-C surface protein. About half of IDL returns to

the liver where it is taken up via the LDL-receptor (LDL-r) which recognizes Apo-B or Apo-E to

initiate endocytosis of IDL. The remaining IDL is converted to LDL, which is primarily comprised

of cholesterol with Apo-B surface protein. Most LDL is returned to the liver and taken up by the

LDL-r. However, the process is achieved with lower efficiency due to the absent Apo-E surface

protein. A minority of LDL is taken up by LDL-r on cells other than the liver throughout the body.

Low-density lipoprotein receptors are found within clathrin-coated pits on the surface of cells. These

receptors bind Apo-B on the surface of LDL, the binding of which initiates the invagination of the pit

as a coated vesicle and subsequent endosome. The LDL-containing endosome fuses with lysosome for

processing where LDL-r are hydrolyzed into amino acids, and cholesteryl esters are converted to free

cholesterol, all of which are excreted into cellular cytoplasm. Free cholesterol can then be used by

the cell, for example, as a building block for cell membranes and steroid hormone production, or can

be stored as cholesteryl esters. Oversupply of cytoplasmic cholesterol acts as a regulator, inhibiting

the endogenous production of cholesterol by β-hydroxy β-methylglutaryl coenzyme A (HMG-CoA),

as well as inhibiting the synthesis of new LDL-r. While low LDL-r expression reduces cholesterol

uptake by the cell, it results in a net increase of circulating LDL. In addition to de-novo LDL-r

synthesis, LDL-r recycling is inhibited by proprotein convertase subtilisin/kexin type 9 (PCSK9).

These are two mechanisms that pharmacotherapy targets for lowering LDL cholesterol, a modifiable

risk factor associated with the development of incident ASCVD. Statins, also known as HMG-CoA

reductase inhibitors, reduce the endogenous production of cholesterol as a first-line treatment for

elevated LDL cholesterol. PCSK9 inhibitors inhibit the inhibition of LDL-r recycling, leading to

increased cellular uptake of LDL and reduced circulating LDL cholesterol. This is a second-line

therapy for patients who do not achieve adequate blood cholesterol control from statins and lifestyle

management alone.

Coagulation Cascade

The lumen of arteries is lined by a single layer of endothelial cells. A layer of smooth muscle

controls vascular resistance, dynamically adjusting to maintain blood pressure and shunt blood flow.
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Pathologic narrowing of the lumen occurs by two primary mechanisms relevant to atherosclerotic

cardiovascular disease events. The first is secondary to prolonged exposure to hypertension. Hyaline

arteriosclerosis is the process by which there is a hyaline thickening with luminal narrowing. Injured

endothelial cells release plasma proteins and smooth muscle synthesizes additional matrix in response

to abnormal hemodynamics. These pathologic changes may be a mechanism by which hypertension

is a risk factor for atherosclerosis

Atherosclerosis is a complex, poorly understood process, by which exposure to modifiable and un-

modifiable risk factors over time contributes to the development of intimal atherosclerotic plaques.

These plaques are raised lesions predominantly comprising coagulated cholesterol and cholesterol

esters with a fibrous cap. Atherosclerotic plaques can result in clinical ASCVD as a result of direct

obstruction or rupture leading to thrombosis.

Ulcerated atherosclerotic plaques expose subendothelial von Willibrand Factor (vWF) and tissue

factor (TF), which can result in turbulent blood flow. Platelets bind to vWF via glycoprotein Ib with

the initiation of primary hemostasis. These activated platelets then release adenosine diphosphate

and thromboxane A2 which recruit and activate additional platelets. Platelets aggregate and bind

together with surface glycoprotein IIb/IIIa crosslinked by fibrin forming a hemostatic plug.

Secondary hemostasis is the process of fibrin polymerization to stabilize a clot in a cascade of re-

actions. Proenzyme clotting factors are activated into enzymes by other activated clotting factors.

Exposed tissue factor catalyzes the conversion of coagulation factor VII (factor VII) into activated

factor VII (factor VIIa). Factor VIIa converts factor IX to IXa, and IXa activates factor X. Factor

Xa is responsible for converting prothrombin (factor II) to thrombin (factor IIa), which converts

fibrinogen (factor I) into fibrin (factor Ia). Thrombin is also responsible for positive feedback in-

directly promoting IX to IXa via XI to XIa intermediate, as well as stimulating factor VIIIa and

Va influence on IXa and Xa respectively. These reactions are facilitated by an activated platelet

phospholipid surface, the product of primary hemostasis.
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Inflammation

Chronic inflammation plays a direct role in atherosclerosis. In particular, macrophages, foam

cells, and lymphocytes are implicated in the development and expansion of atherosclerotic plaques.

Macrophages in particular are responsible for the release of cytokines including interleukins and

chemokines, as well as growth factors, which can be pro- or anti-inflammatory depending on the

pathway by which the macrophage is activated. A particularly well-characterized node of inflamma-

tory mediators is arachidonic acid and its metabolites.

Arachidonic acid is a polyunsaturated fatty acid derived from linoleic acid. Its primary metabolic

pathways are via cyclooxygenase and 5-lipoxygenase. Cycloxygenase is responsible for convert-

ing arachidonic acid into prostaglandins, prostacyclins, and thromboxane, each of which plays a

different role in mediating inflammation. As noted previously, thromboxane A2 is responsible for

platelet activation and promotes aggregation, while prostacyclin I2 inhibits platelet aggregation. The

prostaglandins mediate vascular permeability and leukocyte chemotaxis. All cyclooxygenase path-

way arachidonic acid metabolites mediate vascular resistance. The 5-lipoxygenase pathway produces

cytokines including leukotrienes responsible for mediating chemotaxis and vascular permeability.

Acetylation of the cyclooxygenases by aspirin results in irreversible inactivation. In this way, aspirin

is used as a preventative treatment for atherosclerotic cardiovascular disease events secondary to

thrombus formation. Aspirin is primarily employed in this capacity for secondary prevention of

ASCVD events in patients who have survived occlusive cardiovascular disease (e.g., MI, or ischemic

stroke).

Additional markers of inflammation synthesized by the liver have also been shown to be associated

with atherosclerosis. Cytokines including interleukin-6, secreted by smooth muscle cells, stimulate

the liver to produce c-reactive protein, a serum marker for inflammation and elevated risk of MI.

Glucose Homeostasis

Dysfunctional insulin secretion or action results in hyperglycemia, the pathognomonic characteristic

of diabetes mellitus. Sustained exposure to elevated glucose levels in the blood leads to endothelial

dysfunction and worsening insulin resistance. In particular, macrovascular damage is implicated in
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accelerating the process of atherosclerosis and incident atherosclerotic cardiovascular disease events

with the same morphology as in individuals without diabetes.

The mechanism by which this occurs is the production of elevated levels of advanced glycosylated end

products (AGE). These are formed by the binding of protein amine groups to glucose metabolites,

which circulate in elevated concentrations secondary to hyperglycemia. Advanced glycosylated end

products then bind receptors on inflammatory, endothelial, and vascular smooth muscle cells to

stimulate the release of cytokines and growth factors (e.g., TGF-β). Vascular endothelial growth

factor and elevated basement membrane deposition combined with reactive oxygen species in the

endothelium contribute to a state of chronic inflammation. Chronic inflammation supports pro-

coagulation activity of the endothelium, increased extracellular matrix production, and vascular

smooth muscle hypertrophy. Collectively, this macrovascular disease is associated with ASCVD.

Serum Biomarkers as Predictors of Incident ASCVD

Biomarkers are discretely measurable, biologically relevant indicators of underlying physiology. The

quantitative level of many proteins and metabolites in human plasma is measured routinely as part

of clinical care. These biomarkers are employed to screen patients for underlying pathology, diag-

nose suspected disease, and inform clinical prognosis. The well-described processes of cholesterol

metabolism, coagulation, inflammation, and glucose homeostasis are all mediated by proteins and

metabolites, as described above, that can be measured within the human plasma. Many of these are

known predictors of atherosclerotic cardiovascular disease. While these biochemical processes are

comprised of key reactions between enzymes, substrates, signaling molecules, and the catabolism

and anabolism of small molecules, the in vivo behavior is undoubtedly more complicated and dy-

namic. This is particularly true concerning the manifestation of clinical pathology and the source of

individual variation that manifests as pathology in normal physiology in one person and pathology

in another.

Plasma biomarkers currently used in clinical practice are derived from well-characterized biochemical

pathways and therefore are often highly correlated to other known risk factors. Investigation of classic

biomarkers for atherosclerotic cardiovascular disease has likewise demonstrated a high correlation

with known risk factors, which limits their contribution to predictive power for screening purposes
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[Gerszten et al., 2008]. Simulation studies of theoretical biomarkers with a range of correlations to

traditional risk factors have demonstrated that discriminatory power is not significantly improved

when biomarkers are highly correlated with traditional risk factors [Pepe and Thompson, 2000].

These observations suggest that there should be a high bar for including additional biomarkers in

the prediction of incident ASCVD.

In particular, the addition of new risk factors, including biomarkers, into existing risk calculators

for predicting incident ASCVD must clear two hurdles [Wilson et al., 2004]. First, they must

demonstrate benefit in the context of the prior probability of disease. This means that they should

improve upon the positive and negative predictive discriminatory value of the models within the

population to which they will be applied. In addition, the measurement of such biomarkers must be

robustly measurable and readily available. While this second criterion is necessary for the inclusion

of a new biomarker into clinical practice, it should not limit the investigation of new potential risk

factors.

2.3 Towards Data-Driven Causal Models

The methods for interrogation of how two variables are related are dependent on the kinds of data

available and how they were collected. Ultimately, this also bounds the types of conclusions that can

be drawn from these measures of association. Observation is a foundational tool for scientific inquiry

and observational data can reveal statistical relationships between variables known as correlation.

Two variables are correlated when the expected value of one is informed by the observation of

another. Relationships of this nature can be enumerated as the coefficients of both linear and

nonlinear equations. Most famous, for continuous variables with a linear association, is the Pearson

correlation coefficient, ρ (Eq: 2.1), which describes the linear association between two variables, Y1

and Y2, with standard deviations σ1 and σ2.

ρ =
Cov(Y1, Y2)

σ1, σ2
(2.1)

Data for investigating the association between dichotomous variables, E and O, are best expressed
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in a 2 x 2 table:

O Ō
E a b
Ē c d

Table 2.1: Generic 2 x 2 matrix.

In this context, the odds ratio (Eq: 2.2), is the corollary of the Pearson coefficient. In particular,

the odds ratio is the ratio of O and Ō (“not O”) for E and Ē respectively and represents the effect

observing E has on the expected value of O:

OREO =
a/b

c/d
(2.2)

Variables that are strongly correlated with another measure of interest are useful for both classifica-

tion and prediction tasks. Classification is the grouping of objects into categories based on observable

attributes, such as the diagnosis of a patient based on available clinical information. Prediction, as

done with the PCE, refers to the assignment of a probability of a future event occurring based on

currently available data. Reliable prediction requires the satisfaction of several assumptions includ-

ing that the data from which the correlation was observed is drawn from the same distribution in

which the prediction will be applied. In addition, both the data in which the correlation is observed

and applied must be sufficiently large. In practice, it can be challenging or even impossible to sat-

isfy these assumptions. Finally, the observed correlation between two variables may indicate the

existence of a causal relationship and therefore useful for hypothesis generation or may add support

to prior knowledge for such an association.

Associations, Confounding, and Selection Bias in Observational Data

Understanding the behavior of measures of association is facilitated by numerical examples, partic-

ularly when exploring counterintuitive results. The following 2 x 2 table will motivate the examples

discussed in the remainder of this section.1

The marginal association measure for E and O can be computed from Table 2.2 according to

1The values used in the contingency tables are the same as proposed in [Simpson, 1951] while the discussed
hypothetical examples associated with the tables have been altered to be more relevant to this dissertation.
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O Ō
E 20 20
Ē 6 6

Table 2.2: Example 2 x 2 matrix.

Equation 2.2 as,

OREO =
20/20

6/6
= 1 (2.3)

That OREO is exactly equal to one is a peculiarity of the numbers chosen by [Simpson, 1951] and

should be interpreted as no association between E and O. The observation of only two variables

is rarely sufficient for classification and prediction tasks. However, the introduction of additional

covariates introduces the possibility of conflicting statistical findings that require expert knowledge

of the system being modeled for proper interpretation. Consider the addition of a third variable, C.

The following table is derived from Table 2.2 conditioned on a third variable C.

C

O Ō
E 5 8
Ē 3 4

Table 2.3: Example 2 x 2 matrix conditional on C.

That the conditional odds ratio, ORXY |C , differs from the marginal odds ratio, OREO, is unsur-

prising. The explanation for such a finding could easily be explained as a case of confounding

whereby the third variable, C, is also associated with the original two variables, E and O, or effect

modification whereby E behaves differently in the two subpopulations stratified by C.

ORXY |C =
5/8

3/4
=

5

6
(2.4)

Using both Table 2.2, and Table 2.3 it is possible to compute a third 2 x 2 conditional table for the

case of C̄ where C + C̄ = 1 by definition.
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C̄

O Ō
E 15 12
Ē 3 2

Table 2.4: Example 2 x 2 matrix conditional on C̄.

E

C

O

Figure 2.5: Directed acyclic graph with C as a confounder. The existence of a third variable C, that
is associated with both E and O, interferes with (i.e., confounds) the ability to directly observe the
effect E has on O.

From Table 2.4 is then possible to calculate an associated conditional probability on C̄,

ORXY |C̄ =
15/12

3/2
=

5

6
(2.5)

Taken together with the prior calculated odds ratios, this is where the example posed by Simpson

becomes particularly interesting. How can conditioning on either C or C̄ produce equivalent odds

ratios (5/6) that are different from the marginal odds ratio (OREO = 1) of Table 2.2? More

importantly, which odds ratio is the correct one to report?

The only way to disentangle these seemingly conflicting results is to apply expert knowledge about

the underlying system to decide which is the correct interpretation of the data. Adapted from

[Hernán et al., 2011] are two possible model systems, diagramed as directed graphs in Figures 2.5

and 2.6.

These directed acyclic graphs represent two of the possible arrangements by which E, O, and C

may be associated. In Figure 2.5, C is a confounding variable resulting in a spurious association

measure between E and O. A hypothetical example of this arrangement would be the association

of systolic blood pressure (E) with incident atherosclerotic cardiovascular disease (O). If only these
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E

C

O

Figure 2.6: Directed acyclic graph with C as a collider. The existence of a third variable C, that
both E and O are associated with, introduces a “back-door path” [Pearl, 2009]. The existence of a
back-door path means that conditioning on C when evaluating the relationship between E and O
will produce a spurious estimate of their association.

two variables are considered, it may appear that the total effect of systolic blood pressure on incident

atherosclerotic cardiovascular disease is different from its true effect due to confounding by a third

variable, age (C) [Pearl, 2022]. For the purpose of this discussion, it is reasonable to consider binary

transformations of these variables, for example, normal or elevated blood pressure (e.g., systolic

blood pressure less than 130 mmHg) and old age (e.g., ≥ 65 years old). In this case, it would be

more appropriate to report the conditional rather than the marginal odds ratio as age is associated

with both systolic blood pressure and atherosclerotic cardiovascular disease. The difference in the

odds ratios (1− 5
6 = 1

6 ) is spurious. Instead, the true total effect of normal systolic blood pressure

on incident atherosclerotic cardiovascular disease would be 5/6 and the marginal association of 1

would be incorrect.2

Alternatively, Figure 2.6 represents a model whereby C is a collider variable. In this case, both

E and O are associated with C but not each other. The existence of this collider means that

conditioning on C will reveal a spurious association between E and O. Broadly speaking, this

is the structural model for selection bias [Hernán et al., 2004]. A classic example of this is the

identification of a spurious association between two diseases among hospitalized patients [Berkson,

1946], where E and O and two unrelated diseases such as diabetes and cholecystitis. Differential

rates of community prevalence and hospitalization for the two diseases lead to an association between

them among hospitalized patients that do not generalize to the community population. Applying the

odds ratio conditional on hospitalization to the general population could result in the errant practice

of prophylactic gallbladder removal in patients with diabetes to prevent incident cholecystitis when

in fact the marginal odds ratio is the appropriate one to consider given expert knowledge of the

2The use of Simpson’s numbers for this example required the finding that normal blood pressure is protective (e.g.,
OR < 1) rather than the more traditional orientation of high blood pressure being a risk factor (e.g., OR > 1).
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E

C

O

U

Figure 2.7: Unmeasured confounder, U , creates a back-door path from E to U to E, via C as a
collider.

world.

The problem of colliders is not always as simple as graphed in 2.6. While they can occur due to

arbitrarily complex systems of causal effects, they do not have to be much more complicated to reveal

apparent paradoxes that require causal inference to tease apart. Figure 2.7 demonstrates a system

whereby there is an unmeasured confounder U of both C and O. In this case, C is still a collider

but one of the input arrows is a factor not previously considered by the study. This opens up a

backdoor path from E to O via C and U (E → C ← U → O). This is precisely the arrangement that

accounts for the paradoxical finding that maternal smoking is protective against mortality for low

birth weight infants [Schisterman and Platt, 2011]. Nutrition is one of many plausible unmeasured

risk factors that would both exert a causal effect on birth weight (C) and mortality (O) [Wilcox,

2001]. The existence of this confounder even when not measured or conditioned upon, given the

causal structure that makes low birth weight a collider, will result in a spurious association between

smoking E, observed in the data as protective, and infant mortality O.

These examples demonstrate some of the potential pitfalls of drawing conclusions from observational

data and demonstrate the need for particular care when interpreting observed statistical relation-

ships. In particular, it is necessary to understand the sources of data and the systems in which those

data are generated [Hernán et al., 2002]. In addition to applying care in interpretation, it is impor-

tant to consider how others might falsely extend observations, and the tendency to over-interpret

correlation as causation.
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Causality

Causality is a peculiar concept. It is both intuitively familiar to a toddler – throwing food on the

floor causes the dog to come – and yet abstract enough that a parsimonious definition is elusive.

What does it mean for one event to cause another? For Pearson, cause and effect starts and ends with

the contingency table. However, this equates correlation with causation. No matter how consistent

the observation of consecutive events is, regularity is not enough to assert causality unless it is also

possible to intervene to change the outcome.

In the context of this work, the ability of event A to cause event B is defined by the existence of a

counterfactual. That is, the natural history of event B would be different, but for the occurrence

of event A. In this way, event A causes event B. This is a very practical paradigm for causation

in the context of health care where clinicians and patients are routinely confronted with decisions

of whether or not to proceed with an intervention with the premise that these interventions are

expected to alter the natural course of human health. Causality in this sense also injects a certain

level of agency for both clinicians and patients, who without it, would simply be observers of complex

systems over which they have no control.

Randomized Controlled Trials

Randomized controlled trials are the gold standard method for testing causality experimentally. By

design, these experiments elegantly eliminate confounding with the use of randomization. Fisher

details the use of randomized experiments for this purpose in The Design of Experiments [Fısher,

1935]. He famously describes a Lady who asserts the ability to discriminate between tea that has

been prepared by pouring milk into a cup of tea versus tea that has been poured into a cup of milk.

The causal question at hand is, does the method of preparing tea affect its flavor in such a way

that is discernable by the Lady? Fisher proposes two key components that must be considered to

determine such a relationship experimentally. First, the Lady, well initiated to the task at hand

(i.e., identifying how the tea has been prepared), is presented with cups of tea blinded to how they

have been prepared in random order. Second, the experiment must be repeated sufficient times such

that the result of the experiment is unlikely to be due to chance alone. Fisher suggests a 1 in 20

probability as a reasonable convention for the threshold, in the case of this experiment it corresponds

to 8 cups of tea, four prepared in each of the two ways.
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The principles of blind randomization with sufficient sample size as proposed by Fisher are cor-

nerstones of modern randomized controlled trials. Randomized controlled trials have demonstrated

causal relationships between statin therapy and the reduction of cardiovascular events [Scandinavian

Simvastatin Survival Study Group, 1994, Nakamura et al., 2006]. The reduction in events conferred

by statin therapy results in decreased mortality from those events [Shepherd et al., 1995]. This has

been true in a variety of populations [Baigent et al., 2010, Collins et al., 2016], including those with

[Intervention with Pravastatin in and others, 1998, Cannon et al., 2004, LaRosa et al., 2005, Pedersen

et al., 2005] and without known ASCVD [Downs et al., 1998, Yusuf et al., 2016].

Mendelian Randomization

Despite the elegant design and success of randomized controlled trials in identifying causal re-

lationships between pharmacotherapy and disease outcomes, they pose significant challenges and

subsequent limitations. Results of randomized trials of relatively small populations will always suf-

fer from questions of generalizability to the broader population. Selection bias potentially plagues

comparisons between subpopulations in ways that are difficult to quantify. Many interesting ques-

tions do not lend themselves to randomized trials due to impracticality, immorality, or both. For

these questions, the only available human in vivo data are observational and with careful creative

integration of those observations, it is sometimes possible to make causal inferences.

One such method is instrumental variable analysis. Instrumental variables are those that cause a

change in an explanatory variable and have no independent effect on a dependent variable [Angrist

et al., 1996]. In other words, any change observed in the dependent variable observed in relation to

the instrument is due to the instrument’s effect on the explanatory variable. A source of instrumental

variables and “naturally occuring randomized controlled trials” in observational health research is

single nucleotide polymorphisms [Lawlor et al., 2008] (Figure 2.8). Another name for instrumental

variable analysis using single nucleotide polymorphisms is Mendelian randomization.

Mendelian randomization leverages the random assignment of genes at conception to ensure that

observed relationships between genetics and explanatory variables are free from confounding. The

methods available for estimating the causal effect of exposure on outcome are dependent on the

number of instrumental variables available and how they are related. All center around the ratio of
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Figure 2.8: Mendelian randomization: naturally occurring randomized controlled trials. In a ran-
domized controlled trial (left) designed to determine if a protein has a causal effect on the con-
centration of a metabolite, individuals would be recruited for the study and randomly assigned to
receive additional protein (intervention syringe) or placebo (control syringe). If the outcome was
significantly different in the intervention group, the conclusion would be made that the interven-
tion caused the observed change. In comparison, with Mendelian randomization (right), instead of
a randomly assigned intervention syringe, genetics assigned at birth (SNP) differentially exposed
a random group of individuals to increased levels of the protein compared to wild-type (WT). If
those same individuals have systematically different levels of metabolite, then it is reasonable to con-
clude that the increased protein is responsible for the observed difference. In this way, Mendelian
randomization is analogous to a naturally occurring randomized controlled trial.
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Figure 2.9: Mendelian randomization Beta-Beta plot. The causal estimate for the effect of the
exposure on the outcome is the slope of the line formed by the Beta-Beta plot.

the instrumental variable effect size on the outcome compared to exposure.

With a single instrumental variable, the estimate is the ratio between the beta of the outcome and

the beta of the exposure both in relation to the polymorphism (Eq: 2.6). This is equivalent to the

slope of the line between the origin and the single point on a Beta-Beta plot.

βIV =
βOutcome

βExposure
(2.6)

Additional uncorrelated instruments allow for a few additional methods to be considered. The me-

dian method removes outliers by looking at the central tendency of all available point estimates.

Taking the median point is effective at reducing bias in estimation while sacrificing reduced vari-

ance. Reduction in the variance of the estimate is possible with regression analysis that includes all

available valid instruments (Figure 2.9). The inverse-weighted method is a regression that weights

point estimates with lower variance higher and uses the origin as a fixed intercept. Fixing the origin

as the intercept is interpretable as including the data point that no change in exposure results in no

change in the outcome.

A potential pitfall of including the origin is that it can mask bias in the rest of the data. For this
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reason, some methods including MR-Egger allow the intercept to float at the expense of additional

variance in the causal estimate [Bowden et al., 2015, Burgess and Thompson, 2017]. In the case

where many instruments are available that are correlated with each other, two options are possible.

Single nucleotide polymorphisms can be pruned sequentially to identify sentinel polymorphisms until

the only remaining instruments are in linkage equilibrium [Lawlor et al., 2008]. Alternatively, all

instruments can be used with a modified estimate that accounts for these correlations using a linkage

disequilibrium matrix [Swerdlow et al., 2016, Burgess et al., 2016, Burgess et al., 2017b]. All of these

methods are implemented in the MendelianRandomization R package [Yavorska and Burgess, 2017].

The combination of expert knowledge of the system being studied and Mendelian randomization

methods are a powerful combination for the identification of causal associations within genomic-

linked observational data.

2.4 Summary

This chapter provided a theoretical background for the following three research chapters. The

first section reviewed the history of the epidemiology of cardiovascular diseases. This included a

75-year literature review of the first evidence of each traditional risk factor that informs current

risk-based guidelines for managing cholesterol. Included in these risk factors are now commonly

measured biomarkers such as total and HDL cholesterol. The next section of this chapter reviewed

the biochemistry of atherosclerosis and the motivation for identifying additional serum biomarkers of

incident ASCVD. Finally, this chapter ended with a theoretical discussion of causality. It reviewed

fundamental considerations when making causal inferences from the kinds of observational data that

are the focus of this dissertation.



Chapter 3

Health Information Exchange

Powered Analysis of Population

Cardiovascular Health

Specific Aim 1 of this dissertation is to characterize population ASCVD risk and primary prevention

practices using health information exchange (Figure 3.1). This aim hypothesizes that health infor-

mation exchange (HIE) aggregates cardiovascular disease risk factors that inform primary prevention

care decisions for individual patients that would otherwise be missed by a single healthcare institu-

tion. This chapter presents the work that has been completed toward this goal. The first section

(3.1) contains three papers that have previously been presented at the American Medical Informatics

Association (AMIA) Annual Symposium (i.e., 2017, 2020, and 2021). They each develop natural

language processing methods for information retrieval and information extraction from electronic

health records (EHR). The first (3.1.1) classifies transthoracic echocardiography (TTE) imaging or-

ders according to appropriate use guidelines. The second (3.1.2) presents a generalizable method

for determining section boundaries in clinical notes to contextualize information derived from nat-

ural language by taking advantage of structure within “unstructured data” using a hidden Markov

model. The final information extraction paper (3.1.3) builds on the first two motivated by medical

36
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Figure 3.1: Overview of Specific Aim 1

knowledge (i.e., that “typical” chest pain portends cardiac ischemia) and the ability to identify note

sections. It uses a large language model classifier to extract chest pain symptoms from the History

of Present Illness section of clinical notes. While these papers did not directly contribute to the

characterization of population ASCVD in this dissertation, they represent advances in methods and

their applications that could be applied to large sets of clinical notes in the future that could inform

the assessment of cardiovascular risk. At the time of writing this dissertation, clinical notes were not

available as part of the Rhode Island (RI) HIE. The second section (3.2) directly addresses Specific

Aim 1 by investigating structured data within the RI HIE. It begins with the standardization of the

HIE to a common data model (CDM) and then continues with the extraction of known ASCVD risk

factors for individual patients across time and care locations. These data are aggregated to esti-

mate longitudinal 10-year ASCVD risk and adherence to primary prevention practices with statins

according to current cholesterol-lowering guidelines. In total, this chapter presents both a current

assessment of ASCVD risk and primary prevention practices in RI and methods that may allow for

further elucidation of population ASCVD risk in the future using clinical notes.
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3.1 Electronic Health Record Information Retrieval to Eval-

uate Clinical Practices

The electronic health record is the digital ledger of patient interaction with the health system.

Within the electronic health record (EHR), are information about a patient’s conditions, exposures

to drugs, and procedures. Laboratory, imaging, anatomical, and vital signs measurements are also

stored within the EHR. This information is organized in structured format as continuous, categorical,

and binary data points using standard codes as well as in unstructured interpretive free text in

clinical notes and reports. The constellation of these data for a single patient represents a clinical

rendering of that individual’s health. In aggregate and through a clinical healthcare lens, these data

describe the functioning of the healthcare system and are a window into the health and healthcare

of a population.

3.1.1 Categorizing Transthoracic Echocardiography Indications

A version of this section has been previously presented at the 2017 American Medical Informatics

Association Symposium and published in the associated conference proceedings [Eisman et al., 2017].

Medicare alone spends more than one billion dollars annually on transthoracic echocardiography

(TTE) and the per capita growth rate in the performance of TTE increased steadily by 8% per year

from the mid 1990s to early 2000s, a rate that exceeded any plausable increase in commensurate

clinical value [MedPAC, 2014, Levitt et al., 2016]. Transthoracic echocardiography is a powerful,

non-invasive, low-cost imaging tool for evaluating cardiac structure and function. Trends towards

evidence-based, targeted diagnostic testing highlight the potential for optimization of TTE uti-

lization. In response to this trend, a joint task force published a set of consensus echocardiography

appropriate use criteria (EAUC) to define indications for TTE in 2007 and revised criteria were pub-

lished in 2011 [American College of Cardiology Foundation Appropriate Use Criteria Task, Force

et al., 2011]. In the years since the EAUC were revised their use has been a component of echocardio-

graphy laboratory accreditation, necessary for insurance reimbursement, and also a way to promote

quality improvement. However, the guidelines for how EAUC should be used are non-specific, only

requiring that labs be aware of the EAUC, have access to them, and make concerted effort to improve

the rates of appropriate testing while maintaining the caveat that the EAUC are “expert opinion”
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that are non-exhaustive in scope [Picard et al., 2011]. Changes to prior authorization requirements

implemented with the Affordable Care Act were in part responsible for a seventeen percent decline

in spending between 2009 and 2013, however, there is little evidence that this decline resulted in

a higher rate of appropriate testing and there still exists an eight-and-a-half fold variation in test-

ing rates by geographic region in the United States [Singh and Ward, 2016, Fonseca et al., 2015].

All of this suggests the need to characterize physician TTE ordering practices to improve rates of

appropriate clinical testing.

There have been concerted efforts to characterize TTE ordering behavior using the EAUC since

they were published [Bhatia et al., 2012]. These studies have revealed insights into the rates of

inappropriate testing and variability across centers, as well as the relative effectiveness of differ-

ent interventional methods for impacting physician behavior and reducing rates of inappropriate

testing. However, these studies have been limited by the need for manual classification of TTE

appropriateness. This is a labor intensive process which is time consuming and limits the sample

size available for analysis. The largest appropriate use TTE study consisted of approximately 3,000

TTEs classified in a manual fashion [Dudzinski et al., 2016].

To date, transthoracic echocardiography appropriate use studies have relied on manual annotation

of patient medical records to determine EAUC classifications; however, natural language processing

(NLP) has been successfully applied to extract information from the medical record in other related

ways. For example, one study analyzed the medical record for necessary information required to

calculate the Framingham Risk Score [Byrd et al., 2014]. Others have developed methods to extract

clinical findings from echocardiography reports [Nath et al., 2016a, Toepfer et al., 2015]. Tools like

these have been shown to be able to be applied across health systems demonstrating their broad

utility beyond the electronic health record system within which they were developed [Carroll et al.,

2012]. Applying such technology to the study of the appropriate use of TTE could have far-reaching

implications as it would allow for the classification of TTEs on a much larger scale and provide the

opportunity to more readily study clinical practice patterns and the impact of educational and other

interventions. This study aimed to develop an automated rule-based method for processing the

“indication” listed in a TTE report and classifying it into one of the broad, major EAUC categories.

The technique was evaluated relative to a manually annotated reference standard derived from a
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Figure 3.2: Overview of transthoracic echocardiography indication study. All patients who received
a transthoracic echocardiogram (TTE) within the MIMIC-III database were included in the study.
The indication field was extracted from each TTE report. The indications for TTE were processed
as described including the use of fuzzy matching and classifying according to the American Heart
Association (AHA) / American College of Cardiology (ACC) appropriate use criteria (EAUC) [Amer-
ican College of Cardiology Foundation Appropriate Use Criteria Task, Force et al., 2011]. Classifier
performance was evaluated against a manually adjudicated reference set.

publicly available dataset.

Method for Developing a System to Classify TTE Orders

Transthoracic echocardiography indications were extracted from a publically available dataset. The

indication text was processed and then matched against a thesaurus of terms to determine the

EAUC indication category for the TTE. This method was validated on a sample of expertly adjudi-

cated indication categorizations and then applied to the entire dataset. Most of the processing was

implemented using the Julia v.0.5 [Bezanson et al., 2012] programming language, with statistical

calculations done using R v3.3.1 [Team and Others, 2018].

MIMIC-III Database

The Medical Information Mart for Intensive Care III (MIMIC-III) is a publicly available de-identified

database of critical care unit patient health information from a tertiary care hospital [Johnson

et al., 2016]. MIMIC-III data range from provider notes and charts to imaging reports and survival

information on approximately 60,000 critical care unit admissions at Beth Israel Deaconess Medical

Center from 2001 to 2012. This study focused on patients who had at least one transthoracic

echocardiography report available in the “noteevents” table and associated demographic information
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from the “patients” table. TTEs were identified using the “category” column from “noteevents”

where values containing “Echo” AND either the phrase “TTE (Complete)” OR “TTE(Complete)”

were selected for analysis. Free text indications for performing each TTE were extracted from the

reports as the text between the standardized header “Indication:” and special character marking

the end of the line “\n.”

Manual Classification of TTEs

A reference standard was developed to evaluate the performance of the automated classification

program. Using the EAUC and specific annotation guidelines (shown in Table 3.1), two cardiology

fellows with prior experience researching TTE ordering practices performed independent classifi-

cation of a random sample of TTE indications. Three overlapping training rounds were used to

ensure consistency between reviewers. Discrepancies were discussed and adjudicated by a cardiology

attending physician, and the annotation guidelines were updated after each training round to reflect

consensus classification and a Cohen’s Kappa statistic was calculated. Once the training rounds

were performed, each reviewer independently classified 450 TTEs to complete the reference set (n

= 1200).

Automated Classification of TTEs

A rule-based computer program was developed in the Julia programming language to automatically

classify TTEs into the categories outlined in the EAUC for echocardiography. Phrases and acronyms

likely to indicate TTE ordering reason were generated using a combination of sampling MIMIC-III

TTE indications (different from the reference set), consulting clinical experts, and SNOMED-CT

concepts. These phrases were then associated with EAUC indication categories and collectively

make up a “TTE thesaurus” of 355 phrase-category associations, which were mapped to 179 clinical

concepts. TTE indications were pre-processed and compared to each phrase in the thesaurus using a

string matching algorithm, which were consequently mapped to one of the clinical concepts contained

in the thesaurus.

Pre-processing prior to string matching consisted of converting text to lowercase and removing non-

alphabetic characters (except for hyphens, which are commonly used in clinical text). Finally, “stop
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Annotation Classification Scenario

(1) General EAUC: Suspected Cardiac Etiology [or] Arrhythmias [or] Light-
headedness/Presyncope/Syncope [or] Evaluation of Ventricular
Function [or] Perioperative Evaluation [or] Pulmonary Hyperten-
sion

Additional Guidance: Ventricular Function as the only indi-
cation

(2) Acute EAUC: Hypotension or Hemodynamic Instability [or] Myocardial
Ischemia/Myocardial Infarction [or] Evaluation of Ventricular
function after ACS [or] Respiratory Failure [or] Pulmonary
Embolism [or] Cardiac Trauma

Additional Guidance: Mention of Chest Pain [or] MI [or]
Pulmonary Embolism

(3) Valvular EAUC: Murmur or Click [or] Native Valvular Stenosis [or]
Native Valvular Regurgitation [or] Prosthetic Valves [or] Infective
Endocarditis

Additional Guidance: Any mention of valve disease (incl.
murmur) [or] Endocarditis

(4) Cardiac Structure EAUC: Suspected Cardiac Mass [or] Source of Embolism [or]
Pericardial Effusion [or] Guidance for Percutaneous Coronary
Intervention

Additional Guidance: Stroke [or] Pericardial Effusion [or]
TIA/Stroke/Embolism

(5) Aortic EAUC: Evaluation of the ascending aorta

(6) Hypertension / Heart
Failure / Cardiomyopathy

EAUC: Hypertension [or] Heart Failure [or] Device Evaluation
[or] Ventricular Assist Device and Cardiac Transplantation [or]
Cardiomyopathies

Additional Guidance: Chemotherapy or other Cardiotoxic
Agent [or] Myocarditis

(7) Adult Congenital
Heart Disease

EAUC: Initial Evaluation or ongoing Surveillance of Adult Con-
genital Heart Disease

Cannot be Classified Does not clearly fit into one of the categories outlined by the
EAUC

Table 3.1: Transthoracic echocardiography annotation guidelines. Using tables 1-6 (pages 7-10) of
the transthoracic echocardiography (TTE) appropriate use criteria guidelines [American College of
Cardiology Foundation Appropriate Use Criteria Task, Force et al., 2011] and the TTE Indication
from each TTE report, annotators classified each TTE into a single annotation classification.
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words” (common indefinite articles and prepositions such as “the”, “at”, or “on”) were also removed.

Processed TTE indications were then compared against the TTE thesaurus to determine likely

matches (demonstrated in Table 3.2). For each processed TTE indication string, the matching al-

gorithm employed a moving window of m words, where m is the number of words in the thesaurus

phrase string (note that for the purposes of this study, an abbreviation is considered a “word”). The

window was moved across the TTE indication phrase to compare the potential thesaurus phrases

against substrings of the TTE indication. Comparisons of processed TTE strings to thesaurus sub-

strings were done using Damerau-Levenshtein distance to evaluate the similarity of strings. The

similarity threshold for declaring a match was dependent on the length of the strings being com-

pared, with shorter strings requiring near-perfect similarly and longer strings allowing for some

disagreement. A constraint was also imposed such that a match could not be declared unless the

first character of each word in one string matched that of its positional counterpart in the other.

Sample TTE Indications Processed String → Thesaurus Match Classification

“Mitral stenosis. Aortic regurgita-
tion.”

“mitral stenosis” → Valvular
“aortic regurgitation” → Valvular

Valvular

“?endocardtitis” “endocarditis” → Valvular Valvular

“NSTEMI Myocardial infarction.
Shortness of breath.”

“nstemi” → Acute
“myocardial infarction” → Acute
“shortness breath” → General

Acute

“ Left ventricular function. Pericar-
dial effusion.”

“left ventricular function” → General
“pericardial effusion” → Cardiac Structure

Cardiac
Structure

“Evaluate for Left ventricular func-
tion / wall motion abnormalities
/ diastolic functiuon. Coronary
artery disease. Hypertension. Di-
astolic Congestive heart failure.”

“left ventricular function” → General
“wall motion” → General
“diastolic function” → General
“coronary artery disease” → General
“hypertension” → HTN/HF/CM
“congestive heart failure” → HTN/HF/CM

HTN/HF/CM

“Left ventricular function. New on-
set tachycrdia / ekg changes.”

“left ventricular function” → General
“tachycardia” → General
“ekg changes” → General

General

Table 3.2: Sample of transthoracic echocardiography classification. Typographical errors are high-
lighted. HTN/HF/CM - hypertension / heart failure / cardiomyopathy.

Transthoracic echocardiography indication matches were then reduced to distinct clinical concepts

using the TTE thesaurus and the frequency of concept-category matches for each TTE indication was
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tabulated. TTE indications were then assigned an EAUC-associated category based on the highest

number of matches with the following exceptions. The General category was only chosen when no

more precise category matches were found and due to the specificity of valvular indications, any

mention of valve disease or endocarditis was annotated as “Valvular.” The automated rule-based

method for classifying TTE indications according to the EAUC was evaluated compared to the

expert derived reference set. The level of agreement was quantified using Cohen’s Kappa. Precision,

recall, and F1 were all calculated for each classification category. The program was then used to

categorize all 30,320 TTE reports in MIMIC-III database.

Comparison Against a Machine Learning Classifier

The rule-based classification approach was compared to a random forest classifier. The target

variable was the human-generated, adjudicated TTE classifications. The features were engineered

using a bag-of-words approach on individual words from the indication text after the removal of “stop

words” (same “stop words” as above). Term frequency-inverse document frequency (TF*IDF) was

used for normalization. This yielded 603 sparse features. The 1200 adjudicated TTE classifications

were split into training and test sets (80% and 20%, respectively). Five-fold cross-validation was

used to select the following meta-parameters: the number of features to sample at each node, the

proportion of training set to be sampled for each tree. All trials used 1000 trees.

Transthoracic Echocardiography Classification Findings

Data for 30,320 TTEs from 18,487 different patients were analyzed with a mean of 1.6 (95% CI:

[1-2]) TTEs per patient. Less than half (38%) of the TTEs were performed inpatient. Patients had

a mean age of 68 years (95% CI: [56-79]), 56% were female, with a mean height of 67 inches (95%

CI: [64-70]), weighing 170 lbs (95% CI: [144-201]). The mean patient BMI was 26.8 (95% CI: [23.4

- 31.3]).

Classification validation results are reported in Table 3.3. Two physicians classified a sample of

TTE indications according to the EAUC across three training rounds in order to ensure consistency

between them. Once consistency was achieved they each independently classified an additional

450 TTE indications. Collectively, 1200 expertly classified TTE indications comprise a reference

set. The automated method was then tested against a small sample of the expertly adjudicated
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classifications before being applied to the balance of the reference set. Physician v. automated

classification validation round discrepancies are shown in Table 3.4. Precision, recall, and F1 were

calculated for each class and are reported in Table 3.5.

Comparison Weighted Kappa

Training Round 1 (n = 100) Physician v. Physician 0.76 (0.64 - 0.89)
Training Round 2 (n = 100) Physician v. Physician 0.78 (0.65 - 0.90)
Training Round 3 (n = 100) Physician v. Physician 0.84 (0.72 - 0.96)
Program Testing (n = 50) Physician v. Computer 0.90 (0.79 - 1.00)
Validation Round (n = 1150) Physician v. Computer 0.89 (0.86 - 0.91)

Table 3.3: Validation statistics of transthoracic echocardiography classification.

Physician Classification

General Acute Valvular Cardiac
Structure

Aortic
Disease

HTN, HF,
or CM

ACHD Cannot be
Classified

General 317 2 0 5 1 0 0 0

Acute 30 126 0 8 0 12 0 0

A
u
to
m
a
te
d
C
la
ss
ifi
ca

ti
o
n Valvular 4 7 325 7 1 14 0 0

Cardiac
Structure

8 5 0 111 1 3 0 0

Aortic
Disease

1 0 0 0 1 0 0 0

HTN, HF,
or CM

69 4 0 1 0 0 1 0

ACHD 1 0 0 4 0 0 1 0

Cannot be
Classified

3 0 0 0 0 0 0 4

Table 3.4: Validation round discrepancies for transthoracic echocardiography classification. HTN -
Hypertension, HF, Heart Failure, CM - Cardiomyopathy, ACHD - Adult Congenital Heart Disease

A random forest classifier was generated to benchmark the rule-based method. The final model

used 1000 trees, randomly sampled 250 features for splitting at each node, had a maximum of five

observations in leaf nodes and drew bootstrap samples from 70% of the training set for each tree.

This model achieved a classification weighted Cohen’s Kappa of 0.89 (0.83 - 0.95).

After the automated classification program was validated against the reference set, it was applied
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Precision Recall F1

General 0.98 0.73 0.84
Acute 0.72 0.88 0.79
Valvular 0.91 1.00 0.95
Cardiac Structure 0.87 0.82 0.84
Aortic Disease 0.5 0.25 0.33
HTN / HF / CM 0.63 0.81 0.71
ACHD 0.17 1.00 0.29
Cannot be Categorized 0.57 1.00 0.73

Table 3.5: Performance statistics for transthoracic echocardiography classification. HTN - Hyper-
tension, HF, Heart Failure, CM - Cardiomyopathy, ACHD - Adult Congenital Heart Disease.

to the entire MIMIC-III database. The frequency of each TTE category is reported in Table 3.6,

showing that more than half of the TTEs were ordered for General (27%) or Valvular (30%) reasons.

HTN, HF, or CM (17%), Acute (15%), and Cardiac Structure (10%) accounted for most of the

remaining TTEs with Aortic Disease and ACHD at less than 1% combined. Less than 1% of the

TTE indications could not be classified automatically.

To assess the effect of accepting fuzzy matches in the algorithm, the program was rerun to only

accept exact matches. Out of the entire dataset of 30,320 TTE indications, there were 4,511 with

missed thesaurus phrase matches when fuzzy matching was not implemented. This resulted in 364

changes to classification categories, indicating redundancy in the information available in the TTE

indication despite typographical errors.

TTE Category N (%)

(1) General 8334 (27%)
(2) Acute 4420 (15%)
(3) Valvular 8967 (30%)
(4) Cardiac Structure 3100 (10%)
(5) Aortic Disease 114 (<1%)
(7) ACHD 132 (<1%)
Cannot be Categorized 211 (<1%)

Table 3.6: Automated transthoracic echocardiography classifications.

Evaluation of Automated Transthoracic Echocardiography Classification

An automated rule-based method was developed in this study for classifying TTEs into one of seven

categories outlined by the EAUC for echocardiography. The most common indication for TTE was

Valvular assessment closely followed by General. Hypertension / Heart Failure / Cardiomyopathy
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(HTN/HF/CM), Acute, and Cardiac Structure assessment each contributed more than ten percent

within this patient population. The system performed at a comparable level as trained physicians,

allowing the classification of more than 30,000 TTE indications from a public database in less than

ten minutes. This task would have taken the same physicians more than 45 hours.

Validation testing elucidated that areas of disagreement between the computer program and reference

set established by trained physicians were mostly limited to four out of 56 possible discrepancy

types, accounting for more than 65% of discrepancies. Two of these included the computer selecting

the more specific categories of Acute or HTN/HF/CM, whereas a trained physician selected the

General category. The remaining common discrepancy areas included the computer selecting Acute

or Valvular where the trained physician classified them as HTN/HF/CM. The tight clustering of

discrepancies demonstrates known overlaps in the EAUC categories. For example, determining

whether the assessment of ventricular function belongs in the General or HTN/HF/CM depends

on whether or not there is an associated clinical suspicion of heart failure. This information is not

always available from the TTE report indication and therefore would require additional associated

clinical data to make this classification with certainty.

It was found that a machine learning classifier (built using Random Forests) performed comparably to

the rule-based method. However, machine learning approaches may be difficult to fully interpret and

may therefore be viewed as being less transparent (i.e., the rules for a particular classification are not

readily discernible). In addition, rule-based approaches may be more computationally efficient than

machine-learning approaches, which often require large training sets. For example, the Random

Forest approach used in this study required 80% of the adjudicated data set for training. The

success of the rule-based approach demonstrated in this study, suggests the potential scalability to

the development of similar methods for use in other clinical contexts.

Applications for Automated Transthoracic Echocardiography Classification

Classification of transthoracic echocardiography indications according to the EAUC has previously

involved relatively small sample sizes largely due to the time required for manual classification. Re-

search to date has utilized the EAUC in order to track rates of appropriate testing [Bhatia et al.,

2012] or as an outcome measure for quality improvement [Dudzinski et al., 2016, Bhatia et al., 2014].
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These studies have reported that a significant number (15-25%) of TTEs are ordered inappropriately,

with the majority of rarely appropriate TTEs being ordered in the outpatient setting [Bhatia et al.,

2014, Ward, 2012]. Randomized control trials of various combinations of educational intervention,

clinical decision support, and audit/feedback mechanisms have demonstrated the ability to improve

rates of appropriate use with limited sustained effect [Bhatia et al., 2013]. Applying an automated

tool such as the one developed in the current study would allow for the evaluation of the appropriate

use of TTE to occur on a much larger scale. This would likely have several important clinical impli-

cations, including a more accurate characterization of current practice patterns in various settings

(e.g., academic, community, and inpatient/outpatient) and determining the impact of educational

and other interventions.

Limitations and Generalizability of Findings

The generalizability of the breakdown of TTE ordering indications reported in this study is limited

by the patient population. All TTE data within the MIMIC-III database were either obtained during

or subsequent to a hospitalization in which the patient received care in an ICU. Other limitations to

this study are the function of the data being used and how the EAUC is written. TTE indications

are brief notes that lack clinical context provided by access to a complete medical record. Accurately

distinguishing between some overlapping indications would require this additional information when

TTE indications are non-specific.

Future research will use this classification algorithm to guide automated EAUC classification using

additional clinical data including physician notes, discharge summaries, and lab testing results to

determine appropriateness. The development of a system to automatically determine TTE appro-

priateness according to the EAUC will enable sustainable audit/feedback intervention that can be

applied to any electronic medical record system at the point of care. Finally, an automated tool

may facilitate appropriate use tracking for individual laboratories and improve the ability to comply

with standards set by accrediting bodies.

More than 30,000 TTEs were classified according to the EAUC for echocardiography using a com-

puter program that was validated against trained physicians. The promising results suggest that

there is potential for an automated approach to track the appropriate use of TTE, as well as guide
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the development of systems for prospectively identifying when TTE use is recommended. Auto-

mated assessment of EAUC adherence may enable effective and sustainable intervention to improve

appropriate use rates and efficiency in the application of diagnostic echocardiography in the care of

patients.

3.1.2 Identifying Clinical Note Section Transitions

A version of this section has been previously presented at the 2021 American Medical Informatics

Association Symposium and published in the associated conference proceedings [Eisman et al., 2021].

Natural language processing of clinical notes promises to elucidate nuances of clinical care including

what brings a patient to interact with the healthcare system. As suggested in the previous section,

this includes the reasons for ordering clinical imaging studies such as transthoracic echocardiography.

The interpretation of physician intentions of clinical notes is potentially facilitated by the uncovering

of structure within the unstructured free text. The motivation for this work is informed by knowl-

edge of how clinicians are trained to document encounters such that other humans can efficiently

interact with recorded information. It is conceivable that computer programs can be designed to

take advantage of this structure as well.

The electronic health record (EHR) is a rich source of biomedical data. With the passing of the

Health Information Technology for Economic and Clinical Health Act of 2009 to incentivize the

adoption of EHRs in medical practice, penetration of systems with core functionality, including

clinician notes, has gone from about 27% to almost 100% of health systems over the past twelve

years [Everson et al., 2020]. There is significant potential to leverage these data for the advancement

of biomedical science and clinical medicine.

EHR data can be broadly separated into two categories. Structured data are stored as standardized

values or codes. These include vital signs, laboratory results, medications, demographic information,

and problem lists, as well as diagnosis, procedure, and billing codes. The remainder of clinical

data is stored in an unstructured form, such as in clinician narrative admission, discharge, and

progress notes. Clinical notes contain a wealth of information that corroborates, contextualizes, and

supplements what is available in a structured form. However, challenges surrounding the extraction
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of information from clinical notes (e.g., using natural language processing [NLP] techniques) have

limited their use in large studies.

A notable portion of the EHR consists of unstructured free-text data. The clinical note is deliberately

organized to enable efficient information retrieval by human readers. Each note category includes

a series of expected section types. For example, the possible sections of a clinical note can be

broken down into subjective information, objective information, and assessment and plan [Jacobs,

2009]. Subjective information is gathered using the interview and includes Medical History, Review

of Systems, Medications, and Family and Social History. Objective information is obtained by the

clinician’s in-person interaction with the patient or the ordering of diagnostic testing. In the clinical

note, it comprises the Physical Exam and Labs and Imaging sections. The final section of Assessment

and Plan represents clinicians’ summative conclusions about everything that precedes it and is where

the next steps for the patient’s care are documented. Answers to individual clinical questions (e.g.,

the presence of chest pain), if present, can be reasonably expected to be confined to a small number

of sections (e.g., Medical History or Review of Systems) [Eisman et al., 2020]. While it is possible

to further subdivide these section definitions [Burke et al., 2015], in practice, those subdivisions are

often combined inside a single paragraph or even within a single sentence (e.g., Assessment and

Plan). Therefore, section identification at the level of granularity outlined is an effective first step

to significantly increase the signal-to-noise ratio for downstream NLP tasks without significantly

increasing section boundary ambiguity.

The method for note section identification for research purposes is almost exclusively performed

using rule-based or machine learning approaches to identify institution-specific section headers

along with formatting tokens like colons or bolded text that indicate the section header (e.g.,

“<b>Medications:<b>”) [Dai et al., 2015]. Prior work that modeled the sequence of note sec-

tions headings using a hidden Markov model (HMM) found that the majority of notes (67%) in

some clinical settings do not possess any section naming headers, and efforts to identify note sec-

tions were limited to the minority of notes that contained standardized section indicating tokens

[Li et al., 2010]. Additional studies have reported high accuracy of granular section detection using

section headers in notes to identify unlabeled sections [Denny et al., 2009]. While this has been

shown to be effective, it is challenged when either non-standard headers are used, the headers do
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not reflect the content that follows, or when seeking to develop generalizable approaches that can

work across multiple clinical care settings with minimal training and configuration.

Generalizable approaches for identifying sections of the text using NLP tools include the identifi-

cation of repeated words in adjacent text blocks [Hearst, 1994, Hearst, 1997] and the identification

of lexical chains using a thesaurus to link together related concepts [Morris and Hirst, 1991]. The

brevity of clinical notes and lack of redundancy make direct application of these techniques that rely

on repeated words unlikely to work. The most successful projects to automatically segment clinical

text have used a shotgun approach of attempting to identify section breaks based on whitespace and

variations in section headers along with markers for header definition such as colons and bolded type

with good but not perfect accuracy [Apostolova et al., 2009]. The success of this is highly dependent

on the institution and EHR system-specific structure of clinical notes.

Inspired by these concepts, this study set out to use the Unified Medical Language System (UMLS)

Metathesaurus to identify semantic concepts within sections of clinical text to characterize the

distribution of substantive content of note sections [Caviedes and Cimino, 2004, Shivade et al., 2015].

UMLS concepts were chosen as a domain-appropriate knowledge structure to serve as a proxy for

informative data contained within note sections. The concept-based semantic types further reduced

data dimensionality such that they could be modeled as a Markov process. It was thus hypothesized

that a heterogeneous HMM using semantic type distribution and section transition probabilities

would provide a generalizable note section detection algorithm.

Developing a Generalizable System for Note Section Identification

Training and testing sets of admissions notes were randomly sampled from a publicly-accessible EHR

dataset. The notes were then manually labeled for component sections based on content. These

annotations were used to calculate the probability of transitioning from one section to another.

The note text was also processed by the MetaMap NLP system to identify UMLS semantic types

[Aronson, 2001]. The probabilities of observing the semantic types were calculated for each note

section type. A subset of semantic types was selected for inclusion based on their ability to uniquely

identify a note section type. Collectively, these defined a heterogeneous HMM that was trained and

cross-validated on the first set of notes and tested on the second. The performance of the HMM
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Figure 3.3: Overview of note section identification study. Admission notes extracted from the
MIMIC-III database were annotated for one of seven note section types. Unified Medical Language
System (UMLS) semantic types were identified using the National Library of Medicine’s MetaMap
natural language processing tool. Note section transition and semantic type observation probabilities
from a training set defined a note section hidden Markov model and was tested with five-fold cross-
validation on held-out sets of notes from the same corpus. Note section boundaries were evaluated
for the percent of interesting content (i.e., UMLS semantic types) captured.

was evaluated and compared to a template to identify note sections. The overview of these steps is

outlined in Figure 3.3.

MIMIC-III Database

Clinical notes from the Medical Information Mart for Intensive Care III (MIMIC-III) database were

used for this analysis [Johnson et al., 2016]. MIMIC-III is a publicly available de-identified dataset

of intensive care patients treated at Beth Israel Deaconess Medical Center from 2001 to 2012 and

includes approximately 60,000 critical care admissions. A set of 100 notes that used the single

most common admission note template was randomly selected as a training set. The single most

common template was selected for training in order to allow out-of-sample evaluation of different

note templates to demonstrate how sensitive the HMM method is to template changes. A testing set

of 100 notes was selected that comprised a variety of templates. Many of these contained no relevant

changes, and those that had changes often had differences in one or two headers (e.g., “HPI:” vs

“History of Present Illness:”).

Annotation of Clinical Note Sections

A reference standard was developed to train and test the automated identification of note sections.
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Using written guidelines, two human annotators (KAB1 and INS2) with clinical and informatics

expertise independently identified note sections in the same two hundred clinical notes with stan-

dardized annotations at the beginning of new sections. Disagreement between the two annotators

was adjudicated by a third annotator (ASE3). Up to seven different section types were identified

in each note. (1) Medical History was defined as including the chief complaint, history of present

illness, past medical history, and review of systems if continuous with the rest of medical history.

(2) Medications also included allergies if the two appeared contiguously in the note. (3) Review of

systems was labeled separately if not adjacent to a medical history section. (4) Family and social

history were combined into a single section type due to the fact that they are sometimes combined

into a single line of text making it impossible to distinguish them at a line-level granularity. (5)

Physical exam was defined to include vital signs and other “flowsheet” information in addition to the

standard physical exam. (6) Labs and Imaging including any objective testing information results

included in the note. (7) Assessment and Plan was defined as a summative analysis of the patient’s

status at the time of note writing followed by a description of the next steps for medical care.

Identification of Unified Medical Language System Semantic Types with MetaMap

MetaMap is an NLP tool maintained by the National Library of Medicine for the processing of text for

the identification of biology and medicine UMLS concepts. The full set of notes was processed using

the MetaMap Docker image in batch. MetaMap was configured to use the NLMSubSyn vocabulary.

UMLS concept unique identifiers (CUI) and their associated semantic types were tracked, along with

their associated line number from the original note text file. Absolute and relative frequencies of

semantic types identified within each section type were calculated for the notes in the training set.

A subset of semantic types (n=24) was selected for the HMM that (1) occurred at least 1.5X more

frequently in a single section type compared to the note as a whole, and (2) occurred in at least 90%

of the sections of the type for which it is overrepresented.

Modeling Note Section Transitions as a Series of Hidden States

A hidden Markov model (HMM) is a simple dynamic Bayesian network of a Markov process with

1Katherine A. Brown
2Indra Neil Sarkar
3Aaron S. Eisman
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underlying unobserved states that influence the observed output. There are three main parameters

of an HMM. The first is an initial probability array, π, which contains the probability of starting in

each of the possible unobserved states. The second is a state transition probability matrix, a, which

contains the probability of changing from each possible unobserved state to another unobserved

state (including remaining in the same state) after each observation. Finally, there is an observation

probability matrix, b, that contains the probabilities of each observation for each state [Rabiner,

1989]. In the context of the task of note section identification, the note sections are the unobserved

hidden states and the UMLS semantic types associated with MetaMap-identified UMLS CUIs are

the observations. The model was constrained to only allow for the identification of a state transition

after the end of a new line in the note. This was accomplished by having an identity matrix, a2, that

represents the probability of state changes between observations on a single line of the note text.

The parameters for the HMM were trained using the manually annotated clinical notes from the

training set. The initial state probability array, π, was defined as the proportion of notes that started

with each section type. State transition probabilities for a were empirically determined on a per-line

basis. For each note, the transition probabilities were determined for all sections within that note

with each new line being considered an opportunity for state transition. The arithmetic mean of

each state transition probability was then calculated across all notes and normalized to sum to a

total probability of one. Observation probabilities were also calculated within each note for each

section. They were defined as the proportion of each semantic type divided by the total semantic

types in each section. The observation probabilities matrix was then calculated as the mean of the

probabilities calculated for each note.

Defining a Template Boundary Model for Evaluation

A template boundary model (TBM) was developed using the same most common admission note

template applied in the training set. This model looked for the words or phrases that indicate the

start of each of the corresponding note sections using regular expression matching of standardized

section headers in Table 3.7. In the event that consecutive template sections were assigned to the

same “mapped section,” those were considered a single merged section. The TBM was also applied

to the testing set. The results of this model were used to contextualize the evaluation of the HMM

method and allow a comparison of each method’s sensitivity to small changes in the template.
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Template String Mapped Section

Chief Complaint: Medical History
HPI: Medical History
Allergies: Medications
Infusions: Medications
Other ICU medications: Medications
Other medications: Medications
Past medical history: Medical History
Family history: Family and Social History
Social history: Family and Social History
Review of systems: Review of Systems
Flowsheet Data: Physical Exam
Vital Signs: Physical Exam
Labs / Radiology: Labs and Imaging
Assessment and Plan: Assessment and Plan

Table 3.7: Template boundary model.

Measuring the Quality of Note Section Identification

Five-fold cross-validation of the HMM method was performed by randomly separating the data into

five equal bins. The model was trained on four of the bins (i.e., HMM parameters were empirically

determined) and subsequently tested on the remaining bin. Using this process, each original note

was labeled by the HMM exactly one time. This process was performed once on the training set.

The content of a note section in the reference standard was defined as the line number occurrence of

an annotated section up to but not including the line of the next label or the end of the document.

The average of the parameters from the five-fold cross-validation was carried forward as a single

model applied to the testing set.

The performance of the identified note section boundaries was measured by the sensitivity and

specificity of the content those boundaries define. The model was evaluated as the number of UMLS

concepts (e.g., a proxy for the interesting data) captured by the identified section boundaries. Con-

cepts for a given section were considered true positives if they were within the manually annotated

and model boundaries for the section. False positives were defined as concepts inside the model

boundaries but outside the annotated ones. Concepts outside of the model boundaries but within

the annotated boundaries were considered false negatives. UMLS concepts outside of both the model

and annotated boundaries were considered true negatives. Full confusion matrices were calculated

using these definitions for the HMM and the TBM for both the training and testing datasets and
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then used to calculate sensitivity, specificity, precision, recall, and F1-score.

Note Section Identification Findings

Two hundred clinical notes were manually annotated into 1,336 distinct sections based on the anno-

tation guidelines and reference standard as described above. Overall, the notes were organized and

formatted in a chronological fashion from the time prior to the note being written to planned future

clinical care. The notes were formatted in the original dataset such that lines were limited in length

to about twelve words. As a result, paragraphs of text and even individual sentences were often

interrupted by a newline character. In addition, many parts of the notes did not contain complete

sentences. For example, lists were commonly employed to record medications, symptoms, and med-

ical history not directly pertaining to the chief complaint. Each note typically began with a history

of present illness and medical history. This was followed by varying combinations of Medications,

Review of Systems, Family and Social History, Physical Exam, and Labs and Imaging results. Notes

almost always ended with an assessment of the patient’s status and a plan going forward, including

medications, testing, and follow-up care. Most of these sections contained discrete labels within the

text.

There was variation in how sections were labeled, and at times they were entirely mislabeled. For

example, the most commonly mislabeled sections included Medical History, and Family and Social

History. These section headers were often listed out, and then the content for all three sections was

merged together in the lines that followed the header labels. Another less frequent example included

content from distinct sections that were embedded within one another (e.g., home medication list

followed by medical history/surgical history, and ending with a list of more or duplicate home

medications). Other observations throughout manual annotation included extra text that did not

pertain to a particular section or additional notes as an addendum added at the end that included

brief summaries of Medical History, Physical Exam, and Assessment and Plan written by another

clinician (e.g., specialist, attending, or medical student). The annotators labeled sections based on

content and not the section headers. If a section header corresponded to the following content, it

was marked as the start of the section. As expected, it was evident that the unique characteristics,

language, content, length, and formatting of the clinical note varied based on individual provider

and specialty.
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Note Section Transition Probabilities

A transition state probability matrix was calculated using training data for each fold in the cross-

validation. This was repeated five times. Mean transition probabilities after a newline character are

diagrammed as a Markov process in Figure 3.4a. For all sections, it was found to be most common

to stay within that section. Beyond that, Medical History can transition into Medications or Family

and Social History. Family and Social History can be followed by Medications or Physical Exam.

The remaining sections of Review of Systems, Physical Exam, Labs and Imaging, and Assessment

and Plan always follow in sequential order. An example portion of the heterogeneous HMM, includ-

ing both observations and hidden states, is shown in Figure 3.4b. Observations are UMLS CUIs

converted to UMLS semantic types (e.g., Metronidazole → Antibiotic). State transitions are only

allowed between observations separated by a newline character with probabilities shown in Figure

3.4a. Between observations without a newline character, the hidden state is maintained. The most

likely path is determined using expectation maximization. A hypothetical example of this is bolded

in Figure 3.4b as Metformin → Pharmacologic Substance (Medications) to Tobacco → Plant (Family

and Social History). The most common progression of note sections is visualized as an alluvial dia-

gram in Figure 3.4c. One-half of the notes followed the most common section progression of Medical

History, Medications, additional Medical History, Family and Social History, Physical Exam, Labs

and Imaging, and then Assessment and Plan. About one-quarter of the notes also had a Review of

Systems section, most commonly between Family and Social History and Physical Exam.

Semantic Type Feature Distribution

The 24 UMLS semantic type features were calculated for all 1,366 note-sections in the reference

standard. Semantic type distributions by note section type are depicted in Figure 3.5. The anal-

ysis of semantic type distribution represented by different sections was in line with expectations.

Medications, Family and Social History, Physical Exam, Labs and Imaging, and Review of Systems

all contain distinct information represented by specialized language that was expected to generate

unique probability distributions.

It was found that more than two-thirds of the identified concepts within the Medications sections

were “Pharmacologic Substance”, “Organic Chemical”, or “Antibiotic”. Family and Social History
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Figure 3.4: Note section transitions. a) Note section transitions diagramed as a Markov process
with nodes as each section type and edges specifying section transition probabilities, b) Illustrative
example of note section transitions as a heterogeneous hidden Markov model, c) Observed note
section transition distributions as an alluvial diagram.
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Figure 3.5: Distribution of UMLS semantic types by note section.
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was dominated by “Organic Chemical”, Pharmacologic Substance”, and “Plant”, all referring to

substance use habits (e.g., Tobacco). In addition, “Family Group” is significantly overrepresented,

likely reflecting the common format for family history (e.g., “Father had a myocardial infarction at

64 years old”) and description of living arrangements, marital, and family status that is commonly

included in Social History. Review of Systems is expectedly overweight in “Body System” and “Sign

or Symptom”. Similarly, an outsized proportion of “Body Location or Region” within the Physical

Exam sections is indicative of the kinds of notations that are made about the physical exam, which

represents in-person observations about a patient’s body. Finally, the ambiguity presented by Medical

History and Assessment and Plan was an expected challenge, but the latter includes an expectedly

higher proportion of “Idea or Concept” words (e.g., “probably” and “consistent with”) that reflect

the author’s thought process when assessing the patient’s condition. In addition, differentiating

these two sections is accounted for by the transition probabilities matrix of the HMM.

Evaluation of Hidden Markov Model Identification of Note Section Transitions

Both the HMM and TBM were used to identify note sections in two-hundred admission notes. The

training was performed on one-hundred notes that used the single most common template within

the MIMIC-III database. The performance of the HMM on these notes compared to the TBM is

reported as five-fold cross-validation of the HMM in Table 3.8. Overall, both models performed well.

The HMM captured greater than 85% of the semantic types in all sections, including better than

92% in Review of Systems, Physical Exam, and Assessment and Plan with the exception of Labs and

Imaging, which performed relatively poorly (70%). The specificity of the HMM was at least 93%

across all note section types. The HMM significantly outperformed the TBM in identifying Medical

History concepts (88% vs. 75%) and significantly underperformed the TBM in identifying Labs and

Imaging concepts (70% vs. 99%). The HMM modestly underperformed the TBM (∆ ≤ 10%) in the

remaining note section types. Specificity was excellent for both and only significantly differed for

two section types where the HMM outperformed the TBM for Family and Social History (99% vs.

93%) and underperformed the TBM for Assessment and Plan (93% vs. 100%).

The performance of the HMM compared to the TBM on the testing set is reported in Table 3.9. The

HMM achieved a sensitivity of at least 77% across all note section categories. It performed at 84%

for Medical History and Review of Systems and at least 93% for Physical Exam and Assessment and
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Specificity Precision Recall/Sensitivity F1

HMM TBM ∆ HMM TBM ∆ HMM TBM ∆ HMM TBM ∆
H 0.98 0.97 0.01 0.94 0.90 0.04 0.88 0.75 0.13 0.91 0.82 0.09
M 0.99 1.00 -0.01 0.61 0.95 -0.34 0.85 0.92 -0.07 0.83 0.94 -0.11
F 0.99 0.93 0.06 0.81 0.28 0.53 0.85 0.95 -0.10 0.83 0.43 0.40
R 0.99 0.99 0.00 0.67 0.75 -0.08 0.92 1.00 -0.08 0.77 0.85 -0.08
P 1.00 1.00 0.00 0.98 1.00 -0.02 0.92 0.99 -0.07 0.95 0.99 -0.04
L 0.99 1.00 -0.01 0.86 0.99 -0.13 0.70 0.99 -0.29 0.77 0.99 -0.22
A 0.93 0.99 -0.06 0.87 0.98 -0.11 0.95 1.00 -0.05 0.91 0.99 -0.08

Table 3.8: Five-fold cross-validation (100 single template notes). H - Medical History, M - Medi-
cations, F - Family and Social History, R - Review of Systems, P - Physical Exam, L - Labs and
Imaging, A - Assessment and Plan.

Plan. The sensitivity of the HMM outperformed the TBM in every note section category except

Family and Social History ; however, this was achieved by the TBM with only 20% precision. The

HMM achieved very high specificity (≥ 94%) for all note section types, comparable to the TBM.

Between the training and testing sets, the HMM had an average sensitivity performance reduction

of less than 3% per section type compared to a 14% degradation in the TBM. For the HMM, no

single section degraded more than 8% (Family and Social History and Review of Systems), and

the worst-performing section for the HMM in the testing set, Labs and Imaging, improved by 7%.

Overall, the HMM performance was consistent between training and testing sets when compared to

the TBM, where every section had reduced sensitivity of at least 10%, with the exception of Medical

History, which was nearly unchanged.

Admission notes from MIMIC-III represent real-world examples of clinical notes for ICU patients.

Specificity Precision Recall/Sensitivity F1

HMM TBM ∆ HMM TBM ∆ HMM TBM ∆ HMM TBM ∆
H 0.96 0.94 0.02 0.86 0.78 0.08 0.84 0.74 0.10 0.85 0.76 0.09
M 0.96 0.99 -0.03 0.61 0.86 -0.25 0.79 0.66 0.13 0.69 0.75 -0.06
F 0.99 0.91 0.08 0.69 0.20 0.49 0.77 0.86 -0.09 0.72 0.32 0.40
R 0.99 0.99 0.00 0.74 0.78 -0.04 0.84 0.83 0.01 0.78 0.81 -0.03
P 0.99 1.00 -0.01 0.95 1.00 -0.05 0.93 0.87 0.06 0.94 0.93 0.01
L 0.98 1.00 -0.02 0.83 0.95 -0.12 0.77 0.72 0.05 0.80 0.82 -0.02
A 0.94 0.99 -0.05 0.91 0.98 -0.07 0.94 0.86 0.08 0.92 0.92 0.00

Table 3.9: Out of sample testing (100 with Minor Template Modifications). H - Medical History, M
- Medications, F - Family and Social History, R - Review of Systems, P - Physical Exam, L - Labs
and Imaging, A - Assessment and Plan.
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The manual annotation process clearly demonstrated that while these notes possessed the expected

structure that domain experience suggested, they were far from ideal. The clinical note text was

commonly untidy and poorly arranged. For example, many of the Labs and Imaging sections were

intended to be in a tabular format but were generally misaligned. In addition, some sections were

routinely mislabeled or labeled without any relevant content to follow. In addition, there were

frequent line breaks that interrupted sentences and paragraphs. These are likely artifacts of data

storage processing and the result of irregular use of note templates. All of these findings reestablished

the importance of note section detection informed by content rather than formatting tokens.

It is important to acknowledge that the results presented here represent a single note type tested

from a single institution. Furthermore, all patients within MIMIC III were treated in an ICU, which

likely both increases the complexity of the recorded information in the associated clinical notes

but also necessitates structure. Significantly shorter notes that contain no underlying structure are

unlikely to benefit from section detection using the methods described in this study.

The HMM method performed favorably to the TBM in several important ways. The goal of this

comparison was to evaluate the model’s robustness to support portability to changes in templates

over time or to other electronic health record systems. The most dramatic example was with Family

and Social History. In this dataset, while the headings were consistently used, they frequently

did not appropriately precede relevant content. Therefore, while the TBM appropriately found

the Family and Social History section label, the section itself was essentially mislabeled. Family

and Social History are particularly important as they represent the most basic form of genetic

information and can impact guideline-based clinical care decisions that rely on risk stratification

[Hughes Halbert et al., 2016]. The selected evaluation criteria account for these errors by measuring

the amount of likely relevant content (i.e., the number of UMLS concepts) captured. The result of

the findings presented is that the identification of Family and Social History information had very

poor precision when using a method that looks for section header labels. Additionally, the HMM

performed consistently from training to testing sets compared to TBM, indicating that it may be a

more portable method for note section detection across different templates and note types.

When considering the NLP tasks that are downstream of note section identification, the HMM results

are particularly promising. Two of the three note section types for which the HMM performed the
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worst are for data that are relatively low yield in clinical notes. Both Medications and Labs and

Imaging data within notes are often copied from structured sources or dedicated reports. These

data are likely more useful in the structured form from which they were derived than extracted from

clinical notes.

Despite these findings, the methods presented have significant room for improvement, and analyzing

common errors can inform future model development. Improved detection of candidate section

transitions would improve the accuracy of the model by decreasing the number of state change

decision points. This could be accomplished with additional text preprocessing to, for example,

reformat the notes so that narrative text that is broken up into multiple lines intra-paragraph and

intra-sentence is considered as a single block inside which transitioning of states cannot occur. In

addition, staging the identification of sections by starting with an HMM that only considers the three

categories of “Subjective”, “Objective”, and “Assessment and Plan,” and then further processing

each of those into component sections may improve performance.

The promising results of this study suggest that clinical note sections can be identified using an HMM

based on UMLS semantic types associated with MetaMap-identified UMLS CUIs. The relatively

standard organization of clinical notes and the expected information contained within each section

are both the motivation for identifying clinical text sections and the reason why these methods

worked. It is likely that these methods would be portable across EHR systems, as preliminary

testing on an additional corpus of publicly available notes [MTSamples, 2020] demonstrates better

performance than reported here. The ability to identify note sections across EHR systems and

medical specialties using minimal training data in this way would enable the development of tools

to aggregate clinical data about an individual patient across health systems. For example, the

aggregation of sparsely recorded information like Family and Social History could be collected and

synthesized into a single best summary for a patient. This information may be more likely to

be recorded by a primary care physician but could then be made available to physicians during

all of a patient’s clinical encounters. In addition, the note section contains contextual information

about the meaning of the underlying information. Most importantly, distinguishing between Medical

History and Assessment and Plan is needed in order to assemble a chronology of a patient’s clinical

information. For example, a medication that appears as part of a standard Medications section is
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generally confirmed as active therapy, while a medication that appears in the Assessment and Plan

could go unfilled.

The hidden Markov model and results presented are the first steps in the development of a gener-

alizable method for the identification of sections based on content in clinical notes. The findings

demonstrate that semantic types associated with MetaMap-identified UMLS CUIs differ among clin-

ical note sections, and the probability of observing consecutive content within notes can be used to

determine note sections. Additional work is required to improve the performance of these models

and test this method on a variety of note types across different healthcare settings.

3.1.3 Extracting Angina Symptoms from Clinical Notes

A version of this section has been previously presented at the 2020 American Medical Informatics

Association Symposium and published in the associated conference proceedings [Eisman et al., 2020].

The semi-structured nature of clinical notes means that the answers to many interesting questions are

often constrained to one or two sections. Therefore, reliable extraction of an individual clinical note

section increases the signal-to-noise ratio of the natural language processing information retrieval

task – that is, it reduces the size of the proverbial haystack from which the needle of information is

to be found. One such question that is potentially relevant for the task of understanding the risk

of incident myocardial infarction is the symptom of chest pain that clinical judgment suspects are

cardiac in origin.

Angina pectoris is a constellation of symptoms that portends inadequate oxygenation of cardiac

muscle due to either a decrease in coronary blood supply, an increase in myocardial oxygen demand,

or both [Lilly and Braunwald, 2012]. These symptoms are classically described as substernal chest

pain that worsens with exertion and improves with rest or administration of nitroglycerin [Diamond,

1983]. Concomitant shortness of breath is also frequently reported. The presence of anginal symp-

toms has been demonstrated to increase the likelihood of underlying atherosclerotic cardiovascular

disease substantially and is a key input variable along with traditional cardiovascular risk factors

in estimating patients’ pretest probability of coronary artery disease (CAD). This pretest proba-

bility, in turn, informs the appropriateness of providers’ referral of patients for cardiac testing to
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identify obstructive CAD [Wolk et al., 2014]. The CAD Consortium Score is a commonly used tool

to estimate the pretest probability of CAD [Genders et al., 2011]. In this score, the presence of

typical versus atypical anginal symptoms connotes a more than three-fold increase in the pre-test

probability of CAD.

While traditional cardiovascular risk factors (e.g., age, sex, race, hypertension, hyperlipidemia, di-

abetes, and smoking status) are generally available within the electronic health record (EHR) as

structured data, angina symptoms are typically recorded as unstructured natural language free-text

descriptions within physician notes [Goff et al., 2014]. A prior study found that chest pain history

is recorded as structured International Classification of Disease (ICD) codes in the EHR only half of

the time [Pakhomov et al., 2007]. This prevents symptoms from being incorporated into automated

clinical decision support systems, limits the evaluation of guideline adherence, and makes it difficult

to do large-scale research about the prognostic ability of symptoms outside of clinical trials [Genders

et al., 2011] and natural language processing (NLP) challenges [Stubbs et al., 2015].

Prior work to extract both anginal and other symptoms from clinician-written natural language has

primarily utilized complex annotation procedures and specialized software requiring both clinical and

linguistic expertise [Byrd et al., 2014, Koleck et al., 2019, Pakhomov et al., 2008, Pakhomov et al.,

2007, Vijayakrishnan et al., 2014]. In addition, portability assessments outside of the environment in

which these methods have been developed show performance reduction [Sohn et al., 2018]. Challenges

include the generalized detection of negation, [Wu et al., 2014] interpretation of time expression

[Velupillai et al., 2015], and retraining to account for institution-specific differences [Carroll et al.,

2012]. However, clinical note content documenting similar events exhibit important similarities

that should enable the implementation of NLP tasks across institutions [Sohn et al., 2018]. The

combination of significant upfront work to develop NLP tools and the likelihood that they will

require testing and retraining to be applied to new environments has made them impractical to

implement [Chapman et al., 2011]. Therefore, it is necessary to explore methods that minimize the

need for manual feature labeling by both clinical and linguistic experts.

Pre-trained transformer encoder architectures are large language models that address several of

these shortcomings and have been shown to produce state-of-the-art results on NLP tasks [Devlin

et al., 2018]. Trained to perform language modeling (e.g., next word prediction) on large corpora
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of text, they extract contextual representations of words by considering all words in the input

sequence at once and selectively focusing on specific parts of their context, based on several aspects

such as syntactic structure and semantic similarity. Transformer encoders, which typically comprise

hundreds of millions of parameters or more, can thus extract rich, general linguistic information

from text and then be fine-tuned to specific tasks, including sequence classification, requiring several

orders of magnitude fewer data than would otherwise be needed to train a model from scratch. This

study aimed to apply a pre-trained transformer model for the task of angina symptom detection

in clinical notes that were written by primary care physicians referring patients for cardiac stress

testing [Vaswani et al., 2017]. The specific publicly available pre-trained neural network was built on

the Bidirectional Encoder Representation from Transformers (BERT) language model. It was first

pre-trained for language modeling on a large-scale biomedical corpus and then on publicly available

medical notes [Alsentzer et al., 2019, Johnson et al., 2016]. This study tested the hypothesis that

such a language model can be fine-tuned on a small number of annotated physician notes for the

purpose of extracting clinically relevant symptom information associated with angina pectoris.

Building a Transformer-Based Classifier for Extracting Angina Symptoms

Patient Population

Consecutive patients (n=459) without known CAD referred for cardiac testing by primary care

physicians were included in the study cohort. This population was expected to be enriched for car-

diovascular symptoms, including angina and anginal equivalents (e.g., dyspnea on exertion) as they

are a common impetus for cardiac stress test referral. Baseline cardiac risk factors were collected

including demographics (e.g., age and sex, and race), comorbidities (e.g., diabetes), blood pressure

(e.g., systolic and diastolic), medications (e.g., statins, aspirin, and anti-hypertension), and serum

cholesterol (e.g., total and high-density lipoprotein). Patients with a known history of prior percu-

taneous coronary intervention or coronary artery bypass graft surgery were excluded. This study

was approved by the Providence VA Medical Center Institutional Review Board.

Angina Definitions

Typical angina is pain or discomfort that is: (1) substernal (i.e., the center of the chest), (2) provoked

by exertion or emotional stress, and (3) relieved by rest or nitroglycerin. The presence of two out of
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three of these symptoms constitutes atypical angina, and pain is considered nonanginal when it only

meets a single criterion [Diamond et al., 1980]. The category of nonanginal pain for the purpose of

risk estimation has been broadened clinically to include other non-specific symptoms of potential

cardiac origin including vague chest discomfort, shortness of breath, and dyspnea on exertion [Wolk

et al., 2014].

Manual Note Annotation

Medical notes are routinely organized into sections that indicate expected content. Clinical symp-

toms can most frequently be found in the history of present illness (HPI), review of systems (ROS),

or assessment/plan (A/P). This study focused on the HPI section, which represents the interval

medical history as expressed by the patient and distilled by the note writer. For each patient in the

study cohort, the primary care note most proximal to the cardiac stress test order date was identified

using the VA’s Computerized Patient Record System, and the relevant sections were extracted. HPI

sections were selected as one single continuous portion of text from within the note, the beginning of

which was usually indicated by a section header (e.g., “HPI” or “Subjective”) and the end of which

was indicated by the start of another note section (e.g., “Medications” or “Objective”).

Study data were collected and managed using instruments implemented in the Research Electronic

Data Capture (REDCap) tool [Harris et al., 2019, Harris et al., 2009]. HPIs were stored in free

text fields and reviewed from within REDCap. Each HPI was annotated using symptom fields

regarding the positive, negative, or absent mention of (1) chest pain or discomfort, (2) substernal

chest pain, (3) chest pain provoked by exertion or emotional stress, (4) chest pain relieved by rest

or nitroglycerin, (5) shortness of breath, and (6) dyspnea on exertion (Table 3.10). The definition

of ‘substernal’ was broadened from the original Diamond and Forrester description [Diamond et al.,

1980] to include imprecise anatomical descriptions that are colloquially meant as substernal or for

all practical purposes are more likely than not a description of substernal pain or discomfort. This

includes left-sided, left anterior, and descriptions of heaviness, tightness, heartburn, and precordial

pain. Definitions of exertion included almost any association of the pain with a description of

the activity. Two examples that were deemed not enough activity to warrant exertion were “with

standing” and “while washing the dishes.” The emotional stress criteria were considered met with

the direct connection made between anxiety or an emotionally stressful event to the onset of chest
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pain at the same time. A patient who generally reported being anxious or under a lot of stress (e.g.,

family, job, or homelessness) but did not make the explicit link to chest pain symptoms was not

annotated as having emotional stress-induced chest pain.
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Symptom Positive Examples Negative Examples Ambiguous Cases

Chest Pain or Discomfort Chest: pain, pressure, tight-
ness, ache, discomfort, heav-
iness, sitting on, burning,
something “not quite right”

Described as: sharp, dull,
severe, mild, stabbing

Acronyms: cp, sscp

any negation of a positive The patient has had two
episodes of chest pain in the
past month. Patient denies
chest pain today. → positive

Substernal Chest Pain CP location: substernal, ster-
nal, central, center, middle,
left, anterior, precordial, epi-
gastric, across

CP quality that implies
location: pressure, tightness,
heaviness, sitting on, radiates
to the left arm/shoulder

Acronyms: sscp, ssc, ss, l,
l ant

right anterior, right, another
body part only (shoulder, neck,
arm, jaw, leg)

Chest Pain Provoked by Exer-
tion or Emotional Stress

Provocation: exertion, stress,
walking, running, stairs, shov-
eling, mowing lawn, not specif-
ically deemed “negative”

(w/out, w. out, without)
“positive”

OR

(at/while) rest, laying down,
night, sitting, standing up,
washing dishes

“with rest and exertion” →
positive

Chest Pain Relieved by Rest or
Nitroglycerin

Palliation: rest, stopping, sit-
ting, laying down, taking a few
breaths

“positive” with time modifier
that is excessively long (e.g., >
1hr)

“relieved by rest or continuing
to walk” → positive

Shortness of Breath Synonyms: shortness of
breath, sob, dyspnea, any
mention of breathing difficulty

Acronym: sob

any negation of a positive

Dyspnea on Exertion Defined with respect to dyspnea as exertional chest pain is defined with respect to chest pain. Acronym: doe

Table 3.10: Angina symptoms annotations guidelines.
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It was not uncommon for there to be internal inconsistencies within a single note for these categories.

For example, the HPI may state that a patient experienced exertional chest pain symptoms recently

but then go on to state that the patient had no chest pain at the time of the visit. Similarly, patients

sometimes report that pain occurs both at rest and with exertion. Cases with both a positive and

negative mention of a label were considered positive mentions unless the positive case was stated to

have been resolved for a clearly explained reason. It took an average of two minutes to annotate

each HPI for these symptoms. All annotations were performed by [ASE4] and then reviewed by

[NRS5]. Disagreements were adjudicated between the two annotators with the help of [INS6]. The

final reference standard was the result of a consensus between the three coders.

Transfer Learning with Clinical BERT

BioBERT is a language representation model trained on both general (Wikipedia and BooksCorpus)

and domain-specific (PubMed Abstracts and PMC Full-text articles) text [Lee et al., 2020]. The

model has been fine-tuned on a language modeling task using discharge summaries from the Beth

Israel Deaconess Medical Center Medical Information Mart for Intensive Care III database (MIMIC

III). Bio+Discharge Summary BERT is publicly available within the Python HuggingFace transform-

ers library as part of the BertForSequencClassification transformer class [Alsentzer et al., 2019, Wolf

et al., 2019]. Bio+Discharge Summary BERT was chosen as a domain-appropriate language model

for the downstream task of detecting anginal symptoms, which was cast as a classification task.

HPI text from each primary care note was embedded using Bio+Discharge Summary BERT. Each

embedding was prepended with a [CLS] and padded with [PAD] tokens until reaching 512 total

tokens, the maximum allowed by BERT models. Attention masks were constructed to enable batch

processing of sequences by identifying which tokens should be attended to and which should be

ignored as padding. Separate models were constructed to identify each of the six symptoms. Models

were configured to identify three classes including positive, negative, and absent mentions of the

symptom. The training was performed over 2, 4, 8, 16, 32, 64, and 128 epochs with a batch size of 8.

The batch size was selected as the maximum number of 512 token embeddings that can be processed

on one 12 GB GPU at a time. Data was split into training, validation, and testing sets (80/10/10)

4Aaron S. Eisman
5Nishant R. Shah
6Indra Neil Sarkar
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and then cross-validated ten-fold such that all data was represented in a collective validation and

a testing set exactly once each. Matthews Correlation Coefficient (MCC) was calculated on pooled

validation sets and plotted versus the number of training epochs for each symptom. The number of

training epochs corresponding to the maximum of each of these curves was selected as the number

of epochs to be used for reporting aggregate performance on the test set.

Measuring the Performance of Angina Symptoms Retrieval

For each model, we reported the aggregate performance on the test set, after previously optimizing

the number of training epochs based on aggregate performance on the validation set. In order

to assess the performance of detecting the positive presence of symptoms within the notes, the

confusion matrices for each symptom were reduced to two-by-two such that the absent and negative

classes were collapsed into a single class. Precision, recall, F1-score, specificity, and Matthews

Correlation Coefficient (MCC) were calculated. MCC was chosen in addition to the other information

retrieval evaluation metrics that are not informed by true negative cases [Matthews, 1975]. This

was accomplished by balancing the ratios of the four quadrants of the binary confusion matrix (i.e.,

true positives, false positives, true negatives, and false negatives).

Computational Resources

This research was conducted using computational resources and services at the Center for Computa-

tion and Visualization at Brown University. 12GB NVIDIA GeForce Titan V and Tesla P100 GPUs

were used for computation. Each epoch had a runtime of approximately 17-26 seconds (Titan vs

P100 respectively) for a total of between 2.5 minutes to 18 minutes to fine-tune one model on the

Titan V (8 and 64 epochs respectively).

Angina Symptoms in Cardiac Stress Test Referral Notes

Patient Characteristics

After annotation of HPIs extracted from 459 consecutive patients without known CAD referred for

cardiac testing by primary care physicians, 243 patients were noted to be experiencing chest pain

and 205 were noted to be experiencing shortness of breath (SOB). Baseline clinical characteristics
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are reported by chest pain class (Table 3.11).

The median age of all patients was 66 years [57-71]. Patients were predominantly male (92%) and

self-identified as White race (88%). Thirty percent had a history of diabetes. About half of the

patients were on a statin (58%), aspirin (44%), or anti-hypertensive (58%) therapies. Ten-year

pooled cohort equation risk of developing atherosclerotic cardiovascular disease based on traditional

risk factors was 18.1% (9.9-27.8) [Goff et al., 2014].
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Characteristic All Typical Chest Pain Atypical Chest Pain Non-Specific Symptoms Asymptomatic

N 459 24 73 255 107
Age (years) 66 [57-71] 66.5 [57.5-71] 62 [54-71] 66 [59-70] 65 [58-71]
Sex (male) 423 (92%) 24 (100%) 65 (89%) 231 (91%) 103 (96%)
Race (white) 406 (88%) 22 (92%) 64 (88%) 230 (90%) 90 (84%)
Diabetes 137 (30%) 9 (38%) 16 (22%) 78 (31%) 34 (32%)
Smoker (current) 94 (20%) 3 (13%) 15 (21%) 51 (20%) 25 (23%)
SBP (mmHg) 132 [124-141] 130 [121.8-141] 129 [121-140] 132 [124-141] 132 [124-142]
DBP (mmHg) 78 [73-82] 76 [74-82.3] 76 [70-83] 78 [73-82] 78 [74-82]
Cholesterol

Total (mg/dL) 179 [153-213] 191 [159-216.5] 179 [153-227] 181 [153-212] 177 [147.5-206.5]
HDL-C (mg/DL) 44 [37-54] 44 [39.5-47.5] 46 [37-53] 45 [37-54] 43 [38-50.5]

Chest Pain 243 (53%) 24 (100%) 73 (100%) 146 (57%) –
Substernal 179 (39%) 24 (100%) 65 (89%) 90 (35%) –
Exertional 108 (24%) 24 (100%) 65 (89%) 7 (19%) –
Improves with Rest 42 (9%) 24 (100%) 16 (22%) 2 (1%) –

Shortness of Breath 205 (45%) 16 (67%) 35 (48%) 154 (60%) –
Exertional 155 (34%) 16 (67%) 29 (40%) 110 (43%) –

Pharmacotherapy
Statin Therapy 265 (58%) 12 (50%) 43 (59%) 149 (58%) 61 (57%)

High intensity 121 (26%) 7 (29%) 21 (29%) 67 (26%) 26 (24%)
Moderate intensity 134 (29%) 5 (21%) 20 (27%) 77 (30%) 32 (30%)
Low intensity 10 (2%) – 2 (3%) 5 (2%) 3 (3%)

Aspirin 201 (44%) 11 (46%) 28 (38%) 112 (44%) 50 (47%)
Anti-HTN 264 (58%) 13 (54%) 33 (45%) 146 (57%) 72 (67%)

Cardiovascular Risk
10-Year ASCVD Risk 18.1% [9.9-27.8] 20.9% [9.1-27.9] 14.3 [7.5-22.8] 18.4 [10.7-28.0] 20.5% [9.9-28.6]
CAD Consortium Pretest Probability

High – – – – –
Moderate 389 (85%) 22 (92%) 58 (79%) 214 (84%) 95 (89%)
Low 70 (15%) 2 (8%) 15 (21%) 41 (16%) 12 (11%)

Table 3.11: Stress test referral patient characteristics. SBP - systolic blood pressure, DBP - diastolic blood pressure, HDL-C - high-density
lipoprotein cholesterol, HTN - hypertension, ASCVD - atherosclerotic cardiovascular disease, CAD - coronary artery disease.
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Note Annotations

Notes were annotated for chest pain and shortness of breath symptoms. The majority of HPIs

contained information about chest pain (77%) and shortness of breath (64%). Of the notes that

contained positive mentions of chest pain, three-quarters mentioned pain location while a minority

described pain provocation (34%) or palliation (12%). Positive or negative mentions of shortness

of breath were in 64% of HPIs, more than half of which specifically mentioned the presence or

absence of exertional symptoms. Overall, there were three times as many positive as negative

symptom mentions. Despite the classification of distinct presence and absence of symptoms, clinical

documentation of anginal symptoms often described complex narratives that required interpretation

in order to be correctly classified. One example of this was a patient whose chest heaviness and

shortness of breath had been linked to the non-cardiac source of mold exposure and since moving

apartments, the patient reports the chest heaviness as being fully resolved and shortness of breath

improved. In this case, the note would be correctly classified as negative for substernal chest pain

and positive for shortness of breath. However, a prior note (not part of this study) that hypothesized

mold as a potential cause of the patient’s symptoms would be considered positive for both. The final

model classified the patient as being positive for both symptoms (correct for shortness of breath and

incorrect for substernal chest pain).

Anginal Symptom Extraction

Embedded HPI sections were truncated to BERT’s 512 token limit. The majority of tokenized notes

fit within the limit resulting in only 3.3% (n = 16) being truncated. A Chi-Square test demonstrated

that the frequency of positive symptoms within the truncated samples was in line with the overall

dataset (p = 0.95).

BioBERT+Discharge Summary models were each fine-tuned to detect one of six different anginal

symptoms using the labeled embedded HPI sections. The epoch number parameter was determined

using an aggregated validation set. The graphs in Figure 3.6 were inspected visually to determine

the best early stopping parameter for each symptom. Parameter selection was straightforward given

the limited number of epochs tested and the absence of local maximums observed. The chosen

epoch number parameter was then used to test combined held-out test data from each of the ten
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Figure 3.6: Epoch number selection by angina symptom. Individual models for each symptom: (a)
chest pain or discomfort, (b) substernal chest pain, (c) chest pain provoked by exertion or emotional
stress, (d) chest pain relieved by rest or nitroglycerin, (e) shortness of breath, and (f) dyspnea
on exertion, were trained using a range of epochs. Model performance (Matthews Correlation
Coefficient) was evaluated as a function of epochs. The best-performing number of epochs for each
symptom was selected as the final model parameter for evaluation on held-out testing data.
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Adjudicated Manual Annotation
Absent + – Absent + – Absent + –

P
re
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ic

te
d

A
n
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n Chest Pain SS CP EX CP
Absent 90 4 1 223 26 4 274 47 23

+ 8 226 10 39 152 5 30 59 22
– 14 9 97 0 0 0 0 2 2

RE CP SOB DOE
Absent 389 29 12 136 7 2 245 14 6

+ 8 12 2 18 186 11 38 137 6
– 5 1 1 12 12 75 7 3 3

Table 3.12: Angina symptom retrieval confusion matrices. SS CP – substernal chest pain, EX CP –
exercise/stress-induced chest pain, RE CP – chest pain improves with rest or nitroglycerin, SOB –
shortness of breath, DOE – dyspnea on exertion.

cross-folds.

The final raw model performance is presented in a three-by-three confusion matrix for each symp-

tom (Table 3.12). These include predicted annotation of absent, positive, and negative symptom

mentions versus consensus manual annotation. For chest pain, the sequence classification model’s

most common errors included negative identification of chest pain when it was absent (n = 14) and

positive identification of chest pain when it was negative (n = 10). Negative assertions of chest

pain characterization variables were under-classified by the models. False positives of dyspnea on

exertion were the most common breathing-related misclassification (n = 38).

The confusion matrices were reduced to two-by-two tables where “Absent” and “–” assertions were

collapsed into a single category to evaluate the model’s performance to detect the presence or absence

of symptom documentation. Precision, recall, F1, specificity, and Matthews Correlation Coefficient

were calculated for each symptom and are reported in Table 3.13. Chest pain was extracted better

than any other symptom (F1 = 0.94, MCC = 0.87). Chest pain subtype extraction performance

ranged from good (substernal) to poor (improved with rest). Shortness of breath and dyspnea on

exertion was extracted with good performance (F1 = 0.83, MCC = 0.70 and F1 = 0.82, MCC =

0.72 respectively).

Evaluation of Angina Symptom Retrieval using a Pre-Trained Transformer

This study examined the potential to use a pre-trained transformer architecture to extract anginal

symptom information from clinical notes [Koleck et al., 2019]. A publicly available BioBERT+Discharge
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Chest Pain SS CP EX CP RE CP SOB DOE

Precision 0.926 0.776 0.532 0.545 0.865 0.757
Recall/Sensitivity 0.946 0.854 0.546 0.286 0.907 0.890
F1 0.936 0.812 0.539 0.375 0.886 0.818
Specificity 0.918 0.843 0.852 0.976 0.886 0.856
MCC 0.865 0.690 0.394 0.353 0.790 0.72

Training Epochs 32 16 8 16 64 64

Table 3.13: Evaluation statistics of angina symptom retrieval. SS CP - substernal chest pain, EX
CP - exercise/stress-induced chest pain, RE CP - chest pain improves with rest/nitroglycerin, SOB
- shortness of breath, DOE - dyspnea on exertion, MCC - Mathews Correlation Coefficient.

language model was fine-tuned using HPI sections from 459 consecutive patients referred for car-

diac testing. The models detected mention of chest pain with greater than 90 percent sensitivity

and specificity. Chest pain location, shortness of breath, and dyspnea on exertion were similarly

extracted with high sensitivity and specificity. These represent excellent starting points for the

characterization of anginal symptoms from clinical notes of patients referred for cardiac testing.

Prior literature on the extraction of symptom information from clinical notes is sparse. A recent

systematic review identified 27 articles related to the use of NLP for clinical symptom detection

and noted that study reproducibility is overall poor due to: (1) lack of detail about the patient

population, (2) failure to report detailed performance, and (3) poorly described NLP methodology

[Koleck et al., 2019]. One study extracted chest pain and dyspnea symptoms with reported sensitivity

on a small subset of their data, similar to the performance reported here [Pakhomov et al., 2008].

However, no additional metrics, including false-positive rates, were provided for comparison, and

methods lack details that would enable the system to be reproduced or implemented.

The performance of NLP systems to extract the provocation and palliation of chest pain has not

been previously reported. The presented results indicate that the granular characterization of chest

pain symptoms can be ruled out with high specificity. Reliable detection of these features requires

additional consideration. The strength of the note for documentation is that it allows the clinician

freedom to express complexity, ambiguity, and uncertainty of how symptoms are experienced and

remembered. This leads to significant variability in how patient symptoms are ultimately docu-

mented. For example, it is useful to document that a patient has both experienced chest pain in

the recent past and is pain-free at the time of the clinical encounter. However, these seemingly
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contradictory statements may be a challenge for a general language model attempting to determine

if a patient has experienced chest pain at all. In addition, through the annotation process, it became

clear that there is a wide range of ways that patients report, and clinicians document provocation

and palliation of chest pain.

Fractional withholding of training data for both chest pain and substernal models indicates that

performance is strongly related to the number of positive examples. Training models for these two

symptoms with a comparable number of positive examples as the results reported for provocation

and palliation of symptoms indicate similar performance. Small sample size for the provocation and

palliation descriptions combined with narrative complexity is likely responsible for low sensitivity.

Based on these findings, performance appears to plateau between 200 and 250 positive examples

which may represent the necessary number to encompass the semantic variability of how chest pain

is documented within the studied population.

The six classification objectives (i.e., angina symptoms) are not independent. Therefore, instead

of training separate models for predicting each independently, it is possible to train a model that

jointly predicts all objectives. Not only would deploying and maintaining a single model instead

of six be more practical but this approach, known as multi-task learning, also offers theoretical

benefits, such as the regularization of model weights [Baxter, 1997, Collobert and Weston, 2008].

The multi-task model shares the same architecture as the task-specific models, but with six distinct

output layers instead of only one. The loss to be minimized during training is a weighted average of

the six component losses. The multi-task model showed inferior predictive performance compared

to the task-specific models. The potential reasons for these findings include: (a) the difficulty in

stratifying the small training and test sets across 10 cross-validation folds in a way that preserves

class balances and (b) the well-documented sensitivity of training to the weights of the individual

tasks [Kendall et al., 2018].

Identifying clinically actionable anginal symptoms was the focus of this study. The developed models

were designed to answer questions about patients that aid in the diagnosis [Diamond et al., 1980]

and determine the pretest probability [Genders et al., 2011] of coronary artery disease. Automating

the extraction of anginal symptom information as presented in this study is potentially deployable as
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part of clinical decision support systems. It would enable health system-wide identification of high-

risk patients and coordinate diagnostic cardiac testing for symptomatic ones [Wolk et al., 2014].

In addition, automated symptom extraction is required for research on the relationship between

anginal symptoms and downstream clinical testing (e.g., catheterization with and without percuta-

neous coronary intervention, coronary artery bypass graft surgery) and outcomes (e.g., myocardial

infarction, cardiac death, and all-cause mortality).

Several limitations deserve mention that would need to be addressed for this work to be applied

in a production environment. The process of identifying appropriate clinical notes for symptom

extraction was performed manually and relies on institution-dependent EHR knowledge, including

note types and physician relationship to the patient (e.g., primary care). In addition, relevant

note section identification was also performed manually. This has been previously automated using

institution-specific template headers [Denny et al., 2009], as well as by modeling sections as hidden

states of a Markov process [Eisman et al., 2021]. Finally, the transferability of these models to other

clinical contexts and healthcare systems needs to be evaluated.

This study presents a promising method for detecting anginal and anginal-equivalent symptoms

from clinical texts using pre-trained transformer architectures. The findings demonstrate that a

generalized language model can be fine-tuned on a limited set of annotated physician notes to

enable the extraction of clinically actionable anginal symptoms. The extracted symptoms align

with data inputs for validated risk models and clinical guidelines and may allow the development

of automated decision support and quality assessment. Additional work is required to assess the

additional fine-tuning needed to apply these models in other clinical settings.

3.2 Characterizing Population Incident Atherosclerotic Car-

diovascular Disease and Primary Prevention with Cen-

tralized Health Information Exchange

The Rhode Island Quality Institute manages the statewide health information exchange Current-

Care. CurrentCare aggregates clinical data from Rhode Island healthcare institutions for individuals
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that receive healthcare in Rhode Island and is the source data for the population studied in the fol-

lowing section.

Statewide Adherence to 10-Year Atherosclerotic Cardiovascular Disease

Risk-Based Primary Prevention Guidelines with Statins in Rhode Island

Health information exchange (HIE) evokes care coordination through timely point-of-care access to

electronic health records (EHR) across time and place about a single patient [Menachemi et al., 2018].

Centrally managed HIE also has the potential to enable population health monitoring [Feldman

et al., 2022] and identify gaps between medical science and population health care [Cochrane et al.,

2007, Metser et al., 2021, Spranger et al., 2004]. In this study, we demonstrate this potential by

analyzing population adherence to risk-based cholesterol-lowering guidelines with statins. Our work

also provides insights into atherosclerotic cardiovascular disease (ASCVD) risk and statin therapy

practices across diverse care settings.

ASCVD is the leading cause of morbidity and mortality in the United States [Murphy et al., 2021,

World Health Organization, 2018]. Since 2013, guidelines for the primary prevention of ASCVD with

statins have been informed by an individual’s estimated 10-year risk of incident disease [Goff et al.,

2014, Grundy et al., 2019, Stone and Lloyd-Jones, 2014]. The risk factors that form these models are

routinely collected as part of clinical care [Eisman et al., 2020, Pakhomov et al., 2007]. Still, little

is known about the patterns of risk factor collection across healthcare institutions for individual

patients and how these risk factors translate to primary prevention practices for a geographically

defined population. Existing studies that leverage EHR data [Metser et al., 2021] for this purpose

are limited to single healthcare organizations [Brown et al., 2023], and attempts to characterize

populations rely on national surveys [Patel et al., 2019].

The overall goal of this study was to characterize population 10-year ASCVD risk and primary

prevention practices across Rhode Island (RI) using HIE data. We standardized data from the

RI statewide designated HIE, CurrentCare, to the Observational Medical Outcomes Partnership

(OMOP) Common Data Model (CDM), which ensured data quality and consistency across data-

sharing partners [Makadia and Ryan, 2014]. We report the aggregation of standardized ASCVD

risk factors by HIE for RI. We then assessed guideline-directed statin adherence using patient-level
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medication fill data provided by the medication data aggregator SureScripts. Finally, motivated

by previously reported disparities [Hicks et al., 2004, Kurian and Cardarelli, 2007, Mensah et al.,

2005, Ong et al., 2007, Redmond et al., 2011], ASCVD risk factors, 10-year ASCVD risk, and

statin adherence were evaluated for potentially vulnerable individuals at the intersection of care at

Federally Qualified Health Centers (FQHC) and racial and ethnic minority subpopulations.

We hypothesized that individuals in RI have pharmacotherapy-determining ASCVD risk factors

regularly measured at multiple healthcare institutions and that ASCVD risk factors, 10-year risk,

and primary prevention practices will differ by primary care institution type.

Methods for Characterizing Population ASCVD Risk and Primary Pre-

vention Practices

Study Population

This study analyzed CurrentCare HIE data from 2013 to 2023 on 62,999 adults. Adults aged 40-

75 years with the minimum required data within CurrentCare to calculate 10-year ASCVD risk

and without known clinical ASCVD were included in the cohort for this study. Individuals who

experienced incident ASCVD were censored at the time of diagnosis. A primary care provider

(PCP) site was assigned to each cohort member. Individuals receiving care at PCP practices or

FQHCs were assigned those as their PCP sites. Otherwise, the PCP site (e.g., a health system with

known ambulatory primary care services) was defined as the most common outpatient care site.

Data Source and Mapping HIE Data Warehouse to the OMOP CDM

CurrentCare, the RI statewide HIE is owned and operated by the Rhode Island Quality Institute

(RIQI). CurrentCare aggregates more than 102M patient care transactions, 90% of RI prescription

data, and 90% of RI laboratory data across 400 sites (e.g., primary care and specialty practices,

community health centers, hospitals, long-term care facilities, and visiting nurse agencies) and 520

distinct sources for over 540,000 enrolled individuals (>50% of the RI population).

The Observational Health Data Sciences and Informatics (OHDSI) community maintains standard

vocabularies and database schemas that define the OMOP CDM. The National Institutes of Health

has chosen this patient-oriented longitudinal data structure as the standard for the All of Us Research
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Program [All of Us Research Program Investigators et al., 2019] and national collaborations such

as the National COVID Cohort Collaborative [Haendel et al., 2020]. We selected it as the CDM for

the RI HIE and mapped the CurrentCare data warehouse to OMOP CDM version 5.3.1 [OHDSI,

2021b]. The OMOP observation start date was defined as the date the individual first enrolled in

CurrentCare, and the end date was set to the data extraction date or disenrollment. Disenrollment

from CurrentCare occurs upon request or death.

We standardized data by domain according to the OHDSI CDM and its vocabularies [OHDSI,

2021a, OHDSI, 2022a]. Existing Structured Query Language (SQL) code [OHDSI, 2022b] was used

to standardize more than 99% of problems, diagnoses, drugs, and observations. We converted

non-standard condition codes (78%) from ICD-9-CM and ICD-10-CM to SNOMED CT and non-

standard drug codes (75%) from National Drug Codes to RxNorm. Observations and procedures

were already coded using the required Logical Observation Identifiers Names and Codes (LOINC)

and Current Procedural Terminology (CPT), respectively. We manually mapped 1000 of the most

common measurement codes (e.g., SBP and HDL-cholesterol) not already represented with LOINC

(10%) using the OHDSI Usagi [OHDSI, 2021a] tool to cover more than 95% of measurements. The

OMOP CDM associates each data point with an encounter type (e.g., inpatient, outpatient, and

emergency).

In accordance with the RIQI policies and procedures, data provided for this research study were

de-identified based on expert determination in accordance with HIPAA guidelines.

Estimating 10-Year ASCVD Risk

We queried ASCVD risk factors (hereafter, risk factors) from the OMOP person (e.g., age, sex, and

race), measurement (e.g., SBP, total cholesterol, and HDL-cholesterol), condition (e.g., diabetes and

smoking status), and drug exposure (e.g., anti-hypertension medication use [Eisman, 2022, Whelton

et al., 2018]) domains. We limited risk factor data to those derived from outpatient visits on days

where no emergency or inpatient visits were recorded to avoid capturing acute events that may artifi-

cially elevate estimated risk (e.g., emergency visits for pain resulting in atypical SBP). We calculated

the HIE-based 10-year ASCVD risk (hereafter, ASCVD risk) for each individual using the pooled

cohort equations (PCE) [Goff et al., 2014]. We tracked ASCVD risk longitudinally at each date
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for which an updated risk factor value was available throughout an individual’s observation period

or until an incident ASCVD event. We defined ASCVD events as a new condition of myocardial

infarction (SNOMED CT 22298006), cerebrovascular accident (SNOMED CT 230690007), or any of

their child codes (Appendix B).

Statin Guideline Adherence

Statins are clinically indicated for the primary prevention of incident ASCVD in individuals aged

40-75 who are at intermediate (≥7.5% - <20%) or high (≥20%) 10-year risk [Grundy et al., 2019].

We defined adherence to these guidelines as a dichotomous variable (e.g., on or off statin therapy) at

each date for which an updated risk factor was available. We considered individuals to be ‘on’ statins

for that date if they filled a prescription within 90 days of the updated risk factor. We maintained

this status for each day until the next ASCVD risk update. We did not evaluate supply sources (e.g.,

pre-supply, hospital stays, or switching). Dosing information, days supply, and instructions were

unavailable for this study. The reporting of this method to assess statin adherence was informed by

the TEN-SPIDERS tool [Dalli et al., 2022].

Statistical Analysis

Baseline statistics are reported as mean (sd) for normally distributed (e.g., age) and median [IQR] for

skewed (e.g., ASCVD risk) data. Average risk factors were computed on individual median values

such that each individual contributed to the average exactly once. Comparisons of risk factors

and statin therapy between subpopulations were adjusted for non-modifiable risk factors (i.e., age,

sex, and Black race). Race was not adjusted for when comparing subpopulations of a single race.

Adjusted β-coefficients were calculated using logistic regression. All analyses were performed with

a significance threshold of p < 0.05 in R version 4.2.1 and RStudio version 2022.07.1.

Rhode Island Population ASCVD Risk and Primary Prevention Practices

Baseline Characteristics

A cohort of 62999 individuals met the inclusion and exclusion criteria for this study (Figure 3.7).

Data for this cohort were derived from the RI HIE CurrentCare, which aggregates EHR data from

RI health data partners into a consolidated unified care record for all HIE participants (Figure
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Figure 3.7: Flow diagram of inclusion and exclusion criteria

3.8A). This is the first reported statewide HIE mapped to the OMOP CDM to enable population

observational health research. The cohort contained complete ASCVD risk factors required to

estimate 10-year risk with a median [IQR] HIE risk estimate follow-up of 3.5 [1.6-5.7] years (Figure

3.8B). The mean age (SD) was 59.1 (10.7) years, and 40319 (64%) were women. By self-report,

4156 (6.6%) were Black, and 8971 were Hispanic (14.2%), which are proportionally consistent with

RI Census Data. Black (55.9 years, p<0.001) and Hispanic (55.7 years, p<0.001) individuals were

younger, and Hispanic individuals had a higher proportion (70%, p<0.001) of women compared to

the population as a whole. Over half (65%) of the cohort had risk factors contributed by more than

one data partner, and 30% had risk factors reported by three or more (Figure 3.8C).
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Figure 3.8: Health information exchange, ASCVD risk factors, and outcomes
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Overall

N 62999
Patient Days 87076619
Age 59.11 (10.71)
Female 64%
Black 7%
SBP 126.74 (13.44)
Total Cholesterol 185.79 (36.81)
HDL-Cholesterol 52.43 (15.33)
Diabetes 27%
Tobacco Use 15%
10-Year ASCVD Risk 7.0% [2.4-15.6]
Annual Risk Updates (PCP Only) 0.88 [0.28-1.83]
Annual Risk Updates (HIE) 1.81 [1.06-3.23]
Days at Intermediate Risk (+On Statin) 31% (31%)
Days at High Risk (+On Statin) 17% (47%)

Table 3.14: Baseline characteristics of the cohort

Assessment of Population ASCVD Risk and Primary Prevention Practices

We tracked HIE-based population 10-year ASCVD risk from 2013 to 2023 (Figure 3.9A). The median

individual’s risk was 7.0% [2.4%-15.6%], with mean component risk factors reported in Table 3.14.

Population prevalence of diabetes and tobacco use were 27% and 15%, respectively. Incident non-

fatal ASCVD events occurred at a rate of 1 every 118 years (n=2020), after which they were censored

from follow-up analysis.

More than half of the cohort (56%, n=34695) were eligible for risk-based (ASCVD risk ≥7.5%)

primary prevention of incident ASCVD with a statin at some point during the study, and 66%

(n=23175) of those individuals had at least one recorded statin prescription filled. Of those at

high risk (≥20%, n=15138), 78% (n=11810) had at least one statin prescription filled. Longitudinal

tracking of individual risk, statin therapy, and incident ASCVD events enabled the granular tracking

of risk-based statin guideline adherence (Figure 3.9B).

This study followed the population ASCVD risk for 87M patient days. Of those, 34M (39%) were

spent at low and 10M (11%) at borderline ASCVD risk. 43M (49%) days were spent eligible for statin

therapy, with 27M (31%) and 15M (17%) at intermediate and high risk, respectively. Population risk-

based statin guideline adherence increased monotonically by ASCVD risk category (Figure 3.9C),

with 32% of days spent at intermediate risk and 47% at high risk on statin therapy. Excluding
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individuals with diabetes (an additional indication for statin therapy) reduced this adherence for

those at intermediate (27%) and high (38%) risk.

ASCVD Risk Factors, 10-Year Risk, and Statin Use by Race and Ethnicity

ASCVD risk was elevated in Black (β=3.6%, p<0.001) and Hispanic (β=0.9%, p<0.001) subpopu-

lations after adjusting for non-modifiable risk factors (i.e., age, sex, and race for ethnicity compari-

son). This translated to a higher adjusted proportion of days spent at high risk for Black (β=0.11,

p<0.001) and Hispanic (β=0.04, p<0.001) individuals. SBP was elevated in Black (β=4.1mmHg,

p<0.001) and Hispanic (β=1.4mmHg, p<0.001) individuals after adjustment. Diabetes was 30%

more prevalent in Black and Hispanic subpopulations. As a percentage, Black individuals were

more likely (21%, p<0.001) and Hispanic individuals were less likely (12%, p<0.001) to smoke to-

bacco. Risk-based statin guideline adherence was higher in the high (β=1%, p=0.014) risk Black

and the intermediate (β=4%, p<0.001) and high (β=5%, p<0.001) risk Hispanic subpopulations.

Accordingly, adjusted total cholesterol was lower in Black (β=-4.1mmol/L, p<0.001) and Hispanic

(β=-2.5mmol/L, p<0.001) individuals compared to the population as a whole.

Primary Prevention at the Intersections of FQHC Primary Care, Race, and Ethnicity

The aggregation of health data across institution types for a population affords the opportunity to ex-

plore disparities in healthcare system interactions, subpopulation risk characteristics, and treatment

by healthcare institution type. Known disparities in cardiovascular risk factors, primary prevention

practices, and outcomes by race, ethnicity, and socioeconomic status led us to evaluate the inter-

section of primary care at FQHCs (n=9251) with race and ethnicity compared to those who receive

primary care at Health Systems (n=39555, Table 3.15). Compared to those at Health Systems (HS),

FQHC patients were younger (56 vs. 60 years, p<0.001), more likely to be female (68% vs. 63%,

p<0.001), and more likely to identify as Black (15% vs. 6%, p<0.001).

Adjusted for non-modifiable risk factors, all other ASCVD risk factors were unfavorable in FQHC

patients. SBP was higher (β=2.7mmHg, p<0.001), total cholesterol was higher (β=5.9mmol/L,

p<0.001), HDL-cholesterol was lower (β=-1.3mmol/L, p<0.001), diabetes was more prevalent (33%

vs. 26%, p<0.001), and tobacco use more common (20% vs. 13%, p<0.001). This translated to
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Figure 3.9: HIE enables granular tracking of patient ASCVD risk, primary prevention, and incident
disease
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worse adjusted ASCVD risk (β=0.78%, p<0.001). FQHC patients spent a higher adjusted num-

ber of days at intermediate (β=0.01, p<0.001) and high (β=0.04, p<0.001) ASCVD risk, and a

higher proportion of those days on risk-based guideline-directed statin therapy (both β=0.08, both

p<0.001). Analyzed at the intersection of race and ethnicity subpopulations, FQHC patients had

unfavorable adjusted risk factors compared to hospital system patients of the same demographic

subpopulations. Subsequently, FQHC patients spent more days at intermediate and high ASCVD

risk and were more likely to be on statin therapy than hospital system patients. This difference re-

mained for intermediate but not high-risk patients at FQHCs after controlling for diabetes diagnosis,

an additional indication for statins.
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HS (Overall) FQHC (Overall) HS (non-Black & non-Hispanic) FQHC (non-Black & non-Hispanic) HS (+Black) FQHC (+Black) HS (+Hispanic) FQHC (+Hispanic) HS (+Black & +Hispanic) FQHC (+Black & +Hispanic)

N 39555 9251 33997 3742 2227 1432 3586 4403 255 326
Patient Days 52387672 13108664 45131487 5311448 2784139 2035179 4824126 6228009 352080 465972
Median Risk Follow-Up (days) 1241 [533-2040] 1286 [606.5-2035.5]∗ 1248 [531.25-2046] 1295 [640-2040]∗ 1098 [446.5-1948] 1272 [596.75-2069]∗ 1271.5 [610.5-2029] 1288 [586-2005]∗ 1303 [484-2061] 1300 [679.75-1945]
Age 59.56 (10.61) 55.93 (10.39)∗ 60.16 (10.52) 56.71 (10.30)∗ 56.6 (10.57) 54.99 (10.29)∗ 55.56 (10.39) 55.65 (10.43) 57.10 (10.52) 56.95 (10.05)
Female 63% 68%∗ 65% 64% 65% 68% 69% 73%∗ 67% 73%
Black 6% 15%∗ - - - - 7% 7% - -
SBP 126.56 (13.52) 127.95 (13.58)∗{2.68} 126.42 (13.44) 127.74 (13.76)∗{2.24} 129.55 (14.11) 130.08 (14.4)∗{5.12} 126.34 (13.82) 127.53 (13.09)∗{2.59} 130.17 (15.10) 129.31 (13.72)
Total Cholesterol 185.55 (37.04) 185.16 (36.29)∗{5.91} 185.96 (36.89) 185.27 (37.21)∗{5.30} 181.67 (40.62) 184.59 (36.84)∗{3.64} 183.94 (36.19) 185.39 (35.31)∗{5.46} 183.03 (39.57) 187.16 (36.39)∗{9.46}
HDL-Cholesterol 52.64 (15.51) 50.53 (13.82)∗ 53 (15.82) 51.08 (14.98) 52.31 (13.89) 52.53 (14.68) 49.3 (12.75) 49.46 (12.38)∗{-2.50} 50.23 (13.46) 51.02 (14.3)∗{-1.77}
Diabetes 26% 33%∗ 24% 30%∗ 36% 34%∗ 36% 36%∗ 40% 40%
Tobacco Use 13% 20%∗ 12% 29%∗ 19% 22%∗ 12% 12%∗↓ 15% 17%
10-Year ASCVD Risk 6.77% [2.31-15.02] 5.34% [1.79-12.9]∗{0.78} 6.94% [2.41-15.2] 5.9% [2.06-13.43]∗{0.63} 8.28% [3.29-16.72] 7.42% [2.73-15.44]∗{3.4} 4.37% [1.48-11.71] 4.40% [1.5-11.52]∗{0.67} 9.00% [2.72-18.17] 8.59% [3.29-15.97]
Risk-Based Guideline Adherance
Annual Risk Updates (PCP Only) 1.13 [0.54-2.15] 0.79 [0.16-2] 1.13 [0.53-2.12] 0.58 [0-1.64]∗{-0.38} 1.17 [0.54-2.4] 0.82 [0.25-2.12] 1.2 [0.57-2.35] 1 [0.26-2.29] 1.23 [0.57-2.57] 0.99 [0.31-2.39]
Annual Risk Updates (HIE) 1.75 [1.02-3.08] 2.21 [1.31-3.79] 1.73 [1.01-3.03] 2.04 [1.19-3.52] 1.87 [1.06-3.48] 2.31 [1.33-3.84] 1.87 [1.09-3.33] 2.39 [1.41-4.04] 2 [1.09-3.58] 2.67 [1.45-4.09]
Days at Intermediate Risk (+On Statin) 32% (30%) 29%∗{1%} (37%∗{8%}) 32% (30%) 31%∗{3%} (36%∗{5%}) 35% (28%) 35%∗{9%} (36%∗{5%}) 24% (30%) 25%∗{-1%} (40%∗{10%}) 29% (25%) 36%∗{2%} (40% {7%})
Days at High Risk (+On Statin) 17% (45%) 15%∗{4%} (52%∗{8%}) 17% (45%) 15%∗{1%} (48%∗{2%}) 20% (45%) 19%∗{13%} (53%∗{7%}) 14% (45%) 15%∗{3%} (56%∗{12%}) 25% (55%) 18% (57%∗{4%})

Table 3.15: ASCVD risk and primary prevention in FQHCs and Health Systems. HS = Health System, FQHC = Federally Qualified Health
Center, ∗p<0.05, and {adj. Beta}
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Implications of Findings

In the United States, healthcare delivery and data fragmentation make population health monitoring

with clinical data particularly challenging. This cohort study of individuals enrolled in CurrentCare

demonstrates the population health monitoring capabilities of a centralized HIE mapped to the

OMOP CDM. We present the first geographically defined evaluation of cardiovascular risk and

primary prevention practices. We found that the risk factors that inform the estimation of 10-year

ASCVD risk and risk-based guideline-directed cholesterol-lowering primary prevention with statins

are collected and stored longitudinally at the patient level across time and healthcare institutions

in RI. Aggregating and standardizing these data enabled granular longitudinal tracking of ASCVD

risk and statin therapy using risk factors collected at multiple healthcare institutions for a single

patient. The number of individuals included in the cohort increased over time with increasing HIE

enrollment and the onboarding of additional data partners. We expect this trend to accelerate with

the change from an ‘opt-in’ to an ‘opt-out’ consent model for CurrentCare, resulting in nearly all

RI individuals in the system.

Compared to the RI population, our cohort included more female (64% vs. 51%) and fewer Black

(7.0% vs. 8.8%) individuals. Diabetes prevalence in the cohort was significantly higher than the

general population (27% vs. 10.3%), likely due to sampling bias (i.e., patients with diabetes are

more likely to interact with the healthcare system). Orthogonal data for other risk factors were

unavailable for comparison. Cohort tobacco use was similar to the RI population (15.0% vs. 14.6%)

and is an indication of the quality of this variable within CurrentCare, especially given its importance

in estimating ASCVD risk.

Our cholesterol guideline adherence findings concur with the only modern United States-based popu-

lation study contemporary to current guidelines. In that study of the National Health and Nutrition

Examination Survey (NHANES), found nearly identical risk-based statin guideline adherence com-

pared to our cohort for intermediate (29% vs. 27%) and high (38% vs. 38%) risk populations

without diabetes [Jacobs et al., 2023]. All other recent studies pertaining to modern guideline ad-

herence are limited to a single healthcare system. These report a wide range of statin guideline

adherence, including substantially lower (e.g., 25%) [Dorsch et al., 2019] to substantially higher

(e.g., 72%) [Rashid et al., 2022] rates of statin use among risk-eligible patients. These comparisons
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demonstrate the substantial limitations of single-system studies for imputing regional healthcare

system practice patterns. In contrast, the concordance of our statin-adherence findings with those

derived in NHANES indicates that centrally managed HIE is likely a representative data source for

population health research and monitoring. Regardless, low adherence to statin guidelines highlights

the importance of developing effective alternative therapies for statin-intolerant individuals [Nissen

et al., 2023].

Prior studies of ASCVD risk and statin therapy that explored disparities by race and ethnicity have

found unfavorable risk factors [Howard et al., 2011], elevated rates of ASCVD events [Akinyelure

et al., 2021, Jacobs et al., 2023, Zakai et al., 2022], and reduced adherence to risk-based primary pre-

vention in Black and Hispanic individuals [Dorsch et al., 2019, Metser et al., 2021]. Here, we report

risk factors and 10-year ASCVD risk in Black and Hispanic individuals that are in accordance with

these findings. Notably, we found that statin guideline adherence in Black and Hispanic individuals

was the same or higher than in the cohort as a whole. This differs from prior reports. There are a

few interpretations of this finding. One is that disparities in statin guideline adherence from survey

data (e.g., NHANES) could result from disparities in healthcare access instead of healthcare delivery.

In other words, once patients access a clinician, statin care disparities may diminish or be elimi-

nated entirely. Secondly, guideline-directed primary prevention with statins for Black and Hispanic

individuals in RI with healthcare access may be better than for the United States population.

This is the first reported analysis that compares cardiovascular risk and primary prevention practices

according to care location type within a single geographic region. Comparing populations receiving

primary care at FQHCs to those at Health Systems, we found, as expected [Nath et al., 2016b], that

FQHCs serve higher proportions of Black and Hispanic individuals, and their patient population

has elevated ASCVD risk. This finding held across the intersection of FQHC care with race and

ethnicity, which indicates that care location and local population factors may provide better insight

into individual ASCVD risk than socially constructed racial categories [Fields and Fields, 2014]. For

example, Black patients of FQHCs had unfavorable risk factor profiles compared to Black patients

of Health Systems after controlling for non-modifiable risk factors. FQHC patients were more likely

to be on statins in accordance with risk-based guidelines. Despite this, the adjusted total choles-

terol of Black patients remained unfavorable compared to Health Systems patients. These findings
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demonstrate that FQHCs provide high-quality guideline-directed care to vulnerable populations that

remain predicted to have elevated rates of ASCVD events in the future.

The aggregation of ASCVD risk factors and standardization to a CDM in the context of a centrally

managed HIE form the basis for population clinical decision support. For example, an HIE-based

ASCVD risk dashboard could be deployed to aggregate the same risk factors, 10-year risk estimates,

and statin guideline recommendations reported to clinicians through the HIE web portal or made

available directly within a clinician’s EHR using technologies such as SMART-on-FHIR to access

the HIE data. Support for such a population health intervention includes reducing barriers to risk

estimation for clinicians [Bakhai et al., 2018, Rashid et al., 2022] and addressing the patient risk

perception gap [Fung et al., 2018], which have been shown to improve statin use. There are promis-

ing potential applications for several chronic diseases managed with pharmacotherapy, including

hypertension and diabetes, using centralized HIE.

Finally, the standardized collection of ASCVD risk factors and outcomes using aggregate population

health data is ripe for developing risk models. Population-specific models would avoid many of

the known pitfalls of the PCE, including population-dependent calibration [Colantonio et al., 2017,

DeFilippis et al., 2017, Emdin et al., 2017, Zhang et al., 2017], and could begin to address existing

race-based differences in treatment [Vasan and van den Heuvel, 2022].

Study Limitations

This study has some noteworthy limitations. Blood pressure measurements are a relatively new

contribution to CurrentCare by many data partners, which explains why the median risk follow-

up is significantly shorter than the study length. While this limits our ability to analyze statin

adherence beyond a few years, the demonstrated population health monitoring utility of HIE and

population statin guideline adherence remain strong. With the continued maturation of the HIE

through data partner onboarding, the ability to perform comprehensive population assessment will

only improve. Ideally, our assessment of statin adherence would have been performed using data that

included days of supply dispensed. This would have enabled a more granular (as opposed to binary)

assessment of statin adherence. While this is an area of ongoing interest, the concordance of our

findings at a population level with those in the previously published NHANES study is reassuring.
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An additional lack of precision in our results can be traced to deidentification requirements. In

particular, self-identified races other than “White” and “Black or African American” (e.g., Asian)

were redacted, and birth years were binned into five-year ranges leading to reduced precision of

risk estimation. Future studies with narrower data scopes may allow these data to be uncensored

while complying with deidentification concerns. Finally, CurrentCare does not have a method for

identifying individuals who have moved out of the RI healthcare catchment area. In our study, these

individuals remain under observation without additional data being collected, reducing the accuracy

of pertinent negative database queries. However, we believe the impact of this to be small.

Study Conclusions

This cohort study followed CurrentCare enrollees from 2013 to 2023 for ASCVD risk factors and

statin use patterns across RI healthcare institutions. Disparities in risk factors, 10-year risk, and

statin therapy were explored at the intersections of primary care location and racial and ethnic mi-

nority populations. Overall, statin guideline adherence was poor for both intermediate and high-risk

groups. Individuals receiving care at FQHCs were at higher risk of incident ASCVD, more likely

self-identify as Black and Hispanic, and more likely to be on guideline-directed statin therapy. De-

spite increased adherence to statin therapy guidelines, on average, FQHC patients’ total cholesterol

remained elevated compared to those receiving primary care at Health Systems.

3.3 Summary

Specific Aim 1 of this dissertation hypothesized that health information exchange (HIE) aggregates

cardiovascular disease risk factors that inform primary prevention care decisions for individual pa-

tients that would otherwise be missed by a single healthcare institution. This hypothesis was affirmed

by the work presented in the preceding chapter. The Rhode Island HIE was transformed into the

observational medical outcomes partnership common data model. Atherosclerotic cardiovascular

disease (ASCVD) risk factors were analyzed, 10-year ASCVD risk was estimated, and primary pre-

vention practices with statins were assessed on 62,999 individuals from 2013 to 2023. The majority of

these individuals had risk factors measured at more than one healthcare institution. Analysis of risk-

based primary prevention with statins demonstrated that population cholesterol guideline adherence

was poor at intermediate and high 10-year risk of incident ASCVD. These analyses demonstrated
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the utility of centrally managed HIE for population health monitoring and informing population

clinical decision support systems.



Chapter 4

Unsupervised Multi-Omics

Analysis to Identify Disease

Driving Biochemistry

Specific Aim 2 of this dissertation is to identify novel genomic and proteomic determinants of cir-

culating levels of clinically relevant plasma metabolites (Figure 4.1). This aim hypothesizes that

instrumental variable analysis of multi-omics data derived from banked human plasma samples will

identify novel causal inter-biomarker associations. Toward this goal, this chapter presents an unsu-

pervised analysis of protein-metabolite associations measured in human plasma across three popu-

lation studies, including, the Jackson Heart Study (JHS), the Multi-Ethnic Study of Atherosclerosis

(MESA), and the Health, Risk Factors, Exercise Training and Genetics (HERITAGE) Family study.

In aggregate, multi-omics measurements (i.e., genomics, proteomics, and metabolomics) on 3,626

individuals were analyzed. Single nucleotide polymorphisms (SNPs) that influence circulating levels

of proteins were used as instrumental variables for Mendelian randomization to test for causal asso-

ciations between proteins and metabolites. Top associations were validated in vivo by performing

metabolomics on knockout mice. The aim demonstrates the use of observational data from epidemi-

ology studies to triage experimental validation of clinically relevant biochemical relationships.

96
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Figure 4.1: Overview of Specific Aim 2

4.1 Proteomic and Metabolomics of Human Plasma Samples

This chapter is a derivative of work that has been submitted to and is under revision by Cell

Metabolism (12/2022). The work has been submitted as equal contribution and co-first authorship

with Mark Benson and under senior mentorship of Robert Gerszten.

The integration of metabolomic and proteomic profiling data from large-scale population studies

offers the opportunity to connect circulating proteins and metabolites as pathway partners in human

physiology. Mass spectrometry-based metabolomics approaches measure low-molecular weight lipids,

organic acids, nucleic acids, and other key chemical mediators of central metabolic and signaling

pathways. Affinity-based proteomics techniques measure many of the secreted enzymes, transporters,

cytokines, peptide hormones, and other proteins that catalyze and regulate these pathways. For

example, small molecule profiling techniques can measure thyroxine, while proteomics can measure

the transporter thyroxine-binding globulin that regulates circulating levels of this metabolite in the

thyroid hormone signaling pathway. Similarly, the amino acids aspartate and glutamate, as well as

the enzyme aspartate transaminase that catalyzes the interconversion of these two compounds can be

assayed by these complementary techniques in the same biological sample. Combining metabolomics
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and proteomics data may provide insights into new transporter-ligand, enzyme-substrate, and other

protein-metabolite pairs that can be used for pathway discovery. However, the systematic integration

of metabolomics and proteomics data from large-scale population studies to identify these biological

relationships is still in its nascent stages.

Genome-wide association studies (GWAS) of plasma metabolites [Gieger et al., 2008, Illig et al.,

2010, Kettunen et al., 2012, Long et al., 2017, Lotta et al., 2021, Rhee et al., 2013, Rhee et al.,

2016, Shin et al., 2014, Suhre et al., 2011, Tahir et al., 2022, Yin et al., 2022, Yousri et al., 2018]

and protein levels [Benson et al., 2017, Di Narzo et al., 2017, Emilsson et al., 2018, Ferkingstad

et al., 2021, Folkersen et al., 2017, Gudjonsson et al., 2022, Katz et al., 2022, Lourdusamy et al.,

2012, Pietzner et al., 2021, Pietzner et al., 2020, Png et al., 2021, Suhre et al., 2017, Sun et al.,

2018, Yao et al., 2018, Zhong et al., 2021] in large-scale population studies have been increasingly

leveraged to identify causal determinants of circulating factors in human plasma. For example,

plasma proline levels are strongly associated with genetic variants in the PRODH locus that encodes

proline dehydrogenase, as well as variants in other enzymes that are important in the catabolism of

this metabolite [Kettunen et al., 2012, Rhee et al., 2013]. Similarly, GWAS of thrombin protein levels

and other blood clotting factors have confirmed pathway relationships within the coagulation cascade

[Katz et al., 2022, Olson et al., 2015]. While novel gene-metabolite or gene-protein associations have

been identified and then validated in experimental model systems [Benson et al., 2017, Carayol et al.,

2017, Kraus et al., 2015, Rhee et al., 2013, Solomon et al., 2016], systematic studies that leverage

human genetics to illuminate novel protein-metabolite associations are lacking.

To determine causal associations between circulating proteins and metabolites, mass spectrometry-

based metabolomics and aptamer-based proteomics profiling of plasma samples were analyzed from

3,626 individuals in three cohorts: the Jackson Heart Study (JHS),1 the Multi-Ethnic Study of

1The Jackson Heart Study (JHS) is supported and conducted in collaboration with Jackson State Univer-
sity (HHSN268201800013I), Tougaloo College (HHSN268201800014I), the Mississippi State Department of Health
(HHSN268201800015I/HHSN26800001) and the University of Mississippi Medical Center (HHSN268201800010I,
HHSN268201800011I and HHSN268201800012I) contracts from the National Heart, Lung, and Blood Institute and
the National Institute for Minority Health and Health Disparities (NIMHD). Molecular data for the Trans-Omics in
Precision Medicine (TOPMed) program was supported by the National Heart, Lung and Blood Institute. Genome
sequencing for “NHLBI TOPMed: The Jackson Heart Study” (phs000964.v1.p1) was performed at the Northwest
Genomics Center (HHSN268201100037C). Core support including centralized genomic read mapping and genotype
calling, along with variant quality metrics and filtering were provided by the TOPMed Informatics Research Cen-
ter (3R01HL-117626-02S1; contract HHSN268201800002I). Core support including phenotype harmonization, data
management, sample-identity QC, and general program coordination were provided by the TOPMed Data Coordinat-
ing Center (R01HL-120393; U01HL-120393; contract HHSN268201800001I). We gratefully acknowledge the studies
and participants who provided biological samples and data for TOPMed. The authors wish to thank the staff and
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Atherosclerosis (MESA),2 and the Health, Risk Factors, Exercise Training and Genetics (HER-

ITAGE)3 Family study. In total, the relationships between circulating levels of 1302 proteins and

365 metabolites were measured in the same banked plasma samples. Toward this goal, every pair-

wise protein-metabolite combination was evaluated for correlation and then correlations were ex-

amined in aggregate for enrichment by specific metabolite class. Genetic data from each study

was leveraged to perform Mendelian randomization (MR) analyses to identify putative causal re-

lationships of circulating proteins with plasma metabolite levels. Top protein-to-metabolite MR

associations were experimentally validated in proof-of-concept plasma metabolomics studies in three

murine knockout models. Further, all protein-metabolite association results have been provided as

a publicly available dataset for pathway discovery in human metabolism and disease (linked from:

https://github.com/aeisman/protein-metabolite).

4.2 Triaging Proteomic and Metabolomic Association Stud-

ies with Enrichment Analyses

We studied the relationships between circulating levels of 1302 proteins and 365 metabolites mea-

sured in fasting plasma samples from participants of the Jackson Heart Study (JHS, n=1985), the

Multi-Ethnic Study of Atherosclerosis (MESA, n=983), and the Health, Risk Factors, Exercise

Training and Genetics (HERITAGE) Family study (n=658). An overview of the study design is

participants of the JHS.
2Whole genome sequencing (WGS) for the Trans-Omics in Precision Medicine program was supported by the Na-

tional Heart, Lung and Blood Institute. WGS for “NHLBI TOPMed: Multi-Ethnic Study of Atherosclerosis (MESA)”
(phs001416.v1.p1) was performed at the Broad Institute of MIT and Harvard (3U54HG003067-13S1). Centralized read
mapping and genotype calling, along with variant quality metrics and filtering were provided by the TOPMed Infor-
matics Research Center (3R01HL-117626-02S1). Phenotype harmonization, data management, sample-identity QC,
and general study coordination, were provided by the TOPMed Data Coordinating Center (3R01HL-120393-02S1).
The MESA projects are conducted and supported by the National Heart, Lung, and Blood Institute in collaboration
with MESA investigators. Support for the Multi-Ethnic Study of Atherosclerosis (MESA) projects are conducted
and supported by the National Heart, Lung, and Blood Institute in collaboration with MESA investigators. Support
for MESA is provided by contracts 75N92020D00001, HHSN268201500003I, N01-HC-95159, 75N92020D00005, N01-
HC-95160, 75N92020D00002, N01-HC-95161, 75N92020D00003, N01-HC-95162, 75N92020D00006, N01-HC-95163,
75N92020D00004, N01-HC-95164, 75N92020D00007, N01-HC-95165, N01-HC-95166, N01-HC-95167, N01-HC-95168,
N01-HC-95169, UL1-TR-000040, UL1-TR-001079, and UL1-TR-001420. Also supported in part by the National Cen-
ter for Advancing Translational Sciences, CTSI grant UL1TR001881, and the National Institute of Diabetes and
Digestive and Kidney Disease Diabetes Research Center (DRC) grant DK063491 to the Southern California Diabetes
Endocrinology Research Center.

3We thank Drs. Arthur S. Leon, D.C. Rao, James S. Skinner, Tuomo Rankinen, Jacques Gagnon, and the late
Jack H. Wilmore for contributions to the planning, data collection, and conduct of the HERITAGE project. This
research was partially funded by National Heart, Lung, and Blood Institute Grants HL-45670, HL-47317, HL-47321,
HL-47323, and HL-47327, all in support of the HERITAGE Family Study. C. B. is partially funded by the John
W. Barton Sr. Chair in Genetics and Nutrition, and NIH COBRE grant (NIH P30GM118430-01). Dr. Sarzynski is
supported by R01HL146462.

https://github.com/aeisman/protein-metabolite
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Figure 4.2: The integration of human plasma proteomic, metabolomic, and genomic profiling data
for pathway discovery. Flow diagram detailing the experimental pipeline and main results from the
integration of plasma proteomic, metabolomic, and genomic profiling datasets in the Jackson Heart
Study (JHS), Multi-Ethnic Study of Atherosclerosis (MESA), and Health, Risk Factors, Exercise
Training and Genetics Study (HERITAGE Family study). WGAS - whole genome association study,
GWAS - genome wide association study.

provided in Figure 4.2, which included 1) correlation analyses between every pairwise combination

of each protein and metabolite, 2) enrichment analyses to detect proteins that are highly associated

with specific classes of metabolites, 3) Mendelian randomization (MR) analyses to identify puta-

tive causal relationships of circulating proteins and metabolite plasma levels, and 4) experimental

validation of a subset of the top protein-to-metabolite MR associations in proof of concept plasma

metabolomics studies in three murine knockout models.
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Protein-metabolite correlations in human plasma

Pearson correlation coefficients were calculated for every pairwise protein-metabolite combination

within the JHS, MESA, and HERITAGE Family study using age- and sex-adjusted, log-normalized,

and standardized protein and metabolite levels. We identified a set of protein and metabolite

pairs in each cohort that were significantly correlated with an FDR-adjusted q-value ≤ 0.05 (Fig-

ure 4.3a). Meta-analyses of these correlations across the three studies identified 171,800 significant

protein-metabolite correlations (q-value ≤ 0.05). Ninety-seven percent of these correlations remained

significant when further adjusted for body mass index (BMI), and 87% remained significant when ad-

ditionally adjusted for estimated glomerular filtration rate (eGFR) to account for potential effects of

kidney function on the circulating proteins in multivariable adjusted (MVA) analyses (Figure 4.3b).

The magnitude and directionality of correlation coefficients were consistent across the individual

studies (Figure 4.3c).

As anticipated, several of the most significant correlations reflected well-characterized protein-

metabolite biological relationships. These included associations between plasma binding proteins

such as thyroxine binding globulin and thyroxine (correlation coefficient = 0.51, q-value ≤ 1.0 x

10E-300), plasma transporters such as apolipoprotein E (APOE) and lipids including diacylglycerol

C36:3 (correlation coefficient = 0.51, q-value ≤ 1.0 x 10E-300), and plasma enzymes such as as-

partate transaminase (AST) and its canonical substrate aspartate (correlation coefficient = -0.07,

q-value = 8.4 x 10E-5) and product glutamate (correlation coefficient = 0.23, q-value = 5.3 x 10E-

48). Visualization of the tens of thousands of additional, previously unexplored protein-metabolite

correlations using a heat map demonstrated distinct patterns of correlations between individual pro-

teins and members of specific metabolite classes (Figure 4.4d). For example, the protein hormone

insulin demonstrated positive correlations with metabolites within the carbohydrate, glycerolipid,

acyl carnitine, branched chain amino acid, and aromatic amino acid classes and inverse correlations

with metabolites within the lysophosphatidylethanolamine (LPE), lysophosphatidylcholine (LPC),

and polar uncharged amino acid classes (Figure 4.4e). The hormones adiponectin and ghrelin sim-

ilarly demonstrated strong metabolite correlations within lipid and amino acid class lines. Finally,

the hormone fibroblast growth factor 19 (FGF19), a regulator of bile acid synthesis [Holt et al.,

2003], demonstrated marked positive correlations within the bile acid metabolite class. While the

clustering of these correlations within specific metabolite classes was consistent with known functions
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Figure 4.3: Protein-metabolite correlations in human plasma (panel 1). Pearson correlation coeffi-
cients were calculated for every pairwise protein-metabolite combination within the JHS, MESA, and
HERITAGE Family study using age- and sex-adjusted, log-normalized, and standardized protein and
metabolite levels. (A) A subset of proteins and metabolites were positively (red) or negatively (blue)
correlated with an FDR-adjusted q-value ≤0.05 in each study, and in a meta-analysis of the three
studies. (B) Ninety-seven percent of the meta-analyzed age- and sex-adjusted protein-metabolite
correlations remained significant with an FDR-adjusted q-value ≤0.05 when further adjusted for
BMI, and 87% remained significant when additionally adjusted for eGFR. (C) The magnitude and
directionality of the meta-analyzed age- and sex-adjusted protein-metabolite correlations were con-
sistent across studies.
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of each of these central metabolic hormones, these analyses also provided novel details regarding in-

teractions with specific subclasses of metabolite species for each protein, particularly in the context

of human physiology. For example, insulin demonstrated strong positive correlations with several

saturated fatty acids (e.g., butyric acid, q-value 5.6 x 10E-3) and quinolone carboxylic acids (e.g.,

xanthurenic acid, q-value 7.3 x 10E-10), as well as inverse correlations with unsaturated fatty acids

(e.g., linoleic acid, q-value 3.7 x 10E-3), amino fatty acids (e.g., 2-aminoisobutyric acid, q-value 4.9

x 10E-8), N-acyl amines (e.g., N-oleoyl-glycine, q-value 8.1 x 10E-8) and dicarboxylic acids (e.g.,

malonic acid, q-value 2.9 x 10E-3).

Protein correlations are enriched for specific classes of metabolites in hu-

man plasma

To characterize protein-metabolite correlations more systematically, we investigated whether ranked

metabolite correlations for each protein were significantly enriched for specific sets of metabolite

classes, analogous to Gene Set Enrichment Analyses (GSEA) [Mootha et al., 2003, Subramanian

et al., 2005]. As an initial proof of concept, we confirmed that the most significantly correlated

metabolites with plasma levels of APOE protein were members of the lipid metabolite class, con-

sistent with the well-established role of APOE in lipid transport (Figure 4.5a). To quantitate this

overrepresentation of lipid metabolites among the strongest correlations with APOE, a plot of the

running sum statistic for these lipids in the ranked correlation data was used to generate an enrich-

ment score (ES)(Figure 4.5b). The enrichment score could be assessed for statistical significance

from the null hypothesis of no enrichment of correlations for lipid metabolites for APOE using a

permutation test as detailed in Methods. This analysis was then repeated for each of the 1302

measured plasma proteins in the dataset.

As shown in Figure 4.5c, we identified 241 proteins that were significantly enriched for correlations

with plasma lipids (q-value ≤ 0.05). These included proteins with well-established roles in lipid

metabolism such as proprotein convertase subtilisin/kexin type 9, apolipoprotein B, low-density

lipoprotein receptor-related protein 1B, and angiopoietin-like 4. Many novel protein-lipid findings

included associations with several members of the cathepsin proteases (CTSA, CTSB, and CTSF),

serpin peptidase inhibitors (AGT, SERPING1, and SERPIND1), and secreted glycoproteins (NID1,
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Figure 4.4: Protein-metabolite correlations in human plasma (panel 2). Pearson correlation coef-
ficients were calculated for every pairwise protein-metabolite combination within the JHS, MESA,
and HERITAGE Family study using age- and sex-adjusted, log-normalized, and standardized pro-
tein and metabolite levels. (D) Visualization of the protein-metabolite correlations using a heat map
demonstrated distinct patterns of associations between individual proteins and members of specific
classes of metabolites. Individual metabolites were ordered according to RefMet class along the
y-axis, and proteins were allowed to order using a hierarchical cluster analysis along the x-axis. The
magnitude and directionality of the correlation coefficient for each protein-metabolite association is
depicted by color, as indicated in the legend. (E) The statistical significance (-log(p-value)) of the
correlation between each metabolite and four representative protein hormones is shown.
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Figure 4.5: Protein correlations are significantly enriched for specific metabolite classes. (A) A
volcano plot demonstrates that the most significantly correlated metabolites with plasma levels of
APOE protein were members of the lipid metabolite class. (B) To evaluate this enrichment for lipids
more quantitatively, an enrichment score (ES) was computed and visualized as the maximum point
(marked with •) of a running sum statistic that increases proportionally with each lipid and decreases
with non-lipids along the ranked list of metabolite correlations with plasma levels of APOE. (C)
241 proteins were significantly enriched for correlations with plasma lipids (FDR-adjusted q-value
≤ 0.05). In the top panel, the ES tracings are shown for each individual protein, and the ten
proteins with the highest enrichment scores are listed. In the bottom panel, proteins are ordered
in descending order of calculated enrichment scores (horizontal axis), and the number of proteins
significantly enriched for correlations with lipids (FDR-adjusted q-value ≤ 0.05) is indicated with
the vertical red line. Similar enrichment analyses are shown for Amino and Organic Acids (D),
Carbohydrates (E), and Nucleic Acids (F).
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NID2, LAMA1, and GPC6). Further, the broad survey of proteins in this analysis identified addi-

tional protein pathway partners that demonstrated enriched correlations for lipid metabolites. A

notable example of this included the identification of a pathway node centered on the scavenger

receptor CD36, which functions as a high-affinity receptor for long chain fatty acids and other lig-

ands in rodent models and has been implicated in fat metabolism traits in humans [Coburn et al.,

2000, Harmon and Abumrad, 1993, Ibrahimi et al., 1999, Melis et al., 2017, Yanai et al., 2000].

The CD36 receptor was not only itself highly enriched for correlations with plasma lipid metabo-

lites (q-value = 1.1 x 10E-3), but two well-established regulatory protein ligands of the receptor,

thrombospondin 1 [Asch et al., 1987] and CD5 Molecule Like [Kurokawa et al., 2010], were also

highly enriched for correlations with plasma lipids (THBS1, q-value = 8.3 x 10E-3; CD5L, q-value =

4.5 x 10E-3), highlighting the potential role for this receptor and associated ligands in human lipid

metabolism.

We next expanded our analysis to identify proteins with correlations that were enriched for addi-

tional major classes of metabolites (Figure 4.5d-f). Interestingly, we identified 360 proteins with

correlations that were significantly enriched for circulating nucleic acids. Among these were pro-

teins with well-established roles in nucleotide metabolism, such as nucleoside diphosphate kinase

B, nucleoside diphosphate kinase A, ectonucleoside triphosphate diphosphohydrolase 1, thymidine

kinase 1, and adenylate kinase isoenzyme 1. These nucleoside kinases maintain the balance between

nucleoside mono-, di- and triphosphates (e.g., AMP, ADP, and ATP) and several are known to

circulate in human plasma with 1 nM concentrations [Desiere et al., 2006]. While they have been

demonstrated to be secreted and to regulate extracellular ATP synthesis in model systems [Choo

et al., 2008, Romani et al., 2018, Yokdang et al., 2011], their role in human plasma has not previously

been fully elucidated.

We also identified 43 proteins with correlations that were significantly enriched for amino and or-

ganic acids. Several of these included proteins with well-established roles in the regulation of pro-

tein metabolism such as growth hormone receptor, insulin-like growth factor binding protein 2, and

adiponectin. Interestingly, one of the top proteins enriched for correlations with amino and or-

ganic acids was the enzyme aminoacylase-1 (ACY1, q-value = 2.9 x 10E-3) which can hydrolyze

N-acetyl-amino acids to free amino acids in isolated human and murine plasma [Ngo et al., 2021].
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These enrichment data suggest that ACY1 may play a broader role in human plasma amino acid

homeostasis, extending prior observations [Corey et al., 2022, Emilsson et al., 2018, Sass et al.,

2006, Van Coster et al., 2005].

4.3 Protein-Metabolite Association Studies Identify Novel

Proteomic Determinants of Metabolite Levels in Human

Plasma

To identify potential causal relationships of circulating proteins on metabolite levels in human

plasma, we next performed Mendelian randomization (MR) analyses. This approach leveraged whole

genome- or genome-wide association studies (WGAS, GWAS) of each plasma protein and metabo-

lite level in JHS, MESA, and HERITAGE Family study participants. Genetic variants within 1

mega-base (Mb) of the coding gene for each protein (“cis” variants) that were independent (linkage

disequilibrium r2 ≤ 0.001) and strongly associated with circulating levels of the protein (Bonferroni-

adjusted p-value ≤ 0.05) were used as instrumental variables to assess whether plasma levels of each

protein (exposure) had a causal effect on correlated plasma metabolite levels (outcome) using the

inverse-variance weighted (IVW) method [Burgess et al., 2017a, Burgess et al., 2013, Burgess et al.,

2019, Burgess and Thompson, 2015, Davey Smith and Hemani, 2014, Smith and Ebrahim, 2003].

Several robust methods, including the limited information maximum likelihood (LIML) [Burgess

et al., 2011], as well as the MR-Egger [Bowden et al., 2015], median [Han, 2008], and median-

weighted [Bowden et al., 2016] robust methods when instruments contained more than two genetic

variants, were used to assess the sensitivity of these analyses, as described in Methods.

We found that 547 of the 1302 proteins had cis variants that could be used as instrumental variables

in MR analyses (Figure 4.6a). Proteins with available cis instruments spanned the genome (Figure

4.6b), and the majority of instruments were located in very close proximity to the transcriptional

start site (TSS) of the protein coding gene (Figure 4.6c). We restricted our analyses to include only

instruments in cis to the coding gene for each protein so that the effect of these instruments on

the metabolite was likely to run through the protein exposure, rather than through an alternative,

potentially pleiotropic biochemical pathway [Mokry et al., 2015, Sarwar et al., 2012, Wensley et al.,
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2011].

In total, we identified 224 putative protein-to-metabolite causal associations between 52 proteins

and 146 metabolites that were highly significant (q-value ≤ 0.05) (Figure 4.6d). Among the top

MR findings were several examples of the well-established causal role that APOE protein plays

in modulating plasma levels of lipids, fat-soluble vitamins, and cholesterol. These included MR

associations between APOE protein and several glycerophospholipids (e.g., C38:5 PE plasmalogen;

IVW beta -0.29, q-value 1.9x10E-7, LIML q-value 1.0x10E-6), phosphosphingolipids, and the lipid-

soluble vitamin retinol.

These analyses also detected strong putative causal associations for several other proteins that were

identified to have correlations with lipids, amino and organic acids, and nucleic acids in the en-

richment analyses above. For example, we detected strong MR associations between the CD36

scavenger receptor and numerous lipid species not previously associated with this protein, including

glycerophospholipids (e.g., C38:7 PE plasmalogen; IVW beta -0.28, q-value 1.2x10E-15, LIML q-

value 9.6x10E-15), acyl carnitines, sphingomyelins, ceramides, and steroids (Figure 4d). Notably, we

detected strong MR associations between CD36 and several polyunsaturated fatty acids, including

eicosapentaenoic acid (EPA), docosahexaenoic acid (DHA), and arachidonic acid. These polyunsat-

urated fatty acids play a key role in eicosanoid signaling. CD36 has been implicated in the cellular

uptake of polyunsaturated fatty acids using in vitro models [Franekova et al., 2015, Glatz and Luiken,

2015]. However, these findings may suggest a broader role for CD36 as a central regulator of lipid

homeostasis in human plasma.

There were also strong MR associations between the enzyme ACY1 and several N-acetyl amino

acids, including N-acetyl-glutamate (IVW beta -1.25, q-value 1.9x10E-33, LIML q-value 4.5x10E-

12), N-acetyl-alanine, N-acetyl-glutamine, and N-acetyl-serine (Figure 4d). Circulating levels of

N-acetyl amino acids are known to be tightly regulated and have recently been tied to several

cardiometabolic phenotypes in human population studies, such as insulin resistance47, incident

coronary artery disease [Cruz et al., 2022], and incident heart failure [Tahir et al., 2021]. These MR

results are consistent with the known role of ACY1 in modulating the levels of these N-acetyl-amino

acids in human plasma.
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Figure 4.6: Mendelian randomization analyses identify putative causal protein-to-metabolite associ-
ations in humans. Proteins with at least one pQTL in cis (located within 1Mb) of the protein coding
gene that could be used as an instrumental variable (IV) in Mendelian randomization (MR) analyses
are depicted in blue (A). The proteins with available cis instruments were distributed evenly across
the genome (B). pQTLs used in IVs were generally located near the transcriptional start site (TSS)
of the protein coding gene (C). A volcano plot depicts the 224 significant MR associations between
52 proteins and 146 metabolites with an FDR-adjusted q-value ≤ 0.05 (D). The three proteins with
the most significant MR metabolite associations are depicted by distinct shapes described in the
figure legend.
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Intriguingly, proprotein convertase subtilisin/kexin type 9 (PCSK9) demonstrated putative causal

associations with multiple acyl carnitines, including CAR 18:1 (IVW beta -0.52, q-value 5.8 x 10E-4,

LIML q-value 1.5 x 10E-3), CAR 18:2, CAR 16:0, and CAR 14:1 (Figure 4d). Acyl carnitines were

among the most strongly associated metabolites with PCSK9 protein in pairwise Pearson correlation

analyses (e.g., CAR 18:1 correlation coefficient -0.26, q-value 6.5 x 10E-64). Carnitines play a key

role in the regulation of energy metabolism by facilitating the transport of long-chain fatty acids

from adipose tissues to target cells. While PCSK9 has recently been shown to reduce the uptake

of long-chain fatty acids by adipocytes in a cell culture system [Demers et al., 2015], these MR

association data suggest a potential role for PCSK9 in regulating the carnitine transport system in

human plasma.

Protein-to-metabolite causal associations predicted by MR analyses in human plasma experimentally

validated in three murine knockout models.

As a proof of concept to test the causal protein-to-metabolite associations predicted by MR analyses

above, we conducted plasma metabolomics on available C57BL/6 murine knockout (KO) strains for

the three proteins that had the most significant MR metabolite associations (CD36, APOE, and

ACY1) and compared these to wild-type (WT) controls.

The CD36 scavenger receptor was predicted to have a causal association with 68 metabolites in

the human MR analyses above (q-value ≤ 0.10), 50 of which were also measured in the CD36 KO

mouse. We identified significant differences in the plasma levels of 27 of these metabolites (54%) in

metabolomic profiling studies of the CD36 KO animals (n=6) versus WT controls (n=8; p≤0.05)

(Figure 4.7). These included experimental validation of predicted causal relationships with specific

glycerophospholipids, sphingolipids, and fatty acyls, including causal associations of CD36 with

circulating levels of the central signaling fatty acids docosahexaenoic acid (DHA; CD36 KO/WT

fold-change = 0.73 ± 0.06, p-value = 0.01) and arachidonic acid (CD36 KO/WT fold-change = 0.74

± 0.04, p-value = 0.01).

Similarly, APOE was predicted to have causal associations with 13 metabolites in the human MR

analyses (q-value ≤ 0.10), and we detected significant differences with the expected directionality

in the plasma levels of four of these metabolites in APOE KO animals (n=6) versus WT controls
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Figure 4.7: Protein-to-metabolite causal associations predicted by Mendelian randomization analyses
in humans experimentally validate in murine knockout models (panel 1). Plasma metabolomics was
conducted on C57BL/6 murine knockout (KO) strains for CD36 (n=6), APOE (n=6), and ACY1
(n=6) and compared to wild type (WT) controls (n=8). Scatterplots depict the number of predicted
protein-to-metabolite MR associations in humans (with q ≤ 0.1) that validated in each murine model
(with p≤0.05, highlighted in color), as well as the concordance in directionality of these associations
(a, c, e). The position on the x axis represents the p-value of the predicted MR association between
each protein and metabolite level in the human studies. The position on the y axis represents the
p-value of the difference in metabolite level between KO and WT mice. Metabolites on the right
half of the scatterplots are predicted to be positively associated with each protein by MR, whereas
metabolites on the left half are predicted to be inversely associated with each protein. Similarly,
metabolites on the top half of the scatterplots were higher in KO vs WT animals, whereas metabolites
on the bottom half were lower in KO vs. WT animals. The northwest and southeast quadrants of
each scatter plot are shaded to depict consistent directionality between the MR predictions and KO
experiments. The levels of each metabolite that were significantly different in KO vs. WT animals
(p ≤ 0.05) are shown as fold changes compared to WT animals (b, d, f). * indicates P<0.05, and
** indicates P < 0.01 by students two tailed t-test.
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(n=8; p≤0.05) (Figure 4.7). Notably, each of the four experimentally validated metabolites were

phosphatidylethanolamine (PE) plasmalogens, including C38:6 (APOE KO/WT fold-change = 1.30

± 0.05, p-value = 9.47x10E-4), C38:5, C36:3, and C40:7 PE plasmalogens. PEs have been speculated

to interact with APOE following the hepatic secretion of nascent very low density lipoprotein (VLDL)

particles in cell-based in vitro studies [Agren et al., 2005, Hamilton and Fielding, 1989]. These

findings may suggest a causal role for APOE in the regulation of circulation PE plasmalogen levels

in human plasma.

Finally, the circulating enzyme ACY1 was predicted to have causal associations with five metabolites

in human MR studies, and we detected directionally-consistent significant differences in the plasma

levels of four of these metabolites (80%) in ACY1 KO animals (n=6) versus WT controls (n=8;

p ≤ 0.05)(Figure 4.7), including N-acetyl-glutamate (ACY1 KO/WT fold-change = 7.19 ± 0.57,

p-value = 1.11x10E-6), N-acetyl-glutamine, N-acetyl-serine, and N-acetyl-alanine.

In total, we experimentally validated 35 of the 68 (51%) predicted protein-to-metabolite MR asso-

ciations. Further, we experimentally validated 62 additional protein-metabolite associations with

significant pairwise Pearson correlations (q ≤ 0.05) that either did not have an available MR instru-

mental variable or were not captured by MR analyses.

4.4 Integrated Multi-Omic Analysis of Banked Human Plasma

Samples Augments Existing in vitro Evidence of Protein-

Metabolite Associations

This study leveraged metabolomic and proteomic profiling of plasma samples from three human

cohorts to determine if the integration of these datasets may identify novel causal relationships

between specific circulating proteins and metabolites. The profiling data from the JHS, MESA, and

HERITAGE Family studies were “harmonized,” in that we used the same mass spectrometry-based

metabolomics and aptamer-based proteomics platforms in parallel across each of the 3,626 samples,

providing an ideal opportunity to perform protein-metabolite association studies. Additionally,

genomic data were available for each participant, allowing for the study of putative protein-to-

metabolite causal associations with Mendelian randomization analyses and follow-up studies in a
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Figure 4.8: Protein-to-metabolite causal associations predicted by Mendelian randomization analyses
in humans experimentally validate in murine knockout models (panel 2). Plasma metabolomics was
conducted on C57BL/6 murine knockout (KO) strains for CD36 (n=6), APOE (n=6), and ACY1
(n=6) and compared to wild type (WT) controls (n=8). Scatterplots depict the number of predicted
protein-to-metabolite MR associations in humans (with q ≤ 0.1) that validated in each murine model
(with p≤0.05, highlighted in color), as well as the concordance in directionality of these associations
(a, c, e). The position on the x axis represents the p-value of the predicted MR association between
each protein and metabolite level in the human studies. The position on the y axis represents the
p-value of the difference in metabolite level between KO and WT mice. Metabolites on the right
half of the scatterplots are predicted to be positively associated with each protein by MR, whereas
metabolites on the left half are predicted to be inversely associated with each protein. Similarly,
metabolites on the top half of the scatterplots were higher in KO vs WT animals, whereas metabolites
on the bottom half were lower in KO vs. WT animals. The northwest and southeast quadrants of
each scatter plot are shaded to depict consistent directionality between the MR predictions and KO
experiments. The levels of each metabolite that were significantly different in KO vs. WT animals
(p ≤ 0.05) are shown as fold changes compared to WT animals (b, d, f). * indicates P<0.05, and
** indicates P < 0.01 by students two tailed t-test.
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select group of knockout mice. This analysis provides several important initial insights into the

integration of metabolomic and proteomic profiling data for pathway discovery.

First, we show that known protein-metabolite associations that are key to established metabolic

and signaling pathways (e.g., thyroxine binding globulin protein and thyroxine metabolite, aspartate

transaminase (AST) protein and enzymatic substrate/products aspartate and glutamate metabo-

lites) can be detected in banked samples from population studies. Further, as might be expected

for proteins and metabolites that are related though a shared biological pathway, these associa-

tions persist despite adjustment for broad baseline characteristics of study participants (e.g., age,

sex, BMI, eGFR), are reproducible across studies conducted at different geographical locations at

different times, and in participants of diverse race and ethnicity.

Second, this study leverages protein-metabolite association data to link protein-metabolite relation-

ships previously identified in model systems to human biology. We used protein-metabolite corre-

lation data to perform enrichment analyses and identify several examples of protein-lipid, protein-

amino acid, and protein-nucleic acid associations that have been studied in cell- and animal-based

systems, but that have not to our knowledge been previously demonstrated in human plasma. For

example, the secreted protease Cathepsin B has emerged as a potential novel lipid regulatory protein

in several experimental model systems. Knockout of the Cathepsin B gene results in marked improve-

ments in liver triglyceride and blood total cholesterol levels in a murine model of nonalcoholic fatty

liver disease [Fang et al., 2020]. Mechanistically, Cathepsin B has been shown in cultured cell-based

model systems to regulate very-low-density lipoprotein (VLDL) secretion and free fatty acid uptake

by cleaving liver fatty acid-binding protein (LFAB) [Thibeaux et al., 2018]. The protein-metabolite

enrichment analyses presented here extend these experimental findings and provide strong rationale

for further study of Cathepsin B in human plasma lipid homeostasis.

Similarly, extensive experimental data have demonstrated a key role for adenylate kinase and ecto-

nucleoside diphosphokinase nucleotide conversion enzymes in the regulation of extracellular ATP

levels in cultured hepatocytes [Fabre et al., 2006], endothelial cells [Yegutkin et al., 2002], and

lymphoid cells [Yegutkin et al., 2002], as well as in human vitreous fluid [Zeiner et al., 2019]. The

protein-metabolite association data in the current study build on these mechanistic observations and

suggest a role for these enzymes in the regulation of extracellular ATP and purine signaling that
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is reflected in human plasma. Importantly, while we used an enrichment analysis strategy based

on GSEA [Mootha et al., 2003, Subramanian et al., 2005] to interrogate the protein-metabolite

association data in this study, additional methods could be employed to query these extensive data

for pathway discovery. Thus, we have made the complete protein-metabolite association study

dataset publicly available for further analyses.

Third, this study demonstrates how Mendelian randomization analyses can be leveraged to “triage”

putative causal protein-to-metabolite associations from protein-metabolite correlation data for fur-

ther experimental study. By integrating genetic data with our protein-metabolite association find-

ings, we were able to use genetic variants located in or near the coding gene for a measured protein

to examine the causal effect of that protein exposure on a metabolite outcome in human plasma.

Approximately 40% of the measured proteins in our studies had strong, independent associations

with genetic variants in cis to the protein cognate gene that could be used as instruments in MR

analyses. Notably, the use of three cohorts representing diverse race/ethnicities and minor allele

frequencies improved the ability to identify MR instruments. For example, the inclusion of African

Americans in the JHS highlighted the variant rs2229152 (JHS MAF=1.7%) as an instrument for

circulating ACY1 protein. This missense variant has been linked to the rare autosomal recessive

inborn error of metabolism ACY1 deficiency that often manifests with neurologic symptoms in hu-

mans (MIM 609924) [Sommer et al., 2011], was strongly associated with circulating levels of ACY1

protein in JHS, and provided an MR instrument to support putative causal roles for ACY1 protein

on plasma levels of N-acetyl-glutamate, N-acetyl-glutamine, N-acetyl-serine, and N-acetyl-alanine

in JHS, each of which was experimentally validated in our murine ACY1 knockout studies. This

variant is too rare in European populations (ALFA European MAF=0.0003) to have been captured

for study in the MESA (MAF=0.006) or HERITAGE Family study (MAF=0.004), and thus would

not have been available for analysis if not for inclusion of the JHS. This suggests that as an in-

creasing number of multi-omics studies in diverse populations become available, our ability to study

biologically significant protein-metabolite relationships will also improve.

It is also notable that over half (51%, 35 of 68) of the tested protein-to-metabolite MR associations

experimentally validated in our three murine knockout models with at least nominal levels of signifi-

cance (p ≤ 0.05). This suggests that a significant fraction of the 224 total protein-to-metabolite MR
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associations that we have identified point to biological relationships that can be further elucidated

in model systems. Further, 62 additional protein-metabolite associations that were identified in the

pair-wise Pearson correlation analyses but either did not have an available MR instrumental vari-

able or were not captured by MR analyses validated in the murine models. This indicates that the

protein-metabolite association data may highlight a substantial number of additional, biologically

significant relationships, and that MR and Pearson correlation data can identify both overlapping

and distinct causal associations.

Finally, we have identified several specific examples of protein-metabolite associations that suggest

novel regulatory mechanisms affecting plasma metabolites. These included experimental validation

of 27 (54%) of the predicted MR associations between the scavenger receptor CD36 protein and

levels of plasma lipid metabolites. CD36 has been well-documented to regulate fatty acid uptake

in a number of cell types in rodent models, including hematopoietic stem cells [Mistry et al., 2021],

leukemic stem cells [Ye et al., 2016], cardiac myocytes [Coort et al., 2004], adipocytes [Daquinag

et al., 2021], endothelial cells [Daquinag et al., 2021], and macrophages [Podrez et al., 2002]. CD36

is further known to regulate plasma levels of non-esterified fatty acids in murine models [Guy et al.,

2007]. Our experimentally-validated protein-metabolite association data extend these findings and

suggest that CD36 may play a central role in regulating plasma levels of a range of glycerophos-

pholipid, sphingolipid, and fatty acyl metabolites. These include the polyunsaturated fatty acids

arachidonic acid and docosahexaenoic acid (DHA), two key metabolites that participate in a wide

array of eicosanoid-mediated biological pathways important in inflammation, nociception, the im-

mune response, cell growth, atherosclerosis, and blood pressure regulation. DHA has furthermore

been used clinically to reduce the risk of coronary heart disease, hypertension, and hypertriglyc-

eridemia. While CD36 has been implicated in the regulation of polyunsaturated fatty acid cellular

uptake using cultured cell-based in vitro models [Franekova et al., 2015, Glatz and Luiken, 2015],

these findings provide a rationale for further studies of the role of CD36 in regulating key lipid

metabolites in human plasma.

Our study had several limitations. Although the metabolomics and proteomics platforms applied

in these studies provide broad coverage, they are targeted platforms that include sentinel proteins
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and metabolites designed to survey a wide array of biological processes and do not provide a com-

plete catalog of every circulating protein and metabolite species in human plasma. The proteomics

platform is further agnostic to post-translational changes in proteins. We expect that our ability

to refine these initial association data for pathway discovery will improve as platform coverage im-

proves. Similarly, although our study used “harmonized” metabolomics and proteomics data across

three human cohort studies, the sample size is relatively modest compared with many GWAS. We

expect that insight from protein-metabolite association studies will improve as increasing numbers

of multi-omics studies become available, especially in populations including diverse ethnicities. Fi-

nally, it should be noted that we were only able to perform MR analyses on the 42% of proteins with

available cis instrumental variables. We limited our analyses to include only cis instruments to limit

the risk for horizontal pleiotropy and to validate the specificity of the affinity-based aptamer, but

note that many additional causal protein-to-metabolite relationships likely exist within our data.

In summary, we demonstrate that the integration of proteomic and metabolomic profiling data can

be used to identify novel protein determinants of circulating metabolite levels in human plasma. We

provide proof-of-concept that these insights can be tested successfully in model systems. Finally,

we are making all protein-metabolite association data from three large human cohorts available as

a public resource for the further study of human metabolism.

4.5 Methods for Protein-Metabolite Association Studies

Data Availability

Individual-level metabolomic, proteomic, and genomic data from JHS, MESA, and the HERITAGE

Family study are available through application to the respective cohorts. All protein-metabolite

association data, including pairwise Pearson correlation, enrichment, and Mendelian randomization

results, are included in the article.

Study Approval

The JHS human study protocol was approved by the Jackson State University, Tougaloo College,

and the University of Mississippi Medical Center Institutional Review Boards, and all participants
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provided written informed consent. The MESA human protocol was approved by The Lundquist

Institute (formerly Los Angeles BioMedical Research Institute) at Harbor-University of California,

Los Angeles Medical Center, University of Washington, Wake Forest School of Medicine, North-

western University, University of Minnesota, Columbia University, Johns Hopkins University, and

University of California, Los Angeles Institutional Review Boards, and all participants provided

written informed consent. The HERITAGE Family study human study protocol was approved by

the Institutional Review Boards at the Beth Israel Deaconess Medical Center, University of Wash-

ington, and the four clinical centers of the HERITAGE Family study, and all participants provided

written informed consent. All animal experiments were approved by the Institutional Animal Care

and Use Committee at Beth Israel Deaconess Medical Center.

Human Cohort Study Participants

The JHS, MESA, and the HERITAGE Family studies have been previously described [Bouchard

et al., 1995, Bild et al., 2002, Isezuo, 2005]. Briefly, JHS is a community-based longitudinal cohort

study that started in 2000 and included 5306 self-identified Black individuals from the Jackson,

Mississippi metropolitan area. Samples from 1985 individuals with available baseline metabolomics

and proteomics data from Visit 1 were included in the present study. MESA is a population-

based study that started in 2000 and included 6814 self-identified White, Black, Hispanic, and

Asian individuals recruited from six clinical centers across the United States. Samples from 983

individuals with available baseline metabolomics and proteomics data from Visit 1 were included

in the present study. The HERITAGE Family study is an exercise training study that started in

1994 and included 763 self-identified White and Black individuals in family units recruited from four

clinical centers across the United States and Canada. Samples from 658 individuals with available

baseline metabolomics and proteomics data from Visit 1 were included in the present study.

Proteomic Profiling

Aptamer-based proteomic profiling methods using the SOMAscan platform have been described

previously [Ngo et al., 2016, Raffield et al., 2020, Robbins et al., 2021]. Briefly, in each study,

proteomics was performed on baseline plasma samples that were collected during Visit 1 in EDTA

tubes and subsequently stored at -70 degrees C. The SOMAscan 1.3k platform was used in JHS and
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MESA studies, and the SOMAscan 5k platform was used in the HERITAGE Family study.

Metabolomics Profiling

Metabolomics profiling was performed using liquid chromatography mass spectrometry (LC-MS) on

fasting baseline plasma samples that were collected during Visit 1 in JHS, MESA, and the HER-

ITAGE Family study, as previously described [Robbins et al., 2019, Tahir et al., 2021]. Briefly, amino

acids, amines, acylcarnitines, lipids, and other water-soluble, polar metabolites were measured using

a Nexera X2 U-HPLC (Shimadzu) equipped with a 150 x 2 mm, 3 µm Atlantis hydrophilic interaction

LC column (Waters) coupled to a Q Exactive hybrid quadrupole Orbitrap MS (ThermoFisher Scien-

tific). Metabolites were extracted from 10 µl plasma by adding 90 µl of Acetonitrile:Methanol:Formic

acid (74.9:24.9:0.2,v/v/v) solution spiked with valine-d8 (Sigma) and Phenylalanine-d8 (Cambridge

Isotope Laboratories). The metabolites were eluted at 0.25 ml/min with 5% buffer A (10 mM

Ammonium-Formate, 0.1% formic acid in water) for 0.5 minutes followed by a linear gradient to

40% buffer B (0.1% formic acid in acetonitrile) over 10 minutes. MS analyses were carried out

using electrospray ionization in the positive mode and full scan spectra were acquired over 70-800

m/z. Raw data were processed using Trace Finder (v3.3, Thermo Fisher Scientific) and Progenesis

QI (Waters). Sugars, purines, pyrimidines, organic acids and other intermediary metabolites were

measured using a 1290 Infinity LC system (Agilent Technologies) equipped with a 100 x 2.1 mm

XBridge amide column (Waters) coupled to a 6490 Triple Quad MS (Agilent Technologies) in nega-

tive ionization mode via multiple reaction monitoring (MRM) scanning. Data were quantified using

MassHunter Quantitative Analysis software (V10.1, Agilent).

To ensure quality control, a mixture of 150 reference standards was analyzed before, during peri-

odic intervals throughout, and after each MS run to ensure reproducibility of LC retention times,

LC peak shapes, and MS sensitivity. Isotope labeled internal standards were monitored in each

sample throughout the duration of each run. Pooled plasma samples were monitored after every 10

participant samples to standardize for MS drift over time using “nearest neighbor” normalization

and between batches. Separate pooled plasma samples were monitored after every 20 participant

samples to determine coefficient of variation (CV) for each metabolite. Metabolite identities were

confirmed using authentic reference standards. All metabolite peaks were manually reviewed for

peak quality in a blinded manner. None of the included metabolites had poor peak quality or CVs
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≥ 30% averaged across batches.

Animal Studies

Plasma was collected for LC-MS studies by cardiac puncture from the following fasting 5-week old,

male mice maintained on a normal chow diet: B6.129P2-Apoetm1Unc/J (RRID:IMSR JAX:002052,

obtained from Jackson Labs), B6.129S1-Cd36tm1Mfe/J (RRID:IMSR JAX:019006, obtained from

Jackson Labs), C57BL/6N-Acy1em1(IMPC)J/Mmucd (RRID:MMRRC 046467-UCD, obtained from

The Knockout Mouse Project (KOMP)), and C57BL/6J (RRID:IMSR JAX:000664, obtained from

Jackson Labs). Homozygous APOE and CD36 knockout animals were compared to wild-type

C57BL/6J controls. Homozygous ACY1 knockout animals were compared to wild-type littermates.

LC-MS was conducted using the same methods as described above.

Statistical Analyses

Correlation Analyses

Metabolite and protein levels were log-transformed, scaled to a mean of zero and standard devi-

ation of 1, and residualized on age, sex, batch (for metabolites), plate (for proteins). Additional

models included further adjustment for body mass index (BMI) and estimated glomerular filtration

rate (eGFR; not available in HERITAGE Family study), where indicated. Pearson correlation coeffi-

cients were calculated for each pairwise protein-metabolite combination within each study and meta-

analyzed across studies using the metacor function within the General Package for Meta-Analysis

in R [Schwarzer et al., 2015]. Reported p-values were estimated using the Fisher transformation.

FDR-adjusted q-values were computed for each protein using the Bioconductor qvalue package in R

[Gentleman et al., 2004]. Correlations with q-values ≤ 5% were reported as significant. A correlation

heat map was generated using the Heatmap3 R package [Zhao et al., 2014], in which the organization

of metabolites was fixed by RefMet superclass, main class, and subclass [Fahy and Subramaniam,

2020], and proteins were allowed to self-organize using the default complete linkage method of the

hierarchical clustering function.

Enrichment Analyses
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Enrichment analyses were performed to identify proteins with pairwise metabolite correlations that

were enriched for a specific metabolite class using a method analogous to Gene Set Enrichment

Analysis (GSEA) [Mootha et al., 2003, Subramanian et al., 2005]. Sets of metabolites were generated

according to RefMet superclasses, with fatty acyls, glycerolipids, glycerophospholipids, prenol lipids,

sphingolipids, and sterol lipids combined into a single, combined lipid set. Members of the lipid set

were evaluated in the lipid enrichment analysis and not included in other metabolite set enrichment

analyses due to the large size of this set. Meta-analyzed metabolite correlation results for each

protein were ranked by p-value, annotated by metabolite RefMet class set, and a running sum

statistic was calculated to generate an enrichment score (ES). The running sum statistic increased

when it encountered a member of the analyzed RefMet metabolite class set and decreased when

it encountered a nonmember of the analyzed set. Each increase was weighted by the strength

of the metabolite correlation with the protein (according to p-value) normalized by the sum of

the correlations over all the metabolites (p=1 in equation 1) [Subramanian et al., 2005]. The

significance of each ES was assessed by comparison to the null distribution of calculated ES for each

metabolite class generated by running 100,000 simulations of the analysis. FDR-adjusted q-values

were calculated for each protein to metabolite class ES, with q-values ≤ 5% reported as significant.

Genotyping

Whole-genome sequencing (WGS) in JHS and MESA has been described [Raffield et al., 2017].

Participant samples underwent >30× WGS through the Trans-Omics for Precision Medicine project

at the Northwest Genome Center at University of Washington and joint genotype calling with

participants in Freeze 6. Genotype calling was performed by the Informatics Resource Center at the

University of Michigan. Genotyping in HERITAGE was performed on the Illumina Infinium Global

Screening Array, and genotypes were called using Illumina’s GenCall based on the TOP/BOT strand

method. Genotype imputation to the TOPMed Freeze5 reference panel was performed using the

University of Michigan Imputation Server Minimac4. Phasing was performed with Eagle v2.4. Sites

with call rate <90%, mismatched alleles, or invalid alleles were excluded.

Genome-Wide Association Studies

Metabolite and protein levels in the JHS, MESA, and HERITAGE Family Study were log-transformed,
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scaled to a mean of zero and standard deviation of 1, and residualized on age, sex, batch (for metabo-

lites), plate (for proteins), and principal components of ancestry 1-10 as determined by the Genetic

Estimation and Inference in Structured samples (GENESIS) [Raffield et al., 2017]. These values

were inverse normalized and tested for association with genetic variants using linear mixed effects

models adjusted for age, sex, the genetic relationship matrix, and principal components of ancestry

1-10 using the fastGWA model implemented in the GCTA software package.

Mendelian Randomization Analyses

Genetic instrumental variables (IV) for MR were selected from variants that were located in cis to

the coding gene for each protein (≤ 1 million bases upstream or downstream of the transcriptional

start site for the protein cognate gene, or to the transcription end site for genes > 1 million bases)

that had a study-specific observed minor allele frequency (MAF) ≥ 0.01 and were associated with

circulating levels of the measured protein with a p ≤ 0.05 that was Bonferroni-adjusted for the

total number of variants within this cis window. Candidate instruments that met these criteria

were then pruned using a study-specific linkage disequilibrium (LD) threshold of 0.001 with PLINK

1.996-9810–12.

One-sample MR using individual level data was performed since genetic variants, plasma protein lev-

els, and plasma metabolite levels were available in the same individuals, and because samples between

studies represented different ethnic groups with different patterns of linkage disequilibrium, minor al-

lele frequencies, and population characteristics. Pairwise significant associations from meta-analyzed

Pearson correlation and enrichment analyses were considered candidate protein-to-metabolite causal

associations for MR. Causal effect estimates were obtained using the inverse-variance weighted (IVW)

method using the MendelianRandomization R package [Yavorska and Burgess, 2017] and then meta-

analyzed across all three studies using a fixed effect model [Schwarzer et al., 2015]. The limited

information maximum likelihood (LIML) robust method was performed to assess the sensitivity for

findings, and further supplemented with MR-Egger, median, and median-weighted methods when

instruments contained more than two genetic variants. MR was performed on each protein that

had ≥ 1 available IV and associated metabolites with q-value ≤ 0.05 (either by pairwise correlation

analysis or enrichment analysis). Significance levels were adjusted for multiple hypothesis testing

by computing FDR-adjusted q-values for each protein using the Bioconductor q-value package in R
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[Gentleman et al., 2004]. Correlations, with q-values ≤ 5% reported as significant.

4.6 Summary

Specific Aim 2 of this dissertation hypothesized that instrumental variable analysis of multi-omics

data derived from banked human plasma samples would identify novel causal inter-biomarker as-

sociations. This hypothesis was affirmed by the work presented in the preceding chapter. Multi-

omics data (i.e., genomics, proteomics, and metabolomics) were integrated from 3,626 individuals

across three epidemiology studies. Causal protein-to-metabolite associations were identified using

Mendelian randomization instrumental variable analysis, including associations between the scav-

enger receptor CD36 and circulating levels of dozens of lipid species such as plasmalogens. Top

associations were validated by performing metabolomics on serum samples from three strains of

murine knockout models. More than 50% of tested associations were validated in this in vivo ex-

periment. This work demonstrated the potential for bioinformatics methods to triage biochemical

relationships for mechanistic study.



Chapter 5

Genomics as a Bio-to-Health

Informatics Translational Bridge

Specific Aim 3 of this dissertation is to leverage genomics as a translational bridge to propose

candidate causal biomarkers of incident cardiovascular disease (Figure 5.1). This aim hypothesizes

that genomics is a translational bridge from bioinformatics knowledge to clinical phenotypes for the

identification of candidate incident disease causal biomarkers. The prior two chapters detailed the

application of informatics methods on (1) clinical data aggregated from health information exchange

and on (2) multi-omics data derived from samples collected as part of longitudinal epidemiological

studies. In Chapter 3, information retrieval, health information exchange, and a common data model

were leveraged to organize health data across healthcare organizations. The standardized data was

then used to understand clinical medical practice behaviors and hypothesize sources of healthcare

disparities. Chapter 4 employed a multi-omics approach to genomic, proteomic, and metabolomic

data derived from population-based serum samples to first hypothesize and then validate, using

in vivo mouse knockout models, causal relationships between proteins and metabolites in human

plasma. This chapter explores a method for translating the bioinformatics findings of Chapter 4 into

a clinically relevant context through the identification of biomarkers in the causal pathway toward

clinical phenotypes associated with atherosclerotic cardiovascular disease.

124
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Figure 5.1: Overview of Specific Aim 3

5.1 Genomics as a Translational Bridge

Two-sample MR

Data available for health research are fragmented across multiple dimensions. The trade-off between

these dimensions is analogous to the classic bias-variance tradeoff well known to statisticians – that

it is often not possible to improve accuracy without introducing bias. This manifests in biological

and health datasets as a tension between data breadth and depth. Broad population-level data such

as those from the Rhode Island Health Information Exchange comprises hundreds of millions of data

points across hundreds of thousands of individuals. These data represent individual interactions with

the healthcare system and collectively render a clinical image of human health. The measurements

available on such a large number of people are limited to well-studied physiology (e.g., blood pressure,

complete blood count) that led to the collection of the data for clinical practice in the first place. On

the other hand, individuals followed as part of detailed epidemiological studies like the Jackson Heart

Study have had in-depth phenotyping performed where data such as those collected as part of routine

clinical care have been carefully adjudicated. Furthermore, a subset of the participants of these

studies has been phenotyped further using state-of-the-art purpose-built technologies for performing
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multi-omics measurements on collected biospecimens. These include whole genome sequencing, as

well as aptamer-based proteomics and liquid-chromatography mass spectroscopy metabolomics both

using multiple orthogonal platforms to enhance both sensitivity and specificity. While the size of

multi-omics datasets is expected to grow dramatically over the next few years, thus far it has been

impractical for this level of phenotyping to be performed on more than a few thousand individuals

from a single cohort.

Of all of the multi-omics data currently available, the most practical to obtain on a large number

of individuals is genomics where the cost of performing whole genome sequencing has come down

from $25M per individual in 2006, to less than $2,000 today, thanks to advances in next-generation

sequencing. This means that it is increasingly reasonable to expect that genomics data will be

available on both large population datasets and small deeply phenotyped ones. Whole genome

sequencing has the potential to act as a translational bridge between these two types of studies.

Genomics has the advantage of being assigned before birth and static throughout an individual’s

lifetime.1 The temporal nature of genomics enables the assertion of genomics as a causal factor in

models of physiology. In other words, genetics is a valid source of instrumental variables for causal

analysis in naturally occurring experiments.

In Chapter 4, single nucleotide polymorphisms located in and around the coding region for proteins

were used as instrumental variables for Mendelian randomization to identify putative causal associ-

ations between proteins and metabolites in human plasma samples. In this study, both the exposure

(e.g., protein) and outcome (e.g., metabolite) were measured in the same individuals. One-sample

Mendelian randomization is the method that described causal effect estimation using measurement

of both exposure and outcome in a single population.

The correlation analysis that was used in Chapter 4 to triage protein-metabolite pairs for downstream

Mendelian randomization required both the protein and metabolite to be measured from the same

sample. Unlike correlation, Mendelian randomization is performed using the summary statics of

regression of the measurement of interest as a function of individual alleles. It is therefore possible

1The statement of genomics being static throughout an individual’s lifetime is a simplifying assumption that does
not take into account epigenetics or micro-RNAs. However, at the level of data acquired by whole genome sequencing
and with notable exceptions (e.g. cancers, gene therapy, organ transplant) the genome is set at conception and remains
constant for an individual’s lifetime.



127

to use summary statistics from two different studies to estimate the causal effect of an exposure on an

outcome where the exposure and outcome are measured in different populations. This is called two-

sample Mendelian randomization (Figure 5.2). This method has been used to demonstrate, among

other things, that observed associations between HDL-cholesterol and ischemic cardiovascular disease

[Haase et al., 2012], HDL-cholesterol and type-2 diabetes [Haase et al., 2015], and LDL-cholesterol

and cancer [Benn et al., 2011] are not causal.

All of Us Research Program

The All of Us Research Program is a longitudinal health study in the United States that is part

of the National Institute of Health’s Precision Medicine Initiative [Sankar and Parker, 2017, Galea

and Abdalla, 2018, All of Us Research Program Investigators et al., 2019, Ramirez et al., 2022].

The program aims to enroll one million people living in the United States to contribute data by

a combination of answering survey questions, providing biospecimens (e.g., blood and urine), as

well as electronic health record and mobile health data. Participants are recruited or able to self-

enroll. The intake process involves one to two hours of health surveys that can be taken on a

smartphone, personal computer, or at the intake appointment. The intake appointment involves

taking biometric measurements including weight, blood pressure, and height, as well as the collection

of biospecimens. It is the goal of the program to enroll participants that represent the diversity of

the United States population with particular attention to populations historically underrepresented

in medical research. To contribute electronic health record data, participants must grant access to

their home health institutions using an authentication protocol. Once a link has been made, All

of Us downloads historical health data for the participant. Electronic health data associated with

the recruiting institution will remain updated for as long as consent remains active. Health data

from outside that institution or health data for self-enrolled individuals must be manually linked

and periodically granted authentication requests to stay up to date.

Unique to the All of Us Research Program is the implementation of a purpose-built informatics

workbench platform. Researcher access is currently limited to those who have affiliations with

approved institutions using a data passport model. Data access is broken down into three tiers.

Summary counts data for the entire dataset are publically available. This includes the number of

participants with particular diagnosis codes or measurements performed. It also includes genetic
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Figure 5.2: Mendelian randomization leverages the genetic associations of both an exposure and
outcome variable in order to estimate the causal effect that the exposure has on the outcome.
(A) Summary statistics from whole genome association or genome-wide association studies are the
input estimates for Mendelian randomization. (B) Satisfaction of the Mendelian randomization
assumptions described in Chapter 2 allows for the construction of a causal model that places the
exposure between the genetic association and the outcome variable. (C) Shared quantitative trait
loci between exposure and outcome result in a significant causal association between exposure and
outcome. (D) The causal association between exposure and outcome is estimated by regressing the
genetic association of the exposure as a function of the genetic association with the outcome.
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ancestry estimates as well as frequencies of individual single nucleotide polymorphisms and how

they are distributed by ancestry. Researchers are granted access to one of two additional tiers of

data beyond what is publicly available depending on the level of data the institution is approved for

and the training the researcher has completed. This includes the “registered tier” and “controlled

tier.” Registered tier data includes individual-level electronic health records, survey responses,

physical measurements and wearable device data. The controlled tier adds genomic and additional

demographic data.

According to the public data browser,2 the dataset includes 372,380 participants as of this writing.

Electronic health records for these individuals contain more than 24K discrete codes for conditions,

nearly 30K for drug exposures, more than 15K for labs and measurements, and more than 29K for

procedures. Whole genome sequencing with an average read depth of 30X has been performed on

more than 98K participants. Hundreds of survey fields have been filled out including more than

57K individuals’ responses to 80 questions regarding social factors of health and 142K participants’

responses to questions about their personal medical history.

All of these data are stored in a central database that is accessible to researchers via the All of

Us Workbench. The Workbench is a Google Cloud-based programming platform. Users program

in either Python or R Jupyter notebooks. Depending on researcher requirements, analysis can be

performed on small inexpensive virtual machines costing pennies per hour to use up to the most

powerful 96-core supercomputers with nearly limitless RAM and numbers of workers for Dataproc

tasks. The implementation of a centrally managed dataset and workspace breaks new ground for

the democratization of researcher access to data and tools. This framework promises to promote

open science in a field that has historically struggled with reproducibility in part due to sensitivity

surrounding data access controls. Easy remote installation of software packages is a strength of the

Workbench platform, a task that can prove challenging in secure environments. In addition, the

data passport model makes collaboration both within and between institutions seamless.

2accessed on 1/23/2023, as of 6/6/2022
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5.2 Identifying Biomarker Candidates in the Causal Pathway

with Clinical Phenotypes

Recalling from Chapter 2, the proteome and metabolome were introduced as existing on the trans-

omics spectrum from genome to phenome (Figure 2.4). Proteins, and in particular metabolites, are

excellent candidates for biomarkers of disease as they may be proximal causal biochemical actors

of pathology. The sections that follow will leverage the protein-to-metabolite causal associations

that were validated using murine knockout models in Chapter 4 to identify protein-to-phenotype

and metabolite-to-phenotype relationships. The particular protein-to-metabolite relationships iden-

tified are an excellent case study for this analysis as they include both well-characterized and novel

physiology. Apolipoprotein E is known to be involved in the transport of lipids and apolipoprotein

variants have been implicated for their role in the development of cardiovascular [Mahley and Rall,

2000, Phillips, 2014] and Alzheimer’s diseases [Strittmatter et al., 1993, Corder et al., 1993].

In the prior chapter, several members of the glycerophospholipid subclass, plasmalogens, were iden-

tified by Mendelian randomization and experimentally confirmed to be modulated by both plasma

levels of apolipoprotein E and CD36. Plasmalogens are lipid species characterized by a cis vinyl

ether bond that links an alkyl chain to the sn-1 position of a glycerol backbone (Figure 5.3). They

are a primary structural component of cell membranes and constitute eight to twenty percent of the

total phospholipid mass in humans [Lohner, 1996, Nagan and Zoeller, 2001]. Plasmalogens are syn-

thesized from alkyl phospholipids and alkyl phosphatidylethanolamines (PE) via desaturase enzyme

[Brosche and Platt, 1998] and prior studies have postulated that they are atheroprotective via their

anti-oxidant properties [Rasmiena et al., 2015, Paul et al., 2019]. They are believed to be a reservoir

of polyunsaturated fatty acids including arachidonic and docosahexaenoic acids [Nagan and Zoeller,

2001]. For all of these reasons apolipoprotein E, CD36, and the plasmalogens they modulate are

interesting targets for interrogation of their relationships with atherosclerotic cardiovascular risk

factors and outcome phenotypes.

A total of eight distinct single nucleotide polymorphisms were identified across three population stud-

ies that were in or near the coding region of the proteins aminoacylase-1, CD36, and apolipoprotein

E that were significantly associated with circulating levels of the corresponding protein (Table 5.1).
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Figure 5.3: Phosphatidylethanolamine plasmalogen structure. R1 - vinyl ether-linked fatty alcohol.
R2 is aldehyde linked polyunsaturated fatty acid. (e.g., arachadonic acid)

The SNPs were linkage-disequilibrium pruned within each study as discussed in the prior chapter.

A single significant exonic SNP was found to be associated with aminoacylase-1 using data from

the Jackson Heart Study. Four SNPs were associated with the circulating level of CD36 in human

plasma. One intergenic SNP was found in both JHS and MESA, while two additional unique SNPs

(one exonic and the other intergenic) were found in JHS and one in HERITAGE. Finally, three

distinct SNPs (one from each study) were found to be significantly related to the circulating level

of apolipoprotein E.
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Protein Study SNP A1 A2 N AF1 BETA P Genecode Cat. Genecode Info (dist)

Acy-1 JHS chr3:51989004:C:T T C 1852 0.018 -1.11 3.22E-19 exonic ABHD14A-ACY1; ACY1
CD36 JHS chr7:79658618:G:A A G 1852 0.016 -0.72 3.50E-08 ncRNA intronic AC073048.1
CD36 HERITAGE chr7:80671133:T:G G T 708 0.026 -1.56 2.20E-19 exonic CD36
CD36 JHS chr7:80690622:G:C C G 1852 0.093 -1.29 5.40E-109 intergenic CD36(11348); SEMA3C(51916)
CD36 MESA chr7:80690622:G:C C G 980 0.023 -1.49 6.37E-27 intergenic CD36(11348); SEMA3C(51916)
CD36 JHS chr7:80753528:G:A A G 1852 0.014 -1.16 9.48E-16 intronic SEMA3C
Apo-E JHS chr19:44908822:C:T T C 1852 0.111 -0.78 2.23E-49 exonic APOE
Apo-E MESA chr19:44909976:G:T T G 980 0.082 -0.95 8.52E-37 ncRNA exonic AC011481.3
Apo-E HERITAGE chr19:44927023:C:G C G 708 0.477 -0.33 4.27E-08 intergenic APOC1(7674); APOC4(15214)

Table 5.1: Annotated protein instrumental variables. Instrumental variables from the three proteins that have validated protein-to-metabolite
causal associations from Chapter 4. The three proteins have eight instrumental variables across three studies with JHS and MESA sharing
one SNP. The SNPs are all within 1M base pairs of the transcription start site of the protein’s cognate gene and include exonic, intronic, or
intergenic SNPs.



133

Unlike for proteins, metabolites do not have an analgous “cognate gene” region to focus the identifi-

cation of SNPs for instrumental variable analysis. The closest approximation of this for metabolites

are known enzyme-metabolite pairs, where the cognate gene for the enzyme would plausably be an

excellent candidate for an instrumental variable. However, a complete annotation of gene-enzyme-

metabolite pairs does not exist. Therefore, the search for SNP-metabolite associations was performed

genome-wide. The universe of metabolites was limited to those validated in the prior chapter to be

modulated by aminoacylase-1, CD36, or apolipoprotein E.

A genome-wide search for SNP-metabolite associations elicited a total of 33 unique SNPs across the

JHS, MESA, and HERITAGE cohorts (Table 5.2). The majority of them were identified using the

JHS cohort, likely due to it having more than twice the number of particants of the other two studies

combined. While this issue was present in the identification of protein instrumental variables, it was

exacerbated with metabolites due to the need for both genome-wide significance and the increased

functional distance between snp and metabolite compared to snp and protein on the trans-omics

spectrum. Of the 33 SNPs, two are exonic. Thirteen of the SNPs are intronic and fifteen are in-

tergenic. Two of them are non-coding and one is from an untranslated region. The mechanisms by

which these SNPs modulate levels of these metabolites in human plasma are likely multifactorial.

Some of these SNPs are near proteins that were demonstrated in the previous chapter to be causally

associated with the metabolite indicating that protein-metabolite interactions could play a role. In

addition, SNPs near genes for enzymes not measured on the Somalogic proteomics platform but have

known roles in regulating metabolite levels were identified. For example, SNPs near the genes for

the fatty acid desaturase family of enzymes [FADS1-Gene-NCBI, 2023, FADS2-Gene-NCBI, 2023],

including Fads1 and Fads2 were associated with levels of arachadonic acid and plasmalogens [Paul

et al., 2019]. Plasmalogens are known to be a reservoir for polyunsaturated fatty acids includ-

ing arachidonic acid and desaturases act on plasmalogens. Additional SNP-metabolite associations

include SNPs near genes for proteins that regulate transcription [TADA2A-Gene-NCBI, 2023], pro-

mote growth and angiogenesis [HGF-Gene-NCBI, 2023], and regulate post-translational modification

[TADA2A-Gene-NCBI, 2023]. Further investigation is required to understand the mechanisms by

which these SNPs may be modulating circulating metabolite levels.
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Metabolite Study SNP A1 A2 N AF1 BETA P Genecode Cat. Genecode Info (dist)

Arachidonic acid HERITAGE chr5:138262667:T:G G T 659 0.02 -1.18 3.67E-08 intronic GFRA3
Arachidonic acid JHS chr11:61806068:C:T T C 1563 0.02 -0.69 3.19E-08 UTR5 FADS1
Arachidonic acid HERITAGE chr11:61820833:A:G G A 659 0.28 -0.37 7.53E-09 intronic FADS1; FADS2
Arachidonic acid MESA chr11:61828850:CA:C C CA 993 0.36 -0.39 1.54E-20 intronic FADS1; FADS2
C34:0 PE JHS chr7:81469016:G:C C G 2466 0.076 -0.31 1.55E-08 intergenic AC005008.2(269901); HGF(229994)
C36:5 PC plasmalogen MESA chr11:61825533:A:G G A 995 0.392 -0.24 3.53E-08 intronic FADS1; FADS2
C36:5 PC plasmalogen JHS chr14:67498735:G:A A G 2466 0.17 -0.23 2.62E-09 intronic TMEM229B
C36:5 PE plasmalogen JHS chr7:80671133:T:G G T 2466 0.092 0.29 9.05E-09 exonic CD36
C38:6 PC plasmalogen JHS chr10:113241444:C:A A C 2466 0.037 -0.42 4.51E-08 intergenic TCF7L2(73766); RNU7-165P(111981)
C38:6 PC plasmalogen JHS chr11:61820833:A:G G A 2466 0.114 -0.28 8.58E-10 intronic FADS1; FADS2
C38:6 PC plasmalogen JHS chr14:67498735:G:A A G 2466 0.17 -0.28 8.93E-13 intronic TMEM229B
C38:6 PC plasmalogen JHS chr17:37475328:C:T T C 2465 0.023 0.54 3.45E-08 intronic TADA2A
C38:6 PE plasmalogen JHS chr7:80671133:T:G G T 2466 0.092 0.39 1.60E-14 exonic CD36
C38:7 PE plasmalogen JHS chr3:108141165:G:A A G 2466 0.369 -0.17 6.55E-09 intergenic LINC01215(2555); IFT57(19647)
C38:7 PE plasmalogen JHS chr7:80671133:T:G G T 2466 0.092 0.4 1.20E-15 exonic CD36
C40:7 PE plasmalogen JHS chr7:80690622:G:C C G 2466 0.094 0.35 2.30E-12 intergenic CD36(11348); SEMA3C(51916)
C46:2 TAG JHS chr19:9135907:A:G G A 2464 0.031 -0.46 4.24E-08 intergenic OR7G3(8957); ZNF317(4490)
CAR 26:0 MESA chr10:103284400:C:T T C 995 0.444 0.25 3.75E-08 intronic INA
CAR 26:0 JHS chr11:68633911:A:G G A 2390 0.231 0.28 4.64E-15 intergenic AP003096.1(17200); GAL(50633)
Cer(d18:1/16:0) JHS chr2:26830034:G:T T G 2465 0.052 0.36 4.65E-08 intergenic CENPA(35445); DPYSL5(17713)
DHA HERITAGE chr1:14819275:G:A A G 659 0.011 1.63 2.32E-08 intronic KAZN
N-Acetylalanine JHS chr3:51959148:C:A A C 2465 0.017 1.23 1.73E-28 intronic PCBP4
N-Acetylglutamic acid JHS chr2:73577581:A:G G A 2466 0.548 0.17 6.06E-09 intronic ALMS1
N-Acetylglutamic acid JHS chr3:51959148:C:A A C 2466 0.017 1.4 3.04E-36 intronic PCBP4
N-Acetylglutamic acid JHS chr5:14093354:C:T T C 2466 0.072 0.32 2.84E-08 intergenic DNAH5(148811); TRIO(49988)
N-Acetylglutamine JHS chr2:73631838:T:C C T 2101 0.528 0.84 3.87E-161 intergenic ALMS1(6672); NAT8(8994)
N-Acetylglutamine JHS chr2:73675421:A:G G A 2101 0.011 0.87 1.43E-08 intergenic NAT8(33028); NAT8B(25155)
N-Acetylglutamine JHS chr2:73704764:G:A A G 2101 0.405 -0.23 2.16E-13 intergenic NAT8B(3424); TPRKB(25066)
N-Acetylglutamine JHS chr2:77336858:C:G G C 2101 0.09 -0.3 2.89E-08 intronic LRRTM4
N-Acetylglutamine JHS chr3:51932445:C:T T C 2101 0.018 0.97 1.08E-16 ncRNA exonic AC115284.4
N-Acetylserine JHS chr3:51959148:C:A A C 2466 0.017 1.06 1.17E-21 intronic PCBP4
N-Acetylserine JHS chr9:80667356:T:C C T 2466 0.062 -0.34 2.05E-08 intergenic LINC01507(632801); AL138749.1(202402)
SM(d18:1/16:0) JHS chr1:55063542:C:A A C 2466 0.011 -0.98 1.28E-12 exonic PCSK9
SM(d18:1/16:0) JHS chr17:75617001:T:C C T 2466 0.056 0.35 4.07E-08 intronic MYO15B
SM(d18:1/18:0) JHS chr1:55063542:C:A A C 2466 0.011 -0.83 2.18E-09 exonic PCSK9
SM(d18:1/18:1) JHS chr8:20912046:G:A A G 2466 0.18 -0.22 1.15E-08 intergenic AC018541.1(211894); AC015468.3(29382)
SM(d18:1/18:1) HERITAGE chr12:56309938:G:A A G 658 0.036 -0.83 3.97E-08 ncRNA intronic AC073896.2
SM(d18:1/18:1) JHS chr13:104672706:G:A A G 2466 0.826 -0.21 2.96E-08 intergenic AL136524.1(538449); AL138954.1(738110)
SM(d18:1/20:0) JHS chr1:55063542:C:A A C 2466 0.011 -0.76 4.31E-08 exonic PCSK9
SM(d18:1/20:0) JHS chr14:63766999:A:G G A 2466 0.399 0.18 1.06E-09 intergenic RNU7-116P(30494); RF00019(81262)
Stearic acid JHS chr10:100315722:G:A A G 1563 0.668 0.33 3.61E-18 intronic PKD2L1

Table 5.2: Annotated metabolite instrumental variables. Genome-wide quantitative trait loci for metabolites validated to be causally mod-
ulated by apolipoprotein E, aminoacylase-1, or CD36 were identified as instrumental variables for metabolite-to-phenotype Mendelian ran-
domization. SNP-metabolite association statistics are reported by study and SNP locations are annotated for the nearest gene(s) and SNP
category.
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The set of SNP-protein and SNP-metabolite associations discussed represent the set of instruments

to be queried using All of Us for SNP-phenotype associations. The SNP-phenotype associations from

All of Us will then be integrated with the SNP-protein and SNP-metabolite associations from the

protein-metabolite study to attempt to identify protein-to-phenotype and metabolite-to-phenotype

causal relationships. These interrogations represent a natural experiment. That is, individuals

randomly assigned these SNPs at birth have lived their lives with genetically determined differences

in associated protein and metabolite concentrations circulating in their plasma that differ from the

average. If those differences are associated with atherosclerotic cardiovascular disease risk factors or

outcome phenotypes, they may represent a causal mechanism for atherosclerosis.

Electronic Health Record SNP-Phenotype Associations

Biomedical phenotypes are the observable physical or physiological characteristics of an individual

that are relevant to health and disease. These include measurable features such as height, weight,

blood pressure, and laboratory values. Expert assessment of aggregate clinical traits, signs, and

symptoms, that are summarized as diagnoses, are an important class of biomedical phenotypes

that dictate future downstream prognosis and treatment. The phenome is the collection of all

possible observable phenotypes. In practice, it is limited to phenotypes that can be expected to be

observed with some minimum frequency and captured, for example, by the health system as part of

electronic medical records. This study of SNP-phenotype associations will focus on both risk factors

and outcomes related to atherosclerotic cardiovascular disease (Table 5.3) that inform the risk-

based cholesterol guidelines discussed in Chapter 3. In particular, the risk factors for which genetic

associations will be investigated are hypertension, hyperlipidemia, and diabetes. The outcomes of

interest include myocardial infarction and stroke.
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Phenotype Phecode(s) ICD-9 ICD-10

Myocardial infarction 411.2 410; 410.01; 410.02; 410.1; 410.11; 410.12; 410.2;
410.21; 410.22; 410.3; 410.31; 410.32; 410.4; 410.41;
410.42; 410.5; 410.51; 410.52; 410.6; 410.61; 410.62;
410.7; 410.71; 410.72; 410.8; 410.81; 410.82; 410.9;
410.91; 410.92; 411; 412; 429.7; 429.71; 429.79

I21; I21.0; I21.1; I21.2; I21.3; I21.4; I21.9; I22;
I22.0; I22.1; I22.8; I22.9; I23; I23.0; I23.1;
I23.2; I23.3; I23.6; I23.8; I24.1; I25.2; I51.0;
I51.3

Ischemic Stroke 433.1; 433.11; 433.2;
433.21; 433.3; 433.31

433; 433.01; 433.1; 433.11; 433.2; 433.21; 433.3;
433.31; 433.8; 433.81; 433.9; 433.91; 434; 434.01;
434.1; 434.11; 434.9; 434.91; 435; 435.1; 435.2; 435.3;
435.8; 435.9; 437.1; 437.6; V12.54

G45.0; G45.1; G45.2; G45.8; G45.9; G46.0;
G46.1; G46.2; I63; I63.0; I63.1; I63.2; I63.2;
I63.3; I63.4; I63.5; I63.5; I63.6; I63.8; I63.9;
I64; I65; I65.0; I65.1; I65.2; I65.3; I65.8; I65.9;
I66; I66.0; I66.1; I66.2; I66.3; I66.4; I66.8;
I66.9; I67; I67.6; I67.8

Hyperlipidemia 272.1 272.2; 272.4 E78.2; E78.4; E78.5

Hypertension 401.1; 401.2; 401.21;
401.22; 401.3

401; 401.1; 401.9; 402; 402.01; 402.1; 402.11; 402.9;
402.91; 403; 403.01; 403.1; 403.11; 403.9; 403.91; 404;
404.01; 404.02; 404.03; 404.1; 404.11; 404.12; 404.13;
404.9; 404.91; 404.92; 404.93; 405; 405.01; 405.09;
405.1; 405.11; 405.19; 405.9; 405.91; 405.99; 437.2

I11; I11.0; I11.9; I12; I12.0; I12.9; I13; I13.0;
I13.1; I13.2; I13.9; I15; I15.0; I15.1; I15.2;
I15.8; I15.9; I67.4

Diabetes 250.1; 250.11; 250.12;
250.13; 250.14; 250.15;
250.2; 250.21; 250.22;
250.23; 250.24; 250.25

250; 250.01; 250.02; 250.03; 250.1; 250.11; 250.12;
250.13; 250.2; 250.21; 250.22; 250.23; 250.3; 250.31;
250.32; 250.33; 250.4; 250.41; 250.42; 250.43; 250.5;
250.51; 250.52; 250.53; 250.6; 250.61; 250.62; 250.63;
250.7; 250.71; 250.72; 250.73; 250.8; 250.81; 250.82;
250.83; 250.9; 250.91; 250.92; 250.93

E10; E10.0; E10.1; E10.2; E10.3; E10.3; E10.4;
E10.4; E10.6; E10.7; E10.8; E10.9; E11; E11.0;
E11.1; E11.2; E11.3; E11.4; E11.6; E11.7;
E11.8; E11.9; E12.3; E13; E13.1; E13.4; E13.5;
E13.6; E13.7; E13.8; E13.9; E14.9; G59.0

Table 5.3: Atherosclerotic cardiovascular disease risk factor and outcome phenotype codes. Phenotype codes and their associated ICD-9 and
ICD-10 diagnosis codes are reported for the outcomes of myocardial infarction and ischemic stroke as well as the risk factors hyperlipidemia,
hypertension, and diabetes. For ischemic stroke, hypertension, and diabetes, multiple phenotype codes were aggregated to define a single
phenotype.
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A total of 39 distinct SNPs were queried for their association with the five electronic health record

phenotypes using All of Us. An investigation of the minor allele frequencies of the SNPs by African

and European ancestry (the two most common ancestries in All of Us) reveals that they differ

significantly by ancestry (Table 5.4). In particular, there are ten out of eleven SNPs that are low-

frequency (MAF 1− 5%) in the African ancestry population that are rare (< 1%) in the European

population. There are an additional three SNPs that are common (> 5%) in the African ances-

try population that are rare in the European population. This is unsurprising as the derivation

population for these protein and metabolite quantitative trait loci were either entirely (JHS) or

approximately 50% self-identified as Black or African American. The increased genetic diversity

present in a population enriched for African ancestry significantly increases the potential quanti-

tative trait loci available for instrumental variable analysis. In addition, even if SNPs are present

at reasonable frequencies in populations of European ancestry, the mechanisms by which these loci

result in altered circulating concentrations of proteins and metabolites are poorly understood and

it is possible that compensatory mechanisms exist in subpopulations that would cause them to be

invalid instruments for Mendelian randomization in those populations. For this reason, the protein-

phenotype and metabolite-phenotype Mendelian randomization presented has been limited to the

population of individuals in All of Us who self-identify as Black or African American for this study.

This does not imply that the findings presented are likely to be only relevant in those that are

studied but rather that the natural experiment that has occurred due to the random assignment

of different levels of circulating proteins and metabolites is most readily detectable in populations

with the identified allele frequencies. There is no reason to believe that protein-phenotype and

metabolite-phenotype relationships are not conserved across ancestral populations even if they are

modulated by different SNPs.

SNP Quality Control in All of Us

A standard quality control process used for WGAS was applied to the 39 SNPs under consideration

in this study. Multi-allelic loci were separated into multiple SNPs with the reference allele being

related to each of the minor alleles. All considered SNPs were present in the vast majority of

individuals being studied (> 99%). A minor allele threshold was set to 0.5% and Hardy-Weinberg

equilibrium (p < 10E − 10) was required. A relatedness matrix supplied by All of Us was used to

exclude all but one of related individuals. Principle component adjustment was used to account for
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SNP MAF (African Ancestry) MAF (European Ancestry)

chr1:14819275:G:A 0.001 0.006
chr1:55063542:C:A 0.008 0.000
chr2:26830034:G:T 0.047 0.000
chr2:73577581:A:G 0.569 0.229
chr2:73631838:T:C 0.546 0.220
chr2:73675421:A:G 0.012 0.000
chr2:73704764:G:A 0.417 0.637
chr2:77336858:C:G 0.091 0.498
chr3:108141165:G:A 0.385 0.506
chr3:51932445:C:T 0.019 0.000
chr3:51959148:C:A 0.019 0.000
chr3:51989004:C:T 0.019 0.000
chr5:138262667:T:G 0.004 0.027
chr5:14093354:C:T 0.074 0.071
chr7:79658618:G:A 0.018 0.000
chr7:80671133:T:G 0.090 0.000
chr7:80690622:G:C 0.092 0.000
chr7:80753528:G:A 0.017 0.000
chr7:81469016:G:C 0.072 0.009
chr8:20912046:G:A 0.177 0.217
chr9:80667356:T:C 0.061 0.090
chr10:100315722:G:A 0.677 0.192
chr10:103284400:C:T 0.447 0.447
chr10:113241444:C:A 0.039 0.000
chr11:61806068:C:T 0.021 0.075
chr11:61820833:A:G 0.115 0.336
chr11:61825533:A:G 0.263 0.339
chr11:61828850:CA:C 0.148 0.333
chr11:68633911:A:G 0.217 0.109
chr12:56309938:G:A 0.009 0.059
chr13:104672706:G:A 0.170 0.055
chr14:63766999:A:G 0.401 0.169
chr14:67498735:G:A 0.161 0.486
chr17:37475328:C:T 0.025 0.000
chr17:75617001:T:C 0.056 0.050
chr19:44908822:C:T 0.105 0.080
chr19:44909976:G:T 0.115 0.081
chr19:44927023:C:G 0.449 0.454
chr19:9135907:A:G 0.033 0.000

Table 5.4: Minor allele frequencies in the All of Us Research Program by ancestry. Minor allele
frequencies are reported for 39 candidate instrumental variable SNPs by the two most common
ancestries in the All of Us Research Program. Notably, thirteen SNPs that are either common
(> 5%) or low-frequency (1 − 5%) in the African ancestry population are rare (< 1%) in the
European ancestry population.
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population stratification.

The current3 release of All of Us includes a total of 70,000 individuals that have at least one electronic

health record diagnosis code and whole genome sequencing data. Of these, 13,000 self-identified as

Black or African American on their intake survey. Relatedness analysis resulted in the removal of

400 individuals, leaving 12,600 unrelated individuals in the sample for analysis. Quality control of

the 39 SNPs, removed two SNPs due to low minor allele frequency. The remaining 37 SNPs met the

threshold for adhering to Hardy-Weinberg equilibrium. SNP-phenotype associations are presented

in Table 5.5. Setting a false-discovery rate threshold to 5%, yield no significant SNP-phenotype

relationships. However, there are seven nominally significant (p < 0.05) relationships. Four of them

are with myocardial infarction, and one each with ischemic stroke, hyperlipidemia, and hypertension.

Despite these underwhelming findings, the addition of these summary data to Table 5.1 and Table 5.2

are sufficient for protein-to-phenotype and metabolite-to-phenotype causal analysis respectively. The

integration of directionally consistent SNP-phenotype relationships across multiple SNPs associated

with a single protein or metabolite across multiple studies may reveal more convincing relationships

with a combination of two-sample Mendelian randomization and meta-analysis.

Protein-to-Phenotype Causal Associations

Two-sample Mendelian randomization was performed using protein quantitative trait loci identified

in three distinct population studies (JHS, MESA, and HERITAGE). The loci from each study were

considered separately for association with phenotypes in All of Us. Where multiple SNPs were

available for a protein from a single study, the inverse-variance weighted (IVW) method was used

for the estimation of a causal association. All of Us phenotypes as outcome variables for causal

analysis are defined in Table 5.3.

Meta-analyzed causal protein-to-phenotype estimates are presented in Tables 5.6, 5.7, and 5.8.

Briefly, elevated circulating levels of apolipoprotein E were found to be protective against myocar-

dial infarction (β = −0.13, p = 0.017), hyperlipidemia (β = −0.07,p = 0.029), and ischemic stroke

(β = −0.17,p = 0.044). This is directionally and mechanistically consistent with known functions of

Apo-E including that a well-studied mouse model for atherosclerosis is APOE -/- [Piedrahita et al.,

1992, Plump et al., 1992, Hansson et al., 2002, Meir and Leitersdorf, 2004]. Elevated circulating

36/6/2022 as of 3/9/2023
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Myocard. Infarct. Ischemic Stroke Hyperlipidemia Hypertension Diabetes
SNP Beta P Beta P Beta P Beta P Beta P

chr1:55063542:C:A -0.28 0.47 -0.21 0.548 -0.19 0.235 -0.16 0.282 -0.15 0.434
chr2:26830034:G:T -0.03 0.846 -0.15 0.293 -0.06 0.387 -0.2 0.0014* -0.06 0.44
chr2:73577581:A:G -0.01 0.872 -0.04 0.471 -0.02 0.413 -0.04 0.11 -0.03 0.341
chr2:73631838:T:C 0.02 0.786 -0.02 0.706 -0.01 0.667 -0.03 0.243 -0.01 0.677
chr2:73675421:A:G -0.07 0.802 0.14 0.566 -0.02 0.899 0.1 0.409 0.09 0.538
chr2:73704764:G:A 0.04 0.544 0 0.95 0.03 0.265 0.03 0.339 0.01 0.721
chr2:77336858:C:G -0.03 0.794 -0.06 0.537 -0.04 0.384 -0.04 0.345 -0.01 0.837
chr3:108141165:G:A 0.06 0.318 -0.02 0.673 -0.01 0.625 0.01 0.739 -0.02 0.597
chr3:51932445:C:T -0.13 0.612 0.21 0.286 0.01 0.961 -0.1 0.32 -0.14 0.299
chr3:51959148:C:A -0.12 0.62 0.25 0.195 0.01 0.93 -0.09 0.394 -0.21 0.129
chr3:51989004:C:T -0.14 0.571 0.23 0.23 -0.01 0.948 -0.1 0.336 -0.17 0.194
chr5:138262667:T:G 0.14 0.735 0.12 0.766 -0.3 0.155 -0.03 0.888 -0.58 0.0502
chr5:14093354:C:T 0.16 0.139 0.09 0.396 -0.03 0.588 0.01 0.863 0.03 0.62
chr7:79658618:G:A -0.26 0.329 -0.38 0.132 0.15 0.139 0.1 0.318 -0.07 0.579
chr7:80671133:T:G -0.26 0.0313* 0.11 0.23 0.07 0.168 -0.05 0.28 -0.02 0.793
chr7:80690622:G:C -0.32 0.0078* 0.12 0.209 0.05 0.29 -0.05 0.238 -0.03 0.658
chr7:80753528:G:A 0.1 0.664 0.14 0.509 -0.08 0.471 -0.02 0.829 -0.25 0.0662
chr7:81469016:G:C 0.18 0.107 -0.01 0.925 -0.04 0.414 -0.03 0.527 -0.12 0.0687
chr8:20912046:G:A -0.04 0.613 0.03 0.677 0.04 0.239 0.03 0.42 -0.07 0.123
chr9:80667356:T:C -0.01 0.967 0.04 0.728 -0.03 0.55 0.08 0.122 0.06 0.381
chr10:100315722:G:A 0.13 0.0496* 0.01 0.933 0.01 0.657 0.03 0.312 0.06 0.108
chr10:103284400:C:T 0.02 0.742 -0.02 0.741 -0.03 0.212 -0.04 0.169 -0.01 0.722
chr11:61806068:C:T -0.15 0.515 -0.2 0.359 -0.02 0.864 -0.14 0.157 0 0.975
chr11:61820833:A:G -0.13 0.191 -0.1 0.279 -0.02 0.622 -0.01 0.738 -0.01 0.789
chr11:61825533:A:G -0.07 0.344 -0.03 0.654 0.02 0.477 -0.02 0.453 0.06 0.138
chr11:61828850:CA:C -0.1 0.258 -0.01 0.888 0.06 0.106 -0.01 0.826 0.01 0.836
chr11:68633911:A:G -0.01 0.924 0.06 0.402 0.01 0.657 -0.05 0.0912 -0.01 0.776
chr12:56309938:G:A -0.21 0.57 0.28 0.303 -0.22 0.156 0.01 0.926 0.12 0.484
chr13:104672706:G:A 0.02 0.832 -0.03 0.662 -0.05 0.198 -0.05 0.19 -0.03 0.476
chr14:63766999:A:G 0.04 0.48 -0.03 0.548 -0.01 0.8 0.01 0.771 -0.01 0.672
chr14:67498735:G:A -0.08 0.363 0.16 0.0265* -0.03 0.495 -0.05 0.148 0.03 0.565
chr17:37475328:C:T -0.01 0.94 0.12 0.492 -0.03 0.759 -0.13 0.121 -0.01 0.909
chr17:75617001:T:C -0.07 0.605 -0.05 0.674 -0.12 0.0477* -0.06 0.273 -0.12 0.116
chr19:44908822:C:T 0.12 0.235 0.13 0.156 0.08 0.0609 0.05 0.29 0.03 0.572
chr19:44909976:G:T 0.11 0.218 0.13 0.132 0.07 0.085 0.03 0.512 0.06 0.218
chr19:44927023:C:G 0.14 0.0233* 0.02 0.782 0 0.981 -0.01 0.778 0.02 0.577
chr19:9135907:A:G -0.28 0.143 -0.06 0.702 -0.07 0.344 -0.03 0.65 -0.06 0.544

Table 5.5: All of Us SNP to atherosclerotic cardiovascular disease outcome and risk factor pheno-
types. Thirty-seven SNPs passed quality control steps and are included in this table. No SNP-
phenotype relationships met a 5% false-discovery rate threshold. P-values indicated with a “*” are
nominally significant (p < 0.05).
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Protein Phenotype Beta P

Apo-E Myocardial Infarction -0.17 0.017
Apo-E Hyperlipidemia -0.07 0.029
Apo-E Ischemic Stroke -0.13 0.044
Apo-E Diabetes 0.02 0.292
Apo-E Hypertension -0.03 0.371

Table 5.6: Mendelian randomization of Apolipoprotein E to ASCVD risk factor and outcome phe-
notypes

Protein Phenotype Beta P

CD36 Myocardial Infarction 0.19 3.46e-5
CD36 Ischemic Stroke -0.08 0.0397
CD36 Hyperlipidemia -0.04 0.0438
CD36 Hypertension 0.03 0.0666
CD36 Diabetes 0.02 0.292

Table 5.7: Mendelian randomization of CD36 to ASCVD risk factor and outcome phenotypes

levels of CD36 in human plasma were found to cause myocardial infarction (β = 0.19, p = 3.46e−5)

but were protective against ischemic stroke (β = −0.08, p = 0.0397) and hyperlipidemia (β = −0.04,

p = 0.0438). Finally, aminoacylase-1 was not significantly associated with any of the investigated

phenotypes but interestingly its top association was with diabetes which is at least provocative given

its known interactions with diabetes-associated acetylated branched-chain amino acids [Ngo et al.,

2021]. While the significance levels of these protein-to-phenotype associations would not stand up to

phenome-wide association interrogation, they are at least hypothesis-generating as a targeted study.

Metabolite-to-Phenotype Causal Associations

With myocardial infarction as the top protein-to-phenotype causal association for both apolipopro-

tein E and CD36, metabolite-to-myocardial infarction relationships were queried to identify potential

Protein Phenotype Beta P

Acy-1 Diabetes 0.16 0.194
Acy-1 Ischemic Stroke -0.21 0.23
Acy-1 Hypertension 0.09 0.336
Acy-1 Myocardial Infarction 0.13 0.571
Acy-1 Hyperlipidemia 0.01 0.948

Table 5.8: Mendelian randomization of Aminoacylase-1 to ASCVD risk factor and outcome pheno-
types
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mechanisms for these relationships. All metabolites with genome-wide significant instruments from

Table 5.2 were tested for a causal association with myocardial infarction by study and meta-analyzed

in Table 5.9 using the same method described for protein-to-phenotype associations. Four out of six

queried plasmalogen species including all phosphatidylethanolamine were nominally significant for

their causal association with myocardial infarction (p < 0.05). All four of these plasmalogens were

experimentally confirmed to be modulated by CD36 by performing metabolomics on CD36 -/- mice

in Chapter 4. Two of the four were confirmed to be causally associated with apolipoprotein E.

Metabolite Phenotype BETA P IV Chromosome(s) Assoc. Protein(s)

C40:7 PE plasmalogen Myocardial Infarction -0.92 0.0078 7 Apo-E; CD36
C38:7 PE plasmalogen Myocardial Infarction -0.52 0.0217 3; 7 CD36
C38:6 PE plasmalogen Myocardial Infarction -0.67 0.0313 7 Apo-E; CD36
C36:5 PE plasmalogen Myocardial Infarction -0.89 0.0313 7 CD36
Stearic acid Myocardial Infarction 0.40 0.0496 10 CD36
C34:0 PE Myocardial Infarction -0.59 0.107 7 CD36
Arachidonic acid Myocardial Infarction 0.22 0.127 5; 11 CD36
C46:2 TAG Myocardial Infarction 0.61 0.143 19 CD36
C36:5 PC plasmalogen Myocardial Infarction 0.31 0.191 11; 14 Apo-E; CD36
C38:6 PC plasmalogen Myocardial Infarction 0.25 0.209 10; 11; 14; 17 Apo-E; CD36
SM(d18:1/20:0) Myocardial Infarction 0.28 0.322 1; 14 Apo-E; CD36
SM(d18:1/18:0) Myocardial Infarction 0.34 0.470 1 CD36
N-Acetylalanine Myocardial Infarction -0.09 0.486 3 Acy-1
SM(d18:1/18:1) Myocardial Infarction 0.11 0.633 8; 12; 13 CD36
N-Acetylserine Myocardial Infarction -0.08 0.689 3; 9 Acy-1
Cer(d18:1/16:0) Myocardial Infarction -0.08 0.846 2 CD36
CAR 26:0 Myocardial Infarction 0.03 0.858 10; 11 CD36
SM(d18:1/16:0) Myocardial Infarction 0.04 0.879 1; 17 CD36
N-Acetylglutamic acid Myocardial Infarction 0.02 0.885 2; 3; 5 Acy-1
N-Acetylglutamine Myocardial Infarction 0.00 0.971 2; 3 Acy-1

Table 5.9: Mendelian randomization of experimentally confirmed metabolites from protein-to-
metabolite study and myocardial infarction.

In order to contextualize these findings, metabolite-to-phenotype Mendelian randomization was

performed for all plasmalogens against the five phenotypes (Table 5.10). The four significant

plasmalogen-to-myocardial infarction relationships remain the top hits across all phenotypes. While

not significant, the two phosphatidylcholine plasmalogen-to-myocardial infarction associations were

stronger than the majority of other metabolite-to-phenotype relationships. Taking the plasmalogen-

to-phenotype associations in total, it is clear that they are enriched for myocardial infarction. Like

the protein-to-phenotype associations, while these relationships would not be considered significant

phenome-wide, the findings are an indication of potential metabolite-to-phenotype associations that

may warrant further interrogation. Together with the protein-to-phenotype findings, these two

sample Mendelian randomizations represent a successful proof of concept integration of data from

deeply phenotypes epidemiology studies with population-representative data using genomics as a
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translational bridge.

Metabolite Phenotype BETA P IV Chromosome(s) Assoc. Protein(s)

C40:7 PE plasmalogen Myocardial Infarction -0.92 0.0078 7 Apo-E; CD36
C38:7 PE plasmalogen Myocardial Infarction -0.52 0.0217 3; 7 CD36
C38:6 PE plasmalogen Myocardial Infarction -0.67 0.0313 7 Apo-E; CD36
C36:5 PE plasmalogen Myocardial Infarction -0.89 0.0313 7 CD36
C36:5 PC plasmalogen Diabetes -0.19 0.131 11; 14 Apo-E; CD36
C36:5 PC plasmalogen Hypertension 0.15 0.134 11; 14 Apo-E; CD36
C38:7 PE plasmalogen Hyperlipidemia 0.13 0.161 3; 7 CD36
C38:6 PE plasmalogen Hyperlipidemia 0.17 0.168 7 Apo-E; CD36
C36:5 PE plasmalogen Hyperlipidemia 0.23 0.168 7 CD36
C36:5 PC plasmalogen Myocardial Infarction 0.31 0.191 11; 14 Apo-E; CD36
C40:7 PE plasmalogen Ischemic Stroke 0.34 0.209 7 Apo-E; CD36
C38:6 PC plasmalogen Myocardial Infarction 0.25 0.209 10; 11; 14; 17 Apo-E; CD36
C38:7 PE plasmalogen Ischemic Stroke 0.23 0.222 3; 7 CD36
C38:6 PE plasmalogen Ischemic Stroke 0.30 0.230 7 Apo-E; CD36
C36:5 PE plasmalogen Ischemic Stroke 0.40 0.230 7 CD36
C40:7 PE plasmalogen Hypertension -0.16 0.238 7 Apo-E; CD36
C36:5 PC plasmalogen Ischemic Stroke -0.23 0.262 11; 14 Apo-E; CD36
C38:6 PE plasmalogen Hypertension -0.13 0.280 7 Apo-E; CD36
C36:5 PE plasmalogen Hypertension -0.17 0.280 7 CD36
C38:7 PE plasmalogen Hypertension -0.1 0.287 3; 7 CD36
C40:7 PE plasmalogen Hyperlipidemia 0.14 0.290 7 Apo-E; CD36
C38:6 PC plasmalogen Hyperlipidemia 0.05 0.584 10; 11; 14; 17 Apo-E; CD36
C38:6 PC plasmalogen Ischemic Stroke -0.09 0.612 10; 11; 14; 17 Apo-E; CD36
C40:7 PE plasmalogen Diabetes -0.07 0.658 7 Apo-E; CD36
C38:6 PC plasmalogen Hypertension 0.02 0.772 10; 11; 14; 17 Apo-E; CD36
C38:6 PC plasmalogen Diabetes -0.03 0.778 10; 11; 14; 17 Apo-E; CD36
C38:6 PE plasmalogen Diabetes -0.04 0.793 7 Apo-E; CD36
C36:5 PE plasmalogen Diabetes -0.05 0.793 7 CD36
C36:5 PC plasmalogen Hyperlipidemia -0.01 0.908 11; 14 Apo-E; CD36
C38:7 PE plasmalogen Diabetes 0.01 0.916 3; 7 CD36

Table 5.10: Mendelian randomization of plasmalogens experimentally confirmed to be modulated
by CD36 or Apo-E and ASCVD phenotypes.

Constructing a Trans-Omics Causal Graph

In aggregate, the protein-to-metabolite study from Chapter 4 and the protein and metabolite-to-

phenotype relationships elucidated in this chapter define directional inter-omic edges that can be-

gin to reveal a multi-omic to phenotype causal graph. The edges include SNP to protein and

SNP to metabolite quantitative trait loci. Mendelian randomization of these SNPs combined with

metabolomics performed on murine mouse models allows the drawing of causal edges between pro-

teins and metabolites. In addition, the Mendelian randomization of SNPs associated with proteins

and metabolites with electronic health record-based phenotypes from the All of Us Research Pro-

gram are hypothesis-generating for protein-to-phenotype and metabolite-to-phenotype relationships

that may identify important biochemical mechanisms for the development of atherosclerotic cardio-

vascular disease. A schematic of the edges between SNPs, the proteins apolipoprotein E and CD36,

plasmalogens as a family of metabolites, and myocardial infarction are diagrammed in Figure 5.4.
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Figure 5.4: Multi-omics network. Genetics modulate circulating levels of plasma proteins (solid black
arrows). Causal protein (Apo-E and CD36) to metabolite (plasmalogens) relationships validated in
murine knockout models (solid red inhibitory arrows). Positive (green dashed arrow) and negative
(red dashed arrows) protein and metabolite to myocardial infarction causal associations from All of
Us.

In particular, both apolipoprotein E and CD36 were demonstrated to inhibit circulating levels of

both phosphatidylethanolamine and phosphatidylcholine plasmalogens. Mendelian randomization

identified that elevated levels of both circulating apolipoprotein E and plasmalogens are protective

against myocardial infarction while elevated levels of CD36 increase the incidence of myocardial

infarction. Together, these findings indicate significant potential for the integration of multi-omics

datasets for the identification of causal biochemical-to-phenotype causal relationship pathways.

5.3 The Case for an HIE-Linked Genomic Data Repository

The methods and results presented have demonstrated that data derived from deeply phenotyped

individuals can be combined with large datasets collected as part of clinical medical practice using

genomics as a translational bridge. In doing so, this dissertation has presented a framework for the

integration of big data sets from across the translational bioinformatics and multi-omics spectrums

to identify candidate causal biomarkers. The focus of leveraging observational data to make causal

inferences about disease incidence and mechanisms expands the types of target questions that can

be considered from correlation to causation. In particular, the associations revealed in this chapter

indicate that plasmalogens may play a causal role in the development of atherosclerotic cardiovascu-

lar disease as an intermediary between the carrier protein apolipoprotein E, the cell surface protein
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CD36, and myocardial infarction.

The use of gene-phenotype relationships from the All of Us Research Program is a significant demon-

stration that phenotypes derived from electronic health records in the United States are of sufficient

quality for the integration of multi-omics data, such as those presented in Chapter 4, for the de-

velopment of trans-omics causal graphs. While they are some of the largest datasets of their kind

available to date, the numbers represented in the presented analyses are small and the power to

identify additional new trans-omics relationships will greatly increase as larger cohorts are pheno-

typed.

The All of Us Research Program is in a nascent stage. However, the findings in this chapter

demonstrate the potential application of population-level genomics linked to electronic health records

to integrate bioinformatics knowledge into a clinical context. Deployed on a wide scale, the natural

repository and interface of this would be centrally managed health information exchanges. Chapter

3 demonstrated real-world fragmentation in clinical care in the context of cardiovascular risk factor

collection. To avoid replicating this problem in the genomic era, the static nature of whole genome

sequencing data for an individual’s lifetime makes it a particularly strong candidate data type that

should be centrally managed for both clinical and research applications.

5.4 Summary

Specific Aim 3 of this dissertation hypothesized that genomics could act as a translational bridge

from bioinformatics knowledge to clinical phenotypes for the identification of candidate incident

disease causal biomarkers. This hypothesis was affirmed by the work presented in the preceding

chapter. Electronic health record phenotypes developed in Aim 1, and SNP-to-protein and SNP-to-

metabolite associations identified in Aim 2, were integrated with whole genome-associated electronic

health records from the All of Us Research Program. In doing so, a multi-omic directed graph was

proposed that spans the trans-omics spectrum from genome to proteome to metabolome to phenome.

This included the rediscovery of the inverse relationship between Apolipoprotein E and incident

myocardial infarction. In addition, negative associations between circulating levels of plasmalogens

and positive associations with circulating levels of CD36 were found with myocardial infarction.

This work bridged the translational gap between bio- and health informatics using genomics as a
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translational bridge.



Chapter 6

Conclusion

6.1 Summary

Cardiovascular diseases are the leading cause of morbidity and mortality in the United States, and

atherosclerosis is the primary mechanism for cardiovascular disease development. Atherosclerosis

is the gradual build-up of plaque on the intimal walls of arteries that results in the narrowing of

the lumen, increased turbulence of blood flow, and risk of plaque rupture and downstream total

arterial occlusion. When this happens in the heart, it is a myocardial infarction. In the brain, it is

a stroke. Complete elimination of blood flow for an extended period leads to cell death due to lack

of oxygen supply. Depending on the size of the affected tissues, this can result in irreversible heart

failure, functional impairment, or death. The accumulation of plaque occurs over a lifetime, and it

is common for older asymptomatic adults to have arteries in their heart that are more than seventy

percent occluded. Symptoms from ischemia occur late in this process.

Longitudinal epidemiology studies going back 75 years have shown that exposure to risk factors over

decades increases an individual’s chance of a major adverse cardiovascular event. These include but

are not limited to age, sex, elevated blood pressure, cholesterol, smoking, diabetes, and family history.

Some risk factors, including blood pressure and cholesterol, are modifiable using pharmacotherapy

and have informed guidelines for treating risk factors with drugs as primary prevention. Guidelines

147
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for lowering cholesterol with statins in individuals without known atherosclerotic cardiovascular

disease rely on the predicted risk of incident myocardial infarction or stroke. In particular, individuals

aged 40-75 years with an intermediate or high risk of an ASCVD event should take daily statin

therapy for primary prevention.

The biological basis for this intervention is rooted in a complex web of trans-omics interactions.

Omics refers to the collective study of biological molecules of a particular class, and trans-omics

interactions are inter- and intra- class networks of associations. For example, the APOE gene,

through transcription, post-translational modification, and translation, instructs cellular machinery

to produce the protein Apolipoprotein E. This is a carrier protein responsible for the transport of

lipid species throughout the body in the bloodstream. Mice genetically modified not to produce

Apolipoprotein E lack this transport function and develop very high levels of lipids in their blood,

leading to atherosclerosis. Mutations in the APOE gene in humans also lead to dyslipidemia and

increased rates of atherosclerosis. In this way, small perturbations on one end of the trans-omics

spectrum can have significant phenotypic effects on the other. Motivated by the goal of improving the

primary prevention of atherosclerosis through the detailed longitudinal investigation of population-

level clinical data, this dissertation iterated on a translational bioinformatics framework (Figure 6.1)

that bridges: (1) health informatics where aggregated electronic health records provide a clinical

rendering of human health and healthcare practices, (2) bioinformatics by leveraging multi-omics

data to elucidate the biological basis of human health, and (3) a translational mechanism whereby

the knowledge produced from one end of the translational bioinformatics spectrum becomes the data

for investigation in the other.

The presented framework took significant cues and motivation from the theoretical foundation laid

by Sarkar et al. in 2011, where they proposed genetics would be a translational mechanism between

bio- and health informatics at a time when the possibility of a $1000 genome was coming into

focus. This dissertation took advantage of more than a decade of advancements in next-generation

sequencing and multi-omics platform development to apply Mendelian randomization for the causal

inference between proteins, metabolites, and cardiovascular electronic health record phenotypes. To

this end, this dissertation demonstrates that translational bioinformatics is not simply a shared set

of methods or long-term goals but a field that can integrate discovery from across the informatics
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Figure 6.1: Specific Aims of the dissertation

spectrum today using concrete examples across three Specific Aims and associated hypotheses.

This dissertation set out to integrate and analyze observational biomedical datasets to motivate and

facilitate the identification of candidate causal biomarkers for incident cardiovascular disease. The

work presented made significant contributions toward this goal (Figure 6.2).

In Aim 1, working with the Rhode Island Quality Institute, aggregate electronic health record data

assembled through information exchange from healthcare institutions and providers across Rhode

Island were transformed into a common data model and then leveraged to characterize population

ASCVD risk and primary prevention practices. This work demonstrated the public health monitoring

potential of centrally managed health information exchange and gaps between medical knowledge and

clinical care. It also explored disparities in baseline risk factors, preventative care, and long-term risk

of incident cardiovascular disease in vulnerable populations. The combination of poor population

statin guideline adherence and a significant proportion of high-risk individuals off of statins who

never go on to develop incident ASCVD motivate a deeper understanding of the underlying biology

of ASCVD and the search for more precise causal biomarkers to identify truly high-risk populations

for primary prevention.
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Figure 6.2: Summary of the dissertation

In Aim 2, in collaboration with the National Heart Lung and Blood Institute’s Trans-Omics for

Precision Medicine Initiative, multi-omics data measured on banked plasma samples from three

epidemiology studies were leveraged to identify novel genomic and proteomic determinants of plasma

metabolite levels that included known ASCVD biomarkers. Computational methods for inferring

causal associations using single nucleotide polymorphisms as instrumental variables allowed for the

causal inference of relationships between circulating molecules measured in human plasma samples.

The top findings were validated by performing metabolomics on murine knockout models engineered

not to produce causal proteins of interest. Aim 2 demonstrated this bioinformatics method’s ability

to triage pairwise molecular relationships for downstream mechanistic study in the lab.

In Aim 3, whole genome sequencing linked electronic health records from the All of Us Research

Program were used to connect findings from Aims 1 and 2. Novel candidate causal biomarkers,

including the scavenger protein C36 and several plasmalogen lipid species from Aim 2, were found

to be related to ASCVD risk factors and outcomes by Mendelian randomization (e.g., myocardial

infarction) from Aim 1.

This dissertation integrated data from large observational datasets. The datasets used in each aim
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are simultaneously some of the largest of their kind and yet barely large enough to power these

analyses. However, they are each poised to grow in the coming years, promising to reveal signifi-

cantly more biologically and clinically important relationships. The Rhode Island health information

exchange (CurrentCare) is moving from opt-in, where individuals need to enroll for their data to

be collected, to opt-out, which will significantly increase the number of people that can be followed

for longitudinal ASCVD risk and primary prevention practices. CurrentCare is the first HIE in the

country to standardize to a common data model, which enables the kind of work shown here. As

additional HIEs are standardized to a CDM, it will be possible to resolve more complete population

health pictures for various clinical applications and share purpose-built informatics tools across the

United States.

The multi-omics findings presented in Aim 2 were accomplished using data from a few thousand

individuals. Proteomics and metabolomics measurements continue to be performed on additional

samples. Analogous datasets with more than ten times the number of individuals will be available

for analysis within a few years, and it is expected that similar analyses applied to them will reveal

significantly more causal associations that may further elucidate the biological basis of atheroscle-

rosis. Finally, All of Us is in its infancy. Over the next decade, additional electronic health records

will be collected longitudinally, and more than ten times the number of individual participants will

be available for research. In addition, there is active ongoing work for All of Us to collaborate with

state and regional health information exchanges to recruit individuals receiving care in community

settings. As demonstrated in Aim 1, health information exchange aggregated records will provide

improved electronic health record coverage for individual subjects compared to single health systems

alone.

6.2 Limitations

This dissertation has some noteworthy limitations that correspond to each of its main contributions.

These are summarized below and organized by contribution area.
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Natural Language Processing of Clinical Notes

The two main contributions of this dissertation in the field of information retrieval and information

extraction from clinical notes are the identification of note sections using a hidden Markov model

of UMLS semantic types and the extraction of clinical symptoms of angina from the history of

present illness sections of clinical notes using a large language model classifier. The evaluation of the

note section identification model was limited by using notes from the same institution in which the

model was developed. To avoid overfitting, the notes for out-of-sample evaluation originated from

different templates, but a more robust evaluation would have included notes from other institutions.

There are indications in the results presented that this may have demonstrated a more impressive

performance over the template model comparison. However, the presented investigation was unable

to evaluate this. In addition, to improve the portability of this tool, the model would have benefited

from being trained on notes from multiple institutions and across a range of specialties.

Extraction of angina symptoms from the history of present illness sections of clinical notes was

performed successfully. The work demonstrated that this task is well suited to take advantage

of transformer architectures and large language models to enable the training on relatively small

amounts of labeled data. The results, however, identified an unexpected weakness in the original

goal of these efforts. In particular, the documentation of angina symptoms in the notes studied

was poor in that there was not sufficient detail regularly documented (e.g., improving with rest) to

enable classification distinction between typical and atypical angina. This distinction is required to

interpret the clinical significance of chest pain. The finding that this documentation was poor in

the clinical scenario where documentation is required for an ordered test indicates that it is unlikely

that angina symptoms would be well documented in a general corpus of clinical notes. Therefore

the future utility of this application is likely limited.

Health Information Exchange and the Primary Prevention of Cardiovas-

cular Disease

This dissertation simultaneously contributes to the literature about health information exchange and

population primary prevention of cardiovascular disease practices. It presents the first known trans-

formation of data originating from a health information exchange to a common data model. This
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enabled detailed evaluation of electronic health record data collected for individual patients across

time and place and facilitated longitudinal tracking of cardiovascular risk factors, 10-year ASCVD

risk, and primary prevention practices with statins. Through this analysis, it became clear that

there are several important areas for improvement in the health information exchange data partner

network. In particular, many data partners do not reliably contribute blood pressure measurements

to the exchange. This limited the ability to track cardiovascular risk at a true population level. In

addition, the omission of blood pressure was primarily from small primary care practices and small

group specialty practices. This limited the conclusions that could be made with regard to compar-

ing guideline adherence in those care settings. Instead, the presentation of this work focuses on the

comparison between care at Federally Qualified Health Centers (FQHCs) and Health Systems.

A second limitation of this work stemmed from limitations in data available from the prescription

data aggregator SureScripts. While SureScripts provides reliable information about a prescription

being filled, it does not currently provide a readily computable way to calculate the “days of supply”

for that fill (i.e., the information is embedded in short text phrases that would require natural

language processing). This means that it was not possible to calculate the proportion of days

covered to assess the quality of individual statin coverage as a continuous variable. Instead, for

this study, statin coverage was approximated by identifying statin prescription fills near updated

ASCVD risk factors, and statin therapy status was evaluated as a binary variable.

Bioinformatics of Multi-Omics Data

The investigation of protein-to-metabolite associations expanded the scope of this dissertation to

include the investigation of the biological basis of atherosclerosis and was intermediary work towards

identifying causal biomarkers of incident ASCVD. Despite the identification and in vivo validation

of novel protein-to-metabolite associations, the number of identified causal interactions is small and

is concentrated in a few causal proteins. The reason for this is a relatively small sample size for

whole-genome association studies (i.e., the number of individuals with proteomic and metabolomic

measurements) and limited numbers of independent instrumental variables. It is expected that the

volume of multi-omic data suitable for these kinds of analyses will grow significantly in the coming

years, and the work presented in this dissertation will form the theoretical foundation for more

comprehensive analyses.
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Identification of Causal Biomarkers

The rediscovery of known (i.e., Apolipoprotein E), additional evidence for purported (i.e., plas-

malogens), and proposal of a completely novel (i.e., CD36), biomarkers for incident cardiovascular

disease are simultaneously one of the most novel and least developed portions of this dissertation.

This work is essential in closing the translational barrier between bio- and health informatics us-

ing genetics, as discussed using a translational bioinformatics framework. These findings leveraged

SNP-to-phenotype associations within the All of Us Research Program that would not be consid-

ered otherwise whole-genome significant. However, they stand out as potentially exciting findings

because of the targeted nature of this inquiry enabled by the protein-to-metabolite bioinformatics

investigations. Additional study with larger cohorts and potential validation in animal models is

required to contextualize the impact of these findings better.

6.3 Future Directions

Several exciting potential future investigations stem from the projects presented in this dissertation.

The aggregation of population-level cardiovascular risk factors, primary prevention practices, and

ASCVD events lays the foundation for population-derived ASCVD risk prediction. This would

provide a distinct advantage over the current pooled cohort equation models, including population-

based calibration. Applying models directly to the population from which they are derived enables

the focus on internal (rather than external) model validity. This was unimaginable ten years ago

when the current risk equations were being developed. Two additional data components are actively

being curated for inclusion into the HIE dataset to enable this project. The first is integrating the

cause of death from the Department of Health. This is required to model all incident cardiovascular

diseases rather than just non-fatal diseases as was used for the monitoring of population primary

prevention practices. The second is the inclusion of social factors of health through census tract-based

social vulnerability index components. The findings in Aim 1 that individuals receiving primary care

at FQHCs have unfavorable cardiovascular risk factors when compared to those receiving care at

health systems across the intersection of race and ethnicity indicate that it may be possible to

identify predictors of incident ASCVD that are causal and ultimately reduce the reliance on Black

race as a determinant of guideline-directed therapies.
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The second potential project on the horizon that extends the health information exchange work is

creating a population ASCVD risk and primary prevention dashboard integrated into the HIE web

portal. This population clinical decision support tool would leverage aggregated electronic health

records standardized across time and place with a common data model to estimate 10-year ASCVD

risk and suggest primary prevention for individuals at intermediate and high risk who are not already

on a statin. This dashboard could include decision support for additional guideline-directed medical

therapies, including diabetes management and anti-hypertensive treatment.

The protein-metabolite project demonstrated the potential of using instrumental variable analy-

sis to triage causal relationships between circulating molecules measured in human plasma. There

are three natural follow-ups to this project, some already underway. This includes the identifica-

tion of protein-to-protein, metabolite-to-protein, and metabolite-to-metabolite causal relationships.

Projects that put the metabolite on the causal exposure side of instrumental variable analysis pose

an additional challenge of identifying single nucleotide polymorphisms in cis to the metabolite.

Current attempts to do this involve querying known enzyme-to-metabolite relationships. Genetic

instruments in or near enzymes known to modulate a metabolite may provide sufficient theoreti-

cal backing as instrumental variables for metabolite-to-protein and metabolite-to-metabolite causal

relationships.

Finally, with regard to the translational bioinformatics aim, the proposed causal gene-to-protein-to-

metabolite-to-phenotype trans-omics network warrants further inquiry. This includes replicating the

analysis in orthogonal datasets available from additional population studies to add to the voracity

of the findings. With additional bioinformatics support, animal studies would be warranted, for

example, in mice genetically engineered to overexpress CD36 to determine if they experience high

rates of atherosclerotic phenotypes.

6.4 Conclusion

The presentation of this dissertation comes at an exciting time. The projects presented here have

bared witness and taken advantage of an apparent inflection point across biomedical data and

methods. Recent innovations in data collection, organization, and sharing have made many of these

analyses possible. At the same time, advancements in methods and frameworks for understanding
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health disparities, biological data, and causal relationships from the molecular to the population level

have inspired this work and informed its conclusions. Towards the goals of Aim 1, a statewide health

information exchange standardized to a common data model was leveraged to characterize population

ASCVD risk and primary prevention practices in Rhode Island. For Aim 2, novel causal associations

between circulating levels of proteins and metabolites in human plasma were identified using human

plasma from banked blood samples. The bioinformatics findings were validated experimentally using

serum metabolomics on knockout mouse models. Finally, these data types were integrated using

genetics in Aim 3. These investigations rediscovered known and identified potential new protein and

metabolite causal biomarkers for incident myocardial infarction.
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Abbreviations Meaning

AGE Advanced Glycosylated End Products
AMIA American Medical Informatics Association
Apo-B Apolipoprotein B
Apo-C Apolipoprotein C
Apo-E Apolipoprotein E
ARIC Atherosclerosis Risk in Communities study
ASCVD Atherosclerotic Cardiovascular Disease
CARDIA Coronary Artery Risk Developing in Young Adults
CDC Centers for Disease Control and Prevention
CHS Cardiovascular Health Study
FHS Framingham Heart Study
FQHC Federally Qualified Health Center
HDL-C High-Density Lipoprotein Cholesterol
HIE Health Information Exchange
HMG-CoA B-hydroxy B-Methylglutaryl Coenzyme A
IDL Intermediate-Density Lipoprotein
JHS Jackson Heart Study
LDL-C Low-Density Lipoprotein Cholesterol
LDL-r Low-Density Lipoprotein Receptor
MI Myocardial Infarction
PCE Pooled Cohort Equations
PCSK9 Proprotein Convertase Subtilisin/Kexin Type 9
TF Tissue Factor
TTE Transthoracic Echocardiography
VLDL Very-Low Density Lipoprotein
vWF von-Willibrand Factor
WT Wild Type
RI Rhode Island
CDM Common Data Model
OMOP Observational Medical Outcomes Partnership
PCP Primary Care Provider
RIQI Rhode Island Quality Institute
OHDSI Observational Health Data Sciences and Informatics

Table A.1: Abbreviations
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OHDSI CONCEPT ID CONCEPT CODE VOCABULARY ID CONCEPT NAME

312327 57054005 SNOMED Acute myocardial infarction
314666 1755008 SNOMED Old myocardial infarction
319039 233838001 SNOMED Acute posterior myocardial infarction
379778 56267009 SNOMED Multi-infarct dementia
381316 230690007 SNOMED Cerebrovascular accident
434376 54329005 SNOMED Acute myocardial infarction of anterior wall
436706 58612006 SNOMED Acute myocardial infarction of lateral wall
438170 73795002 SNOMED Acute myocardial infarction of inferior wall
438438 70211005 SNOMED Acute myocardial infarction of anterolateral wall
438447 65547006 SNOMED Acute myocardial infarction of inferolateral wall
439693 194802003 SNOMED True posterior myocardial infarction
441579 76593002 SNOMED Acute myocardial infarction of inferoposterior wall
443790 25772007 SNOMED Multi-infarct dementia with delusions
443864 14070001 SNOMED Multi-infarct dementia with depression
444091 10349009 SNOMED Multi-infarct dementia with delirium
444406 70422006 SNOMED Acute subendocardial infarction
761785 16000471000119100 SNOMED Cerebrovascular accident due to occlusion of left anterior cerebral artery
761792 16002231000119100 SNOMED Cerebrovascular accident due to thrombus of right posterior cerebral artery
761793 16002271000119100 SNOMED Left posterior cerebral artery thrombosis with stroke
761795 16002391000119100 SNOMED Left vertebral artery embolism with stroke
761796 16002431000119100 SNOMED Right carotid artery embolism with stroke
761797 16002471000119100 SNOMED Left carotid artery embolism with stroke
761798 16002511000119100 SNOMED Basilar artery embolism with stroke
762339 329391000119100 SNOMED Right anterior cerebral artery embolism with stroke
762340 329401000119103 SNOMED Left anterior cerebral artery embolism with stroke
762345 329631000119108 SNOMED Left vertebral artery thrombosis with stroke
763095 436041000124107 SNOMED Posterior inferior cerebellar artery occlusion with infarction
764721 5571000124103 SNOMED Cerebrovascular accident with intracranial hemorrhage
765281 16000551000119100 SNOMED Cerebrovascular accident due to occlusion of right anterior cerebral artery
765568 434141000124103 SNOMED Chronic cerebrovascular accident
3654465 836293000 SNOMED Acute myocardial infarction of right ventricle
3661503 840312002 SNOMED Acute ST segment elevation myocardial infarction due to mid left anterior descending coronary artery occlusion
3661504 840316004 SNOMED Acute ST segment elevation myocardial infarction due to distal left anterior descending coronary artery occlusion
4006295 111297002 SNOMED Nonparalytic stroke
4023571 116288000 SNOMED Paralytic stroke
4045734 230691006 SNOMED CVA - cerebrovascular accident due to cerebral artery occlusion
4045748 230715005 SNOMED Posterior circulation stroke of uncertain pathology
4046363 230713003 SNOMED Stroke of uncertain pathology
4086178 24654003 SNOMED Weber-Gubler syndrome
4099974 25133001 SNOMED Completed stroke
4108217 194856005 SNOMED Subsequent myocardial infarction
4108218 194858006 SNOMED Subsequent myocardial infarction of inferior wall
4108677 194857001 SNOMED Subsequent myocardial infarction of anterior wall
4110196 195217004 SNOMED Right sided cerebral hemisphere cerebrovascular accident
4111710 195212005 SNOMED Brainstem stroke syndrome
4111711 195213000 SNOMED Cerebellar stroke syndrome
4112022 195216008 SNOMED Left sided cerebral hemisphere cerebrovascular accident
4119948 233836002 SNOMED Acute Q wave infarction - widespread
4119949 233839009 SNOMED Old anterior myocardial infarction
4121467 233840006 SNOMED Old inferior myocardial infarction
4121468 233842003 SNOMED Old posterior myocardial infarction
4124686 233843008 SNOMED Silent myocardial infarction
4145721 307140009 SNOMED Acute non-Q wave infarction
4153352 371041009 SNOMED Embolic stroke
4159140 371040005 SNOMED Thrombotic stroke
4170094 418044006 SNOMED Myocardial infarction in recovery phase
4173632 42531007 SNOMED Microinfarct of heart
4189462 373606000 SNOMED Occlusive stroke
4200113 314207007 SNOMED Non-Q wave myocardial infarction
4211509 413758000 SNOMED Cardioembolic stroke
4215259 394710008 SNOMED First myocardial infarction
4270024 401314000 SNOMED Acute non-ST segment elevation myocardial infarction
4296653 401303003 SNOMED Acute ST segment elevation myocardial infarction
4301259 78569004 SNOMED Posterior inferior cerebellar artery syndrome
4310996 422504002 SNOMED Ischemic stroke
4329847 22298006 SNOMED Myocardial infarction
35611571 12238151000119100 SNOMED Acute ST segment elevation myocardial infarction of inferoposterior wall
36684840 457551000124104 SNOMED Acute stroke
36716999 16371781000119100 SNOMED Cerebellar stroke
37109288 329671000119106 SNOMED Traumatic subarachnoid hemorrhage with loss of consciousness
37110238 724425005 SNOMED Cerebral ischemic stroke due to intracranial large artery atherosclerosis
37110239 724426006 SNOMED Cerebral ischemic stroke due to extracranial large artery atherosclerosis
37110241 724429004 SNOMED Stroke co-occurrent with migraine
37110679 724994008 SNOMED Cerebral ischemic stroke due to stenosis of extracranial large artery
37309626 16837681000119100 SNOMED Myocardial infarction due to demand ischemia
37312015 788882003 SNOMED Cerebral ischemic stroke due to global hypoperfusion with watershed infarct
37395562 106021000119105 SNOMED Multi-infarct dementia due to atherosclerosis
37395574 16023911000119100 SNOMED Cerebrovascular accident due to right carotid artery occlusion
37395575 16026951000119100 SNOMED Cerebrovascular accident due to right carotid artery stenosis
37395576 16026991000119100 SNOMED Cerebrovascular accident due to left carotid artery stenosis
42535110 16000391000119100 SNOMED Cerebrovascular accident due to occlusion of right posterior cerebral artery
42535111 16000431000119100 SNOMED Cerebrovascular accident due to occlusion of right middle cerebral artery
42535112 16000511000119100 SNOMED Cerebrovascular accident due to occlusion of left middle cerebral artery
42535113 16002031000119100 SNOMED Cerebrovascular accident due to thrombus of right middle cerebral artery
42535114 16002111000119100 SNOMED Cerebrovascular accident due to thrombus of left middle cerebral artery
42535148 16024151000119100 SNOMED Cerebrovascular accident due to occlusion of left cerebellar artery
42535149 16024271000119100 SNOMED Cerebrovascular accident due to occlusion of right cerebellar artery
42535460 292681000119101 SNOMED Cerebrovascular accident due to right vertebral artery occlusion
42535511 329641000119104 SNOMED Cerebrovascular accident due to thrombus of basilar artery
42535512 329651000119102 SNOMED Cerebrovascular accident due to thrombus of right carotid artery
42539166 330791000119108 SNOMED Cerebrovascular accident due to thrombus of left carotid artery
42539195 16000351000119100 SNOMED Cerebrovascular accident due to occlusion of left posterior cerebral artery
42539262 16024111000119100 SNOMED Cerebrovascular accident due to occlusion of left carotid artery
43020460 285981000119103 SNOMED Acute ST segment elevation myocardial infarction involving left anterior descending coronary artery
43530670 140921000119102 SNOMED Ischemic stroke without coma
43531605 9901000119100 SNOMED Occlusion of cerebral artery with stroke
43531607 99451000119105 SNOMED Cerebral infarction due to stenosis of carotid artery
44782769 17531000119105 SNOMED Acute myocardial infarction due to left coronary artery occlusion
45766075 703164000 SNOMED Acute anterior ST segment elevation myocardial infarction
45766114 703211006 SNOMED Subsequent ST segment elevation myocardial infarction
45766116 703213009 SNOMED Acute ST segment elevation myocardial infarction of inferior wall
45766151 703253007 SNOMED Acute ST segment elevation myocardial infarction of inferior wall involving right ventricle
45766241 703360004 SNOMED Subsequent non-ST segment elevation myocardial infarction
46270160 15712961000119100 SNOMED Acute ST segment elevation myocardial infarction of anteroseptal wall
46270161 15713041000119100 SNOMED Acute ST segment elevation myocardial infarction of posterior wall
46270162 15713081000119100 SNOMED Acute ST segment elevation myocardial infarction due to left coronary artery occlusion
46270163 15713121000119100 SNOMED Acute ST segment elevation myocardial infarction due to right coronary artery occlusion
46270164 15713161000119100 SNOMED Acute ST segment elevation myocardial infarction of septum
46274044 15712921000119100 SNOMED Acute ST segment elevation myocardial infarction of lateral wall

Table B.1: ASCVD codes
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